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Transformer <area> Countryside
block FCL » <location> Intersection
& <road surface> Dry

MLP
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Ambulance

(b)CNN~— 2 DY A E 71

LLM FEHTHE
<time> Daytime
<weather> Sunny

<congestion level> Sparse

<faded lane markings> Yes

<lane closed for construction> Yes
<emergency vehicles> Ambulance

TEAMM—Y UEHE

EEEHELE TEA MFHIZER
(c)Transformer~— A OVLM
X 1 CNN-X—2EF/LL VLM OffiE
K1 IV E 720 -F

label class

time Daytime, Evening, Night, Unidentifiable
weather Sunny, Rainy, Snowy, Unidentifiable

area Urban, Residential, Countryside, Mountain, Tunnel, Highway, Ramp
location Straight, Curvy, Intersection, Parking

road surface
congestion level
faded lane markings
construction
emergency vehicles

Dry, Wet, Snow covered
Dense, Normal, Sparse

Yes, No
Yes, No

Ambulance, Fire truck, Police car, None
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ANx

You are an excellent. driver behind the wheel.

Analyze six connected images of a given driving scene captured by a your car's
surround view camera.

— Y
Answer the following questions by selecting from the options given, following
the format given. However, for the <area> and <emergency vehicle> questions,
you may use AND to make multiple selections. Also, for the questions, take

into account that your vehicles is traveling at v km/h.

<time> When is the time of day?
options: Daytime, Evening, Night, Unidentifiable

<weather> How is the weather?
options’ Sunny, Rainy, Snowy, Unidentifiable

<area> What is the area in which your car is traveling? (You may select
multiple options in this question.)

options: Urban area, Residential area, Countryside, Mountain roadway, Tunnel,
Highway, Highway ramp
-—W —
<emergency vehicles> Which of the emergency vehicles listed in the options
are driving near the roadway your car is traveling on? If none o f the
emergency vehicles listed in the options are present, respond with None. (You
may select multiple options in this question.)

options: Ambulance, Fire truck, Police car, None

HAX

<time> Daytime <Weather> Sunny <area> Urban area <location> Intersection
<road surface> Dry <congestion level> Sparse <faded lane markings> No
<lane closed for construction> No <emergency vehicles> None
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road—road surface, congestion—congestion level,

markings—faded lane markings, construction—Ilane closed for construction, emg veh—emergency vehicles %3 7".

Macro F1(%)

T )L time weather area location road congestion markings construction emg veh
ConvNext V2(FT) 88.8 81.7 73.0 64.2 69.8 72.5 60.2 715 -
YOLOv11(FT) - - - - - - - - 80.0
LLaVA 57.4 56.5 44.3 32.1 70.0 52.9 46.3 54.5 2.72
LLaVA(LoRA) 87.9 75.5 74.1 83.8 89.9 81.9 80.0 92.7 73.9
LLaVA(LoRA) + velocity 91.7 76.0 85.1 84.9 87.5 79.7 69.4 93.8 71.6
& 3 Rainy @ Precision & Recall
= . Precision(%) Recall(%)
=i
4.4 “:Hﬁji;f weather
e — s ET )L Rainy
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#& 4 Highway + Ramp @ Precision & Recall
Recall(%)

Precision(%)
area

avali% Highway Ramp Highway Ramp
LLaVA(LoRA) 75.0 50.0 47.1 8.16
LLaVA(LoRA) + vel 66.7 86.8 74.5 67.3
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ZEMBIENT L L. | ERERMNE L.
IO EMD, LLaVA TIEmEE O X 0 SRRy £
TEBLTETLEY, CNN R—ZXEF /LD
ConvNext V2 [Z T, 2RR72 R & THINIT
Aol BFZBzbhbd. £, £ 4 O
LLaVA(LoRA)+velocity DFfEFR 5, K 4 DK D
Tunnel « Highway 27 7 A 72 EOEGOFHEKTZ T Tk
Highway 7 7 X 72 & P92 2 & 238 L ETTE
HBIELL PHINTE TWZ 006, AT
WCBET 2 LEEMZ D 2 & OFINEDRMHED D BTz,

6 EHVIC

ARFZETIE, AENERREO LTS OFRFRIERE D
SFAM - be#E A CNN X— 2 EF L & VLM % W CFF
St FERL LT, BB TR T A MOKHK
BEHWR D VLM OEITEHGFEFRNEGEN CNN ~—
AT MR TE W ENHBA L. £/, VLM
1L, K0k O R A W EICITA D
ZEbMEND DN, A%ROMEE LT, KE,
NIEEBROFED T L7 & ORE W I,
prompt FXEFD E 5725 TRSBEEEBOLE 2 &
EITHOZ R ENEFTFOLND.

