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Autonomous driving, despite significant progress, is still not widely applied in
open, unconstrained environments, primarily owing to deficiencies in hazard
perception, few-shot generalization, corner case generalization, and evalua-
tion metrics, resulting in reliability concerns. To address these challenges, we
propose CogniDrive, a framework based on dual-process and deliberate
practice theories, leveraging contextual reasoning of the Large Language
Model (LLM) to enhance driving systems robustness and generalization.
Inspired by dual-process theory, CogniDrive comprises two cognition modes:
InstinctNav for rapid, intuitive decision-making and ReflectPlan for reflective
reasoning. Enhanced by a thought model and experience embedding for LLM,
InstinctNav combines behavioral cloning and retrieval augmented generation
to enhance few-shot learning efficiency based on deliberate practice theory.
ReflectPlan processes and internalizes reward signals embedded in language
tokens within the prompt, derived from a self-reflection mechanism, to enable
continuous improvement and generalization. To detect hazards in corner
cases precluded by limited training data distribution, a vision language model
is integrated for comprehensive environmental understanding through mul-
timodal self-reflection. We further propose an evaluation framework that
complements traditional metrics by emphasizing safety, comfort, and energy
efficiency, and demonstrate state-of-the-art performance through extensive
open-loop and closed-loop experiments.

Autonomous driving (AD) is a pivotal advancement in the evolution of
transportation, potentially increasing safety, efficiency, and con-
venience. Current AD approaches include modular and end-to-end
methods*, focusing primarily on mapping visual features to control
signals’. Despite their efficiency in controlled settings, these methods
fail to generalize to open-world scenarios because of their inability to
handle long-tailed distribution outside the training data®’. Unlike
humans, who can adapt to new and unseen situations, these systems
lack the requisite generalizability and flexibility. This discrepancy
underscores the critical need for a new paradigm that more closely

mimics the human capacity for reasoning, adjusting the level of effort
in reasoning based on the complexity of the task, thereby enhancing
the adaptability of AD systems to dynamic situations'.

Recent studies™" revealed that Large Language Models (LLMs)
exhibit cognitive abilities previously considered unique to humans.
Studies™* incorporating LLMs, such as GPT-4" into AD systems have
shown that LLMs can integrate human-like common sense and rea-
soning into trajectory planning. This allows LLMs to comprehend
driving tasks and effectively reason in dynamic environments, thereby
enhancing the robustness of autonomous vehicles'*".
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However, these methodologies remain confined to specific urban
settings or simpler contexts such as highways. This constraint is pri-
marily owing to the challenges raised by the following four ineffi-
ciencies inherent in current research paradigms.

Challenge 1: Inefficiency in corner cases generalization. Exist-
ing LLM-based methods primarily map queries to responses without
human cognition or reflection, which limits their adaptability and
generalization to corner cases where continuous adaptation is
essential.

Drawing on dual-process theory'®, we developed the CogniDrive
framework. This theory differentiates between two modes of cogni-
tion: System 1, fast and intuitive, is ideal for immediate responses, and
System 2, which is methodical, is better suited for intricate tasks. We
proposed InstinctNav, which leverages LLM as a trajectory planner,
effectively mitigating data distribution constraints that limit tradi-
tional approaches. Since both existing studies and InstinctNav fall into
System 1, they may frequently encounter challenges in long-tail sce-
narios. For example, a human driver might slow down upon seeing a
ball roll onto the street, anticipating a child might follow, a nuance
often missed by existing AD™. In these situations, the thorough analysis
provided by System 2 has emerged as a key factor.

Thus, we introduce ReflectPlan for System 2 to critically evaluate
the initial planning provided by InstinctNav. Specifically, we extend the
Actor-Critic (AC) framework" by advancing it to the prompt level,
where the Actor (InstinctNav) generates actions, and the Critic
(ReflectPlan) evaluates and refines the former. In this setup, the LLM
within ReflectPlan functions as the Critic, processing and internalizing
reward signals generated by its self-reflection mechanism?*?, which is
embedded in language tokens as part of the prompt. The introduction
of ReflectPlan improves InstinctNav’s initial planning and enhances its
generalization ability. Furthermore, CogniDrive utilizes multimodal
data sources to dynamically toggle between InstinctNav and Reflect-
Plan. This toggling mechanism optimizes responses by adapting cog-
nition modes based on task difficulty, thereby promoting the
coexistence and synergistic operation of both modes, which enhances
CogniDrive’s efficiency and generalization to corner cases.

Challenge 2: Inefficiency in few-shot generalization. Deliberate
practice theory” suggests that humans can rapidly master skills
through minimal exposure based on organized reasoning patterns and
experiences. Conversely, current methods rely heavily on vast
amounts of training data and are constrained by the data
distribution®*,

Building on the above theory, we improved InstinctNav through
fine-tuning using an exquisite thought model, whereby text instruc-
tions guide the LLM'’s reasoning process® 2%, and accumulated driving
experiences. We employed behavioral cloning (BC)* to explicitly
construct a thought model for trajectory planning, enabling Instinct-
Nav to emulate human-like reasoning through our innovative two-
stage fine-tuning. Additionally, we integrated driving experience into
InstinctNav with retrieval augmented generation (RAG)*® to bolster
LLM'’s responses by dynamically retrieving and incorporating relevant
experiences, thereby enhancing context awareness and overall
response quality.

Challenge 3: Inefficiency in hazard perception. The perception
module within CogniDrive, derived from conventional approaches
with limited training data distribution, cannot fully bridge the per-
ceptual gap to the oracle agent™. For instance, both traditional and
LLM-based methods might fail to correctly recognize a tipping truck,
leading to significant data omissions that compromise perception
accuracy’. Currently, the perception modules in LLM-based methods
are still derived from traditional approaches®®. To address this, we
integrated a vision-language model (VLM)**?* as an Evaluator to
identify critical environmental elements, with a particular focus on
detecting hazards in corner cases. Leveraging its built-in LLM, the VLM-
based Evaluator extends beyond perception to reasoning, enabling it

to infer scene conditions (e.g., slippery roads due to rain), compensate
for perceptual omissions (e.g., a truck overturned on the side). Feed-
back from both the Critic and Evaluator informs the multimodal
reward value for InstinctNav, facilitating effective self-adjustment
upon the initial planning.

Challenge 4: Inefficiency in the comprehensive evaluation.
Conventional metrics such as L2 error and collision rate fail to capture
the full spectrum of intelligent driving demands, focusing primarily on
safety and precision while neglecting aspects of passenger comfort
and energy efficiency®*. As autonomous vehicles become more
integral to daily transportation, the criteria for successful navigation
evolve to include these broader considerations. Personalized metrics
that assess comfort and energy efficiency are crucial, as they reflect a
vehicle’s overall performance, enhancing passenger satisfaction and
promoting sustainable practices®**. To this end, within the CogniDrive
framework, we calculate both jerk and energy from the Bézier curves®
of the planned trajectories to assess comfort and energy efficiency.

