US007383258B2

a2 United States Patent (10) Patent No.:  US 7,383,258 B2

Harik et al. 45) Date of Patent: Jun. 3, 2008
(54) METHOD AND APPARATUS FOR 6,137,911 A 10/2000 Zhilyaev ......c.cccoveveneeee 382/225
CHARACTERIZING DOCUMENTS BASED 6,651,054 Bl 11/2003 Judicibus .......ccccccceeueeen. 707/3
ON CLUSTERS OF RELATED WORDS 6,684,205 Bl 1/2004 Modha et al. . ... 707/3
6,751,611 B2 6/2004 Krupin ....ccccceeveeeneeeeeennn. 707/3
(75) Inventors: Georges Harik, Mountain View, CA 6,820,093 B2  11/2004 de la Huerga .... 707/104.1
(US); N M. Sh Mountai 7,013,298 Bl 3/2006 De La Huerga ............... 707/3
() xoam YL Shazeer, Mountain 2002/0120619 Al 8/2002 Marso et al. ... .. 70773
View, CA (US) 2003/0037041 AL*  2/2003 Herz ...o.oovvovvrrrrrrrrooee 707/1
2003/0088562 Al* 5/2003 Dill tal. oo 707/5
(73) Assignee: Google, Inc., Mountain View, CA (US) ronea
(*) Notice: Subject to any disclaimer, the term of this OTHER PUBLICATIONS
patent is extended or adjusted under 35 Publication entitled “Hidden Markov decision trees”, by Michael I.
U.S.C. 154(b) by 665 days. Jordan et al., 1997, Center for Biological and Computational
Learning Massachusetts Institute of Technology and Department of
(21) Appl. No.: 10/676,571 Computer Science, University of Toronto Canada.
(22) Filed:  Sep. 30, 2003 (Continued)
Primary Examiner—Diane Mizrahi
(65) Prior Publication Data (74) Antorney, Agent, or Firm—Park, Vaughan & Fleming
US 2004/0068697 A1 Apr. 8, 2004 LLP
Related U.S. Application Data 7 ABSTRACT
(60)  Provisional application No. 60/416,144, filed on Oct. One embodiment of the present invention provides a system
3, 2002. characterizes a document with respect to clusters of con-
51y Int. Cl1 ceptually related words. Upon receiving a document con-
Gh Gn 0;$F 1 3/30 2006.01 taining a set of words, the system selects “candidate clus-
( 01) ) ters” of conceptually related words that are related to the set
(52) U..S. Cl ... s e 707/5;707/102 of words. These candidate clusters are selected using a
(58) Field of Classification Search .............. 707/1-10, model that explains how sets of words are generated from
o 707/ 100*1041; 200-206 clusters of conceptually related words. Next, the system
See application file for complete search history. constructs a set of components to characterize the document,
(56) References Cited wherein the set of components includes components for

U.S. PATENT DOCUMENTS

candidate clusters. Each component in the set of components
indicates a degree to which a corresponding candidate
cluster is related to the set of words.

5,794,050 A 8/1998 Dabhlgren et al. ........... 395/708
5,815,830 A 9/1998 Anthony
6,078,914 A 6/2000 Redfern 60 Claims, 16 Drawing Sheets

CONSTRUCT EVIDENCE TREE
STARTING FROM TERMINAL NODES
ASSOCIATED WITH SET OF WORDS
AND FOLLOWING LINKS TO PARENT

NODES
2302

v

USE EVIDENCE TREE TO ESTIMATE
LIKELIHOOD THAT EACH PARENT
CLUSTER IS ACTIVE IN GENERATING
SET OF WORDS
2304

v

SELECT PARENT CLUSTER NODES TO
BE CANDIDATE CLUSTER NODE BASED
UPON ESTIMATED LIKELIHOODS
2306

RETURN




US 7,383,258 B2
Page 2

OTHER PUBLICATIONS

Publication entitled “Asymptotic Model Selection for Directed
Networks with Hidden Variables,” by Dan Geiger et al., May 1996,
Technical Report MSR-TR-96-07, Microsoft Research, Advanced
Technology Division.

Publication entitled Learning Bayesian Networks: The Combination
ofg Knowledge and 9, Microsoft Research, Advanced Technology
Division.

Publication entitled “Estimating Dependency Structure as a Hidden
Variable”, by Marina Meila et al., Massachusetts Institute of Tech-
nology, A.I. Memo No. 1648, C.B.C.L. Memo No. 165, Sep. 1998.
Graham, 1., The HTML Sourcebook, John Wiley & Sons, 1995
(ISBN 0471118494) (pages on “partial URLs” and “BASE ele-
ment”, e.g., pp. 22-27; 87-88; 167-168).

Thistlewaite, P., Automatic construction and management of large
open webs, Information Processing and Management: an Interna-
tional Journal, vol. 33, Issue 2, Mar. 1997, pp. 161-173 (ISSN
0306-4573).

Myka, A., Automatic Hypertext Conversion of Paper Document
Collections (ch. 6), Digital Libraries Workshop DL *94, Newark NJ,
May, 1994 (selected papers), pp. 65-90.

Mills, T., Providing world wide access to historical sources, Com-
puter Networks and ISDN Systems, vol. 29, Nos. 8-13, Sep. 1997,
pp. 1317-1325.

* cited by examiner



US 7,383,258 B2

Sheet 1 of 16

Jun. 3,2008

U.S. Patent

GREY SKIES

FIG. 1

ELEPHANT

SKIES

Soteteteletl
Yot teteteleds
RIS
Welatetels!

 $a %%

GREY
FIG. 2

ELEPHANT

WYOMING

CALIFORNIA

ALASKA

FIG. 3



U.S. Patent Jun. 3, 2008 Sheet 2 of 16 US 7,383,258 B2

C,—»C, oo C,—»C, C,»T, ves C»Ty
CyoT, cee CyoTy, GLOBAL NODES
' session1! | SESSION 2|

ACTIVE TERMINALS ACTIVE TERMINALS

FIG. 4



U.S. Patent Jun. 3, 2008 Sheet 3 of 16 US 7,383,258 B2

U-C, U-C,

FIG. 5

FIG. 6



U.S. Patent

Jun. 3,2008

Sheet 4 of 16

0.1

0.3

FIG. 7A

US 7,383,258 B2



U.S. Patent Jun. 3, 2008 Sheet 5 of 16 US 7,383,258 B2

U—C, C,—oT

(0.1, 1.0) (0.1, 1.0}4 (0.2, 0.8)

FIG. 10



U.S. Patent Jun. 3, 2008 Sheet 6 of 16 US 7,383,258 B2

C,»T ( C»T )

(r11 s_1) (rZI SZ)
ry*s,=q, 1,°S,=0,

P(C, | REST OF NETWORK) =P, P(C, | REST OF NETWORK) = P,

NEW NEW YORK YORK

FIG. 12



U.S. Patent Jun. 3, 2008 Sheet 7 of 16 US 7,383,258 B2

-~
.

..

!SPARSE LINK
/ MESSAGE e

. ACTIVATIONOF C IS a
(PROBABILITY OF C IS p)

T EXTRA ADJUSTMENT
MESSAGE = e

FIG. 13

C—CALIFORNIA C—BERKELEY C—SAN FRANCISCO

..............

..............

CANADA

(500N

Saleleleleleletete%.

‘eleteteleleleteteta%e
LSOOI

SAN FRANCISCO

CALIFORNIA BERKELEY

FIG. 14



U.S. Patent Jun. 3, 2008 Sheet 8 of 16 US 7,383,258 B2

O1(Cl)

O1(elephant)-#terminals O1(grey)+#terminals

ELEPHANT GREY

FIG. 15.1

01(C,)

O1(elephant)«#T O1(mouse)*#T

ELEPHANT GREY MOUSE

FIG. 15.2A

01(C))

O1(elephant)*#T O1(mouse)*#T

FIG. 15.2B



U.S. Patent Jun. 3, 2008 Sheet 9 of 16 US 7,383,258 B2

Current (60) Los1012345678910111213341516171819202172232425262728293031323334353637383940414243444546
47484950515253545556575859 random

I Phil Search I

Model of 1378939 clusters

595417600 CANADA

36464964 [ john david mark paul michael scott

29024010 [ free sex porn pics movies xxx

21810398 [ uk england london in-the-uk Itd friends-reunited
17580210 [ pictures of picture photos plts images

15994938 [ lyrics song lyric songs by midi

13239308 [ download exe windows-media-player microsoft winzip zip
10754172 [_and education socinl research studies theory

10019350 [ a the is 1o that you

9922017 | nude naked pics pictures photos pamelo-andersgn
9749012 [ parts car cars outo performance automobile

7980547 [ jennifer liso amy michelle saroh jessica |

7880218 [ linux howto rpm mandrake freebsd redhat

7734638 [ john willigm jomes thomas george charles |

7286616 [ windows-2000 server setup win2k network problem }
6892531 [ the in of from history life
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438108 in girls thongs bikinis women teens ] (0.332871, inf)
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304518 [_stores store jn retail shops online ] {0.100259, inf)
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264904 the of in and role women ] (0.110803, inf)
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194042 in jobs for india it bangalore ] (0.165299, inf)
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155791 [ education in schools school children elementary ] (0.135335, inf)
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93810 [ accommodotion accornodation in bed-and-breakfost b&b accomadation ] (0.0742736, inf)
85136 [ lows low in for on legal ] (0.0742736, inf)
83956 [ in pain and on back with ] {0.090718, inf)
83808 [ in things-to-de-in activities attractions things-to-do fun ] (0.301194, inf)
81116 [ in events london 2001 2002 may_] {0.100259, inf)

80088 [ in places places-to-visit visit places-to-go sites } (0.22313, inf)
719652 [_underwear men in briefs sppedos boys_] {0.110803, inf)

FIG. 19



U.S. Patent Jun. 3, 2008 Sheet 13 of 16 US 7,383,258 B2

Phil: /search?iteration=60&q=palo+alto+restaurants&btnG=Phil+Search
Corrent (60) Losi01234567891011]2131415161718192021 2223242526 27 28 29 30 31 32 33 34 35 36 37 38 39 40 41 42 43 44 45 46
474849505152535455 56575859  random

palo aito restaurants

Phil Search '

QUERY: palo alto restaurants
palo-alio 15.262480/12747397/9.978931 [CANADA]
restaurants 14.108328/3.750645/8.187777 [CANADA

network description: -19.019948
Session graph: 8 nodes; 16 edges; 4 segment: 0.000080 secs setup: 0.001456 secs

0.746516 0.746516 0.593943 [_restaurcnis in resturants resjuaronts dining best

0.682912 0.682912 0.390506 [ san-jose ca sunnyvol ta-clare bay-area mountain-view

0.374688 0.374688 0.203739 [ palo-olic menlg-park restavrant evvia polo stroights-cafe |
0.253490 0.253490 0.067851 [ restouront san-francisco restaurants bacar gary-danko boulevard

1.000000 2.000000 0.065285 CANADA

0.031717 0.031717 0.001060 [ colifornia o bay-area san-jose san-francisco oakland ]
Query matched 8 clusters

Considered 6 dusters in 0.000313 seconds. lterntions: §

Detailed Iteration Graphs

—

git: 0 1 2 3 ALL
: L

-]
>
=
—
I~
[ L]
-
—

FIG. 20



U.S. Patent Jun. 3, 2008 Sheet 14 of 16 US 7,383,258 B2

~ ORDER ONE PROBABILITY TABLE 2102

~ PARENT TABLE 2104

~ CHILD TABLE 2106

* 0

~ LINK TABLE 2108

LN BN

FIG. 21



U.S. Patent Jun. 3, 2008 Sheet 15 of 16 US 7,383,258 B2

Y.

RECEIVE DOCUMENT CONTAINING SET CONSTRUCT EVIDENCE TREE
OF WORDS STARTING FROM TERMINAL NODES
2202 ASSOCIATED WITH SET OF WORDS
AND FOLLOWING LINKS TO PARENT
v NODES
SELECT CANDIDATE CLUSTERS 2302
FROM PROBABILISTIC MODEL T
2204
USE EVIDENCE TREE TO ESTIMATE
v LIKELIHOOD THAT EACH PARENT
CONSTRUCT VECTOR TO CLUSTER IS ACTIVE IN GENERATING
CHARACTERIZE DOCUMENT SET OF WORDS
INCLUDING COMPONENTS FOR 2304
CANDIDATE CLUSTERS
2208 v
SELECT PARENT CLUSTER NODES TO
v BE CANDIDATE CLUSTER NODE BASED
USE VECTOR TO FACILITATE UPON ESTIMATED LIKELIHOODS
OPERATIONS RELATED TO DOCUMENT 2306
2208

RETURN

FIG. 22 FIG. 23

END



U.S. Patent Jun. 3, 2008

2206

SELECT STATES FOR
PROBABILISTIC MODEL THAT ARE
LIKELY TO HAVE GENERATED SET

OF WORDS
2402

CONSIDER ONLY SELECTED STATES IN
APPROXIMATING THE PROBABILITY
THAT A GIVEN CANDIDATE CLUSTER IS
ACTIVE IN GENERATING THE SET OF
WORDS
2404

Sheet 16 of 16

US 7,383,258 B2

2402

RANDOMLY SELECT STARTING STATE
FOR PROBABILISTIC MODEL
2502

v

RETURN

FIG. 24

PERFORM HILL CLIMBING OPERATIONS
TO REACH STATE THAT IS LIKELY TO
HAVE GENERATED SET OF WORDS
2504

RETURN

FIG. 25



US 7,383,258 B2

1

METHOD AND APPARATUS FOR
CHARACTERIZING DOCUMENTS BASED
ON CLUSTERS OF RELATED WORDS

RELATED APPLICATION

This application hereby claims priority under 35 U.S.C.
§119 to U.S. Provisional Patent Application No. 60/416,144,
filed on 03 Oct. 2002, entitled “Methods and Apparatus for
Probabilistic Hierarchical Inferential Learner,” by inventors
Georges Harik and Noam Shazeer (Attorney Docket No.
GOOGLE-00600).

BACKGROUND

1. Field of the Invention

The present invention relates to techniques for performing
queries on textual documents. More specifically, the present
invention relates to a method and an apparatus for charac-
terizing a textual document based on clusters of conceptu-
ally related words.

2. Related Art

Processing text in a way that captures its underlying
meaning—its semantics—is an often performed but poorly
understood task. This function is most often performed in
the context of search engines, which attempt to match
documents in some repository to queries by users. It is
sometimes also used by other library-like sources of infor-
mation, for example to find documents with similar content.
In general, understanding the semantics of text is an
extremely useful subcomponent of such systems. Unfortu-
nately, most systems written in the past have only a rudi-
mentary understanding, focusing only on the words used in
the text, not the meaning behind them.

As an example, let us consider the actions of a user
interested in finding a cooking class in palo-alto, calif. This
user might type into a popular search engine the set of words
“cooking classes palo alto”. The search engine then typically
looks for those words on web pages, and combines that
information with other information about such pages to
return candidate results to the user. Currently, if the docu-
ment has the words “cooking class palo alto” several of the
leading search engines will not find it, because they do not
know that the words “class” and “classes” are related,
because one is a subpart—a stem—of the other.

