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Why are some problems qualitatively harder than others? 

Computational complexity



Euler: at most two nodes can have an odd number of bridges,      
so no tour is possible!
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Computational complexity



What if we want to visit every vertex, instead of every edge? 
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Figure 1.5: Left, the dodecahedron; right, a flattened version of the graph formed by its edges. One Hamil-
tonian cycle, which visits each vertex once and returns to its starting point, is shown in bold.

we say that a graph is Hamiltonian if it possesses a Hamiltonian cycle. One such cycle for the dodecahe-
dron is shown in Figure 1.5.

At first Hamilton’s puzzle seems very similar to the bridges of Königsberg. Eulerian paths cross each
edge once, and Hamiltonian paths visit each vertex once. Surely these problems are not very different?
However, while Euler’s theorem allows us to avoid a laborious search for Eulerian paths or cycles, we have
no such insight into Hamiltonian ones. As far as we know, there is no simple property—analogous to
having vertices of even degree—to which Hamiltonianness is equivalent.

As a consequence, we know of no way of avoiding, essentially, an exhaustive search for Hamiltonian
paths. We can visualize this search as a tree as shown in Figure 1.6. Each node of the tree corresponds to
a partial path, and branches into child nodes corresponding to the various ways we can extend the path.
In general, the number of nodes in this search tree grows exponentially with the number of vertices of
the underlying graph, so traversing the entire tree—either finding a leaf with a complete path, or learning
that every possible path gets stuck—takes exponential time.

To phrase this computationally, we believe that there is no program, or algorithm, that tells whether
a graph with n vertices is Hamiltonian or not in an amount of time proportional to n , or n 2, or any poly-
nomial function of n . We believe, instead, that the best possible algorithm takes exponential time, 2c n for
some constant c > 0. Note that this is not a belief about how fast we can make our computers. Rather, it
is a belief that finding Hamiltonian paths is fundamentally harder than finding Eulerian ones. It says that
these two problems differ in a deep and qualitative way.

While finding a Hamiltonian path seems to be hard, checking whether a given path is Hamiltonian
is easy. Simply follow the path vertex by vertex, and check that it visits each vertex once. So if a compu-
tationally powerful friend claims that a graph has a Hamiltonian path, you can challenge him or her to

Computational complexity



As far as we know, the only way to solve this problem is 
(essentially) exhaustive search!

Computational complexity



An exponential tree

Backtracking search: follow 
a path until you get stuck, 
then backtrack to your last 
choice


If there are n nodes, this 
could take 2n time


When can we avoid this kind 
of search?

DRAFT  --  DRAFT  --  DRAFT  --  DRAFT  --  DRAFT  --  

INTRACTABLE ITINERARIES 7

Figure 1.6: The first two levels of the search tree for a Hamiltonian path.
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Polynomials don’t grow too badly as n grows...
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...but exponentials explode
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Say you can do T steps in a week with your current computer...


According to Moore’s law, next year this will be 2T


If T=O(n2), then doubling T multiplies n by √2


But if T=O(2n), doubling T just changes n to n+1

Faster computers, bigger problems?



Until the end of the world
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FIGURE 2.5: Running times of algorithms as a function of the size n . We assume that each one can solve
an instance of size n = 1 in one microsecond. Note that the time axis is logarithmic.

Euler
input: a graph G = (V, E )
output: “yes” if G is Eulerian, and “no” otherwise
begin

y := 0 ;
for all v ∈V do

if deg(v ) is odd then y := y +1;
if y > 2 then return “no”;

end
return “yes”

end

FIGURE 2.6: Euler’s algorithm for EULERIAN PATH. The variable y counts the number of odd-degree vertices.

2.4.2 Details, and Why they Don’t Matter

In the Prologue we saw that Euler’s approach to EULERIAN PATH is much more efficient than exhaustive
search. But how does the running time of the resulting algorithm scale with the size of the graph? It turns
out that a precise answer to this question depends on many details. We will discuss just enough of these
details to convince you that we can and should ignore them in our quest for a fundamental understanding
of computational complexity.



Divide and conquer

Tasks and subtasks
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3 → 2

1 → 2

1 → 2

1 → 3

1 → 2

3 → 1

2 → 3

Hanoi(3, 1, 2)

Hanoi(1, 1, 2)

Hanoi(1, 1, 2)

Hanoi(1, 3, 1)

Hanoi(1, 2, 3)

Hanoi(2, 1, 3)

Hanoi(2, 3, 2)

Figure 3.2: The tree corresponding to the recursive algorithm for the Towers of Hanoi with n = 3. Each
node Hanoi(n , i , j ) corresponds to the subproblem of moving n disks from peg i to peg j . The root
node, corresponding to the original problem, is at the left. The actual moves appear on the leaf nodes
(the ellipses), and the solution goes from top to bottom.



