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Abstract
During interaction with robotic manipulanda, the human brain constructs internal representations of the environment imposed by the robotic device. These representations (i) provide cognitive interpretation of the
interfaced environment and (ii) generate motor commands for future interaction with the imposed environment. Interestingly, cognitive and motor representations are not always mutually consistent. We consider
a simple environment consisting of a spring-like surface, where either the delay between force and position or the location of the boundary is experimentally altered. We explored the cognitive representation of
rigidity by asking subjects which of two surfaces is stiffer. We also considered the motor representation by
investigating adaptation to the same virtual environments. We asked subject to reach a target inside virtual
surface, and observed adaptation and its after effects in catch trials. In the cognitive study, we constructed
psychometric curves based on the verbal reports of the subjects. In the motor study, we constructed analogous curves, which we name ‘motormetric curves’, describing the implicit motor expectation of rigidity,
as expressed not verbally but by the errors in catch trials, where the delay was unexpectedly removed. We
simulated motormetric curves from a simplified mechanical model of the arm and neural controller. We
found that the cognitive reports reflected our measure of the motor behavior in the case of delayed stiffness,
but not in the case of shifted boundary.
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1. Introduction
At the heart of neuroscience lies a search for understanding how the environment
affects the nervous system and how the nervous system, in turn, alters the envi*
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ronment [1]. Robotic devices, as interactive tools, when properly combined with
computational models can lead to a deeper understanding of the nervous system, in
general, and of the motor control system, in particular.
A prominent line of research employs robotic manipulanda to generate force
perturbations during reaching movements, with the goal of revealing how the brain
adapts to novel dynamics [2–8]. This methodology has recently yielded clinical
applications for diagnosis and rehabilitation [9–11]. It is important to note that
adaptation to force perturbations is a form of procedural learning, occurring implicitly without full awareness on the part of the learning subject [12].
Another promising research direction employs robotic devices to generate virtual
reality and explore the haptic experience of virtual or remote objects [13–17]. In
contrast to the implicit nature of adaptation to force perturbations these studies
usually involve explicit knowledge of the task and the subjects are occasionally
asked to report their haptically induced perception.
In this study we consider both the explicit cognitive representation of the environment and the implicit representation associated with adaptation to delayed and
shifted surfaces.
The use of delayed forces in our experiments is consistent with a common circumstance of bidirectional telemanipulation. There, the human operator controls a
master robotic manipulandum and receives delayed force feedback from a remote
physical object being manipulated by a remote slave robot [18–21]. Under these
conditions, the design of effective interfaces requires some understanding of the
neural processes underlying perception and control in the presence of delays. Thus,
it was suggested that the brain may employ computations analogous to a Smith Predictor [22, 23] or Wave Variables [24] for compensating for the effects of delays.
The ability of the nervous system to adaptively control reaching movements under
various external force perturbations has been investigated for state-dependent forces
[3, 25, 26] and for time-dependent forces [5, 27]; however, the ability to perceive,
represent and adapt to delayed force perturbations has not yet been systematically
explored. In particular, the influence of delays on the perceived mechanical properties of a remote object was largely overlooked.
In a recent study we found a consistent influence of the delay between force
and position on the perception of stiffness [28]. When subjects were asked to judge
between two surfaces, where in one of the two the force applied by the manipulator
was either temporally leading or lagging the position imposed by the subject, they
consistently reported the surface in which the force lagged position as stiffer and
the other as more compliant.
To further explore this recent result, we have simulated an arm model and developed an adaptation paradigm and a new measure of the implicit expectation, which
we call the ‘motormetric curve’. Our main objective was to use this tool to compare
verbal and motor responses to contact with delayed and shifted surfaces (which
will be defined later in Section 2.1). Interestingly, as described below, the explicit
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reply of the subjects measured by the psychometric curves did not always match
the implicit expectations as measured by the motormetric curves.
In Section 2, we describe our method for using robotic manipulandum to study
the behavioral and perceptual aspects of stiffness and boundary perception. In
Section 3, we present a simple model for the arm and neural controller, and the
prediction of the expected behavior in probing before and after adaptation. The behavioral results are presented in Section 4. Finally, we discuss the results and the
possible implications and applications of this research methodology in Section 5.
2. Methods
We employed a planar 2-d.o.f. robotic manipulandum to generate spring-like surfaces (SLS) which were used to determine the implicit and explicit behavior of the
subjects. Two types of SLS where rendered: one in which the force was lagging the
position (delayed SLS, see equation (1)) and another in which the SLS was shifted
(shifted SLS). Subjects interacted with these surfaces in an attempt to determine
their stiffness.
In a recent study we used a forced choice paradigm, where subjects probed two
surfaces and had to answer which surface felt stiffer. We found clear overestimation
of delayed stiffness [28]. In an attempt to limit cognitive influences on the results we
developed a new protocol and an objective measure of the expected stiffness based
on the hand movement at catch trials, where delays were unexpectedly removed.
We designed the experiments based on the following assumptions:
(i) Subjects can rapidly learn to perform an accurate back and forth ‘slicing’
movement with the peak penetration at a predefined goal as they probe a virtual
surface.
(ii) Subjects plan their movements based on the expected stiffness, estimated according to the preceding probing movements.
(iii) The control of the rapid slicing movement is a feed-forward control. The effect
of feedback during the movement is neglected, and sensory information is used
only to estimate the stiffness and to modify the motor command of the next
movement.
Provided the assumptions above, subjects who are trained to perform slicing
movement to a certain point inside the surface are expected to miss the target
(overshoot/undershoot) whenever the surface properties are unexpectedly changed.
The amount of overshoot/undershoot is expected to be a monotonic function of the
gap between the estimated and effective stiffness. Consider the following example:
a subject is trained in a delayed SLS and then experiences a non-delayed SLS with
the same level of stiffness. This unexpected removal of a perturbation in a learning
paradigm is called a ‘catch trial’. If the delayed stiffness is overestimated we expect
to observe an overshoot in a catch trial. We first describe the experimental protocols
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and then the data analysis used to construct the motormetric curves based on these
assumptions.
2.1. Subjects, Apparatus and Experimental Protocols
Thirteen subjects participated in the experiments after signing the informed consent
form approved by Northwestern’s Institutional Review Board. Seated subjects held
with their right hand the handle of a 2-d.o.f. robotic manipulandum and looked at
a screen, placed horizontally above their hand, which displayed a virtual SLS as
colored wide squares (Figs 1 and 2). For further details about the robotic manipulandum, see Refs [4, 31]. The robotic manipulandum exerted forces on the subject’s
hand and acquired its trajectory. The location of the hand was displayed by a line

