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Scott T. Grafton, and Francis J. Doyle IRgllow, IEEE,
Abstract—We develop a framework for model selection, using structured ad unstructured linear time invariant control models, to
describe human motor behavior for individual trials of a compensabry tracking experiment. We develop new metrics for
quantifying performance and learning across trials using state spee model parameters. Changes in metric parameter values
obtained from the control model estimates are used to charactize learning. Classification of participants based on error
performance provides a means to test how it relates to a set of metparameters that describe both performance and learning.
We highlight the many benefits of using unstructured models, includig the ability to quantify the evolution of the human control
policy across trials.

Index Terms—System identification, State space methods, Output feedbaclkGognitive science.

. INTRODUCTION analysis are potentially problematic because the contiidy
for human motor performance and the model for human

: d tified in Vi i d " h Motor learning are unknown. Thus, many simulations use
lor, and quantiied in ViSUomotor- experments as a Changiy qimplest possible task-related control policy andriir

in performance via reduction of error over training. Boﬂ}nodel, such as a PD controller. Despite these limitations,

gompentsattory atn d lpursm_ut ttr)ackmg (Ie>t<r[])er|ments arte_ usF“dr_é\(tgently proposed models of motor learning have captured
emonstrate motor learning because: the movement Is €oNfifl, oo qtg of learning through improved predictive capabi

uous, the input signal can be predictable or irregular, aed t't of performance [5]. Alternatively, subspace identifioa

. . A o
cursor mgvement can be determined t.)y p05|t|op, velocity, 9¥akes very few assumptions about model structure and has
acceleration of the controller [1]. Previous studies désck

visually guided control as a feedback controller [2], [3heBe previously been used to verify the quality of fit for compgtin

del d irol poli ; hich di erformance models (optimal, nonlinear, etc.), to estnsédte
MOCEIS used control polcy parameters, which are GireCly,, .o parameters that relate directly to physical expetahe
related to the task, to describe performance. Learning w;

described in terms of simple error reduction. However, rerr antities such as error and change in error, and to estimate
P ' ’ Berformance models for individual subjects for trials @bl

alone do.es not yield insight into thellntrln_sm system dyitam across time [7], 8], [9].
Modeling motor control and learning with performance data At the current time, models of human learning are lacking in

is_challenging because. the model structure is intrinsyca,léeveral important aspects. Notably, they exhibit resiéuadrs
unknovx_/n_and must be inferred from the r_neasured bEhaV'_m'predicting participant performance. Furthermore, mafhy
Thus, it is necessary to make assumptions ab_out putatjye proposed model structures do not change within trials
control models. The recent literature has described perfof ¢ yrial-to-trial, and few capture individual diffenees
mance and learning in a two-step process: 1) |dent|f|cat|%m participant-to-participant. Most importantly, teedoes

of the control policy with direct labeling of feedforward can not exist a unifying framework that allows for the compariso
feedback parameters and 2) iterative estimation the states of performance, learning, and predictive parameters e
parameters of the control policy model using Kalman filtgrin, 4|5 Accurate, simple, and easily customizable tyal-b

based analysis [4], [5]. Motor performance is also desdribg,| models are needed in order to quantify the progression
in the context of optimal control theory, showing that husiary¢ |oaming and assist in the process of understanding what

qptimize perfqrmance _by mir_1imizing a cost functiqn thaF hap':hysical and/or behavioral parameters are important imger
linear quadratic behavior. This approach can explain uaga ¢ oo learning. There already exist tools to validatei-ind

in response behavior [6], [7]. Approaches that incOrpoEate, iy a1 control models and determine how well they predict

control policy with either Kalman filtering or optimal cootr human data. For competing models, the question then arises
3. A, Abdur-Rahim is in the Department of Mechanical Engifragr how can one determine which model is best for describing
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(PD). The PD controller was a natural choice because it is the
most widely employed approach for characterizing feedback
control, and the proportional and derivative parametees ar
properties inherent to motor control. The Numerical Subspa
State Space System Identification (N4SID) algorithm wasl use
to model motor performance. We focus on data from a 1-
dimensional visuomotor compensatory tracking task whuge t
cursor movement is based on the velocity of the motor output
[5]. In the experiment, described in more detail in Sectibn |
the subject views a centered vertical stationary red baraand
vertical moving yellow bar that is perturbed by an external e P P N
input signal. The task involves moving the yellow bar, by (a) Participant performing an identical visual motor com-
applying force to a fixed knob, so that it is centered and align pensatory task.