Divide and conquer: mergesort

DIVIDE AND CONQUER 45

Mergesort(ℓ)
input: a list ℓ of n elements
output: a sorted version of ℓ
begin

if |ℓ|≤ 1 then return;
ℓ1 := the first half of ℓ ;
ℓ2 := the second half of ℓ ;
ℓ1 :=Mergesort(ℓ1) ;
ℓ2 :=Mergesort(ℓ2) ;
return merge(ℓ1,ℓ2) ;

end

FIGURE 3.3: The Mergesort algorithm.
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FIGURE 3.4: Mergesort splits the list ℓ into two halves, and sorts each one recursively. It then merges
the two sorted halves, taking elements from ℓ1 or ℓ2, whichever is smaller.

entire pack is sorted: think of a careful riffle shuffle, where I let a card fall from either my left hand or my
right, depending on which of the two cards should come first. This gives a recursive algorithm shown in
Figure 3.3, which we illustrate in Figure 3.4.

To quantify the running time of this algorithm, let’s count the number of times it compares one ele-
ment to another. Let T (n )be the number of comparisons it takes to sort an element of length n . Assuming
for simplicity that n is even, sorting the two halves of the list recursively takes 2T (n/2) comparisons. How
many comparisons does the merge operation take? We start by comparing the elements at the heads of
ℓ1 and ℓ2, moving whichever one is smaller to the final sorted list, and continuing until ℓ1 or ℓ2 is empty.
This takes at most n−1 comparisons, but for simplicity we’ll assume that it takes n . Then the total number

T (n ) = 2T (n/2)+n

T (n ) = n log

2

n



The Fast Fourier Transform

Divide and conquer



When greed is good

Minimum Spanning Tree (Boruvka, 1920): add the shortest edge



For Minimum Spanning Tree, doing the best thing in the short term 
can never lead us down the wrong path.
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e′

e

Figure 3.18: The proof of Lemma 3.1. Edges already in F are shown in bold, and additional edges in the
spanning tree T are dashed. Adding e to T would complete a cycle, and we can obtain a new spanning
tree T ′ by removing e ′. If e is one of the lightest edges, T ′ is at least as light as T .

3.5.2 Building a Basis

Lemma 3.1 tells us that the greedy strategy for MINIMUM SPANNING TREE never steers us wrong—adding
the next-lightest edge never takes us off the path leading to an optimal solution. However, this lemma
and its proof seem rather specific to this one problem. Can we explain, in more abstract terms, what it is
about the structure of MINIMUM SPANNING TREE that makes the greedy strategy work? Can we fit MINIMUM

SPANNING TREE into a more general family of problems, all of which can be solved greedily?
One such family is inspired by finding a basis for a vector space. Suppose I have a list S of n-dimensional

vectors. Suppose further that |S| ≥ n and that S has rank n , so that it spans the entire vector space. We
wish to find a subset F ⊆ S consisting of n linearly independent vectors that span the space as well. We
can do this with the following greedy algorithm: start with F = $, go through all the vectors in S, and add
each one to F as long as the resulting set is still linearly independent. There is never any need to go back
and undo our previous decisions, and as soon as we have added n vectors to F , we’re done.

This algorithm works because the property that a subset of S is linearly independent—or “indepen-
dent” for short—obeys the following axioms. The first axiom allows us to start our algorithm, the second
gives us a path through the family of independent sets, and the third ensures that we can always add one
more vector to the set until it spans the space.

1. The empty set $ is independent.

2. If X is independent and Y ⊆ X , then Y is independent.

3. If X and Y are independent and |X | < |Y |, there is some element v ∈ Y − X such that X ∪ {v } is
independent.

Exercise 3.17 Prove that these three axioms hold if S is a set of vectors and “independent” means linearly
independent.

When greed is good



The primrose path

The Traveling Salesman Problem



Landscapes

A single optimum, that we can find by climbing:



Landscapes

Many local optima where we can get stuck



FINDING A BETTER FLOW 69

ts 1

2 2

22

2 2

22

2

2

1

1

1

0

G

f f ′

FIGURE 3.19: A network G and two possible flows on it, with edges shown dotted, solid or bold depending
on whether the flow on that edge is 0, 1 or 2. On the lower left, a flow f whose value is 3. On the lower
right, a better flow f ′ whose value is 4, which in this case is the maximum.
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FIGURE 3.20: We can improve the flow, changing f to f ′, by adding flow along a path δ from s to t . In this
case, one of the edges in this path is a reverse edge, and adding flow along it cancels f on the correspond-
ing forward edge.

MAX FLOW

Input: A network G where each edge e has a nonnegative integer capacity c (e ),
and two vertices s , t

Question: What is the maximum flow from s to t ?

