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Abstract
A long-standing question in physical reasoning
is whether video models rely on factorized physi-
cal state variables, or on task-specific distributed
representations. We present the first mechanis-
tic interpretability study of physical variables in-
side large-scale video encoders, combining lay-
erwise probing, subspace geometry, patch-level
decoding, and targeted attention ablations to char-
acterize where and how physical information is
organized.

Across architectures, we identify a sharp
intermediate-depth transition, the Physics Emer-
gence Zone, at which physical variables become
linearly accessible. Scalar speed and accelera-
tion are available from early layers, whereas mo-
tion direction emerges only at the Physics Emer-
gence Zone, mirroring the V1 to MT motion hi-
erarchy in primate visual cortex. Direction is
encoded as a circular high-dimensional popula-
tion code: dozens of orthogonal probe dimen-
sions must be steered jointly to change the de-
coded direction, orders of magnitude more than
the low-dimensional steering interventions seen in
language models. Together these findings argue
against compact physics-engine state variables
and support distributed, hierarchically-organized,
“brain-like” representations that are nonetheless
sufficient for making physical predictions.

1. Introduction
Despite rapid progress in video modeling, it remains unclear
whether–and how–video world models represent physical
information internally. Prior work has largely addressed this
question indirectly, evaluating downstream performance on
physics benchmarks while treating the model as a black box
(Yi et al., 2020; Garrido et al., 2025; Motamed et al., 2025).
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As a result, we lack answers to fundamental representational
questions: Where in the network physical information is
constructed (if at all)? How it is organized across layers and
patches? What geometric form does it take?

Understanding this internal organization has implications
beyond benchmark accuracy. A model that infers stable
physical structure from video could aid scientific modeling
in regimes where analytic simulators are incomplete or un-
available, including climate systems, fluid dynamics, and
materials science. Models that infer physical variables in
a factorized manner—i.e., with distinct representations for
quantities such as direction or momentum—could provide
interpretable windows into the governing dynamics of the
system being modeled rather than black-box predictions
alone. These questions closely mirror debates from cogni-
tive science, where accounts of physics representation are
often divided between physics engine-based views, which
posit compact and reusable latent state variables (Battaglia
et al., 2013; Ullman et al., 2017), and heuristic-based views,
which emphasize domain-specific rules or perceptual short-
cuts without an explicit physics engine (Siegler, 1976; Vasta
& Liben, 1996; Davis et al., 2017).

In this paper, we present one of the first mechanistic in-
terpretability analyses of physical variables in video world
models. Using layerwise probing, subspace analysis, and
targeted ablations, we map where physical information be-
comes accessible, how it is structured, and what computa-
tional substrate supports it.

Physical reasoning in video world models is not formally
defined, but broadly refers to the ability to infer object prop-
erties, dynamics, and interactions, such as solidity, conti-
nuity, and causality (Xue et al., 2023). To this end, we
narrow our focus to two complementary diagnostic tasks
designed to examine the internal organization supporting
physically coherent behavior. First, we analyze a physics
task in which models distinguish possible from impossible
videos (Riochet et al., 2021; Garrido et al., 2025), captur-
ing coarse-grained physical features including object per-
manence, shape constancy, and spatiotemporal continuity.
Second, to enable fine-grained analysis with ground-truth
physical variables, we construct a synthetic toy-ball dataset
with precisely controlled velocity and acceleration. Rather
than aiming for exhaustive coverage of physical reasoning,
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Table 1. We consider five distinct possible representations of physics inside video world models. Our findings favor distributed, task-
specific representations instead of physics-engine-style assumptions (see Section 8.1 for a discussion).

Physics-engine assumption Interpretability prediction Our finding

Staged derivation Acceleration is derived from velocity interme-
diates

Acceleration is decodable at the same stage
as velocity without an explicit intermediate
velocity state (Sec. 5.2)

Cartesian representation Motion encoded as (vx, vy) Polar factorization (speed, direction) domi-
nates (Sec. 5.3)

Shared latent physics Motion variables reused across physical tasks Direction and intuitive-physics subspaces
are nearly orthogonal (Sec. 6.2)

Compact state variables Motion variables occupy low-dimensional sub-
spaces

Direction spans tens of approximately or-
thogonal components, steering requires
dozens of dimensions (Sec. 7.2)

Object-centric state slots Motion decodable from specific spatial or tem-
poral patches

Direction becomes spatially redundant
across patches post-Physics Emergence
Zone (App. C.5)

we examine in-depth how physical information is structured,
transformed, and reused for these two tasks on two state-of-
the-art video encoders, V-JEPA 2 (Large, Huge, and Giant)
and (Assran et al., 2025) and VideoMAE-v2 G (Wang et al.,
2023).

Across all of the models tested, the representation of physics-
related information emerges sharply at approximately one-
third depth—a transition we call the Physics Emergence
Zone. The representation of physical variables then peaks
in the middle layers, and degrades toward the output. De-
composing motion into finer-grained variables, we find that
scalar quantities like speed and acceleration are accessible
at the earliest layers, while directional information becomes
accessible only at the Physics Emergence Zone. Accelera-
tion does not require an explicit velocity intermediate and
can be approximated directly by a single MLP. Direction
is a reliable diagnostic of the transition, co-emerging with
the ability to distinguish physically impossible videos from
physically plausible ones, and with performance on tempo-
ral reasoning tasks, such as detecting shuffled videos.

We next examine the relationship between possi-
ble–impossible physics judgments and motion direction.
Under a physics-engine view with compact, reusable la-
tent states, direction would be expected to support both
tasks. Instead, despite their co-emergence, direction and
possible–impossible judgments occupy nearly orthogonal
representational subspaces, indicating task-specific repre-
sentations rather than shared latent variables. Both tasks
nevertheless rely on a shared circuit-level substrate: atten-
tion heads within the Physics Emergence Zone that exhibit
unusually local spatiotemporal processing. Suppressing lo-
cal processing of these heads in the Physics Emergence
Zone substantially degrades physics and temporal reason-
ing performance yet leaves static tasks such as ImageNet
classification largely unaffected, showing their critical role

in spatiotemporal processing. In addition, we show that
motion direction is represented as a high-dimensional pop-
ulation code with circular geometry, reminiscent of popu-
lation codes in motion neuroscience, requiring coordinated
intervention across dozens of dimensions, in contrast to the
low-dimensional steering in language models. Overall, our
results particularly favor task-specific physical representa-
tions over compact, reusable state variables (Tab. 1).

2. Related Work
We situate our work within prior research on video world
models, physical reasoning, and interpretability of video
transformers.

2.1. Video world models

A world model is a learned system whose internal represen-
tations capture reusable environmental structure to support
prediction, imagination, or planning (Ha & Schmidhuber,
2018). In visual domains, this role is increasingly fulfilled
by large-scale unsupervised video models spanning video
prediction, robotics, and generative modeling (Ding et al.,
2025; Li et al., 2025; Kong et al., 2025).

While recent advances include diffusion-based generators
(Ho et al., 2022; Blattmann et al., 2023), their compu-
tation is distributed across denoising steps, complicat-
ing representation-level analysis. We therefore focus on
encoder-based video world models such as VideoMAE-v2
(Wang et al., 2023) and V-JEPA 2 (Assran et al., 2025),
whose persistent intermediate representations provide a nat-
ural substrate for studying internal physical structure beyond
behavioral performance.
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2.2. Physical reasoning in video models and cognitive
science

Physical reasoning concerns the ability to infer object prop-
erties and interactions such as solidity, continuity, and
causality (Xue et al., 2023). Despite strong predictive per-
formance, video world models exhibit systematic failures on
physical reasoning benchmarks. Models underperform on
causal and counterfactual questions in CLEVRER (Yi et al.,
2020), show brittleness under violation-of-expectation tests
in IntPhys and IntPhys2 (Riochet et al., 2020; Bordes et al.,
2025), and fail to generalize in interactive environments
such as PHYRE (Bakhtin et al., 2019). Notably, perceptual
realism is only weakly correlated with physical correctness
(Motamed et al., 2025), raising the question of what internal
representations may support physical reasoning.

In parallel, a central debate in cognitive science concerns
the representational form of physical reasoning in humans:
whether physical judgments rely on compact, reusable la-
tent states—often described as an intuitive physics engine
(McCloskey, 1983; Battaglia et al., 2013; Ullman et al.,
2017)—or instead arise from heuristic, domain-specific rea-
soning (Siegler, 1976; Vasta & Liben, 1996; Davis et al.,
2017). Several reviews frame this distinction as a continuum
rather than a dichotomy (Kubricht et al., 2017; Smith et al.,
2023). Our work engages this debate at the representational
level by analyzing how physical information is organized
within video world models.

2.3. Interpretability for video encoders

Most previous interpretability work has focused on text and
images, with comparatively limited attention to video due
to its higher dimensionality and temporal complexity. Ex-
isting video interpretability studies typically rely on proxy
tasks or diagnostic benchmarks to assess whether models
capture dynamic information, or on visualization-based ap-
proaches such as activation maximization and clustering of
intermediate representations (Ghodrati et al., 2018; Hadji &
Wildes, 2018; Choi et al., 2019; Buch et al., 2022; Kowal
et al., 2024). These analyses have revealed strong biases
toward static appearance in many video models. However,
while prior work can quantify or visualize temporal con-
cepts, it does not characterize the representational form
used to construct such concepts. In contrast, we perform tar-
geted interpretability analyses to determine where and how
physical information is organized within video encoders.

3. Models and Probing Methodology
We study two state-of-the-art video transformer architec-
tures and evaluate physical reasoning using a layer-wise
probing methodology.

