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Although the human mirror neuron system (MNS) is critical for action observation and imitation,
most MNS investigations overlook the visuospatial transformation processes that allow in-
dividuals to interpret and imitate actions observed from differing perspectives. This problem is
not trivial since accurately reaching for and grasping an object requires a visuospatial transfor-
mation mechanism capable of precisely remapping fine motor skills where the observer’s and
imitator’s arms and hands may have quite different orientations and sizes. Accordingly, here we
describe a novel neural model to investigate the dynamics between the fronto-parietal MNS and
visuospatial processes during observation and imitation of a reaching and grasping action. Our
model encompasses i) the inferior frontal gyrus (IFG) and inferior parietal lobule (IPL), regions
that are postulated to produce neural drive and sensory predictions, respectively; ii) the middle
temporal (MT) and middle superior temporal (MST) regions that are postulated to process visual
motion of a particular action; and iii) the superior parietal lobule (SPL) and intra-parietal sulcus
(IPS) that are hypothesized to encode the visuospatial transformations enabling action ob-
servation/imitation based on different visuospatial viewpoints. The results reveal that when a
demonstrator executes an action, an imitator can reproduce it with similar kinematics, in-
dependently of differences in anthropometry, distance, and viewpoint. As with prior empirical
findings, similar model synaptic activity was observed during both action observation and ex-
ecution along with the existence of both view-independent and view-dependent neural popula-
tions in the frontal MNS. Importantly, this work generates testable behavioral and neurophy-
siological predictions. Namely, the model predicts that i) during observation/imitation the
response time increases linearly as the rotation angle of the observed action increases but remain
similar when performing both clockwise and counterclockwise rotation and ii) IPL embeds
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essentially view-independent neurons while SPL/IPS includes both view-independent and view-
dependent neurons. Overall, this work suggests that MT/MST visuomotion processes combined
with the SPL/IPS allow the MNS to observe and imitate actions independently of demonstrator-
imitator spatial relationships.

1. Introduction

A substantial number of human neuroimaging studies support the existence of a large brain network associated with sensorimotor
integration called the mirror neuron system (MNS) (Aziz-Zadeh & Ivry, 2009; Bisio et al., 2015; Carr, Iacoboni, Dubeau, Mazziotta, &
Lenzi, 2003; Case, Pineda, & Ramachandran, 2015; Dinstein, Gardner, Jazayeri, & Heeger, 2008; Gueugneau, Bove, Ballay, &
Papaxanthis, 2016; Gueugneau, McCabe, Villalta, Grafton, & Della-Maggiore, 2015; Iacoboni, 2005; Iacoboni et al. 1999; Iacoboni
et al., 2001; Oztop, Kawato, & Arbib, 2013). The human MNS becomes active for both observation and imitation of actions, and may
correspond to the mirror neurons identified in monkeys, although the human MNS responds to both the action (e.g., a reaching and
grasping action) and the movements per se (e.g., arm reaching, finger pre-shaping, and finger closing movements) whereas the mirror
neurons in primates are engaged only when observing the action as a whole (Buccino et al., 2001; Oztop et al., 2013; Rizzolatti, 2005;
Rizzolatti, Fogassi, & Gallese, 2002; Rizzolatti & Craighero, 2004). In particular, experiments have revealed that the frontal (inferior
frontal gyrus or IFG) and parietal (inferior parietal lobule or IPL) components of the human MNS are active during reaching to grasp
action imitation (Grézes & Decety, 2001; Fadiga, Fogassi, Pavesi, & Rizzolatti, 1995; Gallese, Fadiga, Fogassi, & Rizzolatti, 1996;
Rizzolatti, Fogassi, & Gallese, 2001). MNS-like systems such as the superior temporal sulcus (STS) and temporo-parieto-frontal
circuits are also involved during reaching to grasp action observation and imitation (Carr et al., 2003; Iacoboni et al., 2001).

In addition, a naive spectator can easily see that when one person (a demonstrator) shows an action to another individual (an
imitator), the latter can observe and reproduce these actions independently of spatial constraints such as differences in viewpoint (or
perspective), distance, and anthropometry involving the two protagonists. However, while both experimental and computational
studies have examined the neural mechanisms for action observation and imitation, only very limited attention has been given to the
visuospatial processing that could account for such spatial differences between the demonstrator and the imitator. Specifically, in a
typical imitation task, the respective frame of reference of the demonstrator (allocentric) and imitator (egocentric) is different (e.g., in
orientation and/or position). Thus, to successfully imitate an observed reaching to grasp action, the imitator needs to transform (or
remap) the observed arm and hand movement from the demonstrator’s allocentric frame of reference into their egocentric frame of
reference. This frame of reference transformation can be quite complex due to discrepancies in anthropometry and functional ranges
of motion of the two protagonists. Indeed, this problem is not trivial, since the performance of a movement to reach and grasp an
object accurately will require a frame of reference transformation able to precisely remap such relatively fine motor skills where the
observed arm and hand have different orientations and size for observer/imitator. Only a few MNS studies have examined this
perspective problem during action observation and imitation. Early non-human primate studies revealed that mirror neurons dis-
charged similarly when the observed hand had various orientations. For instance, it was shown that observing grasping actions from
various perspectives resulted in the same activation of the frontal MNS (e.g., Caggiano et al., 2011; Caggiano, Giese, Thier, & Casile,
2015; Gallese et al., 1996). In particular, examination of mirror neuron responses in primates while manipulating the viewpoint from
which the grasping actions were observed revealed the existence of two mirror neuron populations in the frontal gyrus (F5), a view-
dependent and a view-independent population (Caggiano et al., 2011). A few empirical human studies also examined the re-
lationships between the viewpoint and action observation. These investigations found that actions observed with an egocentric
viewpoint elicited larger brain responses in the contralateral IFG region similar to self-intended action. In contrast, actions observed
from an allocentric viewpoint led to greater ipsilateral region activation (Shmuelof & Zohary, 2008). Other work has suggested
possible modulatory mechanisms of the perspective (first or third person) on cross-modal action coding in the frontal MNS while the
activity of the parietal MNS was found to be independent of the perspective (Oosterhof, Tipper, & Downing, 2012).

Altogether these studies suggest that, both in primates and humans, mirror neurons i) have a response that is modulated by the
perspective from which the action is observed, and ii) interact with other neural structures that mediate action understanding by
matching visual and motor representations of the observed actions. However, our current understanding of how such viewpoint
processing interacts with the MNS is quite limited and requires further examination. The understanding of such visuospatial pro-
cessing, as with any other mechanisms underpinning the MNS, will further inform the functions hypothesized to be attributable to the
MNS (Oztop et al., 2013).

In addition to empirical efforts, several conceptual and computational models have been proposed to help understand the un-
derlying functional roles of the MNS (Bonaiuto, Rosta, & Arbib, 2007; Miall, 2003; Oh, Gentili, Reggia, & Contreras-Vidal, 2012;
Oztop, Wolpert, & Kawato, 2005; Oztop et al., 2013). Specifically, to model the MNS functionalities from a motor control and
learning standpoint, a number of these models employed an internal model framework (e.g., Crevecoeur, Giard, Thonnard, & Lefevre,
2011; Crevecoeur & Scott, 2014; Jordan & Wolpert, 1999; Molina-Vilaplana & Coronado, 2006; Molina-Vilaplana, Feliu-Batlle, &
Lopez-Coronado, 2007; Wolpert & Miall, 1996). In particular, it has been suggested that the STS-IPL-IFG pathway implements an
inverse model to encode the motor command from an observed action that is used for subsequent imitation (Miall, 2003). Also, the
IFG-IPL-STS pathway has been hypothesized to implement a forward model that predicts sensorimotor states by using an efference
copy of the motor command that will be subsequently used for action imitation (Miall, 2003). This model includes a cerebellar
structure embedding other forward and inverse models in parallel with the temporo-parieto-frontal circuit (Miall, 2003).
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These previous internal model framework efforts did not generally include a neural component able to mimic the visuospatial
computational mechanisms that would transform the frames of reference between the demonstrator and the imitator (Arie, Arakaki,
Sugano, & Tani, 2012; Bonaiuto & Arbib, 2010; Bonaiuto et al., 2007; Demiris & Hayes, 2002; Demiris & Johnson, 2003; Demiris &
Khadhouri, 2006; Oztop & Arbib, 2002; Oztop, Bradley, & Arbib, 2004; Oztop, Kawato, & Arbib, 2006; Oztop et al., 2005, 2013). Only
a very few past computational studies have attempted, to some extent, to account for differences of viewpoint between the de-
monstrator and imitator. For instance, Lopes and Santos-Victor (2005) included perspective transformations in their model, but their
solution was purely mathematical with no biological relevance or visuospatial learning. Also, although it was not the primary focus, a
more recent MNS computational study proposed a neural model that could process very limited angular changes between the imitator
and the demonstrator (Arie et al., 2012). The authors suggested that to account for larger angular variations, a model of visuospatial
processes such as mental rotation should be considered.

Still in a context of action observation/imitation, additional prior modeling efforts have proposed a neurocomputational me-
chanism for which the vector population, particularly in the STS, would play a critical role in implementing a transformation of the
frame of reference between the demonstrator and imitator (Sauser & Billard, 2005a, 2005b, 2007). More recently, another neural
model has examined the view-based mechanisms and was able to reproduce various neurophysiological findings observed in primates
(Fleischer, Caggiano, Thier, & Giese, 2013). Although interesting, this previous modeling work did not: i) model the relationships
between the mechanisms underlying the transformation of the frame of reference and the frontal and parietal MNS, ignoring thus the
interactions between visual processing of reaching to grasp actions and motor representations; ii) consider the simultaneous learning
of such transformation mechanisms with the fronto-parietal MNS in an ecological context where observation and imitation are
intermingled, iii) examine, as a result of learning, the emergence of view-based representation in the frontal-parietal MNS and the
neural substrate possibly embedding such transformation mechanisms and iv) consider scaling of the physical features (e.g., arm and
hand) between demonstrator and imitator.

