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Abstract

Lexicon learning systemsneedto be concerned
with more than just producing symbol usage
agreemen between agerts, which is easyto ac-
quire through imitation. Lexicon learnersshould
also explicitly attempt to increasethe mutual in-
formation between their symbol usages(a mea-
sure of the usefulnessof the symbols for trans-
ferring information betweenagers). This paper
arguesthat, although many lexicon learning al-
gorithms presered in the literature do attempt
to create highly informative symbol usagesim-
plicitly , there are good reasonsto make the mu-
tual information of symbol usagesan explicit goal
of the lexicon learning system. Some rst steps
in this direction are provided in this paper. It
presers lexicon learning experiments using both
purely imitativ e and explicitly information max-
imizing algorithms. The results of these experi-
merts are usedto support the thesisof this paper,
that lexicon learning algorithms should explicitly
attempt to producehigh mutual information sym-
bol usages.

1. Intro duction

Lexicon learning is a task where a group of agerts learn
to use symbols to label meanings. The goal of the task
is to enable agens to transmit meaningsto ead other
using the symbols contained in the lexicon. Therefore, a
lexicon could not be called successfulin any sense,un-
lessa signal-receivingagert could reliably comeup with
the samemeaningthat the signal-transmitting agert in-
tended.

This interpretation of lexicon learning hassigni cantly
in°uenced the way it has beenapproaded in the liter-
ature. The primary focus of recert researth has been
on how the agers can use symbols to denote meanings
coherently (i.e., that meaningscan be reliably transmit-
ted). Howevwer, there has been little focus on another
important aspect of lexicon learning: that the goal of
communication is to transmit information. As sud, it is
little usefor the agerts to have a coheren lexicon if they
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cannot distinguish betweenmeaningsthat are useful for
task-accomplishing behavior or survival. For instance,
a degeneratecaseof enforcing coherencein the lexicon
is simply to label every meaning with the samesymbol;
such a lexicon would be of no usein trying to transfer
information from one agen to another.

Much of the original work in lexicon learning asked the
question, \Under what circumstanceswill agerts ewlve
an explicit signaling system?" See for instance, the work
of (Werner and Dyer, 1992;MacLennan, 1992). More re-
cently, a number of approacheshave looked at how lexi-
con formation might occur as a result of agert's imitat-
ing eat other's symbol usageqe.g., Steels,1998;Batali,
1998). These approadces have focusedon the cortribu-
tion of imitation to the learning process,and the dynam-
ics of lexicon formation. However, they do not directly
addressthe problem of learning an informativ e lexicon,
but instead typically have \hidden" features that help
create informativ e symbol usages.These safeguardsare
neither theoretically motivated nor do they have any per-
formance guarartees.

In cortrast, we are interested in the use of lexicon
learning among robots to enable them to communicate
with ead other about a task (Fleischer, 2004). In the
courseof this work, an imitativ e lexicon learning algo-
rithm was implemented and found to be susceptibleto
the degeneratecaseof labeling every meaning with the
samesymbol. The reasonfor this problem was two-fold:
(1) the robot data is noisy and does not lend itself to
easyextraction of meanings,and (2) most imitativ e lex-
icon learning algorithms contain some hidden features
that ensurethe creation of an informativ e symbol usage,
whereasthe algorithm implemerted above did not. This
result exposed an aspect of imitativ e symbol learning
that is not explicitly addressedin the literature: imi-
tation cannot guarantee an informativ e lexicon in the
absenceof other medanisms.

This paper addressesthe problem by calling for re-
seard into lexicon learning methods that explicitly ad-
dressthe problem of learning informativ e symbol usages,
and by investigating one such algorithm.

Sectiontwo of this paper arguesthat there are bene-
"ts to be had by making informativ e symbol usagesan



explicit goal of the lexicon learning system. First, a def-
inition of the symbol usageinformativ enessis presened,
along reasonswhy an informativ e symbol usageis desir-
able for a set of communicating agerts. Next, two of the
more known examplesof imitation-based lexicon learn-
ing algorithms from the literature are preseried, and
it's illustrates how they cortain implicit or hidden safe-
guardsthat causethesealgorithms to createinformativ e
symbol usage.

In order to show the potential problems of imitation
learning, sectionthree presens an imitation-based sym-
bol learning algorithm that lacks the implicit safeguards
of the approachesin the literature. Experiments demon-
strate how it performs in both simulated lexicon learn-
ing tasks and alsoin a location-naming task on a mobile
robot. The simulation results give an indication of both
ideal performanceand what typesof meaning confusion
will most adversely a®ectthe information of the learned
symbol usages. The robot lexicon learning task is an
example of what can go wrong with imitation learning
when there is a lot of perceptual noise.