Figure 1. The SLS. A subject holding the robotic manipulandum probing a SLS with or without
delay. During the experiment, the robotic manipulandum, as well as the position of the subject’s hand
were not visible to the subject, who saw only the projected SLS and a vertical line indicating the
location of his hand along the y-axis. A bright point was projected at a fixed location and the subject
was instructed to keep the line near this point. With a delayed SLS the subject experienced forces
proportional to the position reached τ seconds before, i.e., Fx (t) = −K(X(t − τ ) − X0 ).

Figure 2. Schematic view of the experimental screen. Subjects were instructed to move their hand
(that holds the manipulandum) from the start point to the target and back, very fast, while maintaining
the white line location as constant as possible.
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perpendicular to the boundary of the object. This provided subjects with partial position information, which included the lateral position of the hand without revealing
the degree of penetration inside the virtual object. By keeping this line at the same
location, subjects contacted the objects at a fixed configuration of the arm.
Two types of data were acquired:
(i) The position of the hand along the x-axis, sampled at a rate of 100 samples per
second.
(ii) The interaction force with the surface. This force was calculated in real-time
based on the hand position, the delay and the elastic properties of the surface
(stiffness and boundary).
The force exerted by the virtual surfaces was in the x-axis direction (see Fig. 1),
in proportion to the displacement from the boundary, X0 :