In response to the outlined challenges in AD, we have developed
the CogniDrive framework rooted in dual-process theory, which har-
moniously integrates the proposed innovative InstinctNav and
ReflectPlan. InstinctNav, drawing on deliberate practice theory, swiftly
endows the LLM with autonomous navigation capabilities, refining
trajectory planning by synthesizing reasoning patterns and accumu-
lated experiences. ReflectPlan enhances this by enabling self-
assessment and iterative refinement, thereby ensuring a seamless
transition between intuitive and analytical thinking. The integration of
VLM significantly enhances hazard perception, which in turn boosts
data reliability and augments reasoning refinement. Additionally, we
propose a comprehensive evaluation system that extends beyond
traditional safety measures to include passenger comfort and energy
efficiency, thus meeting the expansive, real-world demands of AD
systems. Rigorous experiments on the nuScenes*’, Waymo Open
Motion (Waymo)*, and CODA** datasets under open-loop settings,
together with closed-loop tests in the CARLA* simulator, confirm the
superior performance of the proposed methods in both routine and
complex scenarios. These results demonstrate the robustness and
adaptability of our dual-process approach in advancing autonomous
vehicle navigation.

Results

CogniDrive was evaluated under both open-loop and closed-loop
settings. In the open-loop evaluation, large-scale real-world autono-
mous driving datasets, including nuScenes and Waymo, were used to
assess planning quality. Compared with previous state-of-the-art
(SOTA) methods, CogniDrive demonstrates consistent improve-
ments across multiple metrics. Specifically, the collision rate achieves
relative improvements of 21.43% and 13.33%, respectively, while tra-
jectory jerk is reduced by absolute margins of 5.75% and 4.99%, indi-
cating safer and smoother driving behaviors. In addition, energy-
related consumption shows absolute reductions of 2824.8] and
2943.27). These results establish new SOTA performance on the eval-
uated open-loop benchmarks. To further evaluate robustness under
interactive environment feedback, closed-loop experiments were
conducted in the CARLA simulator, where CogniDrive achieves a
relative improvement of 10.54% in route completion success rate
compared with previous methods. Ablation studies are also conducted
to verify the effectiveness of the individual components within the
CogniDrive framework.

To ensure model fairness, we adopted Qwen2.5-1.5B-Instruct** as
the unified backbone across all LLM-based methods. Each baseline was
re-trained from this checkpoint with the same data budget and hard-
ware, using its original training protocol (optimization schedule, loss
functions, prompts) and inference configuration to preserve behavior
specific to each method. To ensure dataset fairness, we employ a
unified split strategy in which train, validation, and test sets are strictly
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Table 1| Safety, comfort, and energy efficiency metrics in common scenarios

Dataset Method Collision rate (%) ¥ Jerk (%) ¥ Energy (J) ¥
1s 2s 3s Avg

nuScenes ST-P3* 0.23 0.62 1.27 0.7 8.24 15480.86
UniAD® 0.06 0.12 0.52 0.23 7.32 9312.12
VAD® 0.07 0.10 0.24 0.14 7.76 10472.43
DriveVLM™ 0.04 0.07 0.54 0.22 8.62 10341.85
DiMA’® 0.05 0.08 0.39 0.17 10.13 11897.32
GPT-Driver™ 0.04 0.12 0.34 017 8.88 12002.35
Agent-Driver' 0.07 0.10 0.63 0.26 8.37 10389.30
Ours 0.03 0.07 0.23 on 1.57 6487.32
Human™ — — — — 6.86 9648.98

Waymo MT*8 0.17 0.49 0.95 0.54 6.47 9372.57
OpenEMMA*° 0.04 0.14 0.29 0.15 6.78 10295.72
GPT-Driver® 0.09 0.7 0.32 0.19 9.40 1179212
Ours 0.06 o.n 0.22 0.13 1.48 6429.30
Human®' — — — — 5.89 8429.59

The best-performing results are highlighted in bold. The symbol ¥ indicates that lower values of the metric correspond to better performance of the method. The same notation is used for all tables.

separated without overlap, and evaluation is conducted exclusively on
the test set.

Regarding evaluation metrics, we align their selection with the
experimental objectives. Specifically, L2 error is reported when eval-
uating CogniDrive’s learning ability, while in other cases a compre-
hensive evaluation system (or its relevant subsets) is employed,
complemented by task-specific metrics where appropriate. In addi-
tion, baseline selection is determined by the experimental setting and
objective, ensuring that each evaluation is aligned with the aspect of
CogniDrive’s capability under investigation. The detailed reasons for
the above choices can be found in the Supplementary Informa-
tion, Note 5.

Efficiency in open-world generalization

One of the advantages of the proposed CogniDrive based on dual-
process theory is that different reasoning modes can be adopted
flexibly depending on the complexity of the task. To verify the validity
of the proposed framework, we classified the nuScenes samples D into
common scenarios Dg = {(i;, x,) € D|i, ¢ [} that require only simple
numerical  prediction  capabilities, and  corner  cases
D.={(i,, x;) € D | i, € I} that require sophisticated reasoning capabilities,
according to the index / in CODA. The x; denotes a query pertaining to
the current driving scenario. The i, is the index of the sample in D
and CODA.

Comparison in common scenarios. Most AD methods primarily focus
on common scenarios that do not require complex reasoning cap-
abilities. We verified the performance of the proposed method on D,
and compared it with the baselines. Table 1 (nuScenes) shows that our
method outperforms all baselines in terms of safety. The proposed
method achieved a 21.42% lower average collision rate than the
second-best method. The results confirmed CogniDrive’s ability to
handle general driving tasks aimed at safety using preset prompts.
Table 1 (nuScenes) shows that the proposed method (Jerk=1.57%,
Energy = 6487.32)) outperforms the human driver (Jerk=6.86%,
Energy = 9648.98)) and baselines. This suggests that, when presented
with related experience prompts, the proposed method surpasses
baselines in comprehending personalized measures beyond merely
aligning with the oracle agent.

Comparison in corner cases. Corner cases are difficult to address
using conventional methods because of a lack of cognition and

Table 2 | Collision performance in corner cases

Method Collision rate (%)

1s 2s 3s Avg
ST-P3* 6.67 7.50 12.50 8.89
UniAD® 4.7 6.67 10.00 6.95
VAD® 2.50 5.01 9.17 5.56
DriveVLM"™® 1.03 2.72 5.83 3.19
DiMA’® 0.95 2.36 5.09 213
GPT-Driver® 5.83 7.50 1.67 7.94
Agent-Driver®® 1.67 417 7.50 4.45
Ours 0.91 1.82 3.43 2.05

The best-performing results are highlighted in bold.

reflection regarding the environment® . As shown in Table 2, the
proposed method is far superior to the baselines, achieving the lowest
collision rate of 2.05%. This demonstrates the effectiveness of the
proposed approach for managing complex scenarios. The primary
reasons for this improvement are twofold: the method leverages LLM
as a Critic to enhance planning through reflection reward value, and it
utilizes VLM to address perception omissions.

CogniDrive outperforms existing LLM-based methods in handling
corner cases. The latter, despite their reasoning capabilities, struggle
with complex scenarios when limited to text-based environmental
descriptions. In contrast, our method excels by leveraging the
unstructured scenario understanding of VLM, thereby effectively
addressing unpredictable, long-tailed scenarios such as trucks tipping
over. Additionally, our method’s superior performance compared to
Agent-Driver likely stems from the effectiveness of the textual rewards
in guiding the LLM rather than structured information supplementa-
tion in Agent-Driver.

