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Abstract

Joint-Embedding Predictive Architectures (JEPAs) provide a simple framework for learning world models by predicting
future latent representations. However, JEPA training is subject to a bias-variance tradeoff. Without sufficient structural
constraints, excessive representational variance causes the model to collapse to trivial solutions. The recent LeWorldModel
(LeWM) shows that this issue can be alleviated by simply constraining latent embeddings with an isotropic Gaussian prior.
However, latent representations inherently lie on low-dimensional manifolds within a high-dimensional ambient space, and
enforcing an isotropic Gaussian prior directly in this ambient space introduces an overly strong bias. In this work, we propose
Sub-JEPA, which seeks a favorable operating point on the bias-variance frontier by applying Gaussian constraints in multiple
random subspaces rather than in the original embedding space. This design relaxes the global constraint while preserving its
anti-collapse effect, leading to a better balance between training stability and representation flexibility. Extensive experiments
across four continuous-control environments demonstrate that Sub-JEPA consistently outperforms LeWM with very clear
margins. Our method is simple yet effective, and can serve as a strong baseline for future JEPA-based world model research.

Keywords: World models, LeWorldModel, JEPA, subspace, Gaussian.

1 Introduction
World models (WM) [1, 2], predictive representations of
how environments evolve under actions, have become crit-
ical building blocks of modern artificial intelligence. WM
provides a principled route of learning compact represen-
tations of the observations and predicting future states
under candidate actions. Such predictive models are at-
tractive because they support planning in latent space
while avoiding the cost of modeling every pixel in the ob-
servations [2, 3].

Among recent approaches, the Joint-Embedding Pre-
dictive Architecture (JEPA) has emerged as a particu-
larly appealing formulation for latent world modeling [4].
JEPA learns an encoder that maps observations to la-
tent representations and a dynamics model that predicts
future latent states conditioned on the current representa-
tion and action [5]. This design shifts modeling capacity
toward task-relevant abstractions and avoids the burden
of full observation reconstruction [6].

Despite this conceptual simplicity, stable end-to-end
training of JEPA-based models is subject to a bias-
variance tradeoff [7, 5]: insufficient constraints lead to
representation collapse, while excessive constraints sup-
press the richness of learned representations. Early
methods attempted to mitigate collapse by introducing
various regularization terms [8, 9] or heuristic training
recipes [6, 10, 11], but these approaches are often com-
plex, not end-to-end, and lack theoretical guidance. The

LeWorldModel (LeWM) [12] pioneers stable end-to-end
training of JEPA-based world models by introducing a
simple bias that regularizes latent embeddings toward an
isotropic Gaussian distribution.

However, the latent representations of natural control
tasks typically lie on low-dimensional manifolds embed-
ded within the high-dimensional ambient space [13, 14],
and enforcing an isotropic Gaussian prior directly in this
ambient space introduces an overly strong bias that mis-
matches the intrinsic geometry of the underlying dynam-
ics [12].

In this work, we propose Sub-JEPA, which seeks a
more favorable operating point on the bias-variance fron-
tier by moving Gaussian regularization from the ambient
space into low-dimensional subspaces. This simple de-
sign relaxes the global isotropic prior while preserving its
anti-collapse effect, yielding a bias better matched to the
intrinsic dimensionality of the underlying dynamics. Sub-
JEPA retains the simplicity of the LeWM training recipe
while introducing a more flexible structural prior over the
latent space. Our main contributions are as follows:

• We identify that the global isotropic Gaussian prior
in LeWM introduces an excessive bias for tasks with
low intrinsic dimensionality.

• We propose Sub-JEPA, which relocates Gaussian
regularization from the ambient embedding space
to multiple low-dimensional row-orthonormal pro-
jected views, effectively relaxing the global prior
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while preserving the anti-collapse effect.

• Extensive experiments across four continuous-
control environments demonstrate that Sub-JEPA
consistently outperforms LeWM by clear margins,
with gains correlated with reductions in effective
rank, confirming that subspace regularization better
respects the intrinsic dimensionality of the underly-
ing dynamics.

