
A Self-Organizing Context-based Approa
h to theTra
king of Multiple Robot Traje
toriesAluizio F. R. Ara�ujo Guilherme de A. Barreto�Abstra
t. We have 
ombined 
ompetitive and Hebbian learning in a neural network designedto learn and re
all 
omplex spatiotemporal sequen
es. In su
h sequen
es, a parti
ular item mayo

ur more than on
e or the sequen
e may share states with another sequen
e. Pro
essing ofrepeated/shared states is a hard problem that o

urs very often in the domain of roboti
s. Theproposed model 
onsists of two groups of synapti
 weights: 
ompetitive interlayer and Hebbianintralayer 
onne
tions, whi
h are responsible for en
oding respe
tively the spatial and temporalfeatures of the input sequen
e. Three additional me
hanisms allow the network to deal withshared states: 
ontext units, neurons disabled from learning, and redundan
y used to en
odesequen
e states. The network operates by determining the 
urrent and the next state of thelearned sequen
es. The model is simulated over various sets of robot traje
tories in order toevaluate its storage and retrieval abilities; its sequen
e sampling e�e
ts; its robustness to noiseand its toleran
e to fault.Keywords: Roboti
s, traje
tory tra
king, neural networks, unsupervised learning, temporal
ontext.1 Introdu
tionRobot learning presents a number of 
hallenging problems, namely (1) they tightly integrateper
eption, de
ision making and exe
ution; (2) roboti
 domains are usually 
omplex, yet theexpense of using a
tual roboti
 hardware often prohibits the 
olle
tion of large amounts oftraining data; and (3) most roboti
 systems are real-time systems, implying that de
isionsmust be made within 
riti
al or pra
ti
al time 
onstraints. Sin
e other important real-worldappli
ation domains share those 
hara
teristi
s, roboti
s is a highly attra
tive area for resear
hon ma
hine learning, espe
ially within the �eld of arti�
ial neural networks (ANNs).The resear
h in ANNs and its appli
ation in distin
t domains makes it possible to investi-gate solutions to 
omplex problems in roboti
s following di�erent learning paradigms [1℄, [2℄.A 
ommon problem in roboti
s is traje
tory tra
king, in whi
h a robot is required to followa

urately a 
ontinuous path [3℄. Su
h a task is mainly programmed by means of the so-
alledwalk-through method in whi
h an operator guides the robot through a sequen
e of desired arm�The authors are with the Department of Ele
tri
al Engineering, University of S~ao Paulo, S~ao Carlos, Brazil.Email: faluizioa, gbarretog�sel.ees
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positions. These positions are then stored in the 
ontroller memory for later re
all. Su
h amethod is time 
onsuming and une
onomi
al, sin
e during the walk-through pro
ess the robotis not engaged in produ
tive a
tivity [4℄ and the pro
ess is realized under 
omplete supervisionof the robot operator.Tra
king 
an easily be handled within the framework of arti�
ial neural networks in whi
htraje
tories 
an be seen as a su

ession of arm 
on�gurations, i.e., a temporal sequen
e of armpositions, hen
e, neural models 
an model this type of pro
essing. In parti
ular, the unsu-pervised learning paradigm has appealing 
hara
teristi
s for its use in Roboti
s and temporalsequen
e pro
essing. In unsupervised neural networks, behavior emerges by means of a self-organization pro
ess, thus redu
ing substantially the robot programming burden that a

ountsfor as mu
h as a third of the total 
ost of an industrial robot system [5℄. Also, unsupervisedmodels are often fast, en
ouraging their use in in
remental and on-line learning. Moreover, thestru
ture of neural networks allows massive parallel pro
essing [4℄ whi
h enables the networkto respond qui
kly in generating real-time 
ontrol a
tions.An important issue, usually not addressed in simulations and tests reported by the neuralnetwork literature, is the learning of multiple robot traje
tories [4℄. In some industrial opera-tions, a robot is often required to perform more than one task. Hen
e, the robot 
ontroller mustbe able to tra
k more than one traje
tory. One of the goals of the present work is to developan unsupervised learning neural network model to learn and retrieve multiple traje
tories.We have grouped the various neural models for unsupervised-temporal-sequen
e based robot
ontrol into three 
lasses a

ording to their approa
h to traje
tory pro
essing: (i) learning ofper
eption-a
tion traje
tories, (ii) learning of robot traje
tories, and (iii) formation of robottraje
tories.The �rst approa
h involves dire
t asso
iation between sensory data and desired a
tions [6℄.This approa
h is used when a mobile robot is required to explore the world to build a modelof it. As the robot navigates, it experien
es a long sequen
e of per
eption-a
tion pairs. Asthe storage of su
h a sequen
e is often not feasible, the resear
hers introdu
ed me
hanisms ofsequen
e 
hunking and linking [7℄, [8℄: a long sequen
e is broken into subsequen
es (
hunks)whi
h are stored by the robot and properly 
on
atenated (linked) when their 
ombination leadsto rea
h a parti
ular goal.Two examples of this approa
h are the models proposed by Denham & M
Cabe [8℄ andHeikkonen & Koikkalainen [5℄. Both systems were applied to autonomous robot navigationtasks in whi
h the agent had to build a model of the world by exploration. Denham & M
Cabeemployed a reward system to determine whether the learning of a sequen
e was based on thea
hievement of a goal or the dete
tion of novelty. This system was implemented by using theunsupervised model proposed by Wang & Arbib [7℄. Heikkonen & Koikkalainen introdu
edseveral 
ontrol algorithms based on Kohonen Self-Organizing Map [9℄. The knowledge wasa
quired from existing sequen
es as well as from the robot exploratory navigation. The authorssimulated a robot that qui
kly learned to sele
t suitable a
tions for a range of sensory situations,adapted ni
ely to 
hanges in the environment, and 
ollided less and less frequently as time went



by. However, this approa
h is not stable against deviations of the traje
tory. If the roboti
system �nds itself in an untrained position, o� any learned traje
tory, no appropriate 
ontrola
tion may be produ
ed [6℄.In the se
ond approa
h, a neural network must learn to asso
iate 
onse
utive states ofa traje
tory and store these transitions for total or partial reprodu
tion of the memorizedtraje
tory. Usually, for the purpose of re
all, the network re
eives as input the 
urrent state ofthe robot and responds with the next state, to exe
ute a pre-de�ned task. This approa
h hasbeen applied to point-to-point traje
tory 
ontrol and traje
tory tra
king [10℄.Alth�ofer & Bugmann [11℄ des
ribed a neural implementation of a resistive grid used toplan the path of a robot arm. This model has limitations su
h as jerkiness of the movementsand an ina

urate �nal end-e�e
tor position due to the resolution 
onstraints of grid-basedmethods. In the 
ontext of mobile roboti
s, Bugmann et al. [6℄ proposed a neural networkwhi
h uses normalized RBF neurons to en
ode the sequen
e of states forming the traje
tory ofan autonomous wheel
hair. The network operates by produ
ing the next spatial position andorientation for the wheel
hair. As the traje
tory may pass several times over a parti
ular point,phase information is added to the position information to avoid the aliasing problem [12℄. Thisproblem o

