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Variable Impedance Policies
Optimize or Imitate?




Planning with

Control signals
U |

Arm states

&Q

Redundancy at various levels:
0 Task> EndEffectorTrajectory(Min. Jerk, Min. Energy etc.)
0 EndEffector-> Joint Angle@nverse Kinematics)
0 Joint Angles> Joint Torquef@nverse Dynamics)
o0 Joint Torques> Joint Stiffnes@variable Impedance)
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Basic ingredients

Variable Stiffness Actuator
U=Ug,u) K =K(q,u)

b) torque-stiffness curves
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Plan Optimization and Control
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Optimal Feedback Control

Given:
Start & end states,
fixed-time horizonT and
systemdynamics dX = f (X,u)dt+ F(x,u)d¥

| T —_1 245 (KS 28&08Y NBI O
And assuming someost function

Vi(t,x)=E h(X(T))+TJ'| (z,X(7),” (r,X(r)))dr}
\ t \

Final Cost Running Cost

ApplyStatistical Optimizatiortechniques to find optimatontrol commands

AM:F A Y R O2 ythaN®irfimizésk @, x).



Choice of Optimization Methods

Analytic Methods
Linear Quadratic Regulator (LOR)

Linear Quadratic Gaussian (LQG)
Local Optimization Methods
iLOGILDP
Dynamic Programming (DDP)
Inference based methods

'L/ hY tLwHSE X




What does an OFC generate?

cost function L. X feedback X
(incl. target) ™ controller [
ou
dynamics model |- OFC | ><+>L8U> plant
OFC law
lant _ -
u;, — 1y + duy

oup = Ly - (Xk — X )




Variable Impedance Policies

-- through Stochastic Optimization

Assume knowledge @ictuator dynamics
Assume knowledge @ostbeing optimized

Explosive Movement Tasks (e.g., throwing)

Periodic Movement Tasks and Temporal
Optimization (e.g. walkindprachiatior)

Learning dynamics (OHD)



Variable Impedance Policies

-- through Stochastic Optimization

Assume knowledge @ictuator dynamics
Assume knowledge @ostbeing optimized

Explosive Movement Tasks (e.g., throwing)

David Braun, Matthew Howard and Sethu Vijayakumar, Exploiting Variable Stiffness for Explosive Movement Ta

Proc. Robotics: Science and Systems (R:SS), Los f2@fEl¢s
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David Braun, Matthew Howard and Sethu Vijayakumar, Exploiting Variable Stiffness for Explosive Movement Ta
Proc. Robotics: Science and Systems (R:SS), Los AfEles
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The two main ingredients:
Compliant Actuators  Torque/Stiffness Opt.

A VARIABLE JOINT STIFFNESS A Model of the system dynamics:

Institute of Perception,
Action and Behaviour

U=Ua,u) #=f(x,u) ueQ
MACCEPA: K =K(q,u)

Van Ham et.al, 2007 | A Control objective:
b) torque-stiffness curves
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A Optimal control solution:

u(t,x)=u (t)+L (t)(x-x (1))

DLR Hand Arm System: -2 ER 0 E1 | _ _
Grebensteinet.al >2/011 k [Nm] ILQG Li &Todorov2007

DDP: Jacobson Mayne1970

David Braun, Matthew Howard and Sethu Vijayakumar, Exploiting Variable Stiffness for Explosive Movement Ta

Proc. Robotics: Science and Systems (R:SS), Los A2@fEles
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Benefits of Stiffness Modulation:

Quantitative evidence of improved task performance
(distancethrown) with temporal stiffness modulation as
opposedto fixed (optimal)stiffnesscontrol

Optimal fixed stiffness control

Optimal variable stiffness control
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David Braun, Matthew Howard and Sethu Vijayakumar, Exploiting Variable Stiffness for Explosive Movement T;

Proc. Robotics: Science and Systems (R:SS), Los A&2QEl¢s
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Exploiting Natural Dynamics:

Energy pumping strategy

T=3s

David Braun, Matthew Howard and Sethu Vijayakumar, Exploiting Variable Stiffness for Explosive Movement T«

