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Abstract

We propose a data synthesis pipeline for generating re-
alistic traffic scenes and safety-critical rare events under
natural language instructions while providing agent rela-
tion annotations. The pipeline structurally comprises the
scene planner, agent generator, waypoint filter, event rea-
soner, and trajectory refiner, while incorporating a lan-
guage model backend for controlled inference. By decom-
posing high-level semantic reasoning and low-level scene
execution, our framework is able to produce physically
grounded agent trajectories that satisfy the social relation
specifications. The pipeline is used to generate a dataset
of 370 traffic scenes based on an urban traffic intersec-
tion, featuring agent relations such as collision and yield-
ing, which are safety-critical but challenging to specify in
real world traffic data. We evaluate the quality of the syn-
thesized agent trajectories by the simulation-to-reality gaps,
where the pipeline achieves an 84% of instruction satis-
faction rate equipped with the Claude3.5-Sonnet backend.
We further showcase the usage of the synthesized dataset
by testing traffic scene perception and precognition using a
simple agentic pipeline, both outperforming non-LLM base-
lines by a noticeable margin.

1. Introduction
Accurate modeling of traffic flows within simulation envi-
ronments is critical for addressing the complex transporta-
tion challenges in modern cities. Due to the safety-critical
nature of urban traffic, simulation-based approaches are be-
coming increasingly important to avoid conducting experi-
ments directly on real world streetscapes [10]. Yet realis-
tic traffic simulation in urban environments is particularly
challenging considering multi-agent (i.e. traffic participant
such as pedestrian or vehicle) interaction, varying physical
and social constraints, and safety-critical rare events. Tradi-
tional rule-based simulators such as SUMO [22] often suffer
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Figure 1. Example of a synthesized yielding scene. The LLM-
driven simulator infers the behavioral segments of the foreground
pedestrian and vehicle, and then refine them using a DL trajectory
prediction model. Background (BG) agents are injected to amplify
overall scene complexity.

from the burden of meticulous definition of complex behav-
ioral heuristics.

To overcome the rigidity of rule-based models, an
emerging trend is to introduce a large language model
(LLM) as an interactive reasoning agent which interprets
high-level natural language instructions and builds exe-
cutable traffic simulation scenarios [14]. However, simu-
lators that rely purely on LLMs for end-to-end motion plan-
ning have limited ability to interact with the physical world.
While LLMs excel at high-level semantic logic and rela-
tional inference, they struggle with exact spatial reasoning,
geometric grounding, and physical kinematics. Moreover,
safety-critical edge cases such as collisions are hardly found
in standard datasets, and ground-truth annotation of such
events, including social relations between the participating
agents, is extremely time-consuming.

In this paper, we propose a novel traffic scene-synthesis
pipeline for generating realistic agent trajectories for an ur-
ban intersection under natural language instructions. The



pipeline provides exact social relation annotation for safety-
critical cases such as collision and yielding. We adopt a
five-stage architecture including the scene planner, agent
generator, waypoint filter, event reasoner, and trajectory re-
finer, decoupling (i) the semantic reasoning using an LLM
from (ii) physical trajectory generation using learned sta-
tistical priors and finetuned deep learning (DL) trajectory
prediction models. As illustrated in Fig. 1, the reasoning
module decomposes agent motion into plausible behavioral
segments, and a refinement module generates the actual tra-
jectories based on the inferred segments.

The main contributions of this paper can be summarized
as follows:
• We propose a novel multi-stage traffic synthesis pipeline

in Sec. 3, effectively bridging the gap between seman-
tic reasoning and physical execution of language-guided
scene generation.

• We provide a synthetic data set in Sec. 4.1 with automatic
annotations of ground-truth agent-relation, including rare
but safety-critical events such as collision and yielding.

• We conduct quantitative evaluations of the dataset and
pipeline quality in Secs. 4.2 and 4.3, and demonstrate the
dataset usage on agentic traffic perception and precogni-
tion in Sec. 5.

