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Abstract: 1 

Reaching movements, while seemingly simple, involve complex motor control 2 

mechanisms that select specific trajectories from infinite possibilities. Despite the 3 

inherent variability in volitional movements, both humans and monkeys frequently 4 

exhibit stereotyped trajectories. The literature has offered numerous explanations for 5 

invariant trajectory shapes, including a common planning space in hand-space or joint-6 

space, as well as factors like kinetic energy (KE) minimization and sensory feedback. 7 

However, since most studies have relied on single-session data, crucial insights into the 8 

motor principles guiding trajectory selection and their evolution through extended 9 

practice remain underexplored. This study fills this gap by investigating how specific 10 

trajectories are selected and evolve with practice across multiple sessions, using data 11 

from two rhesus monkeys (one male, one female) performing a reaching task in a 12 

biomechanically constrained 2D setup. Our behavioral study challenges the idea of a 13 

common planning space, revealing instead a significant influence of KE on trajectory 14 

shapes. Through a novel biomechanical modeling, we quantified KE for a wide range of 15 

trajectory shapes. We discovered that trajectory selection and evolution is not simply 16 

about minimizing KE or achieving straight paths. Instead, the monkeys' motor systems 17 

appear to prioritize maintaining a "safe KE range," where slight changes in trajectory 18 

shapes have minimal impact on energy expenditure. These findings provide new 19 

insights into the adaptive motor control strategies, suggesting that trajectory selection 20 

involves balancing energy efficiency and flexibility. Our study enhances the 21 

understanding of trajectory selection principles, with implications for rehabilitation 22 

strategies, robotics and broader study of motor control mechanisms. 23 
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Significance statement (120 words maximum): 24 

This study provides new insights into motor control by analyzing and modeling monkey 25 

behavior, revealing that kinetic energy (KE) significantly influences trajectory shape. Our 26 

findings challenge the conventional views that trajectory selection primarily aims to 27 

maximize straightness or minimize KE. Instead, our analyses show that the motor 28 

system seeks to maintain a "safe KE range," where small trajectory differences do not 29 

significantly impact energy expenditure. We reach this conclusion through a novel 30 

biomechanical modeling approach, which quantifies KE across a wide range of 31 

trajectory shapes for specific movements. By combining behavioral analysis with 32 

modeling, we demonstrate that trajectory selection balances efficiency and flexibility, 33 

offering valuable implications for developing rehabilitation strategies and robotic 34 

assistive devices that align with natural movement principles.  35 
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Introduction:  36 

Ever pondered about the path your hand takes when reaching for your morning coffee? 37 

Although theoretically infinite trajectories are possible for such movements, our motor 38 

system seamlessly selects a unique trajectory for each motor goal. Studying these 39 

trajectories can unveil key insights into motor control principles. 40 

In 1967, Bernstein first highlighted the inherent variability of volitional movements, 41 

stating, “practice is a particular type of repetition without repetition.” This means two 42 

trajectories are never the same, even with identical goals and starting conditions. 43 

Despite this variability, we often use stereotyped trajectories with invariant features 44 

(Abend et al., 1982; Morasso, 1981; Morasso, 1983). Trajectory shape is one such 45 

feature that has been extensively studied. 46 

The invariant trajectory shape is thought to arise from a common planning space for all 47 

movements (Van Thiel et al., 1998). Two primary contenders for such a planning space 48 

are the extrinsic hand-space and the intrinsic joint-space. 49 

Numerous studies (Abend et al., 1982; Atkeson & Hollerbach, 1985; Flash & Hogan, 50 

1985; Hogan, 1984; Morasso, 1981) indicate that reaching movements are generally 51 

straight in hand-space, suggesting it as the planning space. Flash & Hogan (1985) 52 

proposed the Minimum Jerk Theory, which posits that the motor system aims to 53 

produce smooth, straight movements in hand-space. 54 

Other studies (Atkeson & Hollerbach, 1985; Haggard & Richardson, 1996; Hogan & 55 

Flash, 1987) show that hand trajectories often deviate from straight lines and vary with 56 
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movement direction and location. These deviations could stem from joint-level control 57 

due to varying constraints on joints at different locations. Rosenbaum et al. (1995) 58 

propose that joint-space could be the planning space, suggesting that straight trajectory 59 

in joint-space, with coordinated joint movements, is a crucial motor principle. Due to the 60 

non-linear relationship between joint-space and hand-space, straight joint-space 61 

trajectories can result in curved hand paths (Hogan et al., 1987). This aligns with the 62 

minimum torque-change model (Uno et al., 1989), which predicts curved hand paths 63 

based on joint torques (Uno et al., 1989). A force-field study further supports joint-space 64 

as the planning space, demonstrating that adaptation learning transfers more easily in 65 

joint-space than in hand-space (Malfait et al., 2002). 66 

Altogether, opinions vary widely on whether hand-space or joint-space serves as a 67 

common movement planning space. Cruse et al. (1987) proposes a compromise 68 

between hand-space and joint-space, suggesting no single planning space applies to all 69 

movements. Van Thiel et al. (1998) similarly argue that task context and coordination of 70 

both spaces together shape trajectories. 71 

More recently, Bongers & Zaal (2010) reported that beyond planning space, factors like 72 

surface shape and friction influence trajectory curvature by altering movement 73 

resistance, which in turn interacts with biomechanical forces or kinetic energy (KE) in 74 

shaping trajectories. KE minimization is also suggested by many others (Alexander, 75 

1997; Cruse, 1986; Engelbrecht, 2001; Hatze & Buys, 1977; Kashima & Isurugi, 1998; 76 

Nelson, 1983; Soechting et al., 1995; Todorov, 2004; Todorov & Jordan, 2002) and 77 

combine the effects of many biomechanical factors such as power, torque, etc. 78 
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However, a force-field task demonstrated that even when low-energy paths were 79 

curved, subjects preferred straight hand paths, challenging the notion of energy 80 

minimization as a universal principle (Kistemaker et al., 2010). This could mean that 81 

visual feedback in this case override energy considerations, leading to visually straight 82 

paths. Vaidyanath et al. (2020) also show that the absence of visual feedback results in 83 

curved hand trajectories. 84 

The literature thus provides various biomechanical and sensory explanations for 85 

trajectory selection. However, it lacks the crucial perspective of how practice influences 86 

trajectory selection and evolution. Additionally, past studies have predominantly used 87 

standardized tasks with humans, generally featuring only radially organized trajectories 88 

and similar movement amplitudes. 89 

In this study, we investigate how specific trajectories for a variety of movement 90 

configurations are chosen and how they evolve with practice across multiple sessions 91 

for two monkeys. Our analyses aim to determine whether trajectory selection and 92 

evolution are driven by a common planning space or other motor control rules.  93 

 94 
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Materials and Methods: 96 

Subjects: 97 

Two rhesus monkeys (Monkey E: female, ~ 6 kg; Monkey J: male, ~ 9.5 kg) participated 98 

in the current study where they performed arm-reaching movements using the KINARM 99 

exoskeleton robotic device (Scott, 1999). All experimental procedures were approved by 100 

the local ethical committee (C2EA 71; authorization Apafis#13894-101 

2018030217116218v4) and conformed to the European and French government 102 

regulations.   103 

Experimental and Recording Setup: 104 

In this study, the monkeys were trained to use a robotic interface (Kinarm, BKin 105 

technologies, Ontario Canada) to perform arm movements towards visual targets in the 106 

horizontal plane, as shown in the schematic (Figure 1A). The right arm and forearm 107 

were supported by an articulated exoskeleton allowing planar shoulder and elbow 108 

motion and independent monitoring of the 2 joint motions. The opposite non-working left 109 

arm was restrained in a semi-flexed position to avoid motor interference. This apparatus 110 

was coupled with a virtual-reality system composed of a horizontal semi-reflective mirror 111 

at chin height that masked direct arm view, and a computer screen placed horizontally 112 

above the mirror and facing downward. This screen allowed projection of white visual 113 

targets (0.65 cm in diameter) and a cursor (white hollow circle, 0.3 cm in radius) on the 114 

mirror indicating the position of the monkey's hand in the workspace at any time. The 115 

monkeys were not head-fixed, but the movement of the head was minimized using a 116 

custom-designed 3D printed mask, which also included a reward tube. The recordings 117 
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of the behavioral data used in the current study were performed simultaneously with the 118 

recordings of electrophysiological data from five cortical areas, namely, areas V1, V2 in 119 

the visual cortex, areas 7A, DP in parietal cortex and M1/PMd in the motor cortex using 120 

