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Abstract:
Traffic microsimulators such as SUMO are widely used to evaluate road network performance under
various “what-if” conditions. However, the behavior models controlling the actions of the actors are
overly simplistic and fails to capture realistic actor-actor interactions and its impact on an actors
behavior. Deep learning-based methods have been applied to model vehicles and pedestrians as
“agents” responding to their surrounding “environment” (including lanes, signals, and neighboring
agents). Although effective in learning actor-actor interaction, these approaches fail to generate
physically consistent trajectories over long time periods, and they do not explicitly address the
complex dynamics that arise at traffic intersections which is a critical location in urban networks.
Inspired by the World Model paradigm, we have developed an actor centric generative model
using transformer-based architecture that is able to capture the actor-actor interaction, at the
same time understanding the geometry to the traffic intersection to generate physically grounded
trajectories that are based on learned behavior from the data. Moreover, we test the model in a
live “simulation-in-the-loop” setting, where we generate the initial conditions of the actors using
SUMO and then let the model control the dynamics of the actors. We let the simulation run
for 40000 timesteps (4000 seconds), testing the performance of the model on long timerange and
evaluating the trajectories on traffic engineering related metrics. Experimental results demonstrate
that the proposed framework effectively captures complex actor–actor interactions and generates
long-horizon, physically consistent trajectories, while requiring significantly fewer training samples
than traditional agent-centric generative approaches. Our model is able to outperform the baseline
in most of the metrics as well as aggregate speed and travel-time metrics where our model beats
the baseline by more than 10x on the KL-Divergence.

1 INTRODUCTION

Microsimulators for transportation are used to
model large geographical regions by construct-
ing a virtual representation of the environment
and simulating the behavior of individual actors
within it. By explicitly modeling each agent, mi-
crosimulation enables the study of how changes to
infrastructure, control strategies, or demand pat-
terns influence a wide range of system-level traffic
statistics. These simulators provide a testbed for
conducting experiments in silico, allowing the im-
pact of potential interventions to be evaluated be-
fore they are deployed in the real world, thereby
reducing the risk of undesirable consequences and
inefficiencies. There are several widely used open-

source platforms such as SUMO and MATSim
which offers researchers accessible tools to ana-
lyze and study traffic flow at scale. Using mi-
crosimulators, researchers can investigate a wide
range of transportation-related questions, such as
evaluating alternative intersection and corridor
designs including lane additions, roundabouts,
turn lanes, and signal phasing schemes and com-
pare their impacts on delays, queue lengths, and
travel times. Microsimulation is also commonly
used to study driver behavior, car-following and
lane-changing dynamics, and safety-related surro-
gate metrics (e.g., conflicts and near-miss events),
particularly for vulnerable road users.

In traffic microsimulation, the state of each ac-
tor is updated at every small time step, typically
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ranging from 0.1 to 1 second using behavior mod-
els that react to the actor’s local environment.
System-level traffic phenomena such as queues,
shockwaves, and congestion emerge from the ag-
gregation of these thousands of localized, indi-
vidual updates. For vehicle dynamics, commonly
used car-following models such as the Intelligent
Driver Model and the Krauss model compute a
vehicle’s acceleration based on its own speed, the
distance to the leading vehicle, and the leader’s
velocity. Pedestrian microsimulation, in contrast,
often relies on force-based formulations such as
the Social Force Model, in which each agent ex-
periences attractive forces toward its goal and re-
pulsive forces from other pedestrians and obsta-
cles.

Despite their effectiveness, these behavior
models have notable limitations in capturing re-
alistic human behavior(Ni, 2020). Many car-
following and lane-changing models assume “av-
erage” drivers with smooth and rational re-
sponses, making it difficult to reproduce aggres-
sive, distracted, or abnormal driving behaviors,
as well as rare and safety-critical maneuvers.
Moreover, calibrating such models is challenging
due to limited availability of high-fidelity behav-
ioral data, which restricts the estimation of fine-
grained, actor-specific parameters. As a result,
these models typically rely on population-level
average parameters, limiting their ability to accu-
rately capture diverse real-world actor–actor in-
teractions.

