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Foreword 

Sensorimotor control is a complex phenomenon that spans multiple spatial and temporal 

scales, at both the behavioral and neural level. Since when scientists ï at the time, experi-

mental psychologists ï finally ódiscoveredô the existence of movement (Woodworth, 

1899), the body of evidence accumulated in this field has become increasingly rich, if not 

alarmingly ï at least from a PhD studentôs point of view ï overwhelming. The present the-

sis aims to track down, at least in part, the various scales that characterize motor control. 

To this end, this work is divided into three main chapters. 

The first ï ótheoreticalô ï chapter (pp. 3-57) may be considered as an introduction to hu-

man motor behavior. It is not a merely introductory chapter, though, since it collects the 

content of a thorough literature review of the kinematic regularities ï i.e., invariants ï that 

characterize human movement, addressing mainly ï but not only ï its macroscopic attrib-

utes. Far from being acknowledged within an organic branch of the motor control litera-

ture, these invariants are grouped here for the first time within a unifying framework. 

The aim of the first part of the present thesis, therefore, is to offer an integrative per-

spective of how we use the kinematic regularities intrinsic in our movement both in per-

forming our actions and in perceiving the motor repertoire of our conspecifics. 

The second ï óempiricalô ï chapter (pp. 59-86) outlines the main experimental work in 

which I have been involved during my PhD training. This study addresses a subtle phe-

nomenon which characterizes sensorimotor control ï namely, cortico-force coherence in 

the alpha band ï and the role that it may play in the visual guidance of ongoing move-

ments. 

This part takes a step further with respect to the previous one, as it dives more deeply 

into the microstructure of human motor behavior and its organization in sensorimotor 

loops. It marks also a transition from the theoretical part of my journey as a PhD student to 

a more practical and hands-on part. 

In the third and final ï ótechnicalô ï chapter (pp. 87-110), two ongoing experimental works 

will be described. Both works address the same sensorimotor phenomenon ï i.e., sub-

movements ï but carry out the investigation with different experimental questions and 

techniques, one being a behavioral experiment and the other one an EEG study. 

Although yet to be finished, I still decided to present these ongoing works. On the one 

hand, in order to report the preliminary results already obtained. On the other hand, to 
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óclose the circleô of the empirical part ï where I was more thoroughly supervised ï with a 

part in which the experience gained throughout this three-years journey allowed me to per-

form investigations with more ï still supervised ï independence 

At the beginning of each chapter, I will describe the role that I had in the project(s) at hand, 

as well as the contributions of the other authors involved. I will specify also whether the 

content of that chapter lead ï or is currently leading soon ï toward a publication. Finally, I 

will briefly summarize what I learned ï or am still learning ï from that project, in terms of 

both theoretical knowledge and practical skills. 

This piece of work could therefore be interpreted in three ways. Firstly, like observing hu-

man motor behavior through a magnifying glass and gradually coming closer to it, there-

fore uncovering its subtle microscopic structure out of the more known macroscopic as-

pects that we commonly observe in our and othersô movements. Secondly, as a historically 

grounded journey spanning five quarters of a century ï one of the oldest and most im-

portant citations specifically concerning motor control dates back to 1899 ï and hopefully 

offering new insights into how classically observed features of human motor behavior can 

be interpreted. Thirdly and finally, as a report of my personal path started by knowing little 

about sensorimotor control and arrived at a checkpoint in which I still know little, but pos-

sibly a little less little (Kruger & Dunning, 1999). 
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I  

Motor  invariants in action execution and perception 

The present chapter includes the content of a review article published in the journal Phys-

ics of Life (Torricelli et al., 2023b). It is difficult to describe how much I learned from this 

project, but it is worth to mention how this has been a very thorough immersion in the sen-

sorimotor control literature, from classic works of utmost historical importance to very re-

cent contributions that offered new and interesting insights. It also gave me the chance to 

study branches of literature that I was not familiar with, such as the Bayesian inference 

framework (see section Id.2, pp. 43-45). Furthermore, the invited commentaries that fol-

lowed this publication allowed me to confront with other intriguing perspectives. The reply 

to the commentaries has been published in the same journal (Torricelli et al., 2023a) and 

will be reported ï with some implementations, for the sake of clarity ï at the end of this 

chapter (see section If , pp. 53-57). When used, the first person plural indicates the collec-

tive opinion of all the authors involved in this work. 

For what concerns the authorsô contributions to this project, I did the bibliographic re-

search and wrote the manuscript. Alice Tomassini supervised the writing in all its stages 

and reviewed the manuscript, with a particular attention to the part concerning submove-

ments (section Ib.5, pp. 16-20). Alessandro DôAusilio supervised the writing in all its stag-

es and reviewed the manuscript, focusing especially on the speculative proposal (section 

Id.4, pp.47-49) and conclusions (section Ie, pp. 51-52) parts, as well as on the reply to the 

invited commentaries (section If , pp. 53-57). Giovanni Pezzulo reviewed the manuscript, 

and his contribution was particularly helpful for the Bayesian interpretations part (section 

Id.2, pp. 43-45). Finally, the contributions of Luciano Fadiga and Thierry Pozzo were fun-

damental in reviewing the work.  



4 
 

  



5 
 

(Ia) Introduction  

Imagine having a meal with a friend. You are enjoying each otherôs company when your 

friend suddenly moves his/her hand to reach for something on the table. While this hap-

pens, you immediately start to gather information about what is going on and look at the 

shape of the hand as it proceeds toward its goal; for example, you may rule out whether 

your friend wants to grasp a spoon or a bottle. This information might be so compelling 

that, if the object is too far from him or her for a comfortable reach, you may even choose 

to pass it on to your friend before the action is over. Without even noticing, you have just 

taken advantage of one of the kinematic invariants that shape human motor behavior ï in 

the example at hand, the maximum grip aperture ï not only to understand what was hap-

pening, but also to modulate your own behavior in a socially congruent manner. 

A large body of evidence indicates that the motor repertoires of human beings ï and an-

imals in general ï are characterized by a number of kinematic invariants. However, an 

overview of all these invariant attributes of motor behaviors in a unifying framework is 

currently missing. The goal of this review is to assess the state of the art in this vast field of 

research on motor control and provide a comprehensive and integrated view on the role 

that these characteristics might play in the perception of othersô actions. 

The present review comprises three main parts. In the first part (section Ib , pp. 7-27), 

we will briefly outline some of the most salient invariants of biological kinematics. We 

will discuss how these attributes shape human motor behaviors interdependently, spanning 

multiple hierarchical levels of complexity. 

In the second part (section Ic, pp. 29-40), we will examine the existing evidence for the 

role of the same kinematic invariants not just in executing movements, but also in recog-

nizing othersô actions and behavioral goals. We will review a large body of evidence illus-

trating how we rely on these characteristics to interpret movements performed by our con-

specifics as their actions unfold. 

Finally, in the third part (section Id , pp. 41-49), we will offer a formal perspective on 

how the brain could infer and exploit motor invariants during action observation. Our pro-

posal starts from the standpoint that the brain uses internal models to control movements 

and these are tuned to the kinematic invariants embedded in human motor behaviors. Evi-

dence for the existence of internal models encoding robust environmental invariants ï such 

as gravity ï already exists, suggesting that the brain is particularly sensitive to regularities 

in the external world. Crucially, to the extent that the internal models used by the brain to 

control movement are also reused during action observation, the perceptual representations 
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that the brain forms of observed movements should be automatically tuned to the same 

kinematic invariants. Based on such arguments, we will discuss the speculative proposal 

that the main contribution of the motor system ï and of its internal models ï to action ob-

servation could be to process kinematic invariants, as these are the most salient and stable 

characteristics of observed movements.  
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(Ib) Kinematic invariants: regular attributes of biological motor behaviors 

Biological motion, i.e. movements ñ[...] generated by biological agents, such as humans 

and animalsò (Yovel & OôToole, 2016, p. 384), is characterized by kinematic invariant at-

tributes which, to the best of our knowledge, have not been outlined previously in a unify-

ing framework. The present section aims to provide a comprehensive description of such 

kinematic invariants of biological motion, addressing in particular how they may be overall 

interdependent. To this end, we will follow an order of growing complexity from the point 

of view of the sensorimotor planning and control processes. Since the study of human kin-

ematic invariants pertains mostly to actions performed with the upper limb (e.g., reaching 

movements to either point to or grasp something), unless expressly specified, we will use 

the term end-effector to indicate the hand. 

ñIn the motor control literature, you can find many references to invariant characteris-

tics of movements that ï a momentôs reflection will reveal ï you can vary any time you 

want. As your hand or some tool progresses to a chosen target, you can make it go fast, go 

slow, go straight, curve, stop along the way, or just give up and do something else.ò 

(Shadmehr & Wise, 2004, p. 495). Despite these lines may appear at odds with the very ti-

tle of the current section, they nonetheless highlight some of the main features of motor 

behaviors: That is, the redundancy (Hirashima & Oya, 2016; Ivaldi et al., 1988) or, accord-

ing to other perspectives, the abundance (Latash, 2012; Latash & Zatsiorsky, 2009), as 

well as the equivalence (Lashley, 1942; Raibert, 1978) of movements. On the one hand, the 

equivalence principle consists in the possibility to perform the same action with different 

end-effectors (e.g., writing with the right and the left hand, by holding the pen between the 

teeth, etc.; for a classic account see Lashley, 1942), by virtue of a higher-order generaliza-

tion of the motor plans (Wing, 2000; for an investigation of the neuroanatomical and func-

tional bases of this phenomenon, see Rijntjes et al., 1999). On the other hand, the redun-

dancy / abundance feature stems directly from the high number of biomechanical degrees 

of freedom that intrinsically characterizes the skeletomotor system, as was first pointed out 

in 1967 by the Russian neurophysiologist Nikolai Aleksandrovich Bernstein (Bernstein, 

1967, cited in Bongaardt, 2001; cf. von Helmholtz, 1867, cited in Gielen, 2001). In light of 

this, the presence of invariants in biological motion ï as will be described in the following 

ï might represent a successful strategy shaped by evolution, allowing for a reduction of the 

computational load inherent to the sensorimotor control processes while still preserving 

and exploiting its extreme flexibility. 
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(Ib.1) Speed-accuracy trade-off and Fittsô law 

In 1899, the psychologist Robert Sessions Woodworth published his doctoral dissertation 

under the title ñThe Accuracy of Voluntary Movementò, which is currently considered a 

seminal contribution to the field of sensorimotor control (see Newell & Vaillancourt, 

2001). Although another work ï contemporary to his thesis ï reported similar observations 

(Martin & Müller, 1899, cited in Heitz, 2014), Woodworth was in fact the first to thor-

oughly describe the robust and ubiquitous phenomenon which is now known under the 

name of speed-accuracy trade-off. By observing human participants while they performed 

aiming movements with the upper limb, he noticed that the velocity of a movement is in-

versely related to the accuracy required by that same movement (Woodworth, 1899; for re-

views see Elliott et al., 2001, 2010; Heitz, 2014). 

More than half a century later, the psychologist Paul Morris Fitts Jr. mathematically 

formalized such behavior for both serial (Fitts, 1954) and single (Fitts & Peterson, 1964) 

movements (Fig. Ib.I). Fittsô law relies on the principles of information theory (see Hart-

ley, 1928; Nyquist, 1924) and, in particular, on the 17th of a series of theorems proposed a 

few years earlier by the engineer and mathematician Claude Elwood Shannon (cf. Shan-

non, 1948). Its original formulation, reported hereafter, describes the linear relation exist-

ing between the amplitude of a movement, the size of its target and the duration of the 

same movement: 

   ╜╣ ╪ ╫ ἴἷἯ
 ═

╦
 

where ╜╣  movement time, ═  movement amplitude, and ╦  target width. Therefore, 

Fitts quantified the accuracy required by a movement as the ratio 
═

╦ϳ
 between its ampli-

tude and the target radius (assuming a circular shape) and identified in its binary logarithm 

ï which is commonly used in this theoretical framework to express information bits (e.g., 

see Shannon, 1948) ï an index of difficulty, ID , of the movement itself (Fitts & Peterson, 

1964)1. 

 
1 For the sake of clarity, the following is the original formulation of the 17th theorem proposed by Shannon in 

his seminal work ñA Mathematical Theory of Communicationò (Shannon, 1948) which, along with other con-

tributions (e.g., see Miller, 1953), inspired Fitts to ñextend the theory [of information] to the human motor 

systemò (Fitts, 1954, p. 381): ñThe capacity of a channel of band W perturbed by white thermal noise power 

N when the average transmitter power is limited to P is given by ╒ ╦ἴἷἯ
╟  ╝

╝
ò (Shannon, 1948, p. 43). 

Note the use of the logarithm to express the transmission of information in terms of binary digits. Moving 

back to Fittsô law, a logarithmic function therefore translates the ID of a movement in information bits, while 

a linear function describes the relation between this quantity and the duration of the same movement. 
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Fig. Ib.I. Fittsô law provides a mathematical model of the speed-accuracy trade-off. A. Experimental set-

up used by Fitts and Peterson (1964). When one of the two stimulus lights came on, participants were re-

quired to hit the corresponding target as fast as possible with the stylus. (Adapted from Fitts & Peterson, 

1964.) B. Relation between the index of difficulty (ID ) and movement time (MT ). Increasing IDs were ob-

tained by either decreasing targets width or increasing movement amplitudes. Single movements (red) con-

sisted in one repetition of an aiming movement from the start button to one of the targets (Fitts & Peterson, 

1964). Serial movements (black) consisted in continuous repetitions of aiming movements between targets, 

without replacing the stylus over the start button (Fitts, 1954). (Adapted from Fitts & Peterson, 1964.) 

Although a discussion on what could be the correct mathematical expression of equa-

tion (1) continued over the following years (cf. MacKenzie, 1989; Welford, 1968, chap. 5; 

Welford et al., 1969; for a review see Hoffmann, 2013), we will not address the details of 

this debate as it is beyond the scope of the present review. What seems important to under-

line here is how the speed-accuracy trade-off, as modeled by Fittsô law, represents an in-

variant  attribute of several motor behaviors, involving not only the upper limb but also 

many other end-effectors (e.g., the lower limb, the trunk, etc.; see Hoffmann, 2016): That 

is, movement duration depends on the accuracy requirement of the task at hand, a require-

ment that, in turn, grows linearly as the movement amplitude increases and/or as the target 

width decreases (see Fig. Ib.I, B). If we consider reaching for an object with the upper 

limb, the time necessary to complete the movement is systematically affected by the dis-

tance that separates the end-effector ï either the hand or a tool ï from such an object, as 

well as by the object size. Interestingly, a closer examination of the temporal evolution of 

reaching movements further reveals that object size modulates the end-effector velocity 

early after the movement start (i.e. at Ḑ10% of movement duration, according to Ansuini et 
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al., 2015; we will return to the implications of this important finding in section Ic.2, pp. 31-

33). On the other hand, decreasing movement duration, i.e. increasing its velocity, but 

keeping target size and distance unchanged (thus providing with the same accuracy re-

quirement), leads to an increase in the endpoint variability (Schmidt et al., 1979). Given 

that increasing movement velocity requires the generation of stronger force2, the variance 

measured at the endpoint increases as the force developed by muscles increases. This ob-

servation can be interpreted according to a property of biological systems known as the 

signal-dependent noise (Berret et al., 2011b; Takeda et al., 2019): Such an expression re-

fers to processes in which the noise standard deviation depends on the signal mean 

(Shadmehr & Mussa-Ivaldi, 2012, chap. 4), a phenomenon that will be recalled again in 

this paper (section Ib.4, pp. 15-16). 

(Ib.2) Straight paths and bell-shaped velocity profiles 

Despite the high dimensionality resulting from the richness of degrees of freedom that 

characterizes the skeletomotor system (Bernstein, 1967, cited in Bongaardt, 2001), in un-

constrained circumstances the end-effectors tend to move approximately along a straight 

path (see Shadmehr & Wise, 2004, chap. 18). In 1981, Morasso was the first to describe 

such regularity, by observing human participants while they reached for targets placed in 

different positions by holding a manipulandum that could move along two dimensions 

(Morasso, 1981; see Fig. Ib.II, A). Several studies confirmed this finding in humans 

(Abend et al., 1982; Flash & Hogan, 1985; Hollerbach & Flash, 1982; Soechting et al., 

1981) and reported similar results in both non-human primates (Georgopoulos et al., 1981) 

and other animals (Gutfreund et al., 1996, 1998; Sumbre et al., 2001). Noteworthy, such 

regularity is the result of learning processes that occur early in life (Held, 1965) and, once

 
2 In physical terms, such a statement may be supported by posing acceleration as an unknown in the equation 

of the second Newtonôs law of motion (╕ □ ╪): ╪  
╕

□
 O  

⸗○

⸗◄
 
╕

□
 O ○  ᷿

╕

□
 ⸗◄. If  we assume mass as 

a constant, which is the case when moving a limb or more generally in human movement, the rate of change 

in velocity is proportional to the applied force (see Enoka, 2015, pp. 35-36). Still, the rate of change in veloc-

ity does not necessarily imply a higher peak velocity, but rather a steeper increasing of velocity during the 

acceleration phase (cf. Fig Ib.II, C). In experimental terms, however, it has been demonstrated that, in order 

ñto achieve a high peak velocity of an inertial load, it is necessary to produce larger forces to accelerate the 

limbò (Ghez & Martin, 1982, p. 123; see also Bouisset & Lestienne, 1974), as well as ña quadratic relation-

ship between velocity and integrated EMG of the [agonist muscle]ò (Bouisset & Lestienne, 1974, p. 456; see 

also Bouisset & Goubel, 1971). Given the relationship between EMG discharge rate and force exerted by a 

muscle during a voluntary contraction (for a review see Enoka & Duchateau, 2017), we can derive that an 

increase in peak velocity requires higher force production (for further readings see also Carlton & Newell, 

1993; Ulrich & Wing, 1993; for an influential different account, cf. Brown & Cooke, 1990). Indeed, this as-

sumption lays part of the bases employed also by the experimental and computational framework investigat-

ing vigor, where the velocity of ï mainly saccadic (e.g., see Reppert et al., 2015) and reaching (e.g., see 

Shadmehr et al., 2016) ï movements is used as a measure of motor effort (for a review see Shadmehr et al., 

2019; for further readings see also Shadmehr & Ahmed, 2020; cf. section If.4, pp. 54-55). 
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Fig. Ib.II. Bell-shaped velocity profiles of unconstrained reaching movements. A. Experimental setup 

used by Morasso (1981). When one of the six targets (T1-6) was switched on, participants performed a sim-

ple reaching movement toward the active target by means of a manipulandum. The active target was 

switched off as soon as it was reached, then another target became active and participants repeated the 

movement. (Adapted from Morasso, 1981.) B. When reaching movements are unconstrained, end-effectors 

move along approximately straight paths. In an experimental paradigm similar to the one described in A, par-

ticipants performed repeated reaching movements from a starting position (black dot) toward one of five tar-

gets (empty dots) and back. Dashed gray lines show the path of the end-effector in each trial. Colored lines 

show the path of the end-effector in one exemplary trial for each target. (Data from a single participant.) C. 

Kinematic invariants extrapolated from the data showed in B, normalized over movement time (MT ). Upper 

panel: Sigmoid trajectory. Middle panel: Bell-shaped tangential velocity profile. Lower panel: Acceleration. 

In each panel, the average across all trials (black line) is superimposed to the data extracted from the single 

exemplary trials for each target (colored lines) displayed in B. 

learned, remains robust even after perturbations are introduced to alter sensorimotor plan-

ning and control processes. The use of glasses with displacing prisms ï a manipulation 

which has been widely (and still is) employed in experimental psychology (e.g., see Ros-
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enbaum, 2017, chap. 5) ï clearly illustrates this point. When subjects are wearing these de-

vices, their visuomotor control appears at first severely compromised. After a short prac-

tice, they nevertheless become acquainted with the artificial visual displacement and begin 

again to perform smooth movements characterized by straight paths. The same phenome-

non but reverted ï an after-effect of such manipulation ï is observed after the glasses are 

removed (e.g., see Anguera et al., 2010). Despite some exceptions have been described 

when the hand path is on the vertical plane (cf. Atkeson & Hollerbach, 1985; Lacquaniti et 

al., 1986; Papaxanthis et al., 1998) or when movements are performed near the boundaries 

of the reachable space (cf. Desmurget & Prablanc, 1997; Haggard & Richardson, 1996), a 

straight path of the end-effectors seems to be a robust regularity which is inherent to the 

sensorimotor planning and control processes (see Fig. Ib.II, B, previous page) as a result of 

early learning and optimization mechanisms. Indeed, the motor system manages to restore 

it as rapidly as possible in the presence of perturbations. But which kinematic variable(s) 

could be targeted by such optimization? 

When moving an unconstrained end-effector from its starting position to a target, its tra-

jectory ï i.e. the variation of its path over time ï shows a sigmoid profile that, after taking 

its first derivative (which means computing its tangential velocity), becomes bell-shaped. 

In other words, the end-effector undergoes a first phase of increasing velocity (positive ac-

celeration), it then reaches the peak velocity (null acceleration), to end its motion with a 

second phase of decreasing velocity (negative acceleration) (see Fig. Ib.II, C, previous 

page). Remarkably, the organization of goal-directed movements in two distinct phases ï 

an initial óimpulseô phase followed by a ócurrent controlô phase ï was again first proposed 

by Woodworth (1899) in his influential two-component model of limb control (we will re-

turn to this in section Ib.5, pp. 16-20; see also Elliott et al., 2001, 2010). However, photo-

grammetry-based motion analysis had just been pioneered in the 1880s by the photogra-

pher Eadweard Muybridge (for a historical review, see Colyer et al., 2018; see also the in-

vention of chronophotography by the French physiologist Étienne Jules Marey in the same 

period, cited in Pozzo & Pozzo, 2021) and was still far from being widespread at the time 

of Woodworth (who used a kymograph), which prevented him from performing thorough 

quantitative observations in support of his insight. After similar observations were made 

also for saccadic eye movements (M. Clark & Stark, 1975), less than one century later it 

became clear that the unimodal bell-shaped velocity profile is an ubiquitous (Abend et al., 

1982; Flash & Henis, 1991; Flash & Hogan, 1985; Goodman & Gottlieb, 1995; Hollerbach 

& Flash, 1982; Morasso, 1981; Soechting et al., 1981), cross-species (Bizzi et al., 1982, 

1984; Georgopoulos et al., 1981; Gutfreund et al., 1996, 1996; Hogan, 1984a, 1984b; 
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Sumbre et al., 2001) invariant of biological motion, which generalizes for a large class of 

movements (e.g., violin bowing and jaw movements; see Gracco & Abbs, 1986; Nelson, 

1983). Apart from displaying a typical shape, tangential velocity further scales with the 

distance covered: Peak velocity increases by increasing the path length (Gordon et al., 

1994; cf. also section If.4, pp. 54-55). Noteworthy, this characteristic velocity profile re-

mains unchanged despite the different and complex patterns of angles and (angular) veloci-

ties of the involved joints (Abend et al., 1982; Flash & Hogan, 1985; Hollerbach & Flash, 

1982; Morasso, 1981; Soechting et al., 1981); further, its optimization in humans occurs in 

early infancy (von Hofsten, 1979; cf. also section If.7, p. 56). Overall, these findings 

strongly suggest that the bell-shaped velocity profile becomes an invariant attribute of bio-

logical motion following a process of optimization aimed at learning to smoothly move 

any end-effector along a straight path. 

(Ib.3) The two-thirds power law and the relation between curvature and velocity 

Yet, moving an end-effector along a straight path is not always possible. Indeed, a curved 

path is sometimes necessary either because of inherent task constraints (e.g., an obstacle 

that must be avoided to reach for an object) or, more simply, because of the specific goals 

of the movement at hand (e.g., drawing or handwriting). Although the so-called isogony 

principle ï i.e. a piecewise constant ratio between the instantaneous tangential velocity and 

the curvature radius ï was initially proposed after observations collected in drawing tasks 

(Viviani & Terzuolo, 1982), it turned out that this principle only holds for some simple tra-

jectories and could not be generalized to all the movements performed along curved paths 

(Flash & Hogan, 1985; Lacquaniti et al., 1983). It was indeed realized that the path usually 

appears smooth but not uniform in curvature, the end-effector tangential velocity displays 

multiple peaks and the local minima between adjacent velocity peaks are approximately 

temporally aligned to the discontinuities in the path curvature (Abend et al., 1982; Flash & 

Hogan, 1985) ï a robust temporal coupling which can already be observed in infancy (von 

Hofsten, 1979; cf. also section If.7, p. 56). 

In 1983, Lacquaniti, Terzuolo and Viviani successfully modeled the relation between 

the instantaneous angular velocity and the path curvature of an end-effector with the fol-

lowing equation, which is now known as the two-thirds power law: 

   ⱷ◄  ▓ ╒◄
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Fig. Ib.III. The two-thirds power law describes the relation between path curvature and angular veloci-

ty. A. Scribbles provide an example of curved end-effector paths. (Adapted from Lacquaniti et al., 1983.) B. 

Diagram illustrating the two-thirds power law. The instantaneous angular velocity of the path showed in A is 

plotted (gray) against the path curvature (C) raised to the power of two-thirds. The average (red line) exem-

plifies the linear relation between the two variables. (Adapted from Lacquaniti et al., 1983.) 

where ⱷ◄  instantaneous angular velocity at time t, ▓  velocity gain factor, and 

╒◄  path curvature at time t (Lacquaniti et al., 1983; Fig. Ib.III ). The value of the ve-

locity gain factor ▓ depends on both the movement total time and the length of the trajecto-

ry segment (Viviani & McCollum, 1983), but remains approximately constant throughout 

the execution of relatively long tracts of the path (Lacquaniti et al., 1983). Its changes oc-

cur either at points of inflections or, in the particular case of drawing movements, at junc-

tions between figural units (e.g., see Viviani & Cenzato, 1985). Given that ⱷ◄  
○◄

►◄
 and 

╒◄  
►◄

 (where ○◄  instantaneous tangential velocity at time t, and ►◄  radius 

of the path curvature at time t), by substituting these quantities in equation (2) and after 

simplifying, the following relation between the instantaneous tangential velocity of an end-

effector and the radius of the path curvature is obtained (Lacquaniti et al., 1983): 

   ○◄ ▓ ►◄  

or its equivalent form: 

   ○◄ ▓ ╒◄  
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In fact, equation (3) (Bidet-Ildei et al., 2006; Dayan et al., 2007; Flach et al., 2004; 

Kandel et al., 2000; Levit-Binnun et al., 2006; Meirovitch et al., 2015; Viviani et al., 1997; 

Viviani & Stucchi, 1992), along with the equivalent equation (4) (Agosta et al., 2016; Ca-

sile et al., 2010; Thoret et al., 2016), is the one that is most commonly used in the litera-

ture, so that some works even refer to it as the one-third power law (e.g., see Levit-Binnun 

et al., 2006; Thoret et al., 2016). 

Overall, the two-thirds power law implies a non-linear increasing in the velocity of the 

end-effector as path curvature decreases (i.e. as the radius increases). By the same token, as 

the path radius decreases (i.e. as its curvature increases) the end-effector velocity shows a 

non-linear decreasing, which is in line with the above-mentioned observation (Abend et al., 

1982; Soechting et al., 1981; von Hofsten, 1979) that each local minimum between two 

peaks in the tangential velocity is roughly temporally aligned with a corresponding local 

maximum in the path curvature. Although some violations to this model have been report-

ed (e.g., cf. Plamondon & Guerfali, 1998), the two-thirds power law appears to be a robust 

property of upper limb movements along curved paths (e.g., see Viviani & Schneider, 

1991). Other studies have shown that the same law applies equally well to movements per-

formed with other end-effectors, such as smooth pursuit eye movements (deôSperati & 

Viviani, 1997), speech movements (Tasko & Westbury, 2004) and movements of both the 

body center of mass and the foot during gait (Hicheur et al., 2005; Ivanenko et al., 2002), 

further supporting its ubiquity in human motor behavior (see also Zago et al., 2018). 

(Ib.4) A rule to smooth them all: the minimum-jerk model 

So far, we have outlined two robust kinematic invariants that characterize the trajectories 

of biological motion: The unimodal bell-shaped velocity profile (section Ib.2, pp. 10-13) in 

movements performed along straight paths, and the two-thirds power law (previous sec-

tion) which relates instantaneous tangential velocity and curvature in movements per-

formed along non-straight (i.e., curved) paths. Notably, both these invariant attributes 

emerge as solutions adopted by the motor system to address a common problem: Perform-

ing movements characterized by smooth trajectories beginning from a starting point and 

ending on a target. In light of this, several works have investigated whether one single kin-

ematic parameter could provide a general explanation for this typical motor behavior with-

in a framework derived from optimal control theory (for a review see Todorov, 2007). 

In 1982, Hogan analyzed data collected during the performance by human subjects of 

voluntary movements with their upper limb and identified such kinematic parameter in the 

movement ójerkô. Jerk is the third derivative of the displacement or, in other words, the rate 
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of change in the acceleration of the end-effector. According to this perspective, a move-

ment is smoother the more sensorimotor control processes succeed in minimizing the cost 

function expressed by the following equation: 

   ╙   ▒◄ ▀◄

╣

◄  

 

where ╙  total jerk, ╣  total time, and ▒◄  jerk at time t. Movements with a mini-

mized total jerk are known as optimally-smooth ï or minimum-jerk ï movements (Hogan, 

1982). This finding was further confirmed by other works in humans (Flash & Hogan, 

1985; Nelson, 1983), non-human primates (Hogan, 1984) as well as other animals 

(Gutfreund et al., 1996; Sumbre et al., 2001). This work demonstrated also how the total 

jerk minimization could accurately model movements performed along curved paths and, 

therefore, already obeying the above-discussed two-thirds power law (see Flash & Hogan, 

1985; Todorov & Jordan, 1998; Viviani & Flash, 1995). 

