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Abstract

Joint-Embedding Predictive Architectures (JEPAs) offer
a compact alternative to pixel-space world models, but their
use in deformable-object manipulation remains largely un-
explored. In this work, we adapt a LeWorldModel-style
action-conditioned JEPA to SoftGym RopeFlatten, where
the model predicts rope dynamics from RGB observations,
two-picker actions, and proprioceptive state. The model
is trained from offline trajectories using next-latent predic-
tion and SIGReg regularization, avoiding pixel reconstruc-
tion while preserving an explicit dynamics model for latent-
space planning.

We collect a 19,031-episode mixed RopeFlatten dataset
spanning expert demonstrations, geometric solver rollouts,
random exploration, and manipulative heuristic trajecto-
ries, then use the learned world model inside a CEM-based
MPC planner. LeWM-MPC reaches a 60% success rate,
outperforming ACT, SmolVLA, mg LoRA, and prior Soft-
Gym image-based baselines while using only 18.6M param-
eters. We further analyze training ablations, latent visu-
alizations, a harder Rope U-shape task, and violation-of-
expectation tests across simulated rope tasks and real Poke-
Flex Sponge data. These results suggest that compact JEPA
world models can learn useful predictive representations
for contact-rich deformable manipulation while remaining
small enough for closed-loop planning.

1. Introduction

Manipulation of deformable objects—ropes, cloth, ca-
bles, tissue—is essential in robotics, from surgical assis-
tance to garment folding, yet it still remains a fundamen-
tally open problem. Unlike rigid bodies, deformable objects
possess high-dimensional configuration spaces, undergo se-
vere self-occlusions, and exhibit chaotic contact dynamics
that are difficult to model analytically and very expensive
to simulate. [[10] Classical model-based planning that re-
lies on finite element method (FEM) simulation is accu-
rate but computationally infeasible for real-time control. On
the other end, recent vision-language-action (VLA) models

such as 7 [6] and OpenVLA [19] plan effectively across
manipulation tasks, but carry billions of parameters, cre-
ating an inference bottleneck that prevents deployment in
real-time closed-loop control.

Latent world models avoid this tradeoff by predicting
the future in a compact representation space instead of
pixel space. This makes them cheaper than full video
prediction while still preserving enough geometric infor-
mation for planning. Joint-Embedding Predictive Archi-
tectures (JEPAs) [2] are a particularly attractive instanti-
ation of this idea. JEPAs avoid the optimization chal-
lenges of generative objectives and produce geometrically
structured latent spaces by predicting future representa-
tions without requiring pixel reconstruction. The recently
proposed LeWorldModel (LeWM) [24] demonstrates that
a ~15M-parameter end-to-end JEPA world model, stabi-
lized by Sketched Isotropic Gaussian Regularization (SI-
GReg) [3]], plans up to 48x faster than foundation-model-
based world models while remaining competitive on 2D and
3D rigid-body control tasks.

This project investigates whether a compact latent world
model can learn from pixels sufficiently well to support
planning in deformable-object manipulation. We train and
evaluate a LeWM-style action-conditioned JEPA on Soft-
Gym [21], a simulation benchmark designed specifically
for deformable-object manipulation. The model predicts
the latent representation of the next observation from RGB
input and two-picker actions. A Cross-Entropy Method
(CEM) [8] model-predictive-control planner then uses these
latent predictions to choose actions that move the rope to-
ward a goal image.

This setting tests whether the advantages of JEPA-style
world modeling extend beyond the rigid-body domains
where LeWM has previously been evaluated. We com-
pare this latent-planning approach with direct-policy base-
lines that learn observation-to-action mappings without an
explicit dynamics model. Overall, our goal is to evaluate
whether representation-space prediction can serve as a prac-
tical middle ground for deformable manipulation.

The input to our model is a short history of top-down
RGB rope observations, two-picker robot actions, and the



end-effector state. The model predicts the latent represen-
tation of the next observation. At test time, the controller
receives the current observation history and a goal image,
then outputs the next 8-dimensional two-picker action us-
ing latent space MPC.

2. Related Work

Our work builds on many threads: deformable-object
manipulation benchmarks, self-supervised representation
learning, latent world models for planning, and direct-
policy robot-learning baselines.