The advent of machine learning, and deep
neural networks in particular, has fundamentally
transformed modeling paradigms in transporta-
tion systems. Data-driven approaches enable the
learning of complex, nonlinear dependencies and
high-dimensional interaction patterns that are
difficult, if not infeasible to capture using hand-
crafted, equation-based models. Moreover, prob-
abilistic and generative learning frameworks pro-
vide a natural mechanism to represent the inher-
ent uncertainty and stochasticity present in hu-
man decision making. As a result, generative ar-
chitectures have been widely adopted for trajec-
tory forecasting(Salzmann et al., 2021)(Shi et al.,
2023) and, more recently, for simulating the mo-
tion of surrounding vehicles in autonomous driv-
ing contexts(Zhang et al., 2023a).

However, simulation frameworks based on
purely agent-centric generation face two key chal-
lenges. First, closed-loop rollout over long hori-
zons is highly susceptible to error accumulation
and covariate shift, as small prediction errors

compound over time and progressively shift the
system away from the training distribution. Sec-
ond, learning physically plausible and socially
consistent trajectories even over short horizons
typically requires large volumes of high-quality
data, due to the need to implicitly learn com-
plex physical constraints and multi-agent dynam-
ics from observations alone.

World models(Ha and Schmidhuber, 2018)
constitute a line of research rooted in insights
from neuroscience, which suggest that humans
internally simulate future states of their envi-
ronment before committing to an action. By
mentally rolling out possible futures, humans can
evaluate and discard unfavorable actions without
executing them in the real world. This perspec-
tive extends beyond the classical Markov Deci-
sion Process (MDP) formulation, which typically
focuses on directly learning a policy or value func-
tion that maps states to actions in order to max-
imize long-term reward, without explicitly mod-
eling environment dynamics.

In contrast, world-model-based approaches
aim to learn an internal, predictive model of the
environment itself, enabling reasoning, planning,
and decision making through simulated rollouts.
Such models have recently gained traction in
physical AI settings, including autonomous driv-
ing and robotics, where capturing complex envi-
ronment dynamics and long-horizon consequences
is essential for effective planning and control.

Traffic intersections represent highly complex
conflict zones where the trajectories of vehicles
and pedestrians intersect, and a substantial frac-
tion of both fatal and non-fatal crashes occur.
Beyond safety, intersections also exert a signif-
icant influence on overall travel times and con-
gestion levels across traffic corridors. Accurately
modeling the diverse and often uncertain behav-
iors of traffic participants at intersections is there-
fore critical for improving safety, operational ef-
ficiency, and driving comfort.

Traffic intersections pose a uniquely challeng-
ing simulation setting: they exhibit high uncer-
tainty due to stochastic decision making and rich
actor–actor interactions, while simultaneously
providing strong structural constraints in the
form of fixed geometry, lane topology, and signal
timing plans. In this work, we leverage this struc-
ture by combining principles from world-model-
based learning with generative, multi-agent inter-
action modeling to develop an intelligent, data-
driven microsimulation framework for traffic in-
tersections.



2 RELATED WORKS

Significant research has been done on Deep
Learning-based Trajectory Prediction Models
(Huang et al., 2022). These models often use the
vehicle’s prior trajectory trace, along with infor-
mation such as neighboring agents, lane geometry
etc. Trajectron++ (Salzmann et al., 2021) was
an important model that combined LSTM-based
history encoding with graph attention for interac-
tion modeling, but it was not able to capture the
dynamics of a traffic intersection such as traffic
signal. IntersectionNet (Wu et al., 2024) similarly
unrolls trajectories, incorporating curvilinear co-
ordinates and geometry-aware attention, demon-
strating its efficacy at signalized intersections.
(Jia et al., 2023) introduces a graph transformer
that encodes scene context and agent dynamics
for multi-agent trajectory prediction. These mod-
els are primarily designed to simply unroll the
trajectories under certain conditions.

On the other hand, ‘World Models’ that try
to unroll the dynamics of the entire state of the
environment have also been gaining popularity
in the past few years. Survey papers such as
(Guan et al., 2024) provide comprehensive sur-
veys and taxonomies of world-model approaches
in autonomous driving, covering perception, pre-
diction, planning, and simulation applications.

