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We present Prunario, a novel technique for effectively testing autonomous driving systems (ADS). Ensuring
the safety of ADS is critical, as their failures can lead to severe casualties. While ADS testing methods have
advanced in recent years, they remain unsatisfactory in generating diverse test scenarios that induce distinct
driving behaviors—a key requirement for thoroughly evaluating ADS across different situations. To address
this, Prunario employs a novel simulation prediction technique to estimate ADS runtime behavior and prune
redundant test scenarios that yield similar driving records. Experimental results demonstrate Prunario’s
effectiveness: it uncovered 23 previously undetected bugs in an industrial-strength ADS and outperformed
three state-of-the-art testing techniques.
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1 Introduction

Testing autonomous driving systems (ADS) is critical to ensuring their safety. Since the 1980s,
extensive research in industry and academia has advanced the development of practical ADS
technologies [32]. Prominent examples include Tesla’s Autopilot [8], Tier IV’s Autoware [38],
Baidu’s Apollo [5], Waymo’s Waymo Driver [25], and Stanford University’s Stanley [13] and
Junior [79]. Despite significant progress, current ADSs remain susceptible to critical flaws due to
their inherent complexity, which can result in catastrophic accidents involving human casualties [33,
36, 37, 43, 46]. Therefore, developing techniques to ensure ADS safety before real-world deployment
is both urgent and essential.

Simulation Testing. In this paper, we propose a novel testing technique to automatically iden-
tify critical bugs in ADS. We focus on simulation-based testing, where ADS are tested in virtual
environments rather than on real roads, using high-fidelity physical simulators (e.g., CARLA [31],
LGSVL [82]). Simulation testing (hereafter referred to as testing) is widely adopted by ADS devel-
opers [76], as it complements real-world testing by addressing safety and cost concerns [76, 82].
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Fig. 1. Overview of Prunario.

Existing Approaches. Various techniques for automated ADS testing have emerged in recent
years [48, 49, 51, 55, 56, 61–64, 72–75, 80, 86–89, 92, 97, 99]. However, these methods continue
to face performance challenges. In particular, existing techniques struggle to generate diverse
test scenarios cost-effectively, a crucial requirement for thoroughly validating ADS across varied
conditions. For instance, our study in Section 5 shows that 93% of scenarios produced by three
recent tools—ScenarioFuzz [92], DriveFuzz [72], and SAMOTA [61]—are virtually identical to other
tested scenarios, significantly reducing testing efficiency and bug-detection capabilities. The issue
of redundant scenarios is exacerbated by the time-intensive nature of simulation testing [49, 55, 61].
Specifically, to maintain simulation stability (e.g., avoiding oscillations of control commands),
realistic simulations require synchronization between real and simulation time [55]; for example,
running a single test scenario in which a vehicle travels 10 km at 10 m/s takes about 17 minutes to
complete.

This Work.We propose Prunario, a novel technique to enhance the efficiency of ADS testing.
The primary feature of Prunario lies in its ability to detect and prune likely redundant scenarios
that would generate duplicate driving records when executed. Figure 1 illustrates our approach.
The inputs are a seed scenario and an ADS under test, and the output is a set of scenarios that
trigger traffic violations in the ADS. Like existing techniques [49, 51, 55, 56, 61–64, 72–75, 86, 88, 89,
92, 97, 99], Prunario employs mutation-based fuzzing, iteratively generating randomly mutated
scenarios and evaluating the ADS against them in a simulation environment. However, this baseline
approach inherits the performance limitations of prior methods.

To improve testing efficiency, the key innovation of Prunario is to “statically” predict the ADS
runtime behavior without executing the computationally expensive physical simulator, pruning
scenarios likely to yield redundant driving records. Inspired by static program analysis, which
infers a program’s runtime behavior without execution, our approach integrates a static simulation
predictor into ADS testing (Figure 1). Specifically, we train models from prior simulation runs
to estimate the driving record 𝑟 for a mutant scenario𝑚. By comparing 𝑟 with existing records,
we determine whether𝑚 is likely to expose new behaviors. If𝑚 is predicted to produce unique
behavior, we execute it in the simulator for accurate validation; otherwise, we prune it to avoid
redundant testing. Unlike physical simulations, which comprehensively model real-world dynamics
(e.g., real-time synchronization), our predictor is lightweight and fast, as it focuses on capturing
partial driving records, such as speeds at waypoints along a planned route.

Experimental results demonstrate that Prunario is highly effective at detecting critical bugs in
ADS. We applied Prunario to evaluate recent versions of Autoware [38], a popular open-source
ADS with industrial applications such as autonomous valet parking [1] and cargo delivery [2].
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Fig. 2. Examples for illustrating our goal. (a) shows a schematic driving record of 𝑟𝑎 generated by executing a
scenario 𝑠𝑎 . (b)–(d) present schematic scenarios of 𝑠𝑏–𝑠𝑑 .

Prunario identified 23 previously unknown bugs, of which 20 have been confirmed by the devel-
opers. To benchmark performance, we compared Prunario against three state-of-the-art tools:
ScenarioFuzz [92], DriveFuzz [72], and SAMOTA [61]. The result shows that Prunario signifi-
cantly outperforms these tools in detecting unique violations.

Contributions.We summarize our contributions below.
• We propose a novel approach for boosting the efficiency of ADS testing. The main technical
contribution is simulation prediction, which enables the efficient detection and pruning of
likely redundant scenarios without running physical simulators.
• We prove the practicality of Prunario by reporting 23 new bugs found in Autoware [38]
and conducting the comparative experiments with the three state-of-the-art testing tools:
DriveFuzz [72], SAMOTA [61], ScenarioFuzz [92].
• We make our tool and data publicly available on Zenodo [71] and GitHub [15].

2 Overview

2.1 Motivating Example

Figure 2a depicts a driving record 𝑟𝑎 generated from the simulation of a scenario 𝑠𝑎 . The ego vehicle
traveled from west to east, while the NPC vehicle (i.e., another vehicle in the scenario) moved from
north to south, both at a speed of 20 km/h. Even though the vehicles’ trajectories overlap at the
junction, they neither encountered nor collided with each other, since the ego vehicle passed the
intersecting point much earlier. Figures 2b–2d depict candidate scenarios 𝑠𝑏–𝑠𝑑 with each vehicle’s
expected trajectory (obtainable from ADS’s planning module, such as Autoware’s planner [45]).
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Given candidate scenarios 𝑠𝑏–𝑠𝑑 , Prunario analyzes their runtime behavior without simulator
execution, and determines that scenarios 𝑠𝑏 and 𝑠𝑐 are likely redundant with 𝑠𝑎 , while scenario 𝑠𝑑
exposes distinct behavior. To reach this conclusion, Prunario predicts that executing 𝑠𝑏 and 𝑠𝑐
would generate driving records similar to 𝑟𝑎 from the ego vehicle’s perspective; assuming each
vehicle travels at 20 km/h, the ego vehicle would move along a straight line without vehicle
interactions, as in 𝑟𝑎 . Specifically, in 𝑠𝑏 , the ego vehicle arrives at the intersection much later
(Figure 2b), and in 𝑠𝑐 , the vehicles’ expected trajectories do not overlap (Figure 2c). Conversely, 𝑠𝑑
is likely unique, as it would involve an interaction where both vehicles approach the intersection
nearly simultaneously, producing a distinct driving record (Figure 2d). As a result, Prunario prunes
𝑠𝑏 and 𝑠𝑐 from the testing space and executes 𝑠𝑑 only.

Comparison to Existing Approaches. Our approach introduces a novel simulation predictor
that statically analyzes scenarios’ runtime behavior to identify and eliminate redundant scenarios.
While some ADS testing tools aim to reduce redundant scenarios [56, 62, 73, 75, 86, 89, 97], their
methods are typically limited and fall into two categories. The first category consists of tools
that identify redundant scenarios dynamically by executing them on a physical simulator. These
tools can either prune [56, 62, 73] or deprioritize [89] subsequent scenarios (i.e., mutant scenarios).
However, they are inherently unable to eliminate initial redundant scenarios like 𝑠𝑏 and 𝑠𝑐 . The
second category adopts a static approach, but without analyzing runtime behavior [75, 86, 97].
Instead, they rely on static fields of the scenario–such as the starting and ending points of vehicles–
to identify redundancy. This can easily lead to incorrect pruning of scenarios like 𝑠𝑑 , which may be
considered similar to 𝑠𝑎 based on their static fields but actually induce distinct runtime behaviors.

2.2 How Prunario Works

Prunario basically performs random mutation-based fuzzing with two optimization techniques
from prior research: dynamically pruning redundant scenarios (Section 3.1.1) and prioritizing
scenarios likely to trigger violations (Section 3.1.2). Despite these, its performance remains unsatis-
factory (Section 5). To address this, Prunario uses learning-based simulation prediction to detect
and prune likely redundant scenarios.
For simplicity, this section assumes a waypoint (a location in a map) is one-dimensional, i.e., a

vehicle travels along a straight line. More general descriptions can be found in Section 3. Suppose
we have a driving record 𝑟𝑥 = (𝑟𝑥𝑒 , 𝑟𝑥𝑛 ) for a scenario 𝑠𝑥 , where 𝑟𝑥𝑒 and 𝑟𝑥𝑛 are individual driving
records for the ego vehicle (𝑒) and the NPC vehicle (𝑛), respectively:

𝑟𝑥𝑒 = (0, 0) · (5, 10) · (10, 0)︸                      ︷︷                      ︸
(wp1𝑒 ,spd1𝑒 ) · (wp2𝑒 ,spd2𝑒 ) · (wp3𝑒 ,spd3𝑒 )

, 𝑟𝑥𝑛 = (40, 0) · (30, 20) · (20, 0)︸                         ︷︷                         ︸
(wp1𝑛,spd1𝑛 ) · (wp2𝑛,spd2𝑛 ) · (wp3𝑛,spd3𝑛 )

(1)

Here, each vehicle’s record is a sequence of waypoint-speed pairs in frame 𝑖 ∈ [1, 3]. 𝑟𝑥𝑒 indicates
that the ego vehicle traveled in the right direction by 10 meters from wp

1
𝑒 (= 0) to wp3𝑒 (= 10), and

the speed in frame 2 was spd2𝑒 (= 10 m/s). 𝑟𝑥𝑛 represents that the NPC vehicle moved in the left
direction by 20 meters, where the speed in frame 2 was spd2𝑛 (= 20 m/s).
Step 1: Learning Speed-Prediction Models. The goal of simulation prediction is to generate a

vehicle’s driving prediction, an expected sequence of waypoint-speed pairs, without executing a
physical simulator. To do so, we first use the planning module of the ADS to compute a vehicle’s
expected route (a sequence of waypoints). Given such a planned route, we can construct a driving
prediction by assigning an expected speed to each waypoint along the route, forming a sequence
of waypoint-speed pairs. Therefore, the problem of simulation prediction essentially boils down
to the problem of building speed-prediction models that can forecast the speed at each waypoint
along the planned route.

Proc. ACM Program. Lang., Vol. 10, No. OOPSLA1, Article 154. Publication date: April 2026.



Prunario: Testing Autonomous Driving Systems by Pruning Likely Redundant Scenarios 154:5

Given training datasets for an ego vehicle (𝐷𝑒 ) and an NPC vehicle (𝐷𝑛), speed-prediction models
for the vehicles, denotedM𝑒 andM𝑛 , can be generated using off-the-shelf supervised learning
algorithms (e.g., the ones provided by scikit-learn [54]). We obtain such 𝐷𝑒 and 𝐷𝑛 from previous
driving records. For example, given 𝑟𝑥𝑒 from (1), we may have a training sample 𝑑𝑒 = (𝑣2𝑒 , spd3𝑒 ) ∈ 𝐷𝑒 .
Here, 𝑣2𝑒 is the feature vector that describes the ego vehicle’s driving status in frame 2, such as the
remaining distance to the destination. That is, we build regression models, which predict the speed
in the next frame based on the vehicle’s driving status in the current frame.
Step 2: Generating Driving Predictions. Suppose we haveM𝑒 , a learned speed-prediction

model for an ego vehicle. Suppose also a scenario 𝑠𝑦 specifies the starting point (start𝑒 ) and the end
point (end𝑒 ) of the ego vehicle: start𝑒 = 10 and end𝑒 = 20. Then, we generate 𝑟 𝑦𝑒 (the ego vehicle’s
driving prediction for 𝑠𝑦) of the form:

𝑟
𝑦
𝑒 = (wp1𝑒 , spd1𝑒 ) · (wp2𝑒 , spd2𝑒 ) · · ·

Initially, wp1𝑒 = start𝑒 = 10 and spd
1
𝑒 = 0 m/s. To construct the final prediction 𝑟

𝑦
𝑒 , we iteratively

compute and append a waypoint-speed pair (e.g., (wp2𝑒 , spd2𝑒 )) to an interim result (e.g., (wp1𝑒 , spd1𝑒 )).
Specifically, to obtain spd

2
𝑒 usingM𝑒 :

(a) Generate a feature vector 𝑣1𝑒 that represents the driving status in frame 1 (i.e., at the waypoint
wp

1
𝑒 ), following the encoding scheme in Table 1.

