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Abstract

This paper discusse® cien t techniquesfor computing PageRank,a ranking met-

ric for hypertext documerts. We show that PageRankcan be computed for very

large subgraphsof the web (up to hundreds of millions of nodes) on machines
with limited main memory. Running-time measuremeits on various memory
con gurations are preseried for PageRankcomputation over the 24-million-page
Stanford WebBasearchive. We discussseweral methods for analyzing the con-
vergenceof PageRankbasedon the induced ordering of the pages. We presen

convergenceresults helpful for determining the number of iterations necessary
to achieve a useful PageRank assignme, both in the absenceand presenceof

seard queries.

1 Intro duction

The dramatic growth of the world-wide web, now exceeding800 million pages[11],
is forcing modern web seart enginesto look beyond simply the content of pages
in providing relevant answersto queries. Recert work in utilizing the link structure

of the web for improving the quality of seard results is promising. In particular,

the Google seart engine usesPageRank, an iterativ e algorithm that determinesthe
\imp ortance” of a web page basedon the \imp ortance" of its parent pages[5]. A

related algorithm used by the IBM HITS system maintains a hub and an authority

scorefor ead page,in which the authority scorefor a pageis determined by the hub
scoresof its parents, and the hub scoreof a pageis determined by the authority scores
of its children [10].

Giventhat certralized seart enginesare having trouble simply indexing the ertire
web [7, 11], presering userswith seart-query results relevant to them is becoming
increasingly di cult.  The growth of the web will force a greater reliance on client-
side ltering and relevance analysis, and personalizel searding techniques become
essetial. Part of our researd in personalizinglink-based ranking algorithms involves
applying biasesduring the iterations to increasethe importance of certain categories
of pages[4]. For instance, we can in uence PageRankto weight pagesrelated to
computers more heavily than pagesrelated to cars. In this scenario,ead userwould
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be expectedto run PageRankbiasedwith their personalization pro le on their own
personalmacdines, with the necessarylink structure provided to them on inexpensive
media such as DVD-ROM. Reducingthe running times and memory requiremerts of
personalizedranking algorithms is essetial.

After reviewing the PageRankalgorithm [4, 5] in Section2, we discussthe various
aspects of its running time, and show that it can be computed e cien tly:

We describe an implementation, usingthe principle underlying the block nested-
loops-join strategy, that e cien tly controls the cost per iteration even in low
memory ervironments (Section 3)

We empirically show that single-precisionrank valuesare su cien t for the com-
putation (Section 4)

We investigate techniques for determining the number of iterations required
to yield a useful PageRankassignmen We presen corvergenceresults using
se\eral metrics that are usefulwhen the induced ordering on pages,rather than
the PageRankvalue itself, is considered. We investigate the convergenceof the
globally induced ordering, as well as the ordering induced over speci c seard
results (Section 5)

By showing that a useful ranking can be computed for large web subgraphsin as
little as an hour, with only modest main-memory requiremerts, the potential for
personalizationis made clear.

2 Review of PageRank

First let us review the motivation behind PageRank[5]. The essetial idea is that
if pageu has a link to pagev, then the author of u is implicitly conferring some
importance to pagev. How much importance doesu confer? Let N, be the outdegree
of pageu, and let Rank(p) represert the importance (i.e., PageRank)of pagep. Then
the link (u;v) confersRank(u)=N units of rank to v. This simple idea leadsto the
following xp oint computation that yields the rank vector Rank over all of the pages
on the web. If N is the number of pages,assignall pagesthe initial value 1=N. Let
By represen the set of pagespointing to v. In ead iteration, propagate the ranks as
follows:! X
8yRankj.1 (v) = Rank; (u)=N,

u2By
We cortinue the iterations until Rank stabilizesto within somethreshold. The nal
vector Rank contains the PageRankvector over the web. This vector is computed
only once after ead crawl of the web; the values can then be usedto in uence the
ranking of seardt results [2].

The processcan also be expressedas the following eigervector calculation, pro-
viding useful insight into PageRank. Let M be the square, stochastic matrix corre-
sponding to the directed graph G of the web, assumingall nodesin G have at least

!Note that for u 2 By, the edge(u;v) guaranteesN, 1



one outgoing edge. If there is a link from pagej to pagei, then let the matrix en-
try mj have the value 1=N;. Let all other ertries have the value 0. One iteration
of the previous xp oint computation correspondsto the matrix-v ector multiplication
M  Rank. Repeatedly multiplying Rank by M yields the dominant eigervector
Rank of the matrix M. BecauseM correspondsto the stochastic transition matrix
over the graph G, PageRankcan be viewed as the stationary probability distribution
over pagesinduced by a random walk on the web.

