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Abstract—In the Turing test a computer model is deemed to “think intelligently” if it can generate answers that are indistinguishable

from those of a human. We developed an analogous Turing-like handshake test to determine if a machine can produce similarly

indistinguishable movements. The test is administered through a telerobotic system in which an interrogator holds a robotic stylus and

interacts with another party—artificial or human with varying levels of noise. The interrogator is asked which party seems to be more

human. Here, we compare the human-likeness levels of three different models for handshake: 1) Tit-for-Tat model, 2) � model, and

3) Machine Learning model. The Tit-for-Tat and the Machine Learning models generated handshakes that were perceived as the most

human-like among the three models that were tested. Combining the best aspects of each of the three models into a single robotic

handshake algorithm might allow us to advance our understanding of the way the nervous system controls sensorimotor interactions

and further improve the human-likeness of robotic handshakes.

Index Terms—Handshake, sensorimotor control, psychophysics, teleoperation, turing test.
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1 INTRODUCTION

MACHINES are being used increasingly to replace hu-
mans in various tasks such as preparing food,

communicating, and remembering. Personal assistive ro-
bots are a promising mean to deal with the large increase in
the ratio of retirees to workers in most industrialized
societies. Semi or fully automatically controlled robots may
be used as coworkers with humans to perform dangerous
and monotonous jobs, such as lifting heavy objects on a
production line. From a medical point of view, personal
assistive robots can be most useful with helping motorically
impaired patients in performing various tasks such as
encouraging a stroke patient to do rehabilitation, helping a

Parkinson patient to pick up a cup of coffee, etc. When such
robots interact physically with humans, they will need to be
capable of human-like nonverbal communication such as
the natural tendency of cooperating humans to synchronize
their movements.

From a sensorimotor perspective, handshake is one of
the simplest and most common sensorimotor interactions. It
is characterized by the synchronization of the participants’
hand motions, which must necessarily be in phase. From a
cognitive standpoint, the handshake is considered to be a
very complex process. Humans use their observations
during handshake to make judgments about the personality
of new acquaintances [1], [2]. Thus, by its bidirectional
nature, in which both sides actively shake hands, this
collaborative sensorimotor behavior allows the two partici-
pants to communicate and learn about each other.

Around 1950, Turing proposed his eponymous test for
evaluating the intelligence of a machine, in which a human
interrogator is asked to distinguish between answers
provided by a person and answers provided by a computer.
If the interrogator cannot reliably distinguish the machine
from the human, then the machine is said to have passed the
test [3]. Here, we present a Turing-like handshake test for
sensorimotor intelligence. We expect this test to help in the
design and construction of mechatronic hardware and
control algorithms that will enable generating handshake
movements indistinguishable from those of a human. We
define the term “sensorimotor intelligence” as the sensor-
imotor version of the “artificial intelligence” that Turing
aimed to explore in his test. In the original concept for this
test, the interrogator generates handshake movements
through a telerobotic interface and interacts either with
another human, a machine, or a linear combination of the two
(Fig. 1) [4], [5], [6], [7], [8]. We aimed to design the experiment
such that the interrogator’s judgments were based only on the
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sensorimotor interaction with the telerobotic interface
(a Phantom Desktop haptic device from Sensable Technolo-
gies in the current study) and not on additional cues. In this
context, the telerobotic interface is necessary for controlling
the nature of the information available to the human
interrogator, much as the teletype was necessary for hiding
the physical computer from the questioning human in the
original Turing test.

Obviously, an ultimate Turing-like test for sensorimotor
intelligence involves an enormous repertoire of movements.
We used a reduced version of the test that is based on a
1D handshake test proposed and developed in previous
studies [4], [5], [6], [7], [8]. We used the same quantitative
measure for human-likeness of a handshake model, the
Model Human-Likeness Grade (MHLG). This grade quan-
tifies the human-likeness on a scale between 0 and 1 based
on the answers of the human interrogator, who compares
the artificial handshake to the human handshake degraded
with varying amounts of noise [5], [7].

Although there is a growing interest in improving
human-likeness of mechatronic systems [9], [10], [11], [12],
[13], [14], [15], [16], [17], [18], [19], [20], the development of
artificial handshake systems is still in its infancy [21], [22],
[23], [24], [25], [26], [27], [28]. Research on human sensor-
imotor control has generated many theories about the
nature of hand movements [29], [30], [31], [32], [33], [34],
[35], [36], [37], [38], [39], [40], [41], [42]. The proposed
Turing-like handshake test can be useful for testing those
theories. In general terms, we assert that a true under-
standing of the sensorimotor control system could be
demonstrated by building a humanoid robot that is
indistinguishable from a human in terms of its movements
and interaction forces. A measure of how close such robots
are to this goal should be useful in evaluating current
scientific hypotheses and guiding future neuroscience
research. Here, we present the results of a Turing-like
handshake test minitournament, in which we compared
three selected different models for handshake: 1) the tit-for-
tat model, according to which we identified active-passive

roles in the interaction and generated handshakes by
imitating the interrogator’s previous movements; 2) the �
model, which takes into account physiological and biome-
chanical aspects of handshake; and 3) the iML-Shake model,
which uses a machine learning approach to reconstruct a
handshake. Each of these models is based on a different
aspect of human sensorimotor control. Therefore, we did
not have an a priori hypothesis as to which of the models
would be more human-like, and the study was exploratory
in its nature. In the discussion section, we highlight the
similarities and differences of the models.

