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Summary

Introduction: Motor adaptation is the process of adapting a movement plan to unexpected results
due to a changing environment or changes in physical performance. Using the theory of optimal
forward control this process can be described using using a forward control model with two learning
parameters and two noise factors. This study will use Bayesian inference and a No-U-Turn sampler
to estimate these learning and noise parameters from movement data from a reaching task in a small
(N=60) and a large dataset (N=2226).

Methods: In total, six models were created and tested following a state-space model for adaptation.
Three models used the same hierarchical design for the learning parameters and compared different
hierarchical approaches for priors for planning noise (o, and execution noise (o). The other three
models used the same non-hierarchical design for the noise parameters and compared different
hierarchical hyperpriors and a non-hierarchical design for the learning rate (A) and adaptation rate
(B).

Results: For the smaller dataset, the same issue was seen for all model designs, where the posterior
distributions of o,, are heavily skewed toward 0, with the HMC unable to converge (R > 1.1). For
the large dataset a non-hierarchical approach for both the learning parameters and noise parameters
was able to converge for the majority of subjects for all four parameters.

Discussion: While none of the models performed perfectly, in this paper a model is created that is
able to quantify motor adaptation and motor noise from visuomotor task data in a large dataset of
2226 subjects. In the future this model can be used for further research into neurological and genetic
factors that influence motor adaptation.
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1. Introduction

Motor adaptation is the process through which a learned movement is adapted to a changing
environment. This process can even be seen in simple motor tasks such as reaching for an object,
where the pattern of movement is constantly being adapted to changes in physical performance of
the individual resulting for example from fatigue, and to changes in the environment resulting from
for example wind. (1, 2) The speed of this process differs greatly from person to person and can
be influenced by a combination of neurological and genetic factors. (3, 4) This combined field of
population neuroscience has seen growing interest over the past decade. (5, 6) The near infinite
number of combinations of genes and environments means that a very large sample size is necessary
in order to reasonably draw conclusions from a study into their effects on cognitive neuroscience. The
Generation R (GenR) study is such a large cohort study that studies the role of environmental and
genetic causes in the growth, development and health from fetal life until young adulthood. (7-9)
Within this cohort, data was gathered on the individual genetics and environmental exposures of
the participants, and, among other tests, a motor adaptation reaching task was performed and MRI
imaging was performed. This study will describe how motor adaptation can be quantified and will
apply this method to the large GenR dataset so the adaptation data can be used for further research.

The theory of optimal feedforward control (OFC) describes motor adaptation as a computational
feedforward model, where the nervous system uses a combination of a predicted movement plan
and sensory feedback received during movement to optimize movement control and to correct for
movement errors. (10) The rate at which motor adaptation takes place can be described using two
learning parameters related to retention and adaptation. Alongside these learning parameters, the
motor adaptation rate is also influenced by variability introduced in the execution of the movement
plan and in the processing of sensory information. (11) The variability in movement execution is
referred to as execution noise and stems from variability introduced in the sensorimotor pathway
in the recruitment of motor units. (12) The variability in the processing of sensory information is
referred to as planning noise and stems mainly from processing of sensory information in the premotor
cortex. (13)

While these noise factors and the learning parameters can not be observed, it is possible to estimate
them using Bayesian inference. Bayesian inference modelling uses a joint probability distribution of
all observed and unobserved parameters in a problem to estimate a probability density function for
each of these parameters. (14) Because the Bayesian approach results in a probability interval, it is
well suited to estimate the noise and learning parameters, which are inherently stochastic in nature.
(15)

Bayesian inference can also be used to give the model a hierarchical nature, where parameters are
simultaneously estimated on a group level, on a per-subject basis and for each trial of a specific
subject. (16) This means that the model more closely portrays the hierarchical nature of motor
adaptation, where some learning parameters change depending on the conditions of the specific trial,
while others are used to describe the behaviour of the individual participant. (17) The outcomes of
the model are also more robust to variance between subjects.



