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Abstract

In this paper we look at the problem of conver-
sation simulation via stochastic language mod-
elling. In particular, we show how a stochastic
language model may be used to discover con-
straints which are beneficial when using the
model generatively in the context of conversa-
tion simulation, we introduce a goal-oriented
language model which is conducive to having
its generations constrained in this way, and
we discuss how the UpWrite, a technique bor-
rowed from the field of syntactic pattern recog-
nition, may be used to abstract the model’s
representation of user input by discovering
higher-level structure in the observed data.

1 Introduction

Conversation simulation is a term coined to de-
scribe the ultimate goal of chatbots, computer pro-
grams which engage the user in a dialogue. Chatbots
have traditionally relied on rather ad hoc techniques,
such as hard-wired keyword-based rules and tem-
plate matching, to achieve the goal of conversation
simulation.

In this paper we explore some stochastic language
modelling techniques which may enable the develop-
ment of conversations simulators which are more au-
tonomous, and freer of assumptions, than the norm.
To drive home the power of the methods which we
will be discussing, it should be noted that we shall
not even make the traditional a priori assumption
that user input will be in the form of sentences in
the English language.

Throughout this paper we shall, where appropri-
ate, denote whitespace with the A symbol.

2 Stochastic Grammatical Inference

Markov models may be trivially inferred from data,
after which they may be turned on their heads and
used generatively. This is nothing new, Shannon
himself gave an example generation in his famous

1948 paper, and we reproduce Shannon’s example
in figure 1 (Shannon and Weaver, 1949).!

It is apparent that the generated data, although
gibberish, is both novel, in that it does not appear in
the data used to infer the model, and is locally gram-
matical. This, and the fact that Markov models em-
body both the context-free and context-sensitive re-
dundancy which is present in natural languages, and
which has been suggested to be a necessary feature
of all complex systems (Campbell, 1984), suggests
that we may reasonably inquire how far such sim-
ple modelling techniques may be taken, and whether
they are applicable to the problem of conversation
simulation.

THE HEAD AND IN FRONTAL ATTACK ON
AN ENGLISH WRITER THAT THE CHAR-
ACTER OF THIS POINT IS THEREFORE
ANOTHER METHOD FOR THE LETTERS
THAT THE TIME OF WHO EVER TOLD THE
PROBLEM FOR AN UNEXPECTED

Figure 1: Data generated by Shannon in 1948 using,
in effect, a 1°¢—order Markov model.

Before progressing down this winding path of in-
vestigation, we introduce some definitions, general-
ising beyond Markov models, to predictive models,
along the way.

Definition 1 An alphabet is a finite set containing
at least two distinct elements known as the symbols.
Let A represent the alphabet, let x € A denote some
symbol from the alphabet, and let | A| denote the car-
dinality of the alphabet.

'Note that Shannon approximated the behaviour of a
1**~order Markov model by writing down a word, flipping
through a book at random until he encountered that
word again, writing down the word which followed it,
and repeating.



Definition 2 Let s, = z1,...,%;,...,T,, with T; €
AV x;, be a sequence of z symbols which we shall
refer to as a symbolic time series, the data, or a
corpus.

Definition 3 A stochastic language model is a
model which is capable of assigning a probability
P(s,) to an arbitrary symbolic time series s, =
L1, L2,---53L7-

Remark 1 [t is common to decompose the probabil-
ity P(s;) using Bayes’ rule, as in equation 1, where
Si—1 = X1,%2,...,%;—1 @S the history. It should be
noted that this decomposition is not unique—there
are many possible decompositions, all of them equally
valid.

P(s.) = HP(ﬂfi|8i—1) (1)

Definition 4 A predictive model M is a stochastic
language model which is capable of making a predic-
tion about the next symbol x; in the symbolic time se-
ries s, in the form of a probability distribution over
the alphabet. We denote the probability which the
predictive model assigns to the next symbol in the
data as P(x;|M, s;—1).

