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Adaptive Value Within Natural Language Discour se

Abstract

A trait is of adaptie value if it confers a fitness a@ivtage to its possessdhus
adaptvness is an ahistorical identification of a trafbeding some seleate adantage to
an agent within some particulanmonment. In results reported here we identify a trait
within natural language discourse asihg adaptre value by computing a trait/fitness
covariance; the possession of the trait correlates with the replication success of ghe trait’
possessoiVe shav that the trait cearies with fithess across multiple unrelated disearsi
groups. In our analysis the trait in question is a particular statisticallyedesord-in-
contet, that is, a wrd set. riation of the wrd-usage is measured as the redati
presence of the avd set within a particularxg that is, the percentage of thattdevoted
to this set of wrds. Fitness is measured as the rate in which xtésteesponded to, or
replicates, within an online @imonment. Thus we are studying the mickalationary

dynamics of natural language discourse.

Keywords: Ewlution in communication, adaptation, population memetics, cultural

evolution.



I ntroduction

Computational studies of theaution of communication h& concentrated on three

main areas.

® The first is the wolution of signals and delopment of sharedx&ons. Researchers
have constructed systems in which agentd\e cooperatie signaling stragges and
emegent shared lacons (e.g. Wrner & Dyer 1992; MacLennan 1992; Ackl& Litt-

man 1994; Steels 1996; Saunders & Pollack 1996).

® Second, researchersvieaxamined theolution of phonology and syntax, for instance
the self-oganization of wwel systems (de Boer 1997) andng clusters (Hasimoto

1997).

® Finally, a fav studies hee used computational methods xamine innateness and the
critical period of language learning (Hurford 1991; Batali 1994).

We are researching, in contrast, computational models of the\aggitie of word
usage within natural language discourse. Thus, we aeggmgin a micro-eolutionary
analysis of the dynamics of natural language. In contrasbitk @onsidering the
development of communication itself (in particular morphosyntactic), the establishment of
shared Igicons, or the acquisition of language, we at@wining the eolutionary
dynamics of established language ugershort, proximal, time periods.

While we knav of no other micro~elutionary consideration of natural language,
such phenomena within culture atgarhas been studied via both computational and
formal modeling by a number of researchers. In a nice turn of phras&ii3g1976)
coined the term “meme” to describe a particulate cultural replicator and a collection of

researchers ke studied such cultural replicators through simulatiairenments (e.g.



Gabora 1995; Best 1998b). A number of substantial theories of cultural transmisson ha
been deeloped (Lumsden & Wison 1981; Caalli-Sforza & Feldman 198|; Ba &
Richerson 1985; Badw 1989; Durham 1991; véewed in Durham 1990). Marof these
models do deelop a micro-eolutionary theory of the transmission of particulate cultural
replicators between populations of social agents. But none of tloeks hae studied
human natural language diregthnd only rarely do tlyestudy cultural phenomena via
empirical analysis.

In results reported here we establish that a traigral wet used in a particulaawy is
of adaptve value. That is, we shwothat the relatie presence of the particulabwd-usage
covaries with the rate in which its body okteas replicated within an onlinexe
ervironment. D some this ahistorical demonstration of fithess enhancement is enough to
label the trait an adaptation (Clutton-Brock & Han1979; Reee & Sherman 1993;ub
compare Gould 1984).dfF others (Vaddington 1957; \illiams 1966; Levontin 1978;
Sober 1984; it compare Bock 1980) a history-ladewdstigation of the trait is critical. In
particular the trait must ha established itself in trans-generational time due to some
design quality it posses rehaito \ariant forms.

This work describes a model and computational fraor& with which to study
micro-evolutionary dynamics within discourse e/Melieve this opens up a broad area for

potential continued study and progress.

