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1.4 Teaching iCub to draw ‘Shape’ — Building blockigh level information flows
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Demonstration ; :
———3 inthe percieved Shape —_— Pragram B

to iCub using Catastrope theory

T —

C Analysis of Critical Points Abstract Visual O®

Concrete Motor Goal .
(3D Reconstruction, Motor Action @
Task specific Generation — Abs;:c‘t Motor
. gram
constraints, Scale, end O

effeci:ors ) T C

b«

Virtual £ ‘( Passive Motion Paradigm 4 Analysis of Critical

Trajectory — > (iCub Upper body internal > Pointsinthe self :
i Synthesis < model) generated movement Reward signal /
: ( or Forward model :
: - iScore pf
: output) using perforimance
% E Catastrope theory gp

V Sf[ffness Timing of the Time Learning loop
- base generators

Figurel shows the overall information flow in th@jposed system, beginning with the demonstratia@ub (for example a
‘C’). This is followed by an analysis of the ccidil points in the shape using CT, that leads toctkation of an abstract
visual program. The context independent AVP is ttransformed into a concrete motor goal by applyielgvant task

specific contexts. CMG forms the input of the VTG$stem that synthesizes different virtual trajéetorby pseudo
randomly exploring the space of virtual stiffnesg@hd timing (TBG). The VT is now coupled to théekant internal

model (PMP) to derive the motor commands for acgeneration. Analysis of the self generated movértiem output of

the forward model) using CT now extracts the Atttraotor program that is compared with the AVPsélf evaluate a
score of performance. A reinforcement loop follows.
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Figure 2. Right panels show four (of the 70 frames)tured through left camera during a demonstrafiine yellow dot
represents the identified position of the markeedch frame. Left panel shows the overall trajgctaced by the teacher as
extracted in the preprocessing stage. Similar pyegssing is also done for the visual input argviom the right camera.

Interior Point 'I' End Point 'E' Bump 'B' Wiggle 'W' Codimension
Valency §

f(x)=x® f(x)=x3+ex f(x)=x3+ex
(£<0) (£>0)

Figure 3. First four shape critical points: InterlopEnd point E, Bump B and Wiggle W. Meanings\Mzflence and Codimention is

illustrated. If a critical point is enclosed by iecte of infinitesimally small radius, the numbefrimes that intersect it is the valence.
As we can visualize, interior, bump and wiggle haméence of 2. End point has valence of 1. As we algo visualize, |,.E and B

survive small perturbations, however the wigglelaes not. As seen, if the perturbatiois negative, wiggle breaks down into two
simple critical points (Bump). For a positive pep@tion the CP vanishes. Codimension near a shBpe the number of parameters
necessary to bring back the function from its peed version to original state. As we can make Gotlimension for |,.E and B is

zero and W has a codimension of one ).
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4c.Under Composition
D=E+E X=I+I  C=B,+B,  T=I+E T=I+I+I Co=X+X P=C+I A=E+E

Figure 4. 4a shows the remaining eight shape atifioints derived by Chakravarthy et al using Gavase theory. 4b shows some
perturbed versions of the CP’s. 4C shows how morapiex CP’s can be created using simpler CP’s.déxample, a ‘T" is a
combination of an end point ‘E’ and internal pdiht
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Figure 5. 11 example shapes and the results af¢hgcal points analysis (i.e. the resulting AV&e shown. *’ denotes the starting
point. Connectivity just indicates the temporalerdf the identification of critical points.
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Concrete
A Motor Goal
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® &~ y
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Projection \{ UB:VB)
center Abstract
Visual Program

