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Abstract

Combining individual actions into sequences is a hallmark of everyday activities. Classical
theories propose that the motor system forms a single specification of the sequence as a
whole, leading to coarticulation of the different elements. In contrast, recent neural
recordings challenge this idea and suggest independent execution of each element specified
separately. Here we show that separate or coarticulated sequences can result from the same
task-dependent controller, without implying different representations in the brain.
Simulations show that planning for multiple reaches simultaneously allows separate or
coarticulated sequences depending on instructions about intermediate goals. Human
experiments in a two-reach sequence task validated this model. Furthermore, in co-
articulated sequences, the second goal influenced long-latency stretch responses to external
loads applied during the first reach, demonstrating the involvement of the sensorimotor
network supporting fast feedback control. Overall, our study establishes a computational
framework for sequence production that highlights the importance of feedback control in
this essential motor skill.

eLife assessment

This valuable paper presents convincing evidence that changing the constraint of
how long to stop at an intermediate target significantly influences the degree of
coarticulation of two sequential reaching movements, as well as their response to
mechanical perturbations. Using an optimal-control framework, the authors offer a
normative explanation of how both co-articulated and separated sequential
movement can be understood as an optimal solution to the task requirements.

https://doi.org/10.7554/eLife.96854.1.sa2

Introduction

Everyday behavior involves performing sequences of actions to achieve a given goal. Sequential
motor skills depend on the ability to combine individual actions with short-term goals into a
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combination of sequence elements and the neural circuits where this combination occurs remain
a topic of debate Q2 -42).

Behavioral data from various sensorimotor repertoires indicate that the trajectory of sub-
movements in a sequence is affected by multiple future goals (5 2-10C2). For example, in human

speech and bird song, the pronunciation of individual elements is influenced by subsequent
elements (11 @, 12 @), a phenomenon known as coarticulation. Ramkumar and colleagues (13 @)

of sub-movements. This coarticulation serves as a natural solution to enhance the efficiency of
chunked movements. Collectively, behavioral findings highlight a pattern where sub-movements
depend on the whole sequence, or a chunk.

It remains unclear how future goals are integrated in the neural circuits to produce coarticulation.
For rapid execution of a sequence, one possible solution is to represent multiple goals within low-
level control circuits (3%, 16(%), so that several elements can be executed together as a chunk.
However, recent neural recordings in the primary motor cortex (M1), a region involved in the
production of motor commands, showed no specific influence of future goals on the population

responses governing the control of ongoing action (17 (3, 18 ). Specifically, Zimnik and

movement kinematics although the execution got faster with practice. Notably, M1 displayed
separate phases of execution related activity for each sub-movement. Using a neural network
model, they interpreted that sequence goals could be separated and serially specified to the
controller from regions upstream of M1 (Figure 1A@). These findings diverge from earlier studies
demonstrating coarticulation of sub-movements and whole sequence representations in M1
(195 -21C2). Hence, coarticulation and separation of sub-movements have been formulated as
distinct hypothesis, with possibly dedicated neural processes, where the former presumably
involves the representation and production of a sequence as a whole, while the latter involves
independent control of each sub-movement (42, 18(%).

Strikingly, most studies have put much emphasis on potential differences in the state of the
sensorimotor system during preparatory activity (182 -22(4). As a consequence, the role of

feedback control in this debate has been unexplored, although it is known that human motor
control involves continuous processing of sensory feedback (23, 24 ). The theory of optimal

framework, all targets in a sequence can be presented as simultaneous inputs to the controller,
and the overlap between control gains applied to each target determines when they influence the
sequence (Figure 1B ). The control gains themselves depend on task requirements (33 %-35 ).
Thus, OFC predicts two experimentally testable features of sequence production: first, even if the
sequence is planned as a whole, control gains can show different amounts of overlap based on
task requirements, leading to either coarticulation or separation of the sequence elements; second,
in sequences with strong co-articulation, feedback responses to perturbations are expected to

depend on future targets due to the overlap of control gains.

Here we studied these predictions of OFC in a two-reach sequence task. Simulations revealed that
the instruction to slow-down at the first target influenced the coarticulation of the two reaches.
Importantly, the penalty for velocity at the first target produced an apparent separation of two
reaches, even if the controller was always computed jointly for both reaches. We conducted two
experiments with human participants and observed that their behaviour was fully consistent with
the simulations. We observed both flexible coarticulation dependent on task instruction about the
intermediate target, as well as a modulation of long-latency feedback responses to the mechanical
loads applied during the first reach dependent on location of the second target when
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coarticulation was present. These results demonstrate that both coarticulation and separation of

sub-movements may arise as the consequence of efficient feedback control. Recordings of muscle
activity suggest that this operation is carried out by the sensorimotor network that mediates fast

state-feedback control.

Results

The results section is organized as follows: we first introduce the computational model and
describe the results of the simulations showing that separate or coarticulated sequence production
can result from flexible feedback control without implying a different structure in the controller
(Figure 1A-B(2). Second, we present the two behavioural experiments in which participants were
instructed to perform a sequence of two reaching movements with an intermediate goal (Figure
1C-F@). Our key manipulation guided by the model simulations was to give them different
instructions regarding the pause at the first target, which produced the modulation of sequence
production predicted in theory.

Simulations of sequence execution

The model considers a task dependent state-feedback controller derived in the framework of
mass on a horizontal plane.-X.éiﬁen estimate of a state vector ¥ (position, velocity, target location
and external load) can influence the motor output u through multiplicative functions called
‘feedback control gains’, represented by k(t). Typically, the motor output at any time (¢) is a result
of a state feedback control law:

w{t) =&({)R(L).

Note that the control law is dependent on the state estimate (X), which is computed by integrating
delayed and noisy sensory feedback (x) with internal prediction of the state. Importantly, feedback
gains are tuned to task demands (33 (4, 36 (%), and vary within a movement (34 ). This task
dependency gives rise to instances where all state variables (%) are simultaneously available to
the feedback controller, but some of them may not influence the motor output if deviations of the

state vector in the corresponding dimension do not impact the performance.

We applied this control formalism to a task composed of a two-target sequence of reaching
movements, such that two different sequences shared the first target, after which they diverged
towards the second target (T1 and T2, Figure 1C ). In the model, the estimated positions of the
targets (71, 72) are in the state estimate (X), hence the control law can be decomposed and
expressed in the following equation (also see Figure 2A2):

u(t) = ky(OT1+ ky(6)T2 + k (O)E(L),

where (kq, k) are the feedback gains that determine how much and when each target (71,72)
influences the motor output (Figure 2A ). This formulation highlights that, even when both
targets are simultaneously available to the feedback controller, the overlap between control gains
(k1 and k,) will determine if and when the second target influences the first reach (Figure 2B®).
In the simulations, the control gains and the overlap between the two components of the sequence
were not hardcoded but were found as an optimal control solution that improves the efficiency of
the sequence as a whole (i.e., as a solution to holistic sequence planning in the sense that all
targets are specified to the controller at once). For holistic sequence planning, we formulated the
efficiency in terms of a cost function on the terminal movement errors and speed of reaching at
both targets (T1 and T2), and total motor output across movement duration (see model with
terminal costs in Methods).
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Figure 2.