Proc. Robotics: Science and Systems (R:SS), Los A&2{jEl¢s

Energy storing ability of the actuators

Institute of Perception,
Action and Behaviour

— a) optimization suggests power amplification through pumping energy
b) benefit of passive stiffness vs. active stiffness contTI
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Behaviour Optimization:

Simultaneous stiffness and torque optimization of a VIA actuator that reflect
strategies used in human explosive movement tasks:

a) performanceeffort trade-off 1a
b) qualitatively similar stiffness pattern— l J==d+w [|Ff ot
c) strategy change in task execution so|  famnce O Optimal ball throwing
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David Braun, Matthew Howard and Sethu Vijayakumar, Exploiting Variable Stiffness for Explosive Movement T«
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Variable Impedance Policies

-- through Stochastic Optimization

Assume knowledge @ictuator dynamics
Assume knowledge @ostbeing optimized

Periodic Movement Tasks and Temporal
Optimization (e.g. walkindprachiatior)

Jun NakanishKonrad Rawlikand Sethu Vijayakumagtiffness and Temporal Optimization in Periodic Movements: A

Optimal Control ApproachProcL. 999 Ly if /2y ¥ 2y LyaSttA3ISyd @an2ia



Periodic Movement Control: Issues

Representation

Awhat is a suitable representation of periodic
movement (trajectories, goal)?

Choice of cost function
Ahow to design a cost function for periodic movemen

Exploitation of natural dynamics

Ahowto exploit resonancéor energyefficient controf
Poptimize frequencytemporalaspect)
Astiffnesstuning
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Cost Function for Periodic Movement:
Optimization criterion x = f(x,u)
J = ®(x0,x7) + fUT?'(x, u, t)dt

Terminal cost
Pensures periodicity of th&rajectory

®(x9,x7) = (X7 — X0)" Qr(XT — X0)

Running cost
Aracking performance and control cost

r(x,u,t) = (X — Xref)' Q(x — Xref) + u' Ru
x=[y, y]*
Yref(t) = ao + ZﬂNzl (ar, cos nwt + by, sin nwt)

Jun NakanishiKonrad Rawlikand Sethu Vijayakumagtiffness and Temporal Optimization in Periodic Movements:

Optimal Control ApproachProcL. 999 Ly &Gt /2y ¥ 2y LyGdSttA3aISyd wela)z da
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Another View of Cost Function

ARunning cost: tracking performance and control cost
r(x,u,t) = (X — Xrer)' Q(X — Xrer) + u’ Ru

AAugmented plant dynamics with Fourier series based C

[ x=f(x,u) (1)
{ y =T ’t,bT(Qﬁ)G + Yoffset (2)
¢ =w (3)

| z=x—Yy, wherey = [y, 9| (4)

AReformulated running cost
r(z,u) = z' Qz + u’' Ru

AFind contron  and parameter  such that plant dynan
(1) should behave like (2) and (3) whme. control cost

Jun NakanishiKonrad Rawlikand Sethu Vijayakumagtiffness and Temporal Optimization in Periodic Movements:

Optimal Control ApproachProcL. 999 Ly daf /2y ¥F 2y LyaSttA3aSyild @e1d2 da
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Temporal Optimization

How do we find the rightemporal durationin which
to optimize a movement ?

Solutions:
AFix temporal parameters
.. hot optimal
ATime stationary cost
... cannot deal with sequential tasks, e.g. via point
AChainW T A NA ( cofitiellers (A YSQ
.. Linear duration cost, not optimal
ACanonical Time Formulation
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Canonical Time Formulation

Dynamics: dx = f(x,u)gdt + g(x,u)dn
Costiy =Y @(x(t))  + /0 " (x(0)) + u(t) Hu(0)] de

n.b. t; representealtime

t
Introduce change of time ¢ =/ B )ds
0 S
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Canonical Time Formulation

DynamiCS: dx = f(X, u)i(]f’ + Q(X, u) (]U!

