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Abstract—While autonomous driving technology has made
remarkable strides, data-driven approaches still struggle with
complex scenarios due to their limited reasoning capabilities.
Meanwhile, knowledge-driven autonomous driving systems have
evolved considerably with the popularization of visual language
models. In this article, we propose LeapVAD, a novel method
based on cognitive perception and dual-process thinking. Our
approach implements a human-attentional mechanism to identify
and focus on critical traffic elements that influence driving
decisions. By characterizing these objects through comprehensive
attributes—including appearance, motion patterns, and asso-
ciated risks—LeapVAD achieves more effective environmental
representation and streamlines the decision-making process.
Furthermore, LeapVAD incorporates an innovative dual-process
decision-making module mimicking the human-driving learning
process. The system consists of an analytic process (System-II)
that accumulates driving experience through logical reasoning
and a heuristic process (System-I) that refines this knowledge
via fine-tuning and few-shot learning. LeapVAD also includes
reflective mechanisms and a growing memory bank, enabling
it to learn from past mistakes and continuously improve its
performance in a closed-loop environment. To enhance efficiency,
we develop a scene encoder network that generates compact scene
representations for rapid retrieval of relevant driving experiences.
Extensive evaluations conducted on two leading autonomous
driving simulators, CARLA and DriveArena, demonstrate that
LeapVAD achieves superior performance compared with camera-
only approaches despite limited training data. Comprehensive
ablation studies further emphasize its effectiveness in continuous
learning and domain adaptation. Project page: https://pjlab-
adg.github.io/LeapVAD/

Index Terms—Autonomous driving, dual-process, knowledge-
driven.
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I. INTRODUCTION

S INCE the early 21st century, humans have been exploring
the use of computer algorithms to replace human drivers.

Recent data-driven approaches [1], [2] have achieved impres-
sive results but remain highly dependent on training data
distribution. This often yields shallow semantic understanding
and misinterpretations in complex or unfamiliar scenarios.
Lacking inferential ability, they merely generalize observed
patterns, limiting performance to annotated data. For example,
faced with anomalies like a plane on the road, they cannot
make proper decisions. Hence, systems capable of reason-
ing beyond training data and imitating human cognition are
urgently needed. Knowledge-based methods [3], [4] lever-
age large language and vision-language models as driving
agents, representing a step toward advanced autonomy. Current
evaluation methods such as open-loop testing do not capture
how agents interact with the environment [5]. As a result,
responsiveness and adaptability remain insufficiently assessed,
underscoring the need for more comprehensive evaluation.

Human learning to drive involves continuous interaction in
closed-loop environments, where decisions are made based on
surroundings and feedback is received. According to dual-
process theory [6], [7], human intelligence operates on two
systems: 1) System-I (i.e., heuristic process, which is char-
acterized by being fast, automatic, and empirical) and 2)
System-II (i.e., analytic process, which is characterized by
being slow, rational, and logical). This dual-process thinking
is evident as novice drivers transition to experienced ones.
Initially, they depend on common sense, but with training,
they develop skills through trial and error and rational analysis
(analytic process), leading to muscle memory that allows for
quick, instinctive reactions in familiar situations (heuristic
process). Even after obtaining a driver’s license, individuals
continue to learn from experiences and accidents to improve
their driving skills.

Recent work, such as DriveVLM [4], has explored inte-
grating Visual Language Models (VLMs) and data-driven
planning pipelines to emulate this dual-process paradigm for
autonomous driving. Contrary to the mentioned techniques,
our method draws from attention mechanisms and observa-
tional learning, and decision-making in human driving. It
utilizes a memory bank for experience storage and replay
in a closed-loop scenario, enabling continuous learning via
memory and reflection mechanisms. The dual-process analogy
not only offers an intuitive interpretation of LeapVAD but
also provides a principled foundation for integrating imme-
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diate decision-making with long-term reflective learning in
autonomous driving systems.

The initial work LeapAD [8] introduced a dual-process
driving system inspired by the human attention mechanism.
This system aimed to achieve knowledge-driven autonomous
driving with limited training data, emulating the human ability
to learn from experience and refine skills over time. While
the previous method demonstrated promising performance, it
had several limitations, such as supporting only single-frame
image inputs and lacking precise motion prediction for traffic
participants. To overcome these challenges, we propose an
enhanced version named LeapVAD. Specifically, the algorithm
has been extended to support multiview and multiframe inputs.
Furthermore, we enhance the scene encoder to extract scene
tokens that are more closely related to driving actions, thus
improving the accuracy of the overall system.

Building on the dual-process continuous learning frame-
work, this article presents the following new contributions.

1) Temporal Scene Understanding: We extend our
approach to handle multiframe inputs, which provide
a more comprehensive understanding of key traffic
objects by offering attributes such as velocity and
motion trends across multiple frames.

2) Efficient Retrieval Mechanism: We propose a scene
encoder that effectively captures scene tokens pertinent
to anticipated driving actions, facilitating the acquisition
of few-shot samples. Compared with text embedding,
our method achieves higher precision in encoding scene
tokens.

3) Knowledge Transferability in Domain Adaptation: Leap-
VAD utilizes analytic process and reflection mechanisms
to compile a memory bank of transferable experiences.
Our results show that the knowledge stored in this
memory bank can be applied not only to various towns
in simulation within the same domain but also to
high-fidality environments, such as high-fidelity environ-
ments.

4) Extended Validation: We evaluate our approach under
more diverse setups and scenarios. The driving score
(DS) on the CARLA [9] Town05 short and long bench-
marks increases by 5.3% and 42.6%, over our previous
results [8]. Moreover, we achieved the best performance
on DriveArena [10] by utilizing the memory bank
selected in CARLA.

