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Introduction Activity Models Web-enabled Robots

Ultimate Goal
Realizing Personal Household Robots

with compact control programs
performing an open-ended set of
everyday manipulation tasks like

I laying the table and

I cleaning up

in human environments in a
natural, general, skillful, flexible
and reliable manner.

The robot is to enable people to
stay independent, to keep them
active and participating and
thereby improve their health
state and quality of life.
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Robots that Do It

jPR1, Willow Garagej jH.E.R.B., Intel Researchj

note: talks by Prof. Inaba and Prof. Dillmann
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Why It Is so Hard
The Household Robot Challenge — A Turing test for Action

jdecide onj

I what to do?

I which objects to take?

I where to find the objects?

I where to put them?

I how to do it efficiently?
I for a single pick action:

I where to stand?
I which hand(s) to use?
I how to reach?
I which grasp?
I where to grasp?
I how much force?
I how to hold?

Typical breakfast:

Cup

Knife

Plate

Cup

Knife

Plate

Glass

Spoon

Bowl

Typical 3-person breakfast at
a Thursday morning:

Cup

Knife

Plate

Spoon

Bowl

Cup

Knife

Plate

Spoon

Bowl

Cup

Knife

Plate

Spoon

Bowl
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The Household Robot Challenge
A Turing test for Action

I object, object states

I environment

I scene

I task

I humans

I capabilities

I perceptual
capabilities

I user
preferences

I what to do?

I which objects to take?

I where to find the objects?

I where to put them?

I how to do it efficiently?
I for a single pick action:

I where to stand?
I which hand(s) to use?
I how to reach?
I which grasp?
I where to grasp?
I how much force?
I how to hold?

based on context

decide on
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The Household Robot Challenge
A Turing test for Action

I novel Xs (tasks, objects, ...)

I context parameters change
(preferences, capabilities, ...)

I object, object states

I environment

I scene

I task

I humans

I capabilities

I perceptual
capabilities

I user
preferences

I what to do?

I which objects to take?

I where to find the objects?

I where to put them?

I how to do it efficiently?
I for a single pick action:

I where to stand?
I which hand(s) to use?
I how to reach?
I which grasp?
I where to grasp?
I how much force?
I how to hold?

with adopted contexts

based on context

decide on

Cyc

Upper Ontology

WordNet

Lexical Database

S

VP

VB NP

DT NN
Set

the table

Parser

- Getting Word Senses

- Mapping to Ontolocial Concepts

(and 

(isa ?PLAN ArrangingObjects)

(objectActedOn ?PLAN ?TABLE)

(isa ?TABLE Table-PieceOfFurniture))

(methodForAction

(set_table1 table1)

(actionSequence

(TheList action1 action2 action3)))
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Research Question

how can we specify robot controllers for such robots that achieve

I high performance,

I flexible and reliable, and

I natural

behavior and that can be implemented with

I reasonable programming effort?

Answer

I embed cognitive capabilities
(learning, perception, reasoning, and planning)

I into the control programs

I in order to achieve more flexibility, generality, reliability, and
higher performance
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Cognition-enabled Control — the Very Idea
Example: Map Acquisition and Map-based Navigation

jModel Acquisitionj

courtesy: Wolfram Burgard

jModel Usej

Where am I?

Where is L?

How do I get there?
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Why Cognition-enabled Control?

jGeneral Navigation Routinej

routine navigate 〈tsk〉
in parallel do continually estimate your position

whenever you are lost do relocalize
main process

if reachable(dest(〈tsk〉))
then nav-plan ← compute-nav-plan(curr-pos, dest(〈tsk〉))

execute nav-plan

Cognitive mechanisms enable us to control the robot

I reliably

I flexibly

I efficiently

in concise control programs
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My Definition of Cognition

Cognition = information processing infrastructure that

I enables an agent agt
I to perform a set of tasks tsk
I better wrt performance measure p

(typically generality, flexibility, reliability,
performance, ...)

