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A bstr act |

Human-agen t in teraction is a gro wing area of researc h;

there are man y approac hes that address signi�can tly di�er-

en t asp ects of agen t so cial in telligence. In this pap er, w e

fo cus on a rob otic domain in whic h a h uman acts b oth as

a teac her and a collab orator to a mobile rob ot. First, w e

presen t an approac h that allo ws a rob ot to learn task rep-

resen tations from its o wn exp eriences of in teracting with a

h uman. While most approac hes to learning from demonstra-

tion ha v e fo cused on acquiring p olicies (i.e., collections of re-

activ e rules), w e demonstrate a mec hanism that constructs

high-lev el task represen tations based on the rob ot's under-

lying capabilities. Second, w e describ e a generalization of

the framew ork to allo w a rob ot to in teract with h umans in

order to handle unexp ected situations that can o ccur in its

task execution. Without using explicit comm unication, the

rob ot is able to engage a h uman to aid it during certain parts

of task execution. W e demonstrate our concepts with a mo-

bile rob ot learning v arious tasks from a h uman, and, when

needed, in teracting with a h uman to get help p erforming

them.

Keywor ds | Rob otics, Learning and Human-Rob ot In ter-

action

I. Intr oduction

Human-agen t in teraction is a gro wing area of researc h,

spa wning a remark able n um b er of directions for designing

agen ts that exhibit so cial b eha vior and in teract with p eo-

ple. These directions address man y di�eren t asp ects of the

problem and require di�eren t approac hes to h uman-agen t

in teraction based on whether they are soft w are agen ts or

em b edded (rob otic) systems.

The di�eren t h uman-agen t in teraction approac hes ha v e

t w o ma jor c hallenges in common. The �rst is to build

agen ts that ha v e the abilit y to to learn through so cial

in teraction with h umans or with other agen ts in the en-

vironmen t. Previous approac hes ha v e demonstrated so-

cial agen ts that could learn and recognize mo dels of other

agen ts [1], imitate demonstrated tasks (maze learning of

[2]) or use natural cues (suc h as mo dels of join t atten tion

[3]) as means for so cial in teraction.

The second c hallenge is to design agen ts that exhibit

so cial b eha vior, whic h allo ws them to engage in v arious

t yp es of in teractions. This is a v ery large domain, with ex-

amples including assistan ts (help ers) [4], comp etitor agen ts

[5], teac hers [6], [7], [8], en tertainers [9] and to ys [10].

In this pap er w e fo cus on the ph ysically em b edded

rob otic domain and presen t an approac h that uni�es the

t w o c hallenges, where a h uman acts b oth as a teac her and

a collab orator for a mobile rob ot. The di�eren t asp ects of
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this in teraction help demonstrate the rob ot's learning and

so cial abilities.

T eac hing rob ots to p erform v arious tasks b y presen ting

demonstrations is b eing in v estigated b y man y researc hers.

Ho w ev er, the ma jorit y of the approac hes to this problem

to date has b een limited to learning p olicies, collections of

reactiv e rules that map en vironmen tal states with actions.

In con trast, w e are in terested in dev eloping a mec hanism

that w ould allo w a rob ot to learn represen tations of high

lev el tasks, based on the underlying capabilities already

a v ailable to the rob ot. Our goal is to enable a rob ot to

automatically build a con troller that ac hiev es a particular

task from the exp erience it had while in teracting with a

h uman. W e presen t the b eha vior represen tation that en-

ables these capabilities, and describ e the pro cess of learn-

ing task represen tations from exp erienced in teractions with

h umans.

In our system, during the demonstration pro cess, the

h uman-rob ot in teraction is limited to the rob ot follo wing

the h uman and relating the observ ations of the en viron-

men t to its in ternal b eha viors. W e extend this t yp e of

in teraction to a general framew ork that allo ws a rob ot

to con v ey its in ten tions b y suggesting them through ac-

tions, rather than comm unicating them through con v en-

tional signs, sounds, gestures, or marks with previously

agreed-up on meanings. Our goal is to emplo y these actions

as a v o cabulary that a mobile rob ot could use to induce a

h uman to assist it for parts of tasks that it is not able to

p erform on its o wn.

This pap er is organized as follo ws. Section I I presen ts

the b eha vior represen tation that w e are using and Sec-

tion I I I describ es learning task represen tations from ex-

p erienced in teractions with h umans. In Section IV, w e

presen t the in teraction mo del and the general strategy for

comm unicating in ten tions. In Section V w e presen t ex-

p erimen tal demonstrations and v alidation of learning task

represen tations from demonstration, including exp erimen ts

where the rob ot engaged a h uman in in teraction through

actions indicativ e of its in ten tions. Sections VI and VI I

discuss di�eren t related approac hes and presen t the con-

clusions on the describ ed w ork.

I I. Beha vior represent a tion

W e are using a b eha vior-based arc hitecture [11], [12] that

allo ws the construction of a giv en rob ot task in the form

of b eha vior net w orks [13]. This arc hitecture pro vides a

simple and natural w a y of represen ting complex sequences

of b eha viors and the 
exibilit y required to learn high-lev el

task represen tations.

In our b eha vior net w ork, the links b et w een no des/b eha viors

represen t precondition-p ostcondition dep endencies; th us

the activ ation of a b eha vior is dep enden t not only on its



o wn preconditions (particular en vironmen tal states) but

also on the p ostconditions of its relev an t predecessors ( se-

quential pr e c onditions ).

W e in tro duce a represen tation of goals in to eac h b eha v-

ior, in the form of abstracted en vironmen tal states. The

met / not met status of those goals is con tin uously up dated,

and comm unicated to successor b eha viors through the net-

w ork connections, in a general pro cess of activ ation spread-

ing whic h allo ws for arbitrary complex tasks to b e enco ded.

Em b edding goal represen tations in the b eha vior arc hitec-

ture is a k ey feature of our b eha vior net w orks and, as w e

will see, critical asp ect of learning task represen tations.

W e distinguish b et w een three t yp es of se quential pr e c on-

ditions whic h determine the activ ation of b eha viors during

the b eha vior net w ork execution:

� P ermanen t preconditions : preconditions that m ust

b e met during the en tire execution of the b eha vior. A

c hange from met to not met in the state of these precon-

ditions automatically deactiv ates the b eha vior. These pre-

conditions enable the represen tation of sequences of the

follo wing t yp e: the e�e cts of some actions must b e p erma-

nently true during the exe cution of this b ehavior .

� Enabling preconditions : preconditions that m ust b e

met immediately b efore the activ ation of a b eha vior. Their

state can c hange during the b eha vior execution, without

in
uencing the activ ation of the b eha vior. These precondi-

tions enable the represen tation of sequences of the follo wing

t yp e: the achievement of some e�e cts is su�cient to trigger

the exe cution of this b ehavior .

� Ordering constrain ts : preconditions that m ust ha v e

b een met at some p oin t b efore the b eha vior is activ ated.

They enable the represen tation of sequences of the follo w-

ing t yp e: some actions must have b e en exe cute d b efor e this

b ehavior c an b e exe cute d .