Remark 2 The inference problem for predictive
models is therefore one of estimating the conditional
probabilities of the right-hand side of equation 1.
This is difficult as i increases, as it becomes more
and more likely that the history s;—1 will not have
been observed in the training corpus at all. The com-
mon solution to this problem is to group histories
into a finite set of equivalence classes.

Definition 5 An equivalence class of strings is a set
of strings which are deemed to be similar according to
some measure. We use ®(s;_1) to denote the equiv-
alence class to which the string s;—1 belongs. The
decomposition of equation 1 may now be erpressed
as in equation 2. Our problem is now one of select-
ing an appropriate equivalence classification.

P(s.) = HP(miI‘I’(sz’—l)) (2)

Remark 3 The equivalence classification tradition-
ally used is to classify histories according to their
most recent contert of n symbols, as in equation 3.
This is the Markovian assumption, and predictive
models which use this equivalence classification are
known as n**—order Markov models.

(P(Si—l) = (xi—n;"'axi—l) (3)

Remark 4 The n*—order Markov model M esti-
mates the probability of the data s, as in equation 4.

P(s,|M) =~ HP(xi|(mi_n,...,xi_1)) (4)

Remark 5 The maximum-likelihood estimate of the
probabilities of the right-hand side of equation 4 are
derived from the normalised frequency with which the
substring x;—n, - ..,x; occurs in the training corpus.
This is achieved as in equation 5, where C(s;) de-
notes a count of the number of occurrences of the
substring s; in the training corpus.

C(.Z‘i_n, . ,.’Ez’)
C(Timny- - Tiz1)

P(.CL'Z‘|<.CL'Z',H, . ,.Z'z',]_)) ~

(5)

3 Learning to Talk

Stochastic language models may be used genera-
tively, as we have shown, but this does not a con-
versation simulator make. Learning a language and
learning to use it are two different processes, and
we consider the latter equivalent to learning how
to properly constrain the stochastic language model
during generation. The introduction of constraints,
if done carefully, allows the generated data to be-
come relevant, in some limited way, to whatever task
the stochastic language model is being applied to.

The simplest form of constraint would be the re-
quirement that the generated data contain some
number of pre-determined symbols.?2 This is not
to say that constraints can only take the form of
symbols; they may equally well come from the en-
vironment (information about objects in the room,
for example), provided that we are able to specify
a method of constraining the language model using
this information.

The problem we now face is one of automatically
determining what the constraints should be, and in-
corporating them into the predictive model. Infor-
mation theoretic measures have proved themselves
to be useful in this respect.

3.1 Information Theory

Information theory allows us to quantify the intu-
itive notions of surprise and uncertainty, relative to
a predictive model and a symbolic time series. We
shall show later how these two measures may be used
to discover structure in the data which lies just be-
yond the reach of the model; for now, we satisfy
ourselves with showing how information theoretic
measures may be used to find interesting symbols

2For example, the requirement that the generation
contain the symbol hello.



in a novel sequence of symbols, such as a sentence
entered into our conversation simulator by the user.
We begin with definitions.?

Definition 6 The information supplied to the pre-
dictive model by the next symbol in the data is de-
noted I(z;|M,s;_1), where x; is the symbol which
follows the history s;—1 and M is the predictive
model, and is given by the negative logarithm, taken
to base 2, of the probability of the symbol x; follow-
ing the history s;—1 according to the predictive model
M, that is,

I(.’L‘i|M,3i_1) = —10g2 P(.’L’z’|./\/l,8i_1) (6)

Remark 6 The information supplied to the predic-
tive model by the next symbol in the data specifies
the minimum number of bits required to describe the
symbol with respect to the model in an unambiguous
way, and may be understood informally to represent
the surprise the predictive model receives upon dis-
covering what the next symbol in the data actually
18.

Definition 7 The mutual information between two
symbols is denoted f(xa;xb|M), where T, and xp
are the two symbols under consideration, and M is
a stochastic language model, and is given by the net
reduction in information provided to the model by
the event (xq;zp) following observation of one of the
two symbols of the pair, that is,

P(zq4, x| M)
(zo| M) P (26| M)

[ M) = log, 7

Remark 7 The mutual information between two
symbols specifies the amount of information the
model will receive upon observing one of the sym-
bols given that it has already observed the other and,
as such, provides a good measure of the correlation
between the two symbols, with a low value implying
that the symbols are strongly correlated.

