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Abstract

Recent advances in generative video models such as SORA have renewed interest1

in using world models to simulate physical dynamics for embodied decision-2

making tasks like autonomous driving. In parallel, end-to-end driving frameworks3

have begun to incorporate latent world models that predict future latent states4

as an auxiliary objective, trained jointly with imitation learning to enhance the5

model’s planning capabilities. These models help encode environment dynamics6

and improve planning accuracy, but treat the world model as a passive auxiliary7

module. Separately, the Dreamer series has demonstrated the potential of using8

latent world models as simulators for reinforcement learning (RL), enabling agents9

to learn through imagined rollouts. However, combining imitation learning (IL)10

and RL in latent world models remains underexplored, and naive attempts to jointly11

optimize a shared policy often lead to instability and degraded performance. In this12

work, we propose a dual-policy framework that decouples IL and RL agents while13

sharing a common latent world model. The IL policy learns from expert driving14

data using supervised latent rollouts, while the RL policy explores the same latent15

environment via Dreamer-style training. Rather than fusing the two objectives,16

the agents are trained independently and compete during learning. Based on the17

outcome of their competition, knowledge—either expert behavior or exploratory18

experience—is selectively shared between agents. This architecture enables each19

policy to specialize while benefiting from the other’s strengths. Experiments in20

complex driving scenarios demonstrate that our approach outperforms imitation-21

only baselines, leading to more robust and generalizable autonomous driving22

policies. We will release our code on GitHub soon.23

1 Introduction24

End-to-end (E2E) learning has emerged as a dominant architecture in autonomous driving [19, 21, 40],25

enabling direct optimization of the entire driving pipeline—including perception, prediction, and26

planning—toward the final driving objective. By bypassing modular decompositions, this paradigm27

mitigates issues such as error accumulation and misaligned optimization objectives.28

Before the rise of E2E approaches, autonomous driving models typically relied on manually defined29

training objectives for each module. However, these objectives often introduced suboptimal biases30

when integrated into a full system. In contrast, E2E learning allows models to learn directly from31

expert demonstrations, focusing solely on observations and actions. Despite this advantage, E2E32

methods still struggle with the long-tail problem: expert-collected datasets rarely cover rare or33

safety-critical scenarios.34

To address this, researchers have explored generative world models that conditionally synthesize35

driving observations based on actions or user-provided modalities (e.g. BEV and text) [38, 39].36
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These models can generate synthetic data to enrich training datasets, helping to alleviate long-tail37

issues. More recently, the combination of generative and reconstruction models has enabled high-38

fidelity scene generation [46, 33, 42], supporting closed-loop simulation and large-scale RL training39

[41]. However, these methods are computationally intensive, as they often require training a new40

reconstruction model (e.g., 3D Gaussian Splatting [23]) for each environment.41

In this paper, we propose a more computationally efficient alternative for addressing the long-tail42

problem. Inspired by recent works integrating latent world models into end-to-end frameworks [28,43

25], we adopt a latent world model rather than a pixel-level one. This design reduces computational44

overhead while preserving rich spatiotemporal representation. Our world model is trained jointly45

during the E2E imitation learning process, similar to model-based imitation learning (MBIL) [16].46

The prediction objective enhances the model’s ability to learn scene dynamics, aligning with predictive47

processing theories in human cognition [9].48

While imitation learning allows agents to efficiently acquire expert behavior, it remains limited in49

generalization, especially in previously unseen scenarios—even with synthetic data augmentation. To50

overcome this, we draw inspiration from model-based reinforcement learning (MBRL), particularly51

the Dreamer series [12, 13, 14, 15]. We propose full utilize the latent world model with a learned52

reward model during E2E training rather than only set a new predictive task for the E2E model.53

This enables the agent to simulate imagined trajectories in latent space and optimize its policy using54

imagined rollouts.55

By integrating model-based imitation and reinforcement learning into a unified framework, our agent56

benefits from both expert supervision and autonomous exploration. It can learn efficiently from57

demonstrations while improving through self-directed imagination-based learning in latent space.58

Recent work such as RAD [6] also explores combining imitation and reinforcement learning. However,59

those methods rely on realistic 3D reconstructions for exploration, incurring significant computational60

cost. In contrast, our approach performs exploration entirely in latent space using a world model61

learned during imitation, eliminating the need for expensive 3D scene generation.62

Our experimental results validate the effectiveness of our approach, achieving a substantial reduction63

in collision rate on the nuScenes benchmark, from 0.48% to 0.15%.64

Our contributions are summarized as follows:65

• We introduce a competitive dual-policy architecture that decouples imitation learning and66

reinforcement learning agents, enabling them to co-train within a shared latent world model67

while specializing in expert imitation and exploratory behavior, respectively.68

• We propose a compute-efficient RL framework for autonomous driving, which eliminates69

the need for external simulators or costly scene reconstructions by leveraging a latent world70

model as an internal simulator for one step imagined.71

• We conduct extensive experiments on both the nuScenes and Navsim datasets, show-72

ing that our approach outperforms imitation-only and prior world-model-based baselines,73

achieving state-of-the-art results in terms of both planning accuracy and safety.74

2 Preliminary75

In end-to-end autonomous driving, the model receives a sequence of past and current observations76

from multiple cameras mounted on the vehicle and predicts a future trajectory for ego car. At each77

timestamp t, the observation ot consists of multi-view images. Most end-to-end models can be78

viewed as encoder-decoder frameworks. They first encode the raw observations ot into intermediate79

features, often in the form of a bird’s-eye view (BEV) representation Bt using architectures like80

BEVFormer [43]. The BEV feature is then further processed to produce the latent scene state st:81

st = Encoder(ot), (1)

After extracting scene state, the planning head directly predicts the future action sequence based on82

the latent state:83

ât:t+Tplan−1 = PlanningHead(st), (2)
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where Tplan is the planning horizon, typically 3 to 4 seconds. Each action at ∈ R2 represents a 2D84

waypoint in the vehicle’s local coordinate system, and the output sequence ât:t+Tplan−1 contains the85

predicted waypoints from t to t+ Tplan − 1.86

The planning head is typically trained using expert demonstrations. The predicted action sequence is87

supervised using the corresponding ground-truth actions via an imitation loss:88

Limi =

Tplan−1∑
τ=0

∥ât+τ − at+τ∥1. (3)