Prototype systems with stemming components have been
attempted but without any real success. This is because the
problem of determining whether a stem can be used in a
particular context is difficult. That might be determined
more by other nearby words in the text rather than by the
word to be stemmed itself. For example, if one were looking
for the James Bond movie, “for your eyes only”, a result that
returned a page with the words “for your eye only” might not
look as good.

In general, existing search systems and other such seman-
tic processing systems have failed to capture much of the
meaning behind text.

Hence, what is needed is a method and an apparatus that
processes text in a manner that effectively captures the
underlying semantic meaning within the text.

SUMMARY

One embodiment of the present invention provides a
system characterizes a document with respect to clusters of
conceptually related words. Upon receiving a document
containing a set of words, the system selects “candidate
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2

clusters” of conceptually related words that are related to the
set of words. These candidate clusters are selected using a
model that explains how sets of words are generated from
clusters of conceptually related words. Next, the system
constructs a set of components (such as a vector) to char-
acterize the document, wherein the set of components
includes components for candidate clusters. Each compo-
nent in the set of components indicates a degree to which a
corresponding candidate cluster is related to the set of
words.

In a variation on this embodiment, the model is a proba-
bilistic model, which contains nodes representing random
variables for words and for clusters of conceptually related
words.

In a further variation, each component in the set of
components indicates a degree to which a corresponding
candidate cluster is active in generating the set of words.

In a further variation, nodes in the probabilistic model are
coupled together by weighted links. If a cluster node in the
probabilistic model fires, a weighted link from the cluster
node to another node can cause the other node to fire.

In a further variation, if a node has multiple parent nodes
that are active, the probability that the node does not fire is
the product of the probabilities that links from the active
parent nodes do not fire.

In a further variation, the probabilistic model includes a
universal node that is always active and that has weighted
links to all cluster nodes.

In a variation on this embodiment, the system selects the
candidate clusters by constructing an evidence tree. This
involves starting with terminal nodes associated with the set
of words, and following links in the reverse direction to
parent cluster nodes. The system uses this evidence tree to
estimate a likelihood that each parent cluster node was
active in generating the set of words. The system subse-
quently selects a parent cluster node to be a candidate cluster
node based on its estimated likelihood.

In a variation on this embodiment, estimating the likeli-
hood that a given parent node is active in generating the set
of words may involve considering: the unconditional prob-
ability that the given parent node is active; conditional
probabilities that the given parent node is active assuming
parent nodes of the given parent node are active; and
conditional probabilities that the given parent node is active
assuming child nodes of the given parent node are active.

In a further variation, considering the conditional prob-
abilities involves considering weights on links between
nodes.

In a further variation, estimating the likelihood that a
given parent node is active in generating the set of words
involves marking terminal nodes during the estimation pro-
cess to ensure that terminal nodes are not factored into the
estimation more than once.

In a further variation, constructing the evidence tree
involves pruning unlikely nodes from the evidence tree.

In a variation on this embodiment, during construction of
the set of components, the degree to which a candidate
cluster is active in generating the set of words is determined
by calculating a probability that a candidate cluster is active
in generating the set of words.

In a variation on this embodiment, during construction of
the set of components, the degree to which a candidate
cluster is active in generating the set of words is determined
by multiplying a probability that a candidate cluster is active
in generating the set of words by an activation for the
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candidate cluster, wherein the activation indicates how many
links from the candidate cluster to other nodes are likely to
fire.

In a variation on this embodiment, constructing the set of
components involves normalizing the set of components.

In a variation on this embodiment, constructing the set of
components involves approximating a probability that a
given candidate cluster is active over states of the probabi-
listic model that could have generated the set of words.

In a further variation, approximating the probability
involves selecting states for the probabilistic model that are
likely to have generated the set of words in the document,
and then considering only selected states while calculating
the probability that the given candidate cluster is active.

In a further variation, selecting a state that is likely to have
generated the set of words involves randomly selecting a
starting state for the probabilistic model, and then perform-
ing hill-climbing operations beginning at the starting state to
reach a state that is likely to have generated the set of words.

In a further variation, performing the hill-climbing opera-
tions involves periodically changing states of individual
candidate clusters without regards to an objective function
for the hill-climbing operations to explore states of the
probabilistic model that are otherwise unreachable through
hill-climbing operations.

In a variation on this embodiment, the document can
include a web page or a set of terms from a query.

BRIEF DESCRIPTION OF THE FIGURES

FIG. 1 illustrates a probabilistic model in accordance with
an embodiment of the present invention.

FIG. 2 illustrates a state of the probabilistic model in
accordance with an embodiment of the present invention.

FIG. 3 illustrates a model representing states in the United
States in accordance with an embodiment of the present
invention.

FIG. 4 illustrates global nodes and a number of local
networks in accordance with an embodiment of the present
invention.

FIG. 5 illustrates an interaction between local network
nodes and global model nodes.

FIG. 6 illustrates a reworked model in accordance with an
embodiment of the present invention.

FIG. 7A illustrates a simple network with two boolean
nodes in accordance with an embodiment of the present
invention.

FIG. 7B illustrates how inference works in a simple
network with two boolean nodes in accordance with an
embodiment of the present invention.

FIG. 8 illustrates a noisy-or network where loopy fails in
accordance with an embodiment of the present invention.

FIG. 9 illustrates a loopy computation inside a simple
session in accordance with an embodiment of the present
invention.

FIG. 10 illustrates a simplified local network in accor-
dance with an embodiment of the present invention.

FIG. 11 illustrates two clusters competing to trigger a
terminal in accordance with an embodiment of the present
invention.

FIG. 12 illustrates how a local probabilistic network can
deal dynamically with compounds in the lexicon at run-time
in accordance with an embodiment of the present invention.

FIG. 13 illustrates how a single cluster C issues a virtual
message to global nodes via “terminal sparseness” in accor-
dance with an embodiment of the present invention.
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FIG. 14 illustrates how a sparse link message gets used in
figuring out the optimal setting of a new global node in
accordance with an embodiment of the present invention.

FIG. 15.1 illustrates a belief network in accordance with
an embodiment of the present invention.

FIG. 15.2A illustrates an exemplary network in accor-
dance with an embodiment of the present invention.

FIG. 15.2B illustrates an alternative exemplary network in
accordance with an embodiment of the present invention.

FIG. 16 illustrates system output in accordance with an
embodiment of the present invention.

FIG. 17 illustrates more system output in accordance with
an embodiment of the present invention.

FIG. 18 illustrates even more system output in accordance
with an embodiment of the present invention.

FIG. 19 illustrates yet even more system output in accor-
dance with an embodiment of the present invention.

FIG. 20 illustrates results of a search in accordance with
an embodiment of the present invention.

FIG. 21 illustrates data structures involved in character-
izing a document in accordance with an embodiment of the
present invention.

FIG. 22 presents a flow chart of the characterization
process in accordance with an embodiment of the present
invention.

FIG. 23 presents of a flow chart of the process for
selecting candidate clusters in accordance with an embodi-
ment of the present invention.

FIG. 24 presents a flow chart of the process of approxi-
mating probabilities for candidate clusters in accordance
with an embodiment of the present invention.

FIG. 25 illustrates how states for the probabilistic model
are selected in accordance with an embodiment of the
present invention.

DETAILED DESCRIPTION

The following description is presented to enable any
person skilled in the art to make and use the invention, and
is provided in the context of a particular application and its
requirements. Various modifications to the disclosed
embodiments will be readily apparent to those skilled in the
art, and the general principles defined herein may be applied
to other embodiments and applications without departing
from the spirit and scope of the present invention. Thus, the
present invention is not intended to be limited to the embodi-
ments shown, but is to be accorded the widest scope
consistent with the principles and features disclosed herein.

The data structures and code described in this detailed
description are typically stored on a computer readable
storage medium, which may be any device or medium that
can store code and/or data for use by a computer system.
This includes, but is not limited to, magnetic and optical
storage devices such as disk drives, magnetic tape, CDs
(compact discs) and DVDs (digital versatile discs or digital
video discs).

The System

One embodiment of the present invention provides a
system that learns concepts by learning an explanatory
model of text. In the system’s view, small pieces of text are
generated in a fairly simple, but incredibly powerful way,
through the execution of probabilistic network. The system
learns the parameters of this network by examining many
examples of small pieces of text.

One embodiment of the system considers the important
information in a piece of text to be the words (and com-
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pounds) used in the text. For example in the query “cooking
classes palo alto” the words are “cooking” and “classes”,
and the compounds consist of the simple compound “palo
alto”. Distinguishing compounds from words is done on the
basis of compositionality. For example, “cooking classes” is
not a compound because it is about both cooking and
classes. However “palo alto” is not about “palo” and “alto”
separately. This is sometimes a hard distinction to make, but
good guesses can make such a system better than no guesses
at all.

What this means is that the system simplifies the analysis
of text by not considering the order of the words in the text.
For example, one embodiment of the present invention does
not distinguish the above from “palo-alto classes cooking”
(we use dashes in this specification to connect the compo-
nents of compounds). We will refer to both words and
compounds as “terminals”. (We will see later this is because
in our model of the world, they do not generate words, as
opposed to concepts, which do generate words.) This sim-
plification means that the system treats segments of text as
a set of terminals.

Probabilistic Model for Text Generation as a Set of Termi-
nals

Let’s look at what a system that generated text as a set of
words might look like. FIG. 1 shows one such model. Here,
the circles are called model nodes. These nodes represent
random variables, each of which models the existence or
non-existence of concepts or terminals. The only terminals
we are considering in this model are “elephant”, “grey” and
“skies”. There are two concepts, called C, and C, (because
they are used to generate related words, concepts are some-
times referred to as clusters).

This model might be used for example to explain why the
words grey and skies often occur together, why the words
grey and elephant often occur together, but yet why the
words “elephant” and “skies” rarely occur together. It is
because when people are generating text with these words,
they have ideas in mind. The system’s concepts are sup-
posed to model the ideas in a person’s mind before they
generate text.

Note that there is a darker node at the top of the figure
without a name. This is the universal node, U, which is
always active. When modeling text, it is always active, and
all concepts come from it. The arrows exiting any concept
are called links. These links imply that when a user thinks of
one concept, they are likely to think of another concept or
write another terminal afterwards. For example, the concept
C, links to the words ‘elephant’ and ‘grey’. That means that
after a user thinks of C,, they often write out the words
‘elephant’” and/or ‘grey’. In particular, the numbers on the
links are important. They represent the probabilities of
certain events. The link between C, and ‘elephant’ means
that after thinking of C,, a user thinks of the word elephant
with probability 0.5. These numbers are often referred to as
the ‘weights’ on the links.

This model can be used or “executed” to generate text.
When we are doing this, we begin at the Universal node
(often called U), and consider it to exist in the mind of the
generator. We will often say that the node is “active” or has
“fired” to imply this. For concepts, firing means that the idea
of that concept is active, and is able to fire terminals. For
terminals, the idea of firing is that the terminals exist in the
text to be generated.

Let us run through an example of how one such piece of
text could be generated. In the example in FIG. 1, we would
start out by assuming that the Universe is active. Then C,
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would fire with 0.1 probability. At this point, some random
process would decide whether or not C;, would fire or not.
For this random process you could throw dice or use any
random information. Usually, if this were taking place on a
computational machine, a random number generator would
be used. Many methods are adequate so long as we have
some way of producing a decision, that turns out 9 out of 10
times to be no (0.9) and 1 out of 10 times to be yes (0.1).
When it turns out to be yes, the concept C, is activated.
When it turns out no, C, is not activated. A similar process
is applied to C,.

We will assume that for our example now, the random
number generator has produced YES for the link
Universes—C,and NO for the link Universe—C,. At this
point, C, is active. When a concept is active, we can then
pick random numbers for the other concepts or terminals
which have links originating from that active concept. In this
example, now the words “elephant” and “grey” have a
possibility of becoming active with probabilities of 0.5 and
0.4. Now let us assume that we get more random numbers
(to make a simple analogy I will now refer to this as
throwing dice) and decide that both elephant and grey are
active. This means that we have our piece of text, it is the
words “elephant” and “grey”. Note that because in one
embodiment of the present invention the word order is not
modeled, we cannot distinguish “grey elephant” from
“elephant grey” (unless they form a compound). In this way,
we have generated a small piece of text.

FIG. 2 shows this particular execution of the model
detailed in FIG. 1. In this figure, we see the concept C,
becoming active, we illustrate this graphically by darkening
the node, and the words elephant and grey becoming active.
This idea of graphically viewing the execution model of a
piece of text is important from the standpoint of examining
the whole system to see if it is operating correctly, and we
will use it later on.

This seems like a lot of work to generate a grey elephant.
Note however that the words we came up with have some
meaning to us as people. This is because elephants are grey.
In some small way, even this model in FIG. 1 captures a little
bit about the state of the world. If only on the surface, this
model captures the correlation between the words grey and
elephant, grey and skies, but not elephant and skies.

Our system learns the intermediate concepts, the links and
the link weights—in order to explain the co-occurrence of
words and compounds in small pieces of text. In addition, its
generative model is slightly more complicated than that
above, in order to better be able to generate and explain text
of various sizes (for example, queries are often 2-3 words,
while documents are 1000 words or so).

Adjusting for Text of Various Sizes

For various reasons, the type of simple model above is
slightly inadequate for dealing with text. A simple explana-
tion for this is that each of the concepts produces a certain
number of words, but finds it much more difficult for
example to produce many words if the weights on the links
are small. It would be desirable for example if a concept
could produce either a few or many words from the termi-
nals it points at.

FIG. 3 shows an example concept representing the states
of the United States of America. In following our earlier
model, the concept can fire terminals representing each of
the 50 states, each with probability 1/50. Now, for this model
to generate the word California alone is not that improbable.
That probability is roughly (1/50)*(49/50)*, which is
approximately 0.7%. For this concept to fire all the states
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would be (1/50)°° which is incredibly small. However,
should we develop such a concept that covers the idea of the
states of the United States, we would want it to explain
pieces of text where all the states occur.

In order to address this problem, before it fires other
terminals, each concept picks an activation level. Concep-
tually, this activation level chooses “how many” terminals
are to be picked from this concept. Note that this activation
level is not a quality of our model. In fact, it is only chosen
when the model is being executed. What activation does is
it modifies the probability that this concept fires each of its
terminals (but not its sub-concepts, i.e. concept to concept
linking is unaffected by activation).

The exact numerical adjustment can be as follows. If a
link has a weight W and the cluster chooses activation A in
its execution, and the link points between a concept and a
terminal, then the concept fires the terminal with probability
(1-e=*") Here “e” the common mathematical number
approximately 2.71. At first glance, this formulation seems
odd, but it has the following nice properties: When W is very
small (<0.01) and A is a small number (say 2) the probability
is approximately equal to AW—so these numbers are easy to
approximate in general. The reason they have an odd expo-
nential form, is that probabilities have to have an upper limit
of 1. So, having a link weight of 0.02 (1/50) and an
activation of 100 should not give you a probability 2.0. The
exponential form also has a number of other nice theoretical
properties from a mathematical standpoint.

