
Towards a M o d e l of Grounded Concept Format ion* 

Stefan W r o b e l 
GMD (German Natl . Research Center for Computer Science) 

F3.XPS, Pf. 1240, W-5205 St. Augustin 1, Fed. Rep. Germany 
wrobel@gmdzi.gmd.de 

A b s t r a c t 
I n mos t research on concept f o r m a t i o n w i t h i n 
mach ine l ea rn ing and cogn i t i ve psychology, the 
features f r o m w h i c h concepts are b u i l t are as­
sumed to be p r o v i d e d as e lemen ta ry vocabu ­
lary . In th i s paper , we argue t h a t th is is an 
unnecessar i ly l i m i t e d p a r a d i g m w i t h i n w h i c h t o 
exam ine concept f o r m a t i o n . Based on evidence 
f r o m psycho logy and mach ine l ea rn ing , we con­
tend t h a t a p r i nc i p l ed account o f the o r i g i n 
of features can o n l y be g iven w i t h a grounded 
m o d e l o f concept f o r m a t i o n , i.e., w i t h a m o d e l 
t h a t incorpora tes d i rec t access to the w o r l d v i a 
sensors and m a n i p u l a t o r s . We discuss the do­
m a i n of process c o n t r o l as a su i tab le f r a m e w o r k 
for research i n t o such mode ls , and present a 
f i rs t approach to the p r o b l e m o f deve lop ing e l ­
emen ta r y vocabu la r ies f r o m percep tua l sensor 
da ta . 

1 I n t r o d u c t i o n 
T h e goal o f h u m a n concept f o r m a t i o n is to a r r i ve a t a 
conceptua l sys tem t h a t p a r t i t i o n s the encountered ob­
jects and events in a w a y t h a t enables us to ef fect ively 
deal w i t h our e n v i r o n m e n t . As such, t he task o f concept 
f o r m a t i o n can be sp l i t up i n t o t w o subtasks, concept 
aggregation and concept characterization. Concep t ag­
gregat ion is the decision a b o u t w h i c h en t i t i es are to be 
g rouped together i n t o a concept , concept character iza­
t i o n means f i nd ing an in tens iona l desc r ip t i on o f the p ro ­
posed concept based on i t s ex tens ion . T h e l a t t e r task is 
o f ten ca l led concept learning ( f r o m examp les ) . 

Consequent ly , w h a t separates concept f o r m a t i o n f r o m 
concept l ea rn ing is t he d i f f i cu l t ques t ion o f dec id ing 
wh ich ob jec ts to aggregate, i.e., h o w to carve up the 
w o r l d i n t o d i f fe rent concepts. M o s t ope ra t i ona l mode ls 
of concept f o r m a t i o n , m o s t n o t a b l y conceptual clustering 
systems [ K o l o d n e r , 1983; L e b o w i t z , 1987; F isher , 1987; 
Genna r i et a/., 1989] base the i r answer to th is quest ion 
on an a s s u m p t i o n t h a t was n ice ly f o r m u l a t e d by Rosch 
and her col leagues [1976; 1978]: T h e "cor re la ted fea tu re " 

*This work was part ia l ly supported by the European Com­
muni ty under E S P R I T contract No. P2154 "Machine Learn­
ing Too lbox" . 

v iew assumes t h a t features in the w o r l d occur as clus­
ters, and t h a t the best concepts are those t h a t m a x i m i z e 
in t ra -concep t cor re la t ions , and m i n i m i z e in ter -concept 
cor re la t ions , i.e. ref lect the p resumed c luster s t ruc tu re 
o f the w o r l d . T h e r e is a s ign i f i can t a m o u n t o f emp i r i ca l 
evidence t h a t people detect and use feature cor re la t ions 
[Med in et a/., 1982; Younge r and C o h e n , 1984], and the 
ex i s t i ng c lus te r ing systems based on the cor re la ted fea­
tu re p r i nc i p l e and extens ions thereof 1 have been very 
successful , b o t h i n m o d e l i n g psycho log ica l d a t a [Fisher, 
1987], and in so l v ing a p p l i c a t i o n p rob lems . 

None o f the ex i s t i ng concept f o r m a t i o n mode ls , how­
ever, exam ine the f u n d a m e n t a l ques t ion o f where the 
b u i l d i n g b locks o f cor re la t ions , n a m e l y features, come 
f r o m . I n v a r i a b l y , features are assumed to be p r o v i d e d as 
e lemen ta ry vocabu la r y . 

