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between the birds was their experience in the earlier observational learning study14 Ð
observer, pilferer or observer + pilferer. These categories are directly related to the speci®c
experiences in the previous experiment, not the developmental histories of the birds.
Although we cannot state that birds in the pilferer group had never observed other birds
cache they did not do so in the previous study or in the current one. Importantly, the
observer birds have never pilfered another bird's caches.
The observer + pilferer (n = 7) group was ®rst tested at the University of California,
Davis (19±26 July 2000), with a replicate study performed at the University of Cambridge
(15 January to 16 February 2001). Birds in the observer (n = 7) and pilferer (n = 7) groups
were tested at Cambridge (15 January to 16 February 2001). The interleaved trials study
(observer + pilferer group only) was performed at Cambridge (27±28 February 2001). All
of the birds were housed individually in cages (45 ´ 76 ´ 76 cm). In Davis, birds were
housed in an outdoor aviary. In addition to natural lighting, we provided ¯uorescent strip
lighting. In Cambridge, the birds were housed in the same cages as Davis, but these were
placed in a quarantined indoor room in which only ¯uorescent lighting was provided.
Birds were fed a mixture of Iams mini-chunk dog food biscuits and peanuts, both of which
were provided in powdered form to ensure that the birds could not cache outside of the
experiment. Water was provided ad libitum.

Apparatus
The fronts of the individual cages were made of aluminium wire and the sides were made
of solid aluminium. The storer was placed in a cage located adjacent to a second cage
containing the observer, with a 20-cm-wide gap between the two cages. On the back of
each cage was a 25 cm2 perspex panel, which allowed the storer and observer to see one
another. Caching trays10±13 were constructed from sand-®lled plastic ice-cube trays, each
containing a 2 ´ 8 array of moulds that were attached to a wooden board. Each caching tray
was made unique by attaching different con®gurations of Lego (Net®eld) bricks onto the
board behind the ice-cube tray.

Procedure
Birds were deprived of food overnight. Caching trials started at 10:00 (Davis) or 11:00
(Cambridge) the following day. During every 15-min caching trial (n = 3 per caching
treatment, observer + pilferer group in Davis and observer, pilferer and observer + pilferer
groups in Cambridge; n = 2 pairs, observer + pilferer group interleaved trials in
Cambridge) each subject received one sand-®lled caching tray and a bowl containing 50
wax worms. During the unobserved caching treatment (in private), a towel covered the
back of the cage so that the view of the observer bird was completely obscured. During the
observed caching treatment, the observer had a clear view of the storer. At the end of each
caching trial, the tray and food bowl were removed from each cage. The experimenters
recorded the number and location of wax worms cached in the tray. Any extraneous food
that the birds did not cache was removed. The number of worms cached therefore refers to
the number of worms that remained in the tray at the end of the caching trial. Observers
were given 15 min in which they were allowed to eat their maintenance diet at the end of
the caching trial, and each bird was given three wax worms. In Davis and Cambridge, two
caching trays were placed inside the subject's cage during recovery trials. One of the trays
was unfamiliar to the bird. The other tray contained the previously cached worms and was
placed in its original location. Three caching trays were placed inside the subject's cage
during recovery trials for the interleaved trials study. One tray was unfamiliar to the bird,
whereas the other two trays contained the previously cached worms, which were placed in
the same locations as they were placed during the observed tray and in private tray caching
treatments.
The subjects were allowed to recover the cached food items for 10 min. The number and
location of the searches was recorded by direct observation, as well as the number of caches
recovered and whether these were eaten or re-cached. We also noted the location of the recached food items, and whether they were made in new sites compared to those places the
bird had cached in during the previous caching trial (old site). We calculated the number
of searches to ®nd the ®rst cache (recovery accuracy), the proportion of worms recovered
and the proportion of those recoveries that were re-cached. All 21 birds had previous
experience with the presence of towels on their cages for at least three trials each. They were
restricted from caching during these trials, but were given powdered food and three wax
worms.

