Planning in 8 Tokens: A Compact Discrete Tokenizer for Latent World Model

Supplementary Material

This supplementary material provides detailed implementa-

tion specifics and additional experimental results for Com-

pACT. We organize the content as follows:

* Sec. A provides theoretical framework for the planning
sufficiency of compact tokens.

* Sec. B presents cross-backbone ablation for CompACT.

¢ Sec. C provides a planning latency breakdown.

* Sec. D evaluates closed-loop robot arm manipulation on
Robomimic [22].

¢ Sec. E describes the complete CompACT tokenizer archi-
tecture, training procedure, and hyperparameters.

¢ Sec. F details the Inverse Dynamics Model (IDM) used
for action prediction experiments on RoboNet [8].

¢ Sec. G presents the world model architectures for both
navigation (autoregressive with fixed history window) and
manipulation tasks (block-causal parallel prediction).

* Sec. H explains the Cross-Entropy Method used for navi-
gation planning.

¢ Sec. I provides additional qualitative results including re-
construction examples, attention visualizations, and plan-
ning rollouts.

* Sec. J provides comparison between tokenizers in terms
of planning efficiency.

¢ Sec. K presents that with compact latent tokens we can
scale up the world model while remaining efficient.

A. Planning sufficiency of compact tokens

How many bits must a latent representation z carry so that
planning in latent space is equivalent to planning in ob-
servation space? We formalize this question using mutual
information and derive a tight lower bound on the entropy of
any planning-sufficient representation z. Let o denote an ob-
servation, a* denote the optimal action (or action sequence),
and z = £(0) denote the latent representation.

Definition 1 (Planning sufficiency). A latent representation
z = &(o) is planning-sufficient if, for a optimal planning
algorithm 7, planning in latent space yields the same optimal
action as planning in observation space: 7w(z) = 7(0). This
requires that z retains all action-relevant information from
o, ie.,

I(z; a*) = I(o; a). (1

Proposition 1 (Minimum description length for planning).
If the optimal planning algorithm 7 is deterministic, i.e.,
H(a* | 0) =0, then a planning-sufficient representation z
(Def. 1) exists with minimum entropy

rlninﬁ‘H(z) = I(o;a") = H(a") < H(o), (2)
Z: plan-sujf.

established by necessity (no planning-sufficient z can have
lower entropy) and achievability (a z attaining this bound
exists).

Proof.

(a) (Necessity) By the definition of mutual information,
I(z; a*) = H(z) — H(z | a*) < H(z). Combining
this with the planning-sufficiency condition I(z; a*) =
I(o; a*) (Eq. 1) yields H(z) > I(o; a*).

(b) (Achievability) When H(a* | o) = 0, define the
deterministic encoder £(0) := 7n*(0) = a*. Then
I(z; a*) = H(a*) = I(o; a*), so z is planning-
sufficient, and H(z) = H(a*) = I(o; a*), achieving
the bound. O

Remark. The deterministic assumption H(a* | o) = 0
refers to the existence of a unique optimal action for each
observation, not to the planning procedure itself. In practice,
CompACT uses the Cross-Entropy Method (CEM), which
employs stochastic sampling to search for this optimum,;
the stochasticity is in the optimizer, not in the underlying
observation-to-action mapping.

Connection to CompACT. In robotic manipulation and
navigation, action spaces are low-dimensional (e.g., 3-5
DOF), so H(a*) < H(o). Proposition | implies that
a planning-sufficient tokenizer need not preserve the full
observation entropy as in conventional autoencoder; the
information-theoretic floor is at most H(a*) bits. Com-
pACT encodes each frame into 8—16 discrete tokens using
FSQ with levels [8,8,8,5,5, 5], yielding ~ 26 codes per
token (= 16 bits/token), for a total of 128-256 bits per frame.
Considering that previous work leveraged ~300-400 bits to
encode the whole image [20, 32] and H(a*) < H (o), this
is expected to far exceed the action-entropy bound, providing
a comfortable margin for planning sufficiency. Empirically,
Tab. 3 of the main confirms this: an inverse dynamics model
trained on CompACT tokens (16 tokens, R? = 0.716) out-
performs one trained on the baseline tokenizer using 16x
more tokens (256 tokens, R? = 0.684), indicating that the
compact representation retains and even enhances the action-
relevant information.

