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Abstract— An important element of cooperative behavior is  critical (and missing) precursor to the theory of mind
the ability to understand a teammate’s actions, as well as to  competence.
infer their goals and other mental states that are responsible Specifically, Simulation Theoryholds that certain parts
for generating those actions. Simulation Theory argues in - ]
favor of an embodied approach whereby humans reuse parts of the brain have dual }Jse, they are used to not only
of their own cognitive structure for not only generating generate our own behavior and mental states, but also to
one’s own behavior, but also for simulating the mental states predict and infer the same in others. To understand another
responsible for generating that behavior in others. This paper  person’s mental process, we use our own similar brain
presents our simulation-theoretic approach and demonstrates i ,cyre to simulate the introceptive states of the other
its performance in a collaborative task scenario. The robot -
offers its human teammate assistance by either inferring the person[6]._For Instance, Gallese[9] proposgd that a class of
human’s beliefs states to anticipate their informational needs, N€urons discovered in monkeys, labeled mirror neurons, are

or inferring the human’s goal states to physically help the a possible neurological mechanism underlying both imita-

human achieve those goals. tive abilities and Simulation Theory-type prediction of the
behavior of others and their mental states. Further, Meltzoff
|. INTRODUCTION and Decety[15] posit that imitation is the critical link in

People are readily able to infer the mental states O];he story that connects the function of mirror neurons to

humans and other animate entities in order to predict anH1e development of mindreading. In addition, Barsalou[2]

understand their behavior. This competence is referred tBresenti additional hewdegce frgm vz_inous soc!al embooll-
by many different names in the scientific literature: theory €Nt PNenomena that when observing an action, people
of mind, mindreading, mind perception, social common-activate some part of their own representation of that action

sense, folk psychology, and social understanding, amon@s well as other cognitive states that relate to that action.

others. It is a foundational skill for many forms of human Inspi_red by these the.ories and findings, our simulation-.
social intelligence including collaboration, deception, em_theoretlc appfoach and_lmplementatlon engbles a humanOId
pathy, communication, and social forms of learning. robot to monitor an adjacent human by simulating his or
As robots enter the human environment and interacper behavior within the robot’'s own generative mechanisms
with novice users on a daily basis, we believe that robot n the mqtor, goal-directed behz_ivior, anpl perceptual-belief
must also exhibit social intelligence in order to commu-.evels' Thls,grounds the robot's |r!format|on abo_ut the user
the robot’'s own systems, allowing it to make inferences

nicate, cooperate, and learn from people. For instancd’)

in a collaborative task scenario, a robot teammate couln‘ilbOUt the human’s likely goals and beliefs in order to

use belief and goal inferences to anticipate the human’BreOIICt the person’s needs in accomplishing those goals.
needs (informational or instrumental) and to plan actions I1l. RELATED WORK
to provide the human with timely and relevant assistance.

Towards this goal, we argue that robots will need tomirror neurons have inspired dual production-perception
understand peoplas people— namely as social entities . pIr P P P
representation of motor skills for robots for skill transfer

whose behavior is generated by underlying mental states . ;
g y ying yla learning from observation (e.g., [7]). In contrast, our

such as intentions, beliefs, desires, feelings, attention, et?/\'/ork builds upon similar ideas and extends them to the
cognitive level for mind perception skills.
Sophisticated statistical pattern recognition techniques
Our approach to endowing machines with a similarhave been applied to the recognition of human actions,
capability is inspired by leading psychological theoriesgestures, etc. However, our approach is an effort to push
and recent neuroscientific evidence for how human brainbeyond recognition of surface behavior to infer the internal
might accomplish this and the role of imitation as astates of the human that generate that behavior. This is
critical precursor. This is in contrast to alternate theoreticabf particular importance for predicting future behavior and
viewpoints proposed from the study of autism (believed tdor offering timely and relevant assistance in a teamwork
be a deficit of theory of mind). For instance, Scassellati[17Fituation.
implemented a hybrid model of work by Leslie[13] and Significant work in collaborative dialog and discourse
Baron-Cohen[1] where joint attention is viewed to be atheory has addressed intention inference and plan recogni-