3.1. Models

Based on the Joint Embedding Predictive Architecture, V-
JEPA 2 (Assran et al., 2025) trains an encoder fθ to map
spatiotemporal patches to latent representations, while a
predictor gϕ forecasts representations of masked or future
patches. This predictive objective encourages temporally
structured features over low-level appearance. The architec-
ture extends a vision transformer to video using space–time
patches with RoPE embeddings. We analyze the frozen
pretrained encoder fθ.

In contrast to V-JEPA 2’s latent prediction objective, Video-
MAE V2 (Wang et al., 2023) employs masked autoencoding:
a large fraction of patches is masked and an encoder-decoder
reconstructs the missing pixels, with only the encoder re-
tained after pretraining. This pixel-level reconstruction loss
directly incentivizes the preservation of visual detail. We
analyze the frozen pretrained encoder and contrast its inter-
nal representations with those learned by V-JEPA 2. Ap-
pendix D.1 extends this analysis to a total of 14 models
across 7 architectural families (latent prediction, pixel re-
construction, diffusion, autoregressive, 3D CNN classifica-
tion, tracking, and contrastive video-language), with a CNN
comparison reported separately in Appendix D.6.

3.2. Probing methodology

To localize where physical information appears in the net-
work, we probe the residual stream at every layer. We
primarily use linear probes on mean-pooled space–time
patches, which provide a direct readout of what is linearly
available in the representation rather than computed by
the probe. Because pooling can obscure spatial or tem-
poral structure, we complement these with patch-preserving
attentive-mlp probes and interpret both jointly. This setup al-
lows us to first identify where intuitive physics emerges, and
then isolate the motion variables and mechanisms that sup-
port it. Probe training details are provided in Appendix B;
a formal sigmoid-based criterion for declaring a Physics
Emergence Zone, together with robustness checks across
spatial resolution and frame rate, is given in Appendices D.2
and D.4.

4. The Physics Emergence Zone
To distinguish between physically possible and impossi-
ble sequences a model must integrate multiple perceptual
cues, capturing sensitivities such as object permanence
and spatiotemporal continuity (Baillargeon & DeVos, 1991;
Wilcox, 1999; Spelke et al., 1995). Although video trans-
formers can succeed on intuitive physics benchmarks (Gar-
rido et al., 2025), behavioral performance alone does not
reveal where the ability to identify impossible physical se-
quences emerges internally. In this section, we localize the
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Figure 1. The Physics Emergence Zone consistently emerges one-third in the model’s layers. We probe performance on V-JEPA 2
(Large, Huge, and Giant) and VideoMAEv2-G across all layers for the possible-vs-impossible physical reasoning task. The shaded area
is the emergence zone one-third through the network, where the network starts performing well on the task for linear probes (left) and
attentive-MLP probes (right). For full results, including for the VideoMAE-v2 family, see Appendix C.1.

emergence of this ability across layers and subsequently
decompose it into explicit motion variables in Section 5.

4.1. Dataset

To test for the ability to distinguish physically possible vs.
impossible sequences, we probe each layer using linear
classifiers trained on the IntPhys dataset (Riochet et al.,
2021), training the probe on a binary classification task
between matched possible and impossible video pairs. Im-
possible variants violate core physical constraints, including
object permanence (objects spontaneously appear or disap-
pear), shape constancy (a cube transforms into a cone), or
spatiotemporal continuity (trajectory reversals). Crucially,
possible and impossible videos differ only at a single “break-
point” frame, ensuring that successful classification requires
representations that integrate high-level motion dynamics
rather than visual cues like texture or color. See Appendix
Fig. 5 for dataset examples.

4.2. Distinction between possible and impossible physics
emerges one-third through model

Across all V-JEPA 2 model scales (Large, Huge, and Giant),
probe accuracies exhibit a remarkably sharp and consistent
transition from near chance (∼50%) to high performance
(∼85–95%) at approximately one-third of the depth through
the encoder (Fig. 1). We refer to this consistent one-third
depth transition as the Physics Emergence Zone. The loca-
tion of the Physics Emergence Zone is remarkably consis-
tent across model sizes, indicating a shared computational
regime rather than architecture- or scale-specific behavior.
VideoMAE-v2-G also exhibits a similar depth-dependent
transition; meanwhile, smaller VideoMAE-v2 variants fail
to exhibit reliable emergence, potentially due to differences
in model capacity, dataset size, or training objective (Ap-
pendix C.1).

Breaking down by different types of violations of physics

reveals a similar pattern across object permanence, shape
constancy, and spatiotemporal continuity (Appendix Fig. 10;
see Appendix D.11 for definitions of each violation cate-
gory), which indicates that the Physics Emergence Zone is
not unique to a single type of violation of the laws of physics.
Four complementary perspectives on why physical structure
emerges at this particular depth, spanning computational
staging, neuroscience parallels, attention head diversity, and
patch-level transitions, are presented in Appendix D.8.

In addition, perhaps counterintuitively, the best possible-vs-
impossible physics representations are strongest at interme-
diate depth: probe accuracy peaks in the middle third of
the encoder and degrades toward the output. This indicates
that final-layer features do not necessarily preserve the most
informative physical structure, consistent with prior findings
that intermediate representations can outperform final layers
for downstream perception tasks in vision encoders (Bolya
et al., 2025). We show that the intermediate representations
of the encoder lead to better performance on a downstream
intuitive task in Appendix C.1.4.

5. Velocity and Acceleration in the Physics
Emergence Zone

Our results demonstrate where the models we are testing
can distinguish possible from impossible physics events, but
not which physical quantities contribute to that capability.
To move beyond coarse behavioral signatures, we turn to
explicit physical variables that admit clear ground truth.
We focus on Cartesian representations for velocity vt =
(vx,t, vy,t) and acceleration at = (ax,t, ay,t), and their polar
decompositions, speed rt = ∥vt∥2, motion direction θt, and
acceleration magnitude ∥at∥2.

5.1. Synthetic toy ball dataset

We generate synthetic single-ball videos using the Kubric
simulator (Greff et al., 2022) with controlled motion param-
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Interpreting Physics in Video World Models

(a) Dataset Example (b) Cartesian (c) Polar

Figure 2. Motion property encoding across layers. (a) Example from our synthetic ball rolling dataset showing motion direction θ. (b)
Cartesian representations (vx, ax) show similar layer-wise emergence patterns, with acceleration available at the same time as velocity. (c)
Polar representations (speed, direction, acceleration magnitude) across layer fraction. Direction is only available at the Physics Emergence
Zone, while magnitudes are available early.

eters (Fig. 2a). The ball follows straight-line trajectories
under either constant velocity or externally induced acceler-
ation, with all other factors held fixed. Ground-truth motion
variables are measured in pixels per frame, enabling targeted
probing of vt, at, rt, θt, and ∥at∥2. Full dataset details are
provided in Appendix A.1.2.

5.2. Cartesian representation: acceleration does not rely
on velocity

Both Cartesian velocity (vx, vy) and acceleration (ax, ay)
exhibit a transition at the Physics Emergence Zone (Fig. 2b).
Notably, acceleration is also decodable with high R2 from
early layers, indicating that acceleration-like signals can be
extracted directly from local features without relying on ex-
plicit intermediate velocity representations. However, Carte-
sian variables entangle motion magnitude and direction,
making it unclear which aspects of motion are constructed
at this stage.

5.3. Polar representation: speed emerges early, while
direction emerges at the Physics Emergence Zone

To disentangle magnitude and direction, we reparameter-
ize motion in polar coordinates. Under this decomposition,
speed and acceleration magnitude are available from early
layers, while directional information becomes reliably de-
codable only at the Physics Emergence Zone (Fig. 2c). This
pattern indicates that the transition is more strongly associ-
ated with the emergence of direction rather than of scalar
motion quantities. We do a deeper dive into the mechanism
behind the globalization of direction in Appendix C.5.

The growing availability of direction in the Physics Emer-
gence Zone persists on the multi-object dataset CLEVRER
(Yi et al., 2020), in which object-level probes recover the
same Physics Emergence Zone signature across object types
and model scales (Appendix Fig. 13b), indicating that di-
rection emergence generalizes beyond single-object motion.
For per-object results, see Appendix C.3.

Interestingly, the early availability of speed and the later
emergence of direction mirror the motion-processing hierar-
chy in biological vision: speed-sensitive motion energy ap-
pears early, while higher-order pooling gives rise to position-
invariant direction selectivity at later stages (Pasternak &
Tadin, 2020; Born & Bradley, 2005).

6. What is the Relationship between
Possible-vs-Impossible Physics and
Direction?

So far, we have shown that representations for possible-vs-
impossible physics judgments and motion direction emerge
at the same Physics Emergence Zone, but their internal re-
lationship remains unclear. We consider three competing
hypotheses about the relationship of the two representations:
(i) their co-emergence reflects a generic depth-dependent
effect across many tasks, including tasks not related to phys-
ical information; (ii) direction is compositionally reused to
support possible-vs-impossible judgments, akin to a physics
engine, or similarly, both tasks rely on the same underlying
latent feature (e.g. spatiotemporal features that are more
fine-grained than motion direction); or (iii) the two tasks
depend on shared circuit-level computation without any rep-
resentational overlap in latent space.

In this section, we evaluate each hypothesis. We find that the
Physics Emergence Zone is specific to temporally structured
tasks, which rules out a generic depth effect. We further
show that direction and possible-vs-impossible judgments
occupy distinct representational subspaces, which rules out
variable reuse and shared underlying latent features. Finally,
we identify a shared circuit-level substrate—local spatiotem-
poral processing in attention heads within the Physics Emer-
gence Zone that supports both tasks, which provides the
strongest evidence for the last hypothesis.
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6.1. The Physics Emergence Zone is specific to tasks
requiring spatiotemporal processing

We first test whether the Physics Emergence Zone reflects
a generic depth-dependent pattern, or whether it is selec-
tively associated with tasks that impose specific temporal
constraints. To this end, we apply the same layerwise prob-
ing analysis to several control tasks, including CLEVRER
object counting (Yi et al., 2020), ImageNet classification
(Deng et al., 2009), Something-Something-v2 (SSv2) video
classification (Goyal et al., 2017), and shuffled versus non-
shuffled video discrimination.

