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Abstract

We presentthe developmentof and experimentwith a robot
systemshawing cognitive capabilitiesof childrenof threeto
four years. We focuson two topics: assemblyby two hands
andunderstandingiumaninstructionsn naturallanguageasa
preconditiorfor assemblsystemdbeingpercevedby humans
as“intelligent”. A typical applicationof sucha systemis in-
teractve assembly A humancommunicatorsharinga view
of theassemblyscenariowith the robotinstructsthe latter by
speakingto it in the sameway that he would communicate
with a child. His instructionscanbe underspecified,incom-
pleteand/orcontext-dependent.

After introducing the general purposeof our project, we
presenthe hardware and software component®f our robots
necessaryor interactve assemblytasks. The control archi-
tectureof the robot systemwith two stationaryrobotarmsis
discussedWe thendescribethe functionalitiesof theinstruc-
tion understandingplanningandexecutionlevels. Theimple-
mentationf a layered-learningnethodologymemoriesand
monitoring functionsare briefly introduced. Finally, we out-
line alist of futureresearchopicsfor extendingour system.

1 Intr oduction

Human-beingsnteractwith eachotherin a multimodalway.
By reviewing thehistoryof robotics themodalitiesof human-
robot interactioncan be classifiedinto threelevels: explicit
level, implicit level, andinter-humanlike level. With the en-
hancemenof robot intelligenceand advanceof humanper
ception,human-robotinteractioncan be developednaturally
andinter-humanlike. A usercaninstructarobotby usingnat-
ural languagg(NL), gestureandgazeinformationin the way
hecommunicatesvith a humanpartner Technologiedeading
towardssucha naturalinteractionwith robotswill contribute
to the extensionof robotic applicationsto all human-in-the-
loop systemsuchasservicerobots,medicalrobots,entertain-
mentrobots softwarerobots,etc. In mechatroni@pplications,
the “madine intelligencequotient (MIQ) canbe enhanced
sothatuntrainedoersonsanusesuchhigh functionaldevices
easily For building arobotsystemwhich understandeuman
naturalinstructionsarobotcontrolarchitecturavhichenables
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multimodalinput, globalmemoryaccessandfault monitoring
becomes centraltopic.

2 Somerelevant work

Onechallengeof theresearctprogramfor roboticsis to auto-
matetheproces®f multisensosupportedassemblpy gradu-
ally enablingtherobotandsensosystento carryouttheindi-
vidual stepsn amoreandmoreautonomousashion.Thetyp-
ical hierarchicalRCS architecturefor realizing suchsystems
was explainedin detailsin [1]. However, a fully automatic
assemblyunderdiverseuncertainconditionscanrarely be re-
alizedwithout ary failure. Several projectson communicatre
agentgealizedwith realrobotshave beerreportede.g.[8]. In
the projectsdescribedn [2] and[10], naturallanguagenter-
faceswereusedasthe“front-end” of anautonomousobot. If
constrainedhaturallanguages usedto realisea limited num-
ber of robot operationsspecialstepscan be taken, e.g. by
only recongizingnounsin an instructionandlisting the pos-
sibleactionsbasedn a pre-definedknowledgedatabas§l1].
In the SAIL project[10], level-basedAA-learning combined
with attention-selectiomnd reinforcemensignalswasintro-
ducedto let a mobile robot learn to navigate and to recog-
nize humanfacesandsimplespeechinputs. In [7], the main
systemarchitecturesverecomparedandan object-basedp-
proachwasproposedo helpmanagehecompleity of intelli-
gentmachinedevelopment.n the Cogproject[3], thesensory
andmotor systemof a humanoidrobotandtheimplemented
active sensingandsocialbehaiors werestudied.

To overcomethe limitations of this approach,the concept
of the “Artificial Communicator’was developed,which we
briefly outlinein thesequel.

