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Cortical resources are allocated into systems specialized for processing ecologically
relevant features of the world. These features are typically studied in isolation using
controlled experimental stimuli, making it difficult to assess the relative importance
of different kinds of features that tend to overlap during natural vision. In the current
study, we evaluated the relative contributions of action, agent, and scene features in
predicting cortical activity while participants viewed a 1-h nature documentary. We
tested four sets of model features: semantic vectors capturing the observed action,
agent, and scene features derived from an annotation of the stimulus, as well as low-
level visual motion-energy features. We used banded ridge regression to fit vertex-wise
encoding models from the combination of all four sets of features. While each set of
features predicted neural activity in the expected areas, the action features predicted
more widespread activity. A variance partitioning analysis revealed that the action
features captured the most unique variance in neural activity across a much larger
extent of cortex than the agent or scene features. Our findings suggest that cortical
activity during dynamic, natural vision is dominated by features for understanding the
actions of others.

action understanding | cortical organization | fMRI | naturalistic stimuli | voxelwise encoding models

Cortical resources are differently allocated toward processing different features of the
world. This division of labor coincides with the behavioral relevance of certain kinds of
stimuli. For example, in highly visual species like humans and other primates, a relatively
large proportion of cortex is devoted to visual processing, and visual cortex is highly
subdivided, relative to other mammals (1-3). Cortical magnification as a function of
behavioral importance and complexity is a well-established principle in sensory and motor
cortices: foveal vision recruits much more cortex than the periphery for higher-acuity
processing (4—8); effectors requiring fine motor control like the hands and mouth occupy
disproportionately large portions of sensorimotor cortex (9—13). Cortical magnification
may also extend into higher-order perceptual and association cortices, reflecting the
relative complexity and ecological importance of different high-level features.

In this vein, functional neuroimaging has revealed a mosaic of functionally specialized
cortical areas for processing faces (14, 15), scenes (16, 17), and other salient features
of our visual world (18), culminating in a ventral visual pathway for object perception
and categorization (19, 20). Results of this kind have informed a number of theories
on the large-scale structure of semantic knowledge, particularly object categories, in the
human brain (21-26). In these experiments, however, neural responses to static images of
faces or scenes are typically contrasted with carefully selected control images matched on
certain parameters—making it difficult to assess how different kinds of features compare
in terms of their overall cortical footprint.

A largely separate line of work has focused on the cortical systems supporting the
perception of dynamic visual features, such as biological motion (27-31) and observed
actions (31-35). These experiments typically employ highly controlled stimuli as well: for
example, point-light displays of a figure moving naturally versus nonnatural motion (e.g.,
refs. 36 and 37), moving geometric shapes depicting social interactions (e.g., refs. 31 and
32), or brief videos depicting isolated hands performing simple actions like opening versus
closing a container (e.g., refs. 38 and 39). Experiments of this kind have culminated in a
lateral visual pathway for dynamic social perception (40, 41) and a frontoparietal action
observation network (33, 34, 42). Ventral visual areas, however, are also consistently
activated by these dynamic stimuli depicting agentic action (e.g., refs. 27, 31, and 32,
suggesting that the putative “object vision pathway” also plays an important role in
dynamic social perception and action observation (43, 44). In studies where different
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classes of stimuli are compared (e.g., refs. 36, 45, and 46, many
regions exhibit mixed responses to different classes of stimuli,
suggesting that functional specialization may be more complex
than some experiments would suggest.

These cortical pathways for static object perception and
dynamic action perception emerged separately, in isolated ex-
periments. Taking these findings into consideration, we might
surmise that, while cortex has functionally specialized subdo-
mains for certain features of the world, these features are roughly
commensurate—each of these features is similarly important
to cortex. This conclusion may not be warranted, however,
for several reasons. While targeted experimental manipulations
are useful for disentangling different features, this piecemeal
approach limits our ability to quantify how different features are
processed in cortex under naturalistic conditions, when the field
is cluttered, dynamic, and embedded in a temporal and semantic
context. In natural vision, features are not compartmental-
ized—they are often superimposed and may interact in a number
of ways. For instance, different agents may perform semantically
similar actions in kinematically different ways (a monkey eating
nuts, a seal eating penguins); different actions may correlate with
certain background features (e.g., a cheetah sprinting across the
savanna, a dolphin swimming past a reef). While these might
be considered confounds in experimental design, the brain may
both capitalize on these statistical associations (47—51) and learn
invariances across them: despite the fact that a caterpillar, a
hummingbird, and a chimpanzee eat in quite different ways,
the brain encodes semantic features of the eat action that
generalize across different agents (52). The use of naturalistic
stimuli allows us to more holistically evaluate the relative
contribution of different features that are typically studied in
isolation (43, 53-55).

Recent work has begun using movies and spoken narratives to
explore how different features are encoded in neural activity under
more ecological conditions. Movies have been shown to drive
reliable activity across much of cortex (56—65) and are thought
to sample features of the world (and their intercorrelations)
in a more “representative” (66) way than typical experimental
stimuli (55, 67). For example, Huth and colleagues (2012; 68)
used an annotation of a natural movie stimuli to demonstrate
that different semantic features are intermixed and represented
broadly across cortex. Unexpected results have been found in
macaques, where dynamic, socially relevant features of naturalis-
tic stimuli were found to drive activity in areas typically associated
with face processing in experiments using static image stimuli
(69, 70). Given the complexity inherent to naturalistic stimuli,
how can we assess what features best capture cortical activity?
Researchers have developed a modeling framework where the
stimulus is decomposed into different feature spaces based on
explicit models, which are then tested against the neural activity
using joint and nested regression models (71-73). For example,
de Heer and colleagues (2017; 72) compared three different
sets of features for speech comprehension in spoken narratives:
spectral, articulatory, and semantic features. Using a variance
partitioning analysis, they found that semantic features capture
much more variance in neural activity across a large portion
of cortex, whereas spectral and articulatory features of speech
were encoded in relatively focal auditory regions. This framework
allows us to quantitatively link complex neural activity driven by
naturalistic stimuli to interpretable features, and compare the
relative contributions of different types of features.

