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Human Action Scaffolds Visual Non-Adjacent Dependency Learning Beyond Surface
Form

Neshat Darvishi (neshatda@usc.edu)1, Landi Jiang (lcjiang@usc.edu)1 &
Toben H. Mintz (tmintz@usc.edu)1,2

1Department of Psychology, SGM 501, 3620 S. McClintock Avenue, Los Angeles, CA 90089-1061, USA
2Department of Linguistics, GFS 301, 3601 Watt Way, Los Angeles, CA 90089-1693, USA

Abstract

Adult learners can acquire non-adjacent dependencies (NADs)
in visual sequences, yet learning is far stronger for human ac-
tions than for dynamic objects (Lu & Mintz, 2023). We asked
what makes human action stimuli special by separating two can-
didate contributors: appearance-based structure (a visible body
with form and texture) versus biological motion cues (joint
trajectories). In Experiment 1, participants viewed full-body
avatar actions for 6 minutes and were tested on matched point-
light displays (PLDs); they rated NAD-consistent triplets as
more familiar than positional foils, showing that knowledge
learned from rich action displays transfers to sparse motion-
only tests. Experiments 2 and 3 then asked whether motion
cues alone can support learning when used during encoding.
With PLDs throughout, learning was not detectable after 6 min-
utes but emerged with extended exposure, suggesting that the
human-action advantage stems from stronger support during
encoding, not simply from perceiving the stimuli as actions.

Keywords: Non-adjacent dependencies; Biological motion;
Point-light displays

Introduction
Humans are constantly immersed in structured streams of
events. Sounds, sights, and actions are rarely random; in-
stead they contain regularities that can be learned and used
to form expectations. A long-standing idea in cognitive sci-
ence is that people can learn patterns incidentally, without
conscious awareness, through exposure alone (Cleeremans,
Destrebecqz, & Boyer, 1998; Seger, 1994). This capacity is
commonly referred to as statistical learning, and it is thought
to provide a foundational mechanism for discovering structure
in the environment across domains and across development.

A large body of evidence supports the idea that statisti-
cal learning operates broadly across sensory modalities and
stimulus types, especially when regularities are expressed
in adjacent relationships. Throughout development, infants
and adults reliably track adjacent transitional probabilities in
speech streams (Aslin, Saffran, & Newport, 1998; Romberg
& Saffran, 2013), and similar sensitivity has been docu-
mented in non-linguistic auditory sequences such as music
tones (Saffran, Johnson, Aslin, & Newport, 1999). Parallel
findings in the visual domain show that learners extract ad-
jacent regularities from sequences of shapes (Fiser & Aslin,
2001, 2002), and such structure also appears in more complex
event streams, including human action sequences (Baldwin,
Andersson, Saffran, & Meyer, 2008). Yet the structure of

real-world events is not always expressed through adjacent
transitions. Many meaningful regularities span intervening
material, such that one event predicts another across temporal
gaps. Learning these non-adjacent dependencies (NADs) is
substantially more challenging, as it requires maintaining rep-
resentations across intervening elements, selecting relevant
positions, and binding them while resisting interference as the
stream unfolds (Conway, 2020; Perruchet & Pacton, 2006),
making NAD learning particularly sensitive to memory and
processing constraints.

Consistent with these demands, research across domains
shows that NAD learning often benefits from additional cues
that enhance salience and structure. For example, insert-
ing pauses that delineate triplets can improve learners’ abil-
ity to track non-adjacent relationships (Peña, Bonatti, Nes-
por, & Mehler, 2002). Beyond segmentation, studies show
that dependencies become easier to acquire when dependent
elements share perceptual features, making them stand out
against the intervening material (Creel, Newport, & Aslin,
2004; Gebhart, Newport, & Aslin, 2009; Onnis, Monaghan,
Richmond, & Chater, 2005; Weyers & Mueller, 2022). A
complementary finding shows that increasing variability in
intervening elements can also promote NAD learning by dis-
couraging memorization of whole sequences and encouraging
learners to focus on stable relationships between the edge el-
ements (Gómez, 2002).

