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Abstract. Machine learning models demonstrate strong perception and
pattern recognition capabilities in complex traffic scenarios, while sym-
bolic decision-making mechanisms retain significant advantages in in-
terpretability and rule constraints. This paper proposes MLAPM-MAS,
a dual system Neuro-Symbolic accident prediction framework based on
the ML-MAS architecture, designed to enable collaboration between ma-
chine learning accident prediction models and BDI reasoning. System 1
models dynamic vehicle interactions using a Temporal Graph Attention
Network constructed from interpretable interaction features, enabling
continuous estimation of collision risk in complex traffic scenarios. The
resulting accident prediction assessments are mapped onto symbolic be-
liefs and decision constraints, which are then supplied to System 2, a
BDI agent, to guide subsequent planning and execution. Experimental
results on the CARLA simulation benchmark show that incorporating
accident-prediction constraints improves safety-related metrics and re-
duces certain traffic violations.

Keywords: Autonomous Driving · Neuro-Symbolic AI · BDI Agent ·
Temporal Graph Attention Network.

1 Introduction

The key challenge in autonomous driving is enabling vehicles to make autonomous
decisions in complex traffic environments. In recent years, rapid advances in
Machine Learning (ML), especially Deep Learning, have provided strong tech-
nical support for autonomous driving [24]. Autonomous driving systems con-
sist of multiple functional modules, each with its own problem formulation and
modelling approach rather than uniformly adopting a single end-to-end learning
model [2,7]. Deep learning can transform sensor data into semantically mean-
ingful representations of the environment, providing a foundation for decision-
making and control in autonomous driving systems. Vehicle trajectory planning
and vehicle control are typically achieved through rule-based or optimisation-
based models.

Although data-driven ML methods have achieved significant performance
gains, their end-to-end training paradigm lacks explicit structural and seman-
tic constraints on the internal decision-making process and is therefore often
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regarded as a black-box model. This characteristic makes such models difficult
to explain [16] and often results in limited generalisation when they encounter
complex scenarios outside the training distribution [14].

Symbolic Artificial Intelligence (AI) approaches to reasoning use symbolic
representations and logical inference mechanisms, making the reasoning process
relatively interpretable and supporting formal analysis and verification [15]. Hy-
brid AI approaches that integrate neural networks with symbolic reasoning have
attracted increasing attention in recent years. The dual-system theory in cogni-
tive science suggests that intelligent behaviour is supported by two systems [10].
System 1 is primarily responsible for fast, perception-driven processing, while
System 2 is associated with slower deliberative reasoning. In AI, the theory is
often used to characterise the functional division between data-driven learn-
ing methods and symbolic reasoning approaches, and to provide a conceptual
framework for their integration [3]. A key challenge within this framework lies
in abstracting environmental perception from neural networks into condition
representations that can be processed by symbolic reasoning systems, thereby
enabling decision-making based on logical rules [11].

The Machine Learning Multi-Agent System (ML-MAS) framework [1] inte-
grates ML models with Jason BDI agents [4] and applies them to autonomous
driving tasks in the CARLA simulation environment [8]. Neural network–based
System 1 and the symbolic reasoning–based System 2 operate as relatively in-
dependent functional components in ML-MAS.

This paper proposes the Machine Learning-based Accident Prediction Model
Multi-Agent System (MLAPM-MAS) as an extension of ML-MAS, introduc-
ing a graph neural network for accident prediction that is integrated into the
ML-MAS framework as another subsystem of System 1. The model’s output is
used to constrain the triggering conditions for the driving plans. The goal is
to effectively reduce the search space of candidate actions during the reasoning
stage without increasing the risk of collisions. The vehicle’s final control deci-
sions are still generated by an explicit BDI reasoning mechanism, which allows
the decision-making process to be understood and analysed in terms of rules and
state transitions. This study adopts the CARLA “Longest6 benchmark” [6] and
conducts comparative experiments on the first three routes of the Town01 map.
ML-MAS serves as the baseline, and all experimental results are evaluated using
the standard CARLA Leaderboard metrics. The results demonstrate that the
proposed extension effectively reduces collision rates while maintaining strong
overall driving performance.

2 Background

In this section, we discuss: how the ML-MAS framework operationalises the
dual-system concept as an executable multi-agent architecture; the CARLA au-
tonomous driving simulation platform as our testing environment for the coordi-
nated operation of ML models and BDI reasoning mechanisms; and the concepts
of Temporal Graph Attention Network (TGAT), which we use to train an ML
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accident prediction model within the ML-MAS framework to characterise tem-
poral interaction relationships among traffic actors.

