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Abstract

Joint-embedding predictive  architectures (JEPAs)
promise to learn a world model once from pixels and
then solve tasks by planning, searching for actions whose
predicted terminal embedding matches a goal image
in L2, with no per-task reward. We ask whether the
representations learned by LeWorldModel, trained with
next-embedding prediction and the isotropic-Gaussian
SIGReg penalty, support such planning beyond the short
horizons usually reported. Across two OGBench envi-
ronments they do not: planning degrades monotonically
with the start—goal offset, collapsing to near-failure at
long horizons. A mechanistic analysis traces the cause to
the representation rather than the dynamics or planning
budget, revealing two failure modes. In PointMaze, position
is linearly decodable from the embedding (R* = 0.95) yet
lies in a low-variance subspace the raw L2 cost ignores;
swapping that cost for a linear position readout restores
planning at every horizon. In Scene, the high-DOF state is
absent from the planner’s embedding yet recoverable from
upstream patch tokens, an informational collapse in which
a Gaussian-by-construction embedding discards the factors
control depends on. We conclude that the task-agnostic
predictive objective is fundamentally misspecified for con-
trol, and point toward variance- and task-aware capacity
allocation as a remedy.

1. Introduction

A central goal for embodied intelligence is to accurately
model the world and its dynamics. As such, a great amount
of recent effort has been spent in developing world mod-
els that learn high-quality representations directly from pix-
els. In particular, the joint-embedding predictive architec-
ture (JEPA) line of work forgoes pixel-level reconstruction
and instead predicts the latent consequences of actions: an
encoder maps each observation to an embedding, and a pre-
dictor is trained to forecast the embedding of the next ob-
servation [13]. By placing the loss in representation space,
JEPAs avoid spending capacity on perceptually salient but
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irrelevant detail, and are intended to distill compact, abstract
features of the world. Recent work has shown that these ar-
chitectures can be trained stably end-to-end from raw pixels
by using a next-embedding prediction term and a Gaussian-
ity regularizer that prevents trivial collapse [4]. A key use
of these world models is to plan by simple optimization in
latent space: given a goal image, one searches for an action
sequence whose predicted terminal embedding most closely
matches the goal embedding.

This planning-as-inference view makes latent world
models attractive for control tasks. The standard instanti-
ation is model predictive control (MPC) via the Cross En-
tropy Method (CEM) [20]. At each step, CEM samples can-
didate action sequences, rolls each forward in latent space,
and refits its sampling distribution to the lowest-cost sam-
ples, iterating until the distribution concentrates on a single
action sequence. The initial states and goal states are spec-
ified by images and scored by L, distance in embedding
space, avoiding a per-task reward. Learning the world once
and solving tasks by planning is a central motivation for
JEPA-style world models, and is the capability we evaluate.

However, the appeal of this method rests on the assump-
tion that the learned embedding space is a high-quality rep-
resentation of the world that captures the state relevant to
the task. Further, the reported successes of latent world
models are predominantly short-horizon: the goal lies a few
steps away, where only a brief rollout of the predictor is re-
quired for success. Whether the same representations sup-
port long-horizon planning remains largely under investi-
gated.

We study this question using OGBench PointMaze as a
toy environment and OGBench Scene as a setting for long-
horizon robotic control [17]. Our findings are as follows:

1. Planning collapses at long horizons. Sweeping start—
goal offsets reveals a sharp regime beyond which
sampling-based planning degrades to near-failure in
both environments.

The representation objective is fundamentally mis-
specified for control. = Mechanistic analysis of
LeWorldModel embeddings shows the failure lies in
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the representation: in PointMaze, the task state is
buried in a low-variance subspace invisible to Lo cost,
while in Scene, high-DOF states are dropped from the
embedding altogether.

