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Abstract

Recent advances in vision-language models (VLMs) have
demonstrated impressive spatial reasoning capabilities for au-
tonomous driving, yet existing methods predominantly fo-
cus on static scene understanding while neglecting the es-
sential temporal dimension of real-world driving scenar-
ios. To address this critical limitation, we propose the Om-
niReason framework, which establishes robust spatiotem-
poral reasoning by jointly modeling dynamic 3D environ-
ments and their underlying decision-making processes. Our
work makes two fundamental advances: (1) We introduce
OmniReason-Data, two large-scale vision-language-action
(VLA) datasets with dense spatiotemporal annotations and
natural language explanations, generated through a novel
hallucination-mitigated auto-labeling pipeline that ensures
both physical plausibility and temporal coherence; (2) We
develop the OmniReason-Agent architecture, which inte-
grates a sparse temporal memory module for persistent scene
context modeling and an explanation generator that pro-
duces human-interpretable decision rationales, facilitated by
our spatiotemporal knowledge distillation approach that ef-
fectively captures spatiotemporal causal reasoning patterns.
Comprehensive experiments demonstrate state-of-the-art per-
formance, where OmniReason-Agent achieves significant im-
provements in both open-loop planning tasks and visual ques-
tion answering (VQA) benchmarks, while establishing new
capabilities for interpretable, temporally-aware autonomous
vehicles operating in complex, dynamic environments.

Introduction
End-to-end (E2E) learning has rapidly become a founda-
tional paradigm for autonomous driving, facilitating the
joint optimization of perception, prediction, and planning
within a unified framework (Zhou et al. 2024; Chen et al.
2024c). Leveraging large-scale driving datasets, these mod-
els are capable of learning driving policies directly from
raw sensor data, delivering impressive performance across
a spectrum of real-world scenarios. However, despite these
achievements, current E2E approaches encounter persistent
challenges: they often struggle to generalize to rare long-
tail events, exhibit insufficient comprehension of high-level
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scene semantics, and lack the adaptive, interpretable reason-
ing skills required in open-world environments (Chen et al.
2024b).

Simultaneously, the advent of large language models
(LLMs) and vision-language models (VLMs) has under-
scored their remarkable abilities in in-context learning, com-
monsense reasoning, and generalization beyond the train-
ing distribution. These emergent capabilities present a tan-
talizing opportunity for enhancing the intelligence and ro-
bustness of autonomous driving systems, especially when
confronted with the demanding complexities of real-world,
safety-critical deployment. (Liu et al. 2024b; Zhou and
Knoll 2024). However, directly applying existing VLMs to
autonomous driving presents significant challenges. Most
VLMs are primarily optimized for static 2D vision-language
tasks, which limits their capacity for spatial reasoning and
comprehensive scene understanding in rich, dynamic 3D
driving environments (Radford et al. 2021; Zhai et al. 2023).
More critically, the absence of explicit temporal model-
ing mechanisms prevents these models from effectively rea-
soning about interactions, motion, and causal relationships
as they unfold over time (Zhou et al. 2025). In addition,
their tendency to produce hallucinated or unreliable de-
scriptions undermines the overall trustworthiness needed for
high-stakes autonomous applications (Zhang et al. 2025; Xu,
Jain, and Kankanhalli 2024). Consequently, a major techni-
cal challenge emerges: How can we effectively leverage the
generalization and reasoning capabilities of large-scale
VLMs to develop Vision-Language-Action (VLA) frame-
works that generate reliable, temporally coherent, and
interpretable driving actions in rapidly changing real-
world conditions?

We introduce OmniReason-Data, which comprises
two large-scale, human-like VLA datasets: OmniReason-
nuScenes and OmniReason-Bench2Drive that provide
rich, temporally dense annotations integrating human prior
knowledge, causal reasoning chains, and scene-aware de-
scriptions across diverse and challenging driving scenarios.
Leveraging multimodal supervision and natural language
rationales, OmniReason advances the realism, interpretabil-
ity, and coverage of autonomous driving benchmarks, laying
a strong foundation for scene understanding and action
generation research.
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Figure 1: Annotation pipeline. We adopt a rule-based QA labeling pipeline, where the ground truth annotations in nuScenes and
Bench2Drive are used. A critical part of our pipeline is the ground truth elements, which contain environment, objects, action,
and trajectory, guaranteeing high data quality at spatiotemporal understanding and reasoning.