2.1 The ML-MAS Framework

The dual-system theory is regarded as an important approach for integrating
Neuro-Symbolic AI [3,11,9]. The ML-MAS framework [1] embodies a dual-system
perspective by integrating ML models, in particular LAV [5], corresponding to
System 1, and the Jason BDI reasoning corresponding to System 2, thereby con-
structing an autonomous agent framework that reflects dual-system principles.
Pre-trained ML models handle primary control decisions in routine scenarios,
whereas in exceptional situations, the system switches to a BDI agent for logical
reasoning and planning.

Prior work has identified ten core research questions centred on dual-system
architectures [3]. One of these focuses on the mechanisms of cooperation and co-
ordination between System 1 and System 2. The ML-MAS framework introduces
a centralised coordination module, termed the Orchestrator, to achieve unified
control between the two systems. The BDI bridge within the framework provides
communication via socket-based mechanisms and JSON messages. The Orches-
trator is responsible for managing and invoking the ML components within the
system, as well as collecting and preprocessing multi-source sensor data from
the simulation environment. The processed information is then synchronously
distributed to System 1 and System 2. Through this unified coordination and
information-sharing mechanism, the ML-MAS framework enables the collabo-
rative operation of data-driven learning and symbolic rational reasoning within
CARLA autonomous driving simulation scenarios.

2.2 CARLA and the DeepAccident Dataset

CARLA is an open source urban autonomous driving simulation platform that
incorporates a high-fidelity simulation engine to model complex urban road driv-
ing environments [8]. CARLA support flexible sensor configurations, including
multi-view RGB cameras, LiDAR point clouds, and multi-class semantic seg-
mentation outputs. The platform can output driving behaviour and safety eval-
uation metrics, thus providing comprehensive support for the development and
testing of autonomous driving systems. CARLA provides dedicated testing and
evaluation tools. ScenarioRunner is a testing framework for defining and exe-
cuting complex traffic scenarios and for systematically verifying and evaluating
autonomous driving systems.

CARLA Leaderboard1 provides a unified benchmarking platform for compar-
ing the overall driving performance of different autonomous driving approaches
under diverse scenario conditions. The benchmark quantitatively evaluates sys-
tem behaviour in simulation using driving performance metrics, offering a stan-
dardised basis for comparison.
1 http://leaderboard.carla.org/ (Accessed: 21/02/2026)

http://leaderboard.carla.org/
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DeepAccident is a large-scale autonomous driving dataset constructed using
the CARLA simulation platform [18]. The dataset comprises 285000 annotated
samples and 57000 frames of multi-agent cooperative perception data captured
from multiple viewpoints, sampled at 10Hz. The simulated environment is con-
figured as urban intersection scenarios, covering 12 representative types of traffic
accidents. These scenarios are defined based on real-world crash cases described
in pre-crash reports issued by the U.S. National Highway Traffic Safety Admin-
istration (NHTSA).

Each accident scenario is constructed with four vehicles and a single infras-
tructure node. All vehicles and infrastructure units are equipped with multi-view
RGB cameras and LiDAR sensors to generate image data and point cloud data
from different viewpoints. The collected data integrates both spatial and motion
information of traffic actors, providing a unified data foundation for a range
of perception and prediction tasks in autonomous driving. This dataset also
includes collision-free normal traffic samples, enhancing scenario diversity for
motion modelling tasks.

Table 1: DeepAccident data types.
Field Name Description
Object Type The category of the detected object
h,w,l Shape of object
x,y,z The position information of the object
yaw Yaw angle (rotated around the Z-axis) units
vx,vy The velocity of the object in the x/y direction
Object ID The unique ID of the object
LiDAR Points The number of laser points in the 3D box of the object
Visible Can the target be seen by the camera

As shown in Table 1, DeepAccident provides attribute descriptions of the
spatial structure and motion states of vehicles and pedestrians. However, traffic
accidents often arise from interactions among multiple traffic actors that evolve
over time, and static attributes alone are insufficient to capture temporal depen-
dencies.