Fig. 1. Example of a b eha vior net w ork

F rom the p ersp ectiv e of a b eha vior whose goals are P er-

manen t preconditions or Enabling preconditions for

other b eha viors, these goals are what the planning liter-

ature [14] calls goals of maintenanc e and of achievement ,

resp ectiv ely [14]. In a net w ork, a b eha vior can ha v e an y

com bination of the ab o v e preconditions. The goals of a

giv en b eha vior can b e of main tenance for some successor

b eha viors and of ac hiev emen t for others. Th us, since in our

arc hitecture there is no unique and consisten t w a y of de-

scribing the conditions represen ting a b eha vior's goals, w e

distinguish them b y the role they pla y as preconditions for

the successor b eha viors. Figure 1 sho ws a generic b eha vior

net w ork and the three t yp es of precondition-p ostcondition

links.

A default Init b eha vior initiates the net w ork links and

detects the completion of the task. Init has as predeces-

sors all the b eha viors in the net w ork. All b eha viors in

the net w ork are con tin uously running (i.e., p erforming the

computation describ ed b elo w), but only one b eha vior is ac-

tive (i.e., sending commands to the actuators) at a giv en

time.

Similar to [15], w e emplo y a con tin uous mec hanism of

activ ation spreading, from the b eha viors that ac hiev e the

�nal goal to their predecessors (and so on), as follo ws: eac h

b eha vior has an A ctivation level that represen ts the n um-

b er of successor b eha viors in the net w ork that require the

ac hiev emen t of its p ostconditions. An y b eha vior with ac-

tiv ation lev el greater than zero sends activ ation messages

to all predecessor b eha viors that do not ha v e (or ha v e not

y et had) their p ostconditions met. The activ ation lev el is

set to zero after eac h execution step, so it can b e prop-

erly re-ev aluated at eac h time, in order to resp ond to an y

en vironmen tal c hanges that migh t ha v e o ccurred.

The activ ation spreading mec hanism w orks together with

precondition c hec king to determine whether a b eha vior

should b e activ e, and th us able to execute its actions. A

b eha vior is activ ated i�:

( The A ctivation level != 0 ) AND

( All ordering constrain ts = T R U E ) AND

( All p ermanen t preconditions = T R U E ) AND

(( All enabling preconditions = T R U E ) OR

( the b eha vior w as activ e in the previous step ))

In the curren t implemen tation, c hec king precondition

status is p erformed serially , but the pro cess could also b e

implemen ted in parallel hardw are.

The b eha vior net w ork represen tation has the adv an tage

of b eing adaptiv e to en vironmen tal c hanges, whether they

b e fa v orable (ac hieving the goals of some of the b eha viors,

without them b eing actually executed) or unfa v orable (un-

doing some of the already ac hiev ed goals). Since the condi-

tions are con tin uously monitored, the system executes the

b eha vior that should b e activ e according to the curren t

en vironmen tal state.

I I I. Learning fr om human demonstra tions

A. The demonstr ation pr o c ess

In a demonstration, the rob ot follo ws a h uman teac her

and gathers observ ations from whic h it constructs a task

represen tation. The abilit y to learn from observ ation is

based on the rob ot's abilit y to relate the observ ed states of

the en vironmen t to the kno wn e�ects of its o wn b eha viors.

In the implemen tation presen ted here, in this le arn-

ing mo de, the rob ot follo ws the h uman teac her using its

T rac k(color, angle, distance) b eha vior. This b eha v-

ior merges information from the camera and the laser-

range�nder to trac k an y target of a kno wn color at a dis-

tance and angle w.r.t the rob ot sp eci�ed as b eha vior pa-

rameters (describ ed in more detail in Section IV).

During the demonstration pro cess, all of the rob ot's b e-

ha viors are con tin uously monitoring the status of their

p ostconditions. Whenev er a b eha vior signals the ac hiev e-

men t of its e�ects, this represen ts an example of the rob ot

ha ving seen something it is able to do. The fact that the



b eha vior p ostconditions are represen ted as abstracted en-

vironmen tal states allo ws the rob ot to in terpret high-lev el

e�ects (suc h as approac hing a target, a w all, or b eing giv en

an ob ject). Th us, em b edding the goals of eac h b eha vior

in to its o wn represen tation enables to rob ot to p erform

a mapping b et w een what it observ es and what it can p er-

form. This pro vides the information needed for learning b y

observ ation. This also stands in con tract with traditional

b eha vior-based systems, whic h do not in v olv e explicit goal

represen tation and th us an y computational re
ection.

Of course, if the rob ot is sho wn actions or e�ects for

whic h it do es not ha v e an y b eha vior represen tation, it will

not b e able to observ e or learn from those exp eriences.

F or the purp oses of our researc h, it is reasonable to accept

this constrain t; w e are not aiming at teac hing a rob ot new

b eha viors, but at sho wing the rob ot ho w to use its existing

capabilities in order to p erform more complicated tasks.

Next, w e presen t the algorithm that constructs the task

represen tation from the observ ations the rob ot has gath-

ered during the demonstration.

B. Building the task r epr esentation fr om observations

During the demonstration, the rob ot acquires the status

of the p ostconditions for all of its b eha viors, as w ell as the

v alues of the relev an t b eha vior parameters. F or example,

for the T rac king b eha vior, whic h tak es as parameters a

desired angle and distance to a target, the rob ot con tin-

uously records the observ ed angle and distance whenev er

the target is visible (i.e., the T rac king b eha vior's p ost-

conditions are true). The last observ ed v alues are k ept as

learned parameters for that b eha vior.

Fig. 2. Precondition t yp es

Before describing the algorithm, w e presen t a few nota-

tional considerations. Similar to the in terv al-based time

represen tation of [16], w e consider that for an y b eha viors

A and B , the p ostconditions of A b eing met and b eha vior

B b eing activ e are time extended ev en ts that tak e place

during the in terv als [ t 1

A

; t 2

A

] and [ t 1

B

; t 2

B

], resp ectiv ely

(Figure 2).

� If t 1

B

� t 1

A

and t 1

B

� t 2

A

, b eha vior A is a predecessor

of b eha vior B . Moreo v er, if t 2

B

� t 2

A

, the p ostconditions

of A are p ermanen t preconditions for B (case 1). Else, the

p ostconditions of A are enabling preconditions for B (case

2).

� If t 1

B

> t 2

A

, b eha vior A is a predecessor of b eha vior B

and the p ostconditions of A are ordering constrain ts for B

(case 3).

Beha vior net w ork construction

1. Filter data to eliminate false indic ations of b ehavior

e�e cts. These cases are detected b y ha ving v ery small du-

rations or unreasonable v alues of the b eha vior parameters.

2. Build a list of intervals for which the e�e cts of any

b ehavior have b e en true, ordered by the time these events

happ ene d. These in terv als con tain information ab out the

b eha vior they b elong to and the v alues of the parameters

(if an y) at the end of the in terv al. Multiple in terv als related

to the same b eha vior generate di�eren t instances of that

b eha vior.

3. Initialize the b ehavior network as empty.

4. F or e ach interval in the list, add to the b ehavior network

an instanc e of the b ehavior it c orr esp onds to. Eac h b eha v-

ior is iden ti�ed b y a unique ID to di�eren tiate b et w een

p ossible m ultiple instances of the same b eha vior.

