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Abstract

When making perceptual decisions, humans combine information across sensory modalities depen-
dent on their respective uncertainties. However, it remains unknown how the brain integrates multi-
sensory feedback during movement and which factors besides sensory uncertainty influence
sensory contributions. We performed two reaching experiments on healthy adults to investigate
whether movement corrections to combined visual and mechanical perturbations scale with visual
uncertainty. To describe the dynamics of multimodal feedback responses, we further varied movement
time and visual feedback duration during the movement. The results of our first experiment show that
the contribution of visual feedback decreased with uncertainty. Additionally, we observed a transient
phase during which visual feedback responses were stronger during faster movements. In a follow-up
experiment, we found that the contribution of vision increased more quickly during slow movements
when we presented the visual feedback for a longer time. Muscle activity corresponding to these visual
responses exhibited modulations with sensory uncertainty and movement speed ca. 100 ms following
the onset of the visual feedback. Using an optimal feedback control model, we show that the increased
response to visual feedback during fast movements can be explained by an urgency-dependent
increase in control gains. Further, the fact that a longer viewing duration increased the visual contri-
butions suggests that the brain accumulates sensory information over time to estimate the state of the
arm during reaching. Our results provide additional evidence concerning the link between reaching
control and decision-making, both of which appear to be influenced by sensory evidence accumulation
and response urgency.

Key words: evidence accumulation; multisensory; optimal feedback control; reaching control; state
estimation; urgency

Significance Statement

The time course of multisensory integration during movement, along with the factors influencing this
process, still requires further investigation. Here, we tested how visual uncertainty, movement speed,
and visual feedback duration influence reach corrections to combined visual and mechanical pertur-
bations. Using an optimal feedback control model, we illustrate that the time course of multimodal
corrections follows the predictions of a Kalman filter which continuously weighs sensory feedback
and internal predictions according to their reliability. Importantly, we further show that changes in
movement speed led to urgency-dependent modulations of control gains. Our results corroborate
previous research linking motor control and decision-making by highlighting that multisensory
feedback responses depend on evidence accumulation and response urgency in a similar way as
decision-making processes.
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Introduction

Studies on perceptual judgments and decision-making have suggested that the brain
minimizes uncertainty by optimally combining cues across senses according to their
respective reliability (Van Beers et al., 1996; Ernst and Banks, 2002; Alais and Burr,
2004). However, natural behavior often requires to make similar decisions during move-
ment. For instance, when we reach for an object, the brain needs to decide how much
to rely on vision and proprioception to guide the arm to the desired location. Indeed, pre-
vious work has illustrated direct links between perceptual decision-making and motor
control (Selen et al., 2012; Wolpert and Landy, 2012) and suggested that these processes
may rely on a common brain network (Thura et al., 2022). Thus, to understand the dynam-
ics of multisensory perception and decision-making, it is important to investigate these
processes during movement control.

Seminal studies on visual feedback responses during movement have documented
how changes in reach end points, and the modulation of the kinematics of corrective
responses to visual perturbations, scaled with visual uncertainty and prior estimates
(Koérding and Wolpert, 2004; Tassinari et al., 2006; lzawa and Shadmehr, 2008). Izawa
and Shadmehr (2008) interpreted their results as indicative of a continuously evolving esti-
mate of the target state, as expected assuming the presence of a state estimator similar to
a Kalman filter. In more recent work, the same model has been suggested to explain the
combination of proprioceptive and visual feedback in response to combined disturbances
during human postural control and reaching tasks (Crevecoeur et al., 2016; Kasuga et al.,
2022) but without considering the dependency of these responses on sensory uncertainty.
Here we combined these two approaches to investigate whether visual uncertainty affects
feedback responses to perturbation loads during reaching.

We performed two experiments in which we varied the temporal parameters of move-
ment execution and of the visual feedback presentation to characterize the dynamical
properties of the integration process. In Experiment 1, we instructed participants to per-
form fast and slow movements by varying the time allowed to reach the target. Thus, by
setting different timing constraints for the same movement and perturbations, we effec-
tively manipulated the urgency to respond to the applied perturbation. Similar manipula-
tions of response urgency by setting different timing constraints have been used in the
field of motor control (Thobois et al., 2007; Crevecoeur et al., 2013; Poscente et al.,
2021), as well as decision-making (Reddi and Carpenter, 2000; Thura et al., 2012;
Murphy et al., 2016; Stanford and Salinas, 2021). In Experiment 2 we selectively increased
the visual feedback presentation time during slow movements to assess whether this
increased the contribution of vision. An optimal observer (Kalman filter) iteratively com-
bines internal priors and sensory feedback over time. As a consequence, following a per-
turbation, the estimated state gradually converges toward the new state (Izawa and
Shadmehr, 2008). The rate of this convergence depends on the sensory uncertainty in a
similar way as the drift rate of sensory evidence accumulation during perceptual decision-
making (Ratcliff, 1978).

Motor control theories based on stochastic optimal control (Todorov and Jordan, 2002)
make clear predictions about the expected results. On the one hand, the control gains,
with which the system responds to sensory errors, are known to be tuned to both the
dynamics of the environment (Maurus et al., 2023) and the urgency to respond to a pertur-
bation (Oostwoud Wijdenes et al., 2011; Crevecoeur et al., 2013; Dimitriou et al., 2013;
Poscente et al., 2021). On the other hand, considering additive noise as a first approxima-
tion, the dynamics of state estimation only depend on the statistics of the noise distur-
bances, and not on the urgency. Thus, in principle, there should be a transient effect of
movement time on the modulation of feedback responses attributable to the control gains,
while the estimation following visual errors should only depend on the sensory information
available to the brain.

Our results were remarkably similar to the model predictions. First, assuming the pres-
ence of a Kalman filter could explain uncertainty-dependent modulations in feedback
responses to multimodal perturbations. Second, simulating urgency-related modulation
of feedback responses reproduced a transient increase in the visual feedback response
for similar amounts of visual information that was observed in the data. Third, we observed
that the contribution of visual feedback increased with viewing duration, which bared an
obvious resemblance to a process of evidence accumulation over time. In all, we found
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both an effect of urgency and evidence accumulation during multimodal perturbation responses and suggest that these
factors are separable computational operations underlying both movement control and decision-making.

Materials and Methods

Participants. This study is based on data collected from 32 healthy young adults aged 19-35. Sixteen (11 females) par-
ticipants took part in Experiment 1 and sixteen (10 females) in Experiment 2. Handedness was assessed using the
Edinburgh Handedness Inventory (Oldfield, 1971), and all participants reported to be right-handed. All participants had
normal or corrected to normal vision, and none of them indicated suffering from a neurological or motor disorder. Prior
to participating in the experiment, participants were informed about the experimental procedure and gave written consent.
All procedures were approved by the ethics committee at the host institution (Comité d’Ethique Hospitalo-Facultaire,
UCLouvain). In total the experiment took 3 h including information and preparation of the participant. All participants
received a small financial compensation for their time.

Apparatus and general task procedure. Both experiments were conducted using a KINARM Endpoint robotic device
(KINARM). The task paradigm was developed using Matlab’s Simulink and Stateflow toolboxes (Matlab 2015,
MathWorks). During the experiment, participants held the right handle of the KINARM robot and performed 20 cm forward
reaching movements with their right arm (Fig. 1a). The start and goal targets were displayed as gray circles with a radius of
1.2 cm and were projected into the plane of the movement using a monitor-mirror setup. The start target was located 8 cm
from the bottom of the screen and 9 cm to the right of the body midline, and the goal target was located 20 cm straight
ahead from the start. Direct view of participants’ hands was blocked throughout the experiment, but their hand position
was indicated on the screen between trials using a 0.5-cm-radius white cursor. During the movement, the visual feedback
changed as explained in more detail below. To start each movement, participants were instructed to move the cursor into
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Figure 1. Experimental design. a, Feedback perturbations: Top panel, participants performed 20 cm right arm reaching movements holding the handle of a
robotic manipulandum. At movement onset, a +9 N constant load or no load (0 N) was applied to perturb the arm orthogonal to the movement direction.
Bottom panel, Visual feedback was presented as a hand cursor and varied in uncertainty. In the condition of low uncertainty, a single hand cursor was
presented (o0 =0 cm), in conditions of medium and high uncertainty a cloud of 25 cursors was presented (=1 cm, o0 =2 cm). In a fourth condition, no visual
feedback was presented (infinite). b, Movement speed: Top panel, the experiment consisted of two movement speed conditions that were applied in ses-
sions of 384 trials each. The order of movement speed sessions was counterbalanced across participants. Movement speed was manipulated by imposing
different timing constraints on participants’ movements. In the slow session, movements were counted as hits if the movement time was between 600 and
800 ms and in the fast session between 300 and 500 ms. Within each movement speed session, visual uncertainty conditions, force directions, and cursor
shifts were applied in a random order. Bottom panel, Participants received feedback about the timing and length of their movement via a change in target
color at the end of each movement. ¢, Reaching movements, force perturbations were turned on when the movement was initiated and remained on during
the movement and the stabilization phase. Visual feedback was presented for 100 ms (Exp. 1 fast and slow, Exp. 2 fast) or 170 ms (Exp. 2 slow) once the
hand crossed a distance of 8 cm from the start target. Cursor shifts were only applied during trials with rightward 9 N perturbations and the analyses
focused on these trials only.
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the start target. Upon entry, the start target changed color from gray to blue and a waiting time interval of 2—4 s (drawn from
a uniform random distribution) was generated. The cue to initiate the movement was given by changing the color of the
goal target to blue as well. In 75% of all trials, a rightward constant load of 9N was applied to the hand as soon as it
left the start target and remained on for the entirety of the trial (Fig. 1c). During the remaining 25% of trials, participants
experienced either no force or a leftward 9N force. The applied forces were ramped up and down over a period of 5 ms.

