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Abstract—A computational model is proposed in this paper to5
capture learning capacity of a human subject adapting his or6
her movements in novel dynamics. The model uses an iterative7
learning control algorithm to represent human learning through8
repetitive processes. The control law performs adaptation using a9
model designed using experimental data captured from the natu-10
ral behavior of the individual of interest. The control signals are11
used by a model of the body to produced motion without the need12
of inverse kinematics. The resulting motion behavior is validated13
against experimental data. This new technique yields the capa-14
bility of subject-specific modeling of the motor function, with the15
potential to explain individual behavior in physical rehabilitation.16

Index Terms—Human motor computational model, impedance17
control, model reference iterative learning control (MRILC).18

I. INTRODUCTION19

I T IS WIDELY accepted that human learns much of its motor20

skills through the maxim of “practice makes perfect” [1]–[3].21

Whenever a task is of a repetitive nature, either by necessity or22

by design, the opportunity exists to improve the task execu-23

tion in the next iteration based on the observation of the past24

attempts. The idea is, therefore, to complete the task in com-25

bination with an objective of continuous improvement. From a26

qualitative point of view, it is of tremendous interest to establish27

a modeling framework that captures the paradigm describing28

our experience of learning motor tasks, such as walking, bi-29

cycle riding, and writing. This has been an important topic of30

research in the past two decades, especially with the advent of31

powerful computational resources. Furthermore, neurorehabili-32

tation after stroke or traumatic brain injury may rely on similar33

processes [2].34

Nested within the iterative framework is the set of mecha-35

nisms that operate in continuous time within one repetition of36

task (one trial) to track the desired motor action. It has been37

proposed that such human behavior is the result of the cen-38

tral nervous system (CNS) controlling movement using internal39
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models [4]–[6]. Internal models have been implemented as for- Q140

ward models [7] and inverse models [8] or a combination of 41

both [8], [9]. Impedance control has been modeled as iterative 42

adjustment of the inputs and parameters of a feedback con- 43

troller [10]–[13]. 44

Combinations of internal models with impedance control 45

have been incorporated in computational models based on opti- 46

mal control [14], [15], although these papers do not treat the case 47

of unstable interactions with the environment typically arising 48

from tool use. Recently, the human-like algorithm of [11], [12] 49

has been implemented on robots, giving rise to an automatic 50

motor behavior able to deal with unstable situations typical of 51

tool use with minimal effort [16]. 52

It has been shown that some of the aforementioned models, in 53

particular [11], [12] are capable of exhibiting learning transients 54

comparable to a “mean human behavior” observed in experi- 55

ments. These models did not address individual motion features 56

due to biomechanical or neural constraints. However, compu- 57

tational models with subject-specific characteristics would be 58

critical for applications in areas such as physical rehabilitation, 59

where different individuals have distinct motor behaviors due to 60

their specific affections and would require a specific treatment. 61

This paper addresses such issue by introducing a novel 62

generic computational framework that contains parameters ad- 63

justable according to the observed individual behavior of human 64

learning. This framework uses impedance adjustment to control 65

motion while the internal model is implemented as a means 66

to plan motion. It also utilizes the theory of model reference 67

iterative learning control (MRILC) to represent the adaptation 68

characteristics toward an ideal response. Instead of adaptive 69

control, iterative learning control (ILC) is utilized to reflect the 70

discontinuous repetitive nature of human learning (multiple tri- 71

als resulting in improved performance). The result is an elegant 72

computation model that incorporates both the internal model 73

mechanism and the impedance adjustment mechanism in an 74

efficient manner and can be tailored for a particular individual. 75

The proposed model is used to simulate two previously pub- 76

lished experimental studies in human motor behavior: a stable 77

task in a velocity field (VF) experiment [4], [17], requiring force 78

adaptation, and an unstable task with a divergent field (DF) ex- 79

periment [6], requiring impedance adaptation. Half of the exper- 80

imental data set was used to construct the computational model 81

and the other half for the validation of simulation results. The 82

resulting model reflects the behavior of the individual subject, 83

thus yielding a subject-specific model. 84

The construction of the model is discussed in Section II 85

and its implementation to simulate human motor control for a 86
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Fig. 1. MRILC framework.

