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Abstract. We propose counterfactual reasoning through probabilistic
logic twin networks (PLTNs) to prevent collisions in self-driving cars.
The basis of a PLTNs is a causal Bayesian network (cBN ) partially
learned from simulated self-driving car data and synthetic data. The
cBN include the lane of the self-driving car, the presence of up to 4
surrounding vehicles, an indicator for potential collisions, and 6 driving
actions. Counterfactual queries through the PLTNs intervene with alter-
native actions to identify which minimizes the probability of a collision.
For evaluation, three cBNs are learned with 1%, 50%, and 100% of a trai-
ning dataset. For querying, 120 state-action examples labeled as leading
to a crash are selected randomly. Each one is associated with six possible
interventions. The probability of a collision is then queried from PLTNs,
provided that a potential collision has been warned, and the current state
and action are known. Results show that all intervened actions minimi-
zing the probability of a crash does not lead to a car crash, suggesting the
effectiveness of this approach in developing collision prevention schemes
for self-driving cars. To the best of our knowledge, this is the first appli-
cation of PLTNs for counterfactual reasoning in autonomous vehicles.

Keywords: Counterfactual reasoning · probabilistic logic twin networks
· Autonomous vehicles.
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1 Introduction

Collision prevention is an important concern in self-driving cars. Although
diverse approaches exist to achieve this goal, many rely on adjusting the current
trajectory or behavior of the self-driving car to a new, safer course of action
[19–21]. In this context, we propose probabilistic counterfactual queries to pose
questions about prospective, hypothetical situations like:

“What is the probability that a situation of potential collision could prevail,
given that the current action and the state of the system are known, if a

different action were chosen? ”

Answers to that kind of “What-if ” questions can help self-driving cars evaluate
the convenience of alternative driving actions to perform safer maneuvers under
hazardous situations [16]. Additionally, the probabilistic causal models associa-
ted with causal questions can be framed in probabilistic logic programming [15],
a paradigm well-suited for modeling causal relationships due to both its clear
and flexible rule-based representation, and the availability of sophisticated infe-
rence procedures to efficiently solve probabilistic queries on complex probability
distributions [6, 8].

Therefore, in this paper, we present our ongoing work on counterfactual rea-
soning using probabilistic logic twin networks (PLTNs) as a counterfactual model
to identify alternative actions that may prevent collisions in self-driving cars.
PLNTs are twin networks [2] encoded as probabilistic logic programs. Inference
is carried out through Counterfactuals [11], an efficient and effective tool re-
cently developed to solve probabilistic counterfactual queries in PLTNs. Causal
Bayesian networks (cBN ) are proposed as the basis of the PLTNs. Three cBNs
are constructed, for the most part, from a large dataset of examples taken from
multiple runs of simulations of our self-driving car under autonomous and human
control, and from synthetic data. The state variables included in the cBNs are
the lane in which the self-driving car is traveling and six “occupancy” variables
that indicate the presence of surrounding vehicles. On each state, the self-driving
car can choose one of six possible actions. When a potential collision is warned,
the goal is to calculate the probability of the collision given the current state
and action, by intervening in the causal model with alternative actions, one at a
time. It is assumed that the counterfactual action minimizing the probability of
the collision is the best alternative for the self-driving car to avoid or mitigate
the severity of the impact.
To evaluate our approach, three cBNs were constructed using 1%, 50%, and
100% of a training dataset containing over 1,900,000 examples of state-action
pairs. For testing, 120 examples were randomly selected from a pool of 288
state-action pairs labeled as potential crashes. Each of these examples was sub-
sequently associated with six alternative actions implemented in our simulated
self-driving car, forming a group of six examples that encompass the state, the
observed action, and possible interventions. Examples within each group are in-
dependently queried to a PLTN to compute its corresponding probability value
of a crash.
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A qualitative analysis of the results shows that, in all 120 cases the counterfac-
tual actions with the lowest probability of potential collision within each group
does not lead to a crash in any of the PLTNs. This finding suggests the via-
bility of the proposed approach for developing a collision avoidance module in
self-driving cars.

