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Abstract

We advance a novel active inference model of the cognitive processing that underlies the acquisition of a hierarchical action
repertoire and its use for observation, understanding and imitation. We illustrate the model in four simulations of a tennis learner
who observes a teacher performing tennis shots, forms hierarchical representations of the observed actions, and imitates them. Our
simulations show that the agent’s oculomotor activity implements an active information sampling strategy that permits inferring the
kinematic aspects of the observed movement, which lie at the lowest level of the action hierarchy. In turn, this low-level kinematic
inference supports higher-level inferences about deeper aspects of the observed actions: proximal goals and intentions. Finally, the
inferred action representations can steer imitative responses, but interfere with the execution of different actions. Our simulations
show that hierarchical active inference provides a unified account of action observation, understanding, learning and imitation and
helps explain the neurobiological underpinnings of visuomotor cognition, including the multiple routes for action understanding in
the dorsal and ventral streams and mirror mechanisms.
© 2023 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY license (http://
creativecommons.org/licenses/by/4.0/).
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1. Introduction: action understanding as a hierarchical inference problem

Understanding actions performed by others is vital for social cognition. An action can be defined as a sequence
of kinematic bodily movements (e.g., movements of the left arm and fingers) elicited and monitored by a goal (e.g.,
grasping an object). Hence, we assume that action understanding amounts to inferring the actor’s goal by observing
her movement kinematics, such as the positions of her limbs, angles of joints, their relative positions, and respect to
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objects and the context [81]. In turn, since an action may result from many movements, the inference of action goals
from observed movements constitutes an inverse problem [35,81].

Several researchers proposed that to solve this inverse (one-to-many) problem, the brain adopts a probabilistic
strategy, which can be formulated in Bayesian terms as:

p(goal | movement) = p(goal) x p(movement | goal)/p(movement)

In the above equation, the (posterior) probability of an action goal given the observed movement p(goal | movement) is
proportional to the (prior) probability of the goal p(goal) before observing the movement and the probability p(move-
ment | goal) that a specific goal generates the observed movement (likelihood). These two (prior and likelihood) terms
constitute a so-called generative model of how actions are generated, that the brain uses (technically, “inverts”) for
action recognition - or the inference about the action goal that may have produced an observed movement [5,6,42,91].

It has been proposed that the brain uses the same generative model for both action execution and recognition and
this generative model is structured hierarchically [26,70,87,90,114]. In this study, we present a computational analysis
of these hierarchical action representations, by considering four levels of representation of an exemplificative set of
skilled movements, namely, tennis movements; see Fig. 1. At the bottom of the hierarchy, the kinematic level encodes
the kinematic features of movements (e.g., speed and acceleration) of actions. For example, in our tennis context, the
kinematic level regards specific body parts involved in the execution of a tennis shot. At this level we also consider
tools, such as a stick or a tennis racket, that can be incorporated into the body schema, to extend a person’s action
capabilities [104]. One step higher in the hierarchy, we formalise a postural level where different combinations of
body parts constitute segments that are the building blocks of tennis movements. In this context, we refer to large-
scale body parts (e.g. arm, leg, head) and their position relative to other body parts, that we might define “movement
segments” and both knowledge about our own body and a general representation of the human body are involved (for
a discussion of the role of body parts in imitation, see [113,157]). The further hierarchical level encodes the proximal
goal of the action, such as the aim to execute a particular tennis shot, by enacting a sequence of segments. The highest,
intention level represents the ultimate reason for executing the action, which in this setting corresponds to a general
class of shots: forehand, backhand, or smash. Notably, each class of shots has multiple realisations at the proximal
goal and kinematic levels (e.g., a forehand can be done to the left or right). This reflects the fact that intentions can
be generic and agnostic about particular realisations, with action representations being more disentangled from motor
aspects [96,97]. For example, the intention to reach a holiday destination could be realised by taking a flight, or by
travelling by car or by train.

In sum, the hierarchical arrangement of the generative model illustrated in Fig. | implies that the brain encodes
a rich cognitive representation of actions, which links together more abstract features of action at higher levels (i.e.,
the intentions they realise and the contexts in which they can be successfully deployed) to functional or anatomo-
kinematic rules at lower levels [69]. Importantly, in this hierarchical setting, action understanding amounts to inferring
the higher levels of the hierarchy (e.g., goals and intentions) by only having access to movement observations. Action
understanding also paves the way to imitating the observed actions.

The aim of this paper is to propose a unified computational account of the cognitive processing underlying action
observation, understanding, learning and imitation abilities. This novel proposal is grounded in the framework of active
inference, which provides a normative perspective on brain computations and behaviour [119]. While our proposal is
domain-general, we illustrate it in a generative model of a “tennis task”, in which a naive tennis player (henceforth,
the learner) infers and imitates the actions executed by an expert player (henceforth, the teacher). Please consider
that in our study, the game of tennis is taken as an exemplificative scenario; the naive and expert tennis players do
not recognize or reproduce the bodily movements of human tennis players, but only an abstract representation of
these movements (i.e., combinations of abstract movement features, see below the model description). While the
task structure consists of an abstract, toy-example, the model aims to provide a general and biologically plausible
account of action understanding, learning, and imitation. Our simulations will show that the inferential dynamics
supporting the recognition, learning and imitation of (tennis) actions, as well as the saccadic movements that promote
(active) perception, emerge naturally from the active inference formulation and align well with empirical results and
neurobiological models from previous literature.

In the next sections of this paper, we discuss four simulations of the tennis task using active inference. Each simu-
lation is designed to illustrate one specific aspect of the framework that is relevant to explain how we understand and
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Fig. 1. This schematic illustrates the hierarchical representation of an action repertoire in the example scenario that we adopt in this paper: playing
tennis. The hierarchy comprises three levels of hidden variables which are inferred (segments, proximal goals, and intentions) and an observation
layer (kinematics). The higher the level of the hidden variable, the more the representation is associated with abstract and generalised action
meanings. Here, kinematics aspects are exemplified with body parts which spatial relations constitute different body segments; proximal goals
denote sequences of segments that realize tennis shots, in this case a left or right forehand; rather, intentions denote the most general class of shots,
here forehand, that entails multiple realisations at the proximal goal and kinematic levels. Note that this schematic (and our computational model)
omits the motor level, which is responsible for the specification of patterns of muscle activity to execute the movements specified at the kinematic
level. This schematic also illustrates that in this hierarchical setting, action understanding amounts to inferring the higher levels of the hierarchy
(e.g., goals and intentions) by only having access to low-level (kinematic) observations.

imitate actions. The first simulation illustrates the core mechanisms of active inference in play during action under-
standing, highlighting its inferential and active nature. This simulation shows the empirical predictions (e.g., beliefs
updating, oculomotor dynamics and response selection and times) that can be derived by casting action understand-
ing as a process of (active) inference over a hierarchical generative model of segments, goals, and intentions. The
second simulation illustrates how during the observation of familiar actions, oculomotor dynamics are guided by the
imperative of reducing uncertainty (about which action one is observing), which is automatically elicited in active
inference in ambiguous contexts. This simulation also illustrates the way prior beliefs and the motor knowledge of
the observed movements can influence the observation pattern. The third simulation illustrates how during the ob-
servation and learning of novel actions, oculomotor dynamics are guided by the imperative to pursue novelty, which
arises automatically in active inference when the observed actions are unknown and the context affords learning. This
simulation also illustrates that the learning process creates a more reliable (likelihood) mapping between lower and
higher levels of representation and affords a deep (semantic) level of action understanding. Finally, the fourth simula-
tion illustrates how in active inference, action observation automatically facilitates the execution of imitative actions
but interferes with the execution of alternative actions. This is because both action understanding and execution rest
on shared (ideomotor) codes across perception and action. Finally, we illustrate the neurobiological implications and
the possible neural implementation of our proposed model.
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2. Active inference simulations during action understanding and imitation
2.1. Simulation 1: hierarchical inference about actions in a tennis task

The tennis task involves two people: an experienced player (teacher), who demonstrates how to perform different
kinds of tennis shots correctly; and a naive player (learner), who observes the teacher’s actions and tries to understand
and imitate them. The computational model describes formally how the learner performs action understanding and
imitation, by observing how the teacher’s body movements unfold over time.

