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In this supplemental material, we provide additional de-
tails of our proposed DriveCTR benchmark. The content is
organized as follows:
• Section 1 provides additional details on the construction

of the DriveCTR dataset.
• Section 2 explains further experimental settings for eval-

uating MLLMs on DriveCTR.
• Section 3 presents more analyses of the evaluation re-

sults, covering multi–rule compositional reasoning capa-
bilities, and the potential of DriveCTR for closed-loop
planning evaluation.

1. More Details about datasets
1.1. Candidate Rule Pairs Generation for Speed-

Limit Rules
Speed-limit regulations exhibit numerical constraints that
require a specialized pairing mechanism beyond the gen-
eral normative-relation formulation described in the main
paper. To properly model semantic and normative relation-
ships among speed-related rules, we introduce a rule-pair
generation strategy based on speed-range intersection.

Action-Type Filtering. We first isolate all atomic rules
whose action type corresponds to speed regulation. P =

{pi = {rj , rk} | aj = ak = SpeedLimit, rj , rk ∈ R}|P |
i=1 .

Speed-Range Modeling. Each speed-limit rule is
mapped to a feasible speed interval: srj = [lj , uj ] and
srk = [lk, uk] where l∗ and u∗ denote the lower and upper
bounds extracted from the rule’s semantic content (e.g.,
“max 70 km/h,” “min 110 km/h on expressways,” or “max
30 km/h when visibility < 50 m”).
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Derived Labels. For each candidate pair pi = {rj , rk},
we assign three derived labels following the structure of the
hierarchical rule system.

Each pair pi is assigned three derived labels: the per-
ceptual combination type b′i, the normative relation type of
speed ns′i, and the hierarchical level li:

b′i =


Double Static, bj = bk = static,
Double Dynamic, bj = bk = dynamic,
Hybrid, otherwise.

ns′i =

{
Norm Conflict, srj ∩ srk = ∅,
Norm Harmony, srj ∩ srk ̸= ∅.

li =


2, b′i = Double Static, n′

i = Norm Harmony,
3, b′i = Double Dynamic, n′

i = Norm Harmony,
4, b′i = Hybrid, n′

i = Norm Harmony,
5, n′

i = Norm Conflict.

Notably, all conflicting speed-limit rule pairs ( srj ∩ srk =
∅ ) are directly assigned to Level 5, as numerical incompat-
ibility reflects a genuine priority-arbitration scenario in real
driving.

1.2. Construction of Multi-level Questions
We create multi-level multiple-choice questions (L1–L5).
Each includes a scenario, a standardized stem (e.g., “What
should the driver do in this situation?”), and four options.

Correct Action Determination. The correct action ai is
generated according to the hierarchical rule level to which
it belongs. For single-rule questions (L1), the correct action
is directly specified by the atomic rule ri. For compatible
rule levels (L2–L4), ai represents a behavior that simulta-
neously satisfies the semantic and normative constraints of
the rule pair. When rule pairs at the conflict level (L5) yield
contradictory instructions, ai is determined according to the
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following priority principle [10, 11]. This principle ensures
consistent and rational driving behavior in multi-signal con-
flicts, aligning the model’s decisions with ethical and legal
standards when normative cues compete. The behavioral
priority order is summarized as follows:

Pedestrian safety > emergency vehicle avoidance
> on-site command > traffic lights > traffic signs
> road markings > interactive right-of-way >
defensive driving > emergency exceptions.

Option Design. Each question includes four options oi =
{o∗i , oi1, oi2, oi3}, where o∗i is the correct, norm-compliant
option derived from the correct action ai. The other three
distractors are generated by the LLM and manually filtered
to ensure semantic plausibility while introducing normative
deviations, including priority confusion, minor violations,
or incorrect yielding. All options are jointly verified by the
LLM and human experts

Finally, the final question set T = {(qi, ii, oi)}|S|
i=1 is

ready, where qi denotes the question stem, ii the sequence
of visual input frames, oi the option set.

Specific Generation Process. For each rule or rule pair,
we first prompt Claude Sonnet 4.5 [1] to generate a full
MCQ sample in a fixed JSON format containing a scenario
description, question stem, four options (A–D), the design
logic, the correct answer, and an explanation. The prompt
is shown in Table 4, 5 and 6. Next, to ensure correctness
and rule consistency, each generated question is indepen-
dently validated by Gemini 2.5 Pro [14], GPT 5 Pro [12],
and Claude Sonnet 4.5 [1], which assess whether the an-
swer is logically valid, whether the scenario faithfully re-
flects the input rules, and whether the options are well-
structured. The prompt is shown in Table 7. Each model
outputs a binary decision (1 for valid, 0 for invalid), and a
question is accepted only if all three models return 1; other-
wise, it is regenerated. After automated filtering, 5% of the
accepted questions are randomly sampled for human expert
verification to ensure overall quality and alignment with the
intended cognitive levels.

1.3. Multi-Country Rule and Jurisdiction Modeling
To account for cross-country rule differences (e.g., driv-
ing side) and evaluate MLLM adaptability across regulatory
systems, DriveCombo avoids mixing traffic rules across
countries within the same evaluation instance. Instead, sep-
arate rule sets are constructed for each country, and model-
ing and evaluation are conducted independently. All coun-
tries’ rules are built using the same data processing pipeline
to ensure consistent rule modeling. We further report per-
country performance in Sec. 3.2. In addition, the jurisdic-
tion identity is explicitly specified in each question prompt,

ensuring that MLLMs reason under the correct country-
specific traffic rules.

1.4. Prompt Details for Scene Generation
This section provides detailed descriptions of the prompt
designs used in the Rule2Scene pipeline, including seman-
tic structuring, coexistence validation, scenario transcrip-
tion, DSL translation with self-consistency checking, and
LLM-based quality scoring.

Semantic Structuring Prompt. In the semantic structur-
ing stage, the LLM is instructed to transform a natural-
language traffic rule into a normalized atomic representa-
tion containing rule content, perceptual types, norm types,
action types, and numeric constraints. This step ensures
that every rule is converted into a consistent machine-
interpretable structure before rule pairing or scene gener-
ation. The prompt is shown in Table 8.

Coexistence Validation Prompt. To determine whether
the given atomic rules can coexist in a physically and se-
mantically coherent driving scenario, the LLM receives a
paired-rule input and evaluates spatial compatibility, tem-
poral feasibility, weather or road-type requirements, and
agent-role consistency. The model outputs a binary in-
dicator representing feasibility. Only rule pairs that are
jointly executable proceed to scenario generation. This fil-
tering step prevents contradictory or impossible combina-
tions from entering higher-level compositional reasoning
tasks. The prompt is shown in Table 9.

Scenario Transcription Prompt. For each validated rule
or rule pair, the LLM is prompted to convert the structured
rule representation into a high-level natural-language scene
description. This transcription step bridges abstract norma-
tive semantics with concrete driving contexts and provides
the narrative foundation for subsequent DSL conversion and
visual rendering. The prompt instructs the model to produce
detailed but concise scene descriptions that correctly embed
all rule constraints. This process is embedded within the
prompt used for problem generation.

DSL Translation Prompt. After producing the scene de-
scription, the LLM is prompted to translate the textual sce-
nario into a structured semantic DSL representation, includ-
ing entities, relations, positions, trajectories, and environ-
mental settings. The prompt is shown in Table 10.

LLM-Based Quality Scoring. To ensure the reliabil-
ity of the generated scenarios, we incorporate an LLM-
based quality assessment mechanism across all four stages



of the pipeline: Semantic Structuring, Coexistence Val-
idation, Scenario Transcription, and DSL Translation.
At each stage, three advanced language models, Gem-
ini 2.5 Pro [14], GPT 5 Pro [12], and Claude Sonnet 4.5 [1],
independently evaluate the generated output and assign a
quality score within the range [0, 1]. The final quality score
is computed as the arithmetic mean of the three model pre-
dictions. If the average score falls below 0.6, the system
automatically flags the sample and requests human inter-
vention to ensure correctness and consistency. The prompt
is shown in Table 11, 12, 13 and 14.