The model outcomes are inferred using a Markov Chain Monte Carlo (MCMC) method. MCMC
methods create sequences of samples that converge in a target probability distribution. Several
chains of samples are created, starting in random points that substantially differ from each other.
New samples are added to the chain based on a likelihood that is assigned by an algorithm. (18)

Several algorithms can be used to obtain this sequence of samples. In this study, the No-U-Turn
Sampler (NUTS) algorithm was used. (19) NUTS is an extension of the Hamiltonian Monte Carlo
(HMCQ) algorithm, that uses a leap frog integrator to propose new point to sample in the state-space.
(20, 21) This reduces the correlation between steps when compared to other MCMC algorithms such
as the random walk Metropolis and the GIBS sampler. This means that fewer samples are needed
in order to converge to a target distribution, which improves efficiency. A drawback of HMC is that
manual tuning is necessary for the algorithm to work correctly. NUTS removes the need for manual,
making it easier to implement without sacrificing efficiency. (19, 22)

Van der Vliet et al. 2018 (11) has previously shown that Bayesian modelling can be used to extract
planning and execution noise, retention rate and adaptation rate from a visuomotor adaptation task
using a GIBS sampler. However, the lower efficiency of this MCMC algorithm hampers the usability
of this model for a larger dataset like the Generation R study. This study will improve on this model
by redesigning the model using a NUTS sampler in order to raise the model's efficiency, which will
allow for the use of a large dataset.



2. Methods

2.1 Model design

The Bayesian model that was used is based on the following first-rate model:

z[n + 1] = Azln] — Be[n] + 1[n] (1)
e[n] = yln] + pln] (2)
y[nl = z[n] + €[n] (3)

Here, y[n] is the measured movement angle of an individual subject at trial n. Movement angle
y[n] is dependent on the intended movement angle x[n] and a noise factor €, which signifies execution
noise. This is a factor for variability stemming from noise in the sensorimotor pathway. (12)

The planned movement x[n+1] is dependent on the previous movement plan x[n], the retention
rate A, adaptation rate B, the error e observed in the previous trial and the planning noise 7. The
observed error is determined as a combination of the movement angle y and the applied perturbation
p. Planning noise stems from variability in neuronal processing of sensory information.

The model was created and tested using the PyMC library (v5.16.2) for Python (v3.12.4). (23) .
Several model designs were tested using hierarchical and non-hierarchical models for the estimation
of the noise- and learning parameters. A general visualization of the model is shown in fig. 1.
This visualization uses a hierarchical approach for the noise and learning parameters. In this study
several designs were used that adapted parts of the model as explained in the following sections.
Visualisations for each of these models and the distribution shape of the model's priors can be found
in Appendix A.

2.1.1 Non-hierarchical noise models

Four models were designed using a non-hierarchical prior for the noise parameters, with differing priors
for the learning parameters. The noise parameters 1 and ¢ were modelled as zero-mean Gaussians
with standard deviation o, and .. o, was defined as I'(1,0.5%) and o, was defined as I'(4, 1).

The distribution of the learning parameters A and B were specified in the model as a normal
distribution in the logistic space using a standard logistic function. This distribution was sampled
using three separate specifications. The first set of priors used informated hyperpriors 4, pup, o4
and op as shown in table 1. These priors were chosen in order to represent information from previous
studies (11, 17), but without constraining the results of the model. In order to assess the robustness
of the posterior for the chosen priors and to check for possible bias introduced by the priors, a second
set of priors was used for the same general model design. These priors (Table 1) were much wider than
the previous prior set, while still retaining the expected relative size of A and B, with the retention
rate (A) expected to be greater than the adaptation rate (B).
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Figure 1: Visualization of the designed Bayesian model, showing the prior distributions of each parameter in
the model and their codependence

| Xnr1 = AX, — B(p+x,+€)+n

Table 1: Hyperprior distributions of learning parameters

HA 1B OA 9B
Informed priors N (4,0.25%) N (-2,0.25%) T(0.5,0.25%) T(0.5,0.25%)
Wide priors N(2,1) N(-2,1) I'(1,0.5) I'(1,0.5)

In a third hyperprior specification, a non-hierarchical design was used for the learning parameters,
defining the logit-normal distributions A and B directly as

A~ P(N(2,0.5%))

B ~ P(N(-2,0.5%))

2.1.2 Hierarchical noise models

The models with a hierarchical description of the noise parameters used the determined the learning
parameters using a hierarchical design with informed priors as described in table 1. Several methods
were used to define the hyperpriors for the noise parameters o, and o..