The natural language corpora

The area of culture we study is natural language discourse whicather from

discussions posted to the USENETWSgNetNavs) system. NetNes is a popular



computerbased discussion system supported through standardized protocols on the
Internet (Kantor & Lapsk1986). Articles are authored by interested users and posted to
particular discussion groups calledwsgroups. Ne&'sgroups are ganized in a tree

hierarcly which has at its root a topviel catgory and mees to more specific topics as

you progress toards the leges (see Figure 1). As araample the “sci.bioyelution”
newsgroup concerns itself with questions wblation as a refining cagery of biology

(“bio”), which in turn is a refining cag@ry of the set of scientific discussion groups

(“sci”). Posts to NetN&s can be independent messagasghite frequently are folle-up
messages to prous posts. The soffave system threads together these ¥oilp

messages and can automatically include théque messags’text within the body of the

follow-up post.

Posts are composed of a number of fields, onlyvaofevhich are releant here. The
user creating the post is responsible for the post,libdyis, the actual xeof the
message, as well as a subject line. The subject line is composedvoiarts which
describe what the post is about. Natidesoftware will append to posted messages a
number of additional fields including a timestamp and the user name of the person who

created the post.

From m keb@redi a.mt.edu (M chael Best)
Newsgr oups: sci.bio.evolution

Subj ect: Language use of Honp habilis
Date: 26 Feb 1998 02:17:05 -0700

Can anyone point ne to studies on the
i kel i hood of |anguage use in Hono habilis?

Texts from the NetNes system ha a number ofévorable properties which lend
themseles to the analysis of micrax@utionary phenomena. First, each post is
automatically timestamped such that a clear anficgrftly accurate arm of time «ists

through the tets. Net, the follov-up messageatility describes lineages within the



corpora. A post which receas a follav-up will, with high probability pass on a
significant set of traits to its fole-up message in the form of repeatingrd/co-
occurrences. This occurs both due to the systantomatic inclusion of the ptieus
message text as well as through the action of the human authors. The result is that a
follow-up message is highly Bty to share considerable traits with its parent message
relative to the population of messages as a whole; in otbetsithis produces a lineage

with heredity (Davkins 1982).

Units of selection

To demonstrate adapé value we must first identify traits which are replicating though
the corpus (Dakins 1982; Hull 1988). Thus, we must seek elements within the corpus

which are:
® repeating,
® with sufiicient copying fidelity,

® but not with perfect fidelitythere must be somawation

(Lewontin 1970; Eigen 1973; D&ins 1982).

Elsevhere (Pocklington & Best 1997; Best 1997; Best 1998a) we &gued that a
statistical tet-retrieval technique, based on thector space representation and Latent
Semantic Indeng (DeerwesterDumais, Furnas, Landauer & Harshman 1990), satisfies
these desideratum. That is, wgwe that statistically demd word sets are traits within

discourse.

\ector spaceefpresentation
We will now overview this statistical tet-retrieval technique. \& beyin with a corpus



composed of the full-te¢ of a group of posts. @analyze the corpus and identify a high-
dimensioned space which describes the conceptual elements withixtshéteeach

post we identify a point within this space which captures it semanti¢aily technique is
known as a ector space representation (Salton & McGill 1983). Each dimension in this
space will represent a term from the corpus where a termasdhtiat occurs with some
frequeny (e.g. in at least three postsitimot with too much frequepde.g. the wrd

“not” is dropped from the term list). The goal is to\aerat a set of terms which

semantically capture thextis within the corpus.

Given the conceptual space described by this set of terms each post can be represented
as a point within this space.e/8core each document according to the frequeach term
occurs within its tet, and assign each term/document pairing this term weight. The
weighting we use for each term/document pair is a function of the term frgqisenply
the number of times the term occurs in the post) and Wlees@ document frequenc
(IDF). Consider a corpus aof posts and a particular terjpwithin a list ofn terms. Then

the IDF is gven by

m:

- m-m; 10
IDF; = Iog%_JJD
i

wherem, is the number of posts across the entire corpus in whicl] &ppears. The term

weight for a document, and termj, is then defined by
TermWeight;; = w;; = log(TermFrequency;;) LDF;.

Thus, each term weight is a function of the ingerd intra-document term frequencies.

Each posti, is nav represented by a particular terexctor

i = (Wi, Wig, ooy Wip).