II. RELATED WORKS

A. Evolution of Vision Language Models
Built on large language models (LLMs) such as LLaMA

[11] and Vicuna [12], a wide range of VLMs [13], [14],
[15], [16], [17], [18] has emerged, extending their capa-
bilities to multimodal understanding. These models have
introduced innovative pretraining and fine-tuning techniques
to bridge the gap between vision and language and raise
extraordinary emergent abilities, typically including instruction
following [19], in-context learning [13], and chain-of-thought
[18] on multimodal data. Typically, VLMs use Q-former-like
[17], [14] or multi-layer perceptron (MLP)-like [18], [19]
connectors for modal alignment, trained in three stages: pre-
training, instruction-tuning, and optional alignment tuning. For
instance, LLaVA [16] and MiniGPT-4 [15] employ instruction

Algorithm 1 LeapVAD
Input:

System Prompt Ps

Reflection Prompt Pr

Traffic Rules Pt

Images I from ego car
Current ego state A
Navigation information N from LimSim [26]

Output:
Decisions S for LimSim [26]
ANALYTIC PROCESS (SECTION III-E)
for i < length(sequence) do

Di ← VLM(Ps, Ii) // Section III-C
Ri, Si ← GPT(Pt,Di,Ni,Ai) // reasoned decisions
ti ← E(Ii,Ai) // Section III-D
B← B ∪ {ti,Di,Ri, Si} // update memory bank
send Si // send meta actions to low-level controller

end for
B← revise(B) // check and update
HEURISTIC PROCESS (SECTION III-F)
for j < length(sequence) do

D j ← VLM(Ps, I j)
t j ← E(I j,A j)
{ti,Di,Ri, Si}

k−1
i=0 ← TopK(B, k) // top-k samples

R j, S j ← LLM(Pt, {Di,Ri, Si}
k−1
i=0 ,D j,N j,A j)

Q← Q ∪ {t j,D j,R j, S j} // historical queues
if length(Q) > m then

dequeue(Q) // remove oldest element
end if
send S j

end for
REFLECTION MECHANISM (SECTION V-E4)
if detect accident() = True then

O← get accident info()
tn,Dn,Rn, Sn ← GPT(Pr,O,Q) // Section V-E4
B← B ∪ {tn,Dn,Rn, Sn} // update memory bank

end if

tuning for interactive visual agents, while Qwen-VL [17] uses
multistage training for multilingual and fine-grained com-
prehension. InternVL [18] introduces progressive alignment
for multimodal understanding, significantly advancing vision-
language integration.

B. Leveraging Foundation Models for Autonomous Driving

VLMs have been successfully adapted via supervised
fine-tuning (SFT) for downstream vision tasks [20]. In
autonomous driving, studies leverage foundation models for
their world knowledge and reasoning [3], [21], [22]. For
instance, DriveLM [23] uses VLMs for interpretable planning
via graph-based reasoning, while DriveMLM [24] gener-
ates decisions from human instructions in simulations. ELM
[25] specializes in embodied driving understanding, and
Retrieval-Augmented Generation (RAG)-Driver [3] enhances
prediction with retrieval-augmented generation. Recent work
like DriveVLM-Dual [4] integrates VLMs into planning
pipelines for real-world deployment.
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Fig. 1. Architecture of LeapVAD consists of two primary modules: scene understanding and dual-process decision-making. The scene understanding module
analyzes multiview or multiframe images, identifying critical objects and generating a scene token. This token serves as a characteristic representation of the
current scene. The dual-process decision-making module then uses this scene description and the guidance of traffic rules to make reasoning and decisions.
These decisions are converted into control signals to navigate the ego car in the simulator. Specifically, analytic process accumulates an initial memory bank
used to train heuristic process and updates it, especially when heuristic process encounters accidents. Heuristic process leverages scene tokens to efficiently
retrieve the most relevant historical scenarios from this memory bank, enabling rapid and informed driving decisions. For visual clarity in Fig. 1, we color-code
the three key operational phases: fine-tuning (purple), memory accumulating (green), and close-loop driving (blue).

In contrast to the approaches mentioned above, we draw
inspiration from human driving behaviors. Through the
dual-process system, the memory bank, and the reflection
mechanism, we implement the storage, updating, and transfer
of experiences, enabling continuous exploration, learning, and
improvement in closed-loop scenarios.

C. Transitioning From Data-Driven to Knowledge-Driven
Autonomous Driving

Data-driven methods [27], [28] have achieved success in
autonomous driving but struggle with distribution shifts and
long-tail scenarios [29], [30]. In contrast, knowledge-driven
approaches that use reasoning and continuous learning, like
humans leveraging common sense, are crucial [31], [32].
Foundation models (LLMs/VLMs) excel at reasoning and
knowledge application for driving tasks [21], [33], drawing
increasing research interest [25], [34].

Recent work has proposed a more integrated paradigm:
vision-language-action model (VLA) [35] models that fuse
camera streams, natural language instructions, and low-
level actuation into a single policy. Compared with these
approaches, this article focuses on the continual learning of
the VLM component.

III. METHODOLOGY

A. Overview
Our proposed LeapVAD framework consists of four

main components: the VLM for scene understanding
(see Section III-C), scene encoder for extracting scene token
(see Section III-D), a dual-process decision-making module
consisting of the analytic process (see Section III-E) and
the heuristic process (see Section III-F), which operates in
conjunction with a controller detailed in Appendix B.

B. System Pipeline

Fig. 1 and Algorithm 1 illustrate LeapVAD, our knowledge-
driven system that employs a fine-tuned VLM to analyze
multiframe images and describe key objects in the closed-loop
simulator. The scene encoder creates scene tokens based on the
current image and vehicle state. These object descriptions and
scene tokens are passed to the dual-process decision-making
module (comprising analytic process and heuristic process),
which performs scenario reasoning to generate driving deci-
sions and corresponding reasoning. Initially, analytic process’s
outputs are used to construct the memory bank and fine-
tune heuristic process. During testing, heuristic process makes
driving decisions, sending high-level actions to the action
executor to generate control signals, while analytic process
is reserved for generating reflections when accidents occur
through the automatic reflection mechanism for self-updating
and continuous improvement.

C. Scene Understanding With VLM

Human drivers focus on key objects around the vehicle
to avoid information overload, improve reaction times, and
reduce cognitive load. This strategy enhances concentration
and lowers accident risks. Inspired by this, the scene under-
standing module in LeapVAD selectively identifies critical
objects, simplifying the environment’s description and sim-
plifying the decision-making process.

Off-the-shelf foundation VLMs often lack domain-specific
knowledge for driving. To address this, we perform SFT and
prompt the VLMs to generate detailed descriptions of objects
that may impact driving decisions. These descriptions include
semantic, spatial, and motion attributes and behavioral reason-
ing. By integrating these elements, the system achieves a more
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Fig. 2. We create a dataset for instruction learning in VLM derived from DriveLM [23], Rank2Tell [36], and CARLA [9]. This dataset can be categorized
into two types: multiview and multiframe. The multiview annotations include a summary and elaboration, while the multiframe annotations solely consist of
a summary. Compared with multiview annotations, the multiframe annotations provide additional information such as exact velocity and motion trends.

comprehensive understanding of the environment, improving
safety and adaptability in complex driving scenarios.