1.5. Action Type Set
To comprehensively represent the behavioral space of real-
world driving, DriveCombo defines a structured action type
set A composed of three major categories: Driving Maneu-
vers, Lighting & Signaling, and Parking & Yielding. These
categories cover the full range of decision-making primi-
tives required for traffic-rule reasoning and scenario gener-
ation.

Driving Maneuvers. This category captures fundamental
vehicle motion behaviors and lane-level interactions.
• Overtake: Move ahead of a slower vehicle by passing it

safely.
• Left Turn: Steer the vehicle to enter a road or lane on the

left side.
• Right Turn: Steer the vehicle to enter a road or lane on the

right side.
• U-turn: Rotate the vehicle 180 degrees to reverse its di-

rection of travel.
• Lane Change: Move laterally from one lane to another

while maintaining direction.
• Merge Main Road: Enter a primary roadway from a

branch or side lane.
• Enter Ramp: Access a highway or exit using an on-ramp

or off-ramp.
• Acceleration: Increase the vehicle’s speed to match traffic

flow or complete maneuvers.
• Deceleration: Reduce speed to adapt to road conditions

or prepare for stopping.
• Reverse: Move the vehicle backward using rearward mo-

tion.
• Emergency Lane Usage: Drive or stop on the emergency

lane under special conditions.

Lighting and Signaling. This category includes commu-
nication and visibility-related actions that convey driver in-
tent.
• Left Turn Signal: Activate the left indicator to show in-

tention to turn or change lanes leftward.
• Right Turn Signal: Activate the right indicator to signal

rightward turning or lane change.

• Low Beam: Use dipped headlights for normal nighttime
or low-light driving.

• High Beam: Use strong headlights to extend visibility
when no oncoming traffic is present.

• Flashing Headlights: Briefly flash headlights to warn or
signal other road users.

• Double Flashers: Activate hazard lights to indicate emer-
gencies or temporary stopping.

• Fog Lights: Use specialized lights designed for low-
visibility foggy conditions.

• Position Lights: Turn on minimal lighting to indicate the
vehicle’s presence when stationary or parked.

• Honk Horn: Use the horn to warn pedestrians or commu-
nicate urgency to nearby vehicles.

Parking and Yielding. This category covers controlled
stop-and-yield maneuvers essential for compliance with
road regulations.
• Temporary Parking: Stop the vehicle briefly at a roadside

location without turning off the engine.
• Pull Over: Move the vehicle to the roadside for inspec-

tion, hazard avoidance, or instructions.
• Yield: Give way to pedestrians or other vehicles according

to right-of-way rules.
Together, these action types define the complete action

space A used throughout DriveCombo for atomic rule ex-
traction, rule pairing, and scene generation. The coverage
of lane operations, signaling behaviors, and yielding-related
actions ensures that the benchmark faithfully reflects the
breadth of real-world driving rules and constraints.

1.6. Scene Mapping in Simulator
The pipeline takes structured semantics d∗i as input and con-
verts the abstract semantics to a standardized OpenSCE-
NARIO [2] dynamic scene wi through layered parsing, in-
stantiation, and trajectory generation. To make the pipeline
clearer, we illustrate the three intermediate outputs of Scene
Weaver in our proposed Rule2Scene Agent in Figure 8. It is
worth noting that our pipeline is built on TARGET [3] and
further extends it from synthesizing scenes that support only
a single atomic traffic rule to synthesizing complex scenes
that support multiple traffic rules. We also expand the ca-
pability from inserting only one actor to inserting multiple
actors, and introduce a new ability for joint inference of dy-
namic trajectories for multiple agents.

Construction of Static Initial Scene. This stage trans-
forms the semantic description into an initial scene state
with explicit spatial and environmental attributes. This
stage first maps the abstract categories to the assets that
can be loaded in CARLA [4] according to the entity type
configuration in the structured semantics d∗i . It then ob-
tains precise geometric information through CARLA road



topology queries, lane centerline extraction, and coordi-
nate transformation interfaces. This information is used to
compute the initial position, orientation, and speed of each
traffic participant, while also supporting relative constraint-
based generation and region-specified sampling. In addi-
tion, this stage parses the environmental conditions based
on the weather field in d∗i . It applies rule-based mappings to
convert weather semantics in d∗i into concrete weather pa-
rameters required by CARLA to ensure executability dur-
ing simulation. To ensure overall scene usability, the pro-
cess continuously performs positional legality checks, col-
lision detection, orientation validation, and boundary condi-
tion verification, and resamples when necessary. The static
scene produced at this stage contains complete initial entity
states and environmental settings, providing the static initial
scene for subsequent trajectory generation.

Trajectory Generation and Dynamic Scene Construc-
tion. This stage generates complete temporal trajectories
based on the static initial state described above, enabling
continuous dynamic evolution of the scene in CARLA. The
pipeline first generates feasible paths for each entity accord-
ing to CARLA road topology and lane connectivity, while
inferring driving strategies from the behavioral semantics in
d∗i . The strategies include driving along the centerline, lane
changes, following, interactive approaching, and pedestrian
navigation. After generating the paths, the pipeline samples
the trajectories in the temporal dimension. These tempo-
ral trajectories are then encoded as OpenSCENARIO action
structures and rewritten into motion commands that can be
executed directly in CARLA through the trajectory element,
as shown in Figure 8(c). This stage integrates spatial layout
with traffic behaviors, producing motion that is physically
plausible and consistent with the topology.

Through integration with CARLA map topology, the
pipeline establishes a continuous and coherent transfor-
mation pipeline among semantic parsing, spatial instantia-
tion, and temporal trajectory generation, thereby achieving
a complete generation process from high-level intent to ex-
ecutable traffic simulation.

1.7. More task examples of DriveCombo

We provide additional examples of MCQs under the
#Rules=2 setting in DriveCombo, with Figures 2 through
6 corresponding to tasks L1 through L5. In addition, we
present examples involving combinations of multiple traf-
fic rules, with Figure 7 showing MCQs examples under the
#Rules=3, #Rules=4, and #Rules=5 settings.

2. More Details about Experiment Setup
2.1. General Evaluation Setup
To ensure reproducibility and eliminate variance introduced
by stochastic decoding, all models are evaluated using a de-
terministic greedy decoding strategy. Specifically, we set
temperature to 0 and fix both top-p and top-k to 1 for all
inference runs.

For the DriveCombo benchmark, the evaluation input
consists of four visual frames extracted from each gener-
ated scenario, serving as the multimodal observation for the
model. For the DriveCombo-Text variant, we replace vi-
sual inputs with the corresponding textual scene descrip-
tions while keeping all other components identical. The
prompt is shown in Table 15 and 16.

2.2. Enhancement Evaluation Setup
To further investigate whether conventional reasoning-
enhancement strategies can mitigate the performance gaps
observed in DriveCombo, we evaluate three representa-
tive approaches: Chain-of-Thought (CoT) [17], Retrieval-
Augmented Generation (RAG) [9], and Supervised Fine-
Tuning (SFT). The following details the implementation of
each method.

Chain-of-Thought (CoT). For CoT prompting, we apply
standard step-by-step reasoning instructions without addi-
tional supervision or fine-tuning. During inference, each
model receives a fixed CoT template encouraging explicit
logical decomposition (“think step by step”), followed by
answering the final multiple-choice question. No rule-
specific optimization or task-dependent heuristics are ap-
plied, ensuring a training-free enhancement protocol.

