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Appendix

In the Appendix, we first outline related works in Sec. A. We then demonstrate implementation details
for data and models in Sec. B to supplement Sec. 2 in the main paper. Additional results are included
in Sec. C to supplement Sec. 3 in the main paper. We discuss the limitations and broader impact
of our work in Sec. D, and list the license of all assets in Sec. E. We also include some qualitative
samples in the submitted demo_videos folder.

A Related Work

A.1 World Model

World models are considered as the abstraction of the open world, and having this kind of common
sense greatly helps to learn new skills effectively, thus leading to high-level intelligence [1]. Under
the definition of world models following the Dreamer series [2, 3, 4], they represent the transition
of environmental dynamics, taking the past states or observations and policy’s actions as input,
and generating the next (latent) state together with an estimation of the reward. They also feature
long-term prediction with continuous rollouts [5].

Abundant literature has explored world models in traditional policy learning tasks, especially utilizing
the look-ahead property to learn efficient representations [6], conduct sampling-based planning [7, 8,
9], and enable model-based reinforcement learning [5, 2, 3, 4].

Taking a step further, researchers in applications have successfully employed world models in
simulated games [10, 11, 12, 2, 3, 4], navigation [13, 14], and robotics [15, 16, 17, 18]. However, to
learn and apply a world model requires extensive exploration and interaction with the environment,
leading to the above advancements mostly being developed in simulation or constrained environments.
It is infeasible to obtain diverse hazardous driving movements in the real world [19, 20]. In this work,
for the first time, we address this challenge by leveraging heterogeneous data and transferring rewards
learned from simulation to diverse real-world scenarios.

A.2 Predictive Model for Driving Scenes

Driving Scenes are significantly unstructured, dynamic, and complex, compared to standard policy
learning environments such as Atari [21], DM Control [22], ViZDoom [23], efc. In order to effectively
encode observations and facilitate restoring future environments, a wide span of representations have
been explored to build the world state, including the bird’s-eye-view (BEV) representation [24, 25, 26],
point clouds [27, 28, 29], 3D occupancy [30, 31], and images [32, 33, 34, 35]. Meanwhile, these
works mainly focus on public driving datasets, which are still limited in scales to achieve strong
generalization ability. Inspired by the rapid growth of visual generative models [36, 37] and the
increased data volume captured by cameras with low costs [38, 39, 40], recent world models that
imagine future states in image sequence (i.e., video) yield encouraging results in visual fidelity and
generalization [38, 41, 35].

Unfortunately, prior methods still struggle to fulfill the mission of faithful simulation. Due to
the insufficient learning of scenario dynamics, their imagination quality significantly degrades in
challenging cases and long-horizon predictions [38, 41]. They also fall short in simulating negative
consequences, such as car crashes, in response to bad ego actions, since they are mainly established
on human driving logs, which are biased toward safe executions. Furthermore, the core problem for
driving world models, how to deduce the reward for a given action and apply the world model for real-
world driving problems, is largely understudied. In particular, with high dimensional observations and
complex relationships between agents and the environment, specifying rewards for open-world driving
scenarios is challenging compared to goal-conditioned reward specifications [42, 8, 13]. Among
the previous works, Wang et al. [43] propose to construct rule-based rewards with off-the-shelf 3D
perception models [44, 45], yet these models are sensitive to sensor configurations like camera poses
thus hard to generalize [46]. Uncertainty-based rewards in Vista [41] struggle to consider specific
types of behaviors such as off-route actions. Our work meticulously investigates these challenges to
facilitate planning and simulation.
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A.3 Video Generation

In recent years, deep generative models have made remarkable strides in both image generation [47,
36] and video generation [48, 37, 49, 50]. Recent studies [51, 52] introduce the diffusion transformer
architecture [53] to video generation and achieve impressive spatiotemporal consistency. However,
existing video generation models trained with large-scale web data are not directly applicable as
driving world models due to their imperfect prediction of driving scenarios and lack of action
controllability [39]. We bridge the gap with novelly designed model structures and training protocols.

B Implementation Details

B.1 Dataset

Our guiding observation is that each data corpus has distinct characteristics and limitations in terms
of scenario diversity, planning labels feasibility, and the degree of danger, as depicted in Main
Fig. 1(a). Based on that, we propose compiling our training data from diverse sources to integrate
their complementary features to cover a wide scope of scenarios and ego actions. We specify each
type of data source as follows.