Recently, latent world models have been introduced into end-to-end autonomous driving to help89

the model better understand scene dynamics. Unlike pixel-level world models, latent world models90

operate in the abstract feature space, which makes them more computationally efficient. Given the91

current state st and a proposed action sequence, the world model predicts a future state after Tfut92

steps:93

ŝt+Tfut
= LatentWorldModel(st, ât:t+Tplan−1), (4)

where the world model predict the state after Tfut frames in the future, given current state st and the94

proposed action sequence ât:t+Tplan−1.95

To supervise the world model, we use the ground truth st+Tfut
, which can be obtained by ot+Tfut

.96

For interpretability, we first convert the latent space state to BEV space, then supervise the world97

model’s predictions in BEV space. This allow us to visualize the output of the latent world model98

directly:99

Bt+Tfut
= BEVEncoder(ot+Tfut

), (5)
100

B̂t+Tfut
= Fusion(ŝt+Tfut

, Bt), (6)
101

Lwm = ∥B̂t+Tfut
−Bt+Tfut

∥2. (7)
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Figure 1: Overview of Our Method. We propose a dual-policy architecture that integrates imitation
learning (IL) and reinforcement learning (RL) through a shared latent world model. During each
iteration, both the IL Actor and RL Actor are trained simultaneously. The latent world model and
reward model are learned during the IL phase. In the RL phase, only the RL Actor and Critic are
updated. The RL Actor generates a policy from which N action sequences are sampled. These
sequences are evaluated using one-step imagination in the latent world model. Guided by the reward
model and Critic, the RL Actor is optimized to assign higher probabilities to action sequences with
higher estimated values.
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3.1 Planning Head and Actor Modeling103

Currently, most popular E2E autonomous driving model use a determined network to model the action104

sequence, showed in Eq.2. However, as the uncertainty and non-deterministic nature of planning [3]105

and the behaviors of the agents are highly multimodal [35], we follow this paradigm to build our106

planning head.107

Firstly, since st ∈ RNt×d contains almost all perception information, we use a set of waypoint108

querys Wt ∈ RNc×Tplan×d to extract the information the planning head needed for each action in the109

proposed action sequence:110

st = CrossAttn(Q = Wt,K = st, V = st), (8)

in which Nt is the number of tokens to represent a scenario. Following the experiment of SSR [25],111

we set Nt = 16. And d is the dimension of embedding, and Nc is the number of high-level command112

(i.e. left turn, right turn, and go straight). Since autonomous driving vehicles usually require the113

navigation information to planning, most E2E datasets provide high-level commands for the model.114

Then, intuitively, we should generate each action in the sequence step by step, adhering to causal115

relationships: first sampling at ∼ π(at|st), then at+1 ∼ π(at+1|st, at), and so on, until at+Tplan−1 ∼116

π(at+Tplan−1|st, at:t+Tplan−2).117

However, we argue that humans often plan actions backward: they first identify the goal or endpoint118

and then reason back to generate the action sequence. In this case, we start from at+Tplan−1 ∼119

π(at+Tplan−1|st), then sample at+Tplan−2 ∼ π(at+Tplan−2|st, at+Tplan−1), and continue backward until120

at ∼ π(at|st, at+1:t+Tplan−1).121

To implement the invert chain rule, we adopt the masked attention mechanism with an invert attention122

mask, which is an inverted version of the causal mask in language model training. We first treat the123

scene token st as a sequence of tokens with a horizon Tplan: st = {stt, st+1
t , ..., s

t+Tplan−1
t }, where124

st+τt ∈ RNc×d is used to generate the τ -th action of the proposed action sequence. The masked125

multi-head attention then enforces the inverted causal dependency during the generation process:126

st = MaskedMutiHeadSelfAttn(Q = st,K = st, V = st,mask), (9)

where mask is lower part of a triangular matrix, and mask ∈ RTplan×Tplan .127

Here, we model each action in the action sequence with gaussian distribution:128

ât+τ ∼ π(ât+t|st+τt ) = N
(
MLP(st+τt ),MLP(st+τt )

)
, (10)

where two separate multi-layer perceptrons (MLPs) are used to generate the mean vector and129

covariance matrix of the Gaussian distribution respectively, for simplicity.130

We update the imitation loss in Eq. 3 with a the negative log likelihood (NLL) loss as follows:131

Limi =

Tplan−1∑
τ=0

∥∥E [
π(·|st+τt )

]
− at+τ

∥∥
1
− µ · log π(at+τ |st+τt ), (11)

where µ is a hyper-parameter to balance the L1 loss and NLL loss.132

3.2 Reward Modeling133

Inspired by the cost module in LeCun’s world model [24], which consists of two components—an134

intrinsic reward module that estimates the immediate “energy” of the current state (e.g., pain, pleasure,135

hunger), and a critic that predicts the expected cumulative future cost—we extend this design by136

introducing an additional imitation reward that evaluates the similarity between expert trajectories137

and those proposed by our model.138

For the intrinsic reward, we focus solely on the current state to detect unsafe conditions, such as the139

ego vehicle being too close to surrounding dynamic agents or the road boundary. The critic reward140

then evaluates whether a proposed action sequence will lead to future collisions by considering the141

current state, the predicted future states, and the action sequence itself.142

Beyond these rule-based components, we incorporate human driving preferences through an imitation143

reward, which measures the discrepancy between the model’s proposed actions and those taken by144

human experts.145
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Figure 2: Overview of Our Reward Model. (Left) We design three separate reward models to
provide intrinsic, critic-based, and imitation rewards. The intrinsic reward depends only on the current
state, while the critic reward evaluates future states. The imitation reward measures the similarity
between the predicted and expert action sequences. (Right) Since expert demonstrations typically
yield near-optimal rewards, they provide limited learning signals for the reward model. To address
this, we train the reward model using actions from a higher-variance (riskier) policy to encourage
better reward shaping.

Thus, our reward model comprises three components (see Fig. 2):146

r̂intt ∼ p(r̂intt |st),
r̂imit ∼ p(r̂imit |st, ât:t+Tplan−1),

r̂crt ∼ p(r̂crt |st, ât:t+Tplan−1, ŝt+Tfut
).

