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Abstract

Normative  goal-directed  hand  and  finger  movements  often  follow  invariant  kinematics,  characterized  by 

approximate straight-line trajectories.  A fundamental  unresolved issue is  whether  movement trajectories are 

planned or whether they are a consequence of trajectory-free online control. We addressed this question using 

Spearman’s rank correlation, zero-crossings rate, and z-scores, and analyzed the time evolution of kinematic 

variability during the presence or absence of a task in finger and whole-arm reaching movements. We found that 

the central nervous system (CNS) implements control that is consistent with task-dependent trajectory regulation, 

where  task-relevant  movements  showed  enhanced  control  toward  an  average  trajectory.  Further,  we  found 

behavioral signatures of rapid kinematic control that might operate on these planned trajectories as early as ~60  

ms in finger movements and ~70 ms in whole-arm reaching movements. Such early signatures of control in  

behavior suggest that the system could exploit a trajectory plan along with fast feedback to implement meaningful 

corrections during simple voluntary unperturbed movements. The analysis also revealed that the control peaked 

distinctly during the early (20%) and late (80-90%) phases, among both finger and arm movements, implying that 

the extent of trajectory control was not constant during the execution of movement. 
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Introduction 

Normative goal-directed movements are characterized by largely invariant-kinematic patterns consisting 

of approximate straight-line trajectories that scale with movement amplitude and speed (Morasso 1981), which 

can be modulated by task demands, and external or biomechanical constraints (Adam 1992; Bohan et al. 2003; 

Fernandez and Bootsma 2004; Gaveau et al. 2016).  Numerous psychophysical and neurophysiological studies 

further highlight the notion that movement attributes are represented/programmed in the central nervous system 

well before execution (Keele 1968; Rosenbaum 1985; Dick et al. 1986; Morris et al. 1994; Moran and Schwartz 

1999;  Padoa-Schioppa et  al.  2002;  Churchland et  al.  2006;  Summers and Anson 2009).  Such results  have 

motivated the use of internal models, in which a complete specification of a trajectory can, in principle, be made 

before  its  implementation  (Bizzi  et  al.  1984;  Wolpert  et  al.  1995;  Wolpert  and Kawato 1998;  Wolpert  and 

Ghahramani 2000; Desmurget and Grafton 2000). However, other influential models of motor control suggest that 

only certain critical features of the movement such as the target or desired displacement need to be specified in  

advance (Todorov and Jordan 2002; Desmurget and Grafton 2003; Scott 2004); here, the neural representation 

specifying movement trajectories may only be generated dynamically in real-time during movement execution as 

a consequence of solving a cost function based on sensory feedback that is sensitive to the demands of the task. 

Thus,  it  remains unclear whether movement attributes, such as trajectories, are planned before execution or  

derived from trajectory-free online feedback control.Traditionally, online control has been studied in the context 

of isometric force production tasks (Gordon and Ghez 1987) and reaching movements (Messier and Kalaska 1999; 

Khan and Franks 2003; Desmurget et al. 2005) where it has been statistically quantified as the lack of predictability 

of end of task characteristics such as the achieved force, movement amplitude, or movement time from early 

markers like the peak rate of force, peak velocity or peak acceleration. The method has been validated and further 

extended by correlating the postures at  the end of  movement with postures at  every time point  during the 

movement (Richardson et al. 2011; Kuang and Gail 2015; Krüger et al. 2017). We used a similar approach to find 

rapid signatures of online control, based on the premise that planned and derived movement trajectories ought to 

differ in the timing of their respective control signals that are necessary to mitigate the effects of motor noise,  

which is a ubiquitous property of muscle and neural activity  (Wolpert et al. 2011).  More specifically, in the 

context of planned movement trajectories, a comparison between desired and estimated current states can be used 

as an error signal to control movements very early, even in the absence of actual sensory information (Gordon and 

Ghez 1987; Kawato et al. 2003; Richardson et al. 2011). In contrast, derived movement trajectories are expected 

to rely on delayed sensory feedback to make meaningful corrections during the movement (Todorov and Jordan 
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2002; Wolpert  et  al.  2011).  Therefore,  to isolate rapid online control,  we modified previous approaches by 

correlating postures at the start of movement with those at subsequent time points to identify earlier onsets of 

trajectory corrections during the movement.

A second feature that could potentially tease apart planned trajectories from trajectory-free control is by 

investigating the nature of corrections during the movement. Such corrections have been studied in the context of 

perturbations either to the arm or to the target location (Liu and Todorov 2007; Cluff and Scott 2015), but have 

not been quantified during normative reaching movements. We developed z-scores and zero crossings rate to 

estimate the extent of trajectory correction towards a trial-averaged trajectory.  The hypothesis was that if the 

movement trajectories were planned, we would observe such corrections throughout the movement, whereas if 

the plan consisted only of the target location, these corrections would be concentrated towards the end of the 

movement.

Using the statistical measures mentioned above, we first demonstrated the presence of rapid kinematic 

control among the task-relevant instructed fingers and its relative absence among the task-irrelevant non-instructed 

interdependent fingers during a precise finger flexion-extension task (Chakrabhavi and Skm 2019). We further 

extended the analysis to investigate simple whole-arm reaching movements. 

Materials and Methods

Three experiments with a total  of 33 right-handed human participants (experiment-1:  cyclic finger  

flexion-extension, experiment-2: whole-arm reaching, and experiment-3: fast and slow reaching, with 8, 15, and 

10 participants respectively, Age: 21-32) were chosen for the study. The experiments were approved by the  

institute's  ethics  committees,  and participants  provided prior  informed consent.  The Edinburgh Handedness 

Inventory (Oldfield 1971) was used to evaluate their dominant arm. 

Experiment 1: Cyclic flexion-extension movements in fingers 

A detailed description of the experiment can be found in Chakrabhavi and SKM (2019). Briefly, the 

participants sat  on a height-adjustable chair  and their  forearm, palm and thumb finger were secured to the 

experimental setup, while the index, middle, ring, and little fingers were suspended, and free to move (Fig. 1A).  
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Finger movements were recorded using electromagnetic tracking sensors (Micro-Sensor 1.8TM, 100Hz, Liberty 

system, Polhemus Inc., VT, USA), attached to the distal phalanges (dorsal side), and the experiment was designed 

on LabVIEW interface (National Instruments Corp, TX, USA). 

