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Chapter 16

A Linear Map of the Web

Figure 16.1: Map of a small part of the world wide web around wikipedia.org [CW].
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16.1 Ranking the web

The world wide web is a large and messy place. As of March 2022, http:
//worldwidewebsize.com estimates that there are 2.97 billion indexed webpages.
Even more amazing is that modern search engines, starting with Google, are able to
process, organize and index this nearly unbounded corpus and make it useful. You
can query for a topic of interest, and the search engine returns a long list of relevant
websites, almost immediately. More often than not, you find what you are looking for
within the first few listed results. This is utterly amazing, and we basically take it for
granted.

It is one thing to identify all the web pages containing (or relevant to) a search
query. This requires crawling the internet, and building a huge index that roughly
identifies which keywords appear where. Some of the randomized data structures
discussed earlier may be helpful for managing this task. But even within a search
query, there seems to be an unlimited number of pages about a given topic, and a lot
of it is junk. There is still another challenge to identify the best pages for the query.
How do we separate the good websites from the bad? We should keep in mind the
scale of the world wide web. It is pointless to try to evaluate the websites individually.
This is a large scale ranking problem.

Modern search engines are based on the idea that the link structure of the world
wide web reveals some sense of importance among the websites. When we write a
paper, we cite the references that support or inform our argument. Likewise, web
sites link to other websites and thereby implicitly bestow some approval. Another
appeal of analyzing links is that we can model everything in basic graph theory, where
we have good algorithms and sound analysis. The link structure gives a good starting
point for our first idea for ranking webpages.

Idea 1. Score each website equal to the number of other webpages linking to it.

score1(v) =
ÿ

(u,v)œE

1.

One feature of score1 is that every link out of a vertex u is worth 1 point. But if u
has many outgoing links, shouldn’t that dilute the “approval” bestowed by u? As an
analogy, suppose we have two lists of movies. One lists the top 10 movies of all time,
and the other lists the top 100 movies of all time. Shouldn’t it be worth more to be
on the first list? Our next proposal for ranking scales down the value of a link (u, v)
by the number of outgoing edges of u, so that the total sum of links leaving u is 1.

Let d+(u) denote the number of edges leaving a vertex u, a.k.a. the out-degree.
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Idea 2. Score each website v as the sum, over all other webpages u linking to v, of 1
divided by the number of outgoing links from u:

score2(v) =
ÿ

u:(u,v)œE

1
d+(u) .

Unfortunately score2 can be manipulated as follows. To promote a website v, one
need only create many fake websites u with a link to v to drive up score2(v). This
suggests that, when evaluating a link (u, v), we should consider whether u is much of
an authority to begin with.

Idea 3. Score each website v equal to the weighted sum, over all other webpages u
linking to it, of the score of u divided by the number of outgoing links from u:

score3(v) =
ÿ

u:(u,v)œE

score3(u)
d+(u) .

score3(v) attain a sort of self-consistent nirvana. For example, the weight of a link
(u, v), in attributing authority to v, is adjusted in proportion to the authority of u.
The total authority distributed by a webpage u is exactly equal to u’s own authority,
score3(u).

While this recursive relationship is appealing, there is no reason, a priori, why
such scores should exist.

Today’s discussion is about how {score3(v), v œ V } does exist, and the structure
and interpretations thereof. This happy miracle is entirely due to the fact that
the values {score3(v), v œ V } satisfy a particularly well-structured linear system of
equations. As such, our discussion will soon be translated into linear algebra. An
important part of the structure comes from a probabilistic interpretation of the linear
system.1

The goal of this discussion is to prove the following theorem (in more general
terms). Recall that �V =

Ó
x œ RV

Ø0
: q

vœV xv = 1
Ô

denotes the set of probability
vectors over V .

Theorem 16.1. There exists a vector x œ �V such that

xv =
ÿ

u:(u,v)œE

xu

d+(u) (16.1)

for all v œ V . If G is strongly connected, then this vector is unique and strictly
positive.

1Naturally, the mathematics we discuss existed long before search engines and similar ideas had
been applied elsewhere.
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To try to understand where such an x comes from — and in particular, how we
can assert that it describes a distribution over B — consider the following random
walk on G. At each step, you are on some vertex u. You choose an outgoing edge
(u, v) œ E uniformly at random, and step to v. This may send you walking chaotically
all over the graph. On the world wide web, this is like randomly surfing the web
where you keep following randomly chosen links. If the links tend to point to useful
websites, then over time your random walk should stumble upon good web sites more
often then a uniformly random sample of the web. Now, depending on where you
start, after some number of k steps, there are di�erent probabilities of where you
would end up. As k increases, we might hope this reaches some kind of equilibrium,
where the distribution is the same or close to the same between to kth and (k + 1)th
step for su�ciently large k. This brings us to the notion of a stationary distribution.

