Extended Abstract

Motivation Recent works introduce world foundation models (WFMs), which aim to be general
multi-modal simulators of the real world by training on massive internet-scale datasets. Building
on WFMs, downstream works have proposed world action models (WAMs), which are language-
guided visuomotor policies obtained by fine-tuning pretrained WFM checkpoints on small domain-
specific expert demonstration datasets. WAMSs have been shown to achieve remarkable few-shot
generalization performance for manipulation tasks. In practice, however, WAMs can be brittle due to
the compounding errors problem, in which distribution shifts during deployment cause a collapse in
policy performance. Thus, in the pursuit of robustifying few-shot manipulation, I propose to combat
compounding errors via a novel form of online world model-based feedback planning.

Method To overcome the compounding errors problem of WAMs for manipulation tasks, I propose
to modify the WAM policy on-the-fly via world model-based feedback planning. Specifically, I
propose to plan within a separate, small-scale world model to synthesize corrective behaviors during
deployment. Modern WAMs are well-suited to this approach, since they predict future observations
alongside action chunks, which can be used as planning targets within a deployment-time planning
framework.

At a high level, my approach is as follows. First, I train a WAM on a dataset Deyper; Of expert
demonstrations for a specific task. Next, I train a small-scale world model on a dataset of diverse
demonstrations Dgjyerse, Which can include both expert and non-expert (exploratory) rollouts, so as
to cover the relevant task dynamics for downstream planning. Finally, during deployment, I query
the WAM for action chunks and predicted observations. Rather than execute these predicted action
chunks in open loop, I refine them via planning in the latent space of the small-scale world model,
using the WAM’s future observation predictions as planning targets. My hypothesis is that this
closed-loop planning scheme will improve the robustness of WAM deployment by more effectively
constraining the policy to its training distribution during deployment, thus reducing the effect of
compounding errors and leading to overall improvements in performance.

Implementation To evaluate my hypothesis, I explore a custom fine-grained block insertion task
in the Maniskill simulator. My proposed framework requires three components: the WAM, the
small-scale world model, and the planning algorithm. For the WAM, I train a 2B-parameter Cosmos
Policy model built on a pretrained Cosmos-Predict2-2B WFM backbone. For the small-scale world
model, I train ViT-based predictor and decoder models in the embedding space of the frozen DINOv3
ViT-L model. For the planning algorithm, I use the cross-entropy method (CEM). Since the approach
relies on several learned components that inevitably incur errors, I study the effects of these errors
via seven experimental conditions that progressively ablate ground-truth oracles with learned ones.

Results By itself, the WAM achieves relatively poor performance, highlighting the issue of com-
pounding errors and leaving a large room for improvement. When the WAM is combined with
oracle-based planning, I find that performance is significantly improved, including when the planning
seeds and targets are from the WAM. This validates the hypothesis that planning can help reduce
compounding errors during deployment and ultimately improve policy performance. Crucially, these
gains persist when the oracle model is replaced by a fully learned one, although only when the
dataset used to train the world model includes interaction-rich, on-policy data. Qualitative inspections
of world model predictions in a decoded pixel space reveal that while large-scale dynamics are
well-modeled, fine-grained dynamics, such as the grasp interactions, are difficult to capture if there is
insufficient data coverage.

Discussion and Conclusion In this work, I investigate the hypothesis that deployment-time planning
can improve the robustness of WAMSs by reducing compounding errors. Experimental results strongly
support this hypothesis. However, the efficacy of planning is highly contingent on the quality of the
world model used for planning. Additionally, CEM substantially increases computational costs during
deployment. These limitations motivate several future directions, which include constructing better
world model representations (e.g., object-centric ones), considering world model uncertainty during
planning (to avoid exploiting learning errors), and gated planning (to avoid unnecessary planning
costs when possible).
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Abstract

Recent works introduce world action models (WAMs), which are general-purpose
visuomotor policies that are adapted from pretrained world foundation model
(WFM) backbones by fine-tuning on small expert demonstration datasets. WAMs
have been shown to achieve remarkable generalization at a fraction of standard
data costs. In practice, however, WAMs remain brittle due to the compounding
errors problem, in which deployment-time distribution shifts cause a collapse
in policy performance. In this project, I propose to address this problem via
online world model-based feedback planning. My key insight is that modern
WAMs predict not only action chunks but also future observations, which can serve
as targets for deployment-time planning in an effort keep the policy “on track”
and mitigate compounding errors. Concretely, I pair the WAM with a separate,
small-scale world model trained on diverse data and refine the WAM’s action
chunks by planning in the world model’s latent space toward the WAM’s predicted
observations during deployment. I instantiate this framework on a fine-grained
block insertion task in ManiSkill, using a 2B-parameter Cosmos Policy WAM,
a ViT-based world model operating in a frozen DINOv3 embedding space, and
a cross-entropy-method planner. I evaluate the efficacy of the approach across
seven experimental conditions that progressively replace ground-truth oracles with
learned components. I find that closed-loop planning substantially improves overall
policy performance: an oracle dynamics model nearly doubles the policy’s success
rate, while a learned world model trained on interaction-rich data improves it
from 34% to 48%, recovering most of the oracle’s gain without any privileged
information at test time.

