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Abstract

We have found a method to automatically extract the meaningoods and phrases from the world-wide-web
using Google page counts. The approach is novel in its uiotest problem domain, simplicity of implementation,
and manifestly ontological underpinnings. The world-wideb is the largest database on earth, and the latent se-
mantic context information entered by millions of indepentusers averages out to provide automatic meaning of
useful quality. We demonstrate positive correlationsgerntcing an underlying semantic structure, in both numeri-
cal symbol notations and number-name words in a variety tfrablanguages and contexts. Next, we demonstrate
the ability to distinguish between colors and numbers, andidtinguish between 17th century Dutch painters; the
ability to understand electrical terms, religious ternmeegency incidents, and we conduct a massive experiment in
understanding WordNet categories; the ability to do a snapitomatic English-Spanish translation.

1 Introduction

Objects can be given literally, like the literal four-letigenome of a mouse, or the literal text\6ar and Peacdy
Tolstoy. For simplicity we take it that all meaning of the etjj is represented by the literal object itself. Objects can
also be given by name, like “the four-letter genome of a m@use'the text of War and Peacédyy Tolstoy.” There

are also objects that cannot be given literally, but only bByne and acquire their meaning from their contexts in
background common knowledge in humankind, like “home” @d'f To make computers more intelligent one would
like to represent meaning in computer-digestable form.g-tarm and labor-intensive efforts like tycproject [14]

and theWordNetproject [23] try to establish semantic relations betweemmmmn objects, or, more precisehames

for those objects. The idea is to create a semantic web of wasthproportions that rudimentary intelligence and
knowledge about the real world spontaneously emerges.cbhiges at the great cost of designing structures capable
of manipulating knowledge, and entering high quality cotdgen these structures by knowledgeable human experts.
While the efforts are long-running and large scale, the al/émformation entered is minute compared to what is
available on the world-wide-web.

The rise of the world-wide-web has enticed millions of ugersype in trillions of characters to create billions
of web pages of on average low quality contents. The shees ofathe information available about almost every
conceivable topic makes it likely that extremes will careedl the majority or average is meaningful in a low-quality
approximate sense. We devise a general method to tap thephowusr low-grade knowledge available for free on
the world-wide-web, typed in by local users aiming at peedamatification of diverse objectives, and yet globally
achieving what is effectively the largest semantic elegtrdatabase in the world. Moreover, this database is dlaila
for all by using any search engine that can return aggregaie-pount estimates like Google for a large range of
search-queries.
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Previously, we and others developed a compression-basbddi® establish a universal similarity metric among
objects given as finite binary strings [1.117.] 18, 5], whichsweidely reported[[10,-11.16]. Such objects can be
genomes, music pieces in MIDI format, computer programsuabyRor C, pictures in simple bitmap formats, or
time sequences such as heart rhythm data. This method isddate in the sense that it doesn’t analyze the files
looking for particular features; rather it analyzes allté#as simultaneously and determines the similarity betwee
every pair of objects according to the most dominant shagatlife. The crucial point is that the method analyzes the
objects themselves. This precludes comparison of abstodicins or other objects that don’t lend themselves to tirec
analysis, like emotions, colors, Socrates, Plato, Mikedwmo and Albert Einstein. While the previous method that
compares the objects themselves is particularly suitethtairoknowledge about the similarity of objects themselves
irrespective of common beliefs about such similaritieselvee develop a method that uses only the name of an object
and obtains knowledge about the similarity of objects byiag available information generated by multitudes of web
users. Here we are reminded of the words of D.H. Rumsfeld [21]

“A trained ape can know an awful lot
Of what is going on in this world,
Just by punching on his mouse

For a relatively modest cost!”

This is useful to extract knowledge from a given corpus ofudealge, in this case the Google database, but not to
obtain true facts that are not common knowledge in that da@bFor example, common viewpoints on the creation
myths in different religions may be extracted by the Goaglimethod, but contentious questions of fact concerning
the phylogeny of species can be better approached by usrgetiomes of these species, rather than by opinion.

1.1 Googling for Knowledge

Intuitively, the approach is as follows. The Google seamtfitee indexes around ten billion pages on the web today.
Each such page can be viewed as a set of index terms. A searatpoticular index term, say “horse”, returns a
certain number of hits (web pages where this term occursag)46,700,000. The number of hits for the search term
“rider” is, say, 12,200,000. It is also possible to searchtfe pages where both “horse” and “rider” occur. This
gives, say, 2,630,000 hits. This can be easily put in thedstahprobabilistic framework. v is a web page ans
a search term, then we writec w to mean that Google returns web pagevhen presented with search tekmAn
eventis a set of web pages returned by Google after it has beenrpeesky a search term. We can view the event
as the collection of all contexts of the search term, baakgddknowledge, as induced by the accessible web pages
for the Google search engine. If the search termy then we denote the event kyand definex = {w: x € w}. The
probability p(x) of an evenk is the number of web pages in the event divided by the oveuatiberM of web pages
possibly returned by Google. Thygx) = |x|/M. At the time of writing, Google searches 8,058,044,651 wedes.
Define the joint evenx(y = {w: x,y € w} as the set of web pages returned by Google, containing betketarch
termx and the search termn The joint probabilityp(x,y) = |{w: X,y € w}|/M is the number of web pages in the
joint event divided by the overall numbbkt of web pages possibly returned by Google. This notation @lsws us
to define the probabilitp(x|y) of conditionaleventsx|y = (x(y)/y defined byp(x|y) = p(x,y)/p(y).

In the above example we have therefpfhorse ~ 0.0058,p(rider) ~ 0.0015,p(horserider) ~ 0.0003. We con-
clude that the probabilitp(horserider) of “horse” accompanying “rider” isz 1/5 and the probability(rider|horse
of “rider” accompanying “horse” is¢ 1/19. The probabilities are asymmetric, and it is the leasbaldity that is
the significant one. A very general search term like “the”wsdn virtually all (English language) web pages. Hence
p(therider) =~ 1, and for almost all search termsve havep(thelx) ~ 1. But p(rider|the) < 1, say about equal to
p(rider), and gives the relevant information about the associatidimeotwo terms.

Ouir first attempt is therefore a distance

D1(x,y) = min{p(x]y), p(y|x)}.

Experimenting with this distance gives bad results. Onsaeédeing that the differences among small probabilities
have increasing significance the smaller the probabilitieslved are. Another reason is that we deal with absolute
probabilities: two notions that have very small probaigtiteach and have;-distancee are much less similar than



two notions that have much larger probabilities and havesttmeeD;-distance. To resolve the first problem we take
the negative logarithm of the items being minimized, résglin

D2(x,y) = max{log 1/ p(xly),log 1/ p(y|x)}.

To resolve the second problem we normalxgx,y) by dividing by the maximum of logAp(x),log1/p(y). Alto-
gether, we obtain the following normalized distance

_ max{log1/p(xly),log 1/p(y|x) }
Pal%Y) = Arax{iog 1/p(x).log 1/p(y)}

for p(x]y) > 0 (and hence(y|x) > 0), andD3(x,y) = o for p(x|y) = 0 (and hence(y|x) = 0). Note thatp(x|y) =
p(x,y)/p(x) = 0 means that the search termé and “y” never occur together. The two conditional complexities
are either both 0 or they are both strictly positive. Moreoifeeither of p(x), p(y) is 0, then so are the conditional
probabilities, but not necessarily vice versa.

We note that in the conditional probabilities the total nemil, of web pages indexed by Google, is divided
out. Therefore, the conditional probabilities are indefeart ofM, and can be replaced by the number of pages, the
frequencyreturned by Google. Define tiieequency {x) of search ternx as the number of pages a Google search for
xreturns: f(x) = Mp(x), f(x,y) = Mp(x,y), andp(x|y) = f(x,y)/f(y). RewritingD3 results in our final notion, the
normalized Google distanceNGD ), defined by

~ max{logf(x),logf(y)} —logf(x,y)}
NGD(xy) = logM — max{log f (x),log f (y)}

and if f(x), f(y) > 0 andf(x,y) = 0 then NGOx,y) = «. From [1) we see that
1. NGD(x,y) is undefined forf (x) = f(y) = 0;

; 1)

2. NGD(x,y) = o for f(x,y) = 0 and either or botli(x) > 0 andf(y) > 0; and

3. NGD(x,y) > 0 otherwise.
REMARK 1 Note that NG¥x,y) can exceed 1 for natural search terms. For example, the tmstéby”, generating
a count of 2,770,000,000, and “with”, generating a count,668,000,000, together give a count of only 49,700,000.
Using [@) (withM = 8,058 044,651), we obtain NG by, with) =~ 1.43. The explanation is that two terms that just
happen to never occur together for whatever reason, but clar separately often, can create an NGD that is high.
We can go even higher using terms “the”, count 8,000,000 &t “szyzygy”, count 175, with count 161 for the joint
pair. This gives an NGD of over 1000.

In practice, however, most pairs’ NGD ’s come between 0 arichis is not due to an imperfection in the method.
Rather, NGD values greater than 1 may be thought to correlSfpatine idea ofnegative correlationin probability
theory; we may venture to guess, for instance, that the Emglords “by” and “with” are both very popular, yet can
often be used as substitutes for one another, and thus a tatbe proportion of webpages contain either “by” or
“with” but not both. In the case of NID[]3), we meet later, tebadditivity property oK yields the upper bound of
1, but there is no such restriction for an arbitrary probghdistribution such as Google. &

REMARK 2 With the Google hit numbers above, we can now compute
NGD(horserider) =~ 0.453

We did the same calculation when Google indexed only onkeffitthe current number of pages: 4,285,199,774. ltis
instructive that the probabilities of the used search tatitis’t change significantly over this doubling of pages hwit
number of hits for “horse” equal 23,700,000, for “rider” ed 6,270,000, and for “horse, rider” equal to 1,180,000.
The NGD(horserider) we computed in that situation was 0.4445. This is in line witin contention that the relative
frequencies of web pages containing search terms givestaigiénformation about the semantic relations between the
search terms. If this is the case, then with the vastnesafitbrmation accessed by Google the Google probabilities
of search terms and the computed NGD ’s should stabilizeqdle snvariant) with a growing Google database)



The above derivation gives the intuition. However, the ioad thinking which led to the NGD derived from a
mathematical theory of similarity based on Kolmogorov cterjty, and we shall trace this derivation in Sect{dn 2.
The following are the main properties of the NGD :

1. Therangeofthe NGD is in between 0 and;

(@) If x=y orif x#y but frequencyM > f(x) = f(y) = f(x,y) > 0, then NGOXx,y) = 0. That is, the
semantics ok andy in the Google sense is the same.