Definition 16.2. Fix a random walk on a set of vertices V . A set of probabilities
x œ �V is a stationary distribution for the random walk if taking a random step from
the distribution x produces the same distribution x.

Consider again theorem 16.1, and consider the recursive relations satisfied by
x œ �V :

xv =
ÿ

u:(u,v)œE

xu

d+(u)

for all v œ V . In our random walk, from a given vertex u, we choose an outgoing
edge (u, v) with probability 1/d+(u). In particular, if u is chosen from a random
distribution x œ �V , then the probability of then stepping to a particular vertex v is

ÿ

u:(u,v)œE

xu

d+(u) .

For the vector x asserted by theorem 16.1, this sum equals xv. That is, x is the
stationary distribution of a random walk on G. We can restate theorem 16.1 as follows.
Theorem 16.1, restated. Every random walk on a directed graph G has a stationary
distribution. If G is strongly connected, then this distribution is unique.

16.1.1 PageRank

The actual PageRank algorithm proposed in [PBMW99] is slightly di�erent. We
augment the random walk thought experiment described above with a small probability
– of restarting the walk from a page chosen uniformly at random. Otherwise (with
the remaining probability 1 ≠ –), we continue the random walk as described above.
The same conclusion holds for this random walk.
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Figure 16.2: An example of PageRank on an 11 vertex graph [Wika].

Theorem 16.3. Let G = (V, E) be a directed graph, and let – œ (0, 1). There exists
a unique vector x œ �V such that for all v œ V ,

xv = (1 ≠ –)
ÿ

u:(u,v)œE

xu

d+(u) + –

n
.

The PageRank formulation has some additional convenient properties compared to
general random walks. First, the vector x is guaranteed to be unique, and has strictly
positive coordinates. (Implicitly, it is the stationary distribution on the directed graph
augmented by weighted edges between all pairs, which by theorem 16.1 is unique.)
Second, it can be calculated more directly. We will come back to this point at the
end of our discussion in section 16.6.

16.2 A linear map of the web

Recall that a function f : Rn
æ Rn is linear if it satisfies the following:

f(x + y) = f(x) + f(y)

Let A : RV
æ RV be the linear map encoding the directed edges as follows. For a

vertex v, let ev œ {0, 1}
V be the vector with 0’s everywhere except for 1 in the vth

coordinate. We define A by setting (Aev) œ {0, 1}
V to indicate the outgoing neighbors

of v. More explicitly, A is defined by

Èew, AevÍ = (Aev)w =

Y
]

[
1 if (v, w) œ E

0 otherwise.
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w1

<latexit sha1_base64="TV43Qnnt7XLmtauQXqZDesv0Eas=">AAAB6nicbVBNS8NAEJ34WetX1aOXxaJ4KokU1FvBi8eK9gPaUDbbSbt0swm7G6WE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSATXxnW/nZXVtfWNzcJWcXtnd2+/dHDY1HGqGDZYLGLVDqhGwSU2DDcC24lCGgUCW8HoZuq3HlFpHssHM07Qj+hA8pAzaqx0/9TzeqWyW3FnIMvEy0kZctR7pa9uP2ZphNIwQbXueG5i/Iwqw5nASbGbakwoG9EBdiyVNELtZ7NTJ+TUKn0SxsqWNGSm/p7IaKT1OApsZ0TNUC96U/E/r5Oa8MrPuExSg5LNF4WpICYm079JnytkRowtoUxxeythQ6ooMzadog3BW3x5mTQvKl61cn1XLdfO8jgKcAwncA4eXEINbqEODWAwgGd4hTdHOC/Ou/Mxb11x8pkj+APn8wcFno2P</latexit>