In th is paper , we argue t h a t t h i s is an unnecessar i ly 
l i m i t e d p a r a d i g m w i t h i n w h i c h t o exam ine concept for­
m a t i o n , a n d present possible approaches to the p r o b l e m . 
We con tend t h a t a p r i n c i p l e d accoun t o f the o r i g i n o f fea­
tures can on l y be g iven w i t h a grounded m o d e l of concept 
f o r m a t i o n , i.e., w i t h a m o d e l t h a t i nco rpo ra tes d i rec t ac­
cess to the w o r l d v i a sensors and m a n i p u l a t o r s . Even 
t h o u g h we present f i rst steps t owa rds such a g rounded 
m o d e l , the p r i m a r y goa l o f the paper i s to p u l l together 
d i f ferent l ines o f a r g u m e n t a t i o n w i t h i n psycho logy and 
mach ine l ea rn i ng in o rder to estab l ish a so l id f o u n d a t i o n 
for research i n t o g rounded mode ls . 

T h e paper is o rgan ized as fo l l ows . In sect ion 2, we 
pose the p r o b l e m o f features in m o r e d e t a i l , and discuss 
proposed so lu t i ons f r o m the f ie lds o f mach ine lea rn ing 
and neura l ne two rks . In sect ion 3 , we consider t he pos­
s i b i l i t y t h a t features are s i m p l y " h a r d - w i r e d " i n t o the 
h u m a n pe rcep tua l sys tem as i nna te capab i l i t i es . Based 
on those discussions, we then propose a f r a m e w o r k in 
w h i c h the fea ture f o r m a t i o n p r o b l e m can be examined 
(sect ion 4 ) , and present f i rs t steps t o w a r d s a m o d e l o f 
g rounded concept f o r m a t i o n (sect ion 5 ) . Re la ted work 
is discussed in sect ion 6. Sect ion 7 con ta ins ou r conc lu ­
sions. 

'See [Wrobel, 1991] for a more detailed discussion of var­
ious concept format ion approaches. 
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2 T h e p r o b l e m of features 

In the introduct ion, we have already identified the cen­
tral assumption that underlies most concept formation 
research: the assumption that features are elementary 
units of description that are given and can be used as 
bui lding blocks of concepts. This assumption can be 
seen as an instance of a basic axiom of the information 
processing paradigm of cognitive science and artificial in­
telligence, in that it assumes that there is information in 
the world that an intell igent agent can absorb. Wi thout 
repeating the philosophical discussion about this point 
(cf. [Wittgenstein, 1953]), suffice it to say that this ax­
iom is very hotly debated, and that it is being contrasted 
by the constructivist view that there is no information 
in the world (not even data), and that all structure or 
information is created inside the intelligent observer. In 
other words: Nothing in the world is independent of hu­
man observation. 

Even though we do not share the extreme construc­
t ivist posit ion, we believe that any concept formation 
process relies on the filtered perception/interpretation of 
the world that the observer imposes. Returning to fea­
tures, this means that any concept formation model rely­
ing on features must include an account of their creation. 
Otherwise, we would have only replaced the concept for­
mation problem by the equally hard feature formation 
problem. 

2.1 T h e n e w - t e r m p r o b l e m i n m a c h i n e l e a r n i n g 

Wi th in machine learning, the problem wi th features has 
been recognized as the new-term problem (or the problem 
of constructive induction) in recent years: considerable 
effort is required to make sure that the input represen­
tat ion of a learning problem is stated wi th the "r ight" 
features that enable the learning program to find the de­
sired target concept. J.R. Quinlan [1983], for example, 
has reported spending several weeks on designing a rep­
resentation for learning a chess endgame concept ("lost 
n-ply"). 

Various solutions to the new-term problem have been 
proposed, many based on the heuristic that a new fea­
ture is to be introduced whenever the existing fea-
tures no longer allow the formulat ion of a concept de­
scription that separates the positive f rom the nega­
tive examples. Utgoff's STABB [1986] and Schlimmer s 
STAGGER [1987] use this strategy for a learning-frorn-
examples task; the BL IP system [Wrobel, 1988] has used 
it w i th in observational learning. Whi le other strate­
gies for performing new-term construction have been 
used (eg. [Muggleton and Buntine, 1988; W i r t h , 1989, 
Rouveirol and Puget, 1990]), all approaches construct 
their new terms by defining them in terms of already 
existing terms. Thus, they all share the same funda­
mental l imi tat ion — their new features can never leave 
the "closure of existing symbols", i.e., can never distin­
guish situations or objects that were indistinguishable 
wi th the original feature set2. In a sense, they are mere 
abbreviations that allow more concise concept descrip­
tions. 

