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Abstract

Latent World Models enhance scene representation through
temporal self-supervised learning, presenting a perception
annotation-free paradigm for end-to-end autonomous driving.
However, the reconstruction-oriented representation learning
tangles perception with planning tasks, leading to subopti-
mal optimization for planning. To address this challenge, we
propose WorldRFT, a planning-oriented latent world model
framework that aligns scene representation learning with
planning via a hierarchical planning decomposition and local-
aware interactive refinement mechanism, augmented by re-
inforcement learning fine-tuning (RFT) to enhance safety-
critical policy performance. Specifically, WorldRFT inte-
grates a vision-geometry foundation model to improve 3D
spatial awareness, employs hierarchical planning task decom-
position to guide representation optimization, and utilizes
local-aware iterative refinement to derive a planning-oriented
driving policy. Furthermore, we introduce Group Relative
Policy Optimization (GRPO), which applies trajectory Gaus-
sianization and collision-aware rewards to fine-tune the driv-
ing policy, yielding systematic improvements in safety. Worl-
dRFT achieves state-of-the-art (SOTA) performance on both
open-loop nuScenes and closed-loop NavSim benchmarks.
On nuScenes, it reduces collision rates by 83% (0.30% —
0.05%). On NavSim, using camera-only sensors input, it at-
tains competitive performance with the LiDAR-based SOTA
method DiffusionDrive (87.8 vs. 88.1 PDMS).

Code — https://github.com/pengxuanyang/WorldRFT

Introduction

Traditional end-to-end autonomous driving methods (Chen
et al. 2024a; Jia et al. 2025; Jiang et al. 2023; Sun et al.
2024) often rely on multi-task architectures incorporating
auxiliary perception modules such as object detection, on-
line mapping, and occupancy prediction to improve scene
understanding. Recently, a new paradigm of constructing
unified latent world model (WM) representations from raw
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Figure 1: Performance comparison of SOTA methods on
open-loop nuScenes and closed-loop NavSim benchmarks.

surround-view images (Zheng et al. 2025; Li, Fan et al.
2025) has enabled slight end-to-end autonomous driving
through temporal self-supervised learning.

Despite this progress, existing latent WM suffers from a
critical misalignment between reconstruction-oriented rep-
resentations and planning requirements, manifesting in three
key challenges: (1) Lacking spatial awareness: current re-
construction objectives produce generic representations with
limited 3D spatial awareness, which is crucial for trajec-
tory planning. Although World4Drive (Zheng et al. 2025)
attempts to incorporate explicit 3D information (depth map)
through monocular depth estimation models (Hu et al.
2024), this approach suffers from cross-view inconsisten-
cies, limiting the model’s global comprehension of complex
driving scenarios. (2) Inefficient planning interaction mech-
anisms: existing models employ a single global planning
query to generate trajectories from entire feature maps, inad-
equately capturing local structures essential for fine-grained
planning. This results in dispersed attention and inability to
effectively comprehend and extract planning-relevant scene
representations, as shown in Figure 5, leading to subopti-
mal feature utilization for planning decisions. (3) Limited
safety awareness: perception-based imitation learning ap-
proaches, such as PARA-Drive (Weng et al. 2024), Diffu-
sionDrive(Liao, Chen et al. 2025), focus on minimizing tra-



jectory deviations from expert demonstrations without in-
corporating explicit safety objectives. This paradigm lacks
active collision avoidance, merely treating all deviations
from expert trajectories equally without understanding un-
derlying safety principles or proactively identifying poten-
tial risks in novel scenarios.

