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Multi-view Safety-Critical Scene

Motorcycle

Prediction ‘.'7\

-

O Safety-Critical Caption

In asituation driving through the city streets late at night.

A motorcycle parked in the right front suddenly comes out, so
the car is trying to avoid it by slightly crossing the center line.

®

Q: What is a safety-critical object?

A: Motorcycle in the front right. e
r—m

o

Q: How do you think a safety-critical
object will move?

A: Parked. Ko

N

Stage 2 Reasoning

Q: Is there any other safety-critical
object besides the first safety-critical
object? If so, how will it move?
AL A driving straight in the
opposite direction over the center line
ahead. E(

=

-

© Safety-Critical Planning (1)

Q: What should Ego do to drive safely?
A: Ego should move to the left and
slightly cross the center line to avoid the
parked motorcycle.

© Safety-Critical Planning (2")

Q: How should Ego drive to solve the
first risk while also addressing the
second risk> Keg

A: To avoid the motorcycle, even if Ego
cross the center line, Ego must quickly
move back inside the center line to avoid
a collision with =

@ Safety-Critical Relationship

Q: Which of the following is a correct description of Spatial
Relationship?
A: The that crossed the central line in front is

trying to go straight by slightly crossing the central line to avoid

- \

» Safety-Critical Relationship
Q: What is the correlation in safety- Q: What situation would oceur if the Ego Vehicle
critical situations?

the white vehicle that is stopped in the middle of the road. A: Car vs. Matocycle,

& Counterfactual

behaved like this?

i A: If the Ego Vehicle does not cross the center line, it
Sogs will collide with a parked motorcycle. m

Figure 1: WaymoQA overview of action-induced two-stage safety-critical reasoning. A Stage 1 maneuver resolves
the primary hazard but induces a secondary risk, requiring Stage 2 planning under the changed risk landscape.

Abstract

In real-world driving, resolving a primary haz-
ard often precipitates a secondary one: swerv-
ing to avoid a stalled vehicle may force the ego
car into oncoming traffic. Existing driving QA
datasets fail to capture this cascading causality,
evaluating perception, prediction, and planning
in silos without anticipating the risks action
induces. We introduce WaymoQA, a multi-
view dataset that frames safety-critical reason-
ing as a two-stage task: resolving the immedi-
ate threat, then mitigating the action-induced
secondary risk. WaymoQA provides 35,000
human-annotated QA pairs across image and
video modalities, with 28K training and 6.4K
test examples. Experiments show that SOTA
models struggle on safety-critical scenes, while
fine-tuning on WaymoQA improves both rea-
soning accuracy and consistency. WaymoQA
thus serves as a rigorous benchmark and re-
source for safety-aware autonomous driving.

*Corresponding Author.

Our code and data are provided in https:
//github.com/sjyu@@1/WaymoQA.

1 Introduction

Multimodal Large Language Models (MLLMs)
have rapidly advanced from general vision-
language tasks to autonomous driving, they now
support end-to-end planning, scenario generation,
and vision-language action modeling (Feng et al.,
2025; Fu et al., 2024; Guo et al., 2025; Huang
et al., 2024; Ma et al., 2024; Shao et al., 2024a).
Within this landscape, Driving Question Answering
(Driving QA) has emerged as a promising frame-
work for evaluating high-level scene understanding
and decision-making (Marcu et al., 2024; Li et al.,
2025b), since QA format directly exposes what a
model perceives, predicts, and decides.

Driving QA datasets have evolved from single-
view setups such as DRAMA (Malla et al., 2023)
and DriveLM (Sima et al., 2024) to multi-camera
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frameworks like NuScenes-QA (Qian et al., 2024)
and NuPlan-QA (Park et al., 2025), progressively
improving spatial coverage and inter-agent model-
ing. However, both generations share a common
blind spot: they are overwhelmingly built from
normal driving scenarios (Fu et al., 2025; Li et al.,
2024b; Liu et al., 2024c; Zeng et al., 2025), leaving
safety-critical events, the rare but consequential
moments that most challenge real-world deploy-
ment, largely untested.

Recent benchmarks have begun addressing
this gap. NAVSAFE (Sima et al.,, 2025),
DVBench (Zeng et al., 2025), and VRU-
Accident (Kim et al., 2025) introduce safety-critical
evaluation for driving VQA, yet three key limita-
tions persist. (L1) They are mainly evaluation-only
and do not provide training data for learning safety-
critical reasoning. (L2) They often rely on lim-
ited or single-view inputs, which can miss blind
spots and occluded agents; and (L3) They treat
perception, prediction, and planning as indepen-
dent questions, without evaluating action-induced
downstream risks where resolving one hazard can
create another. As shown in Fig. 2, the same scene
can lead to opposite decisions depending on view
coverage: a lane change appears feasible from the
front view, but multi-view input reveals a rear-side
vehicle that would turn that maneuver into a col-
lision. This illustrates that safety-critical reason-
ing requires both multi-view evidence and explicit
reasoning over how a chosen action reshapes the
surrounding risk landscape.

To address these limitations, we introduce Way-
moQA, the first training-enabled, safety-critical
multi-view driving QA dataset. WaymoQA is built
from rare pre-crash scenarios in the Waymo End-
to-End (Waymo E2E) dataset (?) and filtered using
the 47 U.S. NHTSA pre-crash scenario types (?).
Here, long-tail specifically refers to rare pre-crash
scenario types defined by the NHTSA taxonomy,
rather than rare environmental conditions such as
adverse weather, nighttime driving, or heavy traf-
fic. WaymoQA contains 35,000 human-written
question-answer pairs across safety-critical videos
and manually selected key frames. It provides
28,585 training examples and 6,415 test exam-
ples, supporting both open-ended QA and multiple-
choice formats. Each scene is observed through
eight synchronized camera views covering front,
side, and rear directions, supplying the surrounding
context that single-view setups miss.

Central to WaymoQA is its formulation of Safety-

Question:
Is lane changing possible?
Which is safer, slowing down or changing lanes?
-

.
4 =4

Single Front View

Q Changing lane is possible, Q Changing lane is impossible due to
changing lane is safer. white vehicle on rear-right.
Slowing down is safer.

Figure 2: Same-Scene View Comparison.

Critical Reasoning as a compositional two-stage
task. Stage 1 resolves the immediate risk by iden-
tifying the safety-critical object, predicting its be-
havior, and selecting a feasible safe action. Stage 2
then addresses the secondary risks induced by the
Stage 1 action, reflecting real-world driving where
mitigating one hazard can introduce another. For
example, as shown in Fig. 1, the ego vehicle first
avoids a parked motorcycle by briefly crossing the
center line, but must then return to its lane before
colliding with an oncoming vehicle. WaymoQA
further combines two complementary QA modali-
ties: Video QA captures realized temporal events,
while Image QA supports decision-oriented and
counterfactual reasoning from key frames, broad-
ening the space of possible actions and outcomes
beyond the single realized trajectory.

Comprehensive experiments show that pre-
trained MLLMs consistently struggle with safety-
critical reasoning, underperforming markedly
on safety-critical questions compared to normal
scenes. Fine-tuning on WaymoQA improves
ImageQA, VideoQA, open-ended QA, and two-
stage consistency, indicating gains beyond answer-
option selection toward free-form and decision-
conditioned reasoning. Transfer, ablation, and
robustness analyses further show that WaymoQA
supervision improves external driving QA bench-
marks and planning metrics, benefits from multi-
view inputs, and remains stable under answer-order
permutation and environmental variations.

Our contributions are threefold: (1) we
define multi-view safety-critical reasoning for
autonomous-driving VQA; (2) we introduce Way-
moQA, the first training-enabled safety-critical
multi-view driving QA dataset with image/video
and open-ended/MCQ formats; and (3) we present
MCAQ, consistency, transfer, ablation, and robust-
ness evaluations showing that WaymoQA supervi-
sion improves safety-critical reasoning.
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Figure 3: WaymoQA construction pipeline. We filter safety-critical Waymo E2E scenes, curate a structured QA
bank, and perform human answering and verification to produce Video/Image VQA and MCQ splits.

2 Related Works

MLLM in Autonomous Driving. MLLMs have
shown strong high-level reasoning across diverse
tasks (Liu et al., 2024d; Stone et al., 2023; Chen
et al., 2024a; Hong et al., 2024), motivating their
use in autonomous driving (Chen et al., 2024c; Cui
et al., 2024; Zhou et al., 2025¢c). Recent studies
extend MLLMs from perception and captioning to
driving-oriented reasoning, planning, and trajectory
generation, including spatial/action reasoning (Tian
et al., 2024; Xu et al., 2024), high-resolution or 3D-
enhanced perception (Ding et al., 2025; Han et al.,
2025), generative planning (Hu et al., 2023; Mao
et al., 2023), agentic driving (Jin et al., 2024), VLA
models (Zhou et al., 2025b), and text-to-trajectory
conversion (Hwang et al., 2024). Overall, the field
is shifting from scene narration toward decision-
making coupled with perception and control.

Safety-Critical Autonomous Driving. Safety-
critical driving is difficult due to rarity, diversity,
and causal dependencies. Prior work has stud-
ied planner-driven stress testing (Rempe et al.,
2022; Zhong et al., 2022, 2023), adversarial, con-
trollable, and RL-based scenario generation (Xie
et al.; Lin et al., 2025; Liu et al., 2024a), real-video
anomaly analysis (Yao et al., 2022), safety-focused
datasets and benchmarks (Luo and Wang, 2023;
Wang et al., 2024), and simulator-scale synthe-
sis (Zhang et al., 2024; Dosovitskiy et al., 2017).
Recent efforts further improve realism and multi-
view alignment through diffusion, reinforcement
learning, and causal rationales (Li et al., 2025a;
Zheng et al., 2024; Zhou et al., 2025a; Shao et al.,
2024b; Fang et al., 2024).

3  WaymoQA Dataset

We describe WaymoQA, a human-annotated multi-
view VQA dataset for safety-critical reasoning. Fig-
ure 3 summarizes the construction pipeline.

3.1 Scene Selection and Multi-View Inputs

We build WaymoQA from the Waymo End-to-End
(Waymo E2E) dataset (Xu et al., 2025), which con-
tains long-tail real-world driving scenarios. To
reduce subjectivity, we select candidate safety-
critical scenes using the 47 pre-crash scenario
types defined by the U.S. National Highway Traffic
Safety Administration (NHTSA) (Administration
et al., 2007), providing reproducible criteria for
collision-relevant risks, abrupt agent interactions,
and hazardous traffic configurations. Final safety-
critical/normal classification and key-frame selec-
tion are performed by human annotators, without
the use of an automatic model.