5. F or e ach interval I

j

in the list:

F or e ach interval I

k

at its right in the list:

Comp ar e the end-p oints of the interval I

j

with those

of al l other intervals I

k

on its right in the list: (we de-

note the b ehavior r epr esente d by I

j

as J and the b ehaviors

r epr esente d in turn by I

k

with K )

� If t 2

j

� t 2

k

, then the p ostconditions of J are p erma-

nen t preconditions for K (case 1). Add this p ermanen t

link to b eha vior K in the net w ork.

� If t 2

j

< t 2

k

and t 1

k

< t 2

j

, then the p ostconditions J

are enabling preconditions for K (case 2). Add this

enabling link to b eha vior K in the net w ork.

� If t 2

j

< t 1

k

, then the p ostconditions of J are ordering

constrain ts for K (case 3). Add this ordering link to

b eha vior K in the net w ork.

The general idea of the algorithm is to �nd the in terv als

when the p ostconditions of the b eha viors w ere true (as de-

tected from observ ations), and to determine the temp oral

ordering of those: whether they o ccurred in strict sequence

or if they o v erlapp ed. The resulting list of in terv als is or-

dered temp orally , so one-directional comparisons are su�-

cien t; no rev erse precondition-p ostcondition dep endencies

could exist.

IV. Communica tion by a cting - a means f or

r obot-human intera ction

Our goal is to extend a rob ot's mo del of in teraction with

h umans so that it can induce a h uman to assist it b y b eing

able to express its in ten tions in a w a y that h umans could

easily understand. The abilit y to comm unicate relies on

the existence of a shared language b et w een a \sp eak er"

and a \listener". The quotes ab o v e express the fact that

there are m ultiple forms of language , using di�eren t means

of comm unication, some of whic h are not based on sp ok en

language, and therefore the terms are used in a generic w a y .

In what follo ws, w e discuss the di�eren t means whic h can

b e emplo y ed for comm unication and their use in curren t

approac hes to h uman-rob ot in teraction. W e then describ e

our o wn approac h.

A. L anguage and c ommunic ation in human-r ob ot domains

W ebster's Dictionary giv es t w o de�nitions for language ,

di�eren tiated b y the elemen ts that constitute the basis for

comm unication. In terestingly , the de�nitions corresp ond

w ell to t w o distinct approac hes to comm unication in the

h uman-rob ot in teraction domain.



De�nition 1. Language = a systematic me ans of c om-

munic ating ide as or fe elings by the use of c onventionalize d

signs, sounds, gestur es, or marks having understo o d me an-

ings .

Most of the approac hes to h uman-rob ot in teraction so

far �t in this category , since they rely on using prede�ned,

common vo c abularies of gestures [17], signs or w ords. These

can b e said to b e using a symb olic language , whose elemen ts

explicitly comm unicate sp eci�c meanings. The adv an tage

of these metho ds is that, assuming an appropriate v o cab-

ulary and grammar, arbitrarily complex information can

b e directly transmitted. Ho w ev er, as w e are still far from

a true dialogue with a rob ot, most approac hes that use

natur al language for comm unication emplo y a limited and

sp eci�c v o cabulary whic h has to b e kno wn in adv ance b y

b oth the rob ot and the h uman users. Similarly , for gestur e

and sign languages , a m utually prede�ned, agreed-up on v o-

cabulary of sym b ols is necessary for successful comm unica-

tion. In this w ork, w e address comm unication without suc h

explicit prior v o cabulary sharing.

De�nition 2. Language = the suggestion by obje cts,

actions or c onditions of asso ciate d ide as or fe elings .

Implicit comm unication, whic h do es not in v olv e a sym-

b olic agreed-up on v o cabulary , is another form of using lan-

guage , and pla ys a k ey role in h uman in teraction. Using

ev o cativ e actions, p eople (and other animals) con v ey emo-

tions, desires, in terests, and in ten tions. Using this t yp e of

comm unication for h uman-rob ot in teraction, and h uman-

mac hine in teraction in general, is b ecomming v ery p opu-

lar. F or example, it has b een applied to h umanoid rob ots

(in particular head-ey e systems), for comm unicating emo-

tional states through face expressions [18] or b o dy mo v e-

men ts [19], where the in teraction is p erformed through b o dy

language . This idea has b een explored in autonomous as-

sistan ts and in terface agen ts as w ell [20]. Action-based

comm unication has the adv an tage that it need not b e re-

stricted to rob ots or agen ts with a h umanoid b o dy or face:

structural b o dy similarities b et w een the in teracting agen ts

are not required to ac hiev e successful in teraction. Ev en if

there is no exact mapping b et w een a mobile rob ot's ph ys-

ical c haracteristics and those of a h uman user, the rob ot

ma y still b e able to con v ey a message, since comm unication

through action also dra ws on h uman common sense [21]. In

the next secton w e describ e ho w our approac h ac hiev es this

t yp e of comm unication.

B. Appr o ach: c ommunic ating thr ough actions

Our goal is to use implicit w a ys of comm unication that

do not rely on a sym b olic language b et w een a h uman and

a rob ot, but instead to use actions, whose outcomes are

common regardless of the sp eci�c b o dy p erforming them.

W e �rst presen t a general example that illustrates the basic

idea of our approac h.

Consider a prelinguistic c hild who w an ts a to y that is out

of his reac h. T o get it, the c hild will try to bring a gro wn-

up to the to y and will then p oin t and ev en try to reac h it,

indicating his in ten tions. Similarly , a dog will run bac k and

forth to induce its o wner to come to a place where it has

found something it desires. The abilit y of the c hild and the

dog to demonstrate their in ten tions b y calling a help er and

mo c k-executing an action is an expressiv e and natural w a y

to comm unicate a problem and need for help. The capacit y

of a h uman observ er to understand these in ten tions from

exhibited b eha vior is also natural since the actions carry

in ten tional meanings, and th us are easy to understand.

W e apply the same strategy in the rob ot domain. The

action-based comm unication approac h w e prop ose for the

purp ose of suggesting in ten tions is general and can b e ap-

plied across di�eren t tasks and ph ysical b o dies/platforms.

In our approac h, a rob ot p erforms its task indep enden tly ,

but if it fails in a cognizan t fashion, it searc hes for a h u-

man and attempts to induce him to follo w it to the place

where the failure o ccurred and demonstrates its in ten tions

in hop es of obtaining help. Next, w e describ e ho w this

comm unication is ac hiev ed.

Immediately after a failure, the rob ot sa v es the curren t

state of the task execution (failure con text), in order to b e

able to later restart execution from that p oin t. This infor-

mation consists of the state of the ordering constrain ts

for all the b eha viors and an ID of the b eha vior that w as

activ e when the failure o ccurred.

Track(Human,90,50)

Track(Human,90,100)

Initialize

Fig. 3. Beha vior net w ork for calling a h uman

Next, the rob ot starts the pro cess of �nding and luring

a h uman to help. This is implemen ted as a b eha vior-based

system, and th us capable of handling failures, and uses

t w o instances of the T rac k(Human, angle, distance)

b eha vior, with di�eren t v alues of the Distanc e parameter:

one for getting close (50cm) and one for getting farther

(1m) (Figure 3). As part of the �rst trac king b eha vior, the

rob ot searc hes for and follo ws a h uman un til he stops and

the rob ot gets su�cien tly close. A t that p oin t, the precon-

ditions for the second trac king b eha vior are activ e, so the

rob ot bac ks up in order to get to the farther distance. Once

the outcomes of this b eha vior ha v e b een ac hiev ed (and de-

tected b y the Init b eha vior), the rob ot re-instan tiates the

net w ork, resulting in a bac k and forth cycling b eha vior,

m uc h lik e a dog's b eha vior for en ticing a h uman to follo w.