In related work in building computational systems,

II. METHODOLOGY
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tion [11]. Whereas these systems rely on natural language

processing to make these inferences, our work complgpint angles (represented as Euler angles). This suit is worn

ments these past efforts to focus on what can be inferregly the human interacting with Leo (see figure 9). In the
from observing non-verbal behavior. Given our domain offytyre, we plan to replace the use of this suit with a vision

human-robot interaction, understanding and making predicsp|ytion to allow for more natural interactions.
tions based on people’s non-verbal behavior is of particular
importance to us. We have already demonstrated that V- OVERVIEW: ARCHITECTURE FORSIMULATION
humans apply their mindreading skills to infer the internal THEORY
“mental” states of an expressive humanoid robot based on Our implementation computationally models simulation-
reading its non-verbal behavior (e.g., gaze direction, bodyheoretic mechanisms throughout several systems within
orientation, facial expressions, hand trajectories, etc.), anthe robot’s overall cognitive architecture. See Fig. 2 for
how this improves the efficiency and robustness of humana system diagram. For instance, within the motor system,
robot teamwork [4]. Ideally, robots could read human non-mirror-neuron inspired mechanisms are used to map and
verbal behavior to do the same — this work is a step irrepresent perceived body positions of another into the
this direction. robot's own joint space to conduct action recognition.
Therefore, whereas there has been significant work i.eo reuses his belief-construction systems from the visual
the areas of action recognition, perception-production operspective of the human to predict the beliefs the human
motor skills, plan recognition, intention inference, andis likely to hold to be true given what he or she can
belief inference — in our approach, the same methodologyisually observe. Finally, within the goal-directed behavior
is used to handle each from an embodied and experientiaystem, where schemas relate preconditions and actions
perspective. This allows inferences made across these difvith desired outcomes and are organized to represent
ferent systems to interact in interesting and useful ways hierarchical tasks, motor information is used along with
especially to support collaborative behavior. Furthermoreperceptual and other contextual clues (i.e., task knowledge)
the robot’s inferences are based on its grounded experiente infer the human’s goals and how he or she might be
in its own interactions with the world and with people. trying to achieve them (i.e., plan recognition).
This could contribute to making the robot’s inferences more The general methodology is summarized as follows:
understandable and predictable to the humans who interact, Map the human’s actions onto the robot’s motor repre-
with it. Finally, reuse of existing systems to make such pre-  sentations. Tag these actions as coming from “other.”
dictions has important and beneficial design implications . Use dual-pathways from the motor to the cognitive
for systems that have limited computational resources. systems to pass this information to those systems
that evoke these movements. For instance, movements
used to achieve task goals would pass up to the goal-
The implementation presented in this paper runs on the directed behavior system.
Leonardo robot (Leo), a 63 degree of freedom humanoid . Consider the perceptual context from the human’s
robot (Figure 1). Leo sees the world through two envi- visual perspective. Based on this, hypothesize what
ronmentally mounted stereo-vision cameras. One stereo their likely beliefs are about the perceptual context.
camera is mounted behind Leo’s head for detecting humans Tag these as coming from “other”.
within the robot’s interpersonal space. The second stereo « Consider any other relevant contextual information,
camera looks down from above, and detects objects in  such as task knowledge.
Leo’s space as well as human hands pointing to these « With this dual-pathway information, use the cogni-
objects. Leo can use his eye cameras for fine corrections tive systems as a simulator running on these “other-
to look directly at objects or faces at a higher resolution. derived” inputs to infer the likely goals or beliefs
In order for Leonardo to perceive the pose and upper-torso  that would arise given these circumstances within the
motions of a human interacting with the robot, we use a  associated systems. (Note that multiple hypotheses
Gypsy motion capture suit. This suit has potentiometers  could be generated and weighted probabilistically to
mounted near the joints of the human to determine their  indicate how likely they are).

IV. PLATFORM
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Fig. 3.  Mapping perceived human joints onto the robot's skeleton to
allow for comparison between joint configurations of robot and human

early facial imitation whereby human infants learn how to
« Use this information to predict the human’s behavior,imitate the facial expressions of their caregivers [16]. In this
and to shape the robot’s own responses. scenario, the robot first takes the lead and moves through a
« Incorrect inferences present an opportunity for learn-series of poses as the human imitates. Because the human
ing. Ideally, even incorrect inferences should at somas imitating the robot, there is no need to manually label the
level seem plausible to the human. This will assisttracking data — the robot is able to self-label them according
with efficient error recovery and reduce the chancego its own pose. Because the structure of the interaction is

the same mistake is made in the future. punctuated rather than continuous, the robot is also able to
eliminate noisy examples as it goes along, requiring fewer
VI. ACTION RECOGNITION AND MOVEMENT-LEVEL total examples to learn the mapping.
SIMULATION We have found that it is often difficult for people to