2 Related Work
Latent World Models. World models learn a com-
pressed model of environment dynamics from observa-
tions, enabling agents to plan without repeated real-
world interaction [1]. Early approaches predict in pixel
space, which is computationally expensive and burdens
the model with irrelevant visual details [4]. Autore-
gressive generative models such as IRIS [3] and Dream-
erV3 [2] couple the world model with an image decoder
and achieve strong results in reward-driven settings, but
reconstruction-based objectives can produce embeddings
that are uninformative for control. Latent-space world
models instead predict future embeddings directly, avoid-
ing reconstruction cost while concentrating capacity on
task-relevant structure [4]. Test-time planning via Model
Predictive Control over such latent dynamics models
has demonstrated strong performance across continuous-
control and navigation tasks [15, 11, 9], but requires a
well-structured, non-degenerate latent space.

JEPA and End-to-End Training. Joint-
Embedding Predictive Architectures [4] train an encoder
and a predictor jointly to anticipate the embedding of a
future or masked view, without reconstructing raw pix-
els. This recipe has been instantiated in image represen-
tation learning with I-JEPA [6], in video modeling with
V-JEPA [10], and in action-conditioned latent dynam-
ics [5, 11]. The central challenge is representation col-
lapse [7]: without explicit structural constraints the en-
coder can map all inputs to nearly identical embeddings,
trivially minimizing the prediction loss while destroying
useful structure. Existing latent world model solutions
avoid collapse either by using pretrained frozen encoders
such as DINOv2 [11], which limits representation flexi-
bility, or by adding multi-term collapse-prevention losses,
as in PLDM [9], which applies VICReg [8] and requires
tuning several sensitive hyperparameters. LeWorldModel
(LeWM) [12] achieves stable end-to-end training from raw
pixels using only two loss terms: a next-embedding pre-
diction objective and Gaussian regularizer.

Anti-Collapse Regularization. A broad class of
self-supervised methods prevents collapse by imposing
structure on the embedding distribution. Contrastive
methods such as SimCLR [16] and MoCo [17] push apart
embeddings of different samples but require large batches

or memory banks. Non-contrastive approaches such as
BYOL [18] rely on teacher-student asymmetry with stop-
gradient, while Barlow Twins [19] and VICReg [8] decor-
relate embedding dimensions; Whitening-MSE [20] fur-
ther enforces a uniform distribution on the unit sphere.
Gaussian regularization, introduced in LeJEPA [21], takes
a principled approach: random one-dimensional projec-
tions of the embeddings are tested for Gaussianity, and
by the Cramér-Wold theorem [22] matching all projected
marginals to a Gaussian implicitly enforces an isotropic
Gaussian joint distribution. LeJEPA proves this prior to
be the unique optimal embedding distribution for mini-
mizing downstream prediction risk, placing the collapse-
prevention objective on a rigorous theoretical footing.

Subspace Methods and Random Projections.
Random projections underpin scalable dimensionality re-
duction via the Johnson-Lindenstrauss lemma [23] and
enable tractable distribution matching through sliced
Wasserstein distances [24], which reduce high-dimensional
optimal transport to a sequence of one-dimensional com-
parisons. Gaussian regularization itself belongs to this
family, sketching the embedding distribution with ran-
dom directions to bypass the curse of dimensionality. In
representation learning, orthogonal projections have been
used to decorrelate and spread features [20]. Sub-JEPA
extends this principle to Gaussian regularization by ap-
plying the regularizer over multiple fixed random row-
orthonormal projections of the latent representation. In-
stead of enforcing a single global isotropic prior in the am-
bient space, the regularization is imposed independently
on multiple low-dimensional projected views, yielding a
more flexible inductive bias that better matches the in-
trinsic structure of the underlying dynamics.