The task involved participants to maintain a wrist-posture (0º-neutral, 30º-flexion or 30º-extension) and 

instructed to perform cyclic flexion-extension movements at the metacarpophalangeal joint with one of the four  

fingers (index, middle, ring or little) between 75 ± 10 % of maximum flexion-extension limits, and to ignore any 

involuntary movements in the other non-instructed fingers arising due to finger interdependence/enslavement.  

Real-time visual feedback of the instructed finger was provided on a screen along with the flexion-extension 

landmarks, and the half-cycles were timed using an audio metronome (1.5Hz). There were 36 attempts (3 wrist-

postures x 4 instructed-fingers x 3 attempts each), and each attempt consisted of 2 seconds of rest followed by 30 

seconds of cyclic flexion-extension movements (Fig. 1B). Sufficient practice was provided before the start of the 

experiment, and movements performed at the neutral wrist posture were considered for the analysis. 

Experiment 2: Discrete whole-arm horizontal reaching movements

Participants sat on a backrest supported chair and rested their arm on a smooth elevated table and held 

onto an endpoint robotic manipulandum (KINARM, BKIN Technologies Ltd., Kingston, Canada) to facilitate 

horizontal reaching movements (Fig. 1C). Motion of the whole-arm were recorded using electromagnetic tracking 

sensors  (Teardrop Mini  sensors,  240Hz,  Liberty  system,  Polhemus Inc.,  VT,  USA),  secured over  the  neck  

(sternoclavicular joint), shoulder (acromion process), elbow (lateral epicondyle), wrist (dorsal tubercle of radius) 

and hand (dorsal side), and the motion data from the hand was used for the analysis. Real-time visual feedback of 

the hand (pink-cursor) was provided on a stimulus screen (LCD, 60 Hz) placed in front of the participant, and the 

lights were switched off to occlude the vision of the arm. The experiments were executed on TEMPO/VideoSYNC 

Software (Reflective Computing, MO, USA).

The task required the participants to hold the cursor at the central fixation box for 500 ms, upon which a 

red colored target appeared in the periphery at any of the eight directions (0º, 45º, 90º, 135º, 180º, 225º, 270º, and 

315º, block randomized) at 12 cm eccentricity (Fig. 1D). After a hold time of 1000 ms, the central fixation box 

disappeared, and they had to make a smooth reaching movement towards the target within 1000 ms (movement 

time) and stay there for an additional 500 ms to complete the trial, and the success was indicated with an audio  
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tone. It was ensured that the fixation box and the acceptance window around the target were of the same size. The 

fixation box then reappeared, and the cursor had to be returned to the center. A minimum inter-trial interval was  

set to 1500 ms, and the subsequent trial was initiated provided the cursor was within the fixation box. There were 

approximately ~40 successful trials along each of the eight directions (4 participants performed ~60 trials towards 

0º and 45º, and ~20 trials towards other directions). Refer to Online Resource SM1 for an extended description of 

the central fixation box and successful trials. Practice trials (~10) were provided before the experiment. The task 

was subsequently performed with the other upper-limb, and the sequence of recruitment was randomized across 

participants.  Movements by the dominant arm have been analyzed and presented here.

Experiment 3: Fast and slow reaching movements

The experiment was designed similarly to experiment-2 with minor modifications. The target color 

encoded the required speed of movement – green for fast (movement time under 400 ms) and red for slow 

(movement time between 600-1000 ms), and the conditions were randomly interleaved. This experiment was 

performed with the dominant arm and towards 0º and 45º directions only.

Data analysis

 The data were preprocessed (Online Resource, SM2) and the trials were selected such that the variability 

between task-relevant and the corresponding task-irrelevant fingers in experiment-1, and of hand positions across 

task-relevant and the subsequent return movements in experiment-2, were equalized at the movement onset, 

respectively (Online Resource, SM3, and Fig. SF1A), similar to Gopal et al. (2017). 

Online control through trajectory crossovers: Online control was quantified by performing Spearman’s rank 

correlation ρ( t ), between the rank order of trajectories at movement onset R (0 ), with their corresponding rank 

order R ( t ), at subsequent time instances t =0 to 100  % (normalized timescale), till the end of movement (Fig. 

2A-B, refer Online Resource, SM4). The extent of online control, average decorrelation (ρ), was quantified by 

averaging  ρ( t ) throughout the movement.  For arm movements, the  ρ was further averaged across X and Y 

coordinates and across all directions of movement.  We then fit a logistic function   ρ f ( t ),  over  ρ ( t ) for each 

subject and used the parameter β to quantify the rate of decrease of ρ ( t ) using Eq. 1. 
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ρ f ( t ) =a+ 1
1+eβ ( ρ (t ) - c )  (Eq. 1)

A dispersion (D) measure was computed for the time-normalized trajectories (An  x  T  – amplitude 

matrix) by taking the ratio of average inter-trial standard deviation over the time course (T =101 timestamps  

between 0 to 100%) with the average range of movement during the n trials in Eq. 2. We divided variability by 

the range to account for differences in movement amplitude, particularly in the finger experiment. We then  

correlated the average decorrelation (ρ) with the dispersion measure, expecting that an increased decorrelation 

leads to lower dispersion. 

D=

1
T∑j=1

T √∑i=1

n

(A i , j−❑ j )
2

n -1
1
n∑i=1

n

|max (A i )−min (A i )|

(Eq. 2) 

where,  A i , j is the amplitude on trial  i, at time j,  ❑ j is the trial-averaged amplitude at time j and A i is the 

trajectory on trial i.

Onset of online control: The trajectories were segmented from movement onset to a fixed time instance (300 ms 

for finger movements and 500 ms for arm movements), and Spearman’s rank correlation was performed as 

described earlier, on this actual time scale.  The onset of control was detected, similar to finding the end of the lag 

phase and beginning of the growth phase in a growth curve, using the ‘tangent method’ (Bertrand 2019; Smug et 

al. 2024). A tangent was constructed at the point of maximum rate of decorrelation in the Spearman’s correlation 

coefficient curve, ρ ( t ), and the initiation of control was identified as the time at which the tangent intersected the 

ρ = 1 horizontal line.