This section describes the process of using Leo's peritate the entire full-body pose of the robot at once.
ceptions of the human's movements to determine whictiRather, when imitating, people tend to focus on the aspect
motion from the robot's repertoire the human might be©f the movement that they consider to be most relevant to
performing. The technique described here allows the jointhe pose, such as a single limb. Furthermore, humans and
angles of the human to be mapped to the geometry of thkeonardo both exhibit a large degree of left-right symmetry.
robot even if they have different morphologies, as Iong't does not make sense from either an entertainment or a
as the human has a consistent sense of how the mappiR§actical standpoint to force the human to perform identical
should be and is willing to go through a quick, imitation- 9ame actions for each side of the robot. We therefore
inspired process to learn this body mapping. Once thdivide the robot’s learning module into a collection of
perceived data is in the joint space of the robot, the robofultiple learning “zones”. Zones which are known to
tries to match the movement of the human to one of it€xhibit symmetry can share appropriately transformed base
own movements (or a weighted combination of prototypeMapping data in order to accelerate the learning process.
movements). Representing the human’s movements as oneOnce the robot finishes acquiring its training set, it
of the robot’s own movements is more useful for furtherapplies a radial basis function mapping technigue to train
inference using the goal-directed behavior system than #e inter-body mapping. We have found that the RBF does

collection of joint angles. a good job in capturing interdependencies between the
. joints, and provides a very faithful mapping in the vicinity
A. Body Mapping of the example poses. However, its performance decays

Leonardo has the ability to physically imitate humansas the data moves away from the training examples. As
and to recognize and critique human movements. To imitaté result, the robot must use a carefully selected set of
people, the robot needs to convert the 3D joint angle datiaining poses to sufficiently cover the movement space. We
it perceives about the human (wearing the motion Captur@pund that this technique was also sensitive to errors during
suit) into its own 1D joint space (i.e., its actuators) in orderthe training process, particularly in the case of closely
to physically “map” the human’s body onto its own. To neighboring example poses, which could sometimes cause
analyze this movement, Leonardo must then convert thisignificant warping of the map. A final list of poses that
body mapping data into a representation that allows thavorked sufficiently well for us is shown in table 4.
robot to compare the observed human movement against When the robot relinquishes the lead to the human, the
prototype movements stored within the robot's movementobot then tries to imitate the human’s pose. The human
repertoire. can then take a reinforcement learning approach, verifying

To learn a mapping between the human’s body andvhether the robot has learned a good mapping or whether a
Leonardo’s body, an example set consisting of pairs ofurther iteration of the game is required. One advantage of
tracked human body poses matched to robot poses this entire process is that it takes place within an intuitive
needed. To acquire this data, the robot engages the humanteractive game between the human and robot (instead of
in an intuitive “do as | do” imitation game, inspired by forcing the robot offline for a manual calibration procedure



which breaks the illusion of life) and requires no special The values forc and & are typically manually tuned to
training or background knowledge on the part of the humarcreate proper episodes. However, we have found in our
teacher. experience that certain boundaries are often missed due to
. . the lack of tactile feedback. For instance, sudden contact

B. Action Parsing ; L

_ _ between the end effector and object usually signifies a
For robots, the issue of how to segment a continuougew episode, but this is often missed, as motion does not
stream of joint angles along discrete action boundaries is gecessarily cease when contact is first made. To remedy this

challenge. The most commonly employed technique for thghortcoming, we add to the MSV a tactile factor [scaled
automatic segmentation of action streams is based on th§, ¢, ,...] to accommodate these changes:
observation that when humans engage in a complex action,

they typically change direction and speed between each SV o al dq(i)\* dw(t)
segment of that action, with an associated acceleration [12?.4 Vimproved, tactilt) = Z dt TCractile dt
Mataric exploits this fact, by looking for changes in the =t 2)

Generate the Mean Squared Velocity (MSV) of the joints;tg compensate for overall high or low-motion actions.
as shown in Eq. 1, wher¥ represents the number of joints, Recall thatc represents the low-motion cutoff value, and

andq(i) is the position of joint. k the ratio of high-motion to low-motion necessary for an
N4 e episode. We chooseand k:
ql?
MSV(t) = . 1 1
( ) ;( dt ) ( ) c = <]V[SV>*§C)’]\43V7 (3)
For each time, if MSV(t —1) < cand MSV(t) > ¢, <MSV > +ioysy
search through the remaining times until findinguch that ko= < MSV > ,%UMSV ’ )

MSV (u) > ke, for somec andk, chosen in advance. If a

time « is found, then this value dfis an episode beginning. such thatk =< MSV > +Z1oysv, creating a symmetric
Switching inequalities yields the method to find episodedistribution about the mean of the MSV. This automatically
endings. This technique basically looks for sufficiently lowcreates constants for the generation of several episode
joint motion that reach sufficient highs, and vice versa. boundary markers.