Utah arrays. Eye movements were tracked using an Eyelink eye tracker, as the 121 

monkeys performed the visuo-motor task. 122 

Task and Training: 123 

The monkeys were water restricted in their home-cage and trained to perform a 124 

sequential reaching task in the laboratory to obtain water rewards. 125 

The monkeys’ goal was to perform arm movements to reach a sequence of 3 visual 126 

targets located at one of the 6 vertices of a hexagon presented on the horizontal screen 127 

(Figure 1B). Each trial was initiated by the appearance of a circular target (0.65 cm 128 

diameter) at the center of the hexagon on the screen. The monkeys had to reach this 129 

starting point by moving the hand cursor and to hold this position for 250 ms before the 130 

central target disappeared and one of the six peripheral targets was illuminated. The 131 

central target extinction also instructed the monkeys to reach the active target position 132 

and to hold this position for a fixed duration (150 ms to 200 ms). At the end of the 133 

holding period, the active target was turned off and the next target in the sequence was 134 

illuminated. This event served as the GO signal for the next reaching movement. The 135 

same sequence was repeated until the monkeys reached a sequence of 3 peripheral 136 

targets. The distance between the centers of the central target and the top (or, equally, 137 

the bottom) targets of the hexagon was 3.6 cm and 4 cm for Monkey E and Monkey J, 138 

respectively. The distance between the central target and the right (or, equally, the left) 139 
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target was 4.5 cm and 5 cm for Monkey E and Monkey J, respectively. Successful trials 140 

were rewarded with a drop of water. If the monkeys failed to reach one of the targets or 141 

to hold the target positions long enough, the trial was aborted and a new trial started 142 

with the same target sequence as the preceding failed trial. In addition, the trial was 143 

also aborted if the movement time between 2 targets exceeded 1.5 seconds. To 144 

facilitate the task and to encourage fast and natural movement trajectories, the 145 

constraints on the movement precision were reduced by invisibly extending each target 146 

hitting zone to 1 cm radius (logical radius) around the target center. 147 

The task combined eight possible movement sequences (Figure 1C-insets), which 148 

differed in the order in which the three next peripheral targets appeared. These eight 149 

different movement sequences spanned a wide variety of arm movements that had 150 

unique combinations of amplitudes, arm geometries and movement directions. We 151 

randomized the occurrence of these eight movement sequences in blocks of 40 trials (5 152 

trials per movement sequence). A complete session consisted of three such blocks (120 153 

trials). Depending on the motivation of the monkeys, we recorded anywhere between 154 

one and four sessions in a day, usually with no intervention from the experimenters 155 

during the inter-session intervals.    156 

Datasets: 157 

In this study, we have analyzed behavioral data from 20 sessions in Monkey E and 42 158 

sessions in monkey J recorded over several months. Each dataset is made up of 159 

several kinematic measurements: the end-point hand position, the shoulder and elbow 160 
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joint angles and the hand and joint movement velocities. All these movement 161 

parameters were recorded at a frequency of 1 kHz.  162 

Data Analysis: 163 

All kinematic data were analyzed offline using custom written scripts in Matlab (The 164 

MathWorks, Inc.).   165 

Sub-movements: First, the kinematic measurements of each movement sequence 166 

were sectioned to separate the 3 sub-movements that make them up, each starting 167 

from one target and ending at the next target in the trial sequence. This sectioning was 168 

based on two behavioral events: the time at which the hand reached the starting target 169 

location and the time at which it reached the next target in the sequence. Sub-170 

movements from different sequences but with identical start and end target locations 171 

were grouped together. This led to the reduction of the original 24 groups of sub-172 

movements into 19 equivalent groups of sub-movements, which we consider as the 173 

fundamental sub-movement grouping in all the following analyses.  174 

Detection of movement onset: A custom-made 3-steps algorithm was used to reliably 175 

detect the hand movement onsets for every sub-movement in a sequence. A velocity 176 

threshold was set individually for each monkey, based on visual inspection of the hand 177 

velocity traces to identify the parts of the trajectory in which the hand was moving at 178 

high velocity. To ensure that the analysis only focused on the complete movement 179 

towards the target, we then rejected all movement sections that remained above the 180 

speed threshold for a duration of <50 ms. For the remaining segments, we then used a 181 

backwards approach starting from the speed threshold crossing event to identify the 182 
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immediately preceding zero-crossing time point after which the acceleration became 183 

positive. This time stamp was stored as the movement onset times for each sub-184 

movement trajectory. 185 

Hand space and joint space trajectories: The sub-movement trajectories were the 186 

main focus of this study. The hand end-point trajectory made in Cartesian space for 187 

each sub-movement has been referred to as the hand space trajectory (Figure 2B) for 188 

that specific sub-movement. Similarly, the theoretical trajectory formed by the extent of 189 

shoulder and elbow movements in the angular coordinates (Shoulder vs Elbow, Figure 190 

2C) corresponding to that sub-movement has been referred to as its joint space 191 

trajectory.   192 

Characterization of spatial variability: For all trajectories of each sub-movement the 193 

mean trajectory was computed in both hand and joint space (black solid line Figure 2D) 194 

between the detected movement onset and the target reach. The standard deviation of 195 

all the trajectories around the mean was computed at every 10 ms interval throughout 196 

the movement. These standard deviations are represented by the diameter of the 197 

colored circles shown in Figure 2B, 2C and 2D. Since trajectories for a given sub-198 

movement in a given session have variable velocity and duration, the standard deviation 199 

has been calculated for all trajectories only for the duration of the shortest trajectory. 200 

Trajectory deviation: To quantify the trajectory deviation of a sub-movement trajectory, 201 

we first drew a straight line connecting the start and end point of the trajectory. Then we 202 

calculated the maximum perpendicular distance of the trajectory from this straight line, 203 

which we used as the measure of trajectory deviation for this sub-movement trajectory 204 

eNeuro Acce
pted M

an
uscr

ipt



(Figure 2E). This procedure was carried out for all sub-movement trajectories in both 205 

hand and joint space, yielding the measure of trajectory deviation in each space for 206 

each sub-movement trajectory. 207 

Evolution of Trajectory Deviation: To study how the trajectory shapes for the sub-208 

movements evolve with practice, we first investigated them across sessions qualitatively 209 

(Figure 3). We then quantified the variability of the measured trajectory deviations in 210 

both hand and joint spaces across all sessions (Figure 4B, shaded ellipses mark the 211 

standard deviation of the deviations in the two spaces aligned along the axis 212 

representing the maximum spread of the data). In addition to the across-session 213 

analysis shown in Figure 4B, we quantified trial-by-trial variability within each session by 214 

fitting ellipses to the distribution of deviations for each sub-movement within a session. 215 

We then measured the angle between the major axis of each ellipse and the horizontal 216 

axis, thereby estimating the direction of maximal variability within a session. In Figure 4-217 

1, we plot these angles across all sessions separately for each of the 19 sub-218 

movements, providing a direct visualization of how the direction of trial-by-trial variability 219 

is oriented relative to the hand and joint axes. To further have a quantitative measure of 220 

how the trajectory deviations evolved across sessions, we measured and compared the 221 

average deviation in hand-space (Figure 5B (i)) and joint-space (Figure 5B (ii)) for each 222 

sub-movement for the first 10 (early) and last 10 (late) sessions for each monkey. This 223 

early-late session comparison allowed us to capture more stable trends in trajectory 224 

deviations, reducing the influence of session-by-session variability that could obscure 225 

broader learning effects. 226 
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Kinetic energy: The kinetic energy (KE) for every sub-movement trajectory was 227 

calculated as a summation over all time points, with the energy contribution being 228 

calculated at each time point according to the following formula: 229 

KE = ∑𝑛
𝑡=1 (

1

2
𝐼𝑠𝜔𝑠

2  +
1

2
𝐼𝑒𝜔𝑒

2),       : Eq (1) 230 

where n is the number of time points, ⍵s and ⍵e are the shoulder and elbow angular 231 

velocity, respectively, recorded by the KINARM exoskeleton through every sub-232 

movement trajectory during the experiment. The corresponding moments of inertia 233 

