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Abstract

Closed-loop models of movement control have attracted growing interest in how the nervous
system transforms sensory information into motor commands, and several brain structures have been
identified as neural substrates for these computational operations. Recently, several studies have
focused on how these models need to be updated when environmental parameters change. Current
evidence suggests that when the task changes, rapid control updates enable flexible modifications of
current actions and online decisions. At the same time, when movement dynamics change, humans
use different strategies based on a combination of adaptation and modulation of controller sensitivity
to exogenous perturbations (robust control). This review proposes a unified framework to capture
these results based on online estimation of model parameters with dynamic updates in control. The
reviewed studies also identify the time scales of associated behavioral mechanisms to guide future

research on the neural basis of movement control.

Highlights

Stochastic optimal control with flexible use of varying sensory inputs is a building block model
for postural control and reaching.
e Current research has investigated the rapid updates required in a dynamic context.

e  Task structure and target rewards update control in 150-300ms.

Model-robust control strategies and online adaptive control explain feedback corrections and

short-term adaptation.
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Introduction

Current research into how the brain controls reaching movements builds on a large body of
work exploiting the model introduced by Todorov and Jordan's seminal paper, in which stochastic
optimal control (SOC) is used as a theory to explain how humans achieve consistent success despite
motor variability [1]. The model features a controller that produces optimal motor commands based
on an estimate of the limb's state, a function called control policy, derived to minimize a cost function
(see Box 1). This theory has sparked great interest in the study of how humans react to a wide range
of disturbances. Mechanical and visual disturbances elicit a sequence of responses characterized by
rapid but automatic compensation for the disturbance, followed by a slower but more sophisticated
response. By sophisticated, we mean that these responses vary according to a number of factors
linked to the dynamics and instructions of the task, as predicted in theory [2].

Studies on feedback responses to mechanical loads have concluded that long-latency
feedback pathways, which influence motor responses in the upper limb within 50-60ms of load onset,
implement a flexible state feedback controller (see Box 1), that has the same properties as the
controller derived in the context of SOC. Flexible responses to visual disturbances appeared at around
120ms [3,4]. Mechanical and visual perturbations also result in faster responses (20-30 ms and ~90
ms, respectively), but these components appear to be automatic and may not vary much with task
requirements. Subsequent studies have characterized other sensory systems such as the vestibular
system, which contributes to flexible hand control with a longer latency (>150ms) [5,6], and tactile
feedback, which has a latency of around 100ms (Figure 1, colored arrows) [7-10]. Thus, the SOC
framework with different sensory inputs and their respective latencies can be used as a building block
to model postural control and reaching.

In general, modeling studies have considered static environments, meaning that the
parameters of the corresponding SOC model were constant for a given movement. These parameters
correspond to (1) movement costs, (2) internal models of the limb dynamics, and (3) hypotheses about
exogenous perturbation signals. However, we often need to produce movements in dynamic
environments, quickly selecting between different movement goals amidst numerous interactions. In
a paradigmatic shift towards describing sensorimotor control in dynamic environments, current
research has investigated situations in which some parameters changed rapidly across trials or even
within movements: cost parameters are linked to movement planning or re-planning; the parameters
linked to the internal models determine the adaptation of the controller; and the assumptions made
about the exogenous disturbance signal determine whether a control policy must be more or less
sensitive to the errors in the internal model of movement. We argue below that all of these
components are not fixed, but modulate control during movement, which requires formulation of

optimal control models in combination with online estimation of their parameters (see Box 2). Section
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2 addresses dynamic changes in the task while Section 3 surveys dynamic changes in movement
dynamics. We emphasize that multiple aspects of motor behavior including online decisions regarding
the movement goal, re-planning, rapid motor adaptation, and model-robust changes in control

policies can be modeled in this framework.