Both the experimental and computational works summarized above suggest that there is a critical need to further understand how
visuospatial processes interact with the MNS. No previous neurocomputational model has examined the general functional me-
chanisms that underlie observing and imitating actions independently of differences in the imitator’s viewpoint, the imitator’s dis-
tance, and the imitator’s body size relative to the demonstrator (Arie et al., 2012; Caggiano et al., 2011; Lopes & Santos-Victor, 2005;
Sauser & Billard, 2005a, 2005b, 2007; Fleischer et al., 2013). The development of a neurocomputational model that combines
visuospatial transformations with the MNS will inform the underlying working principles of the MNS and in particular will com-
plement and extend prior work by examining how the view-based and sensorimotor representations interact during action ob-
servation and imitation. In addition, this work could also contribute to developing more efficient imitation learning mechanisms for
humanoid robots (Floreano, Ijspeert, & Schaal, 2014; Gentili, Oh et al., 2015; Katz, Huang, Hauge, Gentili, & Reggia, 2017; Schaal &
Schweighofer, 2005).

Here we present and study a neurocomputational model of the parietal visuospatial transformation processes that interact with
the fronto-parietal MNS. Our model learns to perform observation and imitation of reaching and grasping actions regardless of
visuospatial differences (viewpoint, distance, and anthropometry) between a demonstrator and an imitator. Our model aims to
address the following questions. What are the computational processes underlying the visuospatial transformation mechanisms, and
what is the role of such mechanisms with respect to the fronto-parietal MNS? What possible neural structure(s) could implement
these visuospatial transformation mechanisms, and how would these structures interact with those from the fronto-parietal MNS?
What behavioral and neural dynamics features will emerge from the interactions between the visuospatial transformation and the
fronto-parietal MNS mechanisms during action observation and imitation? In particular, we hypothesize that by incorporating vi-
suospatial transformation mechanisms that interact with the fronto-parietal MNS network, our neural model will not only produce
similar arm and hand kinematics for a reaching and grasping action previously observed from various perspectives, but that it will
also generate comparable neural activity in IFG and IPL during both action observation and imitation, and that view-dependent and
view-independent neural populations reminiscent of those observed biologically will emerge spontaneously.

2. Methods

Here we describe the neural mechanisms and computations of our fronto-parietal model, their implementation and learning
mechanisms, as well as the methods used to assess the performance of the model. In the following, “observation” refers to the
observation phase of an action where no overt movement are produced, and “imitation” refers to the execution phase where the
previously observed action is imitated through actual movements.

2.1. Neural mechanisms of the model

Our neural model was developed within the framework that links the concept of internal models to the MNS (Iacoboni et al.,
1999; Miall, 2003). In particular, Miall has suggested that the STS-IPL-IFG and the IFG-IPL-STS pathways would implement an
inverse model that computes the neural drive for action imitation and a forward model that predicts sensorimotor states, respectively
(Miall, 2003). Here, we expand Miall’s conceptual model by including the three following neural substrates. First, the middle
temporal (MT) and middle superior temporal (MST) regions were incorporated to selectively process visual motion direction and
velocity from a perceived action (Adelson & Movshon, 1982; Born & Bradley, 2005; Duijnhouwer, Noest, Lankheet, Van Den Berg, &
Van Wezel, 2013; Tootell et al., 1995). The MT/MST are postulated to provide the MNS with a view-dependent representation of an
observed action. Second, the brain regions superior parietal lobule (SPL) and and intraparietal sulcus (IPS) were included to
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implement visuospatial transformation mechanisms that are postulated to provide the MNS with view-independent representation of
an observed action (Andersen, 1987; Buneo & Andersen, 2006; Grefkes & Fink, 2005; Rizzolatti, Luppino, & Matelli, 1998). Thus, the
SPL/IPS would allow the MNS to engage in robust action observation and imitation independently of visuospatial constraints. Third,
in our model the rostral prefrontal cortex (rPFC) triggers the intention to imitate (Burgess, Dumontheil, & Gilbert, 2007; Dove,
Pollmann, Schubert, Wiggins, & von Cramon, 2000; Meyer et al., 1997; Rogers et al., 1998).

From a computational standpoint, compared to other MNS models, our model differs in that it is able to capture the dynamics
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Fig. 1. Conceptual model of the imitator’s neural processes and the view-based representations. (a) Brain regions and pathways engaged during
action observation (left panel) and imitation (right panel) (based on Miall, 2003) where the MT/MST and SPL/IPS were added. Only the connections
relevant to our neural model are shown. The gray area represents the main MNS structures. The view-dependent information (thin dotted lines)
provided by the visual cortex (not shown) are sent to the MT/MST and SPL/IPS. The MNS performs the inverse (IC) and forward (FC) computation
via the STS-IPL-IFG and the reverse pathway, respectively. (b) Imitator’s model brain areas and neural pathways involved during action observation
and imitation. SPL/IPS, IPL, and IFG are implemented with neural networks and functionally mimic the hypothesized visuospatial transformations,
forward and inverse computations, respectively. VD: view-dependent signals modulated by imitator’s perspective (dotted lines); VI: view-in-
dependent signals not modulated by imitator’s perspective (double solid lines). (c) Geometric modeling to encode the view-dependent re-
presentation in MT/MST. Left panel: The imitator first observes an action performed by a demonstrator. The view-dependent representation of the
action (r, ¢) of the demonstrator’s effector (allocentric) from the imitator’s viewpoint. Right panel: When the imitator observes the imitator’s own
action from an initial (yellow circle) to a final (magenta star) position, the view-dependent information (r, ¢) is now encoded in its own egocentric
frame of reference. This encoding process allows remapping the left, center, right (white, cyan, magenta circles) sides of the demonstrator into the
left, center, right (magenta, cyan, white circles) sides of the imitator from the imitator’s viewpoint. (d) Geometric modeling of the different origin of
the frame of reference (O; and Op) and viewpoint (i.e., lines of sight) for each protagonist. The imitator observes a reaching action towards an object
(yellow star) performed by the demonstrator. X and Y represent the coordinate axes of the absolute coordinate system. 6y, Op: angles towards the
imitator or the demonstrator’s line of sight from the X-axis; 0,: the rotation angle from the demonstrator to the imitator’s viewpoint. (e) Areas of the
environment where the demonstrator is located when showing actions to the imitator. Three orientations (imitator’s left, front and right sides) and
three demonstrator-imitator distances (near, middle and far) are used. Here the demonstrator is showing an action in front of and far away from the
imitator. D: demonstrator; I: Imitator; (for interpretation of the references to color in this figure legend, the reader is referred to the web version of
this article).

between view-based representations and frontal-parietal MNS. Specifically, taking inspiration from previous modeling work, the
overall novelty of our model is that it examines frontal (adaptive inverse model) and parietal (adaptive forward scheme) MNS
dynamics as well as their relationships with the SPL/IPS (adaptive visuospatial transformation that enable view-independent re-
presentation) and the MT/MST regions (view-dependent representation) during learning by observation and imitation (Oh, Gentili,
Reggia, & Contreras-Vidal, 2011; Oh et al., 2012) (Fig. 1(a),(b)).

2.2. Neurophysiological components

Here we summarize the main neurophysiological systems that provide inspiration for the neurobiological components of our
model.

The rPFC plays a critical role in many cognitive-motor functions, but here it is modeled as a simple top-down behavioral control
that allows the mirror system to achieve goal-directed actions via switching between action observation and action imitation (Burgess
et al., 2007; Miller & Cohen, 2001).

The STS region is reciprocally connected to IPL, and thus provides sensory (particularly visual) input to the MNS (Barraclough,
Keith, Xiao, Oram, & Perrett, 2009; Kilner, Friston, & Frith, 2007; Miall, 2003). Also, since the STS responds to biological motion of
body parts such as arms and hands (Kilner et al., 2007; Miall, 2003), it has been suggested that it has a role in action imitation via the
temporo-parieto-frontal network (Rizzolatti et al., 2001). Thus, in our model the STS encodes hand/arm movements associated with
specific actions such as reaching and grasping, while being able to recognize if the observed actions are already in the current motor
repertoire of the imitator or not.

The cerebellum (CB) is also critical for sensorimotor error processing such as sensory prediction errors during motor learning
(Han, Arbib, & Schweighofer, 2008; Ito, 2002; Popa, Hewitt, & Ebner, 2012; Schweighofer, Lang, & Kawato, 2013; Tokuda, Han,
Aihara, Kawato, & Schweighofer, 2010). Thus, here the cerebellum was modeled as a simple comparator that compares the desired,
actual and predicted kinematic states, to generate sensorimotor errors used to drive motor learning.

The MT and MST brain regions are modulated by selective visual motion patterns (Duijnhouwer et al., 2013; Peuskens, Sunaert,
Dupont, Van Hecke, & Orban, 2001; Tootell et al., 1995). Prior work has suggested the possible contributions of MT/MST to motion
perception and various associated cognitive functions during goal-directed behaviors such as movement of the upper-extremity with a
certain degree of complexity (Bisley & Pasternak, 2000; Born & Bradley, 2005; Ilg, 2008; Parker & Newsome, 1998; Tanaka & Saito,
1989). MT selectively responds to directional local motions and speeds of objects in the visual field (Born & Bradley, 2005;
Duijnhouwer et al., 2013). MST receives visual input from MT, and is critical for higher visual motion processing since its neurons are
tuned to particular directions of motion (Born & Bradley, 2005). In particular, MST is thought to contribute to solving the visual
rotation problem (Duijnhouwer et al., 2013). Thus, in our model, the simulated MT/MST region provides selective visual motion
information (motion direction, velocity) to the SPL and IPS so that these regions can perform their visuospatial transformations, as
well as to the frontal and parietal MNS to perform action observation and imitation. As such, MT/MST enables a view-dependent
representation of actions (Adelson & Movshon, 1982; Duijnhouwer et al., 2013; Kourtzi & Kanwisher, 2001; Tootell et al., 1995). In
our model the MT/MST does not require any information from the STS since it is engaged earlier in the bottom-up visual stream
processing.