More generally, it has been argued that each of the invariant attributes of biological mo-

tion that we have outlined so far ï i.e., Fittsô law, bell-shaped velocity profile, two-thirds 

power law and the minimum-jerk model ï could be explained by a unifying minimum-

variance theory (Harris & Wolpert, 1998). This theory relies on the assumption that the 

sensorimotor processes involved in planning and controlling goal-directed voluntary 

movements aim to minimize the signal-dependent noise (e.g., see Jones et al., 2002; cf. al-

so Wang et al., 2016). Whatever the cost function ï if there is (only) one ï computed by 

the sensorimotor system is, we chose here to outline in particular the minimum-jerk model 

because it is based on a both measurable as well as observable kinematic parameter, which 

ï better than other derivatives of the end-effectors position in space (Flash & Hogan, 1985; 

Richardson & Flash, 2002; see also Shadmehr & Wise, 2004, chap. 18; cf. Berret et al., 

2011a; Polyakov, 2017) ï robustly describes an invariant attribute of biological motion. 

Discussing whether the brain of humans and other animals might have evolved one (or 

more) pool(s) and/or network(s) of neurons to compute and minimize movement jerk (or 

other cost functions that have been proposed in literature; for a review see Todorov, 2004) 

is however far beyond the aim of the present review. 

(Ib.5) Not so smooth after all: movement is organized into submovements 

So far, we have highlighted smoothness as a primary feature of goal-directed movements. 

Yet, Woodworth (1899) again came first to realize that some ñlittle extra movementsò of-
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ten appear towards the end of an aiming movement, i.e. during what he denoted as the 

phase for ócurrent controlô (see section Ib.2, pp. 10-13). Woodworthôs intuition was indeed 

that after the largest initial velocity óimpulseô, visual (and, to a less extent, kinesthetic) in-

formation afford the possibility for applying finer adjustments, improving accuracy at the 

(obvious) expense of movement speed. More than half a century later, reflections on the 

speed-accuracy tradeoff continued to be invariably intersected with a lively interest in 

feedback-based models of motor control (Beggs & Howarth, 1970; Carlton, 1981; Cross-

man & Goodeve, 1983; Elliott et al., 1991; Keele & Posner, 1968; Meyer et al., 1988). The 

idea that single aiming movements may actually be composed of multiple, discrete units ï 

so-called submovements ï reflecting feedback-based error corrections (see Fig. Ib.IV, Top, 

following page) emerged in these same years and provided the basis for different quantita-

tive accounts of Fittsô law. One earliest account ï the ódeterministic iterative-correctionsô 

model ï posited an incremental process of error reduction that unfolds through a series of 

submovements, each taking a fixed time to cover a fixed fraction of the remaining distance, 

therefore reducing the error from the previous submovement (residual) by a comparable 

amount (Crossman & Goodeve, 1983; Keele, 1968). The number of submovements needed 

to travel a certain distance, and thus the total movement time under the model hypothesis, 

turns out to increase with the movement ID, as entailed by Fittsô law ï see equation (1) in 

section Ib.1, pp. 8-10. In the forthcoming years, several revisions of this initial model were 

proposed ï for example, the influential óstochastic optimized-submovementô model by 

Meyer and collaborators (1988) ï to incorporate more realistic assumptions on neuromotor 

noise and better account for the accumulating observations on variability in submovements 

duration and spatial accuracy. The impact of visual feedback manipulations on the fre-

quency and properties of submovements also became an object of intense investigation, 

along with the renewed efforts to provide an accurate estimate of visuomotor delays (Carl-

ton, 1992; Elliott et al., 1991, 2001; Zelaznik et al., 1983). 

Indeed, the idea that movement is organized into submovements is historically deeply 

intertwined with the notion of an intrinsic lag ï or ópsychological refractory periodô (Craik, 

1948; Telford, 1931; Vince, 1948) ï within the visuomotor loop. Largely inspired by engi-

neering models of feedback-based servo control, investigation on human motor behavior in 

response to serial or continuously changing stimuli (e.g., visual tracking) was proceeding 

in parallel to the research on aiming movements, and was strongly advocating for a dis-

crete, intermittent nature of motor control (Craik, 1947; Miall et al., 1985, 1993; Navas & 

Stark, 1968; Vince, 1948; Wolpert et al., 1992). Visuo-motor tracking became a paradig-

matic task to probe for intermittency in movement as its feedback-based and (apparently)
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Fig. Ib.IV. Pointing and tracking movements are characterized by submovements. Top. Example trajec-

tory (black line, upper panel) and velocity (red line, lower panel) of the upper limb in a pointing task per-

formed by a human subject. The characteristic discontinuities ï already observable in the trajectory ï are 

most clearly visible in the velocity profile. Gray dots and numbers indicate salient kinematic landmarks: 

Movement onset (1) is followed by the characteristic bell-shaped velocity profile of reaching movements, af-

ter which the onset of a corrective submovement (2) precedes the overall movement offset (3). (Adapted 

from Meyer et al., 1988; Original nomenclature: (1) movement beginning, (2) primary submovement end, (3) 

overall movement end.) Bottom. Example of cursor position (black line, upper panel) and velocity (red line, 

lower panel) in a visuomotor isometric center-out task performed by a non-human primate. Note the periodic 

discontinuities highlighted in the velocity plot (black arrowheads). (Adapted from Hall et al., 2014.) 
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continuous nature enabled to unmask intrinsic discontinuities in the sense-and-correct pro-

cess (see Fig. Ib.IV, Bottom). A series of studies both in humans (Craik, 1947; Miall, 

1996; Miall et al., 1985, 1993; Navas & Stark, 1968; Vince, 1948) as well as in non-human 

primates (Miall et al., 1985, 1986) showed that continuous tracking behavior is marked by 

regular speed pulses ï i.e. submovements ï generated with a periodicity of about 2-3 Hz. 

Within this theoretical framework, submovements result from the intermittent update of 

motor control signals on the basis of sensory feedback, which eventually translates into 

small discontinuities in the velocity profile (Gawthrop et al., 2011; Miall et al., 1993; 

Sakaguchi et al., 2015; Wolpert et al., 1992). The extent to which submovements produc-

tion is conditioned by the availability of visual feedback and/or susceptible to various types 

of feedback manipulations (e.g., artificially introduced delays) became soon and still is a 

matter of debate both in the context of continuous tracking (Doeringer & Hogan, 1998; 

Selen et al., 2006; Susilaradeya et al., 2019) as well as of discrete, aiming movements (El-

liot et al., 1991; Fradet et al., 2008; Hsieh et al., 2017). 

Whereas current views mostly acknowledge the corrective nature of submovements (Pe-

reira et al., 2017; Sakaguchi et al., 2015; Selen et al., 2006; Susilaradeya et al., 2019), 

some alternative accounts posit that submovements are not the result of an (intermittent) 

feedback-based controller but rather reflect inherent (neuro)functional (e.g., Hogan & 

Sternad, 2012) or biomechanical (e.g., Dounskaia et al., 2005) properties of movement 

production and organization. One of such proposals considers submovements as a ódynam-

ic primitiveô, a basic motor unit, whose flexible assembly (also by combination with other

primitives) gives rise to more complex movement trajectories (Hogan & Sternad, 2012). In 

particular, when movement is slowed down and/or lengthened beyond a certain limit, it 

would be unavoidably and automatically split into discrete, possibly overlapped, sub-

movements owning stereotyped bell-shaped velocity profiles (Park et al., 2017). 

Most recently, important evidence is being accumulated also at the neurophysiological 

level. Some works have shown consistent neural modulations time-locked to submove-

ments generation (Pereira et al., 2017; Roitman et al., 2009) and highlighted the involve-

ment of motor oscillatory activity whose frequency (2-4 Hz) closely matches submove-

ments periodicity (Hall et al., 2014; Jerbi et al., 2007; Susilaradeya et al., 2019). Altoge-

ther, this suggests that intrinsic oscillatory dynamics in the motor system may map directly 

into movement intermittency, feeding the ongoing debate on continuous vs. intermittent 

models of motor control with novel insights. 

Despite being relatively subtle (ómicroscopicô) features of movement when compared 

with other (ómacroscopicô) invariants (highlighted previously), submovements certainly 
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represent a stable, invariant, property of how movements ï especially slower ones (> 400 

ms) ï are executed. After more than one century from when they were first described 

(Woodworth, 1899), the neural and computational mechanisms underlying submovements 

generation as well as their functional significance yet remain relevant open questions in the 

current motor neuroscience literature (cf. also chapter III , pp. 87-110). 

(Ib.6) The relation between maximum grip aperture and object size 

When we reach for an object, it is most often to grasp it. Such reach-to-grasp action im-

plies therefore dedicated processes also for the grasping phase. However, for what pertains 

the ómacroscopicô characteristics of reaching movements, so far we focused solely on the 

kinematic invariants characterizing the so-called transportation phase. Even Fittsô law, alt-

hough factoring in the target size (i.e. the movement goal), considers only the duration of 

the reaching phase as its dependent variable ï see equation (1) in section Ib.1, pp. 8-10. 

Sensorimotor planning and control processes involved in reach-to-grasp actions should 

nevertheless take into account the distance of the object as well as its size and shape. 

In the early ô80s, the French neurophysiologist Marc Jeannerod began to describe goal-

directed reach-to-grasp movements in humans and non-human primates. He observed how 

the grip begins to form during the transportation phase ï a process known as hand preshap-

ing ï and describes a characteristic biphasic pattern: A first opening phase, in which the 

fingers straighten and the grip opens; And a second closing phase, in which the grip aper-

ture decreases in anticipation to the contact with the object until its amplitude matches the 

target size (Fig. Ib.V). Remarkably, the end of the opening phase ï or, in other words, the 

time at which the maximum grip aperture is reached ï occurs consistently after and strong-

ly correlates with the time-to-peak of the hand tangential velocity (Becchio et al., 2014; 

Jeannerod, 1981, 1984; Paulignan et al., 1990, 1997; see also Sartori et al., 2015, in non-

human primates; for different results see Paulignan et al., 1991). Importantly, as already 

mentioned in section Ib.1 (pp. 8-10), the size of the object significantly modulates the grip 

aperture from the very beginning (Ḑ10%) of the transportation phase (Ansuini et al., 2015). 

The amplitude of the maximum grip aperture covaries linearly with the object size ï i.e., 

the larger the object the wider the aperture (Ansuini et al., 2015; Eloka & Franz, 2011; 

Jeannerod et al., 1995; Marteniuk et al., 1990; Roy et al., 2000, 2002; Stelmach et al., 

1994), although an interesting modulation related to the ultimate goal of the actions se-

quence ï i.e., grasp-to-eat vs. grasp-to-place identical targets (e.g., see Flindall & Gonza-

lez, 2016) ï has been reported as well. Grip aperture is gradually modulated also by the ob-

ject shape (Santello & Soechting, 1998), especially whenever undesirable collisions with 
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Fig. Ib.V. Grip aperture is preshaped during a reach-to-grasp movement. Upper panel. Grip aperture 

(red line) is superimposed to the hand tangential velocity profile (black line) of a reaching movement, and 

both variables are represented as a function of movement time (MT ). Note the characteristic biphasic pattern: 

After a first opening phase in which the aperture gradually increases, the maximum finger aperture is reached 

(here, at Ḑ600 ms) and decreases afterward to fit the size of the target object. (Adapted from Jeannerod, 

1984.) Lower panels. Photograms of an exemplary everyday reach-to-grasp movement, approximately corre-

sponding to the timestamps displayed above (black dots and numbers). 

some of its parts have to be avoided: The higher this risk is, the greater will be the maxi-

mum grip aperture (Cuijpers et al., 2004; Verheij et al., 2014; Verheij & Smeets, 2018). 

Finally, this invariant kinematic attribute appears to hold robustly even when the involved 

sensorimotor processes are challenged by either low visual resolution (Ganel et al., 2012, 

2014; Holmes et al., 2011; for a different interpretation cf. Utz et al., 2015) or illusory ef-

fects (e.g., the Ebbinghaus illusion; see Haffenden et al., 2001; cf. also Smeets & Brenner, 

2019), suggesting that both the planning and the control mechanisms underlying reach-to-

grasp movements are poorly ï if at all ï affected by ambiguous contextual information 

(Danckert et al., 2002; for different conclusions cf. Glover & Dixon, 2002). 

(Ib.7) Intentional effects: end-state comfort and grasp height 

When reaching-to-grasp an object, the ultimate movement goal is hardly limited to the ac-

tual grasping itself. Indeed, we most often intend to use that object for a future purpose, 

whereby the grasping action represents only one of a more complex sequence of actions 
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Fig. Ib.VI. The end-state comfort is an example of second-order grasp posture planning. A. Experimental 

setup used by Coelho and coworkers (2014). At the beginning of each trial (starting hand position, left), partici-

pants grasped a horizontal handle (black) fixed over a wheel (gray). After a 90° rotation (dashed red arrow), 

they were required to place the left (as in the case shown) or right end of the handle over a target (final hand po-

sition, right). The numbers indicate both start- and end-points. (Adapted from Rosenbaum et al., 2014.) B. Prob-

ability that the final hand position (as numbered above) for the task in A affects the choice to place the thumb 

toward the pointer in the starting hand position. The more extreme would have been the final hand position, the 

lowest was the probability. (Adapted from Rosenbaum et al., 2014.) 
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aiming at that same purpose. In such a scenario, the intentionality behind the entire motor se-

quence may set an important constraint for the selection of the appropriate movements, affect-

ing the way in which a first-order motor command is planned in favor of a more comfortable, 

goal-specific second-order posture. Whereas the first accounts of this type of intentional ef-

fects were provided for movements different from grasping (e.g., see Marteniuk et al., 1987), 

they were then thoroughly reported for reach-to-grasp movements by the psychologist David 

Rosenbaum and his group in a series of works starting in the early ô90s. These experiments 

led to outline the well-known end-state comfort (Rosenbaum et al., 1990) and grasp height 

(Cohen & Rosenbaum, 2004) phenomena (for reviews see Herbort et al., 2014; Rosenbaum et 

al., 2012, 2013). 

The end-state comfort effect consists in performing a grasping movement embedded in a 

motor sequence by engaging in an effort which is greater than the one required by that same 

movement when performed in isolation (Fig. Ib.VI); Such an extra effort serves the purpose 

of ending the grasping with a hand posture that is most comfortable for performing the next 

actions (Rosenbaum et al., 1990). A classic example is the one outlined hereafter: In front of a 

tray full of inverted glasses, a waiter may decide to grasp one of them with an awkward hand 

position ï e.g., with his thumb pointing downward ï with the purpose to lift it up, flip it, and 

therefore ending with his thumb pointing upward to comfortably fill it with a beverage; That 

is, he may choose to sacrifice the comfort of his first-order grasp planning by engaging initial-

ly in an effortful hand posture to accomplish the actual goal of the entire motor sequence in a 

comfortable, second-order planned posture of grasping (Rosenbaum et al., 1990, 1992). The 

end-state comfort effect is learned during childhood, and some empirical findings indicate 

that it is fully developed only around the age of 9-10 years (Adalbjornsson et al., 2008; Keen 

et al., 2014; Knudsen et al., 2012; Krajenbrink et al., 2020; Weigelt & Schack, 2010; Wunsch 

et al., 2015; for a review, see Wunsch et al., 2013), although other results point toward a far 

earlier development of simpler second-order grasp planning processes (e.g., see Claxton et al., 

2003; cf. also section If.7, p. 56). Noteworthy, the end-state comfort effect has been widely 

documented also in several species of non-human primates (Chapman et al., 2010; Frey & 

Povinelli, 2012; E. L. Nelson et al., 2011; Weiss et al., 2007; Zander et al., 2013), which sug-

gests how such a capacity may have been selected as advantageous during the evolution of 

primates in general (see Rosenbaum, 2017, chap. 2). 

The grasp height effect is another example of second-order grasp planning, whereby an ob-

ject is grasped at different points depending on the purpose intended for that same object, with 

the aim of preventing ending up the action chain with an extreme posture (Cohen & Rosen-

baum, 2004). A common example is the following: Grasping for a toilet plunger on the floor
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Fig. Ib.VII. The grasp-height effect reflects the height at which we intend to move an object. A. Experi-

mental setup used by Cohen and Rosenbaum (2004). Participants were asked to move a toilet plunger from a 

starting shelf to a target shelf (dashed red arrows), either higher (left) or lower (right). (Adapted from Rosen-

baum et al., 2014.) B. Relation between the height of the target shelf and the height at which participants grasped 

the toilet plunger in the experiment illustrated in A. The higher was the shelf to which the plunger had to be 

moved, the lower participants grasped its handle. (Adapted from Rosenbaum et al., 2014.) 
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to move it to a high placement ï e.g., a shelf ï implies grabbing the plunger lower on his han-

dle; Conversely, when moving the same object from a high placement to a lower one, grab-

bing its handle higher is advantageous (the choice of this seemingly awkward example is not 

a random one: see Cohen & Rosenbaum, 2004; Rosenbaum et al., 2006; Fig. Ib.VII ). 

The description of the invariant attributes which characterize the kinematics of biological mo-

tor behaviors allows us to point out two considerations: 

¶ Kinematic invariants of biological motion span multiple hierarchical levels of com-

plexity. Grasping an object implies not only the capacity to produce an optimally smooth, 

minimum-jerk movement (Flash & Hogan, 1985; Hogan, 1982; W. L. Nelson, 1983) with 

velocity scaling according to the accuracy requirements set by the object physical proper-

ties (relative position, size) (Fitts, 1954; Fitts & Peterson, 1964; Woodworth, 1899). It in-

volves also an anticipatory pre-shaping of grip aperture according to the object shape 

(Becchio et al., 2014; Jeannerod, 1981, 1984; Paulignan et al., 1990, 1991, 1997; Santello 

& Soechting, 1998) and, more importantly, the ability to incorporate in the ongoing motor 

plan knowledge about the future intended use of that object (Cohen & Rosenbaum, 2004; 

Rosenbaum et al., 1990, 1992, 2006). Such a description retraces backwards the top-down 

hierarchical organization of the sensorimotor planning and control processes: That is, 

from an action ultimate goal to the specification of low-level kinematic parameters (see 

Fig. Ib.VIII, following page). Notably, this hierarchical organization modulates all the in-

variant attributes of the kinematics of a goal-directed movement to match its final pur-

pose, an observation that brings us to the following point. 

¶ Kinematic invariants of biological motion are interdependent. Grasping a knife to cut 

something involves a motor plan that is completely different from the one required by 

grasping a glass to drink its content. Importantly, such differences are subtler than the 

most evident one involving the final purpose of each action sequence. Retracing both 

reach-to-grasp movements starting from their end, emerge different grip postures (i.e., 

thumb downward vs. thumb sideward), a different maximum grip aperture (smaller vs. 

larger; Ansuini et al., 2015; Eloka & Franz, 2011; Jeannerod et al., 1995; Marteniuk et al., 

1990; Roy et al., 2000, 2002), a different tangential velocity profile (longer deceleration 

vs. shorter deceleration, independently from the path shape; Flash & Hogan, 1985; Hogan, 

1982; W. L. Nelson, 1983) and a different requirement in accuracy (higher vs. lower; Fitts 

& Peterson, 1964), which in turn leads to a different movement duration (longer vs. short-

er; Fitts, 1954; Woodworth, 1899). The same observations hold if we consider grasping a 
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Fig. Ib.VIII. Summary of the kinematic invariants of human motor behavior. The x axis indicates the in-

creasing complexity of the motor plan involved, whereas the y axis divides kinematic invariants between a mac-

ro- and a microscopic scale. Such subdivision may be interpreted in both space and time. Indeed, submovements 

ï the only ómicroscopicô kinematic invariant reviewed ï show both a lower amplitude as well as a higher fre-

quency than those of the movements in which the other invariants are more commonly observed (see Emanuele 

et al., 2024; cf. also section IIa, pp. 61-66). For the sake of clarity, minimum-jerk movements are here represent-

ed only by the bell-shaped velocity profile, whereas intentional effects are shown only by the grasp-height phe-

nomenon. (Adapted from Fitts & Peterson, 1964; Hall et al., 2014; Jeannerod, 1984; Meyer et al., 1988; Moras-

so, 1981; Rosenbaum et al., 2014.) 

knife to either cut something or pass it to somebody. Each reach-to-grasp movement in-

volves a different posture of both the upper limb in general (arm adducted vs. arm abduct-

ed) and the hand in particular (thumb leftward vs. thumb rightward, with respect to the 

knife handle; Rosenbaum et al., 1990, 1992), as well as ï most likely ï a different maxi-

mum grip aperture (smaller vs. larger, to avoid, for example, accidentally hitting its blade; 

Cuijpers et al., 2004; Verheij et al., 2014; Verheij & Smeets, 2018). Furthermore, it entails 

a different tangential velocity profile (shorter deceleration vs. longer deceleration), a dif-

ferent accuracy requirement (lower vs. higher) and, therefore, a different movement dura-

tion (shorter vs. longer). 

These observations show that the sensorimotor system actively modulates the invariant kine-

matic characteristics of movements for providing solutions ï both adaptive and effective ï to 

problems which are intrinsically placed by the processes of sensorimotor planning and con-

trol. In such a perspective, their invariant nature should be interpreted in a broader sense, es-

pecially when compared to other invariants that characterize the environment (e.g., gravity; 

we will return to this specific case in section Id.3, pp. 45-47). 

Complexity

S
c
a
l
e

M
i
c
r
o

M
a
c
r
o

Fitts & Peterson (1964) 

Speed-AccuracyTrade-Off Maximum Grip Aperture

Jeannerod (1984) 

Meyer et al. (1988); Hall et al. (2014) 

Submovements

Morasso (1981) 

Minimum-Jerk Intentional Effects

Rosenbaum et al. (2014) 
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Returning to what reported at the beginning of the present section (see p. 7), not only it is 

true that human beings can modify their kinematic invariants any time (Shadmehr & Wise, 

2004, chap. 25), but they can also explicitly shape them for delivering meaningful information 

to observers (Vesper et al., 2010), a phenomenon known as sensorimotor communication 

(Pezzulo et al., 2013; for a perspective article see Vesper & Sevdalis, 2020; for a review see 

Pezzulo et al., 2019). In fact, such a richness of possibilities is provided by the redundancy 

(Hirashima & Oya, 2016; Ivaldi et al., 1988) or abundance (Latash, 2012; Latash & 

Zatsiorsky, 2009) of biomechanical degrees of freedom that intrinsically characterizes the 

skeletomotor system (Bernstein, 1967, cited in Bongaardt, 2001). Furthermore, the phenome-

non of motor equivalence results in a higher-order generalization of motor programs, which in 

turn allows to perform the same action regardless of small local changes that contribute to in-

formational coupling with others (Lashley, 1942; Raibert, 1978; Wing, 2000). A further 

source of such behavioral variability may be represented by the adoption of individual sen-

sorimotor strategies (e.g., see Berret et al., 2018, in reaching behaviors; Cesqui et al., 2012, 

2016, in interceptive behaviors; Maselli et al., 2017, in throwing behaviors). These kinematic 

fingerprints (Runeson & Frykholm, 1983), dynamic identity signatures (Hahn et al., 2016, in 

gait) or perceptual-motor styles (Vidal & Lacquaniti, 2021) characterize the way in which 

each different person moves, and may be a possible consequence of how the richness of bio-

mechanical degrees of freedom is influenced by individual variations in anatomical propor-

tions, distribution of masses between the body segments (Bernstein, 1967, cited in Bongaardt, 

2001; see also Runeson & Frykholm, 1983) and even emotional states and/or personality traits 

(e.g., see the macroscopic gait differences during the triggering to maniac phases in bipolar 

patients, as described in Kang et al., 2018; cf. section If.2, pp. 53-54). 

In sum, as we will discuss in the following section, the invariant kinematic attributes pro-

vide the observer with an extremely rich set of information.  
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(Ic) Sensorimotor processes underlie the perception of biological motion 

As we have outlined so far, biological motion features several regularities ï i.e., invariants. In 

this section, we ask whether the brain could also use the same invariants during the recogni-

tion (as opposed to the execution) of biological motion. 

First of all, it is instructive to start from the problem that the brain has to solve when ob-

serving ï and trying to make sense of ï actions executed by another person. It is widely rec-

ognized that people can potentially execute movements with a richness of biomechanical de-

grees of freedom at their disposal (Bernstein, 1967, cited in Bongaardt, 2001). While a lot of 

research asked whether the availability of several degrees of freedom is a problem or a bless 

for the person who executes the action (e.g., Latash, 2012; see also Rosenbaum, 2017, chap. 

4), here we are more concerned with the fact that it poses a non-negligible problem for anyone 

who is observing him/her in action (for a review see DôAusilio et al., 2015). The intrinsic re-

dundancy of the motor system is further exacerbated by the inter-individual variation in per-

ceptual-motor styles (Vidal & Lacquaniti, 2021), providing the observer of another personôs 

movement with an extremely challenging task (Wolpert et al., 2003). And yet, such a task is 

performed effortlessly by human beings on a daily basis ï how is this possible? 

Starting from the early ô90s, a seminal series of discoveries carried out in both non-human 

primates (Di Pellegrino et al., 1992; Gallese et al., 1996; Rizzolatti et al., 1996; Umilta et al., 

2001) and humans (Fadiga et al., 1995) brought to light the existence of the mirror-neuron 

system (for an opinion article see Rizzolatti et al., 2001; for reviews see Rizzolatti & 

Craighero, 2004; Rizzolatti & Luppino, 2001; Rizzolatti & Sinigaglia, 2010), which contrib-

utes to action encoding through observation. By discharging during both the performance and 

the observation of either a specific movement (ñstrictly congruentò cells) or a broad class of 

movements (ñbroadly congruentò cells) (Gallese et al., 1996, p. 601 and following), mirror 

neurons transform the visual information into an internal motor representation, the outcome of 

which, importantly, belongs to the observerôs motor repertoire (Rizzolatti et al., 2001; Rizzo-

latti & Craighero, 2004). Based on these findings, several works have later explored the pos-

sibility that action encoding may indeed rely on meaningful, though subtle, kinematic cues. 

(Ic.1) Decoding action intentions via intentional effects 

Early behavioral works employed point light display (PLD) manipulations ï a technique first 

introduced in 1973 by the Swedish psychophysicist Gunnar Johansson (Johansson, 1973; see 

also Johansson, 1976) ï to investigate whether human observers are capable of gathering kin-

ematic information to understand the intentions underlying whole-body movements. To this 
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end, one classic attempt (Runeson & Frykholm, 1983) relied on the so-called principle of kin-

ematic specification of dynamics (KSD), according to which events causal factors are speci-

fied by movements (ñ[if] dynamic factor a influences the kinematic shape of movement M, 

[then] the kinematics of M specify aò; Runeson & Frykholm, 1983, pp. 596; see also Runeson 

& Frykholm, 1981). It was shown that human observers are capable of distinguishing the ac-

torsô deceptive action goals by viewing only the actorsô body representation while they either 

lifted a heavy box or pretended to do so. 

Most recently, a similar PLD paradigm has been used to investigate whether human ob-

servers are capable of extracting and decoding meaningful kinematic information to under-

stand whether a reach-to-grasp movement towards a bottle is performed with the goal of ei-

ther drinking or pouring its content (Manera et al., 2011). Humans not only can infer the ulti-

mate purpose of a motor sequence from the observation of its kinematics: They appear to rely 

on the same kinematic attributes when both minimal (PLD) and full (non-PLD; i.e., natural 

stimuli) information is provided. In other words, the use of kinematic cues to decode the in-

tention of an observed action may not be limited to (artificial) situations in which no other in-

formation is available but could actually play a role also in richer (natural) contexts. Several 

other studies exploited similar grasp-to-drink vs. grasp-to-pour (and grasp-to-place; Koul et 

al., 2016) manipulations in more natural (non-PLD) settings (Cavallo et al., 2016; Koul et al., 

2019) or different joint-action paradigms (Scorolli et al., 2014) to shed further light on action 

decoding mechanisms (for perspective articles see Ansuini et al., 2014; Becchio et al., 2012; 

Sciutti et al., 2015; for a review see Ansuini et al., 2015). Altogether, these studies confirm 

the initial insight for a critical role of kinematic cues in inferring the actorsô intentions (Caval-

lo et al., 2016; Scorolli et al., 2014), and further show that reliance on kinematic information 

can be strong enough to override initial context-based expectations (Koul et al., 2019). Yet, 

this capacity may be affected by individual sensorimotor strategies (see Hahn et al., 2016; 

Runeson & Frykholm, 1983; Vidal & Lacquaniti, 2021; cf. pp. 26-27), which may represent a 

sort of ókinematic thresholdô allowing to discriminate between more and less predictable mo-

tor behaviors: Indeed, the actorôs motor style significantly affects intention decoding by the 

observer, with some individual kinematic attributes being consistently less predictable com-

pared to others (e.g., see Koul et al., 2016). 