2This is true even for recursive definitions. 

2.2 S y m b o l g r o u n d i n g a n d C o n n e c t i o n i s m 
Any true solution to the new feature problem requires 
access to the "real wor ld" that the symbolic system is 
t ry ing to model. It is insufficient to define the meaning 
of symbols by a semantics that is externally ascribed 
to them (eg. by the system constructor); instead, their 
meaning must be intrinsically grounded in the world — 
this is the problem of grounding meaning [Cottrell et a/., 
1990], or more specifically, of grounding symbols [Hamad, 
to appear]. 

It is important to emphasize that the problem 
of grounding symbols is different from the sym-
bolic/subsymbolic/nonsymbolic debate that is currently 
fought out wi th in AI and related disciplines. On first 
sight, nonsymbolic approaches seem the right answer 
if symbols are the problem. In distributed connection-
ist approaches (neural networks, cf. [Rumelhart et a/., 
1986]), for example, there are no symbols, i.e., no single 
physical tokens w i th an assignable meaning. Instead, in­
formation is represented in a network of interconnected 
nodes by the weights attached to the connections, and 
by the activation patterns of the nodes. Those activa­
tions are the result of propagating the activation of a set 
of input nodes along the weighted connections, modify­
ing them accordingly. Meaning cannot be attr ibuted to 
any single node or weight, only to distributed patterns 
of weights or activation. Thus there are no symbols — 
and no symbol grounding problem? 

Closer inspection reveals that the crucial point is not 
the absence of symbols, but the role of the input nodes. 
In many applications of neural networks, the input nodes 
can be seen as simply encoding a set of (preselected) in­
put features. In those cases, there st i l l is a "grounding" 
problem without symbols: the function computed by the 
network is st i l l expressed only in terms of those input fea­
tures. As an example, we can look at recent research by 
Lee, Flowers, and Dyer [1990] on bui lding symbols in a 
connectionist system. They feed encodings of proposi­
tions into a connectionist network, and manage to form 
hidden layer patterns that can be interpreted as symbolic 
representations of objects. The symbols seen as bit pat­
terns have the desirable property of encoding their own 
meaning in terms of their relation to other objects, but 
they are st i l l not grounded in the world — they can be no 
finer grained than the input propositions they were buil t 
f rom. Thus, the important point is not the presence or 
absence of symbols, but whether the learning system is 
actually grounded in its environment. 

3 Features as inna te s t ruc tu res 
Even if the world does not come prepackaged into fea­
tures, an important issue to consider is whether el­
ementary features are perhaps innate structures that 
have developed evolutionarily. To answer this question, 
a large body of research exists w i th in developmental 
psychology3. Even though there is no unanimously ac-

3We have used, among others, the reviews by Gibson and 
Spelke [1983] about perception, Mandler [1983] about rep-
resentation, Sigel [1983] about concepts, and by Oerter and 
Montada [1982]. 
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cepted pos i t i on on some o f the issues, and some o f the 
d a t a are c o n t r a d i c t o r y , i t i s safe to say t h a t in the do­
m a i n o f pe rcep t i on , h u m a n s are i nna te l y endowed w i t h 
an i m p o r t a n t a r ray o f capab i l i t i es . M o s t no tab le , fo r 
our purposes here, is the a b i l i t y to perceive the w o r l d in 
t e rms o f ob jec ts and events f r o m very ear ly o n : "Some 
mechan isms for de tec t ing i nva r ian ts are present a t b i r t h 
[.. . ] . " [G ibson and Spelke, 1983, p . 3] . 