The SPL and IPS regions are hypothesized to be heavily involved in the execution of mental rotation and spatial transformations.
Much empirical evidence suggests that IPS/SPL play a critical role in the transformation between frames of reference, or viewpoints,
since these areas encode spatially mapped representations (Buneo & Andersen, 2006; Culham & Kanwisher, 2001; Gogos et al., 2010;
Grefkes & Fink, 2005; Zacks, 2008). It has also been suggested that the IPS/SPL areas may compute viewpoint transformations for
self-intended movements (e.g., Buneo & Andersen, 2006; Zacks, 2008). These regions may embed mechanisms by which two frames
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of reference can be merged through a particular relation resulting from associations learned through experience in observing rota-
tional motion (Zacks, 2008). Thus, we postulate that these regions are involved in visuospatial transformations to subserve the MNS
during learning and should enable view-independent representations.

The IFG of the MNS is activated during action observation (Buccino et al., 2001; Decety et al., 1997; Gallese et al., 1996; Grafton,
Arbib, Fadiga, & Rizzolatti, 1996; Jeannerod, 2001; Rizzolatti et al., 2001). For instance, grasp observation activates the inferior
frontal cortex, the supplementary motor area and the dorsal premotor cortex (Grafton et al., 1996). It has been proposed that the STS-
IPL-IFG pathway acts as an inverse model that computes the motor commands for producing a given desired action (Miall, 2003). It
has also been suggested that the motor/premotor regions may implement inverse models for self-intended reaching movements
(Bullock, Grossberg, & Guenther, 1993; Gentili, Oh, Kregling, & Reggia, 2016; Gentili, Oh et al., 2015; Guenther & Micci-Barreca,
1997; Li, Padoa-Schioppa, & Bizzi, 2001; Molina-Vilaplana & Coronado, 2006; Molina-Vilaplana et al., 2007; Padoa-Schioppa, Li, &
Bizzi, 2004; Srinivasa, Bhattacharyya, Sundareswara, Lee, & Grossberg, 2012; Tin & Poon, 2005). Thus, here we postulate that the
IFG performs the inverse computation that maps a desired action such as an action to imitate, into the corresponding neural drive that
allows imitating the observed action.

The IPL of the MNS becomes active during observation of an action such as grasping (Buccino et al., 2001; Decety et al., 1997;
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Fig. 2. Learning schemes of the parietal transformation network (SPL/IPS), frontal (IFG) and parietal (IPL) MNS during observation (a) and imi-
tation (b). SPL/IPS, IFG and IPL learn via successive observation-imitation cycles. (a) First the SPL/IPS and IFG learn during the observation phase
without the imitator executing any actual movements. The SPL/IPS network learns using an error signal (espy 1ps) provided by the cerebellum (CB)
that acts as a comparator (indicated as circles with signs inside) that compares the desired (X3, ) and remapped spatial kinematics in the egocentric
(X%°) frame of reference. Simultaneously, a copy of the neural drive (6., encoding shoulder and elbow joint kinematics) generated by the IFG is sent
to IPL (forward model) which computes the predicted spatial kinematics (X, (k)) of the observed action. This predicted kinematics is covertly
compared to that from the previous (X, (k—1)) trial by the CB which computes the error (ejrgo) to guide the learning of the IFG. (b) Then, the
imitator imitates the action previously observed; actually carrying out the movement. The IFG network learns using an error (ejpg;) computed by the
CB that compares the demonstrated action remapped into the allocentric space (action that aims to be imitated; X“°) and the actual (X,.) spatial
kinematics. Also, the IPL network learns using an error (ep) computed by the CB that compares the predicted (X,.) and actual (Xu) spatial
kinematics. During the imitation phase the SPL/IPS is switched to the identity function and thus the allocentric and egocentric frames of reference
coincide perfectly (X% = X°€). (r, @); and (r, @)p are the pairs formed by the distance and orientation between imitator and demonstrator’s end
effector from the imitator’s perspective, respectively. X, X and X, are the observed action represented in the allocentric space, estimation of
the observed action remapped into the egocentric space, and desired action to imitate (i.e., observed action remapped in the egocentric space). For
clarity the rPFC and STS are not shown.
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Grafton et al., 1996; Jeannerod, 2001; Rizzolatti et al., 2001). During observation of object-related actions there is also activation of
the posterior parietal lobe (Buccino et al., 2001; Grafton et al., 1996). It has also been suggested that the STS-IPL-IFG pathway
employs a copy of efference of the neural drive (from the IFG) to predict the corresponding sensorimotor consequences (i.e., forward
computation) (Miall, 2003). The posterior parietal regions along with the IPL may also embed forward models that predict sen-
sorimotor consequences during both overt and covert self-intended movement execution (e.g., Blakemore & Sirigu, 2003; Crevecoeur
& Scott, 2014; Crevecoeur et al., 2011; Gentili, Oh et al., 2015; Gentili & Papaxanthis, 2015; Gentili et al., 2016; Gueugneau,
Schweighofer, & Papaxanthis, 2015; Sirigu et al., 1996; Wolpert, Goodbody, & Husain, 1998).

2.3. Modeling learning by observation and imitation: a two-phase process

In our model shown in Fig. 1(b), the learning processes are inspired by the idea that, in humans, typically an imitator observes an
action that is performed by a demonstrator, and subsequently attempts to reproduce it. Thus, there is first a learning by observation
phase that corresponds to a covert learning process (i.e., no actual action) before an overt action is actually performed. Then, learning
by imitation occurs involving the use of peripheral feedback as the movement is actually executed. This cycle is continuously
repeated until the imitator can successfully imitate the action. When considering an ecologically valid situation, a human imitator can
imitate an observed action regardless of differences in body sizes, spatial positions, or viewpoints between the demonstrator and the
imitator. Such robustness in visuospatial information processing is critical for action observation and imitation. Our model learns
actions in a similar manner by continuously executing sequences that combine observation and imitation phases independently of the
differences in anthropometry, distance, and viewpoint between the demonstrator and the imitator.

During the observation phase, the imitator observes the action performed by the demonstrator in the allocentric frame of reference.
The visual input that encodes observed actions is sent to the MT/MST for processing the motion direction and velocity, which are
clearly view-dependent. This view-dependent information is then sent to the MNS network (IFG, IPL, and STS) and also to the SPL/
IPS, which transforms it into a visuospatial representation in the imitator’s view-independent egocentric frame of reference.
Subsequently, the STS, which responds only to familiar motion of specific body parts (e.g., arm, hand), determines whether the
observed action is currently in the imitator’s motor repertoire or not. Specifically, when the imitator observes a reaching action, the
following information is extracted from that observed action: the unspecific effector (i.e., arm without specification of right or left),
type of action (i.e., reaching), and the associated trajectory (i.e., a reaching vector from an initial to a final position). Thus, if an
observed reaching action is recognized in the STS (i.e., if the action is in the imitator’s motor repertoire), the rPFC would simply
trigger its imitation. If the action is not recognized, the rPFC triggers the observational learning mode, in which, the STS will encode
the corresponding information mentioned above (i.e., effector, type and trajectory). In particular, when learning by observation is
triggered, even though no action is overtly executed, the IFG performs the visual-to-motor inverse computation to generate the neural
drive that would be used if the action was overtly executed but this execution is then inhibited. However, an efference copy is still
available and is sent to the IPL which predicts the sensory consequences of the corresponding action (i.e., forward computation). The
CB computes the prediction error that is conveyed to the IFG to adjust its internal model. At this point, the STS assesses the similarity
between the imitator’s sensory predictions and the corresponding observed action (lacoboni, 2005). If the similarity is low due to a
large error, the learning by observation continues until the error is acceptable. Once the observed action is encoded fairly well it can
be imitated successfully (Fig. 2(a)).

Once the learning by observation phase is complete, learning during the imitation phase is performed in which action execution is
triggered by the rPFC (Decety et al., 1997). During learning by imitation, the overall processes in the IFG, IPL, STS, CB, SPL/IPS and
MT/MST are similar to those described in the observation phase. The only difference is that the neural drive is no longer inhibited and
is thus sent to the musculoskeletal system via the premotor/motor regions to imitate the action. The imitator then observes its own
action via visual feedback to adapt it further if needed. In this case, the imitator uses the identity visuospatial transformation since the
self-action is encoded in its own egocentric frame of reference. The visual feedback updates both the inverse and forward model in the
IFG and IPL, respectively. Once the imitation phase is complete, the next observation-imitation cycle starts and the process is repeated
until the action is learned (Fig. 2(b)).

2.4. Model implementation

The demonstrated/imitated action is modeled as a reaching-grasping task where for the sake of simplicity the hand is aligned with
the forearm and the control of finger grasp is not explicitly modelled (similarly to prior relevant; Sauser & Billard 2005a, 2005b,
2007). The demonstrator/imitator’s hand/arm is modeled as a simple two links effector with 2 degree of freedom which moves in a
2D workspace. For simplicity the dynamics are ignored in particular since viewpoint transformations which relate to geometrical
features of the hand/arm system are examined. Similar relevant computational work has employed a comparable approach where the
dynamics were not modeled (Sauser & Billard 2005a, 2005b, 2007; Fleischer et al., 2013). It must be noted that while the reaching-
grasping task employed in this work may appear simple, the underlying neural processes engaged during observation and imitation
which are here captured with three interacting adaptive neural networks are very non-trivial (Sauser & Billard, 2005a).