I based on
I experience and learning
I knowledge/models and reasoning
I forward models and planning/prediction
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The Power of Cognitive Control
Motion Intelligence

I high speed

I high accuracy

I powerful

I fast feedback

I slower

I less accurate

I less powerful

I slower feedback
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The Power of Cognitive Control
Motion Intelligence

Characteristics

I acting in highly
dynamic
environments

I acting under
uncertainty

I prediction-based
motion control

I very fast & effective
motion control

I acquisition of Squash
playing skills
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How to Scale Cognitive Control?

jModel Acquisitionj

courtesy: Wolfram Burgard

jModel Usej

Where am I?

Where is L?

How do I get there?

I novel Xs (tasks,
objects, ...)

I context parameters
change (preferences,
capabilities, ...)

I object, object states

I environment

I scene

I task

I humans

I capabilities

I perceptual
capabilities

I user
preferences

I what to do?

I which objects to
take?

I where to find the
objects?

I where to put them?

I how to do it
efficiently?

I for a single pick
action:

I where to stand?
I which hand(s) to

use?
I how to reach?
I which grasp?
I where to grasp?
I how much force?
I how to hold?

with adopted contexts

based on context

decide on
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Deployment of a Personal Household Robot
Scenario

Mon Tue Wed Thu Fri Sat Sun

Mon Tue Wed Thu Fri Sat Sun

Mon Tue Wed Thu Fri Sat Sun

Mon Tue Wed Thu Fri Sat Sun

acquire environment
models & adapt skills

learn activities using
www instructions

fully operational

continue adaptation and learning
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Research Questions and Approaches

I What is the “Science” of everyday manipulation
activities?
Automated probabilistic models of everyday manipulation

activities

I How to scale autonomous robot control for
household chores?
Web-enabled knowledge processing
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Automated Probabilistic Activity Models
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Perception of Activities
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Human action observation

Perception Models /
Data Struct

Interpretation
& Learning

Learned Seg-
mentation and
Classification

Reasoner

Joint
Probability
Distribution

Description

logics

Sensor-Network-based Observation

Inside-out Activity Observation

Full-body Motion Tracking

appears(obj, loc)

at(obj, hand)

lifted(obj)

disappears(obj, loc)

open(door)

close(door)

looking-at(obj)

grasp-type(type)

grasp-pts(pts)

full-body pose

Activity Recognition and Observation

Knowledge Processing and 

Learning

Probabilistic 
Action 

Models

Learned 
Motion 
Models

Environment 
Models

Japanese-German Symposium on Robotics

The Science of Everyday Activity Michael Beetz



Introduction Activity Models Web-enabled Robots

Observing ’Setting the Table’

Perception Models /
Data Struct

Interpretation
& Learning

Learned Seg-
mentation and
Classification

Reasoner

Joint
Probability
Distribution

Japanese-German Symposium on Robotics

The Science of Everyday Activity Michael Beetz



Introduction Activity Models Web-enabled Robots

Inside-out Activity Recognition

Perception Models /
Data Struct

Interpretation
& Learning

Learned Seg-
mentation and
Classification

Reasoner

Joint
Probability
Distribution
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Robot action observation

Programmer

Robot control 
program

RoLL automaton

anchored

Collected experiences

Data
mining
toolbox

PROLOG

DB access predicates

Database

G
rA

M
 predicates

uses learned concepts and 
classifiers to improve 
the competences and 
performance of the program

Observation System and Data Acquisition
The observation system records and analyzes data about
the robot’s own actions and those performed by other
agents in the environment. This data collection is done us-
ing the Robot Learning Language (RoLL, (Kirsch & Beetz
2007)). RoLL allows to define Hierarchical Hybrid Au-
tomata (HHA) which give access to data from every level
of the control program.

In many cases, the data needed for learning originates
from very different parts of the program, for instance a high-
level pick-up routine and a lower-level grip routine. The
HHAs are anchored to the execution of goals or changes in
global state variables and thus provide access to every detail
of the robot, its belief state and its environment.

Instead of just collecting plain data, RoLL aggregates dif-
ferent sources according to the requirements of the learning
task. This abstract, structured information is called “experi-
ence” since it contains everything that is needed to under-
stand a certain episode.

Figure 7 shows an example of a simple automaton that
saves the start times of the pick-up and the grip routines,
the manipulated object as the result of the find-entity routine
and the robot pose when gripping the object. This data from
three different routines is combined to one experience.