Analysis
We used the Wilcoxon matched-pairs test on the mean values summed across trials for
each caching treatment. As the number of items recovered depends on the number of
items cached, and the number of items re-cached depends on the number of caches that
are recovered, we also analysed the proportion of caches that were recovered and the
proportion of those re-cached. For all analyses, alpha was set at 0.05.
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To manipulate objects or to use tools we must compensate for any
forces arising from interaction with the physical environment.
Recent studies indicate that this compensation is achieved by
learning an internal model of the dynamics1±6, that is, a neural
representation of the relation between motor command and
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robot produced no force when trajectories followed the y axis, but
the hand was pushed away whenever it deviated from the y axis (red
arrows in Fig. 1a). The force (F x ; F y ) exerted on the hand was
" #  
Fx
bx
1

Fy
0
where b . 0 (N m-1) was chosen to be larger than the stiffness of the
arm measured in NF movements so as to produce instability.
The NF movements (green in Fig. 1b) had trajectories that were
approximately straight. Almost all trials ended on target and the
distribution of endpoints was bell-shaped. However, the initial
movement direction varied slightly from trial to trial owing to
motor output variability. The DF ampli®es such variations by
pushing the hand with a force proportional to the deviation from
the y axis (red arrows in Fig. 1a). Consequently, the initial trials in
the DF exhibited unstable behaviour, diverging widely either to the
right or to the left. Most trials ended either on the left or right safety
barrier (black vertical lines in the left plot of Fig. 1c) with a roughly
symmetrical distribution of positions. With practice, however,
subjects gradually became pro®cient at producing straighter trajectories, similar to those in the NF (compare Fig. 1b and the middle
plot of Fig. 1c). Most trials then ended on target with a bell-shaped
endpoint distribution. The hand-path error (see Methods, equation
(2)) decreased signi®cantly between the ®rst ®ve trials and the last
®ve trials (P  0:002; Fig. 2a), indicating that the subjects learned to
adapt to the dynamics of the DF. At the end of the learning trials, no
signi®cant differences in the hand-path error were found between
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movement5,7. In these studies interaction with the physical environment was stable, but many common tasks are intrinsically
unstable8,9. For example, keeping a screwdriver in the slot of a
screw is unstable because excessive force parallel to the slot can
cause the screwdriver to slip and because misdirected force can
cause loss of contact between the screwdriver and the screw.
Stability may be dependent on the control of mechanical impedance in the human arm because mechanical impedance can
generate forces which resist destabilizing motion. Here we examined arm movements in an unstable dynamic environment created by a robotic interface. Our results show that humans learn to
stabilize unstable dynamics using the skilful and energy-ef®cient
strategy of selective control of impedance geometry.
How do we succeed in performing mechanically unstable tasks?
One way would be to stabilize the arm by means of feedback control.
However, neural feedback, whether operating through involuntary
(re¯ex) or voluntary commands to our muscles, is delayed by the
sensory feedback pathways, which would tend to increase rather
than reduce instability10,11. Alternatively, stability might be achieved
by controlling mechanical impedance (resistance to imposed
motion); speci®cally, the spring-like property of muscles12,13.
Demonstrating impedance control is not trivial, because it is
necessary to show that the shape or orientation of the impedance
can be voluntarily modi®ed independently of the force applied by
the hand. Modi®cations in impedance that depend on changes in
applied force do not constitute proof of impedance control because
muscle stiffness inherently scales with activation level14,15. To
demonstrate impedance control, we compared multi-joint arm
movements in a null ®eld (NF) and in a divergent force ®eld
(DF), which produced an unstable interaction with the arm, but
required no change in applied force relative to the NF.
Subjects made horizontal point-to-point movements away from
the body, along the y axis of our coordinate system (Fig. 1a). The
hand was linked by means of a stiff brace to a handle at the end of a
robotic manipulandum (PFM) that exerted computer-controlled
forces during movement (see Methods). The DF produced a
negative elastic force perpendicular to the target direction. The
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Figure 1 Experimental set-up and learning in a divergent force ®eld (DF). a, The PFM
exerts forces on the hand during horizontal point-to-point arm movements away from the
body. The red arrows graphically depict the DF. b, Five consecutive trajectories of one
subject are shown for movements in a null force ®eld (NF, green). At the top of trajectory
plot, a histogram shows the distribution of endpoint positions (based on curvature greater
than 0.03 m-1) for the corresponding ®ve movements of all subjects. c, Learning in the DF
(red). Five trajectories of the same subject are shown, which include the ®rst ®ve trials
(left), the last ®ve trials (middle), and ®ve consecutive after-effect trials (right). For safety
reasons the DF was turned off when the trajectory deviated more than 3 cm from the
y axis. The black lines indicate this safety zone.
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Figure 2 Error evolution during learning the DF, endpoint force±time pro®les after
learning for the same subject as in Fig. 1, and forces at the movement midpoint for all
subjects. The hand-path error is de®ned in the Methods. a, Hand-path error as a function
of the number of learning trials for the DF. The solid curve is a least-squares ®t of an
exponential function to the data. b, Mean endpoint force pro®les with standard deviations
in the x and y directions after learning, for NF (green) and DF (red). The force is similar in
the DF and NF. c, The mean x and y forces and standard deviations at the midpoint of the
trajectory in the NF (green) and DF (red) for all ®ve subjects.
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Figure 3 Adaptation of stiffness geometry to the DF. Stiffness ellipsesÐthe graphical
depiction of the elastic restoring force corresponding to a unit displacement of the
handÐare shown for ®ve subjects in the NF and DF. The long and short axes of the ellipse
represent the directions of maximal and minimal stiffness, respectively. The stiffness in
the DF (red) changed relative to the NF (green). We note that in the DF the stiffness
increased signi®cantly in the direction of the instability (shown by small red arrows for
subject S4), but there was relatively little change along the movement direction (see also
Fig. 4).
448

