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ABSTRACT

Vision-Language Models (VLMs) and world models have demonstrated strong
capabilities in semantic understanding and future scene evolution for autonomous
driving. However, effectively integrating both capabilities for trajectory genera-
tion remains challenging. In this work, we propose DriveWLA, a unified World-
Language-Action model based on Mixture-of-Transformers (MoT) that jointly
models semantic understanding, future scene dynamics, and trajectory genera-
tion. DriveWLA consists of three experts: a World Expert for future prediction,
a Language Expert for semantic understanding, and an Action Expert for tra-
jectory generation. We further introduce Cross-Expert Attention, which enables
controlled information flow across experts while aligning semantic and dynamic
representations. To improve trajectory generation beyond imitation learning, we
apply Flow-GRPO reinforcement learning post-training to refine the Action Ex-
pert. Extensive experiments show that DriveWLA achieves superior performance
in both open-loop and closed-loop evaluation. DriveWLA achieves 92.3 PDMS
on NAVSIM v1 and 90.1 EPDMS on NAVSIM v2, demonstrating strong per-
formance among VLM-based and world-model-based planners. Without specific
fine-tuning, DriveWLA further demonstrates strong zero-shot generalization to
HUGSIM, nuScenes, and Bench2Drive. These results validate the effectiveness
of our unified World-Language-Action modeling, establishing DriveWLA as a
generalizable framework for autonomous driving.

1 INTRODUCTION

Reliable autonomous driving requires three core capabilities: scene understanding, future prediction,
and trajectory planning (Hu et al., 2023a;b; Wang et al., 2024a). Human drivers naturally combine
current scene understanding with future prediction to make appropriate driving decisions (Engström
et al., 2018; Wolfe et al., 2019). This motivates a key challenge for autonomous driving: how to
jointly leverage semantic understanding and future dynamics for trajectory planning.

Vision-Language Models (VLMs) have recently demonstrated strong capabilities in semantic under-
standing and reasoning for autonomous driving (Shao et al., 2024; Zhu et al., 2025). By leveraging
large-scale vision-language pretraining and driving-specific adaptation, VLM-based driving systems
can understand complex traffic scenarios and predict driving behaviors (Li et al., 2026a; Xiong et al.,
2026; Zhou et al., 2026c). However, VLMs inherently lack explicit mechanisms for future scene
evolution, limiting their ability to predict future dynamics required for trajectory planning.

In contrast, world models can learn future evolution of driving scenes from large-scale driving videos
and provide future-aware priors beyond current observations (Hu et al., 2023a; Zhao et al., 2025;
Wang et al., 2024b). However, future prediction alone is insufficient for planning, as the model
must also understand the current scene to determine which future changes are relevant to driving.
Therefore, semantic understanding and future modeling are complementary for trajectory planning.

Recent studies have explored integrating VLMs with world models for autonomous driving (Li
et al., 2026b; Shi et al., 2026; Zhan et al., 2026). However, most methods introduce one capability
as an enhancement to another framework. For example, DriveVLA-W0 (Li et al., 2026b) adds
future-image prediction as an auxiliary objective for VLA training, while DriveWAM (Shi et al.,
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2026) uses VLM features to condition video and action generation. Although these designs bring
semantic understanding and future prediction into the same system, they do not explicitly model their
interaction toward trajectory planning. As a result, the system cannot unlock the full potential of
their complementary information for driving decisions due to insufficient refinement and alignment
between the semantic and dynamic representations.

To address this challenge, we propose DriveWLA, a unified World-Language-Action framework
for autonomous driving. DriveWLA introduces three specialized experts: a World Expert for fu-
ture prediction, a Language Expert for semantic understanding, and an Action Expert for trajectory
generation. To integrate these complementary capabilities, we introduce Cross-Expert Attention,
which explicitly controls information exchange across experts. With this interaction mechanism, all
experts are jointly trained under trajectory supervision during imitation learning, aligning the pre-
trained language and world representations with trajectory generation. We then refine the driving
policy with an improved Flow-GRPO (Liu et al., 2026a), which uses factorized advantages and vari-
ance shrinkage for stable reward optimization. This reinforcement learning stage enables the model
to explore better trajectories beyond expert demonstrations.

DriveWLA achieves 92.3 PDMS on NAVSIM v1 (Dauner et al., 2024), establishing state-of-the-
art (SOTA) performance among recent VLM-based and world-model-based planners. We further
evaluate its zero-shot capability on representative open-loop and closed-loop benchmarks without
fine-tuning. DriveWLA achieves 41.47 HD-Score on HUGSIM (Zhou et al., 2025) and maintains
low collision rates on nuScenes (Caesar et al., 2020) and Bench2Drive (Jia et al., 2024), demonstrat-
ing strong generalization of the proposed unified architecture.

Our contributions can be summarized as follows:

• We introduce DriveWLA, a unified World-Language-Action framework that jointly mod-
els semantic understanding, future dynamics prediction, and trajectory generation through
three specialized experts.

• We propose Cross-Expert Attention, a controllable mechanism that explicitly directs in-
formation flow across experts, enabling both efficient interaction and representation align-
ment.

• DriveWLA establishes a new state-of-the-art on NAVSIM v1 among VLM-based and
world-model-based planners. Furthermore, it generalizes zero-shot to diverse open-loop
and closed-loop benchmarks, achieving competitive driving performance and safety.