Figure 5 shows the MSV during a complete button-push Given the set of all possible markers for episode sep-
action, with marked episode beginnings and endings, foaration for each trial, we choose all possible episode
three trials. The episodes correspond to the reach, pudioundaries from all trials, and test alignment between them
down, release, and retract phases. The last two phases deedetermine which markers are dominant through all trials.
analyzed as one episode, as the retraction from the buttddnce this marker subset space is searched, we mark true
and the retraction back to the starting phase do not involvepisode boundaries, and dynamically timewarp the trials
much slowdown. to align them. A statistical correlation of the warped trials

provides a measure of alignment between the two. For each
MSV For Button Pushing Acton trial, this ranking is added to a subset-specific list, to be
N 9 é‘d{éﬂi{ combined with all of the iterations over all trial and subset
M combinations.
VAV 1 Whichever subset possesses the highest total is chosen as
s o 12 the true marker set. Figure [6] shows three trials involved in
s ‘ ‘ ‘ ‘ ‘ w w w a button pressing action, the initial set of possible episode
1 boundary markers for each, and then the final selection of
- chosen markers.
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The robot’s motor system is represented as a graph of
connected poses, called these graphThe pose graph is
/AN AN \_ 1 also used to perform the robot's repertoire of movements
\ -1 L 0 0 - L x, . ] [8]. The nodes represent specific body (or facial) poses,

Time (seo) and the arcs represent allowed transitions between them.

Fig. 5. MSV analysis of a button push, for three different trials. Episodr—JFa‘mllles of poses can be represented as a sub-graph of

beginnings and endings are marked as noted in the legend. As seen @Ctions (e.g., kinds of walking, sitting, throwing, etc.) and
the episode graphs, this separation corresponds with the reaching for thignks between sub-graphs represent allowable transitions

button, the press of the button, and the retraction from the button an I ; i ;

return to the starting position %gtween families of actions. In gddltlpn, weighted blends of
either discrete poses or full trajectories can be generated to
enlarge the repertoire of possible movements [8]. Finally,
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mization problem — for a given spatio-temporal weighting,
how can an optimally small combination of spatial and
‘ temporal displacements be generated while maintaining a
. / strictly monotonic mapping of time from one sequence to
- O~ the other? The Morphable Model representation makes use
of a Dynamic Programming solution that is based on a
sparse sampling of the features in time. In order to achieve
real-time performance, we use a sampling scheme that
A N\ produces 10 “keyframe” features per action sequence. Our
s s p T RS~ - % matching algorithm therefore proceeds as follows:
et « A baseline motion sequence is determined by averag-
Fig. 6. A view of three trials involved in a button pressing action. The ing over the set of prototypical actions in the robot’s
initial possible episode boundaries are marked in each example, as well movement repertoire. Linearly synthesized sequences
ﬁwsotir;?\ final selection of markers, for use in combination for a canonical are then able to be represented as spatio-temporal
' displacements from this sequence.
« For each example action sequence, an optimal spatio-
temporal displacement sequence is calculated relative
missing transition links can be substituted with inverse-  to the baseline sequence. These displacements are the
kinematic solutions. morphable models of the actions.
The robot can use its motor system as a resource to rec-* When an unknown action is demonstrated, it is resam-

ognize observed actions of another. To do so, the segmented Pled as above and its morphable model computed.
joint angle data is matched against trajectories through the * 10 classify the demonstration, a linear parameter esti-
robot’s pose-graph to determine which of its own motions ~ Mation problem must be solved in order to determine
is most similar to the motion the human is performing. a set of weights for the known basis actions that would
This involves searching over dynamically time warped joint ~ best replicate the demonstrated action. The resulting
trajectories to align the observed trajectory with those of ~ Parameters can be used to identify the closest known
the robot, and determine a minimal mean square error. We action, or to theorize that the demonstration action is
are currently exploring the use of Morphable Models to @ Synthesis of particular known actions.
extend this concept [10], [5]. These constructs are designed To solve the system of equations that produce a set of
to represent spatio-temporal trajectories in such a wagction prototype weights, conventional linear least squares
that new variations can be synthesized through weightedan be used. However, as the size of the basis set becomes
linear combination of the known set of basis sequencedarge, linear least squares exhibits poor generalization
and observed sequences can similarly be matched througioperties. Giese and Poggio[10] showed that a better
linear decomposition in terms of the basis set. For anethod to use in this case is one in which the capacity of
complete mathematical treatment of Morphable Modelsthe approximating linear set is minimized, and proposed
please see [10]; we provide a summary of our use of therthe Modified Structural Risk Minimization algorithm to
here. enable the use od priori information as a constraint. In