Each scene has synchronized multi-view obser-
vations: Image QA uses eight same-timestamp
views, and Video QA uses multi-view clips from
the same scenario. This coverage is essential be-
cause action feasibility may depend on agents be-
yond the front view; for example, a lane change
may appear safe from the front camera but become
unsafe once a rear-side vehicle is visible.

Safety-critical events are brief, often lasting
about 2—4 seconds in a 22-second Waymo E2E sce-
nario. Sampling critical moments would overrepre-
sent hazardous states and weaken normal-to-critical
evaluation. We therefore curate key frames cover-
ing both contexts while avoiding near-duplicates,
using a 2:3 normal-to-critical ratio, one-second
minimum interval, and at least five key frames per
video. This preserves temporal context for Video
QA while yielding balanced image-level questions.

To prevent data leakage, we split the dataset at
the Waymo scenario-token level, such that all clips,
key frames, and QA pairs derived from the same
scenario are assigned to a single split. The train,
validation, and test splits contain 127, 148, and 54
unique scenarios, respectively, with zero scenario-
token overlap across the three splits.
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Safety- Multi Train . Nor. SC. 2SS. Uncer- Counter-

Dataset Normal Critical View Data Video Image | Per. Rea. Rea. Rea. tanty factual Amount
NuScenes-QA (Qian et al., 2024) v X v v X v v X X X X X 460K
NuplanQA (Park et al., 2025) v X v v X v v X X X X X M
DrivelLM (Sima et al., 2024) v X v X X v v v X X X X 443K
DriveMLLM (Guo et al., 2024) v X X X v X v X X X X X 4K
BDD-X (Kim et al., 2018) v X X v v v 4 X X X X X 26K
DRAMA (Malla et al., 2023) v X X v v v v X X X X X 14K
DriveBench (Xie et al., 2025) v X v X X v v v X X X X 20K
VRU-Accident (Kim et al., 2025) v v X X v v v v X X X X 6K
DVBench (Zeng et al., 2025) v v X X v v v v X X X X 10K
STRIDE-QA (Ishihara et al., 2026) X v v v v v v X X X X 16M
WaymoQA \ v v v v v v \ v v v v v v \ 35K

Table 1: Comparison of driving QA datasets and reasoning coverage. Abbreviations: Perception(Per.), Normal
Reasoning(Nor.Rea.), Safety-Critical Reasoning(SC.Rea.), Two-Stage Safety-Critical Reasoning(2SS.Rea.).

3.2 Question Bank Curation

Before authoring QA pairs, we construct a 62-item
question bank to standardize coverage across in-
put formats, scene types, and safety-critical rea-
soning categories. The bank follows a three-level
hierarchy of input format, scene type, and rea-
soning category, covering Caption, Scene Under-
standing, Perception, Prediction, Planning, Uncer-
tainty, Counterfactual, Special Event, Spatial Rela-
tionship, Temporal Grounding, and Traffic Signal.
Each template is labeled with structured metadata,
with details provided in Appendix B.

Using this curated question bank, WaymoQA
contains 35K human-authored QA pairs, split into
28,585 training and 6,415 test examples. The train-
ing split contains open-ended QA pairs that provide
rich supervision for model fine-tuning. The test
split contains human-written four-option multiple-
choice questions (MCQs), enabling objective eval-
uation with a fixed answer key. Table 1 compares
WaymoQA with prior driving QA datasets. Un-
like previous datasets, WaymoQA jointly provides
safety-critical scenarios, multi-view inputs, train-
able annotations, image/video QA, counterfactual
questions, and two-stage safety-critical reasoning.

3.3 Two-Stage Safety-Critical Reasoning

WaymoQA formulates safety-critical driving QA as
a two-stage action-induced reasoning task. Stage 1
asks the model to identify the primary hazard, pre-
dict its behavior, and select a feasible action to
resolve the immediate risk. Stage 2 is induced by
this Stage 1 action, as the initial maneuver may
change the ego vehicle’s position and interaction
with surrounding agents, exposing secondary risks
that were not the primary threat before. The model
must then choose an action that mitigates the down-
stream risk while preserving the Stage 1 objective.

Unlike ordinary single-step scene understanding,

the Stage 2 answer cannot be inferred from the cur-
rent scene alone; it depends causally on the Stage 1
maneuver. For example, crossing the center line
may be necessary to avoid a parked motorcycle, but
this maneuver can induce a new conflict with an
oncoming vehicle. Stage 2 evaluates whether the
model can anticipate how its action changes the fu-
ture risk landscape, rather than merely recognizing
visible objects or predicting the next frame.

This design separates immediate-risk errors from
downstream-foresight errors and supports counter-
factual branching, where different Stage 1 actions
induce different Stage 2 risks. WaymoQA evaluates
not only hazard identification, but also causal rea-
soning over action-induced safety consequences.

3.4 Video vs. Image QA

Safety-critical scenarios are crucial but rare in prac-
tice, making it difficult to achieve broad coverage
when constructing reasoning data from video alone.
We therefore leverage two complementary perspec-
tives. Video QA enables temporal reasoning about
what actually occurred, while Image QA extends
safety-critical reasoning by exploring alternative
decisions from a single key frame.

In the example of Fig. 4, a vehicle cuts in from
the left as the ego changes lanes, and the ego moves
to the right lane to avoid a collision. From a single
key frame of the same situation, Image QA can
ask which actions are feasible at this time, which
option is safer given visible risks, and whether a
lane change is possible or slowdown is preferable.
Since these questions move beyond the single real-
ized path, they expand the set of alternative actions
and near term outcomes for the same scene.

Combining the two perspectives increases the di-
versity of reasoning signals for rare long-tail safety-
critical events. This enables more robust learning
and evaluation even when scenario data are limited.
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Framg 1

Scene Understanding

Video Summary :

and mine was close, Ego vehicle changed lanes from left to right.

Image Caption :

Ego vehicle proceeded straight while avoiding a parked vehicle on the left side of a four-lane road in the city.
There was a vehicle changing to the right lane from the left front road into the road Ego vehicle was drivil

A situation where Ego vehicle is changing from the second right turn-only lane to the first right turn lane on a four-lane road in the city.

A gray vehicle in the left front is changing lanes to the right to move in front of the vehicle.

on, and since the distance between that vehicle

Video QA Image QA
Question : Question : Question : Question :
How did the safety-critical object move and how | What actions are What should Ego do to drive Is lane changing possible? Which is
did the ego vehicle behave? currently possible? safely? safer, slowing down or changing lanes?
Answer : Answer : Answer : Answer :
The safety-critical object moved in front of the | Go straight, stop, change The ego vehicle should slow Lane changing is possible, slowing down
vehicle by changing lanes from left to right, the | to the right lane down to avoid colliding with the is safer.
Ego-vehicle changed lanes to the right twice. vehicle merging from the left.

Question :
Who is responsible in a safety-critical situation?
What is the cause?

Question :
situation might occur?
Answer : Answer :

so abruptly without maintaining a safe distance
and changed lanes consecutively.

If the Ego vehicle behaved like this, what

A gray vehicle changing lanes in the left front did| If the Ego vehicle continues straight without
slowing down, a collision with a gray vehicle
changing lanes ahead will occur.

Question :
What situation might have occurred if the Ego vehicle
had behaved this way?

Answer :
If the Ego vehicle had not slowed down, a collision
would have occurred with the vehicle changing lanes.

Figure 4: Examples of Video/Image QA in WaymoQA.

3.5 Formats and Evaluation

WaymoQA provides two complementary for-
mats. Open-ended QA pairs are used for train-
ing, whereas four-option multiple-choice questions
(MCQs) are used for validation and testing. Im-
portantly, models are fine-tuned exclusively on
open-ended QA pairs and are never exposed to
MCQ answer options or distractors during training.
Therefore, improvements in MCQ evaluation can-
not result from direct memorization of WaymoQA-
specific distractor patterns during fine-tuning. We
adopt a four-option MCQ design and write all op-
tions by humans. The position of the correct an-
swer is uniformly distributed across the four slots
to avoid position bias and reduce random guess-
ing. This choice avoids LLM-as-a-judge scoring
and enables objective accuracy evaluation with a
fixed answer key. Prior work (Chen et al., 2024b;
Chen et al.; Wataoka et al., 2024) has shown that
LLM-based grading can exhibit biases, such as a
preference for longer answers regardless of correct-
ness and a tendency to favor responses written in
a style similar to the evaluator. Our MCQ setup is

Statistic Value
Annotators 7
Independent annotations per scene >3
Annotation manager flagging rate 26%
Re-annotation threshold Fleiss’ k < 0.7
ImageQA « Normal / Others / Safety-Critical | 0.95/0.90/0.97

VideoQA « Normal / Others / Safety-Critical | 0.90/0.91/0.98
Independent verifiers 3
Verification flag rate 34% — 3% — 0%

Table 2: Annotation reliability and verification statistics.

therefore intended to provide a consistent and fair
evaluation without relying on an LLM grader.