foir - 100 fps

Figure 6. 6a gives a pictorial description of tmelppem of transforming AVP into a concrete motoafd-irstly, we have to transform
the shape critical points computed in the imagegsaof the two cameras into corresponding pointhéniCub’s egocentric space.
Secondly, additional task specific constraintsny aeeds to be added to the goal description. k@mmple, the body chain involved in
action generation (like, creating the shape withitidex finger and employing left arm-torso chaiit),egeometric description of tool if
any (like the paint brush), application of scaléhe shape iCub is learning to draw (like, 0.5 8rtiee size of the shape observed in the
demonstration), joint and torque limits etc. 6bwhaCub performing babbling movements with both sitm generate training data
required for 3D reconstruction. As it moves, theneeas track the green marker in the index fingsrshmwn in 6b. 6¢c and 6d show the
same process but now with a 20Cm green stick hdbdth hands to achieve extended calibration irtdbespace.
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Figure 7. Results of two tasks to test 3D recorsityn and robot camera integration are shown. énstiacking task, the goal is to place the
small green cylinder on top of the big red cylindeen by left and right cameras. Salient point fgvtibt) is computed by calculating the
centroid of the red blob (i.e the cylinder). Thar is reconstructed in iCubs egocentric spaceisitite target for the iCub motion planning
system. The second task is to reach the otherwiszaghable red cylinder (placed outside normal gpake) with a long stick. As we can
see, the system is accurate to the level that theserivial visuo-motor tasks can be completedcessfully by iCub.These tasks also are a
means to test global interactions between modiKesvisual recognition, 3D reconstruction, motidarping and real movement execution.
Further, debugging lower level communication protsauring this preliminary but critical level ofrssory-motor integration through some
of these experiments is also necessary to ensfaénseraction while attempting more complicateskialike 'drawing as in the later stages.
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attractive field. If there are n CP’s in the CM@Ge tspatiotemporal evolution of virtual trajectoryy(z,t) is

equivalent to integrating non-linear differentgjuation that takes the following form:

X Xep = X Xcpn = X

d

a y = Kcmg1(t) Yem - Y L +chngn(t) Yern- Y (l:D
z Zep - Z Zepn~ Z

XT (x,y,2): statevector

F(X)=- W'ﬂx =K (X, - X) :Convergentorcefield to target
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force fields to CP's generation
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Figure 8. 8a Network implementing the virtual tgy synthesis. CP1 and CP2 are two target shagietpoints in space through which
the trajectory has to be synthesizeg; X the starting point. K is a virtual stiffnesstliletermines the shape of the attractive forde keto
the targets.TBG is the time base generator forrobof the timing of the relaxation. 8tisualizes X%, as being connected to all the shape
CP’s in the CMG by means of virtual springad hence being attracted by the force fields getedrby them. These fields are in turn
modulated by timing signal coming from the TBG. &ymulating the dynamics of VTGS with differentsef K and TBG, we get different

shapes through the same CP’s.
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X = g(t)F(X): Finite time relaxation

g(t) implements the terminal attractor dynamics () andiefined as follows:

glt) = X(l_ X)
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Figure 9. Three different trajectories synthesizgdCub, through the same CP’s (Cihd CR) and starting from same initial condition (Xini),
for 3 different sets of values for K and TBG arewh. Top panels show the synthesized trajectofieese shapes were drawn on a drawing
board placed 32cms away from iCub along the Y-ésee figure 6). Hence only X-Z plane (in cms) iswh. Since at all times ¥=Y=32cm,