Our neural model is implemented based on the conceptual and computational principles described above'. The rPFC, STS, CB, and

! The model was implemented and simulated using MATLAB® R2015a (MathWorks, Inc.) on Windows platform (Windows 7 Enterprise 64-bit
platform on Optiplex 9020 Desktop, Dell, Inc.).
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MT/MST are not implemented with artificial neural networks but instead with numerical and conditional statements. The SPL/IPS,
IFG, and IPL are implemented by means of radial basis function (RBF) neural networks that learn their respective hypothesized
functions at a population level, which are the visuospatial transformations, the inverse and forward computations, respectively. Our
aim was not to model the cortical circuits as a biologically-realistic model of spiking neurons but instead to capture the main
functionalities of the neural regions considered here. RBF neural networks modeling was selected since it is a well-established
approach that was previously employed to model view-based processes in the context of 2D visual processing (e.g., Deneve & Pouget,
2003) as well as the MNS (e.g., Fleischer et al., 2013) and more generally in sensorimotor modeling of reaching and grasping actions
(e.g., Han et al., 2008; Molina-Vilaplana & Coronado, 2006; Molina-Vilaplana et al., 2007; Porrill & Dean, 2007). Each neural
network was trained by continuously repeating the two-phase observation-imitation learning cycle described above (Fig. 2). First we
present several neural components of our architecture that were not implemented with neural networks since they were not central to
our focus which was the interactions between the visuospatial transformation mechanisms processing the frame of references re-
mapping and the MNS. Then the neural regions implemented with neural networks are presented.

The rPFC was implemented with a simple conditional statement that switches between the phase of learning by observation and
learning by imitation. Specifically, when the imitator learned an observed action, a state variable representing the rPFC was set to the
observational learning mode, whereas this variable was set to the imitation execution mode when the imitator reproduced the
observed action. The STS was implemented as typical associative arrays through hash tables, in which the observed action was
indexed by using a pair of body segment and the template of the observed action trajectories as keys to model observational learning.

The CB was implemented as a simple comparator to compute sensorimotor errors based on comparisons between desired, actual
and expected kinematics that are then employed to guide the learning of SPL/IPS, IPL and IFG neural networks to acquire their
respective mappings (see Fig. 2).

The MT/MST extracts the direction of the observed action represented by a 2D vector (Fig. 1(c)). The first component of these
input vectors is the distance r between the imitator’s center point and the demonstrator’s end-effector at each time t. The second
component is the relative angle ¢ from the imitator’s viewpoint to the end-effector at time t. Thus, this vector can be written as:

a0 <t < n) = {0, @g)s s (1 @)y oos (Fy 9,)} @

where a is an observed action from time O to time n. As such, the view-dependent representation of the action is described by a 2D
vector which encodes the distance (r) and orientation (¢) of the demonstrator’s effector (i.e., allocentric) from the imitator’s
viewpoint. When the imitator observes its own action from an initial to a final position, in the same way, the view-dependent
information is also extracted (r, ¢), which is this time encoded in its own egocentric frame of reference. Thus, the MT/MST provides
to the MNS and the SPL/IPS the view-dependent representation of the observed action (Fig. 1(b)).

The SPL/IPS implement a visuospatial transformation (named f;,;,) which combines translation, scaling, clockwise and coun-
terclockwise rotation by employing a RBF network (Broomhead & Lowe, 1988a, 1988b). The use of modeling clockwise and
counterclockwise rotation as well as scaling and translation mechanisms is consistent with prior neurophysiological and behavioral
human studies which revealed that those regions have a critical role in such visuospatial/visuomotor transformations. Specifically,
the functional roles of SPL/IPS in these visuospatial transformations (i.e., clockwise, counterclockwise rotations, translation, and
scaling) have been evidenced using various techniques including visual field tests as well as fMRI (Burton, Wagner, Lim, & Levy,
1992; Cohen et al., 1996; Grefkes, Ritzl, Zilles & Fink, 2004; Kadmon Harpaz, Flash, & Dinstein, 2014). The translation, scaling and
rotation are defined as follows: i) translation: mechanism for the imitator to refer to the demonstrator’s actions in the same position by
shifting the origin of the imitator’s frame of reference; ii) scaling: allows the imitator interpreting the observed actions to change the
ratio and shape of the body of the demonstrator, and iii) rotation: allows the imitator to face the same direction as the demonstrator
by rotating the orientation of the axial frame of the imitator (Frank, 1998; Lopes & Santos-Victor, 2005). In particular, the rotation
angle around the z axis 6, is the angular displacement for the mental rotation from the demonstrator to the imitator’s viewpoint:

@Z = GI—GD (2)

where the rotation is counterclockwise if 0° < 6, < 180, and clockwise if -180° < 6, < 0°, respectively (Fig. 1(d)).

The SPL/IPS network receives as inputs the visuospatial information that encodes i) the kinematics of the demonstrator expressed
in the allocentric frame of reference (i.e., X = [x%°, y“ll"] inputs to SPL/IPS in Fig. 1(b)) and ii) the imitator-demonstrator
viewpoint (i.e., r and ¢ inputs to SPL/IPS in Fig. 1(b)) provided by the MT/MST. The network outputs are the remapped visuospatial
information (i.e., X*° = [x*°, y*°] output of SPL/IPS in Fig. 1(b)) in the imitator’s frame of reference. This network is trained using
supervised learning in which the targets were provided by combining the three transformations mentioned above (translation,
scaling, clockwise/counterclockwise rotation) which were implemented with neural networks previously learned (for details about
the implementation of these four transformation networks, see sections S1 and S2 of the online supplementary material). It must be
noted that although the primitives were learned first, a successful combined learning of the IFG, IPL (see below) and SPL/IPS
networks was not guaranteed and as such this preliminary learning was necessary but not sufficient for acquiring the various sen-
sorimotor transformations learned by the proposed neural model. Such an approach allowed the SPL/IPS network to learn any
configuration of the positions, frames of reference, and viewpoints between the demonstrator and the imitator to remap the vi-
suospatial information related to an observed action from the demonstrator’s allocentric into the imitator’s egocentric frame of
reference. This mapping is the identity during action imitation since the imitator self-observes its own limb motion.

Specifically, this RBF network was trained based on the supervised learning technique proposed by Orr (1998). Forward subset
selection (Miller, 1984) using orthogonal least square (OLS) (Chen, Cowan, & Grant, 1991) was employed to determine an optimal
subset of the available centers. Moreover, generalized cross-validation (GCV) was used to define model selection criterion with
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additional parameters that hold temporarily the selection process to estimate how the trained network performs for unknown inputs
(Golub, Heath, & Wahba, 1979). This learning procedure was initially performed on coarsely spaced RBFs which, through progressive
refinement, identify the best RBF width. Learning stops adding further RBFs when the decreasing ratio of the GCV was less than
1.0 x 10~ * for at least two iterations. The same learning stop criterion was applied for the training of the other neural networks.
Finally, backward elimination is employed to selectively remove less significant RBFs. As such, this network had 4 input neurons
(x%e, yale 1 p); one single hidden layer which was composed of 47 RBF neurons after learning (23 and 24 for the x and y dimension,
respectively) and 2 output neurons (x*°, y*®°) (for more details about the SPL/IPS implementation, see sections S1 and S3 of the
online supplementary material).

The IFG was also implemented by means of a RBF network and encoded an internal inverse model to guide the imitator’s arm and
hand to the target object. This neural network learns the inverse computation of the forward kinematics of the upper extremity which
is described by:

x = Lcos; + Leos(6; + 6,)
y= llsinel + lein(el + 62) (3)

where x and y designate the end-effector position of the imitator, l; and [, are the length of the upper-arm and forearm, respectively,
while 6, and 6, are the shoulder and elbow joint angles, respectively. Therefore, the inverse mapping (fivy) computed by the IFG
network can be described as*:

61, 82) = fisy (5, y5 1, @) )

where x and y designate the desired spatial end-effector position that the imitator aims to reach (in its own frame of reference), where
the angle ¢ is the relative angle from the imitator’s viewpoint to the demonstrator’s workspace where the demonstrator’s end-effector
is placed, and r is the distance to this point from the imitator’s center point (see Eq. (1) and Fig. 1(c)). In addition, the angular velocity
of the end-effector with respect to the imitator’s viewpoint (6;), which is used by the IFG network, was computed to represent the
visual motion information that encodes the perspective by employing the following equations.

¢ = Hlv Gk, 9 lising
Wt ) = cosO; sinf; \(0x/96, 08x/36, \( x
LY = sin 6, cosO; \dy/a6, dy/a6, \¥ )
where v, is the perpendicular component of the motion (angular velocity) with respect to ¢, and II-Il denotes the L?>-norm (for

additional details about the anthropometric data see section S4 of the online Supplementary Material).

The training of the inverse model during the observation and the imitation stages was guided by the predicted and actual end-
effector position, respectively (see Fig. 2(a) and (b)). As such, it is reasonable to consider that the weight of the prediction of the
sensory consequences is more important during the learning of the inverse model in the observation phase since the imitator mentally
simulates the observed action (Case et al., 2015; Hétu et al., 2013). Conversely, during the learning that takes place in the imitation
phase, the visual feedback of the self-executed action has greater influence on the learning of the inverse model. Therefore, to account
for these differences, Eq. (4) was re-written as:

(61, 62) = foy &, ¥, 1, @) (6)

where the input vector (X, ) is the end-effector position represented as follows:

- (1-6)(x, y) + 6 (Xpres ypre),in learning by observation
XY | = S(x, ¥) + (1=0)(Xpres yP,B),in learning by imitation @

The weighting factor § (0.5 < & < 1) ensures that the predicted end-effector positions are preponderant in the absence of per-
ipheral feedback during learning in the observation phase, whereas the role of the visual feedback end-effector positions is em-
phasized during the learning in the imitation phase where the actual action is executed. The predicted spatial end-effector position
(Xpre> Ypre) is generated by the IPL.