with the red bar. The error in the experiment is then caledlat
using the Root Mean Square (RMS) measure. The experiment

was originally designed to measure changes of tracking erro
when the input signal is repeated and sufficiently simplé tha
it can be predicted after practice.
After model validation for each of the three models, we use
the model prediction, feedback, and feedforward paraméter
identify the best model that describes human motor behavior
Our approach provides a solution in terms of model selection (b) Typical view of the computer screen during a tracking
based on the additional parameters (feedback, feedfoyward trial.
to compare amongst competing models. Selection of the begj. 1: Behavioral experimental set-up and a snapshooteof th
model to represent human behavior is not solely based @&mputer screen for a typical trial.
model prediction, but on trends in the feedback and feedfor-
ward parameters that confirm or relate to existing human moto
behavior attributes. seconds of rest, and ending in 35 seconds of rest. The goal
This paper is organized as follows. Section Il (Methoddpr each trial was to rotate the knob to keep the yellow bar
discusses the construction of the three models, experaheritom deviating from the red bar. All data was collected at a
setup, and pre-modeling analysis. Section Ill (Results¥@nts constant sampling rate of 0.0079 seconds for each data. point
the collected data in time and frequency domain and model
comparisons for model performance, feedback, and feedfEr- Data preprocessing
ward. Section IV concludes with a discussion of how models Before models were constructed, the participants’ perfor-

compared with one another based on the framework. mance and the input disturbance function were preprocessed
using the same methodology used in [5]. That methodology
Il. METHODS included filtering (fifth-order Butterworth filter), calation

of velocity and acceleration, and removal of extreme orglie
Results for the leftarctan input are shown to illustrate key
We used data for nine right-handed adults from an exesults; the error reduction trend for the left and righttan
periment performed over a period of four days [5]. Onmput were similar except that the total normalized average
subject was excluded because the data set was incomplgiedian error for the righarctan was 0.83, whereas the left
The participants had normal corrected vision and learnedagtan was 0.18. Figure 2 shows representative data for a
visuomotor compensatory tracking task driven by a pair @éft arctan input that corresponds to position control. The
symmetricarctan input functions, one to the right and onecursor started to the right of the center of the screen and
to the left, which alternated from trial to trial. Particiga slowly moved to the center. The middle subplot shows the
viewed a computer screen similar to Figure 1(b), where rymerical derivative of the top subplot, i.e., velocity toh
stationary vertical red bar that serves as the target Isisethe bottom subplot shows the numerical second derivative of
the white area of the screen. The knob controls the latetgk top subplot, i.e., acceleration control. A standard suea
pOSitiOﬂ of a second, thick yellow vertical bar. The cursas h of participant performance in motor |earning experime;sts i
velocity control movement, thus the angular position of thgiodel error; the participants’ error is a direct indicator f
knob translates into the velocity of the cursor on the screejuantifying the amount of learning. The root mean squared
There were four runs each day, each of which consisted @tor (RMSE) corresponding to position control was individ
26 tracking task trials. Participants used their right hamd yally calculated for the eight participants as
respond to 13 trials where ttagctaninput drove the cursor to
the left, and 13 trials where trerctan input drove the cursor
to right. Each run started with 30 seconds of rest, followed
by 10 seconds for the tracking task trial alternating with 10

A. Experimental Setup

RMSE = 1)
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Fig. 2: The subplots show the raw data of the input, output, (a) Normalized RMSE of all subjects.
and error signal, for one participant during one trial imesr iF

of position, velocity, and acceleration control respesdtiv ool

0.8f

0.7f
The RMSE is computed for each trial, whergis theith entry

in the N x 1 error vectore for each trial.N is the length of
the input and the output signalN (= 1900).

It was inferred that participants learned the tacctan
input functions over the progression of the experiment beea

. = |
their RMSE decreased. One-way ANOVA was performed to o2t % é é 1
EG2 EG3

0.6

RMSE

L .
0.5 H
0.4

0.3r

quantify intersubject and intrasubject variability [1®}artic- o1
ipants’ performance error differed significantly acrodals AVG EG1
such thatF'7 1656 = 981.82, p < 0.05. Intersubject variability
was further quantified via multiple comparison analysisigsi

the mean of the measured output, whereupon participapi§. 3: Boxplots displays intersubject variability of naatized

were classified into groups. Figure 3(a) shows a box pPIRMSE between all subjects and learning groups.
of the participants’ RMSE data across trials. The centex lin

represents the median, the edges of the box are the 25th and

75th percentiles, the whiskers extend to the most extrengequalitatively clear that the mean of group AVG is similar t
data points not considered outliers, and outliers are gaotithe mean of group EG2. The only difference between groups
individually. The Scheffe test, which uses an F-ratio tdtes AVG and EG2 is the empirical variance.