Changes in task parameters

Task instructions can be expressed as a parametric cost-function that the controller must
minimize. In standard SOC, the cost-function takes the form of a quadratic penalty on deviations of
the state from a set of target values (which can be a desired trajectory [11]), plus a quadratic penalty
on motor commands which represents metabolic expenses. Such a cost-function can account for
target redundancy by providing degrees of freedom in any subset of state variables. Indirectly, this
formulation can encode how rewards affect a movement by varying the penalty associated with the
target (it is costlier to miss a more rewarding target). As a consequence, one can model a wide range
of experiments that probe the effects of task instructions, target structure, and rewards with dynamic

updates to the cost-function.

Studies investigating the influence of goal structure and target rewards have concluded that
changes in task demands update control very rapidly, and even online. Cesonis and Franklin [12] varied
the task from trial to trial, by instructing participants whether they had to stop at a target or hit it.
Implicitly, these instructions induce different penalties on the terminal velocity, with a higher cost of
non-zero velocity at the target for the stopping task. This led to flexible feedback responses, as shown
previously [13], with participants making more complete responses to target jumps when they were
not required to stop. It was suggested that partial corrections in the stopping task resulted from the
cost of terminal velocity, which outweighed the cost of terminal error, making participants to
deliberately undershoot the target. Cesonis and Franklin further emphasized that the switching of the

controllers could be performed between trials on a randomised schedule.

A similar question was investigated with geometric changes in the structure of the goal
presented as a narrow square or a wide rectangle by de Comité et al. [14,15]. The purpose of using a
wide target was to provide a degree of freedom in the movement goal, which evokes selective control
of lateral velocity and force, without constraining the lateral position. Here, the target was changed
during movement and lateral forces were used to determine whether the nervous system took the
new structure into account. The results showed that when switching the target from a square to a
rectangle or vice versa, the feedback responses were decreased or increased, respectively (Figure 2,

a). Mainly, the study showed through muscle activity measurements that the new target structure
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influenced control with an average latency of 150ms after the target switch. In the follow up study,
de Comité et al. highlighted that the modulation of control policies scaled with the rate of change of
the target width [14], suggesting that dynamic variables were taken into account in this process. In all,
when we start a movement, the control policy is not fixed from the end of the planning phase until

the end of the movement, but is updated in flight as circumstances change.

Besides the effect of task instructions, it was recently shown that rewards modulate feedback
gains [16], showing that they are an input to the building block of Figure 1. Cos and Cisek’s group
demonstrated that non-uniform distributions of visual rewards over a wide target, together with the
actual limb position, determined the initial direction, changes of mind, and rerouting to new locations
following changes in reward distribution (Figure 2, b) [17,18]. The authors suggested that the
mechanism underlying target selection allows for online updates of control parameters at latencies of
~300ms as measured from hand kinematics. In an experiment involving multiple targets with different
rewards, de Comité and colleagues observed that larger rewards for the alternative options, and larger
perturbation magnitudes both elicited more frequent switches to alternative goals [19]. These results
supported the theory proposed by Cisek about a distributed consensus across perceptual and motor
systems [20], in which decisions are made by combining top-down expectations and bottom-up
biomechanical factors to select an action. This idea can be extended to online control as it turns out
that the distributed consensus was at play during movement, where both the state of the limb and
the rewards of alternative targets influence the decision to select a new goal. This led to the
hypothesis that the cost-to-go, that is the total expected cost from the current time until movement
end, is processed continuously in the brain to update the controller. This hypothesis has recently been
used to explain why the timing of the decisions to change goal during a movement varied as a function

of the rewards and ongoing trajectories [21].

Thus, the commitment to a control policy after the planning stage was not fixed until the end
of the movement, instead changes in task requirements could modify the controller online. From a
computational perspective, these observations can be added to an optimal control model with
feedback on task parameters and modification of the control online (Figure 2, c). Adding feedback on
task parameters captures the fact that the neural mechanism that determines a control policy based
on task structure operates both before and during movement on a timescale of less than few hundreds

of milliseconds.