As illustrated in Fig. 2D, the learner’s visual scene encodes the movements of the teacher. The visual elements of
the scene are the teacher’s body parts, and their relative position in a four-slot quadrant. Each combination of body
parts corresponds to a specific segment. Each segment is univocally defined by the relative position of two body parts.
Specifically, segment 1 occurs whenever the head is beside the foot; segment 2 occurs whenever the head is beside
the racket; and segment 3 occurs whenever the head stands diagonally with respect to the racket. The body part hand
covers the two remaining locations in each configuration of segments. The transitions between segments represent the
teacher’s movements to hit the ball, or her proximal goals. Here, the teacher has six possible proximal goals (right
or left forehand, right or left backhand, right or left smash), each defined by a unique sequence of four segments.
For example, the sequence of segments 3-1-3-2 corresponds to the right backhand. Finally, proximal goals can be
further classified into three intentions (forehand, backhand or smash) that abstract away from the specifics of (left or
right) actions. In this sense, intentions can be interpreted as effector-independent, according to the “limb-independent
coding” of movements [133] as the intention of executing e.g., a backhand shot is independent and generalised from
its side of execution (left or right backhand).

Although this is a schematic organisation of actions, it entails plausibility given how the same action at higher level
can be executed by different combinations at a lower level. Indeed, when we observe an action or aim to perform a
well-known action, many schemas are partially activated, as they are alternative means of achieving the same goal
(e.g., [154]) even if only one schema will be selected at the end.

In the model, action understanding is cast as the inference of the three kinds of hidden variables (intentions,
proximal goals, and segments) based on movement (body part kinematics) observations. In turn, this hierarchical
inference can be conceptually divided into three kinds of inferences, see Fig. 2. The first kind of inference only regards
the most superficial features of action, i.e., the inference of segments from kinematic observations. In the model, the
learner can only execute a saccade and observe a single body part of the teacher at a time (i.e., the positioning of head,
hand or leg) but she can accumulate this information over time to infer the teacher’s segment, defined here as a specific
combination of body parts. Fig. 2D shows the example of a learner performing saccades (red dots) to different body
parts, which are informative about which of three possible segments she is observing. Fig. 2C shows the dynamics of
the inference about segments in the computational model. The model maintains beliefs (as probability distributions,
where darker colours denote higher probabilities) about segments and updates them when it obtains novel information
via further saccades. Fig. 2B shows the belief dynamics associated with the second kind of inference, which regards
a deeper aspect of the observed movements: the one that concerns proximal goals. This second kind of inference uses
the results of the first kind of inference (i.e., the inferred segments) as observations. The specific example illustrated in
Fig. 2B regards the inference that the teacher’s proximal goal is executing a right backhand, based on the fact that the
sequence of observed segments is 3-1-3-2. Fig. 2A shows the third kind of inference, which regards the most general
aspect of the observed movement: the intention. The specific example illustrated in Fig. 2A regards the inference
of the backhand intention. Finally, Fig. 2E shows that the learner can imitate the observed action by executing the
sequence of segments that she previously inferred. The possibility of imitating observed actions rests on the fact that
the model infers (forms beliefs about) the observed sequence of actions or policy. In other words, imitation is simply
the enactment of the policy that was inferred with the highest probability (the ways beliefs about the observed action
are translated into a motor response are described in the Methods section). Alternatively, the agent could select an
imitative response that differs from the sequence of segments that was previously inferred, but still realises the same
intention (we remind that intentions have different realisations). For example, the agent could imitate a right backhand
by executing a left backhand. While in our simulations we do not allow for this flexibility in imitation, this could be
simply done by firstly inferring an intention (e.g., backhand) and then selecting one of the different sequences of
segments that realises the intention, either randomly or by considering which is the most contextually appropriate.
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Fig. 2. Results of Simulation 1. The figure shows the belief dynamics of an active inference agent (the “learner”) during action observation, its
oculomotor behaviour and its imitative motor response. The Panels A-D correspond to the four hierarchical levels of the model shown in Fig. 1.
Here, we describe them in the reverse order, starting from the bottom (kinematic observation) level to the top (intention) level. Panel D shows
the observations of the learner agent, at different timesteps. These are the movement segments of the teacher during a tennis shot (here, a right
backhand). Each segment corresponds to a different combination of body parts. The blue line represents the simulated oculomotor behaviour of the
learner agent and the red dots the saccade locations. Note that the learner can only make saccades to one body part at a time but can integrate this
information over time, to infer the current movement segment of the teacher. Panel C shows the learner’s probabilistic beliefs about the observed
movement segments: the darker the colour of each cell, the larger the posterior belief about a specific segment. Please note that these (and the other)
beliefs change over time, as the learner obtains more information about the teacher’s segments. Panel B shows the dynamics of the probabilistic
beliefs associated with the sequences of segments, where each sequence corresponds to one of the proximal goals of the teacher. Panel A shows
the probabilistic beliefs associated with the highest level of representation: the intentions. Finally, panel E shows the imitative response executed
by the learner where she correctly executes the same sequence of segments that she has observed.

2.2. Simulation 2: observation of familiar actions and the role of uncertainty and prior knowledge in active sensing
In the previous simulation, we explained that the learner employed saccades to gather information about the
teacher’s segments, proximal goals, and intentions, but we did not explain how she selected the next saccades. The

second simulation aims to show that in active inference, action understanding is achieved by engaging sequences of
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Fig. 3. Results of Simulation 2: the dynamics of action understanding of two learners, with no prior knowledge (left learner) or incorrect prior
knowledge (right learner). The D panels show the different oculomotor dynamics for the two cases, respectively. The A, B and C panels show the
different belief dynamics for the two cases, with the same notation as in Fig. 2. Note that at timestep 3, the right learner (with misleading priors)
strongly believes to observe a left forehand and segment 2. However, after inferring she is observing segment 1, she changes her mind and correctly
infers she is observing a right smash. On the contrary, at timestep 3, the left learner (with flat priors) assigns the same probability to the left forehand
and the right smash and to the two possible incoming segments (1 and 2). After observing segment 1, she correctly infers she is observing a right
smash, without significant surprise. Although the right one employed more time to correctly categorise the observed action, both learners correctly
imitate the action, see panel E.

eye movements that gather salient information [43,60,54,117]. Salience is determined by a prediction on where to
perform the next fixation to help reduce uncertainty about the observed action. This is in keeping with theories of
perception as an active process, which involves planning sequences of (oculomotor) actions that lead to optimal infor-
mation foraging and proactively gathers information to reduce uncertainty [14,112,161]. This uncertainty-reduction
imperative is one of the components of the (expected free energy) equation that guides the selection of policies in ac-
tive inference; see the Methods for details. This imperative becomes more prominent when there is some uncertainty
to resolve, such as when the learner does not know which action she is observing, but loses importance if the learner
has prior knowledge about the action — unless this prior knowledge is misleading.

Consider a learner who is observing the teacher executing a right smash shot in two different conditions (see Fig. 3).
In one condition, illustrated in the left panels of Fig. 3, the learner has no prior knowledge about the teacher’s goal (i.e.,
she has a flat prior belief). In the other condition, illustrated in the right panels of Fig. 3, the learner has been informed
that the teacher will perform a left forehand shot (i.e., she has a misleading prior belief). In both cases, eye movements
are engaged to solve the uncertain aspects of the action as they are directed towards the most salient location of the
scene, which tests the learner’s hypotheses. However, what is deemed to be the most salient location to gaze depends
on the learner’s hypotheses or prior beliefs (which are of course updated after gathering novel observations). As an
effect, the patterns of eye movements and belief updating of the left panels of Fig. 3 and the right panels of Fig. 3
are different. In both cases, the learner eventually recognizes the correct proximal goal (right smash); however, this
process is slightly slower in the latter case, when she starts from a misleading prior. This can be observed by looking
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at the simulated reaction times for each timestep of the simulation (obtained by considering the time spent to compute
the simulation, see the Methods section), below the D panels.