(𝐼𝑠 , 𝐼𝑒) were computed by approximating the two arm segments as rigid rods with weights at one 234 

end (I = mL2; I is the moment of inertia and m, L are the mass and lengths of the rigid rod), 235 

using the approximate weights and lengths of the arm segments. The same arm lengths 236 

(0.13m and 0.23m for upper and lower arm segments, respectively) in the exoskeleton 237 

was used as a comfortable setting for both the monkeys. Approximate weights of upper 238 

(~220g) and lower arm (~90g) segments were used for both monkeys.   239 

KE evolution across sessions: Like the trajectory deviations, the evolution of KE 240 

across sessions was estimated by comparing the average KE of the sub-movements in 241 

the first 10 (early) sessions to the last 10 (late) sessions (Figure 5B(iii)) to reduce the 242 

influence of session-to-session fluctuations and focus on the stable trends of KE 243 

evolutions across training sessions. However, to visualize the finer session-by-session 244 

progression of KE, we plotted the evolution of the average KE for each sub-movement 245 

across sessions and fitted linear regression lines to highlight the overall trends (Figure 246 

5-2). 247 
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KE Estimation Model Structure: Our modeling approach aimed to estimate the KE 248 

required for trajectories that were not naturally performed by the monkeys for each sub-249 

movement. While the monkeys, in principle, could execute a wide range of trajectories, 250 

in practice, their movements were constrained to a limited range of deviation in both 251 

hand and joint space, suggesting an underlying reason for these restrictions. By 252 

modeling alternative trajectories, we sought to understand whether KE costs played a 253 

role in shaping the monkeys' trajectory selection (Figure 6A). There were three major 254 

steps involved in this modeling: (i) Simulation of trajectories: hypothetical hand and joint 255 

trajectories with different levels of deviation were generated using a custom-written 256 

function that can generate straight or curved paths between any given pair of points in 257 

either space. Curved trajectories were computed using parabolic equations adjusted to 258 

pass through the two specified endpoints. Their deviations were controlled by the 259 

parameters of the parabolic equations. (ii) Transformation of hand trajectories to joint 260 

trajectories (this step was only required for simulated hand trajectories): In this step the 261 

simulated hand trajectories, defined in Cartesian coordinates, were converted into joint 262 

space coordinates (angles of the shoulder and elbow joints). This was done by 263 

determining the joint angles required for the KINARM robotic arm to achieve the desired 264 

hand positions. Specifically, the KINARM system computes the hand position (Xh,Yh) 265 

from joint angles (θs,θe) using the following geometric relationships, derived from the 266 

configuration file of the exoskeleton: 267 

𝑋ℎ - 𝑋𝑠= 𝐿2cos (𝜃𝑒-𝜃𝑠) + 𝐿1cos (𝜃𝑠)       : Eq 268 

(2) 269 

𝑌ℎ - 𝑌𝑠= 𝐿2sin (𝜃𝑒-𝜃𝑠) + 𝐿1sin (𝜃𝑠)       : Eq (3) 270 
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Here (𝑋ℎ, 𝑌ℎ) and (𝑋𝑠, 𝑌𝑠) are the positions of Hand (x, y) and Shoulder (x, y) in the 2D 271 

Cartesian space, respectively. L1 and L2 are the upper and lower arm lengths, 272 

respectively, and 𝜃𝑒 and 𝜃𝑠 are the elbow and shoulder angles, respectively. In our KE 273 

estimation model, the joint angles corresponding to a given hand position were obtained 274 

by inversely solving these equations. (iii) Computation of KE: A time profile was applied 275 

to each simulated (or transformed) hand and joint trajectory such that the time intervals 276 

between the 501 sample points followed an inverted gaussian curve. This was done to 277 

ensure that the simulated trajectories have bell-shaped velocity profiles mimicking 278 

natural movements (Abend et al., 1982). The inverted gaussian (𝑡(𝑘), Eq (4)) for time 279 

intervals was generated by subtracting a gaussian function (𝑔(𝑘), Eq (5)) from a 280 

constant C and then was normalized by the summation of itself to have a total duration 281 

of 1s (the average duration for movements for the monkeys was ~840 ms).  282 

𝑡(𝑘)  = [𝐶 − 𝑔(𝑘)]/∑(𝐶 − 𝑔(𝑘))        : Eq (4) 283 

𝑔(𝑘)  = exp(−0.5(
𝑘−𝜇

𝜎
)2)        : Eq (5) 284 

where 𝑘 is the sample index (500 time intervals for 501 trajectory points), 𝜇 is the 285 

midpoint of the samples (250), 𝜎 is the width or standard deviation of the gaussian (75) 286 

and 𝐶 was set to max(𝑔(𝑘)) + 0.1 to have a positive and non-zero 𝑡(𝑘). Since in our 287 

analysis we focused on the relative changes in KE across different deviations for each 288 

sub-movement rather than precise velocity contributions, we did not use individually 289 

tailored time profiles and used the same time profile for all sub-movements. The 290 

simulated/transformed joint angle trajectories together with the time profile were used to 291 

compute the joint velocities (⍵s and ⍵e) for every trajectory, which were further used to 292 

compute KE following Eq (1). 293 
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Model Validation: For validating the hand-to-joint trajectory transformation and the use 294 

of a single time profile in our KE estimation model, we used the hand trajectories from a 295 

representative session of Monkey E after replacing their inherent temporal profile with 296 

the temporal profile described above. This removed their inherent velocity profile but 297 

preserved their shapes. We then transformed the hand trajectories to joint trajectories 298 

and computed their KEs as mentioned above. These model-estimated KE for the sub-299 

trajectories were then compared to the KE calculated from the recorded joint angular 300 

velocities to see if the modeled and observed KE values matched (see Results and 301 

Figure 6B). 302 

KE estimation for different deviations: For every sub-movement, KE was estimated 303 

for trajectories that had 32 levels of deviation around the straight trajectory. In order to 304 

simulate the variability in the monkeys' hand position at the start and end of the 305 

movement, 100 trajectories were simulated at every level of deviation such that the 306 

‘start’ and ‘end’ targets for each trajectory were randomly selected within the 1cm radius 307 

of the target locations. The mean KE of these trajectories (in either space) was then 308 

used as the estimated KE for each combination of sub-movement and deviation.   309 

Effective deviation range: The effective deviation range was defined for each monkey 310 

as the central 98% range of the hand trajectory deviations that the monkey produced 311 

across all sub-movements. For Monkey J this range is -0.4 to 0.4 a.u. (Figure 7D) and 312 

for Monkey E it is -0.25 to 0.25 a.u.  This range was used as a reference to ensure that 313 

the KE-Landscape prediction approach remained within behaviorally relevant deviations 314 

naturally produced by the monkeys. 315 
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Prediction of optimal trajectory deviations: Our model was used to compare the 316 

accuracy of 3 different predictive approaches. (i) KE-Landscape prediction: An optimal 317 

hand deviation range was defined based on the overall relationship between the 318 

modeled KE and the effective deviation range as follows. First, for each sub-movement, 319 

the standard deviation of the KEs within the effective deviation range was computed to 320 

quantify the typical KE fluctuations in naturally occurring deviations. This standard 321 

deviation value was then used to establish a threshold for the absolute first derivative of 322 

KE with respect to hand deviations, identifying regions where KE variations are minimal 323 

(Figure 8A, bottom). Second, the longest stretch of hand deviations which falls below 324 

this threshold was identified. This stretch of hand deviations was considered as the 325 

optimal deviation range (or the 'KE safe range'), as it represents a region where KE 326 

variations remain within a stable range based on the computed threshold (Figure 8A, 327 

top: green horizontal bar). Finally, the median of this range was defined as the KE-328 

Landscape prediction for the given sub-movement (Figure 8A, top: green vertical line). 329 

(ii) Minimum KE prediction: The hand deviation corresponding to the minimum modeled 330 