Building upon these datasets, we further propose
OmniReason-Agent, a novel E2E VLA model that is ex-
plicitly designed to leverage the multifaceted supervision
present in OmniReason datasets. Crucially, OmniReason-
Agent encodes and injects human-like priors and spatiotem-
poral causal reasoning throughout the entire perception,
planning, and action pipeline via a knowledge distillation
framework. By distilling structured rationales, scene anal-
yses, and expert decision patterns from the comprehensive
OmniReason datasets into the agent, our model can inter-
nalize human-centric knowledge and causal inference, re-
sulting in more interpretable, reliable, and context-aware au-
tonomous driving behavior. Extensive experiments and ab-
lation studies demonstrate that this approach achieves state-
of-the-art results across metrics of safety, comfort, and in-
terpretability, substantially narrowing the gap between au-
tonomous driving systems and experienced human drivers in
both decision quality and explanation capability. Our contri-
butions are summarized as follows:

• We introduce OmniReason-nuScenes and OmniReason-
Bench2Drive, two comprehensive VLA datasets that em-
phasize causal reasoning grounded in both spatial and
temporal context across diverse and complex driving sce-
narios. By integrating human prior knowledge, step-wise
reasoning over dynamic scenes, and detailed context-
aware descriptions, OmniReason establishes a new stan-
dard for interpretability and realism in autonomous driv-
ing research.

• Our novel template-driven annotation framework is built
upon structured scene analysis, enabling the automated
generation of high-quality and interpretable language-
action pairs for diverse driving scenarios. This approach
ensures accurate supervision, mitigates hallucination ar-
tifacts, and delivers rich multimodal rationales that are

well-suited for both model training and thorough evalua-
tion.

• We design OmniReason-Agent, an E2E VLA architec-
ture that infuses temporal 3D knowledge and causal rea-
soning via a knowledge distillation framework. This en-
ables the agent to internalize expert decision patterns and
natural language rationales, resulting in context-aware
and highly interpretable autonomous driving behavior.

• Extensive experiments and ablation studies on open-
loop planning and driving visual question answering
(VQA) benchmarks demonstrate that OmniReason-Data
and OmniReason-Agent achieve state-of-the-art results
in safety, comfort, and explanation quality. Our approach
significantly narrows the gap between autonomous ve-
hicles and human-driven vehicles, enhancing reliability
and understanding in real-world autonomous driving sce-
narios.

Related Work
Language-enhanced Dataset for Autonomous
Driving
Current dataset evolution demonstrates a clear trajectory
from single-task annotation (e.g., object recognition) toward
comprehensive scene understanding, incorporating multi-
sensor streams and addressing complex challenges like mo-
tion prediction and E2E driving. Recent breakthroughs in
LLMs have spurred the creation of vision-language driving
datasets aiming to capture environmental semantics and ac-
tion rationales (Li et al. 2023; Liu et al. 2024b). BDD-X
(Kim et al. 2018) pioneers free-form captions explaining
ego-vehicle motivations, while BDDOIA (Xu et al. 2020)
provides closed-form explanations for object-induced re-
sponses. DRAMA (Malla et al. 2023) extends this with risk-



Dataset Vision Data Language Data Action Data Reason Weat Road Trfc. Trfc. Trfc. Sur. Obj.
M.V. Temporal VQA Auto. Type -ing -her Type Flow Light Sign Obj. Pos.

Talk2Car (Deruyttere et al. 2019) % % % % Traj. % % % % % % ! %

T2C-Traj (Deruyttere et al. 2022) % % % % Traj., Command % % % % % % ! %

DriveLM-nuScenes (Sima et al. 2024) % % ! % Traj. ! % % % % % ! %

DriveLM-CARLA (Sima et al. 2024) ! % ! ! Traj. ! % % % % % ! %

DRAMA (Malla et al. 2023) % ! ! ! Command ! % ! % ! ! ! %

Rank2Tell (Sachdeva et al. 2024) % ! % ! Command ! % % % ! % ! !

Reason2Drive (Nie et al. 2024) % % ! ! Command ! % % % % % ! %

Omnidrive (Wang et al. 2025) ! % ! ! Traj. ! % ! % ! ! ! !

CoVLA (Arai et al. 2025) % % % ! Traj. % ! % % ! % ! %

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

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

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.

aware annotations and safety-critical commands. OpenDV-
2K (Yang et al. 2024) scales up through automatically gen-
erated text-driven action pairs from public videos. How-
ever, these resources primarily offer high-level discrete com-
mands without precise trajectory specifications essential for
detailed maneuver representation.