During the initial and final phases of the movement, no visual feedback of the hand position was shown to participants.
However, when the hand crossed a threshold of 8 cm straight ahead from the start target, visual feedback of the hand
position was flashed on the screen for 100 or 170 ms (Fig. 1c; see details about Exp. 1 and 2 below). To manipulate visual
uncertainty, we presented either a single hand cursor, or a cloud of cursors of increasing spread, or no visual feedback
about the hand location (Fig. 1a). We adapted this experimental manipulation from a previous study (Kérding and
Wolpert, 2004), but similar techniques have been used elsewhere (Ferrari and Noppeney, 2021; Tsay et al., 2021). In
the single cursor condition, the hand position was indicated by a white cursor of 0.3 cm radius (low visual uncertainty).
The cursor clouds were composed of 25 dots of 0.2 cm radius. The position of each cursor was drawn randomly from a normal
distribution centered on the hand position with a standard deviation of 1 cm (medium uncertainty) or 2 cm (high uncertainty) in
x- and y-dimensions. The trials without visual feedback served as a control condition with theoretically infinite visual uncer-
tainty. On 50% of trials the center of the hand cursor or cursor cloud (even if invisible) was shifted 2 cm to the left or right rel-
ative to the true location of the hand to induce discrepancies between the felt and seen hand location (cursor shift). This
allowed us to quantify the influence of the visual feedback on the corrective response (see below, Movement kinematics
and forces: data collection and analyses, for details). These cursor shifts were only imposed on trials with rightward force per-
turbations to limit the total number of trials. Consequently, our analyses focused exclusively on those trials. Trials with leftward
or no force perturbation served to make the task less predictable and keep participants focused.

We instructed participants to perform straight movements to the target and to stabilize their hand there for 2 s (stabiliza-
tion phase). For trials with mechanical perturbations, they were asked to compensate for the force and stabilize their hand
as close as possible to the goal target. For a successful trial, participants had to cross the distance of 20 cm straight ahead
from the start target within the imposed time interval (Fig. 1b; see details on Exp. 1 below). However, participants did not
receive feedback about their movement endpoints, and trial success was not dependent on whether they landed on target
in the lateral dimension of the movement. Upon movement completion, participants received feedback in the form of a
color change of the goal target (Fig. 1b). There were four possible scenarios: if the goal target changed back to gray, it
signaled that the participant had undershot the target and that they should try to execute a longer movement on the
next trial (these trials were excluded from further analyses); if the goal target filled red or turned to a red outline, it meant
that the participant’s movement had been too slow or too fast, respectively; lastly, if the goal target changed to green, it
indicated that the movement was performed correctly within the imposed time interval. To increase participants’ motiva-
tion, they gained one point for each successfully completed trial and were told to try to collect as many points as they
could. Following the presentation of the feedback, the goal target was extinguished. To start the next movement, partic-
ipants had to move the handle back toward the start target and the hand cursor reappeared on the screen when the handle
was within a 10 cm radius of the start target. This was done to avoid that participants would notice shifts in the cursor
position that were imposed during the experiment.

Experiment 1. The goal of Experiment 1 was twofold. Firstly, we aimed to investigate the effect of visual hand feedback
uncertainty on feedback corrections to a mechanical perturbation. Secondly, we aimed to study whether the response to
the visual feedback additionally depended on the speed of the performed movement. During this experiment visual feed-
back was presented for 100 ms during the movement across two different conditions of movement speed (Fig. 1b,c).

The experiment was divided into two separate parts, one in which the movement time window was set between 300 and
500 ms (fast movement speed condition) and a second condition in which movement time was between 600 and 800 ms
(slow condition; Fig. 1b). In each condition, movements were rewarded with a point if they were performed within the
instructed time intervals. Each part was preceded by two practice blocks of 10 movements without force perturbation,
followed by 20 movements with load perturbations (10 leftward and 10 rightward), so that participants could familiarize
themselves with the task and the movement speed requirement. If they failed >50% of the practice movements, the train-
ing block was repeated once. The order of speed conditions was counterbalanced across participants to limit potential
biases linked to the first practiced condition.

Each condition was divided into six blocks of 64 trials each. Each of these blocks consisted of 48 trials with a rightward force
perturbation (four repetitions of four visual uncertainty by three cursor shift combinations), 8 trials with leftward force pertur-
bation, and 8 trials without force (two repetitions of four possible visual uncertainty conditions). The order in which these trials
appeared was completely randomized. When needed, participants were allowed to take short breaks between blocks. Usually
alonger break of ~5 min was inserted between the first and second part of the experiment. In total each participant performed
768 trials and the experiment lasts ~2.5 h in total. At the end of the experiment, each participant was asked whether they
noticed something during the experiment, but none of them reported having noticed the cursor shifts.

Experiment 2. Experiment 2 was performed as a follow-up experiment to investigate whether the differences between
fast and slow movements observed in Experiment 1 could be at least partly explained by the difference in distance during
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which the visual feedback was visible. Put differently, we were interested to see whether increasing the duration of the
visual feedback during slow movements would increase the visual contribution to movement corrections. In
Experiment 1 we imposed a fixed 100 ms time interval during which the visual feedback was shown. Given the different
movement speeds, this resulted in a difference of movement distance during which visual feedback was available in the
fast and slow conditions. Analyses revealed that in Experiment 1 visual feedback was present on average (mean + SD) for
5.7 cm (£0.9 cm) in the fast condition and for 3.2 cm (0.7 cm) in the slow condition. To account for the potential influence
of this difference on our result of Experiment 1, we designed a second experiment in which we matched the distance trav-
eled with visual feedback between the fast and slow movement condition based on the difference in group average velocity.
To achieve this, we extended the visual feedback viewing time in the slow condition to 170 ms (Fig. 1¢). This resulted in an
average distance traveled with visual feedback of 5.6 cm (+0.9 cm) in the fast and 5.3 cm (1.2 cm) in the slow condition.
Importantly, the distance at which the visual feedback was turned on remained at 8 cm from the start target in both movement
speed conditions. All other experimental procedures also remained identical to Experiment 1.

Movement kinematics and forces: data collection and analyses. During the experiment, we recorded movement kine-
matics as well as forces at a sampling rate of 1 kHz using KINARMS’s Dexterit-E software (version 3.9). We measured
the interaction forces between the hand and the robot using an ATl force sensor located at the top of the KINARM handle.
These measured forces were mapped into the x- and y-coordinate system of the experimental workspace using the
Dexterit-E software. As the lateral motion of the handle was not constrained during the movement, the recorded forces
correlate with the acceleration of the movement. Importantly, these recordings reflect both the forces applied by partic-
ipants on the handle and mechanical interactions induced by the arm’s mechanical impedance and the robot dynamics.
Consequently, the absolute force magnitude does not correspond to the force participants applied on the handle.
However, as we can assume that these mechanical interactions are constant throughout the experiment, we interpreted
modulations in the reaction force as an approximation of the change in participants’ feedback responses. Preprocessing
of the data was performed using custom-written MATLAB scripts (MATLAB 2021a, MathWorks). The recorded positions
were filtered using a low-pass, fourth-order, dual-pass Butterworth filter with a cutoff frequency of 50 Hz. Hand velocities
were derived from the raw position data using a fourth-order central difference approximation and passed through the
same filter.

