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ABSTRACT

Learning world models can teach an agent how the world works in an unsuper-
vised manner. Even though it can be viewed as a special case of sequence model-
ing, progress for scaling world models on robotic applications such as autonomous
driving has been somewhat less rapid than scaling language models with Gener-
ative Pre-trained Transformers (GPT). We identify two reasons as major bottle-
necks: dealing with complex and unstructured observation space, and having a
scalable generative model. Consequently, we propose Copilot4D, a novel world
modeling approach that first tokenizes sensor observations with VQVAE, then
predicts the future via discrete diffusion. To efficiently decode and denoise tokens
in parallel, we recast Masked Generative Image Transformer as discrete diffu-
sion and enhance it with a few simple changes, resulting in notable improvement.
When applied to learning world models on point cloud observations, Copilot4D
reduces prior SOTA Chamfer distance by more than 65% for 1s prediction, and
more than 50% for 3s prediction, across NuScenes, KITTI Odometry, and Argov-
erse2 datasets. Our results demonstrate that discrete diffusion on tokenized agent
experience can unlock the power of GPT-like unsupervised learning for robotics.
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Figure 1: Our unsupervised world model Copilot4D can produce accurate near-term 1s predic-
tions and diverse multi-future 3s predictions directly on the level of point cloud observations.

1 INTRODUCTION

World models explicitly represent the knowledge of an autonomous agent about its environment.
They are defined as a generative model that predicts the next observation in an environment given
past observations and the current action. Such a generative model can learn from any unlabeled
agent experience, and can be used for both learning and planning in the model-based reinforcement
learning framework (Sutton, 1991). This approach has excelled in domains such as Atari (Kaiser
et al., 2019), robotic manipulation (Nagabandi et al., 2020), and Minecraft (Hafner et al., 2023).

Learning world models can be viewed as a special case of sequence modeling on agent experience.
While Generative Pre-trained Transformers (GPT) (Brown et al., 2020) have enabled rapid progress
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in natural language processing (NLP) via sequence modeling of unlabeled text corpus, progress for
scaling world models has been less rapid in robotic applications such as autonomous driving. Predic-
tion systems in autonomous driving still require supervised learning, either on the level of bounding
boxes (Luo et al., 2018), semantic segmentation (Sadat et al., 2020), or instance segmentation (Hu
et al., 2021). However, just as GPT learns to understand language via next token prediction, if a
world model can predict unlabeled future observations really well, it must have developed a general
understanding of the scene including geometry and dynamics. We ask:what makes it dif�cult to
learn an unsupervised world model that directly predicts future observations?

(i) The observation space can be complex and unstructured. Whether it is autonomous driving or
robotic hands solving Rubik's cubes (Akkaya et al., 2019), selecting a loss on the observation space
and building a generative model that captures meaningful likelihoods can be highly non-trivial.
By contrast, in natural language processing, language models like GPT (Brown et al., 2020) �rst
tokenize a text corpus, then predict discrete indices like a classi�er, leading to impressive success.
Fortunately, this gap can addressed by training a VQVAE-like (Van Den Oord et al., 2017) model to
tokenize any inputs, from images (Ramesh et al., 2021) to point clouds (Xiong et al., 2023).

(ii) The generative model needs to be scalable. In particular, language models are known to scale
well (Kaplan et al., 2020), but they only decode one token at a time. In domains such as autonomous
driving, a single observation has tens of thousands of tokens, so parallel decoding of tokens becomes
a must. On the other hand, decoding all the tokens of an observation in parallel, which is suf�cient
for achieving success in Minecraft (Hafner et al., 2023), would incorrectly assume that all those
tokens are conditionally independent given past observations. Thanks to Masked Generative Image
Transformer (MaskGIT) (Chang et al., 2022), we can train a model to iteratively decode an arbitrary
number of tokens in parallel. In this work, we recast MaskGIT into the discrete diffusion framework
(Austin et al., 2021), resulting in a few simple changes that notably improve upon MaskGIT.

