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Abstract. One of the long-term goals in the domain of humankinematics) of the movement itself that are to butdted (see

robot interaction is that robots will approach #hdateractions
equipped with some of the same fundamental cogndapabilities
that humans use. This will include the ability gerceive and
understand human action in terms of an ultimatd, goad more
generally to represent shared intentional plang/tich the goal
directed actions of the robot and the human arerladed into a
shared representation of how to achieve a commal o a
cooperative manner. The current research take<ifispe
experimental protocols from studies of cognitives&lepment to
define behavior milestones for a perceptual-mostdotic system.
Based on a set of previously established princifoalglefining the
“innate” functions available to such a system, agnitive
architecture is developed that allows the robot perform
cooperative tasks at the level of an 18 month alchdn child.
Structural and functional properties of the
neurophysiological mechanisms for action processirggused to
provide further constraints on how the architeciarenplemented.
At the interface of cognitive development and ratmtthe results
on cooperation and imitation provide (1) a concosmonstration
of how cognitive neuroscience and developmentatlietu can
contribute to human-robot interaction fidelity, an(®) a
demonstration of how robots can be used to expetiméth
theories on the implementation of cognition in ttheveloping
human.

1. INTRODUCTION

One of the current open challenges in cognitive patational
neuroscience is to understand the neural bastsedfitiman ability
to observe and imitate action. The results froehsan endeavor
can then be implemented and tested in robotic mgsteRecent
results from human and non-human primate
neuroanatomy and neurophysiology provide a rich sét
observations that allow us to constrain the problemhow
imitation is achieved. The current research idiestiand exploits
constraints in these three domains in order to ldpva system for
goal directed action perception and imitation.

An impressive body of research exists on humaraiioit (62K
responses to “human imitation” in Google Scholavhich has
been empirically studied for over 100 years [15Dne of the
recurrent findings across these studies is th#tarcontext of goal
directed action, it is the goal itself that tenddake precedence in
defining what is to be imitated, rather than thean®e[1, 6, 825,
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discussion in [6, 7]), but the current researchu$es on goal based
imitation . This body of research helped to foratel questions
concerning what could be the neurophysiologicalsgalbes for
goal based imitation. In 1992 di Pellegrino in Riezolatti lab [8]
published the first results on “mirror” neurons, agk action
potentials reflected both the production of specgbal-directed
action, and the perception of the same action beémged by the
experimenter. Since then, the premotor and pndtaor system
has been studied in detail in monkey (by singlé tedording) and
in man (by PET and fMRI) [see 25 for review].

In the context of understanding imitation, the disry of the
mirror system had an immense theoretical impactt psovided
justification for a common code for action prodoati and
erception. In recent years a significant reseanthvity has used
simulation and robotic platforms to attempt to limkitation
behavior to the underlying neurophysiology at défe levels of
detail (see [24] for a recent and thorough reviedited volumes
[22, 23], and a dedicated special issue of Neuetimdrks [2]).
Such research must directly address the questiorhosf to
determine what to imitate. Carpenter and Call [8}idguish three
aspects of the demonstration to copy: the physicsibn, the
resulting change in physical state, and the infergeal — the
internal representation of the desired state. Mereoncentrate on
imitation of the goal, with the advantage of eliating the
difficulties of mapping detailed movement trajedsracross the
actor and imitator [7].

Part of the novelty of the current research is thafll explore
imitation in the context of cooperative activitywhich two agents
act in a form of turn-taking sequence, with theécat of each one
folding into an interleaved and coordinated intendl action plan.

behavio¥ith respect to constraints derived from behaviataldies, we

choose to examine child development studies, becsush studies
provide well-specified protocols that test behavibat is both
relatively simple, and pertinent. The expectati®nhat a system
that can account for this behavior should exteratlitg to more
complex behavior, as demonstrated below.