(b) Obtain the speed in the next frame withM𝑒 . For example, assume spd2𝑒 =M𝑒 (𝑣1𝑒 ) = 10 m/s.
To obtain the next waypoint wp2𝑒 :

(c) Compute the expected travel distance by 𝑑 =
spd

1
𝑒+spd2𝑒
2 × 1

fps
where 1

fps
is the frame time (a

fixed unit time per frame). Assuming 1
fps

= 1 s, 𝑑 is 5 m.
(d) Select a location that is 5 meters (= 𝑑) away fromwp

1
𝑒 (the current waypoint) within a planned

route. For example, if the planned route is 10 · 12 · 14 · 16 · 18 · 20, wp2𝑒 is 15.
The remaining waypoint-speed pairs can be computed by repeating (a)–(d), until we obtain a
waypoint close enough to end𝑒 . GivenM𝑛 (a speed predictor for an NPC vehicle), 𝑟 𝑦𝑛 (an NPC
vehicle’s driving prediction for scenario 𝑠𝑦) can be obtained in a similar way.

Step 3: Pruning with Prediction Results. Once the driving predictions are computed, we detect
redundant scenarios by transforming each prediction into a driving pattern sequence, an abstract
form of driving prediction (and driving record) from the perspective of an ego vehicle. Consider
the driving predictions for two scenarios 𝑠𝑦 and 𝑠𝑧 , where 𝑟𝑦 = (𝑟 𝑦𝑒 , 𝑟

𝑦
𝑛 ) is the prediction for 𝑠𝑦 :

𝑟
𝑦
𝑒 = (10, 0) · (15, 10) · (20, 0), 𝑟

𝑦
𝑛 = (20, 0) · (30, 20) · (40, 0) (2)

and 𝑟𝑧 = (𝑟𝑧𝑒 , 𝑟𝑧𝑛) is the prediction for 𝑠𝑧 :

𝑟𝑧𝑒 = (15, 0) · (20, 10) · (30, 0), 𝑟𝑧𝑛 = (30, 0) · (20, 20) · (10, 0) (3)

We first convert the previous driving record 𝑟𝑥 from (1) into its driving pattern sequence 𝜋𝑥 ,
following the abstraction method in Section 3.1.1:

𝜋𝑥 : START · (↑,×) · END
Intuitively, 𝜋𝑥 represents that the ego vehicle moved straight (↑) without interactions (×) with the
NPC vehicle; as indicated in (1), the trajectories of the vehicles do not overlap. We also obtain 𝜋𝑦
and 𝜋𝑧 (the pattern sequences for 𝑟𝑦 and 𝑟𝑧) using the same method:

𝜋𝑦 : START · (↑,×) · END, 𝜋𝑧 : START · (↑,⃝) · END
where 𝜋𝑦 means that no vehicle interactions (×) are expected; according to (2), no waypoints
overlap in the same frame (i.e., at the same time). By contrast, the symbol ⃝ in 𝜋𝑧 indicates that
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a vehicle interaction is expected during the simulation of 𝑠𝑧 ; according to (3), the vehicles are
expected to be positioned very closely in frame 2. Observe that, according to the abstraction results
that express core driving aspects, the prediction for 𝑠𝑦 is a duplicate of the previous record 𝑟𝑥 (i.e.,
𝜋𝑦 = 𝜋𝑥 ), whereas the prediction for 𝑠𝑧 is not (i.e., 𝜋𝑧 ≠ 𝜋𝑥 ). Thus, we determine that 𝑠𝑦 is likely
redundant with 𝑠𝑥 , while 𝑠𝑧 is likely unique. Consequently, Prunario prunes 𝑠𝑦 and tests the ADS
against 𝑠𝑧 only.

3 Approach

We describe Prunario in detail: basic fuzzing algorithm (Section 3.1) and simulation prediction
(Section 3.2).

A simulation map, map, is a virtual world in which vehicle objects are simulated. A waypoint
wp = (𝑥,𝑦, 𝑧, pitch, yaw) is a location on map, such as vehicles’ starting and end points. 𝑥 , 𝑦, and
𝑧 are positions at X, Y, and Z-axes in a three-dimensional coordinate system. pitch is the vertical
rotation angle with respect to Y-axis; if a vehicle is going up (resp., going down), pitch > 0 (resp.,
pitch < 0). yaw refers to the horizontal rotation angle with respect to Z-axis; if a vehicle is heading
left (resp., right), yaw < 0 (resp., yaw > 0).

Scenario. A scenario consists of each vehicle’s specification that must be satisfied when executed.
For brevity, we assume exactly two vehicles (an ego vehicle 𝑒 , and an NPC vehicle 𝑛) appear during
the simulation. However, our implementation supports more complex forms of scenarios (Section 4),
including multiple NPC vehicles. Under the assumption, we define a scenario 𝑠 as a 3-tuple:

𝑠 = (map, spec𝑒 , spec𝑛).

spec𝑒 and spec𝑛 are the specifications of an ego vehicle (𝑒) and an NPC vehicle (𝑛). In detail,
spec𝑒 = (start𝑒 , end𝑒 ) represents that an ego vehicle’s objective is to travel the map from the
starting point (start𝑒 ) to the end point (end𝑒 ). spec𝑛 = (start𝑛, end𝑛,mode) specifies the NPC
vehicle’s starting point (start𝑛) and end point (end𝑛), along with its driving mode (mode); we
aim to find bugs more effectively by exposing the ego vehicle to diverse situations as in prior
work [63, 64, 72, 80, 92]. We assume mode is either auto or immobile for brevity (see Section 4 for
more detail). Ifmode = auto, the NPC vehicle autonomously navigates the map from start𝑛 to end𝑛 ,
based on the NPC vehicle’s ADS (e.g., Behavior Agent [6] supported in the CARLA [31] simulator).
If mode = immobile, the NPC vehicle remains stationary at the starting point, i.e., start𝑛 = end𝑛 .

Simulation Result. A simulation result, (𝑟, 𝑏), is the output generated by executing a scenario
on a simulator. 𝑏 is the traffic violation type (Section 4), such as collision. If no violations are found,
we write 𝑏 = ⊥. 𝑟 = (𝑟𝑒 , 𝑟𝑛) is a driving record, where 𝑟𝑒 and 𝑟𝑛 are the individual records for the
ego and the NPC vehicle, respectively. Specifically, 𝑟𝑒 is a sequence of frame states:

𝑟𝑒 = (wp1𝑒 , spd1𝑒 ) · · · (wp
|𝑟 |
𝑒 , spd |𝑟 |𝑒 ),

𝑟𝑛 = (wp1𝑛, spd1𝑛) · · · (wp
|𝑟 |
𝑛 , spd |𝑟 |𝑛 )

where a frame state is a waypoint-speed pair (wp𝑖𝑒 , spd𝑖𝑒 ) (resp., (wp𝑖𝑛, spd𝑖𝑛)) in each frame 𝑖 ∈ [1, |𝑟 |]
and |𝑟 | represents the length of the record 𝑟 . A frame is a single logical time step, and its duration
is called frame time (= 1/fps).

3.1 Basic Fuzzing Algorithm

The goal of ADS testing is to generate as many violation-triggering scenarios as possible. We say a
scenario triggers a violation (Section 4) if an ego vehicle, controlled by the ADS under test, exhibits
unsafe driving behaviors (e.g., collision) during the simulation.
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Algorithm 1 Prunario
Input: autonomous driving system ADS, initial seed scenario seed

Output: a set of violation-triggering scenarios 𝑉
1: 𝑃 ← ∅
2: 𝑊 ← {(seed, 0)}
3: repeat
4: (𝑠, score) ← argmax(𝑠,score) ∈𝑊 score ⊲ 𝑠: seed scenario
5: 𝑊 ←𝑊 \ {(𝑠, score)}
6: 𝑖 ← 0 ⊲ 𝑖: current mutation number
7: while 𝑖 < 𝑘 do ⊲ 𝑘 : preset mutation bound
8: 𝑠′ ← Mutate(𝑠) ⊲ 𝑠′: mutant scenario
9: (+) 𝑟 ← Predict(𝑠′, 𝑃) ⊲ §3.2, Alg.2
10: (+) if 𝑟 = fail ∨ ¬LikelyRedundant(𝑟, 𝑃) then
11: (𝑟, 𝑏) ← Simulate(ADS, 𝑠′)
12: if ¬Redundant((𝑟, 𝑏), 𝑃) then ⊲ §3.1.1
13: if 𝑏 = ⊥ then
14: score

′ ← Feedback(𝑟 ) ⊲ §3.1.2
15: 𝑊 ← {(𝑠′, score′)} ∪𝑊
16: 𝑃 ← {(𝑠′, (𝑟, 𝑏))} ∪ 𝑃
17: 𝑖 ← 𝑖 + 1
18: until𝑊 = ∅ or timeout
19: 𝑉 ← ExtractV(𝑃)
20: return 𝑉

Algorithm 1 shows the architecture of Prunario. The inputs are an ADS to test (ADS), and
a seed scenario (seed). The output is a set of violation-triggering scenarios (𝑉 ). The algorithm
maintains a set of previous execution logs (𝑃 ). An execution log 𝑝 ∈ 𝑃 is an input-output pair of
the simulation, i.e., 𝑝 = (𝑠, (𝑟, 𝑏)) where 𝑠 is an executed scenario and (𝑟, 𝑏) is the simulation result
of 𝑠 . The algorithm also keeps a workset𝑊 that is a set of pairs (𝑠, score). 𝑠 is a scenario to mutate,
and score is a number called risk score (Section 3.1.2), which quantifies how beneficial mutating 𝑠 is
in terms of finding violations. In our basic algorithm, line 9 is ignored and the whole condition at
line 10 is always true.
At line 1, we initialize 𝑃 with the empty set. At line 2, we initialize𝑊 with the singleton set of
(seed, 0), where 0 is the dummy score of seed. We enter the repeat-until loop (lines 3–18).We pick the
scenario 𝑠 with the highest risk score from𝑊 (line 4), and remove it from𝑊 (line 5). After initializing
𝑖 with 0 (line 6), we enter the while-loop (lines 7–17) to generate 𝑘 mutant scenarios (𝑘 = 10 in the
implementation). At line 8, Mutate(𝑠) outputs a randomly generated mutant scenario 𝑠′ (will be
explained shortly). At line 11, we obtain a simulation outcome (𝑟, 𝑏) by executing 𝑠′ using a simulator
(e.g., CARLA [31]). If 𝑠′ is a unique (line 12) and normal scenario that does not trigger violations
(line 13), we compute the risk score of 𝑠′ (line 14) and add (𝑠′, score′) to𝑊 (line 15). After checking
the redundancy of 𝑠′, we add the input-output pair of the simulation to 𝑃 (line 16), and increase the
current mutation number 𝑖 (line 17). The repeat-until loop repeats until𝑊 becomes empty or the
preset time limit expires (line 18). Once the loop terminates, ExtractV collects𝑉 , the largest set of
unique violation-triggering scenarios (line 19): 𝑉 = {𝑠 | (𝑠, (𝑟, 𝑏)) ∈ argmax𝑃 ′⊆𝑃 |𝐹 (𝑃 ′) |} such that

𝐹 (𝑃 ′) = {𝑝 | 𝑃 ′ ∋ 𝑝 = (𝑠, (𝑟, 𝑏)), 𝑏 ≠ ⊥, ¬Redundant((𝑟, 𝑏), 𝑃 ′ \ {𝑝})}
where the predicate Redundant is defined in Section 3.1.1. At line 20, we finally return 𝑉 .
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Mutation Operators. Given a seed scenario 𝑠 = (map, spec𝑒 , spec𝑛) where spec𝑒 = (start𝑒 , end𝑒 )
and spec𝑛 = (start𝑛, end𝑛,mode), Mutate (line 8 in Algorithm 1) generates a mutant scenario 𝑠′ by
randomly selecting and modifying one waypoint wp from each vehicle’s specification. Specifically,
it alters either start𝑒 or end𝑒 in spec𝑒 , and start𝑛 or end𝑛 in spec𝑛 , using one of the two operations.
The first operation, random relocation, replaces wp with a randomly chosen wp

′ ∈ VW , where VW
denotes the set of valid waypoints provided by map creators [23]. The second operation, path-
aligned shift, moveswp forward or backward by a random distance 𝑥 ∈ [2, 10] meters along the lane.
The mutation is repeated until we produce a mutant scenario where the planned routes [45] of the
vehicles overlap, thereby increasing the likelihood of vehicle interactions and violation detection.
In Section 4, we describe mutation operators in more detail, considering more complex scenarios.

