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ARTICLE INFO ABSTRACT

Keywords: Action representation and the sharing of feature coding within the Action Observation Network (AON) remain
Action representation debated, and our understanding of how the brain consistently encodes action features across sensory modalities
fMRI

under variable, naturalistic conditions is still limited. Here, we introduce a theoretically-based taxonomic model
of action representation that categorizes action-related features into six conceptual domains: Space, Effector,
Agent & Object, Social, Emotion, and Linguistic. We assessed the predictive power of this model on human brain
activity by acquiring functional MRI (fMRI) data from participants exposed to audiovisual, visual-only, or
auditory-only versions of the same naturalistic movie. Using a multi-voxel encoding analysis and variance
partitioning, we demonstrated that our model significantly predicts cortical activity within the AON, with a
comparable effect size across modalities. The Effector and Social domains contributed most to the model pre-
dictions and domain-specific representations were largely stable across sensory modalities. This study elucidates
how the human brain robustly encodes action-related information across different sensory modalities, revealing
that certain action domains have a stronger influence on neural representation in a modality-general manner.
Overall, this research enhances our understanding of how the brain integrates complex action information from
multiple sensory inputs, offering insights into the generalized nature of action representation in human cognition
and paving the way for further exploration into multisensory integration.

Canonical correlation analysis
Naturalistic stimulation
Sensory modality

1. Introduction human brain, each contributing unique insights into the cognitive and

neural mechanisms involved. Evidence suggests that the human brain

Action processing in neuroscience explores how the brain encodes,
processes, and retrieves information related to actions (Grafton and
Hamilton, 2007; Kilner, 2011; Giese and Rizzolatti, 2015). In the last
decades, particular interest has arisen around the role of the so-called
action representation or action observation network (AON) which is
believed to play a crucial role in understanding and interpreting
observed actions (Decety and Grezes, 1999; Gallese et al., 1996; Rizzo-
latti and Craighero, 2004). This network spans a wide extent of the
cortical mantle and comprises distant, yet functionally interconnected
regions, extending from the inferior ventral and dorsal premotor cortex
(vPMC and dPMC) to the bilateral occipitotemporal (LOTC) and the
parietal cortices.

Various theoretical frameworks have been proposed in the literature
to explain the mechanisms underlying action representation in the
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encodes the specific features contributing to action recognition (e.g.,
kinematics, object-centered goals, motor acts) through a hierarchical
and distributed organization (Grafton and Hamilton, 2007; Kilner,
2011). This existing literature has primarily explored the representation
of distinct sets of features - e.g., effector-target interaction (Beurze et al.,
2007), target-agent identity (Chambon et al., 2014), social-emotional
valence (De Gelder and Van den Stock, 2011). However, the emer-
gence of high-level conceptual representations of action, and the degree
to which feature coding is shared across constituent regions of the AON
remain subjects of ongoing debate (Simonelli et al., 2024).
Furthermore, while much of the existing literature has focused on the
visuomotor processing of actions, the ability of the AON to encode the
properties of actions across different sensory modalities is still of
particular interest, as it may reveal fundamental principles of neural
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representation and cognitive processing (Beauchamp, 2005). Recent
studies have suggested that the AON exhibits a degree of invariance to
the modality of stimulus presentation, indicating that the brain can
extract and represent action-related information regardless of whether it
is presented visually, auditorily, or through a combination of both
(James et al., 2011; Kirsch and Cross, 2015; Copelli et al., 2022). In this
regard, evidence exists that congruent auditory and visual stimuli
enhance the activation of the AON compared to unimodal presentations
(Bischoff et al., 2014) and that the integration of auditory and visual
information leads to a more robust representation of actions in the brain.
Although this invariance is crucial for understanding how individuals
interpret and respond to actions in a dynamic environment where sen-
sory inputs can vary widely, the extent to which the encoding of distinct
action features is stable across sensory modalities remains poorly
understood.

Here, we assessed whether and to what extent distinct features of
action representation are processed under naturalistic conditions across
different sensory modalities. Taking advantage of the rich literature
based on behavioral and functional studies (e.g., Van Elk et al., 2014;
Kemmerer, 2021; Kabulska and Lingnau, 2023), we purposely defined a
comprehensive taxonomic model for action representation that allows a

A. Action model and domains
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detailed categorization of action-related events even in naturalistic
conditions, when action features are often interacting and overlapping.
Specifically, a set of six domains of action features - Space, Effector,
Agent & Object, Social, Emotion, and Linguistic - was defined a priori
encompassing multiple action features in terms of their context,
execution, and underlying dynamics (Fig. 1A and Table 1). Furthermore,
we acquired brain responses using functional Magnetic Resonance Im-
aging (fMRI) in three groups of participants exposed to the multimodal
audiovisual, the visual-only, or the auditory-only versions of the
live-action movie 101 Dalmatians (Herek, 1996). Our aim was twofold:
first, we tested the ability of our model to predict fMRI activity by
measuring the impact of each action domain through a multi-voxel
encoding analysis (Haynes, 2015; Naselaris et al., 2011); second, we
determined whether the representation of action domains was compa-
rable across sensory modalities within the AON. Importantly, here we
adopted a variance partitioning approach to disentangle the unique
contribution of action features, whereas previous research on action
representation has largely focused on individual dimensions in isolation
(Kemmerer, 2021), often overlooking potential confounds due to
collinearity among action categories.

B. Action features frequency

M Both hﬁnds
Main effector Non-social target OUTNHead
Effector visibility Agent type Symholic BestuEsp o rh arms
Tool-mediated Contlnuou . i -
L One arm Gesticulation | S
» Transitivity Indo . 8
SeeElLy Non-social touch Effector visible s,
:oc'lallttoucht %E O Tongue Transitive ;O‘_,
ocial targef (] 7
Theoryofl\glind re prnaml,c _Legs BE
/ Environment >mc v Repet it1l
Multi-agent Interaction scale o @ Eool—me( iated l
People presence gy i arge SCale
Su 5 Non-social touch
_q-) 1 One leg
Durativit Emoti o'+
Y motional body language 8 —_
Telicity Emotional implications (V]
Iterativity Gesticulation wn HUman Agent
Urban outdqor One hand
Dynamicity Symbolic gestures Fingers elic
C. Inter-rater agreement D. Inter-domain similarity E. Computational modeling
0.00 0.65
1.0 q | CKA
I space | —
_ o o bject space - 0.16 0.08 0.17 0.07 0.15 space -0.07 0.16 0.03 0.09 0.05
< 081 social
o I emotion effector - 0.16 0.19 0.33 0.12 ¢ effector - 0.06 0.11 0.03 0.11 0.11
= -Ifml uistic
© i u agent- agent-
g 0.6 object -0.08 0.19 0.15 0.04 0.16 object -0.04 0.09 0.03 0.05 0.05
(5]
@ | | social -0.17 0.33 0.15 0.13 0.1 social - 0.05 0.19 0.01 0.13 0.15
. 0.4
% emotion - 0.07 0.12 0.04 0.13 0.06 emotion - 0.03 0.07 0.04 0.06 0.06
é 0.2 linguistic —0.15 0.16 0.1 0.06 linguistic - 0.06 0.06 0.02 0.05 0.04
full full -0.09 0.22 0.05 0.15 0.15
0.0 - [ I [ 1 [
2 & & D> & DN > O O O w©
FFFLTES ¥ 1% 0 o &
AP SO O . AP
{\\‘b' e ¢ NS \Q\Q c,\0 @Q &
) o > &Y o
'bg A\"19 \\\QJ 0\3‘5 e

Fig. 1. Taxonomic action model. (A) Schematic representation of the six action domains (Space, Effector, Agent & Object, Social, Emotion, and Linguistic) and cor-
responding features used to annotate actions of the movie stimulus. (B) Frequency of action features occurrence in the stimulus. Features are color-coded to denote
the domain they pertain to, with a larger font size indicating a greater frequency. EBL: Emotional Body Language. EIA: Emotional Implication of Action. ToM: Theory
of Mind. (C) Mean Inter-rater agreement across domains and for the full model. Error bars indicate standard deviation. Dashed bars represent the gg9th percentile of
the null distribution obtained via permutation testing (p < 0.01). (D) Pairwise similarity between domains and the full model, indicating the amount of shared
variability. (E) Similarity between model domains and computational models, measuring the extent to which the action model captures low- and high-level
perceptual and semantic information in the stimulus. Visual low-level: motion-energy model; visual high-level: ReLU6 layer of the VGG-19 network; acoustic
low-level: spectral descriptors; acoustic high-level: ReLU5.1 layer of the VGGish network; semantic: GPT-4 word embeddings.
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Table 1