Constant or time varying online control: Spearman’s correlation (ρc) was performed as described earlier, but 

between consecutive 10%-time instances. For example, at t = 20 %, correlation analysis was performed between 

postures at 20 % and 10 % movement duration. If online control were uniform, we would expect ρc to be constant, 
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while if it were time varying, then ρc should be a function of time. This analysis was restricted to task-relevant 

movements. 

Quantifying trajectory control with zero-crossings and z-scores: We investigated whether the implemented online 

control was intended to follow an average trajectory. For any given task, and at every normalized timepoint, each 

trial was assigned a z-score using Eq. 3. Subtraction from the mean was performed to track how the trajectories 

across different trials moved relative to the average trajectory, and it was normalized by the standard deviation to 

make it unitless (Fig. 2C-D). 

zi , j=  
A i , j -  ❑ j

σ j
(Eq. 3)

where zi , j is the z-score of trial i at time j. Parameters ❑ j and σ j are the inter-trial average and standard deviation 

of the amplitude matrix (A) at time j, respectively. 

We quantified trajectory control using the zero-crossings rate (ZCR) as given in Eq. 4, by counting the 

number of times the trajectories crossed over the average trajectory and dividing it by the total number of trials.  

This measure was extended to two-dimensional data (ZCR2) in the context of arm movements, where trajectories 

were produced in a spatial plane (Online Resource, SM5). For arm movements, ZCR was averaged across X and 

Y coordinates, and both ZCR and ZCR2 measures were averaged along all the movement directions. We also 

computed the measures during the early (0 to 33 %), middle (34 to 66 %), and late (67 to 100 %) phases of 

movement, to substantiate whether trajectory control was constant or if it varied along the movement. We also  

analyzed across-trial trends in z-score with respect to the average trajectory (Online Resource, SM6).

ZCR  (∨  ZCR 2)= Total  number  of  zero  crossings  
Total  number  of  trials

(Eq. 4) 

Statistics

The data were checked for normality using the Kolmogorov-Smirnov test. We performed a pairwise t-

test for paired comparisons and a two-sample t-test for independent comparisons if the data were normal. The 

Wilcoxon signed rank test, and the Wilcoxon rank-sum test for paired and independent comparisons were used 

otherwise. For more than two sample paired comparisons, we performed repeated measures ANOVA. Multiple  

pairwise comparisons were reported with Bonferroni corrections. Mean ± SEM (standard error of mean) was used 
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to report the statistics unless specified otherwise. Cohen’s d was used to report all the effect sizes. A confidence 

interval (CI) was provided for the timing analysis. 

Results

Online control among task-relevant and task-irrelevant finger movements 

The differences in the magnitude of online control between the task-relevant and task-irrelevant finger 

movements were quantified by computing the average decorrelation (ρ) during the movement (Fig. 3A). A two-

way repeated measures ANOVA (4 finger-tasks x 2 finger-type, instructed or non-instructed) showed that the ρ of 

the  instructed finger  was  significantly  different  from the  non-instructed finger  (P  < 0.001,  refer  to  Online 

Resource, SR1 for extended results, and ST1 for pairwise comparisons).

The dynamics of online control during task-relevant and task-irrelevant finger movements were teased 

apart by computing the rate of decrease (β) in correlation co-efficient,  ρ ( t ) (Fig. 3A). A two-way repeated 

measures ANOVA (4 finger-tasks x 2 finger-types, instructed or non-instructed) showed that the rate of decrease  

of ρ ( t ) was significantly different between the instructed and non-instructed fingers (P < 0.001, refer to Online 

Resource, SR2 for extended results, and ST2 for pairwise comparisons).

Further, the average decorrelation in finger trajectories was systematically associated with the average 

trajectory dispersion (Fig. 3B) and was tightly correlated (Spearman’s ρ = 0.9, P < 0.001).  The average dispersion 

of the instructed finger (median = 0.073) was significantly less than that of non-instructed neighboring (median = 

0.143, P < 0.001) and non-neighboring (median = 0.573, P < 0.001) fingers. However, as instructed fingers were 

associated with varying movement amplitudes, we compared ρ( t ) of instructed fingers during all the 4 tasks 

(instructed index, middle, ring, and little tasks). A one-way repeated measures ANOVA on the task-relevant  

movements revealed that the ρ were not significantly different (P = 0.72), and the rate of decrease of ρ( t ) were 

also not significantly different across the instructed fingers (P = 0.52), but the range of movement was significantly 

different between them (P < 0.001), with index (10.63 ± 0.27 cm)  and the little (7.42 ± 0.27 cm) finger having  

the highest and lowest movement ranges, respectively. 
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Next, we quantified the differences in the initiation of control by performing the correlation analysis on 

the actual timing using the tangent method. We found that the decrease in ρ(t) of the instructed finger (dark purple) 

was initiated as early as 60.31  1.93 ms (95% CI: [55.76, 64.87] ms). In comparison, decorrelation of the non-

instructed neighboring (medium purple) and non-neighboring (light purple) fingers were significantly delayed at  

115.25  15.13 ms (P = 0.008, 95% CI: [18.98, 90.91] ms, Cohen’s d: 1.28) and 163.64  11.67 ms (P < 0.001, 

95% CI: [74.7, 131.95] ms, Cohen’s d: 3.02), respectively (Fig. 3C).

Motivated by the previous findings, we examined whether control was constant or occurred during 

distinct phases along the movement duration. For this, we performed the correlation analysis on the task-relevant 

finger movements on consecutive 10 % - time instances and found that the controller acted discretely with two 

prominent troughs in ρc( t ) at 20th (binomial P < 0.001) and 90th percentile time (binomial P < 0.001) points (Fig. 

3D), suggesting the presence of early and late phases of control. 

Trajectory control during task -relevant finger movements

We tested the zero-crossings rate (ZCR) of the task-relevant and task-irrelevant finger movements during 

the four different instructed finger tasks to probe the propensity of trajectories to follow an average trajectory (Fig. 

4A, and Fig. 2D for the computation method). A two-way repeated measures ANOVA (4 finger-tasks x 2 finger-

type, instructed or non-instructed) revealed that the ZCR of the instructed finger was significantly different from 

that of non-instructed fingers (P < 0.001). However, the ZCR was significantly different across the 4 finger-tasks 

(P = 0.025), and interactions between the two factors were significant as well (P = 0.004), indicating that the 

extent of difference between the instructed and non-instructed fingers depended on which finger was instructed 

(Refer Online Resource, SR3 for extended results and ST3 for pairwise comparisons).