At this point, we have detailed almost all the individual
pieces comprising of our model. One detail is the interaction
between two or more clusters trying to fire the same terminal
or cluster. In this case, each interaction is independent of the
other. In particular, the probability that the result does NOT
fire is the product of the probability that each cause does
NOT fire it. For example, if three clusters C,, C,, C; link to
a fourth cluster C, with weights 0.1, 0.2, 0.3 and C,, C, and
C; are active: C, does not fire with probability (1-0.1)*(1-
0.2)*(1-0.3) or (0.9)*(0.8)*(0.7) or 0.504. Therefore, the
chance is DOES fire is 1-(1-0.1)*(1-0.2)*(1-0.3) or
1-0.504=0.496.

Another thing we have not mentioned is the prior prob-
ability with which activations are picked. The learning of the
model turns out not to be too sensitive to this. There, the
activation is constrained to be =1 and a probability equal to
1/Alog*A is the prior on the activation (wherein
log*A=AlogAloglogAlogloglogA . . .). This turns out to be
important only for the purpose of generating text. For that
purpose, any distribution which generates roughly the cor-
rect number of words out of a base model should be
adequate.

Bayesian Networks

At this point and before we proceed it is worthwhile to
talk about a certain duality between the model we have been
talking about and a certain class of probabilistic models
called Bayesian Networks.

Bayesian networks are well-understood probabilistic
modeling techniques in which conditional independences
are asserted between various random variables in a joint
distribution. As in the model above, Bayesian networks have
nodes and directed links. These networks compactly repre-
sent a joint distribution over a number of random variables
while structurally representing conditional independence
assumptions about these variables.

In a Bayesian network, the set of nodes pointing to a node
is called its “parents”. The set of nodes reachable from a
node via following links is called its “descendants” or
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“children”; and the structure implies that a node is indepen-
dent of its non-descendants given its parents. The entire
distribution is therefore encoded in the conditional probabil-
ity tables of a child given its parents (nodes with no parents
have their own distributions). The probability of a particular
instantiation of the entire network is simply then the product
of the probabilities of each child given its parents.

Bayesian networks are related to our model in the fol-
lowing way, if each node in the execution of our model is
considered to be a random variable then the joint distribution
over the set of nodes that are turned on is exactly that which
arises from considering our model as a Bayesian network
with noisy-or combination functions. Noisy-or conditional
probabilities turn a boolean child on independently from
each parent. That is, the probability of a child being off'is the
product of the probability that each parent does not fire it.
Note this is exactly the combination function used in our
model to decide if multiple active concepts that link to a
terminal fire it. Note that Bayesian networks are themselves
a subclass of more general probabilistic models.

Learning

At this point, we have gone over how an existing model
could be used to generate text. We have not detailed a couple
aspects of this work: (1) how our model is learned; (2) how
our model is used to estimate the concepts present in text;
and (3) how our model is used in practical situations. In this
section, we will attempt to detail how our model is learned,
and the various techniques that can be used for this purpose.

In learning a generative model of text, in one embodiment
of the present invention some source of text must be chosen.
Some considerations in such a choice are as follows: (1) it
should have related words in close proximity; (2) it should
present evidence that is independent, given the model we are
trying to learn (more on this later); and (3) it should be
relevant to different kinds of text. For this reason, the
implementation of the model which follows uses exemplary
“query sessions” from a search engine as its small pieces of
text. We have also implemented and run our model on web
pages and other sources of text, but for the purposes of
making this exposition more concrete, we focus on the
analysis of query sessions.

To be more precise, we define a query session (also
referred to as a user session or a session) as the set of words
used by a single user on a search engine for a single day.
Often users will search for related material, issuing several
queries in a row about a particular topic. Sometimes, these
queries are interspersed with random other topics. An
example query session (not an actual one) might look as
follows:
the graduate
dustin hoffman
rain main
autism
cool junk
fast cars
tom cruise nicole kidman

Each query here is on a separate line. Note that most of
the words are related in some way. The first is a movie by
Dustin Hoffman, as is the third. The second is Dustin
Hoffman himself. The fourth deals with an issue brought up
in the movie. The fifth query “cool junk™ is not related to the
main topic of the session, neither is the sixth “fast cars”. The
last is a little related because Tom Cruise acted in Rain Man
with Dustin Hoffman. In general, there is a lot of information
in such a small piece of text, using which we can draw
conclusions, but there is also a lot of uncorrelated junk. The
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main task our system has is to cull out the proper correla-
tions from the junk, while looking at a large number
(billions) of such pieces of text.

Learning a probabilistic model that can explain all the
words that occur together in queries is difficult. Note that in
the explanation of the session above, we used information
we had about the world in general to explain the query
session. This is the nature of the information that our model
learns in order to come up with a world model in which a
session above is more than infinitesimally likely. The fol-
lowing is such an approach.

Imagine that we don’t know what the model is, but we
know that a large number of concepts exists. Probabilistic
networks can themselves be used to represent this uncer-
tainty. A node can be introduced representing each link
between a concept and another concept or a terminal. These
kinds of nodes are called global nodes, and they represent
our uncertainty about the model itself.

These global nodes are different than the model nodes
above, in fact they represent uncertainty about the model
nodes and links. Now, for each piece of text (user session)
we replicate the entire model, creating a local network. Each
model node replica is called a local node, and these local
nodes represent our uncertainty about whether or not a
concept exists for a particular execution, the one that lead to
this piece of text. In order to learn our model, we have to
take into account all of our uncertainty about our model, and
do some sort of reasoning to come up with a best model, or
a set of models using which we can do further processing.

FIG. 4 shows what this big network might look like.
Above the dashed line are global nodes, they represent
uncertainty about our model. The node U—C, represents the
uncertainty about the weight of the link between U and C,
in the model (Recall that U is our name for the universal
node that is always active). Similarly, so do the nodes
U—-T,, C,—C,, C,—T,, and so on. Note that our model
does not allow everything to link to everything else. This is
because in order to have a consistent explanation of ideas all
coming from the Universe U, cycles in the link structure are
not allowed—for example a concept C, that can cause C,
that can cause C, and so on, makes C, and C, always likely
even it U does not link to them. For this reason, a concept
is only allowed to link to higher numbered concepts than
itself and the universal concept can link to everyone.

Now, below the dashed line are the local networks. In
each network, the terminals for a particular user session are
assumed to be active. Note that our model is replicated for
each such session. This is because what we observe for each
session is only the words that the user used, and not in fact
that concepts that were active in the user’s mind when those
words came about! The local nodes here represent our
uncertainty about these concepts. Because the user may have
been thinking of anything when they wrote each word they
wrote, all concepts have to be considered in each local
network.

Now, how do the local networks relate to the global
nodes? Simply put, each link between U and C, in a local
network is mediated by the global node (U—C,). The
probability that U fires C, in each local network depends on
the global node (U—C,). In a full probabilistic network
drawing of the local networks of FIG. 4, each the global
node (U—C,) would point to every C, in every local
network. FIG. 5 shows this interaction with one such net-
work because there was not enough space to do so in FIG.
4. Also, FIG. 5 only shows the interactions for a model with
two concepts. The links here between the global node
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(U—C,) and C, represents the fact that C, needs to know
both the status of U and the global node (U—C,) before it
fires in a local session.

FIG. 6 shows a slightly reworked version of this model,
where variables exist to explicitly show whether or not each
concept triggers another concept or terminal. Note that the
joint distributions implied by both are the same, once they
are projected to the original variables we are interested in
(i.e. C, and C,). The triangles in this figure represent extra
“trigger” variables, and it is often helpful to think about the
model with them because they simplify the number of
conditional probabilities that are required.

For example, in FIG. 6, the “trigger” variable between U
and C, only needs to know the distributions of U and the
(U—C,) to decide the probability that C, gets fired from U.
Similarly the other trigger into C, only needs to know the
values of the C, and (C,—C,) distributions. These two joints
are simpler than the joint over all 4 variables that the C, node
would need in the FIG. 5 model. This is primarily because
the complexity of a conditional probability specification
rises exponentially with the number of elements it has to
account for.

This point is worth making a little clearer. Imagine for
example that a person enters a complex betting scheme
where the outcome of the bet depends on 10 horse racing
events, with each outcome providing a different payback. In
order to communicate this bet, 2'° or 1024 numbers are
required, because that is the number of distinct outcomes if
all the races are considered simultaneously. Imagine now
instead that the same person enters into 10 independent bets
on each of the horses, winning or losing some depending on
each horse. This bet now requires only 10 numbers to
communicate. Similarly, when a conditional probability
distribution has to account for N variables 2" is the order of
complexity required, and therefore the amount of computa-
tional complexity required to deal with such a state. This is
why trigger variables are useful as a factoring of this
problem. From this point onwards, we will show our local
networks interchangeably in either triggered or non-trig-
gered form.

One last thing is still necessary to specify in the big
network so that it is probabilistically well defined. First, the
global nodes require a prior distribution. That is, in order to
combine evidence about how likely it would be that a
concept links to a particular other concept or word, we need
to know what our belief in that would be a priori. The
learning of our model turns out not to be too sensitive to this
distribution, so many things are possible here, including
using a flat distribution of 1/1000 on the link being nonzero
and 1/1000 on the link being nonzero.

This is a bit of an aside and a diversion, but or the sake
of completeness let us mention here that this does not
constrain the variables fully because no density is imposed
on nonzero values, and it is only the product of activation
that weight that matter for firing probability. However,
heuristics that we use to pick the activation of a concept in
a session imply that the total weight of firing from the
concept to all terminals should roughly equal the average
number of terminals this concept fires divided by the aver-
age number of words it can fire in each session. Also,
another way to set these probabilities depends on the specific
way in which inference on the global nodes happens. As it
is, we look only for a simplified model where each global
node is represented by a two spiked distribution, one at 0 and
one at another best value. In this case, you can estimate the
prior on a new link to be dependent roughly on the Kol-
mogorov complexity of the network given this new link, that
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is on how simple the model is with the new link, assuming
in fact that the whole model in fact derives itself from an
explanation of the world in which models are more likely if
they are simpler. Here, a link from a cluster to a terminal
could be more likely depending on the number of other
things that the cluster links to, or the number of things that
link to the terminal, or both.

Once the entire big network is set up, there is no more
conceptual work to be done. Running inference on this
network is fairly straightforward from a theoretical point of
view, and given enough computational power, it is straight-
forward to arrive at all of the distributions of the global
nodes, which fully specifies the model. Inference here means
for accounting for all the training evidence (the user ses-
sions) given, and fully being able to use the implications of
that evidence on our model. The distribution over likely
models in turn allows us to guess exactly at which concepts
are active when certain pieces of text are active, and with
which probability. In fact, the distribution over the model
allows us to answer all questions about the generation of
such text.

Only one problem remains, that of scale. The basic
problem is as follows: let’s say there are around 5 million
concepts in the world (and that’s small, consider that there
are 6 billion people, and when talking about each of them,
you might say different things so there are at least 5 billion
concepts, but let’s assume 5 million to start things out). Let’s
assume there are 1 million terminals (it turns out with
compounds such as new-york, that’s easy to get to, and
that’s only with English). Now, let’s say we want to train this
network on 5 billion user sessions. In addition, let us ignore
the computational burden of dealing with continuous ran-
dom variables (which is considerable). Note that the model
nodes have to be replicated once for each session. This
means that the full big network will have:

5 billion sessionsx(1 million terminal local nodes+5
million concept local nodes)x=30 billion mil-
lion local terminal nodes

. . . and that’s the easy part. Now let’s count the links. The
global model has 5 million nodes, each of which can link to
1 million terminals, each of which can be replicated in the
local networks 5 billion times, each of which then has a link
from the appropriate global nodes (that doubles the number)
so that’s:

1 million terminalsx5 million clustersx5 billion ses-
sionsx2=50 million million billion links!

... and the worst part is that correct inference techniques run
in exponential time over the size of the network, so basically,
doing this the straightforward way is impossibly expensive.
The next section of this disclosure discusses the different
things that can and have to be done in order to make this
system possible.

Scalability Techniques and Loopy Belief Propagation

The first problem we have in solving our large networks
is that full inference is exponential in the size of the network.
Here we take some shortcuts. There is an inference tech-
nique called “loopy belief propagation” (commonly called
loopy) that propagates evidence around a probabilistic net-
work in a rapid if incorrect manner. It has the advantage of
being fast, but the disadvantage of being incorrect. It often
however proves to be a good approximate solver for various
belief networks.

Loopy belief propagation relies on two types of messages
that are transmitted in a network in order to figure out the
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marginal distributions of all nodes in a particular network.
Down messages are those that move with the flow of links,
and they summarize for whatever node is on the other side
of the link, the belief in the source given all other evidence
other than what comes from the destination. Up messages
move against the flow of the links and tell the destination
node (which is also the parent in the probabilistic network
sense) what the probability is of this side of the link, given
various values of the destination node.

FIG. 7A displays a simple two boolean node network with
noisy-or components. Here node A has prior 0.1 of being
true, and B has 0.3 of being true given that A is true. Now
we can determine the probability of B being true by running
loopy on this network. A propagates a down message to B
telling it that given all other evidence, A believes it itself is
true with probability 0.1. B receives this message, and
factors in the conditional probability (noisy-or) at itself, and
concludes that it is true with probability 0.03, and we are
done.

FIG. 7B displays a two boolean node network that shows
how inference works using up messages. Here, there is
evidence on B that B is true. So, we are trying to determine
the probability of A given that B is true. B sends an up
message to A, this tells A that B can only be true if A is true:
that is, given that A is false, the probability of the evidence
from below that B knows about is 0. Therefore A must be
true. A receives this message and multiplies it by its prior on
itself, which has a 0.1 chance of being true, and concludes
that it must be true and so therefore given the evidence, A is
true.

Loopy belief propagation is not technically an exact
solution to the inference problem for the following reason.
When evidence arrives at a particular point from two dif-
ferent sources, they lose information about whether those
sources are correlated. Imagine the following example.
Three people A, B, C are involved in a conversation. A tells
B that he believes the stock market will go up in the next
month. B tells C the same information. At this point C tells
A that someone else believes the stock market will rise. The
problem with loopy is that with this simple belief propaga-
tion system, A cannot now tell that C’s belief is in fact based
on A’s original assertion, and therefore evidence from A
circulates back to itself. In a slightly more complex way,
loopy belief propagation circulates evidence around loops in
the network to create a usually accurate but sometimes
inaccurate solution.

When loopy runs on a network with no loops it is exact,
and settles within a number of steps equal to the diameter of
the network. When it runs however on a network with loops,
evidence loops around the network. Usually it settles on a
particular solution, but there is no guarantee that that solu-
tion is correct, or even that loopy ever settles at all. FIG. 8
in fact shows a noisy-or network where loopy fails. Here D
is assumed true, and it’s only source is really A, so inference
should show that A is true. Loopy however settles on a value
of approximately 0.6 for A. Usually, however, loopy works
pretty well, and we will examine how it can be improved
later on in the disclosure.