3 Method
In this section, we formally introduce our subspace-
regularized latent world model for learning from state-
action trajectories without reward annotations. We first
present the problem setting of latent dynamics learning,
and then describe our proposed Sub-JEPA framework,
which extends LeWorldModel (LeWM) [12] by replacing
full-space Gaussian regularization with Gaussian regular-
ization over multiple frozen row-orthonormal random pro-
jections.

3.1 Problem Setup
As illustrated in Figure 1, a latent world model consists of
an encoder f and a predictor P . Given a raw observation
ot, the encoder maps it to a compact latent representation
zt = f(ot) ∈ RD. The predictor then estimates the next
latent ẑt+1 = P (zt, at) conditioned on the current latent
and action at, and is trained to match the target latent
zt+1 = f(ot+1) obtained by encoding the subsequent ob-

2



ot Encoder f zt
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Predictor P ẑt+1

ot+1 Encoder f zt+1
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Subspace Gaussian Regularization Lreg

Figure 1: Overview of Sub-JEPA. Observations ot and
ot+1 are encoded by a shared encoder f into latents zt
and zt+1. The predictor P maps (zt, at) to ẑt+1, trained
with prediction loss Lpred. Below the dashed line, zt is
projected onto K frozen (�) row-orthonormal random
projections. {Wk}; a subspace Gaussian regularization
loss Lsub enforces N (0, I) in each subspace.

servation. This formulation captures environment dynam-
ics entirely in latent space, without requiring pixel-level
reconstruction.

We consider a fully offline and reward-free setting,
where the model is trained only from pre-collected tra-
jectories of observations and actions, without access
to rewards or task labels, following the JEPA line of
work [25, 12, 11]. The offline dataset consists of trajecto-
ries of length T :

D = {(o1:T , a1:T )}, (1)

where ot and at denote the observation (e.g. an RGB
image of the environment), and action at time step t (e.g.
continuous control signal), respectively.

3.2 Orthogonal Subspace Projection
Let z ∈ RD denote the latent representation produced by
the encoder. We consider a collection of K linear pro-
jections that map z to low-dimensional representations in
Rds . Specifically, we introduce

{Pk ∈ Rds×D}Kk=1, (2)

where ds < D denotes the subspace dimension. We set
ds = ⌊D/K⌉ to reduce the number of hyperparameters
and maintain a simple parameterization. The projected
embedding is defined as

z(k) = Pkz ∈ Rds , k = 1, . . . ,K. (3)

Each projection matrix Pk is constructed by first sam-
pling a random Gaussian matrix, followed by QR de-
composition to obtain an orthonormal basis. The re-
sulting orthogonal matrix is subsequently transposed to

form the projection matrix Pk ∈ Rds×D, yielding a row-
orthonormal projection matrix. The orthogonalization
ensures that the resulting projection directions are mu-
tually orthogonal, preventing redundancy and preserving
geometric structure during projection [26].

Freezing the projections prevents the regularizer itself
from adapting to the evolving latent distribution [27, 28],
ensuring that the Gaussian constraint is consistently ap-
plied across stable and independent subspaces throughout
training.

3.3 Multi-Subspace Gaussian Regularization
Let Z ∈ RN×B×D denote the latent embedding tensor col-
lected over temporal history length N and batch size B.
We apply Gaussian regularization independently in each
of the K row-orthonormal random projection subspaces.
Concretely, let {Pk ∈ Rds×D}Kk=1 denote the orthogonal
projection matrices introduced in Section 3.2. The pro-
jected tensor for the k-th subspace is obtained by applying
Pk along the embedding dimension of Z:

Z(k) = ZP⊤
k ∈ RN×B×ds , k = 1, . . . ,K, (4)

where each slice Z
(k)
n,b,: ∈ Rds is the ds-dimensional sub-

space representation of the latent embedding at temporal
index n and batch index b.

