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Dynamics
p(c1 ∣ c0, a0)

c0

a0

x0

Codebook 𝒞
c(1)

c(2)

c(3)

c(|𝒞|)

Number of 
channels 

b = 2

Number of 
codes in 

codebook 
|𝒞 | = 15Encoder

s0

DCWM: World Model Training



fcai.fîr1
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Figure 1: World model training DCWM is a world model with a discrete latent space where
each latent state is a discrete code c ( ) from a codebook C. Observations o are first mapped
through the encoder and then quantized ( ) into one of the discrete codes. We model probabilistic
latent transition dynamics p�(c0 | c,a) as a classifier such that it captures a potentially multimodal
distribution over the next state c0 given the previous state c and action a. During training, multi-step
predictions are made using Gumbel-softmax sampling such that gradients backpropagate to the
encoder. Given this discrete formulation, we train the latent space using a classification objective, i.e.

cross-entropy loss. Making the latent representation discrete with a codebook contributes to the very
high sample efficiency of DCWM.

step further and show that discrete codebook encodings resulting from quantization (van den Oord
et al., 2017; Mentzer et al., 2023) offer benefits over both one-hot and label encodings, when learning
discrete latent spaces for continuous control.

3 METHOD

In this section, we detail our method, named Discrete Codebook World Model (DCWM). DCWM is a
model-based RL algorithm which (i) learns a world model with a discrete latent space and then, (ii) per-
forms decision-time planning with model-predictive path integral control (MPPI). The paper’s main
contribution is formulating a discrete latent space using quantization, allowing us to train the latent
representation using classification, in a self-supervised manner. See Fig. 1 for an overview of DCWM,
Alg. 1 for details of world model training and Alg. 2 for details on the MPPI planning procedure.

We consider Markov Decision Processes (MDPs, Bellman (1957)) M = (O,A,P,R, �), where an
agent receives an observation ot 2 O at time step t, performs an action at 2 A, and then obtains
the next observation ot+1 ⇠ P(· |ot,at) and reward rt = R(ot,at). The discount factor is denoted
� 2 [0, 1).

3.1 WORLD MODEL

Learning world models with discrete latent spaces (e.g. DreamerV2) has proven powerful in a wide
variety of domains. However, these approaches generally perform poorly in continuous control tasks
when compared to algorithms like TD-MPC2 and TCRL (Zhao et al., 2023), which use continuous
latent spaces. Rather than representing a discrete latent space using a one-hot encoding, as was
done in DreamerV2, DCWM aims to construct a more expressive representation which is effective
for continuous control. More specifically, DCWM represents discrete latent states as codes from a
discrete codebook, obtained via finite scalar quantization (FSQ, Mentzer et al. (2023)). The world

3
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And so on…

For each environment step

Observe state s

Plan  to maximise returna0:H

H−1

∑
t=0

γtr(st, at) + γHQθ(sH, aH)

Execute  and discard a0 a1, …, aH

Model Predictive Path 
Integral Control (MPPI)
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