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Abstract
Towards Scalable Simulation for Human-Centered Autonomy
by
Wei-Jer Chang
Doctor of Philosophy in Engineering Science - Mechanical Engineering
University of California, Berkeley

Professor Masayoshi Tomizuka, Chair

Robots are increasingly deployed in environments that involve close interaction with humans.
To operate safely and intelligently in these settings, they must handle diverse and reactive
human behavior. However, collecting such data at scale is costly and limited. Moreover,
real-world data provides only passive observations and does not capture how humans would
respond under different robot actions. While simulation offers a promising alternative, existing
approaches struggle to capture realistic human behavior, support counterfactual reasoning,
and scale to complex interactive settings.

We begin by quantifying human social preferences from real-world interaction data using
a data-driven measure of courtesy that captures the influence of an agent’s behavior on
others. This enables socially controllable agent behaviors ranging from courteous to aggressive
interactions to be learned directly from data. Importantly, we observe that courteous behavior
manifests differently across interaction contexts. Second, we address the limited coverage of
long-tail and safety-critical interactions in real-world datasets through controllable generative
simulation. We propose a guided and partial diffusion framework for controllable generation of
safety-critical interactions with diverse aggressiveness levels and collision types. Furthermore,
we integrate natural language conditioning into joint multi-agent diffusion models, enabling
high-level specification of interactive behaviors for counterfactual simulation. Finally, we
address the scalability of closed-loop simulation, where large generative behavior models are
often computationally expensive at inference time. We introduce a self-play reinforcement
learning framework that uses pretrained tokenized reference models to guide policy learning
toward human-like behavior. This enables scalable and realistic multi-agent simulation while
achieving up to an order-of-magnitude faster inference than large generative models.

Together, this dissertation lays a practical foundation for realistic and controllable simula-
tion of human behavior, enabling autonomous systems to reason about the counterfactual
consequences of different actions in human-centered environments.
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Chapter 1

Introduction

1.1 Motivation

Robots are increasingly deployed in environments that involve close interaction with humans.
To operate safely and intelligently in these settings, they must handle diverse and often
unpredictable human behavior. This challenge arises across domains, including autonomous
driving, warehouse human-robot collaboration, and social navigation in public spaces. To
operate effectively, robots require experience interacting with people. However, collecting
such interactive data in the real world is slow, expensive, and often constrained by safety
considerations. This creates a fundamental challenge for developing and validating autonomous
systems.

1.2 Simulation: System-Level View

Simulation provides a promising tool for scaling interactive experience, evaluation, and
stress-testing of autonomous systems under diverse interactive scenarios. Real-world testing
remains necessary for validating autonomous systems in human environments. However, it is
expensive, time-consuming, and often constrained by safety considerations. It also provides
limited coverage of long-tail interactions, many of which are rare yet important for safety
evaluation. Moreover, while real-world datasets provide realistic observations, they are limited
for evaluation: they capture what happened, but not how humans would respond under
different robot actions. As a result, even small changes to a robot’s algorithm may require
additional real-world testing.

Simulation offers a safer and more scalable complement to real-world testing. By enabling
controlled and counterfactual interaction, it supports capabilities that are difficult to achieve
in the real world, such as systematic evaluation and large-scale training. If simulation can
faithfully capture real-world scenarios and human responses, it can significantly accelerate
the development cycle of autonomous systems.
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Recent advances in robotics have demonstrated the transformative impact of scalable
simulation platforms such as MuJoCo [1] and Isaac Lab [2]. These simulators have accelerated
robot learning and evaluation by enabling scalable, safe, and reproducible interaction in
simulated physical environments. Similarly, for autonomous systems operating around
humans, realistic human behavior simulation may play an important role in enabling scalable
development, evaluation, and training.

Sensors (

L Robot Policy

] Actions

World Simulation

e N N

Sensor Simulation Behavior Simulation

Camera Views
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Figure 1.1: System-level simulation for autonomous systems. Behavior simulation
models agent interactions and decision-making, while sensor simulation generates perceptual
observations such as camera images and LiDAR point clouds. Together, they form a complete
simulation framework from perception to interaction, enabling evaluation of autonomous
systems from sensor inputs to actions.

