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Abstract

The pursuit of autonomous agents capable of temporally
coherent planning is hindered by a fundamental flaw in
current vision-language models (VLMs): they lack cogni-
tive inertia. Operating on isolated snapshots, these mod-
els cannot form a continuous understanding of the environ-
ment, leading to erratic decision jitter and a failure to ex-
ecute complex, multi-step maneuvers. To remedy this, we
introduce CogDriver, a framework designed to build a sta-
ble internal representation by instilling this crucial cogni-
tive property. Our work makes two key contributions: (1)
We present CogDriver-Data, a large-scale vision-language-
action dataset whose narrative annotations provide the su-
pervisory signal for learning temporal dynamics and per-
sistent intent. (2) We develop the CogDriver-Agent, an ar-
chitecture featuring a sparse temporal memory to maintain
a stable internal state. This is enabled by a spatiotemporal
knowledge distillation approach that explicitly teaches de-
cision coherence. Comprehensive experiments validate our
paradigm: CogDriver-Agent achieves a 22% increase in the
closed-loop Driving Score on Bench2Drive and a 21% re-
duction in mean L2 error on nuScenes, establishing a new
state-of-the-art. These significant gains in both long-term
decision-making and imitation accuracy provide strong ev-
idence that our agent successfully maintains a temporally
coherent internal state, bridging the gap toward more reli-
able autonomous driving. Project link: CogDriver.

1. Introduction
The grand challenge of autonomous driving is not merely
to create a system that perceives, but one that understands
and anticipates the world through stable, temporally coher-
ent reasoning [8, 45, 49]. While much of the autonomous
driving literature focuses on ”world models” that explicitly
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predict future states in pixel or latent space, a foundational
prerequisite for such anticipation is the ability to maintain
a consistent internal representation over time. However, a
fundamental and often overlooked flaw plagues current end-
to-end systems: they operate as cognitively stateless agents,
trapped in a perpetual present [4, 51]. Lacking a continuous
thread of thought, they are incapable of building a stable
internal state; instead, they process each moment as an iso-
lated problem, akin to an amnesiac driver re-evaluating the
world from scratch every fraction of a second.

The advent of large vision-language models (VLMs)
presents a tantalizing opportunity to imbue driving sys-
tems with advanced reasoning capabilities [22, 50]. Yet,
naively applying them often exacerbates the problem. Cur-
rent VLMs suffer from a lack of cognitive inertia, the nat-
ural persistence of intentions that underpins stable human
cognition [31, 48]. This deficit stems from a more funda-
mental failure: the inability to maintain temporal coher-
ence. Without this cognitive anchor, an agent’s internal
representation is fragmented and ephemeral. This mani-
fests externally as debilitating decision jitter and a failure to
execute complex, multi-step maneuvers. Consider, for in-
stance, the complex decision of overtaking a slow-moving
truck on a multi-lane highway. An agent without cogni-
tive inertia might initially decide to overtake from the left.
However, upon detecting a fast-approaching vehicle in the
left lane for a brief moment, it might abruptly cancel the
maneuver and swerve back, only to then reconsider over-
taking from the right as that lane momentarily clears. This
erratic oscillation between competing strategies, ”overtake
left,” ”abort,” ”overtake right”, makes the vehicle danger-
ously unpredictable. In contrast, a human driver forms a
stable, multi-step plan, such as: ”The left lane is too risky;
I will wait for the car on the right to pass, then execute a
clean overtake from the right.” This commitment to a cho-
sen strategy, guided by a coherent understanding of the en-
vironment, is not a luxury; it is a fundamental prerequisite
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Figure 1. Annotation pipeline. To generate temporally coherent data, we propose a novel Multi-View Spatiotemporal MLLM capable of
processing concurrent video streams. Its reasoning is guided by our cognitive inertia Injection framework, which provides structured rules
and tasks. The generated narrative is then rigorously verified against the ground-truth vehicle trajectory via Future History Alignment,
ensuring the final annotations are both causally sound and coherent.

for safe and trustworthy interaction in a dynamic world.
This leads to a more fundamental research question:

How can we build VLA agents that develop a coherent
internal representation, enabling them to act with the
stability and foresight of a human?

To answer this, we introduce CogDriver, a framework
designed not merely to process temporal data, but to lay
the groundwork for temporally coherent planning by in-
stilling cognitive inertia. Our work pioneers this direc-
tion through two key contributions. First, we present
CogDriver-Data, two large-scale vision-language-action
(VLA) datasets. Unlike existing datasets with disconnected
rationales, CogDriver-Data’s narrative annotations capture
the story of persistent driving intent. This narrative struc-
ture provides the crucial supervisory signal for learning the
temporal dynamics essential for stable planning.

Second, building on this foundation, we develop the
CogDriver-Agent. Its architecture is designed to maintain
a stable internal state, a prerequisite for consistent decision-
making. It features a sparse temporal memory module that
acts as a mechanism for intentional persistence, effectively
forming a coherent temporal context over time. This is
enabled by our spatiotemporal knowledge distillation ap-

proach, which explicitly teaches the model to maintain de-
cision coherence by learning from the narrative structure of
CogDriver-Data.

Comprehensive experiments show that CogDriver-Agent
not only achieves state-of-the-art performance but, more
critically, exhibits significantly reduced decision jitter and
successfully executes long-term plans. These emergent ca-
pabilities serve as strong evidence that our agent is develop-
ing a more stable internal representation. This work repre-
sents a paradigm shift from building reactive predictors to
engineering cognitively coherent agents, marking a crucial
step towards trustworthy autonomous systems powered by
robust temporal reasoning.

