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Abstract

Human experience is rich with sensory information, from which
physical regularities are internalized to guide behavior. This
paper presents the Patchwork Approach, a method for modeling
sensorimotor predictions based on these regularities, without ex-
plicitly encoding physics. This method leverages environmental
regularities, enabling resource-rational perceptual predictions.
Using data from previous studies (Deeb et al., 2021, 2024) on
human perception, the model outperforms Newtonian-based
models in capturing human prediction errors and interpolates
across untested conditions. One test demonstrates its superiority
in a projectile motion task, while another illustrates its ability
to predict deflection angles in a collision event from untrained
aiming angles. This approach provides valuable insights into
how physical laws are internalized and used to guide percep-
tion and action—arguing that perception provides foundational
input to intuitive physics reasoning, a role that can complement
and be extended to higher-level cognitive processes like those
explained by the Intuitive Physics Engine (IPE).

Keywords: intuitive physics; perception; sensorimotor predic-
tion; computational modeling

Introduction

Learning through experience is crucial for successful senso-
rimotor interactions with the physical world. Whether it’s
a little leaguer learning to pitch or a server stacking dishes,
repeated experiences refine one’s ability to perceive and adjust
to physical interactions. The deterministic nature of physical
systems raises the question of whether humans leverage these
regularities, identify anomalies, and represent or internalize
the correlations needed to form accurate predictions about
the physical world. Repeated exposure to the physical world
may implicitly represent key principles of motion, force, and
spatial relationships, enabling better predictions.

Research on this topic has traditionally focused on whether
explicit human reasoning aligns with classical mechanics, re-
vealing significant discrepancies between human judgment
and established physical laws (McCloskey et al., 1980). Re-
cent approaches, such as the Intuitive Physics Engine (IPE),
have attempted to reconcile human reasoning with physical
ground truth (Battaglia et al., 2013) by using a mental model
of the physical world that simulates future events, leveraging
probabilistic reasoning and robust generalization to capture
human judgment (Wang et al., 2024).

Often overlooked is the considerable precision and accuracy
with which humans perceive and act upon physical systems
in daily life. Previous research has demonstrated that, unlike
higher-order reasoning, our perceptual system is finely tuned

to the physical laws governing interactions in our environment.
For instance, individuals excel in tasks involving projectile
motion (Kaiser et al., 1985; Mclntyre et al., 2001; Monache et
al., 2019; Montagne et al., 1999; Siegler et al., 2010), recover-
ing object masses (Deeb & Domini, 2025; Mitko & Fischer,
2023; Mitko et al., 2024; Ross, 1969; Runeson & Frykholm,
1983; Sanborn et al., 2013; Todd & Warren, 1982), and antici-
pating the behavior of launched objects (Badler et al., 2010;
Deeb et al., 2022; Kim et al., 2013; Michotte, 1963; Rolfs et
al., 2013). Moreover, these sensorimotor capacities likely tap
into different mechanisms than those responsible for explicit
reasoning (Fischer et al., 2016; Kaiser et al., 1992; Krist et al.,
1993; Mason & Just, 2016).

Recent work in motion perception has suggested that physi-
cal predictions themselves act as cues that can be integrated
into sensory information (Deeb et al., 2021; Deeb & Domini,
2024), framing perception as a foundational input to intuitive
physics reasoning—complementing higher-level cognitive pro-
cesses rather than serving as a subordinate precursor. Despite
this growing body of evidence that physical laws are embedded
within sensory processes that underlie perceptual experience,
formalizing a robust perceptual theory of intuitive physics
has proven challenging. Recently, the PLATO model has
emerged as a powerful approach to explaining how physical
expectations are developed through Violation-of-Expectation
paradigms, capturing how discrepancies between predicted
and observed outcomes inform learning (Piloto et al., 2022).
However, more work is needed to explore how specific quanti-
tative predictions and latent physical features are embedded
within sensory processes that underlie perceptual experience.