2 THE TURING-LIKE HANDSHAKE TEST

Following the original concept of the classical Turing test,
each experiment consisted of three entities: human,
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Fig. 1. Illustration of the handshake test. The human interrogator (right)
was presented with simulated handshakes (a), natural handshakes (b),
or a linear combination of human handshake and noise (c). After two
interactions the interrogator had to choose which of the handshakes was
more human-like.

Fig. 2. The Turing-like handshake test for sensorimotor intelligence was
administered through a telerobotic interface. (a) The human and the
interrogator held the stylus of a haptic device. Position information was
transmitted between the two devices and forces were applied on each of
the devices according to the particular handshake (modified with
permission from [5]). (b) Block diagram of the experimental system
architecture. The different models and the noise were substituted in the
“computer” block. The human received a force proportional, by the factor
Kt, to the difference between the positions of the interroga-
tor—xinterðtÞ—and the human—xhumanðtÞ. Gh > and Gc are the gains
of the human and the computer force functions, respectively, that control
the force applied to the interrogator. When an interrogator interacted with
a handshake model, as far as the interrogator was concerned, the block
diagram was reduced to the part that is encapsulated by the dashed
frame by settingGh ¼ 0 and Gc ¼ 1. (c) Closeup view of the hand-device
interface.



computer, and interrogator. These three entities were
interconnected via two Phantom Desktop haptic devices
and a teleoperation channel (see Fig. 2). Two human
performers participated in each experiment: human and
interrogator. Throughout the test, each of the participants
held the stylus of one haptic device and generated
handshake movements. The participants’ vision of each
other’s hand was occluded by a screen (Fig. 2a).

The computer employed a simulated handshake model
that generated a force signal as a function of time, the 1D
position of the interrogator’s haptic device, and its temporal
evolution. This force was applied on the haptic device that
the interrogator held. In the remainder of the paper, we use
the following notation for forces: Fa is the force applied by

or according to element a, and fa is the force applied on

element a. Hence, the force applied by the model, in the
most general notation, was

FmodelðtÞ ¼ �½xinterðtÞ; t� 0 < t � Th; ð1Þ

where �½xinterðtÞ; t� stands for any causal operator, Th is the
duration of the handshake and xinterðtÞ are the positions of
the interrogator’s haptic device up to time t.

In each trial, both haptic devices applied forces on the
human and the interrogator, according to the general
architecture that is depicted in Fig. 2b. The human was
presented with a teleoperated handshake of the interroga-
tor. In our implementation, it was a force proportional to
the difference between the positions of the interrogator and
of the human. The interrogator was presented with two
consecutive handshakes. In one of the handshakes—the
standard—the interrogator interacted with a computer
handshake model (Fig. 1a), namely

finterðtÞ ¼ FmodelðtÞ: ð2Þ

The other handshake—the comparison—is a handshake
that is generated from a linear combination of the human
handshake and noise (Fig. 1c) according to

finterðtÞ ¼ � � FnoiseðtÞ þ ð1� �Þ � FhumanðtÞ; ð3Þ

where FhumanðtÞ is, ideally, the force applied by the human,
and in our implementation, a force calculated based on the
difference between the positions of the human and the
interrogator; FnoiseðtÞ is a signal that was intended to distort
the human-likeness of the human handshake; � was one of
nr equally distributed values in the range between 0 and 1,
e.g., {0, 0.2, 0.4, 0.6, 0.8, 1}. According to (3), when � was set
to 0, the force applied on the interrogator was generated
fully by the human; when it was set to 1, the interrogator
felt a force that was generated solely according to FnoiseðtÞ.
FnoiseðtÞ was chosen such that when presented alone, it was
perceived to be as little human-like as possible. This
allowed effective comparison of a simulated handshake
with a human handshake corrupted by different levels of
noise. The idea is that if more noise is required to degrade
the human handshake such that it becomes indistinguish-
able from the model, then the model is less human-like.
Such an approach was suggested in the context of assessing
virtual environments according to the amount of noise
required to degrade the real and virtual stimulation until
the perceived environments become indistinguishable [43],

[44]. In the current study, we chose the noise as a mixture of
sine functions with frequencies above the natural band-
width of the human handshake [4], [5], [45] and within the
bandwidth of physiological motor noise, but the general
framework is flexible, and any other function can be used
instead, as long as it is not human-like.

Each trial of the Turing-like test consisted of two
handshakes, and the interrogator was asked to compare
between the handshakes and answer which one felt more
human-like.

3 THE THREE MODELS FOR HANDSHAKE

In this section, we describe each of the models for human
handshake examined in the current study. We will start by
describing the physical interaction of the interrogator with
the haptic device when he/she is introduced to a model, as
in (2). In this case, as far as the interrogator is concerned, the
block diagram in Fig. 2b is reduced to the part that is
encapsulated by the dashed frame by setting Gh ¼ 0 and
Gc ¼ 1.