As an example, Figure 3.19 shows a simple network, and two flows on it. The flow f shown on the lower
left has a value of 3, while the maximum flow f ′, shown on the lower right, has a value of 4.

Now suppose that our current flow is f . As Figure 3.20 shows, we can improve f by adding flow along
a path δ from s to t . When does such a path exist? We can only increase the flow along an edge e if

Each edge has a capacity


Greedy: push more flow along any path with excess capacity


But we can get stuck in local optima!

Reorganizing the landscape: max flow



Solution: allow reverse edges to cancel out previous flow


Theorem: now we can’t get stuck


Sometimes we can turn the landscape from Rockies to Mt. Fuji, 
by defining what moves are possible—but not always!

Reorganizing the landscape: max flow
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MAX FLOW

Input: A network G where each edge e has a nonnegative integer capacity c (e ),
and two vertices s , t

Question: What is the maximum flow from s to t ?

As an example, Figure 3.19 shows a simple network, and two flows on it. The flow f shown on the lower
left has a value of 3, while the maximum flow f ′, shown on the lower right, has a value of 4.

Now suppose that our current flow is f . As Figure 3.20 shows, we can improve f by adding flow along
a path δ from s to t . When does such a path exist? We can only increase the flow along an edge e if



“Reducing” one problem to another

Translate new problem into one we already know how to solve 


Bipartite Matching ≤ Max Flow


If Max Flow is easy, then so is Bipartite Matching

TRANSFORMATIONS AND REDUCTIONS 75

s t

FIGURE 3.23: The reduction from MAX BIPARTITE MATCHING to MAX FLOW. The bipartite graph on the left
has a perfect matching, and this corresponds to a flow of value 4 in the directed graph on the right. All
edges have capacity 1.

level it says something much deeper—that MAX BIPARTITE MATCHING is no harder than MAX FLOW. We
write this as an inequality,

MAX BIPARTITE MATCHING≤MAX FLOW . (3.16)

Consider the fact that, before we saw the polynomial-time algorithm for MAX FLOW, it was not at all obvi-
ous that either of these problems are in P. This reduction tells us that if MAX FLOW is in P, then so is MAX

BIPARTITE MATCHING. In other words, as soon as we find a polynomial-time algorithm for MAX FLOW we
gain one for MAX BIPARTITE MATCHING as well.

Reductions have another important application in computational complexity. Just as a reduction
A ≤ B shows that A is at most as hard as B , it also shows that B is at least as hard as A. Thus we get a
conditional lower bound on B ’s complexity as well as a conditional upper bound on A’s. In particular,
just as B ∈ P implies A ∈ P, it is equally true that A /∈ P implies B /∈ P.

If the reader finds the word “reduction” confusing, we sympathize. Saying that A can be reduced to B
makes it sound as if B is smaller or simpler than A. In fact, it usually means the reverse: A can be viewed
as a special case of B , but B is more general, and therefore harder, than A. Later on, we will put this
another way—that B is expressive enough to describe the goals and constraints of A.

As we will discuss below, it is generally very hard to prove that a problem is outside P. However, for
many problems B we are in the following curious situation: thousands of different problems can be re-
duced to B , and after decades of effort we have failed to find polynomial-time algorithms for any of them.
This gives us very strong evidence that B is outside P. As we will see in the next two chapters, this is
exactly the situation for many of the search and optimization problems we care about.
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level it says something much deeper—that MAX BIPARTITE MATCHING is no harder than MAX FLOW. We
write this as an inequality,

MAX BIPARTITE MATCHING≤MAX FLOW . (3.16)

Consider the fact that, before we saw the polynomial-time algorithm for MAX FLOW, it was not at all obvi-
ous that either of these problems are in P. This reduction tells us that if MAX FLOW is in P, then so is MAX

BIPARTITE MATCHING. In other words, as soon as we find a polynomial-time algorithm for MAX FLOW we
gain one for MAX BIPARTITE MATCHING as well.

Reductions have another important application in computational complexity. Just as a reduction
A ≤ B shows that A is at most as hard as B , it also shows that B is at least as hard as A. Thus we get a
conditional lower bound on B ’s complexity as well as a conditional upper bound on A’s. In particular,
just as B ∈ P implies A ∈ P, it is equally true that A /∈ P implies B /∈ P.

If the reader finds the word “reduction” confusing, we sympathize. Saying that A can be reduced to B
makes it sound as if B is smaller or simpler than A. In fact, it usually means the reverse: A can be viewed
as a special case of B , but B is more general, and therefore harder, than A. Later on, we will put this
another way—that B is expressive enough to describe the goals and constraints of A.