An additional point to mention here is that the effect of
running loopy on this big network is largely equivalent to the
notion of running an EM (expectation maximization) opera-
tion on the data considering the clusters to be hidden
variables. In EM, an initial guess at the model variables is
taken; then the probabilities of the hidden variables are
inferred; then the guess for the model variables is updated.
This is essentially the same computation as loopy. One
difference between the two is that loopy does not reflect
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evidence from one session back at itself, i.e. a proper
accounting of loopy would discount the down message from
the global nodes for the previous up message that the session
sent in the last iteration. There is not much difference
between the loopy approach and running the EM approach
on different pieces of data each iteration. In the remainder of
this disclosure we will use the loopy nomenclature rather
than the EM nomenclature in discussing this process.

Loopy Belief Propagation in the Big Network

Loopy messages are used across the global/local bound-
aries in the big network. Here the global nodes propagate
down their beliefs in themselves to a particular local net-
work—and since the network is just one of billions usually
this is just the same belief propagated everywhere. Also
however, the trigger nodes propagate up the probability of
the network given everything else that is known about the
trigger node.

FIG. 9 shows the loopy computation happening inside a
particularly simple session and with a model including only
one concept (C,) and one terminal (T,). Note that in this
session, we have seen the terminal T, that is why the local
node is darkened. Now, let’s take a look at what some of the
messages surrounding this model are.

First, let’s look at the down message that comes from the
(U—C,) global node to the Trigger node between U and C,.
This message has to report the current belief in the state of
the (U—C,) node, given the data it has digested in the
current iteration of loopy from the other sessions. Commu-
nicating and computing with a complete and accurate dis-
tribution over a continuous variable would be prohibitive.
For this reason, the down message from (U—=C,) to the
trigger node in this session between U and C, is simplified.
Instead of communicating a full distribution, it approximates
the distribution with a two peaked discrete distribution, with
one peak at 0 and another peak at a chosen “best value” W.

In figuring out this down message, our system first
compiles evidence coming in from other sessions about this
global node. Our system then picks a best nonzero value W
for this node. It then translates the up messages into mes-
sages about the node’s existence, allowing it to determine
how much of the probability to send in the down message at
the best value W and how much at the value 0. This
simplification of the down message from global nodes is
advantageous in dealing with the discrete-continuous nature
of the global nodes in a computationally feasible manner.

The simplified down message from (U—C),) is along the
little arrow next to the link emanating from (U—C)). It is
labeled (0.1, 1.0). This means that the best value is 0.1, and
with probability 1.0, this link exists. For reasons that we
would like all networks to be partially explainable, we never
let the links from U to anything have probability less than
1.0. Another example down message is the one emanating
from (C,—T),) to the trigger node in between C, and T, in
the local network. This message is labeled (0.2, 0.8) which
means it has a 0.8 chance of being nonzero, and when it is
nonzero, it equals 0.2.

Now, let’s try to do some inference on this network, given
that we know the down messages from the global model.
There are three trigger nodes, one from C, to T,, one from
U to C, and one from U to T,, whose probabilities we don’t
know. We also don’t know the probability of the cluster C,
being active within this session. All of these can be figured
out by running loopy on this session. Before we run through
a sample of these computations however, we will cover an
additional simplification. The message down from (C,—T),)
down to the trigger node is labeled (0.2, 0.8). However,
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before we use this message, we pretend it was actually a
single message of (0.16, 1.0) by multiplying out the two
spiked distribution and again simplifying it into a single
spiked distribution. Now we are ready to look solely at the
little session network. This simplification is also done within
our framework.

One small assumption we can make is that the activation
on C, is set to 1. Typically, in running probabilistic net-
works, this value can be derived itself through inference.
However, while trying to do inference in these local net-
works, our model assumes that the activation of a cluster is
equal to the number of terminals it could possibly fire in this
network. This is the adjustment we talked above earlier that
deals with the fact that only the product of the activation and
weight mattered. This adjustment is made with the following
justification, that the activation only matters to within an
order of magnitude, and therefore, no computational time
ought to be spent in determining it optimally.

Now, we can look at a simplified noisy-or model of this
network, while ignoring the global nodes. This is because all
of the information the global nodes feed into the system can
be summarized by the weights on the noisy-ors between
clusters and other clusters or terminals. This is a standard
technique in probabilistic networks of simplifying away
nodes with no other parents by summing them into the
network at hand. The simplified local network then looks
like the one in FIG. 10. The links in this network are labeled
0.095, 0.095 and 0.1478. This is because the probability that
U triggers T, is now equal to 1-e " which is 0.095. Recall
earlier how we said that the link should trigger the resultant
with probability approximately AW. Here A is 1 and W is
0.1, and this is approximately 0.095. The same applies on the
link between C, and the trigger to T, which is 0.1478 which
is 1-e7%1% which is approximately 0.16.

Now, we know that T, is true. Let us determine how likely
it is that C, caused it. The down message the trigger node
from U sends to T, is (0.095, 0.905), where 0.095 represents
the belief that the node is true and 0.905 represents the belief
that the node is false. Note that the nature of this down
message is totally different than that of the down message
from a global node. This is because the trigger node is a
boolean variable, whereas the global node is a strange mix
of a continuous and discrete variable with some probability
mass at 0 and some density at the other points, and further
this is approximated by a two point distribution, then further
simplified into a single point distribution.

Because the trigger is a boolean node, it need only send
down its one number, the probability of it being true, the
other number is just 1 minus the first number, and in our
implementation, we do this optimization. T, takes this num-
ber and sends up to the trigger node on the C, side, the
probability of T, given that the trigger triggered, versus the
probability of T, given that the trigger did not trigger. This
up message is (1.0, 0.095). Now normally, up messages for
boolean variables have two such values, but really only one
is needed, the ratio between the two (given that infinity is a
representable number). Now, the trigger node from C, to T,
gets an up message of (1.0, 0.095) but it also has a down
message coming from C,; above. This message is (0.095,
0.905) from C,. Now, the trigger node has all the informa-
tion it needs. It transforms the message from above into
(0.095*0.1478, 1-0.095*%0.1478) or (0.014, 0.986). This
transformation means that it now has its own belief given
what is above it. Now it multiplies that component-wise by
its belief of what is below it to get (0.014*1.0, 0.986*0.095)
or (0.014, 0.09367), then it normalizes this to sum to 1 to get
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(0.13, 0.87), which is its final belief. Similar computations
can now be carried out to figure out all the other “hidden
variables” in this network.

In general loopy gives a node a belief on its parents, and
its children’s belief on itself. It uses its conditional prob-
ability distribution to transform the belief on its parents to a
belief on itself. It now has two belief numbers for itself,
which it multiplies component-wise, then it normalizes to 1
to obtain its own belief. A couple of optimizations we often
do in computing these messages are the following: we do
many probability computations in log space in order to avoid
underflows. This includes both the down messages and the
up message ratios. In addition, in order to implement loopy
so that it works in linear time in the number of parents on a
node, it helps to be able to subtract out the effects of one
parent from the belief of the node. This is done via a special
routine that takes N numbers and computes all N products of
N-1 of those numbers in order to do this propagation
quickly.

Now let’s take a look at the up messages sent up to the
global nodes which are of a different nature. Recall that the
global nodes are actually discrete-continuous random vari-
ables which can take any value from 0 to infinity. Let’s work
out a simple example which shows how you can compute the
probability of a network given the weight on a link.

FIG. 11 shows two clusters C, and C, competing to trigger
a terminal. The down messages from (C,—T) and (C,—T)
to the appropriate trigger nodes indicate a firing probability
of'ql and g2, respectively. Note that as mentioned above, we
approximate the impact of the down message from a global
node by multiplying its probability of existence times its
best value, therefore, we approximate our solution by pre-
tending that in the local network, C, can launch T with
probability 1-e~*292, and similarly for C, launching T. Now
the messages coming into C,; from the other parts of the
model show that it is pl likely to be true. Similarly,
messages coming into C, from other parts of the model show
that it is p2 likely to be true. C; and C, are decided to have
activations al and a2; and the node T is a terminal that has
been observed.

Now, let’s look at the up message sent along the link from
(C,—T) to the trigger node in the local model between C,
and T. This message is labeled M in the figure. This message
can transmit the probability of the network as a function of
ql. The actual probability of the network need not be sent.
In fact, only the relative probability ratios need to be sent,
i.e. any constant factor multiplied by the probability can be
sent, so long as the factor is the same for all values of ql.
Finally, we are prepared to investigate the message sent up.

There are four possibilities to account for in the network,
each with their own probabilities for what happens outside
this small network. The first is that both C, and C, are true.
This happens with probability plp2. In this case, the prob-
ability of T being true (the only remaining evidence in the
network) is equal to:

1_e-alqlg-a2q2
and therefore the whole network probability is,
plp2(1-elale=a242)

If ¢, is true and C, is false, the probability of this happening
is p1(1-p2). The probability of T being true is:

1_ealal
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and therefore the whole network probability is,

pl(1-p2)(1-e=tal),

Similarly, if C, is true and C, is false the probability of the
network is

p2(1-pl)(1-e™¥)

And last, it is impossible that T is true if neither C, nor C,
are true. Therefore, the function message sent up to the
global node (C,—T) is:

plp2(1-e2late2a2)y
pL(1-p2)(1-¢~' ")+

p2(1-pl)(1-e~2),

Although this function seems complicated it is actually
pretty simple. Consider that the only variable in this function
for the purpose of the message M is ql. Therefore, this
function sums up into the following form:

a+be 1!

... where a is the sum of all constant terms above and b is
the coeflicient of €*!9* in the above sum. Note that q2, p1,
p2 are all considered constant for the purpose of sending up
a message to the node (C,—T). In fact, since the constant
factor this function is multiplied by does not matter, this
equation can be rewritten as:

1+keatdl

. .. leaving only two numbers to send up to the global model,
k and al. We refer to these up messages to the global nodes
as link messages.

Now, the functional form of these up messages does not
change much when the destination of the links is a cluster.
For example, if T were a cluster, then the activations of C,
and C, would not matter, whereas T might receive an up
message from other terminals dictating whether it was likely
to be true or not. This would simply add another set of
conditions to the computation, because each world view
would have to account for T either being false or T being true
as well, and the sum above, instead of having four different
parts, would have 8 parts, one for each possible value of C,,
C, and T. Now by sending up messages to the trigger nodes
(which we have not simulated here), our code efficiently
avoids the exponential blowup that a full consideration of T
and all of its cluster parents would incur, which would be
prohibitively expensive if T had more than a few parents.

One thing to note is that although we are running loopy
across the entire network including the global nodes, we
don’t have to run the local and global iterations of loopy in
lockstep. In fact, we often run tens or more iterations of
loopy on each local network in order to converge it, before
we return to running the one step of loopy on the global
nodes.

Link Weight Optimization

Now, we are ready to consider how loopy treats global
nodes; i.e. in each iteration of loopy, how our model
reconsiders both the existence and the best value for each
link in the model. Recall that the up messages to any global
node are of the form:

1+keatat,

Now, in order to select the most likely weight value for
this variable, our model simply has to combine all these up
messages and pick the best value for the global node. Let us
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change our notation a little for convenience. Say a node
receives N up messages of the form (1+k,exp(a,x)). Here we
are using i as a subscript that goes from 1 to N. The k; are
the constant factors, the a, are the coefficients on x, and x is
the variable that is to be solved for X here represents a
possible choice for the variable, while the function messages
represent the probabilities of various sessions using different
values for x.

In order to select the highest nonzero x, we simply have
to find the x which maximizes the product of all of these up
messages (which are also called link messages because they
go to the global node that determines a link weight). This is
a one-dimensional optimization problem. One way to solve
this would be to sample x in a range. A more efficient way
would note the following: the product of a bunch of numbers
is optimized when the log of the product is optimized. The
log of the product of these numbers is the sum of their logs.
This leaves us optimizing,

N
> log{l +kie ™).
i=1

Now we can take the derivative of this with respect to x,
and search for points in a particular range (say O to 1) where
the derivative vanishes, for a local optimum. This search can
be done by bisection or via any number of other techniques.
This function can sometimes be non-monotonic (i.e. not
always rising or falling), so sometimes this has more than
one local optimum, but this is typically not always the case.

A small note here, why does this optimization not produce
an optimal x of infinity or 0?7 The nature of the function
1+ke ™ depends a lot on k. If k is positive, this function
decreases for larger values of x. This means that this
particular session is harmed by having this particular link be
larger. Typically, this happens when a cluster points at
another cluster that is not likely in probability to be indicated
by the session. If k is negative, in particular around -1 then
this indicates a strong reason to have this link. For example,
assume k is —-0.99. Then x being 0 implies a relative
probability of 0.01. X being very high implies a relative
probability of 1, therefore, x is 100 times as likely to be very
high as it is to be 0. Sometimes however, it turns out that a
value of 0 is the only local optimum. When that happens, our
model puts all of the probability mass of the link at 0.

When the best value is chosen, the up messages then can
be converted into up messages for a boolean existence
variable, trading off the best value of X versus the value of
0. The product of probabilities above is simply evaluated at
X and at 0, and the prior on the link’s existence (1/1000 as
above or as determined by Kolmogorov complexity) is
mixed in. This mixing in gives us the existence probability
for the link.

Pre-Compounding and the Lexicon

Our model deals with a finite set of words or compounds
that it understands, which is referred to as a lexicon. A
preprocessing phase is required to determine this lexicon.
This preprocessing phase determines the important words
and compounds for our model to be able to process. Roughly
speaking, all words that are seen over a particular fraction of
the time in user sessions are included. Compound inclusion
is more complicated. Two strategies are possible here: 1) be
more inclusive of the compounds and do run-time com-
pounding 2) be less inclusive on the compounds and do
static-time compounding.
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The reason compounding is complicated is because of the
notions of compounds itself. As we discussed above, if a set
of words is basically non-compositional such as “new york”
then it is a good compound. Another set, like “red car” is
compositional, in that it is both red and a car. One way to
discover this is to look at user session breaks and splits. We
can count for each potential compound the number of times
it is broken. A broken compound here means that in one
query the user issued the whole compound, while in another
query, the user issued part of the compound. For example,
the following session has 2 breaks for red car:
red car
blue car
yellow car

Splits are a similar concept, where the compound is split
apart at either end. For a two-word compound a break is also
a split but for a longer compound like “this is the time for
all good men” a break could be seeing the words “the time”
somewhere else in the session. Now, this information can be
combined with information about the likelihood of the break
to account for the possibility that the break is not intentional
but accidental, for example, a user could see the following
user session:
new york cars
new magazines

... and our model would conclude this was a break for “new
york”. However, since “new” is a relatively frequent word,
the weight of a break, or how significant our model believes
it to be should be weighted by how common the word is. All
of this information, the compound’s frequency, the fre-
quency of both breaks and splits, and the term frequency of
the split or break words, is used in determining an appro-
priate set of compounds for the lexicon. It is not necessary
for this lexicon to be based on user sessions, in fact any
manner of text, including web documents, books and so on
can be used to form an appropriate compounding lexicon.