A similar architecture of interaction with a haptic device
was used in numerous classical studies in the field of
sensorimotor control [32], [34], [35], [38], [39], [40], [41], [42],
[46]. Typically in these studies, an external perturbation is
applied to the hand using a haptic device, and then, a
computational model of the movement is constructed and
can be tested in a simulation. In such simulation, the
computational model replaces the hand and results in
movement trajectories that are similar to the experimental
trajectories. Generally, this yields differential equations in
the form of [34]

Dðx; _x; €xÞ þEðx; _x; €xÞ ¼ Cðx; _x; tÞ; ð4Þ

where Dðx; _x; €xÞ represents the passive system dynamics
(hand and haptic device), Eðx; _x; €xÞ represents the environ-
ment dynamics—the active forces applied by the haptic
device, and Cðx; _x; tÞ represents the forces that depend on
the operation of the controller and are actively applied
by the muscles. This equation is solved numerically and
yields the simulated trajectories.

In our implementation, an equation similar to (4) can
be written, but the interrogator hand and the haptic device
switch roles. The dynamic equation that describes the
system is

Dðx; _x; €xÞ þ FinterðtÞ ¼ FmodelðtÞ; ð5Þ

where Dðx; _x; €xÞ is the passive system dynamics (inter-
rogator hand and haptic device), FinterðtÞ is the force applied
by the interrogator and FmodelðtÞ is the force that models the
forces that would be applied by the human hand in a
human handshake, and is actually applied by the haptic
device. Note, that FinterðtÞ replaces Eðx; _x; €xÞ from (4), and
FmodelðtÞ replaces Cðx; _x; tÞ from (4). More importantly,
while (4) represents a computational model, (5) describes a
physical interaction, and its only computed part is FmodelðtÞ.

3.1 Tit-for-Tat Model

In the early 80s, Axelrod and Hamilton examined different
strategies for optimizing success in the Prisoner’s Dilemma
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game [47]. The proposed strategies were competed against
each other in a tournament that revealed that the best
strategy is when the players imitate each other’s actions
from the previous iteration. The following algorithm
employs a similar strategy, and thus, it has been given the
same name “Tit-for-Tat.”

This model is based on the assumption that during a
single handshake, the behavior of each participant can be
characterized as one of two possible roles—a leader or a
follower—and that the decision on which role to take
requires a perception of the other party’s choice [15]. In
addition, we assume that this approximation does not
change during a single handshake.

When designing this model, we considered the cyclic
property of the handshake movement. A cycle of a
movement was defined by the zero-crossing point in the
vertical axis. This zero point is set for every handshake as
the starting position of the interrogator’s device at the
moment the handshake began. Initially, the tit-for-tat
algorithm waited for 750 ms to see if the interrogator would
initiate the handshake as a leader. If the interrogator made a
displacement of 30 mm or more, the tit-for-tat algorithm
acted as a follower, and imitated the handshake of the
leader. During the first cycle of a movement (up until the
second zero position crossing point in the position trace),
TFirstCycle, no forces were applied to the handle by the
algorithm. The acceleration of the interrogator was recorded
for the first movement cycle of the current handshake, ahðtÞ.
For all subsequent cycles, the algorithm generated forces
that would be required to produce the same trajectory in the
unloaded Phantom handle. These forces were determined
by the recorded acceleration during the first cycle of the
handshake, ahðtÞ, multiplied by a constant k. We set the
value of k so that the generated force would produce a
movement with similar position amplitude generated by
interrogators when performing handshake movements
through the telerobotic system. The forces started to be
activated at the moment the hand was at the same position
as it was at time 0.

If xinterðtÞ � xinterð0Þj j > 30 mm for at least one tijti <750 ms:

Fmodel-followerðtÞ ¼
0 0 < t � TFirstCycle;
k � ahðtÞ TFirstCycle < t � Th;

�

ð6Þ

where ahðtÞ ¼ €xinterðtmod TFirstCycleÞ, and “mod” stands for
the modulo operation (the remainder of division). If the
interrogator did not initiate a movement larger than 30 mm
within the first 750 ms of the handshake, the model took
over the leader rule. In this case, the forces were determined
by the recorded acceleration during the first cycle of the last
handshake in which this model was presented, ah�1ðtÞ,
multiplied by the constant k.

If xinterðtÞ � xinterð0Þj j < 30 mm for all tijti < 750 ms:

Fmodel-leaderðtÞ ¼
0 0 < t � 750 ms

k � ah�1ðtÞ 750 ms < t � Th;

� ð7Þ

where ah�1ðtÞ ¼ €x�interðtmod T �FirstCycleÞ; “*” stands for pre-
vious trial.

In the beginning of the experiment, we familiarized the
interrogator with trials containing examples of all the
possible handshakes that he/she was expected to meet
during the experiment. The answers of the interrogator from
these trials were not analyzed (see Section 4). In these trials,
we asked the interrogators to be active in the handshake;
thus, we were able to collect data for a template for the tit-for-
tat algorithm in case it needed to act as the leader in the first
test with the interrogator. This also creates a difference
between the data use of the algorithms. The tit-for-tat model
used data from previous interactions in the same performer-
interrogator pairing, while the other models did not.