(Zhang et al., 2023a) is a major early work
in this field, and it proposes a world model
that jointly predicts multi-agent trajectories and
scene evolution for autonomous driving. This
work presents ‘TrafficBots’ for multi-agent mo-
tion prediction and end-to-end driving. Each
agent has configurable behaviors, based on des-
tination (navigational information), and a time-
invariant latent personality for behavioral. The
authors evaluate their model on the Waymo Open
Motion dataset (Ettinger et al., 2021).

(Wang et al., 2023) proposes a founda-
tion model for transportation systems using a
generative graph transformer that learns traf-
fic dynamics from large-scale graph-structured
data. The authors use this in their work
‘TransWorldNG’ (Zhang et al., 2023b), which de-
scribes a foundation-model-based traffic simula-
tor that learns traffic dynamics from real-world
data using graph learning.

In (Tan et al., 2025), a city-scale traffic sim-
ulation ‘SceneDiffuser++’ is introduced. It uses
a Generative World Model, which takes as input
the map of the city and an autonomous vehicle
(AV) software stack. It then simulates a trip

across the city, populating and controlling the
scene around the AV, including dynamic agents
(vehicles and pedestrians), as well as controlling
the traffic lights. The authors assess simulation
quality on an augmented version of the Waymo
Open Motion Dataset.

Evaluating such models properly is also
important.(Ranjan et al., 2025a) develops
an intersection-specific evaluation framework,
demonstrating that low trajectory reconstruction
error does not guarantee rule-compliant behavior
(e.g., red-light violations, unsafe time-to-collision
events). (Zheng et al., 2025) details benchmark-
ing of various world models for autonomous driv-
ing and evaluating their robustness as traffic sim-
ulators. They propose new metrics to highlight
the sensitivity of world models to uncontrollable
vehicles i.e. agents that the model can not con-
trol, but still must contend with.

Most of the research in this domain have ad-
dressed the problem from an Autonomous Vehi-
cle (AV) perspective, where the aim is to better
model the behavior of actors around an AV. Al-
though the architectural innovations have been
impressive, most works are still not able to gen-
erate long range, physically valid trajectories of
a dynamic number of agents. Moreover, none of
the research specifically aims to study the com-
plex interactions that occur at a traffic intersec-
tion, which is one of the most critical parts of the
road transportation infrastructure.

The key contributions of this paper are three-
fold: (i) a physically constrained, polar coordi-
nate representation that respects roadway geome-
try, and (ii) a transformer-based interaction mod-
eling and trajectory unrolling architecture trained
in closed loop that helps the model generalize
better for long range prediction tasks (iii) a set
of traffic engineering related metrics that helps
measure the performance of the model at multi-
ple traffic intersections.

In the next section, we will define the prob-
lem and the proposed architecture. We will then
present experiments, followed by their results.
We end the paper with the conclusion and future
directions of work.

3 PROBLEM DEFINITION

We characterize an intersection using both the ac-
tors present within it and a set of control parame-
ters that define the preconditions of the traffic en-
vironment. These control parameters are essen-



tial because driver and pedestrian behaviors vary
significantly across different intersection config-
urations; thus, defining a structured parameter
set enables systematic comparison and modeling
across diverse scenarios. In this work, we train
our model on two different intersection geome-
try to verify if our model is able to learn driving
behavior across multiple intersection. In future
work we would also like to see how inbound traf-
fic rate or density which captures the flow char-
acteristics entering the intersection effect driving
behavior.

We can further characterize an intersection by
the set of actors present within the scene. These
include static actors, such as lane centerlines, lane
boundaries, and other infrastructural elements, as
well as dynamic actors, namely vehicles, pedestri-
ans, and the traffic signal phases. In this work, we
adopt an actor-centric modeling perspective for
vehicles, wherein the future states of each agent
are predicted based on its interactions with sur-
rounding actors.

Following (Montali et al., 2023), we formulate
driving as a Hidden Markov Model (HMM)

H = ⟨S ,O, p(ot | st), p(st | st−1)⟩,
where S denotes the set of unobservable true
world states, O denotes the set of observations,
p(ot | st) is the sampleable emission distribution,
and p(st | st−1) represents the hidden Marko-
vian state dynamics governing the transition from
state st−1 to st .