To address these challenges, we propose WorldRFT, a
planning-oriented latent world model framework that aligns
representation learning with planning requirements. First,
addressing the weak 3D spatial understanding, we design a
Spatial-aware World Encoder (SWE) that constructs 3D
spatially-aware representations by incorporating the visual-
geometric foundation model VGGT (Wang et al. 2025), es-
tablishing a robust spatial understanding for planning tasks.
Second, resolving the inefficiency of planning interaction
mechanisms, we propose a Hierarchical Planning Refine-
ment (HPR) module that decomposes complex end-to-end
planning into three parallel subtasks which describe plan-
ning in hierarchical dimension: target region localization,
spatial path planning, and temporal trajectory prediction.
Building upon this decomposition, we develop a local-
aware iterative refinement module that dynamically sam-
ples and fuses task-relevant local features from the latent
space, ensuring both global consistency and local preci-
sion. Third, to enhance safety-critical planning capabilities,
we design a safety-aware Reinforcement learning Fine-
Tuning (RFT) phase based on Group Relative Policy Op-
timization (GRPO) (Shao et al. 2024) to optimize explicit
safety objectives. By gaussianizing predicted trajectories
and employing collision-aware rewards, our approach transi-
tions from passive behavior cloning to active collision avoid-
ance.

Experiments demonstrate that WorldRFT achieves state-
of-the-art (SOTA) performance on both open-loop nuScenes
and closed-loop NavSim benchmarks, as shown in Figure 1.
On the nuScenes dataset, compared to the baseline LAW (Li,
Fan et al. 2025), average displacement error decreases by
21% (0.61lm — 0.48m) and collision rate drops by 83%
(0.30% — 0.05%). On the NavSim dataset, the PDMS met-
ric improves by 3.2 points (84.6 — 87.8), achieving the best
performance among vision-only solutions and approaching
the LiDAR-based SOTA method DiffusionDrive (88.1).

Our main contributions are summarized as follows:

* We propose the first planning-oriented latent world mod-
eling paradigm that deeply aligns representation learning
with planning tasks through the spatial geometric prior
fusion and hierarchical planning interaction and local-
aware refinement.

We introduce a reinforcement fine-tuning phase that en-
hances safety planning via explicit safety rewards and
GRPO method, transitioning from behavioral imitation
to proactive collision avoidance.

Our method achieves SOTA performance on both
nuScenes and NavSim benchmarks, with substantial im-
provements in critical safety metrics.
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Related Works
End-to-End Autonomous Driving

End-to-end autonomous driving models utilize the imitation
learning framework with perception annotations to directly
map sensor inputs to trajectory outputs(Gao et al. 2024;
Yang et al. 2025). For instance, UniAD and VAD (Hu et al.
2023b; Jiang et al. 2023) fuse multiple perception and plan-
ning tasks within a cascaded BEV-based architecture, while
PARA-Drive and ONE-Drive (Weng et al. 2024; Zheng et al.
2024b) leverage parallel architecture to enhance efficiency.
Methods like SparseDrive (Sun et al. 2024) integrate detec-
tion, tracking, and mapping through symmetric sparse per-
ception modules. Despite their advantages, these approaches
require high-precision 3D perception annotations, leading to
higher development complexity and costs.

World Models for Autonomous Driving

World models predict future scene states to improve dy-
namic environment understanding and support safer path
planning. For instance, GAIA-1 (Hu et al. 2023a) creates
realistic driving scenarios from multi-modal inputs and al-
lows detailed control over vehicle behavior, while Drive-
Dreamer4D (Zhao et al. 2025) generates novel trajectory
videos from real driving data to enhance 4D reconstruction.
Methods like DriveWorld and PreWorld (Min et al. 2024; Li
et al. 2025; Gu et al. 2024; Jin et al. 2025) generate future
occupancy and flow fields from BEV embeddings. In con-
trast, self-supervised approaches like LAW (Li, Fan et al.
2025) and SSR (Li and Cui 2025) model future scene dy-
namics without labeled data, but their relatively coarse plan-
ning frameworks can limit planning effectiveness, indicating
a need for more sophisticated architectural designs.