3.2 � Model

The idea of threshold control in the motor system, and
specifically for hand movements, was proposed in the sixties
by Feldman [48]. According to this hypothesis, for every
intentional movement, there is a virtual position of the arm
that precedes its actual position so that forces emerge in the
muscles depending on the differences between the two
positions and velocities. This virtual position is named “a
threshold position” [49]. We designed the �model for human
handshake by assuming that during a handshake the hand
follows an alternating threshold position. The smooth move-
ments of the handshake emerge from taking into account the
physiology and biomechanics of muscle activation.

A movement of a limb involves activations of two groups
of muscles: flexor and extensor. For a movement around the
elbow axis, when the elbow angle (�) increases, the flexor
group of muscles is defined here as the ones that lengthen,
and the extensor group are the ones that shorten. For
simplicity, we assume that the movement is around a single
joint (elbow), and that the two muscle groups, flexor, and
extensor, are symmetric.

According to the model, muscle forces and joint torques
emerge as a result of two types of motor commands. One
command,R, specifies the desired angle position of the joint,
in which the flexor and extensor muscle groups may both be
silent. The second command, C, determines the positional
range (2C) in which the two muscle groups are coactivated.
These commands define an individual muscle threshold (�)
for each muscle group

�f ¼ R� C; ð8Þ

�e ¼ Rþ C: ð9Þ

Here, and in all the equations below, the subscripts f and e
indicate that the associated variable is related to the flexor
and the extensor muscle groups, respectively. This model
takes into account that under dynamic conditions the
threshold muscle length (��) is a decreasing function of
velocity due to the dynamic sensitivity of afferent feedback
to the motor neurons [50]

�� ¼ �� � � !; ð10Þ

where ! is the angular velocity and � is a constant with the
value 80 ms [49]. The only difference between the dynamic
threshold between the flexor and extensor muscle groups is
expressed by the individual muscle threshold (�) differ-
ences as described in (8) and (9).
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The magnitude of muscle activation (A) at time t
depends on the current joint angle (�) and its distance from
the desired position at the same moment (the dynamic
threshold ��), as presented in (11) and (12)

Af ¼ ½�� ��f �
þ; ð11Þ

Ae ¼ ½��e � ��
þ: ð12Þ

Following the passive properties of the muscle (elasticity
and damping), the total force developed by the muscles (M)
depends on the current joint angle and the threshold
position at the same moment. The following equations
define these invariant torque-angle characteristics [48]

MfðAfÞ ¼ �a � ðe��Af � 1Þ; ð13Þ

MeðAeÞ ¼ a � ðe��Ae � 1Þ; ð14Þ

where a ¼ 1:2 Nm and � ¼ 0:05 deg�1 [49] are constants
that determine the magnitude and shape of the joint
invariant torque-angle characteristics profile, respectively
[51]. The opposite signs between the expressions in (13) and
(14) reflect the opposing torque directions generated by the
flexor and extensor muscle groups.

In addition to its dependency on length, the muscle
torque is affected by the changing velocity of the muscle
fibers, as denoted by (15). In this equation, the torque, Tf , is
presented for the flexor muscles group; thus, positive
velocity of the joint is related to muscle lengthening, and
vice versa. A similar formula can be written for the extensor
muscle torque, Te, by taking into account that this group of
muscles shortens when the velocity of the joint is positive.

The torque generated by the flexor muscle is

Tf ¼

0; ! � �Vm

Mfð1þ !
Vm
Þ

1� !
b

; �Vm � ! < 0; b0 ¼ 0:3 � b � Vm
b� Vm

Mfð1� 1:3!
b0 Þ

1� !
b0

; ! > 0;

8>>>>>>>><
>>>>>>>>:

ð15Þ

This equation is formulated based on previous studies
that analyzed the velocity-dependent force generation of
muscle. When the muscle contracts, torque is generated
according to the relation proposed in Hill’s model [52].
While stretching, the muscle torque rises with increasing
velocity until it saturates at a value exceeding the muscle
static torque value by a factor of 1:1� 1:5 [53].

All the values of the constant parameters in the model
were set to match experimental movements: Mf ¼ 1:3,
b ¼ 80 deg =s, and Vm ¼ 200 deg =s. The R and C com-
mands were ramp shaped, with a ramp velocity of v ¼
100 deg =s and v ¼ 10 deg =s, respectively. For the purpose
of implementing the model with the Phantom haptic
device, we transformed all the relevant outputs of the
model from units of degrees (in elbow joint coordinates)
to meters (hand end-point coordinates). To perform this
transformation, we calculated the average forearm length
and its standard deviation (315:8� 27:8 mm) of 52 young
adults (ages 18-36). Therefore, assuming small angular

movements, we set �x½mm� ¼ 300½mm=rad� ���½rad�
where �x is the hand end-point displacement and �� is
the joint angle displacement.

To determine the plateau boundaries value of the R

command (Fig. 3) which sets the desired angle trajectory
during the 5 s lasting handshake, we measured the end-
point positional amplitudes (the absolute difference be-
tween sequential maxima and minima in the position
trace) of subjects while they generated handshake move-
ments through the telerobotic system. We found an
average end-point positional amplitude of 100� 30 mm
[4]. Thus, we used angular positional amplitude of 20 deg .