2. Related Work
Traffic Simulation. Traffic simulation is a long-standing
problem central to the development and evaluation of au-
tonomous driving systems. Rule-based simulators such as
SUMO [22] encode traffic regulations and car-following
models to produce large-scale flows, yet struggle to capture
the diversity and irregularity of real driving behavior. To
address this, data-driven approaches such as TrafficSim and
InterSim [30, 31] generate socially consistent multi-agent
trajectories using implicit latent models and explicit rela-
tional reasoning, respectively. To further enhance control-
lability, recent methods allow users to steer agent behav-
iors during rollout via multimodal prompts (ProSim [33]),
or condition generation on latent personality variables and
quantified social dispositions (TrafficBots [40], Editing
Driver Character [5]). On the intersection-specific front,
Data-Driven Traffic Simulation (DDTS) [39] augments real
world trajectories to evaluate traffic dynamics in a con-
trolled setting. AGENTS-LLM [38] employs an agentic
framework to augment real world driving scenarios via nat-
ural language instructions, demonstrating that an agentic
design maintains high output quality even with smaller lan-
guage models.

Trajectory Prediction. Trajectory prediction aims to
forecast the future positions of traffic agents given their ob-
served histories and scene context. While the agent dynam-
ics are usually handled by sequence prediction models such

as recurrent neural networks [13] or Transformers [35], re-
searchers extensively study different ways to encode agent
interactions. Social-LSTM [2] and Social-GAN [12] intro-
duce a social pooling module that aggregates the hidden
states of the pedestrians in the scene, enabling the model
to implicitly account for their relations. Trajectron++ [29]
proposes to encode the scene using a graph-based repre-
sentation which integrates agent dynamics and semantic
maps. Context-Aware Timewise VAEs [36] adopts a dual
attention mechanism that accounts for both the social re-
lations and the environmental constraints. These methods
are trained on standard datasets such as ETH/UCY [18, 26],
nuScenes [4], and the Waymo dataset [8], and are evaluated
primarily by displacement error metrics. While trajectory
prediction models excel at learning the dynamics of real
world agent motion, they do not address the generation of
full traffic scenes from high-level semantic specifications.

LLM in Traffic Synthesis and Decision Making. Traffic
applications integrate LLMs mainly along two axes: scene
generation and decision-making. On the generation side,
Chat2Scenario [41] uses an LLM to search for and extract
driving scenarios from existing datasets, and then converts
the samples that matches the criterion into the required sim-
ulation formats. LeGEND [34] proposes a top-down work-
flow that uses LLMs to translate scenarios described by nat-
ural language into intermediate logic, followed by genetic
programming techniques to diversify the generations. Traf-
ficGen [9] proposes a data-driven framework for generat-
ing realistic traffic scenarios, making it highly relevant to
traffic-scene generation. LCTGen [32] further extends this
by incorporating language conditioning, enabling genera-
tion from high-level textual descriptions. Generating Traf-
fic Scenarios via In-Context Learning [1] translates textual
scene descriptions into simulator scripts through in-context
learning, and integrates a CARLA simulator [6] for real-
istic scene rendering. On the decision-making side, litera-
ture focuses predominantly on autonomous driving. Agent-
Driver [23] introduces an LLM-based cognitive agent that
leverages a tool library and commonsense memory to per-
form chain-of-thought reasoning, task planning, and self-
reflection for driving trajectory generation. LLMLight [17]
formulates adaptive traffic signal control as a language rea-
soning problem, distilling GPT-4 decisions into a compact
domain-specific model that achieves competitive through-
put and interpretable phase selection.

Unlike traditional traffic simulators that focus on low-
level execution, or LLM-based cognitive agents designed
solely for high-level decision-making, our work diverges
from these paradigms by unifying the semantic reasoning
capabilities of LLMs with the realistic physical dynamics to
synthesize explicitly annotated datasets. We utilize a decou-
pled, LLM in-the-loop pipeline to construct fully verifiable
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Figure 2. Workflow of language-driven traffic synthesis. Each box represents a stage in the pipeline, where the orange ones focus on
high-level semantic reasoning, and the blue ones focus on low-level scene execution.

agent trajectories and relations, with deliberate synthesis of
safety-critical rare events including collision and yielding,
providing a reliable benchmark to evaluate the quality of
intelligent transportation systems.