Characterization of the features and domains of the taxonomic action model.
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Domain Feature Annotation References Annotation Example
Space Environment: Indoor Dima et al. (2022) “Dog sniffs the ground”:
the type of environment where the action occurs. Urban Outdoor Countryside Outdoor
Countryside Outdoor “Girls jogging": Urban Outdoor
"Man hits friend with a stick™:
Indoor
Interaction Scale: Minimal / Extensive Tarhan and Konkle “Dog sniffs the ground”: Minimal
the magnitude of movement in the space required to complete the action. (2020) “Girls jogging": Extensive
"Man hits friend with a stick™
Extensive
Effector Main Effector: One hand Tarhan and Konkle “Dog sniffs the ground”: Head or
the primary body part involved in performing the action. Both hands (2020) nose
One arm “Girls jogging": Whole body
Both arms "Man hits friend with a stick™:
One leg or paw Both arms
All legs or paws
Mouth
Head or nose
Tongue
Whole body
Fingers
Effector Visibility: Visible / Not Visible Tarhan and Konkle “Dog sniffs the ground”: Not
whether the effector is visible or hidden from the observer’s view. (2020) visible
“Girls jogging": Visible
"Man hits friend with a stick”:
Visible
Agent & Agent Type: Human /Non-Human  Haxby et al. (2020) “Dog sniffs the ground: Non-
Object whether the agent performing the action is human or non-human. Human
“Girls jogging": Human
"Man hits friend with a stick™:
Human
Non-social Action Target: Object Tarhan and Konkle “Dog sniffs the ground”: Object
whether the action is directed to an object or to the self. Self (2020) “Girls jogging": Self
"Man hits friend with a stick™:
Social
Tool-Mediated: Yes / No Gallivan et al. (2013) “Dog sniffs the ground”: No
whether the action requires the use of tools. “Girls jogging": No
"Man hits friend with a stick™: Yes
Transitivity: Yes / No Wurm et al. (2017) “Dog sniffs the ground”: Yes
whether the action involves interaction with inanimate objects. “Girls jogging": No
"Man hits friend with a stick™: Yes
Non-Social Touch: Yes / No Masson and Isik (2021) “Dog sniffs the ground™: Yes
whether the agent makes physical contact with an object or self during “Girls jogging": No
the action. "Man hits friend with a stick™: Yes
Social Sociality: Social / Non-Social Wurm et al. (2017) “Dog sniffs the ground”: Non-
whether the action involves social interaction with another individual social
(human or animal). “Girls jogging": Yes
"Man hits friend with a stick™: Yes
Social Action Target: Human Tarhan and Konkle “Dog sniffs the ground”: non-
whether the action is directed to another individual (human or animal). Animal (2020) social target
“Girls jogging": Non-social target
“Man hits friend with a stick™
Human
Multi-Agent: Single-agent Sebanz et al. (2006); “Dog sniffs the ground™: single-
whether the action is performed by multiple agents in a coordinated or ~ Multiple agents Sinigaglia and Butterfill ~ agent
concurrent manner. concurrent (2020) “Girls jogging": Multiple agents
Joint actions concurrent
“Man hits friend with a stick”:
Single-agent
People Present: Yes / No Dima et al. (2023) “Dog sniffs the ground™: No
whether there are >2 people present in the scene. “Girls jogging": Yes
“Man hits friend with a stick”: No
Theory of Mind: Yes / No Masson and Isik (2021)  “Dog sniffs the ground™: No
whether the action involves inferring another individual’s mental state. “Girls jogging": No
“Man hits friend with a stick”™: Yes
Social Touch: Yes / No Masson and Isik (2021) “Dog sniffs the ground”: No
whether the agent makes physical contact with an individual (human or “Girls jogging": Yes
animal) during the action. “Man hits friend with a stick”: Yes
Emotion Emotional Body Language: Yes / No Barliya et al. (2013); “Dog sniffs the ground”: No
whether the action expresses emotions through body language. Tipper et al. (2015) “Girls jogging": No
"Man hits friend with a stick™: Yes
Emotional Implications: Yes / No Goldberg et al. (2014) “Dog sniffs the ground”: No

whether the action has emotional significance due to its narrative or
context.

“Girls jogging": No
"Man hits friend with a stick™: Yes

(continued on next page)
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Table 1 (continued)

Neurolmage 319 (2025) 121439

Domain Feature Annotation References Annotation Example
Gesticulation: Yes / No Schippers et al. (2010) “Dog sniffs the ground”: No
whether the actor gesticulates during the action. “Girls jogging": No

"Man hits friend with a stick™: No
Symbolic Gesture: Yes / No Schippers et al. (2010) “Dog sniffs the ground”: No
whether the action executes culturally specific gestures with symbolic “Girls jogging": No
meaning (e.g., handshakes, salutes). "Man hits friend with a stick™: No

Linguistic Iterativity: Repetitive / Single Xu and Huang (2013) “Dog sniffs the ground™:

whether the action involves repetitive cycles or a single occurrence. Repetitive
“Girls jogging": Repetitive
"Man hits friend with a stick™:
Single
Dynamicity: Dynamic / Static Zarcone and Lenci “Dog sniffs the ground™: Static
the degree of motion involved in the action. (2010) “Girls jogging": Dynamic
"Man hits friend with a stick”:
Dynamic
Durativity: Continuous / Zarcone and Lenci “Dog sniffs the ground”: Bounded
whether the action is continuous (e.g., speaking) or instantaneous and Bounded (2010) “Girls jogging": Continuous
bounded (e.g., striking). "Man hits friend with a stick™
Bounded
Telicity: Telic / Atelic Zarcone and Lenci “Dog sniffs the ground™: Atelic
whether the action has a clear and defined endpoint. (2010) “Girls jogging": Atelic
"Man hits friend with a stick™:
Telic
2. Methods 2.2. Stimuli and experimental conditions

In this study, we investigated the neural encoding of action features
across sensory modalities by applying a comprehensive taxonomic
model to fMRI data collected during naturalistic stimulation. We
analyzed part of a naturalistic fMRI dataset from our previous study
(Setti et al., 2023). Thirty participants were divided into three groups
and exposed to the audiovisual, visual-only, or auditory-only versions of
the same movie. Action events in the stimuli were identified and an-
notated by three independent raters, according to an ad-hoc action
model consisting of six conceptual domains: Space, Effector, Agent &
Object, Social, Emotion, and Linguistic. The final model was validated
through inter-rater agreement and served as the final input for the
multivariate encoding fMRI analysis, offering a detailed and structured
representation of action-related information from the movie stimulus as
perceived consistently across multiple raters. First, a full-model Ca-
nonical Correlation Analysis (CCA) assessed how well the entire action
model predicted brain activity, quantifying the proportion of variance
explained within cortical regions of interest. Second, a variance parti-
tioning approach measured the unique contribution of each domain.
This framework allowed us to disentangle domain-specific and shared
effects in brain representations of action features across experimental
conditions.

2.1. Participants

Thirty healthy and typically developing participants were assigned
to one of three experimental conditions consisting of three versions of
naturalistic stimulation: audiovisual (AV) (N = 10, 35 + 13 years, 8
females); visual-only (V) (N = 10, 37 + 15 years, 5 females); or auditory-
only (A) (N = 10, 39 + 17 years, 7 females). All subjects were right-
handed and native Italian speakers. Participants had no history of
neurological or psychiatric conditions, normal hearing, normal or cor-
rected vision, and were drug-free.

Each participant was instructed about the nature of the research and
gave written informed consent. The study was approved by the Ethical
Committee of the University of Turin (protocol number 195874/2019)
and conforms to the Declaration of Helsinki.

Naturalistic stimulation consisted of the presentation of a shortened
and edited version (~54 min) of the movie "101 Dalmatians" (Herek,
1996), split into six runs (~9 min each).

The stimulation was delivered in three different versions: (1) au-
diovisual (AV), including both visual and auditory features of the movie
stimulus; (2) visual (V) features only with no auditory stimulation; (3)
auditory (A) features only with no visual stimulation.

In the A and AV versions, an Italian voice-over serving as a narrator’s
verbal description of the movie was superimposed. The audio descrip-
tion included all the aspects of the visual scenery that can not be
conveyed through dialogue, music, or environmental sounds. Likewise,
in the V and AV versions, Italian subtitles transcribing the whole
soundscape (dialogues, narrator’s voice-over, environmental sounds)
were added. For further details on the editing procedure, we refer the
reader to the original paper (Setti et al., 2023).