a significant difference between any two treatment conustio

was then used to determine which participants had similé( Subspace Identification

mean errors. Figure 3(b) shows that the participants were ) ) YN

grouped into 3 categories based on their RMSE. Error GroupSubspace identification methods were used to generate

1 (EG1) was composed of participants 1 and 4, Error GI’OU”E)OdeIS without prior specification of dynamic order. We

2 (EG2) was composed of participants 6 and 7, and Erfopnsidered a _discrete time, _Iinear, and tir_ne-invariantesta
Group 3 (EG3) was composed of participants 2, 3, 5, arf§ace description of a dynamical system, given by

8. Thte purpoifyotfhgml;fpintg pfartici]Pants by their mean erro,r Xp41 = Axy + Brj 4wy 2)
was to quanti e effect of performance error on ones B

control policy. In addition, we wanted to determine how i = O+ Dry 4wy, 3)
many participants were described by the population averaigpe &k = 0,1,..., N — 1. Here,x € R"*! is the state vector,
(AVG). It is standard practice within behavior experimetds r € R™*! is the input signalw € R"*! is the process noise,
average the participant data, with the idea that the grélager y € RP*! is the output signal, angt € RP*! is the additive
number of participants the more likely the participantsl wimeasurement noise. The process noise and measurement noise
be explained by the population average [10]. However, duedce assumed to be Gaussian white noise processes. Closed-
our small population size (eight participants), we qugntife loop subspace identification via the N4SID method was used
number of participants that are explained by the populatido identify the unknown matricesx € R™"*", B € R"*™,
average by comparing the mean error of each of the thre€ec RP*" andD € RP*™ and the state trajectory, using
groups and the population average via the Scheffe test.ofhe the inputr and output datg. n, the dimension of the state

plot in Figure 4 shows that EG2 is statistically similar t@ thspace, is equal to the size of the maximum singular value
population average, thus 26of the participants’ performance matrix for the case when the model order is not fixednd

error is described by the population average. The bottorn ploare equal to 1 because we are modeling a Single Input Single
in Figure 4 shows the RMSE across trials for each of theutput (SISO) system. We removed 125 data points at the start
three groups and the population average. Within this viewaf each trial and 175 at the end of each trial in order to focus

Groups

(b) Normalized RMSE of each learning group.
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system. The green block denotes the feedforward informatio
and the red block denotes the feedback informati6.

is a lowpass filter with transfer functiotqy = ﬁ,
%527%&%1

and G, = ¢ % =~ 2o is the second-order Pad
approximation to account for the psychological motor delay
of approximately 150ms. A lowpass filter is applied to the
internal disturbance signal to correct for disturbandgshat
occur at lower frequencies [18]. For this particular system
the disturbance signal is attributed to reduced attenfitamt
(musculoskeletal) fatigue or random body movement. The

1 error is denoted by, and noise attributed to the experimental
09 el setup and visual feedback is denotedsbfhe complementary
---EG2
0.8 - EG3f

RMSE
o
n
=

L P ]
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Fig. 4: Classification of participants via mean error. Thp to
figure shows the multiple comparison analysis for each mean
error group and the population average. The black indicates
that the two comparisons are similar (F-ratio4.07) and the
white indicates the two comparisons are different (F-ratio
4.07). The bottom figure shows the RMSE per trial for the
3 groups: 2 participants for EG1, 2 participants for EG2, 4
participants for EG3.
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(b) Subspace Identification Control Policy (closed-loop)
in basic state space form.

on the change in the signal. The delay of the sensorimoigyy, 5: Block-diagram models of the brain-body for both PD

system is accounted for in the subspace model by the fact thal subspace identification systems.

the output data points are delayed relative to the input data

points. This delay was assumed to be a constant 150 ms. The _ .

MATLAB System Identification Toolbox was used to generatiansfer function for the PD model is
Y(s)  B2fss+ Bifs

results. Further details of the algorithm are availablelif]]
R(S) B /BQGTS +1- /BlGT .