Changes in movement dynamics
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Classic adaptation paradigms [22] have shown that the nervous system acquires internal
models of the body and environmental dynamics, a mechanism that can be used to produce
anticipatory compensation for sustained changes in the environment. But how does the nervous
system respond to less predictable disturbances in movement dynamics? A first response is simply to
correct the limb trajectory based on the control architecture in Figure 1. However, both the controller
and the state-estimator use knowledge of limb dynamics (Box 1), which if erroneous, may produce
motor commands that are inoperant. There are two alternative approaches to address this problem
that go beyond the capabilities of SOC: (1) robust control that limits the impact of disturbances
without making assumptions about them, and (2) rapid adaptation, which consists, if possible, in
acquiring knowledge of the dynamics and modifying the control during movement. Mapping these
hypotheses onto behavioural and neurophysiological data has revealed that both solutions may be
used in the brain.

Experimental observations have shown that humans respond to disturbances by co-
contracting muscles. This response has been observed across several types of perturbations, including
visual and mechanical loads [23-26]. Early responses to novel perturbations are not specific to the
type of perturbation, and it has been hypothesized that their goal is to increase the mechanical
impedance of the joints. However, standard measurements of impedance also depend on neural
feedback via reflexes. An alternative view suggested that co-contraction reflects a robust control
strategy [27]. Participants reached a visual target while force fields were applied randomly. They
responded by increasing the strength of feedback corrections, but importantly they also increased
hand velocities in the direction in which the external forces were absent —indicating a general increase
in control gains. This pattern of responses was similar to simulated movements obtained with robust
control. It impacted control strategies immediately after a single force field trial, and tended to decay
in ~10 trials, showing that this process contributes to reducing motor errors in the short-term.
Compatible with this idea, Coltman and colleagues highlighted modulation of long-latency stretch
responses co-occurring with the fast time scale of adaptation [28].

Theoretical developments have further extended the application of robust control principles
to sensorimotor learning, showing that efficient controllers can be constructed despite internal model
errors [29,30]. However, the general increase in feedback gains observed experimentally is costly in
terms of metabolic effort, so it is inefficient to apply it in situations where the nature of the
perturbation can be learned and recognized. In this case, adaptation can help.

Adaptation can be defined as an internal update in the representation of movement
dynamics. Recently it has been studied from the perspective of feedback control. There has been a

traditional separation between feedforward (a pre-defined control sequence) and feedback control
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pathways, but adaptation in one or the other pathway is mirrored in the other [31-35]; furthermore,
correlations between feedback responses and learning have been documented at a single-trial scale
[36]. In addition, Joiner and Smith [37] showed that the adaptive responses to a single perturbation
trial were temporally tuned to its profile as a function on position or velocity. Therefore, the learning
rule in the brain may use a common state-space as SOC and robust control models.

To describe the computational mechanisms behind rapid adaptation, it has been shown that
the feedback controller can adapt within an ongoing movement (as early as 250ms after the
movement onset) [38,39]. The authors used randomly interleaved force field perturbations while
participants made reaching movements. The feedback responses improved, without any anticipation,
and became temporally tuned to the perturbation profile, similar to adaptive responses shown in
consistent environments (Figure 3a). These adaptive responses could be explained in the framework
of adaptive optimal control with online updates of the parameters describing limb dynamics. Similar
updates were observed earlier in a visuomotor rotation task [40]. The learning rule in adaptive optimal
control uses a gradient that computes the sensitivity of the sensory prediction error with respect to
the system parameters, and then updates the estimation and control policy based on the novel
representation of dynamics.