Under su i tab le cond i t i ons , even a n e w b o r n i n f a n t w i l l 
reach for a v is ib le ob jec t . At 2 to 4 weeks, i n fan ts showed 
avo idant behav io r ( r e t r a c t i n g the i r heads and i n te rpos -
ing the i r hands) when con f ron ted w i t h an app roach ing 
( " l o o m i n g " ) ob jec t . A t one m o n t h o f age, i n fan ts re l i ­
ab ly t u r n the i r heads t o w a r d s a ta rge t i f t h a t ta rge t is 
i n t r oduced no t t o o far away f r o m the i r l ine o f s igh t . T h i s 
behav io r can be shown b o t h for v isua l and a u d i t o r y ta r ­
gets. At the age of 3 m o n t h s , i n f a n t s genera l ly swipe at 
ob jec ts , and at 4 1/2 m o n t h s , they beg in to sys temat ­
i ca l l y reach for t h e m . A t 3 1/2 m o n t h s , i n fan ts a t t end 
to the r i g i d i t y , and a t 6 m o n t h s , to the we igh t o f ob jec ts 
as i nd i ca ted by the i r a n t i c i p a t o r y muscle tens ion . These 
f ind ings demons t ra te t h a t even newborns are capable o f 
perce iv ing ob jec ts and events in the i r e n v i r o n m e n t and 
reac t ing to t h e m , and t h a t a t t r i b u t e s such as we igh t and 
r i g i d i t y are be ing used re la t i ve l y ear ly . 

T h u s , f r o m the ou tse t , there seems to be a preco­
o r d i n a t e d sys tem o f pe rcep t i on and ac t ion i n h u m a n s . 
T h i s is also ref lected in va r ious proposa ls o f representa-
t i o n a l systems developed eg. by P iaget [1977], Werne r 
[Werner , 1948; S ige l , 1983], and B rune r [B runer , 1973; 
Oer ter and M o n t a d a , 1982]: they a l l i nc lude a senso­
rimotor level as t he basis of the representa t ion sys tem 
(B rune r uses the t e r m enactive rep resen ta t ion ) . A b o v e 
the sensor imoto r leve l , we f i nd a perceptua l leve l , where 
exper ience is represented by a select ive o r g a n i z a t i o n of 
percepts and images (B rune r ' s iconic leve l ) , and a s y m ­
bo l ic leve l . 

Nonetheless, i t is also clear t h a t t he percep tua l level 
is n o t cast in s tone. For ce r ta in pe rcep tua l cate­
gories, w i t h i n - c a t e g o r y differences look m u c h sma l le r 
t h a n between-category differences even when they are 
of the same size phys ica l l y . Instances of th i s perceptual 
categorization effect have been observed e m p i r i c a l l y in 
color and phoneme percep t ion [ H a r n a d , 1987]. Those 
effects are dependent on the categor ies avai lab le in the 
na t i ve language of a person, a n d can therefore no t be 
present a t b i r t h . F u r t h e r m o r e , they can be m o d i f i e d by 
acqu i r i ng new categor ies. 

I n s u m m a r y , i t seems to reasonable to assume t h a t 
i n h u m a n s a t least , t he i n p u t t o concept f o r m a t i o n p r o -
cesses is a t the level o f sensing and a c t i n g , b u t no t in 
the f o r m o f u n i n t e r p r e t e d phys ica l s t i m u l i , b u t i n a f o r m 
t h a t i nna te l y separates o u t ob jec ts and events . La te r de­
ve lopmen t t h e n improves the prec is ion o f t h i s process to 
the e x t e n t t h a t the pe rcep tua l sys tem can benef i t f r o m 
a d d i t i o n a l acqu i red categor ies a n d features. 

4 A Research F r a m e w o r k 

A g r o u n d e d m o d e l o f concept f o r m a t i o n shou ld there­
fore i n c o r p o r a t e some degree o f b u i l t - i n s t r uc tu re on the 
percep tua l leve l , b u t also mechan isms to change a n d / o r 

a u g m e n t the e lemen ta ry features t h a t were i n i t i a l l y p ro­
v i ded . G i v e n the emphas is t h a t psycho log ica l theories 
place on ac t ions , events [Ne lson, 1983], and goa l -or ien ted 
behav io r [Ba rsa lou , 1983] (see [ W r o b e l , 1991] fo r a m o r e 
de ta i led d iscuss ion) , such a m o d e l shou ld be developed in 
a f r a m e w o r k t h a t a l lows these aspects to be i nco rpo ra ted 
as we l l . Ins tead o f l o o k i n g a t t he concept f o r m a t i o n task 
on iso la ted ob jec ts , i t m u s t be e x a m i n e d in the con tex t 
o f an agent t h a t is acting in i t s e n v i r o m e n t accord ing to 
a ce r ta in set of goals. 

