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Abstract

Recent years have witnessed remarkable progress in world
models, which primarily aim to capture the spatio-temporal
correlations between an agent’s actions and the evoly-
ing environment. However, existing approaches often suf-
fer from tight runtime coupling or depend on offline re-
ward signals, resulting in substantial inference overhead
or hindering end-to-end optimization. To overcome these
limitations, we introduce WPT, a World-to-Policy Trans-
fer training paradigm that enables online distillation un-
der the guidance of an end-to-end world model. Specif-
ically, we develop a trainable reward model that infuses
world knowledge into a teacher policy by aligning candi-
date trajectories with the future dynamics predicted by the
world model. Subsequently, we propose policy distillation
and world reward distillation to transfer the teacher’s rea-
soning ability into a lightweight student policy, enhanc-
ing planning performance while preserving real-time de-
ployability. Extensive experiments on both open-loop and
closed-loop benchmarks show that our WPT achieves state-
of-the-art performance with a simple policy architecture:
it attains a 0.11 collision rate (open-loop) and achieves a
79.23 driving score (closed-loop), surpassing both world-
model-based and imitation-learning methods in accuracy
and safety. Moreover, the student sustains up to 4.9 X faster
inference, while retaining most of the gains.

1. Introduction

Recent advances in autonomous driving have increasingly
centered on world models that learn to capture the spa-
tiotemporal dynamics of complex driving environments [30,
37,45, 54, 59, 65]. Unlike imitation-based frameworks [18,
19, 24] that focus on replicating expert behavior, world-
model-based methods explicitly model the causal interac-
tions between agents and their surroundings, enabling antic-
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Figure 1. Different training paradigms of AD policy with world
model. (a) Imitation learning where the policy is trained using ex-
pert supervision. (b) World model (WM) directly integrated into
the AD policy for enhanced feature evolution and trajectory rea-
soning. (c) Simulator-based reinforcement learning for AD policy
training using a simulated world. (d) Our WPT, where the policy
interacts with the WM during training, with both the teacher policy
(T) and the student policy (S) leveraging the WM for knowledge
transfer. After training, the WM will be discarded.

ipatory reasoning and more reliable long-horizon planning.

A world model (WM) generally predicts future scenar-
ios from past observations and was originally introduced
for simulated control and robotic applications [6, 13-16,
36, 47]. Based on their role in enhancing autonomous driv-
ing (AD) policies (Fig. 1(a)), world models can be broadly
categorized into two types: The first category of methods
directly integrates the world model into the driving policy
(Fig. 1(b)), enabling more powerful feature evolution [54,
59] and trajectory reasoning [30, 37, 45, 65]. Specifi-
cally, Drive-OccWorld [54] jointly models occupancy and
flow prediction to support safe and interpretable trajectory
planning. Alternatively, methods such as WoTE [30] and



DriveDPO [37] integrate an implicit bird-eye-view (BEV)
world model with a learned reward evaluator to assess mul-
tiple trajectory candidates according to their predicted fu-
ture states. Despite their performance gains, these meth-
ods exhibit a strong dependence on accurate future predic-
tions and autoregressive rollouts, where sequential depen-
dencies between prediction steps substantially hinder real-
time efficiency. The second category of methods treats the
world model as a simulator to enable closed-loop reinforce-
ment learning for AD policy training [3, 7, 8, 34, 42, 60],
as shown in Fig. 1(c). Nevertheless, such approaches are
highly dependent on the fidelity of the simulator’s generated
data and are evaluated primarily in synthetic environments.

A natural question arises: how can the AD policy lever-
age the world knowledge while avoiding extra computa-
tional overhead? To this end, we present WPT (World-
to-Policy Transfer in Fig. 1(d)), a novel training paradigm
where the policy interacts with a world model during train-
ing to acquire predictive awareness of future dynamics,
while maintaining real-time efficiency through a simple pol-
icy network during deployment. Concretely, for a given AD
policy, we utilize a world model to capture the spatiotem-
poral evolution of the environment from its learned repre-
sentations. We then design a trainable, interaction-based
reward model that evaluates each candidate trajectory ac-
cording to its consistency with the predicted future world
states, thereby enabling the selection of the optimal trajec-
tory. The proposed interaction mechanism allows the end-
to-end model to anticipate future environmental dynam-
ics, enabling the policy to internalize world-model knowl-
edge through predicted evolutions. Furthermore, to satisfy
real-time requirements, we introduce policy distillation and
world reward distillation to transfer the reasoning capabil-
ity of the large world model to a lightweight policy net-
work, enabling fast inference while enhancing performance
through knowledge transfer.