−K(X(t − t) − X0 ) X(t − t) > X0
(1)
Fx (t) =
0
X(t − t)  X0 ,
where Fx (t) is the force in the x-axis direction, K is the spring’s stiffness constant,
X(t) is the position along the x-axis, X0 is the coordinate of the boundary, and t
is the delay between force exerted on the hand and its position.
2.1.1. Experiment 1: Motormetric for Delayed Surface
Six subjects participated in this experiment (three males and three females). Two
circles were projected on the SLS (Fig. 2). One, the target, was 5 cm beyond
the non-shifted surface boundary (X0 in (1)). The second, the start point, was
located 5 cm away from the boundary, in the direction of the subject. Subjects
were instructed to reach the target and then return to the start point. Such a slicing
movement completed a single trial. Performance feedback was provided as colored
written text messages (red ‘long’, yellow ‘short’ and blue ‘right’).
The experiment (a total of 1301 trials), consisted of four phases (see Table 1 for
a detailed description):
(i) Null field training — 30 slicing movements in free space allowing subjects to
become acquainted with the manipulandum dynamics and the slicing task.
(ii) Null delay training — 50 slicing movements with 10 randomly ordered blocks
of SLS with stiffness levels chosen from the group {150 to 600 in jumps of
50 N/m}, five trials in each block, allowing subjects to become acquainted
with the various stiffness levels that will be presented during the experiment.
(iii) Delay training — 20 slicing movements with constant stiffness level SLS (K =
375 N/m), where the force feedback lagged the position by 50 ms.
(iv) Test — 1201 slicing movements. The subject was introduced to a surface
(D-surface) with a stiffness level of Ktrained = 375 N/m and t either 0 or
50 ms (see (1)) for a number of consecutive trials (four to six, randomly chosen). Following this series a catch trial was introduced, where t was set to
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Table 1.
Delayed motormetric experiment phases
Phase

K (N/m)

t (ms)

Feedback

Number
trials

of

Null field
training
Null delay
training

0

0

always

20

varying in randomly
ordered
blocks each stiffness appears 5
times

0

always

50

Delay
training
Test

375

50

always

30

375 (with 16%
catch trials of
varying stiffness,
at least four movements
between
catch trials)

42% 50;
42% 0;
16% catch 0

68%, never on
catch trials and
randomly not
on training trials

1201 (200 of
them catch
trials)

zero (K-surface) and the stiffness level Kcatch was altered to a random value
chosen from the group {150 to 600 in jumps of 50 N/m}. During these catch
trials and in one randomly selected trial in each training block, the feedback
text message regarding the amount of penetration was not provided.
2.1.2. Experiment 2: Motormetric for Shifted Surface
Four subjects participated in this experiment (two males and two females; three of
them participated in the previous experiment as well). This paradigm was almost
identical to the delayed surface paradigm, but the delayed surfaces were replaced
with boundaries shifted 2 cm away from the subject (into the surface, see dashed
line in Fig. 2). In these cases the distance of the target from the boundary became
3 cm.
The choice of 50 ms as the delay between the position and the force feedback
during surface interaction is motivated, as in our previous study [28], by the total
duration of the slicing movement (about 400 ms). We have noticed that a long delay
occupying a significant portion of the movement leads to abolishing the perception
of a surface. When moving at typical velocity of 0.5 m/s, a delay of 50 ms causes
an average boundary shift of 2 cm, motivating our selection of boundary shift. The
choice of stiffness level exerted by the manipulandum was motivated by the actual
plant of the machine and the maximum feasible exerted force, for the motion with an
extent of several centimeters. The value of 375 N/m was the mid-range of the chosen
stiffness levels of 150–600 N/m; therefore, the stiffness level of both compared SLS
is never actually equal.
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2.1.3. Experiment 3: Perception of Boundary Shift
Six subjects participated in this experiment (three for positive shift, three for negative shift). The experiment was based on a forced choice paradigm, where in each
trial the subject was presented with two surfaces: one in which the stiffness was
varied across trials (K-surface) and the other in which the zero position (i.e., the
boundary location) of the surface varied across trials (D-surface). In the remainder
of the paper D-surface or D-stiffness will indicate either ‘displaced’ (i.e., shifted)
stiffness or ‘delayed’ stiffness according to the context, i.e., the experiment reported.
The two surfaces were represented by rectangles of different colors (red and
green). The two colors were, however, assigned randomly, so that each surface type
(K or D) was not uniquely associated with a color. Whenever the hand of the subject moved out of a surface by more than 10 cm, the objects switched between K
and D types, and the display changed color accordingly. Subjects could switch between the two surfaces as many times as they pleased until they felt ready to answer
the question: ‘Which surface is stiffer (green or red)?’. The answer was given by
the subject pressing one of two buttons on a custom-made hand-held device. No
feedback was provided after each trial.
During each one of the 500 trials presented to the subject, the K-surface took
one of the stiffness values drawn randomly from 150 to 600 N/m (in increments of
50 N/m). The stiffness of the D-surface was set to 375 N/m; therefore, the stiffness
of K and D was never equal. The D-surface was shifted towards and away from
the subject in random trials. The shift was implemented by changing the value of
X0 in (1). Values for X0 were drawn from a Gaussian distribution (µ = ±1.5 cm,
σ = 0.35 cm). Each subject encountered either a positive or a negative shift (the
sign of µ). The shift of the K-surface was set to X0 .
The experiment consisted of two blocks. The first was a reference block in which
no shift of the boundary took place and lasted for 100 trials. In the second block
(400 trials), on random trials spaced two to six trials apart, the boundary was shifted
toward or away from the subject (for each subject, the direction of shift was fixed
during the whole experiment). The response of the subject was recorded for each
trial.
2.2. Data Analysis: Psychometric and Motormetric Curves
2.2.1. Psychometric Curves
The psychometric curve quantifies the subject’s performance in a discrimination
task. The psychometric function relates the subject’s responses to an independent
variable, usually some physical measure of the stimulus [29, 30]. Once the psychometric curve is fitted one can derive a threshold value of stimulus intensity for some
desired performance level, using the inverse of the fitted psychometric function.
The general form of a psychometric function is:
ψ(x, α, β, γ , λ) = γ + (1 − γ − λ)F (x, α, β),

