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Figure 1. CLEAR system pipeline. We conduct closed-loop RL finetuning on top of VLAs pretrained using imitation learning. With our
heterogeneous finetuning pipeline, we dramatically scale up the number of simulators [15] running in parallel and PPO [28, 36] updates.

1. Introduction

End-to-end autonomous driving (E2E-AD) [7, 8, 18, 23, 24]
aims to directly map raw sensor information to driving ac-
tions, and has emerged as a powerful alternative to tradi-
tional modular approaches [10, 11, 17, 21, 29]. Recently,
with the rapid advancement of multi-modal large language
models (MLLMs) [1, 2, 9, 12, 31, 34], researchers have
proposed the paradigm of Vision-Language-Action (VLA)
models for E2E-AD, where it seeks to integrate visual
perception, language understanding and action prediction
within a single policy, and has demonstrated strong results
on various benchmarks [4-06, 14, 22, 32].

Existing VLA-based policies [16, 19, 27, 38] largely
adopts imitation learning (IL) as the primary approach, i.e.,
the learning objective typically is only to optimize certain
distance metrics (e.g., Ly error) w.r.t. ground-truth expert
trajectories. The benefit of IL is that it can scale with data.
However, the distribution shift between open-loop train-

ing and closed-loop inference often leads to compromised
policies, exhibiting suboptimal performance in closed-loop
planning.

A recent line of research [20, 25, 26, 37] explores closed-
loop training using Reinforcement Learning (RL) [33].
However, they only consider the task of privileged planning,
where perfect perception ground-truths (e.g. 3D boxes [26],
BEV segmentation maps [20]) and global visibility of the
environment (e.g. HD/SD maps) are required as inputs,
which is unrealistic to assume that such information is al-
ways available.

In this work, we propose CLEAR, a system that effec-
tively enables and efficiently performs closed-loop RL fine-
tuning of VLA policies for E2E-AD. Given the size of VLA
models, carrying out RL finetuning from scratch is often in-
tractable in terms of the amount of compute needed. There-
fore, we first pretrain CLEAR on a large set of expert trajec-
tories using imitation learning, equipping it with baseline



Figure 2. Qualitative predictions of CLEAR on the CARLA longest6 v2 [20, 35] benchmark. Best viewed in color and zoomed in.

driving capabilities. Then, we freeze the VLA agent ex-
cept the action head, which outputs driving actions, on top
of which we finetune with Proximal Policy Optimization
(PPO) [28], given its stable convergence and high asymp-
totic performance. A summary of the design of CLEAR is
shown in Fig. 1.

2. Method

We detail the design of our CLEAR in the sections below.
VLA Open-Loop Pretraining. We use InternVL3-1B [40]
as the backbone of our VLA driving policy, which con-
sists of an InternViT-300M-448px vision encoder [9], and
a Qwen2.5-0.5B [3] large language model (LLM). We ex-
tract the visual tokens as v, = d, ([V.(I;)]Yi, € RINiM)xd,
where I; are the input image tiles, V. is the vision encoder,
0y (+) is the downsampling operator [9, 27, 30] which down-
samples the number of tokens to M = 256. Here we set
the number of image tiles /V; = 2 and d is the embedding
dimension. Denote L. and Nav. the embeddings of the
rest input modalities, we generate waypoints prediction as
W = MLP(LLM([{ve, Le, Nave}, qu, p))), Where g are
the action queries introduced in [27].

Closed-Loop RL Finetuning. We make use of the CARLA
driving simulator [15] release 0.9.15 to conduct closed-loop
RL finetuning. Given the compute limitations, we freeze
the vision encoder and LLM in the pretrained VLA en-
tirely. Since CARLA environments expect driving actions,
we replace the waypoints head with a small action head,
which predicts steering s € [0, 1], and throttle/brake which
are merged into a single action dimension tb € [—1,1]
since they are mutually exclusive. For reward design, we
adopt the discounted Route Completion (RC) [20, 35] r; =
RC, - (IIp;) — T as our reward, where ¢ denotes each time
step, px € [0, 1] is the soft penalty factor, and " = {0,1}
is the hard penalty (e.g., collision, red light/stop sign in-
fraction, etc) which terminates an episode. We utilize DD-
PPO [36] to scale up PPO updates under a distributed set-
ting. To further improve efficiency, we also disable the auto-
regressive language prediction path in the pretrained VLA
during the RL finetuning stage.

Heterogeneous Finetuning Pipeline. The GPU rendering
stack of CARLA is known for its instability and brittle-
ness [13, 22]. We observed frequent CARLA server crashes
during RL training especially in containerized environments
(e.g., docker). In addition, a single CARLA server takes
about 6GB of GPU memory to initialize, which carves into

the total memory budget (e.g., an Hopper H100 GPU with
80GB of GPU memory) that the VLA agent also consumes.
This prevents the scaling of the number of CARLA envi-
ronments and also causes training instability. Therefore,
we design a heterogeneous finetuning pipeline where we
separate server (CARLA) and client (VLA policy). As
shown in Fig. 1, we launch CARLA servers on standalone
host machines (e.g., carrying Tesla V100 GPUs), and put
the VLA learner on high-performance H100 clusters. We
construct SSH tunnels [39] to establish communication be-
tween server and client to facilitate learning. With such het-
erogeneous design, we are able to run 64 CARLA servers
in parallel, and scale to 40M samples with a total batch
size/mini-batch size of 16384/4096 for PPO updates, which
lead to superior results.

3. Experiments

Datasets. We leverage the dataset collected by [27] for
VLA pretraining, which totals 3.1 million samples at 4ps.
For RL finetuning, we make use of the procedurally gener-
ated routes from a suite of parallel CARLA environments
by [20] to perform rollouts. We evaluate on the CARLA
longest6 v2 [20, 35] benchmark, which consists of 36 chal-
lenging long driving routes averaging 1-2 kilometers.

Table 1. Closed-loop planning performance on the CARLA
longest6 v2 benchmark [20, 35]. NP stands for “Non-Privileged”.

Method Type DSt  SR(%)T
InternVL2-1B NP 13.11 0.00
InternVL3-1B NP 18.43 0.00

CLEAR (InternVL2-1B) NP  28.63 16.67
CLEAR (InternVL3-1B) NP 3391 19.44

Results. We summarize the evaluation results in Table 1.
It is evident that even after large-scale imitation learn-
ing during the pretraining stage, the VLA agents perform
poorly on the longest6 v2 benchmark [20, 35], with a
0% Success Rate (failing every route) due to long driv-
ing distances with complex scenarios. But after we con-
duct RL finetuning, CLEAR improves the performance of
the VLA polices across the board, with significant jumps
both in Driving Score and Success Rate, leading to a
much more capable driver. This validates the effective-
ness of the post-training RL framework proposed in our
CLEAR.
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