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Abstract

Driving world models are used to simulate futures by video
generation based on the condition of the current state and
actions. However, current models often suffer serious error
accumulations when predicting the long-term future, which
limits practical applications. Recent studies utilize the Dif-
fusion Transformer (DiT) as the backbone of driving world
models to improve learning flexibility. However, these models
are always trained on short video clips, and multiple roll-out
generations struggle to produce consistent and reasonable long
videos due to the training-inference gap. To this end, we pro-
pose several solutions to build a simple yet effective long-term
driving world model. First, we hierarchically decouple world
model learning into large motion learning and bidirectional
continuous motion learning. Then, considering the continuity
of driving scenes, we propose a simple distillation method
where fine-grained video flows are self-supervised signals for
coarse-grained flows. The distillation is designed to improve
the coherence of infinite video generation. The coarse-grained
and fine-grained modules are coordinated to generate long-
term and temporally coherent videos. On NuScenes, compared
with the state-of-the-art front-view models, our model im-
proves FVD by 27% and reduces inference time by 85% for
the video task of generating 110+ frames.

Code —
https://github.com/Wang-Xiaodong1899/Long-DWM

Introduction
World models are used to predict the environment dynam-
ics of different actions based on the current state (Ha and
Schmidhuber 2018; LeCun 2022), which is very important
for autonomous driving. Earlier works design world mod-
els in latent feature space (Hafner et al. 2019, 2020, 2023),
and could facilitate the learning of control policies (Ebert
et al. 2018; Dosovitskiy et al. 2017; Tassa et al. 2018). To
improve the interpretability and interoperability to the hu-
man driver, several works use controllable video generation
technology to build driving world models (Hu et al. 2023;
Wang et al. 2023b,c; Gao et al. 2024b), and video generators
also achieved promising results as world simulators (OpenAI
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2024; Kong et al. 2024). For driving world models, long-
term prediction capability is essential to deliver accurate and
reliable guidance for current decision-making.

However, serious error accumulations are easy to observe
when driving world models predict the long-term future,
which limits the practical application. The essential reason is
that long video generation is a challenging task, and needs to
bridge the gap between general scenarios and driving scenar-
ios, especially in driving tasks with large motion. It requires
generated videos to have long-term coherent, reasonable and
accurate scene development. The first challenge comes from
the training-inference gap. Current driving world models
train diffusion models in short clips with high fps, such as
Vista (Gao et al. 2024b), a state-of-the-art model based on a
U-Net backbone trained on 25-frame clips with 10 fps, which
encounters serious error accumulation when rolling out long
videos, as shown in the first row in Fig. 1. Training with short
clips and continuous frames can be regarded as a “free lunch”,
since frames with short duration and high fps with smoother
temporal distribution for easier learning, and it is widely used
in driving or the general domain, such as a state-of-the-art
model CogVideoX (Yang et al. 2024b) based the Diffusion
Transformer (DiT) backbone (Peebles and Xie 2023). But
these models tend to generate only smoother temporal motion
and often produce significant error accumulation.

The second challenge is the gap between general scenarios
and driving scenarios. If we use a general video generator
such as CogVideoX to roll out long videos from a static driv-
ing scene, as shown in the second row in Fig. 1, although it
is a powerful model utilizing DiT in open-domain, and alle-
viates the accumulation of edge distortion to some extent, it
still produces blurred frames and unrealistic motion. The po-
tential reason is that general scenarios and driving scenarios
differ significantly in some aspects, such as motion and scene
development. A direct way to bridge the gap is finetuning
in the driving scenario, such as adapting CogVideoX (Yang
et al. 2024b) into CogVideoXsft. However, unrealistic mo-
tion artifacts persist in this model, as shown in the third row
in Fig. 1. These two challenges have not yet been addressed.
This study attempts to address these challenges and builds
a simple long-term driving world model, and our model’s
long video prediction is shown in the last row in Fig. 1. Our
prediction result is significantly better than others, showing
clear details and consistent temporal dynamics.
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Figure 1: Long video generation comparison in the autonomous driving scenario. The results include Vista (Gao et al. 2024b),
CogVideoX (Yang et al. 2024b), CogVideoXsft and ours, the input first frame (f=1) is from the validation set of NuScenes (Caesar
et al. 2020). The result of Vista shows extremely blurred frames (e.g., yellow stripe), and the results of CogVideoX and variant
show unrealistic motion, while our model generates a realistic long-term future.

