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1. Discussions

Discussion 1: More discussions with related work.
World model:

Besides the comparisons presented in the main paper, we
further discuss how ForeSight differs from methods such as
Epona [24] and DrivingGPT [4], highlighting the unique
contributions of our approach.

Although Epona, DrivingGPT, and our model all gen-
erate future frames and plan future trajectories, their fo-
cuses are fundamentally different. Epona and DrivingGPT
are primarily world-modeling methods—their core contri-
bution lies in training generative models for future-scene
synthesis, whereas trajectory planning is treated as an aux-
iliary output. DrivingGPT uses discrete tokens to generate
future trajectories, while Epona employs a diffusion trans-
former for trajectory generation. Both methods jointly gen-
erate future frames and trajectories within a unified genera-
tive framework.

In contrast, our approach follows a world-action de-
sign tailored specifically for end-to-end autonomous driv-
ing. ForeSight leverages a foundation world model as a
unified module for perception, comprehension, and future-
scene imagination, while a specially designed action mod-
ule is optimized to produce high-quality trajectories. This
separation allows the system to fully exploit future predic-
tions while maintaining strong planning performance.
Planning model:

Recent planning models explore diverse directions to
enhance planning performance, including diffusion-based
decoders [9, 11, 12, 14, 15, 18, 25], reinforcement-
learning—based approaches [3, 10, 13, 20, 22], test-time
training [23], clustered anchored trajectory priors [16,
17], mixture-of-experts architectures [6], and Gaussian-
feature—fusion strategies [19]. All of these methods demon-
strate strong empirical performance.

These approaches are largely orthogonal to ours: Fore-
Sight intentionally adopts simple action-decoding modules
so that our core contribution—the integration of a foun-
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Table 1. Generation performance comparison.

Method | FVDyo

Epona [24] 50.77
ForeSight (Ours) | 54.63

dation world model to guide planning—is clearly isolated
and easy to plug into existing systems. We believe that
combining these advanced planning techniques with our
world—action framework would likely yield even better per-
formance.

Discussion 2:  About the world model architecture.

Our ForeSight relies on the generated future-frame fea-
tures for planning, which means it is not restricted to any
specific world-model architecture, such as diffusion-based
models [7, 24] or GPT-based models [4, 8]. In our main
experiments, we adopt Epona [24] as the primary world
model, considering both its capability and open-source
availability. Nevertheless, we also provide results using al-
ternative world-model architectures in Section 2.2, demon-
strating that ForeSight is compatible with diverse backbone
designs.

Discussion 3: About the current encoder.

In autonomous driving, accurate trajectory planning of-
ten requires a detailed understanding of the surroundings,
typically obtained from multi-view cameras or LiDAR point
clouds. To provide this spatial awareness, we incorporate
a lightweight encoder based on TransFuser [21] to extract
current-frame features as an additional supplement. How-
ever, this component is not strictly necessary. As shown in
Section 2.2, we also report results without the current en-
coder. With future advances in world models—particularly
in high-resolution and multi-view generation—we expect
that the current encoder can eventually be removed and fully
replaced by a unified world—-action framework.

Discussion 4:  Efficiency analysis.

For the parameter size, ForeSight mainly consists of
three components: the foundation world model, the cur-
rent encoder, and the action decoder. For the foundation
world model, we adopt Epona [24], which contains 2.5 B
parameters. The current encoder is largely inherited from
TransFuser [21], comprising 52 M parameters. The action
decoder contains an additional 21 M parameters.

For inference time, we evaluate our model on an
NVIDIA H100 GPU. The average inference time of Fore-
Sight is 900 ms, with the majority (approximately 870 ms)
attributed to the world model [24]. As world-model archi-
tectures continue to advance, their inference efficiency is

Table 2. Performance comparison with and without the current
encoder.

| DACt TTCt EPt PDMS?

w/o Current 96.3 95.4 81.7 88.2
ForeSight 97.2 948 835 89.3

expected to improve substantially, making the overall sys-
tem considerably more deployment-friendly.

