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“ROBOTICS IS INTEGRATION SCIE  1*

Renaud Champion,
co-founder and partner of
ROBOLUTION Capital,
Berlin, 2013

Software AND Representations
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integrating projects

Autonomy

Uncertainty Long-term experience
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Intelligent Robotics is integrated Al:
Examples of different representations

Robots do fail: Dealing with
uncertainty and errors in goal-
driven autonomy

Embrace the Change:
Prospects and Challenges of
Long-term Autonomy and

Interaction

o
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Intelligent Robotics is integrated Al:
Examples of different representations

Probabilistic Sequential Models
of Qualitative States Belief States

Periodic Probability Metric and Topologic Maps
Density Functions

Deterministic and Probabilistic

Domain knowledge

ik

L-CAS
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Intelligent Robotics is integrated Al:
Examples of different representations

: | . Uncertain
Robots do fail: Dealing with B el S e

uncertainty and errors in goal-

. Probabilistic Sequential Models
driven autonomy

of Qualitative States

Periodic Probabllity
Density Functions

Embrace the Change:
Prospects and Challenges of
Long-term Autonomy and

Metric and Topologic Maps

Deterministic and Probabilistic

Interaction Domain knowledge

ik
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B0 S DO FAIL LOPNSS
TERM AU TONOEE

Robots do fail: Dealing with
uncertainty and errors in goal-

(?0 - object® “tonomy
(and
(Label Disclaimer: This is a brief recap Jelalei)?

(positl  of what Andrzej Prognosis
talked about earlier on.

(exists

at to achieve,
leve It

7 uncertain and
prone to failure

\/
N

» requires re-planning when
failing
o




DORA IN MY (OLD) HOME




olobal 2D line-based
Sl

local 3D grid map

node-based space
discretisation

. ontology of object
and room types
non-monotonic

clustering of nodes Into
rOOMS

belief modelling and
continual planning

MEaIdERlelIeltellollMERY pre-trained visual recognisers
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cereals are found In
—— kitchens

—_dining rooms
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Deterministic and Probabilistic
Domain knowledge
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probabilistic innate acquired ««««««-- S
non-probabilistic #  inferred < =

(D

. ©
Object Room Room Property E
4 A A Q
is-a is-a is-a i5-a ':

Q

Food ™ Shape Appearance ~r<D
-

* Office has-conn. t Kitchen S/)O A A
'S‘aq/ /V/ v 2 Is-a Is-a
has-object - |

MilK ofc— e ElongatedJ Office-like
Y 5 A

v o lsdn ‘@

S e . | P(cornflakes|kitchen)=0.4

N e L It more an “educated guess”!
represent some common-sense knowieduge.

(see Pronobis’ talk)
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How to reason about
knowledge and perception?

How to make informed
choices of actions?

How to find object most
efficiently’



A DOMAIN-INDEPENDENT
PLANNING APPROACH

(1s—1n ‘robot’ place-3)

(prob (obj-located

FrOm a given (per‘ceived> ‘ cornflakes kitchen)

0.6)

current belief state ™ Uncertain
Belief States

?

find a sequence of actions

(goto ‘robot’ place-4)

to reach an intended goal state

(and (kval ‘robot’ (related-to object-3)) (label object-3




LEALING VWITE
UNCERTAINTY

* sensing algorithms can fall
* not seeing the object
* mis-classifying a room

* common-sense knowledge can be wrong, even
though useful In most cases

it’s all so uncertain... how to deal with it?

Hanheide et al.: [JCAl, 201 |
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room4
category
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room3
category

rooma2
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| place2
probabilistic © predefined acquired ----=--- .ppl:c.e;
non-probabilistic » inferred ---eoeeee property E &
Object Room Room Property
T . > SVM placej
is-a is-a is-a Is-a Model placel
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PLANNING UNDER
UNCERTAINTY

- world state cannot be observed directly | ComnuarPamer  ja——
(it's computer vision after all)

Straight line plan

» probabllistic state space can be intractably

observation

C H—E— ]

huge
- domain-independent solution: switching I

Decision-theoretic Planner

Buiuue|da.