Definition 8 The instantaneous entropy of the pre-
dictive model is given by the expected value of
I(z;|M,s;_1), and is denoted H(M,s;_1), where
Si—1 s the history and M is the predictive model,
that is,

H(M,si1) = Y P(@i|M, si1)I(2:| M, 55-1)

z;€EA
(8)

3Note that our terminology differs slightly from that
used by Shannon, in that we consider information to
be an a posterior: property of data with respect to some
model, and we define the entropy as an a priori property
of the model itself.

Remark 8 We intuitively think of H(M,s;—1) as
the uncertainty the predictive model M has about
the next symbol in the data, given that s; 1 is the
history.

3.2 Finding Interesting Symbols

A predictive model may locate symbols in a symbolic
time series which are, to it, interesting, in the sense
that they convey the greatest amount of information.
The MegaHAL conversation simulator employs this
method to generate semi-appropriate, and occasion-
ally extremely apt, replies to user input (Hutchens,
1998).

As an example, consider the first three sentences
of the Sherlock corpus, shown in figure 2 (Doyle, ). A
word-level 1%¢—order Markov model inferred from the
entire Sherlock corpus experiences the most surprise
upon encountering the emphasised words.

To Sherlock Holmes she is always the woman. 1
have seldom heard him mention her under any
other name. In his eyes she eclipses and predom-
inates the whole of her sex.

Figure 2: The first three sentences of the Sherlock
corpus, with the three most surprising words in each
sentence, relative to a 1%*—order Markov model in-
ferred from the entire corpus, emphasised.

3.3 Learning Input/Output Symbol
Relationships

Information theoretic measures may be employed to
discover symbol relationships between two symbolic
time series, one representing user input to the pro-
gram and the other representing appropriate output,
by measuring the mutual information between each
possible pairing of symbols, relative to an appro-
priate stochastic language model. For example, the
model may learn that if the symbol why appears in
a question, the symbol because should appear in
its answer. The Nonl conversation simulator was
developed with this ability in mind (Hutchens, ).*
It should be noted that an “appropriate stochastic
language model” is merely a model which is able
to provide estimates of the probabilities required to
calculate T (zq; 24| M), where x4 represents a symbol
in the question, and x, represents a symbol in the
answer to that question. Evidently a variation on a

4This technique makes an a priori assumption that
the corpus used for training contains a dialogue. As large
corpora of this type are not readily available, training
is typically performed online, although inference of the
stochastic language model used for generation may still
be performed offline from large natural language corpora.



standard 1%t—order Markov model is sufficient here
(with the difference being the context used).

3.4 Introducing MegaHAL

The MegaHAL conversation simulator, discussed in
a paper presented at the 1998 Human-Computer
Conversation workshop (Hutchens, 1998), finds the
most “interesting” symbol in the user’s input using
the aforementioned technique, transforms it using a
priori information about the English language, and
generates output constrained on the symbol which
results.

The generations of a Markov model are necessarily
arandom walk, and constraining such models to only
generate sequences which contain a symbol specified
a priori is difficult. The solution implemented in
the MegaHAL conversation simulator was to use two
Markov models, inferred from the same data, but
operating in opposite directions. Generation begins
at the constraining symbol, and proceeds from there
towards the start of the sentence in one direction
and towards the end of the sentence in the other.

Surprisingly, perhaps, wusers of MegaHAL
unashamedly anthropomorphise the program, often
laying claims to actual intelligence. Our favourite
example of this phenomenon is that of the clergy-
man who spent hours teaching MegaHAL about the
love of Jesus only to receive blasphemous responses,
which spurred him on more and more. Human
beings have a natural tendency to perform pattern
recognition, with the result that users of MegaHAL
are prepared to read meaning into its replies where
none exists, forgiving 99% of gibberish generations
if one in a hundred are astonishing.