As we will discuss below, it is generally very hard to prove that a problem is outside P. However, for
many problems B we are in the following curious situation: thousands of different problems can be re-
duced to B , and after decades of effort we have failed to find polynomial-time algorithms for any of them.
This gives us very strong evidence that B is outside P. As we will see in the next two chapters, this is
exactly the situation for many of the search and optimization problems we care about.

➛



Duality: max flow and min cut

Cut the smallest set of edges that divides s from t 

Find Max Flow from s to t, and cut the saturated edges
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FIGURE 3.22: A MIN CUT problem from the Cold War. A 1955 technical report for the United States Air
Force sought to find a “bottleneck” that would cut off rail transport from the Soviet Union to Europe.

seats on a variety of flights until there is no way at all to get to the conference, forcing us to seek letters of
transit from a jaded nightclub owner. How many seats does he need to buy?

Let’s define a cut in a weighted graph as a set C of edges which, if removed, make it impossible to get
from s to t . The weight of the cut is the sum of its edges’ weights. Alternately, we can say that a cut is a
partitioning of the vertices of G into two disjoint sets or “sides,” S and T , such that s ∈ S and t ∈ T . Then
C consists of the edges that cross from S to T , and its weight is the sum of their capacities.

My competitor wishes to solve the following problem:

MIN CUT (s -t version)

Input: A weighted graph G and two vertices s , t

Question: What is the weight of the minimum cut that separates s from t ?

In this section, we will see that MIN CUT and MAX FLOW have exactly the same answer—the weight of the
minimum cut is exactly the value of the maximum flow. Thus MIN CUT is really just MAX FLOW in disguise.



Systems aren’t simple or complex; questions about them are 

Intrinsic complexity of a problem: the running time (or memory 
use, or other resource) of the best possible algorithm for it


Worst-case!  Works for all instances = works for worst ones


Upper bounds are easy: just give an algorithm


Lower bounds are hard!

Computation and complexity



Twenty questions: can only distinguish 220 situations


To sort, we need log2 n! ≈ n log2 n comparisons

How can we tell if an algorithm is optimal?182 THE DEEP QUESTION: P VS. NP

a < b

a < b < c

b < c b > c

a < c < b

a < c

c < a < b

a > c

a >b

c < a

b < c < a

b < c

c < b < a

b > c

b < a < c

c > a

FIGURE 6.2: A decision tree for sorting a list of n = 3 items.

6.2.1 Sorting Black Boxes

. . . it is written that animals are divided into (a) those that belong to the emperor;
(b) embalmed ones; (c) those that are trained; (d) suckling pigs; (e) mermaids; (f)
fabulous ones; (g) stray dogs; (h) those that are included in this classification; (i)
those that tremble as if they were mad; (j) innumerable ones; (k) those drawn
with a very fine camel’s-hair brush; (l) etcetera; (m) those that have just broken
the flower vase; (n) those that at a distance resemble flies.

Jorge Luis Borges, The Analytical Language of John Wilkins

An example for which it is comparatively easy to prove lower bounds is the rather mundane problem of
sorting a list of n items. In Section 3.2.1, we looked at two algorithms, Mergesort and Quicksort.
We measured their running time in terms of the number of comparisons they perform, i.e., the num-
ber of times that they ask whether one element is larger than another. We found that Mergesort
performs about n log2 n comparisons, and that Quicksort also performs Θ(n logn ) comparisons on
average. Can we do better than this? Is there a sorting algorithm that makes o(n logn ) comparisons, or
even An log2 n for some constant A < 1?

In the children’s game of “Twenty Questions,” where we ask a series of 20 yes-or-no questions, the
largest number of different objects that we can hope to distinguish is 220—or 3× 220 if we start with the
traditional question of “animal, vegetable, or mineral.” If the set of possible objects is larger than this,
then by the pigeonhole principle there is some pair of objects that yield the same sequence of answers,
so we cannot tell them apart.

A sorting algorithm is faced with the same difficulty. As it compares pairs of elements, it travels down
the branches of a decision tree, like that shown in Figure 6.2 for the case n = 3. In order to sort the list, it
has to learn which of the n ! possible orders the input is in, so this tree has to have n ! leaves. A binary tree



We only know of a small number of families of algorithms that 
are guaranteed to be efficient:


Greedy (local search)


Divide and conquer


Dynamic programming


Linear programming, convex programming, and duality


Are there others we haven’t found yet? Are there fundamental 
limits to what efficient algorithms can do?

Lessons so far



Computational Complexity 2: 
NP-completeness and the P vs. NP question

Cristopher Moore
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P: we can find a solution efficiently

NP: we can check a solution efficiently

Needles in haystacks



P

NP

Multiplication
Eulerian Path

Hamiltonian Path

Complexity classes



NP-completeness

Some problems B have the amazing property that any problem 
in NP can be reduced to them: A ≤ B for all A in NP


But if A ≤ B and A is hard, then B is hard too


So if P≠NP, then B can’t be solved in polynomial time


How can a single problem express every other problem in NP?



