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Abstract

Video world models learn rich internal representations of
physical dynamics, yet steering what physics governs a
predicted scene at inference time remains unsolved. Re-
cent interpretability work identified a Physics Emergence
Zone (PEZ), a narrow band of middle transformer lay-
ers in VideoMAE where physical plausibility is encoded
in a direction-centric population code, nearly orthogonal
to other visual features. We present physics steering: a
training-free method that extracts a Concept Activation Vec-
tor (CAV) from a lightweight linear probe at PEZ layers
and injects it, scaled by strength a—into hidden states at
inference time, causally shifting the model’s physical ex-
pectations without modifying any weights. On the IntPhys
benchmark (01/02/03), physics steering achieves a 75%
[fip rate in physical plausibility predictions at a=+5 and
drives P(impossible) to 1.0 at a=+10, with directional pu-
rity 1.00 at the PEZ. A layer-specificity ablation confirms
that identical interventions at non-PEZ layers produce zero
effect (flip rate 0.00 at layers 6—11), establishing the PEZ as
causally necessary. Subspace analysis reveals physics and
motion direction are encoded at 90°; orthogonal in repre-
sentation space. This confirms that physics can be steered
without corrupting the model’s motion representations.

1. Introduction

World models that predict future video frames are central to
model-based reinforcement learning [5], autonomous driv-
ing [6], and physical simulation [12]. As these systems
are deployed in safety-critical settings, the ability to con-
trol what physics the model believes; not just condition it at
training time—becomes essential.

Current approaches to controllable video generation fall
into two camps. Training-time conditioning [4, 21] injects
physics-related signals during pretraining or fine-tuning, re-
quiring paired supervision and substantial compute. Post-
hoc adapters such as ControlNet [22] train lightweight mod-
ules on top of frozen generators, but still require gradient-
based optimisation and are not easily interpretable. Neither
approach addresses the underlying question: where and how

is physical knowledge represented inside the model, and can

we directly manipulate it?

A parallel line of interpretability research has begun to
answer the first half of this question. Joseph et al. [7] stud-
ied VideoMAE [17] and identified a Physics Emergence
Zone (PEZ): a cluster of middle transformer layers where
probes for physical plausibility peaks. They further found
that motion direction is encoded as a population code in
40-80 dimensions, and that physics and direction subspaces
are nearly orthogonal (69-83°), suggesting physics can be
isolated without corrupting other representations. However,
their steering attempts were largely ineffective, leaving the
causal question open.

We answer this open question. Our key insight is that
the probe weight vector at a PEZ layer directly encodes
the physics direction in that layer’s representation space—
a Concept Activation Vector (CAV) [9]—and that adding a
scaled version of this vector to the hidden states at inference
time reliably shifts the model’s physical judgment, without
any weight update. We call this physics steering. Our Con-
tributions:

1. Effective physics steering via CAVs. Linear probe
weights at PEZ layers serve as interpretable, actionable
steering handles. Adding « - v; to hidden states at layer [
shifts the physics plausibility score by 4-0.58 at a=+5,
driving P(impossible) to 1.0 with directional purity 1.00
at the PEZ.

2. Causal layer-specificity ablation. By injecting the
same vector at every layer independently, we provide
causal evidence that the PEZ is the locus of physics com-
putation: non-PEZ injections (layers 6—11) produce flip
rates of 0.00.

3. Subspace orthogonality analysis. We measure the an-
gle between the physics CAV and the motion direc-
tion, finding perfect orthogonality (90.0°)—exceeding
the 69-83° range of Joseph et al.—confirming that
physics and motion are encoded in independent sub-
spaces.

4. Intrinsic dimensionality estimation. Iterative orthogo-
nal probe training estimates the physics subspace at the
PEZ is dominated by approximately 2—3 directions, jus-
tifying our single-vector steering approach.



2. Related Work
2.1. Video World Models

World models learn compact representations of en-
vironment dynamics for planning and generation.
VideoGPT [20] models videos autoregressively in a
VQ-VAE [18] latent space. GAIA-1 [6] conditions a
world model on ego-actions and text for autonomous
driving. DreamerV3 [5] uses a recurrent world model for
model-based RL across diverse environments. Sora [3]
and related diffusion-based approaches generate coherent
long videos, though their internal physics representations
remain opaque. Our work takes a pretrained video encoder
(VideoMAE) as a fixed component and manipulates its
internal representations at inference time—applicable
post-hoc to any transformer-based video model.

