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A b s t r a c t 
We present a representational format for observed move­
ments The representation has a temporal structure re­
lat ing components of a single complex movement. We 
also present O X B O W , an unsupervised learning system, 
which constructs classes of these movements. Empir ical 
results indicate that the system builds abstract move­
ment concepts w i th appropriate component structure 
allowing it to predict the lat ter port ions of a part ial ly 
observed movement. 

1 I n t r o d u c t i o n 
Motor control is a necessary facet of an intelligent agent's 
interaction with the environment. Unt i l recently, this 
topic has been largely ignored. We are encouraged by 
the interest demonstrated by a number of recent efforts 
aimed at learning sequences of operators that can control 
effectors external to the learning agent (Laird, Hucka, 
Yager, &: Tuck, 1990; Mason, Christiansen, &: Mitchel l , 
1989; Moore, 1990). However, we believe that a general 
phenomenon in human motor behavior is that genera­
tion is l imited by understanding; that skilled movement 
behavior must be understood or recognized before it can 
be generated. In this paper we present O X B O W , a sys­
tem that acquires knowledge structures that facilitate 
the recognition of observed movements. This system is 
the recognition component of MAEANDER, a larger model 
of motor-ski l l learning that also involves the generation 
of movements (Iba & Langley, 1987). 

We view O X B O W wi th in the paradigm of concept for-
mation (Fisher & Pazzani, in press), in that it is re­
quired to construct "concepts" for particular classes of 
movements it has experienced. The current work is a 
descendent of Gennari's C L A S S I T (1990) and, in turn, 
of Fisher's C O B W E B (1987). C L A S S I T extended C O B ­
W E B to deal w i th attr ibutes having continuous values 
and O X B O W extends C L A S S I T to deal wi th structured 
objects wi th differing numbers of components. The com­
mon thread in O X B O W , C L A S S I T , and C O B W E B is the 
control structure of the learning algorithms and the op­
erators used to modify the knowledge structures. Also, 
they all use condit ional probabilit ies in calculating the 
category utility function (Gluck & Corter, 1985). This 
paradigm assumes that storing the probabilit ies for a 

'Also affiliated with RECOM Technologies. 

set of instances is sufficient to summarize the set and to 
distinguish among members of different classes. 

2 T h e O X B O W System 
When discussing a system that learns from movements, 
one must necessarily consider the interface between the 
learning system and the environment where action oc­
curs. In this paper we assume that this action is gener­
ated by a jointed l imb, and that the positional infor­
mat ion for each of the joints is available to the sys­
tem. We assume that a sensory process observes con­
tinuous mot ion and parses this into a motor schema (de­
scribed below). Our parsing process is based on Ru­
bin and Richards' (1985) theory of elementary motion 
boundaries.1 We also assume that t ime is discretized at 
a suitably fine level of granularity. Since in this paper 
we focus on learning to recognize movements, we do not 
address the motor interface that causes effectors in the 
environment to move according to stored representations 
of movement. However, the analog to the motor interface 
for our larger system, M A E A N D E R , allows it to simulate 
the execution of stored movements in the "mind's eye". 
This provides the basis for the performance measures in 
the experiments discussed later. 

Given this framework for the system, the recognition 
task is: given a motor schema representing a parsed 
movement, f ind the class of previously stored schemas 
that has the most similar trajectory to the observed 
movement. Learning involves updating and restructur­
ing memory to facil i tate this process; measuring perfor­
mance involves determining the similarity between the 
indexed class and the observed movement. 

2.1 R e p r e s e n t i n g m o v e m e n t s as p r o b a b i l i s t i c 
m o t o r schemas 

We define a motor schema to be a sequence of state 
descriptions that describe the status of the arm at par­
ticular times. In tu rn , a state description specifies the 
positions and velocities for each of the joints of an arm at 
a specific t ime (relative to the t ime of the movement). 
These state descriptions are w i th in a two-dimensional 
Cartesian frame wi th the origin located at the base of 

1Iba and Gennari (in press) provide a more detailed de­
scription of OXBOW, including our parsing, performance, and 
learning mechanisms. 
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Figure 1. A pictoriai rendition of (a) a simple movement and (b) OXBOW's representation of the associated motor schema. 

the arm. The sequence of state descriptions comprising 
a motor schema is temporally ordered according to the 
t ime values in each state description. 