Together, these findings suggest that NAD learning depends
not only on exposure, but also on how input is organized and
whether the stream provides scaffolding that supports seg-
mentation, attention, and memory. The present work builds
on this framework by examining how visual format shapes the
efficiency of NAD learning in dynamic visual sequences.

Encoding Support Across Visual Formats
Visual experience is inherently sequential: objects transform,
bodies move, and scenes unfold to create temporal regular-
ities. This makes vision a compelling domain for studying
non-adjacent dependency (NAD) learning. As in language
and audition, NAD learning in vision often requires additional
support, and outcomes can vary dramatically even when sta-
tistical structure and procedures are matched. That is, learning
efficiency is shaped by the visual format itself.

A clear demonstration that stimulus format matters comes
from work directly comparing NAD learning across differ-
ent kinds of visual sequences while holding the dependency
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structure and overall procedure constant. In a series of studies,
Li and Mintz (2015) and Lu and Mintz (2023) used triplet-
based NAD sequences across visual instantiations, including
human action and object transformations. Across these com-
parisons, learners showed more reliable learning when the
dependencies were embedded in sequences of human actions
than when the same structure was embedded in sequences of
object transformations, with object-based learning typically
requiring longer exposure to reach comparable performance
(Li & Mintz, 2015; Lu & Mintz, 2023). These findings align
with broader evidence suggesting that temporally coherent
human movement provides strong support for learning rela-
tions across distance (Endress & Wood, 2011). Lu and Mintz
(2023) also reported that, even within human stimuli, NAD
learning was stronger for dynamic actions than for static pos-
tures, consistent with the idea that continuity of motion can
facilitate binding across intervening elements. Together, these
results point to an advantage for human movement in visual
sequences.

Lu and Mintz (2023) argue that the efficiency advantage for
human action sequences may reflect how biological actions
are encoded and organized during learning. One possibil-
ity is that biological actions support richer event represen-
tations than visually arbitrary transformations due to their
interpretable structure and predictable internal relations. In
this view, human movement may provide a natural scaffold for
sequence processing, allowing observers to chunk the stream
into coherent events and maintain continuity across interven-
ing elements, thereby supporting the binding of non-adjacent
relationships (Lu & Mintz, 2023). A complementary account
is that observing human action recruits perceptual and predic-
tive systems, including mechanisms linked to motor simula-
tion, which can enhance encoding and temporal integration of
sequential input (Reid, Kaduk, & Lunn, 2019; Salo, Ferrari,
& Fox, 2019; Wilson & Knoblich, 2005). On both accounts,
human actions carry structured information that may help
learners preserve and connect distant elements.

This observation raises a central question for the present
study: what properties of biological motion enable efficient
NAD learning? One possibility is that the advantage comes
from the structure of the movement itself—the coordinated
motion of an articulated body, with lawful temporal dynamics
and predictable relationships among joints as actions unfold.
Biological motion is highly informative in the sense that even
when most visual detail is removed, observers rapidly recover
the presence of an agent from motion alone, suggesting that
the visual system is strongly tuned to the kinematic organi-
zation of human movement (Cutting, 1981; Johansson, 1973;
Troje, 2013; Troje & Westhoff, 2006). A second possibility,
however, is that efficient learning depends on appearance-
based cues available in full human avatars, such as body form,
surface detail, and a stable visual identity, which may sup-
port continuity, memory, and sustained tracking across the
sequence. Distinguishing between these possibilities matters
because it clarifies whether the human action advantage in

visual NAD learning—and visual sequence processing more
broadly—reflects sensitivity to biological movement struc-
ture, depends on richer visual scaffolding, or is strongest when
both sources of information are jointly available.