v

<latexit sha1_base64="KV+LLnP7ALQL/rdkjBOiO8P7N2I=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPiKexKQL0FvHhMwDwgWcLspJOMmZ1dZmYDYckXePGgiFc/yZt/4yTZgyYWNBRV3XR3BbHg2rjut5Pb2Nza3snvFvb2Dw6PiscnTR0limGDRSJS7YBqFFxiw3AjsB0rpGEgsBWM7+d+a4JK80g+mmmMfkiHkg84o8ZK9UmvWHLL7gJknXgZKUGGWq/41e1HLAlRGiao1h3PjY2fUmU4EzgrdBONMWVjOsSOpZKGqP10ceiMXFilTwaRsiUNWai/J1Iaaj0NA9sZUjPSq95c/M/rJGZw66dcxolByZaLBokgJiLzr0mfK2RGTC2hTHF7K2EjqigzNpuCDcFbfXmdNK/LXqV8V6+UqpdZHHk4g3O4Ag9uoAoPUIMGMEB4hld4c56cF+fd+Vi25pxs5hT+wPn8Ad6ljOo=</latexit>

w2

<latexit sha1_base64="oa4r4iZjpDGJSXt+AYvFmDvKmoo=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPiKeyGgHoLePEY0TwgWcLspDcZMju7zMwqIeQTvHhQxKtf5M2/cZLsQRMLGoqqbrq7gkRwbVz328mtrW9sbuW3Czu7e/sHxcOjpo5TxbDBYhGrdkA1Ci6xYbgR2E4U0igQ2ApGNzO/9YhK81g+mHGCfkQHkoecUWOl+6depVcsuWV3DrJKvIyUIEO9V/zq9mOWRigNE1Trjucmxp9QZTgTOC10U40JZSM6wI6lkkao/cn81Ck5s0qfhLGyJQ2Zq78nJjTSehwFtjOiZqiXvZn4n9dJTXjlT7hMUoOSLRaFqSAmJrO/SZ8rZEaMLaFMcXsrYUOqKDM2nYINwVt+eZU0K2WvWr6+q5Zq51kceTiBU7gADy6hBrdQhwYwGMAzvMKbI5wX5935WLTmnGzmGP7A+fwBByKNkA==</latexit>

w3

<latexit sha1_base64="Vfg62pK+LEMP9s6PKorbt3i4Ve4=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPiKexqQL0FvHiMaB6QhDA7mU2GzM4uM71KWPIJXjwo4tUv8ubfOEn2oIkFDUVVN91dfiyFQdf9dnIrq2vrG/nNwtb2zu5ecf+gYaJEM15nkYx0y6eGS6F4HQVK3oo1p6EvedMf3Uz95iPXRkTqAccx74Z0oEQgGEUr3T/1LnrFklt2ZyDLxMtICTLUesWvTj9iScgVMkmNaXtujN2UahRM8kmhkxgeUzaiA962VNGQm246O3VCTqzSJ0GkbSkkM/X3REpDY8ahbztDikOz6E3F/7x2gsFVNxUqTpArNl8UJJJgRKZ/k77QnKEcW0KZFvZWwoZUU4Y2nYINwVt8eZk0zstepXx9VylVT7M48nAEx3AGHlxCFW6hBnVgMIBneIU3RzovzrvzMW/NOdnMIfyB8/kDCKaNkQ==</latexit>

�

�������������������������

...
0
1
0
...
0
1
0
...
0
1
0
...

�

�������������������������

<latexit sha1_base64="utQqWHYiO7p87zlRAKtEChByb3E=">AAACWHicnVFNSwMxFMyurdX1q+rRS7AonsquFNSb4MWjgv2AbinZ7GsNZpMleVssi39S8KB/xYtpLaLWkw8Shpn3kskkyaWwGIavnr9Sqa7W1taDjc2t7Z367l7H6sJwaHMtteklzIIUCtooUEIvN8CyREI3ebia6d0JGCu0usNpDoOMjZUYCc7QUcO6jhMYC1XmGUMjHp+CeJJqtDSOg3C2RV/ov0IQg0q/zh/WG2EznBddBtECNMiibob15zjVvMhAIZfM2n4U5jgomUHBJTi/hYWc8Qc2hr6DimVgB+U8mCd65JiUjrRxSyGds98nSpZZO80S1+n83dvf2oz8S+sXODoflELlBYLinxeNCklR01nKNBUGOMqpA4wb4bxSfs8M4+j+InAhRL+fvAw6p82o1by4bTUujxdxrJEDckhOSETOyCW5JjekTTh5Ie9exat6bz7xa/76Z6vvLWb2yY/y9z4AtcOtdA==</latexit>