The analysis above sheds light on a scalable approach to building world models: tokenize each
observation frame with VQVAE, apply discrete diffusion on each frame, and autoregressively predict
the future. We apply this approach to the task of point cloud forecasting in autonomous driving
(Weng et al., 2021; Mersch et al., 2022; Khurana et al., 2023), which aims to predict future point
cloud observations given past observations and future ego vehicle poses. This task is essentially
about building an unsupervised world model on Lidar sensor observations. We design our neural
architectures to leverage prior knowledge for this task: our tokenizer uses an implicit representation
for volume rendering (Mildenhall et al., 2021) of ray depth in the VQVAE decoder; the world model
uses a Transformer that interleaves spatial (Liu et al., 2021) and temporal blocks in Bird-Eye View
(BEV). After tokenization, our world model operates entirely on discrete token indices.

Our approach, named Copilot4D, signi�cantly outperforms prior state-of-the-art for point cloud
forecasting in autonomous driving. On NuScenes (Caesar et al., 2020), KITTI Odometry (Geiger
et al., 2012), and Argoverse2 (Wilson et al., 2023) datasets,Copilot4D reduces prior SOTA Cham-
fer distance by65%� 75% for 1s prediction, and more than 50% for 3s prediction. In Figure 1,
we showcase that not only is our world model able to make accurate predictions on a 1s time hori-
zon, it has also managed to learn the multi-modality of future observations on a 3s time horizon. The
results validate our analysis that the combination of tokenization and discrete diffusion can unlock
the possibility of learning world models at scale on real-world data.

2 RELATED WORK

World Models predict the next observation in an environment given the current action and the past
observations. The idea of learning a world model from data dates back to adaptive control (Slotine
et al., 1991), which applies parameter estimation to a �xed structure of the dynamics. Under model-
based reinforcement learning frameworks such as Dyna (Sutton, 1991), many attempts have been
made to use deep generative models as world models. Ha & Schmidhuber (2018) trained a VAE
(Kingma & Welling, 2013) to encode observations, and a recurrent neural net (RNN) on the latent
codes to model the dynamics. Dreamer-v2 (Hafner et al., 2020) �nds that replacing Gaussian latents
with discrete latents signi�cantly improves world modeling for Atari. IRIS (Micheli et al., 2022)
shows that using a Transformer (Vaswani et al., 2017) rather than an RNN for dynamics modeling
further improves Atari results. Those prior works provide a valuable guide for building world models
for autonomous driving; we tackle the point-cloud forecasting task (Weng et al., 2021; Mersch et al.,
2022; Weng et al., 2022; Khurana et al., 2023) using lessons learned from those other domains.
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Diffusion Models are a class of generative models that de�ne a forward process from data distribu-
tion to noise distribution in closed-form, and then learn the reverse process from noise distribution
to data distribution (Sohl-Dickstein et al., 2015). Diffusion for continuous random variables typi-
cally uses Gaussian noise, and utilizes properties of Gaussian distributions to simplify the training
objectives (Ho et al., 2020; Kingma et al., 2021) and speed up inference (Song et al., 2020). In com-
parison, diffusion for discrete data (Austin et al., 2021) has received less attention from the commu-
nity. Recently, Masked Generative Image Transformer (MaskGIT) (Chang et al., 2022) shows that
training a BERT (Devlin et al., 2018) on image tokens with an aggressive masking schedule can out-
perform Gaussian diffusion. MaskGIT has been successfully applied to many applications such as
text-to-image generation (Chang et al., 2023), video prediction (Gupta et al., 2022; Yu et al., 2023),
and point cloud generation (Xiong et al., 2023). Our work sheds light on the connection between
MaskGIT and discrete diffusion, and how MaskGIT can be further improved based on diffusion.