In the static compounding approach our model takes the
frequencies of the words and compounds in the lexicon, and
uses them to pre-compound the text. In this case, each
sequence is explained using a dynamic programming
approach that tries to maximize the probability of seeing a
sequence of tokens from the lexicon. The dynamic program-
ming approach is to run across the length of a piece of text
and maximally explain the sequence of tokens seen so far. At
each point, if we know the best explanation of the sequence
up to each new word, then one of two things is possible: (1)
either the word is explained by its own lexicon token, and all
the other words before are explained by their best explana-
tion to that point or (2) the word is a part of a compound that
mixes with the best explanation of the query up to a number
of tokens previous. Both of these alternatives can be
explored, and a new best explanation for the session up to
that point can be generated. By running this operation as we
see each new word in a set of words.

In the dynamic compounding case, evidence in the ses-
sion is taken to be evidence on an OR of possible word
solutions that occur at each position within the session. FIG.
12 shows how a local probabilistic network can deal
dynamically with compounds in the lexicon at run-time.
When a session consisting solely of the words “new york”
is seen, evidence is not counted for the words new, york, or
even new york. Rather, we see that at the first position, either
the word “new” or the compound “new york™ would explain
that position. Similarly, either “york” or “new york”
explains the second position as well. All of the messages we
discussed in the previous section are fairly easy to adjust to
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this new compounding method. In fact, this method has the
advantage of being able to decide whether or not a pair of
words is a compound based on the other words in the
session.

Sparseness and Initialization

Whereas the description of our model above for the most
part assumes an arbitrarily large number of concepts, this
need not be the way the technique is initialized. In fact, our
model starts out with only one particular cluster, the uni-
versal cluster, U, which is also referred to for only mne-
monic reasons as CANADA (note that this is different than
the country of Canada).

Loopy belief propagation is an iterative approach, and so
there is always time in its running to introduce new potential
clusters, and this is what our model does. At each iteration,
our model takes a number of user sessions and examines the
words in the sessions. If a session contains a sufficient
number of words, then a new cluster is formed that perfectly
explains that particular session. This new cluster introduces
a large number of potential model nodes—one for each
potential model link in or out of this new cluster. Not all of
these are stored either, in fact, our model only stores a
particular link if the link optimization phase determines that
it is more likely than a particular threshold to be existent,
AND it’s weight is sufficiently larger than the weight of a
link from CANADA. This is to remove spurious links from
the model, because as we will see they cost both

memory and computational resources. This simplification
will be referred to as “model sparseness”.

A similar sparseness is imposed on the local network.
Even at the beginning, with a lexicon of 5 million words and
compounds, local sessions would be particularly large.
There is really no reason to involve every terminal and
compound in each local network. We can summarize the
effect of having observed all words and compounds not in
the text to be false. This is done by pre-computing for each
concept the probability that it fires no words. This can be
done after a link optimization phase (more on our model’s
phases later). This precomputation can be adjusted by
removing the effect of the words that are actually in the text.
That is, instead of additively determining the effect of all
nonexistent words, we compute once for each cluster the
probabilistic costs of it triggering no words, and subtrac-
tively remove the effects of the words that are already there.

This “terminal sparseness” removes all but a few termi-
nals from each local session, and summarizes them with
some evidence for each concept pointing at a “false” bool-
ean node with a determined weight (that weight being
determined by the probability of firing nothing divided by
the probabilities of it firing the terminals actually in the
session).

In addition, when sending up messages to the global
nodes, the effects of all of the nonexistent terminals is
summarized. Normally, if a cluster C, exists in a session
with only one word T, we would need an up message (with
a positive k as above!) relating that the probability of the
network would be reduced for a link between C, and C,, and
C, and C; and C, and T, and C; and T; and so on. There
would be millions of these up messages. Instead, we sum-
marize this with one up message. This process is part of a set
of'techniques for “link message sparseness”. Let us examine
how this is done.

In FIG. 13 we see a single cluster C, with probability p of
being true as determined by the rest of the network. In this
session, C has activation a. Now, the terminal T is not
observed. It is to be excluded in the session via “terminal
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sparseness”. Let’s say x is value of the (C—T) node. The up
message along the link from the (C—T) node to the trigger
node between C and T communicates the probability of the
network given x. Now, the probability of T being false is
approximately:

P(C is truelall else)*P(7 is falselC is true)+P(C is
falselall else)*P(7T is falselC is false)=pe "+
(1-p)=p(l-ax)+1-p=1-pax=e®*

Here we are assuming that the link strength x is low which
seems reasonable because the cluster is there but the word is
not. With a low link strength e™=(1-ax). Also to do this
computation exactly, we would have to adjust for the fact
that we initially computed the probability of C assuming this
word was not there, which has to get discounted for in the
loopy determination of this particular up message. The
reason we don’t do this, is that ignoring this fact allows us
to send up only one number for the existence of the cluster
C in this piece of text. This information—the product
e P**—is then factored into all link optimization computa-
tions on model nodes that have C as a source, i.e. the (C—T)
global node uses this number to approximate the effect of its
optimal value on the probability of this network.

One small error introduced here is that because these
messages are sent per cluster, we also consider them for
combinations of cluster and terminal where the terminal
actually occurs in the text! For example, in FIG. 13, the
sparse link message that C sends up would get used in
figuring out the optimal setting of the global (C—T) node.
This is correct. But it would also be used to compute the
optimal value of the (C—T,) node, which is incorrect as T,
actually occurs in the text! In order to adjust for this, the
trigger node between T, and C includes an extra component
in its link message. This adjustment of e** is transmitted
along with the normal link message for to the (C—T,) global
node. This cancels out the e?“* coming from the sparse link
message and all the computations complete approximately
correctly.

Thus far, we have simplified away terminals that are not
there, and link messages up from their trigger nodes. There
are still potentially in a big model millions of cluster nodes
to deal with in each local network. In order to simplify this,
we do a fast approximate calculation that allows us to
determine which clusters are likely to exist with any prob-
ability in the session. It turns out that for the purposes of the
global messages needed for learning, clusters that turn out
not to be likely have little impact on the global model once
the universe’s sparse link messages are accounted for.
Therefore, a quick computation that allowed our model to
just not consider a large number of clusters would be
extremely advantageous.

Our model runs a routine called “parent picking” to
determine which clusters to even consider within a local
network. This routine uses a few types of information (1) the
apriori likelihood of the cluster which can be estimated from
its probability in all other sessions (2) the words in the
session, which generate likelihood for the clusters that point
at them (3) the words linked from the cluster with high
probability and (4) the structure of the global model. We will
return to and examine this routine later but for the moment
note that after running this routine on a small piece of text,
if typically reduces the numbers of clusters to be examined
by large factors. In one large model with a million plus
concepts, and running on the session consisting of the single
word “office” our model ends up considering only 12 out of
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the million plus clusters. This “cluster sparseness” also
greatly reduces the amount of work required to analyze a
session.

Note that up messages have to be sent not just for the links
that already exist with high probability in the current itera-
tion. One embodiment of our model needs to send up
messages also relating concepts to new words, in fact this is
how new words become linked from a concept. Consider for
example that the initial allocation of a cluster C is to a query
session:
california
palo alto
berkeley

Now as we are training on a new local network, we observe
the session:

california
berkeley
san francisco

FIG. 14 shows what such a network might look like (here
we have eliminated the trigger nodes for aesthetic reasons).
Our new cluster C points to both california and berkeley in
this session. Note that using terminal sparseness all other
terminals are not considered explicitly, and similarly using
cluster sparseness. Also, because of not storing in the model
links that are low probability, there is no explicit link
between C and San Francisco (that is why there is a dotted
line between them). Note also that the global node (C—San
Francisco) also does not explicitly exist because of model
sparseness. Now, if C is determined to be probable in the
session, it is advantageous to send an up message to the node
(C—San Francisco) which does not exist. When our model
receives this message, it computes an optimal value for the
(C—=San Francisco) link, and if the link is significant enough
(it both exists and has high enough best value) a (C—San
Francisco) node is added to the global model. This is
precisely how the global model grows new links from
clusters to terminals. However, one optimization that can be
done is to only send these new-node link messages up if the
cluster has a high enough probability after locally running
loopy.

The effect of these sparseness techniques is fairly impor-
tant. Their essence is the combination of multiple messages
into summary messages, and the sparse representation of
virtually nonexistent information that can be largely
ignored.

Model Storage and Compression

At this point, we have gone over many of the theoretical
details surrounding both the specification of our model as
well as the some of the sparseness techniques that are used
to make our model practical. This section covers the execu-
tion of our model, that is the precise set of steps and
processes which execute on the above theoretical model.
There are still important theoretical introductions in this
session however because only in the view of the actual
running of our model are some transient effects explainable.

Our model is able to be run in parallel on separate
computational units which exchange data using a shared file
system or a network. A stage in its operation is said to be
“sharded” if it can be split up in a way such as to make this
parallelism possible. Data is said to be “sharded” in the same
way (for example, often we say a file is sharded by id, this
means that it is split into N pieces, and data with a certain
id is placed in the id mod N piece).
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Components Stored

First, we begin by covering the components of the infor-
mation that our model can store from one iteration to the
next in order to enable it to learn.

User sessions are stored as one or more files in the file
system. Their format is such that a lexicon lookup has
already transformed each recognized word into a unique
integer, which is its terminal_id. The Lexicon allows termi-
nal_ids to be transformed back and forth from strings of text
to small ids. One advantage of using ids is that they are
placed in a small dense space and so can often simplify the
data structures that are used to manipulate them.

The Lexicon is stored in a format that enables easy
translation from terminal_id to terminal, and back. Each
terminal has a unique terminal_id.

Our model can be stored with all of the relevant link
relationships, be they from cluster to terminal or cluster to
cluster. The source of each link is referred to as the parent,
and the destination a child. Each link between a parent and
a child can be stored. In our model, this information is stored
in an inverted index, sharded by child_id. Each cluster as it
is created, is given its own cluster_id. This id may live in the
same space as the terminal_ids. The inverted index stores for
each child, the list of parents of that child, as well as their
existence probabilities, and their weights. All of this infor-
mation is bit-encoded using compressive techniques such as
rice encodings, in order to reduce the amount of space that
the index takes in memory.

One particular optimization is to store the inverted index
data in blocks of doubling sizes, where within each block the
parents are stored in id order for compression. The inter-
block ordering can then be chosen to emphasize the impor-
tant links for a target first. The advantage of this data
structure is the most important links into a terminal or cluster
can be retrieved without exploring the whole index entry.
This of course can be done simply by sorting by importance.
The second advantage is that large portions of the index
entry are sorted by id, making it more compressive than a
simple sort by importance.

The model may also be stored in an inverted order, with
parents having lists of children. This may be used for
debugging information. The model may also be separated
into separate index and data structures, where the index here
is a pointer index into the file so that the parents (or children)
of a cluster or terminal can be found with two file accesses.

In order to redo the link optimization for the next itera-
tion, and for parent picking, our model keeps around various
pieces of information such as (1) the probability of each
cluster given no other information about the session. This
approximated as the frequency of that cluster over the last
iteration of loopy (2) the total sum activation times prob-
ability for each cluster. This is used for the virtual link
messages in the link optimization. This information is some-
times called the order one information or model, because it
is an order 1 (no correlation accounted for) model of whether
a cluster exists or not, and of its expected activation times
probability.

The model can also store all of the outlink sums for all
clusters. Here an outlink is a link from a cluster to another
cluster. This is summed up by multiplying the current
existence value of the link times its weight. The model can
also store all of its activated outlink sums. This is the sum
of links from the cluster to terminals. These two pieces of
information are needed to figure out how to adjust the
cluster’s probability in response to only implicitly consid-
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ering some of its children terminals or clusters—for example
when using cluster or terminal sparseness. This data is also
sharded by cluster_id.

The model may optionally store a list of cluster names in
a file. These names are typically decided on by choosing a
few of the more prominent terminals in the cluster and
concatenating them. This is largely a mnemonic device for
compounding. However, it can also be used to identify via
a terminal the current cluster in our model that responds to
a particular information need. For example, a set of porno-
graphic words may be used to identify pornographic clus-
ters, which can easily be then used in combination with our
model to form a search safe for children.

The up link messages are stored temporarily in the
processing of the next iteration. These messages are sharded
by a combination of parent and child id.

The above covers the data requirements of our model
while it is running, the next section details the different steps
in the running of our model.

(1) Process Sessions

First, our model is loaded largely into memory to save file
system accesses. Second, our model reads training sessions
from a file system. It forms local networks for those sessions
using the sparseness principles above. It then runs inference
(loopy) on the local sessions, because that is required to
settle on the probabilities of the various clusters, which is
important for extracting link messages (as detailed above).

After running inference, our model extracts up link mes-
sages from those sessions and saves those messages sharded
by (source_id, target_id) of the message. It also extracts
“node messages” from the sessions. These node messages
contain the current probability and activation of both clus-
ters and terminals (terminals always have an activation of 1).
This information is saved to the file system sharded by id to
be processed by a later phase. Note now that this information
for each cluster is exactly what is needed to adjust for the
effect of “link message sparseness™, i.e. it contains, in the
parlance of FIG. 13, precisely the “a” and “p” necessary to
recreate an e ¥“* message at any global node with source C.

During this phase, our model also decides on which of its
sessions it can base new clusters off of. For each of these
sessions, our model creates a “new cluster message” that
records the likely terminals and clusters. The new cluster
will be intended to point at the terminals and be pointed at
by the clusters involved. These “new cluster messages” are
stored in the file system sharded by id for the “process new
clusters” phase to process.

This phase is sharded by session. This means that the
input can be broken up into many pieces (shards), and each
processing unit can handle only one particular set of ses-
sions. Note that the sharding of the input (by sessions) is
different than the sharding of the output. Consider for
example if there are N input session shards, and M output
node shards for the node messages (sharded by cluster id)
and L output shards for the link messages (by target id,
source id). The output of this stage is then MN node message
files sharded by both the session shard and cluster id shard.
This data is then merged together N ways to produce the M
cluster id shards. A similar process occurs for the link shards
as well. In general, when a phase shards by a different
method than its output, its partial files are merged to obtain
a result sharded by what the next stage expects.

As an example, take a process that takes in data on users
by the days of the week, but produces data sharded by the
first letter of the last name of the user. It’s input is 7 files, one
for Monday, Tuesday, Wednesday, Thursday, Friday, Satur-
day and Sunday. Its eventual output is to be 26 files, one for
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each letter of the alphabet. However, first, each of the 7
processes produces its own 26 files, resulting in 182 files.
There is for example the “monday-a” file, the “monday-b”
file (andso on . . . ) the “tuesday-a” file (and so on . . . ) Now,
all 7 of the “a” files, are combined into one “a” file, and
similarly for all the other letters of the alphabet, until only
26 files result.

This “cross product merge” is one way of dealing with
input that is sharded differently from what is output. It is a
very efficient way of generating data in parallel, to be
consumed by further processes in parallel as well. An
alternative to it would be to simply use the file system and
append all the data simultaneously to the output shards. This
tends to be slower when large amounts of data are appended
and the source sharding is large.

