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Abstract Genetic Programming and a variety of other appresch
based on biological or physical metaphors, whilst
Cognitive Science explored sometimes similar models
based on stronger ideas of biological plausibility.

This paper is written in the context of a program o
research undertaken by the author since the mid-70s
focussed on the idea of getting computers to ldarn
understand the world, and language, the way a Habsy.
However, this paper will not attempt a logical or
chronological development of Computational Psycho-
linguistics, but will focus specifically on aspectf
relevance to Data Mining, including in particular
evaluation

Growing up is in large measure learning about tieldv
and our social and linguistic environment. We migali
this data mining, although it is far more multimbdad
immersive than most applications. This paper dbesri
computational research into how children learnhwat
particular focus on evaluation in both supervised a
unsupervised paradigms.

Conversely, we gain additional insight into assticia
mining by considering psycholinguistic experimetitat
quantify the way human association by both adutid a
children relate to a variety of association measure
Learning and evaluation are not dealt with in isols
but a program of formal and application-based eatadn .
is expounded and exemplified to show how to evalua? Evaluation
discovered patterns with and without a gold stasidar ~ How do you evaluate patterns? Where we are doing

In this context, some serious issues with curretnsupervised learningvith no teacher to guide us with
evaluation techniques and accuracy measures d@propriate examples and no marker to grade oarteff
identified and the unbiased techniques identified. how do we know how useful our patterns or rules?are
Keywords Natural Language Learning, Data Mining,\/\/here.We are dom_ggperv!seq learningnd are aiming

achieve a specific objective, how do we rate our

Text Mining, Signal Processing, Speech Processin stem and which of the many competing measures do
AudioVisual Speech Recognition, Cognitive Linguisti e use? And how do children rate the patternsrafecs

Computational Psycholinguistics, DeltaP, Receivt | o
Operating Characteristics, Bookmaker Informednes$ a ey learn
Markedness, Brain Computer Interface. L L

2.1 Evaluation in Applications

1 Introduction One answer to the problem of evaluation in unstpedv

Over the last 60 years, human-like performance Hgarning is to find and use an appropriate goldddad —
computers in tasks requiring broad cognitive and#hich begs the questions of where this comes fitow
linguistic competence has remained elusive. Inymari€liable it is, and if it is reliable why we are thering
specific areas, solid algorithms and useful methagles ~ With trying to learn it. If the answer is that & ne
have been developed and been hived off from Aigific Person’s theory, then it is inherently subjectivel degs
Intelligence as fields in their own right, or hasmmerged the circular question as to how that theory wasuated.
independently from the seeds of Al. In the 70s 86d Another answer is to turn it into a supervised prob
Cognitive Science emerged as an interdisciplinayus With measurable outcomes. Thus  phonologies,
that took over the traditional psychological mougllof grammars, ontologies, etc. may be evaluated by
Al in the 50s and 60s, leaving Al to become inciegly ~ €mbedding them in an application where there isrieit
algorithm oriented and focussed on engineeringsg@h and objective performance evaluation — for exaniple
the other hand, Computational Intelligence emerged Web search, machine translation, speech recogniipn
espouse the softer fuzzier aspects that the Al aamityn reading, electrocephalographic computer interfate,
seemed to be resistant to (leaving behind GOFApdso  If the question is which paper is more relevant, or
Old-Fashioned Al). These fuzzier aspects incluglezizy ~Which gloss (translation) of a word is more appiater

Logic, Neural Networks, Ant Colony Optimization, there is usually littte doubt unless they are rdygh
equally good, and human raters are well qualiftetchbke

these judgements. On the other hand, if it conges t
Copyright © 2008, Australian Computer Society, Ind@his deciding between two competing grammars, it seés t
paper appeared at the Seventh Australasian Datangd/in there are more grammars than linguists, and notiecof
Conference (AusDM 2008), Hobart, Australia. Confeemnin  are likely to have much relationship with what goesin
Research and Practice in Information Technology (CRPITour heads.

Vol. 87. John Roddick, Ed. Reproduction for academixt-for- A third approach is to appeal to some concept of
profit purposes permitted provided this text idlicied. parsimony. The child's problem of learning abohé t




world is very similar to the scientist’s problemle&rning association mining date back equally far with feample
about the world, and good scientific method ha<ifipe Brin et. al (1997) proposing Conviction and Intér@ka
biases to theories that are simple and testableceMer  Lift). Note that Lift tp/[pperp] ) is a ratio of actual
parsimony and testability relate to theories tha¢ afrequency to expected frequency (joint probability
already shown to be equally good on some objectiygoduct of Prevalence and Bias) and Leverage is the
evaluation. difference between actual and expected frequergingb

Evaluation measures based on parsimony tend to hgweposed by Piatetsky-Shapiro (1991) even befoee th
an information theoretic basis, using overall eain classic advocacy of support in Apriori (Agrawal adt,
paradigms like Minimum Message Length, or locall993). Note further that pointwise Mutual Infornoati
measures employing conditional entropy or mutualses log(Lift) to assess individual rules. Conwiati
information. In many cases, such as log-likelihood[ppern]/fp ) is thereciprocal of Lift applied to the
models, this use is blind to the effectiveness toé t cell/rule +P=>=R, reflecting a desire not only to see that
outcome and more about significance. In other casdp is high relative to chance, but thi is low relative
such as in building decision trees, the usage itike a to chance. However, recall thgg andrn are constants
heuristic and aimed at building a smaller modeheat of the dataset that are assumed to apply to amjoran
than a more correct model. In both cases, it reézegn sample (from the dataset or collected in the fyturais
that improved performance from overtuning ismeans that Lift is equivalent to Confidence or i&iea
misleading. apart from a linear scale factor (which may be wiséf

] ) thresholds are employed). Similarly, Lift is ecalent to

2.2 Supervised Evaluation & Gold Standards  1/[1-Confidence] and thus is equivalent to Confitkeior
Although the focus in this paper is unsupervisedrmg Precision or Overgeneralization (see below) exdept
and data mining, we commence by examining evalnatidhe non-linear scaling (which may be useful if givelds
in the context of supervised learning, as well asre employed).
association learning as investigated in childrere Wl Other measures that normalige are Fallout (false
however in the process relate this to unsupervisgwsitive rate,fpr=fp/rn=FP/RN  , the proportion of
learning, clustering and association rule minindjobe negative outcomes that incorrectly have positive
considering these paradigms closely in the nextwec  predictions) and Imprecision = 1 - Precision