Emerging datasets like HAD (Kim et al. 2019), Talk2Car
(Deruyttere et al. 2019), Talk2Car-Trajectory (Deruyttere
et al. 2022), DriveLM (Sima et al. 2024), Omnidrive (Wang
et al. 2025), and CoVLA (Arai et al. 2025) attempt to ad-
dress this gap by incorporating trajectory-level action anno-
tations. Despite these efforts, their limited diversity in tem-
poral and spatial driving scenarios restricts the ability to
fully evaluate and train robust VLA models with compre-
hensive causal reasoning capabilities. A thorough compari-
son between existing prompt-based driving datasets and ours
is summarized in Table 1.

MLLMs Grounded Autonomous Driving
Recent research in autonomous driving has witnessed grow-
ing interest in leveraging multimodal large language models
(MLLMs) through diverse architectural paradigms. Prompt-
based approaches such as GPT-Driver (Mao et al. 2023a)
and LLM-Driver (Chen et al. 2024a) operationalize scene
understanding by encoding perceptual states into textual
prompts for high-level planning, while E2E frameworks
like DriveGPT4 (Xu et al. 2024) directly tokenize raw sen-
sor inputs to predict control signals. Hybrid architectures
exemplified by LMDrive (Shao et al. 2024), DriveMLM
(Wang et al. 2023b), and CarLLaVA (Renz et al. 2024)
employ cascaded designs that bridge visual encoders with
specialized control decoders through intermediate feature
fusion. Despite these methodological advancements, exist-
ing systems exhibit inherent limitations in modeling causal
relationships between dynamic environmental stimuli and
vehicular responses, a critical capability for explainable
decision-making in complex scenarios. Our work addresses
this gap by integrating vision-language models with causal
reasoning question-answering mechanisms, establishing an
interpretable framework that reasons through spatiotempo-
ral dependencies rather than surface-level correlations. This

approach uniquely enables zero-shot E2E planning capa-
bilities, advancing beyond conventional stimulus-response
mappings demonstrated in prior studies (Han et al. 2025;
Mao et al. 2023b; Marcu et al. 2023; Pan et al. 2024; Seff
et al. 2023; Yuan et al. 2024) through explicit grounding in
causal-temporal reasoning principles.

OmniReason-Data
We propose OmniReason-nuScenes and OmniReason-
Bench2Drive, two datasets founded on spatiotemporal
causal reasoning within the nuScenes and Bench2Drive
frameworks. These datasets comprise high-quality VQA
pairs that encompass static and dynamic captions, as well
as causal reasoning and action within a four-dimensional
domain. OmniReason leverages human-prior knowledge,
scene-aware spatial ground truth, multi-view streams, and
MLLMs for spatiotemporal understanding and causal rea-
soning, as illustrated in Fig. 1.

Data Annotation Pipeline
As illustrated in Fig. 1, our data annotation pipeline is de-
signed to construct OmniReason through a unified, scene-
aware VQA paradigm that tightly integrates human prior
knowledge, task decomposition, and large language model
reasoning. The process starts with synchronized multi-
view video streams, comprehensive object-level spatial an-
notations, and ego-vehicle state captured from globally-
sourced benchmarks (nuScenes (Caesar et al. 2020) and
Bench2Drive (Jia et al. 2024)). These raw data sources are
parsed into an ego-centric temporal database that serves as
the foundation for downstream annotation. Each frame is or-
ganized around the driving context and encodes granular in-
formation such as environment descriptors, static and dy-
namic objects, action, and trajectory, mirroring the rich spa-
tial and temporal signals observed by human drivers.

On top of this structured database, we apply meticu-
lously crafted, rule-based and principle-based templates, re-
flecting human prior driving knowledge and explicit rea-
soning focuses, to guide the generation of language-action
pairs. Our framework encompasses scenario-level prompts
that instruct the model to analyze the driving context from



Figure 2: OmniReason harnesses the power of open-source pre-trained language foundation models to generate context-aware
driving actions by integrating 3D environmental perception, real-time ego vehicle states, and natural language driver commands.
This multimodal integration enables the system to achieve state-of-the-art performance across both open-loop trajectory plan-
ning and complex vision-language driving tasks, effectively demonstrating its dual capabilities in precise motion generation
and sophisticated scene understanding. The model’s strong performance highlights its ability to bridge perceptual inputs with
actionable driving decisions while maintaining robust reasoning about dynamic traffic scenarios.

multiple perspectives, such as environment understanding,
static scene analysis, dynamic object analysis, and action-
trajectory planning. The Qwen2.5VL 72B (Bai et al. 2025)
multimodal language model then receives these multi-view
spatial and temporal inputs, structured prompts, and explicit
human-like task requirements. As visualized in Fig. 1, the
model is tasked with generating not only accurate scene de-
scriptions but also multi-step causal chains that explicate
how agent behavior, environmental context, and regulatory
factors interact over time.