Universal Driving Videos. Building a world model that generalizes to arbitrary scenarios requires
learning from massive data with a wide coverage [15, 39, 40]. Therefore, we leverage the OpenDV
dataset [39], which is the largest public driving video dataset, to pillar the scenario generalization of
our world model. OpenDV dataset includes 1700 hours of uncalibrated front-view driving videos
captured worldwide with a wide coverage of scenarios and camera configurations. The uncalibrated
nature of this dataset allows the learned model to seamlessly adapt to new camera settings. We
pseudo-labeled the dataset with high-level driving commands, including “Turning left”, “Moving
forward”, and “Turning right”, by estimating the flow via the OpenCV toolkit [54]. During
training, we assign a high sampling rate (5x) to video sequences with turning actions based on the
driving command, as these cases are generally more challenging to learn than the forward movement.
As aresult, we collect 4M video clips from OpenCV datasets.

Expert Driving Data. Despite the large data volume and high diversity of online driving videos, these
videos do not provide detailed annotations for ego actions, e.g., ego trajectories, which are critical for
learning world models with required action conditions [5]. The absence of such action annotations
calls for the need to incorporate expert driving datasets that are rigorously curated and labeled.
Therefore, we include a public driving dataset NAVSIM [55] into our compilation. We intentionally
exclude commonly used nuScenes [56] and Waymo [57] datasets from training, and leverage them
for held-out evaluation. Specifically, 85K data samples from navtrain split of NAVSIM [55] are
included in training.

Explorable simulated data. Both online driving videos and expert driving datasets are produced
by human drivers. The lack of suboptimal data would hinder the world model’s ability to emulate
non-expert behaviors and corresponding outcomes, e.g., collisions. We randomly sample from 220
predefined routes in the Bench2Drive benchmark [58], varying the weather and time of day to enhance
scenario diversity. We deploy two agents to explore the simulated environment while collecting data:
One uses a well-established driving policy, PDM-Lite [59], to collect data from successful executions.
Another agent for collecting non-expert data is implemented by rule-based explorations to cover
a larger action space. This agent randomly samples a control configuration for steering angle and
throttle and a behavior pattern from a predetermined set to execute. The total number of successful
and hazardous execution cases is 88K, with each type accounting for roughly half the amount.

B.2 Model and Training

ReSim World Model. The architecture of ReSim is adapted from CogVideoX [51], consisting of a
2B diffusion transformer (DiT) as denoising backbone, a TS encoder [60] for language encoding, a 3D
Causal VAE that compresses raw videos into a compact latent space. Alongside language conditions
for high-level driving command, we additionally devise a lightweight trajectory encoder, composed of
two attention blocks and a linear head, to integrate the action condition into the DiT input. The overall
architecture is depicted in Fig. S.1 with some of our designs highlighted. Besides our key innovations
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Figure S.1: Overview of ReSim world model. Learning from heterogeneous data compilation (Main
Sec. 2.1), ReSim features designs specified in Main Sec. 2.2.

Table S.1: Optimization configurations for different learning stages. Traj. Enc.: Trajectory
Encoder, Res.: Resolution, BS: Batch Size, LR: Learning Rate.

Stages DiT LoRA Traj. Enc. Dataset Res. BS LR  Steps
1) Trainable - - OpenDV 512x896 80 le”® 20K
2) Frozen Trainable  Trainable = OpenDV, NAVSIM, CARLA 256x448 160 b5e~ 5 80K
3) Trainable Trainable Trainable OpenDV, NAVSIM, CARLA 512x896 80 5e~ 5 50K

stated in Main Sec. 2, we also apply a conditioning augmentation strategy following [61, 12] to
corrupt the video latent of historical observations to mitigate the error accumulation issue of long-term
rollout. Similar to [12], the diffusion timesteps for historical context (t-aug) and future prediction (t)
are separately sampled during training, while t-aug is always set to 0 during inference. This strategy
improves the robustness of ReSim for multi-round prediction.

To enable classifier-free guidance for sampling [62], we randomly drop the textual command with a
probability of p = 0.5. Similarly, we also drop the conditional ego trajectory at p = 0.5 for NAVSIM
samples. However, we retain the ego trajectory for all CARLA samples without dropout, since
their abnormal and hazardous behaviors cannot be accurately inferred from historical observations
only and require explicit trajectory as guidance. Moreover, exposing the model to unconditioned
hazardous behaviors could interfere with the learning of expert patterns from NAVSIM. Detailed
learning configurations for different stages are included in Tab. S.1. All training stages are conducted
on 40 A100 GPUs, and the total training duration is around 14 days.

Video2Reward Model. Video2Reward model consists of a pretrained DINOv2 [63] as backbone,
and a prediction head that outputs a scalar reward. For each video sequence, all video frames are
first processed separately via the image-based DINOv2 backbone. All image features are then passed
to the prediction head, which aggregates all features via two consecutive spatial-temporal attention
blocks and further predicts a scalar reward via an MLP.