Reinforcement Learning for Autonomous Driving

Reinforcement learning (RL) is increasingly important in
autonomous driving for complex decision-making. RAD
(Gao et al. 2025) builds virtual environments with 3D Gaus-
sian Splatting to facilitate exploration and policy learning in
diverse scenarios. AlphaDrive (Jiang et al. 2025) introduces
RL to enhance planning and training of vision-language
models. Given RL’s advantage over imitation learning in
handling causal confounding, we adopt RL for trajectory
planning to improve safety and reduce collision risk in au-
tonomous driving.

Methodology
Overview

As illustrated in Figure 2, WorldRFT comprises three key
modules that form a complete pipeline of “scene under-
standing — planning decisions — safety optimization”:
(1) SWE constructs spatial-rich latent world representations
from RGB images; (2) HPR efficiently extracts critical in-
formation strongly correlated with driving decisions; (3)
RFT generates safer planning results through reinforcement
learning optimization. These modules work synergistically
to achieve safer end-to-end autonomous driving planning.
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Figure 2: WorldRFT consists of three key modules: 1) Spatial-aware World Encoder (yellow) that extracts geometry-rich latent
world representations from RGB images; 2) Hierarchical Planning Refinement Module (green) that efficiently captures critical
information highly correlated with driving decisions through a refined planning task design; 3) Safety-aware Reinforcement
Learning Fine-tuning phase (blue) that generates safer planning outcomes via reinforcement learning optimization. These mod-
ules work synergistically to deliver high-quality end-to-end autonomous driving planning.

Spatial-aware World Encoder

The spatial-aware world encoder constructs 3D spatially-
aware latent world representations serving planning tasks
from surround-view inputs through the geometric founda-
tion model VGGT (Wang et al. 2025).

Basic Visual Feature Encoding. Given multi-view im-
ages I; € RMXHXWX3 at time ¢, we first extract features
F, € RMxhxwxD through the image backbone. Follow-
ing World4Drive (Zheng et al. 2025), we then utilize the
vision-language foundation model Grounded-SAM for se-
mantic supervised learning through the loss function Lgep,.

3D Spatial Encoding. Spatial understanding capability is
crucial for planning tasks. VGGT, benefiting from its di-
verse training data and elegant feed-forward architecture,
provides multi-view consistent geometric-rich prior from 2D
surround images I;. We leveraging VGGT’s structural pri-
ors to enhance spatial awareness. Specifically, to maintain
generic 3D aware capacity, we employ a frozen VGGT as a
3D spatial encoder and extract 3D tokens from its final layer:

ei(ly) = {te,tr,t3p} (H
where [ denotes the layer index, and t., ¢, and ¢t3p repre-
sent camera, register, and 3D tokens, respectively. We sub-
sequently incorporate the 3D tokens ¢3p into the image fea-
tures F} to construct spatial-aware latent world representa-
tions. Specifically, we propose a lightweight fusion mod-
ule that integrates ResNet and VGGT features via a single
cross-attention layer, where the 2D visual features F; act as
queries and the VGGT-derived 3D features f3p are used as
keys and values. This process ultimately yields the unified
latent space visual representation W/, enabling effective
spatial understanding without requiring explicit 3D inputs:

Wigen = C-A(Fi t3p) @
where C-A denotes Cross-Attention layers.

Hierarchical Planning Refinement

In this section, we decompose end-to-end planning into
three parallel subtasks that extract hierarchical features with
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distinct supervision: target region localization, spatial path
planning, and temporal trajectory prediction. These tasks
capture complementary aspects of planning and are unified
through a query interaction framework and refined via local-
aware iterative refinement.