3.6 Human Answering and Verification

Recent studies have begun to automatically gen-
erate driving QA data with MLLMs (Khalili and
Smyth, 2025; Parikh et al., 2025). However, such
data may reinforce pretrained model biases, reduce
diversity, and contribute to model collapse (Shu-
mailov et al., 2024). We therefore employ seven
Ph.D. annotators with prior knowledge of driving
and autonomous-driving research for internal hu-
man annotation and verification. Annotation was
conducted internally as part of the research project,
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Model ‘ ImageQA

I VideoQA |

|Normal | Others | Safety-Critical

|Overall | Normal | Others | Safety-Critical |Overall

‘Overall‘Overall‘ SU PE PR PL SC UN Overall‘

|| Overall |Overall| SC SU PE TG UN Overall|

Human Experts 96.1 | 963 |96.8 98.0 96.4 943987949 960 | 96.1 | 969 | 96.6 [97.2 97.2 96.0 94.0 92.5 95.9 | 96.5
GPT 5.2 757 | 57.0 |68.4 65.6 73.8 62.3 57.6 53.0 645 | 674 H 79.1 | 78.8 |54.1 65.5 50.0 49.0 81.3 61.6 | 726
LLaVAL.5(7B) 359 | 37.5 (245213 247255272 17.0 232 | 30.7 || 424 | 347 |13.527.532.6 274 333 275 | 359
LLaVA-OneVision(7B) 66.7 | 517 |50.8 42.2 56.9 532 455 64.9 544 | 58.6 | 658 | 82.1 |32.4 434403294 62.5 423 | 592
InternVL3.5(8B) 40.1 | 46.6 |26.6 304 23.7 41.1 253222 289 | 37.0 | 451 | 50.8 [29.7 28.251.9 19.6 43.7 32.9 | 414
InternVL3.5(4B) 380 | 42.3 [21.7 24.1 23.6 39.2 41.1 202 27.8 | 344 || 363 | 584 |37.8 23.4 423 17.6 39.5 293 | 36.7
InternVL3(8B) 336 | 47.0 |28.8 24.9 27.1 462 41.7 27.8 329 | 359 || 363 | 39.7 |40.5 27.5 50.0 254 562 362 | 36.8
InternVL3(14B) 402 | 55.6 |23.4 32.8 52.1 453 458 39.0 42.1 | 440 | 466 | 604 [59.4 273 51.9 25.0 57.4 38.6 | 463
Qwen2.5-VL(32B) 712 | 603 |52.6 44.6 74.3 64.6 56.4 614 62.6 | 654 | 723 | 797 432462 51.9 31.3 67.8 47.6 | 64.1
Qwen2.5-VL(7B) 68.1 | 55.6 |54.4 553 71.0 64.0 43.0 54.6 61.1 | 624 | 72.7 | 644 |32.453.1 557 31.3 64.5 495 | 6338
Phi3.5-vision 489 | 445 |32.0 25.6 41.8 45.6 44.3 46.5 409 | 44.7 || 509 | 52.5 |37.8 31.7 32.6 24.5 54.1 32.6 | 45.1
Gemma3(4B) 59.7 | 48.7 |34.237.1 53.8 443 513338 435 | 50.6 | 60.0 | 66.1 |54.0 29.6 38.5 54.9 542 41.1 | 538
Gemma3(27B) 643 | 62.6 |67.2 61.6 67.1 59.4 544 494 604 | 623 || 65.1 | 69.4 |43253.7 557392625 51.8 | 60.7
InternVL2-DA-DriveLM(4B) 542 | 377 |44.424.1 412 26.8 38.6 46.1 368 | 43.6 || 57.0 | 525 |37.8 43.4 30.7 27.4 58.3 40.5 | 503
OpenDriveVLA 549 | 439 |57.1 50.7 68.3 53.1 41.1 49.6 56.0 | 534 | 67.9 | 72.0 |43.249.7 50.0 35.3 54.1 47.5 | 60.9
LLaVA-OneVision(7B) (FT, Ours)| 74.3 | 62.8 |64.7 61.9 67.4 61.9 59.3 59.3 65.5 | 68.3 | 71.1 | 84.5 [54.2 60.7 59.2 44.1 68.1 583 | 68.1
InternVL3.5(8B) (FT, Ours) 61.6 | 656 |57.154.1 532503513542 53.1 | 587 | 621 | 76.1 |51.3 51.3 60.1 37.2 637 524 | 60.4
Qwen2.5-VL(7B) (FT, Ours) 749 | 72.7 |76.176.6 77.8 65.9 67.8 63.8 71.2 | 729 | 760 | 83.1 [63.5 66.2 63.5 58.9 70.8 65.0 | 72.8

Table 3: Detailed ImageQA and VideoQA performance of MLLMs on WaymoQA. Bold: best; underline: second
best. Abbreviations: SC (Scene Caption), SU (Scene Understanding), PE (Perception), PR (Prediction), PL
(Planning), TG (Temporal Grounding), UN (Uncertainty), FT (Fine-tuning).

with no separate per-item payment.

As summarized in Table 2, each scene is anno-
tated by at least three annotators, with one annota-
tion manager flagging guideline violations. Scenes
with Fleiss’ x < 0.7 or ambiguous answers are
re-annotated, resulting in agreement above 0.90
across all scene types in both Image QA and Video
QA. Three independent verifiers further check am-
biguity, excessive difficulty, and multiple plausible
answers, reducing the verification flag rate from
34% to 0% after revision.

4 Experiments

4.1 Experimental Settings

We assess multiple families and sizes of state-of-
the-art MLLMs and expert models, including vari-
ants of LLaVA (Liu et al., 2024b; Li et al., 2024a),
InternVL (Wang et al., 2025; Zhu et al., 2025; Gao
et al., 2024), Qwen-VL (Bai et al., 2025), Phi3.5-
vision (Abdin et al., 2024), Gemma3 (Team et al.,
2025), and OpenDriveVLA (Zhou et al., 2025b).

For Image QA, each example consists of eight
synchronized camera views covering the front, side,
and rear directions. For Video QA, each video clip
spans 14 seconds, we uniformly sample 50 frames
per video for evaluation.

4.2 Results of Image QA and Video QA

Table 3 reports the main benchmark results. Across
pretrained models, safety-critical performance is
consistently lower than normal-scene performance,
showing that safety-critical reasoning requires

more than generic scene recognition: models must
interpret agent behavior, feasible actions, and
downstream consequences.

Among pretrained models, Qwen2.5-VL per-
forms best in both modalities. Qwen2.5-VL(32B)
achieves the best pretrained overall accuracy, fol-
lowed by Qwen2.5-VL(7B). However, most pre-
trained models remain weak on safety-critical ques-
tions, especially in VideoQA, suggesting that tem-
poral context alone does not ensure reliable risk-
aware reasoning.

Fine-tuning on WaymoQA substantially im-
proves performance. Qwen2.5-VL(7B) improves
from 62.4% to 72.9% on ImageQA and from 63.8%
to 72.8% on VideoQA, with large gains on safety-
critical questions. It also surpasses GPT-5.2 under
the same MCQ protocol, suggesting that targeted
WaymoQA supervision can be more effective than
general-purpose model scale alone. Additional fine-
tuning results on LLaVA-OneVision(7B) and In-
ternVL3.5(8B) show consistent gains, indicating
that WaymoQA provides transferable supervision
across MLLM families.

4.3 Open-ended Evaluation

MCAQ accuracy is our primary protocol because it
provides objective fixed-answer evaluation with-
out relying on LL.M-as-a-judge scoring. This is
especially important for safety-critical questions,
where open-ended automatic metrics can obscure
differences among weak pretrained models. We
therefore use open-ended evaluation only as a com-
plementary analysis of free-form reasoning.
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As shown in Table 4, WaymoQA fine-tuning
substantially improves GPT-based scoring, BLEU,
ROUGE, and BERTScore, achieving the best over-
all and Safety-Critical scores across most metrics.
However, pretrained-model trends are less clear
than in the MCQ benchmark, supporting our use of
human-written MCQ as the main evaluation proto-
col. These results indicate that WaymoQA super-
vision improves not only answer selection but also
free-form safety-critical reasoning.

Model \ Overall | Safety-Critical

|GPT B-4 R-L BERT|GPT B-4 R-L BERT
252 143 106 85.1 255 0.86 10.5 85.2
253 1.59 115 84.6 |20.0 1.32 114 8438
255 1.60 11.3 84.7 |23.0 1.12 10.2 84.7
Qwen2.5-VL(32B) 25.1 0.85 102 83.7 |19.9 0.09 8.8 82.7
Gemma3(27B) 255 145117 85.0 21.3 1.32 11.7 85.1
InternVL2-DA-DriveLM(4B)|23.1 2.96 15.7 85.9 |17.5 2.70 15.8 85.8

Qwen25-VL(B) (FT)  |40.4 7.25 29.0 88.1 [34.0 472 23.1 §7.1

Table 4: Open-ended evaluation on WaymoQA. Abbre-
viations: B-4(BLEU-4), R-L(ROUGE-L).

LLaVA-OneVision(7B)
InternVL3.5(8B)
Qwen2.5-VL(7B)

4.4 Two-stage Consistency Evaluation

WaymoQA formulates safety-critical reasoning as
a two-stage action-induced process, where the
Stage 1 maneuver induces or exposes the Stage 2
risk (Sec. 3.3).

We evaluate this dependency on a safety-critical
ImageQA subset containing 245 key frames with
paired Stage 1 and Stage 2 questions. Both ques-
tions are anchored to the same key frame, identi-
fied by the same Waymo scenario token and frame
index. Each Stage 2 question is paired with its
corresponding Stage 1 question from the same key
frame, such that Stage 2 reasoning is conditioned
on the Stage 1 maneuver. The evaluation con-
tains 394 paired instances, consisting of 244 pre-
diction chains and 150 planning chains. VideoQA
is excluded from this evaluation because equivalent
paired two-stage chains were not constructed for
the video subset.

To verify whether models truly follow this de-
pendency, we introduce a stricter joint correctness
evaluation. Specifically, a two-stage instance is
counted as correct only if both Stage 1 and Stage 2
answers match the ground truth:

1 N
L[ =l gl =]

N <
=1

(1

This joint criterion captures the causal dependency

of sequential risks; Stage 2 is evaluated together

with the corresponding Stage 1 decision rather

ACCQ—stage =

than as an independent question. As shown in Ta-
ble 5, this joint evaluation causes a substantial drop
for generic baselines (typically 7-14%), indicat-
ing difficulty in maintaining stage-to-stage consis-
tency when the dependency is enforced. In con-
trast, the WaymoQA-fine-tuned Qwen2.5-VL-7B
exhibits a markedly smaller degradation, suggest-
ing that WaymoQA supervision improves decision-
conditioned reasoning across immediate risk reso-
lution (Stage 1) and induced secondary risk mitiga-
tion (Stage 2).

Model Single-stage Two-stage A

GPT-5.2 67.8 60.9 -6.9
LLaVA-OneVision-7B 53.0 38.9 -14.1
Qwen2.5-VL-32B 65.5 54.6 -10.9
Gemma3-27B 63.1 49.5 -13.6
OpenDriveVLA 59.3 52.1 -7.2
Qwen2.5-VL-7B (FT) 72.8 70.4 -2.4

Table 5: Two-stage consistency evaluation.

4.5 Controlled Supervision Analysis

An improvement after fine-tuning on WaymoQA
could in principle arise simply from exposure to
additional driving-domain QA data, rather than
from safety-critical supervision itself. We there-
fore conduct a matched-control experiment using
the same Qwen2.5-VL-7B model, LoRA config-
uration, training budget, and evaluation protocol,
while varying only the training data.