3. Method
The data synthesis pipeline is composed of five cascading
stages illustrated in Fig. 2: the scene planner, agent genera-
tor, waypoint filter, behavior reasoner, and trajectory refiner.
After the user inputs a natural language instruction (e.g. “A
vehicle yields to a pedestrian”), the planner, filter, and rea-
soner query an LLM backend at different abstraction levels,
handling semantic parsing, constraint specification, and be-
havioral reasoning, respectively. Meanwhile, the generator
samples the agent waypoints from the spatiotemporal tra-
jectory distributions fitted on real world data, which is later
modified according to the behavioral segments inferred by
the reasoner, and eventually executed by the refiner to gen-
erate realistic and physically-grounded agent trajectories.

3.1. Scene Planner
We begin by converting the free-form user instruction into a
structured relation-centric social graph [19, 21, 25] using a
large language model. This step extracts the semantic enti-
ties and relations implied by the instruction, while deferring
geometric realization to later stages. The social graph iso-
lates high-level scene semantics from low-level trajectory
generation, enabling subsequent modules to operate under

explicit relational constraints.

Social Graph Representation. The social graph is a di-
rected graph defined as G = (V, E , C), where V is the set
of agents as the nodes, E is the set of pairwise relationship
between the agents as the edges, and C denotes the global
scene context. Each agent node vi ∈ V encodes meta infor-
mation such as the class of the agent (e.g. pedestrian or vehi-
cle) and the spawn time, together with high-level intention
attributes including preferred traveling direction, and goal
region. Each edge eij ∈ E specifies an intended relation-
ship that the scene is expected to realize, such as yield to,
collide at, or follow. The global context C captures scene-
level conditions including traffic density and time-of-day.

Hierarchical Scene Description. A key challenge in
language-conditioned scene generation is that many
prompts differ lexically while describing the same under-
lying traffic event. We address this by organizing scene se-
mantics hierarchically according to traffic theme, interac-
tion subtype, and conflict pattern. This hierarchy captures
both broad behavioral families such as pedestrian-vehicle
interactions and multi-vehicle priority conflicts, as well as
specific interaction templates with well-defined agent roles
and contextual conditions.

Map Grounding. In order to bind the social graph G to
the physical reality, we ground it to the map by associat-



ing semantic directions and relationships to concrete enti-
ties such as lanes, crosswalks, stop lines, and goal regions.
The purpose is to reduce the ambiguity of free-form lan-
guage and provide the geometric anchors required by the
filter and the reasoner.

3.2. Agent Generator
Given the structured scene specification from the planner,
we next generate agents and their candidate trajectories us-
ing data-driven models. Due to the strong spatial and tem-
poral pattern exhibited by urban traffic intersections, it is
reasonable to fit statistical models of the agent trajectories
and utilize them to generate new agents. Specifically, let
ptod(·|t) denote the distribution of the total number of agents
in the intersection at time-of-day t, and pwp(·|c, xs, xe) be
the distribution of the waypoints along an agent trajectory
of class c which starts at xs and ends at xe. Following
DDTS [39], we use the Gaussian Mixture Model (GMM)
as the conditional generative distribution underlying both
ptod and pwp.

Scene Amplification. The social graph G generated by
the planner includes only the agents that are involved in the
relation specified by the user prompt and is often limited in
size. In order that the generation resemble real world traffic,
we amplify the scene by injecting a random number of back-
ground agents simultaneously traveling through the inter-
section. Given the time-of-day t, we sample N ∼ ptod(·|t)
as the total number of agents that should be present in the
scene according to the temporal distribution. If the number
of agents |V| is smaller than N , we artificially inject new
background agents so that

Ṽ := V ∪
{
v|V|+1, v|V|+2, . . . , vN

}
, |Ṽ| = N. (1)

To maintain the correctness and clarity of the annotations of
social relationships (i.e. the relations in E), we specifically
require that the background agents in Ṽ \ V do not interact
with the background agents in the original V .

Waypoint Sampling. Once the entries and exits of agents
are specified, waypoint candidates can be directly sampled
from the learned trajectory distribution pwp. For example, if
vi is a vehicle entering the intersection from west traveling
east, we construct a set of M waypoint candidates of vi as
Wi := {wi,m,m = 1, . . . ,M}, where

wi,m ∼ pwp(·|c = vehicle, xs = west, xe = east). (2)

We iterate over Ṽ to obtain the waypoint candidates for all
foreground and background agents. Following standard ap-
proach [24], we add a random arrival time interval (follow-
ing an exponential distribution) between each agent to dis-
tribute them temporally without crowding.