2. Experiments

2.1. Implementation details

Besides the implementation details provided in the main pa-
per, additional information is included here to ensure full re-
producibility. For the foundation world model, Epona [24]
is adopted. Its native generation frequency is 5 Hz, whereas
the planning frequency in our system is 2 Hz. To match
this temporal resolution, Epona is first finetuned on the
nuPlan [2] dataset at 2 Hz and subsequently frozen when
training the full pipeline on NAVSIM [5]. For the current
encoder, the design largely follows TransFuser [21]. Dur-
ing training, the current encoder and the action decoder are
first pretrained without the future feature cross-attention or
the WM-QFormer modules. Afterwards, the full model is
trained end-to-end with all components enabled, except that
the world model remains frozen.

2.2. More experiment results

Generation performance of the world model. As shown
in Table 1, we report the Fréchet Video Distance (FVD) of
ForeSight and Epona [24] on the nuPlan [2] dataset. The
results indicate that ForeSight retains nearly the same gen-
eration capability as Epona after finetuning.

Performance without the current encoder. As shown in
Table 2, we report the performance of our model without
the current encoder on the NAVSIM [5] dataset. The results
show that the model still achieves strong performance even
when this module is removed, demonstrating that it is not
strictly necessary. Nevertheless, the current encoder is re-
tained in the full system, as it further enhances robustness
and overall capability.

Performance with an alternative world-model architec-
ture. As shown in Table 3, we also evaluate our frame-
work using Vista [7] as the foundation world model. Since
Vista is trained on the nuScenes [ 1] dataset, the experiments
are conducted on this dataset for the end-to-end planning
task. The results indicate that ForeSight with Vista achieves
strong performance as well, demonstrating that our frame-
work is not restricted to a specific world-model architecture.



Table 3. Performance with different world-model architectures on the nuScenes dataset for the planning task.

L2(m) | Col. Rate (%) |
Method 1s 25 35  Avg. 1s 2s 3s  Avg.
ForeSight-Vista | 0.42 0.63 0.88 0.64 | 0.08 0.22 0.51 0.27
ForeSight-Epona | 0.36 055 093 0.62 | 0.04 0.12 037 0.18

3. Qualitative results

As shown in Figure 1, additional qualitative results of Fore-
Sight are provided, including turning behaviors (parts (a)
and (c)), a traffic-congestion scenario (part (b)), and a fast-
driving behavior (part (d)). Across all cases, the model
not only predicts future frames accurately but also produces
precise future trajectories.

4. Failure cases

Although ForeSight is powerful, it still fails in certain sce-
narios. Representative failure cases are shown in Figure 2,
which may provide insights for future research.

In part (a), the scenario involves a right-turning maneu-
ver. The foundation world model accurately predicts both
the turning motion and the post-turn scene. However, the
action decoder generates an overly conservative and slow
trajectory. This indicates that the world model and the ac-
tion model should be more tightly coupled so that the plan-
ner can better leverage future predictions for trajectory gen-
eration.

In part (b), the scenario involves fast driving over a long
distance within the planning horizon, and the road is highly
winding. While the foundation world model produces ac-
curate predictions initially, it fails in the later stages due
to the increasing curvature of the road. This suggests that
long-range prediction capability remains a challenge for the
world model. Nevertheless, the action model still produces
an accurate trajectory. This highlights the importance of
using current-frame features as an additional supplement,
which significantly enhances the overall robustness of the
system.
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Figure 1. Visualization of ForeSight on the NAVSIM [5] dataset. The left panel shows the planned trajectories in the BEV view, while the
right panel presents the generated future video over the next 8 time steps. The ground-truth trajectory is depicted in green, and the final
planned trajectory is highlighted in orange.



Planned trajectory

=1
-
~~~~~~~ L= | i
Planned trajectory =5

6

(b)

Figure 2. Visualization of failure cases for ForeSight on the NAVSIM [5] dataset. The left panel shows the planned trajectories in the
BEV view, while the right panel presents the generated future video over the next 8 time steps. The ground-truth trajectory is depicted in
green, and the final planned trajectory is highlighted in orange.
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