(12)

We model each reward using a Gaussian distribution and compute ground-truth reward targets with147

rule-based heuristics. However, due to the open-loop nature of our prediction process, the computed148

rewards are often near-perfect, which limits the effectiveness of training. To address this, we introduce149

perturbations to the proposed action sequences, enabling the reward models to learn from both positive150

and negative samples.151

We train the reward models using a negative log-likelihood loss:152

Lrew = − log p(rint|st)− log p(rcr|st, ât:t+Tplan−1, ŝt+Tfut
)− log p(rimi|st, ât:t+Tplan−1). (13)

3.3 End-to-End Imitation Learning153

Inspired by the world model training stage of Dreamer [15] and recent works that integrate world154

models into end-to-end autonomous driving [25, 28], we jointly train the driving policy, world model,155

and reward model by simply summing their individual losses (see Eq. 14).156

Le2e = Limi + Lwm + Lrew. (14)

3.4 Actor Critic Learning157

Once the world model is trained via imitation learning, it can serve as a simulated environment for the158

reinforcement learning (RL) agent to explore. In this work, we adopt an actor-critic framework to op-159

timize the actor module, where the critic is implemented as an MLP-based value estimator. However,160
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we observe that the differing optimization objectives of imitation learning (IL) and reinforcement161

learning can cause unstable training when both attempt to update the same actor. To address this, we162

decouple the IL and RL components by introducing a separate RL actor module, ensuring that each163

learning paradigm only updates its own actor.164

The RL actor outputs a policy π, similar to IL actor (see Eq. 10). It also contains a critic head to165

estimate the return value distribution vt = E[p(·|st)].We then sample N future action sequence166

a
(1)
t:t+Tfut−1, a

(2)
t:t+Tfut−1, ..., a

(N)
t:t+Tfut−1. The world model acts as a one-step simulator and provides167

the interact feedback for the RL actor:168

ŝ
(i)
t+Tfut

= WorldModel(st, a
(i)
t:t+Tfut−1), (15)

After the simulation, the critic estimates the value of the imagine state v(i)t+Tfut
= E[p(·|s(i)t+Tfut

)], we169

use the expectation for the λ-return calculation (see Eq. 16) for each one step imagine chain and obtain170

R
(i)
t . We calculate the advantage value for each sample, where the reward rt = r̂intt + r̂crt + r̂imit :171

R
(i)
t = rt + γ

(
(1− λ)vt + λR

(i)
t+Tfut

)
, R

(i)
t+Tfut

= v
(i)
t+Tfut

, (16)
172

A(i) = (R
(i)
t − vt), A(i) =

A(i) −mean(A(1), A(2), ..., A(N))

std(A(1), A(2), ..., A(N))
. (17)

The computed advantages are used to update the RL actor via the actor loss. To further encourage173

exploration, we also add an entropy regularization term to the loss. For the critic, we use the average174

negative log-likelihood loss over all samples:175

Lactor = −
1

N

N∑
i=1

A(i) log π(
(i)
t:t+Tfut−1|st), Lcritic = −

1

N

N∑
i=1

log v(R
(i)
t |st). (18)

To enable knowledge sharing between the two actors—one trained via imitation and the other via176

exploration—we introduce a competitive mechanism that selectively updates their parameters, as177

described in Alg. 1.178

Algorithm 1 Competing IL and RL with Knowledge Blending

1: Initialize actor_il, actor_rl, critic
2: Initialize score_il← 0, score_rl← 0
3: for each (scene, expert_act) in dataset do
4: if warmup then
5: actor_il.learn_from_expert(scene, expert_act) ▷ Imitation learning (IL)
6: else
7: actor_il.learn_from_expert(scene, expert_act)
8: actor_rl.learn_from_reward(scene, critic) ▷ Reinforcement learning (RL)
9: score_il += actor_il.evaluate(scene, expert_act)

10: score_rl += actor_rl.evaluate(scene, expert_act)
11: if compete then
12: if score_il > score_rl then ▷ soft update: rl ← r·il + (1–r)·rl
13: actor_rl← blend(actor_il, actor_rl, r)
14: else ▷ soft update: il ← r·rl + (1–r)·il
15: actor_il← blend(actor_rl, actor_il, r)
16: score_il← 0, score_rl← 0

4 Experiments179

4.1 Datasets180

nuScenes [2] is a large-scale autonomous driving benchmark featuring 1,000 20-second urban driving181

scenes with 1.4M annotated 3D boxes across 23 object classes. It provides 360° imagery from six182
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cameras and 2Hz keyframe annotations. Following prior works [19, 21], we evaluate planning using183

L2 placement error and Collision Rate.184

Navsim [5] is a compact, filtered version of OpenScenes [4], itself derived from nuPlan [22]. It185

emphasizes challenging scenarios and contains 120 hours of driving at 2Hz. It includes navtrain186

and navtest splits for training and testing. To better reflect closed-loop safety and behavior, Navsim187

evaluates agents with six metrics: No at-fault Collisions (NC), Drivable Area Compliance (DAC),188

Time to Collision (TTC), Ego Progress (EP), Comfort (C), and Driving Direction Compliance (DDC).189

These are combined into a weighted Driving Score (PDMS).190

4.2 Implementation Details191

For experiments on nuScenes, our method builds upon the SSR framework [25]. We train our models192

using 8 NVIDIA A800-SXM4-80GB GPUs and perform evaluation on a single A800 GPU. The193

training is conducted with a batch size of 1 using the AdamW optimizer, with a learning rate set to194

5 × 10−5. All other training settings follow the original SSR configuration. The training process195

takes approximately 12 hours to complete.196

For experiments on Navsim, we adopt the Transfuser [34] model as backbone. Transfuser employs a197

Transformer-based architecture to fuse front-view camera image and LIDAR data across multiple198

stages. We train our model on navtrain split and evaluate it on test split, using the same hardware199

configuration as in nuScenes experiments. The training is performed with a batch size of 16 using the200

AdamW optimizer, with a learning rare set to 1× 10−4.201

4.3 Main Results202

We evaluate our method on both the nuScenes [2] and Navsim [5] benchmarks. The results are203

presented in Tab. 1 and Tab. 2, respectively. For nuScenes, we follow the evaluation protocol of204