Generalization in open-loop testing. Experiments on the nuScenes
and CODA datasets demonstrate the effectiveness of our approach
under diverse urban driving conditions. To further demonstrate gen-
eralization, we evaluate our method on the Waymo dataset. For the
Waymo evaluation, we applied both Motion Transformer (MT)*® and
OpenEMMA®*, and additionally included GPT-Driver, which is robust to
sensor adaptation. Other approaches under nuScenes were excluded
from this dataset due to sensor adaptation issues.
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As shown in Table 1 (Waymo), our method consistently outper-
forms existing baselines, achieving both the lowest Collision rate
(0.13%) and the lowest Jerk (1.48%). Notably, our total Energy
(6429.30)) is significantly lower than all compared methods, high-
lighting superior efficiency. These results demonstrate that our fra-
mework not only generalizes well across datasets but also delivers
robust performance.

Comparison in closed-loop testing. The experiments on the nuS-
cenes, Waymo, and CODA datasets provide valuable insights into
model capabilities in controlled and repeatable settings. However,
such open-loop evaluations cannot capture error accumulation or
dynamic interactions with the environment. To address these limita-
tions, we conducted closed-loop testing in CARLA*, placing the model
in a real-time feedback loop to enable a more realistic assessment of

Table 3 | Performance in closed-loop testing on CARLA

Method Succ. (%) Jerk (%) ¥ Energy (J) ¥
SA-TD3 9.42 16.32 13256.12
MMI-DQN** 8.18 14.27 11392.40
UniAD® 18.29 11.55 10210.32
VAD® 17.34 1.24 9455.71
DriveVLM™ 20.90 9.70 9725.80
DriverGPT4-V2"* 24.76 1.37 10692.32
GPT-Driver® 18.01 14.80 11195.34
Agent-Driver' 21.16 1218 10080.28
Ours 27.37 8.20 8173.62

Succ. indicates the completion success rate of pre-defined routes in CARLA. The best-
performing results are highlighted in bold. The symbol { indicates that lower values correspond
to better performance. The symbol 1 indicates that higher values correspond to better
performance.

rActor in InstinctNav

## Situation Awareness
- Notable Objects from Perception: car at (-4.78,0.58)
Potential Effects from Prediction: moving to (-4.68,-3.79) at 3 seconds, within the
safe zone of the ego-vehicle at 3 seconds.
## Behavior Decison-making
MOVE FORWARD WITH AN ACCELERATION
## Trajectory Planning
[(0.09,1.69),(0.24,3.65),(0.44,6.46),(0.75,10.78),(1.09,16.28),(1.52,26.00)]

Critic in ReflectPlan

None.

Evaluator in ReflectPlan

None.

Replan

None.

stability, safety, and adaptability. We compare our approach against
two Reinforcement Learning (RL)*° methods (SA-TD3” and MMI-
DQN*), two mainstream end-to-end pipelines (UniAD and VAD), and
three representative LLM/VLM-based approaches (GPT-Driver, Agent-
Driver, DriveVLM, and DriverGPT4-V2).

As shown in Table 3, our method achieves the highest success rate
(27.37%), the lowest Jerk (8.20%), and the lowest Energy (8173.62)),
consistently outperforming all baselines across safety, comfort, and
efficiency. The CARLA experiments cover diverse settings, including
variations in geography, weather, and illumination, with full config-
uration details given in Supplementary Information, Note 1.

Interpretability. CogniDrive differs from conventional methods®® by
relying on black-box artificial neural networks™ to map visual features
to signals. The inference of the proposed method is a sequence-to-
sequence (seq2seq) task®* realized by chain-of-thought (CoT)* that
allows the LLM to generate trajectory planning in textual form, token-
by-token, which makes the proposed method interpretable. Fig. 1
presents the output of the proposed approach, showing the trajectory
planning, reflection, and re-planning, all visualized in textual form.

Reasoning mode switching. The frequency of ReflectPlan activation
differs markedly across scenarios, occurring in 5.32% of common
scenarios but rising to 36.42% in corner cases. This substantial dis-
parity indicates that the mechanism is selectively triggered in complex
environments that demand enhanced reasoning. These results further
demonstrate the effectiveness of the Evaluator in enabling adaptive
and strategic mode switching within the CogniDrive framework.

Efficiency in few-shot generalization

We embedded the cognitive principles of deliberate practice theory
into our AD system through a two-stage fine-tuning process combined
with experience accumulation and retrieval mechanisms. To verify its

Actor in InstinctNav

## Situation Awareness

- Notable Objects from Perception: None

- Potential Effects from Prediction: None

## Behavior Decison-making

MOVE FORWARD WITH A CONSTANT SPEED

## Trajectory Planning

[(0.05, 3.19), (0.07, 6.51), (0.09, 10.0), (0.8, 12.5), (0.7, 17.01), (0.8, 20.89)]

Critic in ReflectPlan

Trajectory planning maintains smooth operation, but the current acceleration may not
be enough to meet the requirements of constant speed.

Evaluator in ReflectPlan

## Evaluation:

- There are construction materials on the right. Please leave plenty of driving space
on the right.
## Object:

- Wheelchair user and construction materials detected; please maintain a left offset.
Please change lane to left .

Replan

## Trajectory Re-planning
[(-0.02,4.43), (-0.13,8.87), (-0.41,13.32), (-0.85,17.75), (-1.41,22.17), (-2.07,26.64)]

Fig. 1| Instance of a corner case from CODA and the corresponding reasoning process and planning results. Left Instance of a common scenario and the
corresponding reasoning process. Right Instance of a corner case from CODA accompanied by corresponding reasoning processes.

Nature Communications | (2026)17:5592


www.nature.com/naturecommunications

Article

https://doi.org/10.1038/s41467-026-72030-6

Table 4 | Ablation studies on efficiency and robustness

(a) Two-stage fine-tuning.

Method L2 (m) ¥

1s 2s 3s Avg
ST-P3* 114 1.46 2.59 1.73
UniAD® 0.17 0.34 0.64 0.38
VAD® 0.15 0.31 0.60 0.35
DriveVLM™ 0.16 0.37 0.68 0.40
GPT-Driver® 0.16 0.36 0.66 0.39
Agent-Driver™ 0.19 0.32 0.70 0.40
CogniDrive w/o 1.89 217 4.50 2.86
+FL 0.15 0.36 0.61 0.37
+FL&VL 0.13 0.27 0.56 0.32
(b) Experience accumulation.
Setting Collision (%) Jerk (%) Energy (J)
Zero-shot w/o 1.07 11.32 13220.01
Fine-tuning w/o 0.3 3.78 8132.73
| on 1.57 6432.77
I on 1.82 6838.19
1] 0.16 5.47 7832.01
I\ 0.22 5.17 9518.47
\Y 0.20 6.32 9996.82
(c) Perception module and VLM understanding.
Perception Module VLM Avg Avg L2 (m)

Col (%)

Detection Prediction
UniAD UniAD x 0.14 0.33
VAD VAD X 0.15 0.31
UniAD UniAD ? o.n 0.32

(a) Effectiveness of the proposed two-stage fine-tuning strategy. The notation w/o indicates
settings without fine-tuning. (b) Effect of experience on Collision (%), Jerk (%), and Energy (J)
scores in common scenarios. The notation w/o indicates settings without experience, whereas
I-V denotes the number of experiences in the process of RAG. (c) Effect of the environment
perception module. Avg Col denotes average collision rate, and Avg L2 denotes the average L2
trajectory error. The same notation applies to all panels. The best-performing results are high-
lighted in bold. The symbol { indicates that lower values correspond to better performance.

effectiveness, ablation experiments were conducted on various com-
ponents of deliberate practice theory.