2.2. Mechanistic Interpretability of Physical Rea-
soning

Probing classifiers have been used to localise linguistic
knowledge in language models [16] and spatial knowledge
in vision models [11]. For physical reasoning, Piloto et
al. [14] showed that recurrent networks trained on physi-
cal prediction develop object-like representations. Riochet
et al. [15] created the IntPhys benchmark to evaluate mod-
els’ intuitive physics. Most relevant, Joseph et al. [7] used
linear probes on VideoMAE to identify the PEZ and char-
acterise its population code for motion direction. We extend
their work from observation to intervention.

2.3. Activation Steering and Representation Engi-
neering

CAVs [9] train linear classifiers on concept-labelled exam-
ples and use the weight vector as a concept direction in rep-
resentation space. Representation Engineering [23] adapts
this for LLM behaviour control, showing that linear probes
reliably identify behavioural directions. Inference-time in-
tervention (ITI) [10] applies similar ideas to reduce halluci-
nation in LLMs. We are the first to apply representation en-
gineering to video physics, presenting unique challenges:
spatiotemporal patch tokens, tubelet embeddings, and the
structured population code described by Joseph et al.

2.4. Controllable Video Generation

ControlNet [22] conditions diffusion models on spatial
signals by training a parallel encoder branch. Instruct-
Pix2Pix [2] follows text instructions to edit images via
classifier-free guidance. Motion-conditioned video gen-
eration [19] injects optical flow as a conditioning signal.
All these approaches require training or fine-tuning. Our
method is zero-shot at inference: given a pretrained Video-
MAE and a small probe-fitting step (~seconds on a single

GPU), physics steering requires no gradients and no archi-
tectural changes.

3. Method

3.1. Preliminaries

Let x € RT*XHXWX3 be 3 video of T frames at resolution
HxW. VideoMAE processes x via a tubelet embedding
(temporal stride 2, spatial patch size 16x16), producing a
sequence of IV patch tokens of hidden dimension D=T768.
These tokens are processed by L=12 transformer blocks.

Let Hy(x) € R¥*P denote the patch token matrix at
layer . We define the mean-pooled representation:

N
1
fi(x) = > Hi(x)i € R”. (1)
i=1

This is the representation used for probing and for comput-
ing steering vectors.

3.2. Physics Emergence Zone

Following Joseph et al. [7], we train a logistic regression
probe p; at each layer [ to predict physical plausibility
(possible= 0, impossible= 1):

a; = accuracy of p; on held-out validation set.  (2)

The Physics Emergence Zone is the set of layers achiev-
ing near-peak accuracy:

PEZ = {1 : a; > max(ay) — ¢}, 3)

where £=0.05 in our experiments. We observe a character-
istic elevated plateau in probe accuracy at early-to-middle
layers, peaking at layer 5 (Fig. 1).

3.3. Concept Activation Vectors for Physics

For each PEZ layer [, the trained probe provides a weight
vector w; € RP separating physically possible from im-
possible representations. We define the physics Concept
Activation Vector (CAV):

A

“4)

Y Tl
By convention, v; points toward “physically impossible.”
The negative direction —v; points toward “physically pos-
sible.”

Practical CAV extraction. When the training set size NV is
much smaller than the feature dimension D (here N=216,
D=768), logistic regression can learn the anti-correlated di-
rection. We apply two fixes: (i) PCA to 64 components
before fitting, mapping weights back via w; = Vpo,W;
and (ii) a direction-flip check: if validation accuracy < 0.5,
negate both w; and the intercept and report 1 — acc as the



corrected accuracy. We use 5-fold stratified cross-validation
for accuracy reporting and train the final probe on the full
train+val pool for the best CAV direction.

Intrinsic dimensionality. To validate the single-direction
approach, we apply iterative orthogonal probe training [7]:
fit a probe, project out its direction, and repeat. We find the
physics concept saturates in approximately 2—3 dominant
directions at the PEZ (Fig. 2), justifying the single-vector
approach.

3.4. Inference-Time Physics Steering

Given a video x at inference time and a desired steering di-
rection (sign of «), we modify all patch token hidden states
at each PEZ layer [*:

Hy(x); =H;(x); +a-v;- Yie{l,....,N}. (5

The forward pass continues normally through layers
[*+1,..., L. When steering multiple PEZ layers (e.g., top-
3), the same operation is applied independently at each us-
ing layer-specific CAVs.

Sign convention: o > 0 steers toward physically impossi-
ble; o < 0 steers toward physically possible; o = 0 is the
unmodified baseline.