We will consider the value of rules that predict & 1 + Overgeneralization (false positive accuracy,
ResultR based on a Preconditi® where we assun®  fpa=fp/pp=FP/PP , the proportion of positive
and R take the same labels representing the predict@giedictions that incorrectly have negative outcomitss
class and the real class. In the binary or dichotssitase also possible to normalizén as Missrate or Inverse
we have in evaluating a single rde»R, P or R may Fallout (false negative raténr=fn/rp=FN/RP ) and
take only the two values truer) or false ¢). Table 1 as Inverse Imprecision (false negative accuracy,
shows two standard notations for labeling théna=fn/pn=FN/PN , the proportion of negative
contingency table showing the 4 combinations pdssib predictions that incorrectly have positive outcojnes
Both of these are used in upper case variants sngntai  Similarly tn has normalizations corresponding to Inverse
N and lower case variants normalized to probatslitteat Precision and Inverse Recall reflecting the resfit
sum to 1, with the first version being mnemonigeue application of Precision and Recall to the inverake
or false positive, predicted or real negative). =P->-R, and all Inverse measures are interpretable this

Precision, known as Confidence in data mining, is way and are also complements of other named mesasure
form of accuracy based on the proportion of positiv This Inverse problem is technically a different §u
predictions that have correct outcomes (true pasiti problem as it uses the rule in the opposite waytgo
accuracy, tpa=tp/pp=TP/PP ). Recall measures the logical intent (it is abductive and equivalent Rs&R).
rate of finding positives and is the proportionpaoisitive However under conditions of forced single choicasit
outcomes that have correct predictions (true pasitate, effectively used this way by virtue of the closedria
tpr=tp/rp=TP/RP ). Support measuresp=TP/N , assumption (if we don't say it's positive it is ragiye and
which is proportional to Recall &P andRNandN are Vvice-versa, which is typical of a neural net or isien
assumed to be constants related by fixed Prevalenitee, but not of association rules, as discusskxivpe
rp=RP/N and Inverse Prevalencen=RN/N ., being the
set of real marginal statistics One of the souroks +R -R +R -R
problems in evaluation is that the prediction maagi

+
statistics are not in general fixed and act asesiaBias oI P PLA B A+E
pp=PP/N and Inverse Biapn=PN/N. -P [fa th  pn =P C D C+
Severe bias problems with Recall and Precision have P m 1 A+C B+C N

been demonstrated by Powers (1997 with Entwisle320

2007 and 2008) from a theoretical and empirical Table 1. Systematic and traditional notations in a
statistical perspective (proposing Informedness and binary contingency table. Colour coding indicates
Markedness), Perruchet and Peereman (2004) from carrect (green) and incorrect (pink) rates or couns in
theoretical and empirical psychological perspective the contingency table. Left table is systematic
(proposing DeltaP and DeltjP and Flach (2003 and terminology based on true/false/real/predicted
2005 with  Firnkranz) from a theoretical machine Positives and negatives and in lower case represent
learning perspective (proposing the concept of skedy  Probabilities and in UPPER case counts. The right
WRAcc). Similar issues with Confidence and Supjiort table is an common alternative notation.33



2.2.1 Informedness, Markedness & Correlation 2.2.2 An Example of Need for Informedness

We now introduce Informedness (DeltaBr skew- Precise formulae and vague statements about b&as ar
insenitve  WRAcc) and Markedness (DeltaP)neither of them enough to give a good feel for how
Informedness has been advocated by several authsesious the problem is with Precision and Recall, o
under its various names as discussed previouslgt, aGonfidence and Support, or F-Factor and AccurabysT
shown to be unbiased, corresponding to the prababil it is appropriate to give some examples. In theuision
making an informed decision versus a chance decisiof the various experiments below we will see exaspl
(Powers, 2003). Shanks (1995) calls DeltaP "thethere Accuracy increases and Informedness decreases
normative measure of contingency" in that it exmdai and this has been mind-blowing for the studentskimgr
human association data so much better than direan the project who were sceptical about techniealit
unnormalized measures such as Precision or Comiden  However, here | will go into one example, which was
In the dichotomous case we have been discussing, one of those that originally inspired the developtmef
Informedness = Recall — Fallout = Recall + InvReed  Informedness and is discussed in Entwisle and Power
= [Recall — Bias] / InveiBeevalence. (1997): the problem isvhen water is a noun or a verb
The real problem is that several real-life parsensl
taggers made the deliberate decision that theiress
were so bad at deciding part of speech that theydco
increase their F-scores and/or Accuracies by sayatgr
was always a noun, which it is 90% of the time.islt
instructive to do the maths and see that chancd fev
guessing with Bias matching Prevalance gives Recall

We can thus see that it takes into account Faffput
a constant scaled normalizationfpf) as well as Recall
(tpr a constant scaled normalization tf ), that it
reflects equally both the forward and inverse peoid,
that it is effectively a (constant scaled) renoirzdion
after subtracting the Bias. Although directly basmu
Recall-like measures, the difference tof andfpr ,  piacision = Bias = Prevalence = 90% Inverse Hecis
Informedness is also qualitatively similar to Psamh as | erse Recall = Inverse Bias = Inverse Prevalence
the ratio oftp andfp . When Precision i§, tp=pp and 194 ang F-Factor is thus 30% and Rand Accuracy 82%.
fp=0, so thatipr=0 , and Informedness = Recall. When,yever, by saying it is always a noun we set Recal
RecalF1, Informedness = InverseBias/InversePrevalencgyne, precision = 90%. F-Factor = 95% and Rand
and is thus only maximized when Bias=Prevalencés ThAccur’acy = 90%. ’
matching of Bias to Prevalence is a common hearisti

The dual of Informedness is Markedness or DeltaP: 2. 2.3 A Feel for Informedness & Markedness

Markedness = Precision + Inverse Precision — 1 For Informedness and Markedness any form of
= [Precision — Prevalenchiverse Bias. guessing, whether following Prevalence or some rothe

brandom Bias, whether always setting positive oragiwv
setting negative, always gives the same long tesult:
ap expected value of 0. For a perfect performaritte vo
grrors, Informedness and Markedness will both be 1.

formedness tells you the proportion of the timaury
predictor made an informed (correct) decision v&rsu
guessed (and averaged the expected value over. time)

Accuracy and Weighted Relative Accuracy (WRAcc) arg/larkedness tells you the proportion of the time the

equivalent to Informedness (BMI) and the ROC aregutcome actually mark_ed _the predictor correctlyv@ga
under the curve (AUC) with the relationship: rise to the symptom or indicator), as opposed taking

_ _ a random value (viz. expected value over time).
skinsAcc = AUC = [BMI+1]/2 = [skinsWRAcc+1]/2.