Our contributions are summarized as follows:

• We present CogDriver-Data, two large-scale VLA
datasets with novel narrative annotations designed to cap-
ture persistent intent and temporal coherence, providing
the first benchmark for training and evaluating cognitively
coherent agents.

• We propose CogDriver-Agent, an architecture designed
to build a coherent internal representation by instilling
cognitive inertia. It features a sparse temporal memory to
maintain a stable internal state, trained via a knowledge



distillation method that promotes decision coherence.
• We demonstrate through extensive experiments that our

approach not only sets a new state-of-the-art in standard
benchmarks but also quantifiably reduces decision jitter
and enables the execution of complex, long-term plans,
validating the effectiveness of our paradigm.

2. Related Work

2.1. Language-enhanced Dataset for Autonomous
Driving

The evolution of driving datasets has recently shifted to-
wards incorporating language to explain actions [19, 22].
However, existing works fundamentally fail to capture
cognitive inertia, treating driving as a series of discon-
nected moments. Pioneering datasets like BDD-X [17] and
DRAMA [25] offer only atomic, snapshot-based rationales.
While subsequent works like DriveLM [36] and CoVLA [1]
introduced continuous trajectories, they still lack the corre-
sponding ”continuous why”, the evolving causal narrative
that connects decisions over time. Thus, no existing dataset
provides the essential ingredients to learn cognitive inertia:
the joint modeling of continuous action, holistic multi-view
perception, and a persistent, evolving thought process. A
thorough comparison between existing prompt-based driv-
ing datasets and ours is summarized in Table 1.

2.2. MLLMs Grounded Autonomous Driving
Recent multimodal large language models (MLLMs) for
driving, despite diverse architectures like prompt-based
planners [3, 26], end-to-end frameworks [44], and hybrid
designs [32, 35, 41], largely operate as stimulus-response
mechanisms. They fundamentally fail to model the causal
relationships within dynamic scenes, a critical capabil-
ity for explainable decision-making. Our work addresses
this gap by proposing a framework that explicitly reasons
over spatiotemporal causal dependencies. This approach
unlocks zero-shot E2E planning, advancing beyond the
conventional stimulus-response mappings of prior studies
[9, 27, 28, 30, 34, 46] by grounding decisions in causal-
temporal principles.

3. CogDriver-Data

We introduce CogDriver-Data, a new suite of large-
scale VLA datasets, CogDriver-nuScenes, and CogDriver-
Bench2Drive, designed to address a critical gap in exist-
ing autonomous driving data: the lack of narrative coher-
ence. While prior datasets provide per-frame rationales,
CogDriver-Data features annotations that tell a continuous
story of driving decisions, capturing persistent intent, causal
reasoning, and the resulting actions. As illustrated in Fig.
1, these narrative-rich annotations are generated by a novel

pipeline designed to instill spatiotemporal and logical con-
sistency, providing a robust foundation for training cogni-
tively coherent agents.

3.1. Data Annotation Pipeline
Our annotation pipeline is built upon two core technical
innovations designed to generate data with unprecedented
spatiotemporal richness and logical consistency.

First, we propose a novel Multi-View Spatiotemporal
MLLM (MVST-MLLM) architecture as the annotator. Un-
like prior works that process static images or single video
streams, our model’s vision encoder is the first of its kind to
process multi-view streams concurrently. It employs a hi-
erarchy of Conv3D and window attention layers to extract
and fuse features across both space (all camera views) and
time. This holistic perception is critical, enabling the model
to reason about complex dynamic events that are only com-
prehensible by correlating information from multiple view-
points simultaneously, e.g., a car merging from the right
while a pedestrian appears on the left.

Second, we introduce cognitive Inertia injection, a spe-
cific mechanism that enforces temporal coherence. This is
not a vague concept but a direct alignment of static rules
with dynamic visual evidence. The MLLM is conditioned
on a structured prompt containing high-level Rules and
Tasks. The core innovation lies in training the model to
use these static principles to generate a single, continuous
narrative that explains the entire temporal sequence of vi-
sual inputs. This alignment compels the model to produce
causally-linked explanations rather than disconnected, per-
frame descriptions. This process is further grounded by Fu-
ture History Alignment, which verifies the generated narra-
tive against the actual vehicle trajectory, ensuring physical
plausibility.

The resulting CogDriver-Data is therefore a direct prod-
uct of this architecture’s unique ability to see in 360 degrees
over time and its training to bind static rules to dynamic
events, creating a robust foundation for our agent. Further
details are provided in the Appendix.

4. CogDriver-Agent
We present CogDriver-Agent, an end-to-end framework en-
gineered to instill cognitive inertia by seamlessly integrat-
ing spatiotemporal perception with language-conditioned
planning. As depicted in Fig. 2, the agent’s architecture
is not a simple pipeline but a synergistic system. Its percep-
tual foundation is a hierarchical vision backbone that distills
raw multi-view inputs into a compact set of spatiotempo-
ral tokens. Central to this process is our Temporal Coher-
ence Module (TCM), which maintains a dynamic, memory-
efficient representation of the world state, enabling robust
long-range reasoning. These distilled world tokens are then
projected into the embedding space of a frozen VLM. Here,



Table 1. Comparison of E2E autonomous driving datasets with language and action data. M.V.: Multi-View images; Auto.: Auto-labeling;
Trfc.: Traffic; Sur.: Surrounding; Obj.: Object; Pos.: Position; Traj.: Trajectory.

Dataset
Vision Data Language Data Action Data Reason Cogni Weat Road Trfc. Trfc. Sur. Obj.

M.V. Temporal VQA Auto. Type -ing -tive -her Type Light Sign Obj. Pos.