To support this result further, we divided the initial postures of instructed (solid line) and non-instructed 

(dashed line) fingers into two groups (Fig. 4B), the ones farther away (|z| > 0.5, purple) and the ones closer (|z|  

<= 0.5, black) to the average initial posture (z = 0 at percentage time t = 0, movement onset) and found that the 

away group had a significantly greater propensity to converge towards an average trajectory (0.43  0.02) than 

the closer ones (0.09  0.02, P < 0.001, Cohen’s d: 2.98). Also, the farther away group of the instructed fingers  

had a significantly greater convergence towards the average trajectory as compared to that in non-instructed 
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fingers (0.02  0.01, P < 0.001, Cohen’s d: 5.64). To substantiate the evidence of a temporal structure of control  

in Fig. 3D, we computed the ZCR of task-relevant finger movements across three movement segments (Fig. 4C): 

early (0 to 33 %, light grey), middle (34 to 66 %, medium grey), and late (67 to 100 %, dark grey) phases of  

movement duration and found that the ZCR was significantly higher during early (0.44  0.01) and late (0.49  

0.01) phases as compared to the middle phase (0.27  0.02; Adj. P < 0.001 for both the comparisons and Cohen’s 

d: 1.89 and 1.12, respectively). 

Online control during whole-arm reaching movements

We investigated whether the correlation analysis performed on finger movements could be extended to 

whole arm reaching movements and if there were systematic control signatures in the task-relevant movements.  

We performed the correlation analysis (Fig. 5A) and found that the ρ in the task-relevant movements (0.38 ± 0.02) 

was significantly less than that during fixation (0.98 ± 0.003, P < 0.001, Cohen’s d: 8.19). A logistic function was 

fit over  ρ( t ) (median explained variance = 0.94), to find the rate of decrease (β) in correlation, and it was 

significantly higher during the task-relevant movements (0.143 ± 0.005) relative to fixation (0.063 ± 0.028, P < 

0.005, Cohen’s d: 0.76). Further, the average decrease in correlation during the task-relevant movements was 

significantly associated with the corresponding trajectory dispersion (Pearson’s  r  = 0.57,  P = 0.02, Fig. 5B). 

Further, we estimated that the start of trajectory correction occurred at 69.56 ± 3.45 ms (Fig. 5C, 95% CI: [62.15, 

76.97] ms). 

Further, to investigate whether online control varied across different phases of movement, we performed 

the correlation analysis of task-relevant movements on consecutive 10% time instances, ρc( t ). As was observed 

in finger movements, we found two distinct troughs at 20th (binomial P < 0.001) and around 90th (trough shared 

between 80th and 90th  percentiles,  binomial  P  < 0.001 for both time stamps, shared across the participants) 

percentile time instances, indicating early and late phases of control, respectively (Fig. 5D). 

Trajectory control during whole-arm movements 

We computed the zero-crossings rate (ZCR) for task-relevant movements and compared them with the 

fixation condition and found that the ZCR of task-relevant movements (Fig. 6A, 1.52 ± 0.03) was significantly 

greater than that during fixation (0.22 ± 0.02; P < 0.001, Cohen’s d: 10.1). Similar to the analysis in the previous 
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section, we divided the initial postures (at movement onset) of task-relevant movements into two groups (Fig.  

6B), the ones farther away (|z| > 0.5, red) and the ones closer (|z| <= 0.5, black) to the average initial posture (z = 0) 

and found that the away group had a significantly greater propensity to converge towards an average trajectory  

(0.57 ± 0.02) than the closer ones (0.12 ± 0.02, P < 0.001, Cohen’s d: 4.4).

To substantiate the evidence for distinct phases of control, the ZCR of task-relevant arm movements was 

computed across three movement segments (Fig. 6C): early (0 to 33 %, light red), middle (34 to 66 %, medium 

red), and late (67 to 100 %, dark red) phases of movement duration. We found that the ZCR was significantly 

higher during the early (0.59   0.01) and late (0.53  0.02) phases as compared to the middle phase (0.40  0.01; 

Adj. P < 0.001 for both the comparisons, Cohen’s d: 2.56 and 1.93, respectively), similar to that of task-relevant 

finger movements. 

 

The above zero-crossings analysis was extended to the two-dimensional dataset with trajectories in the 

XY plane by computing ZCR2 (see methods). The results were qualitatively similar to the one-dimensional  

analysis. We found that the ZCR2 of task-relevant movements (red, 1.23  0.04)) was significantly greater than 

during fixation (grey, Fig. 6D, 0.05  0.01, P < 0.001, Cohen’s d: 7.97). We further divided the ZCR2 measure of 

task-relevant movements into three segments (Fig. 6E): early (0 to 33 %, light red), middle (34 to 66 %, medium 

red), and late (67 to 100 %, dark red), and found that ZCR2 during middle phase (0.36  0.02) was significantly 

less than the early (0.43  0.02, Adj. P = 0.005, Cohen’s d: 0.87) and late phases (0.44  0.02, Adj. P < 0.001, 

Cohen’s d: 1.07).

Differences in control between task-relevant reach movements towards the target and task-irrelevant 

return movements 

As the differences in control measures between fixation and reaches may be related to differences in 

postural versus movement control, we tested whether these signatures of active control were different across  

similar movements with varying contexts. For this, we took advantage of the task-irrelevant return movements 

that were made back to the fixation spot. The maximum inter-trial standard deviation of return movements (1.46 

± 0.05 cm) was significantly greater than the task-relevant movements (1.17 ± 0.05 cm, P < 0.001, Fig. 7A). We 

found that  ρ in  task-relevant  movements  (Fig.  7B,  0.38 ±  0.02)  was  significantly  less  than that  of  return 
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movements (0.41 ± 0.01, P = 0.04, Cohen’s d: 0.47). This difference in ρ was prominent in the first 50 % of the 

movement duration (task: 0.5 ± 0.02, return: 0.61 ± 0.01, P < 0.001, Cohen’s d: 2.02). A logistic function was fit 

over ρ( t ) (median explained variance = 0.97), to find the rate of decrease (β), and it was significantly higher in 

the task-relevant movements (0.143 ± 0.05) compared to the return movements (0.099 ± 0.006, P < 0.001, Cohen’s 

d: 1.84). Also, the ρ during task-relevant movements and the return movements were significantly associated with 

their respective trajectory dispersion (Pearson’s r = 0.53, P = 0.002). Interestingly, the ρ during the first 20 % - 

time duration was significantly less in the task-relevant movements (0.81 ± 0.01) than in the return movements  

(0.91 ± 0.01, P < 0.001), and it was significantly associated with the respective maximum standard deviation (Fig. 