Looking to the developmental data, Warneken, Ched an
Tomasello [30] engaged 18-24 month children and ngou
chimpanzees in goal-oriented tasks and social gamleish
required cooperation. They were interested bothhdw the
cooperation would proceed under optimal conditidng,also how
the children and chimps would respond when the tadatl a
problem in performing the task. The principal fimgl was that
children enthusiastically participate both in  godirected
cooperative tasks and social games, and spontdgesitempt to
reengage and help the adult when he falters. ihtrast, chimps
are uninterested in non-goal directed social garaes, appear



Fig 1. Cooperation System. In a shared work-spaeean and robot manipulate objects (green, yelteawl and blue circles corresponding to dog,
horse, pig and duck), placing them next to thediledmarks (light, turtle, hammer, et@xtion Spoken commands interpreted as individual words

or grammatical constructions, and the command avsbiple arguments are extracted using grammatmadtructions in Language Proc.

The

resulting Action(Agent, Object, Recipient) represgion is the Current Action. This is convertetbimobot command primitives (Motor Command)
and joint angles (Motor Control) for the robBerception Vision provides object location input, allowiagtion to be perceived as changes in World

State (State Comparator).

Resulting Current Actised for action description, imitation, and coapge action sequencedmitation: The user

performed action is perceived and encoded in Ctuietion, which is then used to control the robodar the supervision of Executive Control.
Cooperative GamesDuring observations, individual actions are pered, and attributed to the agent or the otheyepléMe or You). The action
sequence is stored in the We Intention structhiag,¢an then be used to separately representssafher actions..

wholly fixed on attaining food goals, independehttooperation.
Warneken et al. thus observed what appears to beryaearly
human capacity for (1) actively engaging in coopeeaactivities
for the sake of cooperation, and (2) for helpinge®ngaging the
perturbed adult [29, 30].

In one of the social games, the experiment begath wai
demonstration where one participant sent a woodecklsliding
down an inclined tube and the other participangbathe block in
a tin cup that made a rattling sound. This cacdesidered more
generally as a task in which one participant maresbject so that
the second participant can then in turn maniputaeobject. This
represents a minimal case of a coordinated acégnence. After
the demonstration, in Trials 1 and 2 the experieesent the
block down one of the tubes three times, and théttised to the
other, and the child was required to choose theesame as the
partner. In Trials 3 and 4 during the game, thpeerenter
interrupted the behavior for 15 seconds and themmed.

Behaviorally, children successfully participatedtie game in
Trials 1 and 2. In the interruption Trials 3 andhéy displayed
two particularly interesting types of response thatre (a) to
attempt to perform the role of the experimententbelves, and/or
(b) to reengage the experimenter with a communieadict. This
indicates that the children had a clear awareness df their role
and that of the adult in the shared coordinatedvigct This
research thus identifies a set of behavioral objestfor robot
behavior in the perception and execution of coaparantentional
action. Such behavior could, however, be achiéwednumber of
possible architectures.

In order to begin to constrain the space of possblutions we
can look to recent results in human and primateaphysiology
and neuroanatomy. It has now become clearly eskedal that
neurons in the parietal cortex and the premototegoencode the
goal of simple actions both for the execution ofsih actions as
well as for the perception of these same goal-threactions when
performed by a second agent [8, 25]. This resedtuls
corroborates the emphasis from behavioral studies tioe
importance of the goal (rather than the detailghaf means) in
action perception [1, 6, 825, 27, 28]. It hasrbeaggested that

these “mirror” neurons play a crucial role in intitm, as they
provide a common representation for the perceptiamd
subsequent execution of a given action. Intergltirhowever, it
has been clearly demonstrated that the imitatiafityalof non-
human primates is severely impoverished when cosapiar that of
humans [25, 28-30]. This indicates that the huraaility to
imitate novel actions and action sequences in tigw (i.e. after
only one or two demonstrations) relies on additionaural
mechanisms.