Talk2Car [5] % % % % Traj. % % % % % % ! %

T2C-Traj [6] % % % % Traj., Command % % % % % % ! %

DriveLM-nuScenes [36] % % ! % Traj. ! % % % % % ! %

DriveLM-CARLA [36] ! % ! ! Traj. ! % % % % % ! %

DRAMA [25] % ! ! ! Command ! % % ! ! ! ! %

Rank2Tell [33] % ! % ! Command ! % % % ! % ! !

Reason2Drive [29] % % ! ! Command ! % % % % % ! %

CoVLA [1] % % % ! Traj. % % % ! ! % ! %

Omnidrive [40] ! % ! ! Traj. ! ! ! % ! ! ! !

CogDriver-nuScenes (Ours) ! ! ! ! Traj., Command ! ! ! ! ! ! ! !

CogDriver-Bench2Drive (Ours) ! ! ! ! Traj., Command ! ! ! ! ! ! ! !

Figure 2. An overview of our CogDriver-Agent. It moves beyond reactive decision-making by harnessing a pre-trained language model
to maintain cognitive inertia. It achieves this by building a stable internal world model that continuously integrates 3D perception, ego
states, and language commands. This allows the model to generate not just context-aware, but temporally coherent plans. The model’s
effectiveness is demonstrated by its state-of-the-art performance across both open-loop trajectory planning and complex closed-loop driving
tasks. Its success highlights a unique capability: bridging perception with action through a persistent, evolving strategy, rather than
disconnected, stimulus-response mappings.

they are fused with historical state information and natural
language instructions, allowing a set of lightweight, train-
able adapters to steer the powerful, pre-trained VLM core
towards generating coherent and actionable trajectories.

4.1. Temporal Coherence Module

To maintain a coherent world model over time, the agent
must solve the critical challenge of tracking object states
despite ego-motion and occlusions. Our TCM, detailed in
Alg. 1, addresses this through an elegant, three-stage pro-
cess of geometric propagation, motion-conditioned state re-
finement, and evidence-based fusion.

Geometric Propagation. The process begins by explic-
itly compensating for the vehicle’s own movement. His-

torical 3D object queries Qhist p are geometrically warped
into the current frame’s coordinate system using the ego-
motion transformation Eego. This provides a crucial geo-
metric prior, ensuring that the initial state estimate for each
object is grounded in physical reality before any feature-
level processing occurs.

Motion-Conditioned State Refinement. Simple geo-
metric alignment is insufficient to capture complex object
dynamics or perspective shifts. We therefore introduce a
novel motion-aware normalization scheme that dynamically
refines the propagated state. Instead of using static nor-
malization parameters, we parameterize conditional affine
transformation coefficients, α and β, as a function of the
full motion context (Eego, v,∆t). These coefficients then



Algorithm 1 Temporal Coherence Module

Require: Historical queries Qhist c, Qhist p; Current
queries Qinit c; Image features Fimg t; Ego-motion
Eego, v,∆t.

Ensure: Refined queries for current frame Qrefined t.
1: ▷ 1. Motion-Aware Propagation
2: Qaligned p ← Eego ·Qhist p ▷ Align historical

positions
3: α, β ← MotionEncoder(Eego, v,∆t) ▷ Compute

affine parameters
4: Qpe ← α · LN(ψ(Qaligned p)) + β ▷ Modulate

positional embeddings
5: Qm ← α · LN(Qhist c) + β ▷ Propagate context

queries

6: ▷ 2. Hybrid Attention and Fusion
7: Qhybrid ← Concat(Qm, Qinit c)
8: Q′

hybrid ← SelfAttention(Qhybrid)
9: Qrefined t ← CrossAttention(Q′

hybrid, Fimg t +
Qpe, Fimg t)

10: return Qrefined t

perform a motion-conditioned modulation on both the po-
sitional embeddings Qpe and the propagated context fea-
tures Qm. This allows the network to learn a sophisticated,
feature-level compensation, for instance, by amplifying fea-
tures for fast-moving objects or down-weighting features
for objects that are likely occluded.

State Reconciliation and Fusion. The refined memory
queries, Qm, now representing a strong temporal prior, are
concatenated with new perception queries, Qinit c, which
represents fresh evidence from the current frame. A self-
attention mechanism then performs state reconciliation, al-
lowing the model to weigh historical beliefs against new ob-
servations, update existing tracks, and suppress redundant
or spurious detections. Finally, these reconciled queries
are grounded back into the current visual evidence through
cross-attention. By injecting the modulated positional em-
beddings Qpe into the keys of the image features, we pro-
vide explicit spatial guidance, enabling the model to pre-
cisely localize and update the state of each object.

This unified design achieves robust object permanence
and temporally consistent perception, forming the bedrock
upon which the agent’s cognitive inertia is built.

4.2. Training Objectives
The proposed model employs a composite loss function to
jointly optimize 3D object detection and structured scene
understanding. The detection objective combines categor-
ical recognition and spatial localization through two key
terms: the classification loss Lcls for object categories is
formulated via Focal Loss, while the regression loss Lreg

for 3D bounding box coordinates adopts an L1 formulation
encoding center coordinates, dimensions, and orientation
angles. For lane and road structure analysis, the framework
applies analogous supervision with lane classification loss
Lmcls and geometric regression loss Lmreg , each scaled by
task-specific coefficients. The total loss of QFormer is:

Lpc = λcLcls + λrLreg + λmcLmcls + λmrLmreg, (1)

where λc, λr, λmc, and λmr represent loss balancing coeffi-
cients for detection classification, detection regression, lane
classification, and lane regression tasks, respectively.