In order to compare and synthezize motion trajectoriehis technique a positive weight matrix is used to punish
from the robot’s own known actions, we must be able toPotential linear combinations of incompatible basis actions.
simultaneusly compare the sequences in both space andThis approach suits our application, because the robot
time. For a given pair of (multi-dimensional) sequencesoften has contextual knowledge of the types of actions
the correspondence problem is ill-posed: there is an inthat are likely to be appropriate in a given situation. For
finite number of potential pairs of spatial and temporal€xample, the action of pressing a button looks extremely
displacement vectors that could “map” one sequence ontdimilar to that of patting a stuffed animal, and the linear
another. These can be separated into a linear class of spatgcomposition of an example reaching action could appear
temporal shifts by representing the tradeoff between théo be an indiscernible mixture of the two if all basis actions
relative importance of spatial versus temporal consistencyere allowed to be weighted equally. But by using the
as a constant weighting over the entire sequence. As webject referent (a button versus a stuffed toy) to select
are more concerned with the spatial content of action@n appropriate weight matrix (that could be automatically
rather than their precise timing, we have set this constarfienerated from past experience), the robot is able to select
to be weighted heavily in favour of spatial correspondencé& much more confident match.
— that is, when mapping one trajectory to another, large
temporal shifts are permitted with little contribution to VII. GOAL INFERENCE ANDTASK LEVEL SIMULATION
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Our representation for goal-achieving behavior is in-determined by a higher level decision making process.
tended to not only allow the robot to perform a set of However, the robot does not have access to this in-
actions to achieve a desired result, but to also introspedormation from the human, so it must use a different
over them to determine the person’s goal (based on what theechanism to detect the target object of an observed
robot’s goal would be if it were performing the same actionschema. Each schema employs an associptgdmeter
in the human’s situation). Ideally the same informationgeneration modulevhich determines the parameters under
is needed to detect actions and make inferences as which the human is performing the schema. For many
perform them, so when actions are designed (and in thechemas (such as button-activation) the only necessary
future, learned), only accomplishing the forward task neeghbarameter is the target, and a simple module that finds
be taken into account and the detection and simulatiothe object of a certain type that is closest to the human’s
will come for free. We follow this design principle except hand is sufficient. For schemas that can be performed
for one concession related to determining which objecin multiple ways or on multiple objects, filling in these
a human is acting upon (or other parameters relevant tmissing parameters allows the robot to more completely
the action). This mechanism requires a special detector, simulate the observed action. Failure of this module to find
Parameter Generation Modulas described below. appropriate parameters indicates the context is not correct

Within the deliberative system of the robot, the atomic-for performing the associated schema.
level representation of a goal-directed behavior is a schema Once a schema has been selected as a suitable match,
that associates its necessary perceptual preconditions witdR€ robot infers that the human’s immediate goal is the
specific action (optionally performed on a particular object)expected result of that schema. Since the robot has mecha-
to achieve an expected outcome (its goal). Schemas can BEMS to determine its own success or failure (by evaluating
organized sequentially and/or hierarchically to create largei® goal-achievement condition for that schema), it can
structures to represent tasks and execute them. When cha/Ronitor the success of the human by running the same
ing sequential schemas, the goal of one schema becomBeocess with the relevant parameters from the human’s
the precondition of the subsequent schema. Compourfction (as described above). In the case of a task goal,
tasks are specified as a hierarchy of schemas, where tifge robot can examine the preconditions of the schemas
expected result of multiple schemas are the inputs (i.ethat comprise that task and track the human’s progress
listed in the preconditions) of the subsequent schemeVer the course of the task. This is useful for the robot
Therefore, to achieve some desittesk goa) only the ini- in order to anticipate the human’s needs and offer relevant
tial precondition for the first schema of the task model need'elp accordingly.
be activated, and the system will traverse the hierarchy,v/|||. B ELIEF INFERENCE ANDVISUAL PERSPECTIVE
completing preconditions and executing actions of each SIMULATION
activated schema as necessary, until the final precondition
is fulfilled (or it becomes known to the system that the
final precondition cannot be fulfilled). See Figure 8 for an
example.