In the first model, 0, and o, were defined as a gamma distribution with gamma hyperpriors on
the mode and variance.

Var(o,) ~1(0.5,0.25%)  Mode(a,) ~ I'(1,0.5%)

Var(oe) ~T(4,0.5%)  Mode(o.) ~ T'(0.5,0.25%)

Second, a non-centred parametrization was used on the prior of the planning noise. (24) This
was done in order to guide the posterior distribution of the planning noise away from 0. Using this
method, o, was sampled from a gamma distribution with a mode sampled from a gamma prior and
a variance defined as mode * vVporm, Where vyorm is @ gamma distribution with a fixed high density
interval (HDI) between 0.1 and 5. Generally, a non-centred parametrization is used when dealing
with areas of high curvature in the probability space, so called funnels. These funnels can prohibit the



algorithm from efficiently exploring the posterior distribution. (25) Alongside this effect, the chosen
Unorm €nsures that the variance of the prior for o, at minimum will be 10% of the mode, which is
positive and greater than 0.

In the third model, o, and o, were not sampled directly but were defined as components of the
total noise o7, where 02 = px o}, and 62 = (1 —p) x0},,,;. The variance ratio p was sampled
from a logistic normal distribution to ensure a range from 0 to 1. 0ytq; Was sampled from a gamma
distribution with hyperpriors for p and o defined as

i~ T(20,1)

o ~T(1,0.25)

2.2 Dataset

For the design and testing of the model two separate datasets were used as observed data for y[n] in
eq. 3. The first dataset consisted of reaching data gathered for Van der Vliet et al. 2018. (11) This
dataset consisted of 60 participants with 900 trials for each subject. The second dataset contained
data gathered in the Generation R study. This dataset consisted of 2226 participants with 110 trials
for each subject. The first dataset was used to create and test the model designs. The second dataset
was then applied to the same models in order to test the robustness of the models.

2.2.1 Experimental design

The experiments used for both datasets followed similar design for the reaching task. The participant
is seated in front of a horizontal opaque surface, while holding a robotic handle under the surface
obscured from view. On this surface a cursor and a target are projected. The cursor is controlled by
moving the robotic handle. The participants were instructed to perform a straight shooting movement
and only decelerate when the cursor has moved past the target. When the cursor has moved a distance
from its origin equal to the distance between the origin and the target, the movement is dampened
by a force cushion and the handle moves back to the origin position.

Set 1 consisted of 450 baseline trials and 450 perturbed trials, in which the perturbation is applied
in a stepwise manner increasing by 1.5° every 8 to 12 trials until reaching 9° and then switching in
the opposite direction until -9°. (Fig. 2a) Set 2 consisted of 20 baseline trials and 90 perturbed
trials, with the perturbation increasing by 2° every 5 trials up to 8° and switching in the opposite
direction until -8°. (Fig. 2b)



(a) Dataset Van der Vliet et al. (b) Dataset GenR
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Figure 2: Experimental designs of reaching tasks

2.3 Model evaluation

The models were evaluated on an individual level by assessing the reliability and robustness of the
results, the model efficiency and the predictive accuracy of the model.