T h e obv ious choice fo r such a f r a m e w o r k w o u l d be 
to use a r o b o t in a real e n v i r o n m e n t , equ ipped w i t h v i ­
s ion , m u l t i - j o i n t m a n i p u l a t o r s , and t he a b i l i t y t o move 
a r o u n d . Even t h o u g h th i s se t t i ng i s very a t t r a c t i v e for 
mach ine l ea rn ing f r o m a theore t i ca l as we l l as app l i ca t i on 
p o i n t o f v iew (see eg. M i t c h e l l e t . a l . 's [1989] p roposa l ) , 
we bel ieve i t is unnecessar i ly comp lex for s t u d y i n g the 
issues we are in terested i n . R o b o t v is ion and m o t i o n con­
t r o l are d i f f i cu l t p r o b l e m s the s o l u t i o n o f w h i c h i s unre­
la ted to the concept and fea tu re f o r m a t i o n issues t h a t we 
w a n t t o exam ine : T h e discussion o f i nna te capab i l i t ies 
in sect ion 3 showed t h a t at t h e sensor imo to r leve l , a lo t 
o f p recoo rd ina ted schema ta ex is t t h a t p r o b a b l y cannot 
be acqu i red by the k i n d o f general (on togene t i c ) mecha­
n isms we are in terested in here. 

I f one removes the v i s ion and m o t i o n aspects o f a 
r o b o t , one is lef t w i t h a s e t t i n g where an agent inspects 
i ts e n v i r o n m e n t w i t h a n u m b e r of s imp le sensors, has a 
n u m b e r o f s imp le effectors, some p r o b l e m so l v i ng goals, 
and means of assessing i ts o w n success or fa i l u re . A con­
crete i n s t a n t i a t i o n of t h i s s i t u a t i o n can be f ound in pro­
cess control, a d o m a i n where AI techniques are beg inn ing 
to be app l ied [ R o w a n , 1989]. T h e r e , a con t ro l system 
takes mu l t ip le -p rocess sensor i n p u t s , analyzes the d a t a , 
makes decisions a b o u t t he o p e r a t i n g cond i t i ons o f the 
process, and ad jus ts ce r ta in con t ro l pa ramete rs . T h u s , 
in t h i s concrete s e t t i n g , the a g e n t s sensors are the p ro ­
cess measuremen t devices, i t s effectors are the pa rame­
ters t h a t can be set (eg. va lves) , and i t s p r o b l e m so lv ing 
goal is to keep the process o p e r a t i n g o p t i m a l l y , w h i c h 
can be measured by ce r ta in key pa ramete rs . 

W i t h i n th i s genera l scenar io, we w i l l use the f o l l ow ing 
assumpt ions : 

• A l l sensor values are real n u m b e r s , and there are 
m i n i m u m and m a x i m u m values. 

• A l l effectors are b i n a r y pa rame te rs , i.e., an ac t ion 
consists o f an ass ignment o f values to a l l effectors. 
T h i s i s also suf f ic ient to m o d e l c o m m a n d select ion 
by us ing the conven t i on t h a t an effector c o m m a n d 
is executed whenever i t s assigned va lue is non-zero. 

• T h e r e is an f i xed i n t e r n a l feedback f u n c t i o n ( " re ­
w a r d cen te r " , cf. [ W h i t e h e a d and B a l l a r d , 1990]) 
t h a t compu tes a goa l sa t i s fac t ion i n d i c a t o r based 
on the cu r ren t sensor values. 

Is t h i s t o o s i m p l e a scenar io? We bel ieve n o t : 

• there is an e n v i r o n m e n t t h a t p rov ides a con t i nuous 
f l ow o f i n p u t i n w h i c h "even ts " can h a p p e n , 

• the agent has goals and means of ach iev ing those 
goals, 
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Figure 1: Sketch of a grounded concept formation model 

• rea l -va lued sensors are suf f ic ient to m o d e l ca tegor i ­
cal pe rcep t i on effects, eg. fo r color . 

Nonetheless, the mode ls deve loped in th i s se t t i ng and 
the p red ic t i ons they m a k e w i l l have to be care fu l ly eva lu­
ated w i t h respect t o the i r gene ra l i t y ; the fact t h a t h u m a n 
concept f o r m a t i o n takes place in a th ree -d imens iona l en­
v i r o n m e n t m a y requ i re q u a l i t a t i v e l y d i f ferent me thods . 