2 RELATED WORK

Vision-Language Models and world models for autonomous driving. VLMs provide strong
scene understanding and reasoning capabilities for driving and the VLM-based driving sys-
tems mainly leverage these capabilities through explicit textual reasoning or latent representa-
tions (Hwang et al., 2024; Tian et al., 2024; Zhou et al., 2026c;b). ReCogDrive (Xiong et al., 2026)
incorporates cognitive representations into a diffusion planner, while SGDrive (Li et al., 2026a)
learns structured spatiotemporal representations for trajectory prediction. World models, in con-
trast, learn predictive representations of future scene evolution from driving videos and provide
dynamic priors for planning (Hu et al., 2023a; Wang et al., 2024b; Xia et al., 2026a;b; Zhao et al.,
2026b). World-model-based approaches generally follow cascaded or joint formulations. Cascaded
methods, such as DriveLaW (Xia et al., 2026a), first predict future representations and then use them
for trajectory planning. Joint methods instead model future dynamics and action generation within
a unified process: SimWAM (Zhao et al., 2026b) jointly trains video and action experts without
explicitly feeding predicted future representations into action generation, while DriveVA (Liu et al.,
2026d) models future video latents and actions within a shared diffusion framework.

Methods to integrate VLMs and world models. Recent works explore integrating semantic un-
derstanding from VLMs with future dynamics from world models for autonomous driving (Li et al.,
2026b; Shi et al., 2026; Liu et al., 2026b). These methods mainly follow two strategies: introducing
complementary capabilities through auxiliary objectives or using representations from one paradigm
to condition another. DriveVLA-W0 (Li et al., 2026b) introduces future-image prediction as an aux-
iliary objective for VLA training, while DriveWAM (Shi et al., 2026) and DriveWorld-VLA (Liu
et al., 2026b) use semantic and dynamic representations, respectively, as conditioning information
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Figure 1: Model architecture and training strategy. DriveWLA unifies World, Language, and
Action Experts through Cross-Expert Attention. The training strategy consists of trajectory imitation
learning, which jointly optimizes all experts, followed by reinforcement learning refinement of the
Action Expert.

to augment their existing architectures. In contrast, DriveWLA jointly models World, Language,
and Action Experts through Cross-Expert Attention, enabling continuous information exchange and
representation alignment.

Reinforcement learning for autonomous driving. Behavior cloning learns driving policies from
expert trajectories, whereas reinforcement learning further improves them using task-level driving
rewards (Gao et al., 2026; Zhang et al., 2025; Yang et al., 2026; Huang et al., 2025). RAD (Gao
et al., 2026) applies reinforcement learning to end-to-end driving models in realistic simulation en-
vironments. Recent works extend reinforcement learning to generative trajectory planners (Huang
et al., 2025; Xiong et al., 2026; Xu et al., 2026). ReCogDrive (Xiong et al., 2026) introduces Dif-
fGRPO for diffusion-based trajectory planning, while EponaV2 (Xu et al., 2026) adapts GRPO to
flow-matching-based planners (Liu et al., 2026a). DriveWLA further incorporates factorized ad-
vantages and variance-based shrinkage to preserve multi-dimensional driving reward signals during
policy optimization.

3 PRELIMINARIES

Problem Definition. Autonomous driving aims to generate a safe and smooth future trajectory
based on the sensor input Icam, historical trajectories Htraj, navigation commands Cnav, and ego
status Sego (Codevilla et al., 2018; Hu et al., 2023b). For an end-to-end driving system Φ, the
trajectory generation process can be formulated as

Ttraj = Φ(Icam, Htraj, Cnav,Sego), (1)

where Ttraj = (xt, yt, θt)
T
t=1 ∈ RT×3 denotes the predicted ego trajectory over the next T time

steps, with (xt, yt) representing the ego position and θt the heading angle in the current ego-centric
coordinate frame.

4 METHOD

In this section, we present the overall architecture and training paradigm of DriveWLA, as shown
in Fig. 1. First, we introduce three specialized experts: the World Expert for future dynamics, the
Language Expert for semantic understanding, and the Action Expert for trajectory generation with
flow matching. Second, we detail Cross-Expert Attention, which enables controlled information
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exchange and representation alignment among the three experts. Finally, we describe Flow-GRPO-
based (Liu et al., 2026a) reinforcement learning with factorized advantage estimation for Action
Expert refinement.

4.1 MODEL ARCHITECTURE

World Expert. The World Expert is initialized from a video generation model pretrained on large-
scale driving videos and consists of a spatiotemporal VAE, a text encoder, and an N -block Diffusion
Transformer (DiT) (Xia et al., 2026a; HaCohen et al., 2024; Peebles & Xie, 2023). Given the current
and historical camera observations Icam, the VAE encodes the observed frames into spatiotemporal
latent Zobs, while the future-frame latent Zfut is initialized from Gaussian noise:

Zobs = EVAE(Icam), Zfut ∼ N (0, I), ZW = [Zobs;Zfut]. (2)

Here, N (0, I) denotes a zero-mean Gaussian distribution with identity covariance, and [Zobs;Zfut]
denotes concatenation of the observed and future latents along the temporal dimension. Conditioned
on the encoded generation instruction, the World blocks produce layer-wise predictive representa-
tions of future scene evolution in a single forward pass, which are directly used for planning without
iterative video sampling or future-frame decoding.

Language Expert and VLM Adapter. The Language Expert consists of a frozen driving-pretrained
VLM and an N -block VLM Adapter Transformer. We provide the VLM with camera observations
Icam and a driving prompt P constructed from ego-motion information, navigation commands, and
human instructions. After processing the visual-textual inputs, we directly extract the final-layer
hidden states of valid input tokens:

HL = F last
VLM(Icam, P ), (3)

where F last
VLM(·) denotes the mapping from visual-textual inputs to the final-layer hidden represen-

tations of the VLM. We do not perform autoregressive decoding for textual outputs; instead, these
hidden states are directly used as the semantic representations and further processed by the VLM
Adapter to obtain planning-oriented features.

