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ABSTRACT

The rapid advancement of autonomous driving (AD) technologies
has outpaced the development of robust safety evaluation meth-
ods. Conventional testing relies on exposing AD systems to vast
numbers of real-world traffic scenes—a brute-force approach that is
prohibitively expensive and statistically ineffective at capturing the
rare, safety-critical edge cases essential for validating real-world
robustness. To address this fundamental limitation, we introduce
STRELGen, a scalable framework for the targeted generation of
safety-critical driving scenarios. STRELGen synergistically com-
bines a multi-agent trajectory-generation diffusion model (DM)
with Spatio-Temporal Logic (STREL) specifications that encode com-
plex safety and realism properties through a highly interpretable
formalism. Crucially, monitoring satisfaction levels of these spec-
ifications is differentiable, enabling gradient-based search. At in-
ference time, we optimize directly over the DM’s latent space to
maximize STREL formula satisfaction. The result is efficient gener-
ation of highly plausible yet safety-critical multi-agent scenarios
that lie within the learned data distribution. STRELGen thus pro-
vides a flexible, interpretable, and powerful tool for stress-testing
autonomous driving systems, moving beyond the limitations of
brute-force data collection.

KEYWORDS

Scenario Generation; Autonomous Driving; Deep Generative Mod-
els; Spatio-Temporal Logic

ACM Reference Format:

Lorenzo Bonin, Francesco Giacomarra, Luca Bortolussi, Jyotirmoy V. Desh-
mukh, and Francesca Cairoli. 2026. Guiding Neuro-Symbolic Scenario Gen-
eration with Spatio-Temporal Logic. In Proc. of the 25th International Confer-
ence on Autonomous Agents and Multiagent Systems (AAMAS 2026), Paphos,
Cyprus, May 25 — 29, 2026, IFAAMAS, 9 pages. https://doi.org/10.65109/
JCRA2597

This work is licensed under a Creative Commons Attribution Inter-
BY national 4.0 License.

Proc. of the 25th International Conference on Autonomous Agents and Multiagent Systems

(AAMAS 2026), C. Amato, L. Dennis, V. Mascardi, J. Thangarajah (eds.), May 25 — 29,

2026, Paphos, Cyprus. © 2026 International Foundation for Autonomous Agents and

Multiagent Systems (www.ifaamas.org). https://doi.org/10.65109/JCRA2597

Francesco Giacomarra’
University of Trieste
Trieste, Italy
francesco.giacomarra@phd.units.it

2941

Luca Bortolussi
University of Trieste
Trieste, Italy
Ibortolussi@units.it

Francesca Cairoli
University of Trieste
Trieste, Italy
francesca.cairoli@units.it

1 INTRODUCTION

The integration of autonomous vehicles (AVs) into everyday trans-
portation is progressing rapidly, but this trend is accompanied by
growing concerns regarding safety. Developing self-driving systems
capable of ensuring reliable and secure operation represents a mul-
tifaceted and technically demanding challenge. Machine learning
(ML) has enabled autonomous driving systems to achieve human-
competitive reliability and robustness across diverse scenarios, a
milestone demonstrated by large-scale deployments like the Waymo
fleet [4]. However, designing rigorous and comprehensive testing
environments remains a major difficulty, particularly when it comes
to exposing the system to rare but safety-critical scenarios essential
for robust evaluation. Current approaches rely on large-scale real-
world deployments and simulator-based replay of safety-critical
events [24]. Nonetheless, the enormous search space, intricate in-
teractions, and rarity of critical events make autonomous vehicle
safety testing both highly challenging and often ineffective [11, 20].
Log-based simulators are limited by finite dataset diversity, hinder-
ing scalability for reliable training and evaluation.

In general, AV environments can be viewed as multi-agent sys-
tems, with each test scenario representing a set of physically realis-
tic trajectories within this system. With recent advances in deep
generative models, particularly diffusion models (DMs) [7, 18], a
promising approach is to generate scenarios directly, rather than
relying solely on samples from real-world data [14]. In this context,
DMs can be used to generate trajectories for autonomous agents,
typically conditioned on contextual information such as road maps,
traffic configurations, or environmental settings to ensure consis-
tency with scene dynamics. However, without a dedicated mech-
anism to control the generation process after the training phase,
the objective remains limited to producing realistic trajectories
under the given context, without explicitly steering the model to-
ward desired behaviors. Consequently, evaluating the system under
specific, potentially rare or challenging behaviors—those unlikely
to arise in typical trajectories—remains an open problem. To ad-
dress this, other works [8, 17, 26] incorporate guidance mechanisms
to elicit desired properties. Such approaches achieve controllable
generation by introducing guidance at each step of the denoising
process of the DM, where network outputs are perturbed using
the gradient of a differentiable objective to promote desired be-
haviors. When applied to traffic simulation, however, designing
and implementing such objectives—e.g., adherence to traffic rules,
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safety distance, realism—becomes highly challenging due to the
inherently spatio-temporal and multi-agent characteristics of the
domain. To tackle this challenge, Zhong et al. [27] proposed leverag-
ing the established syntax of Signal Temporal Logic (STL) [12]. As a
formal language designed for specifying temporal constraints, STL
provides a systematic and scalable framework for defining driving
rules. In addition, it incorporates a quantitative notion of robust-
ness, allowing the degree to which rules are satisfied to be formally
measured. While STL is well-suited for specifying properties for
a single agent or a small, fixed pool, it faces significant scalability
challenges in multi-agent systems. The core issue is that specifying
the complex interactions between agents exponentially increases
the complexity and size of the STL formulae. This combinatorial
explosion not only affects computational performance but, more
critically, severely compromises the interpretability of the require-
ments. Consequently, writing exhaustive and correct specifications
for collaborative or competitive behaviors becomes an inherently
hard and error-prone task.