a

b

x component of stiffness
1,000

N m–1

movements in the NF and DF (P  0:906), indicating that movements had become stable and were similar under the two conditions. This is also indicated by the force applied to the PFM by the
arm in the DF, which was not signi®cantly different from that in the
NF, after learning (Fig. 2b, c).
To examine the after-effects of learning the DF, the force ®eld was
unexpectedly removed on selected trials after learning. These aftereffect movements were characterized by trajectories that hardly
deviated from the y axis with endpoints concentrated in the middle
of the target (Fig. 1c, right). The hand-path error revealed that they
were even straighter than NF trajectories (P  0:001).
How did subjects overcome the instability of their movements?
Because of the unpredictability of the direction of the disturbance a
forward or inverse dynamics model5,7 could not have been used. In
contrast, an increase in mechanical impedance would provide
increased resistance to a disturbance regardless of its direction.
Perhaps subjects used generalized muscle coactivation to achieve an
isotropic increase in stiffness at the hand. This has been demonstrated previously during posture16. An analogous strategy is commonly employed in single-joint tasks when the environment is
destabilizing17,18. On the other hand, the stiffness might have been
selectively controlled in the direction of the instability. Such control
of limb impedance was ®rst proposed 16 years ago12, but has yet to
be demonstrated.
These possibilities were investigated by examining the stiffness at
the hand after learning (see Methods). We measured stiffness
around the midpoint of movement paths, using a technique19 that
provides an unbiased and accurate estimate of stiffness and requires
fewer trials than previous methods20,21. On random trials, the PFM
brie¯y displaced the hand by a constant distance from a prediction
of the undisturbed trajectory19. Stiffness was estimated from the
restoring force, produced in response to the displacement, divided
by the amplitude of the displacement.
Stiffness at the hand in the DF was modi®ed in shape and
orientation relative to stiffness in the NF (Fig. 3, compare red and
green data). Although the x component of stiffness was signi®cantly
larger in the DF than in the NF (Fig. 4a, compare red and green
data), the y component of stiffness in the DF was not signi®cantly
different from that in the NF (Fig. 4b, compare red and green data).
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Figure 4 Stiffness and stability. a, The x components of hand stiffness in the NF (green),
hand stiffness in the DF (red) and net stiffness of the hand and DF environment (Net, black)
after learning. Vertical bars show 90% con®dence intervals. b, The y components of hand
stiffness in the NF (green) and in the DF (red).

There was a selective increase in stiffness in the direction of
instability. After learning, the stiffness of the arm increased suf®ciently that the combined stiffness of the arm and the environment
in the x direction (Fig. 4a, Net, black data) was positive and similar
in magnitude to that measured during NF movements (Fig. 4a, NF,
green data). Trial-to-trial variations in x force did not correlate with
changes in stiffness in the x direction for any subject (Table 1),
providing even stronger support for impedance control. Furthermore, we can conclude that the adaptation was preprogrammed and
not reactive to the unstable environment because the DF was not
applied on those trials used for stiffness measurement. (This,
however, was not detected by the subjects.)
Previous impedance adaptation studies did not address the
capacity to modify stiffness geometry independently of force.
Adaptive increases in stiffness observed for single-joint tasks in
unstable environments17,18,22 provide a limited view of the adaptive
capabilities of the central nervous system (CNS) because the only
parameter that can be varied is stiffness magnitude. Changes in
stiffness geometry, observed in ball catching20, occurred principally
while joint torque was changing to compensate for the momentum
of the ball. The anticipatory increase in stiffness just before ball
impact involved generalized muscle coactivation, which serves
mainly to increase stiffness magnitude. The use of biarticular
shoulder muscles to perform a postural task, requiring no net
shoulder torque9, might be considered a form of impedance control.
However, because joint stiffness clearly scaled with joint torque in
this task it is not clear whether the involvement of biarticular
muscles represents genuine impedance control or `hard-wired'
muscle synergy. Similarly, the statistically signi®cant covariation
of change in stiffness with change in external force found for
movements in a velocity-dependent force ®eld23 could be attributed
largely to the linear relationship between joint torque and
stiffness14,15. The modi®cations of stiffness observed during movements constrained by a mechanical channel24 were also probably
due to changes in force. In contrast, adaptation to the DF required
no change in force or joint torque relative to NF movements, yet
subjects skilfully adapted their stiffness to the instability of the
environment so that stiffness increased only in the required direction and by the required amount. Using the DF, we have been able to
show for the ®rst time that the CNS can voluntarily control the
magnitude, shape and orientation of the endpoint stiffness in a
predictive way that is independent of the force needed to compensate for the imposed dynamics.