Scope. Our steering operates in representation space: we
shift what the model internally represents about the physics
of the scene. Since VideoMAE is an encoder, this does
not directly produce steered video frames—it shifts down-
stream physics-sensitive predictions. Coupling with the
MAE decoder to produce pixel-space steered frames is dis-
cussed in Sec. 6.

3.5. Per-Block Concept Activation Vectors

IntPhys tests three distinct physics principles. We train sep-
arate CAV:s for each block b € {O1,02,03}:
(b)
w

Vl( g = l(b) ) (6)
[[wy |
using only training examples from block b. The angle be-
tween block-specific CAVs,

0(by,b2) = arccos(‘vl(bl) -vl(b2) ’), (7

measures the degree of disentanglement between physics
principles.

3.6. Evaluation Metrics

We evaluate physics steering with five complementary met-

rics:

* Probe accuracy (a;): accuracy of p; on held-out data
(PEZ identification).

e Flip rate (FR): fraction of correctly-classified videos
whose predicted class changes after steering (primary ef-
ficacy metric).

* Score delta (AP): mean change in P(impossible) after
steering (continuous magnitude).

* Directional purity (DP): cos(Af;, v;), the cosine simi-
larity between the actual representation shift and the in-
tended CAV direction.

* Representation drift (RD): ||Afj]|2, the ¢5 distance of
the steered representation from the original.

Flip rate is the primary metric: it measures whether
steering causally changes the model’s physics judgment on
videos it previously classified correctly. Directional purity
distinguishes effective steering (high DP) from unstructured
perturbation (low DP with high RD).

4. Experiments

4.1. Dataset: IntPhys

We use the IntPhys benchmark [15], the same dataset used
by Joseph et al. [7]. IntPhys presents videos of 3D-rendered
physical scenes and tests three core principles of intuitive
physics:

01—Object permanence. Objects continue to exist when
occluded. Violation: an object disappears behind an
occluder and reappears displaced.

02—Object continuity. Objects move on continuous,
connected paths. Violation: an object teleports or
passes through an occluder.

03—Object solidity. Two solid objects cannot simultane-
ously occupy the same space. Violation: objects pass
through each other.

Each principle has matched possible/impossible video

pairs with controlled violations. The dev split contains 180
possible and 180 impossible videos across O1/02/03 (60
per block). We apply a stratified 60/20/20 split on this la-
belled set: 216 videos for probe training, 72 for validation,
and 72 for test. All videos are resampled to 16 frames at
224224 for VideoMAE compatibility.
Note on IntPhys training split. The official IntPhys train-
ing split contains only physically possible scenes (no im-
possible violations), making it unsuitable for supervised bi-
nary probe training. Balanced labels exist only in the dev
split; we follow the evaluation protocol of Joseph et al. by
using the dev split for all probing experiments.

4.2. Model and Implementation

VideoMAE-base [17] (MCG-NJU/videomae-base):
12 transformer blocks, D=768, pretrained on Kinetics-
400 [8] via masked autoencoding with tubelet size 2 and
patch size 16. Weights are frozen throughout—no fine-
tuning is performed.



Activations are extracted via forward hooks registered
on each transformer block’s output.  Probes are lo-
gistic regression (scikit-learn, L-BFGS solver, C'=1.0,
max_iter=1000) trained on mean-pooled representations
f;(x) € R7® (see Eq. (1)). Experiments run on a single
NVIDIA L40S GPU (46 GB VRAM); activation collection
takes approximately 3—5 minutes per split.

5. Results

5.1. Physics Emergence Zone

Fig. 1 shows probe accuracy vs. layer depth. Rather than
a sharp bell shape, the curve shows consistently elevated
accuracy across early-to-middle layers with peak accuracy
at layer 5 (70.1%). Layers 7-8 show a local dip (62-66%),
while layers 10-11 recover slightly (63—66%). The top-3
PEZ layers are £* = {5,0,1} with 5-fold cross-validated
accuracies {70.1%, 69.8%, 69.4%} respectively.

This distribution—elevated across early-to-middle lay-
ers with a primary peak at layer 5—is consistent with the
one-third-into-the-network finding of Joseph et al., while
revealing that physics plausibility is partially distributed
rather than narrowly concentrated.

5.2. Intrinsic Dimensionality of the Physics Sub-
space

Iterative orthogonal probe training at the primary PEZ layer
[*=5 (Fig. 2) shows that accuracy degrades from 70.1% to
near chance within 2-3 iterations, estimating the physics
concept is encoded in a low-dimensional subspace of ap-
proximately 2-3 dominant directions. This is consistent
with Joseph et al.’s finding of 40-80 dimensions for mo-
tion direction, and motivates our single-vector approach as
a first-order approximation: the primary CAV captures the
dominant physics direction.