We then apply Gaussian regularization independently
in each subspace. Following the formulation of LeWM,
we sample M random unit vectors {u(m)}Mm=1 ⊂ Sds−1,
and compute one-dimensional projections by taking inner
products along the last dimension:

z
(k,m)
n,b =

〈
Z

(k)
n,b,:, u

(m)
〉
, n = 1, . . . , N, b = 1, . . . , B.

(5)
Here, the superscript (k,m) indicates that the scalar

projection is computed in the k-th subspace along the m-
th random direction, while the subscripts (n, b) denote the
temporal index and batch index, respectively. Therefore,

z
(k,m)
n,b is a scalar value obtained from the latent embedding
at temporal index n and batch index b.

For each (k,m), all projections {z(k,m)
n,b }N,B

n=1,b=1 are
scalar samples. We evaluate the Epps–Pulley [29] nor-
mality statistic on this sample set:

T (k,m) = T
(
{z(k,m)

n,b }N,B
n=1,b=1

)
. (6)

The regularization objective averages over M random
directions and K subspaces:

Lreg =
1

KM

K∑
k=1

M∑
m=1

T (k,m). (7)

The overall training objective is:

Ltotal = Lpred(ẑt+1, zt+1) + λLreg(Z), (8)

Here, Lpred denotes the latent-state prediction error (e.g.,
mean squared error), and λ is the regularization weight.
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4 Experiments
4.1 Experimental Setup
Environments. We evaluate Sub-JEPA on four
continuous-control benchmarks: Two-Room [11], a
2D navigation task with low intrinsic dimensionality;
Reacher [30], a two-link planar reaching task; PushT [31],
a 2D block-pushing manipulation task; and OGB-
Cube [32], a visually rich 3D manipulation environment.
All tasks have continuous action spaces, and all models
are trained directly from raw RGB observations.

Baselines. We compare Sub-JEPA against three repre-
sentative baselines. LeWM [12] is our primary base-
line and the direct foundation of our method. It im-
poses a global Gaussian constraint in the ambient em-
bedding space. PLDM [9] is an end-to-end pixel-based
world model trained with multiple heuristic objectives.
DINO-WM [11] uses a frozen pretrained DINOv2 [33] vi-
sual encoder to mitigate representation collapse. For a
fair comparison with pixel-only end-to-end world models,
we report DINO-WM without proprioceptive inputs as
the main reference and include the proprioceptive variant
only as an additional upper-bound reference when avail-
able.

Implementation Details. Sub-JEPA uses the same en-
coder, latent predictor, optimizer, training schedule,
and loss-weight tuning protocol as LeWM, except that
full-space Gaussian regularization is replaced by Multi-
Subspace Gaussian regularization ( Section 3.3). The em-
bedding dimension is set to D = 192 for all experiments.
We use K = 32 for all environments except PushT where
we instead use K = 16 for better performance. The val-
ues are selected through ablation studies on a held-out
validation set, as described in Section 4.3. The projection
matrices {Pk} are orthogonally initialized and kept frozen
throughout training, as described in Section 3.2.

4.2 Planning Performance
4.2.1 Success Rates
We first report the planning success rates. Overall, Sub-
JEPA consistently outperforms LeWM [12] across all four
environments, demonstrating that relocating the Gaus-
sian regularization into subspaces yields more powerful
latent representations.

For a fair comparison, LeWM and Sub-JEPA are
evaluated across six random seeds (reporting mean ±
std). Since official checkpoints for PLDM [9] and DINO-
WM [11] are unavailable, we cite their success rates di-
rectly from LeWM under the exact same protocol.

As shown in Table 1, the improvement is most promi-
nent on Two-Room [11]. LeWM is known to struggle here
because enforcing isotropic Gaussianity over the entire

high-dimensional embedding introduces an overly restric-
tive bias for this low-intrinsic-dimension task. By con-
trast, Sub-JEPA regularizes lower-dimensional orthogonal
views. This relaxes the global constraint and better pre-
serves task-relevant structure while maintaining the anti-
collapse benefits.