B. Cross-backbone ablation for CompACT

The main paper presents CompACT with DINOv3 [28] as the
frozen encoder backbone. To verify that our approach does
not depend on properties specific to DINOv3, we replace it
with two architecturally distinct vision foundation models
(VFMs)—MAE [13], trained via masked image modeling,



Table 1. Cross-backbone ablation of CompACT. Reconstruction
performance of CompACT with 16 tokens on ImageNet validation
split across different backbone choices.

Backbone SigLIP-2 MAE DINOvV3
rFID) 2.09 3.43 2.40

SD-VAE
177.05s

CompACT .
mmm Decoding mm Rollout

10-! 10° 10! 102
Latency (s)
Figure 1. Planning latency breakdown. Comparison of rollout
and decoding latency between SD-VAE and CompACT on a single
RTX 6000 ADA GPU. Note the log scale on the z-axis.

and SigLIP-2 [30], trained via vision-language pretraining—
while keeping all other components unchanged. As shown
in Tab. 1, all three backbones yield competitive rFID, with
SigLIP-2 even surpassing DINOv3. This result confirms that
CompACT is not tied to any particular backbone’s latent
space; rather, it leverages the high-level semantic structure
shared across strong VFMs—the planning-relevant informa-
tion our tokenizer is designed to preserve.

C. Planning latency breakdown

Fig. 1 two major components of the planning latency for a
single trajectory optimization into two components: world
model rollout (forward passes through the world model) and
decoding (converting latent tokens back to images for cost
evaluation). The rollout cost dominates SD-VAE’s total plan-
ning time (177.05s out of 177.70s), as the world model must
process 784 tokens per frame across 1,920 forward passes
during MPC. CompACT reduces this bottleneck by 99.2%
(177.05s — 1.34s) by operating on only 16 discrete tokens
per frame. While our generative decoder is ~6x slower than
SD-VAE’s single-step decoder (3.87s vs. 0.65s), decoding
accounts for only a small fraction of the total planning bud-
get and is invoked far fewer times than rollout (240 vs. 1,920
calls). Furthermore, when using latent-space cost functions
(Tab. 5 in the main paper), decoding is bypassed entirely,
yielding even greater speedups.

D. Closed-loop robot arm manipulation

To evaluate CompACT beyond open-loop video prediction,
we conduct a preliminary closed-loop manipulation experi-
ment on the Lift task from RoboMimic [22]. We adopt a hier-
archical formulation: the world model plans in CompACT’s
latent space, and the IDM decodes inter-frame actions for
execution. For detailed implementation, we refer to Sec. G.2

Table 2. Closed-loop manipulation on RoboMimic Lift.

Tokenizer SR1T  Steps |
Target tokenizer (Dy 0 ) [4]  56% 66.8
CompACT (ours) 56% 55.1

Table 3. Training hyperparameters for CompACT.

hparams CompACT
optimizer AdamW
B1 0.9
B2 0.999
weight decay 0.01

Ir 0.0001
Ir scheduling cosine
Ir warmup steps 10K
batch size (ImageNet) 512
training steps (ImageNet) 500K
training steps (RoboNet finetuning [8]) 256
training steps (RoboNet finetuning [8]) 100K

Table 4. Model architecture hyperparameters for CompACT.

hparams ‘ Latent resampler ~ Deompact
depth 5 16
dim 768 1024
MLP dim 3072 4096
heads 8 8

and Sec. F, respectively.

As shown in Tab. 2, CompACT (16 tokens) matches the
target tokenizer (256 tokens) in success rate while requiring
17% fewer action steps, suggesting that semantic-level latent
plans yield more direct paths to the goal. This result provides
preliminary evidence that planning-sufficient compression
extends to contact-rich manipulation tasks. We note this is a
minimal setup; incorporating real-time observations and pro-
prioception into the IDM could further improve performance,
which we leave for future work.