(b) If frequencyf(x) = 0, then for every search terynwe havef (x,y) = 0, and the NGx,y) = log f(y)/
log(M/£(y))-

2. The NGD is always nonnegative and NG{X) = O for everyx. For every paix,y we have NGI¥x,y) =
NGD(y,x): it is symmetric. However, the NGD isot a metric it does not satisfy NGIXx,y) > 0 for every
X #y. For example, choose# y with x =y. Then,f(x) = f(y) = f(x,y) and NGDx,y) = 0. Nor does the
NGD satisfy the triangle inequality NGR,y) < NGD(x,z) + NGD(zy) for all x,y,z. For example, choose
z=xUy, xNy =0, x=xNz y=yNz and|x| = ly| = VM. Then,f(x) = f(y) = f(x,2) = f(y,2) = VM,
f(2) = 2/M, andf(x,y) = 0. This yields NGDOx,y) = 1 and NGOx,z) = NGD(zy) = 2/log(M/4), which
violates the triangle inequality fovl > 64.

3. The NGD isscale-invariant It is very important that, if the numbévl of pages indexed by Google grows
sufficiently large, the number of pages containing givendeséerms goes to a fixed fraction &, and so
does the number of pages containing conjunctions of searafst This means that M doubles, then so do
the f-frequencies. For the NGD to give us an objective semantitiom between search terms, it needs to
become stable when the numiérof indexed pages grows. Some evidence that this actuallydrepis given
in Remark®.

ReEMARK 3 Iffrequencyf(x) =M andf(x,y) < f(x), then NGOX,y) = co. If f(X) = f(x,y) =M, then NGOx,y) =
0/0, that s, it is undefined. These anomalies, and related aliesnare redressed by the proper formulaiidn (7) of the
NGD , with quantityN > M replacingM, in the theoretical analysis of Sectibnl3.2. &

1.2 Outline

We first start with a technical introduction outlining boltetclassical information theoretic notions underpinning o
approach, as well as the more novel ideas of Kolmogorov cexity| information distance, and compression-based
similarity metric (Sectiofll2). Then we give a technical diggon of the Google distribution, the Normalized Google
Distance, and the universality of these notions (Sedii@) &nded by Subsecti@nB.1 pressing home the difference
between literal-object based similarity (as in compresdiased similarity), and context-based similarity betwele-
jects that are not given literally but only in the form of nasttleat acquire their meaning through contexts in databases
of background information (as in Google-based similarity)Sectior# we present a plethora of clustering and clas-
sification experiments to validate the universality, rdbass, and accuracy of our proposal. A mass of experimental
work, which for space reasons can not be reported here,iialaleg[3]. In AppendiXA we explain some basics of the
SVM approach we use in the classification experiments, wiher&oogle similarity is used to extract feature vectors
used by the kernel.

2 Technical Preliminaries

For convenience we restrict ourselves to binary source svardi binary code words—every finite alphabet can be
recoded in binary in a way that is theory neutralx § {0,1}*, then|x| denotes théength(number of bits) ok. Lete
denote themptyword, that is,|e| = 0. A binary stringy is aproper prefixof a binary string« if we can writex =yz
forz#£e. Aset{xy,...} C {0,1}* is prefix-freeif no element is a proper prefix of any other. A prefix-free sedlso
called aprefix codeand its elements are calledde words An example of a prefix code, that is used later, encodes a
source wordk = X1Xz. .. X, by the code word

x = 1"0x.



This prefix-free code is callezklf-delimiting because there is a fixed computer program associated vgttdtie that

can determine where the code wordnds by reading it from left to right without backing up. Tkiay a composite
code message can be parsed in its constituent code words pase by a computer program. (This desirable property
holds for every prefix-free encoding of a finite set of sourceds, but not for every prefix-free encoding of an infinite
set of source words. For a single finite computer program talide to parse a code message the encoding needs to
have a certain uniformity property like tixecode.)

2.1 Prefix codes and the Kraft inequality

Let x be the set of natural numbers and consider the straightfdman-prefix binary representation with tité
binary string in the length-increasing lexicographicalarcorresponding to the numkiefThere are two elements of
Xx with a description of length 1, four with a description of ¢¢h 2 and so on. However, there are less binary prefix
code words of each length: xfis a prefix code word then npo= xzwith z+# ¢ is a prefix code word. Asymptotically
there are less prefix code words of lengtthan the 2 source words of length. Quantification of this intuition for
countablex and arbitrary prefix-codes leads to a precise constrainhemtmber of code-words of given lengths.
This important relation is known as tk@aft Inequalityand is due to L.G. Kraf{]8].

LEMMA 1 Letly,ls,... be a finite or infinite sequence of natural numbers. There iefipcode with this sequence
as lengths of its binary code words iff

y2h<i 2)

n

2.2 Uniquely Decodable Codes

We want to code elements af in a way that they can be uniquely reconstructed from the @ingo Such codes are
calleduniquely decodableEvery prefix-code is a uniquely decodable code. On the dthed, not every uniquely
decodable code satisfies the prefix condition. Prefix-codediatinguished from other uniquely decodable codes by
the property that the end of a code word is always recogrezabsuch. This means that decoding can be accomplished
without the delay of observing subsequent code words, whialy prefix-codes are also called instantaneous codes.
There is good reason for our emphasis on prefix-codes. Narh&lyns out that LemmEl 1 stays valid if we replace
“prefix-code” by “uniquely decodable code.” This importdatt means that every uniquely decodable code can be
replaced by a prefix-code without changing the set of codehtemgths.

2.3 Probability distributions and complete prefix codes

A uniquely decodable code mmpleteif the addition of any new code word to its code word set rasita non-
uniquely decodable code. It is easy to see that a code is ebdanifflequality holds in the associated Kraft Inequality.
Letl4,l2,... be the code words of some complete uniquely decodable coeeus definag, = 2. By definition

of completeness, we hayg,gx = 1. Thus, thegy, can be thought of agrobability mass functionsorresponding to
some probability distributio. We sayQ is the distributioncorrespondingo I4,1»,.... In this way, each complete
uniquely decodable code is mapped to a unique probabiltyiblution. Of course, this is nothing more than a formal
correspondence: we may choose to encode outcom&susfng a code corresponding to a distributaqprwhereas
the outcomes are actually distributed according to spn#eg. But, as we argue below, X is distributed according

to p, then the code to whiclp corresponds is, in an average sense, the code that achjgesilocompression of

X. In particular, every probability mass functignis related to a prefix code, tHeéhannon-Fano codesuch that
the expected number of bits per transmitted code word isvasis possible for any prefix code, assuming that a
random sourcX generates the source wondaccording td?(X = x) = p(x). The Shannon-Fano prefix code encodes
a source wordk by a code word of length, = [log1/x], so that the expected transmitted code word length equals
Sx P(X)10g1/p(x) = H(X), the entropy of the sourcé, up to one bit. This is optimal by Shannon’s “noiseless cgtlin
theorem|[2P].



2.4 Kolmogorov Complexity

The basis of much of the theory explored in this paper is Kglarov complexity. For an introduction and details see
the textbook[[IB]. Here we give some intuition and notatidve assume a fixed reference universal programming
system. Such a system may be a general computer languadé3iReor Ruby, and it may also be a fixed reference
universal Turing machine in a given standard enumeratidrudgfg machines. The latter choice has the advantage of
being formally simple and hence easy to theoretically malate. But the choice makes no difference in principle,
and the theory is invariant under changes among the unhgn@gramming systems, provided we stick to a particular
choice. We only consider universal programming systemhb thet the associated set of programs is a prefix code—
as is the case in all standard computer languages. Kblraogorov complexityf a stringx is the length, in bits,

of the shortest computer program of the fixed reference ctingpaystem that producesas output. The choice of
computing system changes the valu&dk) by at most an additive fixed constant. Sifcgx) goes to infinity withx,

this additive fixed constant is an ignorable quantity if wasider largex.

One way to think about the Kolmogorov complexky(x) is to view it as the length, in bits, of the ultimate
compressed version from whichcan be recovered by a general decompression program. Cssimare using the
compressogzip results in a filexy with (for files that contain redundancies) the lengthl < |x|. Using a better
compressobzip2results in a filex, with (for redundant files) usuallix,| < |Xgl; using a still better compressor like
PPMZresults in a filexp with (for again appropriately redundant filgg)| < |x,|. The Kolmogorov complexitiK (x)
gives a lower bound on the ultimate value: for every existogipressor, or compressors that are possible but not
known, we have thaK(x) is less or equal to the length of the compressed version dhat is,K(x) gives us the
ultimate value of the length of a compressed versior @hore precisely, from which versioncan be reconstructed
by a general purpose decompresser), and our task in degipeiter and better compressors is to approach this lower
bound as closely as possible.

2.5 Normalized Information Distance

In []] we considered a related notion: given two strimgsdy, what is the length of the shortest binary program in the
reference universal computing system such that the progeemputes output from inputx, and also output from
inputy. This is called thénformation distancend denoted a&(x,y). It turns out that, up to a negligible logarithmic
additive term,

E(x,y) = K(x,y) —min{K(x),K(y)}.