2.1. Deformable Object Manipulation

Deformable manipulation has been approached through
state-estimation pipelines, model-free RL, and model-based
control. Preiss et al. [26] showed that RNN-based low-
dimensional latent dynamics models can achieve high-
speed trajectory tracking of deformable objects, but their
approach learns from tracked points and measured system
outputs rather than RGB, and requires real-world robot in-
teraction for data collection and controller tuning. Soft-
Gym [21] introduced a suite of simulated benchmarks for
deformable manipulation with a standard Gym API, includ-
ing StraightenRope, cloth flattening and folding, and liquid
pouring. It also benchmarked several classes of methods,
including privileged oracles with access to ground-truth par-
ticle information, SAC-based full-state and reduced-state
policies [[12]], and image-based methods that operate from
pixels.

Among these image-based baselines are PlaNet [15], a
reconstruction-based latent world model with CEM plan-
ning, as well as CURL-SAC [29] and DrQ [20]. These
SoftGym baselines provide a reference point for evaluating
our method on RopeFlatten. A consistent finding is that the
image-based methods substantially underperform the state-
based oracles, and on StraightenRope in particular the au-
thors report that pixel methods remain far below the oracle
ceiling even with extended training.

2.2. JEPA and Latent World Models

Our model builds on the JEPA family of self-supervised
methods, which learn representations by predicting the em-
bedding of a target from a context rather than by recon-
structing pixels. I-JEPA [2] established this for images and
V-JEPA [4] for video. Its action-conditioned successor, V-
JEPA 2 [1]], showed that video JEPAs can act as world mod-
els for planning. Predictive SSL is prone to representa-
tion collapse. Previous methods prevent it with heuristics
such as EMA teachers, stop-gradients, or variance penal-
ties such as VICReg [S]. LeJEPA [3] instead introduces
Sketched Isotropic Gaussian Regularization (SIGReg), a
single-hyperparameter term that pushes embeddings toward

an isotropic Gaussian, which is the anti-collapse mechanism
this project inherits.

For control, latent world models predict future states
in a learned representation space and use those predic-
tions for planning. Early reconstruction-based models,
from the original World Models [11] through PlaNet [14],
Dreamer [13}[16]], and TD-MPC?2 [17], learn latent dynam-
ics together with pixel or reward decoders. These models
have been highly successful, but reconstruction objectives
are expensive and vulnerable to compounding prediction er-
ror over long rollouts [18].

Representation-space models avoid explicit pixel recon-
struction by predicting in feature space. DINO-WM [32]
plans over frozen pretrained features, while PLDM [28]] and
V-JEPA 2-AC [1]] train JEPA-style dynamics models for
zero-shot, goal-conditioned planning. LeWM [24]] brings
these ideas together in a compact reconstruction-free and
reward-free JEPA world model, using a 192-dimensional to-
ken per frame, SIGReg regularization, and CEM planning.
Our work adapts the LeWM architecture and training recipe
to deformable manipulation in SoftGym [21].

2.3. Direct Policies and Vision-Language-Action
Models

A parallel line of work skips explicit dynamics model-
ing and maps observations directly to actions. The Action
Chunking Transformer (ACT) [31] mitigates compounding
error in behavior cloning by predicting temporally extended
action chunks, and remains a standard imitation baseline.

More recently, vision-language-action (VLA) models
have emerged as general-purpose robot policies. These
models couple pretrained vision-language representations
with action decoders and are trained on large, diverse
robot datasets, giving them strong cross-task and cross-
embodiment transfer. OpenVLA [19] is a 7B-parameter
open VLA trained on roughly 970k demonstrations, while
mo [6] pairs a vision-language backbone with a flow-
matching action expert. Other approaches, including
Octo [30] and the compact SmolVLA [27] predict actions
without planning over a learned dynamics model.

3. Environment and Data Collection

We study deformable manipulation in SoftGym, which
provides a controlled and reproducible benchmark for ob-
jects with deformable dynamics. We focus our efforts on
the rope manipulation environment as a test for our meth-
ods. It is especially useful for our setting as the object has a
high-dimensional particle state, severe self-occlusion from
a single camera view, and contact-rich bi-manual interac-
tions, while providing clear geometric success metrics. This
section describes the RopeF latten environment, our tra-
jectory collection methods, and the diversity of the final data
set.



