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Abstract

The field of motor control has long focused on the achievement of external goals through
action (e.g., reaching and grasping objects). However, recent studies in conditions of multi-
sensory conflict, such as when a subject experiences the rubber hand illusion or embodies
an avatar in virtual reality, reveal the presence of unconscious movements that are not goal-
directed, but rather aim at resolving multisensory conflicts; for example, by aligning the posi-
tion of a person’s arm with that of an embodied avatar. This second, conflict-resolution
imperative of movement control did not emerge in classical studies of motor adaptation and
online corrections, which did not allow movements to reduce the conflicts; and has been
largely ignored so far in formal theories. Here, we propose a model of movement control
grounded in the theory of active inference that integrates intentional and conflict-resolution
imperatives. We present three simulations showing that the active inference model is able to
characterize movements guided by the intention to achieve an external goal, by the neces-
sity to resolve multisensory conflict, or both. Furthermore, our simulations reveal a funda-
mental difference between the (active) inference underlying intentional and conflict-
resolution imperatives by showing that it is driven by two different (model and sensory) kinds
of prediction errors. Finally, our simulations show that when movement is only guided by
conflict resolution, the model incorrectly infers that is velocity is zero, as if it was not moving.
This result suggests a novel speculative explanation for the fact that people are unaware of
their subtle compensatory movements to avoid multisensory conflict. Furthermore, it can
potentially help shed light on deficits of motor awareness that arise in psychopathological
conditions.

Author summary

Most of our everyday actions are motivated by the "intentional" imperative to achieve
some goal. However, several studies reveal that when we experience a multisensory con-
flict, such as for example during the rubber hand illusion or when we embody an avatar in
virtual reality, we execute movements that are not intentional in the traditional sense, but
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aim to resolve the conflict (most often, without awareness). Nonetheless, the mechanisms
of this second, "conflict resolution" imperative of motor control have received less atten-
tion so far. In this article, we advance a model of movement control grounded in the for-
mal theory of active inference that integrates both intentional and conflict-resolution
imperatives. Our simulations show that the same computational model can reproduce
intentional and conflict-resolution components of action, or both simultaneously. Fur-
thermore, these simulations highlight fundamental differences between movements that
are guided by the two imperatives, which map to different error-correction mechanisms
of active inference and might contribute to shed light on the reasons why movements
guided by conflict-resolution are often executed without awareness.

1. Introduction

The field of motor control studies the control of the neuromuscular system for the production
of movement, with a specific focus on how to achieve external goals by acting; for example,
how we reach and grasp objects. Decades of research have assessed that movement dynamics
follow lawful rules that respond to fundamental imperatives (or objective functions), such as
the minimization of motor cost and of signal-dependent noise [1-3].

However, there is a further, subtler determinant of movement that has remained largely
unaddressed by empirical studies and formal theories. Recent studies show that when partici-
pants are exposed to multisensory conflict, such as when they “embody” fake objects (e.g., a
rubber hand) and virtual bodies (e.g., avatars), they execute subtle movements that have no
obvious goal but are rather aimed at “aligning” with the virtual hands or bodies, hence poten-
tially reducing the conflict and preserving a unitary sense of the self-body that is key to the
“embodiment” effects [4-6]. Embodiment (or body ownership) illusions are typically experi-
enced when the view of one’s own body is substituted with the view of a fake body shown in a
plausible configuration (i.e., compatible with a first person perspective) and one or multiple
streams of congruent multisensory stimuli is at place (e.g. when seeing the fake to be touch
and perceiving spatiotemporally aligned somatosensory sensations) [7-10]. Subtle movements
have been observed when the embodied fake limb is not aligned with the hidden real body
counterpart, both when the embodied limb is static, as in the case of the classic rubber hand
illusion (RHI) [11], and during the embodiment of virtual limbs that can be actively con-
trolled, as in immersive virtual reality applications [12]. In the case of the rubber hand illusion,
it was observed that when the hidden arm was placed on a horizontally movable board, it
tended to move toward the rubber hand, as if in an attempt to reduce the conflict between the
real and the rubber hand positions, although participants were not aware of such movements
[13]. An analogous behaviour has been observed in participants embodying a virtual static
arm not aligned with the physical arm, who tended to exert a steady force in the direction of
the virtual arm [14]. Similar effects have been observed when participants have control over
the movement of their embodied avatars. For example, in a study, participants were asked to
draw lines with their hand while at the same time their embodied avatars were shown to draw
ellipses in synch. In this condition, participants tended to engage into elliptical motion pat-
terns without being aware of it [15]. In another study, participants had to perform reaching
tasks but they were able to control only one of two joint rotations of their embodied virtual
avatars (i.e., the elbow join angle), while the other rotation (i.e., the shoulder join angle) was
remotely controlled via software [16]. When the shoulder join angle was manipulated to intro-
duce a spatial mismatch between the real and virtual arms, participants performed movements
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(shoulder rotations) that reduce the visuo-proprioceptive conflict associated with misalign-
ment, despite these were irrelevant to their reaching task—an effect named the self-avatar fol-
lower effect [17].

This growing body of evidence illustrates that the necessity to resolve multisensory conflict
and maintain a unitary body representation has subtle effects on motor behaviour that go
above and beyond the achievement of external goals. One reason why this topic received lim-
ited attention so far is that intentional and conflict-resolution aspects of motor control can
only be disentangled in specific experimental settings. While multisensory conflicts about the
self-body are common (see below), resolving them through motor action requires a null space
in the motor mapping between the agent’s body and its visual counterpart. In other words, it
requires that the motor action that compensates for the conflict does not affect the state of the
visual representation of the corresponding body part (at least along one degree of freedom). It
is only this specific condition that permits compensating multisensory conflicts without inter-
fering with intentional actions—and hence disambiguates the two. This (otherwise rare) con-
dition is usually met during bodily illusions, such as the rubber hand illusion, in which the
visual counterpart of the real hand (the rubber hand) stays static no matter what the real hand
does. It is also key to the self-avatar follower effect, in which participants can adjust their pos-
ture along one degree of freedom without affecting the actions of the avatar that they are con-
trolling. It is important to notice that while gross movements, particularly in the first case, may
break the illusion because of the arising visuomotor conflict, subtle motor adjustments could
occur with no impact on the illusory state.

Critically, the specific condition that emerges in the above human computer interaction
and self-perception studies is not met by classical motor control studies that used multisensory
conflicts, such as visuomotor rotations, to study perceptual adaptation and motor learning
[18]. Several studies used prisms, mirrors or virtual displays to shift the visual feedback of the
arm (or other body parts) during intentional actions, thus introducing multisensory conflict
about the self-body [19-22]. For example, during the learning of a new control task, such as
controlling a cursor with unusual visuomotor mappings, there can be a spatial mismatch
between the real effector (e.g., one’s own hand) and its visual representation (e.g. a colored cir-
cle on a screen). However, in this and similar cases, the visuomotor mappings or roto-transla-
tions are fixed and cannot be compensated by acting. In other words, any movement of the
real hand would result in an analogous movement of its visual representation and hence there
is no way to minimize the multisensory conflict by acting. The only way the brain could miti-
gate the conflict is by sensory adaptation (equivalent to the proprioceptive drift in the rubber
hand illusion [11,23]); and, in parallel, by learning a new sensorimotor mapping to keep con-
trolling action accurately.

In sum, the setups adopted in classical motor control studies are useful to probe the learn-
ing of novel sensorimotor mappings [24] and the compensatory mechanisms that permit deal-
ing with perturbations [25-27], but do not fully disentangle intentional and conflict-resolution
aspects of motor control. Therefore, setups employing the control of an embodied arm via
unnatural visuomotor mappings and under perceptual (e.g., visuo-proprioceptive) conflict
may be particularly precious in motor control studies, as they provide a unique window to
address simultaneously-and disentangle-two imperatives of motor control: an intentional
imperative that governs goal achievement and a conflict resolution imperative that produces
automatic motor adjustments not linked to the specific goal but rather functional to coherent
self-perception. Importantly, only the first (intentional) imperative figures prominently in
mainstream formal theories of motor control such as optimal control theory [2], whereas the
latter (conflict resolution) imperative is often ignored in these accounts.
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Intriguingly, the framework of active inference proposes an alternative formalization of
motor control in biological organisms, which includes natively both intentional and conflict-
resolution imperatives [28-37]. In active inference, the intentional aspect of motor control is
conceptualized as a way to reduce a measure of discrepancy (variational free energy) between
desired states (e.g., hand on target) and sensed states (e.g., hand far from target). In parallel,
however, the movements of an active inference agent can also be guided by the imperative to
resolve any multisensory conflict that arises during perception; for example, if a person has
incongruent visual and proprioceptive information about the position of one’s hand.

