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Figure 1. Overview of the EventDrive benchmark. The dataset contains 471k event–frame–language samples across four levels
of driving reasoning spanning 17 subtasks: Perception evaluates scene-level context such as scene type, traffic, and illumination.

Understanding assesses object-centric semantics, including presence, motion state, and grounding. Prediction infers short-horizon
motion intent of surrounding agents. Planning estimates ego motion intent and future waypoints from past trajectories. Each task is
formulated through structured, language-grounded queries, enabling unified evaluation of event–frame models across the autonomy stack.

Abstract

Event cameras sense the world through asynchronous
brightness changes with microsecond latency and high dy-
namic range, offering motion fidelity far beyond frame-
based sensors and capturing temporal structure that con-
ventional exposures often miss. These properties make

events a powerful complement to RGB in autonomous driv-
ing, especially under blur, glare, and rapid motion, where
frame-based perception can become unreliable. However,
existing event-aware vision–language models remain lim-
ited to generic perception and do not reveal how event sens-
ing contributes to reasoning and decision-making across
the full driving loop. We present EventDrive, a large-
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scale benchmark and model suite that unifies event streams,
RGB frames, and language supervision across four core
dimensions: Perception, Understanding, Prediction, and
Planning, covering captions, structured QA, grounding,
motion-state recognition, trajectory forecasting, and plan-
ning tasks. Building on this foundation, EventDrive-VLM
introduces a multi-horizon event pyramid and a temporal-
horizon mixture-of-experts module to adaptively encode
and fuse asynchronous and frame-based information for
downstream reasoning. Comprehensive evaluation across
diverse tasks shows that event streams provide substantial
gains in temporal precision, motion awareness, and robust-
ness, bringing event sensing into the center of driving intel-
ligence.

1. Introduction
Event cameras have gained increasing attention for their
ability to record dynamic scenes with microsecond tempo-
ral precision [7, 20]. Unlike RGB sensors that integrate in-
tensity over fixed exposure periods, event cameras report
asynchronous brightness changes at the pixel level [40].
This design yields high dynamic range, very low latency,
and natural robustness to motion blur. These sensing advan-
tages are especially valuable in autonomous driving, where
reliable perception must be maintained across fast ego mo-
tion, rapidly moving agents, and challenging illumination
conditions [11, 62]. These characteristics position event
sensing as a promising complement to frame-based percep-
tion in safety-critical driving systems.

Despite this potential, events for driving research remain
fragmented. Most existing efforts focus on upstream su-
pervised tasks, e.g., detection [27, 42, 53], segmentation
[35, 38, 65], or optical flow estimation [71, 74]. Very few
works explore high-level reasoning and decision-making
that a complete driving stack requires. In contrast, the RGB
community has made rapid progress toward unified vision
and language models that couple perception, reasoning, and
control within a single architecture [30, 31, 41, 47, 48, 68],
which provides interpretability and scalable instruction-
driven behavior. Early attempts to incorporate events into
vision and language systems, including grounding [39] and
caption-based event language models [46, 52, 72], demon-
strate encouraging multimodal interactions but remain lim-
ited to generic scenes. They do not address the reason-
ing or decision demands that are central to real-world driv-
ing. This gap calls for a framework that integrates events
throughout the autonomy pipeline in a unified and scalable
manner, rather than treating it as an isolated temporal cue.

To address this need, we introduce EventDrive, a uni-
fied dataset and benchmark that integrates event streams,
synchronized RGB frames, and language supervision across
the full driving loop. Our goal is to move from passive

sensing to actionable understanding within a coherent mul-
timodal interface. We decompose driving into four sequen-
tial reasoning stages: perception, understanding, predic-
tion, and planning, each expressed as a language-grounded
task probing a complementary aspect of event-based rea-
soning. Perception assesses robustness under challenging
illumination and motion, where events offer stable edges
and temporal gradients that compensate for degraded RGB
signals. Understanding targets object semantics and spatial
relations, with asynchronous event cues helping to disam-
biguate interactions. Prediction evaluates short-term behav-
ior anticipation, where the high temporal density of events
exposes velocity and acceleration. Planning examines ego
intent and waypoint estimation, leveraging continuous tem-
poral structure for steadier decisions in dynamic environ-
ments. Together, these tasks form a unified evaluation pro-
tocol that highlights how temporal cues enhance percep-
tion and reasoning across the driving stack while remain-
ing compatible with classical vision models and modern vi-
sion–language architectures.

Building upon EventDrive, we develop EventDrive-
VLM, an event-driven vision–language model that inte-
grates asynchronous event cues into unified multimodal rea-
soning. The framework tackles two core challenges in
event-based driving. First, event streams vary widely in
temporal density. To capture motion across scales, we in-
troduce a Dynamic Horizon Encoding module that vox-
elizes events at multiple temporal resolutions and selects
the most informative representation via a mixture-of-experts
gate. This preserves high-frequency dynamics during fast
motion while ensuring stable aggregation in low-motion
regimes. Second, event features must be aligned with the
LLM’s semantic space. We address this with an Event Q-
Former Alignment module that performs cross-attention
between learnable event queries and temporally encoded
representations, enabling motion-focused signals to inte-
grate cleanly with language reasoning. A lightweight two-
stage curriculum first learns event–language alignment with
the LLM frozen, then performs instruction tuning to pro-
duce a coherent event-driven perception-to-action pipeline.

Comprehensive experiments on EventDrive reveal
strong modality contrasts. Frame-only VLMs perform well
in perception but degrade sharply under low light and mo-
tion blur, and show limited spatial reasoning and weak mo-
tion inference. Event-only models excel in speed and di-
rection prediction, highlighting the value of high-frequency
temporal cues, yet lack semantic richness for appearance-
heavy understanding. Our event–frame fusion model im-
proves performance across all task families, stabilizing per-
ception under adverse conditions, enhancing grounding and
relational reasoning, and delivering stronger motion predic-
tion and ego intent estimation. These results show that
events and frames provide complementary strengths, and



their integration yields more reliable multimodal reasoning
than either alone.

In summary, our main contributions are as follows:
• We introduce EventDrive, the �rst full-stack event and

language benchmark for autonomous driving that uni-
�es perception, understanding, prediction, and planning
within a consistent multimodal framework.

• We propose EventDrive-VLM, a general training frame-
work that equips large vision and language models with
the ability to interpret, align, and reason over asyn-
chronous event representations.

• We establish a comprehensive evaluation protocol and ex-
tensively analyze how temporal cues improve multimodal
reasoning, offering a foundation for future event-driven
intelligence in real-world driving.

