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• we constantly need to learn 
new tasks and adapt to 
changing conditions, e.g. 
during infancy or with ageing 

• similarities between 
rehabilitation and motor 
learning in healthy subjects 
as a tool to develop efficient 
rehabilitation strategies

HUMAN MOTOR LEARNING



• motor adaptation

• learning of tasks with multiple solutions

• skill learning

• motor learning

MOTOR ADAPTATION & 
MOTION OPTIMISATION
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60 ms > delay

• neural feedback is too slow and weak to explain 
fast motion

 ->  feedforward controller using an inverse model, 
which allows suitable commands to be executed 

• muscle impedance provides stability
• reflexes generally also contributes to stability

CONTROL OF HUMAN ARM



• to repeat a single movement
• feedback enables to follows the trajectory, thus 

is indicative of the task dynamics
• τFFk+1(t) = τFFk(t) + α τFBk(t) ,  0<α<1

FEEDFORWARD ADAPTATION 
THROUGH ITERATIVE CONTROL



• an efficient computational model of motor 
learning with good predictions

• valid for a single repeated movement

ITERATIVE CONTROL IN HUMANS

[Tee et al. 2010 Biological Cybernetics]



screwdriver

chiseling, carving

ADAPTATION IN UNSTABLE DYNAMICS

• in unstable tasks typical of tool use, motor variability 
leads to errors and unpredictability

• this requires to compensate for the interaction force 
and instability



TO INVESTIGATE ADAPTATION 
IN UNSTABLE DYNAMICS

• human subjects perform point to point movements with 
the hand attached to a powerful robotic interface



• human subjects perform point to point movements with 
the hand attached to a powerful robotic interface

• forces diverting  
 to left                 or to right

TO INVESTIGATE ADAPTATION 
IN UNSTABLE DYNAMICS



haptic interface for neuroscience 
investigation at ATR in Japan



with learning:

• feedforward 
compensates for 
the interaction with 
the environment

• stiffness increases 
to counteract the 
instability 

LEARNING OF FORCE AND ELASTICITY



• learning in a muscle space 

• feedforward increases with the 
muscle stretch in previous trial

• it also increases with antagonist 
muscle stretch

• and decreases when the error 
is small

PRINCIPLES OF MOTOR ADAPTATION

[Franklin et al. 2008 J Neuroscience]
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Therefore, it becomes necessary to develop tools for characterizing and understanding the nature and
the issues of interactive tasks. Having a taxonomy of interaction kinds and strategies would enable us to
identify the interaction strategies humans use. This may help us creating robots that react as humans
do during motor interaction, as well as e!cient human-robot dyads able to use the best of the human
and the robot. Therefore, we would like to design a taxonomy of interactive behaviors that can classify
the di!erent kinds of motor interactions, model the agents’ behavior and simulate their control.

In order to be able to design such a taxonomy, we first reviewed literature on motor interaction
behaviors in the fields of human computer interaction (HCI), robotics, psychology and game theory [15].
The main results on taxonomies for motor interactions can be summarised as follows:

• Some taxonomies from HCI (e.g., [16, 17]) can be used for motor interactions, but are not specific
to them and di!cult to apply in concrete tasks.

• Analyses of motor interaction kinds [18,19] have defined roles according to either the trajectory [20]
or the force [21]. Models using both trajectory and force (e.g., [22]) are complex and thus di!cult
to use.

• A few implementations of controllers with flexible behavior have been developed [20,21], which are
based on simplified taxonomies and thus not adapted to all situations. For instance, important
motor interactions for humans such as competition have not been considered.

• Studies on psychological [23] and social factors [24] influencing joint action focused on kinematic
and haptic information exchanges. While they present interesting analyses, however they could
hardly be used to generate joint motor behaviors.

These shortcomings of previous taxonomies for motor behaviors prompted us to develop a taxonomy
to describe the role distribution during a joint motor action in a simple quantitative way. First, the nature
of the task and how it constrains the choice of possible behaviors for each agent and their interactions
was studied. Then, the role of each agent was defined through a cost function that it needs to minimize,
and the interaction between the two agents arises by their physical coupling. This enables us to use
mathematical tools from Game Theory, optimal control and nonlinear adaptive control in order to derive
the two partners’ motor behavior and adaptation.