Our pipeline systematically integrates spatiotemporal un-
derstanding, causal reasoning, and future action to gener-
ate comprehensive annotation outputs featuring both fine-
grained scene analysis and interpretable chain-of-thought ra-
tionales firmly grounded in observational data. The gener-
ated samples are structured through carefully designed ques-
tion templates to produce diverse VQA pairs that are both
robust against hallucination and highly informative for au-
tonomous driving model training and evaluation. This ap-
proach ensures the resulting dataset captures rich temporal
dynamics and causal relationships while maintaining strict
alignment with real-world driving scenarios. More details
and additional analyses are provided in Appendix A.

OmniReason-Agent
We further present OmniReason-Agent, an E2E autonomous
driving framework that unifies vision-language understand-
ing with actionable trajectory generation through three co-
ordinated components, as depicted in Fig. 2. The pipeline
first encodes multi-view camera inputs into spatiotemporal
tokens via a hierarchical vision backbone, where our sparse
temporal memory module employs memory-compressed

Figure 3: The sparse temporal model employs an iterative
architecture where object queries dynamically interact with
hybrid queries and multi-view image features for progres-
sive feature refinement. PE denotes Position Embedding.

queries to aggregate long-range visual context while reduc-
ing computational complexity. The VLM reasoning core
then processes the distilled scene features alongside histori-
cal driving states and natural language instructions, execut-
ing real-time decision-making through a frozen VLM aug-
mented with lightweight adapters.

Sparse Temporal Memory Module
As illustrated in Fig. 3, the temporal modeling architec-
ture integrates motion compensation, memory-aware feature



propagation, and multi-modal fusion through three synergis-
tic components, inspired by (Wang et al. 2023a). The center
of this framework is the motion-aware normalization mod-
ule, which dynamically adapts object states by encoding spa-
tiotemporal context via the transformation:

Et
t−1 = Et · Et−1, (1)

Qt
p = Et

t−1 · Qt−1
p , (2)

where Et
t−1 represents the ego-motion transformation matrix

between consecutive frames, and Qt
p denotes the temporally

aligned 3D object centers from historical observations. This
geometric alignment is enhanced through conditional affine
transformations that parameterize motion attributes (v,△t)
into normalization coefficients:

α = ξ1(Et
t−1, v,△t), (3)

β = ξ2(Et
t−1, v,△t), (4)

modulating both position encodings and contextual features
as:

Qt
pe = α · LN(ψ(Qt

p)) + β, (5)

Qt
c = α · LN(Qt

c) + β, (6)
where ψ denotes an MLP that projects aligned coordi-
nates into positional embeddings, and LN means layer nor-
malization. The hybrid attention mechanism then estab-
lishes temporal coherence by propagating object queries
across frames. Perception queries Qc merge with propagated
queries Qm to form a compact interaction space:

Q
′
=MHA([Qm,Qc], [Qm,Qc], [Qm,Qc]), (7)

where MHA means multi-head attention, enabling efficient
attention queries while suppressing redundant detections.
Cross-modal aggregation subsequently fuses image features
Fimg with temporal object queries via:

Q
′
= CA([Qm,Qc],Qt

pe + Fimg,Fimg), (8)

where CA stands for cross-attention. The attention mecha-
nism is architecturally agnostic—compatible with global at-
tention from PETR (Liu et al. 2022) or projective attention
from DETR3D (Wang et al. 2022). This triad of components
achieves temporally consistent perception by (1) compen-
sating ego-motion through geometric alignment, (2) prop-
agating object states via memory-conditioned normaliza-
tion, and (3) maintaining cross-frame identity through query
propagation. The unified design ensures stable object tra-
jectories under complex scenarios involving occlusion and
abrupt motion changes.