Retrieval-Augmented Generation (RAG). For RAG, we
construct a retrieval corpus consisting exclusively of the
original traffic rule books used in building our atomic rule
set R. Each model retrieves top-k relevant passages (with
k = 5) using a dense retriever and conditions its answer
on the concatenation of the query, retrieved rule excerpts,
and the scenario description. This design ensures that the
retrieved content reflects authentic legal constraints and
avoids contamination from model-generated text. No sce-
nario frames or DriveCombo samples are included in the
retrieval database.

Supervised Fine-Tuning (SFT). For supervised adap-
tation, we employ the LLaMA-Factory framework [20]
to fine-tune a set of representative open-source models:
Gemma 3 4B [15], Gemma 3 12B, Qwen3-VL 2B [18],
Qwen3-VL 8B, and Llama 3.2 11B [19]. Our goal is to en-
hance the models’ capability for compositional traffic-rule



reasoning through direct exposure to DriveCombo train-
ing samples. All experiments are conducted on a cluster
equipped with 8 NVIDIA H800 GPUs (80GB per GPU). We
adopt LoRA (Low-Rank Adaptation) [5] as the core opti-
mization strategy. By leveraging low-rank matrix decompo-
sition, LoRA enables efficient parameter adjustment while
avoiding the substantial computational cost associated with
full fine-tuning. Specifically, we set the LoRA rank to 8, an
empirically determined configuration that balances model
expressiveness, the volume of parameter updates, and mem-
ory consumption. To ensure the efficiency and stability
of distributed training, we employ the DeepSpeed ZeRO-3
optimization strategy. This approach partitions model pa-
rameters, gradients, and optimizer states, thereby enabling
highly efficient memory management and computational
scheduling. As a result, it significantly improves training
speed and parallelism in multi-GPU or multi-node environ-
ments. Regarding training configuration, we set the per-
device batch size to 4, which helps avoid out-of-memory
errors under limited GPU memory while maintaining a rea-
sonable level of diversity. We further set the gradient accu-
mulation steps to 4, allowing us to simulate a larger effec-
tive batch size despite the small actual batch size. This im-
proves the accuracy of gradient estimation without increas-
ing the computational load per step. To facilitate stable con-
vergence, we use a learning rate of 1e-4. Finally, we train
the model for three epochs, striking a balance between com-
putational efficiency and adequate model refinement under
resource constraints.

3. More Analysis of Results

3.1. Potential of Closed-loop Planning Evaluation

In the main paper, we show that the DriveCombo dataset
can evaluate the reasoning of traffic rules in MLLMs
through a question and answer format. We further note that
the dataset is also suitable for closed-loop trajectory eval-
uation of end to end (E2E) models, making it a compre-
hensive benchmark that covers both reasoning and planning
capabilities. DriveCombo’s scenarios provide highly struc-
tured descriptions of traffic events, enabling plug-and-play
integration with the Bench2Drive framework [7]. As shown
in Figure 1, we can seamlessly convert DriveCombo’s sce-
narios into closed-loop test cases to examine E2E models
under real rule constraints. Specifically, we first align the
original OpenScenario scenes to the Bench2Drive format
and import them into CARLA. We then use the PDM-lite
expert model [13] to generate ground-truth trajectories and
evaluate various E2E models.

Using the Bench2Drive evaluation setup, we test E2E
methods on fifteen short routes. All metrics follow the
Bench2Drive evaluation standard. As shown in Table 1,
both E2E models exhibit substantial performance drops on

DriveCombo. For example, the Driving Score of UniAD
Base [6] decreases from 45.81 to 27.59 and VAD [8] de-
creases from 42.35 to 26.68. Metrics related to efficiency
and comfort also decline significantly. These results indi-
cate that DriveCombo presents greater challenges in terms
of rule complexity, traffic interaction and dynamic risk, and
imposes stricter requirements on E2E methods. We plan
to further expand the DriveCombo dataset to enable more
comprehensive and systematic evaluation of trajectory plan-
ning capabilities.

3.2. Performance of MLLMs across countries on
DriveCombo.

Results reported in the main paper are averaged over five
countries to provide an overall assessment, while per-
country performance is reported in Table 2 to reveal cross-
country performance variations. The table reports average
performance over 8 open-source models and 6 proprietary
models evaluated in the main paper, highlighting perfor-
mance variations across different national traffic rule sys-
tems. Overall, models achieve relatively higher accuracy on
the USA and China subsets, while performance is compar-
atively lower on Japan and Australia, indicating potential
challenges posed by country-specific regulatory structures
and rule distributions.

3.3. Multi-Rule Compositional Reasoning

Table 3 evaluates the performance of MLLMs in multi-rule
driving scenarios. As shown, under the #Rules = 3 set-
ting, both open-source and proprietary models achieve rela-
tively high scores. For example, larger open-source models
like GLM-4.5V [16] reach about 68.15 accuracy (acc.) on
L2–L4, GPT-5 Pro [12] further improves to 71.09. How-
ever, when the number of rules increases to #Rules = 4,
all models show noticeable degradation, particularly on the
challenging L4 and L5 tasks. In the high-complexity set-
ting of #Rules = 5, even the best proprietary model, GPT-5
Pro, achieves only 34.78 acc in L5; the best open-source
model, GLM-4.5V, reaches 32.78, also showing a clear per-
formance degradation. Overall, as the complexity of the
scenario increases (i.e., #Rules from 3 to 5), all models
exhibit performance declines, indicating that DriveCombo
introduces substantial difficulty in traffic-rule understand-
ing and cross-entity interaction reasoning, and that current
MLLMs still struggle with high-complexity driving scenar-
ios.
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Table 2. Performance of MLLMs across countries on DriveCombo. We report average results of 8 open-source and 6 proprietary
models used in the main paper.

Open-source Models (Avg.) Proprietary Models (Avg.)

Country L1 L2 L3 L4 L5 L1 L2 L3 L4 L5

USA 71.36 67.69 62.26 58.98 35.11 86.29 79.50 72.93 68.69 42.71
China 72.38 67.25 63.01 59.99 34.76 85.89 79.22 73.03 68.95 42.41
UK 70.07 66.56 62.48 56.33 33.58 83.55 78.80 72.66 67.91 41.29
Japan 63.60 58.06 55.77 52.28 30.11 73.86 71.56 65.36 63.03 37.26
Australia 61.75 55.18 51.29 49.96 29.68 79.05 72.09 64.03 62.39 37.90

Average 67.83 62.95 58.96 55.51 32.65 81.73 76.23 69.60 66.20 40.31

Table 3. Performance of MLLM in Complex Driving Scenarios with Different Numbers of Rules. “#Rules” denotes number of traffic
rules in each scenario. Green and light green mark the best and second-best open-source models, while blue and light blue indicate
the best and second-best proprietary models.