3.1. Rope Simulation Environment

We evaluate in SoftGym’s RopeFlatten environ-
ment [21]], which simulates a deformable rope in NVIDIA
FleX [23] and exposes the system through an API. The
rope is represented internally as a chain of particles, and
control is applied through two provided spherical end-
effectors. At each environment step, the agent produces an
8-dimensional action a; = [v1, g1, V2, g2] where v; € R?
represents the Cartesian displacements [Ax, Ay, Az] for
each end-effector and g; € {0,1} is a binary grasp com-
mand.

The SoftGym environment processes 8 physics steps per
control decision before returning the next observation. To
align the temporal discretization of the dataset with the
agent-environment interactions, we record one frame per
control decision rather than per physics tick. A single col-
lected episode contains 75 such control decisions and ob-
servations, plus the initial frame.

A top-down 128 x 128 RGB rendering of the simula-
tion is used to record visual observations. For diagnostics
and auxiliary supervision, each frame also includes a com-
pact 15-dimensional privileged state s; consisting of the two
end-effector positions and grasp states, the rope center of
mass, and the rope bounding-box minimum and maximum.
The full particle state is not used as a model input.

3.2. Dataset Construction

We train the world model solely from offline trajecto-
ries, without reward annotations or task labels, following
the reward-free offline setting used in recent JEPA-based
world models [24} 32, 28]]. In this setting, we found that tra-
jectory quality strongly affects the model’s ability to learn
and predict latent representations, which in turn has a sig-
nificant impact on downstream planning performance.

We assemble RopeFlatten task data from four policies
with complementary roles (Table [T): a near-optimal ora-
cle planner that demonstrates the task, and three low-cost
exploratory or heuristic policies that broaden state—action
coverage. All four are concatenated into a single 19,031-
episode set. We train on all 19k collected episodes without
a separate validation split, monitor training using prediction
loss and embedding statistics, and evaluate success on 50
SoftGym episodes with unseen initial rope configurations.
An episode is successful if final normalized performance
exceeds 0.8. The following subsections explain why cov-
erage matters alongside task performance, and describe the
collection algorithm behind each source.

3.2.1 Expert Trajectories

The expert source supplies near-optimal demonstrations
through oracle Model-Predictive Control via the Cross-
Entropy Method (CEM) while having full observability of

Policy Episodes  Total Frames Mean final perf.
CEM Expert 4,031 306K 0.994
Random 5,000 380K  0.409
Geometric Solver 5,000 380K  0.905
Manipulative Heuristic 5,000 380K  0.448
Full set 19,031 1.45M  0.674

Table 1. Summary of the trajectories collected in the project.

the real simulator dynamics.

At each control step, CEM optimizes an action sequence
of horizon H=15 by sampling a population of 20 candi-
date sequences from a Gaussian, simulating each candi-
date, scoring it by the SoftGym straightening reward, and
refitting the Gaussian to the top-10% candidates; after 3
such iterations, it executes the first action and replans in
receding-horizon fashion. The planner has privileged ac-
cess to true dynamics, so its trajectories are near-optimal,
providing the high-quality pseudo-expert data that offline
world-model settings call for [24].

We generate these trajectories with the Dynamics Or-
acle CEM controller from the SoftAgent benchmark [21]]
on RopeFlatten, then re-execute the planned actions in
the rendering environment to obtain the image observations
the model trains on. Since every CEM evaluation step re-
quires full physics simulation, collection is bound by CPU
throughput while hosting the FleX engine on a supported
GPU; we therefore parallelized the collection task across
3 nodes with a total of 24 GPUs and 144 vCPUs to host
concurrent simulator rollouts. Due to the computationally
intensive nature of this algorithm our final expert episode
count was ultimately limited by available compute hours.
The resulting 4,031-episode set has a mean final normal-
ized performance 0.994 and a mean peak performance of
0.998 as defined in section 5.1.