( r o l l : de f ine- raw-exper ience p ick -up -da ta
: s p e c i f i c a t i o n
( main

: begin ( ( s t a r t - t i m e t ime-s tep ) )
: c h i l d r e n

( ( f i n d - e n t i t y
: end ( ( e n t i t y ( : i n t e r n a l - v a l u e ”ENTITY ” ) ) ) )

( g r i p - e n t i t y
: begin ( ( robot -pose [ pose b21-robot ] ) )
: end ( ( g r i p - t i m e t ime-s tep ) ) ) ) ) )

entity-picked-up

find-entity grip-entity

Figure 7: Definition of a Hierarchical Hybrid Automaton
and the resulting structure.

The experiences collected by RoLL automata are stored in
a database so that they can flexibly be accessed. Processing
steps like the clustering of noisy position data can be added
to transform the data into a form that is more suitable for the
subsequent learning steps.

In some cases, the robot needs data from sensors in its en-
vironment, especially when observing actions performed by
other agents. This data can also be accessed by RoLL, since
the robot can transparently read all sensors in the kitchen
from its control program. A wireless sensor network gives
access to RIFD tag readers for identifying objects, laser
scanners for determining peoples’ positions, fixed stereo
cameras for advanced human pose estimation, cameras on
the robot for object recognition and tracking and a sensor-
equipped glove with force sensors, an accelerometer, an
RFID tag reader etc.

This sensor information allows the robot to analyze how
other agents, like humans, perform actions, compare their

behavior to its own and learn through imitation.

Model Learning
The final part of our system is the mechanism to automati-
cally learn a classifier if a “learnable” concept is queried.

A specification of such a concept contains information
which properties are observable (i.e. which can be used as
features to train the classifier) and which are predictable by
the model. During the system design, the programmer se-
lects a suitable set of observable properties for a concept
and a classifier that is able to extract the desired relations.
By deriving the concept definition from the learning system
ontology, he marks it as “learnable”.

In addition to that, he has to specify how the training data
can be obtained. The beforementioned computable classes
(SQLComputable and JythonComputable) allow to transpar-
ently read this information from the database and process it
according to the needs of the classifier.

Whenever such a “learnable” concept is queried, the sys-
tem reads the observables and predictables from the data
base, trains a classifier and uses it with the current data to
check whether a given entity belongs to that concept or not.
If the relations are modeled in an explicit way, as for de-
cision trees, the model can afterwards be transformed into
rules in the knowledge base which can directly be used for
reasoning in the future. Otherwise, the classifier can be used
as a “black box” that decides for each entity if it belongs to
the represented concept or not.

Related Work
The paper by (v. Hoyningen-Huene, Kirchlechner, & Beetz
2007) proposes a technically very similar approach for the
automatic acquisition of grounded action models. However,
their work is focused on the automatic analysis of football
games instead of mobile robot manipulation actions.

A system for the creation of grounded situation models is
presented by (Mavridis & Roy 2006). They build a multi-
layer representation consisting of a stochastic, a continuous
and a categorical level which interchange data. Concepts on
the categorical level can be found in and created from the
stochastic representation and are thus grounded in data. The
environment the robot acts in is very restricted though: a
block-world setting with few items, sparse place categories
and easily identifiable objects.

A general definition of the ”anchoring problem”, i.e. the
link between percepts and associated symbolic concepts, is
elaborated by (Coradeschi & Saffiotti 2003). They present
an approach to maintain this link, but do not go into details
how it is established. (Galindo et al. 2005) build a ”multi-
hierarchical map” combining a spatial and a semantic hierar-
chy based on the anchoring approach presented by Corade-
schi and Saffiotti, but also avoid describing how to determine
which concept a percept should be linked to.

Modayil and Kuipers present a system to automatically
extract objects from an otherwise static scene (Modayil
& Kuipers 2007a) and to autonomously learn which ac-
tions can be used to interact with these objects (Modayil &
Kuipers 2007b). From a laser scanner occupancy grid map,

entity-at-place
pick-up entity

grip
put-down entity

drop

gripbegin → entity pose, robot pose, side, timestep
pick-upend → timestep
dropbegin → entity goal pose,timestep
put-downend→ entity pose, robot pose, timestep

abstract experience

abstract experiencebegin→ entity robot distance,
handle orientation, side

abstract experienceend → time difference

learning experience

learning experiencebegin→ entity robot distance,
handle orientation

learning experienceend → side

Fig. 7. Experience abstraction for the learning problem of determining which
hand to use for gripping.