One way to separate these sources of information is to
use point-light displays (PLDs)—a minimal biological mo-
tion format in which actions are represented only by a small
set of moving points placed at major joints. In Johansson’s
(1973) classic demonstrations, these sparse displays were suf-
ficient for observers to perceive a coherent human figure and
recognize actions despite the absence of texture, contour,
and detailed body form. Thus, PLDs remove much of the
appearance-based information present in full avatars while
preserving the joint trajectories and temporal coordination
that define biological motion (Johansson, 1973; Troje, 2013;
Troje & Westhoff, 2006). Consistent with this, neuroimag-
ing studies show that point-light hand actions engage regions
similar to fully visible actions, indicating that biologically
meaningful structure remains accessible under strong visual
reduction (Ziccarelli, Errante, & Fogassi, 2022, 2024). For
the present question, PLDs therefore provide an informative
testbed: if robust visual NAD learning depends primarily on
the visual richness of the human body, learning should be
reduced when actions are rendered as point-light motion; if
it depends on movement structure, efficient learning should
persist even when only motion dynamics are available. Com-
paring full avatars and PLDs thus isolates which properties of
human movement support rapid NAD learning.

To test what makes human action sequences especially sup-
portive for visual NAD learning, we ran three experiments
that isolate the roles of visual richness and biological mo-
tion. Experiment 1 tests whether NAD knowledge learned
from visually rich avatar actions involves representations that
are tied to surface properties of the stimuli or transfer to a
more abstract action format in point-light displays. Experi-
ments 2–3 then test whether PLDs alone support learning at
encoding. Because point-light displays remove surface-form
information and may limit encoding—especially for simpler
actions (e.g., arm raises, leg lifts)—we include a more com-
plex set of whole-body movements (e.g., plié, jumping jacks)
to test whether increased action complexity facilitates learn-
ing. Following (Lu & Mintz, 2023), Experiment 2 uses a 6-
minute exposure, and Experiment 3 extends training to 9 min-
utes. If rich appearance-based scaffolding is critical, transfer
should be limited and PLD-only learning should be weak; if
kinematic structure is sufficient, learning should generalize to
PLDs and emerge with increased exposure.

Experiment 1: Cross-Stimulus NAD
Generalization

Building on evidence that visual NADs can be learned from
human avatar actions within six minutes (Lu & Mintz, 2023),
Experiment 1 tested whether learning acquired from visu-
ally rich human action sequences generalizes to a minimal
biological-motion format. We adopted the same full-avatar
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stimuli used by Lu and Mintz (2023) and matched their ex-
posure duration during training. These avatar actions provide
rich appearance-based information—including color, texture,
and connected body contours—across the stream. We then
created a corresponding set of PLDs depicting the same ac-
tions, which remove surface form and texture while preserving
joint-based motion dynamics, from which we assembled our
test stimuli. This transfer design asks what kind of repre-
sentations result after full avatar training. It asks whether
the resulting NAD is tied to the surface properties of the
trained avatar clips (i.e., a stimulus-specific representation) or
whether participants acquire a more abstract, representation
of the kinematic organization of biological action. If the for-
mat of the representation is action dynamics, learning should
transfer to PLDs; if they rich appearance-based cues, evidence
of NAD learning should be absent with PLD testing.

Methods
Participants We recruited 110 undergraduate students from
the Psychology Department subject pool at the University of
Southern California. Detailed demographic information (e.g.,
age, gender, language background, cultural background) was
not collected. Participants received course credit as compen-
sation. Thirty-eight participants were excluded for failing the
attention check (see Procedure), for a final sample of 72.