[21], which reports average L2 distance and collision rate over 1s, 2s, and 3s prediction horizons.205

For Navsim, we adopt the close-loop metrics provided in Navsim. Sepcifically, we use the test split206

rather than navtest split for evaluation, as the former contains much more scenarios (5044) than207

the later (885), making it more suitable for comprehensively assessing the model’s overall driving208

performance.209

Table 1: Comparison of state-of-the-art methods on the nuScenes dataset. Gray rows indicate
methods that do not use additional supervision. *Ours and SSR are trained and evaluated on A800
GPUs, which differs from the original SSR paper. Results for other methods are reproduced from the
SSR paper. Evaluation follows VAD metrics. The overall best results are highlighted in bold, while
the best results among methods without additional supervision are underlined.
Method Auxiliary Task L2 (m) ↓ Collision Rate (%) ↓

1s 2s 3s Avg. 1s 2s 3s Avg.
ST-P3 [18] Det&Map&Depth 1.33 2.11 2.90 2.11 0.23 0.62 1.27 0.71
UniAD [19] Det&Track&Map&Motion&Occ 0.44 0.67 0.96 0.69 0.04 0.08 0.23 0.12
VAD-Tiny [21] Det&Map&Motion 0.46 0.76 1.12 0.78 0.21 0.35 0.58 0.38
VAD-Base [21] Det&Map&Motion 0.41 0.70 1.05 0.72 0.07 0.17 0.41 0.22
BEV-Planner [31] None 0.28 0.42 0.68 0.46 0.04 0.37 1.07 0.49
PARA-Drive [40] Det&Track&Map&Motion&Occ 0.25 0.46 0.74 0.48 0.14 0.23 0.39 0.25
LAW [28] None 0.26 0.57 1.01 0.61 0.14 0.21 0.54 0.30
GenAD [48] Det&Map&Motion 0.28 0.49 0.78 0.52 0.08 0.14 0.34 0.19
SparseDrive Det&Track&Map&Motion 0.29 0.58 0.96 0.61 0.01 0.05 0.18 0.08
UAD [10] Det 0.28 0.41 0.65 0.45 0.01 0.03 0.14 0.06
SSR* [25] None 0.18 0.35 0.62 0.38 0.48 0.45 0.51 0.48
Ours* None 0.21 0.40 0.69 0.43 0.09 0.11 0.23 0.15

On nuScenes, compared to the recent state-of-the-art SSR [25], which achieves the best L2 error210

(0.38), our method obtains a slightly higher L2 error (0.43), but significantly improves the collision211

rate. Ablation studies further confirm that each component of our approach contributes meaningfully212

to the final performance. Although UAD [10] achieves the lowest collision rate overall (0.06%), it213
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Table 2: Comparison of state-of-art methods on Navsim test set. *reproduced by us. † test on
navtest set.

Method NC ↑ DAC ↑ TTC ↑ Comf.↑ EP ↑ PDMS↑
Human 100.0 100.0 100.0 99.9 87.5 94.8

Ego Status MLP 93.0 77.3 83.6 100.0 62.8 65.6
VADv2 [3] 97.2 89.1 91.6 100.0 76.0 80.9
UniAD [19] 97.8 91.9 92.9 100.0 78.8 83.4
PARA-Drive [40] 97.9 92.4 93.0 99.8 79.3 84.0
Transfuser [34] 97.7 92.8 92.8 100.0 79.2 84.0
LAW [28] 96.5 95.4 88.7 99.9 81.7 84.6
Hydra-MDP [30] 98.3 96.0 94.6 100.0 78.7 86.5
WoTE* [29] 98.6 96.4 95.3 100.0 81.1 87.9
DiffusionDrive† [32] 98.2 96.2 94.7 100.0 82.2 88.1
DiffusionDrive* [32] 92.7 95.2 83.4 100.0 78.0 80.3

Ours 98.6 96.8 95.5 100.0 81.0 88.2

relies heavily on extensive supervision signals such as detection and tracking. In contrast, our method214

achieves the best collision rate (0.15%) among methods that do not use any auxiliary supervision215

beyond expert trajectories.216

On navsim, our model obtains a PDMS of 88.2, outperforming recent state-of-art methods, showing217

notable improvements accoss multiple sub-metrics, including NC (+0.4), DAC (+0.4) and TTC218

(+0.8). Compared to WoTE, which leverages a world model to evaluate candidate trajectories during219

testing, our approach achieves a higher overall score. While DiffusionDrive performs competitively220

on navtest split (88.1), its performance drops significantly on test split (80.3), indicating limited221

generalization to more diverse scenarios-possible due to the distribution shifts between navtest to test.222

4.4 Ablation Study223

We conduct an ablation study on the nuScenes dataset [2], evaluating the contribution of three key224

components: the inverse autoregressive module in the planning head, the reward model in end-to-end225

imitation learning, and the incorporation of reinforcement learning. Results are summarized in Tab. 3.226

The experiments demonstrate that each component contributes to improved performance across both227

planning accuracy and collision rate metrics. And we find that, the import of RL actor enhance the228

exploration, so that the L2 error becomes higher, but the agent learns to avoid colliding with others.229

Table 3: Ablation Study Results on the impact of inverse autoregression (Inv. AR.), reward model
(RM.), and reinforcement learning (RL). ↓: lower is better.

Inv. AR. RM. RL L2 (m) ↓ Collision Rate (%) ↓
1s 2s 3s Avg. 1s 2s 3s Avg.