w1

<latexit sha1_base64="TV43Qnnt7XLmtauQXqZDesv0Eas=">AAAB6nicbVBNS8NAEJ34WetX1aOXxaJ4KokU1FvBi8eK9gPaUDbbSbt0swm7G6WE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSATXxnW/nZXVtfWNzcJWcXtnd2+/dHDY1HGqGDZYLGLVDqhGwSU2DDcC24lCGgUCW8HoZuq3HlFpHssHM07Qj+hA8pAzaqx0/9TzeqWyW3FnIMvEy0kZctR7pa9uP2ZphNIwQbXueG5i/Iwqw5nASbGbakwoG9EBdiyVNELtZ7NTJ+TUKn0SxsqWNGSm/p7IaKT1OApsZ0TNUC96U/E/r5Oa8MrPuExSg5LNF4WpICYm079JnytkRowtoUxxeythQ6ooMzadog3BW3x5mTQvKl61cn1XLdfO8jgKcAwncA4eXEINbqEODWAwgGd4hTdHOC/Ou/Mxb11x8pkj+APn8wcFno2P</latexit>

w2

<latexit sha1_base64="oa4r4iZjpDGJSXt+AYvFmDvKmoo=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPiKeyGgHoLePEY0TwgWcLspDcZMju7zMwqIeQTvHhQxKtf5M2/cZLsQRMLGoqqbrq7gkRwbVz328mtrW9sbuW3Czu7e/sHxcOjpo5TxbDBYhGrdkA1Ci6xYbgR2E4U0igQ2ApGNzO/9YhK81g+mHGCfkQHkoecUWOl+6depVcsuWV3DrJKvIyUIEO9V/zq9mOWRigNE1Trjucmxp9QZTgTOC10U40JZSM6wI6lkkao/cn81Ck5s0qfhLGyJQ2Zq78nJjTSehwFtjOiZqiXvZn4n9dJTXjlT7hMUoOSLRaFqSAmJrO/SZ8rZEaMLaFMcXsrYUOqKDM2nYINwVt+eZU0K2WvWr6+q5Zq51kceTiBU7gADy6hBrdQhwYwGMAzvMKbI5wX5935WLTmnGzmGP7A+fwBByKNkA==</latexit>

w3

<latexit sha1_base64="Vfg62pK+LEMP9s6PKorbt3i4Ve4=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPiKexqQL0FvHiMaB6QhDA7mU2GzM4uM71KWPIJXjwo4tUv8ubfOEn2oIkFDUVVN91dfiyFQdf9dnIrq2vrG/nNwtb2zu5ecf+gYaJEM15nkYx0y6eGS6F4HQVK3oo1p6EvedMf3Uz95iPXRkTqAccx74Z0oEQgGEUr3T/1LnrFklt2ZyDLxMtICTLUesWvTj9iScgVMkmNaXtujN2UahRM8kmhkxgeUzaiA962VNGQm246O3VCTqzSJ0GkbSkkM/X3REpDY8ahbztDikOz6E3F/7x2gsFVNxUqTpArNl8UJJJgRKZ/k77QnKEcW0KZFvZWwoZUU4Y2nYINwVt8eZk0zstepXx9VylVT7M48nAEx3AGHlxCFW6hBnVgMIBneIU3RzovzrvzMW/NOdnMIfyB8/kDCKaNkQ==</latexit>

��

<latexit sha1_base64="Ut9NKuEbUWMJFUp2aNVFy0s9rns=">AAAB7nicbVDLSgNBEJz1GeMr6tHLYFA8hV0JqLeAF48RzAOSJcxOJsmQeTHTK4QlH+HFgyJe/R5v/o2TZA+aWNBQVHXT3ZUYwR2E4Xewtr6xubVd2Cnu7u0fHJaOjptOp5ayBtVC23ZCHBNcsQZwEKxtLCMyEayVjO9mfuuJWce1eoSJYbEkQ8UHnBLwUqsriXGge6VyWAnnwKskykkZ5aj3Sl/dvqapZAqoIM51otBAnBELnAo2LXZTxwyhYzJkHU8VkczF2fzcKT73Sh8PtPWlAM/V3xMZkc5NZOI7JYGRW/Zm4n9eJ4XBTZxxZVJgii4WDVKBQePZ77jPLaMgJp4Qarm/FdMRsYSCT6joQ4iWX14lzatKVK3cPlTLtYs8jgI6RWfoEkXoGtXQPaqjBqJojJ7RK3oLTPASvAcfi9a1IJ85QX8QfP4AhcWPoA==</latexit>