The entire collection ain term \ectors, one for each post, define the term/document



matrix, A,

5] Wy Wpp Win
A=|"2 W5y Wp, Won,
r m Wml Wm2 . Wmn

This set of steps, culminating in the term/document matrix, form the basis for much of
modern t&t retrieval or filtering and are at the core of mostéearch engines. (See

Frales & Baeza-¥tes (1992) for a véeew of modern tgt retrieval techniques.)

Latent semantic incéng
LSl is a technique to distill high-order structures from a term/document matrix. This

structure consists of sets of terms which re-occur together through the corpus with
appreciable frequegycThe re-occurring term sets are disa@d through a principal
component method called Singulalite Decomposition (SVD). While LSlag primarily
developed to impree text retrieval, we are interested in its ability to find replicating term
sets. These describe re-occurringrés-in-cont&t and thus identifyelutionarily
significant traits. W will first overview the LSI technique and then discuss/hb

discovers replicators.

LS| was originally proposed and has begteasvely studied by Susan Dumais and
her colleagues (Furnast.al. 1988; Deerwesteet.al. 1990; Dumais 1992, 1993). Peter
Foltz investicated the use of LSI in clustering Netiearticles for information filtering
(Foltz 1990). Michael Berry and co-authors researcheatiaty of numerical approaches
to eficiently perform SVD on lagge sparse matrices such as those founckinrégrieval

(Berry 1992; BerryDo, O'Brien, Krishna & dradhan 1993; Berry & Fierro 1995).



The SVD technique decomposes the term/document matrix into a left and right
orthonormal matrix of eigemctors and a diagonal matrix of eigalues. The

decomposition is formulized as,

k
A=A = USVT = Zu‘ o, [V, .
i=1

Here, we see that the term/document makjxs approximated by a rark-
decompositiond; in fact the SVD technique is ko to produce the besinkk

approximation to a Ww-rank matrix (Berry 1992).

We are interested in only the right orthonormal matrix of eigetors)/'. Each rov of
this matrix defines a set of terms whose co-occurreneedwane statistically salientib
not perfect re-occurrence throughout the corpus. That is, eachextmmndescribes a
subspace of the terneetor space for which the terms are frequently found togéthese
term-subspaces describe a set of semantically significant assopgttierns in the evds
of the underlying corpus of documents; we can think of each subspace as a conceptual
index into the corpus (Furnas.al.1988).

For instance, in an analysis of military posts we might find that thoegsy“harbor”,
“lapan”, and “pearl” re-occur together with statistical significance. Therefore tloede-w
in-contet, or particular semantic trait, are replicating with success. It is these term-
subspaces which describe our replicating traits and/ &ipan &olutionary analysis
because themeet our desideratum. Elgleere we hee agued that these co-occurring
word sets are arvelutionary unit of selection (Pocklington & Best 1997; Best 1998a). W
have also studiedarious ecological phenomena within outtteorpora, for instance

competition and mutualism (Best 1997).



Our final text analysis step is to “compress” the original term/document matrix by
multiplying it with this right orthonormal matrix of eigesctors (in other wrds we
perform a projection). This, infetct, produces a term-subspace/document matrix. Each
post is represented by a collection of weights where each weigldeszribes the deee

to which a term-subspace speessed within its posttext.

Adaptive value

If a vector of term-subspace weights describe a set of traits for ed¢hee, with the
addition of a measure of fitness, we will be able to compute each &@épire value as a
trait/fitness cwariance. W& consider the fitness of a post lineage to be the number of
offspring for that lineage as a function of time (@& Kimura 1970). Thus, the more
replies within a thread for some unit of time the higher the veléitness of that lineage.
And we wish to determine if that relati fithess cearies with the dgree to which the trait

is expressed, that is with therying expression of the trait.

Consider a particular lineage okte along with some particular term-subspace metric
trait. Then this trait taén across our population okte describes a time series; each time
a nav text is posted to the thread we can platiagt time its weight for the particular trait.
Moreover, our measure of fitness also describes a time series; we cangitst sighe the
current fitness (number of posts) for each block of time. (Figures 2-4 are just such plots.)
Our mechanism for computing adagthvalue should n@ be &ident; we look for
instances where the trait/fitness correlationfoadent, in other vrds the ceariation
between these ttime-series, is relatly high.