For the LLM, we leverage the auto-regressive cross-
entropy loss Lce. The unified training objective aggregates
these components as:

Ltotal = Lpc + Lce. (2)

5. Experiments
5.1. Implementation Details
For visual feature extraction, we employ EVA-02-L [7] as
our vision encoder, which is pretrained through masked im-
age modeling with knowledge distillation from CLIP [31].
This approach ensures strong alignment between visual fea-
tures and language representations. LLaVA v1.5 [21] serves
as our base model, and we adopt the same dataset composi-
tion and training configuration for the 2D pretraining phase.
During the fine-tuning stage, we optimize the model using
AdamW [23] with a batch size of 16. We apply differenti-
ated learning rates: 4×10−4 for the projector module, while
keeping both the visual encoder and large language model
at a lower learning rate of 2 × 10−5 to preserve their pre-
trained knowledge. The entire fine-tuning process utilizes a
cosine annealing schedule to maintain training stability and
achieve optimal convergence. More details are provided in
the Appendix.

5.2. Closed-Loop Trajectory Planning Task
As shown in Table 2, we evaluate our model on the chal-
lenging Bench2Drive benchmark for closed-loop trajectory
planning. Our method establishes a new state-of-the-art
by a significant margin on the primary metrics, achieving
a Driving Score of 78.21 and a Success Rate of 56.93%.
These results represent a 22% and a substantial 63% rela-
tive improvement over the previous best-performing meth-
ods, respectively. This dramatic improvement in long-term
planning success underscores the effectiveness of instilling
cognitive inertia, as our agent maintains coherent intentions
and avoids the decision jitter that plagues prior works. Fur-
thermore, our model remains highly competitive on other
key metrics, achieving the second-best open-loop Avg. L2
score (0.63 vs. 0.62) and a comparable Efficiency score



Table 2. Comparison of open-loop and closed-loop performance on the Bench2Drive dataset. The best results are highlighted in bold. The
up arrow (↑) indicates that higher is better, while the down arrow (↓) indicates that lower is better.

Method Open-loop Metric Closed-loop Metric

Avg. L2 ↓ Driving Score ↑ Success Rate(%) ↑ Efficiency ↑ Comfortness ↑
AD-MLP [47] 3.64 18.05 0.00 48.45 22.63
UniAD-Tiny [11] 0.80 40.73 13.18 123.92 47.04
UniAD-Base [11] 0.73 45.81 16.36 129.21 43.58
VAD [15] 0.91 42.35 15.00 157.94 46.01
TCP [43] 1.70 40.70 15.00 54.26 47.80
ThinkTwice [13] 0.95 62.44 31.23 69.33 16.22
DriveAdapter [12] 1.01 64.22 33.08 70.22 16.01
MomAD [37] 0.87 44.54 16.71 170.21 48.63
DriveTransformer [14] 0.62 63.46 35.01 100.64 20.78
ReAL-AD [24] 0.84 41.17 11.36 – –
CogAD [42] – 48.30 24.00 142.00 40.37

Ours 0.63 78.21 (22%↑) 56.93 (63%↑) 169.52 20.50

Figure 3. Open-loop planning results on the nuScenes dataset. We compare CogDriver-Agent against several baselines on L2 (left), CR
(middle), and IR (right). Performance is reported for 1-3 s horizons and their average. Lower values are better. Our method demonstrates
state-of-the-art or highly competitive performance across all metrics.

(169.52 vs. 170.21), demonstrating its all-around strong
performance without sacrificing imitation quality or plan-
ning efficiency.

5.3. Open-Loop Trajectory Planning Task

As shown in Fig. 3, we compare our proposed CogDriver-
Agent against a comprehensive set of state-of-the-art open-
loop planning baselines on the nuScenes dataset, includ-
ing ST-P3 [10], VAD [15], BEV-Planner [20], DriveVLM
[39], Senna [16], and OmniDrive (Omni-L, Omni-Q) [40].
The proposed CogDriver-Agent achieves the lowest aver-
age L2 distance of 0.34 m, outperforming other baselines
such as BEV-Planner with 0.55 m, DriveVLM with 0.40 m,
and VAD-Base with 1.25 m. In terms of collision rate (CR),
CogDriver-Agent attains an average value of 0.40%, which
is slightly higher than Senna’s best result of 0.12% and
DriveVLM’s 0.27%, but remains lower than most other
baselines. For infraction rate (IR), CogDriver-Agent sets
a new state-of-the-art with an average of 3.18%, outper-
forming all previous methods reporting this metric, in-

cluding BEV-Planner with 4.26%, VAD-Base with 3.82%,
and Omni-Q with 4.59%. Across all evaluated horizons,
CogDriver-Agent demonstrates superior or highly compet-
itive performance in both safety and trajectory accuracy,
highlighting the effectiveness of its reasoning framework
under fair evaluation protocols that prevent explicit ego sta-
tus leakage.

5.4. Driving Visual Question Answering Task

As shown in Table 3, CogDriver-Agent achieves signifi-
cant performance improvements across all metrics on both
CogDriver-nuScenes and CogDriver-Bench2Drive bench-
marks compared to state-of-the-art open-source MLLMs.
On CogDriver-nuScenes, our method demonstrates partic-
ularly strong results with a 37.6% relative improvement in
CIDEr, while showing even more dramatic gains of 100.1%
and 224.0% in BLEU-1 and BLEU-4 scores, respec-
tively. The performance on CogDriver-Bench2Drive re-
mains consistently superior, with CogDriver-Agent achiev-
ing 9.0%, 53.6%, and 210.8% relative improvements in



Table 3. Comparison of VQA performance conducted on the CogDriver-nuScenes and CogDriver-Bench2Drive datasets. The results show
that CogDriver-Agent consistently outperforms previous state-of-the-art open-source MLLMs across most metrics. Notably, all reported
indicators are positively oriented, with higher values indicating superior performance. CI-r: CIDEr, BL-1: BLEU-1, BL-4: BLEU-4,
ME-R: METEOR, RO-L: ROUGE-L.