(Aev) � {0, 1}V

<latexit sha1_base64="yw9dPiVg3aI7t5GXTKlIEBegHRY=">AAAB/nicbVDLSsNAFL2pr1pfUXHlZrAoFaQkUlB3FTcuK9gHNDFMptN26GQSZiaFEgr+ihsXirj1O9z5N04fC60euHA4517uvSdMOFPacb6s3NLyyupafr2wsbm1vWPv7jVUnEpC6yTmsWyFWFHOBK1rpjltJZLiKOS0GQ5uJn5zSKVisbjXo4T6Ee4J1mUEayMF9kHpGtFgeIo8JpCXOWeuN35oBHbRKTtToL/EnZMizFEL7E+vE5M0okITjpVqu06i/QxLzQin44KXKppgMsA92jZU4IgqP5ueP0bHRumgbixNCY2m6s+JDEdKjaLQdEZY99WiNxH/89qp7l76GRNJqqkgs0XdlCMdo0kWqMMkJZqPDMFEMnMrIn0sMdEmsYIJwV18+S9pnJfdSvnqrlKsnszjyMMhHEEJXLiAKtxCDepAIIMneIFX69F6tt6s91lrzprP7MMvWB/fVNOTvQ==</latexit>

Figure 16.3: The adjacency vector (Aev) of a vertex v.

See also fig. 16.3. Note that the graph G is undirected i� A is symmetric.
More generally, we might have weights on the edges of the graph. Then we would

define A : RV
æ RV by

Èew, AevÍ = (Aev)w =

Y
]

[
weight of the edge (v, w) if (v, w) œ E

0 otherwise.

Let us rehash our discussion on scoring websites in terms of the linear map. We
have

score1(v) = Èev, A1Í =
ÿ

w

(Aev)w.

We also have

d+(u) = È1, AeuÍ.

Let D = diag(d+) œ RV ◊V be the diagonal matrix induced by D. That is, for any
vector x and vertex v, we have

(Dx)v = d+(v)xv.
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Then we can write score2(v) as

score2(v) =
ÿ

u:(u,v)œE

1
d+(u) = (AD≠11)v =

e
ev, AD≠11

f
.

As for the stationary distribution (score3), we see that the stationary distribution x
must satisfy the equation

x = Rx for the linear map R = AD≠1 : RV
æ RV .

The map R has the property that Rx œ �V for any x œ �V . Any linear map
A : Rn

æ Rn mapping �n to �n is called a stochastic linear function.

16.3 Eigenvectors

Let A : Rn
æ Rn be a linear map. An eigenvector of A is a nonzero vector x ”= 0 such

that

Ax = ⁄x

for some scalar value ⁄ œ C. The scalar ⁄ is called an eigenvalue of A, and here it is
the eigenvalue corresponding to the eigenvector x.

Alternatively, a value ⁄ œ C is an eigenvalue i� the linear map (A ≠ ⁄I) : Rn
æ Rn

is not invertible. Indeed, any eigenvector x corresponding to ⁄ gives a second vector
(besides 0) such that (A ≠ ⁄I)x = 0.

Lemma 16.4. The set of eigenvectors corresponding to an eigenvalue ⁄ form a vector
space.

The dimension of the subspace corresponding to an eigenvalue ⁄ is called the
multiplicity of the eigenvalue. For any eigenvalue ⁄ of A : Rn

æ Rn, the multiplicity
of ⁄ is equal to n ≠ rank(A ≠ ⁄I).
Existence of eigenvectors. A priori, it is not clear why every matrix should have
an eigenvector.

Lemma 16.5. Let A : Rn
æ Rn be a linear map. Then A has an eigenvalue ⁄ œ C

and an eigenvector x œ Cn.

Proof. Fix any nonzero vector v. Recall that any set of n + 1 vectors in Rn is
linearly dependent. In particular, the set v, Av, . . . , Anv is linearly dependent. Put
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alternatively, there is a nonzero, degree k Æ n polynomial p(x) = –kxk + · · · + –0 such
that

p(A)v = 0.

By the fundamental theorem of algebra, the polynomial p(x) can be expressed as

p(x) = (x ≠ r1)(x ≠ r2) · · · (x ≠ rk)

where r1, . . . , rn œ C are complex roots of p(x). Then

p(A)v = (A ≠ r1I)(A ≠ r2I) · · · (A ≠ rkI)v = 0

imples that some A ≠ riI maps a nonzero vector to 0. The corresponding root ri is
an eigenvalue.