Materials and Procedure The visual stimulus set consisted
of 15 short video clips, each depicting a simple biological
action (e.g., raising an arm or lifting a leg) performed by
a fully visible avatar figure borrowed from Lu and Mintz
(2023) during training and by the point-light display (PLD)
figure during testing. To create PLD versions of these same
actions, we generated corresponding PLD clips in Autodesk
Maya (Autodesk, 2023) using the same actor performance
as the avatar stimuli. A virtual stick figure composed of
13 points was modeled to correspond to the actor’s body: one
point marked the head, and 12 points were positioned at major
joints (shoulders, elbows, wrists, hips, knees, and ankles). The
point-light markers were aligned to the actor’s motion so that
each dot precisely tracked the underlying joint trajectory over
time. Each clip began in a neutral stance, progressed smoothly
to the movement’s maximum displacement and returned to
the starting position, creating a clear perceptual boundary
between successive actions. The neutral position and the
target pose of each action clip—the midpoint of the action
clip—for the full avatar and PLD are depicted in Figure 1 and
Figure 2, respectively.

The experiment followed a two-phase design consisting of
a training phase and a testing phase.

Training stimuli. During training, participants viewed a
continuous stream of short video clips depicting dynamic ac-
tion sequences. Each clip lasted 625 ms, and action triplets
were formed by sequencing three clips. A 125 ms pause
separated triplets during the training phase. Training se-
quences were structured around three non-adjacent depen-
dencies: 𝑎1𝑋𝑏1, 𝑎2𝑋𝑏2, and 𝑎3𝑋𝑏3, where the dependent

Figure 1: The large image shows the human avatar in its
neutral posture, while the smaller images depict the maximum
displacement frames for each of the 15 distinct movements.

elements occurred in the first and third positions of the triplet,
separated by an intervening item. The stimulus set consisted
of 15 distinct clips: three served as 𝑎-elements (𝑎1–𝑎3), three
as 𝑏-elements (𝑏1–𝑏3), and nine as interveners (𝑋1–𝑋9). The
intervening 𝑋-elements varied across repetitions of an NAD
but were constrained by dependency: 𝑋1–𝑋3 occurred in the
𝑎1_𝑏1 frame, 𝑋4–𝑋6 in 𝑎2_𝑏2, and 𝑋7–𝑋9 in 𝑎3_𝑏3. This
restriction allowed us to create test stimuli with the neces-
sary characteristics (see below). Thus, each dependency was
observed across multiple interveners.

All participants viewed clips drawn from the same stimulus
pool, but assignment of specific clips to the 𝑎, 𝑏, and 𝑋 roles
was randomized across individuals, yielding 45 unique stim-
ulus sets. Participants were exposed to repeated presentations
of the resulting 9 NAD triplets, with each triplet repeated
20 times, for a total of 180 triplets (6 minutes of exposure).
Triplets were presented in a pseudo-randomized order, with
no more than two identical triplets appearing consecutively.

Testing stimuli. The testing phase assessed whether partic-
ipants learned the trained non-adjacent dependencies using a
familiarity-rating task. The full test set contained 48 items: 18
NAD-consistent triplets, 18 positional triplets, and 12 catch
trials. The two critical test conditions—NAD-consistent and
positional—contrasted triplets that either preserved or vio-
lated the trained 𝑎_𝑏 dependency structure. NAD-consistent
triplets preserved the trained non-adjacent pairings (𝑎1_𝑏1,
𝑎2_𝑏2, 𝑎3_𝑏3) but introduced new intervening 𝑋-elements,
producing triplets that were novel in surface composition (e.g.,

Figure 2: The large image shows the PLDs in neutral posture,
while the smaller images depict the maximum displacement
frames for each of the 15 distinct movements recorded from a
human actor.
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𝑎1𝑋4𝑏1, 𝑎2𝑋9𝑏2). Positional triplets retained the same posi-
tional frame (an 𝑎-element in the first position and a 𝑏-element
in the third) but recombined elements into 𝑎_𝑏 pairings that
had never co-occurred during training (e.g., 𝑎1𝑋9𝑏2). Im-
portantly, in both test types adjacent transitional probabilities
between successive items were zero, meaning that all triplets
were equally novel in their specific action-to-action transi-
tions. This was possible because 𝑋 items were restricted to
a single NAD during training. The 12 catch trials consisted
of repeated-item sequences that violated the training format
(e.g., 𝑎1𝑎1𝑏2 or 𝑎5𝑏4𝑏4) and served as an attention check.
Participants who rated more than 4 of the 12 catch trials with
a familiarity score of 3 or higher were excluded from the final
analyses.