3.3. Waypoint Filter
Waypoint candidates are sampled independently for each
agent and therefore do not reflect relation-specific con-
straints across agents. We introduce a filtering stage to re-
move combinations that violate basic geometric and map
conditions. As in DDTS [39], we construct a coarse prior
trajectory from the candidate waypoints of each agent vi ∈
Ṽ using a cubic Spline, i.e.

X i
pr :=

{
xi,m

pr = SPLINE(wm) : wi,m ∈ Wi
}
. (3)

Since there are N agents in total, let Xpr := X 1
pr×· · ·×XN

pr
be the set of all possible candidate combinations of prior
trajectories for all agents in Ṽ .

Constraint Validator. We use a large language model to
convert the user instruction and the social graph into a com-
pact constraint domain-specific language (DSL) [7, 11], a
formal specification designed to capture domain-level se-
mantics in a structured form. For every candidate combina-
tion xpr ∈ Xpr where xpr = (x1

pr, . . . , x
N
pr ), we check with

the DSL validators to remove obvious failures such as be-
ing off-road, overly short, or missing geometric conditions
for the intended relation. For example, in a collision scene,
the selected trajectories should pass through a common re-
gion with a small temporal offset; in a yielding scene, they
should place the relevant agents near the same crosswalk
with compatible spatial and temporal layout.

Candidate Selection. After passing the validators, we se-
lect the most probable combination that survives in Xpr by
the negative log-likelihood (NLL) given by the GMM, i.e.
x⋆

pr = argminxpr∈Xpr

∑N
i=i NLL(xi

pr), where

NLL(xi
pr) := −

N∑
i=1

log pwp(w
i|·), (4)

and wi is the waypoint associated with xi
pr. The original

trajectory only provides a geometrically plausible initializa-
tion for the reasoning stage and does not yet contain the fi-
nal targeted relation behavior between agents instructed by
users. This will be handled by the following stages.

3.4. Event Reasoner
Although the filtered trajectories are geometrically valid,
they do not always satisfy the target relation specified by the
user. We therefore introduce a reasoning stage to transform
the coarse prior trajectories x⋆

pr into a structured behavioral
program that enforces the desired relation while remaining
grounded to the map. The reasoner follows a programmatic
reasoning paradigm, where the LLM decomposes the task
into structured behavioral segments, while the execution is
delegated to deterministic trajectory editing modules, simi-
lar to program-aided language models [11, 37].



Event Summary. The reasoner takes as input a struc-
tured event summary extracted from the prior trajectories
by a large language model, together with the social graph
G and scene facts derived from the map, such as lane
and crosswalk semantics, agent-to-map associations, and
candidate stopping or goal anchors. The event summary
records trajectory snippets, temporal boundaries, and key
evidence for the target scenario including crosswalk en-
try and exit, stop-line reach, and closest approach between
the relevant agents. Specifically, the prior trajectory xi

pr

for agent vi is summarized as a sequence of semantic an-
chors Ai := {ai,1, ai,2, . . . } and their corresponding times
T i := {ti,1, ti,2, . . . }. Each anchor denotes a grounded
map entity such as a crosswalk entry, stop line, or goal re-
gion. This representation provides structured evidence for
the LLM reasoner and reduces the ambiguity of inferring
behavior directly from raw coordinates.

Behavioral Inference. Based on the event summary and
the relations E in the social graph, the reasoner then in-
fers a sequence of behavioral segments Φi := {ϕi,k, k =
1, 2, . . . } for each agent vi. Each segment ϕi,k ∈ Φi is
defined as

ϕi,k :=
(
ti,k−1, ai,k, si,k

)
, ti,k ∈ T i, ai,k ∈ Ai, (5)

where si,k is a discrete status code representing the behav-
ior of the agent vi during segment ϕi,k (e.g. Keep, Stop,
Truncate or Proceed). Each segment ϕi,k corresponds
to the time interval [ti,k−1, ti,k], during which the agent
evolves from anchor ai,k−1 to ai,k under the control of si,k

(detailed in Sec. A.1). We set ti,0 as the spawn time and ai,0

as the entry point of the agent.