2. Related Work

Event Cameras for Driving. Event sensors offer microsec-
ond latency, high dynamic range, and robustness to motion
blur, making them ideal for driving perception. They have
been applied to detection [27, 42, 53, 56, 70], segmentation
[35, 38, 65], tracking [71], and recognition [16, 24, 36]. De-
tection methods include graph- or spike-centric models pre-
serving sparsity and asynchrony [17, 18, 22, 55, 59, 63, 71],
and dense feed-forward models that convert events into
voxel grids or time surfaces for image-based backbones
[10, 27, 32, 34, 44, 56, 57]. Beyond detection, event-
based segmentation and tracking emphasize temporal con-
tinuity and motion cues [25, 39, 65]. However, most sys-
tems remain limited to low-level perception without con-
necting to higher-level reasoning and planning. Our work
advances this direction by integrating event sensing into a
uni�ed framework that links perception, understanding, and
decision-making for end-to-end driving intelligence.
Event-Frame Multimodal Learning. Events and RGB
frames are complementary: events capture �ne temporal
dynamics under extreme lighting, while frames provide
rich semantic context. Early pipelines relied on late fu-
sion [9, 43], whereas later designs introduced shared back-
bones and attention-based gating for cross-modal interac-
tion [5, 53, 66]. Transformer-based approaches further im-
proved temporal reasoning and adaptive weighting under
complex motion and illumination [42, 69, 73], bene�ting
tasks such as deblurring, depth estimation, and segmenta-
tion [26, 29, 64]. Yet most frameworks rely on �xed tempo-
ral windows, which fail to capture motion cues that unfold
over varying temporal scales [6, 23, 42]. Our method ad-
dresses this by aligning multi-horizon event streams with
frame semantics, enabling frequency-adaptive fusion that
maintains both temporal precision and semantic coherence.
Event-based VLMs. While vision-language models
(VLMs) have transformed visual understanding, extend-
ing them to asynchronous event data remains challenging

Table 1. Statistics across four driving reasoning tasks.

Task Source #Train #Test #Hard

Perception
DSEC [28] 53;196 12;828 780
M3ED [8] 65;280 32;136 15;396
PKU [42] 46;860 11;400 3;960

Understanding DSEC [28] 91;716 28;848 1;812
Prediction M3ED [8] 7;784 2;810 1;970
Planning M3ED [8] 46;290 29;526 18;951

Total 311;126 117;548 42;869

Grand Total Samples 471; 543

[38, 39]. The key dif�culty lies in embedding sparse, high-
temporal-resolution signals into a shared vision-language
space. Early contrastive approaches adapt CLIP-style align-
ment for zero-shot recognition [38, 69], but rely on limited-
scale datasets and rasterized inputs, reducing temporal �-
delity. Recent works narrow this gap: EventGPT [52]
couples an event encoder and temporal aggregator with
an LLM; EventVL [46] trains on large-scale event-image-
text pairs with spatiotemporal and semantic alignment; and
LLaFEA [72] integrates frame-event fusion with cross-
attention and duration cues. Despite these advances, most
models remain con�ned to captioning or short QA tasks. On
the contrary, our method preserves temporal sparsity and
extends event-based VLMs toward comprehensive driving
reasoning across diverse tasks.

3. EventDrive: A Vision–Language Bench-
mark for Event-Based Driving

In this section, we present the EventDrive dataset and
benchmark in detail. Sec. 3.1 introduces the overall mo-
tivation and task hierarchy that de�ne the dataset design.
Sec. 3.2 describes the annotation pipeline and data compo-
sition, highlighting how multimodal inputs are processed
into language-grounded supervision. Sec. 3.3 summarizes
the data splits and benchmark statistics, outlining the scale
and coverage of the dataset and its comparison with existing
event-based vision–language benchmarks.

3.1. Hierarchical Task Framework

Event cameras remain reliable under low light and rapid
motion, offering advantages for safety-critical driving
where conventional frames often fail. Existing event-based
works focus mainly on isolated perception tasks, while
RGB-based methods have progressed toward uni�ed vi-
sion–language–action frameworks. To close this gap, we
build a dataset that extends event understanding across the
entire autonomy stack. The driving loop is organized into
four sequential steps: environmental perception, object-
centric understanding, forward prediction, and ego-driven
planning. Each step is formulated as a language-grounded



Figure 2. Annotation pipelines of EventDrive. Perception converts scene-level attributes into structured QA;Understanding gen-
erates object-level semantic captions and transforms them into QA;Prediction extracts trajectories, applies ego-frame transformation,
and assigns motion labels; Planning constructs ego-centric waypoints and produces corresponding decision-oriented supervision.

task that aligns event representations with multimodal mod-
els, enabling a systematic evaluation of how event signals
contribute to high-level reasoning.

Perception describes global scene conditions across six
subtasks:1scene type,2visibility, 3traf�c �ow, 4weather,
5traf�c light, and 6road condition. Captions and structured
QA pairs assess whether models can interpret environmen-
tal context from short temporal windows. Event streams
preserve edge contrast and temporal gradients under chal-
lenging illumination or motion blur, strengthening robust-
ness beyond frame-based perception.

Understanding captures object-level semantics and
spatial structure using captions, QA pairs, and bounding
boxes spanning1object presence,2appearance,3motion
state,4ego relation,5environment relation, and6grounding.
The asynchronous event signal supplies �ne temporal cues
that support reasoning about motion and spatial relations
that static frames often miss.

Prediction targets short-horizon behavioral forecasting
through indicators of1speed change and2direction change.
Each instance uses language queries to evaluate whether
models can infer future motion trends of surrounding ob-
jects from limited observations. The high temporal density
of events reveals velocity and acceleration directly, improv-
ing the �delity of motion forecasting.

Planning evaluates ego-centric decision making using
1speed intent,2direction intent, and3waypoint planning.
Models must convert multimodal observations into coher-

ent driving decisions. Event sensing preserves continuous
awareness of dynamic changes, supporting more stable rea-
soning in rapidly evolving or low-visibility conditions.

3.2. Language­Grounded Data Generation

We construct EventDrive through a semi-automatic
pipeline built upon the event datasets DSEC [28],
M3ED [8], and PKU-DAVIS-SOD [42], which span diverse
environments and illumination conditions. Using synchro-
nized RGB frames, event streams, bounding boxes, LiDAR,
and ego-pose signals, we employ Qwen3-VL [2] to gener-
ate linguistically structured supervision across the four task
dimensions. The pipeline, shown in Fig. 2, integrates au-
tomatic captioning with controlled question–answer gener-
ation to ensure both scalability and semantic consistency.

Scene-level perception labels are produced by prompt-
ing Qwen3-VL to generate global captions describing the
six environmental attributes, which are subsequently de-
composed into balanced question–answer pairs with ex-
planatory sentences. Object-level understanding builds
on ground-truth bounding boxes from DSEC. Qwen3-VL
�rst generates descriptions for the �ve object attributes,
and these descriptions are transformed into visual ques-
tion–answer and grounding tasks that link textual queries
to speci�c spatial regions. For prediction, we use ego-
pose to project 3D boxes from [49] into the ego frame,
extract object trajectories, and convert their motion pat-
terns into natural-language descriptions of speed and direc-



tion intent, paired with corresponding QA items. Ego-level
planning leverages M3ED trajectory supervision to derive
speed intent, path intent, and future waypoints, which are
aligned with language queries that evaluate ego decision
making. Together, these components yield a uni�ed anno-
tation framework that connects perception, understanding,
prediction, and planning through temporally and semanti-
cally coherent language-grounded supervision.

3.3. Compositional Structure and Statistics

We adopt standard training and testing splits and further
introduce a hard split consisting solely of low-light and
motion-blur sequences. This split enables targeted eval-
uation of the advantages of event sensing under condi-
tions where frame-based perception degrades. As shown
in Tab. 1, the dataset contains 471;543 event–frame–text
samples, offering large-scale multimodal supervision across
perception, understanding, prediction, and planning. Com-
pared with existing event–language datasets [46, 52, 72],
which often rely on simulated data or provide limited real-
world coverage below 100k samples, EventDrive offers a
signi�cantly broader and more diverse set of real-world an-
notations. It supports a wider range of tasks that connect
event-driven perception with higher-level reasoning and
decision-making, forming a more comprehensive bench-
mark for evaluating multimodal driving intelligence.