It has been shown in neuroscience studies that humans interact with the environment by minimizing
error (e) and e"ort (u) [25, 26], which can be modelled as the minimization of the cost function

V (t) ! !e2(t) + "u2(t) , !," > 0 . (1)

Furthermore, when interacting with novel dynamics, humans adapt force, mechanical impedance and
trajectory to minimize such a cost function [27–29]. Similar cost functions will be used to model the
interaction of two agents.

This paper’s outline is as follows. A framework for motor interactive tasks and control is first in-
troduced, in the form of a simple taxonomy for the interaction between two agents, physically coupled
(directly or through an external object or tool) and conditioned by the tasks they are carrying out. This
taxonomy is then described in detail. The paper then presents how the taxonomy can be used to classify
existing implementations of human-robot motor interaction, and provides an overview of the problems
that remain to be addressed. The new taxonomy can also be used to generate appropriate behaviors, as
is illustrated in simulations. Finally, possible applications of the framework to other fields like behavioral
psychology and agent theory are described.

gradient descent of error and 
effort to  maintain stability 

ALGORITHM FOR 
TRIAL-BY-TRIAL LEARNING

[Yang, Ganesh et al. 2011 IEEE T Robotics]



 

simulation with a   
2-joint 6-muscles 
model

COMPUTATIONAL MODEL

this simple algorithm can stabilise unstable dynamics 
and reproduce the adaptation observed in experiments

unstable 
interaction

stable 
interaction

[Franklin et al. 2008 J Neuroscience]



the model predicts the 
trial-by-trial changes 
of muscle activation

[Franklin et al. J Neuroscience 2008]

simulation

human 

simulation

human 

EVOLUTION OF 
ACTIVATION



LEARNING: FROM HUMAN TO ROBOT

[Yang, Ganesh et al. 2011 IEEE T Robotics]
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in the presence of external disturbance the robot 
increases its impedance, learns and then reduces 
the impedance again

BIOMIMETIC STIFFNESS EVOLUTION

[Yang, Ganesh et al. 2011 IEEE T Robotics]
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• to learn performing several distinct movements, 
use as inverse model a mapping of the state

• artificial neural network to map the state to the 
required muscle activations

• iterative control 
can learn only along 
a single trajectory

[Kadiallah et al., PLoS ONE 2012]

GENERALISATION



The circular deformation can be examined from the ratio
between the horizontal and vertical axes (the numbers in the top
corners in the panels of Fig. 3C–H). Movements in the VF after
learning either along the circle (H) or the reaching movements (G),
exhibit a ratio of approximately 1, as in the free condition (C).
Initial trials in the VF (F) have ratio v0.8 showing the vertical
elongation, while all after-effects have ratio w1.2 whether learned

along the circle (D) or in reaching movements (E). This
demonstrates a transfer of learning from the reaching movements
to the circle, and illustrates that the feedforward control learned by
performing reaching movements in VF is valid for different
movements requiring distinct dynamics, i.e. the generalization property
of the model.

Figure 3. Simulation of transfer of learning to other movements as in [2] (compare with Fig. 4 of [2]). Learning directly on a circle
(C,D,F,G) or training reaching movements in all directions (B,E,H) results in similar performance and after effects. A: Velocity-dependent force field. B:
Reaching movements in eight directions show early learning trials in the force field (yellow), late learning trials in the force field (cyan), and after
effect trials when the force field was removed (magenta). C: Circle drawn in the null field before the simulation experiences the force field. D: After
effects of adapting to the force field directly while making circles. E: Transferred after effects from learning the force field with reaching movements
(as shown in B) to circular movements. F: Circular movements performed by the simulation during the initial unexpected exposure to the force field
before learning. G: Circles drawn after adaptation to the VF directly by making circular movements. H: Transferred learning from reaching movements
in 8 directions (as shown in B) to the circular motion. The number in the top right of each panel C-H indicates the ratio of horizontal to vertical axes of
the drawn circle.
doi:10.1371/journal.pone.0045075.g003

Generalization in Adaptation to Unstable Dynamics

PLOS ONE | www.plosone.org 6 October 2012 | Volume 7 | Issue 10 | e45075
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We have described human motor adaptation
• which happens in an automatic way

• both in healthy and (some) impaired subjects

• this corresponds to local optimisation

How do humans deal 
with global optimisation?