Training Objectives
The proposed model employs a composite loss function to
jointly optimize 3D object detection and structured scene
understanding. The detection objective combines categorical
recognition and spatial localization through two key terms:
the classification loss Lcls for object categories is formu-
lated via Focal Loss, while the regression loss Lreg for 3D
bounding box coordinates adopts an L1 formulation encod-
ing 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, (9)

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. (10)

Experiments
Datasets and Evaluation Metrics
The proposed OmniReason dataset encompasses open-loop
planning, closed-loop planning, and VQA tasks. We evalu-
ate OmniReason-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) over the prediction horizon. To further probe the
model’s scene understanding and reasoning capabilities, we
assess its performance on our driving VQA dataset after in-
struction tuning. For VQA evaluation, we adopt standard
metrics: CIDEr (CI-r), BLEU-1 (BL-1), BLEU-4 (BL-4),
METEOR (ME-R), ROUGE-L (RO-L), Precision, and Re-
call, ensuring a comprehensive analysis of language under-
standing and multimodal alignment.

Implementation Details
All experiments are conducted using 128 NVIDIA H20
GPUs, each with 96GB of memory. For visual feature ex-
traction, we employ EVA-02-L (Fang et al. 2024) as our
vision encoder, which is pretrained through masked image
modeling with knowledge distillation from CLIP (Radford
et al. 2021). This approach ensures strong alignment be-
tween visual features and language representations. LLaVA
v1.5 (Liu et al. 2024a) serves as our base model, and we
adopt the same dataset composition and training configu-
ration for the 2D pretraining phase. During the fine-tuning
stage, we optimize the model using AdamW (Loshchilov
and Hutter 2016) with a batch size of 16. We apply differ-
entiated 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
pretrained knowledge. The entire fine-tuning process utilizes
a cosine annealing schedule to maintain training stability
and achieve optimal convergence.

Open-Loop Trajectory Planning Task
Table 2 presents a detailed comparison of open-loop plan-
ning methods on the nuScenes dataset. The proposed
OmniReason-Agent achieves the lowest average L2 distance
of 0.34 m, matching the top-performing ORION method and
outperforming other baselines such as BEV-Planner with



Method L2 (m) ↓ CR (%) ↓ IR (%) ↓
1s 2s 3s Avg. 1s 2s 3s Avg. 1s 2s 3s Avg.

ST-P3 (Hu et al. 2022) 1.59 2.64 3.73 2.65 0.69 3.62 8.39 4.23 2.53 8.17 14.4 8.37
VAD-Base (Jiang et al. 2023) 0.69 1.22 1.83 1.25 0.06 0.68 2.52 1.09 1.02 3.44 7.00 3.82
BEV-Planner (Li et al. 2024b) 0.30 0.52 0.83 0.55 0.10 0.37 1.30 0.59 0.78 3.79 8.22 4.26
DriveVLM† (Tian et al. 2024) 0.18 0.34 0.68 0.40 0.10 0.22 0.45 0.27 - - - -
Senna (Jiang et al. 2024) 0.26 0.42 0.61 0.43 0.05 0.11 0.21 0.12 - - - -
Omni-L (Wang et al. 2025) 1.43 2.34 3.24 2.34 0.23 1.47 4.00 1.90 0.90 2.82 6.16 3.29
Omni-Q 1.15 1.96 2.84 1.98 0.80 3.12 7.46 3.79 1.66 3.86 8.26 4.59
ORION (Fu et al. 2025) 0.17 0.31 0.55 0.34 0.05 0.25 0.80 0.37 - - - -
OmniReason-Agent 0.15 0.31 0.57 0.34 0.04 0.18 0.98 0.40 0.61 2.75 6.19 3.18

Table 2: Comparisons of open-loop planning results on the nuScenes dataset. † indicates models where both ego status and
trajectory planning are processed through textual modality using LLMs, while ‡ denotes the exclusion of high-level command
inputs during training and inference. All compared approaches maintain fair evaluation standards by avoiding explicit ego status
disclosure in their generative planners.

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

Qwen2.5VL 72B (Bai et al. 2025) 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 (Team 2024) 57.10 25.76 4.46 31.81 26.56 78.60 8.21 1.67 83.38 22.60
InternVL3 14B (Zhu et al. 2025) 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 (Li et al. 2024a) 53.54 4.71 0.47 76.09 15.63 60.08 5.35 0.63 78.53 17.51
OmniReason-Agent 92.39 51.54 14.45 64.45 32.75 95.46 47.25 18.06 58.78 36.99

Table 3: Comparison of VQA performance conducted on the OmniReason-nuScenes and OmniReason-Bench2Drive datasets.
The results show that OmniReason-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.