This distanceE(x,y) is actually a metric: up to close precision we h&(e,x) = 0, E(x,y) > 0 forx £y, E(x,y) =
E(y,x) andE(x,y) < E(x,2)+E(zYy), for all x,y,z. We now consider a large classafmissible distancesll distances
(not necessarily metric) that are nonnegative, symmetridcomputablén the sense that for every such distaiize
there is a prefix program that, given two stringsndy, has binary length equal to the distarizg,y) betweernx and
y. Then,

E(x,y) <D(x,y) + cp,

wherecp is a constant that depends only Bnbut not onx,y. This justifies calling the information distanée
“universal”; it minorizes every computable distance. Ibtatringsx andy are close according tsomecomputable
distanceD, then they are at least as close according to dist&nc&ince every feature in which we can compare
two strings can be quantified in terms of a distance, and alistsgince can be viewed as expressing a quantification
of how much of a particular feature the strings have in comiftioa feature being quantified by that distance), the
information distance determines the distance betweentiivigs according to the dominant feature in which they are
similar. If small strings differ by an information distanesich is large compared to their sizes, then the strings are
very different. However, if two very large strings differ lye same (now relatively small) information distance, then
they are very similar. Therefore, the information distaitself is not suitable to express true similarity. For tha w
must define a relative information distance: we need to nlizmthe information distance. Such an approach was
first proposed in[[117] in the context of genomics-based piiy, and improved ir [18] to the one we use here. The
normalized information distanca\ID ) has values between 0 and 1, and it inherits the universdlityednformation
distance in the sense that it in the appropriate sense méasevery other possible normalized computable distance
(suitably defined). In the same way as before we can idertédycomputable normalized distances with computable



similarities according to some features, and the NID disce¥or every pair of strings the feature in which they are
most similar, and expresses that similarity on a scale framD(0 being the same and 1 being completely different
in the sense of sharing no features). The NID is defined by

(x,y) —min(K(x),K(y))
max(K(x),K(y))
It has several wonderful properties that justify its dgsiion as the most informative metric J18].

NID(x,y) = K 3

2.6 Normalized Compression Distance

Unfortunately, the NID is uncomputable since the constitieis. But we can use real data compression programs
to approximateéK: a compression algorithm defines a computable function anddnthe number of bits of the com-
pressed version of a string is an upper bound on Kolmogorawtexity of that string, up to an additive constant
depending on the compressor but not on the string in questious, ifC is a compressor and we u€éx) to denote

the length of the compressed version of a strintihen we arrive at thBlormalized Compression Distance

xy) —min(C(x),C(y))
maxC(x),C(y))

where for convenience we have replaced the pay) in the formula by the concatenatiag. This transition raises
several tricky problems, for example how the NCD approxaadahe NID ifC approximates, see[5], which do
not need to concern us here. Thus, the NCD is actually a fashitgmpression functions parameterized by the given
data compressd@. The NID is the limiting case, whei€(x) denotes the number of bits in the shortest codexfor
from whichx can be decompressed by a general purpose computable dessmpr

NCD(xy) = = @)

3 Feature-Free Extraction of Semantic Relations with Goog

The number of web pages currently indexed by Google is apping 13°. Every common search term occurs in
millions of web pages. This number is so vast, and the numbeeb authors generating web pages is so enormous
(and can be assumed to be a truly representative very lang@esdérom humankind), that the relations represented by
the Normalized Google Distandd (1) approximately captineeatssumed true semantic relations governing the search
terms. Determining the NGD between two Google search tewes dot involve analysis of particular features or
specific background knowledge of the problem area. Insitamalyzes all features automatically through Google
searches of the most general background knowledge data thesevorld-wide-web. (In Statistics “parameter-free
estimation” means that the number of parameters analyzefirige or not a priori restricted. In our setting “feature-
freeness” means that we analyze all features.)

3.1 Genesis of the Approach

We start from the observation that a compressor defines avemdbEength for every source word, namely, the number
of bits in the compressed version of that source word. Vigwtliis code as a Shannon-Fano code, Seéfidn 2.3, it
defines in its turn a probability mass function on the sourceda. Conversely, every probability mass function of the
source words defines a Shannon-Fano code of the source v@nds. this code is optimally compact in the sense of
having expected code-word length equal to the entropy offiitial probability mass function, we take the viewpoint
that a probability mass function is a compressor.

EXAMPLE 1 For example, the NID uses the probability mass functig) = 2-K®. This function is not com-
putable, but it has the weaker property of being lower sesnijgutable: by approximating(x) from above by better
and better compressors, we approxinratg) from below. The distributionn(x) has the remarkable property that it
dominates every lower semi-computable probability masstfanP(x) (and hence all computable ones) by assigning
more probability to every finite binary stringthanP(x), up to a multiplicative constar > 0 depending o but

not onx (m(x) > cpP(x)). We say tham(x) is universalfor the enumeration of all lower semi-computable probapili



mass functions[19], a terminology that is closely relatethe “universality” of a universal Turing machine in the
enumeration of all Turing machines. It is this property thi&aws us to show [18] that NID is theost informative
distance (actually a metric) among a large family of (pdgsiton-metric) “admissible normalized information dis-
tances.” But we cannot apply these same formal claims toghleworld NCD , except in a sense that is relativized
on how well the compressor approximates the ultimate Kolonogcomplexity [5[4]. In these papers, we have in-
vestigated NCD in a wide variety of domains including genzsnlanguage evolution, literature, optical character
recognition, music recognition, and time sequences. Ope®@xents show that NCD , using a range of different
compressors, consistently yield significant results irs¢heontexts. <

In essence, the choice of compressor brings a particulaf sssumptions to bear upon an incoming data stream,
and if these assumptions turn out to be accurate for the dajadstion, then compression is achieved. This is the
same as saying that the probability mass function defineth&yodmpressor concentrates high probability on these
data. If a pair of files share information in a way that matdiesassumptions of a particular compressor, then we
obtain a low NCD . Every compressor analyzes the string todnepcessed by quantifying an associated family of
features. A compressor such gsi p detects a class of features, for example matching substtiveg are separated
by no more than 32 kilobytes. Certain higher-order sintilesiare detected in the final Huffman coding phase. This
explains how gzi p is able to correctly cluster files generated by Bernoulligesses. A better compressor like
bzi p2 detects substring matches across a wider window of 900W#shand detects an expanded set of higher-order
features. Such compressors implicitly assume that theldetao global, structured, meaning. The compressor only
looks for statistical biases, repetitions, and other lsasesymmetrically defined local contexts, and cannot achiev
compression even for very low-complexity meaningful giarike the digits ofit. They assume the data source is at
some level a simple stationary ergodic random informat@murae which is by definition meaningless. The problem
with this is clearly sketched by the great probabilist A.dIfdogorov [15[15]: “The probabilistic approach is natural
in the theory of information transmission over communmmatthannels carrying ‘bulk’ information consisting of a
large number of unrelated or weakly related messages ofpdgiinite probabilistic laws... [it] can be convincingly
applied to the information contained, for example, in astie®f congratulatory telegrams. But what real meaning is
there, for example, in [applying this approach to] ‘War am@&e’?- Or, on the other hand, must we assume that the
individual scenes in this book form a random sequence witichsastic relations’ that damp out quite rapidly over a
distance of several pages?” The compressors apply no ekierawledge to the compression, and so will not take
advantage of the fact thatalways followsQin the English language, and instead must learn this fact émeeach
separate file (or pair) despite the simple ubiquity of thisrifhus the generality of common data compressors is also
a liability, because the features which are extracted ahgtruction meaningless and devoid of relevance.

Yet, files exist in the real world, and the files that actuaklisein stored format by and large carry a tremendous
amount of structural, global, meaning; if they didn’t theewould throw them away as useless. They do exhibit heavy
biases in terms of the meaningless features, for instartbe way the letters andE occur more frequently in English
thanZ or Q but even this fails to capture the heart of the reason of ke &xistence in the first place: because of its
relevance to the rest of the world. Bgti p doesn’t know this reason; it is as if everywhegei p looks it only finds
a loaded die or biased coin, resolute in its objective antisloaonsistency. In order to address this coding deficiency
we choose an opposing strategy: instead of trying to apphxternal knowledge at all during compression, we try to
apply as much as we can from as many sources as possibleagieulisly, and in so doing attempt to capture not the
literal part but instead theontextualized importana& each string within a greater and all-inclusive whole.

Thus, instead of starting with a standard data compressagram, we start from a probability mass function that
reflects knowledge, and construct the corresponding StmaRaao code to convert probabilities to code word lengths,
and apply the NCD formula. At this moment one database stamiss the pinnacle of computer-accessible human
knowledge and the most inclusive summary of statisticalrimiation: the Google search engine. There can be no doubt
that Google has already enabled science to acceleratertdemgly and revolutionized the research process. It has
dominated the attention of internet users for years, anddewantly attracted substantial attention of many Wall&tre
investors, even reshaping their ideas of company finandikig.have devised a way to interface the Google search
engine to our NCD software to create a new type of pseudo-oesapr based NCD , and call this new distance the
Normalized Google Distance, or NGD . We have replaced thérais objectivity of classical compressors with an
anthropomorphic subjectivity derived from the efforts dflimns of people worldwide. Experiments suggest that this
new distance shares some strengths and weaknesses in cavitmtie humans that have helped create it: it is highly



adaptable and nearly unrestricted in terms of domain, btlteasame time is imprecise and fickle in its behavior. It
is limited in that it diesn’t analyze the literal objectsdikhe NCD does, but instead uses names for those objects in
the form of ASCII search terms or tuples of terms as inputsctcaet the meaning of those objects from the total of
information on the world-wide-web.

EXAMPLE 2 An example may help clarify the distinction between these bpposing paradigms. Consider the
following sequence of letters:

UQB

Assume that the next letter will be a vowel. What vowel woutzliyguess is most likely, in the absence of
any more specific information? One common assumption isttteatsamples are i.i.d. (identical, independently
distributed), and given this assumption a good guels snce it has already been shown once, chances are good that
U is weighted heavily in the true generating distribution.absuming i.i.d.-ness, we implicitly assume that there is
some true underlying random information source. This agsiamis often wrong in practice, even in an approximate
sense. Changing the problem slightly, using English wosd®kens instead of just letters, suppose we are given the
sequence

the quick brown

Now we are told that the next word has three letters and doesntbthe sentence. We may imagine various three
letter words that fit the bill. On an analysis as before, wehbtig expect he to continue the sentence. The computer
lists 535 English words of exactly three letters. We may heegzi p data compressor to compute the NCD for each
possible completion like this: NCDQ lle qui ck brown,cow), NCD (the qui ck brown,the), and so on, for all

of the 3-letter words. We may then sort the words in ascendliidgr of NCD and this yields the following words in
front, all with NCD of 0.61: own, row, she, the . There are other three letter words, like , that have NCD

of 0.65, and many with larger distance. With such very snmgduit strings, there are granularity effects associated
with the compressor rounding to full bytes, which makes caasgion resolve only to the level of 8 bits at best. So as
we might expectgzi p is using a sort of inference substantially similar to thd guait might lead the reader to guess
U as a possible completion in the first example above.