blanner

* make assumptions In a sequential session to
geﬂera'te MOosSt r‘ewar‘ding Sequence Qf ac‘tion Policy for achieving observation

* contingent session for observation planning

» (dis)confirmation of assumptions by l v

contingent session | Plan Execution '

Hanheide et al, Al] 2016
GObelbecker et al.,, AAAI 201 |



C OMPLE | E KNOVVILELICHS
BORA SEARCHING A MAGAZITES

(exists
(?0 - object)
(and

(= (label ?0) magazine)
(K (position ?0))

)

)

» explore the
environment to
extend knowledge

» model uncertainty

» replan in case of
errors

LINCOLN L-CAS


https://youtu.be/utfCAZX12LU?list=PLnS6TQ_QsDUxCrv1fbzPHn0LoTwc_n8NF

BORA SEARCHING A MAGAZINNS
B RING ASSUMP TTONS EXELIEES

Deterministic and Probabilistic
Domain knowledge

Key ldea 7/:

An assumption succeeds with a probability
determined by the instance and default
knowledge.

http://Incn.eu/aijvideo

LINCOLN

(exists

(?0 - object)

(and

(= (label ?0) magazine)
(K (position ?0))

)
)

» Mode

ing

uncertainty

proba
and pl

» explicl

oilistically
an with It

L expeae

change


https://youtu.be/utfCAZX12LU?list=PLnS6TQ_QsDUxCrv1fbzPHn0LoTwc_n8NF

URA SEARCHING A MAGAZITES

A LING WITH & EXPLAINING ERSCHSS

Key Idea 9:

A surprise is the difference between expectation
and experience.

(exists
(?0 - object)
(and

(= (label ?0) magazine)
(K (position ?0))

)

)

» a principled
approach to
dealing with
surprise

» resolve them

interactively
il

L-CAS


https://youtu.be/utfCAZX12LU?list=PLnS6TQ_QsDUxCrv1fbzPHn0LoTwc_n8NF

sl @l

Dealing with change
was very limited so
far

Embrace the Change:
Prospects and Challenges of
Long-term Autonomy and
Interaction

&
L-CAS

LINCOLN



Embrace the

Change: Prospects
and Challenges of (i )

Long-term Robust,
ALlthﬂOm?/ clgle : intelligent,
Nnteraction
autonomous
behaviour

e )

Exploitation of Long run-
structure for times in
improved everyday
performance environments

Novel
opportunities
to learn
structure
environment

LINCOIN
ROBOTICS

LINCOLN



L ONG-LIVED AND
INTELLIGENT

working

working 24/7 . :
intelligently

PlUS V1Aeo Stireallls annotated witll aetected
2 | MS6 | 30days | 20% | 1000m>

This milestone extends the functionalit |
& O i

MSS | 60 days | 30% | 2000m3

e —— = " T—TY -y

I Aoa VARV TRAVTA N AAANVAAVANT ARV RA. TAVURIAALVUANT AR AAANINASBARBARIILLG

4 MS10 | 120 days | 30% | 2000m*

exploiting long-term experience

Esmuns P




Robatics
Week

Best Run Time

e

S

LINCOLN

LINCOIN
ROBOTICS
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Henry at
Haus der Barmherzigkelt,
Austria




Embrace the
Change: Prospects
and Challenges of

Long-term
Autonomy and
Interaction

& 0

Exploitation of
structure for
improved

G )
Robust,

intelligent,
autonomous
behaviour

performance

\_

LINCOLN

opportunities
to learn
structure

\environment/

Long run-
times In
everyday

environments

o
STRANDS

LINCOIN
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A ROBOT PATROLLING
(ONE WEEK)

LINCOLN P/STRANDS




The world Is not static!