Action Expert. The Action Expert is a lightweight N -block DiT (Peebles & Xie, 2023) that gener-
ates future trajectories with a flow-matching policy (Lipman et al., 2022). Given a noisy trajectory
state aτ , flow time τ , and the driving condition Cd composed of ego information and navigation
commands, the Action Expert predicts the velocity field vθ(aτ , τ, Cd) for trajectory generation.

Training Objective. During imitation learning, the World Expert, VLM Adapter, and Action Expert
are jointly optimized with the flow-matching behavior cloning objective. Specifically, let a0 denote
the expert trajectory and a1 ∼ N (0, I) denote Gaussian noise. The interpolated trajectory state is
defined as: aτ = (1− τ)a0 + τa1. The flow-matching behavior cloning objective is:

LBC = E
[
∥vθ(aτ , τ, Cd)− (a1 − a0)∥22

]
. (4)

4.2 CROSS-EXPERT ATTENTION
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Figure 2: Query-Key/Value Visibil-
ity in Cross-Expert Attention.

Although the World and Language Experts provide comple-
mentary features, effectively integrating them remains chal-
lenging. Since their representations are shaped by differ-
ent learning objectives, naive fusion may lead to represen-
tation conflicts. To address this issue, we introduce Cross-
Expert Attention within each transformer block, which en-
ables controlled information exchange and progressive align-
ment among the three experts.

Inspired by the mixture-of-transformers (MoT) architec-
ture (Liang et al., 2024), Cross-Expert Attention allows the
three experts to exchange information while maintaining their
own transformer blocks. The inputs of the three experts are
first projected into a shared dimension d, forming the initial
inputs W 0, A0, and L0. At block ℓ, the hidden states of each
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expert Eℓ, where E ∈ {W,L,A}, are mapped to queries, keys, and values using their corresponding
projections:

Qℓ
E = EℓW ℓ

Q,E , Kℓ
E = EℓW ℓ

K,E , V ℓ
E = EℓW ℓ

V,E . (5)

The query, key, and value matrices from the three experts are then concatenated as Qℓ, Kℓ, V ℓ, and
processed by a masked self-attention operation to enable cross-expert information exchange:

Oℓ = softmax

(
Qℓ(Kℓ)⊤√

d
+M

)
V ℓ. (6)

Here, M defines the visibility among the three experts, as illustrated in Fig. 2. The World and
Language Experts have bidirectional visibility, allowing their representations to mutually exchange
information. The Action Expert attends to both representations for trajectory generation, while its
representations are prevented from flowing back to the World and Language Experts.

The attention outputs are then split back into the corresponding expert branches:

Oℓ = [Oℓ
W ;Oℓ

A;O
ℓ
L]. (7)

And each output is further processed by its expert-specific output projection, residual connection,
normalization, and feed-forward transformation.

4.3 FLOW MATCHING GROUP RELATIVE POLICY OPTIMIZATION

After imitation learning, we further optimize the Action Expert with Flow-GRPO (Liu et al., 2026a)
to improve trajectory generation under driving rewards. During reinforcement learning, stochastic
exploration is introduced by adding SDE noise to the flow ODE, enabling diverse trajectory can-
didates to be sampled from the same scene condition. These candidates are evaluated by driving
rewards, and group-relative optimization is performed based on their relative rewards. After train-
ing, the exploration noise is removed and the final policy generates trajectories by following the
deterministic flow ODE.

However, the NAVSIM driving reward is multi-dimensional and consists of multiple metrics reflect-
ing different aspects of driving performance. Directly aggregating these metrics into a single scalar
reward may obscure individual driving factors and limit effective policy optimization.

To better utilize the optimization signals in driving rewards, we introduce a factorized advantage
estimation strategy. Instead of computing the advantage directly from the aggregated PDMS score,
we use the individual metric scores to construct a reward vector:

ri = (ri,1, ..., ri,M ), zi,m =
ri,m − µm

σm + ϵ
, (8)

where i indexes the sampled trajectory within a group, m indexes the driving metric, and µm, σm

denote the group-wise mean and standard deviation of the corresponding metric. ϵ is a small constant
for numerical stability.

The factorized advantage is computed by weighted aggregation of normalized metric scores, fol-
lowed by multiplication with a variance-based shrinkage factor:

Ai =

∑
m wmzi,m√

Var(
∑

m wmzi,m) + ϵ
· s2

s2 + τ2
, (9)

where wm denotes the weight of each driving metric, s2 denotes the variance of PDMS rewards
within the sampled group, and τ controls the shrinkage strength. This formulation preserves the
information from individual driving metrics during advantage estimation while improving optimiza-
tion stability by reducing unreliable updates from low-variance trajectory groups.

Using the proposed advantage, we optimize the LoRA (Hu et al., 2021) parameters of the Action
Expert with the Flow-GRPO objective augmented by a behavior cloning regularization:

L = − 1

K

K∑
i=1

1

T

T∑
t=1

γt−1 log πθ(a
i
t−1|ait, Cd)Ai + λBCLBC, (10)

5



Table 1: Comparison of planners based on different paradigms on NAVSIM v1 navtest. Bold
values denote the best result for each metric.
Method VLM Backbone Video Backbone NC↑ DAC↑ TTC↑ Comf.↑ EP↑ PDMS↑
VLM-based planners
ReCogDrive (Xiong et al., 2026) InternVL3-2B – 97.9 97.3 94.9 100.0 87.3 90.8
SGDrive (Li et al., 2026a) InternVL3-2B – 98.6 97.8 96.2 100.0 85.8 91.1
Qwen-Drive-1.0 (Zhou et al., 2026a) Qwen3.5-4B – 98.6 98.2 95.9 100.0 84.8 90.7