As such, the IFG neural network receives visuospatial information inputs composed of a component independent of the per-
spective (i.e., X*%®° = [x*°, y*°] inputs to IFG in Fig. 1(b)) as well as a dependent one (i.e., r and ¢ inputs to IFG in Fig. 1(b)), each
being provided by the SPL/IPS and MT/MST, respectively (X°° is the observed spatial kinematics remapped into the egocentric
imitator’s frame of reference). The output of the IFG network is the motor command (6, = [0;, 82] outputs from IFG in Fig. 1(b))
encoded as the joint angles to produce the action previously observed. Thus, the IFG network had 4 input neurons (x*°, y*°, r, ¢); one
single hidden layer which after learning was composed of 94 RBF neurons (46 and 48 for the shoulder and wrist joint, respectively)
and 2 output neurons (07, 0>). The IFG neural network was trained with the same learning procedure described above as for the SPL/
IPS network (Broomhead & Lowe, 1988a, 1988b; Orr, 1998). The weighting factor was initially set to a high value (e.g., 0.9) and
gradually decreased over time during training, resulting in a prediction error scaled between 0.5 and 1 (for more details about the
implementation of the IFG network, see sections S1 and S5 of the online Supplementary Material).

21t must be noted that r and ¢ represent inputs that allows simulation of the encoding of the view-based information in the frontal MNS.
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Finally, the IPL was implemented with a RBF network in order to encode an internal forward model that computes the mapping
(frwp) that can be described as®:

(xprea ypre) = fFWD (61, 62, 1, (P) 8)

where x,. and y,,. designate the predicted spatial end-effector position (in the imitator’s own frame of reference), the anglegp is the
relative angle from the imitator’s viewpoint to the demonstrator’s workspace where the demonstrator’s end-effector is placed, and r is
the distance to this point from the imitator’s center point (see Eq. (1) and Fig. 1(c)). As such, the IPL network receives as inputs a copy
of the neural commands (copy of efference) that encode the joint kinematics® (i.e., 6, = [0;, 62] inputs to IPL in Fig. 1(b)) as well as
visuospatial information input (i.e., r and ¢ inputs to IPL in Fig. 1(b)) that dependent of the viewpoint, each being provided by the
IFG and MT/MST, respectively. The outputs of the IPL network are the predicted spatial end-effector positions (Xpre = [Xpre; Yprel
outputs from IPL in Fig. 1(b)) that mimic the sensory consequence of the neural commands generated to produce covertly or actually
the action previously observed. Thus, the IPL network had 4 input neurons (61, 02, , @); one single hidden layer which, after learning
was composed of 53 RBF neurons (27 and 26 for the x and y dimension, respectively) and 2 output neurons (Xpre, Ypre)- Like for the
SPL/IPS and the IFG networks, the IPL network was trained with the learning procedure previously described (Broomhead & Lowe,
1988a; Broomhead & Lowe, 1988b; Orr, 1998; for further details about the IPL network implementation, see sections S1 and S6 of the
online Supplementary Material).

2.5. Learning by the SPL/IPS, IFG and IPL networks

Learning by the three neural networks SPL/IPS, IFG and IPL was systematically conducted through a two-phase observation-
imitation cycle. This learning strategy is ecologically valid since it is reasonable to expect that an action will be observed first (i.e.,
learning by observation) before it is actually performed with the intent to reproduce it (i.e., learning by imitation). Generally, the
same process needs to be repeated several times for complete acquisition of a skilled action. As such, the SPL/IPS and IFG are trained
during a learning by observation phase (Fig. 2(a)), whereas both the IFG and IPL are trained during the action imitation stage
(Fig. 2(b)). Moreover, contrary to various existing neural models of human motor behavior where each network is trained separately,
here an online updating method is employed so that the three neural networks learn together. The online method updates all the
neural weights sequentially (SPL/IPS followed by the IFG, followed by the IPL, and then IFG again) by employing the corresponding
errors computed for each step. This is repeated until all three networks are completely trained. Such a learning strategy is more
realistic than training separately the SPL/IPS, IPL and IFG networks since it simulates the interactions between these three neural
components. The learning stage uses continuous iterations of two-phase learning via the observation-imitation cycle (for more details
about the error signals that drive the learning of each network, see Fig. 2).

2.6. Model performance assessment

A simple geometrical model of the arm having two degrees of freedom was used to perform horizontal reaching task in a 2D
workspace. The task was performed under nine conditions that are described in the Cartesian plane by a combination of three
distances (near (1.50 m), middle (2.50 m), and far (3.50 m), along a depth axis) and three lateral positions (left (—45 cm), center (0
cm), and right (+45 cm)) which represent the demonstrator’s relative position with respect to the position and viewpoint of the
imitator (Fig. 1(e)). This was done by simulating a simple environment where the distances and lateral positions of the demonstrator
were changed by modifying the Cartesian position of the demonstrator with respect to the imitator which remained at the same
position defined as the coordinate of origin (0, 0) of this environment.

Moreover, for more realistic conditions, depth perception was implemented to allow the imitator to perceive a smaller size of the
demonstrator when it is farther away. The imitator’s depth perception ratios were 97%, 95%, and 93% of the demonstrator’s original
body size for the near, middle, and far conditions, respectively. For all conditions, the imitator performs the reaching action through
one observation-imitation cycle while facing the demonstrator. Thus for each given condition, two tests are performed which cor-
respond to observing and imitating the demonstrator’s action. A vector-integration-to-endpoint (VITE) model is used to generate the
demonstrated trajectories for each action (duration: 1.5 s; sampling rate: 128 Hz; Bullock, Bongers, Lankhorst, & Beek, 1999; Bullock
& Grossberg, 1988).

After training the MNS model performance was assessed by considering: i) the learning curves produced by each network along with
the associated magnitude of errors, and ii) both process (e.g., spatial and joint kinematics of the effector) and outcome (e.g., processing
time during visuospatial transformation) measures as well as the distribution of the synaptic activity. First, the learning performance of
the networks was assessed through their learning curves expressed as the changes in mean squared error (MSE) for the OLS and GCV
methods for each condition. In addition, since the computation of the root-mean-square error (RMSE) is a usual metric to assess and
compare human performance under various conditions, it was employed to assess the performance of the neural model (Buch, Young, &
Contreras-Vidal, 2003; Gentili, Bradberry, Oh, Hatfield, & Contreras-Vidal, 2011; Gentili et al., 2015; Kagerer, Contreras-Vidal, &
Stelmach, 1997). Namely, the networks’ performance was assessed by computing the RMSE between the imitator’s arm end-position in
the imitator egocentric frame of reference (after remapping by the neural network) and the expected imitator arm’s end-position which

31t must be noted that r and ¢ are used as inputs to simulate the encoding of the view-based information in the parietal MNS.
“ Note that the joint kinematics are in essence encoded in the imitator’s egocentric frame of reference and thus are independent of perspective.
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would be performed if this remapping was perfect (i.e., the desired end-position to be reached obtained via the exact transformation). In
particular, during the observation phase the RMSE was computed between these desired end-positions and the predicted imitator’s arm
end-positions (output of the internal forward model). During the imitation phase, the same computation was implemented the only
difference was that the actual imitator’s arm end-positions were employed instead of the predicted ones.

Second, the quality of action imitation was tested by assessing planar arm reaching movements where the demonstrator-imitator
viewpoint was manipulated. Specifically, the kinematics including the displacement and velocity for both the end-effector and the
two joints of the upper-extremity were analyzed. In order to test the neural model’s visuospatial transformation capabilities, ex-
ecution of mental rotations was performed under various conditions that consisted of manipulating the position of the demonstrator
to change the viewpoint of the observed scene. Namely, such assessment included clockwise and counterclockwise rotations as well as
scaling and translation transformations, although the assessment of the last two was emphasized less. In particular, mental rotation
capabilities of the SPL/IPS were examined by measuring the relationship between the rotation angle and the response (or processing)
time,” which was defined as the duration for the network to successfully transform the observed action from the allocentric into the
imitator’s egocentric frame of reference.

Lastly, the neural dynamics of the three networks was investigated by computing their local mean synaptic activity where positive
and negative activity corresponded to excitatory and inhibitory synaptic activity, respectively. For these three neural networks, each
representing a brain region, the mean synaptic activity during the action was computed assuming that each network node would
reflect a subpopulation of neurons rather than a single neuron. As such, the obtained mean synaptic activity represented the regional
mean neural population activity (or local-field potential) (David & Friston, 2003; Jansen & Rit, 1995). In addition, an index of
dissimilarity was computed to compare the similarity between two matrices of synaptic activity using the covariance matrix distance
which was proposed based on the correlation matrix. The covariance matrix distance metric ranges from 0 to 1, indicating that two
matrices of synaptic activity are completely different or very similar, respectively (Herdin, Czink, Ozcelik & Bonek, 2005) (for further
details about the computation of the synaptic activity and of the dissimilarity index, see sections S7 and S8 of the online
Supplementary Material, respectively).

