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Abstract

This paper describes our team USTC IAT United’s 1st-001
place solution for CVPR 2024 Autonomous Grand Chal-002
lenge Track on Predictive World Model. The objective of003
this challenge is to introduce a world model which can pre-004
dict future states based on the current state. To achieve this,005
we first utilize high-quality autonomous driving datasets006
with multiple camera views for self-supervised training.007
Next, we improve the competition baseline to predict fu-008
ture point clouds. Specifically, we use a pre-trained BEV009
encoder as a feature extractor and enhance the temporal010
alignment module within the BEV encoder. We then uti-011
lize a Latent Rendering operator to extract more distinc-012
tive and representative features and improve the attention013
mechanism within the Transformer Decoder. Finally, we014
output the predicted future point clouds. Our ViDAR++015
achieves a CD@overall (Chamfer Distance) of 0.6615 on016
the the OpenScene Private-Test set.017

1. Introduction018

Autonomous driving applications [11, 17] require inte-019
grated perception, prediction, and planning, which involve020
features of semantics, 3D geometry, and temporal informa-021
tion. However, traditional pre-training methods face signif-022
icant challenges because they rely on costly manual anno-023
tations (such as semantic class labels, bounding boxes, and024
trajectories) or require high-precision city HD maps, limit-025
ing their scalability on large-scale unlabelled datasets. To026
address these issues, researchers have proposed a new pre-027
training task: visual point clouds forecasting [16], which028
aims to predict future point clouds from historical visual in-029
puts. This is essential for planning and decision-making in030
autonomous driving systems. Visual point clouds forecast-031
ing offers two main advantages: (1) Collaborative Learn-032
ing [6]: The task requires the model to learn semantics, 3D033
structure, and temporal dynamics simultaneously. This col-034
laborative learning enables the model to perform better on035

Figure 1. The overall pipeline of point prediction, which builds on
ViDAR [16] and outputs point clouds.

various downstream tasks. (2) Self-Supervised Training [1]: 036
Visual point clouds forecasting does not require expensive 037
annotated data but instead uses self-supervised training on 038
unlabelled LiDAR [9] sequences, making it more scalable. 039

The purpose of this challenge is to use world model 040
to predict future frames. Serving as an abstract spatio- 041
temporal representation of reality, the world model can pre- 042
dict future states based on the current state. The learning 043
process of world models has the potential to provide a pre- 044
trained foundation model for autonomous driving. Given 045
vision-only inputs, the neural network outputs point clouds 046
in the future to testify its predictive capability of the world. 047
As shown in Fig. 1, given a visual observation of the world 048
for the past 3 seconds, predict the point clouds in the future 049
3 seconds based on the designated future ego-vehicle pose. 050

In this work, we present a multi-stage framework con- 051
sisting of two stages: Self-Supervised Training and Point 052
Clouds Prediction. Our contributions are outlined below: 053
(1) Multi-View Self-Supervised Training. We believe that 054
for visual BEV extractors, contrastive learning methods can 055
initially capture potential features from multi-view images. 056
To enhance BEV feature extraction, we propose a multi- 057
view self-supervised training method. (2) Temporal Atten- 058
tion. We improve the traditional temporal cross-attention 059
mechanism by aligning and fusing BEV feature maps at two 060
different times based on spatial positions. We apply the im- 061
proved temporal attention in both the BEV Encoder and the 062
Transformer Decoder. 063
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Figure 2. The architecture of our proposed method. We present a two-stage framework. (a) Multi-View Self-Supervised Training: We
use contrastive learning to train multi-view camera images; (b) Point Clouds Prediction: We input the multi-view image to be trained, we
read the BEV Encoder pre-trained in the previous stage, and output the final point clouds prediction through each subsequent module.

2. Method064

This section introduces the details of our 1st-place method.065
The overall architecture of our approach is shown in Fig. 2.066
First, we introduce the self-supervised training process, de-067
tailing our training methods and the improvements made to068
various modules within the encoder. These enhancements069
help the model better extract BEV features. Next, we de-070
scribe the point clouds prediction process, focusing on the071
improvements made to the baseline model ViDAR [16] in072
its various modules. Our approach involves improvements073
based on the baseline method, named as ViDAR++. The074
more technical details are presented in this section.075

2.1. Self-Supervised Training076

Elaboration. To better extract BEV features, we propose077
a multi-view self-supervised training method for this com-078

petition. Similar to MoCo [7], we believe that contrastive 079
learning can initially capture the latent features of multi- 080
view images. This approach makes the network more stable 081
and converges more rapidly compared to networks initial- 082
ized randomly. 083