When the detected distance b et w een the rob ot and the h u-

man b ecomes smaller than the v alues of the Distanc e pa-

rameter for an y one of its T rac k b eha viors for some p erio d

of time, the cycling b eha vior is terminated.

The T rac k b eha vior enables the rob ot to follo w colored

targets at an y distance in the [30, 200] cm range and an y

angle in the [0, 180] degree range. The information from

the camera is merged with data from the laser range-�nder

in order to allo w the rob ot to trac k targets that are outside

of its visual �eld (see Figure 4). The rob ot uses the camera

to �rst detect the target and then to trac k it after it go es

out of the visual �eld. As long as the target is visible to

the camera, the rob ot uses its p osition in the visual �eld

( x

imag e

) to infer an appro ximate angle to the target �

v isible



(the \appro ximation" in the angle comes from the fact that

w e are not using precise calibrated data from the camera

and w e compute it without taking in to consideration the

distance to the target). W e get the real distance to the

target dist

tar g et

�

v isible

from the laser reading in a small

neigh b orho o d of the �

v isible

angle. When the target disap-

p ears from the visual �eld, w e con tin ue to trac k it b y lo ok-

ing in the neigh b orho o d of the previous p osition in terms

of angle and distance whic h are no w computed as �

tr ack ed

and dist

tar g et

�

tr ack ed

. Th us, the b eha vior giv es the rob ot

the abilit y to k eep trac k of p ositions of ob jects around it,

ev en if they are not curren tly visible, akin to w orking mem-

ory . This is extremely useful during the learning pro cess,

as discussed in the next section.

(a) Space co v erage us-

ing laser range�nder

and camera

(b) Principle for target trac k-

ing b y merging vision and laser

data

Fig. 4. Merging laser and visual information for trac king

After capturing the h uman's atten tion, the rob ot

switc hes bac k to the task it w as p erforming (i.e., loads

the task b eha vior net w ork and the failure con text that de-

termines whic h b eha viors ha v e b een executed and whic h

b eha vior has failed), while making sure that the h uman

is follo wing. Enforcing this is accomplished b y em b edding

t w o other b eha viors in to the task net w ork, as follo ws:

� Add a Lead b eha vior as a p ermanen t predecessor for

all net w ork b eha viors in v olv ed in the failed task. The pur-

p ose of this b eha vior is to insure the h uman follo w er do es

not fall b ehind, and it is ac hiev ed b y adjusting the sp eed

of the rob ot suc h that the h uman follo w er is k ept within

desirable range b ehind the rob ot. Its p ostconditions are

true as long as there is a follo w er sensed b y the rob ot's

rear sonars. If the follo w er is lost, none of the b eha viors in

the net w ork is activ e, as task execution cannot con tin ue.

In this case, the rob ot starts searc hing again for another

help er. After a few exp eriences with unhelpful h umans, the

rob ot will again attempt to p erform the task on its o wn. If

a h uman pro vides useful assistance, and the rob ot is able

to execute the previously failed b eha vior, Lead is remo v ed

from the net w ork and the rob ot con tin ues with task execu-

tion as normal.

� Add a T urn b eha vior as an ordering predecessor of the

Lead b eha vior. Its purp ose is to initiate the leading pro-

cess, whic h in our case in v olv es the rob ot turning around

(in place, for 5 seconds) and b eginning task execution.

Th us, the rob ot retries to execute its task from the p oin t

where it has failed, while making sure that the h uman

help er is near b y . Executing the previously failed b eha vior

will lik ely fail again, e�ectiv ely expressing to the h uman

the rob ot's problem.

In the next section w e describ e the exp erimen ts w e p er-

formed to test the ab o v e approac h to h uman-rob ot in ter-

action, in v olving cases in whic h the h uman is helpful, un-

helpful, or unin terested.

V. Experiment al resul ts

In order to v alidate the capabilities of the approac h w e

ha v e describ ed, w e p erformed sev eral sets of ev aluation ex-

p erimen ts that demonstrate the abilit y of the rob ot to learn

high-lev el task represen tations and also to naturally in ter-

act with a h uman in order to receiv e appropriate assistance

when needed.

W e implemen ted and tested our concepts on a Pioneer

2-D X mobile rob ot, equipp ed with t w o rings of sonars (8

fron t and 8 rear), a SICK laser range-�nder, a pan-tilt-

zo om color camera, a gripp er, and on-b oard computation

on a PC104 stac k (Figure 5).

Fig. 5. A Pioneer 2D X rob ot

A. Evaluation criteria

W e start b y describing the ev aluations criteria w e used in

order to analyze the results of our exp erimen ts, sp eci�cally

the notions of success and failure.

The �rst c hallenge w e addressed enables a rob ot to le arn

high-level task r epr esentations fr om human demonstr ations ,

relying on a b eha vior set already a v ailable to the rob ot.

Within this framew ork, w e de�ne an exp erimen t as suc-

cessful i� all of the follo wing prop erties hold true:

� the rob ot learns the correct task represen tation from the

demonstration;

� the rob ot correctly repro duces the demonstration;

� the task p erformance �nishes within a certain p erio d of

time (in the same and also in c hanged en vironmen ts);

� the rob ot's rep orts on its repro duced demonstration (se-

quence and c haracteristics of demonstrated actions) and

user observ ation of the rob ot's p erformance matc h and rep-

resen t the task demonstrating b y the h uman.

Con v ersely , w e c haracterize an exp erimen t as ha ving

failed if an y one of the prop erties b elo w holds true:

� the rob ot learns an incorrect represen tation of the

demonstration;

� the time limit allo cated for the task w as exceeded;

� the rob ot p erforms an incorrect repro duction of a correct

represen tation.



The second c hallenge w e addressed enables a rob ot to

natur al ly inter act with humans , whic h is harder to ev alu-

ate b y exact metrics suc h as the ones that w e used ab o v e.

Consequen tly , here w e rely more on the rep orts of the users

that ha v e in teracted with the rob ot, and tak e in to consider-

ation if the �nal goal of the task has b een ac hiev ed (with or

without the h uman's assistance). In these exp erimen ts w e

assign the rob ot the same tasks that it has learned during

the demonstration phase, but w e c hange the en vironmen t

up to the p oin t where the rob ot w ould not b e able to exe-

cute them without a h uman's assistance.

Giv en the ab o v e, w e de�ne an exp erimen t as successful

i� all of the follo wing conditions hold true:

� the rob ot is able to get the h uman to come along to help

if a h uman is a v ailable and willing;

� the rob ot can signal the failure in an expressiv e and un-

derstandable w a y suc h that the h uman could understand

and help the rob ot with the problem;

� the rob ot can �nish the task (with or without the h u-

man's help) under the same constrain ts of correctness as

ab o v e.