As shown in Table 6, removing safety-critical
examples from WaymoQA decreases accuracy by
4.6 points overall and 5.6 points on safety-critical
questions. A size-matched NuScenes-QA control
performs substantially worse, trailing full Way-
moQA training by 11.9 and 12.9 points, respec-
tively. These results indicate that the observed im-
provement cannot be explained solely by additional
driving-domain supervision and that safety-critical
examples provide a specific benefit for risk-focused
reasoning.

Training Data Overall Safety-Critical
WaymoQA (Full) 67.8 65.8
WaymoQA (Normal-only) 63.2 60.2
NuScenes-QA (Matched) 55.9 52.9
A Full — Normal-only +4.6 +5.6
A WaymoQA — NuScenes-QA  +11.9 +12.9

Table 6: Matched-control analysis using the same
Qwen2.5-VL-7B model and LoRA training setup.
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4.6 Transfer and Generalization

We further examine whether WaymoQA supervi-
sion transfers beyond the main QA benchmark.
First, we evaluate planning performance on the
Waymo End-to-End validation split. As shown in
Table 7, WaymoQA supervision improves ADE
and RFS even without trajectory supervision, sug-
gesting that safety-critical reasoning provides use-
ful high-level decision signals for downstream driv-
ing behavior. Combining WaymoQA with trajec-
tory supervision yields the best performance, in-
dicating that language-based safety reasoning and
geometric motion supervision are complementary.

Second, we evaluate cross-dataset transfer on
DriveLM-nuScenes and NuPlanQA. As shown
in Table 7, Qwen2.5-VL(7B) fine-tuned on Way-
moQA consistently improves over the base model
on external driving QA datasets. This suggests
that the learned reasoning patterns are not narrowly
overfitted to the WaymoQA distribution, but trans-
fer to other autonomous-driving QA settings.

Finally, we conduct a preliminary closed-loop
evaluation on Bench2Drive to examine whether
WaymoQA supervision transfers beyond offline
QA and open-loop planning. Using the same
trajectory-supervised policy, WaymoQA improves
the Driving Score from 65.0 to 71.2 and the Success
Rate from 8.3% to 16.7% on 12 randomly selected
routes. On 16 safety-critical routes, the Driving
Score improves from 57.4 to 63.4 and the Success
Rate from 6.2% to 12.5%. These results provide
preliminary evidence that WaymoQA supervision
transfers to downstream closed-loop behavior; how-
ever, given the limited number of evaluated routes,
we treat them as supporting evidence rather than
proof of deployable driving safety.

WaymoQA Trajectory \ ADE (5s) | RFS 1

X X 14.30 5.37

v X 11.60 591

X v 4.23 6.37

v v 3.81 691
Model DriveLM MCQ DriveLM GPT NuPlan MCQ
Qwen2.5-VL(7B) 47.1 16.0 41.8
Qwen2.5-VL(7B) (FT) 58.8 26.7 54.8
Bench2Drive Setting Base+Traj +WaymoQA+Traj
Random (12 routes) 65.0/8.3 71.2/16.7
Safety-critical (16 routes) 57.4/6.2 63.4/12.5

Table 7: Transfer and generalization beyond the main
WaymoQA benchmark. Bench2Drive results report
Driving Score / Success Rate (%).

S Analysis
5.1 Design Ablations

We analyze WaymoQA'’s core design choices, fo-
cusing on view coverage and temporal sampling.
Multi-view input. We compare single front view,
front-3 views, and full 8-view inputs. As shown
in Table 8, performance consistently improves as
view coverage increases, especially when moving
from front-only views to full surrounding views.
This supports our motivation that safety-critical
reasoning often depends on side and rear evidence
that is unavailable from the front camera alone.
Temporal sampling rate. We compare our default
50-frame VideoQA setting, corresponding to ap-
proximately 1.2 FPS, with a denser 10 FPS setting.
Table 8 shows only marginal differences across
representative models, suggesting that 1.2 FPS is
sufficient for the high-level reasoning targeted by
WaymoQA. We emphasize that WaymoQA is a
reasoning benchmark, not a proxy for real-time
low-level control.

| View Ablation (ImageQA/VideoQA)| FPS Ablation
Full-8  |1.2FPS 10 FPS

58.6/59.2 592 59.1
37.0/41.4 414 421
62.4/63.8 63.8 640
65.4/64.1 64.1 64.4
62.3/60.7 60.7  61.1
72.9/72.8 728 729

Model

| Front Front-3

LLaVA-OneVision(7B)|54.2/55.1 56.5/56.7
InternVL3.5(8B) 35.7/37.2 36.8/38.9
Qwen2.5-VL(7B) 58.1/56.2 58.8/59.3
Qwen2.5-VL(32B) 62.3/61.4 63.7/62.4
Gemma3(27B) 58.3/56.2 60.1/58.9
Qwen2.5-VL(7B) (FT) |70.8/71.3 71.1/72.1

Table 8: View and temporal sampling ablations.

5.2 Evaluation Robustness and Artifact
Controls

To test answer-position bias, we evaluate each ques-
tion under 10 random option permutations. Ta-
ble 9 shows only small variance across models and
modalities.

Question-only baseline. Qwen2.5-VL-7B
achieves 39.7% without visual input and 40.5%
after WaymoQA fine-tuning, whereas multimodal
accuracy improves from 62.4% to 72.9% on
ImageQA and from 63.8% to 72.8% on VideoQA.
This suggests that the gains primarily rely on
visual grounding rather than textual priors.

Blind surface-cue analysis. Simple heuristics
based on question-option overlap, alphabetical or-
der, punctuation, digit count, or fixed option selec-
tion achieve only 23.4-26.0%, close to the 25%
chance level.

Distractor-swapped evaluation. On a held-out
subset with regenerated distractors, the fine-tuning
gain is preserved: overall accuracy improves from

21728



62.7% to 70.6% with original distractors and from
75.0% to 83.4% with regenerated distractors. Thus,
the improvement is not specific to the original dis-
tractor construction.

Together with the open-ended evaluation in
Sec. 4.3, these results support the reliability of our
MCQ protocol across answer permutations, textual-
prior controls, distractor variations, and free-form
generation.

Model ImageQA | VideoQA

Mean Var. | Mean Var.
LLaVA-OneVision(7B) 584 0.13| 589 0.07
InternVL3.5(8B) 37.0 0.02] 41.1 0.03
Qwen2.5-VL(7B) 624 0.09]| 63.4 0.04
Qwen2.5-VL(32B) 652 0.06| 64.1 0.02
Gemma3(27B) 62.1 0.04| 60.9 0.06
InternVL2-DA-DriveLM(4B) 43.4 0.11 | 50.1 0.02
Qwen2.5-VL(7B) (FT) 729 0.09| 72.7 0.03

Table 9: Robustness to answer-option ordering. We
report mean and variance over 10 random permutations.

5.3 Environmental and Statistical Reliability

We analyze whether WaymoQA exhibits environ-
mental imbalance and whether model performance
varies across conditions. The dataset naturally re-
flects common real-world conditions, with more
examples from bright daytime, sunny or overcast
weather, light traffic, high visibility, and dry roads.
Rarer conditions such as heavy rain, dark night,
heavy traffic, and low visibility are less represented.
We further evaluate model performance across
time of day, weather, road type, traffic density,
visibility, and road condition. As shown in Ta-
ble 10, performance varies across conditions, con-
firming that environment-aware analysis is impor-
tant. At the same time, the relative ranking of mod-
els is broadly stable, and the WaymoQA fine-tuned
model performs best across most conditions.

Attribute QA % | Attribute QA % | Attribute QA %
Bright day 57.6 | Sunny 52.7 | Urban residential 38.2
Overcast day 20.0 | Overcast 274 | Intersection 30.3
Lit night 17.1 Partly cloudy 7.8 Urban downtown 17.9
Dusk/dawn 39 Light rain 5.6 Suburban 8.5
Dark night 1.5 Clear 3.7

Moderate traffic 17.4 | Medium visibility 13.4 | Wet road 9.6

Empty traffic 4.0
Heavy traffic 0.1

Light traffic 78.4 | High visibility 86.2 | Dry road 90.4
Low visibility 0.4

Table 10: Environment distribution of WaymoQA.

To further test robustness, we conduct an
augmentation-based evaluation on a 1K test-QA
subset by generating environmental variants of the
same scenes, including dusk/dawn, foggy, night-
time, overcast, rainy, and snowy conditions. Ta-
ble 11 shows that performance degrades under ad-

verse conditions, with different perturbations affect-
ing Normal Scene and Safety-Critical questions
differently. This suggests that environmental ro-
bustness remains an important future direction.

Finally, because some fine-grained sub-
categories contain relatively few samples, we
conduct repeated evaluations on small sub-
categories and report the mean and variance
in Table 12. The observed variances are small,
suggesting that the main performance gaps are
stable rather than artifacts of random fluctuations
from small sample sizes.

Model D/D Fog Night Over Rain Snow

LLaVA-OV  -3.6/-24  -6.6/-1.7 -3.6/-2.0 -1.8/-6.5 -4.1/-6.8 -1.8/-7.5
Qwen-7B -5.7/-27  -171-0.0  -4.1/-35  -41/-35 -52/-59  -3.1/-4.6
Qwen-32B -8.2/-0.3  -9.1/-24  -4.1/-00 -43/-06 -43/-73 -34/-59
Gemma3 -7.1/-40  -8.7/-3.1  -39/-13  -4.1/27 -39/-51 -3.7/-24
Qwen-FT -55/-1.5  -6.7/-1.8  -43/-56  -92/-62 -40/-39 -59/-73
Avg. -6.02/-3.38 -7.76/-3.00 -4.00/-2.48 -4.70/-3.90 -4.30/-5.80 -3.58/-5.54

Table 11: Accuracy drop under environment augmenta-
tion on a 1K test-QA subset. Each cell reports A Normal
/ A Safety-Critical. Abbreviations: D/D (Dusk/Dawn),
Fog (Foggy), Over (Overcast).

Cat. Sub. LLaVA1l.5 InternVL3 InternVL3.5 Qwen FT
Safety-Critical SC  13.8/0.6 40.5/0.0 29.7/0.0 63.5/0.0
Safety-Critical PE  32.6/0.0 50.0/0.0 52.1/031 63.5/0.0
Safety-Critical TG 27.4/0.0 254/00 19.6/0.0 58.9/0.0
Safety-Critical UN  333/0.0 56.2/0.0 43.7/0.0 71.0/0.39

Table 12: Repeated-run reliability on small VideoQA
sub-categories. We report the mean and variance over
10 runs. Abbreviations: SC (Scene Caption), PE (Per-
ception), TG (Temporal Grounding), UN (Uncertainty).