0.55 m, DriveVLM with 0.40 m, and VAD-Base with 1.25 m.
In terms of collision rate, OmniReason-Agent attains an av-
erage value of 0.40%, which is slightly higher than Senna’s
best result of 0.12% and ORION’s 0.37%, but remains lower
than most other baselines. For infraction rate, OmniReason-
Agent sets a new state-of-the-art with an average of 3.18%,
outperforming all previous methods reporting this metric,
including BEV-Planner with 4.26%, VAD-Base with 3.82%,
and Omni-Q with 4.59%. Across all evaluated horizons,
OmniReason-Agent demonstrates superior or highly com-
petitive 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.

Driving Visual Question Answering Task
As shown in Table 3, OmniReason-Agent achieves
significant performance improvements across all met-
rics on both OmniReason-nuScenes and OmniReason-
Bench2Drive benchmarks compared to state-of-the-art
open-source MLLMs. On OmniReason-nuScenes, our
method demonstrates particularly 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, respectively. The performance
on OmniReason-Bench2Drive remains consistently supe-
rior, with OmniReason-Agent achieving 9.0%, 53.6%, and
210.8% relative improvements in CIDEr, BLEU-1, and
BLEU-4 metrics over the best baseline. Notably, these
substantial advances are consistently reflected across both
datasets in the ROUGE-L metric as well. These compre-
hensive results not only validate OmniReason-Agent’s en-
hanced multimodal reasoning capabilities but also estab-
lish new state-of-the-art performance for VQA tasks in au-
tonomous driving scenarios.

Ablation Study
Analysis on Different Language Components. Table
4 presents a detailed evaluation of OmniReason-Agent’s
performance across different language components in the
OmniReason-nuScenes dataset. The complete configuration,
incorporating environment description, dynamic and static
objects, reasoning, and action components, achieves the
strongest results, with the highest BLEU-1 score of 51.54,
precision of 53.32, and recall of 55.19. Notably, the inclu-
sion of environment description alone improves the BLEU-
1 score by 7.6% compared to the baseline configuration,
demonstrating the importance of contextual understanding.



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 4: Ablation study on the OmniReason-nuScenes dataset. We assess OmniReason-Agent’s performance with different
language components 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.

Temporal VQA Open-Loop
Memory 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

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

Incorporating dynamic object descriptions is especially ben-
eficial for safety, resulting in the lowest collision rate of
0.37. Across all configurations, L2 error remains stable at
0.34, highlighting the model’s robust trajectory prediction.
Moreover, incorporating environment description and static
scene analysis leads to the lowest intersection rate of 3.08,
suggesting that comprehensive spatial context significantly
enhances the model’s ability to anticipate and safely navi-
gate complex intersection scenarios. These results demon-
strate OmniReason-Agent’s comprehensive scene under-
standing capabilities, with particularly strong performance
in handling dynamic scenarios and integrating environmen-
tal context. The systematic component-wise evaluation pro-
vides valuable insights into the model’s strengths across di-
verse driving situations and task requirements.

Effectiveness on Temporal Memory Module. Table 5
presents the results of the ablation study on the sparse
temporal memory module. Introducing the temporal mem-
ory module leads to improvements in open-loop driving, as
shown by decreases in L2 distance, collision rate, and inter-
section rate when compared to the baseline without memory.
Specifically, L2 distance is reduced from 0.38 to 0.34, col-
lision rate decreases from 0.44 to 0.40, and intersection rate
drops from 3.65 to 3.18. While there is a slight reduction
in VQA BL-1 and precision, the recall improves, indicating
that the model becomes more sensitive to relevant tempo-
ral information. These results demonstrate that the tempo-
ral memory module enhances sequential reasoning and con-
tributes to more accurate and safer driving performance.

Qualitative Results
Action Generation and Causal Reasoning. Fig. 4 demon-
strates OmniReason’s capabilities in scene understanding,

action generation, and causal reasoning. From the results,
OmniReason not only accurately perceives detailed scene
information and identifies key objects that influence the be-
havior of the ego vehicle, but also effectively models human
priors and infers appropriate motion decisions. Additional
results are provided in Appendix B. These findings indi-
cate that, even in extreme situations, our model consistently
maintains robust performance, further highlighting its supe-
rior reasoning and decision-making abilities.

Figure 4: Environment description, action & trajectory, and
causal reasoning VQA results of OmniReason-Agent on the
nuScenes dataset. The green refers to the predicted trajec-
tory.