We can measurethe corvergenceof the iterations using the Residual vector.
BecauseM is stochastic (i.e., the entries in ead column sum to 1), the dominant
eigervalue of M is 1. Thus the PageRankvector Rank , the dominant eigervector
of M, has eigervalue 1, leading to the equality M Rank = Rank . We can use
the deviation from this equality for someother vector asan error estimate. For some
intermediate vector Rank;, let Residual; = M Rank; Rank;. Equivalertly, because
multiplication by M is an iteration step, we have Residual; = Rank;j,; Rankj. We
can treat jjResidual;jj asan indicator for how well Rank; approximates Rank . We
expect jjResidualijj to tend to zero after an adequatenumber of iterations.

We now addressseeral issuesregarding the computation. We previously made
the assumptionthat ead node in G has at least one outgoing edge. To enforcethis
assumption, we can iterativ ely remove nodesin G that have outdegree0. Alterna-
tively, we can conceptually add a complete set of outgoing edgesto any node with
outdegree0. Another caveat is that the corvergenceof PageRankis guaranteed only
if M is irreducible (i.e., G is strongly connected) and aperiodic [12]. The latter is
guaranteed in practice for the web, while the former is true if we add a dampening
factor to the rank propagation. We can de ne a new matrix M %in which we add
transition edgesof probability 1T° betweenevery pair of nodesin G:

MO= oM+ (1 O [l

This modi cation improvesthe quality of PageRankby introducing a deca factor
which limits the e ect of rank sinks [4], in addition to guaranteeing corvergenceto a
unique rank vector. For the above modi cation to M, an iteration of PageRankcan
be expressedas follows:?

M?® Rank=cM Rank+ (1 ¢ [Ni]N 1

We can bias PageRankto weight certain categoriesof pagesby replacing the uniform
vector [Nl]N 1 with the nonuniform N 1 personalizationvector p asdiscussedn [4].
In terms of the random-walk model of PageRank,the personalizationvector represens
the addition of a complete set of transition edgeswhere the probability of edge(u; v)
isgivenby (1 ¢ py. Although the matrix M °that results from the modi cations
discussedabove is not sparse,we never needto store it explicitly. We needonly the
ability to evaluate M° Rank e cien tly.

2This equality makesuse of the fact that jjRankjj; = 1



3 Ecien t Memory Usage

If we momerntarily ignorethe scaleof the web, the implementation of PageRankis very
simple. The sheerscaleof the web, however, requires much greater care in the use of
data structures. We will begin with a detailed discussionof a naive implementation,
during which we will clarify the sizeof the datasets. The naive algorithm is useful for
gaining a clear understanding of matrix-v ector multiplication in the speci c cortext
of PageRank. We will then present an e cien t version of the algorithm, reminiscert
of the block nested-lmps-join algorithm, that substartially lowersthe main memory
requiremerts. Similar strategiesfor fast in-memory matrix-v ector multiplies are com-
monly usedin the sciertic computing community for improving cading behavior
[9, 14]. As we are dealing with massive web repositoriesin which the data structures
are measuredin gigabytes and are stored on disk, we will take a more i/o-centric
approad in presering the algorithm and its cost analysis. Empirical timing results
for both the naive and block-basedapproacesare preseried.

3.1 The Naiv e Technique

The Stanford WebBase,our local repository of the web, currently cortains roughly
25 million pages. There are over 81 million urls in the link graph, including urls
that were not themsehes crawled, but exist in the bodies of crawled pages. For
our experimens, we rst used a preprocessingstep that removed dangling pages,
meaning pageswith no children. Starting with the 81-million-node graph, all nodes
with outdegreeO were removed. The step was repeated once more on the resulting
graph, yielding a subgraph with closeto 19 million nodes. This processwas needed
sincethe original graph is a truncated snapshotof the web with many dangling nodes.
Nodes with no outgoing links pointing bad to the crawled subgraph can adversely
aect the PageRank assignmem, as mertioned in Section 2. The node id's were
assignedconsecutiely from 0 to 18,922,290.The link structure for the nal graph,
referred to as Link s, is stored on disk in a binary format, illustrated textually in
Figure 1. The source-idand ead of the destination-id's are stored as 32-bit integers.