T= 4)

D. Relationship between PD and N4SID

The three models that were chosen for comparison wekBe subspace identification model generates parameters as
a third-order proportional derivative controller, a thiocher State matricesA, B, C, D). In order to compare the PD and
subspace model via N4SID, and a subspace model via N4SigPpspace models, equivalent input-output realizatioesam-
where the model order is chosen based on the data. IP&fed. The poles of the PD models’ complementary transfer
previous work [5], the motor behavior was described by a Pionction were compared to the eigenvalues of fhematrix
controller and a simple state space model was used to cap®iréhe subspace model. For a first-order ®agproximation,
learning-related changes of feedback and feedforwardraonthis yielded A = det(sI — A) = 1% 4 2. For a second-
parameters across trials. order Pad approximation or higher, we numerically solved

Figures 5(a) and 5(b) show the block diagram model of tH@r the eigenvalues) represents both the poles of the transfer
PD controller model in terms of the frequency domain anf@nction and the eigenvalues of the matrix. The pre-filter
a state space representation, respectively. In both diegraterm s of the PD model was compared to tiiz matrix
the overall model within the blue dotted line represents @ the subspace model) = ;. Henceforth,D will not be
human, including the cognitive internal model, which wavritten in boldface as we are dealing with a SISO system and
associate with the controller and the body internal modél,is scalar. The steady state gaisi)(was calculated for both
which we associate with the plant. The inpuand output Models and compared = lim C(sI — A)~'B + D = e,

y were obtained in terms of voltage from the measuremenhe parameterg; can be written in terms of the state space
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2 parameters, where constructed in terms of signal position and acceleratiora |
3 K previous work, Wohl [17] showed their visuomotor tracking
4 pr = DIK (5) model parameters were more sensitive to input changes in
5 146 terms of acceleration despite ample practice. Given the sim
6 B2 = N2 (6) plicity of the arctan input signal, we also investigated both
7 5 b T @) position and acceleration as model input, in order to test th
8 3= sensitivity for characterizing both learning and perfonoea
9 for a first-order Pa#l approximation. Again, for a second- The Akaike Information Criteria (AIC) [19] and the coeffi-
12 order Pad approximation or higher, each, is numerically cient of determination &) [11] were calculated to provide

calculated, wherad is each eigenvalue. Therefore the numbeét measured of how well future outcomes are likely to be
ig of 3, values depend on the number of eigenvalues. predicted by the models. The AIC is a standard criteria used t
14 Time (sec)
15 Ill. RESULTS 057 148 239 33 42 511 602 693 784 92

===Inpu
16 A. Model validation and performance ° . ng;mg s
14] ——PD=0.94, -

17 Spectral analysis was performed to verify accuracy of the . | Someut s petraeT
18 three models and to investigate frequency related dynamics 10
19 of the data for each group, in terms of signal position. s
;g Coherence and bandwidth were the most relevant spectral §°
29 analysis metrics because they provided a direct interjiwata g°
23 of participants’ physical movements. Coherence is used to 4
o4 measure the fraction of power in the output that can be 2

attributed by a linear relationship from the input. Valuds o 0
25 herence range from 0 to 1; O indicating that th tput and T
26 co _ee ce range 1o oL ca g _a _e output a T°L 200 400 600 800 1000 1200 1400 1600 1900
27 the input are completely unrelated, and 1 indicating thahal Nurmber of Samples
28 output is due to the input. To filter out noise and understand (a) Model results for signal position input signal.

how coherence changed across trials, coherence measuees we Time (sec)
29 . . . 057 148 239 33 42 511 602 693 7.84 9.2
30 averaged across frequencies up to the bandwidth for eath tri NEeErem o
31 The bandwidth was determined by finding the intersection of e 67504.9