4. EventDrive-VLM: A Uni�ed Model for
Event-Based Driving Intelligence

Building upon EventDrive, our goal is to develop an
event-driven vision–language–action model that can inter-
pret and generate decisions grounded in the spatio-temporal
structure of event streams. As shown in Fig. 3, the
core of EventDrive-VLM is a multimodal LLM back-
bone that integrates asynchronous event cues with pre-
trained visual–linguistic knowledge to support coherent rea-
soning across driving tasks. To bridge event dynamics
with the LLM embedding space, the model incorporates
three components: a dynamic horizon event encoder that
adapts to varying sampling frequencies and motion patterns
(cf . Sec. 4.1), an Event Q-Former that extracts language-
aligned and motion-aware representations (cf . Sec. 4.2),
and a two-stage training curriculum that progressively
aligns event, visual, and linguistic pathways for uni�ed
multimodal reasoning (cf . Sec. 4.3).

4.1. Dynamic Horizon Event Encoder

Event data exhibit large variation in temporal density across
datasets and tasks. Sensors operate at different sampling
rates, and the required temporal resolution also depends
on the objective: perception bene�ts from broader tempo-
ral context, whereas prediction and planning rely on �ne-
grained motion cues. Conventional voxelization [27] ap-

plies a �xed number of temporal bins and thus compresses
long exposure windows while blurring fast motion, losing
the high-frequency detail essential for motion reasoning.

To address this issue, we propose a dynamic horizon en-
coding strategy that adapts to varying time scales and scene
dynamics. Given an event stream E = fek gK

k=1 , where
each event ek = (x k ; yk ; tk ; pk ) encodes spatial coordi-
nates, timestamp, and polarity pk 2 f�1; 1g, standard vox-
elization maps events into a 4D tensor E 2 R2�B�H�W :

E(p; �; x; y) =
X

ek 2E

�(p � p k )�(x � x k ; y � y k )�(� � � k );

(1)
where �k =

j
t k �t a
t b �t a

B
k
. Instead of relying on a single bin

size B, we construct multiple voxel tensors using temporal
resolutions B = fbn gN

n=1 , producing event tensors En that
capture short-, medium-, and long-horizon motion patterns.

To adaptively select the most suitable temporal horizon
for different motion patterns and task requirements, we em-
ploy a Mixture-of-Experts (MoE) [60] gating mechanism
that dynamically weights multi-scale temporal experts ac-
cording to scene dynamics. Each expert network [27] spe-
cializes in one temporal resolution, processing a voxelized
tensor En with bin size bn to produce an encoded feature

Fn = �(E n ); F n 2 RH�W �d ; (2)

where d is the channel dimension. The resulting expert
features are concatenated into a contextual representation
F c 2 RH�W �(Nd) . Global average pooling produces a
compact descriptor fc 2 RNd that summarizes multiscale
temporal cues. The gating logits are then computed as

z = W gfc + Softplus
�
� � (W noisefc)

�
; (3)

where Wg; W noise 2 RNd�N are trainable parameters,
and � � N (0; 1) introduces controlled stochasticity to en-
courage expert diversity. Retaining only the largest k log-
its focuses computation on the most relevant temporal ex-
perts, and softmax normalization yields the weights �n .
The aggregated event representation is computed as Fe =P N

n=1 � n Fn . This adaptive formulation allows the encoder
to emphasize high-resolution temporal features when mo-
tion is fast and to leverage coarse but stable aggregation
when dynamics are mild. As a result, the model maintains
temporal �delity across a wide range of driving scenarios
while remaining computationally ef�cient.

4.2. Event Q­Former Alignment

After obtaining the aggregated event representation Fe, we
align it with the LLM embedding space using an Event Q-
Former (EQA). Rather than concatenating event and frame
tokens, which ignores modality asymmetry and leads to
high computational cost, the EQA employs cross-attention



Figure 3. EventDrive-VLM Overview. We �rst convert asynchronous events into multi-horizon voxel tensors that capture motion at
different temporal scales. A dynamic horizon event encoder then aggregates these representations through a Mixture-of-Experts gating
mechanism (cf . Sec. 4.1). An Event Q-Former performs cross-attention to extract language-aligned, motion-aware tokens, enabling co-
herent fusion of multi-modal features within the LLM for uni�ed driving reasoning (cf . Sec. 4.2). A two-stage training curriculum further
aligns event, visual, and linguistic pathways, strengthening cross-modal grounding and downstream reasoning performance (Sec. 4.3).

to extract the motion-relevant components of the event rep-
resentation that matter for language-guided reasoning.

Following the Q-Former architecture [45], we introduce
a set of learnable event query tokens qe 2 RN q �d , which
attend to the event feature map Fe 2 RH�W �d . After �at-
tening Fe into f e 2 R (HW )�d , the attended event embed-
dings are computed as

ze = softmax
�

(qeW Q )(f eW K )>
p

d

�
(f eW V ); (4)

where WQ ; W K ; W V 2 Rd�d are learnable projections.
The output ze 2 RN q �d forms a compact representation
that summarizes the most salient temporal and motion cues.

The Event Q-Former enables each query to attend selec-
tively to temporally informative regions in the event stream,
producing motion-aware embeddings suitable for down-
stream multimodal reasoning. This structured attention pre-
serves the temporal distinctiveness of events while support-
ing coherent interaction with frame and text representations.
A lightweight projection layer maps the attended event fea-
tures into the LLM embedding space, yielding event tokens
he that align with the projected frame tokens hf and text
embeddings ht . The concatenated sequence is then used as
the input to the LLM decoder, enabling uni�ed multimodal

reasoning across all driving tasks.

4.3. Training Curriculum

We adopt a two-stage training curriculum that progresses
from event–language grounding to multimodal instruction
following, enabling stable and ef�cient adaptation of the
event-driven VLM.
Event–Language Pre-adaptation. In the �rst stage, the
LLM and the frame visual encoder are kept frozen, while
the event encoder, Q-Former, and projection layers are
trained with a language modeling objective on paired cap-
tion data. Although frame data are available, gradients �ow
only through the event pathway, allowing the model to form
a linguistically aligned event representation without alter-
ing the pretrained frame semantics. This generative super-
vision encourages the event encoder and Q-Former to or-
ganize temporal cues and motion structure into embeddings
compatible with the LLM space, providing a stable form of
cross-modal alignment.
Instruction Tuning. In the second stage, we unfreeze
the transformer blocks of the LLM and �ne-tune the en-
tire event pathway together with these LLM layers on all
caption and QA data, while keeping the frame visual en-
coder frozen. This phase integrates temporal and semantic



Table 2. Comparison across four driving–reasoning tasks in the EventDrive benchmark. For perception, we report QA Accuracy
on three subsets. For understanding, we report QA Accuracy, grounding Top-1 Accuracy at IoU 0:6, and mIoU. For prediction and
planning, we report Speed Accuracy and Path Accuracy, and for planning, we also report the mean L2 Error (lower is better).
All scores are reported in percentage (%), except for L2 Error in meters. Best results are shown in bold and 2nd-best results are underlined.