In this work, we extend controllable trajectory generation
by leveraging Signal Spatio-Temporal Reach and Escape Logic
(STREL) [1, 13], which generalizes STL by incorporating explicit
spatial relationships between agents and the environment. At any
given timestep, the scene is modeled as a graph where nodes rep-
resent agents (e.g., cars, pedestrians). Each node is characterized
by a set of attributes, including categorical features like agent type
and continuous states like position and velocity. Compared to STL,
STREL enables more expressive specifications that capture both
temporal and spatial dependencies, allowing fine-grained control
over realistic traffic scenarios. A significant limitation of STREL is
its difficulty in monitoring the quantitative satisfaction of properties
involving categorical predicates. To overcome this, we introduce
Colored STREL, an extension of STREL that enables the specifica-
tion of predicates over specific node types.

Our approach partitions the spatial graph into color-specific sub-
graphs, where colors represent categorical attributes (e.g., vehicle
type in autonomous driving scenes). This allows Colored STREL to
monitor spatial properties for particular agent classes and, crucially,
to derive continuous robustness values even from discrete categori-
cal attributes. This capability facilitates the precise enforcement of
complex, interpretable behaviors in generated trajectories.

Furthermore, we leverage Colored STREL for guided trajectory
generation. By formulating specifications as objective functions, we
can steer a generative model toward high-satisfaction outputs. This
guidance is fully differentiable, enabling efficient gradient-based
optimization to identify latent inputs that produce trajectories sat-
isfying our requirements, all without the need for model retraining.
Overall, our approach enables controllable trajectory generation,
ensuring that the generated scenarios adhere to clearly defined,
semantically meaningful specifications.

The main contributions presented in this paper can be summa-
rized as follows:

1. Colored STREL: A Colored Spatio-Temporal Logic. We
introduce Colored STREL, a novel extension of STREL that
partitions spatial graphs by node attributes (e.g., vehicle
type). This enables the monitoring of complex spatial prop-
erties across specific classes of objects while maintaining

2942

AAMAS 2026, May 25-29, 2026, Paphos, Cyprus

continuous robustness semantics. The resulting monitor is
fully differentiable.

. Colored STREL Guidance. We present a differentiable guid-
ance framework that uses Colored STREL specifications as
objective functions. This allows us to directly optimize the
latent space of generative models to produce trajectories that
satisfy spatio-temporal requirements.

. Safety-Critical Data Augmentation. We present a data
augmentation strategy that uses our guidance framework to
generate diverse, realistic, and safety-critical scenarios that
are underrepresented in real-world data, ensuring consis-
tency with traffic rules and preventing unrealistic outputs.

Related Work

Scenario Generation with Diffusion Models. Several works have
leveraged diffusion models to synthesize adversarial or risky driv-
ing behaviors targeting the ego vehicle. Xu et al. [26] proposed
DiffScene, where a diffusion model is first trained to generate goal-
agnostic trajectories of surrounding vehicles. At inference time,
adversarial guidance is applied by optimizing a composite risk
objective, which balances safety (increasing ego-vehicle risk), func-
tionality (maintaining task feasibility), and realism. While effective,
their experiments primarily focus on single surrounding vehicles,
limiting scalability to complex multi-agent settings.

Other approaches emphasize the generation of realistic multi-
agent interactions. Pronovost et al. [14] introduced a latent diffusion
model conditioned on map-based Bird’s-Eye-View representations
and structured token descriptions to generate realistic poses and
trajectories of multiple agents in the Argoverse 2 dataset. Huang
et al. [8] proposed Versatile Behavior Diffusion, which integrates
Transformer-based encoders and denoisers with classifier guidance
to generate joint behaviors of multiple traffic agents. Rowe et al. [16]
presented Scenario Dreamer, a vectorized latent diffusion approach
that separately generates initial traffic scenes and closed-loop be-
haviors, and supports exponential tilting to bias scenarios towards
adversarial or benign outcomes. These works highlight the growing
interest in scaling diffusion-based scenario generation to complex,
interactive traffic environments.