The Patchwork Approach and Physical
Representations

The Patchwork Approach emphasizes the identification of
relationships between perceivable events, rather than strict ad-
herence to formal definitions of physical laws.This approach
is fundamentally concerned with how individuals leverage
correlations in the environment to generate predictions about
physical events. By offloading the representation of physi-
cal contingencies onto the environment—which operates ac-
cording to established physical principles—individuals can
intuitively navigate their surroundings based on experienced
interactions, without needing a detailed understanding of the
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underlying laws. While classical mechanics provides a pre-
cise framework for understanding physical phenomena, the
statistics of human experience reflect correlations that are not
always properly defined by these formal laws. As a result,
the correlations we internalize—and use to guide our predic-
tions—may diverge from the principles of classical mechanics,
yet remain adaptive within the contexts in which they are
learned. This is exemplified by the mass-speed illusion (Deeb
& Fischer, 2025), which shows how perceived object mass
influences velocity judgments, highlighting how human expe-
rience reveals correlations beyond classical mechanics—such
as the perception that heavier objects tend to move slower
or that smaller objects are denser (Peters et al., 2015) or that
darker objects are heavier (Walker et al., 2010).
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Figure 1: a) The Patchwork Approach framework: Experi-
ences are integrated into a multi-dimensional manifold, with
behaviorally relevant features (e.g., time-to-contact, location
in depth, initial height, velocity) forming the dimensions. The
right plot shows how experiences (depicted as blue points) are
arranged. (b) Distribution of experiences in a generic feature
space, with the closest experience (magenta ) influencing the
new experience (red ). The dashed line represents the distance
between the new experience and its nearest neighbor. (c) The
weighting function decreases as the distance from the nearest
experience increases, with a sharp decline corresponding to
greater psychological shear.

Building on Shepard’s (1987; 1994) proposal that psycho-
logical space is structured by universal principles reflecting
the regularities of the physical world, the Patchwork Approach
offers a novel perspective on how humans internalize and

apply these principles in perception and action. Physical per-
ceptual representations are conceptualized as a manifold with
multiple dimensions, where each dimension reflects behav-
iorally relevant, observable features—such as speed, size, and
time—shaped by a range of experiences, and may vary across
developmental stages and contexts (Bremner et al., 2012). By
leveraging correlations among these features, individuals can
form flexible, context-sensitive laws that guide their under-
standing of object behavior, enabling physical predictions that
integrate into perceptual experiences. Like the PLATO model,
the Patchwork Approach relies on structured representations
that organize experiences in ways responsive to the natural
contingencies of the world. However, it uniquely emphasizes
the role of contingencies between observable physical quanti-
ties, aligning with Shepard’s ecological representationalism
and broader evolutionary perspectives (Gibson, 1979; Godfrey-
Smith, 1993).

An essential feature of the Patchwork Approach is its ability
to use finite experiences to predict novel events. For example,
a child learning to bat in little league does not need to have
seen every possible pitch to predict the time-to-contact of a
ball (Figure 1a). Instead, the Patchwork Approach empha-
sizes interpolation—the ability to integrate across structured
experiences within the range of prior encounters. This allows
the child to make accurate judgments about the trajectory of
a ball based on prior pitches with similar dynamics. As in-
dividuals accumulate a broader range of experiences, their
representational space refines, enabling more accurate predic-
tions and generalizations. This refinement arises not from the
sheer quantity of experiences, but from exposure to a diverse
array of physical systems and quantities. Consequently, sen-
sorimotor predictions about physical interactions can emerge
naturally without requiring firsthand experience of every situa-
tion, though the range and accuracy of these predictions are
constrained by an individual’s experiences.

Topological Structure of the Patchwork Approach

The Patchwork Approach to intuitive physics can be effec-
tively conceptualized using topological principles that inform
how experiences are added, weighted, and integrated into a
coherent structure. This section delves into the topological
framework that underpins this approach, providing a foun-
dation for understanding how sensory experiences shape our
physical representations.

By using a topological framework, the Patchwork Approach
can effectively model how new experiences are integrated into
our understanding of physical interactions while accounting
for their relative influence based on their distance from es-
tablished experiences. This relationship captures the intuitive
idea that experiences far from the norm are less likely to be
meaningfully integrated, thus enhancing our understanding of
the complexities inherent in sensorimotor experiences.

The process of weighting experiences in the manifold re-
flects a dynamic transformation that accounts for the nature of
experiences. As new stimuli are added to the psychological
space, the manifold can stretch or shear, altering its geometry
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to ensure that predictions remain valid within a relevant range
of experiences. This topological adjustment allows for accu-
rate representations of physical relationships while integrating
novel information.

By emphasizing the interplay between the manifold’s shape
and the weights assigned to experiences, we can better under-
stand how perception navigates the complexities of physical
interactions. This approach highlights that while distant or
unfamiliar experiences may have a reduced influence, they still
contribute to the evolving structure of the manifold, providing
potential pathways for integrating new knowledge into our
intuitive physics.