We denote the true observation dynamics as
pworld(ot | st−1) = Ep(st |st−1) p(ot |st ),

which captures the generative process underlying
the observed scene evolution. The goal is to learn
a world model

qworld(ot | oc
<t),

that approximates pworld(ot | st−1), where the con-
text

oc
<t = [omap, osignals, o−H−1, . . . ,ot−1]

consists of the static map, traffic signal observa-
tions, and a history of past observations of length
H.

For an agent-centric formulation, we adapt the
world-model definition by modeling the condi-
tional distribution

qagent(oi
t | oc(i)

<t ), (1)
where the context for agent i at time t is defined
as

oc(i)
t = [mapi

t , signali
t , oi

t , n1..N(i,t)
t ]. (2)

Here, oi
t denotes the observed state of actor i at

time t, and n j
t represents the state of its j-th

neighbor at time t, with N(i, t) denoting the total
number of neighbors for actor i. The terms mapi

t
and signali

t correspond to the local map features
and traffic signal information in the vicinity of
actor i.

Following (Zhang et al., 2025), we adopt
a polar-coordinate-based representation for dy-
namic actors to better capture the curved trajec-
tories commonly observed in traffic intersections.
The state of actor i and its neighbors is repre-
sented as

oi
t = (r, sinθ, cosθ, s, sinα, cosα), (3)

where r is the radial distance from the intersection
center, θ is the angular position, s is the linear
speed, and α is the heading angle of the velocity
vector.

For static map elements, we adopt the
polyline-based HD-map representation of (Gao
et al., 2020), which encodes roadway geometry
as sets of vectorized lane-centerline or boundary
segments. The local map for actor i is represented
as

mapi
t ∈ RPi

t ×L×6, (4)
where Pi

t is the number of polylines in the vicin-
ity of actor i and L is the number of vectors per
polyline. Each vector is encoded as

(r, sinθ, cosθ, ℓ, sinα, cosα), (5)

with ℓ denoting the segment length and α the ori-
entation of the vector. This representation pro-
vides a compact yet expressive parameterization
of local roadway geometry while maintaining con-
sistency with the actor-state polar coordinate sys-
tem. The traffic signal is represented by the lane
end vector with the one-hot encoded traffic signal
state concatenated to it. The traffic signal vector
is encoded as

(r, sinθ, cosθ, ℓ, sinα, cosα, esig), (6)

where esig ∈ {0,1}K is a one-hot vector indi-
cating the current signal state (e.g., K = 4 for
red/yellow/flashing-yellow/green).

4 ARCHITECTURE

When developing an architecture to model driv-
ing behavior at intersections, it becomes essential
to capture both the spatial and temporal struc-
ture of multi-agent interactions. We first use the
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Figure 1: Transformer-based architecture for learning multi-actor interactions and generating physically con-
sistent trajectories. (a) The SUMO simulator initializes the traffic scene based on a set of control parameters.
For each vehicle, neighboring actors are identified and their states are vectorized. (b) A state encoder maps
the actor and its neighbors into embeddings, which are processed by a spatial attention module to produce
interaction-aware spatial embeddings over the previous H timesteps. (c) The sequence of spatial embeddings
for each actor is combined with a learned query embedding and passed through a temporal attention module
to obtain a temporally informed representation, which is used to parameterize a Gaussian distribution over the
actor’s next state. During inference, this distribution is sampled to generate the next state. (d) The newly gen-
erated actor state, together with updated neighbor states, is re-encoded and fed back into the model, enabling
recursive trajectory unrolling in closed loop.

past H ground-truth states of each actor to iden-
tify its neighbors and compute their relative fea-
tures. For the F future steps, we similarly use
ground-truth values during training to maintain
consistency in neighborhood selection. At each
timestep, we apply self-attention (Vaswani et al.,
2023) to model spatial correlations between an
actor and its surrounding agents, map polylines,
and signal information. Temporal dependencies
are captured through directional attention mech-
anisms applied across the F predicted steps, pro-
ducing a Gaussian distribution over each actor’s
future state.