(2)
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where x is the stimulus intensity. The shape of the curve is determined by the
parameters [α, β, λ, γ ] and the choice of a two-parameter function F , typically
a sigmoid function. The 95% confidence intervals for estimated parameters are calculated using bootstrap [29, 30].
We derived the psychometric function by estimating the subject’s probability to
answer that the D-surface is stiffer than the K-surface as a function of the actual
difference K = KD − KK .
This probability was calculated from the subject’s answers according to:
N(K)

A[n]
P (K) = n=1
N(K)

1 D stiffer
A[n] =
0 K stiffer,

(3)
(4)

where A[n] is a binary representation of the subject’s answer and N(K) is the
total number of trials with the given difference K.
After fitting the psychometric curve we derived the 50% threshold value, the
point of subjective equality (PSE), corresponding to the difference between the surfaces that is perceived to be zero.
A positive PSE value means underestimation of the D-stiffness, while a negative
PSE value means overestimation of the D-stiffness (see Fig. 3).
2.2.2. Motormetric Curves
Similar to the psychometric curve, the motormetric curve relates the subject’s performance to an independent variable. However, whereas the psychometric curves
quantify verbal responses, the motormetric curves quantify motor responses.
We analyzed the difference between the estimated and actual stiffness by measuring the reaching errors (overshoot/undershoot) during catch trials. Therefore, the
motormetric curve is essentially the overshoot probability. The motormetric curve is
derived in a similar manner to the psychometric curve, but it describes the probability to overshoot in the catch trials as a function of the difference Ktrained − Kcatch .
The 50% threshold in this function denotes the point of motor response equality
(PMRE), in which the subject had equal probability to overshoot and to undershoot.
The overshoot probability was calculated as follows:
N(K)

O[n]
,
N(K)
n = all catch trials with stiffness difference K,

P (K) =

n=1

(5)

where N(K) is the total number of catch trials in which the stiffness difference
was K:

1 pc [n] > pt [n]
O[n] =
(6)
0 else,
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Figure 3. Possible psychometric curves for the expectation of an answer indicating that D is stiffer
than K as a function of the difference in stiffness between surface D and K. The gray dot-dashed line
demonstrates the performance of a ‘perfect subject’ who can accurately estimate whether surface D
is stiffer than K. The black solid line shows a typical subject, who would make some mistakes in the
transition region (marked as a gray rectangle). A shift in this graph to the left (right), as seen by the
dashed black line on the left (right), would suggest the subject perceives surface D as stiffer (softer)
than it really is.