✗ ✗ ✗ 0.186 0.355 0.617 0.385 0.479 0.454 0.511 0.481
✓ ✗ ✗ 0.200 0.377 0.652 0.410 0.098 0.166 0.329 0.198
✓ ✓ ✗ 0.183 0.343 0.585 0.371 0.039 0.161 0.326 0.175
✓ ✓ ✓ 0.206 0.399 0.694 0.43 0.098 0.112 0.228 0.146

4.5 Qualitative Results230

Through qualitative analysis, we found that the latent BEV features effectively capture distinct driving231

behaviors. As shown in Fig. 3, due to the end-to-end nature of our model, the planning module232

directly influences the feature representations. For instance, in the "Turn Left" and "Turn Right"233

scenarios, the turning direction tends to exhibit higher activation (represented in red), indicating234

that these regions are more prominently perceived and attended to by the model. Regarding the235
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Figure 3: Qualitative visualization of model performance. The left column shows three driving
scenarios (go straight, turn left, turn right), each with input camera views, ground-truth map, and an
overlay of attention points (16 queries, 10 points/query) and latent BEV feature heatmaps. The right
column shows closed-loop world model exploration, where red marks the ground-truth ego position
and the black box the predicted one. We further analyze how the world model responds to different
exploration trajectories by visualizing the resulting predicted perception features (see Fig. 4)

attention points, we observed that regardless of the driving context—whether going straight, turning236

left, or turning right—their spatial distribution remains relatively consistent. Interestingly, this pattern237

persists across all trained models. We attribute this phenomenon to the limitations of the nuScenes238

dataset, which may be insufficient for training a fully generalized policy, often leading to models that239

adopt fixed driving strategies. Moreover, we observed that when attention points are more dispersed240

across the BEV space and less concentrated near the ego vehicle, the L2 error tends to be lower.241

In contrast, when attention points are concentrated directly in front of and behind the vehicle, the242

collision rate is often reduced.243

As illustrated on the right side of Fig. 3, the proposed method also demonstrates closed-loop behavior244

by leveraging the world model to simulate and explore diverse potential trajectories. These imagined245

scenarios are subsequently used to train the model, enabling it to acquire more generalized and robust246

driving strategies.247

5 Conclusion248

This work explores how to better utilize latent world models in recent world-model-based end-to-249

end autonomous driving (E2EAD) frameworks. We propose a novel approach that integrates the250

strengths of both imitation learning (IL) and reinforcement learning (RL) through a shared latent251

world model—without relying on external simulators. Our results show that latent world models can252

effectively serve as internal simulators for RL, significantly reducing collision rates and improving253

planning safety. Furthermore, visualization of the learned trajectories enhances the interpretability of254

using such latent dynamics for simulation. We believe our method offers new insights into leveraging255

world models for more robust and generalizable autonomous driving.256

Limitations and Future Work: Despite its promising results, our approach has several limitations.257

Currently, we use relatively simple reward functions, which leads to a dominance of the IL policy258

in the competitive training framework. This is primarily because the IL agent benefits from dense259

and structured supervision, whereas the RL agent relies on sparse and delayed reward signals. In260

future work, we plan to explore more sophisticated reward designs and competition strategies to261

better balance learning between IL and RL agents. Additionally, we are interested in integrating the262

latent world model with more expressive generative models to bridge the gap between compact latent263

dynamics and explicit pixel-level understanding.264
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A Related Work421

A.1 End-to-end Autonomous Driving422

End-to-End automatic driving methods have recently made significant progress. These learning-based423

methods replaced traditional modular design by the end-to-end paradigm. [19] first demonstrated the424

potential of end-to-end by unifying perception and planning tasks within an unified framework. [21]425

vectorized the scene representation and improved the efficiency of inference. [40] decomposed the426

traditional end-to-end pipeline and searched for optimal architectures. some works tried to integrate427

world models into end-to-end automatic driving. [28] predicted future visual latens via world model,428

improving temporal understanding. [25] utilized sparse tokens to represent dense BEV features and429

similarly employed a world model to predict next Bird’s Eye View (BEV) feature to enhance scene430

comprehension. [29] leverages a BEV-based world model to predict future agent states, enabling431

online trajectory evaluation and selection.432

In contrast, our approach leverages the world model as an offline simulator for end-to-end automatic433

driving methods. Specifically, the AD model iteratively interacts with the world model to imagine434

future scene transitions through a world model, enabling reward-driven policy optimization in a435

simulated latent space.436

A.2 World Model437

World model estimates the next state of the environment based on current state and action. It serves438

as a key component in both human and robot cognitive system to reason, predict and plan.[24]. The439

concept of world model was first introduced in [11], which designed a recurrent-style world model to440

predict future states, enabling the agent to learn an effective policy. Later, Yann Lecun proposed an441

agent architecture [24], including a world model to predict possible future world states given the input442

from perception, actor, and etc. Dreamer series [12, 13, 14, 15] advanced this idea by employing443

RSSM to model a world model from experience, helping to train a policy on imagined trajectories444

within latent space.445

In autonomous driving, numerous world model-based methods have emerged. Video-based world446

models predict future driving videos conditioned on priors. [17] is a generative world model that447

utilizes various inputs to create realistic driving scenarios. [38] leveraged diffusion model to predict448

future images and planned based on these predictions. [7] was built on stable video diffusion [1]449

model and achieved high fidelity and versatile controllability. Occupancy-based world model like450

[47, 37, 44, 27] predict future occupancy condition on priors. [47] firstly defined the 4D occupancy451

forecasting task and used an auto-regressive framework to achieve spatial and temporal modeling.452

[37] further deployed diffusion model to model long-term temporal evolutions.453

In contrast, our approach leverages world model in latent space, which greatly saves computational454

resources.455

A.3 Reinforcement Learning in Autonomous Driving456

Reinforcement learning (RL) is an important technique for autonomous driving. [45] trained an RL457

expert to map BEV Input to actions, subsequently served as teacher for the end-to-end student model.458
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[20] leveraged a Vision-Language-Model (VLM) to generate rewards signals for RL. Some methods459

explicitly utilized a world model to simulate state-action transition between actor and environment to460

improve data efficiency, which is called Model-based reinforcement learning (MBRL). [26] integrated461

DreamV3 to train an expert driving model, becoming the fist agent to finish CARLA v2. [36] analyzed462

performance degradation sources of driving agents, proposing an adaptive fine-tuning strategy that463

selectively updates actor or world model. [8] proposed a novel framework by integrating Vista[7]464

with a multi-modal diffusion-based policy, achieving impressive performance in the CARLA.465