the gain crossover frequency for the complementary transfe * $53-0.84,4880238 | 4% .,
32 . e . . © SShest=0.85, 48958.00 :.\\
33 function and the sensitivity transfer function [12]. . A
34 In the experiment we found that as signal output decreased S s
35 across trials, coherence increased. The relationshipelegtw g :
36 signal output and coherence across trials revealed that par f% !
37 ticipants initially produced more power than the input sign B E
38 and decreased their power over trials in order to match the
39 input signal. Change-point analysis was then used to déterm -
40 at which trial significant changes in the coherence occurred w0,
41 [13]. Change-point analysis iteratively uses a combimatib LA A0 OO0 e of Samplas 0 1600 1900
42 CumUIat'V_e sum Char_ts and boots_trappln_g to detgct .Cha"tgeS; (b) Model results for signal acceleration input signal.
43 also provides a confidence level indicating the likelihobaltt
44 a change occurred and a confidence interval indicating whEiy. 6: Comparison of the three algorithms for a given input
45 the change occurred. Change-point analysis on the cohereoarresponding for a trial (trial 30), where the first number
46 data for each group showed the following significant incesasindicates theR? value and the second number indicates the
47 in data p < 0.05): changes for AVG occurred at trials 26, 66AIC value.
48 118, 158, 161, 165; changes for EG1 occurred at trials 23, 110
49 changes for EG2 occurred at trials 1, 58, 128; and changmsnpare model performance for models with differing param-
50 for EG3 occurred at trials 26, 87, 158, 190. The results efer size. Instead of measuring the direct distance between
o1 the change-point analysis imply that participants who leixhi the predicted model output and the measured output, AIC
52 low error make more attempts at decreasing their signal poweeasures an estimate of the distance. AIC is calculated by
53 than other participants. Change-point analysis reveaigithe —2log(L(6|model,r))+ 2K, whered are the estimated model
54 bandwidth remained at a constant average of 0.65 Hz acrpssameters, model represents the SS3, SSbhest, or PD models,
55 trials for all groups, implying that all participants mam the r is the input, andK is the number of estimated model
56 same range of movement frequencies across trials. parameters. The first term is the maximum log likelihood,
S7 MATLAB was used to generate both PD and N4SID modethich is the best fitting curve of the considered model. The
58 estimates for data obtained in the experiment mentioned dacond term is a penalty for over-fitting by increasing the
2(9) Section Il. Even trials were designated for model validationumber of parameters. The model with the smallest AIC is

and odd trials were used for model development. Models werkosen as the model that best represents human response
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2 [—PD---5S3 - SShest]

behavior. Similarly, R? is a metric used to predict future
outcomes on the basis of other related information, such as
validation data. Howeverk? does not penalize models with
larger parameter size and thus could give an inflated pestlict

fit for larger order models. Despite this deficiend? was
calculated to confirm the AIC results as well as provide a
range for how well the models perform on a scale from O to
1. Figures 6(a) and 6(b) show the predicted system response

EG1

3
2T oS

AIC, position

for a single trial of the three models for the AVG group in 9 : T A e Pt
terms of signal position and acceleration, respectivelydoth i : . ;) - - 2
position and acceleration, the AIC aftf metrics reveal that Trials

=——PD=-~--SS3 © SShest

the SS3 and SSbest models predict similarly well and better g2 10"
than the PD model. | i
Figure 7 shows AIC and?? results across trials for the

four groups. The left column shows results for signal positi
and the right column shows results for the signal accetarati
Both AIC andR? metrics show that all three models perform
reasonably well for position and acceleration signal isplr : ‘ ]
addition, for all groups, signal inputs, and metrics, the3SS 1 2 4 60 80 104
model was best at predicting human performance followed
by SSbest and PD. Change-point analysis was performed to

determine which trials the models significantfy< 0.05) over ' 0 © rras % .
or under predicted the output. Changes are denoted by ttle bol _|[==Pp---s53 - Sshes]

square in figure 7. Change-point analysis revealed that more -l )
significant changes in prediction occurred for the signputn

in terms of acceleration than position. This result is expac
because each computed derivative of the performance input
and output produces signals with smaller amplitude ancetarg
variability. The greater the variability of the input andtput
signals the models are less able to predict performancs, thu
resulting in performance fluctuations as well as higher AIC
and lower R? overall values. We further looked at the slope
of the AIC andR? metric in order to determine how quickly
models accurately predict human performance and how error —PD---553 © SShest
influences the models’ ability to predict human performance R
The slope was obtained by performing a linear regression on
the AIC and R? values across trials for all models, groups,
and input signal types. The slopes of tR8 metric for all
models and groups that were constructed from the accelarati
input signal were significantly greater (paired t-tgst: 0.05)
than the corresponding? slopes that were constructed from
the position input signal. The slopes of the AIC metric fdr al
models and groups that were constructed from the accelerati

EG2

AIC, acceleration

EG3

S By WA e

6 o e 0w W ot
dl P ~FER e A e Y

AVG

6] " By Aab P 4D 53 S o=
e IR, Fae @Y Fom 1 QPO Iy 7 e e T
4;..@,,61\,; =g & S y ® I9%8 2 P iy