Overall, our WPT framework offers three key advan-
tages: (1) Interpretability. It achieves end-to-end opti-
mization through a reward-guided mechanism that bridges
prediction and planning, resulting in world-consistent and
explainable driving behaviors. (2) Efficiency. It preserves
real-time performance through distillation, transferring the
reasoning ability of the large world model to a lightweight
planner for fast inference (up to 4.9 x speedup). (3) Effec-
tiveness. Experiments across both open-loop and closed-
loop benchmarks show that WPT delivers state-of-the-art
results (open-loop: 0.11% collision, closed-loop: 79.23
driving score) on different lightweight policies.

The main contributions are summarized as follows:

* We propose WPT, an online distillation paradigm that in-
tegrates world modeling with a trainable reward model for
interpretable and world-consistent planning.

* We design policy distillation and world reward distil-

lation, transferring reasoning capabilities from a large
model to a lightweight one.

» Extensive experiments on diverse benchmarks and base-
lines demonstrate that WPT achieves state-of-the-art per-
formance, with 0.61m L2/ 0.11% collision in open-loop
and 79.23 driving score in closed-loop, outperforming
existing world-model-based and imitation-learning-based
methods. Moreover, these gains transfer to our student
model with up to 4.9x faster inference.

2. Related Work
2.1. End-to-End Autonomous Driving

End-to-end autonomous driving directly maps raw multi-
sensor inputs to future trajectories or low-level control com-
mands [1]. From the perspective of output modalities, re-
cent research can be broadly categorized into single-modal
and multi-modal trajectory planning approaches.

Single-modal planning predicts one “best” trajectory,
as seen in approaches like UniAD [19], which integrates
multi-task modules in a unified framework optimized for
planning. Further, VAD [24] replaces dense scene repre-
sentations with vectorized ones. Subsequent works refine
this line along several axes: e.g., sparse representation to
improve efficiency [11, 23, 40, 58], temporal modeling to
stabilize trajectory outputs [38, 57], and handling of online
map uncertainty to increase planning reliability [10, 53].

To handle multi-future ambiguities, recent works ex-
plore multi-modal planning. VADv2 [4] builds an an-
chor vocabulary for action spaces together with probabilis-
tic planning to capture diverse future options. Hydra-
MDP [27, 31] advances this via multi-expert distillation into
a multi-head student, yielding trajectories aligned with dis-
tinct criteria. More recently, diffusion-based planners [37,
49, 64] have emerged as a strong paradigm for model-
ing multi-modal trajectory distributions, providing diversity
naturally. Alongside generative modeling, the community
has explored preference- or reward-driven selection to bet-
ter align outputs with different objectives: safety-targeted
selection [37], human-style alignment [26], efc.

2.2. World Models for Driving

The world models aim to learn a compact representation
of the environment and predict future states based on an
agent’s actions and past observations [9, 33, 44, 45,52, 61].
Video World Model. Video world models generate future
visual frames or videos conditioned on candidate actions
or trajectories, enabling planners to “see” what would hap-
pen under each choice and score options with perceptual
(image-level) rewards. Particularly, Drive-WM [45] con-
trollably generates multi-view videos under different ma-
neuvers, and then selects trajectories via image-level re-
wards, showing the feasibility of WM-guided planning.
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Figure 2. Overview of WPT framework. During training (top), the pretrained world model predicts future world under given action con-
ditions, and the teacher AD policy (T) generates multi-modal trajectories. The reward model evaluates these trajectories to produce world
reward. During distillation (bottom), the student AD policy (S) learns from the teacher through two mechanisms: (1) policy distillation,
which aligns the planning representations between teacher and student; and (2) world reward distillation, which encourages the student to
match the teacher’s optimal reward trajectory in the predicted future world.