We assumed that when the interrogators hold the
Phantom device, their initial elbow angle is R0 ¼ 90 deg .
Thus, we set the minimum and maximum values of R to be
Rup ¼ 80 deg and Rdown ¼ 100 deg , respectively. From its
initial position, the value of R decreased first to the desired
position Rup so that the movement direction in the
beginning of the handshake would be upward [54]. Each
switch of the R command from one plateau state to another
(up down or down up) occurred when the elbow angle of
the interrogator approached the value of the relevant
extremum value of R (Rup when � decreased and Rdown

when � increased) by 10 percent.
The forces applied by the Phantom device on the

interrogator were generated according to the online
computed torque

Fmodel ¼ c � ðTf þ TeÞ; ð16Þ

where c is a unit conversion constant from muscle torques
to simulated handshake forces.

In terms of data use, the �model, unlike the other models,
uses only instantaneous position of the interrogator to
calculate the forces in (16). However, some information about
general human movements and handshakes was incorpo-
rated when the specific parameters values were chosen.

3.3 iML-Shake Model

The iML-Shake model is a simple implementation of
machine learning. The underlying idea is that human
behavior can be seen as an input-output function: subjects
observe positions and produce forces. If enough data from
human subjects were available, such machine learning
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Fig. 3. An example of one handshake of the interrogator with the
threshold control model. position (solid black line) following activation of
the cooperative commands R (dashed-dotted red lines) and C (solid
blue line). The figure presents the commands after transformation from
degrees to meters, with the R command amplitude value of � 5 cm
(10 degree), and the C command value of �1 cm (2 degree).



systems should be able to approximate any possible
handshake behavior humans could ever produce. Here,
we present a simple linear version of this machine learning
strategy.

In the iML-Shake, the output force was a linear combina-
tion of time t and each of the state variables (position xinterðtÞ,
estimated velocity vðtÞ and estimated acceleration aðtÞ)
convolved with a set of 4 truncated Gaussian temporal basis
functions (Fig. 4a) [55]. Velocity and acceleration were
estimated from the interrogator’s position as

vðtÞ ¼ xinterðtÞ � xinterðt��tÞ
�t

; ð17Þ

aðtÞ ¼ vðtÞ � vðt��tÞ
�t

: ð18Þ

The 14 parameters—corresponding to baseline, time, and
12 covariates that result from the convolution of the state
variables with the temporal filters—were fitted using linear
regression to 60 trials of training data from one training
subject, collected before the experiments started. No
additional data were used to adapt the regression while
the test was performed. We then calculated FmodelðtÞ as a
linear function of the covariates with added independent
and normally distributed noise

FmodelðtÞ ¼ �ðtÞ � � þ "ðtÞ; "ðtÞ � Nð0; �2Þ; ð19Þ

where � is the column vector of parameters and �ðtÞ is a
14D row vector that contains the values of the covariates at
time t. The training data were interpolated to match a
sampling rate of 60 Hz and we used cross validation to
control for overfitting.

In terms of data usage, the iML-Shake model used the
position of the interrogator within the specific handshake,
as well as past experience. However, unlike in the tit-for-tat
model, the past experience was collected before the
experiments started. Hence, no specific human interrogator
pairing information was used.

4 METHODS

4.1 Experimental Procedure, Apparatus, and
Architecture

Twenty adults (ages 23-30) participated in the experiment
after signing the informed consent form as stipulated by the

Institutional Helsinki Committee, Beer-Sheva, Israel. In each
experiment, two naı̈ve performers—human and interroga-
tor—controlled the stylus of a Phantom (R) Desktop haptic
device (SensAble Technologies) and generated handshake
movements, as depicted in Fig. 2. During the handshake the
participants’ vision of each other’s hand was occluded by a
screen that was placed between them (Fig. 2a). The duration
of each handshake was 5 s (Th in (1)). Throughout the entire
experiment, the interrogator was asked to follow the
instructions presented on a screen that both the interrogator
and the human subject where able to see (Fig. 2a). The
interrogator initiated the handshake by pressing a specific
key on the keyboard. When the key was pressed the word
“HANDSHAKE” appeared on the screen. This way, the
interrogator signaled the initiation of a handshake to the
human. Throughout the experiment, the interrogator was
requested to answer which of the two handshakes within a
single trial felt more human-like by pressing the appropriate
key on the keyboard. Both haptic devices were connected to a
Dell Precision 450 computer with dual CPU Intel Xeon 2.4
GHz processor. The position of the interrogator, xinterðtÞ, and
of the human, xhumanðtÞ, along the vertical direction were
recorded at a sampling rate of 1;000 Hz. These position
signals were used to calculate the forces that were applied by
each of the devices according to the overall system
architecture depicted in Fig. 2b. The human performer
always felt a force that was proportional to the difference
between the positions of the interrogator and the human
himself, namely

fhumanðtÞ ¼ Kt � ðxinterðtÞ � xhumanðtÞÞ; ð20Þ

where Kt ¼ 150N=m. The interrogator felt one of two
possible forces. The first option was a combination of the

force in (20) and noise generated by the computer, namely

finter ¼ Gh �Kt � ðxhumanðtÞ � xinterðtÞÞ þGc � FcomputerðtÞ;
FcomputerðtÞ ¼ FnoiseðtÞ

ð21Þ

where Gh and Gc are the gains of the human and computer
force functions. The second option was a computer-
generated force according to each of the models that were

described in Section 3, namely

finter ¼ FcomputerðtÞ; FcomputerðtÞ ¼ FmodelðtÞ: ð22Þ
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Fig. 4. Basis functions of the general linear model and handshake
simulation according to the iML-Shake. (a) Truncated Gaussian
temporal basis functions used in the iML-Shake algorithm, in arbitrary
units (a.u.). (b) Force data (black line) from one trial and fittings of the
model (red line).