Figure 8 illustrates the use of hybrid automata in the learn-
ing process on the basis of the learning architecture presented
in Figure ??. The first step in the learning procedure is the
acquisition of raw experiences. For defining the experience, an
experience automaton is defined and anchored to the control
program executed in the environment. Based on this hybrid
model, the data to be observed is defined. This data can stem
from external observations (the state variables) or from internal
information about the program execution (active processes and
local variables). Each detected run of the experience automa-
ton is identified as an episode. Data associated with the episode
can be recorded once at the beginning or end of the automaton
execution or constantly during the interval the automaton is
active. With a hierarchical nesting of hybrid automata this
provides a rich description of the data observed. In Figure 8
different episodes of data are shown in different shades of
gray. The vertical lines separate the data observed during the
run of sub-automata and can therefore be thought of as sub-
episodes. The thin zigzagging lines visualize external data,
the thick straight lines the data gathered from the program
execution status.

In the experience abstraction step the structure of the hybrid
automata is maintained or adapted to a structure that is
semantically sound in the abstracted experience. Not only
the automaton structure is changed in the abstraction pro-
cess, but also the data representing an automaton run. This
transformation of automata gives a very expressive language

for abstracting experiences. In the figure, the hierarchical
structure of the abstract experience is changed and internally
and externally observed values are combined (indicated by
wider zigzags).

The abstraction level used for learning can require a specific
structure of the automaton of the learning experience, for
example when learning with a neural network the learning
system may assume that the data representing the beginning
of the automaton execution contains the input values of the
net and the data observed at the end of the automaton run
represents the output value.

In the current implementation of RoLL the learned function
is integrated into the control program without any more
reference to hybrid automata. However, the things we want
to learn in RoLL are mostly models of the robot behavior.
These models can best be represented in the light of hybrid
systems. For closing this gap, one would only have to model
the control program with a hybrid automaton skeleton, i.e.
specify the structure, but omit quantitative details as shown in
the model automaton in Figure 8. This automaton can then be
replenished with learned prediction models to make accurate
behavior predictions possible and allow a uniform access for
using the models.

If we describe our program as a hybrid system, we soon
realize that the system can be modeled in several ways. One
way would be to describe the top-level program by a sequence
of several continuous processes. The processes correspond
to sub-plan invocations, which are typically extended over a
period of time. Then we have one hybrid system, where the
discrete changes occur when one sub-plan has finished and
another one starts and continuous processes are captured as a
black box in the sub-plans. However, we might want a deeper
understanding of why a sub-plan produces the continuous
behavior we observe. This can be done by having a look
inside the sub-plan, which is built up in the same way as
the top-level plan: it contains calls to sub-plans, which again

State Variables

Critic

experience
automatonexperience

acquisition
. . .

experience
abstraction

. . .

Performance
Element

Learning
Element

Problem
Generator

E
xp

er
ie

nc
e

D
at

ab
as

e
L

ea
rn

in
g

Sy
st

em
s

model automaton

?
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anchoring
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Fig. 8. Architecture of a learning agent when using hybrid automata.
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Problem Solving Episodes

... as state trajectories in user-defined hybrid automata

pick-up colander put-down colander pick-up cooking-pot put-down cooking-pot

fill with tap water pick-up cooking-pot put-down cooking-pot wait for boiling water

pick-up pasta put-down pasta pick-up pasta put-down pasta

pick-up wooden-spoon wooden-spoon lost pick-up wooden-spoon stir content and wait

put-down wooden-spoon pick-up cooking-pot transfill content put-down cooking-pot

both both both both

both both

right right right right

left right

left both both

(0.67 m,-109.4◦ ) (0.69 m,-90.3◦ ) (0.56 m,77.0◦ ) (0.75 m,89.0◦ )

(0.75 m,89.0◦ ) (0.58 m,89.8◦ ) 3.7 min

(0.44 m,-109.3◦ ) (0.58 m,-22.7◦ ) (0.52 m,-111.7◦ ) (0.63 m,-20.2◦ )