Section four makes a rst stab at a learning sys-
tem that explicitly seeksmore informative symbol us-
ages. The learning systemis basedon negotiation; when
agerts disagreeabout how to label a meaning, they erter
negotiations where ead proposesa labeling that will in-
creaseits estimate of symbol usageinformation erntropy.
Agents only accept a proposal that does not decrease
their own estimates of information entropy. Simulation
results show that this learning system can, in the right
circumstances,produce more informativ e symbol usages
than the imitation algorithm. In terms of absolute per-
formance, however, imitation can always be tuned to
produce more informative symbol usages. An analysis
of this problem is o®ered.

The conclusionssectionties together the strands of ar-
gumert about why information maximization should be
an explicit goal of lexicon learning. Finally, future direc-
tions for producing information maximizing algorithms
are discussed.

2. Background

2.1 Measuring information

Information theory provides tools useful both for evalu-
ating how informativ e a set of symbol usagess, and also
for providing a measurewhich can be maximized explic-
itly during learning to ensurethat the symbol usagesare
informativ e. The conceptsof information theory werein-
troduced by Shannon (1948), and a standard textb ook
in the areais (Cover and Thomas, 1991).

Formally, an information channelis a random variable
X, that can take a discrete and nite set of values (or
signals) X = fxXq;Xz;:::Xng that occur with probabil-
08i 2 X and

P
i”:l p(Xi) = 1, forming the discretedistribution P (X).
Then the entropy, H, of the channel is de ned as

X
H(X) =i p(xi) 10g, p(X;):
i=1
which is, in fact, the averageinformation content of the
channel. Note that the maximum of this function occurs
when all the signalsare equiprobable. That is, the max-
imum information content of communication will take
place when all the symbols are equally likely to occur.
Also, information entropy will be zero when the prob-
ability of a single symbol is one, and all the others are
zero. This is the degeneratecasewhere every meaning
is labeled by the samesymbol.

Mutual information (also called information gain) is
the amount of information that we gain about one ran-
dom variable if we know the value of another. It can be
de ned as,

HOXY) = HX)+ H(Y) i H(X;Y):

Mutual information is a useful measureof the infor-
mation corntent of the symbol usagebetweentwo agerts.
In a test set of meanings,ead agent generatesa set of
symbols to describe those meanings. Each agert's de-
scription of the test setis a random variable, which we'll
call S; for the symbols usedby agert a, and Sy, for agen
b. The mutual information betweenthe symbol usages
is then H(S;;Sp). Note that H(S;;Sy) can newver be
greater than min (H(S3);H (Sp)). Also, H(S;;Sp) = 0
only if the two variables are independen, and is equal
to the maximum only if the two variables are maximally
correlated. So this measurehas a maximum and mini-
mum, and progressesn a fashion that is natural to the
quality we want to describe.

The mutual information between symbol usagesin a
test set of meaningsis usedin this paper as a meansto
evaluate how informativ e the symbol usageslearned by
the agerts are. Howevwer, this quartity requires knowl-
edgeof the output of all the agens on the entire set of
inputs. When an agert is employing a learning algorithm
that explicitly tries to maximize information it will be
unlikely to have accesgo suc global performanceknowl-
edge. Instead, the agert can assumethat by increasing
the information entropy of its own symbol usagessome-
thing which is much easierto estimate, that it will in-
creasethe mutual information between symbol usages.
This method is discussedfurther in section 4.1, which
preserts the explicit algorithm.

2.2 Why maximize information?

The researt in lexicon learning to date has predomi-
nantly focused on the methods by which agerts learn
and the properties of learning such lexicons. Much work
hasalsotaken the approad of trying to understand how



natural languageewlved and how humans create mean-
ing. If the purposeof investigating lexicon learning is to
better understand lexicon formation and languageewolu-
tion in humans, then explicit information maximization
algorithms should be of interest. It seemsunlikely that
imitation is the only mechanism involved in lexicon ac-
quisition and languageewolution; there could be speci ¢
features of these systemswhose function it is to maxi-
mize the informativ enessof the symbols used.

In cortrast, one also might be interested in having
agerts learn a lexicon in order to accomplish a task
Agents that work together in a group can increasetheir
task performance by using some form of communica-
tion (Balch and Arkin, 1994). One can obviously design
and implement a communication systemfor sud agerts,
but there are possiblebenets to a communication sys-
tem that the agens adapt for their own uses. Theseare
the sameargumerts that are normally made for adap-
tive behavior in general: more robustness, the ability
to react to changing circumstances,the ability to tackle
problemsthat the agerts were not explicitly designedto
solve.

If the purposeof lexicon learning is to enable agerts
to communicate about objects in the world (e.g., robots
describing navigation routes to ead other by naming
landmarks along the route), then it becomesvery impor-
tant that the symbols usedshould be useful for the task.
De ning the usefulnessof a symbol systemfor a task is
a dixcult thing, that perhapscan only be assyed on a
case-ly-casebasis. Howewer, it is impossiblefor a sym-
bol systemto be useful if it is not informativ e. Take the
example of a lexicon that nameslandmarks experienced
by mobile robots. If almost every landmark is called by
the samename, then a route description generatedusing
that lexicon would be of very little navigational useto a
robot trying to follow the route.