We believe that for successful cooperative interaction,
modeling the human’s beliefs about the task state is im-
portant given that these beliefs may diverge from those
of the robot in dynamic and unpredictable circumstances.
When simulating the goal-directed behavior of othersgq, example, a human may not be able to see important
the deliberative system begins by first attempting to deinformation due to a visual occlusion that is not blocking
termine which of its schemas might match the person'she ropot's vantage point. To maintain coordinated activity,

current coqtextuql situation_ and actipn- Thus, one of thestablishing and maintaining mutual beliefs (i.e., common
key inputs into this system is the action recognition resullyroyund) is important [11].

described in the previous section. Once the robot classifies | gg keeps track of information about the world using

an observed motion as matching one that if can perform, ihis Belief System [3]. Data comes in from Leo’s sensors,
triggers a search over its schemas to see if any would evokgg passes through the robot's perception system. In the
that same motion from the movement repertoire. If multiplepglief system, the robot sorts and merges perceptual feature
schemas involve the same motion (or if an observed motiogata to determine what data corresponds to new information
matches multiple known motions with similar probability) gphout present objects, and what data indicates the appear-
the set of candidate schemas is narrowed by matching thghce of a new object. The object representation consists of
current human’s perceptual context against the necessagyhistory of properties related to each perceived object.
context for that schema. In the spirit of simulation theory, we reuse this mecha-
Note, however, that the perceptual factors of the schemaism to model the beliefs of the human participant. For this,
context must be from the perspective of the human (not ofhe robot keeps a second set of beliefs that are produced
the robot). For example, if the robot is trying to determinethrough the same mechanism — however, these beliefs are
whether the human is intending to turn a button ON, itprocessed from the visual perspective of the human. This is
adopts the visual perspective of the human to consider théifferent from simply flagging the robot’s beliefs as human
button closest to his or her hand (rather than the one closesgisible or not, because it reuses the entire architecture
to its own hand). If the robot were to perform this button-which has mechanisms for object permanence, history of
activation schema on its own, the target button would beproperties, etc. By reusing the entire system you can get



more complicated modeling: for example, this approach .. |samor
can keep track of the human’s incorrect beliefs about A

objects that have changed state while out of the human'’s
view. For instance, if the human sees a button that is ON
before it is moved behind a occluding barrier and turns "¢
OFF - Leo’s belief about the button is that it is OFF but

the robot models the human’s belief about the state of the
button as still being ON. In this way, Leo has an initial set

of mechanisms for modeling false beliefs.

This technique has the advantage of keeping the mod€l, 3, Sricure ol ot s ltulon el e e
of th? human'_s beliefs in the same format as the ropot,ste{)sk goaI’ is satisfied. Leg dpetects a human doing one of his schemas
allowing for direct comparison between the two. This isif they are performing a similar trajectory and the parameter generator
important for establishing and maintaining mutual beliefssuccessfully finds appropriate action parameters (i.e., context is correct).
in time-varying situations where beliefs of individuals can
diverge over time. Currently we use the same processin )
to produce the human’s beliefs as the robot's, except that! the buttons in the workspace (to turn them all to the
we apply a visual perspective filter for the human's beliefsON POsition). Leonardo already has a task model for this
based on what they should and shouldn't be able to seeactivity. The role of the teammate in the joint activity is
this allows the robot to keep a model of what the humar® tumn the butt9ns O'\_' (since the person as a broader
believes about their view of the local world (i.e., the robot€ach), and Leo’s role Is to he'P the partner succeed. ’In
understands that what a person sees (or does not) influencfgat follows, we use this task to illustrate how Leonardo’s
what they can know). mmdregdlng skills allow it t(_) predict the.human teammate’s