4 Novel Stochastic Language Models

Generating data subject to constraints is difficult
using traditional Markov models, so we shall now
consider the development of a new form of stochas-
tic language model which is conducive to having its
generations constrained by a template of several pre-
determined symbols.

4.1 The Fractal Language Model

The fractal language model is termed thus due to the
recursive nature of its generation process. Statistics
are collected about symbols which occur anywhere
between two “anchor symbols”, separated by an ar-
bitrary distance, as in equation 9. Generation be-
gins with a template, which contains some number
of constraining symbols, and the language model re-
cursively “fills in the gaps” in this template. Gener-
ation continues until some pre-determined stopping

criterion is met.?

C(xi,...,xj,...,mk)
C(:ci,...,:ck)

P(wj|Mfractal>xi7xk) ~ (9)

In figure 3 we show three of the more success-
ful generations of a fractal language model, operat-
ing on the word-level, inferred from a corpus of 174
sentences extracted from the Probert E-Text Ency-
clopaedia, Edition 10.0 (Probert, ). These genera-
tions were constrained by a template containing a
pair of constraining symbols which had been previ-
ously observed together in at least one of the training
sentences, and they exhibit long-distance dependen-
cies, a desirable feature of any stochastic language
model. For example, in the second sentence, the
symbols Dance and movement are clearly related,
even though they are widely separated, and these
two symbols were, in fact, the constraining symbols
in the template of this generation.

A sword is an offensive weapon designed chiefly
for the sale and consumption of deep uncon-
sciousness.

Dance is a person who suffers from the car-
cass of movement.

Cement is information, especially that stored in
a small, usually tree dwelling primate.

Figure 3: Three sentences generated from a con-
straining template of two words by a fractal language
model inferred from a small corpus of encyclopaedic
information.

Various ad-hoc techniques were explored to fur-
ther constrain the generations of the fractal language
model, in the hope of avoiding the problems of deep
recursion during generation, and the net result of
this effort was the development of a new kind of
Markov model.

4.2 The Goal-Oriented Language Model

The goal-oriented language model is a form of frac-
tal language model which constrains the location of

5The stopping criterion used is to continue generation
until all adjacent symbol-pairs in the generated sentence
have been observed at least once in the training corpus.
A major problem with this methodology is that symbol
pairs such as the-the, in the case where English text
is being modelled on the word-level, are never adjacent,
and that the word the occurs between this pair with a
high probability, and is therefore likely to be generated
by the model.



generated symbols to immediately adjacent to the
leftmost anchor symbol, as in equation 10. Tt is
clear that this model is equivalent to a family of 15—
order Markov models, each of which is constrained
by a different symbol x, occurring somewhere in the
future.

C(SL‘i,.’Ej,...,SL'k)

P(zj|Mgoar, Ti, Tr) = “Clwn. . 78)
Ty

(10)

This insight prompted the development of a gen-
eral nt"—order goal-oriented language model consist-
ing of a family of nt"—order Markov models, each
of which is constrained by a different “goal sym-
bol”. We refer to such models as M¥*, where n
indicates the order of the model, and zj indicates
the constraining symbol, which may be thought of
as the goal which the model will head towards when
used generatively.5 We use the notation M% to refer
to the standard, unconstrained, n**—order Markov
model.

Inference of an n'*-order goal-oriented language
model is a simple process. For each prefix string sy
of the training data s,, we update the statistics of
model M2+ by performing inference on the string
sk—1 using regular Maximum Likelihood techniques.

Definition 9 We define a string s to be a prefix
string of a string s, if the first k symbols in each of
the two strings match, and n > k.

In figure 4 we show five mildly amusing genera-
tions of a 1%*—order goal-oriented language model in-
ferred from the same training corpus as in our earlier
example and constrained in the same manner. These
generations exhibit the same long-distance depen-
dencies as those produced by the fractal language
model.