This simulation permits appreciating how active perception and the dynamics of belief updating - and hence
whether recognition will be successful or unsuccessful, fast or slow - depend on the learner’s prior beliefs. This is
because the prior beliefs determine the salience of visual locations and which location to gaze next. In this perspec-
tive, salience is not associated with basic properties of the stimulus such as noise, but it is defined formally as an
information gain - and is therefore high in locations that have a high potential to resolve uncertainty [43,60,54].
Specifically, salience can be formalised as a Bayesian surprise, which corresponds to the divergence between the
prediction of a generative model and the actual outcome. Before a saccade, the learner can use her generative model
to estimate Bayesian surprise and hence the salience of each location - and then select the highest salience location
[80,78,79]. Using this method, a salient location corresponds to the one expected to reduce uncertainty, if a saccade
were performed towards it [117]. Empirical research shows that this notion of Bayesian surprise characterises well
which aspects of a visual scene capture human attention [78,111,132].

Another important point to notice is that prior information can come from different sources: it can be provided
exogenously (for example, via verbal or contextual cues) or be generated endogenously, on the basis of the learner’s
own motor knowledge. A consistent body of evidence has shown that eye movements are engaged coherently during
both action execution and observation, suggesting that they come from the same generative model that encodes one’s
own motor knowledge [49]. More broadly, this suggests that the parameters employed for categorising and encoding
action representations are shared with those for action execution — which is a feature implemented in our model (see
the Methods for a description of the model parametrization). This feature has been widely studied in relation to the
mirror system [3,16,29,28,34,102,103,120,122,135]. Later, we will elaborate further on this topic.

2.3. Simulation 3: observation of novel actions: the role of novelty in active sensing and learning

So far, we assumed that the learner already knows the teacher’s actions that she observes. This simulation illustrates
what happens when the learner firstly observes novel segments and then learns a never-observed proximal goal.

There is a fundamental difference between the (active) perception of known and unknown actions. As discussed
above, the perception of known actions is directed towards salient locations that reduce uncertainty about what action
a person is observing. In turn, to calculate saliency, the learner needs to be endowed with a generative model that
permits predicting “what would I see if I observe, in a specific moment, that location of the teacher’s body?” By
definition, during the observation of unknown actions, the learner’s model is incomplete and hence she cannot make
reliable action predictions that are necessary to assess what is salient. More broadly, the learner needs to be familiar
with the specifics of the human body to better predict possible (in contrast to impossible) movements [153,157]. In
the case of an unknown action, oculomotor behaviour is mainly driven by the novelty of sensory evidence rather
than saliency or Bayesian surprise. Observing unknown actions induces a novelty-seeking, curious behaviour that
is mainly driven by bottom-up processes such as attentional capture (e.g., orienting responses) [151] or perceptual
curiosity, defined as “the interest in and giving attention to novel perceptual stimulation” [12,33], as opposed to the
prominence of top-down, expectation-guided processes during the pursuit of salient information.

The patterns of oculomotor movements related to salience (Fig. 2) and novelty (Fig. 4) are significantly different.
Visually sampling unknown actions generally requires more saccades because many locations provide novel infor-
mation, and the learner cannot predict in advance which segment she will observe next; this is because she has no
knowledge of how segments are determined in the unknown action. The novelty-seeking behaviour is crucial to re-
solve the learner’s “semantic knowledge gap” regarding the acquisition of the unknown mapping between body parts
and segments in the learner’s generative model. In Bayesian terms, this unknown mapping corresponds to the like-
lihood p(o|s) and it regards the relations between hidden states (s) at a higher hierarchical level — here, the level of
segments — and the possible outcomes (o) at the level below — here, the body part kinematics. As illustrated in Fig. 4,
sampling novel locations permits the learner to fill in this knowledge gap, and to learn the likelihood mapping between
body parts and their combinations [7,9,68,147].

Fig. 5 illustrates schematically how the novel knowledge that the agent acquired through novelty sampling permits
it to learn the likelihood mappings of the higher hierarchical levels of the generative model. Specifically, the likelihood
mapping illustrated in Fig. 5 encodes the probabilistic relations between the levels of the segments and the proximal
goals. Fig. 5A shows the real statistics of the environment (called generative process in active inference), which in
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Fig. 4. Results of Simulation 3: observation and imitation of a novel action. In panel D are shown the simulated oculomotor dynamics when the
learner observes an unknown action, here corresponding to the sequence of segments 1-3-2-1. In this case, visual attention is driven by both surprise
and novelty. The latter induces the sampling of several novel locations, resulting in a larger number of saccades compared to previous cases, in
which the observed actions were known. In panels C and B, it can be noted how the probabilistic beliefs are more spread across the hidden states
resulting in much larger amount of uncertainty. This leads the student to an “undecided” intention categorization in panel A.

our example corresponds to the real and objective mapping between proximal goals and segments. Each row of the
panel shows the sequence of segments expected under a particular proximal goal: the first three columns represent the
segments (1 to 3) at the quadrant location 1; the second three columns represent the segments at the quadrant location
2; the third three columns represent the segments at the quadrant location 3; and the last four columns represent the
segments at the quadrant location 4. For example, the fourth row shows that performing a left backhand elicits the
sequence of segments 3-2-1-3 (these segments are marked in black, which correspond to the fact that they have a high
probability). Fig. 5B shows the learner’s generative model before learning (to put it simply, her knowledge about the
statistics of the environment). This generative model is analogous to the generative process, but the row corresponding
to the left backhand is grey, which indicates that the learner has no knowledge about the sequence of segments elicited
by this proximal goal (technically, she has a flat belief state). The (likelihood) mapping between the left backhand
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Fig. 5. Results of Simulation 3: how the generative model is updated when a novel action is learned. In this example, the part of the generative model
that is updated is the (likelihood) mapping between segments and goals. For each panel (A, B, C), the rows represent the goals and the columns
represent the three segments for each of the four quadrant locations. In each square, a darker tint represents a larger probabilistic contingency
between the states (goals) and the observations (segments). Panel A shows the contingencies of the so-called generative process, which correspond
to the true statistics of the environment. The generative process represents the real probability of observing a segment given a goal. In panel B is
represented the likelihood of the learner’s generative model before learning. In the generative process the goal left backhand corresponds to the
sequence of segments 3-2-1-3. However, before learning, the learner’s generative model does not include this mapping yet, but, instead, a “flat”
mapping between the left backhand goal and all the possible segments (grey tint, as probabilities are spread). Panel C shows that, after learning
from 12 simulation trials, the learner has acquired knowledge about these contingencies and the likelihood mapping in the generative model is
almost completely aligned with that of the generative process (tints are close to black and white).

goal and the corresponding sequence of segments is the “semantic knowledge gap” that the learner has to fill by
learning. Finally, Fig. 5C shows that after some trials, the learner has (almost completely) filled in this gap as she
learned a sufficiently reliable (likelihood) mapping between the left backhand goal and the corresponding sequence
of segments.

Crucially, we assume that the quality of the likelihood mapping of the learner’s generative model determines her
semantic understanding of the observed actions. Specifically, a strong likelihood mapping between two levels of the
action representation hierarchy affords a deep, semantic understanding of the action meaning. Conversely, a weak (or
flat) likelihood mapping cannot afford semantic understanding. This is because the likelihood mapping establishes a
link between the different levels of action description in the hierarchy of Fig. 1. Learning a likelihood mapping creates
a link between two representation levels, therefore expanding the learner’s action vocabulary with novel conceptual
representations. Furthermore, and importantly, this learning process grounds the novel action representations at higher
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hierarchical levels into sensorimotor experiences at lower hierarchical levels — which is key for semantic understanding
within theories of embodied and grounded cognition [8,124,143,162]. The embodied approach argues that processing
conceptual representations requires eliciting sensorimotor experiences, for example, by simulating them [163]. Motor
representations are then automatically elicited when we activate conceptual representations [4,62,109], as shown in the
context of language [17-19,37,71]. Note that here the term “sensorimotor experiences” should be intended broadly,
to encompass multiple exteroceptive, proprioceptive and interoceptive modalities — all of which can become linked to
action representation during the learning of likelihood mappings.