Source Node Out Degree Destination Nodes
(32-bit id) (16-bit integer) (series of 32-bit id’s)

0 4 12, 26, 58, 94
1 3 15, 56, 81
2 5 9,10, 38, 45,78

Figure 1: The Link Structure

The outdegreeis stored as a 16-bit integer. The size of the link structure, after the
preprocessingsteps mentioned above, is 1.01 GB, and is assumedto exceedthe size
of main memory.

The setup for the naive PageRankimplementation is as follows. We create two
arrays of oating point valuesrepresering the rank vectors, called Source and D est,
as conceptually shavn in the matrix-v ector multiplication given in Figure 2. Each
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Dest Links matrix (sparse) Source
Figure 2: The Rank Vectors

vector has N ertries, where N is the number of nodes in our web graph. In our
experiment, N was 18,922,290. The rank values for iteration i are held in Source

and the rank valuesfor iteration i + 1 are constructedin Dest. Using single-precision
values, these arrays for our particular graph have a conmbined size of over 150 MB.

The iteration stepscan be expressedas follows (where c is the dampening factor):

8sSourcds] = 1N
while(residual > ) f
8qDestd]= 0
while(not Link s.eof()) f
Link s.read(source, n, dest;; dest;:::; dest,)
forj =1:::n
Dest[destj ] = Dest[destj] + Sourcegsourcel=n
g
8y4Dest[d] = ¢ Dest[d] + % /* dampening or personalization*/
residual = jjSource Destjj /* recompute only every few iterations */
Source= Dest
g
We make successie passesover Link s, using the current rank values,held in Source,
to compute the next rank values, held in Dest. We can stop when the norm of the
di erence between Source and D est readies some threshold, or alternatively after
a predhosennumber of iterations. Assuming main memory is large enoughto hold
Sourceand Dest, the i/o costfor ead iteration of the above implemenrtation is given
by:
C = jLink sj
If main memory is large enoughto hold only the D est array, and we assumethat the
link structure is sorted on the source eld, the i/o costis given by:

C = jSourcg + jDestj + jLink sj

Sourceneedsto be sequetially read from disk during the rank propagation step, and
Dest needsto be written to disk to serwe as the Source vector for the subsequen
iteration.

Although many macdiines may have enough main memory to hold these arrays,
a larger crawl with 50 to 100 million pagesclearly will result in rank vectors that
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exceedthe main memory of most computers. Consideringthat the publicly indexable
web now contains roughly 800 million pages[11], the naive approad is infeasible
for large subgraphsof the web. As mentioned above, if the link structure is sorted
on the source eld, the accesse®n Source will be sequetial, and will not posea
problem. Howewer, the random accesspattern on the Dest array leadsthe working
set of this implementation to equal the size of the Dest array. If the main memory
cannot accommalate the D est array, the running time will increasedramatically and
the above cost analysis becomesinvalid.

3.2 The Blo ck-Based Strategy

There is a similarity between an iteration of PageRank and the relational join op-
erator. Let the children of node source in the structure Link s be represerted by
CHILD REN (source;Link s). If we considerthe two rank arrays Source and D est
asrelations, an iteration of PageRankis performing a join in which ead entry source
of Source joins with eat entry dest of Dest if dest2 CHILD REN (source;Link s).
Instead of adjoining elds of two tuples, however, we are adding in the (scaled)value
of the Source entry to the Dest entry.

Although the analogy is not exact, the core technique usedby the block-oriented
join strategy can beusedto cortrol the working setof the PageRankalgorithm aswell.
We will partition the Dest array, the causeof the large working set, into  blocks eac
of sizeD pages,asillustrated in Figure 3. If P represens the size of main memory

source node

0 -

Il
dest node

Dest Links matrix (sparse) Source
Figure 3: Blocked Multiplication

in physical memory pages,then we require D P 2, since we must leave input
bu ers for reading in Source and Link s. The links le Link s must be rearranged
to re ect this setup. We partition Link s into  links les Link sg;:::;Links 1,
such that the destinations eld in Link s; contains only those nodes dest such that
i dest< (i + 1). In other words, the outgoing links of a node are bucketed
according to the range that the identier of the destination page falls into. The
partitioning of the links of Figure 1 for the caseof three blocks is shawvn in Figure 4.