Consider now what would happen if we were to use Google idstéagzi p as the data compressor. Here we
may change the input domain slightly; before, we operategemeral strings, binary or otherwise. With Google, we
will restrict ourselves to ASCII words that can be used ascteterms in the Google Search engine. With each search
result, Google returns a count of matched pages. This cahdugit to define a function mapping search terms (or
combinations thereof) to page counts. This, in turn, cambegdht to define a probability distribution, and we may use
a Shannon-Fano code to associate a code length with eacltpage We divide the total number of pages returned
on a query by the maximum that can be returned, when congeatpage count to a probability; at the time of these
experiments, the maximum was about 5,000,000,000. Congthie NGD of the phrasehe qui ck brown, with
each three-letter word that may continue the phrase (iggdhe constraint that that word immediately follows the
word br own), we arrive at these first five most likely (candidate, NGDa)rp (using the Google values at the time of
writing):

fox: 0.532154812757325
vex: 0.561640307093518
jot: 0.579817813761161
hex: 0.589457285818459
pea: 0.604444512168738

As many typing students no doubt remember, a popular phodsarn the alphabet iBhe quick brown fox jumped
over the lazy dog.lt is valuable because it uses every letter of the Englishatipt. <

Thus, we see a contrast between two styles of induction: T$teype is the NCD based oriteral interpretation
of the data: the data is the object itself. The second typedstGD based on interpreting the data asamefor
an abstract object which acquires its meaning from massesritxtsexpressing a large body of common-sense
knowledge. It may be said that the first case ignores the mganfithe message, whereas the second focuses on it.



3.2 The Google Distribution

Using the Google search engine we obtain the number of webspagntaining the requested search term, as in
Sectiorl. That is what we actually use in our experiments.oldo theoretical analysis, where we want to express
the Shannon-Fano code length of encoding a search term basegrobability of the associated event, this will turn
out not proper. Instead, we need a minor renormalizatiomgtwin typical situations only slightly changes the values
according to[fll), and resolves the anomalies observed iraRe¢m

Let the set of singletooogle search termse denoted by. In the sequel we use both singleton search terms and
doubleton search term{dx,y} : X,y € s}. Let the set of web pages indexed (possible of being retjtme&oogle
be Q. The cardinality ofQ is denoted byM = |Q|, and currently 810° < M < 9-10°. Assume that a priori all web
pages are equi-probable, with the probability of beingmmetd by Google being /M. A subset ofQ is called an
event Everysearch term xusable by Google definessingleton Google event C Q of web pages that contain an
occurrence ok and are returned by Google if we do a searchxfdretL : Q — [0, 1] be the uniform mass probability
function. The probability of such an evexts L(x) = |x|/M. Similarly, thedoubleton Google everiy C Q is the
set of web pages returned by Google if we do a search for pagdaining both search termand search term.
The probability of this event ik(xy) = |x(Ny|/M. We can also define the other Boolean combinatiens= Q\x
andx{Jy = Q\(—x—y), each such event having a probability equal to its cardindivided byM. If eis an event
obtained from the basic eventsy, ..., corresponding to basic search temng . .., by finitely many applications of
the Boolean operations, then the probabilitg) = |e|/M.

Google events capture in a particular sense all backgronadledge about the search terms concerned available
(to Google) on the web. Therefore, it is natural to consiaetecwords for those events as coding this background
knowledge. However, we cannot use the probability of thenevdirectly to determine a prefix code such as the
Shannon-Fano code as in Secf{iod 2.3. The reason is thatehesewerlap and hence the summed probability exceeds
1. By the Kraft inequality[[R) this prevents a correspondif@nnon-Fano code. The solution is to normalize: We
use the probability of the Google events to define a prolighilass function over the sé{x,y} : x,y € s } of Google
search terms, both singleton and doubleton. Define

N="% Ix(yl,

{xy}Cs

counting each singleton set and each doubleton set (by til@fininordered) once in the summation. Since every web
page that is indexed by Google contains at least one ocaga search term, we haie> M. On the other hand,
web pages contain on average not more than a certain consseatrch terms. Thereford, < aM. Define

g(X) =L(x)M/N = [x|/N )
g(x.y) = L(x[y)M/N = |x(y|/N.

Then, ¥ ycs 9(X) + Yxyes 9(xY) = 1. Note thatg(x,y) is not a conventional joint distribution since possili) #

Yyes 9(x,Y). Rather, we consideg to be a probability mass function over the sample sgdegy} : x,y € 5}. This
g-distribution changes over time, and between differentrgs from the distribution. But let us imagine that
holds in the sense of an instantaneous snapshot. The restiit will be an approximation of this. Given the Google
machinery, these are absolute probabilities which allowousefine the associated Shannon-Fano code for both the
singletons and the doubletons. TBeogle code Gs defined by

G(x) = log1/g(x) (6)
G(x,y) = log1/g(x,y).

In contrast to strings where the complexit€(x) represents the length of the compressed versiorusing compres-
sorC, for a search term (just the name for an object rather than the object itséif, Boogle code of lengtB(x)
represents the shortest expected prefix-code word lengtieaissociated Google event The expectation is taken
over the Google distributiop. In this sense we can use the Google distribution as a cosgpriEs Google “meaning”
associated with the search terms. The associated NCD , rlad taenormalized Google distanceNGD ) is then
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defined byI[(ll) withN substituted foM, rewritten as

G(Xa y) - min(G(X)a G(y)) )
max(G(x), G(y))
This NGD is an approximation to the NID dfl(3) using the Shamff@ano code (Google code) generated by the

Google distribution as defining a compressor approximdtiagength of the Kolmogorov code, using the background
knowledge on the web as viewed by Google as conditional imé&bion.

NGD(x,y) = )

LEMMA 2 The NGD according to{d) equals the practically uset GD according tof) up to a multiplicative factor

_ logM —max{log f(x),log f (y)}
~ logN —max{log f (x),log f (y)} -

PROOF Straightforward rewriting. O

3(x,y)

REMARK 4 This factor 0< &(x,y) < 1 is the price we pay for proper prefix coding of the Google &vearresponding

to the search terms. We assume tat. N < 1000M, since on average web pages probably do not contain more than
1000 Google search terms. Therefore,NbglogM < 10. Used in practice[17) may possibly improve the results
in case maflog f(x), f(y)} is large, say 20. WitiM = 5-10°, andN = 10°M, we haved(x,y) ~ 1/2. But for
max{log f (x), f(y)} is small, say 10, we has&Xx,y) ~ 2/3. Indeed, this normalizatioBl(7) usihginstead oM also
resolves the anomalies withl (1) discussed in Reralrk 3. I f@evever, our experimental results suggest that every
reasonable (greater than affx)) value can be used for the normalizing fachyrand our results seem in general
insensitive to this choice. In our software, this paramitean be adjusted as appropriate, and we ofteriuger N.

O

REMARK 5 Like the NGD according td]1), the one according[ib (7) is megative for allx,y, NGD(x,x) = 0
for everyx, and it is symmetric. But again it is not a metric since thaexay, x #y, with NGD(x,y) = 0, and
the triangle inequality is violated. The example used taaskimlation of the triangle inequality off1) yields here:
NGD(x,y) = 3logM/(logN — 2 logM) and NGD(x,z) = NGD(zy) = 1/(logN — 3 logM — 1). &

3.3 Universality of Google Distribution

A central notion in the application of compression to leagnis the notion of “universal distribution,” seg [19].
Consider an effective enumeratian= ps, pz, ... of probability mass functions with domajn The list# can be
finite or countably infinite.

DEFINITION 1 A probability mass functiop, occurring in® is universalfor #, if for every pj in # there is a constant
¢ > 0andy;.,c > 1, such that for every € s we havepy(x) > ¢; - pi(x). Herec; may depend on the indexagd, but
not on the functional mappings of the elements of#istor onx.

If pyis universal forp, then it immediately follows that for eveny in », the Shannon-Fano code-word length for
source wordk, Sectio’ZB, associated withy, minorizes the Shannon-Fano code-word length associdthdow by
satisfying log ¥ pu(X) < log1/pi(x)+ logc;, for everyx € s.

Now consider the particular (finite) list of probability nsafsinctions of search terms, each probability mass func-
tion associated with its web author in the list=1,2,...,a of web authors producing pages the web. In the
following we simply model the generated probability magssctions via frequency analysis, and make no claims as to
how the pages were made. For convenience we assume thatagesmenerated by a single web author, and that
the pages are indexed by Google. Let web auitlodthe list2 produce the set of web pag@sand denotéM; = |Q;|.

We identify a web autharwith the set of web page®; he produces. Since we have no knowledge of the set of web
authors, we consider every possible partioQafito one of more equivalence class@s= Qi1|J---JQa, QiNQ; =0
(1<i#j<a<|Q|), as defining a realizable set of web authars-1,...,a.
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Consider a partition of into Qg, ..., Q4. A search ternx usable by Google defines an event Q; of web pages
produced by web authadrthat contain search termn Similarly, xi(y; is the set of web pages producedilthat is
returned by Google searching for pages containing botlthéarmx and search term Let

Ni: z |xiﬂyi|.
{xy}Cs

Note that there is aa; > 1 such thaM; < N; < ajM;. For every search terme s define a probability mass function
gi, theindividual web author’'s Google distributigon the sample spaddx,y} : x,y € S} by

gi(X) = [xi|/N (8)
gi(%y) = [xi[)Yil /N

Then, s 6i(X) + Yxyes x<ydi(%Y) = 1, where we assume a total order j oo prevent summing the same term
twice.