Each triplet was presented twice consecutively, separated
by a 125 ms pause, after which participants rated its familiar-
ity on a 5-point Likert scale (1 = definitely had not seen to 5 =
definitely had seen). Test items were shown in pseudo-random
order, with no more than two items of the same type appear-
ing consecutively. Both test triplet types were novel, but they
used familiar actions in the same positions as during training.
Therefore, we expected participants to rate all test triplets as
somewhat familiar overall. However, if participants learned
the non-adjacent dependencies, they should give higher fa-
miliarity ratings to the NAD-consistent triplets because only
these items preserve the same 𝑎_𝑏 pairings encountered dur-
ing exposure, whereas the positional foils recombine the edge
elements into untrained pairings.

Testing environment. The experiments were programmed
in PsychoPy (Peirce et al., 2019) and deployed online via
Pavlovia (Open Science Tools, 2020). Recruitment and con-
sent were managed through Qualtrics (Qualtrics, 2022). Par-
ticipants completed the experiment on their own laptops or
desktop computers; mobile devices were not permitted. Each
session lasted about 30 minutes.

Results and Discussion
Participants who did not meet the attention-check criterion
were excluded, leaving a final sample of 72 participants. We
fitted an ordinal logistic regression model using the ordinal
package in R (Christensen, 2019) to investigate the relation-
ship between participants’ familiarity ratings and test triplet
type. The model included fixed effects of triplet type (NAD-
consistent vs. positional) and test trial number, along with
participant-level random effects, with random slopes included
when the model fit reliably. To complement the frequentist
analysis, we also fit Bayesian ordinal regression models in
brms (v2.20.4) (Bürkner, 2018), using bayestestR (v0.13.2)
(Makowski, Ben-Shachar, & Lüdecke, 2019) to summarize
posterior evidence. For each effect, we evaluated whether the
89% highest density interval (HDI) excluded 0, and we report
the proportion of the posterior falling within the region of
practical equivalence (ROPE: [-0.18, 0.18]; Kruschke, 2015).

Participants’ average familiarity ratings were 3.32±1.24 for
NAD-consistent triplets and 3.15±1.28 for positional triplets.

Ratings for NAD-consistent items were reliably higher than
ratings for positional foils (𝛽 = 0.15, 𝑧 = 2.14, 𝑝 = .02).
Bayesian analysis converged and the posterior for stimulus
type was positive (89% HDI [0.06, 0.58]), suggesting reliable
sensitivity to non-adjacent triplets (left column of Figure 3).

These results suggest that learning acquired from full-avatar
action sequences can generalize to a more visually reduced
biological-motion format at test. After 6 minutes of exposure
to richly detailed avatar actions, participants still showed sen-
sitivity to the trained non-adjacent structure when the same
actions were rendered as point-light displays. This pattern
is consistent with the idea that the human-action advantage
in visual NAD learning reflects sensitivity to action structure
that remains available under substantial visual reduction. Ex-
periment 2 builds on this finding by testing whether NAD
learning persists when training and test are both carried out
using only point-light motion cues.

