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Abstract

World models provide a powerful framework for simulating
environment dynamics conditioned on actions or instruc-
tions, enabling downstream tasks such as action planning
or policy learning. Recent approaches leverage world mod-
els as learned simulators, but its application to decision-
time planning remains computationally prohibitive for real-
time control. A key bottleneck lies in latent representations:
conventional tokenizers encode each observation into hun-
dreds of tokens, making planning both slow and resource-
intensive. To address this, we propose CompACT, a dis-
crete tokenizer that compresses each observation into just
16 tokens, drastically reducing computational cost while
preserving essential information for planning. An action-
conditioned world model that occupies CompACT tokenizer
achieves competitive planning performance with orders-of-
magnitude faster planning, offering a practical step toward
real-world deployment of world models.

1. Introduction
Humans navigate the world not through pixel-perfect re-
call of their surroundings, but rather through compact men-
tal representations that capture only the information neces-
sary for decision-making [19, 23]. This internal model—an
imprecise but efficient abstraction of reality—reduces the
complexity of sensory input into a representation optimized
for action and planning. In the context of artificial intelli-
gence and reinforcement learning, this concept manifests as
the world model [23], a neural network that captures envi-
ronment dynamics to enable planning [3, 27, 44, 69] and
policy learning [1, 24–26, 62].

World models have emerged as a promising solution
to the sample inefficiency of reinforcement learning (RL).
Traditional model-free RL methods require millions of in-
teractions with the environment to learn effective poli-
cies, making them impractical for real-world applications
where data collection is expensive or risky. By learn-
ing to predict future states, world models enable agents
to simulate experiences internally, reducing the need for

real environment interactions. Furthermore, these mod-
els themselves can be used for planning without additional
learning of policy [3, 69] through model-predictive control
(MPC) [12, 61].

Recent advances in world modeling have been driven by
the rapid progress in generative models, particularly in im-
age and video generation [7, 16, 50]. These models can
generate photorealistic images or video conditioned on lan-
guage instructions [15, 62] or actions [1, 3, 62, 69, 70],
suggesting implicit understanding of world’s underlying dy-
namics.

However, there exists a critical discrepancy between gen-
erative approaches and the requirements for effective plan-
ning: high-fidelity generation does not translate to bet-
ter decision-making [57]. To achieve photorealistic qual-
ity, these models must capture extensive perceptual de-
tail—textures, lighting, shadows—that is largely irrelevant
for action selection. This necessitates encoding single im-
ages into hundreds of latent tokens, which sharply increases
computational cost. Since most world models in the liter-
ature adopt attention-based architectures [49], this burden
grows quadratically, making planning especially expensive.
As a result, current world models remain impractical for
real-world control: for example, state-of-the-art navigation
world models [3] require up to 2 minutes of computation
per episode for planning, making them unsuitable for appli-
cations demanding real-time responsiveness.

We propose CompACT, a compact tokenizer that en-
codes each image into just 16 tokens—approximately 200
bits per image. This represents an extreme compression ra-
tio compared to existing approaches. For instance, the SD-
VAE tokenizer [50] used in NWM [3] requires 196 tokens
to represent the same image. Beyond the reduction in token
count, our tokenizer further distinguishes itself by employ-
ing a discrete latent space, enabling much faster future-state
prediction: each token is unmasked only once [7], rather
than being processed through hundreds of iterative denois-
ing steps typically required in diffusion models utilizing
continuous latent space [30].

While such extreme compression inevitably sacrifices
fine-grained visual details, our tokenizer preserves low-



frequency features—high-level semantics and spatial re-
lationships—that are crucial for planning and decision-
making. The key technical contribution enabling this ex-
treme compression is our generative decoding approach:
rather than attempting direct pixel reconstruction from 16
tokens, our decoder learns to unmask the latent represen-
tation of a pretrained tokenizer, using the compact tokens
as conditioning. This formulation transforms an intractable
decompression problem into a tractable conditional genera-
tion task. By training world models in this compact latent
space, we achieve order-of-magnitude reductions in rollout
latency.