THEOREM1 LetQg,...,Q4 be any partition o2 into subsets (web authors), and lat g. , g, be the corresponding
individual Google distributions. Then the Google disttiba g is universal for the enumerationgy, . .. ,ga.
PROOF We can express the overall Google distribution in term&efihdividual web author’s distributions:
N;
9(x) = iezﬂ NI
g(x.y) = iezﬂ NIy

Consequentlyg(x) > (Ni /N)gi(x) andg(x,y) > (Ni/N)gi(x,y). O

REMARK 6 The definition of universality above requires pointwisenilwation by the universal probability mass
function of every enumerated probability mass functiontap positive multiplicative constant that is independent
of the properties of the graphs of the actual probability sriasictions in the enumeration. The universality of a
given probability mass function in the enmeration is inaatiunder changing the probability mass functions in the
enumeration, within the obvious constraints, apart froenglven universal probability mass function. Thus, for the
Google distribution to be univeral for the list of individuaoogle distributions, it does not matter how we change the
individual Google distributions, or even add new distribos, as long as the weighted sum with weigRitsN sums

up to the overal (in this case also the universal) Googleidigton. This requirementis in line with the extensive god
of research in universal algorithmic probability, where tist of enumerated probability mass functions is coumntabl
infinite—related to the standard enumeration of Turing mraes$y [19]. It intends and ensures precisely the same
nontrivial properties in the case of a finite list of probé#pinass functions, of precisely the same quality and intens
The universality notion has the same purpose and effectfite fand infinite enumerations.

For the sake of completeness, let us make a detailed corapavith the related notions in algorithmic probability.
There, one is interested in establishing a universal pribtyainass function for a countably infinite list of all, andly,
probability mass functions thta are computable in a cedpproximation sense. For details see the above reference.
Here, it is relevant that all, and only, these probabilityssiunctions can be effectively enumerated by starting from
the standard effective enumeration of the list of all Tunmgchines, effectively modifying each Turing machine in
the list so that it computes a probability mass function &f pnescribed type. In this setting, it suffices to consider
a series of weights; > 0 such thaty ¢ < 1, for exampleg; = d/i? with ¥ 1/i? = d < «. For every converging
infinite seriesy ¢; < o of positive terms:;, we have that (i) the series sums to a particular positivee@ldepending
only on the summed series , and not on the probability masgians being weighted; and (i) lim« ¢; = 0. In the
current setting of finitely many individual Google distrtmns, we have replaced the notion of “all countably infilyite
many probability mass functions of a certain type” by “alhdminations of probability mass functions possible by
partitioning of Q in all possible ways.” For a finite seri€g’ ; ci, item (ii) is not applicable. Item (i) is translated
into ¥ ;¢ > 1; buty? ; ¢ can be set to any positive constant that doesn’t deperfd and.s. Then, from a certain
cardinality ofQ ands onwards, the choice will be satisfactory. Here we have ctip$§ _; ¢ so as to suffice also for
small cardinalities. &
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REMARK 7 Let us show that, for example, the uniform distributloix) = 1/s (s= |s|) over the search termse s
is not universal, fos > 2. By the requiremeni ¢; > 1, the sum taken over the numteeof web authors in the list
4, there is an such that; > 1/a. Taking the uniform distribution on saysearch terms assigns probabilitysio
each of them. Now choosing a partition@fin a < sweb authors, there is an individual Google distributgpmvith
¢ > 1/a, and we must satisfg(x) > cigi(x). By the definition of universality of a probability mass fuion for the
list of individual Google probability mass functiogg we can choose the functiap freely (as long as > 2, and
there is another functiog; to exchange probabilities of search terms with). So chooseessearch term and set
gi(x) = 1, andg;(y) = O for all search termyg # x. Then, we obtairg(x) = 1/s> ¢igi(x) = 1/a. This yields the
required contradiction fos > a > 2. &

3.4 Universality of Normalized Google Distance

Every individual web author produces both an individual @ledlistributiong;, and arindividual Shannon-Fano code
G;j associated witly;, SectioZ.B, for the search terms.

DEFINITION 2 The associateimdividual normalized Google distand¢GD; of web authoii is defined according to
@@, with G; substituted foiG.

The normalized Google distanceusiversalfor the family of individual normalized Google distances the sense
that it is at least as small as the least individual normédlizeogle distance, with high probability. In TheorEm 2 we
show that, for everk > 1, the inequality

NGD(x,y) < BNGDi(x,y) +Y, (9)

with B = (min{G;i(x), Gi(y) —logk)/ min{G;(x), Gi(y) } andy = (logkN/N;)/ min{ G(x),G(y)}, is satisfied with prob-
ability going to 1 with growingk.

REMARK 8 To interpret[[P), we observe that in ca8gx) and Gj(y) are large with respect to ldg thenf3 =~ 1.

If moreover log\/N; is large with respect to Idg theny ~ (logN/N;)/ min{G(x),G(y)}. Let us estimatg under
reasonable assumptions. Without loss of generality as€(xe< G(y). If f(x) = |x|, the number of pages returned
on queryx, thenG(x) = log(N/f(x)). Thus,y = (logN —logN;)/(logN — log f (x)). The uniform expectation d¥}

is N/|-|, andN divided by that expectation & equals|4 |, the number of web authors producing web pages. The
uniform expectation of (x) is N/|s|, andN divided by that expectation of(x) equals|s|, the number of Google
search terms we use. Thus, the more the number of searchagoesds the number of web authors, the nyagees

to 0 in expectation. &

REMARK 9 To understand9), we may consider the code-lengths iedas the Google database changes over time.
It is reasonable to expect that both the total number of pagegell as the total number of search terms in the Google
database will continue to grow for some time. In this peribe, sum total probability mass will be carved up into
increasingly smaller pieces for more and more search teffin@ maximum singleton and doubleton codelengths
within the Google database will grow without bound. But timversality property of the Google distribution implies
that the Google distribution’s code length for almost alitigalar search terms will be within a negligible error oéth
best codelength among any of the individual web authors.siZeeof this gap will grow more slowly than the code-
length for any particular search term over time. Thus, ttdir@pspace that is suboptimal in the Google distribution’s
code is an ever-smaller piece (in terms of proportion) ofttii@l coding space. &

THEOREM 2 (i) For every pair of search terms ¥, the set of web authos for which (@) holds, hasy {Ni/N :i €
8} > (1-1/k)2. Thatis, if we select a web page uniformly at random from ¢hed etQ of web pages, then we have
probability > (1 — 1/k)? that @) holds for web author i that authored the selected web page.

(i) For every web author £ 4, the g-probability concentrated on the pairs of search terms foiak (@) holds is
at least(1— 2/k)?.

13



PrROOF The Shannon-Fano cod€s associated witlg; satisfyG(x) < Gj(x) +1ogN/N;i andG(x,y) < Gi(x,y) +
logN/N;. Therefore, substitutinG(x,y) by Gi(x,y) +1ogN/N; in @), we obtain

Gi(x,y) —max{G(x),G(y)} + logN/N;
min{G(x),G(y)} '

Markov’s Inequalitysays the following: Lep be any probability mass function; létbe any nonnegative function
with p-expected valu& = 5; p(i) f (i) < . ForE > 0 we havey;{p(i) : f(i)/E >k} < 1/k.

(i) Define a probability mass functiop(i) = N; /N for i € 4. For everyx € s, the Google probability mass value
g(x) equals the expectation of the individual Google probapbititass values at, that is, 5, p(i)gi(x). We can
now argue as follows: for everyas above, we can considefixed and use ¢;(x)” for “ f(i)”, and “g(x)” for “E”
in Markov’s Inequality. Theny{p(i) : gi(x)/9(x) > k} < 1/k, and therefor&;{p(i) : gi(x)/g(x) > k} > 1—-1/k.
Hence, there is &dependent subset of web authsss= {i € 2 : gi(x)/g(x) >k}, such that {p(i):ie 8} >1-1/k
and by definitiongi(x) > kg(x) for i € Bx. Then, fori € 8y, we haveG;(x) — logk < G(x). SubstituteG;(x) — logk
for G(x), with probability > (1 — 1/k) that Gj(x) — logk < G(x) for web authori that authored a web page that is
selected uniformly at roandom from the $etof all web pages. Recall thgt{p(i) :i € Bx} = S{Ni :i € Bx}/N.
Similarly this holds for search termwith respect to the equivalently defingg. The combination of search terms
x andy therefore satisfy botl®;(x) — logk < G(x) and G;(y) — logk < G(y), for i € 3 with 8 = 8,(By. Then,
s{piiies}=3{N:i€s8}/N>5{N:ie€s}/Nx5{N:iecs,}/N>(1-1/k)% Hence, the probability that
both search terms andy satisfy Gj(x) — logk < G(x) andG;(y) — logk < G(y), respectively, for web autharthat
authored a web page selected uniformly at random fris greater thatil — 1/k)?. Substitute botiG(x) andG(y)
according to these probabilistically satisfied inequeditin [ID), both in the max-term in the numerator, and in the
min-term in the denominator. This proves item (i).

(ii) Fix web authori € 2. We consider the conditional probability mass functigh{g) = g(x|x € 5) andg;(x) =
gi(X|x € 5) over single search terms: Theexpected value of (x)/g{(X) is

1 I
Z gl (X) gI/ (X)

NGD(x,y) < (10)

<1.

Then, by Markov's Inequality
. 1
S G0 g (X) < jgix)} > 1~ T (11)
X

Let Syes 9(X) =handy ., gi(x) = h;. Since the probability of an event of a doubleton set of detmens is not greater
than that of an event based on either of the constituentls¢amms, > h,h; > 1/2. Therefore, 8(x) > d'(x) > g(X)
and 3ji(x) > g{(x) > gi(x). Then, for the search termssatisfying [I1), we have

3 {6i(x) 1 9(x) < 2jgi(x)} > 1 Tl

For thex's with g(x) < 2jgi(x) we haveG; (x) < G(x) +log2j. Substitutes; (x) —log2j for G(x) (there isgi-probability
>1-1/jthatG;j(x) —log2j < G(x)) andG;(y) —log2j < G(y) in {0), both in the max-term in the numerator, and in
the min-term in the denominator. Noting that the tgygprobabilities(1— 1/ j) are independent, the totprobability
that both substitutions are justified is at lefst- 1/ ). Substitutingk = 2j proves item (ii).