Two-stage fine-tuning. Fine-tuning is a crucial component of delib-
erate practice theory. We achieve this through two stages: format
learning (FL) and value learning (VL). The L2 errors between the
planned trajectories of all planning methods and ground truth are
listed in Table 4a. The results show that the proposed method with FL
approaches an average L2 error of 0.37. In contrast, our method, after
two-stage fine-tuning, achieves state-of-the-art (SOTA) performance
with a 0.32 L2 error. Table 4a confirms the effectiveness of the two-
stage fine-tuning with FL + VL, which validates the effectiveness of the
proposed approach in mimicking the process of human learning in
deliberate practice theory.

Experience base. Experience accumulation is another crucial com-
ponent of deliberate practice theory. To distinguish between the
experience and improvement for corner cases using ReflectPlan, we
performed ablation experiments on common scenarios. The results in
Table 4b show that our method achieves the lowest average collision
rate of 0.11% when searching for one experiences in a experience base,
demonstrating its effectiveness. However, contrary to our initial
expectation that more experience would enhance performance, the
results indicate the opposite. Inspired by ref. 55, we observed that

PPL

z F. | I 1 W, v

Fig. 2 | Box plots of pperplexity scores under different experience settings. PPL
denotes perplexity. Lower PPL reflects reduced uncertainty in LLM generation as
more experience is incorporated. Z. and F. denote the Zero-shot w/o and Fine-
tuning w/o settings, respectively. In the box plots, the center line represents the
median, the box indicates the interquartile range, the whiskers extend to 1.5 x the
interquartile range, and individual points correspond to outliers. Source data are
provided as a Source Data file.

increasing the number of low-relevance experiences raised the Per-
plexity (PPL) score of LLM. PPL = exp(—%z,ll log p(x;))* is a measure
of model uncertainty. This is evidenced by the results presented in
Fig. 2, which show that as irrelevant experiences increase, the uncer-
tainty in LLM increases, adversely affecting its reasoning accuracy. This
is because the model relies on extracting relevant features and pat-
terns from extensive data. When inundated with irrelevant informa-
tion, the attention mechanism of the model is disrupted, leading to
higher uncertainty and decreased prediction accuracy.

Few-shot generalization. Humans possess the remarkable ability to
master complex tasks with minimal exposure, a capability known as
few-shot generalization”. To assess this ability of LLM within the
CogniDrive framework, we conducted targeted experiments. Tradi-
tional methods FF? and EO® were included as baselines to highlight the
proposed method’s superior performance in few-shot setting. For
comparison, we adopted ST-P3 with 100% of the training samples as
the baseline. Figure 3a, b illustrate the few-shot generalization per-
formance in terms of average collision rate and L2 error, respectively,
demonstrating the effectiveness of the proposed method in few-shot
generalization.

As shown in Fig. 3a, CogniDrive surpassed the baseline in average
collision rate when using only 10% of the training data. Furthermore,
Fig. 3b shows that CogniDrive outperforms the baseline with just 5% of
the training samples. Figure 3c indicates that with minimal adjust-
ments to the training data, CogniDrive can rapidly learn control
command formats for machinery. Overall, these findings confirm the
effectiveness of the proposed method in achieving excellent perfor-
mance in few-shot generalization, thereby improving learning
efficiency.

Efficiency in environment and hazard perception

For perception ablation, we selected UniAD and VAD as they are widely
adopted and have demonstrated stable performance. Table 4c pre-
sents the results of our ablation experiment on environment percep-
tion. These results demonstrate the effectiveness of the perception
module and VLM in our method. First, we integrated the traditional
perception module from UniAD to construct LLM’s queries, sig-
nificantly enhancing our approach. Additionally, as shown in Table 4c
our method outperforms conventional methodologies, primarily due
to the superior sensing and reasoning capabilities of VLM. This
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a Collision rate b L2 error c Invalid outputs
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Percentage of training samples (%)

Fig. 3 | Few-shot generalization performance of the proposed method. a Few-
shot generalization performance comparison on the Avg Col (%). Avg Col denotes
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of misformatted results as training samples increase. Source data are provided as a
Source Data file.

demonstrates the effectiveness of our approach in enhancing the
perception capabilities of AD systems.

Discussion

Overall, our approach exhibits excellent performance in both common
scenarios, where previous approaches excel, and in complex scenarios,
where previous approaches encounter challenges. In addition, the
black-box nature of the LLM makes this approach extendable to other
LLMs, such as Llama-3*%, Claude-3*°, GPT-40%°, and OpenAl ol-
preview®. This suggests that the current results have not reached
the full potential of the proposed method and that the proposed
approach will continue to offer opportunities for optimization as LLM
develops.

The results presented in Tables 1-4 and Figs. 2-3 provide quan-
tifiable indicators of performance. However, these results do not fully
capture the advantages of the proposed approach. Drawing on dual-
process theory, our method effectively handles long-tail scenarios by
leveraging the common sense and reasoning abilities of LLM, addres-
sing perceptual omissions using VLM. These capabilities allow our
approach to mimic the perception, cognition, reasoning, and decision
cycles of human drivers, underscoring the method’s suitability for
open-world environments where human-like understanding and rea-
soning are critical. This process is illustrated in Fig. 1. Compared with
purely VLM-based approaches, integrating LLM reasoning with VLM-
based reflection enables structured multi-step decision reasoning
while avoiding repeated heavy visual inference, thereby improving
both reasoning flexibility and overall computational efficiency.

A practical limitation of our framework is real-time performance:
the proposed framework relies on a large LLM (= 0.5B parameters®?),
resulting in non-negligible forward-pass latency during decision mak-
ing. To meet real-time requirements, we systematically investigate
acceleration techniques, such as pruning and quantization. A more
detailed discussion of these considerations is provided in Supple-
mentary Information, Note 2. In addition, LLM may also inherit pre-
training biases, potentially resulting in unfair risk allocation in AD,
which we do not explicitly address. More broadly, LLM-based
approaches for safety-critical decision-making remain an emerging
research direction, and their interpretability, safety guarantees, and
real-world effectiveness have not yet reached full consensus. While our
framework demonstrates encouraging results in both open-loop
datasets and closed-loop simulation, further validation in real-world
driving environments will be necessary to fully assess its deployment
potential. As future work, we will encode fairness and ethical rules as
first-order logic under explicit legal frameworks to bound inference
and enable auditability, and we will evaluate their implications for
fairness, interpretability, and accountability. An extended discussion
of these considerations is provided in Supplementary Informa-
tion, Note 3.

In summary, the development of the CogniDrive framework
represents a significant advancement in AD technology, incorporating
human-like adaptability and sophisticated decision-making. By lever-
aging a dual-system approach, the LLM in CogniDrive enhances the
ability of autonomous vehicles to generalize and navigate in open-
world environments. Our approach uses two-stage fine-tuning to
construct a thought model and incorporates experience accumulation
to greatly enhance its learning efficiency by encoding deliberate
practice theory. Additionally, the integration of the VLM expands
CogniDrive’s perception capabilities, providing more reliable envir-
onmental insights. VLM’s reasoning ability further contributes to tra-
jectory planning by generating reward signals in text-based
environmental representations that the LLM can interpret. To meet the
broader, real-world demands of AD systems, we propose a compre-
hensive evaluation system extending beyond traditional safety mea-
sures to include passenger comfort and energy efficiency. All data and
code related to our method are available in the Fine-tuning details
section. The progress of our approach is expected to encourage
domain experts to explore new directions in advancing the field.