On Reacher [30] and PushT [31], Sub-JEPA achieves
strong performance, consistently outperforming PLDM
and surpassing DINO-WM without relying on a pre-
trained visual backbone. On OGB-Cube [32], Sub-JEPA
substantially improves upon LeWM. Although DINO-
WM still leads in visually complex 3D manipulation tasks
(where pretrained features excel), Sub-JEPA provides a
highly effective, simple end-to-end alternative without re-
lying on external pretraining.

4.2.2 Success Rates w.r.t. Effective Rank
To verify whether our subspace regularization yields more
compact latent representations as motivated, we analyze
the effective rank [34] of the learned embeddings. Ef-
fective rank measures how many principal directions are
effectively used by the latent embeddings.

For each environment, we uniformly sample N = 2000
observations from the evaluation set and use the same
sampled observations for LeWM and Sub-JEPA. Each ob-
servation is fed through the trained encoder with weights
frozen, and the projected [CLS] embedding is used as the
latent representation. Let Z ∈ RN×D denote the cen-
tered latent matrix, and let {λi}Di=1 be the eigenvalues of
its empirical covariance matrix. We normalize the covari-
ance spectrum as pi = λi/

∑
j λj and define the effective

rank as

reff = exp

(
−
∑
i

pi log pi

)
. (9)

As shown in Figure 2, the effective-rank reduction from
LeWM to Sub-JEPA is strongly and directly correlated
with planning improvement across all four environments.
Two-Room [11] and OGB-Cube [32] exhibit the largest
rank compressions and simultaneously the largest success-
rate gains, while PushT [31] and Reacher [30] show smaller
rank gaps and more moderate improvements.

This direct correspondence strongly supports our hy-
pothesis: when task-relevant features lie on a low-
dimensional manifold, the full-space Gaussian prior in
LeWM forces the latent space into unnecessarily high
rank, imposing a bias that hinders task-aligned represen-
tation learning. Subspace-wise regularization relaxes this
bias and allows the latent geometry to contract toward
the task’s intrinsic dimensionality—the greater this con-
traction, the larger the planning gain.

4.3 Ablation Studies
We conduct ablation studies to validate the design choices
of Sub-JEPA and to understand the bias-variance tradeoff
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Table 1: Planning success rate (%, higher is better) across four continuous-control environments. Sub-JEPA consis-
tently improves upon LeWM across all tasks, with the largest gain on Two-Room [11], where the full-space Gaussian
prior of LeWM is most mismatched to the low intrinsic dimensionality of the task.

Method Two-Room [11] Reacher [30] PushT [31] OGB-Cube [32]

PLDM [9] 97.00 78.00 78.00 65.00
DINO-WM (w/o proprio.) [11] 100.00 79.00 74.00 86.00
DINO-WM (w/ proprio.) [11] 100.00 – 92.00 –
LeWM [12] 84.33±4.23 82.67±4.42 84.67±6.53 67.33±5.01

Sub-JEPA (Ours) 95.00±2.76 84.00±4.00 89.00±5.33 76.33±5.99
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Figure 2: Effective rank and planning success rate across
four environments. Top: effective rank of latent represen-
tations. Bottom: planning success rate. Larger effective-
rank reductions from LeWM to Sub-JEPA broadly coin-
cide with larger planning gains, suggesting that Multi-
Subspace Gaussian regularization improves performance
by reducing spurious high-rank variation in the latent
space.

in subspace design.

4.3.1 Number of subspaces K

We first study the effect of the number of subspaces
K. Specifically, we set D = 192 and vary K ∈
{1, 2, 4, 8, 16, 32, 64}, which corresponds to subspace di-
mensions ds = {192, 96, 48, 24, 12, 6, 3}. When K = 1 and
ds = D, the regularizer reduces to a full-space Gaussian
regularization with an orthogonal transformation, making
it the closest counterpart to LeWM [12] within our imple-
mentation, whereas larger K values decompose the same
latent space into progressively smaller subspaces.

