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Abstract

This study proposes a risk reasoning framework designed to strengthen the connection between observed evidence
and final conclusions in safety-critical environments such as autonomous driving. The proposed method transforms
object information detected in road scenes into structured observational evidence through an Evidence Builder, and
then uses this evidence within a Chain-of-Thought (CoT)-based intermediate reasoning process to sequentially generate
decision-critical objects and a fact-grounded scene description before deriving the final risk level. In this way, the
model does not merely predict a risk category, but also presents the observational basis on which the conclusion is
reached. Experimental results show that explicit object-level evidence plays a key role in improving both risk
description generation and risk level prediction, while the step-by-step reasoning structure contributes to enhancing the
consistency and stability of final risk assessment.
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Fig. 1. Architecture of the evidence-based explanatory reasoning framework
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Fig. 2. CoT generation and risk reasoning training process based on structured object evidence
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| A vRU (Pedestrian, Bicycle, PM) : Presence of crossing facilities, crossing quality, pedestrian flow

control, sidewalk provision

B. Vehicle Density, Evasive Space : Number of lanes, intersection quality, lane guidance, speed

differential, speed management

C. Forward Vehicle Proximity : Sight distance, lane delineation, speed management

D. Road Structure Complexity : Intersection quality, curve quality, sight distance restriction

E. Visibility (Lighting, Weather) : Street lighting, visibility of lane markings and signs, sight distance

F. Road Surface, Sudden Hazards : Road condition, roadside obstacles, proximity of hazardous

objects

6. Rule-related Events : Traffic signals, signs, stop lines, lane guidance markings, pedestrian-

specific signals
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Table 3. Comparison of risk reasoning performance across the baseline model, VLM backbones, and ablation setting

Model BLEU METEOR R-L | CIDEr SPICE BERT Acc Macro MAE
) (1 (1 (1 (1) F1 (1) ) F1 (1) (J)
Multi-Net
Multi-Net - - - - - - Josx | o040 | 0562
LLaVA1.6-Mistral-7B
w/o Evidence 60.753 0.604 0713 | 5211 0.589 0.902 0.429 0312 0571
w/o CoT 76.180 0.813 0.838 | 6.709 0.802 0.963 0.680 0.644 0.320
EGRR 75.281 0.769 0837 | 6574 0.776 0.943 0.786 0.720 0.285
Llama3.2-11B-Vision-Instruct
w/o Evidence 60.312 0619 0849 | 5058 0312 0.905 0.531 0.3%2 0.547
w/o CoT 77.985 0.822 0932 | 7418 0.850 0.988 0.767 0.674 0290
EGRR 77.546 0.819 0900 | 7.429 0.844 0.969 0.801 0.735 0.254
Qwen2-VL-7B-Instruct
w/o Evidence 63.312 0.669 0808 | 5758 0.699 0.935 0.669 0.491 0492
w/o CoT 78.601 0.834 0.903 | 7.552 0.853 0.967 0.752 0.668 0.247
EGRR 78590 0.827 0899 | 7514 0.847 0.965 0.855 0.818 0.230
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CoT Reasoning
[Decision-Critical Objects]

A parked black vehicle on the right may pose
a potential risk due to possible sudden
movement or lane intrusion.

Fog ahead reduces visibility, making it difficult
to recognize vehicles or intersection
structures.

Ground Truth Low

Mo risk factors threatening the driving path are present.
indicating a low risk level.

[Factual Scene Description]

A solid yellow centerline indicates that
straight driving is possible.

Predict el | A moving vehicle is approaching near an
Although a nearby vehicle is visible, no elements pose an intersection from approximately 18 meters
immediate threat to driving, resulting in a low risk level. away.

CaT Reasoning
[Decision-Critical Objects]

A parked van ahead has its rear door open
with cargo visible, which may introduce
additional risk.

. Pedestrians crossing the road are directly
overlapping with the driving path.

[Factual Scene Description]

Ground Truth

HIGH

Multiple pedestrians and parked vehicles limit maneuvering

Pedestrians are moving close to vehicles,
spacs, resuiting in high risk

and some are positioned outside the lane

Vehicles are parked along both sides of the
road, making the road appear narrow.