Temporal Logic for Autonomous Driving. A line of research has
explored the integration of Signal Temporal Logic (STL) into the
autonomous driving domain. The techniques in [2, 3, 6, 10] explic-
itly predict traffic rule violations by combining temporal logic with
neural networks. In these frameworks, traffic rules are formalized
in STL, and robustness values are computed to serve as features for
learning models that anticipate violations in highway driving sce-
narios. Results show that these predictive monitoring approaches
can outperform conventional methods that first predict trajecto-
ries and then check for compliance, highlighting the potential of
temporal logic as a supervisory signal.

In parallel, NVIDIA researchers introduced a framework that
uses STL-based guidance to generate and evaluate safety-critical
driving scenarios [27]. Their philosophy is similar to ours in that
STL formulae are used to encode safety properties and realism con-
straints for autonomous vehicle testing. However, their approach
relies on gradient-guided optimization at generation time, whereas
our method performs latent-space search using STREL, which is
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more well-fitted for spatial domains. This distinction is crucial, as
it allows us not only to target safety-critical scenarios but also to
systematically assess the coverage of the generative model with
respect to rare events, something not addressed in prior works.

Noise-Optimization Guidance Approaches. Related to our pro-
posed guidance approach, there exists a growing line of works that
explore the possibility of steering the generation process from a pre-
trained diffusion model by optimizing the noise vector in the latent
space, according to some differentiable objective function defined
on the output space. DOODL [22] and Direct Noise Optimization
(DNO) [9] exemplify this trend, as they both present a guidance
approach based on back-propagating through the entire reverse
process to find latent points that yield outputs best aligned with
a target classifier or motion objective. A similar approach to what
we propose can be found in [5], where robustness with respect to
STL formulae is used to guide an optimization process in the latent
space of score-based diffusion models.

Such methods enable fine-grained, differentiable control over
generation without retraining, but require careful regularization to
avoid drifting away from the data manifold.

2 BACKGROUND

In this section, we review the theoretical foundations underlying
our approach.

2.1 Diffusion Models

Diffusion probabilistic models [18] are generative models that learn
data distributions by gradually adding and then removing noise
from training samples. We consider the denoising diffusion prob-
abilistic model (DDPM) [7], which can be viewed as a discretized
score-based model trained with Langevin dynamics [21].

Forward and Reverse Processes. The forward process progres-
sively perturbs a clean sample x° through a sequence of 7~ injec-
tions of Gaussian noise with variances f;, 7 € {1,..., 7 }, until it
reaches a pure noise distribution x”7 ~ N (0,1). The reverse pro-
cess, parameterized by a neural denoiser €y(x7, 7), learns to invert
this corruption, reconstructing clean samples from noisy ones. The
model is trained via a simple denoising objective that minimizes
the prediction error between true and estimated noise:

Liir(0) = B, [”e —ep(x", T)HZ] > ey

where 7 ~ Unif({1,...,7}) and x, is sampled from the dataset.
The model can then generate new samples by iteratively denoising
pure noise drawn from N (0, I).

Conditional Diffusion. To guide generation, diffusion models can
be conditioned on auxiliary information y (e.g., scene context or
class labels), learning the conditional distribution p(x° | y). The
same denoising loss applies, with the denoiser now depending on
y, i.e, €g9(x7, 7 | y). This enables targeted generation of trajectories
consistent with external constraints.

Implicit and Latent Variants. The sampling process in DDPMs is
slow, as it requires executing a long chain of probabilistic denoising
steps. Denoising Diffusion Implicit Models (DDIMs) [19] allow
for faster sampling by removing stochasticity from all denoising
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Figure 1: Example of a safety-critical AD scene represented
as a STREL dynamic graph: the motorbike sees the crossroad
but not the pedestrian, as it is hidden by the car in front.

steps except the last one (step 7). Therefore, given a sample x” ~
N (0, 1), the rest of the denoising process becomes deterministic.
The sampling process can be then accelerated by using only a subset
of the diffusion steps. Finally, Latent Diffusion Models (LDMs) [15]
perform the diffusion process in a compressed latent space learned
by an autoencoder, greatly improving efficiency while maintaining
generative performances.

2.2 Spatio-Temporal Logic

Spatio-Temporal Reach and Escape Logic (STREL) [1, 13] is a formal
language designed to express complex, spatio-temporal relation-
ships between interacting agents. In this framework, a multi-agent
system is modeled as a dynamic graph G(t) = (L(t), E(t)), where
L(t) is the set of agents (nodes) and E(t) represents their possible
interactions (edges) at time ¢. Each edge has two key properties: a
binary weight indicating whether two agents are interacting (e.g.,
if they see each other), and a distance metric f that quantifies a
specific notion of proximity between them. This metric f is a key
source of STREL’s expressivity, allowing it to define a wide range of
spatial properties. Crucially, the graph is dynamic; the set of agents,
their attributes, and the connections between them all evolve over
time, as illustrated in Fig. 1.
STREL properties are defined by the following syntax:

@ i=true | pl =g | o1 Aoz | o1Ur,0102 | (le{dl,dz](pZ I E{dhdz](p

where p denotes the atomic predicates, -, A denote negation and
disjunction. On one hand we have the temporal operator Until,
©1U[4,,1,1 @2, that denotes that ¢; is satisfied until, in a time between
t; and t; time units in the future, ¢, becomes true. Temporal op-
erators are evaluated in each location separately. On the other
hand, R{ dydy] P2 and E{ duds]? denote the spatial operators of Reach
and Escape, with f : L X L — B a distance function (B the dis-
tance domain). The reachability operator describes the property of
reaching a location satisfying ¢, through a path with all locations
that satisfy ¢; with path length between d; and d,. The escape
operator describes the possibility of escaping from a certain re-
gion via a path passing only through locations that satisfy ¢, with
the distance between the starting location of the path and the last
(not the path length) that belongs to the interval [dj, d,]. Spatial
operators are evaluated at each time step separately. From this es-
sential syntax, we can define as usual other operators as follows:
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false := —true, oV := =(=@ A=), F[4, 4,10 = true Uy, 1,10 and
Glty,1210 = —F[1,,1,] @, Where F(;, 1,10 and G, ;,1¢ denote respec-
tively the Eventually (¢ will hold at some point in the time interval
[t1, t2]) and Globally (¢ holds at all times in the interval [#;, t;])

operator.
We can also derive other three spatial operators: somewhere:
SW{O,quo = trueR{O,qua, everywhere: EW{O’dJ(p = ﬂSW{O’dJ—'qo

and surround: ¢, Surr{wJ @2 = @1 A =(@1R[oa1~ (01 V @2)) A
(E[d,00]¢1). Somewhere and Everywhere operators describe be-
haviour for some or all locations within reach of a specific location,
Surround expresses the notion of being surrounded by a region that
satisfies ¢,, while being in a ¢ satisfying region.

STREL Semantics. The semantics of STREL is evaluated point-
wise at each time ¢ and at each location ¢. Let G be a spatial model
(i.e. a graph with a time-varying edge relation) with L the space
universe (i.e. the set of locations), D; and D, be two signal domains,
and X be a spatio-temporal D;-trace for locations in L. The D;-
monitoring function m of X is recursively defined as follows.

m(G, X, t,€) = g(p, X(¢,t))
m(G,X,~¢,t,£) = om(G,X, ¢, t, £)
m(G,X,01 A @2, t,£) = m(G, X, ¢1, 1, £) ® m(G, X, ¢, £, £)

D

te[t+ty,t+E ]

[m(G,J?, @, t', ) ®( ® m(G, X, g2, t”,t’))]

telt,t’]

m(G, X,01U[z, 1,102, 1, £) =

t,f) =
t€Routes(G(t),l) i:(d{[i] € [d1,d2])

(m(G,f, @2 t,T[i]) ® ® m(G, %, 1,1, 7[j]) ) ]

j<i

r€Routes(G(t),t) t”er:(dé(t) [l,t”]e[dl,dz])

(@ m@zoten)|

i<z(e’)

m(G, 5c',<p1R{d1,dz] @2,

m(G, EC',E{

drds) P Lo =

Here, Routes(G(t),f) denotes the set of routes in G(t) starting
from ¢ € L. To ease the notation we use ®, ®, © to denote respec-
tively conjunction ®p,, disjunction ®p, and negation ©p,. For
the Boolean signal domain (D; = {L, T}), we say that (G, X(¢, t))
satisfies a formula ¢ iff m(G, X, ¢,t,£) = T. For max/min signal
domain (D; = R®) we say that (G, X(¢,t)) satisfies a formula ¢ iff
m(G, X, ¢, t,£) > 0.

ExampLE 1. Fig. 1 illustrates the evolution in time of a safety-
critical autonomous driving scene and its corresponding abstraction
as STREL dynamic graph. In this model, a directed edge from node
a to node b exists if and only if agent a perceives agent b. Crucially,
the graph structure depends on the chosen distance function f, as
different functions can model different perceptual or spatial relation-
ships. In our example, the function emulates a LiDAR such that the
motorbike perceives the crosswalk and the car in front, but not the
occluded pedestrian behind it, accurately reflecting the scene’s visi-
bility constraints. A potential safety-critical situation occurs if the
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motorbike finds a pedestrian ahead within the safety distance dsyf.
This is captured by the following STREL requirement:

R7o™ . (isPedestrian(¥))], (2)

@ =For;[(isMotorBike(¥)) (0]

where isMotorBike(X) and isPedestrian(x) are two atomic pred-
icates denoting whether the node is of type motorbike or pedestrian.

This very simple example highlights a big limitation of STREL.
We are only able to monitor the Boolean satisfaction of ¢, whereas
the quantitative semantics is not well-defined over categorical at-
tributes; we are not able to quantify how close the scene is to a
safety violation. Therefore, the satisfaction of STREL formulae is
unsuitable as an objective function for optimization problems in-
volving categorical data, such as vehicle type.