is a binary representation of overshoot/undershoot, where pc [n] is the penetration
measured at catch trial n and pt [n] is the median of the penetrations measured at
the last three training trials preceding the nth catch trial.
Two penetration definitions were considered (Fig. 4):
• Absolute penetration pa [n]: the penetration from the fixed coordinates origin.
• Relative penetration pr [n]: the penetration from the force initiation point.
3. Biomechanical Model and Simulations
3.1. Model
In order to test the hypothesis that a simplified model can predict the same results
as the subject, we simulated the arm as a two-link model. In this formulation we use
mathematical models to formulate a hypothesis about how the central nervous system works. The human arm was modeled as a planar two-link manipulator, depicted
in Fig. 5. The modeling assumes the mass and therefore dynamic of the robotic manipulandum can be neglected in comparison to a human’s arm, and therefore the
simulation concerns only the arm.
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Figure 4. Absolute versus relative penetration. Absolute penetration pa [n]: the penetration from the
fixed coordinates origin. Relative penetration pr [n]: the penetration from the force initiation point.

Figure 5. Planar two-link model for a human hand: li and qi are the shoulder and forearm length and
angle, respectively, and (xi , yi ) are the Cartesian coordinates of the elbow and end-point.

Thus, the direct kinematics is:

    

  
x2
x1
l1 cos(q1 )
x1
l2 cos(q1 + q2 )
;
=
=
+
l1 sin(q1 )
l2 sin(q1 + q2 )
y1
y2
y1
 
 
 
ẋ1
q̇
ẋ2
= J1 1 = J1 q̇;
= J2 q̇,
ẏ1
q̇2
ẏ2

(7)
(8)
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where l1,2 are the upper arm and forearm lengths respectively, q1,2 are the shoulder
and elbow joints angles, respectively, and:


−l1 sin(q1 ) 0
(9)
J1 =
l1 cos(q1 ) 0


−l1 sin q1 − l2 sin(q1 + q2 ) −l2 sin(q1 + q2 )
J2 =
,
(10)
l2 cos(q1 + q2 )
l1 cos q1 + l2 cos(q1 + q2 )
are the elbow and end-point Jacobian matrices, respectively.
In generalized coordinates one can write the arm dynamics equations as:
H(q)q̈ + C(q, q̇)q̇ + G = Q(q, q̇, qd (t)),

(11)

where Q(q, q̇, qd (t)) are the joint torques generated by the controller as a function
of the joints angles and desired joints trajectories qd (t):

2 + m (l 2 + l 2 + 2l l cos(q ))
I1 + I2 + m1 lc1
2 1
1 c2
2
c2
H(q) =
2 + l l cos(q ))
I2 + m2 (lc2
1 c2
2

2
I2 + m2 (lc2 + l1 lc2 cos(q2 ))
,
(12)
2
I2 + m2 lc2
is the inertial matrix, where m1,2 , I1,2 and lc1,2 are the upper arm and forearm mass,
inertia and center of mass, respectively,


−m2 l1 lc2 sin(q2 )q̇2 −m2 l1 lc2 sin(q2 )(q̇1 + q̇2 )
C(q, q̇) =
,
(13)
m2 l1 lc2 sin(q2 )q̇2
0
is the Coriolis and centripetal coefficients matrix and G is the gravitation forces
which are zero in our planar horizontal simplified model. In the description of the
controller, we represent the desired motions as explicit functions of time — analogous to forcing functions — whereas we assume that state variables, actual or
sensed, depend implicitly upon time. In other words the dependence of state variables upon time becomes explicit only when the dynamics equation (11) is solved
for a particular trajectory.
The controller combines a feedforward (inverse model) and feedback (proportional derivative (PD)) component, representing the central neural command and
the combined muscle and reflex impedance, respectively:
Q(q, q̇, qd (t)) = H(q)q̈d (t) + C(q, q̇)q̇
− Kp (q − qd (t)) − KD (q̇ − q̇d (t)),