This partitioning scheme obeysthe equality:

_ [ ,
CHILD REN (source;Link s) = CHILD REN (source;Link s;)



Source Node Out Degree Num Out Destination Nodes Source Node Out Degree Num Out Destination Nodes
(32-bitid) (16-bit integer) (16-bit integer) (series of 32-bit id’s) (32-bitid) (16-bit integer) (16-bit integer) (series of 32-bit id’s)

0 4 2 12,26 0 4 1 58
1 3 1 15 1 2 1 56
2 5 2 9,10 2 5 2 38,45
Links Bucket 1 (0 <= dest < 32) Links Bucket 2 (32 <=dest < 64)
Source Node ~ Out Degree Num Out
(32-bitid)  (16-bit integer) (16-bit integer)

0 4 1 94

1 2 1 81

2 5 1 78

Links Bucket 3 (64 <= dest < 96)

Figure 4. Partitioned Link File

Note that P jLink sjj > jLink sj becauseof the extra overhead causedby the redun-
dant storage of the sourcenode and outdegreeertries in ead of the partitions. The
block-oriented algorithm proceedsas follows:
8sSourcds] = 1N
while(residual > ) f
fori=0::: 1f
8y4Desti[d]= 0
while(not Link sj.eof()) f
Link sj.read(source n, k, desty; dest; :::; desty)
forj=1...k
Destj[destj] = Destj[dest; ]+ Sourcesourcel=n
g
8y4Desti[d] = ¢ Dest[d] + 1T° [* dampening or personalization*/
Write Destj to disk

g
residual = jjSource Destj /* recompute only every few iterations */

Source= Dest
g

BecauselLink s; is sorted on the source eld, ead passthrough Link s; requires
only one sequetiial passthrough Source The working set of this algorithm is ex-
Bctly P by design, so no swapping occurs. Dene to be sudc that the equality
ijLink sjj = jLink sj (1+ ) is satised. The cost of this approad is then given
by:
C= jSourcg + jDestj + jLinksj (1+ )

In practice, isreasonablysmall, asshown in Figure 7. The other costintroducedby
the partitioning sdhemeis the needto make passegver the Sourcearray. However,
sincein practice we havejLink sj > 5 jSourcg, this additional overheadis reasonable.
Note that computing the residual during every iteration would require an additional



passover Source, which is not included in the above cost analysis. We can largely
avoid this cost by computing the residual only at xed intervals.

If we had stored the links in transposeformat, in which ead entry contained a
node and a list of parent nodes,then the above algorithm would remain essetially the
same,exceptthat we would break the Source array into  blocks, and make multiple
passever the D est array. We would successiely load in blocks of Source, and fully
distribute its rank according to Link s| to all destinations in Dest. Howewer, note
that ead \pass" over the Dest array requiresreading in the valuesfrom disk, adding
in the current Source block's cortributions, and then writing out the updated values
to disk. Thususing Link s rather than Link s incurs an additional i/o costof jD estj,
since D est is both read and written on ead pass.

In order to take advantage of sequetial read transfer benets, we can load in
more than one page of Source and Link s; at a time as we stream them in. This
bu ering reducesthe e ectiv e time required per passof Source and Link s, at the
expenseof increasing . The best strategy for allocating memory betweenthe three
data structures is dependert on the madchine and disk architecture, although any
reasonableallocation will allow the PageRank algorithm to be used e ciently in
caseswhere the Rank vectors exceedmain memory.

3.3 Timing Results

For our experimens, we used a 450MHz Pentium-1 11 machine with a 7200-RPM
Western Digital Caviar AC418000hard disk. We measuredthe running times of
PageRank over roughly 19 million pagesusing three di erent partitionings of the
Dest array: 1-block (i.e., naive), 2-blocks, and 4-blocks. The expected memory usage
is given in Figure 5. We tested the three partitioning strategies on three di erent
memory con gurations: 256 MB, 64 MB, and 32 MB.