1 Introduction

Recently, world foundation models (WFMs) (Ali et al.| [2025] |Gao et al., 2026)) have been introduced
as impressive multi-modal simulators of the real world, obtained by training on massive internet-scale
datasets. This has spurred a number of downstream works that construct general-purpose visuomotor
policies from pretrained WFM checkpoints using small expert demonstration datasets (Kim et al.,
2026; | Ye et al.| 2026; Pai et al.| [2025; |[Li et al., [2026), which are referred to as world action models
(WAMs). WAMs demonstrate remarkable generalization performance in robotic manipulation and
have set new benchmark records at a fraction of the standard data costs, leading many to view them
as a promising paradigm for the future of household robotics.

However, WAMs can be brittle in practice. Like other policies learned via imitation, they suffer from
the compounding errors problem (Yu et al.| [2026)), where small action errors drive the system into out-
of-distribution states and accumulate until performance collapses. An example of this phenomenon is
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visualized in Figure[I] where performance collapse of the WAM’s observation predictions is evident
by clear hallucinations, like duplication of the cube. At the same time, I believe that modern WAMs
offer an underutilized resource for addressing the compounding errors problem, as they not only
predict action chunks, but also the future observations that they expect to induce.

(b)

Figure 1: Visualizations of predicted future observations by a WAM in cases where (a) the WAM
succeeds, and where (b) the WAM exhibits performance collapse due to the compounding errors
problem. Note how, when the model is out of distribution, the WAM’s predicted observations exhibit
obvious hallucinations like duplication of the cube.

Thus, my key insight is to use these predicted observations to keep the policy “on track” and thereby
mitigate compounding errors. Specifically, I propose world model-based feedback planning,
in which I refine the WAM’s predicted actions via planning toward the WAM'’s predicted future
observations within a separate, small-scale world model. Intuitively, since the world model can learn
about the dynamics of the system from both expert and non-expert data, this approach leverages
off-policy data to bridge the distribution gap.

I instantiate this framework on a fine-grained block insertion task in the Maniskill simulator
2023), using a 2B-parameter Cosmos Policy WAM (Kim et al., 2026), a ViT-based world model
operating in a frozen DINOv3 embedding space (Zhou et al., [2025; [Siméoni et al} [2025), and a
cross-entropy-method (CEM) planner. Since this approach relies on several learned components that
inevitably incur learning errors, I evaluate across seven experimental conditions that progressively
replace ground-truth oracles with their learned counterparts, isolating the effects of learning errors
on planning efficacy. I find that closed-loop planning substantially reduces compounding errors
and improves overall policy performance drastically under oracle planning, even when the planning
targets are the WAM'’s own predicted observations, confirming the key hypothesis. Crucially, these
gains are also realizable with a fully learned world model, although not to the same extent, and only if
that world model is trained on a dataset that includes interaction-rich, on-policy data. This highlights
the importance of accurate dynamics modeling for effective planning.

In summary, my contributions are as follows:

* [ introduce world model-based feedback planning for WAMs, a deployment-time method
that repurposes a WAM'’s observation predictions as targets for corrective planning within a
separate, small-scale world model.

* linstantiate the framework on a fine-grained block-insertion task in Maniskill with a Cosmos
Policy WAM, a DINOv3-based ViT world model, and a CEM planner.

* Through a suite of experiments that progressively replace oracles with learned components,
I show that planning significantly improves overall task performance, and I identify world
model accuracy on the grasp dynamics, and the planner’s search efficacy, as the two primary
factors that determine success.

2 Related Work

2.1 World Action Models

Recent works establish world action models (WAMs) as a powerful paradigm for visuomotor control,

including Cosmos Policy (Kim et al.,[2026)), DreamZero (Ye et al., [2026), mimic-video (Pai et al.




2025)), LingBot-VA (Li et al.} 2026), and others. These models are obtained by fine-tuning pretrained
WEFM backbones (Ali et al.,2025) on small expert demonstration datasets and demonstrate remarkable
few-shot generalization capabilities. WAMs share two important properties relevant for this work:
they jointly predict action chunks together with future observations, and during deployment, they
execute these action chunks without explicit multi-step feedback planning. Like any other imitation-
based approach, WAMs can be brittle during deployment due to the compounding errors problem.
To improve deployment-time performance, Cosmos Policy proposes a planning variant that ranks
candidate action chunks via a learned value function and executes the highest-scoring chunk. However,
training such a value function requires being able to compute task rewards, which is nontrivial in
general. In contrast, my work proposes to use an explicit feedback mechanism for planning by using
the WAM’s own predicted observations as planning targets. I adopt Cosmos Policy as the base WAM
in this work, since it achieves state-of-the-art performance at reasonable computational costs.

