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Abstract.
actions involving observable goals. In this paper, we dgvel Sim-
ulation Theory-based architecture that uses continuosisaliper-
spective taking to maintain a persistent model of the detnatos's
knowledge of object locations in dynamic environmentss tilows
an observer robot to attribute potential actions in thegores of goal
occlusions, and predict the unfolding of actions througkdpotion
of visual feedback to the demonstrator. The architectutested in
robotic experiments, and results show that the approachadisvs
an observer robot to solve Theory-of-Mind tasks from thdsE&e-
lief’ paradigm.

1 Introduction

Many excellent architectures exist that allow imitation of data in order to generate actions, and so spatial and vietsp@ctive

taking are used to achieve the egocentric ‘shift’ from theewsber to
the demonstrator. The data required for the inverse modelgdrate
is therefore derived from consideration of the demonstiafthys-
iospatial and sensory circumstances, and not the obsgrueing
perspective taking [11].

However, it is not only instantaneous sensory informatreat tn-
forms goal selection and action planning. It is through kegpn
memory details of objects that are seen t@gnitive mapsre built
up, which are critical to action generation. In this pape¥,present a
Simulation Theory approach to perspective taking thatallan ob-
server robot to use its visual perceptual mechanisms inlation to
determine what the demonstrator is seeing; by performirgypio-
cess continually, the observer's first-person cognitive generation

When we see another person performing an action, we arelyisualoutines can be used to build up and maintain a representatite

able to understand the purpose and intention underlyingdkien,
and can reproduce the action for ourselves. A®MER architec-

demonstrator’s own cognitive map. Taking into account téean-
strator's knowledge of the world in this manner allows mareuasate

ture [5, 16] can be used to equip a robot with this common humarstate and goal information to be fed to theMMER architecture.
ability. TheHAMMER architecture achieves the mapping between ob-

served and self-generated action by directly involving dheerver
robot's motor system in the action recognition processindunbser-
vation of the demonstrator’s actions, all the observevsiise models
(akin to motor programs) are executed in parallel in simomats-
ing forward models. The simulated actions generated bynverse
models are compared to the observed action, and the onedltchies
best is selected as being the observed action. The intectiaha
simulation, combined with the comparison to the observdibmac
achieves the mapping between observed action and selfagede
action that is required for imitation [4].
By using the motor system to achieve action recognitiontitke -

MER architecture is taking a Simulation Theory approach to-solv

ing the imitation problem. In the ‘Theory of Mind’ paradigrthe
Simulation Theory is used to attribute mental states torgikeple
by using one’s own cognitive decision-making mechanism ama
nipulable model of other’s minds, taken off-line and plaged the
context of their situation [13, 9, 8]. For this to work, thetst of
the ‘target’ agent is used instead of one’s own state, bosteamed
into an egocentric format that our first-person decisiokingand
behaviour-generation mechanisms will accept.

Similarly, in order to provide meaningful data for comparisthe

simulated actions used by th®s\MMER architecture during recog-
nition must be generated as though from the point of view ef th
demonstrator. Since theAMMER architecture uses a Simulation

Theory approach, the observer’s inverse models requitep@son
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2 Background

In common and also academic use, the term ‘perspectivegtaiis
many meanings in many different situations. There are sedinid
tions as:

e “People’s ability to experience and describe the presiemtaf an
object or display from different vantage points” [1]

e “Imagining oneself in another’s shoes” [7]

e “Understand[ing] how others perceive space and the relgtor
sitions of objects around them- [...] the ability to see ¢fsifirom
another person’s point of view” [15]

e “Consider[ing] the needs and wants of the opponent” [6]

In this paper we focus on equipping robots with perceptudl an
cognitive perspective-taking abilities, through a Sintiola Theory
approach, in order to improve the quality of the state infation fed
to the HAMMER architecture. In this architecture, a cognitive map
is defined as being epresentation in memory of the location of ob-
served objectsThis memory is updated continually from observation
of the environment, and is available to the action genanaistem
for action planning. The cognitive map is used also as a nuéatie
spatial model of the environment to facilitate perspectaking; to
enable visual perceptual perspective taking, the objadtse cogni-
tive map are linked with visuo-spatial representations #na used
to re-create the visual image seen by the demonstrator.