Empirical Analysis
We have identified the trait/fitness correlations for a particular trait within thréerelft

10



sets of tgts. These corpora were composed of all posts to thrieeetit nevsgroups ver

a set of days. The threewsgroups were sci.sbtic (scientific issues, shtical attitude),
soc.subculture.bondage-bdsmxg@ondage, and discipline), and
alt.politics.usa.constitution (discussions related to the US constitution). The size of the
corpora ranged from 494 to 11,758&ttegathered wer the course of 4 to 9 days (sedblE
1). In previous work (Pocklington & Best 1997; Best 1998) we had drsced a ery
successful trait within the scisftic corpus, to wit a highly successful replicatingyav
set contained the three terms, “John”, “Smith”, and “Nazi”eAyage thread within this
corpus centered around a particular person, John Smith (we use a gsehdos), and
consisted of a heated discussion of Smaifitsting habits. Aery frequent comment (thus
the high replication rate) as that Smith as a “Nazi”. In our original study we found this
Nazi trait (namely the ard set “John, Smith, Nazi”) to ha a \ery high trait/fithess
correlation codicient (Figure 2 andable 1). Thus, the more often atteeferred to John
Smith as a Nazi the more folleup messages the posvwd receve (which, in turn,
would lead to more copies of the trait since thosevielips irvariably would call Smith a
Nazi one vay or another).

We were interested in finding other similar uses of the term Nazi; that is, uses of the
word as name-calling and not with reference to German National-Sodidlist®asily
found two other instances of a “Nazi” trait which eygal high trait/fithess correlations. In
both cases a term-subspaaswliscoered in which people were called Nazis as a
pejorative without reference to National-Socialists (theswerified by inspection). In
Table 1 we list the trait/fithess correlation dméént for the “Nazi” trait within each

corpus as well as the mean trait/fithess correlationvienyeother replicator found in the

1. We note our personal disappab of the use of the avrd “Nazi” as a general pejoredi as ghib-
ited within these tds.

11



texts. These results siwahree diferent lineages in three tBfent corpora (from politics

to bondage to @pticism) which all emplpthe same trait (calling people Nagiwith
considerable adap® success (Figure 2-4 andble 1). Note that we did not locate ajkar
number of occurrences of this trait across ynaavsgroups and then systematically select
those occurrences with high adaptialue. W selected the first ninstances of the trait
we identified in ourploration of posts and both of them had a significant trait/fitness
covariance; in other wrds, we did not simply select the tail of some diatrdn of

covariances.

To summarize, a particularond-usage, “Nazi” as a general perjoratattack verd, is
identified in three sets of\ts. This word set is a trait of thesexts, and is found through
the SVD to replicate with statistical salience. Theants of this trait are the readiued
metric term weights. Aalue of zero means thextedoes not mak use of the trait; as the
value approaches one adar proportion of the i is devoted to the trait. \&find that as
this metric \alue for the trait increases, so does thésthtness -- a trait/fitness variance.
Simply put, the more axeused “Nazi” to attack someone, the more responsesxhe te
would enjy which in turn replicated the trait. Identifying thisveoiance demonstrates the
trait’'s adaptre \value (indeed Ree & Sherman (1993) euld ague it demonstrates an
adaptation). Identifying the same adapéss across multiple groups responding to similar

selectve pressuresuilds evidence that this trait is a true adaptationwbatin 1978).

Conclusions

We hare developed a model for studying micreadutionary dynamics and population
memetics within natural language discourse. Through statistical methods, based on

principal component analysis, we find replicating setsati within a corpus of x¢s

12



posted to NetNes. That is, we recognize structures within the corpus whigrégate

and recombine with appreciable frequgn@Villiams 1966:24). Each x& within the
NetNavs system acts in the role aghicle for its collection of replicating memes
(Dawkins 1982). Br each of these posts we derga \ector representation where each
dimension of the ector specifies a particular term-subspace, in otbedswne of the
replicating vord sets. Gien a particular t¢ and a particular term-subspace a real number
is computed which measures the salience of toad wet in that ta&. Thus, the gctor

space representation describes a string of metric traits (a memotype if you will) for each
text. The navsgroups define an einonment which the tés occuy and the human

authors are a scarce resource and cargito the cultural selegg ervironment. Vé

claim that this model pxades an golutionary theoretic ecological description of

interacting t&ts within natural language discourse.