2.2 Online Planning in World Models

A separate line of work performs online planning in learned latent dynamics models. TD-
MPC2 (Hansen et al.l [2024) executes MPPI-style trajectory optimization (Williams et al.| [2017)),
guided by a TD-learned value head. SimDist (Levy et al.| |2026) extends this to the real world via
few-shot real-world adaptation on top of simulation-learned priors. DINO-WM (Zhou et al., 2025)
predicts future DINOv2 patch features and plans by optimizing actions to reach a goal image in the
embedding space. V-JEPA2 and its action-conditioned variant (Assran et al.,|2025)) extend this idea to
large self-supervised video encoders, again planning to a user-provided goal. LeWorldModel (Maes
et al.;2026) demonstrates that small latent dynamics models can be trained end-to-end directly from
pixels and used for fast latent planning. However, across all these systems, planning requires either a
known scalar reward or a user-supplied goal image. This assumption breaks in the open-set regime
that WAMs target, where the task is specified in language, and the relevant goal varies by instruction.
To overcome this limitation, I instead propose to use the WAM’s own predicted observations as
planning targets. I use the DINOv3 ViT-L model (Siméoni et al., [2025) as the encoder for my world
model, since it possesses high-quality fine-grained semantic visual understanding.

2.3 Inference-Time Enhancement of Generative Policies

Closest in spirit to this work are recent methods that augment generative robot policies at inference
time. CLOVER (a CLOsed-loop Visuomotor control framework with generative Expectation for
Robotic manipulation) (Bu et al2024) closes the loop on a diffusion-based sub-goal generator by
training an inverse-dynamics model (IDM) to follow generated frames, replanning when consecutive
sub-goals exceed a distance threshold. Generative Predictive Control (GPC) (Qi et al.| |2026)) enhances
a frozen diffusion policy by either reranking K policy samples through a learned world model or by
refining a sampled action via gradient ascent on a learned reward. My framework differs from these
works by (i) not requiring a reward function, and (ii) performing explicit planning in a separate world
model. This allows my approach to be fully agnostic to task specifications and to most effectively
utilize diverse, non-expert data that is often much cheaper to obtain than expert demonstrations.

3 Method

I formulate the manipulation task as a partially observable control problem, defined by the tuple
(8,A,0,T, P), where S is the state space, A is the action space, O is the observation space,
T(s" | s,a) is the transition dynamics, and P(o | s) is the observation model. I deliberately omit
reward modeling, since the deployment-time objective that will be introduced in Section [3.3|relies
only on the WAM’s predicted terminal observation, not external task rewards. Task progress signals
are used only to report evaluation metrics, as described in Section ] not as part of the planning
objective.

As illustrated in Figure |2} the proposed framework consists of three main components: the WAM
policy used for nominal control, the world model used for dynamics modeling, and the planning
algorithm used for deployment-time action optimization. I describe each of these in detail next.
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Figure 2: An overview of the framework. (a) A WAM predicts action chunks and the future
observations resulting from those action chunks. (b) The action chunks are refined via planning
within a world model, where the WAM’s predicted future observations serve as planning targets.

3.1 World Action Model (WAM)

The first component of my framework is the WAM, which supplies nominal control. I adopt Cosmos
Policy (Kim et al., 2026), a state-of-the-art WAM obtained by fine-tuning the pretrained Cosmos-
Predict2-2B video foundation model (Al et al.,|2025)) on robot demonstrations. Rather than introduce
separate action heads or inverse-dynamics modules, Cosmos Policy encodes the non-visual modalities,
e.g., robot proprioception, the action chunk, etc., as additional latent frames injected directly into
the video model’s latent diffusion sequence, leaving the backbone architecture unchanged. Thus, the
model serves as both a policy and an outcome predictor.

I train the model on an expert demonstration dataset Dexper. Concretely, conditioned on the task’s
language instruction ! and on the current observation o; = (g¢, I1), where ¢; is the robot propriocep-
tion, and I; holds the visual images obtained at system time ¢, the WAM generates an action chunk

WAM  _ ( WAM WAM H X dycion - ' '
a)tMy = (™M e ) eR ion along with the corresponding future observation

op i = LY, where the horizon H equals the chunk length. Note that since I use only the WAM’s
predicted future images as the planning target and not the predicted future proprioception, I let

optht = IYAN for simplicity. Also note that o)’} is a single terminal prediction rather than a dense

frame trajectory, and that when multiple camera views are available, I t‘f’ﬁ}’[ comprises the predicted
image for each view.