Simulations of the OFC model in two-reaches sequence task. (A) Schematic illustration of the feedback control policy. Targets
influence motor output through control gains, which are themselves derived by minimizing movement costs (B) Illustration
of how overlap of control gains can explain coarticulated reaches (top panel), and late influence of second target on first
reach (middle). (C) Hand speed (left), control gains corresponding to the two targets (middle), and hand path (middle) when
dwell velocity at target 1 was not constrained. (D) same as (C) except the dwell velocity was penalized.
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The model simulations revealed that, even though the sequence was planned as a whole, the
necessity to slow-down at the first target, which was induced by an intermediate cost on speed at
the corresponding time, influenced when the first reach became sensitive to the second target
(Figure 2C, D@), i.e., when the two reaches in the sequence coarticulate. When there was no
constraint on speed at the first target, the simulated hand reached the first target with a high
velocity (Figure 2C (4, left panel), and subsequently continued towards the second target at a high
initial speed of > 0.2 m/s. In this rapid transfer scenario, the control gains showed a cross-over
effect where the control gain associated with the second target (k2) was non-zero, albeit small,
during the first reach, showing an early overlap with the feedback gain (k1) (Figure 2C %, middle
panel). As a result, the location of the second target influenced the lateral hand deviation of the
first reach (Figure 2C 2, right panel). The first reach was thus different depending on the location
of the second target. Notably, the first reach was similarly influenced by the second target even in
a different model where temporal buildup costs were considered instead of terminal costs (see
temporal buildup cost model in Methods), to penalize the hand deviation from the targets across
the duration of the sequence (Supplementary Figure S1A ().

Because the control gains also determine the response to external perturbations, the trajectories
following external loads applied to the mass were also dependent on the second target
(Supplementary Figure S2A @). Interestingly, the lateral deviation along the perturbed direction
was smaller when the second target was in the direction of perturbation. Although this may
appear counterintuitive, the model shows that it is an efficient solution, because a higher
acceleration linked to reversal at T1, when the perturbation is in the direction of T2, incurs a
higher motor cost. Hence, a smaller hand deviation is necessary to avoid high acceleration at T1.
This result qualitatively persisted across broad variations in parameters related to the costs,
delays and point-mass dynamics (not shown). A similar result was observed when we used
temporal buildup of kinematic error in the cost function (Supplementary Figure S2B ), instead
of using the simple terminal costs, matching human data closely (see the experimental results).

To the contrary, the requirement to slow down at the first target, captured by an increased cost on
speed, reduced the velocity at the end of first reach and altered the shape of the trajectories
(Figure 2D (7, left panel) compared to the rapid transfer scenario (Figure 2C (2, left panel). The
control gain corresponding to the second target became non-zero at a later time, at the end of the
first reach (Figure 2D ¥, middle panel). Due to the later increase in this gain value, the influence
of the second target on the motor output during the first reach was much reduced, hence
generating similar hand path to reach the first target across the two sequences (Figure 2D (2, right
panel). Similarly, feedback responses to lateral perturbations that were applied early-on in the
first reach were not dependent on the location of the second target (Supplementary Figure
S3A[@). The amount of lateral deviation when an unexpected perturbation was applied did not
vary as a function of the direction of the second target. Qualitatively similar influence of the need
to slow down at the first target on the trajectory of first reach was observed when temporal
buildup costs were included instead of terminal errors (Supplementary Figure S1B and S3B2).

It is worth noting that the OFC model can be generalized to longer sequences (8 @) through the

simultaneous planning for more than two targets. Simulations of a sample three- reach sequence
(Supplementary Figure S4 (%) revealed a noteworthy observation: the influence of the third target
was more pronounced prior to the second target than prior to the first one (refer to the insets in
Supplementary Figure S4A @). During the first reach, the control gains (K3) were close to zero,
giving the impression that the third target (T3) was not yet planned, but in reality, it was just not
optimal to take this target into account for execution yet. However, the discernible influence of T3
became evident in the second reach, where modulation in hand deviation (in the Y direction) was
observed based on the location of T3 (Supplementary Figure S4B (7, right panel). These
simulations highlight the possibility that, as more targets are considered, their influence may not
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be evident in most preceding reaches but rather in the neighboring ones. This spontaneous
property of the model is consistent with recent experimental results (8 %), showing a horizon of a

rather small number of targets affecting the ongoing reach and feedback control.

Overall, the model predicted that even if all sequential movements were planned holistically over
a long time-horizon, the requirements associated with intermediate goals determines how early in
the sequence the second (future) target can influence the feedback controller (compare Figure

2C @ and Figure 2D (Z; Supplementary Figure S1A (2 and S1B(#; Supplementary Figure S22
and S3@).

Correspondence between Human Behaviour and Model Predictions
The experiments were designed to verify whether task requirements at the intermediate goals
influenced hand trajectories and feedback control in a way that was expected from the model
simulations. The first experiments tested the scenario in which there was no penalty on velocity
during the stop-over at the first target, referred to as the GO task. We instructed 15 human
participants to perform a two-target sequence of reaching movements (Figure 1C-F ). Both
targets in a given sequence were displayed from the beginning of the trial, allowing for
preparation of both reaches. After receiving a GO cue (500-1000 ms after target display),
participants were required to reach the first target within a prescribed time (500 - 650 ms), and
then to proceed to the second target. There was no instruction to stop at the first target. To
encourage fast transfer between the two reaches, the participants were allowed to remain in the
first target for a maximum of 150 ms after a successful reach, before initiating the second reach,
otherwise the second target disappeared. To determine if the feedback controller was tuned to the
location of the second target, mechanical loads (spanning 200 ms width) in randomized direction
(rightward or leftward) were applied randomly in 20% of the trials soon after the hand left the
starting location (4.5 cm in forward direction from the starting location (this occurred typically at
~200ms after the movement onset)

The model prediction about the influence of the second target during the first reach was clearly
borne out of the experimental results. Figure 3A® illustrates the average hand speed across
baseline trials in the rapid transfer scenario. It is clear that the hand did not come to rest at the
end of first reach, but continued towards the second target at a relatively high transfer speed of
~0.2 m/sec. The hand speed at the first target was slightly different between the two second target
conditions (Figure 3A (@, inset; paired t-test: t(14) =-3.8, p = 0.002). In line with model predictions,
in the rapid transfer scenario, the location of the second target influenced the hand path during
the first reach (Figure 3B (?). Statistically, across trials and participants, lateral hand deviation
during the first reach was significantly different between the two sequences (Figure 3B (2, inset;
paired t-test: t(14) =-5.9, p < 1074).