But 1t's full of routines
(nearly cyclostationary processes)




T AND HOW 1O MOEES.
ROU T IINESE

» Why: » How:

» better localisation » (binary) states
s()=[5,(1),55(1),....s ()]

» detect deviations » derive spectral model using FT

» better planning

» predict the future S(w)=F1(s(t))

» keep the most prominent S

Periodic Probability

Density Functions =

|
L-CAS




T AND ROW O MOBES
ROUT‘NES? now extended to

real-valued states

and non-uniform
» Why: » How: sampling

» better localisation » (btrary) states
s()=[s,(1),5,(1), ..., ()]

» detect deviations » derive spectral model using FT

» predict the future S(w)=F1(s(1))

» keep the most prominent S

» better planning

Indeed, our recent
model also takes

recency INto
account &

L-CAS




e OUENCY Miee
FOFIANCEMEINS

Time domain Frequency domain

I | I
Measured state — 9%3

L

L

| l | | ! | !
[ [ Discarded coefficients ©
Probability function — p Model coefficients ©
Estimated state — s7(

Outlier set —

O

-2 =15 -1 =05 0 05 1 15 2
Frequency [Hz]

abs(P): { 196, 46, 23}
arg(P): { 0, 1.57,1.57 }
Frequencies: {0,0.2,0.6 }

{

1T Outlier set O: 3.7,3.8 }
| | |

0 2 4 6

i Time [s] |
LINééLN STRANDS

10 Parameters of the learned model

o0

LINCOIN
ROBOTICS



» Could be

DA

almost anything

gl A A W L

wYUl \ i
i \l\ "
| “d ‘
i :

scene(Monitor, Kevboard, Laptop, Cup. Bottle) <
in-front-of( Kevboard, Monitor)/\
left-of Laptop. Kevboard)/
right-ofi Cup, Kevboard)/
behind-of(Bottle, Cup)/
close-to(Boule, Cup).

LINCOLN
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FOUAL TOPOLOGK =
L CALDATIO

!

seeiy  ["Long-Term Topological Localisation for Service Robots in Dynamic Environments using Spectral Maps® that will be presented
S at |[EEE/RS] International Conference on Intelligent Robots and Systems 2014] Al
LINCOLN STRANDS| g ARElS



& FEVY RESUIL I

TABLE 1
OVERALL LOCALIZATION ERROR (%)
| week prediction 3 months prediction
Image Occupancy
Model Model features grids
type order Nov  Feb Nov  Feb
static - 35%  45% 21% 17%
spectral 1 25%  26% 14%  13%
spectral 2 22%  27% 14% 8%
spectral 3 18%  24% 14%  17%
spectral 4 17%  29% 7%  17%

[Krajnic et al “Long-Term Topological Localisation for Service Robots in Dynamic Environments using Spectral Maps”, IEEE/RS) ONYZ N
International Conference on Intelligent Robots and Systems 2014] s”m

LINCOLN



B EDIC T PRESENCE £
i HUMANS

Measured and modeled room occupancy

» use spectral models to model st oo s L
- Measured occupancy Occupancy probability
Blcfice O people/people.. ™ HlH | HHH HI ”H “
2 2 { ahscnl: gl
» similar to Dora, but dynamic ¢
' ' 05 ]
prediction » . | . \
Mon Tue Wed Mon Tue Wed
Time [ days | Time [ days )

» find people/objects faster

TABLE I: Mean (z) and median (f) time to find a person

Model Dataset -
Aruba Brayford
type order uls] s uls] ]
Static - 44 41 19 23
FreMEn I 36 15 14 9
FreMEn 2 33 15 14 9
FreMEn 3 34 15 16 9
PerGaM I 34 15 14 15
PerGaM 2 33 15 14 15
PerGaM 3 33 15 14 15 [Krajnic et al, “Where's Waldo at time t? Using Spatio-

Temporal Models for Mobile Robot Search.”, ICRA 2015]

LINCOL.




e DIC T 200 GRID M.

Average localization error Maximal localization error
g R
5 1 S i Pl 1
» better accuracy and robustness : « :
Sl =
' ' ' 9
N localisation B )
= 2
e
0 0
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Paper ThT21.10: s T

. , , ; b e ¢ P .\.": O ':.. Y
Persistent Localization and Life- | el el 1= 5_5‘{

Long Mapping in Changing 'W o lladl o P X
Environments Using the Frequency [lmmatet Sl o - S
Map Enhancement

T
Outlier map rejection
150 No outlier rejection =

50 - =

Map entropy [kbits]
S
S
|

0 10 20 30 40 50 60 70
Patrol run [—]

&
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HOFOL OGICAL EDGE TRAVERSABIET S

FIODELLING USING FREM

V3 -> V4 Traversability

V4 Traversa

->

V3

weeks
V3 -> V4 Traversability

1 | 1 1 1 1 | 1 | | 1 |
0 05 1.0 15 20 25 3.0 35 40 45 50 55 6.0 65 7.0

hours

days

J. Pulido Fentanes, B. Lacerda, T. Krajnik, N. Hawes, and M. Hanheide.
Now or later? predicting and maximising success of navigation actions

from long-term experience. In ICRA, 2015.