In the current study, we asked whether certain higher-level
features of the visual world are “magnified” across cortex relative
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to other seemingly commensurate features. We tested several
different kinds of ecologically relevant visual features to determine
whether any particular set of features recruits a disproportionately
large amount of cortical resources. We measured brain activity
using fMRI while subjects viewed a 1-h movie—the “Life” na-
ture documentary narrated by David Attenborough—depicting
different animals behaving in their natural environments. Based
on predominant trends in cortical organization emerging from
the literature, we tested three different sets of features capturing
the semantic content of the actions (e.g., swimming, running),
agents (e.g., dolphin, cheetah), and scenes (e.g., ocean, savanna)
visually depicted over the course of the film. We also include
a motion-energy model to capture the low-level visual motion
of the stimulus and better isolate higher-level semantic features.
To compare these features, we estimated vertex-wise encoding
models jointly across all four feature spaces, then assessed the
relative contribution of each feature space. We found that
the action features predominate in dorsal regions, with strong
encoding performance extending from inferior parietal regions to
premotor cortex. The agent features yielded the strongest encod-
ing performance in ventrolateral temporal cortex, extending from
lateral fusiform to the posterior lateral occipitotemporal cortex.
The scene features were strongest in ventromedial occipital
and temporal cortex. A variance partitioning analysis, however,
revealed that the action features uniquely predicted activity
across a much greater proportion of cortex than the competing
models.

Results

We tested the relative contributions of different semantic feature
spaces to cortical activity while participants viewed a nature
documentary (Fig. 1). Semantic features for actions, agents, and
scenes were constructed from a detailed behavioral annotation of
the visual content of the film (68). For each word, we obtained
a 300-dimensional word embedding from the GloVe model
(74). In this model, semantic relationships are encoded in the
geometric relationships between vectors, such that more similar
words are located nearer to each other in the embedding space,
based on their co-occurrence in large corpora of text. We also
tested a biologically inspired motion-energy model capturing
dynamic, low-level visual content (75-77). To assess these
different models, we constructed vertex-wise encoding models:
we fit a linear model mapping from the semantic vectors to
the response time series at each vertex (78). To fairly assess the
contribution of each model, we first used principal component
analysis (PCA) to reduce each feature space to a matching
dimensionality (40 dimensions, explaining over 95% of the
variance in each of the three feature sets of interest; S/ Appendix,
Fig. S1). Second, we combined all four feature spaces and
estimated joint encoding models using banded ridge regression
(79). We evaluated the relative contributions of these models
using four-fold, leave-one-run-out cross-validation combined
with leave-one-subject-out cross-validation; that is, models were
evaluated in a left-out segment of the stimulus in a left-out
subject. To better align cortical-functional topographies across
individuals, we estimated individual-specific transformations
using whole-brain surface-based searchlight hyperalignment (80)
from the three training runs, then applied these transformations
to the left-out fourth run. We quantified encoding performance
as the correlation between the model-predicted time series
and the actual fMRI time series for the test run in the test
subject.
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Fig. 1. Encoding multiple feature spaces using banded ridge regression. Participants watched a movie stimulus—a nature documentary featuring a variety
of behaving animals in their natural environments—during fMRI acquisition. The stimulus was split into four separate 15-min runs; each run was unique and
contained multiple scenes depicting different animals in different environments. The stimulus was annotated at roughly 2-TR (5-s) intervals to describe in words
what was visually depicted in the film. The annotation was then split into words describing the agents (e.g., dolphin), actions (e.g., swimming), and scene (e.g.,
ocean). For each word, we extracted GloVe embeddings capturing the semantic content of the words. We also extracted dynamic, low-level visual features of
the stimulus using a motion-energy model. The embeddings for agent, action, and scene words, as well as the frame-by-frame motion energy features, were
downsampled to the TR and concatenated into a joint encoding model. We used banded ridge regression to estimate a linear mapping from the joint model
to the BOLD response time series at each vertex. Vertex-wise encoding models were trained on the average time series from N — 1 participants aligned into
a shared space using searchlight hyperalignment (leave-one-subject-out cross-validation) for three of the four stimulus segments (leave-one-run-out cross-
validation). We used the trained model to generate predicted BOLD response time series for the test segment. Model-based predictions were generated jointly
or separately for each feature space by discarding (zeroing out) weights for other feature spaces. Encoding model performance was evaluated by computing
the correlation between the model-predicted BOLD time series and the actual BOLD time series for the left-out test run in the left-out test subject (also aligned
to the shared space using hyperalignment transformations based on the training runs).