3D Representation for Point Cloudshas long been studied in both robot perception and 3D scene
generation. For self-driving perception, point cloud data from Lidar sensor typically plays an im-
portant role. Modern approaches such as VoxelNet (Zhou & Tuzel, 2018) and PointPillars (Lang
et al., 2019) �rst apply a PointNet (Qi et al., 2017) on each voxel or pillar, typically followed by 2D
convolution in Bird-Eye View (BEV) (Yang et al., 2018) for tasks such as 3D object detection. For
3D generation, implicit neural scene representation has been gaining popularity since Neural Radi-
ance Fields (NeRF) (Mildenhall et al., 2021); with an implicit function for occupancy, point clouds
can be obtained through differentaible depth rendering (Rematas et al., 2022; Yang et al., 2023).
This representation is also used in prior work on point cloud forecasting (Khurana et al., 2023). Our
tokenizer draws ideas from 3D detection to design the encoder, and from implicit neural scene rep-
resentation to design the decoder. After tokenization, however, the speci�c 3D representations are
abstracted away from the world model, which operates on discrete tokens.

3 BACKGROUND: DIFFUSION MODELS

We review diffusion for a single random variablex0 (which can be trivially extended to multi-variate
x0). Given x0 and the forward processq(x1:K jx0), diffusion typically learns a reverse process
p� (xk � 1jxk ) by maximizing an evidence-lower bound (ELBO)logp� (x0) � �L elbo (x0; � ) =

Eq(x 1: K j x 0 )

h
�

X

k> 1

DKL (q(xk � 1jxk ; x0) k p� (xk � 1jxk )) + log p� (x0jx1) � DKL (q(xK jx0) k p(xK ))
i

For discrete random variables, since we can easily sum over its probabilities,p� (xk � 1jxk ) is often
parameterized to directly inferx0, as done in D3PM (Austin et al., 2021):

p� (xk � 1 j xk ) =
X

x 0

q(xk � 1 j xk ; x0)p� (x0 j xk ) (1)

Calculating the posteriorq(xk � 1jxk ; x0) = q(xk � 1jx0)q(xk jxk � 1)=q(xk jx0) is necessary in the
original diffusion loss, which means that the cumulative forward transition matrix de�ned in
q(xk jx0) often requires a closed-form solution. In D3PM, absorbing diffusion recasts BERT (Devlin
et al., 2018) as a one-step diffusion model, where the forward diffusion process gradually masks out
ground-truth tokens. VQ-Diffusion (Gu et al., 2022) points out that, whenxk 6= x0, the posterior in
absorbing diffusion is not well-de�ned since in that caseq(xk jx0) = 0 , which motivated adding uni-
form diffusion in their model. By contrast, MaskGIT (Chang et al., 2022) has signi�cantly simpler
training and sampling procedures based on BERT alone: for training, it masks a part of the input
tokens (with an aggressive masking schedule) and then predicts the masked tokens from the rest; for
sampling, it iteratively decodes tokens in parallel based on predicted con�dence.

Classi�er-free diffusion guidance (Ho & Salimans, 2022) has become a standard tool for diffusion-
based conditional generation. Given contextc, it has been shown that sampling from~p� (x0jxk ; c) /
p� (x0jxk ; c)(p� (x0jxk ; c)=p� (x0jxk ))w rather than directly fromp� (x0jxk ; c) performs signi�-
cantly better. Chang et al. (2023) has proposed directly modifying the logits of MaskGIT:

logitscfg (~x0jxk+1 ; c) = logits(~x0jxk+1 ; c) + w � (logits(~x0jxk+1 ; c) � logits(~x0jxk+1 )) (2)
in order to perform classi�er-free guidance analogous to its counterpart in diffusion.

