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Abstract

Cooperative autonomous driving requires traffic scene
understanding from both vehicle and infrastructure per-
spectives. While vision-language models (VLMs) show
strong general reasoning capabilities, their performance in
safety-critical traffic scenarios remains insufficiently eval-
uated due to the ego-vehicle focus of existing benchmarks.
To bridge this gap, we present CrashSight, a large-scale
vision-language benchmark for roadway crash understand-
ing using real-world roadside camera data. The dataset
contains 250 crash videos, annotated with 13K multiple-
choice question-answer pairs organized under a two-tier
taxonomy. Tier 1 evaluates the visual grounding of scene
context and involved parties, while Tier 2 probes higher-
level reasoning, including crash mechanics, causal attribu-
tion, temporal progression, and post-crash outcomes. We
benchmark 8 state-of-the-art VLMs and show that, despite
strong scene description capabilities, current models strug-
gle with temporal and causal reasoning in safety-critical
scenarios. We provide a detailed analysis of failure sce-
narios and discuss directions for improving VLM crash un-
derstanding. The benchmark provides a standardized eval-
uation framework for infrastructure-assisted perception in
cooperative autonomous driving. The CrashSight bench-
mark, including the full dataset and code, is accessible at
https://mcgrche.github.io/crashsight/.

1. Introduction
Cooperative autonomous driving (CDA) promises safer au-
tonomous vehicles (AVs) by enabling them to share infor-
mation with surrounding vehicles and infrastructure [31].
Unlike single-vehicle autonomy that uses only onboard sen-
sors, CDA integrates observations from both vehicle- and
infrastructure-based sensors. This enables system-level sit-
uational awareness for safer AV decision-making.

CDA relies on models capable of understanding and ex-
plaining traffic scenes from both vehicle and infrastructure

*Corresponding author.

perspectives. Recently, foundation models, in particular, vi-
sion language models (VLMs), have emerged as powerful
tools for multimodal traffic understanding and are increas-
ingly explored for perception, explanation, and decision
support in CDA. While prior studies demonstrate strong
performance in general traffic understanding [23, 27, 35],
VLMs’ capabilities in safety-critical scenarios, i.e., crashes,
remain largely unexplored.

Crashes are critical long-tail events in traffic environ-
ments that demand a reliable understanding from any CDA
system. Most existing studies adopt vehicle-centric view-
points, advancing VLM-based crash reasoning using ego-
vehicle cameras [9, 29, 36]. In contrast, VLM performance
in understanding crashes from infrastructure-based sensors
remains underrepresented. Current infrastructure-side stud-
ies are limited to anomaly detection without language su-
pervision [22], general traffic visual question answering
(VQA) lacking crash scenarios [35], and large-scale surveil-
lance benchmarks without transportation-specific seman-
tics [14]. In addition, existing datasets lack crucial details
for CDA tasks. These include structured temporal annota-
tions or evaluation protocols targeting higher-level cogni-
tive tasks such as causal reasoning, event progression un-
derstanding, and evidence-based safety assessment. To our
knowledge, no prior benchmark integrates infrastructure-
based crash videos with phase-aware temporal annotations
and structured VQA tasks designed to evaluate VLMs in
safety-critical traffic understanding.

To address this gap, we present CrashSight, a VQA
benchmark that brings structured crash understanding to
the infrastructure side. The benchmark introduces a phase-
aware annotation design that decomposes each crash into
four temporal phases, pre-crash context, collision dynam-
ics, aftermath, and potential causes, preserving the narra-
tive structure that distinguishes crash events from routine
traffic and enabling temporally grounded evaluation. Build-
ing on expert-corrected dense captions, we construct 13K
multiple-choice QA pairs spanning 7 categories: scene-
level perception (scene identification, involved parties),
event-level reasoning (temporal sequence, crash mechanics,
post-crash outcome), and inference-level judgment (fault
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Figure 1. Overview of CrashSight-VQA. (a) Phase-aware temporal structure of a crash video. (b) VLM performance comparison across 7
QA categories (c) Example QA pairs spanning visual grounding and causal reasoning.

determination and robustness probes that test whether mod-
els can recognize when visual evidence is insufficient to
support a conclusion). We benchmark eight VLM config-
urations across four model families in both zero-shot and
fine-tuned settings, revealing that domain-specific adapta-
tion yields substantial accuracy gains while a persistent
human-AI gap remains concentrated in visually demanding
categories. We further provide a systematic error taxonomy
with transition analysis that traces persistent failures to ar-
chitectural and training limitations, offering actionable di-
rections for future model development.