2.1 HAMMER

The HAMMER (Hierarchical Attentive Multiple Models for Execu-
tion and Recognition) architecture is a Simulation-Th&oa¢archi-
ture for action recognition and imitation, based on the drihical
coupling of internal models to produce simulation loopsMMER
achieves first-person action generation using couplegtseandfor-

ward models, and uses the same arrangement to achieve imitation,

but fed from a perceptual perspective-taking process vinglinter-

nal inverse and forwardision modelsThe perceptual perspective

taking process has been shown to improve the performanagioha
recognition in situations where the observer must take actmunt
visual occlusions and visual cues provided to the targdt [11

2.2 Internal Inverse and Forward Models

One of the core components of theMMER architecture is thén-
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Figure 1. The perspective-taking process. Image information froen th
camera, and the robot’s own knowledge held in the cognitiap,rare fed
into a cascade of perspective transform ‘filters’. The ottt each stage are
used as the ‘pretend states’ fed into tremMER architecture. ‘PT’ indicates
a perspective transform stage, and ‘IVM’ indicates an isgearision model
for performing image processing.

verse modefor motor control. Inverse models represent functionally output from processing. Aorward vision models defined as hav-

specialised units for generating actions to achieve cegaals. The
generic inverse model takes as input therent stateof a system, a

ing two inputs and one output. The forward vision model takes
input visual object properties retrieved from the cogeitidap (e.g.

goal statethat is the system’s desired state, and produces as outpéblour, shape, etc), and their desired state (e.g. posiaon orien-

the action required to move the system from its current statbe
goal state [12, 18]. In the control theory literature, theeise model

tations taken from the cognitive map), and produces as ouiygu
visual image that results from reconstructing these inputserse

is known as econtroller and its outputs are control signals; when and forward vision models are described in detail in [11].

applied to robotics, the current state is the state of thetrahd its
environment, and the outputs are motor commands. In thaexon
inverse models are known bBshaviours

Inverse models have seveialernal statesthat are used in action
execution and recognition [10]. One of these states isapi@ica-

The coupling of inverse and forward vision models resultsiin-
ulation of perception, and givesAMMER the ability to consider
what the demonstrat@ees as well as its position. This enables the
observer robot to take into account visual occlusions #ffgche
demonstrator, and througtontinual usage, the observer can keep

bility of the inverse model. When presented with a goal, the inversgrack of what objects the demonstrator has seen in the pegt@n

model will calculate its level of applicability through sidation with
its coupled forward model. The applicability is a measuremf use-
ful the inverse model is for achieving the goal. A low appliitidy

level means that the inverse model cannot achieve the gwal ifts
current state, for example, the “Place object on shelf”isgenodel
when the shelf is too high to reach. The applicability levekek-
plained in more detail in Section 3.3.

Forward models of causal dynamics are used in predictive@aon
systems. The classic forward model takes as input a systamastd
the dynamics currently acting on the system, and producestpst
the predicted next state of the systelmthe HAMMER architecture,

multiple forward models areoupledto inverse models to create a

simulation process. This approach is similar to that useathir in-
ternal model-based systems for motor control [21, 20]. Wtmn
pled to an inverse model, a forward model receives the actitput
from the inverse model; the forward model then generategdigr
tion of the state that would result, if the action was to bdqrered.

2.3 Inverse and Forward Vision Models

In [11], the capacity fowisual perceptual perspective takimgs in-

troduced to thedAMMER architecture. In keeping with the simula-

tion theoretical approach, this was achieved through agically

inspiredsimulation of visual perceptiorin the same way as action

recognition and imitation is achieved in thesMMER architecture
through coupled inverse and forward models as used in dortro
sual perception and perspective taking is performed hexadin
coupled inverse and forward models of thisual process. Thén-

tentially stored in its cognitive map. Because the dematstrsees
different things to the observer due to its differing viewppit be-

comes necessary for the observer robot to maintain a repiedsn

of the demonstrator’s cognitive map in order to predict awbgnise
actions. In keeping with the simulation theory approacis, itiay be
achieved by recruiting the observer’s own cognitive maptioe and
updating processes, but fed with information derived frasnal per-

ceptual perspective taking instead of first-person visufakination.

Figure 2 shows the perception simulation process.