(2) Compute O1

Here, the probability sum of the clusters, and the sum of
the activation times probability of the clusters is determined.
This information is simply a summary of “node messages”
produced in the process sessions phase. This information is
saved to the file system as a new set of “summarized node
messages” sharded by id and is part of our model. This
information is referred to as the order one model.

This phase is sharded by node id (here node can be either
a terminal or a cluster). This means that each processing unit
is responsible for computing the order one model for only
part of the data, which in fact is the part that it outputs data
for; so no cross-product merge is necessary.

(3) Process New Clusters

This phase takes the new cluster messages, and decides
how the new clusters will fit into our model. This decision
is delayed until this time, because it requires information
computed in the O1 phase. This is for an important dynamic
theoretical reason. When a new cluster is introduced a
decision can be made on the likelihood and best values of all
links into it. Typically, such a cluster will be linked from
CANADA as well as the other links in the “new cluster
message” it is based off of.

If the new cluster is given links that are too strong (high
weight and likelihood) it will immediately take over words
from existing good clusters, without learning new concepts.
This is because the cluster does not yet point to a properly
related set of terminals. If the new cluster is given links that
are too weak, it will not be important enough to make a
difference in any sessions, and it will not receive strong
enough link messages, and it will fail as well. Here failing
means that the link messages it receives eliminate links
fronv/to it and the rest of the model.

In order to make the decision of how strong these links
should be, we consider how often in probability each of its
potential parents will fire. This is precisely the information
present in the order one model computed above. In order to
make this decision judiciously, we balance the link likeli-
hood and weight in order to expect a small number M
(usually 100) of expected occurrences of this cluster in the
next iteration.

The output of this phase is a set of “entry messages”.
Entry messages are basically what exists in the inverted
index information of the model. An entry contains informa-
tion about a source, target, likelihood of existence and best
value. This information is sharded by target id.

This phase is sharded by the cluster id of the new cluster.
That is, each processing unit produces entry messages for
only certain of the new cluster ids. Note since the different
processing units may be producing data that is destined (by
target id) for the same shard, they have to append their data
asynchronously to some of the same files using the file
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system. A cross product merge could be used here as well but
the quantity of the data is fairly small, so the data is just
merged immediately at the file system level.

(4) Optimize Links

This phase receives all the link messages from the process
sessions phase, and all the summarized node messages, and
optimizes the likelihood and probability of the links in the
manner described above in the link optimization section. Its
output is again a set of “entry messages” sharded by target
id.

This phase is sharded by a combination of source and
target id. That is, each processing unit is responsible for only
those links that fall within its sharding space. The resulting
data is fairly small, and need not go through a cross product
merge, it can be appended to a set of files in parallel from all
the sources.

(5) Build Parent Index

This phase takes all the entry messages and puts them
together for one particular target. This phase also limits the
number of sources that may point to a particular target to a
set number N. Typical values for N are 100 or so. The N
sources that get to point to the target are the most important
ones for the target. Importance here is determined by the
product of the ol value for the source, and the link weight
and link likelihood along that link. This simplification is
done to keep the number of parents pointing at a particular
node small, for reasons of efficiency. This is yet another
scalability technique, which we will refer to as “row sparse-
ness”.

The output of this phase is a particular shard of the
inverted indices for the model files described above. The
output is sharded by target id, the same way as the input.
This entire phase is sharded by target id as well.

(6) Build Child Index

This phase inverts the parent index data to build a child
index. It’s input is sharded by the target of a link, its output
is instead sharded by the source. Each processing unit
appends to a number of result files in parallel.

The above describes the steps of running one iteration of
loopy belief propagation to refine a model. This process
repeats as necessary to obtain a better model.

Renumbering

There is a special step called “renumbering” that occurs
every few iterations. Recall that a cluster C, may link to a
cluster C, but not vice versa. In general, a cluster of id=i may
link to a cluster of id=j if and only if i is less than j. It is
desirable for the larger clusters to link to the smaller ones,
in order to learn specialization and generalization relation-
ships. Since concepts usually have more specializations than
generalizations, it therefore makes sense to place the larger
clusters earlier in the id space. This is unfortunately not
necessarily the order in which they are learned. For this
reason, we sometimes (every few iterations) renumber all of
the clusters.

Renumbering the clusters means changing the link
weights and likelihoods on almost all links. The way this
occurs is as follows. Say a cluster A points to a cluster B with
weight w. Furthermore, let the sum probability of A and B
be pl and p2 respectively (this is one of the components of
the ol model). Now, we expect A to show up in approxi-
mately a fraction pl of the sessions, B in a fraction p2 of the
sessions and both A AND B to show up in a fraction (pl w)
of the sessions. These numbers are all approximations of
course. A reasonable approach to making B point to A would
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be to keep the same number of expected joint occurrences.
This is achieved with a new link weight w' satisfying:

w'p2=wpl
or

w'=wpl/p2

In order to do this, a particular model is translated into
“entry messages”, the order one parts of the model are
loaded into memory (they are required for the pl and p2
components); and this translation takes place. The output of
the translation is a set of entry messages that then feeds into
the “build parent index” phase of the regular operation.

Parent Picking (Choosing Candidate Clusters)

When analyzing a session, one embodiment of the present
invention does not include all of the thousands of clusters in
the local belief network which we solve. We first determine
which clusters are remotely likely to be active, and assume
that the rest are off. We call the clusters that we consider the
“candidate clusters”. To determine which clusters are to be
candidates, we keep a priority queue of clusters to be
evaluated, so as to evaluate them in increasing order of
height in the model (decreasing cluster id, increasing gen-
erality). We add to that queue all parents of the terminals for
the session. We then begin popping clusters off of the queue
and evaluating them. For a given cluster C,, we construct a
belief network as shown in FIG. 15.1. We include a C, and
all terminals in the session linked to by C,. We weight the
links between these nodes as if C, had activation equal to
some constant (we use 3.0). We add a link to the terminal
from nowhere with weights equal to the ol model of the
terminal multiplied by the number of words in the session.
This link approximately summarizes the chance that the
terminal is caused by something else. We add a link from
nowhere into C, with weight equal to the o1 model of C,. We
then solve this network to get a probability on C,. Since the
network is a tree, we can solve it quickly. If the probability
of C, in the network exceeds a certain threshold (we use
0.05), we decide that C, is a candidate cluster. In this case
we add all parents of C, to the queue of clusters to be
evaluated.

In the case where we are evaluating a cluster C,, which
has as a child another cluster C; which we have already
made a candidate cluster, we want to include the network we
created for C, in the network we create for C,, to add
appropriate extra evidence on C,. The danger in such an
inclusion is that it will create loops in the network. We
therefore will only add terminals and cluster children to the
network for C, such that the terminals and the sub-networks
corresponding to the clusters are all disjoint. In choosing
which ones to include, we choose greedily in order of the
strength of the message that will be sent to C,. For example,
if cluster C, linked to the terminals “grey” and “mouse” in
the session and also to cluster C,, we could either construct
a network like in FIG. 15.2A which includes C,, or one like
in FIG. 15.2B which includes the link from C, to “grey”. We
would choose which one to construct depending on which
message was stronger, the one from C, to C, or the one from
“grey” to C,.

In practice, data structures corresponding to these net-
works need not be constructed. When we make C, a candi-
date cluster and we are adding its parent C, to the queue of
clusters to be evaluated, we can add a message as well
specifying the message that would be passed from C, to C,
if C; were included in the network for C,, and the set of
nodes in the tree rooted at C, (to avoid intersection with
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other elements of the network for C,). Similar messages are
also added when adding to the queue the parents of the
terminals in the session. All of the computation can be done
in terms of these messages.

Differential Text Source Adjustment Techniques

We have been discussing our model in the context of
query sessions. However, as pointed out at the beginning of
the disclosure, our model can be run on any source of text,
such as web documents. One interesting technique we have
developed is in training our model on one source of data,
while applying it on another source.

For example, we can train our model on user queries, but
apply the trained model to predict the probability of exist-
ence of various clusters in web pages. This is sometimes
problematic, because certain words such as verbs occur
much more in documents that in user queries which tend to
have many more nouns. Unfortunately, in queries, many
verbs occur in song lyrics, and often, a query-trained model
will identify most documents to be partly about song lyrics!

A fix for this is to change the weight of the links from
CANADA to all terminals to reflect their probability in the
candidate language (i.e. the language of web pages).
Because an explanation from CANADA for a terminal is
basically a statement that there is no well-defined concept
that originated that terminal, this ends up discounting the
effect of those words somewhat. This often results in a better
concept engine for comparing the concepts in queries and
web pages.

Another small fix that can be applied deals with the
independence assumptions that are helpful to have in train-
ing text. Large numbers of web pages are copies of each
other, cut and pasted into different web servers. Training our
model on all of these together is a little bit wasteful as it ends
up learning exactly the repeated copies, without any of the
hidden meaning behind them. In order to reduce this prob-
lem, one can eliminate all repeated runs of say N or more
words (N is typically 10 or so) from a large set of docu-
ments. This can be done by fingerprinting all sequences of
N words, sorting the fingerprints so as to group them, then
iterating back over the training text removing words that are
at the start of a 10 word run that is seen more than once. This
technique has been applied with our model when training on
web pages.

Demonstration

At this point, let’s take a look at some output from our
model in FIG. 16. Let’s look at the information below the
line “Model of 1378939 clusters”. The data is in a two-
column format. The left hand column reports the ol model
for a cluster, i.e. the sum of its probability of existence in all
sessions in the last iteration of our model. The right hand is
our current name for the cluster. Since CANADA (the
universal node) exists in all sessions, the number 595417600
is also the number of user sessions this model was trained
on.

Let’s take a look at the next cluster. It is labeled [john
david mark paul michael scott]. This is a cluster of first
names. The following cluster [free sex porn pics movies
xxx| is a cluster of pornographic words. The following
cluster [uk england london in-the-uk Itd friends-reunited]
focuses on UK content. A quick reminder that although this
model was run on a group of English queries, nothing in our
model is restrictive in terms of language, similar models can
easily be built in any other language. The next cluster is
[pictures of picture photos pics images|. Note that this
cluster is interesting, because it seems to be labeled by some
of'the many different ways of asking for pictures on the web.
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In fact, this is exactly what our model was intended to do,
to group together words by topic!

There are approximately 1.3 million of these topics. Only
a few (the largest) are displayed in FIG. 16. Now, let’s take
a closer look at one of the clusters. The one with a count of
6408187 is labeled [jobs job employment in job-search
careers|. An HTML interface has been provided with our
model, and selecting that cluster brings up more detailed
information about the cluster. This more detailed informa-
tion is in FIG. 17. We will be reviewing first the information
below the horizontal line (we will return to the search box
later).

There are three main sections here, one labeled PAR-
ENTS, one labeled CHILDREN and one that starts with “ID
4737501”. The PARENTS and CHILDREN section list the
other clusters that this cluster is related to. The column on
the left lists the number of times that a parent is expected to
trigger, or a child is triggered by, this particular cluster. The
parent information here is sparse, only CANADA is a parent
of this cluster, and this is because the concept of jobs is so
large that renumbering moves it quickly to be a parent of
many other concepts.

Now let’s look at the children information. Note that the
children triggered most often are at the bottom of the list.
The child concept [in jobs for india it bangalore] is expected
to be triggered 378070 times from this jobs cluster. This
sub-cluster is people in India searching for jobs! The next
sub-cluster is [programs degree program education online
masters| which talks about education. This means that when
people talk about jobs, they often talk about education! The
next cluster if about [salary salaries average salary-survey
wages pay| salaries! and so on . . . Our model contains an
interesting amount of information about the world in that it
determines that jobs are often related to education and
salaries and pay! The numbers that follow the child clusters,
for example (0.0608101,inf), are a pair detailing the best
value of the link between the two clusters, and the logodds
belief in the links’ existence, which in this case is infinite so
the link is there with probability 1.0 according to our model.

Now let’s look at the information starting with ID
4737501. This means that this job cluster’s id is 4737501. Its
“Total Firing: 6408187.000000” means that the sum prob-
ability of existence of this cluster (o1) was 6408187 times in
the last iteration of our model. Firing is sometimes used as
a synonym here for probability or sum of probabilities. Its
“Total Activation: 11139140.000000” is the order one entry
for the sum of the cluster’s activation times its probability in
all sessions in the last iteration (it should really be called
Total Activation Times Probability but that name is
unwieldy). It’s “Outlink Sum: 0.848506” means the sum of
the weight times likelihood of its links to clusters is
0.848506. It’s “Activated Outlink Sum: 0.521899” means
that the sum of its weight times likelihood to terminals is
0.521899. Now the information below that is again in
two-column format. In a similar way to the CHILDREN and
PARENTS section, the next section details the links between
this cluster and terminals.

The first terminal is “jobs”. The information on the left,
1841287, is the number of times this cluster triggers the
word “jobs”. The information to the right of the word is
again its best value and log likelihood of existence. The next
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few words are “job”, “employment”, “in”, “job-search”,
“careers”, “it”, “career”, “job-opportunities”, “human-re-
sources”, and so on. All of these terminals are used when
people talk about the concept of jobs! Note that many more
terminals are linked to from this cluster, and only the most

significant ones are displayed in this figure.
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Similarly, the use of any of these concepts indicates that
this idea is active, some words more than others. For
example, the word job is caused most by this concept. We
examine this by looking at a different output, this one
available for all terminals, for the word “jobs™. FIG. 18
shows this output. Starting from the line “TERMINAL:
jobs”. The next line is “Firing: 3049398.000000” which
means the sum of probabilities of occurrence of this word
over the previous iteration is 3049398 (note that because of
compounding, a terminal can have a probability of occur-
rence in a session different than 1.0). The next few lines
detail the clusters that cause this terminal most strongly, the
first being the [jobs job employment in job-search careers]
cluster! Note that many more clusters link to this terminal,
and only the most significant ones are displayed in this
figure.

Now, the terminal “in” is in the [jobs job employment in
job-search careers| cluster, but, selecting the page for the
terminal in (shown in FIG. 19), we see that CANADA is the
cluster that causes “in” the most. The interpretation of this
is as follows: “in” is used when people are talking about
jobs, but “in” is also caused by other things more often, so
it is not as strong an indicator as the word “jobs” in what
people are searching for. Note here as well that many more
clusters link to this terminal, and only the most significant
ones are displayed in this figure.

Now, we’re ready to look at the search box on the top of
the page. We enter the query “palo alto restaurants™ into the
box and click Search. FIG. 20 shows the results of this
search. Let’s begin with the line “QUERY: palo alto restau-
rants”. This is simply what was typed into the box. The next
two lines are the compound “palo alto” and the word
“restaurants”. They represent the current compounding
(sometimes called segmentation) of the query.