In sum, conceptual-semantic learning is the process that allows a novel, meaningless action to be associated with
semantic meaning by establishing links between action representations across hierarchical levels, such as between
conceptual representations of the action vocabulary and sensorimotor processes. This perspective implies that a novel
observed action has no semantic meaning until the connections between higher and lower levels of description of the
action (or likelihood mappings) are established. Until semantic meaning (in the sense described above) is established,
the learner will be able to discriminate between actions at the kinematic level, but not to understand their meaning
or the underlying intention — as these actions are neither present in her action vocabulary, nor they are linked to
any existing intention [140,139]. In this condition, their representation is supposed to be episodic in memory but not
semantic [154]. This distinction between a shallow level of action understanding that only involves its kinematics and
a deeper level that also involves proximal goals and intentions is crucial when the representation is used to execute an
action, such as during imitation, as we illustrate in the next simulation.

2.4. Simulation 4: facilitation and interference between observed and executed actions

There is increasing evidence that the neuronal underpinnings of action execution and observation are largely shared,
at least in humans and other primates (but also possibly in other animals). This was most iconically demonstrated by
the discovery of mirror neurons: a set of neurons (originally found in the pre-motor area F5 of the macaque, [41]) that
discharge both during the observation of an action directed to an object and its execution. Mirror neurons are part of
a much wider action-observation network (AON) constituted by three bilateral cortical areas reciprocally connected:
the ventral premotor cortex, the inferior parietal lobule, and the superior temporal sulcus [135]. Further studies have
suggested that the engagement of the mirror system depends on the observer’s motor knowledge [3,29,28,34,120].
To explain the above findings, various researchers have proposed that action observation and understanding are based
on motor resonance and the automatic activation of the motor system in the observer’s brain [136,137]; on a “motor
simulation” of the observed action in one’s own nervous system [3,29,28,34,65,69,87,120]; or on shared (ideomotor)
neural codes for perception and action [76,83].

Another convergent line of research has shown that action observation and execution reciprocally and continuously
influence each other: observing an action can produce automatic visuomotor priming [22] and the automatic imitation
of the same action [74,160] but interferes with the simultaneous execution of different actions [92]. Observing an
action compatible with the performed movement (e.g. lifting the index finger while observing an index finger moving
upwards) facilitates reaction times, whereas observing a movement incompatible with the performed one slows down
reaction times and accuracy (e.g. lifting the index finger while observing a finger press [22]) — possibly, because both
actions need to be simultaneously encoded in the mirror system [30].

In this simulation, we illustrate how the model accounts for automatic facilitation and interference effects, given
that its representations of (beliefs about) actions are shared across perception and action in the model hierarchy. We
compare two cases: in the first case (left panels of Fig. 6), the learner is instructed to observe an action (left smash) and
then to produce an imitative response. In the second case (right panels of Fig. 6), the learner is instructed to observe
the left smash action but to produce an incongruent action (a left forehand).

Fig. 6 shows that observing an action facilitates the execution of congruent, imitative responses (left panels) but
interferes with the execution of incongruent actions (right panels) as shown empirically. This becomes evident by
considering that during the execution of the same (left smash) action, the beliefs about policies (see the Methods) are
more uncertain in the E panel on the right compared to the E panel on the left.
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Fig. 6. Results of Simulation 4: the dynamics of motor priming (left panels) and interference (right panel) for two learners. The left learner observes
a left smash and imitates the same action (motor priming). The right learner observes a right forehand but executes a left smash (motor interference).
The discrepancy can be observed in the less precise “target segments” in the E panel to the right, where the grey tint indicates candidate target
segments that correspond to the observed sequence 1-3-2-3. The panels follow the same notation as Fig. 2: the panels A-C show belief dynamics at
the levels of intentions, proximal goals and movement segments, respectively. Panel D shows observations and Panel E shows imitative responses.

2.5. Summary and discussion of the simulations

The simulations described in this section help illustrate the key mechanisms of active inference that are relevant
to model how we understand and imitate actions. Here, we summarise them by highlighting three main points. First,
action observation and understanding can be cast as inferential processes that engage active information-gathering
strategies (see Simulation 1). Understanding an action requires a hierarchical generative model to produce a cascade
of perceptual hypotheses and predictions (about what action one is currently observing, the sequence of motor acts
and the ensuing observations) and active sampling strategies to test the predictions by selecting the most salient
observations. That an action repertoire is hierarchically arranged is a common assumption across theoretical and
neurobiological studies [70,81,114]. Here, we move from theoretical descriptions of hierarchies to a fully implemented
computational model. Our proposal emphasises that the hierarchical action representation constitutes a generative
model that supports inferential dynamics and the active selection of relevant information. This perspective, therefore,
aligns action understanding to a broader view of predictive coding and inference in the brain [52,53,56,119,130,128].

Second, there is a fundamental difference between oculomotor dynamics during the observation of familiar actions
(Simulation 1 and 2) versus novel actions (Simulation 3). In the former case, when the observed action is already
part of the learner’s action repertoire (and generative model), oculomotor strategies are guided by the imperative of
reducing uncertainty about what action one is observing. In the latter case, when the action is not part of the learner’s
action repertoire (and generative model), oculomotor strategies are guided by novelty-seeking. Importantly, the two
imperatives of uncertainty-reduction and novelty-seeking emerge naturally from the active inference framework (and
in particular from the expected free energy equation, see the Methods). In both cases, the observation policy maximises
information gain; however, the type of uncertainty is different during the observation of familiar and novel actions.
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In the former case, the model needs to resolve uncertainty about the hidden states causing the observations (this is
called hidden state exploration and is driven by salience). In contrast, in the latter case, the model needs to establish
how hidden states generate outcomes driven by uncertainty about the model parameters (this is called parameter
exploration and is driven by novelty). Notably, these two imperatives prescribe two different behaviours [147]. Hidden
state exploration predicts that the learner actively seeks salient observations that allow for unambiguously inferring
the hidden states that generate the outcomes. In contrast, parameter exploration predicts that the learner actively seeks
for novel combinations of hidden states and outcomes, because this determines the learning of how outcomes are
generated. Only via this novelty-seeking behaviour can the learner acquire knowledge about the relationships between
different levels of action representation and between hidden states and observations (for novel actions), hence filling
the gaps in her generative model. This is important insofar as we assume that the meaning in action semantics emerges
from pursuing novelty across the multiple hierarchical levels of action representation. Novelty is the computational
aspect essential to build long term representations as it represents a form of ignorance: by exploring novel visual
locations the “novel” becomes familiar and ignorance is solved. The learner can still track novel actions without an
integrated action representation, but this would not correspond to a deep semantic representation in our account.

Third, in the proposed model, hierarchical action representations and internal models are shared across action
execution and perception. The sharing can prime the execution of actions that are congruent with an observed action
and interfere with incongruent actions. This is important insofar it highlights the importance of engaging one’s action
repertoire during the observation of actions executed by others, as highlighted by a large body of neurobiological
evidence - as we will elaborate below.

3. Neurobiological underpinnings of the proposed model

So far, we have described the functioning of the hierarchical active inference model but disregarded its relations
with neurobiological findings about action execution and understanding. Here, we briefly discuss the ways the hier-
archical active inference model links to neurobiological findings about the functioning of dorsal and ventral visual
streams and the action observation network.

3.1. Mapping the model’s computational strategies into the multiple-routes model for action understanding

Simulations 1, 2 and 3 suggest that the visuomotor system recapitulates and solves the trade-off between engag-
ing explorative saccades and goal-directed saccades at the neurocognitive level (see the Methods for the rationale).
Furthermore, the visuomotor system solves the trade-off between salience and novelty-driven exploratory behaviour,
which is particularly relevant for modulating learning. To recap, both novelty and salience (as Bayesian surprise) elicit
attentional capture and arousal that direct appropriate responses and enhance learning. Even though they are usually
confounded, they are distinct concepts: while novelty is associated with acquiring representations (as we showed),
surprise relates to improving predictions. Indeed, novelty entails a divergence from memory, while surprise entails a
divergence from expectations [9]. Thus, the fundamental prediction of our formalisation is that during action observa-
tion, if the context allows for learning, observation will be driven by both novelty and surprise. On the opposite side,
when observation is restricted on inference about movement kinematics it will be driven only by surprise. We suggest
that surprise and novelty might recruit partially distinct neuronal circuits and computational strategies. A strategy
named parameter exploration [147] is driven by visual novelty and is engaged to obtain meaning about actions, which
translation is associated with skilful motor control. A strategy named hidden states exploration is driven by salience
(Bayesian surprise) and is engaged to recognize the kinematic aspect of actions, and the motor translation is associated
with short-term, online, sensorimotor, and flexible responses.