Informedness and Markedness are not in generdl2-4 The General Case (K>2)
independent as they are regression coefficientdéad In the above we considered a single rBl&®R where
problems, and thus by definition their geometricamés each of the variables was restricted to take a é&wobr
Correlation (Perruchet & Peereman, 2004; Power87 20dichotomous value. In general, there may be maoa@ th
& 2008). The correlation of Informedness andne choice or more than one rule. To the exteatt tthe
Markedness themselves tends to be about 0.5 indy st rules are independent, this latter point need ooicern
by Perruchet & Peereman (2004) that investigated thus as we can calculate Informedness and Markedness
learning of phonological associations in childrenda separately for each rule. To the extent that welnald
adults and found that Frequency, Markednessdditional evidence for a particular decision wes ar
Informedness and Pearson/Matthews Correlation r(thenoving beyond the paradigm of the contingency talole
geometric mean) correlated significantly more gsgfgn fact, we can combine weightings for different rulesny
with children and adult performance than Precisiod way we like, but this introduces the concept oftcos
Recall, in the indicated order of increasing catieh where as the Bookmaker and ROC principles behind
(p<0.005 in all cases for adults, and p<0.05 incaes Informedness and Markedness are based on an udbiase
for children, where the difference was less marké)is model with skew or costs determined by relative
indicates that we learn associations based onfbotfard prevalence — the more likely a horse is to win, ldweer
and backward predictability (corresponding to bothhe odds the Bookmaker will give you. Adding ditfat
classical and operant conditioning) but give slghtore costs or penalties to specific outcomes, changebitises
weight to the forward direction (using well markedthat are appropriate to achieve an optimum pagufwe
predictors to successfully predict well marked ountes).  will ignore this for the time being, and revisitetquestion

This is thus based on the Precision-like measuugs
has some similarity to Recall.

Both Informedness and Markedness are unbias
unlike other common averages of Precision and Rec
the F-Factor and Rand Accuracy. Flach’'s ske
insensitive version of F-Factor and Precision remai
similar, whilst the skew insensitive (skins) versiof



of multiple overlapping rules and their effect onHowever, in the multi-horse case, for Bookmaker
cost/skew. Informedness for the classic “edge”, your lossafijose

Here we will deal with only the fact that continggn is dependent only on the odds for the horse yowihd),
tables may be any size, and for KxK tables with Kk not the horse that actually won)( Your win (expected
above formulae don't work. In fact the modificati +1) comes at the expense of many losers, and wssr |
fairly simple — we perform a weighted average of th(expected to be better than —1) is not the wholehef
Informedness or Markedness determined for a singleinner’'s gain. For Informedness your risk is deteed
label. For each label we effectively have a binarpy your prediction (which horse you bet on), nouro
contingency table regarding whether that label Wes outcome (which horse won). Markedness reversesathi
prediction and whether it was the outcome. Faf the outcome was the bet and the prediction datexd
Informedness we weight by Prevalence, and thishg w the payoff (in practice oddse set by bias in the bets).
Informedness tends to be of most practical valod,can Note that for the dichotomous case you have onb/ on
be empirically significantly more predictive of ham degree of freedom and are making only one binary
performance (Perruchet & Peereman, 2004). Falecision, so Bl = Bf and BM = M¢) for both positive
Markedness we weight by Bias. and negative cases.

The original Bookmaker Informedness derivation ) )
(Powers, 2003) was expressed in probabilistic itah 2.3 Unsupervised Evaluation by Gold Standard
a form that weighted over a table of costs assediaith The previous examples assumed a Gold Standard, viz.
the respective cells of the contingency table, wite that we knew what the correct answers were, imglgn
costs being determined by Bookmaker bets and payoBupervised training and test set. But in fact wa do
(for fair odds). Mutual Information is similarly a unsupervised training and still test with a Golargtard
weighted average based on an information theovatiee if one exists — often this will be a small hand ged
equivalent to log(Lift) as discussed above (Powergorpus, perhaps tagged by multiple annotators lawal
2003). Multiplying this Mutual Information bl in the testing for subjective interannotator differencda. such
general case (Powers, 2008), gives fhesignificance a case the Informedness and Markedness calculations
(log-likelihood or GZ), whereas multiplying Correlation proceed as above, effectively discounting for thance
by Nin the binary case (Perruchet & Peereman, 2088) fipaseline. We can also calculate Informedness and
the y? distribution. For the general case it is necessary Markedness between two annotators and choose the on
multiply the Correlation by (K-1)N to approximatand  with greater Informedness as our Gold Standard (il
Powers (2003) derives corrections that allow great®e the Markedness for the other annotator). Thusiges
accuracy. In additiory® significance can be calculateda human baseline which is not discounted autonibtica
separately in a similar way directly from Informeds and in fact it is often treated incorrectly as apper
and Markedness, and confidence intervals can aiso bound — some of the experiments reported here dxcee
estimated directly (Powers, 2007 and 2008). human performance.