World-Model-based planners
DriveLaW (Xia et al., 2026a) – LTX-2B 99.0 97.1 96.7 100.0 81.3 89.1
ReWorld (Xia et al., 2026b) – LTX-2B 99.1 98.2 97.7 99.8 82.0 90.4
SimWAM (Zhao et al., 2026b) – Wan2.2-5B 98.4 98.7 95.5 100.0 86.4 91.5

VLM–WM–based planners
DriveVLA-W0 (Li et al., 2026b) Emu3-8B (unified) 98.7 99.1 95.3 99.3 83.3 90.2
DriveWAM (Shi et al., 2026) Qwen3-VL-8B Wan2.2-5B 98.3 98.1 95.2 100.0 84.3 90.1
BrainWAM (Zhan et al., 2026) Qwen3-VL-4B Wan2.2-5B 98.1 97.5 94.9 100.0 83.8 89.5
DriveWorld-VLA (Liu et al., 2026b) InternVL3-2B ResNet-34 99.1 98.2 96.1 100.0 85.9 91.3

DriveWLA (Ours) InternVL3-2B LTX-2B 99.1 98.8 97.0 100.0 86.4 92.3

Table 2: Comparison on the NAVSIM v2 navtest split. All results use the corrected official
evaluator with human-reference filtering. Bold values denote the best result for each metric.

Method NC↑ DAC↑ DDC↑ TLC↑ EP↑ TTC↑ LK↑ HC↑ EC↑ EPDMS↑
DiffusionDrive (Liao et al., 2025) 98.2 95.9 99.4 99.8 87.5 97.3 96.8 98.3 87.7 84.5
DiffusionDriveV2 (Zou et al., 2025) 97.7 96.6 99.2 99.8 88.9 97.2 96.0 97.8 91.0 87.5
DriveWorld-VLA (Liu et al., 2026b) 98.6 99.1 99.6 99.8 87.4 97.9 97.0 97.8 78.6 86.8
Latent-WAM (Wang et al., 2026a) 98.1 97.3 99.6 99.8 87.7 97.3 97.6 98.1 87.3 89.3
CoWorld-VLA (Huang et al., 2026) 99.1 97.0 99.6 99.9 87.9 98.5 97.7 98.2 86.2 90.0
DriveFuture (Hong et al., 2026) 98.8 99.1 99.6 99.9 86.6 98.4 96.4 98.3 74.8 89.9

DriveWLA (Ours) 98.8 97.8 99.7 99.9 87.4 98.8 97.8 98.4 82.5 90.1

where K and T denote the group size and the number of denoising steps, γ is the discount factor,
and ait represents the intermediate trajectory state at denoising step t. Additional details are provided
in Appendix C.

5 EXPERIMENTS

5.1 EXPERIMENTAL SETUP

Datasets and metrics. We train DriveWLA on 103,288 NAVSIM (Dauner et al., 2024) navtrain
scenes and evaluate on 12,146 navtest scenes. NAVSIM v1 uses the Predictive Driver Model
Score (PDMS), which aggregates no-at-fault collision (NC), drivable-area compliance (DAC), ego
progress (EP), time to collision (TTC), and comfort (Dauner et al., 2024). NAVSIM v2 (Cao et al.,
2025) extends PDMS to EPDMS with additional driving-direction compliance (DDC), traffic-light
compliance (TLC), lane keeping (LK), history comfort (HC), and extended comfort (EC) (Cao et al.,
2025). Detailed metric definitions are provided in Appendix B.

We further evaluate zero-shot transfer on closed-loop and open-loop benchmarks. For closed-loop
evaluation, we test on HUGSIM (Zhou et al., 2025) and report HD-Score. For open-loop evaluation,
we evaluate on nuScenes (Caesar et al., 2020) and Bench2Drive (Jia et al., 2024), reporting trajectory
L2 error and collision rate.

Implementation details. DriveWLA uses a driving-pretrained InternVL3-2B (Zhu et al., 2025;
Xiong et al., 2026) as the Language Expert and an LTX-Video-2B (HaCohen et al., 2024) initialized
World Expert from DriveLaW-Video (Xia et al., 2026a). The Action Expert is a 28-block DiT (Pee-
bles & Xie, 2023) that predicts eight (x, y, θ) waypoints over four seconds conditioned on historical
ego poses, ego state, and navigation commands.

During imitation learning, the World DiT, Language Adapter, and Action DiT are jointly optimized
for 30 epochs on 16 A100 GPUs with batch size 16 and learning rate 3 × 10−5. The VLM, video
VAE, and text encoder are frozen. During reinforcement learning, Flow-GRPO (Liu et al., 2026a)
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Table 3: Zero-shot closed-loop evaluation on HUGSIM. We report driving metrics over all 436
scenarios and HD-Score across different difficulty levels, together with the overall average.

Method All 436 Scenarios HD-Score

NC↑ DAC↑ TTC↑ Comf.↑ PDMS↑ RC↑ Easy↑ Medium↑ Hard↑ Extreme↑ Avg.↑

VAD (Jiang et al., 2023) 41.20 90.30 28.00 95.30 28.30 30.10 42.00 8.50 7.70 6.30 13.90
UniAD (Hu et al., 2023b) 65.60 93.20 51.60 66.30 49.40 43.80 64.00 37.20 21.00 6.30 31.20
LTF (Chitta et al., 2022; Zhou et al., 2025) 44.30 92.80 37.50 94.80 36.50 38.00 66.10 15.50 12.00 11.70 23.10
DrivoR (Kirby et al., 2026) 52.20 95.60 46.20 93.90 44.80 47.20 78.00 29.10 20.00 14.10 32.50

DriveWLA (Ours) 65.80 95.06 59.27 75.78 54.92 54.99 73.87 47.91 31.41 15.87 41.47

Table 4: Zero-shot open-loop evaluation on nuScenes and Bench2Drive. We report L2 trajectory
error (m) and collision rate (%) over 1–3 seconds and their averages. “Fine-tune” indicates target-
dataset adaptation. Bold denotes the best result for each metric within each dataset.