0

N T*-"-(ff\;-) -
Cost J = Z ¥ (X(Tl(f;)))—F/ o (x(t)) +u(t) Hu(t)] di

-+ / c(3(s))ds
J 0

n.b. ; now representsanonicakime

1

B(s)

t
Introduce change of time ¢ = /
0

KonradRawlik Marc Toussaint and Sethu Vijayakumar, An Approximate Inference Approach to Temporal Optimi

in Optimal ControlProc. Advances in Neural Information Processing Systems (NIP&aticbuver, Canada (2010).
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AICQT algorithm

AUse approximate inference methods
AEM algorithm
AE-Step:solve OC problem with fixed
AM-Step:optimisei with fixed controls

KonradRawlik Marc Toussaint and Sethu Vijayakumar, An Approximate Inference Approach to Temporal Optimi

in Optimal ControlProc. Advances in Neural Information Processing Systems (NIP&aticbuver, Canada (2010).
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Spatiotemporal Optimization

A2 DoFarm, reaching task
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Temporal Optimization irBrachiation
AOptimize the joint torqgue and movement duration
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ACost function .
X /—Gripper
J=y-y)'Pr(y —y") +/ Ru2dt i P
0
y=[r, r]|T ¢R* r:gripper position
. U = ’T.
ATimescaling
t
/ 1 . .
t =/ ds t' - canonical time
0 5(5)

AFind optimatu™  usingQGand update3 in turn until
convergence[Rawlik Toussaint an®¥ijayakumar2010]

Jun NakanishiKonrad Rawlikand Sethu Vijayakumagtiffness and Temporal Optimization in Periodic Movements:

Optimal Control ApproachProcL. 999 Ly daf /2y ¥F 2y LyaSttA3aSyild @e1d2 da
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Temporal Optimization of Swing Locomoitic

Avary T=1.3~1.55 (sec) and compare required joint torqu
Asignificant reduction of joint torque witlm,,, = 1.421
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Jun NakanishiKonrad Rawlikand Sethu Vijayakumagtiffness and Temporal Optimization in Periodic Movements:

Optimal Control ApproachProcL. 999 Ly daf /2y ¥F 2y LyaSttA3aSyild @e1d2 da
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Optimized Brachiating Manoeuvre

Swingup and locomotion

Jun NakanishiKonrad Rawlikand Sethu Vijayakumagtiffness and Temporal Optimization in Periodic Movements:
Optimal Control ApproachProcL. 999 Ly daf /2y ¥F 2y LyaSttA3aSyild @e1d2 da




Variable Impedance Policies

-- through Stochastic Optimization
Assume-knowledge-of-actuater-dynamics

Assume knowledge @ostbeing optimized

Learning dynamics (OHD)



Dynamics Learning with LWPR

Locally Weighted Projection Regression (LWPR) for dynamics learning
(Vijayakumar et al., 2005).

0 ( §u)

[q, & u]

[dx:f(x,u)dtJrF(x,u)dx —> dx:f~(x,u)dt+¢5(x,u)d1r}

S. Vijayakumar, A'Souzaand SSchaalOnline Learning in High DimensioNgural Computationyol. 17 (2005)




OFC with Learned Dynamics

Uncertainty

‘ External JAT
@—| e.g, perturbations,”™
change in dynamics, ...

Internal .
e.g, noise, (:3'

sensory delays, ...

5

Plant movement

Task selection

Cost function > Stochastic

Optimal Feedbackw Execute control law N

= control law )
f \.

Dynamics + Uncertainty
[ Dynamics data
° ..:°°.° ~—[Interna| model Iearningj<—.
TETE
AOFGLD uses LWPR learned dynamics for optimizaditiqvic et al., 2010a)

AKey ingredient: Ability to learn both the dynamics and #issociated
uncertainty (Mitrovic et al., 2010b)
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DjordjeMitrovic, StefanKlankeand Sethu Vijayakumar, Adaptive Optimal Feedback Control with Learned Internal

Dynamics Modeldzrom Motor Learning to Interaction Learning in Rob&8&I1 264, pp. 684, SpringeiVerlag (2010).



OFC-LD: Advantages

WSLINE RAdZOS®-UNKS f @ 0 MK NR | 6Af AU &
manifold, i.e., exhibits theninimum intervention principlethat is
characteristic of human motor control.