When task accomplishmen is important, then it
seemsbvious that informativ e symbol usagesare an im-
portant goal. When mecanisms for maximizing infor-
mation in the lexicon areimplicit, such asin the methods
presenried in the next section, then it can be dixcult to
ensurethat the results will be as desired. The best way
to make sure that symbol usagesremain informativ e is
to make it an explicit goal of the learning system.

2.3 Literature

This section preserts two well-known examplesof imita-
tive lexicon learnersthat do not explicitly try to main-
tain the information content of symbol usages. How-
ever, since both are able to produce lexicons with high
mutual information they must have someimplicit med-
anismsthat keepthem from dewolving to the solution of
naming all meaningswith the samesymbol. The follow-
ing paragraphsillustrate how these hidden medanisms
work.

Steels (1996) introduced naming gamesas a method
of lexicon learning. A naming gameis a gamein that
sensethat agens try to \win" by successfullycomnu-
nicating with ead other. If both agerts understand a
symbol to represen the same meaning then a naming
gameis successful. Losses,i.e., communication failures
where the agerts do not use a symbol to describe the
samemeaning, give the agerts data they useto do bet-
ter at the gamein the future. Steelsand colleagueshave
introduced a variety of \language games" that perform
lexicon learning. Although the language gameshave
di®erent algorithms, they can all be described by the
samegeneral framework:

Two agerts are selectedat random from the pop-
ulation. One agen is randomly selectedas the
speaker, and the other as the listener. Both
agerts are preseried with a corntext cortaining
seweral objects. The speaker selectsa topic ob-
ject from the context, and producesan utterance
to describeit. The speaker choosesthe most\suc-
cessful" symbol in its repertoire to represen the
topic object, or makesoneup if it doesn't already
know onefor that object. Both agerts increment
counters of symbol usageand naming game suc-
cess,whose values they use to determine which
symbol to generatewhen speaking.

Note that the naming game is imitativ e becausethe
agerts use their estimations of symbol occurrence and
succesgate to decidewhich symbols to use. That is, by
observing the usageand communicative successof the
rest of the population, they determine their own symbol
usage.

One particularly important elemen of the language
games,for the purposesof this discussion,is that the al-
gorithm makesup a newword (i.e., symbol) randomly to
describe any new object. The likelihood of the popula-
tion as a whole using the samesymbol to describe mul-
tiple meanings (and thereby loosing information in its
symbol usages)is directly related to how an agert ran-
domly choosesa new word to describe an object. Imag-
ine two agerts, ead encourtering di®eren objects for
the “rst time. They now (separately) make up words
for those objects and use them in naming gameswith
other agents. If both agerts are fairly likely to make up
the sameword, then its possiblefor the population as
a whole to adopt that word to represen two di®eren,
and perfectly distinguishable, objects. Unfortunately,
the mechanism used in the naming gamesto make up
new words is never completely explained in the litera-
ture, soit the true probability of this circumstance oc-
curring is not known.

1The naming game, the observational game, the guessinggame,
the sel'sh game. These are explained and reviewed in (V ogt, 2000)
and (Steels, 1998).



Note that if selectionis equiprobable and the number
of wordsin the possiblesetis ordersof magnitude greater
than the number of objects multiplied by the number of
agerts, then there is very little chance of symbol usages
having low information. This can be seenfrom the fol-
lowing argumernt. (1) Sinceagerts learn from the symbol
production of the rest of the group, it is not possiblefor
the "nal symbol assignmenm for a meaningto be anything
other than one of the symbols made up by an agert rst
encourtering that meaning. (2) It is therefore unlikely
that one symbol will be used for multiple meaningsif
there are many more symbols than possibleoccurrences
of an agert rst experiencing a meaning. Yet some of
the naming gamesreported in the literature do have
symbol usageswhere more than one meaning generates
the samesymbol (seethe \speci city" measuremets in
Vogt, 2000). This naturally raisesthe question of how
tunable this information lossis, and whether it can ef-
fectively be prevented if it is not wanted.

Another well-known approac to imitativ e lexicon
learning is that preseried by Batali (1998). In this sim-
ulation, the agerts learn a lexicon wherethe symbols are
composedof morphological componerts, in the sameway
that wordsarebuilt out of letters. The agers themseles
are recurrent neural networks that, when preserted with
a meaning vector as input, produce strings of symbols
as outputs. The strings are truncated at 20 characters
(evenif the recurrent network would producemore), and
ead character can be one of four letters.