7C,  Pearson’s  r  = 0.464,  P  = 0.009),  which interestingly  occurred much later  during the  movement.  This 

association with the maximum standard deviation was maintained even for the duration as early as 10 % into the  

movement  execution (Pearson’s  r  = 0.426,  P  = 0.018).  These differences between task-relevant  and return 

movements were not because of movement kinematics, as the maximum movement speeds were not significantly 

different across the two conditions (P = 0.62, Online Resource, Fig. SF1B). Further, the maximum rate of change 

in  ρ( t ) of the task-relevant movements (128.33   5.62 ms) was significantly earlier than that during return 

movements (201.38  8.02 ms, P < 0.001, 95% CI: [53.15, 93.96] ms, Cohen’s d: 2.03). Using the tangent method, 

we found that online control during the task-relevant movements was initiated significantly faster than the return 

movements by 52.58  4.75 ms (Fig. 7D-E, P < 0.001, 95% CI: [42.39, 62.75] ms, Cohen’s d: 2.86). We also 

computed ZCR2 to find the propensity of the trajectories to follow an average trajectory. We found that the ZCR2 of 

task-relevant movements (Fig. 7F, 1.24 ± 0.04) was significantly greater than the return movements (1.16 ± 0.04, P 

= 0.034, Cohen’s d: 0.51). In addition, the farther away group in task-relevant movements (0.57 ± 0.02, Fig. 7G)  

had significantly greater propensity to converge towards the average trajectory than during return movements 

(0.33 ± 0.02, P < 0.001, Cohen’s d: 2.31).

Invariance of control across different speeds of movement

We subjected the correlation analysis to different movement speeds, between fast and slow conditions 

(Fig. 8A), to check how sensitive the correlation analysis was to differences in signal-dependent noise, which was 

expected to be greater for higher movement speeds. As instructed, the maximum speed of fast movements (37.03  

0.69 cm/s) was significantly higher than the slow movements (16.58  0.39 cm/s, P < 0.001, Online Resource, 

Fig. SF1C). Correspondingly, the max SD was higher during fast movements (0.93  0.02 cm) when compared 
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to the slow condition (0.82  0.03 cm, P = 0.002).  Nevertheless, we found that ρ( t ) for fast and slow movements 

was largely overlapping and that the ρ for fast movements (Fig. 8B, 0.46  0.04) was not significantly different 

from that of slow movements (0.48  0.05, P = 0.317, Cohen’s d: 0.33). Further, the average decorrelation was 

not significantly associated with the max SD across two speeds of movement (Fig. 8C, r = 0.249, P = 0.289). 

Despite that, the rate of decrease in correlation (β) was greater for slower movements  (0.130  ±  0.008) when 

compared to fast movements (0.108 ± 0.005, P = 0.011, Cohen’s d: 0.88). We also computed the ZCR2 measure 

(Fig. 8D) and found no significant differences across fast (0.92  0.08) and slow (1.06  0.12, P = 0.089, Cohen’s 

d: 0.60) movements.

Discussion

We used the time course of decorrelation between postures at the initial and subsequent time points to  

detect rapid online control, the rate of zero crossings around a mean trajectory and the trend of z-scores as  

signatures consistent with trajectory control, and compared these measures in different contexts of finger and arm 

movements to show that 1) active online control (or corrections) in trajectories was initiated as early as ~60 ms in 

task relevant finger movements and ~70 ms in task relevant whole-arm reach movements, providing a framework 

to identify behavioral kinematic evidence for rapid control during normative unperturbed movements. 2) Such 

rapid control was compatible with corrections towards an average trajectory. 3) Control was found to be focused 

over two distinct phases: early (20 %) and late (around 90 %) phases along the time course of finger and arm  

movements, giving it a w-shaped control structure. 4) Online control was sensitive to the presence or absence of 

the task but was mostly robust  to the range (across instructed fingers) or the speed (across fast  and slow) 

movements. 

Identification of rapid online control: in the purview of previous studies

Since Woodworth (1899), a detailed analysis of the kinematics of limb trajectories has provided insights 

into understanding the relative contributions of motor planning from feedback control (Carlton 1981; Abrams et 

al. 1990; Chua and Elliott 1993; Abrams and Pratt 1993). In addition to assessing the ability of the motor system 

to regulate variability throughout the trajectory (Khan et al. 2006), the coefficient of determination (R2) has been 

used as a within-trial estimate of the extent to which early kinematic markers (Carlton 1981; Gordon and Ghez 

1987; Messier and Kalaska 1999; Desmurget et al. 2005), such as peak acceleration and peak velocity, determine 

the endpoint distributions. In this context, online control has been inferred by measuring the extent to which such 
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markers do not predict the endpoint (i.e., lower R2). Although this approach has been validated by manipulating 

factors such as the availability of visual feedback (Khan and Franks 2003), the earliest kinematic markers, such 

as the peak acceleration, happen at ~150 ms, which is too late to reveal fast feedback control. The correlation  

analysis used in this study implements a similar logic with some important differences that allow us to reveal  

novel aspects of control during reaching movements. Here, in contrast to previous works that emphasized the 

relationship of kinematic markers to the end of movement, we measured how quickly trajectories diverged from 

an initial starting posture, which allowed us to detect corrections to trajectories at the earliest possible time during 

the movement. To illustrate this, when we performed a preliminary correlation analysis with respect to the end of 

movement, we did not find significant differences between task-relevant and return conditions during the first 50 

% of the arm movements (Online Resource, Fig. SF2), while when the same analysis was performed with respect 

to the movement onset, the technique was now sensitive to differences in control during this period. Further, the 

use of Spearman’s rank correlation enabled us to attribute crossovers among the trajectories (across trials) as a 

robust signature of online control and not restrict ourselves to linear associations. We also ensured that the starting 

variability between different task conditions was not significantly different and that any differences in correlation 

reflected distinct control structures. Further, the comparison with task-irrelevant movements was particularly 

useful, since it did not involve manipulation of target locations (Wolpert and Ghahramani 2000; Gritsenko and 

Kalaska 2010) or postures (Pruszynski et al. 2008, 2011) that would emphasize differences in sensory feedback 

control as opposed to internally driven control. Finally, and importantly, the absence of any difference in the extent 

of decorrelation for fast versus slow movements suggests that signal-dependent noise per se was not a factor  

contributing to the observed decorrelation signal (Fig. 8), however, a relatively smaller yet significant effect was 

observed in their temporal dynamics (β).