In this context, a recent study of human imitatiearning [5]
implicates Brodmann's area (BA) 46 as responsible for
orchestrating and selecting the appropriate actionsnovel
imitation tasks. We have recently proposed that BApdrticipates
in a dorsal stream mechanism for the manipulatiomadables in
abstract sequences and language [14]. Thus, \@rislots” that
can be instantiated by arbitrary motor primitivearidg the
observation of new behavior sequences, are coedrati BA 46,
and their sequential structure is under the comfaorticostriatal
systems which have been clearly implicated in semedor
sequencing (see [14]). This allows us to propdsat this
evolutionarily more recent cortical area BA 46 mdgypa crucial
role in allowing humans to perform compositionakrgtions (i.e.
sequence learning) on more primitive action repregmns in the
ventral premotor and parietal motor cortices. bheo words,
ventral premotor and parietal cortices instantsitared perceptual
and motor representations of atomic actions, and@Bpwbvides
the capability to compose arbitrary sequences efehatomic
actions, while relying on well known corticostriata
neurophysiology for sequence storage and retrievallhe
functional result is the human ability to observed aepresent
novel behavioral action sequences. We furthemclthat this
system can represent behavioral sequences fronibttes eye
view” or third person perspective, as requiredtfo cooperative
tasks of Warneken et al. [30]. That is, it camwllone observer to
perceive and form an integrated representatiomefcbordinated
actions of two other agents engaged in a cooperatitivity. The
observer can then use this representation to stgmd play the
role of either of the two agents.



2. IMPLEMENTATION

In a comment on Tomasello et al [28] on understagdind
sharing intention, Dominey [10] analyses how a ektinitial
capabilities can be used to provide the basisHaresl intentions.
This includes capabilities to

1. perceive the physical states of objects,

2. perceive (and perform) actions that change thigges,
3. distinguish between self and other,

4. perceive emotional/evaluation responses in stlzerd
5. learn sequences of predicate-argument repréigersta

The goal is to demonstrate how these 5 propertas le
implemented within the constraints of the neuropllggy data
reviewed above in order to provide the basis fafgoming these
cooperative tasks. In the current experimenthtirean and robot
cooperate by moving physical objects to differeasifions in a
shared work-space as illustrated in Figures 1 and The 4
moveable objects are pieces of a wooden puzzleesepting a
dog, a pig, a duck and a cow. These pieces candved by the
robot and the user in the context of cooperatitiac Each has
fixed to it a vertically protruding metal screw, ich provides an
easy grasping target both for the robot and fordmsn In addition
there are 6 images that are fixed to the tablesanek as landmarks
for placing the moveable objects, and correspona tlight, a
turtle, a hammer, a rose, a lock and a lion, asafig illustrated in
Figures 1 & 2. In the interactions, human and tave required to
place objects in zones next to the different lanttsaso that the
robot can more easily determine where objects ard, where to
grasp them. Figure 1 provides an overview of tichitecture, and
Figure 2, which corresponds to Experiment 6 praviaie overview
of how the system operates.

2.1 Representation

The structure of the internal representationsdsraral factor
determining how the system will function, and hotv will
generalize to new conditions. Based on the neusiplogy
reviewed above, we use a common representatiorctafnafor
both perception and production. Actions are idetti by the
agent, the object, and the target location to nibaeobject to. As
illustrated in Figure 1, by taking the short loaprh vision, via
Current Action Representation, to Motor Command, fstesn is
thus configured for a form of goal-centered acfimitation. This
will be expanded upon below.

A central feature of the system is the World Modeht
represents the physical state of the world, andbeaaccessed and
updated by vision, motor control, and language,ilamto the
Grounded Situation Model of [21]. The World Modeicedes the
physical locations of objects that is updated bgiom and
proprioception (i.e. robot action updates World Mbdith new
object location). Changes in the World Model imnte of an
object being moved allows the system to detecbastin terms
these object movements. Actions are representddrins of the
agent, the object and the goal of the action, ie form
MOVE(object, goal location, agent). These represt@rs can be
used for commanding action, for describing recogghiaction, and
thus for action imitation and narration, as sednwe