Conclusion
This work presents OmniReason, a comprehensive frame-
work for advancing interpretable and reliable autonomous
driving. By introducing large-scale VLA datasets with rich,
temporally dense language annotations and proposing the
OmniReason-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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A OmniReason-Data
A.1 Scene-Aware Spatial Captioning
Manual caption annotation for VLA datasets in autonomous
driving is prohibitively time-consuming, costly, and not fea-
sible for large-scale deployment. Meanwhile, relying solely
on standard large model-based captioning can lead to hal-
lucinated and weakly grounded descriptions, which under-
mines dataset reliability. To address these challenges, as il-
lustrated in Fig. 1, we propose an automated spatial caption-
ing pipeline that begins with a rule-based annotation stage.
Here, structured templates leverage rich scene cues, such
as map context, vehicle dynamics, trajectory profiles, sur-
rounding agents, and traffic signals, to generate detailed,
context-aware captions for every video frame. This pro-
cess ensures scalability, consistency, and robust ground-
ing, while substantially reducing hallucination compared to
naı̈ve large-model captioning, thus laying a reliable founda-
tion for large-scale autonomous driving datasets.

A.2 Human-Prior Knowledge Guided
To further enhance the interpretability and human-likeness
of the generated captions, we introduce a human-prior
knowledge guided stage. This component incorporates ex-
plicit prompts centered around driving rules, visual reason-
ing principles, and scenario-specific heuristics, as shown at
the top of Fig. 1. By embedding these knowledge-driven
cues, the captioning process is steered toward producing lan-
guage and rationales that reflect the thought process and in-
tuition of an experienced human driver. This augmentation
allows 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.

A.3 MLLM-based Temporal Reasoning
Building on the robust grounding provided by scene-aware
spatial annotations and human-prior knowledge cues, we en-
hance temporal coherence and causal understanding through
MLLM-based captioning. As highlighted in Fig. 1, both the
scene-aware spatial ground truth and Human-Prior Knowl-
edge are formatted as structured prompts and fed directly
into the Qwen2.5-VL-72B model alongside multi-view,
multi-frame video segments. Unlike single-frame captioning
solutions such as OpenDV-2K or BLIP-2, our method oper-
ates on 5-frame video windows, capturing the temporal evo-
lution of the environment, agent interactions, and sequential
decision-making processes that are critical for autonomous
driving. For each 30-second driving scene, the video is par-
titioned into overlapping temporal windows, comprehen-
sively sampling both spatial and temporal dynamics, and
providing rich contextual information for the MLLM to rea-
son over. This design allows the model to generate cap-
tions that not only describe the current state of the environ-
ment but also integrate causal reasoning, future intent, and
contextual understanding derived from human-like prompts
and scene-aware cues. Leveraging large-scale distributed in-
ference with 128 NVIDIA H20 GPUs, our pipeline effi-

ciently produces over 22.7 w temporally grounded, causally
enriched, and linguistically diverse captions within a sin-
gle day, dramatically scaling up high-quality annotation re-
sources while faithfully reflecting the complexity and rea-
soning demands of real-world driving scenarios.

A.4 Data Analysis
Environment Analysis. Due to the large data volume and
high diversity of Bench2Drive, we primarily showcase anal-
ysis on the Bench2Drive dataset. Fig. 5 and Fig. 6 illus-
trate the structural diversity and complexity of road layouts
within Bench2Drive. As shown in Fig. 5, the dataset en-
compasses a wide range of lane configurations, with most
scenes featuring one or two same-direction lanes and vary-
ing 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. 6 further investigates the
occurrence 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 characteris-
tics demonstrate that Bench2Drive offers rich and challeng-
ing road structures, supporting comprehensive evaluation of
autonomous driving models across a diverse range of traf-
fic scenarios. Fig. 7 presents the joint distribution of the
number of surrounding vehicles and pedestrians per frame
alongside their minimum distance to the ego vehicle, offer-
ing a comprehensive view of both scene density and interac-
tion complexity. The left subplot demonstrates that frames
with a larger number of vehicles are associated with reduced
minimum distances, reflecting a diverse spectrum of dense
and potentially challenging traffic scenarios where close-
proximity interactions are common. In contrast, the right
subplot shows that while most frames feature zero or one
pedestrian, there is still a notable range of cases with multi-
ple pedestrians at varying distances, capturing complex ur-
ban scenes where pedestrian interactions can occur. Over-
all, these results illustrate that the dataset encompasses a
wide variety of real-world driving situations, from highly
dynamic multi-vehicle environments to scenes with sparse
or clustered pedestrian activity, thus supporting robust eval-
uation of autonomous driving systems under both common
and challenging conditions.relatively rare, with most occur-
ring at greater distances from the ego vehicle.