Strong multisensory conflicts (e.g., between visual and proprioceptive streams) are uncom-
mon in daily life conditions, but common during body ownership illusions. Theoretical
accounts hold that bodily illusions arise because people infer that there is a unique cause or
source for all their bodily sensations, including visual stimuli from a fake hand or body [9,38-
40]; see [8,41] for a discussion of this hypothesis. For example, in the rubber hand illusion
[11], people might infer that visual and proprioceptive sensations should be congruent,
because they have a common cause (i.e., they come from the same hand)-whereas in reality,
visual information comes from the fake hand, which is misplaced with respect to the real hand,
therefore creating a visuo-proprioceptive conflict. While for illustrative purposes we empha-
sized the rubber hand illusion, similar multisensory conflicts could arise across several other
bodily illusions that we have reviewed above.

Importantly, an active inference agent can resolve the multisensory conflict that can arise in
the rubber hand and other body ownership illusions in two ways: through perceptual recalibra-
tion and compensatory movements, respectively. The first way corresponds to changing the
internal estimate of the hand position to lie in between the real and the fake hands, giving rise
to the "proprioceptive drift" commonly observed during the rubber hand illusion and more
broadly, to perceptual recalibration observed in visuomotor conflict studies [42]. Most Bayes-
ian accounts of bodily illusions [23,43,44] focus on these perceptual phenomena, in analogy to
(Bayesian) explanations of multisensory perception and cue integration [45]. However, the
framework of active inference is not just concerned with perception but also with action
dynamics and it suggests another way to resolve multisensory conflict. This second way con-
sists in making a compensatory movement that cancels out the conflict. In other words, an
active inference agent can change the hand position to get closer to the fake hand-which, as
noticed above, is exactly what happens if a person’s hand is allowed to move during the rubber
hand illusion [13,14,17]. Both the mechanisms that we have illustrated-one based on percep-
tual recalibration and the other based on compensatory movements—can be accaunted by a
common mathematical operation in active inference: the minimization of variational free
energy (VFE), see the Methods section [29]. Furthermore, the two are strictly linked to one
another. The proprioceptive drift occurs whenever there is a misalignment of the real and the
embodied limb and the agent updates its (multisensory) belief about the position of the arm. If
no movement is allowed, as in the rubber hand illusion, this results in a perceptual recalibra-
tion of the perceived arm location at an intermediate location, which is usually biased towards
the fake arm given the visual dominance. When the movement is allowed, the proprioceptive
drift is still present but it also triggers a compensatory action that brings the real hands towards
the (inferred) position of the arm-i.e., towards the fake body-and can eventually cancel out
the sensory conflict (and even the proprioceptive drift).

In sum, this example clarifies that, in active inference, a movement can arise not just to
achieve an external goal (intentional imperative), but also to resolve a multisensory conflict, in
the absence of an external goal (conflict resolution imperative). While the two imperatives can
be in play simultaneously, they can be distinguished conceptually and mechanistically. Indeed,
both intentional and conflict resolution imperatives resolve a discrepancy, but this discrepancy
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is different in the two cases. When an agent has an external goal, the desired goal state drives
perceptual inference away from sensory estimates, giving rise to sensory prediction errors. The
intentional imperative amounts to triggering an action to resolve these prediction errors.
However, sensory prediction errors can arise even in the absence of an external goal; for exam-
ple, when an agent has incongruent visual and proprioceptive information about the position
of the hand. The conflict resolution imperative amounts to triggering an action to resolve this
latter type of prediction error.

The active inference framework is potentially able to explain-and disentangle-inten-
tional and conflict resolution imperatives of movement control. However, active inference
models of movement control have been mostly used to describe goal directed actions [46—
48] and have rarely investigated the more subtle and elusive aspects of motor behaviour
that are due to conflict resolution (but see [14,31]). The main contribution of this paper is
addressing the two (intentional and conflict resolution) imperatives of movement control
simultaneously in the same active inference model. This permits shedding light on the fun-
damental differences in motor control and awareness between movements that achieve the
two imperatives—or the fact that people are generally aware of the intentional movements
they execute but are often unaware of their automatic motor adjustments that they execute
to resolve conflicts.

In this paper, we present an active inference model of arm perception and control that inte-
grates two imperatives: an intentional imperative that governs the achievement of goals and a
conflict-resolution imperative that permits avoiding multisensory inconsistencies, such as those
that derive during bodily illusions. We exemplify the functioning of the active inference model
by simulating three tasks that highlight the different imperatives of movement control: inten-
tional (first simulation), conflict-resolution (second simulation) or both (third simulation). In
the first simulation, the agent is assigned an external goal: it has to perform a reaching action
under visuo-proprioceptive guidance. In the second simulation, corresponding to a rubber
hand illusion, the agent has no external goal but has to infer its own body state (here, arm loca-
tion) when exposed to a multisensory (here, visuo-proprioceptive) conflict about the hand
position. In the third simulation, analogous to studies of adaptation to novel sensorimotor
mappings, the agent has to perform a goal-directed reaching task (as in the first task) while it
experiences a multisensory conflict (as in the second task).

This study makes three contributions. First, it shows that the same active inference
model can simultaneously address different aspects of motor behaviour that are usually
addressed independently from one another. Second, it shows that despite their similarities
at the behavioural levels, the movements that achieve intentional and conflict-resolution
imperatives are driven by two different (model and sensory) kinds of prediction errors.
Third, it shows that it is only in the case of intentional actions that the active inference
agent correctly infers its velocity. Rather, if movement is only guided by conflict resolution,
the agent may incorrectly infer that its velocity is zero, as if it was not moving. This latter
finding provides a novel explanation for the fact that while people are aware of their inten-
tional movements, they are generally unaware of the motor adjustments that they execute
to resolve multisensory conflicts.

2. Methods

In this section, we describe the simulation setup and the active inference agent that we use in
the three simulations of reaching movements with no multisensory conflict (first simulation),
multisensory conflict with no movement (second simulation) and reaching movement with
multisensory conflict (third simulation).
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2.1. Simulation setup

The setup that we use for the three simulations is illustrated in Fig 1A-1C. In all cases the
agent is seated with the arm on a table and can move the arm by rotating the elbow around the
vertical axis. In this one-dimensional control problem, the agent’s configuration is fully
described by the elbow’s joint angle, 0 (Fig 1D). In the first simulation, the visual input comes
from the direct vision of the real hand (Fig 1A) and the agent is instructed to reach a target. In
the second simulation, the agent has direct view of a rubber hand placed in different configura-
tion with respect to real hand, which is conceal from view (Fig 1B), with any motor task
assigned. In the third simulations, the agent wears a stereoscopic visor displaying a virtual arm
and has to reach an assigned target; the virtual hand can be controlled, but with an unnatural
visuomotor mapping that introduces a misalignment between the two hands (Fig 1C). In the
second and third simulations, the fake arm contributes to the system dynamics as a visual sen-
sory input that replaces the visual input from the hidden real hand, hence creating a multisen-
sory conflict when the two hands are not aligned. In the model, the visual encoding of the
hand location is represented in Cartesian coordinates, as an approximation to the information

C REACHING WITH A MISALIGNED

A STANDARD REACHING
EMBODIED HAND

/ TARGET

*

—_— | =

TARGET

FAKE HAND \%

ReAL HAND (OCCLUDED)

B EMBODIMENT OF A FAKE HAND D MODEL REFERENCE FRAME

/ FAKE HAND
—_ -

REAL HAND (OcCLUDED)

(xp,yp)

Xp = Lgym X cos(0g +m/2)
Yp = Loym X sin(6g + m/2)

Fig 1. The simulation setup. (A-C) The three simulations included in the study. In all cases, the agent is seated with the forearm on the table. (A) In the first
simulation, the agent has direct visual access to the real hand or equivalently, to a virtual hand projected to spatially overlap the actual hand position. (B) In the
second simulation, the agent embodies a static fake hand placed in a configuration different from the real hand, hidden from view. (C) In the third simulation,
the agent embodies a virtual arm seen through a stereoscopic visor and has to reach a target; the simulation includes a manipulation of the visuomotor
mapping that, as the agent moves, introduces a spatial misalignment between the two hands. (D) In all the simulations, the agent is in control of one degree of
freedom of the elbow, which can rotate along the vertical axis. The agent state is then uniquely described by the elbow joint angle 6, with the corresponding
visual representation of the end-effector specified in Cartesian coordinates (x, y,).

https://doi.org/10.1371/journal.pchi.1010095.g001
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that is processed by the retina. In the assumption that the visual input arises from the real
hand, the Cartesian coordinates depend uniquely on the elbow joint angle, as in Fig 1D.