3 Implementation

The perspective taking architecture shown in Figures 1 anasam-
plemented in C++ for experiments involving an observingeotsr
robot and a demonstrator robot. The target robots were Metilia
Peoplebots, equipped with grippers and firewire cameraersion
of HAMMER was implemented and linked to the perspective taking
architecture.

3.1 Inverse and Forward Vision Models

Inverse vision models were implemented using the ARTodtkis,
an extension of the ARToolkit [2]. When presented with an im-
age containing two-dimensional square markers (fiducidlkpown
size, the ARToolkit can calculate the position and orieatadf the
markers in world co-ordinates. A set of three objects wasefbee
produced with fiducials attached, and in order to extractgrmaon-

verse vision modes defined as taking two inputs, the first being strator robot's position and orientation at any point ineira cubic
a camera image, and the second being the visual parametiérs WiAR ‘hat’ was made, with a fiducial on each vertical face. This e
which to process that image. The output from the model istdi®@s  sured that no matter which direction the demonstrator rolast fac-



ing, the observer robot would be able to determine its locasind
orientation.
To construct visual scenes from the transformed cognitiag,m

Thisimage is then processed by the observer’s inversevisanl-
els, to update the demonstrator’s cognitive map transfand,to
provide state information tsAMMER.

the forward vision models used the OpenGL graphics library

(www.opengl.org). To ensure that the same inverse visiodatso
as used for first-person visual processing would work with ris
constructed image for the demonstrator robot, the fiducisésl by

3.3 Inverse and Forward Models

Inverse models for theeAMMER architecture were implemented as

the ARToolkit were added in as OpenGL textures and linkedhéo t PID controllers, generating robot velocities and deltglaimeadings

object entries in the cognitive map.

Observer's
Camera
First—Person Inverse |—» Observer's
View Vision Cog Map
. Models M
Demonstrator's )
View (ARToolKit)| ol Cog Map P-T
Forward Vision Spatial Demonstrator's
Model (OpenGL) P-T Cog Map

Figure 2. The perception simulation loop. The observer’s first-pengew
of the scene is used to build up the observer’s cognitive m#pecscene.
The cognitive map is filtered through the cognitive map pectpe
transform that ‘filters’ the observer's cognitive map to médike the
demonstrator’s. This is then used as a basis for the pealgmuspective
transform, that begins with a spatial geometric transfarre:-centre’ on
the demonstrator, and then fed through the forward visiodehto re-create
what the demonstrator is seeing. The observer can thensiseetse vision
models on the image to update its representation of the detnator’s

cognitive map, in the same way as it would update its own.

3.2 Cognitive Map Definition

in order to minimise the distance between the robot grippacsa
goal object. The state information required for the inversadels
was taken from either the observer’s own cognitive map saeipre-
sentation of the demonstrator’s cognitive map. When useddion
simulation, the applicability levell; of the inverse model was cal-
culated for thex*" simulation iteration according to:

0 atn =0
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The applicability accumulation is discounted over time &nith-
creased (rewarded) if the inverse model is making progesarts
achieving its goal, and decreased (punished) if it is no¢ State dis-
tance between current stae and the goal state vectaris defined
as:

M
Sa =Y X — Siil @
i=1

When S; was less than a completion thresheld the inverse
model became complete and did not generate motor commaads ev
when instructed to execute. In the following experimeantsyas cho-
sen to be 0.04.

Forward models used Euler integration to form 1-timesteglior
tions based on the current state, and the robot velocity eadihg
motor commands generated by the inverse models. As in [hé], t
forward models were equipped with collision models of thkato

The cognitive map was defined as being a list of objects, held i and objects in the environment, allowing the forward modeprte-
memory. It was assumed that the robots already knew whata@®mch gict position and velocity states in situations when theotan into

ject was and could identify them through the inverse visimdeis
(i.e. the inverse vision models were programmed to receghis ob-
jects, through use of the fiducials, and extract relevamtrinétion).
When visual information for the objects was available frdra in-
verse vision models, the cognitive map entries for thoseatbjwere
updated with world position and orientation values. Linketh this
information was a three-dimensional model of each objeud, \a-
sual information (e.g. colour and texture) that would bedusg the
observer’s forward vision model to re-create the image efstene

tables or other objects.