The reliability and robustness of the results were assessed using the Gelman-Rubin diagnostic R.
(26) This is a score for the convergence of chains. When all chains converge to the same distribution,
R converges to 1. Generally, it is recommended to aim for R < 1.1. (27, 28)

Besides the posterior distributions that follow from the models, the models were evaluated based
on efficiency. In Bayesian modelling this can be done by visually comparing the transition energy
density and the marginal energy density distributions. Hamiltonian Monte Carlo uses changes in
energy induced by what is called momentum resampling to explore the target distribution. When the
transition energy distribution induced by this momentum resampling is similar to the marginal energy
distribution corresponding to the target probability distribution, the algorithm can easily explore the
relevant energies, improving robustness and leading to small auto-correlations in the Hamiltonian
Markov Chain (fig. 3). (29) The comparison is quantified using the Bayesian Fraction of Missing
Information (BFMI). When BFMI — 0 the momentum resampling induces slow exploration and BFMI
— 1 showing that the momentum resampling effectively generates draws from the marginal energy
distribution. (30)

The predictive accuracy of each model was determined using Pareto Smoothed Importance Sampling
Leave One Out Cross Validation (PSIS LOO-CV). The expected log pointwise predictive density
(ELPD) that is produced by this method can be used both to evaluate individual models as well as
a way to compare the different models. (14, 31)
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Figure 3: Example of the marginal energy distribution 7 and energy transition density map of an efficient
Hamiltonian Monte Carlo Chain. From Betancourt 2016 (29)
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3. Results

3.1 Dataset evaluation

Outliers were previously removed from the dataset from Van der Vliet et al. as described in the paper.
For the GenR dataset, trials were removed when the reaching angle was greater than 45°. Due to
recording errors that would often occur during the early trials, the first five trials of each subject were
removed. Analysis of the datasets show that the GenR data contained a lot of missing data (fig.
4B).

40 T T T T T T T T T 600
35 1 S
500 - |
30
400
25 |
20 1 300
15
200
10 1
100 -
sl J
0 B ‘ s . . . m 0 —
0 20 40 60 80 100 120 140 160 0 20 40 60 80 100
Missing Trials (N) Missing Trials (N)

Figure 4: Number of missing data points per subject for the dataset from Van der Vliet et al. (A) and the
GenR dataset (B)

3.2 Dataset 1 (N=60x900)

First, the dataset used by Van der Vliet et al. (11) was used as observed data to run the previously
described models. A summary of the combined posterior distributions of the learning and noise
parameters across all subjects is shown in table 2. For an overview of the reliability of these results,
table 3 shows a count of each data point where B > 1.1 for each learning and noise parameter.

Table 3 shows that for all models, the parameter o, does not converge well, with R > 1.1 for
between 86.67% and 100% of all subjects. While the hierarchical noise models show fewer o, sample
distributions with & > 1.1 when compared to the non-hierarchical noise models, these results are still
not believed to be better. This is because the probability distributions for o, are strongly weighted
towards 0.0, which is unlikely to be an accurate estimation, based on results from previous studies.
(11, 17)
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In order to get a better understanding of the performance of each model, the distributions of R of
the parameter o,, for each subject per model are shown in figs. figs. 5 and 6. These figures show that,
while the number of data points where R > 1.1 is similar, the convergence for these parameters in
the models with a hierarchical design for the noise parameters is much worse. The median R for the
models with a non-hierarchical approach for the noise parameters are 1.49 (Informed prior), 1.50 (Wide
prior) and 1.91 (Non-hierarchical learning parameters). For the models with a hierarchical approach
for the noise parameters, the median R are 2.18 (Gamma prior), 2.44 (Non-centred reparametrization)
and 2.49 (Probability ratio).