3.1.1 Pruning Successors of Redundant Scenarios. Scenarios obtained from the mutation of re-
dundant scenarios are more likely to be useless (e.g., due to the mutation operators that do not
significantly change the vehicles’ missions). To avoid generating such undesirable scenarios, several
tools [56, 62, 73] detect redundant scenarios based on their execution results, and do not add those
scenarios to a seed pool (𝑊 in Algorithm 1). This way, mutant scenarios of redundant scenarios
can be excluded from the search space. We use a technique (line 12 in Algorithm 1) for a similar
purpose, proceeding in two steps: abstracting driving records into driving pattern sequences, and
checking redundancy based on the pattern sequences.
Abstracting Simulation Results.We represent a driving record as an abstract form. The key

principle of our abstraction is to omit unnecessary details from an ego vehicle’s perspective (e.g.,
Section 2.1), in order to effectively detect virtually identical scenarios. Our abstraction method
is inspired by prior work on ADS testing [56, 57, 73, 77]. We first introduce an abstraction for a
frame state (a waypoint-speed pair per frame) and then extend it to an abstraction for a record (a
sequence of frame states). Let us assume the record 𝑟 = (𝑟𝑒 , 𝑟𝑛) for a scenario 𝑠 is given, where
𝑟𝑜 = (wp1𝑜 , spd1𝑜 ) · · · (wp

|𝑟 |
𝑜 , spd |𝑟 |𝑜 ) for 𝑜 ∈ {𝑒, 𝑛}, and𝑤𝑝𝑖𝑜 = (𝑥𝑖𝑜 , 𝑦𝑖𝑜 , 𝑧𝑖𝑜 , pitch𝑖𝑜 , yaw𝑖

𝑜 ) for 𝑖 ∈ [1, |𝑟 |].
We assume all information from 𝑠 (e.g., start𝑒 , end𝑒 ) is available when defining the functions.

We define 𝛼 to transform the 𝑖-th frame state into its driving pattern, from the perspective of the
ego vehicle:

𝛼 (𝑟, 𝑖) =


START if dist(wp𝑖𝑒 , start𝑒 ) ≤ 0.01 m
END if dist(wp𝑖𝑒 , end𝑒 ) ≤ 1 m
STOP if spd𝑖𝑒 ≤ 1 km/h
(Hor(𝑟, 𝑖),Vert(𝑟, 𝑖), Inter(𝑟, 𝑖)) if spd𝑖𝑒 > 1 km/h

where dist [22] computes the Euclidean distance between the two waypoints, 0.01 m (resp., 1 m) is
the threshold for determining whether the ego vehicle is close enough to the starting point (resp.,
the end point), and 1 km/h is the threshold for determining whether the ego vehicle (virtually)
stops or not in frame 𝑖 . Hor, Vert, and Inter are functions that generate driving patterns of the
moving ego vehicle in frame 𝑖 . Specifically, Hor(𝑟, 𝑖) returns a driving pattern based on the ego
vehicle’s horizontal rotation in frame 𝑖 , in comparison with frame 𝑖 − 1, while Vert(𝑟, 𝑖) returns a
driving pattern based on the ego vehicle’s vertical rotation angle in frame 𝑖:

Hor(𝑟, 𝑖) =


↑ if |yaw𝑖
𝑒 − yaw𝑖−1

𝑒 | ≤ 0.08◦
↰ if yaw𝑖

𝑒 − yaw𝑖−1
𝑒 < −0.08◦

↱ if yaw𝑖
𝑒 − yaw𝑖−1

𝑒 > 0.08◦
Vert(𝑟, 𝑖) =


→ if |pitch𝑖𝑒 | ≤ 5.0◦
↗ if pitch𝑖𝑒 > 5.0◦
↘ if pitch𝑖𝑒 < −5.0◦
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Ego
NPC

1 2 3 4 5
→

Values Frame 1 Frame 2 Frame 3 Frame 4 Frame 5

dist(𝑤𝑝𝑖𝑒 , 𝑠𝑡𝑎𝑟𝑡𝑒 ) 0.0 1.6 3.5 5.1 6.7
dist(𝑤𝑝𝑖𝑒 , 𝑒𝑛𝑑𝑒 ) 100.0 98.4 96.5 94.9 93.3

𝑠𝑝𝑑𝑖𝑒 0.0 3.4 6.6 3.6 0.0
𝑦𝑎𝑤 𝑖

𝑒 − 𝑦𝑎𝑤 𝑖−1
𝑒 0.0 0.0 −0.03 −1.1 −1.4

𝑝𝑖𝑡𝑐ℎ𝑖𝑒 0.0 0.0 0.0 0.0 0.0
TTC𝛽𝑒 ,𝛽𝑛 (𝑟, 𝑖) ∞ 5.2 2.9 1.1 ∞

𝛼 (𝑟, 𝑖) START (↑,→,×) (↑,→,⃝s) (↰,→,⃝s) STOP

Fig. 3. A visualization of a driving record 𝑟 (left). The table on the right illustrates the abstraction process: the
last row (𝛼 (𝑟, 𝑖)) presents the driving patterns for each frame 𝑖 ∈ [1, 5] of 𝑟 , while the remaining rows list the
numerical values used in 𝛼 to derive these driving patterns. Units are omitted for brevity.

where ±0.08◦ and ±5.0◦ are the thresholds to handle slight variations. Finally, Inter(𝑟, 𝑖) captures
whether an interaction between the ego and NPC exists (⃝★) or not (×):

Inter(𝑟, 𝑖) =
{

⃝★ if TTC𝛽𝑒 ,𝛽𝑛 (wp𝑖𝑒 , spd𝑖𝑒 ,wp𝑖𝑛, spd𝑖𝑛) < 3 s
× otherwise

where ⃝★ represents that the ego vehicle has an interaction with a stopped (★ = s) or moving
(★ =m) NPC vehicle. 𝛽𝑒 and 𝛽𝑛 are the predetermined sizes of each vehicle’s bounding box [14].
TTC [69] computes the time-to-collision, i.e., the expected remaining time until the ego vehicle
collides with the NPC vehicle. That is, the ego and NPC vehicles are considered to influence each
other if they are likely to encounter within a few seconds. We set the thresholds for defining 𝛼

based on a pilot study conducted during development; we qualitatively inspected whether the
generated driving patterns were consistent with the behaviors observed in log files (simulation
videos), and selected the values that remained robust to small variations.

Example 1. Figure 3 depicts how the function 𝛼 derives driving patterns from a driving record

𝑟 . For instance, the pattern in frame 1 is START as the ego vehicle is at the starting point, i.e.,

dist(𝑤𝑝𝑖𝑒 , 𝑠𝑡𝑎𝑟𝑡𝑒 ) = 0𝑚. Also, the pattern in frame 2 (resp., frame 3) is (↑,→,×) (resp., (↑,→,⃝s)) as
the ego vehicle is traveling straight on a flat road with no interaction (resp., with interaction). In frame

4 and 5, the ego vehicle turns left (𝑦𝑎𝑤 𝑖
𝑒 − 𝑦𝑎𝑤 𝑖−1

𝑒 < −0.08◦) and stops (𝑠𝑝𝑑𝑖𝑒 ≤ 1 km/h), respectively.

On top of 𝛼 , PatSeq generates the final pattern sequence 𝜋1 · · · 𝜋𝑙 of a record 𝑟 :
PatSeq(𝑟 ) = 𝜋1 · · · 𝜋𝑙

where 𝜋1 · · · 𝜋𝑙 = DeDup ◦ Cons(𝑝1 · · · 𝑝 |𝑟 | ) such that 𝑙 ≤ |𝑟 |. Here, 𝑝𝑖 = 𝛼 (𝑟, 𝑖) indicates a driving
pattern in frame 𝑖 ∈ [1, |𝑟 |]. Cons and DeDup are the postprocessing functions that convert
driving patterns into their intended forms. Let 𝜎 be the meaningful pattern threshold – the lower
bound on the number of occurrences required for a pattern to be regarded as meaningful; in the
implementation, 𝜎 = 20, i.e., we consider a pattern meaningful if it lasts at least 1 second (= 𝜎 × 1

fps
).

Cons removes noisy patterns (excluding START and END) that do not appear consecutively for at
least 𝜎 frames. Specifically, given 𝜋 = 𝜋1 · · · 𝜋𝑛 , Cons(𝜋) outputs Cons′ (𝜋, 𝜋1, 0) where

Cons′ (𝑝, 𝑥, 𝑘) =



START · Cons′ (𝑝2 · · · 𝑝𝑛, 𝑝2, 0) if 𝑝 = 𝑝1 · 𝑝2 · · · 𝑝𝑛 ∧ 𝑥 = START
END · Cons′ (𝑝2 · · · 𝑝𝑛, 𝑝2, 0) else if 𝑝 = 𝑝1 · 𝑝2 · · · 𝑝𝑛 ∧ 𝑥 = END
Cons′ (𝑝2 · · · 𝑝𝑛, 𝑥, 𝑘 + 1) else if 𝑝 = 𝑝1 · 𝑝2 · · · 𝑝𝑛 ∧ 𝑥 = 𝑝1
Cons′ (𝑝, 𝑝1, 0) else if 𝑝 = 𝑝1 · 𝑝2 · · · 𝑝𝑛 ∧ 𝑥 ≠ 𝑝1 ∧ 𝑘 < 𝜎

𝑥𝑘 · Cons′ (𝑝, 𝑝1, 0) else if 𝑝 = 𝑝1 · 𝑝2 · · · 𝑝𝑛 ∧ 𝑥 ≠ 𝑝1 ∧ 𝑘 ≥ 𝜎

𝑥𝑘 else if |𝑝 | = 0 ∧ 𝑘 ≥ 𝜎

𝜖 else if |𝑝 | = 0 ∧ 𝑘 < 𝜎
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Here, 𝑥𝑘 indicates the sequence of 𝑘-consecutive 𝑥 patterns. DeDup eliminates consecutive dupli-
cated patterns:

DeDup(𝑝) =


𝑝1 · DeDup(𝑝2 · · · 𝑝𝑛) if 𝑝 = 𝑝1 · 𝑝2 · · · 𝑝𝑛 ∧ 𝑝1 ≠ 𝑝2
DeDup(𝑝2 · · · 𝑝𝑛) if 𝑝 = 𝑝1 · 𝑝2 · · · 𝑝𝑛 ∧ 𝑝1 = 𝑝2
𝑝 if |𝑝 | = 1

Example 2. Suppose we have a pattern sequence 𝑝 = START ·𝑥 ·𝑥 ·𝑦 ·𝑥 ·𝑥 ·END, where 𝑥 ≠ START,
𝑥 ≠ END, and 𝑥 ≠ 𝑦. Assuming 𝜎 = 2, Cons(𝑝) outputs 𝑝′ = START · 𝑥 · 𝑥 · 𝑥 · 𝑥 · END. Also,
DeDup(𝑝′) = START · 𝑥 · END.

Checking Redundancy. We detect and prune redundant scenarios based on their pattern-based
abstractions. Let 𝑠 be a scenario, 𝑟 be a driving record for 𝑠 , and 𝑏 be a violation type (including ⊥)
detected during the simulation of 𝑠 . We define the predicate Redundant (line 12 of Algorithm 1):

Redundant((𝑟, 𝑏), 𝑃) ⇐⇒ ∃(𝑠′, (𝑟 ′, 𝑏′)) ∈ 𝑃 . 𝑏 = 𝑏′ ∧ PatSeq(𝑟 ) = PatSeq(𝑟 ′).

That is, 𝑠 is redundant if there is a previously executed scenario 𝑠′ with the same driving pattern
sequence and violation detection result.