Most recently, Epona [59] adopts an autoregressive dif-
fusion WM with spatial-temporal factorization for long-
horizon rollouts, and integrates trajectory prediction with
video generation for end-to-end planning.

Occupancy World Model. Occupancy world models
evolve the 3D scene volumetric states over time, offering
planner-friendly rollouts in physical space. OccWorld [61]
tokenizes 3D occupancy and autoregressively predicts fu-
ture occupancy and ego motion, enabling fine-grained scene
evolution without dense labels. Drive-OccWorld [54] fore-
casts 4D occupancy and evaluates trajectories with occu-
pancy costs. RenderWorld [51] encodes 3D occupancy into
tokens, which a world model uses to forecast future 4D oc-
cupancy and ego motion.

Latent World Model. Latent world models roll out future
latent features instead of pixels or voxels. LAW [29] self-
supervises an action-conditioned latent WM by predicting
visual latent features from current features and trajectories.
WOTE [30] performs online trajectory evaluation using a
BEV WM that forecasts future BEV states for multiple tra-
jectory candidates. Their BEV WM predictions further are
supervised via a traffic simulator, which also enables evalu-
ating these trajectories.

Unlike these approaches, which rely on rollouts or online
evaluation during deployment, WPT is a purely training-
time paradigm. It provides interaction-based rewards and
facilitates world knowledge transfer, enabling the deployed
policy to plan in real time without additional overhead.

3. Method

This section outlines the four core components of our pro-
posed WPT framework: (1) the Autonomous Driving policy
(Sec. 3.1), (2) the World Model (Sec. 3.2), (3) the Reward
Model (Sec. 3.3), and (4) the World Knowledge Distilla-
tion (Sec. 3.4). As shown in Fig. 2, WPT leverages the
world model during training to guide the teacher AD pol-
icy in generating future-aware trajectories. The student pol-
icy then distills knowledge from both the teacher’s planning
representations and the world model’s reward supervision.

3.1. Autonomous Driving Policy

This paper focuses on improving the planning performance
of AD policies, employing a standard end-to-end architec-
ture as depicted in Fig. 2. The model takes as input a tem-
poral sequence of multi-view camera images and encodes
them into a unified world representation F'V (e.g., BEV fea-
tures) that captures the spatial context of the driving envi-
ronment.

Subsequently, a planning decoder Pp receives both the
world representation IV and a set of learnable planning
queries @, and refines the queries through cross-attention
interaction:

Q="Pp(Q,F"), €y
where Pp denotes a CrossAttention-based module that fa-

cilitates interaction between planning queries and spatial
scene representations.



Finally, a lightweight MLP-based plan head P, decodes
the refined queries into predicted future trajectories 7 :

T =P (Q) . )

To support both performance and real-time deployment,
we design two types of policies as shown in Fig. 2.
Multi-modal Policy as a Teacher. The multi-modal pol-
icy first generates a set of candidate trajectories 7 =
{7m1,...,7n} through the planning decoder, where N is the
number of candidate trajectories [19]. These trajectories are
evaluated through interaction with the world model to select
the optimal trajectory under predicted future states.
Single-modal Policy as a Student. To support real-time
inference, we introduce a lightweight policy that predicts
the entire future trajectory T ina single forward process.
For each frame, the plan queries Q° are initialized. The
trajectory is decoded via:

7 =P (PD (QS , FW>) . 3)

Unlike the teacher policy, the student policy does not
rely on multi-modal trajectory generation or world model
interaction during inference. Instead, it directly extracts
planning-relevant cues from world representation, enabling
low-latency trajectory prediction.

3.2. World Model

Preliminaries. Autonomous driving world models W are
generative models that predict future driving environment
states s conditioned on observational data o and action con-
dition c (e.g., historical trajectories, navigation commands,
and ego-vehicle states):

W ({ot—n...; 0}, {ct—n, ..., ct}) = se41, “

where h denotes the number of historical observations, ¢ is
the current time. Subsequently, s can be decoded into the
corresponding world representation through the decoder of
the corresponding mode, such as images, occupancy, efc.
Next, we describe a general world model structure,
which consists of three main components: observation en-
coder, feature aggregation, and world decoder.
(1) Observation Encoder Wg. This component processes
historical observations {o;_p,...,0:} to extract features,
which are then transformed into a world embedding F}*:

FY = We (o 0l}). ®)

(2) Feature Aggregation A,;. The feature aggregation
module aggregates historical world embeddings F}* , , to
capture temporal context and ensure consistency across the
historical sequence. Then, these features yield enhanced
world representations Ftw for future prediction:

EY = An (FY ) (©)

(3) World Decoder Wp. The world decoder Wp is an au-
toregressive method that predicts the future world embed-
ding F} | based on action conditions c (e.g., driving com-
mands and historical trajectories) and the enhanced world
features Fg” from Ajp;. This process is formulated as:

FY =Wp (Ftw,ct) ‘ 0

World Model Enhanced Planning. To exploit the model’s
ability to anticipate future scene evolution, the multi-modal
AD policy sets the world embedding F™ of its planning de-
coder Pp as the predicted world state F} | from the world
decoder Wp. This autoregressive approach allows the plan-
ner to generate future trajectories that are aligned with the
predicted world state, as depicted in Fig. 2. The planning
formulation in Egs. (1) and (2) is then updated as:

T = Pu (Po (@7, %)) - ®)

This approach leverages the world model’s predictive ca-
pability to refine the AD policy’s planning, providing more
accurate trajectory predictions while accounting for future
environmental dynamics. However, while this method en-
hances the AD policy’s capabilities, the predicted trajecto-
ries still primarily mimic expert behavior without fully ac-
counting for the changing dynamics of the future world.
To address this limitation, we develop a trainable reward
model that transfers world knowledge into the teacher pol-
icy by aligning candidate trajectories with the future dy-
namics predicted by the world model. This allows for a
more refined evaluation of the trajectories, enabling the pol-
icy to better adapt to the evolving environment, which we
will discuss in the next section.

3.3. Reward Model

In this section, we introduce a world model reward-based
distillation mechanism that transfers the predictive capa-
bility of the world model into the AD policy. We design
two complementary forms of reward supervision. The first
is an imitation reward, where the reward model evaluates
which trajectory aligns best with human driving preferences
under future world evolution. The second is a simulation
reward, where the reward model assigns scores based on
predicted world states and driving quality metrics, such as
PDM scores in NAVISIM [5].

The reward model serves as the key mechanism for trans-
ferring the future predictive knowledge of the world model
into the AD policy. As shown in Fig. 3, we evaluate each
candidate trajectory 7; by combining it with the predicted
future world state F} ;:

F,,; = RewardModel (Ftv_ﬂ_l, Ti) ) €)

where F, ; denotes the joint trajectory—world interaction
representation. Two types of reward heads are then applied
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Figure 3. Overview of reward model. The reward model consists
of multiple components: the world encoder processes the latent
world representation, while the plan queries are refined through
the plan decoder and plan head to generate multi-modal candidate
trajectories. These trajectories are then passed to the trajectory
encoder, which encodes them for evaluation by two distinct reward
heads: the simulation reward head and the imitation reward head.
The final reward is computed by combining these reward values,
with the best trajectory selected via the argmax operation. The
supervisory signals of the reward model come from simulation and
imitation. For the detailed process, please refer to Sec. 3.3.

to obtain trajectory rewards, and the final best trajectory is:

7" = arg max (W17im ; + WaTsim,;i) » (10)
3

where 7y, and gy, represent the imitation and simulation
reward respectively, w; and wy are balancing coefficients.
Imitation Reward. The imitation reward aims to assess
how well each candidate trajectory aligns with expert driv-
ing behavior. For each candidate trajectory ;, we first com-
pute its L2 distance d; from the corresponding expert trajec-
tory, and then normalize it via a softmax function to obtain
the target imitation score:

—d
Tim.; = softmax | ————— | . 11
m, <Z;\71 —d]> ( )

The predicted imitation reward rj, from the reward
model is supervised by minimizing the cross-entropy loss

with respect to the softmax-normalized target:
Lim = CrossEntropy (Tim, 7im) - (12)