ANT\C\PAT\NG USERS [ASHES

V3 ->V4Tra blty
H‘\|||||\||||| IR

Wl 1} » Model probability of
'''' Interaction “‘success’ as
periodic probability
distribution

Pe(t)

14
days
V3 -> V4 Traversability
T T T O N O R

» Explort prediction to

Probability of interaction at different locations |mprOve Where the Ser\nce

Cateeria AUV s offered when

Chapel - |

Lifts 3 - » Explore actively to learn

Kindergarten = /. ; ;
us2p /TN N N N7 \g » greedy 50/50 exploration/
Mon Tue Wed Thu Fri : ;
Time [days) | eXp | O |ta_t| O ﬂ

Active hours (09-18) -~~~

ik

LA 1
IIIIIIIIIIII "
LINCOLN L-CAS




8: entry ambulance

35: reading

iR T : |
W o6 Fri 2?4 72 i\ 68: Lifts = 'Kindergarten
: Frisoer 7 AHNE: S ]
" ChargingPoint
11 1: lifts
Successful Info-terminals % I

30% 70%

Clicks per interaction % % *
2.07 6.67



ROAP | IVE AU TONCEES

0.7 Info-Terminal Success Rate
: \

e ——
g

(o2}

\

\

users needs / intentions

might be well captured
by periodic models

o
o
\

Info-Terminal success rate per day
o o
w s
\ \
\

F-statistics versus a constant model: p < 0.001

0.2 —

x  Success Rate
—— Linear Fit
-~ Confidence bounds

0.1 \ \ \ \ \ \ \
70 80 90 100 110 120 130 140 150
Day of Year 2016

from experience learn : 52
'g § % No o 2 = - o
to do what your users 2 4 2o w s
T & 8 B a8 B 8 aoadc 0N
ormi G (2 G ori or
want ¢ 4 @& B 3 8 2 8 £ o= B
Menu 25 61 23 34 43 48 34 36 69 49 23 37 1 489
Weather 29 37 28 34 35 44 36 28 45 33 10 20 G 386
News 21 33 24 34 31 29 14 22 36 29 13 41 3 330
Photo | 165 127 96 128 42 Kty oA 0 et U 1 e K 0 L7 ) 62 71 69 10 | 1308
SUM | 240 258 171 230 188 231 195 196 320 173 1L7 16 Ea i
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Exploiting experience from and for interaction

Embrace the Change:
Prospects and Challenges of

Long-term Autonomy and
Interaction

&
L-CAS

LINCOLN
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Exploitation of
structure for
improved

G )
Robust,

intelligent,
autonomous
behaviour

performance

\_

opportunities
to learn
structure

\environment/

Long run-
times In

everyday

environments

N /

o
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ERODABILIS TIC TIME SERIESSSE.
PUALLIATIVE STATES

» Qualitative Spatial Relations (QSR) are well established
technique to model human activities

» A OSR calculus 1s a well founded theoretical model

» An activity Is a sequence of different qualitative states

0®4A &3

|. Cohn, A.G.& Renz, |, 2008. Chapter |3 Qualitative Spatial Representation and Reasoning. In F. van Harmelen, V. Lifschitz, & B. Porter, eds.
Handbook of Knowledge Representation. Elsevier, pp. 55 -596.
2. Sridhar, M., Cohn, A.G. & Hogg, D.C., 2010. Unsupervised learning of event classes from video. In Proceedings of the AAAI Conference on
Artificial Intelligence (AAAI). pp. 163 1—1638. Available at: http://www.aaai.org/ocs/index.php/AAAI/AAAI O/paper/viewFile/ | 846/2268.
3. Van de Weghe, N. et al, 2006. A qualitative trajectory calculus as a basis for representing moving objects in Geographical Information Systems.
Control and Cybernetics, 35(1), pp.9/7—119. Available at: http://control.ibspan.waw.pl:3000/contents/export!filename=Weghe-et-al.pdf. &?4
L-CAS

