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Abstract

We present a methodology for estimating collision risk from
counterfactual simulated scenarios built on sensor data
from automated driving systems (ADS) or naturalistic driv-
ing databases. Two-agent conflicts are assessed by de-
tecting and classifying conflict type, identifying the agents’
roles (initiator or responder), identifying the point of re-
action of the responder, and modeling their human behav-
ioral expectations as probabilistic counterfactual trajecto-
ries. The states are used to compute velocity differentials
at collision, which when combined with crash models, es-
timates severity of loss in terms of probabilistic injury or
property damage henceforth called fractional collisions.
The probabilistic models may also be extended to include
other uncertainties associated with the simulation, features,
and agents. We verify the effectiveness of the methodology
in a synthetic simulation environment using reconstructed
trajectories from 300+ collision and near-collision scenes
sourced from VITI SHRP2 database and Nexar dashboard
camera data. Our methodology predicted fractional col-
lisions within 1% of ground truth collisions. We evaluate
agent-initiated collision risk of an arbitrary ADS software
release by replacing the naturalistic responder in these syn-
thetic reconstructions with an ADS simulator and compar-
ing the outcome to human-response outcomes. Our ADS
showed reduced the naturalistic collisions by 4x and frac-
tional collision risk by 62%. The framework’s utility is
also demonstrated on 250k miles of proprietary, open-loop
sensor data collected on ADS test vehicles, re-simulated
with an arbitrary ADS software release. The ADS initiated
conflicts that caused 0.4 injury-causing and 1.7 property-
damaging fractional collisions, and the ADS improved col-
lision risk in 96% of the agent-initiated conflicts.

1. Introduction

The proliferation of automated driving systems (ADS) on
shared public roads is expected to be supported by software

releases that are evaluated to ensure safe and explainable
behavior [19] [17]. The notion of sufficiently safe often
measured by the “Absence of Unreasonable Risk” (AUR)
in the United States and European Union and using “As
Low As Reasonably Practicable” (ALARP) for the United
Kingdom. The predictability or safety of ADS are also of-
ten compared to human-like driving to demonstrate a Posi-
tive Risk Balance (PRB), i.e. the proposition that an ADS
should be at least as safe as (and ideally safer than) a human
driver [23]. Since sole reliance on onroad testing to evalu-
ate ADS is prohibitively expensive [20], simulation-based
tests using sensor data collected onroad subsequently re-
simulated with an ADS software test release have become
popular. Simulation tests are not only more scalable and
safe, they can also target testing of failure modes known
to plague ADS more than humans [10]. The most widely
known application of counterfactual simulations in ADS
evaluation is to assess the counterfactual outcome of on-
road disengagements by safety drivers, whereby the post-
disengagement ADS behavior is simulated as if the safety
driver not taken over from the ADS [37][42].

This paper presents a framework that provides high-
fidelity estimates of collision risk in counterfactual simula-
tions and supports both open- and closed-loop conflict data.
As described in Figure 1, it is applicable to any pair of agent
trajectories (B and C) in a simulation environment (A) via
open-loop predictions after the point of conflict initiation.
While we demonstrate the framework (D) in terms of re-
sponder behavioral uncertainty only, the underlying prob-
abilistic models may be extended to include other uncer-
tainties associated with the ADS simulator (e.g. controller
errors in C), agents (e.g. aggressiveness in B), environ-
ment (e.g. latency in A). We also evaluate the framework
and the underlying models using a novel method that uses
naturalistic aggregate collision risk as ground truth. This
method can be used by developers to evaluate any simulator
or agent models used in the framework beyond the models
described here. Finally, we show the framework’s impact to
ADS evaluation over large volumes of scenarios collected
on our ADS test fleet or naturalistic databases.
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Figure 1. Simulation overview in a 2-body conflict. Agent C initi-
ates a conflict and agent B is expected to respond to avoid a colli-
sion. For evaluating human-human performance, both trajectories
are reconstructed from naturalistic databases, and for human-ADS
performance, C’s trajectories come from the ADS simulator and
B’s trajectories from either logged sensor data by an ADS test fleet
or naturalistic reconstructions. This paper focuses on a framework
(D) to model B’s responsive behavior after conflict onset in any
sim environment (A) and any pre-conflict trajectory (B,C)