The contributions of this work are fourfold: 1) We intro-
duce CrashSight, the first infrastructure-based crash VQA
benchmark, comprising 250 expert-annotated surveillance
clips with phase-aware dense captions and 13K multiple-
choice QA pairs across seven categories. 2) We develop a
4-stage annotation pipeline combining VLM-assisted draft-
ing, human expert refinement, and LLM-driven verifica-
tion with augmentation, providing a scalable methodology
for constructing benchmarks in safety-critical domains. 3)
We conduct comprehensive MLLM evaluation across eight

configurations, demonstrating that fine-tuning yields up to
+16.1 average accuracy improvement. 4) We provide a sys-
tematic error taxonomy and transition analysis identifying
visual token budget, frozen visual encoder, and pretraining
distribution mismatch as the primary bottlenecks, with ac-
tionable implications for future benchmarks and model de-
sign.

2. Related Work

Ego-view traffic scene understanding The dominant
paradigm in traffic scene understanding adopts an ego-
centric or dashcam viewpoint, driven primarily by
autonomous-driving applications. Benchmarks and datasets
such as DriveQA [27], NuScenes-SpatialQA [23], and
MAPLM [1] evaluate general spatial reasoning and scene
understanding from the vehicle’s perspective. Differently,
domain-adapted VLMs, including HazardVLM [28], CoT-
VLM4Tar [20], and TrafficVLM [4] extend these capa-
bilities toward anomaly detection and hazard description.
When the focus shifts to crash-specific understanding,
SUTD-TrafficQA [29] pioneered traffic video QA with 10K



in-the-wild videos and 62.5K QA pairs spanning six reason-
ing tasks. Subsequent benchmarks have substantially ex-
panded both scale and scope: VRU-Accident [9] combines
dense captioning with VQA for vulnerable road user (VRU)
collision analysis; RoadSocial [19] curates diverse QA from
social video narratives across 12 task types; and TAU-
106K [36] provides 106K clips for comprehensive crash un-
derstanding at scale. On the model side, SafePLUG [21] in-
troduces pixel-level grounding and temporal localization for
crash analysis, Fang et al. [6] formulate abductive reason-
ing for ego-view crash perception, and InterAct-Video [24]
targets reasoning-rich QA in urban traffic. Despite this
progress, the above benchmarks and models assume an ego-
centric perspective that serves in-vehicle autonomy. They
do not address the infrastructure-side viewpoint required for
V2X cooperative perception, post-incident analysis, or traf-
fic management, where the camera is fixed and observes the
scene from above or the side.
Infrastructure-view traffic scene understanding Road-
side cameras have a long history in event detection and
understanding. Early datasets, including UCSD Ped [12],
Avenue [16], ShanghaiTech [15], and UCF-Crime [22],
have established large-scale benchmarks for abnormal event
recognition, but none include textual annotations suitable
for vision-language research. UCA [33] addressed this
gap by introducing approximately 20K textual descriptions
for surveillance anomalies, yet it provides only narrative
captions without an interactive QA evaluation framework.
SurveillanceVQA-589K [14] represents the first large-scale
surveillance VQA benchmark, offering 589K QA pairs
across 12 cognitively diverse question types. However, it
targets general anomaly understanding (e.g., fighting, theft,
vandalism) rather than traffic-related events. TUMTraffic-
VideoQA [35] is among the few benchmarks that use
roadside cameras for spatio-temporal traffic understanding.
However, this research focuses on understanding general
traffic scenes rather than safety-critical events. The TAD
corpus [30] provides surveillance recordings of real-world
collisions for detection purposes, yet it offers no QA or cap-
tioning annotations. Table 1 provides a detailed comparison
with prior traffic crash datasets.

3. Benchmark Construction
CrashSight is designed to evaluate VLM performance on
crash understanding and reasoning using roadside camera
videos. The benchmark comprises 250 expert-annotated
surveillance video clips, each accompanied by a phase-
aware dense caption and a set of multiple-choice QA pairs
spanning seven categories. A key design principle is that
the temporal phase structure of each crash, including pre-
crash context, collision dynamics, post-crash aftermath, and
expert causal analysis, is preserved from dense captioning
through QA generation and verification.

Dataset Year View #QA Crash VQA DC PA

CTA [32] 2020 Ego – ✓ – – –
DADA-2000 [5] 2020 Ego – ✓ – – –
SUTD-TQA [29] 2021 Mix 62.5K ✓ ✓ – –
MM-AU [6] 2024 Ego 58.6K ✓ ✓ – –
VRU-Accident [9] 2025 Ego 6K ✓ ✓ ✓ –
TAU-106K [36] 2025 Mix 106K ✓ ✓ – –
RoadSocial [19] 2025 Mix 260K ◦ ✓ – –

CTAD [17] 2023 Infrastructure – ✓ – – –
TAD [30] 2025 Infrastructure – ✓ – – –
TUMTraf-A [35] 2025 Infrastructure – ✓ – – –
TUMTraffic-VQA [35] 2025 Infrastructure 85K – ✓ ✓ –

Ours 2025 Infrastructure 13K ✓ ✓ ✓ ✓

Table 1. Comparison with traffic crash video understanding
datasets. DC: Dense Captioning, PA: Phase-Aware temporal an-
notations. ◦= partially crash-focused.