2.3 Temporal Graph Attention Network

Temporal Graph Attention Network (TGAT) models interactions as timestamp
events and injects continuous time encodings into a self-attention mechanism,
enabling dynamic modelling of the influence of historical interactions through
multi-hop message passing under temporal causality constraints [20]. TGAT can
represent the mutual influences and evolving relationships among multiple agents
across different temporal scales. Continuous time is represented through a learn-
able functional mapping, such that the inner product between encodings at dif-
ferent time points depends solely on their temporal difference. This method
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leverages Bochner’s theorem to approximate a translation-invariant temporal
kernel using a random feature expansion. It represents continuous time in a
finite dimensional functional form Φm(t) parameterised by a set of learnable
frequency parameters {ω1}di=1. Temporal information can be incorporated into
the self-attention computation in a differentiable manner and optimised through
end-to-end learning.

We use TGAT with a standard sinusoidal/learned time encoding [20]:

Φm(∆t) =
1√
m

[
cos(ωk∆t), sin(ωk∆t)

]m
k=1

(1)

where {ωk} are learned frequencies. The encoding is concatenated with node
and edge features and consumed by a temporal attention aggregator (standard
TGAT, we omit the details for simplicity).

The Temporal Graph Attention Layer in TGAT aggregates neighbourhoods
that satisfy temporal constraints at a given time point, and feeds node features,
edge features, and time encodings into a self-attention mechanism. The attention
mechanism learns the influence weights of different historical neighbours on the
target node representation. The model leverages stacked Temporal Graph Atten-
tion Layers to propagate multi-hop temporal information. TGAT can therefore
characterise time-evolving interactions between an individual target and multi-
ple actors in complex traffic scenarios, providing temporal modelling capabilities
for accident prediction analysis.

3 Neuro-Symbolic Accident Prediction Framework

This section introduces our ML-MAS extension, MLAPM-MAS. Fig. 1 shows the
extended overview of MLAPM-MAS. In System 1, we employ a TGAT model to
capture dynamic interactions among vehicles and to predict potential collision
risk. The output of System 1 is further mapped into symbolic risk beliefs and
used as input conditions for the BDI agent (System 2), providing constraints
for subsequent symbolic decision-making and action planning through novel de-
celeration plans. The remaining elements remain the same as in the original
ML-MAS [1] (see Section 2.1 for details).

3.1 Encoding of Traffic Vehicle Node Features and Edge Features

The DeepAccident dataset provides raw LiDAR data for constructing TGAT
input features. Node features are represented as three-dimensional bounding
boxes for traffic actors and comprise their geometric and semantic attributes.
Edge features describe the physical relationships between different actors. The
spatial information of all agents is unified within CARLA’s world coordinate
system. Each traffic actor is associated with its position coordinates pl heading
angle γl and velocity vector vl.
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Fig. 1: MLAPM-MAS overview, with the ⋆ representing the novel extensions.
Dec Plan are the novel deceleration plans.

The information is expressed in each agent’s local LiDAR coordinate system
and cannot be used directly until it is transformed into a common world coor-
dinate frame. DeepAccident provides the corresponding coordinate transforma-
tion parameters for this purpose. The rotation matrix Rle and the corresponding
translation vector tle are used to transform coordinates from the LiDAR coordi-
nate frame to the ego vehicle2 coordinate frame. The rotation matrix Rew and
its corresponding translation vector tew are used to transform coordinates from
the ego vehicle coordinate frame to the world coordinate frame.

All object states are expressed in the CARLA world frame using dataset-
provided rigid transforms:

pw = TewTlep
l, vw = RewRlev

l, γw = yaw(RewRle, γ
l), (2)

where Tle, Tew are SE(3) transforms (with rotations Rle, Rew).
After transforming all required information for each object into the CARLA

world coordinate system, the spatial distances and relative orientations between
vehicles can be compared at any time instant. We abstract each vehicle and
pedestrian as a rectangular bounding box and compute geometric relationships
within a unified world coordinate frame for accident prediction.

Whether two vehicles exhibit spatial overlap can be approximated by exam-
ining the separation between their projections along the line connecting their
centres. We adopt the minimum projection distance as the edge feature in the
graph structure. This feature jointly captures both the relative spatial distance

2 An ego vehicle is the main vehicle being modelled, controlled, or observed in a driving
scenario.
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and relative orientation between vehicles, and serves as an important physical
measure for assessing potential collision risk.

Fig. 2: Geometric illustration of the minimum projected distance between two
vehicles.