To enhance the scene understanding capability of the VLM
in autonomous driving, we develop a summary-elaboration
data structure for SFT, as shown in Fig. 2. The data comprises
two parts: multiview and multiframe. Notably, the summary is
used only in the closed loop, while elaboration is reserved
for training. For example, the descriptions generated by the
VLM are represented as D = {Ds,i,Dl,i,Dm,i,Dr,i}

N−1
i=0 , where

N denotes the number of critical objects. In multiview con-
struction, each object includes the following.

1) Semantic Attribute Ds: Describes the object’s category,
typically important traffic participants (e.g., vehicles and
cyclists), and infrastructure (e.g., traffic lights and stop
signs).

2) Spatial Attribute Dl: Indicates its bounding box, lane
position, and distance from the ego car, essential for
safety and collision avoidance.

3) Motion Attribute Dm: Refers to the object’s motion
direction.

4) Behavioral Reasoning Dr: Explains the object’s signif-
icance and influence on the ego car’s driving decisions.
For instance, a stop sign on the right is crucial when the
ego car is going straight, as it indicates the need to stop
at the intersection.

For multiframe data, dynamic attributes of objects within the
scene are included in the summary, as illustrated in the right
part of Fig. 2. Specifically, the VLM describes the location,
motion trends, distance, and velocity of critical objects by
analyzing the video data. In addition, it provides the bounding
boxes of these objects in the final frame. Combined with the
ego speed and the navigation info from LimSim, the final
scene descriptions are fed into the decision-making module.

Refer to Appendix E for the example of the format of scene
descriptions.

D. Scene Token
To facilitate retrieving similar scenes in the memory bank

for few-shot prompting, we propose a more efficient and
precise method for extracting scene tokens. Differing from the
previous work LeapAD [8], our LeapVAD uses scene tokens
instead of text embeddings to avoid the ambiguity, synonyms,
and paraphrasing inherent in language-based scene descrip-
tions, leading to more stable and accurate performance. In
this article, LeapVAD generates meta-actions for steering and
speed regulation, mirroring the primary control mechanisms
employed by human drivers. Our key insight is that scenes
requiring similar human control responses (regarding steering
and braking) can be considered analogous at the control level.
Building upon this observation and inspired by ACO [37],
we develop a comparative learning approach that operates in
two distinct spaces: the action (ACT) space for steering and
the acceleration (ACC) space for braking. This dual-space
comparative learning framework enables us to derive scene
tokens that capture the underlying control similarities.

1) Scene Encoder: As illustrated in Fig. 3, given a batch
of image I ∈ RB×H×W×3 and the ego state A ∈ RB×9, we
process the input through the scene encoder E to derive the
scene token t ∈ RB×256, which encompasses gact ∈ R

B×128 and
gacc ∈ R

B×128. Following MoCo [38], we stabilize the feature
distribution and reduce the gap between current and cached
scene tokens during training. To achieve this, we introduce
a momentum-updated scene encoder Em, which produces a
feature vector t′ ∈ RB×256. The updated rule of the encoder’s
parameters is

θEm ← αθEm + (1 − α)θE (1)
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Fig. 3. Training pipeline of our scene encoder is outlined as follows.
(a) Details about the input data. (b) How we form both ACT and ACC for
the input images and update the model using contrastive loss in these two
spaces. (c) Architecture of the scene encoder.

where α is the momentum coefficient and θEm, θE are the
parameters of Em and E. Notably, Em is used exclusively
during training, while E is employed for retrieving few-shot
samples in closed-loop testing scenarios.

Specifically, the intent is derived through one-hot encoding.
The features are concatenated with ego velocity V via an MLP
to generate the ego state features f ego ∈ R

B×256. The image
is processed to extract ViT features f img ∈ R

B×N×C , which
are then compressed into the scene features f scene ∈ R

B×256

using either max-pooling or attention mechanisms. The final
scene token t is produced by concatenating f ego and f scene
after applying the MLP.

2) Key Dictionary: Following MoCo [38], we use a key
dictionary H to store the historical encoded scene token t′
to enable a larger contrastive batch size. In this study, we
utilize the scene encoder Em to generate the scene token t′.
This process establishes positive pairs with the current training
features. It ensures that these tokens are stored in the key
dictionary, H, to form positive and negative sample pairs in
subsequent training iterations. When the size of H exceeds its
predetermined capacity, the samples within the dictionary are
systematically replaced.

3) Traning Loss: During training, a batch of images and
their corresponding ego states are sampled. Following data
augments, these images are encoded by both E and Em to
obtain the query features gsp ∈ R

B×128 and key features g′sp ∈

RB×128. Simultaneously, N key features are sampled from both
H and g′sp to form the key set K. The losses Lact and Lacc are
then computed as

Lsp = − log

P
z+∈Psp(gsp) exp(gsp · z+/τ)P
z−∈Nsp(gsp) exp(gsp · z−/τ)

(2)

where Psp(gsp) and Nsp(gsp) are the positive and negative keys
of query gsp in “sp” space, respectively. They are represented
as

Psp(gsp) = {z | ‖â′sp − âsp‖ < σsp, (z, â′sp) ∈ K}
Nsp(gsp) ≡ K \ Psp(gsp)

sp ∈ {act, acc} (3)

where âsp denotes the label of the query feature gsp, and âsp
represents the label of the key feature z, indicating the steering
and braking values in the ACT and ACC spaces, respectively.
The set Nsp(gsp) is obtained by removing the positive pair
Psp(gsp) from the candidate set K. In addition, σsp is the
distance threshold used in the “sp” space.

The overall contrastive loss of the scene token is

L = λactLact + λaccLacc (4)

where λact and λacc are hyperparameters used to adjust the
weights of Lact and Lacc.

E. Analytic Process
Leveraging scene descriptions offered by the VLM, we

develop the analytic process, a framework designed to emulate
the logical reasoning processes characteristic of human drivers.
The analytic process utilizes logical reasoning to navigate
complex scenarios, employing structured analysis and rational
decision-making to ensure safety in driving tasks.