particular subject when performing each experiment is detailed87

in Section III. Details of the experimental setup and test cases88

are described in Section IV. The results of the simulation are89

compared to that of the experiment by the same individual in90

Section V. The model, results, and their significance in human91

motor control are discussed in Section VI.92

II. CONSTRUCTION OF THE MODEL93

A. Overall Structure94

The structure of the proposed framework scheme is shown95

in Fig. 1, based on the MRILC. Under the scheme, control and96

learning are achieved through the adjustment of the controller97

gains rather than the controller states. This method of control98

is compatible with the notion that the CNS adjusts parameters99

of the body to control movement [18]. It is worth noting that in100

this framework, the controller outputs the control signals in task101

space, which is the space in which the task is carried out (as102

opposed to joint space, which uses the arm joint displacements103

as the generalized coordinates). This allows the framework to104

emulate the notion that the CNS controls the body so as to105

stabilize the end-effector task instead of the individual muscle106

group/joint [19]. The framework consists of three main com-107

ponents: 1) the reference model, 2) the plant model, and (3)108

the iterative learning controller. The following sections detail109

the construction of the framework components used to simulate110

human subject responses in performing the task of upper arm111

reaching.112

Although the human arm involves 7 degrees of freedom113

(DOF), only 2 DOF are used in the experiment to carry out114

the task of reaching [6], [17]. This allows a relatively simple115

way to produce force fields with a (planar) robot and a relatively116

simple data analysis, while studying a complex system with117

nonlinear dynamics. In this paper, the upper limb is modeled118

as a two-link rigid body system as shown in Fig. 2. Given a 2119

DOF (planar positioning) task, the system is taken as nonredun-120

dant. The same setup was also utilized in the studies carried out121

in [9], [10], and [20]. The algorithms presented in this paper,122

however, are valid for a larger number of DOF, though it is123

confined, as indicated, to nonredundant tasks.124

B. Reference Model125

In classical model reference adaptive control, the reference126

model is used to determine the desired output/trajectory yd ∈127

�m from a given reference input r ∈ �m . In modeling human128

Fig. 2. Experimental setup in which a person is required to perform the task
of reaching for a target while holding onto a robot that can apply computer-
controlled forces during movement and measure this movement.

motor control, the reference model is regarded in this paper 129

as an internal model that captures the process in which the 130

CNS plans a desired output/trajectory for a given task. In the 131

literature, a consensus on how the CNS generates the desired 132

trajectory is not yet established [21]. In the proposed framework, 133

it is assumed that the desired trajectory is planned through two 134

processes described by two linear models. 135

1) For a given task, the first model GR generates the reference 136

input r in task space m. This reference input may be 137

associated with the equilibrium trajectory found in the 138

literature [22], [23]. 139

2) The second model GM is the reference model used to 140

generate the desired trajectory in task space yd ∈ �m for 141

a given reference input, which is also assumed to be in 142

task space (r ∈ �m ). The model describes the process in 143

which the CNS determines the desired properties of the 144

muscles in order to execute the task, which is hypothe- 145

sized as achieved through the setting of muscle activation 146

thresholds [5]. 147

The dynamics of the two models GM and GR are identi- 148

fied from experimental data. Two assumptions are made for the 149

system identification process. 150

1) The desired trajectory yd is the trajectory formed by the 151

human subjects when performing voluntary motion free 152

of environmental disturbances [20]. 153

2) For a given task, the CNS plans motion based on a virtual 154

signal rp which represents the “ideal” execution of the 155

task. This signal is used by the model GR to generate the 156

input signal r. 157

Using the “ideal execution” signal rp as the input and the 158

desired trajectory yd as output, a model can then be identified 159

from the experimental data of a subject’s hand motion while 160

performing the task of voluntary reaching in an undisturbed en- 161

vironment. Identification is done on half of the null-field (NF) 162

trials for each subject. Validation, carried out on the other half 163

of the trials, yields mean R2 of 0.871 across subjects with min- 164

imum R2 of 0.741. 165

From the data of the subjects analyzed, the system identifi- 166

cation process yielded a third-order system for the combined 167

GR and GM transfer function. This is to say that the third-order 168

model provided the best fit in a least-squares manner. This is 169
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decomposed further into a first order GR , which translates the170

step task reference of goal location into a path achievable in171

finite and nonzero time, and a second order GM , in accordance172

with second-order equations commonly used to model human173

body dynamics [9], [10], [15].174

C. Plant Model175

The plant model GP is used to determine the output y ∈176

�m , representing the actual hand motion for a given signal177

u ∈ �m from the controller. The signal may be associated with178

the motor commands observed as the level of muscle activities179

from electromyography recordings [24]. In the framework, the180

plant GP is modeled by constructing a model of the body, such181

as the upper limb, using the operational space formulation (OSF)182

(see, for instance, [25] and [26]). Under this formulation, the183

motion control of the body model is performed in the task space.184

This allows the motor commands from the controller to be used185

explicitly to regulate the task variables (motion in x and y)186

instead of through the control of individual joints and muscles187

[10], [12], [17]. The direct control of the end-effector in task188

space follows from the findings that during motion, the variation189

of the arm joint configurations is larger than that of the arm end190

effector [27].191

The motion of the model is produced by the generalized192

forces f ∈ �m acting at the end-effector. The generalized forces193

f is related to the controller output u through the task space194

representation of the mass/inertia matrix of the arm model:195

f = Λ(x)u + μ(x, ẋ) + ρ(x) (1)