3. Results

Overall, the findings revealed that after learning, the SPL/IPS, the IFG and the IPL successfully encoded the visuospatial trans-
formation, and the inverse and forward models, respectively. The acquisition of sensorimotor transformations allowed the neural
model to perform action observation/imitation independently of the differences in distance, anthropometry and viewpoints between
the demonstrator and the imitator. Specifically the results include, i) the imitator was able to accurately imitate the action previously
shown by the demonstrator while generating kinematics similar to those observed in humans; ii) the model predicts that during
observation/imitation the response time to perform mental rotation from various differing viewpoints processed by the SPL/IPS
regions was independent of the direction (i.e., clockwise or counterclockwise) of a given angle but dependent on the amount of
rotation observed; iii) the network’s synaptic activity in the frontal and parietal MNS was similar during both observation and
imitation (under the same conditions) while also revealing in the frontal MNS the emergence of both view-independent and view-
dependent representations of observed actions and iv) the model predicts that IPL includes essentially view-independent neurons
whereas SPL/IPS embeds both view-independent and view-dependent neurons. The findings (i, iii) are in agreement with behavioral
and neurophysiological studies, respectively while the results (ii, iv) provide behavioral and neurophysiological predictions that
could be empirically tested. For brevity, only three conditions (left-middle, center-middle, and right-middle) are described in detail
below, but very similar findings were obtained for the other six conditions.

3.1. Performance throughout learning

After learning, the three neural network components (SPL/IPS, IFG and IPL) successfully encoded their respective sensorimotor
mappings (Fig. 3). Interestingly, the IPL tended to be acquired faster than the IFG (compare light gray and dark gray curves, re-
spectively) independently of the testing conditions. Overall the MSEs were small (<1.63 x 10~ 2) across conditions. During the early
learning stages an initial peak was occasionally observed (e.g., see the SPL/IPS learning curve in the middle panel of Fig. 3). This was
likely due to two reasons. First, the learning method employed here (OLS, GCV) adds a new hidden node during each iteration,
resulting in an adjustment of all the network parameters. Second, the concomitant learning of the three networks can lead to the
propagation of erroneous output from a given network to the others during the early stage of learning, resulting in the observed initial
increase of error in the learning curve. As the three networks learn further such a peak vanishes.

3.2. Performance after learning
Independently of differences in orientation, distance and anthropometry between the imitator and demonstrator, the neural

model was able to reproduce accurately the action (i.e., typical spatial trajectories, displacements and velocity profiles) previously
observed (Fig. 4).

S Under the assumption that the processing time is linearly proportional to the behavioral reaction time, this metric can be related to the reaction
time measured at the behavioral level.
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Fig. 3. Learning curve expressed as the average of OLS and GVC values for the three neural networks (SPL/IPS, IFG and IPL) during learning with an
online updating method. The learning curves for SPL/IPS, IFG and IPL are represented in black, dark-gray and light-gray, respectively. The results
for the left-middle, center-middle and right-middle imitator position are depicted in the left, center and right panels.

3.2.1. Behavioral performance

During both action observation and imitation, the mean values and standard deviations of the RMSE were obtained in the left-
middle, center-middle, and right-middle conditions. Overall, the RMSE were similar in action observation and imitation across testing
conditions (the difference of mean RMSE for observation and imitation was <1.1 mm which is <0.39% of the length of the imitator’s
limb; all conditions considered).
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Fig. 4. Demonstrated and imitated hand/arm kinematics executed from three different viewpoints (imitator’s left, center and right). Displacement
and velocity profiles of the demonstrated and imitated actions to targets in both spatial and joint coordinates. The gray and black lines represent the
predicted and actual kinematics during action observation and imitation, respectively. For the spatial displacement and velocity, the solid and
dashed lines represent the x and y dimension, respectively. For the joint displacement and velocity, the solid and dashed lines represent the shoulder
and elbow joint, respectively. Ox and Oy: spatial kinematics during action observation on the x and y dimension, respectively. Ix and Iy: spatial
kinematics during action imitation on the x and y dimension, respectively. 08; and 08, joint kinematics for the joint 8; and 6, during action
observation. 16, and I8, joint kinematics for the joint 8; and 6, during action imitation. The spatial displacements are in meter while the joint
displacements are in degree.
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Such low RMSE values resulted in similar spatial and joint kinematics for both observed and imitated actions while also being
comparable to those previously observed in humans. Namely, after learning the obtained typical kinematics generally revealed
sigmoid shape displacements and bell-shaped symmetrical velocity profiles as experimentally observed in human (Abend, Bizzi, &
Morasso, 1982; Gentili, Cahouet, & Papaxanthis, 2007; Gordon, Ghilardi, & Ghez, 1994; Molina-Vilaplana & Coronado, 2006;
Morasso, 1981).

However, occasionally displacements and velocity profiles generated by the imitator included small additional peaks or at least
some modulations. Those are due to the visual feedback used by the imitator to regulate its imitation performance to reproduce as
well as possible the action previously observed. Such a feature was not preprogrammed per se but was an emergent property resulting
from the two-phase observation-imitation cycle on which the neural model was trained (Fig. 4).

SPL/IPS performance was assessed by computing the response time required to complete the visuospatial transformations be-
tween various viewpoints during action observation. Since this transformation included rotation, translation, and scaling, the re-
sponse times reflect the duration that the SPL/IPS needed to complete these operations. The model predicts that the normalized
response time to transform the observed action was: i) independent of the direction of rotation (i.e., clockwise or counterclockwise)
for a given angle, and ii) monotonically increasing in a linear fashion as a function of the amount of the rotation angle at which the
action is perceived. For the special case of 0°, the SPL/IPS performs only translation and scaling, and for the other special case of 180°,
it uses counterclockwise rotation (Fig. 5).

3.2.2. Network synaptic activity change

The neural activity of the SPL/IPS, IPL and IFG networks was computed under various conditions of distances and viewpoints. As
hypothesized, the neural activities of each network were comparable (under the same conditions) for both observation and imitation
learning independently of the distance and viewpoint from which the reaching movement was observed and subsequently imitated.

The findings reveal that the neural activity of both excitatory and inhibitory synapses were very similar to visual inspection for
both action observation and imitation (Fig. 6(a)—(b)). The synaptic patterns of the IPL were the same regardless of the testing
conditions whereas those generated by the SPL/IPS and IFG had slightly different patterns in each condition. More quantitatively, the
results revealed that the dissimilarity of the average synaptic activity of each neural network were comparable during action ob-
servation and imitation across the assessment conditions. Such similar patterns of mean synaptic activity between action observation
and imitation is important since it is consistent with the well-established observation that the MNS activity is similar during ob-
servation and execution of the same action (Arnstein, Cui, Keysers, Maurits, & Gazzola, 2011; Gazzola & Keysers, 2009; Grezes,
Armony, Rowe, & Passingham, 2003; Turella, Erb, Grodd, & Castiello, 2009). Although the IFG reveals slight differences in the mean
synaptic activity, such a discrepancy is still very small (<2.19 X 10~ 7 Arbitrary Unit (AU)).

Thus, overall the results revealed that all three brain regions are similarly activated during action observation and imitation
(Fig. 6(c)). Moreover, on average the IFG revealed the presence of view-dependent (87%) and view-independent (13%) neurons that
are reminiscent of view-based mirror neuron responses found in primates since their responses were dependent and independent of
the perspective from which the action was perceived during action observation/imitation, respectively (Caggiano et al., 2011;
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Fig. 5. Response time as a function of the rotation angle when the demonstrator and imitator are aligned on the vertical axis in the middle position.
The rotation angle ranges from 0° (both demonstrator and imitator have the same orientation) to 180° (both demonstrator and imitator face each
other). For a given angle between 0° and 180°, the simulated normalized response time was obtained for both the clockwise (red) and counter-
clockwise (blue) rotations. The mean and the standard deviations were calculated on 25 trials for each case. AU: Arbitrary Unit; (for interpretation of
the references to color in this figure legend, the reader is referred to the web version of this article).
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Fig. 6. (a-b) Mean synaptic activity for the SPL/IPS, IFG and IPL neural networks during action observation (a) and imitation (b). (c) Index of
dissimilarity to assess more quantitatively the discrepancy of the mean synaptic activity between observation and imitation for the three neural
networks. (d) Proportion of view-dependent (solid color portion of the bar) and view-independent (non-solid color portion of the bar) neural
populations based on the mean synaptic activity patterns for the three neural networks. In panels (c-d) the gray and black fill represent action
observation and imitation, respectively. For visualization, the mean synaptic activity of the RBF neurons are depicted in a 2D space (which represent
the X X Y Cartesian space for both the SPL/IPS and IPL networks and represent the 6; X 6 joint space for the IFG where 6, and 6, are the shoulder
and elbow joints). The mean synaptic activity is normalized to be scaled from —1 (blue) to 1 (yellow) (for interpretation of the references to color in
this figure legend, the reader is referred to the web version of this article).

Caggiano et al., 2015). Importantly, the model predicts that the IPL would be mainly view-independent (i.e., 100%) while SPL/IPS
would include both view-dependent (82.15%) and view-independent (17.85%) (Fig. 6(d)). Similar results were obtained for the six
other experimental conditions.