The behavioral evidence is supported also by accumulating neurophysiological evidence 

(Koul et al., 2018; Patri et al., 2020; Soriano et al., 2018; Southgate et al., 2010). In a fMRI 

study, Koul and colleagues (2018) describe the activation of a bilaterally distributed frontopa-

rietal network comprising the inferior (IPL ) and superior (SPL) parietal lobules and the infe-

rior  (IFG ) and middle (MFG ) frontal gyri while participants observed reach-to-grasp move-
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ments to either drink or pour but found no significant difference between the two conditions. 

Patri and collaborators (2020) targeted two of the same network nodes ï i.e., the left anterior 

IPL and the left IFG ï by perturbing their activity with continuous theta burst stimulation 

(cTBS) during observation of the same type of (grasp-to-drink vs. grasp-to-pour) actions; they 

show that the left anterior IPL, but not the left IFG, is causally involved in the observerôs ca-

pacity to decode action intentions. Compelling evidence that kinematic cues trigger an implic-

it decoding of the ultimate goal of an observed action sequence comes from a study by So-

riano et al. (2018). They exploited single-pulse transcranial magnetic stimulation (TMS) to 

probe the corticobulbar (CB) excitability for a muscle involved in mouth opening and deglu-

tition ï i.e., the mylohyoid ï on participants observing again grasp-to-drink vs. grasp-to-pour 

actions and demonstrated anticipatory motor activation only in the former case ï i.e., when 

the future scope of the action (to drink) involves the same muscle recruitment. Such a capaci-

ty to distinguish the intentions underlying, at least simple, movements by observing their kin-

ematic features might be learned very early in life, as suggested by infants showing signifi-

cant event-related desynchronization (ERD) of the sensorimotor mu rhythm (Ḑ8-10 Hz, con-

sidered as a proxy of motor activation; see Hari et al., 1998; Muthukumaraswamy et al., 2004; 

for a review see Hari & Salmelin, 1997) only during observation of actions whose final out-

come / goal is non-ambiguous (Southgate et al., 2010; cf. also Geangu et al., 2015; see section 

If.7, p. 56). Given that a movement, to activate a motor representation, should belong to the 

observerôs motor repertoire (Rizzolatti et al., 2001; Rizzolatti & Craighero, 2004; see also 

Bonini et al., 2013), this latter finding may be in line with evidence showing a relatively early 

development of simple second-order grasp planning (e.g., cf. Claxton et al., 2003; see section 

Ib.7, pp. 21-25). 

(Ic.2) Inferring a target object by observing the grip maximum aperture 

A number of behavioral studies, employing either perceptual discrimination measures (Am-

brosini et al., 2015; Ansuini et al., 2016; Campanella et al., 2011), eye-tracking (Ambrosini et 

al., 2011), or a combination of both (Rotman et al., 2006), have investigated whether human 

observers are capable of using kinematic cues for successfully predicting the object toward 

which a reach-to-grasp action is aimed to. Earlier works had already pointed out that the ob-

serversô gaze proactively shifts toward the forthcoming position of an actorôs hand (e.g., see 

Flanagan & Johansson, 2003) and that this anticipatory, task-specific eye shift closely match-

es the one performed by the actors themselves when they actually reach for, grasp and manip-

ulate an object (e.g., see Johansson et al., 2001; Land et al., 1999; Land & Furneaux, 1997; 

for reviews see Hayhoe & Ballard, 2005; Land, 2009). More recent works show that human 
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observers can effectively predict both the size and the shape of an object toward which a 

reach-to-grasp action is performed, be the observed movements either fully visible (Ambrosi-

ni et al., 2011, 2015; Rotman et al., 2006), partially occluded (Ansuini et al., 2016) or even 

PLD-manipulated (Campanella et al., 2011). Furthermore, the explicit perceptual judgments 

(Ambrosini et al., 2015; Ansuini et al., 2016; Campanella et al., 2011) and the implicit ocu-

lomotor behavior (Ambrosini et al., 2011) appear to be highly correlated in time (Rotman et 

al., 2006). Notably, as the action gradually unfolds observers rely increasingly more on the 

kinematic cues related to the grip preshaping and discard potentially ambiguous information ï 

e.g., the actorôs gaze orientation toward an object of different size compared to the target ob-

ject (Ambrosini et al., 2015). Such a disentangling process is surprisingly fast, occurring soon 

after the beginning of the observed movement (Ambrosini et al., 2011, 2015; Ansuini et al., 

2016; Campanella et al., 2011; Rotman et al., 2006), similarly to what was already described 

for the discrimination of actions goals (see Ansuini et al., 2015; Holmes et al., 2011; Santello 

& Soechting, 1998). This is particularly remarkable considering that the maximum grip aper-

ture during the hand transportation phase is reached approximately when the bell-shaped ve-

locity profile is at its peak (Becchio et al., 2014; Jeannerod, 1981, 1984; Paulignan et al., 

1990, 1991, 1997), i.e. roughly halfway with respect to the entire movement duration (Abend 

et al., 1982; Flash & Hogan, 1985; Hollerbach & Flash, 1982; Morasso, 1981; Soechting & 

Lacquaniti, 1981), or even later on (cf. Ansuini et al., 2015), suggesting that human beings are 

capable of using subtle kinematic information as soon as it begins to provide meaningful hints 

to understand the grasping goal. 

The motor system is likely to be directly involved in such predictive processes. Elsner and 

collaborators (2013) delivered repetitive (r ) TMS to either the hand or foot motor areas (M1) 

during the observation of a PLD reach-to-grasp action toward an occluded object and found 

that only the former (i.e., effector congruent) significantly delayed the observers predictive 

gaze shifts. In a following fMRI work, subjects observed a similar reach-to-grasp movement 

and showed a significant involvement of frontoparietal areas and the dorsal visual stream ï 

with foci located in the ventral premotor cortex (PMv), the postcentral sulcus (PoCS) and the 

anterior intraparietal sulcus (aIPS) ï as long as the to-be-grasped object remained occluded. 

When the movement was displayed in full view (i.e., with the object completely visible), a 

strong involvement of the ventral visual stream (for reviews of the ventral and dorsal visual 

streams see Goodale & Milner, 1992; Milner & Goodale, 2008) was elicited (Thioux & Key-

sers, 2015). As suggested also by the studies reviewed in the previous section (cf. Koul et al., 

2018; Patri et al., 2020; Soriano et al., 2018), an effector-specific involvement of M1 (Elsner 

et al., 2013) and a broader recruitment of a frontoparietal network and of the dorsal visual 
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stream (Thioux & Keysers, 2015) to re-enact the observed actions seems to be crucial when 

the interpretation of othersô actions requires paying attention to their body kinematics (e.g., 

when the objects which represent the movements goals are occluded). The importance of such 

a re-enactment may nevertheless be context-dependent: When other reliable visuospatial in-

formation is available, it may be complemented by the involvement of the ventral visual 

stream (Goodale & Milner, 1992; Milner & Goodale, 2008) to improve the overall accuracy 

of action understanding (Thioux & Keysers, 2015; for an opinion article see Kilner, 2011). 

(Ic.3) Discriminating biological from non-biological motion 

To the best of our knowledge, no work has specifically investigated whether the minimum-

jerk model is used by human observers to discriminate biological from non-biological motion. 

Nevertheless, several experiments have employed visual stimuli moving along straight or 

curved paths according to two kinematic invariants ï the bell-shaped velocity profile (section 

Ib.2, pp. 10-13) and the two-thirds power law (section Ib.3, pp. 13-15) ï that can both be in-

scribed within the minimum-jerk model (see Flash & Hogan, 1985; Todorov & Jordan, 1998; 

Viviani & Flash, 1995; recall equation (5) in section Ib.4, pp. 15-16). These studies are re-

viewed in the following: 

¶ Recognizing a biological stimulus moving along straight and slightly curved paths. 

Behavioral works investigated whether human beings may have a dedicated internal mod-

el that allows them to discriminate a biologically compatible velocity from non-biological 

ones (Bisio et al., 2010, 2012, 2014, 2016; Bouquet et al., 2007; Gavazzi et al., 2013; 

Pozzo et al., 2006; cf. also Hayes et al., 2016). In an early work it was suggested that ob-

servers can rely on their motor competences to reconstruct the occluded part of a dot tra-

jectory, as long as its velocity is compatible with the kinematics of biological motion 

(Pozzo et al., 2006). Motion capture techniques further revealed how both healthy people 

(Bisio et al., 2010; Bouquet et al., 2007) and neurological patients ï in this particular case, 

suffering from Alzheimerôs disease (Bisio et al., 2012, 2016) ï show either motor conta-

gion (for a review see Blakemore & Frith, 2005) or automatic imitation (for a review see 

Heyes, 2011) processes triggered by the observation of a biologically compatible kinemat-

ics and independent of the specific visual context (e.g., moving dot vs. human model; see 

Bisio et al., 2010). These processes similarly hold also when the shape of the biologically 

moving artificial stimulus increases in complexity (e.g., humanoid robot; see Bisio et al., 

2014). Interestingly, human observers are both more accurate as well as more precise in 

estimating the temporal properties (duration) of moving visual stimuli when their velocity 
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matches a biological (bell-shaped) vs. a non-biological (constant) profile (Gavazzi et al., 

2013). 

¶ When the path curvature is not slight at all. A number of behavioral works (Bidet-Ildei 

et al., 2006; deôSperati & Stucchi, 1995; Flach et al., 2004; Kandel et al., 2000; Levit-

Binnun et al., 2006; Thoret et al., 2016; Viviani et al., 1987, 1997; Viviani & Mounoud, 

1990; Viviani & Stucchi, 1989, 1992) addressed the same hypothesis by means of trajec-

tories occurring along a curved path. Early experiments provided evidence that human be-

ings are perceptually tuned to visual stimuli when their motion along elliptical paths obeys 

the two-thirds power law (Viviani & Mounoud, 1990; Viviani & Stucchi, 1989). Such an 

attunement to biological stimuli causes strong perceptual ï both visual (Viviani & Stuc-

chi, 1992) and kinesthetic  ï illusions. On the one hand, the visual illusion results in the 

perception of the biological velocity as being uniform and, conversely, of the non-

biological (constant) velocity as being strongly non-uniform (Viviani & Stucchi, 1992), 

whereas it is actually the opposite case (Abend et al., 1982; Lacquaniti et al., 1983; Vivi-

ani & Terzuolo, 1982; recall equations (2), (3) and (4) in section Ib.3, pp. 13-15). Im-

portantly, the involvement of smooth pursuit eye movements in this robust illusion has 

been ruled out (deôSperati & Stucchi, 1995), therefore excluding a possible confounding 

role of concurrent oculomotor commands. On the other hand, the kinesthetic illusion 

causes a perceptual spatial stretching of motion trajectory along the direction of speed de-

crease (Viviani et al., 1997). More recent behavioral works further show how such a tun-

ing to biological kinematics improves visual motion prediction (Bidet-Ildei et al., 2006; 

Flach et al., 2004; Kandel et al., 2000) and is likely rooted in sensorimotor processes (see 

Levit-Binnun et al., 2006; Thoret et al., 2016). 

Neurophysiological evidence further supports the notion that biological motion is en-

coded within specific / dedicated mechanisms grounded in the motor system (Agosta et 

al., 2016; Casile & Giese, 2006; Dayan et al., 2007; Meirovitch et al., 2015). A first fMRI 

study performed by Dayan and coworkers (2007) found significantly stronger activation 

of a large network of brain areas ï including M1 and the superior temporal sulcus (STS) 

in the right hemisphere, PMv and IPL in the left hemisphere and the dorsal premotor cor-

tex (PMd) bilaterally ï when viewing a cloud of dots moving according to the two-thirds 

power law compared to other non-biological types of motion. Casile and colleagues 

(2010) employed the same technique while participants observed a human avatar dis-

played on a screen, moving either according to the two-thirds power law or not: Different-

ly from the widespread network described in the previous experiment (Dayan et al., 2007), 

a more focused activation pattern involving only regions in the left frontal lobe with a sig-
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nificant focus within PMd was found, suggesting that processing the information related 

to a biologically moving human shape might require the activation of a more restricted 

brain network compared with that recruited by artificial stimuli moving in the same fash-

ion. This hypothesis was corroborated by Agosta and collaborators (2016), who employed 

single-pulse TMS to stimulate the representation of the right hand in the left M1 while 

subjects observed either a dot (cf. Dayan et al., 2007) or a human avatar (cf. Casile et al., 

2010) following a biological (two-thirds power law) or a non-biological (created by ma-

nipulating the exponent in equation (4), see section Ib.3, pp. 13-15) motion trajectory. In-

terestingly, although both the dot and the human avatar biological motion significantly 

modulated the participantsô corticospinal (CS) excitability, such a modulation was tightly 

correlated with the stimulus instantaneous velocity only for the human-like stimulus. This 

might be in line with other neurophysiological evidence, which suggests that the distin-

guishing features of biological kinematics may be unnecessary to elicit an automatic mo-

tor activation during action observation as indexed by modulation of the CS excitability 

by means of single-pulse TMS (Craighero et al., 2016). Finally, in an electroencephalo-

graphic (EEG) experiment, Meirovitch and coworkers (2015) found a strong and wide-

spread ERD of both alpha ï localized in the central electrodes ï and beta ï involving also 

prefrontal electrodes ï brain rhythmic activity when subjects observed PLD stimuli mov-

ing in compliance to the two-thirds power law, with respect to other, non-biological, types 

of motion (cf. Southgate et al., 2010). 

An optimally-smooth, minimum-jerk kinematics (Flash & Hogan, 1985; Gutfreund et al., 

1996; Hogan, 1982, 1984; W. L. Nelson, 1983; Sumbre et al., 2001; recall equation (5) in sec-

tion Ib.4, pp. 15-16) along straight as well as curved paths appears therefore to convey mean-

ingful information that allows human beings to ï at least implicitly ï recognize it and discrim-

inate it from non-biological ones (Bidet-Ildei et al., 2006; Bisio et al., 2010, 2012, 2014; Bou-

quet et al., 2007; deôSperati & Stucchi, 1995; Flach et al., 2004; Gavazzi et al., 2013; Kandel 

et al., 2000; Levit-Binnun et al., 2006; Pozzo et al., 2006; Thoret et al., 2016; Viviani et al., 

1987, 1997; Viviani & Mounoud, 1990; Viviani & Stucchi, 1989, 1992). In sum, people are 

capable of using these implicit cues to predict the spatial course of visual stimuli moving ac-

cording to biological motion (Bidet-Ildei et al., 2006; Flach et al., 2004; Kandel et al., 2000; 

Pozzo et al., 2006), make an accurate and precise temporal estimation of their trajectory (Ga-

vazzi et al., 2013) and also effectively imitate their kinematics (Bisio et al., 2010, 2012, 2014; 

Bouquet et al., 2007). Such capacities may be mediated by the involvement of a widespread 

frontoparietal network (Agosta et al., 2016; Casile et al., 2010; Dayan et al., 2007; Meirovitch 
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et al., 2015) and these kinematic hints are sufficiently strong to even induce perceptual distor-

tions, on both the visual (deôSperati & Stucchi, 1995; Levit-Binnun et al., 2006; Viviani & 

Stucchi, 1992) and the kinesthetic (Thoret et al., 2016; Viviani et al., 1997) domain. Some 

works appear to suggest that such kinematic information may be meaningful enough to drive 

the observersô behavior even when other visual cues might be largely more salient ï i.e., when 

both the path of the observed movement and the shape of the end-effector are fully visible 

(e.g., see Bisio et al., 2010), in line with other results previously reported for both the inten-

tional effects (cf. Manera et al., 2011) and the maximum grip aperture (cf. Ambrosini et al., 

2011, 2015). Nevertheless, the possibility that kinematic cues are sufficient to override other 

information ï even when it is seemingly more readily available ï might be restricted to condi-

tions in which the information density contained in the visual stimuli is limited, as other re-

sults also suggest (Flach et al., 2004; cf. Pozzo et al., 2006). It might be that the more we go 

down levels in the kinematic hierarchy, the more we enter a blurred zone whereby task-

independent kinematic invariants of biological motion progressively lose importance to the 

eyes of human observers, as long as other reliable sources of information can be easily gath-

ered. 

Observers are certainly tuned to the invariants that characterize biological motion at a 

ómacroscopicô level, but are they capable of extracting relevant information also from the 

ómicroscopicô structure of othersô movements? Intriguingly, recent findings suggest that sub-

movements can be consistently óread outô also in othersô movements and eventually exploited 

for fine interpersonal movement coordination (Nazzaro et al., 2023; Tomassini et al., 2022). 

(Ic.4) Observing the grip preshaping might not be so strictly necessary after all 

In principle, based on the speed-accuracy trade-off (Elliott et al., 2001, 2010; Heitz, 2014; 

Woodworth, 1899) and Fittsô law (Fitts, 1954; Fitts & Peterson, 1964; Hoffmann, 2016; recall 

equation (1) in section Ib.1, pp. 8-10), an observer should still be capable to infer the size of 

the to-be-grasped object even when observation of the fingers preshaping is impeded. Indeed, 

a behavioral work (McCormick et al., 2013) examined eyes movements while participants ex-

ecuted and (separately) observed the same type of movements (based on Fittsô law) and found 

that fixations, despite being different in number, showed comparable duration in the two con-

ditions. Furthermore, activation of cortical (M1 and supplementary motor area ï SMA) and 

subcortical (basal ganglia) motor regions during observation of a similar Fittsô task scales 

with the difficulty ï i.e., the ID (see Fitts & Peterson, 1964) ï of the task (Eskenazi et al., 

2012).
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In light of the evidence reviewed so far, we can now draw four considerations: 

¶ The kinematic invariants of human motor behavior can be proactively shaped by ac-

tors. Especially when involved in a social context, human beings may deliberately choose 

to vary the invariant attributes of their movements at any time (Shadmehr & Wise, 2004, 

chap. 25). To this end, they can exploit the many degrees of freedom afforded by their 

skeletomotor system (Bernstein, 1967, cited in Bongaardt, 2001) to effectively shape the 

redundancy / abundance (Hirashima & Oya, 2016; Ivaldi et al., 1988; Latash, 2012; Lat-

ash & Zatsiorsky, 2009) and the equivalence (Lashley,1942; Raibert, 1978; Wing, 2000) 

intrinsic to their motor behaviors, with the specific purpose of making their actions goal 

more transparent (see Pezzulo et al., 2013) even in spite of other available irrelevant or 

misleading cues (see DôAusilio et al., 2015). Such a sensorimotor communication 

(Pezzulo et al., 2013, 2019; Vesper et al., 2010) strongly depends on the ómalleabilityô of 

human kinematic invariants, a characteristic that cannot be found in any other environ-

mental invariant attribute (e.g., cf. Sun & Perona, 1998; Mamassian & Goutcher, 2001; 

Girshick et al., 2011; Jörges & López-Moliner, 2017, 2020; see section Id.2, pp. 43-45, 

and section Id.3, pp. 45-47). 

¶ The observerôs individual motor signature(s) tune(s) action recognition. Besides the 

specific intention / strategy of conveying sensorimotor (communicative) signals, every 

person moves according to his or her own kinematic fingerprints / dynamic identity signa-

tures / perceptual-motor styles (Hahn et al., 2016; Runeson & Frykholm, 1983; Vidal & 

Lacquaniti, 2021; cf. p. 27), which may be successfully encoded ï be the person already 

known or not ï by the observer(s) to recognize who is performing the action (Hill & Pol-

lick, 2000; Sevdalis & Keller, 2011; Troje et al., 2005; for a review see Yovel & OôToole, 

2016). Furthermore, previous knowledge of the actorôs personal sensorimotor style may 

sometimes even be crucial to correctly interpret the observed action. According to neuro-

physiological evidence, this may lead to an increasing modulation of the CS excitability 

during the observation of sensorimotor strategies which remarkably differ from oneôs own 

(Hilt et al., 2020). 

¶ The strong prior knowledge deriving from expertise plays a crucial role in actions 

encoding. Whereas the kinematics of everyday movements ï e.g., a reach-to-grasp ï can 

deliver meaningful information to any healthy human being (e.g., see Soriano et al., 2018, 

for an eloquent account), the same point does not hold anymore when a less common, 

highly skilled action ï e.g., an athletic gesture ï is observed: In this case, the role of ex-

pertise ï i.e., the repeated exposure to both the performance and the observation of a spe-
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cific set of motor acts ï plays a fundamental role in making predictions of the movement 

outcome (Abernethy et al., 2001, 2008; Abernethy & Zawi, 2007; Aglioti et al., 2008; Ida 

et al., 2012; Müller & Abernethy, 2012; Shim et al., 2005; Vicario et al., 2017; Vignais et 

al., 2009); Motor training especially seems to be critically involved (e.g., see Beets et al., 

2010; Casile & Giese, 2006), in line with the importance of the observersô motor reper-

toire in understanding actions (Rizzolatti et al., 2001; Rizzolatti & Craighero, 2004). 

Studies in the field of sport sciences have investigated to which extent expert players 

are better than either amateurs or novices in extracting, especially under time pressure, in-

formation concerning the intentions of an opponent by observing his/her movement kine-

matics (for a review see Müller & Abernethy, 2012). For example, experiments with 

squash (Abernethy et al., 2001), tennis (Ida et al., 2012; Shim et al., 2005), badminton 

(Abernethy et al., 2008; Abernethy & Zawi, 2007) and handball (Vignais et al., 2009) 

players pointed out how expertise in a specific discipline facilitates the prediction of the 

direction (Abernethy et al., 2001; Abernethy & Zawi, 2007; Shim et al., 2005), the depth 

(Abernethy et al., 2001, 2008), and the type of stroke (Ida et al., 2012; Shim et al., 2005) 

that is about to be executed by the opponent. Such an improvement (due to expertise) re-

mains intact when visual information is impoverished by using PLD-manipulated stimuli 

instead of videos (Abernethy et al., 2001, 2008; Abernethy & Zawi, 2007; Müller & Ab-

ernethy, 2012; Shim et al., 2005), although the two types of stimuli may prompt different 

strategies (e.g., cf. Vignais et al., 2009). 

Besides conferring finer granularity to the representation of othersô actions, motor ex-

pertise may also optimize the prediction of future kinematic cues. For instance, Aglioti 

and colleagues (2008) applied single-pulse TMS on the right hand representation in the 

left M1 of both basketball experts and novice subjects while they observed the execution 

of free shots (a motor behavior which, in a broad sense, is comparable to a Fittsô task). 

Results showed that elite basketball athletes can predict the success of the free shots earli-

er ï even before the ball leaves the playerôs hands ï and more accurately than both other 

experts and novices, and they display a time-specific motor activation during the observa-

tion of erroneous throws (see also Vicario et al., 2017). These findings suggest that motor 

expertise translates into corresponding expertise in encoding othersô kinematics by provid-

ing with kinematic priors, which are finer grained and have a longer temporal horizon 

¶ Contextual environmental information may be decisive in encoding ambiguous kin-

ematics. Although informative in many situations, kinematic cues may sometimes be in-

sufficient or ambiguous (e.g., see Flach et al., 2004; Thioux & Keysers, 2015). In these 

cases, contextual information becomes decisive in complementing kinematic information. 
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Parallel to several findings outlining either a complementary (e.g., see Almeida et al., 

2013; Kalénine & Buxbaum, 2016; cf. also Vankov & Kokinov, 2013) or interferent (e.g., 

see Borghi et al., 2012; Randerath et al., 2013) role of contextual information in sen-

sorimotor planning and control processes (Watson & Buxbaum, 2015; for a review see 

Van Elk et al., 2014), recent results point out the importance that such information plays 

also in understanding othersô actions (see Amoruso et al., 2016, 2018; Amoruso & Urgesi, 

2016; Anelli et al., 2012; cf. also Amoruso et al., 2019). 

In summary, while observing the movements of conspecifics, human beings rely on at least 

two sources of information. On the one hand, the invariant kinematic attributes which charac-

terize both the actorôs and the observerôs motor repertoire ï thoroughly described in the pre-

vious section ï are progressively gathered as the observed actions unfold. Given the interde-

pendency of such kinematic invariants, they likely provide with a continuous bottom-up flow 

of (visual) information which evolves and accumulates over time. On the other hand, contex-

tual information inherent to the physical and social environment in which the actions are tak-

ing place allows the observer to make top-down predictions concerning the actorôs goal(s). 

Such top-down beliefs (intended in a Bayesian sense, see section Id.2, pp. 43-45) on what 

goal-directed behaviors are more likely to take place within a given environmental context are 

complemented by and integrated with the strong prior knowledge of the invariants character-

izing human kinematics, derived by the lifelong experience with both performed and observed 

movements. 

These processes ï bottom-up evidence accumulation and top-down prediction ï unfold 

online and in parallel, and their interplay eventually provides with the most likely interpreta-

tion of the observed action. How such an integration is actually performed likely depends on 

how reliable the available sources of information are weighted. On the one hand, the invariant 

kinematic attributes may be abundant and eloquent enough either because the movement is 

overtrained (e.g., see Cavallo et al., 2016; Koul et al., 2019; Manera et al., 2011; Scorolli et 

al., 2014) or because the actor proactively shapes his/her own kinematics to facilitate the ob-

server in an interactive context (Pezzulo et al., 2013, 2019; Vesper & Sevdalis, 2020). In such 

a scenario, the observer might rapidly and successfully match the accumulating bottom-up 

visual information with the top-down kinematic priors, and this match could be so compelling 

to even override other ambiguous or incongruent contextual information (e.g., see Ambrosini 

et al., 2015; Koul et al., 2019). On the other hand, the actorôs movement may not provide with 

sufficiently reliable information, for instance when it does not belong to the observerôs motor 

repertoire (Abernethy et al., 2001, 2008; Abernethy & Zawi, 2007; Aglioti et al., 2008; Ida et 



40 
 

al., 2012; Müller & Abernethy, 2012; Shim et al., 2005; Vicario et al., 2017; Vignais et al., 

2009), when the sensorimotor strategy adopted by the actor is poorly predictable (e.g., see 

Koul et al., 2016) or, more simply, when visual information is poor (Craighero et al., 2016), 

insufficient (Nogueira-Campos et al., 2019) or ambiguous (Flach et al., 2004; Thioux & Key-

sers, 2015). In this case, top-down contextual priors could effectively take over the inferential 

process and make up for the limited kinematic information (Amoruso et al., 2016, 2018; 

Amoruso & Urgesi, 2016; Anelli et al., 2012).  
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(Id) Internal models across motor control and action observation 

So far, we have reviewed a large body of evidence indicating the prominence of kinematic in-

variants in motor control. Furthermore, we discussed how the same kinematic invariants can 

be exploited during the recognition of the actions performed by others. This raises the ques-

tion of how exactly the brain reuses invariants across motor execution and action observation. 

Here, we argue that this is possible because the brain forms internal models for motor control 

and exploits them during action observation and, more broadly, action simulation. We firstly 

discuss the notion of internal models and then suggest the speculative hypothesis that it is 

precisely the existence of kinematic invariants that licenses (and perhaps directly triggers) the 

use of internal models for motor control during action observation tasks. 

ñIf the organism carries a ósmall-scale modelô of external reality and of its own possible 

actions within its head, it is able to try out various alternatives, conclude which is the best of 

them, react to future situations before they arise, utilise the knowledge of past events in deal-

ing with the present and future, and in every way to react in a much fuller, safer, and more 

competent manner to the emergencies which face it.ò. These lines, written in 1943 by the 

Scottish philosopher and psychologist Kenneth Craik (p. 61) in his essay ñThe Nature of Ex-

planationò, represent perhaps the first explicit postulate for the existence of internal models of 

the world, as well as for their biological role. Although his tragic and premature departure two 

years later prevented Craik to develop these insights further, his assumptions have been wide-

ly supported and expanded in the neuroscientific research starting from the second half of the 

ô80s up to the present time. 

(Id.1) Forward internal models and motor prediction 

The neuroscientific investigation of internal models first emerged consistently in the literature 

concerning computational motor control, which uses approaches derived from engineering 

and, more specifically, the mathematical framework provided by optimal control theory (for a 

review see Todorov, 2007), to address how movements are planned and performed. 

In general, internal models are theoretical constructs that are supposed to mimic the behav-

ior of a natural process (Miall & Wolpert, 1996; Wolpert et al., 1995; Wolpert & Kawato, 

1998). From the perspective of computational motor control, internal models are representa-

tions generated by the nervous system, used to account for the properties of the motor appa-

ratus (e.g., limbs lengths and masses, joint angles) and the environment (e.g., objects features) 

(Bizzi et al., 2000; Grush, 2004, 2005; Mussa-Ivaldi, 1999; Wolpert et al., 2011). Such repre-

sentations encode the sensorimotor transformations that, starting from these properties, gener-
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ate the motor commands required to perform a desired movement (Atkeson, 1989; Lacquaniti 

et al., 1992; Neilson et al., 1988; Stein, 2009). As already outlined in several reviews (e.g., 

see Miall & Wolpert, 1996; Grush, 2004; Mussa-Ivaldi, 1999; Wolpert et al., 1998; Wolpert 

& Ghahramani, 2000), a first relevant distinction is that between inverse and forward models. 

Being the former inherently concerned with the control side of motor performance (see 

Imamizu et al., 1995; Neilson et al., 1988; Shadmehr & Mussa-Ivaldi, 1994; for a review, see 

Atkeson, 1989), they will not be described further in the present work. Conversely, the latter 

deal with the prediction part of motor control (Flanagan et al., 2003) and, therefore, are par-

ticularly relevant to the topic at hand. 