In contrast, our fully E2E model conducts MBRL in the latent space and combines with IL policy to466

reach better performance.467

B Actor-Critic Preliminary468

In model based RL algorithms, the world model is used to imagine future states based on proposed469

action sequence. More specifically, for each iteration, given an initial state, the world model and actor470

are invoked for Nimg imagine horizons. The actor proposes actions based on the state, and the world471

model predicts the future state based on these actions and the initial state, rolling out in this manner.472

For each rollout, the imagined state s, action a, and reward r are stored for behavior learning.473

There are two main components in the behavior learning process:474

Actor: ât:t+Tplan−1 ∼ πθ(ât:t+Tplan−1|st), Critic : vψ(Rt|st). (19)

Here, πθ represents the policy network, and the action sequence is sampled from the policy distribution.475

The value output of the critic is used to compute the return value, so here we use the expectation of476

the value distribution as its predicted value vt = E[vψ(·|st)].477

The return value is often computed using bootstrapped λ-returns to integrate the predicted rewards478

and values [15]:479

RλT = rt + γ
(
(1− λ)vt + λRλt+Tfut

)
, Rλt+Tfut·Nimg

= vt+Tfut·Nimg
, (20)

where rt is the expectation value of reward distribution output by reward model pϕ(rt|st) at timestamp480

t: rt = E[pϕ(·|st)]. For the final roll out at timestamp t+ Tfut ·Nimg, the return value is equal to481

the reward value.482

For the actor, the loss is composed of two parts: the reinforce term and an entropy regularizer to483

encourage exploration:484

Lactor = −
∑
t

sg(Rλt − vt) · log π(at:t+Tplan−1|st)︸ ︷︷ ︸
reinforce

+ η ·H
[
π(at:t+Tplan−1|st)

]︸ ︷︷ ︸
entropy regularizer

 , (21)

where the sg(·) denotes stop gradient.485

For the critic, we use the negative log likelihood of the return in the value distribution as its loss:486

Lcritic = −
∑
t

log v(Rλt |st). (22)

C Additional Visualization487

In this section, we show some additional visualization of our method.488
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Figure 4: BEV features and attention point visualization during world model exploration, where red
marks the ground-truth ego position and the black box the predicted one

Figure 5: Additional qualitative results

Figure 6: Additional qualitative results
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NeurIPS Paper Checklist489

1. Claims490

Question: Do the main claims made in the abstract and introduction accurately reflect the491

paper’s contributions and scope?492

Answer: [Yes]493

Justification: The abstract and introduction clearly define the paper’s scope (autonomous494

driving) and summarize our key contributions at the end of the introduction section.495

Guidelines:496

• The answer NA means that the abstract and introduction do not include the claims497

made in the paper.498

• The abstract and/or introduction should clearly state the claims made, including the499

contributions made in the paper and important assumptions and limitations. A No or500

NA answer to this question will not be perceived well by the reviewers.501

• The claims made should match theoretical and experimental results, and reflect how502

much the results can be expected to generalize to other settings.503

• It is fine to include aspirational goals as motivation as long as it is clear that these goals504

are not attained by the paper.505

2. Limitations506

Question: Does the paper discuss the limitations of the work performed by the authors?507

Answer: [Yes]508

Justification: We discuss the limitations and outline directions for future work in the509

conclusion section.510

Guidelines:511

• The answer NA means that the paper has no limitation while the answer No means that512

the paper has limitations, but those are not discussed in the paper.513

• The authors are encouraged to create a separate "Limitations" section in their paper.514

• The paper should point out any strong assumptions and how robust the results are to515

violations of these assumptions (e.g., independence assumptions, noiseless settings,516

model well-specification, asymptotic approximations only holding locally). The authors517

should reflect on how these assumptions might be violated in practice and what the518

implications would be.519

• The authors should reflect on the scope of the claims made, e.g., if the approach was520

only tested on a few datasets or with a few runs. In general, empirical results often521

depend on implicit assumptions, which should be articulated.522

• The authors should reflect on the factors that influence the performance of the approach.523

For example, a facial recognition algorithm may perform poorly when image resolution524

is low or images are taken in low lighting. Or a speech-to-text system might not be525

used reliably to provide closed captions for online lectures because it fails to handle526

technical jargon.527

• The authors should discuss the computational efficiency of the proposed algorithms528

and how they scale with dataset size.529

• If applicable, the authors should discuss possible limitations of their approach to530

address problems of privacy and fairness.531

• While the authors might fear that complete honesty about limitations might be used by532

reviewers as grounds for rejection, a worse outcome might be that reviewers discover533

limitations that aren’t acknowledged in the paper. The authors should use their best534

judgment and recognize that individual actions in favor of transparency play an impor-535

tant role in developing norms that preserve the integrity of the community. Reviewers536

will be specifically instructed to not penalize honesty concerning limitations.537

3. Theory assumptions and proofs538

Question: For each theoretical result, does the paper provide the full set of assumptions and539

a complete (and correct) proof?540
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Answer: [NA]541

Justification: This paper is method and experiment driven; we do not include theoretical542

results or formal proofs.543

Guidelines:544

• The answer NA means that the paper does not include theoretical results.545

• All the theorems, formulas, and proofs in the paper should be numbered and cross-546

referenced.547

• All assumptions should be clearly stated or referenced in the statement of any theorems.548

• The proofs can either appear in the main paper or the supplemental material, but if549

they appear in the supplemental material, the authors are encouraged to provide a short550

proof sketch to provide intuition.551

• Inversely, any informal proof provided in the core of the paper should be complemented552

by formal proofs provided in appendix or supplemental material.553

• Theorems and Lemmas that the proof relies upon should be properly referenced.554

4. Experimental result reproducibility555

Question: Does the paper fully disclose all the information needed to reproduce the main ex-556

perimental results of the paper to the extent that it affects the main claims and/or conclusions557

of the paper (regardless of whether the code and data are provided or not)?558

Answer: [Yes]559

Justification: 1. Our method builds upon well-established and widely-used prior work.560

2. We provide comprehensive implementation details in the paper, including architecture,561

training settings, and hyperparameters. 3. We will release our code and data upon paper562

acceptance to further support reproducibility.563

Guidelines:564

• The answer NA means that the paper does not include experiments.565

• If the paper includes experiments, a No answer to this question will not be perceived566

well by the reviewers: Making the paper reproducible is important, regardless of567

whether the code and data are provided or not.568

• If the contribution is a dataset and/or model, the authors should describe the steps taken569

to make their results reproducible or verifiable.570

• Depending on the contribution, reproducibility can be accomplished in various ways.571