E. Details of CompACT tokenizer

Tab. 3 and Tab. 4 summarize the training and model archi-
tecture hyperparameters of CompACT, respectively.

Tokenizer architecture. We use frozen DINOv3-B [28] in
the encoder Ecompact- In DINOv3-B, we re-initialized the last
layer normalization’s affine parameters (weight and bias to 1
and 0, respectively). We found that using pretrained affine
parameters as-is results in codebook collapse during training,
since the output of Eompace has specific statistics when using
pretrained layernorm affine parameters. For the latent re-
sampler, we use the 5 transformer decoder blocks similar to
DETR [3] and Perceiver [17]. Number of learnable queries
determines the number of latent tokens used in CompACT.
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Figure 2. Deompact architecture. The proposed Deompact is based on
MM-DiT [11], a DiT [25] variant designed for multimodal input
processing. The architecture consists of two parallel processing
streams: one for compact latent tokens z and another for target
latent tokens 2%, which are fused through self attention over the
concatenated token sequence. For the overall depiction of Com-
pACT, we refer to Fig. 2 in the main paper.

We use the Finite Scalar Quantization [23] (FSQ) for dis-
cretizing the output of latent resampler. Levels per channel
are set to [8, 8,8, 5,5, 5], which is the recommended level
configuration to construct approximately 216 size codebook.
For decoder Deompact, we use the MM-DiT [11], which takes
compact latent as a condition. Fig. 2 depicts the details archi-
tecture of the decoder Deompact, Which is shown in simplified
form in Fig. 2 in the main paper. Dcompact 18 trained from the
scratch. Proposed CompACT comprises 775M parameters
in total, including Eompacts Deompact> and Dy,

Masked generative modeling. As noted in Sec. 3.2.2 of the
main paper, Deompact s formulated as a masked generative
model. During training, we randomly sample the mask ra-
tio from (0, 1] following the cosine masking schedule [4].
During inference, we decode target latent tokens z¥ by pro-
gressively unmasking them from a fully masked sequence,
using compact latent tokens z as conditioning. In each it-
eration, a fraction of predictions with high confidence is
accepted, while remaining tokens are re-masked. We follow
the same cosine masking schedule during inference.
Dataset. CompACT tokenizer is trained on ImageNet-
1K [10], on 224 x 224 (for fair comparison in navigation
experiment following NWM [2]) and 256 x 256 resolution.
For the augmentation, we used random crop and random
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Figure 3. Inverse Dynamics Model (IDM) architecture. Consec-
utive frames are tokenized and processed through a transformer-
based frame encoder, which produces a single conditioning vector
via average pooling. This vector conditions an action denoiser
implemented as a diffusion policy [6], which predicts the action
taken between the two frames.

Table 5. Model architecture hyperparameters for IDM.

hparams ‘ Frame encoder hparams Action denoiser
depth 4 # linear 4

dim 512 hidden dim 512

MLP dim 2048 diffusion DDPM [16]
heads 8 timesteps 1000
#params 13.5M #params 3.6M

horizontal flip. We additionally finetune the tokenizer for
the experiment with RoboNet [8] since robot data has a sig-
nificant domain gap compared to the ImageNet data. For
RoboNet finetuning we used center cropped 256 x 256 reso-
lution images.

Training and inference. For ImageNet [10] pretraining,
CompACT is trained for 500K steps with batch size of 512.
We use the AdamW [21] with le — 4 learning rate. 5, and
B2 are set to 0.9 and 0.999, respectively. During inference,
sampling step in Deompact 18 set to 16.

F. Details of inverse dynamics model (IDM)

Fig. 3 and Tab. 5 present the model architecture and hyper-
parameters of IDM, respectively.