2. Motivation and State of Art

Accurate estimation of ADS-initiated collision risk requires
modeling of agents that react to the ADS. Closed-loop
sensor simulation on controllable simulators with reactive
agents allows for dynamic evaluation of the ADS with its
environment and actors [46][15], although realism of the
world has been questioned [10]. Open-loop simulation
replays a non-adaptive environment around the simulated
ADS (Figl-C), at significant cost savings and benefits of
real-world-based conflict triggers, but requires us to explic-
itly model the behavior of the reacting agent (Figl-B). The
ADS can be simulated open-loop in generative synthetic
environments with line following agents or using logged
onroad data, where the simulated ADS can perceive the
agents/objects around it and respond to them. However,
the agents whose trajectories are replayed do not or can-
not respond to the ADS’s behavior, which may change from
the logged version with every software release. To ad-
dress this sim2real gap, we use counterfactual simulations
to model the possible behavioral reactions that a human re-
sponder may have if faced with that realistic conflict. Post-
conflict counterfactuals are also relevant for hybrid simu-
lators where some components are closed-loop (e.g. pre-
conflict nominal agent behavior, sensor sim) but collision
evasiveness is insufficiently modeled.

Accurate PRB-benchmarking of agent-initiated collision
risk requires modeling of agents that react to the initia-
tor. Open-loop counterfactuals provide dense, realistic sig-
nal for agent-initiated conflicts. Such conflicts are rare
on public roads because safety drivers in ADS test vehi-
cles drive defensively, therefore simulations are the pre-
ferred test mode for coverage (or structured tests on a closed
course). Pose divergence between the ADS and the logged

vehicle after safety disengages motivates counterfactual sit-
uations. Using Figure! for a different use case, let’s assume
ADS test vehicle (C) had right of way in the onroad test,
but the safety driver disengaged the ADS and yielded to B,
causing B to proceed first. When the counterfactual is sim-
ulated, if the ADS (C) in the virtual environment asserts its
right of way and the (non-reactive) agent is found to vio-
late it, the scenario becomes a useful example of an agent-
initiated conflict. Collision avoidance testing using acci-
dent reconstructions have benchmarked collision risk, e.g,
for Waymo Driver [36] and Baidu Apollo ADS [47]. How-
ever, they typically do not employ human behavior models
because one agent’s trajectory is played back exactly in the
simulator while the other agent is replaced by the ADS. To
address this generic benchmarking gap, we develop proba-
bilistic counterfactuals for human behavior to quantify their
collision avoidance in place of the simulated ADS.

Behavior modeling of reacting agents should be explain-
able and their outcomes comparable to the real world. For-
mal verification methods for scoring the risk of an ADS
dynamic driving task (DDT) with respect to static ob-
stacles and dynamic traffic agents have been well repre-
sented in the academic literature. To generate exhaustive
reachable sets for all agents in a conflict, they have used
Markov chains with kinematics-constrained transition func-
tions [2], Bayesian probabilistic occupancy grids with linear
projections of kinematic parameters [27], and data-driven
learned mechanisms like higher-order control barrier func-
tions [29] or decision trees and random forests with nat-
ural language explanations of risk [32]. While these are
expected to improve accuracy compared to open-loop as-
sumptions on agent behavior such as those quantified by the
Responsibility-Sensitive Safety (RSS) metrics for AV safety
[38], there are limited validation studies on real-world data
with physically explainable why’ for the human-driven
"what if” reachable sets. How and when a human driver re-
acts to conflict is a function of their perceived risk [40], as
quantified by computational models calibrated against lab-
oratory data [22], deep learning networks with abstracted
Operational Design Domain (ODD) features [35], and colli-
sion avoidance difficulty using parameters like visual loom-
ing and minimal control effort needed [14]. Physics-based,
model-in-loop counterfactual simulators to predict crash
configurations [28] and simulation-based models for hu-
mans avoiding crashes are used to design more effective
ADAS for nominal drivers [44] and distracted drivers [4].
Human ability to navigate complex traffic situations has
been modeled using future, counterfactual tracks with colli-
sion probabilities [3]. Studies have compared real-world be-
havior to model behavior on a few conflict types and bench-
mark scene-sets [33][31]. While such sources can be used
to formulate human responder models, we are not aware
of any models that have been verified in terms of aggre-



gate collision risk to establish AUR and PRB. We ensure
model explainability by formulating human-data-driven be-
havior models, and address the collision benchmarking gap
by embedding them into an ADS risk framework that out-
puts a collision metric that can be compared to observed
real-world collisions.