To address the above challenges, we propose several solu-
tions. For failure patterns of training-inference gap, previous
works (Zhao et al. 2025) point out that unrealistic motion
exist when rolling out long videos using CogVideoX and
HunyuanVideo (Kong et al. 2024). This phenomenon also
exists in the predictions of driving world models, such as the
error accumulations in the results of Vista and CogvideoXsft.
To eliminate the gap, some related works (Zhao et al. 2024;
Yin et al. 2023) use textual scripts to generate keyframes
for a long video and use image-to-video models to extend
keyframes. But these works only generate movies or cartoons.
To address the problem for driving world models, we decou-
ple the long-term learning into large motion learning (e.g.,
scene transitions) and small continuous motion learning (e.g.,
car motions). Decoupled learning naturally eliminates the
gap, because world models can first predict large motions
and then fill in with small continuous motions for driving.

For the gap between general scenarios and driving scenar-
ios, previous works (Zhao et al. 2024; Yin et al. 2023) only
focus on text-to-video, emphasizing that the plot develop-
ment of long videos needs to conform to given scripts. While
in driving world models, the target is to predict the long-term
future from the current state, i.e., the current image, and the
results of large motion prediction should maintain coherence
with the current state. To achieve this, for large motion learn-
ing, we construct a Coarse DiT training on coarse frames
for causal prediction, and video tokens are encoded indepen-
dently from each video frame using a low fps. No temporal
compression is used to preserve the details of each frame. For
small continuous motion learning, a Fine DiT is trained on
temporally compressed video tokens for causal and bidirec-
tional predictions, where the video frames have a high fps and
adjacent frames are compressed. Meanwhile, considering the

continuity characteristics of driving scenes, simply predicting
large motions leads to scene mutations and distortion. To this
end, we propose a simple flow distillation method. Intuitively,
fine-grained video tokens have better consistency than coarse-
grained video tokens, so we use the fine-grained priors to
guide the coarse-grained prediction. Given well-trained Fine
DiT and Coarse DiT, we first sample a continuous frame se-
quence where coarse frames are marked. We input all coarse
frames into a trainable Coarse DiT to obtain the coarse flow,
and input all continuous frame segments where the first and
last are coarse frames into the frozen Fine DiT to obtain fine
flows, where the flow is a one-step denoising output. The
distillation loss is an L2 loss between coarse flows and fine
flows at corresponding positions. This distillation regards
fine flows as self-supervised signals, thereby encouraging
the Coarse DiT to make more consistent predictions across
frames. Additionally, we propose a novel warp-guided con-
trollable video prediction method for Fine DiT to improve
the controllability. Our contributions are three-fold:

• proposes a simple yet effective long-term driving world
model, where the world model learning is firstly decou-
pled into hierarchical learning, including large motion
learning and bidirectional continuous motion learning.

• proposes a flow distillation method that fine video flows
are self-supervised signals for coarse video flows, prompt-
ing the consistency of coarse token predictions.

• Experiments on NuScenes dataset demonstrate our model
achieves state-of-the-art performances on the FVD metric
in all settings. In particular, compared with the state-of-
the-art front-view model Vista, our model improves FVD
by 27% and reduces inference time by 85% for the video
task of generating 110+ frames.
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Related Work
Video Generation
Video Diffusion Models Diffusion models have made great
progress in video generation. Early works usually leverage
a pretrained text-to-image model (Rombach et al. 2022) and
insert temporal layers into the base architecture and con-
tinue train on video-text paired data (Wang et al. 2023a;
Blattmann et al. 2023b; Guo et al. 2023; Blattmann et al.
2023a). (Blattmann et al. 2023b) inserts temporal convolu-
tion and temporal layers into base diffusion U-Net to adapt
the video generation task. (Yin et al. 2023) also inserts var-
ious temporal layers and other conditional layers into the
base architecture. Some works only train extra temporal lay-
ers (Blattmann et al. 2023b; Guo et al. 2023) and some works
fine-tune the full models (Blattmann et al. 2023a). Recently,
diffusion transformer (DiT) models have shown great im-
provement in video quality. (Peebles and Xie 2023) utilizes
Transformer as the backbone of diffusion models, which
prompts the text-to-video to reach a new milestone such as
Sora (OpenAI 2024). Following Sora, there are some impres-
sive open-sourced models, such as Vidu (Bao et al. 2024),
CogVideoX (Yang et al. 2024b), HunyuanVideo (Kong et al.
2024), etc. These work try to bridge the gap between the
open-source models and closed-source models.