3 The Communicator Approach

If the natureof assemblytaskscannotbe fully predicted,it
becomesnevitable to decompos¢heminto moreelementary
actions.Ideally, theactionsspecifiedareatomicin suchaway
thatthey alwaysreferto only onestepin the assemblyof ob-
jectsor aggrejates,i.e. they referto only one objectthatis
to be assembledvith anotherobjector collectionthereof(ag-



gregates).Theentiretyof a systemthattransformssuitablein-
structionsinto suchactionsis calledanartificial communica-
tor (AC). It consistof sensosubsystemd\lL processinggog-
nitive integrationandtheroboticactors.Fromtheinstructors
point of view the AC shouldresemblea humancommunicator
(HC) ascloselyaspossible[6]. The AC mustbe seamlessly
integratedinto the handling/manipulatioprocess.More im-
portantly it mustbe situated which meansghatthe situational
contet (i.e. the stateof the AC andits ervironment)of a cer
tainNL (andfurthermodalities)inputis alwaysconsideredor
its interpretation. The procesof interpretationjn turn, may
dependnthe history of utterancesip to a certainpointin the
corversation. It may be helpful, for example,to clearly state
the goal of the assemblybeforeproceedingvith a description
of theatomicactions.Thereare,however, situationsin which
sucha “stepwiserefinement’is counterproductie, e.g.if the
final goal cannotbe easilydescribed Studiesbasedbn obser
vationsof childrenperformingassemblytaskshave provento
be usefulin developingpossibleinterpretationcontrol flows.
From an engineeringperspectie, the two approachegsanbe
likenedto openloop contml (Front-EndApproach)andclosed
loop control (IncrementalApproach)with the humaninstruc-
tor beingpartof the closedloop.

Theresearchdescribedn thefollowing sectionss embedded
into a larger interdisciplinaryresearchproject aiming at the
developmenibof ACsfor variouspurposesndinvolving scien-
tistsfrom thefields of computeiinguistics,cognitive linguis-
tics, computerscienceandelectricalengineering.

4 The Situated Artificial Communicator

Thereis ampleevidencethatthereexistsa stronglink between
humanmotor skill andcognitive development(e.g. [5]). Our
abilities of emulation,mentalmodelingand planningof mo-
tion are centralto humanintelligence[4] and, by the way, a
preconditionfor anticipation,but they also critically depend
on the experiencewe make with our own body dynamicsas
we plasticallyadaptour body’s shapeto the ervironment. As
abasicscenariotheassemblyproceduref atoy aircraft(con-
structedwith “Baufix” parts,seeFig. 1) wasselected\We have
beendevelopinga two-armrobotic systemto modelandreal-
ize humansensorimotoskills for performingassemblytasks
andto facilitatehumaninteractionwith languageandgestures.
This robotic systemsenes as the major test-bedof the on-
going interdisciplinaryresearctprogramof the project SFB
360 “SituatedArtificial Communicators’at the University of
Bielefeld [13]. A numberof partsmustbe recognizedma-
nipulatedand built togetherto constructthe model aircraft.
Within theframework of the SFB,in eachof thesestepsahu-
mancommunicatoinstructsthe robot, which impliesthatthe
interactionbetweerthemplaysanimportantrole in thewhole
process.

1Collaboratve researctunit fundedby the DeutscheForschungsgemein-
schaft(DFG).
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(a) The Baufix construction
parts.

(b) Thegoalaggreyate.

Figure 1: Theassemblyof atoy aircraft.

Figure 2: The two-arm multisensorrobot systemfor dialogue-
guidedassembly

The physical set-upof this systemconsistsof the following
componentgFig. 2):

(i) Two 6 d.o.f. PUMA-260 manipulatorsareinstalledover-

headn astationaryassemblyell. Oneachwrist of themanip-
ulator, a pneumaticjaw-gripper with integratedforce/torque
sensorand “self-viewing” hand-ge system(local sensors)s

mounted.

(if) Two camerasvith controllablezoom,auto-focusandaper

ture provide the mainvision function. Their tasksareto build

2D/3D world models,to supervisegrossmotion of the robot
aswell asto tracethehandandviewing directionof thehuman
instructor

(i) A microphoneand loudspeakrs are connectedwith a
standardroicerecognitionsystem)BM Via\bice, to recognize
thehumanspeechnstructionsandto synthesizéhegenerated
speechoutput.