3 NEUROSYMBOLIC SCENARIO GENERATION

In this section, we present our STRELGen approach for autonomous
driving scenario generation. The primary objective is to enable
controllable generation of multi-agent trajectories that are both
realistic and consistent with semantically meaningful specifications.
To this end, we combine latent DMs for trajectory synthesis with
CSTREL-based guidance that steers the generative process toward
desired behaviors.

Our method introduces two key innovations. First, we ex-
tend STREL with a coloring mechanism, yielding Colored STREL
(CSTREL), which partitions the spatial graph into subgraphs corre-
sponding to agent types or contextual categories. This extension
enables rules to be specified over heterogeneous entities (e.g., cars,
pedestrians, cyclists) and provides continuous robustness measures
even for discrete categorical attributes. Second, we develop a dif-
ferentiable guidance mechanism that directly leverages CSTREL
robustness values as objectives for trajectory generation. By ex-
pressing logical constraints as differentiable functions, this mecha-
nism enables gradient-based search in the latent space, ensuring
that generated trajectories satisfy the specified constraints.

3.1 Trajectories Generation

In this work, we adopt the diffusion-based architecture proposed
in [23] as our baseline for multi-agent scenario synthesis. A latent
diffusion model is used to generate future trajectories of all agents in
a traffic scene jointly, while scene context—comprising map features,
agent history, and inter-agent interactions—is encoded by a pre-
trained QCNet [28] and injected into the diffusion model through
cross-attention layers. This conditioning ensures that the generated
trajectories remain consistent with both scene geometry and agent
dynamics. A central contribution of [23] is the introduction of
Optimal Gaussian Diffusion (OGD), which replaces the standard
Gaussian prior with a data-dependent “optimal” prior derived from
statistics of marginal trajectories at a small diffusion time step. This
design allows the model to achieve high-quality predictions with
substantially fewer denoising steps.

In our framework, we adopt the implicit formulation of [23],
which accelerates sampling and, crucially, renders the reverse pro-
cess deterministic. This property is particularly important for our
method, as it enables stable backpropagation of gradient-based
CSTREL specifications defined on generated trajectories with re-
spect to latent inputs.
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3.2 Colored STREL

Scenarios can be naturally interpreted as networks of interacting
agents. Spatio-temporal logic (STREL in Section 2.2) is tailored
to monitor dynamic networks of spatially-distributed agents. A
key feature is the ability to automatically monitor both Boolean
and quantitative satisfaction of spatial and temporal properties,
providing insights into complex behaviors that emerge from lo-
cal and dynamic interactions. However, the STREL quantitative
semantics—a core metric in our guidance framework—is currently
ill-defined for properties containing categorical predicates (e.g.,
isBike or isPedestrian), as shown in Example 1. To address this,
we introduce a colored formulation, Colored STREL (CSTREL),
which enables the specification and quantitative verification of
type-specific requirements. Given the set of all colors C, e.g. C =
{car,bike, pedestrian, traffic light,crossroad}, the syntax
of Colored STREL is:

true | 1| =@ | o1 A gz | 01000002 | 0'R] (] P2 IEdldztp,

where ¢, ¢q,c; C C are sets of colors. If ¢ = ¢; = ¢; = C, CSTREL
reduces exactly to STREL. To better understand the main differences
in the colored semantics, let’s introduce a coloring function, p :
L xR* — C, mapping every pair (¢,t), node £ € L at time ¢ € R*,
into the associated color p(¢,t) € C.

Let 1p, denote the minimum satisfaction value, i.e. False in the
Boolean case and —co in the quantitative case. The main differences
in CSTREL semantics can be summarized as follows.

= gC(IlC) 2([) t)):

where g.(p, X(£,1)) = g(p, X (£, 1)) if p(€, 1) € c,ie.,if node £ at time
t has a color present in set ¢, and g.(y, (¢, t)) =Lp, otherwise.
For the colored reach and escape operators, we must address the
path-generating function in order to search only over paths with
allowed coloring. A collateral advantage of CSTREL is its reduced
computational cost, as we considerably reduce the search space.

Colored Atoms: m(S, X,y £, f)

Colored Reach: m(S, %, ¢ R{ ]qJZ 2 tt) =

| D

i:(d{[i]e[dl,dz])

t€CRoutes(S(t),t,c1,¢2)

(m(s,;e,q;ga i) & (R m(s. 7.9 1, 71]) )]

j<i

Colored Escape: m(S, X, E{dl,d2]¢c’ t,f) =
t€CRoutes(S(t),t,c)

[ T &) m(s. 5 ¢t telil) ) |

efer;(dg([)[e,ef]e[dl,dz]) igz(t’)

where CRoutes(S(t),,c1,cz) is a message passing function that
returns all paths such that every visited location has a color in
¢, and terminates with a color in ¢, whereas CRoutes(S(t), ¢, ¢)
returns all paths such that every visited location is in ¢. The derived
spatial operators inherit the coloring scheme from the reach and
escape defined above. More precisely:

Colored somewhere: SW{0 a9 = trueCR{o’d]tpC;
Colored everywhere: EW{O’d](pC = —'SW{O d]—'fpc;
Colored surround: gD?Sur‘r'{Od]go = (pl A —|(g01 Rio.q1(— (‘Pl