Long Video Generation The main challenge for this task
is that long videos encounter error accumulation, resulting in
blurring and distortion of videos. Naturally, auto-regressive
models are more suitable for this since they can receive vari-
able video context and generate video frames with variable
length, which can alleviate error accumulation using slide
windows (Liang et al. 2022; Henschel et al. 2024), but also
face high memory pressure for a long sequence of video to-
kens. Diffusion models are always trained on video frames
with a fixed length, and most works train their models on
clips with high fps and short duration, due to GPU memory
limitation (Yang et al. 2024b; Kong et al. 2024; Bao et al.
2024). Some works utilize hierarchical approaches that first
generate keyframes and then interpolate continuous frames
between them (Yin et al. 2023; Zhao et al. 2024). However,
these works only focus on text-to-video, emphasizing that
the plot development of long videos needs to conform to
given scripts. For driving world models, future predictions
should maintain coherence with the current state. We propose
a novel distillation method to guide the long video generation,
instead of treating different granularities independently.

Driving World Model
Driving world models leverage the world model to predict the
environment dynamics of different driving actions based on
the current state. As predictive and generative models have
achieved great progress, based on these, driving world mod-
els have better instruction-following capabilities and higher-
quality predictions. GAIA-1 (Hu et al. 2023) proposes a driv-
ing world model based on diffusion models that leverages
video, text, and action inputs to generate future scenarios.
Some works (Wang et al. 2023b; Jia et al. 2023; Wang and
Peng 2025) build multi-modal driving world models to sup-
port video generation and action prediction. Besides video

and text, some works (Wang et al. 2023c; Gao et al. 2023)
utilize 3D annotations or multi-view inputs to predict future
scenarios with nuanced 3D geometry. Recent works expand
driving world models to the evolution predictions of 3D occu-
pancy (Zheng et al. 2025; Xu et al. 2025) or holistic models
for perception, prediction and planning (Zheng et al. 2024).
Vista (Gao et al. 2024b) proposes a driving world model with
higher resolution and versatile controllability that can gener-
alize to diverse scenarios. The most related works (Wu et al.
2024; Gao et al. 2024a; Jiang et al. 2024; Guo et al. 2025;
Li et al. 2024) focus on multi-view generation or occupancy
prediction using DiT, but train with short clips. However,
these models face error accumulations when predicting the
long future, while our method systematically addresses this.

Methodology
Coarse Diffusion Transformer
Previous methods train diffusion U-Nets or Transformers on
video clips with short duration and high fps, since these types
of clips have smoother temporal distribution for learning,
but these models are faced with error accumulation after
multiple rollouts for long video generation (Gao et al. 2024b).
To avoid relying on the above “free lunch” approach, this
paper proposes a novel Coarse Diffusion Transformer (CDiT)
trained on a few frames from long-duration clips. The CDiT
model offers more robust forward-looking predictions and is
capable of predicting large dynamic information.

Given a long video clip v, we first sample K frames using a
low fps (such as fps=1), denoted as coarse video frames vc =
{vc1, vc2, · · · , vcK}. There is greater dynamic information
between these coarse-grained frames, which the CDiT model
needs to learn. These coarse video frames are no longer
suitable for causal encoding by 3D-VAE, so we use 3D-VAE
to encode each coarse frame independently. The coarse video
latents are denoted as xc = {xc1, xc2, · · · , xcK}. Given the
latent x0 drawn from data distribution q(x0), and x1, · · · , xT

are latents of the same dimensionality as x0, the diffusion
process is defined as a Markov chain as below:

q(xt|xt−1) = N (xt;
√
αtxt−1, (1− αt)I), (1)

where αt > 0 is a scalar according to a specific noise sched-
uler at timestep t. We regard xc

0 := xc as the start point of
the forward process, and add random Gaussian noise ϵ:

xc
t =

√
ᾱtx

c
0 + (1− ᾱt)ϵ, ϵ ∼ N (0, I), (2)

where t is a random timestep and ᾱt := Πt
s=1αs.