Accurate aggregate collision risk estimation is desired
within collectible data sizes. Software releases in simu-
lation are evaluated using leading indicators of collisions:
safety surrogate metrics (SSMs) and metrics indicative of
defensive yet predictable driving[43] [21], such as compli-
ance to the state vehicle code, comfort for the rider, and
minimum disruption to other road users. Such indicators
have the advantage of frequent exposure compared to col-
lisions and therefore need smaller simulation sample sizes
to evaluate ADS performance [39] [1]. However, predic-
tive correlations between SSMs and collisions need copious
amounts of data and causality is difficult to prove. Thus, us-
ing SSMs alone for assessing absolute risk and establishing
AUR/PRB is inadequate. To address this metric granularity
gap, we propose a collision risk metric that is more frequent
and expected to be more statistically accurate than discrete
collisions, while being more defensible in traditional safety
standards than SSMs or other behavioral metrics.

3. Framework Description

The proposed collision risk framework takes as inputs tra-
jectories of any two-agent conflict in simulation, and as-
sesses the collision risk of that conflict using a series of
steps described below (summarized in Figure 2), where
quality of the components are justified by referenced mod-
els that are improved upon and verified. All subsections
are applicable to an open-loop simulation environment. If
we use a closed-loop simulator instead, Section 3.1-3.2 can
be eliminated and the remaining framework is still valid,
as long as the sim2real gap for the simulated environment
and agents is sufficiently low. The framework is verified
in a synthetic simulation environment using naturalistic tra-
jectories for the agents (Section 4), and its impact on ADS
development demonstrated in a synthetic and sensor replay
environment using a simulated ADS as one of the agents
(Section 5).

3.1. Classification of Conflict, Initiator, Responder

Identified conflicts are first classified into one of 32 differ-
ent types defined for our ODD. Our conflict taxonomy was
initialized using NHTSA definitions (e.g crash type vari-
able in CRSS/FARS coding) and academic literature (e.g.,
[28][34], [25]) and extended based on internal analysis on
our internal ADS test data. For example, we granularize
NHTSA definition of ’same trafficway, same direction, an-
gle sideswipe” further into distinct conflict types for pull-
outs, lane changes, short merges, cut-ins, etc. While inter-
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Figure 2. Summary of fractional collision workflow. Inset shows
a notional reaction model for the responder in a 2-body conflict

nal efforts are underway to automate conflict classification
using machine learning (ML), the model presented here re-
lies on heuristics for automated conflict classification with
appropriate quality assurance (QA) by human triage.

We define an initiator as the agent in a conflict that ini-
tiates a surprising behavior that the other agent (responder)
would need to act upon to avoid propagating the conflict
[25] [36]. This is not assignment of fault or blame (legal
implications), and instead an automation-friendly step that
ensures appropriate application of our responder behavior
models to open-loop simulation. For example, an agent
phantom braking in front of a following agent on a road
with no traffic lights and no threat of crossing agents ahead,
makes the first agent an initiator since they started the sur-
prising behavior.

3.2. Behavior Models for the Responder

The Point of Reaction (PoR) is the earliest timestamp that
a responder in a simulation could have identified an im-
pending conflict. For a human responder, the PoR is the
first time the human notices conflicting or surprising behav-
ior by the initiator. PoR also represents the timestamp at
which we ’start the clock’ to measure human reaction time
(HRT) (Figure 2-inset). Since literature-derived and pro-
prietary HRT (Section 3.2) is very sensitive to ’start time’
definitions, our models are only valid when PoR is properly
defined. The definition of PoR for each conflict could be
defined either from the perspective of the driver or the per-
spective of an omniscient third party. For the former, HRT
begins when the driver has sufficient perception of the con-
flict, e.g., a surprise-based framework [12]. For the latter
[11], the driver in that same conflict uses different informa-
tion toward their decision, and may actually react sooner
leading to the HRT distribution including negative values.
While internal efforts are underway to automate PoR using
ML, such as using the concept of modeling surprise, the
models used in the paper rely on heuristics for automated



PoR with human triage QA.

We have built post-PoR responder models based on lit-
erature as well as trajectory data from other road users as
extracted from our internal, proprietary logs of ADS driv-
ing. Our models follow the principles of Non-Impaired and
Eyes on the conflict (NIEON) [24] when assuming intent
and ability of the responder. Inattentive agents are modeled
separately as a function of known populations that cause
conflicts [30] to account for residual risk. Kinematic re-
action parameters to model the behavior of the responder
after their PoR include HRT, longitudinal and lateral jerk,
and steady state acceleration [8], notionally represented in
Figure 2-inset. We chose HRT as the primary parameter
to model spread in our behavior models due to maximum
sensitivity toward severity outcomes, and longitudinal jerk
and acceleration as secondary parameters. Lateral parame-
ters were considered in a tertiary corrective step in the QA
phase of the workflow due to limited data available for an
automated model within acceptable uncertainties.