5 Control Architecture

As thebackboneof anintelligentsystemthe controlarchitec-
ture of acomple technicalsystemdescribeghe functionality
of individual modulesand the interplay betweenthem. We
developedaninteractize hierarchicalrchitectureaccordingo
Fig. 3. A HC is closelyinvolvedin the whole assemblypro-
cess.

5.1 High-level functions

The systemandthe HC interactthrough naturalspeechand
with handgesturesFirst, aninstructionis spolento therobot
systemand recognizedwith the ViaVbice speechengine. In
thecurrentsystemMa\oicerecognize®nly sentencesyhich
the grammarwe developedallows. In practice,hundredsof
grammarrulescanbe used. If the recognitionsucceedsthe
resultsareforwardedto the speectrecognition/understanding
module.

By theirvery nature humaninstructionsaresituated ambigu-
ous,andfrequentlyincomplete. In mostcaseshowever, the
semanti@nalysisof suchutterancesvill resultin sensibleop-
erations.An exampleis thecommand' Grasptheleft screw”.

The systemhasto identify the operation(grasp, the object
for this operation(screw), andthe situatedspecificatiorof the
objects(left).

With the help of a handgesturethe operatorcanfurther dis-
ambiguatehe object. The systemmaythenusethe geometric
knowledgeof the world to identify theright object. Othersit-
uatedexamplesare:“Insertin theholeabove’, “ Sciew thebar
on thedownsidein the sameway ason the upsidé, “Putthat
there”, “Rotateslightly further to the right”, “Do it again’,

etc.

The outputof the analysisis thenverified to checkif thein-
tendedoperationcan be carriedout. If in doubt, the robot
agentasksfor further specification®r it hasthe right to pick
anobjectby itself. Oncethe properoperationis determined,
it is givento the coordination moduleon the next level. The
final resulton this level consistsof an ElementaryOpemtion
(EO) andtheobjectsto bemanipulatedvith themanipulation-
relevantinformationsuchastype, position/orientationgolor,
pose(standinglying, etc).

An EO is definedin this systemas an operationwhich does
not needary furtheractionplanning.Typical EOsare: grasp

place insertinto, put on, screw, regrasp alignment(for an

illustration seeFig. 4). The robustnessof theseoperations
mainly depend®n the quality of thedifferentskills.

5.2 Planning tasks

On the planninglevel, an assemblytask of the toy aircraft,

or of sub-aggrgates,is decomposeéhto a sequencef EOs.

Thefinal decisionaboutthe motion sequenc@&ependon the

instructionsof the humanuseraswell asthe generatedlan.

Theplanningmoduleshouldnotonly beableto understanthe

humaninstructionsput alsoto learnfrom thehumanguidance
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(c) Placeanaggrejate

(e) Screv

(f) Alignment

Figure 4: Examplesof elementaryoperations.

andimprove its planningabilitiesgradually

The planningmoduleon the schedulingevel recevesan EO
from the instruction undestanding By referencingthe ac-
tion memory the planningmodulechooseghe corresponding
basicprimitive sequencéor the operation. This sequences
a script of basicprimitives for implementingthe given EO.
Thetaskhereincludesplanningof the necessaryrajectories,
choosingtheright robot(s)andbasicexceptionhandling.

Sequenceareexecutedby the sequencemwhich activatesdif-

ferentskills on the next executionlevel. The planningmodule
alsorecevvesan eventreportthatis generatedy the execu-
tion level. If the eventis a failure detection,the monitoring
moduleis informed. In the normaloperationsthe monitoring
moduleupdateghe actionmemory It alsodetectsthe event
failures. If it is found thatthe robot canre-dothe operation,
the planningmodulewill try again. Otherwise the monitor

ing modulesendsa requestto the dialog moduleto askthe
humancommunicatohow to handlethe exceptionandwaits
for aninstruction. After the executionof eachoperationthe
knowledg baseis updated.
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Figure 3: An architectureof the SituatedArtificial Communicatorgor instructionunderstandingndexecution.