2 Related work

Recent research into autonomous vehicles (AVs) and their safety has made
significant strides using counterfactual reasoning, what-if analysis, and advanced
simulation techniques to address collision risks and enhance traffic safety. Stu-
dies have employed counterfactual simulations to evaluate the performance of
AVs in preventing collisions and improving safety. For example, research on the
Waymo Driver [17] demonstrated its effectiveness in avoiding fatal collisions
by simulating crash scenarios and showing that it could prevent or mitigate
a substantial percentage of crashes. Similarly, the impact of Advanced Driver
Assistance Systems (ADAS ) has been analyzed using counterfactual reasoning
to assess their safety benefits and drawbacks in real-world scenarios [3]. This
approach allows for a nuanced understanding of how different safety technologies
might alter crash outcomes and driver behavior. Another relevant study focused
on predicting crash configurations and the impact of Autonomous Emergency
Braking (AEB) systems [12]. This research utilized counterfactual simulations
to identify specific crash scenarios that AEB systems could not address, thus
highlighting areas for improvement. Additionally, counterfactual reasoning has
been applied to estimate the importance of objects in autonomous driving en-
vironments [10], enhancing the system’s ability to prioritize critical objects and
reduce collision risks. The effectiveness of pre-crash safety technologies, such as
AEB and Electronic Stability Control (ESC ), has also been evaluated in the
context of reducing severe injuries in crashes [14]. This study underscores the
role of these technologies in mitigating collisions and emphasizes the need for
continued advancements to address remaining safety concerns. Furthermore, re-
search on the design and evaluation of Automated Driving Systems (ADS ) has
utilized injury risk modeling to understand the potential outcomes of various
crash scenarios [13]. By developing comprehensive injury risk surfaces, this re-
search provides valuable insights into how different ADS designs could impact
overall safety. The importance of considering driver behavior models in coun-
terfactual simulations has been highlighted as well in [5]. Different models can
significantly influence the effectiveness estimates of safety systems, underscoring
the need for accurate simulations to evaluate safety technologies properly.

3 Methodology

3.1 Testbed and datasets

Our development framework involves a self-driving car simulated in race-like
environments using the Webots simulator. An example of the self-driving car and
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Fig. 1. Race-like environment considered in this study for our self-driving car (in bright
red).

its environment is shown in Fig. 1. The car can travel on a two-lane road with
straight segments and curves and up to 10 obstacle vehicles distributed over the
road and either static or in motion. However, in this work, we are considering
straight roads only. It is assumed that the vehicles traveling on the left lane
moves faster than those on the right lane, while the self-driving car is the fastest
(the maximum tested speed is near 50 km/h).

The architecture of the self-driving vehicle includes modules for perception,
driving control and decision making. Perception utilizes an accelerometer for
collision detection, 3D laser readings for detecting other vehicles, and a RGB
camera to detect lane borders. The control module is responsible for lane tra-
cking, and speed and steering estimation, following standard control laws. Deci-
sion making selects driving behaviors or actions based on a state-action policies
estimated by solving probabilistic logic factored Markov decision processes (PL-
MDPs) [1,4]. These policies primarily promote traveling on the right lane while
using the left lane only for overtaking. For decision making, the vehicle behind
the self-driving car in the same lane is not explicitly considered. State varia-
bles are curr_lane which identifies the current lane of the self-driving car, and
occupancy variables called free_E, free_NE, free_NW, free_SE, free_SW and
free_W which indicate whether there is a vehicle or not in the location indicated
in the name of each variable, relative to the self-driving car. Figure 2 depicts the
locations represented by the occupancy variables on each lane. In this work, we
incorporate a new variable called latent_collision used to warn a potential
collision in the trajectory of the self-driving car. All these variables are binary.
Finally, a multi-valued variable called action identifies one of four driving ma-
neuvers for the self-driving car: change_to_left and change_to_right used
for overtaking on the left and returning to the right lane, respectively, cruise to
reach a steady (maximum) speed, keep to maintain a safe, steady distance to
a vehicle ahead in the same lane, and swerve_right and swerve_left which
perform a controlled veer to the side of the lane while reducing speed. We con-
sider the two latter actions also as safe, evasive maneuvers in case of unexpected
situations.

We have recorded several runs of the self-driving car system under both
autonomous control and human command via a human-friendly interface deve-
loped on purpose8. These datasets include 1,238,869 driving decisions through

8 These datasets are available at: https://www.kaggle.com/autonomousvehicle/
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Fig. 2. Predefined locations for other vehicles around the self-driving car (dashed red
lines indicate the space the self-driving car occupy on each lane). When the vehicle is on
the left (resp. right) lane, only the locations Northwest, Northeast, East and Southeast
(resp. Northeast, Northwest, West and Southwest) are meaningful.

more that 300 km. The source code of our self-driving vehicle and some videos
of the self-driving system running are available at: https://github.com/hector-
aviles/AIRJ2024/.