Unified Query Interaction Framework. To facilitate co-
ordination among parallel subtasks while maintaining their
unique functionalities, we design a unified query interac-
tion framework. Specifically, each subtask is initialized with
dedicated queries: Qargets Qpath» and Qyraj, Which then inde-
pendently aggregate hierarchical planning-relevant features
from the latent world representation:

[Qiargetv Q]/;)atha Q{raj] = C'A([Qtﬂrgetv Qpatha eraj]7 I/Vlfilent)(3)

To facilitate inter-task communication, these queries un-
dergo concatenation and self-attention, enabling mutual
awareness of planning intentions:

] = S'A(Concat[Q;argen Q;)athv Q{raj])
4)

"
path»

1
traj

1

[ target’

Target Region Localization. Predicting a deterministic
target point for navigation (Xing et al. 2025) is an ill-posed
problem due to the inherent uncertainty of valid target points
in planning scenarios. Therefore, rather than predicting de-
terministic target points, we model targets as probabilistic
regions using Laplace distributions. In detail, we parameter-
ize the target region as:

"
target

)

where ;1 € R? denotes the region center and b € R? rep-
resents the scale parameters, quantifying the spatial extent
of the target region. This formulation enables the model to
learn target region distributions rather than fitting to a single
deterministic point. Moreover, the probabilistic representa-
tion naturally captures scene complexity, thereby providing
adaptive information that can be leveraged by the iterative
refinement module to guide feature fusion.

(11, b) = MLP( 5)



The probabilistic representation is trained using the nega-
tive log-likelihood loss:

ly — w1
b

Here, the scale parameter b naturally reflects scene com-
plexity, with larger values corresponding to more challeng-
ing scenarios that demand cautious planning. As a condition-
ing signal, b modulates feature fusion within the uncertainty-
aware local adaptation module, thereby enabling adaptive
planning in accordance with scene uncertainty.

Spatial Path Planning. This module generates a spatial
path connecting the current position to the target region.
To ensure spatial consistency, we construct the spatial path
ground truth by uniformly sampling future trajectory points
at fixed spatial intervals, rather than temporal intervals (Li,
Fan et al. 2025; Li and Cui 2025; Zheng et al. 2025; Jiang
et al. 2023). Furthermore, we decode N spatial path points
through an MLP network:

Thatn = MLP(Qp,

ELaplace—NLL = 10g(2b) + (6)

) )

where Ty € RY*2 denotes path points sampled at 2-meter
intervals, with each point denoting coordinates (z, y).

Temporal Trajectory Prediction. In this module, we de-
code future temporal trajectories for 7' timesteps through a
trajectory decoder:

"
traj

T = MLP(Q[;) ®)
where Ti,; € RT*? represents trajectory points at fixed tem-
poral intervals (0.5 seconds), with each point containing co-
ordinates (x,y).

Local-aware Iterative Refinement. This module itera-
tively refines the initial planning outputs by integrating lo-
cal scene information. It takes the preliminary results (u, b),
Tpam» and Ty, as inputs, and refines the outputs of all three
subtasks over K iterations. Using temporal trajectory refine-
ment as an example, each iteration involves the following
key steps as shown in Figure 3:

First, we encode current planning information (u,b),
Tham» and Ty, into a unified state representation Fy:

D ®

Subsequently, the trajectory points are projected onto the
latent space feature map using the camera parameters, yield-
ing corresponding positions Fj. Deformable convolution
is then applied to adaptively sample the local features Fioca
at these positions:

7®) k)

path’ ~ traj

F, = MLP(Concat[(u(k), b(k)),

Pooj = CameraProject(T(k)

traj

) (10)

Flocal = DeformConv (Wi s Poroj) (11)

Next, local and global features are fused, guided by the
scale parameter b obtained from target region modeling,
which acts as a conditioning signal:

F, = MLP(b™*))
Flusion = MLP(Concat[Eocala anjv F, FbD

12)
13)
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Figure 3: Architecture of the Local-aware Iterative Refine-
ment module. The module refines preliminary planning re-
sults (1, b), Tpath, Tiraj through K iterations. Using Ti,j as an
example, each iteration: (1) encodes global planning states,
(2) projects trajectory points via camera parameters, (3)
samples local features using deformable convolution, and
(4) fuses them with global information and uncertainty rep-
resentation. Residual connections enable incremental up-
dates for adaptive local adjustment.

where Q(r’aj represents the global planning intention.
Finally, independent prediction heads generate the corre-

sponding trajectory offsets AT which are then used to

traj °
incrementally update the trajectory via residual connections:
AT = MLP(Fiugion)

traj

(14)
T(kJFl) _ T(k)

traj  Ttraj
where o = 0.1 is the update step size.