To validate the effectiveness of the proposed approach,
we train NWM [3], an action-conditioned world model for
navigation, on the latent space of CompACT. Such action-
conditioned world models have a unique strength in that
they can serve as general-purpose planners via MPC, but the
prohibitive computational burden required for rollouts has
remained as a bottleneck. On navigation planning in RE-
CON [51], the NWM trained with our CompACT achieves
comparable accuracy to the one using 196 continuous to-
kens while delivering approximately 20× speedup in plan-
ning latency. Furthermore, our 16-token model outperforms
the FlexTok [2] with 64 tokens, validating that carefully de-
signed extreme compression can yield both computational
efficiency and superior planning performance.

2. Method
2.1. Latent generative model as world model
In this section, we first describe how a world model can
be formulated as latent generative models. We consider
the standard world model setting where the objective is
to predict future observations given current state and ac-
tion. Formally, we denote observations (e.g., video frames)
as O = [o0; o1; : : : ; oT ] 2 RT�H�W�3 and actions as
A = [a0; a1; : : : ; aT ] 2 RT�31. The world model f� can
be formulated as:

f� : RH�W�3 � R3 ! P(RH�W�3);

f�(ot; at) 7! p�(ot+1jot; at):
(1)

Because real-world dynamics are inherently uncertain and
only partially observable, a world model should produce a
stochastic distribution over future states rather than a single
deterministic predictions.

Such stochastic formulation of the world model can be
naturally implemented using generative modeling, where
the generator is conditioned on past observation ot and ac-
tion at. Direct generative modeling in pixel space is com-
putationally prohibitive due to the high dimensionality of

1In navigation settings, actions are 3-dimensional, representing
changes in x-axis, y-axis, and yaw. The formulation generalizes to dif-
ferent action dimensions.

visual observations. Instead, the world model f� can be for-
mulated to operate on low-dimensional latent tokens z 2
RN�D [3]. These latent tokens are obtained via an image
tokenizer comprising an encoder E : RH�W�3 ! RN�D

and decoderD : RN�D ! RH�W�3, trained with a recon-
struction objective: Lrecon = jjo � D(E(o))jj22 (Fig. 1(a)).
Extending Eq. 1, latent world model f� can be described as

f� : RN�D � R3 ! P(RN�D);

f�(zt; at) 7! p�(zt+1jzt; at);
(2)

where zt = E(ot) . Here, the token count N directly de-
termines computational complexity: for attention-based ar-
chitectures [49] commonly used in generative models, cost
scales quadratically with N . By keeping N small, the la-
tent world model formulation alleviates this quadratic bot-
tleneck and enables efficient decision-time planning.

Once the latent world model f� is trained, we can use
it to find a sequence of actions fatg that drives the tran-
sition from the initial observation o0 to the goal obser-
vation ogoal, as illustrated in Fig. 1(c). We first compute
z0 = E(o0), and initialize a candidate action sequence
a = [a0; a1; : : : ; aH�1]. Then, we obtain a sequence of
latent tokens fztg by rolling out the trained world model to
predict future states over the planning horizon H:

zt+1 � f�(zt; at); t 2 f0; � � � ; H � 1g: (3)

After the rollout reaches the planning horizon (i.e., zH
is sampled), the candidate action sequence a is evaluated
using a cost function that measures the distance between
the final predicted observation and the goal: C(a) =
d(ôH ; ogoal), where ôH = D(zH), ôgoal = D(zgoal), and
d(�; �) is a distance measure (e.g. LPIPS [32]). The opti-
mal action sequence is then obtained via solving: a� =
arg mina C(a), where the optimization can be performed
using sampling-based methods [11, 12, 61] or gradient de-
scent.