2. Related Work

Latent world models and JEPAs. Predicting in rep-
resentation space rather than pixel space underlies image
JEPAs [2] and video JEPAs [3]. A persistent challenge
is representation collapse, classically addressed by asym-
metric architectures, stop-gradients, or variance-covariance
regularization [5, 7, 15]. Recent work introduces a sketched
distributional penalty, SIGReg, that enables stable end-to-
end training of a predictive encoder from scratch [4], which
is the world model we study. Our contribution is orthogonal
to training stability: we ask what the resulting representa-
tion contains and whether it is usable for planning.

World models for control. Reconstruction-based la-
tent world models such as PlaNet and the Dreamer family
[8, 9] plan or learn policies in a learned latent space, and
TD-MPC [10, 11] learns a task-oriented latent via a reward
and value signal. These methods couple the representation
to either the observation, through a reconstruction decoder
that forces it to retain the information needed to regener-
ate pixels, or to the task, through reward and value losses.
JEPA-style planners instead use a task-agnostic embedding
and a reward-free Lo goal metric. We show this decoupling
is precisely where long-horizon control breaks.

Planning as inference and goal-conditioned control.
Solving tasks by optimizing actions against a learned model
[20, 21] and specifying goals as images is an attractive,

reward-free formulation. OGBench [16] provides offset-
controllable goal-reaching tasks that we exploit to sweep
planning horizons.

Probing representations. Linear probing [I] and de-
codability analyses are standard tools for asking what a rep-
resentation encodes. We use probing to dissociate two fail-
ure modes: information that is present but metrically sup-
pressed, versus information that is absent.

3. Preliminaries

The world model. An encoder fy maps an observation
o to an embedding z; = fy(o:) € R¢ and a future ob-
servation o, 1 to an embedding 2,1 € R?. A predictor g,
forecasts the next embedding from a short history of embed-
dings and actions, 2,11 = g¢(2t—k:t, Gt—k:¢). Training min-
imizes a next-embedding prediction loss plus a Sketched-
Isotropic-Gaussian Regularizer (SIGReg),

L = |21 — 2413 + ASIGReg(2), (D

Crucially, no term in £ references a task, reward, or no-
tion of which dimensions of z are control-relevant.

SIGReg. SIGReg plays an important role in shaping the
embedding space. In principle, SIGReg prevents trivial col-
lapse and promotes feature diversity in the world model’s
embedding space [14]. Formally, let Z € RV *B*d denote
the tensor of latent embeddings of dimension d collected
over a history N and batch size B. SIGReg projects embed-
dings onto M random unit-norm directions u(™ € S%-1
and optimizes the univariate Epps-Pulley [0] test statistic
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Planning. Given the current observation and a goal im-
age o, with embedding z, = fy(04), control is MPC with
the Cross-Entropy Method (CEM). The planner samples ac-
tion sequences a;.. fr, Tolls each forward with g4 to a pre-
dicted terminal embedding Z; 7, and scores it by

cagrm) = |2am — Zg||27 3)

the Lo distance between the state and goal in embedding
space. The best (elite) sequences are used to re-estimate
the mean and variance of the sampling distribution (usually
Gaussian). Iterating this concentrates the distribution on a
low-cost action sequence. The planner then executes its first
action and replans at the next observation. The first action
of that sequence is taken and the whole process repeats. The
cost c is the only signal coupling the representation to the
task, and it weights every embedding dimension equally.

4. Methods

Environments. We use two OGBench settings. Point-
Maze is a 2D navigation task with low-dimensional under-
lying state (agent (z,y) position), which we use as a con-
trolled probe: ground-truth task state is known and the cost
landscape can be visualized directly. Scene is a tabletop
manipulation environment with a drawer, a window, but-
tons, and a movable cube, requiring multi-step interaction
and serving as our long-horizon control setting.

Pointmaze

Figure 2. OGBench environments. We select OGBench Point-
Maze and OGBench Scene as settings for testing long-horizon
control.

Training. We train the LeWM world model from pixels
with the next embedding latent prediction plus the isotropic-
Gaussian regularization term (SIGReg [4]). The image en-
coder is implemented as a Vision Transformer (ViT) that
projects pixel inputs into a 512-dimensional embedding

space. All models are implemented in PyTorch [ 18] and op-
timized using AdamW on a dataset consisting of 1 million
transitions of play data collected within the target scene. We
train the network for 100 epochs prior to evaluation.