3.4 Perspective Taking Visual Representations —
‘Ghosts’

Through coupling the perception simulation loop to the datian of
action enabled by theaAMMER architecture, it is possible foredict
the visual feedbac#rising from the action. By processing this visual
feedback with the inverse vision models, and updating tlymitioe

from the point of view of the demonstrator. As can be seen frommap representation, the action simulation can continuiduiinto

Figure 1, the perspective-taking process is then compads#t fol-
lowing steps:

1. The demonstrator is identified and the correct cognitiep er-
spective transform, comprising the differences from theeoker’s
own cognitive map, is applied;

2. A spatial perspective transform is applied to the resgltogni-
tive map, to re-centre it upon the demonstrator;

3. The forward vision model takes in the re-centred spatitd,cand
accesses the visual information linked to the objects irctgni-
tive map, to re-construct the image that the demonstrasméamg.

the future, and theutcomeof actions predicted. In section 4, exper-
iments are described in which this approach is used to create
tiple Perspective Taking Visual RepresentatidPIVRs), parallel
instances of the observer’s own perception and action nmésia,
each driven by a different inverse model. Using perspecttikeng,
the observer can place these ‘ghosts’ in the place of the dstnabor,
and use them to predict what the visual feedback will be frossp
ble actions the demonstrator may perform. This allows treenker
to predict the changes to the demonstrator’s knowledgeeoivibrid
during the course of a possible action, and how this may effec
course of the action. Figure 3 shows the arrangement.
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Figure 3. Perception and action simulation coupled for the generaifo
PTVRs (‘ghosts’). Multiple ghosts can be instantiated aseilin parallel,
each one driven by a different inverse model. By couplingHh®MER
action simulation loop to the perception simulation loas possible to
predict the visual feedback to the ghost and therefore tdatep to the
ghost’s cognitive map. A ghost can represent either therebser the
demonstrator performing a certain action.

4 Experiments

The implemented perspective-taking architecture wasogepl onto
the robots arranged in the scenario shown in Figure 4.

1500

380

Observer 600

Table 2

Figure 4. Plan view of the experimental setup. The observer robosface
two tables. Table 1 has objects 1 and 2, and table 2 has objéhe3
demonstrator robot is positioned so that it, and the tabidstee objects, can
be clearly seen by the observer. The demonstrator is plaoéwyfand close
to table 1, so that initially it is able only to see objects #l @1 The dashed
lines indicate the fields-of-view of the robots. The planas to scale, but
measurements have been provided to indicate size and/egtesition.
Measurements are in millimetres. The objects were 150mosacheir long
edge. The ARToolKit fiducials had 120mm edge, and were malugseper
Figure 5.

Three ARToolKit fiducials were attached to triangular okge¢o
enable both the observer and the demonstrator to identifyl@n
cate those objects. The objects were placed so that bottbHeewer
and the demonstrator could see the objects, however, llpitine
observer could see all three objects whereas the demarstratld
see only the first two. The objects and the demonstrator nabo
given simple 3D models to enable their reconstruction intimage
produced by the forward vision model. Similarly, the imptarted

During the experiments it was assumed that the demonsgraton-
era was kept stationary with respect to the robot’s framting
directly ahead of the robot.

4.1 Experimental Scenarios

The first experiment was designed to test the architectalély to
update its cognitive map representations, in the preseihdenson-
strator movements, and object movements both seen andrubgee
the demonstrator. There were three parts:

1. The observer takes the perspective of the demonstrdiot, rand
initialises its representation of the demonstrator’s dgnmap;

2. Demonstrator rotates 45 degrees to its right. The obisehveugh
continual perspective taking, updates its cognitive mapesen-
tations;

3. Object 1 is moved, unseen to the demonstrator, but seeheby t
observer.

Experiment Two took this further, by having the observermai
tain its cognitive map representations over five episodesbgEct
and demonstrator movements, in which objects were occlirded
both the demonstrator and the observer. The observer atsdoha
use its cognitive map representations to attempt to deternvhat
actions the demonstratdielievedit could perform, through using
perspective taking and action simulation to calculate riswenodel
applicabilities. The sequence was the following:

1. Demonstrator can see objects 1 and 2. Object 1 is not driaspa
and the demonstrator cannot see object 3 (Figure 4);

2. Object 1 is moved close to the demonstrator, occludingabtg
from the observer;

3. Demonstrator rotates 45 degrees to its right. Object ®rhes
observable (as per Figure 7 B);

4. Object 1 is moved back to original position. The obseraer see
this, but the demonstrator cannot;

5. Demonstrator rotates back to original position.

In Experiment Three the observer robot had to maintain ighico
tive map representations over four episodesiofultaneousiemon-
strator and object movements. The observer also had togpribei
visual feedback during each potential demonstrator acigng its
PTVRs, in order to predict the impact of false beliefs on teefqr-
mance of the actions. The sequence was the following:

1. Demonstrator can see objects 1 and 2. Object 1 is not driaspa
and the demonstrator cannot see object 3 (Figure 4);

2. Demonstrator rotates 45 degrees to its right, then objisanoved
to a graspable position (unseen by demonstrator);

3. Objects 1 and 2 are moved away (unseen by demonstrator);

4. Demonstrator rotates back to original position. Objech@/ed
away (unseen by demonstrator).

5 Results
5.1 Experimentl1

HAMMER architecture was provided with three 'nudge object’ in- Figure 6 shows the observer’s view of the scene during pafthieo
verse models, one for each of the objects used during theriexpe experiment. The demonstrator robot and the objects arel@igtig-

ments. These inverse models, when activated, produced cmio
mands for moving the robots from their current position te sipe-
cific object, and stopped when the robot gripper touched kiject

ure 6 A shows the thresholded camera image fed to the ob&erver
inverse vision models, and Figure 6 B shows the resultingnec
struction of the visual scene, using data from the obseseeqnitive



map and its forward vision model. The ARToolKit has sucoafsf
extracted the position and orientation of the objects ardd#fmon-

strator, and Table 1 shows the contents of the observersitbaey

map resulting from the processing. The X, Y, Z position andl@n
of objects are extracted and updated in the observer’s ttegmiap

representations while the objects are visible.

Table 1. Cognitive map entries for centroid positions and orientetiof
objects when viewed by the observer robot (first-personpeetive). The
values shown are relative to the observer's camera positidrorientation.

The results correspond to the scene shown in Figure 6.

Object X(m) | Y(m) | Z(m) | Angle (Degrees)
Demonstrator| -0.56 0.20 1.80 357.51
Object 1 0.32 | -0.28 | 161 44.03
Object 2 0.20 -0.27 1.75 50.39
Object 3 -0.15 | -0.24 | 221 12.13
Table 1 0.37 0.00 1.75 90.00
Table 2 -0.15 0.00 2.30 0.00

Figure 7 shows the result of the perceptual perspectivagakig-
ure 7 Ais what the observer determines the demonstratordediag
during the first part of the experiment; Figure 5 shows theatestra-
tor's actual camera image of this scene—the simulation fggion
has clearly resulted in accurate perspective taking. @bjeand 2
are observed, but object 3 is outside the field-of-view ortabée to
the right. Figure 7 B shows the scene during part 2, after ¢émeah-
strator has rotated 45 degrees to the right. The observet redlises
through perspective taking that object 3 is now visible sdemon-
strator, and objects 1 and 2 are not.

Figure 5. The demonstrator’s view of the table and objects 1 and 2.r€igu
7 (A) shows an internal simulation of this viewpoint by thesebver.

Experiment 2. Each episode is separated by a period of zetcap
bility, before the action simulations begin and then resetdeconds
later. Figure 8 A shows the applicability levels when theesber is
drawing on its representation of the demonstrator’s cagnihap to
generate state information for the inverse models, andgorgi8 B
the observer is using its own cognitive map. The final appllig
levels achieved by each inverse model are shown in Table 3.
The top graph effectively shows the observer’s attempt terde
mine, through simulation, what actions the demonstratdievesit
can perform; the lower graph is the observer calculatingtvelca

Table 2 shows the results from part 3 — moving object 1 while ittions the demonstrator can actually perform, given theestatthe
can be seen by the observer, but not by the demonstratorugiiro world as the observer knows it to be. In the first three epispties

perceptual perspective taking the observer knows that éneod-

demonstrator’s cognitive map and the observer’s own arejiaea

strator cannot see the object being moved — and so, it upitates ment as to what inverse models are applicable: the ‘nudgecbB]
own cognitive map with the change in position, but not the demon-inverse model is not simulated for the demonstrator in tre fivo

strator’s. This leads to the discrepancy between the oljposition
values for the observer and the demonstrator, as shown ialbihe

The demonstratdselieveghat the object is in the place where it last

saw it, whereas the obsenlanowsit to be somewhere else.