Dataset Method Fine-tune L2 (m)↓ Collision (%) ↓

1s 2s 3s Avg. 1s 2s 3s Avg.

nuScenes

UniAD (Hu et al., 2023b) ✓ 0.48 0.96 1.65 1.03 0.05 0.17 0.71 0.31
OpenDriveVLA (Zhou et al., 2026b) ✓ 0.19 0.58 1.24 0.67 0.02 0.18 0.70 0.30
UniDriveVLA-L (Li et al., 2026c) ✓ 0.30 0.66 1.25 0.74 0.02 0.18 0.40 0.20
DriveVLA-W0 (Li et al., 2026b) ✗ 0.43 1.26 2.60 1.43 0.22 0.66 1.42 0.77
PWM (Zhao et al., 2026a) ✗ 2.06 3.91 6.00 3.99 0.12 0.15 0.86 0.36

DriveWLA (Ours) ✗ 0.38 0.83 1.60 0.94 0.03 0.03 0.20 0.09

Bench2Drive

DriveVLA-W0 (Li et al., 2026b) ✗ 1.01 2.77 5.22 3.00 1.49 2.53 3.53 2.52
PWM (Zhao et al., 2026a) ✗ 1.70 2.74 3.97 2.80 4.01 3.73 3.53 3.76
DriveVA (Liu et al., 2026d) ✗ 0.69 1.29 2.03 1.33 1.38 1.97 2.65 1.79
UNIVERSE (Liu et al., 2026c) ✗ 0.67 1.29 2.03 1.33 0.75 1.12 1.70 1.19

DriveWLA (Ours) ✗ 0.77 1.53 2.53 1.61 0.34 0.97 1.88 1.06

optimizes Action-branch LoRA (Hu et al., 2021) parameters using driving rewards. Unless stated
otherwise, inference uses ten Euler steps. Further details are provided in Appendix A.

5.2 MAIN RESULTS

NAVSIM v1. Tab. 1 shows that DriveWLA achieves the best PDMS of 92.3 across approaches from
different paradigms. Specifically, it outperforms the best-performing VLM-based and world-model-
based planners, SGDrive (Li et al., 2026a) and SimWAM (Zhao et al., 2026b), by 1.2 and 0.8 points,
respectively, indicating that semantic understanding and future prediction provide complementary
benefits for driving planning. Furthermore, DriveWLA surpasses existing VLM–world-model inte-
grated planners, including DriveWAM (Shi et al., 2026) and BrainWAM (Zhan et al., 2026), by 2.2
and 2.8 points, respectively. These improvements are achieved with a more compact expert config-
uration: DriveWLA uses InternVL3-2B (Zhu et al., 2025) as the Language Expert and LTX-Video-
2B (HaCohen et al., 2024) as the World Expert, while DriveWAM and BrainWAM adopt 8B/5B and
4B/5B language/video backbones. These results suggest that the advantage of DriveWLA comes
from more effective unified World-Language-Action modeling rather than simply scaling up model
capacity.

NAVSIM v2. Under the corrected official evaluator, DriveWLA achieves the highest EPDMS of
90.1 in Tab. 2. Importantly, it achieves the best DDC, TTC, LK, and HC scores, while tying for
the best TLC. These results show that DriveWLA maintains strong performance across multiple
evaluation dimensions, leading to the best overall EPDMS under the more comprehensive NAVSIM
v2 evaluation.

Zero-shot on HUGSIM. Tab. 3 shows zero-shot closed-loop evaluation results on the
HUGSIM (Zhou et al., 2025) benchmark. DriveWLA achieves the best results on 8 of the 11 re-
ported metrics, including NC, TTC, PDMS, RC, and the average HD-Score. Notably, although the
scoring-based DrivoR (Kirby et al., 2026) performs best on Easy scenarios, its advantage disap-
pears as scenario difficulty increases, whereas DriveWLA achieves higher HD-Scores on Medium,
Hard, and Extreme scenarios. These results demonstrate the strong zero-shot generalization and
closed-loop driving capability of DriveWLA.
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Zero-shot on nuScenes and Bench2Drive. As shown in Tab. 4, DriveWLA achieves strong zero-
shot performance in open-loop evaluation. On nuScenes, DriveWLA outperforms all zero-shot
methods listed in Tab. 4, achieving the lowest average L2 error of 0.94 m and collision rate of
0.09% among them. Compared with fine-tuned planners, DriveWLA achieves a substantially lower
collision rate while maintaining a comparable L2 error. On Bench2Drive, DriveWLA continues
to demonstrate strong performance, achieving the lowest collision rate of 1.06% while maintain-
ing competitive L2 performance. These results demonstrate the strong zero-shot generalization and
reliable driving performance of DriveWLA.

5.3 ABLATION STUDIES

We conduct controlled ablations on NAVSIM v1 to assess expert composition, training strategies, at-
tention mask, and inference-time sampling steps. Unless otherwise noted, each comparison follows
the same training and evaluation protocol.

Table 5: Expert composition.