5 The UpWrite

Another novel stochastic language model we have
developed is based on the concept of the UpWrite, a
generalised process for constructing hierarchical rep-
resentations of data, developed by Michael Alder as
an alternative to King Sun Fu’s programme of syn-
tactic pattern recognition (Alder, 1994; Hutchens,
1999).

The UpWrite works by iteratively extracting
higher-level structure from the representation of the

5Traditional Markov models generate sentences in a
random-walk fashion, stumbling upon the end of the sen-
tence by chance. Goal-oriented language models, how-
ever, generate sentences via a constrained random walk;
they are aware of certain goal symbols through which
they must pass on their way to the end of the sentence.

An acronym is a curved wooden weapon of other
words.

A symbol is a suspended brass disk which
represents something else.

Bone is a hollow shell filled with the exter-
nal coating of an animal.

Leonardo da Vinci was an Italian artist and
expert in Kung Fu who popularised the martial
arts in unpublished note books.

The nose is an English naturalist.
lished his theory of smell.

He pub-

Figure 4: Five sentences generated from a constrain-
ing template of two words by an n'*—order goal-
oriented language model inferred from a small corpus
of encyclopaedic information.

data at one level of the hierarchy in order to de-
termine how the data should be represented at the
next level of the hierarchy, with similarities between
local models of the data at a particular level of repre-
sentation being used to extract this structure. Two
major types of structure are presumed by the Up-
Write: Sub-objects are ordered sets of objects, while
quotient-objects are equivalence classes of objects.

5.1 The Sub-Object UpWrite

The Sub-Object UpWrite is motivated by the fact
that data may be partitioned into a collection of
sub-objects such that these sub-objects correspond
to the primitives of some higher-level representation
of the data. For example, a set of pixels in an image
may correspond to a line segment, while a set of
characters in natural language text may correspond
to a word.

Definition 10 The Sub-Object UpWrite is a map-
ping (1,...,%;) — y between a symbol sequence
(x1,-..,2;) of symbols taken from some alphabet A;
to a symbol y in some new alphabet Ay such that
the observed data s, = xy,...,2,, ©; € A can
be represented as a higher-level symbolic time series
tk = Y1, Yk, Yi € Az, k< 2.

Definition 11 The Sub-Object DownWrite is the
corresponding inverse relation.
5.2 The Quotient-Object UpWrite

The Quotient-Object Up Write is motivated by the
fact that symbols may be assigned to equivalence



classes such that these equivalence classes corre-
spond to the primitives of some higher-level rep-
resentation of the data. For example, a quotient-
object of “things” in an image may correspond to
the class of straight line segments, while a quotient
object of words in natural language text may corre-
spond to the class of verbs.

Definition 12 The Quotient-Object UpWrite is a
mapping {21,...,z;} — y between an equivalence
class of symbols {x1,...,x;} taken from some alpha-
bet A1 to a symbol y of some new alphabet As such
that the observed data s, = x1,...,x,, x; € A1 can
be represented as a higher-level symbolic time series
l:=Y1,---,Y2, ¥i € -AZ-

Remark 9 The Quotient-Object DownWrite is not
unique, since it is not possible to determine which
lower-level symbol x should serve as the DownWrit-
ten version of the symbol y. It is possible to gener-
ate possible DownWritten versions of t. by selecting
a symbol x; € {x1,...,x;} at random. The corre-
sponding Down Written version of t,, which is not
unique, has the property that its UpWrite is t., and
the DownWrite therefore provides an indication of
how well the UpWrite has captured salient features
of the data being modelled.

5.3 The UpWrite Predictor

Application of the UpWrite concept to stochastic
language modelling results in the UpWrite Predic-
tor, shown in figure 5, consisting of a chain of mod-
ules, each of which contains an UpWriter, for dis-
covering structure in the data using the predictions
made by the model in the previous module, an alpha-
bet, for containing new symbols which correspond to
the higher-level structure discovered, and a predic-
tive model, inferred from the UpWritten data.” Note
that predictions made by the model feed back into
the UpWriter, allowing erroneous generalisations to
be corrected. The power of the technique is the fact
that the data is represented, automatically, at var-
ious granularities, and that applications may select
a level of representation appropriate to the task at
hand.