2.2. Active inference agent

We realized an active inference agent that is able to reproduce at a qualitative level the behav-
iour commonly observed in the lab under conditions equivalent to the three aforementioned
tasks. Below, we describe the two main elements that are necessary to set up an active inference
simulation. The former is the so-called "generative process” of active inference, which corre-
sponds to the agent’s environment, or the system with which it interacts by receiving inputs
and sending control actions. Here, it corresponds to the agent’s arm and its dynamics. The lat-
ter is the so-called "generative model", which corresponds to the agent’s model of the system.
The implementation of the perception-action loop adopted for simulating the dynamics of the
system (both the environment and the internal representation that the agent has of it) is
described next. Finally, we provide a formal introduction to active inference in S1 Appendix.
The interested reader is also referred to other publications that provide a comprehensive treat-
ment of active inference for motor control [14,29,30,37,48,49].

2.3. Generative process

The generative process is a mathematical description of the system with which the agent inter-
acts by receiving inputs and sending control actions; namely, the agent’s arm and its dynamics.
The generative process includes four elements: (i) a system state vector that describes the real
configuration of the system at any given time; (ii) a sensory state vector that describes the sen-
sory input that informs the agent about the current state of the system,; (iii) the forward map-
ping that maps the system’s state into the sensory input available to the agent and (iv) the
system dynamics. Below we introduce these four elements in order; see also Fig 2 for a detailed
mathematical description.

The system state vector (Eq E.1 in Fig 2) is described in generalized coordinates, akin to
previous implementations of active inference [28-30]. In essence, generalized coordinates are
adopted here to describe the dynamical state of the system at a given point in time, therefore
including the time derivatives of the state configuration at different orders. Note that such
description entails by definition predictions about how the system will evolve in the near
future. In our model, we approximate the state description at the first order, so as the vector
specifying at a given time the location of the arm, 6, and its velocity, ¢'.

The sensory state vector (Eq E.2 in Fig 2) is defined by a forward model describing the sys-
tem state as registered by the different sensory channels. In our model the agent gathers infor-
mation about the system’s state (in this case about its own posture) through proprioception
and vision. The hand configuration sensed through proprioception can be treated as an actual
measure of the elbow angle, 0, as sampled by proprioceptive receptors (e.g. neuromuscular
spindles and Golgi tendon organs), with an associated sensory noise Xp. The visual input pro-
vides information about the arm configuration in retinal coordinates. For simplicity, we take
as visual input the location of the palm centre in the 2D Cartesian reference frame illustrated
in Fig 1D. In the second and third simulations, we assume that the vision of the virtual hand is
processed as a visual cue originating from the real hand (which the agent cannot see), an
assumption that holds only if a sustained ownership illusion is taking place. The visual input
can be therefore treated as a measure of the virtual hand location (xy, yy) sampled with an
associated sensory noise 2. For simplicity, we assume the visual noise to be the same along
both directions of the Cartesian system.
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THE GENERATIVE PROCESS
System state vector
0
= [9] (£.1)
Sensory state vector
Sp 0+ Ep
s—[s | = |svx| = |2 + 2o |= gx(0) + 5 (E2)
4 Svy yy + 2,
Forward Mapping
g.(0) = xV arm X cos(0 +1/2) (E.3)
Lgrm X sin(0 + m/2)
System Dynamics
#= 10009 = |G| = (5 - 409 ) g 4.4 e

Fig 2. Mathematical description of the generative process. The system state vector (Eq E.1) describes the system in generalized coordinates at the first order. The sensory
state vector (Eq E.2) maps the system states into the sensory input (here proprioception and vision). The forward mapping (Eq E.3) describes how the system state vector
maps into sensory input. The system dynamics (Eq E.4) is expressed as a set of differential equations that describe the expected temporal unfolding of the system state. The
arm dynamics is approximated as a damped system driven by a combination of external forces (Fg) and agent’s actions (A); in Eq E.4 m,,,, represents the forearm mass
and ¢ the viscosity constant of the damping. We assume a power dependence between damping and velocity, with § = 0.5, which allows reaching plausible velocity profiles.

https://doi.org/10.1371/journal.pchi.1010095.g002

The forward mapping (g,) (Eq E.3 in Fig 2) maps the system state vector into the corre-
sponding description of the system state in the reference frames of the sensory channels avail-
able (here, proprioception and vision). As mentioned above, we assume that proprioceptive
receptors directly measure the joint angle, so that the corresponding forward mapping is the
identity function. Rather, vision encodes the hand position in Cartesian coordinates, which
can be derived from the elbow joint angle by considering the geometry of the system, shown in
Fig 1D. This forward mapping can be then used to compute the sensory state vector corre-
sponding to a given system state, as in Eq E.2.

The system dynamics (Eq E.4 in Fig 2) describes how the system evolves under the effect of
external forces and internally generated actions, in accordance with the underlying physical

laws. It can be formulated as a set of differential equations describing how the system state vec-
tor varies in time. It is generally expressed in the form: x = f(x, @, v), where @ denotes a set of
model parameters (characteristic of the system physical structure) and v a set of drivers or
attractors of the system dynamics. These attractors could be present either in the form of exter-
nal forces acting on the system, Fp, or in the form of actions internally generated and executed
by the agent, A. In our model, the system dynamics describes the temporal evolution of the
real arm configuration. We approximate the arm dynamics as a damped system, controlled in
velocity (i.e., the equations provide an expression for changes in velocity) exclusively through
internally generated actions-hence we assume contributions from external forces to be null.
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Note that the action A is expressed as the variation of the joint angle velocity in unit time,
therefore it has the dimension of a joint angle acceleration.

2.4. Generative model

The generative model is the agent’s internal representation of the environment and of its
dynamics. It includes three components that share resemblances with (but are not identical to)
the corresponding elements of the generative process. These include (i) an estimate of the
agent’s current state in the form of an internal state vector, i.e., the belief, (ii) an estimate of the
expected sensory feedback associated with the inferred current state, i.e. the expected sensory
vector, and (iii) a system dynamic model that describes the agent’s representation of how the
system state evolve in time given a specific inferred configuration. Below we introduce these
three elements in order; see also Fig 3 for a detailed mathematical description.

The internal state vector (Eq M.1 in Fig 3) is an estimate of the agent’s current state and it
is defined by the position, velocity and acceleration of the inferred configuration. The reason
to use up to the second order derivative is that the differential equations that compute the
dynamics of the system return the first and the second order derivatives of the state. Thus, we
need to track the second order state estimate (acceleration) to be able to compute the

THE GENERATIVE MODEL

Internal state vector

Ug (M.1)
p=|Ho
Hg

Expected sensory state vector

$p He _ Mo Vo
Bs = |Svx| = gulue) = [Pvx| = |~Larm X cos(ug +m/2) (M.2)
§v,y Hv,y Larm X sin(ug +1/2)
System dynamics model
He' (M.3)

.o _ _|m| 2 ~

Fig 3. Mathematical description of generative model, i.e. the internal model the agent holds of the system and its dynamics, for the 1D model shown in Fig 1. The
agent represents its own state via the internal state vector that describes the system in generalized coordinates at the second order (Eq M.1). The forward model, g, (i),
describes how the agent forms an estimate of the expected sensory input based on the inferred system state, g, (Eq M.2). The model of the system dynamics allows the
agent to predict the temporal evolution of its own state. In particular, the agent in our model entails a representation of reaching actions as instantiations of a desired state,
Hg,» which acts as an attractor. The dynamics is then assumed to follow that of a damped oscillator (Eq M.3), with K representing the elastic constant controlling the
attraction strength, ¢ the viscosity constant of the damping, and m,,,,, the mass of the agent forearm. Note that the model in Eq M.3 describes also states in which the agent
does not intend to move; in this case the desired state is to be set to the current state, i.e. ty, =ty

https://doi.org/10.1371/journal.pchi.1010095.g003
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prediction error. For simplicity, and in keeping with previous active inference implementa-
tions [28-30], we assume that the agent models the system state in the same domain as the sys-
tem state vector in the generative process. This assumption allows mirroring the expressions of
the generative processes in the generative model.

We assume that the agent’s representation of the system’s structure and dynamics resem-
bles the generative process counterparts. Specifically, we assume that the agent computes an
expected sensory vector (u;) (Eq M.2 in Fig 3) with an internal representation of the forward
mapping between the system state and the corresponding sensory input, given by g, (ug). Note
that p, is to be compared with the afferent sensory feedback s (in Eq E.2 in Fig 2) for comput-
ing sensory prediction errors, and shall be therefore defined in the same domain as s.

Furthermore, we assume that the agent’s generative model includes an internal representa-
tion of the system dynamics (Eq M.3 in Fig 3). Given that we are interested in simulating
reaching actions in the absence of external forces, we follow previous active inference imple-
mentations that treat the intended target as a point attractor. This is done by including in the
internal model a force driving the hand towards the target, i.e. a force directed along the vector
from the current hand location to the target, and proportional to the hand-target distance (Eq
M.3 in Fig 3). The internal model includes also a damping factor (—¢ g, which prevents the
velocity to increase indefinitely), necessary to reproduce plausible reaching dynamics in which
the hand does not overshot the target and oscillate around it. Please note that the presence of
an intended goal, or desired state, in the agent’s generative model marks an important differ-
ence with the generative process in which the attractor is not present-and permits the agent to
autonomously pursue its intended goals rather than passively following environmental
dynamics.