urs when identi
al sensory inputs may require di�erent a
tions from an autonomoussystem, depending on the 
ontext. The use of normalized RBF neurons 
reates an attra
tion�eld over the whole state spa
e and enables the wheel
hair to re
over from perturbations.The third approa
h entails the 
reation of a robot traje
tory given only its initial and�nal (target) positions. The robot re
eives sensory information from the workspa
e and au-tonomously 
onstru
ts some kind of inverse mapping. Typi
al examples of this approa
h arethe works of Grossberg & Kuperstein [13℄, Kuperstein & Rubinstein [14℄, Martinez et al. [15℄,and Ritter et al. [16℄. The three �rst works des
ribe a self-organizing model for visuomotor
oordination of a robot arm. This model learns to 
ontrol a 5-degree-of-freedom (DOF) robotarm to rea
h 
ylindri
al obje
ts. The authors use a set of one-dimensional topographi
 mapsthat represent the lo
ation of the target obje
t and whose adaptive weights determine the out-put to the arm a
tuators. Ea
h one-dimensional map has a �xed topographi
 ordering and onlythe output weights 
an be adapted during the learning pro
ess. As a 
onsequen
e, the rangeof the expe
ted input values must be known in advan
e and adaptive 
hanges in the resolutionof the neural population required for 
ontrol are not possible. Furthermore, as the maps areone-dimensional and their outputs are a linear summation for ea
h a
tuator, they 
an approx-imate only a restri
ted 
lass of 
ontrol laws. The work of Bullo
k & Grossberg [17℄ extendsKuperstein's model by in
luding mus
le dynami
s, initial 
onditions, mus
le 
ontra
tion rates,and feedba
k signals from mus
le sensors.Martinez et al. [15℄ and Ritter et al. [16℄ presented an approa
h to diminish the drawba
ks ofthe Kuperstein model, by using 3D variant of the Kohonen SOM. In this approa
h the orderingand resolution of the map evolve during learning (by updating a layer of input weights), thusdetermining the distribution of the neural units over the task spa
e, and over
oming the problemof �xed resolution of Kuperstein's model. The adaptation of the output weights was a
hieved



by an error-
orre
tion pro
edure based on the Widrow-Ho� learning rule for adaptive linearelements. The 3D map eliminates restri
tions arising from the additive 
oupling of several 1Dmaps and allows many neighboring units to 
ooperate during learning, in
reasing the eÆ
ien
yand robustness of the algorithm. The authors reported simulation results in whi
h after 30,000training steps there are no signi�
ant positioning errors. This model was implemented in a 560PUMA robot [18℄, produ
ing small positioning errors. Moreover, the system was able to adaptto sudden 
hanges of its geometri
al parameters.Despite the appealing features of the unsupervised learning-based 
ontrol system, its use hasbeen limited to a few model proposals, in part be
ause a major part of the work on this topi
is devoted to other paradigms su
h as supervised and reinfor
ement learning. In this paper weemphasize the feasibility of applying unsupervised learning to 
omplex roboti
s problems.We are parti
ularly 
on
erned with the problem of fast and a

urate learning of single andmultiple sequential patterns that represent robot traje
tories. An unsupervised neural net-work algorithm is the 
hosen learning strategy mainly be
ause it is based on self-organization.This prin
iple has proved to be a rather generi
 te
hnique to be employed in a wide range ofappli
ation domains, su
h as roboti
s and pro
ess 
ontrol, where 
omplex issues involving mul-tivariate sensory information are present [5℄. Furthermore, in roboti
s, self-organization allowsautonomous 
onstru
tion of e�e
tive world representations either from raw sensory measure-ments or from prepro
essed sensory data.The 
ontribution of this work to the �eld of unsupervised neural networks is threefold: (i)development of a time-delayed Hebbian learning rule to en
ode the temporal order of patterns ina sequen
e, (ii) use of temporal 
ontext to re
all multiple stored sequen
es without ambiguity,and (iii) appli
ation of the proposed model to redu
e the 
ost of robot \training" in tra
kingtasks. The learning algorithm to be proposed is evaluated through simulations of 2- and 3-dimensional robot traje
tories.This paper is organized as follows. In Se
tion 2, we present some 
on
epts related to thestorage and retrieval of temporal sequen
es by means of neural network models. In Se
tion3, we develop our model dis
ussing in details all its 
omponents. In Se
tion 4, we evaluatethe performan
e of the model through 
omputer simulations and dis
uss the main results.Se
tion 5 is devoted to 
ompare the proposed model with others available in the literature ontemporal sequen
es. We 
on
lude the paper in Se
tion 6, presenting possible dire
tions forfurther developments.2 Short-term Memory in Temporal Sequen
e Based ControlTwo ingredients are essential for autonomous reprodu
tion of sequential patterns [19℄. First,for the purpose of learning, a me
hanism to extra
t and store transitions from one pattern toits su

essor in the sequen
e. This me
hanism is known as short-term memory (STM). Se
ond,for the purpose of re
all, a
tivation dynami
s must be de�ned to mimi
 the previously learnedsequen
e by propagation of the 
orre
t sequen
e of stored states.



In the 
ontext of temporal sequen
e pro
essing, STM is the generi
 name of a numberof retention me
hanisms. STM aids temporal order learning and re
all within a sequen
e bymaintaining vestiges of su
h patterns for a 
ertain period of time. Hen
e, an STM model
an establish temporal asso
iations between 
onse
utive patterns and reprodu
e their order ofo

urren
e at the network output.There is a number of STM models within the framework of arti�
ial neural networks [20℄,[21℄, [22℄. The simplest one, 
alled tapped delay lines, involves a bu�er 
ontaining the most re
entsymbols from a sequen
e. Su
h a bu�er 
onsists of time delays serially 
onne
ted. These lines
onvert a temporal sequen
e into a spatial pattern by 
on
atenating the sequen
e 
omponentsthrough a �xed-size window whi
h slides in time. The 
on
atenated ve
tor is then presented tothe network. Tapped delay lines are 
ommon in neural network models and form the basis oftraditional statisti
al autoregressive models [20℄. For further details on the role of time delaysin temporal sequen
e learning, the readers are referred to Herz [23℄.The number of time delays de�nes the memory depth, i.e., the period of time a patternremains available in the STM. For instan
e, four time delays indi
ate that a parti
ular patternand its four prede
essors are available in the memory. The model to be proposed in the nextse
tion uses time delays at the input and the output. When 
onne
ted to the input, time delaysare used to a

ount for past elements of the sequen
e in order to resolve potential ambiguitiesduring re
all. When linked to the output units, time delays are used to learn the temporal orderof the items of the input sequen
e.3 The Neural Model Des
riptionIn this se
tion, we introdu
e an arti�
ial neural network model a

ording to the frameworkproposed by Rumelhart & M
Clelland [24℄. In the subse
tions, we des
ribe the input thenetwork topology, the network rules and pro
edures.3.1 About the Input PatternsThe input patterns are in the form of sequen
es. Ea
h sequen
e 
onsists of a �nite number ofitems, also 
alled sequen
e states or 
omponents, whi
h 
an be s
alars, x(t) 2 <, or ve
tors,x(t) 2 <p, p > 1. These items, presented to the network sequentially, one after the other,represent the spatial portion of the input state, and the order in whi
h they o