Now, let’s examine the numbers next to the word palo-
alto. The last number, 9.9789, is the number of bits it takes
to represent the word. There is a duality between bit repre-
sentation cost and probability, where bit cost is the negative
of'the log base 2 of the probability. This means that the word
palo-alto occurs roughly one in 279.9789 (around 1000)
times a word occurs. The number in the middle is an
APPROXIMATION to how many bits the word requires
given that the other words have been seen. The word
palo-alto does not get better (more likely) but the word
restaurants does! This is because people searching for palo
alto with a very high frequency (around 1 in 2>7 or 1 in 10)
want restaurants in palo alto. The same might apply in a
document for people writing about palo alto.

One use of this information is in determining which words
in a literal search can be dropped because they are less
specifying than the others. For example, if a search for “palo
alto” restaurants does not return enough results from a
corpus of documents, perhaps you can look for pages that
just mention palo alto and see if they are about restaurants
but use a different word (like one of the words in the
[restaurants in resturants restuarants dining best| cluster for
example). The first number for palo-alto 15.2624 is also a bit
cost, but assuming that the highly probable (>0.95) clusters
in a document are on, which none are for this session. This
number is also an approximation.

The line beginning with “session graph 8 nodes 16 edges”
talks about the local network introduced to solve for the
evidence of having seen the terminals. Note that our model
has MANY more than 8 clusters, however, the terminal and
cluster sparseness techniques means that we only have to
look at 8 nodes total! Here a node can be either a cluster or
a terminal. The rest of that line deals with timing informa-
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tion. The next few lines display information about all the
clusters found in the query. The first is a restaurant cluster
named [restaurants in resturants restuarants dining best].
There are three columns of numbers on the left. The first is
the probability of the cluster. The second is its probability
times its activation. The third is its probability times an
adjusted activation. Recall that the activation inside a local
network is just set arbitrarily at the number of possible
words that it could trigger that are true. Once we have solved
the network, we can make another more educated guess at
where the terminals originate from. We do this by computing
the probabilities of the trigger nodes between each cluster
and each terminal. The cluster then gets credit for the
probability of each terminal it launches as “adjusted activa-
tion”.

The second cluster to be found is the [san-jose ca Sunny-
vale santa-clara bay-area mountain-view| cluster, with a
probability of existence of 0.682912. The third is a cluster of
[palo-alto menlo-park restaurant evvia palo straits-cafe]
with probability of 0.37. An interesting thing to note here is
that both “Evvia” and “Straits Cafe” are actually restaurants
in Palo Alto. This cluster has specialized to be the concept
of restaurants around Palo Alto!

In this way, our model can be used to estimate the
probabilities that various concepts are present in any piece
of'text. The same can be done for web pages as well, and by
looking at the joint concepts present in a web page and a
query, one of the uses of our model is for a search over web
pages. The next section talks about some of the uses of our
model.

Uses of the Model
This section details some of the possible uses of our

model.

(1) Guessing at the concepts behind a piece of text. The
concepts can then be displayed to a user allowing the user
to better understand the meaning behind the text.

(2) Comparing the words and concepts between a document
and a query. This can be the information retrieval scoring
function that is required in any document search engine,
including the special case where the documents are web
pages.

(3) A different way of using our model for web search is to
assume that the distribution of clusters extends the query.
For example, a query for the word “jaguar” is ambiguous.
It could mean either the animal or the car. Our model will
identify clusters that relate to both meanings in response
to this search. In this case, we can consider that the user
typed in one of either two queries, the jaguar (CAR) query
or the jaguar (ANIMAL) query. We can then retrieve
documents for both of these queries taking into account
the ratio of their respective clusters’ probabilities. By
carefully balancing how many results we return for each
meaning, we assure a certain diversity of results for a
search.

(4) Comparing the words and concepts between a document
and an advertisement. This can be used as a proxy for how
well an advertisement will perform if attached to a certain
piece of content. A specialization of this is attaching
advertisements to web pages.

(5) Comparing the words and concepts between a query and
an advertisement (or targeting criteria for an advertise-
ment). In search engines, advertisers often select a set of
“targeting criteria”, which when they show up in user
queries, and ad is served. These text of these criteria (and
the ad copy itself) can be compared to a query via the use
of clusters in our model. This comparison can be a proxy
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for how well the ad will perform if served on a search
page resulting from the query.

(6) Comparing the words and concepts between two docu-
ments. This can be used as a distance metric for concep-
tual clustering of documents, where similar documents
are grouped together.

(7) Projecting text into the space of clusters. The probabili-
ties of clusters in the text can be used as features for an
arbitrary classification task. For example, a pornography
filter can be produced by projecting the text of a page onto
clusters, and then building a classifier that uses the
clusters and the words as its input.

(8) Generalizing a web query to retrieve more results, using
the bit cost or probability of a set of words or terminals
given their parent clusters.

(9) Guessing at whether a particular word is a misspelling of
another word by looking at the concepts induced by the
two words.

Local Inference Mechanisms

It is possible to solve local networks with approaches
other than loopy despite using loopy on the global nodes. An
advantage with such approaches is that they may converge
faster or more correctly than loopy. The following two
sections detail alternate inference mechanisms that can be
used on the local networks.

Another Local Inference Mechanism

Another way to do inference in the local networks is to
look for a few good solutions to the problem instead of
running loopy. We search around the space of complete
instantiations of the network to find a set of good solutions
to our network. We treat these as if they were a complete
enumeration of the solutions to the network. We can send up
link messages similar to the ones loopy sends, but more
accurate, if we consider a good enough set of solutions. The
remainder of our system remains largely the same.

Note that each time a cluster is flipped, we can quickly
update the probability of the entire network, and all of these
probabilities are stored (this is because the probability of an
instantiation is the product of a number of local conditional
probability tables). During the search, a history is stored for
each cluster in the network. This helps us compute the link
messages faster at the end.

Usually, our search over complete instantiations proceeds
like this: We start with all clusters off, except for CANADA.
We then hill-climb to a local optimum by flipping individual
clusters on or off. Then, for each cluster node other than
CANADA, we start at the global optimum so far, we flip the
value of that node, and, keeping the value of that node fixed,
we hill-climb on the rest of the nodes until a local optimum
is reached. If in the process, we find a new global optimum,
we start over with that global optimum. In this way, we are
guaranteed of considering pretty good solutions with each
value of each of the non-CANADA cluster nodes.

One advantage of this method is that the search can be
limited arbitrarily in order to trade off speed of execution
versus accuracy. In the analysis of larger pieces of text, in
order to have our model return in an adequate amount of
time, the tradeoff is often made in favor of speed of
execution.

Yet Another Local Inference Mechanism

One more way to do inference in the local networks is to
run loopy for a while and see if it converges quickly or not.
There are theoretical results that indicate that if loopy
converges quickly, it converges more correctly. In this case,
if loopy does not converge quickly, one or more nodes can
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be “conditioned” i.e. loopy is run for both true and false
values of these variables. If the network is conditioned
enough, loopy becomes more stable, this is because condi-
tioning on the top or side of loops breaks the cycle of
message looping in loopy (for various theoretical reasons).
This conditioning is applied recursively until loopy con-
verges quickly. After running conditioned loopy, the result is
various conditions under which all the link messages are
known.

All that remains is to be able to combine the conditions
together in their relative probabilities (since the conditions
are usually distinct). One technique we have devised is to
estimate the combination probabilities after loopy has settled
on a network using a measure of the entropy of the network
(roughly the number of remaining free bits at network
convergence) and the energy of the network (roughly the
amount that the network solution violates previous con-
straints). This approximation allows us to combine the
various link messages in the correct order, and the remainder
of our model remains largely the same.

Process of Characterizing a Document

FIG. 21 illustrates data structures involved in character-
izing a document in accordance with an embodiment of the
present invention. These data structures include, order one
probability table 2102, parent table 2104, child table 2106
and link table 2108.

Order one probability table 2102 includes entries for each
node in the probabilistic model that approximate the order
one (unconditional) probability that the node is active in
generating a given set of words. Hence, an entry in order one
probability table 2102 indicates how common an associated
word or cluster is in sets of words that are generated by the
probabilistic model. In one embodiment of the present
invention, order one priority table 2102 also includes an
“activation” for each cluster node indicating how many how
many links from the candidate cluster to other nodes are
likely to fire.

Parent table 2104 includes entries that identify parents of
associated nodes in the probabilistic model, as well as the
link weights from the identified parents.

Similarly, child table 2106 includes entries that identify
children of associated nodes in the probabilistic model, as
well as the link weights to the identified children.

Note that order one probability table 2102, parent table
2104 and child table 2106 are pre-computed for the proba-
bilistic model, prior to characterizing the document. On the
other hand, link table 2108 is populated during the process
of characterizing a document.

Link table 2108 includes entries for links to consider as
evidence while constructing an evidence tree as is discussed
below with reference to FIGS. 22-25. Each entry in link
table 2108 contains the weight for an associated link as well
as the identifier for the associated parent node. Moreover,
link table 2108 can be sorted by parent identifier as is
discussed below.

FIG. 22 presents a flow chart of the characterization
process in accordance with an embodiment of the present
invention. The system starts by receiving a document con-
taining a set of words (step 2202). Note that this document
can include a web page or a set of terms (words) from a
query.

Next, the system selects a set of “candidate clusters” from
the probabilistic model that are likely to be active in gen-
erating the set of words (step 2204). This process is
described in more detail below with reference to FIG. 23.
Note that by selecting a set of candidate clusters, the system
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limits the number of clusters that are considered in subse-
quent computational operations, thereby reducing the
amount of computation involved in characterizing the docu-
ment.

The system then constructs a vector (set of components)
to characterize the document (step 2206). This vector
includes components for candidate clusters, wherein each
component of the vector indicates a degree to which the
corresponding candidate cluster was active in generating the
set of words in the document. This process is described in
more detail below with reference to FIGS. 24-25.

Finally, the system can use this vector to facilitate a
number of different operations related to the document (step
2208). Some of these uses are listed above in a preceding
section of this specification entitled “Uses of the Model”.

FIG. 23 presents of a flow chart of the process for
selecting candidate clusters in accordance with an embodi-
ment of the present invention. This flow chart describes in
more detail the operations involved in performing step 2204
in FIG. 22. The system starts by constructing an “evidence
tree” starting from terminal nodes associated with the set of
words in the document and following links to parent nodes
(step 2302). As a node is selected to be part of the evidence
tree, links to the node from parent nodes are inserted into
link table 2108.

During the process of constructing the evidence tree, the
system uses the evidence tree to estimate the likelihood that
each parent cluster is active in generating the set of words
(step 2304). More specifically, in one embodiment of the
present invention, for a cluster node C, that only points to
terminal nodes, the system estimates the likelihood that C,
was involved in generating the set of words (we refer to this
estimated likelihood as the “Guess of C,”) using the follow-
ing formula,

Guess(C;) = 01(Ci)1_[
J

P(Ci = w))

P(w))

wherein

P(C, ., )=(weightc 3, )(activation ),

i

and wherein

13(\4/].):01 (w;)x(#words).

This formula indicates that the guess of C, is the order one
probability of C, multiplied by a product of conditional
probability contributions from active child nodes w; of C,.
The numerator of this contribution, P(C,—w)), is the weight
of the link from C, to w, multiplied by a guess at the
activation of C,. Recall that the activation of C,; is an
indicator of the number of active links out of node C,. The
denominator of this contribution, f’(wj), is the order one
probability of w; multiplied by the number of words in the
set of words.

For a cluster node, C,, that points to other cluster nodes,
the formula is slightly different,

Guess(C,)=01(C;)-Score(C}),
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wherein

Score(C;) = 1_[ Contribution(Cy, C;)l_[ Contribution(w;, C;).
P J

As in the case of a cluster node that only points to terminals,
the guess of C, is the order one probability of C, multiplied
by a product of conditional probability contributions. How-
ever, these conditional probability contributions come from
other cluster nodes C; as well as from child nodes w,.
The contribution from child nodes is the same as in the
case where the cluster node that only points to terminals,

. P(Ci > w))
Contribution(w;, ;) = ————.
P(w;)

The contribution from other cluster nodes is more com-
plicated,

P(Cy | C)-Score(Cr) + 1 — P(CL | C)
P(Cy)-Score(C) + 1 = P(Co)°

Contribution(Cy, C;) =

wherein P(C,IC,) is the conditional probability of C, given
C,, P(C,) is the order one probability of C,, and Score(C,)
is the previously calculated score of C,. Note that since the
evidence tree is constructed from terminals up, the score of
the child node C, will have been computed before the score
of the parent node C, is computed.

In one embodiment of the present invention, the system
marks terminal nodes during the estimation process for a
given cluster node to ensure that terminal nodes are not
factored into the estimation more than once.

Finally, the system selects parent nodes to be candidate
cluster nodes based on these estimated likelihoods (step
2306). At the end of this “parent picking” process, the
system has a set of candidate clusters to consider along with
their activations.

FIG. 24 presents a flow chart of the process of approxi-
mating probabilities for candidate clusters in accordance
with an embodiment of the present invention. The system
first selects states for the probabilistic model that are likely
to have generated the set of words (step 2402).

Next, the system constructs the vector, wherein the vector
includes components for candidate clusters. Each of these
components indicates a likelihood that a corresponding
candidate cluster is active in generating the set of words. In
order to estimate a component, the system considers only
selected states in approximating the probability that an
associated candidate cluster is active in generating the set of
words (step 2404).

More specifically, in one embodiment of the present
invention, the system calculates a given component V, of the
vector associated with a cluster node C, to be,

V=Activation(C,;)xP(C,),

wherein the Activation(C,) is an indicator of the number of
links that will fire if node C, fires, and wherein P(C,) is the
probability that C, is active in generating the set of words in
the document.
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P(C,) can be calculated as,

> Premond C s on)

PC) = :
> Premorc(explored)

This formula indicates that P(C,) is the sum of the network
probabilities for networks in which C, is discovered to be
active divided by the sum of all network probabilities for
networks that have been explored.

The probability of a given network state occurring can be
calculated as,

1-

[

nodes i that are

(=)

Prenwork =

nodes | on and point to j
that are on
(1-wi)
rodes k nodes i that are
that are off on and point to k

This probability includes contributions from nodes that are
“on”. More specifically, for each node j that is on in a given
network, the system computes the probability that at least
one link into j (from an active parent node 1) fires. This is one
minus the probability that no link into j from an active parent
node i fires, wherein the probability that a link from an active
node does not fire is one minus the link weight.

The probability also includes contributions from nodes k
that are “off”. For a given node k that is off, the contribution
is the probability that no link points to k from active node i,
which is simply the product of one minus the link weights.

FIG. 25 illustrates how states for the probabilistic model
are selected in accordance with an embodiment of the
present invention. This flow chart describes in more detail
the operations involved in performing step 2402 in FIG. 25.
In order to limit the amount of computational work involved
in selecting states, one embodiment of the present invention
considers only candidate cluster nodes and terminal nodes
associated with the set of words in the document. All other
nodes are ignored.

The system starts by randomly selecting a starting state
for the probabilistic model (step 2502). Each starting state
indicates which nodes in the probabilistic model are active
and which ones are not. Note that any starting state is
possible because the universal node can trigger any subset of
the candidate nodes to fire.