Note that the experiments involve a block design where a sequence direction was maintained for
10 trials (with 2 randomly interleaved rightward and leftward perturbation trials), while the
blocks themselves were randomly interleaved (Figure 1E 2). To test whether the influence of
second target on hand deviation was due to trials occurring late within a block, we computed the
hand path in the first and last trials and averaged across all blocks for each participant. Group
data in Supplementary Figure S5 (@ illustrate that the hand deviation was significantly different
between the leftward and rightward sequence conditions from the very first trial within a block
(paired t-test: t(14) = 5.7, p < 1073). Similarly, the hand deviation was significantly different
between leftward and rightward sequences in the last trial within a block (paired t-test: t(14) = 5.9,
p < 107%). Additionally, a temporal effect was observed in the leftward sequence condition, where
the last trial incurred a higher hand deviation compared to the first trial within blocks (paired t-
test: t(14) = 3.9, p = 0.003). Note that the above results include correcting for multiple comparisons
using Holm-Bonferroni method. Overall, the block design of the experiment may lead to small
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Figure 3.

Hand kinematics in the GO task (experiment 1). (A) hand speed and (B) hand path in unperturbed baseline trials. (C, E) same
as (A) but for perturbation trials. (D, F) same as (B) but for perturbation trials. (G) Baseline EMG response of PEC and PD
muscles (H) Perturbation response (baseline subtracted) of PEC and PD muscle during rightward and (I) leftward
perturbations. Light curves in the hand path panels are average paths of individual participants. Shaded area around the
average curves represent the standard error (+sem) across participants around the mean. Gray colored box indicates the
average duration of the first reach. Red and blue colors correspond to reaches made towards left and right second targets
respectively. t = 0 ms represents the time of perturbation onset. *p < 0.05, **p < 0.005, ***p < 0.001.
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differences between first and last trials within a block, but the effect of second target on the lateral
hand deviation was present from the very first trial within a block, suggesting that qualitatively
similar results can be expected in experiments without a block design.

During perturbation trials, hand trajectories during the first reach were influenced by the location
of the second target. In rightward perturbation trials, the dwell velocity and hand deviation
(Figure 3C, D) were significantly different across the two second target conditions (paired t-test:
t(14)=-7.1,p< 1073 for dwell velocity; t(14) =-7.9, p < 107> for hand deviation). Similar differences
across the two sequences were observed in the leftward perturbation trials (Figure 3E, F(2)
(paired t-test: t(14) = 6.9, p < 107> for dwell velocity; t(14) = -8.2, p < 10~8 for hand deviation). The
influence of second target on the lateral hand deviation was qualitatively similar to that observed
in model simulations, and counterintuitive to what we might expect without the help of the model
simulations. As observed in the model simulations (see also Supplementary Figure S2 %), lateral
hand deviation was smaller when the perturbation was in the direction of the second target (T2)
and vice-versa. This was consistent for both rightward and leftward perturbation conditions. Both
the model and humans expressed this strategy that can be seen as an emergent feature of efficient
feedback control during production of movement sequences.

We identified a pair of muscles in the upper-arm shoulder joint (Pectoralis Major, PEC, and
Posterior Deltoid, PD) that were strongly recruited by the lateral perturbation (see earlier studies
with a similar experimental setup (292, 37 @)). These muscles also steer the hand towards the
first and second targets in unperturbed condition. PEC muscle displayed agonist burst coinciding
with acceleration of hand towards the first target, while the PD muscle provided the antagonist
burst to decelerate the hand near the first target. Notably, both during the first reach, depending
on whether the following reach involved right or left second targets (Figure 3G @). Following the
perturbation (left or right), the stretch responses were visibly larger in both PEC and PD muscles
compared to the baseline response (Figure 3H, IZ?). The perturbation response in the stretched
muscle — PEC for rightward load (Figure 3H (2, left panel) and PD muscle for leftward load (Figure
317, right panel) — was visibly larger if the second reach involved movement reversal compared
to the first reach where the perturbation was in the direction of the second target. Interestingly,
even the unloading response (below baseline) in the unstretched (shortened) muscle — PD for
rightward load (Figure 3H @, right panel) and PEC for leftward load (Figure 312, left panel) — was
larger if the second reach involved direction reversal. Overall, the perturbation responses — both
stretch and shortening muscle responses — indicated vigorous feedback corrections against the
load when the second target induced movement reversal at the first target, explaining the smaller
lateral deviation of the hand when the perturbation was in the direction of the second target.

Sequence-dependent long-latency feedback responses

We assessed when the muscle stretch and shortening responses show dependency on the second
target. If the two targets were simultaneously used to form an efficient feedback controller for the
whole sequence, one would expect that the sensitivity of the response to the second target to
become visible in the long-latency epoch, considering responses in this epoch as a proxy of
flexible, state-feedback controller in the primate nervous system (28 (3, 38 %), Overall, the EMG
responses indicated a significant influence of the second target on the long latency responses in
both stretched and shortened muscles (Figure 42 ). When perturbed in the rightward direction,
PEC muscle (agonist) response increased in both sequence conditions, which counters the
perturbation by increasing the leftward pull. Given the lower hand deviation in the rightward
sequence (Figure 3D (%), we asked if the reduced deviation was due to a larger leftward pull from
the PEC muscle. Indeed the PEC stretch response was significantly larger in the rightward
sequence than the leftward sequence in the long-latency epoch, in both R2 (one tail paired t-test:
t(14) = 3.5, p < 0.002) and R3 (one tail paired t-test: t(14) = 2.25, p = 0.02). On the other hand, the PD
muscle shortening response was significantly larger (below baseline) in the rightward sequence
than the leftward sequence in both R2 (one tailed paired t-test: t(14) = -3.2, p = 0.003) and R3
epochs (one tailed paired t-test: t(14) =-3.5, p = 0.002).
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EMG perturbation responses in the GO task (Experiment 1). (A) PEC muscle response to a rightward perturbation (B) PD
muscle response to a rightward perturbation (C) PEC muscle response to a leftward perturbation (D) PD muscle response to
a leftward perturbation. Red and blue colors represent sequences to leftward and rightward second targets respectively.
Shaded area represents the standard error (+1 sem) across participants around mean. All traces were aligned to perturbation
onset. t = 0 ms indicates the time of perturbation onset. *p < 0.05, **p < 0.005, ***p < 0.001 and n.s indicates non-significant

effects of one-tailed t-test with p > 0.05.
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When the perturbation load was to the left, the PEC shortening response (below baseline) was
significantly larger in the leftward sequence compared to the rightward sequence in both R2 (one
tail t-test: t(14) = 7, p < 107°) and R3 epochs (t(14) = 8.1, p < 10~ ). Such a large unloading response
in the PEC muscle could facilitate a larger correction in the leftward sequence by reducing the
leftward pull in the direction of the applied load. Note that the PEC shortening response showed a
weak significance in the RO condition, when tested for absolute difference between the rightward
and leftward sequence conditions, instead of testing if one was larger than the other (i.e., a two-
tailed t-test in the RO epoch: t(14) = -2.3, p = 0.035). Given this effect was transient and limited to a
very short time- period, it could be a false positive. While the shortening response in PEC was
larger, the stretch response in PD muscle was not significantly larger in the leftward sequence
throughout the long-latency time period (one-tail paired t-test; R2 epoch: t(14) = 2.8, p = 0.99; R3
epoch: t(14) =-0.13, p = 0.44). On the contrary, the PD stretch response was significantly smaller in
the leftward sequence in the R2 epoch (one-tailed t-test: t(14) = 2.8, p = 0.006). All muscles exhibited
differences in the voluntary time window (120 — 180 ms) during the first reach depending on the
location of the second target (two-tailed paired t- test: t (14 (%) absolute value between (3.5 — 7.4),

and p-value between (1e% - 0.012) across muscles and perturbation types).