3.1.2 Risk Score-Guided Scenario Prioritization. Like most prior work [48, 49, 51, 55, 56, 61–64, 72–
75, 86–89, 92, 97, 99], we take driving records as feedback, and use them to prioritize scenarios that
can be beneficial for finding violations. To this end, we use the function Feedback, which computes
risk scores (score′ at line 14 in Algorithm 1) to prioritize scenarios whose execution results reveal
more signs of violations.
To define feedback function, we assume a record 𝑟 = (𝑟𝑒 , 𝑟𝑛) for a scenario is given, where

𝑟𝑜 = (wp1𝑜 , spd1𝑜 ) · · · (wp
|𝑟 |
𝑜 , spd |𝑟 |𝑜 ) for 𝑜 = {𝑒, 𝑛}, and𝑤𝑝𝑖𝑜 = (𝑥𝑖𝑜 , 𝑦𝑖𝑜 , 𝑧𝑖𝑜 , pitch𝑖𝑜 , yaw𝑖

𝑜 ) for 𝑖 ∈ [1, |𝑟 |].
We define procedure Feedback that computes risk scores (score′ at line 14 in Algorithm 1) to

prioritize scenarios whose execution results reveal more signs of violations:

Feedback(𝑟 ) = 𝐹𝑡 (𝑟 ) + 𝐹𝑎 (𝑟 ) + 𝐹𝑙 (𝑟 ).

𝐹𝑡 assigns higher scores to scenarios with a higher likelihood of collision, based on the time-to-
collision (TTC [69]) between the vehicles:

𝐹𝑡 (𝑟 ) =
1

min{TTC𝛽𝑒 ,𝛽𝑛 (𝑤𝑝𝑖𝑒 , 𝑠𝑝𝑑
𝑖
𝑒 ,𝑤𝑝𝑖𝑛, 𝑠𝑝𝑑

𝑖
𝑛) | 𝑖 ∈ [1, |𝑟 |]}

where 𝛽𝑒 and 𝛽𝑛 are the predetermined sizes of each vehicle’s bounding box [14]. 𝐹𝑎 favors scenarios
where the ego vehicle’s maximum accelerations are larger:

𝐹𝑎 (𝑟 ) =
max{Δ | 𝑖 ∈ [2, |𝑟 |],Δ = 𝑠𝑝𝑑𝑖𝑒 − 𝑠𝑝𝑑𝑖−1𝑒 ,Δ > 0}

𝛾𝑎

where 𝛾𝑎 is the normalization factor (5 km/h in the implementation). Lastly, 𝐹𝑙 values scenarios
that show higher chances of lane invasion:

𝐹𝑙 (𝑟 ) =
max{dist(wp𝑖𝑒 , 𝑐𝑖 ) | 𝑖 ∈ [1, |𝑟 |], 𝑐𝑖 = center(wp𝑖𝑒 )}

𝛾𝑙

Here, dist [22] computes the Euclidean distance between wp
𝑖
𝑒 and 𝑐𝑖 ; center [24] outputs the

waypoint 𝑐𝑖 projected onto the lane’s center line from wp
𝑖
𝑒 ; and 𝛾𝑙 indicates half of the width of the

lane that contains wp𝑖𝑒 , i.e., 𝛾𝑙 =
LaneWidth(wp𝑖𝑒 )

2 where LaneWidth [44] computes the lane width of a
given waypoint.
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Algorithm 2 Simulation Prediction (Predict)
Input: scenario 𝑠 = (map, spec𝑒 , spec𝑛), a set of execution logs 𝑃
Output: a simulation prediction result for 𝑠 (or fail)
1: if 𝑃 = ∅ return fail
2: (M𝑒 ,M𝑛) ← Learn(𝑃) ⊲ §3.2.1, Alg.3
3: 𝑟𝑒 ← PredictEgo(M𝑒 ,map, spec𝑒 ) ⊲ §3.2.2, Alg.4
4: 𝑟𝑛 ← PredictNPC(M𝑛,map, |𝑟𝑒 |, spec𝑛) ⊲ §3.2.2, Alg.5
5: return (𝑟𝑒 , 𝑟𝑛)

3.2 Simulation Prediction

Now, we present the key contribution of this paper: simulation prediction to statically estimate the
ADS runtime behavior.

Goal. Given a scenario 𝑠 , our predictor is designed to generate its expected driving record
𝑟 = (𝑟𝑒 , 𝑟𝑛), where 𝑟𝑒 and 𝑟𝑛 are individual driving predictions for the ego vehicle and NPC vehicle.
Specifically, we aim to produce a partial driving prediction, up to the frame where the first few
vehicle interactions or premature stops (i.e., unexpected stops before reaching end points) are
expected to occur. This is because making accurate predictions after such frames is extremely
challenging; we elaborate on this point in Section 3.2.1. For a similar reason, predicting violation
types is also beyond the scope of our method. Despite these restrictions, our predictor is useful for
enhancing the violation-finding capability (Section 5).
Algorithm 2 describes the procedure Predict, (invoked at line 9 in Algorithm 1). If there are

no prior execution logs (𝑃 = ∅), we return fail (line 1). Otherwise (line 2), we construct two speed-

prediction models from 𝑃 that predict speeds along a planned route (Section 3.2.2). Using the models,
we carry out simulation predictions for each vehicle (lines 3 and 4). Finally, we return the pair of
individual predictions (line 5), which will be refined during pruning (Section 3.2.3). Section 3.2.1
and 3.2.2 describe the details of lines 2–4.

3.2.1 Learning Speed-Prediction Models. We formulate the learning problem for speed-prediction
models and present the learning procedure Learn (Algorithm 3).
Learning Problem. Let 𝑅 be the set of driving records from execution logs 𝑃 . The learning

objective is to solve the following optimization problem:

For each 𝑜 ∈ {𝑒, 𝑛}, find a model 𝐹𝑜 that minimizes
∑︁

(𝑟𝑒 ,𝑟𝑛 ) ∈𝑅

|𝑟𝑜 |−1∑︁
𝑖=1
(𝐹𝑜 (𝑥𝑖𝑜 ) − spd𝑖+1𝑜 )2 (4)

where 𝑟𝑜 is the driving record of a vehicle object 𝑜 , and 𝑥𝑖𝑜 denotes its partial record up to frame 𝑖 ,
i.e., 𝑟𝑜 = (wp1𝑜 , spd1𝑜 ) · (wp2𝑜 , spd2𝑜 ) · · · and 𝑥𝑖𝑜 = (wp1𝑜 , spd1𝑜 ) · · · (wp𝑖𝑜 , spd𝑖𝑜 ). That is, for each vehicle
object 𝑜 ∈ {𝑒, 𝑛}, we aim to find a regression model 𝐹𝑜 to minimize the mean squared error between
the predicted next-frame speeds (𝐹𝑜 (𝑥𝑖𝑜 )) and the actual next-frame speeds (spd𝑖+1𝑜 ). The problem (4)
can be viewed as an instance of an autoregressive learning problem, in that the next-frame speeds
are predicted conditioned on the driving history (𝑥𝑖𝑜 ) up to the current frame.
While 𝐹𝑜 in (4) can, in principle, be instantiated with any regression model, we restrict the

hypothesis space for 𝐹𝑜 to random forest regressors, due to their low training overhead and their
robustness to complex (potentially nonlinear) data. Thus, the problem (4) can be restated as follows:

For each 𝑜 ∈ {𝑒, 𝑛}, find a modelM𝑜 that minimizes
∑︁

(𝑟𝑒 ,𝑟𝑛 ) ∈𝑅

|𝑟𝑜 |−1∑︁
𝑖=1
(M𝑜 (v𝑖𝑜 ) − spd𝑖+1𝑜 )2 (5)
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Algorithm 3 Learning Speed-Prediction Models (Learn)
Input: 𝑃 (a set of execution logs)
Output: (M𝑒 ,M𝑛) (learned models for ego and NPC)
1: (𝐷𝑒 , 𝐷𝑛) ← (∅, ∅)
2: 𝑅 ← {RefineR(𝑟 ) | (−, (𝑟,−)) ∈ 𝑃}
3: for each (𝑟𝑒 , 𝑟𝑛) ∈ 𝑅 do
4: 𝐷𝑒 ← {(v𝑖𝑒 , spd𝑖+1𝑒 ) | 1 ≤ 𝑖 < |𝑟𝑒 |} ∪ 𝐷𝑒 ⊲ v𝑖𝑒 ∈ R𝑚 : feature for the ego (Table 1)
5: 𝐷𝑛 ← {(v𝑖𝑛, spd𝑖+1𝑛 ) | 1 ≤ 𝑖 < |𝑟𝑛 |} ∪ 𝐷𝑛 ⊲ v𝑖𝑛 ∈ R𝑚 : feature for the NPC (Table 1)
6: TrainM𝑒 andM𝑛 from 𝐷𝑒 and 𝐷𝑛 respectively.
7: return (M𝑒 ,M𝑛)

where 𝐹𝑜 is instantiated using a random forest regressorM𝑜 : R𝑚 → R, defined over fixed-size
𝑚-dimensional feature vectors of 𝑥𝑖𝑜 , i.e., v𝑖𝑜 = ⟨𝑣1, · · · , 𝑣𝑚⟩. The feature representation used to train
the models in (5) is described later (Table 1).
Procedure Learn. Algorithm 3 presents Learn to approximate the objective in (5). Note that

Learn is invoked during fuzzing (Algorithm 1) rather than in a separate stage. That is, Prunario re-
quires no additional time for training models beyond the testing budget for Algorithm 1. Specifically,
Learn retrains models from scratch using all execution logs 𝑃 collected so far whenever Predict
(Algorithm 2) is invoked during fuzzing.

At line 1, we initialize 𝐷𝑒 and 𝐷𝑛 , the training datasets for the ego and NPC vehicles, with
the empty sets. At line 2, we obtain a set of refined driving records 𝑅, by preprocessing each
prior driving record 𝑟 (RefineR will be explained shortly). Lines 3–5 iterate over 𝑅 to construct
𝐷𝑒 and 𝐷𝑛 . At line 4, for each frame 𝑖 , we compute a feature vector v𝑖𝑒 ∈ R𝑚 (following Table 1,
𝑚 = 7) that captures the ego vehicle’s driving state in that frame, pair it with spd

𝑖+1
𝑒 (the speed in

frame 𝑖 + 1), and add the resulting sample to 𝐷𝑒 . At line 5, we apply the same procedure to 𝑟𝑛 for
building 𝐷𝑛 . Finally, we build and return speed-prediction models (lines 6–7), specifically using
the off-the-shelf random forest learning algorithm provided by the scikit-learn library [54]. To
prevent the overfitting of random forest regression models, our implementation uses the following
parameter values: n_estimator = 35, min_samples_split = 12, min_samples_leaf = 5, max_features
= 0.6, max_depth = 20, max_samples = 0.8. The meaning of each parameter can be found in the
scikit-learn API documentation [12].

Refining Driving Records (RefineR).We observed the speed information after vehicle inter-
actions or premature stops (before reaching end points) is highly irregular. Specifically, interactions
may result in various outcomes (collision, stalling, or deceleration), leading to considerable speed
fluctuations in subsequent frames for each run. Also, premature stops sometimes happen for no
apparent reason (e.g., even when no obstacles are ahead), and the restarting timing after these
abnormal stops was highly irregular too, making it difficult to predict speeds in following frames.
To avoid generating potentially harmful training data resulting from vehicle interactions or

premature stops, we define RefineR (line 2 in Algorithm 3). Suppose a driving record 𝑟 = (𝑟𝑒 , 𝑟𝑛) is
given. Recall from Section 3.1.1, 𝜎 denotes the meaningful pattern threshold to avoid being regarded
as noisy patterns. Let 𝑆𝑒 (resp., 𝑆𝑛) be the set of frame indices where the ego vehicle (resp., NPC
vehicle) suddenly stops before reaching end points: 𝑆𝑒 = {𝑖+(𝜎−1) |

∧𝜎−1
𝑗=0 𝛼 ((𝑟𝑒 , 𝑟𝑛), 𝑖+ 𝑗) = STOP}

and 𝑆𝑛 = {𝑖 + (𝜎 − 1) | ∧𝜎−1
𝑗=0 𝛼 ((𝑟𝑛, 𝑟𝑒 ), 𝑖 + 𝑗) = STOP} where 𝑖 ∈ [1, |𝑟 |]. Let 𝑥 (resp., 𝑦) be the

frame index where the first 𝜎-consecutive interactions or premature stops of the ego vehicle
(resp., NPC vehicle) end: that is, 𝑥 = min(𝐼 ∪ 𝑆𝑒 ) and 𝑦 = min(𝐼 ∪ 𝑆𝑛) where 𝐼 = {𝑖 + (𝜎 − 1) |∧𝜎−1

𝑗=0 Inter(𝑟, 𝑖 + 𝑗) = ⃝★} and 𝑖 ∈ [1, |𝑟 |]. RefineR(𝑟 ) outputs the refined record 𝑟 ′ = (𝑟 ′𝑒 , 𝑟 ′𝑛) by

Proc. ACM Program. Lang., Vol. 10, No. OOPSLA1, Article 154. Publication date: April 2026.