Action Analysis. Fig. 8 and Fig. 9 illustrate the distribu-
tion of ego vehicle future actions along two key dimensions:
the high-level longitudinal action category (such as acceler-
ating, decelerating, or vehicle starting) and the fine-grained
maneuver type (such as lane keeping, lane changing, and
turning), conditioned on the current driving state.

Across both the nuScenes and Bench2Drive datasets, sim-
ilar trends are observed. When the ego vehicle is in the
Crawling state, Vehicle Starting is the most common future
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 Accelerate
and Decelerate gaining prominence, indicative of dynamic
adjustments in flowing traffic. In the Moving Fast state, the
repertoire of future actions broadens, yet the incidence 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, suggesting
greater environmental diversity and more elaborate behav-
ior annotations compared to nuScenes. Overall, these results
demonstrate both consistent trends and meaningful differ-
ences across datasets, highlighting the diversity of scene
contexts and the complexity of decision-making captured
within each.

Causal Reasoning Analysis Fig. 10 presents word clouds
of causal reasoning annotations for the nuScenes (left) and
Bench2Drive (right) datasets, highlighting the core con-
cepts and decision factors that guide autonomous driving
behavior in each setting. Prominent terms such as ”vehi-
cle,” ”presence,” and ”decision” appear in both datasets,
reflecting a shared emphasis on situational awareness and
decision-making. Additional keywords like ”pedestrian,”
”traffic light,” ”moderate 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 chal-
lenges addressed by causal reasoning in complex real-world
scenarios across both datasets.

Case Study. Fig. 11 and Fig. 12 from the OmniReason-
Bench2Drive dataset showcase the annotation model’s scene
understanding capability and ability to reason effectively in
complex and challenging driving scenarios. Fig. 11 depicts
a scenario where the ego vehicle navigates a foggy two-lane
city road as a pedestrian crosses its path, requiring the vehi-
cle to proceed slowly and remain ready to stop. Additional
dynamic agents, such as a following vehicle and an oncom-
ing car, further complicate the scene. Fig. 12 presents a ru-
ral road during twilight with wet conditions, reduced visi-
bility, and multiple hazards, including oncoming traffic and
cyclists. In both cases, the lack of traffic signals and the
presence of dynamic obstacles highlight the importance of
cautious, context-aware planning. These examples demon-
strate the dataset’s capacity to capture realistic challenges
and support the development of interpretable, safety-focused
autonomous driving models.

B Additional Results
B.2 Ablation Study
Generalizability on OmniDrive Dataset. Table 6
presents a comprehensive evaluation of OmniReason-Agent
against state-of-the-art multimodal models on the Om-
niDrive 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% improvement.
The performance advantage is particularly notable when
comparing models of similar scale. Our model outperforms
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 comprehensive
performance advantage demonstrates that OmniReason-
Agent’s architectural innovations deliver superior results
regardless of model scale, establishing new state-of-the-art
performance for autonomous driving applications.

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
OmniReason-Agent 86.67 36.40 7.52 47.58 27.87

Table 6: Performance comparison on the OmniDrive dataset
(Wang et al. 2025). OmniReason-Agent outperforms prior
works in all metrics.

B.1 Qualitative Results
Fig. 13 and Fig. 14 showcase the VQA results of
OmniReason-Agent on the nuScenes dataset for two dis-
tinct urban intersection scenarios. In Fig. 13, the ego vehi-
cle identifies the presence of pedestrians crossing from both
directions and makes an interpretable, safety-oriented deci-
sion to stop, demonstrating strong scene understanding and
adherence to traffic rules. Fig. 14 presents a left turn sce-
nario where the agent recognizes a green traffic light and
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.



Figure 5: 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 same-direction lanes. 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 6: 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 7: 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 8: Ego vehicle’s future action at different current states on the nuScenes dataset.

Figure 9: Ego vehicle’s future action at different current states on the Bench2Drive dataset.



Figure 10: Word cloud of causal reasoning annotations on the nuScenes (left) and Bench2Drive (right) dataset.

Figure 11: A dynamic object crossing example from the OmniReason-Bench2Drive dataset is illustrated. The white box repre-
sents the dynamic objects around the ego vehicle.



Figure 12: A hazard at side lane two ways example from the OmniReason-Bench2Drive dataset is illustrated. The white box
represents the dynamic objects around the ego vehicle.



Figure 13: A stop VQA results of OmniReason-Agent on the nuScenes dataset.



Figure 14: A left turn VQA results of OmniReason-Agent on the nuScenes dataset. The green refers to the predicted trajectory.


