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Internettet

� Meget stor mængde ustruktureret information.

� Hvordan �nder man relevant info? Søgemaskiner!

94: Lycos,. . .
96: Alta Vista: mange sider.
99: Google: mange sider og god ranking.
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Søgemaskinernes Barndom

M. Henzinger Web Information Retrieval 4

pr i ncess di ana
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high quality

[Fra: Henzinger, 2000]
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: : : og Søgemaskiner i 2004
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Moderne Søgemaskiner

Imponerende performance. F.eks. Google:

� Søger i 8 � 109 sider.

� Svartider � 0,1 sekund.

� 1000 brugere i sekundet.

� Finder relevante sider.
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Internetsøgning er i USA (maj 2004)

[Fra: www.searchenginewatch.com]
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Søgeleverandører i USA (maj 2004)

[Fra: www.searchenginewatch.com]

Maj 2004: MSN brugte Yahoo, AOL brugte Google, : : :
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� Startet i 1995 som forskningsprojekt ved
Stanford University af ph.d. studerende
Larr y Page og Sergey Brin

� Privat �r ma grundlagt 1998

� 2.300 medarbejdere

� Ansvarlig for ca. halvdelen af alle internet-søgninger

� Hovedsæde i Silicon Valley

google � googol = 10100
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Søgemaskine
� Hurtig
� Relevante links
� Opdateret
� Cache
� GoogleScout (lignende sider)
� Automatisk stavekontrol
� Interface til WAP og PDA
� Produktsøgninger (froogle)
� Billed søgning
� Aktiekurser, kort, ordbøger,

nyheder, telefonbøger ...
� Stemmestyret teknologi

AdWords
� tekstbaseret reklame
� query afhængig

Licenser
� AOL/Netscape, Red Hat,

Virgin Group, YAHOO,
The Washington Post ...

Web API
Hardware + Software
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� +8.000.000.000 web sider (+20 TB)

� PageRank: +3.000.000.000 sider og +20.000.000.000 links

� +35.000.000 ikke HTML sider

� +845.000.000 USENET beskeder (20 år)

� +880.000.000 billeder

� +2 Terabyte index, opdateres en gang om måneden

� +2.000.000 termer i indeks

� +150.000.000 søgninger om dagen (2000 i sekundet)

� +200 �ltyper : HTML, Microsoft Of�ce , PDF, PostScript,
WordPerfect, Lotus ...

� +28 sprog
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� Cluster af +10.000 Intel servere med Linux
– Single-processor
– 256 MB–1 GB RAM
– 2 IDE diske med 20-40 Gb

� Fejl-tolerance: Redundans

� Hastighed: Load-balancing
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Information Retrie val

Generelt:

� Lav indeks over data.

� Søg i indekset:
– Find alle relevante dokumenter.
– Rank (orden) dokumenterne efter relevans, vis mest

relevante først.

Klassisk Information Retrieval (IR):

� Metoder til homogene samlinger af tekst dokumenter.
Moderat antal dokument.

� Eksempler: Biblioteker, nyhedsarkiver, videnskabelige
dokumentsamlinger.
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IR på Internettet

Vanskeligheder:

� Dokumenter er ikke lokale.

� Dokumenter er meget forskellige.

� Dokumentsamling ikke statisk (dokumenter ændrer sig,
tilføjes, forsvinder).

� Meget stort antal dokumenter (milliarder af dokumenter,
samlet størrelse måles i Terabytes).
– Pladsforbrug og svartider kritiske. Distribution og

parallelisme er nødvendigt.
– Mange (f.eks. 100.000) relevante dokumenter for

mange søgninger. God ranking er essentiel.

Fordele:

� Ekstra struktur: links.
18



IR på Internettet

Yderligere udfordringer:

� Mange næsten ens dokumenter (30%)

� Bruger meget forskellige, men utålmodige.
Avancerede søgemuligheder bruges ikke.

� Indexering af og søgning efter ikke-tekstuelle dokumenter.
– Multimedie.
– Databaser.
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Internetgraf en

knuder = sider (URL'er)
orienterede kanter = links

!
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En søgemaskines dele

Indsamling af data:

� Webcrawling (gennemløb af internetgrafen).

Indeksering data:

� Parsning af dokumenter.