5.3 Executionlevel

The sequencingnoduleon the schedulinglevel usesthe as-
semblyskills provided by the executionlevel to performa se-
guence. The compleity of the skills canrangefrom open-
ing the handto collision-free control of the two armsto the
meetingpoint. Advancedskills arecomposedf oneor more
basicskills. Generallythreedifferentkindsof skills areclassi-
fied: (i) Motor skills: Openand closegripper; Drive joint to;
Drive arm to; Rotategripper; Move arm in approac direc-
tion; Move camea, etc. (i) Sensorskills: Getjoint; Getpo-
sitionin world; Getforcein appmach direction; Gettorques;
Chedk if a specificpositionis readable; Take a camen pic-
ture; Detectobject; Detectmoving robot; Tradk an object,
etc. (iii) Sensorimotoskills: Force-guaded motion; Vision-
guidedgrossmovemento a goal position; Visual servoingof
thegripper to optimalgraspingposition,etc.
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5.4 Layered-leaming

Learningtheinterplayof perceptionpositioningandmanipu-
lation aswell asbasiccognitive capabilitiesis the foundation
of a smoothexecutionof a commandsequencef a human
instructor If a commandrefersto an EO, the disambigua-
tion of the instructionbasedon multimodalinput is the key

process.The autonomousensoibasedexecutionof thesein-

structionsrequiresadaptve, multi-sensotasedskills with an

understandingf a certainamountof linguistic labels.If com-
plex instructionsare used,however, the robot systemshould
possesgapabilitiesof skill fusion, sequencgenerationand
planning. It is expectedto generatehe sameresult after a
repeatednstructioneven if the situationhaschanged. The
layered-learningapproachis the schemeto meetthis chal-
lenge.



Layered-learningis a hierarchicalself-improving approacho
realizemultimodalrobotcontrol, in particularadaptve, mul-
tisensorbasedskills. Under this concept,tasksare decom-
posedrom highto low level. Realsituatedsensoandactuator
signalsarelocatedon the lowestlevel. Both self-supervised
andreinforcementearninghave beenappliedto the B-spline
model[12] to realizemostof thesensorimotoskills. Through
task-orientedearningthelinguistic termsto describethe per
ceivedsituationsaswell asrobotmotionsaregeneratedSkills
for manipulatiorandassemblareacquiredoy learningonthis
level usinganeuro-fuzzymodel.Furthermorethelearningre-
sultsonthelower levelssene asthe basisof the higherlevels
suchasEOs,sequencesstratgies, planningandfurther cog-
nitive capabilities.

To learnthe operationsequenceautomaticallyfor two arms,
we developedamethodfor learningcooperatre tasks.If asin-

glerobotis unableto graspanobjectin acertainorientationjt

canonly continuewith the help of otherrobots. The grasping
canbe realizedby a sequencef cooperatie operationghat
re-orientthe object. Several sequenceare neededo handle
thedifferentsituationsin which anobjectis not graspabldor

therobot. It is shavn thata distributedlearningmethodbased
onaMarkov decisionprocesss ableto learnthesequencefor

theinvolved robots,a mastemrobot that needsto graspanda
helpingrobotthatsupportst with the re-orientation.A novel

state-actiorgraphis usedto storethereinforcemenwvaluesof

thelearningprocess.

5.5 Memories

To describethe knowledge base,both semanticand proce-
dureknowledgeareused.In our currentimplementatiorsuch
knowledgeis still hard-codedlt canbeviewedaslong-term-
memoryto a certaindegree,which will be extendedby learn-
ing approached our future researchactiities. Short-term-
memoriesexist in perceptionmodules,which are usedfor
scenegecognitiondialogpreparatiorandaction(sensorimotor
functions). Learningof anotherimportanttype of memories,
the episodicmemory is preliminarily studiedin the assembly
scenarios.

Accordingto the empiricalinvestigations,the episodicmem-
ory represent®ne of the mostimportantcomponentof hu-
manintelligence. The reminding, mentalsimulationas well
asplanningusethe episodicmemoryasthebasis.Thediverse
multisensodatawith large bandwidthof therobotsuchasvi-
sionsystemjoint anglespositions force profilesetc.,cannot
besavedin theirroughformatfor arbitrarilylongtime. There-
fore,codingapproachebasednappearancesndfeaturesare
suggested9] for summarizingand generalizingexperiences
from the successfullyperformedoperations.The multisensor
trajectoriesandthemotorsignalsareusedfor “grounding”the
learnedoperationsequences.