R?, position

I 2 F e 540 #3 gol, WY LCJr. ] g ®
0 o fheR el By 60N I non, PR R8T, & 0 1® 00
@B, .5 PAGS FERAR B 62 v afS oRAn 1) b

3B i e s D aes 2 S ¥

R2, acceleration

input signal were slightly greater (paired t-tegt< 0.19) to 1 PO e 80 104
the corresponding AIC slopes that were constructed from the
position input signal. Fig. 7: AIC andR? values across trials for both signal position

These results indicate that models constructed from sig@d acceleration for the three models for each learningpgrou
acceleration have more learning related information. RestAIC and R? results are in agreement, for signal position and
described in terms of acceleration capture more subtleqaganacceleration the SS3 and SSbest models predicted similarly
of control than position, thus capturing greater changes Ygll and better than the PD model.
learning. Change-point analysis confirmed that models con-
structed from signal acceleration are more sensitive thaset
constructed from signal p osition. The signal acceleratipnt trials is important in order to display learning. Hencefiorve
produced models that exhibited substantial and consistavill only show results for models with the signal accelevati
improvement in predicting performance, whereas models canput because the focus of the paper is to describe model
structed from the signal position predicted performancth wiparameters in the context of both human performance and
little change in accuracy over trials. A gradual improvemetearning. Despite the fact that the models constructed from
in the models’ ability to accurately predict performanceoas signal position produce more accurate predictid®é £ 0.75 -
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0.99), models constructed from signal acceleratiBh £ 0.04 error was calculated for every 10 trials for each system pole
- 0.91 whereR? > 0.20, 0.30, 0.40, 0.50 for 96, 89%, 78%, to determine if there was a trend in terms of how variablererro
62% of models respectively) produce reasonable predictionkanged over time. For all models and groups, there was no
that are valid for observing human performance. significant change in the variable error for each system pole
Poulton [20] showed that poor trackers have a large constamer time.
position error and a large variable error, whereas goodérac  From a control perspective, having the pole close to the unit
have a small constant position error and a small variabt@.errcircle suggests that the model (human performance) is slow
The variable error reflects the spread of the error distdbut to respond to changes. However, from the vantage point of
However, connections between variable error, mean emar, anodeling human performance we expect the system poles to
model performance remain open. We find that large varigbilibe near the unit circle because human control has inherent de
of error decreases the models’ ability to predict perforoean lays. We expected that both the real and imaginary compsnent
Moreover, models constructed from large variable erroultesof the system poles would decrease as performance improved
in poorer prediction performance than models constructedross trials. However, no significant trends in feedback pa
from large mean error. The variable error and mean positiommeters across trials were found. The SS3 and SSbest models
RMSE for each group was quantified, such that [EG1, EGRad imaginary components whereas the PD model did not.
EG3, AVG] = [0.0385, 0.0920, 0.0223, 0.0270] for variabl&ystem poles without complex components define exponen-
error and [0.3616, 0.1756, 0.1145, 0.1839] for mean RMStally decaying components in the system response, whereas
The mean AICR? and AIC/R? slope were quantified for system poles with (stable) complex components generate a
each model for each group. EG2 had the largest varialftfecaying) sinusoidal response. The output in Figuresa{d)
error, similar mean RMSE to EG1 and AVG, the lowess(b) resemble decaying sinusoidal behavior, thus imaginar
mean AICR? values, and the greatest AIR7 slope. EG2 components of the system poles may be intrinsic to enhanced
had greatest improvement in performance over trials becausodeling of human motor control.
the variable error decreased substantially over trialsvéver,
EG1 had the largest mean RMSE but similar values f% Feedf d
variable error, mean AlG#2, and AIC/R? slope with EG3 and ~- "cediorwar
AVG. This shows that the variable error is a good indicator of Since the feedback components remain constant throughout
model performance. the experiment, the primary reason for improved partidipan
performance can be presumed to be a feedforward mechanism.
The D term is the parameter in the state space formulation
B. Feedback that directly relates the input to the output. The state epac
In each of our models, the parameters that describe feedb&mknulation of x;.1 = Axy + Bry + wg, yr = Cxi +
are 31, (B2, and the poles of the system transfer functiobr; + v shows that the relationship between the inpatnd
or the eigenvalues of thé matrix. In subsection 1I-D,G; the outputy of the system is the parameter D. Because D is a
and (3, were defined as feedback parameters correspondsaalar it was found equivalent to thy parameter in the PD
to the structure of the PD model and calculated in terms pfodel as shown in subsection II-D. However for the case of
the state space parametefs. represents feedback in termanmultiple inputs and outputs, D will be a matrix where each
of position control and3; represents feedback in terms oentry within the matrix relates each input to each respectiv
velocity. The poles of the system transfer function repmeseoutput.
the entire system feedback. The PD and SS3 models have threerom a physical standpoint, D is the amount of information
system poles, and the SSbest model has three or four systhat directly and instantaneously contributes to the dutpu
poles depending on the trial. performance. Thus, it represents the knowledge of perfaymi
The mean and slope of the three feedback parameter wre task. We define learning as the change in the knowledge
calculated in order to determine the evolution of paransetesf performing the task. Knowledge of performing the task
across trials. The slope was obtained by performing a line&fers to an acquisition of both skill and strategy, for epém
regression on thg, and 3, parameters, and the real part othrough experience participants’ understand how mucheforc
the poles of the system transfer function, for all models artdey need to apply to the knob or when and for how long
groups. The mean oy, (32, the real part of the system poleshey should apply the force. We perform linear regression on
across trials, for all models, and groups were 0.5, 1.5, abdover trials to quantify the amount of learning via the slope
0.9 respectively. The slope of,, 3., the real part of the Figure 8 shows D plotted across trials. Change-point aisalys
system poles across trials, for all models, and groups wevas performed to detect where significant changes occurred
0.0002, 0.0002, and -0.0001 respectively. The imaginarispaover trials. Changes are denoted by the bold squares. EG1 did
of the system poles were analyzed in terms of variable errapt show any significant changes in D across trials. This is
The variable error of the imaginary part of one of the systeaxpected due to the high mean error. EG2 showed a significant
poles (eig2) for SS3 and SSbest was significarply<(0.05) change in D beginning at trial 65 and 84 for the PD and SS3
greater than the other system poles for all groups. Suchitteat models respectively. EG3 showed a significant change in D
variable error of eig2 for PD, SS3, and SSbest was 0, 0.03&ginning as early as trial 15 for the PD model and trial 21
0.04 and the variable error of the other system poles for Py the SS3 model. AVG showed the combined effects of the
SS3, and SShest was 0, 0.016, 0.016. In addition, varialplevious 3 plots.
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Fig. 8: D, the knowledge of performing the task, acrossdrial
for the three models for each learning group. Change_poﬁg. 9: The predicted model order distribution across grfat
analysis revealed that participants’ (EG3) with the lowe&@ach learning group. The distribution reflects the evotutid
mean error learned faster than other participants, wherd@g participants’ control policy over time. Participanthwthe