Table 2: Posterior summary of group level learning and noise parameters. NH: Non-hierarchical; NC:
Non-centred

Model A B Oc oy
Median [94% HDI] Median [94% HDI] Median [94% HDI] Median [94% HDI]

Non-hierarchical noise models

Informed 0.98 [0.97, 0.99] 0.16 [0.06, 0.31] 2.5[1.7, 4.1] 0.19 [0.00, 0.75]
Wide 0.98[0.97,0.99]  0.13[0.07,021]  25][L7, 4.1] 0.28 [0.00, 0.63]
NH 0.97 [0.94, 0.99] 0.16 [0.06, 0.31] 24017, 4.1] 0.3 [0.00, 0.76]
Hierarchical noise models

Gamma  0.98 [0.97,0.99]  0.13[0.062, 0.21] 2.5 [1.7, 4.2] 0.01 [0.00, 0.46]
NC 0.98 [0.97, 0.99] 0.13[0.062, 0.23] 2.5[1.8, 4.2] 0.00 [0.00, 0.27]
Ratio 0.98 [0.97,0.99]  0.13[0.06, 0.22] 2.5 [1.8 4.2] 0.00 [0.00. 0.48]

Table 3: Count of data points where R > 1.1. NH: Non-hierarchical: NC: Non-centred

Model A B Oc oy

Non-hierarchical noise models

Informed 0 (0%)  2(3.33%) 21(35%) 52 (86.67%)
Wide 0 (0%) 0(0.0%) 19 (31.67%) 51 (85%)
NH 1(1.67%) 4 (6.67%) 32 (53.33%) 53 (88.33%)

Hierarchical noise models

Gamma 0 (0%) 0 (0%) 8 (13.33%) 53 (88.33%)
NC 1(1.67%) 6 (10%) 7 (11.67%) 60 (100%)
Ratio 0 (0%) 2(3.33%) 7 (11.67%) 56 (93.33%)

Learning: informed prior Learning: Wide prior Learning: Non-hierarchical
Noise: Non-Hierarchical Noise: Non-Hierarchical Noise: Non-Hierarchical
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Figure 5: Distributions of Gelman-Rubin statistic for o, for each subject using non-hierarchical priors for the
noise parameters
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Noise: Gamma Noise: Non-centered reparemetrization Noise: Probability ratio

CaNWROO~N®OO

CaNWROO~N®OO

Figure 6: Distributions of Gelman-Rubin statistic for o, for each subject using hierarchical priors for the
noise parameters

3.2.1 Model comparison

The performance of the models were compared using the ELPD following from PSIS LOO-CV. The
ELPD and the corresponding standard error are shown in fig. 7. As shown in the figure, the ELPD
for all models is very similar meaning that there is no significant difference in expected predictive
accuracy between the models.

Model comparison
higher is better

< ELPD
Noise: NH, AB: Wide -+ ELPD difference
e
sise: NH, AB: Informed
—l
Noise: H_Gamma
.
Noise: Ratio
—h—
Noise: NH, AB: NH
—.—
Noise: Non Centred
—128400 —128300 —128200 —128100 —128000 —127900 -127800
elpd_loo (log)

Figure 7: Model comparison using PSIS LOO-CV

3.3 Dataset 2 (2226x105)

As the results of the hierarchical noise models that used dataset 1 showed a tendency for the parameter
oy to become infinitely small, it was decided to only continue with the non-hierarchical approach for
the noise parameters. A summary of the posterior distributions of the learning- and noise parameters
for all four non-hierarchical noise models is shown in table 4.

As seen in table 4, every set of priors used in the model result in a similar posterior, with credible
results when compared to similar studies. This gives reason to believe that the model is implemented
correctly and the posterior distributions are not biased towards the given prior distributions. Table
5 shows that none of the models perform flawlessly, as shown by the number of subjects for which
the parameter o, has a R > 1.1, ranging from 24.66% up to 45.46%. However, these results are an
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improvement when compared to the results of dataset 1. Overall, the model performs the best for
the design that uses the non-hierarchical approach for both the learning- and noise parameters.