Model Size L2 L3 L4 L5 L2 L3 L4 L5 L2 L3 L4 L5
#Rules=3 #Rules=4 #Rules=5

Open-source Models
Gemma 3 4B 47.11 44.57 41.89 20.05 44.40 42.52 39.91 16.57 40.93 38.12 32.06 13.89
Gemma 3 12B 56.30 54.85 50.14 24.41 45.97 43.82 43.31 23.43 43.41 41.57 37.72 20.45
Gemma 3 27B 60.74 58.18 54.23 33.05 52.56 51.96 47.68 31.33 48.59 45.86 42.07 27.51
Llama 3.2 11B 48.38 43.46 38.29 17.57 38.55 35.21 34.68 13.29 34.59 25.96 22.87 8.71
Qwen3-VL 2B 51.96 50.38 48.61 24.12 44.82 41.41 36.13 22.60 42.39 40.15 34.48 18.92
Qwen3-VL 8B 62.84 59.90 54.54 31.81 55.87 55.09 52.20 30.12 50.91 46.16 38.76 24.67
Qwen3-VL 32B 69.87 65.95 60.43 35.34 65.31 60.64 54.60 32.91 55.78 54.95 49.97 31.38
GLM-4.5V 106B 72.67 66.85 64.93 40.64 66.71 62.24 56.40 36.71 58.48 56.95 51.07 32.78

Proprietary Models
Gemini 2.5 flash - 71.12 67.48 61.42 36.07 62.57 54.47 52.86 35.20 56.70 48.45 46.18 30.80
Gemini 2.5 pro - 75.99 69.72 65.10 41.26 65.24 61.35 55.91 36.54 60.22 56.02 54.87 33.82
Claude sonnet 4.5 - 77.40 68.23 65.41 41.19 65.97 63.73 56.15 36.75 59.19 57.25 53.60 34.28
GPT-5 nano - 58.54 57.68 55.92 35.70 50.42 50.38 46.59 30.97 49.70 47.56 45.78 28.04
GPT-5 mini - 61.37 68.46 60.43 37.62 61.35 53.14 51.07 32.81 47.74 46.57 45.01 32.23
GPT-5 pro - 77.93 69.83 65.71 42.19 68.67 64.93 58.25 37.25 61.29 59.15 55.00 34.78
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Scenario Description: During daytime, an autonomous vehicle is traveling at 50 km/h on a two-lane suburban road. The vehicle
ahead is moving at 20 km/h. The centerline of the road consists of dashed white markings, and there is no oncoming traffic in the
opposite lane.
Question Stem: What should the car do? 
Options: A. Stay behind  
             B. Overtake 
             C. Stop  
             D. Change lane and wait 
Rule Basis: When the lane markings are dashed, visibility is clear, and no oncoming traffic is present, the ego vehicle is permitted to
overtake.

...
Scenario Description: During daytime, an autonomous vehicle is approaching a four-way intersection without traffic signals at a
moderate speed. A sedan coming from the opposite direction has partially entered the intersection and is making a left turn. The
intersection has no traffic lights or stop signs, and visibility is good. The autonomous vehicle’s navigation system indicates that it
should proceed straight through the intersection. No other vehicles or pedestrians are present nearby.
Question Stem: What should the car do? 
Options: A. Drive through first  
             B. Stop and wait 
             C. Accelerate to pass  
             D. Turn slightly right to avoid 
Rule Basis: When approaching an unsignalized intersection and encountering an oncoming vehicle that has already entered the
intersection, the ego vehicle must yield during the meeting maneuver.

Level 1 Case 1

Level 1 Case 2

...

#Rules = 2

Figure 2. More Examples of Level 1 task in DriveCombo under #Rules=2 setting.

Scenario Description: At night, the ego vehicle is traveling on a bidirectional single-lane suburban road. The roadway ahead curves
to the right. The vehicle’s sensor system detects no pedestrians or other vehicles in the vicinity.
Question Stem: What should the car do? 
Options: A. Keep speed  
             B. Speed up 
             C. Slow down  
             D. Change lane 
Rule Basis 1: When approaching curves, tunnels, or bridges, the ego vehicle may reduce its speed.
Rule Basis 2: When driving at night, the ego vehicle must reduce its speed.

Level 2 Case 1

Scenario Description: The ego vehicle is traveling in the leftmost lane of a three-lane urban road. The navigation system indicates
that the vehicle must exit at the next intersection, approximately 200 meters ahead, which requires positioning in the rightmost lane.
Camera sensors detect continuous guiding arrow markings between the current lane and the middle lane. Radar data show moderate
traffic density, with vehicles in adjacent lanes moving at comparable speeds.
Question Stem: What is the correct maximum speed? 
Options: A. 70 km/h
             B. 50 km/h   
             C. 30 km/h 
             D. 20 km/h  
Rule Basis 1: On roads without posted speed-limit signs or lane markings, the maximum speed for a single motor-vehicle lane in the
same direction is 70 km/h.
Rule Basis 2: When visibility in foggy is reduced to within 50 meters, motor vehicles must not exceed a maximum speed of 30 km/h.

...

Level 2 Case 2

......

#Rules = 2

Figure 3. More Examples of Level 2 task in DriveCombo under #Rules=2 setting.
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...

...

Scenario Description: The ego vehicle is traveling on a rural road with a posted speed limit of 80 km/h. Approximately 60 meters
ahead, a sedan is moving at about 45 km/h. The lane markings are dashed. Around 80 meters ahead, a truck is traveling slow. The
sedan appears to be gradually closing in on the truck and has activated its left-turn signal to initiate an overtaking maneuver. Weather
conditions are clear, and the sensors detect no oncoming traffic within their range.
Question Stem: What should the car do? 
Options: A. Overtake both cars  
             B. Pass the front car 
             C. Follow and wait  
             D. Speed up into the left lane 
Rule Basis 1: When the vehicle ahead is traveling significantly below the speed limit and road conditions are favorable, the ego
vehicle may initiate an overtaking maneuver.
Rule Basis 2: When the vehicle in front is already engaged in an overtaking maneuver, the ego vehicle is prohibited from overtaking.

Level 3 Case 1

Scenario Description: The ego vehicle is positioned at a four-way intersection, waiting to make a left turn. The left-turn signal is
green. An emergency vehicle performing an urgent task is approaching from the opposite lane and entering the intersection to
proceed straight. Camera data indicate that a pedestrian is crossing from the right on the crosswalk. 
Question Stem: What should the car do? 
Options: A. Turn left now
             B. Turn after the pedestrian passes  
             C. Turn after the emergency vehicle passes 
             D. Wait for both  
Rule Basis 1: When an emergency vehicle is approaching from the left while performing an urgent task, the ego vehicle is prohibited
from making a left turn.
Rule Basis 2: When pedestrians are crossing the intersection, the ego vehicle is prohibited from making a left turn.

Level 3 Case 2

#Rules = 2

Figure 4. More Examples of Level 3 task in DriveCombo under #Rules=2 setting.
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...

...

Scenario Description: The ego vehicle is stopped in the rightmost lane at an intersection, waiting to make a right turn. The trafûc
signal displays a green right-turn arrow. Several vehicles are approaching from the left, traveling straight through the intersection at
approximately 40 km/h in the through-lane.
Question Stem: What should the car do? 
Options: A. Turn right  
             B. Inch forward 
             C. Wait  
             D. Speed up to merge 
Rule Basis 1: When the right-turn signal is green, the ego vehicle may proceed with a right turn.
Rule Basis 2: When a right turn would impede through-moving trafûc from the left or create a potential conüict, prohibit turning right.

Level 4 Case 1

Scenario Description: The ego vehicle is traveling on a narrow, single-lane, one-way rural road. Approximately 30 meters ahead, a
small cluster of trafûc cones partially obstructs the right edge of the lane. A vehicle is approaching from the opposite direction, and the
roadway is only wide enough for one vehicle to pass safely through the obstructed section.
Question Stem: What should the car do? 
Options: A. Go ûrst
             B. Speed up 
             C. Stop and wait
             D. Swerve around  
Rule Basis 1: When traveling on a ramp, sharp curve, or narrow road where the available sight distance is insufûcient for safe
passage, the ego vehicle must yield when meeting an oncoming vehicle.
Rule Basis 2: When an obstruction exists on one side of the roadway, the vehicle on the obstructed side must yield to the vehicle on
the unobstructed side.

Level 4 Case 2

...

#Rules = 2

Figure 5. More Examples of Level 4 task in DriveCombo under #Rules=2 setting.

...

......

Scenario Description: The ego vehicle is traveling in the middle through-lane of a two-lane urban road and is approaching a
signalized intersection. The right-hand lane is designated exclusively for right turns. The navigation system instructs the vehicle to
turn right at the upcoming intersection. Several sedans in the right-turn lane are traveling at a steady speed and are closely spaced.
Question Stem: What should the car do? 
Options: A. Force into the right lane 
             B. Merge quickly
             C. Stay in the current lane  
             D. Speed up to cut in 
Rule Basis 1: When a right turn is required, the vehicle must change lanes to enter the designated right-turn lane.
Rule Basis 2: The ego vehicle is prohibited from changing lanes when doing so would impede the normal movement of other
vehicles or result in forced merging.