This formulation encourages the reward model to assign

higher scores to trajectories that closely match human driv-
ing patterns, thereby transferring human-like preferences to
the AD policy.
Simulation Reward. Unlike the imitation reward, which
captures human driving preferences, the simulation re-
ward evaluates candidate trajectories from an environment-
centered perspective, emphasizing safety, comfort, and
driving efficiency. Inspired by the NAVISIM [5] score,
we construct five metrics in the predicted future world: no
collisions (NC), drivable area compliance (DAC), time-to-
collision (TTC), ego progress (EP), and comfort (Comf).
For implementation details, refer to appendix. The final
simulation reward is expressed as:

E3
Tsim — {TNQ TDAC, I'TTC, T'EP; TcOmf}~

The predicted simulation reward 7, is supervised using bi-
nary cross entropy:

Lgim = BCE (Tsima r:im) . (13)

This supervision encourages the model to align its trajec-
tory evaluation with safety and physical constraints derived
from the predicted world.

Final Reward. To balance human-like driving preference
and environment-aware evaluation, the final reward inte-
grates both imitation and simulation rewards as:

Tfinal = Q1108 Tim + 2 log rne + a log mpac

(14)
+ aqlog (577rc + 578P + 2 rCome)

where a4, . . ., a4 are balancing coefficients.

This fusion strategy jointly accounts for human prefer-
ence, environmental safety, and motion smoothness, en-
abling the policy to generate trajectories that are both
human-like and physically feasible.

3.4. World Knowledge Distillation

To enable real-time inference without relying on the world
model, we transfer the teacher policy (T) reasoning ability
into a lightweight student policy (S) through two distillation
strategies as shown in Fig. 2: Policy Distillation and World
Reward Distillation. Both distillation strategies are applied
only during training. After training, the teacher policy and
the world model are removed, leaving a compact, real-time
AD policy.

Policy Distillation. The teacher policy produces a set of
planning queries Q7 that encode future-aware reasoning
guided by the world model. The student policy generates
its own set of queries Q°. To align the student’s planning



Table 1. End-to-end planning performance on nuScenes validation set.

Method Input Auxiliary Supervision Is 21;2 (m)3¢s Avg. Is Coélslsmn (;/:) + =
1L [35] LiDAR None 044 1.15 247 135 | 008 027 195 0.77
NMP [55] LiDAR Box & Motion 053 125 267 148 | 0.04 0.12 087 0.34
FF [17] LiDAR Freespace 0.55 120 254 143 | 0.06 0.17 1.07 043
EO [25] LiDAR Freespace 0.67 136 278 1.60 | 0.04 0.09 0.88 0.33
BevFormer [32]+OccWorld [61] | Camera 3D-Occ 043 0.87 131 0.87 - - - -

BevFormer [32]+Occ-LLM [50] | Camera 3D-occ 0.26 0.67 098 0.64 - - - -

ST-P3 [18] Camera Map & Box & Depth 1.33 211 290 211 | 023 062 127 0.71
UniAD [19] Camera | Map & Box & Motion & Tracklets & Occ | 048 096 1.65 1.03 | 0.05 0.17 0.71 0.31
VAD-Base [24] Camera Map & Box & Motion 054 1.15 198 122 | 004 039 1.17 0.53
UAD [12] Camera Box 0.39 081 150 090 | 0.01 0.12 043 0.19
PARA-Drive [46] Camera | Map & Box & Motion & Tracklets & Occ | 0.40 0.77 1.31 0.83 | 0.07 0.25 0.60 0.30
OccNet [41] Camera 3D-Occ & Map & Box 1.29 213 299 214 | 021 059 137 072
GenAD [62] Camera Map & Box & Motion 036 083 155 091 | 0.06 023 1.00 043
Epona [28] Camera None 0.61 1.17 198 125 | 001 022 0.85 0.36
SSR [28] Camera None 024 065 136 0.75 | 000 0.10 036 0.15
OccWorld [61] Camera None 043 1.08 199 1.17 | 0.07 038 1.35 0.60
RenderWorld [51] Camera None 048 130 267 148 | 0.14 055 223 097
GaussianAD [63] Camera 3D-Occ & Map & Box 040 066 092 0.66 | 049 038 061 049
GaussianAD [63] Camera 3D-Occ & Map & Box & Motion 040 0.64 088 0.64 | 009 038 0.81 042
Drive-OccWorld [54] Camera 4D-Occ 032 075 149 085 | 005 0.17 0.64 0.29
Baseline Camera 3D-Occ 029 079 156 088 | 0.70 0.76 1.71 1.06
WPT-Student (Ours) Camera 4D-Occ 024 058 1.17 066 | 0.14 0.16 042 0.24
WPT-Teacher (Ours) Camera 4D-Occ 025 058 1.01 0.61 | 0.16 0.08 0.10 0.11

intent with the teacher’s world-conditioned reasoning, we
minimize the L2 distance between the two query sets:

‘Cpolicy = HQS - QTHQ' (15)

This alignment transfers the structured planning intent from
the teacher into the student, allowing the student to inherit
future-aware reasoning without autoregressive rollout.
World Reward Distillation. The teacher generates multi-
modal candidate trajectories 77 = {r{,..., 7%}, which
are evaluated by the reward model to obtain the optimal tra-
jectory 71 based on the final reward score (see Sec. 3.3).
Meanwhile, the student generates a single trajectory tg,
which is also evaluated by the reward model. To transfer the
world-model-based evaluation knowledge, we minimize the
difference between the reward scores of the student’s trajec-
tory and the teacher’s best trajectory:

Lieward = [|7fina1(Ts) — Tﬁnal(Ti*“)H% (16)

This formulation allows the student to implicitly learn
the teacher’s world-informed decision criteria, effectively
bridging the gap between explicit world-model reasoning
and lightweight policy inference.

4. Experiments
4.1. Datasets and Metrics

NuScenes (open-loop). We evaluate open-loop planning on
nuScenes [2], which contains 1,000 driving scenes, each 20s

long, collected with a full sensor suite providing 360° cov-
erage. The dataset includes ~1.4M images and 3D bound-
ing boxes for 23 classes annotated at 2Hz keyframes; se-
mantic maps are available. We follow the standard split
of 700/150/150 scenes for train/val/test. Following existing
practice on nuScenes [19, 24], we report L2 displacement
error and collision rate for planning quality.

Bench2Drive (closed-loop). We use Bench2Drive [22],
a CARLA-based [7] benchmark designed for multi-ability
closed-loop E2E AD assessment, covering diverse driving
scenarios. Following the official protocol, we train on 1000
clips (950 for training and 50 for open-loop validation) and
compare closed-loop results on the predefined 220 routes.

4.2. Implementation Details

Training on NuScenes Setting. We adopt the pre-trained
Drive-OccWorld [54] model as our world model and freeze
its weights during training. WPT is trained for 12 epochs
with a batch size of 8, using AdamW and a cosine annealing
learning rate schedule.

Training on Bench2Drive Setting. We adopt an instance-
based world model that forecasts future agent states and
lane topology instead of occupancy (detailed in our ap-
pendix). WPT is trained for 6 epochs with a batch size of
16, also using AdamW and a cosine annealing learning rate
schedule.



Table 2. Open-loop and closed-loop planning performance on Bench2Drive. Avg. L2 is averaged over the predictions in 2 seconds

under 2Hz. * denotes expert feature distillation.

Method ‘ Avg. L2 (m) | ‘ Driving Score T Success Rate (%) T  Efficiency T  Comfortness 1
AD-MLP [56] 3.64 18.05 0.00 48.45 22.63
UniAD-Base [19] 0.73 45.81 16.36 129.21 43.58
UniAD-Tiny [19] 0.80 40.73 13.18 123.92 47.04
VAD-Base [24] 0.91 42.35 15.00 157.94 46.01
VAD-Tiny [24] 1.15 34.28 10.45 70.04 66.86
SparseDrive [40] 0.87 44.54 16.71 170.21 48.63
GenAD [62] - 44.81 15.90 - -
DiFSD [39] 0.70 52.02 21.00 178.30 -
DriveTransformer [23] 0.62 63.46 35.01 100.64 20.78
DiffAD [43] - 67.92 38.64 - -
WOoTE [30] - 61.71 31.36 - -
DriveDPO [37] - 62.02 30.62 166.80 26.79
BridgeAD [57] 0.71 50.06 22.73 - -
Baseline 0.79 65.23 34.10 184.86 23.44
WPT-Student (Ours) 0.75 72.61 45.45 188.52 17.80
WPT-Teacher (Ours) 0.76 79.23 54.54 188.63 16.39
TCP-traj* [48] 1.70 59.90 30.00 76.54 18.08
ThinkTwice* [21] 0.95 62.44 31.23 69.33 16.22
DriveAdapter* [20] 1.01 64.22 33.08 70.22 16.01
4.3. Main Results and SR by +20.44 points and the distilled WPT-Student re-