(0.74 m,-127.5◦ ) failure (0.84 m,-0.1◦ ) 8.2 min

(0.74 m,-127.5◦ ) (0.62 m,89.0◦ ) (0.58 m,76.7◦ )

duration count sum
plan 1138.10 s
navigation 195.75 s 17 21.96 m
turning 52.21 s 15 820.55◦

left arm 145.39 s 79 17.44 m
right arm 191.41 s 99 23.29 m
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Symbolic Representations of Episodes

1

2

3 Time
216.41 s

1 2 1

2 1 3

1 3

(holds (loc ?plate-23 〈2.27m, 3.74m, 0.86m〉)
0s)

(status (the task (goal entity-on-entity
?desig-37 ?desig-13))

132s
’successful)

(occurs (put-down ?plate-23 〈3.170, 0.780, 0.740〉) [37s, 43s])
(holds-internally

(loc ?desig-53 (a location (on ?desig-13)))
(during (the task (goal (entity-at-location

?desig-53
(a location (on ?desig-13)))))))

⇒ (holds (loc ?plate-23 〈3.170, 0.780, 0.740〉) 43s)
(belief (loc ?desig-53 (a location (on ?desig-13))) 43s)

Japanese-German Symposium on Robotics

The Science of Everyday Activity Michael Beetz



Introduction Activity Models Web-enabled Robots

Overview
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Interpretation of Perceived Activity
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Interpretation of Perceived Activity

• Estimating Human Motion Capture Data of Table Setting Task
• Nonlinear Dimension Reduction Using ST-Isomap
• Paths in Lowdimensional Manifold Correspond to Actions
• Generation of motion FSM for Intention Recognition
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Interpretation of Perceived Activity

occurs(PickAndPlace8, [t0, t6])
inActivity(PickAndPlace8, SetTable1)
handTrajectory(PickAndPlace8,

traj(FIR, t0, t6):�)
actionT(PickAndPlace8, PickAndPlace)
performedBy(PickAndPlace8, P1)
objectActedOn(PickAndPlace8, Cup3)
target(PickAndPlace8, Table1)

occurs(Open23, [t0, t1])
subEventOf(Open23, PickAndPlace8)
subEventT(Open23, OpenCupboard)
objectActedOn(Open23,

OverheadCupboard2)

occurs(PickUp8, [t1, t2])
...
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Interpretation of Perceived Activity

I Turing test for action:
I where should the robot stand to perform an action?

I ARPlace: the set of positions that an action can be
performed successfully from

I can be learned from experience
I can be reasoned about
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Interpretation of Perceived Activity

Learn ARPlaces:
Navigate Grasp Lift

Initial
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Failure!
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Mining Env. Knowledge from Activity Data
Example

jStep 1: Extracting Positionsj

positions where pick and
place actions occur while
setting the table

jStep 2: Cluster Positions into Locationsj

cluster positions into
locations
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Mining Env. Knowledge from Activity Data
Example

jStep 3: Detailed Location Representationsj

approximate positions of a
loaction as a probability
distribution

Japanese-German Symposium on Robotics

The Science of Everyday Activity Michael Beetz



Introduction Activity Models Web-enabled Robots

Mining Env. Knowledge from Activity Data
Example

jStep 4: Inferring the roles of locationsj

do(pickup(agent, object), s)  place

anything

agent

robot

wheeled
robot

humanoid
robot

person

objects

table ware

cups plates

silver
ware

events

actions

pickup putdown

place
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Mining Env. Knowledge from Activity Data
Example

jStep 4: Inferring the roles of locationsj

I causal structure between places and actions?

agent plate cup table knife fork silver action place
ware ware

R T F T F F F PICK P1
R F T T F F F PICK P1
R F F F T F T PICK P3
R T F T F F F PUT P2
R F F F F T T PUT P2

I example decision rule:
action = pick up
∧ object = tableware

−→ P0

I example class assertion

∃actionPosition−.(Pickup u
∀object.Tableware) v P0
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Mining Env. Knowledge from Activity Data
Example

jStep 4: Inferring the roles of locationsj

anything

agent

robot

wheeled
robot

humanoid
robot

person

objects

table ware

cups plates

silver
ware

events

actions

pickup putdown

place

manip.
place

pickup
cup place

put down
set place

pickup cup place knowledge representation is linked to

I a map object

I to robot actions (control programs)