Level 5 Case 1

Scenario Description: The ego vehicle is traveling in the right lane of a three-lane urban roadway that accommodates two-way
traffic. The lane marking between the ego vehicle’s lane and the lane to the left is a solid line. Ahead, two vehicles have collided,
completely blocking the current lane. Traffic cones have been placed around the accident site. No oncoming traffic is detected.
Question Stem: What should the car do? 
Options: A. Stay in lane and wait
             B. Turn around  
             C. Cross the solid line to bypass 
             D. Stop immediately  
Rule Basis 1: When a lane change would require crossing solid lane markings, guide lines, or entering a non-motorized lane, the
ego vehicle is prohibited from changing lanes.
Rule Basis 2: When a traffic accident or temporary traffic control alters the permitted direction of travel, the ego vehicle must change
lanes accordingly.

Level 5 Case 2

#Rules = 2

Figure 6. More Examples of Level 5 task in DriveCombo under #Rules=2 setting.



Scenario Description: During daytime in rainy and foggy conditions on a multi-lane, one-way highway, a roadside sign displays 860
limitation9. The ego vehicle is traveling in the rightmost lane and preparing to enter the exit ramp ahead. A vehicle behind is following at a
very close distance. Trafûc üow around the ego vehicle has become denser, with vehicles in the left lanes slowing down. On the right
shoulder ahead, a disabled vehicle is parked in the emergency lane.
Question Stem: What should the car do? 
Options: A. Keep current speed 
             B. Speed up to avoid rear car
             C. Change to the left lane  
             D. Slow down to enter the exit ramp
Rule Basis 1: The vehicle shall comply with the speed limits indicated on trafûc signs.
Rule Basis 2: When transitioning from the main lanes of a highway to an exit ramp9s deceleration lane, ego vehicle must reduce speed.
Rule Basis 3: On a highway, the ego vehicle may reduce speed when encountering rain, fog, crosswinds, or reduced visibility.
Rule Basis 4: When trafûc density increases and following distances become shorter, decelerate to maintain a safe gap.
Rule Basis 5: When an emergency-stopped vehicle appears ahead, the ego vehicle may reduce its speed.

Scenario Description: During daytime at a four-way intersection, the right-turn signal is green as the ego vehicle travels in the rightmost
lane, with the navigation system indicating a right turn at the upcoming junction. However, the intersection ahead is congested, a
passenger car is approaching from the left, and an emergency vehicle performing an urgent duty is proceeding straight through the
intersection.
Question Stem: What should the car do? 
Options: A. Turn right now 
             B. Enter the intersection slowly
             C. Wait outside the intersection  
             D. Speed up to pass before others 
Rule Basis 1: Vehicles and pedestrians shall yield to vehicles performing emergency duties.
Rule Basis 2: Turning vehicles shall yield to straight-moving trafûc.
Rule Basis 3: When trafûc congestion blocks the intersection ahead, vehicles must stop outside the intersection and shall not enter.
Rule Basis 4: When passing through an intersection, the ego vehicle must comply with trafûc signals.

...
Scenario Description: The ego vehicle is positioned in the leftmost lane at a four-way intersection, preparing to execute a left turn. The
left-turn signal is green, while an oncoming vehicle is proceeding straight through the intersection, and several pedestrians are crossing
in the opposing direction.
Question Stem: What should the car do? 
Options: A. Turn left immediately 
             B. Speed up to pass ûrst
             C. Stop and wait  
             D. Turn while avoiding them 
Rule Basis 1: Even the green signal is displayed, turning vehicles must not impede pedestrians who have been granted the right of way.
Rule Basis 2: The ego vehicle is prohibited from making a left turn if such a maneuver would obstruct oncoming through trafûc.
Rule Basis 3: When making a left turn, the ego vehicle must comply with the instructions of the trafûc signal.

...

...

#Rules = 3

#Rules = 4

#Rules = 5

Figure 7. More Examples of DriveCombo under #Rules=3, #Rules=4, and #Rules=5 setting.



Actors:
  Ego vehicle:
    Type: car
    Position:
      Position reference: intersection
      Position relation: behind
    Behavior: turn right

  Other actor 1:
    Type: car
    Position:
      Position reference: intersection
      Position relation: front
    Behavior: go forward

  Other actor 2:
    Type: car
    Position:
      Position reference: ego vehicle
      Position relation: right
    Behavior: turn right

  Other actor 3:
    Type: car
    Position:
      Position reference: ego vehicle
      Position relation: right
    Behavior: go forward

  Other actor 4:
    Type: car
    Position:
      Position reference: ego vehicle
      Position relation: right
    Behavior: go forward

Environment:
  Weather: sunny
  Time: daytime

Road network:
  Road type: intersection
  Road marker: solid line
  Traffic signs: traffic light

Oracle:
  longitudinal: go forward
  lateral: keep lane

<OpenSCENARIO>
  <FileHeader revMajor="1" revMinor="0" date="2025-11-20T12:00:00" 
  description="CARLA:lane_change_scenario" author=""/>
  <ParameterDeclarations/>
  <CatalogLocations/>
  
  <RoadNetwork>
    <LogicFile filepath="Town06"/>
    <SceneGraphFile filepath=""/>
  </RoadNetwork>
  
  <Entities>
    <!-- Ego Vehicle -->
    <ScenarioObject name="hero">···
    </ScenarioObject>
    <!-- Actor 1: Straight -->
    <ScenarioObject name="actor1_straight">···
    </ScenarioObject>
    <!-- Actor 2: Cross Traffic -->
    <ScenarioObject name="actor2_cross_traffic">···
    </ScenarioObject>
    <!-- Actor 3: Cross Traffic -->
    <ScenarioObject name="actor3_cross_traffic">···
    </ScenarioObject>
    <!-- Actor 4: Cross Traffic -->
    <ScenarioObject name="actor4_cross_traffic">···
    </ScenarioObject>
  </Entities>
  
  <Storyboard>
    <Init>
      <Actions>
        <!-- Environment Setup -->
        <GlobalAction>···
        </GlobalAction>
        <!-- Ego Vehicle Initial Position -->
        <Private entityRef="hero">···
        </Private>
        <!-- Actor 1 Initial Position -->
        <Private entityRef="actor1_straight">···
        </Private>
        <!-- Actor 2 Initial Position -->
        <Private entityRef="actor2_cross_traffic">···
        </Private>
        <!-- Actor 3 Initial Position -->
        <Private entityRef="actor3_cross_traffic">···
        </Private>
        <!-- Actor 4 Initial Position -->
        <Private entityRef="actor4_cross_traffic">···
        </Private>
      </Actions>
    </Init>
    
    <Story name="MyStory">
      <Act name="Behavior">
        <!-- Actor 1 Trajectory -->
        <ManeuverGroup maximumExecutionCount="1" name="ManeuverSequence_Actor1">···
        </ManeuverGroup>
        <!-- Actor 2 Trajectory -->
        <ManeuverGroup maximumExecutionCount="1" name="ManeuverSequence_Actor2">···
        </ManeuverGroup>
        <!-- Actor 3 Trajectory -->
        <ManeuverGroup maximumExecutionCount="1" name="ManeuverSequence_Actor3">···
        </ManeuverGroup>
        <!-- Actor 4 Trajectory -->
        <ManeuverGroup maximumExecutionCount="1" name="ManeuverSequence_Actor4">···
        </ManeuverGroup>
        <StartTrigger>···
        </StartTrigger>
        <StopTrigger>···
        </StopTrigger>
      </Act>
    </Story>
    <StopTrigger/>
  </Storyboard>
</OpenSCENARIO>

The ego vehicle is traveling in the leftmost lane of a
three-lane urban road. The navigation system
indicates that the vehicle needs to exit at the next
intersection 200 meters ahead, which requires the
vehicle to be in the rightmost lane. The vehicles in
the adjacent lanes are moving at similar speeds.