Through extensive pretraining on diverse datasets, LLMs
inherently accumulate a vast repository of world knowledge,
equipping them to address complex problems with nuanced
reasoning and understanding [22]. This capability meets the
demand of the analytic process, which relies on thorough
analysis and contextual awareness to make informed decisions
in driving scenarios. Our analytic process leverages the world
knowledge embedded in LLMs to interpret scene descriptions
and produce high-quality driving decisions. Empirical results
indicate that incorporating specific traffic rules, as outlined in
Appendix D, further enhances the system’s safety and reliabil-
ity in real-world driving scenarios. Moreover, we combine the
VLM with the analytic process to conduct closed-loop experi-
ments, enabling the collection of high-quality decision-making
data and outcomes. These results, stored as “experience” in
a memory bank, are incrementally accumulated and can be
effectively transferred to the heuristic process. This transfer
empowers the heuristic process to leverage prior experience
for rapid response in analogous scenarios, as elaborated in
Section III-F.

1) Reflection Mechanism: The analytic process is employed
to facilitate reflection on traffic accidents, as demonstrated
at the bottom of Algorithm 1. Precisely, in a closed-loop
driving scenario integrating the VLM and heuristic process,
the occurrence of any accident O activates a reflective mech-
anism. The analytic process subsequently analyzes the scene
description D, reasoning R, and decision S from the historical
frames Q preceding the incident. This analysis identifies causal
factors, detects errors, and proposes corrective reasoning Rn
alongside decision-making strategies Sn. A detailed example
of the reflection process is provided in Appendix E4.

The insights derived from this reflection procedure are
subsequently integrated into the system’s memory bank,
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enabling LeapVAD to learn continuously from past failures
and make progressively better-informed decisions in future
driving scenarios. Notably, the accumulated experience in the
memory bank exhibits strong transferability and generaliza-
tion, allowing it to be directly applied to other lightweight
models and easily adapted to diverse scenarios, as discussed in
Section IV-D6.

F. Heuristic Process
1) LLM: Although the analytic process excels at providing

precise driving reasoning and decisions through its detailed
analysis and thorough evaluation, it is inherently slow process-
ing often results in duplicated and redundant efforts, limiting
its practicality in real-world driving scenarios. Drawing inspi-
ration from human driving behavior, where drivers develop
muscle memory through repeated practice that enables efficient
reactions with minimal cognitive load, we introduce a heuristic
process within LeapVAD incorporating a lightweight language
model.

To enable effective knowledge transfer, we apply SFT using
the data accumulated in the memory bank, as described
in Section III-E. This process distills knowledge from the
analytic process into the lightweight model, allowing the
heuristic process to adapt its behavior to diverse scenarios
while operating significantly faster (approximately five times
faster in our experiments). Our previous results [8] reveal that
the lightweight model without SFT fails to produce reliable
driving decisions.

2) Few-Shot Prompting: We utilize few-shot prompting
[8], [22] to enhance the heuristic process’s generalization
for unseen scenes and reduce hallucinations, leading to more
robust decisions. This approach allows the heuristic process to
effectively draw on insights from its memory bank, improving
the accuracy of future driving decisions.

Following Section III-D, we can obtain the scene token
tq for the current scene. Subsequently, the cosine similarity
between tq and the scene tokens {ti}

M−1
i=0 in the memory bank

with the size of M is calculated by

cosine(tq, ti) =
tq · ti

‖tq‖‖ti‖
. (5)

We select the top-k samples with the highest similarity
scores as queried scenes. The scene descriptions {Di}

k−1
i=0 ,

reasoning {Ri}
k−1
i=0 , and decisions {Si}

k−1
i=0 of these samples, along

with the current scene description Dc, are input into the
heuristic process for final reasoning Rc and decision Sc.

IV. EXPERIMENTS

A. Data Preparation
1) Data for VLM: We constructed an instruction-

following dataset for the SFT of VLM by integrating
data collected from Rank2Tell [36], DriveLM [23],
and CARLA [9]. We standardized the referring format
for key objects as follows: <ref>In camera view,
properties</ref><box>coordinates</box>. Each
dataset was processed with the original labels to obtain
unique question-answer pairs. Overall, the dialog is
constructed summary-elaborated, as shown in Fig. 2. The
elaboration includes four aspects of key object properties:

semantic attributes, spatial attributes, motion attributes,
and importance. Apart from multiview dialogs, we added
summaries for multiframe images, introducing properties
such as distance, speed, and motion trends of key objects.
We constructed dialogs using five frames, with Rank2Tell
operating at 10 Hz and the others at 2 Hz. We collected 5K
of multiview summary data and 2K of multiframe summary
data from CARLA Towns 01–04, 06, 07, and 10 to train the
VLM.

2) Data for Heuristic Process: We accumulate experience
in a closed-loop setting and store it in a memory bank
by integrating analytic process and VLM, which serves as
few-shot examples for subsequent SFT and heuristic process
prompting. Our approach also incorporates a dynamic updating
mechanism to address issues encountered by heuristic process,
as detailed in Section III-E. It is worth noting that these
samples are collected in a closed-loop environment without
human intervention. As with LeapAD [8], we used a memory
bank size of 18.1K in Table I and used it as the default in
this article. Notably, LeapVAD achieved superior performance
while utilizing less data. In this context, “L” and “C” represent
light detection and ranging (LiDAR) and camera modalities.
Key abbreviations: “L” = LiDAR, “C” = Camera; “DD” =

Data-driven, “KD” = Knowledge-driven; “OE” = OpenAI
Embedding, “ST” = Our Scene Token. The method marked
with “†” utilizes InternVL2-8B [18] as the VLM, and the
method indicated by “∗” employs analytic process. Specifi-
cally, the memory bank consists of 18k experiences collected
from CARLA Towns 01–04, 06, 07, and 10 using analytic
process at 2 Hz over three rounds, along with 0.1k reflection
experiences from Town05. We apply K-means clustering to
organize these experiences within the memory bank.

3) Data for Scene Encoder: We utilized data collected
from CARLA and the nuScenes [39] (train set) to train the
scene encoder. Specifically, we collected 90K driving frames
from the CARLA simulator, of which 70% were designated
for training. Each frame includes an image captured by the
front-view camera and data on intent, velocity, steering, and
braking. Steering values are normalized within the [−1, 1]
range, whereas braking values range from [0, 1]. We use
steering and braking as labels for the ACT and ACC spaces,
respectively, and set the distance threshold σsp (sp ∈ {act, acc})
to 0.04.