Architecture. The Inverse Dynamics Model (IDM) used
for RoboNet experiments consists of two modules: a frame
encoder and an action denoiser. Given latent tokens from
two consecutive frames, the frame encoder first processes the
concatenated token sequence through a 4-layer transformer
encoder. The target tokenizer [4] requires processing 512
tokens, while CompACT requires only 32 tokens—a 16x
reduction in sequence length. The frame encoder output
is average-pooled into a single vector, which serves as the



Table 6. Model architecture hyperparameters for world model.

hparams ‘ navigation  manipulation
depth 12 16

dim 768 1024
MLP dim 3072 4096
heads 12 16

# params 243M 270M

conditioning signal for the action denoiser. The action de-
noiser is a multi-layer perceptron (MLP) with 4 linear layers
(hidden dimension 512), SiLLU activation [14], and FiLM
conditioning [26] between each layer. The denoiser takes a
noisy 5-dimensional action and predicts the applied noise.
Following diffusion policy [6], we use DDPM [16] with a
squared cosine schedule [24].

Dataset. IDM is trained on RoboNet [8]. Frame pairs are
randomly sampled at each iteration. Frames are pre-encoded
using tokenizer (CompACT or target tokenizer) with 256 x
256 resolution center-cropped images. 250 episodes are used
for test.

Training and inference. IDM is trained for 100K steps with
batch size of 128. We use the AdamW [21] with 1le — 4
learning rate. (3, and [, are set to 0.9 and 0.999, respec-
tively. During inference, we use 1000 diffusion timesteps
for sampling.

Evaluation. We evaluate IDM performance using two met-
rics computed on predicted end-effector positions. First, we
measure L1 error between the predicted and ground truth
end-effector positions. Second, we compute the coefficient
of determination (R?), which measures how well the model
explains the variance in end-effector movements. R? ranges
from O to 1, where higher values indicate better prediction.
For instance, R? = 0.9 means that model can explain 90%
of the variance in end-effector movements.

G. World model details

G.1. Navigation: autoregressive with fixed history
window

For navigation tasks, we adopt an autoregressive formulation
where the world model predicts the next latent state 2,1
conditioned on a fixed-length history window of past states
{#t—r,..., 2} and the action a;. This design follows the
Navigation World Models (NWM) [2] framework but oper-
ates in our compact discrete latent space with N < 16 tokens
per timestep. Fig. 4 and Tab. 6 present the model architec-
ture and hyperparameters of world model for navigation,
respectively.

Architecture. Fig. 4 illustrates the architecture. We em-
ploy a DiT-based [25] architecture with multiple transformer
blocks, where each block consists of adaptive layer normal-
ization (AdaLLN), multi-head self-attention, cross-attention,
and feed-forward networks (FFN). The action a; is first

()
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Figure 4. World model f; architecture for navigation. For navi-
gation tasks, the world model is formulated as an action-conditioned
generative model that autoregressively generates the next frame.
The model follows the CDiT architecture proposed in NWM [2],
where actions are conditioned via adaptive layer normalization and
history frames are conditioned via cross-attention.

encoded through an MLP and used to modulate the trans-
former blocks via AdaLLN, similar to how DiT conditions on
class labels. The model takes as input the masked future to-
kens M (z¢+1) and attends to the history window M (z;_.;)
through cross-attention layers, where M (-) denotes the mask-
ing operation. The history tokens serve as keys and values
(K, V), while the future tokens act as queries (Q). We use
7 = 4 for the history window length and N = 12 for the
DiT blocks. For SD-VAE experiments, we follow the exact
architecture from NWM [2] (CDiT-B). For discrete tokeniz-
ers (FlexTok [1] and CompACT), we use the same config-
uration with two adaptations to handle discrete tokens: (1)
embedding and classification layers instead of continuous
projections, and (2) masked generative modeling instead of
diffusion-based generation.

History masking. Following the principles of diffusion
forcing [5], we randomly mask tokens in the history window
during training. This encourages the model to learn robust
temporal dependencies and improves action conditioning.
During each training iteration, we randomly mask tokens in
each historical frame. At inference time, we use the slightly
masked (20%) history for stable rollouts. Ablation results in
Table 5 of the main paper demonstrate that history masking
improves planning accuracy.
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Figure 5. World model f,; architecture for manipulation. For manipulation tasks, the world model is formulated as a block-causal
transformer that enables parallel prediction of multiple future frames conditioned on historical timesteps. Action tokens are used to condition
the prediction head (AdaLN + linear layer) that unmasks latent tokens at each future timestep.