Figure 1 shows a pictorial rendition of a movement 
observed in the environment along wi th a corresponding 
motor schema. The positions of the arm in Figure 1(a) 
are sampled from equal t ime slices during the course of 
the movement. Note that the movement shows the po­
sition of the arm at every t ime step. In contrast, motor 
schemas specify arm positions only at a few t ime steps 
for a given movement. Thus, the schema shown in Figure 
1(b) represents the movement shown in Figure 1(a), but 
only specifies information for the arm at three times. In 
our framework, movements and schemas are closely re-
lated. Al though movements occur in the environment, 
O X B O W classifies and stores the parsed form of move­
ments - motor schemas. 

When motor schemas are combined to form abstrac­
tions or generalizations, we th ink of the resulting struc­
tures as concepts. One way to represent concepts in this 
type of model is to use probabilit ies (Smith &: Medin, 
1981). A generalized motor schema includes a probabil­
i ty distr ibut ion for each at t r ibute describing the state of 
the arm, as well as a probabil i ty for each entire state. 
That is, O X B O W stores the conditional probabil i ty dis­
t r ibut ion of an at t r ibute given a particular state descrip-
t ion, and stores the conditional probabil i ty of each state 
description given a particular schema concept. 

Given this format for representing motor schemas, 
these structures must be organized to allow retrieval of 
stored schemas. In O X B O W , motor schemas are orga­
nized into an 1S-A hierarchy. Nodes in this hierarchy 
are part ial ly ordered according to their generality, w i th 
concepts lower in the hierarchy being more specific than 
their ancestors. Thus, the root node summarizes al l in­
stances that have ever been observed, terminal nodes 
often correspond to single instances, and intermediate 
nodes summarize clusters of observations. Fisher and 
Langley (1990) review arguments for organizing proba­
bilistic concepts in such a hierarchy. 

It is important to note that our representation of mo­
tor schemas as a sequence of state descriptions implies a 
structure on schema concepts. Each state description is 
viewed as "part of" the entire motor schema. This sig­
nificantly complicates the concept formation task. As a. 
further complicating factor, two motor schemas wi l l of­
ten have a different number of states. In part ial response 
to this problem, O X B O W stores and organizes state de­
scriptions in an internal hierarchy of state descriptions 
wi th in each schema node. Thus, each node in the schema 
hierarchy has its own private state hierarchy. The top 
level of this hierarchy represents the PART-OF relations 
between the mult iple states and the schema as a whole. 
That is, the classes of states at the top level of the state 
hierarchy are the state descriptions comprising the mo-
tor schema and are ordered according to the values for 
the t ime attr ibute in each respective state description. 

Figure 2 shows a possible hierarchy of baseball-
pitching schemas. The leaf nodes of the tree represent 
the motor schemas from specific observed pitches. The 
node labeled as "overhand" represents a generalization of 
the three specific throws stored below it in the hierarchy. 
This generalization is also a motor schema, but instead of 
specific values, the generalization stores means and vari­
ances for each of the attr ibutes in its state descriptions. 
Looking more closely at the OVERHAND schema in Fig­
ure 2, we see the internal state hierarchy that captures 
the structure of the abstract schema. We also show the 
first state of this generalized motor schema where means 
and standard deviations have been stored for each of the 
attr ibutes. These values summarize the states that have 
been classified together. Now, let us turn to a descrip­
t ion of how these structures are constructed and modi­
fied based upon experience. 