Learning is directly imitativ e. An agert acting asthe
hearer trains its network to produce the samemeaning
encaled by the speaker. The samenetwork that inter-
prets symbols to meaningsis also usedto send symbols
when the agent acts asspeaker, sotraining asthe hearer
a®ectsproduction as speaker.

Note that the set of potential strings (the functional
equivalent of symbols) is of size4?°. Sincethere are only
100possiblemeaningswe are onceagain confronted with
a casewhere it is very unlikely that random initializa-
tions would produce the samesymbol being assignedto
di®erent meanings. Howewer, it is more complex than
the casepresened by the naming gamesof Steels. The
assaiations betweenmeaning and symbol are produced
by a recurrent network. Therefore, the relationship be-
tweeninput and output is much more complexthan the
case of simply courting occurrence and successrates.
Over the courseof training, it seemsinevitable that the
network weights will becomemodi ed sothat the agert
will produce symbols that it neither originally produced
after initialization nor was trained to produce. In this
case,the questionof how to cortrol the information con-
tent of symbol usagehas no obvious solution.

3. Imitation learning

This sectiondemonstratesthat an imitation basedalgo-
rithm without the hidden safeguardscan develop very
uninformativ e symbol usages. This provides a proof of
the dangersof relying only on imitation, which motivates
the dewvelopmert of medhanismsthat explicitly maximize
information in the lexicon.

3.1 Algorithm

At this point it is important to distinguish between a
meaning and a perception. In this paper, a meaningis
a category or object that hasan identit y independen of
agert perceptions. That is, it is a real-world location or
it is an abstract categoryin a simulation that the agens
are trying to communicate about. In someof the exper-
iments, agents will have di®erent perceptions of these
meanings. For instance, they may be unable to di®eren-
tiate betweentwo meanings. In the robot experimerts
the agens self-organize categorizations, thereby creat-
ing arbitrary meaningsfrom unlabeled data that will be
di®erert from agen to agert.

The lexicon learning system is based on eath agert
maintaining estimatesof the conditional probability that
it should generatea particular symbol, giventhat it has
perceived a particular meaning. When an agert is re-
quired to generatea symbol to represen a perception,
it generatesthe maximum likelihood symbol (the sym-
bol with the highest conditional probability given the
perception experienced).

The set of possible perceptions and symbols is “xed
before lexicon learning occurs. For instance, in a simu-
lation there may be ten meaningsto be learned. These
meanings will not change identity or grow in number
during the simulation. Likewise, the agerts might be
given v e arbitrary symbols to label these meaningsat
the beginning of lexicon learning, and the symbols will
not changeidentity or grow in number during the learn-
ing process.

The conditional probabilities are stored in a single-
layer neural network, with no bias input, using the soft-
max activation function. The input to the neural net-
work is a 1-of-n encaded vector of the current meaning
(as perceived by the agert | recall that agerts may
have di®erent perceptual abilities). The activations of
the output nodesare the conditional probabilities given
the perception on the input nodes. Note that a single-
layer network is suzciently powerful to encade the prob-
abilities becausethe inputs are mutually exclusive and
therefore orthogonal in the input space. The weights of
every agert's neural network are initialized using a zero-
mean normal distribution.

The agernts then proceedto learn a lexicon by imitat-
ing ead other's usage. The total training data is par-
titioned into training, validation, and test sets of equal



no error disagreemets 0 (0)
H(Cj; Cp) 3.29(0.01)
H (Sb; Sb) 2.55 (0.05)
unique symbols | 6.57(0.20)

systematic error | disagreemets 28.2(1.8)
H(Cj; Cp) 3.26(0.01)
H (Sa; Sb) 2.21(0.05)
unique symbols | 6.53(0.18)

random error disagreemets 18.2(0.7)
H(Cj; Cp) 2.53(0.04)
H (Sa; Sb) 1.93(0.04)
unique symbols | 6.40(0.15)

Table 1: The mean (std. err.) performance over 30 trials
for various perceptual error models in the simulation experi-
ments. Seesection 3.1 for an explanation of the models and
the measuremens. The results are over a test set of 200
randomly drawn meanings.

sizes (300 ead for simulation, 640 ead for the robot
data). The training set is re-ordered randomly at the
beginning of every epoch. Training occurs on-line ac-
cording to the following method:

Each agert perceives a meaning in the training
setaccordingto its abilities, and encadesit asan
input vector for it's neural network. Each agert
then generatesthe symbol that hasthe maximum
likelihood on the outputs, and transmits it to the
other agent. When an agert receiwes the other
one's output it turns the symbol into a 1-of-n
encaled vector which is used as a training pat-
tern for its own neural network. The network
is trained using on-line gradient descem on the
cross-etropy error function, with a learning rate
of 0.01 and no momertum.