Training Loss. We pretrain our model guided by the la-
tent world modeling, which enables self-supervised learning
without requiring perception annotations by leveraging tem-
poral consistency in future world prediction. Following (Li,
Fan et al. 2025), we use a world decoder to predict future

latent world representations W' -1 from the current latent
representation Wi, and the temporal trajectory Tij. We

self-supervise world prediction through the MSE loss:

)

Additionally, we employ L1 loss Ly, to align both the
spatial path Tp, and temporal trajectory T, with expert
demonstrations. The final training objective combines mul-
tiple loss terms:

+ aAT(k)

traj

15)

Lree = MSE(WEEL pit1

latent> " latent

(16)

Lotal = 0Lsem + BLrec + 'Vﬁta:get + 77»Ctraj
where «, 8,y and 7 are hyper-parameters.

a7)

Reinforcement Learning Fine-tuning

In this phase, the module introduces collision-aware re-
wards, extends trajectories to probability distributions for
exploration, and applies GRPO to improve safety while
maintaining planning accuracy.

Collision-aware Reward Design. Our RL framework tar-
gets collision risks between the ego vehicle and surrounding



agents. The collision-aware reward is based on the distance
between the ego vehicle’s bounding box and those of nearby
agents along the trajectory: negative distances (collisions)
incur penalties, while non-collisions yield zero reward:

|

Gaussianized-Trajectory Modeling. Since the above
trajectory prediction is formulated as a regression task, ef-
fective application of RL requires recasting it as a proba-
bilistic, distribution-based problem. To this end, we model
trajectories using Gaussian distributions, where the pre-
dicted trajectory serve as the means gy, and an auxiliary
variance network adaptively estimates the trajectory vari-
ances Y.

Policy Optimization. Based on the world model struc-
ture, we optimize generated trajectories using GRPO (Shao
et al. 2024). Following the GRPO framework, we estimate
advantage functions based on relative rewards within sam-
ple groups. Specifically, a group of G trajectories is sampled
using the previously described latent world model, which

-1
0

if collision happens
if no collision happens

(13)

serves as the policy 7y: {I}mjo, Tirajy s -+ Diraje_, } For each

point along these trajectories, the relative reward is defined
as the normalized per-point reward value:
T

T.

;" — mean (1))

std (7;)

»vT‘tmj1 _
i =

(19)

where r;‘-n”” denotes the value of the original reward func-
ues of the group-based reward function.
Given that the predicted trajectories are represented as
time-differential increments, each increment at the current
time step influences both the current and all subsequent
points, leading to potential error accumulation. Accordingly,
the relative advantage function for the j-th trajectory point

is defined as:
~’11mj,i
= E Tt

t=>j

71lmj 0

tion, and r; = } denotes the val-

Adv, ™ (20)

The policy optimization objective function becomes:

TO) = 5323 {winlfi, £l - 8Dk (mllr..,)

2D
where:
fi= (2% ) Ado;™ (22)
Thold J
fo = clip ( LA 5) Adv;™ (23)
Ootd

where ¢ limits the update step size of the policy function
to ensure algorithmic stability, and 3 is the coefficient for
the Kullback-Leibler (KL) divergence. mg,,, denotes the old
policy, and 7y, , represents the reference policy, which is
the pre-trained model. As mentioned above, we model the
output of the trajectory as a Gaussian distribution with mean
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vector py and covariance matrix ¥y. The reference model
provides a deterministic result piyef = Tipyj - which is used
to compute the negative log-likelihood (NLL) loss under the
Gaussian distribution. Thus, the KL divergence is defined as:

_ 1] log |Zg| + (Bref — NG)Tz_l(P're — o)
Drr = 2 | +2log(2m) ! ’ !
(24
RFT Training Loss. We fine-tune the model using the
GRPO objective function and KL loss. Therefore, the loss
for reinforcement learning can be written as:

Lrr=—-J(0)+ A Dkp (25)

Experiment
Overview

This section presents the experimental results of the pro-
posed method, including ablation studies for each compo-
nent. For completeness, detailed descriptions of the dataset,
experimental setup, evaluation metrics, hyperparameter set-
tings, scalability analysis, and additional visualizations are
provided in the supplementary material.

Benchmark

We comprehensively evaluate our method on the open-loop
nuScenes benchmark (Caesar et al. 2020) and the closed-
loop NavSim benchmark (Dauner et al. 2024). On nuScenes,
we report displacement error (L2) and collision rate (CR) for
trajectory prediction. For NavSim, we adopt the PDM Score
(PDMS), which combines performance across five dimen-
sions: no at-fault collision (NC), drivable area compliance
(DAC), time-to-collision (TTC), ride comfort (Comf.), and
ego progress (EP).

Main Results

As demonstrated in Table 1, we compare our frame-
work with several SOTA methods. Specifically, WorldRFT
achieves SOTA performance among perception annotation-
free approaches, demonstrating a 21% reduction in L2 er-
ror (0.61 m — 0.48 m) and an impressive 83% reduction
in collision rate (0.30% — 0.05%) compared to the strong
baseline LAW. Moreover, WorldRFT achieves the lowest
collision rate among all evaluated methods, even surpassing
perception-based approaches, which underscores the supe-
rior safety performance of our planning-oriented design. We
also provide results incorporating the ego status, with spe-
cific descriptions detailed in the supplementary materials.
In addition, as demonstrated in Table 2, WorldRFT also
achieves SOTA performance in closed-loop evaluation with
PDMS of 87.8 using only camera inputs. Compared to the
baseline LAW (84.6), our approach demonstrates signifi-
cant improvements across all safety-critical metrics: NC (No
At-fault Collision) (96.4 — 97.8), TTC (Time-to-Collision)
(88.7 — 94.0), and particularly DAC (Drivable Area Com-
pliance) (95.4 — 96.8). The exceptional DAC score of 96.8,
which is the highest among all methods including LiDAR-
based approaches, demonstrates that incorporating VGGT



Method Training Approach I 21'8'2 (m)3‘LS AV, Is C0111s21;)n Rat;)as(%) \kvg.
ST-P3 (Hu et al. 2022) P-IL 1.33 211 290 211 | 023 0.62 127 0.71
OccNet (Tong et al. 2023) P-IL 129 213 299 213 | 021 059 137 0.72
UniAD (Hu et al. 2023b) P-IL 048 096 1.65 103 | 0.05 0.17 071 0.31
VAD (Jiang et al. 2023) P-IL 041 070 1.05 072 | 0.07 0.18 043 023
UncAD (Yang et al. 2025) P-IL 033 059 094 0.62 | 0.10 0.14 028 0.17
PPAD (Chen et al. 2024b) P-IL 031 056 0.87 058 | 0.08 0.12 038 0.19
PARA-Drive (Weng et al. 2024) P-IL 025 046 0.74 048 | 0.14 023 039 025
GenAD (Zheng et al. 2024a) P-IL 028 049 0.78 052 | 0.08 0.14 034 0.19
LAW (Li, Fan et al. 2025) (Perception-based) P-IL 024 046 0.76 049 | 0.08 0.10 039 0.19
DiffusionDrive (Liao, Chen et al. 2025) P-IL 027 054 090 0.57 | 0.03 0.05 0.16 0.08
Epona (Zhang et al. 2025) SS-L 0.61 1.17 198 125 | 0.01 022 0.85 0.36
LAW (Li, Fan et al. 2025) (Perception-free) SS-L 026 057 101 061 | 0.14 021 054 0.30
World4Drive (Zheng et al. 2025) SS-L 023 047 081 0.50 | 0.02 0.12 033 0.16
Ours (without RFT) SS-L 021 044 076 047 | 0.10 0.11 023 0.15
Ours (with RFT) SS-L & RL 022 044 0.77 048 | 0.00 0.00 0.16 0.05
SSR¥ (Li and Cui 2025) SS-L 0.19 036 062 039 | 0.00 0.10 020 0.13
Ours (with RFT)f SS-L & RL 0.15 030 056 033 | 000 000 0.12 0.04