Extent of trajectory control during reaching movements

The demonstration of relatively fast task-related sensory feedback control (~50 ms), which could, in  

principle, shape trajectories during voluntary movement execution involving active participation of motor cortex 

(Pruszynski et al. 2011),  is a key prediction of trajectory-free optimal feedback control models. However, since 

movements in optimal feedback models in the absence of trajectory costs are driven by costs associated with the  

current  posture and the target  location,  they don’t  necessarily require movements to cross over an average 

trajectory. This is in contrast with our observations of zero crossings, especially during the early phase, and the 

trajectories starting farther away had a rapid propensity to converge towards the average z = 0 line in the first 20% 
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of movement duration (Figs. 4 and 6). This suggests the presence of an average planned trajectory computed from 

the initial fixation to the target location in the exocentric space. Interestingly, this convergence was prominent for 

the  task-related  movements  as  compared  to  the  task-irrelevant  movements  implying  that  they  were  not  a  

consequence of a regression to the mean effect (Fig. 4B, 7F, and 7G). Furthermore, similar zero crossings across 

different movement speeds (Fig. 8D) suggest that the control is rather robust and is particularly sensitive to the  

presence or absence of a task.

Further, in contrast to internal models of trajectory control, trajectory-free optimal feedforward/feedback 

control  can also  explain  straight-line  trajectories  and is  supported by recent  work showing the  absence  of 

corrective movements to a nominal trajectory in the presence of a perturbation (Cluff and Scott 2015). Although 

this result cannot be easily reconciled with our results, we suggest that a potential drawback of perturbation studies 

to assess trajectory control is the assumption that the original normative plan is still relevant during corrections.  

In the context of target shift experiments, at least, this assumption is questionable as the original plan is expected 

to be modified or canceled (Mirabella et al. 2008; Murthy et al. 2009). By extension, we assume a similar logic 

would also hold for external perturbation of the hand. Nevertheless, and interestingly, even in the study by Cluff  

and Scott (2015), when trajectory specifications such as timing and path were part of the task, corrections were  

directed to a normative trajectory. In this latter context, our experimental findings broadly agree with them (Cluff 

and Scott 2015), as our task-relevant finger and arm movements had timing constraints as compared to the 

corresponding task-irrelevant movements. Additionally, due to the nature of the movements we analysed (cyclic 

flexion-extension in fingers and centre-out reaches in arm) and our choice of the reference trajectory (the trial-

averaged trajectory), trajectory convergence is posited to be towards a task-specific normative trajectory and not  

necessarily an invariant straight line.

The other important  aspect  of control  we tested is whether the CNS implements a fixed extent of 

trajectory regulation or if it varies along different phases of movement. Modeling of perturbation studies on arm  

movements has suggested that the extent of feedback controller gains is lower near movement initiation, while 

they increase towards the end of the movement as the hand reaches the target (Liu and Todorov 2007). In the 

context of finger and arm movements, we found that there were two distinct phases of control (Figs. 3D and 5D), 

which were reflected at time points where there was a relatively large change of decorrelation in the early (trough 

at 20%) and late (troughs at 80 and 90 %) phases. This was also supported by the relatively greater magnitudes of 

409

410

411

412

413

414

415

416

417

418

419

420

421

422

423

424

425

426

427

428

429

430

431

432

433

434

435

436

437

438



17

zero crossings rate during early and late phases of movement (Figs. 4C, 6C, and 6E). Such a pattern suggests that 

a trajectory can be efficiently corrected at two extreme postural positions when the velocities of movements are 

relatively low, and state estimations are more robust. Implementing control close to the target location is obviously 

beneficial, is synonymous to the homing phase of control, and has been known since the time of Bernstein’s  

seminal experiments (Bongaardt and Meijer 2000), whereas having a high degree of control earlier on has the 

obvious  advantage  of  clamping  variability  to  manageable  levels  before  the  system is  swamped by  signal-

dependent noise (Woodworth 1899; Elliott et al. 2001, 2010). Indeed, we observed that the initial 10 % and 20 % of 

the decorrelation was predictive of the subsequent trajectory variability (Fig. 7C).  However, the relative absence 

of decorrelation during the middle phase of control suggests that the trajectory control was largely intermittent. 

Fast feedback control in normative voluntary movements  

 Several studies have indicated signatures of relatively fast feedback control involving reflexive arm 

movements that occur between 50 – 100 ms (in EMG) after the beginning of movements during tasks that require 

posture/ trajectory stabilization following mechanical perturbations (Messier and Kalaska 1999; Pruszynski et al. 

2008, 2011; Nashed et al. 2014; Cluff and Scott 2015). However, whether these feedback signals are also at play 

during unperturbed normative voluntary goal-directed movements is still not clear. In contrast to such fast sensory 

feedback, internal feedback control has been shown to implement rapid corrections using an efference copy of the 

initiated motor command to estimate the hand position via a forward model in the absence of delays associated 

with sensory feedback (Desmurget and Grafton 2000). To the best of our knowledge, these rapid control strategies 

have been shown to occur when goals and decisions are changed during movements (Pisella et al. 2000; Gaveau 

et al. 2003;  Desmurget et al. 2005; LoTemplio et al. 2023) to help in fast error corrections. In the context of 

normative movements, such rapid control has only been studied in the context of fast saccadic eye movements  

using a similar analysis (Richardson et al. 2011).  Evidence of rapid control has also been shown in isometric force 

application  (Gordon and Ghez 1987),  but  it  has  not  been demonstrated  in  unperturbed  voluntary  reaching 

movements. 