4. Discussion

We have studied an adaptive neural architecture inspired by the organization and dynamics of the fronto-parietal network that
learns to mimic the functional roles of the i) frontal MNS (IFG; inverse computation), ii) parietal MNS (IPL; sensorimotor predictions),
and iii) parietal networks IPS/SPL. These latter brain regions support the observation and imitation functionalities of the MNS by
performing visuospatial transformations such as rotations. Our neural model exhibited robust and accurate observation/imitation
learning capabilities that involved reaching-grasping actions, and did so with similar hand/arm kinematics to those generated by the
demonstrator, regardless of the demonstrator-imitator hand/arm viewpoint, distance or anthropometry. Critically, our model pre-
dicts that response time increases linearly (i.e., duration of the transformation in SPL/IPS) as the rotation angle of the observed action
increases and that those changes in response time are similar when this rotation angle has a counterclockwise or a clockwise di-
rection. This is an important emergent property of our neural model which could be experimentally tested by asking individuals to
imitate reaching movements from various perspectives and measuring the response/reaction time.
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Moreover, the synaptic patterns were similar in the frontal and parietal MNS during both action observation and imitation along
with the emergence of both view-independent and view-dependent fronto-parietal network neurons in the macaque monkeys that are
reminiscent of the actual view-based mirror neurons. This was not preprogrammed per se but is also an emergent feature of our neural
model which is critical since it is consistent with i) the well-established notion that MNS activity is similar during observation and
execution of the same action (Arnstein et al., 2011; Gazzola & Keysers, 2009; Grézes et al., 2003; Turella et al., 2009) and ii) the
identification of view-based mirror neurons in primates (Caggiano et al., 2011). More importantly, beyond replicating the ratio
between view-independent and view-dependent neurons in IFG, the neural model predicts that IPL and SPL/IPS would mainly include
view-independent and view-dependent neurons, respectively. This could also be examined by assessing the neural activity in these
regions during action observation/imitation.

Overall, our neural model captures fronto-parietal computational mechanisms that learn to encode both sensorimotor and view-
based internal representations. These representations enable visuomotor processing and serve as the basis for generating accurate
neural commands and sensory estimates while imitating relatively fine motor skills where the observed arm and hand during the
reach-to-grasp action have different geometrical features (e.g., orientations and size). Our model thus reproduces major behavioral
and neurophysiological findings from prior relevant studies as well as generates behavioral and neurophysiological testable pre-
dictions in an observation/imitation context.

4.1. Visuospatial transformation as a support system for the fronto-parietal MNS

The visuospatial transformation processes involved during motor actions have been postulated to be implemented in the SPL/IPS
based on past empirical studies (Andersen, 1987; Buneo & Andersen, 2006; Grefkes & Fink, 2005; Hesse, Sparing, & Fink, 2009;
Oosterhof et al., 2012; Rizzolatti et al., 1998; Shmuelof & Zohary, 2008; Zacks, 2008). Our work here expands this notion to the MNS
context by hypothesizing that the SPL/IPS performs an allocentric-to-egocentric transformation of observed actions, and sends these
egocentrically-represented actions to the frontal MNS to prepare the corresponding neural commands (i.e., visual-to-motor trans-
formation). Therefore, our neural model suggests that the IPS/SPL regions would be a critical part of the computational mechanisms
described below that enable robust action observation and imitation. First, during action observation, the IPS/SPL regions would
remap the visual inputs encoding a given observed action from an allocentric into an egocentric frame of reference. Once such a
transformation is complete, an action that was initially observed from different perspectives is now encoded as the same action with a
unique spatial orientation in the egocentric frame of reference of the imitator, independently of the viewpoint, anthropometry and
distance between the imitator and demonstrator. Then, such a remapped action is provided to the IFG where it is encoded as the
desired action to be overtly or covertly executed by computing the corresponding neural drives, regardless of the imitator-demon-
strator visuospatial configurations. If the action is just observed, such a desired action is covertly executed by blocking the neural
drive, whereas a copy of efference can still be sent to the IPL (forward model) to predict the sensory consequences that in turn are sent
back to the IFG (inverse model) to refine the neural commands (i.e., simulation of action via fronto-parietal loops) (Crevecoeur,
Thonnard, & Leféevre, 2009; Gueugneau et al., 2015; Molina-Vilaplana & Coronado, 2006; Molina-Vilaplana et al., 2007). If the action
is imitated, the entire process is the same, the only difference being that the neural drive is released to produce the actual action (i.e.,
overt execution). Note that the visuospatial transformation is part of sequential computational mechanisms which first involves the
MT/MST region, which sends its computations to the parietal regions SPL/IPS and IPL, both in turn sending their outputs (remapping
and sensorimotor predictions, respectively) to the IFG. The latter contributes to generating the neural drive. Interestingly, such
sequential computational mechanisms are in agreement with the sequential engagement of similar cortical regions identified by
Nishitani and colleagues during action observation and imitation. These also reinforce the biological relevance of this neural model
(Nishitani & Hari, 2000, 2002).

As such, the overall computational mechanisms, and in particular those underlying the parietal visuospatial transformation,
provide a coherent process whose components are similarly engaged during both action observation and imitation. As a result, the
imitator can mimic the same action previously observed form various perspectives while producing similar kinematics. Occasionally
some of these imitated kinematics reveal fairly slight discrepancies with observed ones since the imitator can regulate via visual
feedback the overt imitation of the action previously observed. This was a characteristic not explicitly preprogrammed into our model
that emerged as a result of the observation-imitation cycle employed to train it. During training the IFG and IPL acquired successfully
their respective mappings to generate the imitated reaching action. However, their interactions can still result in the accumulation of
small errors due to their respective residual learning errors. Thus, when generating the neural drive (feedforward control) such IFG-
IPL interactions may produce occasional small discrepancies between portions of the demonstrated and imitated action which are
naturally corrected using peripheral feedback (i.e., feedback control). While providing additional training and/or changing its im-
plementation may minimize such discrepancies, here we aimed to simulate a model combining observation and imitation through
multiple neural networks and not necessarily to obtain an extremely high accuracy performance such as that which would be required
for engineering applications.

The parietal visuospatial transformation processes in our neural architecture were implemented in the SPL/IPS which, after
learning, was able to perform clockwise and counterclockwise rotations as well as translation and scaling. Specifically, during action
observation/imitation our model predicts i) similar response time when performing both counterclockwise and clockwise rotations,
and ii) a linear increase in such response time as the magnitude of the rotation angle (of the observed action) increases. These findings
suggest that complex mental rotations require more processing time before reaching the MNS and that the SPL/IPS processing time
increases linearly with respect to the view angle. This is in agreement with the general framework of the neural simulation of action
theory, and extends such mental rotation mechanisms from the cognitive to the cognitive-motor domain (Jeannerod, 2001). While
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similar behavioral results were obtained during purely cognitive tasks such as mental rotations (Bock & Dalecki, 2015; Dalecki,
Hoffmann, & Bock, 2012; Schwabe, Lenggenhager, & Blanke, 2009), as far as we know these results were not extended to a context of
action observation/imitation. Our model predicts that similar neural processes would be employed during action observation and
imitation under various viewpoints potentially extending those mental rotation mechanisms from a purely cognitive domain to the
cognitive-motor domain. This prediction could be empirically tested by asking individuals to imitate a simple reaching movement
from various perspectives and measuring their response times.

Therefore, our work suggests that the visuospatial transformation mechanisms embedded in SPL/IPS play a critical role during
action observation and imitation by taking into account visuospatial constraints and enabling thus the flexible and robust observation
and imitation functionalities of the MNS. Such accuracy, flexibility and robustness in these mechanisms may be particularly critical
for fine motor skills such as accurate reaching to grasp a target object while maintaining performance under a variety of conditions.
Importantly, it provides a single coherent mechanism that is able to process both the actions of others as well as one’s own actions in a
common frame of reference. This occurs independently of the imitator-demonstrator visuospatial discrepancies during action ob-
servation and imitation, and provides behavioral flexibility and robustness, both of which are critical features of the human motor
repertoire.

4.2. Fronto-parietal MNS and its neural dynamics

The bidirectional fronto-parietal MNS circuit (i.e., a loop via pairs of inverse-forward models) is another important feature of our
model since it allows a coherent computational process during both observation (action inhibition and use of the efference copy) and
imitation (release of neural drives for execution of the actual action). Thus, the fronto-parietal MNS circuits can mimic synaptic
patterns that are consistent, both in terms of the network output and synaptic activity, with the IFG and IPL dynamics observed
during action observation and imitation. This is in agreement with prior work that demonstrated similar neural activity in the frontal
and parietal MNS during action observation and imitation (Arnstein et al., 2011; Gazzola & Keysers, 2009; Grezes et al., 2003; Turella
et al., 2009). The slightly higher IFG activity during imitation relative to observation of actions along with similar activity in the
parietal networks (SPL/IPS and IPL) is also consistent with prior work, although such an observation-imitation discrepancy observed
in IFG was very small (Nishitani & Hari, 2002). Our results reinforce the previous idea that the bidirectional fronto-parietal networks
are engaged not only in mental simulation during self-intended actions where both imagined and actual movements are known to
exhibit similar behavioral and neural patterns (Gentili, Oh et al., 2015; Gentili & Papaxanthis, 2015; Gentili et al., 2016; Gueugneau
et al., 2015; Guillot, Di Rienzo, Macintyre, Moran, & Collet, 2012; Hétu et al., 2013), but also during action observation/imitation
which leads to similar frontal and parietal MNS activity during both observation and imitation of the same action (Jeannerod, 2001,
2006; Vogt & Thomaschke, 2007). Thus our work supports the idea that motor imagery and action observation share, to some extent,
common cognitive-motor mechanisms, such as the pairing of inverse-forward computations, action inhibition and efference copy
(Gentili, Oh et al., 2015; Gentili et al., 2016; Gueugneau et al., 2015; Gueugneau et al., 2016; Hétu et al., 2013; Jeannerod, 2001,
Vogt & Thomaschke, 2007).