P-IL: Perception-based Imitation Learning; SS-L: Self-Supervised Learning; RL: Reinforcement Learning.

T Represents methods incorporating ego status.

Table 1: End-to-end planning results on nuScenes benchmark (Caesar et al. 2020)

Method | Training Approach  Input | NCt DACt TTCt Comf.t EPt PDMS 1
UniAD (Hu et al. 2023b) P-IL C 97.8 91.9 92.9 100.0 78.8 834
PARA-Drive (Weng et al. 2024) P-IL C 97.9 924 93.0 99.8 79.3 84.0
LTF (Prakash, Chitta, and Geiger 2021) P-IL C 97.4 92.8 92.4 100.0 79.0 83.8
Transfuser (Prakash, Chitta, and Geiger 2021) P-IL C&L | 97.7 92.8 92.8 100.0 79.2 84.0
VADV?2 (Chen et al. 2024a) P-IL C&L | 972 89.1 91.6 100.0 76.0 80.9
Hydra-MDP (Li et al. 2024) P-IL C&L | 979 91.7 92.9 100.0 77.6 83.0
DiffusionDrive (Liao, Chen et al. 2025) P-IL C&L | 98.2 96.2 94.7 100.0 82.2 88.1
Epona (Zhang et al. 2025) SS-L C 97.9 95.1 93.8 99.9 80.4 86.2
LAW (Perception-free) (Li, Fan et al. 2025) SS-L C 96.4 954 88.7 99.9 81.7 84.6
DriveX (Shi et al. 2025) SS-L C 97.5 94.0 93.0 100.0 79.7 84.5
World4Drive (Zheng et al. 2025) SS-L C 974 94.3 92.8 100.0 79.9 85.1
Ours (without RFT) SS-L C 97.5 96.0 94.0 100.0 80.9 87.0
Ours (with RFT) SS-L & RL C 97.8 96.8 94.0 100.0 81.7 87.8

P-IL: Perception-based Imitation Learning; SS-L: Self-Supervised Learning; RL: Reinforcement Learning.

C: Camera modality; L: LIDAR modality.

Table 2: End-to-end planning results on NavSim benchmark (Dauner et al. 2024)

geometric priors substantially enhances the model’s 3D spa-
tial understanding without explicit depth supervision.

Notably, our closed-loop performance exceeds that of
most methods relying on LiDAR inputs, trailing Diffu-
sionDrive (88.1) by only 0.3 points. This result demon-
strates that our planning-oriented latent world modeling,
combined with safety-oriented reinforcement fine-tuning,
achieves outstanding performance and holds strong poten-
tial for real-world deployment.

Ablation Study

In this section, we conduct comprehensive ablation studies
to investigate the effectiveness of each component in our
proposed WorldRFT framework. All ablation experiments

incorporate our safety-oriented reinforcement fine-tuning by
default to ensure consistent safety-aware evaluation. All of
the ablation experiments are conducted on the nuScenes and
NavSim benchmark. For clarity, we present detailed results
on nuScenes here, while NavSim results are provided in the
supplementary material.