Vertex-Wise Encoding Performance for Actions, Agents, and
Scene Features. To quantify the relative contributions of each
feature space, we fit joint vertex-wise encoding models, then
generated four sets of predictions based on the subset of weights
corresponding to each feature space. We computed the correla-
tion between the predictions for each feature space and the actual
vertex time series separately (see S/ Appendix, Fig. S2 for the full
model performance). The joint model captures a subset of reliable
variance in neural activity across subjects as estimated using an
intersubject correlation (ISC) analysis (S Appendix, Fig. S3). All
four feature spaces yielded significant predictions (¢ test, FDR P
< 0.05) with different cortical topographies (Fig. 2). The action
features yielded significant predictions throughout the action
observation network extending from lateral occipitotemporal
cortex (LOC), anterior intraparietal (AIP) and postcentral cortex,
and premotor cortex (Fig. 24). Predictions based on the agent
features were strongest in LOC, posterior superior temporal
cortex, as well as ventral temporal (VT) cortex (Fig. 2B). The
scene features yielded significant, but weaker, predictions in
LOC, posterior parietal cortex (PPC), retrosplenial cortex, and
ventral temporal cortex extending medially into parahippocampal
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cortex (Fig. 2C). Finally, the motion-energy features yielded
significant performance primarily in early visual areas, including
primary visual cortex (V1) and posterior VI (Fig. 2D). In
general, these cortical topographies are consistent with the
functional organization reported by studies using experimental
manipulations to target particular specific features in isolation.
See SI Appendix, Fig. S4 for direct statistical comparisons between
models.

Unique Variance Explained by Each Set of Features.In the
previous analyses, we fit a joint model with four feature bands
and then generated predictions from the weights corresponding
to each feature space. While this approach allows us to visualize
relative contributions of different feature spaces (73), the different
feature bands may nonetheless predict overlapping portions of
variance in neural activity—in a naturalistic context, different
features may be highly collinear. That is, the prior analyses do
not tell us how much variance in neural activity is uniquely
predicted by a given feature space. To quantify the unique
variance predicted by each feature space, we performed a
variance partitioning analysis (71, 72). We performed a nested

https://doi.org/10.1073/pnas.2625018123
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Fig. 2. Encoding performance for each feature space. Whole-brain vertex-wise encoding performance for four feature spaces: (A) actions, (B) agents, (C) scene,
and (D) motion energy. Joint encoding models were estimated combining all four feature spaces using banded ridge regression, to allow each feature space
to compete for variance. Predictions were then generated from the learned weights for each feature space separately. Encoding performance is quantified as
the correlation between model-predicted and actual neural activity in a left-out run in a left-out subject. Correlations are averaged across test runs and test
subjects, and thresholded for statistical significance (t test across subjects, FDR P < 0.05).

regression analysis in which we constructed a joint encoding
model combining all four feature spaces, then fit four nested
models, each excluding one feature space of interest. We quantify
the unique variance explained by a feature space as the difference
in encoding performance between the nested model where that
feature space is excluded and the joint model where that feature
space is included. This analysis effectively controls for collinearity
between different sets of features; if a given feature set is fully
collinear with other feature sets, it will not capture any unique
variance in this analysis. We first quantified the unique variance
explained by each of the four feature spaces and statistically
evaluated these maps across subjects (Fig. 4).

We found that the action features uniquely predict neural
activity across a large swath of cortex (Fig. 44), including LOC,
AIP, and vPM, as well anterior VT, excluding the fusiform
gyrus (bootstrap hypothesis test, FDR P < 0.05). The agent
features uniquely predicted a much more restricted, punctate set
of vertices localized to posterior LOC, STS, and fusiform gyrus
(Fig. 4B). The scene features uniquely predicted neural activity
in posterior VT and medial visual areas like retrosplenial cortex
(Fig. 4C). The motion-energy features captured unique variance
in early visual areas (Fig. 4D).

Last, we sought to quantify how much of the cortical sheet
was uniquely predicted by different partitions of variance across
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all four feature spaces. To do this, we first constructed encoding
models for every combination of the four feature spaces: each
individual feature space, each pair, each triplet, and the full model
comprising all four feature spaces (15 combinations in total).
We averaged encoding performance across subjects and runs for
each combination of models. We then quantified the variance
explained uniquely by each feature space, and each intersection
of two or more feature spaces. This resulted in 15 values
corresponding to each partition of a four-way Venn diagram.
Finally, we determined which of these partitions explained the
most variance in neural activity at each vertex (S/ Appendix, Table
S1). Although we included the models containing motion-energy
features in the variance partitioning analysis, we focus on the three
semantic feature spaces (i.e., actions, agents, scene).

First, we found that each model uniquely predicted some set
of vertices better than all other models (and combinations of
models), suggesting that the models themselves are comparable in
quality to one another. For example, agent features captured more
unique variance than all other combinations in 475 vertices (Fig.
5). Critically, however, we found that action features uniquely
predicted neural activity better than all other combinations
of features across an order of magnitude more vertices than
agent and scene features: 4,984 vertices for actions versus 475
vertices for agents and 495 vertices for scene features (Fig. 5).
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Encoding performance across regions of interest. To summarize encoding results, we averaged encoding performance values across vertices within

each of 10 ROIs ranging from low-level visual areas to higher-level cortical areas. Bars indicate encoding performance averaged across left-out runs and left-out
subjects for the four feature spaces: (A) actions, (B) agents, (C) scene, and (D) motion energy. Homologs in the left hemisphere (dark colors) and right hemisphere
(light colors) are shown separately. Error bars indicate 95% bootstrap Cls (resampling subjects).

This indicates that a much larger proportion of human cortex
is dedicated to understanding observed actions than to other
commensurate features. The unique motion-energy partition, on
the other hand, best explained 5,586 vertices, primarily in early
visual areas, and the intersection of motion energy and semantic
features best explained many vertices progressing anteriorly into
extrastriate cortex. Many regions exhibited mixed selectivity for
multiple semantic feature spaces. For example, 1,204 vertices,
primarily in lateral and ventral occipitotemporal areas, were best
explained by the intersection of all three semantic feature spaces.
The intersection of actions and agents best explained 1,482
vertices, including in right pSTS. In fact, the intersection of all
four feature spaces best explained the largest number of vertices
overall: 15,239 vertices throughout higher-level visual areas, like

VT, LOC, STS, and PPC.