©;2))) A =(E[ge0] ;")
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ExXAMPLE 2. The STREL formula presented in Example 1, Eq. (2),
describing a scene where a motorbike finds a pedestrian in front within
the safety distance, can be rewritten as a CSTREL formula:

0= F[O 7] [(Mov[motorbike] (f))RFront (Mov[pedestrian] (f))], (3)

[0.d fe
where v is the agent velocity and Mov[®¥Pes1 (%) = (vltyPesl(%) > 0)
is the atomic predicated determining whether agents of type [types]
are moving. The robustness of this CSTREL formula quantifies the level
of satisfaction—or criticality—based on the velocities of the motorbike
and pedestrian and the proximity of their trajectories.

REMARK 1. We developed a fully differentiable PyTorch library
for CSTREL specifications that also provides the first differentiable
implementation of STREL, enabling STREL-based gradient searches.

3.3 CSTREL-based Guidance

Our CSTREL library allows for the flexible, scenario-specific defini-
tion and evaluation of formulae describing the targeted behavior.
Given a CSTREL formula ¢ and a point z € Z, the latent space
of a pre-trained generative model Gy, we compute a quantitative
notion of robustness for the corresponding generated trajectory

= Gp(z") in the data space X. This trajectory x* is a spatio-
temporal signal describing the future evolution of the entire scene
(all n = |L| agents), conditioned on past observations.

The CSTREL robustness evaluated at time 0 is generally a ten-
sor of size n. We must therefore find a statistic that effectively
summarizes the robustness values in this tensor. In our safety-
critical guidance pipeline—where properties describe dangerous
behaviors—we aim to find latent inputs that lead to at least one
safety violation. The maximum (the softmax for a better gradient
flow) of the n robustness values is therefore a suitable metric to
maximize. Conversely, for realism properties that all agents must
satisfy, the minimum value is the appropriate metric to maximize.

Let p?(x*) denote this real-valued metric, which quantifies the
level of satisfaction of ¢ for the scene x. Consequently, p? serves
as a differentiable objective for identifying latent points in Z that
maximize property satisfaction. This guidance effectively forces
either at least one agent to violate a safety property or all agents to
behave realistically. The two requirements can be combined.

This CSTREL-based guidance strategy is straightforward to im-
plement but may drive the search toward regions of the latent space
that lead to scenes that lie off the data manifold [9, 22], i.e. latent
inputs with low probability w.r.t. the latent prior p(z) = N(0,1).
To mitigate this issue, we regularize the objective function of our
gradient-ascent procedure. More precisely, we jointly optimize over
an objective composed of the robustness p? and a regularization
term proportional to the log-likelihood of the latent input w.r.t
the latent prior, which is a standard Gaussian. Mathematically, the
regularized objective function is

T (@) = p?(Go(2)) - 1- (%nzn%), @
where A is a tunable trade-off parameter. The search can terminate
when we find z* such that p?(Gg(z*)) > 0. Incorporating realism
within the guidance properties can further discourage off-manifold
behaviors or hallucinated trajectories. The overall pipeline of our
method is summarized in Algorithm 1.
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Algorithm 1 STRELGen

Input: Diffusion Model Gy, CSTREL formula ¢, starting latent
pointzg ~ N (©,1), learning rate 7, regularization parameter A.
Output: Optimized latent point z,,.
for i =1: Maxg,) do
T (2) = p?(Gy(2)) — A} llzll3 >optimization objective
z — GA(z, I (2),n) > one-step of gradient-ascent
if p?(Go(2Maxyrep)) > 0 then
Zp = ZMaxsrep
else
draw new sample z; ~ N (0,) and go to step 1

> formula is satisfied

4 EXPERIMENTS

This section evaluates the proposed approach and addresses the
following research questions:

RQ1 Can CSTREL guidance reliably steer the diffusion model to
produce trajectories that maximize the satisfaction of target
specifications?

RQ2 Can we guide the model toward safety-critical scenar-
ios while remaining on the data manifold, avoiding low-
probability regions of the latent space?

RQ3 Can CSTREL-based guidance optimize latent variables
while preserving the physical plausibility of generated tra-
Jjectories?

We first describe the experimental setup, followed by qualitative
and quantitative analyses of the results. Our implementation is
available at https://github.com/lorenzobonin/strelgen.

4.1 Experimental Setup

Dataset. We evaluate our approach on the Argoverse 2 Motion
Forecasting Dataset [25], a large-scale benchmark for controllable
trajectory generation. The dataset comprises over 250,000 driving
scenarios collected across six diverse U.S. regions, totaling approxi-
mately 763 hours of real-world driving data. Each scenario includes
a 5-second observation window followed by a 6-second prediction
horizon. We use the official training and validation splits.

Training Details. The latent diffusion model is trained for 64
epochs using the same hyperparameter configuration as in [23], to
which we refer for further details. Context embeddings are extracted
using the pre-trained QCNet model [28]. We employ the implicit
formulation of the diffusion process with 100 denoising steps.