2.2. CompACT tokenizer
The computation bottleneck in world model planning stems
from the latent token count N : conventional tokenizers typ-
ically encode images with hundreds of tokens, which slows
down their sampling during autoregressive rollout. We in-
troduce CompACT, a compact tokenizer Dcompact � Ecompact
that encodes each image into just 16 discrete tokens and
avoids iterative denoising by using a discrete latent space
(Fig. 2). Despite this extreme compression, CompACT still
preserves the sufficient information for effective planning
(Sec. 3).
Compact discrete encoding Our tokenizer encoder
Ecompact : RH�W�3 ! f1; : : : ; Kg16 maps an input im-
age o into a sequence of 16 discrete tokens z, each selected
from a vocabulary of size K. The encoder architecture con-
sists of a vision transformer [14] followed by a quantization



Figure 1. Overview of the proposed latent world model formulation (Sec. 2.1). (a) An image tokenizer is �rst trained with a reconstruction
objective to map an input image into compact latent tokensz. (Fig. 2 and Sec. 2.2). (b) Using the learned tokenizer, latent world model
f � (z t ; a t ) is trained to model the conditional distribution of the future statep� (z t +1 jz t ; a t ), where we adopt masked generative modeling
(Sec. 2.3). (c) At test time, the learned latent world model is used fordecision-time planning: An optimization procedure (e.g., MPC with
CEM) searches over actionsa0:H � 1 to minimize the distance between the predicted �nal state and a goal image.

Figure 2. A �gure for tokenizer architecture detail.

layer. Speci�cally, initial latent tokensz0 2 R16� D are
concatenated with the image patch tokens and subsequently
processed through a ViT. From the output of the ViT, only
the tokens corresponding to the initial latent tokens are dis-
cretized using �nite scalar quantization [43], yielding dis-
crete latent tokensz 2 f 1; : : : ; K g16. While extreme com-
pression inevitably discards �ne-grained visual details, we
hypothesize that these details are largely irrelevant for plan-
ning tasks, where object-level semantics and spatial rela-
tionships dominate decision-making.
Generative decodingDirect pixel reconstruction from 16
tokens is an ill-posed problem—the information bottle-
neck prevents the deterministic recovery of high-frequency
details, since diverse pixel-space manifestations can arise
from identical low-frequency features. To address this,
we propose a generative decoding strategy that sidesteps

direct pixel reconstruction. Our decoderDcompact :
f 1; : : : ; K g16 ! f 1; : : : ; K  gN  learns to generatelatent
tokens from a pretrained tokenizerD � E  [39], using
our compact tokensz as a condition. This transforms the
intractable decompression problem into a conditional gen-
eration task. Speci�cally, we �rst convert an imageo
into target tokensz  = E (o) 2 f 1; : : : K  gN  using
the pretrained tokenizer encoder, whereN  � 16 (typi-
cally N  = 196 for 224 � 224 images). We then em-
ploy masked generative modeling [7, 64] to learn the map-
ping from z to z  , which offers signi�cantly faster sam-
pling than autoregressive [4, 55] models. During training,
a random subset of the target tokensz  is masked, and the
decoder learns to recover them using the compact tokensz
and the remaining unmasked tokens. The tokenizer training
objective is de�ned to minimize the negative log-likelihood
of the masked tokensz  :

L tok = � Ep(z  )

�
logp(z  jz ; M (z  ))

�
; (4)

whereM (�) represents the random masking. During infer-
ence,Dcompact begins with a fully masked sequence of a
pretrained latent tokens and iteratively unmasks them fol-
lowing the sampling scheme based on its prediction con-
�dence [7]. The compact tokensz provide high-level se-
mantic guidance throughout this process, while the gen-
erative model synthesizes plausible visual details consis-
tent with these semantics. The �nal reconstruction is ob-
tained through the pretrained decoder:ô = ( D �D compact�
Ecompact)(o).
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