PNAS 2026 Vol. 123 No. 43 e2625018123

Generalizing to a Broader Sample of Naturalistic Stimuli. The
preceding analyses focused on a naturalistic stimulus primarily
featuring animals in their natural habitats. While the “Life”
documentary has the benefit of including a large variety of
animals (agents) across many diverse environments (scenes),
it is not necessarily representative of our daily experience,
which includes interacting with other humans and human-made
objects/environments. With this in mind, we next aimed to
test whether our findings generalize to a more diverse set of
naturalistic stimuli featuring humans interacting with each other
and their environments. To this end, we replicated our analyses
on a completely separate fMRI dataset where N = 72 subjects
viewed 12 different audiovisual short films (31 min in total)
spanning a large variety of themes and styles (the “Spacetop”
dataset; 81).

https://doi.org/10.1073/pnas.2625018123
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Fig. 4. Unique variance explained by each feature space. Whole-brain maps of unique variance explained by (A) action, (B) agent, (C) scene, and (D) motion-
energy features. Unique variance explained by a given feature space was estimated by computing nested regression models, then subtracting the performance
of a nested model excluding the features of interest from a full model containing the features of interest. Vertex-wise unique variance was estimated within
each run and subject, then averaged across runs and subjects, and thresholded for statistical significance (bootstrap hypothesis test resampling subjects, FDR

P < 0.05).

We used artificial intelligence in a semiautomated pipeline to
extract text annotations from the video frames at each time point
of the fIMRI data (Materials and Methods). Notably, these videos
also contained a larger number of objects, tools, and other human
artifacts than the “Life” documentary. To account for this, we also
extracted an object annotation in the same fashion as the action,
agent, and scene annotations. For each word in each of the four
annotations, we extracted the corresponding GloVe embeddings
and averaged these embeddings within each TR, yielding one
embedding per TR for each of the four types of features.

We next estimated within-subject voxelwise encoding models
using banded ridge regression with semantic features describing
the actions, agents, objects, and scenes, as well as motion energy.
We used four-fold cross-validation to ensure that encoding
models were always tested on a left-out set of movie stimuli
unrelated to those used in training. We evaluated the predictions
of each feature space (S Appendix, Fig. S5) as well as the
unique variance explained by each feature space (S Appendix,
Fig. $6) in the same way as in previous analyses. In keeping with
the preceding results, we found that action features captured
a broad swath of cortex, including lateral occipitotemporal
cortex, parietal cortex, and premotor cortex, as well as ventral
temporal cortex. The agent and scene features captured much
more punctate regions of cortex. Notably, the object features also
performed well in lateral occipitotemporal and parietal regions,
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but still did not yield as widespread of coverage as the action
features.

Across all vertices, we found that the action features, relative
to other semantic features, captured the largest proportion of
unique variance in 30.1% of vertices, comparable to motion
energy at 32.4% of vertices; object, scene, and agent features
captured the most unique variance in 20.1%, 10.9%, and 6.5%
of vertices, respectively. Action features captured a significant
portion of unique variance in 15,702 vertices (¢ test across
subjects, P < 0.05, uncorrected); motion energy, objects, scenes,
and agents explained a significant portion of unique variance in
13,403 vertices, 10,361 vertices, 1,893 vertices, and 795 vertices,
respectively. Overall, these results qualitatively recapitulate our
core findings in a completely independent sample with a more
diverse array of more human-oriented stimuli. Action features
are a particularly strong predictor of cortical activity and appear
to have a particularly large cortical footprint.

Discussion

Human cortex prioritizes certain ecologically relevant features
of the world for processing. Natural vision is a holistic family
of processes conspiring to understand natural scenes, their
constituent agents and objects, and the behavior of those agents,
all in service of our behavioral goals (82, 83). Our understanding
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Fig. 5. Largest partition of variance at each vertex across cortex. For each
vertex, we partitioned the variance explained into components comprising
the unique contributions of each feature space and the intersections of
two or more feature spaces. We then assessed which of these partitions
corresponded to the largest component of variance at each vertex. The Venn
diagram depicts, for each partition, the number of vertices for which that
partition was larger than all other partitions. For example, in 4,984 vertices,
action features uniquely accounted for more variance in neural activity than
any other partition. The motion-energy model was included when quantifying
unique variance explained, but is excluded for visualization purposes.

of the functional organization of cortex, however, stems from
experiments designed to isolate particular features, typically using
highly controlled experimental stimuli (e.g., refs. 18 and 84). In
the current study, we used a naturalistic movie-viewing paradigm
combined with a specialized modeling framework to more fairly
assess the relative contributions of different features to cortical
activity. We tested three different sets of semantic features
reflecting the agents, actions, and scenes depicted in the stimulus,
as well as a model of low-level visual motion. We found that the
actions model in particular provided strong predictions across a
large portion of cortex, extending from occipitotemporal areas
into parietal and frontal cortices. For the “Life” stimulus, the
action features captured unique variance in neural activity across
an order of magnitude more cortical vertices than the agent or
scene features. Our findings indicate that observed actions occupy
a privileged role in cortical processing across a diverse range of
clips, and in particular for the longer-form “Life” documentary.