This work is licensed by the author(s) under CC BY 4.0
(https://creativecommons.org/licenses/by/4.0/).



S5 3

[1]

[2]

[3]

[4]

[5]

[6]

[7]

[8]

Sanghyun Woo, Shoubhik Debnath, Ronghang Hu,
Xinlei Chen, Zhuang Liu, In So Kweon, Saining Xie.
ConvNext V2: Co-designing and Scaling ConvNets
with Masked Autoencoders. In Proceedings of the
IEEE/CVF Conference on Computer Vision and
Pattern Recognition (CVPR), pp. 16133-16142,
2023

Rahima Khanam, Muhammad Hussain. YOLOv11:
An  Overview of the Key Architectural
Enhancements. arXiv preprint arXiv:2410.17725,
2024.

Haotian Liu, Chunyuan Li, Qingyang Wu, and Yong
Jae Lee. Visual instruction tuning. In Proceedings
of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition (CVPR), pp.
26286-26296, 2024.

Tal Ridnik, Emanuel Ben-Baruch, Asaf Noy, Lihi
Zelnik-Manor. ImageNet-21K Pretraining for the
Masses. arXiv preprint arXiv:2104.10972, 2021.
Olga Russakovsky, Jia Deng, Hao Su, Jonathan
Krause, Sanjeev Satheesh, Sean Ma, Zhiheng Huang,
Andrej Karpathy, Aditya Khosla, Michael Bernstein,
Alexander C. Berg, and Li Fei-Fei. ImageNet Large
Scale Visual Recognition Challenge. International
Jounal of Computer Vsion(1JCV), Vol. 115, pp.
211-252, 2015.

Tsung-Yi Lin, Michael Maire, Serge Belongie,
James Hays, Pietro Perona, Deva Ramanan, Piotr
Dollar, and C Lawrence ~ Zitnick. Microsoft coco:
Common objects in context. Computer Vision-
ECCV 2014, pp. 740-755, 2014.

Alec Radford, Jong Wook Kim, Chris Hallacy,
Aditya Ramesh, Gabriel Goh, Sandhini Agarwal,
Girish Sastry, Amanda Askell, Pamela Mishkin,
Jack Clark, et al. Learning transferable visual models
from natural language supervision. arXiv preprint
arXiv:2103.00020, 2021.

Albert Q. Jiang, Alexandre Sablayrolles, Arthur
Mensch, Chris Bamford, Devendra Singh Chaplot,
Diego de las Casas, Florian Bressand, Gianna
Lengyel, Guillaume Lample, Lucile Saulnier, Lélio
Renard Lavaud, Marie-Anne Lachaux, Pierre Stock,
Teven Le Scao, Thibaut Lavril, Thomas Wang,

(9]

[10]

[11]

[12]

[13]

— 1195 —

Timothée Lacroix, William El Sayed. Mistral 7B,
arXiv preprint arXiv:2310.06825, 2023.
Francisco Romero, Caleb Winston,
Hauswald, Matei Zaharia, Christos Kozyrakisv.
Zelda: Video Alalytics using Vision-Language
Models. arXiv preprint arXiv:2305.03785, 2023
Xiaoyu Tian, Junru Gu, Bailin Li, Yicheng Liu,
Yang Wang, Zhiyong Zhao, Kun Zhan, Peng Jia,
Xianpeng Lang, Hang Zhao. DriveVLM: The
Convergence of Autonomous Driving and Large
Vision-Language  Models.  arXiv  preprint
arXiv:2402.12289, 2024

Zian Guo, Zakhar Yagudin, Artem Lykov, Mikhail
Konenkov, Dzmitry Tsetserukou. VLM-Auto:
VLM-based Autonomous Driving Assistant eith
Human-like Behavior and Understanding for
Complex Road Scenes. arXiv  preprint
arxXiv:2405.05885, 2024

Edward J. Hu, Yelong Shen, Phillip Wallis, Zeyuan
Allen-Zhu, Yuanzhi Li, Shean Wang, Lu Wang,
Weizhu Chen. LoRA: Low-Rank Adaption of Large

Johann

Language Models. arXiv preprint
arXiv:2106.09685, 2021.
Jason Wei, Xuezhi Wang, Dale Schuurmans,

Maarten Bosma, Brian Inchter, Fei Xia, Ed Chi,

Quoc Le , Denny Zhou . Chain-of-Thought
Prompting Elicits Reasoning in Large Language
Models. arXiv preprint arXiv:2201.11903, 2022.

This work is licensed by the author(s) under CC BY 4.0
(https://creativecommons.org/licenses/by/4.0/).