Table 4: Posterior summary of group level learning and noise parameters. NH: Non-hierarchical

Model A B Oc oy
Median [94% HDI] Median [94% HDI] Median [94% HDI] Median [94% HDI]

Non-hierarchical noise models

Informed  0.96 [0.95, 0.96]  0.25 [0.097, 0.43] 3.4 [L.7, 5.6] 0.74 [0.14, 1.6]
Wide 0.96 [0.95, 0.96]  0.25[0.098, 0.43] 3.4 [L.7, 5.6] 0.74 [0.14, 1.6]
NH 0.93[0.86, 0.97]  0.19[0.058, 0.33] 3.4 [L.7, 5.7] 0.8 [0.16, 1.7]

Table 5: Count of data points where R > 1.1. NH: Non-hierarchical

Model A B Oc oy

Non-hierarchical noise models

Informed 124 (5.5%) 4 (0.18%) 8 (0.36%) 665 (29.87%)
Wide 802 (36%) 3 (0.13%) 4 (0.17%) 627 (28.17%)
NH 0 (0%) 0 (0%) 3 (0.13%) 549 (24.66%)

3.3.1 Model comparison

PSIS LOO-CV was also performed for the models using the second dataset. The ELPD and the
corresponding standard error are shown in fig. 8. The comparison shows that both hierarchical
configurations for the learning parameters had equal performance, while the non-hierarchical approach
performs slightly poorer.

Model comparison
higher is better

© ELPD
# ELPD difference

ise: NH, AB: Wide

Noise: NH, AB: Informed

ranked models

Noise: NH, AB: NH

—546000 -545750 —545500 —545250 —=545000 —544750 —544500
elpd_loo (log)

Figure 8: Model comparison using PSIS LOO-CV
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3.4 Model evaluation

For the further evaluation of the model, we will focus on the prior set that showed the best performance
in tables 2 to 5, which is the model using a non-hierarchical approach for the learning and noise
parameters.

3.4.1 Posterior predictive checks

—— Perturbation

Posterior
10 - —— Observed
5 -
o 0-
(=]
[=
<
,5 -
_10 -
1 1 1 1 1 1
0 20 40 60 80 100

Trial

Figure 9: Median reaching angles across subjects per trial compared to the median posterior predictive
distribution across subjects estimated by the model using a non-hierarchical design for learning and noise
parameters

In order to get a general view of the performance of the model, fig. 9 shows the posterior predictive
distribution of the non-hierarchical model when compared to the median reaching angel across
subjects. This figure shows that the median predictive posterior reaching angle follows the observed
median with reasonable accuracy, but with a large 94% HDI.To get a better idea of the ability of
the model to determine the relevant parameters and accurately adapt to a subjects performance,
posterior predictive checks were performed on an individual level.

Fig. 10 shows two examples of posterior predictive checks for subjects 1636 (fig. 10A) and 514 (fig.
10B). These are subjects with respectively a very high and very low adaptation rate B, as estimated
by the model. A summary of the posterior distributions of the learning and noise parameters for
both subjects is shown in table 6. The posterior distributions of these parameters are shown in figs.
10C and D. The posterior predictive checks of the reaching angles accurately follow the observed
data show with most of the observed data falling within the 94% HDI of the posterior predictive
distributions. However, fig. 10B shows some peaks that fall outside the 94% HDI, which could
suggest that the noise factors were underestimated for subjects with high variability in planning or
execution noise.

Fig. 11 shows posterior predictive checks for subjects 982 (fig. 11A) and 2110 (fig. 11B) with
respectively a high or low estimated total noise (oy0t). A summary of the posterior distributions of
the learning and noise parameters for each subject is shown in table 7. The posterior distributions of
these parameters is shown in figs. 11C and D. While the median posterior predictive reaching angle

15



again follows the observed data, fig. 11B again shows that, for subjects with a high noise factor,
outliers can fall outside of the 94% HDI of the posterior predictive distribution.
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Figure 10: Posterior predictive distribution of reaching angle compared to observed data for subjects 1636
and 514 with respectively a high estimated adaptation rate (Fig. A) and a low estimated adaptation rate

(Fig. B). Fig. C: Posterior distributions of learning parameters A and B for subjects 514 and 1636. Fig D:
Posterior distributions of noise parameters o, and o,, for subjects 514 and 1636.