5 Towards a m o d e l of g rounded 
concept f o r m a t i o n 

In th i s sec t ion , we present a p r e l i m i n a r y mode l of a 
c o n c e p t - f o r m i n g agent t h a t cou ld be o p e r a t i n g in the 
above "p rocess -con t ro l " f r a m e w o r k . 

T h e m o d e l takes a de l ibera te t o p - d o w n approach to 
the p r o b l e m o f g r o u n d i n g symbo l s , i.e., i t t r ies to aug­
m e n t the ex i s t i ng successful approaches to concept for­
m a t i o n w i t h a g r o u n d i n g in the w o r l d , ins tead o f re­
p lac ing t h e m by a t o t a l l y new m e c h a n i s m . T h i s con­
t ras ts w i t h b o t t o m - u p approaches t h a t p romise one 
general e x p l a n a t o r y m e c h a n i s m (cf. [Schnepf, 1990; 
Kug le r et a l . , 1990]) , b u t canno t offer the capab i l i t ies 
o f ex i s t i ng s y m b o l i c mode ls ( y e t ) . 

As the hear t of t h e agent , we use a h ie ra rchy of proba­
bilistic concepts [ S m i t h and M e d i n , 1981] t h a t has been 
used i n s i m i l a r f o r m i n the c lus te r ing systems C O B W E B 
[Fisher, 1987] o r U N I M E M [ L e b o w i t z , 1987]. T h e con­
cept h ie ra rchy i s used n o t to c luster ob jec ts , b u t s i t u ­
a t ions o f t he w o r l d i n o rder t o p red ic t an app rop r i a t e 
reac t ion in t e rms o f effector values. Each s i t u a t i o n is 
descr ibed by a n o m i n a l ( s y m b o l i c ) va lue for each of the 
sensors t h a t i s c o m p u t e d f r o m t h e rea l -va lued " r a w " sen­
sor d a t a by a preprocess ing e lemen t 4 . 

T h e preprocess ing e lements segment the rea l -
numbered va lue range o f t he i r sensors i n t o a n u m b e r o f 
d i s jo in t i n te rva ls t h a t are each represented by a s y m b o l i c 
va lue; those values cons t i t u t e the sys tem's set o f features 

4 The agent's sensors sample their associated signal ac­
cording to a certain sampling interval . For simpl ic i ty, one 
may assume the sampling interval as f ixed and appropriate 
to the rate of change in the environment, or one could use an 
adaptive mechanism that increases (decreases) the sampling 
rate whenever a certain number of subsequent samples have 
been different (the same). 

— i ts e lementa ry s y m b o l i c vocabu la ry . T h e i n i t i a l vo ­
cabu la ry cou ld e i ther be a m a x i m a l l y coarse, i.e., b i na r y 
segmen ta t i on , or a specif ic p re -de te rm ined segmen ta t i on 
t h a t the agent cou ld have i nhe r i t ed t h r o u g h e v o l u t i o n -
l ike processes. T h i s opens up the in te res t ing poss ib i l i t y 
o f us ing genet ic a l g o r i t h m s [DeJong , 1988] to s t u d y the 
deve lopment o f e lemen ta ry fea ture sets. 

W i t h o u t spec i fy ing the deta i ls o f c lass i f icat ion and ac­
t i o n select ion (cf. [Car lson et a/., 1990] or [Ha ider , 1991] 
for possible approaches) , we now w a n t to br ie f ly sketch 
the basic idea of a d e m a n d - d r i v e n fea ture re f inement 
s t ra tegy. Wheneve r the sys tem has classif ied a s i tua ­
t i o n i n t o i ts conceptua l h ie ra rchy , i t executes the ac t ion 
t h a t is associated w i t h the chosen concept , and expects 
a pos i t i ve feedback in the nex t s a m p l i n g i n t e r v a l . I f a 
negat ive feedback is observed ins tead , the sys tem m u s t 
m o d i f y i ts concept h ie ra rchy by s p l i t t i n g the chosen con­
cept in such a way t h a t the erroneous ac t ion is no longer 
p red ic ted . T h i s corresponds to s p l i t t i n g an over l y gen­
eral ru le i n t o several more specif ic ru les. 

S p l i t t i n g a concept node, however , is possible on ly i f 
the ex i s t i ng concept is no t m a x i m a l l y special ye t , i.e., 
i f the chosen concept is n o t a comp le te l y specif ied leaf 
o f the h ierarchy. O the rw ise , a re f inement of the exist ­
ing features is necessary: the segmen ta t i on rules in the 
preprocessors are changed so t h a t the segments corre­
spond ing to the a t t r i b u t e values o f the cu r ren t s i t ua t i on 
are sp l i t in hal f . 