Fig. 5. Experimental trials order. Each trial included a human handshake
and additional handshake as specified in the figure. Dark-gray shaded
areas are human practice trials. Namely, both handshakes were human.
Light-gray shaded area is one training block; the answers in these
blocks were not analyzed.



The calculation of FcomputerðtÞ was performed at 60 Hz, and
the force was interpolated and rendered at 1;000 Hz.

The timeline of the experiment is presented in Fig. 5. Each
experiment started with 38 practice trials (76 handshakes) in
which the interrogator shook hands only with the human
through the telerobotic system, namely Gh ¼ 1 and Gc ¼ 0.
The purpose of these practice trials was to allow the
participants to be acquainted with a human handshake in
our telerobotic system, and also, to provide starting informa-
tion to the tit-for-tat algorithm.

In each trial, the interrogator was presented with a pure
computer handshake, namelyGh ¼ 0 andGc ¼ 1, which was
one of the three candidate models described in Section 3,
and a human handshake combined with noise, namely Gh ¼
1� � and Gc ¼ �. � was assigned with eight equally
distributed values from 0 to 1: � ¼ {0, 0.142, 0.284, 0.426,
0.568, 0.710, 0.852, 1}. The noise function was chosen as a
mixture of sine functions with frequencies above the natural
bandwidth of the human handshake [4], [5], [45]:

fðtÞ ¼
X5

i¼1

0:7 � sinð2�!itÞ; !i � Uð2:5 Hz; 3:5 HzÞ; ð23Þ

where U(a,b) is a continuous uniform distribution between
a and b.

Within each block, there were eight calibration trials in
which the combined human-noise handshake with Gh ¼
1� � and Gc ¼ �, for each of the eight values of �, was
compared to a combined human-noise handshake with
Gh ¼ 0:5 and Gc ¼ 0:5. In these trials, one of the hand-
shakes was always composed of a greater weight of human
forces than the other handshake. We assume that a
handshake with larger weight of human versus noise is
perceived as more human, and therefore, the participant
should be able identify the handshake that is more similar
to that of a human. Thus, the purpose of these trials was to
verify that the interrogators were attending to the task and
that they were able to discriminate properly between
handshakes with different combinations of human gener-
ated force and noise.

Overall, each experimental block consisted of 32 trials:
each of the eight linear combinations of noise and human
performance were compared with each of the three models
as well as with the noise combined with human perfor-
mance (calibration trials). The order of the trials within each
block was random and predetermined. Each experiment
consisted of 10 blocks. Thus, each of the models was
presented to the interrogator in 80 handshakes. One
experimental block (32 trials) was added at the beginning
of the experiment for general acquaintance with the system
and the task. The answers of the interrogators in this block
were not analyzed. To preserve the memory of the feeling
of a human handshake in the telerobotic setup, the subject
was presented with 12 human handshakes after each
experimental block. It is important to note that this allows
interrogators not only to detect human-like handshakes but
also to detect the specific aspects of their current partner.
As such, a human may, on average, be technically worse
than human-like. To increase the motivation of the
participants, at the end of each block, they received a grade
that was computed based on their answers in the calibra-
tion trials. For example, an answer in a calibration trial was
considered correct when the interrogator stated that a
handshake that contained 0.852 human generated force and

0.148 noise was more human-like than a handshake that
contained 0.5 human generated force and 0.5 noise.

4.2 The Model Human-Likeness Grade

To assess the human likeness of each model, we fitted a
psychometric curve [56], [57] to the probability of the
interrogator to answer that a stimulus handshake is more
human-like than a reference as a function of �—the relative
weight of noise in the comparison handshake. In accor-
dance with our assumption that a higher weight of the
noise component in the comparison handshake yields
higher probability to choose the standard handshake as
more human-like, this probability approaches one as �

approaches one, and zero when it approaches zero. In
general, such psychometric curves are sigmoid functions
[56], [57], and they can reveal both the bias and uncertainty
in discriminating between the standard and the compar-
ison handshakes (Figs. 6a and 6b). The bias in perception,
or more specifically, the point of subjective equality (PSE),
can be extracted from the 0.5 threshold level of the
psychometric curve, indicating the value of � for which
the standard and the comparison handshakes are perceived
to be equally human-like. Namely, for a model that is
indistinguishable from a human, the expected PSE is 0 if
humans make no systematic mistakes or “slips” in their
judgments. Similarly, for a model that is as human-like as
the noise function (hence, the least human-like model) the
expected PSE is 1, again assuming no systematic mistakes
or slips. We subtracted the value of PSE from one to obtain
the MHLG (24), such that MHLG ¼ 0 means that the
model is clearly nonhuman like, and MHLG ¼ 1 means
that the tested model is indistinguishable from the human
handshake.
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Fig. 6. Human likeness for the models. Panels (a) and (b) present
examples of psychometric curves that were fitted to the answers of
interrogator #2 and interrogator #5, respectively. Dots are data points,
and the horizontal bars are 95 percent confidence intervals for the
estimation of PSE. A model with higher MHLG yields a curve that is
shifted further to the left. (c) The MHLGs that were calculated according
to each of the 10 interrogators who performed the test. Symbols are
estimations of MHLG, and vertical bars are 95 percent confidence
intervals. (d) Means with bootstrap 95 percent confidence intervals
(error bars) that were estimated for each of the models using the MHLG
of all the interrogators.