Further changes could easily be made to the human’geeds in order to offer him or her timely and relevant

perceptual system - for example, if the robot believe?SSIStance. , . . .
that the human was colorblind, it could remove the color The robot's action recognition and goal inference capa-

percept from its processing of the human perceptual im‘orplllty is demonstrated whe_n the human "%“empts to pugh
ne of the buttons but fails to activate it because it is

mation, and then none of the human beliefs would contair:? ked. If the h ; hi i detected
any color information. One could even imagine modeling ocked. e human performs a pushing motion (detecte

what the robot thinks the human thinks the robot knOWSthrough the motion classification system) and their hand is

using this mechanism, by maintaining a third set of beliefﬁqeaf[r a bl#]ton (t;jettecsztted througtE tthteh param(tate'r es;tlmatlon
that go through the humans filter as well as one additiona}”> em), the robot determines that they are trying to press

filter. We have not explicitly implemented this yet, but theFhat button (action recognition). Based on the structure of

mechanism could feasibly support this kind of second ordel'S own _act|on in the same cor_]text .and knowledgg of the
inference. task, it infers that the person is trying to accomplish the

goal of turning that button ON. Further, Leo evaluates the
IX. DEMONSTRATION human’s success by monitoring the state of the button, and
tries to figure out how to best help the person succeed.
We have tested this framework in a collaborative scenario | the case of a locked button, Leo demonstrates that
where Leonardo acts as a helpful partner to its humaRe can perform a helpful action by simulating the reason
teammate. Leo and the teammate stand across from ¢g; the fajlure and noting that button is indeed locked.
shared workspace where three buttons are placed. Eaghstead of simply repeating the same action the human
button can be turned ON or OFF. In addition, there argyst performed (and also failing), Leo assists the human
occluding walls_placed in the workspace such that certairﬂ,armer by acting to satisfy the precondition which the
parts can be viewed by one teammate but not by bothyman overlooked, namely to disengage the lock. This
See Figure 7. Note in the figure that one of the buttons igiows the human to proceed with their goal to activate the
occluded from view of Leo’s teammate, but not from Leo. royplesome button. Leonardo thereby demonstrates that
Furthermore, one of the buttons has a lock that must bge ropot is goal-oriented and sensitive to the goals of the
disengaged before that button can be turned on. human partner, rather than simply action-oriented.
Leo and the human are to collaborate to perform a 1o demonstrate Leonardo’s belief inference capabilities
shared task. The overall goal of this task is to activatqto date this has been done using our graphical simulator)
Leonardo assists the human overcome a visual occlusion
OIO . that impedes successful completion of the shared task
Button coen goal to turn all buttons ON. Recall that there is a barrier
Locked Button O that blocks the human’s view of one of the buttons. Leo
Button 2\ keeps track of the human's beliefs through simulating their
_ _ visual perspective of the scene to infer their likely beliefs.
Fig. 7.  Buttons task space. Turning on the locked button (centeq_eo concludes that because the human partner cannot see

requires first unlocking it (triangular button), then pressing it. One button °
is occluded from the human’s view the occluded button, the human believes that there are
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made by the robot in collaborative task scenarios to those
inferences made by people in the same situation. This will
be an important step in evaluating how human-compatible
the robot's inferences are, and how relevant and timely its
helpful actions are as compared to those offered by other
people. To address this, we are preparing to conduct a series
of human-human collaboration studies, and compare the
results with subsequent human-robot collaboration studies.

Fig. 9. Human fails to activate a locked button (center). Leo notices theThe implementation described in this paper is a critical step

failure and assists the human in achieving his goal by disengaging th?owards Conducting these studies
lock (image left). '

itions For "Push Button”,

REFERENCES

. . . [1] S. Baron-CohenMindblindness MIT Press, 1995.
only two buttons in this task instead of three. When the [2] L. w. Barsalou, P. M. Niedenthal, A. Barbey, and J. Ruppert. Social

human begins the Turn-All-Buttons-ON task, Leo notices  embodimentThe Psychology of Learning and Motivatiot8, 2003.

the actions using the above mechanism. The robot consid[®l Bruce Blumberg, Marc Downie, Vuri Ivanov, Matt Berlin,
’ Michael Patrick Johnson, and Bill Tomlinson. Integrated learning

ers each required schema to determine if the human has for interactive synthetic characte®CM Transactions on Graphics
enough information to succeed at the task. Noticing that  21(3: Proceedings of ACM SIGGRAPH 2002), 2002.

the human cannot complete the compound action becaus@! ¢ Breazeal C. Kidd, A. Lockerd Thomaz, G. Hoffman, and
M. Berlin. Effects of non verbal communication on efficiency and

of the obscured button, Leo performs an action to help them  ropustness in human-robot teamwork. IEEE/RSJ International
acquire the missing information. In this case, Leo points  Conference on Intelligent Robots and Systems (IROS), in Review

; 2005.
to the occluded button, thereby encouraging the human th] Brooks, A.G., Berlin, M., Gray, J., and Breazeal, C. Untethered

look around the occlusion and to make visual contact with ™~ ronotic play for repetitive physical tasks. IWCM International

the hidden button. Conference on Advances in Computer Entertainm2005. (Sub-
mitted, under review).