6 Conclusion

WaymoQA reveals a clear gap between general
vision-language ability and safety-critical driv-
ing reasoning. Pretrained MLLMs struggle when
safety-critical scenes require connecting percep-
tion, prediction, and planning under action-induced
downstream risks, highlighting the importance of
reasoning about the consequences of ego actions.

Fine-tuning on WaymoQA consistently im-
proves ImageQA, VideoQA, open-ended reason-
ing, and two-stage consistency, while multi-view
ablations confirm the importance of surrounding
context for safety-critical decisions. However, per-
formance degradation under adverse conditions in-
dicates that robust safety-critical reasoning remains
an open challenge.

Overall, WaymoQA provides a 35K human-
annotated multi-view benchmark and training re-
source that formulates safety-critical reasoning as
immediate-risk resolution followed by downstream-
risk mitigation.
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Limitations

WaymoQA has several limitations. First, Way-
moQA is built from a single source, the Waymo
End-to-End dataset, and therefore reflects its geo-
graphic, sensor, and scenario distributions. Here,
long-tail refers to rare NHTSA pre-crash scenario
types rather than rare environmental conditions.
As shown in our environmental analysis, common
conditions such as bright daytime, dry roads, and
light traffic are more frequent, while heavy traffic,
low visibility, dark night, and adverse weather re-
main underrepresented. This limits the diversity
of safety-critical driving conditions covered by the
benchmark.

Second, WaymoQA primarily evaluates high-
level safety-critical reasoning rather than closed-
loop driving control. Although our planning-
transfer and preliminary Bench2Drive results sug-
gest that WaymoQA supervision can benefit down-
stream driving behavior, the closed-loop evalua-
tion is limited in scale. Larger-scale simulation
and real-world validation are therefore needed be-
fore drawing conclusions about deployable driving
safety.

Third, our main evaluation relies on human-
written multiple-choice questions. This design en-
ables objective and reproducible scoring, but it may
simplify the space of valid driving decisions and
cannot fully capture open-ended safety-critical rea-
soning. We therefore include open-ended evalua-
tion as a complementary analysis, although auto-
matic free-form metrics remain imperfect for as-
sessing causal reasoning and action justification.

Finally, WaymoQA decomposes safety-critical
reasoning into structured question categories.
While this enables diagnosis of failures in per-
ception, prediction, planning, and uncertainty, it
does not fully enforce a single end-to-end reason-
ing chain from visual evidence to final action. Fu-
ture work can extend WaymoQA toward compound
multi-step reasoning with partial-credit evaluation.

Ethical Considerations

WaymoQA is built from the Waymo End-to-End
dataset and follows the original Waymo data li-
cense and access terms. We will release annota-
tions and code for research use, while raw images
and videos must be accessed through the original
Waymo dataset.

The source Waymo E2E data are distributed un-
der the privacy and access procedures of the origi-

nal Waymo dataset. We do not redistribute raw im-
ages or videos, and users must obtain them through
the original dataset release. Our released anno-
tations consist of question-answer pairs, category
labels, and evaluation metadata, and do not include
personally identifying textual information. During
annotation and verification, we also check that QA
contents do not name or uniquely identify individ-
ual people and do not contain offensive or irrelevant
content.
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Appendix Overview

This appendix provides the following supplemen-
tary materials:

* Implementation details (Appendix A):
LoRA setup, training hyperparameters, sam-
pling strategy, and hardware configuration.

* Dataset documentation (Appendix B):
question-category statistics, task definitions,
and representative templates.

* MCQ construction (Appendix C): criteria
for converting human annotations into four-
option multiple-choice questions.

Complete benchmark tables (Appendix D):
full ImageQA and VideoQA results for all
models and categories.

Additional ablations (Appendix E): training-
modality ablations comparing Image-only,
Video-only, and joint Image&Video fine-
tuning.

Open-ended evaluation (Appendix F): im-
plementation details, prompts, package set-
tings, and full GPTScore, BLEU, ROUGE,
and BERTScore results across scene groups.

L]

Environmental augmentation examples
(Appendix G): qualitative examples of appear-
ance changes under dusk/dawn, foggy, night-
time, overcast, rainy, and snowy conditions.

* Failure analysis (Appendix H): a represen-
tative two-stage reasoning failure involving
relative spatial directions.

Extending WaymoQA (Appendix I): future
extensions toward compound multi-step rea-
soning and partial-credit evaluation.

A Fine-Tuning and Implementation
Details

A.1 Fine-Tuning Details

We fine-tune Qwen2.5 VL(7B) following the of-
ficial guideline (Lee, 2024). The base weights of
the language and vision towers and the projector
are frozen, and LoRA adapters are applied to all
supported modules except the LM head and token
embeddings. The batch size is 32 and learning rate
is 2e-4. For data construction, videos are packed
with all QA pairs associated with the clip and key

frames are packed with all QA pairs anchored to
the frame.

For training stability, we sample video at 1.2
FPS and train with a multi image fine tuning setup
analogous to Image QA. Video data consist of 22
second multi view clips that impose substantial
memory demand; accordingly, we use 1.2 FPS un-
der the available hardware constraints. We expect
non-uniform sampling to improve learning by al-
locating samples to key frames and fewer to less
informative frames. In practice the 28,585 train-
ing pool benefited from allocating at least 20,000
examples to training. Validation sets larger than
8,000 were associated with lower accuracy.

A.2 Implementation Details

We fine-tune Qwen2.5-VL-7B-Instruct on Way-
moQA using 8 X NVIDIA RTX A6000 GPUs with
DeepSpeed ZeRO-2. We adopt parameter-efficient
fine-tuning with LoRA following the official guide-
line (Lee, 2024). Both language and vision mod-
ules are equipped with LoRA adapters (rank 64,
64, dropout 0.05), while the base vision
tower, language model, and merger module are
frozen. Following the official Qwen2.5-VL setup,
we exclude the token embedding and output head
from LoRA (1m_head, embed_tokens) and keep
all other linear layers trainable through adapters.
We enable Liger kernels for efficient attention, gra-
dient checkpointing for memory savings, and train
in bfloat16 with tf32 enabled on matrix multipli-
cations.

Training uses a global batch size of 32 (per-
device batch size 1 on 8 GPUs with gradient accu-
mulation of 4), for 3 epochs over the WaymoQA
training split. We apply a cosine learning rate
schedule with an initial learning rate of 2 x 1074,
a warm-up ratio of 0.03, and weight decay of 0.1.
Images are dynamically resized within the range of
256 x 28 x 28 to 1024 x 28 x 28 pixels to balance
resolution and memory usage.

o =

B Question Categories and Statistics

Table 13 and Figure 5 summarizes how the 62-item
question bank is instantiated across Format (Image
/ Video), Scene type (Normal / Safety-critical /
Others), and Task categories.

Task definitions. Below we briefly describe each
reasoning category covered by the question bank.

Caption. These questions ask the model to
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Type Scene Category Count
Image Normal Normal Perception & Prediction 4,004
Image Normal Normal Planning 1,518
Image Normal Normal scene Understanding 4,606
Image Normal Normal scene caption 1,134
Image Normal Traffic Signal 1,266
Image Others Counterfactual 1,616
Image Others Spatial Relationship 351
Image Others Special Event 1,927
Image Safety-critical Safety-critical Perception 1,375
Image Safety-critical Safety-critical Planning 3,239
Image Safety-critical Safety-critical Prediction 2,990
Image Safety-critical Safety-critical scene Understanding 1,926
Image Safety-critical Safety-critical scene caption 1,060
Image Safety-critical Uncertainty 2,317
Video Normal Normal Perception & Prediction 1,080
Video Normal Normal scene Understanding 1,270
Video Normal Normal scene caption 290
Video Normal Traffic Signal 300
Video Others Counterfactual 316
Video Others Spatial Relationship 143
Video Others Special Event 202
Video Safety-critical Safety-critical Perception 324
Video Safety-critical Safety-critical scene Understanding 874
Video Safety-critical Safety-critical scene caption 290
Video Safety-critical Temporal Grounding 316
Video Safety-critical Uncertainty 288
Sum 35,022

Table 13: Distribution of questions in WaymoQA by
format, scene type, and task category.

Figure 5: VQA distribution in the WaymoQA dataset.

produce or select a caption summarizing the
scene. For normal scenes, the caption focuses on
overall driving context such as road layout, traffic
participants, and general situation. For safety
critical scenes, the caption is required to highlight
the safety relevant situation, such as an imminent
collision risk or a blocked lane.

Scene Understanding. Compared to Caption,
these questions probe more fine grained com-
prehension of the scene. They query specific
aspects of the environment such as which lanes are
drivable, who has right of way, and where the ego
vehicle is positioned rather than a single high level

summary.

Perception. Perception questions ask about
properties or states of objects in the scene: their
type such as car, pedestrian, cyclist, or construction
vehicle, their attributes such as parked or moving
or indicating, and their positions relative to the ego
vehicle or road structure.

Prediction. Prediction questions require antic-
ipating the future behavior of agents. Typical
queries include whether another vehicle will cut in,
whether a pedestrian is likely to cross, or how sur-
rounding traffic will evolve in the next few seconds.

Planning. Planning questions focus on the ego
vehicle’s future action. The model must decide
an appropriate maneuver such as continue, slow
down, stop, or change lanes, given the perceived
scene and expected motions of other agents.

Uncertainty. These questions target reasoning
about unknown or unobserved risk, such as
occluded areas, blind spots, or partially visible
agents. The model must recognize where it cannot
be certain, for example when a pedestrian may
emerge from behind a truck, and reflect this
uncertainty in its choice.

Counterfactual. Counterfactual questions
describe hypothetical deviations from the current
situation. They typically ask what would happen if
the ego vehicle or another agent took a different
action, for example what would likely occur if the
ego vehicle changed lanes now, probing causal
reasoning about alternative behaviors.

Special Event. Special Event questions focus
on unusual but practically important conditions,
such as road construction, emergency vehicles,
accidents, or adverse weather such as rain, snow,
or poor visibility. The model must detect these
events and understand their impact on safe driving.

Spatial Relationship. These questions query the
interaction and relative positioning between two
or more objects. Examples include determining
which vehicle is ahead or behind, which lane
another car occupies, or whether two agents are on
a collision course.

Temporal Grounding. Temporal Grounding
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Category

Representative question templates

Normal Prediction & Plan-
ning

Based on the current appearance of the person or two-wheeled vehicle, how do they intend to move?
Which of the following describes a non-safety-critical object?

Normal Planning

What actions are currently available?