Next, we verified that the differences reported above did not follow from mere differences in
baseline muscle activities at perturbation onset. Muscle responses exhibit a property called
‘automatic gain scaling’ where the stretch response increases proportionally to the pre-
perturbation muscle activity (39 %). If gain-scaling was significant, then we expected to observe a
difference in the R1 period response between the two sequence conditions. We did not observe
any sequence-related modulation of the stretch responses in the R1 epoch, suggesting that any
potential differences at baseline did not have a strong impact. It is also important to realize that
the sequence direction that involved a larger stretch response in the corresponding muscle was
always associated with lower levels of activity in the baseline condition, thus potential biases

induced by baseline differences were in the direction opposite to the effect reported above.

Overall, the results indicate, when required to perform movement sequences rapidly, the
sensorimotor circuits that mediate long latency feedback responses showed modulation that was
dependent on the secondary target. The specificity of controller to the second target was evident
when perturbations were applied early-on during the first reach. These observations agree with
the predictions of the feedback control model that, with low or absent penalty on velocity at the
first target, the second target influences the hand path and feedback responses to perturbations
prior to the first target.

Separation of Sequence Elements

Another clear prediction of the model is that when there is a cost on velocity at the first target, the
first reach should be less dependent on the second target. To test this prediction experimentally,
we performed a STOP task where 14 subjects were asked to perform the same two-target reaching
movements with a different speed constraint (Figure 1F2). They were required to bring the hand
to a near-complete halt (speed < 0.5 cm/s) before starting the second reach.

Figure 5(# illustrates that the hand speed at the first target dropped to near zero levels in all
unperturbed, leftward and rightward perturb conditions. Clearly, there was no influence of the

= 0.055 for leftward perturbations). The hand deviation during the first reach was similar between
two sequences (two-tailed paired t-test: t(13 @) = -1.8, p = 0.08 in the baseline condition; t(13X@) =

Moreover, the unperturbed EMG responses of the PEC and PD muscles were similar throughout
the first reach, and diverged only after the end of first reach, while moving towards second targets
(T2). In rightward and leftward perturbation conditions, the perturbation responses (AEMG) of the
PEC and PD muscles (Figure 5D, E(Z and Figure 6 ) were not statistically different in pre-
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perturbation, R1, R2, or R3 epochs. Only the PEC perturbation response, to a leftward perturbation,
showed a weak effect of the second target location (R2 epoch: t(13 ) = 2.1, p = 0.055; R3 epoch:

influence the first reach when the hand was required to slow-down at the first target.

A straightforward interpretation could be that the stopping at the first target invoked a completely
different strategy in which the control of the two reaches was performed independently,
effectively separating the two movements, whereas executing them rapidly could produce the
merging of the two sub-movements into a coarticulated sequence. While this is conceptually valid,
it is not necessary and the model provides a more nuanced view: the apparent separation or
coarticulation of the two motor patterns did not require any explicit formulation of whether they
had to be combined into a sequence or not, rather it resulted from the optimization of the
controller, which in all cases considered the two targets as a whole and derived an optimal control
policy shaped by the instructions given about the intermediate goal.

Discussion

The results presented here are consistent with recent behavioral studies showing that the
information about future targets in a sequential task is integrated at the stage of motor planning
(6284, 40%, 41%). Our key contribution is two-fold: we showed from computational and
behavioral perspectives that the coarticulation and separation of sequence components depended
on task instructions, and likely reflected efficient solutions of the same continuous control
problem with distinct penalties at the intermediate goals; second, the results highlighted that long-
latency feedback control was modulated by future targets in a coarticulated sequence, consistent
with theories suggesting that movement planning is synonymous with derivation of a control
policy (42(7, 43(%).

A key question the model and experiments addressed was whether the integration of multiple
goals required processing in upstream voluntary circuits, indicating timed, voluntary recall of
future goals (183, 44 (5, 45 (). Instead, our results support the idea of flexible and simultaneous
processing of sequence elements, where low-level controller plays a crucial role in combining
these elements. Our model based on optimal feedback control showed that even if two reaches are
planned as a whole, the second target does not necessarily influence the controller early. The
constraints placed on swiftness of transition around the first target modulated when the second
target started to influence the sequence. This was clearly apparent in the hand deviation during
the first reach, and further revealed by perturbing participants’ hand with external loads, evoking
sequence-dependent long- latency responses in Experiment 1. Consistent with this model (Figure
1B @), recently an artificial neural network model with simultaneous processing of targets

importance of considering feedback gains, and suggest a special role of transcortical feedback
through M1 in the production of movement sequences.

Our study proposes a novel and precise definition of the difference to expect in neural activities in
order to identify coarticulated versus independent sequence representations from a
computational point of view. Because each condition (i.e., overlapping versus non-overlapping
controllers as in Figure 2(%) was associated with different cost-functions and time-varying control
gains, it is the process of deriving these control gains, using the internal representation of the task
structure, that may differ across coarticulated and separated sequence conditions. To our
knowledge, how and where this operation is performed is unknown. A corollary of this definition
is that the preparatory activity (182, 48(2) may not discern independently planned or
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Figure 5.

Hand kinematics in the STOP task (experiment 2). (A) hand speed and (B) hand path in unperturbed baseline trials. (C, E)
same as (A) but for perturbation trials. (D, F) same as (B) but for perturbed trials. (G) Baseline EMG response of PEC and PD
muscles (H) Perturbation response (baseline subtracted) of PEC and PD muscle during rightward and (I) leftward
perturbations. Light curves in hand path panels are average paths of individual participants. Shaded area around the average
curves represent the standard error (+tsem) across participants around the mean. Gray colored box indicates the average
duration of the first reach. Red and blue colors correspond to reaches made towards left and right second targets
respectively. t = 0 ms represents the time of perturbation onset. *p < 0.05, **p < 0.005, ***p < 0.001.
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Figure 6.

EMG perturbation responses in the STOP task (Experiment 2). (A) PEC muscle response to a rightward perturbation (B) PD
muscle response to a rightward perturbation (C) PEC muscle response to a leftward perturbation (D) PD muscle response to
a leftward perturbation Red and blue colors represent sequences to leftward and rightward second targets respectively.
Shaded area represents the standard error (+1 sem) across participants around mean. All traces were aligned to perturbation
onset. t = 0 ms indicates the time of perturbation onset. n.s indicates non-significant effects of one-tailed t-test with p > 0.05.
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coarticulated sequences because these situations imply different control policies (and cost
functions), as opposed to different initial states. Moreover, the nature of the sequence
representation is potentially not dissociable from its execution for the same reason.