Experiment 2: Action-Based PLD
Experiment 1 showed that NAD knowledge acquired from
richly detailed human-avatar actions can generalize to a point-
light version of the same movements at test. Experiment 2
extends this logic by asking whether appearance-based scaf-
folding is necessary during encoding, or whether learners can
acquire visual NADs when surface form and texture are re-
moved and only the spatiotemporal structure of human motion
is available. Prior work has demonstrated robust NAD learn-
ing from fully visible human action sequences (Endress &
Wood, 2011; Li & Mintz, 2015; Lu & Mintz, 2023), but those
displays combine action dynamics with a stable body form and
rich surface detail. Here, we trained and tested participants
using point-light displays, which eliminate body shape and
texture while preserving coordinated joint trajectories over
time, allowing us to test whether 6 minutes of exposure to vi-
sually reduced yet dynamically intact human action supports
learning of non-adjacent dependencies.

Methods
Participants We recruited 120 undergraduate participants
from the same subject pool; none had participated in Exper-
iment 1. Applying the same exclusion criterion used in Ex-
periment 1, 60 participants did not meet the attention check
criterion, resulting in a final sample of 60. Participants re-
ceived course credit as compensation.

Materials and Procedure Stimuli consisted of 15 short
point-light display video clips depicting a new set of more
complex whole-body actions (e.g., plié, tuck jump). PLDs
were created in Autodesk Maya (Autodesk, 2023) from refer-
ence videos of a live human actor performing the same dis-
crete movements. A virtual point-light figure was constructed
with 13 points (one at the head and 12 at major joints). Each
marker tracked the actor’s joint trajectory over time, producing
a sparse animation that preserved biological kinematics. Each
clip began and ended in a neutral posture, making transitions
between actions easier to parse.
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Experiment 2 used the same two-phase design and task
structure as Experiment 1. The only differences were the stim-
ulus set and visual format in which participants were trained
and tested on were PLDs depicting a new set of more complex
whole-body actions, rather than the simpler avatar actions
used previously. At the end of testing, participants were also
asked whether, at any point during the study, they recognized
the PLDs as depicting human motion.

Results and Discussion
As in Experiment 1, we fitted an ordinal logistic regression
model to evaluate whether familiarity ratings distinguished
NAD-consistent from positional triplets, while accounting
for test trial number. Participants’ average familiarity rat-
ings were similar for NAD-consistent triplets (3.19 ± 1.23)
and positional triplets (3.13 ± 1.24). The middle column of
Figure 3 depicts the distribution of participants’ mean rating
differences (NAD versus positional). The model indicated
no evidence of higher ratings for NAD-consistent compared
to positional triplets (𝛽 = −0.05, 𝑝 = .18). There was a
small effect of test trial number (𝛽 = −0.007, 𝑝 = .05), re-
flecting a modest downward drift in ratings across the test
phase. Bayesian analysis confirmed the null result of test trial
type, with 89.66% of the posterior estimates falling within the
ROPE [−0.18,0.18] (89% HDI [−0.03,0.22]), indicating an
absence of NAD learning.

Unlike Experiment 1, where training with full-avatar ac-
tions supported transfer to PLD testing within 6 minutes of
exposure, training and testing entirely in PLDs did not yield
detectable sensitivity to the non-adjacent structure after the
same exposure duration. Importantly, all participants who
passed the attention check reported recognizing the stimuli
as depictions of human motion, consistent with evidence that
PLDs engage action-related neural systems similar to fully
visible movements (Ziccarelli et al., 2022). This pattern sug-
gests that, although PLDs preserve biological kinematics, the
reduced visual format may make it harder to form or stabi-
lize the representations needed to bind distant elements over
a short exposure window. In other words, minimal biological
motion cues may be sufficient for perceiving action, but not
necessarily sufficient for rapid extraction of NADs under the
current training duration. Motivated by the idea that addi-
tional exposure can support consolidation of weakly encoded
structure (Lu & Mintz, 2023), Experiment 3 increased train-
ing time to test whether longer input is enough to reveal NAD
learning in the same point-light format.