To quantify the influence of the visual feedback on movement corrections, we extracted the lateral hand position during
rightward perturbation trials at different time points during the movement following the onset of the visual feedback. In
particular, we extracted this information for each participant at 150, 300, 500, 700, and 900 ms following the onset of visual
hand feedback. It should be noted that each of these time points lay outside of the 100 ms time window during which
vision was presented in Experiment 1. We chose these specific time points based on visual inspection of the data as
they track well the development of the influence of the visual feedback. Next, we computed the regression slope between
the cursor shift that was applied and the lateral position of the hand relative to the center of the target at each time point.
This regression slope served as a quantification of how much participants relied on the visual feedback. A slope of 0 sig-
nified that there was no shift in the lateral position of the movement relative to the cursor shift and hence no influence of the
visual feedback. On the contrary, a slope of —1 meant that participants fully compensated for the 2 cm lateral cursor shift.
Lastly, we computed the average regression slopes across all participants and compared these values across the condi-
tions of visual uncertainties and movement speeds.

Additionally, we computed the variability of positions at the same five time points during the movement (150, 300, 500,
700, and 900 ms) based on the two-dimensional dispersion ellipses of x- and y-positions for each visual uncertainty con-
dition using singular value decomposition and defined the variability as the area of the ellipse. Finally, we looked at the
lateral forces applied to compensate for the perturbation. For this analysis, we first computed the difference in average
lateral forces between the rightward or leftward cursor shift condition and the no cursor shift condition for each participant
separately. Next, we computed the difference of this difference (rightward cursor shift — no cursor shift) — (leftward cursor
shift — no cursor shift) and extracted the maximum value of this quantity.

Electromyography: data collection and analyses. We recorded EMG (electromyography) signals from the pectoralis
major (PM) and posterior deltoid (PD) muscles in the right shoulder. These muscles act as agonists to the right- and left-
ward force perturbation, respectively. Muscle activity was recorded using bipolar surface electrodes (DE-2.1 EMG Sensor,
Delsys) which were attached over the muscle belly. Prior to applying each electrode, we cleaned the skin underneath with
cotton gauze and medical alcohol and coated the contacts of each electrode with conductive gel to enhance the
signal-to-noise ratio. Depending on the signal strength of each participant, we amplified the signal by a factor of 1,000
or 10,000 (Bagnoli-8 EMG System, Delsys). All EMGs were recorded at a sampling frequency of 1 kHz.

The preprocessing and analysis of the muscle recordings was performed using custom-written MATLAB scripts
(MATLAB 2021a, MathWorks). First, we aligned the EMG recordings to movement onset and bandpass filtered the signal
using an eighth-order, dual-pass Butterworth filter (cutoff frequencies: [20, 250] Hz). After filtering, signals were rectified
and normalized by the average activity computed based on four separate normalization blocks which were performed
before and after each speed condition of the experiment. During these calibration trials, participants were presented a
2 by 2 cm square on the screen in front of them. As soon as they moved their hand inside the square, a9 N constant force

December 2024, 11(12). DOI: https://doi.org/10.1523/ENEURO.0262-24.2024. 5 of 19


https://doi.org/10.1523/ENEURO.0262-24.2024

r euro Research Article: New Research 6 of 19

was applied to the left or right against their hand to activate one of the two muscles of interest. This force remained on for
2 s, and participants were instructed to counter the force and keep their hand inside the square on the screen. For the
normalization, we extracted a 1 s recording between 0.5 and 1.5 s following the onset of the force. Next, we computed
the mean rectified muscle activity across this time window for all the repetitions of each force direction. Finally, the activity
measured in each muscle during all trials was divided by their corresponding calibration values.

Toinvestigate the influence of visual uncertainty on the modulation of muscle responses, we realigned the preprocessed
EMG recordings to the presentation onset of the visual feedback and computed average traces for each visual uncertainty
and cursor shift condition across participants. To improve the illustration of the group-average EMG traces, we plotted a
moving average with a window size of 11 samples. Next, we computed the difference between conditions with a cursor
shift to the right and left to illustrate the effect of the visual uncertainty on the modulation of muscle activity with the direc-
tion of the cursor shift. For illustration of these delta EMG traces, we again plotted a moving average with a window size of
31 samples across 0-300 ms following the onset of the visual feedback. Lastly, to compare the different visual uncertainty
conditions statistically, we computed the average delta EMG responses over a time window from 100 to 250 ms following
the onset of the visual feedback.

Experimental design and statistical analyses. We performed our statistical analyses using custom-written MATLAB
scripts (MATLAB 2021a, MathWorks). For our main analyses, we used a four by two repeated-measures ANOVA with
visual uncertainty and movement speed as within participant factors. We chose to use repeated-measures ANOVA
because it allowed for a simple summary of our data and statistical results (i.e., the effect of the visual uncertainty is visible
as a main effect instead of an interaction between cursor shift and visual uncertainty). For consistency, we used the
same statistical test throughout all of our analyses. We assessed the main effect of visual uncertainty and movement
speed as well as their interaction on the slope and the movement variability at each of the five specified time points
following the onset of the visual feedback (150, 300, 500, 700, and 900 ms). Further, we analyzed the influence of visual
uncertainty and movement speed on the absolute and delta lateral forces as well as the delta EMG. Lastly, we com-
pared the slopes across Experiments 1 and 2 using a repeated-measures ANOVA with movement speed as within
participant factor and experiment number as between participant factor. For each ANOVA, we report the F statistic,
the degrees of freedom, the p value, and the partial eta squared as a measure of effect size (Lakens, 2013). To highlight
significant mean differences in our figures, we computed post hoc pairwise comparisons with Bonferroni’s corrections.
For within-participant comparisons, all statistical results with a corrected p value <0.005 are considered significant
(Benjamin et al., 2018; Lakens et al., 2018). Additionally, results with a p value <0.05 are interpreted as a significant
trend. For between-participants comparisons, statistical results are regarded as significant if the p value was below
a threshold of 0.05.

Model. We used an optimal control model to simulate the influence of visual uncertainty and movement speed on
feedback corrections to combined mechanical and visual perturbations. Our model describes the translation of a point
mass (m=1kg) in a plane. Such a simplified linear model has been previously used to approximate the nonlinear
behavior of a multijointed arm (Izawa and Shadmehr, 2008; Nashed et al., 2012). The model includes a damping factor
G=0.1Nsm~", and we approximated the muscle dynamics using a first-order low-pass filter with time constant
=66 ms (Brown and Loeb, 2000). The state variables include the hand position (p) and velocity (p), the commanded
force (Fcom) produced by the control input (u), and the external force used to simulate the mechanical perturbation
(Fext). Additionally, we added a variable for the cursor motion (p.), as well as a variable to define an offset between
the cursor and hand motion (pos). This procedure was chosen to allow dissociating the hand from the cursor as in
the experiment (cursor shift) and make the offset variable nonobservable such that any shift between cursor and
hand had to be estimated (these modeling choices are not the unique way of dissociating hand and cursor position).
Thus, the state vector is defined as follows:

X = [,O, p’ FCom1 FExt, Pc; poff]T~ (1)

Finally, we augmented the state vector with the target state variables. The continuous differential equations of the sys-
tem are the same for x- and y-dimensions without interaction. For simplicity we only describe the dynamics in the
x-dimension here corresponding to the lateral hand coordinate and verified that similar conclusions hold when the
two dimensions of the plane are not independent such as with signal-dependent noise aligned with the control vector
(Extended Data Figs. 8-1, 8-2):

mp: —GP + Foom + Fext
TFcom = U — Fcom . @)
Fext =0

The third equation expresses that changes in the external force input are assumed to follow a step-function.
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Next, the dynamics of the system were discretized using Euler integration with a time step of 6t =10 ms. This led to the
following representation of the discrete time control system:

Xtp1 =Ax¢ +Bur + &, )
1 6t 0 0 0O 0
0 1—% % % 00 0
A 00 1—5—7t 0 0O B_ %
~ {0 O 0 1 001 |0}
1 6t 0 0 0 1 0
00 0 0 0 1 0

where ¢ is an additive multivariate Gaussian noise with zero-mean and known covariance matrix (2,). The last two rows
of the matrices A and B correspond to the cursor position and the offset between cursor and hand, respectively. Calling
Pc.t the cursor position and ps : the offset between hand and cursor at time t, the discrete time dynamics of these variables
are, respectively, pcti1 = Pri1 + Poff, t aNd Doff, t41 = Poff, t-

As mentioned above, we assumed observability of all state variables except the offset between hand and cursor
position. Hence, the observation matrix H is defined as diag(1, 1, 1, 1, 1, 0) and the feedback equation can be written
as follows:

Yt = Hx; + oy, @

where oy is the sensory noise with covariance matrix 3,,. We manipulated the visual uncertainty by increasing or decreas-
ing the corresponding element in w; to simulate different amounts of noise in the feedback about the cursor position. This
was done arbitrarily by multiplying or dividing X, by a factor of 10. This procedure was constrained by the experimental
design in which the sensory signal was actually increased or decreased, but the factors used could not match noise
statistics of visual estimates accurately, so we verified that they produced differences in slopes that were broadly
consistent with the behavioral observations.