where x ∈ �m is the displacement of the end effector, Λ(x) ∈196

�m×m the inertia matrix of the arm end-effector, μ(x, ẋ) ∈ �m197

the Coriolis and centrifugal forces at the end effector, and198

ρ(x) ∈ �m gravity. For nonredundant cases, the generalized199

forces acting at the end effector is transformed to the corre-200

sponding joint torques τ in �n , where n is the number of201

DOF of the joints through the relationship τ = JT f , where202

J ∈ �n×m is the Jacobian matrix of the arm. For nonredundant203

cases, the Jacobian matrix is a square matrix and a unique in-204

verse to the Jacobian matrix exists. Assuming perfect estimation205

of the dynamics parameters Λ, μ and ρ in (1), the task space206

dynamics (1) of the human arm can be feedback linearized,207

resulting in a plant model approximated as a second-order lin-208

ear system with known parameters A ∈ �2m×2m , B ∈ �2m×m ,209

C ∈ �m×2m = [ Im×m Im×m ]210

ż = Az + Bu

y = Cz (2)

where z = [yT ẏT ]T ∈ �2m×1 is the state vector of the plant.211

D. Controller212

1) Model Reference Iterative Learning Controller: In the213

proposed framework, the control objective is to find the desired214

control input u such that the output of the plant y (2) tracks the215

desired output yd generated from the reference model GM . The216

reference model GM can be represented in the state space as217

follows: 218

żd(t) = AM zd(t) + BM r(t)

yd(t) = Czd(t), t ∈ [0, T ] (3)

where T is the finite time interval for each experiment, and zd = 219

[yT
d ẏT

d ]T ∈ �2m×1 is the state vector of the reference model. 220

The output y of the plant model (2) considered with unknown 221

environmental disturbances at each iteration i is expressed as 222

żi(t) = Azi(t) + Bui(t) + d(t)

yi(t) = Czi(t), t ∈ [0, T ] (4)

where d(t) ∈ �2m×1 is time varying but iteration invariant, 223

which comprised of the model uncertainty and the effects from 224

the unknown environment. Moreover, the disturbance is as- 225

sumed to satisfy the condition maxt∈[0,T ]‖d(t)‖ ≤ bd , where 226

bd is an unknown positive constant. 227

The controller used to generate the motor command ui takes 228

the following state feedback control form: 229

ui(t) = K1i(t)zi(t) + K2i(t)r(t) − K3i(t)1m×1

= Ki(t)φi(t), t ∈ [0, T ] (5)

where Ki ≡ [ K1,i K2,i −K3,i ] ∈ �m×4m and φi ≡ 230

[φ1,i ,φ2,i ,φ3,i ]T ∈ �4m×1 with φ1,i ≡ zi ∈ �2m×1 , φ2,i ≡ 231

r ∈ �m×1 and φ3,i ≡ [ 1 . . . 1 ]T ∈ �m×1 . Convergence of 232

the plant is achieved through the adjustment of the controller 233

gains K. This means that at the steady state, where z(t) = zd(t), 234

there exists an ideal set of time-varying feedback gain K∗(t) that 235

is considered as the ideal/optimum gain for the task. At this set 236

of ideal gain K∗(t), the controller (5) stabilizes the plant model 237

(4) such that the output satisfies the relationship: 238

ż(t) = żd(t)

= Azd(t) + BK∗φd(t) + d(t), t ∈ [0, T ] (6)

with φd = [ zT
d rT 1T

m×1 ]T . Denoting u∗(t) = K∗(t) 239

φd(t), the aforementioned relation can be expressed as 240

żd(t) = (A + BK∗
1 ) zd(t) + BK∗

2r

+ (d(t) − BK∗
3 (t)1m×1) . (7)

From this relation, it is evident that the ideal gains satisfy AM = 241

A + BK∗
1 , BM = BK∗

2 , and d(t) = BK∗
3 (t) · 1m×1 . Note that 242

K∗
1 and K∗

2 are both time invariant while K∗
3 (t) depends on the 243

disturbance. If the disturbance is time varying, then K∗
3 (t) is 244

a time-varying matrix. Likewise, if the disturbance is constant, 245

then K∗
3 is a constant matrix. In general, the MRAC strategy is 246

not designed to accommodate time-varying disturbances. In this 247

study, a time-varying, but iteration-invariant disturbance can be 248

learnt using ILC through the system’s repetitions as shown in 249

the following section. 250

2) Iterative Learning Controller Algorithm: The ILC law 251

(5) learns the unknown parameters A and B through discontin- 252

uous iterations. Adjusting the gain matrix Ki at each iteration 253

results in the output of the plant (2) being able to track the 254

desired trajectory yd of the reference model (3). This behavior 255

is compatible with the observation that humans learn through 256
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practice. In addition, it is evident from (7) that the adjustment257

of the gain matrix is equivalent to modifying the parameters of258

the plant model. Considering that the plant model represents the259

human body, this method agrees with the notion that the CNS260

adjusts properties of the body to stabilize motion [6], [18]. By261

denoting the error between the desired and actual states at any262

time instant within one trial (iteration) as ei(t) = zi(t) − zd(t),263

and assuming that the plant and reference model satisfy the264

following assumptions:265

1) the plant model is approximated as a stable linear system266

of order n;267

2) the relative degree of the plant model is finite and equals268

that of the reference model; and269

3) at each iteration, the initial states satisfy zd(0) = zi(0).270

Then, the adaptation algorithm representing the human motor271

parameter adjustment mechanism can be expressed as follows:272

Kk,i(t) = Kk,i−1(t) − Cβkeiφ
T
k,i

k = 1, 2, 3, t ∈ [0, T ] (8)