The time required per iteration of PageRankis given for eat of the three parti-
tionings under ead of the three memory con gurations in Figure 6. As expected, the
most e cien t strategy is to partition the Dest array (and the corresponding Link s
structure) into enoughblocks sothat a single D est block can t in physical memory.
Using too many blocks slightly degradesperformance,as both the number of passes
over Source and the sizeof Link s increase. Figure 7 shaws the total size of the link
structure for the three partitionings, aswell asthe asseiated , asdiscussedin Sec-
tion 3.2. Using too few blocks, howewer, degradesperformanceby seeral orders of
magnitude. For the casesin Figure 6 where the block size exceedsphysical memory,
we had to estimate the full iteration time from a partially completediteration, asthe
running times were unreasonablyhigh.

The blocking strategy commonly used for other algorithms, including the rela-
tional join operator, is very e ectiv e in cortrolling the memory requiremerts of Page-
Rank. The block-basedPageRankis not an approximation of normal PageRank: the
samematrix-v ector multiplication M ° Sourceis performedwhether or not D est and
Link s are partitioned. The resultant PageRankvector is identical regardlessof the
number of blocks used. As the Stanford WebBaseincreasesn sizeto seeral hundreds



Minutes per iteration

(Log Scale)

100000

Number of Blocks

Expected Working Set

1 72 MB
2 36 MB
4 18 MB
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of millions of pages,the block-oriented technique will be essetial in computing Page-
Rank, even on macdiineswith fairly large amourts of main memory. Furthermore, the
block-oriented technique will be necessaryfor allowing individual usersto compute
their own personalizedPageRank.

4  Accuracy

When computing PageRank, we can use either single-precisionor double-precision
valuesfor the Source and D est arrays. Using double-precisionfor Source and D est,
howewer, would adversely a ect the running time by doubling the sizesof the two
vectors. Here we shaw that single-precisionSource and D est vectors are su cien t.
Double-precisionvaluesshould be usedfor any individual variables, such asthe cur-
rent residual or the current total rank. These individual variables of course have
negligible impact on the memory footprint.

The use of single-precisionRank vectors does not lead to signi cant numerical
error. We computed PageRankfor 100 iterations using single-precisionSource and
Dest vectors. We converted the nal computed PageRankvector to the equivalent
double-precision vector, and performed a double-precisioniteration step to get an
accurate value for the residual: 2.575 10 “. We then recomputed PageRankfor 100
iterations using exclusively double-precisionvectors, but found that the residual of
the nal vector had not noticeably improved: 2:571 10 4.

5 Convergence Analysis

Although PageRankis guararnteed to corvergegiven the conditions mertioned in Sec-
tion 2, there are seweral measureswe can useto analyzethe corvergencerate. The

residual, which is the norm of the di erence of the PageRankvectorsfrom two succes-
sive iterations as discussedin Section 2, is one possiblemeasureof the convergence.
A more usefulapproad to analyzing the convergenceinvolveslooking at the ordering

of pagesinduced by the Rank vector. If the PageRankvalueswill be usedstrictly for

determining the relative importance of pages,the corvergenceshould be measured
based on how the ordering changesas the number of iterations increases. In this

section, we will discussvarious techniques for analyzing the cornvergenceof induced
orderings. Depending on the nal application of the rankings, we can concerrate

on the ordering induced over all pagesor on the ordering induced over results to

speci ¢ queries. We will rst discussglobal orderings, and then look at query speci ¢

orderings.

5.1 Global Ordering

The global ordering induced by PageRank provides an insightful view into the con-
vergencerate. We analyze the corvergenceof the induced ordering in two ways: a
histogram of the di erence in positions of pageswithin two orderings, and a similarity
measurebetweentwo ordered listings.

When analyzing the changein page ordering while varying the number of itera-
tions, we are more concernedwith instability amongthe top ranked pages;whether
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Figure 8: Histograms of Position Di erence

or not we deem that a particular page is the least important or the secondleast
important is usually irrelevant.

Figure 8 shaws histograms, with a bucket sizeof 100, of position di erences for the
orderingsinduced by various numbers of iterations, when comparedwith the ordering
induced by 100 iterations. We considereda page if and only if at least one of the
orderings placed it among the top 1 million, to account for our intuition that the
ordering among highly ranked pagesis more signi cant. For the ordering induced
by 50 iterations, we seethat the bulk of pagesoccur at similar positions as in the
ordering induced by 100 iterations.