Experiment 3: Action-Based PLD with
Extended Exposure Time

Experiment 3 followed up on the null effect in Experiment 2
by asking whether additional exposure changes what learn-
ers can extract from point-light action sequences. Motivated
by evidence that longer training can reveal NAD sensitiv-
ity in more challenging visual formats (Lu & Mintz, 2023),
we tested whether extending PLD exposure during encoding

yields detectable NAD learning.

Methods
Participants Eighty-three new undergraduate participants
who had not taken part in Experiments 1 and 2 were recruited
from the same subject pool. Fifty-two participants remained
in the final sample after passing the attention check criterion.
Participants received course credit as compensation.

Materials and Procedure The procedure and materials
were identical to Experiment 2 in terms of visual format and
overall task structure. The key change was that the training
stream was extended from 180 to 270 triplets, corresponding
to 10 additional repetitions of each of the 9 NAD triplets (i.e.,
30 repetitions per triplet). To help maintain attention during
the longer exposure period, participants viewed a 1-minute
drawing-break video after the first 6 minutes of training. The
test phase was identical to the previous experiments.

Results and Discussion
As in Experiments 1–2, we fitted an ordinal logistic regres-
sion model. Participants’ average rating was 3.33 ± 1.24 for
NAD-consistent triplets and 3.13±1.29 for positional triplets,
showing a clearer separation than in Experiment 2. The model
revealed a reliable effect of triplet type (𝛽 = −0.15, SE = 0.07,
𝑧 = −2.27, 𝑝 = .02) and a modest decrease in ratings over
test trials (𝛽 ≈ −0.15, SE ≈ 0.004, 𝑧 ≈ −3.25, 𝑝 < .001).
The Bayesian ordinal model converged on the same conclu-
sion, the posterior for triplet type was credibly positive (89%
HDI [0.08, 0.54]), consistent with higher familiarity ratings
for NAD-consistent than positional triplets.

These results provide evidence that adults can learn NADs
of visual action sequences from point-light displays, but that
longer exposure is required compared to learning NADs with
richer stimuli (i.e., animated human avatars). As in Exper-
iment 2, all participants whose data were analyzed reported
recognizing the stimuli as depicting human motion. After
9 minutes of PLD training, participants distinguished NAD-
consistent from positional triplets, indicating that sparse bi-

Figure 3: The distribution of participants’ mean rating differ-
ences (NAD triplets – positional triplets) across Experiments
1–3. Black dots indicate individual participants.
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ological motion cues can support extraction of non-adjacent
structure once enough evidence accumulates. The effect, al-
though modest, matched the magnitude reported for extended
object transformation conditions in Lu and Mintz (2023)
and remained smaller than that observed with full human
avatar, suggesting that removing surface-form cues increases
the amount of exposure needed for learning. Nevertheless, the
presence of learning here—contrasted with the null result after
6 minutes in Experiment 2—supports the idea that kinematic
information in biological motion can serve as a sufficient ba-
sis for NAD learning, but that it may require longer training
to stabilize the dependency representation in the absence of
richer visual scaffolding.

General Discussion
Across three experiments, we asked which properties of hu-
man movement support efficient visual NAD learning by ma-
nipulating available information at encoding. The results
show a consistent pattern: learners can acquire and use NAD
knowledge when encoding is sufficiently supported, either
through richer visual structure (full-body human actions) or
through longer exposure when the input is visually reduced
(point-light displays). Specifically, NAD knowledge acquired
from brief exposure to fully visible avatar actions general-
ized to sparse point-light depictions at test (Experiment 1),
whereas learning was not detectable after the same brief ex-
posure when both training and test were conducted entirely in
the point-light format (Experiment 2). Extending exposure in
the point-light format yielded reliable sensitivity to the NAD
triplets (Experiment 3). These findings align with prior work
showing that NAD learning depends on supportive conditions
that reduce interference and facilitate maintaining relation-
ships across time (Conway, 2020; Gómez, 2002; Peña et al.,
2002; Perruchet & Pacton, 2006). Together, these results iso-
late two sources of encoding support — visual richness and
exposure duration — and clarify the conditions under which
the human-action advantage emerges.