Open-Loop Results on NuScenes. We compare WPT
with recent end-to-end planners on nuScenes, shown
in Tab. 1. As a reference, our Baseline uses the same
student structure without the proposed reward or distilla-
tion. Against this baseline, WPT-Teacher improves Avg.
L2 to 0.61m and collision to 0.11%, while WPT-Student re-
tains most of the gains without test-time world-model over-
head.Compared with strong world-model methods, WPT-
Teacher also achieves the best Avg. L2 and the lowest col-
lision (e.g., vs. Drive-OccWorld [54]: 0.85m, 0.29%). By
horizon, WPT-Teacher leads at 2s (0.58m) and markedly
reduces 3s collisions to 0.10%, indicating stronger long-
horizon foresight, benefiting from our world-aware train-
ing. Importantly, our lightweight WPT-Student preserves
these performance improvements while achieving world-
model-free inference. These results validate that training-
time interaction and world-aware distillation transfer pre-
dictive awareness into a compact policy that effectively im-
proves the student performance.

Closed-Loop Results on Bench2Drive. We evaluate WPT
on Bench2Drive [22] under both open-loop (Avg. L2) and
closed-loop metrics, as summarized in Tab. 2. Additional
multi-modality analyses across diverse scenarios are pro-
vided in our appendix. WPT-Teacher achieves the best
Driving Score (79.23), Success Rate (54.54%), and Effi-
ciency (188.63), surpassing recent E2E planners such as
DriveTransformer [23] (63.46 DS / 35.01% SR / 100.64
Eff.) and DriveDPO [37] (62.02 DS / 30.62% SR / 166.80
Eff.). Relative to the Baseline (same student architecture,
no rewards/distillation), WPT-Teacher boosts DS by +14.00

tains most of the gains. Despite the lower open-loop Avg.
L2 (0.62m) of DriveTransformer, both WPT variants yield
stronger closed-loop results, consistent with Bench2Drive’s
emphasis on closed-loop ability. Compared with meth-
ods that rely on expert feature distillation, our models de-
liver higher DS and SR without requiring expert knowledge.
We note a known efficiency—comfort trade-off; improving
smoothness without compromising efficiency and success
is left for future reward-shaping refinements. Overall, the
gains indicate that our interaction-based rewards and world-
aware distillation yield a policy that is effective in closed-
loop rollouts.

4.4. Ablation Study

To validate each design in our method, we conduct compre-
hensive studies on nuScenes dataset using average L2 error
and collision rate as planning metrics. Baseline-T denotes
the teacher planner WPT trained without our reward model.
Effect of Reward Model. We evaluate when interaction-
based rewards are applied, during training and at inference,
as shown in Tab. 3. Starting from Baseline-T (0.72m /
0.71%), adding the imitation reward in training reduces col-
lisions to 0.23% (0.70m L2). Applying the same reward at
inference leads to better results (0.69m / 0.22%). Adding
simulation rewards gives the largest gains: training-only
reaches 0.62m / 0.14%, and enabling inference-time scor-
ing attains the best 0.61m / 0.11%. The results show the
effectiveness of our reward model. Meanwhile, we find
that most benefits come from training-time supervision; op-
tional inference-time scoring adds a small margin at the cost



of runtime coupling (see our Appx.).

Table 3. Ablation study of reward model. We compare dif-
ferent reward equipment at different usage stages (training stage
or also at inference). “Im. Rwd.” is an imitation reward, while
“Sim.Rwd.” means simulation reward.

Stage Planning
Method Train Infer. | Avg. L2(m) ) Avg. Col.(%)J
Baseline-T - - 0.72 0.71
VA 0.78 0.23
+Im. Rwd. S o 0.69 0.22
. v - 0.62 0.14
+ Im.&Sim. Rwd. v v 0.61 011

Table 4. Ablation study of different rewards. Simulation reward
consists of five signals: NC (No Collision), EP (Ego Progress),
DAC (Drivable Area Compliance), TTC (Time-to-Collision), and
Comf. (Comfort).