ur represent thetemporal order. The network should be able to en
ode both the spatial and temporal aspe
tsof the input sequen
e.We 
lassify sequen
es as open and 
losed. Open sequen
es are those in whi
h the initialitem is di�erent from the �nal one. For 
losed sequen
es, the initial item is equal to the �nalone. For instan
e, the sequen
e of letters A-B-C-D-E is open whereas the sequen
e of lettersX-Y-Z-W-X is 
losed.A single open or 
losed sequen
e 
an have intermediate repeated items. For example, thesequen
es A-B-C-D-C-E andX-Y-Z-W-Z-X are examples of open and 
losed sequen
es with



repeated items (C in the �rst sequen
e and Z in the se
ond one), respe
tively. In addition, twoor more sequen
es 
an have items in 
ommon. For instan
e, the sequen
es A-B-C-D-E andX-Y-C-W-Z share the item C. We 
all this item a shared state. Generi
ally, we 
all bothrepeated and shared states re
urrent items. Re
urrent items 
ause ambiguities during re
all,and, be
ause of this, we use the term 
omplex sequen
es for those with re
urrent states. Somekind of 
ontextual information should be supplied in order to resolve su
h ambiguities.If more than one sequen
e is to be presented, in order to distinguish between the end ofone sequen
e and the beginning of another, two alternatives are possible. The �rst one is tode�ne a time delay between 
onse
utive sequen
es. The se
ond is to use a sequen
e identi�er.Whenever this identi�er 
hanges, this means that the sequen
e has also 
hanged. We have
hosen the se
ond alternative be
ause it 
an be used as a form of 
ontext information thatenables the network to handle ambiguities that o

ur when repeated items are present in thesequen
es. This type of 
ontext and another are des
ribed below.For the robot traje
tories, ea
h state is 
omposed of the spatial position (x; y; z) of the robotend-e�e
tor in its workspa
e, six joint angles and six joint applied torques.3.2 The Ar
hite
tureThe basi
 ar
hite
ture of the proposed model is illustrated in Figure 1. This is a two-layer net-work 
omposed of a broad
asting input layer and an output layer responsible for the pro
essing.The model has feedforward and feedba
k weights playing distin
t roles in its dynami
s. Fromthis point onwards, the term traje
tory is synonymous with sequen
e.[Figure 1 about here.℄The input pattern entails two sets of neurons: the sensory and the 
ontext units. Thesensory set, s(t) 2 <p, re
eives the input traje
tory state at time step t and propagates thisve
tor towards the output units. No input data pre-pro
essing stage is required. The 
ontextunits are used to resolve ambiguities that may o

ur during re
all of 
omplex traje
tories. The
ontext units are of two types: fixed and time � varying. Fixed 
ontext, xf 2 <q, is time-invariant and is set to a parti
ular state of the temporal sequen
e, the initial or the �nal onebeing the usual options. It is kept un
hanged until the end of the 
urrent sequen
e has beenrea
hed. Thus, it a
ts as a kind of a global sequen
e identi�er. Time-varying 
ontext units
hange their state of a
tivity every time a new input pattern is 
onsidered, and it is formed bythe 
on
atenation of past sequen
e items, s(t� l) 2 <p, l = 1; : : : ; � , where � is 
alled memorydepth [20℄. Thus, x� (t) = fs(t� 1); : : : ; s(t� �)g, so that x� (t) 2 <� �p. The sensory input, the�xed and the time-varying 
ontext are 
ombined to form the input pattern, v(t), to be presentedto the network at time t, i.e., v(t) = [s(t) xf x� (t)℄T . Note that dimv(t) = Ni = p+ q+ � � p,where Ni is the number of input units.The 
urrent model extends previous work on 
ontext and temporal sequen
e learning forrobot 
ontrol [25℄, [26℄. The previous ar
hite
tures 
ould deal only with open temporal sequen
es



with shared items, be
ause they made use only of �xed-type 
ontext. This type of 
ontext isunable to deal with 
losed traje
tories with repeated states, su
h as �gure-eight sequen
es. Thesolution is to in
lude time-varying 
ontext units whi
h take into a

ount the past history ofthe sequen
e, allowing the network to en
ode both 
losed and open traje
tories with re
urrentitems.The synapti
 weights 
onsist of feedforward (or interlayer) weights and feedba
k (orintralayer) weights. The feedforward weights 
onne
t the input units to the output neurons.These 
onne
tions store the items of a parti
ular sequen
e through a 
ompetitive learningrule. That is, for a parti
ular sequen
e item, a single output neuron (the winner) or a smallgroup of output neurons are 
hosen to store this sequen
e item. The feedba
k set of weightsindi
ates the temporal order of the patterns in a sequen
e by using a Hebbian learning rulesto form temporal asso
iations from the previous to the 
urrent winner of the 
ompetition.Feedba
k weights are unidire
tional and initialized with zeros for the training phase, indi
atingno temporal asso
iation at all. Also, there is no feedba
k self-
onne
tion, i.e., a 
onne
tion fromthe output of a neuron to its input.The output neurons represent the 
urrent and the next states in a parti
ular sequen
e.The 
urrent state is stored in the weight ve
tor of the neuron with the highest value for aj(t),j = 1; : : : ; No, where No is the number of output neurons. The next state is stored in the weightve
tor of the neuron with the highest value for yj(t), j = 1; : : : ; No (Equation 4 in Se
tion 3.3).This weight ve
tor is then used as a 
ontrol signal, to position the robot arm at the desired
on�guration.3.3 A
tivation and Output RulesThe two groups of synapti
 weights presented in the last se
tion are updated during a singlepass of an entire traje
tory in whi
h ea
h sequen
e item is presented only on
e. This meansthat a sequen
e with N
 
omponents requires exa
tly N
 training steps. Thus, following thepresentation of a sequen
e item, this input pattern is 
ompared with ea
h feedforward weightve
tor, using a measure of dissimilarity based on Eu
lidean distan
e, and the group of weightve
tors 
losest to the input ve
tor is sele
ted to be updated. Mathemati
ally, we have:�1 = argminj ffj(t) � kv(t) �wj(t)kg 8j�2 = argminj ffj(t) � kv(t) �wj(t)kg 8j =2 f�1g... ... ... (1)�N = argminj ffj(t) � kv(t) �wj(t)kg 8j =2 f�1; : : : ; �N�1gwhere f�1; : : : ; �Ng are the indi
es of the output neurons ranked a

ording to the proximitybetween their weight ve
tors and the 
urrent input; thus, �1 is the index representing the neuronwhose weight ve
tor is the 
losest option to the 
urrent input ve
tor. When the parameter K,
alled degree of redundan
y, ex
eeds one, we have a population of neurons en
oding a single