I recognition procedure
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Using Action-related Knowledge
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Overview
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Statistical Relational Models

jfirst-order
representationj

I quantification

I object classes

I relations

I expressiveness

jBayesian
approachj

I joint probability
distribution

I diagnostic inferences

I causal inferences

I temporal inferences

Markov Logic
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Statistical Relational Models

jfirst-order
representationj

I quantification
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Probability Distributions over Everyday Activities

Perception Models /
Data Struct

Interpretation
& Learning

Learned Seg-
mentation and
Classification

Reasoner

Joint
Probability
Distribution

given:
very large factbase on observed activity
episodes

learn joint probability distribution over factbase:
P(what, who, where, when, how)

then you can infer:
I P(what, who, how | where, when)
I P(where | who, when)
I ...
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Probabilistic Models from Observational Data
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Learning Table Setting with Markov Logic

Perception Models /
Data Struct

Interpretation
& Learning

Learned Seg-
mentation and
Classification

Reasoner

Joint
Probability
Distribution
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Example – Inferring Action Contexts

Given that a person has taken objects from the cupboard and has
placed them on the table, we can could conclude that the table is
probably being set and assist in performing this task.

P(contextT(C, ?cT) | next(S1, S2) ∧ next(S2, S3) ∧ context(A1, C) ∧
actionT(A1, Pickup) ∧ performs(P, A1, S1) ∧ involves(A1, Cup) ∧
place(A1, Cupboard) ∧ context(A2, C) ∧ actionT(A2, Putdown) ∧
performs(P, A2, S2) ∧ involves(A2, Cup) ∧ place(A2, Table))

= 〈 SettingTable: 0.76, CleaningUp: 0.08, Cooking: 0.16 〉
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Example – Inferring People’s Intentions

I (cont’d) What is the intended action of a person approaching
a cupboard when setting the table for breakfast, and what
type of object does it involve?

P(actionT(A, ?a), involves(A, ?o) |
intention(P, A, S1) ∧ context(A, C) ∧ contextT(C, SettingTable) ∧ next(S1, S2) ∧
performs(P, A1, S1) ∧ context(A1, C) ∧ actionT(A1, Move) ∧ place(A1, Cupboard))

= 〈〈 Pickup: 0.61, Move: 0.20, Putdown: 0.19 〉,
〈 Cup: 0.35, Cuttlery: 0.18, Plate: 0.16, . . . 〉〉

I What is the intention of a person picking up a cup from the
cupboard in the same context?

P(actionT(A2, ?a2), place(A2, ?p2), actionT(A3, ?a3) |
next(S1, S2) ∧ next(S2, S3) ∧ contextT(C, SettingTable) ∧ context(A1, C) ∧
actionT(A1, Pickup) ∧ performs(P, A1, S1) ∧ involves(A1, Cup) ∧ place(A1, Cupboard) ∧
context(A2, C) ∧ intention(P, A2, S1) ∧ context(A3, C) ∧ intention(P, A3, S2))

= 〈〈 Move: 0.73, Putdown: 0.20, Pickup: 0.07 〉,
〈 Table: 0.74, Cupboard: 0.09, . . . 〉,
〈 Putdown: 0.63, Move: 0.24, Pickup: 0.13 〉〉
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Example – Inferring Meal Types. . .

Given the things people use during their meals, what are they most
likely to be consuming and what is the most likely type of meal?

I One person is taking part in the meal and using a bowl, a cup,
no glass and no plate.
P(mealT(M, ?mt), consumesAnyIn(P1, ?ft, M) |

¬usesAnyIn(P1,Glass,M) ∧ usesAnyIn(P1,Bowl,M) ∧
¬usesAnyIn(P1,Plate,M) ∧ usesAnyIn(P1,Cup,M))

= 〈〈 Breakfast: 0.87, Lunch: 0.09, Dinner: 0.03 〉 ,
〈 Cereals: 0.87, Tea: 0.83, Coffee: 0.22, Soup: 0.12, Bread: 0.09, . . . 〉〉