Reactor models are known to be sensitive to the agent
type and the conflict type [30] hence multi-variate distribu-
tions are modeled. For example, the braking capacity of a
sedan, truck, and bicycle are very different. Measurement
of HRT and other kinematic parameters in the incidence of
imminent danger is also sensitive to the experimental setup
if naturalistic data is not readily available or has noisy de-
pendence on naturalistic parameters. For example, the HRT
for rear-end collisions[30] and cut-in conflicts[1 1] were ob-
tained for SHRP2-based studies. Cyclist evasive parameters
were found to be different when retrieved in simulation [45]
vs. laboratory environments [7] vs. field tests [45], hence
a joint distribution used. Rear-end vehicular conflicts [30]
were parametrized differently from vehicular cut-ins [11]
and motorcyclists [16].

3.3. Loss Severity Mapping

The severity of a counterfactual crash is quantified by
a crash severity model (CSM). When the two colliding
objects are vehicles, the model employs a momentum-
based contact algorithm to estimate the velocity differen-
tials (delta,) experienced by each vehicle (Ref [6] ). If a
vehicle’s mass is unknown, the mass and inertia of the ve-
hicle are estimated based on the rectangular footprint area.
The initial speeds, contact location, and relative orientation
are automatically input to the model from the trajectory
information. The mapping of severity vs delta, approx-
imates the L1 and L2 severity levels ascribed by Virginia
Tech Transportation Institute (VTTI) in their evaluation of
SHRP2 collisions. The threshold delta, between L1 and
L2 was approximated to be 6 mph. Since VTTI’s highest
severity (L1) does not distinguish between injury scales, we
introduced an additional level of severity (LO), thresholded
at 20mph, to categorize higher-severity crashes.

HRT=0.25 s
delta_v =0.0 m/s

HRT=0.70 s
delta_v =13 m/s

= i m‘

Hl Reacting agent
Il Initiating agent

HRT=1.10's
Delta_v =3.2 m/s

= 4

il

Human Reaction Time [s]

Probability

Figure 3. Example of an HRT distribution for a human respon-
der, while holding other kinematic parameters constant in the joint
probability model, used to obtain the delta, for each bin. The
weighted sum across all bins is used to obtain the fractional col-
lision score, i.e. probability of L1 (orange), L2 (yellow), no col-
lision (green). Insets show the counterfactual behaviors that led
to the arrowed bin’s outcome. While a single parameter (HRT) is
used for visual convenience, fractional collisions can include any
number of behavioral parameters (or even extended to uncertain-
ties associated with simulation features) whose probability mass
functions are known

Crash severity between a vehicle and vulnerable road
users (VRUs) are evaluated using the relative resultant con-
tact speed at time of impact. A speed below 5mph is con-
sidered an L2 event, speeds between 5 and 15 mph are con-
sidered an L1 event, and speeds above 15 mph are con-
sidered to be LO events. Our severity gradation is roughly
analogous to standardized definitions[18]. ISO 26262 spec-
ifies an S1 (or higher) event to be at least 10% probability
of AIS1 (Abbreviated Injury Scale), and an S2 (or higher)
event to be at least 10% probability of AIS3. Consequently,
there is a rough mapping between IS0 26262 and our sever-
ity classifications, with SO (ISO) equivalent to L2 (pro-
posed), S1 (ISO) equivalent to L1 (proposed) and S2 (ISO)
equivalent to LO (proposed). Alternative formulations for
severity quantification verified using crash experiments and
database results from Volvo [41] may also be used.

3.4. Risk Scoring as Fractional Collisions

We use the severity from each counterfactual reaction in any
identified conflict to estimate the collision risk of that coun-
terfactual. We then probabilistically aggregate the severity
across all counterfactual scenarios to estimate the total colli-
sion risk for that conflict as a fractional collision. Fractional
collisions can be numerically added across all conflicts in a
given mileage sample size to assess the total collision risk
in the form of total number of collisions. The outcome is
thus easy to interpret and benchmark while the underlying
models capture the uncertainties associated with various as-
sumptions in the simulation.