Results are reported in Table 2. The effect of K
is task-dependent. On Two-Room [11], performance im-
proves as K increases from small to moderate values,
peaking around K = 32, after which it slightly degrades.
This is consistent with the low-dimensional structure of
the task: relaxing the full-space Gaussian constraint al-
lows the model to capture the underlying navigation dy-

Table 2: Planning success rate (%) for different numbers
of subspaces K under fixed total latent dimensionality
D = 192, where ds = 192/K. Gray cells indicate config-
urations that outperform the LeWM baseline under the
same evaluation protocol. Subspace-wise regularization
improves performance across a broad range of configura-
tions.

K Two-Room Reacher PushT OGB-Cube

LeWM 84.33±4.23 82.67±4.42 84.67±6.53 67.33±5.01

1 87.00±4.43 82.00±6.32 84.67±5.47 68.00±6.20

2 91.33±4.42 80.67±6.39 88.00±7.04 68.00±5.40

4 92.00±2.83 83.67±3.88 88.67±4.76 70.00±6.45

8 91.00±3.29 82.68±4.38 85.67±2.94 70.33±5.89

16 93.67±4.27 81.00±2.10 89.00±5.33 69.00±8.69

32 95.00±2.76 84.00±4.00 28.00±5.22 76.33±5.99

64 92.00±2.34 74.33±7.53 9.00±5.33 67.67±6.12

namics more faithfully. A similar trend is observed on
OGB-Cube [32], where larger K consistently improves
performance and achieves the best result at K = 32.
Reacher [30] also benefits slightly from moderate increases
in K, suggesting that subspace-wise regularization re-
mains effective even in visually complex or continuous-
control settings.

A different trend is observed on PushT [31]. In PushT,
performance collapses at K = 32, where each subspace
contains only six dimensions. This suggests that exces-
sively aggressive partitioning can make individual sub-
spaces too low-dimensional to provide stable and infor-
mative normality estimates [35], particularly for manipu-
lation tasks requiring tightly coupled object–agent inter-
actions.

Overall, K controls a trade-off between flexibility and
statistical reliability. Increasing K relaxes the global
Gaussian prior and enables more expressive latent struc-
ture, while excessively small subspaces may weaken the
effectiveness of the regularization signal.

4.3.2 Joint effect of K and ds
In this ablation, we relax the constraint ds = D/K and
independently vary both K and ds to study their joint

5
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Figure 3: Success rate on Two-Room [11] is shown as
a function of K and ds, with the baseline success rate of
LeWM [12] shown as a flat reference plane. Sub-JEPA
outperforms LeWM across a broad mid-range of configu-
rations.

effect on planning performance.
As shown in Figure 3, performance is stable across a

broad mid-range of (K, ds) configurations, but degrades
sharply when subspaces become too narrow (small ds),
where the normality signal grows unreliable. This reveals
a bias-variance tradeoff in subspace design: larger K re-
laxes the global prior but requires sufficient ds to maintain
regularization stability.

4.3.3 Justification of frozen orthogonal projection
We use orthogonally initialized frozen projection matri-
ces and ablate this choice against two alternatives: (1)
randomly initialized frozen projection, where the projec-
tion matrices are sampled from a standard Gaussian and
kept fixed; and (2) trainable projection with soft orthog-
onality regularization, where the matrices are initialized
orthogonally but updated during training subject to an
orthogonality penalty.

As shown in Table 3, orthogonal frozen projection con-
sistently achieves the best performance across all environ-
ments. This confirms that the projection design is not
merely an implementation detail, but a key component of
Sub-JEPA. By preserving geometric isometry, the orthog-
onal frozen projection ensures that each subspace receives
a balanced and non-redundant view of the latent represen-
tation, allowing the subspace-level normality constraints
to act uniformly [23].

Random frozen projection performs substantially
worse, especially on PushT [31]. Without orthogonality,
different subspaces may contain redundant or unevenly
scaled information, weakening the intended projection of
the full latent space. Trainable projection with soft or-

Table 3: Planning success rate (%) across environments
for different projection strategies. Orthogonal frozen pro-
jection gives the most stable and effective subspace pro-
jection.