Although CLEVRER counting and SSv2 operate on video
input, neither task necessarily requires coherent object-
level motion or stable direction representations, and can
in principle be supported by frame-level information or
short-range temporal cues. In contrast, both IntPhys possi-
ble–impossible discrimination and shuffled-video detection
impose global coherence constraints over time: IntPhys re-
quires maintaining physically consistent object trajectories,
while shuffled-video detection requires sensitivity to global
temporal order.

Consistent with this distinction, neither CLEVRER count-
ing nor SSv2 exhibits the characteristic one-third emergence
signature (Appendix Fig. 12), whereas shuffled-video de-
tection shows a similar emergence pattern. These results
suggest that the Physics Emergence Zone is not a generic
property of video processing or network depth, but is selec-
tively associated with global spatiotemporal coherence.

6.2. Possible-vs-impossible physics and motion direction
do not overlap in latent space

Next, we test whether the possible-vs-impossible and di-
rection tasks share representational space: either the more
general possible-vs-impossible physics task composition-
ally reusing direction, or both tasks relying on the same
underlying feature. Both mechanisms would be similar to
physics simulators, in which a general and shared set of
underlying features generates a variety of physical behavior.

We look at the geometric relationship between their decod-
ing subspaces to find minimal overlap: principal angles
between motion and IntPhys subspaces average 69◦–83◦,
with direction closer to IntPhys (69◦) than speed (81◦). Pro-
jection overlap is low—only 7–13% of the IntPhys subspace
projects onto direction, and < 3% onto speed, statistically
indistinguishable from random projections (Bjorck & Golub,
1973). For a full account of our method and results, see Ap-
pendix C.4. Thus, despite becoming accessible with a probe
at the same depth, the two capabilities occupy nearly orthog-
onal representational subspaces, ruling out representational
reuse and shared latent-variable explanations.

6.3. Local attention heads in the Physics Emergence
Zone underpin spatiotemporal processing

In the previous section, we established that the internal rep-
resentations of the possible-vs-impossible physics task and
direction are task-specific, without feature reuse between
tasks. Still, the two tasks show a shared emergence pattern
in the Physics Emergence Zone, which suggests that they
may share an underlying computational process– for exam-
ple, the same attention heads or MLP mechanisms may be
responsible for both tasks. Our results from Section 6.1 sug-
gest that the Physics Emergence Zone contains a mechanism
that is unique to spatiotemporal processing.

Given that attention heads mediate spatiotemporal process-
ing in transformers across patches, we analyze attention
head distance across layers. We find that attention heads
outside of the Physics Emergence Zone show relatively
homogenous attention profiles. However, uniquely at the
Physics Emergence Zone, unusually spatiotemporally lo-
cal attention heads emerge alongside longer-range heads,
resulting in a sharp increase in attention head diversity as
measured by distance (Fig. 3). Our method of measuring
attention head distance is in Appendix C.6.

Figure 3. Spatiotemporally local attention heads crop up
uniquely at the Physics Emergence Zone. Per-head attention
locality heatmap showing the coexistence of local and long-range
heads at this stage. See Appendix Fig. 19 for a line plot of attention
distance.

Table 2. Local attention suppression at the Physics Emergence
Zone degrades performance. Direction and intuitive physics
degrade strongly under spatiotemporal local attention suppression
on the Physics Emergence Zone, while ImageNet performance
remains largely unchanged. For a full spatiotemporal sweep across
a variety of s and t, see Appendix Tab. 4.

CONDITION DIR. (R2) INTPHYS (%) INET (%)

BASE 0.97 78.3 33.7
SPATIAL (s=7) 0.93 62.2 33.5
TEMPORAL (t=3) 0.83 51.9 30.3
COMBINED (s=3, t=1) 0.14 61.7 33.1

We next test whether local attention is functionally respon-
sible for spatiotemporal processing by suppressing local

6
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(a) (b) (c)

Figure 4. Direction neurons form a ring-shaped population code with structured redundancy. (a) At the one-third emergence zone,
direction-selective MLP units tile the full angular space and organize into a circular population code. (b) Individual neurons exhibit
smooth, sinusoidal tuning to motion direction. (c) Probe accuracy across successive orthogonalizations exhibits a sawtooth pattern,
indicating structured redundancy consistent with paired (e.g., sine–cosine) feature encodings.

attention exclusively in the Physics Emergence Zone (Ap-
pendix C.6). Our targeted suppression produces severe
degradation in both direction decoding and possible-vs-
impossible discrimination, while leaving the static task of
ImageNet classification largely unaffected (Tab. 2).

Our results identify a shared computational mechanism at
the Physics Emergence Zone that supports the possible-
vs-impossible physics and motion direction tasks without
requiring shared representational subspaces. Our analysis
focuses on coarse spatiotemporal reasoning; other composi-
tional physical computations, such as contact dynamics or
force-based inference, may rely on additional mechanisms
not examined here.

7. Steering the Direction Variable
One gold standard in mechanistic interpretability is the abil-
ity to steer representations in latent space to change the
model’s prediction, establishing the feature’s causal impact
on the output (Turner et al., 2024; Panickssery et al., 2024;
Zou et al., 2025). In the following section, we attempt to
steer motion direction to change the decoding. We find a
rich and counterintuitive set of behaviors for the representa-
tion of direction: circular population geometry, ”sawtooth”
sin-cosine encoding, and successful steering only along ma-
nipulating dozens of orthogonal probe dimensions.

7.1. Direction neurons form a ring-shaped population
code at the Physics Emergence Zone

We find that MLP layers (fc1/fc2) at the end of the
Physics Emergence Zone selectively encode motion direc-
tion (Fig. 4a), with most units strongly direction-tuned (high

GLM R2), and preferred directions tiling 360◦ (Fig. 4b). At
the population level, direction-selective features organize
into a unit-circle geometry that is absent in early layers and
emerges sharply at the transition (Appendix Fig. 20), consis-
tent with a circular population code in motion neuroscience
(Jazayeri & Movshon, 2006). We do not observe an analo-
gous circular organization for speed, indicating a qualitative
difference between direction and speed (Appendix Fig. 21).
For our full methodology, see Appendix C.7.

However, manipulating only the unit-circle subspace does
not effectively steer direction, suggesting that direction is
embedded in a higher-dimensional representation beyond a
single unit circle. We test this hypothesis in the next section.

7.2. Physics-related variables require many tens of
directions to steer

To estimate the dimensionality of motion direction, we itera-
tively train linear probes, orthogonalize each probe direction,
and retrain on the residual representation until performance
reaches chance, a method closely related to prior work on
iterative nullspace projection and amnesic probing (Rav-
fogel et al., 2020). We describe our method in detail in
Appendix C.11.

We find that speed, direction, and possible-vs-impossible
representations are encoded in high-dimensional subspaces.
Possible-impossible discrimination requires approximately
20 independent features at the Physics Emergence Zone,
while direction decoding requires roughly 40–50 features,
increasing to up to 80 near the output layers (Appendix
Fig. 22). Interestingly, probe performance exhibits a char-
acteristic sawtooth pattern across successive orthogonaliza-
tions (Fig. 4c), consistent with direction being encoded via
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approximately sinusoidal feature pairs (e.g., sine–cosine
components) – a pattern that we see uniquely in motion di-
rection and not speed (Appendix Fig. 23). A mathematical
derivation of the sawtooth pattern from asymmetric capture
of paired sine–cosine components, validated by a synthetic
experiment matching the observed collapse ratio, is given
in Appendix D.5.

We next examine whether the high-dimensional direction
representation can be causally controlled along its many fea-
ture dimensions. In line with the previous section’s results
about manipulating the unit circle in the MLP layers, steer-
ing along a single feature direction or probe axis produces
little to no change in decoded motion direction. In con-
trast, coordinated interventions across increasing numbers
of orthogonal probe directions yield smooth and monotonic
reductions in mean angular error (Appendix, Fig. 24). When
steering across all probe directions at layer 8, we achieve
< 0.5◦ error to target angles, compared to > 80◦ for single-
probe interventions (Appendix C.12). Effective steering
therefore requires manipulating a large fraction of the repre-
sentational subspace, rather than modifying any individual
feature.

Surprisingly, unlike language models, where semantic con-
cepts often align with single or low-rank directions, even
complex behaviors such as refusal can often be controlled
via a single activation direction or a small set of vectors
(Turner et al., 2024; Panickssery et al., 2024; Zou et al.,
2025; Arditi et al., 2024), motion direction in video en-
coders requires coordinated high-dimensional steering.

8. Discussion
Our goal in this work was to characterize the representa-
tional form through which physical information is made
available internally.

8.1. Intuitive physics in cognitive science

A central debate in cognitive science concerns whether in-
tuitive physics relies on compact, reusable latent state vari-
ables—akin to a physics engine—or on distributed, task-
specific computations (Battaglia et al., 2013; Ullman et al.,
2017; Davis et al., 2017). Our results support the latter at
the representational level. Despite strong physical behav-
ior, we find no evidence for shared, low-dimensional latent
variables: motion direction and possible–impossible judg-
ments occupy nearly orthogonal subspaces, and direction it-
self requires high-dimensional coordinated steering (Tab. 1).
These findings are difficult to reconcile with physics-engine-
style representations and instead support distributed, task-
specific representations built atop shared spatiotemporal
computation.