Each of the four models we tested outperformed the other
models in certain cortical areas typically associated with the
respective model features (Figs. 2—4), suggesting that the different
features are relatively well-matched; no feature set is degenerate
or completely redundant with the others (S/ Appendix, Fig.
S1). The motion-energy model was the best model in early
visual areas (77), but was overtaken by the semantic models
in higher-level areas (68). We note that in contrast to both
prior experimental work (e.g., refs. 85-87 and certain movie-
viewing experiments (68, 77), we did not enforce central fixation
and allowed participants to move their eyes naturally while
viewing the documentary. Interestingly, while the motion-energy
model yielded significant encoding performance in the vicinity of
human area MT/V5 (Fig. 2D), MT encoding was largely eclipsed
by the semantic models in the variance partitioning analysis
(Fig. 4D). This is consistent with recent voxelwise encoding
work by Dupré la Tour, Visconti di Oleggio Castello and
colleagues (2025; 88) comparing motion energy with a different
semantic model (WordNet) during a naturalistic movie-viewing
task. Overall, this suggests that, during natural vision, activity in
human area MT tends to be strongly correlated with higher-level
semantic features of the stimulus.

PNAS 2026 Vol. 123 No. 43 e2625018123

When considering the relative contributions of different
semantic features, we found that agent features were strongly
encoded in ventral temporal cortex, particularly the fusiform
gyrus (14, 15, 89, 90), and the right pSTS (91-94). Agent
features were also a strong predictor in LOC, yielding the
highest encoding performance across all models and areas in
the ROI analysis (Fig. 3B). Agent features may covary with face
(95, 96), body-part (97-99), and social (100) features encoded
in lateral occipital and temporal areas. Scene features performed
well in ventral temporal areas, including parahippocampal cortex
(16, 17, 101), as well as posterior occipitoparietal cortex (102),
and retrosplenial cortex (103, 104). Action features performed
well throughout the action observation network, including LOC
(35, 100, 105-110), as well as anterior parietal and premotor
areas (33, 34, 42, 111, 112). In general, our findings align
with previous controlled experiments, but extend these trends of
cortical functional organization into a more naturalistic setting.
We note that eye movements may play a role in our modeling
results: for example, gaze may track with observed actions and
contribute to encoding performance in AIP and the frontal eye
fields. However, if eye movements were to bias our encoding
analyses toward action features, they must correlate with action
features in a way that generalizes across diverse movie clips and,
for the analysis of the “Life” movie, across individual subjects
(due to the structure of our cross-validation procedure). Future
work may be able to isolate this eye-movement component using
a similar model comparison framework (e.g., refs. 44, 113, and
114). We note that eye movements are an integral part of natural
vision, however, and if they tend to track dynamic action features
more so than other features, this is further evidence that action
features are of particular importance to the brain.

For the preceding results, we evaluated each feature space
after fitting all features jointly, allowing each set of features to
compete for variance in neural activity (73, 79, 115). Although
that approach allows us to assess the relative contributions of
each feature space to joint encoding performance, it does not
allow us to quantify how much variance in neural activity is
uniquely predicted by each set of features. To quantify the
unique variance explained by each set of features—more strictly
controlling for all other features, including motion energy—
we used a variance partitioning analysis (71, 72; Fig. 4). We
found that, while the agent and scene features still accounted
for unique variance in expected regions, cortical coverage was
much more focal. For example, cortical vertices uniquely captured
by scene features were relatively restricted to posterior ventral
temporal regions, occipitoparietal cortex, and medial visual areas
like parahippocampal cortex and retrosplenial cortex. Cortical
vertices uniquely captured by agent features were even sparser,
with localized clusters of vertices in the bilateral fusiform gyrus,
lateral occipital cortex, and STS. Action features, on the other
hand, captured unique variance across a much larger portion
of cortex, including VT, medial parietal cortex, and canonical
action observation areas extending from LOC to AIP and VPM.

One of the principal challenges of naturalistic neuroscience
stems from the inherent collinearity among stimulus features in
real-world contexts. For example, agent and action features tend
to co-occur in natural vision, leading to intertwined features in
the regression model. As a result, many cortical areas can be
predicted by both sets of features (Fig. 2 A and B). However,
under a more strict variance partitioning regime, we find that
the agent features perform poorly and much of this variance is
assigned to the action features instead (Fig. 4 A and B). This
observation suggests that agent features (and to a lesser extent
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scene features) are correlated with action features, but that neural
activity predicted by agent and scene features tends to be better
explained by action features. By including motion-energy features
in our variance partitioning analysis, we ensure that this effect
is not driven by low-level visual motion. That said, our variance
partitioning analysis also revealed that a large portion of cortical
vertices exhibit heterogeneous selectivity: activity at these vertices
is best explained by the intersection of different feature spaces (S/
Appendix, Table S1).

Note that in our annotation, action features typically corre-
spond to verbs, whereas agent and scene (as well as object) features
typically correspond to nouns, which are thought to rely on
dissociable neural systems (116, 117). The cortical topographies
we observe are generally consistent with prior neuroimaging
work comparing verbs versus nouns (e.g., refs. 108, 118, and
119). We note, however, that our core encoding results do not
boil down to a simple contrast between verbs and nouns. To
obtain high encoding performance, the semantic action features
in our regression model must predict changes (i.e., variance) in
voxel activity across different actions present in the stimulus. If
a voxel’s activity was uniformly high across the actions present
in the stimulus, it would not show high encoding performance
for the action features due to a lack of variance across actions.
Our findings provide unique insights into the relative strength
with which these different features are represented in cortical
activity during natural vision. In contrast to nouns, verbs may
key into neural representations of abstract events (107) or the
contextual/relational structure between agents and objects (e.g.,
refs. 120 and 121. Future work should further investigate whether
the relational structures of language can provide insights into the
organization of high-level visual representations (122-125).