3.2.2 Random and Heuristic Trajectories

The remaining three sources are cheap to collect and delib-
erately sub-optimal; their purpose is to populate the regions
of state—action space that the full dynamics oracle avoids.
Random rollouts sample picker displacements uniformly
from the action bounds. These episodes almost never re-
sult in a straightened rope (mean final performance 0.409),
but they serve as a source of collisions, missed grasps, and
misaligned motions, elements that a planner must be able
to predict when it scores imperfect candidate actions. The
geometric policy is a scripted state machine that reads the
rope endpoints from the simulator state, moves a picker
above each endpoint, descends, closes the grippers, lifts,
stretches the rope along its principal axis, and holds the final
pose; it yields clean, smoothly actuated task completions
(0.905). The manipulative policy instead grasps randomly
chosen interior rope particles and follows smooth random
waypoints, generating curls, folds, and partially lifted con-



figurations (0.448) that neither the endpoint-focused expert
nor the contact-sparse random policy produces. Together,
these episodes complement the expert trajectories to pro-
vide broad coverage of intermediate rope geometries.

4. Method: Latent World Modeling

Our method builds off the LeWorldModel (LeWM)
recipe [24]], learning a compact, action-conditioned latent
dynamics model from offline video, then using that model
for goal-conditioned planning. We chose this architecture
because it provides a compact reconstruction-free dynam-
ics model while preserving an explicit planning interface
through latent rollouts.

Figure 1. LeWorldModel Architecture for latent-MPC planning.

4.1. World-model Architecture

Let o; denote the RGB observation, a; € R® the two-
picker action, and p; € R® the proprioceptive vector (end-
effector positions and grasp flags). A shared image encoder
fo maps each frame to a low-dimensional latent

2 = folor) € RP

fo is a compact ViT-Tiny [9] inspired encoder, with each
128 x 128 image split into 16 x 16 patches (64 patch tokens
plus a [CLS] token) and processed by a 12-layer, 3-head
transformer with a 4D MLP. We take the final [CLS] token
as the frame representation and project it through a two-
layer MLP before the prediction loss. The full model has
~2 18.6M parameters, allowing us to train end-to-end on a
single GPU.

The dynamics of the rope are modeled by an autoregres-
sive transformer predictor g4 that, from a history of 4 = 3
latents and their conditioning vectors, predicts the next la-
tent:

275—&-1 = g¢(Z§t,C§t).

gy stacks 6 causal transformer blocks with adaptive
LayerNorm-zero (AdaLN) conditioning [25]: the condi-
tioning vector produces per-block shift, scale, and gate pa-
rameters for the attention and MLP branches, making the

transition explicitly action-conditioned while using a single
latent token per frame.

The robot actions and proprioceptive data are input using
two lightweight encoders—each a 1 x 1 temporal convolu-
tion followed by a two-layer MLP—and summed into the
conditioning vector ¢; = eq(at) + ep(pr)-

4.1.1 SIGReg

Following the LeWorldModel architecture [24], we use
Sketched Isotropic Gaussian Regularization (SIGReg) to
prevent collapse in the JEPA latent space. Since our model
predicts future embeddings rather than reconstructing pix-
els, the encoder could otherwise learn latents that are easy to
predict but not useful for planning. SIGReg avoids this by
encouraging the batch of projected image latents to match
an isotropic Gaussian distribution, keeping the representa-
tion spread out and well scaled.

In practice, SIGReg projects latents onto many ran-
dom one-dimensional directions and compares each pro-
jected distribution to a standard Gaussian using a sketched
characteristic-function distance:

M
1
Lsires = 77 Y dor ({upz 15, N (0,1))
m=1

We use M = 1024 random projections, K = 17 frequency
samples, and weight this term by A = 0.09. This is impor-
tant for latent-MPC because planning compares predicted
latents to goal latents; if the representation collapsed or had
poor scale, latent distances would no longer correspond re-
liably to differences in rope configuration.

4.1.2 Fusion and Encoder Guidance

For rope manipulation, we fuse proprioception into the
dynamics-conditioning for the prediction transformer, and
not into the goal-matched latent z;. This keeps z; fo-
cused on the rope geometry, so that planning-time latent dis-
tances compare rope configurations rather than the result-
ing end-effector poses. This is especially relevant in Soft-
Gym, where the default end-effectors are visually similar
to the background and are hard to infer from images alone.
Putting end-effector state directly into z; would make la-
tent goal matching penalize irrelevant differences in gripper
location.