� Lexicon: indeks (ordbog) over alle ord mødt.

� Inverted �le: for alle ord i lexicon, angiv i hvilke dokumenter
de �ndes .

Søgning i data:

� Find alle dokumenter med søgeordene.

� Rank dokumenterne.
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Opbygning af en Søgemaskine

them agreethat over a billion pagesare available. Given that the averagesizeof a Web pageis around

5{10K bytes, just the textu al data amounts to at least tens of terabytes. The growth rate of the Web

is even more dramatic. According to [41, 42], the size of the Web has doubled in less than two years,

and this growth rate is projected to cont inue for the next two years.

Aside from thesenewly created pages, the existing pages are cont inuously updated [52, 58, 24, 17].

For example, in our own study of over half a million pagesover 4 months [17], we found that about 23%

of pages changed daily. In the .com domain 40% of the pageschanged daily, and the half-life of pages

is about 10 days (in 10 days half of the pagesare gone, i.e., their URLs are no longer valid ). In [17], we

also report that a Poisson process is a good model for Web page changes. Later in Section 2, we will

show how some of theseresults can be used to improve search engine quality.

In addition to size and rapid change, the interlinked nature of the Web sets it apart from many

other collections. Several studies aim to understand how the Web's linkage is structured and how that

st ructure can be modeled [11, 5, 2, 36, 17]. One recent study, for example, suggests that the link

structure of the Web is somewhat like a \b ow-tie" [11]. That is, about 28% of the pagesconst itu te a

strongly connected core (th e center of the bow tie). About 22% form one of the tie's loops: these are

pagesthat can be reached from the core but not vice versa. The other loop consists of 22%of the pages

that can reach the core, but cannot be reached from it. (The remaining nodes can neith er reach the

core nor can be reached from the core.)

Figure 1: General search engine architecture

Before we describe search engine techniques, it is useful to understand how a Web search engine is

2
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Crawling

Webcrawling = Grafgennemløb

S = {startside}
repeat

fjern en side s fra S
parse s og �nd alle links (s;v)
foreac h (s;v)

if v ikke besøgt før
indsæt v i S
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Designo vervejelser

S = {startside}
repeat

fjern en side s fra S
parse s og �nd alle links (s;v)
foreac h (s;v)

if v ikke besøgt før
indsæt v i S

� Startpunkt (initial S).

� Crawl-strategi (valg af s).

� Mærkning af besøgte sider.

� Robusthed.

� Ressourceforbrug (egne og andres ressourcer).

� Opdatering. Kontinuert vs. periodisk crawling.

Output: DB med besøgte dokumenter.
DB med links i disse (kanterne i Internetgrafen)
DB med DokumentID–URL mapning
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Crawl-strategier

� Breath First Search

� Depth First Search

� Random

� Priority Search

Mulige prioriteter:

� Sider som opdateres ofte (kræver metode til at estimatere
opdateringsfrekvens).

� Efter vigtighed (kræver metode til at estimere vigtighed,
f.eks. PageRank).
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BFS virker godt
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Figure 1: Av erage PageRank score by day of cra wl

CS2 is designed to give high-performance accesswhen run
on a machine with enough RAM to store the database in
memory. On the 667 MHz Compaq AlphaServer ES40 with
16 GB of RAM used in our experiments, it takes 70-80 ms
to convert a URL into an internal id or vice versa, and 0.1
ms/link to retrieve each incoming or outgoing link as an in-
ternal id. The database for our crawl of 328 million pages
contained 351 million URLs and 6.1 billion links. Therefore,
one iteration of PageRank ran in about 15 minutes.

4. AVERAGE PAGE QUALITY OVER A
LONG CRAWL

In this section, we report on our experiments. We imple-
mented PageRank and its variants over the CS2 interface,
and ran each algorithm for 100 iterations on the 6.1 billion
link database. (In all our experiments, the PageRank com-
putation converged within less than 100 iterations.)

Although the PageRankscoresare conventionally normal-
ized to sum to 1 (making it easier to think of them as a
probabilit y distribution), we normalized them to sum to the
number of nodes in the graph (351 million). This way, the
averagepage has a PageRank of 1, independent of the num-
ber of pages.