As illustrated in fig. simulation at the system level consists of both behavior simulation
and sensor simulation. Behavior simulation models how humans and other agents behave and
interact over time, including their decisions, motions, and reactions to surrounding agents. In
autonomous driving, this problem is often referred to as traffic simulation, where the goal is to
model realistic multi-agent interactions among vehicles and other road users. This dissertation
focuses primarily on behavior simulation, where a key challenge is capturing realistic human
decision-making and interaction dynamics. In contrast, sensor simulation models what the
autonomous system perceives from the environment by generating observations such as
camera images or LiDAR point clouds. Together, behavior simulation and sensor simulation
provide complementary components for constructing a complete simulation from perception
to interaction.
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1.3 Simulation in Practice: Usage and Industry
Perspective

Behavior simulation plays a central role in developing and evaluating autonomous systems
that interact with humans. For modular systems, behavior simulation is used to model
interactions between the ego agent and surrounding agents, enabling evaluation of prediction
and planning components. When paired with sensor simulation, as shown in fig. [I.1], it
enables evaluation of the full system, from sensor inputs to actions, for both modular and
end-to-end architectures.

In addition, if we can learn a sufficiently expressive model of human behavior, it can
also be used directly for planning in a way that is compatible with humans. However, it is
important to distinguish that planning and simulation serve different goals. Planning focuses
on selecting safe and optimal actions, and may go beyond typical human behavior for safety
or efficiency. In contrast, simulation aims to reflect real-world behavior, requiring diversity
and broad coverage of possible interactions.

Current industry bottlenecks include safety certification and edge-case discovery, which
often require large amounts of real-world testing with diminishing returns. Simulation is
essential to systematically explore scenarios that would be infeasible to cover physically. Safety
standards such as SOTIF (Safety of the Intended Functionality, ISO 21448 [3]) emphasize the
need for robust testing of unknown unsafe scenarios, highlighting the importance of practical
simulation frameworks for scalable validation and certification.

In practice, autonomous systems are developed and evaluated using a combination of
real-world testing and simulation-based approaches, each with different trade-offs in realism,
scalability, and interaction.

Real-world testing. Real-world testing provides the most direct form of evaluation,
since data is collected from actual system deployments and human interactions. One common
practice is shadow mode evaluation, where the tested algorithm runs in parallel with a human
operator or production control system without actually executing its actions. This allows
developers to compare the algorithm’s predicted actions against real-world outcomes while
maintaining safety. However, real-world testing is expensive, time-consuming, and difficult to
scale, and provides limited coverage of rare or safety-critical scenarios.

Log replay. Log replay evaluates systems using recorded real-world data, enabling
reproducible benchmarking. Its main advantage is that it directly reflects real-world scenarios.
However, it is inherently passive and lacks interaction, preventing it from capturing how
humans would respond under different robot actions and limiting its use for evaluating
closed-loop behavior.

Heuristic simulation. Heuristic simulation uses domain knowledge to specify agent
behavior through predefined rules and manually designed scenarios, such as setting speeds,
following behavior, or cut-in events. This enables controlled and targeted testing and is
widely used in practice. However, it requires significant domain expertise and manual effort
to design and maintain realistic scenarios.
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Figure 1.2: Closed-loop interaction between the ego policy and simulation agents.
The ego policy and simulation agents independently generate future trajectories conditioned
on the current observation. Interaction is modeled through recursive closed-loop environment
updates, where generated trajectories update the scene and produce new observations for
subsequent rollout steps.

Data-driven simulation. Data-driven approaches learn behavior directly from real-
world data, aiming to transform the passive real-world datasets into reactive, closed-loop
simulators that can model how agents respond to different actions. This reduces the need
for manual scenario design and improves coverage of diverse environments and interactions.
These approaches have become increasingly popular in industry [4, 5, [6] due to their potential
to capture more complex patterns. They still face limitations in controllability and stable
closed-loop interaction.

1.4 Closed-Loop Simulation Formulation

In this dissertation, behavior simulation is studied primarily in a closed-loop setting, where
simulation agents and the tested autonomous system continuously interact with each other
over time. Throughout this dissertation, we use the term simulation agents to refer to the
surrounding agents modeled within the simulator. As illustrated in fig. [I.2] the simulator
provides an observation z; at each simulation step, which may include scene context such as
map information, neighboring agents, and historical states. Based on the current observation,
the ego policy Teg, generates a future trajectory 7,5 for the ego vehicle, while the simulation
agent model gy generates future trajectories 75™ for the surrounding simulation agents:

T~ Tego(e), T~ go(we)-
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The simulator then updates the environment as
Te1 = T (-rtv Ttego7 TtSim) )
where T denotes the environment update process.

