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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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