Next, we used Kalman filtering to obtain maximume-likelihood estimates of the system state at each time point. This esti-
mator assumes an optimal combination of prior and sensory feedback which relies on internal knowledge of state-space
representation matrices (A, B, and H), control input, and noise covariance matrices. The prior is the expected value of the
next state given the current estimate (X;) and the control input (u;) and is computed by simulating the system dynamics
over one time step:

)A(f‘:’Jr1 = A)A(t + Buy. (5)

The estimated state at the next time step is then computed by combining the prior with the observed feedback error
weighted by the Kalman gain (K):

Koyt = 4+ K(ye — HEE). ©)

Please note, to ensure corrective responses to the mechanical and visual perturbations, Kalman gains were computed
using nonzero motor noise for the external force and the hand cursor offset. This allows the estimator to infer step changes
in this variable, which is otherwise impossible if it is assumed that there is no motor noise affecting these variables. Thus, to
compute the Kalman gains, we added 0.1% of the defined motor noise () to the cursor position and 1% to the external
force. For the movement simulations, the motor noise for these variables was then set back to zero in agreement with their
physical properties.

We computed optimal control gains using a quadratic cost function with a penalty on position error and control:

Jixt, ) = x] Qx; + ufRuy, (7)
where R =10~ describes the cost to penalize large control commands and Q represents the cost applied to position errors
during the 500 ms stabilization phase at the end of the simulated movements. Thus, Q was zero throughout the movement
and applied a quadratic cost term to the difference between cursor and target position during the stabilization phase. The

resultant optimal control policy is a linear function of the estimated state:

U = —Leke, 8)
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with L representing the optimal control or feedback gains. Details about the derivation of the controller can be found else-
where and followed standard techniques (Astrém, 1970; Todorov, 2005).

To simulate mechanical perturbations, we set the x-component of the external force (Fx ext) to 9 N during a simulation run
as soon as the y position of the state exceeded a distance of 0.5 cm from the start position. Additionally, we added a shift
of the cursor at 8 cm from the start position by setting the offset between hand and cursor position in the x-dimension
(px,on) to £2 cm. We computed 25 simulation runs with movement time 400 and 700 ms for fast and slow movements,
respectively. At the end of each movement, we added a 500 ms stabilization phase to mimic the experimental paradigm
as closely as possible.

Software accessibility. The Python code for these model simulations has been deposited on GitHub at https://github.
com/annehoff/MultisensFBReaching and is publicly available. The code is also available as Extended Data 1.

Results

One of the hallmarks of optimal multisensory integration is that the contribution of each sensory cue is weighted by the
inverse of its variance (reliability). Therefore, Experiment 1 aimed to investigate whether visual uncertainty also modulated
online feedback responses to mechanical loads applied during reaching. Moreover, we varied movement time to test
whether this influences the dynamics of corrective responses to combined force and visual perturbations.

Figure 2a displays the average trajectories during rightward perturbations for one exemplar participant in Experiment 1.
The different directions of the cursor shift are shown in different shades of blue. Similarly, panel b shows the average lateral
positions for the same participant. The black vertical lines indicate the median onset and offset time of the visual feedback
for this participant. In trials in which visual feedback was presented during the movement, we can observe a clear diver-
gence of the lateral positions in correspondence with the direction of the cursor shift. Specifically, when the cursor was
shifted 2 cm to the right relative to the hand coordinate, the participant’s corrective response increased. Conversely,
when the cursor was shifted 2 cm to the left, closer to the midline of the movement, the correction was reduced. Thus,
the visual feedback clearly influenced the feedback response to the force perturbation.

The top panel of Figure 2c shows the average forward velocity during fast (dark gray line) and slow (light gray line) move-
ments for the same example participant, while the bottom panel depicts the distribution of the onset times of the visual
feedback. The vertical lines indicate the median onset time in each movement speed condition for this participant. It is
visible that the onset of the visual feedback occurred after peak velocity in both conditions.

Next, to compare the contribution of the visual feedback across different levels of uncertainty and movement speed, we
extracted the lateral positions at 150, 300, 500, 700, and 900 ms after the onset of the visual feedback. Figure 2d shows
the lateral positions at 500 ms as a function of the cursor shift for the same exemplar participant during slow (left panel) and
fast (right panel) movements. We computed the slope across the cursor shifts and plotted these values as a function of the
visual uncertainty (Fig. 2e). A slope of 0 indicates that the movement corrections did not differ depending on the cursor
shift, whereas a slope of —1 signifies that the participant compensated fully for the shift of the cursor or the expected value
of the cursor cloud. Intermediate values of the slope indicate a partial correction for the visual shift. Figure 2e clearly illus-
trates that the contribution of the visual feedback to the movement correction decreased with visual uncertainty in both
movement speed conditions.

To quantify the effect of visual uncertainty and movement speed on feedback corrections at the group level, we com-
puted the slopes for all participants at the five selected time points following the onset of the visual feedback presentation.
Figure 3a shows the hand position at each of the five time points during the movement and stabilization phase averaged
across trials without cursor shift. Naturally, these positions differed between the slow and fast condition due to the differ-
ence in movement speed. From 500 ms following the presentation of the visual feedback, the hand stabilized close to the
target for both slow and fast conditions. Figure 3b demonstrates that 150 ms after the onset of the visual feedback, there
was no observable influence of vision on the movement correction. However, starting at 300 ms, fast movements began to
show negative slopes, signifying a modulation in lateral hand position in accordance with the shifted cursor. Even later
during the movement, at 500 ms following the onset of vision, we observed negative slopes that scaled with visual uncer-
tainty in both movement speed conditions, but the slopes were clearly larger during fast movements. Importantly, this dif-
ference between slow and fast conditions decreased again during even later time points (700 and 900 ms). We tested
these effects using a repeated-measures ANOVA with visual uncertainty and movement speed as within participant
factors which revealed a main effect of visual uncertalnty starting at 300 ms after vision onset (300 ms: F3 45=6.97,
p =0.00086, 1,%=0.32; 500 ms: Faa5=78.13, p<107*, ny,?=0.84; 700 ms: F3 45=140.95, p<107*, np2_09 900 ms:
Fa.45=143.36,p < 1074, np =0.91). In addition, slopes at 300 and 500 ms were significantly larger durlng fast compared
with slow movements (300 ms: F4 15 =32.11,p <10~ 4 np =0.68; 500 ms: F(1,15=49.73, p< 10~ 4 np =0. 77) At 700 ms
the relationship between fast and slow slopes showed a clear significant trend (F(1 15=10.01, p=0.0064, np =0.4), butthe
effect was not significant anymore at 900 ms (F(1,15,=2.41, p = 0.14). Taken together, these results highlight that feedback
responses decreased with visual uncertainty. Additionally, there was a transitory period between 300 and 700 ms follow-
ing the onset of vision during which the slopes were larger during fast movements.

To assess whether participants exhibited a systematic offset relative to the center of the target, we analyzed the average
lateral hand positions when no cursor shift was applied across the different visual uncertainties, movement speeds, and

December 2024, 11(12). DOI: https://doi.org/10.1523/ENEURO.0262-24.2024. 8 of 19


https://github.com/annehoff/MultisensFBReaching
https://github.com/annehoff/MultisensFBReaching
https://doi.org/10.1523/ENEURO.0262-24.2024.d1
https://doi.org/10.1523/ENEURO.0262-24.2024

P \ i .
"eu ro Research Article: New Research 9 of 19
a fast b fast
L o &
20 \\'\"4\‘»0 No Shift
= 5} Right Shift
g 9 ' I
E 157 S, L / B \ o = low
= < 0 | —/ |
>_. 10 F 8 N | i | ;
a a 5fF , o L L L C L N N N
)
o s5¢t
: = 5F | L |
No Shift IS o = med
or Right Shift A B B
" " " g I " x 0 \/k /:\__
5 0 5 5 0 5 O 5 [ : i :
Pos. X [cm] Pos. X [cm] L L L L L . R . . .