I What if another person joined and used only a fork, a glass
and a plate?
P(mealT(M, mt), consumesAnyIn(P1, ft, M) | . . . ∧ usesAnyIn(P2, Plate, M) ∧

usesAnyEIn(P2, Knife, M) ∧ usesAnyIn(P2, Glass, M) ∧
¬usesAnyIn(P2, Bowl, M) ∧ ¬usesAnyEIn(P2, Teaspoon, M) ∧
usesAnyEIn(P2, Fork, M) ∧ ¬usesAnyEIn(P2, Spoon, M))

= 〈〈 Lunch: 1.00〉 ,
〈 Soup: 1.00, Coffee: 1.00, Bread: 0.03, . . . 〉〉
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Reasoning patterns:

Perception Models /
Data Struct

Interpretation
& Learning

Learned Seg-
mentation and
Classification

Reasoner

Joint
Probability
Distribution

P(state(object,ti ) | at(objects,locations,ti ))

I What is the state of a cup that is on the table?

P(stateOfUtensilIn(U,C,?s) | utensilT(U,Cup),
placeOfUtensilIn(U,C,Table))

= 〈 Dirty: 0.3577, Clean: 0.6423 〉

P(location(object,ti ) | state(object,dirty,ti ))

I What is the location of a dirty plate?

P(placeOfUtensilIn(U,C,?s) | utensilT(U,Plate),
stateOfUtensilIn(U,C,Dirty))

= 〈 Dishwasher: 0.9289, Table: 0.0711 〉
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Web-enabled
Knowledge Processing

for Personal Assistive Robots
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Egg Cracking

A cook is cracking a raw egg against a glass bowl. Properly performed, the

impact of the egg against the edge of the bowl will crack the eggshell in half.

Holding the egg over the bowl, the cook will then separate the two halves of

the shell with his fingers, enlarging the crack, and the contents of the egg will

fall gently into the bowl. The end result is that the entire contents of the egg

will be in the bowl, with the yolk unbroken, and that the two halves of the shell

are held in the cook’s fingers.

What happens if: The cook brings the egg to impact very quickly? Very

slowly? The cook lays the egg in the bowl and exerts steady pressure with his

hand? The cook, having cracked the egg, attempts to peel it off its contents

like a hard-boiled egg? The bowl is made of looseleaf paper? of soft clay? The

bowl is smaller than the egg? The bowl is upside down? The cook tries this

procedure with a hard-boiled egg? With a coconut? With an M & M?
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Why Web-enabled Robots?

3 reasons:

I scaling

I scaling

I scaling

Tom Mitchell: In fact, I hereby offer to bet anyone a lobster dinner
that by 2015 we will have a computer program capable of
automatically reading at least 80% of the factual content across
the entire English-speaking web, and placing those facts in a
structured knowledge base.
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COTESYS Knowledge Processing System
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About eggs

I Important knowledge when handling eggs
I What is the meaning of the word ’egg’?
I How does an egg look like?
I What is the form of an egg?
I Common knowledge about eggs
I How to handle eggs?
I Generally: How do technical devices work?

I Knowledge can be looked up automatically using the internet
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The meaning of the word ’egg’

I Meaning

I Look

I Form

I Common

I How-to

I Function

What is the meaning of the word ’egg’?
→ WordNet explains noun and verb usages of a word
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The look of an egg

I Meaning

I Look

I Form

I Common

I How-to

I Function

How does an egg look like?
→ Google Images can be searched for images
showing eggs
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The form of an egg

I Meaning

I Look

I Form

I Common

I How-to

I Function

What is the form of an egg?
→ Look up 3D CAD models at Google 3D Warehouse
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Common knowledge about eggs

I Meaning

I Look

I Form

I Common

I How-to

I Function

Common knowledge about eggs
→ Browse OpenMind or OpenCyc
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How to handle eggs

I Meaning

I Look

I Form

I Common

I How-to

I Function

How to handle eggs?
→ Detailed How-Tos can be found at wikiHow.org,
eHow.com or küchengötter.de (videos)

How to break an egg

How to break an egg single handed

How to break many eggs

How to clean up raw egg

How to make sunny side up eggs

How to make pancakes

How to separate an egg

How to fold egg white into a cake

monitor/repair

specialization

specialization

uses

uses
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How to break an egg

”How to break an egg” - a How-To from wikihow.com:

Generally a How-to can include:

Things you’ll need

Steps needed

Tips

Warnings

Instruction video

Discussion
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How to separate an egg

”How to spearate an egg” - a How-To video from küchengötter.de:
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Import of Task Descriptions from the WWW

Goal: Convert natural language instructions into logical formulas
and store them in the KB.