MHLG ¼ 1� PSE; ð24Þ

The models that are perceived as least or most human-like
possible yield MHLG values of 0 or 1, respectively.
Therefore, MHLG is cut-off at 0 and 1.

We used the Psignifit toolbox version 2.5.6 for Matlab
(available at http://www.bootstrapsoftware.org/psignifit/)
to fit a logistic psychometric function [57] to the answers of
the interrogators, extracted the PSE, and calculated the
MHLG of each of the models according to (24).

4.3 Statistical Analysis

We used 1-way ANOVA with repeated measures in order
to determine whether the difference between the MHLG
values of the models was statistically significant. We used
the Tukey’s honestly significant difference criterion
(p < 0:05) to perform the post-hoc comparisons between
the individual models. We performed this statistical
analysis using Matlab statistics toolbox.

5 RESULTS

Examples of psychometric curves that were fitted to the
answers of two selected interrogators are depicted in Fig. 6a
and 6b. The MHLG of individual subjects for each of the
Turing-like tests are presented in Fig. 6c. These figures
reveal substantial differences of opinion among the inter-
rogators. For example, interrogator #2 (Fig. 6a) perceived
the � model as the least human-like (dotted curves), while
the tit-for-tat model was perceived as the most human-like
(dashed-dotted curves), as opposed to interrogator #5
(Fig. 6b) who perceived the tit-for-tat model as the least
human-like, and yielded higher MHLG for the � and iML-
Shake (dashed curves) models. The calibration curves (noise
model, solid curves) indeed yielded a PSE that was not
statistically significantly different from 0.5. Furthermore, for
a few interrogators, we did not observe significant
differences between the MHLG of all three models.
Estimations of the mean MHLG of all models across
interrogators are presented in Fig. 6d, together with the
95 percent confidence intervals for these estimations. There
was a statistically significant difference between the MHLG
values of the three models (1-way ANOVA with repeated
measures, F2;18 ¼ 4:57; p ¼ 0:0248). The tit-for-tat and iML-
Shake models yielded statistically significantly higher
MHLG values than the � model (Tukey’s honestly
significant difference criterion, p < 0:05), respectively.
There was no statistically significant difference between
the MHLG of the tit-for-tat and the iML-Shake models.

6 DISCUSSION

In this study, we presented three models for human
handshake: �, based on physiological and biomechanical
aspects; tit-for-tat, based on leader-follower roles and
imitation; and iML-Shake, based on machine learning. The
tit-for-tat and the iML-Shake models were perceived
statistically significantly more human-like than the � model,
but not significantly different between them. However, the
grading was not consistent among subjects.

6.1 Further Development of the Models

Each of the models that were presented in this paper has its
own strength, but each could be improved. Moreover, the

best features of each could be combined into one handshake
to improve the human likeness.

In the passive phases of the tit-for-tat algorithm, the
interrogator experiences zero forces, while in reality a
“passive hand” would present inertial and perhaps some
viscoelastic impedance. The algorithm could start to modify
its behavior after a typical voluntary reaction time, and
reduce its impedance as the interrogator’s intentions
became apparent. This would require a more accurate
model of the relevant musculoskeletal structures and their
intrinsic mechanical properties, some of which are captured
in the � model. Such models are easily constructed in the
MSMS environment (MusculoSkeletal Modeling Software,
available from http://mddf.usc.edu; [58]), but are out of the
scope of the current work. However, initial values for such
properties could be taken from the literature, e.g.,
M ¼ 0:15 kg, B ¼ 5 Ns/m, and K ¼ 500 N/m for wrist
movements [59], or M ¼ 1:52 kg, B ¼ 66 Ns/m, K ¼ 415 N/
m for elbow movements [34].

A unique aspect of the tit-for-tat model is the notion of
two roles in a sensorimotor interaction: a leader and a
follower. The model adjusts itself to the interrogator by
taking one of these roles. However, the limitation here is
that the model can take the role of a leader only if it was
introduced at least once with a leader interrogator.

The � model generates handshakes according to the
threshold control hypothesis. It can be improved by
changing the threshold position whenever a change in
movement direction is detected. In addition, the imple-
mentation of the � model included some simplifications
(e.g., neglecting the inertia of the arm and assuming one
joint and two muscles), and it is not adaptive, namely, we
set the movement range to specific fixed values, while
different interrogators may display movements with dif-
ferent amplitudes.

Unlike the other two models, the � model takes into
account dynamical properties that have previously been
demonstrated to fit the biomechanical characteristics of the
hand. These include the invariant characteristics of the
passive force generated by the muscle, and the force-
velocity relationship of the muscles.

The iML-Shake is based on linear regression. This
approach represents a large class of stateless and time
invariant methods. We could allow smoother predictions
and recovery from input failures by utilizing another class
of state-space algorithms that models time variations [55,
Section 13.3]. The advantage of this approach is that by
making minimal assumptions about the mapping between
the inputs and outputs of the handshake “function,” we are
factoring in many details of human handshake biomecha-
nics that may be unknown, difficult to quantify, or
inefficient to implement.