Normal Scene Understand-
ing

Which of the following statements about traffic density is correct?
How is the behavior of the vehicle summarized before the event?

Normal Scene Caption

Which of the following is correct as an image caption from the perspective of a normal frame?
What is the video summary from the perspective of a normal scene?

Counterfactual ‘What situation might occur if the vehicle acted this way?
What are the potential situations that could occur in the current scenario?
Spatial Relationship What is the spatial relationship of two or more objects?

Special Event

Is there a special situation?
What are the restrictions on behavior in school zones or congested areas?
What is the plan for yielding when an ambulance or fire truck approaches?

Safety-critical Perception

What is a safety-critical object?

Safety-critical Planning

What are the driving guidelines for the ego vehicle based on the behavior of safety-critical objects?
How should the ego vehicle drive to solve the first hazard while also addressing the second hazard?

Safety-critical Prediction

How do you think a safety-critical object will move?
Are there any other safety-critical objects besides the first safety-critical object? If so, how would
they move?

Safety-critical Scene Under-
standing

What is the correlation in safety-critical situations?
How did the safety-critical object move and how did the ego vehicle behave?

Safety-critical Scene Cap-
tion

What is the correct image caption from the perspective of a safety-critical frame?
What is correct regarding video summary from a safety-critical scene perspective?

Uncertainty

Where is the area that hides the danger in the current frame?
Is there a blind spot in the field of view?

Temporal Grounding

Where is the safety-critical situation in the video?

Traffic Signal

Which of the following is a correct description of traffic signals?

Table 14: Representative question templates for each reasoning category in the WaymoQA question bank.

questions ask when in a video the situation
becomes safety critical. The model must identify
the time interval or frame range where risk emerges
or peaks, rather than only describing a single static
frame, and this category is defined for video data
only.

Traffic Signal. These questions assess correct
interpretation of traffic lights, arrows, and lane
markings and how they constrain ego behavior.
They often require relating signal state such as
red light, protected left arrow, or lane only sign to
valid or invalid driving actions.

We further provide representative question tem-
plates for each reasoning category in Table 14.

C Ciriteria of Converting Annotation into
MCQ

In order to construct the multiple-choice questions
(MCQ) used in WaymoQA, we convert human-
annotated answers into a structured four-choice
format. Each MCQ requires one correct answer

and three plausible false candidates. The false
answers must be carefully designed so that the
overall difficulty remains appropriate. Our target
difficulty range ensures that pretrained models
score roughly between 30% and 70% because
scores below 30% indicate that the question is
unnecessarily difficult, and scores above 70%
mean that the question is too easy. We iteratively
refine the criteria by creating subsets of MCQs,
and adjusting the false-choices construction rules.
The final criteria are summarized below.

1. The question must not be solvable from text
input alone. False choices that are irrelevant,
exaggerated, or logically disconnected allow
models to answer correctly without looking at
the image. To avoid this issue, all candidates
must remain close to the topic of the question.
Each false answer should carry plausible content
that resembles the correct answer so that visual
understanding is required.

2. False choices must be visually similar to the
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correct answer. To ensure that the MCQ reflects
genuine visual reasoning, false candidates must be
close variants of the correct answer. We modify
only minor attributes such as object type, trajec-
tory, color, count, or location. These changes cre-
ate subtle perturbations that require precise image
understanding. For example:

* True: “A black vehicle is going straight.”
— False: “A white vehicle is turning right."

* True: “Two cars are parked on the right side
of the road."” S
— False: “Five cars are parked on the left
side of the road."” o

3. Each question must have exactly one correct
answer. We manually verify that no false candi-
date can be interpreted as correct. If a candidate
introduces ambiguity or can be considered a valid
answer under certain contexts, we revise or discard
1t.

4. All choices must follow a consistent writing
style. Since multiple annotators contribute to the
dataset, differences in tone and phrasing naturally
occur. A final reviewer rewrites all answer options
to unify the style across the dataset. This process
ensures that sentence structure, wording, and
perspective remain consistent across all choices.

D Complete Benchmark Tables

The main paper reports a compact table that merges
ImageQA and VideoQA. Here we provide the orig-
inal detailed ImageQA and VideoQA tables before
merging. Table 15 and 16 show all Normal, Others,
Safety-Critical, and Overall category scores.

E Ablation Study

Ablation on training modality. Table 17 ana-
lyzes how the choice of training modality affects
performance on WaymoQA. Starting from the off-
the-shelf Qwen2.5-VL(7B) baseline, we fine-tune
three variants: (i) on both Image and Video QA
data, (ii) on Image QA only, and (iii) on Video QA
only.

For Image QA, all fine-tuned models outper-
form the baseline (62.4% overall), but the joint
Image& Video model is clearly the most effective.
Training only on images raises overall Image QA

accuracy to 65.7%, while training only on videos
yields 63.4%. In contrast, using both modalities
pushes Image QA to 72.9% overall and improves
every scene type: normal scenes from 68.1% to
74.9%, “Others” from 55.6% to 72.7%, and safety-
critical scenes from 61.1% to 71.2%. Thus, even
for image-only evaluation, exposure to video ques-
tions provides a substantial gain, especially on
safety-critical categories.

A similar trend appears for Video QA. Fine-
tuning on video-only data improves the baseline
from 62.6% to 65.1% overall, and image-only train-
ing gives a smaller boost to 63.9%. However, the
Image& Video model again achieves the best result
with 72.8% overall accuracy, lifting normal scenes
from 72.7% to 76.0%, “Others” from 65.2% to
83.1%, and safety-critical scenes from 51.3% to
65.0%.

These results confirm our hypothesis from
the main text: while modality-specific fine-
tuning helps the corresponding evaluation modality,
jointly training on both image and video questions
yields the largest improvements, particularly for
safety-critical reasoning, by encouraging the model
to share representations across complementary tem-
poral and spatial cues.

F Open-ended Evaluation

In the main paper, we report a compact open-ended
evaluation to complement the primary MCQ bench-
mark. Here, we provide the full open-ended re-
sults for each scene group: Normal Scene, Others,
Safety-Critical Scene, and Overall. This analysis
verifies whether the gains observed in the MCQ
protocol also transfer to free-form answer genera-
tion.

We evaluate representative models using GPT-
based scoring, BLEU-1/2/3/4, ROUGE-1/2/L,
and BERTScore. Across all scene groups, the
WaymoQA fine-tuned Qwen2.5-VL(7B) model
achieves the strongest performance on GPTScore
and most lexical/semantic metrics. This con-
firms that WaymoQA supervision improves not
only answer-option selection, but also open-ended
safety-critical reasoning. At the same time, the
relative ordering among pretrained models is less
consistent than in the MCQ benchmark, support-
ing our use of human-written MCQs as the primary
evaluation protocol and open-ended scoring as com-
plementary evidence.
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Model ‘ Normal Scene ‘ Others ‘ Safety - Critical ‘ Overall
| TS SC SU PL PP Overall| CF SE Overall| SU PE PR PL SC UN Overall |
Human Experts 96.6 977 97.7 953 940 96.1 |948 967 963 [968 98.0 964 943 987 949 960 | 96.1
GPT 5.2 820 889 73.1 717 754 757 |564 571 570 |684 656 738 623 57.6 530 645 | 674
LLaVA1.5(7B) 19.6 244 500 244 328 359 [30.7 390 375 |245 213 247 255 272 170 232 | 307
LLaVA-OneVision(7B) 713 785 733 655 S6.1 667 |53.6 514 517 | 508 422 569 532 455 649 544 | 586
InternVL3.5(8B) 147 318 453 608 374 40.1 |413 479 466 |266 304 237 41.1 253 222 289 | 37.0
InternVL3.5(4B) 17.6 325 425 430 39.6 380 |402 428 423 |217 241 23.6 392 41.1 202 278 | 344
InternVL3(8B) 16.8 29.6 434 468 248 336 |340 499 470 |28.8 249 27.1 462 417 278 329 | 359
InternVL3(14B) 202 312 459 500 392 402 |42.1 586 556 |234 32.8 521 453 458 39.0 421 | 440
Qwen2.5-VL(32B) 799 811 70.7 644 694 712 [500 62.6 603 |52.6 44.6 743 64.6 564 614 626 | 654
Qwen2.5-VL(7B) 774 774 712 484 633 68.1 |435 589 556 |544 553 710 640 430 546 611 | 624
Phi3.5-vision 241 325 632 612 406 489 |44.6 445 445 | 320 256 41.8 456 443 465 409 | 447
Gemma3(4B) 602 62.6 62.6 562 S57.1 597 |48.0 489 487 |342 37.1 538 443 513 338 435 | 506
Gemma3(27B) 676 733 68.7 515 615 643 |49.1 656 626 | 672 61.6 67.1 594 544 494 604 | 623
InternVL2-DA-DriveLM(4B) | 34.0 58.5 60.2 662 49.6 542 |34.6 385 37.7 |444 241 412 268 386 461 368 | 436
OpendriveVLA 820 760 42.1 503 57.1 549 |413 445 439 |57.1 507 683 53.1 41.1 49.6 560 | 534
Qwen2.5-VL(7B) (FT, Ours) | 844 72.6 720 585 80.6 749 |631 748 727 |761 766 778 659 678 638 712 | 729

Table 15: Detailed Image QA performance of the MLLMs on WaymoQA. Bold: best; underline: second best.
The following abbreviations are used: TS (Traffic Signal), SC (Scene Caption), SU (Scene Understanding), PL
(Planning), PE (Perception), PR (Prediction), PP (Perception&Prediction), CF (Counterfactual), SE (Special Event),

UN (Uncertainty), FT (Fine-tuning).

F.1 Evaluation Pipeline

We implement open-ended evaluation as a three-
stage pipeline. First, the evaluated VLM gener-
ates a free-form answer from the visual input and
question. Second, a GPT-based judge assigns a
semantic correctness score to the generated answer
with respect to the human-written reference answer.
Third, we compute automatic text metrics in batch
and aggregate the results by scene group.

For open-ended generation, the model receives
only the visual input and the question. The
multiple-choice answer options are not provided
to the model. This prevents open-ended evaluation
from becoming answer-option selection and instead
tests whether the model can produce the answer in
natural language. For examples originally stored in
MCAQ format, we recover the textual reference by
selecting the ground-truth option and removing the
option prefix such as “A.” or “B.”.