This description fits well with multiple-routes models for action understanding, tool-use and imitation. A two-
routes cognitive model (initially proposed by Rothi et al. [141], and later developed by others (e.g., Buxbaum &
Randerath [25]; Cubelli et al. [36]; Rumiati & Tessari [144]; Tessari et al. [155]); based on the study of apraxic patients,
proposes that the visuomotor system, during the translation of the visual input (gestures or objects) into a motor
program (the corresponding action), can follow a semantic route recalling conceptual and semantic representations of
action, or a direct route that bypasses semantic information transforming the visual input into a motor act. Here, we
propose a parallelism: within the semantic route, actions are observed according to salience and novelty-driven visual
attention and then imitated according to procedural motor control (see the Methods for an illustration of how motor
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control is implemented in the model). On the other hand, within the direct route, actions are observed according only
to salience-driven attention and imitated according to a form of non-conceptual goal-directed motor control. These
goals are motor goals as interpreted by the theory of direct matching imitation as the GOADI [166]. Here, the observed
movement is not imitated as a whole, but decomposed into simpler motor chunks that are executed individually. In
our model, these chunks are encoded as goals to be achieved at the Action Execution level. Therefore, we suggest
that the two routes may encode two distinct cognitive and behavioural strategies that correspond to the salience-driven
hidden state’s exploration over movements with motor goal-directed control for the direct route and both novelty-
and salience-driven parameters exploration with procedural control for the semantic route. Furthermore, semantic
encoding is hierarchical in terms of cognitive representation, which is also reflected in the neuroanatomy as it will be
explained soon. Our prediction is supported by studies in the context of imitation where, when the context is not stable
enough, the cognitive strategy for action recognition and imitation is empowering the direct route with surprise-driven
exploration (hidden state exploration) even when meaningful actions are displayed (see [158,156,155,154,159]). The
alternative strategy (parameter exploration) is engaged when there are enough stable regularities in the world to be
learned. Therefore, surprise-driven hidden state exploration will be useful in conditions where behaviour must be
adapted to trial-by-trial changes.

Similarly, our account of the two strategies can be associated with the two-action system model for encoding object
affordances in the context of tool use: one pathway entails affordances based on objects structure and is specialised for
visuomotor interactions with objects based on currently observed visual information, such as shape, size, and location
that are constantly updated and processed online (i.e., the Structure system). The other pathway entails their functional
manipulation and relies upon long-term, conceptual representations and extracts the features of the action that remain
constant across occurrences (i.e., the Function system; [13,84]). Once again, at the computational level, the Structure
system resembles the idea of surprise-driven hidden state exploration and motor goal-directed control. The Func-
tion system resembles what we have proposed for novelty-driven parameter exploration, as it permits extracting the
constant features of the action and learning the contingencies between kinematic and higher-level, semantic aspects.

The cognitive processes underlying the two routes have been extensively investigated in several neuropsychological
studies with brain-damaged patients with a focus on the neural and cognitive correlates of imitation of familiar and
novel actions [1,2,10,36,67,107,121,145,155] and support a network in the left hemisphere: lesions of the ventro-
dorsal stream (from medial superior temporal area, MT/MST, to the inferior parietal lobule, and then to the ventral
premotor cortex) produce impairments to more conceptual aspects of action representation, such as skilled use and
pantomime of objects (e.g., [105,106,156,155]). On the contrary, the direct route and the processing of new movements
have been associated with the dorso-dorsal stream (from V3a to V6 to V6a, to the superior parietal lobule, and then
to the dorsal pre-motor areas [13,75,105,108,156,155]). At last, the processing of known gestures and the semantic
route have been related to regions belonging to both the ventral (from V2 and V4 to the posterior inferotemporal,
the central and the anterior inferotemporal areas) and the ventro-dorsal streams [75,105,106,134,145,156,164,165],
suggesting that the ventral stream might decode the meaning of a movement (and intransitive gestures particularly),
and the ventro-dorsal stream the tool-related, meaningful gestures. The dorso-ventral structures also allow us to infer
the possible functions from structure [13,66,73] and can discover the alternative functions of familiar tools [73,142].
This ability recalls the parameter exploration strategy we have argued to emerge during learning.

In sum, we propose that there is a correspondence between the salience-driven, low-level hidden state exploration
plus the motor goal-directed control (at the computational-cognitive level of description), the direct route (at the
algorithmic level) and the dorso-dorsal route (at the anatomical level). On the other hand, we propose a correspondence
between salience and novelty-driven parameter exploration plus procedural control (at the computational-cognitive
level), the semantic route (at the algorithmic level) and the ventral and ventro-dorsal streams (at the anatomical level).
Finally, higher semantic aspects, such as abstract and symbolic representations, can be associated with the ventral
stream. See Fig. 7 for a graphical illustration of this proposed taxonomy.

3.2. The action observation network

In simulation 4, we investigated the interactions between action observation and execution. It has been proposed
that these two processes reciprocally and continuously influence each other, since motor and visual knowledge share a
common representation [64]. In our model, understanding and execution are influenced by a common memory param-
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Fig. 7. A putative neural implementation of the proposed hierarchical model (a modified version of the neuro-cognitive model proposed by Tessari,
Proietti & Rumiati [158], on Cognitive Neuropsychology). Visuomotor cognition is distributed onto multiple routes in the dorsal and ventral
pathways. According to our proposal, the dorso-dorsal stream is mainly dedicated to lower-level aspects of action representations, the dorso-ventral
pathway affords more general aspects of action semantics and the ventral stream is dedicated to the most abstract features. Please see the main text
for explanation.

eter, as shown in simulation 2 (and in details in the Methods), where prior experience (including motor knowledge)
can influence eye movements at the observation level.

At a neurophysiological level, the mirror neuron system (a cortical circuit connecting the ventral premotor cortex,
inferior parietal lobule and superior temporal sulcus) was associated with understanding the meaning of the observed
(object-oriented) action by extracting and representing its meaning and goal [50,136,135]. This has led to the direct-
matching hypothesis [77] that argues that action understanding occurs when the visual representation of the observed
action is mapped onto the observer’s own motor representation of the same action. More recently, a predictive coding
account of the mirroring phenomenon has been advanced: it has been proposed that the mirror neuron system follows
a predictive coding scheme in relation to action observation where the most likely cause of the observed movement
is inferred by minimising prediction error in the cortical hierarchy of the action-observation network (AON; [58,91]).
Generally speaking, on the predictive coding account, what the visuomotor system does during action observation
is resolving the inverse (inference) problem created by the one-to-many mapping of action-to-goals. For this, the
visuomotor system represents the best explanation of the observed action as a generative model (p(goal | movement)),
where the AON predicts the sensory consequences of what would be the most likely set of movements to be executed
to achieve that goal. The predictive coding scheme supports the continuous comparison between the predicted sensory
information and the actual sensory input, and ultimately the inference of the action goal (when prediction error is
minimised). A crucial assumption is that mirror neurons discharge during the observation of an action because they are
part of the same generative model that predicts the sensory input related to that action [58,91]. Hence, the functional
role associated with the mirror neuron system is predictive action monitoring. Motor resonance is not achieved by
a direct matching mechanism but by emulative action inference or motor, embodied, simulation [35,63,86,85,123].
Please note that the predictive coding formalisation is very similar to the Bayesian belief updating method adopted in
our model, with two main differences. First, our model is formulated in discrete time, whereas predictive coding is
formulated in continuous time — which implies not just a formal difference but also a different form for the “neuronal
message passing” in the two schemes (see [119] for details). Second, and importantly, here we use active inference,
which extends predictive coding to also cover action dynamics. In the model proposed here, the generative model
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(putatively corresponding to the AON) supports oculomotor control in addition to movement prediction. In other
words, our model would imply the AON and the mirror neuron system in the active perception of observed movements
[43] — a hypothesis that remains to be tested in future studies.