Many studies highlight a phenomenon called chunking, where a subset of individual elements of a
sequence are concatenated and represented as a unified whole called chunks (132, 142, 22 (@3,

cognitive or high-level recall of intermediate goals sent to the controller for independent
execution (42) (see Figure 1A 2 )(but, see (51 2)). On the contrary, our developments also
provide a computational definition of chunks. From our model, chunking (or a unified
representation) does not necessarily imply a single preparatory input to the controller
representing multiple spatial goals. Chunking may represent the formation of a composite cost
function, hence a composite control policy, that can jointly optimize multiple sub- movements (see
Figure 1B®). In this view, chunking results from an acquired motor ability to form overlapping
control policies for contiguous sequence elements (Figure 1B and Figure 2(%). Importantly this
property depends on the instruction at intermediate goals, thus even a chunked sequence may
falsely appear to be independently controlled (Figure 1A @), masking the signature of sequence
representation in neural data even if the controller was formed at once.

There are differences between the model and human movements that requires further study, such
as the influence of sequence direction on the dwell velocity, which was not observed in the model
simulations (compare velocity plots in Figure 2C and Figure 3A). A limitation is that
nonlinear dynamics were ignored in our model. However, the potential impact of non-linear
mechanics on limb trajectory could be completely suppressed by participants in Experiment 2,
since we observed straight reach path, thus making the curvature observed in Experiment 1 more
likely related to the task constraints rather than the biomechanics which did not differ between
experiments. Yet, the quantification of how biomechanical factors influence control may deserve a
dedicated work, as it has been shown that biomechanics can also influence coarticulation in a
speech production task (52 %). Despite the limitations, the simple linearized OFC models were
crucial in determining the relationship between three properties of the task demands, its impact
on coarticulation, and feedback control. Our approach is consistent with how ideal actor/estimator
models have been predominantly employed as normative models in formalizing an initial
hypothesis, and simulating these to generate testable predictions (29, 332, 35(%-37#, 53 & -
59 ). Such normative models should be distinguished from detailed biomechanical models that
can trade-off interpretability and predictability for achieving better quantitative fits. Furthermore,
the main feature of the model - to generate a task-dependent motor output as a combination of
state feedback - is not limited to linear controllers and linear body dynamics, but applicable even
when the control policy is non-linear (see (60, 61%)).

The modeling and empirical results presented here describe the computations underlying a two-
reaches sequence. Although two is admittedly the lowest possible length of a non-trivial sequence,
it enables comparison with similar tasks that have been used in recent neurophysiological studies
(18 -200%4, 46 2) to understand the neural computations underlying the control of sequences.
We expect that longer sequences be formed in a similar way as we showed that there is no
theoretical constraint on the number of intermediate goals in the model and the addition of
sequence elements is straightforward. Thus, we expect the combination of two elements can be

the basis of longer sequence formation constructed on the same principles.

Besides the implication of our computational model of co-articulation, it has been often
documented that swift execution of sequences was achieved by habituation, where a set of
sequences are practiced for several days to months (13 %, 172, 183, 212,50, 51 (2, 622,
63 @). Such process potentially involve a slow time-scale linked to the acquisition of a motor skill
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execute accurate sequences after a pre-training of around 100 repetitions. Here, the participants
received explicit information about the dwell constraints at the intermediate goal, resulting in
quick coarticulation (also see (8 2, 102, 65(% 67 (2)). This is in line with task- dependent
modulation of existing reaching controllers, which can be rapidly switched from one trial to
another (292, 68 2). This suggests that there exist several mechanisms operating at different
time-scales and responsible for combination of sequence elements. One mechanism is a slow
habituation process in which the subject learns de novo to build a novel controller for different
consolidated controller by task demands. In principle, the two mechanisms are dissociable with
perturbations, which may allow future studies to investigate how they interact and to identify

which brain regions mediate these components of skilled motor behaviour.

Materials and Methods

Experiment Design

A total of 29 volunteers (11 men, 18 women, age between 20 and 35 years) participated in 2
experiments (n = 15 with 9 women in Experiment 1; and n = 14 with 9 women in Experiment 2).
All participants were neurologically healthy, right-handed and gave their informed consent
according to a protocol approved by the ethics board at UCLouvain. Experiments did not exceed 2
h, and participants were compensated for their time.

The experiments used a robotic device (endpoint KINARM, BKIN Technologies), permitting hand
movement in the horizontal plane. In addition to recording the hand kinematics and forces on the
robot handle, the KINARM can perturb the arm by applying mechanical loads at the handle.
Projected targets (circles of chosen diameters) and hand feedback (white dot, 0.5 cm diameter)
were presented to the participant from a heads-up display consisting of an overhead projector and
a semitransparent mirror. During the experiment, direct vision of the arm and hand was occluded
by a metal partition.

Participants were instructed to grasp a robotic handle and move the hand-aligned cursor to the
home target (radius 0.6 cm). The home target was initially filled with red color but turned green
when the participant’s cursor entered the home target. Two targets (open circles with white edges)
appeared simultaneously once the participants entered the home location. The first target was
situated 18 cm in forward direction on the midline, while the second target was either situated to
the left or right from the midline, displaced laterally from the first target by 8 cm (Figure 1C®).
Hence, at each trial, the participant could simultaneously view the first and second targets, T1 and
T2 respectively. After holding the hand within the home location for 500 — 1000 ms (‘preparatory
period’ uniformly distributed), the two targets were filled with red color from open circles, acting
as a GO cue, indicating the participant to start executing the sequence. As the experiment involved
many movements, in order to reduce the possibility that participants missed a GO cue, a 50 ms
beep sound was presented simultaneously as an additional, auditory cue.

Experiment 1

Participants (n = 15) were instructed to initiate the sequence as soon as they receive the GO cues.
For the first reach towards T1, participants were asked to move as straight and as quickly as
possible. The first reach was deemed successful if T1 was reached between 500 — 650 ms after
receiving the GO cue. Upon successful first reach, the circle corresponding to the first target
turned green. As soon as the first target was successfully reached, a counter of 150 ms was
initiated (unknown to the participant), leading to disappearance of second target if the hand did
not leave the first target quickly. The second target remained in red color, if the hand left the first
target within 150 ms, and subsequently turned green once the hand reached T2. If participants
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successfully completed the sequence by acquiring T1 and T2, and remained in T2 for at least 1
second, then they received 2 points. If they successfully acquired T1 but failed to quickly leave T1
(< 150 ms after reaching) or to reach T2, then they received 1 point. The score was projected on the
screen and was updated only after the end of the trial and not during any reaching or preparatory
period. The short latency of dwelling (at most 150 ms) in the first target encouraged the
participants to swiftly move towards T2 soon after T1 was acquired. If the hand reached T1 in <
500 ms after the GO signals, then both T1 and T2 disappeared indicating that movement was too
fast, leading to failure of this trial. If the hand reached T1 in > 650 ms after the GO signals, then the
T1 circle never turned red, indicating that the trial was too long. In both cases where T1 is not
acquired properly, the participants did not receive any points even if they reach T2. These cases of
failed trials due to movements that were too fast or too slow were included to encourage low
variation in movement durations, but all trials were used for analysis. Participants were asked to
try to complete the sequence by reaching T2, even if they feel that T1 was not reached within the
prescribed time.