KE for each sub-movement was defined as the Minimum KE prediction (Figure 8A, top: 331 

blue vertical line) (iii) Minimum hand deviation prediction: This was always defined by 332 

the straight hand trajectory for every sub-movement. 333 

Comparison of prediction accuracies: The accuracy of each prediction method was 334 

evaluated by calculating the root mean squared error (RMSE) between the predicted 335 

and observed hand deviations in the late sessions (the last 10 sessions for each 336 

monkey). To ensure robustness and minimize variability effects, we performed a 337 

resampling procedure: the set of sub-movements was randomly divided into five 338 
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equally-sized subsets (folds), RMSE was computed on each subset, and this process 339 

was repeated 20 times with different random splits. The final RMSE values were 340 

averaged across repetitions to obtain a stable estimate, reducing potential biases due to 341 

data variability. 342 

Detection of the movement classes based on trajectory deviations (K-means 343 

clustering): A k-means clustering algorithm (MATLAB kmeans function) was used to 344 

identify the two different sub-movement classes in terms of the ratio between the hand 345 

and joint trajectory deviation. This was done by specifying the distance metric in the 346 

MATLAB kmeans function to be the “cosine” between the hand and joint deviations for 347 

each sub-movement across sessions. 348 

Statistical Reporting: All statistical analyses performed in the study are summarized in 349 

Table 1, following the journal’s guidelines. Each statistical test reported in the Results 350 

section is indexed with a lowercase superscript letter (a–o) corresponding to a specific 351 

row in the table. For each test, we provide the type of analysis, the sample size and 352 

definition (e.g., number of sessions, trials, sub-movements, or animals), the exact p-353 

value, and the 95% confidence interval (CI) of the relevant summary statistic. For non-354 

parametric tests, 95% confidence intervals for medians were estimated using bootstrap 355 

resampling. For parametric tests (e.g., two-sample t-tests), the confidence interval for 356 

the mean difference was calculated using the standard error and the critical t-value.  357 

Code Accessibility: The codes described in the paper (KE estimation model and the 358 

subsequent analyses) are freely available online at 359 
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https://github.com/JanaShrabasti/KE_estimation_model. The code is available as 360 

Extended Data 1.  361 
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Results: 362 

Behavior and example trajectories: 363 

The main goal of this study is to provide an in-depth investigation into the factors 364 

influencing the acquisition of specific trajectories for 2D visually guided reaching 365 

movements in a constrained biomechanical context. Two rhesus monkeys took part in 366 

the experiment, utilizing their right arms to perform a sequential reaching task. The 367 

setup and the trial structure of this task are depicted in Figure 1 (see also, De Haan et 368 

al., 2018). The monkeys' right arms were securely positioned within a robotic 369 

exoskeleton (constrained on a horizontal plane) that measured the hand endpoint and 370 

joint kinematics at a frequency of 1 kHz (Figure 1A). In each trial, the monkeys had to 371 

perform a sequence of movements that started from a central position and involved 372 

three consecutive sub-movements (Figure 1B). Figure 1C illustrates the 8 distinct 373 

movement sequences, repeatedly performed by the monkeys over several weeks of 374 

training (insets) and the actual performance of one monkey across repeated trials in a 375 

typical training session. These 8 movement sequences were composed of 19 different 376 

sub-movements identified by a unique pair of start and end targets. These sub-377 

movements varied in spatial origins, amplitudes and orientations and were treated as 378 

separate entities in all the following analyses. The trajectories made by the monkeys for 379 

each individual sub-movement reveal specific patterns of trajectory shapes. All the 380 

following analyses aim at explaining the factors leading to these typical trajectory 381 

shapes and their evolution over multiple sessions.  382 

Trajectory deviation in Hand Space and Joint Space 383 
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The 19 sub-movements included in the 8 movement sequences are illustrated in Figure 384 

2A, where they are sorted according to their directions in the Cartesian space. A unique 385 

cyclic color code is assigned to each sub-movement and commonly used in all following 386 

figures. According to the color code, sub-movements at the two extremes of Figure 2A 387 

are represented by very similar colors because they are both in the forward direction. 388 

Visual inspection of trajectories both in hand space (with Cartesian coordinates 389 

representing the hand position, Figure 2B) and joint space (with angular coordinates 390 

representing elbow and shoulder joint angles, Figure 2C) unveil distinct trajectory 391 

deviations from a straight line for each sub-movement. The circles along the courses of 392 

the sub-movements mark the time-resolved standard deviation of trajectories (in a 393 

session) around the mean trajectory for every sub-movement (Figure 2D). For later 394 

analyses, the extent of trajectory deviation for each repetition of a sub-movement was 395 

computed as the maximum perpendicular distance of that individual trajectory from the 396 

straight line connecting the trajectory's endpoints, normalized by the length (l) of the 397 

straight line (Figure 2E).  398 

Evolution of sub-movement trajectories across sessions 399 

To investigate how practice affects trajectory deviation, we compared the trajectories of 400 

the same sub-movement across training sessions spanning several months. The 401 

evolution of trajectories in the hand space is shown in Figure 3 for three example sub-402 

movements. The first example (top row) shows very limited changes in deviation of the 403 

trajectory in hand space. The second example (middle row) shows striking and non-404 

monotonic changes in the trajectory shape, from a nearly straight average trajectory in 405 

early sessions through a highly deviated average trajectory in intermediate sessions to 406 
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a moderately deviated average trajectory in late sessions. The final example (bottom 407 

row) shows a consistent decrease in deviation of the trajectories over the sessions. The 408 

varied evolution patterns of the trajectory deviations for the 19 sub-movements have 409 

been exploited in further analyses to identify which movement parameters are adjusted 410 

in priority by the monkeys during practice.  411 

Is there a common planning space for all sub-movements?  412 

One possible factor determining the characteristics of the sub-movement trajectories is 413 

the existence of a common space, either hand or joint space, in which all movements 414 

are planned. In this case, trajectory deviation for all sub-movements performed by the 415 

monkeys should be restricted to relatively low values in the planning space (either joint 416 

or hand space) with limited variability across trials and sessions.  In contrast, the 417 

deviation in the other space would distribute more widely and reach higher values 418 

(Figure 4A (i) and(ii)). Our findings did not agree with either of these two predictions. We 419 

found that for neither of the two spaces, trajectory deviations were restricted to low 420 

values for all the sub-movements (Figure 4B) and the variability of trajectory deviations 421 

(shaded ellipses, color-coded for individual sub-movement in Figure 4B) captured 422 

across sessions was not constrained exclusively to either the hand or joint-space axis. 423 

There was a strong correlation between the hand and joint trajectory deviations across 424 

all the sub-movements for both monkeys (Pearson correlation statistics: [R, p] = 425 

[0.6425, 1.26 X 10-45] and [0.8253, 8.74 X 10-20] for Monkey E (N = 380) and J (N = 798) 426 

respectively). The deviations shown in Figure 4B were computed across all sessions. 427 

As such, they reflect the temporal evolution of these deviations throughout the training 428 

period. This analysis approach was intentional: our goal was to evaluate whether 429 
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trajectory deviations remained consistently more constrained in a specific planning 430 

space over time, thus supporting the existence of a common space for movement 431 

planning. 432 

The correlation in Figure 4B should not be interpreted as implying that hand and joint 433 

deviations are perfectly coordinated since some sub-movements can show similar 434 

levels of trajectory deviations in joint space while showing very distinct trajectory 435 

deviations in hand space. For instance, a movement that involves only shoulder joint 436 

rotation, with a fixed elbow angle, exhibits a straight trajectory in joint space, while the 437 

corresponding hand trajectory is an arc of a circle with its center at the position of the 438 

shoulder. Conversely, perfect coordination between the two joints will also lead to a 439 

straight joint trajectory but a hand space trajectory with a lesser deviation than the 440 

previous case.  441 

We confirmed the results of no preference for straight trajectories in either of the two 442 

spaces by analyzing trial-by-trial variability within sessions (Figure 4-1), which showed 443 

that the principal axes of variability for were not consistently distributed to be aligned 444 

with either the joint-space (90 degrees) or hand-space (0 degrees) axis for individual 445 

sessions and sub-movements. 446 

We further investigated the evolution of the trajectory deviations for the sub-movements 447 

in both hand and joint space to see if there is any preference of either of the spaces as 448 

a planning space. The existence of a common planning space should logically lead to 449 

trajectory optimization, yielding reduced deviations in that space as practice 450 

accumulates over sessions (Figure 5A). However, we observed that there was no 451 
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consistent pattern of reduced trajectory deviation in the later sessions compared to the 452 

earlier ones within either the hand (Figure 5B (i): pe = 0.8675, N = 38, Wilcoxon signed 453 

rank-test) or joint space (Figure 5B (ii): pf = 0.8790, N = 38, Wilcoxon signed rank-test). 454 