While our encoding models were designed to compare certain
theoretically motivated visual and semantic features, there are
important elements of the stimulus that our models do not
capture. Comparing our encoding model performance maps to
the total stimulus-driven variance as estimated by an intersubject
correlation (ISC) analysis (SI Appendix, Fig. S3) is instructive.
First, even in areas where the encoding models perform well,
they still only capture a portion of the variance revealed by
the ISC analysis. Second, the present encoding models were
derived from an annotation of the visual content of the stimulus,
which excluded David Attenborough’s voice-over narrative by
design. The ISC map, however, reveals very strong correlations
in superior temporal areas, presumably driven by the spoken
narrative. Finally, even a nature documentary is designed to
create narratives with suspense, resolution, comedy, and tragedy
(126). We observe modest ISC in prefrontal cortex and areas of
the default-mode network (DMN), such as the temporoparietal
junction (TPJ) and precuneus, regions that are not well-predicted
by any of our encoding models. Models that better capture the
contextual structure of the narrative (e.g., ref. 127) or the social
interactions and intentions of the agents in the film (e.g., ref.
128) may be required to key into these higher-order regions.

Although our encoding results recapitulate familiar maps
of cortical functional organization, the relative differences in
variance explained are instructive. Our core findings indicate
that—for a longform nature documentary—roughly 10 times as
much of cortex is allocated to representing observed actions as
compared to agents and scene features (Fig. 5). When viewing
agents behaving in their natural environments, the “behavior”
appears to be what matters most to cortex. This aligns with
recent work suggesting that the dynamic features of observed
actions play an outsized role in cortical activity, including in
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unexpected cortical areas like ventral temporal cortex (44, 52, 69).
We contend that this primacy of action representation in vision
has been historically underappreciated due to the field’s reliance
on highly controlled experimental manipulations and static image
stimuli (43, 54, 55).

Our findings raise a difficult question: Why are cortical
resources so heavily skewed toward understanding the actions
of others? Why are these action features “magnified” across the
cortical surface? While processing natural scenes and the agents
occupying them is certainly important, the actions of an agent
are likely to change most meaningfully over time. As an agent
pursues its goals, its behavior dynamically evolves over time—
these actions are laden with intentions, oftentimes social content,
and sometimes behavioral ramifications for the observer. Humans
are a remarkably social species and understanding the actions and
intentions of others is the bedrock of social cognition. From an
ecological perspective (129), all of these features of the world
afford certain adaptive behaviors and may “compete” to capture
cortical resources over the course of evolution and development
(51, 130, 131). We speculate that the actions of other agents are
particularly important for our own behavior, and have therefore
secured a remarkably large proportion of cortical real estate.

Materials and Methods

Participants. Eighteen right-handed adults (10 reported female, mean age
+ SD: 25.4 £ 2.6y) participated in the experiment. All participants had
normal or corrected-to-normal vision, normal hearing, and reported no
neurological conditions. All participants provided written, informed consent
prior to participating in the study. The study was approved by the Institutional
Review Board of Dartmouth College. These data have been analyzed in previous
publications (52, 132).

stimuli. Participants viewed four audiovisual clips from the "Life" nature
documentary narrated by David Attenborough during MRI scanning. The
stimulus was divided into four 15-min runs (15.3, 14, 15.4, and 16.5 min),
totaling 63 min. The video stimulus was backprojected on a screen at the
end of the scanner bore and viewed with a mirror attached to the head coil.
The audio track was delivered using MRI-compatible fiber-optic electrodynamic
headphones. Participants freely viewed the movie and were instructed to remain
still. The stimulus was presented using PsychoPy (133).

Data Acquisition and Preprocessing. MRI data were acquired using a 3T
Philips Intera Achieva MRI scanner with a 32-channel phased-array head
coil: TRITE = 2500 ms, resolution = 3 mm isotropic voxels. MRI data
were preprocessed using fMRIPrep (1.0.0-rc5; (134)) followed by confound
regression: six head motion parameters, framewise displacement, five principal
components from a conservative mask of cerebrospinal fluid and white matter,
linear detrending, and a band-pass filter (0.00667 to 0.1 Hz). Whole-brain
surface-based searchlight hyperalignment was used to align fine-grained
functional topographies across individual brains prior to vertex-wise encoding
analysis (43, 60, 80). See S/ Appendix for further acquisition and processing
details.

Stimulus Annotation. In order to quantify the semantic content of the movie
stimulus, we first assigned word labels to each moment of the film (68, 132). A
human annotator assigned words describing the visual content of the stimulus
inroughly 2-TR segments averaging 5.17 4 3.85s(run 1="5.83; run2 =4.61;
run 3=>5.59; run 4 =4.67; certain segments—e.g., the introductory sequence-
were longer than others). The audio track and voice-over narrative were not
presented during this annotation task. After the annotation was complete, the
words in each segment were then manually filtered by a human annotator into
three different types of descriptive words: words describing the actions taken by
animalsin the film (e.g., "swimming"), words describing the agents themselves
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(e.g., "dolphin"), and words describing the scene or background (e.g., "ocean”).
Words from each segment were then duplicated to effectively upsample the
roughly 5-s annotation windows to the 2.5-s TR of the fMRI acquisition. The
choice of action-, agent-, and scene-related words was motivated by major
organizational features of high-level visual cortex reported in the neuroimaging
literature (e.g., ref. 18). Note thatwords describing actions will tend to correspond
to verbs, while words describing agents or scenes will tend to correspond to
nouns. The annotations are available at the accompanying GitHub repository:
https://github.com/jungheejung/life-encoding.