Method
Perception Understanding Prediction Planning

Acc@D Acc@M Acc@P Acc Acc@60 mIoU Speed Path Speed Path L2 Error

Event-based Models
EventGPT-7B [52] 51:40 54:97 52:25 38:78 5:49 8:24 27:84 65:44 28:99 76:08 11:42
EventDrive-VLM 62:51 67:07 62:39 54:21 43:43 47:82 34:68 82:25 42:56 84:64 6:89

Frame-based Models
LLaVA-v1.6-Mistral-7B-hf [50] 58:65 59:24 50:05 40:37 15:02 29:0 18:22 29:68 9:89 87:51 8:13

LLaVA-OneVision-1.5-8B [1] 80:81 86:35 72:42 61:62 2:91 12:5 14:38 83:91 56:51 58:50 9:19
InternVL2.5-8B [12] 78:42 83:41 75:86 60:02 0:29 2:5 39:72 86:41 12:52 73:34 10:19

InternVL3-8B [75] 78:61 86:27 74:37 60:60 0:24 2:31 4:41 91:25 52:04 84:34 9:84
Qwen2.5-VL-7B-Instruct [3] 77:71 76:92 62:46 49:98 63:35 60:11 8:47 81:64 39:32 87:41 8:78

Qwen2.5-VL-7B-Instruct* [3] 81:52 84:69 75:88 58:44 69:94 67:19 36:84 84:94 53:87 89:44 4:54

Event + Frame Models
EventDrive-VLM 85:44 86:64 78:89 65:46 72:86 72:56 42:44 87:49 57:03 92:35 3:66

signals more tightly, enabling consistent reasoning across
perception, understanding, prediction, and planning. Joint
optimization under multimodal instructions yields coherent
grounding between event dynamics and textual responses,
forming a uni�ed event-driven perception-to-action model.

5. Experiment

5.1. Experimental Settings

Implementation Details. We �ne-tune Qwen2.5-VL-7B-
Instruct [3] with a pretrained RVT [27] backbone as the
event encoder. Dynamic horizon encoding uses temporal
bins B = 20; 50; 100, and the event projector is a linear
layer. The RGB visual tower remains frozen. Training
adopts AdamW [37] with a cosine schedule on 16 NVIDIA
H20 GPUs, using a learning rate of 1 � 10�4 for the
event encoder and projector. Mixed precision bf16 is used
throughout. Pre-adaptation and instruction tuning each run
for two epochs with a batch size of 128. Packed sequences
and �attened multimodal inputs are applied with a sequence
length of 4096 tokens, and FlashAttention 2 [19] accelerates
all attention layers.
Evaluation Metrics. We establish a uni�ed evaluation pro-
tocol across all de�ned tasks. Perception is evaluated by QA
accuracy over six scene attributes. Understanding combines
QA accuracy across �ve object-level aspects with ground-
ing metrics, including Top-1 localization accuracy at IoU
0:6 and mean IoU. Prediction assesses speed and path in-
tent accuracy. Planning evaluates intent accuracy together
with mean L2 waypoint error across 1, 3, and 5 seconds.
Additional details appear in the supplementary materials.
Baselines. Comparisons include both frame-only and event-
only models. Frame-only evaluation covers Qwen2.5 VL
[3], InternVL [12, 75], and LLaVA [1, 50] under zero-shot

Table 3. Comparative results on the Event-Chat dataset [52],
which evaluates event-driven description/reasoning through De-
tailed Captioning, Complex Reasoning, and Visual Question
Answering. Higher values indicate better performance.

Models Params DC CR VQA

Frame-based Models
LLaVA-7B-v1.5 [51] 7B 2:20 4:04 3:26
Qwen2-VL-7B [67] 7B 2:38 4:02 2:91
InternVL2-8B [14] 8B 2:37 4:00 3:71

Deepseek-vl-7b [54] 7B 2:41 4:10 3:37
Event-based Models

EventGPT-7B [52] 7B 3:52 4:09 4:29
EventDrive-VLM 7B 3:43 4:15 3:94

inference, which tests robustness in low light and motion-
blurred scenes. To isolate the contribution of events, we
additionally �ne-tune a Qwen2.5-VL-7B model using the
same instruction tuning protocol as our model. For event-
only comparison, we evaluate the open-sourced EventGPT
in a zero-shot manner since its training code is unavailable.
We further report zero-shot results on the released portion
of the Event-Chat [52] dataset, noting that the absence of an
of�cial split limits this evaluation to reference use.

5.2. Comparative Studies

Comparisons with Event-Only Methods. Event-only
models in Tab. 2 perform well on motion-centric tasks such
as speed and path intent, con�rming that high-frequency
temporal cues are inherently well suited for short-horizon
motion reasoning. They also show reasonable grounding
performance despite lacking explicit spatial supervision,
highlighting the structural information encoded in event



streams. Yet, the absence of appearance cues limits their
semantic understanding, resulting in lower perception and
object-centric accuracy. Results on the Event-Chat bench-
mark (Tab. 3) further show that the representations learned
from EventDrive transfer across datasets, indicating that
the dataset promotes generalizable event–language align-
ment rather than over�tting to a speci�c annotation style.
Comparisons with Frame-Only Methods. Frame-based
VLMs achieve high accuracy on perception under normal
conditions but degrade sharply in Acc@P, understanding
Acc@60, and speed-related prediction metrics due to their
inability to encode motion or handle low-light and blur.
These limitations lead to unstable spatial reasoning and
poor motion intent inference. Introducing events alleviates
these issues: event–frame fusion improves all metrics, es-
pecially grounding and speed intent, showing that temporal
gradients and motion cues are essential for reliable reason-
ing and cannot be inferred from RGB imagery alone.
Comparisons across Different Tasks. The four task fam-
ilies reveal complementary strengths of different modali-
ties. Perception is broadly solvable, but event streams of-
fer improved robustness under visual degradations. Un-
derstanding exposes signi�cant variance across VLMs, as
many struggle with spatial relations and grounding from a
single RGB frame; temporal cues help resolve these ambi-
guities. Prediction presents the largest modality gap: in-
ferring speed or direction from static frames is ill-posed,
whereas events directly encode motion, leading to consis-
tently higher accuracy for event-enhanced models. Planning
mirrors this pattern, where temporal dynamics from traf�c
improve speed intent estimation and reduce trajectory L2
error. These trends collectively demonstrate that events pro-
vide structural and temporal information that complements
semantics from frames across the full driving chain. A qual-
itative comparison is shown in Fig. 4.

5.3. Ablation Studies

Multi-Horizon Voxelization. We evaluate the impact of
using different numbers of temporal resolutions when vox-
elizing event streams. As shown in Tab. 4, increasing the
number of horizons from one to �ve improves performance
across all tasks, particularly in understanding and planning,
where temporal diversity helps disambiguate object mo-
tion and spatial relations. However, the performance gain
saturates beyond three horizons, while computational cost
grows proportionally with the number of voxelized tensors.
Our choice (N = 3), therefore, provides the best trade-off
between accuracy and ef�ciency, capturing both short-range
motion cues and longer-term temporal context without in-
curring unnecessary overhead.
Dynamic Horizon Event Aggregation. We compare dif-
ferent strategies for aggregating multi-horizon event fea-
tures. A nä�ve summation (“Add”) collapses temporal dis-

Table 4. Ablation results on the EventDrive benchmark. We re-
port average QA Accuracy for perception, QA Accuracy and
mIoU for understanding, and mean Speed/Path Accuracy
for prediction and planning. Planning additionally includes mean
L2 Error in meters (lower is better).