2.2 F o r m i n g m o v e m e n t concep ts 
The performance task stated above is closely related to 
O X B O W ' S learning task: given an experienced movement, 
modify the current knowledge base according to the re­
sult ing classification. Movements are observed sequen-
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Figure 2. A hierarchy of motor schemas for baseball pitches, 
w i th one node shown in detai l . 

t i a l l y a n d are no t labe led ; th i s cor responds to an i n ­
c remen ta l , unsuperv ised lea rn ing task . T h e d i s t i n c t i o n 
between pe r fo rmance and l ea rn ing in OXBOW (and s i m ­
i la r systems) is s l igh t and on l y serves to c la r i f y a means 
for e v a l u a t i n g the overa l l sys tem's a b i l i t y to acqu i re and 
organize m o v e m e n t i n f o r m a t i o n . W e w i l l r e t u r n t o th i s 
in Sect ion 3; here we focus on the l ea rn ing m e t h o d . 

2 . 2 . 1 T h e c l a s s i f i c a t i o n m e c h a n i s m 

Tab le 1 presents the basic O X B O W lea rn ing a l g o r i t h m ; 
a t th i s level o f desc r ip t i on i t i s f u n c t i o n a l l y equ iva lent 
t o t h a t used i n F isher 's (1987) C O B W E B a n d Gennar i ' s 
(1990) CLASSIT. In these concept f o r m a t i o n systems, 
the c lass i f icat ion a n d h ie ra rchy f o r m a t i o n processes are 
t i g h t l y coup led . U p o n encoun te r ing a new instance I , 
the sys tem s tar ts a t the r o o t and sorts the ins tance d o w n 
the h ierarchy, us ing an e v a l u a t i o n f u n c t i o n (descr ibed 
be low) to decide w h i c h ac t i on to take a t each level . T h i s 
recurs ive a l g o r i t h m t e r m i n a t e s when the ins tance has 
been recognized. T h i s occurs e i ther when the cu r ren t 
node is a leaf (has no c h i l d r e n ) , or when the eva lua t i on 
f u n c t i o n a l ready has a suf f ic ient ly h i gh va lue t h a t fu r ­
ther ef for ts are deemed unnecessary.2 W h e n an instance 
has been recognized, t he c u r r e n t node is re tu rned as the 
c lass i f icat ion va lue for t he ins tance. 

At a g iven node TV where the instance / is s t i l l u n ­
recognized, the a l g o r i t h m decides a m o n g four op t i ons . 
F i r s t , t he ins tance is t e m p o r a r i l y i n co rpo ra ted i n t o a 
ch i l d of TV, one at a t i m e . T h e resu l t i ng p a r t i t i o n s are 
eva lua ted and the best is selected. Second, the instance 
is p laced in a new s ing le ton class and th i s new p a r t i t i o n 
i s also selected. T h e t h i r d and f o u r t h cand ida tes gen­
erated by t he merge a n d split opera to rs are i n tended to 
a l low the sys tem to recover f r o m poo r h ierarchies t h a t 
may resu l t f r o m pecu l ia r t r a i n i n g orders ; F isher (1987) 
gives deta i ls on these opera to rs . T h e a l g o r i t h m uses i ts 
eva lua t i on f u n c t i o n t o d e t e r m i n e w h i c h o f t he resu l t i ng 
four p a r t i t i o n s i s " b e s t " , a n d t h e n e i ther cont inues by 
recurs ive ly c lass i fy ing t he chosen best , o r s t o p p i n g a n d 

r e t u r n i n g the cu r ren t node as the c lass i f icat ion whenever 
the ins tance is p laced in a new c h i l d . 

2 . 2 . 2 T h e e v a l u a t i o n f u n c t i o n 
W e have m e n t i o n e d t h a t O X B O W uses a n eva lua t ion 