Adding Experiences In the context of the Patchwork Ap-
proach, experiences are added to the manifold based on ob-
served physical interactions. Each point corresponds to a
specific instance of experienced stimuli characterized by rele-
vant physical features. The addition of an experience can be
formalized as follows:

Ei= (fi.f2s-- s fn)s

where E; represents the i-th experience, and f1, f>,..., f»
are the physical features associated with that experience. As
new experiences are encountered, they are integrated into
the manifold, which expands to accommodate this additional
information.

Weighting Experiences In the Patchwork Approach, the
weighting of experiences is a crucial mechanism governing
how new experiences are integrated into the manifold of phys-
ical representations. This weighting is fundamentally based
on the spatial relationships among experiences, reflecting the
topological structure of the manifold and allowing it to adapt
to new information. The weight assigned to each experience,
E;, is influenced by its distance from the nearest existing expe-
rience in psychological space (Figure 1b) and can be mathe-
matically defined as:

Enearest = arg gue%d(Eh Ej)a
J

where Epeqrest represents the closest experience to E; within €,
the set of all experiences in the manifold (excluding E; itself).
As the distance from a new experience increases, the manifold
must stretch to incorporate it, leading to a reduced weighting
for that experience(Figure 1c), :

S= d(EiaEnearest)-

Here, S represents the shear in the manifold due to the addition
of the new point. Consequently, the weight assigned to the
new experience can be expressed as:

1

wi = (S-’-C)pd’

where c is a small constant included to prevent division by zero
and ensure stability in weight calculations. This relationship
ensures that as the distance increases, the weight decreases,

thereby diminishing the influence of experiences that are far
removed from established clusters.

In this context, when the distance d(E;, Epearest) is small,
the shear S is also small, resulting in a higher weight w;.
This indicates that the new experience is more relevant to
the manifold’s shape and fits in with previous experiences, €.
In contrast, when d (E;, Eqearest) is significantly larger, shear in-
creases, leading to a lower weight. Thus, the farther away the
new experience, the less it influences the manifold, reflecting
its reduced relevance (see Figure 2).

Manifold Surface Structure The surface of the manifold
serves as a functional representation of these relationships, re-
flecting the underlying dynamics of physical interactions and
allowing interpolation between experiences and predictions
based on their weighted contributions. This process empha-
sizes the importance of the collective influence of nearby expe-
riences in shaping the manifold structure, ultimately guiding
our understanding and predictions of physical interactions.

A key feature of the Patchwork Approach is the local nature
of its computations. Instead of requiring a global computa-
tion across the entire manifold, the approach relies on simple
local computations convolved throughout the feature space
(Rumelhart & McClelland, 1986). As the manifold surface
is constructed incrementally, each new experience influences
only its immediate neighborhood, with the manifold’s slope
changing non-uniformly. This local weighting mechanism
ensures that predictions are sensitive to the clustering of expe-
riences, with closer experiences having a stronger influence
and more distant ones a diminishing effect. This approach
is computationally efficient and biologically plausible, as it
mirrors the localized distributed processing of neural systems
(Friston, 2010).

The general shape of the manifold is formed by the ar-
rangement of experiences as points in an n-dimensional space,
where each dimension corresponds to a specific physical fea-
ture. This spatial configuration not only captures the individ-
ual characteristics of experiences, but also reflects the rela-
tionships between these features, allowing interpolation be-
tween these points and facilitating predictions based on their
weighted contributions.

As new experiences are gained, the manifold undergoes
geometric transformations, such as stretching or shearing—to
incorporate this additional information while preserving the
coherence of the underlying structure. These transformations
enable the manifold to adapt dynamically, ensuring that it
accurately represents the evolving relationships defined by the
physical features of the perceptual experiences. The manifold
M can be defined as a continuous surface that interpolates the
experiences in the feature space:

M= {(flvaa"'vfn) € R" :VEi S saM(fl7f2a"'7fn)}7

where each f; represents a specific dimension corresponding
to a physical feature of the experiences (e.g., initial height,
velocity, or mass).

The surface of the manifold is defined by a function F (P)
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that combines the contributions of each experience based on
their weights:

N
F(P)= ;Wif(Ei)7

where F (P) represents the value of the manifold’s surface at
point P, N is the total number of experiences, w; is the weight
assigned to each experience E;, and f(E;) is a function that de-
fines the contribution of each experience to the surface, based
on its physical features. As new inputs are encountered, the
manifold’s surface dynamically adjusts based on the weighted
relationships among experiences.