Con v ersely , w e c haracterize an exp erimen t as ha ving

failed if an y one of the prop erties b elo w holds true:

� the rob ot is unable to �nd a presen t h uman or to en tice

a willing h uman to help b y p erforming actions indicativ e

of its in ten tions;

� the rob ot is unable to signal the failure in a w a y the

h uman can understand;

� the rob ot is unable to �nish the task due to one of the

reasons ab o v e.

B. Exp eriments in le arning fr om demonstr ation

In order to v alidate our learning algorithm w e designed

three di�eren t exp erimen ts whic h rely on na vigation and

ob ject manipulation capabilities of the rob ot. Initially , the

rob ot w as giv en a b eha vior set that allo w ed it to trac k col-

ored targets, op en do ors, pic k up, drop, and push ob jects.

The b eha viors w ere implemen ted using A YLLU [22], an ex-

tension of the C language for dev elopmen t of distributed

con trol systems for mobile rob ot teams.

W e p erformed three di�eren t exp erimen ts in a 4m x 6m

arena. During the demonstration phase a h uman teac her

led the rob ot through the en vironmen t while the rob ot

recorded the observ ations relativ e to the p ostconditions of

its b eha viors. The demonstrations included:

� teac hing a rob ot to visit a n um b er of targets in a partic-

ular order;

� teac hing a rob ot to mo v e ob jects from a particular source

to a particular destination lo cation;

� teac hing a rob ot to slalom around ob jects.

W e rep eated these te aching exp erimen ts more than �v e

times for eac h of the demonstrated tasks, to v alidate

that the b eha vior net w ork construction algorithm re-

liably constructs the same task represen tation for the same

demonstrated task. Next, using the b eha vior net w orks con-

structed during the rob ot's observ ations, w e p erformed ex-

p erimen ts in whic h the rob ot reliably rep eated the task it

had b een sho wn. W e tested the rob ot in executing the task

�v e times in the same en vironmen t as the one in the learn-

ing phase, and also �v e times in a c hanged en vironmen t.

W e presen t the details and the results for eac h of the tasks

in the follo wing sections.

B.1 Learning to visit targets in a particular order

The goal of this exp erimen t w as to teac h the rob ot to

reac h a set of targets in the order indicated b y the ar-

ro ws in Figure 6(a). The rob ot's b eha vior set con tains a

T rac king b eha vior, parameterizable in terms of the colors

of targets that are kno wn to the rob ot. Therefore, during

the demonstration phase, di�eren t instances of the same

b eha vior pro duced output according to their settings.

(a) Exp erimen tal

setup (1)

(b) Exp erimen tal

setup (2)

(c) Appro ximate

rob ot tra jectory

Fig. 6. Exp erimen tal setup for the target visiting task

Track(Green, 179, 468)

Track(Orange, 121, 590)

Track(Blue, 179, 531)

Track(Yellow, 179, 814)

Track(Orange, 55, 769)

Track(Green, 0, 370)

INIT

Fig. 7. T ask represen tation learned from the demonstration of the

Visit targets task

Figure 7 sho ws the b eha vior net w ork the rob ot con-

structed as a result of the ab o v e demonstration.

As exp ected, all the precondition-p ostcondition dep en-

dencies b et w een b eha viors in the net w ork are ordering

t yp e constrain ts; this is eviden t in the rob ot's observ ation

data presen ted in Figure 8. The in terv als during whic h

di�eren t b eha viors ha v e their p ostconditions met did not

o v erlap (case 3 of the learning algorithm) and therefore the

ordering is the only constrain t that has to b e imp osed for

this task represen tation. More than �v e trials of the same

demonstration w ere p erformed in order to v erify the reli-

abilit y of the net w ork generation mec hanism. All of the



pro duced con trollers w ere iden tical and v alidated that the

rob ot learned the correct represen tation for this task.
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Fig. 8. Observ ation data gathered during the demonstration of the

Visit targets task

Figure 9 sho ws the time (a v eraged o v er �v e trials) at

whic h the rob ot reac hed eac h of the targets it w as supp osed

to visit (according to the demonstrations) in an en viron-

men t iden tical to the one used in the demonstration phase.

As can b e seen from the b eha vior net w ork con troller, the

precondition links enforce the correct order of b eha vior ex-

ecution. Therefore, the rob ot will visit a target only after

it kno ws that it has visited the ones that are predecessors

to it. Ho w ev er, during execution the rob ot migh t pass b y

a target that it w as not supp osed to visit at a giv en time.

This is due to the fact that the ph ysical targets are su�-

cien tly distan t from eac h other suc h that the rob ot could

not see them directly from eac h other. Th us, the rob ot has

to w ander in searc h of the next target while inciden tally

passing b y others; this is also the cause b ehind the large

v ariance in tra v ersal times. As is eviden t from the data,

due to the randomness in tro duced b y the rob ot's w ander-

ing b eha vior, it ma y tak e less time to visit all six targets in

one trial than it do es to visit only the �rst t w o in another

trial.
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Fig. 9. Av eraged time of the rob ot's progress while p erforming the

Visit targets task

The rob ot do es not consider these visits as ac hiev emen ts

of parts of its task, since it is not in terested in them at that

p oin t of task execution. The rob ot p erforms the correct

task as it is able to discern b et w een an in tended and an

inciden tal visit to a target. All the in tended visits o ccur in

the same order as demonstrated b y a h uman. Unin tended

visits, on the other hand, v ary from trial to trial as a result

of di�eren t paths the rob ot tak es as it w anders in searc h

of targets, and are not recorded b y the rob ot in the task

ac hiev emen t pro cess.

In all exp erimen ts the rob ot met the time constrain t,

�nishing the execution within 5 min utes, the allo cated

amoun t of time for this task.

B.2 Learning to slalom

In this exp erimen t, the goal w as to teac h a rob ot to

slalom through four targets placed in a line, as sho wn in

Figure 10(a). W e c hanged the size of the arena to 2m x 6m

for this task.

(a) Exp erimen tal

setup

(b) Appro ximate

rob ot tra jectory

Fig. 10. The Slalom task

During 8 di�eren t trials the rob ot learned the correct

task represen tation as sho wn in the b eha vior net w ork from

Figure 11. F or this case, w e can observ e that the relation

b et w een b eha viors that trac k consecutiv e targets is of en-

abling precondition t yp e. This correctly represen ts the

demonstration, since, due to the nature of the exp erimen t

and of the en vironmen tal setup, the rob ot b egan to trac k a

new target while still near the previous one (case 2 of the

learning algorithm).

Track(Yellow, 0, 364)

Track(Orange, 178, 378)

Track(Blue, 10, 350)

Track(Green, 179, 486)

Initialize

Fig. 11. T ask represen tation learned from the demonstration of the

Slalom task

W e p erformed 20 exp erimen ts, in whic h the rob ot cor-

rectly executed the slalom task in 85% of the cases. The

failures consisted of t w o t yp es: 1) the rob ot, after passing

one \gate," could not �nd the next one due to the limita-

tions of its vision system; and 2) the rob ot, while searc hing



for a gate, turned bac k to w ards the already visited gates.

Figure 10(b) sho ws the appro ximate tra jectory of the rob ot

succesfully executing the slalom task on its o wn.