Each vehicle is approximated as an oriented 2D rectangle (length l, width
w) in the world frame. Let d = ∥p2 − p1∥2 and let ϕ be the angle between the
line-of-centres and the vehicle yaw. The maximum half-extent of an oriented
rectangle along direction ϕ is:

s(ϕ) =
l

2
|cosϕ|+ w

2
|sinϕ|. (3)

For a vehicle pair (1, 2), define s1 = s(ϕ1) and s2 = s(ϕ2) with respect to the
shared line-of-centres. The minimum projected separation (edge feature) is then:

ds = d− (s1 + s2). (4)

A negative ds indicates overlap. A smaller ds indicates a higher collision risk.
The corresponding graph structure is constructed once the node features and

edge features have been defined. This graph structure represents the relationships
between individual nodes.

3.2 TGAT Model for Accident Prediction

The training dataset must be updated before training the accident prediction
model. The node features and edge features have already been defined in the pre-
ceding section. However, these features describe static relationships. To capture
the temporal interactions among vehicles, the data needs to be organised into a
temporal graph. Each interaction is represented as a timestamp edge (u, i, ts, r).
u and i denote the node identifiers of the two interacting entities, ts denotes the
timestamp at which the interaction occurs, and r represents the edge feature
computed from the physical relationship between them. The timestamp ts of
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the ego vehicle node n in the current event is first determined during temporal
neighbour aggregation in TGAT. Neighbour timestamps tsi satisfying tsi < ts
are then selected from the historical timeline. The time differences ∆ti are en-
coded using (1) and concatenated with node and edge features prior to temporal
attention aggregation.

TGAT aggregates temporally valid neighbours N(u, ts) = {(i, tsi, ri) | tsi <
ts} using multi-head attention over concatenated inputs [ni∥ri∥Φm(ts − tsi)].
The resulting temporal embedding is:

eu(ts) =
∑

(i,tsi,ri)∈N(u,ts)

αui(ts) g(ni, ri, Φm(ts− tsi)) , (5)

where αui(ts) are attention weights and g(·) is a learned projection (standard
TGAT, we omit the details for simplicity).

Labels in DeepAccident are assigned to the two vehicles involved in a col-
lision. All edge events corresponding to collisions are selected as positive sam-
ples (uc, ic, ts, rc). TGAT performs attention aggregation for the ego vehicles
uc and the colliding vehicle ic at time ts. It recursively aggregates information
from their respective historical interaction sequences. Two temporal embeddings
euc

(ts) and eic(ts) are thus obtained for the two vehicles. Negative samples are
constructed by randomly selecting a vehicle in that did not collide with uc at the
same time step ts. This is used to construct a negative edge sample (uc, in, ts, rn)
and to obtain the corresponding negative embedding ein(ts). A similarity func-
tion fθ is defined to compute similarity scores for positive and negative sample
pairs, where θ is the learnable parameter of TGAT. sp and sn are scalar scores
obtained by applying the similarity function to the temporal node embeddings,
and they serve as logits in contrastive learning. Their values is in the range
sp, sn ∈ (−∞,+∞).

Training follows standard TGAT and DeepAccident practices: collision edges
are treated as positive samples, and non-collision edges as negative samples.
A similarity score s = fθ(eu(ts), ei(ts)) is mapped to a risk probability via a
sigmoid and optimised with binary cross-entropy.

p = σ(s), L(θ) = BCE(p, y). (6)

TGAT uses the similarity function to evaluate the association between a
vehicle pair and the occurrence of a collision event at a given timestamp in
the contrastive learning framework. This association is determined by historical
interaction patterns and their temporal dependencies. The current interaction
continues to influence the propensity for future collision events, and this influence
is reflected in the similarity function’s output.

3.3 Online Inference and BDI Integration

TGAT is deployed in the CARLA to perform online evaluation of interaction
relationships between vehicles in dynamic traffic scenarios. First, the three-
dimensional bounding-box information and semantic labels for each traffic actor
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are obtained from CARLA, and the relevant attributes are extracted and en-
coded into node feature vectors. Subsequently, the global positions and orienta-
tions of other vehicles are extracted to construct edge features in later stages.

The ego vehicle in Fig. 3 is taken as the reference vehicle, and a single frame
is selected in which the minimum projected distance to all traffic actors in the
scene is computed. The traffic actors are ranked in ascending order according to
the projected distance, and the n actors with the smallest distance are selected as
fixed interaction neighbours. Let Iu = {i1, . . . , in} denote the set of fixed neigh-
bours of the ego vehicle node u. Corresponding interaction event (u, ik, ts1, r1)
is constructed at the reference frame timestamp ts1 for the ego vehicle node u
and any neighbour node ik ∈ Iu.