The action chunk QXYZAFHA defines the nominal behavior, which traditionally is executed without

modification and queried at the chunk boundaries. This serves as the baseline against which I evaluate
my proposed planning-based approach, in which the predicted future observation of\f}\{" serves as the
central corrective signal in my methodology.

3.2 World Model

The second component is the world model, a compact latent dynamics model that, in contrast to the
WAM, is trained on a diverse dataset Dgiyerse that can include non-expert exploratory rollouts cheaper
to obtain than expert demonstrations. The world model architecture follows that in DINO-WM (Zhou
et al.| 2025)), which consists of three main components: a frozen visual encoder ¢ that maps images
into a semantic embedding space, a learned latent predictor fy that models the dynamics in that latent
space, and a learned decoder gy, that maps embeddings back to pixels, for human interpretability. All
planning in my proposed approach is carried out in the frozen embedding space of the world model.

Encoder. [ instantiate ¢ as the frozen DINOv3 ViT-L model (Siméoni et al., 2025)), which I choose
for its fine-grained semantic features. Specifically, given an image I, the encoder produces a grid
of N patch-token embeddings ¢(1) € RV*P, where N = 196 (a 14 x 14 grid) at input resolution
224 x 224, and D = 1024. By keeping the encoder frozen, I remove the need to learn a robust visual
representation from the limited Degiverse- This also helps embed the WAM'’s predicted observations

Z = (LYY in a way that will not degrade based on the limited set of observations in Daierse-

Predictor. The predictor fy is a ViT operating directly on patch tokens produced by the DINOv3
ViT-L encoder. To enforce temporal causality, I instantiate the transformer with block-causal temporal
attention. Specifically, within each frame, all patch tokens attend to one another, while across
time, a frame attends only to the current and previous frames. To ensure there is sufficient change



observable in each frame transition, I use a fixed frameskip of A = 5 (a 4 Hz cadence under the
20 fps recordings). Each frame input to the predictor thus carries the encoded observation (z¢, q;),
comprised of both the visual embedding z; = ¢(I;) and the proprioception ¢;, as well as the full
block of A actions executed in that window, as.14a—1 € RA dwin  To combine the different data
modalities, ¢; and ay. ;A1 are each passed through their own learned MLP projector and then
concatenated, along the feature dimension, to every visual patch token of the corresponding frame.
The predictor outputs the world model’s predicted observation A frames ahead,

WM WM WM Hex—1
ovn = (24 As Gipa) = fG({(Zt—iA7 Qr—ins Qe—in:t—iAtA-1) f, >, ey
where I index the H context frames by their stride offset¢ = 0,1, ..., Hyx — 1 from the current

frame ¢, so that frame 4 holds (2;—;a, ¢:—ia ) and its action block a;—_;a.¢—ian+a—1. Rolling this
recursion forward over a candidate action chunk yields the world model’s final predicted observation,
whose visual component is what the planner in Section[3.3]tries to align with the predicted observation
from the WAM. Since the frameskip of 5 does not divide the H = 16-step chunk evenly, the predictor
advances | H/5| = 3 steps, to t + 5, t + 10, and ¢ 4+ 15. Thus, the planner matches zﬁ_"% against
zml‘g, a one-frame misalignment that also leaves the final action unoptimized. This inconsistency
stems from setting the frameskip to 5 before I noticed the issue. For future work, I intend to correct
this by using a frameskip that divides the chunk evenly (e.g., 4, which would yield 4 steps ending
exactly at ¢t + 16).

Decoder. The decoder g, maps a frame of patch tokens back to pixels, I"M = g, (2), and is
trained independently of fy via a reconstruction loss. This choice is consistent with DINO-WM’s
finding that decoding is unnecessary for planning, and that backpropagating the decoder loss into the
predictor training can actually degrade planning performance. Since planning operates entirely on
embeddings, g, is not used in the planning loop. Instead, I use it solely to render the world model’s
predicted observations for the qualitative analysis.