Moreover, our model suggests that the visuospatial transformation mechanisms embedded in the SPL/IPS allow the emergence of
view-independent neural populations that contribute to computing the neural drive needed to accurately guide the hand to reach and
grasp the target object as observed earlier under various viewpoints. Thus, these view-independent neural populations would activate
regardless of the perspective from which the action was initially perceived. Such mechanisms could explain findings from prior
studies conducted in primates that suggest the existence of view-independent F5 mirror neurons that fire with a similar pattern
independently of the demonstrator’s position during hand grasping (Caggiano et al., 2011; Caggiano et al., 2015; Craighero, Metta,
Sandini, & Fadiga, 2007; Gallese et al., 1996). Also, the presence of view-dependent neural populations in IFG is somewhat consistent
with empirical work where neurons with similar features were identified in the F5 area of monkeys (Caggiano et al., 2011; Caggiano
et al., 2015). Critically, our model predicts that IPL mainly includes view-independent neurons whereas SPL/IPS would embed both
view-independent and view-dependent neurons (likely due to visual motion processing of the observed action of the hand/arm via
the MT/MST). This could also be empirically assessed by examining the neural activity in these specific brain regions during action
observation/imitation.

Such view-dependent and view-independent neural populations were not preprogrammed into our model, but are an emergent
property that results from modeling the computational mechanisms embedded in SPL/IPS and MT/MST. While the IFG, IPL and SPL/
IPS were modeled based on empirical evidence and the ratio between view-independent and view-dependent neurons simulated in
IFG is similar to that obtained by Caggiano and colleagues during hand grasping (simulated vs empirical VI/VD ratio: 13/87% vs. 26/
74%), likely the addition of architectural constraints and brain regions in the model could refine these results (Caggiano et al., 2011).
Moreover, although those synaptic patterns can reproduce similar fronto-parietal dynamics in observation/imitation and view-based
neural activities can be observed, our MNS model simulates human brain networks' synaptic activity, whereas most past empirical
data were obtained from nonhuman primates and while existing human data were obtained via EEG/MEG and fMR], limiting thus the
possibilities for making direct comparisons and/or predictions.

4.3. Comparison to other MNS models
The most important difference between our neural model and other existing MNS models is the modeling of a visuospatial
transformation remapping mechanism. In particular, we hypothesize that this transformation system is embedded in the SPL/IPS to

support the MNS by providing view-independent representations of observed actions through the fronto-parietal network. As such,
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the present work complements previously proposed MNS models, which have not taken into account neural components that learn
visuospatial transformations between the demonstrator and the imitator (Bonaiuto & Arbib, 2010; Bonaiuto et al., 2007; Demiris &
Hayes, 2002; Demiris & Johnson, 2003; Oztop & Arbib, 2002; Oztop et al., 2005). Another difference is that while our neural model
shares with other past MNS modeling efforts an internal model framework, the network structures involved and their functional roles
are different. Specifically, Demiris and Hayes (2002), Demiris and Johnson (2003) as well as Tani, Ito, and Sugita (2004) have
proposed approaches that are similar to ours in that they combine inverse and forward models. However, while these past studies
focused on learning new behaviors to classify observed actions, ours examines the functional role of visuospatial transformation
systems as well as MNS activities under various viewpoints during learning by observation and imitation. Furthermore, while a self-
organized map was employed to encode the distributed representation of actions in Tani’s model (2004), here the RBF network was
used to implement a regional representation of actions. However, recent work on self-organizing maps could provide a basis on which
the current model could be modified to include self-organizing maps (Huang, Gentili, Katz, & Reggia, 2016; Huang, Gentili, & Reggia,
2015a, 2015b).

Another important distinguishing feature of our model is the original learning strategy which employs online learning while
combining both observation and imitation. Such a learning procedure enhances the ecological validity of our approach, since when
considering humans: i) the notion that both inverse and forward computations would be learned together rather than sequentially
(forward then inverse) as in prior modeling works, is more realistic, and ii) typically the imitator will first observe the action shown
by a demonstrator and then will subsequently attempt to reproduce it. Interestingly, our learning scheme resulted in three emergent
behaviors that are consistent with earlier studies: i) even an imperfect forward model can train an inverse model (Jordan &
Rumelhart, 1992); ii) the forward model tends to be learned earlier than the inverse model, in agreement with the idea that pre-
diction precedes control (Flanagan, Vetter, Johansson, & Wolpert, 2003), and iii) both internal and peripheral feedback are employed
to regulate actions (Crevecoeur, Munoz, & Scott, 2016; Crevecoeur & Scott, 2014; Desmurget & Grafton, 2000; Molina-Vilaplana &
Coronado, 2006; Molina-Vilaplana et al., 2007). However, our neural model was trained with a supervised learning method, which
has limited biological validity compared to unsupervised and reinforcement learning due to the absence of any known physiological
mechanisms for rapid non-local backpropagation transport of error signals between synapses (Harris, 2008).

Other interesting MNS models have been developed to emphasize specifically grasp-related mirror neuron activity (Oztop &
Arbib, 2002) and to infer the mental states of demonstrators during action observation (Oztop et al., 2005). In their work, Oztop et al.
(2005) strongly emphasized the functional role of the PFC in inferring others’ mental states (or intentions) when they perform an
action, whereas our model mainly uses the rPFC for inhibiting the neural commands and control switching of the visuospatial
processes. The model of SPL/IPS-MNS circuits proposed here could complement the mental states inference model in which the
intention or goal of action is assumed to be represented in a view-independent manner (Carr et al., 2003; Fogassi et al., 2005).

Until now, only a few computational MNS studies have accounted, to various extents, for viewpoint transformation of observed
actions. For instance, Lopes and Santos-Victor (2005) proposed a computational model combining the visuomotor map (i.e., F5
mirror neurons) and viewpoint transformation for learning by imitation. However, their viewpoint transformation model is im-
plemented by a pure transformation matrix without any biological relevance or sensorimotor learning processes. More recently, Arie
and colleagues (Arie et al., 2012) proposed a MNS model where novel actions could be successfully imitated by employing a unified
intentional representation via the MNS even when observed and self-generated actions differed. However, their findings also revealed
that their neural model was able to process angular changes between the imitator and the demonstrator only in a very limited range
( £ 15°). In contrast our model of SPL/IPS regions processes arny angular variations. Thus, our model complements prior MNS models
by incorporating a robust visuospatial transformation system that processes the demonstrator-imitator frame of reference remapping,
leading to learning by observation/imitation regardless of visuospatial constraints. In addition, prior modeling work relevant to this
study has proposed neurocomputational mechanisms to implement viewpoint transformations (Sauser & Billard, 2005a, 2005b, 2007;
Fleischer et al., 2013). Our model complements these prior efforts by examining the relationships between the mechanisms un-
derlying the transformation of the frame of reference and the fronto-parietal MNS, informing thus the interactions between visual
processing of actions and motor representations during action observation/imitation. In particular, our model allows for examining
the emergence of view-based representations in the frontal-parietal MNS and the parietal regions during learning that may embed
viewpoint transformation processes. Although these previous models employ a different approach they are also compatible. For
instance, the model proposed by Sauser and Billard that has simulated a 3D viewpoint transformation via a population vector in the
STS (Sauser & Billard, 2005a, 2005b, 2007) could be employed to extend our neural model where the STS does not include such a
feature.

4.4. Limitations and future work

Although our neural model contributes to understanding the underlying fronto-parietal dynamics during action observation and
imitation, it has several limitations that could be addressed in the future. First, the implementations of the PFC and STS could be
expanded to allow further exploration of the intention encoding that underlies observed actions and more generally to examine the
role of executive functions in adaptive human motor behavior. Second, the synaptic activity computed for each network only allowed
a limited assessment of the view-based neurons which could be further examined by considering more advanced computational
processing, such as synthetic neuroimaging, permitting a better comparison with human data. Third, due to a prohibitive compu-
tational cost, the environment had to be subdivided into smaller local workspaces to train online the three neural networks. However,
a single neural network for each of the SPL/IPS, IFG and IPL could learn the entire environment if more computational resources are
available in the future. Future work could also expand the model’s ability to support 3D actions although it has been suggested that
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the recognition of goal-directed actions and visual tuning properties are based on learned view-specific neural representations
without the need for an accurate reconstruction of the 3D structure of the effector and thus may be mainly based on 2D views (Wu &
Huang, 1999; Erol, Bebis, Nicolescu, Boyle, & Twombly, 2005; Fleischer et al., 2013). Fourth, other neural elements not currently
modeled, such as the canonical neurons system that have mirror-like neuron properties could also be included to implement object
manipulations during action imitation (Grézes et al., 2003). In the same vein, although the hypothesized functions of the neural
regions considered here were modeled based on strong experimental evidence, various alternative hypotheses regarding their
functional role as well as further architectural constraints could be tested in the future.

Also, due to complex dynamics resulting from the simultaneous learning of the SPL/IPS, IFG, and IPL networks, supervised
learning was employed to allow us to achieve training more efficiently while mitigating computational complexity. However, such
supervised learning techniques (as are used in most of the currently available MNS models) are less biologically valid than un-
supervised and reinforcement learning methods since there is no known physiological mechanism for rapid non-local back-
propagation transport of error signals between synapses (Harris, 2008). In the same vein, although consideration of having the SPL/
IPS regions implemented with four primitive networks to perform various transformations was guided by neurophysiological human
evidence, the learning approach, which consisted of learning first these primitive networks followed by the training of SPL/IPS, IFG,
and IPL networks, may not be biologically plausible since likely all of these networks are learned altogether. Future work could
consider alternative learning approaches (e.g., unsupervised and/or reinforcement learning; learning of the SPL/IPS network pri-
mitives directly with IFG and IPL) to further increase the validity of the proposed model (Han, 2009; Han et al., 2008; Huang et al.,
2015; Huang et al., 2016). Potential future directions also include additional assessment of our neural model by employing a hu-
manoid robotic system to further test the critical components of this model in a physically realistic environment. Overall, this work
aims to contribute to developing a computational platform for studying human adaptive cognitive-motor control (e.g., action ob-
servation and imitation, motor imagery, executive functioning) as well as to developing applications relevant to human-robot in-
teractions in a real-world environment.
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