B. Implementation Details
According to Section IV-D1, we utilize Qwen-VL-7B [17]

and InternVL2-8B [18] as the VLM for scene understanding,
employ GPT-4o as the slow system (analytic process) for
reasoning and logic, and use Qwen1.5-1.8B [40] as the fast
system (heuristic process) for automatic and rapid thinking
in LeapVAD. The scene encoder E implements “pooling +

state” to extract the scene token, where the input includes
the ego state, and max pooling is used to extract f scene, as
demonstrated in Table II.

To fully exploit the capabilities of our VLM in closed-loop
driving experiments, we conducted SFT with instruction-based
data as discussed in Section IV-A1. For LLaVA-1.5-7B [48],
we employed the AdamW optimizer [49] with momentum
parameters β1 = 0.9 and β2 = 0.99. The learning rate followed
a cosine decay schedule, initialized at 2 × 10−4. Training
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TABLE I
COMPARISON OF OUR LEAPVAD WITH COMPETITIVE METHODS ON TOWN05 SHORT BENCHMARK.

TABLE II
PRECISION@1 FOR VARIOUS SCENE TOKENS ON NUSCENES [39]

TABLE III
COMPARISON OF OUR LEAPVAD WITH COMPETITIVE METHODS IN

TOWN05 LONG BENCHMARK

was conducted with a batch size of 8 × 8 NVIDIA A100
GPUs, completing 5 epochs in approximately 10 h. For Qwen-
VL-7B [17], we utilized the AdamW optimizer [49] with
hyperparameters β1 = 0.9 and β2 = 0.95. We combined
this with a cosine decay of the learning rate, initially set to
1 × 10−5. The batch size was set to 8, and the model was
trained for 5 epochs on 8 A100 GPUs, taking approximately 69
h. For InternVL2-8B [18], we employed the same optimizer
with hyperparameters β1 = 0.9 and β2 = 0.99. The initial
learning rate was set to 4 × 10−5 and decayed using a cosine
schedule. Similarly, the batch size was 8, and the model was

Fig. 4. Illustration depicts the fine-tuning process. (a) Fine-tuning of the
VLM using 4.1K instruction-following data points for scene understanding.
(b) Utilization of the collected samples in the memory bank to fine-tune
Qwen-1.5, employed in the heuristic process model.

trained for 5 epochs on 8 A100 GPUs, requiring around 7 h.
The input image resolution was set at 448 × 448 pixels.

For heuristic process, we conducted SFT on Qwen1.5-1.8B
for 5 epochs using samples stored in the memory bank, taking
about 6 h. The training hyperparameters are consistent with
VLM’s training procedure. Fig. 4 shows the detailed fine-
tuning process. The dual-process decision module outputs
meta-actions (e.g., “ac,” “dc,” “LCL,” “LCR,” “IDLE,” and
“STOP”) at a frequency of 2 Hz, which are further refined
into control signals, as detailed in Appendix B.

For the scene token, we trained the scene encoder on our
custom training set, consisting of 63K CARLA data samples
and the nuScenes dataset, for 12 epochs, taking approximately
1 h. We utilized a batch size of 128 and the SGD optimizer
with hyperparameters set as follows: λact = λacc = 1, a learning
rate of 0.03, a weight decay of 10−4, and an H size of 4096.
For image augmentation, we employed DriveArena [10] to
generate two batches with aspect ratios of 336 × 600 and
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TABLE IV

COMPARISON OF OUR LEAPVAD WITH END-TO-END AUTONOMOUS DRIVING ALGORITHMS IN DRIVEARENA [10]

TABLE V

VALIDATION STUDY ON SCENE UNDERSTANDING

448 × 800, respectively, while ensuring consistency with
the nuScene dataset in terms of layouts and boxes. In Fig. 3,
“pooling” refers to the application of max pooling to generate
the scene feature f scene from ViT features, whereas “attention”
denotes the use of a learnable weight matrix to create the scene
feature f scene from ViT features. The training procedure for
this knowledge-driven model is detailed in the Appendix.

C. Evaluation in Closed-Loop Driving

1) CARLA Leaderbord: We conduct closed-loop experi-
ments in CARLA, a popular open-source simulator, to evaluate
the performance of our LeapVAD. To assess our method’s
effectiveness, we perform a detailed evaluation in a closed-
loop driving environment using the Town05 benchmark. We
utilize several metrics: DS, route completion (RC), and infrac-
tion score (IS). RC represents the percentage of the route
completed by the agent, while IS reflects the penalties from
accidents. The final metric, DS, is calculated by combining
RC and IS, allowing us to evaluate the driving performance
on a given route.

Specifically, we provide five different configurations to
thoroughly evaluate our method, as shown in the highlighted
rows in Table I. From top to bottom, these configurations are:
1) closed-loop experiments using the analytic process directly;
2) LeapVAD with OpenAI embedding [52] as the scene token
and a memory bank without reflection; 3) using our scene
encoder to extract the scene token and a memory bank without
reflection; 4) employing our scene encoder for scene token
extraction and a memory bank with reflection; and 5), which
utilizes InternVL2-8B [18] as the VLM, while the rest remains
consistent with iv). For additional VLM ablation studies, refer
to Section IV-D1.

As shown in Table I, our LeapVAD outperforms all camera-
only methods, including the previous LeapAD approach.
Notably, our technique outperforms even TransFuser [42],
which utilizes LIDAR sensor input. While our method shows
slightly lower performance compared with InterFuser [41],
another multisensor approach, it is noteworthy that InterFuser

Fig. 5. Precision–recall curves on nuScenes [39] dataset. (a) ACT space.
(b) ACC space.

requires a substantially larger dataset with approximately 73
times more camera and LiDAR annotations. The comparison
between entries in rows 09 and 12, as well as rows 10 and 13,
shows the performance improvement of our proposed temporal
module over LeapAD [8], fully confirming the superiority
of employing multiframe data for analysis. Replacing the
previous OpenAI embedding with our designed scene encoder
(as seen in rows 13 and 14) yields notable improvements in DS
and RC, providing empirical support for the scene encoder’s
effectiveness. We further substantiate the advancements of the
scene encoder in Section III-D of the ablation experiment.
Finally, the comparison between rows 15 and 12 highlights the
efficacy of our dual-process decision module, with LeapVAD
achieving superior DS and RC scores.