In all conditions, participants were instructed to simply enjoy the
movie, and in the A condition, participants were instructed to keep their
eyes closed.

2.3. Taxonomic action model

2.3.1. Features selection and domains creation

To create a detailed and systematic representation of action-related
events, the taxonomic model was constructed through an iterative
process that integrated multiple conceptual frameworks ranging from
embodied cognition to ecological psychology and action semantics. We
first identified candidate features based on their relevance to action
perception and representation in the brain, as supported by prior studies
(e.g., Tarhan and Konkle, 2020; Haxby et al., 2020; Wurm et al., 2017;
see Table 1 and Fig. 1A). Each feature was operationalized to capture
specific aspects of actions.

The selected features were grouped into six domains to minimize
overlap and ensure orthogonality: Space, Effector, Agent & Object, Social,
Emotion, and Linguistic. This organization reflects both theoretical
coherence and empirical evidence suggesting distinct neural represen-
tations for these feature sets. These domains were derived from a
comprehensive review of existing literature on action representation,
combining theoretical insights and practical considerations to ensure
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their relevance to naturalistic stimuli. Each domain includes features
that define specific dimensions of actions, allowing their characteriza-
tion at multiple levels of granularity.

The Space domain refers to the type of environment where an action
occurs and the extent of movement required to complete it. It captures
the environment’s nature - e.g., indoor, urban outdoor, or countryside
outdoor (Dima et al., 2022) - and quantifies the interaction scale,
defined by the movement scope of the actor within the scene (Tarhan
and Konkle, 2020). Notably, the interaction scale was included in the
Space domain as the spatial extent of an action often covaries with the
scene it is set in. The Effector domain characterizes the main body part
involved in performing the action and whether this effector is visible or
hidden from the observer’s view during the action (Tarhan and Konkle,
2020). The Agent & Object domain addresses the attributes of the action’s
agent and its non-social target. It distinguishes actions based on whether
the agent is human or non-human (Haxby et al., 2020) and whether the
action is directed toward an object or the self (Tarhan and Konkle,
2020). This domain also identifies whether the action involves in-
teractions or physical contact with inanimate objects (Masson and Isik,
2021) and whether it requires the use of tools (Gallivan et al., 2013). The
Social domain includes a set of features related mainly to human or
animal interactions (Wurm et al., 2017). In particular, this domain
specifies whether the action has a social target (Tarhan and Konkle,
2020), i.e., directed toward another individual (human or animal), or
involves interaction or physical contact with another agent (Masson and
Isik, 2021). Furthermore, it considers the number of individuals visible
in the scene (Dima et al., 2023), whether the action is performed by
multiple agents in a coordinated or concurrent fashion (Sebanz et al.,
2006; Sinigaglia and Butterfill, 2020), and, finally, whether the action
requires inferring another’s mental state (Masson and Isik, 2021). The
Emotion domain describes the emotional dimensions of actions,
including the presence of emotional implications of the action (Goldberg
et al., 2014), the use of gesticulation and symbolic gestures (Schippers
et al., 2010), and whether the action expresses portrayed emotions
through body language, conveyed for instance by movement velocity,
acceleration, pitch in the voice or urge (Barliya et al., 2013; Tipper et al.,
2015). Lastly, the Linguistic domain characterizes actions through fea-
tures derived from verbal descriptors, focusing on semantic properties
that contribute to their representation. Specifically, these features were
borrowed from experimental linguistics, specifically from Vendler’s
classification of event types (Vendler, 1967), and capture attributes of
actions as conveyed by the meaning of the action verb. The linguistic
domain includes durativity (the temporal extent of an action), telicity
(whether an action has a clear and intrinsically defined endpoint),
dynamicity (the degree of motion involved in an action - Zarcone and
Lenci, 2010), and iterativity (whether the action consists of repetitive
cycles - Xu and Huang, 2013). Altogether, these domains provide a
structured taxonomic model, grounded in the literature, along with a
comprehensive set of descriptors for classifying action-related events.

2.3.2. Stimulus feature space

Based on our taxonomic model of actions, we created a stimulus
feature space to capture detailed action-related aspects present in the
movie stimulus. For this purpose, three raters (1F, average age 27) were
recruited and instructed to watch the movie in the AV condition, identify
each action in the naturalistic stimulus, and describe it in terms of the
taxonomic model. Each rater began with segmenting the stimulus into
discrete events. This involved independently detecting individual ac-
tions and marking their specific onset and offset times with a temporal
resolution of 0.1 s. Raters were instructed to annotate as many actions as
they could detect, including both primary actions - which occur pre-
dominantly in the foreground of a scene - as well as secondary actions,
which may (co)-occur in the background. To preserve the ecological
validity of the naturalistic stimulation, no specific instructions were
given regarding the level of granularity for defining actions. Rather, the
raters were free to apply their criteria, ensuring the annotations
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reflected their subjective interpretations of the action boundaries. For
each identified action, the raters then evaluated each of the 23 features
of the model by manually annotating the corresponding value. As a
result, we obtained a matrix of actions by features for each rater.

2.3.3. Model preprocessing

These matrices were then preprocessed to create a single, time-
resolved feature space. First, we converted categorical annotations of
individual features into a binary format by applying one-hot encoding.
Specifically, each multi-level feature was decomposed into n binary
features, where n is the number of possible annotations for that feature.
Of the 23 original conceptual features, 18 were originally binary, while
the remaining 5 features were multi-level, with 11, 3, 2, 2, and 2 levels.
After applying one-hot encoding, these five features contributed a total
of 20 binary features, yielding a final set of 38 predictors.

We then transformed the datasets from an event-based to a time-
resolved format. Specifically, based on each action onset and offset,
we mapped the respective features to a continuous time sequence with
0.1 s resolution, obtaining a time by features matrix for each rater.

The resulting time-based feature matrices from individual raters
were aggregated to create a group-level model. To ensure consistency
among raters, a value of 1 was assigned to a feature at each time point
only if at least two out of three raters agreed on its presence. The group-
level model was then down-sampled to match the temporal resolution of
the fMRI data (2 s). To account for events shorter than the fMRI sampling
interval, each feature was assigned a value of 1 at each time point if it
was present in any sample within the 2-second bin. For the multivariate
encoding procedure, each column of the model was convolved with a
canonical hemodynamic response function (gamma function, duration
=125, p = 8.6, ¢ = 0.547) to account for the delayed hemodynamic
response of the fMRI signal.

2.3.4. Inter-rater agreement

To verify the consistency of feature annotations, we quantified inter-
rater agreement across individual domains and the full model. We
employed Centered Kernel Alignment (CKA) (Kornblith et al., 2019)
with a debiasing step (Murphy et al., 2024) as a similarity index. CKA
measures the shared variance between two multi-dimensional feature
spaces, providing a robust method for quantifying similarity between
datasets of different size. Debiasing was applied to account for potential
confounds arising from significant differences in matrix ranks (i.e., do-
mains’ dimensionality ranged from 4 to 12, with the full model
comprising 38 descriptors), ensuring a more reliable assessment of
similarity.

For each rater pair, we computed CKA scores for individual domains
and the full model using their respective downsampled (i.e., 2-seconds
temporal window) binary matrices. To establish statistical signifi-
cance, a permutation test was implemented: a null distribution (n =
1000) was obtained by randomly shuffling chunks of 15 timepoints of
one rater’s matrix prior to CKA estimation, to account for temporal
autocorrelation in the data. The observed similarity scores, averaged
across rater pairs, were then compared against the 99th percentile of the
null distribution to identify significant agreements (p < 0.01). This
analysis ensured that the group model accurately reflected consistent
action feature annotations across raters.

2.3.5. Inter-domain similarity

To evaluate the relationship between domains, we assessed how
features from different domains uniquely or redundantly captured as-
pects of the described actions. This was accomplished by calculating
pairwise similarity through CKA between all domains of the down-
sampled binary group-level model.

2.3.6. Computational modeling
As a final step, we sought to determine the extent to which percep-
tual or semantic information from the stimulus was captured by the
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features of the action model. To achieve this, we leveraged a series of
computational models to extract diverse representations of the movie
stimulus, encompassing: 1) low-level visual descriptors (i.e., motion
energy derived from the spatiotemporal integration of Gabor-like fil-
ters); 2) high-level visual descriptors (i.e., VGG-19 convolutional deep
neural network architecture; Simonyan and Zisserman, 2014); 3)
low-level auditory descriptors (spectral and envelope-based properties
capturing frequency modulations); 4) high-level auditory descriptors
(VGGish deep neural network architecture; Hershey et al., 2017); 5) a
high-level semantic representation derived from GPT-4 embeddings
(Achiam et al., 2023) extracted from the movie’s subtitles.