The general Informedness and Markedness formulae
can be elegantly expressed in ways which clearwsh 2.3.1 Hard Clustering
the simplified dichotomous form (the original forlation  One particular form of unsupervised learning is
did not reveal the simple connections with RedBlfs clustering, and there are a wide range of techsighat
and Prevalence, or with WRAcc and Del)alWe define can be used to compare c|usteringsl or C|ustemi¢5a
Bookmaker Informedness (BI) and BookmakeiGold Standard (Pfitzner, Leibbrandt & Powers, 2008)
Markedness (BM) as follows, and we refer to th&ome of these are based on pair counting (how ro&ny
secondary sums we average over as the dichotomaHe possible pairs occur in the same cluster fah bo
Informedness BJ and Markedness M), and the clusterings), and the pair counting results themesetan

weighted terms as B)(and M¢): be put into a contingency table allowing use ofodlthe
measures we have been discussing.
Bl = ¥,epBias(l) S.cr Recall,(c) Preve(c) €)) However, a small set of clear cases can be used to
Previ(c) match up unsupervised clusters and Gold Standard
BM = ¥ .cg Prev(c) ¥cp Precision, (1) Biasi®)_ classes, for purposes of evaluation (generally ctasses
tBiasc®  (2)  or clusters are wanted for some purpose and carsée
+ Prev,(c) = Prevalence() — (c # 1) directly without use of seeding by a Gold Standémat,

()  sometimes specific classes are required and thé bes
possible matching is required for our applicatioa good
* Bias.(l) = Bias(c) — (Il #¢) (4) evaluative application will not have this semiswised
requirement).
The cost factors, the reciprocal probabilities espnted The question is how to match these up. The original
by the + terms in the denominators, will have ansigBookmaker paper (Powers, 2003) dealt with this fofm
depending on whether the prediction was accuratthsupervised learning, assuming a hard clustegmgry
(rewarded) or inaccurate (penalized). In the diotmmius case is a member of exactly one class with no fuzzy
case it will cancel with its numerator as the stpde lose  membership function) and determining that for each
is what the bookmaker wins and amount you win isitwh cluster it is allocated to the class which it hiad highest
the bookmaker loses — notice that this cancelasi@ys probability of labelling correctly — that is the ghiest
the expected win is +1 and the expected loss i¢stfin  number of instances, Precision or Confidence inrtive
of prevalence times a payoff is the weighted awv&¥ag For a number of classes C>K, we would expect to



sometimes get more than one cluster contributinga to  All of these paradigms take us away from the

class, and even with C=K this will be the casenié @lass contingency table with its assumptions of mutual

doesn'’t get assigned a cluster. exclusion between categories, its binary yes/nareat
However, it is appropriate, in supervised omnd its effective closed world assumption — anyghiot

semisupervised approaches, to use Informednessligire stated to be true is false and vice-versa. In riefgrto a

as the measure to optimize, rather than some ampitr conjunction of items rather than items, we moveato

heuristic. Equation 1 can be applied pointwise aghe contingency table on the powerset of the items liiciv

unsupervised rule or clustarwe are considering adding many items do not occur.

to the support for a particular class labeht this point Under the constraint that there is a weight of 1

we are assuming hard clustering and hard classifita associated with each label and class, a contingtidg

a given data point or situation is in exactly omester can be produced by accumulating weighted membership

and exactly one gold class, and we will assigrxécdy information (e.g. predicted Coke or Pep3i Coke 0.6,

one label. Omitting a class effectively includesvith a Pepsi 0.4). Also for any labelling, such a norazegion

chance level informedness of 0, so we multiply) B( constraint can be achieved for a set of latentselady

terms, the dependent internal sum of (1), by the bias, finding the eigenvectors wusing singular valued

Bias() = p(l), according to (1), where all probabilities aredecompositions or similar algorithms (Powers, 1997a

calculated relative to the total number of iteids, The problem of unselected or underselected items,
The internal sum involves weighted recall, wherdabels whose weights don’t sum to one, can be dabye

Recall(c) = p(|c), and will need to be accumulated acrossimply including an additional ‘no-prediction’ gnowsed

all clusters assigned labkl This allocation has usually as a class for items that don’t predict anythingipalar

been done by some heuristic that may introduceas, bi (predicts just about everything at near chanceldeard

e.g. Powers (2003) used the most popular labebhah e hence not significantly), and a label on dummy suier

cluster (or weighted them if equal), which corresmto items that are never predicted (predicted at cltzse

maximizing precision for each cluster. Equation (1fhance level and hence not significantly). Theserdy

seems to suggest we should maximize Recall, siniot  classes will reduce Recall and Precision, Infornesdn

so simple because of the weighting by the Biasydkrace and Markedness, to correct levels — without thesy th

and Cost terms. Moreover, even maximizing the pogg would be overinflated.

Bookmaker Bl) terms is not sufficient due to the Bids(  There are also some issues that can most easily be

weighting. Empirically, maximizing Precision workstter clarified using the notation of clausal logic — @esing

than Recall. However to maximize unbiased costfitesfe the traditional form of an association rule to the

the predictions it is recommended to optimize forlBis traditional form of clausal logic:

also convenient that the cost factor is independérthe Coke € Frozen Fish\ Frozen Chips

?gﬁglln%roélljwfc();)?l (1), although the biases do depend on Pepsi€ Frozgn Fish\ Froze_n Chips
If we seek to optimize the cluster labelling itéraly ~ do not mean quite the same thing as

or recursively, by exposing the probabilities umglag CokeV Pepsi€ Frozen Fish\ Frozen Chips

Bias() and B() it is clear that both factors, Ip@nd pllc),  which implies Coke and Pepsi are alternatives raten

will be incremented, by respectivelyw(and pl[c), SO peing independent. This is the difference between

we must not maximize pf-p(ulc), but rather the increéase o and Hom notations, with the Horn limitatioa t

in p(1)-p(lfc) that would be achieved by making thel  gyactly one prediction per item requiring explicit

assignment. Viz. MaximizaBI(I) = B'fl) - Bi(l+u). . statement of exclusions (e.gPepsi). The assignment of
This is reminiscent of Ward's method, whichyejghts can thus add even more precision, but has

empirically usually gives the best discrimination i ggsentially the character of alternation when theg
clustering, where we effectively consider the éffe€ .qngitional probabilities that sum to 1:

merging two clusters (in this caseand u) rather than . . .
using direct distance measures (Powers, 1997a). Coke(0.6)v Pepsi(0.4)€ Frozen Fisth\ Frozen Chips
In this case we seem to have confidence- or pretigie