Model CogDriver-nuScenes CogDriver-Bench2Drive
CI-r BL-1 BL-4 ME-R RO-L CI-r BL-1 BL-4 ME-R RO-L

Qwen2.5VL 72B [2] 67.14 18.78 3.25 20.75 21.91 87.57 28.03 5.81 67.27 28.10
Qwen2.5VL 32B 59.37 15.88 1.72 17.69 19.13 83.80 30.76 5.05 58.09 25.84
Qwen2.5VL 7B 62.78 19.86 2.96 22.52 22.34 75.65 14.55 2.20 71.03 21.88
Qwen2.5VL 3B 48.59 19.08 1.91 22.51 21.13 67.21 6.39 0.92 77.27 19.07
Qwen2VL 72B [38] 57.10 25.76 4.46 31.81 26.56 78.60 8.21 1.67 83.38 22.60
InternVL3 14B [52] 70.01 8.82 1.09 74.15 19.18 78.55 9.78 1.71 78.42 22.2
InternVL3 8B 64.64 6.41 0.67 74.02 16.7 70.58 7.33 1.1 76.56 19.42
LLaVA NEXT 7B [18] 53.54 4.71 0.47 76.09 15.63 60.08 5.35 0.63 78.53 17.51
CogDriver-Agent 92.39 51.54 14.45 64.45 32.75 95.46 47.25 18.06 58.78 36.99

Figure 4. Visualization of Temporally Coherent Reasoning by CogDriver-Agent. We present two challenging driving scenarios: a left
turn in clear conditions (top) and a right lane change in adverse weather (bottom). For each, we visualize the agent’s frame-by-frame
narrative predictions. The agent demonstrates cognitive inertia by maintaining a consistent high-level plan (e.g., ’Left Turn’). Crucially,
the underlying rationale is not static; it evolves as the scene unfolds, maturing from reacting to a ’car ahead’ (Frame 1) to anticipating an
’upcoming junction’ (Frame 4), proving its capacity for sophisticated, long-term reasoning.

CIDEr, BLEU-1, and BLEU-4 metrics over the best base-
line. Notably, these substantial advances are consistently re-
flected across both datasets in the ROUGE-L metric as well.
These comprehensive results not only validate CogDriver-
Agent’s enhanced multimodal reasoning capabilities but
also establish new state-of-the-art performance for VQA
tasks in autonomous driving scenarios.

5.5. Ablation Study

5.5.1. Analysis on Different Language Components.

Table 4 ablates the language components of CogDriver-
Agent. The full configuration yields the best performance
with a 51.54 BLEU-1 score. Individual components pro-
vide targeted benefits: environment context boosts language
generation by 7.6% in BLEU-1, while dynamic and static
object descriptions are critical for safety, achieving the low-



Table 4. Ablation study on the CogDriver-nuScenes dataset. We assess CogDriver-Agent’s performance with different language compo-
nents enabled by measuring VQA accuracy and open-loop planning quality, where L2 distance, collision rate, and intersection rate are
evaluated as the average values over the 1, 2, and 3 s horizons.

ID
Environment Dynamic Static

Reasoning Action
VQA Open-Loop

Description Object Scene BL-1 ↑ Precision ↑ Recall ↑ L2 ↓ CR ↓ IR ↓
1 ✓ ✓ ✓ ✓ 47.91 49.00 53.01 0.34 0.37 3.33
2 ✓ ✓ ✓ ✓ 50.14 54.22 52.31 0.34 0.42 3.08
3 ✓ ✓ ✓ ✓ 49.13 52.11 51.68 0.34 0.37 3.16
4 ✓ ✓ ✓ ✓ 48.25 53.43 50.95 0.34 0.43 3.22
5 ✓ ✓ ✓ ✓ 50.57 52.95 53.46 0.34 0.43 3.16
6 ✓ ✓ ✓ ✓ ✓ 51.54 53.32 55.19 0.34 0.40 3.18

Table 5. Ablation study on sparse temporal memory module. L2
distance, collision rate, and intersection rate are evaluated as the
average values over the 1, 2, and 3 s horizons.

TCM
VQA Open-Loop

BL-1 ↑ Precision ↑ Recall ↑ L2 ↓ CR ↓ IR ↓
52.24 54.84 54.86 0.38 0.44 3.65

✓ 51.54 53.32 55.19 0.34 0.40 3.18

est collision rate of 0.37 and intersection rate of 3.08, re-
spectively. Importantly, trajectory prediction remains ro-
bust across all configurations with a stable 0.34 L2 error,
demonstrating that enhanced reasoning does not compro-
mise planning accuracy.

5.5.2. Effectiveness on Temporal Memory Module.
Table 5 presents the results of the ablation study on the
sparse temporal memory module. Introducing the temporal
memory module leads to improvements in open-loop driv-
ing, as shown by decreases in L2 distance, collision rate,
and intersection rate when compared to the baseline with-
out memory. Specifically, L2 distance is reduced from 0.38
to 0.34, collision rate decreases from 0.44 to 0.40, and in-
tersection rate drops from 3.65 to 3.18. While there is a
slight reduction in VQA BL-1 and precision, the recall im-
proves, indicating that the model becomes more sensitive to
relevant temporal information. These results demonstrate
that the temporal memory module enhances sequential rea-
soning and contributes to more accurate and safer driving
performance.