In order to allow for more elaborate cooperativévity, the
system must be able to store and retrieve actiors $equential
structure. This form of real time sequence leayrior imitation is
not observed in non-human primates. Interestiriglyhis context,

an fMRI study [5] that addressed the human abititplbserve and
program arbitrary actions indicated that a cortiaeéa (BA46)
which is of relatively recent phylogenetic origginvolved in such
processes. Rizzolatti and Craighero [25] have thggested that
the BA 46 in man will orchestrate allow the realdirapability to
store and retrieve recognized actions, and we geher propose
that this orchestration will recruit canonical lratircuitry for

sequence processing including the cortico-strisgatem (see [14]
for discussion of such sequence processing).

In the current study we address behavioral conitiin
which focus on the observation and immediate re-abean
intentional (goal directed) action plan. Howevar,the more
general case, one should consider that multipkentidnal action
plans can be observed and stored in a repertoRém or
Intentional Plan Repertory in Figure 1). When tlystam is
subsequently observing the behavior of othersart compare the
ongoing behavior to these stored sequences. Dmiauta match
with the beginning of a stored sequence can be tasestrieve the
entire sequence. This can then be used to allewsyistem to
“jump into” the scenario, to anticipate the othgemt’'s actions,
and/or to help that agent if there is a problem.

Figure 2. Cooperative task of Exp 5-6. Robot awith 6 landmarks

(Light, turtle, hammer, rose, lock and lion fronptm bottom). Moveable
objects include Dog and Horse. In A-D, human dertrates a “horse

chase the dog” game, and successively moves the tbeg Horse,

indicating that in the game, the user then thetrab® agents, respectively.
After demonstration, human and robot “play the ganreeach of E — F

user moves Dog, and robot follows with Horse. ImaBot moves horse,
then in H robot detects that the user is havinghi® and so “helps” the
user with the final move of the dog. See Exp 5.& 6



2.2 Visual perception

Visual perception is a challenging technical prable To
simplify, standard lighting conditions and a snssdt (n = 10) of
visual object to recognize are employed (4 moveabjects and 6
location landmarks). A VGA webcam is positioned.&5 meters
above the robot workspace. Vision processing awided by the
Spikenet Vision System (http://www.spikenet-tecluggl.com/).
Three recognition models for each object at difier@rientations
(see Fig. 3) were built with an offline model b@itd During real-
time vision processing, the models are recogniaed, their (x, y)
location in camera coordinates are provided. QOgion post-
processing eliminates spurious detections andnetthe reliable
(x, y) coordinates of each moveable object in @ filThe nearest
landmark is then calculated.

2.3 Motor Control & Visual-Motor Coordination

While visual-motor coordination is not the focustbé current
work, it was necessary to provide some primitivactions to
allow goal directed action. All of the robot act® whether
generated in a context of imitation, spoken commaod
cooperative interaction will be of the formove(x to ywherex is
a member of a set of visually perceivable objeetsdy is a
member of the set of fixed locations on the woknpl

Robot motor control for transport and object maragioh with
a two finger gripper is provided by the 6DOF Lynxm
(www.lynxmotion.com). The 6 motors of the arm aoordinated
by a parallel controller connected to a PC comptitat provides
transmission of robot commands over the RS232 gauidl

Human users (and the robot) are constrained whenrtiove an
object, to place it in one of the zones designated to each of the
six landmarks (see Fig 3). This way, when the estalandmark
for an object has been determined, this is sufficier the robot to
grasp that object at the prespecified zone.

Figure 3. Vision processing. Above: A. — D. Téatemplates each for the
Dog, Duck, Horse and Pig objects at three diffe#ntations. Below,
encompassing circles indicate template recognitasnthe four different
objects near different fixed landmarks, as seemftbe camera over the
robot workspace

In a calibration phase, a target point is markext t@ each of
the 6 fixed landmark locations, such that theyadren an arc that
is equidistant to the center of rotation of theaibarm base. For
each, the rotation angle of Joint O (the rotatihguider base)
necessary to align the arm with that point is tdetermined, along
with a common set of joint angles for Joints 1 th&t position the
gripper to seize any of the objects. Angles fantlé that controls
the closing and opening of the gripper to grasp egldase an
object were then identified. Finally a neutralitioa to which the
arm could be returned in between movements wasetkfi The
system was thus equipped with a set of primitilest tould be
combined to position the robot at any of the 6 girag locations,
grasp the corresponding object, move to a newipasiand place
the object there.