In detail, low-level visual descriptors were obtained for each two-
second segment of the movie videoclip using a comprehensive set of
4715 motion energy descriptors derived from space-time Gabor filters.
These filters included Gabor wavelets varying in spatial frequencies,
orientations, and integrated across three distinct temporal frequencies:
0 Hz (static energy), 2 Hz, and 4 Hz (Nishimoto et al. 2011). Regarding
high-level visual descriptors, we utilized the VGG-19 (Simonyan and
Zisserman, 2014) convolutional deep neural network architecture to
extract a comprehensive set of 4096 visual properties from the central
frame of each two-second segment. Specifically, we used the output
from ReLUB6, the final layer in the stack of convolutional layers, which
captures high-level visual information essential for object recognition
and image classification. To model low-level auditory characteristics,
we extracted for each two-second segment 449 spectral descriptors in
the 0-15k Hz frequency range, following the methodology outlined by
de Heer and colleagues (2017). Instead, for high-level auditory de-
scriptors, we employed the VGGish (Hershey et al., 2017) model, a
convolutional neural network based on the VGGNet architecture and
adapted for audio classification. Specifically, we extracted the output of
the ReLU5.1 layer, obtaining 4096 descriptors for each two-second
segment. These features captured more abstract properties of the
movie’s audio track, including contextual information about the
soundscape, such as the presence of background noise, music, or speech.
Finally, regarding semantic descriptors, we extracted contextual word
embeddings from each subtitle sentence using the pre-trained GPT-4
model (Achiam et al., 2023) (i.e., text-embedding-3-small) via the
OpenAl API (https://openai.com/). This process generated a
1536-dimensional vector for each two-second segment.

We then compared the representations of individual domains as well
as the full model to these computational representations using CKA as a
similarity measure. This allowed us to evaluate whether specific do-
mains aligned more closely with perceptual or semantic features, of-
fering insights into the nature of the information encoded by each
domain.

2.4. fMRI data acquisition and preprocessing

Structural and functional data were acquired in the same session
with a Philips 3T Ingenia scanner equipped with a 32-channel head coil.
For anatomical images, a magnetization-prepared rapid gradient echo
sequence use employed (TR = 7 ms; TE = 3.2 ms; FA = 9°; FOV = 224
mm, acquisition matrix =224 x 224; slice thickness = 1 mm; voxel size 1
x 1 x 1 mm; 156 sagittal slices). Functional images were acquired using
gradient recall echo planar imaging (GRE-EPI; TR = 2000 ms; TE = 30
ms; FA = 75°; FOV = 240 mm; acquisition matrix (in-plane resolution) =
80 x 80; acquisition slice thickness = 3 mm; acquisition voxel size =3 x
3 x 3 mm; reconstruction voxel size = 3 x 3 x 3 mm; 38 sequential axial
ascending slices; total volumes 1614 for the six runs of the movie).

Acquired fMRI data were preprocessed with the AFNI 17.1.12 soft-
ware package (Cox, 1996), following the standard steps. First,
scanner-related noise was corrected through spike removal (3dDespike).
Then, all volumes underwent run-wise temporal realignment (3dTshift)
and head motion correction using as base the first run (3dvolreg).
Spatial smoothing was then performed with a Gaussian kernel
(3dBlurToFWHM, 6 mm, full width at half maximum), followed by
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run-wise percentage normalization. Next, in order to smooth time series
and remove unwanted trends and outliers, the normalized runs under-
went detrending through Savitzky-Golay filtering (sgolayfilt, poly-
nomial order = 3, frame length = 200 timepoints) in MATLAB R2019b
(MathWorks Inc., Natick, MA, USA) and were concatenated into a single
time series.

Afterward, signals related to head motion parameters and framewise
displacement were regressed-out through multiple regression analysis
(3dDeconvolve). Lastly, the anatomical volumes were aligned to the
reference functional image and non-linearly registered (3dQWarp) to
the MNI-152 standard space (final voxel size 3 mm iso; Fonov et al.,
2009).

2.5. fMRI data analysis

To investigate the relationship between action features and brain
activity, we employed a variance partitioning framework based on
multivariate analysis, using a region of interest (ROI)-based approach.

2.5.1. Parcellation and PCA

First, fMRI data were parcellated into 200 distinct cortical ROIs using
Schaefer’s atlas (Schaefer et al., 2018). The parcellation, including grey
matter cortical voxels only, was applied in the original anatomical space
of each subject.

To measure the association between the action model and brain ac-
tivity, we employed a multivariate encoding procedure based on CCA.
Since CCA extracts canonical components that maximize the linear as-
sociation between two matrices, the algorithm limits the dimensionality
of the final components to the lower rank of the input matrices. Thus, to
accurately reconstruct the action model and account for variability in
the number of voxels across ROIs (ranging from 21 to 492; see Supple-
mentary Fig. S1), we set the dimensionality of the ROIs to match the
rank of the action model. Specifically, for each ROI, principal compo-
nent analysis (PCA) was performed voxel-wise, retaining a number of
components equal to the 38 predictors in the action model. To address
cases where an ROI contained fewer than 38 voxels, additional voxels
were added by replicating the average time series across existing voxels
within that ROI. This approach ensured consistent dimensionality across
ROIs and subjects while preserving the minimum number of components
required for subsequent analyses, without excluding brain regions or
altering the original informational content of the ROI signals. Impor-
tantly, while the amount of variance explained by the resulting 38
components varied across ROIs (see Supplementary Fig. S1), it consis-
tently exceeded 76 % for all subjects and conditions.

2.5.2. Full-model canonical correlation analysis

Then, to quantify how well the predictors in the action model
explained brain activity within each ROI, we employed CCA. CCA is a
multivariate statistical technique designed to measure linear relation-
ships between multidimensional variables (Hotelling, 1992; Bilenko and
Gallant, 2016). Specifically, CCA finds pairs of canonical components -
linear projections of each dataset - that maximize the correlation be-
tween the two datasets in a shared canonical space.

In our analysis, CCA was iteratively applied to each ROI to relate the
action model (X, time points x 38 features) to the brain components (Y,
time points x 38 components). This process yielded two sets of canon-
ical components U and V, along with the canonical coefficients A and B,
for X and Y, respectively. These were used to compute the proportion of
variance in Y that could be predicted by X, through the following steps.
First, we used U to predict the canonical projections of V (Vpreq) by
fitting a set of coefficients (W), obtained through least squares regres-
sion mapping U-V (Eq. (1)).

Vpred =Uuw 1)

Next, we reconstructed predicted brain activity (Ypreq) by mapping
back the predicted canonical components (Vpreq) to the original brain
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activity space, using the canonical coefficients B derived during the CCA
process (Eq. (2)).

Ypred = Vpred -B (2)

Finally, we calculated the coefficient of determination R? which
quantifies the proportion of variance in the observed Y that was
explained by the reconstructed Y (Ypreq) (Eqgs. (3),4,5).

SSresidual = Z (Y - Ypred)2 (3)
SStotat = Z (Y - ?)2 “)
S8 residual
RZ — 1 — esidu 5)
SStotal

Here, R? represents the proportion of variance in the brain activity of
a given ROI that can be explained by the predictors of the action model.

2.5.3. Statistical significance and permutation tests

To assess the significance of R?, we generated null distributions by
permuting the temporal order of the fMRI data. For each ROI, the time
points of the brain components (in chunks of contiguous 30 s, to account
for temporal autocorrelation of the signal) were shuffled randomly
across 1000 iterations while keeping the structure of the action model
intact. For each permutation, the CCA procedure was repeated, gener-
ating a null distribution of R? values for each ROIL Each of these R?
values was then compared against the null distribution to determine
their p-value. Once this process was done for all subjects, p-values were
combined across subjects through Fisher’s sum (Fisher, 1970) (Eq. (6)),
yielding a null distribution of combined statistics for each ROL.

k
L= -2 In(p) ®)
i=1

The group-level p-value for each ROI was obtained by comparing the
observed combined statistics with the relative null distribution, using
Pareto tail approximation (Winkler et al., 2016) and t-max correction for
multiple comparisons (p¢orr < 0.05; Westfall and Young, 1993). Specif-
ically, we obtained the t-max distribution by taking the maximum value
across all ROIs, for each permutation. Then, we modelled the right tail
(90™ percentile) of the t-max distribution by fitting a generalized Pareto
distribution (Winkler et al., 2016; Pickands, 1975), from which we
derived the p-values.