T h e reverse process, i.e., a coarsening of the avai lab le 
vocabu la ry , can be p e r f o r m e d by ana l yz ing the use of 
a t t r i b u t e values in the concept h ie ra rchy , and c o m b i n i n g 
the segments o f those n e i g h b o r i n g values t h a t represent 
n o n i n f o r m a t i v e d i s t i n c t i o n s 5 . 

Based on the above or s im i l a r processes o f vocabu la ry 
re f inement and coarsen ing, the sys tem develops a s y m ­
bo l ic v o c a b u l a r y t h a t i s exac t l y m a t c h e d to i ts task. 

6 Re la ted W o r k 

T h e approach to g rounded concept f o r m a t i o n presented 
here con t ras t w i t h o the r proposa ls eg. by H a r n a d [1987] 
and C o t t r e l l et ai [1990] t h a t use connec t ion is t ne tworks 
to learn associat ions be tween p i c t o r i a l s t i m u l i and s y m ­
bols. O u r m o d e l canno t a t present hand le one- o r two -
d imens iona l sensor i n p u t , and canno t m o d e l the cate­
gor ica l pe rcep t ion effects t h a t H a m a d ' s m o d e l exh ib i t s . 
On the o ther h a n d , b o t h connec t ion is t mode ls requi re 
hundreds of passes t h r o u g h a t r a i n i n g set to learn the 
requ i red associat ions, and t h u s need i n p u t t h a t cannot 
poss ib ly come f r o m an ac tua l e n v i r o n m e n t . Fur ther ­
m o r e , ne i ther one o f the o the r t w o mode ls address the 
quest ion o f where the categor ies o r s y m b o l s t h a t the net­
w o r k i s t o learn come f r o m , a n d do n o t a t t e m p t t o embed 
the g r o u n d i n g process i n t o the con tex t o f goa l -or iented 
a c t i v i t y o f an agent . 

In i t s emphas is on a comp le te m o d e l o f an agent , the 

5 A d ist inct ion is non-informative if the condit ional prob­
abi l i ty of a (predicted) effector value given an at t r ibute value 
is identical or nearly identical for both values. In a prob­
abil istic concept hierarchy, this can be computed f rom the 
a t t r ibu te probabil i t ies stored w i th the concepts. 

Wrobel 715 



m o d e l presented here is s im i l a r to ex i s t i ng cogn i t i ve ar­
ch i tec tures l i ke S O A R [La i r d e t al, 1986], none of w h i c h 
address the g r o u n d i n g issue, however . In t u r n , to be 
able to concent ra te on s y m b o l g r o u n d i n g , our m o d e l i s 
m u c h s imp le r i n i t s t r e a t m e n t o f goa l -o r ien ted a c t i v i t y 
and does no t tack le the p r o b l e m o f p l a n n i n g a t a l l ; i m ­
p o r t a n t quest ions w i t h respect to ac t i on select ion are le f t 
open. Lang ley et al. [1989] present a comp le te m o d e l of 
an in te l l i gen t r o b o t w i t h sensing, p l a n n i n g , and ac t i on 
t h a t uses a very s i m i l a r c lus te r ing approach as presented 
here, bu t does no t spec i f ica l ly address the issue of s y m ­
bol genera t ion or des t r uc t i on . 

T h e process c o n t r o l research f r a m e w o r k is o f course 
no t new; a great b o d y of research exists in t r a d i t i o n a l 
con t ro l t heo ry and also i n A I . Speci f ica l ly , ou r f r a m e w o r k 
is very s im i l a r to the reinforcement learning p a r a d i g m 
used eg. in [ K a e l b l i n g , 1989] and [ W h i t e h e a d and B a l ­
l a r d , 1990]. T h e emphas is there , however , i s on ac t i on 
select ion and n o t on issues of representa t ion develop­
men t . 