(14)

where KP and KD are proportional and derivative gains of the PD feedback controller, respectively, and we assume a perfect feedforward control model of inertial,
Coriolis and centripetal forces (see Ref. [3] for detailed derivation). Note that the
feedforward terms in this simulation assume a perfect model of the dynamic parameters H and C, based on the actual or sensed state variables. Alternative and
more realistic models may postulate a dependence of H and C upon the desired
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states, and may include errors in the form of the inertial components and/or internal
feedback delays.
After substituting (14) into (11) and defining an error term:
e(t) = q(t) − qd (t)

(15)

one obtains the following second-order error equation:
H(q)ë + KD ė + KP e = 0,

(16)

and for positive gains the actual trajectory q(t) converges to the desired trajectory qd (t).
To simulate the interaction with a SLS we added an external force at the endpoint of the arm, i.e., to the left side of (11):
H(q)q̈ + C(q, q̇)q̇ + E(q|K, X0 ) = Q(q, q̇, qd (t)),
where according to (1) the SLS was implemented as:

JT (q)K(α(q) − X0 ) α(q) − X0 > 0
E(q|K, X0 ) = 2
0
α(q) − X0  0,

(17)

(18)

and α(q) = x2 derived from the forward kinematics (7).
We assume perfect adaptation after each training phase, thus the controller includes a perfect internal representation of the disturbing force and we replace (14)
with:
Q(q, q̇, qd (t)) = H(q)q̈d (t) + C(q, q̇)q̇ + E(q|K, X0 )
− Kp (q − qd (t)) − KD (q̇ − q̇d (t)).

(19)

Then, when the disturbing force is unexpectedly removed or the SLS’s stiffness
(K) is changed, an after effect will be observed due to the mismatch between the
internal model and the actual external forces.
3.2. Simulations
3.2.1. Simulated Scenarios
With the arm model described above we simulated slicing movements into a SLS.
We constructed the desired hand trajectory by concatenating two fifth-order polynomial representing two reaching movements to and from the target as derived by
minimizing the jerk [40]:

  5
 4
 3 
2t
2t
2t



+
(x
−
x
)
−6
+
15
−
10
x
s
s
t


τ
τ
τ


τ



0<t <


2
(20)
xd (t) = xt + (xt − xs )

5
4
3 
 




2t
2t
2t


− 1 + 15
− 1 − 10
−1
× −6



τ
τ
τ



 τ < t < τ,
2
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Table 2.
Arm model parameters (based on the literature [31, 32, 39])
Parameter

Shoulder

Forearm

Length (m)
Mass (kg)
Proportional gain (N/rad)
Derivative gain (Ns/rad)

l1 = 0.33
m1 = 2.52
KP1 = 20
KD1 = 0.8

l2 = 0.32
m2 = 1.3
KP2 = 20
KD2 = 0.8

where τ is the movement duration, and xs and xt are the start and target points,
respectively.
We simulated the movement in catch trials following three different training conditions.
(i) Non-delayed SLS.
(ii) Delayed SLS (50 ms).
(iii) Boundary-shifted SLS (2 cm).
In all these conditions the surface stiffness during the training was K = 375 N/m.
We assumed perfect learning and used an internal model equal to the trained surface
in the simulations.
We simulated 10 catch trials in each condition using the experimental stiffness
levels. In all these conditions the catch trials consisted of non-delayed non-shifted
SLS.
The model parameters are summarized in Table 2. The center of mass and inertia
parameters were calculated under the assumption of cylindrical links according to:
I=

ml 2
,
12

l
lc = .
2

(21)

3.2.2. Motormetric Curve Derivation
The motormetric curves are defined (Section 2.2.2) to address the stochastic nature
of natural behavior. Since the arm model is deterministic the simulation results in
each condition are either overshoot or undershoot. In order to derive predictions
of motormetric curves based on the model one should add the sources of the natural noise to the simulation. Our simulation generates the exact distance from the
target and not only a binary result of overshoot or undershoots. Therefore, we assume a monotonic relation between the amount of overshoot and the probability to
overshoot in order to derive the motormetric curve.
The observed standard deviation of the error around the target in a typical subject
was 1 cm, therefore neglecting the probability beyond 2 standard deviations we
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used the following relation between overshoot probability (Pos ) and the simulated
overshot in meters (os):
1
os > 0.01
(22)
Pos = 50(os + 0.01) −0.01  os  0.01
0
os < −0.01.
We simulated the overshoot probability for 10 levels of stiffness and fitted the motormetric curve as described for the psychometric curve (Section 2.2.1).
Following the arm dynamic model (16) we derived p(Ktrained ), the penetration
(Section 2.2.2) in well-trained cases by solving the following dynamic equation:
D(q, q̇, q̈) + ED (q|Ktrained ) = Q(q, q̇, qd (t)) + ED (q|Ktrained ),