8.2. Connections to neuroscience

The organization of motion direction we observe closely
parallels biological vision. In primate cortex, direction-
selective neurons tile angular space and direction is repre-
sented as a circular population code rather than an explicit
latent variable (Albright, 1984; Jazayeri & Movshon, 2006).
Similarly, direction in video world models emerges as a dis-
tributed circular geometry. Moreover, the early availability
of speed and later emergence of direction mirror the motion-
processing hierarchy in cortex, where direction selectivity
arises through higher-order pooling (Born & Bradley, 2005;
Pasternak & Tadin, 2020). Together, these parallels suggest
that video world models may provide an ideal complemen-
tary substrate for studying findings in neuroscience.

8.3. Applications to physics simulators

Recent work on physics steering shows that a transformer
trained on PDE simulations (not video) can admit low-
dimensional activation interventions corresponding to in-
terpretable physical phenomena (McCabe et al., 2025). In
contrast, our results show that our video world models en-
code motion variables in distributed, high-dimensional ge-
ometries, suggesting that whether learned models expose
compact, interpretable “state variables” is not guaranteed,
but depends critically on training domain and objective. As
a practical consequence, fine-tuning only the four blocks
within the Physics Emergence Zone (16% of V-JEPA 2-L
parameters) suffices to reach perfect IntPhys accuracy, while
late layers fine-tuned in the same way recover ImageNet
performance instead, yielding a clean physics vs. semantics
double dissociation (Appendix D.3).

9. Limitations
Our analysis is limited to encoder-based video transformers
trained with masked objectives; autoregressive or diffusion
video models may exhibit different representational struc-
ture. We focus on possible–impossible discrimination and
controlled motion variables, which probe core spatiotempo-
ral sensitivity but do not isolate richer physical computations
such as contact dynamics, force inference, or long-horizon
interaction. Our methods characterize representational ac-
cessibility and coarse causal influence rather than a complete
circuit-level mechanism, and our synthetic toy-ball dataset
may not reflect how physical structure is represented in natu-
ral video. Two specific extensions, evaluation on the harder
IntPhys2 benchmark (Bordes et al., 2025) and analysis of
non-linear motion regimes such as harmonic oscillation and
circular orbits, are discussed in Appendices D.9 and D.10.

Scoping our use of “physics”. Our use of “physics” fol-
lows the violation-of-expectation paradigm from develop-
mental psychology (Baillargeon & DeVos, 1991; Spelke
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et al., 1995): the model must distinguish physically possi-
ble from impossible scenes, and decode continuous motion
variables (speed, direction, acceleration) from controlled
stimuli. The Physics Emergence Zone tracks the layers at
which this signal becomes accessible; it does not imply that
the model “understands” physics in a richer sense, such as
counterfactual reasoning, mechanism inference, or general-
ization to fluid dynamics, mass, or soft-body deformation.
Whether deeper notions of physical understanding emerge
at the same depth, at different layers, or not at all, is an open
question for future work. Extended results spanning 14 mod-
els across 7 architectural families, a formal sigmoid-based
PEZ criterion, and a layer-targeted fine-tuning experiment
are reported in Appendix D.

10. Conclusion
We map where and how physics-relevant information ap-
pears inside large-scale video encoders. Across V-JEPA 2
and VideoMAE-v2 G, both possible–impossible discrimina-
tion and motion direction emerge at a sharp mid-depth tran-
sition—the Physics Emergence Zone—after which physics
signals peak and then weaken toward the output layers. Mo-
tion decomposition reveals a clear asymmetry: scalar mag-
nitudes are available early, while direction becomes linearly
accessible only at this transition. Although these abilities
co-emerge, direction and possible–impossible judgments
occupy nearly orthogonal representational subspaces, while
both depend causally on localized spatiotemporal attention.
Direction itself is encoded as a high-dimensional, unit circle
population code that resists low-dimensional steering. These
findings argue against compact, reusable latent physics state
and instead support a distributed, task-specific representa-
tional regime, in favor of heuristic-based accounts of intu-
itive physics proposed in cognitive science.

Impact Statement
This paper presents work whose goal is to advance the field
of Machine Learning. There are many potential societal
consequences of our work, none of which we feel must be
specifically highlighted here.
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A. Experimental Details
A.1. Dataset Details

A.1.1. INTUITIVE PHYSICS

Figure 5. A possible and impossible example from each fold of IntPhys. Each pair differs only at a single “breakpoint” frame and
instantiates one of three violation-of-expectation categories from developmental psychology (Baillargeon & DeVos, 1991; Spelke et al.,
1995): (1) object permanence (an object that should remain present spontaneously disappears), (2) shape constancy (an object’s
geometry changes spontaneously, e.g., a cube becomes a cone), and (3) spatiotemporal continuity (an object in motion teleports to a
non-adjacent location or its trajectory abruptly reverses). See Appendix D.11 for further discussion.

A.1.2. SYNTHETIC BALL DATASET

We generate two controlled synthetic motion datasets using the Kubric physics simulator (Greff et al., 2022) to study
representations of constant-velocity and uniformly accelerated motion. All videos depict a single sphere moving along
straight-line trajectories with known ground-truth dynamics.

Velocity dataset. The velocity dataset contains 392 videos (8 directions × 7 speeds × 7 start positions), each 16 frames
long at 24 fps (0.67 s), rendered at 256 × 256 resolution. Motion directions are θ ∈ {0◦, 45◦, . . . , 315◦}, with speed
magnitudes v ∈ {1, . . . , 7} m/s. Start positions are sampled uniformly from [−2, 2]2 m for each (θ, v) pair.

Scenes are generated using Kubric (Greff et al., 2022), with physics simulated in PyBullet 3.2.5 and rendering performed
in Blender 2.93. Each scene contains a sphere (radius 0.3 m, mass 1.0 kg), a static 8× 8 m floor plane, a fixed overhead
perspective camera at (0,0,10) m, and a single directional light.
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All friction terms (lateral, rolling, spinning) and restitution are set to zero. The sphere is initialized with nonzero velocity v
in direction θ, and no external forces are applied, yielding uniform linear motion throughout the sequence (∆v = 0).

Acceleration dataset. The acceleration dataset consists of 280 videos (8 directions × 5 accelerations × 7 start positions)
with identical temporal and spatial resolution. Motion directions follow the same θ set as above, with acceleration magnitudes
a ∈ {2, 4, 6, 8, 10} m/s2. Start positions are sampled uniformly from [−2, 2]2 m for each (θ, a) pair.

The sphere is initialized at rest and subjected to a constant external force F = ma applied at each timestep in direction θ.
Physics is simulated at 240 Hz (10 substeps per rendered frame). Under frictionless conditions, measured accelerations
match target values within 10−4 m/s2, verified via finite differences of recorded velocities. Rendering, scene configuration,
and annotations are identical to the velocity dataset.

B. Probe Training Details
For all experiments, we trained linear probes of the form f(hℓ) = Whℓ + b on spatiotemporally pooled activations from
each layer ℓ ∈ {0, . . . , n− 1} of the frozen n-layer encoder. We performed a hyperparameter sweep over 20 configurations,
with learning rates {10−4, 3× 10−4, 10−3, 3× 10−3, 5× 10−3} and weight decay {0.01, 0.1, 0.4, 0.8}, selecting the best
model based on validation performance. We used 5-fold grouped cross-validation and report results as mean ± standard
deviation across folds.

C. Additional Experiments
C.1. Possible-vs-impossible physics task

C.1.1. FULL RESULTS FOR LINEAR PROBE
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Figure 6. Full results for the linear probe on all sizes of V-JEPA 2.
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Figure 7. Full results for the linear probe on all sizes of VideoMAE-v2.
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C.1.2. FULL RESULTS FOR ATTENTIVE-MLP PROBE

Figure 8. Full results for the attentive-mlp probe on all sizes of V-JEPA 2.
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Figure 9. Full results for attentive-mlp probe on all sizes of VideoMAE-v2.
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C.1.3. CONSISTENCY ACROSS POSSIBLE-VS-IMPOSSIBLE PHYSICS SUB-TASKS

Figure 10. Intuitive physics results broken down by subtasks of object permanence, shape constancy, and spatiotemporal continuity.

In Section 4.2, we show a distinct emergence pattern one-third through the network for the possible vs. impossible physics
task. The IntPhys (Riochet et al., 2021) dataset is further divided into three sub-tasks capturing object permanence, shape
constancy, and spatiotemporal continuity. Therefore, a natural next question is whether each sub-task has a unique emergence
signature.

Probe performance by subtask reveals the same one-third emergence pattern across all three principles: object permanence,
shape constancy, and spatiotemporal continuity (Figure 10). This universality suggests that the models may have the same
underlying processing for possible vs. impossible tasks.

C.1.4. THE MIDDLE LAYER POSSIBLE-VS-IMPOSSIBLE PHYSICS REPRESENTATIONS GENERALIZE TO BETTER
PERFORMANCE ON A DOWNSTREAM INTUITIVE PHYSICS TASK

In Section 5.3, we show that perhaps counterintuitively strongest representations for the possible vs. impossible intuitive
physics task are at the center of the network across model sizes and architectures. Our findings echo past results in which
intermediate instead of final representations were seen to be useful on certain tasks for contrastively vision-language models
(Bolya et al., 2025). Similarly, using intermediate instead of end representations may be useful in tasks like using V-JEPA-2
representations to improve the physics plausibility of video generative models (Yuan et al., 2025).

To confirm this hypothesis, we trained from scratch a V-JEPA 2 large predictor on the representations of every layer on the
violation-of-expectation framework taken from (Garrido et al., 2025). This downstream task measures the plausibility of the
next-frame, and it is a more real-world task than our previous set-up.

We confirm that the middle one third of the network yields the best predictivity on the task (Appendix Figure 11). This
suggests that for future tasks involving training on physical representations, the center of the network may be more optimal
than the end of the network, where performance degrades.