Figure 4. Spoken Language Based Cooperation fldwcantrol.
Interaction begins with proposal to act, or imitptey a game. Act — user
says an action that is verified and executed byotrobWorld Model
updated based on action. Downward arrow indicagtsrn to Start.
Imitate/Play — user demonstrates actions to rohdtsays who the agent
should be when the game is to be played (e.g. ‘Mmithis”). Each time,
system checks the state of the world, invites #d action and detects the
action based on visual object movement. When #madis finished, the
plan (of a single item in the case of imitationpiered and executed (Play
Plan). If the user is the agent (encoded as fattheo game sequence),
system checks execution status and helps useitufea If robot is agent,
system executes action, and then moves on to teent i

2.4 Cooperation Control Architecture

The spoken language control architecture illustrateFig 4 is
implemented with the CSLU Rapid Application Developine
toolkit (http://cslu.cse.ogi.edu/toolkit/). Thig/sdéem provides a
state-based dialog management system that allderaation with
the robot (via the serial port controller) and withe vision
processing system (via file i/0). It also providése spoken
language interface that allows the user to determihat mode of
operation he and the robot will work in, and to age the
interaction via spoken words and sentences.

Figure 4 illustrates the flow of control of the emdction
management. In the Start state the system fisstally observes
where all of the objects are currently located.nfFtbe start state,
the system allows the user to specify if he wamtask the robot to
perform actions (Act), to imitate the user, or tayp(Imitate/Play).
In the Act state, the user can specify actionshefform “Put the
dog next to the rose” and a grammatical constrodémnplate [9,



11-14] is used to extract the action that the rahet performs.
In the Imitate state, the robot first verifies therent state (Update
World) and then invites the user to demonstrat@acion (Invite
Action). The user shows the robot one action. Tiabot re-
observes the world and detects the action basedchamges
detected (Detect Action). This action is then slaared transmitted
(via Play the Plan with Robot as Agent) to execut{@&xecute
action). A predicate(argument) representation bé tform
Move(object, landmark) is used both for action obaton and
execution.

Imitation is thus a minimal case of Playing in whibe “game”
is a single action executed by the robot. In tloeengeneral case,
the user can demonstrate multiple successive actand indicate
the agent (by saying “You/l do this”) for each aaoti The
resulting intentional plan specifies what is to dene by whom.
When the user specifies that the plan is finistieel system moves
to the Save Plan, and then to the Play Plan st&eseach action,
the system recalls whether it is to be executethbyrobot or the
user. Robot execution takes the standard Executerdgathway.
User execution performs a check (based on useromssp
concerning whether the action was correctly peréatror not. If
the user action is not performed, then the robaotrmanicates with
the user, and performs the action itself. Thulpimg” was
implemented by combining an evaluation of the wssion, with
the existing capability to perform a stored actiepresentation.

3.EXPERIMENTAL RESULTS

For each of the 6 following experiments, equivalgatiants
were repeated at least ten times to demonstrategyeheralized
capability and robustness of the system. In lkas 6 percent of
the trials, errors of two types were observed touoc Speech
errors resulted from a failure in the voice rectigni and were
recovered from by the command validation check (Rolbid
you say ...?"). Visual image recognition errors agced when the
objects were rotated beyond 20° from their uprjgbdition. These
errors were identified when the user detected émabbject that
should be seen was not reported as visible byyters, and were
corrected by the user re-placing the object anihgske system to
“look again”. At the beginning of each trial thgstem first queries
the vision system, and updates the World Model ith position
of all visible objects. It then informs the usdrtiee locations of
the different objects, for example “The dog is nexthe lock, the
horse is next to the lion.” It then asks the Uf you want me
to act, imitate, play or look again?”, and the ussponds with one
of the action-related options, or with “look ag#ithe scene is not
described correctly.