P weights, indicating what proportion of the time we
2:3.2  Soft Associations predict Coke or Pepsi, once this rule fires, b tihue
Soft clustering allows items to be in more than ol@ss, precision for Coke and Pepsi based on this rulelies
and often associates a weight. Data-oriented rdetban multiplying by the precision of the rule, the probiy
associate items according to relative distance fttuster that the rule is correct, irrespective of weight. the
centroids. Fuzzy classes or sets can have weights weights sum to more than one, it indicates thatesom

membership functions that express degree of metipers households buy both Coke and Pepsi and they are not
in a class or applicability of a label. Bags allawiltiple  totally mutually exclusive.

instances of an item in the same class, which ¢sm a However, as we have been discussing, Precision is
therefore be represented as a set with associatets; misleading because it reflects overall Prevalencine-
also interpretable as a form of weighting. Asstioia fact that 80% of people buy Coke and only 20% bysPe
mining will in general allow items or itemsets teegict  would seem to mean that people who buy Fish angsChi
multiple distinct items, and conversely some itemi  are less likely to buy Coke! Nonetheless these are
never be predicted. Strengths associated withsrate appropriate as the respective weights for the maigpair
also a form of weighting. of rules (and thus precision and prevalence) irontipg



results in a contingency table, and we can theoutate speech recognition, optical character recognitisign
total or pointwise Informedness in the standard.way language recognition and machine translation.
Informedness tells you what proportion of sales you The approach taken here is pure text mining and
have predicted rather than guessed, while Markednagflects several of the issues discussed in sedtian
tells you what proportion of bought products arekees Each functional context (e.g. for the previous eroé

of other needs rather than chance associations. from Alice: the —y —s did & and - in the —s) provides a
solid grammatical basis for distinguishing confueab
3 Language Technology Applications words or multiple meanings that can be disambigliate

W turn t . ¢ text mini the basis of part of speech — it deliberately awoid
e now return to our primary focus on text mininia <o mantic information.

unsupervised learning of linguistic and ontologioales This reverse approach of clustering based on

and categories. _We will review t_he vyork in this are contextual information is also powerful and by waliog
bottom up, starting from_raw audio, video or chigac pairs or triples, implicit segmentation can be parfed
data, starting with textual input. while categorizing characters or words into classes
. (Powers, 1983, 1991). By replacing segments by non
3.1 Structural Learning terminal symbols, a finite or context-free gramroan be
Notice the emphasis on character data — that ifatime  induced, including left-, right- or centre-recumsivules

in which text comes, and conventions about words$ arby allowing the proposed non-terminal to be inchlidie
spaces are not universal and not reliable, so doen its own contexts (Powers, 1992), although generthiéy
English there is some effort required to establlat the non-recursive grammars were found to be more stable
words are. This is the word segmentation probleich a Given the assumption of word segmentation,
relates to other specialized problems such as namtity  functional words can be reasonably well distingaishy
recognition (International Business Machines), btherequency alone — the 150 most frequent words gfiEm
similar noun collocations that aren't entities ascks constitute about half of any text, and are mainly
(Object-Oriented ~ Programming),  separable  antuinctional words with a primarily grammatical fuiwot,
inseparable verbs involving particles (put up Xt ¥wp, or placeholder words (like thing, person or plategt
put up with), and composite content and functiondso have a similar function. Again we can generalizel an
(object-oriented, ‘in your face’, to day, vs to-dag collect sequences of words (out of) that are vesgdent,
today, into vs out of). Note the convention ofheit and define these as templates that connect to janesd
hyphenating or quoting when a phrase is pressam invord (‘the X’ or ‘out of the X’ are both templatebkat
service as an adjective. Note that spaces anedsgjtend characterize nouns, although the second has stronge
to moderate to hyphenation and eventually disappear implications that X refers to some place). It isaal

phrase becomes accepted as a word. possible to have contexts with two separated opess c
A similar problem occurs in Chinese where theand/or two separated closed class words (‘the X)of
characters are like English morphemes or syllaldes, In child speech and child-directed speech, many

content words normally consist of multiple chareste sentences have this character, whereas in adudiclspe
Spoken English doesn’t come nicely packaged intads/o sentences will tend to combine several phrasesoand/
either, and we are increasingly wanting to workhwit clauses each of which have this character. Thél chi
spoken language. As we aggregate units into biggies, already recognizes key aspects of their nativeuagg by
segmentation becomes the basis for a kind of straict the time they are born, and at a very early agdiging
learning that encompasses the phonological, morphexposed babies can be shown to be sensitive t@ thes
logical, grammatical and prosodic aspects of laggua “closed class” functional words that characterizgylish.
all without any semantic information. There are also intonational and voicing featurest th

Techniques based on conditional entropy (confidenceharacterize these closed class words as functional
or precision-like measures) are fairly good foressing nature — they tend to be less stressed, and folisEng
how likely the next character or syllable is to it of words that start with the voiced /dh/ sound of "#ue all
the word, and techniques based on mutual informatidunctional words and constitute around 20% of &dciip
(leverage-like) are good for determining boundarnés text.
words or other higher level units (Magerman, 199Ihe By using a corpus of conversations with children
combination of the two techniques can be even mof€HILDES) it is possible to pick up frequent tenipka
powerful (Huang & Powers, 2004). These techniques cthat are entire utterances and have forms like ethos
also be used to detect affixes and clitics — fumeti illustrated above. It is hypothesized that childiisten
words, prefixes and suffixes, which are importanonly to those template-bound portions of any sexgen
foundations for full syntactic analysis. With justis that are currently too complex for them. But aspkates
information, entire sentences can be parsed (Eletwisbecome units in their own right, more complex teatgs
1997) without knowing the actual content words:the involving them can be learned, including recursive
slithy toves did gyre and gimble in the wabes (lewiusages. Leibbrandt (2008) has successfully modétisd
Carroll, Alice in Wonderlanyd process.