We also add an auxiliary compact-state head for geomet-
ric guidance. A next-latent prediction objective would only
require the latent to be useful for short-horizon prediction,
so the [CLS] representation could ignore important rope
geometry that matters for planning, even when regularized
via SIGReg. Let s; € R1® denote the compact state logged
in the dataset: two picker positions, rope center of mass,
and rope bounding-box minimum and maximum. During



training, a small MLP h,;, predicts this state from the image
latent §; = hy(2). This produces an auxiliary regression
loss on every frame in the sampled window

1 B H
~ 2
BT 2 2 e = sl

b=1 t=0

‘Cstate =

h., is not used at inference time, since the planner for
task solving will not have access to privileged particle in-
formation. Its purpose is to guide the learned latent during
training: z; should remain a goal-matching image represen-
tation, but it should also preserve the rope’s extent, bound-
ing box, and coarse spatial layout.

4.1.3 Training Objective

We train on contiguous windows sampled from indi-
vidual trajectories. ~Within each sampled window we
renumber time locally as 0,...,H. Thus a batch
contains B sequences of observations (op0,...,0p 1),
actions (apo,...,ap H—1), and proprioceptive states
(P05 - Po.1)-

The image encoder produces target latents z,, =
folovt) € RP for all H+1 frames. For each context time
t € {0,..., H—1}, the predictor receives the history of im-
age latents up to ¢ together with the action/proprioception
conditioning ¢, + = eq(ap,t) + €p(pp,¢), and outputs a one-
step prediction 2,41 = ¢¢(2p,0:¢,Cp,0:¢). The primary
training objective averages the mean-squared errors of the
latent predictions over the batch and the H predicted tran-
sitions

B H-—

1
»Cpred = ﬁ Z

b=1 t=

[u

A 2
||Zb,t+1 - Zb,t+1||2

where 2y ;11 is the encoder latent of the actual next frame
and 2 41 is the predictor’s imagined next latent. The full
objective is

L= Epred +A ESIGReg + 6 ACstatey

where Lgtate 1S the auxiliary state-regression loss mentioned
in section 4.1.2.
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Figure 2. Training curves for the LeWM model

We use A = 0.09, and 5 = 0.5. We optimize with
AdamW [22] (learning rate 5 x 1075, weight decay 1073,

gradient clipping 1.0), batch size 128, and bf 1 6 mixed pre-
cision; actions, proprioception, and state are z-score nor-
malized using training-set statistics. The model was trained
for 100,000 steps on a single NVIDIA HI100 GPU. As seen
in Figure 2| our model achieves a training error of 0.0152
while SIGReg keeps the latent embeddings ~ A(0, 1) pre-
venting collapse. We saw no signs of overfitting, and be-
cause we evaluate on unseen configurations, task success
reflects generalization rather than memorization.

4.2. Planning in Latent Space
4.2.1 Planning Objective

At test time, the world model is frozen and used as the
dynamics model for Model-Predictive Control. A single
goal image o, is encoded once to obtain the goal latent
zg = fo(og). For example, in RopeFlatten tasks, o4
is selected from the "flattest” frame in a scripted expert ref-
erence trajectory.

Each replan begins by encoding the most recent H real
observations into a history (z¢—p1,...,%) and retain-
ing the previous H — 1 real actions. We define a can-
didate plan Agp.x_1 as a sequence of future raw actions
(aty...,ar+Kx—1) where K is the planning horizon.

To score a candidate plan, we must form the same tem-
poral alignment used during training to predict using the
forward pass of our model. To do this, we concatenate the
H — 1 past actions with the K proposed future actions, and
use Ag to immediately predict the next latent. The predictor
is then rolled forward autoregressively with a sliding win-
dow of size H, producing imagined latents 2,1, ..., 21+ k.
The per-step planning objective is to minimize the fixed-
goal terminal cost:

J(Ao:k-1) = |24k — ZgHg'

As aresult, the planner does not need to optimize in pixel
space or use the ground truth simulator reward, since it can
evaluate actions by the distance between an imagined ter-
minal latent and the encoded goal.

4.2.2 Planning Solver

We solve the above finite-horizon optimal-control problem
employing the Cross-Entropy Method in our MPC planner.
At each CEM iteration, we sample 300 candidate plans in
the normalized action space, evaluate their terminal latent
costs, keep the 30 lowest-cost plans, and refit the Gaussian
sampling distribution to those plans. We run 30 CEM it-
erations with planning horizon K = 5, corresponding to a
total 45,000 imagined model steps to evaluate 9,000 candi-
date action sequences.