Interestingly, a different task appears to be governed by a similar gradient-based learning rule.
Hadjiosif and colleagues asked participants to perform reaching movements under mirror reversal of
hand feedback — a perturbation that changes the sign of the impact of motor output on sensory errors
—and observed that performance deteriorated (Figure 3b) [41]. This result showed that policy updates
govern short-term adaptation by assuming a relationship between errors and corrections that is
invalidated by the mirror reversal. From the perspective of internal model theory [42], this result sets
constraints on the nature of the internal model used for learning, or equivalently, on the class of
disturbances to which the sensorimotor system can adapt in the short-term. Interestingly, the result
is expected in the context of adaptive control [38] (Figure 3c), since the learning rule calculates the
gradient of the estimated state as a function of the model parameter [43], which, without knowledge
of the sign change induced by the mirror reversal, can produce the error expansion shown in Figure

3b.

Conclusion and Possible Directions

We proposed that SOC with dynamic parameter updates can explain the human ability to
quickly incorporate contextual information to adjust the ongoing action. The formalism of model
predictive control has been earlier suggested to capture updates to the control gains [44], which is

extended here to a wide range of sensorimotor functions, including motor decisions and adaptation
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in a general framework. The framework in Box 2 allows for the updating of parameters, and the results
reviewed above have identified the associated timescales. This framework also leaves a series of open
guestions that provide avenues and challenges for future work.

An obvious challenge to validate the algorithm proposed in Box 2 is to describe how parameter
changes can be identified in the nervous system. While some parameters may be explicitly signaled,
such as the target structure, others may be implicitly signaled by differences between actual and
expected sensory information. For example, one can investigate which variables or error sizes may or
may not produce dynamic updates to the controller. Concerning the implicit error signals, the question
of parameter estimation remains open: for adaptation, the algorithm must be equipped with a
learning or selection rule, which can feature parametric estimation and heuristic selection of “good”
controllers according to hierarchical criteria [45]. Finally, this model invites us to revisit the standard
assumptions about the existence of a feedforward controller in the brain. The theory proposed here
can produce anticipatory actions as an expression of priors, as well as short-term adaptation without
requiring any feedforward pathway [46], which, without questioning its existence, suggests at least a
critical reexamination of what are the unequivocal behavioral proxies of this putative control scheme.

The formalism is useful for bridging sensorimotor control and the role of contextual factors.
Recent models posit that probabilistic inference about the context determines updates across
movements [47], leaving aside the formulation of a continuous-time control problem. As a result,
there is a gap between control models that focus on time-varying state variables and control policies,
and discrete-time models that use a movement as a unit of time and characterize updates across trials
in more abstract terms. As parameter estimation must be included in dynamic control models, we

believe that these two approaches are ready to meet.
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BOX 1: Stochastic Optimal Control

Standard models of sensorimotor control are based on stochastic optimal control (SOC). Here, the
state vector is denoted by x;, the control is u;, the measurement of the state is y,, and the relationship
between these quantities is described by a linear dynamical system of the form:

xt+1 =Axt +But +th, (1)
v = Hxy + Gwy. (2)
Itis assumed that the system is simulated over a fixed time horizon (t = 1, 2, ..., N), and that the initial
condition is known, or up to an error of known distribution. The variable v; is the exogenous
perturbation signal, and w; is the measurement noise. The noise vectors v; and w; are multivariate,

zero-mean Gaussian random disturbances with unit variance. The covariance GGT must be positive
definite. This control system is coupled with cost-function:

J(x,u) = x§Quxy + X057 xf Qexe + uf Ruy, (3)

with Q¢ =1,y Symmetric and non-negative, and R symmetric positive definite. The problem is to find
the control sequence that minimizes the expected value of J(x,u). The optimal control action is a
linear state-feedback controller, that is a linear mapping of state into a control vector as follows:

Uy = tht, (4)

where L; are time varying feedback gains dependent on A, B, and on the cost parameters (Q; and R).
Equation 4 defines the control policy, which is rule applied to the current state of the system. When
the state of the system is not available, an optimal linear observer can be defined as follows (Kalman
filter):

Xep1 = A% + Buy + K (ye — HXp), (5)

and the matrices K; are calculated as a function of the system dynamics, observation matrix H, and
the covariance matrices to minimise the estimation error.