Method
Per. Und. Pre. Plan.

Acc Acc mIoU Acc Acc L2 Error

Voxelization
N = 1 82:40 62:33 69:52 63:96 71:18 4:11
N = 5 83:95 64:97 72:25 62:78 73:49 3:88

Dynamic Horizon Event Aggregation
Add 76:76 63:89 67:64 62:50 72:49 4:57

Wt.sum 83:84 64:67 70:56 61:08 74:10 3:75

Multimodal Alignments
Concat 79:35 61:08 71:93 64:76 72:62 4:01

Attention 81:25 65:12 70:23 62:14 75:85 3:69

Ours 83:66 65:46 72:56 64:96 74:69 3:66

Figure 4. Qualitative results on EventDrive comparing
EventDrive-VLM with Qwen. Events remain reliable under low
light and motion, improving scene perception, object understand-
ing, motion prediction, and ego intent estimation.

tinctions and yields the weakest results, con�rming that in-
discriminate fusion fails to preserve horizon-speci�c infor-
mation. Weighted summation (“Wt.sum”) improves perfor-
mance by allowing the model to favor informative horizons,
but still underperforms compared with selecting a single ex-
pert. Our MoE-based dynamic horizon module, which ac-
tivates only the top-scoring expert, achieves the best over-



all results, indicating that event representations bene�t from
horizon specialization and that suppressing irrelevant reso-
lutions is more effective than blending them.
Multimodal Alignment. We study the alignment between
event features and the multimodal embedding space. Sim-
ple concatenation of event and frame tokens leads to subop-
timal performance due to modality imbalance and increased
sequence length. Cross-attention improves grounding and
planning by enabling token-level interactions, yet remains
inferior to our Event Q-Former. The Q-Former achieves
the best results while maintaining a lower computational
cost, as learnable queries extract only the most salient mo-
tion patterns rather than attending to the full spatiotemporal
map. This con�rms that structured, query-centric alignment
offers both ef�ciency and stronger motion abstraction.

6. Conclusion

In this work, we introduce EventDrive and EventDrive-
VLM to unify event sensing, frames, and language across
the full driving stack. Our results show that high-frequency
temporal cues provide complementary strengths to RGB
and signi�cantly enhance multimodal perception, reason-
ing, and trajectory forecasting. Event–frame fusion im-
proves robustness and motion understanding, highlighting
events as a key modality for future driving systems.
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A. EventDrive Dataset

EventDrive is a uni�ed event-frame driving benchmark
designed to support the full spectrum of driving reason-
ing, spanning perception, understanding, prediction, and
planning. It integrates heterogeneous multimodal data
from three complementary sources: M3ED, DSEC, and
PKU-DAVIS-SOD, covering diverse illumination regimes,
motion patterns, and annotation types. This section �rst
introduces the source datasets and their sensing character-
istics, then describes our cross-dataset construction strategy
for forming coherent splits for each reasoning level. Finally,
we outline the annotation pipeline that converts raw multi-
modal streams into structured, language-driven supervision.

A.1. Source Datasets

A uni�ed event-frame driving benchmark requires diverse
sensing conditions, high-speed motion patterns, and dense
multimodal annotations. To construct EventDrive, we
draw from three complementary datasets: M3ED Chaney
et al. [8], DSEC [28], and PKU-DAVIS-SOD [42], each
providing unique combinations of resolution, temporal �-
delity, scene diversity, and supervision quality. A compari-
son of these datasets is shown in Tab. 5. Together, they offer
a wide range of illumination and motion regimes and rich
annotations spanning 2D/3D perception, tracking, and seg-
mentation, forming a comprehensive foundation for event-
driven multimodal reasoning.



A.1.1. M3ED Dataset

The M3ED dataset is a large-scale multimodal bench-
mark designed for high-speed and high-dynamic robotic
perception across diverse environments. Unlike prior event-
camera datasets that target a single platform or homo-
geneous driving scenes, M3ED spans multiple robotic
platforms, including an autonomous ground vehicle, a
quadruped robot, and a UAV, all equipped with a uni�ed
sensor suite. Each platform streams synchronized Proph-
esee Gen4 event cameras (1280 � 720), global-shutter
grayscale and RGB cameras (1280�800), a 64-beam Ouster
LiDAR, and a high-quality VectorNav IMU, enabling con-
sistent multimodal perception under extreme motion and il-
lumination changes.

The dataset contains 70 sequences collected across ur-
ban streets, indoor corridors, forest trails, and aerial envi-
ronments, totaling more than 3 TB of data. These sequences
cover a wide range of dynamic conditions: high-speed
car driving in dense traf�c and tunnels, aggressive UAV
�ights through cluttered vegetation and urban canyons, and
quadruped locomotion with gait-induced vibrations on un-
even terrains. Such diversity produces extremely high event
rates, often exceeding 200 MEPS during rapid rotations or
high-texture scenes, making M3ED a challenging bench-
mark for temporal reasoning and motion-aware perception.

M3ED provides rich ground-truth supervision for multi-
modal learning. This includes global pose trajectories es-
timated by FasterLIO, dense depth maps computed from
accumulated LiDAR sweeps, 2D semantic segmentation
with eleven categories aligned with the DSEC taxonomy,
and 3D instance annotations for pedestrians, vehicles,
buildings, and trees. The dataset additionally supports eval-
uation of event-based optical �ow and odometry, facilitating
research across both low-level motion estimation and high-
level semantic understanding.

By combining heterogeneous platforms, synchronized
multimodal sensors, and geographically diverse environ-
ments, M3ED offers a comprehensive and realistic foun-
dation for studying event-driven perception. Its mixture
of high-speed motion, complex illumination, and irregu-
lar camera trajectories provides a challenging setting that
enables robust evaluation of temporal fusion, motion fore-
casting, and multimodal reasoning algorithms in real-world
robotic scenarios.

A.1.2. DSEC Dataset

The DSEC dataset is a large-scale multimodal driving
benchmark collected using a tightly synchronized stereo
sensor rig composed of two Prophesee Gen3.1 event cam-
eras (640 � 480) and two FLIR Black�y S RGB cameras
operating at 20 Hz. All four sensors are factory-calibrated,
geometrically recti�ed, and time-synchronized at the mi-
crosecond level, enabling pixel-accurate fusion of RGB

frames and asynchronous events. The recordings span mul-
tiple Swiss cities, including Zurich, Thun, and Interlaken,
and cover a wide variety of driving environments such as
busy downtown streets, narrow suburban lanes, mountain
tunnels, and high-speed highway segments. In total, DSEC
contains over one hour of real-world driving with typical
sequence durations of 2–8 minutes.

Compared with earlier event-camera driving datasets,
DSEC emphasizes geometric accuracy and multimodal
alignment. The dataset provides stereo recti�cation, precise
extrinsics, and high-�delity rolling-shutter compensation
for RGB cameras, ensuring consistency between modali-
ties even under high-speed motion. The event stream cap-
tures �ne-grained temporal structure with microsecond res-
olution, making DSEC well suited for studying motion blur
suppression, optical �ow estimation, and low-latency per-
ception in dynamic urban scenes.