B.3 Learning to tra v erse \gates" and mo v e ob jects from

one place to another

The goal of this exp erimen t w as to extend the complex-

it y and th us the c hallenge of learning the demonstrated

tasks in t w o w a ys. First, w e added ob ject manipulation

to the tasks, using the rob ot's abilit y to pic k up and drop

ob jects. Second, w e added the need for learning b eha viors

that in v olv ed co-execution, rather than only sequencing, of

the b eha viors in the rob ot's rep ertoire.

(a) T ra v ers-

ing gates and

mo ving ob jects

(b) Appro ximate

tra jectory of the

rob ot

Fig. 12. The Ob ject manipulation task

The setup for this exp erimen t is presen ted in Fig-

ure 12(a). Close to the green target there is a small or-

ange b o x. In order to teac h the rob ot that the task is to

pic k up the orange b o x placed near the green target (the

source), the h uman led the rob ot to the b o x, and when suf-

�cien tly near it, placed the b o x b et w een the rob ot's grip-

p ers. After leading the rob ot through the \gate" formed

b y the blue and y ello w targets, when reac hing the orange

target (the destination), the h uman to ok the b o x from the

rob ot's gripp er. The learned b eha vior net w ork represen-

tation is sho wn in Figure 13. Since the rob ot started the

demonstration with nothing in the gripp er, the e�ects of

the Drop b eha vior w ere met, and th us an instance of that

b eha vior w as added to the net w ork. This ensures correct

execution for the case when the rob ot migh t start the task

while holding something: the �rst step w ould b e to drop

the ob ject b eing carried.

During this exp erimen t, all three t yp es of b eha vior pre-

conditions w ere detected: during the demonstration the

rob ot is carrying an ob ject for the en tire time while going

through the gate and trac king the destination target, the

links b et w een Pic kUp and the b eha vior corresp onding to

the actions ab o v e are p ermanen t preconditions (case 1 of

the learning algorithm). Enabling precondition links ap-

p ear b et w een b eha viors for whic h the p ostconditions are

met during in terv als that only temp orarily o v erlap, and �-

nally the ordering constrain ts enforce a top ological order

b et w een b eha viors, as it results from the demonstration

pro cess.

The abilit y to trac k targets within a [0, 180] degree range

allo ws the rob ot to learn to naturally execute the part of

the task in v olving going through a gate. This exp erience is

mapp ed on to the rob ot's represen tation as follo ws: \trac k

the y ello w target un til it is at 180 degrees (and 50cm) with

resp ect to y ou, then trac k the blue target un til it is at 0

degrees (and 40cm)." A t execution time, since the rob ot is

able to trac k b oth targets ev en after they disapp eared from

its visual �eld, the goals of the ab o v e T rac k b eha viors w ere

ac hiev ed with a smo oth, natural tra jectory of the rob ot

passing through the gate.

Drop1

Track(Green, 179, 528)

PickUp(Orange)

Track(Yellow, 179, 396)

Track(Blue, 0, 569)

Track(Orange, 55, 348)

Drop2

INIT

Fig. 13. T ask represen tation learned from the demonstration of the

Ob ject manipulation task

Due to the increased complexit y of the task demonstra-

tion, in 10% of the cases (out of more than 10 trials) the

b eha vior net w ork represen tations built b y the rob ot w ere

not completely accurate. The errors represen ted sp ecial-

ized v ersions of the correct represen tation, suc h as: T rac k

the green target from a certain angle and distance, follo w ed

b y the same T rac k b eha vior but with di�eren t parameters

- when only the last w as in fact relev an t.
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Fig. 14. The rob ot's progress (ac hiev emen t of b eha vior p ostcondi-

tions) while p erforming the Ob ject manipulation task

The rob ot correctly executed the task in 90% of the cases.

The failures w ere all of the t yp e in v olving exceeding the al-

lo cated amoun t of time for the task. This happ ened when

the rob ot failed to pic k up the b o x b ecause it w as to o close

to it and th us ended up pushing it without b eing able to

p erceiv e it. This failure results from the undesirable ar-

rangemen t and range of the rob ot's sensors, not to an y

algorithmic issues. Figure 14 sho ws the rob ot's progress

during the execution of a successful task, sp eci�cally the



in terv als of time during whic h the p ostconditions of the

b eha viors in the net w ork w ere true: the rob ot started b y

going to the green target (the source), then pic k ed up the

b o x, tra v ersed the gate, and follo w ed the orange target (the

destination) where it �nally dropp ed the b o x.

B.4 Discussion

The results obtained from the ab o v e exp erimen ts demon-

strate the e�ectiv eness of using h uman demonstration com-

bined with our b eha vior arc hitecture as a mec hanism for

learning task represen tations. The approac h w e presen ted

allo ws a rob ot to automatically construct suc h represen ta-

tions from a single demonstration. The summary of the

exp erimen tal results is presen ted in T able I. F urthermore,

the tasks the rob ot is able to learn can em b ed arbitrarily

long sequences of b eha viors, whic h b ecome enco ded within

the b eha vior net w ork represen tation.

T ABLE I

Summar y of the experiment al resul ts.

Successes

Exp erimen t name T rials

Nr. P ercen t

Six targets (learning) 5 5 100 %

Six targets (execution) 5 5 100 %

Slalom (learning) 8 8 100 %

Slalom (execution) 20 17 85 %

Ob ject mo v e (learning) 10 9 90 %

Ob ject mo v e (execution) 10 9 90 %

Analyzing the task represen tations the rob ot built dur-

ing the exp erimen ts ab o v e, w e observ e the tendency to-

w ard o v er-sp ecialization. The b eha vior net w orks the rob ot

learned enforce that the execution go through all demon-

strated the steps of the task, ev en if some of them migh t not

b e relev an t. Since, during the demonstration, there is no

direct information from the h uman ab out what is or is not

relev an t, and since the rob ot learns the task represen tation

from ev en a single demonstration, it assumes that ev ery-

thing that it notices ab out the en vironmen t is imp ortan t

and represen ts it accordingly .

As an y one-shot learning system, our system learned a

correct, but p oten tially o v erly sp ecialized represen tation

of the demonstrated task. Additional demonstrations of

the same task w ould allo w it to generalize at the lev el of

the constructed b eha vior net w ork. Standard metho ds for

generalization can b e directly applied to address this issue

within our framew ork. An alternativ e approac h to address-

ing o v ersp ecialization is to allo w the h uman to signal to

the rob ot the saliency of particular ev en ts, or ev en ob jects.

While this do es not eliminate irrelev an t en vironmen t state

from b eing observ ed, it biases the rob ot to notice and (if

capable) capture the k ey elemen ts. In our future w ork w e

will explore b oth of the ab o v e approac hes.

C. Inter acting with humans - c ommunic ation by acting

In the previous section w e presen ted examples of learn-

ing task represen tation from h uman demonstrations. The

exp erimen ts that w e presen t next fo cus on another lev el of

rob ot-h uman in teraction: p erforming actions as a means of

comm unicating in ten tions and needs.