In our study, the initiation of control was indexed as the time point of significant decorrelation using the 

tangent method, and this occurred as early as ~60 ms in voluntary finger movements (Fig. 3C), ~70 ms for 

voluntary whole-arm reach movements (Figs. 5C and 7D). We interpret this rapid control in reaching movements 

to be a consequence of internal feedback supplemented with fast sensory feedback processes since the onset of  
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decorrelation during task-relevant movements occurred less than 50 ms in some subjects performing the reach 

movement task (two participants in Fig 7E), which is too fast to allow for fast sensory feedback to operate owing 

to conduction and electromechanical delays (Cavanagh and Komi 1979; Van Acker et al. 2016). However, this 

rapid onset of decorrelation was typically followed by a later stage that is consistent with fast sensory feedback 

control, with a maximum rate of decorrelation at ~94 ms for the task-relevant finger and ~128 ms for task-relevant 

arm movements  (Pruszynski  et  al.  2011;  Scott  et  al.  2015).  Such  corrections  could  be  mediated  by  both 

proprioceptive and visual  feedback  (Carlton 1981;  Saunders and Knill  2003).  Additionally,  while  the  rapid 

trajectory regulation can reflect both feedforward (Elliott et al. 2001, 2010) and feedback processes, we incline 

towards the latter given the delayed onset of control and the peak decorrelation between 10-20% of the movement 

phase (Figs. 3D and 5D). 
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Figure Captions

Figure  1: Task  design  of  finger  and  arm  experiments,  and  their  corresponding  raw  trajectories.  A) 

Experiment 1: Cyclic finger flexion-extension – The subjects rested their forearm and palm on a fixed platform in 

a neutral posture (pronation-supination), the thumb finger was restrained to the setup, and the four fingers (index, 

middle, ring, and little fingers) were suspended and free to move. On any given trial, the instructed finger (middle 

finger, depicted with red color, in this case) was instructed to produce cyclic flexion (peaks) and extension  

(troughs) movements to specified landmarks shown on the stimulus screen (see methods). The phenomenon of 

finger enslavement led to involuntary movements in the other non-instructed fingers (index, ring and little fingers). 

B) Sample traces of the instructed middle finger task. In this figure, the task-relevant middle finger movement 

(red color trace) produced task-irrelevant movements in the index, ring, and little fingers. Half-cycles were 

segmented based on the instructed-finger trace and overlaid against each other for further analysis. C) Experiment  

2: Discrete horizontal whole arm reaching movements – The experimental setup consisted of a robotic arm that 

the subject held onto and performed simple reaching movements in the horizontal plane by looking at the stimulus 

presented on a screen placed in front. D) The experimental protocol started with fixating a pink circular cursor in 

a central fixation box for 500 ms. A red-colored target appeared at an eccentricity of 12cm on the screen. The  

target location was block randomized to appear at any of the 8 directions (0º, 45º, 90º, 135º, 180º, 225º, 270º, and 

315º) with respect to the X-axis. Subjects had to stay at the fixation for 1000 ms during the hold time, and the  

central fixation box disappeared, marking the go cue to begin the movement.  Subjects made simple smooth  

movements towards the target location within 1000 ms (MT – movement time) and stayed there for an additional 
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500 ms to complete the trial. The acceptance window around the target location (hollow dashed white square) was 

the same size as that of the fixation box. They had to then return to the central fixation box for the start of the  

subsequent trial.  E) Sample traces of task-relevant movements towards the target  and task-irrelevant return 

movements by the dominant arm of one subject (plotted 10 trials each). 
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Figure 2: Behavioral signatures of online trajectory control. The colors red, blue, green, and pink in A and B 

represent four illustrative trials of a given task with a plot of amplitude (A) against time (t ).  A) If the CNS 

implements active online control/correction, the rank order at the start of the movement R (0 ), indicated by red, 

green, blue, and pink colors from top to bottom, at time t =0, is posited to change along the time course and 

become green, pink, red, and blue (R ( j ) at time  t = j ), as a consequence of crossovers among the trajectories. 

These crossovers could be captured as a decrease in the Spearman’s correlation coefficient (ρ). By performing 

the correlation analysis between movement onset and the subsequent time instances t =0 ,… j , j+1 ,…  , we 

obtain a time varying ρ( t ). A low value of ρ indicates greater online control. B) A case where the CNS does not 

implement online control i.e., the trajectories starting farther away from the average remain farther. The correlation 

coefficient ρ remains high and closer to 1 along the time course. C) Sample trajectories of the X coordinate of 

hand movements, directed along 0º, of a single subject, plotted against percentage time. The dashed black line 

represents the average trajectory, and the red and blue are two selected trials. D) Plot of z-scores for the red and 

blue trials/trajectories and the average trajectory, z=0 (dashed black line), as depicted in C. To investigate if the 

implemented online control was directed towards an average planned trajectory, we computed the number of times 
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the trajectories crossed the z = 0 line for a given set of trials (zero-crossings rate - ZCR, see Eq. 4). For example, 

the red trial has three zero-crossings during the movement (indicated with red circles) and is considered to be 

under a stronger trajectory control, i.e., a greater propensity towards the average trajectory, while the blue trial  

had no zero crossings and is said to be under a weaker trajectory control.
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Figure 3: Spearman’s correlation analysis of instructed (bold) and non-instructed finger movements. A) 

The correlation co-efficient, ρ( t ), of the four fingers during the instructed index finger task, middle finger task, 

ring finger task, and the little finger task (mean ± SEM). The decrease in ρ( t ) was significantly higher in the 

instructed finger in all four tasks. Colors: green - index, red - middle, blue - ring, and orange - little fingers.  B)  