Methods

General schema and task design

Conventional methods formulate the AD task by generating the cor-
responding driving action A based on scene information S encom-
passing ego, observed state, and other information, such as historical
trajectory H. These actions serve as intermediate features to formulate
an N-waypoint trajectory 7 ={(u,, v,)}.; € RV*2, where N represents
the total number of planned time steps.

CogniDrive framework is based on LLM to realize dual-process
and deliberate practice theories, as shown in Fig. 4a. To leverage the
human-like reasoning abilities of LLMs, we redefined the trajectory-
planning task as a seq2seq task, as shown in Fig. 4b. In this setup, the
states S and histories H serve as inputs, and the LLM generates vehicle
control trajectories based on the instruction £,. CogniDrive operates
in two cognition modes.

InstinctNav: in the fast and intuitive planning mode, CogniDrive
instructs the LLM, with the instruction £, to sequentially infer tokens
of objects O, behaviors A (e.g., slowing down, turning left), and tra-
jectories 7 through CoT. This is achieved by mapping the con-
catenated query prompt {L,, S, H} to the response {O, A, T}, utilizing
the accumulated experience base M, as detailed in Eq. (1).

ReflectPlan: in the slow but analytical planning mode, CogniDrive
instructs the LLM through instruction £, to sequentially infer reflec-
tions R to obtain an improved trajectory 7* using a CoT reasoning
process. This process involves assessing the need for reflective analy-
sis, where reflections R are generated through a self-reflection
mechanism to optimize {0, 4,7}, as shown in Eq. (2). During the
training stage, these reflections are further accumulated into the

Nature Communications | (2026)17:5592


www.nature.com/naturecommunications

Article

https://doi.org/10.1038/s41467-026-72030-6

a__ InstinctNav Deliberate
Prompt Practice Theory Response Constraints
Prediction |Encode Environment Awareness
Module I:' I:I i i
= Query _Plan {k @Pedes’man
Prediction Tokens e | 7 ~<
O—E
i Behavior Decision
Detection |Encode Q
Module [~ I:’ I:I - e Fod P T Left
. RAG
Perception Tokens - Trajectory Planning  |Optimize
1 =1 =
1 - M T = X V.. '
1 4 | S
1 t 1 1 Curvature
: :Vismn Reward 1 1
1 1
1 & 1
M VLM NN, _ _ CoT : Hiii
----- ’g____ Evaluator o,:: D ¢ d
Scenes Integration Verbal Reward : Energy
ReflectPlan CESSSSSSTSSSSSSSSSSSSSSSTUNISSIIINN
Instruction Text - Situation Awareness - Historical Trajectory - Related Experience - Vebal Reward
b x1 x2 [
O O Q ] Swift , System 1: InstinctNav
Mechanism (deliberate practice theory)

MoE Transformer Block

f=-3

Normal

]

if | Verbal System 2: ReflectPlan Vision

Collision g Reward Reward
] Cr — o~

xo xl xr 5;) LLM VLM
Suboptimal Critic Evaluator
Q : current token O : previous token - )

ST -

LLM
Actor

Fig. 4 | CogniDrive is an AD domain-specific reasoning framework built dual-
process theory and deliberate practice theory. a CogniDrive diagram framework.
b A sketch of the seq2seq task in CogniDrive. Each TRM unit functions as a spe-
cialized expert within the MoE’”® Transformer block. These blocks selectively

activate experts per layer to improve computational efficiency and scalability. c The
symbiotic thought switch mechanism between InstinctNav and ReflectPlan. RAG
denotes retrieval-augmented generation and CoT denotes chain-of-thought
reasoning.

experience base M to support future scenarios.

{0, A, T}=LLM(L,, S, H; M) @

(R,O, A, Ty=LLMs(L,, S, H,T; M) 2)

InstinctNav and ReflectPlan represent System 1 and System 2 in
dual-process theory, respectively, as shown in Fig. 4c. CogniDrive
facilitates the symbiosis between two cognition modes through a
dynamic switching mechanism. A more detailed discussion on the
correspondence between the cognitive theory and its computational
implementation is provided in Supplementary, Note 4.

InstinctNav planning mode schema

InstinctNav, as CogniDrive’s System 1, delivers rapid and intuitive
driving decisions by following a fixed, human-inspired reasoning
schema: Situation Awareness - Behavior Decision-making - Trajec-
tory Planning. Inspired by deliberate practice theory, this schema is
encoded into the LLM on a dialogue dataset D, constructed from
expert demonstrations, with the two-stage fine-tuning process illu-
strated in Fig. 5b, c, enabling iterative internalization of reasoning
patterns. Leveraging predefined CoT templates with minimal branch-
ing (Fig. 5a), InstinctNav mirrors System 1 by operating quickly, pat-
tern-driven, and with low cognitive cost. In addition, a lightweight RAG
module selectively retrieves the most relevant experiences from the
experience base M (Fig. 5d) to guide trajectory planning, narrowing
the search space and ensuring immediate safety and comfort without
exhaustive deliberation.

Thought model. We propose a Thought Model that methodically
infers trajectory planning through stages of Situational Awareness,
Behavior Decision-making, and Trajectory Planning. To support this
modeling, we designed a system message £, composed of Role Defi-
nition, Thought Model, and Environment Information, thereby
orchestrating the LLM’s functionality by defining roles, guiding task
execution, and integrating contextual data to enhance decision-
making accuracy and coherence. Role Definition activates the LLM’s
domain knowledge, while Environment Information feeds into LLM’s
reasoning. The details of the Thought Model illustrated in Fig. 5a are
outlined in the subsequent three paragraphs.

« Situation Awareness. Situation Awareness involves identifying
noteworthy objects and analyzing their underlying influences. This
process requires a deep understanding of the current scenario and the
application of common-sense reasoning’. LLM is equipped with
enhanced situational awareness through CoT.

« Behavior Decision-making. This module, guided by Situational
Awareness, fundamentally influences planning. This stage generates
behaviors (such as maintaining a constant speed, accelerating left, or
changing lanes) involved in trajectory planning. Compared with tra-
ditional methods, Behavior Decision-making in LLM restricts the
search space thereby ensuring improved trajectory planning results.

« Trajectory Planning. Trajectory Planning in the language mod-
eling task, guided by Behavior Decision-making, aims to predict N
waypoints that are safe, comfortable, and energy-efficient. This pro-
cess involves the LLM generating text in system message format:
Trajectory: [(0.07, 4.59),..., (1.62, 26.46)]. Trajectory Planning is initi-
ated by analyzing Situational Awareness, followed by reasoning based
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/—i Role Definition

As the brain of an autonomous vehicle, your primary task is to plan a safe 3-second
driving trajectory that avoids collisions, ensures comfort through smooth and gentle
maneuvers, and minimizes energy consumption.

- Coordinates: X-axis is perpendicular, and Y-axis is parallel to the direction you're facing.
You're at point (0,0).

- Objective: Create a 3-second route using 6 waypoints, one every 0.5 seconds.

(—I Environment Information 'r

The input includes data on nearby objects' movements, the vehicle's current state and
control parameters, its recent trajectory, and a mission goal of moving forward.

1. Perception and Prediction:

- adult at (-17.20,4.97), moving to (-17.20,4.97).

- car at (3.53,2.41), moving to (3.55,2.83).

- truck at (4.20,17.28), moving to (4.13,17.33).