The selected n fixed neighbours are continuously tracked, and their edge
feature data are collected up to the current time t. A historical interaction time
series of length t, denoted as {(u, ik, tsj , rj)}tj=1, is constructed for each node
pair (u, ik). tsj is the historical timestamp of timestamp j. rj means the edge
feature computed from the minimum projected distance at the timestamp j.

We introduce virtual time indices after the observed frames as temporal an-
chors for subsequent embedding computation. The virtual time indices t+ 1
retain the static node features of the corresponding traffic actors while setting
the edge feature to 0, thereby constructing timestamps that do not correspond to
real physical states. The node features nu of the ego vehicle and ni of the neigh-
bouring vehicle remain unchanged within the selected time window [0, t+ 1].
The node features and the edge features rj at each historical timestamp j are
projected into attention space via a linear mapping. This projection generates
an attention embedding for the historical interaction events.

TGAT aggregates attention embeddings from historical interactions before
the virtual time index, producing temporal embeddings for the ego vehicle and
neighbouring vehicles at that timestamp (Fig. 4). T1 and T2 denote the starting
points of different historical time windows, t denotes the length of the historical
interaction sequence, and t+ 1 is an introduced virtual time index that serves
as the temporal anchor for accident inference. Assuming the initial time is set to
zero, the similarity function computes a similarity score st+1 for the temporal
embeddings at virtual time index t+ 1, which is then mapped through a sigmoid
function to obtain the risk score σ(st+1).

The TGAT training objective encourages temporal embeddings associated
with interaction patterns similar to collision samples to receive higher similar-
ity scores in the representation space. Embedding corresponding to non-collision
interaction patterns tends to receive lower scores. On this basis, a decision thresh-
old can be defined in the risk-score space to distinguish between different risk
levels. When the risk scores σ(st+1) fall below the threshold, the corresponding
interactions are regarded as low risk. Risk scores exceeding the threshold indicate
a higher risk of collision and trigger a collision warning. The ML-MAS Orches-
trator converts this warning into a symbolic alert belief and updates the BDI
belief base accordingly. This alert belief is maintained online at each control step
and removed when no longer valid. The BDI agent then uses this belief during
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Fig. 3: ⋆ represents the ego vehicle. Fig. 4: Accident inference via TGA.

context checking and plan selection, enabling the corresponding risk-avoidance
plan when necessary.

This decision-making strategy maps TGAT’s risk assessment outputs into
symbolic beliefs, enabling effective integration between the data-driven percep-
tion model and the rule-based cognitive decision mechanism. The ML model
abstracts latent risk patterns from vehicle interaction data. The symbolic deci-
sion layer uses the threshold risk beliefs to activate goals and select intentions.
The ML model is combined with interpretable symbolic logic rules, and both
collectively participate in the control decision process. Although the ML model
itself is difficult to interpret, the symbolic rule layer provides explicit logical
constraints and traceable reasoning paths for decision making.

4 Accident Prediction Model Training and Evaluation

During training, highly similar edge features across consecutive frames can intro-
duce redundant observations and reduce training efficiency. Based on these con-
siderations, for each collision event (u, ik, tst, rt), vehicle interaction data from
the 14 consecutive frames preceding the collision are selected as the historical
observation window. This window is divided into t = 8 time segments to reduce
redundancy between adjacent observations. The first six time segments are used
for model training. The eighth time segment is used for prediction. These values
were selected to balance predictive performance with computational efficiency.

Adam optimiser is used during the model training phase to optimise all learn-
able parameters of TGAT, with the learning rate set to 4× 10−4. The training
objective is formulated as a binary classification problem and optimised using
the binary cross-entropy loss with logits. The training process uses mini-batch
stochastic gradient descent with a batch size of 8. The training sample indices
are randomly shuffled in each epoch, and the samples are divided into multiple
batches, which are trained sequentially. This design prevents the model from
repeatedly encountering interaction samples with highly similar temporal struc-
tures across successive iterations.

The validation dataset is split into two subsets. The first validation set is
drawn from the same data collection as the training set but is strictly separated
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from the training samples along the temporal dimension. The model learns from
interaction events within the historical time window [1, t] during training. The
model uses a historical observation window of length t as input to evaluate its
ability to predict the interaction outcome at t+ 1 in the training scenario. The
second validation set consists of data never used during training. Samples are
ranked and classified by predicted score to evaluate the model’s ability to identify
collision-related interaction samples in this set.