O

Therefore, the Google normalized distance minorizes eavemynalized compression distance based on a particular
user’s generated probabilities of search terms, with higbability up to an error term that in typical cases is igibea

4 Introduction to Experiments

4.1 Google Frequencies and Meaning

In our first experiment, we seek to verify that Google pagent®gapture something more than meaningless noise.
For simplicity, we do not use NGD here, but instead look attflae Google probabilities of small integers in several
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Figure 1: Numbers versus log probability (pagecount/ M) uagety of languages and formats.

formats. The first format we use is just the standard numegpasentation using digits, for example “43". The next
format we use is the number spelled out in English, as inyftntee”. Then we use the number spelled in Spanish, as
in “cuarentay tres”. Finally, we use the number as digitsradaut now paired with the fixed and arbitrary search term
green. In each of these examples, we compute the probability athdarmx as f (x) /M. We plotted logf (x)/M)
againsix in Figure[d forx runs from 1 to 120. Notice that numbers such as even multgfle=n and five stand out in
every representation in the sense that they have much Higdugrency of occurrence. We can treat only low integers
this way: integers of the order #3®mostly don’t occur since there are not web pages enough tesept a noticeable
fraction of them (but Avogadro’s number0®22 x 10?3 occurs with high frequency both in letters and digits).

Visual inspection of the plot gives clear evidence thatdhigia positive correlation between every pair of formats.
We can therefore assume that that there is some underlyingste that is independent of the language chosen, and
indeed the same structure appears even in the restrictedtst those webpages that contain the search tgeen

4.2 Some Implementation Details

Before explaining our primary NGD results, a few implemdiotadetails should be clarified. When entering searches
in Google, a rich syntax is available whereby searches mayéssely constrained, se€ [7]. We use two important
features. If you enter the teravery generation in Google, it counts precisely the number of pages that donta
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both the wordeveryand the wordyeneration but not necessarily consecutively likeery generation. If you in-
stead entetevery generation", then this tells Google that both words must appear consetutAnother feature
that is important is the modifier. Google ignores common words and characters suthhese” and “how”, as well

as certain single digits and single letters. Prependindpefore a searchterm indicates that every result must ieclud
the following term, even if it is a term otherwise ignored bgpdgle. Experiments show thatery generation
and+"every" +"generation" give slightly different results, say 17,800,000 agains®0®,000. Some other ex-
periments show, that whatever the Google manual says, thehfar se ri der is slightly sensitive to adding spaces,
while+"horse" +"rider" is not. Therefore, we only use the latter form. Our transtafiom a tuple of search terms
into a Google search query proceeds in three steps: Firstutwdopble-quotes around every search term in the tuple.
Next, we prepend & before every term. Finally, we join together each of the ltasti strings with a single space.
For example, when using the search terms “horse” and “rjdeis converted to the Google search quetyor se”
+'rider”.

Another detail concerns avoiding taking the logarithm ofthough our theory conveniently allows for in this
case, our implementation makes a simplifying compromiséel\returningf (x) for a given search, we have two
cases. If the number of pages returned is non-zero, we retica this amount. If the pages is equal to 0, we do
not return O, but instead return 1. Thus, even though a page mlat exist in the Google index, we credit it half the
probability of the smallest pages that do exist in Googlds Gneatly simplifies our implementation and seems not to
result in much distortion in the cases we have investigated.

4.3 Three Applications of the Google Method

In this paper we give three applications of the Google methotsupervised learning in the form of hierarchical

clustering, supervised learning using Support Vector Ntaed) and matching using correlation. For the hierarchical
clustering method we refer t01[5], and the correlation mdtisowell known. For the supervised learning, several
techniques are available. For the SVM method used in thispag refer to the excellent expositian [2], and give a
brief summary in AppendikdA.

5 Hierarchical Clustering

For these examples, we used our software tool available/itgun/complearn.sourceforge.net/, the same tool that ha
been used in our earlier pap€rsilb, 4] to construct treegsepting hierarchical clusters of objects in an unsupedvis
way. However, now we use the normalized Google distance ( N@Btead of the normalized compression distance
( NCD ). Recapitulating, the method works by first calculgtindistance matrix using NGD among all pairs of terms
in the input list. Then it calculates a best-matching uneddéernary tree using a novel quartet-method style hegiristi
based on randomized hill-climbing using a new fitness oljedtinction optimizing the summed costs of all quartet
topologies embedded in candidate trees.

5.1 Colors and Numbers

In the first example, the objects to be clustered are seancis teonsisting of the names of colors, numbers, and some
tricky words. The program automatically organized the cotowards one side of the tree and the numbers towards
the other, Figurl2. It arranges the terms which have as oebning a color or a number, and nothing else, on the
farthest reach of the color side and the number side, rasphctit puts the more general terms black and white, and
zero, one, and two, towards the center, thus indicating there ambiguous interpretation. Also, things which were
not exactly colors or numbers are also put towards the cdikiethe word “small”. We may consider this an example
of automatic ontology creation.

5.2 Dutch 17th Century Painters

In the example of FigurEl 3, the names of fifteen paintings BBt Rembrandt, and Bol were entered. The names
of the associated painters were not included in the inputielrer they were added to the tree display afterward to
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Figure 2: Colors and numbers arranged into a tree using NGD .
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[ Steen Prince’s Day ] [ Steen Leiden Baker Arend Oostwaert ]

Steen Keyzerswaert ]
Steen The Merry Family

Rembrandt The Prophetess Anna

[ Steen Woman at her Toilet

[ Rembrandt The Stone Bridge

[ Steen Two Men Playing Backgammon

[ Rembrandt Portrait of Maria Trip

Bol Venus and Adonis ]

[ Rembrandt Hendrickje slapend ]
Rembrandt Portrait of Johannes Wtenbogaert

Figure 3: Fifteen paintings tree by three different past@ranged into a tree hierarchical clustering. In the exper
iment, only painting title names were used; the painter pi&fown in the diagram above was added afterwards as
annotation to assist in interpretation. The painters antipgs used follow. Rembrandt van Rijn : Hendrickje
slapend; Portrait of Maria Trip; Portrait of Johannes Wtendpert ; The Stone Bridge ; The Prophetess Anndan
Steen : Leiden Baker Arend Oostwaert ; Keyzerswaert ; Two Men Packgammon ; Woman at her Toilet ;
Prince’s Day ; The Merry Family; Ferdinand Bol : Maria Rey ; Consul Titus Manlius Torquatus ; Swartenhont ;
Venus and Adonis

demonstrate the separation according to painters. Thes afproblem has attracted a great deal of attenfioh [12].
A more classical solution is offered In[13], where a domgiecific database is used for similar ends. The present
automatic oblivious method obtains results that compamarébly with the latter feature-driven method.

6 SVM Learning

We augment the Google method by adding a trainable compafi¢hé learning system. Here we use the Support
Vector Machine ( SVM ) as a trainable component. For a brigbufuction to SVM 's see AppendXIA. We use
LIBSVM software for all of our SVM experiments.

The setting is a binary classification problem on examplesesented by search terms. We require a human expert
to provide a list of at least 40aining words consisting of at least 20 positive examples and 20 negakaeples,
to illustrate the contemplated concept class. The expsot@iovides, say, sianchor words g, ..., ag, of which half
are in some way related to the concept under consideratioen, we use the anchor words to convert each of the 40
training wordswy, . .. ,Wsg to 6-dimensionatraining vectorsvs, ..., V4. The entryv;j of vj = (vj 1,...,Vj ¢) is defined
asvji =NGD(w;,a;) (1<i<40,1< j <6). The training vectors are then used to train an SVM to lé@concept,
and then test words may be classified using the same anchibtsaared SVM model.

6.1 Emergencies

In the next example, Figuld 4, we trained using a list of emecges as positive examples, and a list of “almost
emergencies” as negative examples. The figure is self-+eafueay. The accuracy on the test set is 75%.

6.2 Learning Prime Numbers

In Figure[® the method learns to distinguish prime numbensfnon-prime numbers by example:
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Training Data

Positive Training (22 cases)

avalanche bomb threat broken leg burglary car collision
death threat fire flood gas leak heart attack
hurricane landslide murder overdose pneumonia
rape roof collapse sinking ship stroke tornado
train wreck trapped miners

Negative Training (25 cases)

arthritis broken dishwasher  broken toe catin tree conterhpourt
dandruff delayed train dizziness drunkenness  enumeration
flat tire frog headache leaky faucet littering
missing dog paper cut practical joke rain roof leak
sore throat sunset truancy vagrancy vulgarity
Anchors (6 dimensions)

crime happy help safe urgent

wash

Testing Results

Positive tests Negative tests
Positive assault, coma, menopause, prank call,
Predictions electrocution, heat stroke,  pregnancy, trggfn

homicide, looting,
meningitis, robbery,

suicide
Negative sprained ankle acne, annoying sister,
Predictions campfire, desk,
mayday, meal
Accuracy 15/20 = 75.00%

Figure 4: Google- SVM learning of “emergencies.”
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Training Data

Positive Training (21 cases)

11 13 17 19 2
23 29 3 31 37
41 43 47 5 53
59 61 67 7 71
73

Negative Training (22 cases)

10 12 14 15 16
18 20 21 22 24
25 26 27 28 30
32 33 34 4 6
8 9

Anchors (5 dimensions)

composite number orange prime record

Testing Results

Positive tests Negative tests
Positive 101, 103, 110
Predictions 107, 109,
79, 83,
89, 91,
97
Negative 36, 38,
Predictions 40, 42,
44, 45,
46, 48,
49
Accuracy 18/19 = 94.74%

Figure 5: Google- SVM learning of primes.
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The prime numbers example illustrates several commonresatf our method that distinguish it from the strictly
deductive techniques. It is common for our classificatianbé good but imperfect, and this is due to the unpre-
dictability and uncontrolled nature of the Google disttibo.

6.3 WordNet Semantics: Specific Examples

To create the next example, we used WordNet. WordNet is arggmtancordance of English. It also attempts to focus
on the meaning of words instead of the word itself. The catege want to learn, the concept, is termed “electrical”,
and represents anything that may pertain to electroniggiréli®. The negative examples are constituted by simply
everything else. This category represents a typical expan$ a node in the WordNet hierarchy. The accuracy on the
test set is 100%: It turns out that “electrical terms” aremhuous and easy to learn and classify by our method.