Dataset. The navigation world model is trained on three
datasets: RECON [27], SCAND [19], and HuRoN [15]. For
HuRoN, we use the publicly available low-resolution version.
All datasets contain first-person navigation trajectories with
corresponding actions (changes in x-axis, y-axis, and yaw).
Frames are center-cropped and resized to 224 x 224 resolu-
tion. We follow the same train/test splits as NWM [2]. We
exclude Tartan [31] and Ego4D [12], which were used in the
original NWM [2], for the following reasons: Tartan consists
predominantly of forward-only actions, and Ego4D, while
providing large-scale data, is computationally expensive to
process. We found that we can fairly reproduce navigation
planning performance without them.

Reproducing NWM [2]. The SD-VAE row in Table 4 of
the main paper can be considered as our reproduction of
NWM [2]. The original NWM reports ATE of 1.13 and RPE
of 0.35 on RECON, while our reproduction achieves ATE of
1.262 and RPE of 0.354. Despite several differences—using
a smaller model (CDiT-B instead of CDiT-XL used in the
original NWM), low-resolution data for HuRoN, and ex-
cluded datasets (Tartan and Ego4D)—we fairly reproduce
the navigation planning performance.

Training and inference. The navigation world model is
trained for 200K steps with a batch size of 128. We use
AdamW optimizer [21] with a learning rate of 1 x 1074,
We set /1 = 0.9 and B2 = 0.999, with weight decay of
1 x 10~2. For the masked generative modeling objective, we
randomly sample the mask ratio from (0, 1] following the
cosine masking schedule [4]. During inference, we used 8
and 4 sampling steps for 16 and 8 latent tokens, respectively.

Evaluation. We evaluate navigation planning performance
using two standard trajectory metrics: Absolute Trajectory
Error (ATE) and Relative Pose Error (RPE) [29]. First, ATE
measures the RMSE between predicted and ground truth
transformations from the initial frame across the entire tra-
jectory between corresponding timesteps. Second, RPE mea-
sures the error in relative transformations between consec-
utive timesteps. Lower values indicate better planning per-

formance for both metrics. For details of model-predictive
control framework used for navigation planning, we refer
Sec. H.

G.2. Manipulation: block-causal parallel predic-
tion

For robotic manipulation tasks on RoboNet [8], we adopt
a block-causal transformer architecture that predicts mul-
tiple future frames {z:41,...,2¢+x} in parallel, condi-
tioned on the initial observation z; and action sequence
{a¢,...,a4+x—1}. This parallel formulation is more suit-
able for video generation tasks where we need to produce
extended action-conditioned rollouts efficiently. Fig. 5 and
Tab. 6 present the model architecture and hyperparameters
of world model for manipulation, respectively.
Architecture. Figure 5 illustrates the block-causal architec-
ture. Unlike the autoregressive model, all future frames are
processed simultaneously within a single transformer. The
input sequence is constructed by interleaving observations
and actions: [z¢—r.¢, ag, M(2¢41), - -+ @erm—1, M (ze111)],
where M (-) denotes masked tokens. The key component
is the block-causal attention mask (shown on the right of
Figure 5): tokens at timestep ¢ + ¢ can attend to all tokens up
to and including 2, ; and as,;_1, but cannot attend to future
observations or actions. This preserves causal structure while
enabling parallel prediction. Each action is encoded through
a linear layer. The output token corresponding to each ac-
tion is then used to condition a prediction head (AdaLLN
+ Linear layer), which produces the unmasked tokens for
the subsequent frame. During training, we set the predic-
tion horizon to H = 14 (predicting the next 14 frames in
parallel). However, the model can generalize to arbitrary
horizon lengths since we use causal masking. We provide
the first two frames of each episode as context for the model
to condition on (7 = 2).