Experts Language World Action PDMS↑

w/o World Expert ✓ ✗ ✓ 86.2

w/o Language Expert ✗ ✓ ✓ 89.1

Full DriveWLA ✓ ✓ ✓ 90.8

Table 6: Training strategy.
Configuration NC↑ DAC↑ TTC↑ Comf.↑ EP↑ PDMS↑

Frozen World Expert 98.5 96.1 96.4 100.0 80.4 88.0

Trainable World Expert 99.2 97.7 97.2 100.0 84.0 90.8

+ Flow-GRPO 99.1 98.7 97.1 100.0 86.1 92.1

+ Flow-GRPO† 99.1 98.8 97.0 100.0 86.4 92.3

Table 7: Cross-Expert information flow.
W → L L → W W / L → A A → W / L PDMS↑

✓ ✓ ✓ ✗ 90.8
✓ ✗ ✓ ✗ 90.1
✗ ✓ ✓ ✗ 89.8
✓ ✓ ✓ ✓ 90.4
✗ ✗ ✓ ✗ 88.4

Table 8: Sampling steps.
Steps NC↑ DAC↑ TTC↑ Comf.↑ EP↑ PDMS↑ Latency↓

1 91.2 81.4 63.6 1.7 68.3 49.2 540 ms
5 99.2 97.6 96.8 100.0 84.1 90.6 810 ms

10 99.2 97.7 97.2 100.0 84.0 90.8 970 ms
15 99.3 97.8 97.5 100.0 83.4 90.8 1160 ms
20 99.3 97.8 97.6 100.0 83.3 90.7 1390 ms

Expert Composition. To evaluate the individual contributions of semantic features from the VLM
and future dynamic features from the World Model, we ablate the Language and World Experts
separately. As shown in Tab. 5, removing the World Expert reduces PDMS from 90.8 to 86.2,
while removing the Language Expert results in a smaller decrease to 89.1. The larger degradation
caused by removing the World Expert indicates that predictive dynamics contribute more to planning
performance in this setting. Furthermore, the performance degradation after removing each expert
demonstrates that semantic and dynamic representations provide complementary benefits, and their
joint utilization enables DriveWLA to achieve better performance than using either representation
alone.

Training Strategy. As shown in Tab. 6, freezing the pretrained World Expert during imitation
learning yields 88.0 PDMS. Jointly optimizing the World Expert raises PDMS to 90.8, suggesting
that future dynamic representations learned from video prediction are not fully aligned with the
requirements of driving. Furthermore, applying the original Flow-GRPO after imitation learning
improves PDMS to 92.1, with particularly notable improvements in DAC and EP. Flow-GRPO†

denotes our improved variant with factorized advantage estimation and variance-based shrinkage in
Eq. (9), which further improves PDMS to 92.3.

Cross-Expert Information Flow. To explore proper information flow among the three experts in
our Cross-Expert Attention module, we design different attention masks to control the visibility
between the World, Language, and Action Experts. Here, X → Y indicates that information can
flow from Expert X to Expert Y . As shown in Tab. 7, the bidirectional World–Language interaction
with the Action Expert only receiving representations from both experts achieves the highest PDMS
of 90.8. Removing either direction of World–Language information flow degrades performance,
while removing both directions causes a further drop. These results demonstrate that bidirectional
information exchange between semantic and dynamic representations is beneficial for leveraging
their complementary capabilities. Moreover, allowing information to flow from the Action Expert
to the World and Language Experts leads to performance degradation, indicating that introducing
action representations into the World and Language Experts is not beneficial for planning.
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(a) Complementary effects of the Language and World Experts on NAVSIM navtest.
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(b) Improvement from RL refinement on NAVSIM navtest.

Figure 3: Qualitative visualization of expert complementarity and RL improvement. (a) Re-
moving either the Language or World Expert leads to planning failures in different scenes, highlight-
ing their complementary contributions. (b) RL refinement corrects the imitation policy and discovers
a valid alternative trajectory distinct from the expert demonstration.

Sampling Steps. With a single Euler step, DriveWLA achieves only 49.2 PDMS (Tab. 8). Increasing
the sampling steps to five recovers most of the performance, achieving 90.6 PDMS, while ten steps
further improve PDMS to the best result of 90.8 at 970 ms latency. Increasing the steps beyond
ten provides no additional improvement at 15 steps and causes a slight performance drop at 20
steps, while introducing higher inference latency. We therefore adopt ten steps, where planning
performance reaches its highest measured level before additional sampling increases latency without
improving PDMS.

5.4 QUALITATIVE ANALYSIS

Fig. 3 shows qualitative comparisons on NAVSIM navtest, with predicted and expert trajectories
visualized in bird’s-eye view (BEV). Fig. 3(a) compares DriveWLA with the expert ablations in
two left-turn scenes. The full model produces valid trajectories within the drivable area in both
scenes, whereas removing the World or Language Expert results in DAC failure in different cases.
These contrasting failures further demonstrate the complementary roles of the World and Language
Experts in trajectory planning. In Fig. 3(b), RL refinement corrects the off-road deviation of the
imitation policy, improving DAC from 0 to 1. Notably, the refined policy produces a valid trajectory
distinct from the expert demonstration, showing that reinforcement learning can move beyond direct
trajectory imitation and optimize toward driving objectives.