ID A [94% HDI| R B [94% HDI] R 0.[94%HD] R o0,[94%HD] R

514 0.95[0.92,0.98] 1.00 0.04[0.02, 0.07] 1.00 5.64 [4.46,6.87] 1.01 2.57[1.53, 3.69] 1.02
1636 0.94 [0.91, 0.98] 1.00 0.33[0.18,0.49] 1.00 2.61[2.14,3.11] 1.01 0.70[0.18, 1.25] 1.06

Table 6: Summary of posterior distributions of learning and noise parameters for a subject with a high and
low adaptation rate (B)
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Figure 11: Posterior predictive distribution of reaching angle compared to observed data for subjects 982
and 2110 with respectively a low estimated total noise (Fig. A) and a high estimated total noise (Fig. B).
Fig. C: Posterior distributions of learning parameters A and B for subjects 982 and 2110. Fig D: Posterior
distributions of noise parameters o, and ¢, for subjects 982 and 2110.

ID A [94% HDI| R B [94% HDI] R 0. [94% HDI] R 0,[94%HDI] R

982  0.94[0.91,0.97] 1.00 0.28[0.16, 0.41] 1.00 1.42[1.09,1.77] 1.00 0.54[0.22, 0.87] 1.02
2110 0.87 [0.77, 0.96] 1.00 0.15[0.05, 0.26] 1.00 9.73 [8.44, 10.92] 1.00 1.08 [0.27, 1.98] 1.1

Table 7: Summary of posterior distributions of learning and noise parameters for a subject with a high and
low total noise (o¢0t)

3.4.2 Model efficiency

The model efficiency was checked by determining the marginal energy density and energy transition
density for each chain. These distributions are shown in fig. 12, with the corresponding BFMI per
chain shown in the legend. When compared to the energies of an efficient Hamiltonian Markov
chain shown in fig. 3, it is clear that this model has much more difficulty exploring the entire target
distribution. This is further evidenced by the low BFMI for each chain. However, no divergent
transitions were encountered. Therefore it is still assumed that the sampling of the Hamiltonian
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Markov chain is sufficient.

W Marginal Energy

I Energy transition
chain 0 BFMI = 0.02
chain 1 BFMI = 0.02
chain 2 BFMI = 0.02
chain 3 BFMI = 0.01

Figure 12: Marginal energy density and energy transition density distributions for each chain of the model
using non-hierarchical priors for both the learning and noise parameters.
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4. Discussion

In this study, a Bayesian hierarchical model was created that can use data on reaching angles
from a reaching task to infer the learning rate, retention rate, planning noise and execution noise
for a large number of subjects. The Python code is freely accessible at https://github.com/
rickvandervliet/Bayesian-behavioral-toolbox

The model shows little difference in performance when used for a relatively small amount of trials per
subject, when compared to a dataset with a more conventional number of trials. Several approaches
were used to approximate noise and learning parameters using reaching task data. While none of
these approaches produced perfect results, the model using a non-hierarchical approach for both the
learning and noise factors showed the most promising results.

However, the results show that the model can still be improved, as none of the models show
complete convergence for all parameters for every subject. This issue is most clear for the planning
noise o, with a lack of convergence across chains (R > 1.1) for all approaches used for both datasets.
It is possible the complexity of the model makes it difficult for the algorithm to sample all parameters
higher in the hierarchy. As o, is a comparatively small part of the total noise, this could be an

explanation for the difficulty the model has to sample this parameter.

The most straightforward path to resolve this, is to increase the number of samples taken by the
HMC algorithm or by increasing the number of chains running simultaneously. This will, however,
increase the running time and file size of the model results. For smaller datasets this will not be an
issue, but for more complex models with large datasets, this will quickly become unmanageable as
every added step will add a data point for every variable, if applicable for every subject and every
time point in the dataset. When applied to the hierarchical noise model with Gamma priors (2.1.2)
using the smaller dataset (60x900), every added sampling step adds 216.368 extra data points.