Tranposing and Eigenvalues The eigenvalues and eigenvectors of a matrix A and
its transpose AT are closely related. This is primarily because A and its transpose
AT have the same rank, and eigenvalues are ultimately concerned with values ⁄ for
which A ≠ ⁄I is not full rank.

Lemma 16.6. Let A : Rn
æ Rn be a linear map. Then A is invertible i� AT is

invertible.

Proof. Suppose A is invertible. We claim that AT is invertible with inverse (A≠1)T .
Indeed, for any two points x, y, we have

e
x, (A≠1)T AT y

f
=

e
A≠1x, Ay

f
=

e
AA≠1x, y

f
= Èx, yÍ.

Since this holds for all x and y, we have that (A≠1)T A = I. That is, (A≠1)T is an
inverse for A. This proves the “only if” whereas we claim “if and only if”; the “if”
follows symmetrically as (AT )T = A.

Lemma 16.7. Let A : Rn
æ Rn be a linear map.. Then A and AT have the same

eigenvalues with the same multiplicities.

Proof. Recall that for any map L : Rn
æ Rn, L is invertible i� LT is invertible, and

(LT )≠1 = LT . Now suppose that ⁄ is an eigenvalue of A. Then A≠⁄I is not invertible,
hence (A ≠ ⁄I)T = AT

≠ ⁄I is not invertible, and so ⁄ is an eigenvalue of A. The
multiplicities are equal because the

rank(A ≠ ⁄I) = rank
1
(A ≠ ⁄I)T

2
= rank(A ≠ ⁄I).
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Lemma 16.8. Let A : Rn
æ Rn be a linear map.. Let x be an eigenvector of A and

let y be an eigenvector of AT corresponding to distinct eigenvalues. The Èx, yÍ = 0.

Proof. Let x have corresponding eigenvalue ⁄ and let y have corresponding eigenvalue
µ. We have

⁄Èx, yÍ = ÈAx, yÍ =
e
x, AT y

f
= µÈx, yÍ.

If ⁄ ”= µ, then Èx, yÍ = 0.

Let us now restate theorem 16.1 in our new language of eigenvectors and eigenvalues.
Theorem 16.1, in terms of eigenvectors and eigenvalues. Let G = (V, E)
be a directed graph and let R : RV

æ RV be the map corresponding to the linear
map corresponding to the random walk on G. Then R has an eigenvector x œ �V

with eigenvalue 1. If G is strongly connected, then x is the unique eigenvector (up to
scaling) with eigenvalue 1.

16.4 The Perron-Frobenius theorem

Definition 16.9. Let A : Rn
æ Rn be a linear map. A is positive if Èx, AyÍ > 0 for

all x, y œ Rn
Ø0

with x, y ”= 0.

The following theorem is called the Perron-Frobenius theorem.

Theorem 16.10. Let A : Rn
æ Rn be a linear map such that Ax > 0 (coordinatewise)

for all x ”= Rn
Ø0

with x ”= 0. Then A has an eigenvalue ⁄1 with eigenvector x1 with
the following properties.

1. ⁄1 > 0 and x1 > 0.

2. x1 is the unique (generalized) eigenvector of ⁄1.

3. x1 is also the unique nonnegative vector such that Ax1 Ø ⁄1x1 (up to scaling).

4. Any other eigenvalue µ has |µ| < x1.2

5. Any other eigenvector of A has at least one negative entry.
2We will only prove that |µ| Æ x1.
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Proof. Let

L = {⁄ > 0 where Ax Ø ⁄x for some x œ �n
}.

We will argue that the the supremum of L is the desired value ⁄1. To this end, we
first make the following claims about L.

1. L is nonempty, and contains a positive number.

2. L is bounded.

3. L is closed.

For claim 1, let x œ �n with x > 0. The Ax will have strictly positive coordinates
because the graph is strongly connected, and so there is some ⁄ > 0 such that
Ax > ⁄x.

For claim 2, we observe that for ⁄ œ L, with (say) Ax Ø ⁄x with x œ �n, we have

È1, A1Í
(a)
Ø È1, AxÍ

(b)
Ø È1, ⁄xÍ

(c)= ⁄.

(a) is because A is monotonic and 1 Ø x. (b) is by choice of x and ⁄. (c) is because
x œ �n.