5.5.3. Inference Efficiency and Throughput
We evaluate the inference efficiency of CogDriver-Agent on
a single NVIDIA A800 GPU. As shown in Table 6, com-
pared to the Qwen2.5VL 32B baseline, CogDriver-Agent
achieves significantly higher throughput, reaching 3410.81
input tokens/s and 391.43 output tokens/s. This high pro-
cessing speed confirms that our architecture satisfies the
strict latency constraints required for real-time autonomous
driving.

Table 6. Speed comparison of VLMs.

Model
pixels = 256 × 256, tokens = 300

Speed input (tokens/s) Speed output (tokens/s)

Qwen2.5VL 32B 970.94 168.23

CogDriver-Agent 3410.81 391.43

5.6. Qualitative Results

Fig. 4 provides a qualitative analysis of our agent’s rea-
soning process, demonstrating both decision coherence and
causal cognitive coherence.

In the ’Left Turn’ scenario (top), the agent exhibits
strong decision coherence by consistently maintaining the
high-level plan ’Left Turn’ across all frames, avoiding the
decision jitter common in reactive models. More critically,
the figure reveals the agent’s causal cognitive coherence:
the underlying rationale is not static but evolves as the
scene unfolds. The reasoning matures from a reactive con-
cern for the ’car ahead’ (Frame 1) to a strategic, forward-
looking plan based on the ’upcoming junction’ (Frame 4).
This demonstrates a crucial capability: the agent’s internal
’story’ of why it is acting becomes more sophisticated as it
gathers more evidence. A similar evolution from immedi-
ate hazard avoidance to strategic path planning is observed
in the adverse weather scenario (bottom). This stands in
stark contrast to stateless models, whose reasoning would
remain fixated on the most immediate visual cues without
forming a coherent, evolving causal narrative. Additional
results are provided in the Appendix.

6. Conclusion

This work presents CogDriver, a comprehensive framework
for advancing interpretable and reliable autonomous driv-
ing. By introducing large-scale VLA datasets with rich,
temporally dense language annotations and proposing the
CogDriver-Agent model that distills human-like priors and
causal reasoning, we enable more context-aware and ex-



plainable driving decisions. Extensive experiments demon-
strate that our approach significantly improves performance
in safety, comfort, and explanation quality, bringing au-
tonomous vehicles closer to human-level understanding.
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7. CogDriver-Data

7.1. Human-Centric Reasoning Priors
To further enhance the interpretability and human-likeness
of the generated captions, we introduce human-centric
reasoning priors. This component incorporates explicit
prompts centered around driving rules, visual reasoning
principles, and scenario-specific heuristics, as shown in
Fig. 5b. By embedding these knowledge-driven cues, the
captioning process is steered toward producing language
and rationales that reflect the thought process and intuition
of an experienced human driver. This augmentation al-
lows the dataset to capture high-level explanations, inten-
tion recognition, and structured abstraction that go beyond
the descriptive capability of rule-based templates alone, re-
sulting in more instructive and contextually aware supervi-
sion for VLA research.

7.2. Scene-Aware Grounding
The foundation of our annotation pipeline is Scene-Aware
Grounding, a process designed to combat model hallucina-
tion by providing an objective, factual basis for all subse-
quent reasoning. To achieve this, we systematically extract
verifiable data directly from the driving logs, rather than
relying on a model to infer basic facts. As illustrated in
Fig. 5c, this includes precise map context, vehicle dynam-
ics, trajectory profiles, and the states of surrounding agents
and traffic signals. This objective information is then struc-
tured into a dedicated component of our prompt, forcing
the MLLM to condition its output on this unimpeachable
ground truth. This methodology ensures that all generated
narratives are firmly rooted in the physical reality of the
scene, drastically reducing factual errors and providing a
reliable foundation for VLA research.

7.3. Narrative Generation with Cognitive Inertia
The generation of narratives with cognitive inertia hinges on
the model’s ability to ground static principles in dynamic,
unfolding events. To enable this, we condition our power-
ful MVST-MLLM (72B) simultaneously on the structured
prompts from our scene-aware grounding and expert driv-
ing principles, and the multi-view, multi-frame video itself,
as highlighted in Fig. 5.

Crucially, unlike single-frame captioning solutions that
can only produce reactive descriptions, our method oper-
ates on temporal windows (5 frames). This is the key mech-
anism that allows the model to perceive not just a state, but a

state transition. It learns to connect the ”before” and ”after,”
enabling it to generate explanations grounded in causality
and persistent intent, the very essence of cognitive iner-
tia. For each 30-second driving scene, overlapping tem-
poral windows comprehensively sample the spatiotemporal
dynamics. The resulting output is therefore not a mere cap-
tion, but a narrative fragment that explains the current action
by linking it to past observations and future goals. Leverag-
ing large-scale distributed inference, our pipeline efficiently
produces over 227k such temporally grounded and causally
enriched narratives daily, establishing a new standard for
high-quality VLA resources.

7.4. Data Analysis

7.4.1. Environment Analysis.
Due to the large data volume and high diversity of
Bench2Drive, we primarily showcase analysis on the
Bench2Drive dataset. Fig. 6 and Fig. 7 illustrate the
structural diversity and complexity of road layouts within
Bench2Drive. As shown in Fig. 6, the dataset encompasses
a wide range of lane configurations, with most scenes fea-
turing one or two same-direction lanes and varying numbers
of opposite-direction lanes, leading to total lane counts that
are predominantly two or three, but also covering higher
numbers. This reflects a substantial spectrum of real-world
driving environments. Fig. 7 further investigates the oc-
currence of cross lanes, revealing that approximately half
of the samples contain intersecting lanes, thereby capturing
both regular and complex intersection scenarios. The break-
down of cross lane types, including left-to-right and right-
to-left vertical crossings, highlights the presence of multi-
faceted intersection designs. Collectively, these character-
istics demonstrate that Bench2Drive offers rich and chal-
lenging road structures, supporting comprehensive evalua-
tion of autonomous driving models across a diverse range
of traffic scenarios. Fig. 8 presents the joint distribution
of the number of surrounding vehicles and pedestrians per
frame alongside their minimum distance to the ego vehi-
cle, offering a comprehensive view of both scene density
and interaction complexity. The left subplot demonstrates
that frames with a larger number of vehicles are associated
with reduced minimum distances, reflecting a diverse spec-
trum of dense and potentially challenging traffic scenarios
where close-proximity interactions are common. In con-
trast, the right subplot shows that while most frames fea-
ture zero or one pedestrian, there is still a notable range of
cases with multiple pedestrians at varying distances, cap-



(a) Example of input and system prompt.