At the end of an epoch of training the agerts are eval-
uated on a validation set. An error is courted for every
meaningin the validation set which the agerts generate
two di®erert symbols to describe. Training continues
until a maximum number of epochs is reached (1000 for
simulation, 10000for robot experimerts), validation er-
ror is zero, or validation error has not decreasedfor a
certain number of epochs (500 in both cases).

3.2 Simulation exgeriment

In this simulation the agerts were given ten symbols
to label ten meanings. Theseten meaningsoccur with
equalfrequency but sometimesoneor both of the agerts
may systematically or randomly confusemeaningswith
ead other. In other words, the agerts may not perceive
the same meaning, and therefore the imitativ e symbol
learning they perform will be subject to noisein the tar-
get values.

There are two ways the agents can perceiwe the ten
meanings:

No error Both agerts perceiwe perfectly.

Systematic error Agent a perceives meaning #1 as
meaning #2 50% of the time and agert b perceives
meaning#3 as meaning#2 50% of the time.

Random error Agent a confusesall meaningswith p =
0:1. When confusedit picks any other of the nine
meaningswith uniform probability. Agent bperceives
perfectly.

In both systematic and random error models roughly
10% of meaningswill be confusedby one or another of
the agens. Thirt y simulations were run of ead model,
with di®erert randomly initialized agens in ead simu-
lation.

The results of thesesimulations are summarizedin ta-
ble 1. Four di®erent measuresof agert performanceare
preseried here, giving information on how much agree-
mert there is on symbol usage,on how much information
it is possible to transmit, how much information was
transmitted, and how many symbols were used. The
number of disagreemets is the number of times the
agerts produced di®erert symbols for the 300 randomly
drawn meanings(w/ uniform probability) in the test set.
H (Cy; Cp) is the mutual information betweenthe agert's
perceptions of the meanings,i.e., the meaningswith the
perceptual error model applied. This is the maximum
possible value that the symbol usage mutual informa-
tion, H(Sa;Sp) could ever hope to achieve. Finally, the
number of unique symbolsin the test setis alsorecorded,
telling us how many of the ten possible symbols were
usedin the test set.

The empirical results show usthat the imitativ e learn-
ing algorithm will produce a symbol usagethat con-
tains on average 77% of the information cortained in
the meanings when the number of symbols equals the
number of meaning. It should be noted this loss of in-
formation is a \b est-case"scenario. If the meaningsare
not equiprobablethen it can only becomeworse.

Looking at the e®ectof the perceptual error shavs
“rstly that both sorts of errors signi cantly reduce the
amount of information in the learned symbol usages.
What isinteresting to note, however, is that in the caseof
the random error, the lossin H(S;; Sy) probably comes
directly from the lossin H(Cy; Cp) from the perceptual
errors. In the random error model the symbol usage
mutual information is 76% of the perception mutual in-
formation, a closematch to the 77% found with perfect
perceptions. However, systematic errors seemso causea
lossof symbol mutual information that is not accourted
for by the corresponding lossof perception mutual infor-
mation. In the systematic error experiments the symbol
usageobtains only 68% of the mutual information of the
perceptions.



measuremei mean std err
disagreemenh rate | 26.3% 0.4%
H(Cj; Cp) 2.20 0.02
H (Sp; Sp) 1.38 0.41
unique symbols 3.13 0.12

Table 2: Testsetresults for the robot landmark lexicon learn-
ing experiment (30 trials, 20 symbol lexicon), where eacth
agent usesits own 20 node SOM to categorize landmarks.
Seesection 3.3 for an explanation the setup.

Theseresults tell us three important things. First, we
shouldn't expect an imitativ e systemwithout safeguards
to learn symbol usageswith asmuch mutual information
asexist in the agert's perceptions. Secondly any sort of
perceptual confusion will only aggravate this problem.
Thirdly , for a given level of loss in perceptual ability,
a systematic error would seemto causea greater loss
of mutual information as a percertage of the possible
information in the meanings. Other experimerts that are
not reported here with di®erert numbers of meanings,
symbols, and noiselevels all support these conclusions.

3.3 Rolot experiment

This section preserts an experimert using the imitativ e
symbol learning algorithm to try and generatea lexicon
for usein arobotic navigation task. The lexicon consists
of namesfor landmark types (in a human sense,some-
thing akin to \T-junction” rather than a name for one
speci ¢ location like \T-junction #42"). The interested
readercan nd further details on both landmark lexicon
learning and route description and navigation for this
task in (Fleischer, 2004).

In fact, this experimert is originally responsiblefor our
investigation of the topic of explicit information maxi-
mization in lexicon learning. The low information sym-
bol usagedearnt by the imitation algorithm spurred the
needto dewvelop a better method of lexicon learning.