In results reported here, wevieaapplied this model to an empirical consideration of
adaptve value within tet. We have found that the use of “Nazi” as a name-callingaie
has high adapte value since we he found it to hae a strong trait/fitness cariance
within multiple groups of tes. But to claim that this use of “Nazi” is an adaptation
requires, for most researchers, linking the trait to its histogd@ivigton 1957; \illiams
1966; Lavontin 1978; Sober 1984). Mathere beenariants in usage of “Nazi” from
which this particular pejorate name-calling usage has been selected aredageed wer
generations?d answer this question we must add to our mieaegionary analysis a

macro-&olutionary consideration of special design through semantic change.

In work currently in progress we are studying the semantic change of “NazrioW
that while computational linguistics has made great strides in areas such as patsing, te

analysis, automatic translation, and compeaeadind genetic analysis, there has been little

13



application of computational linguisticstards problems of semantic changartf this

is, no doubt, due the paucity of data. Online corpora such as those accumulated by
Netnavs are a relately nev phenomena. And without historical online corpora (here on
the order of fifty years) it is di€ult to engge in the sort of computational analysis of
historical semantic change we require.

To conclude, the occurrence of “Nazi” as a pejoeatittack name has strong adepti
value as demonstrated by itsgartrait/fithess omriance among multiple groups within
NetNavs. We demonstrated through computational microkgionary analysis that as the
particular word-usage becomes more salient, the replication rate forthedesases.

This was shavn to be true in three ddrent collections of tds dealing with threeairly

different sets of subject areas.
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soc.subculture.bondage-

alt.politics.usa.

lar lineage (thread)

Newsgroups scl.sleptic bdsm constitution
Total number of posts to 11,758 1,160 494
newsgroup
Number of posts in particy- 101 66 29

lation coeficient

Dates 9/20/95 - 9/26/95 9/28/97-10/6/97 10/30/97-11/2/97
“Nazi” trait/fithess correla- 0.8408 0.8166 0.5308
tion coeficient (p <0.001) (p <0.001) (p <0.001)
Average trait/fitness corre- -0.0102 0.0147 0.0112

Table 1: Three corporaathered from dfering nevsgroups. The “Nazi” trait shs high correlation

with fitness while theaerage correlation for all traits is near zero.
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botary

conseration
entomology mm———— homoptera
bio evolution
microbiology
paleontology
sci systematics

materials—————— ceramics
ervironment

Figure 1 A portion of the NetNes nevsgroup hierarch Moving from left to right we

have nevsgroups lile sci.plysics and sci.pyscis.computation.fluid_dynamics.
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sci.skeptic
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Figure 2 Trait (solid line) and fitness (dashed line) isvshdo co-\ary with time for posts
to sci.slkeptic. The particular trait slam is the “Nazi” replicatorThe Yaxis is scaled

relative fitness and metric trait weight. Fitness and trait weight drop to zero at rightmost of

graph as an artitt of the corpus beingleausted.
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140 : : . soc.subculture.bondage-bds
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Figure 3 Trait (solid line) and fitness (dashed line) isv8hdo co-\ary with time for posts
to soc.subculture.bondage-bdsm. The particular trawsli®the “Nazi” replicatorThe
Y-axis is scaled relat fithess and metric trait weight. Fitness and trait weight drop to

zero at rightmost of graph as an atif of the corpus beingleausted.
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Figure4 Trait (solid line) and fitness (dashed line) isvshdo co-\ary with time for posts
to alt.politics.usa.constitution. The particular traitwhaos the “Nazi” replicatorThe ¥
axis is scaled relate fitness and metric trait weight. Fitness and trait weight drop to zero

at rightmost of graph as an aatit of the corpus beingleausted.
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