Conceptually, Φi indicates how x⋆
pr should be mod-

ified to satisfy the intended relation. For instance,
the vehicle in a yield to relation is rewritten into the
Keep-Stop-Proceed pattern anchored to the cross-
walk; a collision scene can be converted into trajectories
that terminate at the point of collision. The reasoner is the
interface between symbolic relation reasoning and geomet-
ric trajectory generation. By separating behavior inference
from continuous motion synthesis, the framework can en-
force user-specified relation semantics while retaining flex-
ibility in the later trajectory editing and refinement steps.

3.5. Trajectory Refiner
The trajectories produced by the reasoning stage provide a
coarse, piecewise-structured prior but may lack smoothness
and realistic motion dynamics. We therefore refine them us-
ing a learned trajectory prediction model. Specifically, we
first translate each ϕi,k ∈ Φi to actual coordinates and con-
catenate them to build a modified prior trajectory x̃i

pr. Then
we use a finetuned DL trajectory prediction model under

the supervision of x̃i
pr to generate realistic and physically

grounded agent trajectories.

Prior Modification. For each agent vi with the original
prior trajectory xi

pr, every segment ϕi,k ∈ Φi corresponds
a snippet of the prior trajectory xi

pr[t
i,k−1:ti,k]. Based on

the assigned status code si,k, the trajectory snippet is ei-
ther preserved (Keep), replaced by the stationary spatial
anchor ai,k (Stop), or populated by the deferred remainder
of the original path (Proceed) xi

pr[t
i,k−1:], producing the

modified snippet of the prior trajectory x̃i
pr[t

i,k−1:ti,k]. Spa-
tial continuity during segment transition is strictly enforced,
and necessary interpolation or resampling is performed to
ensure time step consistency in each segment. The modi-
fied prior trajectory of agent vi is given by

x̃i
pr := Concat

({
x̃i

pr[t
i,k−1:ti,k] : ϕi,k ∈ Φi

})
, (6)

and we repeat for every agent vi ∈ Ṽ .

Neural Refinement. Following DDTS [39] (Algo-
rithm 2), we adopt a custom finetuned deep neural network
(DNN) predictor with goal supervision that models inter-
agent dependencies across the whole scene and generates
the refined trajectories, i.e.

xrf := DNN(xob; x̃pr). (7)

We use the a short snippet of the initial prior trajectory x⋆
pr

as the initial observation input xob, and the extracted seg-
ment goals x̃pr := (x1

pr, . . . ,x
N
pr ) as a supervising signal.

Then we proceed in an iterative scheme and use the previ-
ous prediction output xob ← CONCAT({xob,xrf}) as the
new observation input in the next refinement round. By
conditioning on the edited prior and the segment goals, the
refined trajectories xrf preserves the intended relation se-
mantics while restoring realistic motion continuity.

4. Evaluation

4.1. Dataset Description
Using the pipeline described in Sec. 3, we generate a dataset
of 370 synthetic traffic scenes, including 100 normal scenes
and 270 rare-event scenes (40 collision and 50 yielding for
each of the three different LLM backends, respectively). To
obtain a composite collection of the traffic data of an ur-
ban intersection, we follow DDTS and utilize the Cosmos-
Trajectory dataset [39]. It comprises real world pedestrian
and vehicle trajectories extracted from a New York City in-
tersection within the COSMOS Testbed [15, 28], as well
as spatiotemporal trajectory distributions (i.e. ptd and pwp)
fitted on the collected data.
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Figure 3. Example scenes of different agent relations in the dataset. Collision and yielding scenes are annotated with the agents involved,
the event locations, and the time of occurrence.

Table 1. Simulation-to-reality gaps of the synthesized trajecto-
ries from the Claude3.5-Sonnet subset for different relations and
agent classes. The first row provides the reference NLLs for nor-
mal scenes. FG and BG denote the foreground and background
agents, respectively.

Relation #Scenes Agent Pedestrian Vehicle

Normal 100 – 96.8 170.9

Collision 40 FG 0.43 0.01
BG 0.02 < 0.01

Yielding 50 FG 0.65 2.19
BG 0.03 < 0.01

Trajectory Prediction Model. Using the Cosmos-
Trajectory dataset, we finetune several state-of-the-art
trajectory prediction models including TrajNet++ [16], Tra-
jectron++ [29], PPT [20], and Unitraj++ [42]. To utilized
the models in the data synthesis pipeline, we train them
under a goal-supervision scheme whenever possible. We
observe that while advanced models such as the Unitraj++
family produce moderately better results in terms of the
prediction error, they are often less flexible in the presence
of missing values, which is very common in both the
Cosmos-Trajectory dataset and real world scenarios. On
the other hand, TrajNet++ performs reasonably well and
is strongly dictated by the provided supervision signal,
making it a suitable choice for the proposed pipeline.