The issue of the large file size could be resolved by thinning the chains, meaning that only every
n-th sample is saved and discarding the rest. An advantageous side effect of thinning chains is that
autocorrelation is also reduced. (32) However, thinning reduces the precision with which the results
are summarized and in most cases it is not the most efficient way to reduce autocorrelation. (33, 34)
While it was expected for the hierarchical approaches to perform better, due to the added robustness,
it is possible that the higher complexity of the models decreased inference speed and decreased the
ability for the model to converge quickly. This effect was further amplified by the large number of
data points in the GenR dataset. The increased computation time and bigger file sizes meant that the
number of samples taken by the algorithm had to be reduced. However, as the posterior distributions
of the hierarchical and non-hierarchical approaches for the learning parameters are similar, it is unlikely
that the non-hierarchical model has suffered from decreased robustness.

As we can see the samples of the learning parameters converge more quickly than the noise parameters
and show a small HDI, it could be advantageous to continue sampling for only the noise parameters,
while using the median values for A and B as a constant value. This will likely increase the effective
sample size of the noise parameters, while impacting the running time less than increasing the number
of draws for the whole model would.

Another method to reduce dimensionality and improve efficiency is to use a pseudo-marginal Monte
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Carlo method (PMMC) by combining the MCMC method used in the models in this paper with a
Kalman filter. (35) A known problem with MCMC methods is that it struggles with high dimensionality
and does not take advantage of the sequential structure of the observed data, making the algorithm
less efficient. An ensemble Kalman filter uses an ensemble of states to approximate the mean and
covariance of the posterior distribution. These can then be used for a proposed distribution the NUTS
algorithm can sample from. This will improve computational efficiency and improve convergence of
the model. (36-39)

The hierarchical parametrizations of the learning factors also show a problem in some of the model
designs, where the learning parameters converge to a single number for all subjects. This is likely a
case of funnelling, where the sampling algorithm gets stuck in an area of high curvature. (24) This
effect could be reduced with a non-centred reparametrization for the learning parameters, as was
used for one of the hierarchical approaches for the noise parameters.

While the model did not perform equally well for all subjects, for over 75% of the subjects in the
large GenR dataset, this model has produced usable data on adaptation and retention and execution
and planning noise. This data can be used for further research into factors that might influence
motor adaptation, such as neurodevelopmental disorders, structural differences or possible genetic
determinants. Several studies have shown that neurodevelopmental disorders like attention-deficit/hyperactivity
disorder (ADHD) or autism spectrum disorder (ASD) impairs visuomotor adaptation to sudden
perturbations. (40, 41) It is suggested that this impairment is related to differences in cerebellar
structure and cerebellar- cortical pathways, leading to changes in the way sensory feedback is processed
and used during motor adaptation. (42—44) As this study shows that the designed model is capable
of assessing learning parameters on large datasets, the model can be used for further research into
the influences of these disorders on motor adaptation.
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A. Graphical representation of model
designs

A.1 Non-hierarchical noise models

Hierarchical learning parameters
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Figure 13: Graphical representation of the designed non hierarchical noise model with a hierarchical
approach for the learning parameters A and B
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Fully non-hierarchical model
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Figure 14: Graphical representation of the designed model with a non-hierarchical approach for both the
learning- and noise parameters

A.2 Hierarchical noise models
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Figure 15: Graphical representation of the model design with informed priors for the learning parameters A
and B and gamma priors for the noise parameters
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Non-Centered

Mode(o,) Var,om
Gamma Gamma
Ha Oa Mg Og
~ ! _ N Var(ay,)
Normal Gamma Normal Gamma Mode(T,) * Var,om
A B Xg
Logitnormal Logitnormal Normal

Normal

| Xne1 = AX, — B(p*x,te)n I

y
~ Observed
Normal

Figure 16: Graphical representation of the model design with informed priors for the learning parameters A
and B and a non-centered reparametrization for the noise parameters
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Figure 17: Graphical representation of the model design with informed priors for the learning parameters A
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and B and the noise parameters defined as components of the total noise
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