First, this process was done for all subjects of the AV condition. Then
the same pipeline was repeated in the A and V conditions, this time
including only ROIs that obtained a significant R? (porr < 0.05) in the AV
condition. As a result, we obtained a comprehensive map of the task-
related variance in brain activity for each experimental condition,
highlighting cortical regions where brain activity was significantly
predicted by the full action model.

2.5.4. Variance partitioning

To disentangle the contributions of individual domains in the action
model, a variance partitioning approach was employed. This method
quantified the unique explanatory power of each domain by measuring
the drop in R? when its predictors were shuffled.

For each domain, the corresponding predictors were shuffled across
timepoints while all other domains were left intact. The partially shuf-
fled action model was then used in the CCA to estimate R?, reflecting the
model’s explanatory power after disrupting the specific domain of in-
terest. To obtain a stable estimate of the impact of shuffling, we repeated
the process 50 times for each domain and took the average R* from the
50 shuffled models. Lastly, the shuffled R* was subtracted from the full-
model R?, obtaining a domain-specific R These calculations were per-
formed for each domain, ROI, subject, and condition, generating
domain-specific maps of unique variance contributions to brain activity.

We then computed the average across subjects to obtain a group R?
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and, for each domain, the regression coefficient between conditions and
the Spearman correlation coefficients with associated p-values were
calculated pairwise.

2.5.5. Cortical representation of domains

To evaluate the cortical representation of each action domain, we
employed two complementary procedures. The first aimed to maximize
the functional specificity of each brain region for a given domain, while
the second assessed the consistency of domain-related representations
by measuring the overlap of the highest-associated brain regions across
sensory modalities.

The first method relied on a non-parametric rank-based approach
and tested whether the representation of specific domains within indi-
vidual ROIs was significantly greater than others, based on the distri-
bution of R? values across ROIs.

For each subject and condition, R? values were ranked within each
domain across all ROIs, identifying regions where the domain exhibited
the highest and lowest explanatory power. Converting R? values into
ranks allowed us to assess the relative, rather than absolute, represen-
tation of each domain across ROIs. By focusing on rank-based compar-
isons, this approach mitigated the influence of global differences in R?
magnitudes between domains, emphasizing the relative contribution of
each domain within a given ROL

To compare the rank-based representation of domains within each
ROI, we applied the Wilcoxon signed-rank test, a non-parametric
method for paired data. Pairwise one-tailed tests were conducted for
all domain combinations within each ROI and condition. This test
determined whether the ranks of one domain consistently exceeded
those of another, reflecting greater relative specificity in that region.
Then, p-values from the three conditions were aggregated across mo-
dalities using Fisher’s method (Fisher, 1970). To control for multiple
comparisons across ROIs and domain pairs, the aggregated p-values
were corrected using False Discovery Rate (FDR) control (o« = 0.05). A
significant result for a domain pair within an ROI indicates that one
domain consistently ranks higher than the other across subjects. This
implies that the ROI exhibits a relatively stronger representation of the
more dominant domain, independent of absolute R? values. To identify
the dominant domain(s) within each ROI we adopted a “max-
imum-takes-all” procedure. Each domain was compared based on the
number of significant pairwise tests it won within the ROIL. The domain
(s) with the highest number of wins were flagged as dominant. This
analysis produced spatial maps to reveal putative domain-specific rep-
resentations, highlighting ROIs where action-related features were most
prominently encoded relative to other brain regions and other features.

The second approach relied on the integration of information across
sensory modalities while examining each action domain independently.
Specifically, we identified brain regions that consistently ranked in the
top 20 % of R* values for each action domain and each sensory modality.
Only areas identified in all three modalities were retained, obtaining for
each domain a spatial map of the top responding ROI across the au-
diovisual, visual-only, and auditory-only conditions.

Only the first rank-based approach was retained in the main manu-
script, while the results of the second procedure are reported in Sup-
plementary Fig. S6.

3. Results
3.1. Model validation

Our action model was constructed by selecting a comprehensive set
of features from the literature on action representation and asking three
raters to identify action events and then manually annotate each feature.

Stimulus segmentation to identify action occurrences was performed
independently by each of the three raters, who identified 1635, 1304,
and 1025 events, respectively (average event count = 1321). Event
duration ranged from 0.1 to 85.7 s and averaged 3.5 s. After
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downsampling to the fMRI temporal resolution and aggregating indi-
vidual raters’ models, the number of timepoints in which at least one
action event was present was 1562 out of 1614 (Supplementary Fig. S2,
Supplementary Table S3).

The 38 action features comprising the final group model had variable
frequency counts (Fig. 1B), ranging from 11 timepoints (0.7 % for
Symbolic gestures) to 1530 timepoints (97.95 % for Dynamicity; see
Supplementary Table S1). Frequencies of Space features highlighted that
the actions in the dataset predominantly occurred in indoor environ-
ments and at an extended spatial scale. The Effector was almost always
visible and most actions were performed using the mouth (e.g.,
speaking), followed by legs/paws, and fingers. In the Agent & Object
domain, the most frequent feature was Human Agent, and roughly half
of the time, actions were targeted toward the agents themselves and
involved contact with an inanimate object. Transitive and Intransitive
actions were mostly balanced, while Tool-mediated actions were un-
derrepresented. More than half of the tagged events were considered
social, that is, they involved some sort of interaction between agents; of
these, most were directed towards humans rather than animals, and only
one-fifth were concurrently or jointly performed by multiple agents. An
emotional component was frequently present in the stimulus, either
conveyed through the actor’s body language or implicit in the action
itself. Concerning the Linguistic domain, the actions in the dataset were
predominantly dynamic and continuous rather than static and
instantaneous.

To assess the validity of the tagging procedure, the inter-rater
agreement was first evaluated by measuring the similarity between in-
dividual raters’ action models: considering that these were multidi-
mensional binary matrices differing in size, Centered Kernel Alignment
(CKA) was chosen as an appropriate metric. CKA is an index of multi-
variate similarity and ranges from O to 1, where 0 means the two
matrices are completely dissociable and 1 denotes maximal similarity.
The average CKA value across all parings of raters was 0.48 + 0.04 for
the full model, indicating an adequate level of consistency among raters
(Fig. 1C). The same analysis was also performed for each domain
separately (Space: 0.65 + 0.01; Effector: 0.26 + 0.03; Agent & Object:
0.43 + 0.05; Social: 0.46 + 0.03; Emotion: 0.1 + 0.02; Linguistic: 0.12 +
0.04). We observed the lowest similarities in the Emotion domain, which
requires the rater to extrapolate and interpret implicit information from
the scene, and the Linguistic domain, which captures attributes conveyed
by the meaning of the action verb. Nonetheless, all CKA scores were
statistically significant when compared against the null distribution (p <
0.01).

To ensure consistency in the final aggregated model, only annota-
tions agreed upon by at least two out of three raters were retained.

Since multiple features from different domains may co-occur at the
same timepoint, we assessed collinearity between domains by
measuring the similarity structure between each domain and with the
full model (Fig. 1D). CKA scores between domains varied from a mini-
mum of 0.04 to a maximum of 0.35, with the Effector and Emotion do-
mains exhibiting the highest and lowest similarity, respectively. CKA
values between domains and the full model were 0.62 for the Social
domain; 0.61 for Effector; 0.60 for Agent & Object; 0.53 for Space; 0.37 for
Emotion, and 0.47 for the Linguistic domain. Hence, the adopted domains
capture sufficiently unique representational content and unbiasedly
contribute to the full model.

As our action model was built based on hypothesis-driven taxonomic
features derived from the literature, some degree of collinearity with
visual, acoustic, and verbal properties is expected. To measure the
impact of these descriptors on both the full model and individual do-
mains, we computed CKA between different computational models and
the action model matrices (Fig. 1E). As for the full model, stronger
correlations were observed with computational models capturing
higher-level perceptual descriptors, both visual and auditory (0.22 and
0.15, respectively), and semantic descriptors (0.15), rather than low-
level perceptual characteristics (0.09 for the visual and 0.05 for the
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auditory model). This effect was also present when considering indi-
vidual domains, though it was more evident for Space, Effector, and
Social, compared to the other domains.

3.2. fMRI results in the audiovisual modality

Next, the ability of our action model to predict brain activity was
assessed. Since the aim was to measure the association between two sets
of multivariate data, i.e., the multidimensional action model and each
multi-voxel brain region (i.e., ROI), we used Canonical Correlation
Analysis (CCA, Fig. 2A). From CCA, we computed the R? as a metric of
brain-model association, which expresses the proportion of variance in
ROI patterns explained by the action model (see Methods section Full-
model Canonical Correlation Analysis). Importantly, to quantify the
unique contribution of each domain, we also performed variance par-
titioning, thus obtaining a domain-specific R? for each ROI.