On the contrary, we observed in each of the two spaces a mixture of trajectories with 455 

increasing or decreasing curvatures across sessions. Thus, we do not find any evidence 456 

of a common planning space that can explain the trajectory deviation of the sub-457 

movements. 458 

The lack of evidence for a common planning space for all sub-movements led us to 459 

consider alternative planning criteria, and in particular the minimization of specific cost 460 

functions such as hand jerk, joint torque, or kinetic energy (KE) as previously proposed 461 

by others (Berret et al., 2011). Our results do not support a universal strategy for 462 

minimizing jerk or torque, as we did not observe consistently straight trajectories in 463 

either joint of hand space. Indeed, if movement trajectories were planned to minimize 464 

jerk, we would expect them to be straight in hand space (Flash & Hogan, 1985), 465 

whereas if they were planned to minimize joint torque, they should be straight in joint 466 

space (Uno et al., 1989). Instead, our findings prompted us to investigate whether 467 

trajectory selection occurs to minimize KE, a widely considered cost function in motor 468 

planning (Alexander, 1997; Cruse, 1986; Engelbrecht, 2001; Hatze & Buys, 1977; 469 

Kashima & Isurugi, 1998; Nelson, 1983; Soechting et al., 1995; Todorov, 2004; Todorov 470 

& Jordan, 2002). 471 

Kinetic energy could determine the specific trajectory characteristics. 472 
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To investigate the effect of KE on trajectory selection, we first examined if there is any 473 

KE optimization for the sub-movements across training sessions. Our analysis revealed 474 

a statistically significant general reduction (pl = 7.7543×10-5, N = 38, Wilcoxon signed 475 

rank test) in the KE during the later sessions compared to the earlier ones across sub-476 

movements (Figure 5B (iii)). To further characterize KE evolution at a finer scale, we 477 

additionally analyzed the session-by-session progression of KE for each sub-movement 478 

(Figure 5-2A). To summarize the direction and consistency of these trends across sub-479 

movements, we plotted histograms of the Pearson correlation coefficients (r) from the 480 

session-wise KE regressions (Figure 5-2B). These histograms indicate that a large 481 

majority of sub-movements show negative r values (84 % in monkey J, 68 % in monkey 482 

E), confirming a widespread tendency for KE to decrease over time. This analysis 483 

confirmed that while KE changes are not strictly monotonic across sessions, there is an 484 

overall decreasing trend, particularly for sub-movements with higher initial KE. 485 

The reduced KE across all sub-movements in later sessions compared to earlier ones 486 

suggests that the monkeys may be selecting specific sub-movement trajectories that 487 

optimize KE over time. However, this interpretation is challenging to validate based 488 

solely on experimental observations, as trajectory deviations for each sub-movement 489 

are typically restricted to a limited range. This constraint makes it difficult to assess how 490 

choosing a different trajectory deviation than the one observed in the monkeys would 491 

impact KE. To gain more insights into the complex relationship between movement 492 

trajectories and KE, we built a model that allowed us to estimate the level of KE for a 493 

wide range of trajectory deviations.  494 

KE estimation model for differently deviated trajectories  495 
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To estimate the KE expenditure for any movement trajectory within our experimental 496 

biomechanical setup, we developed a KE estimation model. This model simulates 497 

trajectories with varying deviations and estimates required KE expenditure based on the 498 

corresponding changes in joint angles following a stereotypical velocity profile. The 499 

principles of our KE estimation model are detailed in Materials and Methods and 500 

illustrated in Figure 6A. 501 

We validated the model's performance by comparing the average KE measured for 502 

each sub-movement of a representative session of monkey E with the average KE 503 

estimated for the corresponding sub-movements from the model. The model estimated 504 

KE for trajectories with an artificial bell-shaped velocity profile that retained the shape as 505 

performed by the monkey. The close agreement of the estimated and observed energy 506 

values (Figure 6B), along with the highly significant positive correlation (Pearson 507 

correlation: r = 0.98, p = 3.1×10⁻¹⁴, N = 19) between them, confirms the model's 508 

reliability as a KE estimator for any trajectory defined in either the hand space or the 509 

joint space, within the context of the current 2-D movement setup.  510 

Leveraging this model, we proceeded to estimate KEs associated with simulated 511 

trajectories for every sub-movement at 32 different levels of hand and joint trajectory 512 

deviations around the straight trajectory. Figure 7A illustrates the modeled hand 513 

trajectories for 2 levels of deviations on both sides of the straight trajectory. By 514 

convention, we assigned negative values to deviations on the left of the straight 515 

trajectory in the direction of movement, and positive values to opposite deviations.  516 
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First, for each sub-movement in joint and hand space, we identified the trajectory 517 

deviations requiring the least energy (Figure 7B). As predicted from the KE equation 518 

(Figure 6A), straight trajectories in joint space correspond to the minimum KE for all 519 

sub-movements (Deviation = 0, Figure 7B, left). By contrast, there seems to be no 520 

straight-forward relationship between the trajectory deviations in hand space and the 521 

minimum KE, which corresponds to trajectories with various levels of deviation around 522 

the straight line. (Figure 7B right). 523 

Modeling results to understand the mechanism of KE optimization 524 

In addition to identifying the deviations corresponding to the KE minima, our model also 525 

provides KE values associated with a wide range of trajectory deviations, hereafter 526 

referred to as the KE-Landscape, for each sub-movement. The obtained KE-527 

Landscapes for hand space are shown in Figure 7C (black dashed-dotted curves), 528 

together with the trajectory deviations performed by monkey J, for all the sub-529 

movements (colored bars). Visual inspection of these plots highlights several important 530 

features. Firstly, about the KE landscapes, the relationship between hand trajectory 531 

deviations and their corresponding KE globally follows a non-symmetrical parabola 532 

around a minimum KE value, with some irregularities in the form of local peaks in some 533 

cases. Based on the inverse kinematic transformation from the model, these peaks can 534 

be attributed to hand trajectory deviations involving complex joint coordination patterns. 535 

Secondly, in most of the sub-movements, hand deviations in trials from early sessions 536 

(light bars) are distributed on the side of the parabolas with smaller KE variations. 537 

Notably, 78% of the sub-movements had average early hand deviations on the side of 538 

the parabola corresponding to smaller KE variations. Interestingly, in the late sessions 539 
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(dark bars), hand trajectory deviations show some evolution but not very consistently 540 

towards either the minimum KE or minimum hand deviation. Rather, we find that the late 541 

hand deviations evolve to or remain on the side of the parabolas that have smaller KE 542 

variations. This led us to consider the possibility that trajectories might be optimized by 543 

considering the overall KE-Landscapes. Specifically, this suggests that the trajectories 544 

evolve towards a region where variations in trajectory deviations in hand space have 545 

minimal impact on KE, rather than precisely targeting the KE minimum. To test this, we 546 

used our KE estimation model to predict the trajectory deviation performed by the 547 

monkey based on the KE-Landscape. 548 

The derivation of KE-Landscape prediction is illustrated in Figure 8A for an example 549 

sub-movement (sub-movement 12- Monkey J). For this, we first defined an optimal 550 

range of hand trajectory deviations, where changes in KE between neighboring hand 551 

deviations were within the standard variability of the modeled KE for this sub-552 

movement. This optimal hand deviation range was derived based on the slope of the KE 553 

Landscape. The standard deviation of the estimated KE values in the central 98% of the 554 

hand deviation distribution for each monkey (Figure 7D: effective deviation range for 555 

Monkey J) served as the threshold for the slope of the KE Landscape, i.e., the absolute 556 

first derivative of modeled KE (Figure 8A, bottom). The rationale behind using the 557 

standard deviation of the KE within the effective deviation range is that the standard 558 

deviation represents the typical variability of KE for a particular sub-movement within its 559 

effective deviation range. If the derivative of KE with respect to hand trajectory deviation 560 