Table 2. Cognitive map entries for observer and demonstrator after
movement of object 1 inside the observer’s field of view busmle of the
demonstrator’s. Through perceptual perspective takimgpbserver knows

that the demonstrator cannot see object 1 while it is beingeahcand so the
demonstrator’s cognitive map is not updated with the chaumyeosition
and orientation as the object is moved.

Object [ X(m) [ Y (m) [ Z(m) | Angle (Degrees)
Observer's Cognitive Map
Object1 | 0.12 0.06 0.55 20.96
Object2 | 0.24 | -0.26 | 1.82 55.07
Object3 | 0.05 | -0.23 | 2.17 40.86
Demonstrator’'s Cognitive Map
Object1| 0.26 | -0.03 | 0.83 64.40
Object2 | 0.24 | -0.26 | 1.82 55.07
Object3 | 0.05 | -0.23 | 2.17 40.86

5.2 Experiment 2

Building on the success of Experiment 1, the perspectiviegakas

linked to the HAMMER architecture for action simulation experi-

ments. Figure 8 shows the results of the applicability datens for

episodes as the observer determines that the demonsgrattaware
of object 3's existence (through the perceptual perspedtiking).
While the demonstrator is looking at object 3, object 1 is etbto
an un-nudgeable position; the demonstrator does not sedthithe
observer does, the result being that the observer calsullase the
demonstrator still believes that touching object 1 is pgassieven
though it itself knows that the action cannot be accomptishipon
the demonstrator rotating back to observe objects 1 and gisode
5, the false belief is resolved and the applicability lewvals once
again in agreement.

5.3 Experiment 3

Experiment 3 took the perspective taking-action simutetibExper-
iment 2 further, by having the observer use its PTVRs to ptate
visual feedback resulting from potential demonstratoroast and
through this, predict the updates to the demonstrator’sitiug map
and how this would effect the outcome of each action. Figistedvs
the results. Figure 9 A shows the applicability levels of tihee in-
verse models over the four episodes, as determined by tleevels
when observing the demonstrator and basing its action aiionk
on its representation of the demonstrator’s cognitive niagure 9
B, C and D show the cognitive map updates predicted by eadfeof t
three ‘ghosts’, as used by the observer during predictionisfal
feedback.

In this experiment, the demonstrator robot may not see agcbbj
being movedht the time but if it believes an action with that object



Figure 6. The observer’s view of the scene. (A) shows the thresholdetkca image sent to the inverse vision models. Objects 1 anel @ the table facing
the demonstrator, and object 3 is on the table facing therabis€B) shows the observer’s cognitive map, rendered ben@h.. The three fiducial markers can
clearly be seen on the tables, and the demonstrator robaftéihat’) can be seen to the right.

1Q

Figure 7. The demonstrator’s view of the scene, re-created by theradrsia simulation. (A) shows the what the demonstrator seéise beginning of the
experiment, objects 1 and 2. In (B), the demonstrator robstrbtated 45 degrees to the right, and the observer detsthiat it is able to see object 3. The
demonstrator’s actual view of (A) is shown in Figure 5.

is still possible and begins to execute it, then after it lvaated and
seen the new object configuration, its cognitive map will peated,
the applicability of the action re-calculated, and theniit stop ex-
ecution since it realises the action is now impossible. s 3 and
4 show this; while the demonstrator is looking at object 3Jects 1

the first tasks in this field was devised by the developmerstathml-
ogists Heinz Wimmer and Josef Perner, in response to Damigt D
nett’s critique of the experimental protocols used by Dadmack
and Guy Woodruff in their seminal article that originateé tierm
‘Theory of Mind’ [19, 14]. This is theaction predictiontask (also

and 2 are moved away from the edge of the table. The demanrstratknown as the “unexpected transfer” task).

still believes that the objects are touchable, and so therebssends
out ‘ghosts’ to simulate how the action may unfold. The spike

The action prediction task tests an observer determiningt\ah
target agent will do when holding a false belief about thelekdrhe

Figure 9 B and C show the predicted updates to the demon&irato test subject, usually a child, observes a puppet-show\imglthe
cognitive map when it sees that the objects have moved; ab&an main character, “Maxi”, and his mother. In the show, Maxi ees

seen from figure Figure 9 A, negative applicabilities aredalted
and the observer predicts the demonstrator will stop exggtihose
actions. In episode four, the demonstrator rotates to ebsbe new
configuration of objects 1 and 2, and unseen, object 3 is maneg.
Figure 9 D shows the resulting cognitive map update for thstogle.
Again, the result is that the inverse model is no longer applie and
the action is halted mid-execution.