Cyc

Upper Ontology

WordNet

Lexical Database

S

VP

VB NP

DT NN
Set

the table

Parser

- Getting Word Senses

- Mapping to Ontolocial Concepts

(and 

(isa ?PLAN ArrangingObjects)

(objectActedOn ?PLAN ?TABLE)

(isa ?TABLE Table-PieceOfFurniture))

(methodForAction

(set_table1 table1)

(actionSequence

(TheList action1 action2 action3)))
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Problems with Web Instructions

Web instructions require commonsense knowledge to be executable

I vague instructions
stir occasionally

I qualitative spatial
specifications
in front of the chair

I missing aspects
put the plate in front of the
chair

I missing instructions
switch off the oven

jPlan Debuggingj
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Plan Debugging Overview

(entity-on-entity ?desig-53 ?desig-13)

(entity-picked-up ?desig-53)

(at-location (pick-up location ?desig-53))

(go-to-pose
?pose-63)

(entity-gripped
?desig-53)

(entity-lifted
?desig-53)

(entity-put-down ?desig-53)

(at-location (put-down location ?desig-53))

(go-to-pose
?pose-63)

(entity-dropped
?desig-53)

t

Entity moved

Manipulation activity

Navigation activity

Current Time

Generation of Virtual Episode Representation
Logged

Problem-Solving
Episode
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Plan Debugging Overview

1

2

3 Time
216.41 s

1 2 1

2 1 3

1 3

(holds (loc ?plate-23 〈2.27m, 3.74m, 0.86m〉)
0s)

(status (the task (goal entity-on-entity
?desig-37 ?desig-13))

132s
’successful)

(occurs (put-down ?plate-23 〈3.170, 0.780, 0.740〉) [37s, 43s])
(holds-internally

(loc ?desig-53 (a location (on ?desig-13)))
(during (the task (goal (entity-at-location

?desig-53
(a location (on ?desig-13)))))))

⇒ (holds (loc ?plate-23 〈3.170, 0.780, 0.740〉) 43s)
(belief (loc ?desig-53 (a location (on ?desig-13))) 43s)
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Plan Optimization

for-all

w-desigs

eoe p→t

eoe c→t

Pdefault

for-all

w-desigs

stack p c

eoe s→t

unstack s→t

Pstack-seq-1

T3

w-desigs

for-all

eoe p→t

eoe c→t

Pbindings

T1

w-desigs

for-all

stack p c

eoe s→t

unstack s→t

Pstack-seq-2

T1

T3

w-desigs

for-all

eoe p→t

for-all

eoe c→t

Preorder

T2

w-desigs

stack ∀p
eoe s→t

unstack s→t

for-all

eoe c→t

Pstack-plates

T4

w-desigs

for-all

eoe p→t

eoe-both-arms ∀c→t

Puse-both-arms

T6

w-desigs

stack ∀p
eoe s→t

unstack s→t

eoe-both-arms ∀c→t

Pstack-plates-use-both-arms

T6

T4

. . .

T7

. . .

T7

. . .

T7,T3,T5

. . .

T7,T3,T5

w-desigs

eoe p→t

eoe c→t

eoe p→t

eoe c→t

...

Pexpanded-1

T7

w-desigs

eoe p→t

eoe p→t

...

eoe c→t

eoe c→t

...

Pexpanded-2

T7

. . .

T3,T5 T3,T5

T1: for-all-desig-bdgs-outside

T2: reorder-for-all-steps

T3: stack-entities-seq

T4: stack-entities-for-all

T5: use-both-arms-seq

T6: use-both-arms-for-all

T7: expand-for-all
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Conclusions

I personal household robot
I action-centered knowledge representation and processing

I inferring symbolic models from observed action
I action-related concepts

I probabilistic hybrid (continuous/discrete) first-order
representations

I web-enabled knowledge processing
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