Construction of the UpWrite Predictor may pro-
ceed by specifying techniques for

e finding Sub-Objects and Quotient-Objects in
the data from the model’s representation of it;

e forming a new representation of the data, with
respect to this newly discovered structure; and

"The lowest-level module in the chain lacks both an
alphabet and an UpWriter due to the fact that, at the
lowest-level, the alphabet is assumed.

e correcting erroneous generalisations.

Sub-Objects and Quotient-Objects may be found
in data by applying information theoretic measures
to the sequence of predictions made by the model,
resulting in the twin techniques of agglutination
and agglomeration, which elegantly solve the first
of the three dilemmas listed above. It is outside
the scope of the current discussion to offer solu-
tions to the remaining two; this has been done else-
where (Hutchens, 1999).

5.3.1 Agglutination

The information provided to a predictive model
by a symbol in the data may be considered to be
a measure of the degree of independence between
this symbol and the one which immediately precedes
it, with respect to the model, with low values of
information signifying a high degree of correlation
between the two symbols.

The agglutination process works by finding the
most correlated symbol pair in the data, forming a
new, higher-level Sub-Object symbol from that pair,
UpWriting the data with respect to this new sym-
bol, and iterating until some stopping criterion is
reached.?

It is possible to view the Sub-Object structure dis-
covered in the data by the UpWrite Predictor at all
levels of representation simultaneously in the form
of a dendrogram. In figure 6 we show a dendrogram
over the first sentence of the Sherlock corpus relative
to a character-level UpWrite Predictor inferred from
the entire corpus. The hierarchical structure exhib-
ited in this illustration forms a reasonable decompo-
sition of the sentence into phrases and words, with a
few obvious mistakes that should be correctable via
the feedback mechanism inherent in the model.

5.3.2 Agglomeration

Two symbols may very well belong to the same
class if the predictive model cannot distinguish be-
tween them on the basis of the predictions it makes
about which symbols are likely to follow them. In-
formation theoretic measures may be used to cal-
culate the similarity between the predictions made
by the model, expressed as probability distributions
over the alphabet.’

The agglomeration process works by finding the
two symbols which are the most difficult to tell apart

8The most basic stopping criterion being “continue
until the highest-level representation of the data consists
of a single symbol”.

9We neglect to specify candidate similarity measures
here, as the measure chosen is irrelevant as far as the
agglomeration method is concerned.
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Figure 5: The structure of the UpWrite Predictor.

. Al

ToASherlockAHolmesAsheAisAalwaysAtheAwoman.

Figure 6: Dendrogram illustrating a hierarchy of Sub-Objects discovered by the agglutination process, at
various levels of representation of the data, relative to a character-level UpWrite Predictor inferred from the
Sherlock corpus.



according to this criterion, forming a new Quotient-
Object symbol from the pair, UpWriting the data
with respect to this new symbol, and iterating.

As with agglutination, it is possible to view, via
a dendrogram, the Quotient-Objects found by the
agglomeration process at all levels of abstraction si-
multaneously. Figures 7, 8 and 9 illustrate some of
the hierarchical Quotient-Objects found by the algo-
rithm, and it is evident that these Quotient-Objects
are sufficiently fine-grained to be quasi-semantic in
nature.
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Figure 7: Dendrogram illustrating a hierarchy of
Quotient-Objects discovered by the agglutination
process, at various levels of representation of the
data, relative to a word-level UpWrite Predictor in-
ferred from the Sherlock corpus.
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Figure 8: Dendrogram illustrating a second hierar-
chy of Quotient-Objects discovered by the aggluti-
nation process, at various levels of representation of
the data, relative to a word-level UpWrite Predictor
inferred from the Sherlock corpus.
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Figure 9: Dendrogram illustrating a third hierar-
chy of Quotient-Objects discovered by the aggluti-
nation process, at various levels of representation of
the data, relative to a word-level UpWrite Predictor
inferred from the Sherlock corpus.