where K1,0(t) = {0}m×2m , K2,0(t) = K3,0(t) = {0}m×m ,273

βk ∈ �2m×2m is a constant positive definite matrix defined as274

βk =
[

βk,1 · Im×m 0m×m

0m×m βk,2 · Im×m

]

where βk,1 and βk,2 are constants for k = 1, 2, 3.275

In addition, the following can be concluded:276

1) limi→∞ ei(t) = 0 uniformly for all t ∈ [0, T ];277

2) zi(t) is uniformly bounded for any t ∈ [0, T ] and i ∈ N;278

and279

3)
∫ t

0 trace
(
KT

k,i(τ)CCT Kk,i(τ)
)

dτ is uniformly bounded280

for any k = 1, 2, 3, t ∈ [0, T ] and i ∈ N.281

The convergence analysis uses the composite energy function282

approach proposed in [28] and is provided in the Appendix.283

Remark 1. Intuitively, the ILC law (8) implements a steepest284

descent approach on an objective function that under conditions285

as listed earlier guarantees that the actual trajectory y converges286

uniformly to the desired trajectory yd across iterations.287

Remark 2. The proof of stability is concluded for the situation288

where the iteration number i → ∞. In engineering applications289

and, in particular, human motor control, a finite iteration number290

is used. In this case, there exists an upper bound on |Kk,i |. This291

indirectly implies an upper bound on the command u represent-292

ing the motor command from the CNS.293

III. SIMULATION SETUP294

The model constructed from the framework is used to carry295

out a simulation of the reaching task described in Section IV.296

The following assumptions are made in the simulation.297

1) Independent MRILC systems are used to control motion298

in the x- and y-directions in task space. This follows299

from various experimental evidences suggesting that for300

the task of planar reaching, there exist two controls such301

that the human motion in task space is decoupled along302

their respective generalized coordinates [29], which in task303

space can be described by the horizontal x- and vertical 304

y-direction as seen from the end effector. 305

2) The inertia of the robot is not considered in the simulation 306

model. This is justified since the subjects were allowed 307

to familiarize themselves with the dynamics of the robot 308

before the actual experiment trials and hence, they are as- 309

sumed to have learned the unmodeled inertia of the robot. 310

For the task of reaching, it has been observed in experiments 311

that humans use two strategies to adapt to changes in the environ- 312

ment: categorical and proportional [30]. Categorical strategy 313

involves the sense of direction while proportional involves the 314

sense of physical states such as position and velocity. To incor- 315

porate the two strategies into the dynamic model, and thereby 316

to implement the controllers (5) and (8), the states of (5) are 317

grouped into that of proportional and categorical as follows: 318

1) The proportional adaptation strategy, associated with the 319

gain K1 is dependent on the actual and desired end- 320

effector position, y and yd , respectively, along with the 321

actual and desired end-effector velocity ẏ and ẏd . This 322

follows from the observation that muscle activities are de- 323

pendent on the actual body configuration and its rate of 324

change [24]. 325

2) The state associated with the gain K3 , which is a constant, 326

is used to model the categorical adaptation strategy. 327

Note that the gain K2 represents the contribution of the ideal 328

trajectory r planned by the CNS toward the motion. The dynamic 329

model of the hand movement during voluntary reaching in the 330

x- and y-directions is used as the reference model. From the 331

experimental results, the individual models GR and GM for a 332

particular subject were identified as follows: 333

GR =
10

s + 10
, GM =

0.6s + 300
s2 + 15.8s + 237.6

. (9)

The coefficients of these two identified models represent the 334

ideal viscoelastic properties of the upper limb of the subject. 335

These viscoelastic properties serve as references to which the 336

CNS attempts control by adjusting the actual arm’s impedance 337

through means of muscle activation and coactivation [31]. 338

The motor execution process of the arm under the OSF is 339

used as the plant model and the ILC algorithm (8) is used as the 340

controller. Noise is also modeled in the simulation by adding a 341

band limited Gaussian white noise to the reference input r. This 342

implies that for a given movement, only a crude ideal trajectory 343

is required to be planned by the CNS for a given task [32]. By 344

doing this, stochastic noise is present during both the process of 345

motor planning and of motor execution. The simulation proce- 346

dure is conducted in the same manner as that of the experimental 347

procedure (see Section IV). For each trial, the model is run for 348

600 ms in accordance with the experiment. The position of the 349

hand end effector is generated by the computational model and 350

is recorded at 500 Hz. A few practice trials are simulated by 351

the model in order to obtain convergence and to observe the 352

voluntary motion of human subjects in the disturbance-free en- 353

vironment. To ensure fast convergence, the initial value assigned 354

to the stiffness gains Kk,0 of the ILC law (8) is given by the 355
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following algorithm:356