The large dynamic information requires more fine-grained
video descriptions. Unlike Vista (Gao et al. 2024b) that uses
overly simplistic video annotations, we utilize a multi-modal
large language model (MLLM) (Zhang et al. 2024) to anno-
tate videos with more detailed annotations. More details can
be found in the Appendix. Given a detailed video prompt, we
utilize T5 (Raffel et al. 2020) to encode the prompt to a text
embedding p. Then, we design a image-to-video prediction
task in the latent space as follows:

Ldiffusion = Exc,p,ϵ,t∥Dc
θ(x

c
t , t, p, x

c1)− xc∥22, (3)

where Dc
θ is the CDiT denoiser that shares the same architec-

ture with CogVideoX (Yang et al. 2024b), and xc1 denotes
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Figure 2: The overall distillation framework. First, we decouple the long-term world model learning into a large motion learning
and a small continuous motion learning by designing a Coarse DiT and a Fine DiT to adapt to different granularities. Then,
we propose a novel flow distillation method between different granularities, i.e., using fine flows’ better priors to distill coarse
flows, which prompts the Coarse DiT to produce more consistent predictions. After a few hundred steps, our distillation process
effectively tunes the Coarse DiT well.

the first coarse frame of a random sampling clip, and the
embedded way is the same as (Wang et al. 2023a).

Learning the large dynamic information would affect the
structure and details of each individual frame, so we introduce
a latent structure preservation loss as follows:

Lstruct = Exc,p,ϵ,t∥H(Dθ(x
c
t , t, p, x

c1))−H(xc)∥22, (4)
where H denotes the 2D high-pass filter of frequency domain
in latent space. The final learning objective of CDiT is defined
as below:

Lcoarse = Ldiffusion + βsLstruct, (5)
where βs controls the importance of the preservation.

Fine Diffusion Transformer
Besides the ability to predict large dynamic information, fine-
grained details and reasoning information should also be
included in the long video prediction process. For example, if
there is a car around the ego car in the previous keyframe, but
the car is gone in the current keyframe, the correct reasoning
should be to fill in a segment of the car slowly driving away
between the two frames. To learn the video reasoning ability,
we design a versatile Fine DiT (FDiT) that learns both video
prediction and video interpolation. In this stage, we sample K
continuous frames from short-duration video clips, denoted
as vf = {vf1, vf2, · · · , vfK}. The continuous frames are
encoded to latents xf = {xf1, xf2, · · · , xfK} by a 3D-VAE.
We reuse the MLLM’s annotations and design the training
objective as below:

Lfine = Exf ,p,ϵ,t∥D
f
θ (x

f
t , t, p, x

f1, ẍfK)− xf∥22, (6)

where Df
θ denotes the FDiT denoiser, ẍfK denotes the last

frame xfK that would be dropped with a fixed ratio, and
FDiT learns causal prediction and bidirectional prediction,
that is, video prediction and video interpolation, and the two
tasks can help each other.

Fine-flow → Coarse-flow Distillation

The CDiT would sacrifice consistency to achieve large dy-
namic prediction, unlike previous hierarchical U-Net models
neglecting this problem (Yin et al. 2023), we instead propose
a novel distillation method that distills prior knowledge from
fine flow into the coarse flow of CDiT. Previous methods uti-
lize distillation to reduce denoising steps or computing time
in the same granularity flows, i.e., short-duration videos (Yin
et al. 2024b,a,c). We propose a simple distillation method
between different granularity. The fine flows in FDiT can
give more guidance to coarse flows since FDiT is good at
predicting fine-grained smooth temporal changes.