Predict HIGH

Pedestrians and multiple vehicles are present near the ego
vehicle, requiring increased caution due lo elevated risk

a2l 5 Qwen2-VL-7B-Instructe| HIAE A

CoT Reasoning
[Decision-Critical Objects]
A passenger car and a motorcycle are

passing near an intersection at night,
increasing potential conflict risk.

Parked vehicles on the right side partially
occupy the roadway, reducing available

e driving space
Ground Truth

The ego vehicle is positioned outside the lane, and the
proximity to surnaunding vehicles indicates a high risk level

[Factual Scene Description]

Several vehicles are parked along the right
side of the road.

Predict HIGH

A motoreycle is approaching close to the ego vehicle. and
the short distance between vehicles results in a high risk
level.

The scene shows a nighttime urban road
environment.

CoT Reasoning

[Decision-Critical Objects]

An approaching vehicle ahead increases the
potential collision risk.

A pedestrian standing near the readway in
front of a parked truck may interfere with the
driving path.

[Factual Scene Description]

Ground Truth

MIDIUM

A pedestrian with an umbrella is present near the ego
vehicle on the road, indicating a medium risk level.

The road surface appears wet due to rain.

Avehicle is approaching from the front.

Predict MIDIUM 4 jarge truck is parked on the right side of the

Clase proximity to a nearby vehicle and the presence of o road.
pedestrian indicate a medium risk level.

b oA & CoT 7|8t fIHE F& |

Fig. 5. Examples of test results and CoT-based risk reasoning of Qwen2-VL-7B-Instruct
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Table 4. Ablation results for structured object evidence
components

Type Acc (1) Macro F1 (1)| MAE ({)
w/o
BRox 0.7%4 0.709 0.243
wo 0789 0726 0263
distance
wio 0.802 0754 0270
count
EGRR 0.855 0.818 0.230
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o o
%5

+ 7]& Multi-Net 7]5F B3 & A9 F8 A
o] nvjw3l Aot}

3 39 AAE BEe} o], 7] RSl Multi-Net
2 A¥E 53 =X Accuracy 0.632, Macro-F1
0.460, MAE(ord) 0.562Z 7] 23}o], A|¢Het VLM 7|
g WS HlE] dubHo g v 45 Bt
A Multi-Net- 7 718 7] Rdolng, ¢
A Al ti3k dAE A% ﬁ47}1— u] EH}\L

ni‘*’

oA Qwen2-VL-7B-Instruct= Accuracy 0.855, Mac
ro-F1 0.818, MAE(ord) 0.230% 7|53t 7]& =4

gl EHE A BAe nyld oud Ave
A9 WE JnE P ggsk dehaa P&
7} ag FEo nzd 488 @ S Yo A
A =2 99 B FaF A FEo AR
WAS AA 7 BA BAS BRI Rgee
Yol @A} 9ee Helzt ARHoz Ag
23 919 BRINE T w5 DEEs
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$313 0|8 WAY FE% A Aol L3
Aol Ao etk

F 5. 7|& Multi-Net 7|2t &3} & oF dhHol |l
Table 5. Comparison between the Multi-Net-based
Mmethod and the proposed method

Multi-Net
Category method Proposed method
year 2021 2026
Dataset BDD100K AlmHUb based
custom dataset
Model Multi-Net Qwen3-VL
Crash likelihood and Evidence risk
Objective scene attribute prediction and
prediction explanation
N Classification-only Natural-language
Bxplainabilit output rationale provided
Acc, Macro—F1,
. Acc, F1-score, .
Metrics . MAE, text generation
Precision, Recall .
metrics

49 A AZE7| WA we Ay 2t

H Ao X+ Evidence Builderd] AHEEHE A
AZ719) B0l HF A FE Al vAE ¥
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Table 6. Comparison of risk description generation and risk-level prediction performance across detector versions

Model BLEU METEOR R-L CIDEr SPICE BERT Acc (1) Macro MAE
(1) (1) ) ) (1) Fi (1) F1 (1) ()

YOLO variant
11s 78.590 0.827 0.899 7514 0.847 0.965 0.855 0.818 0.230
8s 78.647 0.825 0.901 7.577 0.844 0.965 0.840 0.806 0.249

g5 Felslith. 7|& Multi-Net 78 71%F 23}
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