Data Synthesis Protocol. For each LLM backend, we
generate 90 scenes including 40 with collisions, 50 with
yielding, and 100 normal scenes for reference, exemplified
in Fig. 3. Each scene exhibits medium traffic density with
2 foreground agents and 5 to 10 background agents (see de-

tails in Sec. 3.2). For every scene, we record agent infor-
mation such as the agent class, spawn time, and refined tra-
jectory, as well as the summary of the event (e.g. “vehicle-2
yields to pedestrian-1”). We provide detailed description of
the generated data format in Sec. A.2. We mainly consider
the 190 scenes generated using the Claude3.5-Sonnet back-
end [3], but also provide statistics on the scenes generated
by instructions-tuned Qwen2.5-7B and 3B [27] backends on
an NVIDIA A100 GPU in Sec. 4.3.

4.2. Simulation Fidelity
Although the synthesized trajectories xrf are produced by
a DNN finetuned on real world data, it is supervised by a
prior x̃pr that is modified by the LLM reasoner (Secs. 3.4
and 3.5). We evaluate the quality of the refined trajectories
by comparing to the spatial trajectory distribution pwp us-
ing the simulation-to-reality (S2R) gap. Let XR be the set
of trajectories corresponding to the agents involved in rela-
tion R, and xnm be the set of normal trajectories. Denote
NLL(X ) as the average NLL over the set of trajectories X
given by Eq. (4). Then the S2R gap of relation R is de-
fined as the difference between the average NLL of normal
trajectories and rl trajectories, i.e.

S2RR :=
NLL(Xnm)−NLL(XR)

NLL(Xnm)
. (8)

We provide the results in Tab. 1, stratified by agent classes
and whether they are in the foreground or the background
(see details in Sec. 3.2). We report the S2R gaps of other
LLM backends in Appendix B.

It can be seen that the S2R gaps of background agents
are negligible regardless of agent classes and relations, indi-
cating that their trajectories closely resemble the real world
agent trajectories. For the foreground agents, however, there
are notable S2R gaps under collision and yielding for both



Table 2. Instruction satisfaction rates of different LLM backends
for collision and yielding scene generation.

LLM-Backend Collision Yielding Overall

Claude3.5-Sonnet 90.0 80.0 84.44
Qwen2.5-7B 72.5 62.0 66.66
Qwen2.5-3B 57.5 56.0 56.83

pedestrians and vehicles. Intuitively, the trajectories re-
flected by these relations are hardly observed in real world
data (e.g. the Cosmos-Trajectory dataset contains predomi-
nantly normal scenes), and are thus not captured by the sta-
tistical models. In other words, it is not statistically feasible
to learn these relations from real world data, and the ability
of our pipeline in generating and annotating rare events is
crucial for quantitative safety-critical research.

4.3. Pipeline Robustness
Occasionally, the generated scenes may not fully satisfy the
scene specifications due to errors in the reasoning stage or
violations of structural constraints. To assess the robust-
ness of the data synthesis pipeline described in Sec. 3, we
measure the instruction satisfaction rate (ISR), i.e. the pro-
portion of valid scenes among all generated scenes given
an LLM backend for collision and yielding. The validity
of each generation is manually verified based on geometric
consistency and compliance with the intended agent rela-
tion. The results are summarized in Tab. 2.

As expected, the Claude3.5-Sonnet [3] backend achieves
the highest overall ISR of 84.44%, and performs consis-
tently well on both collision and yielding cases. For smaller
models, Qwen2.5-7B and 3B [27] models achieve overall
ISRs of 66.66% and 56.83%, respectively. The yielding
scenario is generally more difficult than collision, as it re-
quires consistent temporal ordering and spatial alignment
between agents. Since the synthesis pipeline runs offline,
it is practical to use a stronger backend when available, al-
though smaller models can still produce reasonable results.