In addition, we present the evaluation results on the more
challenging Town05 Long benchmark in Table III. The results
indicate that LeapVAD significantly improves over the previ-
ous LeapAD and outperforms all other vision-only methods.
Notably, LeapVAD’s performance is comparable to that of
DriveMLM, despite the latter being trained with LiDAR and
48 times more data. It is also worth noting that LeapVAD
adopts a more cautious driving policy. As a result, compared
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Fig. 6. t-SNE [54] visualization of extracted features. The first row illustrates the relationship between gact and the steering, whereas the second row depicts
the correlation between gacc and the brake. The category of the scene token is indicated at the bottom of each respective column.

with LeapAD, it occasionally exceeds the allowed time limit,
leading to a lower RC score.

2) DriveArena: We conducted closed-loop experiments
in DriveArena [10], a high-fidelity closed-loop simulation
platform, to evaluate LeapVAD’s driving performance in
a simulation environment resembling real-world conditions.
These experiments were performed on four predefined routes,
with two selected in Boston and two in Singapore. The
evaluation utilized three key metrics: predictive driver model
score (PDMS), RC, and Arena DS (ADS). PDMS, initially
introduced by NAVSIM [53], evaluates the quality of the
predicted trajectory at each time step. ADS, as defined in
DriveArena [10], combines PDMS with RC, where RC follows
the same definition as the CARLA Leaderboard.

The closed-loop performance of LeapVAD and end-to-end
autonomous driving algorithms is summarized in Table IV.
Notably, LeapVAD generates meta-actions, unlike other algo-
rithms that directly output trajectories. We evaluated LeapVAD
under three distinct configurations in DriveArena [10]: 1)
LeapVAD + InternVL2 (Mem.), where InternVL2 serves as
the VLM for scene understanding, and the system utilizes a
memory bank; 2) LeapVAD + QwenVL, where QwenVL is
used as the VLM for scene understanding, and the system
operates without a memory bank; and 3) LeapVAD + QwenVL
(Mem.), where QwenVL is employed as the VLM, and the
system incorporates a memory bank.

As demonstrated in Table IV, our knowledge-driven
approach exhibits robust performance in high-fidelity
simulation environments. We evaluated the LeapVAD
with InternVL2 and QwenVL for scene understanding. To
demonstrate the effectiveness of the memory bank, we also
tested the LeapVAD with and without the memory bank
module in DriveArena [10]. The calculated PDMS, RC,
and ADS are presented in percentages. In particular, the
memory bank accumulated from the CARLA simulator
works effectively when transferred to another simulator. This
shows the strong generalization capability of our approach,
enabling adaptation to diverse environmental conditions
without excessive reliance on training data.

D. Ablation Study

We conduct extensive ablation studies about the number of
few shots, size of the memory bank, reflection mechanism,
and accumulated experience in a closed-loop driving setup
to demonstrate the generalization and continuous learning
capabilities of our LeapVAD.

1) Ablation of VLM: To select the most suitable VLM
model for this task, we assessed the performance of various
VLMs using the Rank2Tell (real environment) and CARLA
(simulation environment) test sets. Specifically, we compared
the performance of three models: LLaVA-1.5-7B [48], Qwen-
VL-7B [17], and InternVL2-8B [18]. We utilized the grounded
score, encompassing accuracy, recall, and F1 value, to assess
the semantic alignment capabilities of the models. In addition,
we employed the chat score, which comprises the language
score ROUGE and the GPT (GPT-4-turbo) score, to evaluate
their question-answer reasoning abilities. Table V presents
the experimental results, indicating that Qwen-VL-7B and
InternVL2-8B outperform the other models.

We further assessed the performance of Qwen-VL-7B and
InternVL2-8B in a closed-loop setting. We conducted closed-
loop tests using these two models on the CARLA Town05
short benchmark, and the experimental results are presented in
the penultimate two rows of Table I. We assess the grounding
and conversational capabilities of prominent VLMs using the
validation set in Rank2Tell dataset [36] and the CarlaSim
dataset introduced in Section IV-A1. The experiment demon-
strated the superior performance of QwenVL; thus, it was
selected for subsequent experiments in this article.

2) Different Type of Scene Token: To promote standard-
ization, we assessed the performance of varying scene token
representations on the nuScenes dataset [39]. We utilize the
nuScenes training set for model training, while the validation
set serves as queries for retrieving data from the training
set during evaluation. Table II presents the precision@1 for
each method, with our scene token approach demonstrating
significantly superior performance compared with LeapAD.
For various scene tokens on nuScenes [39]. For each scene
token in the validation set, the most similar token from the
training set is selected as the top-1 match. A pair of scene
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TABLE VI

ABLATION ON THE SIZE OF H

tokens is deemed a positive match for steering if the offset of
the steering angle is within 0.04. The pair indicates a positive
match for braking if the braking signals are concurrent. For
evaluation, we retrieved the scene from the memory bank with
the highest cosine similarity and utilized its associated driving
steering and braking labels. The results revealed that the
“pooling + state” setting yielded the best model performance,
and thus, we adopted this setting as the default for the closed-
loop experiments within this article.

To assess the performance of varying scene token represen-
tations more comprehensively, we present the precision–recall
curves for different methods in Fig. 5. The legend labels
the method, respective settings, and classification space. It is
evident from the figure that LeapAD [8] exhibits the poorest
performance among the compared methods. In contrast, the
“pooling + state” and “attention+state” methods demonstrate
a more balanced performance, with “pooling+state” exhibiting
superior results in the ACC space, which is particularly crucial
for closed-loop experiments.

To investigate how the size of the key dictionary H and the
staleness of cached scene tokens affect learning, we conduct
an ablation study on different sizes of H, where the scene
encoder employs pooling with ego-state inputs. As shown in
Table VI, increasing the size of H appropriately improves the
performance of the scene encoder. However, when the size
becomes too large, the presence of overly outdated entries in
the key dictionary leads to degraded performance.