In a subset of random trials (20% of total number of trials), a mechanical load, of +7 N in
magnitude with a 10 ms linear rise time and a 200 ms width, was applied randomly in the lateral
direction (xxaxis in Figure 1), once the hand reached 1/4™ of the forward distance between the
home location and the first target (T1). Notably, in perturbation trials the successful reaching time
to T1 was set to be between 500 — 800 ms, in contrast to 500 — 650 ms used in unperturbed trials.
This additional time, not informed to the participant, was necessary to account for the increased
path length induced by the perturbation. This ensured a good proportion of perturbation trials
with complete sequence execution, instead of the participants’ not attempting the reach towards
T2 due to failure of reaching T1 properly.

Experiment 2

Participants (n = 14) performed two-target reaching sequences similar to Experiment 1 except that
they were required to slow-down while reaching the first target (T1). Similar to Experiment 1, two
targets were simultaneously displayed (as open circles) once the hand enters home location. At the
GO signals, only the first target turned red, while T2 remained as an open circle. Participants were
asked to reach T1 as straight and quickly as possible, between 500 to 650 ms, but importantly to
slow-down at T1 before continuing towards T2. In this experiment, the condition for the target T2
to turn red, indicating the participant to move towards it, was that the hand velocity had to fall
below a threshold of 0.5 cm/s. The scores were incremented in the same way as in Experiment 1.

Block design (Randomized within a set)

The experiments consisted of 9 sets, where each set composed of 10 blocks equally divided
between rightward and leftward sequences (i.e., 5 blocks with rightward and 5 blocks with
leftward second target location relative to T1) (see Figure 1 ). Notably, the rightward and
leftward blocks within any given set appeared in a pseudo-random order. Each block composed of
10 two-reach sequence trials. Hence, a total of 900 trials were performed across 9 sets (9 sets x 10
blocks/set x 10 trials/block = 900 trials). After each set, participants were given a 30-second to 1-
minute break depending on their willingness to continue to the next set. Across the 10 trials within
a block, the location of the second target (T2) remained constant (either to the right or to the left of
T1). Within each block of 10 trials, 2 random trials involved perturbations (1 rightward and 1
leftward perturbation), while the remaining 8 trials were unperturbed. Hence, each perturbed
direction included equal number of rightward and leftward sequences, allowing us to examine the
influence of location of the second target on the perturbation responses in each direction of
perturbation.
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Pre-experiment training

The participants were first trained to execute single reaches to reach and stop at T1, without
presenting T2, for 50 practice trials. Then they performed a maximum of 1 set of two-reach
sequences (10 blocks X 10 trials/block = 100 trials), without any perturbation trials. This allowed
them to learn the task without the complexities associated with reacting to external perturbations.
Finally, they performed 1 more set, including 10 blocks where each block is composed of 8
unperturbed trials and 2 perturbation (rightward and leftward) trials. We added this pre-training
before the main experiments to familiarize the participants with the sequence task. We observed
that the scores of most participants improved by the end of this small pre-experiment training sets
in both experiments.

Muscle recordings

We recorded the activity of mono-articular shoulder muscles using Delsys Bagnoli™ surface EMG
setup: pectorialis major (PEC) and posterior deltoid (PD), involved in the production of lateral
forces and known to be largely recruited following similar perturbations with the same setup
(70272 %). The electrodes were attached to the skin above the muscle belly after slight abrasion
with alcohol. The signals were amplified (gain: 10%), digitally bandpass filtered with a dual-pass,
fourth-order Butterworth filter (20 — 400 Hz bandpass). EMG data were then normalized to the
average activity across 1 s recorded when the participants maintained postural control at the
home target against a background load of 12 N applied three times in each direction. This

calibration was performed at the beginning of the 15t and 5™ blocks.

Statistical Analysis

Behavior and Kinematics

We extracted the hand deviation, and dwell velocity at the first target, as defined below.

Lateral hand deviation

The average lateral hand deviation (in meters) from an imaginary straight-line connecting the
home location (H) to the first target location (T1), during the first reach. This is a signed quantity
where positive/negative sign indicates hand deviation to the right/left laterally.

Dwell velocity

The minimum root-mean-square velocity (of x and y dimension) in the duration in which the hand
dwells near the first target — below 0.5 cm distance from the edge of T1.

Kinematic variables of each participant were aligned to the time of perturbation onset (t = 0), then
averaged across trials for group data analysis. We performed paired t- tests (one-sampled and two-
sampled), unless explicitly stated otherwise, to determine significant differences in the extracted
kinematic variables.

Perturbation related muscle activity (AEMG)

Our primary interest was to compare different epochs of muscle activity to gain further insights
into the sensitivity of feedback responses to the location of the second target, when the hand was
perturbed early-on in the reaching towards the first target. The epochs of perturbation related
muscle activity of most interest were based on previous reports (32 2, 39(%, 47(%) and were
categorized temporally: baseline =-100 to 0 ms, RO = 0-20 ms, R1 = 20-45 ms, R2 = 45-75 ms, R3 = 75-
105 ms, and voluntary (Vol) = 120-180 ms. Note that all EMG signals for each participant were

aligned to the perturbation onset.
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We were most interested in comparing how the feedback responses are influenced by the location
of the second target, even though the perturbations were applied in the beginning of the first
reach. Accordingly, we calculated the average EMG response of each participant in the perturbed
trials and subtracted this with the average EMG responses across unperturbed trials for each block
within a set. We refer to this quantity as perturbation- related muscle activity (AEMG). Paired t-
tests were performed using group average to determine if the location of second target had any
statistical effect on the perturbation- related muscle activity. It should be noted that corrections for
multiple comparisons do not apply here for two reasons: first, the samples at each epoch are
involved in only one comparison; second, consecutive samples are not statistically independent. If
there is a significant difference at a given epoch, it is very likely that there will be a significant
difference in the next epoch because signals do not vary instantaneously. Hence, the risk of false-
positive must not be controlled.

Model

The model describes the translation of a point-mass similar to the mass of an arm (m = 2.5 kg) in
the horizontal plane. The coordinates corresponded to the experiments, such that the first target
was directly in the forward reaching direction (along the y-dimension), and the second targets
were at the same y-coordinate but displaced in the x-dimension by 8 cm to the right or to the left of
the first target.

Dynamics of the effector

The state-space representation of the point-mass (from (37 2, 54(2)), with mass ‘m’, was as
follows:

mi= —gx+ fi+ fLoap

(1)

my = —gy+ f,
(2)

th=wu-f
(3)

oy = uy = fy

(4)

Dot(s) correspond to time derivatives. The variables fyand f, are the forces applied by the
controlled actuator to the mass, and these forces are a first order response to the actual control
vector denoted by variables uyand u,,. The parameter g is a dissipative constant (0.1 Nsm'l),
Equations 3(%, 4% capture the first order muscle dynamics with time constant set to 0.1 s, and

fLoap represents the external load applied to perturb the point-mass (if any).
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Defining the state vector asz = [x,y,%.7. . £], and the control vector u = [u,, uy], we have
Zz = Az + Bu, with:

00 1 0 0 0
0 0 0 1 0 0
A 0 0 —g/m 0 1/m 0
100 0 —-g/m 0 1/m
00 0 0 -1/t 0
0 0 0 0 0 -1/t
(5)
And

0 0

0 0

0 0

B=1o o

1/t 0

0 1/t

(6)

The system was discretized by using a first order Taylor series expansion over one time-step of &t :
Ay =1+ 68tA, and B, = 6tB (I is the identity matrix). We used a discretization step of 6t = 0.01 s.