Prunario: Testing Autonomous Driving Systems by Pruning Likely Redundant Scenarios 154:13

Table 1. Features for training speed-prediction models. ℎstart (resp., ℎend ) denotes the waypoint at which
the vehicle’s current horizontal driving pattern (↑,↰,↱) begins (resp., ends). 𝑣start (resp., 𝑣end ) denotes the
waypoint at which the vehicle’s current vertical driving pattern (→,↗,↘) begins (resp., ends).

ID Description

𝑓1 The average speed (in km/h) over at most the past 30 frames
𝑓2 The travel distance between start and cur

𝑓3 The remaining distance between cur and end

𝑓4 The travel distance between ℎstart and cur

𝑓5 The remaining distance between cur and ℎend
𝑓6 The travel distance between 𝑣start and cur

𝑓7 The remaining distance between cur and 𝑣end

removing all frame states in 𝑟𝑒 (resp., 𝑟𝑛) after frame 𝑥 (resp., 𝑦), where

𝑟 ′𝑒 =

{
𝑟𝑒 [1] · · · 𝑟𝑒 [𝑥] if 𝑥 ≠ ⊥
𝑟𝑒 if 𝑥 = ⊥ , 𝑟 ′𝑛 =

{
𝑟𝑛 [1] · · · 𝑟𝑛 [𝑦] if 𝑦 ≠ ⊥
𝑟𝑛 if 𝑦 = ⊥ ,

𝑟𝑒 [𝑎] = (wp𝑎𝑒 , spd𝑎𝑒 ) for 𝑎 ∈ [1, 𝑥], and 𝑟𝑛 [𝑏] = (wp𝑏𝑛, spd𝑏𝑛) for 𝑏 ∈ [1, 𝑦].

Example 3. Let 𝜎 = 2. Suppose neither the ego vehicle nor the NPC vehicle suddenly stops, but they

interact with each other during frames 6–8. Then, since 𝑆𝑒 = ∅, 𝑆𝑛 = ∅, and 𝐼 = {7, 8}, we have 𝑥 = 7
and 𝑦 = 7. As a result, RefineR(𝑟 ) = (𝑟 ′𝑒 , 𝑟 ′𝑛) where 𝑟 ′𝑒 = 𝑟𝑒 [1] · · · 𝑟𝑒 [7] and 𝑟 ′𝑛 = 𝑟𝑛 [1] · · · 𝑟𝑛 [7]. That
is, we discard the record data after frame 7.

Frame Features. Table 1 provides the features used to vectorize a vehicle’s driving status in
each frame. We describe the intuition behind how these features relate to predicting next-frame
speeds, thereby helping minimize the mean squared prediction error in (5).
• 𝑓1: It provides a baseline for prediction, helping prevent physically implausible speed fluctua-
tions.
• 𝑓2: As it increases, the vehicle tends to gently accelerate toward the destination.
• 𝑓3: As it gets closer to zero, the vehicle tends to gently decelerate to stop safely at the
destination.
• 𝑓4: As it increases (i.e., the vehicle gets farther from a heading-transition point ℎstart ), the
vehicle tends to gently accelerate, as ℎstart is virtually treated as a new starting waypoint.
• 𝑓5: As it gets closer to zero (i.e., the vehicle gets closer to the end of a heading-transition
point ℎend ), the vehicle tends to gently decelerate to turn safely at ℎend .
• 𝑓6: As it increases (i.e., the vehicle gets farther from a slope-transition point 𝑣start ), the vehicle
tends to gently accelerate, as 𝑣start is virtually treated as a new starting waypoint.
• 𝑓7: As it gets closer to zero (i.e., the vehicle gets closer to the end of a slope-transition point
𝑣end ), the vehicle tends to maintain its speed near 𝑣end , avoiding unnecessary changes.

3.2.2 Generating Driving Predictions. We detail lines 3 and 4 in Algorithm 2: simulation predictions
using learned models.

Prediction for Ego Vehicle. Algorithm 4 describes the procedure PredictEgo, which forecasts
the driving record of the ego vehicle. At line 1, we invoke the planner (e.g., Autoware’s planner [45])
of the ego vehicle’s ADS, in order to compute an expected route (a sequence of waypoints from
a starting point to an end point). We construct the first 𝑘 frame states (line 2) and initialize the
prediction with them (line 3). Here, 𝑘 stands for the number of idle frames during which the ego
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Algorithm 4 PredictEgo
Input: modelM, map map, ego vehicle’s specification (start, end)
Output: an individual prediction 𝑟𝑒
1: route← Planner(map, start, end)
2: (wp1, spd1) · · · (wp𝑘 , spd𝑘 ) ← (start, 0) · · · (start, 0)
3: 𝑟𝑒 ← (wp1, spd1) · · · (wp𝑘 , spd𝑘 ) ⊲ 𝑘 : # of idle frames
4: 𝑖 ← 𝑘 ⊲ 𝑖: frame number
5: while dist(wp𝑖 , end) ≥ 1 m do
6: if loop timeout then return 𝑟𝑒
7: Generate a feature vector ⟨𝑣1, · · · , 𝑣𝑚⟩ ⊲ Table 1
8: spd

𝑖+1 ← Clamp(𝑥, 0, spdmax) ⊲ 𝑥 =M(⟨𝑣1, · · · , 𝑣𝑚⟩)
9: 𝑑 ← spd

𝑖+spd𝑖+1
2 × 1

fps
⊲ 1

fps
: frame time

10: wp
𝑖+1 ← Next(wp𝑖 , 𝑑, route)

11: 𝑟𝑒 ← 𝑟𝑒 · (wp𝑖+1, spd𝑖+1)
12: 𝑖 ← 𝑖 + 1
13: return 𝑟𝑒

Algorithm 5 PredictNPC
Input: modelM, map map, required length 𝑙 , NPC vehicle’s specification (start, end,mode)
Output: an individual prediction for the NPC vehicle
1: if mode = auto then
2: 𝑟𝑛 ← PredictEgo(M,map, (start, end))
3: return Align(𝑟𝑛, 𝑙)
4: else if mode = immobile then
5: return (start, 0)𝑙

vehicle remains stationary before moving; we empirically set 𝑘 to 70 for Autoware [38]. At line
4, we set 𝑖 , the current frame number, to 𝑘 . We enter the while-loop (lines 5–12) that iteratively
extends the prediction. We skip line 6 for now and revisit it soon. We produce the feature vector
that encodes the current driving status (line 7). We calculate the speed in the next frame (line 8), by
predicting a speed 𝑥 with the learned model and clamping 𝑥 between 0 and spd

max . Specifically,
Clamp at line 8 bounds a predicted speed 𝑥 between 0 and spd

max : returns 0 if 𝑥 < 0, returns 𝑥 if
0 ≤ 𝑥 ≤ spd

max , returns spdmax if 𝑥 > spd
max . Here, spdmax is the predefined maximum speed of

vehicles; in the implementation, we set spdmax to 30 km/h, which is, for rigorous testing, higher than
the default value [19] (about 15 km/h) of the subject ADS [38]. At line 9, we compute a movement
distance 𝑑 (in meter) in frame 𝑖 . At line 10, Next determines the next waypoint wp𝑖+1 that is at a
distance of 𝑑 away from the current waypoint wp𝑖 along the planned route (Next will be explained
soon). We append the calculated frame state to 𝑟𝑒 (line 11) and update the frame number (line 12).
The while-loop repeats until one of the two conditions is met (lines 5-6). First, the algorithm

immediately returns the interim prediction result (𝑟𝑒 ) if the loop times out (line 6); in the imple-
mentation, the timeout is set to 5 seconds. Second, we exit the loop if the ego vehicle is expected to
successfully get close to the end point (line 5), and return the final prediction result (line 13).

Next(wp𝑖 , 𝑑, route) at line 10 outputs wp𝑖+1 through four steps. First, we select, from route, two
waypoints 𝑝 and 𝑞 that are closest to wp𝑖 . Second, we compute an interim waypoint wp′ located at
a distance of 𝑑 from wp

𝑖 , along the direction from 𝑝 to 𝑞: wp′ = wp
𝑖 + 𝑑 × 𝑞−𝑝

| |𝑞−𝑝 | | . Third, we select,
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from route, two waypoints 𝑝′ and 𝑞′ that are closest to wp′. Last, we interpolate around wp′ so that
the final waypoint wp𝑖+1 is located along the trace of route: wp𝑖+1 = 𝑛

𝑚+𝑛 × 𝑝
′ + 𝑚

𝑚+𝑛 × 𝑞
′ where

𝑚 = dist(wp′, 𝑝′) and 𝑛 = dist(wp′, 𝑞′).
Prediction for NPC Vehicle. Algorithm 5 presents the procedure PredictNPC to generate

an expected driving record for an NPC vehicle. The algorithm works differently depending on
the NPC vehicle’s driving mode. If mode = auto (line 1), we reinvoke PredictEgo to obtain an
interim result 𝑟𝑛 (line 2); when Algorithm 4 is executed in this context, we use the planner of
the NPC vehicle’s ADS (line 1) and a potentially different value of 𝑘 (lines 2–4), e.g., 𝑘 = 30 for
Behavior Agent [6]. Let us revisit Algorithm 5. At line 3, Align adjusts the length of 𝑟𝑛 to match 𝑙 :
returns 𝑟𝑛 [1] · · · 𝑟𝑛 [𝑙] if |𝑟𝑛 | > 𝑙 , returns 𝑟𝑛 · (wp |𝑟𝑛 | , 0)𝑙−|𝑟𝑛 | if |𝑟𝑛 | < 𝑙 , returns 𝑟𝑛 if |𝑟𝑛 | = 𝑙 . Here,
𝑟𝑛 [𝑖] = (wp𝑖𝑛, spd𝑖𝑛) for 𝑖 ∈ [1, 𝑙], and the notation (𝑎, 𝑏)𝑥 stands for the sequence of 𝑥-consecutive
(𝑎, 𝑏) pairs. Ifmode = immobile (line 4), we return the prediction that expresses a vehicle stationary
at the starting point (line 5).

3.2.3 Pruning with Prediction Results. Following the training dataset refinement step (line 2 in
Algorithm 3), our predictor aims to forecast driving records, up to the frames where the first
vehicle interactions or premature stops are expected to occur. To remove unreliable expected frame
states (i.e., the frame states after the first vehicle interactions or premature stops) from an interim
prediction result produced by Algorithm 2, we define RefineP. Based on partial prediction results
deemed reliable by RefineP, we can accurately detect potentially redundant scenarios.
From Section 3.2.1, recall that: 𝐼 is the set of frame indices where the vehicle interactions end,

and 𝑆𝑒 (resp., 𝑆𝑛) is the set of frame indices where the ego vehicle (resp., NPC vehicle) stops before
reaching destinations. Let 𝑧 be the frame index where the first (𝜎-consecutive) interactions or
premature stops are expected to end among all the vehicles: 𝑧 =min(𝐼 ∪ 𝑆𝑒 ∪ 𝑆𝑛). Let 𝑟 = (𝑟𝑒 , 𝑟𝑛) be
the interim driving prediction for a scenario 𝑠 . We define RefineP(𝑟 ) that outputs 𝑝 = (𝑝𝑒 , 𝑝𝑛):

𝑝𝑒 =

{
𝑟𝑒 [1] · · · 𝑟𝑒 [𝑧] if 𝑧 ≠ ⊥
𝑟𝑒 if 𝑧 = ⊥ , 𝑝𝑛 =

{
𝑟𝑛 [1] · · · 𝑟𝑛 [𝑧] if 𝑧 ≠ ⊥
𝑟𝑛 if 𝑧 = ⊥ ,

𝑟𝑒 [𝑖] = (wp𝑖𝑒 , spd𝑖𝑒 ), 𝑟𝑛 [𝑖] = (wp𝑖𝑛, spd𝑖𝑛), and 𝑖 ∈ [1, 𝑧]. That is, we discard unreliable expected
frame states after frame 𝑧.