Semantic Feature Spaces. To quantify the semantic content of the visual
stimulus, we extracted 300-dimensional semantic vectors from GloVe (74).
GloVe embeddings have been widely used to capture semantic content encoded
inneural activity (e.g., refs. 127 and 135-139. GloVe isan unsupervised learning
algorithm that represents words as vectors in a high-dimensional embedding
space based on their co-occurrence statistics in large corpora of text. Semantic
structureisencoded inthe geometricrelationships between word embeddingsin
this high-dimensional vector space: certain semantic relationships are encoded
along particulardirectionsand semantically similarwordsare nearertoeach other
along certain dimensions (140, 141). Each word receives the same embedding
regardless of its local context or usage in our annotation. For each set of
annotations (actions, agents, and scene words), we compiled the embeddings
into TRs and averaged embeddings for multiple words occurring within a single
TR. This resulted in one embedding for actions, one embedding for agents,
and one embedding for scene words per TR. Any TRs containing no words were
assigned a 300-dimensional vector of zeros.

Motion-Energy Model. Prior work suggests that visual motion has a large
impact on cortical activity in response to dynamic, naturalistic visual stimuli like
movies (68, 77). To account for low-level visual motion, we submitted our movie
stimuli to a motion-energy model (75, 76) implemented in pymoten (142, 143).
Video frames were first converted to luminance values and downsampled to
192 x 108 pixels, yielding a 2,530-parameter pyramid of motion energy
filters tiling the stimulus (according to the default parameters in pymoten). The
resulting motion-energy features were log-transformed and downsampled from
the original stimulus frame rate to match the TR of the fMRI data.

Vertex-Wise Encoding Models. To quantify which features of the movie
stimulus are encoded in neural activity-e.g., low-level motion features or higher-
level semantic features—we constructed vertex-wise encoding models (68, 78).
Vertex-wise encoding models estimate a linear mapping from a representation
of the stimulus in a particular to feature space onto the time series of neural
activity. Tomore equitably compare differentfeature spaces, we use banded ridge
regression to fitall feature spaces simultaneously in a joint model (79, 144). We
quantify how well these features map onto vertex-wise activity by 1) evaluating
the predictions from each feature space separately and 2) evaluating the unique
variance explained by each feature space (and intersection of feature spaces). We
describe the vertex-wise encoding analysis in greater detail in S/ Appendix. To
evaluate the relative contributions of each feature space-actions, agents, scene,
and motion energy-we generated model-based predictions using the regression
weightsforeach feature band separately (effectively zeroing outweights for other
bands; 73). We then computed the correlation between predicted time series
and actual fMRI time series in the left-out run and left-out test subject for each
feature space. This results in four separate encoding performance maps, one for
each feature space.

Variance Partitioning. We performed two separate variance partitioning
analyses: 1) we computed the unique variance explained by each of the four
models and assessed the statistical significance of these unique variance values
(Fig. 4); 2) we computed all 15 partitions comprising the unique contributions
and intersections between two or more sets of features, then determined
which of these 15 partitions was largest for each vertex (Fig. 5). In the first
analysis, we fit a full model comprising all four sets of features, then fit
nested models excluding the feature space of interest. For a given feature
space of interest, we quantified the unique variance explained by that feature
space as fynique = ffull — "nested: Where rgy corresponds to the encoding
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performance for the full model with all four sets of features, and ryegteq
corresponds to the encoding performance for the nested model excluding
the model of interest. We computed these vertex-wise rypique values for each
subject, then assessed statistical significance across subjects, resulting in a
whole-brain map of statistically significant rypique values for each of the four
feature spaces (Fig. 4). In the second analysis, we fully partitioned the variance
explained by each combination of feature spaces using commonality analysis
(71,72, 145, 146). We ran encoding models for all possible combinations of
feature spaces, resulting in 15 models (e.g., single features, pairs, triplets, and
all four features: 4C1 + 4Gy + 4C3 + 4C4. We evaluated these models in the
same way as previous models, by computing the correlation between model-
predicted and actual vertex-wise time series (73) for left-out runs in left-out
subjects. To simplify the commonality analysis, for each of the 15 models, we
firstaveraged correlations (with z-transformation) across both runs and subjects,
to obtain a single encoding performance score for each model. We used set
theory to arithmetically determine the variance assigned uniquely to each of the
four feature spaces as well as each intersection of two, three, or all four features
for every vertex. This allowed us to quantify the variance uniquely explained
by one feature space by isolating the variance specific to that feature space
while excluding all other feature spaces and their intersections. In keeping
with prior work (73), we quantified unique variance explained in terms of the
out-of-sample correlation between predicted and actual time series. Finally, we
identified which partition—i.e., unique feature space or intersection of feature
spaces—explained the most variance in vertex-wise activity. This allowed us
to quantify, for example, the number of vertices best explained uniquely by
action features across cortex, or the number of vertices best explained by the
intersection of action and motion-energy features. We computed these vertex
counts within a mask of vertices with significant model performance for the
jointmodel combining all four feature spaces (39,031 significant vertices in the
mask in total across both hemispheres; bootstrap hypothesis test, FDR P < 0.05,
SI Appendix, Fig. S2). Motion energy features were included in the variance
partitioning analysis, although we focus primarily on the three semantic feature
sets. Note that vertices identified in the preceding analyses as having significant
unigue variance explained by a given feature space (Fig. 4) may be better
explained by a different combination of features in this second "winner-take-all"
analysis (Fig. 5).