Forward models ï also termed ñpredictorsò (e.g., see Wolpert & Ghahramani, 2000) or 

ñemulatorsò (e.g., see Grush, 2004) ï encode the causal relationship occurring between ac-

tions and their outcomes (Ghasia et al., 2008; Mussa-Ivaldi, 1999; Stein, 2009; Wolpert & 

Kawato, 1998), allowing to predict the future state of the motor system and the environment 

(Jordan, 1990; Jordan & Rumelhart, 1992; Grush, 2004; Lacquaniti et al., 1992; Wolpert et 

al., 1998; Wolpert & Ghahramani, 2000) in terms of expected sensory consequences of ac-

tions (Cooper, 2010; Flanagan et al., 2003). To do so, a forward model receives as input an 

efference (or efferent) copy (Festinger & Canon, 1965; Haruno et al., 1998; Von Holst, 1954; 

Wolpert et al., 2011) of the outgoing motor command, a concept which was first theorized in 

1867 by the German scientist Hermann L. F. von Helmholtz (1867, cited in Gielen, 2001), 

and generates an internal sensory signal, or corollary discharge (Sperry, 1950; Bell et al., 

1997; for a review, see Matthews, 1982) as output (Miall & Wolpert, 1996; Pickering & 

Clark, 2014). 

In light of this, it has been proposed that using forward models could be advantageous for 

sensorimotor control in at least five ways (Shadmehr et al., 2010; Wolpert et al., 1995). First, 

forward model could support the anticipation and suppression of the sensory effects of a 

movement, or reafferences. This allows minimizing the neural responses to predicted sensory 

features, therefore permitting to enhance more relevant information (Bell et al., 1997; Miall & 

Wolpert, 1996; Wolpert & Ghahramani, 2000). Second, forward models could support the 

prediction of action outcomes before any actual feedback becomes available. This would 

permit overcoming the intrinsic noise and delays in sensorimotor loops, which often make 

feedback-based motor control inaccurate and/or too slow (Cooper, 2010; Ghasia et al., 2008; 

Mussa-Ivaldi, 1999; Stein, 2009; Wolpert et al., 1998; Wolpert & Ghahramani, 2000). Third, 

óchainingô multiple predictions generated by the forward model while external stimuli and 

motor outputs are suppressed affords a form of mental simulation of future outcomes, which 

could be useful for goal-directed planning and imagination (Grush, 2004; Wolpert & Ghah-
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ramani, 2000). Fourth, forward models could support the transformation of errors between 

predicted and actual outcomes in the sensory domain into corresponding prediction errors in 

the motor domain, hence providing for appropriate motor learning signals (Cooper, 2010; 

Flanagan et al., 2003; Jordan, 1990; Jordan & Rumelhart, 1992; Miall & Wolpert, 1996; 

Stein, 2009; Wolpert et al., 1998; Wolpert & Kawato, 1998). Fifth, forward models can sup-

port state estimation, by combining the next state prediction with reafferent sensory correc-

tions for accurate motor control (Wolpert et al., 1998; Wolpert & Kawato, 1998). 

Besides the sensorimotor domain, forward models can be generalized to several cognitive 

domains depending on the behaviors that are represented, by embedding knowledge of a giv-

en environmental property in order to predict future states of the external world (Miall & 

Wolpert, 1996; Wolpert et al., 1998). These estimates provide a framework for interpreting 

sensory inputs, allow for anticipating and minimizing processing conflicts and are subject to 

modification on the basis of sensory information (Cooper, 2010; Grush, 2004; Pickering & 

Clark, 2014). Therefore, forward models embed features of natural processes which may in-

volve either the body, the environment or their mutual interactions (Wolpert et al., 2011). 

(Id.2) Bayesian interpretations of the idea of internal models 

The large body of work on internal models reviewed so far sits well within a broader perspec-

tive of the brain as an inferential machine, known as the Bayesian brain hypothesis (Friston et 

al., 2006; Kappel et al., 2015; for opinion and perspective articles see Knill & Pouget, 2004; 

Clark, 2013; Meyniel et al., 2015; for reviews see Friston, 2012; Pouget et al., 2013; for 

further readings see Rao et al., 2002; Doya et al., 2007; McNamee & Wolpert, 2019). The ba-

sis of this interpretation relies on a theorem that was proposed in 1761 by the English mathe-

matician Thomas Bayes and which, given two random variables ●, a model variable (our hy-

pothesis), and ◐, an observed variable (our data), that are not statistically independent from 

each other, derives the relation between their respective distributions / densities (for discrete / 

continuous variables, respectively) with the following equation: 

   ▬● ȿ ◐  
▬◐ ȿ ● ▬●

▬◐
 

where ▬● ȿ ◐  posterior probability (of the model variable ● after an observation of the 

variable ◐), ▬◐ ȿ ●  generative model or likelihood (of an observation of the variable ◐, 

assuming that the hypothesis ● is correct), ▬●  prior probability (of the model variable ●, 

independently of any observation of the variable ◐), and ▬◐  marginal probability (of 
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making an observation of the variable ◐, used as a normalization factor). In words, equation 

(6) formalizes how the belief of a certain hypothesis should be updated according to how ac-

curately that same hypothesis predicted the observed data (for further readings see Doya & 

Ishii., 2007; Shadmehr & Mussa-Ivaldi, 2012, chap. 5). 

By applying such statistical framework in neuroscience, the Bayesian brain hypothesis 

suggests that neural circuits encode and compute probabilities to represent and process senso-

ry information (Garrido et al., 2013; Kolossa et al., 2015; Meyniel et al., 2015). Because envi-

ronmental events occur simultaneously in a seemingly chaotical way and their observation ï 

if not wrong (Beck et al., 2012) ï is noisy and often ambiguous (Fiser et al., 2010), this prob-

abilistic inferential processing must rely on prior knowledge about event occurrence (Ma et 

al., 2006; Quax et al., 2021). Such priors are derived by encoding the statistics of the envi-

ronmental properties (Girshick et al., 2011; Hohwy, 2017) and undergo a continuous experi-

ence-based reshaping during the life of an individual (Quax et al., 2021). These updating 

mechanisms are possible by comparing the internal forward representation of the posterior 

probability distribution of an event with the actually observed environmental distribution of 

that same event (Girshick et al., 2011). Therefore, the Bayesian interpretation provides a use-

ful mathematical framework within which formalizing the notion of óprediction errorô, which 

is computed by the sensorimotor system and used to refine forward models (Shadmehr et al., 

2010; Wolpert et al., 2011; Wolpert & Ghahramani, 2000). Such probabilistic inferences ul-

timately allow animals to perform decision-making processes in ï approximately (see Acerbi 

et al., 2014) ï Bayes-optimal ways (Friston, 2012; Körding & Wolpert, 2004, 2007; Ma et al., 

2006; Quax et al., 2021; Wolpert & Landy, 2012). 

One recent evolution of the Bayesian brain hypothesis is the active inference framework, 

which assumes that both perception and action processes in the brain can be described in 

terms of an approximation to Bayesian inference: The minimization of (variational) free ener-

gy (Friston et al., 2006; Parr et al., 2022; Pezzulo et al., 2018). At difference with the theories 

of motor control reviewed above, active inference assumes that the brain only needs forward 

models, but dispenses with inverse models ï or better, it only uses a much simpler kind of in-

verse model compared to what assumed by classical theories of motor control (for a side-by-

side comparison of the notions of internal models in active inference and optimal control the-

ory see Friston, 2011). 

Despite their differences, all the formal accounts of motor control based on some form of 

Bayesian inference would assume that the brain encodes statistical regularities and invariants 

in its internal models ï perhaps as priors that reflect the ónatural statisticsô of visual or audito-

ry scenes, or sensorimotor contingencies ï and uses them during perceptual processes, such as 
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action prediction and recognition. In keeping, several works have successfully modeled sen-

sory (Girshick et al., 2011; Mamassian & Goutcher, 2001), decision-making (Gallivan et al., 

2018; Kolossa et al., 2015; Lepora & Pezzulo, 2015) as well as motor (Körding & Wolpert, 

2004, 2007; Wolpert et al., 2011) processes in humans according to a Bayesian perspective. 

Similar findings supporting (near-)optimal behaviors in non-human primates (Viejo et al., 

2018) and other animals (e.g., see Rich et al., 2015) have been provided as well, extending the 

Bayesian tenets to a broader biological context (Meyniel et al., 2015). As it might be ex-

pected, a very consistent environmental attribute encoded by the prior will result in a smaller 

error between the predicted posterior probability and the actual observation of the event and, 

as a consequence, will determine a closer to optimal behavior: This is, for example, the case 

of priors concerning the source of (natural) illumination (assumed to come from above; see 

Sun & Perona, 1998; Mamassian & Goutcher, 2001), as well as the cardinal orientation of a 

visual scene (Girshick et al., 2011). 

Therefore, it should be expected that a robust invariant characterizing the environment 

could represent a benchmark paradigm to test the reliability of an internal model. Indeed, an 

environmental attribute which is highly consistent in its strength and ubiquity would likely 

lead to a near-null prediction error ï i.e., to a negligible difference between the estimated pos-

terior probability and its current observation. A conspicuous amount of empirical data indi-

cates that, among all the existing environmental invariants, gravitational acceleration best ex-

emplifies the case of internal models, which lead to Bayes-optimal behaviors. Hence, below 

we discuss empirical evidence that the brain internal models might encode gravity, as a com-

pelling example of the fact that they might encode statistical invariants at large. 

(Id.3) Gravity is encoded in a robust forward model 

The reason why developing a forward model of gravitational acceleration would be advanta-

geous is at least twofold. On the one hand, human beings perform generally poor in the visual 

discrimination of accelerations, especially during short viewing periods (e.g., see Brouwer et 

al., 2002; for a review see Zago et al., 2009). The sensorimotor delays that ï as already men-

tioned ï inherently affect the inverse models (Imamizu et al., 1995; Neilson et al., 1988) must 

therefore be compensated somehow. On the other hand, by acting on the body mass, gravita-

tional acceleration produces a non-negligible inertia of the effectors (White et al., 2020). 

When planning a movement ï even a simple one, such as a reaching with the upper limb ï 

this effect has to be anticipated. Starting from the early 2000ôs, a large set of works has pro-

vided evidence in support of an internal model of gravity. Because most of this work has been 

already extensively discussed in several reviews (e.g., see Bosco et al., 2015; White et al., 
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2020; Zago & Lacquaniti, 2005a, 2005b), what follows will be just a brief summary of the 

main evidence in this respect. 

Empirical findings suggest that, when intercepting an object falling along the vertical axis, 

predictive temporal estimates reflect an integration between visual cues about its motion and 

prior knowledge of the gravitational effects (Zago et al., 2009). The strongest evidence sup-

porting this view comes from experiments performed in the absence of gravity: During space 

ï or parabolic (training) ï flights, astronauts intercepting falling objects perform overly antic-

ipatory movements, which are subsequently interrupted or inverted in direction (McIntyre et 

al., 2001; Senot et al., 2012; for a review see McIntyre et al., 1998). In such a unique condi-

tion, it seems therefore that fast, feedforward-planned, interceptions undergo an important 

feedback-based error-correcting phase as soon as the violation of the expected gravitational 

effects is detected. In addition, the kinematics of the upper limb shows adjustments consistent 

with the hypothesis that the sensorimotor system takes into account the action that gravity ex-

erts on the motor effectors (Papaxanthis et al., 1998; White et al., 2020). Experiments on 

Earth, performed on both human beings and non-human primates, shed further light on this 

latter phenomenon and suggest the existence of an effort-optimization strategy which relies on 

effective motor plans (i.e. that take into account the gravitational effects) to minimize muscles 

effort (e.g., see Gaveau et al., 2021; Poirier et al., 2020). Other studies have further disentan-

gled the anticipatory processes involved in the interceptive behaviors by addressing the time-

to-contact estimation and interception of falling objects in both vertical (Senot et al., 2005; 

Zago et al., 2004) and projectile (Bosco et al., 2012; Delle Monache et al., 2015) motions or 

for objects rolling down an inclined plane (La Scaleia et al., 2014; Mijatoviĺ et al., 2014), and 

extended the investigation to other more complex interceptive actions, such as batting move-

ments (e.g., see Katsumata & Russell, 2012) and object manipulation (e.g., see Toma et al., 

2020). Overall, these results show that interceptive performance is largely more accurate and 

precise for ónaturallyô falling objects compared to experimentally manipulated velocity pro-

files violating gravity (e.g., inverted or doubled gravitational acceleration, constant velocity, 

etc.; see Bosco et al., 2012; Zago et al., 2010). In general, the pattern of errors indicates a pre-

dominance of predictive mechanisms consistent with spatial and temporal estimates relying 

on the expectation of the gravitational effects (Bosco et al., 2015; La Scaleia et al., 2015). 

Rather than reflecting an accurate internalization of the Newtonian principles of gravity, 

these predictions likely represent a naïve ï i.e., only approximately correct ï heuristic of the 

physical laws (Ceccarelli et al., 2018; for a review see Hubbard, 2020). Nevertheless, the en-

coding of this robust environmental invariant starts early in life and gives rise to a highly reli-

able internal model allowing for an immediate perception of its violations (Spelke et al., 
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1992). Once learned, the extreme robustness and ubiquity of this invariant would only afford, 

if anything, a negligible experience-based tuning of the corresponding internal model ï a 

noteworthy difference from the error-correcting process which continuously reshapes other 

priors during the life of an individual (e.g., as elucidated by the size-weight illusion affecting 

object manipulation; see Flanagan & Beltzner, 2000). Since prediction errors would therefore 

result almost entirely from environmental and/or sensorimotor noise, unexpected violations of 

gravitational effects can be detected unusually fast and, by the same token, might be rather 

challenging to compensate for ( McIntyre et al., 2001; White et al., 2020), leading to an adap-

tation of the pre-existent model itself rather than to the creation of another internal representa-

tion ex novo (Bosco et al., 2012; Hubbard, 2020; Zago et al., 2004, 2005; Zago & Lacquaniti, 

2005b). Altogether, these findings indicate that gravity is internalized as a particularly robust 

Bayesian prior (Alberts et al., 2016; Jörges & López-Moliner, 2017, 2020; MacNeilage et al., 

2007; see also Shadmehr & Mussa-Ivaldi, 2012, chap. 5) with clear consequences on sen-

sorimotor behavior. 

(Id.4) Summary and speculative proposal 

In this section, we discussed the widespread idea that the brain might learn and use internal 

models for perception and motor control (and more broadly, for several facets of cognitive 

processing) and then we reviewed empirical evidence suggesting that internal models could 

encode robust environmental invariants, such as gravity. Clearly, if the main role of genera-

tive models is learning about (and simulating or emulating) statistical regularities, their con-

tribution should not be restricted to gravity, but also to other invariants that we encounter (or 

produce) constantly ï including the kinematic invariants that have been the focus of this chap-

ter. Interestingly, if we assume that internal models for movement control encode kinematic 

invariants and that they can be reused for action perception (and imagination), then the conse-

quence is that our internal models should make us exquisitely sensitive to perceiving the same 

kinematic invariants that we use during movement. Crucially, because kinematic invariants 

are (by definition) the most stable traits of our movements, they should be also the most stable 

information that we are able to perceive and decode during action observation. 

This leads to the speculative proposal that the main contribution of the motor system (and 

of its internal models) to action observation is to process kinematic invariants, as these are the 

most salient and stable characteristics of observed movements. If this hypothesis is correct, 

then the presence (or the expectation) of kinematic invariants could be sufficient ï and per-

haps necessary ï to engage internal models for the control of movement during action obser-

vation; Whereas the same models would not be engaged (or engaged to a significantly lower
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Fig. Id.I. Theoretical representation of an internal model tuned to kinematic invariants for action execu-

tion and perception. In this diagram, a classical representation of an internal model (e.g., see Miall & Wolpert, 

1996) is adapted to include also the prior knowledge (e.g., see Hohwy, 2017) provided by kinematic invariants. 

The internal model is therefore shared between the actor and the observer, which also share the same invariants 

that characterize their motor behavior. This prior knowledge enters therefore the shared internal model that, in 

the case of the observer, generates a predicted outcome which is compared to the actual observation of the 

movement performed by the actor. This comparison may lead to the generation of a prediction error (e.g., see 

Shadmehr et al., 2010), which in turn updates the prior knowledge. 

extent) during the processing of perceptual streams that lack kinematic invariants. While this 

is clearly a speculative proposal, it could help conceptualizing the large body of evidence de-

scribed in this review about the importance of motor invariants during action observation. 

Potentially, the models capacity to process kinematic invariants could serve multiple roles, 

such as inferring / predicting biological movements and their underlying intentions (action 

prediction and intention recognition), guiding attention towards the kinematic features of 

movement that are expected to be more informative (hypothesis testing) and finessing oneôs 

movements to be more informative for co-actors (sensorimotor communication) (see Fig. 

Id.I). All these (and other) capabilities have been linked to the functioning of internal models 
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in a way or another. Future research is needed to establish whether it is specifically the capa-

bility to process motor invariants that renders internal models so useful. 

Finally, if the above hypotheses are correct, it could be possible to reconsider neurophysio-

logical evidence of motor activation during action observation as the brainôs inference of kin-

ematic invariants of movement and the subsequent exploitation of these invariants to infer the 

actions and intentions of our conspecifics, as well as forming social (cooperative and competi-

tive) plans. The rationale of this idea is that while non-motor systems (e.g., the visual system) 

can robustly learn and process information about the statistics of movements, the motor sys-

tem is especially well suited to pick up kinematic invariants ï as it is already tuned to such in-

variants for the sake of motor control. Testing this idea would require systematically varying 

the amount (and reliability) of kinematic and other invariants during movement perception 

and testing whether the motor system plays a privileged role (or perhaps a causal role, by us-

ing inactivations) when motor invariants are key. 
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(Ie) Conclusions 

The present chapter was aimed at presenting, within a unified framework and in a single 

place, an extensive description of all human motor invariants so far consolidated in literature. 

That of invariants in motor behavior is certainly an old-fashioned concept that is substantiated 

by plenty of evidences, which however are often overlooked in recent studies that either re-

discover old results or worse, collide with basic knowledge about how movement is generat-

ed, organized and planned. A better understanding of motor invariants also offers a robust 

theoretical and empirical ground for the investigation of higher-order phenomena such as in-

terpersonal coordination, sensorimotor communication, action perception or intention decod-

ing. In fact, motor invariants are a set of measurable objective properties of movement, most 

often the only true observable in behavior. Invariants are indeed the only thing we can use to 

reverse engineer the properties and functions of internal models, which represent instead a 

purely speculative construct. Interestingly, motor invariants are not only measurable by exper-

imenters in their lab but can actually be read and used by conspecifics during real life. Here, 

transitioning from an empirical to a theoretical ground, movement invariants (and variations 

upon them) constitute the only shared informational medium between animals, given that lan-

guage is a relatively recent acquisition in evolution. This basic fact alone should lead to 

acknowledge this framework as the only meaningful one when approaching the investigation 

of social interaction. Rather, social interaction is often investigated as if human beings ï i.e., 

ñspecialò animals ï had developed highly sophisticated cognitive abilities by losing such a 

primitive sensorimotor communicative function in favor of abstract or symbolic thinking. 

Well, we should not be so optimistic about us being so different from animals. 

Nevertheless, it should be straightforward to accept that, given the existence of motor in-

variants, any Darwinian agent should be sensitive to these regularities in conspecificsô behav-

ior. In fact, motor invariants not only save us time and resources when making top-down di-

rected inferences, but actually contribute to make up a social saliency map whereby certain 

spatiotemporal spots are destined to attract our best efforts. Biological motion invariants (i.e., 

Fittsô law, bell-shaped velocity profile or the 2/3 power law) isolate humans (or animals) from 

the background. Maximum finger aperture or the end state comfort, willingly or not, project 

human intentions outside their own body right before they are needed to our conspecifics to 

read and exploit them appropriately. Finally, it is worth mentioning that all of these features 

are visual in nature but are inherently constrained by biomechanical and neuromotor princi-

ples. Considering that such principles are intrinsically present in action planning and execu-

tion, our claim is that the internalized knowledge of how inertia, gravity, the viscoelastic 
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properties of muscles or how the force-contraction coupling for muscle recruitment (and so 

on) works, constitutes the most basic set of Bayesian priors available in support of othersô ac-

tions classification and prediction3. When motor neurophysiologists discuss motor theories of 

perception, they should have this in mind, certainly not the demonstration that BA4 or BA6 is 

active in an fMRI action observation study. The motor system is far more than that, and we 

should not forget that Nature has solved these biomechanical problems since we crawled out 

of water; For millions of years, expressing motor invariants ï and being able to read them in 

others ï probably made the difference in terms of survival, mating and feeding opportunities 

within a species hallmarked by its social life. To make sense of this, we advanced the specula-

tive hypothesis that the main contribution of the motor system ï and its internal models ï dur-

ing action observation could be processing stable kinematic invariants. This hypothesis, 

which remains to be tested in future studies, points towards the centrality of kinematic invari-

ants not just for action generation, but also to engage the brain internal models in sophisticat-

ed social cognition.  

 
3 The role of the context in which movements are performed is not covered in this conclusive section, but its im-

portance ï along with the conditions in which it might override invariant kinematic priors in the process of ac-

tion perception ï has been already mentioned previously in this review piece (see section Ic, pp. 38-39, and sec-

tion Ic.3, p. 36). 
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(If) Actions are all we need for cognition, but do we know enough about them? Reply to 

comments on ñMotor invariants in action execution and perceptionò 

(If.1) Introduction 

The contributors to the invited commentaries came from very different backgrounds and areas 

of expertise, and their unique viewpoints greatly enriched the conversation. These commen-

taries highlighted crucial outstanding issues in this area, which represents a fundamental step 

in developing the discipline. In the following, we acknowledge the most relevant theoretical 

questions and findings contributed by Lacquaniti, La Scaleia and Zago (2023), Morasso 

(2023), Labaune and Berret (2023), dôAvella, Russo, Berger and Maselli (2023), Cheron, Si-

mar and Cebolla (2023), Bardi, Langford and Cristofori (2023), Dessalene and Aloimonos 

(2023). 

When necessary, the text from the original article (Torricelli et al., 2023a) will be adapted 

and implemented with a brief summary of the content for each commentary, in order to pro-

vide the required context to understand the discussion. 

(If.2) Non-invariants may be used for socially-relevant perceptual decisions 

Lacquaniti and colleagues (2023) pointed out that observers could rely more upon kinematic 

variations of an action on a single-trial basis to make socially relevant perceptual decisions, 

and that these variations might be tailored to suit a specific context (e.g., see Turri et al., 

2022; cf. also part of the final considerations in section Ib , p. 27, and section Ic, p. 37). Fur-

thermore, they underlined the importance of factors ï among these, gender and personality 

traits ï that cannot be extracted from kinematic invariants alone (but see Kang et al., 2018, for 

what concerns ï pathological ï personality traits; cf. also part of the final considerations in 

section Ib , p. 27). Finally, they argued whether the mirror-neuron network (see section Ic, p. 

29) might overlap with or, conversely, be separated by the mentalizing brain network (Saxe et 

al., 2004), which is thought to participate in the decoding of intentions. 

Thanks to this insightful commentary, we were given the chance to clarify one fundamen-

tal aspect that was not explored in our piece. Namely, the idea that there is not just one way to 

extract relevant information from observed actions. The dual path to action understanding 

(Kilner, 2011; cf. also section Ic.2, pp. 31-33) or, the idea that the so-called mentalizing and 

mirror-neuron networks are necessarily integrated at some point, clearly suggests redundancy 

as well as complementarity (Frith & Frith, 2003). Part of this complementarity may reside 

precisely in the remarkable sensitivity of human beings to those factors that modulate action 
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production ï e.g., gender, personality or other socio-affective components ï but do not 

properly fit in the definition of motor invariants (i.e., biomechanics and neural controller 

properties). In the authorsô words, ñthe brain uses kinematic invariants as a template against 

which a given action implementation is compared to extract the individual componentò (Lac-

quaniti et al., 2023, p. 61), and we agree with this view to the extent that our group recently 

produced empirical evidence in this direction (see Hilt et al., 2020). 

(If.3) Taming the abundance of degrees of freedom 

Morasso (2023) addressed a key concern that we fully share. In fact, by embracing a cognitive 

robotics perspective (e.g., see Vernon et al., 2015), his commentary focuses on the fact that 

any model can work at a specific level, namely to explore the WHAT  (computational), WHY  

(algorithmic), or HOW  (implementational/physical) of a theory. The author argued that solv-

ing the degrees-of-freedom problem (see section Ib , p. 7 and p. 27) might have motivated and 

supported the evolution of kinematic invariants in human motor behavior. He further posited 

that, in analogy to the representation and production of speech by concatenating phonemes, 

kinematic invariants could have satisfied the evolutionary need for the representation and 

production of general gestures. Finally, he concludes that exploiting kinematic invariants in a 

social context may be possible only ñif we agree that the motor cognitive gesture representa-

tion and production system is shared by all humans, in the first place, as a common gestural 

languageò (Morasso, 2023, p. 168). 

We fully agree that our piece is fundamentally descriptive in scope and, in fact, was moti-

vated by the lack of a unified and historically grounded treatise of ï possibly ï all motor in-

variants. More precisely, we covered only some of the possible invariants (or modulation 

thereof). For historical reasons, we indeed limited our exploration to the kinematic dimension 

of actions, neglecting the whole area of kinetics. Just to give one partial but recent example, it 

has been shown that joint stiffness can be decoded by observers (Huber et al., 2019). 

(If.4) The vigor law as a kinematic invariant at work in perceptual-cognitive processes 

Labaune and Berret (2023) provided an exhaustive explanation of the concept of vigor, that is 

the spontaneous speed with which each individual executes a goal-directed action (i.e., the in-

dividual temporal dosing of forces; for a review see Shadmehr et al., 2019; for further read-

ings, see also Shadmehr & Ahmed, 2020). Noteworthy, they outlined another kinematic invar-

iant of human motor behavior that our review only referred to in relation to the bell-shaped 

velocity profile ï i.e., the isochrony principle (Viviani & Flash, 1995; cf. also Gordon et al., 
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1994; see section Ib.2, pp. 10-13), which is different from the isogony principle previously 

mentioned as well (Viviani & Terzuolo, 1982; see section Ib.3, p. 13) ï and proposed an intri-

guing interpretation of vigor as a modernization of that same invariant, in relation to ñthe sub-

jective sensitivity to time and effortò (Labaune & Berret, 2023, p. 3). Applying this new lens 

to human motion opens up a number of key interconnected areas of investigation, such as de-

cision making, individual differences (that include also personality traits), as well as the do-

paminergic value system. This is a completely new approach to exploring motor invariants in 

action execution and perception, and we could not agree more that this line of research will 

soon bear important fruit, some of which have recently been contributed by these authors (see 

Labaune et al., 2022). 

Ultimately, we believe that the description of true observables ï i.e., all those phenomena 

that we can identify in movements ï is the necessary prerequisite for any attempt to explain 

their meaning and function (i.e., the why and the how; see previous section), through hypo-

thetical computational constructs. Of course, this does not imply that any attempt to under-

stand the inner computational mechanisms should be left behind. In this regard, we are grate-

ful to Morasso (2023) who accepted the challenge of sketching a why and how to account for 

the phenomena examined in our review. 

(If.5) Neuromuscular invariants in action execution and perception 

A similar attempt has been made by dôAvella and coworkers (2023), who proposed a different 

perspective for the investigation of the why and how. These authors focused their attention on 

neuromuscular invariants, capitalizing on the solid neurophysiological foundation and analyt-

ical tools originated from the study of muscle synergies. On this basis, they suggested that 

kinematic invariants may arise from invariants present at the neuromuscular level, which 

could represent a set of constraints intrinsic in the architecture of the skeletomotor system. 

This approach, postulating a low-dimensionality space mapping between neuromuscular 

and kinematic invariants, proposes the existence of a direct mechanism based on an interme-

diate representational level to functionally link action and perception. This idea is very intri-

guing and, given its direct testability, can certainly pave the way for a number of new studies 

(for an early, but still highly incomplete, attempt see Hilt et al., 2017). 

(If.6) The oscillatory nature of the motor and perceptive kinematics invariants 

In line with Morassoôs suggestion (2023; see section If.3, p. 54), and pushing towards neuro-

physiologically grounded mechanisms as in dôAvella et al. (2023; see previous section), 
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Cheron and collaborators (2023) centered their proposal around the rather influential oscilla-

tory framework: namely, the idea that communication between neurocomputational nodes can 

be mediated by spatiotemporal tuning of oscillations (e.g., see Fries, 2005, 2015). More than 

that, these authors provided a historical and enjoyable overview of the neurophysiological 

substrates of oculomotor control to lay the basis for an analogy with the control of voluntary 

movements of the upper limb. Such an analogy is certainly powerful and, in fact, has found 

recent theoretical interest (Benedetto et al., 2020) and empirical support (Benedetto et al., 

2021; Tomassini et al., 2015, 2017, 2020; Tomassini & DôAusilio, 2018) in the field of ac-

tion-perception coupling. 

For what specifically concerns the present thesis, this topic will be more thoroughly ad-

dressed in the following chapters. 

(If.7) Visual sensitivity to biological motion invariants in humans at birth 

Bardi and colleagues (2023) explored another key aspect that we have not touched on in our 

text, that is, the ontogenesis of motor invariants. As these authors masterfully explained, it is 

not possible to isolate the presumed relationship between motor invariants and action percep-

tion without considering its developmental trajectory. In particular, they brought to our atten-

tion findings concerning how visual sensitivity to the kinematic invariants of human motor 

behavior may begin to arise already during the earliest stages of development (e.g., see 

Craighero et al., 2020; Méary et al., 2007; cf. also section Ic.1, p. 31), forming a sort of 

ñprimitive sensorimotor associationsò (Bardi et al., 2023, p. 123). 