4. General discussion

We have shown how action observation, understanding and execution can be represented in a hierarchical active
inference model to illustrate a plausible way of how the visuomotor system may compute visual information and
translate it into a motor program.

Our model highlights that perception can be treated as an inferential process based on a hierarchical generative
model, and is based on active information sampling strategies. Indeed, in the proposed model, building a perceptual
representation requires an active process of selecting salient data to test the expectations of an internal generative
model — and how this saliency can be influenced by prior information. Furthermore, our model highlights a funda-
mental difference between oculomotor strategies that are guided by uncertainty reduction and prior knowledge during
the observation of familiar actions, versus novelty-seeking during the observation of novel actions. Crucially, pursuing
novelty generates exploratory behaviour that permits acquiring knowledge about the relationships between the several
levels of action representation. We argue that this novelty-based learning process is critical to acquire meaningful
action semantics. In our model, the procedural memory [45-47] might correspond to cached priors (E) about policies
that are learned over time and support incremental, implicit learning of rule- or pattern-based relations via repetitive
exposures (e.g., [32,115]). This type of learning requires relatively few cognitive resources, and, although the learning
process is gradual and slow, motor patterns can be applied quickly and automatically once acquired [152] using then a
motor chunk retrieval process [156]. Through repetitive exposures and practice, the procedural memory system refines
action policies and motor patterns, gradually improving performance and reducing prediction errors (see, [32,115],
for similar assumptions).

Another relevant aspect of our model is that it reuses the same internal models and codes across action prediction,
understanding and response preparation. Sharing common models and codes produces mirror responses, priming
or interference effects, depending on the congruency between observed and executed actions. Finally, we discussed
the putative neuroanatomical correlates of key mechanisms of the model. We highlighted that the different visual
exploration and motor control strategies used by the model could map to different routes of visuomotor cognition
within the dorsal and ventral pathways.

Interestingly, most of the appealing features of our simulations stem directly from the active inference, provid-
ing a general framework to model the functioning of control hierarchies, in which the different hierarchical levels
are not modularized, but rather influence each other reciprocally [128,129]. While the idea that action perception,
understanding and imitation exploit hierarchical representations is not novel [70,114], the computational implemen-
tation offered here could be used to produce more specific, quantitative predictions. One set of predictions regards
the neuronal dynamics we expect to observe during action observation and imitation, if they correspond to (active)
inferential processes, as assumed here. The belief dynamics plotted in Figs. 2-6 can be easily mapped into (simulated)
neuronal population dynamics, using the methods illustrated by Friston et al. [56]. More broadly, the model proposed
here would suggest that we should observe a hierarchy of action predictions during action observation, as it has been
recently shown during natural language comprehension [72].

Another set of predictions regards the unique assumptions that our model makes about the structure of the genera-
tive model — and the ways messages are propagated from one level to the others during inference — which distinguish
it from previous hierarchical and deep active inference models used to address (for example) reading dynamics [61].
For example, a novelty of our proposal is the fact that the Action Execution level (that is responsible for imitative
responses in our simulations) is simultaneously influenced by the Action Understanding and the Action Observation
levels, via different pathways; see the methods and Fig. 8 for a clarification of the mutual dependencies between levels.
This organization of the model provides a formal perspective that permits understanding several experimental findings
and formulating novel empirical predictions, which could be tested experimentally in future studies. For example, at
the behavioural level, this model predicts that during the semantic learning of action, humans will vary their pattern
of observation according to the amount of stimulus novelty and salience that drives the sampling of new saccade
locations. This highlights the different contributions of novelty and surprise to attentional capture [9]. Furthermore,
we extended the notion that cues and expectations can alter motor behaviour by showing that these alterations (e.g.,
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[82]) can be level-of-representation-specific, as in the case of affordances. This may suggest further investigations of
mirroring or motor resonance, which seems to be stronger at lower levels of representations (e.g., object-oriented ac-
tions) and to disappear as the action becomes more symbolic and abstracted [35]. The systematic testing of the model
predictions in experimental conditions is an objective that we intend to pursue in future research. Indeed, the active
inference framework has been used to simulate various neurological and psychopathological conditions, see Chapter
9 of [119]. The hierarchical generative model for action understanding and imitation discussed in this paper might
be particularly appropriate as a starting point to explore the cognitive processes and abnormalities of motor planning,
sequencing, and execution associated with apraxia. Doing this would require expressing specific hypotheses about
the causes of apraxia (or other disorders) in the form of elements of hierarchical active inference; namely, the priors
and likelihood functions that specify the (hierarchical) relations between intentions, goals and actions. For example,
it would be possible to hypothesise that ideational apraxia (which impairs action planning and selection on verbal
command) stems from an imprecise likelihood mapping between states and observations at the intention level. Once
these hypotheses are expressed in the form of a (hierarchical) active inference model, the model could be validated
by simulating different scenarios and tasks that are relevant to ideational (or other, different types of) apraxia, by sys-
tematically comparing simulated behaviours with empirical data and clinical observations. Furthermore, it would be
possible to use the model for advanced data analysis and to identifying specific parameters of the model that explain
the symptoms of apraxia (or other disorders) in patient populations; see [93,99,126,146,148,149] for examples of this
kind of “computational phenotyping” in computational psychiatry.

Finally, while the goal of the present papers was to propose a general formal (active inference) scheme for vi-
suomotor cognition, the proposed model could be further elaborated by including more realistic and detailed motor
control models that permit simulating sophisticated behavioural tasks, beyond the simple tennis example used here by
associating the kinematic level with a generative model for continuous variables, as shown in [118] and [116].

5. Methods

In this section, we provide a summary description of the active inference framework and introduce the hierarchical
generative model that we used to realise the simulations of this paper.

5.1. Active inference under the free energy principle

Active inference is a recent formal framework to explain cognition and behaviour that is gaining prominence
across multiple domains of cognitive science and neuroscience [119,129]. Active inference derives from the free
energy principle, which describes in statistical and information-theoretical terms how a biological agent restricts itself
within a limited set of sensory states to avoid the natural tendency to reach thermodynamic equilibrium and, as a
consequence, death [51]. A key assumption of active inference is that to avoid surprising and potentially disruptive
sensory states, the agent must encode and update a probabilistic generative model, or a probabilistic mapping between
sensory states and the present and future observations that they generate. The generative model serves to implement
approximate (variational) free energy minimization that - in active inference - implements both perception and action
planning. Specifically, in addition to the generative model, variational inference requires an auxiliary distribution
(aka recognition density ¢) that encodes an approximate posterior over the agent’s beliefs; see [11] used to minimise
approximate surprisal in the present (variational free energy) and in the future (expected free energy).

5.2. Variational free energy (F)

Variational free energy is minimised to perform perception and perceptual learning, by estimating posterior beliefs
about hidden states. The equation below shows how the variational free energy (F) for a given policy 7 (sequence of
actions) is calculated. Variational free energy can be decomposed into two terms. The former is a complexity term that
scores a (Kullback Leibler or KL) divergence between the posterior beliefs about states of the auxiliary distribution
(q(s|)), and the posterior beliefs about states of the generative model (p(s|r)). The latter is an accuracy, which scores
(logarithm of the) the probability of observations given model beliefs about states (In p(o|s)). These two terms jointly
ensure that the agent engages in a continuous perception-action cycle; namely, it updates its (posterior) beliefs about
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the states represented on the model to better fit its observations; and selects courses of actions that actively sample the
observations predicted by the model; please see [56] for a derivation of variational free energy and technical details.