Computational Costs. CSTREL preserves the theoretical complex-
ity of [13] over color-based subgraphs. For simple scenarios, our
tensorized GPU implementation reduces the time per gradient as-
cent step of the iterative algorithm in [13] from approximately 8 s
to 0.15s. In more complex settings, this implementation is crucial
to maintaining feasibility and computational efficiency.

4.2 CSTREL Specifications

For evaluation, we selected ngeen = 3 representative scenarios from
the validation set. Specifically, we first identified the ten scenarios
containing the largest number of agents and the ten scenarios
exhibiting the greatest diversity of agent types. From their union,
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we sampled three scenarios for detailed analysis. The generative
model does not assume a designated ego vehicle, as all agents’
trajectories are generated jointly.

To evaluate the effect of CSTREL-based guidance, we designed
logical formulae that intentionally promote safety-critical or ad-
versarial behaviors, enabling the model to explore challenging
conditions. The set of colors C we considered corresponds to the
type of agents that can populate the scene. In our experiments
C = {car,pedestrian,bike, motorcycle, bus,static}. To im-
prove readability, we group a subset of relevant labels under the
set vehicles = {car,motorcycle, bus}. The considered CSTREL
specifications are the following.

Fast Vehicle Reaches a Bike or Pedestrian capturing potential
near-collision events involving vulnerable road users:

REuclid

Ppb uns = F[O,T] [(Fast[vehicles] ()?)) P | (Mov[ped,bike] ()?))] )

Fast Vehicle Finds a Slow Vehicle Ahead targeting rear-end
collision risks:

Pfront = F|0,T| [(Fast[car,bus] ()—(:))RFront

o (Slowlearoue] () |

Fast Car Surrounded by Slow Cars describing aggressive driv-
ing in dense traffic:

Osurr = F[O,T] [(Fast[car] (J?))Suf‘l”Eucnd

[0.dege] (Slow[car] (J?))] .

The atomic predicates are defined as: Movl™Pesl(¥) =
(vIoPesl(2) > 0) A (vrea > vIVPEN(R)), Fastl™Pesl(x) =
(VIOP(Z) > 0pe) A (vrear > vI¥P%] (3)) and Slow!¥Pes] () =
(vIvPesl(R) < vg,y), where v(¥) is the velocity of each agent,
Usafe Ureal, ad Uglow are velocity thresholds and dg,fe is the safety
distance. These parameters are scenario-dependent (e.g., thresholds
differ between urban and highway scenes). Each specification is
applied to one of the selected scenarios. To further demonstrate the
versatility of CSTREL, we introduce two additional formulas that,
although not safety-critical, promote realistic motion and smooth
behavior.
No Sudden Changes in Heading Direction:

Phead = G[O,Tl (h[car] (3_‘:) < hsmooth)’

No Overlap Among Moving Vehicles: ¢, = G[o1]

(—\(MOV[VEhide] ()_f) A SWEuclid Mov[vehicle] ()_c'))),

Euclid
EW (0, dsgte ]

[0.D]
where h(X) denotes the instantaneous heading change, and D and
dsafe are distance hyperparameters.

Baseline. As a baseline, we use the vanilla diffusion model with-
out any CSTREL-based guidance. This comparison isolates the
contribution of the proposed method by contrasting guided and
unguided generations under identical conditions.

Metrics. Performance is assessed through both qualitative and
quantitative analyses. Qualitatively, we inspect generated trajecto-
ries to evaluate plausibility, diversity, and interpretability (Fig. 2).
Quantitatively, we compute the distribution of minimum pairwise
distances D between agents (Fig. 3) and the number of collisions
observed in each scenario (Table 4). Together, these metrics provide
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Figure 2: Representative safety-critical scenarios generated with STRELGen. Each column corresponds to a target STREL
property: (Left) ¢, uns—Fast Vehicle Reaches a Bike or Pedestrian; (Center) ¢r.,n,—Fast Vehicle Finds a Slow Vehicle Ahead,;
(Right) ¢s,,,r—Fast Car Surrounded by Slow Cars. Blue trajectories correspond to fixed context agents, and yellow trajectories to
optimized predictions. The top row shows unguided (vanilla) samples; the bottom row shows samples optimized via STRELGen.

complementary insights into how STRELGen steers the diffusion
model.

4.3 Results

Fig. 2 shows representative examples of safety-critical scenes gen-
erated via STRELGen. The top row shows unguided (vanilla) sam-
ples, while the bottom row presents optimized trajectories. Across
all three properties, the optimized trajectories exhibit behaviors
consistent with the target logical formulae: pedestrians and cy-
clists approach vehicles (left); fast vehicles approach slower ones
ahead (center); and aggressive drivers emerge within congested
traffic (right). In all cases, trajectories remain spatially coherent
and aligned with the road geometry. Importantly, CSTREL ensures
that only the agent types specified in each formula exhibit signif-
icant behavioral changes relative to the baseline. The likelihood
regularization term in Eq. (4) prevents the optimization from devi-
ating toward low-probability regions of the latent space. We also
considered composing safety-critical and other realism-oriented
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formulae (e.g., Eq. (4.2)), but empirically found that using likelihood
penalty was sufficient to obtain plausible trajectories.