Y component of the force field is always zero inelegent of the value of ){(Kyy=1), so only values of }{ and K; are indicated. Bottom panel
shows the timing signals(t) and (t), controlling the timing of relaxation to the dwCP’s. Horizontal axis represents iterations inetiand
vertical axis represents the scalar value of th& Biynal at different time instances. Bell shapseks profiles are also shown. with A range of
virtual trajectories can be synthesized by simngathe dynamics of equation 11 with different valaé virtual stiffness K and timing of the
TBG's. Inversely, the goal of learning is to derive ‘correct’ set of values for K and TBG suchtttiee resulting virtual trajectory has the
same shape as tteacher<demonstratior
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e it space space
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Node
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Constraints o ¢ _Internal
LeftA Constraints
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Figure 11. PMP based Forward/Inverse model foreufody coordination (Left arm-waist-right arm afjaof iCub. Network is
gorounded at the waist. So, the goal induced fietéds donot propogate beyond the waist. Sincédis ¢ase drawing is done with
iCub’s left arm, the right arm network is shown aated (Goabntam= Xight arm SO dx=df=0). As seen, the PMP network operates
in multiple motor paces (end effector, joint spaemist space), each motor space consisting of @rgksed force (df) and
displacement node (dx). The scalar work (dx.dfh&sstructural invarient across the different mafoaces. There are only two kinds
of links between the nodes. The vertical links @mtimg displacement and force nodesdescribe tiséietzausality of the coordinated
system and are charecterized by stiffness(K) anaitsahce matrices(Aj and-#4 Horizontal links connceting different motor spac
represent the geometric causality and are chaizateby the Jacobian matrices (J)he computational mechanism basically involves
a process of passive simulation of movement asvias imposed by an external agent (goal inducezkféield), in such a way to
distribute the desired motion to the global kinematructure by recruiting joints, actuators, andl$ while pulling the dynamical
system to the equilibrium stateyt) is a time varying gain that implements the termatédactor dynamics.
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Figure 2. These graphs were obtained when iCub was givgoahto draw a shape (as seen in figure 2) onawidg board placed
-320mm in fornt of it (along the Y axis, for coondie system see figure 6a) using a paint brusm{i&dength). Panels A-C show the
evolution of iCub’s end effector trajectory alongyXand Z axes as a function of time. Note thatrtiwtion of the end effector along Y-
axis is almost negligible (about 5 mm). Hence, dldelitional constraint of making a planar trajectadyile moving in a 3D space is
sucessfully satisfied (i.e the paint brush is alvaycontact with the drawing board, slight inaeaies in few mm range are resisted by
the compliance of the brush itself). Since motitang Y-Axis is negligible, panel D shows the remdttrajectory in the X-Z plane. The
synthesized virtual trajectory (i.e the goal) thiiggered the PMP relexation is also shown. As seqranel D, the end effector basically
tracks the evolving virtual trajectory synthesizgdthe VTGS (analogous to the water flowing in goneduct). In other words, the virtual
trajecory acts an an attractor to the internal bowdel that is dynamically coupled to it based loa task specification.An indirect
consequence of this relaxation process is thajactory of motor commands is being synthesizedwoently at the intrinsic space as
shown in panel F (analogous to the puppet metapBagh point in this trajectory is 10 dimensionalDoF for the left arm (J3-J9) and 3
DoF waist (J0-J2). The CAD diagram of panel E €isithe intrinsic degrees of freedom. The timeebgesnerator functions are also
shown in panel F along with the temporal evolutibach intrinsic DoF. As seen in panel F, finallgomplete motor command seti.e a
matrix of 3000 rows (iterations in time) each havird colums (values of the 10 joint angles at egwh instance) is derived.
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Figure 13. Shows comparison of the goal shape (CMi®) five different attempts to create it (AME). AMP; and CMG have same
number of CP’s and located in the same places. Hem¢he type of CP is different i.e there is apcas the place where a bump is
present in the goal. Since in AMRnd AMR the CP’s (B and E respectively) were prematurebated their score is lesser that the best
solution AMP, that more closely matches the CMG. Premature ioreaf a CP or premature termination of a shapereaunlt due to
wrong timing signals generated by the TB&ill, AMP, and AMR, score greater than AMPecause they nevertheless share the same
essence of CMG. AMFis a pathologial case where there is a mismat¢thémumber of CP’s in the goal shape and the edestiape.
Neither of the two Bumps in AMHall in the region of influence of the bump CPGMG. So there are 3 mismatehed CP’s. The greater
the mismatch in the number, type and proximity 8f<between the percieved and self generated shtgmelesser is the score. In this
case AMR is the best solution with score of 1. It is follesvby AMB and AMRthat come close to the goal shape at least in tefrits
essence. AM; and AMFs come last since they share very less similarith wie goal shap
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How long should exploration be conducted and wi# $ystem converge to a solution?
What is the time taken (in a computational sersedn an explorative learning for one shape?
Can we arrive at a well defined range of valueglmsvhich if exploration is conducted, it would be
possible to synthesize at least a large assortfifierdt all) shapes ?
Are there any general underlying principles aw/ty a specific set of ‘virtual stiffness and timing
results in a specific shape ? Understanding thisifstantly reduces the effort in exploration besau
iCub can then use this knowledge to anticipatepttrameters that should correspond to the synthesis
of a specific virtual trajectory, hence driving thynthesis of a specific shape.
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Figure 18. Panel A shows a set of virtual trajeetosynthesized betweenand X when the virtual stiffness matrix elements,(knd
K,) are pseudorandomly titillated between 1to 10 eesipely (in increments of 2)As seen, a gamut of virtual trajectories of varying
curvature can be synthesized. Also note that whenX and Z components of virtual stiffness (henice tesulting force field
components) are similar, straighter trajectoressgnehesized. As they begin to diverge, more cutvagctories are obtained. As shown
in panel B, this behaviour is independent of th#ailffinal conditions and also the scale. PanlesdBematically describes the learning
loop involving pseudorandom exploration in the gpa€ virtual stiffness and timing , coupled withifsevaluations of the resulting
performance (in mental space) .
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Figure 19. Different end effector trajectories @fub predicted by the forward model in responseh® motor commands
synthesized while learning to draw bumps and caspsshown. For reasons of space, only an ecleetiofsshapes generated
during the learning phase are shown. The grapharamaged in a way such that an intuitive undedstencan be gained of why
specific parameters drive creation of specific glsa@\ll shapes have 3 CP’s (indicated with a staoaling to their description in
the CMG). Hence there are two sets of virtual séifis matrices and two TBG’s (Note: These parambtdong to the VTGS).
Shapes drawn by iCub with same set of the virttiihess are arranged in a column. The vaules efdbrresponding virtual
stiffness’ are indicated at the bottom of each eol$hapes in the first two rows (i.e panels 1-@rstthe same timing and
similarly shapes in the second two rows (panel&)7share the same timing. The timing graph is shaleng the sides.