Scenario Description:

(a) Scenario Description

(b) Domain Specific Language (c) OpenScenario Language

Figure 8. Illustration of the three intermediate outputs of Scene Weaver in our proposed Rule2Scene Agent. First, the input rules are
converted into (a) a complex driving scenario si, which is then transformed into (b) a Domain Specific Language d∗i . Finally, the scenario
is mapped into (c) an OpenSCENARIO language wi that can be executed in the CARLA simulator.



Table 4. Prompt of MCQ Generation of Level 1.

System Persona

You are a question-generation assistant proficient in traffic regulations.
I will give you a driving rule. Please generate an autonomous driving test case based on the given traffic regulation clause. Output the result in JSON
format, including the following fields: scenario description, question stem, options (one correct option and three distractors), question logic, correct
answer option, and an explanation of the correct answer. The question design should follow these principles:
1. Ensure that the options have similar semantics to prevent the model from guessing based on surface-level wording.
2. To increase the difficulty of the question, avoid including any explicit safety-related cues or contextual hints in the scenario description, question
stem, or options that could reveal the correct answer.
3. Use vague or implicit semantic descriptions: remove direct hints and instead imply trigger conditions through sensor data or subtle scene details
to stimulate the model’s reasoning and judgment abilities.
4. When designing the correct answer, create options that are “counterintuitive yet reasonable.” Avoid making “the safest choice” automatically the
correct one — the goal is to make “safest” not equal to “most compliant.”
5. If a regulation contains multiple triggering conditions, select only one to construct the test scenario. For example, if a regulation states: “When
driving at night, in rain or fog, or when visibility is poor and the safe distance cannot be confirmed, lane changes are prohibited,” choose only one
weather condition (e.g., rain) as the trigger.
Please remember that you should output json without any other output, the format of json is:

{
“Scenario Description”: “...”,
“Question Stem”: “...”,
“Options”: {

“A”: “...”,
“B”: “...”,
“C”: “...”,
“D”: “...”
},

“Question Design Logic”: “...”,
“Correct Answer Option”: “...”,
“Explanation of the Correct Answer”: “...”

}.
Example 1 :
Input Rule: Other vehicles and pedestrians shall yield to vehicles performing emergency duties.
Output JSON:

{
“Scenario Description”: “An autonomous vehicle is driving on an urban main road. The ambulance is rapidly approaching from behind. The

current lane is congested, and surrounding vehicles are reacting differently—some slow down and move aside, while others maintain their speed.”,
“Question Stem”: “As the driver, how should you respond correctly in this situation?”,
“Options”: {

“A”: “Immediately pull over and stop to make way for the ambulance to pass first.”,
“B”: “Maintain the current speed and avoid changing lanes to prevent traffic confusion.”,
“C”: “Accelerate to leave the area quickly and avoid crossing paths with the ambulance.”,
“D”: “Continue driving along the planned route and only consider yielding when the ambulance is within 5 meters.”
},

“Question Design Logic”: “This question examines whether an autonomous driving system adheres to legal requirements upon detecting an
emergency vehicle, rather than merely following standard traffic flow strategies. The scenario implies the presence of an “emergency-response
vehicle” through auditory and visual cues—such as sirens and red-blue flashing lights—without explicitly stating instructions like “pull over im-
mediately.” This design tests whether the system can infer the obligation to yield based on contextual features.Option A represents lawful behavior
in accordance with Article 53 of the Road Traffic Safety Law. Options B and D, though appearing to “maintain order,” fail to promptly fulfill the
duty to yield. Option C reflects a common “counterintuitive yet unlawful” response—accelerating to avoid interference, which in fact obstructs
emergency passage.The key focus of the question lies in whether the model can correctly prioritize between “traffic flow stability” and “emergency
right-of-way,” recognizing the higher legal precedence of the latter.”,

“Correct Answer Option”: “B”,
“Explanation of the Correct Answer”: “According to Article 53 of the Road Traffic Safety Law, other vehicles and pedestrians must yield to

vehicles performing emergency duties. When an autonomous system detects emergency vehicles such as ambulances, fire trucks, or police cars, it
should proactively slow down and pull over to allow them to pass. Option A correctly reflects the yielding principle. Option B avoids lane changes
but fails to fulfill the yielding obligation; Option C creates a potential safety hazard by accelerating; Option D’s conditional yielding violates the
requirement for immediate cooperation.”

}
Example 2 : ...

User Input

Input Rule: {rule content}
Output JSON:



Table 5. Prompt of MCQ Generation of Level 2-4.

System Persona

You are a question-generation assistant proficient in traffic regulations.
I will give you {two / three / four / five} driving rules. Please generate an autonomous driving test case based on the {two / three / four / five} given
traffic regulation clauses. Output the result in JSON format, including the following fields: scenario description, question stem, options (one correct
option and three distractors), question logic, correct answer option, and an explanation of the correct answer. The question design should follow
these principles:
1. Ensure that the options have similar semantics to prevent the model from guessing based on surface-level wording.
2. To increase the difficulty of the question, avoid including any explicit safety-related cues or contextual hints in the scenario description, question
stem, or options that could reveal the correct answer.
3. Use vague or implicit semantic descriptions: remove direct hints and instead imply trigger conditions through sensor data or subtle scene details
to stimulate the model’s reasoning and judgment abilities.
4. When designing the correct answer, create options that are “counterintuitive yet reasonable.” Avoid making “the safest choice” automatically the
correct one — the goal is to make “safest” not equal to “most compliant.”
5. If a regulation contains multiple triggering conditions, select only one to construct the test scenario. For example, if a regulation states: “When
driving at night, in rain or fog, or when visibility is poor and the safe distance cannot be confirmed, lane changes are prohibited,” choose only one
weather condition (e.g., rain) as the trigger.
Please remember that you should output json without any other output, the format of json is:

{
“Scenario Description”: “...”,
“Question Stem”: “...”,
“Options”: {

“A”: “...”,
“B”: “...”,
“C”: “...”,
“D”: “...”
},

“Question Design Logic”: “...”,
“Correct Answer Option”: “...”,
“Explanation of the Correct Answer”: “...”

}.
Example 1 :
Input Rule 1: When driving on a narrow bridge ...
Input Rule 2: When lane markings are dashed ...
Input Rule 3 (if necessary) : ...
Input Rule 4 (if necessary) : ...
Input Rule 5 (if necessary) : ...
Output JSON:

{
“Scenario Description”: “The ego vehicle is driving along a two-way ...”,
“Question Stem”: “As the driver, how should you respond correctly in this situation?”,
“Options”: {

“A”: “Quickly overtake the front ...”,
“B”: “Slow down, maintain a safe ...”,
“C”: “Briefly use the oncoming ...”,
“D”: “Honk in advance to alert ...”
},

“Question Design Logic”: “This question combines two traffic ...”,
“Correct Answer Option”: “B”,
“Explanation of the Correct Answer”: “Option B represents compliant behavior: maintaining ...”

}
Example 2 : ...

User Input

Input Rule 1: {rule content 1}
Input Rule 2: {rule content 2}
Input Rule 3 (if necessary): {rule content 3}
Input Rule 4 (if necessary): {rule content 4}
Input Rule 5 (if necessary): {rule content 5}
Output JSON:



Table 6. Prompt of MCQ Generation of Level 5.