N
o o
T

fast:
L Vis.On

o
Pos. X [cm]
o

Pos. X [cm]
Q
.
«Q
=

-5

Dist. Vis. On Vel. Y [m/s]

02 0 02 04 06 08 1 0.5 1 0 0.5 1
Time from Force On [s] Time from Force On [s] Time from Force On [s]

o

o
7
()

= = N fast 0 I No Compensation — — 3

L S, 2r

B E ¢

2 2 -

S ks >

e o MR g5

g g N e

8 8 fast

0 0 -2r

o o « -1~ g@/— — Full Compensation
Ocm +2cm Ocm +2cm | d  high inf
No Right No Right ow. me ig . in

Cursor Shift Cursor Shift Visual Uncertainty

Figure 2. Example participant behavior, quantification of visual feedback influence as the slope of lateral hand positions relative to the target. a, Average
hand trajectories during low visual uncertainty for one example participant in Experiment 1. Trajectories during slow movements are shown on the left
panel, those during fast movement on the right panel. Shades of blue represent the three cursor shift conditions for trials with low visual uncertainty.
b, Average lateral position over time for the same example participant. The left column represents averages across slow movements (visual uncertainty
low—inf are shown in top to bottom panel). The right column represents averages across fast movements. Different shades of the same color represent
different cursor shifts (light, left; medium, no; dark, right). The vertical black lines represent the median onset (full line) and offset (dashed line) times of the
visual feedback, and the red line marks the median value of the time point 500 ms after vision onset. ¢, Top, Average forward velocities during fast (dark
gray line) and slow (light gray line) movements without cursor shift and with low visual uncertainty for the same example participant. Bottom, Histograms of
the onset times of the visual feedback relative to force onset for the same participant. The slow condition is shown in light gray and the fast in dark gray.
Vertical lines represent the median onset time during slow (dashed) and fast (full) conditions. d, Left, Average lateral positions extracted 500 ms after vision
onset (see red lines in panel b) relative to the target center as a function of the cursor shift during slow movements. Blues and greens represent the different
visual uncertainties. Right, Same as left but for fast movements. e, Average slopes between cursor shift and lateral hand position as a function of visual
uncertainty and movement speed (slow, light gray; fast, dark gray) for the same example participant computed at 500 ms after vision onset.

force perturbation directions. As expected, the lateral position of the hand throughout the movement depended on the
direction of the applied force (Extended Data Fig. 3-1). Importantly, during the rightward force perturbations on which
we focused our analysis, we observed no significant difference in the offset depending on the visual uncertainty at the final
time point (900 ms: F5 45,=3.66, p = 0.0192; repeated-measures ANOVA). Secondly, while the offset was larger in the slow
condition throughout the movement, there was no significant difference in the offset between slow and fast movements at
the final time point (900 ms: F(y 15="5.14, p = 0.0386; repeated-measures ANOVA). Thus, while some participants exhib-
ited an offset in their movement endpoint relative to the target, on average the hand landed in or close to the target at the
end of the movement and endpoints did not systematically differ depending on the visual uncertainty or the movement
speed.
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Figure 3. Gradual influence of visual feedback during movement varied with visual uncertainty and movement speed. a, Group average location of the hand
relative to the target during the two movement speed sessions at different time points relative to vision onset. Hand positions were averaged across trials
without cursor shift and light gray circles represent slow and dark gray circles fast movements, respectively. See Extended Data Figure 3-1 for an additional
analysis of the offset in lateral hand positions relative to the target midline across the different time points. b, Group average slopes computed at different
time points after the onset of the visual feedback as a function of visual uncertainty. The slopes were averaged across all participants in Experiment
1. ¢, Group average variability in hand positions over time as a function of visual uncertainty. Variability was computed as the area of the ellipse described
by the SD of x- and y-positions. Each panel represents the change in area relative to the total average at that time point. The color-coding is identical to the
one used in Figure 2 and the error bars indicate group averages + SEM. * indicate pairwise comparisons with Bonferroni-corrected p <0.005. In panels
c, lines on top of the panels indicate the pairwise comparison between conditions with low and infinite visual uncertainty in the slow (light gray line)
and fast (dark gray line) conditions.

To further investigate the influence of visual uncertainty on movement corrections, we tested whether movement var-
iability also increased with visual uncertainty. Figure 3c shows the average area of the ellipse describing variability in x- and
y-positions. For illustrative purposes, these variability values are shown as the difference to the average across all uncer-
tainty conditions at each time point. We can observe that the variability in positions was larger during slow movements
compared with fast up until 700 ms following the onset of visual feedback. The larger variability during slow movements
might be linked to reduced temporal alignment of the traces, which is also visible in the wider distribution of the visual
feedback onset times (Fig. 2¢). Importantly, starting at 500 ms, we can see a positive relationship between the level
of visual uncertainty and the variability (500 ms: Fz45=15.19, p<107, n,°=0.5; 700 ms: F345=21.22, p<107%,
np2:0.59; 900 ms: Fga5=21.71, p<107% np2:0.59; repeated-measures ANOVA). This finding provides additional
support that the visual feedback contribution to the movement correction scaled with the signal reliability.
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In Experiment 1 we presented the visual feedback for 100 ms during slow and fast movements. Consequently, visual
information was available for a larger fraction of the hand path during fast movements. Hence, we performed a second
experiment during which we matched the distance of the movement traveled with visual feedback between slow and
fast movements. We used the average velocity to estimate the additional viewing time necessary to match the observable
traveled distance and accordingly, increased the visual feedback presentation from 100 to 170 ms during slow move-
ments in Experiment 2 (Fig. 4a, top and bottom panel; see Materials and Methods). Importantly, the average peak forward
velocities remained identical between Experiments 1 and 2 [Fig. 4b, top and bottom panel; Exp. 1 (mean + SD): slow:
0.4 m/s £0.07 m/s, fast: 0.65 m/s + 0.1 m/s; Exp. 2: slow: 0.4 m/s +0.07 m/s, fast: 0.64 m/s =0.1 m/s]. At 500, 700, and
900 ms after vision onset, we observed slightly larger slopes during the slow movements in Experiment 2, while there
was no such difference between experiments in the fast movements (Fig. 4c,d). Statistically, we observed an interaction
between the effect of movement velocity and the experiment at 700 and 900 ms (Fig. 4d; 700 ms: F(1 30)=6.37, p=0.017,
np2 =0.18; 900 ms: F1 30)=5.37, p=0.027, np2 =0.15; repeated-measures ANOVA). In particular, while the slopes were
significantly larger in the fast compared with the slow condition in Experiment 1, this difference was absent in
Experiment 2. Hence, increasing the viewing duration of the visual feedback during slower movements increased the
corrections for the cursor shift.

Previous studies have shown that control gains increase with the urgency to respond to a perturbation (Crevecoeur
et al., 2013; Poscente et al., 2021). To assess whether this was the reason why we observed stronger responses to the
visual feedback during fast movements, we compared the modulation of lateral interaction forces between participants’
hand and the robot handle during trials with a rightward perturbation load across movement speed conditions (Fig. 5a,
data Exp. 1). Please note that as the lateral motion of the handle was not constrained during these trials, the recorded
forces correspond to the lateral acceleration of the movement and, in absolute, do not reflect the exact forces participants
applied on the handle. However, assuming constant mechanical impedance and given that the perturbation load magni-
tude was always the same, we can interpret the difference in measured forces as indicative of a modulation in participants’
feedback responses. Panels 5a show the absolute lateral forces averaged across trials with rightward (dark blue), no
(medium blue), and leftward (light blue) cursor shifts and low visual uncertainty. It is visible that the lateral forces diverge
with the direction of the cursor shift ca. 100 ms after the removal of the visual feedback. The maximum absolute
lateral forces were clearly larger during fast compared with slow movements (Fig. 5b; Exp. 1: F1,15=46.17, p< 1074,
/7,,2:0.75; Exp. 2: F4,15=33.14, p< 1074, /7,,2:0.69; repeated-measures ANOVA), which indicates an overall increase
in responses to the force perturbation. We observed no influence of the cursor shift or the visual uncertainty on the
peak lateral forces. To further investigate the influence of visual feedback uncertainty on the force responses, we com-
puted the difference in forces during right and left cursor shifts (delta force; Fig. 5¢). Next, we extracted the maximum delta
force for each visual uncertainty condition (Fig. 5d). Using a repeated-measures ANOVA, we observed a main effect of
movement velocity (Exp. 1: Fy,15=32.16, p<107*, n,?=0.68; Exp. 2: F(4,15=21.15, p=0.0003, 1,%=0.59) as well as a
main effect of visual uncertainty (Exp. 1: Fg45=42.81, p<107%, n,°=0.74; Exp. 2: F345=48.8, p<107*, n,?=0.76)
on the maximum delta force. Additionally, there was a significant interaction between movement velocity and visual
uncertainty on the maximum delta force in Experiment 2 (Exp. 1: F(5 45=4.09, p=0.01, np2=0.21; Exp. 2: F3.45=6.28,
p=0.0012, r)p2 =0.3). These findings demonstrate that the larger contribution of vision during fast movements observed
in the slopes shown in Figure 3 could be linked to an increase in control gains with movement speed.