participants’ (EG1) with the highest mean error did not sholgrger variable error (EG2) produced higher order modeds.
any significant changes in D. the particular input signal, the most suitable control @olio

describe participant behavior resulted in a third-ordedeho

Thus we can infer that participants with the lowest mean
error learned faster than other participants. However, @ dior group EG2. EG2 resulted in fourth-order models instead
not capture learning trends for participants with mean rerref third-order models because of the large variability ie th
equal to or greater than EG1. The slope for each model f@ifor data. EG1 had the greatest mean error and EG2 had the
all learning groups was calculated. The slope for all modeggeatest variable error. Larger variability in error leddsa
and groups EG2, EG3, and AVG were statistically similahigher order model despite mean error. Large fluctuations in
although the SS3 and SSbest models had a larger slope thinerror signal will be included in the model because they
the PD model. Thus, participants in groups EG2, EG3, a@@pear to be important additional system dynamics. However
AVG learned the same. These results show that by additigour case the variability is part of the system itself, tlus
an additional preprocessing step of separating partitspayn  higher order model is the most appropriate choice to capture
their mean error, we can extract more information from mod#éle dynamics. In addition, for all groups, as error varigpil
parameters, such as how performance error effects leartinglecreases over time, the model order approaches third-orde
is meaningful to be able to quantify how participants learero
time because that is the first step in systematically deusdop IV. DISCUSSION

new ways to predict and improve ones’ ability to learn. One ) o ) )
The main contribution of this paper is to develop a frame-

additional point to mention is that D for individual trials K for h ) . e o f
represents only a snapshot of the feedforward informatioffo'< for how to interpret periormance and learning for a
an control model in the state space form. The framework