Figure 3 illustrates the fractional collision outcome for



an example scenario across a probabilistic distribution of
kinematic parameters and visualized on the HRT axis. We
model the collision between a cyclist (initiator) and a ve-
hicle (responder). After selecting an appropriate PoR (first
timestamp where the cyclist is visible to the vehicle’s driver
and has crossed the stop line at the intersection), we sim-
ulate the brake reaction of the vehicle over its parameters.
The resulting delta, for each combinatorial set of parame-
ters is calculated and then converted to the appropriate in-
jury severity: No collision (NC) Lnone (green), property-
damaging L2 (yellow), injury-causing L1 (orange), injury-
causing L0 (red). The sum of the injury severity, weighted
by the joint probability of parameters, provides the prob-
abilistic collision value: P(NC), P(L2), P(L1), P(L2). The
mass function in this example shows 20% probability of L1,
30% chance of L2, and 50% chance of NC.

Collision risk is computed as a function of the conflict
initiator. Fractional collisions for ego-initiated conflicts
account for the responder’s probabilistic evasiveness, e.g.,
ADS caused 1.67 L, total collisions in spite of expected
response. Note that we also compute an ADS’s conflict
avoidance and compliance risk using SSMs without any
assumptions on responder evasiveness. For agent-initiated
conflicts, we compute two loss distributions; One for ADS
response, which is a single point describing the loss sever-
ity (L, € [LO, L1, L2, Lnone]c) of the collision in simu-
lation, and another for a modeled human quantified by our
probabilistic distribution of severity (like figure 3). The dif-
ference in these distributions represents the relative risk of
ADS response when compared to modeled humans for each
loss severity. The aggregated risk of the ADS response
across all severity can be compared to humans, e.g., ADS
avoided 4.06 L, collisions compared to expected response.

Fractional collisions can be used to evaluate the quality
of ADS software. Conflicts with unreasonable collision risk
are used to improve the ADS, provide feedback toward re-
ducing the sim2real gap, and to improve our models for risk
assessment described above. Aggregate results may also
be used to assess human-like driving by comparing total
collision risk to naturalistic driving datasets available from
NHTSA or other government sources, with known caveats
for under-reporting (e.g., 55% of all vehicles with property
damage are unreported, 32% of injuries occur in unreported
crashes [5]). While this paper focuses on losses associated
with other road users and their pets, our collision risk frame-
work can also be extended to nonhuman conflicts such as
those with road debris, stray animals, and map features by
mapping to different and appropriate loss severity.

4. Framework and Fractional Collision Eval

We assess our proposed end-to-end framework, whose com-
ponents are quality assured per Section 3, against two
naturalistic data sets. One data set contained agent tra-

jectories obtained from telemetry/video data of VTTI’s
SHRP2 dataset, collected by voluntary subject vehicles
(SV), retrofitted with recording instruments and recon-
structed by GCAPS (Global Center for Automotive Perfor-
mance Simulation) [13]. The other data set of naturalistic
agent trajectories was annotated reconstructions from dash-
board camera videos provided by a commercial provider
called Nexar. [26]. Alternative track-annotated sources
considered were APTIV’s nuScenes dataset [9] or com-
mercially available drone or roadway camera footage of
accident-prone locations such as high-speed merges or in-
tersections. Since our workflow’s verification is ideally
performed on large mileage of naturalistic data across all
ODDs driven randomly, static test data does not provide the
coverage necessary for all conflicts. Our proprietary ADS
data from public roads was considered inappropriate too be-
cause it is typically collected with an expert safety driver
behind the wheel (with faster-than-average ability to per-
ceive and react) and, when collected with the ADS in closed
loop, is interrupted by ADS disengagements (which causes
the part of the scene we are most interested to rarely play
out naturally).

Queried from nearly 8 million miles of SHRP2 data, 33
collisions and 497 near-collisions (NC) were found among
all conflicts on surface streets involving two agents and ex-
cluding rear-end struck, animal, or inanimate object con-
flicts (since an evasive maneuver is not expected). Near-
collisions were further restricted by those where the non-
SV was at-fault since SHRP2’s NC are identified based on
the SV’s evasive maneuver. To verify our proposed frame-
work, we selected 17 collisions (split equally where the SV
is initiator/responder) and 65 non-collisions to be qualita-
tively representative of the expected population distribution
of possible responders for diverse scenario coverage. From
an unverifiable mileage of Nexar video, 190 collisions and
44 NC were procured as potential reconstructions. The
workflow described in Section 3 was applied to the selected
316 events and fractional collisions computed as probabili-
ties of L,.. They are compared against the ground truth (GT)
outcome of each scene, i.e. discrete L, using annotated out-
come cross-checked against our CSM (Section 3.3) applied
to the conflict trajectories, as well as to a no-reaction-model
(NRM), i.e. a naive control model where no deceleration is
allowed after PoR.