For claim 3, let ⁄1, ⁄2, . . . be any sequence of points in L that converges to some
⁄̄. We want to show that ⁄̄ œ L. For each i, let xi œ �n with Axi Ø ⁄ixi. Since �n

converges, the xi’s converge to some x̄ œ �n. We have

Ax̄ = A
3

lim
næŒ

xi

4
(d)= lim

næŒ
Axi Ø lim

næŒ
⁄ixi = ⁄x̄.

(d) invokes continuity of A to pass through the limit.
We have now show that L is a closed and bounded set with at least one positive

number. Any nonempty closed and bounded set L has a finite supremum, ⁄1, which is
contained in L. By definition of L, there is also a vector x1 œ �n such that Ax1 Ø ⁄1x1.
We claim that Ax1 = ⁄1x1.

Let y Ø 0 be such that Ax1 = ⁄1(x1 + y). Then Ax1 = ⁄1x1 ≈∆ y = 0. Suppose
by contradiction that y ”= 0. Choose ‘ œ (0, 1) su�ciently small that

‘

1 ≠ ‘
Æ È1, yÍ.

Observe that

(1 ≠ ‘)x1 + ‘

È1, yÍ
œ �n.
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Moreover, we have

A

A

(1 ≠ ‘)x1 + ‘

È1, yÍ
y

B
(e)
> (1 ≠ ‘)Ax1

(f)= (1 ≠ ‘)⁄(x1 + y)
(g)
Ø ⁄

A

(1 ≠ ‘)x1 + ‘

È1, yÍ
y

B

.

Here (e) is because Ax > 0 for all x Ø 0 with x ”= 0. (f) is by choice of y. (g) is by
choice of ‘. The strict inequality obtained above implies that there is a larger value
than ⁄ in L, a contradiction. Thus we must have Ax1 = A⁄1 after all.

Note also that x1 is strictly positive, as x1 = ⁄≠1Ax1 > 0. More generally, any
eigenvector of A associated with a positive eigenvalue is strictly positive.

Next we claim that x1 is the unique (simple) eigenvector for ⁄1 (up to scaling).
Indeed, suppose Ay = ⁄1y for vector y. As mentioned above, we must have y > 0. If
y is not proportional to x, then let z = x ≠ –y where – > 0 is such that z Ø 0, z ”= 0,
and zi = 0 for some coordinate i. Then z would be an eigenvector of A that is not
strictly positive, a contradiction.

Now we claim that x1 is the unique generalized eigenvector for ⁄1, as well. If not,
then there would a vector y not spanned by x1 such that

(A ≠ ⁄1I)2y = 0.

Then (A ≠ ⁄1I)y is a simple eigenvector of A with eigenvalue ⁄1, so

Ay = ⁄1y + cx1 (16.2)

for some c ”= 0. By flipping the sign of y if necessary, we may assume that c > 0.
Increase y by a multiple of x1 if necessary, we may assume that y > 0. If y > 0 and
c > 0, then (2) that there is a value larger than ⁄1 in L, a contradiction. Thus x1 is
the unique generalized eigenvector for ⁄1.

Take any other eigenvalue µ of A, with eigenvector y. Scale y such that Then

|µ||y| = |µy| = |Ay| Æ A|y|,

where |y| denotes the coordinate-wise absolute value of y. Thus |µ| œ L, and therefore
|µ| Æ x1.

If |µ| = ⁄, then we would have |y| = x1 (after scaling) by uniqueness of x1. This,
combined with |Ay| = A|y|, implies (by known facts about complex numbers, which
we omit) that y = ei◊x1 for some fixed ◊. Thus y œ span(x1) and µ = x1.

For the last claim, observe that AT also satisfies the hypothesis. Indeed, if x, y Ø 0
and neither x nor y equals zero, then

e
AT x, y

f
= Èx, AyÍ > 0.
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Thus AT has (the same) dominant eigenvalue ⁄1, with a positive eigenvector y1 œ Rn
>0

.
Now, any eigenvector x of A corresponding to an eigenvalue other than x1 must be
orthogonal to y1. If y1 is has strictly positive coordinates and Èx, y1Í = 0, then x must
have at least one negative coordinate.

The above proof is essentially due to Bohnenblust; see [Bel97; Lax07].

16.5 Perron-Frobenius for strongly connected random walks

We now extend theorem 16.10 to random walks. In particular, we will show that there
is always a stationary distribution, and that this stationary distribution is unique if
the underlying graph is strongly connected.

Theorem 16.11. Let A : RV
æ RV be the linear map of a random walk on a strongly

connected graph.

1. There is an eigenvector x œ �n with eigenvalue 1 and x > 0.

2. x is the unique eigenvector with eigenvalue 1.