Baseline configuration. For fair comparison, experiments
using the target tokenizer (MaskGIT-VQGAN [4]) employ
the same block-causal architecture. The only difference



is the sequence length: the target tokenizer processes 256
tokens per frame, while CompACT processes only 16 tokens
per frame, resulting in significantly faster generation (Tab. 6
in the main paper).

Diffusion forcing interpretation. This architecture natu-
rally implements causal, discrete extension of diffusion forc-
ing [5]: during training, masked tokens at different timesteps
provide varying levels of noisy conditioning to future frames.
A frame with fewer masked tokens acts as a cleaner condi-
tioning signal, while heavily masked frames force the model
to rely more on learned dynamics and action conditioning.
This training scheme improves the model’s ability to gener-
ate consistent action-conditioned video sequences.
Dataset. The manipulation world model is trained on
RoboNet [8], similar to IDM experiment. Frames are pre-
encoded using robonet finetuned CompACT with 256 x
256 resolution center-cropped images. For the target tok-
enizer [4] baseline, we use it as-is without RoboNet finetun-
ing, which is fair since finetuned CompACT also keeps the
frozen target tokenizer. 250 episodes are used for test.
Training and inference. The manipulation world model
is trained for 100K steps with a batch size of 128. We use
AdamW optimizer [21] with a learning rate of 1 x 1074,
We set §1 = 0.9 and B2 = 0.999, with weight decay of
1 x 10~2. For the masked generative modeling objective, we
randomly sample the mask ratio from (0, 1] following the
cosine masking schedule [4]. We used 100 sampling steps
to generate future 14 frames.

H. Planning with cross-entropy method

As described in Sec. 3.1 and Sec. 3.3, we use a trained
world model to standalone-plan goal-conditioned navigation
trajectories by optimizing distance between final prediction
and the goal. Here, we provide additional details about the
optimization using the Cross-Entropy Method (CEM) [7, 9]
and the hyperparameters used.

Cross-Entropy Method. For CEM planning, we strictly
follow the protocol of NWM [2] for fair comparison. Algo. |
presents the complete CEM procedure. Specifically, trajec-
tory is assumed to be a straight line and only its endpoint is
optimized, represented by three variables: a single transla-
tion » and yaw rotation ¢. This is converted into an action
sequence by evenly distributing the translation across H
timesteps and applying the rotation only at the final step.
Each action step corresponds to a fixed time interval of 0.25
seconds.

Hyperparameters. We set the population size to 80 since
increasing over it does not lead to substantial gain in plan-
ning accuracy. For other hyperparameters, we follow the
configuration of NWM: 2 seconds planning (H = 8), single
iteration (I = 1), top-K selection with K = 5,and M = 3
repetitive stochastic rollouts per candidate action.

Distance metric d(-, -). The distance between predicted and

Original Original Original Original Original Original
=

e

Reconstructed Reconstructed Reconstructed Reconstructed

Figure 6. Qualitative results of reconstruction with CompACT.

goal observations can be measured in either pixel space or
latent space. For pixel-space evaluation, we decode latent
tokens to images using Dy, 0 Deompact and compute the LPIPS
distance [18]. Alternatively, we can compute distances di-
rectly in the discrete latent space, which offers significant
computational speedup by avoiding the decoding step (Tab. 5
(middle) in the main paper). This latent-space distance com-
putation is enabled by the properties of Finite Scalar Quanti-
zation (FSQ) [23], which we use for discretization. Unlike
traditional vector quantization that uses arbitrary codebook
indices, FSQ assigns each latent vector to a discrete code
based on level-based radix representation, preserving the
continuous geometric structure in the discrete space. Specif-
ically, each dimension of the latent is quantized to one of
L equally-spaced levels, allowing us to map discrete token
indices back to their level-based radix representation. Given
two discrete latent tokens z;, z; € {1,..., K}, we compute
their distance as:

d(zi,2;) = [FSQ~" (2;) — FSQ " (2;) 1, 3)

where FSQ~!(-) maps the discrete index to its corresponding
level-based radix representation. This distance in the dis-
crete latent space provides a meaningful measure of seman-
tic similarity while enabling faster planning with marginal
degradation compared to pixel-space metrics.