This commentary provided a clear and insightful overview of the emergence of biological 

motion perception, suggesting that a motor-informed visual filtering operation could be per-

formed early in development. 

(If.8) Motor-invariants for action understanding in video 

Interestingly, Dessalene and Aloimonos (2023) also proposed the idea of visual filters, but 

from a very different perspective. In fact, these authors are engaged in designing computer vi-

sion and robotics solutions to the problem of action perception. Their applied perspective 

aligns very well with the idea that the nervous system evolves according to a principle of fru-

gality, which sees learning-by-doing and learning-by-observing as necessarily sharing key 

computations. Interestingly, these authors bring to the table direct demonstrations of how to 

incorporate motor invariants to solve real-world action perception problems (e.g., see Dessa-
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lene et al., 2023). In a sense, their proposal amounts to a pragmatic attempt to define a possi-

ble how. 

(If.9) Conclusions 

In conclusion, all commentaries were particularly relevant and contributed to significantly ex-

tend the discussion to important areas we had not explored (Bardi et al., 2023; Labaune & 

Berret, 2023; Lacquaniti et al., 2023) or to advance very well-founded mechanistic proposals 

(Cheron et al., 2023; dôAvella et al., 2023; Dessalene & Aloimonos, 2023; Morasso, 2023). 

The commentaries were distributed among different expertise, from robotics (Dessalene & 

Aloimonos, 2023; Morasso, 2023), to neurophysiology (Bardi et al., 2023; Cheron et al., 

2023; dôAvella et al., 2023; Labaune & Berret, 2023; Lacquaniti et al., 2023), to cognitive 

psychology (Bardi et al., 2023; Labaune & Berret, 2023; Lacquaniti et al., 2023) and compu-

tational sciences (dôAvella et al., 2023; Dessalene & Aloimonos, 2023; Labaune & Berret, 

2023; Morasso, 2023), thus significantly diversifying the conversation. This last point is cru-

cial since we all agree that actions, performed or perceived, are the common currency of 

communication and, one way or another, we must face the challenge of understanding how 

we plan, organize and execute movements, if we are still to understand cognition. 
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II  

Cortico-motor multiscale dynamics subtending visuomotor control  

In this chapter, I will describe the main study in which I have been involved. It is also the first 

EEG experiment in which I participated. During this work experience, I learnt more thorough-

ly how to design and carry out an experimental study and how to organize and ï at least in 

part ï analyze neural data. It has also been a chance to familiarize with the literature concern-

ing sensorimotor loops, physiological tremor and cortico-motor coherence, which will be 

summarized in the following. Finally, it is also worth to mention how this study marked the 

beginning of a great effort in terms of hardware assembling and setup building, that in part 

lead also to a following work (see section IIIa, pp. 89-99) and is still ongoing at the present 

moment. As is commonly known, this even more practical part of the experimental work is 

hard to describe and even harder to quantify. Nevertheless, since it represented a non-

negligible portion of my PhD journey, I will try to provide a brief summary at the beginning 

of the following chapter (see p. 87). 

Regarding the authorsô contributions to this project, I participated in the design of the study 

and of the task, collected the data and carried out a minor part of the analyses. Alice Tomassi-

ni supervised the work in all its stages, collected the data and carried out the major part of the 

analyses. Alessandro DôAusilio supervised the work in all its stages. The study is almost 

complete and soon to be submitted. 

 

  



60 
 

 

 



61 
 

(IIa) Introduction  

(IIa.1) Sensorimotor loops in the nervous system 

It is now commonly accepted that the sensorimotor system is functionally organized in loops 

(Scott, 2016), and that this functional architecture mirrors its neuroanatomical structure (Cruz 

et al., 2023). These sensorimotor loops are thought to tightly intertwine the sampling of in-

formation from sensory afferences with the control of efferent motor commands (Bizzi & 

Ajemian, 2020). Evidence for such organization has received increasing support over the 

years from various experimental works, performed in both animals (Ahissar, 2003; Oya et al., 

2020) and human beings at the neurophysiological (Tan et al., 2014) as well as behavioral 

(Nazzaro et al., 2023) level. These findings are far from suggesting an interpretation of the 

sensory and motor sides of the brain as serial and discrete elements of a functional chain. Ra-

ther, sensorimotor loops might have been shaped by evolution (Cisek, 2022) to work in paral-

lel over different sensory modalities (Scott et al., 2015), in order to finely coordinate the mo-

tor output and ultimately fulfill the environmental requests for flexible and adaptive behaviors 

(Pezzulo et al., 2022). 

Such processes, however, do not operate like continuous streams of information flowing 

through the nervous system. Either considered at the single cell level or up to a whole system 

dimension, neural activity is indeed intrinsically characterized by oscillatory phenomena 

(Hari & Salmelin, 1997). These oscillations shape the state of the brain4 over multiple time-

scales, spanning five orders of magnitude in frequency from long-latency drifts (~0.05 Hz) to 

pseudo-regular rhythms at different bands (up to 500 Hz; for a review see Buzsáki & Dra-

guhn, 2004). Sensorimotor loops are therefore deemed to naturally embed these physiological 

non-stationarities (Baker, 2007) and bind perception and action mechanisms to common oscil-

latory rhythms (for a review see Benedetto et al., 2020), alternating periods of high excitabil-

ity (Metsomaa et al., 2021) to times in which activity is diminished, if not even momentarily 

disrupted and reset (e.g., see Klimesch et al., 2007). 

Such a non-stationary nature of neural activity might be at the origin of the behavioral var-

iability that human beings and other animals commonly experience while performing both 

perceptual (Mathewson et al., 2009; Ronconi et al., 2017; VanRullen, 2016) and motor (Chota 

et al., 2018; Rassi et al., 2023) tasks. This phenomenon can be addressed by investigating sen-

sory and motor activity separately, and indeed several studies found modulations of either 

perceptual or motor performance locked to the state of cortical rhythms. On the one hand, 

 
4 For an interesting review concerning brain state(s), see Greene and colleagues (2023). 
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perceptual discrimination (e.g., see Ronconi et al., 2017) and sensory cortices excitability, 

measured by means of event-related potentials (ERPs) amplitude (e.g., see Mathewson et al., 

2009), are affected by pre-stimulus ongoing cortical oscillations at different frequency ranges 

(for a review see VanRullen, 2016). On the other hand, the state of sensorimotor cortices os-

cillations has also been found to modulate movement initiation, measured by means of reac-

tion times (see Rassi et al., 2023; cf. also Chota et al., 2018). These results are also corrobo-

rated by other studies that employed single pulse (Desideri et al., 2019; Torrecillos et al., 

2020; Vetter et al., 2023; Zrenner et al., 2023) and rTMS (Zrenner et al., 2018, 2022) to ad-

dress modulations of CS excitability and cortical plasticity. 

Still, sensorimotor loops activity emerges as soon as the two sides are combined. In both 

behavioral (Benedetto & Morrone, 2017; Tomassini et al., 2018) and neurophysiological (e.g., 

see Tomassini et al., 2017) experiments that involved movements combined with visual tasks, 

evidence for strong movement-locked perceptual modulations were provided. Such effects 

might not be surprising with movements of the eyes ï i.e., when there is an anatomical cou-

pling between sensory afferences and motor effectors, as what happens between the retina and 

the extrinsic oculomotor muscular machinery ï and, indeed, several accounts concern gaze 

motor behavior (e.g., see Benedetto & Morrone, 2017; Hogendoorn, 2016). Crucially, howev-

er, similar movement-locked visual modulations have been found also with the involvement 

of the upper limb (Tomassini et al., 2015, 2018). These results suggest an effector independ-

ency of such phenomena, strongly pointing toward a fine coupling between perception and ac-

tion in sensorimotor loops (Benedetto et al., 2020). 

However, pseudo-regular oscillatory rhythms are not a prerogative of neural activity alone. 

Indeed, the fact that exploratory motor behaviors in humans (e.g., micro-saccades; see Rucci 

et al., 2018) and other animals (e.g., sniffing and whisking; see Deschênes et al., 2012) are in-

trinsically oscillatory is well documented. Apart from spatial exploration, motor outputs of the 

upper limbs also naturally exhibit subtle rhythmic oscillations that can be observed at the pe-

ripheral level (for a very recent account from our group see Emanuele et al., 2024; cf. section 

IIIa, pp. 89-99, Fig. IIIa.I, p. 92, and Fig. IIIa.III , p. 94). Despite being characterized by an 

amplitude which is at least two orders of magnitude lower than that of observable actions 

(Emanuele et al., 2024), such peripheral oscillatory rhythms show a consistency that speaks in 

favor of a micro-structure of motor behaviors (Nazzaro et al., 2023; Tomassini et al., 2022). 

Indeed, one of these oscillatory behaviors ï i.e., submovements ï has already been included in 

the present work (see section Ib.5, pp. 16-20) among the kinematic invariants of motor con-

trol, and evidence in regard of its possible role as a proxy for a sensorimotor loop dedicated to 
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intermittent corrections based on visual feedback has been reviewed (Torricelli et al., 2023b). 

Another one ï i.e., physiological tremor ï might be far too subtle and subtend much low-level 

processes in order to be exploited by an internal model tuned to kinematic invariants for bio-

logical motion recognition, as proposed previously (see section Id, pp. 41-49, and Fig. Id.I, p. 

48). However, it is useful to briefly summarize hereafter the current state of the art for what 

pertains research in this phenomenon, since it may be relevant to the experimental work de-

scribed in the following. 

(IIa.2) Physiological tremor and the debate concerning its origin and function 

Early accounts of physiological tremor date back to the second half of the nineteenth century. 

In that period, the developing of electrophysiological recording techniques allowed to show a 

consistent oscillatory rhythm at a frequency around 10 Hz during muscle contractions (Hors-

ley & Schäfer, 1886, cited in Marshall & Walsh, 19565; cf. also McAuley & Marsden, 2000). 

Following investigations ï in either healthy individuals (e.g., see Vallbo & Wessberg, 1993; 

Wessberg & Vallbo, 1995) or neurological patients (e.g., see Marsden et al., 1967) ï further 

observed the same phenomenon in a frequency range between 8 and 12 Hz, providing differ-

ent influential explanations for its origin and role (for a review, see McAuley & Marsden, 

2000). For the sake of clarity, we can categorize these postulates within the ómechanicalô, ópe-

ripheralô and ócentralô interpretations. 

The first ï ómechanicalô ï proposal theorized that physiological tremor can be entirely ex-

plained by looking at the intrinsic characteristics of the end effectors (i.e., at biomechanical ï 

and, moreover, muscular ï factors). According to these opinions, ñmechanical resonanceò 

(McAuley & Marsden, 2000, p. 1551) ï i.e., vibrations arising from the interaction between 

bones, muscles and soft tissues ï alone might be responsible for the developing of this oscilla-

tory rhythm, without looking for a more ónervousô origin of this phenomenon (e.g., see Lakie 

et al., 1986). This ómechanicalô interpretation has been progressively abandoned over the 

years and, therefore, will not be described further in this work. 

The second ï óperipheralô ï interpretation ascribed the origin of physiological tremor to the 

properties of motor units, considered as either alone (Homberg et al., 1986), in combination 

with the activity of other spinal neuronal populations (e.g., Renshaw cells; see Granit & Ren-

kin, 1961; cf. also Williams & Baker, 2009) or synchronized between each other (Mori, 

 
5 ñThe earliest observations dealt with the sounds that can be heard on listening to a contracting muscle and 

were naturally limited by the poor sensitivity of the ear at low frequencies.ò (Marshall & Walsh, 1956, p. 260.) I 

chose to quote word for word this excerpt, since I believe that it is of historical interest. A phonendoscope was 

more likely used during these observations, but the fact that the article above does not provide any further detail 

leaves room for imagination. 
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1975). Other studies (e.g., Matthews, 1993) suggested also an involvement of the stretch re-

flex (SR) feedback loop. Despite the support that this interpretation received, it became pro-

gressively clear that at least an interplay with central mechanisms may be involved in the 

generation of this phenomenon. 

Indeed, the third ï ócentralô ï hypothesis suggests the importance of synchronization with 

oscillations arising from the central nervous system (CNS). However, it could be helpful here 

to outline a difference between at least a óposturalô and a ómotionô physiological tremor. On 

the one hand, óposturalô physiological tremor seems to arise from multiple factors, among 

which an influence of the SR feedback loop is also included (therefore agreeing with a more 

óperipheralô interpretation; e.g., see Sakamoto et al., 1992). For instance, neurological patients 

that suffered spinal lesions resulting in deafferentation ï and thus with a disruption of the SR 

arc ï showed a dampening (but not a suppression; see Marsden et al., 1967) of physiological 

tremor (McAuley & Marsden, 2000). On the other hand, ómotionô physiological tremor ap-

pears to reflect the drive of a central rhythm (Vallbo & Wessberg, 1993; Wessberg & Vallbo, 

1995). Vallbo and Wessberg (1993) documented the presence of an 8-10 Hz peripheral oscil-

latory rhythm during slow finger movements, and suggested that it could reflect the pulsatile 

drive of descending motor commands. To test this hypothesis, they recorded also afferences 

from muscle spindles to take into account a possible role of the SR feedback loop. This fur-

ther experiment showed that the timing of such reafferences was inconsistent with the 8-10 

Hz tremor oscillations observed (Wessberg & Vallbo, 1995), therefore pointing toward a cen-

tral origin of this phenomenon6. 

Movement seems therefore to enhance the cortically-driven aspects of physiological tremor 

generation. On the basis also of this evidence, a recent work from our group (Emanuele et al., 

2024) employed single pulse TMS to probe CS excitability while participants performed a 

visuomotor tracking task that required bimanual coordination (see also Susilaradeya et al., 

2019). By analyzing motor performance at both its macroscopic ï in the case at hand, 0.25 Hz 

(see also section IIIa, pp. 89-99) ï and microscopic ï submovements (1-3 Hz) and physiologi-

cal tremor (8-12 Hz) ï frequency structure, they found a scale-invariant modulation of MEPs 

amplitude. In other words, CS excitability maintained its amplitude modulation irrespective of 

 
6 For the sake of clarity, I believe it may be helpful to briefly summarize here the main differences between sub-

movements (section Ib.5, pp. 16-20) and physiological tremor, since both these phenomena will be recalled again 

in the following. On the one hand, submovements are observed in the 1-3 Hz frequency band (Miall, 1996), 

preferentially during visuomotor tracking (Hall et al., 2014); although debated, findings concerning their central 

origin are increasing (Susilaradeya et al., 2019). On the other hand, physiological tremor is observed in the 8-12 

Hz frequency band (McAuley & Marsden, 2000), in both postural (Marsden et al., 1967) and movement (Vallbo 

& Wessberg, 1993) conditions; the discussion concerning its origin, whether peripheral (Matthews, 1993), cen-

tral (Wessberg & Vallbo, 1995) or as a result of an interplay of both drives (Sakamoto et al., 1992), is currently 

ongoing. For a very recent and thorough comparison of these phenomena in an experimental setting, see Emanu-

ele et al., 2024; cf. also Fig. IIIa.III, p. 94. 
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the frequency band in which the movement was considered (Emanuele et al., 2024). Although 

intriguing, these results only assume a central origin for physiological tremor, but do not 

demonstrate its role as a peripheral proxy of a putative sensorimotor loop. 

By looking solely at the oscillations intrinsic in the peripheral motor output (Vallbo & Wess-

berg, 1993), at their relation with the reafferences provided by the SR arc (Wessberg & 

Vallbo, 1995) and even at the related modulations in CS excitability (Emanuele et al., 2024), 

we may indeed provide only a partial ï although useful ï piece of the framework necessary to 

interpret physiological tremor as a behavioral proxy of a putative ~10-Hz-paced sensorimotor 

loop. As already suggested in the literature concerning this phenomenon, ñone might expect to 

find physiological tremor correlates on direct CNS recordingsò (McAuley & Marsden, 2000, 

p. 1552). In the following, a technique that investigates the correlation between cortical and 

peripheral oscillatory rhythms ï namely, cortico-peripheral coherence ï will be briefly de-

scribed, as it will be recalled further on in this chapter (see following sections). 

(IIa.3) Cortico-peripheral coherence as a window on sensorimotor loops 

Although many methods address the oscillatory activity of the nervous system, phase coher-

ence analyses between cortical and peripheral time series may provide a privileged framework 

to investigate sensorimotor loops processes (Schoffelen et al., 2005). Recording methods may 

differ between studies ï e.g., magnetoencephalography (MEG ) vs. EEG for central and elec-

tromyography (EMG ) vs. behavioral (force, kinematics, etc.) signals for peripheral oscilla-

tions ï but the key concept holds still. Namely, it consists in correlating those rhythms in or-

der to find evidence for their putative synchronization (Fries, 2015; cf. also Fries, 2005). Giv-

en the number of recording techniques and sites that can be involved, I chose here to use a 

general expression such as ócortico-peripheral coherenceô for referring to this framework of 

investigation, instead of the more common ócortico-spinalô (e.g., see Schoffelen et al., 2005) 

or ócortico-muscularô (e.g., see Liu et al., 2019) that can be found in the related literature. 

When necessary, the techniques used in the experiments reviewed will however be specified. 

It is already well documented how cortico-peripheral coherence ï in both the beta- and 

gamma-frequency bands ï characterizes the neurophysiology of motor behavior (Fries, 2015). 

On the one hand, gamma-band ï i.e., over 30 Hz ï coherence is believed to underlie prepara-

tion processes that immediately precede motor responses (Schoffelen et al., 2011; cf also 

Brown, 2000). On the other hand, coherence in the beta-band ï i.e., 13-30 Hz ï seems to be 

involved in the fine control of ongoing steady ï i.e., isometric ï motor output (Kristeva et al., 

2007; Van Elswijk et al., 2010), presumably based upon somatosensory and proprioceptive 
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information sampled by a low-latency beta-paced sensorimotor loop (Aumann & Prut, 2015; 

Baker, 2007; Witham et al., 2011). 

Conversely, evidence supporting the existence of phase coherence in the alpha-frequency 

band ï i.e., 8-12 Hz ï during motor behavior is more sparse (Budini et al., 2014; cf. also 

McAuley & Marsden, 2000) and its role is less clear (Mehrkanoon et al., 2014). However, a 

recent work by our group (Tomassini et al., 2020) non only found alpha-band cortico-force 

coherence during an isometric motor task, but provided also evidence that it predicts the de-

tection of task-unrelated near-threshold visual stimuli. These findings allowed to postulate 

that an alpha-cycling sensorimotor loop might be dedicated to visual information sampling 

while involved in the control of movement. Although both integrated during isometric force 

production, alpha- and beta-band cortico-motor coherence could therefore underlie two func-

tionally different mechanisms. While the latter ï in line with the previous works already out-

lined ï probably subtends somatosensory- and proprioception-based control processes, the 

first might in turn represent the neural proxy of a sensorimotor loop primarily involved in 

visuomotor control. However, this interpretation has not been further tested yet. 

To this end, we designed a novel visuomotor tracking task in which human participants react-

ed to a task-related visual perturbation. Given the hypothesis that cortico-force phase coher-

ence in the alpha- and beta-band reflects distinct aspects of sensorimotor loop control, we ex-

pected to functionally uncouple the underlying mechanisms in relation to behavioral perfor-

mance. 
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(IIb) Materials and methods 

(IIb.1) Participants 

Thirty-six healthy participants were recruited for the study. They were all naïve with respect 

to the aims of the experiment and were paid (25 ú) for their participation. Participants were 

right-handed (by self-report) and had normal or corrected-to-normal vision. The study and 

experimental procedures were approved by the local ethics committee. Participants provided 

written informed consent after receiving explanations of the experimental task and proce-

dures, in accordance with the guidelines of the local ethics committee and the Declaration of 

Helsinki. 

Data collected from six participants were excluded from the analysis because the EEG sig-

nal was too noisy (n = 4) or because performance on the task was too low (i.e., positive feed-

back rate < 50 %; see following section and section IIc.1, pp. 75-76; n = 2). Analyses were 

then performed on the data from the remaining 30 participants (17 females; age: 25.1 ± 3.7 

years, mean ± SD). 

(IIb.2) Experimental setup and procedure 

Participants sat in a dark room in front of a screen (24 inches, 1920 × 1080 pixels, 120 Hz; 

VIEWPixx/EEG, VPixx Technologies Inc., Saint-Bruno-de-Montarville, Canada) at a view-

ing distance of approximately 60 cm. Their right hand held a custom-made isometric joystick 

securely fixed to a rigid support. The joystick was connected to a 6-axes force/torque sensor 

(Gamma F/T transducer, ATI Industrial Automation Inc., Apex, USA), which enabled contin-

uous hand force measurements. The analog output of the force/torque transducer was recorded 

with the EEG system (see section IIb.4, pp. 70-71) and acquired continuously with another 

data acquisition board (MCC-USB-1608G, 5000 Hz; Digilent, Pullman, USA), allowing 

(pseudo) real-time control of the visual display (see below). The visual display and acquisi-

tion of force/torque data were controlled using MATLAB ( R2021b; The MathWorks, Inc., 

Natick, MA, USA) and Psychtoolbox-3 (Brainard, 1997). 

Participants performed an isometric visuomotor tracking task. They exerted a constant lev-

el of force (target force; see below) by pulling the joystick through wrist abduction, primarily 

involving contraction of the extensor carpi radialis longus (ECRL ) muscle. The force exerted 

ï along one main sensor axis, here the x axis torque ï was used to control the angular velocity 

of a cursor and track a target moving at a constant speed along a circular path. Both the cursor 

and target consisted of two small mirror-image-arranged bars (dark and light gray, respective-
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ly; same size, width=1° visual angle; Fig. IIb.I, A). The force output was converted into the 

angular velocity of the cursor, ⱷ╬►▼►, using the following formula: 

ⱷ╬►▼►◄  Ў◄  ⱷ◄▌◄ z 
╕◄  Ў◄

╕◄▌◄
 

where ‫  constant angular velocity of the target, Ὂ  target force, and Ὂὸ  Ўὸ  

variation in force output over the interval ὸ  Ўὸ, with Ўὸ  inter-frame interval (~8.3 ms; 

frame rate: 120 Hz). Finally, the cursor angular position —  was derived as follows: 

Ᵽ╬►▼►◄  Ў◄  Ᵽ╬►▼►◄  Ў◄ z ⱷ╬►▼►◄  Ў◄ 

Notably, the cursor position could only be changed in the forward direction ï that is, in the 

same direction as the motion of the target (i.e., the cursor could not move backward). 

Each trial began with the simultaneous display of the fixation cross (black; width = 0.3°), 

the circular path (white; radius = 3.3°, width = 0.2°) and the target on a medium-gray back-

ground. The fixation cross and circular path were displayed at the center of the screen, where-

as the target appeared randomly in one out of four positions along the path (0, ˊ/2, ˊ, or 3/2ˊ 

rad). After a variable time (drawn randomly from a uniform distribution between 0.6 and 1.8 

s), the cursor was shown at the same position as the target, and the target began to move at a 

constant speed (ˊ*10-1 rad/s). Participants had to apply force to track the target as accurately 

as possible ï that is, to keep the cursor spatially aligned with the target. Therefore, the ideal 

performance was to quickly catch up with the target at the start of the trial and then keep the 

force exerted as close to Ὂ  as possible.  

In most trials (90 %, jump trials), at an unpredictable time (drawn randomly from a uni-

form distribution between 3 and 7 s after the start of target motion), the target was briefly ac-

celerated by jumping forward in the same direction as its motion (target displacement: ˊ*10-1 

rad in 0.2 s). Participants had to compensate for the target jump by realigning the cursor with 

the target as quickly and accurately as possible (see below). In the remaining trials (10 %, 

catch trials), the target completed its trajectory at a constant speed and participants had to con-

tinue tracking until the target had travelled the entire path (ˊ rad, corresponding to a total du-

ration of 10 s; see Fig. IIb.I, A). 

At the end of each trial, participants received color-coded feedback on both tracking per-

formance and, in jump trials only, the response to the target jump. Specifically, tracking per-

formance was evaluated by calculating the tracking error as the absolute difference between 

the angular positions of the cursor and target. Participants received positive feedback
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Fig. IIb.I. Participants performed a visuomotor task in which they controlled the velocity of a cursor to ac-

curately track a target. A. Timeline of jump trials in the experimental task. After a random time interval be-

tween 3 and 7 s, the target ójumpedô forward and participants were required to counteract as rapidly and accu-

rately as possible. At the end of each trial, participants received a color-coded feedback for their performance 

(see current section). EEG, EMG and force were recorded continuously throughout the experiment (see section 

IIb.4, pp. 70-71). B. Tracking accuracy before target jump is significantly different according to the performance 

after target jump (lines and shaded areas: averages ± standard errors). Top panel. Average accuracy computed in 

a temporal window of 1.4 s immediately before target jump, and divided between fast (light green) and slow 

(dark green) trials in terms of post-jump reaction time (RT). Bottom panel. Average accuracy computed as in the 

Top panel, and divided between accurate (light orange) and inaccurate (dark orange) trials in terms of post-jump 

accuracy (see current section and section IIc.I , pp. 75-76). C. Cursor velocity before target jump is significantly 

different according to the speed ï but not the accuracy ï of the performance after target jump (lines and shaded 

areas: averages ± standard errors; black dashed lines: target angular velocity). Top panel. Average cursor veloci-

ty computed in a temporal window of 1.4 s immediately before target jump, and divided between fast (light 

green) and slow (dark green) trials in terms of post-jump RT. Bottom panel. Average cursor velocity computed 

as in the Top panel, and divided between accurate (light orange) and inaccurate (dark orange) trials in terms of 

post-jump accuracy (see current section and section IIc.I , pp. 75-76).  

(circular path colored green) if the error in the relevant tracking interval (from 0.5 s after the 

start of the target motion until the jump of the target or the end of the trial for jump and catch 

trials, respectively) was kept below 0.08 rad (criterion error); otherwise, negative feedback 

(circular path colored red) was provided. Regarding the response to the jump, participants 

were given a limited time interval (criterion interval) to realign the cursor to the target, which 

was set at the beginning of the experiment equal to 0.6 s (except for participant #1, for whom 

it was equal to 0.4 s) and then adapted based on performance (see below). Participants re-

ceived positive/negative feedback (target colored green/red) if the error (again, the absolute 

cursor-target deviation in angular position) was below/above the criterion error (0.08 rad) for 

1 s after passing the criterion interval. After this 1-s interval, the trial ended. To keep the dif-
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ficulty of the task comparable among the participants, the criterion interval was adjusted 

block-wise according to individual performance. Specifically, the criterion interval in the cur-

rent block of trials was increased or decreased by 0.05 s if the positive feedback rate in the 

previous block had been above 80 % or between 40 % and 80 %, respectively; Otherwise, it 

was increased by 0.1 s.  

After a preliminary phase allowing participants to familiarize themselves with the task, 

subjects performed six blocks of 60 trials each (except for participant #1, who performed sev-

en blocks of 50 trials each). The type of trial (jump/catch) and initial target position were fully 

balanced and randomized within each block. 

(IIb.3) Maximum voluntary force estimation 

We followed a procedure similar to that described in a previous work (Tomassini et al., 2020). 

Participants were asked to apply their maximal force by pulling the joystick handle toward 

themselves ï i.e., by abducing the wrist ï with their right hand in response to a beep (800 Hz, 

0.05 s) and maintain the same force for 3 s (end of interval marked by a second identical 

beep). This procedure was repeated three times with a 14-s pause in-between repetitions. 

Maximum voluntary force (MVF ) was estimated as the mean force during the 3-s interval av-

eraged over at least 2 repetitions in which mean force did not differ (across repetitions) by 

more than 5 %. The entire procedure was repeated until this criterion was satisfied. The target 

force used for the experiment was set at 15 % of MVF. 

(IIb.4) EEG and EMG recording 

EEG data were recorded continuously (sampling rate: 1000 Hz) during the experiment using a 

64-channel active electrode system (Brain Products GmbH, Gilching, Germany). Electroocu-

lograms (EOGs) were recorded using four electrodes from the cap (FT9, FT10, PO9, and 

PO10) placed at the bilateral outer canthi and below and above the right eye to record hori-

zontal and vertical eye movements, respectively. An electrode placed on the left mastoid was 

used as the online reference. The impedance of the electrodes was kept below 15 kɱ.  

EMG data from ECRL ï a right arm muscle in the radial deviation of the wrist ï were col-

lected using a belly-tendon montage, amplified (×50.000) and bandpass filtered (10-500 Hz) 

with a D360 amplifier (Digitimer Ltd., Welwyn Garden City, Hertfordshire, UK). The muscle 

of interest was identified via standard palpation procedures during the task-instructed isomet-

ric abduction of the wrist. EMG data were also acquired with the EEG amplifier (1000 Hz).  
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All the recorded signals (EEG, EMG, and force) were synchronized with the visual display 

using the built-in VIEWPixx TTL triggering system. 

(IIb.5) Data analysis 

Data analysis was performed with MATLAB (R2021b; The MathWorks, Inc., Natick, MA, 

USA), using custom-made code, the FieldTrip toolbox (Oostenveld et al., 2011; RRID: 

SCR_004849)7, and the SleepTrip extension (RRID: SCR_017318)8. 