6 CONCLUSION

In this work, we proposed DriveWLA, a unified World-Language-Action framework for autonomous
driving. Our results show that semantic understanding and future dynamics provide complementary
information for trajectory planning, and the controlled cross-expert interaction can effectively inte-
grate these capabilities. DriveWLA achieves state-of-the-art performance on NAVSIM and strong
zero-shot generalization across open-loop and closed-loop benchmarks. We hope DriveWLA can
serve as a strong baseline and that World-Language-Action modeling can become a promising
paradigm for future autonomous driving research.
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A IMPLEMENTATION DETAILS

A.1 EXPERT CONFIGURATION

World Expert. The World Expert is initialized from DriveLaW-Video (Xia et al., 2026a), which is
built on LTX-Video-2B (HaCohen et al., 2024). Its video VAE encodes four front-view frames at
768 × 1344 resolution, and a 28-block DiT with hidden width 2048 processes the resulting latents.
The video VAE and text encoder remain frozen throughout training. The World DiT is optimized
during imitation learning and frozen during Flow-GRPO (Liu et al., 2026a) refinement.

Language Expert. The Language Expert uses the driving-pretrained InternVL3-2B (Zhu et al.,
2025) checkpoint from ReCogDrive (Xiong et al., 2026). The frozen VLM processes the current
front-view image using dynamic 448 × 448 tiling. Its final-layer hidden states are passed to a 28-
block VLM Adapter with hidden width 512. The adapter is optimized during imitation learning and
frozen during Flow-GRPO refinement.

Action Expert. The Action Expert is a 28-block DiT with hidden width 512. Conditioned on
four historical ego poses sampled at 2 Hz, the current ego state, and the navigation command, it
generates eight (x, y, θ) waypoints at 0.5 s intervals over four seconds. The full DiT is optimized
during imitation learning, while Flow-GRPO updates only Action-branch LoRA parameters with
rank 16 and scaling factor 32. Inference uses ten deterministic Euler steps.

The World DiT, VLM Adapter, and Action DiT are jointly trained for 30 epochs with the flow-
matching objective in Eq. (4). Training uses 16 A100 GPUs, a global batch size of 16, an initial
learning rate of 3 × 10−5, and cosine learning-rate decay. This trajectory objective also updates
the World DiT and VLM Adapter through Cross-Expert Attention; no auxiliary video-prediction or
text-generation loss is used during imitation learning.

A.2 CROSS-EXPERT ATTENTION MASK

In Eq. (6), rows of M index query tokens and columns index key tokens. Writing the concatenated
queries and keys in the branch order (W,A,L), the block-wise mask is

M =

(
0 −∞ 0
0 0 0
0 −∞ 0

)
, (11)

where zero permits attention and −∞ blocks it. Each entry applies to all token pairs in the corre-
sponding branches at every Cross-Expert Attention block. The arrows in Tab. 7 denote information
flow from the key/value branch to the query branch; for example, W/L → A means Action queries
can attend to World and Language keys.

A.3 TRAJECTORY SAMPLING

At inference, the World Expert processes Zobs and the Gaussian-initialized Zfut from Eq. (2) in one
forward pass. Its hidden states condition the Action Expert through Cross-Expert Attention without
decoding future RGB frames. Starting from aτ0 = a1 ∼ N (0, I), the Action Expert integrates the
learned velocity field from τ0 = 1 to τK = 0 using K = 10 deterministic Euler steps:

aτk+1
= aτk + (τk+1 − τk)vθ(aτk , τk, Cd), k = 0, . . . ,K − 1. (12)

For fixed World future latents, driving inputs, and initial Action noise, this Euler trajectory is deter-
ministic.

B EVALUATION PROTOCOLS

B.1 NAVSIM V1

On NAVSIM v1 (Dauner et al., 2024), DriveWLA is trained on 103,288 navtrain scenes and
evaluated on 12,146 navtest scenes. The Predictive Driver Model Score (PDMS) applies multi-
plicative penalties for no-at-fault collisions (NC) and drivable-area compliance (DAC) to a weighted
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combination of ego progress (EP), time-to-collision compliance (TTC), and comfort (C):

PDMS = NC×DAC×
(
5EP + 5TTC+ 2C

12

)
. (13)

NC takes values in {0, 0.5, 1}, assigning a smaller penalty to collisions with static objects than to
collisions with road users. DAC records whether the ego footprint remains in the drivable area. EP
measures route progress relative to the reference planner, while TTC and C assess collision risk and
kinematic comfort along the rollout.

In Tab. 1, the ResNet-34 entry for DriveWorld-VLA (Liu et al., 2026b) denotes its BEV encoder for
latent world modeling, rather than a video-generation backbone.

B.2 NAVSIM V2

NAVSIM v2 (Cao et al., 2025) extends the score with driving-direction compliance (DDC) and
traffic-light compliance (TLC) as multiplicative terms. Its weighted terms retain EP and TTC, re-
place C with history comfort (HC), and add lane keeping (LK) and extended comfort (EC). The
per-scene Extended PDMS (EPDMS) is

EPDMS = NC×DAC×DDC× TLC×
(
5EP + 5TTC+ 2LK + 2HC+ 2EC

16

)
. (14)

DDC penalizes travel against the lane direction, and TLC detects red-light violations. LK measures
lane adherence, HC evaluates the continuity of planned motion with ego-motion history, and EC
assesses consistency across successive predictions. Under the corrected evaluator, NC, DAC, DDC,
TLC, EP, TTC, LK, and HC are subject to human-reference filtering. A component is assigned a
value of one when the human reference scores zero on that component; otherwise, the planner’s
value is retained. EC is computed from paired predictions and is not filtered separately.

B.3 HUGSIM

HUGSIM (Zhou et al., 2025) measures closed-loop performance as the policy receives updated
rendered observations throughout each rollout. We evaluate DriveWLA without HUGSIM-specific
training or fine-tuning on all 436 scenarios from nuScenes (Caesar et al., 2020), KITTI-360 (Liao
et al., 2022), Waymo (Sun et al., 2020), and PandaSet (Xiao et al., 2021), comprising 88, 113, 108,
and 127 scenarios, respectively. We use the corrected HUGSIM evaluator (Wang et al., 2026b). The
reported NC, DAC, TTC, comfort, PDMS, and route-completion (RC) scores are averaged over all
scenarios. HUGSIM PDMS summarizes rollout safety and comfort, while HD-Score additionally
accounts for route completion.