Training. I train fy on Dgjerse Via a multi-step latent prediction loss. Specifically, I slice each
trajectory into segments of length H.x + K, where K is the prediction horizon, and, from the
H_-frame context, unroll the predictor X' = 2 steps autoregressively using ground-truth actions. I
use a y-discounted sum of squared errors between the predicted observations and their corresponding
frozen-encoder targets, over the K autoregressive steps:

K
Lored = thil (||zxMhA - Zt+hA||§ + |laha — Qt+hA||z) ) Zeyna = Oleyna).  (2)
h=1

I set the discount v = 0.95, which weights the one-step term slightly more than the two-step term.
Note that the objective is computed entirely in the embedding space. The decoder is trained separately
with the pixel reconstruction loss Lgee = ||gy (¢ (1)) — I||3. Full architecture and optimization
hyperparameters can be found in Appendix

3.3 Planning Algorithm

The final component of my framework refines the WAM’s nominal action chunks during deployment
by planning within the world model’s embedding space. At each action-chunk generation step, using
the current observation o, I query the WAM once to obtain the nominal action chunk a}Y?V; 4

and its corresponding predicted terminal observation of‘_’f}}d. Then, I encode the latter into the target

embedding zm“}}’[ = qS(IX_A}‘I/I) and search for an action chunk whose world model-predicted outcome

best matches that target.

Planning objective. I roll out a candidate chunk ay.;414 through the world model via the autore-
gressive recursion described in Section [3.2] to obtain the predicted terminal embedding z{™;. Then,
the planning cost is the mean squared distance between the predicted terminal embedding and the
WAM’s predicted target in the embedding space, pooled across camera views and patch tokens,

1
C (at:t414) = 12| HZ?’-V?% - ZmbgH; J 3)



WM WAM

where 2"V and z stack the patch embeddings of all camera views, and |z| is their total number of
elements. This matches the goal-reaching objective used in DINO-WM but where the goal embedding
is supplied online by the WAM’s own prediction rather than by an external goal image.

Cross-entropy method. I minimize C using the cross-entropy method (CEM) (de Boer et al., 2005),
which is an iterative sampling-based optimizer. At each iteration of CEM, I sample 32 candidate
chunks, consisting of the current mean y together with 31 samples from N (u, diag(c?)). Since
the trailing action is left to the WAM, per Section I have that y1, 0 € R>*dion . Qut of the 32
candidates sampled at an iteration, I select the 8 lowest-cost elites and refit (u, o) to the elite set,
and then repeat this process 4 times. To begin the first iteration, I set the initial mean as the WAM’s

nominal actions, ;(%) = a}YAM . and the initial standard deviation as o(®) = 0.10 for each action

dimension. Although this choice of (%) effectively explores the continuous end-effector pose delta
actions, I note that the gripper command is effectively binary (open or close), for which Gaussian
search is a poor fit and thus keeps the gripper close to the WAM’s proposal. I defer more effective
gripper search for future work. The admissible action range [—1, +1] is enforced by the environment

at execution. The returned plan is the final mean p(*),

Full-chunk deployment. After the CEM-based optimization, I execute the refined 15 actions (M)
followed by the WAM'’s trailing action before querying the WAM again, matching the WAM’s native
cadence. Since the world model predictor conditions on a short stride-spaced history of past frames
which does not yet exist for the first action chunk, I execute the first chunk without refinement and
begin planning only for the second chunk and onward. I find that synthesizing a rest-state history so
that the first chunk can also be planned does not improve the overall policy performance and in fact
slightly lowers it for the augmented world model condition described in Section[d] so all reported
results execute the first chunk without planning. See Appendix [A]for more details. The no-planning

baseline of Section @ skips the planning step entirely and executes a&’ﬁ’[Hﬂ directly.

4 Experimental Setup

Task and environment. [ evaluate the proposed framework on a fine-grained cube-insertion task in
the ManiSkill simulator (Gu et al.| [2023)), in which a Panda arm must grasp a cube and insert it into a
tight square hole in a fixed mount. The hole is small relative to the cube, so success hinges on precise,
contact-rich alignment and insertion. The agent observes RGB images from three 224 x 224 cameras
(a front view, a side view, and a wrist-mounted view) together with a 10-dimensional proprioceptive
state (gripper width, end-effector position, and a 6D end-effector orientation). It acts through a
5-dimensional command consisting of deltas in the end-effector position and yaw, plus a gripper
open/close signal, which is applied at 20 Hz, with each dimension normalized to [—1, 1]. Episodes
run for up to 300 control steps (15 seconds), and an episode succeeds if the cube is seated in the hole.
To diagnose where a rollout breaks down, I also label each unsuccessful episode by the furthest stage
it reaches: never lifted the cube, lifted but never aligned over the socket, aligned but never descended
into it, or descended but not seated flat.

Models and data. The WAM and the world model use the architectures detailed in Section
The WAM is a Cosmos Policy model post-trained on a small expert dataset Deyper of size 100 (10k
frames), collected by a scripted expert that uses ground-truth simulator knowledge. The world
model is trained on a diverse dataset Dgiverse that deliberately extends beyond the expert distribution.
Specifically, it combines the 100 expert demonstrations with 500 noisy-expert demonstrations (50k
frames) and 500 random exploratory rollouts driven by pink action noise (42k frames), for 1, 100
trajectories total. I additionally train an augmented world model that adds a fourth source of 500
on-policy rollouts of the WAM itself (134k frames), which are inherently interaction-rich (the policy
actively attempts grasps and insertions). Comparing the plain and augmented world models isolates
the effect of training on interaction-heavy data.