5.6 Monitoring
Monitoring playsanimportantrole to make anintelligentsys-
tem robust. It is alsousedfrequentlyby a human-beingn
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manipulationand speaking,especiallyin a nev ervironment
or for a new task. Monitoring and eventually re-planning
for repairingresultin the non-linearityof the understanding-
planning-e&ecution cycle, but they representone essential
functionin the cognitive architectureof arobot. Furthermore,
it is meaningfulto adda diagnosifunctionwhich canprovide
hypothesesboutthereason®f diversefailures.

The unexpectedeventsduring the robot actioncanbe for ex-
ample:A force exceeds definedthreshold;A camen detects
no object; Singularity; Collision; etc. If suchan eventhap-
pensit is reportedto the planninglevel.

6 Dialogueand AssemblyResults

Oneexampleto build the “elevator control” aggrejate of the
aircraft out of threeelementaryobjectsby carrying out dia-
logueswasstudied.Theobjectswerelaid outonthetable,and
thereweremary moreobjectspositionedn arbitraryorderon
thetablethannecessaryThe HC hada completemagein his
mind of whattheassemblysequencshouldbe. Alternatively,
he could have usedthe assemblydravingsin the construction
kit's instructionsandtranslatedheminto NL.

After the AC finding outif all objectsarepresentindaftergo-

ing throughanoptionalobjectnamingprocedureheHC input

first triggersthe actionplanner which decideswvhich objectto

graspandwhich robot to use. Sincethe HC did not specify
eitherof theseparametershoth are selectedaccordingto the

principle of economy In this case,they are so chosenasto

minimize robot motion. The motion plannerthen computes
a trajectory which is passedo the robots. Sincethereare
enoughbolts available,the AC issuesits standardequestor

inputoncetheboltis picked up.

HC inputresultsin the otherrobotpicking up the slat. Before
this may happenhowever, it hasto be clearedup, which slat
to take. This involvestheincorporationof the gesturerecog-
niser Thenthe scraving is triggered,involving the peg-in-
hole modulementionedabove followed by the screving mod-
ule. For reason®f spacethe subsequerdgtepsof the dialogue
have to omittedhere;they shav how errorhandlingandmary
other operationscan be performed— mostof which humans
are not aware of whenthey expectmachinesdo do “what |
mean”.Fig. 5 shavs two typical objectsthatcanbe built with
the setupasdevelopedup to now.

7 FutureWork

Among mary topicsto be explored,someimportantonescan
belistedasfollows:

e Thelong-term-memorys learnedfrom the short-term-
memory so that symbols, sequencespamesand at-
tributesareanchoredn thereal sensor/actuatarorld.



Figure 5: Sampleaggreyatesmadeby ourinteractive assemblysys-
tem.

e Methodsneedto be developedfor increasinghe capa-
bility and quality of reinforcementsignalsand fitness
evaluationof the learningsystem. Active sensingand
active manipulationcanfind their applicationgor these
purposes.

e To enablethe arbitrarytransitionbetweendigital mea-
surementandconceptssymbolicsparsecoding,gran-
ular computing fuzzy setsandroughsetswill beinves-
tigatedandintegrated.

e Action sequencekearnedon the basisof verbalandvi-
sualinstructionsandsummarizatiomeedto bebuilt into
anappropriataepresentatiosothatthey canbe gener
alizedfor analogor evennew tasks.

e Learningonthehigherlevel shouldbe conductedo se-
lectactionstratgyiesandto generatentelligentdialogs.
Thiswill needthetight integrationof morecomponents
andmoreknowledgeshowvn in Fig. 3.

e More functionssuchasa motivationor creationmodule
needto be addedin the architectureso thatthe robot’s
initiatives canbe usedinsteadof passve acceptancef
instructions.
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