Figure 1 shows the averagePageRank of all pagesdown-
loaded on each day of the crawl. The averagescorefor pages
crawled on the �rst day is 7.04, more than three times the av-
eragescoreof 2.07 for pagescrawled on the secondday. The
average score tapers from there down to 1.08 after the �rst
week, 0.84 after the secondweek, and 0.59 after the fourth
week. Clearly, we downloaded more high qualit y pages,i.e.,
pages with high PageRank, early in the crawl than later
on. We then decided to examine speci�cally when we had
crawled the highest ranked pages.

We examined the pages with the top N PageRanks, for
increasing valuesof N from 1 to 328 million (all of the pages
downloaded). Figure 2 graphs the averageday on which we
crawled the pageswith the highest N scores. Note that the
horizontal axis shows the values of N on a log scale.

All of the top 10 and 91 of the top 100 pageswere crawled
on the �rst day. There are some anomalies in the graph
between N equals 100 and 300, where the averageday 
uc-
tuates between 2 and 3 (the second and third days of the
crawl). These anomalies are causedby 24 pagesin the top
300 (8%) that were downloaded after the �rst week. Most of
those pageshad a lot of local links (links from pageson the
samehost), but not many remote links. In other words, the
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Figure 2: Av erage day on whic h the top N pages
were cra wled

pageson the samehost \endorse" each other, but few other
hosts endorse them. We address this phenomenon later in
the last experiment, shown in Figure 4. After N equals400,
the curve steadily increasesto day 24.5, the mean download
day of the entire crawl.

Our next experiment checks that pages with high Page-
Rank are not ranked high only becausethey were crawled
early. For example, a page whose outgoing links all point
to pageswith links back to it might have an arti�cially high
PageRank if all of its outgoing links have beencrawled, but
not too many other pages. For this experiment we ran the
PageRank algorithm on the graph induced by only the �rst
28 days of the crawl. This graph contains 217 million URLs
and 3.8 billion links between them. We then compared the
top ranked pagesbetweenthe two data sets. We found that
of the top 1 million scoring pages, 96% were downloaded
during the �rst 4 weeks, and 76% of them were ranked in
the top 1 million pages in the 28 day data set. That is, it
was clear that those pageswere important even before the
crawl had �nished.

Figure 3 generalizesthese statistics: for each value of N ,
we plot the percentage of overlap betweenthe top N scoring
pagesin the 28 day crawl versusthe 58 day crawl. Although
the top few pagesare di�eren t, by the top 20 ranked pages
there is an 80% overlap. The overlap contin ues in the 60-
80% range through the extent of the entire 28 day data
set. This �gure suggeststhat breadth-�rst search crawling
is fairly immune to the type of self-endorsement described
above: although the size of the graph induced by the full
crawl is about 60% larger than the graph induced by the 28
day crawl, the longer crawl replaced only about 25% of the
\hot" pagesdiscovered during the �rst 28 days, irrespective
of the size of the \hot" set.

Some connectivit y-based metrics, such as Klein berg's al-
gorithm [8], consideronly remote links, that is, links between
pageson di�eren t hosts. We noticed that someanomalies in
Figure 2 were due to a lot of local links, and decided to ex-
periment with a variant of the PageRankalgorithm that only
propagates weights along remote links. This modi�cation of
PageRank counts only links from di�eren t hosts as proper
endorsements of a page; links from the samehost are viewed
as improp er self-endorsement and therefore not counted.

Figure 4 shows our results: the average PageRank for
pagesdownloaded on the �rst day is even higher than when
all links are considered. The averagePageRank for the �rst
day is 12.1, while it's 1.8 on the secondday and 1.0 on the

[Fra: Najork and Wiener, 2001]

Fra et crawl af 328 millioner sider.
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PageRank prioritet er endn u bedre
(men mere beregningstung. . . )

Stanford do not count in page importance computations. Note that since the pageswere downloaded

by our crawler, they are all reachable from the Stanford homepage.

Under this assumption, we experimentally measured the performance of various ordering metrics

for the importance metric IB (P), and we show the result in Figure 2. In th is graph, we assumed the

Crawl & Stop model with Threshold, with threshold value G = 100. That is, pageswith more than

100backlinks were considered \h ot," and we measured how many hot pageswere downloaded when the

crawler had visited x% of the Stanford pages. Under this de�ni t ion, the total number of hot pages was

1,400, which was about 0:8% of all Stanford pages. The horizontal axis represents the percentage of

pagesdownloaded from the Stanford domain, and the vert ical axis shows the percentage of hot pages

downloaded.