To determine the onset of the effect of visual uncertainty on the force differences, we computed running t tests to see
when the force traces started to differ between the conditions with low and high visual uncertainty. We defined the onset
as the first time step after the removal of the visual feedback at which the p value crossed below a threshold of 0.05. The
estimated onset of the difference was 221 ms during slow movements and 187 ms during fast movements in Experiment 1.
Further, we used bootstrapping with 10,000 iterations to estimate distributions of onset times for the slow and fast
movements and observed no significant difference in onset times between movement speed conditions (data not shown).
Thus, independent of movement speed, uncertainty-dependent responses to the visual feedback occurred at ~200 ms
following the onset of vision.

The increase in feedback responses with movement speed was also visible in the agonist muscle activity recorded in the
pectoralis major muscle of the right shoulder [Fig. 6a (Exp. 1), ¢ (Exp. 2)]. To investigate the influence of visual uncertainty
on the modulation of muscle responses, we computed the average EMGs for each combination of cursor shift and visual
uncertainty. The top panels of Figure 6a,c show the group average for each cursor shift during the condition with low visual
uncertainty. For both slow and fast movements, we can see a separation of the traces depending on the cursor shift direc-
tion at ~100 ms following the onset of the visual feedback. Next, to determine whether this effect was modulated by visual
uncertainty, we computed the difference in EMGs between the right and left cursor shift for each visual uncertainty con-
dition. The bottom panels in Figure 6a,c illustrate that this difference clearly decreased with increasing uncertainty.
We then computed the average delta EMG across a time window ranging from 100 to 250 ms following the onset of
the visual feedback [Fig. 6b (Exp. 1), d (Exp. 2)]. The average delta activity was overall larger during fast movements
(Exp. 1: F1.15=13.44, p=0.0023, n,?=0.47; Exp. 2: F(115=44.58, p<107*, n,°=0.75; repeated-measures ANOVA)
and showed a clear scaling with visual uncertainty (Exp. 1: Fig 45 =15.38, p <107, 1,2 =0.51; Exp. 2: F3 45 =24.84, p<107%,
/7,,2 =0.62; repeated-measures ANOVA). We observed no significant scaling with movement speed (Exp. 1: F4,15=2.37,
p=0.14; Exp. 2: F115=1.81, p=0.2) or with visual feedback uncertainty (Exp. 1: F345=1.86, p=0.15; Exp. 2:
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Figure 4. Longer viewing duration during slow movements increased visual feedback contribution. a, Distribution of movement distances performed in the
presence of visual feedback across all participants in Experiment 1 (top) and Experiment 2 (bottom). Slow movements are shown in light gray (Exp. 1) or pink
(Exp. 2) and fast movements are shown in dark gray (Exp. 1) or purple (Exp. 2). Bars on the top of the histograms indicate mean values + 1SD. b, Distribution
of maximum forward velocities across all participants in Experiment 1 (top) and Experiment 2 (bottom). Bars on the top of the histograms indicate mean
values + 1SD. ¢, Slopes computed at 700 ms after the onset of the visual feedback as a function of visual uncertainty during slow (left) and fast (right) move-
ments. Data from Experiment 1 is shown in gray and data of Experiment 2 in pink/purple. Thick lines indicate group averages and thin lines show individual
participant data. d, The same as ¢ but at 900 ms after the onset of the visual feedback. The color-coding is identical to the one used in Figure 2 and the error
bars indicate group averages + SEM.

Fs,45= 1.36, p=0.27) in the antagonist muscle activity (posterior deltoid; Extended Data Fig. 6-1), supporting that changes
in movement speed and visual feedback uncertainty resulted in a modulation of visual feedback gains rather than muscle

cocontraction.
Finally, we calculated the contrast in pectoralis major muscle activity between low and infinite visual uncertainty during
fast movements averaged across both experiments to determine the latency of responses to the visual feedback. We
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Figure 5. Lateral forces scaled with movement speed and visual uncertainty. a, Group average absolute lateral force during rightward force perturbations
and low visual uncertainty in the slow (left) and fast (right) movement condition in Experiment 1. Data was aligned to the onset time of the visual feedback.
Shades of blue correspond to the three different cursor shift conditions for trials with low visual uncertainty. The shaded area corresponds to group mean +
SEM. b, The maximum lateral force indicated in panel a as a function of visual uncertainty in Experiment 1 (left) and 2 (right). The dark gray lines represent
fast and the light gray lines slow movements. Group averages are shown as thick lines and individual participants’ data as thin lines. ¢, Difference in lateral
forces to rightward-leftward cursor shift during slow (left) and fast (right) movements in Experiment 1. d, The maximum delta force indicated in panel ¢ as a
function of visual uncertainty. e, Top, Zoom-in of the delta lateral forces for conditions with low (blue) and high (turquoise) visual uncertainty during slow (left)
and fast (right) movements. The area that is zoomed-in is depicted by a red box in panels c¢. The shaded area corresponds to mean + SEM. Dashed red lines
mark the time point when the two traces started to diverge (determined by a running t test). Bottom, p values of running t tests over time. Dashed red lines
mark the moment the p values fall below 0.05. The color-coding is identical to the one used in Figure 2 and the error bars indicate group averages + SEM.

observed a significant difference in muscle activity starting at 108 ms following the onset of vision (Fig. 7). Visual inspec-
tion of Figure 7 further shows that the intermediate visual uncertainty conditions start to diverge at a similar time even
though significance is reached later due to smaller modulation amplitudes (~150 ms following visual onset). These laten-
cies are consistent with previous measures of rapid visual feedback responses to target or cursor jumps (Izawa and
Shadmehr, 2008; Franklin et al., 2017; Cross et al., 2019).

We implemented an LQG controller with a state estimator based on a Kalman filter to test whether such a continuous
optimal integration model could capture the observed effects of visual uncertainty and movement speed on feedback cor-
rections. As in our experiments, a 9 N constant load was applied to the simulated point mass as soon as it left the start
position. For simplicity, contrary to the experiment, visual feedback was present during the entire length of the simulated
movements as it is difficult to model a transient presentation of visual information in a linear system. Instead of the sudden
flashing of the visual feedback, we introduced an instantaneous right- or leftward 2 cm cursor jump at the moment when
the visual feedback was presented in the experiments. This cursor jump was not directly observable through the feedback
equation (Eqg. 4) and had to be estimated by the state estimator. In spite of all simplifying assumptions, the simulated tra-
jectories closely resembled the observed behavior and displayed a similar divergence in lateral hand positions based on
the direction of the cursor jump (Fig. 8a). Importantly, the model shows that the rate at which the state estimation error
decreases following the cursor jump depends on visual uncertainty but does not differ between movement speeds
(Fig. 8b). As shown in Figure 8c, the model accurately predicted an increase in the force modulation with visual feedback
during fast movements, which was the result of a time-dependent increase in control gains.
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Figure 6. Agonist muscle responses scaled with movement speed and visual uncertainty. a, Top, Group average pectoralis major EMG activity during
rightward force perturbations and low visual uncertainty in the slow (left) and fast (right) movement condition in Experiment 1. Data was aligned to the onset
time of the visual feedback. Shades of blue correspond to the three different cursor shift conditions. Dashed black lines indicate onset and offset of visual
feedback. Bottom, Zoom-in of the difference in EMGs to rightward-leftward cursor shift during slow (left) and fast (right) movements in Experiment 1. The
area that is zoomed-in is depicted by a red box in the top panels. In Experiment 1 the visual feedback duration was 100 ms for both slow and fast conditions
as indicated by the gray/black time bars in the top panels. b, EMG responses averaged across 100-250 ms following vision onset (gray-shaded area shown
in a, bottom panels) as a function of visual uncertainty. The slow condition is represented by light gray lines and the fast condition by dark gray lines. Group
averages are shown as thick lines and individual participants’ data as thin lines. ¢, Same as a but for Experiment 2. Note that in Experiment 2, the slow
movement condition had a visual feedback duration of 170 ms while the fast movement condition was identical to Experiment 1 (100 ms feedback duration)
as indicated by the pink/purple time bars in the top panels. d, Same as b but for Experiment 2. The color-coding is identical to the one used in Figure 2 and
the error bars indicate group averages + SEM. See Extended Data Figure 6-1 for antagonist muscle (posterior deltoid) responses.