,—I Thought Model 1

The task planning component utilizes the LLM's output to model decision-making,
optimizing trajectory planning for safety, comfort, and feasibility in autonomous driving.

1. Situation Awareness: Identify key objects and assess potential impacts based on your
sensory inputs and predictions.

2. Behavior Decision-making: Outline strategic actions derived from your analytical
insights.

3. Trajectory Planning: Construct a 3-second driving trajectory using six waypoints.
Ensure the trajectory maintains minimal variations in acceleration and curvature and entle
maneuvers for comfort and enegy consumption, with non-collision safety as the highest

N 2. Ego-States:

- car at (3.81,9.69), moving to (3.81,9.84).

- Velocity (vx,vy): (0.00,1.63)

- Heading Angular Velocity (v_yaw): (0.00)

- Acceleration (ax,ay): (0.02,-0.16)

- Can Bus: (-0.27,-0.34)

- Heading Speed: (1.64)

- Steering: (-0.12)

3. Historical Trajectory (last 2 seconds): [(0.04,-6.95), (0.02,-5.17), (-0.01,-3.42), (-
0.01,-1.63)]

4. Mission Goal: FORWARD
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Fig. 5| InstinctNav diagram. a The system message in the Actor’s prompt includes
role definition, thought model, and sampled environment information. b The Actor
is fine-tuned in two stages: format learning and value learning. The Actor consists of
a frozen LLM and an adaptable LoRA module, where the LoRA parameters in the
second stage are initialized from those learned in the first stage. ¢ LORA merging
process. The pretrained LLM weights correspond to the linear layers of the model.

d Experience texts derived from historical driving scenarios are embedded into the
prompt. A lightweight language model generates embeddings, and cosine simi-
larity sim( - ) is used for retrieval. x and x, o denote the embedding indices used for
similarity computation. LORA (Low-Rank Adaptation) is a parameter-efficient fine-
tuning method that adapts pre-trained models by introducing trainable low-rank
matrices.

on Behavior Decision-making, leading to a synthesis of this
information.

The modules use CoT for both individual reasoning and mutual
interconnection, with the proposed Thought Model representing an
advanced CoT task composed of a sequence of standard CoT tasks,
forming a layered and meticulous reasoning framework. The explicitly
specified multi-layer CoT reasoning process demonstrates strong
interpretability (as shown in Fig. 1). Building upon this reasoning pro-
cess, the Thought Model design also predefines instructions to
respond to multi-dimensional goals such as safety, comfort, and
energy efficiency.

Actor. As described in the AC framework, the LLM in CogniDrive is
partly instantiated as an Actor to plan trajectories. The Actor is
expressed as 1y to predict and sample tokens in its vocabulary table to
generate trajectories. At each step ¢ of an episode, the state s, and
historical trajectory h, are taken as inputs to construct the prompt

X, =Concat(Lg, s, h,) which feeds into 1y to generate y, made up of
noteworthy objective o,, driving behavior a,, and available trajectory z,
token-by-token, which is a process embodied as CoT. Therefore, Eq. (1)
is reformulated as follows.

Ve =Tg(Xe; M) ©)

To enhance Actor under the lens of deliberate practice theory, we
incorporate a RAG mechanism that searches the experience base M
using the embedding of x, to retrieve the most relevant experience
e, (Fig. 5d).

We regard my as a language model (LM) that takes as input the
instruction L, ={xj,..,x{} together with the {x{*!,..,x{"}, which
encodes perception and ego state, denoted as query
X, ={x,x?, ...,x™, and generates the corresponding response
Ye=hy2,..,y%) at tth step. Here, m and n denote the query and
response token lengths, respectively. y, is the sentence from
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conditional probability distribution mg(y|x; e;). From the language
modeling perspective, Eq. (3) translates into:

.
PoVelX,; €)= Hpg(y’t\xt,y:’;et), “)
i=1
Fine-tuning. In deliberate practice theory, organized skill learning
corresponds to finetuning the LLM in Actor, where the Thought Model
is encoded into the LLM to form a structured base model that supports
experiential accumulation.

We introduce both format learning (FL) and value learning (VL) to
master the Thought Model and optimize performance, as shown in
Fig. 5b. FL ensures that the Actor can generate planning with a struc-
tured output format, facilitating straightforward trajectory extraction
and stimulating the numerical prediction capabilities. Meanwhile, VL
aligns the Actor outputs more closely with the oracle agents, enhan-
cing the model’s adaptability and flexibility. At each fine-tuning stage,
low-rank adaptation (LoRA)** reduces costs and increases speed by
initializing and applying low-rank decomposition, minimizing para-
meter updates while maintaining performance, as shown in Fig. 5c.
This two-stage fine-tuning not only improves task performance but
also ensures the system’s robustness.

- Format learning Stage. To ensure that the generative model g
consistently produces trajectory planning results in a fixed format, to
make the trajectories usable, we fine-tuned the Actor, specifically
referring to Qwen2.5-1.5B-Instruct through Supervised Fine-Tuning
(SFT)** that predicts the mask token ) in turn based on the given prefix
x+y<“on the i-th step, as in Eq. (4). The objective function is expressed
as follows:

Lsrr(0)= — E yyep, 108 pg0'1x +y 1), )

where D, = {{(x,, y,)|t € [0, T} is the dataset consisting of text pairs of
query x and response y. We concatenated the prompts and corre-
sponding responses into complete strings to train the LLM model.

We optimize model parameters so that the FL fine-tuned model
tends to generate y, in a fixed format matching the ground truth y,
made up of noteworthy objective o,, driving behavior a,, and available
trajectory 7, tokens. The fine-tuned model is constrained to generate y,
in the same structured tokenized format, ensuring one-to-one align-
ment with the ground truth trajectory. Prefilled context vectors x, are
gradient-masked during loss computation, guiding the model to focus
on the predefined output structure.

« Value learning Stage. At this stage, the state space in step j
comprises x and progressively generates tokens {y"}’,-fl. Accordingly,
the action that the Actor explores and samples is the generated token
y at the j-th step. To improve the Actor after FL with the intervention of
RL, we introduced a objective function designed to better align our
model’s planning with human drivers and optimize the utilization of
trajectory reward, as expressed in Eq. (6).

Lu(O)=E[x ~ X, Gi)iL; ~ Ty

G N
éZ{min[””(yilx) Ai,clip<”9@ilx) ,1—6,1+€)Ai
=1

~ BDy; [”9 I T[,ef} },

”ref@i 1x) "ref@i 1)
(6)
my(yix) my(yix)
D of]= —1 -1, 7
KL[”G Il f] nref@lx) 0g ﬂref@lx) (7)

Here, X is the query part within Dg; Dy (1g||Tcef) is used to penalize
the RL strategy for generating substantial deviations from the initial
model in each training batch to ensure that the model outputs rea-
sonably coherent text; s refers to the parameter-frozen LLM within

the Actor. Eq. (7) uses the Schulman approximation
(ratio - log,4:i, — 1)° to ensure that the KL divergence is always positive.
The expectation [ - ¢ aims to average the rewards to

iti=1""Tref
approximate the advantage value A;, thereby reducing GPU mem-
ory usage during the calculation of total advantage value calculated
by a model of the same scale as the Actor, as expressed in Eq.
(8)-(9). Aligning with the reward model and subtracting a baseline
from each reward to decrease variance are sufficient to stabilize
training®.