LEARNING IN TASKS WITH 
MULTIPLE SOLUTIONS

• tasks of daily life can be carried out using several 
strategies

• however motor control research has focused on tasks 
with a single minimum of error and effort

• how do human deal with tasks with multiple solutions?
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• task: go through a sequence of via-
point “as fast and accurate as possible”

• 2 setups in 3 orientations

• subjects randomly use multiple 
strategies

A TASK WITH MULTIPLE SOLUTIONS
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G. Ganesh, E. Burdet / Robotics and Autonomous Systems 61 (2013) 362–368 367

Fig. 6. Modelling motor adaptation with planning. In the experiment of [40], subjects made reaching movements in a position dependent force field (defined in A) which
requires a large force at the end to reach the target. The target error (dotted lines) and trajectory error (solid lines) displayed by subjects are shown in A (the plot represents
data across seven subjects). The trajectory error shows two distinct features: first, even though the error starts as negative (in which direction the force pushes the hand),
it overshoots to the opposite direction before gradually decreasing. Second, when the field is switched off (null region in plot), the hand trajectory still shows a curvature
and does not return back to a straight path even after 50 trials. The simulation of this experiment with adaptive control (upper panel of B) or optimal control (upper panel
of C) is unable to explain either of these features. With addition of a dynamic planning stage modulated by the target error, both these models (lower panels of B and C) can
reproduce the experimental results. While the planning stage in the adaptive controller is simulated as change in the reference trajectory, in case of the optimal controller
this is added as an angular bias in the movement.

of solutions instead of a single one. On the other hand, recent
modelling works have shown that adding a planning level to a
linear optimal control algorithm can reproduce the previously
unexplained adaptation to a joint damping force field [41] and to
a force field with nonzero terminal force inducing the subjects to
use multiple solutions [40] (Fig. 6).

Adaptive control based models seem to be better equipped to
explain tasks with multiple minima, as they do not refer to an ab-
solute minimum and rather predict behaviour to drift down the
cost function manifold while the parameter vector is attracted by
a local minimum. This corresponds for example to the situation of
the perturbation attenuation experiment [22], where the subjects
decreased the effort cost along the chosen strategy, exhibiting be-
haviours as predicted by themodel of [7]. Thismodel however can-
not explain situations in which the subjects jump over a high cost
barrier to return to the lastly experienced trajectory [22]. Again,
addition of a planning stage has been shown to be beneficial to
nonlinear adaptive control models as well. Introducing a dynamic
plan which shifts with trials in order to minimise error prediction
provides robots with human-like adaptability in interaction with
humans [42] and other unknown environments [43].

However, while the addition of a plan has been shown to ben-
efit models in motor control and robotics, each of these models
utilised different mechanisms to learn andmodify plans, driven by
intuition rather than experimental evidence. Further research is re-
quired to understand howmultiple plans are learnt, why and how
they are switched and modified. The current studies have shown
that these planning processes exhibit some patterns and are not
random, thus they can be modelled. We discussed one such pat-
tern, motor memory, which may be used by the CNS to solve re-
dundancies in both planning and muscle space.

9. Motor control strategies from humans to robots

Similar to humans, robots have sensors and actuators that
they can utilise to read the environment and make actions. They
require to learn how to assimilate the sensory signals into useful

information, what actions to perform and how to control these
actions — the very questions that drive human motor control
research. The study of motor control and learning in humans is
thus closely related to robotics as it looks to understand how
the human motor system addresses the same questions that
roboticists ask. Therefore, robotics can look to neuroscience for
solutions to succeed in unstructured environments.

To illustrate this idea, in a series of neuroscience studies
[15,21,44,7,19] we investigated how humans learn to compensate
for forces and instability arising from the interaction with the en-
vironment. We implemented the resulting computational model
in a robot to enable human-like interaction abilities in the robot
[45,18]. This is important, because in contrast to traditional indus-
trial robots that are designed for contact free tasks such as spray-
ing and welding) new robot applications (such as rehabilitation
robotics [46]) involve interactionwith the environment orwith hu-
mans using suitable force and impedance.