10



Box 2: Optimal Control in Changing Environments: Model Predictive Control using continuous
parameter estimation

Calling © == {4, B, Q;.y, R} the set of parameters known to the controller at each time step,
we can rewrite:

Uy = L (0)X, (5)

and formulate the problem of control in dynamic environments by considering that the set of
parameters varies over time. Defining @; = {A, B, Qt(lg,, R} the set of parameters corresponding to
task i, the response to a change in task (Section 2) corresponds to changing the controller from
L (0M) to L,(0®). Note that movement time (N) is in ©, and it can be selected dependent on the

cost of time and its relationship with efforts [48,49].

Motor adaptation can be expressed as dynamic changes in the control policy in response to
novel dynamics (Section 3). For example, a velocity dependent force field changes the matrix A.
Assume the force field is f = Cﬁ, with p representing the effector coordinate (C is a matrix), the
dependency of the matrix A on C is denoted by A(C), where a submatrix of A contains C. Adaptation
can be defined as follows: let A be the estimate of A(C), adapting the controller consists in updating
A according to a learning rule that has yet to be defined. Note that it is possible to find models A #
A(C) producing efficient behaviour.

A full control algorithm capture responses to changes in task and adaptation can be described
as follows [50]:

1- Estimate O, where the time index was added to highlight time varying parameters,

2- Calculate L;.n(0;), i.e. the feedback gains with the current cost-function (Q;.y of the
current task, and R), internal models (A and B), and time horizon (N); use robust control
if perturbations are unpredictable,

3- Apply uy = L1(04)X¢, Upy1 = L2(0)X; 44, etc., if there is no change in the parameters,
otherwise Step 1.

11
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Figure 1. Schematic representation of the components of an optimal feedback controller: the controller
transforms the current estimated state in to a motor command following a feedback control policy
that minimizes the expected value of movement cost. Flexible control is mediated by different sensory
modalities, and their respective latencies is reported on the figure. The shortest latency (~50-60ms for
muscle afferent feedback) must be considered in instances of SOC used as building block. Colored

arrows highlight the contribution of sensory modalities to flexible reaching control that were not
previously emphasized.
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Figure 2. (a) Online changes in control following target switches. The goal target switched from a
rectangle to a square or vice versa. The switches occurred early (red) or late (blue) during movement
and a mechanical perturbation was applied to evaluate whether the controller considered changes in
the task redundancy occurring online. Hand traces (left), temporal evolution of lateral coordinate
(right). Black and gray traces on top and bottom traces are trajectories without switches. Adapted with
permission from de Comite et al., 2021. (b) Rapid changes in movement goal following updates in
reward distribution. Reward followed a triangular function with minimum at the center and linear
increases such that the extreme location was more rewarding. The distribution of visual reward was
presented throughout movement and changed as indicated in the left column. Hand traces started
from the initial location (black dot), then reached the location of the bar target revealing participant’s
intended rewards. The color code corresponds to the final location. The hand traces show that when
the reward distribution changed, participants rerouted their movements to the more rewarding end.
Adapted from Marti-Marca et al., 2020. (c) Computational representation of dynamic updates in
movement goal, featuring a feedback loop that monitor changes in task parameters online with
latency 2150 ms. The basic building block consisting in a SOC control model is in black, and the addition
to this model is the red arrow that updates task parameters online.
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reversal task (left). A linear mapping of the error into an update in movement trajectory in the case of
a mirror reversal would produce expansion of the error. Right: experiment data showing the expansion
of the error across movements. Displays are the reach direction relative to the target as a function of
trial number. Adapted from Hadjiosif et al., (2021) (c) Addition to the model consist in estimating the
parameters characterizing movement dynamics, and updating the control strategy with robust and
adaptive mechanisms. Feedback adaptation and the expansion phenomenon set constraint on the
learning rules used in short-term adaptation. The ID box illustrates the identification of model
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