Our pre-training framework is illustrated in the diagram 084
shown in Fig. 2 (a). Firstly, we apply data augmenta- 085
tion techniques including RandomResizedCrop, ColorJitter, 086
RandomGrayscale, and GaussianBlur [13] to the input un- 087
labeled images. Additionally, both our training encoder and 088
momentum encoder utilize our proposed BEV encoder. We 089
set the training batch size as a multiple of 8. In contrastive 090
learning, the positive samples are images taken from differ- 091
ent perspectives by eight cameras at the same frame, while 092
the negative samples are the remaining samples in the batch, 093
i.e., multi-view images from different frames. The positive 094
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and negative samples undergo two different data augmen-095
tations to obtain xq and xk, respectively. Then, xq and xk096
are fed into the encoder and momentum encoder to obtain097
features q and k. Subsequently, the similarity between the098
features of the positive and negative samples is calculated.099
Finally, the network is updated based on these similarities.100
Throughout the training process, we use Noise Contrastive101
Estimation (NCE) [5] loss to ensure the maximization of102
output similarity between each image and its augmented103
version.104

BEV Encoder. Similar to BEVFormer [10], our BEV en-105
coder consists of six layers, each following the traditional106
Transformer structure but with three custom designs: BEV107
queries, spatial cross-attention, and temporal self-attention.108
Specifically, BEV queries are grid-like learnable parame-109
ters aimed at querying features in BEV space from multi-110
camera views through an attention mechanism. Spatial111
cross-attention and temporal self-attention are attention lay-112
ers used in conjunction with BEV queries to locate and113
aggregate spatial features from multi-camera images and114
temporal features from historical BEVs, respectively. We115
mainly improve the temporal attention module to achieve116
BEV temporal alignment and fusion.117

Temporal Attention Module. Fig. 3 (a) shows BEV maps118
at time t − 1 and time t, where the two BEV maps differ119
in angle and have spatial displacement. Fig. 3 (b) illustrates120
the principle of temporal alignment. Specifically, the BEV121
map at time t − 1 is resampled at the spatial positions of122
the BEV map at time t to obtain a new BEV map at time123
t− 1, corresponding to the spatial positions at time t. Then,124
the new BEV map at time t − 1 and the BEV map at time125
t are concatenated along the channel dimension to obtain a126
concatenated BEV. This concatenated BEV has completed127
spatiotemporal alignment. Next, the channel vector value128
at each spatial position is updated to get a new fused BEV129
map at time t. For example, at spatial position (n,m), to130
find the channel vector value at (n,m) in the new BEV map131
at time t, first, the channel vector value at (n,m) is obtained132
from the concatenated BEV map. Then, k relative feature133
index positions and weights are calculated. In the second134
step, the required feature 1 is obtained directly at (n,m) in135
the BEV feature map at time t based on the relative feature136
index positions and weights. In the third step, the required137
feature 2 is obtained at (n,m) in the new BEV feature map138
at time t − 1 based on the relative feature index positions139
and weights. Finally, the two features are averaged to get140
the channel vector value at (n,m) in the new BEV map at141
time t. This completes the BEV temporal alignment and142
fusion.143
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Figure 3. Our improvement plan for the temporal block.

2.2. Point Clouds Prediction 144

The Point Clouds Prediction stage is an end-to-end training 145
process. After completing self-supervised training, we uti- 146
lize the pre-trained weights to initialize the BEV Encoder. 147
Next, we proceed with supervised end-to-end training us- 148
ing labeled data. Our method is based on ViDAR [16], 149
with improvements made to the Future Decoder. These 150
improvements enhance the temporal coherence of the pre- 151
dicted point clouds. The overall architecture comprises 152
three components: (a) a BEV Encoder, which serves as 153
the target structure for pre-training, extracts BEV embed- 154
dings Fbev from visual sequence inputs I. The encoder we 155
use refers to the structure of BEVFormer [10]; (b) a Latent 156
Rendering operator, this component has the same structure 157
as in ViDAR, which simulates the volume rendering pro- 158
cess in latent space to derive the geometric embedding F̂bev 159
from Fbev; (c) a Transformer Decoder, which predicts fu- 160
ture BEV features F̂t at timestamps t ∈ {1, 2, ...} in an 161
auto-regressive manner. Subsequently, a prediction head is 162
utilized to project F̂t into a 3D occupancy volume Pt, ensur- 163
ing accurate spatial representation of the environment. In 164
the Temporal Cross-Attention within the Transformer En- 165
coder, we also apply previous improvements to the temporal 166
module to better integrate temporal relationships. 167

3. Experiment 168

In this section, we first provide a brief introduction to the 169
relevant dataset adopted, then state the details of the experi- 170
mental implementation. Finally, we present the correspond- 171
ing experimental results. 172

3.1. Dataset and Metrics 173

Dataset. During the Self-Supervised Training phase, we 174
primarily utilize the large-scale public datasets Waymo [14] 175
and nuScenes [3], leveraging numerous unlabeled multi- 176
view images for pre-training. Specifically, the Waymo 177
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Table 1. Ablation experiment results on the OpenScene mini set.