(23)

where D(q, q̇, q̈) is the arm dynamics, ED (q|Ktrained ) is the SLS (boundaryshifted/delayed) perfectly represented by the controller and Q(q, q̇, qd (t)) is the
control signal that corresponds to the control law specified at (14).
Then, for each catch trial with stiffness level Kcatch we obtain p(Kcatch ) by solving the following dynamic equation:
D(q, q̇, q̈) + E(q|Kcatch ) = Q(q, q̇, qd (t)) + ED (q|Ktrained )

(24)

i.e., we evaluate the change in state q due to altering from training SLS (ED (q|
Ktrained )) to the test SLS (E(q|Kcatch )).
The PMRE is defined as
PMRE = Ktrained − Kcatch

s.t., p(Kcatch ) = p(Ktrained ).

(25)

Since the absolute penetration equals the relative penetration in catch trials (as catch
trials are neither delayed nor shifted), but differ in the training trials, the PMRE
depends on the penetration coordinates (pa or pr as described in Section 2).
3.2.3. Simulated Results
In Fig. 6, we present the simulated motormetric curves of task versus baseline conditions, where the baseline is the first condition of the non-delayed non-shifted
surface and the task is either the second condition (delayed surface) or the third
condition (shifted surface).
First, we note that the amount of overshoot/undershoot at catch trials of the baseline condition is a monotonic function of the difference between the expected and
the perturbing stiffness levels and the confidence interval around the PMRE includes the origin (Fig. 6, solid lines in all four planes). The simulation predicts
positive PMRE for absolute penetration and negative PMRE for relative penetration in both conditions, i.e., for the D-surfaces.
4. Behavioral Results
4.1. Motormetric Curves of Delayed Stiffness and Boundary Shift
Figure 7 shows the measured motormetric curves for one of the subject. The PMRE
for all subjects is depicted in Fig. 8.
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Figure 6. Simulated motormetric curves. The dots are the derived probability values based on the overshoot; the curve is the fitted motormetric curve and the horizontal lines indicating the 95% intervals for
the fitted curve. The baseline condition of non-delayed non-shifted stiffness (solid) is depicted along
with the delayed surface (A and B, dotted) or along with the shifted surface (C and D, dotted). Note
that for both conditions (delayed and shifted surfaces) the simulated PMRE is positive for absolute
penetration (A and C) and negative for relative penetration (B and D).

First, we note as predicted by the simulations that the amount of overshoot/undershoot at catch trials of the baseline condition is a monotonic function of the difference between the expected and the perturbing stiffness levels and the PMRE is close
to zero (Fig. 7, solid lines in all four planes; Fig. 8, white bars).
As predicted by the simulations, the PMRE is positive for absolute penetration
and negative for relative penetration in both experiments (Fig. 7, dotted line; Fig. 8
gray bars).
Figure 9 describes qualitatively the main result, where the dashed arrow represents the catch trial movement and the solid arrow represents the preceding trial.
One can see that while the absolute penetration (the arrow head positions) undershoots the target, the relative penetration (dashed arrow) is longer for catch trials,
showing relative overshoot. These results were completely predicted by the simulation described in the previous section. However, although the explicit representation
of delay predicts the experimental results, so does the boundary-shift representation
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Figure 7. An example of a typical subject’s motormetric curves from (A and B) delayed surface
experiment and (C and D) boundary-shift experiment. The motormetric curves were derived using
(A and C) absolute penetration and (B and D) relative penetration. The dots are the derived probability
based on the measured overshoot; the curve is the fitted motormetric curve and the horizontal lines
indicating the 95% intervals for the curve fitting.