F(r) =Dkrlg(s|m) |l pls|m)]—Egmlinp(o]s)]
——

Variational FE Complexity Accuracy

5.3. Expected free energy (G)

Active inference can also be used to model planning, which corresponds to selecting a course of actions that
minimises the agent’s free energy in the long run. Planning consists in inferring the variables upon which the states
that can be controlled are conditioned on. This requires calculating and minimising another formal quantity, the
expected free energy associated to each policy w. Once the expected free energy of each policy is calculated, it is
translated into a prior value of policies p(r) through a softmax function. Using this prior value for action selection
ensures that the selected policies are those expected to minimise more free energy in the long run.

As shown in the equation below,

g@ = DkLlg(o|m) || p(O)]+ Egm)[H[p(o| )]
Expected FE Risk Ambiguity

expected free energy (G) can be decomposed in two terms. The former is risk, which scores the (KL) divergence
between the probability of outcomes given a policy (q(o|r)) and the distribution of preferred outcomes in the agent’s
generative model (p(0)). The latter is an expected ambiguity, which scores the expected value of the entropy (H) of
the model’s likelihood function (p(o|s). Taken together, these two terms ensure that the agent plans adaptively and
balances exploitation (or utility maximisation) and exploration (or information gain). Minimising risk leads to the
exploitation of preferred observations and determines goal-directed behaviour. This is because by minimising the
first term, the agent comes closer to its preferences or goals. Minimising ambiguity generates instead exploratory,
information-seeking behaviour that aims to minimise the uncertainty about the states of the world.

In sum, expected free energy drives an agent to maximise utilitarian behaviour and explore all options in a way
that confers an exploratory aspect upon behaviour. Expected free energy represents a single objective function shared
by information-seeking behaviour and the achievement of prior preferences. It is worth noting that in most practical
settings, when there is uncertainty about what course of actions will be more effective, the agent needs to minimise
ambiguity first (to reduce the uncertainty) before being able to minimise risk (to achieve goals). This solution to the
problem of balancing exploration and exploitation emerges automatically in active inference [60].

5.4. Policy selection

Once expected free energy has been calculated, the policy is selected according to the following equation, which
represents a (prior) distribution over the policies:

o= o(nE —yG)

This distribution comprises two components. The former is a learned prior over the policies (an E vector), which
reflects the number of times a policy has been previously selected and can be considered a habitual component of
policy selection. The latter is the expected free energy G that is calculated anew at each simulation and can be
considered a deliberative component of policy selection. The balance between these two terms is determined by a
precision term (), which encodes the confidence of beliefs about G. Finally, the equation includes o, which is a
normalised exponential (softmax) function that normalises its values to ensure that it is a probability distribution.

5.5. The hierarchical generative model used in the simulations
Active inference is a generic framework to model cognitive phenomena but realising each set of simulations re-
quires designing a specific generative model. To realise the simulations reported in this article, we used the hierarchical

generative model shown in Fig. 8. The hierarchical arrangement of the generative model shown in Fig. 8 reflects — and
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Fig. 8. Schematic of the hierarchical generative model used in this article. (A) The Action Understanding level. At this level, there are two hidden
state factors and two outcome modalities. The first factor is the proximal goal performed by the teacher (the sequence of segments) while the second
factor is the categorization of the intention. The two outcome modalities are exteroception and feedback. (B) The Action Observation level. At this
level, there are two hidden state factors and two outcome modalities. The hidden factors are the three possible segments of the teacher and the four
possible eye positions of the agent. The two outcome modalities are exteroception (what) and proprioception (where). (C) The Action Execution
level. At this level, there are one hidden factor and one outcome modality. The hidden factor is the segment executed. The outcome modality is
proprioception. The notation used in the generative model follows standard conventions to describe generative models under active inference [56].
Nodes denote probability distributions and edges denote probabilistic relations between them. The capitalised letters A-E denote the matrices of
the model: the A (likelihood), B (transition function), C (prior over observations), D (prior about hidden states), E (prior about policies) matrices.
The G denotes expected free energy. The lowercase letters a, d and e denote parameters of the respective matrices. The lowercase letters s, o and
7 denote hidden states, observations and policies, respectively. The symbol y is a precision parameter used for policy selection. See the main text
and [61] for technical details.
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formalises — the hierarchical organisation of action representations shown in Fig. 1; see [61,111] for related models in
active inference and [20,52,88,89,95] for a broader view of hierarchical models in the brain.

In the generative model shown in Fig. 8, hidden state factors correspond to different states of the world, such as
the location (where) and category (what) of an element (e.g., the teacher body parts). Outcome modalities correspond
to the possible observations. Multiple outcome modalities are involved in accounting for parallel sources of sensory
input, such as visual inputs and proprioceptive sensations.

The generative model is organised as a partially observable Markov decision process (POMDP) that entails two
general features. The first is the partial observability, which means that the true states of the world are hidden and can
only be inferred by observations that may have a degree of uncertainty. The second feature is the Markov property,
according to which beliefs about future states, on which the agent organises its behaviour, depend only on the states
at the current time and not on the past ones [56].

Our generative model comprises three levels that are reciprocally connected. The Action Understanding level
models the inference of proximal goals from segments and of intentions from proximal goals (hence formalising the
functioning of levels 3 and 4 in Fig. 1). The Action Observation level models the recognition of movement kinematics
and segments (hence formalising the functioning of levels 1 and 2 in Fig. 1) as well as action observation dynamics,
or the active sampling of information. Finally, the Action Execution level models motor responses.

Action recognition exploits the reciprocal connections between the Action Understanding and the Action Observa-
tion levels. The hidden states at the Action Understanding level are propagated top-down to influence states transitions
at the Action Observation level, by setting their prior beliefs [61]. In other words, the Action Understanding level gen-
erates the hypotheses that are tested by engaging saccades at the Action Observation level. On the other hand, the
posterior beliefs about segments at the Action Observation level are propagated bottom-up and become observable
outcomes at the Action Understanding level [61]. This provides bidirectional interactions between variables at dif-
ferent levels of the hierarchy, because the inference of each latent variable is simultaneously influenced by messages
passed from different directions.

Please note also that as usual in hierarchical models, state transitions at different levels proceed at different time
rates. Specifically, the Action Understanding level proceeds at a slower time rate because to generate an outcome at
each time step, it must “wait” for all the outcomes from the Action Observation level. In our simulations, to categorise
a sequence of segments and their goal, the agent employs five timesteps, each requiring at most four timesteps of
segment categorization at the Action Observation level. Various studies have shown that the different routes of action
processing can have different time courses. Long-term sensorimotor representations are processed slowly, require an
active maintenance of information for relatively long periods [13], [24] and are driven by a relatively long-lasting
activation of the ventro-dorsal stream. On the other hand, visually-derived information about the environment used to
guide reaching and grasping movements is rapidly activated and processed online in the dorso-dorsal stream [13], but
it is more transient and decays more rapidly [131,138]

In addition, the simulated reaction times are obtained by running the foc function in Matlab to evaluate the time
employed for the categorization of each segment and the associated proximal goal.

The execution of motor actions exploits the reciprocal connections between all three levels. The translation from
observed movements into goals occurs at the Action Understanding level, whereas the translation from goals into
procedural motor responses uses the connections between the Action Understanding and Action Execution levels.
Finally, goal-directed motor responses occur thanks to the connections between the Action Observation and Action
Execution levels. Please see below for a discussion of procedural versus motor goal-directed pathways in the model.
Note that the Action Execution level proceeds at its own pace and it is not temporally linked to the other levels.

The generative model shown in Fig. 8 generates outcomes as follows: a policy is selected at the Action Understand-
ing level using a softmax function of expected free energy. The state-transition probabilities (B matrices) prescribed
by the selected policy determine the sequence of hidden states. These hidden states generate outcomes at this level
(through the A matrixes) and the initial hidden states at the Action Observation level (through to the D vectors). Please
note that during inference, new observation can lead to a revision of hidden states and of the expected free energy (via
the C matrices), hence influencing policy selection. This means that the agent starts acting driven by a given policy
but can select new policies along the way based on new observations.