The overall illustration is shown in Fig 2. After training
both CDiT and FDiT models, we can initialize the distillation
process. Given a video clip v, we first sample a sequence of
frames using the same high fps as FDiT, and coarse frames
are marked, the sequence is denoted as below:

vd = {vc1, vf2, · · · , vc2︸ ︷︷ ︸
K items

, · · · , vcK}, (7)

where vd can be divided into segments of K − 1 consecutive
frames, and the first and last frames of each segment are
coarse frames. To distill the CDiT to have more consistent
predictions, we utilize the frozen FDiT to separately cope
with latents of each segment, and then the first and last latent
of each segment are concatenated together. Specifically, we
first randomly sample a timestep t and a Gaussian noise
with the same shape of latents. Then, each segment share the
same timestep and noise to predict the latents using one-step
denoising. The coarse frames {vc1, vc2, · · · , vcK} are also
added by same noise with timestep t and predict the coarse
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Model Extra data Backbone FID↓ FVD↓

DriveGAN (Kim et al. 2021) ✗ GAN 73.4 502.3
DriveDreamer (Wang et al. 2023b) ✗ U-Net 52.6 452.0
WoVoGen (Lu et al. 2025) ✗ U-Net 27.6 417.7
Drive-WM (Wang et al. 2023c) ✗ U-Net 15.8 122.7
GenAD (Yang et al. 2024a) ✗ U-Net 15.4 244.0
GenAD (Yang et al. 2024a) ✓ U-Net 15.4 184.0
Vista (Gao et al. 2024b)† ✓ U-Net 7.6 128.5

UniMLVG (Chen et al. 2024) ✓ DiT 30.5 149.7
CogVideoXsft (Yang et al. 2024b) ✗ DiT 15.8 117.0

Ours ✗ DiT 12.3 102.9
Reconstruction ✗ DiT 4.9 31.3

Table 1: Comparison of prediction fidelity on NuScenes validation set. Our model outperforms the state-of-the-art driving world
models. † denotes our evaluation using open source checkpoints from (Gao et al. 2024b). Reconstruction denotes using VAE
from CogVideoX (Yang et al. 2024b).
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Camera Pose

Trajectory
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Depth-free Image 
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Figure 3: Warp-guided trajectory controllable training. This
enhances counterfactual reasoning ability for short videos.

latents. The distillation loss is defined as below:

Ldistill =
∥∥Df

θ,frozen(v(d,t))[c1, c2, · · · , cK ]

−Dc
θ(v(d,t)[c1, c2, · · · , cK ])

∥∥2 (8)

where the teacher model is a frozen FDiT well-trained
from Sec. and the student model is initialized from a CDiT
well-trained from Sec. . Our distillation requires only a few
hundred steps to tune the student model well.

Warp-guided Controllable Video Prediction
Previous methods primarily adapt camera trajectory control-
lable video generation by fusing trajectory or camera pose
features into models, but often perform poorly for complex
trajectories (He et al. 2024; Bahmani et al. 2024; Gao et al.
2024b). Recently, some studies (Hou et al. 2024; Bian et al.
2025) improve the generation by incorporating 3D priors. In-
spired by this, we propose a novel trajectory control method
that leverages 3D information without the need for recon-
struction or additional annotations. Given an input trajectory,
Vista (Gao et al. 2024b) only inputs it into diffusion models
as an extra condition, while in our process, we leverage tra-
jectory priors to obtain warped future frames to stabilize the
control ability. More details can be found in Appendix.

Video prediction with warped images. As shown in Fig. 3,
our model is built on our Fine DiT and enhances the trajec-
tory controllable video prediction by incorporating warped

subsequent frames for guidance. However, the warped frames
have some distortions, such as inconsistent rotation and vary-
ing motion speeds. These issues stem primarily from our
simplistic assumption of uniform depth. To address this, after
the warped images are encoded by the 3D-VAE, we first pass
them through a trainable patch embedding layer before inject-
ing them into each block of the DiT. Warped features prompt
our model to predict more accurate controllable predictions.