Projection Two-Room Reacher PushT OGB-Cube

Ortho init � 95.00±2.76 84.00±4.00 89.00±5.33 76.33±5.99

Rand init � 53.00±8.44 68.00±5.29 13.33±5.61 61.00±5.55

Ortho reg \ 61.67±5.16 82.67±4.68 57.00±9.27 70.33±7.09

thogonality regularization also underperforms the frozen
orthogonal variant. We attribute this to co-adaptation be-
tween the encoder and the projection matrices: as train-
ing progresses, the learned projections can align with di-
rections that reduce the effective strength of the regular-
izer, thereby weakening the anti-collapse effect of Multi-
Subspace Gaussian regularization.

4.4 Physical State Probing
Planning success evaluates whether a learned world model
supports goal-directed control, but it does not directly
characterize the physical information contained in the la-
tent representation. We therefore evaluate the physical
decodability of the learned representations on PushT [31].
Following the probing protocol of LeWM [12], we freeze
the encoder and train lightweight probes from latent em-
beddings to ground-truth physical variables. We consider
three task-relevant quantities: agent location, block loca-
tion, and block angle. For each quantity, we train both
a linear probe and a small MLP probe. The linear probe
measures whether the variable is directly accessible from
the representation, while the MLP probe tests whether
the information is retained in a possibly nonlinear form.
We report mean squared error (MSE) and Pearson corre-
lation coefficient r, averaged over six random seeds.

Table 4 reports the physical latent probing results
on PushT. Overall, Sub-JEPA matches or outperforms
LeWM across most properties and probe types, suggesting
that Multi-Subspace Gaussian regularization preserves
physically meaningful latent structure while improving
nonlinear recoverability.

An interesting exception arises for block angle predic-
tion under the linear probe, where Sub-JEPA slightly un-
derperforms LeWM. We hypothesize that rotation is an
inherently non-linear quantity—subspace projection may
fragment the angular structure across independent sub-
spaces, making it less linearly decodable. Consistent with
this view, the gap closes under the MLP probe, suggesting
that a nonlinear decoder can compensate for this frag-
mentation. This pattern highlights a nuanced tradeoff:
subspace regularization improves the linear decodability
of translational quantities while potentially complicating
that of rotational ones.
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Figure 4: Visualization of latent embeddings extracted from consecutive observations in representative Two-Room [11]
episodes. Each column corresponds to one episode, with Sub-JEPA shown in the top row and LeWM shown in the
bottom row. Each point denotes one time step, and colors indicate the normalized timestamp. Sub-JEPA produces
more temporally coherent latent trajectories, while LeWM exhibits less organized temporal evolution in several episodes.

Table 4: Physical latent probing results on PushT.

Property Model Linear MLP

MSE ↓ r ↑ MSE ↓ r ↑

Agent Loc.
PLDM 0.090 0.955 0.014 0.993
LeWM 0.052 0.974 0.004 0.998
Ours 0.048 0.976 0.002 0.999

Block Loc.
PLDM 0.122 0.938 0.011 0.994
LeWM 0.029 0.986 0.001 0.999
Ours 0.024 0.988 0.001 1.000

Block Angle
PLDM 0.446 0.745 0.056 0.972
LeWM 0.187 0.902 0.022 0.989
Ours 0.218 0.884 0.021 0.990

4.5 Latent Trajectories
To verify that Sub-JEPA learns representations better
matched to the task geometry, we visualize latent trajec-
tories on Two-Room [11], where the low intrinsic dimen-
sionality makes the mismatch with the full-space Gaus-
sian prior most pronounced. For each episode, consecutive
observations are encoded and the [CLS] embeddings are
projected to 2D via UMAP [36], colored by normalized
temporal index.