Experiment 1 is informative because it moves beyond
demonstrating strong learning from human actions—a result
already established in visual NAD learning (Endress & Wood,
2011; Li & Mintz, 2015; Lu & Mintz, 2023)—and instead tests
what kind of information participants carry forward. Transfer
from avatar training to point-light testing suggests that partici-
pants did not rely exclusively on surface-form cues at retrieval
(e.g., texture, body shape, stable appearance), but could still
use the learned dependency when the same actions were ren-
dered as sparse joint trajectories. This pattern is consistent
with the idea that human action sequences provide supportive
structure for encoding through familiar, coherent event dy-
namics and predictable motion organization, making it easier
to maintain and link elements across intervening items (En-
dress & Wood, 2011; Lu & Mintz, 2023). It is also compatible
with accounts in which action perception recruits predictive
and motor-resonance mechanisms that can enrich sequential
encoding of observed movement (Reid et al., 2019; Salo et al.,

2019; Urgesi, Candidi, Imaizumi, & Aglioti, 2006; Wilson
& Knoblich, 2005). However, transfer in Experiment 1 does
not by itself show that biological kinematics are sufficient at
encoding. Experiments 2 and 3 therefore used point-light
displays as a stricter test, because they preserve the spatiotem-
poral organization of human movement while removing the
additional perceptual scaffolding provided by a fully visible
body. Classic work shows that observers can nonetheless
recover animacy and action from these sparse joint trajec-
tories (Cutting, 1981; Johansson, 1973; Troje, 2013; Troje
& Westhoff, 2006). Yet perceiving biological motion is not
the same as learning higher-order temporal relations across
distance. In Experiment 2, six minutes of PLD-only expo-
sure produced no detectable advantage for NAD-consistent
triplets over positional triplets, whereas extending exposure
in Experiment 3 yielded reliable sensitivity. This exposure-
dependent shift fits an encoding-strength account such that,
when encoding is both visually reduced and brief, learners
may not have sufficient support to form a stable representa-
tion of the non-adjacent structure. Extending exposure can
compensate for this visual information reduction by providing
additional repetitions for the dependency to stabilize. This
tradeoff mirrors Lu and Mintz’s (2023) broader finding that
stimulus formats providing weaker support at encoding (e.g.,
object transformations) tend to require longer training to yield
reliable NAD sensitivity compared to full-body human-action
sequences. Effects were modest but consistent across experi-
ments and expected given the similarity of test item types and
the demands of maintaining non-adjacent structure across in-
tervening elements (Lu & Mintz, 2023).

The present findings extend beyond the laboratory. Many
naturalistic visual sequences contain meaningful long-
distance relations, such as the predictable link between ini-
tiation and completion of a goal-directed action or recur-
ring motifs embedded within dance phrases. Research shows
that novice observers implicitly acquire sequential structure
from unfamiliar human movement through passive exposure
(Opacic, Stevens, & McKenzie, 2009), and that kinematic cues
alone support event segmentation even without conceptual
goal knowledge (Monroy, Gerson, & Hunnius, 2023), suggest-
ing that the kinematic structure inherent in biological motion
may be a key substrate for extracting long-distance regularities
in naturalistic action perception. Yet these findings also raise
an open question: which component of biological motion pro-
vides the critical support for abstraction? One possibility is
that learners primarily benefit from temporally coherent kine-
matic information as it unfolds over time; another is that learn-
ing depends on preserving a stable, body-like spatial organi-
zation of moving parts; and a third is that learning is strongest
when these cues jointly engage perceptual-motor mechanisms
for action perception and prediction. Future work can separate
these candidates by manipulating whether displays preserve
temporal dynamics while disrupting spatial coherence, and
by examining whether behavioral learning tracks activity in
neural systems associated with biological-motion processing
under these reduced conditions.
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