f u n c t i o n to de te rm ine the a p p r o p r i a t e b ranch to sor t new 
instances d o w n d u r i n g c lass i f i ca t ion . Since a m a j o r goal 
o f concept f o r m a t i o n is to let the agent categor ize new 
experience a n d make p red i c t i ons , the sys tem employs 
category u t i l i t y - an e v a l u a t i o n f u n c t i o n t h a t a t t e m p t s 
t o m a x i m i z e p red i c t i ve ab i l i t y . G l u c k a n d Cor te r (1985) 
o r i g i n a l l y der ived th i s measure f r o m b o t h game theory 
and i n f o r m a t i o n theory i n order to p red ic t basic- level 
effects in psycho log ica l expe r imen ts , a n d Fisher (1987) 
adap ted i t fo r use i n h is C O B W E B m o d e l o f concept for­
m a t i o n . T h e measure assumes t h a t concept descr ip t ions 
are p robab i l i s t i c i n n a t u r e , a n d i t favors c luster ings t h a t 
m a x i m i z e a t radeof f between in t ra-c lass s i m i l a r i t y and 
inter-c lass dif ferences. I n i t i a l l y f o r m u l a t e d for n o m i n a l l y 
va lued d o m a i n s , G e n n a r i (1990) ex tended the equat ion 
t o hand le a t t r i b u t e s w i t h con t i nuous values. I n t u r n , we 
have ex tended the equa t i on to hand le representat ions 
where ob jec ts consist o f d i f f e r i ng numbers o f compo­
nents . T h i s vers ion o f ca tegory u t i l i t y for real -valued 
a t t r i b u t e s a n d s t r uc tu red ob jec ts can be s ta ted as 

where P(Ck) is the probabil i ty of class C, K is the num­
ber of classes at the current level of the hierarchy, 
is the probabil i ty of the j t h state description in Ck , 

is the probabil i ty of the mth state description in 
the parent of the current par t i t ion, is the standard 
deviation of at t r ibute i in the j t h state of the kth class, 
and is the standard deviation for at t r ibute i in the 
mth state of the parent node.3 

2 T h i s decision is based upon the recognition criterion de­
scribed in Gennari (1990). 

3 The value of is undefined for a single instance w i th 
zero variance so an acuity parameter serves as the m in imum 
variance. Gennari (1990) presents an empir ical study of the 
this parameter's impact on performance. 
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2.2.3 I n c o r p o r a t i n g m o t o r schemas 3 T h e Per fo rmance of OXBOW 

Every concept format ion system must address the is­
sue of how to create an abstraction f rom two items 
in this case a new instance and an existing class. The 
abstraction, or the result of incorporating a number of 
instances, allows useful predictions to be made in the 
future. Because C O B W E B assumed that every instance 
had values for every at t r ibute, incorporating a new in-
stance was a simple matter of incrementing appropri­
ate attr ibute-value counts in the concept node according 
to the values in the instance. C L A S S I T extended this 
to allow objects made up of mult iple components, but 
each had to have the same number. That is, there was 
a single structure for the objects in every class. The 
problem for OXBOW is that motor schemas may have 
differing numbers of components, and neither C O B W E B 
or C L A S S I T have satisfactory mechanisms for handling 
this variation of the task. In this si tuation, there is not 
necessarily a one-to-one correspondence between states 
from one schema to the next. Therefore, it is not pos­
sible to uniquely associate the attr ibutes (at the state 
description level) f rom one schema to another. 

O X B O W ' S solution to this correspondence problem 
uses category ut i l i ty to form a hierarchy of state descrip­
tions based only on the t ime at t r ibute. By treating each 
state in a schema instance separately in this fashion, an 
effective mapping is established between states in the in­
stance and states stored in memory. This mapping may 
be many-to-one or one-to-none.4 

Thus, the system classifies both schemas and states, 
using the same algor i thm given in Table 1, but wi th two 
important caveats. First, if the instance is a schema, 
then each of its states is incorporated in the hierarchy 
of state descriptions associated wi th the current schema 
node. But if the instance is a state, then there is no cor­
respondence problem and the incorporation is done the 
same as in C L A S S I T or C O B W E B . The second distinc­
t ion is that if the instance is a state, then the evaluation 
function used in the algor i thm is simplif ied. Because we 
are interested in capturing the temporal structure that is 
present in the schema instances, only the t ime at t r ibute 
is considered instead of summing over all the attr ibutes 
to determine the score. However, all of the attr ibutes 
that describe a state are updated when a new state is 
incorporated. 

Since schemas are made up of the top-level nodes in 
the state hierarchy, we may th ink of the first level of 
this hierarchy as capturing the PART-OF structure for the 
schema. The PART-OF relation refers to an outer context, 
in this case the entire motor schema. Because O X B O W ' S 
motor schemas are presented as parsed structures that 
are related temporally, it can break the schema into its 
parts, treat the parts separately, and then pop back up 
to the context of the schema where the work of matching 
the parts has already been done. 