4.1 Spatial Structure

At any timestep, an actor can observe only a local
region of the intersection. To model how spatial
interactions influence motion, we encode the spa-

tial structure using self-attention. The query Q
is a learned linear projection of the actor’s state,
while the keys K and values V are linear projec-
tions of its nearest neighbors, nearby map poly-
lines, and signal stop-lines (selected using Eu-
clidean distance):

PQi
t = Linear(oi

t), (7)

PKi
t = Linear([mapi

t , signali
t , n1..N(i,t)

t ]), (8)

PV i
t = Linear([mapi

t , signali
t , n1..N(i,t)

t ]), (9)
SE i

t = SpatialAttention(PQi
t , PKi

t , PV i
t ). (10)

Here, SpatialAttention is a multi-head, multi-
layer transformer block that produces a spatial
embedding of the actor at each timestep. We
compute these embeddings for all H historical
timesteps. For each of the F future timesteps, we
first compute a temporally informed embedding
using directional attention, then apply spatial at-



tention to incorporate interaction effects at that
predicted timestep.

4.2 Temporal Structure

The future state of an actor depends not only on
its own motion history but also on the historical
behavior of neighboring agents. To model these
temporal dependencies, we apply directional at-
tention over the sequence of spatial embeddings.
Following (Shi et al., 2023), we use learnable
motion queries, combined with cosine temporal
embeddings (Vaswani et al., 2023), to generate
a temporally-aware state embedding from which
Gaussian parameters are predicted.

For each future timestep t:
H i

t = SE i
1..t−1 +PE1..t−1, (11)

T Qi
t = Linear(M+PEt), (12)

T Ki
t = Linear(H i

t ), (13)
TV i

t = Linear(H i
t ), (14)

PQi
t = TemporalAttention(T Qi

t , T Ki
t , TV i

t ), (15)
SE i

t = SpatialAttention(PQi
t , PKi

t , PV i
t ), (16)

where PE is the sinusoidal positional encod-
ing and M is a learned motion embedding. The
positional query PQi

t serves as the final latent rep-
resentation for timestep t, from which we predict
the parameters of a Gaussian distribution over ∆x
and ∆y:

µ∆x
t , µ∆y

t , σ∆x
t , σ∆y

t = Linear(PQi
t). (17)

4.3 Training and Loss

The model is trained by minimizing the Negative
Log-Likelihood (NLL) of the predicted 2D dis-
placement distribution over a prediction horizon
of F future steps. The training loss is computed
as the average NLL across all predicted timesteps:

L =
1
F

F

∑
k=1

NLL
(
P(∆xt+k,∆yt+k), (st+k,sinαt+k,cosαt+k)

)
,

(18)
where P(∆x,∆y) denotes the predicted 2D dis-
placement distribution at each future step.

Given the ground-truth speed s and heading
angle α, the corresponding Cartesian displace-
ments are computed as

∆x = scosα∆t, ∆y = ssinα∆t. (19)
We optimize model parameters using the

Adam optimizer, combined with a cosine learn-
ing rate decay schedule and 4000 warmup steps,

which stabilizes early training and improves long-
horizon rollout performance.

4.4 Data Generation

We generate training data using the SUMO traf-
fic simulator by constructing digital maps of the
target intersections and simulating vehicle mo-
tion under realistic traffic conditions. Vehicle
trajectories are generated using SUMO’s modi-
fied implementation of the Krauss car-following
model. Trip definitions are created using the ran-
domTrips.py utility, which samples vehicle routes
based on the provided net.xml map and user-
specified traffic parameters.

Specifically, we generate vehicle trips with a
departure period of 3.0 s, a fringe factor of 10,
and a binomial distribution parameter of 2. Traf-
fic signal timing plans are configured to closely
match those observed at the corresponding real-
world intersections, ensuring that simulated traf-
fic flow remains representative of realistic operat-
ing conditions.

To train the proposed model, we simulate 6
hours (21,600 s) of traffic data at a temporal res-
olution of 0.1 s. This results in a total of 1,241,600
training exemplars, computed as the product of
the number of vehicles present at each timestep
and the total number of simulated timesteps.

5 Experiments and Results

We evaluate the proposed model across two sig-
nalized intersections using a simulation-in-the-
loop framework. Given an initial intersection con-
figuration and the states of all actors, the learned
generative simulator takes over trajectory un-
rolling in closed loop. These experiments demon-
strate the model’s ability to learn the driving
behavior across different intersection geometries.
Performance is assessed using both intersection-
aware safety metrics, which capture rule compli-
ance and interaction quality, and aggregate traffic
metrics that summarize macroscopic traffic be-
havior.