AND

OR

NOT

AND

x1 x2

z

Any program that tests solutions     
(e.g. Hamiltonian paths) can be 
“compiled” into a Boolean circuit

The circuit outputs “true” if an 
input solution works

Is there a set of values for the 
inputs that makes the output true?

Satisfying a circuit



The condition that each gate works, 
and the output is “true,” can be 
written as a Boolean formula:

AND

OR

NOT

AND

x1 x2

z

y1

y2

y3

From circuits to formulas

Add variables representing the truth 
values of the wires

(x1 _ y1) ^ (x2 _ y1) ^ (x1 _ x2 _ y1)
^ · · · ^ z .



Our first NP-complete problem!


Given a set of clauses with 3 variables each, 


does a set of truth values for the       exist such that all the clauses 
are satisfied?


k-SAT (with k variables per clause) is NP-complete for k ≥ 3

(x1 ⇤ x2 ⇤ x3) ⇥ (x2 ⇤ x17 ⇤ x293) ⇥ · · ·

xi

3-SAT



we could take any problem in NP we want to solve,


write a program that checks solutions,


convert that program into a circuit,


convert that circuit to a 3-SAT formula which is satisfiable if a 
solution exists,


and use our efficient algorithm for 3-SAT to solve it!


So, if 3-SAT is in P, then all of NP is too, and P=NP 

Conversely, if P≠NP, then 3-SAT cannot be solved in polynomial 
time: something like exhaustive search is needed

If 3-SAT were easy...



Given a set of countries and 
borders between them, what 
is the smallest number of 
colors we need?

Graph coloring



“Gadgets” enforce constraints:


Graph 3-Coloring is NP-complete


Graph 2-Coloring is in P (why?)

(x, y, z) (x, y, z)

x x y zzy

From SAT to Coloring



Why are some problems NP-complete?

Can we tile a shape with these tiles?



AND

NOT

AND

c

b

a

NOT

NOT
AND

NOT

true

truetruetrue

true

falsefalsefalse

false

false

false

false

Because we can use them to build a computer.



Even problems in continuous mathematics…
Z ⇡

�⇡
(cosa

1

x )(cosa

2

x ) · · · (cosa

n

x )dx 6= 0?
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FIGURE 5.16: The functions f (θ ) corresponding to two instances of INTEGER PARTITIONING. If we integrate
them over this interval, one of them is zero and the other is nonzero, depending on whether or not a bal-
anced partition exists. Telling which is which using numerical integration is difficult since these functions
oscillate rapidly.

5.5.1 Choice, or the Lack of it

Both GRAPH k -COLORING and k -SAT are in P for k = 2, and are NP-complete for k ≥ 3. Why do these
problems cross the threshold from easy to hard when k goes from 2 to 3?

One explanation is the presence or absence of choice. In GRAPH 2-COLORING, once we have chosen the
color of a vertex, this immediately forces its neighbors to be the opposite color. These alternating colors
propagate automatically until we have colored the entire graph—or at least the connected component
containing our initial vertex—or learned that it isn’t colorable.

In GRAPH 3-COLORING, on the other hand, if we have colored a vertex cyan, we can choose whether to
color each of its neighbors yellow or magenta. Each of their neighbors will also typically have two choices,
and so on. In general, if we have a palette of k colors, a vertex with one colored neighbor has k−1 choices
left. Thus a naive search algorithm takes roughly (k −1)n time, which is exponential for k ≥ 3.

Similarly, suppose we set the truth value of a variable in a k -SAT formula. A clause that wanted that
variable to take the opposite value becomes a (k −1)-SAT clause on its remaining variables. If k = 2 it
becomes a unit clause, which immediately forces us to set another variable as described in Section 4.2.2.
If k ≥ 3, on the other hand, we have k −1 choices for how to satisfy it, giving an exponential search tree.

This also helps us understand why MAX-2-SAT is NP-complete, even for k = 2. If we set a variable in
a way that disagrees with a 2-SAT clause, we still have two choices—we can satisfy it by setting its other
variable, or we can ignore it and try to meet the threshold by satisfying other clauses instead.



Witness Existence

Circuit SAT

3-SAT

NAE-3-SAT

Graph 3-Coloring

Independent Set

Vertex Cover Max Clique

Max Cut

Planar SAT

Tiling

Subset Sum

Integer Partitioning MAX-2-SAT

3-Matching

Hamiltonian Path

Thousands of NP-complete problems



Oh, cruel world!

NP-completeness is a worst-case notion...