Performing a (visually-guided) reaching movement requires the to-be-reached target to be
associated with a corresponding system configuration, xr, for which the agent’s hand is on the
object. In the current case, this will be a specific elbow angle: x = 07. The agent, however, does
not have direct access to the real environment variables, and must therefore rely on the esti-
mates of the target location, i, = [u, , ft,, ], and of the corresponding system configuration,
Ho,- To infer the latter, the agent can adopt the inverse of the forward model plausibly learned
based on the lifelong multisensory experience of the body. In our implementation, for simplic-
ity, we skip this step and set the target directly as a desired system configuration, u,, .

Finally, the system dynamics model (Eq M.3 in Fig 3) permits also characterizing a “rest-
ing” condition in which the agent does not intend to move. In this setting, being at rest
could be modeled assuming that the agent’s goal is to remain in the current state-which
corresponds to setting the attractor to the current state estimate, i.e. 4y = w,. When the
active inference agent is in the “resting” condition, the internal model of the system
dynamics does not trigger any movement. However, how we will discuss below, the agent
can still generate movements unintentionally, to resolve multisensory conflict (see the sec-
ond simulation below).

2.5. Action-perception loop of the active inference agent

In active inference, both perception and action arise from a common mathematical operation:
the minimization of variational free energy (VFE) [29]. In this setting, the agent’s perception
and action dynamics can be simulated by computing the evolution of the coupled dynamical
system in Fig 4, Eq L2.1-L.2.4. Once the initial conditions (i.e., the system and internal state
vectors and the corresponding sensory state vectors) are set (Eq L.1 in Fig 4), the evolution in
time of the system can be computed by iterating on discretized time intervals, with the desired
resolution set by selecting the number of iterations, N, in relation to the simulation duration,
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THE PERCEPTION-ACTION LOOP

Initial Conditions

x(t) =xo; st =gx(x0) + X 1 (t) =po (L1)
Simulation Loop
fori=1:N ; dt=t31\ilm

. JoF
u(tiy1) = p(t) +dt [ﬂ(ti) - kua(”(ti)ws(ti))] (L.2.1)
dF

Altiq) = Alt) —dt [kAﬁ(u(ti),s(ti))] (L.2.2)

x(tiv1) = x(t;) + dt [f2(x(t), A(ti11))] (L.2.3)

s(tiv1) = gx(x(ti41)) + X (L.2.4)

Fig 4. Perception-action loop of the active inference agent. The variables and equations in black (blue) are from the generative process (generative model), thus
represent the real world (internal representations the agent holds about the system state and its dynamics). See the main text for a detailed explanation.

https://doi.org/10.1371/journal.pcbi.1010095.9004

tim- At each time step, the inferred state of the hand and the action selected by the agent are

calculated using Eq L.2.1 and L.2.2, respectively. Note that the inferred state evolution depends
both on the expected dynamics and on the minimization of the VFE via gradient descent,
while the action’s update is only driven by the gradient descent of free energy. As we discuss in
detail below, although the action A is a scalar, it results from the contribution of two compo-
nents, which minimize VFE by minimizing the proprioceptive and the visual prediction errors,
respectively. Next, the effect of the action on the environment is calculated by updating the sys-
tem state vector, using the real dynamics (Eq L.2.3). Finally, the sensory input vector associated
to the system state vector is obtained using Eq L.2.4; this is the input that will be used in the
next iteration by the agent to infer the system state and select an action.

Importantly, the simulation has to take into account the fact that the intrinsic dynamics
of the system and the free energy minimization could in principle unfold at different time
scales. If the intrinsic dynamics of the system were much faster, then it would not be influ-
enced by the free energy minimization; and vice versa if the free energy minimization were
too fast, it could create motor instabilities. To ensure that the intrinsic dynamics of the sys-
tem and the free energy minimization unfold on compatible timescales, it is necessary to
introduce some additional parameters—the perceptual gains, k, = [k, k., k,] and the
action gain k,—that modulate the rate of gradient descent of free energy. Please note that
later we will split the action gain k, into two actions gains, which modulate the minimiza-
tion of the proprioceptive prediction error (k,,,) and of the visual prediction error (k4.,),
respectively.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1010095 June 17, 2022 11/29


https://doi.org/10.1371/journal.pcbi.1010095.g004
https://doi.org/10.1371/journal.pcbi.1010095

PLOS COMPUTATIONAL BIOLOGY Active inference unifies intentional and conflict-resolution imperatives of motor control

VARIATIONAL FREE ENERGY
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Fig 5. Derivation, under the Laplace approximation, of the variational free energy (VFE), F, for the active inference agent. See S1 Appendix for the detailed
derivation of Eq F.1, in which F is expressed in terms of the Laplace encoded energy, and C is a term assumed here to be a constant that encodes the optimal variance
(omitted for clarity as it will not be used for computing the gradients as it does not depend on the internal state g nor the action A). p(?Lu) and p(s,|u) are the
proprioception and visual likelihood given the internal belief ug. p(u,, 1,115 ) is the joint probability of the internal state vector up to 2" order, which can be expressed in
terms of conditional probabilities on the system state as expected from the internal dynamical model. Both the sensory state likelihood and the conditional probabilities are
approximated as Gaussians centred on the expected sensory state and the expected value of the dynamics at the different orders (from Eq M.3 in Fig 3) respectively. Please
see the main text for a more detailed explanation.

https://doi.org/10.1371/journal.pchi.1010095.g005

To solve the coupled evolution of perceptual inference and motor control, we therefore
need to compute the VFE of the system F, and next the gradients of 7 both with respect to the
components of the internal state estimate u (here yg and pg), and to the action A.

As discussed in previous studies [29,30,37,49], under the Laplace approximation, the gradi-
ent of F with respect to the internal state is equivalent to the gradient of the Laplace encoded
energy, —log p(s,4) (Eq F.1 in Fig 5, whose derivation is summarized in S1 Appendix). For the
problem under scrutiny, we can work out a derivable expression of —log p(s,u). As a first step,
we work out an expression for p(s,u), assuming that (i) the likelihood for receiving a sensory
input in a given modality is a normal distribution centred on the corresponding state estimate
(here pgq for proprioception, and g(ug) for vision, with corresponding expected sensory noises
z, and X; ), and (ii) that the two sensory input are independent (leading to Eq F.2-F.4 in
Fig 5).

Crucially, the prior belief about the current state of the system, p(u), is informed by the
expected system dynamics. In particular, given the adopted representation of the internal state
(EqM.1in Fig 3), p(u) = p(pe, He'> He) could be worked out as the product of conditional prob-
abilities, and written as p(p) = p(ugr|to) p(te-|te), as in Eq F.3 in Fig 5. This holds under the
assumption that, by default, any initial state system is considered equally probable (i.e., p(up) is
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uniform). In order to work out an expression for p(u), we shall consider that the expected
value of each dynamical order of the internal state vector is informed by the corresponding
time derivative of the state at the order below (as from Eq M.3 in Fig 3): thus, (ue') and (ug-)
(where the (.) indicates the expected value) are informed by i, = f;, and ji,= f,, respectively
(see Eq M.3 in Fig 3). Considering prior predictions as noisy processes, we can adopt Gaussian
representations centered on the corresponding expected values, with the standard deviation

representing the agent’s uncertainty on the internal model, X, and X, . Plugging all the nor-

Hor
mal distributions in Eq F.2 (Eq F.4 in Fig 5) and applying the basic rules of logarithms we
obtain an analytical expression for F (Eq F.5 in Fig 5). The latter shall be derived with respect
to the perceptual estimates and to the action and plugged in the perception-action loop
computation.

In the specific formulation adopted for our problem the variational free energy takes the
simple form given in Eq F.5 in Fig 5. The contribution of the free energy gradient descents
contributing to the estimate of the elbow joint angle and of its velocity (via Eq L.2.1 in Fig 4)
can be easily derived and are given in Eq G.1 and Eq G.2 in Fig 6, respectively. When it comes
to derive F with respect to A, however, one need to face the issue that actions are not explicitly
represented in the internal model and therefore A does not enter in the formulation of F. To
overcome this apparent deadlock, active inference assumes that agents hold an implicit knowl-
edge of how actions map into changes in sensory states, formally of 0s/0A, which is assumed
to be hardwired or learned throughout lifespan [30]. This allows deriving the gradient of 7
with respect to A by minimizing the free energy with respect to the sensory state vector, as in
the first equivalence in Eq G.3 in Fig 6. Note that doing so, the gradient of F with respect to A

FREE ENERGY GRADIENTS
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Fig 6. Derivation of the free energy gradients for the active inference agent. Please see the main text for a detailed explanation.

https://doi.org/10.1371/journal.pcbi.1010095.9006
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results a two dimensional vector, with the two components associated with the minimization
through action of the proprioceptive and visual prediction errors. In fact, given that we are
interested in simulating visually guided actions, we assume that the agent selects actions to
minimize both visual and proprioceptive errors (second equivalence in Eq G.3 in Fig 6), as pre-
viously done in [48]. Accordingly, the gains for the free energy minimization through action,
should include two components: k4 = [k4 4, k4. Note that this differs from most active infer-
ence models of motor control, which assume that the agent selects actions to minimize propri-
oceptive errors only.