These functional elements (morphs, which include )
also the null morph or null inflectio®) have also been 3.2 Semantics and Ontology
used to achieve effective spelling correction (Pswe Powers (1983, 1989 with Turk, 1992) argued that
1997b; Huang and Powers, 2001) and have similatructural learning can go only so far in learning
applications in disambiguation of confusable wofds language, and that it is necessary to learn abeuivorld,



Look! Do you see the mice?

Figure 1. Example teaching scenario in MicroJaei
robot world developed for teaching computer synta
and semantics, and also used by the Teaching He
Reproduced by permission of DMW Powers R Leibbrandt

introducing the word ‘Ontology’ into Artificia
Intelligence and Natural Language Processirom

Philosophy where it denotes the stiof what is and the

development of models or theories of the world.I€@bn
are like scientists, finding patterns and testihgoties,
and this applies both to the structural aspectarajuage
and to the way theytrmicture and make sense of tt
world. The thesis that it is not possible to lelmguage
fully without this kind of knowledge of the worldter

came to be called symbol groundi— as symbols are

meaningless until grounded in reality (Harnad, 1¢
Powers and Turk (198 also claim that this groundir
contributes further to overcoming the-called Poverty o

the Stimulus problem touted in the 1's by Chomskian

linguists, but that there is no theoretical nedgsstd
require such grounding to learn syntax, exposin
paradigm theycalled anticipated correction to expl:
how children could recognize that erroneous utieza
didn’t sound right. Syntax by its nature is just rules ti
are slavishly obeyed by speakers and hearers dupiag
and interpreting language —tife meaning of the words
known in context, and hence the grammatical roléhe
word is clear, then syntax determines the grammik
rules of ordering the words as well as the cohe
connections between words (such as agreement
anaphora). Amiguity in context is rare, and is usua
corrected or repaired before or shortly after catiph of
the utterance, or observed with a wry “pun notrided”,
or is a deliberate pun or a related form of hun
Another important aspect that relates to <ntics and
ontology is metaphor. This is not just a term fioed
phrases your English teacher explained to you,idat
the heart of how both language and learning w
Nothing is ever exactly the same, as time marchesa
does age, decay, dustce It's called entropy So we are
always classifying things as similar rather thassihnilar,
and the classes we come up with have to do with
prevalence of the different exemplars and the rfee
particular features to contrast functionally dient things

—two different fruit or two different people. Iflapples
or all oranges, or all Asians or all Caucasiansklthe
same, that's because of lack of experience of ng
them apart for some purpose.

Clustering is about grouping things tocer that are
similar, and the density of clusters tends to eelat the
density of items to be clustere the more items in a
region of attribute space, the more clusters asihaler
the thresholds on distance between member anw-
member. This is wh absolute thresholds a
inappropriate, and it also brings into question rest
neighbour type algorithms. However, Powers (1!
1992) is the only algorithm | know of based
cardinality rather than distance. On the otherdhaelt
organizing maps (e.gKohonen maps) do storganize
with a cluster area that is a direct function afislgy.

Powers (1983) introduced the idea that the s
grammars and learning algorithms we use to |
language, we can use to learn about the world ifypear
the deelopment of a robot world simulation (Hun
1984) using a grammar like notation that alloweathéng
meanings of nouns and verbs (Powers and Turk, 1&&
well as prepositions (Homes, 199The current version
(Leibbrandf 2008) is illustrated in Fig. 1In this view,
we have mechanisms that are designed to lecout the
world and when we use them to interpret uttere we
will do best with oneghat exhibit the same biases
have in the world, the pawhole kind of structure,
objects holding together rather than persistingpamts
that move around independentthe various conservatic
laws. Thus we would expect grammar to derive fr
ontological learning rather than independe

The field of Cognitive Linguistics is based on
centrality of the idea of metaphor, and distandsslfi
from the Chomskiarclaim that language is a separ

n modality, claiming that its integral with and inseparak

from the rest of our cognitive process In particular,
Deane (1992) extensively developed the idea op#n-
whole nature of grammar deriving from the -whole
nature of the world.

But how we learn about the world and langu
should also be useful for teaching about the wérid.
maths, science, numeracy) and language (inc. diy.

Recently however, the term Ontology is being use
describe taxomonies, thesauri, semantic networnd
text mark-up based on the3éhese are not truly ground:
and don't correspond to a true semantics, but
pseudosemantics or logical seman Nonetheless they

2

Noun Similarity r \ r

Resnik* 0.791 0.626

Jiang & Conrath 0.828 0.686

Lin* 0.834 0.696

Average Human 0.902 0.814

Yang & Powers' 0.921 0.848
2

Verb Similarity r \ r
Yang & Powers 0.833 0.694
Average Human 0.866 0.751

Table 2 Comparison of results of published noun ant
verb similarity algorithms using Wordnet or Roget.
*Difference versubuman baselir significant to p<.05.



Figure 2. Can Robot with Sonar, Infrared anc
Webcam tracking options, plus can moun
additional webcams and additional stage

surmounted by a laptop —this has been use!
for Wizard of Oz building guide research

can be useful, and we have explored algorithmic afs
such WordNetto determine word siilarity, as well as
unsupervised selfrganization of semantic networks &
thesauri, achieving results that are comparableh

average human subjects versus averages acrosxts

and published gold standards fact significantly
achieving significady better than human performan
for nouns(Yang and Powers, 2005) and breaking 1
ground for verbs (Yang and Powers, 20( — see Table
2. This has translated to esinely high accuracy i
selecting the correct gloss for French to EnglisiciMne
Translation, and is beingxplored as an automa
mechanism for disambiguationfor the speech
recognition, emotion recognition and topic selat
components of the Thinking Head.

Unsupervised semantic network and autorr
thesaurus construction (ATC) is difficult to evaiabut
for comparable size similarity classes relative riag
between each pair of Roget, WordNet and ATC are
significantly different. The ATC wadeveloped using
simple text mining techniques as described aboased
on up to three templates for each part of speeand
and Powers, 2006a, 2008).

I
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Figure 3. Mark 1
Robot Baby, 8 mikes and
8 touch sensors + 5
motors — crawl or look
towards touch or sound.