Input images are resized so that the maxi-
mum side length is at most 1024 pixels and
encoded as JPEG with quality 85 before being
passed to the model. The camera order follows
a fixed priority order: FRONT, FRONT_LEFT,
FRONT_RIGHT, REAR_LEFT, REAR_RIGHT,
REAR, SIDE_LEFT, and SIDE_RIGHT. For gen-
eration, we use temperature 0.0, top-p = 1.0, and
a maximum generation length of 64 tokens.

F.2 GPT-based Scoring

We use a GPT-based judge to assess semantic
correctness beyond exact lexical overlap. The
judge is instructed to act as an expert evaluator
for autonomous-driving perception and planning.
Each prediction is scored on a 0—100 scale using
three criteria: factual correctness, completeness,
and clarity/relevance. Factual correctness receives
50 points, completeness receives 30 points, and
clarity/relevance receives 20 points. This weighting
emphasizes whether the generated answer captures
the correct driving fact, object state, or ego maneu-
ver, which is especially important for safety-critical
perception and planning questions.

The judge uses deterministic decoding with tem-
perature 0.0 and a maximum output length of 4
tokens. It is required to return only a single integer
between 0 and 100. For planning questions, cor-
rectness of the final maneuver is treated as the most
important factor. Hallucinated objects or events are
penalized, and verbose answers are not rewarded
when the core driving fact is incorrect.

F.3 Automatic Text Metrics

We compute BLEU-1/2/3/4, ROUGE-1/2/L., and
BERTScore for open-ended evaluation. BLEU
is computed with NLTK sentence-level BLEU
using smoothing method 1. ROUGE is com-
puted with the rouge-score package, where we
report ROUGE-1, ROUGE-2, and ROUGE-L F1
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Model ‘ Normal Scene ‘ Others ‘ Safety - Critical ‘ Overall
| TS SC SU PP Overall| CF SE SR Ovenll| SC SU PE TG UN Overall |
Human Experts 954 957 100.0 987 969 |959 1000 90.5 966 |972 972 960 940 925 959 | 965
GPT5.2 740 706 763 853 791 |82.0 894 476 788 |541 655 500 49.0 813 6L.6 | 726
LLaVAL.5(7B) 260 294 488 404 424 |300 404 333 347 |135 275 326 274 333 275 | 359
LLaVA-OneVision(7B) 80.0 352 688 607 658 |80.0 93.6 619 821 |324 434 403 294 625 423 | 592
InternVL3.5(8B) 300 17.6 488 478 451 |520 617 238 508 |297 282 519 196 437 329 | 414
InternVL3.5(4B) 260 41.1 441 288 363 |620 638 380 584 |37.8 234 423 176 395 293 | 367
InternVL3(8B) 260 352 381 374 363 |580 297 190 397 |405 275 500 254 562 362 | 368
InternVL3(14B) 285 500 512 460 466 |720 604 333 604 |594 273 519 250 574 386 | 463
Qwen2.5-VL(32B) 800 529 706 742 723 |766 93.1 573 797 |432 462 519 313 67.8 476 | 641
Qwen2.5-VL(7B) 80.0 41.1 70.6 76.6 727 |48.0 892 523 644 |324 531 557 313 645 495 | 63.8
Phi3.5-vision 350 294 623 432 509 |67.0 404 452 525 |37.8 317 326 245 541 326 | 451
Gemma3(4B) 580 529 623 583 600 |700 766 333 661 |54.0 29.6 385 549 542 41.1 | 538
Gemma3(27B) 740 47.1 674 613 651 |660 829 476 694 |432 537 557 392 625 518 | 60.7
InternVL2-DA-DriveLM(4B) | 50.0 70.5 572 57.6 57.0 |360 702 523 525 |37.8 434 307 274 583 405 | 503
OpendriveVLA 740 529 623 751 679 |720 894 333 720 |432 497 500 353 541 475 | 609
Qwen2.5-VL(7B) (FT, Ours) |84.0 647 70.7 816 760 |80.0 958 619 831 |635 662 635 589 708 650 | 728

Table 16: Detailed Video QA performance of the MLLMs on WaymoQA. Bold: best; underline: second best.
The following abbreviations are used: TS (Traffic Signal), SC (Scene Caption), SU (Scene Understanding), PL
(Planning), PE (Perception), PP (Perception&Prediction), CF (Counterfactual), SE (Special Event), SR (Spatial
Relationship), TG (Temporal Grounding), UN (Uncertainty), FT (Fine-tuning).

scores with stemming enabled. BERTScore is
computed with bert-score using roberta-large
with lang=en and batch size 32. All metrics are
computed at the sample level and averaged within
each scene group. We use default package settings
unless otherwise specified.

F4 Prompts

The following system prompt is used for open-
ended VLM generation.

Listing 1: System prompt for open-ended VLM genera-
tion.

You are an autonomous-driving scene question-answering
assistant.

You will be given one or more images from vehicle cameras.

Answer the question concisely and accurately in 1-2 short
sentences.

Do NOT list or reference multiple-choice options.

Base your answer only on what is clearly visible in the
image(s).

If you are uncertain, state the most likely answer with a
brief reason.

The following system prompt is used for GPT-
based scoring.

Listing 2: System prompt for GPT-based open-ended
answer scoring.

You are an expert evaluator specializing in
autonomous-driving perception and planning.

Your task is to score a model-generated answer against the
ground-truth answer

for a driving scene question. Score on a 0-100 scale using
the rubric below.

EVALUATION RUBRIC (total 10@ points)

[A] Factual Correctness (0-50 pts)

50 : The predicted action / fact is exactly correct and
matches the ground truth.

40 : Correct core action, minor wording or detail
difference (e.g. "slow down” vs "decelerate").

25 : Partially correct -- mentions one correct element
among multiple, or correct direction but wrong
maneuver type.

10 : Related to the driving context but the specific
action/fact is wrong.

@ : Completely wrong (e.g., "turn right” when GT is "go
straight”).

[B] Completeness (0-30 pts)

30 : All key information from the ground truth is present
in the prediction.

20 : Most key information present; one minor element is
missing or imprecise.

10 : Only about half of the key information is captured.

@ : Critical information (e.g., the main action) is
missing.

[C] Clarity & Relevance (0-20 pts)

20 : Concise, on-topic, directly answers the question
without irrelevant content.

12 : Mostly relevant but includes unnecessary filler or
verbose phrasing.

6 : Partially on-topic; the answer is confusing or mixes
correct/incorrect elements.

0@ : Off-topic, incoherent, or refuses to answer

SCORING NOTES

- Penalise hallucination (adding objects/events not in GT)
in section [B].

- Reward semantic equivalence even when exact wording
differs.

- For planning questions, correctness of the final decision
matters most.

- Do NOT reward verbose answers that pad around a wrong
core answer.

Respond with ONLY a single integer between @ and 100. No
explanation, no prefix.

For each example, the user prompt to the GPT
judge contains the question, the ground-truth an-
swer, and the predicted answer.
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Image QA

Model | Train Dataset | Normal Scene | Others | Safety - Critical | Overall
| | TS SC SU PL PP Overall| CF SE Overall| SU PE PR PL SC UN Overall|
Random Guess - 250 25.0 25.0 25.0 250 250 [25.0 250 25.0 [25.0 25.0 25.0 25.0 25.0 250 250 | 25.0
Human Experts - 96.6 97.7 97.7 95.3 940 96.1 |94.8 96.7 963 |96.8 98.0 96.4 943 987 949 96.0 | 96.1
Qwen2.5-VL(7B) (Bai et al., 2025) (Baseline) | - |77.4 774 712 484 633 68.1 [43.5 589 556 |54.4 553 71.0 64.0 43.0 546 61.1 | 624
Qwen2.5-VL(7B) (Bai et al., 2025) (FT, Ours) | Image&Video | 84.4 72.6 72.0 58.5 80.6 749 |63.1 748 727 |76.1 76.6 77.8 65.9 67.8 63.8 712 | 72.9
Qwen2.5-VL(7B) (Bai et al., 2025) (FT, Ours)| ~ Image  [79.1 78.5 73.6 53.9 71.1 713 |49.1 61.5 59.3 |61.6 64.0 73.9 64.9 44.3 543 63.6 | 65.7
Qwen2.5-VL(7B) (Bai et al.,, 2025) (FT, Ours)| ~ Video ~ |78.6 80.0 71.6 50.4 66.7 68.7 |46.4 59.1 568 |59.4 59.3 70.9 62.0 43.7 548 613 | 63.4
Video QA
Model | Train Dataset | Normal Scene | Others Safety - Critical | Overall
| | TS SC SU PP Overall| CF SE SR Overall SC SU PE TG UN Overall|
Random Guess - 250 250 250 250 250 [25.0 250 250 250 250 250 25.0 250 250 250 | 25.0
Human Experts - 95.4 957 1000 98.7 969 [95.9 100.0 90.5 96.6 97.2 97.2 96.0 94.0 925 959 | 96.5
Qwen2.5-VL(7B) (Bai et al., 2025) (Baseline) | - [80.0 41.1 706 76.6 727 [48.0 89.2 52.3 644 324 531 557 313 645 495 | 6338
Qwen2.5-VL(7B) (Bai et al., 2025) (FT, Ours) | Image&Video | 84.0 64.7 70.7 81.6 76.0 |80.0 958 61.9 83.1 63.5 66.2 63.5 58.9 70.8 650 | 72.8
Qwen2.5-VL(7B) (Bai et al., 2025) (FT, Ours)| ~ Image  |78.0 353 688 76.7 714 |48.0 915 524 66.1 338 58.0 51.0 363 71.9 529 | 639
Qwen2.5-VL(7B) (Bai et al., 2025) (FT, Ours)| ~ Video  |81.0 41.1 69.1 77.9 726 |51.0 915 548 67.8 37.9 56.6 59.6 39.2 68.8 54.1 | 65.1

Table 17: Ablation Study on Image and Video QA of WaymoQA. Bold: best; underline: second best. The following
abbreviations are used: TS (Traffic Signal), SC (Scene Caption), SU (Scene Understanding), PL (Planning), PE
(Perception), PR (Prediction), PP (Perception&Prediction), CF (Counterfactual), SE (Special Event), SR (Spatial
Relationship), TG (Temporal Grounding), UN (Uncertainty), FT (Fine-tuning).

Listing 3: User prompt template for GPT-based open-
ended answer scoring.