To be consistent with our prediction transformer’s model
architecture, proprioceptive conditioning is also rolled for-



ward consistently. For each candidate plan, future end-
effector positions are obtained by numerically integrating
the planned displacement components of v;, and the grasp
bit-states are derived from the planned grip actions. These
imagined proprioceptive states are then normalized and em-
bedded by e, before being added to the action embeddings
so that every imagined transition is conditioned on both the
proposed action and the implied robot state, matching the
proprioceptive fusion used during training.

CEM optimizes the normalized action variables u; =
(a; — pta)/0q where p, and o, are action mean and stan-
dard deviations from the training set to match the predictor’s
expected input scale. The optimal normalized actions are
un-normalized and clamped to the SoftGym environment
action bounds before execution. We execute the planned
segment and then re-encode the true environment response
before replanning to mitigate the accumulation of open-loop
prediction error.

S. Experiments
5.1. Task Performance and Baseline

SoftGym measures progress in RopeFlatten by the
distance between the two rope endpoints. Let d; be the end-
point distance at time ¢ and L the total rope length. The
task reward is r; = — |d; — L|, which is maximized when
the rope is fully straightened. We report the corresponding
normalized performance:

Tt — Tinit
bt=—"7",

Tmax — Tinit

Tmax = 07 (1)

such that p, = 1 represents a fully straightened rope and
values near 0 correspond to fully coiled configurations.

We compare against two classes of baselines. The
first are the image based reinforcement learning methods
in SoftGym’s SoftAgent: CURL-SAC, DrQ, and PlaNet,
which represent prior state of the art for pixel-based con-
trol on this task. The second are direct policies that learn
observation-to-action mappings without an explicit dynam-
ics model or planning step. ACT [31]] (~52M) is an action-
chunking imitation policy. SmolVLA [27] (~450M) is a
compact pretrained VLA built on LeRobot [7]. m( [6]
(~3B), a flow matching VLA, is our heavyweight reference
for measuring how well priors from large-scale real-robot
data transfer to deformable simulation.

We train all three on the CEM expert subset rather than
the full mixed set used for our model. Since imitation
and VLA fine-tuning regress toward demonstrated behavior,
expert-only is the strongest setting for each baseline, which
we verified empirically. We convert these trajectories to
the LeRobot format and evaluate every method on identical
configurations, goal images, success threshold, and hard-
ware. Each baseline was trained past convergence and eval-
uated at its best checkpoint.

Normalized Performance on SoftGym RopeFlatten

0.6

0.4 = CEM Expert (SR=100%)
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Figure 3. Benchmarked algorithms versus our latent-MPC (n=50).

As shown in Figure[3] LeWM-MPC achieves a 60% suc-
cess rate, outperforming ACT (18%), SmolVLA (6%), 7o
LoRA (4%), and SoftGym’s image-based RL baselines by
a substantial margin. ACT is the strongest direct policy,
which is consistent with its action-chunking design, miti-
gating compounding error in the bi-manual 8-DoF action
space. We hypothesize that the VL As underperform despite
their scale due to their pretraining data consisting predom-
inantly of real-robot manipulation of rigid objects with no
analogous deformable-contact behavior. Due to this, LORA
fine-tuning on 4k expert episodes is insufficient to overcome
this distribution mismatch.

Policy Params  Mean final perf.  Avg latency (ms)
Our Model ~18.6M 0.848 821.6
ACT ~52M 0.542 25.7
SmolVLA  ~450M 0.444 282.6
mo LoRA ~3B 0.432 308.9

Table 2. Mean final performance and per-step planning latency.

Table 2] reports per-step planning latency averaged over
50 episodes. ACT is fastest at 25.7 ms, given its single-pass
chunked design, but operates open loop within each chunk.
SmolVLA (282.6 ms) and mg LoRA (308.9 ms) incur auto-
regressive and flow-matching decoding costs that scale with
parameter count, making high-frequency closed-loop con-
trol difficult in this setting. LeWM-MPC takes 821.6 ms
per replan, but this covers evaluating 9,000 candidate ac-
tion sequences across 30 CEM iterations entirely in the 192-
dimensional latent space. Our model achieves higher suc-
cess rates than the VLAs at a fraction of their size, while
still replanning fast enough for closed-loop control.