The flexibility inherent in the manifold’s structure enables
it to adapt to varying levels of dimensionality. It can stretch
and reshape in response to new experiences, thereby reflecting
the complexities of sensorimotor experiences and reinforcing
the notion that sensorimotor prediction is a product of both
historical interactions and current perceptual inputs. This
process is akin to the consolidation of sensory experiences,
similar to how perceptual learning consolidation stabilizes
sensory information over time (Sasaki et al., 2010).

Gradient Computation In the Patchwork Approach, the
gradient of the manifold is essential for understanding the
relationships between the various dimensions that characterize
sensory experiences. This gradient indicates how changes in
one physical feature relate to changes in others, capturing the
interconnectedness of the dimensions within a single experi-
ence. By analyzing the gradient, we can identify how different
features influence the overall representation of physical inter-
actions, allowing for nuanced predictions and understanding
of behavior based on past experiences. The gradient of the
manifold at a specific point P can be mathematically defined
as follows:

VF(P):(aF oF 8F>7

Tﬁ,aif‘z,...,ﬁ

where F (P) represents the value of the manifold’s surface at
point P. Each partial derivative, such as g%, quantifies the
sensitivity of the manifold’s value to changes in the corre-
sponding feature, indicating the degree to which variations in
that dimension impact the overall representation. By assessing
these partial derivatives, we gain insight into which features
are most influential in shaping the manifold and how tightly
coupled these features are within the physical interactions
being represented.

By analyzing these gradients, we can identify how experi-
ences, which serve as discrete instances of experience, inform
our understanding of physical laws. Specifically, the gradient
reveals the direction and magnitude of influence among the
dimensions, facilitating the extrapolation of general principles
from specific experiences. This capability allows us to formu-
late predictions about novel physical scenarios based on the
established relationships encapsulated within the manifold. In
essence, the gradient acts as a bridge between the discrete ex-
periences represented by the experiences and the broader laws

of physics, enhancing our ability to anticipate how physical
interactions will unfold in various contexts.

To illustrate the predictive power of the gradient, consider
the specific case of catching a ball, where the relationship
between velocity in depth, height of the throw, and the projec-
tile’s location in depth is critical (Figure 1a). As the velocity
of a thrown ball increases, there is a pronounced increase in
the final location of the object, reflecting a strong covariation
between these two dimensions. In contrast, variations in height
normally exert a comparatively smaller influence on location
in depth. This differential sensitivity can be mathematically
captured by the gradient of the manifold, which reveals the ex-
tent to which changes in velocity in depth affect the predicted
final location in depth.

For example, when evaluating the gradient at a specific point
P, the partial derivatives gTF and %—‘Z quantify how sensitive z
is to changes in velocity and height, respectively. Additionally,
we can define a partial derivative for location in depth itself,
% and %, which provides insight into how these changes
in;pact the projectile’s location. The collection of these par-
tial derivatives represents the internalized laws of physics,
effectively summarizing how sensory information relates to
physical predictions.

While the gradient facilitates interpolation—making
predictions within the established range of experi-
ences—extrapolation beyond that range becomes uncertain.
The reliability of predictions outside the experience range
diminishes, as they rely on the established relationships
defined by nearby points. Therefore, the gradient serves as
a crucial tool in modeling intuitive physics by providing a
framework for understanding how sensory experiences inform
our predictions of physical interactions within the boundaries
of observed data.

Evaluation of the Patchwork Approach

This section evaluates the Patchwork Approach through two
empirical tests, demonstrating its ability to model human per-
ceptual predictions.

Empirical Test 1: Gravity Perception

This test applies the Patchwork Approach to data from Deeb &
Domini (2024), examining the perception of a projectile’s final
location under varying gravity conditions. Participants viewed
a projectile motion event and adjusted a probe to match the
perceived depth position in a virtual reality environment. The
Patchwork Approach is used here to demonstrate how sensory
cues, such as depth and velocity, are integrated to implicitly
internalize gravity, allowing for accurate predictions without
direct modeling of gravitational forces. Results suggest that
the Patchwork Approach provides a more adaptable frame-
work for understanding human perception of gravity and its
relationship to depth perception.