6 Discussion

In developmental psychology, several experimental tasige h
been devised in order to investigate the development ofitiegn
perspective-taking abilities in the paradigm fafse belief One of

his mother place a chocolate bar inside a box. Maxi then &the
room and his mother transfers the chocolate from that baxartif-
ferent one. Maxi then returns, and the subject is asked wievell
look for the chocolate. Further questions include what Maauld
tell to someone he wants to deceive as to the location of thecch
late, and someone he would want to tell the truth to. The reétihis
task is that four-year-old children give predictions basedorrectly
attributing the false belief, whereas younger children db n
Through the use of the cognitive map perspective takingribest
in this paper, the observer would be able to solve this taglding
able to represent the cognitive map of the demonstratort isdjma-
rate to its own, the observer robot is intrinsically ablegpresent the
concept that the demonstrator may possess a false beliaf #i®
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Figure 8. Applicability levels of the observer's inverse models te ttemonstrator, over five repeated episodes. Each epissidd fave seconds, after which
the applicability levels were reset to zero. Table 3 showditial applicability levels for each inverse model at the efithe each episode.
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Figure 9. A. Applicability levels of the observer’s inverse models te ttemonstrator, over four repeated episofe<, D. Cognitive map updates for each
of the three ‘ghosts’, executing the inverse models ‘nudgea’ 1, 2, and 3 respectively. A spike indicates that tHeo'sf’ has seen something that necessitates
a change to the cognitive map, and an update is made acclyrdiihg legend for these graphs is the same as for Figure 8.

location of objects in the world, due to objects moving alesihe
field-of-view, or object movement being obscured due tousiohs
within the field of view. When asked to make predictions as batv
the demonstrator may do in such situations, the observet iothen
able to take into account the false belief in the demonstsagmal
setting and action planning. This is illustrated through tbsults to
part 3 of experiment 1, detailed in section 5.1. Through @etal
perspective taking the observer knows that the demonsttatmot
see object 1 being moved — and so, it updateswtacognitive map
with the change in position, but not the demonstrator’s.
Knowledge of this kind, as to the presence of false beliefshin

served agents, can be used by an observer to determine wioatac

a target agent considers to be available to it, as opposetidab ac-
tions it can in fact perform. This information is useful whatiming
a Simulation-Theory based architecture, such asitieMER archi-

tecture, with the action simulations it requires for actieaognition.
The demonstrator will derive its own action goals from whate-
lieves to be the state of the world and move accordingly, aititbwt
a representation of the demonstrator’s cognitive map, beemwer
will feed its perspective transform with its own world-stdieliefs
and potentially end up hypothesizing different goals ferattion
generation systems — this results in the comparison betirgen
nally generated action and observed action being meassgla
other words, using perceptual perspective taking alonenmézat
we see the world awe believe it is from the demonstrator’s point
of view, whereas what we need to do, in order to infer intemtio
is see the world as thgemonstratoibelieves it is from the demon-
strator’s point of view. To do the former is to risk not recing
the demonstrator’'s movements and their action contextl,aprato
mis-recognise the action as being something else, or to bblein



Table 3. Final applicability levels for each inverse model shown igufe 8. ‘D’ indicates that the observer is using its repnéstion of the demonstrator’s
cognitive map when determining what inverse models areicggipe; ‘O’ indicates that the observer is using its own ¢tige map to determine the
applicability level of the inverse models. The numbers hggtted in bold type, for ‘Nudge object 1’ in episode 4, inalies the situation where the observer
determines that the demonstrator may posséalsa beliefas to the actions it can make. The absence applicabilitysléwe‘Nudge object 3’ in episodes 1
and 2 is due to the demonstrator robot being unaware, attdgs,sof the existence of object 3.