System Persona

I will give you {two / three / four / five} driving rules. Please generate an autonomous driving test case based on the {two / three / four /
five} given traffic regulation clauses. The case should create a priority conflict that requires the test taker to make a judgment. Output the
result in JSON format, including the following fields: scenario description, question stem, options (one correct option and three distractors),
question logic, correct answer option, and an explanation of the correct answer. The question design should follow these principles:
1. You must select the regulation with the higher priority from the {two / three / four / five} given inputs as the correct answer when
creating the question. The priority hierarchy of traffic regulations is as follows: Pedestrian life safety > Emergency avoidance vehicles >
On-site command personnel > Traffic lights > Traffic signs > Road markings > Interactive right-of-way > Defensive driving > Emergency
exceptions.
2. Ensure that the answer options have similar semantic meanings, to prevent the model from guessing based on surface-level wording.
3. To increase the difficulty level, avoid explicit safety cues in the scenario description, question stem, and answer options. Do not include
context that clearly suggests which choice is safer or more correct.
4. The scenario should not fully satisfy any single rule; instead, place it in a borderline condition so that the test taker must decide whether
it “qualifies.” For example, when describing environmental conditions, be ambiguous—avoid direct statements like “poor visibility” or “low
visibility.” Instead, describe how sensors behave, letting the test taker infer whether the rule should be triggered.
5. When designing the correct answer, make it “counterintuitive but reasonable.” Avoid making “the safest option” always the correct one.
The correct answer should reflect regulatory compliance, not simply maximum safety.
6. If a regulation contains multiple trigger conditions, choose only one to build the test scenario. For example, if a rule states: “When driving
at night, in rain/fog, or under poor visibility where safe distance cannot be confirmed, lane changes are prohibited,” select just one condition
(e.g., nighttime) as the trigger.
7. The options must represent specific driving actions. If the {two / three / four / five} input regulations concern lane-change behavior, the
scenario should feature a multi-lane road, and the answer options could be: changing lanes to the left, changing lanes to the right, keeping
the current lane, or other relevant maneuvers.
Please remember that you should output json without any other output, the format of json is:

{
“Scenario Description”: “...”,
“Question Stem”: “...”,
“Options”: {

“A”: “...”,
“B”: “...”,
“C”: “...”,
“D”: “...”
},

“Question Design Logic”: “...”,
“Correct Answer Option”: “...”,
“Explanation of the Correct Answer”: “...”

}.
Example 1 :
Input Rule 1: When it is nighttime ...
Input Rule 2: When the driver needs ...
Input Rule 3 (if necessary) : ...
Input Rule 4 (if necessary) : ...
Input Rule 5 (if necessary) : ...
Output JSON:

{
“Scenario Description”: “The ego vehicle is ...”,
“Question Stem”: “As the driver, how should you respond correctly in this situation?”,
“Options”: {

“A”: “Take advantage of a brief gap ...”,
“B”: “Stay in the current lane ...”,
“C”: “Slightly adjust the driving ...”,
“D”: “Brake firmly and stop ...”
},

“Question Design Logic”: “Regulation 1: ’When it is nighttime, raining, foggy, or when the safe distance cannot ...”,
“Correct Answer Option”: “B”,
“Explanation of the Correct Answer”: “Although the fallen cone ahead is an obstacle ...”

}
Example 2 : ...

User Input

Input Rule 1: {rule content 1}
Input Rule 2: {rule content 2}
Input Rule 3 (if necessary): {rule content 3}
Input Rule 4 (if necessary): {rule content 4}
Input Rule 5 (if necessary): {rule content 5}
Output JSON:



Table 7. Prompt of MCQ Generation Check.

System Persona

Your task is to act as a rigorous evaluator of a generated driving-rule MCQ question. I will provide one question in JSON format. Your goal is to
determine whether the question is logically valid and fully consistent with the traffic rules, based on four criteria:
1. Correctness of the Answer:
- The “Correct Answer Option” must be logically correct.
- The explanation must be sound, and no other option may also be correct.
2. Faithfulness to the Input Rules:
- The scenario must accurately incorporate all and only the rules implied in the question design.
- No part of the scenario should contradict the rule conditions.
3. Quality of the Options:
- There must be exactly four options (A, B, C, D).
- The distractors must be plausible but incorrect.
- No option may be ambiguous or require unstated assumptions.
4. Structural Completeness:
- The JSON must include: Scenario Description, Question Stem, Options, Correct Answer Option, and Explanation.
- All parts must be internally coherent.
After checking all criteria:
- If ANY criterion fails → Output 0, followed by the reasoning.
- If ALL criteria pass → Output 1, followed by the reasoning.
Example 1 :
Input Question Json:

{
”Scenario Description”: ”A foggy day with visibility below 40 meters.”,
”Question Stem”: ”What is the correct speed?”,
”Options”: {

”A”: ”70 km/h”,
”B”: ”30 km/h”,
”C”: ”Turn right”,
”D”: ”High beam”

},
”Question Design Logic”: ”Low-visibility speed rule.”,
”Correct Answer Option”: ”A”,
”Explanation of the Correct Answer”: ”High speed is acceptable in fog.”

}
Output Decision: 0
Output Reasoning: The selected answer violates low-visibility speed rules; distractors include irrelevant actions; the explanation contradicts the rule.
Therefore, the question is invalid.
Example 2 : ...

User Input

Input Question Json: { question json}
Output Decision:
Output Reasoning:



Table 8. Prompt of Semantic Structuring.

System Persona

You are an expert assistant proficient in analyzing and structuring traffic regulations.
I will give you a natural-language traffic rule. Your task is to transform this rule into a normalized atomic structure by extracting exactly the following
five fields:
1. Rule Content:
A concise restatement of the core meaning of the rule without ambiguity. The restatement must follow the template: “When [condition], the driver
may / must / must not [action].”
2. Perceptual Type:
Categorize the rule as

“static” (triggered by signs, markings, road type, fixed conditions), or
“dynamic” (triggered by interactions with other vehicles, pedestrians, or changing traffic flow).

3. Norm Type:
Determine whether the rule is

“obligatory” (the driver must perform the action),
“forbidden” (the driver must not perform the action), or
“permissive” (the driver may perform the action).

4. Action Type:
The primary driving action described by the rule (e.g., overtake, left turn, right turn, lane change, merge, acceleration, deceleration, signaling,
yielding, parking, etc.).
5. Numeric Constraints (if applicable):
Extract any explicit speed limits.
You must output the result strictly in the following JSON format:

{
“rule content”: “...”,
“perceptual type”: “...”,
“norm type”: “...”,
“action type”: “...”,
“numeric constraints”: “...”

}
Guidelines:
- Do NOT add any additional fields.
- Do NOT invent content beyond what the rule states.
- Keep each field concise but semantically complete.
Example 1 :
Input Rule: When visibility is below 50 meters due to heavy fog, the driver must reduce speed to at most 30 km/h.
Output JSON:

{
“rule content”: “When visibility falls below 50 meters, must slow to 30 km/h. ”,
“perceptual type”: “static”,
“norm type”: “obligatory”,
“action type”: “speed limit”,
“numeric constraints”: {

“upper bound”: 30
“lower bound”: 0
},

}
Example 2 :
Input Rule: Drivers must not overtake when a solid yellow centerline is present.
Output JSON:

{
“rule content”: “When a solid yellow centerline is present, the driver must not overtake.”,
“perceptual type”: “static”,
“norm type”: “forbidden”,
“action type”: “overtake”,
“numeric constraints”: “none”

}

User Input

Input Rule: {traffic rule}
Output JSON:



Table 9. Prompt of Rule Coexistence Validation.