Goal-offset sweep. To probe horizon, we construct goal-
reaching tasks parameterized by the temporal offset A be-
tween the start state and the goal state along a reference
trajectory, and report success rate as a function of A. The
planning budget is scaled with offset (budget = 3A) so that
failure cannot be attributed to too few replanning steps.

Probing. To ask what the embedding encodes, we fit
probes from frozen embeddings to ground-truth state vari-
ables (agent position in PointMaze; object and articulation
states in scene) and report held-out R?. We probe both the
embedding 2 used by the planner and the spatial patch-token
features before pooling, fitting linear (ridge) and nonlinear
(MLP) probes with scikit-learn [19] to distinguish absent
information from nonlinearly-encoded information. All fig-
ures are rendered with matplotlib [12].

Code. Our experiments build on the official LeWorld-
Model codebase [14], which provides the world-model ar-
chitecture, the SIGReg training objective, and the CEM-
MPC planner.

S. Experiments
5.1. Long-horizon planning collapses

We first stress-test the planning horizon directly. For
each goal offset A € {25,50, 100, 150, 200} steps, we sam-
ple start—goal pairs separated by A environment steps from
held-out expert trajectories, so every goal is reachable and
in-distribution. We plan with CEM-MPC (300 samples,
30 refinement iterations, receding-horizon replanning) us-
ing the best-validation checkpoint, allow a budget of 3A
steps, and count an episode successful if the agent reaches
the goal within that budget. We report the success rate over
50 episodes with Wilson 95% confidence intervals (Fig. 4).

Success degrades sharply and monotonically with offset
in both environments. Because we scale planning budget
with distance (34, three times the demonstration length),
the collapse cannot be a fixed step cap starving distant goals.
Planning also succeeds at A = 25 in both domains, so
the dynamics, the optimizer, and low-level control are each
functional in isolation; only their composition over a longer
horizon breaks. With the model, planner, environment, suc-
cess criterion, and budget-to-distance ratio held fixed across
offsets, and the same collapse arising in both a navigation
and a manipulation domain, we attribute it to the planning
objective at increasing horizon rather than to any particular
goal, planner, or domain.
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Figure 3. Euclidean position is linearly represented in world model embeddings. Despite a near-isotropic embedding (top-2 PCs
caputure 3% of variance, left), a linear probe recovers agent position from the same space (R? = 0.94 for z, 0.96 for y; center, right). The

information is present even though the raw Lo cost is flat.
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Figure 4. Goal offset sweeps. Success rate versus the start—goal
offset A for PointMaze (left) and Scene (right), with the plan-
ner budget scaled as 3A; error bars are Wilson 95% CIs over 50
episodes. Success collapses sharply and monotonically with offset
in both environments, reaching near zero in PointMaze and 14%
in Scene by the largest offsets.

5.2. CEM cost is uninformative

We visualize the planner’s cost landscape directly. For
three goals, we render the agent at a dense grid covering all
free cells, encode each state, and plot the embedding cost
|lzs — 24l|2 over the maze (Fig. 5). As a natural reference,
we use the geodesic (shortest-path) distance to the goal: it
respects the walls and decreases monotonically along ev-
ery optimal route, so a cost landscape an agent can descend
should track it.

Instead, the field is nearly uniform: cost is high and
roughly constant everywhere, with only a small depression
at the goal itself. The rank correlation with geodesic dis-
tance is p = —0.01 £ 0.01 (mean and 95% CI over 64 ran-
domly sampled goals), statistically indistinguishable from
zero, and the three maps shown are representative (Fig. 5).
The cost therefore carries no usable gradient toward the
goal: its only structure is the shallow basin at the goal,
which a sampling-based planner can descend only once the

Goal 1 Goal 2 Goal 3
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Figure 5. PointMaze cost landscape. Embedding cost ||zs — z4]|2
over all free cells for three goals (stars). The same flat pattern
occurs for every goal: cost stays near its maximum almost every-
where and dips only in a narrow well at the goal, leaving CEM
with near-identical scores across samples and no signal to concen-
trate toward the target.
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goal already lies within a short rollout. This is a key symp-
tom of the mechanistic causes of poor long-horizon perfor-
mance.