Figure 4. Mark 2 Robot
Baby, has 2 USB AV
webcams mounted with
additional eye
convergence motol

4 Heads Up!

4.1 The Talking Head

As well as working with simulated robots, it is o
trying to learninglanguage and ontology in the n
world, with real robots, sensors and actua

We have worked both with ba-like robots (Fig. 3-4,
Powers, 2001) and with garbican-like robots (Fig. 2) —
not to mention micromice, lego robots and a variet
other physical critters of the mechatronic persuasiBat
whilst this has produced nice demonstrations, 1
researchers revert sooner or later to simulatiotute
their systems and develop theirrning algorithms, and
we are na@xception. Our robotaby could crawl, turn its
head to the sound of a voice or a touch, and thest
about it. The micromice camoom around a maze, a
the can carguide a visitor round the building. But it
too much work and too much maintenance much too
irrelevant for everyday language learning resei

4.1.1 Sensors, Signals and Fusic

On the other hand the sensors can deployed
separately the sensors for detecting faceyes and lips,
and then gazé&racking and lirreading (Lewis and
Powers, 2002), the sensdor detecting objects, detecti
and calibrating motiorfMatsumoto, Powers and Asge
2008), the sensors for detecting people cominggairt,
their identity and their expressions and emoti
(Luerssen, Lewis, Leibbrandt and Powers, 2(- these
sen®rs are just simple cameras and microphones, m
cheap webcamsThe Informedness measures pro
particularly important in the fusion of differeriwgces of
information with different numbers of classes
different biases and prevalences, enablingclear
unbiased evaluation.

Fusion of information from multiple sources becor
a major goal when we add multiple sens— simply
throwing everything in together (early fusion) tentb
produce catastrophic results (sometimes worsedhhear
source aloe). Similarly analysing each separately and
combining can lead te@atastrophic fusion with a res
significantly worse than the best signal alone. kéee
therefore worked on developing techniques thatajuet
that the fusion will not be significely worse than the best
signal, and will usually be better (Lewis and Py
2005). This is achieved by identifying orthogofesdtures
and training them separately, and we also havesiigatec
techniques to automatically assess €

Researcherbave tended to becomeo specialized —
one only works on gaziacking, or dialogue,text
mining, or grammar induction, or speech recognition
speaker, or expression/emotion recognition. Batroon
techniques are used in many of these areas, antdis
noise for one researcher is the goal for anc We have
also used many of the techniques we developec
language and learning in biomedical image proces
and brain computer interface resei using electro-
encephalography  (EEG) including  unsupewised
techniques for signal separation, supervised tectes
for optimal fusion, and it was in this context thed first
go clear examples where conventional accy measures
were increasing but the true lity, as measured by
Bookmaker Informednessyas decreasir (Fitzgibbon,
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Figure 5. Up to 20% absolute gain in comprehension
achieved by the Teaching Head’s students comparing
the most appropriate and least appropriate gaze
tracking and expression mark up. What is
appropriate still needs further formal evaluation.

Powers, Pope and Clark, 2007), and much of thg

methodology developed in this context has beenpleah
back in the speech and language area.

The original motivation for our work with EEG was t
study the predictions about closed and open classgsy
that emerged from our unsupervised learning rekeasc

Luerssen, Lewis, Abrahamyan and Stevens, 2008; see
Figure 5Figure 6).

But instead of operating in, understanding and dpein
grounded in a real environment, like a museum, ame c
provide simulated grounding in a simulated envirenim
doing simulated museum tours, or anything elseikee |

4.3 The Teaching Head

What is becoming our major application for the Ty
Head at Flinders, is the Teaching Head. Our rekdaas
been focussed on teaching computers language €lspee
syntax, semantics, ontology, etc. Our robot woiddsl
virtual environments were developed for this pugpard
set up as teaching scenarios. The obvious applicét

to turn the scenarios around and make the comptiner,
Teaching Head, the teacher rather than the learner.

Our initial target for this is teaching English and
German as a second or foreign language, with &pkat
focus on the German noun phrases, and the asgbciate
prepositional/declensional system (Leibbrandt, ksen,
Matsumoto, Treharne, Lewis, Li Santi and Power80

A key aspect of the Teaching Head is its hybrid
environment (Figure 6) — user and environment are
monitored by three cameras and the same propsdi@ys
mulated in the virtual world so both teacher aheient
can illustrate sentences or obey commands. We &8
touch screen and are also exploring camera-bassekirtg,
so there is no need for the user to use a keybaadd
mouse — it thus doesn't feel like you are using@apguter
at all!

well as to understand some of the conscious and a yariety of additional teaching opportunities have

unconscious processing of speech - indeed Wenerged for the Teaching Head, including sevetatee
demonstrated a clear affect from inaudible sublahin to health, and several related to specialist eéhrzat

audio (Powers, Dixon, Clark and Weber, 1996). Weeha

also used EEG to determine where a subject iseir th4,3.1 VALIANT - Virtual Agent for Literacy
learning curve, investigating also how this relatesheir and Numeracy Tutoring
at_ter)tion and awareness e_lvailable for other pusese The Thinking and Teaching Head have been displayed
this is a theme that recurs in our human factop_m:m:h many exhibitions and art-galleries and open dayée
to user interface design. Currently we are lookahdnow original head captivates with conversations abaust j

to fuse b|olog|_cal signals and audio-visual signiais about anything, and particularly attracts the ait@nof
improved learning.

The Talking Head as a surrogate for a robot carube
on any old computer or laptop, can make use ofady
webcam or even the built-in laptop camera and nake,
provide many of the benefits of a robot — beinghwitt
cameras and microphones embedded in the worl
embodied notwithstanding its lack of a body, graaohd
although not crawling around on the ground.

Arens Camerss

/

Virtual Arena

Participan
Camera

}

Teaching Head (ﬁ?