Statistical Evaluation. To determine whetherthe mean encoding performance
(correlation between predicted and actual response time series) across subjects
was statistically greater than zero, we performed a one-sample t test. To
compare encoding performance between models, we submitted the subject-
level correlation values for both models to a paired ¢ test. Encoding performance
values were averaged across the four left-out runs (four different segments of
the film) within each subject prior to statistical evaluation. Given that the unique
variance estimates are biased toward positive values due to the nested structure
of the models, we used a bootstrap hypothesis test to more conservatively assess
significance (147). To correct for multiple tests across vertices, we controlled
the false discovery rate (FDR; 148) at .05 across both hemispheres (excluding
vertices in the medial wall). To simplify visualization of whole-brain model
performance, we omitted any clusters of significant vertices containing fewer
than 100 contiguous surface vertices (Fig. 2 and S/ Appendix, Fig. S4); when
visualizing unique variance explained (Fig. 4), we omitted clusters with fewer
than 50 significant contiguous surface vertices.

Generalization to an Independent Sample. To assess the generalizability
of our findings, we aimed to replicate our analyses on a completely separate
fMRI dataset with naturalistic movie viewing: the openly available “Spacetop”
dataset(81); (https://openneuro.org/datasets/ds005256/versions/1.1.0). In the
absence of human-generated annotations, we developed a semiautomated
pipeline for producing structured, frame-level descriptions of the video using
vision language models (VLMs). The video stimuli were decoded using OpenCYV,
frames were extracted at a fixed sampling rate, and each frame together with its
timestamp was cached to disk along with a metadata file recording extraction
parametersand frame indices. Frames were then submitted in batches toavision
language model, with the analyzer backend selectable between Anthropic's
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Claude 3.5Sonnet(149)and Google's Gemini 1.5Flash (150)throughacommon
interface, so that the same frames could be annotated by either provider without
changing the downstream code. For each frame we passed the image together
with a fixed context prompt describing the labels of interest (for example, the
agent present, the action being performed, and the surrounding scene), and
the model returned a structured JSON response per frame. APl calls were issued
concurrently within each batch (default of five in-flight requests) with automatic
retries on transient failures, and partial results were written incrementally to
disk so that interrupted runs could be resumed without re-extracting frames or
requerying frames that had already been successfully annotated. The per frame
JSON outputs were then concatenated into a single annotation file per video,
with one timestamped entry per sampled frame. These annotations were then
downsampled to the TR of the fMRI data in the same manner as the human
annotation described previously. Model identity, prompt text, sampling rate,
and concurrency settings were stored in a YAML configuration file alongside
the outputs to support reproducibility, and a shell wrapper allowed the same
pipelineto be runacross a directory of stimulus videos to produce one annotation
file pervideo. The code and prompts used to obtain the annotation are publicly
available on GitHub: https://github.com/hunarjain09/video_frame_analyzer.
The annotations were manually inspected by the authors for quality. Since the
Spacetop stimuli sample more typical human-oriented films than the “Life"
documentary, they also feature a much larger diversity of human-made objects
(e.g., tools, furniture) and human-made environments (e.g., kitchen, alleyway)
than the nature documentary. To accountforthis, we also extracted an annotation
describing the objects in each stimulus, in addition to the actions, agents, and
scenefeatures. The automated annotation pipeline resulted inanumberof words
describing the stimulus frames at each TR for each of the four sets of features
(actions, agents, objects, scene). Using the same procedure as the preceding
analyses, we extracted GloVe embeddings for each of these words, then averaged
the GloVe embeddings within a single TR, resulting in four time series of GloVe
embeddings matched to the fMRI data for each feature type. We also extracted
motion-energy features from the Spacetop stimuli using the same procedure as
the preceding analyses. We next reimplemented a voxelwise encoding analysis
using banded ridge regression with five different types of features: action, agent,
object, scene, and motion energy. For this analysis, we omitted hyperalignment
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and ran within-subject encoding models following a more typical pipeline. To
mimic the structure of our original analysis, we implemented four-fold cross-
validation across the 12 movie stimuli. For each subject, we first randomized the
order of the 12 movie stimuli prior to cross-validation, since the 12 stimuli were
not evenly distributed across scanning runs. This ensures that a given movie
stimulus was never split across folds and that the encoding models were always
tested on a nonoverlapping set of unrelated movie stimuli. We ran full models
comprising all five feature spaces and evaluated the performance of each feature
band separately (S/ Appendix, Fig. S5). We also ran five nested models excluding
one feature space each to compute a unique variance score in the same fashion
asthe preceding analysis (S| Appendix, Fig. S6). We then averaged these unique
variance values across test folds within each subject. To accommodate individual
differences in cortical-functional topography, we applied spatial smoothing with
a 10-mm full-width at half maximum (FWHM) Gaussian kernel to the subject-
level unique variance scores on the cortical surface. Finally, we computed a
t test to evaluate the statistical significance of these unique variance scores
across subjects, controlling FDR at P < 0.05.

Data, Materials, and Software Availability. The functional MRI data
generated and analyzed for this story are publicly available via Datalad:
http://datasets.datalad.org/?dir=/labs/haxby/life (151). The analysis code used
for this manuscript is publicly available at the following GitHub repositories:
https://github.com/jungheejung/life-encoding (152) and https://github.com/
hunarjain09/video_frame_analyzer (153).
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