5.1 Metrics

5.1.1 Trajectory Reconstruction Metrics

Trajectory prediction models are usually evalu-
ated on reconstruction metrics such as:



(a)

(b)
Figure 2: The digital representation of two traffic intersection. (a) is the SUMO representation of the intersection
at West Univ Ave @ NW 17th Street in Gainesville, Florida. (b) is the same intersection with the middle lane
of the east and west flowing traffic removed.

• Average Displacement Error (ADE): The
mean ℓ2 distance between predicted and
ground-truth positions, averaged over all
timesteps and all agents.

• Final Displacement Error (FDE): The ℓ2 dis-
tance between the predicted and ground-truth
positions at the final prediction timestep T .

• Negative Log Likelihood (NLL): The negative
log likelihood of the ground-truth trajectory
under the model’s predicted distribution.

5.1.2 Intersection-Aware Metrics

Prior multi-agent trajectory prediction work has
largely focused on offline reconstruction accuracy.
However, such metrics fail to capture rule compli-
ance or geometric feasibility of generated trajec-
tories. To address this, we adopt the intersection-
aware evaluation metrics proposed in (Ranjan

et al., 2025a), which are aligned with traffic engi-
neering and safety considerations.
• Red Light Violation: Counts instances where

a vehicle crosses the stop line during a red
signal phase.

• Mid-Intersection Stoppage: Counts occur-
rences of vehicles stopping inside the intersec-
tion box and remaining stationary for a min-
imum duration.

• Pre-Stopbar Stoppage: Counts cases where a
vehicle fails to cross the stop line during a
green phase despite having no upstream block-
age.

• Time-To-Collision (TTC) Encounters:
Counts events where the TTC between two
vehicles, as reported by the SUMO simulator,
falls below a safety threshold.



Model Red
Light
Viola-
tions

Mid
Inter-

section
Stop-
page

Pre
Stopbar

Stop-
page

Unsafe
Accel-
eration

TTC
Event

Raw Data 0 44 0 0 32
IntTrajSim 169 1 0 11 378
Enactor 199 7 37 6 577
Enactor(N) 5 16 4 6 366

Table 1: Traffic Intersection related Metrics at First
Intersection.

Model Mean (m/s) Stand Dev
(m/s)

KL
Divergence

Ground Truth 2.82 3.77 –
IntTrajSim 3.28 3.54 0.0112
Enactor 2.87 3.59 0.0024
Enactor(N) 2.68 3.49 0.0063

Table 2: Speed distribution statistics at First Inter-
section.

• Unsafe Deceleration: Following (Sengupta
et al., 2023), we count deceleration events
exceeding −0.47g, which correspond to hard
braking. Here, g = 9.8m/s2.

5.1.3 Aggregate Metrics

We additionally compute aggregate performance
metrics that summarize macroscopic traffic be-
havior:
• Average Speed: The distribution of instanta-

neous vehicle speeds over the entire simulation
horizon. We fit a Gaussian to this distribution
and report its mean and standard deviation.

• Average Travel Time: The mean and variance
of travel times for all vehicles that traverse the
intersection during the simulation.

5.2 Model Performance

We evaluate our approach using a simulation-
in-the-loop framework following (Ranjan et al.,
2025b). The SUMO microsimulator is calibrated
to generate vehicular traffic at a specified arrival
rate while controlling the signal phases. For each
vehicle, the initial few timesteps are governed by
SUMO’s built-in car-following model. After this
warm-start period, our generative model takes
over and begins unrolling trajectories in closed
loop. We let this loop run for 40000 steps (4000
seconds) and generate trajectories of all the vehi-
cles arriving at the intersection.

For the first intersection as shown in Fig 2a,
we compare our method against the baseline pro-

Model Mean (s) Stan. Dev.
(s)

KL
Divergence

Ground Truth 28.19 16.26 –
IntTrajSim 23.92 17.53 0.04043
Enactor 27.24 16.03 0.00190
Enactor(N) 28.78 16.53 0.00093

Table 3: Travel time statistics at First Intersection.