Importantly, the state space representation of body dynamics was augmented with the x and y-
coordinates of the two targets T1 and T2 (denoted by x74, Y71, X72, Y72 ), and the system was re-
written in discrete-time equations as follows:

Z(t+1) = Adz(t) + Bdu(t) + E

(7)

The subscript tt is the time-step, and &, is a Gaussian disturbance with zero-mean and covariance
Zo= oBBT, where o = 0.2 is the scaling coefficient.

Control policy

The control policy ([]) produces motor commands (u,) as a function of the estimated state of the
point-mass (Z;) . The state-estimate is computed using Kalman filtering as a weighted sum of
internal model prediction, and the sensory feedback representing the delayed state information
(2(¢-p)- The sensorimotor delays were set at 4 = 50 ms in the si mula tions. The details of the
Kalman filtering can be found in the previous paper (73 %). Overall, motor commands are
computed by a linear control policy:

u, = I1(Z;) = K¢ 2,

(8)
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The control gains (K, determine how much each state variable can influence the motor command,
and are computed to minimize a quadratic cost on the behavior (J), using standard dynamic
control policy can be formalized as finding the trajectory of the control gains ‘K, that minimize the
expected costs on the entire sequence (i.e., a holistic plan):

1" = argmin/ (Z,u)
Ktefo.N

(9)

Importantly, the control policy from Equation 9%, receives information about both targets within

a sequence as state feedback information, in addition to the continuous but delayed position,
velocity and forces on the end-effector.

Cost function

As described above, the controller design minimizes a quadratic cost function that captures the
intended behavior (in this case a two-reach sequence task). The cost function (J) was defined as a
function of the state-estimate(Z), and the motor commands (u) used to control the point-mass. In a
linear quadratic regulator (LQG), the control problem is to find a control sequence u'which
minimizes the expected value of the sum of J(Z, u).

Model with terminal costs

Typically, in the case of single reaches, the cost function penalizes the distance between the target
and the actual position of the end-effector (terminal or trajectory errors), speed, and motor costs.
But an efficient reaching movement in the context of single reach does not ensure the efficiency of
the sequence as a whole. Hence, we consider a composite cost function, that penalizes terminal
errors between the end-effector and both targets, to optimize the sequence elements as a whole.
Additionally, we can encourage swift or slower transfer between sequence elements by applying a
cost on the velocity at the moment when the system approaches the first target (i.e., the
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intermediate goal). Let the duration of the sequence (N) be divided into two elements, where the
first target (T1) should be reached at time-step ‘N1’, and the second target (T2) at time- step ‘N2’.
The holistic cost can be formulated as follows:

J@W) = I11gmer T TT2error T T1vet0city T /200106ty T Jmotorcost
(10)
g = Wi [(x{Nl) —x74)"+ (Yo — 3’?1)2]
(11)
Pr2erar = Wi [(xuvz) — x52)" + (Vo) — J’?z)z]
(12)
]Tluegocity =Wy [55(2}\’1) + y(le)]
(13)
frz,,emwy = w3 [x(zwz) + 37(2N2)]
(14)

N2
—_ 2
Jmotorcost = Wa E t—1”ut”

(15)

Equations 11 % and 12 2 penalize the terminal cost on the positional error relative to T1 and T2 at
time-steps N1 and N2 respectively. An equal weight (w; = 500) was used for both terminal error

simulated by removing the penalty on the velocity at the first target. Hence, for this case, w, = 0.1,
whereas a slower sequence involves slowing down significantly at the first target, which
correspond to a parameter set to w, = 1 in the simulations. In all cases, we set wy, =10"% as the
coefficient on the motor costs term (||u| 2). Qualitatively similar results can be obtained with a
broad range of parameter values (Wq, Wy, W3, Wy).

Model with temporal buildup costs

The terminal costs, described above, are sufficient to produce accurate movements with low
endpoint errors, while neglecting the trajectory errors before the endpoint. Another possibility is
to penalize deviations in the trajectory from the desired endpoint targets throughout the
movement duration. Notably, by using temporal buildup of costs, the endpoint errors incur higher
cost, while incurring lower but non-zero cost in the movement duration before the endpoints.
Such formulation has been recently applied to emulate human reaching control under uncertain
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14 were modified as follows:

bl 2 2
]Tlermr = Zt—l Wl(t/Nl)bl [(x(t) - x';"l) + (J’(t) - y;‘l) ]

(16)
N2 b— N1 5 52 ; N2
Pitsean = Zt_m Wy (m)b2 [(x(t) —x12)" + (Vo) — ¥12) ]
(17)
N1 5 B
jTlveiocity = Zt:l w; (t/Nl)bl[x(t) ik y(t)]
(18)
N2 E—N1 ..
(19)

Where the terms (t/N1) Pand ¢y assign higher cost for the errors that occur whent=N1and t =
N2 respectively, otherwise allowing for non-zero but time-increasing costs. The parameters b1 = 20
and b2 = 4 determine the steepness of increase in the cost for a given state from starting time to
the terminal times N1 and N2 respectively. Intuitively, these temporal buildup costs can encourage
relatively straight point-to-point reaching as the deviations from the targets (T1 and T2) are
compensated throughout the movement duration.
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A holistic planning of sequence: no constrain on dwell velocity
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Supplementary Figure S1.

Simulations of the OFC model in two-reaches sequence task using temporal buildup costs. (A) Hand speed (left), control gains

corresponding to the two targets (middle), and hand path (middle) when dwell velocity at target 1 was not constrained. (B)
same as (A) except the dwell velocity was penalized.
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Supplementary Figure S2.

Simulated perturbation trials when the whole sequence was planned for with no constraints on dwell velocity at the first
target (A) control gains corresponding to the position errors relative to T1 (left column), control gains corresponding to T2
(middle column), and the perturbed hand path when a sudden load (+4 N) was applied in the rightward direction (right
column) simulated using terminal costs. (B) Same as (A) where simulations used buildup costs, leading to straighter hand
path in the beginning of the movement. Each curve in the hand path represents a single trial.
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Simulated perturbation trials when the whole sequence was planned for but with a constraint on dwell velocity at the first
target (A) control gains corresponding to the position errors relative to T1 (left column), control gains corresponding to T2
(middle column), and the perturbed hand path when a sudden load (+4 N) was applied in the rightward direction (right

column) simulated using terminal costs. (B) Same as (A) where simulations used buildup costs, leading to straighter hand
path in the beginning of the movement. Each curve in the hand path represents a single trial.
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Supplementary Figure S4.