The approach used in this work requires labeling each state-action pair in
the dataset as either leading to a collision or not. In the proposed driving envi-
ronment, we consider that a crash may occur principally in two situations: (a)
when the self-driving car applies the action cruise and there is a vehicle ahead
in the same lane (rear-end collision), or (b) when there is a car either next to
or ahead in the lane the self-driving car merges into (sideswipe and rear-end
crash, respectively). Following the previous criteria, from the complete space of
27×6 = 768 state-action pairs, we carefully labeled by hand 288 pairs as leading
to a potential collision. Some tate-action pairs that involve change_to_left,
change_to_right and cruise emerged as the “unsafe” driving combinations.
With this new list as reference, we found that the automated and human control
databases contain only a small number of potential crash examples (39,695 pairs,
all of which are repetitions of 132 unique pairs). Unfortunately, as of the time of
writing, sampling potential crashes by human control has not been completed
due to its tedious and time-consuming nature. Instead, the 288 state-action pairs
were replicated 2,500 times to generate a synthetic dataset of 720,000 potential
crashes. The number of repetitions was selected arbitrarily, with the aim of
approximating a balance between collision and non-collision examples. During
the process, continuous variables such as the speed and steering of the self-driving
car were random sampled from their known data distributions, although they
are not considered in the present work. This new dataset of crashes complements
the driving records originally obtained from the autonomous and human control
of the self-driving car. Each example in the integrated dataset was labeled using
latent_collision as a potential collision or not. Table 1 summarizes the num-
ber of actions labeled as potential collisions or non-potential collisions in the
complemented dataset. Table 2 shows the number of unique state-action pairs
on each subset.
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Table 1. Number of actions in state-action pairs labeled as potential collisions and
non-potential collisions in the integrated dataset.

Actions
# of examples of

non-potential collisions
# of examples of

potential collisions Total:

change_to_left 40,308 289,809 330,117
change_to_right 39,814 294,459 334,273

cruise 617,930 175,429 793,359
keep 496,558 0 496,558

swerve_left 2,883 0 2,883
swerve_right 1,681 0 1,681

Total: 1,199,174 759,695 1,958,869

Table 2. Number of unique state-action pairs labeled as non-potential collisions and
potential collisions (“safe” and “unsafe”, respectively).

Actions
# of unique “safe”
state-action pairs

# of unique “unsafe”
state-action pairs Total:

change_to_left 14 112 126
change_to_right 15 112 127

cruise 53 64 117
keep 67 0 67

swerve_left 36 0 36
swerve_right 29 0 29

Total: 214 288 502

3.2 Learning of the causal Bayesian networks

Structural and parameter learning of cBNs were instrumented with the bn-
learn package in R package [18]. Its directed acyclic graph is shown in Fig. 3.
Structural learning was carried out by means of hill-climbing greedy search with
Bayesian information criterion. Initially, we devised a preliminary graph that we
wished to test, so undesired links between variables were forbidden (for instance,
those between occupancy variables, or from action to curr_lane). In contrast,
only the relation that goes from action to latent_collision was explicitly
requested to be included, while letting hill-climbing to decide about the rest
of the connections. We believe the resulting structure resembles a causal graph
with confounders, with action being the treatment variable, latent_collision
being the output variable and the current lane and occupancy variables jointly
playing the role of a single, multi-valued confounder. The parameters of the cBN
were fitted by the maximum likelihood estimation criterion.

For training, we considered the integrated dataset containing 1,958,869 exam-
ples. Training data is organized into state-action-latent_collision triplets.
From our perspective, data leakage (that may occur when non-disjoint datasets
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Fig. 3. Causal Bayesian network (cBN ) proposed in this work.

Table 3. Number of unique state-action pairs as a function of the action used for
training and testing each cBN.