3.1 Experiment 1. Validation of Sensorimotor
Control

In this experiment, the user says that he wants'Ab® state
(Fig 4), and then uses spoken commands such astliEutorse
next to the hammer”. Recall that the horse is antbagnoveable
objects, and hammer is among the fixed landmarkke robot
requests confirmation and then extracts the presli@ayument

representation -Move(X to Y) -of the sentence based on

grammatical construction templates. In the Exedtton state,

the actionMove(X to Y)is decomposed into two components of

Likewise, Place-At(Y) simply performs a transport to target
location Y and releases the object. Decomposiagéhandplace
functions allows the composition of all possiblentznations in
the Move(X to Y)space. Ten trials were performed moving the
four object to and from different landmark locasorExperiment 1
thus demonstrates (1) the ability to transform akep sentence
into a Move(X to Y) command, (2) the ability to foem visual
localization of the target object, and (3) the sepsgnotor ability

to grasp the object and put it at the specifiechtion. In ten
experimental runs, the system performed correctly.

3.2 Experiment 2: Imitation

In this experiment the user chooses the “imitatigites As
stated above, imitation is centered on the achievets — in terms
of observed changes in state — rather than the srtearards these
ends. Before the user performs the demonstratidheofction to
be imitated, the robot queries the vision systemd apdates the
World Model (Update World in Fig 4) and then ingitdhe user to
demonstrate an action. The robot pauses, andatain queries
the vision system and continues to query until dtedts a
difference between the currently perceived worldtestand the
previously stored World Model (in State ComparatbFig 1, and
Detect Action in Fig 4), corresponding to an objdigplacement.
Extracting the identity of the displaced objectd ais new location
(with respect to the nearest landmark) allowsftimmnation of an
Move(object, locationjgction representation. Before imitating,
the robot operates on this representation with aning-to-
sentence construction in order to verify the actmithe user, as in
“Did you put the dog next to the rose?” It theksathe user to put
things back as they were so that it can performifigation. At
this point, the action is executed (Execute Acfiofrig 4). In ten
experimental runs the system performed correctlyThis
demonstrates (1) the ability of the system to detiee goals of
user-generated actions based on visually perceitate changes,
and (2) the utility of a common representation cfian for
perception, description and execution.

3.3 Experiment 3: A Cooperative Game

The cooperative game is similar to imitation, exdéat there is
a sequence of actions (rather than just one), lmadtions can be
effected by either the user or the robot in a coatpee manner. In
this experiment, the user responds to the systgomest and enters
the “play” state. In what corresponds to the destration in
Warneken et al. [17] the robot invites the usestart showing
how the game works. The user then begins to paréosequence
of actions. For each action, the user specifies daes the action,
i.e. either “you do this” or “I do this”. The ietional plan is thus
stored as a sequence of action-agent pairs, wheteaetion is the
movement of an object to a particular target laeatiln Fig 1, the
resulting interleaved sequence is stored as theif\téation”, i.e.
an action sequence in which there are differenntagier different
actions. When the user is finished he says “playgame”. The
robot then begins to execute the stored intentiplan. During
the execution, the “We intention” is decomposedo irthe
components for the robot (Me Intention) and the amnfYou
intention).
In one run, during the demonstration, the user Saétb this”

Get(X) andPlace-At(Y) Get(X)queries the World Model in order and moved the horse from the lock location to theerlocation.

to localize X with respect to the different landksrand then
performs a grasp at the corresponding landmarketdagation.