Plot of average decorrelation  (ρ) vs trajectory dispersion showed that the instructed fingers (circles) had the 

lowest  ρ and lowest dispersion followed by that of non-instructed neighboring fingers (diamonds) and non- 

neighboring (triangles) fingers. C) The trajectories, ρ( t ) (mean ± SEM), of instructed finger, and non-instructed 

neighboring and non-neighboring fingers plotted from movement onset to 300ms into the movement, and the 

online control was initiated at 60.31  1.93 ms, 115.25  15.13 ms and 163.64  11.67 ms (mean ± SEM), 

respectively. D) Correlation analysis of the instructed finger between consecutive 10 % - time instances ( ρc( t ), 

mean ± SEM). The two distinct phases of control, early control at 20 % and late control at 90 % of movement  

duration were observed. Colors in Fig. B to D: dark, medium, and light shades of purple represent instructed, and 

non-instructed neighboring and non-neighboring fingers, respectively. 
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Figure 4: The zero-crossings rate (ZCR) of instructed (bold) and non-instructed finger movements and the 

average z-scores. A) ZCR computed from z-scores of instructed and non-instructed fingers (mean ± SEM) during 

index, middle, ring, and little finger tasks. ZCR was the highest in the instructed finger of any task (further details 

in the Results). Colors: green - index, red - middle, blue - ring, and orange - little fingers. B) z - scores of instructed 

(solid line) and non-instructed (dashed line) fingers for trajectories (mean ± SEM) starting away ( |z| > 0.5, dark 

and light purple respectively) and closer (|z| <= 0.5, black and grey respectively) from the average initial posture 

(z=0). The trajectories that started farther away from the average trajectory had a greater propensity to come 

towards the average trajectory (P < 0.001), which is a potential signature of trajectory control. This convergence 

towards  the  average  trajectory  was  prominent  among task-relevant  movements  compared to  task-irrelevant 

movements (P < 0.001). C) ZCR of instructed fingers plotted for early (0 to 33 %, light grey), middle (34 to 66 %, 

medium grey), and late (67 to 100 %, dark grey) movement phases (mean ± SEM). We found that the ZCR was 

significantly greater in the early and late phases as compared to the middle phase (Adj. P < 0.001, both cases).
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Figure 5: Spearman’s correlation analysis of task-relevant arm movements. A) The correlation co-efficient, 

ρ ( t ),  plotted  (mean ± SEM) for task-relevant movements (red) was found to decrease along the movement 

duration, while it stayed close to 1 during the fixation condition (black). B) The average decorrelation (ρ) was 

significantly associated with trajectory dispersion (Pearson’s r = 0.57,  P = 0.02). A lower correlation value 

corresponded with a lower trajectory dispersion. C) The correlation co-efficient, ρ ( t ), plotted on the actual time 

scale (mean ± SEM) for task-relevant (red) movements. The time at which a tangent line (see methods) from 

ρ ( t ) intersected with the ρ=1, dashed black line was at 69.56 ± 3.45 ms (mean ± SEM). D) Correlation analysis 

of task-relevant movements between consecutive 10 % - time instances (ρc( t ), mean ± SEM). The two distinct 

phases of control i.e., early control at the 20 th percentile and late control at the 80 th and 90th percentile along the 

movement duration were observed.
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Figure  6:  The  zero-crossings  rate  (ZCR  and  ZCR2)  and  the  average  z-scores  of  task-relevant  arm 

movements. A) The 1-dimensional ZCR (mean ± SEM) of task-relevant movements (red) was significantly higher 

than during fixation (black, P < 0.001). B) The task-relevant movements were segregated into ones starting farther 

away (|z| > 0.5, red) and closer (|z| <= 0.5, black) to the average trajectory (z = 0), and we found that the trajectories 

starting farther away had a greater propensity towards the center than the closer ones (mean ± SEM). C) ZCR 

(mean ± SEM) of task-relevant movements computed at the early (0 to 33 %, light red), middle (34 to 66 %,  

medium red), and late (67 to 100 %, dark red) movement phases. The ZCR was significantly greater during early 

and late phases as compared to the middle phase of movement (Adj. P < 0.001, both cases). D) The 2-dimensional 

ZCR2 (mean ± SEM) of task-relevant movements (red) was significantly higher than during fixation (black, P < 

0.001). E) The ZCR2 (mean ± SEM) was also significantly greater during the early and late phases, compared to  

the middle phase (Adj. P = 0.005 and Adj. P < 0.001, respectively).
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Figure  7: Differences  in  control  between  task-relevant  (red)  vs  task-irrelevant  return  (blue)  reach 

movements. A)  The trajectory  of  inter-trial  standard deviation (mean ± SEM) for  task-relevant  and return 

movements. Return movements had greater SD than task- relevant movements. B) The correlation co-efficient,  

ρ( t ),  of  task-relevant and return movements (mean ± SEM). The average decrease in correlation (ρ) was 

significantly higher in task-relevant movements (P = 0.04). C) Correlation between ρ, computed from 0 to 20 % 

time,  with  the  maximum  inter-trial  standard  deviation  of  task-relevant  and  return  trajectories.  The  initial  

decorrelation among trajectories was significantly associated with the maximum inter-trial variability (r = 0.464, 

P = 0.009), and the task-relevant movements had lower ρ and lesser variability than return movements. D) The 

variations in correlation co-efficient ρ( t ) on the actual time scale from movement onset to 500ms into the 

movement (mean ± SEM) showed a steeper and earlier decrease for task-relevant movements as compared to  

return movements. E) The initiation of control marked by the tangent method, showed significantly earlier onset 

of control during task-relevant movements as compared to return movements by 52.58  4.75 ms (mean  SEM, 

P < 0.001). F)  ZCR2 (mean ± SEM) of task-relevant movements were significantly higher than that of return 

movements (P = 0.034). G) The convergence of z-scores (mean ± SEM) towards the average trajectory in the 

farther away group was significantly greater among task-relevant movements (solid line, red) as compared to  

return movements (P < 0.001, dashed line, blue). The solid black line and dashed grey line belong to the closer  

group of task-relevant and return movements, respectively. 
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Figure 8: Control analysis on fast and slow reaching movements. A) Plot of co-efficient correlation, ρ( t ) 

(mean ±SEM), of fast (green) and slow (red) movements by the dominant arm. The  ρ( t ) of fast and slow 

movements overlapped with each other. B) The average decorrelation (ρ) was not significantly different between 

fast and slow movements (P = 0.317). C) The average decorrelation was not significantly associated with the 

maximum SD (r = 0.249,  P = 0.289), even though the maximum SD was higher during fast movements as 

compared to slow movements (P = 0.002). D) The ZCR2 was not significantly different between fast and slow 

movements (P = 0.089).
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