4 METHOD: COPILOT4D

Given a sequence of agent experience(o(1) ; a(1) ; � � � ; o(T � 1) ; a(T � 1) ; o(T ) ) whereo is an observa-
tion anda is an action, we aim to learn a world modelp� that predicts the next observation given
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Figure 2: An overview of our method for Copilot4D, which �rst tokenizes sensor observations
with a VQVAE-like tokenizer, then predicts the future via discrete diffusion. The tokenizer encodes
point clouds into discrete latents in Bird-Eye View (BEV), and does reconstruction via differentiable
depth rendering. The world model is a discrete diffusion model that operates on BEV tokens.

the past observations and actions. In the autonomous driving setting that we tackle, the observations
f o( t ) gt are point clouds from the Lidar sensor, and the actionsf a( t ) gt areSE(3) poses of the ego
vehicle. We �rst tokenize each observationo( t ) into x ( t ) 2 f 0; � � � ; jV j � 1gN , whereN is the
number of tokens in each observation, andV is the vocabulary de�ned by the learned codebook in
VQVAE. We denotex ( t ) as the tokenized observationt. The learning objective is:

arg max
�

X

t

logp� (x ( t ) j x (1) ; a(1) ; � � � ; x ( t � 1) ; a( t � 1) ) (3)

Our world model is a discrete diffusion model (Austin et al., 2021; Lezama et al., 2023) that is able to
perform conditional generation given past observations and actions. We denotex ( t )

k as the tokenized
observationt under forward diffusion stepk. k = 0 is the original data distribution, and the total
number of stepsK can be arbitrary at inference. We outline the inference process as follows: to
predict an observation at timestept+1 , the world model �rst tokenizes past observationso(1) � � � o( t )

into x (1) � � � x ( t ) , applies discrete diffusion for next frame prediction to decode the initially fully
maskedx ( t +1)

K into fully decodedx ( t +1)
0 , and then passesx ( t +1)

0 into the decoder of the tokenizer
to render the next observationo( t +1) . For a visual overview of our method, see Figure 2.

4.1 TOKENIZE THE 3D WORLD

We propose a novel VQVAE-like (Van Den Oord et al., 2017) model to tokenize the 3D world
represented by point clouds (Xiong et al., 2023). The model learns latent codes in Bird-Eye View
(BEV) and is trained to reconstruct point clouds via differentiable depth rendering.

The encoder uses standard components from point-cloud based object detection literature: �rst,
aggregate point-wise features of each voxel with a PointNet (Qi et al., 2017); second, aggregate
voxel-wise features into BEV pillars (Lang et al., 2019); �nally, apply a Swin Transformer backbone
(Liu et al., 2021) to obtain a feature map that is 8x downsampled from the initial voxel size in BEV.
The output of the encoder,z = E(o), goes through a vector quantization layer to produceẑ.

The novelty of our tokenizer lies in the decoder, which produce two branches of outputs after a few
Swin Transformer blocks. The �rst branch uses an implicit representation (Mildenhall et al., 2021)
so that we can query occupancy values at continuous coordinates. To query(x; y; z), we apply
bilinear interpolation on a 3D neural feature grid (NFG) (Yang et al., 2023) outputted by the decoder
to obtain a feature descriptor, which then goes through a multi-layer perceptron (MLP) and sigmoid
to arrive at an occupancy value� in [0; 1]. Given a rayr (h) = p + hd starting at pointp and
traveling in directiond, the expected depthD can be calculated via differentiable depth rendering
onN r sampled pointsf (x i ; yi ; zi )g

N r
i =1 along the ray:

� i = � (MLP(interp (NFG(ẑ); (x i ; yi ; zi )))) wi = � i

i � 1Y

j =1

(1 � � j ) D (r ; ẑ) =
N rX

i =1

wi hi (4)
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Algorithm 1 Training
1: repeat
2: x 0 : f 1; � � � ; jV jgN � q(x 0)
3: u0 � Uniform(0 ; 1)
4: Randomly maskd
 (u0)N e tokens inx 0