Methods CD@0.5s ↓ CD@1.0s ↓ CD@1.5s ↓ CD@2.0s ↓ CD@2.5s ↓ CD@3.0s ↓ CD@overall ↓

Baseline 0.7970 0.9425 1.0726 1.2022 1.3497 1.5122 1.1460

Baseline+Temporal Attention Module 0.7134 0.8903 0.9583 1.1447 1.2806 1.4793 1.0778
Self-Supervised+Baseline 0.6278 0.7570 0.8602 0.9403 1.0803 1.1366 0.9004

Proposed 0.5531 0.6590 0.7604 0.8588 0.9659 1.0939 0.8152

Table 2. The final leaderboard of Predictive World Model Challenge. We ranked 1st on the OpenScene Private-Test set.

rank id CD@0.5s ↓ CD@1.0s ↓ CD@1.5s ↓ CD@2.0s ↓ CD@2.5s ↓ CD@3.0s ↓ CD@overall ↓

1 USTC IAT United 0.5448 0.5883 0.6316 0.6874 0.7289 0.7878 0.6615
2 Huawei-Noah & CUHK-SZ 0.5596 0.6903 0.7858 0.8485 0.8909 0.9996 0.7958
3 mcchi 0.7669 0.8211 0.8842 0.9574 1.04 1.1677 0.9396

Open Dataset is a high-resolution sensor dataset collected178
by Waymo autonomous vehicles under a variety of driving179
conditions. Currently, the dataset includes 1,950 segments,180
each containing 20 seconds of continuous driving footage.181
It features multimodal sensor data such as LiDAR, cameras,182
GPS, and IMU. These sensors capture a wealth of informa-183
tion across diverse environments, including day and night,184
dusk and dawn, sunny and rainy conditions, as well as ur-185
ban centers and suburban areas. nuScenes is the first large-186
scale dataset to provide data from the entire sensor suite187
of an autonomous vehicle, including six cameras, one Li-188
DAR, GPS, and IMU. The nuScenes dataset contains 1,000189
driving scenes, each lasting 20 seconds, and annotated at a190
frequency of 2Hz. The nuScenes dataset is widely used for191
research and development in autonomous driving technol-192
ogy, particularly for challenging urban driving scenarios. In193
the subsequent Point Clouds Prediction phase, we exten-194
sively validate the proposed ViDAR++ on challenge dataset195
OpenScene [12].196

Metrics. The Chamfer Distance [15] is used to measure the197
similarity between two sets of points, which represent the198
shapes or contours of two scenes. It compares the predicted199
shape to the ground truth shape by calculating the average200
nearest neighbor distance from each point in one set to the201
other set (and vice versa). For this challenge, we compare202
the Chamfer Distance between the predicted point clouds203
and the ground truth point clouds within the range of -51.2204
meters to 51.2 meters.205

3.2. Implementation Details206

We implement our proposed model using the PyTorch207
framework. Here are the details of the training process: (1)208
Self-Supervised Training Stage. During the self-supervised209
training phase, we train the BEV Encoder using 16 NVIDIA210

A100 GPUs. The batch size is set at 64 with Stochastic Gra- 211
dient Descent (SGD) [2] and a base learning rate of 0.05. 212
The training comprises 100 epochs, and the queue size for 213
the momentum encoder is 3,276,800. Similar to the en- 214
hancements described in MoCoV2 [4], we utilize the same 215
loss function and data augmentation techniques; (2) Point 216
Clouds Prediction Stage. During this phase, we train the 217
model on 32 NVIDIA A100 GPUs. The training involves 218
using 5 frames of historical multi-view images and iterating 219
the Transformer Decoder 6 times to predict point clouds for 220
the upcoming 3 seconds, with each frame spaced 0.5 sec- 221
onds apart. To save GPU memory, we detach gradients of 222
other predictions at each training step. The system under- 223
goes 8 epochs of pre-training using the AdamW [8] opti- 224
mizer with an initial learning rate of 2e-4, which is adjusted 225
via a cosine annealing strategy. 226

3.3. Ablations Studies 227

The ViDAR [16] model is used to form the baseline net- 228
work. In order to verify the effectiveness of the our pro- 229
posed method, we design a set of ablation experiments 230
and evaluate them on the OpenScene dataset. Consider- 231
ing the training and testing sensor datasets total approxi- 232
mately 2TB, we conduct our ablation experiments by train- 233
ing and validating on a mini set. The combination method 234
is as follows: (1) Baseline: original ViDAR model; (2) Self- 235
Supervised+Baseline: On the basis of (1), use pre-trained 236
BEV encoder; (3) Baseline+Temporal Attention Module: 237
On the basis of (1), use improved timing modules in BEV 238
Encoder and Transformer Decoder. 239

3.4. Final Result 240

The final result of the Predictive World Model Challenge 241
is shown in Tab. 2. Our method shows a much stronger 242
performance compared to the 2nd solution. 243
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