In the next example, Figu@ 7, the concept to be learned igivas”. Here the positive examples are terms that
are commonly considered as pertaining to religious itemsotions, the negative examples are everything else. The
accuracy on the test set is 88.89%. Religion turns out to $®eueequivocal and unambiguous than “electricity” for
our method.

Notice that what we may consider to be errors, can be explaorepoint at, a secondary meaning or intention of
these words. For instance, some may consider the word “shé’pto be full of religious connotation. And there has
been more than one religion that claims to involve “earthA@®mponent. Such examples suggest to use the method
for exploratory semantics: establishing less commonsigharatic, or jargon meaning of words.

6.4 WordNet Semantics: Statistics

The previous examples show only a few hand-crafted speasgisc To investigate the more general statistics, a method
was devised to estimate how well the NGD -Google- SVM appraagrees with WordNet in a large number of
automatically selected semantic categories. Each auitatipigenerated category followed the following sequence

First we must review the structure of WordNet; the followiagparaphrased from the official WordNet documen-
tation available online. WordNet is called a semantic codance of the English language. It seeks to classify words
into many categories and interrelate the meanings of thasdsy WordNet contains synsets. A synset is a synonym
set; a set of words that are interchangeable in some cottesduse they share a commonly-agreed upon meaning
with little or no variation. Each word in English may have malifferent senses in which it may be interpreted; each
of these distinct senses points to a different synset. Bwergl in WordNet has a pointer to at least one synset. Each
synset, in turn, must point to at least one word. Thus, we hawany-to-many mapping between English words and
synsets at the lowest level of WordNet. It is useful to thifikynsets as nodes in a graph. At the next level we have
lexical and semantic pointers. Lexical pointers are nog¢gtigated in this paper; only the following semantic painte
types are used in our comparison: A semantic pointer is simplirected edge in the graph whose nodes are synsets.
The pointer has one end we cakaurceand the other end we calldestination The following relations are used:

1. hyponym: X is a hyponym of Y if X is a (kind of) Y.

2. part meronym: X is a part meronym of Y if X is a part of Y.

3. member meronym X is a member meronym of Y if X is a member of VY.
4

. attribute : A noun synset for which adjectives express values. The maight is an attribute, for which the
adjectivedight andheavyexpress values.

5. similar to : A synset is similar to another one if the two synsets haveninga that are substantially similar to
each other.

Using these semantic pointers we may extract simple caggfar testing. First, a random semantic pointer (or
edge) of one of the types above is chosen from the WordNebads¢a Next, the source synset node of this pointer
is used as a sort of root. Finally, we traverse outward in adtrefirst order starting at this node and following only
edges that have an identical semantic pointer type; thittise original semantic pointer was a hyponym, then we
would only follow hyponym pointers in constructing the @atey. Thus, if we were to pick a hyponym link initially
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Training Data

Positive Training
Cottrell precipitator
attenuator

brush

control board
electric circuit
electrical fuse
filter

instrument panel
precipitator
security

solar panel
transmitting aerial

Negative Training
Andes
Gibbs
Quakeress
affecting
capitals
deeper
exclamation
introduces
monster
repudiate
sob

Anchors
bumbled
swimmers

(58 cases)
Van de Graaff generator Wimshursthiae
ballast battery
capacitance capacitor
control panel distributer

electrical circuit
electrical relay
flasher
jack
reactor
security measures
spark arrester
transponder

(55 cases)
Burnett
Hickman
Southernwood
aggrieving
concluding
definitions
faking
kappa
parenthesis
retry
swifter

(6 dimensions)
distributor

Testing Results

aerial

bimetallic strip
circuit
electric battery

electrical condenserelectrical device

electrograph
fuse
light ballast
rectifier
security system
spark plug
zapper

Diana
Icarus
Waltham
attractiveness
constantly
dimension
helplessness
maims
pinches
royalty
teared

premeditation

Positive tests

electrisgenerator
inductance
load
relay
solar array
sparking plug

DuPonts
Lorraine
Washington
bearer
conviction
discounting
humidly
marine
predication
shopkeepers
thrashes

resistor

Negative tests

Positive
Predictions

cell, male plug,

panel, transducer,

transformer

Negative
Predictions

Accuracy

10/10 = 100.00%

Boswellizes, appointer,
enforceable, greatness,
planet

Figure 6: Google- SVM learning of “electrical” terms.
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antenna
board
condenser
lectric cell
electrical distributor
electrostatic machine
inductor
plug
resistance
ar battery

suggres

Friesland
Madeira
adventures
boll
damming
distinctness
hurling
moderately
prospect
soap
tuples

suppressor



Training Data

Positive Training (22 cases)

Allah Catholic Christian Dalai Lama God

Jerry Falwell Jesus John the Baptist Mother Theresa Muhamma
Saint Jude The Pope Zeus bible church
crucifix devout holy prayer rabbi

religion sacred

Negative Training (23 cases)

Abraham Lincoln ~ Ben Franklin Bill Clinton Einstein Georgeaghington
Jimmy Carter John Kennedy  Michael Moore  atheist dictionary
encyclopedia evolution helmet internet materialistic
minus money mouse science secular
seven telephone walking

Anchors (6 dimensions)

evil follower history rational scripture

spirit

Testing Results

Positive tests

Negative tests

Positive altar, blessing, earth, shepherd
Predictions communion, heaven,
sacrament, testament,
vatican
Negative angel Aristotle, Bertrand Russell,
Predictions Greenspan, John,
Newton, Nietzsche,
Plato, Socrates,
air, bicycle,
car, fire,
five, man,
monitor, water,
whistle
Accuracy 24/27 = 88.89%

Figure 7: Google- SVM learning of “religious” terms.
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that says diger is acat, we may then continue to follow further hyponym relatiomshin order to continue to get
more specific types of cats. See the WordNet homepage [28jhdeatation for specific definitions of these technical
terms. For examples of each of these categories consulkpiegiments listed in the Appendix ai [3].

Once a category is determined, it is expanded in a breadtlvégsuntil at least 38 synsets are within the category.
If the category cannot be expanded this far, then a new onlgoiseti. Once a suitable category is found, and a set
of at least 38 members has been formed, a training set isscreatng 25 of these cases, randomly chosen. Next,
three are chosen randomly as anchors. And finally the rentabein are saved as positive test cases. To fill in the
negative training cases, random words are chosen from tmdNeb database. Next, three random words are chosen
as unrelated anchors. Finally, 10 random words are choseegadive test cases.

For each case, the SVM is trained on the training samplesgectad to 6-dimensional vectors using NGD . The
SVM is trained on a total of 50 samples. The kernel-width amdrecost parameters are automatically determined
using five-fold cross validation. Finally testing is perfoed using 20 examples in a balanced ensemble to yield a final
accuracy.

There are several caveats with this analysis. It is nedgssaugh, because the problem domain is difficult to
define. There is no protection against certain randomly emagegative words being accidentally members of the
category in question, either explicitly in the greaterdtepansitive closure of the category, or perhaps impliditl
common usage but not indicated in WordNet. In several caseh, as “radio wave” and “DC” in the “big science” ex-
periment, there appears to be an arguable case to suppoadrttpiter’s classification in cases where this phenomenon
occurs. Another detail to notice is that WordNet is avagabrough some web pages, and so undoubtedly contributes
something to Google pagecounts. Further experiments comgpt&ie results when filtering out WordNet images on
the web suggest that this problem doesn’t usually affectdisalts obtained, except when one of the anchor terms
happens to be very rare and thus receives a non-negligibtelwation towards its page count from WordNet views.
In general, our previous NCD based methods, aslin [5], eklaittie-granularity artifacts at the low end of the scale;
for small strings we see course jumps in the distribution o€ DNfor different inputs which makes differentiation
difficult. With the Google-based NGD we see similar problemhen page counts are less than a hundred.

We ran 100 experiments. The actual data are availablé a®{3jistogram of agreement accuracies is shown in
Figure[3. On average, our method turns out to agree well WwithWordNet semantic concordance made by human
experts. The mean of the accuracies of agreements is 0.8l#&bvariance isz 0.01367, which gives a standard
deviation of~ 0.1169. Thus, it is rare to find agreement less than 75%. Thesétseonfirm that we are able to
perform a rudimentary form afeneralizationwithin aconceptual domaiprogrammatically using Google. For hand-
crafted examples it performed comparably, and so this sigdgeat there may be latent semantic knowledge. Is there
a way to use it?

7 Matching the Meaning

Yet another potential application of the NGD method is inunaltlanguage translation. (In the experiment below
we don'tuse SVM s to obtain our result, but determine catiehs instead.) Suppose we are given a system that
tries to infer a translation-vocabulary among English apdriish. Assume that the system has already determined
that there are five words that appear in two different matc®edences, but the permutation associating the English
and Spanish words is, as yet, undetermined. This settingudaa in real situations, because English and Spanish
have different rules for word-ordering. Thus, at the outseissume a pre-existing vocabulary of eight English words
with their matched Spanish translation. Can we infer theembipermutation mapping the unknown words using the
pre-existing vocabulary as a basis? We start by forming anDNatrix using additional English words of which
the translation is known, Figufé 9. We label the columns leyttanslation-known English words, the rows by the
translation-unknown words. The entries of the matrix are tiGD ’s of the English words labeling the columns
and rows. This constitutes the English basis matrix. Nestsler the known Spanish words corresponding to the
known English words. Form a new matrix with the known Spamisinds labeling the columns in the same order as
the known English words. Label the rows of the new matrix bgaging one of the many possible permutations of
the unknown Spanish words. For each permutation, form theDMtatrix for the Spanish words, and compute the
pairwise correlation of this sequence of values to eache¥#iues in the given English word basis matrix. Choose
the permutation with the highest positive correlation.hére is no positive correlation report a failure to exteral th
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accuracy

Figure 8: Histogram of accuracies over 100 trials of Wordélgteriment.

Given starting vocabulary

English  Spanish
tooth diente
joy alegria
tree arbol
electricity  electricidad
table tabla
money dinero
sound sonido
music musica
Unknown-permutation vocabulary
plant bailar
car hablar
dance amigo
speak coche
friend planta

Figure 9: English-Spanish Translation Problem
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English  Spanish
plant planta
car coche
dance bailar
speak hablar
friend amigo

Predicted (optimal) permutation

Figure 10: Translation Using NGD

vocabulary. In this example, the computer inferred theexipermutation for the testing words, see Figuie 10.