Building on DSEC, DAGr [23] introduces DSEC-
Detection, an enhanced object detection benchmark that
augments the original sequences with dense, spatially
aligned 2D bounding-box annotations. A depth-free ge-
ometric warping procedure is applied to map RGB frames
into the event-camera viewpoint, reducing residual parallax
to within 6 px across the image plane. Object trajectories
are �rst generated using QDTrack and subsequently veri�ed
and corrected by human annotators. Additional pedestrian-
centric scenes are introduced to mitigate the category im-
balance inherent in the original dataset.

DSEC-Detection offers high-quality annotations for
eight categories across long, continuous sequences. No-
tably, approximately one-third of the annotated frames
contain object appearance or disappearance induced by
fast ego-motion, dynamic occlusions, or sudden viewpoint
changes, making DSEC-Detection a challenging bench-
mark for event-driven detection and motion-aware fu-
sion. Together, DSEC and DSEC-Detection provide a ge-
ometrically precise, temporally rich, and motion-intensive
foundation for evaluating asynchronous perception and
event–frame alignment algorithms in real-world driving
conditions.

A.1.3. PKU­DAVIS­SOD Dataset

The PKU-DAVIS-SOD dataset is a large-scale multimodal
benchmark designed for real-world object detection un-
der challenging illumination and motion conditions. It
is collected using a DAVIS346 sensor that streams high-
frequency DVS events together with global-shutter RGB
frames (346�260 at 25 Hz). The combined sensing pipeline
enables robust annotation even in scenarios that tradition-
ally hinder frame-based perception, such as extreme motion
blur, low-light urban environments, and sudden illumina-
tion transitions. Overall, the dataset consists of 220 con-
tinuous driving sequences, offering long, uninterrupted
event–frame streams rather than isolated clips.



Table 5. Comparison of the three source datasets used to construct EventDrive. All datasets provide synchronized RGB frames and event
streams with diverse environments and motion characteristics.

Dataset #Seq #Time (s) Resolution FPS #Frames Annotations Domain

M3ED [8] 70 12; 237 1280�720 30 Hz >300;000 Pose, depth, 2D/3D seg. Driving, UAV, quadruped
DSEC [23, 28] 60 � 3; 600 640�480 20 Hz 78;344 Depth, �ow, 2D boxes/seg. Driving
PKU-DAVIS-SOD [42] 220 � 11; 000 346�260 25 Hz � 276;000 2D boxes Driving

Table 6. Statistics of the EventDrive dataset across tasks, sequences, and annotated frames.

Train Test Hard
Task Source #Seq #Frame #Data #Seq #Frame #Data #Seq #Frame #Data

Perception
DSEC [28] 47 4;433 53;196 12 1;069 12;828 1 65 780
M3ED [8] 3 5;440 65;280 2 2;678 32;136 1 1;283 15;396
PKU [42] 31 3;905 46;860 10 950 11;400 3 330 3;960

Understanding DSEC [28] 47 4;433 91;716 12 1;069 28;848 1 65 1;812

Prediction M3ED [8] 3 3;892 7;784 2 1;405 2;810 1 985 1;970

Planning M3ED [8] 3 15;430 46;290 2 9;842 29;526 1 6;317 18;951

Grand Total Samples 471;543

A distinguishing feature of PKU-DAVIS-SOD is its
dense, frame-wise bounding-box supervision. The bench-
mark provides 276k labeled timestamps and 1.08M man-
ually annotated bounding boxes across three object cat-
egories: cars, pedestrians, and two-wheelers. To ensure
accuracy under fast motion or low-light conditions, annota-
tions are supported by event-reconstructed grayscale images
that preserve structural edges where RGB frames may fail.
The dataset is split into 671.3k / 194.7k / 214.1k bounding
boxes for train/val/test, maintaining balanced distributions
of object sizes (small, medium, large) within each split.

The sequences capture a wide spectrum of urban driv-
ing conditions. Approximately 92% of data is recorded
under normal illumination, while 8% focuses on low-light
scenes including dimly lit roads, urban night drives, and
shadowed intersections. Motion patterns also vary sig-
ni�cantly: normal-speed trajectories account for 87% of
frames, whereas 13% correspond to high-speed or motion-
blur scenarios where events provide crucial temporal detail
unavailable in RGB alone. These diverse conditions make
PKU-DAVIS-SOD a valuable testbed for studying multi-
modal robustness and motion-induced edge cases.

Beyond object detection, PKU-DAVIS-SOD enables re-
search in asynchronous fusion, temporal reasoning, and
motion-aware event processing. Its long continuous
streams, high annotation density, and broad coverage of
real-world driving scenarios offer a strong foundation for
evaluating �ne-grained perception algorithms that must
handle illumination variability, high-speed dynamics, and
sparse-but-informative event modality signals.

These three datasets collectively provide (1) hetero-
geneous viewpoints and motion regimes (ground, aerial,
quadruped), (2) multiple sensor generations (Gen3.1, Gen4
event cameras), (3) both short and long temporal horizons,
and (4) dense multimodal annotations spanning 2D/3D de-
tection, segmentation, optical �ow, and odometry. This
diversity allows EventDrive to unify perception, under-
standing, prediction, and planning within a single event-
frame language model while maintaining broad generaliza-
tion across motion scales, illumination conditions, and real-
world driving scenarios.

A.2. Dataset Construction Strategy

To construct a uni�ed multimodal benchmark that spans
perception, understanding, prediction, and planning, we cu-
rate data from three complementary event-frame datasets:
DSEC, M3ED, and PKU-DAVIS-SOD. These datasets
jointly provide high-quality RGB-event pairs, dense 2D an-
notations, LiDAR-supported 3D motion labels, and long
continuous trajectories under diverse daytime, nighttime,
and motion-blur conditions. However, their sensing con-
�gurations, temporal resolutions, and scene distributions
differ substantially. We therefore apply task-speci�c �lter-
ing rules and consistent sequence-level splits to form a bal-
anced, coherent corpus for EventDrive.

Perception Split Construction. Perception fo-
cuses on object and scene recognition and relies only
on synchronized image-event pairs. We include all
three source datasets while enforcing dataset-speci�c
sampling procedures to ensure temporal diversity and



avoid redundancy. For DSEC, we adopt the of�cial
train/validation/test partition. Because consecutive RGB
frames change minimally at 20 Hz, we subsample every
eighth frame to reduce duplication while maintaining
temporal coverage. The sequence zurichcity 12 a, a nearly
pitch-black urban drive with extremely low illumination,
is designated as the hard split. For M3ED, we retain
only ground-vehicle recordings, discarding UAV and
quadruped runs due to incompatible motion characteristics,
along with extremely short clips and parking-lot-only
trajectories. The �nal selection includes three daytime
sequences (urbanday city hall, urban day rittenhouse,
urban day ucity small loop) and three nighttime se-
quences (urbannight city hall, urban night rittenhouse,
urban night ucity small loop). We follow a symmetric
day/night protocol in which urbanday rittenhouse and
urban night rittenhouse form the test set, while the long
sequence urbannight ucity small loop is used as the hard
split. For PKU-DAVIS-SOD, which has lower resolution
and noisier appearance, we rely on the of�cial validation
split containing 28 normal, 10 motion-blur, and 6 low-light
sequences. We select eight normal sequences (21-28), one
low-light, and one motion-blur sequence for testing, and
designate one low-light and two motion-blur sequences as
hard cases. This selection preserves a balanced distribution
of illumination and motion-blur conditions.