Computationally, the agent solves the task by engaging in approximate Bayesian inference and (variational) belief
updating [11]. Variational Bayes is based on introducing an arbitrary distribution called variational density or recog-
nition density q(s) and rendering it maximally similar to the true posterior probability of the generative model p(s|o).
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This is done by assuming a specific form for ¢ (e.g., Gaussian, known as the Laplace assumption, see [59]) and then
optimising it by the iterative updating of its sufficient statistics through a gradient descent algorithm. Interestingly,
active inference assumes that this form of variational inference can be directly mapped into a set of hypotheses about
how messages are transmitted at the neural level and used to predict neuronal responses during hidden states estima-
tion and action selection [56,57]. Under the hypothesis that the brain encodes a generative model of its sensations, and
that different groups of neurons encode the beliefs specified in the generative model (e.g., beliefs about intentions,
proximal goals and segments), the belief dynamics illustrated in Figs. 2-6 can be equated to the dynamics of neural
activity of these groups of neurons, which evolve in a way that minimise free energy.

5.6. Action recognition dynamics are driven by salience and/or novelty, in context-dependent ways

Action recognition dynamics are guided by different drives, depending on the context. In the context of familiar,
meaningful actions (Simulations 1, 2 and 4) observation policies are driven by the need to reduce uncertainty about
hidden states. This uncertainty is represented by Bayesian surprise as it scores the divergence between the predicted
and the actual outcomes. Generally speaking, the model tends to predict a familiar sequence of segments that it has
seen most often in the past (see below) and that are encoded into prior beliefs over the initial states D at the Action
Understanding level. Hence, when recognising a familiar, meaningful action, high-level prior expectations generate
hypotheses about movement kinematics that are verified by engaging epistemic actions — eye movements that sample
information to reduce uncertainty. Eye movements are directed towards salient locations, which are the locations that
the model expects to reduce uncertainty the most, if a saccade were performed towards them [43,54,117]. In this
perspective, salience is defined as information gain, or the potential resolution of uncertainty about hidden states [60].

The observation of novel actions (Simulation 3) is substantially different from the observation of familiar actions,
as the model has the opportunity to learn novel contingencies between proximal goals and segments. In our model,
these contingencies are encoded in the (a parameters of the) A matrix that links hidden states (proximal goals) and
outcomes (segments) at the Action Understanding level. Crucially, when the model is allowed to learn (a) parameters,
the expected free energy equation has to be expanded to include a new (novelty) term:

g@ =Dgrlglo|7) || p(O)]+ Egey[HIp(0 | $)]]1 — Epols)qsim) [Pr LIg(A | 0,5) || g(A)]]

Expected FE Risk Ambiguity Novelty

The novelty term in this expanded equation scores how much the beliefs in the a parameters (mapping states to
outcomes) are expected to change after a new observation. In turn, including this new term in the expected free energy
ensures that the agent will tend to select policies that pursue novelties. This entails a form of active learning, during
which the active inference agent will preferentially look at (novel) locations that it expects to change the a parameters
the most [147]. In sum, the expanded free energy equation highlights the importance of engaging in two forms of
exploratory behaviour, which are guided by salience and novelty, respectively. While pursuing salience is useful to
reduce the uncertainty about hidden states (or ambiguity), pursuing novelty is useful to reduce uncertainty about model
parameters (or ignorance).

5.7. Two varieties of model learning: model expansion and statistical sequence learning

The model engages in two varieties of learning. The former kind of learning is a model expansion. As discussed
above, in Simulation 3, we allowed the model to expand its repertoire of semantic action representations by learning
novel contingencies between proximal goals and segments in the A matrix. This has been done by setting a column that
encodes one of the proximal goals (left backhand) in the A matrix as a uniform distribution. This way, the likelihood
mapping for that state entails equal probability for all observations, carrying no information. We allowed learning over
12 consecutive trials, but we prevented the learner from trying to recognize the left backhand during the first 11 trials
learning. By doing so, we ensured that the learning of the left backhand was done in an unsupervised manner, without
feedback from correct or incorrect recognition, which would have been misleading in early learning phases; see [150]
for a similar approach.

The latter kind of learning is a process of statistical sequence learning. When the process of action recognition is
repeated for multiple trials, the agent accumulates information over time and acquires familiarity with the observed
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sequences of segments. Formally, the agent sequentially updates its prior beliefs about sequence of segments, by
accumulating Dirichlet distributions in the d parameter [11,15,55]. This statistical learning process ensures that the
agent can assign a higher prior probability to the sequences of segments that were observed more often in the past.

5.8. Motor control and its two components: procedural and goal-directed

The model determines the selection and control of imitative responses by two components. The first component is
the posterior belief about the proximal goals, as encoded by the prior beliefs over the policies (E) and the associated
e parameter at the Action Execution level. The e parameter constitutes a form of procedural motor knowledge that
guides action selection in a habitual manner - which means that the agent expects to execute the (next action in the)
sequence it has observed more often in the past. The second component that determines action selection is the posterior
belief about the (recognized) segments, which — via a form of visuo-spatial working memory [27,98] — influences the
agent’s prior preferences (C) and hence in turn the expected free energy (G). In short, the agent expects to execute the
same action that it has inferred by observing the teacher’s movements. We consider the former a procedural memory
[45-47] as it uses cached (E) values that are learned over time and the latter a motor goal-directed form of control as
it uses expected free energy (G) computations that take the agent’s prior preferences (C) into account.

Which specific action is executed depends on the weight given to the procedural (E) and motor goal-directed (G)
components. The relative influence of the two components is determined by the parameter y (gamma) that corre-
sponds to the precision of beliefs about the expected free energy. This process of precision weighting corresponds to
attentional modulation at the cognitive level and to synaptic gain at the neurophysiological level [31,48,117]. In our
simulations, the modulation of the y parameter is implicated in the imitative responses for familiar and novel actions.
When the learner observes a familiar action, the imitative response is mostly driven by the procedural memory (E)
of the action sequence (the semantic, indirect route in the proposed model), while motor goal-directed control gen-
erated by G can be engaged with a lower level of precision, as a form of online monitoring of the movements (the
direct route in the proposed model). Notably, by engaging procedural memories, the model processes an entire action
sequence as a whole rather than evaluating its component actions one by one - a mechanism that has been some-
times called “chunking” [21,40,39,110] and permits retrieving a known action as a whole from long-term procedural
memory, without breaking it down into single motor components [156]. In active inference, this sequential knowledge
is encoded in a (V) matrix that relies on prior beliefs about the policies (E). On the other hand, when the learner
observes a novel action, she needs to rely on expected free energy (G) computations to perform a step-by-step online
encoding and monitoring of the movement. In this case, the weight of the procedural component (E) is attenuated,
reflecting the lack of prior experience. Hence, while in the former case imitative responses are more driven by pro-
cedural knowledge, in the latter case they are more driven in a motor goal-directed manner. This trade-off between
motor goal-directed and procedural (or habitual) control strategies has been often related to a difference between
model-based and model-free methods of reinforcement learning [38,44,94,101,100,125,127].

Interestingly, the two (procedural and goal-directed) components of action can trigger different actions in the case
of non-imitative actions, as in Simulation 4. If the agent were instructed to execute a non-imitative action, the motor
goal-directed (G) component would correctly infer the to-be-executed action. However, as discussed above, the agent’s
procedural component (E) is implicitly tuned in a way to execute imitative actions. Hence, it would trigger an imitative
response that interferes with the correct action; see the right panel of Fig. 6.

5.9. The contribution of mirror mechanisms to action observation, understanding and selection

In our model, mirror mechanisms contribute to action observation, understanding and selection in two main ways.
First, the agent’s motor knowledge about action sequences encoded in the e parameter influences the d parameter that
encodes prior expectations about the next observed actions, which guides in a cascade action observation processes
[43,58]. In this way, the agent implicitly expects to observe the action sequence that she knows the most. Second,
as discussed above, posterior beliefs about the (inferred) segments at the Action Recognition level become prior
preferences (C) at the Action Execution level. This means that when a segment is recognized, the agent automatically
prepares an imitative response that might facilitate the execution of congruent actions but impair the execution of
incongruent actions, as often observed experimentally [23].
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Software note

The computational model was implemented using standard routines (spm_MDP_VB_X.m) that are freely avail-
able as Matlab code in the latest version of SPM academic software: http://www.fil.ion.ucl.ac.uk/spm/.
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