For HD-Score, scenarios are grouped into Easy, Medium, Hard, and Extreme levels with 80, 157,
96, and 103 scenarios. Within each level, scores are averaged within each source dataset and then
across the four datasets. The overall HD-Score weights the four difficulty-level scores by their
scenario counts (Wang et al., 2026b).

The VAD, UniAD, LTF, and DrivoR entries in Tab. 3 are taken from the 436-scenario reevaluation
in WA-JEPA (Wang et al., 2026b) and rescaled from [0, 1] to [0, 100]. DriveWLA uses the same
scenarios, driving commands, corrected controller, metric implementation, and aggregation. Camera
inputs remain method-specific: DriveWLA uses one front-view camera, LTF uses three, and VAD,
UniAD, and DrivoR use four.

B.4 NUSCENES

DriveWLA is evaluated on recorded nuScenes (Caesar et al., 2020) observations without further
planner training on this dataset. L2 error is the Euclidean distance between predicted and logged
ego positions. Collision rate is the percentage of predicted trajectories that collide with other road
users under the UniAD protocol (Hu et al., 2023b). We report both metrics at horizons of 1, 2, and
3 seconds and average the three values before rounding.

The UniAD (Hu et al., 2023b) row in Tab. 4 follows its original report. The OpenDriveVLA (Zhou
et al., 2026b) and UniDriveVLA-L (Li et al., 2026c) rows are the UniAD-metric results of their
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3B and Large variants, respectively. The DriveVLA-W0 (Li et al., 2026b) and PWM (Zhao et al.,
2026a) zero-shot rows are taken from the cross-dataset comparison in DriveVA (Liu et al., 2026d).
DriveWLA uses the full 150-scene validation split and the UniAD L2 and collision definitions.
UniAD, OpenDriveVLA, and UniDriveVLA-L use nuScenes training data, whereas DriveVLA-
W0, PWM, and DriveWLA do not; the reported UniAD row also lacks ego-state input used by
OpenDriveVLA, UniDriveVLA-L, and DriveWLA.

B.5 BENCH2DRIVE

On Bench2Drive (Jia et al., 2024), we evaluate DriveWLA using recorded observations rather than
interactive rollouts, without further planner training. L2 error and collision rate are reported at
horizons of 1, 2, and 3 seconds, with averages calculated from the three values before rounding.

The DriveVLA-W0, PWM, and DriveVA baseline results in Tab. 4 are taken from the zero-shot
comparison in DriveVA (Liu et al., 2026d); the UNIVERSE results are taken from UNIVERSE (Liu
et al., 2026c). DriveWLA uses the same Bench2Drive validation samples and L2/collision calcu-
lation code. All listed methods are trained on NAVSIM and evaluated without Bench2Drive fine-
tuning. These are open-loop trajectory metrics from recorded observations, not the benchmark’s
interactive closed-loop Driving Score.

C FLOW-GRPO TRAINING DETAILS

Flow-GRPO refinement uses scenes for which the imitation policy achieves a PDMS below 90. For
each scene, eight trajectories are sampled through stochastic flow transitions (Liu et al., 2026a).
The NC, DAC, EP, TTC, and C rewards are standardized within each group and combined in the
factorized advantage defined in Eq. (9), with weights wNC = wDAC = 2, wEP = wTTC = 5, and
wC = 2. The variance-shrinkage parameter is τ = 0.1. Both variances in the factorized advantage
are computed across the eight trajectories sampled for the same scene. Here, τ is a fixed shrinkage
parameter, distinct from the flow-time variable used in trajectory sampling.

Training runs for eight epochs with ten stochastic flow steps, step discount γ = 0.8, and behavior-
cloning coefficient λBC = 0.1 (Eq. (10)). Only Action-branch LoRA parameters (rank 16, scaling
factor 32) are updated; the World and Language Experts and the base Action weights remain frozen.
Inference removes the exploration noise and uses the deterministic Euler sampler in Eq. (12).

The expert-composition, attention-mask, and sampling-step ablations in Tabs. 5, 7, and 8 use
the imitation-trained checkpoint before Flow-GRPO refinement. The “Trainable World Expert”
row in Tab. 6 reports the same 90.8-PDMS checkpoint; the Flow-GRPO rows report subsequent
reinforcement-learning refinement.

Front View History Latent 1 History Latent 4 Future Latent 1 Future Latent 2

Figure 4: World Expert latent features. Each row shows one driving scene. The columns show
the front-view image, history latents 1 and 4, and future latents 1 and 2. All PCA-projected latent
maps use the same color scale.
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D WORLD-EXPERT FEATURE VISUALIZATION

Fig. 4 shows PCA projections of the World Expert’s history and future features in three driving
scenes. The four observed history frames are encoded separately, yielding four history latents; his-
tory latents 1 and 4 therefore correspond to the first and fourth observed frames. The eight future
frames are grouped into two consecutive sets of four and encoded groupwise, yielding two future
latents. Future latents 1 and 2 correspond to these two groups, respectively, and each summarizes
four frames spanning 2 seconds. Thus, the two future latents together represent the full 4-second
prediction horizon. Across scenes, the latents exhibit structured, scene-specific patterns that evolve
across time. This temporal organization provides qualitative evidence that the unified architecture
learns effective representations of both observed context and future dynamics, which supply struc-
tured predictive context to the Action Expert.
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