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Figure 2. Architecture of LoRA(Hu et al., 2021)
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Table 1. Characteristics of the BDD-X Dataset
Attribute Value / Info Description
real-world driving videos totaling

total number of videos 6,970 approximately 77 hours
total number of frames ~8,400,000 frames each video is around 40 seconds on average
total number of annotated 26228 each action is paired with a description and
actions ’ an explanation
average number of ~3.8 actions each video contains multiple annotated driving
actions/video ’ situations
driving conditions day/night, mostly urban covers diverse hghtlng' @d road environment
conditions

commonly appear in describing vehicle

frequent keywords (action) car, stop, driving, stopped, etc. behavior and driving actions

Table 2. Performance evaluation results by model

Model ROUGE-1 ROUGE-L BLEU Latency
LoRA FT-Driver 0.1495 0.1399 0.0178 1.145
RAG(k=1) 0.0888 0.0745 0.0051 1.099
RAG(k=3) 0.0770 0.0646 0.0041 1.253

RAG(k=5) 0.0693 0.0589 0.0033 1.438
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Table 3. Response examples from LoRA FT-Driver model

Number Scenario Reference response Model-Generated Response

1 because the lane to the The car is swerving The car merges into another road and continues
left is clear around another car. straight ahead at night with no traffic around it.

2 to allowmaér;/:hlcle to The car slows. The car is slowmsgli;i}(l)t\glri.and steering right

3 Traffic ahead of the car  The car is advancing The vehicle continues to move forward at slow

is slowly advancing... forward slowly. speed...
4 because there is no ~ The car drives down the The car accelerates to normal speed and
traffic street. continues...
5 to pass the cars moving  The car maintains a The car is merging into traffic from right...

slow in the left lane steady speed.
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Table 4. Characteristics of the Traffic violations dataset
Attribute Value / Info Description

Total number of ~70.000 based on real-world traffic violations in the

samples i state of Maryland

warning: 34,382 / citation: 32,452 / SERO: target variable ’Violation.Type’ includes these
3,506 major categories
includes vehicle info, driver profile, and
textual violation descriptions
related to driving behavior, vehicle status, and
types of violations

Top 3 violation types

Number of features 21 features

Frequent keywords

(description) failure, driving, mph, vehicle, etc.
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LoRA-based Fine-tuning of sLLM for Domain-specific Knowledge Systems
in Autonomous Driving

Dayeon Kint, Sooyoung Cheort, Ah-Rim Joo'

Abstract

Recent advances in autonomous driving technology have resulted in an explosive
increase in sensor and driving data, highlighting the need for efficient knowledge -processing
systems capable of providing real-time responses. In particular, the ability of autonomous
vehicles to explain their decision-making processes in complex driving situations to human
users is crucial for ensuring safety and reliability. While existing RAG methods show strong
generalization performance across various domains, they have limitations regarding accuracy
and consistency in domain-specific contexts. To address this issue, this study proposes LoRA
FT-Driver, a fine-tuned sLLM utilizing LoRA. The proposed model adjusts only
approximately 0.01% of total parameters, ensuring high accuracy and consistent responses
even with limited computational resources. Its lightweight architecture makes it well-suited
for deployment in embedded systems such as autonomous vehicles. Qualitative and
quantitative experiments conducted using the BDD-X dataset demonstrated that LoRA
FT-Driver significantly outperforms RAG-based models. Additionally, extended experiments,
such as classification tasks involving traffic violation types, confirmed the model’s superior
domain transfer capabilities.
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