[6] M. Davies and T. Stone. Introduction. In Martin Davies and
Tony Stone, editorsfolk Psychology: The Theory of Mind Debate

: ; Blackwell, Cambridge, 1995.
We are pleased with the success of employlng these[7] J. Demiris and G. Hayes. Imitation as a dual-route process featuring

simulation theoretic ideas within our architecture. One predictive and learning components: A biologically plausible com-
significant contribution of this work is to demonstrate how putational model. In K. Dautenhahn and C. L. Nehaniv, editors,

: ; ; Imitation in animals and artifactspages 321-361. MIT Press,
this methodology enables a robot to engage in various Cambridge, MA, 2002.

forms of "mindreading” — beyond recognizing actions of [g] M. Downie. Behavior, animation, and music: The music and
a human partner to inferring their immediate goals, recog—[ | moverITImt of sxénthetic clzdharacters. Master's thesis,d MLT, 2000|.

iz i ; ; ; ; ; 9] V. Gallese and A. Goldman. Mirror neurons and the simulation
nizing the!r task plans, and mfem,ng _t_he|r be“efs_ du‘_‘mg a theory of mind-reading.Trends in Cognitive Science8(12):493—
collaborative task. The second significant contribution of 501, 1998.
this work is to show how these abilities allow the robot[10] Gizse, Mh-A- antfi Pogglio. T. Morphable models f<|>r the alna!cysis

i~ ; [ ; and synthesis of complex motion patterdmternational Journal o

to predu_:tlvely offer relevant assistance in informational a? Comptter Vision38(1):5973, 2000.
well as instrumental terms to support the human partner'gii] B. J. Grosz and C. L. Sidner. Plans for discourse. In P. R. Cohen,
goals. J. Morgan, and M. E. Pollack, editodsitentions in communication

: : : chapter 20, pages 417-444. MIT Press, Cambridge, MA, 1990.
In the future, we W_qu like to extend FhIS arC_hIteCtu_re 12] O. C. Jenkins and M. J. Matari Deriving action and behavior
to allow for more varied inferences and interactions with primitives from human motion data. IfEEE/RSJ International
humans. A limitation of the current system is that it gggéerzeggg on Intelligent Robots and Systems (IRfR)es 2551
matches the human’s actions against exactly one of thgs 4™\ ‘| eclie. Tomm, toby, and agency: Core architecture and
robot’s schemas. This works in the small examples we have ~ domain specificity. In L. A. Hirschfeld and S. A. Gelman, editors,
created that do not have a large number of actions, but in '\C/lap%ir]g the Mind: Domain Scpecigit_:ijty in gggnition and culture
: ambridge University Press, Cambridge, 1994.
the fUtl_Jre_W? WOUId. like to take ,more advantage of th 14] Maja J. Matart. Sensory-motor primitives as a basis for imitation:
probabilistic information. Ideally this system would further linking perception to action and biology to robotics. Imitation in
incorporate the level of certainty of both the contextual flJrgTalzsoggd artifactspages 391-422. MIT Press, Cambridge, MA,
information .and the trajectory ma}tChmg systems, as We'flS] A. N. Meltzoff and J. Decety. What imitation tells us about social
as a short history of recent behavior of the human to try to ~ cognition: a rapprochement between developmental psychology and
match their behavior more accurately against the compound  cognitive neuroscience Philosophical Transactions of the Royal
. [ Society: Biological Science858:491-500, 2003.
aCt.IOI’l StrUCtureS' In the case ,Of ambiguity, the system coul A. N. Meltzoff and M. K. Moore. Explaining facial imitation: a
wait and factor in the human’s next moves to help resolveé ~ theoretical model.Early Development and Parenting:179-192,
it. For cases where incorrect inferences are made by the 1997

: : : : 17] B. Scassellati. Foundations for a theory of mind for a humanoid
robot (Whlc_h we regard as inevitable given that humané robot. Massachusetts Institute of Technology, Department of Elec-
also make incorrect inferences as well), we want to extend trical Engineering and Computer Science, PhD The2B01.
this implementation to allow the robot to learn from its past
mistakes to avoid making the same errors in the future.

Furthermore, we would like to compare the inferences

X. CONCLUSION