He then said “you do this” and moved the horse hacthe lock
location. After each move, the robot asks “Anotimeve, or shall
we play the game?”. When the user is finished destnating the



game, he replies “Play the game.” During the pigyf this game,
the robot announced “Now user puts the horse bydke’. The

user then performed this movement. The robot #sked the user
“Is it OK?” to which the user replied “Yes”. Thebot then

announced “Now robot puts the horse by the locld parformed

the action. In two experimental runs of differel@monstrations,
and 5 runs each of the two demonstrated games,sybem

performed correctly. This demonstrates that ttstesy can learn a
simple intentional plan as a stored action sequémaghich the

human and the robot are agents in the respectiignac

3.4 Experiment 4: Interrupting a Cooperative
Game

In this experiment, everything proceeds as in arpant 3,
except that after one correct repetition of the gam the next
repetition, when the robot announced “Now user fhshorse by
the rose” the user did nothing. The robot askedit|OK” and
during a 15 second delay, the user replied “nohe Tobot then
said “Let me help you” and executed the move ofttbese to the
rose. Play then continued for the remaining mok¢he robot.
This illustrates how the robot’s stored represémtadf the action
that was to be performed by the user allowed th®tréo “help”
the user.

3.5 Experiment 5: A More Complex Game

Experiment 3 represented the simplest behavior tbatd
qualify as a cooperative action sequence. In otdemore
explicitly test the intentional sequencing cap#pitif the system,
this experiment replicates Exp 3 but with a morenplex task,
illustrated in Figure 2. In this game (Table He tuser starts by
moving0 the dog, and after each move the robotsesiathe dog
with the horse, till they both return to their $itag places.

Action | User identifies | User Demonstrates Action Ref in
agent Figure 2
1. | do this Move dog from the lock to the B
rose
2. You do this Move the horse from the lipn B
to the lock
3. | do this Move the dog from the C
rose to the hammer
4. You do this Move the horse from the lgck C
to the rose
5. You do this Move the horse from the rgse D
to the lion
6. | do this Move the dog from the D
hammer to the lock
Table 1. Cooperative “horse chase the dog” gareeifspd by the user in

terms of who does the action (indicated by sayarg) what the action is
(indicated by demonstration). lllustrated in Fig@r.

As in Experiment 3, the successive actions are allisu
recognized and stored in the shared “We Intentieptesentation.
Once the user says “Play the game”, the final secpiés stored,
and then during the execution, the shared sequsrimcomposed
into the robot and user components based on th& agsociated
with each action. When the user is the agentsystem invites the
user to make the next move, and verifies (by agkihthe move
was ok. When the system is the agent, the robetwsgs the
movement. After each move the World Model is updatAs in
Exp 3, two different complex games were learned| each one
“played” 5 times. This illustrates the learning Bgmonstration
[31] of a complex intentional plan in which the haimand the

robot are agents in a coordinated and cooperatity.

3.6 Experiment 6: Interrupting the Complex Game

As in Experiment 4, the objective was to verifytthiae robot
would take over if the human had a problem. In tuerent
experiment this capability is verified in a morenguex setting.
Thus, when the user is making the final movemenhefdog back
to the “lock” location, he fails to perform corrgtand indicates
this to the robot. When the robot detects failireeengages the
user with spoken language, and then offers tdrfillor the user.
This is illustrated in Figure 2H. This demonstsatiee generalized
ability to help that can occur whenever the robetedts the user is
in trouble.

4. DISCUSSION

Significant progress has been made in identifigome of the
fundamental characteristics of human cognitionhie tontext of
cooperative interaction, particularly with respetd social
cognition [16-19]. Breazeal and Scassellati [4vestigate how
perception of socially relevant face stimuli andeab motion will
both influence the emotional and attentional stétde system and
thus the human-robot interaction.  Scassellati [Z6fther
investigates how developmental theories of humaraksoognition
can be implemented in robots. In this context, iK@zand Yano
[18] outline how a robot can attain intentionaktythe linking of
goal states with intentional actions to achieves¢hgoals — based
on innate capabilities including: sensory-motor clion and a
simple behavior repertoire, drives, an evaluationcfion, and a
learning mechanism.