TGAT assigns a risk score to each pair of the ego vehicle and a neighbouring
vehicle to estimate the likelihood of a future collision. This work evaluates model
performance from multiple perspectives using metrics such as Average Precision
(AP), Area Under the ROC Curve (AUC), Accuracy, and F1 score. AP on the
validation set is used as the primary early-stopping criterion during model train-
ing. When the AP achieved on the validation set in the current epoch exceeds
the historical best, the corresponding model parameters are saved as the current
best model to prevent overfitting in ranking performance.

Fig. 5: Training results on unseen and seen scenarios.

As shown in Fig. 5, in the “Seen Scenario” the model exhibits a rapid im-
provement across all performance metrics during the early stages of training.
Within the epoch range of 10 to 15, all performance metrics exceed 0.8 and
remain stable. The model converges stably after epoch 15.

The model in the Unseen scenario likewise produces usable discriminative
results during the early stages of training. All four evaluation metrics achieve
higher performance from epoch 10 onwards, with values exceeding 0.70. Accuracy
and the F1 score are both computed based on a fixed decision threshold. When
the model’s risk scores vary slightly around the threshold, some samples may
switch between positive and negative classes even if the overall ranking structure
remains unchanged. This switching leads to concurrent changes in the numbers of
true positives, false positives, and false negatives, thereby amplifying fluctuations
in Accuracy and the F1 score. These results indicate that the model learns a
stable structure for ranking collision risk, with good generalisation capability
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in both scenarios. However, using a fixed decision threshold leads to reduced
sensitivity of classification performance across scenarios.

5 MLAPM-MAS Evaluation

Possible collision risks are identified in the original ML-MAS framework using
obstacle detection based on spatial region and lateral displacement. The system
records two-dimensional position (x, y) for each perceived target in the vehicle
coordinate frame at each frame. x represents the relative distance of the target
along the vehicle’s forward direction. y is the lateral offset of the target relative
to the vehicle’s longitudinal axis. The crossing risk assessment region is defined
by target positions that satisfy {(x, y) | x < xl ∧ |y| < yl}. xl and yl are the
threshold values for the forward distance and lateral offset. When the lateral
positions y and y2 of the same target in two consecutive frames satisfy y − y2 ̸= 0,
the target is considered to display lateral displacement over time. The above
detection strategy has limitations in a high-speed driving scenario. The effective
reaction distance defined by the predefined detection region may be insufficient
to support adequate vehicle deceleration at high speeds. The limited reaction
time available to the system once a target enters the detection region increases
the risk of collision.

We introduce a novel deceleration plan for high-speed scenarios to mitigate
the insufficient braking response of the existing obstacle detection mechanism.
The output of the accident prediction model is incorporated as an additional
constraint on this deceleration plan to suppress unnecessary plan activation in
low-risk scenarios.

5.1 BDI Deceleration Strategy

Our novel deceleration plan within the ML-MAS framework imposes additional
safety constraints for high-speed driving scenarios. When the vehicle speed ex-
ceeds a predefined threshold, a single-frame deceleration command is applied to
lower the vehicle speed.

We run experiments on the first three routes of the Town01 map in the
CARLA Longest6 benchmark. The original crossing-detection plan in ML-MAS
serves as the baseline scheme. LAV-only is introduced as an additional compara-
tive baseline. All results are evaluated using the standard CARLA Leaderboard
metrics for collision rate and overall driving score, based on the average of five
runs per approach. Table 2 shows that introducing a BDI control layer within
the Neuro-Symbolic architecture leads to an improvement in overall driving per-
formance compared with the configuration using only the neural network LAV,
with the Driving Score increasing from 43 to 56. Introducing the deceleration
plan reduces the collision-rate metric to 0.00. Adding the Accident Prediction
Model further improves the overall driving score to almost perfect, except for a
slight penalty for lane deviation.
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Table 2: Performance comparison in front-crossing scenarios. “Dec Plan” denotes
ML-MAS equipped with the proposed deceleration plan, while MLAPM-MAS
integrates the accident prediction model on top of the same deceleration plan.
Bold font identifies best values.