Interestingly, we also notice that even early layers that give poor performance on only the encoder suddenly perform well
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Figure 11. Downstream performance of the V-JEPA 2 Large predictor on the violation-of-expectation intuitive physics set-up. Representa-
tions from the middle layers of the encoder provide the best performance compared to final layers.

(Layer 0). This is likely because the predictor itself is learning from the representation.

Future interpretability work will need to investigate why this is the case; we hypothesize it may be related to feature object
binding, in which velocity information is most ”bound” to the corresponding object. At the end of the network, information
is catered to the optimization objective of predicting the next frame in latent space, not necessarily to preserving object-level
information.

C.2. Task-Specificity of Physics Emergence Zone

Figure 12. Layer-wise probe performance on control tasks. Object counting, image classification, and standard video classification do not
exhibit the one-third emergence signature, indicating it is not a generic depth effect. Only shuffled video detection shows a similar pattern,
consistent with relying on temporal order.

C.3. Direction validation on multi-object scenes

In Section 5.3, we validated the emergence of direction for multi-object scenes like the CLEVRER dataset to discover that
the Physics Emergence Zone signature was consistent across model architectures (Fig. 13 ) (Yi et al., 2020). This Appendix
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section contains additional results, including a per-object breakdown for accuracy.

(a) (b)

Figure 13. CLEVRER dataset: (a) Sample video frames. The first six frames of the CLEVRER video dataset, which shows objects of
various colors, shapes, and textures moving across the screen. We train per-object probes on each of the objects to detect its direction. (b)
Per-object direction results.
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Figure 14. Full results for linear probes for all 48 objects of CLEVRER. Each gray line is an object and the blue is the average across all
objects. Error bars are from k-fold cross validation.
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Figure 15. Results for CLEVRER velocity per-object linear probe R² grouped by cube, cylinder, and sphere shape across all model types.
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Figure 16. Results for CLEVRER velocity per-object linear probe R² grouped by metal and rubber material across all model types.
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(a) VideoMAE-v2-G (b) V-JEPA 2-G

(c) V-JEPA 2-H (d) V-JEPA 2-L

Figure 17. CLEVRER velocity linear probe R² heatmaps across layers and object types for all models.
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C.4. Subspace Overlap Analysis

In Section 6.2, we examined the relationship between the direction and intuitive physics subtasks to determine whether there
is significant representational reuse or shared feature space.

To quantify the relationship between motion encoding and intuitive physics reasoning, we measure the overlap between the
subspaces spanned by direction probes, speed probes, and IntPhys probes across layers.

Method. For each layer ℓ, we collect the weight vectors from trained probes. For direction (velocity θ) probes, we use
circular regression weights Wdir ∈ R2×d (sine and cosine components) from each spatial position, yielding a matrix of
probe weights. For speed and IntPhys probes, we collect the linear regression weights w ∈ Rd. We construct orthonormal
bases QA,QB for each subspace via QR decomposition of the stacked weight matrices. We compute three metrics to
characterize subspace relationships: Principal angles. The principal angles θ1, . . . , θk between subspaces A and B are
computed via the singular value decomposition of Q⊤

AQB , where cos(θi) = σi (Bjorck & Golub, 1973). We report the
mean principal angle θ̄ = 1

k

∑k
i=1 θi.

Projection overlap. The fraction of subspace B captured by subspace A is:

Overlap(A← B) =
∥Q⊤

AQB∥2F
dim(B)

(1)

This measures how much of B’s variance lies within A.

Grassmann distance. The geodesic distance on the Grassmann manifold:

dG(A,B) =

√√√√ k∑
i=1

θ2i (2)

Random Baseline. To assess whether observed overlaps reflect meaningful structure or merely geometric coincidence, we
compare against the expected overlap for random subspaces. For two random subspaces A and B with dimensions kA and
kB in an ambient space of dimension d, the expected projection overlap is (Vershynin, 2018):

E[Overlap(A← B)] =
kA
d

(3)

Intuitively, a random kA-dimensional subspace captures a fraction kA/d of any random direction’s variance. For V-JEPA
2-L with embedding dimension d = 1024:

• Direction subspace (k = 66–136): expected random overlap = 6.4–13.3%
• Speed subspace (k = 21–29): expected random overlap = 2.1–2.8%
• IntPhys subspace (k = 7–15): expected random overlap = 0.7–1.5%

Results. Table 3 shows the subspace overlap between motion encoding (direction and speed) and IntPhys reasoning across
layers. The direction subspace is high-dimensional (66–136 dimensions), speed is lower-dimensional (21–29 dimensions),
while IntPhys is compact (7–15 dimensions). Direction and IntPhys subspaces maintain mean principal angles of 69◦–75◦,
with direction→IntPhys overlap of 7–13%. Speed and IntPhys subspaces are more orthogonal (80◦–83◦), with overlap
below 3%. Critically, these observed overlaps match the random baselines: direction→IntPhys overlap (7–13%) aligns
with the expected 6–13% for random subspaces of equivalent dimension, and speed→IntPhys overlap (2–3%) matches
the expected 2–3%. This correspondence with chance-level overlap indicates that the motion and IntPhys subspaces share
no more structure than would be expected from arbitrary subspaces of the same dimensionality. Despite both capabilities
becoming decodable at similar depths in the network, they occupy nearly orthogonal representational subspaces, ruling out
representational reuse and shared latent-variable explanations.
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Table 3. Subspace overlap between motion encoding (direction/speed) and IntPhys probes (V-JEPA v2-L, d=1024). OverlapA→B

measures the fraction of subspace B captured by subspace A.

Direction vs IntPhys Speed vs IntPhys

Layer Dir IP Angle Dir→IP IP→Dir Spd IP Angle Spd→IP IP→Spd
Dim Dim (◦) Overlap Overlap Dim Dim (◦) Overlap Overlap

0 30 1 79.1 0.036 0.001 25 1 81.8 0.020 0.001
1 30 1 79.6 0.033 0.001 24 1 82.4 0.017 0.001
2 14 1 81.7 0.021 0.001 25 1 80.3 0.028 0.001
3 114 1 70.6 0.110 0.001 17 1 82.8 0.016 0.001
4 94 1 72.8 0.088 0.001 19 1 82.0 0.019 0.001
5 62 7 75.7 0.064 0.007 16 7 83.5 0.015 0.007
6 96 5 71.4 0.104 0.005 20 5 80.9 0.027 0.007
7 78 11 74.6 0.073 0.010 26 11 81.9 0.022 0.009
8 136 15 69.1 0.129 0.014 28 15 80.7 0.030 0.016
9 122 13 70.7 0.112 0.012 21 13 82.4 0.021 0.013
10 66 12 75.2 0.069 0.012 29 12 81.6 0.025 0.010
11 120 10 70.2 0.117 0.010 26 10 81.2 0.027 0.010
12 122 14 69.9 0.121 0.014 22 14 82.4 0.021 0.013
13 128 13 70.0 0.119 0.012 20 13 82.2 0.023 0.015
14 100 9 71.4 0.103 0.009 21 9 82.6 0.018 0.008
15 122 9 70.7 0.111 0.008 26 9 81.4 0.025 0.008
16 128 14 69.7 0.122 0.013 23 14 81.9 0.023 0.014
17 128 11 68.9 0.132 0.011 21 11 81.9 0.023 0.012
18 128 13 69.0 0.131 0.013 24 13 81.9 0.022 0.012
19 128 7 69.0 0.130 0.007 26 7 81.1 0.026 0.007
20 400 6 51.6 0.386 0.006 25 6 81.3 0.026 0.006
21 400 19 51.5 0.388 0.018 26 19 80.9 0.030 0.022
22 400 6 51.6 0.386 0.006 30 6 79.6 0.034 0.007
23 400 32 51.5 0.389 0.031 31 32 81.3 0.030 0.031

C.5. Direction moves to per-patch encoding

In Section 5.3, we showed that direction uniquely arises at the Physics Emergence Zone compared to other physics-related
information like scalar speed and scalar acceleration. The one-third emergence zone appears consistently across tasks and
datasets, suggesting that it reflects a structural change in the representation rather than a task-specific artifact. We therefore
ask what changes in the representation itself when physical information, specifically direction, becomes decodable.

From a patch-level perspective, we find that direction-related signals are already present in early layers, but remain tightly
coupled to specific spatial locations. Direction information is fragmented across patches, such that no single patch contains
sufficient information to support reliable decoding or spatial generalization. Mean-pooled probes can nevertheless achieve
modest performance by linearly combining these fragmented signals across the frame (Figures 18a).

Around the one-third emergence zone, this structure changes sharply. Direction information becomes broadly distributed
across patches, with a marked increase in redundancy and spatial spread. At this stage, individual patches begin to carry
sufficient information to support reliable direction decoding on their own. This transition explains why per-patch probe
performance rises abruptly at the emergence zone, while mean-pooled performance improves more gradually (Figures 18a,
b).

This representational shift also enables spatial generalization (Figure 18b). Probes trained on direction information from
one region of the frame begin to generalize to unseen regions only after the emergence zone, indicating that direction is no
longer tied to specific spatial coordinates. Instead, it becomes encoded in a globally accessible form that survives pooling
operations and supports position-invariant decoding.

Together, these results indicate that the emergence zone corresponds to a transition from local, retinotopic direction signals
to a globally distributed representation. This local-to-global shift is reminiscent of the V1→MT hierarchy in biological
vision, where early motion signals are spatially localized and later representations pool over space to yield position-invariant
direction selectivity.
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Figure 18. Direction representations transition from local to global at the one-third emergence zone. Results are shown for the synthetic
velocity dataset using V-JEPA 2-L. (a) Per-patch linear probe performance across layers. Mean-pooled probes achieve moderate
performance earlier by aggregating weak signals across patches, whereas per-patch probes become reliable only at the emergence zone.
(b) Spatial generalization performance for probes trained on one half of the frame and evaluated on the other half. Generalization improves
sharply at the emergence zone. (c) Per-patch decoding heatmaps illustrate a sharp transition between Layers 7 and 8, where direction
becomes decodable from individual patches.