(i.e., the change of KE in unit hand trajectory deviation) is smaller than this threshold, 561 

then deviations within that range lead to KE changes that are not meaningfully different 562 
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from the typical modeled KE variation. Thus, these regions of the energy landscape are 563 

effectively flat or plateau-like, and can be interpreted as energetically comparable from 564 

the system's point of view. We identified the optimal deviation range (Figure 8A, top: 565 

green bar) as the longest continuous stretch of deviations in the hand space where the 566 

absolute first derivatives of modeled KE with respect to trajectory deviations were 567 

consistently below this threshold. The median of this deviation range is marked as the 568 

KE-Landscape prediction (Figure 8A, top: green vertical line). In this example, we 569 

observe that the average trajectory deviation of the late sessions (bold red dashed line) 570 

is very close to the KE-Landscape prediction, which is distinct from both the KE 571 

minimum (blue vertical line) and the straight trajectory (0 Deviation). 572 

We evaluated if these observations hold true across all the other sub-movements, for 573 

the two monkeys. The modeled and observed data for all sub-movements are 574 

summarized in Figure 8B for monkey E (left plot) and monkey J (right plot). In these 575 

plots, the modeled KE levels are color-coded according to the color scale on the right, 576 

with each column representing a sub-movement and each row representing one of the 577 

32 deviation levels around the straight trajectory in hand space (central horizontal line). 578 

Blue pluses mark the hand deviations corresponding to the minimum KE of each sub-579 

movement. The KE-Landscape predictions, computed as shown in Figure 8A, are 580 

indicated by green stars for each sub-movement. These predicted deviations can be 581 

compared with the evolution of the mean trajectory deviation between early and late 582 

sessions in the observed data, as represented by the arrows. For each sub-movement, 583 

the arrow tail (black circle) indicates the mean trajectory deviation in early sessions, and 584 

the arrowhead indicates the mean deviation in late sessions. From this figure, we can 585 
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observe that many of the arrow heads lie very close to or point towards the direction of 586 

the KE-Landscape predictions. We compared the predicted and observed changes in 587 

the hand trajectory deviations for all sub-movements in the two monkeys. Here, the 588 

"predicted" change refers to the difference between the early-session median hand 589 

trajectory deviation and the median of the KE-landscape prediction for each sub-590 

movement. The strong correlation between predicted and observed changes in 591 

trajectory deviations (Figure 8C (i): Pearson correlation: r = 0.6962, p = 1.2116×10⁻⁶, 592 

slope = 0.62, N = 38) indicates that the monkeys adjust their hand trajectory deviations 593 

over sessions to approach the predicted optimal range derived from the KE-landscape. 594 

We compared the accuracy of these KE-Landscape predictions with the predictions 595 

obtained using two alternative approaches.: (i)  an approach based on the principle of 596 

minimization of KE, in which the predicted deviation is the hand trajectory corresponding 597 

to the minimum KE and therefore a straight trajectory in joint space and (ii) an approach 598 

based on the principle of minimization of hand trajectory deviation, in which the 599 

predicted deviation corresponds to the straight trajectories in hand space (deviation=0). 600 

The root mean squared errors (RMSE) of these three predictions compared to observed 601 

deviations in the monkeys' last 10 sessions were calculated using a resampling 602 

procedure to ensure robustness and minimize variability effects. Specifically, we 603 

randomly split the set of sub-movements into 5 folds, computed RMSE for each fold, 604 

and repeated this process 20 times. This approach allowed us to assess the 605 

consistency of RMSE estimates and reduce potential biases due to the limited number 606 

of sub-movements. The RMSEs for the minimum KE predictions (Min KE) and minimum 607 

hand trajectory deviation predictions (0 Dev) are significantly larger than those for the 608 
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KE-Landscape (KE-LS) predictions (Figure 8C (ii), right- comparison of RMSE between 609 

different models (N = 100) through a two sample t-test : pm = 2.7431 ×10-65 between Min 610 

KE and 0 Dev, pn =  1.5954 ×10-92 between Min KE and KE-LS and po = 2.4295 ×10-28  611 

between 0 Dev and KE-LS).  612 

These results suggest that in the complex biomechanical context of our task, monkeys 613 

perform each movement with typical trajectory deviations that are confined to a 614 

deviation range corresponding to a “safe KE range”. This safe KE range is 615 

characterized by minimal changes in KEs for neighboring trajectory deviations. This 616 

finding justifies the observed influences of KE over trajectory deviation patterns 617 

observed in many studies including the present one. Additionally, it also provides 618 

explanations as to why in certain cases trajectories may not converge to a deviation 619 

corresponding to an erratic KE landscape even if it globally could correspond to the 620 

energy minimum.  621 
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Discussion: 622 

In this study, we investigated the factors influencing the acquisition and evolution of 623 

specific trajectories for 2D visually guided reaching movements in monkeys. Unlike 624 

previous studies with humans performing movements in a single session (Abend et al., 625 

1982; Alexander, 1997; Atkeson & Hollerbach, 1985; Bongers & Zaal, 2010; Cruse, 626 

1986; Cruse et al., 1987; Flash & Hogan, 1985; Haggard & Richardson, 1996; Hogan, 627 

1984; Hogan & Flash, 1987; Hogan et al, 1987; Kashima & Isurugi, 1998; Kistemaker et 628 

al., 2010; Morasso, 1981; Morasso, 1983; Nelson,1983; Rasmussen et al., 2001; 629 

Rosenbaum et al., 1995; Soechting et al., 1995; Uno et al., 1989), our extensive dataset 630 

from two monkeys across multiple sessions allowed us to identify the movement 631 

parameters that are prioritized and optimized through changes in movement trajectories 632 

over practice. 633 

By examining trajectory deviations in both hand and joint spaces, we first found the 634 

absence of a common planning space for all sub-movements performed by the 635 

monkeys. Specifically, neither hand nor joint spaces show trajectories that tend to be 636 

straight for every sub-movement, and no significant reduction in trajectory deviations is 637 

found over the course of practice in either space. These observations may explain the 638 

inconsistencies in previous studies attempting to identify a common planning space 639 

(Abend et al., 1982; Atkeson & Hollerbach, 1985; Flash & Hogan, 1985; Haggard & 640 

Richardson, 1996; Hogan, 1984; Hogan & Flash, 1987; Malfait et al., 2002; Morasso, 641 

1981; Rosenbaum et al., 1995; Uno et al., 1989).  642 
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The lack of a common planning space and the distinct patterns of trajectory deviations 643 

in hand and joint space across sub-movements, prompted us to investigate alternative 644 

trajectory optimization strategies. Based on a body of previous work (Alexander, 1997; 645 

Cruse, 1986; Engelbrecht, 2001; Hatze & Buys, 1977; Kashima & Isurugi, 1998; Nelson, 646 

1983; Soechting et al., 1995; Todorov, 2004; Todorov & Jordan, 2002), we explored the 647 

assumption that the level of KE is the critical factor determining the selection of 648 

trajectory deviations. In support of this hypothesis, we observe an overall reduction in 649 

KE over training sessions across sub-movements, indicating adaptive adjustments in 650 

movement strategies to optimize KE expenditure. 651 

Based on this observation, one of the main expectations regarding trajectory selection is 652 

that deviations are selected to avoid trajectories requiring high levels of KE. This 653 

hypothesis is however difficult to confirm using the experimental data in which both 654 

naturally observed deviations and the corresponding KE for each sub-movement remain 655 

within a limited range for each monkey and do not cover the full spectrum of potential 656 

trajectories. Additionally, if the naturally observed trajectory deviations are indeed 657 

constrained by the KE level, it is unclear whether the motor system adjusts the 658 

trajectory deviations to achieve the minimum KE, as conventionally thought (Hatze & 659 

Buys, 1977; Rasmussen et al., 2001), or if KE is optimized in a different manner that 660 

doesn’t necessarily aim at reaching the minimum KE trajectories. The latter hypothesis 661 

aligns with previous findings showing that subjects do not always execute lower energy 662 

trajectories (Kistemaker et al., 2010).  663 

To address these alternative hypotheses, we used a simple inverse-kinematic model 664 