In the AV modality, we identified an extended network of occipital,
temporal, posterior parietal, prefrontal, and right pre-central areas (127
ROIs in total out of 200 cortical parcels defined in Schaefer et al., 2018),
in which the full action model could significantly explain neural acti-
vation (average R*> = 0.061 + 0.017, p < 0.05, t-max correction for
multiple comparisons). Posterior temporal and lateral occipital areas
showed the highest R? values (Fig. 2B; peak R? = 0.129 in right posterior
superior temporal sulcus -STS- at x = 56, y = —51, z = 14, LPI),
consistent with previous literature denoting these brain regions as crit-
ical for action recognition (Rizzolatti and Craighero, 2004; Orban et al.,
2021; Wurm and Caramazza, 2022; Karakose-Akbiyik et al., 2023).

As for the contribution of individual domains (Fig. 2C), the Effector
domain had on average the highest explanatory power (0.0086 +
0.0031, 14 % of full model R?), followed by the Social domain (0.0059 +
0.002, 9.6 % of full model R?), Agent & Object (0.0041 + 0.0017, 6.7 %
of full model R?), Linguistic (0.0034 + 0.0019, 5.5 % of full model R?),
Space (0.0034 + 0.0014, 5.5 % of full model R?), and Emotion (0.0028
+ 0.0011, 4.6 % of full model R?). Therefore, 54.1 % of the brain vari-
ance explained by the full model was not attributable to the unique
contributions of single domains, but rather to shared variance across
combinations of multiple domains.

3.3. Impact of sensory modality

To test the degree of invariance of identified areas to sensory mo-
dality, we replicated the same analysis in the V and A modalities,
quantifying the amount of task-related variance in brain activity when
subjects were presented with visual-only or auditory-only versions of the
stimulus.

In the V modality, brain activity was significantly predicted by the
full model in 80 ROIs out of 127 (p < 0.05, t-max correction, average R?
= 0.06 £ 0.015, highest R?> = 0.109 in right LOTC, at x = 47,y = 75, 2
= —1, LPI), while in the A modality, only 12 ROIs survived statistical
thresholding (p < 0.05, t-max correction, average R2 = 0.065 + 0.005;
peaking in middle right STS at x = 61, y = —30, 2 = —4, LPI, R? = 0.073),
reflecting a partial loss of information when one modality is neglected.
The average full model R? across all tested ROIs (N = 127) for the V and
A modalities was 0.055 + 0.014 and 0.05 + 0.009, respectively
(Fig. 3B). The decrease in explanatory power as compared to the
multisensory stimulation was mainly observed in frontal and primary
visual areas for the V modality. The statistically significant ROIs in the A
stimulation all pertained to the superior and middle temporal cortices
(Fig. 3A).

Variance partitioning for the V and A modalities (Fig. 3C) revealed a
similar trend in individual domain contributions as for the AV stimu-
lation. For all three conditions, the Effector domain explained the
highest amount of variance in brain activity (V: 0.0085 + 0.0029, 14.2
% of full model R% A: 0.0113 + 0.0016, 17.4 % of full model R?), fol-
lowed by the Social domain (V: 0.0051 + 0.0017, 8.5 % of full model R%;
A: 0.0077 + 0.0014, 11.9 % of full model R?). Likewise, the Emotion
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Fig. 2. Brain encoding of action features in the audiovisual modality. (A) Analysis pipeline for assessing the relationship between action features and brain activity.
fMRI data were parcellated into 200 cortical regions of interest (ROIs) using Schaefer’s atlas. Principal Component Analysis (PCA) was applied to voxels time series
within each ROI and Canonical Correlation Analysis (CCA) was then used to map the action model onto the fMRI data, identifying canonical components that
maximize the correlation between the two datasets. The proportion of variance in brain activity explained by the action model was quantified using R? which reflects
model fit within each reduced ROI The same process was repeated in a variance partitioning framework to isolate contributions of individual domains. (B) Brain
regions showing significant (pcor < 0.05, t-max correction) R? values for the full action model in the audiovisual (AV) modality. L: left, R: right. (C) Unique con-
tributions of individual domains. Individual points reflect domain-specific R? values for each ROL

domain had the least explanatory power for all three modalities (V:
0.002 £ 0.0009, 3.3 % of full model R% A: 0.0022 + 0.0003, 3.4 % of
full model R?).

In the V modality, the domain-specific R* was 0.005 + 0.0017 (8.3 %
of full model R?) for Agent & Object, R? = 0.0028 + 0.0011 (4.7 % of full
model R?) for Space, and R? = 0.0027 4 0.0016 (4.5 % of full model R?)
for the Linguistic domain. In the A modality, the remaining domains R?
were: 0.0055 + 0.0009 (8.5 % of full model R?) for Space, 0.0035 +
0.0007 (5.4 % of full model R?) for Agent & Object, and 0.003 + 0.0005
(4.6 % of full model R?) for the Linguistic domain. Similarly to the AV
modality, a substantial portion of brain variance explained by the full
model (56.4 % for V and 48.8 % for A) was shared across combinations
of multiple domains.

The invariance of action information organization across sensory
modalities was further explored by directly comparing domain-specific
R? distributions between modalities. For each domain, Spearman’s rho
was computed between ROIs R? of each pair of sensory modalities. The
correlation was significant for all domains and modalities combinations
(Table 2), indicating that information was similarly organized across the
cortex for all three sensory inputs (Fig. 3D). The AV and V modalities
had the most similar spatial distribution, with all domains having a
correlation coefficient higher than 0.7. For the A modality, the most
dissimilar domains were Emotion, whose features were predominantly
expressed through visual attributes, and Linguistic.

Overall, the distribution of explained variance across cortical regions
and modalities indicates that the multidimensional framework of action

representation is stable across sensory inputs.

3.4. Cortical representation of domains

We observed that ROIs showing a high fit to the full model have high
R? values for all domains, leading to overlapping spatial maps across
domains. Therefore, to maximize ROIs functional specificity for a given
domain, we employed a non-parametric rank-based approach: rather
than comparing the absolute magnitude of domain-specific R? we
focused on the relative contribution of each domain across regions (see
Methods section Cortical representation of domains, Supplementary
Fig. S3-5 and Supplementary Table S2). Data from all conditions were
aggregated to evaluate tuning across sensory modalities. An additional
analysis was also performed, which assessed the consistency of domain-
related representations across sensory modalities; its results are reported
in Supplementary Fig. S6. Only the results from the first analysis are
described here, as we considered it a more effective approach for
maximizing differences between domains.

From the non-parametric rank-based analysis, we obtained spatial
maps of domain-sensitive representations, highlighting ROIs predomi-
nantly tuned to a domain versus the others, independently of the sensory
modality (Fig. 4). Part of these regions were shared across multiple ac-
tion domains, even though variance partitioning estimated unique
domain contributions. This pattern of results implies a model of the AON
characterized by distributed and overlapping representations across
different features, rather than one composed of strictly domain-specific
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Fig. 3. Impact of sensory modality on action representation in the brain. (A) Brain regions showing significant (pco < 0.05, t-max correction) R? values for the full
action model in the visual (V, top) and auditory (A, bottom) modalities. L: left, R: right. (B) Distributions of full model R? values across all tested ROIs for the three
conditions (AV, V, A). Each point represents an ROI full model R value; ROIs not surviving statistical thresholding in each modality are colored in grey. (C) Unique
contributions of individual domains across sensory modalities. (D) Domains correlations between different modalities. Each point represents an individual ROI
domain-specific R2 Solid lines represent the least square fit between modalities pairings for each domain.

Table 2
Spearman correlations between modalities. ** p < 0.001.
Space Effector ~ Agent & Object  Social Emotion  Linguistic
AV -V 0.76** 0.77%** 0.78** 0.74** 0.77** 0.82%**
AV-A 0.78%* 0.75%* 0.64** 0.63** 0.5%* 0.47**
V-A 0.69** 0.67** 0.6** 0.73** 0.51%* 0.49**
modules.

In the following paragraph, we report and briefly discuss the results
for each domain, which expand on the current knowledge of feature
specificity in AON.