Figure 8d depicts the temporal evolution of the simulated slopes at 100, 200, 300, and 400 ms following the cursor jump
(Fig. 8a, red lines). The development of the slopes qualitatively resembles the results shown in Figure 3b and illustrates a
similar effect of visual uncertainty and movement speed. Our model also allows us to isolate the relative contribution of
visual uncertainty and movement speed on force modulations and slopes. To demonstrate this, we could assume an alter-
native scenario in which visual feedback contributes to the state estimate in a manner that is independent of sensory
uncertainty. A simple way to simulate this in our model is to assume that the control command is computed based on
the true state instead of the estimated state. In this “fully observable case” we assume that the system has complete
knowledge of the state but the reasoning extends to situations in which we would assume that visual feedback is inte-
grated based on a fixed weight independent of sensory uncertainty. In such a scenario, we no longer observe a scaling
of the feedback responses with sensory uncertainty, and the estimation error is always zero (fully observable case) or
decreases at the same rate independent of visual uncertainty (case with fixed weights). Instead, the effect of movement
speed resulting from the change in control gains remains, explaining the difference in peak delta forces and the time-
varying offset in estimated slopes between slow and fast movements.

Figure 8e depicts a direct comparison of model and data for slopes during the condition with low visual uncertainty. The
dark and light gray lines show that it takes ~300 ms following the cursor jump for the slope during the fast simulation to

December 2024, 11(12). DOI: https://doi.org/10.1523/ENEURO.0262-24.2024. 14 of 19


https://doi.org/10.1523/ENEURO.0262-24.2024.f6-1
https://doi.org/10.1523/ENEURO.0262-24.2024

r euro Research Article: New Research 15 of 19

o o
) »

A PM EMG [
o

02t 1 L 1 1 1 1
0 0.05 0.1 0.15 0.2 0.25 0.3

b Time from Vision On [s]

108ms

o
)
T

A PM EMG [
o

o
o
<L o

1 1 1 1 1

0 0.05 0.1 0.15 0.2 0.25
Time from Vision On [s]

Figure 7. Latency of agonist muscle responses to visual feedback. a, Difference in average EMG activity in the pectoralis major muscle to rightward-left-
ward cursor shifts averaged across all trials in the fast condition in Experiments 1 and 2. b, Top, Zoom-in of the same delta EMGs for conditions with low
(blue) and infinite (green) visual uncertainty. The dashed red line marks the time point when the two traces started to diverge (determined by a running t test).
Bottom, p values of running t test over time. The dashed red line marks the moment the p value falls below 0.05. The color-coding is identical to the one
used in Figure 2 and the shaded areas correspond to mean + SEM.

converge to the value of —1, whereas during the slow simulation it takes an additional 100 ms to reach the same value. This
pattern looks similar when comparing the fast and slow movements in Experiments 1 and 2; however, there are some
important differences between the model simulations and the data. Firstly, while the model starts to exhibit negative
slopes at ~100 ms following the visual perturbation, we only observed slopes significantly different from O at ca.
300 ms after vision onset in our experiments. This shift in time might be due to the fact that our model does not include
time delays in the observed visual feedback. Secondly, the slopes we measured in our experiments converged to a value
between —0.5 and —0.75, meaning that the cursor shift was not fully compensated. This divergence between the model
and our data might have resulted from the fact that the visual feedback was only briefly presented in the experiments.

Importantly, for simplicity, our model only considers additive sensory and motor noise, and under this assumption, state
estimation and control processes are independent from each other. However, it has long been suggested that the human
sensorimotor system is subject to signal-dependent noise (Harris and Wolpert, 1998; Todorov, 2005), and in this case the
independence of control and Kalman gains no longer holds. To investigate the impact of signal-dependent noise, we ran
the same simulations using a model in which the motor noise and sensory noise scaled with the corresponding signals.
The results of these simulations can be seen in Extended Data Figure 8-1. In general, we observed a similar behavior in
terms of error decay, force modulations, and predicted slopes in the visual feedback responses. Further, the presence
of signal-dependent noise did not influence the Kalman gains corresponding to the visual cursor positions (Extended
Data Fig. 8-2). We only observed a small interaction between sensory uncertainty and movement speed on the estimated
control gains corresponding to the cursor offset. Therefore, even if we assume that state estimation and control are not
fully independent as in the case of signal-dependent noise, we still observed a dominant influence of movement speed on
control gains and sensory uncertainty on state estimation.

In summary, our simulations show that the effect of visual uncertainty can be explained by an optimal state estimator
that performs a continuous integration of sensory feedback and internal predictions, while the increase in movement
speed induces a change in the control policy that maps state estimates onto motor commands. The results of our model
mirror our empirical observations. Specifically, the finding that the contribution of visual feedback increased with viewing
duration in Experiment 2 suggests that visual information was indeed accumulated and integrated continuously by the
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Figure 8. Model simulations reproduced effect of visual uncertainty and movement speed. a, Simulated lateral positions over time during slow (top) and
fast (bottom) movements with low visual uncertainty. The black line marks the moment the cursor jump was applied and the shades of blue correspond to
the direction of the jump. Red vertical lines correspond to 100, 200, 300, and 400 ms after the cursor jump. b, Average decay of the estimation error fol-
lowing the cursor jump during different visual uncertainties (blues and greens). The decay following a leftward cursor jump is shown as dotted lines, that
following rightward jumps as full lines. ¢, Difference in lateral forces to rightward—leftward cursor jumps during slow (top) and fast (bottom) simulated move-
ments. d, Slopes of the simulated movements at the four highlighted time points following the cursor jump as a function of visual uncertainty. Slow move-
ments are shown as light gray lines and fast as dark gray lines. e, The development of average slopes during low visual uncertainty over time from cursor
jump/vision onset. Simulated data is shown on the left and experimental data on the right. Data of Experiment 1 is plotted in gray and data from Experiment
2 in pink/purple. See Extended Data Figures 8-1, 8-2 for comparison to simulations including signal-dependent sensory and motor noise. Refer to the
following GitHub repository (https://github.com/annehoff/MultisensFBReaching) or Extended Data 1 for the model code used to generate this figure.

state estimator during the movement. Further, the speed-dependent modulation of forces and EMGs supports that the
increased visual feedback response during fast movements was mitigated by an increase in control gains.

Discussion

The present study aimed to investigate the influence of visual uncertainty on feedback corrections to combined visual
and mechanical perturbations. To study the dynamics of the multisensory feedback responses, we varied both the move-
ment time and the presentation duration of the visual feedback during the movement. Our results show that feedback cor-
rections scaled with visual uncertainty and increased during faster movements. Further, we observed that extending the
visual feedback duration during slow movements increased its contribution, leading to comparable levels of visual influ-
ence on feedback corrections during slow and fast conditions toward the movement end. We then leveraged a compu-
tational model to show in theory that there were two separable components underlying the observed behavior: the first is
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the integration of visual signals into the motor correction which depends on sensory uncertainty, and the second is the
modulation of control gains with movement speed. Thus, we conclude that dynamic integration of vision and propriocep-
tion in our task was driven by a continuous accumulation of sensory evidence for state estimation. This estimate in turn
interacted with the control policy which scaled with movement time.

Previous work has shown that humans behave close to optimal observers when combining perceptual priors and sen-
sory evidence (Kording and Wolpert, 2004). Specifically, Izawa and Shadmehr (2008) showed that vigor of responses to
target jumps depended on the change in relative uncertainty from the first to the second target location. They further dem-
onstrated that the time course of these uncertainty-modulated responses could be predicted by a Kalman filter-based inte-
gration of internal priors and delayed sensory feedback, which led to a gradual convergence of the estimated target position
toward the new target position. Our findings extend this model to multimodal perturbation responses by showing that feed-
back responses to force perturbations were modulated by visual uncertainty in a manner predicted by a Kalman filter.