5.2. Latent Visualizations

To qualitatively inspect what information is preserved in
the learned representation, we train a lightweight decoder
from frozen LeWM latents back to RGB observations. The
decoder is used only for visualization and is not part of the
world model training objective or the MPC. This diagnostic



helps us determine whether the 192-dimensional latent con-
tains enough spatial information about the rope to support
goal-conditioned planning.

=006 =012 p=0.64 p=0.47 p=0.93 =100

¢

Figure 4. Decoded visualizations from frozen LeWM latents in
RI%2.

Figure[]shows that the learned latent representation cap-
tures the global configuration of the rope. The decoded out-
puts preserve the most significant information to the down-
stream encoder, including rope extent, curvature, and end-
point layout. This supports the use of latent distance as a
planning cost.

The diagnostic decoder uses a cross-attention trans-
former design faithfully reproducing the Le WorldModel ap-
pendix: Using 8 x 8 = 64 learnable per-patch query to-
kens (one per 16 x 16 output patch) cross-attending to the
projected latent 2 = proj(fs(0)). Each query is decoded
by a linear head to a 16 x 16 x 3 pixel patch. The result-
ing 128 x 128 reconstruction is supervised with pixel MSE
against the original frame. Each decoder is trained for 8,000
AdamW steps with a learning rate of 2x10~4, and batch size
of 64. The entire procedure takes under five minutes on an
NVIDIA H100 and was used as a qualitative sanity check
of our encoded latents.

5.3. Training Experiments

Prediction Error

= mix19k_aux = mix19k_d384 = mix19k_base 1al_10
rope_red_rgb_100k = rope_proprio_vl = rope_full_mixed_v1

Step

40k 60k

Figure 5. Prediction errors across our various training runs.

The relatively cheap training cost of our model allowed
us to iterate empirically across data composition, visual
representation, model capacity, and geometric supervision,
finding that prediction MSE was an unreliable proxy for
task success. Models with similar MSEs could differ by

20%+ in success rate (Table[3). Starting from a diverse 15k
mixed dataset (25% SR), rendering pickers red to aid vi-
sual end-effector state actively hurt (12%), and training on
CEM-only expert data only achieved 38% due to data cov-
erage gaps. Combining oracle CEM episodes with broad
coverage in the 19k mix raised the ceiling while doubling
model capacity (D=384) gave no benefit (46%), but adding
the auxiliary state head, which grounds the latent represen-
tation of rope geometry at training time lifted task success
rates from 46% to 60%.

Run Key change vs. final Dataset Pred MSE|  SR%*
mixl9k_aux Final model 19k mixed 0.0152 60
mix19k base —aux state head 19k mixed 0.0168 46
mix19k_d384 +capacity (D=384) 19k mixed 0.0121 46
rope_cem_noaux CEM-only data, —aux 4k CEM only 0.0188 38
rope_proprio_vl —aux state head 15k (no CEM) 0.0189 30
rope_red_rgb Red picker visual, —proprio 15k (no CEM) 0.0415 12
rope_fullmixedvl Pre-CEM data, —aux, —proprio 15k (no CEM) 0.0134 24

Table 3. Ablations table comparing the most impactful training
results that guided our design decisions towards the final world
model

5.4. Solving Harder Rope Tasks

To test whether our approach extends beyond straight-
ening, we evaluate LeWM on a harder Rope U-shape task.
Unlike RopeFlatten, where maximizing endpoint distance
is often aligned with local pulling actions, the U-shape task
requires the rope to match a more constrained global geom-
etry. The planner must bend the rope into a curved target
while preserving continuity, so actions that improve local
straightness can still move the system away from the desired
configuration. This makes the task a stronger test of whether
the learned latent dynamics support goal-conditioned plan-
ning.

——
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Figure 6. Example rollout for the harder Rope U-shape task.

We collected 1000 near-expert U-shape trajectories us-
ing a scripted geometric policy and trained a new LeWM
model on the original full RopeFlatten dataset plus these
U-shape demonstrations. The task uses the same observa-
tion, action, and proprioceptive inputs as RopeFlatten, but
changes the goal distribution from straight configurations
to curved U-shaped targets, as shown in Figure [6] On 10
held-out U-shape rollouts, the model reached a mean final
normalized performance of 0.445 4 0.048 and a mean peak
performance of 0.630 £+ 0.021 (SEM). Using a 0.5 final-



performance threshold, 3/10 rollouts ended successfully,
while all 10 rollouts reached peak performance above 0.5
at some point during execution. These results are weaker
than RopeFlatten, but still useful: the model often discovers
actions that transiently form the desired U-shape, while the
drop from peak to final performance shows that maintain-
ing the curved configuration over longer horizons remains
difficult.