3.4.1. Space
This domain describes the context in which the action takes place
and its spatial extent. Research on scene representation has highlighted
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the role of the retrospenial cortex (RSC) and the parahippocampal cortex
(PHC) in processing indoor vs outdoor and natural vs urban environ-
ments (Henderson et al., 2007, 2011; Stobbe et al., 2024). In the context
of action representation, the setting of an action is often conflated with
other perceptual features (Masson and Isik, 2021; Dima et al., 2022),
contributing to brain activity in early visual areas and fusiform gyrus
(Masson and Isik, 2021). A previous study investigating the represen-
tation of actions spatial scale found regions tuned to fine-scale actions in
the intraparietal sulcus (IPS) extending to the transverse occipital sulcus
(TOS), LOTC, and PHC; areas tuned to intermediate/near space and
large interaction scale were identified in posterior portions of middle
(MTG) and inferior temporal cortices (ITG), medial parietal cortex and
RSC (Tarhan and Konkle, 2020).

Consistently, we showed tuning to the Space domain in inferior and
middle temporal cortices. Other areas were identified in bilateral orbi-
tofrontal cortex (OFC), pars orbitalis of the inferior frontal gyrus
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Fig. 4. Spatial domain specificity in cortical action representations. Cortical regions predominantly tuned to each action domain. ROIs were identified using a rank-

based approach and aggregating results across modalities. L: left, R: right.

(IFGorb), left pars triangularis of the inferior frontal gyrus (IFGtri), left
anterior medial prefrontal cortex (mPFC), and left dorsomedial pre-
frontal cortex (dmPFC).

3.4.2. Effector

Tarhan & Konkle (2020) underlined the importance of the effector in
action representation and found that effector-related features modulate
responses in occipital, temporal, and parietal cortices, with dorsal areas
preferentially encoding effector visibility rather than identity.

Here, effector-specific ROIs were identified in the left parietal
operculum (OP), which is considered part of the extended human Mirror
Neuron System (Bonini, 2017), and parieto-occipital sulcus (POS). We
also found tuning in areas associated with auditory and language pro-
cessing (i.e., STS and MTG); this response was likely driven by the mouth
effector, engaged during speaking.

3.4.3. Agent & object

This domain predominantly identifies actions involving or directed
towards non-social targets, such as transitive actions. Observation of
object manipulation has been shown to activate parietal regions
(Gallivan and Culham, 2015; Urgen and Orban, 2021). Moreover,
ventral LOTC represents actions based on transitivity (Wurm et al.,
2017; Tucciarelli et al., 2019).
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Here, we found that Agent & Object features were preferentially
encoded in ventral occipito-temporal areas, part of the ventral pathway
for object recognition (Goodale and Milner, 1992). Other identified
areas included: bilateral anterior mPFC, right temporal pole (TP), left
dorsal premotor area (PMd), left inferior temporal sulcus (ITS), and right
primary visual cortex (V1).

3.4.4. Social

Studies investigating the social dimension of actions have typically
implicated STS (Isik et al., 2017; Masson et al., 2018; Tarhan and Kon-
kle, 2020), the temporoparietal junction (TPJ; Arioli and Canessa, 2019;
Arioli et al., 2021; Masson and Isik, 2021), and mPFC (Wagner et al.,
2016; Masson and Isik, 2021). Furthermore, some evidence suggests that
sociality is encoded in the dorsal parts of LOTC (Wurm et al., 2017; Han
et al., 2024), while the superior parietal lobule (SPL) has been shown to
respond to observed socio-affective touch (Masson et al., 2018).

Observation of joint actions recruits areas in the temporal poles, STS/
MTG, precuneus, and TPJ (Leube et al., 2012; Eskenazi et al., 2015);
these activations overlap with areas comprising the Theory of Mind
network (Schurz et al., 2014; Arioli and Canessa, 2019; Arioli et al.,
2021), underlying mentalizing processes necessary for inferring others’
state of mind.

Adding to the existing literature, we found tuning to the Social
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domain in left ITS, frontal pole (FP), left frontal eye field (FEF), and SPL
and IPS. IPS and FEF are part of the Dorsal Attention Network, which has
been shown to encode embodied aspects of social cognition (Lahnakoski
et al., 2012). Moreover, a recent meta-analysis (Zhao et al., 2024) sug-
gested that SPL may be part of an action observation pathway dedicated
to the processing of non-social actions, therefore capturing modulation
of social features.

3.4.5. Emotion

Previous research on naturalistic viewing indicates that affective
features, including valence and arousal, partly predict responses in STS,
TPJ, anterior temporal lobe (ATL), and mPFC (Masson and Isik; 2021).
Moreover, lateral OFC has been shown to map emotional content
regardless of the sensory modality (Lettieri et al., 2024). Emotional in-
formation conveyed specifically through body language activates ATL
(Tipper et al., 2015) and other areas specialized in emotional processing,
such as amygdala, OFC, anterior cingulate cortex, and anterior insula
(de Gelder, 2006; Sokolov et al., 2020).

Other features included in the domain were Gesticulation and
Symbolic gestures, which have been shown to evoke responses in frontal
(e.g., IFG) and temporal (e.g., MTG, STG extending to supramarginal
gyrus) cortices (Andric et al., 2013; Mottonen et al., 2016; Papeo et al.,
2019).

Consistent with these findings, our results revealed areas exhibiting
specificity to the Emotion domain in OFC, left anterior mPFC, bilateral
ATL, and right IFGorb and IFGtr.

3.4.6. Linguistic

The literature on the neural correlates of action verb processing has
highlighted that Telicity modulates activity in the left posterior MTG
(Romagno et al., 2012) and bilateral precuneus (Malaia and Newman,
2014), while Iterativity engages IPS (Lai et al., 2023), and Dynamicity
MTG/STS (Peelen et al., 2012).

In the present study, only the precuneus showed specific tuning to
the Linguistic domain.

4. Discussion

This study assessed a comprehensive taxonomic model of action
representation, designed to capture six key domains of action de-
scriptors (i.e., Space, Effector, Agent & Object, Social, Emotion, and
Linguistic) in naturalistic contexts. Using fMRI data collected across
different sensory modalities (i.e., audiovisual, visual-only, and auditory-
only presentations of the same movie), we demonstrated that this action
feature-based model effectively predicts a significant portion of brain
activity. Furthermore, the results showed that domain representations
were consistently maintained across sensory modalities, both in their
cortical spatial distribution and in their relative contribution to
explaining brain activity.

4.1. Naturalistic approach to model design and stimulation

The taxonomic model of naturalistic action representation was
developed through a multi-step process. First, we identified and cate-
gorized critical action features into six conceptual domains, drawing on
existing literature on action representation. Next, multiple raters were
engaged to extract and annotate action-related information from the
movie stimulus. This step comprised two main stages: event segmenta-
tion, during which raters were asked to detect discrete actions from the
continuous movie stream and define their temporal locations; and
feature tagging, i.e., raters described each identified action according to
the features outlined in the taxonomic model.

For the segmentation step, raters were instructed to freely identify
the temporal boundaries of distinct actions. Event segmentation
research suggests that actions follow a partonomic organization: they
can be defined at multiple levels of granularity, ranging from fine-grain
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atomic movements to broader, coarse-grain events based on actor in-
tentions and goals (Shipley and Zacks, 2008; Gu et al., 2018). We
deliberately avoided imposing strict constraints or providing explicit
instructions about the grain size of actions. This approach aligns with
findings indicating that partitioning a continuous stream of events into
discrete units is a subjective and non-trivial process for human ob-
servers. In fact, event segmentation emerges from the interplay of
perceptual cues and inferential processes involving prior knowledge,
observer goals, and task instructions (Shipley and Zacks, 2008). Notably,
instructions can modulate segmentation density by guiding observers
toward coarser or finer-grain segmentation criteria (Zacks et al., 2001).
By refraining from providing specific instructions, raters were allowed
to adhere to their own criteria for defining action, fostering the emer-
gence of a more ecologically valid and naturalistic segmentation unit. At
the same time, the absence of a common criteria inevitably led to greater
variability across raters, as reflected in differences in the number of
identified events. Nevertheless, overall inter-rater agreement on the
annotated features was found to be robust, and, by including only an-
notations that were common to at least two out of three raters, we
constructed an average group model that effectively captures a struc-
tured representation of action domains. Importantly, the domains were
designed to be orthogonal, and analyses of inter-domain correlations
confirmed their minimal overlap and independent contributions to the
final model.

Notably, most of the features incorporated in our model have pre-
viously been explored within the literature, often with neural correlates
identified for each of them (Grafton and Hamilton, 2007; Van Elk et al.,
2014; Kemmerer, 2021). However, traditional paradigms usually focus
on isolated actions, employing highly-controlled single clips with low
ecological validity. These approaches often overlook the complex
interplay and contextual dependencies between multiple actions.
Therefore, to enhance ecological validity, we evaluated our taxonomic
model using a naturalistic stimulation paradigm which enables a more
comprehensive understanding of how the brain interprets and processes
actions within the dynamic context of everyday life, thus ultimately
improving the reliability and generalizability of research findings
(Hasson et al., 2004).