While the above bio-mimetic algorithm addressed major inter-
active control questions, planning of robot trajectories still has im-
portant issues to be addressed. It may again be worth looking at
the solution used by the human CNS to tackle this problem. Robot
walking and balancing applications have attempted to copy mo-
tionplaning features observed inhumans through imitation frame-
works, but it is arguably necessary to also understand the process
behind human motion planning. This will require further exper-
iments to study and model the planning in humans as was pro-
moted in this chapter. As mentioned above, a first contribution
from the study of planning in humans to robotics was provided
by the adjunction of an adaptive plan in interaction control [42],
whichwas recently demonstrated in taskswith tools in inhomoge-
neous media such as drilling, cutting and polishing [43]. Similarly,
the presence of multiple plans exhibited in [26] suggests novel
ways for optimising the control of complex tasks, where several
solutions are automatically updated to the current environment,
from which a suitable solution can be selected at a later stage de-
pending on factors such as task error, stability, effort or benefit.

EVEN SIMPLE TASKS HAVE 
MULTIPLE SOLUTIONS

free movements

after 
learning

before 
learning

the two strategies 
can be & are used !

[Ikezami et al. unpublished]



EVEN SIMPLE TASKS HAVE 
MULTIPLE SOLUTIONS

[Patton et al. 2006 J Rehabilitation]
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• how to attenuate disturbances from road?

• one can stiffen or relax the arms to stay away 
from the resonance frequency

A “REAL” TASK WITH MULTIPLE 
SOLUTIONS

[Ganesh et al J Neurophysiology 2010]
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task:	  control	  co-‐ac.va.on	  to	  
a0enuate	  the	  effect	  of	  a	  
sinusoidal	  disturbance

HOW DO HUMANS SELECT 
A STRATEGY?

[Ganesh et al. 2010 J Neurophysiology]
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HOW DO HUMANS SELECT 
A STRATEGY?



	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  

1st	  	  set:	  free
2nd	  set:	  forced	  
3rd	  set:	  free
4th	  set:	  forced
5th	  set:	  free

• in	  the	  first	  trial	  (white	  line),	  5	  subjects	  prefer	  the	  low	  
s.ffness	  area	  and	  5	  the	  high	  area

in	  the	  first	  trial	  
(whi
te	  line),	  5	  su

[Ganesh et al. 2010 J Neurophysiology]



	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  

1st	  	  set:	  free
2nd	  set:	  forced	  
3rd	  set:	  free
4th	  set:	  forced
5th	  set:	  free

• when	  ‘forced’	  to	  the	  other	  region	  (blue)	  they	  change	  
their	  preference

in	  the	  first	  trial	  
(white	  	  	  	  su
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• when	  ‘forced’	  to	  the	  other	  region	  (blue)	  they	  change	  
their	  preference

• …and	  all	  the	  successive	  ‘free’	  trials	  (green)	  then	  follow	  
the	  ‘forced’	  trajectory
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[Ganesh et al. 2010 J Neurophysiology]



• on	  being	  ‘forced’	  back	  (yellow),	  their	  movements	  return	  to	  
the	  original	  trajectory	  

• all	  the	  next	  ‘free’	  trials	  (red)	  follow	  the	  ‘forced’	  trajectory
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[Ganesh et al. 2010 J Neurophysiology]



Memory	  >	  error	  >	  energy	  

• no	  global	  minimisa.on:	  the	  
subjects	  do	  not	  use	  the	  global	  
minimum	  of	  error-‐effort	  

• however,	  there	  is	  some	  local	  
minimisa.on

• role	  of	  memory:	  subjects	  tend	  to	  repeat	  what	  
they	  are	  forced	  to	  do

[Ganesh et al. 2010 J Neurophysiology]



Scissor technique

Straddle technique

Introduced by Dick Fosbury
Gold, 1968 Mexico Olympics

COM

Op.misa.on	  in	  real	  tasks?

• no	  mechanism	  for	  global	  op.misa.on	  

• culture	  and	  imita.on	  can	  push	  us	  using	  a	  be0er	  solu.on,	  
which	  is	  memorised	  (i.e.	  imita.on	  learning)

• local	  op.misa.on	  around	  this	  solu.on
[Burdet, Franklin & Milner 2013, MIT Press]



SKILL LEARNING
Human motor learning appears to involve: 

• conscious processes and memorisation (imitation learning)

• automatic motor adaptation

This is not sufficient to explain learning in many cases:

• accurate reaching by infants

• complex tasks? 