Experimental conditions. To isolate how each learned component affects planning efficacy, I
evaluate the framework across seven conditions that progressively replace ground-truth oracles with
their learned counterparts. The swappable components include the dynamics model used for planning
(the simulator versus the learned world model), the seed that initializes the CEM mean (an expert



action chunk versus the WAM’s proposal), and the planning target (the expert’s true future frame
versus the WAM’s predicted frame). Different selections form different experimental conditions.

Specifically, condition 1 uses the WAM with no planning, which serves as the nominal control
baseline. Conditions 2-5 plan with the oracle simulator but progressively move the seed and target
from oracles toward learned components: condition 2 uses an expert seed and an expert target,
forming a full-oracle upper bound on planning performance; condition 3 uses the expert seed but
the WAM’’s target; condition 4 uses an expert target but the WAM’s seed; and condition 5 uses the
WAM’s seed and target, so that the dynamics model is the only remaining oracle. Conditions 6 and 7
then replace the oracle simulator with the learned plain and augmented world models, respectively,
isolating the effect of training on interaction-rich data. The full configuration of each condition is
listed alongside its results in Table|[T]

Evaluation protocol. Across all conditions, I evaluate on the same 50 task instances for a fair
comparison. I use a fixed planner configuration (Section [3.3): 32 samples, 8 elites, 4 iterations,
o(®) =0.10, and a cost pooled over all three camera views. I report the success rate as the primary
metric, as well as a breakdown over the failure stages defined above.

Computational cost. Training the predictor and decoder each takes roughly 43 hours on a single
RTX 4090, while the WAM is post-trained on 8 H100 GPUs for roughly 12 hours. Planning is the
dominant runtime cost during deployment. On a single 5090 GPU, the world model-based planner
spends roughly 2.4 s per chunk on the CEM search, on top of the WAM’s roughly 0.6 s diffusion
query, for a total of about 3 s per chunk, which is roughly a quarter of real time relative to the 20 Hz
control rate. Oracle-based planning is about 2.6 X more expensive, at roughly 6.5 s per chunk, since
scoring each candidate requires stepping the simulator and rendering and encoding its terminal frame,
rather than rolling out directly in the latent space. Both are tractable for offline evaluation but not yet
for real-time deployment.

5 Results

5.1 Quantitative Evaluation

Table[I|reports the success rates and length metrics of successful episodes for each condition, and
Figure shows the full distribution of outcomes. The WAM without planning succeeds on only 34%
of episodes, confirming that the policy alone is brittle on this contact-rich task. Planning under the
oracle simulator (conditions 2-5) raises this substantially, to between 56% and 86%, with condition 2
marking the full-oracle planning ceiling at 86%. Notably, the results suggest that the WAM’s own
predicted frame is an effective planning target: conditions 4 and 5 differ only in the target source yet
perform almost identically (58% vs. 56%), supporting the central idea of planning toward the WAM’s
predictions. The quality of the seed seems to matter more than the quality of the target (condition 3
achieves a much higher 76%). Since such a seed is unavailable during deployment, condition 5
(56%), which uses the WAM’s seed and target, is the ceiling a learned world model should aim for.

Using the learned world model instead of the oracle (condition 6) yields 32%, essentially matching
the nominal control, whereas using the augmented world model (condition 7) yields 48%, clearly
above the nominal control and recovering much of the way to the oracle ceiling. Figure [3|explains
the difference. The task decomposes into two difficult subtasks: the grasp and the insertion, and the
conditions diverge in performance mainly on the first one. The plain world model predicts the grasp
dynamics so poorly that it fails to lift the cube on 56% of episodes (the large red bar), erasing any
benefit from planning. The augmented world model, trained on interaction-rich on-policy rollouts,
restores the lift capability to the nominal control’s level.

Planning appears to consistently improve the cube insertion performance after the cube alignment is
successful. The baseline policy successfully inserts only 61% of aligned cubes, versus 80% and 86%
under the plain and augmented world models. An episode-level comparison of the augmented world
model against the nominal control confirms that its net gain of seven successes consists primarily of
these insertion recoveries. Even oracle dynamics struggle with this insertion. It successfully lifts on
90% of episodes yet still leaves 32% aligned but not inserted properly.



Finally, the distribution of lengths over successful episodes are heavily right-skewed toward the
300-step cutoff, with means clustering near ~140 steps. Under the oracle, planning also leads to
faster task completion (medians of 77 — 108 steps versus the nominal control’s 124). However,
under the learned world models, planning raises the success rate without necessarily improving the
speed (medians of ~131, which is comparable to the nominal control). By manual inspection, longer
successful episodes exhibit several insertion retries.