System Persona

I aim to combine atomic traffic regulations to form new, more complex composite regulations. I will input {two / three / four / five} such atomic
regulations, and your task is to determine whether these {two / three / four / five} input regulations are compatible in terms of both scenario and
strategy—that is, whether they can coexist within the same context. The specific detection procedure is as follows:
1. For each traffic regulation, extract the context refers to the situational conditions under which the regulation applies.
2. Examine whether their contexts are mutually exclusive. Two contexts are considered mutually exclusive if the physical scenarios they describe
cannot coexist in the same space-time.
After the above checks, if the contexts of these {two / three / four / five} regulations are mutually exclusive, output 0; if they are compatible, output
1, along with the reasoning.
Example 1 :
Input Rule 1: “In foggy conditions, motor vehicles shall reduce their driving speed.”
Input Rule 2: “When the road surface is icy, motor vehicles shall reduce their driving speed.”
Output: 1. Reasoning: Fog and icy road conditions may occur simultaneously; both describe adverse weather conditions and can coexist.
Example 2 :
Input Rule 1: “When an on-ramp or branch road has an acceleration lane and traffic signs permit, the ego vehicle may merge into the main road.”
Input Rule 2: “When there is a “No Entry” or “No Merging” sign, the ego vehicle is prohibited from merging into the main road.”
Input Rule 3: “When the area between the ramp or service road and the main road is marked with a solid line or a hatched/guide line area, the ego
vehicle is prohibited from merging into the main road.”
Output: 0. Reasoning: These rules cannot be combined because they describe mutually exclusive scenarios. Rule 1 only applies when merging is
permitted (acceleration lane present and signs allow), while Rule 2 prohibits merging when “No Entry” or “No Merging” signs are present, and Rule
3 prohibits merging when solid or hatched lines are present. The “permitted” condition of Rule 1 and the “prohibited” conditions of Rules 2 and 3
cannot exist simultaneously in the same place and time (permission and prohibition cannot coexist). Although Rules 2 and 3 can coexist and jointly
reinforce the prohibition, Rule 1 conflicts with both, so overall, they cannot logically coexist or be combined.
Example 3 : ...

User Input

Input Rule 1: {rule 1}
Input Rule 2: {rule 2}
Input Rule 3 (if necessary): {rule 3}
Input Rule 4 (if necessary): {rule 4}
Input Rule 5 (if necessary): {rule 5}
Output:



Table 10. Prompt of DSL Translation.

System Persona

You are an expert assistant in autonomous driving test scenario generation.
You will be given:
(1) a textual scenario description derived from traffic rules;
(2) a DSL specification that defines the syntax and structure of executable driving scenarios;
(3) an example DSL illustrating how rule conditions map to YAML-based scene definitions.
Your task is to translate the scenario description into a structured semantic DSL representation.
The generated DSL must explicitly encode:
1. Entities: ego vehicle, other vehicles, pedestrians, static obstacles, traffic lights, etc.
2. Spatial Relations: relative positions (ahead of, behind, left of, right of), lane index, distance relations, orientation, and spatial layout.
3. Environment: road type, lane geometry, weather, visibility, time of day.
4. Behavioral Trajectories: initial poses, intended paths, speed profiles, and motion behaviors.
5. Rule Satisfaction: every constraint implied by the traffic rules must appear explicitly in the DSL.
Final Requirement: Output only the YAML DSL scenario. Do not output explanations, comments, or any additional text.
Example 1 :
Input Scenario Description: “The ego vehicle is traveling in the leftmost lane of a three-lane urban road. The navigation system indicates that the
vehicle needs to exit at the next intersection 200 meters ahead, which requires the vehicle to be in the rightmost lane. The vehicles in the adjacent
lanes are moving at similar speeds.”
Input Traffic Rules: Navigation requires lane change toward the rightmost lane before reaching an exit.
Output DSL (YAML):
environment:
weather: sunny
time: daytime

road network:
road type: intersection
road marker: solid line
traffic signs:

- traffic light
actors:
- id: ego

type: car
position:

reference: intersection
relation: behind

behavior: turn right
- id: vehicle 1

type: car
position:

reference: intersection
relation: front

behavior: go forward
- id: vehicle 2

type: car
position:

reference: ego
relation: right

behavior: turn right
...

oracle:
longitudinal: go forward
lateral: keep lane

Example 2 :...

User Input

Scenario Description: {scene text}
Traffic Rules: {rule text}
Output YAML DSL:



Table 11. Quality Scoring Prompt for Semantic Structuring.

System Persona

You are an expert evaluator in traffic-rule parsing. You will be given (1) the exact prompt used to generate the semantic-structuring output, and (2)
the model output produced by that prompt.
Your task is to assign a quality score in the range [0, 1] evaluating:
1. Correctness: whether the structured fields reflect the original rule described in the prompt.
2. Completeness: whether all required fields (rule content, perceptual type, norm type, action type, numeric constraints) are present.
3. Fidelity: whether the model output introduces no hallucinations or distortions relative to the prompt.
Output only a floating-point score in [0,1].
Do not output explanations or text.
The final output format must be:
<score>

User Input

Semantic Structuring Prompt
Semantic Structuring Output
Output Score:

Table 12. Quality Scoring Prompt for Coexistence Validation.

System Persona

You are an expert evaluator in multi-rule compatibility reasoning. You will be given (1) the exact prompt used to perform coexistence validation,
and (2) the model output generated by that prompt.
Your task is to assign a score in [0,1] evaluating:
1. Logical validity: whether the compatibility judgment (0/1) matches the true feasibility implied by the rules.
2. Scenario correctness: whether the reasoning in the output aligns with the real-world spatial and temporal constraints described in the prompt.
3. Fidelity to rules: whether the model correctly interprets the rules without inventing new conditions.
Output only a score in [0,1]. No text, no reasoning.
<score>

User Input

Coexistence Validation Prompt
Coexistence Validation Output
Output Score:

Table 13. Quality Scoring Prompt for Scenario Transcription.

System Persona

You are an expert evaluator in autonomous driving scenario creation. You will be given (1) the scenario-transcription prompt used to generate a
textual driving scene, and (2) the model output produced by that prompt.
Your task is to assign a score in [0,1] evaluating:
1. Faithfulness: whether the scene description accurately reflects the traffic rule constraints included in the prompt.
2. Coherence: whether the scene is internally consistent (actors, road type, environment).
3. Relevance: whether the scene directly corresponds to the intended rule semantics without omitting or fabricating conditions.
Output only a floating-point score in [0,1].
<score>

User Input

Scenario Transcription Prompt
Scenario Transcription Output
Output Score:



Table 14. Quality Scoring Prompt for DSL Translation.

System Persona

You are an expert evaluator for structured scenario representation and DSL authoring. You will be given (1) the DSL-translation prompt used to
generate a YAML/DSL scenario, and (2) the model output produced by that prompt.
Your task is to assign a score in [0,1] evaluating:
1. Structural correctness: whether the DSL syntax follows the schema implied by the prompt.
2. Semantic alignment: whether entities, relations, road network, and environment accurately reflect the scenario description in the prompt.
3. Executability: whether the DSL can be reliably executed in CARLA without contradictions.
Output only a floating-point score in [0,1].
<score>

User Input

DSL Translation Prompt
DSL Translation Output
Output Score:

Table 15. Prompt for Testing DriveCombo.

System Persona

You are a driver assistant. Your task is to answer the question based on the scenario description and question stem.
The scenario description will be provided in the image.
Please answer the question based on the scenario description shown in the image and question stem.
Please return the answer in the format of ”A”, ”B”, ”C”, or ”D”. And give the reason for your answer.

User Input

Scenario Description: {scenario description image}
Question Stem: {question stem}
Options: {options}
Output:

Table 16. Prompt for Testing DriveCombo-Text variant.

System Persona

You are a driver assistant. Your task is to answer the question based on the scenario description and question stem.
Please answer the question based on the scenario description and question stem.
Please return the answer in the format of ”A”, ”B”, ”C”, or ”D”. And give the reason for your answer.

User Input

Scenario Description: {scenario description text}
Question Stem: {question stem}
Options: {options}
Output:
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