Finally, we define LikelyRedundant (line 10 of Algorithm 1):
LikelyRedundant(𝑟, 𝑃) ⇐⇒ ∃(𝑠′, (𝑟 ′,−)) ∈ 𝑃 . (PatSeq ◦ RefineP) (𝑟 ) ⊑ PatSeq(𝑟 ′)

where the order (⊑) of driving pattern sequences is defined as follows: 𝜋1 · · · 𝜋𝑙 ⊑ 𝜋 ′1 · · · 𝜋 ′𝑚 ⇐⇒
𝑙 ≤ 𝑚 ∧ ∧

1≤ 𝑗≤𝑙 𝜋 𝑗 = 𝜋 ′𝑗 . That is, we say 𝑠 is likely redundant iff its predicted pattern sequence
(𝜋1 · · · 𝜋𝑙 ) matches the pattern sequence of some previously executed scenario 𝑠′, up to the reliable
expected frames in 𝑟 (i.e., up to the first few vehicle interactions or premature stops in 𝑟 ).

Example 4. Suppose 𝜋 = (PatSeq ◦ RefineP) (𝑟 ) = START · 𝑥 ·𝑦. Suppose further, for some 𝑟 ′ such
that (−, (𝑟 ′,−)) ∈ 𝑃 , we have 𝜋 ′ = PatSeq(𝑟 ′) = START ·𝑥 ·𝑦 ·𝑥 ·END. Then, LikelyRedundant(𝑟, 𝑃)
holds since 𝜋 ⊑ 𝜋 ′.

4 Implementation

Prunario is implemented in about 17K lines of Python code.
Extending Scenario Definition. Although Section 3 describes our approach based on simple

scenarios with a single ego vehicle and a single NPC vehicle, our implementation supports more
complex scenarios with richer data fields, comparable to those of state-of-the-art ADS testing
tools [61, 72, 92, 97]. Figure 4 shows example scenarios supported by Prunario tool. Multiple
NPC objects (vehicles and walkers; lines 8–33) can appear in a single scenario, and more detailed
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1 {
2 "map": "Town03",
3 "spec_e": {
4 (-)"start": { "x": 7.1, "y": -5.4, "z": 0.2, "pitch": 0.0, "yaw": 90.0 },
5 (+)"start": { "x": 7.1, "y": -2.3, "z": 0.2, "pitch": 0.0, "yaw": 90.0 }, // Mutation: Path -aligned shift
6 "end": { "x": 410.0, "y": 9.8, "z": 0.2, "pitch": 0.0, "yaw": 0.9 }
7 },
8 "spec_n": {
9 "vehicles": [
10 {
11 "mode": "auto",
12 "type": "truck",
13 "start": { "x": -26.0, "y": 134.7, "z": 0.2, "pitch": 0.0, "yaw": -1.3 },
14 "end": { "x": 6.0, "y": 207.5, "z": 0.2, "pitch": 0.0, "yaw": -0.1 }
15 },
16 (+) { // Mutation: Add a new NPC vehicle
17 (+) "mode": "linear",
18 (+) "type": "sedan",
19 (+) "start": { "x": -113.0, "y": 3.7, "z": 0.2, "pitch": 0.0, "yaw": 0.0 },
20 (+) "end": { "x": -13.0, "y": 3.7, "z": 0.2, "pitch": 0.0, "yaw": 0.0 },
21 (+) "speed": 5.3
22 (+) }
23 ],
24 "walkers": [
25 {
26 "mode": "immobile",
27 (-) "type": "woman",
28 (+) "type": "boy", // Mutation: Change the type of an existing NPC walker
29 "start": { "x": 65.5, "y": 7.8, "z": 0.2, "pitch": 0.0, "yaw": 4.0 },
30 "end": { "x": 85.5, "y": 9.2, "z": 0.2, "pitch": 0.0, "yaw": 4.0 }
31 }
32 ]
33 },
34 "puddles": [
35 { "level": 0.4, "x": 49.9, "y": -7.8, "size_x": 479.4, "size_y": 425.1 },
36 (+){ "level": 0.5, "x": 37.9, "y": 6.5, "size_x": 513.4, "size_y": 511.6 } // Mutation: Add a new puddle
37 ],
38 "weather": {
39 "cloudiness": 10.9, "precipitation": 9.0, "precipitation_deposits": 33.1,
40 (-)"wind_intensity": 31.8,
41 (+)"wind_intensity": 75.9, // Mutation: Change wind_intensity
42 "fog_density": 37.1, "wetness": 7.6, "dust_storm": 1.2
43 },
44 "time": {
45 (-)"sun_azimuth_angle": 253.5, "sun_altitude_angle": 60.0
46 (+)"sun_azimuth_angle": 253.5, "sun_altitude_angle": 173.2 // Mutation: Change sun_altitude_angle
47 }
48 }

Fig. 4. Example scenario and its mutant produced by Prunario. (-) and (+) indicate the modifications made
by the mutation operators.

attributes can be specified: types of NPC vehicles (sedan, van, truck, bicycle, motorcycle; lines 12
and 18) and NPC walkers (boy, girl, man, woman; lines 27–28), and driving environments such as
puddles (friction levels of the road; lines 34–37), weather (lines 38–43), and time (lines 44–47). The
extended definition also supports one additional driving mode linearspd (line 17), where the NPC
object moves along the shortest straight-line route from start𝑛 to end𝑛 at a constant speed (spd).

Extending Methodology. In line with the expanded definition of scenarios, our implementation
extends the mutation operators in Section 3. For example, as shown in Figure 4, we either introduce
new objects (lines 16–22, and 36) or modify values of various fields (lines 5, 28, 41, and 46). We also
ensure that, for the resulting mutant scenarios, the planned routes [45] between the ego vehicle
and every NPC object overlap to increase the likelihood of interactions and violation detection.

Our implementation also extends other technical components in Section 3. For instance, Inter
(Section 3.1.1) distinguishes the ego vehicle’s interactions with NPC vehicles and NPC walkers.
Also, while Inter (Section 3.1.1) and 𝐹𝑡 (Section 3.1.2) rely on the time-to-collision (TTC) [69]

Proc. ACM Program. Lang., Vol. 10, No. OOPSLA1, Article 154. Publication date: April 2026.



Prunario: Testing Autonomous Driving Systems by Pruning Likely Redundant Scenarios 154:17

between the two vehicles (an ego vehicle and a single NPC vehicle), we use the minimum TTC
between an ego vehicle and every NPC object in the implementation.
Preventing Nonsensical Scenarios. Prunario generates only valid scenarios, in which (1)

objects move along lanes (vehicles and walkers) or sidewalks (walkers only), and (2) objects are
placed on waypoints without overlapping at the start. The constraint (1) is enforced because
Mutate (Section 3.1) samples new waypoints only from the valid waypoints (VW). To enforce the
constraint (2), Mutate repeatedly discards mutant scenarios with overlapping starting waypoints
and resamples until a scenario with no initial overlap is obtained. We empirically confirmed that
Prunario does not generate any nonsensical scenarios.
Test Oracles. Prunario tool detects four kinds of critical violations commonly addressed in

prior research [55, 56, 61, 63, 72, 92, 97]: collision (with NPC objects or static obstacles), stalling
(stuck before reaching its destination), lane invasion (crossing lane boundaries), and speeding. We
detect collision and lane invasion using violation sensors [34, 35] of CARLA [31]. We flag stalling
if an ego vehicle drives slower than 1 km/h for 20 seconds. We report speeding if an ego vehicle
exceeds 110% of the preset maximum speed (spdmax = 30 km/h).

5 Evaluation

This section aims to answer the three research questions:
• §5.1: How does Prunario compare to the state-of-the-art fuzzers in violation detection?
• §5.2: How crucial is simulation prediction for enhancing the performance of Prunario?
• §5.3: How effective is Prunario at discovering new bugs in industrial-strength ADS?

Test Subject ADS. We focused on testing Autoware [38], a popular ADS that has practical appli-
cations [1, 2] and has been actively maintained by Tier IV. In particular, we targeted Autoware Uni-
verse [4] (hereafter Autoware); it is a development branch of Autoware project, which is created for
implementing experimental and new features to extend a stable branch (Autoware Core [3]). To run
Autoware in a simulation environment, we used CARLA [31], a high-fidelity open-source simulator
that supports integration with recent versions [26–30] of Autoware. For data communications
between Autoware and CARLA, we used different bridge implementations [9, 10], depending on the
versions of Autoware. Following the implementations [20, 21] of prior ADS testing work [72, 92]
that used CARLA, we set the frame time (1/fps) to 0.05 seconds.

We could not test Apollo [5], another popular ADS developed from Baidu, as we were unable to
reliably run its latest versions (v. 8.0 and 9.0) with CARLA; Specifically, Apollo exhibited unstable
steering in nearly all executions, leading to frequent lane invasions. Similar issues have been
reported in a recent paper [61].

5.1 Comparison with Existing Tools

5.1.1 Setup. We used Autoware [38] at commit 4a3de49 [26] (Dec. 2024), and CARLA v. 0.9.15.
Tools for Comparison.We selected three recent ADS testing techniques whose implementations

use CARLA: ScenarioFuzz [92], DriveFuzz [72], and SAMOTA [61]. We used their latest imple-
mentations [16–18]. These three tools support detecting the four kinds of violations covered by
Prunario; collision, stalling, and lane invasion can be detected by all three fuzzers, and speeding
is supported by all but SAMOTA. We ran the three fuzzers with default options. We could not
consider techniques [56, 64, 86] that use the LGSVL [82] simulator, as LGSVL does not support
simulating the recent versions (including 4a3de49) of Autoware.
DriveFuzz [72] is a feedback-driven (similar to Section 3.1.2) fuzzer. Unlike DriveFuzz and

Prunario, ScenarioFuzz [92] focuses on testing particular regions (e.g., T-shaped intersections) to
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increase interactions among vehicles. SAMOTA [61] is a surrogate-model based fuzzer that predicts
the fitness scores (similar to risk score in Section 3.1.2) of candidate scenarios, and based on the
scores, selects scenarios likely to trigger violations.

Directly executing SAMOTA [16] on our target ADS (Autoware 4a3de49) was not possible, due
to its dependency on the previous version (v. 0.9.10.1) of CARLA related to scenario-mutation
strategies (removing buildings or trees in a simulation map). Thus, we modified the code for
compatibility with CARLA v. 0.9.15.
Simulation Maps. We evaluated the fuzzers on four different maps supported by CARLA:

Town01 [39], Town03 [40], Town04 [41], and Town05 [42]. These maps have been used to evaluate
the three competing techniques [61, 72, 92]. Since Prunario does not target traffic light violations
(Section 6), we configured all traffic lights in the CARLA-supported maps to stay green, so as to
ensure fairness (i.e., to prevent the competing tools from detecting such violations).
Initial Seed Scenarios. To run Prunario, we randomly generated 20 violation-free scenarios

without NPC objects (per map), and implemented a routine that runs Algorithm 1 for each input
scenario in sequence (though only onewas actually used permap, as the seed pool,𝑊 in Algorithm 1,
remained non-empty). For ScenarioFuzz [92], we provided the seeds generated by itself (using map
crawling [92]) at a separate time: 5 for Town01, 10 for Town03, 14 for Town04, and 20 for Town05.
For DriveFuzz [72], we supplied the same seeds generated by us (i.e., 20 seeds per map), which
were sufficient to keep the seed pool non-empty during the testing. For each map, we configured
DriveFuzz to use the scenario employed by Prunario as the first input seed (i.e., we tried to
provide opportunities to detect violations found by Prunario). We ran SAMOTA [61] without
external input seeds, as it generates seeds internally.

Hardware. All experiments were conducted on two machines with four GPUs in total. One has
an Intel i9-10900KF with 64GB RAM and 2 GPUs (NVIDIA GeForce RTX 2070 SUPER with 8GB
VRAM and Quadro RTX 6000 with 24GB VRAM). The other has an AMD Ryzen Threadripper PRO
5975WX 32-Core Processor with 256GB RAM, and 2 RTX 4090 GPUs with 24GB VRAM for each.
Testing Budget. For each of the three fuzzers (Prunario, ScenarioFuzz [92], DriveFuzz [72]),

we experimented for 8 hours, by assigning one GPU per map (i.e., an experiment for each map is
done simultaneously using 4 GPUs). As an exception, we invoked SAMOTA [61] concurrently on 4
GPUs without per-map GPU assignment, since it internally switches simulation maps (Town 01,
03, 05) during a single invocation. We repeated each tool experiment 3 times to account for the
randomness of the fuzzers, resulting in 24 hours of testing time and 12 invocations per fuzzer.