ve
tor of an input sequen
e; in other words, a redundan
y me
hanism. On one hand, su
h as
heme, similarly to neighboring neurons in the Kohonen SOM, allows the network to be robust,i.e., to be tolerant to noise and neuron failure. On the other hand, the redundan
y me
hanismin
reases memory requirements. For the purpose of learning, we usually set K > 1. For re
all,we always set K = 1.The fun
tion fj(t), 
alled the ex
lusion fa
tor, is de�ned as:fj(t+ 1) = ( � if j 2 f�1; � � � ; �Kgfj(t) otherwise (2)where � � 1 and fj(0) = 1, j = 1; : : : ; No. This fun
tion is used to \ex
lude" the K winningneurons from subsequent 
ompetitions, to ensure that ea
h point of the traje
tory is en
oded bydi�erent neurons. The ex
lusion me
hanism is akin to that proposed by James & Mikkulainen[27℄. However, their model aimed at dete
ting a single sequen
e instead of re
alling sequentialpatterns. Furthermore, they did not propose a mathemati
al formalism for their ex
lusionme
hanism.The 
ombination of redundan
y and ex
lusion me
hanisms yields a unique group of neuronsto represent a spe
i�
 state of the traje
tory. Su
h groups are linked in the 
orre
t temporalorder through a lateral 
oupling stru
ture. The neuron a
tivations are determined by thefollowing equation: a�i(t) = ( Amax � 
i�1 for i = 1; � � � ;K0 for i > K (3)where 0 < 
 < 1 is an a
tivation de
ay term, and Amax � 1 is the maximum a
tivation valueobtained for i = 1. A

ording to Eqs. (1) and (3), the 
loser the weight ve
tor to the 
urrentinput ve
tor, the higher the a
tivation of the asso
iated neuron. On
e a neuron is a
tive, itsa
tivation is di�used through a non-zero lateral 
onne
tion in order to trigger its su

essor inthe 
urrent sequen
e. The largest output value yj(t), determines the weight ve
tor to be sentto the robot 
ontroller:yj(t) = g NoXr=1mjr(t)ar(t)! for j = 1; : : : ; No (4)where g(�) is a fun
tion de�ned so that g(u) � 0 and dg(u)=dt > 0, and mjr(t) is the intralayer
onne
tion weight between the output neurons r and j.3.4 The Learning RulesAfter the sele
tion of the winning neurons and the determination of their a
tivations and out-puts, the weight ve
tors wj(t) are updated a

ording to the following 
ompetitive learning rule[28℄: wj(t+ 1) = wj(t) + Æ(t)aj(t)[v(t) �wj(t)℄ (5)



where Æ(t) � 1 is the learning rate. This 
ompetitive learning pro
edure 
opies the input ve
torv(t) to the weight ve
tors of the K winning neurons obtained through Eq. (1). Note that unitswith a
tivations aj(t) equal to zero do not learn at time step t.Without the ex
lusion me
hanism, the 
ompetitive rule in Eq. (5) would try to group thesequen
e items in 
lusters, redu
ing the number of states of the input sequen
e. Sin
e our goalis to reprodu
e exa
tly the same sequen
e at the network output, this 
lustering e�e
t shouldbe avoided.It is worth remembering that the input ve
tor v(t) is 
omprised of three parts: a sensory part
orresponding to the sequen
e item 
urrently being observed, the �xed 
ontext and the timevarying 
ontext. We have the following two situations: (1) A single open or 
losed sequen
e
ontains a repeated item: the �rst time this item o

urs, a parti
ular neuron will store the
orresponding input ve
tor in its synapti
 weights. When the item o

urs for the se
ond time,the sensory part and the �xed 
ontext are equal to that of the �rst o

urren
e of the repeateditem, sin
e the sequen
e is the same, but the time-varying 
ontext is di�erent sin
e it 
onsistsof the � immediate prede
essors of the 
urrent sequen
e item. (2) Multiple open sequen
esshare an item: using arguments similar to 
ase (1), every time the shared item reo

urs, thesensory part remains the same but the �xed and time-varying 
ontext are di�erent. This way,the network is able to re
all the stored sequen
es without ambiguity, sin
e the repeated andshared states are stored in the feedforward weights together with their 
orresponding 
ontexts.The intralayer weights are updated a

ording to the following rule:�mjr(t) = �aj(t)ar(t� 1) (6)where 0 < � � 1 is the intralayer learning rate. A

ording to Eq. (6) lateral 
onne
tions will beestablished from the winners of the previous 
ompetition, r = f�1(t�1); �2(t�1); : : : ; �K(t�1)g,to the winners of the 
urrent 
ompetition, j = f�1(t); �2(t); : : : ; �K(t)g. Figure 2 sket
hes howEq. (6) learns the temporal order for the simplest 
ase, in whi
h K = 1. Initially (t = 0),the network has no lateral 
onne
tions. At t = 1, the neuron on the left is the winner for thepattern v(1). At t = 2, the neuron on the right is the winner for pattern v(2). Still at t = 2, alateral 
onne
tion is 
reated from the neuron on the left to the neuron on the right through Eq.(6), learning the transition v(1) ! v(2). This pro
ess 
ontinues until all transitions betweensu

essive sequen
e items is learned.[Figure 2 about here.℄Some brief 
omments are ne
essary at this point. First, the neuron a
tivations of the previous
ompetition, ar(t�1), are made available through time delays (STM model). Se
ond, Equation(6) is an asymmetri
 Hebbian learning rule [29℄ whi
h aims at 
reating temporal asso
iationsbetween 
onse
utive patterns in the input traje
tory. Indeed, this equation en
odes the temporalorder of the input sequen
e.



3.5 Temporal Order Learning and One-step-ahead Re
allThe simple form of Eq. (6) allows the 
onstru
tion of a hypotheti
al example based on the
on
ept of temporal asso
iative memory [30℄ to elu
idate temporal order learning and one-step-ahead re
all. Thus, Eq. (6) 
an be written in matrix form as follows:M(t+ 1) =M(t) + �a(t)aT (t� 1) (7)where M(t + 1) is the feedba
k memory matrix 
orresponding to the learning of one statetransition given by the a
tivation pair (a(t);a(t � 1)). For a sequen
e with N
 items, theresulting matrix is: M(N
) =M(0) + � N
X�=1 a(�)aT (� � 1) (8)Note that this matrix is 
onstru
ted in an in
remental manner, i.e., it 
annot be set in ad-van
e as in other asso
iative memory models, sin
e the a
tivation patterns a(t) are not knownbeforehand.As already mentioned, the a
tivation patterns a(t) indi
ate the neuron whose weight ve
torbest mat
hes with the 
urrent input item, and the output patterns y(t) indi
ate the neuronwhose weight ve
tor stores the next sequen
e item. The re
all of the next item depends on thefeedba
k memory matrix and on the 
urrent a
tivation pattern (see Eq. (4)). The followinghypotheti
al example illustrates this property.Consider a traje
tory with only three states (N
 = 3) and a network with three neurons(No = 3). Setting K = 1, we assume that neuron j = 1 en
oded the �rst state of the traje
toryat t = 1, neuron 3 en
oded the se
ond state at t = 2, and neuron 2 en
oded the third state att = 3. Hen
e, the 
orresponding a
tivation patterns were a(1) = [1 0 0℄T , a(2) = [0 0 1℄T anda(3) = [0 1 0℄T . Thus, in a