To better illustrate the enhancements attributed to the scene
token, we employ t-distributed stochastic neighbor embedding
(t-SNE) [54] to visualize its impact on clustering differ-
ent scene token representations. In the first column, Fig. 6
reveals that the scene token utilized by LeapAD fails to form
distinct clusters associated with possible driving actions. In
contrast, the second column highlights our proposed scene
token method’s successful differentiation of steering and accel-
eration/deceleration patterns, even without ego state input.
The inclusion of ego-state information further enhances the
clustering effect. Notably, the fourth column demonstrates the
effectiveness of our proposed scene token extraction technique
on mixed nuScenes and CARLA data, yielding favorable
clustering results.

Furthermore, rows 13 and 14 of Table I show the results
of closed-loop experiments conducted by LeapVAD using
OpenAI embedding [52] and our scene token for sample
retrieval, respectively. It is evident that utilizing our scene
token yields superior outcomes.

3) Ablation on the Number of Few Shots: We conducted
an ablation experiment on few-shot prompting in our previous
version [8]. To determine if the same outcome would occur
after updating the representation of the scene token, we
replicated the experiment. The tests were conducted on the
Town05 Short benchmark, comprising 9K samples randomly

TABLE VII

ABLATION ON THE NUMBER OF FEW SHOTS

TABLE VIII

AFFECT OF THE MEMORY SIZE FOR FEW-SHOT LEARNING

TABLE IX
COMPUTATIONAL EFFICIENCY

collected from the memory bank introduced in Section IV-A2.
As illustrated in Table VII, the results demonstrate that our
new scene token effectively retrieves relevant samples and
guides decision-making. Due to our VLM updates, LeapVAD
outperforms other camera-only methods, even in a zero-shot
setting. A notable performance enhancement is observed when
advancing from zero-shot to three-shot scenarios, underscoring
the advantages of leveraging experience stored in memory and
the efficacy of the few-shot strategy.

4) Impact of Memory Sizes: Memory capacity plays a
pivotal role in knowledge-driven systems by aggregating
critical experiences. Through comprehensive ablation stud-
ies, we demonstrate that larger memory capacities lead to
enhanced system performance. We conduct closed-loop eval-
uations using three different memory sizes (9000, 900, and
90 experiences), with samples randomly drawn from the
memory bank described in Section IV-A2. As illustrated in
Table VIII, the quantitative results reveal a consistent per-
formance improvement with increasing memory size. This
underscores the continuous learning ability of LeapVAD and
establishes a direct correlation between model performance
and experience accumulation.

5) Effectiveness of the Reflection Mechanism: In our prior
work [8], we sampled nine sequences with scores below
50 on the Town05 short benchmark for reflection experi-
ments. Specifically, we used a three-shot and 900-experience
memory bank setting and found that the scores of most
sequences improved with additional reflection rounds, effec-
tively demonstrating the validity of our designed reflection
mechanism. We conducted additional ablation experiments to
further substantiate this mechanism’s robustness. As evidenced
by experiments 14 and 15 in Table I, with all other parameters
held constant, we observed a DS improvement of 4.41 and an
RC enhancement of 0.11 after four reflection rounds.

6) Generalization of Accumulated Knowledge: Our previ-
ous research demonstrated the robust transferability of memory
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TABLE X
EVALUATION OF DISTANCE AND VELOCITY ESTIMATION

banks across different towns in CARLA. In this section, we
further investigate experience transfer from simulation envi-
ronments to high-fidelity driving scenarios. As shown in the
penultimate row of Table IV, we first conducted closed-loop
evaluations of LeapVAD in DriveArena without utilizing any
memory bank. Subsequently, we incorporated 18.1K memories
accumulated from CARLA, with results presented in the last
row of Table IV. The substantial improvement of 3.59 points in
average PDMS demonstrates that experiences acquired in sim-
ulation environments can effectively transfer not only between
different maps but also to real-world driving scenarios. This
cross-domain performance enhancement, which surpasses the
capabilities of existing methods, validates the superiority and
robust transferability of our approach.

V. CONCLUSION

In this article, we propose a human-like, knowledge-driven
autonomous driving framework using a VLM to identify
critical objects in the environment. Our system mimics human
perception and employs a dual-process decision-making mod-
ule to model driver learning. A reflective mechanism and a
memory bank support continuous self-improvement. We also
introduce an efficient scene token to represent driving-relevant
scenes and retrieve similar samples for decision guidance.
Our method achieves strong closed-loop performance with
much less data, reaching near state-of-the-art results using
only 1/73 of the training data. It improves DSs on the
Town05 short and long benchmarks by 5.3% and 42.6% over
LeapAD [8], and achieves the best results on DriveArena [10].
Extensive ablation studies further confirm the effectiveness,
continuous learning ability, and knowledge transfer of our
framework.

However, as shown in Table IX, the current LLM-based
model adds high computational cost, making it unsuitable for
direct use on real vehicles. To address this, we consider two
directions for future work: 1) speeding up the heuristic process
via model compression or hardware acceleration and 2) using
LeapVAD as a long-horizon decision module combined with
a high-frequency end-to-end controller for real-time inference.

APPENDIX

A. Training Details
1) Training Paradigm: Fig. 1 shows our knowledge-driven

architecture with three learnable modules: scene understand-
ing, dual-process decision-making, and scene token. The scene
understanding module encodes common knowledge and is
fine-tuned for better instruction following and output format.
The dual-process decision-making module takes scene descrip-
tions as input and generates reasoning steps and meta-actions,
trained with experience from the analytic process. The scene
token module processes the current image and ego state to pro-
duce a RAG key for accurate memory retrieval. Each module

is trained independently on datasets described in Section IV.
Our current prototype already shows commonsense reasoning
in handling corner cases. To further improve, we add a plugin
memory bank that stores past experiences, enabling few-shot
learning for the heuristic process.

2) Loss Function: The Scene Understanding module
employs cross-entropy loss [17], [48] for fine-tuning both
Qwen-VL and LLaVA-1.5. For InternVL-2, we adopt a mul-
ticomponent loss function comprising image–text contrastive
(ITC) loss, image–text matching (ITM) loss, and image-
grounded text generation (ITG) loss, following the BLIP-2
framework [14]. The heuristic process utilizes cross-entropy
loss to optimize Qwen-1.5. And the training objective for the
scene token module is formally defined in Section III-D3.

B. Low-Level Control
Our dual-process decision-making module outputs meta-

actions (e.g., “AC,” “DC,” “LCL,” “LCR,” “IDLE,” and
“STOP”), which serve as inputs for trajectory generation.
A proportional-integral-derivative controller (PID) controller
then tracks these trajectories to compute the final control
signals, such as steering, throttle, and brake.