5.3. Position is linearly represented

A flat cost might suggest position is simply absent from
the representation. We test this by training a linear probe to
recover the agent’s (z,y) position from world-model em-
beddings (Fig. 3). Two findings stand in tension. A 2D
PCA of the embedding does not organize states by position:
the top two principal components capture only 3% of the
variance, reflecting the near-isotropy encouraged by the SI-
GReg term. Yet a single linear map decodes the agent’s po-
sition with held-out R? = 0.95 (per-coordinate R? = 0.94
in z and 0.96 in y). Position is thus linearly present in the
very embedding the planner uses, even though it occupies a
low-variance subspace invisible to a 2D PCA. The flat cost
is therefore not a missing-information problem: raw Lo dis-
tance over the embedding simply fails to reflect the position
the embedding encodes.

5.4. Linear probes recover a navigable cost

To separate “decodable” from “used by Ls”, we com-
pare three costs computed from the same states: the plan-



Embedding L2

U
e
[:_ﬂ_ O

Probe-decoded position

True Euclidean

Cost vs. geodesic distance to goal

10
08 0.78

0.85

o o
o [

Spearman p
o
=

relative cost

o
N)
o
[N)

-0.01
0.0
Embedding Probe- True
decoded Euclidean

Figure 6. Position readout recovers a navigable cost. For a fixed goal (red star), each maze panel shows the relative cost assigned to every
free cell under three readouts: the planner’s raw embedding Lo ||zs — z4||2 (left), the Lo distance between linear probe-decoded positions
(center), and the true Euclidean distance (right). Far right: Spearman correlation between each cost and geodesic (shortest-path) distance
to the goal over 64 randomly sampled goals (error bars are 95% Cls). Raw embedding L is uncorrelated with geodesic distance.

ner’s raw embedding Ls, the Lo between linearly decoded
positions, and the true Euclidean distance, which serves as
an upper bound for any Euclidean cost computed from po-
sition. For each, we measure the Spearman correlation with
geodesic distance over 64 randomly sampled goals (Fig.
6). Raw embedding L- is flat (p = —0.01 4+ 0.01), but
probe-decoded position is highly associated with geodesic
distance (p = 0.78 £ 0.03) and approaches the true Eu-
clidean ceiling (p = 0.85 £ 0.03). Motivated by this highly
linear auxiliary cost, we further conduct a causal interven-
tion comparing CEM planning via the standard Lo cost to
CEM via probe-decoded distance (Fig. 7).

We replace the raw embedding cost ¢ with the Lo dis-
tance between probe-decoded positions while holding the
encoder, predictor, and CEM budget-to-distance ratio fixed.
We find that this restores planning across the entire hori-
zon range (Fig. 7). Probe-decoded planning sustains a suc-
cess rate between roughly 65% and 90% for every offset
A € {25,...,200}, in stark contrast to the raw embedding
cost. Because both planners share the same latent rollouts
and differ only in the readout used to score them, the long-
horizon failure cannot be attributed to predictor drift or to
an insufficient sampling budget.

5.5. Information collapse in OGBench Scene

Prompted by our mechanistic investigation of Point-
Maze, we extend the probing analysis to OGBench Scene, a
more realistic embodied-control environment with substan-
tially higher state dimensionality. In PointMaze, since state
embeddings already represented position linearly, probing
embeddings was enough to pinpoint the failure to the plan-
ning metric. We begin our analysis of Scene the same way,
probing only the cost-space embedding used by the predic-
tor and the planner. The drawer, window, and buttons are
recovered almost perfectly (Fig. 8 at held-out R? = 0.96,
0.97, 0.97), but the cube and the arm are not (R? = 0.41
and 0.38). The split reflects the degrees of freedom of
each object (Table 1), where the recovered objects are one-
DOF articulations and the embedding fails to linearly en-
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Figure 7. Linear probes recover CEM planning. Success rate vs
goal offset (Wilson 95% CI, n = 50). Swapping the planner’s cost
from raw embedding L2 (blue) to probe-decoded position distance
(red) lifts success from 0% to 66 — 90% across all offsets.

code high-DOF entities like the free-moving cube (3 trans-
lational DOFs with high variance and 3 rotational) and the
arm (7 DOF).