5. Agentic Traffic Scene Understanding
In this section, we showcase the usage of the synthetic
dataset for traffic scene understanding using a simple agen-
tic pipeline. For each scene in the dataset which starts at
time ts, suppose we observe the trajectories of the agents up
to time ts+∆tob, where ∆tob is a short observation window.
We test two basic tasks:
• Intent Prediction: Given the observed trajectories, the

learned statistical models, and the map features, the task
is to predict from which direction will each agent eventu-
ally exit the intersection.

• Relation Identification: Further given the finetuned tra-
jectory prediction model, the task is to identify the rela-

Observed
Trajectories

Extract Regions Map Features
& GMMsCalculate Dynamics

Build Scene
Description

LLM Prediction

Predicted
Intents & Relations

Figure 4. A simple agentic pipeline for traffic scene understanding
(agent intent prediction and relation identification) using the syn-
thesized dataset.

tions between the agents in the scene (i.e. collision, yield-
ing, or normal).

For both tasks, we consider the agentic pipeline illustrated
in Fig. 4, and compare them respectively against a non-
LLM baseline. The goal is to determine whether an agentic
system is able to perform early perception and precognition
in real world traffic.

Since the map features and the GMMs induce a semantic
description of agent entrance and exit directions (e.g. a ve-
hicle might enter from the west and exit from the east), we
avoid raw coordinates and use this textual representation of
the observed entrance directions for LLM inference. Simi-
larly, we use the textual description of the exit directions for
the ground truth labels of intent prediction. As described in
DDTS [39], each GMM component corresponds to a spe-
cific entrance and exit direction. Thus we can compare the
distances between the observed trajectory of an agent with
the mean trajectory of each GMM component to obtain a
simple statistical prediction as the baseline. This is a stan-
dard classification task which can be measured by the clas-
sification accuracy.

On the other hand, predicting the relations between the
agents requires not only their anticipated future directions,
but also dynamic features such as velocities and accelera-
tions. Indeed, whether a vehicle slows down before a pedes-
trian can make the difference between collision and yield-
ing. We also utilize a finetuned TrajNet++ to generate the
potential future trajectories of all agents in the scene based
on the observations. Then the entire (observed and pre-
dicted) trajectories are processed by a rule-based checker to



Table 3. Performance of agentic intention prediction measured by the intent classification accuracy, and relation identification measured
by the agent-level F1-score. The average inference time per scene is measured on an NVIDIA RTX4090 GPU.

Method Intent Prediction (Accuracy) Relation Identification (F1-score) Inf Time
(s/scene)Pedestrian Vehicle Overall Normal Collision Yielding Overall

GMM 0.39 30.72 12.76 – – – – < 0.01
TrajNet++ – – – 98.49 9.84 6.49 31.65 0.03
Qwen2.5-1.5B 7.03 15.36 11.73 62.59 10.96 2.47 33.89 0.76
Qwen2.5-7B 6.64 33.73 21.94 84.57 20.00 9.43 48.20 3.54

determine whether there are any close encounters between
the agents. We first use the rule-based predictions as the
baseline result, and then convert it into textual descriptions
along with the map features for LLM reasoning. Since there
are multiple agents in the scene, the model may predict the
correct relation but between the wrong agents (e.g. the col-
lision is between vehicle-1 and pedestrian-2, but the model
predicts pedestrian-3). Therefore, we use an agent-level
F1-score, where true-positive is only achieved when both
the relation and the agents involved are correctly identified.

We test the intent prediction and relation identification
using instructions-tuned Qwen2.5-1.5B and 7B [27] back-
ends on an NVIDIA RTX4090 GPU, and report their results
in Tab. 3.

Intent Prediction Results. The larger 7B model demon-
strates the strongest overall performance, achieving a lead-
ing accuracy of 21.94. While the GMM baseline performs
reasonably well for vehicles with an overall accuracy of
30.72, it almost completely fails to predict pedestrian intent.
Meanwhile, both LLMs evidently improve pedestrian intent
accuracy. Even though the final accuracy of 9.43 given by
Qwen2.5-7B is far from satisfaction, this still suggests that
LLMs are better at semantic reasoning and understanding
social constraints.