As shown in Figure 4, Sub-JEPA consistently produces
temporally coherent latent trajectories across episodes,
with temporally adjacent observations forming well-
organized paths. LeWM, by contrast, exhibits less regular
temporal structure in several episodes, suggesting that the
full-space Gaussian prior distorts latent geometry when
task dynamics are intrinsically low-dimensional.

4.6 Temporal Latent Path Straightening
Following LeWM [12], we examine latent trajectory geom-
etry via temporal path straightening, which measures how
linearly dynamics evolve in latent space [37, 38]—a prop-
erty particularly relevant for latent world models where
planning quality depends on rollout regularity rather than

pixel reconstruction [1, 15, 4].
Given latent embeddings z1:T ∈ RB×T×D, we define

the temporal velocity as vt = zt+1 − zt, and measure
straightness via the mean cosine similarity between con-
secutive velocities [12]:

Sstraight =
1

B(T − 2)

B∑
i=1

T−2∑
t=1

〈
v
(i)
t , v

(i)
t+1

〉
∥∥∥v(i)t

∥∥∥ ∥∥∥v(i)t+1

∥∥∥ . (10)

Higher values indicate smoother and more linearly evolv-
ing latent trajectories.

As shown in Figure 6, Sub-JEPA consistently pro-
duces straighter latent trajectories than LeWM on both
PushT [31] and OGB-Cube [32], emerging naturally with-
out explicit optimization. This suggests that subspace-
wise regularization reduces geometric distortion relative
to full-space SIGReg, offering a geometric explanation for
the planning gains in Table 1.

4.7 Open-loop Rollout Visualization
To evaluate long-horizon stability, we compare open-loop
rollouts of Sub-JEPA and LeWM [12] on Two-Room [11].
Each model is conditioned on three context frames at
t = {0, 5, 10} and autoregressively predicts future states
from actions alone, decoded into RGB over 20 steps up to
t = 95. As shown in Figure 5, both models produce accu-
rate short-horizon predictions, but diverge at longer hori-
zons. LeWM exhibits increasing spatial drift and struc-
tural distortion, while Sub-JEPA maintains scene geome-
try more consistently, yielding lower reconstruction error
at distant steps.

This suggests that subspace-wise regularization im-
proves recursive latent stability: by replacing a single
global Gaussian constraint with structured subspace con-
straints, Sub-JEPA better supports coherent long-term
state propagation.
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Figure 5: Open-loop rollout comparison between Sub-JEPA and LeWM on Two-Room [11]. Models are conditioned
on three context frames (t = {0, 5, 10}) and then recursively predict future observations using only actions. Rows 2–3
show predicted trajectories for Sub-JEPA and LeWM, respectively. Rows 4–5 show absolute pixel errors relative to the
ground truth. Sub-JEPA exhibits more accurate long-horizon predictions and reduced cumulative drift.
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Figure 6: Temporal latent path straightening over train-
ing, measured by mean cosine similarity between consec-
utive latent velocity vectors (higher = straighter trajec-
tories). Sub-JEPA achieves consistently higher temporal
straightness than LeWM on both environments, suggest-
ing that Multi-Subspace Gaussian regularization implic-
itly encourages smoother latent dynamics.

Conclusion
We presented Sub-JEPA, a simple yet effective extension
of LeWorldModel that relocates Gaussian regularization
from the ambient embedding space into random orthog-
onal subspaces. Our key insight is that the isotropic
Gaussian prior enforced by LeWM operates in the full
high-dimensional latent space, which introduces an exces-
sive bias when the underlying task dynamics reside on a
low-dimensional manifold. Extensive experiments demon-
strate that Sub-JEPA consistently outperforms LeWM
across four tasks, that physical state information is better
preserved and more nonlinearly decodable in the learned
representations, and that the latent trajectories are sub-
stantially more temporally coherent.
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[37] Olivier J. Hénaff, Robbe L. T. Goris, and Eero P.
Simoncelli. Perceptual Straightening of Natural
Videos. Nature Neuroscience, 22(6):984–991, 2019.
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