We can observe that all the shapes at leas¢ she essence of being either cusps or bumpsue$e varying in quality. In the
first column, where the k=K, we see straighter trajectories. For examplesttagpe in panel 10 resembles the English alphabet
‘V'. Even though some shapes in panels 1-6 reserabsps or bumps, we see that they are ratheredtuSbme suffer from
overshoots too. This effect is can be attributeth®result of improper timing, since the shapepanels 7-12 (despite having
similar stiffness’) do not show these pathologié®mw created with a different timing signal. Sturgbdpes can also be seen if the
values of stiffness’ are low. We many intuitivemagine that the puppeteer is not pulling the pupptt enough force (in the
case of suboptimal virtual stiffness’) or not pudjilong enough (in the case of suboptimal timing).

Shapes in panels 8,9,11and 12 are all creaiad tlee same timing signal. Further, the Bump iapgh8 and cusp in shape 11
are created using the same values of the virtifdhets. Even though the values of the stiffnesdrioes were arrived at by
random exploration (in range of 1-10), it is polsild observe some underlying order. During thet fishase of trajectory
synthesis (when the goal of moving from Xo CR is more dominant) the x-component of the virtudfress is 10 times the y-
component. Hence as we observe in both panel &&nithere is an exaggerated initial evolution & ttajectory more along the
horizontal direction as compared to the verticaéction. As the time varying gain increases, the temporal force to reach CP
also increases. At the same time,@Palso beginning to exert attractive pull witle tiiggering of ». So in the later stages we see
a smooth culmination of the trajectory at;CBuring the second phase when force field gengrayeCR is more dominant, we
see that scenario in terms of the virtual stiffnissseversed (i.e k=10Kxx). So there is an initial exaggerated evolutiorthef
trajectory along the vertical direction, and in thater stages along the horizontal direction beforally terminating at Cp.Based
on the spatial arrangement of the CP’s, it is éasyisualize that in the global presence of sustetivarying goal induced force
fields, we should get a bump in panel 8 and cuspainel 9. The reader can easily visualize why Wl virtual stiffness’
configuration in column 3, iCub manages to creaBaiap in panel 9 and cusp in panel 12.
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Figure 20. Scanned images of the first drawingatereby iCub. Panels A-C show series of explorattempts to draw a ‘C’
and ‘U. Panels D-F show shapes created in seguesile learning to trace a ‘U’. Panels 1,J,K ahaes resulting from
stiffness configuration in columns 1,3 and 2 ofifig 19 respectively. Panels L and M show an exawfgebad and good ‘C’.