F ina l l y , i t i s i m p o r t a n t to p o i n t o u t the di f ference be­
tween our approach and lea rn ing systems t h a t d i rec t l y 
use numer i ca l a t t r i b u t e s in the i r concept h ierarchies, 
such as U N I M E M [ L e b o w i t z , 1987], C L A S S I T [Gennar i 
et al., 1989], and m a n y of the decision tree systems of the 
I D 3 / C A R T fam i l y . W h i l e these systems d o p e r f o r m i m ­
p l i c i t segmen ta t i on o f n u m e r i c a t t r i b u t e s loca l ly i n the 
nodes of the i r h ierarch ies, they do no t acqui re an ex­
p l i c i t , g loba l s y m b o l i c vocabu la ry . M o s t i m p o r t a n t l y , 
those m e t h o d s s tore and ca r ry a long a l l o f the o r i g i na l 
sensor d a t a for each examp le . T h i s does n o t cor respond 
wel l w i t h the ava i lab le psycho log ica l ev idence, and con­
t rasts sha rp l y w i t h the strongly incremental approach 
taken here w h i c h assumes t h a t m o s t o f the o r i g i na l sen­
sor d a t a are d iscarded r i g h t a t the preprocessing stage, 
and are not ava i lab le la ter o n . T h e resu l t i ng suppression 
o f i r re levant d a t a r i g h t a t the sensor level m i g h t also lead 
to conceptua l s t ruc tu res t h a t are s imp le r and more ef­
f ic ient t h a n those ob ta i ned w i t h o u t a p resegmenta t ion 
stage. 

7 Conc lus ion 
In th i s paper , we have argued for a m o r e encompass­
i ng f r a m e w o r k i n w h i c h t o s t u d y concept f o r m a t i o n p r o -
cesses. We have de ta i led w h y the issue o f g r o u n d i n g 
m e a n i n g is i m p o r t a n t f o r a f u l l unde rs tand ing o f con­
cept f o r m a t i o n , a n d w h y i t needs to be s tud ied in the 
con tex t o f a comp le te agent m o d e l w i t h goa l -o r ien ted 
a c t i v i t y and t r u e access to the w o r l d . 

We have proposed a s i m p l e scenar io in w h i c h we be­
l ieve the p r o b l e m o f g r o u n d i n g m e a n i n g can be s tud ied . 
T h i s f r a m e w o r k has i m p o r t a n t l i m i t a t i o n s t h a t shou ld 
be emphas ized aga in : i t does n o t inc lude m o t i o n o f the 
agent in a th ree -d imens iona l w o r l d , w h i c h m a y we l l be a 
key ing red ien t o f ( h u m a n ) concept f o r m a t i o n , and i n i ts 
present f o r m a l lows o n l y s imp le rea l -va lued o r n o m i n a l 
sensors. A t t he same t i m e , i t i s these very res t r i c t ions 
t h a t a l l ow an e x a m i n a t i o n o f the issue o f s y m b o l g r o u n d ­
ing and rep resen ta t ion deve lopmen t w i t h o u t h a v i n g t o 
solve a l l ex i s t i ng p rob lems o f A I f i r s t . 

F ina l l y , we have sketched a m o d e l o f an agent t h a t 

m i g h t be able to learn to opera te successful ly i n the s i m ­
ple w o r l d we have set up for i t . T h e m o d e l i s t o p - d o w n 
in n a t u r e , and bu i l ds on ex i s t i ng s y m b o l i c concept for­
m a t i o n w o r k . I t con ta ins a d e m a n d - d r i v e n techn ique for 
i n t r o d u c i n g t r u l y new s y m b o l s based on sensory i n p u t , 
and a c o m p l e m e n t a r y m e c h a n i s m for d i sca rd ing unneces-
sary d i s t i nc t i ons . I t has i m p o r t a n t sho r t com ings , a m o n g 
o thers the i n a b i l i t y t o deal w i t h h ighe r -d imens iona l i n ­
p u t sensors. 

I n the f u t u r e , we w a n t t o e labo ra te on those par ts o f 
the m o d e l t h a t are s t i l l sketchy, a n d test i ts a b i l i t y to 
develop a v o c a b u l a r y in an ac tua l s imp le process con t ro l 
task . T h e c o m p l e x i t y o f e n v i r o n m e n t s t h i s m o d e l w i l l be 
capable o f l ea rn ing w i l l depend to a large degree on the 
in te l l igence o f the ye t unspeci f ied ac t ion mod i f i e r m o d ­
ule. I m p r o v e m e n t s in the scope o f the m o d e l w i l l have 
t o w a i t u n t i l we f u l l y unde rs tand concept f o r m a t i o n and 
the o r i g i n o f s ymbo l s i n th i s s imp le scenar io . 
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