Interaction between the ego policy and simulation agents is modeled through recursive
environment updates, where all agents condition their future behavior on the evolving scene
state. Importantly, this formulation treats 7y, as an externally tested policy: it does not
assume a specific internal structure for the ego policy, only that it produces future trajectories
conditioned on the current observation.

In contrast to open-loop trajectory prediction, closed-loop simulation repeatedly updates
the scene state based on generated trajectories, allowing agents to influence one another
through interaction over time.

1.5 Dissertation Overview and Contributions

For behavior simulation, there are three key desiderata: realism, diversity, and controllability.
Specifically, realism describes how well the simulation agents resemble actual human behaviors.
This is a central challenge for data-driven models, as errors can accumulate over long horizons,
leading to unrealistic interactions. Diversity refers to the ability to capture a wide range of
scenarios, particularly rare and safety-critical events in the real world, which are essential for
rigorous evaluation of autonomous systems. Controllability refers to the ability to manipulate
simulated agents to generate targeted scenarios for testing and analysis. These desiderata
motivate the main contributions of this dissertation, where each chapter focuses on different
challenges in behavior simulation.

In Chapter [3| we explore how to quantify human social preferences from real-world data.
This enables distinguishing diverse social behaviors, such as aggressiveness and courtesy,
and provides signals for training controllable simulation agents that can modulate social
behavior in a meaningful way. In Chapter [d] we tackle the challenge of capturing long-tail
and safety-critical scenarios in data-driven simulation. We introduce a guided diffusion-based
framework that combines data and domain knowledge to enable controllable generation
of adversarial agent behaviors, improving coverage and realism in evaluation. Building on
this, in Chapter |5| we further explore controllability by introducing a language-conditioned
simulation framework. This enables counterfactual ”what-if” scenario generation, allowing
flexible and intuitive specification of target scenarios for evaluation. In Chapter [0, we focus on
scalable and efficient closed-loop interaction by introducing a self-play reinforcement learning
framework anchored by pretrained imitation-based behavior models. This enables faster and
more reactive simulation agents, and improves scalability in closed-loop multi-agent settings.
Finally, Chapter [7| summarizes the key insights from this dissertation and discusses their
implications for future research in behavior modeling and simulation.

While this dissertation focuses primarily on the domain of autonomous driving, due to the
richness and availability of large-scale human interaction data, the underlying principles and
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approaches are broadly applicable to domains involving closed-loop interaction. Together,
these chapters address key challenges in behavior simulation, including social behavior,
controllability, and efficiency. The main contributions of this dissertation are:

e Data-driven modeling of human social behavior to enable interpretable and
controllable simulation along meaningful social dimensions.

e Generative frameworks for counterfactual simulation, including diffusion-based
and language-conditioned models for producing diverse and safety-critical scenarios.

e Scalable closed-loop multi-agent simulation via self-play reinforcement learn-
ing, guided by pretrained human reference models to enable efficient and realistic
interaction.



Chapter 2

Related Work

2.1 Heuristic-Based Simulation

Traffic simulation can broadly be categorized into two main groups: heuristic-based and
data-driven methods. In heuristic-based simulation, agents are controlled by human-specified
rules [7, 8]. A representative example is the Intelligent Driver Model (IDM) [9], which models
vehicle motion by following a leading vehicle while maintaining a safe distance. Widely used
simulators such as SUMO [10] and CARLA [11] also rely on rule-based agents.

However, hand-coded agents often fail to capture the diversity of real-world driving
behavior, resulting in a mismatch with the underlying traffic distribution. In addition,
manually designed rules require extensive tuning to cover diverse behaviors, and this challenge
is further compounded by regional variations in driving norms and interaction patterns, which
are difficult to encode through fixed rules and demand substantial domain expertise.

2.2 Data-Driven Simulation

To close the gap, data-driven approaches imitate real-world behavior by learning from
real-world driving datasets |12, [L3]. Earlier works like TrafficSim [4] perform scene-level
traffic simulation using a trained variational autoencoder. SimNet [14] demonstrates that a
simple ResNet [15] architecture can capture more reactive failures compared to log replay.
Symphony [16] combines parallel beam search and goal conditioning to improve the realism
and diversity of simulated driving behavior. These early works mostly reuse the architecture
and training methods of motion prediction models, which may induce compounding errors
during closed-loop rollout [17].