Understanding Split Construction. Scene understand-
ing requires high-quality 2D bounding boxes. We therefore
use DSEC exclusively, leveraging the dense annotations of
DSEC-DET together with its high-resolution stereo views.
We follow the same sequence-level split and 8-frame sub-
sampling strategy used in perception, while additionally en-
suring that each selected frame contains at least one valid
instance annotation. This produces a reliable, densely an-
notated corpus for event-driven scene understanding.

Prediction Split Construction. Trajectory prediction
depends on accurate agent motion and ego-motion annota-
tions, which M3ED provides through synchronized Ouster
LiDAR sweeps, globally registered odometry, and 3D in-
stance tracking from [49]. We inherit the perception split
for sequence selection and further re�ne it by removing
segments with unstable ground truth, including those with
severely noisy 3D boxes, prolonged occlusions, or substan-
tial pose drift. The resulting subset offers consistent agent
trajectories and diverse velocity pro�les suitable for motion
forecasting.

Planning Split Construction. Planning supervision re-
quires future ego-vehicle trajectories, which are also pro-
vided only by M3ED through FasterLIO-based odometry.
We adopt the same train/test/hard split as prediction to en-
sure consistency across the motion-centric tasks. For each
retained sequence, we generate high-level driving intents
(speed and path) together with 5-second future waypoint se-

Figure 5. Prompt used to generate a scene caption capturing six
essential attributes of the driving scene.

quences sampled at 0.5-second intervals.
Across all four reasoning tasks, EventDrive integrates

471,543 multimodal samples drawn from three datasets.
The corpus spans urban daytime and nighttime driving,
tunnel environments, motion-blur episodes, rapid rotations,
and extreme low-light conditions. Compared with previ-
ous event-language datasets, our dataset provides the largest
event-frame-language corpus for driving, the only dataset
that covers all four reasoning levels in a single bench-
mark, diverse cross-domain and cross-illumination condi-
tions, and long-horizon trajectory supervision necessary for
learning event-driven prediction and planning. Tab. 6 sum-
marizes the curated splits.

A.3. Annotation Pipeline

Beyond curating and splitting raw sequences,
EventDrive requires transforming heterogeneous sen-
sor data into uni�ed, language-driven supervision suitable
for multimodal reasoning. Each task demands different
forms of annotation, ranging from structured scene at-
tributes and object-centric queries to agent trajectories
and ego-motion intentions. To achieve this, we design
a modular annotation pipeline that combines rule-based
�ltering, trajectory processing, and large vision-language
model prompting.

The pipeline converts raw RGB-event pairs, 2D/3D de-
tections, and LiDAR-supported trajectories into standard-
ized instruction-following QA formats. For semantics-
driven tasks (perception and understanding), we employ
caption generation and caption-to-QA transformation with
controlled distractors. For motion-centric tasks (prediction



Figure 6. Prompt used to assess the model'sPerception capa-
bility in driving scenes.

and planning), we process agent and ego trajectories in the
ego frame and derive high-level speed and path intents via
kinematic rules. All annotations are formatted into consis-
tent two-turn Qwen-style conversations, ensuring that every
modality, including event, image, and text, contributes a co-
herent supervisory signal for training uni�ed event-driven
VLMs.

A.3.1. Perception Annotation

To construct perception-level annotations, we design a
semi-automated pipeline that transforms raw driving im-
ages into six structured multiple-choice QA pairs repre-
senting key scene attributes. The full process consists of
three stages: scene caption generation, caption-to-QA con-
version, and �nal formatting with controlled distractors.
� Stage 1: Scene Caption Generation. We begin by gener-
ating a rich and driving-oriented description for each RGB
frame. A high-capacity vision–language model (Qwen3-
VL-30B-A3B-Instruct [2]) receives the front-view image
together with a prompt, as shown in Fig. 5, that instructs
it to summarize all scene factors essential for driving. This
includes environmental type (e.g., urban, suburban), visi-
bility, traf�c density, agent motion, weather, time of day,
road surface condition, and traf�c-light state. Images are
processed in batches for ef�ciency. These captions serve as
a structured semantic foundation for subsequent QA con-
struction.
� Stage 2: Caption-to-QA Generation. Given the caption
for each image, we use Qwen2.5-VL-7B-Instruct to trans-
form the description into six perception QA pairs, one for
each prede�ned category:1Scene type,2Visibility, 3Traf�c
�ow, 4Weather,5Traf�c light, and 6Road condition. The
prompt (shown in Fig. 10) instructs the model to: (1) pro-
duce natural, self-contained questions grounded in the cap-
tion, (2) offer four candidate answers (A–D) with exactly
one correct option, (3) ensure wording diversity across sam-
ples, (4) avoid repetitive patterns in answer ordering, and
(5) provide a short justi�cation sentence tied to the caption.
The model outputs a strict JSON array with six entries. Out-
puts that fail JSON parsing are kept for later inspection but

Figure 7. Prompt used to assess the model's grounding capability
in driving scenes.

Figure 8. Prompt used to assess the model'sUnderstanding
capability in driving scenes.

excluded from �nal training data.
� Stage 3: Multiple-Choice Construction and Format-
ting. The generated QA objects are then converted into
the �nal format used by our training pipeline. Although
the LLM provides candidate answers, we replace all op-
tions with a controlled set of answer choices for consistency
across the dataset. For each attribute category, we maintain
a manually curated distractor pool covering realistic but in-
correct alternatives relevant to driving scenes (e.g., various
weather types, road-surface states, visibility conditions, or
traf�c-light statuses). For each QA instance, we: (1) extract
the correct answer from the LLM output, (2) sample three
plausible distractors from the category's distractor pool, (3)
shuf�e the four options to randomize the correct label po-
sition, (4) construct a two-turn conversation in the Qwen
training format. The human turn contains the driving con-
text, the question, and the four answer options, while the as-



Figure 9. Prompt used to assess the model's object-awareness
capability in driving scenes.

sistant turn outputs the ground-truth choice in the required
“letter text” format (e.g., “B Low light”).

Once the QA pairs are constructed, we apply the prompt-
ing template illustrated in Fig. 6 to perform inference over
RGB-event inputs and generate the �nal perception results
used for evaluation.

This pipeline combines generative models with con-
trolled distractor sampling and strict formatting rules to pro-
duce high-quality, diverse, and semantically grounded per-
ception annotations. By leveraging LLM-generated cap-
tions and ensuring category-level consistency through cu-
rated distractor pools, the resulting QA dataset offers a ro-
bust benchmark for evaluating scene-level understanding
under both RGB and event-based sensing.

A.3.2. Understanding Annotation

The annotation pipeline for object-level understanding
follows a structured, multi-stage process that combines
LLM-based object captioning, rule-driven QA construction,
bounding-box candidate generation, and �nal conversion
into Qwen-style supervision. This dimension requires �ne-
grained descriptions for individual objects, strict uniqueness
validation, and multiple task types (appearance, grounding,
relations, etc.).
� Stage 1: Generating Object-Level Referential Descrip-
tions For each ground-truth object, we provide an LLM
with (1) the full-frame scene image, (2) a masked view
where the target is enclosed by a bounding box, and (3)
the object's class label. A specialized prompt, as shown
in Fig. 14, instructs the model to �rst perform a series of
validity checks, ensuring that the boxed region contains ex-
actly one object of the correct class and that the target is
suf�ciently visible, unambiguous, and not overly occluded
or truncated. If any of these conditions fail, the model must
output the rejection statement: “There is no describable ob-
ject within the speci�ed bounding box.”