The abilities to observe an action, determine italgand
attribute this to another agent are all clearly antgnt aspects of
the human ability to cooperate with others. Theent research
demonstrates how these capabilities can contrittutee “social”
behavior of learning to play a cooperative gamayipg the game,
and helping another player who has gotten stucthéngame, as
displayed in 18-24 month children [29, 30]. While primitive
bases of such behavior is visible in chimps, itk é¥pression is
uniquely human [29, 30]. As such, it can be comi®d a crucial
component of human-like behavior for robots.

The current research is part of an ongoing effortiniderstand
aspects of human social cognition by bridging tla@ dpetween
cognitive neuroscience, simulation and robotics934], with a
focus on the role of language (see [20]). The sxpnts
presented here indicate that functional requiremeetived from
human child behavior and neurophysiological coirstsacan be
used to define a system that displays some iniegesapabilities
for cooperative behavior in the context of imitatio Likewise,
they indicate that evaluation of another’'s progressnbined with
a representation of his/her failed goal provides biasis for the
human characteristic of “helping.” This may be ioferest to
developmental scientists, and the potential coliation between
these two fields of cognitive robotics and humangrnitive
development is promising. The developmental @agn
literature lays out a virtual roadmap for robot wcibige
development [10, 28]. In this context, we are ently
investigating the development of hierarchical meamd action
sequences [27]. At each step, the objective wiltdo@entify the
behavior characteristic and to implement it in thest economic
manner in this continuously developing system famhn-robot
cooperation.



At least two natural extensions to the currenteystan be
considered. The first involves the possibility fohanges in
perspective. In the experiments of Warneken ettla. child
watched two adults perform a coordinated task (@mwilt
launching the block down the tube, and the othéchiag the
block). At 24 months, the child can thus obselve two roles
being played out, and then step into either roldis indicates a
“bird’s eye view” representation of the cooperatidn which
rather than assigning “me” and “other” agent rdtesn the outset,
the child represents the two distinct agents ARBridr each action
in the cooperative sequence. Then, once the peigpeshift is
established (by the adult taking one of the radedetting the child
choose one) the roles A and B are assigned to mgan¢br vice
versa) as appropriate.

This actually represents a minimal change to ouarec system.
First, rather than assigning the “you” “me” roles the We
Intention at the outset, these should be assigaédand B. Then,
once the decision is made as to the mapping ofddBannto robot
and user, these agent values will then be assigeedrdingly.
Second, rather than having the user tell the rtjamt do this” and
“l do this” the vision system can be modified teagnize different
agents who can be identified by saying their namé¢hay act, or
via visually identified cues on their acting hands.

The second issue has to do with inferring intergionThe
current research addresses one cooperative adciivitytime, but
nothing prevents the system from storing multipletsintentional
plans in a repertory (IntRep in Fig 1). In this esaas the user
begins to perform a sequence of actions involvimgsklf and the
robot, the robot can compare this ongoing sequémdke initial
subsequences of all stored sequences in the IntRegase of a
match, the robot can retrieve the matching sequerrzkinfer that
it is this that the user wants to perform. Thigs ¢ confirmed
with the user and thus provides the basis for amly useful
form of learning forcooperative activity.

In conclusion, the current research has attempiedutld and
test a robotic system for interaction with humabssed on
behavioral and neurophysiological requirementsveerifrom the
respective literatures. The interaction involvesken language
and the performance and observation of actionfiéncontext of
cooperative action. The experimental results destnate a rich set
of capabilities for robot perception and subsequese of
cooperative action plans in the context of humamwto
cooperation. This work thus extends the imitati@madigm into
that of sequential behavior, in which the learrmge@ritional action
sequences are made up of interlaced action secaiprdermed in
cooperative alternation by the human and robot. il&Vimany
technical aspects of robotics (including visuomatoordination
and vision) have been simplified, it is hoped ttiet contribution
to the study of imitation and cooperative activiyf some value.
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