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Motivation & Contribution

Benchmark Overview
Ø DriveBench is a benchmark designed to reveal VLMs’ limitations 

in autonomous driving, It includes 19,200 frames and 20,498 QA 
pairs  under 17 settings (clean, corrupted, and text-only), cover 4 
driving tasks (perception, prediction, planning, and behavior).

LLM-as-a-Judge

Motivation & Observation
Ø VLMs are increasingly applied to different autonomous driving

tasks for their common-sense reasoning, offering potential to 
address rare corner cases beyond data-driven coverage.

Ø However, their susceptibility to hallucination raises serious safety 
concerns, especially in safety-critical driving scenario.

Ø DriveBench tackles a critical yet unexplored assumption: “Can 
existing VLMs provide reliable, visually-grounded explanations?”

Corruption Awareness

Comparisons of Evaluation Metrics

Benchmark Construction

Ø Dataset imbalance is observed across multiple 
“driving with language” datasets, e.g., DriveLM, 
BDD-X. We resample the data in our benchmark 
construction to make it more balanced.

Ø  

Ø Language metrics (e.g., Rouge-L) 
fail to reflect semantic similarity 
and often show uniformly scores.

Ø GPT scoring is more discriminative, 
aligning with model performance 
the standard benchmarks.

Ø Fine-tuned models tend to “learn” 
the answer template, leading to 
a unwanted, misleading sense of 
performance improvement.

Ø GPT score is more discriminative with more information provided.
Ø Even with these the information, GPT score can also fail to capture 

nuance when the model is hallucination under text-only scenarios.

Hallucination with Visual Degradation

Tab. GPT score with clean; corrupted; and no visual (Text-Only) input

Ø We observe that existing driving
VLMs can generate answer base 
on text information and general 
knowledge learned in training.

Ø This raises concerns about their 
reliability and trustworthiness, as 
such behaviors are often difficult 
to detect using existing datasets 
and evaluation metrics. 

Ø VLMs fabricate answers under visual degradations but show no 
GPT score degradation under corruption or text-only input.

Ø We developed the main DriveBench 
based on DriveLM and remove data 
depends on temporal information, 
given the context window limitation.

Ø We filter the dataset based on GPT-
4o results, removing “unreasonable” 
data for better testing existing VLMs.

Ø VLMs tends to have the corruption 
awareness to correctly understand 
the current visual corruption type.

Ø Most VLMs acknowledge cannot 
answer questions when explicitly 
include corruption type in prompt.

Tab. Corruption accuracy

Ø RAU leverages awareness 
of corruption of driving VLMs 
to improve performance of
some downstream tasks on 
corrupted visual input (e.g., 
3D object detection).

Tab. Robustness improvement

Benchmark Study & Experiments

Reliabi l ity Check & Evaluation

Robust Agentic Uti l ization (RAU)
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