Data Generation and Manifold Construction To model
the perceptual judgments in Deeb & Domini’s (2024) Ex-
periment 1, a manifold was constructed with 5000 randomly
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generated stimuli to capture the relationship between three be-
haviorally relevant features: height A, vertical velocity v,, and
depth position z (fig. 2a). The model used vertical velocities
ranging from 0.1 to 1.8 m/s and heights ranging from 0.025
to Im. To simulate the influence of sensory experiences on
the manifold, proximity-based weighting was applied to each
data point based on its spatial distance to others in the feature
space.
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Figure 2: a) The manifold of projectile motion from Empiri-
cal Test 1, with experiences coded in blue, shown across the
axes of distance (z), velocity in depth v,, and height (h). (b)
The Patchwork model fit to the data, with model predictions
represented by the curved lines and the empirical data from
Experiment 1 of Deeb & Domini (2024), including £1 SEM
error bands. The vertical axis shows the perceived depth lo-
cation, with O mm representing the launch position, and the
horizontal axis displays the displayed position. Color coding
reflects different gravity conditions. (c¢) Newtonian ground
truth fit with biased velocity in depth. (d) Boxplot comparison
of prediction errors for the Null, Newtonian, and Patchwork
models, showing significant differences (paired t-test, two-
tailed).

Cue Combination The constructed manifold was used to
predict the final z position of the projectile under varying grav-
ity conditions. To match the experimental setup from Deeb
& Domini (2024), a slice of the manifold was extracted cor-
responding to the specific height # = 67.83 cm used in the
experiment. Within this slice, the previously calculated po-
sitions in depth were retrieved for various vertical velocities,
which were aligned with the specific range of velocities ob-
served in the study. These predictions were then used as part
of the cue combination process with the sensory information
(fig. 2b).

The Patchwork Approach itself is agnostic to the specific
method of cue combination, as its focus is on explaining how
sensorimotor experiences are consolidated into representations
within topological space. The method employed in this ex-
ample uses a weighted average model, which was selected
for its simplicity and consistency with the approach used in
the original study by Deeb & Domini (2024) (fig. 2¢). This
model integrates the manifold predictions z,, and sensory data
Zs using a weighted average model:

Z= ipWp + Zswy,

where w), and w; represent the weights for the manifold pre-
diction z,, and the sensory input z,, respectively. This method
allows for an effective integration of the manifold predictions
and sensory inputs, with the weights dynamically adjusting
based on the relationship between the data points.

Statistical Analysis A paired-samples ¢-test showed a sig-
nificant difference in prediction errors between the Patchwork
model (M =20.67, SD = 12.45) and the previous model (M =
21.95, SD = 12.85); 1(7919) = —6.66, p < 0.001. The mean
error difference was —0.43 mm (95% CI [—0.56,—0.31]) with
the Patchwork model consistently outperforming the previous
model and the null model wherein gravity is not a cue to depth
(fig. 2d). Additionally, correlations between model predic-
tions and human responses revealed that the Patchwork model
(r = 0.80) aligned more closely with human data compared
to the previous model (r = 0.75). These findings indicate that
the Patchwork model provides more accurate and human-like
predictions of depth position.

Empirical Test 2: Interpolation in Angular
Kinematics

This test evaluates the Patchwork Approach’s ability to gen-
eralize to novel conditions by interpolating untrained aim-
ing angles in a deflection angle prediction task. Using data
from Deeb et al. (2021), which examined how Newtonian
predictions correct noisy perception in collision events, the
Patchwork model was tested on its ability to predict deflection
angles for aiming angles not included in its training data. The
model successfully interpolated to untrained aiming angles,
demonstrating its capacity to generalize based on learned re-
lationships between aiming and deflection angles. While the
Patchwork model was not explicitly trained on the tested an-
gles, it performed comparably to the Newtonian ground truth
model.

Data Generation and Manifold Construction The experi-
mental setup from Deeb et al. (2021) was used, where aiming
angles of +10° resulted in deflection angles of approximately
+23°. To test generalization, the training data included aim-
ing angles within a wider range of +15° but excluded a large
range of aiming angles between £8° and +12°, specifically
omitting the +-10° used in the original study. Distances be-
tween the cue and target objects varied between 80mm and
120mm, encompassing the 100mm distance used in Deeb et
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al. (2021). The model was trained on 5000 randomly gener-
ated, physically consistent collision events. Proximity-based
weighting was applied to both aiming angles and distances in
the feature space, as described in the first test.