KUKA LWR Simulink Model Minimum intervention principle

(©)




Scaling OFC to Hardware

High accuracyvhile remainingcompliantandenergy efficient

Torques Feedback gains Jnt. Angles Jnt. velocities
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Optimal Feedback Control for
Anthropomorphic Manipulators

D. Mitrovic, S. Nagashima, S. Klanke,
T. Matsubara, S. Vijayakumar
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DjordjeMitrovic, StefanKlankeand Sethu Vijayakumar, Learning Impedance Control of Antagonistic Systems bas

Stochastic Optimisation Principldaiternational Journal of Robotic Researdbl. 30, No. 5, pp. 58%/3 (2011).




OFC-LD: Explaining Motor Adaptation

Constant Unidirectional Force Field

Canpredictil KS G ARSI 20 aSNWSNE |
adaptationbehaviourunder 0 - | o —
complex force fields due tothee . '~ | 1w
ability to work with adaptive n = 1100 n = 2400
dynamics Velocity-dependent Divergent Force Field

0 | i — | (|
Cost Function:

0.1+ . . . ‘ 1-10r . ‘ . .
10 20 30 40 10 20 30 40

n = 1900 n = 2900

K
V= wp |4k — Yar | : +wy | gk | : T We E | U A
k=0

DjordjeMitrovic, StefanKlanke RiekoOsy Mitsuo Kawatoand Sethu Vijayakumar, A Computational Model of Limb

Impedance Control based on Principles of Internal Model UncertdtigSONE Vol. 5, No. 10 (2010).



OFC-LD: Computational Advantages

OFCLD is computationally more efficient than ILQG

because we can compute the required partial derivatives
analyticallyfrom thelearned model

K

X
. 2) Z (2)y(z), W=Y wi(z).
Table 1: CPU time for one iLQG-LD iteration (sec). —
_ 0 W
manipulator: 2DoF 6DoF 12DoF Wi(z) = b +by (2 —cx),
finite differences 0438 4511  29.726 df (z) _ 1 dw‘v 2) 4w ik
analytic Jacobian 0.193  0.469 1.569 Jz W\ oz k oz
improvement factor 2269  9.618  18.946 M
(2)Wi(2) Z -
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k
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Variable Impedance Plants

Optimizedco-contraction profilesare quitedifferent from how humans use
their antagonistic musculoskeletal system. So what is missing?

Muscle plots:
Minimal co-contraction remains

v ooy
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Djordje Mitrovic, Stefan Klanke, Sethu Vijayakumar, Adaptive Optimal Control for Redundantly ActuateBrécms

Tenth International Conference on the Simulation of Adaj@efeavioSAB '08), Osaka, Jap@&®d08



Realistic kinematic variability

Naive SDN

1

"

Extended SDN
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Focus: Signal Dependent Noise (SDN)
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See: Osu et.al., 2004:; Gribble et al., 2003



Results:

Stochastic OFC-LD

Integrated muscles signals

:]Lﬂ DUZ - min(u1,u2) |7

Absolute end-point errors [rad]

T
|:] End position

- End velocity
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DjordjeMitrovic, StefanKlanke RiekoOsuy Mitsuo Kawatoand Sethu Vijayakumar, A Computational Model of Liml

Impedance Control based on Principles of Internal Model UncertditgSONE(2010).



Variable Impedance Policies

-- through Stochastic Optimization

Assume knowledge @ictuator dynamics
Assume knowledge @ostbeing optimized

Explosive Movement Tasks (e.g., throwing)

Periodic Movement Tasks and Temporal
Optimization (e.g. walkindprachiatior)

Learning dynamics (OHD)



Imitate or Optimize?

Assume knowledge @ictuator dynamics

Assume-knowledge-apstio-be-optimized

Routes to Impedance Behaviour Imitation



Transferring Behaviour
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Routes to Behaviour Transfer (1)

Expert
Behaviour
(human) Recorded
Movements

, e e
Direct * U

Policy
Transfer ;,
X,'u
Planned Robot
Learqer Movements
Behaviour

(robot)




Routes to Behaviour Transfer (1)

Direct transfer on the level of policies (states, actions) [Alissandrakis et al., 2007]

°x, u +— 'x,'u

Requires close correspondence between
human/robot

» e.g., McKibben muscles

— little or no pre-processing of data required.
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