CHAPTER 2. RELATED WORK 8

2.3 Generative Models for Simulation

Broadly, recent data-driven advances can be categorized as autoregressive models and diffusion
models. Autoregressive models formulate simulation as a next-token prediction task, where
each agent’s trajectory is discretized to a fixed vocabulary [18, |19} 20]. One key design for
autoregressive models is to use a centralized architecture that models the joint distribution of
all agents. SMART [19] introduced a centralized autoregressive architecture that many later
works subsequently built upon, and demonstrated favorable scaling behavior with respect to
model size.

In parallel, diffusion models have become increasingly popular for traffic simulation |21
22, 23]. The idea is to model trajectories as an iterative denoising process [24]. One of the
key advantages of diffusion models is their flexibility during sampling: they support gradient-
based guidance signals for generation, as well as hard constraints, classifier-free guidance,
and inpainting. Several works also formulate the diffusion process for agent initialization |25,
26]. Compared to autoregressive models, diffusion models are more flexible during sampling
but may face challenges in maintaining realism during closed-loop rollout.

2.4 Controllable Simulation

As mentioned in Chapter [} controllability is an important aspect of counterfactual simulation
and targeted-case testing, as it allows simulation to stress-test the ego policy on rare or edge
cases that are difficult to collect in the real world. Earlier works that focus on adversarial
scenario generation are [27} 28, 29]. One representative work, STRIVE [29], uses adversarial
optimization within the latent space to generate safety-critical scenarios for the planner. In
addition, diffusion models have become widely adopted due to their flexibility at inference
time |21, [30].

2.5 Self-Play Reinforcement Learning

Recently, self-play reinforcement learning has emerged as a promising paradigm for traffic
simulation. Simulators such as GPUDrive [31] and PufferDrive [32] enable massively parallel
training, while several works have demonstrated that self-play can produce human-compatible
driving agents [33] 34, 35|. Cusumano-Towner et al. [36] show that robust autonomy can
emerge from self-play at scale. Despite their scalability and strong interactive capabilities,
self-play reinforcement learning methods are still less commonly used as simulation agents
due to challenges in maintaining realistic human behavior during closed-loop interaction.
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Chapter 3

Editing Driver Character:
Socially-Controllable Behavior
(Generation for Interactive Traffic
Simulation

This chapter is based on the paper “Editing Driver Character: Socially-Controllable Behavior
Generation for Interactive Traffic Simulation” [37], written in collaboration with Chen Tang,
Chenran Li, Yeping Hu, Masayoshi Tomizuka, and Wei Zhan.

3.1 Introduction

Typically, robots are optimized for safety and efficiency. However, in real-world environments,
they must interact with humans who exhibit diverse social preferences. For example, at an
intersection, an autonomous vehicle may need to yield to aggressive drivers, while behaving
more assertively around courteous drivers to maintain efficiency and avoid deadlock. Account-
ing for such social preferences enables robots to adapt their behavior to different interaction
contexts, rather than optimizing solely for selfish objectives.

To ensure safe and efficient behavior in such interactive scenarios, it is important to
evaluate autonomous systems against simulated agents exhibiting diverse social characteristics.
However, these social preferences are inherently difficult to define and quantify, and are not
explicitly annotated in real-world datasets.

Data-driven approaches, particularly deep learning methods, have been widely adopted
to synthesize realistic reactive agents from large-scale driving data [4, (14} |38]. However,
such approaches primarily reproduce the training data distribution and lack mechanisms to
explicitly control high-level behavioral properties such as social preferences [21]. On the other
hand, model-based approaches typically rely on hand-crafted reward functions or predefined
interaction models, which require strong assumptions about agent behavior and may not fully
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Figure 3.1: Illustration of the proposed SCBG model. The SCBG model aims to control
the driving behavior of a simulated agent based on the input courtesy level. By generating
driving behaviors with controlled courtesy levels, the SCBG model could potentially enable
more efficient evaluation and training of autonomous driving algorithms in interactive traffic
scenarios.

capture the diversity of real-world interactions. These limitations highlight the need for a
framework that enables both realistic and controllable modeling of social behavior.

In this chapter, we take a data-driven approach to infer and quantify social behavior
directly from real-world data. Different from prior works that focus on controlling safety
criticality [28] [29] [39], we aim to explicitly model and control the social preferences of reactive
agents. By specifying such preferences, simulation can capture a broader range of interaction
behaviors, enabling more comprehensive evaluation of autonomous systems under diverse
human driving styles. Furthermore, we may leverage the controllable simulation to design
training curricula to accelerate policy training or synthesize driving policies with robust
performance for AV as it interacts with human drivers with diverse social characteristics.