Training dataset

Action 1% 50% 100%
Test

dataset

change_to_left 122 126 126 49
change_to_right 118 126 127 46

cruise 101 114 117 25
keep 31 62 67 0

swerve_left 7 32 36 0
swerve_right 4 29 29 0

are used for training and testing) does not represent a major concern in this
setup. This is because the core of the evaluation focuses on comparing condi-
tional probabilities under interventions for a counterfactual model, rather than
studying the generalization capabilities of PLTNs to previously unknown data.
Despite this, we consider constructing cBNs using training sets of varying sizes
for comparison purposes. To achieve this, we randomly selected 1%, 50%, and
100% of the training dataset for structural and parameter learning of the cBNs.
Table 3 summarizes the number of unique state-action pairs used for training
and testing for each driving action and cBN.

3.3 Counterfactual queries

Counterfactual querying requires a cBN to be provided as a parameter to the
Counterfactuals library, formatted as a probabilistic logic program in ProbLog
syntax [9]. To achieve this, we developed a purpose-built R script to syntactically
translate the cBN learned with bnlearn into a ProbLog program. Although this
conversion results in a large format size in comparison to the well-known com-
pactness of traditional conditional probability tables, we have found that the
probabilistic logic representation of a cBN as a set of probabilistic facts and
rules was convenient during development for inspection, debugging and com-
munication. In the Counterfactuals library, two copies of the ProbLog program
are required to represent both the real and the counterfactual worlds. The two
ProbLog programs have the same rules as the original program and share pro-
babilistic facts representing not observable external factors. To obtain the twin
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networks, each rule of the original ProbLog program is duplicated, labeling the
variables on each copy with the superscript e for the real, and i for the counterfac-
tual world, respectively. As an example, consider the following Counterfactuals
representation of a twin network inspired in the model proposed in this work:

% Probabilistic facts
0.5349662:: u1.
0.7046031:: u2.
0.4785868:: u3.
0.1143778:: u4.

% Rules for the real world
free_NEe :- u1.
free_We :- u2.
action(keep)e :- free_NEe, free_We, u3.
latent_collisione :- action(keep)e, free_NEe, free_We, u4.

% Rules for the counterfactual world
free_NE i :- u1.
free_W i :- u2.
action(keep)i :- free_NE i, free_W i,u3.
latent_collision i :- action(keep)i, free_NE i, free_W i, u4.

A twin ProbLog program of this type constitutes a counterfactual model,
which is used to solve probabilistic counterfactual queries. A counterfactual
query is evaluated by first absorbing the evidence in the real ProbLog rules,
then performing the intervention in the counterfactual ProbLog rules, and fi-
nally, using the internal inference engine of Counterfactuals [7] to assess the
conditional probability of a hypothetical event given the observed values of cer-
tain variables as evidence. This scheme allows us to perform queries about the
probability value of any variable of the cBN being true, given the evidence availa-
ble, along with interventions on the truth values of one or more variables. In our
case, the query is focused on the variable latent_collision. The evidence in-
cludes the current lane, the occupancy variables and the action it is performed.
The counterfactual variable is action. Thus, we are interested in calculating
probability values of the type9:

P
(
latent_collisioni = T

∣∣latent_collisione = T, curr_lanee = right,
free_Ee = T, free_NEe = F, free_NWe = F, free_SEe = T,

free_SWe = T, free_We = F, actione = cruise,

do(actioni = keep)
)

(1)

9 The truth value T means the truth-value true, and F means false (in the case of the
occupancy variables, T indicates that a location is empty and F that it is occupied
by another vehicle).
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Table 4. Number of groups with a unique minimum probability value and the number
of ties for first place (ranging from 2 to 5) across all groups and counterfactual models.

# of ties
(1st place) # of cases (1%) # of cases (50%) # of cases (100%) Total:

No ties 43 23 20 86
2 32 32 33 97
3 28 38 42 108
4 15 26 24 65
5 2 1 1 4

Total: 120 120 120 360

4 Evaluation and results

The evaluation of a counterfactual model involves a random selection of 120
unique state-action-latent_collision triplets from the list of identified po-
tential collisions (that is, in which latent_collision = T). These triplets are
further expanded by adding an intervention over the observed action with each
of the six actions that the self-driving car can perform (including the action
originally observed). Each unique triplet is thus transformed into a group of six
state-action-latent_collision-intervention quartets, all sharing the same
observed state-action-latent_collision triplet, but incorporating a different
intervention on the action. From each quartet, a query similar to that in Equation
1 is derived to be solved by the counterfactual models. In total, each counter-
factual model solves 720 queries. The objective is to identify an action (among
the six intervention alternatives) that minimizes the probability of latent_-
collision. It is assumed that the counterfactual actions with the lowest proba-
bility of latent_collision represents the best decision at hand to prevent or
reduce the severity of an accident under the observed circumstances.