Relation Identification Results. The larger Qwen2.5-7B
model again achieves the highest overall agent-level F1-
score of 48.20 and significantly outperforms the TrajNet++
baseline of 31.65, while the 1.5B model is only marginally
better than the baseline. This demonstrates the superior-
ity of sufficiently large LLMs in identifying safety-critical
events. Specifically, the Qwen2.5-7B model doubled the
baseline accuracy of collision detection. Not surprisingly,
the enhanced situational reasoning ability of LLMs comes
with the cost of computation time. The 3.54 seconds latency
for the Qwen2.5-7B model is a non-trivial amount of time,
especially in safety-critical scenarios.

Note that the agentic pipeline discussed in this section is
preliminary and serves only as a proof-of-concept. Instead
of attempting to achieve state-of-the-art results, our primary

objective is to demonstrate the dataset usage by the quanti-
tative evaluation of agentic traffic perception and precog-
nition systems, especially in the presence of safety-critical
rare events. Future research is needed in developing more
advanced LLM-driven architectures for traffic scene under-
standing.

6. Conclusion and Future Work

We introduce a multi-stage traffic simulation and rare event
synthesis pipeline based on an urban intersection. The sim-
ulation framework effectively bridges the gap between nat-
ural language instructions and physical constraints by de-
composing semantic reasoning and physical execution. We
provide a synthetic dataset of 200 traffic scenes with so-
cial interaction annotations, including safety-critical cases
such as collision and yielding that rarely occurs in real
world datasets. The generated dataset provides a meaning-
ful benchmark for future development of intelligent traffic
systems that are robust in safety-critical scenarios. We con-
duct quantitative evaluations of the pipeline quality, show-
ing that the pipeline is able to achieve an ISR of 84% with
the Claude3.5-Sonnet backend. We further demonstrate
the dataset usage by agentic traffic scene perception and
precognition including agent intent prediction and relation
identification.

The proposed pipeline is applied to one real world traffic
intersection, for which we have extensive map features and
learned statistical priors. The representativeness of the plan-
ner and reasoner is also confined by the semantic descrip-
tion provided to the LLM backend, and the generalization
across different intersections remains to be studied. Future
work will include exploring diverse geometric locations and
developing a universally applicable pipeline which could
work out-of-the-box for general urban traffic scenes.
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Language-Guided Traffic Simulation and Rare Event Synthesis
for an Urban Intersection

Supplementary Material

A. Implementation Details
A.1. Behavioral Segment
For the k-th behavioral segment ϕi,k ∈ Φi of agent vi ∈ V ,
we define the possible status of the agent as follows (see
Sec. 3.4):
• Keep: The agent maintains their trajectory along the

waypoints specified by the prior trajectory xi
pr;

• Stop: The agent stops at the target anchor ai,k specified
by the reasoner.

• Proceed: The agent resumes motion towards the subse-
quent goal.

• Terminate: The agent trajectory is truncated at the an-
chor due to events like collision.

A.2. Data Format
We generate each traffic scene in the following format, with
annotations of scene meta, agent information, and event
summary.

Listing 1. Data Schema

{
"meta": {

"scene_id": string,
"map_id": int,
"timestamp": float,
"user_prompt": string

},
"agents": [{

"id": int,
"type": "pedestrian | vehicle",
"spawn_time": float,
"goal": [float, float],
"trajectory": [[float, float], ...]

}, ...],
"events": [{

"type": "collision" | "yielding" |
"normal",

"from": int,
"to": int,
"time": float | null,
"location": [float, float] | null

}, ...]
}

B. Additional Results
We calculate the S2R gaps of different LLM backends to
evaluate the fidelity of the generated trajectories (see details

Table 4. Simulation-to-reality gaps of the synthesized trajectories
in the dataset using the Qwen2.5-7B backend for different rela-
tions and agent classes. FG and BG denote the foreground and
background agents, respectively.

Interaction Agent Pedestrian Vehicle

Collision FG - <0.01
BG 0.02 <0.01

Yielding FG 0.72 0.14
BG 0.02 <0.01

Table 5. Simulation-to-reality gaps of the synthesized trajectories
in the dataset using the Qwen2.5-3B backend for different rela-
tions and agent classes. FG and BG denote the foreground and
background agents, respectively.

Interaction Agent Pedestrian Vehicle

Collision FG - 0.12
BG 0.06 0.01

Yielding FG 0.32 0.12
BG <0.01 <0.01

in Sec. 4.2). The results are given in Tabs. 4 and 5. They
are consistent with the aforementioned findings that the pro-
posed pipeline is able to synthesize statistically rare events.
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