To quantify the steering effect of STRELGen, Fig. 3 reports the
distribution of the minimum inter-agent distance D—measured be-
tween the center points of the agents—across CSTREL properties,
comparing the baseline (blue) and guided (orange) generations.
STRELGen consistently produces lower median values of D, indi-
cating reduced safety margins and a higher likelihood of unsafe
interactions. The method also exhibits larger interquartile ranges,
reflecting increased diversity in the generated scenarios. With re-
spect to the considered experiments, the proportion of generated
scenarios that are challenging, meaning positive robustness w.r.t.
the CSTREL requirements, is around 13,6% under unguided sam-
pling, increasing to 100% with the proposed CSTREL-based guid-
ance strategy. Table 4 reports the number of collisions observed
per CSTREL property. We define a potential collision as a vehicle
being within 0.9 m of another agent. Across all cases, STRELGen
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Figure 3: Distribution of minimum inter-agent distance D
(in meters) across CSTREL properties; lower values indicate
closer agents and thus higher safety risk.

Method / Property Ppb_uns Pfront Psurr
Vanilla 0 (0%) 5 (17%) 0 (0%)
STRELGen 5(17%)  19(63%) 7 (23%)

Figure 4: Potential collision: count and percentage (30 gener-
ated scenarios for each method-formula configuration).

consistently increases the number of potential collisions, confirm-
ing its effectiveness in generating safety-critical behaviors while
remaining within the data manifold.

5 DISCUSSION

In this section, we summarize the key findings that address the
research questions posed in this work.

RQ1 Can CSTREL guidance reliably steer the diffusion model to

produce trajectories that maximize the satisfaction of target
specifications?
The results section shows that the proposed approach effec-
tively generates safety-critical scenarios that satisfy the prop-
erties specified through CSTREL, offering explicit control
over both global scene behavior and agent-specific dynam-
ics. The integration of CSTREL guidance steers the diffusion
process toward configurations that maximize the desired
specifications, enabling targeted manipulation of safety mar-
gins and interaction patterns among agents.

RQ2 Can we guide the model toward safety-critical scenar-

ios while remaining on the data manifold, avoiding low-
probability regions of the latent space?
Guidance based solely on robustness can push latent points
toward the tails of the distribution, producing off-manifold
samples. To mitigate this, we incorporated a likelihood
penalty into the robustness function. This simple yet ef-
fective addition ensures that the optimized latent points
generated by STRELGen remain consistent with the latent
distribution, while achieving high satisfaction values for the
target property.

RQ3 Can CSTREL-based guidance optimize latent variables
while preserving the physical plausibility of generated tra-
Jjectories?

2948

AAMAS 2026, May 25-29, 2026, Paphos, Cyprus

We explored the inclusion of realism-preserving formulae in
the robustness function but found that the likelihood penalty
alone was sufficient to obtain plausible trajectories. In fact,
our qualitative analysis showed that the generated samples
tend to adhere to the underlying physical and environmental
constraints. This result indicates that STRELGen not only
supports targeted scenario generation but also enables analy-
sis of the generative model’s coverage with respect to desired
properties—revealing its capacity to produce compliant sam-
ples while remaining within the data manifold.

Overall, our findings suggest that STRELGen can successfully bal-
ance specification-driven optimization with the plausibility of gen-
erated samples, indicating its potential for controllable and inter-
pretable scenario generation in safety-critical domains.

6 CONCLUSIONS

In this work, we introduced STRELGen a controllable trajectory
generation framework based on Colored Signal Spatio-Temporal
Reach and Escape Logic (Colored STREL), an extension of STREL
that enables the specification and quantitative monitoring of spatio-
temporal properties across different classes of agents. By leveraging
Colored STREL robustness as a differentiable objective, we guide a
pre-trained diffusion model in its latent space to generate trajecto-
ries that satisfy complex, formally defined safety-critical behaviors.

The proposed guidance strategy, which combines the Col-
ored STREL objective with a likelihood-based regularization term,
proved effective in producing safety-critical scenarios. The regular-
ization term ensures that the optimization remains close to the data
manifold, while the logical objective directs the generation toward
behaviors exhibiting reduced safety margins or other targeted inter-
actions. Overall, these results demonstrate that formal, logic-based
guidance can complement data-driven generative models, bridging
the gap between realism and controllable scenario synthesis for
simulation-based safety testing.

Future work will aim at developing automated pipelines that
infer safety-critical CSTREL specifications directly from the under-
lying road geometry and agent configurations, thereby removing
the need for manual formula design and enabling targeted optimiza-
tion toward context-dependent unsafe behaviors. In addition, the
proposed framework could be extended to evaluate autonomous
driving policies under adversarial or rare-event conditions by op-
timizing latent variables adversarially with respect to the control
policy of interest.
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