For example, if the contribution is a novel architecture, describing the architecture fully572

might suffice, or if the contribution is a specific model and empirical evaluation, it may573

be necessary to either make it possible for others to replicate the model with the same574

dataset, or provide access to the model. In general. releasing code and data is often575

one good way to accomplish this, but reproducibility can also be provided via detailed576

instructions for how to replicate the results, access to a hosted model (e.g., in the case577

of a large language model), releasing of a model checkpoint, or other means that are578

appropriate to the research performed.579

• While NeurIPS does not require releasing code, the conference does require all submis-580

sions to provide some reasonable avenue for reproducibility, which may depend on the581

nature of the contribution. For example582

(a) If the contribution is primarily a new algorithm, the paper should make it clear how583

to reproduce that algorithm.584

(b) If the contribution is primarily a new model architecture, the paper should describe585

the architecture clearly and fully.586

(c) If the contribution is a new model (e.g., a large language model), then there should587

either be a way to access this model for reproducing the results or a way to reproduce588

the model (e.g., with an open-source dataset or instructions for how to construct589

the dataset).590

(d) We recognize that reproducibility may be tricky in some cases, in which case591

authors are welcome to describe the particular way they provide for reproducibility.592

In the case of closed-source models, it may be that access to the model is limited in593

some way (e.g., to registered users), but it should be possible for other researchers594

to have some path to reproducing or verifying the results.595
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5. Open access to data and code596

Question: Does the paper provide open access to the data and code, with sufficient instruc-597

tions to faithfully reproduce the main experimental results, as described in supplemental598

material?599

Answer: [Yes]600

Justification: We will include the code and a README file in the supplementary material601

(.zip) before the deadline, ensuring reproducibility.602

Guidelines:603

• The answer NA means that paper does not include experiments requiring code.604

• Please see the NeurIPS code and data submission guidelines (https://nips.cc/605

public/guides/CodeSubmissionPolicy) for more details.606

• While we encourage the release of code and data, we understand that this might not be607

possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not608

including code, unless this is central to the contribution (e.g., for a new open-source609

benchmark).610

• The instructions should contain the exact command and environment needed to run to611

reproduce the results. See the NeurIPS code and data submission guidelines (https:612

//nips.cc/public/guides/CodeSubmissionPolicy) for more details.613

• The authors should provide instructions on data access and preparation, including how614

to access the raw data, preprocessed data, intermediate data, and generated data, etc.615

• The authors should provide scripts to reproduce all experimental results for the new616

proposed method and baselines. If only a subset of experiments are reproducible, they617

should state which ones are omitted from the script and why.618

• At submission time, to preserve anonymity, the authors should release anonymized619

versions (if applicable).620

• Providing as much information as possible in supplemental material (appended to the621

paper) is recommended, but including URLs to data and code is permitted.622

6. Experimental setting/details623

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-624

parameters, how they were chosen, type of optimizer, etc.) necessary to understand the625

results?626

Answer: [Yes]627

Justification: Due to high computational and time costs, we did not conduct repeated trials628

for statistical significance. However, we believe our results are reproducible.629

Guidelines:630

• The answer NA means that the paper does not include experiments.631

• The experimental setting should be presented in the core of the paper to a level of detail632

that is necessary to appreciate the results and make sense of them.633

• The full details can be provided either with the code, in appendix, or as supplemental634

material.635

7. Experiment statistical significance636

Question: Does the paper report error bars suitably and correctly defined or other appropriate637

information about the statistical significance of the experiments?638

Answer: [No]639

Justification: Due to the computation cost and time cost, we do not do repetitive experiment640

to get the statistic significance. But we believe the experiment result is re producible.641

Guidelines:642

• The answer NA means that the paper does not include experiments.643

• The authors should answer "Yes" if the results are accompanied by error bars, confi-644

dence intervals, or statistical significance tests, at least for the experiments that support645

the main claims of the paper.646
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• The factors of variability that the error bars are capturing should be clearly stated (for647

example, train/test split, initialization, random drawing of some parameter, or overall648

run with given experimental conditions).649

• The method for calculating the error bars should be explained (closed form formula,650

call to a library function, bootstrap, etc.)651

• The assumptions made should be given (e.g., Normally distributed errors).652

• It should be clear whether the error bar is the standard deviation or the standard error653

of the mean.654

• It is OK to report 1-sigma error bars, but one should state it. The authors should655

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis656

of Normality of errors is not verified.657

• For asymmetric distributions, the authors should be careful not to show in tables or658

figures symmetric error bars that would yield results that are out of range (e.g. negative659

error rates).660

• If error bars are reported in tables or plots, The authors should explain in the text how661

they were calculated and reference the corresponding figures or tables in the text.662

8. Experiments compute resources663

Question: For each experiment, does the paper provide sufficient information on the com-664

puter resources (type of compute workers, memory, time of execution) needed to reproduce665

the experiments?666

Answer: [Yes]667

Justification: Details about computing resources used (e.g., GPU type, training time) are668

included in the Experiment section.669

Guidelines:670

• The answer NA means that the paper does not include experiments.671

• The paper should indicate the type of compute workers CPU or GPU, internal cluster,672

or cloud provider, including relevant memory and storage.673

• The paper should provide the amount of compute required for each of the individual674

experimental runs as well as estimate the total compute.675

• The paper should disclose whether the full research project required more compute676

than the experiments reported in the paper (e.g., preliminary or failed experiments that677

didn’t make it into the paper).678

9. Code of ethics679

Question: Does the research conducted in the paper conform, in every respect, with the680

NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?681

Answer: [Yes]682

Justification: We believe our research fully adheres to the NeurIPS Code of Ethics.683

Guidelines:684

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.685

• If the authors answer No, they should explain the special circumstances that require a686

deviation from the Code of Ethics.687

• The authors should make sure to preserve anonymity (e.g., if there is a special consid-688

eration due to laws or regulations in their jurisdiction).689

10. Broader impacts690

Question: Does the paper discuss both potential positive societal impacts and negative691

societal impacts of the work performed?692

Answer: [No]693

Justification: Our primary focus is to improve the performance of autonomous driving694

systems. We hope this leads to societal benefits such as increased safety and accessibility,695

though we did not formally analyze broader impacts.696

Guidelines:697
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• The answer NA means that there is no societal impact of the work performed.698