In this experiment, two agens with di®erert random
initializations are trained on the perceptions of a sin-
gle physical robot. Therefore, there is never any doubt
about what the \meaning” is | both agerts have the
sameraw sensorinput. However, the sensorinput is not
ameaningin and of itself, but rather a high-dimensional,
noisy, represeration of the local areaaround the robot?.
Each agert producesa xed setof meaningsfor itself by
training a Self-OrganizingMap (SOM) (Kohonen, 1993)
on a batch of represenativ e landmark perceptions. The
agerts then categorize raw sensordata during lexicon
learning by using the identity of the highest activation
node of the map for a given sensoryinput asthe agen's

2In actualit y, a 20x20 occupancy grid updated with the data
of the last 10 inches of travel, covering an area of 100x100 inches
around the robot.

perception of that landmark. In other words, eat agert
will have similar but not identical perceptions of land-
marks. Thus, we can expect both systematic and ran-
dom perceptual error during lexicon learning.

The agerts trained 20 node (4x5 toroidal topology)
SOM networks on robot data represerting 200 meters of
travel in three di®eren oxce corridors. They then useda
a di®eren 110metersof data, taken from a subsetof the
samecorridors, to train their lexicons. The lexiconlearn-
ing data was randomly partitioned into training (1/2),
test (1/4), and validation (1/4) sets. Training contin ued
to a maximum of 10,000epochs, but otherwise learning
parametersare identical to those of the simulation. The
agerts were given a 20 symbol lexicon to learn.

Lexicon learning was repeated accordingto this setup
30times with di®eren agert initializations and di®erert
training data splits ead time. The results can be seen
in table 2, and they are quite disappointing. The agens
produced a symbol usagewith only 62% of the possible
mutual information3. In light of the simulation results
preseried in section 3.2, it is clear that the agerts must
be su®eringfrom extensive perceptual noise. This is, in
fact, the case. By looking at any given pair of SOMs
and sensorydata sets, clear casesof systematic errors
can easilybe found. Also, whenthe two agerts are given
identical SOMs (i.e., they now have identical perceptions
of the landmarks), they canlearn to producethe normal
(for the caseof equal numbers of symbols and meanings)
76% of the possiblemutual information.

These disappointing results highlight the importance
of maintaining mutual information in the symbol usages,
if the goal of lexicon learning is to produce a communi-
cation systemthat is useful for transmitting information
betweenagerts.

4. Negotiation learning

This section describes experiments using an algorithm
that attempts to explicitly increasethe mutual informa-
tion of symbol usages.The agerts do this by negotiating
with ead other about what symbol they should usefor
a particular meaning.

The motivation of using negotiation comesfrom the
desireto produce explicit maximization of symbol infor-
mativenesswithout trying to compute things the agert
will not typically have accesgo, sud asthe probability
of a particular perception occurring (dixcult in di®er-
ent ervironments) or symbol usage probabilities of all
agerts in the communication group (ditcult whenthere
are many agerts). Although the scheme is not moti-
vated by a particular cognitive or psydcological model,
it seemsthat explicit negotiation doestake place when

SNote that information entropy is a logarithmic scale, so seem-
ingly small percentages of change can be very important in terms
of system operation. In fact, the robots were essertially unable to
navigate using this type of landmark description lexicon.



adult humans play gamesrequiring the dewvelopmen of
coordinated descriptions of spatial evernts (Garrod and

Doherty, 1994), although in their casenegotiation seems
to function as a method of selecting which of seweral

possiblealternativ e description schemesto usein a par-

ticular game, rather than which schemeto use \for all

time" aswe're investigating here.

4.1 Algorithm

The negotiating agerts are substartially similar to the
imitation agerts described in section3.1. They generate
symbols using the sametype of neural network, and are
trained using the sameparameters.

Howewer, a negotiating agen also maintains an esti-
mate of the occurrencerate of symbols. It doesthis by
courting the number of times it usesead symbol dur-
ing a single training epoch. Before training beginsead
agert runs through the training set of meaningsby itself
in order to generatean initial estimate of the occurrence
rates. At the end of an epoch, the agernt replacesits
current estimated symbol probabilities with the occur-
rencerates from the last epoch. Let us denoteagen a's
current estimate of the occurrencerate of symbol s as
P.(s). Note that

These probability estimates are used by the agert to
try and maximize the information erntropy of its own
symbol usage which in turn makesit possiblefor the mu-
tual information of symbol usagedo becomehigher. En-
tropy is at a maximum when the symbols are equiproba-
ble; equiprobable symbol useis therefore the direct goal
of the negotiating agert.

The negotiation protocol is as follows:

1. Each agert, fa;bg, receivesthe meaning, perceives
it according to its ability, and producesa symbol,
fsa; spg using the method described in section 3.1.

2. If s = sy then train the networks using that symbol
and return to step 1.

3. Otherwise ead agert makes an ordered list of all
symbols that occur equally or less often (according
to its estimation) than the symbol it produced in
step 1. The least usedsymbols are rst in the list.