1) Planned Waypoints: To improve route tracking, we
addressed the large gaps (up to tens of meters) between default
CARLA waypoints. Using HD maps, we converted sparse
waypoints into dense path points at 1-m intervals, forming an
accurate reference path. When needed, we also added adjacent
lane information to support maneuvers such as overtaking
and obstacle avoidance. This refinement allows temporary
deviation from navigation waypoints and greatly enhances the
flexibility and execution of the control system.

Combining detailed lane data, our controller uses a planner
provided by LimSim [26] to generate trajectories for the next
5 s, ensuring that the vehicle travels on the desired path. The
actions “AC” and “DC” determine the target state by calcu-
lating the target acceleration from the current acceleration,
establishing the speed and position 5 s ahead. The actions
“LCL” and “LCR” use a spatiotemporal sampling strategy to
sample target positions within the target lane and the speed
range to determine the target state. These target states are
inputted into the trajectory optimizer in Frenét coordinate
[55], generating quintic polynomial trajectories. As a result,
the trajectory is optimized and selected based on cost factors
such as smoothness, speed matching, acceleration, jerk, and
obstacle avoidance, resulting in the optimal trajectory.

Our approach can utilize alternative methods rather than
relying on high-definition maps. Techniques like those in
DriveCot [56] and TransFuser [42] leverage distinct neural
networks to predict future paths from camera images and
sparse navigation data, seamlessly aligning with controller
design while preserving our core methodology.

2) PID Controller: The controller selects trajectory points
with target speeds and waypoints from the LimSim planner
based on the vehicle’s current speed: at low speeds, it chooses
farther points, while at high speeds, it selects closer ones for
stable tracking.

For motion control, we use two independent PID controllers
[42], [56]: a longitudinal controller for throttle/brake and a
lateral controller for steering. The longitudinal PID (KP =

1.95,KI = 0.05, and KD = 0.2) tracks target speed with a
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Fig. 7. System prompt for analytic process.

Fig. 8. System prompt in the reflection mechanism.

Fig. 9. VLM system prompt.

10-frame buffer, while the lateral PID (KP = 1.0,KI = 0.05,
and KD = 0.0) computes steering from the heading angle
difference to the next waypoint, also with a 10-frame buffer.

C. Distance and Speed Prediction
To evaluate distance and velocity estimation, we use

ground-truth annotations from 5000 Carla simulation frames.
VLM-generated object descriptions are aligned with ground-
truth via bounding box intersection over union (IoU) (≥ 0.6).
For valid matches, we report mean absolute error (MAE),
root mean squared error (RMSE), and relative error (RE) with
respect to the ground-truth mean values. As shown in Table X,
while Qwen-VL-7B and InternVL2-8B achieve similar per-

Fig. 10. Retrieved samples in the CARLA closed-loop experiment.

Fig. 11. Retrieved samples in the DriveArena closed-loop experiment.

formance, both underperform compared with the task-specific
baseline (Depth-Anything-V2). Note that the velocity of
Depth-Anything-V2 [57] is derived from multiframe distance
differences, providing a reference for task-specific speed esti-
mation and highlighting the potential of augmenting VLMs
with dedicated estimation modules.

D. Prompt Details
1) Prompt for Analytic Process: We detail the system

prompt (see Fig. 7) used by analytic process to accumulate
experience in a closed-loop environment. The prompt has four
parts: task definition, meta-actions, traffic rules, and output
format. Task definition specifies input–output requirements,
while enumerated actions allow easy extraction from the
agent’s output. Traffic rules are included to assess driving
compliance. The structured output requires both a decision
and its reasoning, ensuring explainability and guiding heuristic
process.

2) Prompt for Reflection: The reflection prompt (see Fig. 8)
builds upon the system prompt while introducing error-
detection criteria for historical frames. Unlike the analytic
process prompt, this version modifies the task definition to
instruct the agent to identify frames containing potential
errors, analyze the associated scene descriptions and previous
decisions, and output corrected reasoning and decisions.

3) Prompt for Scene Understanding: We describe the VLM
prompts (see Fig. 9) for identifying critical objects in traffic
scenes. These prompts combine image tokens with frame
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Fig. 12. Case of “LCL.”

Fig. 13. Example case in rainy weather.

Fig. 14. Example case at night.

frequency for temporal context and instruct the VLM to
capture each object’s location, motion, bounding box, and
distance from the ego vehicle. The bounding box is essential
as it uniquely links visual and textual representations.

E. Visualization Cases
1) Case of Scene Token: In our closed-loop experiments,

we examined cases of samples retrieved from the mem-
ory bank using scene tokens. Fig. 10 shows Town05 short
benchmark examples, where retrieved samples share similar
scenarios and traffic conditions, with ego states closely match-
ing the query. Fig. 11 presents DriveArena cases, showing
clear query–sample correlations: case 1 (traffic lights), case 2
(intersections), and case 3 (oncoming traffic). However, due
to the larger data gap in DriveArena, retrieval quality is lower
than in Fig. 10.

2) Close-Loop Case in CARLA: Fig. 12 illustrates a closed-
loop case in CARLA, where the ego car navigates through a
city with heavy traffic. The navigation system advises the car

Fig. 15. Case study for reflection mechanism.

to switch to the left lane. As depicted in VLM, the majority
of the vehicles are at a safe distance from the ego car. The
closest cyclist is traveling in the opposite direction on the left,
but heuristic process assesses that changing lanes presents no
risk and makes the decision to “LCL.”

3) Cases Under Different Weather Conditions: To test
VLM reliability under different conditions, we visualize its
outputs in rainy and night scenarios (see Figs. 13 and 14).
The VLM accurately describes key objects in the rain, e.g.,
assigning 0 m/s to both a parked car and a braking car. At
night, however, it sometimes hallucinates, misidentifying light
sources as vehicles.

4) Cases of Reflection Mechanism: As described in
Section III-E, analytic process reflects on accidents to improve
the system. We set the decision buffer Q to m = 10 at 1 Hz.
In the case shown in Fig. 15, when heuristic process collided
with a cyclist at step 9, we fed the accident type O, buffer Q,
and reflection prompt (see Fig. 8) into analytic process. The
output indicated the car should have chosen “DC” at step 2
instead of “IDLE” to avoid the collision.
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