ordan
e with Eq. (8), the learned feedba
k memory matrix is:M(N
) = M(0) + �fa(3)aT (2) + a(2)aT (1) + a(1)aT (0)g= 0BB� 0 0 00 0 00 0 0 1CCA+ �8>><>>:0BB� 010 1CCA (0 0 1) +0BB� 001 1CCA (1 0 0) +0BB� 100 1CCA (0 0 0)9>>=>>; (9)= 0BB� 0 0 00 0 �� 0 0 1CCATo illustrate how the feedba
k memory matrix 
onstru
ted by Eq. (9) retrieves the nextsequen
e item, 
onsider the following fun
tion: g(u) = u, for u � 0 and g(u) = 0, otherwise.Note that, in Eq. (4), Pmjrar > 0, then we have the following linear relationship for re
allpurpose: y(t) = Ma(t). Thus, if the �rst sequen
e item is presented again, the resultinga
tivation pattern is a(1) = [1 0 0℄T .Sequen
e re
all is initiated by giving a pattern in the sequen
e as a 
ue stimulus; then, thepart of the sequen
e that follows the 
ue pattern is su

essively re
alled. The output pattern is



obtained as follows: y(1) =M � a(1) = 0BB� 0 0 00 0 �� 0 0 1CCA0BB� 100 1CCA = 0BB� 00� 1CCAwhi
h indi
ates that neuron j = 3 stored the next traje
tory state in its weight ve
tor. Thisweight ve
tor supplies the robot 
ontroller with the next spatial position, the asso
iated jointangles, and the joint applied torques. On
e a robot has rea
hed its next position, new sensorreadings are fed ba
k to the neural network input to produ
e the following a
tivation patterna(2) = [0 0 1℄T . The 
orresponding next sequen
e item is then:y(2) =M � a(2) = 0BB� 0 0 00 0 �� 0 0 1CCA0BB� 001 1CCA = 0BB� 0�0 1CCAwhi
h indi
ates that neuron j = 2 stored the last traje
tory state in its weight ve
tor. When therobot arm rea
hes its �nal position, the new sensor readings together with 
ontext informationprodu
e the a
tivation pattern a(3) = [0 1 0℄T . The next sequen
e item 
orresponding is then:y(3) =M � a(3) = 0BB� 0 0 00 0 �� 0 0 1CCA0BB� 010 1CCA = 0BB� 000 1CCAwhi
h indi
ates that the traje
tory has indeed rea
hed its end, be
ause there is no \next item".4 SimulationsThis se
tion aims at evaluating the proposed neural network in terms of storage and re
all ofdi�erent types of traje
tories, as well as how the network parameters a�e
t the overall perfor-man
e of the system. First, we 
onsider 
losed 2D traje
tories (
ir
ular and �gure-eight types),and then, multiple 3D robot traje
tory pro
essing is assessed.The open and 
losed traje
tories were generated by the ROBOTICS toolbox of Matlab[31℄, for a PUMA 560 robot with 6 DOF. These traje
tories were previously used to evaluatere
urrent [10℄ and asso
iative memory neural models [32℄ in temporal-sequen
e-based 
ontrolof roboti
 arms. As pointed out by Wang & Yuwono [33℄, learning of multiple sequen
es 
anbe 
arried out with simultaneous or sequential input presentations, and the latter was 
hosenin our 
ase. By 
onvention, the robot movements are exe
uted within a 
ube of dimension1m � 1m � 1m. The origin of a 
oordinate frame for the robot end-e�e
tor is lo
ated at the
enter of the 
ube.Closed traje
tories, in
luded in this study, are 
ommonly used as ben
hmarks for sequen
epro
essing [34℄, [35℄, [36℄. For the 
ir
ular traje
tories, we have sequen
es with 20, 35, 70 and100 states. For the �gure-eight traje
tories the sequen
es are 20, 40, 80 and 100 states long. The



open traje
tories were used to test the ability of the network to work with multiple traje
torieswith shared states. Ea
h open traje
tory has 11 states, in
luding the initial and the �nal ones.In both open and 
losed traje
tories, ea
h state is 
onstituted by the spatial position (x; y; z)of the robot end-e�e
tor in its workspa
e, six joint angles and six joint applied torques. Thus,p = 3 + 6 + 6 = 15. The �xed 
ontext is set to the target position of the end-e�e
tor (�nalstate of the traje
tory), and thus q = 3. The time-varying 
ontext 
onsists of past end-e�e
torpositions, and it has depth � = 1. Then, the total number of input units is Ni = p+ q+ � � p =15 + 3 + 15 = 33.The network performan
e is evaluated in tra
king tasks by means of the root mean squareerror (RMSE) given by the following equation:RMSE(N
) =vuut 1N
 N
Xt=1(xtd � xtr)2 + (ytd � ytr)2 + (ztd � ztr)2where N
 is the number of patterns in a traje
tory, (xd; yd; zd) and (xr; yr; zr) are the desiredand re
alled 
oordinates of the robot end-e�e
tor. These 
oordinates are obtained from the �rstthree 
omponents of the input and winner weight ve
tors at time step t.4.1 Learning of Closed Traje
toriesIn the following paragraphs we evaluate the in
uen
e of network parameters on the networkperforman
e during the learning of 
losed 
ir
ular and �gure-eight traje
tories. The followingtests in
lude: 
hoi
e of learning rate Æ, in
uen
e of redundan
y on fault-toleran
e, and in
uen
eof sampling rate and redundan
y on noise-toleran
e.Choi
e of Learning Rate Æ: In this simulation, intended to show how the learning ratein
uen
es the storage a

ura
y of the proposed model, we trained the network on the 
ir
ularand �gure-eight traje
tories with four di�erent values of the feedforward learning rate Æ: 0.45,0.75, 0.90 and 0.99. The other parameters were set to the following values: K = 1, � = 106,� = 0:8, Amax = 1, 
 = 0.99, and No = 100. The feedforward weights were randomly initializedbetween 0 and 1, the feedba
k units were initialized to zero, and the same initial weights wereused for all values of Æ. The resulting traje
tories are plotted in Figure 3a for a 
ir
ular traje
torywith 35 dis
rete patterns. Figure 3b gives the general behavior for a �gure-eight traje
tory with80 points. [Figure 3 about here.℄The errors for the 
ir
ular traje
tories were: 2.173124 for Æ = 0.45, 0.965519 for Æ = 0.75,0.377616 for Æ = 0.90, and 0.038847 for Æ = 0.99. The errors for the �gure-eight traje
tory were:12.030423 for Æ = 0.45, 5.409065 for Æ = 0.75, 2.171650 for Æ = 0.90, and 0.218585 for Æ=0.99.These �gures indi
ate that the RMSE de
reases as Æ in
reases. Hen
e, to a
hieve a

ura
y, Æmust be near or equal to 1. This is an important requirement sin
e the robot 
ontroller mustbe supplied with pre
ise signals from the network.