A fundamental assumption of the active inference formulation is that the agent holds an
intrinsic knowledge of Js,/0A, implemented by reflex arcs, and more specifically by a chain of
reflexes allowing to automatically (with no motor planning) achieve a given change in the agent’s
state as sensed by proprioception [30]. Still, in actual implementations of active inference, it is
necessary to derive a mathematical representation for this term. Considering that the relation is
intrinsically rooted in the agent’s knowledge of its body structure and actuators dynamics, it is
possible to derive a plausible relation based on the internal representation of the system dynam-
ics. Advanced learning techniques with function approximators are out of the scope of this work
[50]. For the specific implementation adopted here, A is defined as a change in angular velocity,
as from Eq E.4 in Fig 2. We can then rewrite the dynamics of the velocity given in Eq M.3 in Fig
3, by setting /1, as an action A, and by expressing yy as a function of A. Considering that the pro-
prioceptive input s, is here assumed to provide a noisy measure of the elbow joint angle 6, inter-
nally represented as g, one plausible expression for ds,/0A can be derived computing dug/OA
from the expression derived as above, which return —7,,, /K as a result. Given this, we obtained
a computable expression for 0F /OA as in Eq G.4 in Fig 6.

The expressions derived for the VFE gradients (Eq G.1-G.4 in Fig 6) clearly show how both
perceptual inference and actions “move” in the direction that suppresses prediction errors.
However, while action is driven exclusively by the need to suppress the sensory prediction
errors (g, = s—g(p)), perceptual inference is driven both by sensory prediction errors & and by
model prediction errors £, = #t',,.; — f,(#). Note that in our model the first component of the
model error is null by definition (Eq M.3 in Fig 3), thus its contribution does not appear in
Eq G2 in Fig 6. This is a crucial point because, as it will be shown in the following, these two
predictions errors—which enter the derivation of action through pp—underlie two different
imperatives of motor behavior, which might have different demands in terms of motor aware-
ness (see the Discussion for a more detailed discussion on motor awareness).

It is worth to clarify the reason why the internal state vector should include the second
order pgys, which is related to the computation of model dynamics errors. Model dynamics
errors represent the offsets between the estimated changes in the predicted system (as
informed by sensory input) and the corresponding changes predicted by the internal dynam-
ics. This implies, in the general case, that the internal estimate of the system state should
extend to one order higher with respect to the one at which the system dynamics is internally
modeled. Thus, because in our case the dynamics is formulated at the first order, i.e. as changes
in velocity (Eq M.3, Fig 3), we need to include an estimate for acceleration in the internal state
vector (Eq M.1, Fig 3). In the model implementation we computed the yg’ temporal evolution
by setting changes in the expected acceleration to random fluctuations, a standard choice
adopted in previous active inference models; see [34].

2.6. Generative process and model used in the three simulations

The characterization of the generative process was fixed and kept the same for all the three
simulations. The mass and length of the real arm were set to the average corresponding values
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of adult human forearms: L,,,,, = 45 cm and m,,,,,, = 1.5 kg. The noise levels associated the sen-
sory input in the generative process are set to plausible values, according to the known accu-
racy for proprioception and vision: we set X, = 0.1 rad (corresponding to 5°) as the noise
associated with the joint angle decoding from proprioception, and Z, = 1 cm for the visual
encoding of the hand’s centre position. For all three cases, we follow the simulations for a
duration of t;,,, = 20 seconds, with a temporal resolution, dt, of 10 milliseconds. The parame-
ters of the system dynamics (Eq E.4 in Fig 2) were set to ¢ = 4 and B = 0.5. Differently from
previous implementations of reaching actions, we considered a non-linear dependence of the
damping on the arm velocity, to avoid having critical damping (stopping at the target without
oscillating around it) achieved over long time scales.

We designed a unique generative model and used the same set of parameters for the three
simulations. The only exception to this are the internal estimates for the noise of the sensory
inputs (st and ng) and the action gains (k, , and k4 ,), to account for the different demands

of the simulations that include (first and third) or not include (second) an explicit motor task.
In the design of the generative model, we assumed that the agent has a non-biased representa-
tion of its body (i.e., L,,, = L,,, and i, = m,, ). Next, we fixed the parameters adopted for
the internal model of the system dynamics were set ¢ = 4 and K = 1.3 for all simulations,
reflecting the assumption that the agent has a robust model of its dynamics. Note that, while
the damping parameter ¢ could faithfully represent its counterpart in the generative process,
the elastic parameter does not have such a counterpart. Said that, it is important to notice that
K governs the strength of the attractor (in the damped oscillator the elastic force), thus paral-
leling the role that action A plays in the dynamics of the generative model. For this reason, it is
to be kept in mind that there is a direct interplay between the values of K and of the action
gain, k,, which in essence governs how fast the model descends the free energy gradient.

As mentioned above, the relative values of these gains need to be tuned with respect to the
intrinsic dynamics of the system and according to the temporal resolution of the simulation.
Their specific values then reflect the need to calibrate the relative rates at which energy minimi-
zation for perception and action occurs on the top of the system dynamics. Here we assume that
kﬂ =0.1, kﬂ/ =0.01 and kﬂu =0.001. Similarly, we fix the uncertainties associated with the internal
model, X, andX, ,t00.01 and 0.1 respectively. We provide the specific values for sensory

noises (ng and pr) and action gains (k4 , and k, ,) in the description of the simulations.

Wt ?

3. Results

In this section, we use the proposed active inference agent and the simulation setup described
in the Methods section to simulate three tasks that highlight the different imperatives of move-
ment control: intentional (first simulation), conflict-resolution (second simulation) or both
(third simulation). Our simulations show that active inference unifies in a common framework
both the control of intentional actions and the execution of movements that resolve multisen-
sory conflicts in the absence of external goals. Furthermore, our simulations highlight that act-
ing intentionally and acting to resolve conflicts imply different dynamics of the hidden states
of the agent’s generative model. In turn, these differences might be relevant to understand why
only the former kind of (intentional) action is generally associated to awareness.

3.1. First simulation: reaching a target in space

In the first simulation, the active inference agent has to reach a fixed target location with its right
hand. In this simulation, there is no multisensory conflict: visual and proprioceptive inputs are
consistent with one another. We set the starting elbow joint angle of the agent at 6 = 0, which
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Fig 7. First simulation: reaching a fixed target in space. (A) Schematic representation of the agent having direct vision of his own arm, which initially rests
on a table surface and could only move by rotating the elbow around the vertical axis. (B) Task specification. The agent has to reach a target location (green
star) by rotating the arm so to reach the configuration shown in grey, at 8, corresponding to having the hand at the target location [xy, y7] = g(07). (C-G)
Dynamics of the model variables during the task. The vertical bars mark the time at which the target location is disclosed. (C) Joint angle of the real (black)
and inferred (red) arm configurations, expressed in radians; the green line represents the arm configuration 01 for which the hand is on the target. (D) Real
(black) and inferred (red) velocity of the elbow joint angle velocity. (E) Action, represented in our model as an angular acceleration. (F) The three prediction
errors considered in the model: model dynamics error (green) and the two sensory errors, proprioceptive (magenta) and visual (blue). Please note that in this
plot, the prediction error units correspond to different dimensions and cannot be directly compared. (G) Contributions of proprioceptive (magenta) and
visual (blue) errors in determining the action, more specifically the two vector components in the r.h.s. of Eq G4 in Fig 6. See the main text for explanation.

https://doi.org/10.1371/journal.pcbi.1010095.9007

corresponds to having the forearm parallel to the midsagittal plane. Furthermore, we set the tar-
get to the location that the hand would occupy when the elbow joint angle is 0 = 71/3, thus at
[x7, y1], derived as in Fig 1E. Please note that setting the target location a function of a plausible
elbow joint angle ensures that the task is achievable in the 1DoF problem considered here.

The internal estimates for the sensory noise are assumed to be unbiased with respect to the
sensory noises characterizing the generative process, thus Z, =01 and X, = 0.01. We further

assume that the action gains driven by proprioceptive and visual predictions errors are the same,
thus k4 , = k4, = 0.3. Finally, we assume that the target of the reaching task is provided three sec-
onds after starting the simulation (t7 = 3s). This allows us to inspect the behavior of the system at
movement onset and to test the model stability in the absence of action triggers.