Each scene includes a GT responder should represent
a datapoint on our model’s joint distributions (i.e. human
population), thus some scenes may have higher severity in
GT than expected while others may have lower severity in
GT than expected. We also expect fewer fractional colli-
sions than GT and NRM for scenes with collisions and more
fractional collisions and NRM collisions than GT for scenes
with NC. In fact, NRM may be a datapoint outside the
NIEON distribution. We hypothesize that when aggregated



across an unbiased sample of mileage across all ODDs and
conflicts that a vehicle encounters, total fractional collisions
should closely match GT more than NRM does. This ag-
gregate hypothesis should also hold for a set of scenarios
that represent proportionately the human population of re-
sponders. The proposed framework is a powerful predictor
of collision risk in a dataset while accounting for popula-
tion variability in open-loop simulations where the logged
agents cannot/do not respond to the simulated ADS.

4.1. Scene-by-Scene Verification

For every scene, we implement three basic checks to en-
sure data quality of the reconstructions and verify that our
workflow design and execution matches our intent. First,
if the GT scene has an annotated collision or NC, our re-
construction of that scene through severity mapping (Sec-
tion 3.3) should output as such. Second, the fractional col-
lision outcome (Section 3.4) should not show zero proba-
bility for a severity that corresponds to the original severity.
Third, the severity outcome of the NRM should be equal
to or worse than GT because humans are expected to react
appropriately to reduce severity of an impending collision.
81 of 82 SHRP2 scenes were successfully reconstructed in
our synthetic sim environment and passed all checks. The
one exception where human reaction worsens the collision
was used to improve evasive maneuver models. The Nexar-
based reconstructions, owing to greater scenario volume
and coverage of more conflict types and agents, surfaced
need for both data quality and model improvements. Of
239 scenes, 17% were found to be poorly reconstructed in
the simulator due to sudden jerk associated with the original
collision being extrapolated unrealistically for longer HRTs
or NRM. Of the others, ~10% failed one of the three basic
checks due to framework-intrinsic reasons such as vehic-
ular polygons in the reconstructions being underestimated,
PoR being inaccurate, and original human driver being fully
nonreactive (violating NIEON).

Our probabilistic framework is more accurate in predict-
ing the most likely outcome but also ensures full recall of
worst outcomes in any scene. The most probable severity
predicted by fractional collisions, i.e. the severity L, cor-
responding to max[P(L,)], matched the GT severity for
91% of the scenes. The maximum fractional collision, i.e.
the most severe L,VP(L,) > 0, matched the GT severity in
only 62% of the scenes, however was lower than GT sever-
ity in all scenes. The most probable severity and maximum
fractional collision matched GT in 51% and 71% Nexar
scenes, respectively, and surfaced GT severity in all scenes.

4.2. Aggregate Verification

SHRP2 and Nexar complement each other to provide quan-
titative aggregates and ODD/agent coverage with explain-
able trends, respectively, to verify framework effectiveness.

While the SHRP2 scenes were selected such that the re-
sponder spread was representative of the human population,
we could not inform selection proportions with Nexar since
video content was proprietary before procurement. To ver-
ify our aggregate hypothesis and as summarized in Tablel,
we compare the sum total of fractional collisions computed
from the synthetic simulations of all SHRP2 and Nexar
scenes to the actual GT collisions in those scenes and to
the number of discrete collisions that a NRM would had in
those scenes, organized by whether there was a GT collision
(rows) and by severity of the collisions (columns).

Compared to the 17 collision scenes from SHRP2, our
framework estimated 12.6 collisions, overestimating L0 and
L1 but underestimating L2 (shaded green). In the 65 NC,
i.e. severity Lnone, our framework estimated 4.56 frac-
tional collisions (pink). However, when aggregated across
all scenes and severity, the total fractional collisions is
17.15, only 1% over the actual 17 and 2x closer than us-
ing the NRM which predicts 34 collisions (blue). As ex-
pected, the NRM predicts a collision in every collision-
scene, but the 17 collisions in NRM are far more skewed
at higher severity (yellow) than the GT’s lower severity
(green). NRM shows 9 LO collisions while there were none
in GT (also yellow).