4A one-to-none mapping occurs when a state in the in­
stance does not correspond to any existing states in the con­
cept and a new state is added to the schema concept. 

O X B O W provides a method for representing jointed l imb 
movements and for acquiring a concept hierarchy of 
movement concepts. Naturally, before we can make con­
clusions about the usefulness of such a system we need 
to know how well the system operates and improves on 
some performance task. In this section we present our 
performance measure and several experiments demon­
strating that O X B O W can recognize (and improve its 
recognition of) observed movements. 

The performance task for O X B O W is to classify a newly 
presented movement given some existing concept hierar­
chy. As discussed above in the context of learning, this 
involves associating the new instance wi th a node in the 
hierarchy representing previously observed movements 
that are most similar to the new movement. In hu­
mans, classification and learning occur simultaneously. 
However, we have implemented O X B O W to allow classi­
fication wi thout modifications to the concept hierarchy. 
That is, we use a t r immed version of the learning algo­
r i thm which does not consider tree modification opera­
tors and which does not alter the contents of the nodes 
in the tree. 

We evaluate the system's performance on the above 
task by comparing a test instance to the movement de­
scribed at the node of the schema hierarchy where the 
test instance is classified. This comparison is performed 
by finding the Euclidian distance between correspond­
ing joints of the arm at a given t ime. We average over 
the joints of the arm and over the testing movement pe­
riod. The error scores we report in the following exper­
iments reflect this averaging over joints and simulated 
time slices. The units are for an arm wi th two joints 
operating in a reachable workspace of 100 unit radius. 

3.1 E x p e r i m e n t 1 : L e a r n i n g s ing le m o v e m e n t 
concepts 

Recall that O X B O W ' S representation of movements (as 
schemas) consists of parts (states) and the temporal re­
lationships among them. The learning algori thm consid­
ers schemas first as a set of individual states at the state 
hierarchy level and then as a sequence at the schema hi­
erarchy level. One of the first things we should verify 
is that the inner treatment - the determination of the 
PART-OF structure for the movement concept at large -
is behaving appropriately. Therefore, in our first exper­
iment we trained the system on instances from a single 
concept, so as to control for possible confusions between 
movements of different types. This should also let us 
determine how sensitive the system is to variance in the 
observed data. 

To this end, we created four art i f icial movements that 
correspond to a slap, a throw, a wave, and a salute. Ob­
served movements in this experiment (and those follow­
ing) were produced by motor schemas instantiated from 
the templates. The t ime, posit ion, and velocity values 
in a motor schema used for t ra in ing were drawn from 
normal distr ibutions given in a template. We adjusted 
the variance of the distr ibutions by a scalar to produce 
data sets w i th different levels of variabil ity. 

In this experiment, a single run tested one movement 
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Figure 3. A comparison between asymptot ic error rates when 
trained on single movement types, and the complexity of in ­
put data at different levels of variat ion. 

t ype over 20 b locks w i t h 15 lea rn ing t r i a l s in each b lock . 
We repeated runs a t f ou r d i f ferent levels o f v a r i a t i o n for 
each of the four movemen t types and measured the sys­
tem 's pe r fo rmance af ter every o ther l ea rn ing t r i a l . T h e 
pe r fo rmance m e t r i c compares the p r o t o t y p e w i t h the 
schema s tored a t the r o o t node o f t he schema h ierarchy. 
Because there is on l y one movemen t t y p e presented in 
a r u n , and t he roo t represents the s u m m a r y over a l l the 
observed instances, t h i s compar i son lets us con t ro l for 
possible re t r i eva l p rob lems . T h e resul ts i nd i ca ted t h a t 
er ror decreased as a f u n c t i o n a d d i t i o n a l m o v e m e n t ob­
servat ions fo r each of the schema types at a l l levels o f 
v a r i a t i o n . However , we no te t h a t the a s y m p t o t i c levels 
increase as a f u n c t i o n of va r i ab i l i t y . These resul ts i n ­
d ica te t h a t O X B O W has t r o u b l e f i n d i n g the cen t ra l ten­
dency in d o m a i n s w i t h h i gh var iance. Because the d a t a 
comes f r o m a single p r o t o t y p e , we w o u l d expect t h a t 
the p r o t o t y p e w o u l d be recoverable. T h i s cou ld e i ther 
be due to p r o b l e m s d e t e r m i n i n g the values w i t h i n the 
states o f the learned m o t o r schemas, f i n d i n g the correct 
s t r uc tu re o f states themselves, or a c o m b i n a t i o n of b o t h . 