If the region is valid, the model generates a structured
referential description following a constrained �ve-part
template, covering1appearance,2motion state,3position in

the view,4relation to the viewer, and5relation to surround-
ing objects. The prompt strictly prohibits hallucination,
speculation, uncertain attributes, or treating nearby objects
as subjects. All spatial terminology follows a �xed vocabu-
lary (e.g., “top-right”, “center-left”), and descriptions must
uniquely identify the boxed object without mentioning the
bounding box itself. This produces consistent, grounded,
and disambiguated object-level captions.

� Stage 2: Converting Captions into Six QA Categories.
Each structured description is then passed to a second
LLM, which generates exactly six multiple-choice QA
pairs, one for each object-understanding dimension:1object
awareness,2grounding,3appearance,4status,5relation-to-
viewer, and6relation-to-others. The prompt, as shown in
Fig. 15, enforces uniform formatting: four answer options
(A–D) with exactly one correct choice, plausible distrac-
tors, randomized correct-answer position, and a short jus-
ti�cation sentence. For grounding, the model produces
a referring expression but does not invent coordinates, as
bounding-box candidates are injected later. The LLM re-
turns a clean JSON array containing the six QA entries.

� Stage 3: Preparing Bounding-Box Candidates for
Grounding. For grounding questions, we construct four
candidate bounding boxes by combining the ground-truth
box with up to three distractors drawn from other objects in
the same frame. If fewer distractors are available, additional
jittered boxes with randomized size and location (remaining
within image bounds) are synthesized. The four candidates
are then shuf�ed and reassigned labels, and the correct label
is recorded. This ensures reliable localization supervision
while preventing positional bias.

� Stage 4: Converting QA Items into Qwen Training For-
mat. Finally, each QA pair is converted into a two-turn dia-
logue compatible with Qwen-style multimodal training. For
non-grounding tasks, the human turn introduces the driv-
ing context, highlights that an object is boxed in the im-
age, presents the question and four answer choices, and in-
structs the model to answer in the exact “letter text” for-
mat (e.g., “C Moving left”). The assistant turns outputs
the correct label and answer. Grounding questions follow
a stricter interface: the human turn requests only the four
integers (x; y; w; h) corresponding to the selected box, with
no additional text, where (x; y) denotes the top-left corner
and (w; h) denotes the box width and height. The assistant
turn outputs the correct coordinates. Each sample stores
the image path, event path, QA category, and the ground-
truth box for later evaluation. All QA pairs are �attened so
that each becomes an independent training example. Once
the QA pairs are generated, we use the prompting templates
shown in Fig. 9 for object-awareness questions, Fig. 8 for
attribute-based understanding that requires bounding-box
inputs, and Fig. 7 for grounding. These templates are ap-
plied to RGB–event inputs to obtain the �nal understanding



results used for evaluation.
This four-stage pipeline transforms raw bounding-box

annotations into rich object-level supervision: validated
referential descriptions, six structured QA pairs per in-
stance, standardized grounding candidates, and fully for-
matted Qwen dialogue samples. The result is a consistent
and scalable object-understanding dataset covering appear-
ance, localization, motion, and relational reasoning across
diverse driving scenes.

A.3.3. Prediction Annotation

The prediction annotation pipeline focuses on generating
supervisory labels for short-horizon motion prediction of
dynamic agents in driving scenes. Unlike perception or
understanding, which rely primarily on static visual cues,
prediction requires integrating multi-frame geometric infor-
mation, ego-vehicle pose, and local object motion. The
pipeline proceeds through three major stages: (1) deriving
object trajectories in the ego coordinate frame, (2) convert-
ing physical motion into discrete intent labels, and (3) con-
structing image-conditioned QA samples for model training
and evaluation.
� Stage 1: Ego-Frame Trajectory Construction. For each
video sequence, we load the LiDAR-based 3D detection and
tracking results [49], obtaining the world-frame positions
of surrounding dynamic agents at 10 Hz. For each tracked
agent, its center position is transformed into the ego-vehicle
coordinate system at every timestamp, producing a short-
term trajectory

Q = fq t = (x t ; yt ; zt )g10
t=0 ;

where y denotes the forward axis, x the lateral axis, and the
sampling interval is �t = 0:1 s.

To analyze motion relative to the ego vehicle, we nor-
malize the trajectory by subtracting the initial position:

~qt = q t � q 0:

This removes global-location bias and ensures that the re-
sulting displacement re�ects the agent's motion purely from
the ego-vehicle's perspective.
� Stage 2: Deriving Speed and Path Intent Labels. Given
the 1-second relative trajectory f~qt g, we infer the agent's
semantic motion intent along two axes: speed intent and
path intent.
1) Speed Intent. Velocity is estimated using �nite differ-
ences, following [15],

vt =
k~qt+1 � ~qt k

�t
;

and intent is determined by thresholding the velocity change
across the trajectory:
• STOP: all velocities remain below a small threshold;

• ACCELERATE: �nal velocity signi�cantly exceeds the
initial velocity;

• DECELERATE: �nal velocity drops noticeably below the
initial velocity;

• KEEP: velocity remains approximately constant.
This rule-based design follows conventions in autonomous
driving motion-forecasting benchmarks.
2) Path Intent. Directional motion is determined from the
�nal displacement:

�x = x future
10 ; �y = y future

10 :

The path intent is assigned by comparing lateral drift against
a �xed threshold while ensuring that longitudinal displace-
ment indicates stable forward motion:
• LEFT: �x exceeds a positive threshold, indicating object

moving toward the ego-vehicle's left side;
• RIGHT: �x is below a negative threshold, indicating a

rightward drift;
• STRAIGHT: longitudinal displacement dominates, i.e.,

j�xj is small relative to j�yj;
• UNKNOWN: displacement is too small or inconsistent to

reliably infer direction.
� Stage 3: Building Prediction QA Samples. Each tracked
agent contributes one prediction QA instance. Given the
RGB frame and event stream with the agent highlighted by
a bounding box, the model must output the two-token intent
classi�cation

<SPEED>, <PATH>

(e.g., “DECELERATE, LEFT” or “STOP, UNKNOWN”).
This yields a uni�ed training format for multimodal intent
prediction from RGB–event inputs. Once the QA pairs
are constructed, we apply the prompting template shown
in Fig. 11 to perform RGB-event inference, producing the
�nal prediction results that are used for evaluation.

The prediction annotation pipeline transforms 3D-
detected agent trajectories into semantically meaningful
short-horizon motion intents and pairs them with im-
age–event evidence through structured QA formatting. By
grounding motion labels in ego-centric geometry and en-
forcing standardized multiple-choice output, the pipeline
provides a clean and scalable supervision scheme that
uni�es physical trajectory prediction with multimodal
language-model training.

A.3.4. Planning Annotation

The planning annotation process generates two types of su-
pervision: (1) high-level driving intent (speed and path de-
cisions), and (2) low-level ego-trajectory forecasting. The
pipeline consists of four main stages, combining ego-pose
extraction, ego-frame trajectory normalization, rule-based
intent derivation, and Qwen-style QA construction.
� Stage 1: Ego-Frame Trajectory Construction. For each
sequence, we �rst load the vehicle's global poses from the



Figure 10. Prompt used to generate QA pairs from a scene caption that encodes six essential attributes of the driving scene.
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