[Question]
{question}

[Ground Truth Answer]
{gt_text}

[Predicted Answer]
{pred_text}

Score (0-100):

F.5 Results

As shown in Table 18, the WaymoQA fine-tuned
Qwen2.5-VL(7B) model achieves the strongest per-
formance across all scene groups on GPTScore
and most lexical/semantic metrics. For exam-
ple, on Overall questions, the fine-tuned model
improves GPTScore from 25.5 to 40.4 over the
Qwen2.5-VL(7B) base model, and also improves
BLEU-4, ROUGE-L, and BERTScore. On Safety-
Critical questions, the same model achieves the
highest GPTScore and ROUGE-L, indicating that
WaymoQA supervision improves free-form safety-
critical reasoning rather than only answer-option
selection.

At the same time, the relative ordering among
pretrained models is less consistent than in the
MCQ benchmark. Some models obtain rela-
tively high lexical-overlap scores despite lower
GPTScore, while others show similar BERTScore
values despite different levels of driving correct-
ness. This supports our evaluation design: human-
written MCQs provide the primary objective bench-
mark, while open-ended evaluation serves as com-

plementary evidence that the observed gains trans-
fer to free-form generation.

G Qualitative Examples of
Environmental Augmentation

In the main paper, we briefly describe the use of
augmentation to increase robustness to diverse en-
vironmental conditions. Here, we provide qualita-
tive examples to illustrate the types of appearance
changes used in our augmentation pipeline. Start-
ing from the same base driving scene, we generate
variants that simulate different lighting and weather
conditions, including dusk, fog, night, overcast day-
time, rain, and snow.

These examples are intended to show the visual
diversity introduced by augmentation rather than
to define a separate benchmark. The goal is to ex-
pose the model to appearance shifts that commonly
occur in real-world driving, especially those that
can affect perception and safety-critical reasoning.
By augmenting scenes with variations in illumina-
tion, visibility, and weather, we improve robustness
to domain shifts while preserving the underlying
scene layout and driving semantics.

Figure 6 shows representative augmentation ex-
amples generated from a single scene. Although
the road geometry, object placement, and traffic
context remain unchanged, the visual appearance
changes substantially across conditions. This helps
the model learn to rely less on superficial appear-
ance cues and better generalize across diverse envi-
ronments.
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Scene Group  Model

GPTScore B-1 B-2 B-3 B-4 R-1 R-2

R-L BERTScore

LLaVA-OneVision(7B) 26.5 8.80 4.74 327 2.41 143 4.17 12.8 85.3
InternVL3.5(8B) 30.5 11.2 541 3.22 2.05 145 448 119 84.6
Qwen2.5-VL(7B) 30.5 11.2 5.25 3.23 2.29 145 448 119 84.7
Normal Qwen2.5-VL(32B) 324 10.5 5.12 3.22 238 14.0 452 114 84.1
Gemma3(27B) 32.1 11.8 5.24 2.89 1.86 15.2 3.85 124 84.7
InternVL2-DA-DriveLM(4B) 28.0 12.2 6.82 495 3.81 184 6.04 16.5 86.5
Qwen2.5-VL(7B) (FT) 45.7 28.9 18.6 13.7 11.4 39.3 18.1 36.7 89.2
LLaVA-OneVision(7B) 21.7 356 1.78 1.12 0.77 6.71 1.41 6.14 84.3
InternVL3.5(8B) 26.8 8.99 3.85 2.07 131 13.7 3.32 11.0 84.5
Qwen2.5-VL(7B) 20.7 8.41 344 1.82 1.12 12.7 2.74 10.2 84.0
Others Qwen2.5-VL(32B) 22.7 8.15 3.09 1.43 090 12.7 2.90 9.74 83.7
Gemma3(27B) 21.6 8.62 3.13 1.53 092 12.6 2.34 10.0 84.8
InternVL2-DA-DriveLM(4B) 26.4 12.2 529 2.80 1.82 174 4.15 13.7 854
Qwen2.5-VL(7B) (FT) 44.8 20.0 13.7 7.30 4.92 29.1 15.1 27.3 87.8
LLaVA-OneVision(7B) 255 5.81 240 123 0.86 11.7 2.81 10.5 85.2
InternVL3.5(8B) 20.0 9.93 425 2.19 132 143 385 114 84.8
Qwen2.5-VL(7B) 23.0 9.96 3.85 1.94 1.12 144 3.52 10.2 84.7
Safety-Critical Qwen2.5-VL(32B) 19.9 6.92 297 1.54 0.09 11.2 2.69 8.8 82.7
Gemma3(27B) 21.3 10.8 4.38 2.18 1.32 14.9 3.53 11.7 85.1
InternVL2-DA-DriveLM(4B) 17.5 114 6.66 3.89 2.70 17.5 5.08 15.8 85.8
Qwen2.5-VL(7B) (FT) 34.0 18.6 9.68 6.56 4.72 26.1 8.20 23.1 87.1
LLaVA-OneVision(7B) 252 6.56 3.17 1.99 1.43 11.7 3.07 10.6 85.1
InternVL3.5(8B) 253 10.2 4.62 2.56 1.59 14.3 3.99 11.5 84.6
Qwen2.5-VL(7B) 25.5 10.1 4.30 2.41 1.60 14.1 3.74 11.3 84.7
Overall Qwen2.5-VL(32B) 25.1 8.15 3.09 143 0.85 12.7 3.52 10.2 83.7
Gemma3(27B) 25.5 10.8 4.47 233 1.45 14.6 3.53 11.7 85.0
InternVL2-DA-DriveLM(4B) 23.1 12.7 647 4.09 296 184 6.12 15.7 85.9
Qwen2.5-VL(7B) (FT) 40.4 22.8 13.8 9.38 7.25 31.6 13.4 29.0 88.1

Table 18: Full open-ended evaluation on WaymoQA. We report GPT-based scoring, BLEU-1/2/3/4, ROUGE-1/2/L,
and BERTScore for Normal Scene, Others, Safety-Critical Scene, and Overall questions.

Original

Overcast

Rainy
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P
=" »
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Figure 6: Qualitative examples of environmental augmentation applied to the same driving scene. The scene
structure is preserved while lighting, visibility, and weather conditions change across dusk/dawn, foggy, nighttime,

overcast, rainy, and snowy variants.

H Failure Case.

Figure 7 illustrates a typical failure pattern of our
model. In the first stage of Safety-Critical Rea-
soning, the model correctly identifies the primary
safety-critical object (a person and a dog next to
the parked vehicle), predicts that the person will
remain standing near the car, and concludes that
the ego vehicle should wait until the person either

walks away or re-enters the vehicle. Thus, basic
perception, prediction, and planning around the
first hazard are handled reliably.

However, the second stage exposes a systematic
weakness when directions are defined in a relative
coordinate frame. The additional safety-critical
object is an oncoming blue vehicle, described in
the ground truth as “driving in the opposite lane to
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the left of the white vehicle in front” and “attempt-
ing to drive straight ahead to the left of the white
vehicle in front.”” Our model instead predicts that
the blue vehicle is on the right side of the white
vehicle and moving to the right. In other words, it
fails to reinterpret “left” and “right” from the other
vehicle’s perspective and mistakenly projects them
into the ego-centric frame. This misinterpretation
then propagates to downstream sub-questions: the
model’s subsequent plan for “addressing the first
risk while also addressing the second risk™ is incon-
sistent with the true geometry of the scene, leading
to an unsafe recommendation. A similar confusion
appears in the normal reasoning question at the
bottom of the figure, where the model again flips
the turning direction of the rear vehicle when the
description is given from that vehicle’s viewpoint.

I Extending WaymoQA

Our current benchmark evaluates perception, pre-
diction, and planning with separate questions. For
example, in the scenario shown in Fig. 7, we ask (i)
which object is safety-critical, (ii) how that object
will move, and (iii) how the ego vehicle should
drive safely. While this decomposition reveals
which sub-skill fails, it does not explicitly enforce
that the model maintains a coherent reasoning chain
from perception to planning. A model can some-
times answer each sub-question in isolation by pat-
tern matching, without truly understanding how its
perception of agents constrains future motion and,
in turn, ego decisions.

Because WaymoQA contains rich, temporally
aligned annotations, we can instead reorganize
these items into compound questions that evaluate
the full decision process. For instance, rather than
three separate questions, a single multi-part query
could ask: (1) which agents are safety-critical in
the current scene, (2) how each of them is likely to
move over the next few seconds, and (3) which ma-
neuver the ego vehicle should take to reduce overall
risk. The ground truth already contains all of this
information, so the model’s answer can be graded
both holistically and at the level of partial credit: a
model that correctly identifies the primary hazard
but mispredicts the second agent’s motion would
receive credit for perception but be penalized on
prediction and planning. Such structured supervi-
sion directly ties mistakes in downstream planning
to specific upstream errors, e.g., misinterpreting
a relative left/right description for an oncoming

vehicle.

We view these extensions as a natural next step
for WaymoQA. By transforming our existing anno-
tations into multi-stage, chain-structured questions
with explicit partial scoring, future work can train
and test models on complete safety-critical reason-
ing pipelines rather than isolated sub-tasks, and
thus more directly target the types of compounding
failures observed in our error analysis.

21743



1st Stage Safety-Critical Reasoning

Question: What is a safety-critical object?

GT: B. A person and a dog standing on the left side of a Ours: B. A person and a dog standing on the left side of
vehicle parked on the right shoulder ahead. 0 a vehicle parked on the right shoulder ahead.

Question: How do you think a safety-critical object will move?

GT: D. It seems like it will stand (bending over and Ours: D. It seems like it will stand (bending over and
standing while fiddling with something inside the car) standing while fiddling with something inside the car)
Question: What should Ego do to drive safely?

GT: B. Ego must wait until this person moves on foot or Our: B. Ego must wait until this person moves on foot or
gets back into the vehicle gets back into the vehicle..

2" Stage Safety-Critical Reasoning

Question: Is there any other safety-critical object besides the first safety-critical object? If so,
how will it be moved?

GT: B. A blue vehicle is driving in the opposite lane to Ours: C. A blue vehicle is driving in the opposite lane to
the left of the front. It is attempting o drive straight the right of the front. It is attempting to drive straight
ahead to the left of the white vehicle in front. ahead to the right of the white vehicle in front.
Question: How should I drive to address the first risk while also addressing the second risk?

GT: A. Ego must wait until this person moves on foot or Ours: D. It is safe to stop, but it is also possible to

gets back into the vehicle. move to the left.

Normal Reasoning

Question: Based on the current appearance of vehicle, how do they intend to move?

GT: C. The black car in the rear is turning left at the Ours: A. The black car in the rear is turning right at the
intersection. intersection.

Figure 7: Failure case on two-stage Safety-Critical Reasoning in WaymoQA.
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