In order to test the in teraction mo del w e describ ed in

Section IV, w e used the same set of tasks as in the pre-

vious section, but c hanged the en vironmen t so the rob ot's

execution of the task b ecame imp ossible without some out-

side assistance. The failure to p erform an y one of the steps

of the task induced the rob ot to seek help and to p erform

ev o cativ e actions in order to catc h the atten tion of a h uman

and get him to the place where the problem o ccurred. In

order to comm unicate the nature of the problem, the rob ot

rep eatedly tried to execute the failed b eha vior in fron t of

its help er. This is a general strategy that can b e emplo y ed

for a wide v ariet y of failures. Ho w ev er, as demonstrated in

our third example b elo w, there are situations for whic h this

approac h is not su�cien t for con v eying the message ab out

the rob ot's in ten t. In those, explicit comm unication, suc h

as natural language, is more e�ectiv e. W e discuss ho w

di�eren t t yp es of failures require di�eren t mo des of com-

m unication for help.

In our v alidation exp erimen ts, w e ask ed a p erson that

had not w ork ed with the rob ot b efore to b e close during

the tasks execution and exp ect to b e engaged in in terac-

tion. During the exp erimen t set, w e encoun tered di�eren t

situations, corresp onding to di�eren t reactions of the h u-

man in resp onse to the rob ot. W e can group these cases

in to the follo wing main categories:

� unin terested : the h uman w as not in terested in, did not

react to, or did not understand the rob ot's calling for help.

As a result, the rob ot started to searc h for another help er.

� in terested, unhelpful : the h uman w as in terested and

follo w ed the rob ot for a while but then abandoned it. As in

the previous case, when the rob ot detected that the help er

w as lost, it started to lo ok for another one.

� helpful : the h uman follo w ed the rob ot to the lo cation

of the problem and assisted the rob ot. In these cases the

rob ot w as able to �nish the execution of the task, b ene�ting

from the help it had receiv ed.

W e purp osefully constrained the en vironmen t in whic h

the task w as to b e p erformed, in order to encourage h uman-

rob ot in teraction. The help er's b eha vior, consquen tly , had

a decisiv e impact on the rob ot's task p erformance: when

unin terested or unhelpful, failure ensued either due to ex-

ceeding time constrain ts or to the rob ot giving up the task

after trying for to o man y times. Ho w ev er, there w ere also

cases when the rob ot failed to �nd or en tice the h uman to

come along, due to visual sensing limitations or the rob ot

failing to expressiv ely execute its c al ling b eha vior. The few

cases in whic h a failure o ccurred despite the assistan tce of a

helpful h uman, are presen ted b elo w, along with a descrip-

tion of eac h of the three exp erimen tal tasks and o v erall

results.

C.1 T ra v ersing blo c k ed gates

In this section w e discuss an exp erimen t in whic h a rob ot

is giv en a task similar to the one learned b y demonstration

(presen ted in Section V-B.3), tra v ersing gates formed b y

t w o closely placed colored targets. The en vironmen t (see



Figure 15(a)) is c hanged in that the path b et w een the tar-

gets is blo c k ed b y a large b o x that prev en ts the rob ot from

going through.

Expressing in ten tionalit y of p erforming this task is done

b y executing the T rac k b eha vior, whic h allo ws the rob ot

to mak e its w a y around one of the targets. While trying to

reac h the desired distance and angle to the target, hindered

b y the large b o x, the rob ot sho ws the direction it w an ts to

go in, whic h is blo c k ed b y the obstacle.

(a) Going

through a gate

(b) Pic king up

an inaccessible

b o x

(c) Visiting a miss-

ing target

Fig. 15. The h uman-rob ot in teraction exp erimen ts setup

W e p erformed 12 exp erimen ts in whic h the h uman

pro v ed to b e helpful. F ailures in accomplishing the task

o ccurred in three of the cases, in whic h the rob ot could

not get through the gate ev en after the h uman had cleared

the b o x from its w a y . F or the rest of the cases the rob ot

successfully �nished the task with the h uman's assistance.

C.2 Mo ving inaccessible lo cated ob jects

A part of the exp erimen t describ ed in Section V-B.3 in-

v olv ed mo ving ob jects around. In order to induce the rob ot

to seek help, w e placed the desired ob ject in a narro w space

b et w een t w o large b o xes, th us making it inaccessible to the

rob ot (see Figure 15(b)).

The rob ot expresses the in ten tions of getting the ob-

ject b y simply attempting to execute the corresp onding

Pic kUp b eha vior. This forces the rob ot to lo w er and op en

its gripp er and tilt its camera do wn when approac hing the

ob ject. The driv e to pic k up the ob ject is com bined with

the e�ect of a v oiding large b o xes, causing the rob ot to go

bac k and forth in fron t of the narro w space and th us con v ey

an expressiv e message ab out its in ten tions and its problem.

F rom 12 exp erimen ts in whic h the h uman pro v ed to b e

helpful, w e recorded t w o failures in ac hieving the task.

These failures w ere due to the rob ot losing trac k of the

ob ject during the h uman's in terv en tion and b eing unable

to �nd it again b efore the allo cated time expired. F or the

rest of the cases the help receiv ed allo w ed the rob ot to

successfully �nish the task execution.

C.3 Visiting non-existing targets

In this section w e presen t an exp erimen t that do es not

fall in to the category of the tasks men tioned ab o v e and

is an example for whic h the framew ork of comm unicating

through actions should b e extended to include more explicit

means of comm unication. Consider the task of visiting a

n um b er of targets (see Section V-B.1), in whic h one of

the targets has b een remo v ed from the en vironmen t (Fig-

ure 15(c)). The rob ot giv es up after some time of searc h-

ing for the missing target and go es to the h uman for help.

By applying the same strategy of executing in fron t of the

help er the b eha vior that failed, the result will b e a con tin u-

ous w andering in searc h of the target from whic h it is hard

to infer what the rob ot's goal and problem are. It is evi-

den t that the rob ot is lo oking for something - but without

the abilit y to name the missing ob ject, the h uman cannot

in terv ene in a helpful w a y .

D. Discussion

The exp erimen ts presen ted ab o v e demonstrate that im-

plicit y et expressiv e action-based comm unication can b e

successfully used ev en in the domain of mobile rob otics,

where the rob ots cannot utilize ph ysical structure similari-

ties b et w een themselv es and the p eople they are in teracting

with.

F rom the results, our observ ations, and the rep ort of the

h uman sub ject in teracting with the rob ot throughout the

exp erimen ts, w e deriv e the follo wing conclusions ab out the

v arious asp ects of the rob ot's so cial b eha vior:

� Capturing a h uman's atten tion b y approac hing and

then going bac k and forth in fron t of him is a b eha vior t yp-

ically easily recognized and in terpreted as soliciting help.

� Getting a h uman to follo w b y turning around and

starting to go to the place where the problem o ccurred

(after capturing the h uman's atten tion) requires m ultiple

trials in order for the h uman to completely follo w the rob ot

the en tire w a y . This is due to sev eral reasons: �rst, ev en

if in terested and realizing that the rob ot w an ts something

from him, the h uman ma y not actually b eliev e that he is

b eing called b y a rob ot in a w a y in whic h a dog w ould do

it and do es not exp ect that fol lowing is what he should do.

Second, after c ho osing to go with the rob ot, if w andering in

searc h of the place with the problem tak es to o m uc h time,

the h uman giv es up not kno wing whether the rob ot still

needs him.