Effectiveness of VGGT Spatial Encoding. As demon-
strated in Table 3, incorporating VGGT geometric priors
shows consistent improvements across different configura-
tions. Comparing ID 4 with ID 8, adding VGGT reduces 1.2
error by 7.7% (0.52 — 0.48) and collision rate by 37.5%
(0.08 — 0.05). The performance gains remain substantial
even with partial task designs (ID 5-6), demonstrating that
VGGT-enhanced spatial understanding benefits planning re-
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Figure 4: Visualization of planning trajectories, where the red line is the ground truth, the blue line is the pretrained-only
trajectory, and the green line shows the RFT-trajectory. Obviously, the pre-trained trajectory dangerously approaches obstacles,
risking collisions. In contrast, the RFT-trajectory proactively adjusts to maintain safe distances, avoiding collisions.

Latent Encoder | Planning Task | Refine
Ib VGGT Target Path | -ment L2 CR
1 0.59 | 0.16
2 v v 0.56 | 0.10
3 v v 0.54 | 0.11
4 v v v 0.52 | 0.08
5 v v v 0.51 | 0.08
6 v v v 0.49 | 0.09
7 v v v 0.50 | 0.06
8 v v v v 0.48 | 0.05

Table 3: Ablation study of each proposed component

gardless of the specific task configuration.

Impact of Hierarchical Planning Tasks. Starting from
the baseline (ID 1 in Table 3), introducing target region lo-
calization and spatial path planning with refinement (ID 4)
reduces L2 error by 11.9% (0.59 — 0.52) and collision rate
by 50.0% (0.16 — 0.08). This validates our hypothesis that
decomposing the complex planning task into hierarchical
subtasks enables more effective feature extraction from la-
tent representations, thereby enhancing overall planning per-
formance.

Local-aware Iterative Refinement. As shown in Table 3,
comparing ID 7 (without refinement) and ID 8 (with re-
finement), the refinement module reduces L2 error by 4.0%
(0.50 — 0.48) and collision rate by 16.7% (0.06 — 0.05).
This demonstrates that incorporating local features based
on initial trajectories enables fine-grained trajectory adjust-
ments that improve both trajectory accuracy and safety.

Safety-Oriented Reinforcement Fine-tuning. As shown
in Table 1, comparing our method without RFT (Ours with-
out RFT) and with RFT (Ours with RFT), the RL module
significantly reduces collision rate by 66.7% (0.15 — 0.05)
while L2 error slightly increases from 0.47 to 0.48. This
selective improvement in safety metrics validates that our
collision-aware reward design guides the model from behav-
ior imitation toward understanding safety principles.

Qualitative Results In this section, we quantitatively
evaluate WorldRFT on nuScenes. Figure 4 shows predicted
trajectories: ground truth (red), without RFT (blue), and with
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Figure 5: Visualization of the original image (top), along
with attention maps for the baseline (middle) and WorldRFT
(bottom), where blue represents weak attention and red in-
dicates strong attention. The maps reveal that WorldRFT fo-
cuses on surrounding planning-critical agents such as vehi-
cles, which are largely overlooked by the baseline method.

RFT (green). The without-RFT model approaches surround-
ing vehicles too closely, while the with-RFT model main-
tains safer distances and better matches the ground truth.
As shown in Figure 5, attention maps (LAW middle, Worl-
dRFT below) demonstrate that WorldRFT focuses more pre-
cisely on critical regions like surrounding vehicles, improv-
ing perception-planning integration and yielding more ro-
bust, human-like behavior.

Conclusion

We present WorldRFT, a planning-oriented latent world
framework for end-to-end autonomous driving. Our key
insight is that existing latent world models suffer from
misalignment between reconstruction-oriented learning and
planning requirements. To bridge this gap, we introduced
three innovations: (1) SWE with VGGT for spatial-aware
representations; (2) HPR combining hierarchical task de-
composition with iterative refinement for planning-relevant
features; and (3) RFT enabling active collision avoidance
beyond passive imitation. Experiments on nuScenes and
NavSim demonstrate that our planning-oriented design with
geometric priors and safety optimization effectively enables
slight end-to-end autonomous driving.
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