Kk,0(t) = Cβke0φ
T
k,0 , k = 1, 2, 3, t ∈ [0, T ] (10)

which has been proven to be stable in [33].357

The update rates βk,1 and βk,2 for the subject are determined358

through optimization of a cost function that minimizes the error359

between the simulation and experiment results [34]360

J =
N∑

i=0

∫ T

0
ξi(t)T ξi(t) dt, t ∈ [0, T ] (11)

where ξi(t) ≡ yi,sim (t) − yi,exp(t) represents the error be-361

tween the simulation and experiment in the x- and y-directions.362

Under this update rate, the state gains converge to a steady363

value in the iteration domain after five runs. This may not be the364

actual number of trials that humans require to perform perfect365

voluntary motion due to the difference between the initial value366

of the model and that of the human. However, the converged367

results can serve as an initial condition for the simulation runs368

in the same manner as the practice trials serves as an initial con-369

dition for the experimental trials. The optimized update rates370

are observed to possess higher update rates for the proportional371

adaptation strategy than that of the categorical adaptation strat-372

egy. This implies that the categorical adaptation strategy updates373

slower than that of the proportional strategy. As a result, the op-374

timized update gain matrix βk in (8) reflects the experimental375

evidences suggesting that the categorical adaptation strategy376

dominates the overall control strategy during each trial [30].377

IV. EXPERIMENTAL STUDIES378

The study reported in this paper makes use of the set of data379

reported in [6] and [17]. For ease of perusal, the experimental380

setup reported in the papers is briefly outlined as the following.381

The setup is in Fig. 2. In all three studies, the human subject382

was required to perform the task of reaching for a target while383

holding onto the robot. The harness was used to restrict the384

contribution of the human trunk to the movement.385

The subjects were instructed to perform point-to-point move-386

ments with their arm reaching forward (away from the body387

parallel to the sagittal plane) along the “y”-axis (see Fig. 2). The388

target was a 2.5 cm diameter circle 25 cm away from the start-389

ing position. The subjects were instructed to arrive at the target390

within 600 ms. The robot was used to generate three different391

force-field environments to which the human subjects were re-392

quired to adapt through trials/practice, representing the three393

cases (tasks) investigated in this paper. Resting between the tri-394

als was allowed. One day before each experiment, the subjects395

were given sufficient trials to adapt to the robot dynamics [17].396

The three cases (tasks) are as follows:397

1) Case 1: The robot produced no disturbance field (null398

field—NF). The results are expected to capture the natu-399

ral behavior of the human subjects free of environmental400

disturbances.401

2) Case 2: The robot generated a field dependent on the402

subject’s end-effector velocity in the generalized Cartesian403

coordinates, as described by 404

[
Dvx

Dvy

]
= −

[
13 −18
18 13

] [
Ṗx

ṖY

]
(12)

where Dv = [Dvx Dvy ]T ∈ �2 was the disturbance 405

forces applied to the hand/robot end effector in the Carte- 406

sian coordinates and P = [Px Py ]T ∈ �2 was the posi- 407

tion of the hand end effector. This case is referred to as the 408

task of reaching through the VF environment. The study 409

in the VF environment comprised of 50 trials of reach- 410

ing toward the target in the NF environment, followed by 411

another 50 trials in the NF of which a randomly chosen 412

20 had the VF environment unexpectedly turned ON. The 413

purpose of the latter 50 trials was to observe the initial 414

behavior of the human prior to learning the environment. 415

The subjects were then required to perform 50 trials within 416

the VF environment to enable learning. Finally, 50 trials 417

were performed in the VF environment of which a ran- 418

domly chosen 20 had the VF environment unexpectedly 419

turned OFF. The purpose of the final trials was to observe 420

the after effects of human motor behavior after learning 421

has taken place in the VF environment. 422

3) Case 3: In this case, the robot generated a DF environment, 423

which was dependent on the subject’s end-effector posi- 424

tion in the generalized Cartesian coordinates, as described 425

by the following equation: 426

[
Ddx

Ddy

]
= −

[
450 0
0 0

] [
Px

PY

]
(13)

where Dd = [Ddx Ddy ]T ∈ �2 was the disturbance 427

forces applied to the hand/robot end effector in Cartesian 428

coordinates and P = [Px Py ]T ∈ �2 was the position 429

of the hand end effector. The purpose of this artificial 430

environment was to investigate evidences of impedance 431

adaptation in humans. The study in the DF environment 432

is conducted in the same manner as that within the VF 433

environment described in Case 2. 434

Note that Case 2 represents a nonzero mean force field, while 435

Case 3 a zero mean force field. The results of the experiment are 436

utilized in the systems identification process in the construction 437

of the proposed computational model, and a separate set made 438

by the same subject was utilized to validate the results of the 439

proposed computational framework. 440

V. RESULTS 441

The computational model described in Sections II and III is 442

used to simulate the subject behavior in the task of reaching, as 443

collected in the experiment described in Section IV. The results 444

of the simulation are produced by the model while the results of 445

the experiment are obtained by recording the displacement of 446

the robot end effector that is held by the subjects throughout the 447

experiment (see Fig. 2). In this section, the hand end-effector 448

position data for the three experiments are presented for the 449

subject. 450
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Fig. 3. Actual and simulated hand end-effector paths in the NF environment
with noise. (a) Position of the hand path. (b) Velocity of the hand path.