(KE estimation model) to investigate the relationship between trajectory deviations and 665 

eNeuro Acce
pted M

an
uscr

ipt



KE. This model allowed us to examine modulations of KE over a wide range of 666 

trajectory deviations, extending beyond those naturally performed by the monkeys for 667 

individual sub-movements. Through this approach, we first confirmed that straight joint 668 

trajectories correspond to minimum KE values for every sub-movement, whereas 669 

minimum KE values may also correspond to curved trajectories in the hand space. 670 

These observations are consistent with the predictions of studies addressing questions 671 

related to hand trajectory deviations in a constrained 2D setup (Hogan et al., 1987; Uno 672 

et al., 1989). Secondly, we observed that the KE landscapes for a wide range of hand 673 

trajectory deviations have a non-symmetrical parabolic shape. We gained interesting 674 

insights from the comparison of these KE landscapes and the hand trajectory deviation 675 

distributions from early and late sessions from the monkeys. 676 

We found that the trajectory deviations performed by the monkeys, particularly in early 677 

sessions, are systematically distributed on the shallower side of the KE landscapes for 678 

most sub-movements. Based on this, we predicted optimal deviation ranges where 679 

changes in trajectory deviation have minimal effects on KE. The KE-Landscape 680 

predictions match well with the evolution of trajectory deviations observed in the 681 

monkeys. Comparing predicted hand trajectory deviations with those observed in late 682 

sessions, we also found that the KE-Landscape predictions are more accurate than 683 

predictions based on conventional approaches like minimizing KE or trajectory deviation 684 

in hand space. To our knowledge, no other study has used modeled KE for a wide 685 

range of deviations to predict an optimal range of hand trajectory deviations where a 686 

change in trajectory deviations have minimal impact on KE. Our novel approach 687 

demonstrates that in a biomechanical context similar to ours, the monkeys' motor 688 
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systems optimize movement trajectories not by aiming for precise deviations 689 

corresponding to maximum straightness or minimum KE, but by targeting a deviation 690 

range where some variability will not change the energy requirements of a movement 691 

drastically. 692 

In further support of the KE-Landscape hypothesis, a closer inspection of Figure 4B 693 

reveals that for monkey E, sub-movements can be distinguished into two classes based 694 

on their levels of deviation in the joint space. Further analysis showed that these two 695 

classes of sub-movements could be identified using a k-means clustering approach 696 

(with k = 2), which consistently revealed a clear and reproducible structure across 697 

monkeys. Although k-means will always produce two clusters when k = 2 is specified, 698 

the resulting classification was notable in that the cluster memberships were identical 699 

for both monkeys, despite the clustering being performed independently (Figure 4-2A). 700 

One sub-movement class exhibits highly distributed trajectory deviations in both hand 701 

and joint spaces, whereas the other class displays low trajectory deviations in joint 702 

space but more distributed deviations in hand space. Interestingly, we also found that 703 

the sub-movement class with the lower joint-space deviations had a higher average KE 704 

(Figure 4-2B) and had less variable changes of KE with practice (Figure 4-2C). Taken 705 

together, these complementary results suggest that the way trajectory deviations are 706 

distributed in hand and joint spaces is shaped by sub-movement-specific KE 707 

constraints. The KE-Landscape modeling indicates that KE imposes limits on how 708 

trajectories can vary, effectively constraining the allowable deviation ranges in each 709 

space. The k-means clustering further reveals that sub-movements naturally group into 710 

two classes with distinct deviation patterns, and this structure also systematically 711 
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reflects their KE levels: sub-movements with higher KE tend to show constrained 712 

deviations in joint space, while those with lower KE show broader joint-space variability. 713 

Future experiments with sub-movements defined a priori on the basis of the KE levels 714 

would be required to validate these observations. 715 

Even though the KE-Landscape predictions have lower errors for deviations in late 716 

sessions than the minimum hand deviation predictions, we find some evidence of the 717 

effect of visual feedback on defining hand trajectories. We selectively looked at the 718 

change in trajectory deviations across sessions for sub-movements with high early 719 

deviations in hand space (Figure 5-1). We found that there is a significant decrease in 720 

hand trajectory deviations for these movements but no significant reduction in joint 721 

trajectory deviations. This suggests that the motor system possibly reduces hand 722 

trajectory deviations for sub-movements that start with a high hand trajectory deviation, 723 

without prioritizing reduction of joint trajectory deviations (or KE). Even though this result 724 

points at the influence of visual feedback on trajectory selection, as suggested by 725 

previous studies (Kistemaker et al., 2010; Vaidyanath et al., 2020), in our current study 726 

it was difficult to completely disentangle the effect of KE and visual feedback, because 727 

for a lot of sub-movements the low KE zones of the KE landscape lay in close proximity 728 

to the straight trajectories.  729 

While our findings contribute to a deeper understanding of the interplay between 730 

energetic considerations and motor control in a 2D movement setup, certain limitations 731 

should be acknowledged. First, we quantified trajectory deviations using the maximum 732 

distance from a straight-line trajectory. While this measure provides an intuitive and 733 

direct assessment of trajectory straightness, it reduces an entire movement path to a 734 
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single value, potentially overlooking finer variations in curvature. Alternative measures, 735 

such as curvature (κ), commonly used in whisker movement analyses (Luo et al., 2023), 736 

could capture local variations in trajectory shape more comprehensively. Future work 737 

could incorporate such measures to refine our understanding of trajectory selection. 738 

Second, our findings are based on 2D planar movements in an exoskeletal setup, which 739 

significantly constrains hand movements. While this setup allowed for precise control 740 

over hand-space and joint-space kinematics, it remains unclear how our results would 741 

generalize to naturalistic 3D movements, where additional degrees of freedom may 742 

influence trajectory variability. 743 

Finally, although this study provides valuable insights into the biomechanical constraints 744 

underlying motor performance, a more comprehensive understanding of trajectory 745 

selection requires further investigation into the neural mechanisms involved in trajectory 746 

planning. Future studies of neural processes in motor and pre-motor areas could help to 747 

understand if motor planning integrates the biomechanical constraints of movements to 748 

plan the corresponding trajectories.  749 
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Table 1. Statistical table. This table summarizes the details of all statistical analyses 832 

performed in the study. For each statistical result reported in the manuscript, a 833 

corresponding lowercase letter (a–o) is used as a superscript in the Results section to 834 

refer to this table. Each row specifies the type of test performed, the population size and 835 

definition, the exact p-value, and the 95% confidence interval (CI) for the relevant 836 

summary statistic. 837 

  838 
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Figure 1. Experimental paradigm: A. Experimental setup - Monkeys performed the 839 

task while seated in a primate chair with their right arm fixed in a robotic exoskeleton, 840 

constrained in a horizontal 2D plane. Visual cues appeared on a horizontal screen, 841 

guiding the monkey to move the hand-feedback cursor for successful reaching 842 

movements (adapted and modified from De Haan et al., 2018) B. The task - The 843 

schematic shows the sequence of events in a successful trial. Pink circles indicate the 844 

active target. A successful trial consists of three sub-movements (light gray: first sub-845 

movement, dark gray: second sub-movement, black: third sub-movement). C. 846 

Movement sequences - Trajectories for each movement sequence from an example 847 

session (light gray: first sub-movement, dark gray: second sub-movement, black: third 848 

sub-movement). Red dashed circles indicate the central target position. Insets show the 849 

target sequence with the final target position in pink.  850 
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Figure 2. Trajectory variability and trajectory deviation in hand space and joint 851 

space: A. Sub-movements - The panel shows all sub-movements with each red arrow 852 

representing a specific movement in a predefined hexagonal grid on the horizontal 853 

screen. The cyclic color scale at the top assigns a unique color to each sub-movement, 854 

with similar directions having similar colors. B & C. Hand space and joint space 855 

trajectories - Trajectory characteristics for all sub-movements from A are shown in B 856 

and C. Circles along the length of each sub-movement indicate the standard deviation 857 

of trajectories for every sub-movement in hand space (2B: workspace/Cartesian space) 858 

and joint space (2C: 2D space formed by shoulder vs. elbow movement extent) at 10 859 

ms intervals. Trajectories are color-coded according to A's scale. D. Characterization 860 

of trajectory variability - Circles, as explained in B & C, represent the spatial variability 861 

of trajectories, for example sub-movement in hand space during an example session. 862 