4. Each agert proposesa symbol (agert a proposes
sBroP) from the top of its list and sendsthis symbol
to the other agert.

5. Each agert calculates its willingness to accept the
other's proposal. For agert a this value is

Pa(Sa)

ra = logQ——sro5-
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6. If at least one of the signals is non-negative, then
the agert with the largestwillingness (r) acceptsthe

other agert's proposal. In caseof a tie, a winner is
chosenrandomly. Each agert trains its network using
the winning proposal as the target. Return to step
1.

7. Otherwise, eath agert removesthe symbol from the
top of its list. If both agert's lists are now empty
they return to step 1. If at least one agert still has
proposalsleft to make they return to step 4.

Obviously, coherert symbol assignmen (where the
agerts agree on the symbols to use for all meanings)
is a xed point of this protocol. It's also the casethat
it can be shawn that this protocol will always produce a
coherert symbol assignmen provided that (1) the agerts
perceive the meaningsin exactly the sameway (no dis-
agreemen from perceptual confusion of meanings), and
(2) that the learning system, in this casethe neural net-
work, is capable of making the assignmets proposed
by the protocol (no disagreemeh becausethe meaning-
symbol mapping dictated by the algorithm cannot be
learned).

4.1.1 Proof of convelgene

Theorem: Given a set of input patterns, and a pair of
agerts with di®erert symbol assignmets for those
patterns, there is at least one pattern for which a
symbol assignmern is acceptedand agreedupon by
the agerts.

Pro of by contradiction: Assume that there are two
di®erent symbol assignmens such that no symbol
proposal made by one of the agerts is accepted by
the other. Consider the set of symbols that agert a
usesmore than any other symbols,

S2 = fsjPa(s), Pa(s)8s°2 Sg;

where S is the set of all symbols. For any pattern
which agen a assignsto a symbol in this set, any
proposedsymbol would be acceptedby a. Thus, since
we assumeno proposal is accepted, the two agerts
must already agreeon the patterns assignedto these
symbols. Now considerthe symbols usedby agert a
which are used more than any other symbols except
thosein S?,

Sl=1s2SnSYjPa(s), Pa(s9)8s°2 SnSly:

Note that agert b cannot proposea symbol in S? for

any pattern that a assignsto a symbol in S} because
a and b agreeon those symbols and therefore must
have the sameestimate of occurrencerate. Soa will

accept any symbol proposedby b, and since we are
assumingthat no proposal will be accepted,it must
be the casethat for all patterns which a assignsto a
symbol in S}, b must assignthe samepattern to the



same symbol. Likewise, we build sets S2;S2;::: S}
(where i is the number of such sub-setsin S) and
show that the two agerts must agreeon the symbol-
pattern mappingsin those sets. The sameargument
can be usedfrom agert bs standpoint. But then we
have shown that the agens agreeon symbols for all
patterns, and have contradicted the assumption that
they have not.

Corollary: If the learning systemscan learn to assign
any symbol to any pattern without a®ectingthe map-
pings from the other patterns, this protocol will con-
vergeto a coheren set of symbol assignmetts.

The single-layer neural network in question will pro-
duce symbol usagecoherencebecausethe input patterns
are orthogonal and there is no bias term in the outputs
to link the symbol mappings of the patterns.

Howewer, this algorithm doesnot convergeto the opti-
mal (maximum possibleertropy) solution. This happens
for two reasons. First of all, agreemen is a xed point
in the system. So as soon as the agerts agree on how
to label a particular meaning, they will no longer be
able to changethat, evenif someother assignmen they
make later in learning would mean that mutual infor-
mation would be increasedby using a di®erert symbol.
Secondly an agert is not actually increasing the infor-
mation ertropy of its symbol usage,but is employing a
heuristic approximation to direct maximization. The ac-
ceptancecriteria will only increaseinformation of symbol
usageif the changein symbol occurrencerates after the
new assignmen is small and of equal sizefor all symbols.
There are many times when this is might not be the case,
e.g. if the agert assignsa new symbol to a meaning that
occurs 70% of the time.

4.2 Simulation exgeriment

The simulations preseried here are identical in proce-
dure to the no noisesimulations presered in section3.2.
They demonstrate that the negotiation algorithm can
outperform the imitation algorithm it was designedto
replacein certain circumstances,but that the imitation
algorithm can be tuned to produce a more informativ e
lexicon more reliably.

In this experiment 5, 10, 15, and 20 symbols were
used by the agerts to label the sametwenty meanings.
Thirt y trials were made of ead using di®erert random
initial network weights but the sameno-noisedata set.
Figure 1 showsthe meanvaluesand three standard error
bars of theseexperimerts. It canbe seenthat when only
v e symbols are available, the negotiation algorithm is
a clear winner. However, imitation is as good as nego-
tiation when there are as many symbols as meanings.
Once there are more symbols than meaningsimitation
becomesthe clear winner. This is an unexpected result,
as the negotiation algorithm was designedto explicitly

maximize mutual information in the symbol usages. If
negotiation works at all, onewould expect it to work in
all cases.