_ Ri B aug(quf)

I std(R) ®)

G
Y- 1WiRrer,

, ©)
Zji ij

avg(R,¢) =

where w;is the inverse of the PPL of LLM. A lower PPL indicates that the
model is more certain about the sample. Therefore, higher weights are
assigned to the corresponding reward. This negates the need for decay
techniques such as generalized advantage estimation.

The computational efficiency of Ly, was further enhanced by
employing a reward function (Eq. (10)) to estimate trajectory errors
rather than using a reward model of the same scale as the Actor,
thereby reducing the GPU memory demands. The performance of g is
evaluated by calculating the Euclidean distance between the predicted
trajectory T=[(u;,,), ..., (Uy,Uy)] and the oracle agent’s trajectory
T =[(uy, vy, ..., (un, Un)], as denoted by Eq. (10). Here, x and y refer to
coordinates.

R=\/(t -7 (10)

The Euclidean error not only ensures the model’s alignment with
human’s safe driving trajectories but also, by mimicking human driving
behavior, subtly inherits the multi-objective trade-offs between safety,
comfort, and energy efficiency.

ReflectPlan planning mode schema

ReflectPlan serves as CogniDrive’s System 2, enhancing trajectory
generation through reflective optimization under textual feedback
from multimodal reflection (Fig. 6a). The process unfolds within an
Actor-Critic-Evaluator loop, where generated plans are iteratively
refined based on verbal and perceptual feedback. The LLM-based
Critic delivers verbal feedback on safety, comfort, and energy effi-
ciency, while the VLM-based Evaluator contributes visual feedback
derived from scene reasoning and hazard perception. These textual
feedback from multimodal reflection are integrated into re-planning
without retraining, stored for reuse to extend CoT depth and support
coherent decision-making in complex scenarios.

Attention heatmap analysis (Fig. 6d) reveals that ReflectPlan
exhibits a more diffuse and broadly distributed attention pattern
across token dependencies compared to the localized focus of
InstinctNav, thereby empirically supporting its higher complexity in
probabilistic reasoning, consistent with the probabilistic nature of the
LLM (Eq. (4)).

Critic. Assuming that the LLM functions as the Actor in InstinctNav, a
Critic is necessary to adjust the Actor’s behavior according to the AC
framework. Initially, the Actor generates trajectory 7, using Eq. (3). The
Critic then evaluates this trajectory based on x,, producing a reflection
and reward r, as specified in Eq. (11). The Actor then generates the
optimized response y, by incorporating r; into the query x,, as shown in
Eq. (12), where the optimized trajectory 7, is included iny;. Eq. (11)-(12)
illustrate the commonality between training and inference. During the
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inference process, through the addition of visual modules and
experience base, these equations are displayed in different forms. The
details of these forms are introduced in the inference optimization
section.

r.=Critic(x;, T,) (11)

Y, =(0,,a,,T,)=My(x,,r,) 12)

Experience accumulation and retrieval. Experience plays a funda-
mental role in refining human driving skills based on deliberate prac-
tice theory. In our framework, experience accumulation is formalized
by using time-to-collision (TTC)*’ as the reflection selection criterion.
For each training sample, the model performs multiple reasoning trials
to generate a set of candidate reflections £ ={r, /*, ..., r"}. The optimal
reflection e is then selected as

e=argmax TTC(t*,r).
reE

13

and stored in the experience base M. TTC(, r) is the TTC with T
refined by r as Eq. (12).

During inference, we employ the Faiss®® database to efficiently
retrieve the top-k most relevant experience texts based on cosine
semantic similarity (Fig. 5d). A similarity-threshold filter yg,, is then
applied to discard low-relevance candidates (e.g., sim<yg,). The
remaining experience texts are appended, in pragmatically instructive
natural language, to the LLM inference prompt, thereby guiding the
model to leverage past knowledge for policy transfer and planning
optimization.

Inference optimization. ReflectPlan lacks a direct reward value as in
the training phase of TTC for trajectory planning, which hinders
learning from mistakes. To address this issue, we designed an LLM
instantiation Critic for feedback through verbal self-reflection to
simulate experience accumulation. However, the verbal feedback from
LLM alone is insufficient for environmental perception omissions,
visual feedback, and decision-making accuracy. Therefore, we propose
a VLM-based Evaluator to complement sensor-based perception,
introducing a semantic alignment channel®®~* that converts multi-view
images into structured textual assessments. These assessments are
then fed into re-planning, enabling timely hazard perception (e.g.,
missed obstacles with potential collision risk) thereby mitigating
potential collision risks.
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We propose the multimodal reward-value expressed in Eq. (16), to
emulate human multisensory integration.

Verbal Reward. The Critic shown in Eq. (14) self-assesses the
generated trajectory planning performed by the Actor, using pre-
defined metrics (e.g., safety, comfort, and energy assumption).

Vision Reward. The Evaluator shown in Eq. (15) assesses the
environment using VLM to identify and describe critical elements for
the Actor, such as obstacles, road conditions, and corner cases.

T, verbat = Critic(x,, T,), (14)
It vision = Evaluator(x,, p,, t,), (15)
re= Concat(rt, verbal’ r[, uisian)' (16)

Here, p, is a multiview image captured by vehicle-mounted cam-
eras of the corresponding x,. ReflectPlan evaluates r, using PPL, filters
out low-confidence cases (e.g., PPL > y,,,), and retains only reliable
reflections to enhance policy robustness.

Dual-system planning scheme

Executing ReflectPlan in all scenarios is redundant. CogniDrive can
orchestrate the switch between InstinctNav and ReflectPlan based on
the complexity of scenarios, as shown in Fig. 6¢c. To automate and
accurately determine the necessity for self-reflection, we proposed a
straightforward indicator function I() that leverages predefined rules
and the VLM’s image understanding and evaluative capabilities,
defined as follows:

1 if Coll(t;;x;) or E,=1
I(x,, T,)= ' 17
Xt o) { 0 otherwise 17
{E¢r Tt vision} = Evaluator(x;, p;, T,). (18)

Here, Coll( -) € {0, 1} is determined by the overlap between the
ego vehicle’s 3D bounding box and the predicted 3D bounding boxes
of surrounding obstacles, where the 3D boxes are provided by the
perception and prediction modules. By incorporating the Evaluator
flag E,, Eq. (15) can be reformulated as Eq. (18), where E, € {0, 1} spe-
cifies whether re-planning is required. The r, 50, Will not be generated
when the scenario is tractable, as indicated by £, = 0.

In CogniDrive, the switching indicator T(-) is implemented using
primarily collision prediction and a binary VLM flag. This design choice
emphasizes interpretability and robustness, ensuring that the gating
mechanism remains transparent and reliable in safety-critical contexts.
While alternative learned gating strategies may offer additional flex-
ibility, they are considered outside the scope of the present study.
Exploring such adaptive gating mechanisms will be an important
direction for future work.

Dataset

For trajectory planning, the state S and historical trajectory H pro-
vided to the LLM were derived from the nuScenes dataset, which is a
comprehensive urban dataset designed for AD research. The nuScenes
dataset encompasses dynamic urban scenes with vehicles, pedes-
trians, and other road participants captured by high-resolution LiDAR,
cameras, and radar. It provides extensive annotations and detailed
environmental information.

The dialogue data D from nuScenes, used for the LLM, was orga-
nized following the approach in ref. 13. First, we implemented algo-
rithms for perception, detection, and movement prediction using
UniAD. Subsequently, we developed a program that converts these
structured perceptions and trajectory predictions into unstructured

textual data, making them interpretable using LLM. A total of 28,130
manually annotated human driving data were converted into
dialogue form.