Episode 1 Episode 2 Episode 3 Episode 4 Episode 5
I-Model D | O DJ]O D] O DJ]O D | O
Nudge object 1 || -8.80 | 1.07 || 3.35 | 3.05 | 3.65| 3.28 || 3.65| 0.26 || -5.28 | 0.98
Nudge object2|| 3.59 | 3.89 | 3.59 | 3.93 | 3.69| 3.22 || 3.69 | 3.50 || 3.97 | 3.90
Nudge object 3| — 285| — | 286 2.83| 255| 2.87| 2.65| 3.01 | 3.25
to interpret the demonstrator’s goal, and therefore be lertatimi- [2] M. Billinghurst, H. Kato, and I. Poupyrev, ‘The magichiadA transi-
tate or learn. The results for experiments 2 and 3 show hoougr “0”3') AR interface’, Computers and Graphicg'45-753, (November
. . . . . 2001).
coupling t_he pgrSpec_tNe taknng_ _a_rChlteCture developetimpaper [3] Y. Demiris, ‘Imitation, mirror neurons, and the leargimf movement
to the action simulation capabilities efAMMER, the observer can sequences’, ifProceedings of the International Conference on Neu-
successfullypredict andattribute actions to the demonstrator, while ral Information Processing (ICONIP-2002pp. 111-115. IEEE Press,
taking into account prior knowledge and experience, anergizt (2002). o o _
false beliefs [4] Y. Demiris and M. Johnson, ‘Distributed, predictive peption of ac-
| _ h thea hi d del tions: A biologically inspired robotics architecture fanitation and
n previous re§e§irc ot MMER arc It.ecture Was‘us.e tf) mode learning’, Connection Scien¢d5(4), 231-243, (December 2003).
and make predictions regarding the visuomotor ‘mirror’ neeis [5] Y. Demiris and B. Khadhouri, ‘Hierarchical attentive itiple models
found in area F5 of macaque monkey premotor cortex [3]. These  for execution and recognitionRobotics and Autonomous Systeb#
neurons are active both when observing an object-direattidna il /3;5153?9{ (50?_6)-_ « and M. \W. Morris. “Thinking of offre: H
. . . . Drolet, R. Larrick, an . . Morris, INKINg Of O . HOow
and when perforr_nlr_lg Fhe same _e_‘Ctlon’ Ieadmg_ to suggestiuais perspective taking changes negotiators’ aspirations aimdeks per-
they underly the imitation capability. Recently, it was fiolthat a ceptions as a function of negotiator relationshif®asic and Applied
subset of these neurons fire even when the object goal of tlemac Social Psychology20(1), 23-31, (1998).
is hidden from view, so long as the observer has prior knogeeaf [7] A.D. Galinsky, G. Ku, and C. S. Wang, ‘Perspective-takiand self-
the object’s presence [17]. With the addition of the cogaitinap oth_er 9verlap. Fostering social bonds and faml_ltatlnglaiocoordl-
. . - . . . - nation’, Group Processes and Intergroup Relatiprg§2), 109-124,
mechanism described in this papgaMMER gains this capability, (2005).
by keeping a long-term memory of the locations of objectss Tan [8] V. Gallese, ‘The manifold nature of interpersonal rielas: the quest
be seen in the results for episode 2 of Experiment 2, wheecolj for a common mechanismPhil. Trans. of the Royal Society of London
occludes object 2 from the observer's sight, but the acfimmigtion B, 358 517-528, (2003).
[9] R. M. Gordon, ‘Simulation vs theory-theory’, ifihe MIT Encyclopae-

is still performed. Furthermore, the results of sectionférad further
prediction—that when a demonstrator performs an actioadas a

knownfalse beliefas to the presence of an object, the observer’s mir{10]

ror neurons will fire. Although there is currently no evidergither
way, this would lend support to the hypothesis that the mineu-

rons encodéntentionand underly action understanding, in addition [11]

to action recognition.

7 Conclusions

In this paper we have presented a perspective-taking acthie that

uses simulation of visual perception to build up and mamtepre-
sentations of the cognitive map of a demonstrator. This ig@sim,
used to improve the state information provided to #a@1MER im-

itation architecture, was deployed onto robots for perspetaking
and action-prediction experiments, in which an observecassfully
attributed potential actions and action predictions to malestrator
possessing false beliefs regarding the environment. brdutvork,
the mechanism will extended and investigated in experigierblv-

ing the observer inferring false beliefs from the actions afemon-
strator.
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