and so would a representation of the delayed surface as a non-delayed surface with
overestimated stiffness level.
4.2. Psychometric Curves of Boundary Shift
In Fig. 10, we present the psychometric curves for two typical subjects, one experienced boundary-shifted away (left) and the second experienced boundary-shifted
towards him/her (right).
One can see that the shifted SLS is underestimated (positive PSE value) when
shifted away from the subjects and overestimated (negative PSE value) when shifted
towards the subject, in both cases the further surface is underestimated (Figs 10
and 11).
5. Discussion
We have reported some recent results obtained by applying a robotic paradigm to
the study of haptic perception. In this study, the robotic device was used to simulate
an altered virtual environment in which the delays between experienced forces and
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Figure 8. PMRE derived from motormetric curves fitted to all subjects’ responses. (A and B) Delayed
surface experiment (n = 6). (C and D) Boundary-shift experiment (n = 4). The bars show the fitted
curve PMRE and the wings are the 95% confidence intervals for the fitted curve at the point of 50%.

Figure 9. Schematic diagram of penetration in both experiments (boundary-shift and delayed stiffness
for which the illustrated boundary represents the force encountering point). The dashed arrow represents the catch trial movement; the solid arrow represents preceding trial movement. The position of
the arrow head represents the absolute penetration and its length represents the relative penetration.
Note that the dashed arrow is longer than the solid arrow, indicating relative overshoot; however, the
position of the dashed arrow head falls short of the solid arrow head, indicating absolute undershoot.
This illustrates the simulation, as well as the measured results in both experiments, indicating absolute
undershoot and relative overshoot.

displacements are manipulated together with the location of virtual surface boundaries. This allowed us to explore the perception of delayed, as well as shifted SLS
by the human sensory-motor system. An arm model was simulated and motormetric curves were derived based on the overshoot of the simulated arm as well as the
actual performance of the subjects. The simulated motor metric curves predicted
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Figure 10. An example of psychometric curves for a typical subject. (A) SLS boundary-shifted away
from the subject. The psychometric curve is shifted to the right, resulting in a positive PSE value,
consistent with underestimation of the surface stiffness when the boundary is shifted away from the
subject. (B) SLS boundary-shifted toward the subject. The psychometric curve is shifted to the left,
resulting in a negative PSE value, consistent with overestimation of the surface stiffness when the
boundary is shifted towards the subject. The dots are the ratios with which the subject answered that
D is stiffer than K, the curve is the fitted psychometric curve, and the horizontal lines indicate the 95%
intervals for the fitted curve.

Figure 11. PSE derived from psychometric curves fitted to all subjects’ responses. (A) SLS boundary-shifted away from the subject (n = 3), resulting in positive PSE values, i.e., underestimation of the
shifted surface stiffness. (B) SLS boundary-shifted towards the subject (n = 3), resulting in negative
PSE values, i.e., overestimation of the shifted surface stiffness. The bars show the fitted curve PSE
and the wings are the 95% confidence intervals for the curve fit.

overestimation of the delayed stiffness as well as overestimation of the stiffness of
the shifted surface. These predictions were clearly confirmed by the motormetric
curves derived from the subjects’ motor behavior. The psychometric curves based
on the verbal response of subjects indicated overestimation of delayed stiffness
(previous study), but underestimation of the stiffness in the case of shifted boundary.
The mismatch between the expected stiffness as measured by the motor behavior
and the reported stiffness may indicate two parallel processes.
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It was recently observed that reaching and grasping may be insensitive to illusions that dramatically influence the visual perception, suggesting that visual
perception is mediated by neural processes that are functionally and anatomically
distinct from those mediating the visual control of action [33–36].
This is not necessarily the case for our results, as there are a few assumptions that
need to be tested before one can reach conclusive result as to the underlying brain
mechanism. There were a few differences between the conditions of the adaptation
experiment and those of the forced choice experiments, and it is also possible that
the overshoot is not the proper measure to test the stiffness expectation.
Movement is the main output of the brain and therefore observing movement in
a rich environment is a valuable tool to study the nervous system. Accurate haptic
rendering by robotic devices is an essential tool to answer these open questions and
unravel the neural mechanisms by which our brain forms effective representations
of the environment in which we operate.
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