A. Null Field Environment451

In the experiment using the NF environment, the subjects452

did not experience environmental disturbance. The resulting be-453

havior is recorded in the form of time-dependent trajectories454

of the subject hand. Using a suitable metric described in [10],455

the trajectories of all the trials are compared and no significant456

learning were observed when the subjects performed voluntary457

movements. This is expected as the subjects were given suffi-458

cient practice trials before the start of the experiment.459

The displacement graphs shown in Fig. 3(a) display the dis-460

placement characteristics of the resulting hand trajectories. The461

trajectories in the experiment are seen to follow a pseudostraight462

line that is able to reach the target within the given time. The463

computational model is seen to capture the characteristics of the464

trajectory observed in the experiment. To obtain velocity of the465

end effector, the displacement data of the hand recorded during466

the experiment and those generated by the simulation are differ-467

entiated with respect to the sample increments. From the results468

of Fig. 3(b), it is evident that both the experimental hand path469

and the path simulated from the computational model follow a470

similar bell-shaped velocity profile.471

B. Case 1: Velocity Field Environment472

In the VF environment, the subjects are required to adapt to473

the environmental disturbances across iteration trials. The dis-474

placement results from the simulation and from the experiments475

are displayed in Fig. 4(a) and (b), respectively.476

Upon observing the experimental and the simulation position477

graphs, the behavior of the subject can be described in three478

phases:479

1) Phase 1 (Before learning): The subjects started off practis-480

ing the reaching task in NF [see Fig. 4(a)]. During random481

trials, the VF environment is unexpectedly introduced.482

Due to the absence of learning, the environmental dis-483

turbances causes the hand end effector to deviate from484

its typical straight line path. The deviation results in the485

hand end effector following a nonstraight trajectory with486

Fig. 4. Comparison of (a) experimentally measured response and (b) learning
simulation results produced using the proposed computational model in VF
environment. The performance of the simulation and the experiment trajectories
are compared using the correlation coefficient R2 .

a maximum horizontal deviation of about 8 cm. Despite 487

the deviation, the hand end effector is able to approach to- 488

ward the target within the time limit of the trials (600 ms) 489

in this field. This observation is captured in the simula- 490

tions. Upon the introduction of the VF environment, the 491

simulated hand trajectory is initially deviated from the 492

straight trajectory [see Fig. 4(b)]. The simulated curvature 493

and deviation are similar to those seen in experimental 494

results. The model’s end effector is able to approach the 495

target in the simulation despite the deviation. 496

2) Phase 2 (Learning): In Phase 2, the subjects perform the 497

task repeatedly in the VF environment [see Fig. 4(a)]. 498

During the early trial, the hand is observed to deviate from 499

the straight line trajectory. Over the repeated trials, the 500

hand gradually recovers the straight line trajectory. This 501

learning behavior is similarly observed in the simulations 502

[see Fig. 4(b)]. 503

The rate of convergence can be used to quantify the perfor- 504

mance of the simulation for the VF field. The convergence 505

rate is obtained from a robust least-square fit a particular 506

measure. The measure used in this paper is the sum of the 507

absolute errors in the lateral x-direction. The learning rates 508

obtained from the experiment and for the simulation data 509

are summarized in Table I along with the corresponding 510
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TABLE 1
LEARNING RATE AND UPDATE RATES OF EACH INDIVIDUAL

Fig. 5. Comparison of (a) experimentally measured response and (b) simula-
tion results produced using the proposed computational model in DF environ-
ment.