(IIb.5a) Behavioral analysis 

Reactivity to visual perturbation (target jump) was evaluated by calculating two main perfor-

mance metrics: 1) response accuracy and 2) reaction time (RT). The response accuracy was 

indexed by the spatial error, computed as the absolute difference between the angular posi-

tions of the cursor and target, averaged over the final post-jump 1-s interval (see section IIb.2, 

pp. 67-70). To estimate the RTs, the force signal (along the sensor axis where the force was 

mainly exerted ï i.e., the x-axis torque) was first low-pass filtered (30 Hz; Butterworth, two-

pass, order 2). RT was then determined as the first sample of a consecutive series of 50 sam-

ples (0.05 s), starting with 75 samples (0.075 s) after the target jump, where the first deriva-

tive of the force exceeded 5 % of its maximum value. RTs were checked on a trial-by-trial ba-

sis and manually corrected if necessary (< 3 % of the trials). In some participants (73 %) and 

a small percentage of trials (1.96 ± 1.17 %; mean ± SD), RT could not be reliably determined; 

these trials were excluded from the analysis based on reactive performance.   

Performance during ongoing tracking was computed as the average spatial error (see sec-

tion IIb.2, pp. 67-70) over the pre-jump window (from -1.5 to 0 s) or from 2 to 8 s after the 

start of the target motion for jump and catch trials, respectively. 

(IIb.5b) EEG pre-processing 

Continuous EEG data were first bandpass filtered (0.1-300 Hz; Butterworth, two-pass, order 

2) and then segmented into epochs of varying length extending from 1 s after the start of the 

target motion until either the jump of the target (jump trials) or 1 s before the end of the trial 

(catch trials).  

The segmented data were then visually checked for bad channels and artifacts in the time 

domain. Independent component analysis (ICA ) was used to identify and remove residual ar-

 
7 http://www.fieldtriptoolbox.org 
8 http://www.sleeptrip.org 

http://www.fieldtriptoolbox.org/
http://www.sleeptrip.org/
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tifacts related to eye movements and heartbeat. Noisy EEG channels were excluded from the 

ICA analysis and subsequently interpolated using a distance-weighted nearest-neighbor ap-

proach. 

(IIb.5c) Spectral analysis and coherence 

Fourier-based analysis (frequency range, 5-35 Hz; step, 0.5 Hz) of the force was performed on 

Hanning-tapered 1.5-s data windows (non-overlapped) belonging to continuous tracking peri-

ods (jump trials: from -1.5 to 0 s relative to the target jump; catch trials: from 2 to 8 s after the 

start of the target motion). To estimate the periodic components, the resulting power spectrum 

was parameterized using FOOOF9 (as implemented in the SleepTrip toolbox; settings: aperi-

odic mode, ófixedô; max peaks, 4; peak width, 0.5-12 Hz; min peak height, 2 dB; peak thresh-

old, 2 SD; proximity threshold, 1 SD). Individual alpha- and beta-band periodic components 

were identified as the center frequencies of the fitted peaks that fell in the 5-15 Hz and 15-35 

Hz range, respectively (the peak with higher power was considered if > 1 peak met this crite-

rion). 

Cortico-force phase coherence was computed by applying short-time Fourier transform 

(frequency range, 5-35 Hz; step, 0.5 Hz) on Hanning-tapered 0.3-s windows (overlap: 50 %) 

that included the same data (both jump and catch trials) used for the force spectral analysis 

(see above). To estimate the dependence of coherence on the relative time (lag) between cor-

tical (EEG) and peripheral (force) signals, we repeated this analysis by systematically shifting 

the EEG signals backward (negative lags) and forward (positive lags) in time relative to the 

force signals by ±0.3 s (step, 0.025 s). 

To test whether pre-jump coherence changed depending on reactive performance, we com-

puted time-resolved estimates of lagged coherence (frequency range, 5-35 Hz; step, 0.5 Hz) 

separately for trials showing either short or long RTs, and high or low response accuracy 

(small/large error) based on (separate) median splits of the data (jump trials only). Specifical-

ly, coherence was computed on 0.3-s sliding windows that were advanced from -1.45 to -0.25 

s (step, 0.025 s) relative to the target jump. This analysis was repeated for lags from -0.3 to 

0.2 s10. 

 
9 Fitting Oscillations and One-Over-F 
10 For the sake of clarity, pre-jump cortico-force phase coherence computation followed the same procedure 

adopted for all trials ï both jump and catch ï described in the previous paragraph (0.3-s sliding windows in steps 

of 0.025 s), but with a focus on the time window immediately preceding the jump of the target (-1.45 ï -0.25 s). 

Within this time window, we again estimated the dependence of coherence on the relative time lag between EEG 

and force signals by considering lags between -0.3 and 0.2 s (step, 0.025 s). This means that, while the time win-

dow employed for force signals was fixed between -1.45 and -0.25 s, time windows considered for EEG signals 

could range from -1.75 ï -0.55 (maximum negative lag) to -1.25 ï -0.05 (maximum positive lag). 
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(IIb.5d) Single-trial analysis 

In addition to the classical coherence metric, we derived a point-by-point estimation of the 

phase synchronization strength, hereafter called óinstantaneous couplingô (IC ), using the same 

approach as that used by Rohenkohl and collaborators (2018). This analysis was based on the 

same frequency representations as used for the estimation of time-resolved coherence (see 

above), but it was restricted to the alpha (8-12 Hz) and beta (18-30 Hz) band and to the lags at 

which coherence contrasts based on median splits (see previous section) centered in the re-

spective ranges (alpha, -0.15 s; beta, -0.025 s).  

The IC quantifies for each trial and time point how close the phase relationship between 

the relevant signals (in this case, EEG and force) is to their ópreferredô (mean) phase relation-

ship. To this end, we first computed the cross-spectral density (CSD) between the EEG (i) 

and force (j) signal Fourier spectra (F; ´ denotes the conjugate) at each time point (t) and fre-

quency (f) (and for each trial) as follows: 

╒╢╓░▒◄█  ╕░◄█ ╕z▒◄█ᴂ 

The normalized average of the CSD across time (and trials) provides an estimate of the mean 

phase relation (the ópreferredô phase): 

ⱬ░▒█  
В ╒╢╓░▒◄█
◄
◄

В ╒╢╓░▒◄█
◄
◄

 

We then computed the instantaneous deviation from the mean phase relation at each time 

point (and for each trial) as the órotated CSDô: 

╒╢╓░▒◄
►▫◄█  ╒╢╓░▒◄█ᶻ ░▒█ᴂ 

By taking the cosine (cos) of the resulting phase angle (arg), we finally obtain the single-trial 

IC estimates, whose values range from -1 (observed phase relationship opposite to mean 

phase relationship) to 1 (observed phase relationship equal to mean phase relationship): 

╘╒░▒◄█ ἫἷἻ╪►▌╒╢╓░▒◄
►▫◄█
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(IIb.6) Statistical analysis 

Statistical comparisons were performed between trial categories defined by median splits of 

data on either RT (fast-slow) or response accuracy (accurate-inaccurate)11. Behavioral data 

were subjected to conventional paired sample t-tests by controlling the False Discovery Rate 

(FDR; as described by Benjamini and Yekutieli, 2001). Statistics on cortico-force coherence 

were obtained using cluster-based permutation tests (Maris & Oostenveld, 2007), which allow 

more effective handling of multiple comparisons in the case of multidimensional data (i.e., 

frequency, lag, and time). This nonparametric statistical approach consists of first selecting all 

samples exceeding an a priori decided threshold (uncorrected p < 0.05, 2-tailed) for univariate 

statistical testing (dependent-sample t-test) and then clustering them based on their contiguity 

along the relevant (frequency/lag/time) dimension(s). Cluster-level statistics were computed 

by taking the sum of the t-values in each cluster. This sum is then used as a test statistic and 

evaluated against a surrogate distribution of maximum cluster t-values obtained after permut-

ing data across conditions (at the level of participant-specific condition averages). Surrogate 

distributions were generated using 10,000 permutations. The p-value is given by the propor-

tion of random permutations that yield a larger test statistic compared with that computed for 

the original data. 

In addition to statistical comparisons based on median splits, we performed linear mixed-

effects (LME ) model analysis. In this analysis, a single model was fitted to the data from all 

participants, incorporating fixed-effects factors (independent variables of interest or predic-

tors) and random-effects intercepts (using the participant as a grouping variable). The model 

behind this analysis can be written as follows: 

╨░▒  ♫ ◊░ ♫▪▬►▄▀░╬◄▫►▪░▒ 

where ὣ denotes the response variable (i.e., RT or accuracy) for participant Ὥ (with Ὥ = 1, 

2é30) and trial Ὦ (with Ὦ = 1, 2étotal number of trials), ‍π is the constant intercept term, όπ 

is the random-effect for the intercept (for each level of the grouping variable ï i.e., for each 

participant Ὥ), and ‍ὲ is the fixed-effect term for predictor ὲ (with ὲ = 1, 2étotal number of 

predictors). 

 
11 Given that in some participants (73 %) and a small percentage of trials (1.96 ± 1.17 %; mean ± SD) RT could 

not be reliably determined and that those trials were excluded from the analysis based on reactive performance 

(see section IIb.5a, p. 71), the number of trials for each participant considered for the analyses following median 

splits of data is slightly different between fast-slow (172 ± 2 for each subset, mean ± SD) and accurate-

inaccurate (median split on all 351 jump trials) datasets. 



75 
 

(IIc) Results 

Participants (n = 30, 17 females; age: 25.1 ± 3.7 years, mean ± SD) performed an isometric 

visuomotor tracking task while continuous EEG (64-channel), EMG, and force were recorded. 

Specifically, they applied force on an isometric joystick with their right hand to control the 

speed of a cursor and track a target moving at a constant speed along a circular path (radius: 

3.3° visual angle). Both the cursor and the target consisted of two small mirror-image-

arranged bars (dark gray and light gray, respectively; same size, 5 × 1° visual angle) that 

moved jointly along the path (see Fig. IIb.I, p. 69, and section IIb.2, pp. 67-70). In most trials 

(90 %, jump trials), at an unpredictable time (drawn randomly from a uniform distribution be-

tween 3 and 7 s after the start of the target motion), the target briefly accelerated by jumping 

forward in the same direction of its motion; participants had to compensate for the target jump 

by realigning the cursor to the target as quickly and accurately as possible. In the remaining 

trials (10 %, catch trials), the target completed its trajectory at a constant speed, and partici-

pants continued tracking until the target traveled the entire path (corresponding to a total dura-

tion of 10 s). At the end of the trial, participants received color-coded feedback on their per-

formance in relation to both the accuracy of ongoing tracking and, for jump trials only, the 

compensatory response to the target jump (see section IIb.2, pp. 67-70, for details). 

(IIc.1) Ongoing performance predicts reactive performance 

Participants were able to track the target with the required accuracy in 72.4 ± 2.34 % of the 

trials (thus receiving positive feedback; see section IIb.2, pp. 67-70, and Fig. IIb.I, p. 69), with 

an average tracking error (absolute difference between the cursor and target angular positions) 

of 1.19 ± 0.05 deg (mean ± SE). In jump trials, they responded with a transient increase in 

force 0.288 ± 0.05 s after the target jump, and eventually succeeded in realigning the cursor to 

the target with an error of 2.1 ± 0.06 deg, achieving overall positive feedback on their com-

pensatory response in 59.3 ± 2.06 % of the trials (mean ± SE; see section IIb.2, pp. 67-70, and 

Fig. IIb.I, p. 69). 

Participantsô ability to counteract visual perturbations varied systematically with their on-

going tracking performance. Performance before the target jump (from -1.45 to 0 s) showed 

higher accuracy (i.e., lower tracking errors) in trials in which reactions to the target jump were 

either fast or accurate (based on separate median splits) than slow or inaccurate (all p-values < 

0.001; two-tailed paired sample t-tests with FDR correction across time; see Fig. IIb.I, p. 69). 

The ongoing motor output itself ï i.e., the force exerted (which encoded cursor speed, not po-

sition; see section IIb.2, pp. 67-70) ï was also predictive of participantsô readiness to compen-
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sate for the target jump. In fact, pre-jump force was lower in fast trials than in slow trials well 

before the target jump (from -0.86 to 0 s; all p-values < 0.04, FDR-corrected), whereas no dif-

ference in force was observed between accurate and inaccurate trials (all p-values > 0.08, un-

corrected). This pattern of results was confirmed by performing (separate) LME model analy-

sis on RT and accuracy (as response variables) using the tracking error and force averaged 

from -0.85 to 0 s before the target jump as predictors. RT was significantly (and independent-

ly) predicted by both pre-jump tracking error (t9377 = 20.2472; p < 0.0001; – = 0.0405) and 

force (t9377 = 22.3403; p < 0.0001; – = 0.0510), whereas response accuracy was significantly 

predicted by tracking error (t9377 = 11.1298; p < 0.0001; – = 0.0127), but not by force (t9377 = 

-0.8418; p = 0.399).  

(IIc.2) Cortico-motor coupling shows spectral and lag selectivity 

We first aimed to characterize cortico-motor dynamics during continuous visuomotor control 

by examining the coupling between EEG activities and force output. 

It is commonly reported that the force expressed under isometric conditions exhibits a dis-

tinctive spectral content featuring an alpha-band rhythm, often called physiological tremor 

(Vallbo & Wessberg, 1993; Wessberg & Vallbo, 1995; for a review see McAuley & Marsden, 

2000; cf. also section IIa.2, pp. 63-65). Indeed, the force signal (during continuous tracking) 

showed a consistent periodic component (separable from the 1/f component; see section 

IIb.5c, p. 72, and Fig. IIc.I, A), with oscillatory peaks in the alpha band observable in all par-

ticipants (range: 8-13 Hz). Smaller amplitude peaks were also detectable in the beta band 

(range: 21-31Hz), although in a much smaller percentage of participants (27 %). 

We analyzed the relationship between these peripheral rhythms and cortical activity by 

computing phase coherence over 0.3-s windows (overlap: 50 %) during continuous tracking 

(i.e., excluding post-jump data; see section IIb.5c, p. 72). Two distinct peaks were observed in 

the coherence spectrum, one in the alpha (~8-13 Hz) and the other in the beta (~18-30 Hz) 

range (Fig. IIc.I, B). A recent study (Tomassini et al., 2020) showed that cortico-force coher-

ence in the alpha band has a peculiar lag-tuning profile, such that it is maximized if an antici-

patory time lag of cortical signals relative to peripheral signals is accounted for. Therefore, we 

repeated the analysis of coherence as a function of lag using cortical signals that were system-

atically backward-shifted (negative lags) or forward-shifted (positive lags) relative to the 

force signals (see section IIb.5c, p. 72). Fig. IIc.I (B, Lower panel) shows that the lag-tuning 

profile peaks at more negative values for alpha (max lag: -0.175 s) than for beta (max lag: -

0.05 s) coherence, confirming the previously reported findings (Tomassini et al., 2020). 
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Fig. IIc.I. Spectral and lag selectivity of cortico-force phase coherence. A. Force shows a consistent spectral 

peak in the 8-13 Hz frequency band during continuous tracking (lines and shaded areas: mean ± SE). Upper 

panel. Spectral content of original signal (blue), model (cyan) ï i.e., fitting of the periodic and aperiodic compo-

nents by means of FOOOF parameterization ï and 1/f aperiodic component (black) (see section IIb.5c, p. 72). 

Lower panel. Spectral content of the ratio between the original signal and the 1/f aperiodic component (purple), 

with an evident peak in the alpha frequency band. B. Cortico-force phase coherence shows two distinct peaks 

that are lag selective (lines and shaded areas: mean ± SE). Upper panel. Two different peaks in the alpha (~8-13 

Hz) and beta (~18-30 Hz) range can be observed in the coherence spectrum (black). Lower panel. Lag-tuning 

profile of alpha (dark green) and beta (light brown) cortico-force phase coherence, with the related topographies 

(left). The more negative lag for alpha (max lag: -0.175 s) with respect to beta (max lag: -0.05 s) coherence is in 

line with previous findings (Tomassini et al., 2020). 

The topographical distribution of coherence in both bands closely matches that commonly 

reported in other studies (e.g., see Salenius et al., 1997; Schoffelen et al., 2005), being mainly 

concentrated on frontocentral electrodes contralateral to the hand effector (highlighted as 

black circles in Fig. IIc.I, B, Lower panel, left). Hereafter, analyses were performed by aver-

aging the coherence estimates over this relevant set of electrodes (i.e., FC1-FC3-FC5, C1-C3-

C5 and CP1-CP3-CP5).  
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(IIc.3) Alpha and beta coherence play distinct roles in reactive visuomotor control 

After showing that cortical activities are phase-coupled with spectrally selective patterns to 

the motor output during visuomotor tracking, we tested whether ongoing fluctuations in this 

coupling are functionally relevant for reactive visuomotor control; That is, they are associated 

with a different capacity to counteract an unpredictable visual perturbation ï i.e., target jump-

ing. Thus, we examined cortico-motor coherence in a time interval close to the target jump 

(from -0.5 to -0.25 s) for trials with fast vs. slow and accurate vs. inaccurate responses (again, 

based on median splits). Fig. IIc.II (A) shows that cortico-force coherence is stronger in the 

alpha band for fast trials than for slow trials (p = 0.0112; cluster-based permutation test cor-

rected for multiple comparisons across frequencies [5-35 Hz] and lags [-0.3 ï 0.2 s]; cluster 

frequency interval: from 5.5 to 11.5 Hz; lag interval: from -0.225 to 0.025 s). This modulation 

reaches a maximum at 9 Hz and at negative lags of -0.125 s, which is consistent with the lag-

tuning profile of alpha coherence. In contrast, when splitting trials on the basis of accuracy, 

higher beta-band coherence was observed for accurate responses than for inaccurate responses 

around zero lag (Fig. IIc.II, B; p < 0.001; cluster frequency interval: from 18.5 to 30.5 Hz; lag 

interval: from -0.15 to 0.1 s). In other words, alpha and beta coherence are functionally disso-

ciated, predicting either the readiness or accuracy of reactive behavior. 

 

Fig. IIc.II. Alpha and beta co-

herence are associated with 

different relevant aspects of 

visuomotor performance. A. 

Alpha coherence immediately 

before target jump (black 

dashed line) is higher for fast 

RT with respect to slow RT tri-

als. Alpha coherence peaks at a 

frequency of 9 Hz and at a time 

lag of -0.125 s, which is in line 

with its negative lag tuning 

profile (cf. previous section and 

Fig. IIc.I, previous page). B. 

Pre-jump (black dashed line) 

beta coherence is stronger for 

accurate with respect to inaccu-

rate trials. The accuracy is re-

ferred to the compensation in 

the post-jump time interval. 
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Fig. IIc.III . Over-time changes in the strength of alpha and beta coherence. A. Alpha band cortico-force 

phase coherence is higher for fast RT than slow RT trials in the moments immediately preceding target jump. 

Left. Fast-slow 8-12 Hz coherence is represented in a time window of 1.2 s (x axis) immediately before the jump 

of the target, with respect to the temporal lag (y axis; black dashed line: lag zero). Right. Time course of alpha 

band coherence in the same time window, divided between fast (light green) and slow (dark green) RT trials. B. 

Beta band cortico-force phase coherence is higher for accurate with respect to inaccurate trials in the moments 

immediately preceding the jump of the target. Left. Accurate-inaccurate 18-30 Hz coherence is represented in a 

time window of 1.2 s (x axis) immediately before target jump, with respect to the temporal lag (y axis; black 

dashed line: lag zero). Right. Time course of beta band coherence in the same time window, divided between ac-

curate (light orange) and inaccurate (dark orange) trials. 

Next, we examined whether coherence modulations in the relevant spectral ranges (alpha: 

8-12 Hz, beta: 18-30 Hz) changed over time. In fact, if alpha and beta coherence are function-

ally relevant for performance, their respective impacts on RT and accuracy should increase as 

one approaches the time of the target jump. This is indeed what we found. Fig. IIc.III  shows 

that the fast vs slow (p = 0.009; cluster time interval: from -0.475 to -0.25 s; lag interval: from 

-0.25 to -0.05 s) and accurate vs inaccurate (p = 0.0015; cluster time interval: from -0.475 to -

0.25 s; lag interval: from -0.125 to -0.1 s) contrasts for alpha and beta coherence, respectively, 

show a very similar temporal profile, both being maximal in the moments immediately pre-

ceding the visual perturbation, and thus the ensuing motor response.  
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(IIc.4) Cortico-motor phase relation predicts reactive performance on a trial-by-trial basis, 

independent of ongoing performance and power modulations 

To investigate whether good reactive performance (fast/accurate response) depended on (al-

pha/beta) synchronization at an optimal phase relation, we adopted an approach similar to that 

used by Rohenkohl and colleagues (2018) to examine interareal synchronization in monkey 

data. We derived a point-by-point estimation of the phase-coupling strength between cortical 

and force signals, hereafter called óinstantaneous couplingô (IC ). This is based on calculating 

the deviation between the phase relationship observed at a given time point and the ópre-

ferredô or óoptimalô phase relationship ï i.e., the between-signals mean phase relationship 

(across time and trials; for details see section IIb.5d, p. 73). In other words, the IC quantifies 

how close/far the phase relationship between two signals is from their mean phase relation-

ship. We estimated IC in the alpha (8-12 Hz) and beta (18-30 Hz) band, at the lags (alpha: -

0.15 s, beta: -0.025 s) and time point (-0.35 s) where the contrasts for fast vs slow and accu-

rate vs inaccurate coherence were concentrated (see previous section). We then fitted 

RT/accuracy (dependent variables) using separate LME models, including alpha/beta IC as a 

predictor (fixed-effect factor). As expected, alpha and beta IC significantly predicted RT (t9378 

= -3.7578; p = 0.0136; – = 0.1374) and accuracy (t9378 = -0.1051; p = 0.0326; – = 0.0572), 

respectively. The sign of the beta coefficients indicates that both shorter response times and 

smaller response errors are associated with a relative phase between cortical and force signals 

closer to the óoptimalô phase.  

An advantage of this analytical approach is that it provides a powerful and straightforward 

way to control for the effect of possible confounding factors. Two main factors may contrib-

ute to or explain the differences in pre-jump coherence. One of these is that post-jump per-

formance covaries with pre-jump performance, namely tracking accuracy and force exerted 

(see section IIc.1, pp. 75-76, and Fig. IIb.I, p. 69), both of which could be the true sources of 

the observed pre-jump coherence modulation. The second factor pertains to possible pre-jump 

differences in oscillatory power, which may bias coherence estimates. As shown in Fig. 

IIc.IV , while no significant modulation of power was observed as a function of response accu-

racy, fast reactions were preceded by lower power than slow reactions in both the alpha and 

beta ranges, and over an extended window before the target jump. These power modulations 

have different topographic distributions (parieto-occipital) and opposite signs (fast < slow) 

compared to the coherence modulations (fast > slow), ruling out a direct role involving the 

same relevant oscillatory activity. However, they can still contribute indirectly to the observed 

coherence modulations. In fact, a functionally distinct but spectrally overlapping activity (e.g., 
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Fig. IIc.IV. Modulations in 

pre-jump oscillatory power 

related to RT and accuracy. 

A. Power immediately before 

the jump of the target is lower 

in trials with fast reaction times 

with respect to slow trials. To-

pographies of these modula-

tions (left) are different than 

that of cortico-motor phase co-

herence (cf. Fig. IIc.II, p. 78) in 

both the alpha (upper panel) 

and beta (lower panel) fre-

quency band. These different 

topographies rule out a direct 

involvement of this modula-

tion. B. No significant modula-

tion in power immediately be-

fore target jump is found in re-

lation with post-jump response 

accuracy. 

occipital alpha) could mask the relevant activity that is truly phase-coupled with the motor 

output. The higher the power of the irrelevant activity, the stronger is the negative impact on 

phase estimation of the relevant activity, resulting in a spurious reduction in coherence. To 

control for the contribution of these confounding factors, we ran the same previous regression 

analysis and included them as additional predictors, thus allowing us to discard any of their 

shared explanatory contributions with IC. To this end, we extended the analysis window by 

fitting different models for each time point from -0.85 to 0 s, thus covering the time interval 

up to which ongoing performance was significantly associated with reactive performance (see 

Fig. IIb.I, p. 69). Each model fitted to RT/accuracy included as predictors alpha/beta IC, al-

pha/beta power (estimated at the same time point and same frontocentral electrodes), as well 

as pre-jump tracking error and force (averaged from -0.85 to 0 s; see section IIb.5a, p. 71). 

Both alpha and beta IC retained their significant explanatory power with virtually no change 

in effect size, suggesting that the contribution of ongoing cortico-motor synchronization to 

post-jump response time and accuracy is independent of ongoing fluctuations in oscillatory 

power and behavioral performance (possibly indexing general attention and arousal). In addi-

tion, beta coefficients for both the alpha and beta IC increasingly deviate from zero as the 



82 
 

time of the target jump approaches, further supporting their genuine predictive values for per-

formance. 
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(IId) Discussion 

The integration of multimodal sensory afferences in order to program and perform motor out-

puts lays the foundations for adaptive and effective motor behaviors. However, the neural ba-

ses of this sensorimotor coupling are still poorly understood. In this study, we bring evidence 

that two sensorimotor loops ï operating at different time and frequency scales ï may be at 

play when reactivity and accuracy are required. 

The main finding reported here is that alpha and beta cortico-motor phase coherence pre-

dicts different aspects of sensorimotor control. Whereas the first is related to how readily hu-

man beings counteract to a task relevant perturbation, the latter is concerned with how accu-

rately they compensate for it. Furthermore, we also corroborated previous results (Tomassini 

et al., 2020), showing that these phenomena peak at different time lags between the relevant 

cortical rhythms and the oscillations in the motor output. While the relation between cortical 

and peripheral signals in the alpha band is distinctively anticipatory (i.e., with central oscilla-

tions strongly forerunning the motor output), the lag tuning of beta cortico-force coherence 

approximates zero. 

(IId.1) Alpha-band cortico-motor coherence may reflect the operation of a visuomotor control 

loop relevant to movement performance 

While more thoroughly investigated in the beta (e.g., Van Elswijk et al., 2010) and gamma 

(e.g., Schoffelen et al., 2011) frequency bands, cortico-peripheral coherence in the alpha band 

lacks a similarly robust characterization (Budini et al., 2014; Mehrkanoon et al., 2014; cf also 

McAuley & Marsden, 2000). Recent findings, however, provided evidence of its involvement 

in the detection of movement-unrelated visual stimuli, suggesting its role as a neural proxy of 

a task-independent visuomotor control loop (Tomassini et al., 2020). The present results allow 

us to push this suggestion further, proposing that alpha-band cortico-motor coherence may 

subtend the operations of a visuomotor control loop that, under task constrains, may be rele-

vant to movement performance and ï specifically ï to rapidly compensate for perturbations 

detected by the visual system. 

The fact that the strength of coherence in the alpha band predicts how fast participants re-

acted to the jump of the target is indeed intriguing. Far from being a peripheral, subtle ï i.e., 

at perceptual threshold ï and unrelated visual stimulus (Tomassini et al., 2020), the visual 

perturbation employed in this study introduced instead a salient spatial discrepancy in a brief 

(0.2-s-long) time interval. It is possible that the ongoing alpha-cycling cortico-motor synchro-

nization, when tuned at the preferential phase in the moments immediately before the pertur-
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bation, allowed for a fast encoding of its characteristics. This would, in turn, ensure the rapid 

generation of a motor program dedicated to the compensation of the visual discrepancy de-

tected. 

Our results speak also in favor of a central neural drive for peripheral oscillations at ~10 

Hz ï i.e., physiological tremor. While we cannot rule out the involvement also of more pe-

ripheral processes (Granit & Renkin, 1961; Homberg et al., 1986; Matthews, 1993; Mori, 

1975; Williams & Baker, 2009), the cortico-motor coherence in the alpha frequency band 

found here corroborates the interpretation that central mechanisms play a role in the genera-

tion of physiological tremor (McAuley & Marsden, 2000; Vallbo & Wessberg, 1993; Wess-

berg & Vallbo, 1995). Furthermore, the relevance of alpha cortico-peripheral synchronization 

for motor performance that emerges in our results suggests also that physiological tremor 

might be considered as a peripheral proxy for the activity of a ~10-Hz-paced visuomotor con-

trol loop. 

(IId.2) Beta-band cortico-motor coherence may ensure the restoration of stable motor outputs 

under accuracy constraints 

The role of cortico-peripheral coherence in the beta frequency band has been thoroughly in-

vestigated in literature and generally associated with the fine control of ongoing isometric 

muscular contractions (e.g., see Kristeva et al., 2007; Van Elswijk et al., 2010). Within this 

framework, it may subtend the activity of a beta-cycling sensorimotor loop presumably based 

upon somatosensory and proprioceptive information (Aumann & Prut, 2015; Baker, 2007; 

Witham et al., 2011). Other works further characterized the role of beta cortico-peripheral co-

herence with respect to the production of movements. On the one hand, while prioritizing the 

maintenance of the existing contraction state, strong beta cortico-spinal synchrony impairs the 

generation of new movements (Gilbertson et al., 2005). On the other hand, it has been shown 

that motor corrections performed on the basis of visual information are more effective during 

periods of high cortico-muscular coherence in the beta frequency band (Androulidakis et al., 

2006). 