Learning from our collected CARLA data only, Video2Reward model is supervised by the Infraction
Score recorded from the CARLA simulator for each sample, which is a comprehensive evaluation of
the ego driving performance [64] and penalizes behaviors such as collisions, traffic light violations,
off-road deviations, and unreasonable low speed. It is trained for 20 epochs on a random subset of
35K samples from our CARLA data. We use the AdamW optimizer [65] with a learning rate of
1 x 1073, All video sequences are resized to 224 x224 as input to this model.

Inverse Dynamics Model. Inverse dynamics model (IDM) estimates the ego trajectory from a video
clip [66, 41]. Throughout our experiments, there are two parts that require the use of IDM, i.e., the
Trajectory Difference evaluation of expert action controllability (Main Sec. 3.1) and the application
of video prediction-based policy (Main Sec. 3.2). These two IDMs are trained separately on different
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Figure S.2: Example of human evaluation. Participants are presented with synthesized videos of
three anonymous candidate models. The order of different models’ generations is shuffled for each
testing scenario.

datasets, yet share the same architecture with a visual odometry backbone from XVO [67] and a
lightweight attention head that outputs the ego trajectory with 8 waypoints in 2Hz.

For the Trajectory Difference of expert action controllability, the IDM transform model’s action-
control prediction into an estimated trajectory, and then we measure how closely the estimated
trajectory matches the ground truth according to their L2 distance. A lower distance signifies a better
action controllability of the driving world model. This IDM is trained on Waymo training set [57] for
40 epochs with a learning rate of 1 x 10~*. For video prediction-based policy, the IDM transforms
ReSim’s action-free prediction (without command and ego future trajectory as condition) into an
executable trajectory for planning. The IDM is trained on navtrain split of NAVSIM for 100 epochs.
The learning rate for first 50 epochs is 1 x 10~* and decreases to 1 x 10~° for the last 50 epochs.

Visual Odometry(VO)-based Planner. The VO-based planner is utilized as a baseline for video
prediction-based policy as in Main Tab. 4, and an agent that drives within the simulated world of
ReSim for closed-loop visual simulation as in Main Fig. 8. It shares similar architecture and training
to the aforementioned NAVSIM IDM. The only difference is that, instead of ingesting the whole
video sequence containing both history and future frames as NAVSIM IDM, the VO-based planner
takes historical frames as input only, without any explicit clue of the future observations.

B.3 Sampling

With ReSim, each short-term future video is simulated by sampling with the DDIM sampler [68]
for 50 steps. The simulated outcome is a 4s video sequence in 10Hz with a resolution of 512 x896.
The input conditions include 9 frames of historical observations in 10Hz, an optional high-level
command, and an optional ego trajectory with 8 future waypoints in 2Hz. The high-level com-
mand is in one of “Turning left”, “Moving forward”, and “Turning right”, and is clas-
sified either by estimated flow for OpenDV dataset [39] or ego trajectory for action-annotated
datasets like NAVSIM [55] following common practice in [69, 70]. We always apply a prefix
prompt, “This video depicts a realistic view from the driver’s perspective of
a car driving on the road.”, concatenated with the textual command for both training and
sampling. Empirically, this prefix helps guide the model to generate driving scenarios. Following
CogVideoX [51], we apply a decreasing classifier-free guidance strategy with guidance scale starting
from 7.5 and gradually decreasing to 1. To synthesize a longer future beyond the training horizon (4s),
we can leverage the last 9 frames from the newly generated sequence as the context for next-round
prediction iteratively. Simulating a 4-second video sequence takes two minutes on a single Nvidia
A100 GPU.

B.4 Human Evaluation

The human evaluation for non-expert action controllability (Main Sec. 3.1) is conducted with 15
participants and 40 questions for each participant, resulting in 600 answers in total. As showcased
in Fig. S.2, each participant is requested to choose their preferred one among the synthesized video
of three candidate models for each evaluation aspect. The candidate models are Vista [41], ReSim
w/o simulated data, and ReSim (ours), and the evaluation aspects are Visual Realism and Trajectory
Following. The association of different models and their generations is anonymous to participants.
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C Additional Results

C.1 Action Controllability

We provide additional visualizations for zero-shot action controllability in Fig. S.3 and Fig. S.4 for
nuScenes and Waymo samples, respectively. Both datasets are unseen during training. Qualitative
results demonstrate that ReSim can be flexibly controlled by both ground-truth trajectory (expert
action) and randomly associated trajectory (non-expert actions).

C.2 Ablation Study for Simulated Data

As shown in Fig. S.5, jointly training with simulated data improves the controllability of ReSim
in open-world scenarios. Samples are from OpenDV validation set [39] with randomly associated
trajectories from other labeled datasets.

C.3 Action-free Prediction

We show the action-free prediction ability of ReSim in Fig. S.6. When conditioned on historical
frames only without action inputs, ReSim synthesizes a possible future outcome, that might differ
from the ground-truth due to the multi-modality of driving scenarios [71].