update rates and the correlation coefficient R2 averaged511

across trials found for each subject.512

3) Phase 3 (After effects): In Phase 3, the subjects perform513

the task repeatedly in the VF environment after learning514

is achieved during which the force field is unexpectedly515

turned OFF at random trials. This causes the after-effect516

phenomenon in which the hand end-effector trajectory ex-517

hibits a mirror-like image to the hand trajectory seen when518

the force field was initially introduced. This was observed519

in the experiments [see Fig. 4(a)] and was successfully520

demonstrated in the simulation [see Fig. 4(b)].521

C. Case 2: Divergent Field Environment522

In the DF environment, the subjects are required to adapt523

to the environmental disturbances across iteration trials. The524

position data from the simulation and from the experiments are525

displayed in Fig. 5.526

Similar to the VF environment, the behavior of the subject 527

can be described in three phases: 528

1) Phase 1 (Before learning): In Phase 1, the subjects started 529

off practising the reaching task in NF [see Fig. 5(a)]. The 530

DF environment is unexpectedly introduced at random. 531

The environmental disturbances causes the hand end ef- 532

fector to deviate from its typical straight line path. The 533

deviation results in the hand end effector following a non- 534

straight trajectory with a horizontal deviation exceeding 535

3 cm. In the DF field, the hand end-effector is initially 536

unable to arrive at the target within the time limit of the 537

trials (600 ms) in this field. The behavior in this phase is 538

captured by the simulations. Upon the introduction of the 539

DF environment, the simulated hand trajectory initially 540

deviated from the straight trajectory [see Fig. 5(b)] and is 541

unable to reach the target. 542

2) Phase 2 (Learning): In Phase 2, the subjects perform the 543

task repeatedly in the DF environment [see Fig. 5(b)]. 544

During the early trials, the hand continues to deviate from 545

the straight line and is unable to reach the target. Over 546

the repeated trials, the hand end effector gradually recov- 547

ers the straight line trajectory similar to that of the NF. 548

This behavior is captured in the simulation results [see 549

Fig. 5(b)]. 550

We note that it is difficult to quantitatively evaluate the 551

simulation in the DF, as the trajectory depends on noise, 552

which is different for each subject. As such, no quantitative 553

analysis is given for the DF. 554

3) Phase 3 (After effects): In Phase 3, the subject perform the 555

task repeatedly in the DF environment after learning dur- 556

ing which the DF is unexpectedly turned OFF at random 557

trials. This causes the after-effect phenomenon in which 558

the hand end-effector trajectory exhibits a straighter hand 559

trajectory compared to the trajectory observed in the NF 560

environment before learning. This was observed in the 561

experiments [see Fig. 5(a)] and was successfully demon- 562

strated in the simulation [see Fig. 5(b)]. 563

It is, therefore, demonstrated that the computational model 564

constructed using the proposed framework is able to exhibit 565

the motion characteristics of human behaviors observed in the 566

experiments using the VF and the DF environment. 567

VI. DISCUSSION 568

This paper introduced a computational framework based on 569

MRILC. This model was used to simulate the experiment that 570

involves humans performing the task of reaching in NF as well 571

as in stable and unstable environments. The spatial character- 572

istics of the results of the simulation compared well to those 573

collected from experiments with human subjects, as appeared 574

from comparison of trajectories and learning [26], [35]. 575

The key feature of this framework is to use an ILC for cap- 576

turing the discontinuous nature of learning observed in the ex- 577

periment. While the control algorithm is relatively simple and 578

does not involve many parameters, it exhibited main features 579

of the behaviors observed in the experiment, in particular by 580

maintaining a similar level of stability. 581
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In the presented framework, iterative learning is applied to582

a linear plant with a known relative degree, thus the nonlinear583

dynamics of the human body needed to be linearized in order584

to demonstrate the stability and convergence of the control al-585

gorithm. Feedback linearization was used here, which assumed586

that the human possesses intrinsic knowledge of the physical587

parameters of his body such as the weight and length of his arm588

that may be in the form of an inverse model.589

An advantage of the framework is its ability to simulate learn-590

ing using the optimized update rates. It should be noted that the591

experiment results used for the optimization are the first trajec-592

tory performed by the subjects when they are exposed to the593

environment and the first trajectory made by the subject in the594

after-effect trials. We subsequently observed in Table I that the595

learning rates of the subjects obtained in the simulation corre-596

spond well to the learning rates in the experimental data.597

Another major advantage of the current framework relative598

to previous models of human motor adaptation is that it can599

be tailored for a particular subject. That is, the current model600

describes the learning behavior of a particular individual rather601

than being a model attempting to capture the general behavior602

of human learning. The reason for this is that the reference603

model (see Section II-B) and the update rates βk [see (8)] are604

constructed from the experiment data of an individual. While605

different individuals can be modeled with the same structure,606

the parameters of the reference models and of the update rates607

are different for distinct subjects (see Table I).608

Since the parameters determines how the model uses the feed-609

back signals such as position and velocity to stabilize the arm610

against environmental disturbances, the clear differences be-611

tween the subjects suggest that people incorporates their feed-612

back differently in their stabilizing strategies, thus advocating613

the need for a individual tailored model rather than a generic614

model. In addition, such framework may be useful or even essen-615

tial in the field of rehabilitation, where patient-specific diagnosis616

and prediction are required. With respect to the rehabilitation of617

motion impaired patients, such as poststroke patients, the update618

rates would serve to provide an indication of the progress of the619

subject/patient in his/her recovery.620

APPENDIX621

It has been stated in Section II that the application of the iter-622

ative control learning algorithm (5) on the MRILC framework623

whose reference and plant models are given by (3) and (4) can624

result in the following statements:625

1) limi→∞ ei(t) = 0 uniformly for all t ∈ [0, T ];626

2) zi(t) is uniformly bounded for any t ∈ [0, T ] and i ∈ N;627

and628

3)
∫ t

0 trace
(
KT

k,i(τ)CCT Kk,i(τ)
)

dτ is uniformly bounded629

for any k = 1, 2, 3, t ∈ [0, T ] and i ∈ N.630

The proof to these results consists of the following steps:631

Step 1 (Error dynamics): Let ũi(t) = ui(t) − u∗(t), the error632

dynamics at ith iteration of the system can be rewritten as633

ėi(t) = żi(t) − żd(t) = Azi + Bui + d(t) − żd(t)

= AM ei + Bũi(t) = AM ei + BK̃i(t)φi(t) (14)

where K̃i(t) = Ki(t) − K∗(t). This error dynamics may be 634

considered as the reflex system since it describes how the motor 635

command inputs from the CNS is related to the error between 636

the actual trajectory and the intended trajectory. 637

Step 2 (Composite energy function): Consider the following 638

the composite energy function: 639

Vi(t) = eT
i (t)Hei(t)