In the experiment, the crawler started at the Stanford homepage(http://www.stanford.edu ) and,

in three di�er ent experimental conditions, selected the next page visit eith er by the ordering metric

IR 0(P) (PageRank), by IB 0(P) (backlink), or by following links breadth-�rst (breadth). The straight

line in the graph shows the expected performance of a random crawler.

0%

20%

40%

60%

80%

100%

0% 20% 40% 60% 80% 100%

PageRank
backlink
breadth

random

Ordering metric:

Pages crawled

Hot pages crawled

Figure 2: The performance of various ordering metrics for IB (P); G = 100

From the graph, we can clearly see that an appropriate ordering metric can signi� cantly improve

the performance of the crawler. For example, when the crawler used IB 0(P) (backlink) as its ordering

metric, the crawler downloaded more than 50% of hot pages, when it visited less than 20% of the ent ire

Web. Thi s is a signi�c ant improvement compared to a random crawler or a breadth �rst crawler, which

downloaded less than 30% of hot pagesat the same point. One interestin g result of th is experiment

is that the PageRank ordering metric, IR 0(R), shows better performance than the backlink ordering

metric IB 0(R), even when the importance metric is IB (R). Thi s is becauseof the inheri tance propert y

of the PageRank metric, which can help avoid downloading \ locally popular" pagesbefore \glob ally

popular," but \ locally unpopular" pages. In addit ional experiments [20] (not described here) we study

9

[Fra: Arasu et al., 2001]

Fra et crawl af 225.000 sider på Stanford University.
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Robusthed

� Normalisering af URLer.

� Parsning af malformet HTML.

� Mange �ltyper .

� Forkert content-type fra server.

� Forkert HTTP response code fra server.

� Enorme �ler .

� Uendelige URL-løkker (crawler traps).

...

Vær konservativ – opgiv at �nde alt.
Crawling tager måneder – brug checkpoints.
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Ressour ceforbrug

Egne ressourcer

� Båndbredde (global request rate)

� Lagerplads (brug kompakte representationer)

� Distribuér på �ere maskiner (opdel f.eks. rummet af ULR'er)

Andres ressourcer (politeness)

� B�ndbred de (lokal request rate). Tommel�ngerregel: 30
sekunder mellem request til samme site.

� Robots Exclusion Protocol (www.robotstxt.org ).

� Giv kontakt info i HTTP-request.
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Erfaring er ang. effektivitet

� Brug caching (DNS opslag, �

�

�

�

���

�

��� � �les , senest mødte
URL'er).

� Flaskehals er ofte I/O under tilgang til datastrukturerne

� CPU cycler er ikke �ask ehals (Java og scripting languages
er OK).

� En tunet crawler (på een eller få maskiner) kan crawle

200-400 sider/sek � 35 mio sider/dag.
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Statistik

200 � OK (81.36%)
404 � Not Found (5.94%)
302 � Moved temporarily (3.04%)
Excluded by robots.txt (3.92%)
TCP error (3.12%)
DNS error (1.02%)
Other (1.59%)

Figure6: Outcomeof downloadattempts

over thecourseof 17 days.2 Figure5ashows thenumberof URLs processedper
dayof thecrawl; Figure5b shows thebandwidthconsumptionover thelife of the
crawl. Theperiodicdownspikesarecausedby thecrawler checkpointingits state
onceaday. Thecrawl wasnetwork-limitedoverits entirelife; CPUloadwasbelow
50%,anddisk activity waslow aswell.

As any web userknows, not all download attemptsare successful.During
our crawl, we collectedstatisticsaboutthe outcomeof eachdownload attempt.
Figure6 shows theoutcomepercentages.Of the891million processedURLs,35
million wereexcludedfrom downloadby robots.txt�les, and9 million referredto
anonexistentwebserver; in otherwords,thecrawler performed847million HTTP
requests.725million of theserequestsreturnedanHTTP statuscodeof 200(i.e.,
weresuccessful),94 million returnedanHTTP statuscodeotherthan200,and28
million encounteredaTCPfailure.