Here, we found that the strength of beta cortico-motor synchronization before the visual 

perturbation predicted how accurately participants maintained the task-instructed isometric 

contraction after reacting to the jump of the target. Noteworthy, the visual feedback in our 

experiment provided information concerning the level of force exerted, therefore allowing for 

a strong congruency between visual and proprioceptive afferences. Furthermore, the level of 

contraction that participants were required to maintain after the jump of the target was the 

same as that requested before it. Hence, it may be that a beta-driven fine grained encoding of 
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the proprioceptive and visual information related to isometric contraction allowed for an accu-

rate restoration of an appropriately stable motor state after the perturbation. 

(IId.3) An interplay between two ï or more? ï sensorimotor loops 

The main result reported here is the functional decoupling of the alpha- and beta-band cortico-

motor coherence, the first being involved in readily reacting to visuomotor perturbations 

whereas the latter dedicated to accurately restoring a stable motor output. Such functional de-

coupling subtends mechanisms that operate at different frequency and time scales, and holds 

also when the same phenomena are investigated at a single trial level. 

In light of this, and in line with the literature concerning cortico-peripheral coherence, we 

can propose that our evidence highlights the activity of two distinct sensorimotor loops. The 

first one is an alpha-paced visuomotor loop, which encodes visual afferences that are exploit-

ed to rapidly compensate for visuomotor discrepancies. The second one is a beta-cycling sen-

sorimotor loop that deals with the accuracy of muscular isometric contraction after the same 

discrepancies are compensated for. A balanced interplay between the simultaneous activity of 

both those sensorimotor loops ensures motor responses that are sufficiently fast, as well as 

appropriately accurate. 

Intriguingly, this balance brings a strong familiarity with the long-known phenomenon of 

the speed-accuracy trade-off (Fitts, 1954; Fitts & Peterson, 1964; Woodworth, 1899; see sec-

tion Ib.1, pp. 8-10). Namely (and briefly), one cannot produce a movement that is at the same 

time extremely fast and perfectly accurate, but has to choose the correct balance between 

these two aspects in order for the movement to be effective. Suggesting an explanation of the 

speed-accuracy trade-off in terms of cortico-motor coherence is beyond the scope of this work 

and would be a much speculative stretch. What we believe that it is important to underline 

here, however, is that the dynamics of two different cortico-peripheral rhythms subtend com-

plementary aspects of motor behavior that need to be balanced for effective motor perfor-

mance. 

An interesting perspective is that not only sensorimotor loops allow for the fine interplay 

between relevant bottom-up sensory afferences and congruent top-down motor commands. 

Rather, multiple sensorimotor loops ï based on different sensory modalities and cycling at 

distinct frequency and time scales ï operate in parallel to ultimately produce the effective mo-

tor behaviors that we commonly observe in human beings and other animals. This óinterplay 

of interplaysô might be orchestrated by a selective time-frequency-phase tuning, shaped by 

evolution according to the neuronal populations involved and the neural processes required. 
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Which mechanisms might be responsible for this orchestration, as well as how this inter-

play of sensorimotor loops could operate, however, is a matter of further investigations. 
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III  

Additional works  

In this last chapter, two ongoing experiments will be briefly reported. Both studies address 

submovements as a putative behavioral proxy of the intrinsic dynamics of visuomotor loop 

control (see section Ib.5, pp. 16-20). The first one is a behavioral experiment in which partici-

pants were involved in a visual tracking task requiring bimanual control, both in an intra- and 

interpersonal coordination paradigm. The second one is an EEG study in which subjects per-

formed oscillatory movements with the right index finger while observing salient visual stim-

uli which were not related to the motor task. 

For what pertains the first experiment, it is worth to mention the effort that it required in 

terms of setup preparation and hardware testing ï both force/torque sensors and data acquisi-

tion devices, as well as the combination of the two. As already mentioned at the beginning of 

chapter II  (see p. 59), it is hard to provide a description and a quantification for this part of 

the experimental work. However, several load sensors have been tested to find the most suita-

ble for the aims of our studies. The same holds true for data acquisition boards. This brought 

to the assembling of the setup that have been employed for the experiment described in sec-

tions IIb-d (pp. 67-85), further implemented for the work summarized in the following sec-

tion, and will be used also in future studies. 

Aim(s) of the study, materials and methods employed and expected results will be summa-

rized for each experiment. When already present, preliminary results will also be outlined and 

discussed. 
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(IIIa) Movement intermittency across limbs suggests hemispheric specializations in 

visuomotor control  

For what concerns the contributions to this work, I participated in designing the experiment, 

collected the data along with Chiara Esposto and performed the analysis reported in this the-

sis. Alice Tomassini and Alessandro DôAusilio supervised all the stages that took place so far. 

(IIIa.1) Introduction  

The dominant and the non-dominant hand are thought to employ very different control modes 

during movement performance (Sainburg & Kalakanis, 2000; Winstein & Pohl, 1995). In-

deed, models of bimanual motor coordination suggest hemispheric differences, which may re-

flect the use of complementary control policies for movement guidance (e.g., see Carey et al., 

1996). Among these models, the influential dynamic dominance hypothesis proposed by 

Sainburg (2002) postulates that the dominant hemisphere ï left in right-handers ï is supposed 

to rely more on predictions to produce mechanically efficient actions. On the other hand, the 

non-dominant hemisphere ï right in right-handers ï might exploit impedance control to stabi-

lize movements in reaction to unpredictable perturbations (Sainburg, 2002; see also Sainburg 

& Kalakanis, 2000). 

Recent works from our group (Nazzaro et al., 2023; Tomassini et al., 2022) have already 

explored both the intra- and interpersonal coordination at the submovements level (see also 

section Ic.3, p. 36). Tomassini and collaborators (2022) employed a classical movement syn-

chronization task (see Oullier & Kelso, 2009) in an interpersonal ï joint action (see Sebanz et 

al., 2006; Vesper et al., 2010; Vesper & Sevdalis, 2020) ï context, showing that submove-

ments are finely coordinated in an alternating fashion between partners during a dyadic inter-

action (Tomassini et al., 2022). Nazzaro and coworkers (2023) further developed this subject, 

using a variation of the same task in both an intra- and an interpersonal coordination para-

digm. Whereas confirming the results previously outlined by Tomassini and colleagues 

(2022) for what pertains the interpersonal task, microscopic intrapersonal coordination re-

vealed a more complex and mixed temporal pattern. Specifically, they observed submove-

ments alternation between the two hands of right handed subjects in a bimanual task, with left 

hand submovements consistently anticipating in time submovements performed with the right 

hand (Nazzaro et al., 2023). 

Here, we sought to employ a different visual tracking task requiring bimanual coordination 

(Susilaradeya et al., 2019; see also Emanuele et al., 2024). With respect to the works already 

outlined above (Nazzaro et al., 2023; Tomassini et al., 2022), this specific task may provide 
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two main advantages. On the one hand, it decouples in time the motor outputs required for the 

two sides of the body, and seems therefore to be specifically suited for highlighting potential 

hemispheric differences in feedback-based control policies. On the other hand, it allows to 

quantify performance accuracy on the basis of visuomotor spatial error. 

In light of this, our aim is to corroborate previous findings that submovements production 

differs between the dominant and the non-dominant hand in an interpersonal ï dyadic ï coor-

dination context. By decoupling in time right and left motor outputs, our hypothesis is that the 

temporal pattern already described in dyadic bimanual coordination might be brought to light 

in a more clear way with respect to the previous works already outlined (Nazzaro et al., 2023; 

Tomassini et al., 2022). Furthermore, a second experimental question consists in whether such 

submovement-level coordination may be functionally relevant to dyadic motor performance. 

Although this is a more explorative hypothesis, we might expect a fine tuning of submove-

ments alternation between the two hands as dexterity and visuomotor accuracy improve. 

(IIIa.2) Materials and methods 

(IIIa.2a) Participants 

So far, twenty-eight participants (16 females; age: 24.3 ± 2.6, mean ± SD) were recruited to 

participate in the ósoloô condition experiment. All of them were naµve with respect to the aims 

of the study and were paid (25 ú) for their participation. Participants were right handed ac-

cording to the Edinburgh Handedness Inventory (Oldfield, 1971; translated in Italian by the 

experimenter at the beginning of the experimental session12) and had normal or corrected-to-

normal vision. The study and experimental procedures were approved by the local ethics 

committee. Participants provided written informed consent after the explanation of the exper-

imental task and procedures, in accordance with the guidelines of the local ethics committee 

and the Declaration of Helsinki. 

In addition, twenty-four participants (14 females; age: 24.1 ± 2.8, mean ± SD) were select-

ed out of the ósoloô condition pool to form ten gender- and performance-matched couples, in 

order to participate in the ódyadicô condition during a second experimental session. All of 

them were paid (15 ú) for their participation. 

(IIIa.2b) Apparatus 

Participants sat in a dark room at a viewing distance of approximately 60 centimeters from an 

LCD monitor (ósoloô condition: 24 inches, 1920 × 1080 pixels, 120 Hz; VIEWPixx/EEG, 

 
12 questionnaire link: https://www.brainmapping.org/shared/Edinburgh.php. 

https://www.brainmapping.org/shared/Edinburgh.php
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VPixx Technologies Inc., Saint-Bruno-de-Montarville, Canada; ódyadicô condition: 48 inches, 

3840 × 2160, 120 Hz; OLED48C15LA, LG Electronics S.p.A., Milan, Italy). Two custom-

made isometric joysticks, which were securely fixed to a rigid support in order to avoid any 

displacement, were connected to a respective force/torque sensor (Gamma F/T transducer, 

ATI Industrial Automation Inc., Apex, USA). Sensors allowed to measure force and its re-

spective momentum continuously along the 3 orthogonal axes. For the purpose of the study, 

only one ï y axis torque ï out of the six channels of each transducer was considered during 

the experimental task and employed in the following analyses. Force/torque sensors outputs 

were collected by means of a data acquisition device (MCC-USB-1608G, 5000 Hz; Digilent, 

Pullman, USA), which allowed to display force output visual feedback pseudo-

instantaneously (i.e., with a delay of ~8.3 ms due to the screen inter-frame interval; see fol-

lowing section; cf. also section IIb.2, pp. 67-70). 

(IIIa.2c) Task 

The experimental task required participants to perform an isometric pronation of the wrist 

against the joystick while resting their elbow over a comfortable support. Such isometric con-

traction allowed to control the 2D position of a cursor (green circle; radius: 0.4° visual angle) 

and track a target (red circle; radius: 0.4° visual angle). The target moved at a constant pace of 

0.25 Hz ï i.e., ˊ/2 rad/s ï along a circular path (dark gray; radius: 4° visual angle; width: 0.4° 

visual angle), centered in the middle of the screen (middle-gray background). The 2D position 

of the cursor resulted from the vectorial sum of the instantaneous force exerted against the 

two joysticks, mapped onto two orthogonal axes (see Fig. IIIa.I, Left, following page). In 

light of this orthogonal orientation of the two vectors, force had to be applied sinusoidally 

over the two load transducers. To be effective, the frequency of this sinusoidal force exertion 

had to correspond as close as possible to that of target rotation (i.e., 0.25 Hz), as well as to 

own a relative phase shift as close as possible to /́2 between the two end effectors (see Fig. 

IIIa.I, Right, Top panel, following page). In the following, the 0.25 Hz periodicity ï 4 s peri-

od ï will be referred to as the macroscopic scale of movement (i.e., the task-instructed varia-

tion in force), in order to distinguish from the microscopic ï i.e., submovements ï level. 

Both the target directions of rotation ï clockwise or counterclockwise ï and the starting 

positions ï 0°, 90°, 180° or 270° ï were fully balanced and randomized across trials. Force 

data acquisition at the screen frame rate (i.e., 120 Hz) and instantaneous display of cursor and 

target were controlled via the Psychophysics Toolbox (Brainard, 1997) running on MATLAB 

(R2022b; The MathWorks, Inc., Natick, MA, USA), by means of custom made scripts. 
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Fig. IIIa.I. The experimental task required sinusoidal and phase-shifted force outputs. Left. Schematic rep-

resentation of the visuomotor tracking task in the ósoloô condition (adapted from Susilaradeya et al., 2019; see 

also Emanuele et al., 2024). Participants controlled a cursor (green circle) to track a target (red circle) that 

moved along a circular path with a constant rotation frequency of 0.25 Hz (i.e., at a constant angular velocity of 

ˊ/2 rad/s). In order to control the cursor position, participants exerted bimanual isometric pronation of the wrist 

against two joysticks (red and blue dots) connected to a respective force/torque sensor. Forces applied by the 

right (red arrow) and left (blue arrow) hand were mapped onto two orthogonal vectors pointing upward-leftward 

and upward-rightward, respectively (see previous and current sections). Right. Top panel. Force produced by the 

right (red line) and left (blue line) hand in an example trial. By task design, forces vary sinusoidally at ~0.25 Hz 

ï i.e., approximately at the target rotation frequency ï with a phase shift of ~́/2 between the two hands (see cur-

rent section). Middle panel. First derivative of the force produced by the right hand in the same example trial as 

shown above. 0.5-4.5 Hz band-passed signals (red line) are superimposed to the respective raw signal (orange 

line) in order to highlight submovements (see section IIIa.2f, pp. 94-95). Bottom panel. Same as above, with 0.5-

4.5 Hz band-passed signals (blue line) superimposed to the respective raw signal (cyan line) of the left hand 

force first derivative (see section IIIa.2f, pp. 94-95). 

(IIIa.2d) óSoloô condition 

In the ósoloô condition individuals performed the task bimanually, by exerting the required 

amount of force with the right and the left hand over the respective joystick. This condition 

consisted of two parts. In the first ï ólearningô ï part, participants underwent 4 blocks of 16 

trial each, during which they familiarized with the task. During this phase of the experiment, 

visuomotor tracking accuracy was continuously monitored but was not considered as a task 

constraint (see below). The second ï ótestô ï part comprised blocks of 8 trials each, and the
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Fig. IIIa.II. Participants reached a performance 

plateau after at least seven blocks. Participantsô 

average individual performance in the ósoloô condi-

tion (see current section) is indicated by thin col-

ored lines, whereas black dots and bars indicate the 

grand average and the standard error, respectively. 

A second-degree polynomial function has been fit-

ted (thick black line) to highlight the non-linear 

trend of subjectsô learning rate. 

total amount of blocks depended upon each subjectôs learning rate. To control for this varia-

ble, accuracy performance was computed for each trial as the average of the Euclidean dis-

tance ( ὼ ὥὼὭί ὨὭίὸὥὲὧὩ ώ ὥὼὭί ὨὭίὸὥὲὧὩ, measured in pixels) between the target and 

the cursor position. At the end of each block, the average visuomotor tracking accuracy was 

computed across trials. The experiment ended when subjects reached a performance plateau 

(see Fig. IIIa.II) which, in the specific case at hand, consisted in maintaining the average per-

formance accuracy within a variability range of ±5 % for 3 consecutive ótestô blocks. There-

fore, subjects could perform a minimum total amount of 7 (4 ólearningô + 3 ótestô) blocks ï 

i.e., a minimum amount of 88 trials (99 ± 11 trials per participant, mean ± SD; maximum: 128 

trials). In both the ólearningô and the ótestô part, trials ended after 20 s (i.e., after the target 

completed 5 cycles around its path). 

(IIIa.2e) óDyadicô condition 

In the ódyadicô condition, each participant held one out of the two joysticks. Dyads were sepa-

rated by a black frame, which prevented participants from seeing one another and allowed 

each of them to see only one half of the monitor. Four different experimental conditions were 

tested (R: right hand; L: left hand; P1 and P2: participants in the dyadic condition): L-R, R-L, 

R-R and L-L, considered in the order P1-P2. Participants therefore performed a joint action 

task that required the same bimanual control involved during the solo condition, but in an in-

terpersonal coordination context. Displayed on its respective half of the monitor, each partici-

pant received a feedback analogous to the one which was provided in the solo condition ï i.e., 

concerning the overall performance of both the hands involved in the task. Conditions were 

blocked across the experiment in such a way that dyads performed 4 blocks balanced random-

ized in the first half and, after swapping position (i.e., each participant sat on the other side of 

the frame), 4 blocks balanced randomized in the second half. Each dyad performed 2 blocks 

of 16 trials (duration: 20 s, same as in ósoloô) per each condition. 
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Fig. IIIa.III. Spectral content of force outputs. 

Apart from the sharp ~0.25 Hz peak corresponding 

to the macroscopic movement, submovements and 

physiological tremor components emerge in the 

power spectra of left (blue) and right (red) forces 

first derivatives (lines and shaded areas: mean ± 

SE, data from the ósoloô condition; cf. also Emanu-

ele et al., 2024). 

(IIIa.2f) Data analysis 

Far from being smooth, the slow sinusoidal variations in the force produced by wrists prona-

tion contain faster and smaller fluctuations (see Fig. IIIa.I, Right). In raw force signals, these 

faster components are largely obscured by the slow task-instructed ~0.25 Hz macroscopic 

modulation (see Fig. IIIa.I, Right, Top panel, p. 92, where microscopic oscillations ï alt-

hough already observable ï result barely visible). However, when the first derivative of force 

signals is analyzed in the frequency domain (see Fig. IIIa.III), it yields also two distinctive 

spectral peaks centered at approximately 1.5 and 9.5 Hz. These components fall within the 

frequency bands commonly associated with submovements (1-3 Hz; Miall et al., 1993; see al-

so section Ib.5, pp. 16-20) and physiological tremor (8-12 Hz; Vallbo & Wessberg, 1993; see 

also section IIa.2, pp. 63-65), respectively. 

We first employed a 2nd order double-pass Butterwoth filter and band-pass filtered the first 

derivative of force signals within the submovements relevant frequency range (i.e., between 

0.5 and 4.5 Hz; see Fig. IIIa.I, Right, Middle/Bottom panels, p. 92), as determined by the in-

spection in the frequency domain (see Fig. IIIa.III). Then, we localized the local maxima ï 

i.e., submovements peaks ï in the filtered signals. Within-time series inter-submovements in-

tervals (ISIs) were computed as the temporal difference between each submovement peak of a 

time series and the one immediately preceding in the same time series. 

We then time locked the data recorded from one sensor to the peaks identified in the time 

series of the other sensor, and repeated the same procedure vice versa. Between-time series 

ISIs were computed as the relative difference ï and, therefore, taking into account the sign of 

the result ï between each submovement peak of a time series and the one immediately closer 

in the other time series. 

After this procedure, submovements peaks in one time series were binned according to 

their latency with respect to the closest ï either preceding or following ï peak in the other 

time series. The binning procedure was performed by considering a time window of ±0.5 s 

around each peak, with a bin size of 0.05 s and a total amount of 40 bins (overlap: 50 %). For 
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each bin, submovements peaks numerosity was computed and expressed as a percentage of 

the total amount of submovements peaks. This allowed us to compute the probability with 

which submovements in one time series were generated with respect to submovements in the 

other time series (see also Nazzaro et al., 2023; Tomassini et al., 2022). 

Data analysis was performed by means of custom made scripts running on MATLAB 

(R2022b; The MathWorks, Inc., Natick, MA, USA). 

(IIIa.2g) Statistical analysis 

In order to address the temporal pattern of dyadic bimanual coordination at the submovements 

level by taking also into account a putative interaction with performance, we first median-split 

our dataset on the basis of visuomotor accuracy. We then performed a 3-way ANOVA 

(best/worst accuracy × left/right hand × pre/post peak) to compare before- and after-

submovement peak maxima probabilities, and we employed the Newman-Keuls method to 

test for multiple comparisons. Finally, we employed a 2-way ANOVA (best/worst accuracy × 

left/right hand) to compare within-time series ISIs and between-time series ISIs. 

Statistical analysis was performed on STATISTICA (StatSoft GmbH, Hamburg, Germa-

ny). 

(IIIa.3) Preliminary r esults 

In this section, I will present the preliminary results concerning the ódyadic contralateralô 

condition ï i.e., L-R and R-L ódyadicô conditions collapsed. However, further analyses are al-

ready programmed and will be outlined in section IIIa.5 (p. 99). All data are presented in the 

format mean ± SE. 

The probability with which submovements in one time series were generated with respect to 

submovements peaks in the other time series brought to light an interesting interaction with 

visuomotor performance. Specifically, in the more accurate half of our dataset the maximum 

probability with which a L submovement occurred was significantly (p = 0.04) higher before 

(2.16 ± 0.06 %) a R submovement peak than after (1.97 ± 0.03 %) it. A similar trend ï alt-

hough not significant ï is mirrored also in the other hand (see Fig. IIIa.IV, Left , Mid-

dle/Bottom panels, following page). These findings are in line with the temporal pattern pre-

viously observed by Tomassini and colleagues (2022) and further investigated by Nazzaro 

and coworkers (2022). Intriguingly though, this temporal pattern seems here to be accuracy-

related, since the less accurate half of our dataset shows a temporal alternation pattern but not 

a preceding/following one. 
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Fig. IIIa.IV . Left submovements precede right submovements in time during accurate ódyadicô interac-

tions. Top panels. 0.5-4.5 Hz band-passed time series of the left (blue) and right (red) force first derivative are 

time aligned to submovements peaks (black dashed lines) of the right or left hand, respectively (lines and shaded 

areas: mean ± SE). See in particular the characteristic temporal pattern of alternation between the dominant and 

the non-dominant hand, in line with previous results (Nazzaro et al., 2023; Tomassini et al., 2022). Middle pan-

els. Probability over time of left (blue) and right (red) submovements generation with respect to a submovement 

peak (black dashed lines) produced by the right or left hand, respectively (lines and shaded areas: mean ± SE). 

Apart from the temporal pattern of alternation already emerged, a different distribution in probabilities arises in 

trials characterized by better visuomotor accuracy (left panel) with respect to trials where performance was poor-

er (right panel). Bottom panels. Peak probability of left (blue) and right (red) submovements before and after a 

submovement peak of the right or left hand, respectively (bars and error bars: mean ± SE). Left submovements 

significantly precede right submovements in the ódyadicô condition of our bimanual coordination task when 

visuomotor performance is accurate. The dominant hand mirrors a similar trend. 

For what concerns inter-submovements interval, on the one hand average within-hand ISIs 

were significantly different independently from visuomotor performance, with right (R) ISIs 

(330 ± 7 ms) higher (p = 0.006) with respect to left (L) ISIs (312 ± 7 ms) (see Fig. IIIa.V, Top 

panel). On the other hand, apart from the trivial difference between L-RISIs and R-LISIs ï 

which simply confirms the temporal pattern better outlined by comparing pre- and post-peaks 

maxima probabilities (see Fig. IIIa.IV, Middle/Bottom panels), we did not find any significant 

interaction between performance and between-hands ISIs,. This caught us off guard, since we 

would have expected a performance-related modulation of these variables. Indeed, such a 

modulation could have explained the trend already observed in the probability of submove-

ments generation (see Fig. IIIa.IV). I will discuss this, along with all the other results outlined 

so far, in the following sections. 
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Fig. IIIa.V. Within - and be-

tween hand(s) ISIs in ódyad-

icô interaction. Top panel. In 

our bimanual joint action task 

RISIs (red) are higher than 

LISIs (blue), and this difference 

does not depend upon visuo-

motor accuracy (bars and error 

bars: mean ± SE). Middle/Bot-

tom  panels. R-LISIs (red) and 

L-RISIs (blue) do not change 

when comparing accurate (left) 

and inaccurate (right) trials. 

Instead, the difference between 

R-LISIs and L-RISIs is signifi-

cant but trivial, simply reflect-

ing the temporal pattern al-

ready outlined in Fig. IIIa.IV. 

(IIIa.4) Preliminary discussion 

The fact that submovements are generated in a specific temporal pattern of alternation when 

two people are involved in a joint action task has already been outlined in other previous 

works by Tomassini and colleagues (2022) and Nazzaro and collaborators (2023). What we 

found here is in fact a similar temporal pattern. Interestingly though, a preceding/following 

pattern further emerged only when we divided trials according to visuomotor accuracy and, 

specifically, when dyadic performance was at its best (see Fig. IIIa.IV). 

At least in part, this may be due to the difficulty of the task. Although in the ósoloô condi-

tion participantsô individual performance was brought to a plateau (see Fig. IIIa.II, p. 93), this 

in fact didnôt immediately translate to a similar plateau in dyadic performance. Each subject 

involved in the dyad had therefore to finely coordinate their motor output, in order to match 

the one produced by the other participant and ultimately perform together the visuomotor task 

required with an acceptable accuracy. This differs from the task employed by previous works 

(see Oullier & Kelso, 2009) in terms of both coordination difficulties and feedback concern-

ing dyadic performance. 

However, the fact that this preceding/following pattern appears only when dyads were per-

forming the task accurately allows us to draw some considerations. It may be that such coor-

dination pattern is the most effective when performing a visuomotor tracking task in a joint 
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action context under more compelling accuracy constraints. In other words, when the action is 

simple and the accuracy required is easily satisfied (as in movement synchronization tasks in-

spired to that employed by Oullier and Kelso, 2009), a temporal pattern of ósymmetricalô al-

ternation at the submovements level may naturally and clearly emerge to suffice for visuomo-

tor performance (Nazzaro et al., 2023; Tomassini et al., 2022). Conversely, by increasing the 

difficulty of the task and ï specifically ï of the interpersonal coordination involved (such as 

in the bimanual coordination task at hand, adapted from Susilaradeya et al., 2019), the same 

pattern may not be enough to reach an acceptable level of visuomotor accuracy. When a pre-

ceding/following pattern is established between the non-dominant and the dominant hand, 

however, it may turn out to be the most effective bimanual temporal coordination for high dy-

adic visuomotor accuracy. 

Another consideration concerns the end effectors involved in the task. Whereas our task 

involves either the dominant or the non-dominant hand of participants performing a joint ac-

tion paradigm, Tomassini and coworkers (2022) employed a joint task in which both partici-

pants moved only their dominant hand. Nazzaro and colleagues (2024), among the plethora of 

experimental conditions tested, investigated óstrictô bimanual coordination only when subjects 

performed the task individually (this is of course a very brief simplification of their rich ex-

perimental paradigm; see Nazzaro et al., 2023). Interestingly though, in their ósoloô condition 

a similar ï although more complex ï preceding/following pattern emerged ï i.e., left hand 

submovements preceded in time submovements generated with the right hand. 

Recalling the theoretical models concerning hand dominance (Carey et al., 1996; Winstein 

& Pohl, 1995) and ï more specifically ï the dynamic dominance hypothesis (Sainburg, 2002; 

Sainburg & Kalakanis, 2000), it may be that such preceding/following temporal pattern may 

depend on the different control policies employed by the two hemispheres to move the respec-

tive upper limb. Indeed, between-hands differences concerning the generation of submove-

ments in the time domain emerge in our task (see Fig. IIIa.V, Top panel, previous page), and 

these differences are supported also by an inspection of our data in the frequency domain (cf. 

Fig. IIIa.III, p. 94). Namely, left submovements are produced more frequently ï i.e., with 

lower inter-submovements intervals ï whereas the opposite holds for submovements generat-

ed by the right hand. This difference is consistent independently of visuomotor accuracy, and 

might therefore represent a specific temporal signature of the dominant and non-dominant 

hand at the submovements level. 

However, the fact that we did not find any modulation of between-hands inter-

submovements intervals in relation to performance (see Fig. IIIa.V, Middle/Bottom panels, 

previous page) is puzzling. In light of the preceding/following pattern emerged in trials with 
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high visuomotor accuracy, we would have expected to find L-R and/or R-L inter-

submovements intervals modulations mirroring the same pattern. Further investigations are 

currently ongoing, in order to shed more light upon this temporal alternation. 

(IIIa.5) Further perspectives 

Despite employing a behavioral task, the dataset collected in this experiment is rich and offers 

a lot of potential for further investigations. As described above, the analyses performed so far 

focused entirely on the ódyadic contralateralô condition. Similar analyses for the other condi-

tions of the ódyadicô paradigm, as well as for the ósoloô condition, will be performed. 

Based upon the studies already outlined (Nazzaro et al., 2023; Tomassini et al., 2022) and 

the results and interpretations provided previously, we would expect to highlight an alterna-

tion pattern in the ódyadic ipsilateralô conditions ï i.e., L-L and R-R (see section IIIa.2e, p. 93) 

ï with no specific preceding/following scheme, as emerged instead in the ódyadic contrala-

teralô paradigm. 

In the ósoloô condition, conversely, we would expect to find a similar preceding/following 

pattern between the non-dominant and the dominant hand, in accordance with evidence pro-

vided also by Nazzaro and coworkers (2023). If so, it will be interesting to investigate the re-

lation between this pattern and visuomotor accuracy. A possible scenario is that this pattern is 

overall present as a signature of individual bimanual coordination at the submovements level, 

but may undergo an accuracy related process of fine-tuning that may be brought to light by 

between-hands inter-submovements intervals. 
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(IIIb) Cortical excitability modulations locked to movement phase at the microscopic 

scale 

Regarding the contributions to this experiment, I participated in designing the study, collected 

the data along with Cecilia Gabelli and Lorenzo Pedani, and am currently performing data 

analysis. Alice Tomassini and Alessandro DôAusilio supervised all the stages of the work that 

took place so far. 

(IIIb.1) Introduction  

As already more thoroughly outlined previously (see section IIa.1, pp. 61-62), the state of the 

cerebral cortex varies according to fluctuations that span multiple timescales and involve dif-

ferent neural networks (Buzsáki & Draguhn, 2004; Hari & Salmelin, 1997). Whereas on the 

one hand this non-stationary state represents the natural result of the oscillatory activity that 

characterizes nervous structures, from single neurons up to whole systems, it reflects also on 

the other hand the activity of sensorimotor loops (Baker, 2007; Scott, 2016; Scott et al., 

2015). These loops are far from being continuous streams of information that flow unidirec-

tionally in a bottom-up way. Rather, they are thought to allow also the fine interplay of top-

down influences by hierarchically higher structures (Bizzi & Ajemian, 2020; Cruz et al., 

2023), that might intermittently modulate the excitability of early sensory cortices in order to 

optimize information sampling in a rhythmic fashion (Benedetto et al., 2020) and ultimately 

produce effective and adaptive behaviors (Pezzulo et al., 2022). 