Table 1: Success rates and length metrics of successful episodes for each condition, evaluated across
50 episodes. Conditions progressively swap oracle components for learned ones. Condition 2 is a
full-oracle upper bound (oracle dynamics, expert seed, expert target); conditions 5-7 use the WAM'’s
seed and target, differing only in the dynamics model used for planning. The length distributions are
heavily right-skewed toward the cutoff, so the mean and median diverge.

Length (success only)

Condition Dynamics Seed Target Success Rate Mean Median
1 None (open-loop) — — 34% 141 124
2 Simulator Expert Expert 86% 116 74
3 Simulator Expert WAM 76% 102 83
4 Simulator WAM  Expert 58% 137 7
5 Simulator WAM WAM 56% 140 108
6 Learned WM WAM WAM 32% 137 132
7 Augmented WM WAM  WAM 48% 148 131

m Succeeded Aligned, not inserted Lifted, not aligned ®® Never lifted

34% 86% 76% 58% 56% 32% 48%

7

Episodes (%)

Control Oracle Oracle Oracle Oracle Plain WM Augmented
(exp. both) (exp. seed) (exp. target) WM

Figure 3: Distribution of episode outcomes across the seven conditions, over 50 episodes, with
success rates annotated above each bar. Two subtasks surface as primary failure modes: never lifting
the cube (red), and lifting and aligning but failing to insert (light green). The plain learned world
model (condition 6) fails most at the lift, the augmented world model (condition 7) handles lifts much
better, and the oracle conditions’ failures concentrate at the insertion (conditions 2-5).

5.2 Qualitative Analysis

Figure [] illustrates that the augmented world model is able to more accurately predict the grasp
dynamics compared to the plain world model for a held-out WAM evaluation rollout in which the
arm fails to lift the cube. Both world models receive the same initial context window and are rolled
out autoregressively over the same action sequence, then decoded for inspection. In the ground-truth
rollout, the cube stays on the table for the entire episode. The plain world model instead hallucinates
a successful grasp, predicting the cube is lifted by the gripper. The augmented world model, trained
on interaction-rich on-policy rollouts that include such failed grasps, correctly predicts that the cube
remains on the table. This supports the claim that the plain world model’s inaccurate modeling of
grasp dynamics is what results in the large never-lifted bar in Figure[3] Since the planner scores a
candidate by how closely its predicted outcome matches the target, a model that believes every grasp



Figure 4: Autoregressive world model rollouts on a held-out WAM evaluation episode in which the
arm fails to lift the cube. From an initial context window, each world model rolls out the same action
sequence and is decoded to pixels. Columns are rollout steps h = 0, 3, 6,9, 12 (at a frameskip of 5,
h = 12 is 60 control steps (3 seconds) ahead). (a) Ground truth: the policy never lifts the cube, which
stays on the table. (b) The plain world model hallucinates a successful grasp, predicting the cube
is grasped by the gripper. (c¢) The augmented world model correctly predicts that the cube remains
on the table. Rows (b) and (c) share the same decoder, so the difference reflects the predictor; the
decoder is used only for visualization.

succeeds commits confidently to plans that never materialize, which is what the augmented world
model’s more accurate predictions would avoid.

6 Discussion

The experimental results strongly support the hypothesis that inference-time planning using a learned
world model can improve the WAM policy. The augmented world model condition achieves a 48%
success rate against the baseline condition’s 34%. The deciding factor of performance in this case is
the world model’s accuracy on the grasp dynamics. The plain and augmented world models differ
only in their training data, yet they achieve success rates of 32% and 48%, respectively. Figure
localizes the gap largely to the lift subtask, where the plain world model predicts contact poorly
enough to fail at lifting the cube in 56% of episodes. Augmenting the training set with interaction-rich,
on-policy rollouts restores the lift rate to the policy’s own level and is what enables a net performance
benefit. Thus, data coverage of the contact dynamics, obtained cheaply here by adding the policy’s
own rollouts, is an important part of world model-based planning on contact-rich tasks.

The most direct improvement path is likely more interaction-rich data for the world model training.
However, suboptimal performance under oracle conditions suggest that there is room for improvement
in the planning process. Thus, stronger optimizer, e.g., perhaps model-predictive path integral control,
and better world model representations for fine-grained manipulation, e.g., object-centric, are also
natural next steps now that a learned model has been shown to support planning at all.