Figure 21. A collection of snapshots of iCub dgrits very first creative endeavors. The drawingbowas placed
approximately 32cms along the Y axis. On the drgwhimard, a 3cm thick layer of sponge (black colwgs attached.
Drawings were created by iCub on a white sheetsapkr pinned to this layer. We created a special paush (12cms in
length), thick and soft enough to be grasped byi€fingers. Note that the layer of sponge andhitigtles of the paint brush
add natural ‘compliance’ to the overall system andures safe and soft interaction durina con
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Figure 22. Left Panel shows the goal shape ‘S’. AW® of the shape consists of 6 CP’s (2 end pditand 4 bumps ‘B’).
Center and right panels shows the sequence of @eshisaced by iCub during learning iterations cetitgy of small random
titillations around the range virtual stiffnesswed learnt previously for drawing bump CP ‘B’. A=eg, right from the beginning
a degree of ‘S’ness is present in all the drawjedtaries. In just the third trial we almost reahaccceptable prototype of ‘'S’.
Larger deviations form the previously learnt parsredetoriates the global shape (trials 4-6). fiin¢h trial results in a ‘S’ of
score 0.94 and the loop terminates.
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Figure 23. Left panels show the evolution of iCubrsl effector trajectory along X,Y and Z axes dsretion of time while drawing

the shape ‘S’. The trajectories of motor commanaghesized at the intrinsic space which drive tbioa generation are shown in
the right panel. Motor commands consist of 10 ttajges (JO-J9), corresponding to temporal evofutibthe 7 DoF of the iCub’s left
arm (J3-J9) and 3 DoF of the waist (JO-J2). Hettee,complete motor command set buffered to theadmts is a matrix of 7500
rows (iterations in time) each having 10 columslyga of the 10 joint angles at each time instandéke time base generator

functions () are also shown.
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Figure 24. Panels A-D show the traget shape (retiegna side view of Gandhi), its AVP, the set bapes generated during learning
tials and the final soultion. Before perfoming teperiments using iCub we also conducted a ser&@nofilations of synthesis of
composite shapes usign a 3DoF planr arm (in Ma#al) on the iCub simulator. Panel F shows the sgidhof the character string
‘iCub’ using a 3DoF palnar arm. In this case, thetion of the 3DoF in the intrinsic space durign #yatesis of ‘iCub’ can also be
clearly seen. Panle G shows a snapshot of iCuingiiCub in the simulator environment. In the slatar, iCub creates shapes with
its index finger and the trajectory traced is mdrkising static boxes (green color). The front vieavd the left camera view of the
final solution is seen. Note also that the inheraotularity in the shape synthesis architecturena! effortless portability to other
body chains (like 3 DoF arm, iCub simulator or atlyer robot). In other words, the learnt virtualj@ctory can serve as an attractor
for any body chain and the PMP relaxation hand entaes the synthesis of motor commands to transfieenvirtual trajectory to

real trajectoy created by the concerned body chain.
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Figure 25. iCubArt (Version 1.1): An assorted odtilen of the first few compsite shapes drawn bytiCu
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have a higher cognitive meaning in the sense tigt &ct as an attractor to the internal body (btaiyly

model involved in action generation and play a ieluole in deriving the motor commands needed to

create the shape its@lf 2 9?
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