Within this framework, submovements are thought to represent a behavioral proxy of sen-

sorimotor loop control dedicated to intermittent correction based on visual feedback (Emanu-

ele et al., 2024; Nazzaro et al., 2023; Tomassini et al., 2022; see also section Ib.5, pp. 16-20). 

Although the first account of submovements was provided in ballistic movements of the up-

per limb (Woodworth, 1899), it became soon clear that a privileged context to investigate this 

phenomenon was in tasks involving continuous tracking (e.g., see Hall et al., 2014; cf. also 

Susilaradeya et al., 2019). In this perspective, computational models of sensorimotor control 

suggested that the intermittency intrinsic in submovements generation might reflect an ñerror 

deadzoneò (Wolpert et al., 1992). In other words, pulsatile tracking control might arise from 

an intermittent sampling of visual information employed for fine visuomotor accuracy 

(Sakaguchi et al., 2015). In light of this, and also on the basis of works concerning sensorimo-

tor loops (Scott, 2016; Scott et al., 2015), an intriguing hypothesis is that movement ï and, 

specifically, submovements ï rhythmicity may affect in a top-down fashion the sampling of 

bottom-up information collected from sensory ï especially visual ï cortices. 
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A common way to evaluate the excitability of sensory cortices ï both in experimental 

(Lunghi et al., 2015) as well as in clinical (e.g., see Cantello et al., 2011) contexts ï is by 

means of ERPs (e.g., see Galvez-Pol et al., 2020). In particular, visual-evoked potentials 

(VEPs) asses the state of the visual cortex in response to a stimulus, usually by means of EEG 

or MEG recordings. The use of salient visual stimuli in healthy participants evokes a strong 

cortical response, which is characterized by multiple components at different latencies and 

with opposed polarities (Aminoff, 1994; cf. also Luck, 2014). Within a time range of ~150 ms 

from the stimulus, these components are however narrowly concentrated in clusters of occipi-

tal and/or occipitoparietal sources, and are thought to reflect the early response of visual corti-

ces to stimuli detection (Di Russo, 2003; Di Russo et al., 2002; Lunghi et al., 2015). 

In light of this, in our experiment we employed a reverse checkerboard stimuli pattern ï 

which is thought to effectively elicit early VEPs components (Aminoff, 1994; Di Russo, 

2003; Di Russo et al., 2002) ï to probe the state of cortical excitability during a continuous 

motor task (adapted from Oullier & Kelso, 2009). This task has already been employed by 

other works from our group (see Nazzaro et al., 2023; Tomassini et al., 2022), which proved 

its validity to effectively investigate submovements generation. Interestingly, the continuous 

motor output required by this task shows intermittent oscillations around 1-3 Hz ï that is, at 

the submovements frequency range (see Miall, 1996; cf. also section Ib.5, pp. 16-20) ï even 

when participants are prevented from seeing their hand(s) (Nazzaro et al., 2023). This is in 

line with the belief that submovements represent a ódynamic primitiveô (Hogan & Sternad, 

2012) intrinsic in sensorimotor control, although expressing their functional role especially 

when visual feedback is available (see section Ib.5, pp. 16-20). On these bases, we aimed at 

investigating whether the state of cortical excitability ï in terms of VEPs components ampli-

tude ï is modulated by the rhythms of peripheral motor output at the macro- and microscopic 

scale. 

(IIIb.2) Materials and methods 

(IIIb.2a) Participants 

So far, thirty participants (16 females; age: 25.9 ± 4.5 years, mean SD) were recruited to par-

ticipate in the experiment. All of them were naïve with respect to the aims of the study and 

were paid (25 ú) for their participation. Subjects were right handed ï by self-report ï and had 

normal or corrected-to-normal vision. The study and experimental procedures were approved 

by the local ethics committee. Participants provided written informed consent after the expla-
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nation of the experimental task and procedures, in accordance with the guidelines of the local 

ethics committee and the Declaration of Helsinki. 

(IIIb.2b) Apparatus 

Participants sat in a dark room in front of a table, on which an LCD monitor (24 inches, 1920 

x 1080 pixels, 120 Hz; VIEWPixx/EEG, VPixx Technologies Inc., Saint-Bruno-de-Montar-

ville, Canada) was adjusted at a viewing distance of approximately 60 centimeters. Their right 

arm was leaned forward in front of them, with the forearm resting upon the table surface in a 

comfortable position. However, participants were prevented from viewing their own hand by 

means of a black frame that allowed to see only the screen in front of them.  

Three markers were attached on their right hand: two over the tip and the base of the right 

index finger, respectively, as well as one on the wrist. A system of nine cameras (Vero v2.2, 

Vicon Motion Systems Ltd., UK; 300 Hz) tracked the position of the markers in the acquisi-

tion space by emitting and detecting near-infrared light. The cameras were connected to an 

analog/digital converting board (Lock+, Vicon Motion Systems Ltd., UK; 1800 Hz) that al-

lowed for synchronization, as well as for online visualization and recording of participantsô 

movement in the three dimensions by means of a dedicated software (Nexus 2.8.2, Vicon Mo-

tion Systems Ltd., UK). 

EEG data were recorded continuously during the experiment by means of a 64-channel ac-

tive electrode system (Brain Products GmbH, Gilching, Germany). EOGs were recorded us-

ing four electrodes from the cap: FT9, FT10, TP9, and TP10 were removed from their original 

scalp positions and placed at the bilateral outer canthi and below and above the right eye to 

record horizontal and vertical eye movements, respectively. Furthermore, two electrodes ï 

Fp1 and Fp2 ï were removed from their original sites on the cap and positioned over the left 

and right mastoid, respectively. All electrodes were online referenced to the left mastoid. The 

impedance of the electrodes was kept below 20 kɋ. EEG signals were sampled at 1000 Hz. 

(IIIb.2c) Task 

The experimental task required participants to perform a rhythmic movement, which consist-

ed in the flexion-extension of their right index finger. Participants were instructed to maintain 

their finger rigid ï i.e., without flexing or extending their phalanges, but with the only in-

volvement of the finger segment with respect to the wrist. While doing this, participants ob-

served the screen while the reversal checkerboard pattern was delivered (see below). Before 

each trial, participants listened to a metronome set at 42 beats-per-minute and were required 

to synchronize their flexion-extension movements to the sound. Each beat corresponded to the 
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edge of either a flexion or an extension movement. Therefore, the whole flexion-extension 

cycle was performed at a nominal frequency of 0.35 Hz (hereinafter, the macroscopic scale of 

movement, with respect to the microscopic ï submovements ï scale), whereas the nominal to-

tal duration of a single movement ï i.e., either flexion or extension ï corresponded to ~1.4 s. 

After this synchronization part, the metronome was silenced and the task began. 

Stimuli consisted in a round checkerboard (radius: 4° visual angle; squares size: 1° visual 

angle; black / white saturation: 20 % / 80 %) centered on a middle-gray colored background. 

A red dot (radius: 0.5° visual angle) in the middle of the checkerboard was also displayed, on 

which participants were instructed to maintain their gaze fixed. Checkerboard reversals hap-

pened at random intervals during the task (see below). However, participants were asked to 

focus their attention on whether other visual events, different than the reversal of the checker-

board pattern, took place during the trial. These events ï ódummyô stimuli ï could consist in a 

change of either the contrast or the spatial density ï i.e., of the squares size ï of the checker-

board for a brief (0.15 s) time interval, before returning back to the original stimulus. At the 

end of each trial, participants had to report whether they saw one or more of these events and, 

if so, of which kind and ï if the events were two ï in which order. Participants received a 

feedback concerning their performance accuracy. Unbeknownst to subjects, however, this óat-

tentionô task had the only purpose to keep them alert during each trial. For what pertains visu-

al stimulation, our interest was indeed completely oriented toward the checkerboard reversal 

pattern. 

Each trial lasted 135 s and was structured in two 60 s óstimulationô periods alternated with 

three 5 s óbaselineô periods ï i.e., 1st óbaselineô | 1st óstimulationô | 2nd óbaselineô | 2nd óstimula-

tionô | 3rd óbaselineô. During óbaselineô periods, the checkerboard was projected without un-

dergoing any reversal, and this was designed in order to maintain EEG activity at an unper-

turbed state (cf. previous section). During óstimulationô periods, checkerboard reversal was 

administered at random time intervals of 6 ± 1.5 s. Randomly during each trial, one or two 

ódummyô stimuli ï either contrast change, size change or both ï could take place between two 

checkerboard reversal, at random time intervals of 2.5 ± 0.5 s from the previous reversal. 

Therefore, each trial comprised a total amount of 20 checkerboard reversal ï i.e., 10 in each 

of the two óstimulationô periods. Participants performed a total amount of 16 trials, with a 

brief pause of ~1 minute between each trial and a longer pause of ~10 minutes at half of the 

experiment ï i.e., after 8 trials. A total amount of 16 ódummyô stimuli ï 8 contrast change + 8 

size change ï was randomized across trials. 
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Stimuli display and task administration was controlled via the Psychophysics Toolbox 

(Brainard, 1997) running on MATLAB (R2022b, The MathWorks, Inc., Natick, MA, USA), 

by means of custom made scripts. 

(IIIb.2d) Data Analysis 

EEG data preprocessing was performed by means of custom-made MATLAB (R2022b, The 

MathWorks, Inc., Natick, MA, USA) scripts and the FieldTrip Toolbox (Oostenveld et al., 

2011; RRID: SCR_004849). Continuous data were first 0.1-300 Hz band-pass filtered and re-

referenced to the linked mastoids. After that, data were temporally aligned to each checker-

board pattern reversal and epoched in 2.5-s-long segments, from -0.5 s to +2 s. The same pro-

cedure was repeated for the 16 ódummyô stimuli. For the three 5 s óbaselineô periods, epochs 

instead consisted of 5-s-long segments. Finally, epochs underwent a 1000 Hz / 300 Hz 

downsample to match the sampling rate of the kinematic cameras. After this procedure, EEG 

segmented data were manually checked for bad channels and/or artifacts in the time domain. 

ICA was used to identify and remove residual artifacts in the EEG signal related to eye 

movements and heartbeat. Bad EEG channels were excluded from the ICA analysis and sub-

sequently interpolated with a distance-weighted nearest-neighbor approach. 

Kinematic data preprocessing was performed by means of a recording and visualization 

software (Nexus 2.8.2, Vicon Motion Systems Ltd., UK) and custom-made MATLAB 

(R2022b, The MathWorks, Inc., Natick, MA, USA) scripts. Continuous kinematic data were 

manually examined for sampling gaps and, when necessary, interpolated by means of a built-

in spline algorithm. After this procedure, kinematic data were temporally aligned to stimuli 

using the same approach described previously for EEG data. In order to extract submove-

ments peaks out of the macroscopic movement scale (see previous section), kinematic data 

underwent a further preprocessing step. Instead of band-pass filtering our data at the sub-

movements relevant frequency range (e.g., see Miall, 1996; cf. also section Ib.5, pp. 16-20) as 

previously described (see section IIIa.2f, pp. 94-95; cf. also Emanuele et al., 2024), we chose 

a different approach as already employed by other works that used a similar experimental task 

(Nazzaro et al., 2023; Tomassini et al., 2022). Namely, for each participant we first computed 

the raw velocity along the principal axis of movement (in the case at hand, the x axis). Then, 

we segmented flexions and extensions and computed the raw average velocity profile normal-

ized over the average movement duration (by collapsing flexions and extensions together). 

Recall that participants listened to the metronome at the beginning of each trial before per-

forming the instructed movement at the memorized pace (see previous section). In light of 

this, such approach allowed us to take into account for the subjective variability in the dura-
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tion of the macroscopic movement. After this, we detrended each flexion and extension veloc-

ity profile by subtracting the average velocity profile computed previously. The peaks ex-

tracted from the resulting signal were considered as submovements peaks. 

After baseline-correcting on the 0.1 s pre-stimulus time window, a preliminary and explor-

ative VEPs computation was performed in order to control for the latencies of the components 

in our dataset (see Fig. IIIb.I). In light of this visualization, we decided to restrict our time 

window-of-interest for VEPs components analysis to 0.45-s-long segments ï i.e., -0.1 s and 

+0.35 s around the checkerboard pattern reversal. A further subject-by-subject VEPs visuali-

zation revealed that the P100 component had been robustly elicited in all participants, where-

as the other components showed more subjective variability (see Fig. IIIb.II). Therefore, we 

designed a subject-tailored algorithm to allow for the extraction of the P100 component am-

plitude on the basis of each subjectôs P100 average latency. 

Before computing VEPs for the analysis, however, we controlled whether any EEG modu-

lation time-locked to the onset of macroscopic movements was present. Indeed, previous ac-

counts from our group (Tomassini et al., 2022) found neural modulations consistently time-

locked to movement onset in a similar task, in line with the literature concerning the readiness 

potential (e.g., see Schurger et al., 2021; Travers et al., 2020). By time-locking our óbaselineô 

(see previous section) EEG data to the onset of macroscopic movements, we indeed found a 

similar result (see Fig. IIIb.III, p. 108). This finding is crucial, since this movement-locked 

potential may represent a not negligible confound for our investigations. On the one hand, the 

putative submovements-dependent modulations of cortical excitability may be obscured by 

ongoing fluctuations of neural activity time-locked to macroscopic movements. On the other 

hand, seemingly genuine modulations may in turn simply represent an epiphenomenon in-

scribed within the activity highlighted by the readiness potential. To avoid such confound, we 

computed the average readiness potential for each subject in a time window corresponding to 

the nominal duration of the macroscopic movement (i.e., 1.4 s; see previous section). Then, 

we time-aligned each EEG epoch previously computed around checkerboard pattern reversals 

with the closest onset of a macroscopic movement. Finally, we channel-wise subtracted the 

average readiness potential to each EEG epoch, considering only the 0.45 s time window rel-

evant for VEPs components (see above). EEG epochs that did not allow for such procedure, 

because temporally aligned near the boundaries of the considered time windows, were ex-

cluded from further analyses. 

Finally, another potential confound that may be present in our data derives by the fact that 

salient sensory stimuli may trigger peripheral perturbations in the motor output during ongo-

ing movement (e.g., see Somervail et al., 2022; cf. also Novembre et al., 2024, in rhesus 
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Fig. IIIb.I. VEPs preliminary 

overview. Top panel. Butterfly 

plot of the channel-wise (col-

ored lines) VEPs grand averag-

es across all participants. After 

stimulus onset (t = 0 ms, black 

thick dashed line), a strong 

multicomponent cortical re-

sponse is elicited and lasts for 

~350 ms. Bottom panels. Scalp 

topography of three of the 

VEPs components, outlined in 

the Top panel (black thin 

dashed lines). Whereas the 

P100 component (left) shows 

the expected positive cluster of 

occipital electrodes, later com-

ponents move toward clusters 

of central and centroparietal 

electrodes, respectively. 

 

Fig. IIIb.II. Between-subjects 

variability of P100 latency. 

Butterfly plot of the channel-

wise (colored lines) average 

VEPs of two representative 

participants, s01 (upper panel) 

and s07 (lower panel). After 

stimulus onset (t = 0 ms, black 

thick dashed line), average la-

tencies of the P100 component 

are marked (black thin dashed 

lines) for each subject. The first 

(óhigh latencyô) participant is 

characterized by a slowly rising 

broad P100 component that 

peaks at 123 ms, whereas the 

second (ólow latencyô) subject 

shows a sharp and rapidly in-

creasing P100 component with 

a peak at 97 ms. 
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Fig IIIb.III. EEG data shows consistent modulations time-locked to the onset of macroscopic movements. 

Left.  Butterfly plot of the channel-wise (colored lines) modulations grand averages across all participants, time-

locked to macroscopic movements onset (black thick dashed line) and computed in a time window correspond-

ing to the nominal movement duration (1.4 s). Right. Top panel. The same movement-locked modulation is dis-

played for a cluster of three central and frontocentral electrodes (Cz-C1-FC1) (line and shaded area: mean ± 

SE). Black thin dashed lines highlight the negative (left; -617 ms) and the positive (right; -7 ms) peaks of the 

modulation. Bottom panels. Scalp topography of the negative (left) and positive (right) peaks of the movement-

locked modulation. Both peaks are clustered over central electrodes, in line with the literature concerning readi-

ness potentials (see Travers et al., 2020). 

monkeys). When time-aligning our kinematic data to checkerboard pattern reversals, we in-

deed found a similar perturbation. Such perturbations are not part of the task-

instructedmovement and likely passed throughout the procedure of velocity detrending per-

formed during the kinematic data preprocessing previously described, therefore potentially 

being included as spurious submovements peaks. In light of this, we decided to perform our 

analysis by aligning checkerboard pattern reversals ï and, therefore, EEG data ï to the sub-

movement peak immediately before ï i.e., without considering the kinematic peak immediate-

ly after a checkerboard reversal stimulus as a reliable submovement peak. 

Data analysis was performed by means of custom-made MATLAB (R2022b, The Math-

Works, Inc., Natick, MA, USA) scripts. 
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(IIIb. 3) Expected results 

Previous studies already found modulations of perceptual (e.g., see Tomassini et al., 2015, 

2018) and neural (Tomassini et al., 2017) activity locked to ongoing motor behaviors (for a 

review see Benedetto et al., 2020; cf. also section IIa.I, pp. 61-62). As far as we know, this 

experiment is however the first to address whether similar EEG modulations hold also for the 

microscopic scales ï i.e., the submovements level (Miall, 1996; cf. also section Ib.5, pp. 16-

20) ï of ongoing movements. By embracing the idea that submovements represent the behav-

ioral proxy of a sensorimotor loop dedicated to intermittent visuomotor corrections, we expect 

that the same intermittency would also influence visual information sampling in a top-down 

fashion. Namely, the presence of an ñerror deadzoneò (Wolpert et al., 1992) ï i.e., a time in-

terval in which a submovement has just been generated and therefore there is no room for fur-

ther visuomotor compensation within that sensorimotor cycle ï would make useless any sam-

pling of visual information during that period. This would in turn translate to a corresponding 

decreasing in the excitability of early visual cortices, since there would be no need for fine 

grained information processing during that time interval. 

In practical terms, a reasonable expectation would be in line with the qualitative observa-

tions described in Fig. IIIb.IV (following page). In the first inter-submovements intervals half 

(i.e., in the time window between 0 s and 0.2 s), the phase of submovements oscillation is ap-

proximately just past beyond its peak ï that is, the previous submovement has just completed 

its corrective function and new potentially useful visual information is available. An around-

average ï or, at most, an increased ï P100 component amplitude might therefore be expected. 

By the same token, a decreasing of the P100 component amplitude would be reasonable in the 

second inter-submovements intervals half (i.e., in the time window between 0.2 s and 0.4 s). 

In that moment the phase of submovements oscillation is in fact approximately just past be-

yond its through ï i.e., the next submovement has already been programmed and is about to 

be generated. This means that the visuomotor loop has already collected the information 

needed to perform a correction and any other visual afference could not be exploited. 

So far, we did not address the other VEPs components (see Fig. IIIb.I, p. 108) in this spec-

ulative section. On the one hand, we focused on the P100 component as a robust index of the 

visual cortices state early on after sensory stimulation. On the other hand, we also found more 

between-subjects variability concerning the latencies ï or even the eloquent presence ï of the 

other VEPs components in our dataset (see previous section; cf. also Fig. IIIb. II , p. 108). Fur-

ther analyses ï with more explorative aims ï will address also the other components elicited, 

in order to shed light whether modulations similar to that expected in our results are present. 
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Fig. IIIb.IV. Qualitative rep-

resentation of P100 modula-

tion with respect to the pre-

ceding submovement peak. 

Timecourse of the P100 com-

ponent amplitude (line and 

shaded area: mean ± SE) with 

respect to the peak of the sub-

movement immediately before 

the checkerboard pattern rever-

sal. After amplitude extraction 

according to the average P100 

component latency of each sub-

ject (see previous section; cf. 

Fig. IIIb.II , p. 108), data have 

been binned (0.08 s time win-

dows, overlap: 25%) within a 

time interval of 0.4 s, which 

was congruent with the average 

inter-submovements time in-

terval in the task at hand. P100 

component amplitudes are ex-

pressed as percentage change 

of the mean amplitude (black 

dashed line). 
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IV  

General discussions and further perspectives 

The present thesis outlined a series of theoretical and empirical evidence concerning the 

organization of sensorimotor control. 

I started by thoroughly reviewing the literature concerning kinematic characteristics that 

invariantly shape our motor behavior and define the observable structure of our movements 

(chapter I , pp. 3-57). These regular attributes are relevant not only because intrinsically 

embedded in our motor outputs, likely representing the óbuilding blocksô of our actions 

(section Ib , pp. 7-27). More than this, kinematic invariants can be successfully employed 

to understand the motor behavior of our conspecifics, as well as also proactively shaped to 

make our very actions more eloquent and meaningful to others (section Ic, pp. 29-40). This 

lead to the proposal that forward internal models may be selectively tuned to the regulari-

ties of our movements, in order to gather kinematic information relevant for making pre-

dictions in an environment strongly permeated by social interactions, as it is for our species 

(section Id , pp. 41-49). 

After this extensive theoretical overview, I switched the magnifying glass and focused 

on the phenomena engraved in the microstructure of human motor behavior (chapter II , pp. 

59-86). Among these microscopic characteristics, physiological tremor at the ~8-12 Hz 

frequency band might represent the subtle behavioral proxy of a sensorimotor loop and 

may reveal its neural underpinnings and functional role by means of the privileged window 

provided by cortico-peripheral coherence (section IIa , pp. 61-66). Indeed, a recent work 

brought evidence that dissociates the role of alpha and beta cortico-motor coherence in 

mediating fast reactions to visuomotor perturbations and accurate isometric contractions, 

respectively (section IIc , pp. 75-81). These results suggest the presence of two sensorimo-

tor loops, operating simultaneously at distinct time and frequency scales and performing 

different functions: an alpha-cycling visuomotor loop, which detects visual discrepancies 

with the purpose of organizing rapid reactions; and a beta-paced sensorimotor loop, that 

accurately controls isometric muscular contractions on the basis of proprioceptive infor-

mation (section IId , pp. 83-86). 

I ultimately moved to submovements, another element in the microstructure of human 

motor behavior that is believed to represent the behavioral signature of a sensorimotor loop 

dedicated to intermittent visuomotor corrections (chapter III , pp. 87-110). Preliminary re-

sults suggest that interpersonal bimanual coordination at the submovements level manifest 

a temporal pattern of alternation, which undergoes a fine tuning for the purpose of visuo-
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motor accuracy and possibly reflects the use of different control policies on the basis of 

hand dominance (section IIIa , pp. 89-99). Furthermore, an ongoing work is currently ad-

dressing the hypothesis that this intermittent visuomotor correction loop might also exert a 

top-down influence over the excitability of early visual cortices, with the aim to shed more 

light on the activity of such sensorimotor mechanisms (section IIIb , pp. 101-110). 

(IVa) The multiscale spatiotemporal structure of human motor behavior 

Following a similar ófrom-macro-to-microô approach as that which guided the synopsis of 

the thesis, we can track down how human movement unfolds in its multiple spatiotemporal 

scales. At a first glance, óchainsô of actions are what initially appears when observing the 

motor behavior of human beings. Even at this broad macroscopic level, actions may still 

embed regular intentional effects (section Ib.7, pp. 21-25) that can be detected and exploit-

ed by observers (section Ic.1, pp. 29-31). When examining a single action, its development 

in space and time is shaped by its goal ï in the case of a common reach-to-grasp move-

ment, the aperture of the grip would be pre-shaped accordingly to the object that the actor 

wants to grasp (section Ib.6, pp. 20-21, and section Ic.2, pp. 31-33). By narrowing the spa-

tiotemporal window even further, we might separate the action from its goal and see only a 

single movement ï e.g., a transportation phase ï that shows the regular attributes belonging 

to the minimum-jerk model (sections Ib.2-4, pp.10-16, and section Ic.3, pp. 33-36). Ulti-

mately, we would reach a level of spatiotemporal narrowness in which even the single 

movement is not recognizable anymore and, instead, its microstructure ï e.g., submove-

ments (section Ib.5, pp. 16-20, and chapter III , pp. 87-110) and physiological tremor (sec-

tion IIa.2, pp. 63-65, and section IId.1, pp. 83-84) ï emerges. Like a musical composition 

gradually becomes less recognizable as we move from listening to the entire piece to ex-

tracting the notes within a single bar, so actions progressively lose their smoothness and 

reveal their granularity as we move closer to the microscopic architecture. 

This approach to the spatiotemporal scales of human motor behavior broadly mirrors 

the top-down hierarchical organization of sensorimotor planning and control processes (pp. 

25-26 and Fig. Ib.VIII, p. 26). Indeed, grasping ï or even glimpsing ï hierarchical organi-

zations in complex phenomena is a common strategy adopted for ordering and systematiz-

ing. But is this hierarchical organization of sensorimotor processes enough to describe hu-

man motor behavior? We might argue that the answer is more complex. 
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(IVb ) Microscopic behavioral proxies of sensorimotor loops covertly embed what can 

be overtly observed at macroscopic levels 

Sensorimotor loops (section IIa.1, pp. 61-62) offer indeed a more comprehensive perspec-

tive, in which the interplay ï in both the feedforward and feedback direction ï between 

multimodal sensory afferences and congruent motor efferences seems to blur the bounda-

ries between bottom-up and top-down hierarchies. As outlined previously, these hierar-

chies are mirrored in the multiscale structure of human motor behavior. We might expect 

therefore that also this spatiotemporal architecture would similarly blur when observed 

through the lens of a sensorimotor loops perspective. 

Some behavioral evidence point in fact toward this direction. Recent works found that a 

successful interpersonal coordination at the macroscopic level is reflected in turn by an 

equally effective interpersonal coordination at the microscopic ï submovements ï level 

(Nazzaro et al., 2023; Tomassini et al., 2022). Preliminary results corroborated these find-

ings by employing an interpersonal bimanual task, suggesting that an accurate macroscopic 

coordination is accompanied by a fine tuning of its microscopic underpinnings (section 

IIIa , pp. 89-99). 

Neurophysiological evidence further suggests that the difference between the macro- 

and the microscopic scale of human motor behavior might be more nuanced than we may 

think. Corticospinal excitability undergoes similar modulations irrespectively of the scale 

considered in the spatiotemporal organization of movement (Emanuele et al., 2024). On 

the basis of previous findings (Tomassini et al., 2020), other results show that speed and 

accuracy in a visuomotor tracking task are mediated by cortico-peripheral phase synchro-

nizations at distinct time and frequency scales (sections IIc/d , pp. 75-86), intriguingly re-

calling a macroscopic kinematic feature of sensorimotor control ï the speed-accuracy 

trade-off ï that have first been observed more than a century ago (section Ib.1, pp. 8-10). 

These findings may suggest that the microscopic characteristics of human motor behav-

ior could be not solely ódynamic primitivesô (Hogan & Sternad, 2012), which are flexibly 

assembled to form more complex movements. Rather, they may also covertly embed al-

ready many of the functional features that are overtly observed at more macroscopic levels. 

The oscillatory characteristics of submovements and physiological tremor may thus reflect 

their nature as peripheral behavioral proxies of sensorimotor loops, which encode relevant 

sensory information at privileged frequency bands to ultimately produce the plethora of 

motor behaviors that we commonly observe. 
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(IVc) Visuomotor control may arise from the interplay of different frequency bands 

In this thesis, evidence of sensorimotor loops mechanisms have been outlined (section 

IIa.1, pp. 61-62) and investigated (section IIb -d, pp. 67-86, and chapter III , pp. 87-110) 

mainly for what pertains visuomotor control. Although more scarce, findings concerning 

similar action-perception couplings in both the somatosensory (e.g., Baker, 2007) and au-

ditory (e.g., Morillon & Baillet, 2017) domains have also been provided. Despite the fact 

that the neuroanatomical pathways are modality-segregated, results from cross-modal and 

multisensory studies further suggest a role of neural oscillations in the integration between 

different sensory modalities (Lakatos et al., 2007; Mercier et al., 2015; Romei et al., 2012), 

allowing to propose that ñrhythmicity may be a general (amodal) organizing principleò of 

these processes (Benedetto et al., 2020, p. 192). 

But what happens instead within the same sensory modality? Here, two different phe-

nomena ï submovements and physiological tremor ï operating at distinct frequency bands 

ï ~1-3 Hz and ~8-12 Hz ï have been shown to play a relevant role in visuomotor control. 

An interesting framework of further investigation might be to shed light on the relation be-

tween the two. Are these phenomena the behavioral proxy of two separated visuomotor 

loops, operating at different preferential oscillatory rhythms and serving distinct functional 

roles? Or is it more the case that, according to the goal of the task at hand, the same 

visuomotor loop expresses its processes by balancing between different frequencies? And 

if so, what are the neural underpinnings of this between-frequencies trade-off? These are 

only a few of the many questions that could be answered. Future research may point also 

toward this direction, with the aim to further unveil the mechanisms underlying sensorimo-

tor control. 
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