5.1.2 Results. The results are shown in Table 2 and 3.
Overall Violation-Detection Results. Table 2 compares the overall violation-detection capa-

bilities. The column Sum reports the aggregated number of violations (i.e., violation-triggering
scenarios) found by each fuzzer across all four maps. To account for redundancy among violation-
triggering scenarios, the column Dedup provides the aggregated results over the four maps after
automatically deduplicating the violations in terms of their associated driving pattern sequences
(Section 3.1.1). We omit speeding detection results in Table 2, as no tools reported speeding viola-
tions in our experiments. We also note that, Table 2 shows the numbers after manually discarding
false positives (i.e., violations for which the ego vehicle is not responsible). Concretely, through
our careful manual investigations of all the log files generated by the fuzzers, we identified four
false positive cases: (1) collision due to an NPC rushing to the ego vehicle, (2) stalling due to a
stationary NPC blocking the ego vehicle (when lane changes are not possible), (3) trivial stalling
occurred at the ego vehicle’s starting point (considered false positives due to poor reproducibility),
(4) sliding of the ego vehicle even in the absence of puddles, caused by an unresolved issue [7] in
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Table 2. Violation detection results for Autoware (commit ID: 4a3de49 [26]). C, S, L: the number of collisions,
stalling violations, and lane invasions detected by each fuzzer. Sum: the total number of violations across the
four maps. Dedup: the number of unique violations in terms of driving pattern sequences (i.e., the number of
unique pattern sequences that led to violations). 𝐴12: Vargha-Delaney effect size [91] comparing Prunario vs.
each fuzzer. 𝑝-value: computed using the Mann-Whitney U test [78] comparing Prunario vs. each fuzzer.

Fuzzer
Town01 Town03 Town04 Town05 Aggregated Statistical Tests

C S L C S L C S L C S L Sum Dedup 𝐴12 𝑝-value

Prunario 15 11 0 12 14 6 31 1 0 17 4 0 111 73 n/a n/a
ScenarioFuzz [92] 0 0 0 9 5 0 21 6 1 7 9 0 58 23 0.9653 0.0001
DriveFuzz [72] 1 0 0 4 0 0 0 0 0 1 1 0 7 7 1.0000 0.0000
SAMOTA [61] 0 0 0 0 0 0 n/a n/a n/a 0 0 0 0 0 1.0000 0.0000

CARLA simulator. To filter out these false positives, we manually inspected all log files, particularly
the simulation video recordings. Cases (1)–(3) were straightforward to identify by reviewing a
few seconds of video around the reported violation timestamps. For case (4), we checked whether
similar sliding behavior occurred under dry-road conditions. In cases where the classification was
uncertain, the initial labeling was cross-validated by the second author, and any disagreement was
resolved through discussion until consensus was reached. The total number of false positives is as
follows: Prunario (77), ScenarioFuzz (143), DriveFuzz (22), SAMOTA (18).
Table 2 shows that Prunario outperforms the three fuzzers in terms of violation-detection

counts. For example, Prunario surpassed ScenarioFuzz, the current state-of-the-art in ADS testing,
in both total violation counts (111 vs. 58) and unique violation counts (73 vs. 23). The results also
show that Prunario is particularly effective in detecting collision that is arguably the most critical
type of violation, consistently generating more violation-triggering scenarios across all four maps.
Statistical Analysis. For a more rigorous comparison under the randomness of the fuzzers,

we conducted statistical tests [47] using effect size [91] (stochastic superiority) and 𝑝-value [78]
(statistical significance), based on the per-run unique violation counts (Dedup) from all 12 runs.
The effect size, denoted𝐴12 [91], represents the probability that Prunario (Technique 1) finds more
unique violations than a compared fuzzer (Technique 2). The 𝑝-value denotes the probability that
the observed difference in unique violation counts occurs by chance. Thus, as 𝑝-value is smaller, we
have a stronger evidence that Prunario surpasses the baseline tool. Following the experimental
setup in SAMOTA [61], we used an adjusted significance level 𝛼 = 𝛼 ′/𝑁 by applying Bonferroni
correction [93], where 𝛼 ′ = 0.05 is a typical threshold [47] and 𝑁 = 3 is the number of comparisons.
Under this setting, a difference is considered statistically significant if 𝑝-value < 𝛼 (≈ 0.0167).
The statistical tests in Table 2 indicate that Prunario outperforms the compared fuzzers with

large effect sizes (𝐴12) and statistically significant differences (𝑝-value). The effect size against
SAMOTA and DriveFuzz is 1.0, indicating that a randomly chosen Prunario run always de-
tects more violations than the baselines. The effect size against ScenarioFuzz is 0.9653, where
0.71 is considered a large effect size [61]. The 𝑝-values further confirm that the improvement of
Prunario against the three fuzzers is statistically significant, consistently lower than 𝛼 (≈ 0.0167).
Testing Efficiency. Table 3 compares the testing efficiency using two metrics: unique scenario

ratio (UniqSExecS ) and unique simulation-time ratio (UniqTExecT ). For each tool, the four columns (ExecS, UniqS,
ExecT, UniqT) report the numbers averaged over 12 executions (4 runs × 3 repetitions). ExecT
and UniqT report the pure simulation time, excluding time spent on all other tasks (e.g., logging,
waiting for the activation of Autoware’s modules in each simulation).
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Table 3. Comparison on testing efficiency. ExecS: # of executed scenarios. UniqS: # of unique scenarios out of
the executed ones. ExecT: the wall-clock time spent on executing scenarios. UniqT: the wall-clock time spent
on executing unique scenarios. All numbers averaged over 12 runs.

Fuzzer ExecS UniqS UniqS
ExecS ExecT UniqT UniqT

ExecT

Prunario 48.7 23.4 48.1 % 256 m 115 m 44.8 %
ScenarioFuzz [92] 127.5 10.6 8.3 % 125 m 18 m 14.5 %
DriveFuzz [72] 65.4 5.1 7.8 % 271 m 19 m 7.2 %
SAMOTA [61] 93.9 4.7 5 % 133 m 8 m 5.7 %

The results confirm our claim in Section 1 on the competing tools; the three existing techniques fall
short of efficiently diversifying test scenarios. For example, ScenarioFuzz [92], the best competitor
in Table 2, recorded a very low testing efficiency of 8.3% in terms of unique scenario ratio, i.e.,
91.7% of the executed scenarios were redundant with respect to other tested scenarios. By contrast,
Prunario achieved a far better testing efficiency of 48.1%. Based on these results, we conclude that
Prunario’s superior violation-finding ability largely lies in its competitive testing efficiency.
Simulation Prediction Overhead. The cost of simulation prediction was almost negligible

compared to that of physical simulation [31]. While the average simulation time (per scenario) of
Prunario was 315.5 sec, the average simulation-prediction time was 6.4 sec, in addition to 6.2 sec
for learning (Algorithm 3).

Simulation Prediction Accuracy. We also evaluated prediction accuracy by comparing each
predicted record with its corresponding actual record, both logged during fuzzing. The predicted
and actual records can have different lengths–for example, the actual record can be shorter when
the simulation terminates early due to a violation–so we aligned each pair of predicted and actual
records by truncating the longer record to the length of the shorter one. Across 12 runs, the average
numbers of aligned data points were 60,338 for the ego vehicle and 145,130 for the NPC vehicles.

The resulting mean absolute error, computed over all aligned data points across 12 runs, was 2.1
km/h (≈ 0.58 m/s) for the ego vehicle and 1.4 km/h (≈ 0.39 m/s) for NPC vehicles, suggesting that
the predictor yields reasonably accurate estimates.

5.2 Importance of Our Pruning

Setup. To evaluate the significance of simulation prediction-based pruning (Section 3.2), we
developed two variants of Prunario: Basic and Field. Basic refers to the basic algorithm (Section 3.1)
without static pruning. Field extends Basic by performing static pruning based on scenario-field
similarity, as in prior work [75, 86, 97]. We implemented Field by redefining LikelyRedundant (line
10 in Algorithm 1) as follows:

LikelyRedundant(𝑠, 𝑃) ⇐⇒ ∃(𝑠′, (−,−)) ∈ 𝑃 . |{𝑓 ∈ F(𝑠) ∪ F(𝑠
′) | Similar(𝑓 , 𝑠, 𝑠′)}|

|F(𝑠) ∪ F(𝑠′) | ≥ 𝑡ℎ1

Intuitively, 𝑠 is considered likely redundant iff there exists a previously executed scenario 𝑠′ with a
large number of similar field-values. Here, F(𝑠) and F(𝑠′) return the sets of all flattened field names
in 𝑠 and 𝑠′: for example, F(𝑠) includes spec_n.vehicle1.mode that represents the field at line 11
in Figure 4. Let us write 𝑣 and 𝑣 ′ to denote the values for the field 𝑓 in 𝑠 and 𝑠′. Similar(𝑓 , 𝑠, 𝑠′)
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Fig. 5. Comparison on violation detection of Prunario and its variants.

Table 4. Comparison on testing efficiency of Prunario and its variants (same column definitions as in Table 3).

Fuzzer ExecS UniqS UniqS
ExecS ExecT UniqT UniqT

ExecT

Prunario 48.7 23.4 48.1 % 256 m 115 m 44.8 %
Field 45.3 19.0 41.9 % 245 m 98 m 39.8 %
Basic 57.4 18.2 31.6 % 301 m 90 m 30.0 %

computes the similarity by comparing the values for the field 𝑓 in each scenario:

Similar(𝑓 , 𝑠, 𝑠′) =


false if 𝑣 = ⊥ or 𝑣 ′ = ⊥
|𝑣−𝑣′ |

Range(𝑓 ) ≤ 𝑡ℎ2 if 𝑣 and 𝑣 ′ are real numbers
𝑣 = 𝑣 ′ otherwise

where Range(𝑓 ) is a field-specific normalization factor: for instance, if 𝑓 = spec_e.start.x (i.e.,
the x-coordinate of the ego vehicle’s starting point), Range(𝑓 ) denotes the size of the map along
the x-axis. Following AutoFuzz [97], we set the thresholds 𝑡ℎ1 and 𝑡ℎ2 to 0.9 and 0.5, respectively.
We ran the two variants under the same experimental setup (Section 5.1.1) as Prunario. We

then created the cactus plots (Figure 5) to compare the number of detected violations (y-axis) over
the cumulative testing time (x-axis), aggregated every 30 minutes across 12 runs. We excluded false
positives from the violation counts as in Table 2.

Results. Figure 5 shows that our pruning is critical for enhancing the violation-finding ability of
Prunario. Compared to Basic, Prunario detects twice as many violations (111 vs. 56). This is a
notable improvement given that Basic itself is not a trivial approach; it adopts two optimizations
(Section 3.1.1, 3.1.2) from prior work, and also performs mutations to increase vehicle interactions
(Section 3.1, 4). By contrast, Field was far less effective, detecting only 87 violations in total. After
deduplicating violations by driving-pattern sequences, Field and Basic yield 50 and 41 unique
violations, respectively, whereas Prunario identifies 73 unique violations (Table 2). In addition,
Table 4 demonstrates the effectiveness of our pruning in improving testing efficiency.

The statistical tests further confirms that our pruning is overall beneficial. Against Basic, the
effect size [91] is 0.9132 and the 𝑝-value [78] is 0.0006, which is lower than the adjusted significance
level 𝛼 = 𝛼 ′

2 (≈ 0.025) (Section 5.1.2). Against Field, the effect size is 0.7812 (considered large [61]),
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and the 𝑝-value [78] is 0.0198 (< 𝛼). These consistently large effect sizes and statistically significant
𝑝-values provide evidence that our pruning yields a reliable performance improvement.