We assume that instances are designed by a clever adversary to 
encode hard problems


A good assumption in cryptography, but not in most of nature


The scientist is always working to discover the order and 
organization of the universe, and is thus playing a game against 
the arch-enemy, disorganization. Is this devil Manichaean or 
Augustinian? Is it a contrary force opposed to order or is it the 
very absence of order itself? 

— Norbert Wiener, Cybernetics



From theory to the real world

Many algorithms that take exponential time in the worst case are 
efficient in practice 


Optimization problems are like exploring a high-dimensional jewel


If we add noise to the problem, the number of facets goes down, 
and the path to the top gets shorter
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Figure 9.18: The polytope on the left has 200 facets and 396 vertices. On the right, we perturb this polytope
by adding 5% random noise to the right-hand sides of the inequalities, reducing the number of facets and
vertices to 87 and 170. The angles between the facets have become sharper, so the polytopes’ shadows,
i.e., the two-dimensional polygons that form the outlines of these pictures, have fewer sides.

x ′. If you think of x and x ′ as vectors in the space of instances, then x ′ is chosen uniformly from a ball of
radius ϵ around x . The adversary can decide where this ball is centered, but he cannot control where in
the ball the perturbed instance x ′ will be.

We then define the running time as the average over the perturbed instances, maximized over the
adversary’s original instance:

Tsmoothed =max
x

!
!

x ′:|x ′−x |≤ϵ
T (x ′)
"

.

If the adversary has to carefully tune the parameters of an instance to make it hard, adding noise upsets
his plans. It smooths out the peaks in the running time, and makes the problem easy on average.

Spielman and Teng considered a particular pivot rule called the shadow vertex rule. It projects a two-
dimensional shadow of the polytope, forming a two-dimensional polygon, and tries to climb up the out-
side of the polygon. This rule performs poorly if the shadow has exponentially many sides, with expo-
nentially small angles between them. They showed that if we add noise to the constraints, perturbing the
entries of A and b, then the angles between the facets—and between the sides of the shadow polygon—
are 1/poly(m ) with high probability. In that case, the shadow has poly(m ) sides, and the shadow vertex
rule takes polynomial time. We illustrate this in Figure 9.18.

Smoothed analysis provides a sound theoretical explanation for the suprisingly good performance
of the simplex algorithm on real instances of LP. But it still leaves open the question of whether LP is
in P—whether it can can be solved in polynomial time even in the worst case, when the adversary has
the last word. We will answer that question soon. But first we explore a remarkable property of LP that
generalizes the relationship between MAX FLOW and MIN CUT, and which says something about LP’s worst-
case complexity as well.



Alternatives

Probably Approximately Correct [Valiant]


Noise can foil the adversary, producing a smoother problem 
[Spielman and Teng]


Landscapes are not as bumpy as they could be: good solutions 
are close to the optimum [Balcan, Blum, and Gupta, clustering]


In nature, problems and algorithms coevolve (e.g. protein folding)
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rule takes polynomial time. We illustrate this in Figure 9.18.

Smoothed analysis provides a sound theoretical explanation for the suprisingly good performance
of the simplex algorithm on real instances of LP. But it still leaves open the question of whether LP is
in P—whether it can can be solved in polynomial time even in the worst case, when the adversary has
the last word. We will answer that question soon. But first we explore a remarkable property of LP that
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case complexity as well.



Which of these puzzles are in NP?  Which has a solution that is 
easy to check?
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Figure 4.15: On the left, a classic peg solitaire game. In each move, a peg jumps over another, which is
removed. Can you reduce this configuration of 8 pegs to a single peg in the center? On the right, a sliding-
block puzzle. Can you move the big square block to the bottom center, where it can slide out of the box?
The shortest solution has 81 moves.

Progress was delayed until the 1960’s, when the German mathematician Heinrich Heesch argued that the number
of potential counterexamples to the Four Color Conjecture is finite, and estimated that there are only about 8000
of them. He proposed to check these configurations by computer, but the German national science foundation
cancelled his grant, preventing Heesch from pursuing this strategy.

The implementation of Heesch’s idea had to wait until 1976, when Kenneth Appel and Wolfgang Haken boiled
down the number of potential counterexamples down to less than 2000 and checked each one of them by com-
puter [50, 49]. This was the first computer-assisted proof of a major theorem in mathematics. It began a debate on
the nature of mathematical proof, which is still ongoing. Although some progress has been made in simplifying the
original proof of Haken and Appel, even the shortest version still relies on exhaustive checking by computer [759].

This is an unsatisfying state of affairs. The best proofs do not simply certify that something is true. They illu-
minate it, and explain why it must be true. We might say that, while the Four Color theorem is proved, it is not well
understood.

On the other hand, it is possible that there is no understanding to be had. Just as Erdős believed that God has a
book containing all the most elegant proofs (see Note 1.2), some say that the Devil has a book which contains all the
mathematical truths which have no elegant proofs—truths which can be stated easily, but for which the only proofs
are long and ugly. At this time, it seems perfectly possible that the Four Color Theorem is in the Devil’s book.