To he lp c la r i f y th is issue, F igu re 3 shows the a s y m p ­
to t i c er ror levels for each movement t y p e as a f unc t i on 
o f the s t r u c t u r a l c o m p l e x i t y i nheren t i n the d a t a . A d ­
d i t i ona l l y , i t shows how the a s y m p t o t e and c o m p l e x i t y 
changes for the d i f fe rent levels o f v a r i a t i o n in the d a t a . 
We def ine c o m p l e x i t y as the n u m b e r of states in a parsed 
desc r ip t i on of an observed m o v e m e n t . For a g iven move­
m e n t t y p e a n d a s ingle level o f noise, we c o m p u t e d the 
average c o m p l e x i t y over 20 r a n d o m l y generated move-
men t instances. 

F r o m th i s g raph we see t h a t chang ing the v a r i a b i l i t y in 
the generated movements does n o t cause large changes in 
the s t r uc tu re o f t he parsed movements . We can conc lude 
t h a t the increased a s y m p t o t e levels as a f u n c t i o n of i n ­
creased v a r i a t i o n are no t a resul t of a fa i l u re to de te rm ine 
the a p p r o p r i a t e P A R T - O F s t r uc tu re for the movement 
concept , b u t r a the r t o p rob lems d e t e r m i n i n g the cor­
rect values w i t h i n the states. We are l o o k i n g a t ways to 
imp rove th i s s i t u a t i o n . However , t h i s f igure also reveals 
an unexpec ted resu l t - t h a t increas ing c o m p l e x i t y tends 
to decrease a s y m p t o t i c er ror level . T h i s n o n - i n t u i t i v e 

Figure 4. Learning curves when trained on instances f rom all 
four classes at four levels of input var iat ion. 

resul t is n o t w i t h o u t precedent ; fo r ins tance, v is ion re­
searchers f o u n d t h a t m o r e c o m p l e x i t y i n the env i ron ­
men t m a d e th i ngs easier t o d i samb igua te . T h i s wou ld 
suggest t h a t OXBOW cou ld scale up to more complex 
env i ronmen ts a n d movemen ts . We are c u r r e n t l y cons id­
e r ing these issues f u r t h e r to de te rm ine where to assign 
c red i t and b l a m e , and how extens ib le ou r me thods are. 

O v e r a l l , t h i s expe r imen t ind ica tes t h a t O X B O W i s able 
t o cap tu re the P A R T - O F s t ruc tu re f o u n d i n observed 
movements when faced w i t h o n l y a s ingle t y p e , b u t t h a t 
i ts ab i l i t y to f o r m accurate s ta te descr ip t ions i s i n f l u ­
enced by va r i ab i l i t y . Now let us t u r n to the larger p rob ­
l e m o f a c q u i r i n g movemen t concepts f r o m observed d a t a 
when presented w i t h instances o f m o r e t h a n one t ype . 

3 .2 E x p e r i m e n t 2 : L e a r n i n g m u l t i p l e 
m o v e m e n t c o n c e p t s 

I f w e had f i rs t tested O X B O W o n a c q u i r i n g m u l t i p l e con­
cepts s imu l taneous ly , we w o u l d n o t have k n o w n whether 
pe r fo rmance errors were caused by confus ions between 
categories when c lass i fy ing an observed movemen t , by 
p rob lems i d e n t i f y i n g the a p p r o p r i a t e P A R T - O F s t ruc tu re 
fo r a p a r t i c u l a r node in the h ierarchy, or b o t h . T h e pre­
v ious s tudy estab l ished a basel ine fo r c o m p a r i s o n . We 
can expect t h a t errors above and beyond those repor ted 
in the p rev ious sect ion are a resu l t of c lass i f icat ion errors. 