4.2. Model goodness of fit and invariance to sensory input

Testing whether our model could predict fMRI data during AV
stimulation, we found that most of the cortex encodes action features.
Statistically significant ROIs spanned prefrontal, temporal, parietal, and
occipital cortices, substantially overlapping with the extended AON
(Han et al., 2024). As previously noted, prior literature mostly focused
on isolated action features and highly controlled experimental stimuli.
Here, the naturalistic approach adopted in both action model creation
and stimulus design uncovered a much more extended network,
encompassing areas involved in mentalizing and social cognition as
well, namely, the temporo-parietal junction, medial prefrontal cortex,
precuneus, and anterior temporal cortex (Schurz et al., 2014; Arioli
et al., 2021). In a naturalistic setting, actions are complex stimuli, often
embedded within a social context, relaying the affective state of the
agent, and requiring the observer to infer and understand agents’ goals
and intentions (Stern, 2010; Tarhan et al., 2021). Consequently,
observing naturalistic actions entails the recruitment of a wide portion
of the cortex (Haxby et al., 2020), encompassing both the action
observation and mentalizing networks, which jointly support the rep-
resentation of action meaning and agents’ mental states (Arioli and
Canessa, 2019).

On average, the full model explained around 6 % of the variance in
neural activation, reaching a maximum of 13 % in posterior temporal
and lateral occipital areas. While this effect size is consistent with pre-
vious literature (Huth et al., 2012; Cichy et al., 2021; Lahner et al.,
2024), a considerable proportion of variance in neural activity remained
unexplained. In the present study, we employed a high-level taxonomic
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action model which showed higher collinearity with high-level percep-
tual and semantic rather than low-level properties. Yet, the AON might
be preferentially tuned to lower-level perceptual information. In such a
case, our results would be driven by the marginal collinearities between
our model and perceptual lower-level features. To address this possi-
bility, we measured the impact of lower-level perceptual features by
re-testing the full-model in the AV modality after orthogonalization (see
Supplementary Figure S7 for detailed methods). The results of this
control analysis showed that, after accounting for computational
low-level properties, the model still retained a robust predictive pattern,
peaking in the right posterior MTG (10 % of variance explained by the
taxonomic features), confirming that this model did not rely on
perceptual features. The existing literature appears to support this pos-
sibility: studies comparing or estimating unique contributions of
perceptual vs. higher-level models demonstrated an advantage of the
latter in explaining brain activations (Urgen et al., 2019; Masson and
Isik, 2021; Dima et al., 2022). These findings are paralleled by behav-
ioral investigations suggesting that action categorization and similarity
judgments are driven by higher-level dimensions such as sociality and
action goals rather than visual characteristics and kinematics (Tarhan
et al., 2021; Kabulska and Lingnau, 2023; Dima et al., 2024).

The action model’s ability to explain brain activity independently of
stimulation modality was also assessed. Results in the video-only mo-
dality were similar to the multimodal stimulation, as the model signif-
icantly predicted brain activity in most temporal, occipital, and parietal
areas. On the other hand, auditory-only stimulation resulted in a loss of
explanatory power across the cortex, with only a few areas in the tem-
poral cortex surviving statistical thresholding for multiple comparisons.
It should be noted that, for all three modalities, we tested the same ac-
tion model, which was developed by tagging events in the audio-video
version of the stimulus. While raters were instructed to tag every ac-
tion independently of the sensory modality of stimulus presentation, the
action descriptors inevitably encompass multisensory information.
Indeed, the effect size in the multisensory modality was greater than in
the visual-only and auditory-only modalities. The increased responsivity
of the AON to multimodal audio-video stimulation as compared to
unimodal conditions has already been proved (Kaplan and lacoboni,
2007; McGarry et al.,, 2012; Bischoff et al., 2014), with evidence
pointing toward an advantage of the visual over the auditory modality
(Copelli et al., 2022). Equally, while action processing as a whole results
to be modality-independent (Ricciardi et al., 2009; 2013), whether the
representation of individual action features is due to concurrent additive
modality-dependent  responses or to a truly shared,
modality-independent coding is still uncertain (Alaerts et al., 2009; Rezk
et al., 2020).

4.3. Domains representation across modalities

Previous investigations into action representation have usually
adopted univariate approaches, testing action properties in isolation
(Kemmerer, 2021). Therefore, the potential interactions and the com-
plex manner in which such properties may jointly contribute to brain
activity have been overlooked. To address this limitation, we employed
a variance partitioning approach, which enabled us to disentangle the
unique contribution of each action domain, while accounting for
collinearity between features. This approach yielded equivalent results
across sensory modalities, both in terms of the magnitude of
domain-specific R?> and their cortical distribution. Specifically, we
observed a stability of domain contributions across brain regions and
sensory modalities.

In this regard, the Effector domain explained the highest amount of
variance in all modalities, highlighting the importance of this feature in
action perception (Beurze et al., 2007; Abdollahi et al., 2013; Tarhan
and Konkle, 2020). The Social domain was the second most contributing
domain, consistent with previous accounts proposing the socio-affective
dimension as an organizing principle for action representation (Wurm
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et al., 2017; Tarhan and Konkle, 2020; Dima et al., 2022; Kabulska and
Lingnau, 2023; Zhao et al., 2024; Han et al., 2024). On the other hand,
we found that the Emotion domain had the least impact on the full
model across all modalities, which may be due to the higher level of
complexity of our Emotion features with respect to previous studies (e.
g., emotional information relayed by the narrative rather than scene
valence; Masson and Isik, 2021; Kabulska and Lingnau, 2023). Alto-
gether, these findings suggest that the representational organization of
action features remains consistent despite differences in sensory input.

The absolute magnitude of domain-specific R? revealed an imbalance
toward the Effector domain, which was consistent across ROIs. There-
fore, to highlight potential preferences in feature tuning, we employed a
rank-based approach assessing domains’ relative specificity within ROIs.
We found weak evidence of domain specificity, with multiple regions
preferentially recruited by more than one domain. Nonetheless, as dis-
cussed above in the Results section, the spatial distribution of domain
preference is consistent with previous literature. Indeed, the lack of
specificity of the AON is corroborated by lesion studies, which provide
sparse evidence of associations between these specific action features
and brain regions (Kalénine et al., 2010, 2013; Bonivento et al., 2014;
Urgesi et al., 2014).

In the audio-video, visual-only, and auditory-only conditions, single
domain contributions added up to 54 %, 57 %, and 49 % of the full
model R? respectively. Thus, around half of the neural activity
explained by the action model can be attributed to variance shared
across domains rather than to their unique contributions. Again, the lack
of domain specificity in our results is consistent with this notion.
Because of computational constraints, it was not feasible to estimate
common sources of variance between all possible domain combinations.
Interestingly, our action features were grouped into conceptually
meaningful domains so that collinearities between domains were mini-
mized. Despite model orthogonality, we found that shared information
across domains accounted for the majority of explained brain activity,
suggesting that our taxonomic categorization may not reflect how the
brain organizes action-related information. Rather than relying on
theoretically motivated stimulus descriptors, recent works (Zheng et al.,
2019; Hebart et al., 2020) have employed data-driven approaches to
stimulus feature extraction in object coding, leveraging human simi-
larity judgments of stimuli. Such approaches may provide a better
approximation of the dimensions governing mental representations
(Hebart et al., 2020) and may reveal critical features that previous
literature might have missed (Kabulska and Lingnau, 2023), thus
increasing the ecological validity of the investigated dimensions.
Implementations of such approaches in the framework of action repre-
sentation may identify action features tailored to describe naturalistic
stimuli and explain their neural representations.

5. Conclusions

In conclusion, this study has extended the understanding of action
representation in the human brain across varying sensory modalities by
taking advantage of a naturalistic stimulation and a comprehensive
taxonomic model of action features. The findings reveal that the AON is
capable of robustly encoding action-related information across sensory
modalities, highlighting the modality-general nature of action process-
ing. Furthermore, by means of variance partitioning, we demonstrated
that specific action domains contribute distinctly to neural representa-
tion, with some domains, such as Effector and Social, showing stronger
influence than others. Importantly, the work underscores the value of a
naturalistic approach to neuroscience research, providing a more
ecologically valid insight into how actions are processed in real-world
settings. This study not only enhances our understanding of neural
mechanisms underlying action perception but also opens avenues for
further research into how actions are integrated across different sensory
inputs to form a cohesive understanding of others’ behaviors.
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