Nexar-based aggregate results show 40% fractional col-
lisions compared to all GT collisions. This can be par-
tially attributed to the disproportionately high ratio of col-
lisions (131) to NC (37) in the procured data. In compari-
son, our SHRP2 selections had a C:NC ratio 17:65 and the
SHRP?2 database for ODD-conflicts was at 1:15. While the
high C:NC ratio procured was motivated to maximize diffi-
cult scenes, Nexar’s 50x C:NC ratio compared to unbiased
mileage coupled with the fact that fractional collisions will
score lower than discrete collisions (=1) for any GT scene,
sets the aggregate up for under-prediction. Therefore, Ta-
ble! shows lower fractional collisions for every severity
level (shaded green). NRM over-predicts GT as expected
(shaded yellow), but by only 8% compared to 100% in
SHRP2 (blue). To predict fotal collisions accurately, the
dataset must contain sufficient near-collision scenarios.

5. Framework Utility in ADS Behavior Eval

Our verified framework can be used to evaluate an arbitrary
ADS software release (Figl-C as ADS) in simulation en-
vironments (Figl-A) to demonstrate the impact of collision
risk outcomes predicted. The simulation environment can
be of two types: (i) a high-volume re-simulation of logged
sensor data, and (ii) a high-volume synthetic simulation of
imagined, virtual environments and agents - both for Figl-
B. The ADS trajectory is the output of our proprietary sim-
ulator that plays out the ADS onboard software in a vir-
tual environment as it ’drives’ through perception inputs
that are either synthetic or open-loop replayed from sensor



SHRP2

Nexar

Severity

Severity

Post-PoR Framework GT Collision? Lo L1 L2 NC Total L0 L1 L2 NC Total
Yes 1.16 1031 1.13 440 12.60 8.75 32.82 30.77 5853 72.33
Fractional Collisions No 092 1.61 203 6041 456 0.00 1.11 529 3054 641
All 208 1192 3.16 6481 17.15 8.75 3393 36.07 89.07 78.74
Yes 0 10 7 0 17 11 61 59 0 131
Ground Truth (GT) No 0 0 0 65 0 0 0 0 37 0
All 0 10 7 65 17 11 61 59 37 131
Yes 2 13 2 0 17 20 73 38 0 131
No Reaction Model (NRM) No 7 6 4 48 17 1 3 6 27 10
All 9 19 6 48 34 21 76 44 27 141

Table 1. Collision severity for selected SHRP2 and Nexar scenarios as a function of the framework used to model the post-PoR behavior
of the responder, further split by whether there was an actual collision on-road (GT). Colors are explained in the main text narrative.

Figure 4. Example of an agent-initiated conflict with a non-zero
risk of simulated collision. The other agent accelerates while
changing lanes into the ADS, which nudges away and slows down
but does not avoid collision. Screenshot marks the point of reac-
tion of the ADS. The fractional collision results indicate that 56%
of human responders would be able to avoid this collision.

logs. The simulator latency models are trained (and vali-
dated) using onroad and hardware-in-loop data so that each
module’s latency distributions are representative of the real
world. Our framework (Figl-D) enables surfacing ADS is-
sues, estimates collision risk in ADS-initiated conflicts and
collision risk eliminated by ADS in agent-initiated conflicts,
and supports policy discussions on AUR and PRB.

5.1. Agent-Initiated Conflicts

Replay simulation is an important mode of sourcing realis-
tic agent-initiated conflicts because track overlaps are more
frequent than in onroad testing. This is due to the pose di-
vergence artifact described in Section 2, causing the ini-
tiator (non-ADS) to ’behave’ unrealistically aggressively.
Fractional collisions in such scenarios can surface agent-

initiated risk and realistically quantifying PRB per scene.
376 successfully simulated agent-initiated conflicts were
identified in a quarter-million mile log simulation. Of these,
only 13 showed a fractional collision severity that was better
than the severity of the ADS’s simulated outcome. The PRB
gap in 3.5% scenes is a quantitative measure of the ADS
performance, and the 13 examples are opportunities for au-
tonomy improvement because some humans could outper-
form the ADS (by either mitigating/lowering the severity of
collision or avoiding the collision entirely). Figure 4 shows
an example of a conflict where the ADS is driving on a two-
lane road at 35 mph. The vehicle in the left lane cuts into
the lane of the ADS; due to pose divergence, this cut-in
occurs approximately adjacent to the ADS. The simulated
ADS vehicle nudges away from the initiator and deceler-
ates moderately but still has an L2 collision. The modeled
human shows fractional collisions of 6% L1, 38% L2, and
56% no collision. Since more than half (56%) of the hu-
mans modeled performed better than the ADS, this scene is
an opportunity for autonomy improvement.