In
uen
e of Redundan
y on Fault-Toleran
e : In this simulation, we show how atraje
tory is stored by the �rst K winning neurons, and why su
h a redundan
y me
hanism isuseful in 
ases of neuron failure. We 
hose K = 3, whi
h means that ea
h point of the sequen
eis en
oded by 3 di�erent neurons. The other parameters were set to the following values: Æ= 1, � = 106, � = 0.8, Amax = 1, 
 = 0.99, � = 1, No = 525. The results for a 
ir
ulartraje
tory with 70 points are shown in Figure 4. Figure 4a illustrates the input (
ir
les) andthe stored/retrieved traje
tory (
rosses) en
oded by the �rst winner neuron, while Figure 4bpresents the result for the third winner unit.[Figure 4 about here.℄The resulting RMSE values for the retrieved traje
tories were 0.00 (1st winner), 0.143867(2nd winner), and 0.287732 (3rd winner). The RMSE values for the se
ond and third winners
an be viewed as worst 
ases. For example, if all the �rst winners have 
ollapsed, the se
ondwinners would be used instead, yielding RMSE = 0.143867. In the extreme and unlike 
ase oftotal 
ollapse of the �rst and se
ond winners, the third would be used by the network, yieldingRMSE = 0.287732. Isolated neuron failures would result in intermediate values for RMSE.An example of a �gure-eight traje
tory with 80 points is plotted in Figure 5. This sequen
ehas a 
rossing position at 
oordinates (0.0, 0.0), whi
h explains the need for temporal 
ontextinformation. To re
all the traje
tory in the 
orre
t way, the time-varying 
ontext units areset to the 
oordinate of the pattern whi
h immediately pre
edes the 
urrent sensory input.The resulting RMSE values were: 0.00 (1st winner), 0.223320 (2nd winner), and 0.445203 (3rdwinner). We 
an 
on
lude that, for the purpose of tra
king, the robot 
ontroller must use thetraje
tory in Figure 4a and Figure 5a. In the 
ase of neuron failure, the stored traje
tories will
ontinue to be retrieved at the expense of a slightly higher RMSE value.[Figure 5 about here.℄It is worth noting that the network 
an store and retrieve a traje
tory with RMSE = 0 evenin the presen
e of neuron failures, by simply adopting Æ = 
 = A = 1. However, this wouldmake the network mu
h like a fault-tolerant 
onventional storage-and-re
all devi
e (look-uptable) without the ability to respond well to noisy sequen
es whi
h is a highly desirable networkproperty.In
uen
e of Sampling Rate and Redundan
y on Noise-Toleran
e : The simulations
onsidered in the previous se
tions handled noise-free traje
tories. However, toleran
e to noiseis a desirable property for any 
ontroller of a real roboti
 system. This network property wasevaluated by adding di�erent amounts of zero mean Gaussian white noise to the traje
torypatterns and 
al
ulating the RMSE value. The noise had varian
e levels ranging from 0.001 to0.1.A related issue is the e�e
t of the sampling rate (number of points in a sequen
e) on thenetwork performan
e [36℄. Hen
e, in this test, we aimed to evaluate how the network responds



to a noisy traje
tory while varying the degree of redundan
y and the number of items of theinput traje
tory.We simulated the network for three values of degree of redundan
y: K = 3, 4 and 5. Figures6 and 7 show the results for 
ir
ular and �gure-eight traje
tories, respe
tively. It 
an be seen inFigure 6 that lower values for RMSE (solid lines) are obtained by 
hoosing K = 5. The worstresults were obtained for K = 3 (dashed-dotted lines) and 4 (dotted lines). However, as thevalue of K in
reases, the improvement in RMSE is less patent.[Figure 6 about here.℄[Figure 7 about here.℄In addition, these results 
learly indi
ate that the RMSE rises as the number of points in asequen
e is in
reased. This 
an be explained by noting that as the distan
e between 
onse
utivepoints de
reases at higher sampling rates, the 
han
e of the network 
hoosing an in
orre
twinner due to noise in
reases. This result 
ontrasts with previous simulations en
ountered inthe literature [35℄ in whi
h in
reasing sampling rates results in higher resilien
e to noise.So far, the results obtained suggest that the network gains in robustness by using a redun-dan
y degree K > 1 (we suggest K = 2 or K = 3). Also, it is useful to have 
 < 1, whi
ha�ords some noise toleran
e. Another important property of the proposed model, the ability tostore and re
all with multiple traje
tories, is studied in the next se
tion.4.2 Learning of Multiple Robot Traje
toriesIn order to test the ability of the algorithm to en
ode multiple traje
tories, the following as-sumptions were made: (1) the initial and �nal points of a given traje
tory are known and (2)any traje
tory must 
ontain at least one 
rossing point with all the others. In the 
urrent work,we fo
us on traje
tories with one 
ommon point whi
h 
an be situated at any intermediateposition. The network parameters were set to � = 1000, Amax = 1, 
 = 0.95, Æ = 1.0, � = 0.8,� = 1, No = 70, and three traje
tories were trained sequentially.Traje
tories with at least one point in 
ommon su�er the per
eptual aliasing problem. Inthe present work, this problem is stated as: \whi
h traje
tory should the arm follow subsequentto a point belonging to more than one?" This problem is solved by the proposed model throughthe use of 
ontext (Se
tion 3.2). Figure 8 shows the network results following the training stageon three traje
tories. Traje
tories in Figure 8a and 8b have a 
rossing point at (0.20, 0.30, 0.0)and those in Figure 8b and 8
 have a 
rossing point at (0.22, 0.30, 0.0). It is worth noting thatthe stored and the desired traje
tories in all 
ases are very similar. For example, the RMSEvalue obtained for the traje
tory in Figure 8a is 0.0024. This illustrates the ability of Eq. (5)to en
ode an input pattern a

urately in only one iteration. The letters I and F indi
ate theinitial and �nal points of the traje
tory, respe
tively.[Figure 8 about here.℄



Figure 9 shows the re
alled traje
tories in Figure 8 in a simulated robot workspa
e, basedon the Simderella simulator [37℄. This simulated environment follows the 
orre
t relative di-mensions of a typi
al PUMA 560 robot.[Figure 9 about here.℄Figures 10, 11 and 12 show the joint angles and torques asso
iated with ea
h point in thestored traje
tories. Similarly, the algorithm was able to en
ode them with a small error, sin
ethe desired and stored values are pra
ti
ally the same. Note that the algorithm 
an learn theinput independently of its magnitude and sign, and it responds equally well to traje
tories withsmooth 
urvature (
ir
ular and �gure-eight sequen
es) and with abrupt 
hanges of dire
tion(see Figure 8). [Figure 10 about here.℄[Figure 11 about here.℄[Figure 12 about here.℄Figure 13 illustrates fault-toleran
e for this type of traje
tory. In this test, we simulatedneuron faults in the same way as for 
ir
ular and �gure-eight traje
tories, i.e., by ex
luding the�rst winning neurons, �1(t), for ea
h item of the three traje
tories. Even so, the network is ableto reprodu
e the traje
tories 
orre
tly at the expense of a slightly larger RMSE error, sin
e these
ond winners, �2(t), are now responsible for the retrieval of the stored sequen
e. This resultjusti�es the use of more than one neuron during the learning of the feedforward weights.[Figure 13 about here.℄Despite the simpli
ity of the model, the simulations suggest that multiple traje
tories 
anbe learned very fast and a