Precision and Recall of Pruning. To analyze why Prunario detected more violations com-
pared to Field, we compared their precision (= |CorrectlyPruned ||Pruned | ) and recall (= |CorrectlyPruned ||Redundant | ). Here,
Redundant, Pruned and CorrectlyPruned refer to the sets of redundant, pruned, and correctly
pruned (i.e., CorrectlyPruned = Redundant ∩ Pruned) scenarios. For this evaluation, we first built
a ground-truth dataset from Basic’s execution log, assigning each scenario a label: “redundant” or
“unique”.We then applied each pruningmethod to the dataset following the scenario execution order
in Basic’s run. When assessing Prunario, we averaged the results over three independent runs to
account for the randomness in its prediction models (random forest regressors; Section 3.2.1).
The precision and recall are: Prunario (73.1%, 70.0%) and Field (61.3%, 59.5%). These statistics

align with the results in Figure 5 and the motivating example in Section 2. Existing static pruning
(Field) has lower precision than Prunario and therefore may incorrectly prune scenarios that lead
to violations. Prunario mitigates this issue using simulation prediction for precise pruning.

Discussion. Recall that Prunario performs pruning based on predictions up to the first interac-
tions or premature stops (Section 3.2.3). We found that this design choice does not significantly
harm Prunario’s practicality. On average, out of 164 pruned scenarios where both predictions
and records involve interactions or sudden stops, only 13 (7.9%) were incorrectly pruned (i.e., the
records for 13 scenarios exhibited distinct driving patterns after interactions or sudden stops).

5.3 Discovering New Bugs

Prunario was also effective at discovering previously unknown bugs in industrial ADS. During the
development and evaluation of Prunario (from December 2023 to March 2025), we successfully
found several new bugs (i.e., module-level malfunctions that lead to observed violations) in the
following versions of Autoware: f6b14ec [30] (July 2023), eeed846 [29] (Jan. 2024), 7877192 [28]
(May 2024), 4a3de49 [26] (Dec. 2024), and 75549a6 (Jan. 2025) [27].

Bug-Reporting Process. To minimize the burden on the Autoware developers, we avoided
reporting duplicated issues, by carefully investigating the module-level causes of violations discov-
ered by Prunario. Following the prior work [72], we replayed the violation-triggering scenarios,
and manually inspected their log files to see whether each module of Autoware emitted proper
commands or accurately interpreted data from other components. After identifying faulty modules
in each driving situation, we checked whether similar issues had been reported already on the
GitHub repository [4], and reported issues only when we were confident that they are distinct.

Statistics on Newly Discovered Bugs. In Table 5, we summarize the newly discovered bugs. In
summary, we reported 23 new bugs, of which 20 are currently confirmed by Autoware developers. 7
bugs (30%) were triggered by collision, the most serious type of violation, demonstrating the ability
to detect critical errors. Furthermore, Prunario discovered bugs in the different modules, showing
its advantage as a system-level testing technique over module-level approaches [81, 90, 96, 98].
Specifically, the developers identified faulty modules for 13 bugs: localization (3), perception (2),
planning (4), and control (4). We introduce two bugs, each caused by a fault in a different module.
Case Study 1: Fault in Controller. As depicted in Figure 6a, the ego vehicle recognized the

NPC vehicle stopped downhill and thus began to slow down. However, the ego vehicle eventually
ended up colliding with the NPC vehicle. This issue was caused by a defect in the control module;
since the downhill slope was steeper than the maximum slope considered in the controller, the ego
vehicle did not apply the brakes sufficiently.
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Table 5. The bugs (module-level malfunctions that lead to observed violations) in Autoware [26–30] found by
Prunario. Type: violation type (“Invasion” indicates lane invasion). ACK: whether the bug is confirmed by
developers or not (✓ if confirmed). Module: the name of the faulty module associated with the violation
(identified by Autoware developers (1–4, 9–11, 13, 14, 16, 17, 19, 20) or determined by the authors through
manual inspection of execution logs (the rest)). Description: the context and cause of the violation.

ID Commit Module Type Description ACK

1 f6b14ec Control Collision Produces insufficient brake on a downhill. ✓

2 eeed846 Localization Stalling Miscalculates the ego vehicle’s position while turning. ✓
3 eeed846 Localization Stalling Fails to estimate the ego vehicle’s position on a slippery surface. ✓
4 eeed846 Planning Stalling The generated trajectory overlaps the curb at a sharp corner. ✓
5 eeed846 Planning Collision Perceives the NPC vehicle but does not yield while crossing the intersection.
6 eeed846 Planning Stalling Fails to generate a lane-change trajectory to pass a stopped NPC ahead. ✓
7 eeed846 Planning Stalling A submodule in the planning module crashes while turning the corner. ✓
8 eeed846 Control Stalling Fails to resume driving after stopping at a downhill slope. ✓
9 eeed846 Control Collision Over-accelerates on low-friction surface and fails to decelerate in time. ✓

10 7877192 Perception Collision Late detection of a small obstacle leads to failure in stopping in time. ✓
11 7877192 Planning Stalling Generates a straight trajectory instead of the required lane change. ✓
12 7877192 Control Stalling Fails to accelerate after yielding to the NPC vehicle at the intersection.
13 4a3de49 Localization Stalling Halts unnecessarily due to a localization error at roundabout. ✓
14 4a3de49 Perception Stalling Misclassifies a non-blocking object as an obstacle ahead. ✓
15 4a3de49 Perception Collision Fails to consistently detect a small obstacle in front. ✓
16 4a3de49 Planning Collision Generates trajectory ignoring the slowly approaching NPC vehicle. ✓
17 4a3de49 Planning Stalling Incorrectly calculates a drivable area ahead as non-drivable at a corner. ✓
18 4a3de49 Planning Collision Fails to yield at the roundabout despite knowing the NPC’s expected path. ✓
19 4a3de49 Control Stalling Underestimates required acceleration for uphill. ✓
20 4a3de49 Control Stalling Continues braking and fails to accelerate near the destination. ✓
21 4a3de49 Control Stalling Fails to accelerate despite the obstacle ahead having cleared. ✓
22 4a3de49 Control Stalling Erroneously keeps braking at downhill when initialized near the slope start.
23 75549a6 Planning Invasion Produces an invalid backward plan instead of a valid forward route. ✓
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(a) A fault in the control module of Autoware [4, 38].
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(b) A fault in the localization module of Autoware [4, 38].

Fig. 6. Visualization of the two bugs found by Prunario.
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Case Study 2: Fault in Localizer. As shown in Figure 6b, the ego vehicle suddenly stalled after
sliding through a low-friction region, even though it was in a position to continue driving. This
issue occurred due to a fault in the localization module. Specifically, the localizer malfunctioned
during the sliding, leading to a discrepancy between the ego vehicle’s actual position and the
position estimated by the localizer. As a result, the ego vehicle’s ADS incorrectly judged that the
ego vehicle crossed into the opposite lane where it cannot continue driving.

6 Limitations and Future Work

We discuss future work based on the limitations of this work.
Generality Across Target ADS. Our evaluation focused on Autoware [38]. The effectiveness of

Prunario on other ADS, particularly Apollo [5], remains to be seen. We are continually working
to reliably execute the latest version of Apollo (Section 5.1.1).

However, Prunario cannot be directly applied to some ADS that do not provide explicit planning
modules (e.g., DAVE-2 [53]) or that are closed-source systems. This is because Prunario is a gray-
box approach that, for simulation prediction, relies on internal information (i.e., the vehicles’
expected trajectories; refer to line 1 of Algorithm 4) provided by the ADS’s planning module [45].
By contrast, the approaches (ScenarioFuzz [92], DriveFuzz [72], and SAMOTA [61]) considered in
the comparison experiments can be used to test such ADS, because they are black-box methods
that do not require access to internal planning information. Since the underlying assumptions
regarding access to planners differ, the comparison in Section 5.1 is not a strictly fair evaluation;
rather, the results should be interpreted as illustrating that simulation prediction, enabled by access
to planning information, can help improve testing effectiveness.

Enhancing Simulation Prediction. We analyzed the causes of Prunario’s failures–averaging
209.3 cases (unsafe or missed pruning) across three repetitions from the study in Section 5.2.

(1) Slight discrepancies between predicted and actual pattern sequences in cornering sections
(18%): Such deviations may result in unsafe or missed pruning.

(2) Simulation prediction errors for the presence or absence of interactions (25%): These errors
can also lead to unsafe or missed pruning.

(3) Incomplete predictions due to the timeout at line 6 of Algorithm 4 (7%): These situations occur
when our predictor underestimates agents’ speeds, preventing full prediction generation and
possibly leading to unsafe pruning.

(4) Incomplete predictions limited to the first interactions or premature stops (6%): These can
also result in unsafe pruning.

(5) Nondeterministic behavior of ADS (44%): Scenarios pruned by Prunario may unexpectedly
exhibit unforeseen premature stops or violations even while the simulation proceeds as
predicted, due to the inherent nondeterminism of ADS.

We expect that 32% of the failures, corresponding to (2) and (3), could be fixed solely by improving
the speed-prediction models (e.g., mitigating autoregressive error accumulation via scheduled
sampling [50]). This enhancement could increase precision and recall up to 77.5% and 82.1%,
respectively, suggesting that developing more accurate models is a promising research direction.

Supporting Other Violation Types. We plan to extend our approach to support other types of
violations not covered in this work. For example, to effectively detect traffic light violations, we
aim to enhance simulation prediction to consider traffic lights, once the traffic light recognition
issue [11] in CARLA-supported maps is resolved. Specifically, it would be possible to predict
whether an ego vehicle will slow down or not before reaching a traffic light, by calculating the
remaining time before it turns red.
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Measuring Violation Uniqueness.We used the driving-pattern-based scenario-deduplication
both in Prunario and in the evaluation to count unique violations (Dedup in Table 2). This is
because, unlike scenario-deduplication approaches based on field-values [61, 97], our deduplication
can identify redundancy at the behavior level during scenario execution by abstracting away
superficial differences in scenario specifications (i.e., field-values). For example, while field-value-
based deduplication would treat two scenarios that differ only by an additional non-interacting
NPC vehicle as distinct, our approach considers one scenario redundant with respect to the other if
the ego vehicle exhibits equivalent driving patterns.

However, since scenario-diversity can be defined in different ways, the unique violation counts
in Table 2 should be interpreted under our behavior-level diversity, rather than as a comprehensive
comparison across all possible diversity definitions. Defining the notion of violation uniqueness
remains an open challenge and an interesting direction for future work.

7 Related Work

Testing ADS. Prunario is distinctive over existing ADS testing approaches [48, 49, 51, 55, 56, 61–
64, 72–75, 80, 86–89, 92, 97, 99], in that it proposes a novel technique called simulation prediction,
which statically analyzes scenarios’ runtime behavior to efficiently detect and prune redundant
scenarios. Several existing techniques attempted to reduce redundant scenarios, either through
dynamic execution [56, 62, 73, 89] or simple static approaches based on field-similarity [75, 86, 97].
However, as discussed in Section 2.1, they are unable to remove initial redundant scenarios [56, 62,
73, 89] or prone to incorrect pruning [75, 86, 97]. The main goal of this paper is to address these
limitations with a novel simulation predictor.

There are also other useful testing techniques for ADS, which are complementary to Prunario.
For example, on top of prior work for prioritizing scenarios likely to trigger violations [48, 49, 51,
55, 61, 63, 64, 72, 74, 92, 99], we can design a more sophisticated feedback function (Section 3.1.2)
to further enhance the bug-finding ability of Prunario. As other examples, liability analysis
techniques [77], causality analysis technique [83], root cause analysis technique [58], and test re-
duction techniques [52, 57] can help reduce our manual effort required for false-positive elimination
(Section 5.1.2) and bug-reporting (Section 5.3), respectively.

Testing Other Systems. Fuzzing has proven to be an effective method for validating the safety
of complex systems, including OS kernels [59, 65], cloud systems [60, 85], database management
systems (DBMS) [67, 68], compilers [66, 95], and SMT solvers [70, 84, 94]. Although these techniques
have been effective for their respective systems, they are not directly applicable to validating ADS.
For example, Jiang and Su [68] propose a technique for generating SQL queries to test DBMS, which
are not suitable inputs of ADS testing.

8 Conclusion

Improving testing efficiency remains a significant challenge in ADS testing due to the high cost of
executing test scenarios in physical simulators. To address this challenge, we presented Prunario,
a novel technique to accelerate ADS testing by statically predicting scenario’s runtime behavior
without invoking physical simulators. Leveraging this simulation prediction capability, Prunario
effectively prunes scenarios likely to produce redundant driving behaviors. We demonstrated its
effectiveness through comprehensive evaluations: Prunario uncovered 23 new bugs in Autoware,
an industrial-strength ADS, and outperformed state-of-the-art ADS testing tools.
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