Metric LAV ML-MAS Dec Plan MLAPM-MAS
Collision (Pedestrian) 0.020 0.018 0.000 0.000
Collision (Vehicle) 0.018 0.008 0.000 0.000
Red Light Violations 0.008 0.009 0.026 0.000
Lane Deviation 0.000 0.000 0.000 0.008
Driving Score 43 56.000 78.100 99

5.2 BDI Deceleration Plan Triggered by Accident Prediction Model

To ensure safety while reducing unnecessary activations of the deceleration plan
and thereby lowering decision-making overhead, we introduce the accident pre-
diction model as a triggering constraint. This accident prediction model in
MLAPM-MAS is implemented by TGAT. The raw input data of the inference
phase are obtained from the CARLA simulation environment. The Orchestrator
module in the ML-MAS framework is used to obtain global traffic-state infor-
mation from the current simulation scenario. The minimum projected distance
between vehicles is computed from this information and used as the edge-feature
input during model inference. We compute and compare the accident prediction
scores for the two vehicles closest to the ego vehicle, and select the highest score
as the assessment result at the current time step. The historical observation se-
quence is divided into 6 time segments, each sampled at 2 fps, to construct the
temporal input for the ego vehicle and its interacting neighbours. An additional
8th time segment is introduced after the observed frames and used as a target
timestamp. The edge features for this segment are set to zero, so it serves solely
as the target time point for risk assessment. The risk decision threshold is set
to 0.6 in the CARLA online inference-and-control scenario. When the risk score
exceeds this threshold, the risk assessment model returns a collision warning
signal to the Orchestrator module.

If the collision warning signal is activated, the BDI agent takes over vehicle
control to initiate deceleration. Given the current vehicle speed v0 and a pre-
defined deceleration rate a, the time required to complete deceleration can be
estimated as t v0

a . Based on the simulation control frequency f , this deceleration
time is then mapped to the corresponding number of control frames N = tf .

Orchestrator continuously provides the collision warning signal as a Belief to
the BDI agent for N consecutive control frames. The BDI agent checks whether
obstacles are ahead and whether the vehicle is exceeding the speed limit, and
executes the deceleration action when these conditions are satisfied, as shown in
Algorithm 1.

As shown in Table 2, the “Deceleration Plan (MLAPM-MAS)” indicates that
introducing collision warnings as additional constraints does not increase the
collision rate compared to using the deceleration plan alone. Table 3 shows that
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Algorithm 1 Single-frame slowdown triggered by neural risk belief.
Input:

Risk alert belief from Neural Network: mlAlert
Ego state at frame F1: speed Sp, steering st
Scene information at frame F1: info(F1, Sp, FS,DS)
Speed threshold for high-speed handling: Spthr

Output:
Control command u

1: HighSpeed← (Sp > Spthr)
2: if mlAlert ∧HighSpeed then
3: u← SlowDown(duration = 1 frame)
4: return u

although the total number of frames increases across all routes, the proportion of
BDI interventions presents a consistent decreasing trend. These results demon-
strate that the neural network’s risk beliefs act as a filter within the symbolic
decision layer, reducing unnecessary plan activations and control takeovers in
low-risk scenarios. This mechanism maintains stable overall driving performance
while reducing the frequency of BDI decision interventions and the associated
symbolic reasoning overhead.

Table 3: Comparison of BDI intervention ratios with and without accident pre-
diction model. “Dec Plan” denotes ML-MAS equipped with the proposed decel-
eration plan, while MLAPM-MAS integrates the accident prediction model into
the same deceleration plan. Bold font identifies best values.

Metric Dec Plan MLAPM-MAS
Route 1 Frames 6947 8897
Route 1 Ratio 0.071 0.033
Route 2 Frames 11715 11422
Route 2 Ratio 0.035 0.028
Route 3 Frames 6456 7759
Route 3 Ratio 0.051 0.019

Table 4 compares the driving performance metrics of ML-MAS and MLAPM-
MAS across all of the “Longest6 benchmark” routes. The execution is dynamic,
and different runs can yield different outcomes. We ran each framework three
times3 and selected the results from the best run (higher driving score) for each.
MLAPM-MAS shows improved performance in pedestrian and vehicle collision
detection. The pedestrian collision rate is reduced from 0.024 to 0, while the
vehicle collision rate decreases from 0.191 to 0.132. These results indicate that the
MLAPM-MAS can cover the majority of potential pedestrian accident scenarios

3 Each run of the entire benchmark can take several days, even on a powerful machine.
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and has the capability to identify and respond to high-risk interactions between
vehicles.