Therearemany differenttypesof contentontheinternet,suchasHTML pages,
GIF andJPEGimages,MP3 audio�les, andPDFdocuments.The MIME (Mul-
tipurposeInternetMail Extensions)standardde�nes a namingschemefor these
contenttypes[8]. We have collectedstatisticsaboutthe distribution of content
typesof the successfullydownloadeddocuments.Overall, our crawl discovered
3,173differentcontenttypes(many of which aremisspellingsof commoncontent
types). Figure7 shows the percentagesof the the mostcommontypes. HTML

2As a point of comparison,the currentGoogleindex containsabout700 million fully-indexed
pages(the index sizeclaimedon theGooglehomepage– 1.35billion — includesURLs thathave
beendiscovered,but not yetdownloaded).

text/html (65.34%)
image/gif (15.77%)
image/jpeg (14.36%)
text/plain (1.24%)
application/pdf (1.04%)
Other (2.26%)

Figure7: Distribution of contenttypes
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Figure8: Distribution of documentsizes

pages(of type text/html) accountfor nearly two-thirdsof all documents;images
(in bothGIF andJPEGformats)accountfor another30%;all othercontenttypes
combinedaccountfor lessthan5%.

Figure8 is a histogramshowing thedocumentsizedistribution. In this �gure,
the documentsaredistributedover 22 bins labeledwith exponentiallyincreasing
documentsizes;adocumentof sizen is placedin therightmostbin with alabelnot
greaterthann. Of the725million documentsthatweresuccessfullydownloaded,
67%werebetween2K and32K bytesin size,correspondingto thefour tallestbars
in the�gure.

Figure9 shows thedistribution of contentacrosswebservers.Figure9amea-
suresthe contentusinga granularityof whole pages,while Figure9b measures
contentin bytes. Both �gures areplottedon a log-log scale,andin both,a point
.x; y/ indicatesthatx webservershadat leasty pages/bytes.Thenear-linearshape
of theplot in Figure9aindicatesthatthedistribution of pagesover webserversis
Zip�an.

Finally, Figure10shows thedistributionsof webserversandwebpagesacross
top-level domains.About half of theserversandpagesfall into the.comdomain.
For themostpart, thenumbersof hostsandpagesin a top-level domainarewell-
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[Fra: Najork and Heydon, 2001]
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Indeksering af dokumenter

Opgave:

Preprocessér en dokumentsamling så dokumenter
med et givet søgeord kan blive returneret hurtigt.

Input: dokumentsamling.

Output: søgestruktur.
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Indeksering: Inver ted �le + lexicon

� Inverted �le = for hvert ord w en liste af dokumenter
indeholdende w.

� Lexicon = ordbog over alle ord i dokumentsamlingen.

(key = ord, value = pointer til liste i inverted �le + evt. ekstra
info for ordet, f.eks. længde af listen)

For en milliard dokumenter:

Inverted �les � totalt antal ord � 100 mia Disk

Lexicon � antal forskellige ord � 2 mio RAM
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Lexicon

Kan være i RAM, så almindelige ordbogs-datastrukturer er OK.
F.eks.:

� Binær søgning i sorteret liste af ord.

� Hash tabeller.

� Tries, suf�x træer, suf�x arrays.
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Inver ted File

� Simpel (forekomst af ord i dokument):

ord1: DocID, DocID, DocID
ord2: DocID, DocID
ord3: DocID, DocID, DocID, DocID, DocID,. . .
...

� Detaljeret (alle forekomster af ord i dokument):

ord1: DocID, Position, Position, DocID, Position. . .
...

� Endnu mere detaljeret:

Forekomst annoteret med info (heading, boldface, anchor
text,. . . ). Kan bruges under ranking.
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Komprimer inver ted �le

� Speci�kk e metoder
– Gem differencen mellem DocID'er (ikke absolutte

DocID'er).
– Kod denne difference effektivt.

� Generiske værktøjer (zip,. . . )
– Komprimer hver liste.
– Opdel lister i blokke, komprimer hver blok.
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Parsning af dokumenter

� Find ord
– Fjern mark-up, scripts,. . .
– De�nition af ord? (sekvens af alfanumeriske tegn,

længde max 256, max 4 digits).
– Lowercase
– Tegnsæt? ascii, latin-1, Unicode,. . . .