Also note that link weights in the probabilistic model tend
to make some states more likely than others in generating the
set of words in the document. Hence, it is unlikely that a
random starting state would have generated the set of words
in the document. In order to find a more likely state, the
system performs “hill-climbing” operations to reach a state
that is likely to have generated the set of words in the
document (step 2504). Note that a large number of well-
known hill climbing techniques can be used for this purpose.
A hill-climbing operation, typically changes the state of the
system in a manner that increases the value of a specific
objective function. In this case, the objective function is the
probability of a given network state occurring, P04
which is described above.
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In one embodiment of the present invention, the system
periodically changes the state of an individual candidate
cluster between hill-climbing operations without regards to
the objective function. In doing so, the system fixes the
changed state so it does not change during subsequent
hill-climbing operations. This produces a local optimum for
the objective function, which includes the changed state,
which enables to system to explore states of the probabilistic
model that are otherwise unreachable through only hill-
climbing operations.

The foregoing descriptions of embodiments of the present
invention have been presented for purposes of illustration
and description only. They are not intended to be exhaustive
or to limit the present invention to the forms disclosed.
Accordingly, many modifications and variations will be
apparent to practitioners skilled in the art. Additionally, the
above disclosure is not intended to limit the present inven-
tion. The scope of the present invention is defined by the
appended claims.

What is claimed is:

1. A method for characterizing a document with respect to
clusters of conceptually related words, comprising:

receiving the document, wherein the document contains a

set of words;

selecting candidate clusters of conceptually related words

that are related to the set of words;
wherein the candidate clusters are selected using a model
that explains how sets of words are generated from
clusters of conceptually related words; wherein the
conceptually related words are words that relate to a
common topic; and
constructing a set of components to characterize the
document, wherein the set of components includes
components for candidate clusters, wherein each com-
ponent indicates a degree to which a corresponding
candidate cluster is related to the set of words,

wherein the set of components provides an abstract rep-
resentation for the document, wherein the abstract
representation is subsequently used as a substitute for
the document during query operations involving the
document.

2. The method of claim 1, wherein the model is a
probabilistic model, which contains nodes representing ran-
dom variables for words and for clusters of conceptually
related words.

3. The method of claim 2, wherein each component in the
set of components indicates a degree to which a correspond-
ing candidate cluster is active in generating the set of words.

4. The method of claim 3,

wherein nodes in the probabilistic model are coupled

together by weighted links; and

wherein a firing of a cluster node in the probabilistic

model activates a weighted link from the cluster node
to another node to cause the other node to fire.

5. The method of claim 4, wherein for a node which has
multiple parent nodes that are active, the probability that the
node does not fire is the product of the probabilities that
links from the active parent nodes do not fire.

6. The method of claim 2, wherein the probabilistic model
includes a universal node that is always active and that has
weighted links to all cluster nodes.

7. The method of claim 4, wherein selecting the candidate
clusters involves:

constructing an evidence tree by starting with terminal

nodes associated with the set of words in the document,
and following links in the reverse direction to parent
cluster nodes;
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using the evidence tree to estimate a likelihood that each
parent cluster node was active in generating the set of
words; and

selecting a parent cluster node to be a candidate cluster

node based on its estimated likelihood.

8. The method of claim 7, wherein estimating the likeli-
hood that a given parent node is active in generating the set
of words may involve considering:

the unconditional probability that the given parent node is

active;

conditional probabilities that the given parent node is

active assuming parent nodes of the given parent node
are active; and

conditional probabilities that the given parent node is

active assuming child nodes of the given parent node
are active.

9. The method of claim 8, wherein considering the con-
ditional probabilities involves considering weights on links
between nodes.

10. The method of claim 7 wherein estimating the like-
lihood that a given parent node is active in generating the set
of words involves marking terminal nodes during the esti-
mation process to ensure that terminal nodes are not factored
into the estimation more than once.

11. The method of claim 7, wherein constructing the
evidence tree involves pruning unlikely nodes from the
evidence tree.

12. The method of claim 3, wherein during construction
of the set of components, the degree to which a candidate
cluster is active in generating the set of words is determined
by calculating a probability that a candidate cluster is active
in generating the set of words.

13. The method of claim 3, wherein during construction
of the set of components, the degree to which a candidate
cluster is active in generating the set of words is determined
by multiplying a probability that a candidate cluster is active
in generating the set of words by an activation for the
candidate cluster, wherein the activation indicates how many
links from the candidate cluster to other nodes are likely to
fire.

14. The method of claim 1, wherein constructing the set
of components involves normalizing the set of components.

15. The method of claim 3, wherein constructing the set
of components involves approximating a probability that a
given candidate cluster is active over states of the probabi-
listic model that could have generated the set of words.

16. The method of claim 15, wherein approximating the
probability involves:

selecting states for the probabilistic model that are likely

to have generated the set of words in the document; and
considering only selected states while calculating the
probability that the given candidate cluster is active.

17. The method of claim 16, wherein selecting a state that
is likely to have generated the set of words involves:

randomly selecting a starting state for the probabilistic

model; and

performing hill-climbing operations beginning at the

starting state to reach a state that is likely to have
generated the set of words.

18. The method of claim 17, wherein performing the
hill-climbing operations involves periodically changing
states of individual candidate clusters without regards to an
objective function for the hill-climbing operations to explore
states of the probabilistic model that are otherwise unreach-
able through hill-climbing operations.

19. The method of claim 18, wherein changing a state of
an individual candidate cluster involves temporarily fixing
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the changed state to produce a local optimum for the
objective function, which includes the changed state.

20. The method of claim 1, wherein the document can
include:

a web page; or

a set of terms from a query.

21. A computer-readable storage medium storing instruc-
tions that cause a computer to perform a method for char-
acterizing a document with respect to clusters of conceptu-
ally related words, the method comprising:

receiving the document, wherein the document contains a

set of words;

selecting candidate clusters of conceptually related words

that are related to the set of words, wherein the con-
ceptually related words are words that relate to a
common topic;
wherein the candidate clusters are selected using a model
that explains how sets of words are generated from
clusters of conceptually related words; and

constructing a set of components to characterize the
document, wherein the set of components includes
components for candidate clusters, wherein each com-
ponent indicates a degree to which a corresponding
candidate cluster is related to the set of words,

wherein the set of components provides an abstract rep-
resentation for the document, wherein the abstract
representation is subsequently used as a substitute for
the document during query operations involving the
document.

22. The computer-readable storage medium of claim 21,
wherein the model is a probabilistic model, which contains
nodes representing random variables for words and for
clusters of conceptually related words.

23. The computer-readable storage medium of claim 22,
wherein each component in the set of components indicates
a degree to which a corresponding candidate cluster is active
in generating the set of words.

24. The computer-readable storage medium of claim 23,

wherein nodes in the probabilistic model are coupled

together by weighted links; and

wherein a firing of a cluster node in the probabilistic

model activates a weighted link from the cluster node
to another node to cause the other node to fire.

25. The computer-readable storage medium of claim 24,
wherein for a node which has multiple parent nodes that are
active, the probability that the node does not fire is the
product of the probabilities that links from the active parent
nodes do not fire.

26. The computer-readable storage medium of claim 22,
wherein the probabilistic model includes a universal node
that is always active and that has weighted links to all cluster
nodes.

27. The computer-readable storage medium of claim 24,
wherein selecting the candidate clusters involves:

constructing an evidence tree by starting with terminal

nodes associated with the set of words in the document,
and following links in the reverse direction to parent
cluster nodes;

using the evidence tree to estimate a likelihood that each

parent cluster node was active in generating the set of
words; and

selecting a parent cluster node to be a candidate cluster

node based on its estimated likelihood.

28. The computer-readable storage medium of claim 27,
wherein estimating the likelihood that a given parent node is
active in generating the set of words may involve consid-
ering:
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the unconditional probability that the given parent node is

active;

conditional probabilities that the given parent node is

active assuming parent nodes of the given parent node
are active; and

conditional probabilities that the given parent node is

active assuming child nodes of the given parent node
are active.

29. The computer-readable storage medium of claim 28,
wherein considering the conditional probabilities involves
considering weights on links between nodes.

30. The computer-readable storage medium of claim 27,
wherein estimating the likelihood that a given parent node is
active involves marking terminal nodes during the estima-
tion process to ensure that terminal nodes are not factored
into the estimation more than once.

31. The computer-readable storage medium of claim 27,
wherein constructing the evidence tree involves pruning
unlikely nodes from the evidence tree.

32. The computer-readable storage medium of claim 23,
wherein during construction of the set of components, the
degree to which a candidate cluster is active in generating
the set of words is determined by calculating a probability
that a candidate cluster is active in generating the set of
words.

33. The computer-readable storage medium of claim 23,
wherein during construction of the set of components, the
degree to which a candidate cluster is active in generating
the set of words is determined by multiplying a probability
that a candidate cluster is active in generating the set of
words by an activation for the candidate cluster, wherein the
activation indicates how many links from the candidate
cluster to other nodes are likely to fire.

34. The computer-readable storage medium of claim 21,
wherein constructing the set of components involves nor-
malizing the set of components.

35. The computer-readable storage medium of claim 23,
wherein constructing the set of components involves
approximating a probability that a given candidate cluster is
active over states of the probabilistic model that could have
generated the set of words.

36. The computer-readable storage medium of claim 35,
wherein approximating the probability involves:

selecting states for the probabilistic model that are likely

to have generated the set of words in the document; and
considering only selected states while calculating the
probability that the given candidate cluster is active.

37. The computer-readable storage medium of claim 36,
wherein selecting a state that is likely to have generated the
set of words involves:

randomly selecting a starting state for the probabilistic

model; and

performing hill-climbing operations beginning at the

starting state to reach a state that is likely to have
generated the set of words.

38. The computer-readable storage medium of claim 37,
wherein performing the hill-climbing operations involves
periodically changing states of individual candidate clusters
without regards to an objective function for the hill-climbing
operations to explore states of the probabilistic model that
are otherwise unreachable through hill-climbing operations.

39. The computer-readable storage medium of claim 38,
wherein changing a state of an individual candidate cluster
involves temporarily fixing the changed state to produce a
local optimum for the objective function, which includes the
changed state.
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40. The computer-readable storage medium of claim 21,
wherein the document can include:

a web page; or

a set of terms from a query.

41. An apparatus for characterizing a document with
respect to clusters of conceptually related words, compris-
ing:

a receiving mechanism, configured to receive the docu-

ment, wherein the document contains a set of words;

a selection mechanism configured to select candidate

clusters of conceptually related words that are related to
the set of words;

wherein the candidate clusters are selected using a model

that explains how sets of words are generated from
clusters of conceptually related words, wherein the
conceptually related words are words that relate to a
common topic; and

a component construction mechanism configured to con-

struct a set of components to characterize the docu-
ment, wherein the set of components includes compo-
nents for candidate clusters, wherein each component
indicates a degree to which a corresponding candidate
cluster is related to the set of words,

wherein the set of components provides an abstract rep-

resentation for the document, wherein the abstract
representation is subsequently used as a substitute for
the document during query operations involving the
document.

42. The apparatus of claim 41, wherein the model is a
probabilistic model, which contains nodes representing ran-
dom variables for words and for clusters of conceptually
related words.

43. The apparatus of claim 42, wherein each component
in the set of components indicates a degree to which a
corresponding candidate cluster is active in generating the
set of words.

44. The apparatus of claim 43,

wherein nodes in the probabilistic model are coupled

together by weighted links; and

wherein a firing of a cluster node in the probabilistic

model activates a weighted link from the cluster node
to another node can cause the other node to fire.

45. The apparatus of claim 44, wherein for a node which
has multiple parent nodes that are active, the probability that
the node does not fire is the product of the probabilities that
links from the active parent nodes do not fire.

46. The apparatus of claim 43, wherein the probabilistic
model includes a universal node that is always active and
that has weighted links to all cluster nodes.

47. The apparatus of claim 44, wherein the selection
mechanism is configured to:

construct an evidence tree by starting with terminal nodes

associated with the set of words in the document, and
following links in the reverse direction to parent cluster
nodes;

use the evidence tree to estimate a likelihood that each

parent cluster node was active in generating the set of
words; and to

select a parent cluster node to be a candidate cluster node

based on its estimated likelihood.

48. The apparatus of claim 47, wherein while estimating
the likelihood that a given parent node is active in generating
the set of words, the selection mechanism is configured to
consider at least one of the following:

the unconditional probability that the given parent node is

active;
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conditional probabilities that the given parent node is
active assuming parent nodes of the given parent node
are active; and

conditional probabilities that the given parent node is

active assuming child nodes of the given parent node
are active.

49. The apparatus of claim 48, wherein while considering
the conditional probabilities, the selection mechanism is
configured to consider weights on links between nodes.

50. The apparatus of claim 47, wherein while estimating
the likelihood that a given parent node is active in generating
the set of words, the selection mechanism is configure to
mark terminal nodes during the estimation process to ensure
that terminal nodes are not factored into the estimation more
than once.

51. The apparatus of claim 47, wherein while constructing
the evidence tree, the selection mechanism is configured to
prune unlikely nodes from the evidence tree.

52. The apparatus of claim 43, wherein while constructing
a given component in the set of components, the component
construction mechanism is configured to determine the
degree to which a candidate cluster is active in generating
the set of words by calculating a probability that a candidate
cluster is active in generating the set of words.

53. The apparatus of claim 43, wherein while constructing
a given component in the set of components, the component
construction mechanism is configured to determine the
degree to which a candidate cluster is active in generating
the set of words by multiplying a probability that a candidate
cluster is active in generating the set of words by an
activation for the candidate cluster, wherein the activation
indicates how many links from the candidate cluster to other
nodes are likely to fire.

54. The apparatus of claim 41, wherein the component
construction mechanism is configured to normalize the set of
components.

55. The apparatus of claim 43, wherein the component
construction mechanism is configured to approximate a
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probability that a given candidate cluster is active over states
of the probabilistic model that could have generated the set
of words.

56. The apparatus of claim 55, wherein while approxi-
mating the probability, the component construction mecha-
nism is configured to:

select states for the probabilistic model that are likely to

have generated the set of words in the document; and
to

consider only selected states while calculating the prob-

ability that the given candidate cluster is active.

57. The apparatus of claim 56, wherein while selecting a
state that is likely to have generated the set of words, the
component construction mechanism is configured to:

randomly select a starting state for the probabilistic

model; and to

perform hill-climbing operations beginning at the starting

state to reach a state that is likely to have generated the
set of words.

58. The apparatus of claim 57, wherein while performing
the hill-climbing operations, the component construction
mechanism is configured to periodically change states of
individual candidate clusters without regards to an objective
function for the hill-climbing operations to explore states of
the probabilistic model that are otherwise unreachable
through hill-climbing operations.

59. The apparatus of claim 58, wherein while changing a
state of an individual candidate cluster, the component
construction mechanism is configured to temporarily fix the
changed state to produce a local optimum for the objective
function, which includes the changed state.

60. The apparatus of claim 41, wherein the document can
include:

a web page; or

a set of terms from a query.