We now turn to the similarity measure.In many scenarios,we are only concerned
with identifying the top pages{ we may not necessarilyneedan exact ordering among
them. For instance, if we only have the resourcesto index (or otherwise process)a
small subset of the web, we might chooseto concertrate on the (unordered) set of
the most highly ranked pages. We de ne the similarity of two setsof pagesA and B
to be m E}. To visualize how closely two ordered rankings agreeon identifying the
top pages,we successiely compute the similarity amongthe top n pagesaccording
to ead ordering, asn is increasedin stepped incremerts. Figure 9 is a graph of the
similarity of orderings as n is increased, in steps of 100, to 1 million pages. Here
we seethat the ordering induced by only 25 iterations agreesvery closely with the
ordering induced by 100iterations on what the top pagesare.

5.2 Query Specic Ordering

PageRankis currently usedpredominartly for the ranking of seard results. Although
analyzing the global ordering is usefulin certain applications, we show herethat much
of the instability in the ordering acrossiterations tendsto a ect the relative rankings
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only of unrelated pages. Just as we are often more concernedwith instability among
highly ranked pages,we are also often more concernedwith instability among pages
that are likely to co-occur in the results of a seart query.

As before, PageRankis computed only once, yielding a global ordering over web
pages.When investigating query-speci ¢ ordering, however, we take a subsetof these
pages, corresponding to the results of a conjunctive seart query, and analyze the
relative ordering of pageswithin this result set. Here we analyzethe corvergencefor
the induced orderingsof the results of two typical seart queries. For the gamesquery,
we retrieved the urls of all pagesin the WebBasethat corntained the words “action’,
“adventure', ‘game’, ‘role’, and ‘playing'. For the music query, we retrieved the urls
of all pagesthat cortained the words “music' and “literature'. Out of the roughly 20
million pagesusedfor the query, 1,567 urls satis ed the gamesquery, and 19,341urls
satis ed the music query. We can seein Figures 10 and 11 that the orderingsinduced
by only 10 iterations agreefairly well with the orderingsinduced by 100 iterations.
The PageRankprocessseemsto corvergevery quickly when viewed in the corntext of
query results.

The residualvector M ® Rank; Rank;, while appealingin a mathematical sense,
is only a myopic view of the convergencerate. Looking at the induced ordering pro-
vides a more practical view of the corvergencebehavior. The techniqueswe discussed
are applicable in a broader context aswell { we have usedthem to measurethe dif-
ferencein orderings induced by various personalizationsof PageRank, in which the
number of iterations remains constart.

6 Future Work

Personalization of web-basednformation retrieval will becomean increasingly impor-
tant area of researt as the amourt of available data on the web cortinuesto grow.
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We have shown that PageRank can be computed e cien tly on modestly equipped
madines, suggestingthat individual userscan compute their own personalizel Page-
Rank vectors. We will be investigating the most e ective meansof constructing the
personalization vector, asdiscussedin Section 2, sothat the resultant ranking vector
best captures the user's notion of the importance of a page. We ervision utilizing a
user's browsing history and bookmark collection to build the personalization vector.

In Section 5.2 we empirically shaved that an accurate PageRank vector can be
computed in as few as 10 iterations, if accuracyis measuredin the corntext of the
induced ordering of results to conjunctive seart queries. This corvergenceresult
suggestsfurther experiments to determine to what extent the exact nature of the
guery a ects how many iterations are neededbeforethe induced ordering of the query
result stabilizes. Using the methods discussedin this paper for analyzing the e ect
on induced ordering, we will further explore techniques for speedingup PageRank
computation while minimizing the lossof accuracy

7 Conclusion

Algorithms harnessingthe link structure of the web are becomingincreasingly useful
astools to presen relevant results to seard queries. Although the PageRankalgo-
rithm is basedon a simple idea, scaling its implementation to operate on large sub-
graphs of the web requires careful arrangemen of the data. We have demonstrated
that PageRank can be run on modestly equipped macines. We have determined
that single-precisionRank vectors are su cien t for accurate computation. We have
preseried seweral ways of analyzing the convergenceof the algorithm, basedon the or-

dering induced on web pagesby the Rank vector. By looking at the ordering induced
on speci ¢ query results, we have shown that even asfew as 10 iterations can provide

a usefulranking assignmen. Giventhe timing results of Section 3.3, this corvergence
rate implies that we can compute a useful PageRankvector on a modestly equipped
madhine in roughly an hour, demonstrating the feasibility of client-side computation

of personalizedPageRank.
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