Model Red
Light
Viola-
tions

Mid
Inter-

section
Stop-
page

Pre
Stopbar

Stop-
page

Unsafe
Accel-
eration

TTC
Event

Raw Data 0 41 3 0 42
Enactor(N) 1 82 20 4 534

Table 4: Traffic Intersection related Metrics at Second
Intersection.

posed in IntTrajSim (Ranjan et al., 2025b) us-
ing both interaction-aware safety metrics and the
aggregate traffic metrics described earlier. As
shown in Table 1, Enactor underperforms the
baseline on several safety-related metrics, partic-
ularly TTC. Notably, we do not apply the post-
processing step used in (Ranjan et al., 2025b),
which likely contributes to this gap. To confirm
that our model still learns meaningful vehicle dy-
namics, we evaluate it on aggregate metrics such
as average speed and average travel time. As
shown in Table 2 and Table 3, our model outper-
forms the baseline by a significant margin—over
an order of magnitude in KL divergence. This
indicates that the model learns a more accurate
distribution over traffic states, even though it ini-
tially struggles on interaction-level traffic metrics.

Ablation Study

During qualitative evaluation of the generated
trajectories, we observed that vehicles controlled
by our model would begin decelerating appropri-
ately when approaching a red signal or a lead-
ing vehicle, but often failed to stop at the cor-
rect location, overshooting the stop line or the
rear of the preceding vehicle. This suggested that
the model lacked explicit information about the
position of the neighbor’s rear bumper, which is
crucial for accurate and physically realistic stop-
ping behavior. Incorporating this additional in-
put made the model more aware of its physical
surroundings and provided essential contextual
information.

This simple modification substantially im-
proved performance on intersection-related safety
metrics, as seen in Table 1, where the enhanced



Model Mean (s) Stan. Dev.
(s)

KL
Divergence

Ground Truth 32.31 20.60 –
Enactor(N) 33.38 20.01 0.00217

Table 5: Travel time statistics at Second Intersection.

Model Mean (m/s) Stand Dev
(m/s)

KL
Divergence

Ground Truth 2.52 3.69 –
Enactor(N) 2.35 3.29 0.0132

Table 6: Speed distribution statistics at Second In-
tersection.

model outperforms the baseline on critical met-
rics such as red-light violations and TTC. Im-
portantly, both variants of our model perform
comparably well on the aggregate metrics, further
confirming that the core model successfully learns
vehicle dynamics even without explicit knowledge
of the neighboring vehicle’s rear position.

For the second intersection, shown in Fig. 2b,
we evaluate the model’s ability to perform to a
modified intersection geometry. Specifically, the
middle lanes for eastbound and westbound traf-
fic are removed. We train the model on data col-
lected from running simulations on the new inter-
section. As reported in Tables 4–6, the proposed
model performs favorably across most evaluation
metrics. The primary limitation is observed in
the Time-to-Collision (TTC) metric, where per-
formance degrades due to occasional instances in
which vehicles fail to decelerate sufficiently be-
fore reaching a leading vehicle. Despite this, the
model maintains strong performance with respect
to red-light violations and aggregate traffic met-
rics, indicating robust rule compliance and real-
istic macroscopic traffic behavior.

6 CONCLUSIONS

In this paper, we present a transformer-based
modeling framework for generating physically
constrained yet realistic vehicle trajectories at
signalized traffic intersections. We evaluate the
proposed approach using both traffic-engineering-
oriented safety metrics and aggregate measures of
speed and travel time. Our results demonstrate
that the use of a polar-coordinate representation,
combined with closed-loop training, enables the
model to more accurately capture vehicle state-
transition dynamics. Furthermore, by training
and evaluating the model across two distinct in-
tersections, we show its ability to generalize driv-

ing behavior across varying intersection geome-
tries.

At the same time, our results highlight op-
portunities for further improvement, particularly
as evidenced by performance on the Time-to-
Collision metric. This suggests that more ac-
curate modeling of close-range interactions and
deceleration behavior remains an open challenge.
Moreover, the development of a more robust and
comprehensive set of evaluation metrics that can
faithfully assess the realism and safety of simu-
lated traffic remains an important direction for
future research. In future work, we aim to in-
vestigate transfer learning strategies that enable
driving behaviors learned at one intersection to
be adapted to new and unseen intersection con-
figurations. Such capabilities would facilitate the
study of diverse traffic scenarios while advancing
the development of more reliable and expressive
evaluation frameworks.
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