urately, independently of their 
omplexity. Traje
tories with morethan one 
rossing point are analogously learned with small tra
king error. In the next se
tionwe summarize the gains and limitations of the proposed model and dis
uss those aspe
ts inwhi
h it di�ers from previous ones in the literature for temporal sequen
e learning and robottraje
tory tra
king.5 Dis
ussionThe proposed self-organizing neural network raises a series of important issues regarding thetemporal sequen
e learning problem. In the following paragraphs, we present and dis
uss someof them in order to highlight the advan
es a
hieved by this model on existing neural networkmodels, unsupervised or not, used to temporal sequen
e pro
essing.The 
haining hypothesis: The basi
 idea of the 
haining hypothesis is to view a temporalsequen
e as a set of asso
iations between 
onse
utive 
omponents, and learn these asso
iations



for later re
all. This temporal asso
iation paradigm is widely used in many neural models.The vast majority of these models are based on either multilayer per
eptrons (MLP) with sometemporal version of ba
kpropagation training [38℄ or the Hop�eld model of asso
iative memory[21℄, [33℄. Also, BAM-type [39℄, [32℄ and ART-type [40℄, [41℄ model use the 
haining hypothesisto re
all temporal sequen
es. The model proposed in this paper also follows this paradigm;however, in 
ontrast to those models based on MLP and BAM, it learns temporal asso
iationsin a self-organized manner and the learning pro
ess is 
onsiderably faster. Comparing the
urrent model to other self-organizing ones su
h as those proposed by Grossberg [42℄ and Healyet al. [40℄, one 
an see that: (i) these models have diÆ
ulties in handling 
losed sequen
es withrepeated points; (ii) they do not address the problem of fault toleran
e and noise robustness.Furthermore, Healy et al. [40℄ 
oupled two ART 1 modules [43℄ trained on the same items ofa sequen
e and asso
iated the items learned from one ART 1 with those learned by the otherwhereas our model uses a single layer of feedforward weights where the items are linked in the
orre
t temporal order by lateral 
onne
tions.The temporal 
ontext : Context plays a 
ru
ial role in learning, espe
ially when a subje
tor an arti�
ial system has to handle ambiguous situations. The 
onventional approa
h toin
luding temporal 
ontext into neural networks is to extend previous unsupervised models forstati
 patterns by in
orporating some type of STM. For this purpose, the most 
ommonly usedare tapped-delay lines and leaky-integrator neurons (see [22℄ for a review). We have adoptedthe \tapped-delay lines" approa
h for the time-varying 
ontext, but leaky-integrator neurons
an be used alternatively. A drawba
k of the proposed model is that the depth � of the time-varying 
ontext is non-adaptive, i.e., it has to be determined before learning takes pla
e. Theunsupervised model by Wang & Yuwono [33℄ learn the length of the temporal 
ontext ne
essaryto re
all sequen
es without ambiguity. It is important to note that temporal 
ontext as part ofthe network input also plays a fundamental role in 
lassi�
ation of temporal patterns [44℄.Time-delayed Hebbian Learning : It is well known that time in Hebbian learning rules playsan essential role in psy
hology [45℄, [46℄, obje
t re
ognition [47℄, route learning and navigation[48℄ and blind sour
e separation [49℄. To our knowledge, the proposed model together with thatin Barreto & Ara�ujo [25℄, [26℄ are the �rst to apply a time-delayed Hebbian learning rule toroboti
s. Similarly to our approa
h, Kope
z [50℄ used the 
on
ept of spatial items linked viaa time-delayed Hebbian rule, to learn and re
all temporal sequen
es. However, his model doesnot handle sequen
es with re
urrent items.Appli
ation to Roboti
s: Our model works mu
h like a look-up table, sin
e an input sequen
eitem is asso
iated with an output neuron, where extra information is available in its feedforwardand feedba
k weights. Su
h information 
onsists of 
ontrol variables, su
h as the next spatialposition of the end-e�e
tor, and the 
orresponding joint angles and torques, whi
h are learnedadaptively. Furthermore, the proposed model o�ers some degree of toleran
e to noise and faults,an issue not easily addressed in 
onventional approa
hes to robot 
ontrol via the look-up table



method. Finally, this model handles ambiguous situations as easily as non-ambiguous ones,implying that it 
an be s
aled-up to deal with more 
omplex traje
tories without additionaldiÆ
ulty.As pointed out at the beginning of the paper, the walk-through method used in robottraje
tory tra
king tasks 
an be
ome time-
onsuming and une
onomi
al. This o

urs in partbe
ause the robot is out of produ
tion during the traje
tory-learning pro
ess, and in partbe
ause, as the traje
tories be
ome more and more 
omplex, the robot human operator mayfa
e diÆ
ulties in resolving ambiguities. The latter motivated strongly the development of theself-organizing neural network model presented in this paper, sin
e it is highly desirable to havethe traje
tory-learning pro
ess automated with minimal human supervision.When 
ompared to other neural networks for traje
tory tra
king, the proposed model per-forms better than those of Hy�otyniemi [51℄, Alth�ofer & Bugmann [11℄ and Bugmann et al. [6℄,be
ause the temporal asso
iations in those models are hard-wired. In the last two networksmentioned, two layers of 
onne
tions store exa
tly the same 
omponents, and the temporallinks are established by the network designer sin
e the traje
tory is known beforehand. Forsequen
es with repeated or shared states, the �rst two models are unable to reprodu
e thestored traje
tories 
orre
tly. The third 
an re
all a single traje
tory with repeated states but isunable to deal with multiple traje
tories with shared states. Finally, as pointed out by Chen etal. [4℄, the issue of learning of multiple robot traje
tories is usually negle
ted when 
onsideringneural networks models for tra
king. This happens partly be
ause of the inherent diÆ
ultiesin dealing with re
urrent states. Our model is the �rst unsupervised one proposed to handletra
king of multiple open and 
losed traje
tories with repeated and shared states.6 Con
lusion and Further WorkAn unsupervised model for learning and re
all of temporal sequen
es is developed in this paperand applied to robot traje
tory tra
king. The simple neural network model a

urately stores andretrieves 
omplex sequen
es. An important advan
e introdu
ed in this arti
le is the pro
essingof multiple sequen
es by our model.In addition, the proposed temporal-sequen
e-based 
ontrol system has other properties thatare of great importan
e to the design of intelligent roboti
 systems: (i) noise toleran
e, (ii)ability to learn multiple traje
tories in
rementally, (iii) ability to handle traje
tories sampledat di�erent rates, (iv) fault toleran
e, (v) ability to learn open and 
losed traje
tories withrepeated and shared items, and (vi) ability to re
all a learned traje
tory from any intermediatepoint.A foreseen limitation of our model is related to the storage of long sequen
es. Sin
e theredundan
y and ex
lusion me
hanisms demand relatively high number of output neurons, asituation may o

ur in whi
h output neurons have all been used and none 
an be allo
ated toen
ode a new sequen
e. To deal with this, we suggest the use of some unsupervised 
onstru
tivealgorithms [52℄ to in
lude neurons when ne
essary. We believe that the model 
an be further