To s t u d y such er rors , we ran a second expe r imen t in 
wh i ch O X B O W observed movements f r o m a l l fou r o f the 
classes, each w i t h an equa l l i k e l i h o o d . We presented 30 
t r a i n i n g instances, f r o m w h i c h the sys tem cons t ruc ted 
i t s h ie rarchy o f movemen t concepts. A f t e r every o ther 
t r a i n i n g ins tance, we s topped l ea rn i ng a n d tested the 
sys tem's pe r fo rmance as descr ibed above. We repeated 
th is expe r imen t a t the same four levels o f v a r i a t i o n in the 
movemen t generators . F igu re 4 shows the average error 
(over the four movemen t t ypes ) , aga in as a f u n c t i o n of 
exper ience and var iance leve l . T h e errors are averaged 
over ten b locks o f 30 t r a i n i n g instances w i t h r a n d o m or­
ders o f the movemen t types . 

T h e f igure gives some i n d i c a t i o n o f how we l l O X B O W 
is d i s t i n g u i s h i n g be tween observed movemen ts o f di f fer­
ent types , even t h o u g h a f te r 30 t r a i n i n g instances the 
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Tabie 2. Asymptotic error rates for two training modes 

system has only seen (on average) one fourth that many 
train ing instances of each type. Table 2 shows a com­
parison between the performance after 30 training in­
stances f rom Figure 4, under mixed training, and the 
performance level after seven training instances in Fig­
ure 3, under separate t ra ining. This reveals an inter­
action between the training method (mixed/separate) 
and the variabil i ty in the domain; increased variabil i ty 
has a much greater impact on error when learning mul­
tiple concepts than when learning single concepts. In 
Experiment 1, we were able to control for retrieval er­
rors because only a single movement type was given. In 
this experiment, we relied on O X B O W ' S retrieval mecha­
nism and therefore increased errors could be attr ibutable 
to misclassifications during either t raining, retrieval, or 
both. One option to clarify this would be to repeat Ex­
periment 1 and rely on O X B O W ' S retrieval mechanism, 
but another option is to evaluate the retrieval mechanism 
in isolation as we report in the next section. 

3.3 E x p e r i m e n t 3 : P r e d i c t i n g unseen 
m o v e m e n t 

In the previous experiments, the performance measure 
corresponded to what has been termed recognition in 
the psychological l i terature. That is, the complete pro-
totype of a particular movement class was classified and 
a comparison was made across the entire duration of the 
movement. In real l ife, one would more likely observe a 
part ial movement and need to predict the continuation 
of the movement. Furthermore, this puts a strain only 
on the retrieval mechanism, allowing an assessment of 
its performance. 

Thus, in a th i rd experiment, we trained O X B O W as 
described before, but we altered the performance mech­
anism slightly. When testing, we presented only a por­
t ion of the prototype movement and we measured er­
ror over the remaining unobserved movement. Because 
we average over t ime when determining error, we can 
compare errors among different ratios of observed move­
ment to predicted movement, even though the number 
of predictions changes. Any differences in errors wi l l be 
at t r ibutable to classification problems during retrieval 
because the knowledge base is the same for each level of 
observation at a given point in t ra in ing. 

This formulat ion of the task suggests a prediction: as 
less of the movement is observed, classification should 
become more diff icult and mistakes should lead to 
greater measured error. Simply stated, the more one 
is able to observe, the less uncertainty there should be 
about succeeding movement. Figure 5 shows the learn­
ing curves from an experiment in which we varied the 
port ion of the movement to be predicted. We fixed the 
variation level at 0.5 and averaged the results over ten 
blocks of 30 t ra in ing instances each. 

Figure 5. Learning curves showing error while varying the 
amount of the test movement that is missing and must be 
predicted. 