7 Conclusion

In this work, I find that inference-time CEM planning over an augmented DINOv3 world model
raises cube-insertion success from 34% to 48% in a contact-rich manipulation task, recovering nearly
two-thirds of the gap to a privileged-simulator oracle. The improvement depends on the world
model’s accuracy on the grasp dynamics, which requires training on the policy’s own interaction
data. Under even oracle dynamics, the remaining failures seem to be a search problem, which I
hypothesize could be due to instability with the planning objective or CEM dynamics. Promising
next steps include exploring better world modeling approaches (e.g., object-centric) and improving
the planning algorithm itself (e.g., different search strategies or multi-frame objectives).



8 Team Contributions

* Albert Lin: Albert is the sole member of this project.

Changes from Proposal Due to computational budget constraints, I decided to drop the comparison
against the Cosmos Policy planning baseline, which uses zeroth-order best-of-N sampling-based
optimization and thus scales computational costs linearly. I also decided to drop the comparisons of
different planning algorithms, since I found that CEM worked well off-the-shelf, so I focused my
efforts instead on searching for the best hyperparameters for CEM (see Appendix [A) and analyzing
the efficacy of the framework under this single planner choice.
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A Additional Experiments

Initial-chunk planning. The predictor conditions on a short stride-spaced history that does not
exist yet at the first action chunk (Section[3.3)). To address this issue, I consider two options. The first
is to synthesize a rest-state history, where the entire context is duplication of the initial frame, and the
synthetic actions hold the arm at its starting pose with the gripper open. The second is to simply skip
planning for the initial action chunk, and execute it in open loop instead. Table [2{compares the two
on the same 50 episodes for both learned world models. Skipping the initial chunk planning seems to
make no difference for the plain world model but helps for the augmented world model. Planning the
initial chunk does not change the lift rate (never-lifted is essentially unchanged) but mysteriously
degrades the downstream insertion rate. I leave a deeper investigation of this effect to future work.
All results in the main text therefore skip planning for the initial chunk.

Table 2: Initial-chunk planning ablation, across 50 episodes, which compares skipping the initial-
chunk planning versus planning it from a synthesized rest-state history. All values are percentages of
the 50 episodes; the failure columns give the fraction reaching each furthest stage.

World model Initial chunk  Success Never lifted ~ Aligned, not inserted
Plain (cond. 6) skipped 32% 56% 8%
Plain planned 30% 56% 8%
Augmented (cond. 7)  skipped 48% 34% 8%
Augmented planned 30% 32% 28%
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Planner configuration. The planner’s exploration noise, cost, and camera set were selected via
hyperparameter tuning on the simulator oracle (condition 4) and then held fixed across every condition
for the results in the main text. After trying o € {0.01,0.05,0.10,0.25}, I found ¢ = 0.10 to be
the best. For the planning objective, I found a spatial patch cost performing at least as well as a
class-token cost. Finally, I found that using all three camera views outperformed using only any
single view. I therefore use 0 = 0.10, a spatial patch cost, and all three cameras throughout.

B Implementation Details

Table [3]lists the architecture, training, and planning hyperparameters for all learned components. The
world model is trained in the frozen DINOv3 embedding space following the DINO-WM recipe (Zhou
et al.| 2025). The predictor and decoder are trained independently.

Table 3: Hyperparameters for the WAM, world model (encoder, predictor, decoder), and CEM

planner.

WAM (Cosmos Policy)
Backbone

Post-training data
Evaluation checkpoint
Action chunk length H
Control rate

Action dimension d,ction

Cosmos-Predict2-2B

100 expert demonstrations (10k frames)
iteration 12,000

16

20 Hz

5

World Model (Encoder)
Encoder

DINOvV3 ViT-L/16 (frozen)

Input resolution 224 x 224

Patch tokens N 196 (14 x 14 grid)

Embedding dimension D 1024

World Model (Predictor)

Architecture ViT: depth 6, 16 heads, head dim 64, MLP dim 2048

Proprio / action embedding dim
Context frames H

Frameskip A

Multistep horizon K

Discount ~y

Optimizer

Batch / epochs / warmup

64 /64

3

5

2

0.95

AdamW, Ir 5 x 1075, weight decay 103, grad clip 1.0
24 /24 /1 (cosine schedule)

World Model (Decoder)

Architecture ViT: depth 4, 8 heads, convolutional output head (dim 1024)
Optimizer AdamW, Ir 3 x 10~*, weight decay 10~°

Batch / epochs / warmup 16 / 24 / 2 (cosine schedule)

Planner (CEM)

Candidates / elites / iterations
Initial std o(®
Actions optimized

32/8/4
0.10 (uniform across dimensions)
15 of 16 (trailing action from the WAM)

Predictor rollout steps per chunk 3

Compute (training)

WAM 8x H100

Predictor 1x RTX 4090, ~43 h
Decoder 1x RTX 4090, ~43 h

Compute (inference)

Hardware

Planning time, learned world model
Planning time, oracle

1x RTX 5090
~3 s per chunk
~6.5 s per chunk
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