3.1. Data Source and Curation

Figure 2 illustrates the complete curation pipeline. We first
source video clips from the TAD corpus [30], which con-
tains real-world crash recordings captured by roadside cam-
eras at various locations. We select 250 clips that meet
three criteria: (i) a visible collision or near-miss involving at
least one road user, (ii) sufficient pre-crash context to enable
causal reasoning, and (iii) observable post-crash aftermath.
Clip durations range from approximately 5 to 70 seconds,
with resolution varying by camera installation. The dataset
is partitioned into 60/20/20 train/validation/test splits with
clip-level disjointness to prevent information leakage. All
annotations and evaluations follow this fixed split.

3.2. Phase-Aware Dense Captioning Pipeline

Crashes inherently follow a temporal narrative: what pre-
ceded the collision, what happened during impact, and what
followed. We encode this structure through a three-stage an-
notation pipeline that produces phase-aware dense captions
for each clip.
Stage 1: VLM-Assisted Draft Captioning. We prompt
InternVL3-80B [37] with structured templates that explic-
itly request four temporal phases: [Traffic Scenario] de-
scribing the pre-crash road environment and vehicle move-
ments; [Crash Content] detailing the collision dynamics,
including vehicle trajectories and impact configuration; [Af-
termath] covering the post-crash scene state; and [Potential
Causes] providing expert-level causal analysis. The prompt
emphasizes the roadside camera context and instructs the
model to use specific entity identifiers (e.g., “V1 white
sedan,” “P1 motorcyclist”) and directional references rel-
ative to the camera view. The model receives the full video
and generates a draft caption with phase-delimited bound-
aries. We deploy the model via vLLM [10] for efficient
batch processing across all 250 clips.



Figure 2. Overview of the CrashSight benchmark curation pipeline. Surveillance videos are processed through a three-stage annotation
pipeline: (1) VLM-assisted draft captioning with explicit phase boundaries, (2) human expert refinement with standardized terminology,
and (3) LLM-driven VQA generation with counterfactual distractors, followed by verification and augmentation. Approximately 90% of
VLM drafts require substantial human correction.

Stage 2: Human Expert Refinement. To enhance caption
quality, three trained annotators independently review each
draft caption using a standardized, four-dimensional correc-
tion template: (i) entity precision—replacing vague descrip-
tions with specific vehicle types, colors, and identifiers;
(ii) spatial relation accuracy—correcting approach direc-
tions, lane positions, and relative positions that VLMs fre-
quently hallucinate under oblique surveillance viewpoints;
(iii) phase boundary accuracy—adjusting the temporal de-
lineation between pre-crash, crash, and post-crash seg-
ments; and (iv) causal specificity—ensuring the [Potential
Causes] phase identifies concrete contributing factors rather
than generic statements. Nearly 90% of the drafts require
substantial corrections across at least two of these dimen-
sions, underscoring the gap between current VLM capabil-
ities and high-quality annotations.
Stage 3: Quality Verification. A final verification pass
ensures internal consistency between phase boundaries and
the described events, standardizes terminology across all
250 clips, and flags any remaining ambiguities for adjudi-
cation.

3.3. VQA Generation
We design a two-stage QA generation pipeline that trans-
forms phase-aware dense captions into multiple-choice
questions across seven categories. These include six cat-
egories organized by cognitive demand and the temporal
crash phases, with one robustness category that tests hal-
lucination resistance (Figure 3).
Tier 1—Crash Understanding targets information recover-

Figure 3. QA taxonomy of CrashSight. Seven categories are
included: crash understanding requires phase-local recognition,
while crash reasoning demands cross-phase temporal integration
and causal inference. A robustness category probes hallucination
resistance with four distinct question types.

able from individual phases:
• Scene Identification (SI): road type, lighting, weather,

and traffic context, answerable from Phase 1 (3–4 ques-
tions per video).

• Involved Parties (IP): vehicle types,VRU types, identi-
fying features, and party counts, requiring Phases 1 and 2
(3–4 questions).

• Post-Crash Outcome (PCO): VRU status, vehicle con-
dition, and emergency response indicators, answerable
from Phase 3 (3–4 questions).

Tier 2—Crash Reasoning demands cross-phase temporal in-
tegration and causal inference:
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