improved and mu
h work 
ould be developed in the following dire
tions:1. Further 
omparison with approa
hes more re
ently proposed in the neural network litera-ture, su
h as the models of Wang & Yuwono [33℄ and Srinivasa & Ahuja [53℄, so that theviability of unsupervised neural networks for spatiotemporal pro
essing and its appli
ationin robot 
ontrol 
an be �rmly demonstrated.2. A self-organizing me
hanism to determine the depth of the time-varying 
ontext basedsolely on the input patterns. See, for example, Wang & Arbib [7℄ and Wang [21℄.3. Implementation in a real robot: despite the many properties of the proposed neural systemthat 
an be inferred from 
omputer simulations, the ultimate goal of a neural 
ontrollermust be its testing in real roboti
 system. This is one of our next steps.A
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Figure 1: The ar
hite
ture of the proposed model.Figure 2: A sket
h of how 
onse
utive winners are temporally linkedthrough lateral 
onne
tions. xf is the �xed 
ontext and x� (t) denotes thetime-varying 
ontext.Figure 3: A

ura
y in learning 
losed traje
tories for Æ = 0.45, 0.75, 0.90and 0.99. Inner traje
tories have lower values for the learning rate Æ.Arrows indi
ate the dire
tion of movement.Figure 4: E�e
ts of redundan
y on the learning of 
ir
ular traje
tories bythe: (a) 1st winner (higher a
tivation) and (b) 3rd winner (lowera
tivation).Figure 5: E�e
ts of redundan
y on the learning of �gure-eighttraje
tories by the: (a) 1st winner (higher a
tivation) and (b) 3rd winner(lower a
tivation).Figure 6: Noise-toleran
e of the network trained on 
ir
ular traje
toriesfor di�erent sampling rates: (a) 20 points, (b) 35 points, (
) 70 pointsand (d) 100 points.Figure 7: Noise-toleran
e of the network trained on �gure-eighttraje
tories for di�erent sampling rates: (a) 20 points, (b) 40 points, (
)80 points and (d) 100 points.Figure 8: Three learned traje
tories with one point in 
ommon. Adesired traje
tory is represented by open 
ir
les and a retrievedtraje
tory is represented by asterisks.Figure 9: The retrieved traje
tories in Figure 8 in a simulated robotworkspa
e.Figure 10: The joint angles (a) and (b), and torques (
) and (d)asso
iated with the points of the traje
tory shown in Figure 8a. Anglesin radians and torques in N.m.



Figure 11: The joint angles (a) and (b), and torques (
) and (d)asso
iated with the points of the traje
tory shown in Figure 8b.Figure 12: The joint angles (a) and (b), and torques (
) and (d)asso
iated with the points of the traje
tory shown in Figure 8
.Figure 13: The same traje
tories as in Figure 8. However, in this 
ase, afault is simulated in all the �1(t) winning neurons for ea
h item of thethree traje
tories.



List of Figures1 The ar
hite
ture of the proposed model. . . . . . . . . . . . . . . . . . . . . . . . 272 A sket
h of how 
onse
utive winners are temporally linked through lateral 
on-ne
tions. xf is the �xed 
ontext and x� (t) denotes the time-varying 
ontext. . . 283 A

ura
y in learning 
losed traje
tories for Æ = 0.45, 0.75, 0.90 and 0.99. In-ner traje
tories have lower values for the learning rate Æ. Arrows indi
ate thedire
tion of movement. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 294 E�e
ts of redundan
y on the learning of 
ir
ular traje
tories by the: (a) 1stwinner (higher a
tivation) and (b) 3rd winner (lower a
tivation). . . . . . . . . . 305 E�e
ts of redundan
y on the learning of �gure-eight traje
tories by the: (a) 1stwinner (higher a
tivation) and (b) 3rd winner (lower a
tivation). . . . . . . . . . 316 Noise-toleran
e of the network trained on 
ir
ular traje
tories for di�erent sam-pling rates: (a) 20 points, (b) 35 points, (
) 70 points and (d) 100 points. . . . . 327 Noise-toleran
e of the network trained on �gure-eight traje
tories for di�erentsampling rates: (a) 20 points, (b) 40 points, (
) 80 points and (d) 100 points. . . 338 Three learned traje
tories with one point in 
ommon. A desired traje
tory isrepresented by open 
ir
les and a retrieved traje
tory is represented by asterisks. 349 The retrieved traje
tories in Figure 8 in a simulated robot workspa
e. . . . . . . 3510 The joint angles (a) and (b), and torques (
) and (d) asso
iated with the pointsof the traje
tory shown in Figure 8a. Angles in radians and torques in N.m. . . . 3611 The joint angles (a) and (b), and torques (
) and (d) asso
iated with the pointsof the traje
tory shown in Figure 8b. . . . . . . . . . . . . . . . . . . . . . . . . . 3712 The joint angles (a) and (b), and torques (
) and (d) asso
iated with the pointsof the traje
tory shown in Figure 8
. . . . . . . . . . . . . . . . . . . . . . . . . . 3813 The same traje
tories as in Figure 8. However, in this 
ase, a fault is simulatedin all the �1(t) winning neurons for ea
h item of the three traje
tories. . . . . . . 39



weights
Intralayer

M

Wweights
Interlayer

: :
: :

s (t) x τ(t)

z-1 z-1 z-1 z-1 z-1 z-1

fx

Fixed Time-varying
ContextContext

Sensory
InputsFigure 1: The ar
hite
ture of the proposed model.



t = 0

(1) xf xτ(1)

t = 1

s ( )2s xf xτ(2)

t = 2

( )2s xf xτ(2)

t = 2Figure 2: A sket
h of how 
onse
utive winners are temporally linked through lateral 
onne
tions.xf is the �xed 
ontext and x� (t) denotes the time-varying 
ontext.



(t
)

y

x )( t

0.0-0.5
-0.5

-0.25 0.25 0.5

0.5

0.0

-0.25

0.25

(a)
(t

)
y

x )( t

0.0-0.5
-0.5

-0.25 0.25 0.5

0.5

0.0

-0.25

0.25

(b)Figure 3: A

ura
y in learning 
losed traje
tories for Æ = 0.45, 0.75, 0.90 and 0.99. Innertraje
tories have lower values for the learning rate Æ. Arrows indi
ate the dire
tion of movement.



(t
)

y

x )( t

0.0-0.5
-0.5

-0.25 0.25 0.5

0.5

0.0

-0.25

0.25

(a)
(t

)
y

x )( t

0.0-0.5
-0.5

-0.25 0.25 0.5

0.5

0.0

-0.25

0.25

(b)Figure 4: E�e
ts of redundan
y on the learning of 
ir
ular traje
tories by the: (a) 1st winner(higher a
tivation) and (b) 3rd winner (lower a
tivation).



(t
)

y

x )( t

0.50.0 0.25-0.5 -0.25

0.5

0.25

-0.25

0.0

-0.5 (a)
(t

)
y

x )( t

0.50.25-0.5 -0.25

0.5

0.25

-0.25

0.0

-0.5
0.0(b)Figure 5: E�e
ts of redundan
y on the learning of �gure-eight traje
tories by the: (a) 1st winner(higher a
tivation) and (b) 3rd winner (lower a
tivation).



(a) (b)

(
) (d)Figure 6: Noise-toleran
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)Figure 9: The retrieved traje
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