C.6. Attention Distance Analysis

In Section 6.3, we looked at the shared attention head spatiotemporal processing impacted the possible-vs-impossible
physics task. We analyze how ablating local attention in V-JEPA v2 affects physics encoding across four tasks: direction
prediction (R2), IntPhys accuracy, per-patch direction decoding (R2), and ImageNet classification accuracy. V-JEPA v2
uses tubelet embedding with temporal stride 2, so 16 input frames are encoded into 8 temporal tokens. The model processes
T ×N = 8× 196 = 1568 tokens, where each tubelet covers 2 consecutive frames and N = 196 is the spatial patch count
(14× 14 grid from 224× 224 images with 16× 16 patches).

We define spatial distance between patches as Euclidean distance in patch coordinates: ds(i, j) =√
(xi − xj)2 + (yi − yj)2, measured in patch units (maximum ∼18 on the diagonal). Temporal distance is the tubelet

difference: dt(i, j) = |ti − tj |, ranging from 0 to 7 tubelets.

To test whether local attention is causally important for physics encoding, we ablate attention by masking weights to
nearby tokens and renormalizing the remainder. For spatial threshold s, we zero all attention where ds(q, k) ≤ s;
for temporal threshold t, we zero attention where dt(q, k) ≤ t. We evaluate three regimes: (1) spatial-only ablation
with s ∈ {1, 3, 5, 7, 9, 11, 13} patches; (2) temporal-only ablation with t ∈ {1, 2, 3, 4, 5, 6} tubelets; and (3) combined
spatiotemporal ablation with paired thresholds.

Large performance drops after ablation indicate reliance on local attention at that scale. Spatial ablation minimally affects
direction R2 but degrades per-patch localization; temporal ablation strongly impacts both direction and IntPhys; combined
ablation destroys direction encoding entirely.
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Figure 19. In the physics emergence zone, the average attention head distance drops, and head specialization spikes as local heads emerge
among the longer distance heads.

Table 4. Effect of ablating local attention at varying spatial (s, in patches) and temporal (t, in tubelets) thresholds. Spatial ablation
minimally affects direction R2 but degrades per-patch localization; temporal ablation strongly impacts both direction and IntPhys;
combined spatiotemporal ablation destroys direction encoding entirely while IntPhys and ImageNet degrade more gradually.

Direction IntPhys Per-patch ImageNet
Condition Params R2 Acc R2 Acc

Baseline s=0, t=0 0.97 78.3 0.72 33.7

Spatial-only (temporal preserved)
s=1 0.96 71.4 0.65 33.8
s=3 0.95 67.2 0.53 33.3
s=5 0.95 63.9 0.43 33.5
s=7 0.93 62.2 0.30 33.5
s=9 0.92 60.6 0.14 33.8
s=11 0.91 61.1 <0 33.7
s=13 0.88 60.8 <0 33.9

Temporal-only (spatial preserved)
t=1 0.94 76.4 0.64 33.3
t=2 0.85 60.6 0.48 33.0
t=3 0.83 51.9 0.41 30.3
t=4 0.82 50.6 0.36 28.0
t=5 0.81 50.8 0.29 27.0
t=6 0.80 50.8 0.24 25.6

Spatiotemporal (both knocked out)
s=3, t=1 0.14 61.7 <0 33.1
s=5, t=2 <0 60.3 <0 31.8
s=7, t=3 <0 56.4 <0 29.7
s=9, t=4 <0 56.7 <0 27.3
s=11, t=5 <0 58.1 <0 19.5
s=13, t=6 <0 50.8 <0 11.2
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C.7. Direction Tuning Analysis

In Section 7.1, we identified that the Physics Emergence Zone has circular population geometry for direction tuning in its
MLP neurons. To characterize the direction selectivity of individual neurons within V-JEPA 2, we fit generalized linear
models (GLMs) to predict each neuron’s activation from the stimulus direction. For each neuron i at each spatiotemporal
position (patch × frame), we model the activation y as a linear function of direction θ:

y = β0 + βcos cos(θ) + βsin sin(θ) + ϵ (4)

where θ ∈ [−π, π] is the motion direction in radians. This sinusoidal basis captures smooth, circular tuning curves commonly
observed in biological direction-selective neurons.

We evaluate each neuron’s direction tuning strength using cross-validated ∆R2, computed via k-fold cross-validation
(k = 5). For each fold, we fit the GLM on training samples and compute the coefficient of determination on held-out
validation samples. The cross-validated ∆R2 quantifies how much variance in the neuron’s response is explained by
direction, while guarding against overfitting. We regularize the GLM with ridge regression (α = 10−3) to ensure numerical
stability.

To extract each neuron’s preferred direction (PD), we fit the GLM on the full dataset and compute:

PDi = arctan 2(βsin, βcos) (5)

This yields the direction that maximally activates each neuron. We also compute the direction tuning gain as
√
β2
cos + β2

sin,
which reflects the amplitude of the neuron’s direction modulation.

To visualize the population-level direction tuning, we construct heatmaps with neurons on the vertical axis and preferred
direction (binned into 24 bins spanning [−π, π]) on the horizontal axis. For each neuron, we assign its cross-validated
∆R2 to its corresponding preferred direction bin. When multiple spatiotemporal positions for the same neuron fall into the
same bin, we aggregate using the maximum ∆R2 across positions. Neurons are sorted vertically by their peak preferred
direction bin, then by tuning strength within each bin. The resulting heatmap reveals whether the network contains a diverse
population of direction-tuned neurons spanning all directions, or whether direction tuning is sparse or concentrated at
particular angles.

We further find that the circular population code only emerges at the Physics Emergence Zone, and that it is not present at
the early layers, with disorganized direction tuning in Layer 0 (Appendix Fig 20)

Figure 20. Direction tuning vectors show that direction tuning is sporadic and disorganized at Layer 0, but has emerged in neat organization
by Layer 8 of the Physics Emergence Zone
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C.8. Speed Tuning Analysis

To characterize speed selectivity, we fit a separate GLM for each neuron predicting activation from stimulus speed. We use a
quadratic model to capture neurons with preferred speeds at intermediate values:

y = β0 + βr · r + βr2 · r2 + ϵ (6)

where r ≥ 0 is the speed magnitude. The quadratic term allows the model to capture neurons that respond maximally at a
particular speed rather than monotonically increasing or decreasing with speed.

As with direction tuning, we evaluate speed tuning strength using cross-validated ∆R2 with k-fold cross-validation (k = 5)
and ridge regularization (α = 10−3). To extract each neuron’s preferred speed, we compute the vertex of the fitted parabola:

r∗i = − βr

2βr2
(7)

This preferred speed is only well-defined when βr2 < 0 (i.e., the parabola opens downward, indicating a true peak). We
clip r∗ to lie within the observed speed range [rmin, rmax]. The speed tuning gain is defined as |βr|, reflecting the neuron’s
sensitivity to speed changes.

Population heatmaps for speed tuning follow the same construction as for direction: neurons are binned by their preferred
speed (24 bins spanning the 1st to 99th percentile of observed preferred speeds), with cross-validated ∆R2 aggregated
via maximum within each bin. Neurons are sorted by their peak preferred speed bin. These heatmaps reveal whether the
network contains a continuum of speed-tuned neurons or whether speed encoding is concentrated at particular values.

Figure 21. Heatmap of preferred speed for V-JEPA 2 L.

C.9. High feature dimensionality of physics-related representations

In Section 7.2, we discuss the high feature dimensionality of physics-related information.

C.10. Speed representations do not have sawtooth pattern
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Figure 22. Estimated feature dimensionality of decoded variables across tasks, measured by the number of orthogonal linear probes
trainable before performance approaches chance (Direction: R2 < 0.3; Speed: R2 < 0.1; IntPhys: accuracy < 55%). Physical variables
require tens of independent feature dimensions for representation.

Figure 23. Direction shows a jagged sawtooth pattern, while speed does not.
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C.11. Orthogonal Probe Sequence Method

To measure the dimensionality of motion and physics representations, we train sequences of linear probes on progressively
orthogonalized activation subspaces. This procedure quantifies how many independent directions in activation space encode
a given variable.

Procedure. For a layer with activations X ∈ RN×d (where N is the number of samples and d = 1024 is the embedding
dimension), we iteratively:

1. Train a linear probe Pk on the current activations X(k) to predict the target variable (direction θ, speed, or IntPhys
label).

2. Extract the probe weights Wk and compute an orthonormal basis via QR decomposition.
3. Project out the learned direction: X(k+1) = X(k) −X(k)QkQ

⊤
k , where Qk is the orthonormal basis of Wk.

4. Repeat until probe performance falls below threshold.

The number of probes trained before reaching chance-level performance indicates the effective dimensionality of the
representation for that variable.

Probe Architecture. All probes are single-layer linear models:

• Direction (θ): Circular regression with outputs (sin θ, cos θ), trained with MSE loss.
• Speed: Linear regression with scalar output, trained with MSE loss.
• IntPhys: Binary logistic regression (possible vs. impossible), trained with cross-entropy loss.

Training Details. Probes are trained using Adam optimizer with learning rate η = 10−3 and weight decay λ = 10−4

for 100 epochs (direction) or 50 epochs (speed, IntPhys). We use an 80/20 train/test split with a fixed random seed for
reproducibility.