Corner case. CogniDrive was originally designed to mimic the
human analytical thinking described by System 2 in dual-process the-
ory to address the difficulty encountered by traditional methods in
coping with corner cases. Therefore, we selected corner cases in
nuScenes using the index acquired in CODA to validate the effective-
ness of our approach in complex scenarios. CODA is a dataset that
organizes and annotates corner cases from AD datasets such as nuS-
cenes, enhancing testing for AD in complex scenarios.

Evaluation criteria

The essence of CogniDrive is to learn human driving data using the
cognitive models of dual-process theory and deliberate practice the-
ory. To assess these capabilities, we evaluated CogniDrive and base-
lines using fundamental AD metrics, including the L2 error between
the predicted trajectory and ground truth, as well as the collision rate,
calculated as the proportion of coordinates in the trajectory where
collisions occurred. The L2 error was calculated using Eq. (10).

To better incorporate passenger considerations into the AD sys-
tem, we proposed a comprehensive evaluation system that includes
fundamental metrics, comfort, and energy efficiency. CogniDrive
predicts discrete coordinate points. For the precise calculation of
comfort and energy efficiency, these points were converted into a
Bézier curve® that relied on polynomial interpolation based on a set of
control points to define the shape of the curve. CogniDrive enhances
safety and evaluates personalized metrics, such as comfort and energy
efficiency, for advanced driving tasks. Comfort was measured by the
rate of change in acceleration, aiming for minimal sudden movements
in any direction, as expressed in Eq. (19). The energy efficiency was
determined by the work performed during acceleration to maintain
power, as in Eq. (20).

| LN .
Jerk = M,E; | B"(t+6,)—B"(0) | 19)

Energy = mB'(t)-B'(t)dt (20)

te[0,1]
B'(t)B"(t)>0

where M represents the number of samples. We approximated the rate
of change in acceleration using these M samples. The variable §, was
employed to compute the rate of change in acceleration at each
sampling point through differential calculations.

The Jerk and Energy metrics are simplified approximations for
relative performance comparison under uniform simulation. The
vehicle mass is normalized to unit weight, while the effects of gravity,
friction, and air resistance are omitted. Although this simplification
reduces physical fidelity, it ensures that performance differences pri-
marily reflect algorithmic capabilities rather than environment-
induced variability, thereby improving the consistency and efficiency
of benchmarking.

Comparison baselines
The performance of our method was compared with the following
conventional and LLM-based methods.

« Conventional Methods. FF* supports motion planning by using
self-supervised learning to forecast future free space, enabling colli-
sion avoidance without reliance on object detection or tracking and
eliminating the need for manual annotations. EO® uses geometric
occupancy maps with differentiable raycasting to forecast future
scenes by aligning occupancy predictions with future LiDAR sweeps
for self-supervised learning. ST-P3* proposes a spatiotemporal feature
learning scheme aimed at deriving a set of more representative
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features for perception, prediction, and planning tasks. UniAD® pre-
sents a unified framework that follows a planning-oriented philosophy.
Instead of a standalone modular design and multitask learning, UniAD
hierarchically integrates a series of tasks, including perception, pre-
diction, and planning. VAD® offers an end-to-end unified vectorized
paradigm. It models the driving scene as a fully vectorized repre-
sentation, eliminating the need for computationally intensive, dense,
rasterized representations and hand-designed post-processing steps.
MT*® leverages a transformer-based motion forecasting framework
that models trajectory prediction via global intention localization and
local movement refinement.

» RL-based Methods. SA-TD3" applies a single-agent Twin
Delayed Deep Deterministic Policy Gradient framework to address the
challenge of safe and efficient navigation through high-density T-
intersections. MMI-DQN*? adopts the Deep Q-Network framework to
tackle robust navigation under uncertainty in mixed-traffic environ-
ments with diverse vehicle types and pedestrians.

+ LLM/VLM-based Methods. GPT-Driver” converts GPT-3.5 into a
motion planner by treating motion planning as a language-modeling
task, using language descriptions to generate trajectories and
improving numerical reasoning using a prompting-reasoning-fine-
tuning strategy. Agent-Driver™* transforms AD by using LLMs as cog-
nitive agents for decision-making, task planning, and motion planning,
integrating a tool library and cognitive memory to significantly
improve performance and interpretability. DriveGPT4-V27* formulates
autonomous driving as a language-driven planning problem, lever-
aging large language models to infer high-level intents and constraints
from scene context and generate motion plans under open-loop eva-
luation, demonstrating improved generalization across large-scale
real-world driving datasets.

A VLM, leveraging its built-in LLM, can also achieve reasoning cap-
abilities of inferring scene conditions (e.g., slippery roads due to rain),
compensating for perceptual gaps (e.g., a truck overturned on the side).
DriveVLM” integrates a VLM into AD, combining visual and linguistic
modalities for efficient scene understanding and decision-making.
OpenEMMA* employs a VLM to process raw camera sensor data and
generate future trajectories and planning decisions in natural language.
DiMA’® distills high-level reasoning and decision-making knowledge from
a powerful multimodal large language model into a compact student
driving policy, enabling efficient and robust closed-loop execution under
dynamic environments, particularly in long-tail driving scenarios.

Fine-tuning details
The LLM employed in this study is the instruction-tuning version of
Qwen2.5 (Qwen2.5-1.5B-Instruct), a dense transformer model trained
with instruction tuning and RLHF, achieving strong performance on
open benchmarks**.

The model training was configured for five epochs. The Qwen
model was fine-tuned using parameter efficient fine-tuning facilitated
by LoRA, with specific rank parameters set at r=16, lora_alpha=32,
and lora_dropout =0.05, with no quantization applied to maintain
the integrity of the model’s original performance characteristics. For
model generation, a greedy decoding strategy was used with a tem-
perature of 0.3, a maximum of 4096 new tokens per prompt
(max_new tokens =128), and a nucleus sampling cutoff (top_p=1.0),
without employing a repetition penalty to promote natural variability
in the generated text. Due to the high training cost of LLMs, hyper-
parameters were empirically chosen through validation performance
rather than extensive search.

The model was fine-tuned using eight A100 (80GB) GPUs and took
approximately 12 hours. The fine-tuned model weights, along with
comprehensive code and detailed instructions for downloading the
weights, initializing the models, and performing inference tasks, are
available in the repository at URL.

Data availability

The data used in this study are publicly available from the official
project websites of the nuScenes dataset https://www.nuscenes.org/*°
and the Waymo Open Dataset https://waymo.com/open/*, subject to
their respective licensing terms. Based on these datasets, we generate
derived textual data for large language model prompting and evalua-
tion, including structured descriptions, reasoning traces, and experi-
ence representations. These derived data do not contain raw sensor
measurements and cannot be used to reconstruct the original data-
sets. The processed data generated in this study are publicly available
in the archived Zenodo repository at https://doi.org/10.5281/zenodo.
19179549”". The data supporting the findings of this study, including
experimental results and evaluation statistics, are available within the
paper and its Supplementary Information. Source data are provided
with this paper.

Code availability

The source code used in this study is publicly available on GitHub at
https://github.com/2351672564/CogniDrive. An archived version of
the code is available on Zenodo at https://doi.org/10.5281/zenodo.
19179549”". An executable reproduction package is available through
Code Ocean at 10.24433/C0.5837541.v1.
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