The main challenge lies in how to quantify and label the social preference of human driving
behavior. Human driving behavior involves sophisticated reasoning procedures which may be
characterized from various different aspects. Inspired by prior works , we choose to
control the level of courtesy of the reactive agents. Courtesy can be formalized as the change
in the expected reward of the other agents due to the simulated agent’s actions. Intuitively,
selfish agents may negatively influence the utilities of other agents, whereas courteous agents
take actions that maximize the utilities of other agents. Courtesy has been shown as an
important factor describing social interaction in driving . Furthermore, we propose a
novel data-driven auto-labeling framework that leverages a marginal behavior predictor and a
conditional behavior predictor [42 to estimate the courtesy values of driving behaviors in
real-world data. With the auto-labeling framework, we can avoid costly and biased manual
efforts in labeling the social characteristics of driving data.

Given real-world driving data with courtesy value labels, we train a socially-controllable
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behavior generation (SCBG) model synthesizing a simulated agent’s future trajectory given
an input courtesy value. During training, we leverage the auto-labeling framework to augment
the training data with synthesized trajectories. We also utilize the differentiable nature of the
auto-labeling operation to design a courtesy loss, which directly matches the courtesy values
of the generated trajectories with the input courtesy values. Furthermore, we introduce a
range predictor to estimate the range of feasible courtesy values in a given scenario, which
ensures that the input courtesy value of the SCBG model is feasible during inference time.
We examine the proposed method on the Waymo Open Motion Dataset (WOMD) [13] and
show that we are able to control the SCBG model to generate realistic driving behaviors with
desired courtesy levels. We find that the SCBG model is able to identify the different motion
patterns of courteous behaviors according to the scenarios. This work is a crucial step toward
developing a scalable traffic simulator with socially-controllable and realistic reactive agent
models.

Note that this chapter studies socially controllable behavior generation in an open-loop
setting from fixed scene observations. The focus of this chapter is on quantifying and modeling
human social behavior, while later chapters study how such behaviors can be incorporated
into closed-loop simulation settings.

3.2 Related Work

3.2.1 Behavior Generation for Traffic Simulation

The methods for traffic simulations can be broadly categorized into two main groups: heuristic-
based and learning-based approaches. In heuristic-based simulations, the reactive agents
are controlled with human-specified rules, such as the Intelligent Driver Model (IDM) [9,
11]. However, these methods lack the modeling capacity required to simulate realistic and
human-like behavior. On the other hand, learning-based simulations leverage deep learning-
based methods to mimic driving behavior from large-scale driving data [4} |14, |16]. For
instance, TrafficSim [4] trained a variational autoencoder-based model to jointly simulate the
agents interacting with each other. Symphony [16] combined parallel beam search and goal
conditioning to improve the realism and diversity of the simulated driving behavior.

3.2.2 Controllable Behavior Generation

Recently, several methods have been developed to train controllable and realistic driving
behavior generation models from large-scale driving datasets [21}, 28, [29, |39]. Some of them
aim to generate safety-critical scenarios for efficient evaluation. For instance, [29] and [39]
generate challenging near-collision scenarios using adversarial optimization. [28] proposes
a generative model that can produce interactions with varying safety levels controlled by
a style coefficient in the latent space. Unlike them, [21] proposes a controllable behavior
generation framework that allows users to specify the desired properties of the trajectories.
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Our work differs from existing works in that we focus on controlling the social characteristics
of the generated driving behaviors.

Our work is also related to the literature on modeling social interaction in human driving
behavior. Several works have modeled human-robot interaction from a game-theoretic
perspective where human’s reactions to robot’s actions are captured by seeking the equilibria
of the underlying game [44} 45| 46| 47, 48|. Such a game-theoretic model allows for capturing
various forms of human preferences. For example, |[41] formalizes the courtesy level of
human drivers as the effect of a driver’s behavior on the other drivers’ utilities. Based on
this, [49] further characterizes human drivers’ social preferences. They then formulate pairwise
interaction as a Stackelberg game where each driver’s utility is a weighted sum of three
reward terms for these perspectives. These approaches can be seen as model-based methods
for controllable behavior generation. Instead, we aim to explore a data-driven framework
that can generate realistic and socially-controllable driving behavior in multi-agent scenarios.