The simulation results are illustrated in Fig 7. Fig 7A shows a schematic of the simulated
agent whereas Fig 7B shows the initial position of the hand and the target position (the green
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star) defining the task. Fig 7C-7G illustrate the temporal evolution of variables of the genera-
tive process and the generative model. Fig 7C and 7D show the temporal evolution of the two
hidden states considered in this simulation—joint angle position and velocity, respectively—
and highlight the differences between the “real” system state variables of the generative process
(i.e., and €') and the corresponding state variables of the generative model (i.e., yg and pg).
The next panels show the temporal unfolding of the generated action (Fig 7E); of the three
kinds of prediction errors (the model prediction error and the two sensory prediction errors:
visual and proprioceptive) (Fig 7F); and of the relative contributions of the two sensory predic-
tion errors (visual versus proprioceptive) to the generated action (Fig 7G). The latter corre-
spond to the two terms on the r.h.s of Eq G.4 in Fig 6. Please note that for illustrative purposes,
we parameterized the system to simulate a slow reaching movement that lasts about 6 seconds.

In the first 3 seconds of the simulation, before the target is set, the agent keeps its posture.
In this phase, prediction errors are on average null, beside fluctuations associated with sensory
noise. Later on, when the target is set, the associated arm configuration (shown by the grey
arm in Fig 7B) becomes the desired state, acting as an attractor in the internal model of the sys-
tem dynamics. The internal estimate of the system’s state “drifts” towards the predicted
dynamics, causing a sudden increase of the model prediction error (note that by definition &,/
is always zero, so we do not report it in the following). Sensory prediction errors grow accord-
ingly (Fig 7F), and eventually drive the action to reach the target.

Please note that the above pattern of results does not critically depend on the fact that the
agent selects actions to minimize both visual and proprioceptive errors. A control simulation
(S1 Fig) indicates that the same pattern of results can be obtained by assuming that the agent
selects actions to minimize only proprioceptive errors, as assumed in previous active inference
models of movement control [30,46]. Furthermore, similar results can be obtained by assum-
ing that the agent has a biased representation of the sensory noises; for example, by assigning a
higher precision to vision compared to proprioception &, =03 and X; = 0.01) or vice

versa (ng =0.05and X; = 0.03).

3.2. Second simulation: multisensory conflict in the rubber hand illusion

In the second simulation, the active inference agent experiences the Rubber Hand Illusion
(RHI) [11]. In the RHI, a static rubber hand misplaced with respect to the real hidden hand is
processed as if being part of the self-body, thus the agent is exposed to a multisensory (visuo-
proprioceptive) conflict. As for other Bayesian accounts of the RHI, we assume that the agent
automatically attributes the sensory stimuli available (e.g. visual from the rubber hand and
somatosensory from the real hand) to the same causal origin-the own body-and hence incor-
porates the rubber arm into his body representation. This assumption is reflected in the choice
of the agent’s generative model that implicitly assumes that the visual input of the rubber hand
originates from the physical hand. So, in the forward mapping of the generative model (Eq
E.3) we assume that [xy, yy] = [Xgrg, Yryl, where the latter vector represents the Cartesian coor-
dinates of the rubber hand (see Fig 8B). However, differently from other Bayesian approaches
to the RHI, active inference assumes that the agent can potentially resolve his multisensory
conflict by moving the arm. To appreciate this possibility, we assume that the agent’s real hand
is free to move.

We assume that the illusion is triggered instantaneously, after 3 seconds from the beginning
of the simulation, and that the rubber hand is placed in the configuration corresponding to a
joint angle of 71/3 (for consistency with the first simulation). In this simulation we assume that
action is driven exclusively by proprioceptive prediction errors and hence we set k, ,, = 0. This
is because the agent has no control on the rubber hand and is therefore not able to change the
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Fig 8. Second simulation: multisensory conflict in the rubber hand illusion (RHI). Schematic representation of the agent seeing a virtual hand through a
virtual reality stereoscopic headset. (B) Task specification. The agent undergoes a body ownership illusion over a virtual arm shown with a rotation 6 with
respect the real arm initial position. (C-G) Dynamics of the model variables during the task. The vertical bars mark the time of the illusion onset. (C) Joint
angle of the real (black) and inferred (red) arm configurations, expressed in radians; the blue line represents the virtual arm configuration 6r. (D) Real (black)
and inferred (red) velocity of the elbow joint angle velocity. (E) Action, represented in our model as an angular acceleration. (F) The three prediction errors
considered in the model: the model dynamics error (green) and the two sensory errors, proprioceptive (magenta) and visual (blue). Please note that in this
plot, the prediction error units correspond to different dimensions. (G) Contributions of proprioceptive (magenta) and visual (blue) prediction errors in
determining the action, more specifically the two addends in the r.h.s. of Eq G4 in Fig 6. The gray line represents the potential visual contribution that is set
off by assuming that k4 , = 0. See the main text for explanation.

https://doi.org/10.1371/journal.pchi.1010095.g008

visual input by moving. Finally, we assume that in this simulation, the agent has a lower visual

precision of the hand location (X; = 0.07), reflecting the fact that it trusts the inputs from the

rubber hand less than the inputs from the real hand. The low visual precision is also important
to guarantee that the effects of the illusion arise gradually, despite for simplicity we assumed its
onset to be instantaneous; see the Discussion for more details.

The simulation results are shown in Fig 8C-8G, with the same layout described for Fig 7.
The model predicts that once the illusion is triggered, visual and proprioceptive streams pro-
vide incongruent information about hand position and hence generate sensory prediction
errors that affect perceptual inference of the hand position, yg. In turn, to minimize the sen-
sory prediction errors, the agent moves the real hand in the direction of the rubber hand.
Please note that this occurs because in this simulation, moving the rubber hand in the
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direction of the real hand is impossible. If this were possible, e.g., keeping k4 , different from
zero, we could have observed the opposite: a movement of the rubber hand in the direction of
the real hand.

Importantly, as the agent does not have any explicit intention to move, the model dynamics
errors are null. Given that the agent receives no model dynamics errors and has no sensory
access to its velocity, it incorrectly infers that its velocity remains zero (Fig 8D), as if it executed
no movement. This result provides a speculative explanation for the lack of awareness of
movements that are executed in the absence of an explicit intention [51]. We will return to this
point in the Discussion.

3.3. Third simulation: reaching under visuo-proprioceptive conflict

In the third simulation, the active inference agent has to reach a fixed target location with its
right hand (as the first simulation) when it is exposed to a visuo-proprioceptive conflict (as in
the second simulation). Different from the second simulation, the conflict originates from the
fact that the agent is embodying the virtual arm of an avatar that moves in the same direction as
the real hand, but faster: the movements of the real hand are mapped onto the virtual hand with
a velocity gain of 1.3 along the same direction. This is done by extending the generative process
with an additional dynamical variable, the virtual hand joint angle, 8y, whose dynamics at the

first order is set to 0, = 1.3 x 0. This implies that any movement of the real arm corresponds
to a faster movement of the virtual arm, producing a spatial misalignment between the two.
Importantly, once the agent starts moving, a multisensory conflict is generated that cannot be
resolved. This simulation therefore resembles classical studies of motor adaptation that modify
sensorimotor mappings using (for example) fixed roto-translations [18].

We assume that at the beginning of the simulation, the virtual hand illusion is already estab-
lished and the real and the fake hands are perfectly co-located: 8, = Oy o = 0. As in the first
simulation, the target of the reaching task (6 = /3) is provided after three seconds (7 = 3s).
The other parameters are the same as the first simulation, too.

The simulation results are detailed for the velocity gain of 1.3 in Fig 9C-9G, using the same
layout as for Fig 7. In addition, we show the velocity profiles for different gains in Fig 9H. As in
the first simulation, the target location acts as an attractor and influences the model dynamics,
hence creating a model dynamics error. This, in turn, produces sensory prediction errors—that
the agent minimizes by moving the arm towards the target location. However, in this simulation,
once the agent starts moving, it experiences an additional multisensory conflict, because the vir-
tual arm moves faster and becomes misaligned. Given the visuo-proprioceptive mismatch, the
perceptual estimate of the hand location (red line in Fig 9C) shifts toward the virtual hand.