• neurorehabilitation has probably more to do with the 
learning of infants then with motor adaptation



• at about 6 months, 
babies change from 
a strategy with a 
series of 
submovements 

• ... to a smoother 
movement with 
asymmetric velocity 
profile and large 
initial submovement

[von Hofsten and Roennqvist 1993, Child Development]

19 weeks = 4.3 months

31 weeks = 7 months

REACHING LEARNING BY INFANTS



• placing a peg into holes of different diameters

• the peak velocity decreases and the movement 
becomes more asymmetric as accuracy increases

• fluctuations corresponding to direction change can 
be interpreted as submovement primitives

[Milner 1992, Neuroscience]
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ACCURATE REACHING IN ADULTS



• motion as a series of ballistic submotions
• each submotion has noise proportional to its mean speed, 

thus slower submotions are more accurate but take longer
• forward model to detect where the actual movement is 

going to, based on the subject specific submotion shape
• learn submotions with minimal time for a required accuracy

velocity
deviation

[Burdet & Milner 1998, Biological Cybernetics]

LEARNING OF REACHING IN ADULTS
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[Burdet & Milner 1998, Biological Cybernetics]

LEARNING OF REACHING IN ADULTS



• at about 6 months, 
babies learn to 
perform coordinated 
reaching movements

• this may correspond 
to their increasing 
memory capabilities

[von Hofsten and Roennqvist 1993, Child Development]

19 weeks = 4.3 months

31 weeks = 7 months

LEARNING OF REACHING IN INFANTS



• involves three kinds of learning: memorisation, 
gradient descent minimisation of error and effort, 
reinforcement learning

• what do we miss?

• relevance to neurorehabilitation?

MOTOR LEARNING



• identification of structures facilitating learning, 
e.g. PCA, submotions

• methods of reinforcement learning

• underlying feedback driving learning was not 
addressed in this lecture, neither reactive motion 
planning -> next talk

• how should motion variability adaptation & 
exploration be modelled?

WHAT DO WE MISS?



HOW SHOULD VARIABILITY ADAPTATION 
AND EXPLORATION BE MODELLED? 

AIMED ARM MOVEMENTS 

Day 24 Day 35 n IOMM 

FIG. 3. Top: records of movement trajectories at early (16th day, left), intermediate (24th day, middle), and 
later (35th day, right) stages of training in the aiming motor task from one monkey. Movements were performed 
from central to peripheral targets. Note the reduction of dispersion (variability) of trajectories with practice. 
Bottom: data above, analyzed as described in the text. Lines are the mean trajectory of movement toward each 
target, and the ellipses represent the X-Y variability of the recorded movements about the mean trajectory. 

the time of target appearance had no effect. 
Reaction times and peak velocities did not 
change in either condition. 

The quantitative relation between spatial 
uncertainty and handpath variability was 
examined in one monkey. Four levels of un- 
certainty were obtained by varying the num- 
ber of target lights in separate runs. Presen- 
tation of only one target in successive trials 
yielded log, 1 = 0 bits of uncertainty; pre- 
sentation of two targets in a random se- 
quence yielded log2 2 = 1 bit of uncertainty; 
and similarly runs with random sequences 
of four and eight targets yielded 2 and 3 bits 
of uncertainty, respectively. It was found 
that the handpath variability (Var,) in- 
creased with increasing spatial uncertainty 
(H,) according to the equation 

Var, = 1M + H-I, (2) 

where M is a constant and b the slope of the 
straight line. The coefficient of determina- 
tion for equation 2 was r2 = 0.792. 

Effects of change in target lucation 

The movement of the hand was modified 
in an orderly fashion when the target loca- 
tion changed during the reaction or move- 
ment time. The hand moved initially toward 
the first target for a period of time, then 
changed direction and moved to the second 
target (Fig, 2, bottom; Fig. 6, bottom). No 
anticipatory responses were observed (e.g., 
movement before the target appearance) in 
any of the animals. 
MOVEMENT TOWARD FIRST TARGET: The 
duration of the initial movement was a linear 
function of the time that elapsed from the 
appearance of the first target to its substi- 
tution by the second target: the later the 
change occurred, the longer the movement 
toward the first target (Fig. 7). The shape 
of the velocity curve for this initial move- 
ment was similar to the corresponding part 
of the curve for control trials, until the an- 
imal began to decelerate in order to change 
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0 