Experiments
Implementation Details All training and evaluations are
based on NuScenes benchmark (Caesar et al. 2020). Our mod-
els are initialized with CogVideoX-2B (Yang et al. 2024b).
Then our models are trained with a resolution of 720×480
on the training set. We evaluate the video prediction qual-
ity on the validation set utilizing metrics FVD and FID.
We choose state-of-the-art models Vista (Gao et al. 2024b),
SVD (Blattmann et al. 2023a), DynamiCrafer (Xing et al.
2025), I2VGen-XL (Zhang et al. 2023), and CogVideoX-I2V-
5B (Yang et al. 2024b) as baselines for fair comparison. For
driving models using DiT, we compare UniMLVG (Chen
et al. 2024), since other models (Gao et al. 2024a; Jiang et al.
2024; Guo et al. 2025; Li et al. 2024) only support multi-view
predictions. More details refer to the supplementary material.

Results of Generation Quality and Fidelity
Automatic Evaluation We conduct the comparison on all
samples of the validation set of NuScenes. Tab. 1 presents
the comparison of prediction fidelity of the state-of-the-art
models. Compared with previous models without using extra
driving videos for training, our model outperforms methods
using U-Net or DiT such as GenAD and CogVideoXsft on
video fidelity by large gains, and obtains better image fidelity
than them. Compared with SOTA models (GenAD, Vista,
UniMLVG) using extra driving videos for training, our model
also outperforms them on video fidelity. We also report the
performance of the reconstruction using CogVideoX VAE,
which can be regarded as the FID and FVD lower bounds.
The evaluation results show that our models’ video prediction
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Figure 4: Short video prediction comparison. Compared to our model’s prediction with Vista, our model can produce more
detailed future frames and generate reasonable and realistic motion.

Duration Model I2VGen-XL DynamiCrafter CogVideoX-I2V-5B SVD Vista Ours

25f∼2.5s( FVD↓ 768.1 357.5 400.3 194.6 174.1 188.5
1st rollout) Time↓ 78s 88s 140s 44s 95s 35s

69f∼6.9s( FVD↓ 1214.2 602.4 482.5 352.4 277.5 242.2
3rd rollout) Time↓ 234s 220s 660s 132s 285s 70s

113f∼11.3 s( FVD↓ 1616.3 1155.5 533.7 753.0 398.5 289.5
5th rollout) Time↓ 390s 352s 990s 220s 475s 70s

Table 2: Long-term video prediction on NuScenes validation subset. We report the FVD and inference time for various durations.
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Ours

f=1 f=20 f=40 f=60 f=80 f=100
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Vista

Ours

Figure 5: Long-term video prediction comparison. Compared
with the state-of-the-art Vista (Gao et al. 2024b), which faces
severe error accumulation, our model can predict higher-
quality long-term future and generalize to diverse scenarios.

quality is closer to FVD’s lower bounds. The short video
prediction comparison is shown in Fig. 4.

Human Evaluation Using automatic metrics does not al-
ways align with human preference, so we introduce the hu-
man evaluation to asses the visual quality and motion rational-
ity of generated videos following (Gao et al. 2024b). Because
Vista significantly outperforms other baselines, based on the
human evaluation results in (Gao et al. 2024b), in order to
save the cost of manual annotation, we only conducted a
human evaluation of random side-by-side video selection
between our method and Vista. Details can be found in Ap-

Input Vista Ours

Figure 6: Trajectory controllability comparison. For different
input images and trajectory points, we present the generation
results (the 12th and 24th frames) of Vista and our model.
This highlights the counterfactual reasoning capability.

pendix. As shown in Tab. 3a, our method outperforms Vista
on visual quality and motion rationality.

Results of Long-term Prediction To compare the ability
of long-term prediction, we set up comparisons with various
video frames including 25, 69, and 113 frames, which corre-
spond to the 1st, 3rd, and 5th rollouts of Vista, respectively.
Table. 2 reports FVD and inference time of baselines and our
model. As for inference time, other baselines only support au-
toregressive rollouts, so the time increases linearly, while our
model supports parallel interpolation, which reduces the total
inference time significantly. Our model achieves comparable
FVD with Vista for short videos, but surpasses all baselines
on longer durations. The results indicate our model effec-
tively bridges the gap between general and driving scenes.
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Model V.Q.↑ M.R.↑

Vista 45.5% 47.5%

Ours 54.5% 52.5%

(a)

Model Win Rate↑

Vista 32.1%
Ours 67.9%

(b)

Table 3: Evaluation for (a) visual quality and motion rational-
ity and (b) trajectory compliance.