Because the virtual gain is larger than 1, the virtual hand moves faster and approaches the
target ahead of the real hand. A steady configuration is then achieved when the inferred state,
dominated by visual information from the virtual arm location, reaches the target. Note that,
as vision is characterized by a higher sensory precision compared to proprioception, the
inferred state is closer to the virtual hand and the real hand stops moving before reaching the
target. This steady configuration, characterized by a null model prediction error, is sustained
despite the persistent visuo-proprioceptive conflict. This is because the contributions of the
visual and proprioceptive prediction errors to action counteract each other (Fig 9G), causing
the overall action to be suppressed. In other words, since the real and the virtual hands lay on
opposite sides with respect to the inferred hand location, there is no way of simultaneously
reducing both visual and proprioceptive prediction errors. Moving the real hand towards the
inferred state would reduce proprioceptive prediction error but also increase visual prediction
error, because the virtual hand would be moved away from the inferred location. Conversely,
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Fig 9. Third simulation: reaching under visuo-proprioceptive conflict that cannot be resolved by acting. (A) Schematic representation of the agent
seeing a virtual hand through a virtual reality stereoscopic headset. (B) Task specification. The agent has to reach a target placed at [x1, y7] = g(67), while
undergoing an illusory ownership over a virtual hand, which moves along the real hand but with a velocity gain of 1.3. (C-G) Dynamics of the model

variables during the task. The vertical bars mark the time at which the target location is disclosed. (C) Joint angle of the real (solid black) and inferred (solid

red) arm configurations, expressed in radians. The green line represents the desired arm configuration 6 for which the hand is on the target. (D) Real

(black) and inferred (red) velocity of the elbow joint angle. (E) Action, represented in our model as an angular acceleration. (F) The three prediction errors

considered in the model: model dynamics error (green) and the two sensory errors, proprioceptive (magenta) and visual (blue). Please note that in this

plot, the prediction error units correspond to different dimensions. (G) Contributions of proprioceptive (magenta) and visual (blue) errors in determining
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the action, more specifically the two addends in the r.h.s. of Eq G4 in Fig 6. (H) Real (solid curves) and inferred (dashed curves) velocities of the elbow joint
angle for different simulations that use different values for the velocity gain, which maps the real elbow joint angle velocity into the corresponding join
angle velocity of the virtual arm. The black line, corresponding to a velocity gain 1, is the same as in the first simulation. The inset permits appreciating the
differences between the inferred velocities. See the main text for a more detailed explanation.

https://doi.org/10.1371/journal.pchi.1010095.9009

moving the real hand away from the inferred location would move the fake hand towards it
and hence reduce visual prediction error, but also increase proprioceptive prediction error.
This result highlights the importance of including the contribution of visual prediction errors
to action (see Eq G.3-G.4 in Fig 6). A control simulation (S2 Fig) illustrates that if the contribu-
tion of visual prediction errors to action is removed, the visuo-proprioceptive conflict cannot
be resolved and then the real hand would continue to follow the virtual hand beyond the tar-
get, failing to comply with the assigned task.

Fig 9H shows the real (solid curves) and inferred (dashed curves) velocity profiles from dif-
ferent simulations, in which we used different values of the velocity gains that map the real
joint angle velocity to the velocity of the virtual arm. The comparison between the magenta
lines (corresponding to this third simulation, with gain 1.3) and the black lines (corresponding
the first simulation, with no visuo-proprioceptive conflict and gain 1) is characterized by a
clear shift that reflects the earlier damping in the join angle velocity discussed above. A similar,
but more pronounced trend is observed when the velocity gain of the virtual arm is increased
to 1.5 (red curve). When instead the virtual arm is set to move slower (green and blue curves),
the real arm reaches the target before the virtual hand and-given that the virtual hand still lags
behind-keeps moving beyond it, reaching its velocity peak later than in the other conditions
and overshooting the target (Fig 9H). Interestingly, while the agent’s motor behaviour (solid
curves) is clearly different in the five different visuomotor conditions of Fig 9H, the dynamics
of the corresponding internal estimates of the arm velocity (dashed curves) shows minimal dif-
ferences. This result suggests a possible reason why people are generally not aware of the small
compensatory movements that they execute in conditions of subtle manipulations of the
visuo-motor mapping [22].

In sum, this simulation illustrates that during visually guided actions with multisensory
conflicts that cannot be resolved by acting, the intentional component largely dominates,
obscuring the contribution of conflict-resolution mechanisms.

4. Discussion

Movement control is usually guided by an intentional imperative to reach external goals, as in
the case of a person reaching an object with the hand. However, recent human-computer
interaction and virtual reality studies revealed subtler aspects of motor behaviour that are not
motivated by the achievement of external goals [13-15,17]. These include small motor adjust-
ments that are driven by the need to reduce multisensory conflict between (for example) the
real position of the hand and the position of an avatar’s hand, hence permitting to maintain a
unitary body representation in the face of multisensory conflicts. Movements that obey the lat-
ter conflict-resolution imperative are usually ignored in mainstream models of motor control
and difficult to reconcile with the necessity to achieve external goals [2,3].

Here, we presented a model grounded in the theory of active inference that provides a uni-
tary perspective on the two main imperatives of motor control: the achievement of external
goals and the resolution of multisensory conflicts. We presented three simulations that illus-
trated the capability of the active inference model to addresses the two imperatives and the
similarities and differences between tasks that include external goals, multisensory conflict, or
both. Below we highlight four key results of our simulations.
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First, our simulations show that the same active inference model accounts for the achieve-
ment of external goals (first simulation), the resolution of multisensory conflicts (second simu-
lation) and both imperatives simultaneously (third simulations). At difference with other
approaches, such as optimal motor control [2] that only focuses on intentional aspects of
movement, the framework of active inference considers multisensory conflict resolution as
part and parcel of movement control. This means that it is not necessary to define ad-hoc func-
tions to account for motor adjustments that occur in conditions of multisensory conflict.
Rather, it is possible to derive them from first-principle accounts, such as (in active inference)
the minimization of variational free energy [29,30,37,49,52-54]. Previous works showed that it
is possible to simulate various aspects of movement control under multisensory conflict,
including pathological behaviour [31,55]. Here, we show that we can reproduce both inten-
tional and conflict-resolution imperatives of motor control in the same model, across three
simulations. Crucially, this does not require changing the generative model or its dynamics,
but only to adapt the model parameters to reflect task demands.

Second, our simulations highlight a crucial difference between movements that are trig-
gered by intentional and conflict resolution imperatives. To understand this point, it is worth
reminding that active inference considers two kinds of prediction errors: model dynamics
errors that stem from a discrepancy between the inferred and the expected model states; and
sensory errors (visual and/or proprioceptive) that stem from a discrepancy between predicted
and sensed observations. While action is only driven by sensory errors, model dynamics errors
can trigger it indirectly, by driving the perceptual inference away from the current sensory
input and thus producing sensory prediction errors. Crucially, the distinction between actions
triggered with or without model dynamics errors becomes key to understand the differences
between intentional and conflict-resolution movements. Intentional actions arise because of
changes in model dynamics that produce model dynamics errors. During reaching, for exam-
ple, setting a target for movement changes the dynamics of the model and drives the expected
state towards the target. In turn, this generates sensory prediction errors that drive intentional
movements in the direction of the target—and cancel out not just sensory errors, but also the
model dynamics errors that generated the sensory errors in the first place. Instead, conflict-res-
olution movements arise in the absence of model dynamics errors. Bodily illusions (or aber-
rant self-perception) can directly trigger sensory prediction errors in the agent’s forward
model that maps the system state into (visual and proprioceptive) sensory channels. For exam-
ple, in the RHI, visual inputs from the rubber hand are processed as if originating from the
body. The virtual hand location is then merged with the position sensed by proprioception.
This leads to an inferred state at an intermediate location between the two, which is used in
the internal forward model g, to compute sensory predictions, thus producing sensory predic-
tion errors in both the visual and proprioceptive domains. In standard RHI experiments,
when the participant cannot move the hand, this would result in a so-called proprioceptive
drift, which marks an incorrect estimation of the hand location [11,23]. In our simulations,
when the agent is able to minimize prediction errors by moving, the sensory prediction error
produces an action towards the rubber hand, in agreement with what observed experimentally
under similar conditions [13]. This is in line with the results from [14], derived from an active
inference model specifically tailored to simulate the RHI.

Third, while we emphasized the distinction between intentional and conflict-resolution
imperatives of motor control, our simulations show that both imperatives might be simulta-
neously in play and their relative impact on movement may vary, depending on task demands.
Specifically, when multisensory conflicts can be resolved by acting (second simulation), the
necessity to resolve the conflicts triggers movement even in the absence of external goals, as
observed during bodily illusions [13-15,17]. Rather, in conditions traditionally addressed by
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sensory adaptation studies [18,24], when the action is goal-directed and the multisensory con-
flict cannot be resolved by acting, the intentional component dominates, obscuring conflict
resolution. The fact that the contribution of conflict-resolution to movement control is often
obscured by the intentional imperative might explain why the former has been received scant
attention so far. However, besides bodily illusions, the conflict-resolution imperative might
potentially help understand other apparently puzzling phenomena in motor control, such as
the so-called "ideomotor" movements [56,57] that are triggered by the observation of others’
actions and the aberrant action awareness in some psychopathologies (see below).