Simulations of a three-reaches sequence with difference in third targets. (A) Pattern of control gains (K1, K2, K3)

corresponding to the three targets (T1, T2, T3) respectively. Insets in cyan colored boxes highlight the value of control gains
during the first reach. (B) hand velocity (left panel) and hand path (right panel) for both sequence conditions differing by the
location of T3. Dark blue represents the sequence towards T3 up, and red color represents the sequence towards T3 down.

Each trace in (B) corresponds to one simulation.
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Supplementary Figure S5.

Comparison between first and last (8th) unperturbed trials of a block, averaged across blocks of each participant in the GO
task (Experiment 1). Red color represents leftward sequence condition and blue color represents rightward sequence
condition. Error bars represent £1 ssssmm. *** p < 0.0005, ** p < 0.005, n.s for p > 0.05 after correcting for multiple

comparisons using Holm-Bonferroni method.
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Summary:

In this paper, Kalidini and Crevecoeur ask why sequential movements are sometimes
coarticulated. To answer this question, first, they modified a standard optimal controller to
perform consecutive reaches to two targets (T1 and T2). They investigated the optimal
solution with and without a constraint on the endpoint's velocity in the via target (T1). They
observed that the controller coarticulates the movements only when there is no constraint on
the speed at the via-point. They characterized coarticulation in two ways: First, T2 affected
the curvature of the first reach in unperturbed reaches. Second, T2 affected corrective
movements in response to a mechanical perturbation of the first reach.

Parallel to the modeling work, they ran the same experiment on human participants. The
participants were instructed to either consider T1 as via point (go task) or to slow down in T1
and then continue to T2 (stop task). Mirroring the simulation results, they observed
coarticulation only in the go task. Interestingly, in the go task, when the initial reach was
occasionally perturbed, the long-latency feedback responses differed for different T2 targets,
suggesting that the information about the final target was already present in the motor
circuits that mediate the long-latency response. In summary, they conclude that
coarticulation in sequential tasks depends on instruction, and when coarticulation happens,
the corrections in earlier segments of movement reflect the entirety of the coarticulated
sequence.

Evaluation

Among many strengths of this paper, most notably, the results and the experiment design are
grounded in, and guided by the optimal control simulation. The methods and procedures are
appropriate and standard. The results and methods are explained sufficiently and the paper
is written clearly. The results on modulation of long-latency response based on future goals
are interesting and of broad interest for future experiments on motor control in sequential
movement. However, I find the authors' framing of these results, mostly in the introduction
section, somewhat complicated.

The current version of the introduction motivates the study by suggesting that "coarticulation
and separation of sub-movement [in sequential movements] have been formulated as distinct
hypotheses" and this apparent distinction, which led to contradictory results, can be resolved
by Optimal Feedback Control (OFC) framework in which task-optimized control gains control
coarticulation. This framing seems complicated for two main reasons. First, the authors use
chunking and coarticulation interchangeably. However, as originally proposed by (Miller
1956), the chunking of the sequence items may fully occur at an abstract level like working
memory, with no motoric coarticulation of sequence elements at the level of motor execution.
In this scenario, sequence production will be faster due to the proactive preparation of
sequence elements. This simple dissociation between chunking and coarticulation may
already explain the apparent contradiction between the previous works mentioned in the
introduction section. Second, the authors propose the OFC as a novel approach for studying
neural correlates of sequence production. While I agree that OFC simulations can be highly
insightful as a normative model for understanding the importance of sequence elements, it is
unclear to me how OFCs can generate new hypotheses regarding the neural implementation
of sequential movements. For instance, if the control gains are summarizing the instruction
of the task and the relevance of future targets, it is unclear in which brain areas, or how these
control gains are implemented. I believe the manuscript will benefit from making points
more clear in the introduction and the discussion sections.
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Reviewer #2 (Public Review):
Summary:

In this manuscript, the authors examine the question of whether discrete action sequences
and coarticulated continuous sequential actions can be produced from the same controller,
without having to derive separate control policies for each sequential movement. Using
modeling and behavioral experiments, the authors demonstrate that this is indeed possible if
the constraints of the policy are appropriately specified. These results are of interest to those
interested in motor sequences, but it is unclear whether these findings can be interpreted to
apply to the control of sequences more broadly (see weaknesses below).

Strengths:

The authors provide an interesting and novel extension of the stochastic optimal control
model to demonstrate how different temporal constraints can lead to either individual or
coarticulated movements. The authors use this model to make predictions about patterns of
behavior (e.g., in response to perturbations), which they then demonstrate in human
participants both by measuring movement kinematics as well as EMG. Together this work
supports the authors' primary claims regarding how changes in task instructions (i.e., task
constraints) can result in coarticulated or separated movement sequences and the extent to
which the subsequent movement goal affects the planning and control of the previous
movement.

Weaknesses:

I reviewed a prior version of this manuscript, and appreciate the authors addressing many of
my previous comments. However, there are some concerns, particularly with regard to how
the authors interpret their findings.

(1) It would be helpful for the authors to discuss whether they think there is a fundamental
distinction between a coarticulated sequence and a single movement passing through a via
point (or equivalently, avoiding an obstacle). The notion of a coarticulated sequence brings
with it the notion of sequential (sub)movements and temporal structure, whereas the latter
can be treated as more of a constraint on the production of a single continuous movement. If
I am interpreting the authors' findings correctly it seems they are suggesting that these are
not truly different kinds of movements at the level of a control policy, but it would be helpful
for the authors to clarify this claim.

(2) The authors' model clearly shows that each subsequent target only influences the
movement of one target back, but not earlier ones (page 7 lines 199-204). This stands in
contrast to the paper they cite from Kashefi 2023, in which those authors clearly show that
people account for at least 2 targets in the future when planning/executing the current
movement. It would be useful to know whether this distinction arises because of a difference
in experimental methodology, or because the model is not capturing something about human
behavior.

(3) In my prior review I raised a concern that the authors seem to be claiming that because
they can use a single control policy for both coarticulated and separated movement
sequences, there need not be any higher-level or explicit specification of whether the
movements are sequential. While much of that language has been removed, it still appears in
a few places (e.g., p. 13, lines 403-404). As previously noted, the authors' control policy can
generate both types of movements as long as the proper constraints are provided to the
model. However, these constraints must be specified somewhere (potentially explicitly, as the
authors do by providing them as task instructions). Moreover, in typical sequence tasks,
although some movements become coarticulated, people also tend to form chunks with
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distinct chunk boundaries, which presumably means that there is at least some specification
of the sequential ordering of these chunks that must exist (otherwise the authors' model
might suggest that people can coarticulate forever without needing to exhibit any chunk
boundaries). Hence the authors should limit themselves to the narrow claim that a single
control policy can lead to separated or coarticulated movements given an appropriate set of
constraints, but acknowledge that their work cannot speak to where or how those constraints
are specified in humans (i.e., that there could still be an explicit sequence representation
guiding coarticulation).

https://doi.org/10.7554/eLife.96854.1.sa0
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