� Con v eying in ten tions b y rep eating the actions of a

failing b eha vior in fron t of a help er is easily ac hiev ed for

tasks in whic h all the elemen ts of the b eha vior execution

are observ able to the h uman. Up on reac hing the place of

the rob ot's problem, the help er is already engaged in in ter-

action and is exp ecting to b e sho wn something. Therefore,

seeing the rob ot trying and failing to p erform certain ac-

tions is a clear indication of the rob ot's in ten tions and need

for assistance.

VI. Rela ted w ork

The w ork presen ted here is most related to t w o areas of

rob otics researc h: rob ot learning and h uman-rob ot in ter-

action. Here w e discuss its relation to b oth areas and state

the adv an tages gained b y com bining the t w o in the con-

text of adding so cial capabilities to agen ts in h uman-rob ot

domains.



T eac hing rob ots new tasks is a topic of great in terest

in rob otics. Sp eci�cally in the con text of b eha vior-based

rob ot learning, the ma jorit y of approac hes ha v e b een at the

lev el of learning p olicies, situation-b eha vior mappings. The

metho d, in v arious forms, has b een successfully applied to

single-rob ot learning of v arious tasks, most commonly na v-

igation [23], also hexap o d w alking [24], b o x-pushing [25],

and has also b een successfully applied to m ulti-rob ot learn-

ing [26].

Another relev an t approac h has b een in teac hing rob ots

b y demonstration, also referred to as imitation. [2] demon-

strated simpli�ed maze learning, i.e., learning turning b e-

ha viors, b y follo wing another rob ot teac her. The rob ot uses

its o wn observ ations to relate the c hanges in the en viron-

men t with its o wn forw ard, left, and righ t turn actions. [1]

describ es ho w rob ots can build mo dels of other rob ots that

they are trying to imitate b y follo wing them, and b y mon-

itoring the e�ects of those actions on their in ternal state

of wel l b eing . [27] used mo del-based reinforcemen t learning

to sp eed-up learning for a system in whic h a 7 DOF rob ot

arm learned the task of balancing a p ole from a brief h uman

demonstration. Other w ork in our lab is also exploring im-

itation based on mapping observ ed h uman demonstration

on to a set of b eha vior primitiv es, implemen ted on a 20 DOF

dynamic h umanoid sim ulation [28], [29]. The k ey di�erence

b et w een the w ork presen ted here and those ab o v e is at the

lev el of learning. The w ork ab o v e fo cuses on learning at

the lev el of action imitation (and th us usually results in

acquiring reactiv e p olicies), while w e are concerned with

learning high-lev el, sequen tial tasks.

A connectionist approac h to the problem of learning from

h uman or rob ot demonstrations using a te acher fol lowing

paradigm is presen ted in [30], [31]. The arc hitecture allo ws

the rob ots to learn a v o cabulary of \w ords" represen ting

prop erties of ob jects in the en vironmen t or actions shared

b et w een the teac her and the learner and also to learn se-

quences of \w ords" represen ting the teac her's actions.

One of the most imp ortan t forms of b o dy language,

whic h has receiv ed a great deal of atten tion among

researc hers, is the comm unication of emotional states

through face expressions. In some cases, the rob ot's emo-

tional state is determined b y ph ysical in teraction suc h as

touc h: [19] presen t a LEGO rob ot that is capable of dis-

pla ying sev eral emotional expressions in resp onse to ph ys-

ical con tact. In others, visual p erception is used as a so-

cial cue that in
uences the rob ot's ph ysical state: Kismet

[18] is capable of con v eying in ten tionalit y through its facial

expressions and b eha vior. There, the ey e mo v emen ts, con-

trolled b y a rep ertoire of activ e vision b eha viors, are mo d-

eled after h umans and therefore ha v e comm unicativ e v alue.

Other researc hers (e.g., [32], [33]) ha v e also addressed the

problem of h uman-rob ot in teraction from the p ersp ectiv e

of using h umanoid rob ots, and this is quic kly b ecoming a

fast-gro wing area of reserac h.

While facial expressions are a natural means of in terac-

tion for a h umanoid, or in general a \headed," rob ot, they

cannot b e en tirely applied to the domain of mobile rob ots,

where the platforms t ypically ha v e a v ery di�eren t, and

non-an throp omorphic ph ysical structure. [34] discusses the

role of arti�cial emotions in so cial rob otics for teams of mo-

bile rob ots, as they could serv e as a basis for mec hanisms

of so cial in teraction. Asp ects suc h as managing group het-

erogeneit y , history of a�ects o v er time, and deriving shared

meanings are all relev an t for the domain of rob ot teams -

and if addressed from the p ersp ectiv e of arti�cial emotions

could help dev elop so cial in teractions at the lev el of the

rob ot group.

Human-rob ot or rob ot-rob ot in teraction in the mobile

rob ots domain ha v e b een mostly addressed from the p er-

sp ectiv e of using explicit metho ds of comm unication. [35]

presen ts a system that includes, b esides rob ots, p eople, au-

tomated instrumen ts, and computers in order to implemen t

m ultimo dal in teraction. The approac h in tegrates sp eec h

generation with gesture recognition and gesture genera-

tion as means of comm unication within this heterogeneous

team.

The use of implicit metho ds of in teraction b et w een

rob ots is also addressed in [1], who presen ted an approac h

v ery related to ours. There, the rob ots in teract b y main-

taining b o dy con tact, either to learn ab out eac h other's

in ternal mo dels or to detect if con tin uing the in teraction

is b ene�cial for the rob ot's curren t in ternal state. The in-

teraction allo ws rob ots with di�eren t sensory capabilities

to learn ho w to com bine their abilities in order to clim b

hills, an action that they could not p erform alone. In our

approac h, w e demonstrate that the use of implicit, action-

based metho ds for comm unicating and expressing in ten-

tions can b e extended to the h uman-rob ot domain, despite

the structural di�erences b et w een mobile rob ots and h u-

mans.

VI I. Conclusions

W e ha v e addressed t w o di�eren t but related researc h

problems, b oth dealing with asp ects of designing so cially

in telligen t agen ts: learning from exp erienced demonstra-

tion and in teracting with h umans using implicit, action-

based comm unication.

First, w e presen ted a metho dology that extends the

framew ork of learning from demonstration b y allo wing a

rob ot to construct high-lev el represen tations of tasks pre-

sen ted b y a h uman teac her. The rob ot learns b y relat-

ing the observ ations to the kno wn e�ects of its b eha vior

rep ertoire. This is made p ossible b y using a b eha vior ar-

c hitecture that em b eds represen tations of the rob ot's b e-

ha vior goals. W e ha v e demonstrated that the metho d is

robust and can b e applied to a v ariet y of tasks in v olving

the execution of long, and sometimes rep eated, sequences

of b eha viors as w ell as concurren tly executed b eha viors.

Second, w e argued that the means of comm unication and

in teraction of mobile rob ots whic h do not ha v e an throp o-

morphic, animal, or p et-lik e app earance and expressiv eness

should not necessarily b e limited to explicit t yp es of in ter-

action, suc h as sp eec h or gestures. W e demonstrated that

simple actions could b e used in order to allo w a rob ot to

successfully in teract with users and express its in ten tions.

F or a large class of in ten tions suc h as: I want to do "this"



- but I c an 't , the pro cess of capturing a h uman's atten-

tion and then trying to execute the action and failing is

expressiv e enough to e�ectiv ely con v ey the message, and

th us obtain assistance.
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