Stopping Criteria. The probe sequence terminates when performance approaches chance level:

• Direction: R2 < 0.1 or circular MAE > 80◦ (chance ≈ 90◦)
• Speed: R2 < 0.05 or MAE > 90% of random baseline
• IntPhys: Accuracy < 55% or AUC < 0.55 (chance = 50%)

Subspace Dimensionality. The total number of probes K trained before stopping defines the subspace dimensionality.
For direction probes (with 2D output for sin / cos), the effective dimensionality is 2K. For speed and IntPhys probes
(1D output), the dimensionality equals K. Across layers 0–23, we find direction subspaces of dimension 14–136, speed
subspaces of dimension 16–31, and IntPhys subspaces of dimension 1–15 (Table 3).

C.12. Steering

In Section 7.2, we show that internal representations of physics variables are surprisingly high-dimensional. Here we verify
that the identified direction subspace causally controls direction encoding through activation steering experiments with
proper held-out evaluation.

Subspace Construction. From the orthogonal probe sequence (Appendix C.11), we obtain K probes with weights
Wk ∈ R2×d predicting [sin θ, cos θ]. We construct an orthonormal basis V ∈ Rd×2K for the direction subspace by stacking
the probe weight matrices and applying QR decomposition:

V, = QR
(
[W⊤

1 ,W
⊤
2 , . . . ,W

⊤
K ]

)
(8)

Steering Procedure. Given activations x ∈ Rd and target angle θ∗, we:

1. Project activations onto the direction subspace: c = V⊤x, x⊥ = x−Vc
2. Solve for target coordinates c∗ via least squares such that all probes predict θ∗

3. Reconstruct steered activations: x∗ = Vc∗ + x⊥
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Generalization Experiment. To verify that steering affects the true direction representation—not just the specific probes
used for steering—we design a held-out evaluation protocol:

1. Split the dataset into disjoint train (70%, 240 videos) and test (30%, 103 videos) sets
2. Train steering probes on train set activations using the orthogonal probe sequence (25 probes until R2 < 0.1)
3. Train a held-out evaluation probe on test set activations only (R2 = 0.99)
4. Apply steering (constructed from train-set probes) to test set activations
5. Evaluate whether the held-out probe reads the target direction from steered activations

This protocol ensures the evaluation probe has never seen the steering probes or the activations used to construct the steering
subspace, providing a true test of generalization.

Results. We steer videos with 8 discrete motion directions (0, 45, 90, . . . , 315) toward a single target angle θ∗ = 90.
This requires angular shifts ranging from 0 (for videos already at 90) to 180 (for videos at 270), with an average shift of
approximately 90. At layer 8 of V-JEPA 2-L:

• Baseline (no steering): The held-out probe reads the true direction with MAE = 4.9 to ground truth, but MAE = 82.9
to the target angle (as expected given the average angular distance).

• After steering with 20 probes: The held-out probe reads MAE = 11.9 to the target, demonstrating that steering
generalizes to a probe trained on entirely different data—a 71 improvement over baseline.

Figure 24 shows that effective steering requires coordinated intervention across many orthogonal directions: steering with
only 1–5 probes yields modest improvement (MAE > 50), while steering with∼20 probes achieves MAE≈ 12. Importantly,
as MAE to the target decreases, MAE to the true labels increases correspondingly, confirming that we are genuinely shifting
the representation toward the target direction rather than simply injecting the target into a separate subspace.

Figure 24. Steering generalizes to held-out data and probes. We train orthogonal probes on the train set (70%) and a separate evaluation
probe on the test set (30%). Videos span 8 motion directions (0–315), all steered toward target θ∗ = 90. After steering test activations
using N train-set probes, the held-out probe (trained only on test data) reads the target direction with MAE decreasing from 82.9 (baseline)
to 11.9 with 20 probes. Layer 8, V-JEPA 2-L.

D. Extended Experiments and Analyses
This appendix presents additional experiments and analyses that extend the main paper’s findings to a broader set of
architectures, formalize the definition of the Physics Emergence Zone (PEZ), and demonstrate that PEZ-localized layers
carry the bulk of physics-relevant capacity.

D.1. Extended model coverage: 14 models across 7 architectural families

To assess how broadly our findings generalize, we extend the original model set (V-JEPA 2 and VideoMAE-v2) to 14 models
spanning 7 architectural families: latent prediction (V-JEPA 2 L/H/G), pixel reconstruction (VideoMAE-v2 B/L/H/G),
diffusion (CogVideoX-2b (Yang et al., 2024), Open-Sora (Zheng et al., 2024)), autoregressive (Cosmos AR-4B (NVIDIA
et al., 2025)), 3D CNN classification (SlowFast (Feichtenhofer et al., 2019), I3D (Carreira & Zisserman, 2017)), tracking
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(TCOW (Van Hoorick et al., 2023)), and contrastive video-language (InternVideo (Wang et al., 2024)). Models span 28M to
4B parameters.

Table 5 summarizes IntPhys accuracy (possible-vs-impossible discrimination), motion direction R2 (8-way regression on
the synthetic ball dataset), and Physion accuracy (Bear et al., 2021) for each model. PEZ presence is determined by the
formal sigmoid criterion of Appendix D.2.

Table 5. Extended model coverage. Direction emerges in every architecture tested; physics plausibility (IntPhys) emerges only in models
trained with self-supervised predictive objectives (latent prediction, pixel reconstruction at scale, diffusion). Classification, contrastive,
autoregressive, and tracking objectives encode direction without producing a Physics Emergence Zone for plausibility. ✓ / × indicate
sigmoid-PEZ criterion satisfied; reported R2 is peak across layers for direction regression.

Model Objective Params IntPhys PEZ Direction R2 Physion PEZ

V-JEPA 2-L latent prediction 300M ✓ 97% ✓ .96 ✓ 75%
V-JEPA 2-H latent prediction 600M ✓ 100% ✓ .89 ✓ 73%
V-JEPA 2-G latent prediction 1B ✓ 100% ✓ .87 ✓ 74%
VideoMAE-v2-G pixel reconstruction 1B ✓ 84% ✓ .95 × 68%
VideoMAE-v2-B pixel reconstruction 86M × chance ✓ .78 × 73%
VideoMAE-v2-L pixel reconstruction 300M × chance ✓ .80 × 71%
VideoMAE-v2-H pixel reconstruction 600M × chance ✓ .85 × 76%
CogVideoX-2b diffusion 1.7B ✓ 74% ✓ .88 × 64%
Open-Sora diffusion 760M ✓ 71% ✓ .69 × 71%
Cosmos AR-4B autoregressive 4B × 66% × .66 × 61%
SlowFast 3D CNN classification 33M × chance ✓ .83 × 67%
I3D 3D CNN classification 28M × chance ✓ .88 × 68%
TCOW tracking 100M × chance × .43 × 64%
InternVideo contrastive 1B × chance ✓ .65 × 61%

Two patterns are visible. First, motion direction is universal: all 14 models encode direction above chance (R2 ≥ 0.43),
regardless of objective. Second, physics plausibility is selective: only large self-supervised predictive models (latent
prediction, pixel reconstruction at scale, diffusion) develop an IntPhys PEZ. Classification, contrastive, autoregressive,
and tracking objectives do not, even when they encode direction comparably well. Within the reconstruction family, only
VideoMAE-v2-G clears the IntPhys bar, suggesting a capacity threshold for plausibility emergence under the reconstruction
objective. Encoder PEZ depth concentrates at 28%± 4%; diffusion models show PEZ at 34–45% depth.

D.2. Formal definition of the Physics Emergence Zone

In the main text, the Physics Emergence Zone is identified visually as the layer at which a sharp accessibility transition
occurs. To make this definition quantitative, we fit a four-parameter sigmoid to each layer-wise accuracy or R2 curve and
require:

1. Sigmoid fit quality: R2 > 0.9 (curve is well described by a sigmoid),

2. Inflection depth: inflection point at ≤ 50% of network depth (the transition is in the early-to-middle portion of the
network, not at the output),

3. Magnitude: peak accuracy ≥ 15 percentage points above chance, or peak regression R2 ≥ 0.1.

A model satisfies the PEZ criterion for a given task if all three conditions hold. Applied to V-JEPA 2-L on IntPhys, sigmoid
fits achieve R2 > 0.97; the inflection sits at 25% of network depth with peak 95% accuracy. Across the 14 models in
Appendix D.1, the encoder family shows IntPhys PEZ at 28%± 4% depth (mean ± std over models satisfying the criterion);
diffusion models satisfy the criterion at 34–45% depth. The criterion is what underlies the ✓/× entries in Table 5.

D.3. Layer-targeted fine-tuning: PEZ layers carry the physics capacity

If the Physics Emergence Zone identifies the layers in which physics-relevant structure resides, it should be possible to
specialize a model for an intuitive-physics task by fine-tuning only those layers. We freeze V-JEPA 2-L and unfreeze 4 of its
24 transformer blocks, then fine-tune on IntPhys with all other parameters held fixed. We compare four layer groups: PEZ
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layers (blocks 7–10), late layers (blocks 20–23), random layers (blocks 4, 5, 12, 18), and early layers (blocks 0–3). For each
group we additionally evaluate CLEVRER direction regression (Yi et al., 2020) (per-object R2 on the highest-R2 object
type, cube yellow rubber) and ImageNet classification accuracy.

Table 6. Surgical fine-tuning of 16% of parameters (4 of 24 transformer blocks). The Physics Emergence Zone layers (blocks 7–10)
achieve perfect IntPhys accuracy with zero variance across folds, while sacrificing static-image performance; late layers (blocks 20–23)
recover ImageNet accuracy but plateau on IntPhys. The double dissociation indicates PEZ layers are physics-specialized and late layers
are general-purpose.