The figure shows that when O X B O W is predicting 80% 
of the movement (observing only the first 20% of the 
movement) the errors are consistently the highest (ex­
cept very early in t ra in ing, when not all the movement 
types have yet been seen). However, there is l i t t le differ­
ence between observing 50% of the movement and ob­
serving 80%. This result suggests that the system is 
not adversely affected by having less information avail­
able for classification except in extreme cases like the 
80% condit ion. This leads to another prediction: as the 
training data becomes more variable, the system should 
require larger portions of the test movement in order to 
prevent the error f rom increasing. We intend to test this 
prediction in future work. 

More important, this experiment holds other factors 
constant while varying the amount of information in 
the test movement, thus indicating the sensitivity of the 
classification process during retrieval. The results sug­
gest that OXBOW is not readily making misclassifications 
when given part ial structures in the input. Again, this 
points towards problems wi th the mechanism for storing 
state descriptions when learning f rom new experience. 
We are pursuing avenues to clearly establish and to im­
prove this si tuation. 

4 Discussion 
We designed the O X B O W system to address issues in 
both concept formation and the recognition of motor be-
haviors. W i t h respect to the first area, we must conclude 
that although O X B O W presents a novel approach to ac­
quir ing structured concepts, it has two drawbacks. A l ­
though the system shows significant improvement when 
learning mult iple concepts, the interaction effect in Ex­
periment 2 shows that O X B O W has difficulties forming 
generalized motor schemas f rom schemas having signifi­
cant variation among them. Second, the natural exten­
sion to objects w i th mult iple levels of structure would 
require prohibit ive amounts of memory and processing. 
However, we believe that the significant structural as­
pect of representing movements is t im ing information, 
so that only a single level of components is necessary in 
this domain. W i t h respect to motor behavior, O X B O W 
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represents the first system that specifically addresses the 
recognition of movements, so it is diff icult to asses its 
weaknesses in this area. However, the current implemen­
tation is sensitive to the values in the state descriptions 
wi th respect to scale and rotation of the observed action. 
We have several ideas on a normalization mechanism to 
address these problems and do not view them as funda­
mental flaws. 

In addit ion to extending the implementation to nor­
malize the representation of movements for differences 
in scale and rotat ion, we plan to apply OXBOW, as 
a movement recognition system, to the task of signa­
ture recognition. Because our approach is int imately 
tied to movements and not to static pattern recognition, 
we think there are potential advances in this direction. 
There also is a direct application of movement recogni­
t ion in domains where humans and robots are working 
together; the artif icial agent should be able to infer goals 
and plans held by the human from observing and recog­
nizing her actions. Following on our efforts at modeling 
human motor behavior (Iba k Langley, 1987), we seek 
to connect O X B O W ' S predictions about movement recog­
nit ion to the psychological l iterature on this subject. As 
a method for concept format ion, OXBOW suggests a con­
nection between is-A and PART-OF relations by using a 
concept formation mechanism to extract the structure of 
a composite concept. We want to analyze this connec­
tion to determine its implications for concept formation 
in domains wi th more complex structure. As part of 
the ongoing experimentation mentioned in the previous 
section, we also intend to compare O X B O W wi th other 
approaches to forming structured concepts. 

In closing, O X B O W makes an important contr ibut ion 
to the area of concept format ion; it provides an interest­
ing approach to the problem of acquiring concepts from 
objects composed of parts. The experiments indicated 
that the system was able to extract appropriate PART-OF 
structures, but it was not immune to confusions in do­
mains wi th high variabil ity. More important, as a motor 
skill system, O X B O W provides an approach to represent­
ing, recognizing, and organizing motor skills that are 
observed by an agent. In addit ion, the method is flexi­
ble wi th respect to environmental characteristics such as 
the number of joints in an arm or the number of arms 
operating in concert. Furthermore, the system's repre­
sentation and organization carries over smoothly from 
recognition to generation of motor skills (Iba & Lang-
ley, 1987). We hope that this effort wi l l contribute to 
the growing interest in motor control, but also that it 
wi l l spark new interest, in treating motor behavior as a 
broader two-part process - recognition and control. 
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