Object DOF State variance Probe R?
Arm 7 3.04 rad? 0.38
Cube 6 258 cm? 0.41
Drawer 1 41 cm? 0.96
Window 1 66 cm? 0.97
Buttons 2 0.50 (binary) 0.97

Table 1. Object-state variance versus cost-space encodability.
The high-DOF objects (arm, cube) are exactly those the encoder
fails to represent (Iow linear-probe R?), while the low-DOF slides
and binary buttons are recovered nearly perfectly. Variance is in
each object’s native units and is not comparable across rows; DOF
is the unit-free axis.

Unlike PointMaze, task-relevant state information is
missing from the world model’s learned embeddings. This
raises a sharper question: does the encoder represent the
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high-DOF states anywhere, or not at all? Inspired by this
question, we extend to linear and nonlinear (MLP) probes
(Fig. 8), and analyze representations at the [C'L:S] and patch
tokens within the ViT backbone. Interestingly, cube po-
sition is recoverable from the patch tokens at R? ~ 0.9
(Fig. 8, right), with linear and nonlinear probes nearly
tied. Thus, the information exists upstream of the embed-
dings, but does not survive into the embedding the objec-
tive shapes and the planner consumes. This is information
collapse in the precise sense: the embedding distribution is
Gaussian by construction under SIGReg, yet it carries little
information about the high-DOF factors of the state.

We hypothesize that this mechanism represents a degen-
erate solution to the predictive objective. Specifically, the
next-embedding loss term |21 — sg(z¢41)||* can be triv-
ially minimized by omitting hard-to-predict features from
the representation entirely rather than learning to model
them. Because the high-DOF cube and robotic arm ex-
hibit the most complex and least predictable dynamics, the
most efficient path for the model to reduce prediction error
is to cease encoding them altogether, while retaining only
the near-deterministic, low-DOF components.

6. Conclusion

Our experiments trace the failure of LeWorldModel
planning to its representation objective. = The next-
embedding loss is task-agnostic: it references no reward
and no notion of which dimensions are control-relevant, so
it is minimized as readily by discarding hard-to-predict fac-
tors as by modeling them. The high-DOF cube and arm
carry the least predictable dynamics, making the cheapest
way to lower the loss along their directions to stop encod-
ing them. SIGReg does not cause this so much as conceal it:
by holding the embedding isotropic and Gaussian it keeps

the covariance full-rank, so the loss of control-relevant in-
formation leaves the spectrum looking healthy and escapes
standard collapse diagnostics.

The failure surfaces in two forms that demand different
remedies. In PointMaze, the control-relevant state survives
in the embedding but occupies a low-variance subspace the
uniform Lo cost drowns out; here a better readout suffices,
as our probe-decoded planner demonstrates. In Scene, the
high-DOF state is absent from the embedding altogether
and retained only in patch tokens, so no reweighting of
that embedding can recover it. Preventing this requires the
objective itself to incentivize control-relevance rather than
solely predictability.

Several modifications to the objective could supply that
incentive. A temporal-difference value signal would bind
the representation to control directly: factors that shape pre-
dicted return must be encoded in order to predict it, forcing
the model to keep control-relevant state even where its dy-
namics are hard to model. Alternatively, an information-
preserving objective could address the representational
weaknesses, whether by reconstructing the observation, by
predicting the action that links consecutive states, or by en-
forcing a mutual-information floor between the embedding
and the observation. We leave these to future work.
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