In our second experiment, we observed that an extension of the visual feedback duration resulted in an increased contri-
bution of vision to movement corrections. This observation supports the idea that visual evidence was integrated over the time
course of the movement in a process resembling evidence accumulation described during decision-making. Specifically,
drift-diffusion models predict that the rate at which the decision variable increases toward a decision threshold depends
on the reliability of the sensory input (Ratcliff et al., 2016). In the context of reaching control, a stable Kalman filter predicts
that estimation errors decay exponentially following a perturbation, and the rate of this decay is determined by the sensory
feedback uncertainty. Further, by iteratively collecting noisy samples of the system state at each time point, a Kalman filter
effectively implements a process resembling evidence accumulation over time. Hence, changing the duration of the visual
feedback likely resulted in more information about the visual stimulus being accumulated by the state estimator and thus a
larger reliance on vision. However, this assumption could not be directly tested in our model as it would require a change
in the model structure to allow the addition and removal of visual signals which would in turn imply a recomputation of control
and Kalman gains during the movement. Further, increasing the viewing duration necessarily resulted in a longer distance
traveled with visual feedback, which makes it impossible to disentangle the influence of viewing duration and viewing distance
in our experiments. Thus, to investigate the accumulation of sensory information during movement in more detail, future work
may look more systematically at the influence of a larger variety of feedback presentation times on state estimation during
movement.

While drift-diffusion models have been the standard account for evidence accumulation during decision-making pro-
cesses, recent studies have proposed more advanced models to account for flexibilities in weighting sensory evidence
as well as changes of mind during ongoing decision processes (Atiya et al., 2019; Prat-Ortega et al., 2021). For instance,
Prat-Ortega et al. (2021) demonstrated that point-attractor dynamics can explain transitions between primary and recency
effects of evidence weighting depending on the stimulus uncertainty or duration while drift-diffusion models can account
for these observations only by changing model parameters, such as setting absorbing or reflecting decision bounds.
However, these more complicated dynamics of decision-making likely come to play at stimulus durations exceeding
the 100-170 ms used in our experiments. Thus, future work exploring longer feedback durations may also consider
more complex evidence accumulation dynamics and investigate whether they are consistent with tracking of sensory evi-
dence using a Kalman filter.

As an alternative to evidence accumulation accounts of decision-making, it has been suggested that decisions are instead
reached using an urgency gating process. Contrary to the drift-diffusion model, urgency gating does not assume that sensory
evidence is accumulated over time and has been able to explain the influence of transient increases in sensory evidence
applied at different times during the decision-making process (Carland et al., 2016). Instead, this model proposes that sensory
evidence is passed through a low-pass filter with a short time constant and then multiplied with an urgency signal that grows
over time (Cisek et al., 2009). Interestingly, a growing urgency signal effectively acts like a gain applied to the current sensory
evidence, which closely resembles the influence of movement speed observed in our results. According to Optimal Feedback
Control, motor commands are computed by mapping control gains onto the estimated state of the system. An increase in
movement speed leads to a rise in urgency to respond to the perturbation which has been shown to result in an increase
in control gains (Crevecoeur et al., 2013; Dimitriou et al., 2013; Poscente et al., 2021). In our experiments this resulted in a
transient phase during which the visual compensation appeared larger during fast movements, while the actual estimation
error was not influenced by movement speed but was simply mapped onto a different control function. Since we manipulated
response urgency by setting different timing constrains on the movement, we cannot disentangle the influence of urgency or
movement speed on feedback responses in our experiments. However, a recent study by Cesonis and Franklin (2020) dem-
onstrated that the intensity of visuomotor feedback gains scaled non-monotonically with the time interval between perturba-
tion onset and arrival at the target rather than movement speed at perturbation onset, suggesting that “time-to-target” is a
valid measure of response urgency. Our manipulation of movement time also influenced the time between perturbation onset
and reaching the target, and thus our experiments address a similar definition of response urgency.

Importantly, urgency gating models of decision-making assume that only novel evidence should influence the decision
process which is implemented by assuming a leaky integration process. In our study the hand was moving during the pre-
sentation window of the visual feedback; hence, each moment in time presented novel evidence about the hand location
which was integrated by the state estimator. While resolving the debate between evidence-accumulation and urgency-
gating accounts of decision-making is beyond the scope of our study, we demonstrate here that multisensory feedback
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corrections are influenced by both of these processes. In particular, we suggest that evidence accumulation is performed
by the state estimator whereas urgency signals modulate the control policy with which the sensorimotor system responds
to incoming feedback signals. Thus, these two processes can be well separated within the context of reaching control.

Intheory, a complete separability of state estimation and control processes only exists in the presence of purely additive
noise signals. However, it is known that the sensorimotor system is subject to signal-dependent noise (Harris and Wolpert,
1998; Todorov, 2005). In particular, it has been shown that motor noise increases with the average applied force (Jones
et al., 2002). To capture this property of sensorimotor systems, we demonstrated that even in the presence of signal-
dependent noise, movement time predominantly influenced control gains while sensory uncertainty determined
Kalman gains resulting in very similar predicted behavior. Besides the fact that signal-dependent noise requires specific
mathematical treatment, the approximation that separable processes underlie estimation and control is in line with current
theories of decision-making, which suggest that sensory evidence and urgency signals are computed by prefrontal cortex
and basal ganglia, respectively, and converge in motor cortex areas (Thura et al., 2022). It remains for future work to inves-
tigate whether similar brain networks also underlie online movement control.

Our results provide additional support that decision-related evidence accumulation and movement execution co-occur
in time and that decision variables are continually transferred to motor areas during movement as has been suggested by
previous work. For example, Selen et al. (2012) demonstrated that the accumulated sensory evidence during a decision
process was continuously transferred to the motor system during movement preparation by showing that long-latency
reflex gains scaled with the accumulated evidence. Further, the occurrence of changes of mind after the onset of a move-
ment demonstrates that the decision process overlaps with movement execution (Resulaj et al., 2009; Visser et al., 2023).
Other studies have shown that speed constraints imposed on decision-making can influence the speed of subsequent
movements and vice versa (Carsten et al., 2023). In line with such bidirectional influences between decision-making
and movement control, Kelly and O’Connell (2013) showed that a centroparietal positivity component in an EEG study
scaled both with coherence of a random dot motion stimulus as well as with the reaction time of the subsequent decision.
The authors linked this effect to a reduction in alpha-band power preceding faster responses which is commonly inter-
preted as an increase in attention to the stimulus. Although speculative, a similar process might underlie the increase
in response to visual feedback during faster movements we observed in our data.

The existence of varying processing delays within different sensory modalities has inspired the proposal that initial
movement corrections might rely on intramodal estimates until multimodal state estimates become available later on dur-
ing processing (Oostwoud Wijdenes and Medendorp, 2017). A recent study has shown that initial responses to visual and
proprioceptive perturbations exhibited additive effects whereas interactions between these feedback modalities only
became visible ~100 ms after the onset of responses to visual feedback (Keyser et al., 2023). While the authors interpreted
this as evidence against a Kalman filter-based integration, we demonstrated here that a linear state estimator indeed pre-
dicts such additive contributions of proprioceptive and visual errors to feedback responses. Nonetheless, a Kalman filter is
a description of the behavioral output and does not make assumptions of how the brain produces this behavior. Previous
work has shown that different pathways exist both within the proprioceptive and visual modalities (Pruszynski et al., 2010;
Scott, 2016; Cross et al., 2019), such that the resulting neural command sent to the muscles is a combination of both inde-
pendent and combined pathways. The question is where in the brain information from these different pathways is com-
bined for multimodal processing. For example, Bakola et al. (2010) used fluorescent tracers in cynomolgus monkeys to
show that neuronal populations in parietal cortex receive both visual and proprioceptive inputs specifically linked to
limb positioning in space. Further, a recent study has shown that limb afferent feedback and visual information about
limb and target location converge on similar neuron populations in primary motor cortex of monkeys (Cross et al.,
2024). Given the latencies that we observed for the visual feedback in our study (ca. 100 ms), these responses likely relied
both on separate and combined neural pathways. Hence, an important question for neurophysiological studies is to inves-
tigate how multimodal pathways complement separate sensory processing to produce a behavioral output that matches
the prediction of a Kalman filter.

In summary, our results show that multimodal feedback responses during movement not only depend on sensory uncer-
tainty but are further influenced by movement speed and visual feedback duration. Importantly these two influences can be
respectively linked to the urgency as a feature of the control policy and to evidence accumulation over time as a property of the
state estimator. From this perspective, these two components of behavior observed across decision-making and motor con-
trol tasks can be dissociated and attributed to well-defined computational operations of the sensorimotor system.
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