• If the authors answer NA or No, they should explain why their work has no societal699

impact or why the paper does not address societal impact.700

• Examples of negative societal impacts include potential malicious or unintended uses701

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations702

(e.g., deployment of technologies that could make decisions that unfairly impact specific703

groups), privacy considerations, and security considerations.704

• The conference expects that many papers will be foundational research and not tied705

to particular applications, let alone deployments. However, if there is a direct path to706

any negative applications, the authors should point it out. For example, it is legitimate707

to point out that an improvement in the quality of generative models could be used to708

generate deepfakes for disinformation. On the other hand, it is not needed to point out709

that a generic algorithm for optimizing neural networks could enable people to train710

models that generate Deepfakes faster.711

• The authors should consider possible harms that could arise when the technology is712

being used as intended and functioning correctly, harms that could arise when the713

technology is being used as intended but gives incorrect results, and harms following714

from (intentional or unintentional) misuse of the technology.715

• If there are negative societal impacts, the authors could also discuss possible mitigation716

strategies (e.g., gated release of models, providing defenses in addition to attacks,717

mechanisms for monitoring misuse, mechanisms to monitor how a system learns from718

feedback over time, improving the efficiency and accessibility of ML).719

11. Safeguards720

Question: Does the paper describe safeguards that have been put in place for responsible721

release of data or models that have a high risk for misuse (e.g., pretrained language models,722

image generators, or scraped datasets)?723

Answer: [NA]724

Justification: Our method is not yet ready for deployment and currently poses minimal risk725

of misuse, so safeguards are not a focus in this work.726

Guidelines:727

• The answer NA means that the paper poses no such risks.728

• Released models that have a high risk for misuse or dual-use should be released with729

necessary safeguards to allow for controlled use of the model, for example by requiring730

that users adhere to usage guidelines or restrictions to access the model or implementing731

safety filters.732

• Datasets that have been scraped from the Internet could pose safety risks. The authors733

should describe how they avoided releasing unsafe images.734

• We recognize that providing effective safeguards is challenging, and many papers do735

not require this, but we encourage authors to take this into account and make a best736

faith effort.737

12. Licenses for existing assets738

Question: Are the creators or original owners of assets (e.g., code, data, models), used in739

the paper, properly credited and are the license and terms of use explicitly mentioned and740

properly respected?741

Answer: [Yes]742

Justification: We use only licensed assets and properly credit all external data and tools743

throughout the paper.744

Guidelines:745

• The answer NA means that the paper does not use existing assets.746

• The authors should cite the original paper that produced the code package or dataset.747

• The authors should state which version of the asset is used and, if possible, include a748

URL.749

• The name of the license (e.g., CC-BY 4.0) should be included for each asset.750
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• For scraped data from a particular source (e.g., website), the copyright and terms of751

service of that source should be provided.752

• If assets are released, the license, copyright information, and terms of use in the753

package should be provided. For popular datasets, paperswithcode.com/datasets754

has curated licenses for some datasets. Their licensing guide can help determine the755

license of a dataset.756

• For existing datasets that are re-packaged, both the original license and the license of757

the derived asset (if it has changed) should be provided.758

• If this information is not available online, the authors are encouraged to reach out to759

the asset’s creators.760

13. New assets761

Question: Are new assets introduced in the paper well documented and is the documentation762

provided alongside the assets?763

Answer: [Yes]764

Justification: We will provide comprehensive documentation for all new assets in the765

supplementary material and code release.766

Guidelines:767

• The answer NA means that the paper does not release new assets.768

• Researchers should communicate the details of the dataset/code/model as part of their769

submissions via structured templates. This includes details about training, license,770

limitations, etc.771

• The paper should discuss whether and how consent was obtained from people whose772

asset is used.773

• At submission time, remember to anonymize your assets (if applicable). You can either774

create an anonymized URL or include an anonymized zip file.775

14. Crowdsourcing and research with human subjects776

Question: For crowdsourcing experiments and research with human subjects, does the paper777

include the full text of instructions given to participants and screenshots, if applicable, as778

well as details about compensation (if any)?779

Answer: [NA]780

Justification: Our work does not involve human subjects or crowdsourcing.781

Guidelines:782

• The answer NA means that the paper does not involve crowdsourcing nor research with783

human subjects.784

• Including this information in the supplemental material is fine, but if the main contribu-785

tion of the paper involves human subjects, then as much detail as possible should be786

included in the main paper.787

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,788

or other labor should be paid at least the minimum wage in the country of the data789

collector.790

15. Institutional review board (IRB) approvals or equivalent for research with human791

subjects792

Question: Does the paper describe potential risks incurred by study participants, whether793

such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)794

approvals (or an equivalent approval/review based on the requirements of your country or795

institution) were obtained?796

Answer: [NA]797

Justification: Our research does not involve human participants.798

Guidelines:799

• The answer NA means that the paper does not involve crowdsourcing nor research with800

human subjects.801
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• Depending on the country in which research is conducted, IRB approval (or equivalent)802

may be required for any human subjects research. If you obtained IRB approval, you803

should clearly state this in the paper.804

• We recognize that the procedures for this may vary significantly between institutions805

and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the806

guidelines for their institution.807

• For initial submissions, do not include any information that would break anonymity (if808

applicable), such as the institution conducting the review.809

16. Declaration of LLM usage810

Question: Does the paper describe the usage of LLMs if it is an important, original, or811

non-standard component of the core methods in this research? Note that if the LLM is used812

only for writing, editing, or formatting purposes and does not impact the core methodology,813

scientific rigorousness, or originality of the research, declaration is not required.814

Answer: [No]815

Justification: We only used LLMs for writing assistance, editing, and discussions. They did816

not contribute to the core methods, experiments, or results.817

Guidelines:818

• The answer NA means that the core method development in this research does not819

involve LLMs as any important, original, or non-standard components.820

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)821

for what should or should not be described.822
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