8 Conclusion

A comparison can be made with t@gcproject [14]. Cyc, a project of the commercial venture Cyxdries to create
artificial common sense. Cyc’s knowledge base consists mdifads of microtheories and hundreds of thousands of
terms, as well as over a million hand-crafted assertionttemriin a formal language called CycL [20]. CycL is an
enhanced variety of first-order predicate logic. This kremlge base was created over the course of decades by paid
human experts. Itis therefore of extremely high qualityoGle, on the other hand, is almost completely unstructured,
and offers only a primitive query capability that is not Hgdlexible enough to represent formal deduction. But what

it lacks in expressiveness Google makes up for in size; Gooat already indexed more than eight billion pages and
shows no signs of slowing down.

Epistemology: In the case of context-free statistical compression suclyza , we are trying to approximate
the Kolmogorov complexity of a string. Another way of debang the calculation is to view it as determining a
probability mass function (viewing the compressed stringShannon-Fano code, Sectlonl 2.3), approximating the
universal distributionthat is, the negative exponential of the Kolmogorov comipfdL9]. The universal probability

of a given string can equivalently be defined as the prolglifilat the reference universal Turing machine outputs the
string if its input program is generated by fair coin flips.dsimilar manner, we can associate a particular Shannon-
Fano code, th&oogle codewith the Google probability mass function. Coding evergrsé term by its Google
code, we define a “Google compressor.” Then, in the spiriteafti®n[3.2, we can view the Google probability mass
function as a universal distribution for the individual Gb@ probability mass functions generated by the individual
web authors, substituting “web authors” for “Turing maash

Concerning the SVM method: The Google-SVM method does not use an individual word iraisoh, but instead
uses an ordered list of its NGD relationships with fixed amshorlhis then removes the possibility of attaching
to the isolated (context-free) interpretation of a liteb&m. That is to say, the inputs to our SVM are not directly
search terms, but instead an image of the search term thitheglens of the Google distribution, and relative to
other fixed terms which serve as a grounding for the term. Iatrachools of ontological thought, and indeed in the
WordNet database, there is imagined a two-level struchatdharacterizes language: a many-to-many relationship
between word-forms or utterances and their many possibénings. Each link in this association will be represented
in the Google distribution with strength proportional toahoommon that usage is found on the web. The NGD
then amplifies and separates the many contributions towthedaggregate page count sum, thereby revealing some
components of the latent semantic web. In almost everyimdbtheory of cognition we have the idea of connectedness
of different concepts in a network, and this is preciselystracture that our experiments attempt to explore.

Universality: The Google distribution is a comparable notion, in the ceindé the world-wide-web background
information, to the universal distribution: The univerdatribution multiplicatively dominates all other didititions

in that it assigns a higher weight to some elements when gpiptely scaled. This suggests that it covers every-
thing without bound. Google surely represents the largelligly-available single corpus of aggregate statistarad
indexing information so far created. Only now has it beeraghenough to collect this vast quantity of data, and it
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seems that even rudimentary analysis of this distributielulg a variety of intriguing possibilities. One of the silexgt
avenues for further exploration must be to increase trgisample size, because it is well-known that SVM accuracy
increases with training sample size. It is likely that thipeach can never achieve 100% accuracy like in principle
deductive logic can, because the Google distribution mrhmmankind’s own imperfect and varied nature. But it is
also clear that in practical terms the NGD can offer an eagytagrovide results that are good enough for many
applications, and which would be far too much work if not irapible to program in a foolproof deductive way.

The Road Ahead: We have demonstrated that NGD can be used to extract meanegariety of ways from
the statistics inherent to the Google database. So farf alotechniques look only at the page count portion of
the Google result sets and achieve surprising results. Hoehrmore amazing might it be when the actual contents
of search results are analyzed? Consider the possibilitxsioly WordNet familiarity counts to filter returned search
results to select only the least familiar words, and thengiiese in turn as further inputs to NGD to create automatic
discourse or concept diagrams with arbitrary extensionp&haps this combination can be used to expand existing
ontologies that are only seeded by humans. Let us list sortteediiture directions and potential application areas:

1. There seems to also be an opportunity to apply these gaoesito generic language acquisition, word sense
disambiguation, knowledge representation, contengfitin and collaborative filtering, chat bots, and discourse
generation.

2. There are potential applications of this technique toisetalligent user-interface design; for predictive com-
pletion on small devices, speech recognition, or handwgitecognition.

3. Auser interface possibility is the idea of concept-clasgramming for non-programmers, or software to form
a conceptual predicate by way of example without forcinguber to learn a formal programming language.
This might be used, for example, in a network content fikratsystem that is installed by non-programmer
parents to protect their young children from some parts efititernet. Or perhaps an IT manager is able to
adjust the rule determining if a particular email messagevgll-known virus and should be filtered without
writing explicit rules but just showing some examples.

4. How many people are able to write down a list of prime nuralzer shown in an earlier test case, Fiddre 5,
compared to how many people are able to write a program inlgpregramming language that can calculate
prime numbers? Concept clustering by example is signifigaimpler than any formal programming language
and often yields remarkably accurate results without afortedit hand-tuning parameters.

5. The colors versus numbers tree example, Fijure 2, is itfepossibilities. A major challenge of the Semantic
Web and XML as it stands is in integrating diverse ontologiesated by independent entiti€$ [9]. XML makes
the promise of allowing seamless integration of web sesvida customized structured tags. This promise is
for the most part unrealized at this point on the web, howédwerause there is not yet sufficient agreement on
what sets of XML tags to use in order to present informatiohemwtwo different parties each build databases
of recipes, but one organizes the recipes according to toeintry of origin and another according to their
sweetness or savory flavor, these two databases cannotr&tani@” one another insofar as they may exchange
recipes. XML allows us to format our data in a structured wayt, fails to provide for a way for different
structure conventions to interoperate. There have beel attgmpts to solve this and none have been satisfac-
tory. Usually solutions involve mapping the separate sawimo some sort of global schema and then creating
a global standardization problem that requires significaatrdinated effort to solve. Another approach is to
create a meta-language like DAML that allows for automasmslation among certain very similar types of
ontologies, however this requires a great deal of effortfanethought on the part of the schema designers in
advance and is brittle in the face of changing ontologiesu®yg NGD we may create a democratic and natural
ontology for almost any application in an unsupervised Viaythermore, if instead we want finer control over
the ontological organization, then a human expert may deftwestom ontology and then NGD may be used to
provide a normal, global, and automatic reference framleimvitshich this ontology may be understood without
additional costly human effort. So, for example, NGD may bediin the recipe example above, Figlire 9,
[IJ, to automatically “understand” the difference betwe&himese or Mediterranean recipe, and could thus be
used to automatically translate between the two confliatimplogies.
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6. Another future direction is to apply multiple concurrdéimary classifiers for the same classification problem
but using different anchors. The separate classificatiomddvhave to be combined using a voting scheme,
boosting scheme, or other protocol in an effort to boost ey
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A Appendix: Support Vector Machines

Support Vector Machines have gained enormous popularitgdnhine learning in recent yeals [2]. They represent
a way to learn a classification or regression problem by exanapd are comparable to neural networks in that they
have the capacity to learn any function. They are large-maitgssifiers. They take as input a listleflimensional
vectors, and output a single scalar value. In order to leamn SVM solves a convex optimization problem that is
closely related to a simpler classification engine termedsttparating hyperplane. In this setting, we are given a set
of k-dimensional vectorg; each labeleg; which is 1 or—1 according to the classification. For a particular problem,
a discriminating hyperplang is one that creates a decision function that satisfies thstiont for alli:

yi(Xi-w—+b)—1>0

If no such separating hyperplane exists, then we term tmeiteaproblendinearly inseparable Many real-world
learning problems, such as the famous exclusive-or functice linearly inseparable. There are many strategies for
dealing with this issue. Support Vector Machines use a neali kernel function to address this issue. By creating a
kernel functionk(x,y) that satisfies th&lercer condition we may substantially enhance the power of the separating
hyperplane. A kernel function defines an inner-product ennlput space, and then this inner product may be used to
calculate many higher-power terms of combinations of sasl the input space. This forms a higher-dimensional
space, and it is well-known that once this space is made kBmgagh, there will be a separating hyperplane. In our
SVM experiments, we use a Radial Basis Function (RBF) kerfgk allows the SVM to learn any function given
enough training data.

There are two parameters that control the learning of the SWKk first relates to the kernel function. An RBF,
or Radial Basis Function, kernel assumes the value 1 whettevéwo input vectors are equal. If they are unequal, it
decays slowly towards 0 in a radially symmetric way:

K(X. , XJ) — efHXi*Xj HZ/ZGZ

Here,a is a parameter that controls the rate of decay or width of #raedd function. Because of the exponential
form, the effective dimension of an RBF kernel is potengiaiffinite and thus this kernel can be used to approximate
any continuous function to an arbitrary degree of accurabys parameter must be set before the learning can begin
with an SVM . Another parameter relates to how misclassifigidtg are handled in the training data; Though it is
always possible to simply continue to make the kernel widtlaler and the expanded space larger until the SVM
becomes essentially a lookup-table, this is often not thet fteategy for learning. An alternative is to define a cost
parameter and allow this to adjust the tolerance for misiiad points in the training data. This allows the SVM to
generalize well even in the presence of noisy data. Thismarstmeter, often called must also be defined before
training can begin.

We selecta andc using a grid searching technique. For each of these paresnétés appropriate to search
dozens of powers of two. Together, this creates a grid withdhed of different parameter settings. We use five-fold
cross-validation to select which of these grid points dafthe optimal parameter setting. First the data is dividad in
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five random partitions: A, B, C, D, E. Then, for each candiga@eameter setting or grid point, we run five different
training runs. On the first run, we train on B, C, D, and E, arahtive determine an accuracy using part A. Next, we
train on A, C, D, E and test with B. We continue in this way angltlaverage all five test scores to arrive at an estimate
of how well the learning process performed. Once this p®iedone for all training data, we may just choose one of
the grid points that attains a maximum accuracy.
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