LINCOLN



R SEQUENCES FOR HUMAN-RCOISESS
L ABORATION AND IN TERAC FICHES

» idea: predict humans’

intention from (partial)
movement sequences

» model the mutual ik |
moverment of human and  LEESlsEslISlaiNtSle[VS gre el MleTe[SS

- of Qualitative States
e 1o bot using QTC w




L -bY EXANTE

QT Cc represents the relative motion of two points In a time
interval with respect to the reference line that connects them
on a 2D plane.

A

(+, 0)c
(-

(= =)

t-1 -=towards, +=away' -=|eft, +=right' t-1
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REPRESENTING HRS
BEHAVIOUR AS QTC-MM

» create a Markov Model topology

» Discretise Motion of Human and
F ool Into O C states

» Train from long-term experience

[Dondrup et al. A computational model of human-robot spatial interactions
based on a qualitative trajectory calculus. Robotics, 4 (1). 2015]

LINCOLN
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[T WORKS

PERCENTAGE OF TRAJECTORIES COLLIDING WITH THE HUMAN

Stmulation Robot
Pass-by  Path Crossing | Pass-by  Path Crossing
DWA 100% 100% 33.3% 86.7%
G-Global 0% 100% 22.2% 735.0%
G-Local 100% 0% 33.3% 100%
Vel-Maps 0% 0% 12.5% 13.3%

[Dondrup et al: Qualitative Constraints for Human-aware Robot Navigation using Velocity Costmaps, ICRA 20| 6. submitted]



UM E CONCLUSIONS

: | . Uncertain
Robots do fail: Dealing with B el S e

uncertainty and errors in goal-

. Probabilistic Sequential Models
driven autonomy

of Qualitative States

Periodic Probabllity
Density Functions

Embrace the Change:
Prospects and Challenges of
Long-term Autonomy and

Metric and Topologic Maps

Deterministic and Probabilistic

Interaction Domain knowledge

ik

L-CAS



UM E CONCLUSIONS

» Dora show-cases an integrated planning
approach to deal with uncertainty, surprise

and goal-directed behaviour T
» Deal with the expected, and the unexpected
change In real world environments
» Verify explanations (surprises)

(Inter-)actively by planning more knowledge
gathering

Metric and Topologic Maps

Robots do fail: Dealing with

Deterministic and Probabillistic
Domain knowledge

uncertainty and errors in goal-
driven autonomy

&
L-CAS

LINCOLN



UM E CONCLUSIONS

» Learning routines can help building more
effective and efficient systems, spectral
models are very powerful here

» Long-term autonomy is a challenge to
develop common-sense and self-improve

» Change is mostly human-made, and Probabilistic Sequential Models
humans are the most unpredictable of Quialitative States
entities In an environment, but they can Periiiche Brobiabing
explain it Density Functions

Embrace the Change: Metric and Topologic Maps

Prospects and Challenges of

Long-term Autonomy and
Interaction &/

L-CAS

LINCOLN



= )
Robust,

intelligent,
autonomous
behaviour

\_

Robotson

Patrol - M

L Carpe Carpe
Diem Noctem

https:/Icas.lincoln.ac.uk/wp/

LINCOILN
ROBOTICS


https://lcas.lincoln.ac.uk/wp/

CUVERTISEMENNE

N\ marc@hanheide.net u@MarcHanheide

m
VWe are hiring: E I e E
N
H
j T— 'H

» Associate/Assistant Professors -
A - : B
(tenurecj) in “Learning in Autonomous - -.1
Systems

» PostDocs and PhD students in “Long-

H
n H
lerm Autonomy for Mobile Robots in Intra- I n
Logistics” el
_

http://Incn.eu/lcasjobs or Google “I-cas lincoln”
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