Each snapshot does not tell us how much learning influen i ) -
the next snapshot. Thus, D displays only incremental IagrniconS'StS of identifying feedforward and feedback statecspa

over time and does not reveal the accumulated learning Riframeters, evaluating the models’ ability to predict thgpot
learning mechanisms operating across multiple trials. for each trial, and performing an additional preprocessteg
to reduce internal noise by grouping participants by theam

error.
D. Evolution of the policy over trials We use three models as examples to demonstrate how to
As mentioned earlier, one of the unique advantages of thelect the most appropriate model that best describes human
N4SID algorithm is that the model order can be predictedotor performance and learning based on the framework. The
directly from the data. Thus, we can determine the complexithree models that were chosen for comparison were a third-
of participants’ control policy over time. If the model orde order proportional derivative controller, a third-ordebspace
is unknown for the N4SID algorithm, the number of mostmodel via N4SID, and a subspace model via N4SID where
significant singular values in one of the matrices desqgiltire the model order is chosen based on the data. We hypothesized
mapping from the input to the output will determine the modehat the N4SID subspace identification model will be able
order. Figure 9 shows how the predicted model order vari¢a better predict the output of a given input signal than
over trials for each group. Each bar was obtained by summitige PD model because N4SID offers a very flexible model
the number of predicted third and fourth-order models fatructure. In agreement with our hypothesis, for all lezgni
every 10 trials. The 11th bar only contains 4 trials, but it igroups, signal inputs, and metrics the SS3 model was best
scaled to reflect 10 trials so it is comparable with the otfter &t predicting human performance, followed closely by SEbes
bars. 7%, 72%, and 6% of the 104 trials resulted in third- and PD. The results show that the SS3 model predicted the
order models for groups EG1, EG3, and AVG, respectiveljata slightly better than SSbest model because the SShest
and 84% of the 104 trials resulted in fourth-order modelsnodel was trading-off performance to account for varigpili
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in the data. We hypothesized that models constructed froanput-output data the greater the number of model paraseter
the position input signal will have excellent performaneg b needed to describe behavior. In the context of our expetimen
little learning-related information due to their initiat@racy, we found that participants’ variable error decreased avalst

whereas models constructed from the acceleration input sigus participants will adopt a lower order model over time.

nal will show average performance and substantial learning In motor learning experiments, it is standard procedure to
related information. AIC and:? metrics showed that all threeacknowledge individual subject differences and average th
models perform similarly well for position and acceleratio participants to bolster a reliable dataset. We showed that a

signal inputs. In agreement with our hypothesis, the signedaging participant performance statistically represeéranly
acceleration input produced models that exhibited subst®%% of the population, therefore we argue that classification
tial and consistent improvement in predicting performancef participants is necessary to accurately describe pagoce
whereas models constructed from the signal position ptedlic for small population groups.

performance with little change in accuracy over trials.
We have developed new metrics for quantifying perfor-
mance and learning across trials using state space model
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it is well known that the state space realization can have
infinitely many realizations. Characterizing system bétrav
in terms the eigenvalues and D is sufficient because the stafé
space models are in terms of their minimal realization, thug,
the concern of parameter cancelation is avoided. In acditio
we showed that the eigenvalues and D exhibit expected systd#h
related dynamics. For example, the eigenvalues were faund t
be near the unit circle with both real and imaginary compof4]
nents which correspond to sensorimotor delays and movement
respectively. D showed statistically significant increasger
trials, corresponding to learning. The bandwidth and cehes
results revealed the method of how participants improveit th [6]
performance. Spectral analysis results showed that jpeatits
did not physically alter the speed of their hand movements tp]
improve performance, but they acquired skills and strategi
about how and when to apply force to the knob. (8]

We showed how model performance, feedback, and feed-
forward parameters are influenced by both the mean and
variance of the error. In agreement with system identifocati
theory, we found that large variability between the input
and output signals decreased the models’ ability to predlct
performance. However, this finding is insightful because Wil
have a quantitative marker for how much variance we can;
allow in our data and still produce reliable models. The ltssu
in this manuscript suggest that using input-output datdn witt?!
a variable error of approximately 0.4 or lower will lead tq;3
reasonably predictive models. The feedback parameters did
not show any significant trends across trials for any of tH&
learning groups. The feedforward component showed thag
participants with the lowest mean error learned faster than
other participants. However, participants with the latgesan
error did not show any significant changes in the feedforwaLdﬁ]
component.

With the use of unstructured models, we confirmed that /]
evolution of the human control policy is dependent on tlﬁg]
variability of the data. The larger the variability betwete
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