5: u1 � Uniform(0 ; 1)
6: Randomly noise(u1 � � )% of remaining tokens

7: x k  masked-and-noisedx 0

8: arg max� log p� (x 0 j x k ) with cross entropy
9: until converged

Algorithm 2 Sampling
1: x K = all mask tokens
2: for k = K � 1; : : : ; 0 do
3: ~x 0 � p� (� j x k +1 )
4: l k = log p� (~x 0 j x k +1 )+ Gumbel(0; 1)�k=K
5: On non-mask indices ofx k +1 : l k  + 1
6: M = d
 (k=K )N e
7: x k  ~x 0 on top-M indices ofl k

8: end for
9: return x 0

Figure 3: Our improved discrete diffusion algorithm. Differences with MaskGIT (Chang et al.,
2022) are highlighted inblue . 
 (u) = cos(u�= 2) is the mask schedule. We set� = 20 by default.

The second branch learns a coarse reconstruction of the point clouds by predicting whether a voxel
has points in its inputs. We denote this binary probability asv . During inference, this branch is used
for spatial skipping (Li et al., 2023) to speed up point sampling in rendering.

The loss function for the tokenizer is a combination of the vector quantization lossL vq and the
rendering lossL render. The vector quantization loss learns the codebook and regularizes the latents:
L vq = � 1ksg[E(o)] � ẑk2

2 + � 2ksg[ẑ] � E (o)k2
2. In the rendering loss, supervision is applied on

both branches: the depth rendering branch has anL1 loss on depth with an additional term that
encourageswi to concentrate within� of the surface (Yang et al., 2023); the spatial skipping branch
optimizes binary cross entropy. The tokenizer is trained end-to-end to reconstruct the observation:

L render= Er

h
kD(r ; ẑ) � Dgt k1 +

X

i

1(jhi � Dgt j > � )kwi k2

i
+ BCE(v ; vgt ) (5)

With a pretrained tokenizer, both the inputs and the outputs of the world model are discrete tokens.

4.2 MASKGIT AS A DISCRETEDIFFUSION MODEL

Masked Generative Image Transformer (MaskGIT) (Chang et al., 2022) has been shown to scale
for a variety of applications. Interestingly, discrete diffusion models such as D3PM (Austin et al.,
2021) have not yet seen similar success, despite having a much more �rst-principled framework
and toolbox. We observe that the key to recasting MaskGIT as a discrete diffusion model is the
following proposition in Campbell et al. (2022). It turns out that the parameterization introduced in
Equation (1) allows a further lower bound on ELBO under data distributionq(x0) (also see A.4),

Eq(x 0 ) [logp� (x0)] � Eq(x 0 ) [�L elbo (x0; � )] �
KX

k=1

Eq(x 0 )q(x k j x 0 ) [logp� (x0 j xk )] + C (6)

Which is almost the same loss as MaskGIT loss, except that: for the diffusion posteriorq(xk jx0) to
be well-de�ned whenxk 6= x0, uniform diffusion in non-masked locations is needed; and the loss is
applied not just to masked locations. This implies that a few simple changes can turn MaskGIT into
anabsorbing-uniformdiscrete diffusion model. During training, after masking a random proportion
of tokens inx0, we inject up to� % of uniform noise into the remaining tokens, and apply a cross
entropy loss to reconstructx0. � is a �xed hyper-parameter. During sampling, besides parallel
decoding, we allow the model to iteratively denoise earlier sampled tokens. The differences with
MaskGIT are highlighted in Algorithms 1 and 2. For conditional generation, classi�er-free diffusion
guidance can be applied by modifying the logits ofp� for sampling~x0 and calculatingl k according
to Equation (2). While resampling tokens has been known to help MaskGIT (Lezama et al., 2022;
2023), our method only requires training a single model rather than two separate ones.

We now use our discrete diffusion algorithm to build a world model on top of observation tokens.

4.3 LEARNING A WORLD MODEL

For an autonomous agent, the environment can be viewed as a black box that receives an ac-
tion and outputs the next observation. A world model is a learned generative model that can be
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