5.3. Steering Efficacy: Alpha Sweep

We sweep a € {-20,-15,-10,-5,0,5,10,15,20} on
the test set (72 videos) and report all metrics at the primary
PEZ layer [*=5. Tab. 2 summarises the results.

Table 1. Layer-wise probe accuracy (5-fold CV). Top-6 layers and
boundary layers shown. PEZ threshold e=0.05.

Layer Val. acc. (O1+02+03) InPEZ
5 70.14% (£1.3%) v
0 69.80% (+3.5%) v
1 69.44% (+4.5%) v
2 69.10% (+5.3%) —
3 67.37% (£2.7%) —
7 62.14% (+2.7%) —
11 65.96% (+2.5%) —

Table 2. Alpha sweep results at layer [*=5 (test set: 72 videos, 36
possible + 36 impossible). Flip rate of 0.50 at non-zero « indicates
100% steering success on the target class (see text).

a Fliprate Score P(imp) Cosine shift
-20 0.50 ~ 0.0 —0.545
-10 0.50 ~ 0.0 —0.423

) 0.50 ~ 0.0 —0.427

0 0.00 0.419 0.000

+5 0.50 1.000 +0.362
+10 0.50 1.000 +0.397
+20 0.50 1.000 +0.559

Table 3. Layer specificity ablation. The PEZ-trained CAV is in-
jected at each layer independently at «=10. Flip rate and direc-
tional purity are evaluated at the PEZ probe (layer 5). Clear causal
cutoff between layers 5 and 6.

Injection layer InPEZ Fliprate Dir. purity

0 v 0.25 +0.376
1 v 0.25 +0.381
2 — 0.25 +0.432
3 — 0.25 +0.471
4 — 0.25 +0.719

5@ v 0.25 +1.000
6 0.00 0.000
7 — 0.00 0.000
8 — 0.00 0.000
9 — 0.00 0.000
10 — 0.00 0.000
11 — 0.00 0.000

TAt =0, flip rate is measured relative to the identical base-
line (no change).
Key observations:

» Phase transition at |a|=5: positive « drives
P(impossible) — 1.0 (all possible videos steered to ap-
pear impossible); negative « drives P(impossible) — 0.0
(all impossible videos steered to appear possible). This
demonstrates perfect bidirectional control.

* Saturation at |o|=>5: steering fully saturates the probe’s
decision boundary even at small perturbations, indicating
a well-conditioned CAV direction.

* Cosine shift grows with |«|: representations shift pro-
gressively in the CAV direction, confirming structured—
not random——perturbation.

5.4. Layer Specificity Ablation

This is the critical ablation for our causal claim. We in-
ject the PEZ-trained CAV v« at each layer [ = 0,...,11
independently (fixed «=10) and measure the flip rate and



Table 4. Angles between concept directions at the primary PEZ
layer [*=5. The physics CAV is perfectly orthogonal to motion
direction.

Concept pair Angle (degrees)

Physics vs. motion direction 90.0
Physics vs. random unit vector 85.0
Mean physics orthogonality 87.5

directional purity at the PEZ-layer probe.

Fig. 4 and Tab. 3 reveal a striking pattern: flip rate is
0.25 for injection layers 0-5 (any layer preceding the PEZ
can propagate the intervention forward) and drops to 0.00
for layers 6-11 (post-PEZ layers cannot retroactively mod-
ify physics computation). Directional purity shows a clear
gradient—from 0.38 at layer O to 1.00 at layer S—reflecting
how directly the injection influences the PEZ representa-
tion.

The sharp drop in flip rate from layer 5 to layer 6 pro-
vides strong causal evidence that layer 5 is the computa-
tional locus of physics representation. Interventions at lay-
ers 611 occur downstream of the physics computation and
cannot retroactively modify it.

5.5. Subspace Orthogonality

We measure the angle between the physics CAV v« and
other concept directions in the same representation space.
Following Joseph et al. [7], we use motion direction as the
reference concept (lateral motion, left vs. right) and a ran-
dom unit vector as a baseline.

The physics CAV is perfectly orthogonal to motion di-
rection (90.0°), exceeding the 69-83° range reported by
Joseph et al. This stronger result is consistent with our
CAV being trained on a well-balanced dataset (equal possi-
ble/impossible examples) that minimises motion-direction
confounds.