Model FID↓ FVD↓

Vista 9.3 118.8
CogVideoX + Vista’s feature 13.0 89.8

Ours 12.7 69.6

Table 4: Trajectory-based evaluation. Trajectory annotation
comes from Vista (Gao et al. 2024b).

Results of Controllable Prediction
Automatic Evaluation We set up a fair trajectory-based
prediction comparison using Vista’s annotations and com-
pare our model with Vista. The results are shown in Tab. 4.
Our model outperforms Vista on video quality by a signifi-
cant margin according to FVD. Using the same pretrained
models, our warp-guided method is better than the condition
method in Vista, which validates that our model can make
higher-quality controllable predictions. Fig. 6 presents the
visualization comparison of trajectory-based prediction. With
the same image input and various trajectories, Vista’s results
have more distortions and non-compliance with trajectory,
while our model can infer high-quality results.

Human Evaluation For the specific driving scenario, given
the input trajectory, metrics like FID and FVD can not mea-
sure the compliance, so here we introduce human evaluation
to judge the ability of trajectory compliance. As shown in
Tab. 3b, our method has twice the winning rate of Vista.

Ablation Study
Quantitative Results Tab. 6 shows the effect of the three
main modules used in our method, including DiT, coarse-to-

CDiT

Add struct

Distillation

f=1

f=1

f=1 f=13

f=13

f=13 f=25

f=25

f=25

Figure 7: Ablation study. The first row shows CDiT predic-
tions including lots of distortions, the second row adds the
structure preservation term, and the last row shows the best.

Interpolation Model FID↓ FVD↓

SEINE (Chen et al. 2023) 23.4 213.6
FRAMER (Wang et al. 2024) 29.0 147.6
Fine-DiT (ours) 12.3 102.9

Table 5: Frame interpolation evaluation.

DiT Coarse-to-Fine Lstruct Distill. FVD↓

✓ 347.7
✓ ✓ 321.8
✓ ✓ ✓ 300.3
✓ ✓ ✓ ✓ 290.6

Table 6: Ablation study of components for short video pre-
diction evaluated on the validation subset.

fine, and distillation. Decouple learning using coarse-to-fine
training brings good improvements in the driving scenario.
Structure preservation and distillation continuously improve
the video quality. In Tab. 5, compared with two interpolation
models (Chen et al. 2023; Wang et al. 2024), our method
achieves the best FID and FVD scores, validating the effec-
tiveness of our continuous motion prediction.

Qualitative Results We introduce a structure preservation
loss to maintain the quality of each frame. As shown in Fig. 7,
comparing the first row and second row, adding the structure
preservation term improves the quality and fidelity of each
coarse frame, avoiding obvious distortions. We propose the
distillation from fine flows to coarse flows to improve the
consistency between coarse frames. Comparing the second
row and last row in Fig. 7, our distillation improves both the
consistency and fidelity of coarse frames.

Generalization Results We additionally compare base-
lines with our model on side-view images from NuScenes
and front-view images from Waymo dataset (Sun et al. 2020).
Furthermore, we validate the effectiveness of our distillation
framework on the U-Net–based SVD architecture. Additional
results are provided in the supplementary materials.

Conclusion
In this paper, we aim to alleviate the error accumulation
problem in the long-term driving world model predictions.
Intuitive comparisons suggest that the main challenges are
1) the training-inference gap and 2) the gap between general
scenes and driving scenes. To address these, we build a simple
yet effective long-term driving world model. We decouple
long video world model learning into large motion learning
and bidirectional continuous motion learning, and leverage
scalable DiT to solve them. A novel distillation method is
proposed to utilize fine-flow priors to guide the coarse-flow
prediction to improve the long video consistency. Extensive
experiments on NuScenes demonstrate our model achieving
state-of-the-art performance on FVD metrics on various tasks,
improving the controllable ability and significantly reducing
the inference time for long-term videos.
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