4.3 Satisfying banquets. This example of 2-SAT is a thinly veiled version of a puzzle due to Brian Hayes [367], involv-
ing invitations of Peru, Qatar and Romania to an embassy banquet.

4.4 SUBSET SUM and cryptography. A public-key cryptosystem, as we will discuss in Section 15.5.1, provides an
asymmetric pair of keys: a public and a private key. Anyone can encrypt a message using the public key, but only

Beyond NP



I can win if there exists a move for me, 

such that for all of your replies, 


there exists a move for me...

DRAFT  --  DRAFT  --  DRAFT  --  DRAFT  --  DRAFT  --  

PLAYING CHESS WITH GOD 9

Sam Loyd (1903)

80Z0ZrZbZ
7ZpZ0Z0A0
6pM0ZpS0Z
5SBZ0j0Z0
40O0ZNZ0o
3Z0o0Z0a0
2nZ0O0o0s
1Z0Z0ZKZn

a b c d e f g h

Mate in 3

Lewis Stiller (1995)

80Z0Z0ZNZ
7Z0Z0ZKS0
60ZnZ0Z0Z
5Z0Z0Z0Z0
40Z0Z0Z0Z
3Z0Z0Z0Z0
20ZnZ0Z0Z
1ZkZ0Z0Z0

a b c d e f g h

Mate in 262

Figure 1.7: Chess problems are hard to solve—and hard to check.

inexorably to checkmate after n moves. On the left, n = 3, and seeing how to corner Black—after a very
surprising first move—is the work of a pleasant afternoon. On the right, we have a somewhat larger value
of n : we claim that White can force Black into checkmate after 262 moves.

But how, dear reader, can we prove this claim to you? Unlike the problems of the previous two sec-
tions, we are no longer playing solitaire: we have an opponent, who will do their best to win. This means
that it’s not enough to prove the existence of a simple object like a Hamiltonian path. We have to show
that there exists a move for White, such that no matter how Black replies, there exists a move for White,
such that no matter how Black replies, and so on. . . until, at most 262 moves later, every possible game
ends in checkmate for Black. As we go forward in time, our opponent’s moves cause the game to branch
into a exponential tree of possibilities, and we have to show that a checkmate awaits at every leaf. Thus a
strategy is a much larger object, with a much deeper logical structure, than a path.

There is indeed a proof, consisting of a massive database of endgames generated by a computer
search, that White can mate Black in 262 moves in the position of Figure 1.7. But verifying this proof
far exceeds the capabilities of human beings, since it requires us to check every possible line of play. The
best we can do is look at the program that performed the search, and convince ourselves that it will run
correctly. As of 2007, an even larger search has confirmed the long-standing opinion of human players
that Checkers is a draw under perfect play. For humans with our finite abilities, however, Chess and
Checkers will always keep their secrets. 1.5

Logical hierarchies



Suppose we could tell whether a program p 
will ever halt.  This would be really handy!  

Undecidability

UNIVERSALITY AND UNDECIDABILITY 233

Fermat
begin

t := 3;
repeat

for n = 3 to t do
for x = 1 to t do

for y = 1 to t do
for z = 1 to t do

if x n + y n = z n then return (x , y , z , n ) ;
end

end

end

end
t := t +1 ;

until forever;
end

FIGURE 7.2: This program does not halt. Andrew Wiles has discovered a truly marvelous proof of this,
which this caption is too narrow to contain.

Decidable is the class of problems A for which there is a program Π that halts
after a finite amount of time, and which, given any input x , answers whether
or not A(x ) is true.

Hilbert believed that Decidable includes all well-defined mathematical problems. But the Halting Prob-
lem shows that it does not—that some problems are beyond the reach of any algorithm.

At first, it seems that we can solve HALTING by running the universal program U , simulating what Π
would do given x , and seeing what happens. But if Π(x ) doesn’t halt, neither will U ’s simulation. To solve
HALTING, we have to be able to see into the future, and predict, in bounded time, whether or not Π(x ) will
ever halt. We will show that no program can do this—since if it could, it could create a contradiction by
trying to predict itself.

Before we prove that no program can solve HALTING, let’s think about what other problems we could
solve if such a program existed—a program with the following behavior:

Halts(Π,x ) =

!
true if Π halts on input x

false otherwise
(7.2)

Such a program would be very handy for debugging software. It could tell us whether a program will hang,
and never get back to the user. However, it would have much more profound uses as well. Consider the
programFermat in Figure 7.2. It looks for a counterexample to Fermat’s Last Theorem—that is, positive
integers x , y , z , n with n ≥ 3, such that

x n + y n = z n , (7.3)

It does this by exhaustively checking all quadruples x , y , z , n ≤ t , with t ranging up to infinity.