Further improvement can be achieved by including
additional knowledge about human cognitive and biome-
chanical characteristics in a more specific machine learning
approach. For example, for the mechanics we could include
the state-space evolution of multilink serial chains as a
model of the arm and hand, with contact forces and torques
[60]. For behavioral strategies, we could include the
evolution of beliefs about the other’s motor plan and
combine it with our agent’s goals. We can formulate this
problem as the inversion of a Partially Observable Markov
Decision Process (POMDP), which has been shown to
resemble how humans think about others’ intentions [61].
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6.2 Subjectivity versus Objectivity

The difference in grading among interrogators limits
conclusions about the relative performance of the algo-
rithms (see Figs. 6a, 6b, and 6c). A possible explanation is
that the internal representation of human-likeness is multi-
dimensional, and each interrogator might follow a different
decision path in the space of human likeness features [7].
According to this view, all the interrogators would correctly
identify the least and the most human-like possible
handshakes, but may have various opinions about the
salient feature characterizing human-likeness. Moreover,
humans themselves exhibit a great range of handshake
styles, both as individuals and as members of ethnic and
national cultures. Thus, the test results could be biased by
similarities between the handshake style of the interrogator
and of the robotic algorithm, or by dissimilarities between
the interrogator and the human handshake to which the
robot is being compared. The original Turing test for
artificial intelligence has a similar cultural problem. In
future studies, a larger number of subjects could be tested in
a fully factored design to make sure that all combinations of
interrogators, robots, and human performer are tested
against each other so that such trends could be extracted
statistically from the results. Such test results might provide
quantitative insights into cultural differences among hu-
mans [62], [63].

The difference in grading might be the result of the
subjective and declarative nature of the test, so it may be
useful to look at objective, physiologically related, mea-
sures, such as skin conductance response [64], heart rate
[65], postural responses [66], or task performance [20], [67],
[68]. This is of special importance in the light of evidence
that declarative perception is not always consistent with
motor responses [69], [70], [71], [72], [73].

6.3 Future Turing-Like Handshake Tests

For this preliminary investigation, we limited the hand-
shake dynamics to those that can be generated in one axis
via a Phantom handle. A great deal of information is
conveyed in other dimensions of the human handshake,
such as distribution of grip forces among the fingers and
off-axis motions of the wrist and forearm. The rapid
improvements in anthropomorphic robotic hands and arms
( e.g., Shadow Robot [74] and DLR-HIT [75]) should make it
feasible to create much more realistic handshake Turing
tests. However, these will require much more complex
control algorithms.

The comparison of the three models may not be entirely
fair, and future versions of the handshake Turing test may
be adapted toward this aim. Specifically, the tit-for-tat
strategy uses data about the specific interrogator-subject
pairing. This problem is compounded by the fact that there
are human-human reminder trials in which a subject can
learn about the specific characteristics of their partner
handshakes. Both the tit-for-tat and iML-Shake models use
past data, while the � model only uses instantaneous
information about the interrogator movements. The � and
iML-Shake models both use the information of the whole 5 s
of the handshake, while the tit-for-tat model only uses the
first cycle of movement. To take into account these
differences, in future studies, only models that use similar
data should be compared to each other and a quantitative

measure of model complexity could be developed and
incorporated into the MHLG.

It may also be important to let each interrogator
experience sequential trials with the same algorithm
interspersed randomly with the same human. This would
be more akin to the extended dialogue of the original
Turing test, in which the interrogator uses the results of one
query to frame a subsequent query.

Ultimately, a haptically enabled robot should itself have
the ability to characterize and identify the agents with
which it interacts. This ability fulfills the purpose of a
human handshake. Thus, the robotic Turing test presented
here could be made bidirectional, testing the ability of the
robot to perceive whether it is shaking hands with a human
or with another robotic algorithm—the reverse handshake
hypothesis [8]. According to this hypothesis, once a model
that best mimics the human handshake is constructed, it
itself can then be used to probe handshakes. Such an
optimal discriminator might require enhancements of
sensory modalities such as tactile perception of force
vectors, slip, or warmth [76].

6.4 Concluding Remarks

We assert that understanding the sensorimotor control
system is a necessary condition for understanding brain
function, and it could be demonstrated by building a
humanoid robot that is indistinguishable from a human.
The current study focuses on handshakes via a telerobotic
system. By ranking models that are based on the prevailing
scientific hypotheses about the nature of human movement,
we should be able to extract salient properties of human
sensorimotor control, or at least the salient properties
required to build an artificial appendage that is indis-
tinguishable from a human arm.

Beyond the scientific insights into sensorimotor control,
understanding the characteristic properties of healthy
hand movements can be very helpful for clinical and
industrial applications. For example, it may facilitate an
automatic discrimination between healthy hand move-
ments and movements that are generated by motorically
impaired individuals, such as cerebral palsy patients [77],
[78] and Parkinson patients [79]. In future industrial and
domestic applications, robotic devices are expected to
work closely and interact naturally with humans. Char-
acterizing the properties of a human-like handshake is a
first step in that direction.
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