Table 4 presents the number of ties for the first place observed across the
120 groups for the three counterfactual models when ranking the quartets within
each group from lowest to highest, according to their probability values. We con-
sider there can be from 2 to 5 ties on each group (the action currently observed
has a probability value of 1 and there is at least one safe action on each state).
For tie-breaking (that is, selecting an appropriate intervention among those sha-
ring the lowest probability value), we implemented a straightforward, standard
approach based on random selection. In accordance with our initial labeling of
state-action pairs as potential or non-potential collisions, results show that in
all three counterfactual models and test examples, the intervened action associa-
ted to the lowest probability value for latent_collision may indeed prevent a
crash. Table 5 resume the number of actions selected as the best alternative for
each counterfactual model, following the previous scheme. The average time for
solving each counterfactual query on the three models is 5.74 seconds (SD=0.15).
All tests were performed on a standard Core i7 laptop computer.
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Table 5. Number of actions selected as the optimal intervention in the three counter-
factual models.

Action

# of best
interventions

(1%)

# of best
interventions

(50%)

# of best
interventions

(100%) Total:

change_to_left 1 1 0 2
change_to_right 0 4 2 6

cruise 23 25 22 70
keep 59 51 47 157

swerve_left 22 24 30 76
swerve_right 15 15 19 49

Total: 120 120 120 360

Table 6. State-action pairs with 5 tied actions. The first two pairs, from top to bottom,
correspond to the counterfactual model trained with 1% of the data, and the last one
is the same for the models trained with 50% and 100% of the data (all actions other
than the observed are safe).

State variables

curr_lane free_E free_NE free_NW free_SE free_SW free_W
Observed

action

right F T T F T T CTR
right F T T F F T CTR
left T T T F F T CTL

4.1 Discussion

The initial results described above are encouraging. A qualitative analysis re-
vealed that 100% of the best driving decisions obtained through counterfactual
reasoning prevent car collisions. When ties occur between alternative interven-
tions, choosing an appropriate action for the current driving scenario becomes
particularly important. In our case, this is especially relevant due to the signifi-
cant number of ties identified on closer inspection of the results. A thorough ana-
lysis of the ranking of state-action-latent_collision-intervention quartet
with respect to their probability values within each group demonstrated that, in
all groups, all interventions with the lowest probability value are also safe actions
(note that there may be more than one safe action for some states). For example,
Table 6 show the 3 unique cases in which there are 5 equivalent interventions.
Yet factors beyond safety that include efficiency on energy consumption, bet-
ter use of available space, better adherence to traffic rules, cooperation with
other vehicles and human preferences can also be taken into account to improve
tie-breaking.
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5 Conclusions and future work

We have presented a counterfactual reasoning approach to prevent collisions
in a self-driving car using probabilistic logic twin networks. Twin networks are
derived from causal Bayesian networks designed through expert knowledge, data
from simulations and synthetic data. Three causal Bayesian networks were cons-
tructed and tested using training sets of varying sizes. Counterfactual reasoning
allowed us to decrease the probability of a car crash by intervening with alter-
native maneuvers, yielding promising results. Although we have not yet fully
exploited the descriptive and inferential capabilities of the Counterfactuals li-
brary, we recognize its suitability for development, debugging and analysis. This
probabilistic logic approach does not only enhance clarity of the causal model,
but it help us consider its deductive capabilities in explainability tasks in which
it is useful to track the inference path.

As a future work, we plan to perform an exhaustive testing with more colli-
sion cases, make more extensive use of the pobabilistic logic approach to include
new information for tie-breaking, and integrate counterfactuals into the decision-
making module of our self-driving vehicle. Additionally, we will incorporate new
information to the causal model, such as discrete versions of the distance from the
self-driving car to other vehicles, as well as speed and steering of all the vehicles
on the road. Furthermore, we will explore Counterfactuals to achieve counter-
factual explanations about relevant variables and rules in decision-making, with
the primary aim of enhancing transparency and trustworthiness in autonomous
vehicle systems.
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