Im. Rwd. Sim. Rwd. Planning
NC DAC EP TTC Comf.|L2 (m)] Col. (%))
- - - - - - 0.72 0.71
v - - - - - 0.76 0.23
v v v v v v 0.61 0.11
v - v vV v 0.62 0.22
v v o o- v Y v 0.62 0.23
v v v o v v 0.62 0.23
v v ovovoo- v 0.69 0.25
v v v v v - 0.63 0.23

Effect of Different Rewards. We analyze the composition
of our reward signals, as shown in Tab. 4. With imitation
reward only, performance is 0.76m / 0.23%. Further aggre-
gating all simulation rewards (NC, DAC, EP, TTC, Comf.)
achieves the best 0.61m/ 0.11%, indicating complementary
effects. Ablating each simulation reward degrades perfor-
mance; removing the TTC reward signal causes the largest
collision increase (to 0.25%), highlighting its importance
for safety, while other simulation reward signals contribute
smaller but steady gains.

Effect of Interaction Sources. We compare using ground-
truth occupancy (GT-Occ) versus world-model rollouts
(WM-Occ) to drive reward signals, shown in Tab. 5.
With imitation reward only, GT-Occ offers stronger signals
(0.64m / 0.16% vs. 0.69m / 0.22%). With equipping sim-
ulation rewards, WM-Occ achieves the best overall (0.61m
/0.11%) compared to GT-Occ (0.65m / 0.11%), suggesting
that training on world-model rollouts with WM-Occ aligns
the policy with the predictive structure compared to the de-
terministic GT-Occ.

Effect of Distillation Strategies. We study the lightweight
student with different distillation strategies, shown in Tab. 6.
Plain training yields 0.88m / 1.06%. Query-level dis-

Table 5. Interaction occupancy source ablation. GT-Occ de-
notes using ground truth occupancy for interaction, while WM-
Occ denotes using the occupancy generated by WM.

Interaction Source Planning
Method GT-Occ WM-Occ |L2 (m)}. Col. (%)
Baseline-T | - v o] 072 071
v - 0.64 0.16
+ Im. Rwd. ) v 0.69 022
. v - 0.65 0.11
+ Im.&Sim. Rwd. ) v 0.61 0.11

Table 6. Ablation study of distillation. “Query” denotes the dis-
tillation of the plan query.

Distillation Type Planning
Query Im. Rwd. Sim. Rwd.|Avg. L2 (m) | Avg. Col. (%) |
- - - 0.88 1.06
v - - 0.69 0.86
v v - 0.68 0.25
v v v 0.66 0.24

tillation alone provides a sizable step (0.69m / 0.86%).
Adding imitation-reward distillation sharply reduces colli-
sions to 0.25% (0.68m). Combining imitation and sim-
ulation reward distillation attains the best student perfor-
mance, 0.66m / 0.24%, demonstrating that world-aware sig-
nals effectively transfer predictive awareness without test-
time world-model calls.

Computation and Latency. We report full training com-
pute (GPU hours) and planning inference latency in the ap-
pendix. Briefly, the distilled WPT-Student matches Base-
line latency (64 ms) and is 4.9x faster than WPT-Teacher
(312 ms), while improving planning from 0.88m / 1.06% to
0.66m /0.24%.

Overall, these ablations show that: 1) interaction-based
rewards are the primary driver of safety gains; 2) simula-
tor reward signals provide complementary improvements;
3) supervision from world-model rollouts is preferable to
deterministic GT; 4) world-aware distillation consolidates
these effects into a compact, deployable planner.

5. Conclusion

In this paper, we present WPT, a World-to-Policy Transfer
training paradigm for end-to-end AD. Through a trainable
reward model and dual distillation schemes, WPT distills
world-model knowledge into a lightweight policy during
training. This eliminates runtime world-model dependen-
cies, ensuring real-time inference. Extensive experiments
on both open-loop and closed-loop benchmarks demon-
strate that WPT achieves state-of-the-art performance in
planning accuracy, driving safety, and efficiency.
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