Manifold Slicing and Prediction A slice of the manifold
was extracted at 100mm, matching the distance used in Deeb
et al. (2021). The model interpolated deflection angles for
the untrained aiming angles (4-10°), accurately predicting a
deflection angle of approximately £21°.

Cue Combination and Optimization Predictions for the
+10° aiming angle at 100mm were integrated into the Max-
imum Likelihood Estimate (MLE) model from Deeb et al.
(2021). The deflection angle was calculated as a weighted
combination of sensory estimates and Patchwork predictions,
with the weights based on the variance of sensory noise and
the Newtonian prediction.
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Figure 3: a) Prediction of deflection angles using the Patch-
work model compared to human data from the angular kine-
matics study by Deeb et al. (2021). The red dashed line
represents the unity line where model predictions match the
actual deflection angles. (b) Box plot comparing the prediction
errors between the Null, Newtonian, and Patchwork models.

Statistical Analysis The Patchwork model showed a slight
improvement in RMSE compared to the Newtonian model
(RMSE = 1.93 vs. 2.10), highlighting its ability to generalize
to untested conditions (fig. 3a). There was no significant
difference in prediction error between the Newtonian and
Patchwork models (¢(25) = —1.02, p = 0.317), though both
significantly outperformed the null model, which relied solely
on sensory information (Newtonian vs. Null: £(25) = —4.22,
p < 0.001; Patchwork vs. Null: #(25) = —4.26, p < 0.001)
(fig. 3b). These results demonstrate the Patchwork model’s
ability to interpolate and generalize to novel conditions by
leveraging physical relationships.

Discussion

The Patchwork Approach was tested on two different experi-
mental datasets, each addressing distinct aspects of physical
perceptual prediction. In the first experiment, which involved
projectile motion, the goal was to determine whether the Patch-

work model could improve upon the previously established
Newtonian-based model. The results demonstrate that the
Patchwork model provides a better fit, reflecting its ability
to accurately predict the final depth positions of the projec-
tile. In the second experiment, the focus shifted to testing the
model’s ability to generalize to novel aiming angles, specif-
ically those that were not included in the training set. The
Patchwork model was able to interpolate the deflection an-
gles for these untested conditions, performing as well as the
Newtonian ground truth model.

The Patchwork Approach excels in modeling intuitive
physics by interpolating based on encountered experiences, as
demonstrated by its superior performance in predicting projec-
tile motion and interpolating deflection angles for untrained
conditions. The model internalizes physical relationships from
sensorimotor experiences, applying them to novel scenarios
with efficiency. It relies on local computations, where each
experience influences only its immediate neighborhood, mim-
icking the localized, distributed processing of neural systems.
However, the model’s focus on sensorimotor representations
limits its applicability to more abstract reasoning tasks, which
may lie outside the realm of sensorimotor processing. This
limitation could be addressed by integrating frameworks like
the Intuitive Physics Engine (IPE). However, unlike traditional
frame-prediction models, which attempt to predict the next
frame in a physical scene, the Patchwork Approach focuses on
the behaviorally relevant features of dynamic events. This fo-
cus is grounded in empirical data related to human perception,
specifically sensorimotor interactions with the physical world.
For example, recent studies have shown that adults, although
poor at predicting the trajectory of objects after release from
a pendulum, can accurately predict the landing location of
these objects (Smith & Vul, 2013). This suggests that humans
rely on behaviorally relevant cues, rather than trying to predict
each frame of motion.

Although the Patchwork Approach’s current focus is on
perceptual predictions in the domain of intuitive physics, there
is potential for extending it to other dynamic percepts. One
promising direction is the study of social perception, where
there are regular visual precursors to higher-order latent vari-
ables, such as understanding others’ intentions or actions (Isik
et al., 2018, 2020). The Patchwork Approach’s capacity to
capture feature-based correlations may provide a strong frame-
work for modeling social dynamics. Additionally, incorpo-
rating computer vision models could enhance the Patchwork
Approach’s predictions by enabling direct processing of visual
inputs, further expanding its utility in real-world perception.

In summary, the Patchwork Approach establishes a flex-
ible, experience-driven framework for physical predictions,
capable of generalizing to novel scenarios and interpolating
dynamics from limited observations without exhaustive train-
ing. Nonetheless, future work should extend it to more com-
plex physical systems and integrate multimodal transforma-
tions—such as how haptic and visual regularities jointly guide
perception and action (White, 2012).
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