I. More qualitative results

Fig. 6 shows reconstruction examples across ImageNet, RE-
CON, and RoboNet. While CompACT discards fine-grained
textures and lighting details due to extreme compression,
it preserves semantic content and spatial structure essential
for planning tasks. Fig. 7 visualizes attention patterns in
the latent resampler, demonstrating that each compact token
attends to semantically coherent regions. Fig. 9 presents ex-
ample planning results with CompACT. While fine-grained
details such as textures and shadows are synthesized rather
than reconstructed, the rollouts accurately preserve planning-
critical information: spatial layout, object positions, and
scene structure necessary for effective goal-reaching. Fig. 10
presents additional examples of action-conditioned video
generation on RoboNet. Videos generated from CompACT
latents maintain more consistent action-driven end-effector
movements throughout the rollout compared to the ones
generated with target tokenizer latents, validating that the



Algorithm 1 Cross-Entropy Method for Navigation Planning

Require: Initial frame og, goal frame 00,1, planning horizon H, World model f4, tokenizer Deompact © Ecompact
Require: CEM params: population size N, top samples to be selected K, iterations I, samples per candidate M

1: // Initialize action distribution

2 <= (Bas iy, o)
3 Y+ diag(az,as,ai)

4: Encode observations: 2o <— Ecompact (00) Zgoal < Ecompact (Ogoat)

5: fori: =1to I do

A — {(uj, ¢;) évzl where (uj, ¢;) ~ N (p, X) // Sample candidate actions

// Evaluate via stochastic rollouts

6
7. for each candidate (u;, ¢,;) € A do
8
9 for m = 1to M do

10: zt(m) “— 20

11: al) « ToActionSeq(u;,d;, H)

12: fort =0to H — 1do

13: zgfl ~ £5(2™, a1/ World model rollout

14: end for

15: o™« Dy, © Deompaer (297

16: 6g0al <~ D’L[) o Dcompact(zgoal)

17: Cm d(égn), Ogoal) OF Cp 4— d(zg{m), Zgoal)// LPIPS between reconstruction or L1 distance between latent
18: end for

19: Cje LM e,

20:  end for

21: A « top-K from A with lowest costs {C;} I Select top-K candidates

22:  // Update distribution parameters

230 p g > (wayealt:®)

24 D e upeal,0) — m)((u,0) —p)"
25: end for )

26: return Action with minimum cost from A

modular latent tokens effectively capture dynamics-relevant
information for manipulation tasks.

J. Planning efficiency analysis

Fig. 8 visualizes the trade-off between planning accuracy
(ATE), planning latency, and model size across different tok-
enizers on RECON. Bubble size represents the peak VRAM
usage during planning. CompACT variants achieve superior
efficiency: CompACT delivers up to 80x speedup over SD-
VAE while maintaining comparable accuracy. In contrast,
FlexTok variants suffer significant accuracy loss and large
VRAM requirements despite similar token counts, validating
that our tokenizer design is critical for enabling efficient
real-time planning.

K. Scaling up with fewer tokens

The compact latent representation of CompACT enables
scaling world models to larger capacities while maintain-
ing practical planning latency. We train a 7S0M-parameter
variant of our world model for navigation by increasing the
depth to 24 layers and hidden dimension to 1024. This scaled

model achieves improved planning accuracy with ATE of
1.305 and RPE of 0.370 on RECON—outperforming our
base 16-token model (ATE=1.330, RPE=0.390). Planning
latency is 24.7 seconds per trajectory, still 7 x faster than the
SD-VAE baseline (178.78 seconds).
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Figure 7. Attention visualization for compact latent tokens in
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Figure 9. Additional qualitative results of navigation planning with the proposed CompACT. Among candidates, worst two action
sequences and best action sequences are presented together.
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Figure 10. Additional qualitative results of action-conditioned video generation. Red and green boxes indicate incorrect and correct
end-effector positions, respectively.
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