� Stemming? (“funktion”, “funktionalitet”,. . . ! “funktio”).

� Stop ord? (udelad hyppige ord som “og”, “er”,. . . ).
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Bygning af inde x

foreac h dokument D i samlingen
Parse D og identi�cér ord
foreac h ord w

Udskriv (DocID, w)
if w ikke i lexicon

indsæt w i lexicon

+

(1; 2); (1; 37); : : : ; (1; 123) ; (2; 34); (2; 37); : : : ; (2; 101) ; (3; 486); : : :

Disk sorting +

(22; 1); (77; 1); : : : ; (198; 1) ; (1; 2); (22; 2); : : : ; (345; 2) ; (67; 3); : : :

� inverted �le
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Overb lik

p
Indledning

p
Google facts

p
Information retrieval generelt

p
Internetgrafen

p
En søgemaskines dele
p

Crawling
p

Indeksering

� Søgning og ranking

� Afslutning
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Søgning og Ranking

Query: computer AND science:

1. Slå computer og science op i lexicon. Giver adresse på
disk hvor deres lister starter.

2. Scan disse lister og “�et” dem (returnér DocID'er som er
med i begge lister).

computer: 12, 15, 117, 155, 256,. . .
science: 5, 27, 117, 119, 256,. . .

3. Udregn rank af fundne DocID'er. Hent de 10 højst rank'ede
i dokumentsamling og returnér URL samt kontekst fra
dokument til bruger.

OR og NOT kan laves tilsvarende. Hvis lister har ord-positioner
kan frase-søgninger (“computer science”) og
proximity-søgningner (“computer” tæt på “science”) også laves.
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Tekstbaseret ranking

Vægt forekomsten af et ord med f.eks.

� Antal forekomster i dokumentet.

� Ordets typogra� (fed skrift, overskrift,. . . )

� Forekomst i META-tags.

� Forekomst i tekst ved links som peger på siden

Forbedring, men ikke nok på Internettet (rankning af f.eks.
100.000 relevante dokumenter).

Let at spamme (fyld siden med søge-ord).
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Linkbaseret ranking

Id�e 1: Link til en side � anbefaling af den.

Id�e 2: Anbefalinger fra vigtige sider skal vægte mere.
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Google PageRank TM � websurf er

PageRank beregning kan opfattes som en websurfer som (i
uendelig lang tid) i hver skridt

� med 85% sandsynlighed vælger at følge et tilfældigt link fra
nuværende side,

� med 15% sandsynlighed vælger at gå til en tilfældig side i
hele internettet.

PageRank for en side x er lig den procentdel af hans besøg som
er til side x.
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Beregning af PageRank

PageRank vektoren ~r er egenvektor for nabomatricen A for
internetgrafen (normaliseret, d.v.s. indgangene i række i
divideret med udgraden af side i )

~r = ~rA

Matematisk teori (ergodisk sætning om random walks):

For vilkårlig startvektor x:

~xA k ! r for k ! 1

hvis A opfylder visse betingelser.
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Beregning af PageRank

For at opfylde betingelser i PageRank: erstat A med

0:85A + 0:15E ;

hvor E er en (normaliseret) nabomatrice som indeholder kanter
fra alle sider til alle sider. Vægtningen 85–15% er valgt ud fra at
den har vist sig god i praksis.

Beregning: Gentag

~rny = ~rgl.(0:85A + 0:15E)

I praksis: 20-50 iterationer er nok.
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Overb lik

p
Indledning

p
Google facts

p
Information retrieval generelt

p
Internetgrafen

p
En søgemaskines dele
p

Crawling
p

Indeksering
p

Søgning og ranking

� Afslutning
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Lif e of a Google Query

[Fra: http://www.google.com/corporate/tech.html]
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[Fra: www.computerworld.dk, 9. november 2004]
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Gør-det-selv

Programmeringsprojekt i kurset Algorithms for Web Indexing
and Searching (Gerth S. Brodal, Rolf Fagerberg), efteråret 2002.

� Opgave: lav en søgemaskine for domæne �

��

.

� 15 studerende.

� 4 parallelt arbejdende grupper (crawling, indexing,
PageRank, søgning/brugergrænse�ade).

� Erfaring: Rimmelig vellykket søgemaskine, hvor rankningen
dog kræver yderligere �njuster ing...
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