205 scenes with assured data quality were selected from
the SHRP2 and Nexar sets in Section 4, reconstructed in
our proprietary synthetic simulation environment, and sim-
ulated with the responder replaced with our simulated ADS.
The simulated ADS resulted in 26 collisions, compared to
103 collisions in the original human outcome (i.e. ADS
reduced actual collisions by 4x), and 68.42 fractional col-
lisions by the modeled human (i.e. ADS reduced expected
collisions by 2.6x). In the scenes that ADS simulated to
a collision, only 4 had fractional collisions better than the
ADS loss. Thus, 97% of a set of handpicked hardest sce-
narios sourced from tens of millions of miles of naturalistic
driving confirmed that a human could not improve collision
risk compared to ADS. Our framework establishes PRB for
the vast majority of agent-initiated conflicts and enables the
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Figure 5. [Left] Example of an ADS-initiated conflict with a non-zero risk of simulated collision. The ADS unnecessarily yields during
an unprotected right turn. Screenshot marks the PoR by the responder. The fractional collision results indicate that 91.5% of human
responders would be able to avoid this collision. [Right] Probability mass function associated with the HRT distribution for this conflict
type for a particular combination of other probabilistic kinematic parameters constant, which is used to compute fractional collisions

automated identification of rare agent-initiated issues to fix.
5.2. ADS-Initiated Conflicts

The detection of ADS-initiated conflicts in any simulation
(replay or synthetic) and using fractional collisions to quan-
tify risk is an important means of must-fix issue discovery,
especially to establish AUR. The vast majority of our syn-
thetic simulations are aimed at providing coverage extended
beyond replay sim mileage for ADS-initiated conflicts, and
our proposed framework can identify issues from their out-
comes based on collision risk (in parallel to SSMs or other
metrics). Fractional collisions increases our issue discov-
ery signal. From the quarter-million mile log simulation,
six conflicts involving the ADS and another vehicle were
found with non-zero fractional collisions. These can be nu-
maerically added to estimate the expected quantity of losses
of each severity in the said mileage: the total fractional col-
lisions were 0 LO, 0.4 L1, 1.7 L2. Thus, our framework
surfaced 6 scenarios with injury-causing risk despite no col-
lision being likely in that mileage. As a concrete example
of an individual scenario, Figure 5 shows an example con-
flict resulting from an unnecessary yield by the ADS while
making an unprotected right turn into traffic. Cross-traffic
had been yielding to a crossing school bus, providing the
ADS an opportunity to make the turn; however, the ADS
then unnecessarily stops after entering the lane. The re-
sponder does not react to the ADS in simulation due to pose
divergence, and thus the scenario was flagged as a conflict.
Our framework showed that the conflict had probabilities of
8.5% for L1 and 91.5% for no collision. Note that pose di-
vergence in log replays can cause unrealistic responder be-
havior between PoR and HRT onset (for example, acceler-
ation), thereby inflating risk. Since ADS should not initiate
collision-risking conflicts and our goal is to discover must-

fix issues, this inflation is accepted to prioritize recall.

6. Future Work

Improvements expected in future work can be categorized
as [1] intrinsic improvements to our proposed framework,
[2] extending the framework to add uncertainties associated
with the simulation environment and agents, and [3] ex-
panding the naturalistic data set to test our updated frame-
work on. For the first, we have pointed out work under-
way for various components in Section 3, especially those
identified in Section 4 (e.g. PoR). Further development
and verification of agent models is required. For exam-
ple, to accurately model cyclist responses, evasive maneu-
vers other than simple brake responses (e.g., nudging) must
be considered. Simulations in Section 5.2 found six con-
flicts that were possible ADS-initiated collisions involving
a cyclist, where the current model appeared to overesti-
mate the likelihood of an injury-causing collision by as-
suming that no responder would deviate from the logged
trajectory when a slight nudge may have been sufficient to
avoid the collision. Since the SHRP2/Nexar datasets did
not contain cyclist responders, more data will be needed
to verify the new models. For the second, we will iden-
tify the most sensitive parameters in the simulation envi-
ronment that affect sim2real gaps and collision risk when
compared to onroad data, and model them within the pro-
posed framework. Fractional collisions can thus account
for some of the uncertainties associated with the tools used
to evaluate them. This is especially relevant as simula-
tors improve their capabilities in sensor modeling, neural
reconstructions, world-model controlled agents, interaction
sensitivity to latency, ADS controls models, etc. For the
third, we will improve the quality of reconstructions, and
explore sources of naturalistic data that improves represen-
tativeness of the human population and verification of the
framework.
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