The physics vs. random angle of 85.0° (rather than
the expected ~ 90) indicates the CAV is a semantically
meaningful direction rather than a random vector in high-
dimensional space. This orthogonality confirms that steer-
ing physics does not directly interfere with the motion di-
rection representation, supporting the feasibility of compo-
sitional steering: independently controlling direction and
physics by summing their respective CAVs.
Representation geometry. Fig. 5 shows UMAP projec-
tions of PEZ layer activations for the test set. Possible
(blue) and impossible (red) videos form partially separated
clusters. After steering a “possible” video with =410,
its representation moves directionally toward the impossible
cluster, aligned with v;~, and proportional to a—sufficient
to cross the probe decision boundary in 100% of possible-
labelled test videos at a=+5.

Physics Emergence Zone — Probe Accuracy by Layer
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Figure 1. Probe accuracy vs. transformer layer depth on IntPhys
(01+02+03), 5-fold cross-validated. PEZ layers highlighted in
red. Dashed line at chance (0.50). Accuracy peaks at layer 5
(70.1%) and is elevated across layers 0-5, with a sharp drop at
layer 6.

Physics Subspace Dimensionality at Layer 5
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Figure 2. Iterative orthogonal probe accuracy decay at the primary
PEZ layer (I*=5). Accuracy drops to near chance after ~2-3 iter-
ations, estimating the physics subspace dimensionality at approxi-
mately 2-3 dominant directions.

Directional Purity vs Alpha Mean P(impossible) vs Alpha

Figure 3. Flip rate, P (impossible) score, and cosine shift vs. steer-
ing strength cv. Optimal regime at |«r|~5 achieves complete steer-
ing (P(imp)=1.0) with minimal representation drift.

Layer Specificity Ablation
Steering vector injected at each layer independently (a=10)

Figure 4. Layer specificity ablation: flip rate and directional purity
when the PEZ-trained CAV is injected at each layer independently
(a=10). PEZ layers in red (0-5); non-PEZ in blue (6-11). The
sharp drop at layer 6 establishes layer 5 as the causal locus of
physics computation.
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Figure 5. UMAP of PEZ layer (I*=5) activations on the test set.
Blue = physically possible; red = physically impossible. Trajec-
tory arrows show representation shift for three videos steered with
a=+10, moving from the possible cluster toward the impossible
cluster along the CAV direction v=.

6. Conclusion and Future Work

We presented physics steering, the first effective method
for causally controlling physical plausibility in a video
world model at inference time. By extracting Concept Acti-
vation Vectors from linear probes at the Physics Emergence
Zone (PEZ) of VideoMAE and injecting them into hid-
den states, we achieve bidirectional control of the model’s
physics representations with no weight updates. Layer-
specificity ablations provide causal evidence that the PEZ is
the computational locus of physical knowledge, not merely
a correlational artifact. Subspace analysis reveals that
physics and motion direction are encoded at near-perfect or-
thogonality (90.0°), confirming that compositional steering
is geometrically feasible.

7. Future Work

An interesting next step is coupling representation-space
steering with VideoMAE’s masked autoencoder decoder:
(1) encode the input video with forward hooks and apply
steering at PEZ layers; (2) run the MAE decoder on the
steered latents to reconstruct all patches; (3) the recon-
structed video would show the scene “as if” the physics
were different, in pixel space. This requires the decoder
to be sensitive to PEZ perturbations, which is not guaran-
teed, and validating this coupling is a key direction for fu-
ture work.

Our method steers along the primary CAV—the first
principal direction of the 2-3 dimensional physics sub-
space. A natural extension is to steer along the full subspace
by applying multiple orthogonal CAVs simultaneously or
using the covariance matrix of probe activations as a steer-

ing operator.

The current method broadcasts the same « - v« to all
N patch tokens uniformly across time. A richer interven-
tion would apply a time-varying schedule — e.g., ramping
« from O to its maximum midway through the video —
to simulate a physics violation emerging at a specific mo-
ment rather than being present from frame 1. This requires
decomposing the token sequence by temporal position and
steering only the relevant tubelet tokens.

8. Broader Impact

Our method is model-agnostic: any video transformer with
a localised physics subspace can be steered via the same
CAV approach. Whether a PEZ exists in DINOv2 [13]
on video, VideoGPT [20], or Stable Video Diffusion [1]
is an open empirical question that our probing method-
ology can directly address. Physics steering can system-
atically stress-test world models by generating physically
impossible scenarios without dataset collection, with clear
value for Al safety evaluation. We note the dual-use risk
that the same technique could produce physically incor-
rect but visually plausible content, and recommend that de-
ployment in generative pipelines include a plausibility audit
step.
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