A clue to why this occurs can be seenby looking at
the standard error bars; for the ten symbol casethere is
an order of magnitude more standard error in the dis-
tribution of negotiation scoresthan for the v e symbol
case( 0.10vs. 0.02 bits). In fact, for the ten symbol
casefour of the 30 negotiation trials produce solutions
of more than 3.0 bits of mutual information (maximum
possibleis H(Cy;Cp) = 3:3 bits). On the other hand,
there are also three trials of with lessthan 1.5 bits of
mutual information. In comparison, the mutual infor-
mation values produced by the imitation algorithm all
fall between2.0 and 3.0 bits. So, in fact, negotiation can
actually provide a more informativ e lexicon even in the
ten symbol case,but imitation providesa higher average
score.

This variance can be attributed to the simple fact
that the negotiation algorithm cannot badktrack and re-
assigna new symbol after the agerts agreehow to label
a meaning. Once a particular meaning is assignedto
an under-usedsymbol it may, in fact, causethat symbol
to becomeheavily over-used. If there are many fewer
symbols than meanings,there are more chancesto rec-
tify any mistakes made in smoothing out the relative
occurrencerates of symbols. So, essetially, negotiation
degradesless quickly with decreasinglexicon size than
imitation only becausethere are an increasednumber of
chancesto "x mistakesmade in symbol assignmen.

The clearimplication is that the negotiation algorithm
proposedis not going to be good enough. Imitation will
always producebetter symbol mutual information on av-
erageaslong asit's given enoughsymbolsin the lexicon.
To get better performancein tasks with ditcult percep-
tion, like the landmark labeling task presered in sec-
tion 3.3, it will be necessaryto designan algorithm that
can either (1) take into accourt the relative frequency of
perceptionsaswell asthat of symbol, or (2) canre-assign
symbols even for previously agreedupon meanings.

5. Conclusions and future work

This paper shows that imitation alone is insutcient to
dewelop lexicons useful for a task. Experiments with
a simple imitation learning algorithm show that sym-
bol usageswill have less average information than is
presert in the agerts' perceptions. The samesimulations
showved that when perceptual noiseis presen this e®ect
becomesmuch worse. An example of lexicon learning on
a robotic task preserted an extreme caseof information
loss(only 3 symbols, 1.4 bits mutual information, out of
20 meanings)that motivated the developmert of a better
method.

This paper argues that lexicon learning algorithms
should explicity maximize the mutual information be-
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Figure 1: Figure showing how H (Sa;Sp) changesas a func-
tion of lexicon size for both imitation and negotiation algo-
rithms. Error bars show three standard errors around the
mean value. The ideal line is the mutual information of an
equiprobable symbol distribution of the given lexicon size.
Plainly negotiation cannot o®er better mean mutual infor-
mation than imitation.

tweensymbol usagesto prevent this from occurring. Al-
though many lexicon learning algorithms in the litera-
ture e®ectiely do this, they do so through hidden or
implicate mecdhanisms, like the example literature ana-
lyzed in section 2.3. Becausethese mechanismsare not
explicit they can be ditcult to control or have unfore-
seenconsequenced di®erert lexicon learning tasks.

A ‘rst step was made toward a useful, information-
maximizing algorithm with the proposal of the negoti-
ation algorithm. Unfortunately, the algorithm does not
produce better mutual information levelsthan imitation
except in caseswhere the number of symbols is much
lessthan the number of meanings. This occurs because
the algorithm is heuristically approximating the maxi-
mization of symbol usagemutual information. Oncethe
algorithm has made a mistake due to that approxima-
tion, it cannot re-negotiate a new symbol assignmet for
that meaning.

The way ahead is therefore clear. A new algorithm
should either make a better approximation to mutual
information maximization, or it should be able to re-
negotiate meaning-synbol assignmers that are already
agreedupon. The ditcult y with the later approad is
to be able to guarartee that a lexicon will ever become
stable. Therefore, we believe that the former is the best
avenue for future investigation. For instance, a new way
to calculate an agert's willingnessto accepta proposal
that usesan estimate of the occurrencerate of the mean-
ings rather than just the occurrencerate of the symbols

hasthe potential to be useful.

Regardlessof the method usedto achieve it, lexicon
learning algorithms would bene't from making informa-
tion maximization an explicit aim of learning. This ap-
proach will hopefully enable the developmen of mini-
mum performance guarantees and systems which pro-
duce higher symbol usagemutual information. In the
long term, such researth might also shed somelight on
medanismshumansand other animals employ to ensure
that their symbol usagesare informativ e.
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