C.4 Long-horizon Prediction

We compare ReSim with Vista [41] on long-horizon prediction in Fig. S.7. Starting from the same
scenario, ReSim can emulate a more visually rich future in a longer horizon. This generation process
does not use any action conditions, and both models perform multi-round rollouts that iteratively
condition on the previously generated sequence to extend the prediction horizon.

C.5 Failure Mode

Although ReSim exhibits improved fidelity and controllability over previous methods, it still faces
challenges as in Fig. S.8. We discuss the limitation in Sec. D (Societal Impact).

D Limitations and Broader Impact

Inference Efficiency. Despite the improved fidelity and controllability of our proposed ReSim, its real-
world application is still potentially bottlenecked by the inference efficiency since diffusion models
typically require multiple rounds of denoising process to ensure the generation quality [43, 37, 41].
To improve the inference latency, one potential solution is to reduce the number of denoising steps
during the sampling phase. Recent advances in robotics [72] have proven that even with a single
forward pass of the generative denoising network, the produced representation would greatly benefit
downstream planning performance. Another approach is to distill a large yet slow diffusion model
into a smaller one, which can be real-time deployed [73, 74].

World Model for Policy Training. Besides the onboard deployment of the heavy world model,
another promising direction is to apply the world model as an dynamic environment to train policies [5,
2, 75]. This is beneficial as we can then deploy the policy to the autonomy directly, instead of the
world model, upon the training convergence of the policy model. Inspired by the tremendous success
of large-scale policy learning within the abstract simulator without visual signals [76], the proposed
ReSim offers a great opportunity to reproduce and go beyond the human-level robustness in the
regime of vision-based driving [69, 77] by scaling up ReSim’s visual simulation. We will follow this
research direction in future work.

Closed-loop Benchmark. As illustrated in the results in Main Sec. 3.2, ReSim can reactively
expose the policy to new states beyond the human driving logs when serving as a closed-loop visual
simulator, in contrast to current predominant evaluation benchmarks for end-to-end autonomous
driving [56, 57, 55]. However, since ReSim is trained on front-view observations only, common
planning methods with multi-view camera inputs, such as UniAD [69] and VAD [77], cannot be
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readily applied in such simulation. Moreover, how to fairly benchmark different policies quantitatively
using ReSim is still worth exploration.

Societal Impact. Though meticulously developed with state-of-the-art performance shown in the
results, ReSim might still exhibit uncontrollable visual artifacts in generation due to the stochastic
nature of the diffusion framework. It might also hallucinate in complex scenarios with multiple agents
involved, and further pose risks for downstream applications. Despite the training on large-scale
datasets, the uncurated data distribution, such as geographical regions, might lead to biased behavior
of the learned model. We hope our work could shed light on the construction of open-world neural
simulation for physical intelligence spanning both driving and robotics, by leveraging the visual
richness of the real world and the action flexibility of the simulated world collectively.

E License of Assets

Our training and evaluation are conducted on publicly licensed datasets and benchmarks [56, 78, 57,
55, 39]. To improve action diversity, we collected some data from the CARLA simulator [79] under
the CC-BY License. The scenario configurations for the CARLA data follow Bench2Drive [58] under
CC BY-NC-SA 4.0. ReSim is developed upon CogVideoX [51], with both code and model under
the Apache License 2.0. We adopt public visual encoders, including DINOv2 [63] (under Apache
License 2.0) and XVO [67] (under CC BY-NC-SA 4.0) for the construction of our Video2Reward
and inverse dynamics model, respectively. Vista [41] is leveraged as a comparative baseline, which is
under Apache License 2.0. We will release our code and models under the Apache License 2.0.
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Figure S.3: Visualizations for zero-shot action controllability on nuScenes. The expert actions are
recorded ground-truth from the driving log, while actions are randomly sampled from
other scenarios. Best viewed zoomed in.
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Figure S.4: Visualizations for zero-shot action controllability on Waymo. The expert actions are
recorded ground-truth from the driving log, while actions are randomly sampled from
other scenarios. Best viewed zoomed in.



w/ Simulated Data

Figure S.5: Additional ablations for incorporating simulated data in training. Simulated data
improves controllability of ReSim for actions. Historical frames are not shown for brevity.
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Figure S.6: Visualizations for action-free future prediction. ReSim can predict the future without
action conditions by inferring from historical frames only.



Figure S.7: Long-term future prediction. Compared to Vista whose prediction fidelity severely
degrades in 15s, ReSim can predict consistent future states with rich details in more than 30s.

Figure S.8: Failure modes. ReSim still struggles in certain scenarios, such as falsely crossing the
parapet, poor consistency for occluded objects, and producing visual artifacts for extreme cases. Best
viewed zoomed in.
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