A 
\  

FIG. I. Left: diagram of the apparatus. The monkey sits at A in front of the working surface, B. On that plane 
are nine light-emitting diodes (LEDs); one is located at the center and eight are arranged in a circle of 8-cm radius 
around it. The peripheral LEDs were used as targets. They are numbered counterclockwise and will be referred 
to as T-l, T-2, T-3, etc. The monkey holds the articulated manipulandum at the distal end, C, which is free to 
move in two (X-I’) dimensions across the working surface. The monkey moves the manipulandum toward the target 
that appears, so that it is captured within the clear plastic circle, D, at the end of the manipulandum. Right: a 
monkey performing the task (side view). Insert shows two trajectories. 

ing times made longer until they were fixed, and 
not changed for the rest of the training. The center 
and target windows were 15 and 30 mm, respec- 
tively, and reaction and movement time limits 
were 2 s each. The animals performed approxi- 
mately 800 successful trials per day. 

The effects of uncertainty were studied in both 
the spatial (location of the target) and temporal 
(time of its appearance) domains. In the spatially 
certain condition (So) the same target was pre- 
sented successively over 20-30 trials, so that the 
target of each successive movement was predict- 
able; in the spatially uncertain condition (S,) the 
location of the target varied, being selected for 
each trial from the population of eight possible 
peripheral targets in a random sequence. In the 
temporally certain condition (To) the foreperiod 
was fixed at 2 s; in the temporally uncertain con- 
dition (T,) it varied, being selected from normal 
distribution with mean = 2 s, SD = 0.4 s, and 

range from 0.8 to 3.2 s (i.e., mean + 3 SD). The 
four combinations of these factors (&7’,, SIT,, 
SOT,, S, T,) were presented in a randomized block 
design. 

A modified version of the task described above 
was used to study the effects of change in target 
location. At various times after the appearance 
of the target (interstimulus interval) a new target 
was turned on while the original target light went 
off. Trials were presented in a randomized se- 
quence with event probabilities balanced (Table 
I), so that the animal could not predict whether 
the target would change position and, if so, the 
time of change. Only one pair of target LEDs was 
used in each run of the task. The targets were on 
opposite sides of the center LED in some runs, 
but adjacent in other runs. At the end of the in- 
terstimulus interval the first target was turned off 
while the other target (“second target”) was 
turned on. This second target stayed on until the 

TABLE 1. Probabilities of various conditions in task with change in target location 

Change at Interstimulus Interval, ms 
No 

Target Change 50 100 150 200 250 300 400 Total 

A 114 l/28 l/28 l/28 l/28 l/28 l/28 l/28 112 
B 114 l/28 l/28 l/28 l/28 l/28 l/28 l/28 112 

l/14 l/14 l/14 l/14 l/14 l/14 l/14 

Total 112 112 1 

[Georgopoulos et al. 1981, J Neurophysiology]

• motor learning is charac-    
terised by a decrease of 
variability 

• this means that both mean 
and deviation are adapted by 
motor learning, i.e. stochastic 
optimisation

• what is relationship between 
variability and exploration in 
presence of reduced 
feedback?



• not straightforward, e.g. rehabilitation based mainly on 
motor adaptation (Patton&Mussa-Ivaldi) does not seem to 
provide stable benefits (but may still be a good model for 
modification of brain activity)

• most rehabilitation seems to rely on memorisation and 
reinforcement learning

• integrated methods considering several aspects of 
learning, e.g. memorisation and augmented feedback 

• focus on suitable sensory feedback

• optimal scheduling can be/is studied with similar methods

RELEVANCE TO 
NEUROREHABILITATION ?



• design simplified by considering motor control factors

• experiments with healthy subjects learning a novel 
task to develop strategies for rehabilitation

• computational neurorehabilitation: models of motor 
recovery after stroke

• to investigate neural structures and processes 
involved in rehabilitation

NEUROSCIENCE OF 
REHABILITATION

born @ 27weeks, scanned 2 weeks later

NEUROSCIENCE OF 
REHABILITATION



SENSORIMOTOR 
EXCHANGES 

[Ganesh et al. 2014, Scientific Reports]