Fourth, our simulations lead to the speculative proposal that if action is only driven by con-
flict-resolution, the agent does not update its estimate (and does not become aware) of its
action velocity, see Fig 8D. This is because in our model the agent cannot directly sense its
velocity but only infer it, on the basis of the model dynamics error, which is however absent
when action is only driven by conflict-resolution. Hence, when the agent is compensating for
visuo-motor conflicts in the absence of external goals, such as during the RHI, it incorrectly
infers that is not moving. To the extent that awareness is associated with this (velocity) infer-
ence, this finding provides a novel (albeit speculative) explanation for the lack of motor aware-
ness associated to compensatory movements during embodiment and virtual reality studies
[58,59]. Please note that this result critically depends on the assumption that the agent does
not receive any reliable observation about its velocity but can only infer it based on model
dynamics error or through changes in muscle length, via type Ia fibers, whose responses are
however inhibited for slow movements [60,61]. If the agent were able to observe its velocity, as
assumed in other works [55], it would be able to update its velocity estimate even in absence of
model dynamics errors. It is also worth noting that the lack of motor awareness when action is
driven by conflict resolution is different from the lack of awareness of compensatory move-
ments executed during goal-directed actions. As reported by a large body of literature, people
are generally unaware of the small compensatory movements that they make while reaching a
target that is shifted subtly [22]. Furthermore, when the target position or the visual feedback
from the hand is shifted abruptly, people firstly make compensatory movements and become
aware of these movements only afterwards [62,63]. In all these cases, given that the action is
goal-directed, a shift of the target would produce a model dynamics error and hence in princi-
ple the agent should be able to infer that it is moving. However, it is possible that when model
dynamics errors are introduced smoothly (as in [22]), they are not sufficient for motor aware-
ness. Rather, larger and abrupt model dynamics errors, as those associated with target or arm
perturbations during reaching actions [62,63], can raise awareness, but with a slower time
course compared to the induced compensatory movements. This raises the possibility that in
the latter case, motor awareness reflects the (retrospective) inference that one has moved,
more than the (prospective) inference that one is moving or about to move. Still another case
is the lack of motor awareness associated to psychopathological conditions, such as the alien
hand syndrome [64], phantom limbs [65] and anosognosia, where patients experience the illu-
sion that they can move their paralysed limb [66]. In these conditions, an incorrect inference
that one is moving (or not moving) could arise from a model that does not properly monitor
its model errors and hence relies too strongly on prior expectations, which in turn fail to be
updated in the light of novel evidence and become excessively rigid [51,67]. This idea would
align well with computational theories of various other psychopathological conditions, such as
panic disorder [68], psychosis [69] and eating disorders [70,71], which focus on incorrect pri-
oritization (and precision-weighting) of prior information and prediction errors during infer-
ence [72]. All these are speculative hypotheses that remain to be tested in future studies.

The current model has some limitations that could be addressed in future studies. The first
limitation is that in our second and third simulations, we assume that the agent is
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automatically under the effect of a bodily illusion and incorporates the hand into the body
representation. A more detailed simulation could include the modelling of the illusory owner-
ship of the virtual hand, e.g., with Bayesian inference approaches implemented in previous
studies [9,39,43]. This could be done by including an additional (hierarchically higher) layer of
inference that adjudicates between two hypotheses, namely, that the visual and proprioceptive
information come from a common cause versus different causes. The latter hypothesis would
correspond to a lack of rubber hand illusion (or a lack of "embodiment” of a virtual avatar)
that plausibly arises when the multisensory conflict is excessive; for example, when the position
of the fake hand is implausible. This is similar to what happens in multisensory integration
experiments, in which visual and auditory stimuli could be perceived as unified if their spatial
or temporal disparity is not excessive, and not unified otherwise [73]. On the other hand, it is
noteworthy that once illusory ownership is in place and the agent has inferred a common
cause for its sensations, the spatiotemporal constraints for multisensory integration are
relaxed, allowing for an increased degree of misalignment [74]. Using a hierarchical approach
provides also the possibility to account for the fact that the illusory ownership of a fake hand
or body can have different intensities (stronger or weaker) rather than being dichotomous
(illusion or not illusion). The graded nature of bodily illusions can be modelled by considering
the probability of the hypothesis that there is a common cause for all sensations, with a higher
probability corresponding to a stronger illusion and a lower probability corresponding to a
weaker illusion. In this case, the sensory prediction errors associated with the forward map-
ping g, linking all sensory input, could be weighted according to the probability associated to
the "common cause” hypothesis, as proposed in [14]. This method would allow us to model
"weak" forms of embodiment illusion, in which compensatory movements and perceptual
recalibration could occur even in the absence of explicit reports of body ownership. Finally,
the hierarchical approach permits modelling a putative role of prior information about the
common cause in modulating the intensity of the illusion.

The hierarchical approach-and especially the possibility to tune sensory prediction errors
depending on the degree of illusory ownership-would help resolving a second limitation of
the current model. In the second simulation, we assumed that the agent automatically tunes
two parameters of the internal model. First, the agent cancels the contribution given by the
visual prediction error to action, given that it does not have control over the rubber hand. Sec-
ond, the agent decreases its visual precision. The low visual precision dampens the effect of
vision in multisensory integration on the internal state estimate, which guarantees that the
proprioceptive drift originating from the illusion arises gradually. A gradual arise of the pro-
prioceptive drift is important in our setup, because if the agent infers an instantaneous "jump"
of the hand location towards the fake hand, it would have to compensate for abrupt sensory
prediction errors, which in turn could produce instabilities in motor control. An alternative
(and perhaps more appealing) way to realize a gradual onset of the illusion without lowering
visual precision would be using a hierarchical approach to modulate the degree of illusory
ownership. This hierarchical approach would reduce the magnitude of visual prediction errors
not because vision is assigned low precision, but because the agent does not fully trust the fact
that the fake hand is part of its body. This idea remains to be tested in future studies.

The third limitation of the current model is that it does not fully explain in which condi-
tions a multisensory conflict is resolved with perceptual recalibration, compensatory move-
ments, or both. While most existing models of multisensory conflicts during bodily illusions
emphasize proprioceptive recalibration [23,43,44], here we have shown that an active inference
agent can also cancel out the conflict by making compensatory movements. If during a RHI
(or similar experiment) the agent cannot move, the only available solution is perceptual recali-
bration. Rather, if the agent can move, there is an initial perceptual recalibration that is
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followed by a mandatory compensatory movement, which in turn abolishes the perceptual
recalibration. However, in a more realistic scenario, perceptual recalibration and compensa-
tory movements could be modulated by task demands and even coexist. This is the case, for
example, if compensatory movements are only executed when sensory prediction errors are
above a threshold (e.g., when they surpass the energetic costs for movements). More broadly,
in real life conditions, the respective contributions of perceptual recalibration and compensa-
tory movements to multisensory conflict resolution would depend on the model’s precision
parameters, which could lead to subtle dynamics [59,75,76].

The fourth limitation is that in the simplified 1DoF model presented here, we could not
simulate the simultaneous unfolding of motor behaviours driven by the intention and the con-
flict-resolution imperatives, as observed in the self-avatar follower effect [17]. This would
require extending the model to include two or more degrees of freedom, in order to realize a
null space in which movements of the real arm do not affect the state of the virtual limb. Simi-
larly, future studies could investigate how the choice of specific model parameters impacts its
dynamics. Finally, another open objective for future research future studies is assessing how
well the active inference model proposed here account well for human behaviour in the three
tasks considered here and how it compares to other models in motor control that consider
control costs related to the minimization of uncertainty [20].

In sum, we advanced a computational model of movement control grounded in the frame-
work of active inference that unifies its two imperatives—intentional and conflict-resolution-
that were studied in isolation so far. The contribution of the latter imperative is obscured in
real life conditions but it becomes apparent in studies where multisensory conflicts can be
manipulated flexibly, as during virtual reality and body ownership illusions, as well as during
psychopathological conditions. Our study therefore contributes to shed light on aspects of
movement control whose goal is to maintain a self-consistent perception of the body, which in
turn is a key precondition for the achievement of externally specified goals.
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S1 Appendix. The appendix briefly summarizes the mathematical formulation of active
inference used in this study.
(PDF)

S1 Fig. Reaching a fixed target in space. The plots show the results for a control simulation in
which we replicate the first simulation (whose results are shown in Fig 7 of the main text) but
setting k, = 0.6 and k, = 0, i.e. assuming that the agent selects actions to minimize only propri-
oceptive errors only. Panel from top to bottom show the same variable shown in Fig 7C-7G.
(TIF)

S2 Fig. Reaching under visuo-proprioceptive conflict that cannot be resolved by acting.
The plots show the results for a control simulation in which we replicate the third simulation
(whose results are shown in Fig 9 of the main text) but setting k, = 0.6 and k, = 0, i.e. assuming
that the agent selects actions to minimize only proprioceptive errors only. The figure shows
the same variable shown in Fig 9C.

(TIF)
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