+
3∑

k=1

1
Ωk

∫ t

0
trace

(
K̃T

k,i(τ)CCT K̃k,i(τ)
)

dτ (15)

which is nonnegative for any t ∈ [0, T ] and positive constants 640

Ωk . The difference between ith iteration and (i − 1)th iteration 641

is computed as 642

ΔVi(t) = Vi(t) − Vi−1(t) = eT
i (t)Hei(t)

+
3∑

k=1

1
Ωk

∫ t

0
trace

(
K̃k,i(τ)T CCT K̃k,i(τ)

)
dτ

− eT
i−1(t)Hei−1(t)

×
3∑

k=1

1
Ωk

∫ t

0
trace

(
K̃k,i−1(τ)T CCT K̃k,i−1(τ)

)
dτ.

(16)

Because of the condition that the reference model is strictly 643

positive real, there exists a symmetric positive matrix H and L, 644

a vector q and a v > 0 such that 645

AT
M H + HAM = −qqT − vL

HBM = CT = [ Im×m Im×m ]T . (17)

With identical initialization condition and the error dynamics 646

(14), the first term of (16) can be rewritten as 647

eT
i (t)Hei(t) = eiHei(0) +

∫ t

0

d

dt

(
eT

i (τ)Hei(τ)
)
dτ

=
∫ t

0
eT

i (τ)
[
HAT

M + AT
M H

]
ei(τ)dτ

+ 2
∫ t

0
eT

i (τ)CT K̃i(τ)φi(τ)dτ

≤ −
∫ t

0
veT

i (τ)Lei(τ) + 2eT
i (τ)CT K̃i(τ)φi(τ)dτ

= −
∫ t

0
veT

i (τ)Lei(τ) + 2
3∑

k=1

eT
i (τ)CT K̃k,i(τ)φk,i(τ)dτ

(18)

for any t ∈ [0, T ]. On the other hand, we have 648

trace
(
K̃T

k,iCCT K̃k,i

)
− trace

(
K̃T

k,i−1CCT K̃k,i−1

)

= trace
(
[Kk,i − Kk,i−1 ]

T CCT
[
2K̃k,i − (Kk,i − Kk,i−1)

])

≤ 2 trace
(
[Kk,i − Kk,i−1 ]

T CCT K̃k,i

)
. (19)
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It is noted that the following equation holds649

trace
(
ΘT αβT

)
= trace

(
ΘT αβT

)T
= αT Θβ.

for any square matrix Θ and vectors α and β with appropriate650

dimensions. Using the updating law (8) leads to651

trace
(
[Kk,i − Kk,i−1 ]

T CCT K̃k,i

)

= trace
([

Cβkeiφ
T
k,i

]T
CCT K̃k,i

)

= eT
i βkCT CCT K̃k,iφk,i . (20)

By choosing Ωk to satisfy Ωk = λmax(βkCT C), then (18), (19),652

and (20) yields653

ΔVi(t) ≤ −v

∫ t

0
eT

i (τ)Qei(τ) dτ − eT
i−1(t)Hei−1(t) ≤ 0

(21)
The finiteness of Vi(t) is ensured provided that V0(t) is bounded654

for any t ∈ [0, T ]. Note that since u0(t) ≡ 0 for any t ∈ [0, T ],655

d(t) is uniformly bounded for any t ∈ [0, T ], y0(t) of the system656

(4) is uniformly bounded even though the matrix AM may not657

be stable. As yd(t) should be bounded over a finite time interval,658

e0(t) is bounded. In the sequel659

V0(t) = eT
0 (t)He0(t)

+
3∑

k=1

1
Ωk

∫ t

0
trace

(
(K∗

k )T (τ)CCT K∗
k (τ)

)
dτ

is bounded uniformly as K∗
k (t) is bounded for any k = 1, 2, 3660

and t ∈ [0, T ].661

Step 3 (Convergence of tracking error): For any i ∈ N, it662

follows that663

Vi(t) = V0(t) −
i∑

j=0

ΔVj (t) ≤ V0(t) −
i∑

j=1

eT
j−1(t)Hej−1(t)

(22)
the boundedness of V0(t) and the finiteness of Vi(t) ensures that664

limi→∞ eT
i (t)Hei(t) = 0. As the matrix H is a positive definite,665

we can conclude limi→∞ ei(t) = 0. Moreover, as ei(t) is uni-666

formly continuous, we can conclude the uniform convergence667

of the tracking error along the iteration domain.668

Step 4 (Boundedness of the signals): As Vi(t) is uniformly669

bounded for any iteration, for any t ∈ [0, T ]. Therefore, the670

output signal at each iteration yi(t) is uniformly bounded and671 ∫ t

0 trace

((
K̃k,i

)T

(τ)CCT Kk,i(τ)
)

dτ is uniformly bounded672

for any k = 1, 2, 3 and i ∈ N . �673
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