5.4 Experimental Results

The UpWrite Predictor constructs a hierarchical
representation of the data which it is inferred from,
and this high-level representation may be Down-
Written to produce an approximation to the original
data, providing, if nothing else, a useful indication
of the performance of the UpWrite Predictor, as it
enables us to examine the structure extracted from
the original data by eye.

A word-level UpWrite Predictor was inferred from
the Sherlock corpus, and the UpWritten form of the
first two sentences of that corpus was DownWritten
in five different ways, as in figure 10.1° For the pur-
pose of comparison, recall that the first three sen-
tences of the Sherlock corpus were shown in their
original form in figure 2. This example immediately
suggests another way of constraining the generations
of the stochastic language model—constraints may
be imposed by specifying a high-level (some may
even say “concept-level”) representation of the data,
and allowing the model to, possibly in a constrained
way, produce a lowest-level version of this represen-
tation.

One property of all of the five DownWritten forms
shown is that they share the same high-level rep-
resentation with respect to the UpWrite Predictor.
This property allows us to, for example, abstract the

10Multiple DownWrites are possible due to the fact
that the Quotient-Object DownWrite is not unique.



exact form of text entered by the user, and, ideally,
would enable us to cluster these high-level forms into
groups representing the same concept.

As a second example of generation using the Up-
Write Predictor, consider figure 11, which shows a
portion of data generated by a character-level Up-
Write Predictor inferred from the Sherlock Corpus.
Note that although the UpWrite Predictor incor-
porates 1%—order Markov models only, the gener-
ation exhibits some features, such as the sequences
atAtheAfirstAnote, sheAwouldAhardlyAbe and
heAcouldAfindAthatAyou, that we would nor-
mally not expect to see in the generations of a
character-level, 1¥—order Markov model.

5.5 Potential for Conversation Simulation

The UpWrite technique has many properties which
make it attractive to the designer of a conversation
simulator, including

e an ability to discover words, phrases and syn-
tactic (even quasi-semantic) word classes auto-
matically;

e a simple procedure for generating novel data;
and

e 3 potential to abstract the lowest-level represen-
tation of a sentence to the level of “concepts”.

We postulate that the UpWrite Predictor, in com-
bination with other components, such as a compo-
nent for learning and generating appropriate con-
straints for sentence generation, may form the gen-
esis of a conversation simulator which makes few a
priori assumptions about the world, and which may
be incrementally trained from natural language di-
alogues. The development of such a system has be-
gun, and we are full with anticipation of what the
next few years will bring.

6 Summary and Conclusion

In this paper we have introduced various stochas-
tic language modelling techniques which may prove
fruitful to the practitioner insofar as conversation
simulation is concerned. It is our hope that the
methods described herein will, in combination with
other sophisticated techniques, form the basis of a
generalised language acquisition system.

To Sherlock Holmes he was always the woman. I
have seldom heard me mention her on any other
name.

To Sherlock Holmes who it is always to from
of the woman but I had seldom heard myself
mention her under any other name.

To Sherlock Holmes she it was always to
with of the woman, and I have seldom heard
myself mention her through any other name.

To Sherlock Holmes he is always a woman. I had
seldom heard me mention her on any other name.

To Sherlock Holmes she was always to from
the woman, and I have seldom heard us mention
her by any other name.

Figure 10: Most probable, least probable, longest,
shortest and random DownWrites of the same
higher-level representation of the first sentence of
the Sherlock corpus, relative to a word-level UpWrite
Predictor inferred from that corpus.

do not in the eletely at the first note in is nothing
of For in your hair, Watson! Godget of the tlances
Mr. He’s ink-cl?” ” The ses muchying! This about
Grun to she would hardly be hoprightly visized
glookso son that up in the doingle in my find-gun
to resh he could find that you but unny our very
kind. This could reater which led er in his beach
was no silebject the cowr.” Se, when the young
Murn only one by this ushed

Figure 11: Data generated by a character-level Up-
Write Predictor inferred from the Sherlock corpus.
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