Circles are centered on the mean trajectory (solid black line). E. Characterization of 863 

trajectory deviation - Individual trajectories, for example sub-movement are shown by 864 

the colored lines. For each trajectory the deviation is measured as the maximum 865 

perpendicular distance from the respective straight lines connecting the two end points 866 

of each trajectory, normalized by the length of these lines.  867 
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Figure 3. Evolution of trajectories across sessions: The leftmost column shows sub-868 

movement configurations, with arrow tails indicating initial targets and arrowheads 869 

indicating final targets. The next three columns display characteristics of these sub-870 

movement trajectories as explained in Figure 2 in hand space for an early session (2nd 871 

column), an intermediate session (3rd column), and a late session (4th column), for 872 

Monkey E. The examples illustrate varied trends in trajectory evolution. Sub-movements 873 

are color-coded as described in Figure 2A.  874 
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Figure 4. No evidence for a universal movement planning space: A. Expectation 875 

with a universal movement planning space - (i) & (ii): Predicted low trajectory 876 

deviations in a hypothetical planning space. In (i) hand space and (ii) joint space, 877 

deviations are expected to align with the horizontal and vertical dashed lines at 0 878 

deviations. Each shaded ellipse and filled circle represent the hypothetical spread and 879 

mean of trajectory deviations in a 2D plane comparing joint (x-axis) and hand (y-axis) 880 

deviations. (iii) Evolution of Trajectory Deviation: Predicted reduction in trajectory 881 

deviations in the planning space from early to late sessions, indicated by deviations 882 

below the unity line (dashed line). B. Comparison of trajectory deviations in two 883 

spaces across sessions: Color-coded by sub-movement (Figure 2A), showing the 884 

relationship between average trajectory deviations in hand space (vertical axis) and joint 885 

space (horizontal axis) across all sessions. Ellipses represent the maximum spread 886 

(standard deviation) of deviations for each sub-movement across the entire training 887 

period, and filled markers represent the mean joint vs. hand deviation. This across-888 

session representation reflects the temporal evolution of sub-movement deviations 889 

throughout the training period, capturing any consistent directional biases. Figure 4-1 890 

shows the distribution of angles for the major axis of the ellipses representing variability 891 

of trajectory deviations in joint vs. hand space for individual sessions. Figure 4-2 shows 892 

how the sub-movements could be classified into two classes based on B.  893 
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Figure 5. Evolution of trajectory deviations and KE through training sessions: A. 894 

Prediction for evolution pattern of priority variable - Assuming there is a priority 895 

variable, optimization of which defines trajectory selection and evolution across 896 

sessions, the expectation would be that the late values of the variable will be lower than 897 

the earlier values of the variable as can be seen in this visualization.  B (i & ii). 898 

Evolution of trajectory deviation over practice -  Normalized and absolute deviations 899 

of trajectories in late sessions plotted against early sessions for (i).  hand trajectories 900 

and (ii). joint trajectories. Each marker (Monkey E: light gray, Monkey J: dark gray) 901 

represents the mean deviation value across sessions for a specific sub-movement. 902 

Insets show the distribution of the difference in trajectory deviations between early and 903 

late sessions (thick red line: mean of the distribution). No significant overall change in 904 

deviation levels across sessions (hand space: p = 0.8675 or joint space: p = 0.8790, 905 

Wilcoxon signed rank test). Figure 5-1 shows the change in unsigned hand and joint 906 

trajectory deviations for sub-movements grouped depending on whether they had high 907 

or low initial deviations (iii). Evolution of KE over practice - Solid markers (Monkey E: 908 

light gray, Monkey J: dark gray) represent mean KE for early vs. late sessions for each 909 

sub-movement. The inset shows the distribution of KE differences between early and 910 

late sessions (mean indicated by the thick red line), revealing a significant global 911 

reduction in later sessions (p = 7.7543×10-5, Wilcoxon signed rank test). Figure 5-2 912 

shows the progression of average KE for each sub-movement through the sessions.  913 
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Figure 6. KE estimation model: A. Working of KE estimation model - The 914 

schematic illustrates the major steps in estimating KE from any trajectory in either hand 915 

space or joint space. Joint space trajectories are derived from hand-space trajectories 916 

through an inverse-kinematic transformation using the same biomechanical parameters 917 

as the KINARM exoskeleton. KE is then computed using these joint angles and a bell-918 

shaped or inverted bell-shaped velocity time profile, as depicted in the KE equation at 919 

the bottom.  B. Validation of KE estimation model - The plot shows the mean KE for 920 

all sub-movements (trajectories shown in the inset) from an example session of Monkey 921 

E, compared to the mean KEs computed using the KE estimation model for the same 922 

trajectories. There is a strong correlation between the estimated and observed KE 923 

across sub-movements (r = 0.98 ,p = 3.1×10⁻¹⁴, Pearson’s correlation).  924 
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Figure 7. Modeled KE-Landscapes in relation to observed trajectory deviations: A. 925 

Simulation of hand trajectories with different levels of deviations - Simulated hand 926 

trajectories for all task-relevant sub-movements for 5 varying levels of trajectory 927 

deviations (left: negative deviations; center: no deviation; right: positive deviations). B. 928 

Distribution of deviations showing minimum modeled KE across sub-movements 929 

- Bars indicate the number of sub-movements that achieve minimum modeled KE for 930 

the 33 different modeled deviation levels (left: joint space; right: hand space). C. 931 

Observed hand trajectory deviations with respect to modeled KE Landscape - 932 

Modeled and normalized KE (black dash-dot curve) for 33 different hand trajectory 933 

deviations (horizontal axis) are overlaid with the observed distributions of hand 934 

trajectory deviations for every sub-movement (individual subplots). The colors 935 

correspond to the color code described in Figure 2A. The light and the dark shaded bars 936 

show the distribution of hand trajectory deviation in the early and late sessions 937 

respectively. D. Effective hand deviation range (Monkey J) -   The global distribution 938 

of hand deviations for Monkey J is shown by the black histogram. The effective hand 939 

deviation range for Monkey J is identified as the range that spans 98% of the central 940 

distribution (between the two red lines).  941 
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Figure 8. Comparison of observed and predicted evolution of hand trajectory 942 

deviations: A. KE-Landscape prediction (Example sub-movement 12, Monkey J) - 943 

Top: Modeled KE (black dash-dot curve) for 33 different hand trajectory deviations is 944 

used to predict the optimal deviation range (green bar). Median deviation (green vertical 945 

line) of this range is marked as the KE-Landscape prediction for this example. The KE 946 

minimum is marked by the blue vertical line. For comparison of these predictions with 947 

observation, change of hand trajectory deviations from early (light yellow bars) to late 948 

sessions (dark yellow bars) is shown by the black arrow. The distribution averages are 949 

shown by thin (early) and thick (late) red vertical dashed lines respectively.  Bottom: 950 

Unsigned first derivative of modeled KE is shown for deviations spanning Monkey J’s 951 

effective deviation range (Figure 7D). Dashed horizontal line shows the threshold for the 952 

first derivative of KE. B. Evolution of observed trajectory deviations compared to 953 

KE-Landscape predictions - The heatmap shows the estimated KE: each rectangle 954 

shows the KE for each sub-movement (columns) and for 33 deviation levels used in the 955 

model. Colors in the heatmap correspond to the color bar on the right (colors saturated 956 

to dark brown for KE=>22J). The KE-Landscape prediction for every sub-movement 957 

using the KE landscape model is marked by a green star (left: Monkey E; right: Monkey 958 

J). The minimum KE predictions are shown by blue plus signs. The evolution of average 959 

trajectory deviation for the monkeys is shown by black arrows (tail: early sessions; 960 

head: late sessions). C. Comparison between predicted and observed hand 961 

trajectory deviations - (i) Comparison of KE-LS model predicted change in average 962 

hand trajectory deviation the observed change in average hand trajectory deviation for 963 

the monkeys (gray circles: Monkey E; black circles: Monkey J) for each sub-movement 964 

(p = 1.2116×10-6, Pearson’s correlation). (ii) Comparison of RMSE between minimum 965 

KE predictions(left), minimum deviation predictions (middle), and KE landscape 966 

predictions (right) with respect to observed deviations in late monkey sessions (Two 967 

sample t-test: ***p<0.0005).  968 

 969 
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