(b) Example of human-centric rules.



(c) Example of attention and ego states.

Figure 5. Prompt template and input structure for data annotation.

turing complex urban scenes where pedestrian interactions
can occur. Overall, these results highlight the dataset’s rich
diversity, spanning from dense multi-vehicle interactions to
sparse pedestrian scenarios, while also capturing the real-
istic distribution of safety-critical events, which are infre-
quent and typically occur at greater distances from the ego
vehicle.

7.4.2. Action Analysis.

Fig. 9 and Fig. 10 illustrate the distribution of ego vehicle
future actions along two key dimensions: the high-level lon-
gitudinal action category (such as accelerating, decelerat-
ing, or vehicle starting) and the fine-grained maneuver type
(such as lane keeping, lane changing, and turning), condi-
tioned on the current driving state.

Across both the nuScenes and Bench2Drive datasets,
similar trends are observed. When the ego vehicle is in
the Crawling state, Vehicle Starting is the most common fu-
ture action, reflecting typical behavior as vehicles transition
from a stop. As the current state shifts to Moderate Speed,
future actions become more evenly distributed, with Accel-
erate and Decelerate gaining prominence, indicative of dy-
namic adjustments in flowing traffic. In the Moving Fast
state, the repertoire of future actions broadens, yet the in-
cidence of Vehicle Starting diminishes significantly in both
datasets.

The right panels of each figure provide further granular-
ity, showing distributions of specific maneuvers. Here, Go
Straight overwhelmingly dominates at moderate and high
speeds, while more complex behaviors such as lane changes
and turns are less frequent. Notably, the Bench2Drive
dataset exhibits a higher proportion of lane change and turn-
ing maneuvers, particularly in low-speed states, suggest-
ing greater environmental diversity and more elaborate be-
havior annotations compared to nuScenes. Overall, these
results demonstrate both consistent trends and meaning-
ful differences across datasets, highlighting the diversity of
scene contexts and the complexity of decision-making cap-
tured within each.

7.4.3. Causal Reasoning Analysis
Fig. 11 presents word clouds of causal reasoning anno-
tations for the nuScenes (left) and Bench2Drive (right)
datasets, highlighting the core concepts and decision fac-
tors that guide autonomous driving behavior in each set-
ting. Prominent terms such as ”vehicle,” ”presence,” and
”decision” appear in both datasets, reflecting a shared em-
phasis on situational awareness and decision-making. Ad-
ditional keywords like ”pedestrian,” ”traffic light,” ”mod-
erate speed,” and ”safe distance” reveal considerations of
dynamic agents, traffic regulations, and safety constraints.
The distribution and diversity of these terms illustrate the
contextual richness and the range of challenges addressed
by causal reasoning in complex real-world scenarios across
both datasets.

7.4.4. Case Study.
Fig. 12 and Fig. 13 from the CogDriver-Bench2Drive
dataset showcase the annotation model’s scene understand-
ing capability and ability to reason effectively in complex
and challenging driving scenarios. Fig. 12 depicts a sce-
nario where the ego vehicle navigates a foggy two-lane city
road as a pedestrian crosses its path, requiring the vehicle
to proceed slowly and remain ready to stop. Additional
dynamic agents, such as a following vehicle and an on-
coming car, further complicate the scene. Fig. 13 presents
a rural road during twilight with wet conditions, reduced
visibility, and multiple hazards, including oncoming traf-
fic and cyclists. In both cases, the lack of traffic signals
and the presence of dynamic obstacles highlight the impor-
tance of cautious, context-aware planning. These examples
demonstrate the dataset’s capacity to capture realistic chal-
lenges and support the development of interpretable, safety-
focused autonomous driving models.



Figure 6. Lane number distributions in the Bench2Drive dataset. The left plot shows the distribution of main (ego-moving direction) lane
numbers, with the majority of cases having one or two lanes in the same direction. The middle plot displays the distribution of opposite-
direction lanes, where most scenarios involve a single or no opposite lane. The right plot shows the total number of lanes, indicating that
most roads in the dataset have two to three lanes in total.

Figure 7. Distribution of cross lanes in the Bench2Drive dataset. The left pie chart shows the proportion of samples with cross lanes
(has cross lane). The middle and right pie charts illustrate the existence of vertical cross lanes from right to left (cross right to left) and
from left to right (cross left to right).

Figure 8. 2D histograms visualizing the relationship between the number of objects and their minimum distance to the ego vehicle in each
image. The left plot shows the distribution for vehicles, indicating that as the number of vehicles in the scene increases, the minimum
distance to the nearest vehicle generally decreases. The right plot shows the distribution for pedestrians, where most images contain zero
or one person, and the minimum distance to the nearest person is typically large. The color bars represent the number of cases in each bin.



Figure 9. Ego vehicle’s future action at different current states on the nuScenes dataset.

Figure 10. Ego vehicle’s future action at different current states on the Bench2Drive dataset.