I have discovered a marvelous proof 
that this program will run forever, but 
it is too small to fit on this slide...




Suppose halt(p,x) can tell whether p, given input x, will halt.  
Then we could feed it to itself, and run this program instead:


Will  trouble(trouble)  halt or not?


Undecidable problems ⇒ unprovable truths!

trouble(p):
  if halt(p,p) loop forever
  else halt

Undecidability



P

NP

PSPACE

EXPTIME

COMPUTABLE

“Computers play the same role 
in complexity that clocks, trains 
and elevators play in relativity.”


– Scott Aaronson

Games

Turing’s Halting Problem

An infinite hierarchy



Questions, questions...

Suppose we have a cellular automaton.  There are lots of questions 
we could ask about it:


Given an initial state s, what will the state be at time t?


Does a state s have a predecessor?


On a lattice of size n, is s on a periodic orbit?


On an infinite lattice, will s ever die out?

Suppose we have a cellular automaton.  There are lots of questions 
we could ask about it:


Given an initial state s, what will the state be at time t? P


Does a state s have a predecessor? NP


On a lattice of size n, is s on a periodic orbit? PSPACE


On an infinite lattice, will s ever die out? Undecidable
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0 63
t

FIGURE 8.2: A periodic orbit of cellular automaton rule 30, with time running from left to right. Each
column is a state with n bits, where 0 is white and 1 is black. The transition rule is illustrated above,
showing how the current values of a bit and its neighbors determine its value on the next time step. We
use cyclic boundary conditions so that the lattice wraps around. Here n = 7, the initial state is 0000101,
and the period is t = 63. While the period may be exponentially long, we only need n bits to remember
the current state, so telling whether the initial state lies on a periodic orbit is in PSPACE.

such that the system returns to its initial state after t steps. For instance, Figure 8.2 shows a periodic orbit
of the cellular automaton discussed in Section 5.5.3.

We can solve this problem simply by simulating the system, and checking at each point to see if the
current state is identical to the initial one. Since there are 2poly(n) possible states, and since the dynamics of
the cellular automaton could cycle through a large fraction of them, it could take an exponential amount
of time for this to happen, if it ever does. However, it only takes poly(n ) bits to keep track of the current
state, so this problem is in PSPACE.

How do classes like L and PSPACE relate to the time-bounded complexity classes we have already
seen? Let’s set down some basic relationships between the amount of memory a program uses and the
time it takes to run.

First of all, if a program uses m bits of memory then it has 2m possible states. Therefore, no path in
the state space can be more than 2m steps long, unless it returns to a state it has already visited. But if this
happens, the computer will perform exactly the same steps again, and get stuck in an endless loop. Thus
a program that uses m bits of memory needs at most 2m time to complete its task:

SPACE( f (n ))⊆ TIME(2O(f (n)) ) (8.1)

In particular, 2O(log n) = poly(n ). For instance, 2c log2 n = n c . Therefore, a program that runs in O(log n )
memory only has a polynomial number of states, and only needs polynomial time:

L⊆ P . (8.2)

Conversely, suppose a program runs in time t . If each elementary step reads or writes a single bit
of memory—or even a block of memory of constant size, such as a 64-bit word—then such a program
only has time to read or write O(t ) bits. Even a random-access machine with large memory can only
access O(t ) different bits in t steps, and Problem 8.1 shows that we can then simulate it with only O(t )
bits memory. Thus

TIME( f (n ))⊆ SPACE( f (n )) . (8.3)

In particular, P⊆ PSPACE.



Deep questions

Is finding solutions harder than checking them? When can we 
avoid exhaustive search?


How much memory do we need to find our way through a maze?


What if we only need good answers, instead of the best ones?    
Are there problems where even finding good answers is hard? 


How much does it help if we can do many things at once?


If you and I are working together to solve a problem, how much do 
we need to communicate?


Are there good pseudorandom generators?  Are there strong 
cryptosystems?


How much does quantum physics help?



Do brains compute? Do cells? Do societies? Do planets?


Maybe the wrong question…


Does focusing on flows and transformations of information    
(as opposed to e.g. energy) help me understand my system?

The computational lens
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To put it bluntly: this book rocks! It somehow 
manages to combine the fun of a popular 
book with the intellectual heft of a textbook.


Scott Aaronson, MIT


This is, simply put, the best-written book on 
the theory of computation I have ever read; 
one of the best-written mathematical books I 
have ever read, period. 


Cosma Shalizi, Carnegie Mellon


A creative, insightful, and accessible 
introduction to the theory of computing, 
written with a keen eye toward the frontiers of 
the field and a vivid enthusiasm for the  
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