5.5. Violation of Expectation

Inspired by the violation-of-expectation evaluation in
LeWorldModel [24], we test whether our learned latent dy-
namics assign greater surprise to futures that are inconsis-
tent with the model’s prediction. For each sequence, LeWM
receives the same observation history and action context,
predicts a future latent state 2,11, and is evaluated against
the encoded latent 2, ; of a target future observation:

St = 12041 — 26413 -

Because the action sequence is fixed across conditions,
differences in S; measure future-state inconsistency rather
than action mismatch.

For RopeFlatten and Rope U-shape, we generate
matched SoftGym rollout triplets at evaluation time: three
rollouts from the same simulator state with the same ac-
tion sequence, but different future targets. The none roll-
out is unmodified; the visual rollout changes only ren-
dered rope appearance; and the physically implausible roll-
out teleports part of the rope after the perturbation step. We
use 10 triplets per SoftGym task and score a short win-
dow around the perturbation. We also evaluate PokeFlex
Sponge, a real-robot sponge-poking dataset, as an external
real-world sanity check rather than a direct baseline against
SoftGym. Since real trajectories cannot be re-simulated
with controlled teleportations, we use analogous target per-
turbations: an appearance edit for the visual condition and
a mismatched future-state target for the physically implau-
sible condition.

Violation-of-expectation surprise

PokeFlex Sponge RopeFlatten
06

Rope U-shape

‘‘‘‘‘‘‘ physically physically
implausible implausible

Figure 7. Violation-of-expectation surprise comparisons.

Figure [7] shows that perturbed futures consistently pro-
duce greater surprise than unmodified futures. PokeFlex
Sponge has the strongest separation, increasing from 0.046
to 0.919 under the visual perturbation and 1.447 under the
physically implausible future. RopeFlatten increases from
0.138 to 0.463 and 0.484, with physical surprise slightly

higher than visual surprise. Rope U-shape increases from
0.096 to 0.420 and 0.366; here, visual surprise is slightly
higher, likely because the learned latent space is especially
sensitive to rendered rope appearance while the teleporta-
tion can remain geometrically close to plausible U-shaped
configurations over the short scoring window.

Temporal violation-of-expectation surprise
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Figure 8. Temporal violation-of-expectation curves.

The temporal curves in Figure [§] show surprise rising
near the perturbation step for the SoftGym tasks, then de-
creasing as later context includes the perturbed observa-
tions. This suggests that LeWM responds most strongly
when the observed future first diverges from the predicted
latent dynamics. Overall, the VOE test provides evidence
that the model learns a predictive representation of de-
formable object state that distinguishes expected futures
from visually or physically inconsistent ones.

6. Conclusion

We adapted a LeWorldModel-style [24] action-
conditioned JEPA to deformable-object manipulation in
SoftGym’s [21] RopeFlatten task and showed that compact
latent world modeling extends from rigid-body control to
contact-rich rope manipulation. Our model was trained
on a 19k-episode mixed dataset with 18.6M parameters
and reached a 60% success rate with latent-space MPC,
outperforming the SoftGym image-based RL baselines,
an action-chunking imitation policy (ACT [31]), and
pretrained VLAs (SmolVLA [27]], 7o LoRA [6]]) that are
up to 150 times larger. Latent decoding and violation-of-
expectation tests support that the learned representation
captures rope geometry and reacts to physically inconsis-
tent futures. The harder Rope U-shape task suggests that
the planner can extend beyond simple endpoint-pulling
behavior to more constrained goal geometries, though
maintaining these configurations over long horizons
remains difficult.

Several limitations point to future work. Compute con-
straints prevented us from directly comparing our model
against fine-tuning a full video JEPA world model such as
V-JEPA 2-AC []], which would be a natural next baseline.
Another exciting direction is transferring this recipe to real-
robot deformable manipulation with more challenging de-
formable benchmarks like cloth folding on physical hard-
ware where the latency and parameter advantages of com-
pact latent world models matter most.
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