Table 1 Correlation between stiffness and force
Subject
R2

S1

S2

S3

S4

S5

0.24

0.53

0.08

0.29

0.34

.............................................................................................................................................................................
R2 is the correlation between the change in stiffness and the change in force in the DF relative to the
NF. DF, divergent force ®eld; NF, null ®eld.
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Finally, why does the CNS use the dif®cult and computationally
costly strategy of controlling the full impedance geometry rather
than the simple strategy of co-contracting all muscles? The particular shape of endpoint stiffness learned in the DF, large in the
direction of instability and small in the direction of movement,
suggests a trade-off between stability and high muscle activation.
Increasing impedance enhances the robustness to external perturbations, but co-contraction of muscles increases metabolic cost12.
Moreover, motor output variability increases with muscle
activation25,26. Therefore, reducing the impedance will decrease
both the metabolic cost and movement error. For these reasons, it
is desirable to optimize impedance. The control problem faced
by the CNS is to optimize the magnitude, shape and orientation
of impedance to achieve stability while minimizing metabolic
cost.
M

Methods

Nine subjects performed the experiment (24±34 years of age; two females and seven
males). The learning analysis used only data from the ®ve naive subjects. The institutional
ethics committee approved the experiments and the subjects gave informed consent before
participation. The robot used is a parallel-link direct-drive air and magnet ¯oating
manipulandum (PFM), which moves in the horizontal plane. Details of its design and
operation have been described previously19,21. The PFM was set up by T. Yoshioka and
H. Gomi. Subjects sat in a chair with a harness to constrain the trunk so that the elbow
and shoulder joints could only move in the horizontal plane (two degrees of freedom).
The forearm and wrist were held in a thermoplastic splint rigidly attached to the
manipulandum. Therefore, subjects could not vary the kinematics of the arm to change its
impedance. Subjects began by performing 100 movements in the NF, followed by 100±300
learning trials in the DF. Subjects then made 100 more movements in the DF, 20 of which
had the force ®eld removed unexpectedly (called after-effects). All movements were
recorded during these sessions, including those not reaching the target. The start position,
target (diameter 2.5 cm) and instantaneous hand position were displayed on a horizontal
screen slightly above the arm. The prescribed movement time of 600 (6100) ms was
indicated by acoustic signals.
Adaptation to the DF was quanti®ed by calculating the error relative to a straight line
joining the start position and target centre. The hand-path error E represents the area
between the actual movement path and the straight line, and was calculated from the start
time 0 (75 ms before crossing a hand-velocity threshold of 0.05 m s-1), to the termination
time T (when curvature exceeded 0.07 m-1):
E

T

# jx tjjyÇ tjdt
0

2

To test whether learning occurred, we compared the hand-path error in the ®rst ®ve
learning trials and the last ®ve learning trials using an analysis of variance (ANOVA) with
random factor subjects. An ANOVA was also used to compare the last ®ve trials in the NF
and the last ®ve trials of the learning phase. The presence of after-effects was tested by
performing an ANOVA comparing the hand-path error of the last 20 movements in the NF
to 20 after-effects trials.
Before each stiffness measurement session, the subjects were retrained in the force ®eld
to ensure that they had remembered the ®eld (NF, 40 trials; DF, 80 trials). Eighty
movements were then recorded in the force ®eld, of which 40, selected randomly,
incorporated displacements. These displacements, at the midpoint of each movement,
were randomly applied in one of eight directions (08, 458, 908, 1358, 1808, 2258, 2708 or
3158). The endpoint stiffness was estimated from the resulting mean change in hand force
and position over a 60-ms interval during the perturbation, starting from 120 ms after
onset of the perturbation19.
Linear regression was carried out to determine whether the change in stiffness for
movements in the DF relative to those in the NF could be explained by the corresponding
change in force. By de®nition, the difference between torque produced in response to a
perturbation dqs dqe T in the DF and NF is given by:




dqs
dts
 DKq
:
3
dte
dqe
where DKq is the difference between DF and NF joint stiffness, and dts and dte correspond
to the difference between DF and NF shoulder and elbow torque owing to elastic resistance
l, respectively.
It has been shown that the joint stiffness is linearly dependent on the joint torque in
posture15. Making the same assumption for movement, we obtain the linear relation:


a1 Dts a3 Dte
DKq 
4
a3 Dte a4 Dte
where a1 ¼a3 are constants, and Dts and Dte are the difference between DF and NF
shoulder and elbow driving torque measured by the force sensor l. The difference in
endpoint force can be obtained from equation (3) using the jacobian. Restricting the
analysis to the x direction, since endpoint stiffness in the DF was principally modi®ed in
that direction, we then have:
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where g1, g2 and g3 are constants that incorporate the ai and the coef®cients of the
jacobian. R2 values were computed for each subject using a linear system of 40 equations
(with g1, g2 and g3 as unknowns) representing the 40 trials where stiffness was measured.
An R2 value close to one would indicate that endpoint stiffness in the x direction was
completely determined by the joint torques required to perform the task. An R2 value close
to zero would indicate that in every trial endpoint stiffness was controlled independently
of the required joint torques. A more detailed derivation of these equations is available as
Supplementary Information.
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This note describes the details of how the correlation between stiffness and force was evaluated in the paper "The CNS Skillfully
Stabilizes Unstable Dynamics by Learning Optimal Impedance" by E. Burdet et al.
When the arm is constrained in a horizontal plane at shoulder height, it can be modelled as a two-link mechanism. The associated 2x2
joint stiffness matrix K is defined by

, [A1]
i.e. dτ=(dτs, dτe)T is the elastic resistance to an infinitesimal displacement d q=(dqs, dqe)T. K can be estimated in real movements from
the restoring force in response to small perturbations relative to a prediction of the undisturbed trajectory (see Burdet et al., J Biomech
33, 1705-1709, 2000).
The difference of stiffness between the DF and NF conditions can be estimated by subtracting

from

,
resulting in

[A2]
where

and

Gomi and Osu (1998) have shown that in static posture joint stiffness is well correlated with joint torque. i) The shoulder stiffness K ss
is well correlated with the shoulder torque | τs| and weakly correlated with the elbow torque |τe|; ii) the bi-articular stiffness elements K se

and Kes are almost equal, well correlated with |τe| and weakly correlated with | τs|; iii) the elbow stiffness Kee is well correlated with | τe|
and weakly with |τs|. Similarly we assume that

, α 1, α 2, α 3 constants [A3]
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and

, α 1, α 2, α 3 constants [A4]
where K0 is the passive stiffness. Eqs A4 — A3 yields

, α 1, α 2, α 3 constants [A5]
To move the arm, the muscles have to produce a force corresponding to the arm dynamics and the force measured at the handle, i.e. τ =
τd + τh. As the movement kinematics are not different in the two force fields after learning, we can assume that τDF,d ≅ τNF,d ≡ τd.
Using a two link model of the arm dynamics, we have confirmed by simulation that for all subjects |τDF| = |τd + τDF,h| ≅ τd + τDF,h and
|τNF| = |τd + τNF,h| ≅ τd + τNF,h at the midpoint of the movement. Therefore Eq A5 can be simplified to

, α 1, α 2, α 3 constants [A6]

τDF,h and τNF,h were measured during movement using the force sensor at the handle of the PFM.
Because endpoint stiffness in the DF was modified principally in the x-direction, this relation was tested for endpoint force in the
x-direction Fx. The relation was transformed from joint coordinates to endpoint coordinates using the relationship τ = JT F with the
Jacobian J:

. [A7]
To evaluate the correlation between the change of stiffness in the DF relative to the NF and the corresponding difference of torque, we
have used Eq A6 substituted into Eq A7. As the trajectories of movements in the VF and DF after learning were similar to movements
in the NF and J(qs, q e) changed little in the region of stiffness measurement, we can assume that J is constant. Therefore, Eq A7 can be

simplified to the linear equation:

. [A8]
in which

γ 1 = g11 α1, γ 2 = g11 α2 + g12 α3, γ 3 = g12 α2
with

.

˚
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