Figure 11. Word cloud of causal reasoning annotations on the nuScenes (left) and Bench2Drive (right) dataset.



Figure 12. A dynamic object crossing example from the CogDriver-Bench2Drive dataset is illustrated. The white box represents the
dynamic objects around the ego vehicle.



Figure 13. A hazard at side lane two ways example from the CogDriver-Bench2Drive dataset is illustrated. The white box represents the
dynamic objects around the ego vehicle.



Figure 14. A stop VQA results of CogDriver-Agent on the nuScenes dataset.



Figure 15. A left turn VQA results of CogDriver-Agent on the nuScenes dataset. The green refers to the predicted trajectory.



8. CogDriver-Agent

The training of CogDriver-Agent follows a two-stage cur-
riculum designed to first align modalities and then fine-tune
for the end-to-end driving task. This strategy effectively
leverages the frozen LLM core while ensuring stable con-
vergence.

Vision-Language Alignment. The initial stage trains
the vision encoder and a set of lightweight adapters to pro-
duce meaningful features for the frozen LLM. Using our
CogDriver-Data, the model learns to generate the ground-
truth narrative explanation from multi-view video clips and
a structured prompt, the template for which is detailed in
Fig. 16.

End-to-End VLA Fine-tuning. In the second stage, we
fine-tune the agent for the full vision-language-action task.
The vision encoder and adapters remain trainable, while the
LLM core stays frozen. The model is optimized to jointly
predict both the narrative and the future trajectory way-
points.

Figure 16. Prompt template for CogDriver-Agent.

9. Experiments

9.1. Datasets and Evaluation Metrics
The proposed CogDriver-Data encompasses open-loop
planning, closed-loop planning, and VQA tasks. We eval-
uate CogDriver-Agent on the open-loop planning task us-
ing the nuScenes benchmark, measuring planning perfor-
mance via L2 displacement errors at 1, 2, and 3 seconds,
along with the average collision rate (CR) and intersection
rate (IR). To assess performance in more realistic, inter-
active scenarios, we evaluate closed-loop planning on the

Model CI-r BL-1 BL-4 ME-R RO-L
Qwen2.5VL 72B 80.45 32.96 4.46 40.41 23.56
Qwen2.5VL 32B 76.13 25.86 2.82 29.36 20.77
Qwen2.5VL 7B 76.93 32.46 3.95 44.46 23.11
Qwen2.5VL 3B 73.41 29.59 3.50 46.70 23.48
LLava-next 72B 84.14 33.98 5.28 42.44 23.87
CogDriver-Agent 86.67 36.40 7.52 47.58 27.87

Table 7. Performance comparison on the OmniDrive dataset [40].
CogDriver-Agent outperforms prior works in all metrics.

Bench2Drive dataset using Driving Score, Success Rate,
Efficiency, and Comfortness. To further probe the model’s
scene understanding and reasoning capabilities, we assess
its performance on our driving VQA dataset after instruc-
tion tuning. For VQA evaluation, we adopt standard met-
rics: CIDEr (CI-r), BLEU-1 (BL-1), BLEU-4 (BL-4), ME-
TEOR (ME-R), ROUGE-L (RO-L), Precision, and Recall,
ensuring a comprehensive analysis of language understand-
ing and multimodal alignment.

9.2. Ablation Study
9.2.1. Generalizability on OmniDrive Dataset.
Table 7 presents a comprehensive evaluation of CogDriver-
Agent against state-of-the-art multimodal models on the
OmniDrive dataset. Our model establishes new benchmarks
across all evaluation metrics, achieving a CIDEr score of
86.67, representing a 3.0% improvement over the previous
best model LLaVa-next 72B. The BLEU-1 score of 36.40
demonstrates an even more substantial 7.1% gain, while
the BLEU-4 score shows a remarkable 42.4% improve-
ment. The performance advantage is particularly notable
when comparing models of similar scale. Our model out-
performs Qwen2.5VL 3B by 18.1% in CIDEr and 23.0% in
BLEU-1, despite identical model sizes. More significantly,
our solution surpasses much larger 72B parameter models,
exceeding Qwen2.5VL 72B by 7.7% in CIDEr and LLaVa-
next 72B by 3.0% in the same metric. This comprehen-
sive performance advantage demonstrates that CogDriver-
Agent’s architectural innovations deliver superior results re-
gardless of model scale, establishing new state-of-the-art
performance for autonomous driving applications.

9.3. Qualitative Results
Fig. 14 and Fig. 15 showcase the VQA results of
CogDriver-Agent on the nuScenes dataset for two distinct
urban intersection scenarios. In Fig. 14, the ego vehicle
identifies the presence of pedestrians crossing from both di-
rections and makes an interpretable, safety-oriented deci-
sion to stop, demonstrating strong scene understanding and
adherence to traffic rules. Fig. 15 presents a left turn sce-
nario where the agent recognizes a green traffic light and



Figure 17. Qualitative comparison of decision coherence.

clear road markings, and cautiously executes a slow left turn
while monitoring a vehicle ahead. Together, these examples
highlight the model’s ability to integrate static and dynamic
scene information, perform causal reasoning, and generate
reliable, context-aware actions in complex real-world traffic
situations.

Fig. 17 visualizes the causal alignment between deci-
sions and trajectories. While the baseline (Omni-Q) suf-
fers from severe instability, erratically flipping between “Go
Straight” and “Right Turn”, CogDriver-Agent demonstrates
robust Cognitive Inertia. Our CogDriver-Agent maintains
a consistent, long-term driving intent that aligns perfectly
with the Ground Truth, proving its ability to generate sta-
ble, causally grounded plans despite visual fluctuations.
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