The additional deceleration actions triggered by accident prediction also pos-
itively affect metrics related to traffic rules. Red-Light violations and lane devi-
ations are reduced. In general, lower driving speeds improve a car’s controllabil-
ity. However, the deceleration plan also introduces certain side effects. Collisions
with layouts and traffic-jam events are increasing. This partially explains the
reduction in the Route Completion Score from 91.43 to 87.79.

Table 4: Driving performance metrics on CARLA Longest6 Benchmark. Bold
font identifies best values. Lower values are better in all metrics except the last
three, where higher values are better. The penalty score is a coefficient that
starts at 1 and decreases with each traffic violation.

Driving Performance Metrics ML-MAS MLAPM-MAS
Collision (Layout) 0.063 0.083
Collision (Pedestrian) 0.024 0.000
Collision (Vehicle) 0.191 0.132
Lane Deviation 0.103 0.089
Red Light Violations 0.201 0.161
Route Deviation 0.041 0.045
Route Timeout 0.070 0.048
Stop Infractions 0.140 0.139
Traffic Jam Incidents 0.050 0.084
Penalty Score 0.476 0.580
Route Completion Score 91.430 87.790
Driving Score 42.600 48.47

6 Related Work

Recent works have explored the use of large language models to enhance decision-
making in autonomous driving systems. Instead of relying solely on direct sensor-
to-action mappings, these approaches introduce hierarchical architectures in
which LLMs serve as high-level reasoning modules, transforming perceptual in-
puts into semantic representations and guiding decisions through structured in-
ference.

A common design choice in these methods is to distinguish between reac-
tive decision-making and deliberative reasoning, where immediate responses are
complemented by higher-level reasoning processes [13,23,22]. The reactive com-
ponent ensures real-time responsiveness through data-driven or end-to-end con-
trol, while the reasoning component leverages large language models to perform
language-guided decision-making via structured prompting and semantic reason-
ing. Specifically, perceptual inputs are transformed into linguistic or semantic
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representations, which are then processed through mechanisms such as chain-of-
thought reasoning, rule extraction, or reflective prompting to generate high-level
decisions [19,13,23,22]. These works highlight the growing role of language-based
reasoning over semantic representations for improving decision-making in com-
plex driving scenarios.

Another line of work focuses on integrating neural perception with explicit
symbolic reasoning for decision-making in autonomous driving. Instead of re-
lying on implicit representations learned through end-to-end training, these ap-
proaches introduce intermediate symbolic abstractions, such as knowledge graphs,
logical rules, or domain-specific programs, which serve as the foundation for
decision-making [21,12,17]. A key characteristic of these methods is the formula-
tion of driving decisions as a structured reasoning process over symbolic repre-
sentations [21,17]. Neural components are responsible for perception and feature
extraction, while symbolic modules enforce constraints, encode prior knowledge,
and guide decision logic [12,17].

Although these approaches differ in their strategies, including reinforcement
learning, program synthesis, and imitation learning, they share a common objec-
tive of learning or constructing policies that operate on structured representa-
tions rather than raw observations [21,17]. In contrast, MLAPM-MAS leverages
a graph neural network to capture relational dependencies and temporal inter-
action patterns among multiple agents, supporting continuous risk assessment
rather than static state reasoning. The use of a BDI framework provides an ex-
plicit, executable decision-making structure in which beliefs, goals, and plans are
clearly defined and updated at runtime. This allows learned risk information to
be directly incorporated into the reasoning process as actionable constraints.

7 Conclusion

This work builds upon the dual-system neuro-symbolic architecture provided
by ML-MAS, mapping accident-risk predictions from a TGAT model into sym-
bolic beliefs within a BDI agent and using them to constrain the activation of
BDI plans. Results demonstrate that, while maintaining stable overall driving
performance and safety metrics, introducing accident prediction beliefs reduces
unnecessary symbolic plan interventions in low-risk scenarios, thereby lowering
the execution frequency of the symbolic decision layer. The neural model is
responsible for continuous risk estimation, while the symbolic reasoning layer
executes rule-based decisions, with a clear separation of roles maintained at the
decision stage. The neural network model influences only the input conditions
of symbolic decision-making, rather than replacing rule-based reasoning or plan
execution. This preserves the interpretability of the symbolic decision process.

Future work will explore how symbolic information generated during the BDI
reasoning process can be fed back into neural network inference or training. This
would enable bidirectional interaction between System 1 and System 2.

Disclosure of Interests. The authors have no competing interests to declare that
are relevant to the content of this article.
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