4.2 The Thinking Head

Connected to a simple dialogue engine or “bot”, [
Talking Head becomes a Thinking Head that can enga
in conversations or act as a kiosk in a museuntribésg
and answering questions about its accompanyingbixhi
With cameras and microphones, it immediately besomi
more human-like if it can do speech recognition tfie
noisy environment — using lip reading) and facFigure 6. The Teaching Head set up classically has t
recognition (recognizing people returning, or eyast  screens angled at around 120’ and three orthogonal
change of speaker and colour of shirt). By addir webcams. The enclosed physical arena is reproduced
emotional expression to face or voice, and inclgdir in the virtual arena in a monitor or window — we ca
appropriate eye tracking, it can become not onlyemc use a 3D scanner to scan in virtual objects or ou8D
human-like but achieve higher performance in gettir printer to print out virtual objects.
information across (Powers, Leibbrandt, Pfitzne Reproduced by permission of DMW Powers and T Lewis

Physical Arena




primary school kids, who queue up and chat for four  engineering and biological sides of audio and video
By including some very simple teaching scenarios speech and vision processing — there’'s somethimg fo
where the computer knows the correct answer and wreveryone...
to look for or listen for, it is very easy to addpts to We are now running regular workshops for schools
teaching literacy (helping with correct reading(typically one or two a week, with versions fromay® to
pronunciation and spelling) and the Head gives ms gear 11) focussing on one or more aspects of thieqr—
advantage over other educational software, in pingia and indeed have developed a full 10 week coursgear
teacher-like or peer-like focus that children like 10 students based around these topics, allowirdgsts
interact with, in being able to monitor what theldhs the flexibility to spend more time on the aspediatt
doing without relying on keyboard skills, in beiagle to interest them. Children are finding their conceptiof

sensitively use expression and emphasis to poitt ostience and the idea of interdisciplinary collatiora
gently what is wrong and how to fix it. Numerasyeven extremely broadening.

easier! A number of demonstration videos are abla  Qur focus in this aspect of the project is to adslte
from the authors for both literacy and numeracyecline in numbers of students taking mathematia a
applications. science subjects, or seeing them as relevant to the

At the moment, the main interest is in relation tdqutures. We believe we are getting the point adross
helping indigenous children and remote communities,

including extending the system to training re bawielth 5  Human Factors and Flingle Search
and hygiene issues, as well as training health evsrk We have already discussed experiments and resalts f
4.3.2 MANA — Memory, Appointment experiments where we have compared human
and Navigation Assistant performance with computer performance (Table 2) or

compared human performance with specific variations
experimental conditions relating to a specific atpe# a
user interface (Figure 5).

One of the main applications that has emergedkay a

We now move to the other end of the age scalecaple
retre and want to retain their ability to live
independently. The Thinking Head is being deveioase

a memory aid and calendar service, given an abitity I(?ne both in terms of commercial interest and evaloa

help in emergencies, and a mobile phone versioh Wil nauace technolo as well as for human fsctor
help people find their way around town on public guag 9y, W u

transport. Some of these goals are reflected & ﬂr]ese_arch, IS SeaTCh- We have .t.OUChEd on other
Memories for Life (M4L) Grand Challenge of the Bsft applications including speech recognition and sgsith

Computer Societyhttp://www.memoriesforlife.ory but €metion recognition and expression evaluation, lisyel
we also have goals relating to teaching them taimet correction and machine translation. We have todiche

their memory skills, who their grandchildren are biom_etric approaches to study aspects of Iangume a
enhancing their cognitive skills and maintainingeith '€aMing. But so far we have not discussed seanchit
interest in sports and current affairs. seems appropriate as a case study illustratingeffitie

To what extent it will become the “companion” theMultimodal aspects of our research.

news reports picked up on remains to be seen! Our approach to Human Factors is the same as our
approach to Language Learning — we don’t want bp re
4.4 The Social Head on introspection or theories, and we specificalbcrg

veomputing researchers and software manufacturexs th

Many of the companion and teaching functions have- _ ¢ ; N
inflict their own ideas on ideas on others whitgtaring

particular applicability to those with disabilitiemany of . . .
which have an impact on people’s ability to funotio decades, sometimes centuries, of psychologicabrelse .
socially, to learn effectively in standard classasd to W€ don't want to assume we know the answer in
feel a useful part of society. Analogous applicagiare diScovering grammar rules or syntactic categooeshe

being defined here — mainly encouraging conversati?€St measures or attributes to use in an algorihm
and good social practice. interface, so we can’t use this kind of informatifor

But it should also be noted that what is best is thtraining or evaluation, although we inform ourselvef
respect may differ from child to child, and thesdelevant vv_ork from both computer and cognitive scee
differences may in themselves have diagnostic vak In relation to search our human factors/user intef
example, deaf children need to focus on your faoeem research focuses in two areas, the visual inteidiadethe
than the conventional norms allow, but ADHD childre text interface.
should not be allowed to be distracted by your lip
movements as this has a negative effect on thainileg. °-1 The Textual Search Interface

. Here we are seeking to answer questions about #ye w
4.5 The Instructive Head people use particular words, how many words thes; us
The Teaching Head is quite unique in that the listii  how these words relate to the statistics of theudwnts
and conversational aspects appeal to studentestéerin  they see as relevant, and to the commonly usedn@gnk
language rich subjects and the social and peolecés methods, and then of course, whether these chérdicte
of life. The robot world simulation provides oppaiity  differ for search versus description, or based on
for those interested in mathematics and physics, experience. The short answer to these last twetigus
computer games, or multimedia and creative arts, te yes, but to the others the answer is that tiereot a
explore their interests by designing worlds theteot good match between human choices and rankings, and
what they want to learn or do. Then there’s théhose provided by standard algorithms (Pfitzne@&0



This research, along with the previously discusse8icience and Research Organization (DSTO). Somarof o
Teaching Head evaluation and the visually orienteck EEG Learning research was undertaken under contract
that follows, is being undertaken in computer-daldd with DSTO, whilst other BCI/EEG research is being
experiments that present search, comprehensiakjntp commercialized by Biox Pty Ltd. Our speech control
or other tasks, and automatically collate the tes@ur technology was developed in association with 12Rit
lean simple system is available in a heavily tckifid lab, Ltd and the Clipsal Homespeak version of this sysie
and many experiments are also able to be deliveved being distributed internationally by Clipsal.

the web and thus receive additional exposure (Treha \ye also acknowledge and appreciate the assistdrnbe o
Pftizner, Leibbrandt and Powers, 2008). Goethe Institute and numerous schools, teachers and

5.2 The Visual Search Interface students.

In the visual interface we are seeking to improvg References
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