Layer Group Layers Trained IntPhys Acc (%) CLEVRER Direction R2 (×100) ImageNet Acc (%)

PEZ layers 7–10 100.0± 0.0 97.4± 2.6 27.8± 13.6
Late layers 20–23 85.8± 3.3 94.1± 2.4 68.7± 15.8
Random control 4, 5, 12, 18 98.1± 2.6 92.0± 6.6 7.8± 5.7
Early layers 0–3 57.5± 5.1 85.2± 8.0 7.6± 4.5

PEZ layers reach 100% IntPhys with zero across-fold variance, despite training only 16% of model parameters. Late layers
(also 16%) plateau at 85.8% IntPhys but recover most ImageNet performance (68.7% vs. 27.8% for PEZ layers), giving a
clean double dissociation: PEZ layers specialize in physics, late layers in general visual semantics. Random and early-layer
baselines show that this separation is not a generic property of partial fine-tuning. The result is consistent with the appendix
experiment showing PEZ-layer features outperform final-layer features on downstream physics tasks (Appendix C.1.4), and
with concurrent observations by Bolya et al. (2025) that intermediate layers carry task-relevant information often discarded
by later layers.

ImageNet variance for PEZ layers is elevated due to strided fold sampling; means are valid but the standard deviation reflects
sampling noise rather than instability of the underlying performance.

D.4. Robustness of the Physics Emergence Zone to input degradation

We test whether the PEZ depth depends on input statistics by varying spatial resolution and frame count for V-JEPA 2-L on
IntPhys, applying the formal sigmoid criterion of Appendix D.2.

Table 7. PEZ depth is invariant under spatial and temporal degradation of the input. Peak accuracy degrades modestly as resolution drops,
and is robust to temporal subsampling. PEZ depth (location of the sigmoid inflection point) varies by at most 4 percentage points across
all conditions.

Condition PEZ Depth Peak Acc Sigmoid Fit R2

Baseline (256× 256, 16 frames) 25% 95% 0.995
128× 128, 16 frames 25% 69% 0.967
64× 64, 16 frames 29% 81% 0.993
256× 256, 8 frames 26% 92% 0.995
256× 256, 4 frames 25% 93% 0.997

PEZ depth lies in 25–29% across all conditions (mean 26%± 2%), with sigmoid fit R2 > 0.96 throughout. Peak accuracy
drops from 95% to 69% as spatial resolution falls (consistent with reduced visible motion cues at low resolution), but is
essentially unchanged under temporal subsampling down to 4 unique frames. The PEZ therefore reflects computational
staging within the architecture rather than an artifact of input statistics.

D.5. Mathematical model of the sawtooth orthogonalization pattern

The main text reports a sawtooth oscillation in iterative null-space probe accuracy when removing direction information
(recovery bumps after removals). We provide a mechanism. Let Sm and Cm denote the signal strength of sin θ and cos θ
encoding components after m orthogonalization steps. Suppose at step m the linear probe captures fraction αm of the
available sin component and βm of the cos component, with the asymmetry arising because individual heads encode
horizontal and vertical motion preferentially. Then:

Sm+1 = (1− αm)Sm, (9)
Cm+1 = (1− βm)Cm. (10)
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A circular probe must recover both components jointly, so circular R2 scales with the slower of the two recursions. When
capture is highly asymmetric (αm ≫ βm), the sin component is removed quickly while the cos component survives;
subsequent probes can pick up the residual cos signal, producing the observed recovery bump. A scalar (e.g., speed)
encoding has only a single recursion, Sm+1 = (1 − αm)Sm, with no second component to recover, and therefore no
oscillation.

We confirm this mechanism with a synthetic experiment. We construct a paired sin–cos encoding with R = 60 redundant
copies of (sin θ, cos θ), and a scalar speed encoding with R = 28 redundant copies of a single magnitude. Iterative null-space
probing collapses the paired encoding only after 40 orthogonalization steps, while the scalar encoding collapses after 8.
The 5:1 ratio (40 vs. 8) closely matches the relative depths observed in real V-JEPA 2 representations. The fine-grained
oscillation pattern in real models likely depends on additional structure in the head-level encoding beyond what this minimal
model captures.

D.6. CNN comparison: SlowFast and I3D show direction without IntPhys

The 3D CNNs SlowFast (Feichtenhofer et al., 2019) and I3D (Carreira & Zisserman, 2017) provide a useful contrast to
transformer encoders. Both are trained on action-classification objectives. We evaluate them on motion direction regression
and on IntPhys, applying the same probing protocol used for the encoder family.

SlowFast and I3D both encode motion direction strongly: peak direction R2 is 0.83 and 0.88 respectively, comparable to
V-JEPA 2-L (0.96). However, both remain at chance on IntPhys, with no sigmoid fit satisfying the PEZ criterion. This
sharpens the dissociation observed in Appendix D.1: motion direction is encoded across architectural families and training
objectives, whereas physics plausibility specifically tracks the use of self-supervised predictive objectives. Architecture
alone (transformer vs. CNN) is not the controlling factor; the InternVideo contrastive transformer also shows direction
emergence (R2 = 0.65) without an IntPhys PEZ, reinforcing that training objective is the relevant axis.

D.7. Physion benchmark and visual confounds

To evaluate PEZ on more naturalistic stimuli, we add the Physion benchmark (Bear et al., 2021), which contains 1,200
photorealistic trials of physical-prediction scenarios (collisions, draping, rolling, containment, etc.). Per-model Physion
accuracies are included in Table 5.

Two caveats accompany the Physion results. First, naturalistic physics benchmarks are known to contain spurious cues
such as texture, color, and scene layout that inflate baselines independent of physical reasoning, as the Physion authors
themselves note (Bear et al. (2021), Sec. 3). Empirically, models that score at chance on IntPhys nonetheless reach 61–76%
on Physion, consistent with this pattern. Second, IntPhys is the only benchmark we evaluate in which paired stimuli differ
only in physical plausibility, isolating physics from visual confounds; our primary claims are therefore anchored on IntPhys,
with Physion serving as a complementary naturalistic check rather than a primary measure. Designing benchmarks that
disentangle physics from visual confounds in naturalistic video remains an open problem.

D.8. Why physical structure emerges at one-third depth

The PEZ depth (25–45% across model families; see Appendix D.2) is an empirical observation. Four complementary
perspectives help interpret why this particular depth, rather than earlier or later layers, supports the emergence of physical
structure.

Computational staging. Early layers build local features (edges, motion energy) over restricted receptive fields. By
approximately one-third depth, progressive attention has integrated sufficient spatial and temporal context to support
globally coherent motion inference. The PEZ marks the layer at which this aggregation has produced a representation
rich enough for both direction decoding and physical-plausibility judgments.

Neuroscience parallel. In primate visual cortex, speed-sensitive neurons appear early in the dorsal stream (V1), while
direction selectivity requires higher-order pooling in MT/V5 (Albright, 1984; Born & Bradley, 2005). Our hierarchy
mirrors this scalar-before-vector progression: scalar speed is decodable from early layers, while motion direction
emerges only at the PEZ.

Attention head diversity. Section 6.3 (Fig. 3) shows a sharp increase in attention head diversity at one-third depth:
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spatiotemporally local heads and longer-range heads emerge in the same blocks. The PEZ coincides with the layer at
which the network first supports both fine-grained motion tracking and broader temporal integration.

Patch-level transition. Direction encoding transitions from locally encoded (a small number of patches carry direction
information) to globally distributed (direction is decodable from many patches) precisely at PEZ depth (Appendix C.5).
This transition is consistent with motion information being integrated across the visual field at this stage.

These perspectives are not mutually exclusive: each highlights a different way in which the architecture’s processing pipeline
transitions at one-third depth.

D.9. IntPhys2 and the next-generation evaluation ceiling

IntPhys is currently the only intuitive-physics benchmark whose paired stimuli differ only in physical plausibility, isolating
physics from visual confounds. A more recent benchmark, IntPhys2 (Bordes et al., 2025), extends the violation-of-
expectation paradigm to harder scenarios. At present most models, including V-JEPA 2 at all scales, perform near chance on
IntPhys2; reliable PEZ analysis is therefore not yet feasible on this benchmark. We view IntPhys2 as a target for future
evaluation as model capability increases: understanding where the present ceiling resides, and whether closing it requires
architectural changes or training-objective changes, is an open question that the framework developed here is well-positioned
to investigate.

D.10. Beyond linear motion: harmonic and circular trajectories

The synthetic toy-ball dataset isolates direction by restricting motion to linear trajectories with constant or uniformly
accelerated velocity, providing precise ground-truth control. CLEVRER (Yi et al., 2020) extends this with post-collision
angular deflections across 48 object types; V-JEPA 2 shows PEZ consistently across all of these object types, and similarly
across the diverse scenarios in Physion (Bear et al., 2021). Together these results suggest the PEZ phenomenon generalizes
beyond strict linear trajectories. Explicitly controlled periodic motion, such as harmonic oscillation and circular orbits,
would test the framework on a qualitatively different class of dynamics; we leave such experiments to future work that the
present probing methodology directly enables.

D.11. Violation types probed in IntPhys

The IntPhys probe-training stimuli used in the main paper consist of matched possible/impossible video pairs that differ only
at a single “breakpoint” frame (see Fig. 5 for representative examples). Following the violation-of-expectation paradigm in
developmental psychology (Baillargeon & DeVos, 1991; Spelke et al., 1995), the impossible variants instantiate three core
violation categories:

Object permanence. An object that should remain present spontaneously disappears across the breakpoint frame.

Shape constancy. An object’s geometry changes spontaneously across the breakpoint frame (for example, a cube becomes
a cone).

Spatiotemporal continuity. An object in motion teleports to a non-adjacent location, or its trajectory abruptly reverses,
across the breakpoint frame.

These categories correspond to the three IntPhys subtasks whose layer-wise emergence is broken down in Fig. 10; the Physics
Emergence Zone is observed for all three violation types, indicating that PEZ is not an artifact of any single category.
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