3. x is the only eigenvector of A with no negative entries.

4. Any other eigenvalue µ has |µ| Æ 1.

Proof. We first note that A has eigenvalue 1. Indeed, because A models a random
walk, we have

AT 1 = 1,

as can be verified directly. Thus 1 is an eigenvalue of AT and thereby an eigenvalue of
A as well. Now, let x be any eigenvector of A, rescaled so that È1, xÍ = 1. We claim
that x œ �n.

Consider the matrix B = 1

n

qn
i=0

Ai. We can interpret B as the random walk on
V induced by the following two steps:

1. Choose i œ {0, . . . , n ≠ 1} uniformly at random.

2. Take i steps of the random walk A.

Observe that any eigenvalue µ of A corresponds to an eigenvalue of B with value

1
n

n≠1ÿ

i=0

µi,
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with the same eigenvectors. In particular, 1 is an eigenvector of x with eigenvalue 1.
Because G is strongly connected, there is a path of at most n ≠ 1 edges from any

point a œ V to any point b œ V . Thus B models a random walk with strictly positive
transition probabilities for all pairs of vertices. In particular, B satisfies the positive
assumptions of theorem 16.10.

Let ⁄1 > 0 and x1 œ �n be the “dominant” eigenvector and eigenvalue. We claim
that ⁄1 = 1 and x1 = x. To this end, consider BT . BT has the same dominant
eigenvalue ⁄1, with a corresponding eigenvector that is also the only eigenvector with
no negative corodinates. We also know that 1 is an eigenvalue of BT with eigenvector
1. So ⁄1 = 1. Theorem 16.10 then implies that x is the unique eigenvector for
eigenvalue 1, and all the coordinates of x are strictly positive.

Let µ be any other eigenvalue of A. We claim that |µ| Æ 1. For ‘ Ø 0, let
A‘ = (1 ≠ ‘)A + ‘B. Let

µ‘ = µ + ‘

n

n≠1ÿ

i=1

µi.

µ‘ is an eigenvalue of A‘ for all ‘ Ø 0. Note that for all ‘ > 0, theorem 16.10 applies
to A‘ and in particular A‘ has dominant eigenvalue 1, and |µ‘| Æ 1. Moreover,
lim‘æ0 µ‘ = µ. Thus |µ| Æ 1.

Any eigenvector other than x is an non-dominant eigenvector of B, and thus has
negative coordinates.

16.6 Computing PageRank

The PageRank vector x satisfies the equation

x = (1 ≠ ‘)Rx + ‘

n
1,

where R = AD≠1 models the random walk on the directed graph, and where 1 œ RV

is the all-1’s vector. We can rewrite this as
33 1

1 ≠ ‘

4
I ≠ R

4
x = ‘

(1 ≠ ‘)n1.

Recall that the maximum eigenvalue of R is 1; in paricular, 1/(1 ≠ ‘) is not an
eigenvalue. Thus (1/(1 ≠ ‘)I ≠ R) is invertible. We have

x =
A

‘

(1 ≠ ‘)n

B3 1
1 ≠ ‘

I ≠ R
4≠1

1 = ‘

n
(I ≠ (1 ≠ ‘)R)≠11.
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We can write (I ≠ (1 ≠ ‘)R)≠1 as the infinite series

(I ≠ (1 ≠ ‘)R)≠1 = lim
kæŒ

kÿ

i=0

((1 ≠ ‘)R)i.

Thus

x = ‘

(1 ≠ ‘)n lim
kæŒ

kÿ

i=0

((1 ≠ ‘)R)i1.

The series on the RHS converges quickly for moderate ‘, so in practice one only has
to compute a few terms in the sum.

16.7 Exercises

Exercise 16.1. Let G = (V, E) be a directed graph, not necessarily strongly connected.
Recall that the strongly connected componentsm for a directed acyclic graph. A sink
component is a strongly connected component with no out going edges; i.e., a sink in
the DAG of strongly connected components. Suppose G has a unique sink component
S µ V . Show that the random walk on G has a unique stationary distribution x œ �V

and that xv > 0 i� v œ S.

Exercise 16.2. Let G = (V, E) be an simple3, unweighted, directed, and strongly
connected graph. We proved in theorem 16.1 that the random walk G has a unique
and strictly positive stationary distribution x œ �V . Prove that for all v œ V ,
xv Ø n≠(n+1).

3Simple means that there are no parallel edges.
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