3.3 Socially-Controllable Behavior Generation

In this section, we introduce the Socially-Controllable Behavior Generation (SCBG) framework.
In §3.3.1] we introduce the problem setting considered in this work. In §3.3.2] we define
a quantitative data-driven measure of courtesy, which is the core element of our SCBG
framework. In §3.3.3] we introduce the data-driven framework to auto-label the courtesy
values of vehicle trajectories from real-world data. In §3.3.4] we explain how we train an
SCBG model from real-world data. In we introduce a courtesy range predictor which
is used to control the SCBG model during inference.

3.3.1 Problem Formulation

We consider a simulated interactive traffic scenario consisting of two vehicles denoted by
Vehicle A and Vehicle B, where Vehicle A is controlled by the tested autonomous driving
software and Vehicle B is controlled by the behavior generation model we develop. We aim
to design a behavior generation model that allows the users to control how courteous the
behavior of Vehicle B is to Vehicle A. Concretely, we denote the past observation by «, which
collects the historical trajectories of the two vehicles and other scene information (e.g., map,
static or non-interacting objects). Given x, the behavior generation model outputs a future
trajectory for Vehicle B to follow, denoted by y?. In addition, the model takes a coefficient
1 as input, which controls the level of courtesy of the generated trajectory. Formally, the
model is defined as:

y” = go(x, 1), (3.1)

where @ denotes the model parameters. We aim to train the model from real-world driving
data to ensure the realism of the generated trajectories. However, the courtesy level v is a
latent variable that is not recorded in the dataset. Thus, we need to define a quantitative
measure of courtesy that allows convenient auto-labeling without manual effort.
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3.3.2 Quantifying Courtesy

Inspired by [40} 41], we formalize courtesy as the change in the expected reward of Vehicle A
due to the actions of Vehicle B. Formally, given a prospective future trajectory of Vehicle B,
y®, we define its level of courtesy as:

P(y”) = E [r(Y")|@,y"] —E [r(Y")2], (3.2)

where
E [r(Y")|z, y"] /AT (y*z, y")dy*, (3.3)
E[r(Y")|z] = / r(y")p(ye)dy”. (3.4)

The variable y denotes the future trajectory of Vehicle A. The distribution p(y*|z, y?) is
the conditional probability of Vehicle A’s future trajectory, given the observation and Vehicle
B’s future trajectory. The distribution p(y?|z) is the marginal probability of Vehicle A’s
future trajectory. The reward function r(-) gives the cumulative reward of a given trajectory.
In practice, we may specify different reward functions according to the scenarios and the
user’s needs.

The term E [r(Y#)|x] indicates the expected reward of Vehicle A under all the possible
interactions between the two vehicles, whereas E [r(Y#)|z, y”] indicates the expected reward
of Vehicle A if Vehicle B executes a particular trajectory y?. The value v then indicates the
effect of a given future trajectory of Vehicle B on the expected reward of Vehicle A. A positive
1 indicates a positive effect on the reward and thus implies a courteous and cooperative
agent. Conversely, a negative ¢ indicates a negative effect on the reward and thus implies a
selfish agent.

This formulation provides flexibility to accommodate the behavior generation model to
the particular aspects of social interaction we want to consider, by adopting different reward
functions for courtesy quantification. For instance, to capture the behavioral impact of one
vehicle on another, we can define the reward as the change in the trajectory distribution of
the other vehicle, which can be quantified by KL-divergence [43]. In this work, we utilize a
basic reward function, specifically average speed, to illustrate the proposed framework. In
future work, we will conduct comprehensive evaluation to identify the most suitable rewards
for different real-world scenarios.

3.3.3 Auto-Labeling Courtesy

The courtesy value defined above depends on the trajectory distribution of the interacting
vehicle. However, we do not have access to the ground-truth trajectory distribution of the
vehicles appearing in real-world data. Instead, we propose to estimate and auto-label the
courtesy values leveraging trajectory predictors trained from real-world data. The auto-
labeling framework is illustrated in Fig. . Given a sample from the dataset, i.e., z, y” ~ D,
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Figure 3.2: Our proposed auto-labeling framework. The proposed auto-labeling framework
estimates and labels the courtesy values of agent B in a sample of interactive pairs by leveraging
predictors trained on real-world data. Marginal and conditional trajectory distributions
of agent A are estimated by querying the respective predictors, and the difference in the
expected reward values under the two distributions is used to quantify the courtesy level. This
approach provides an estimate of the courtesy value without requiring humans to manually
label the courtesy values.

we query a marginal predictor for an estimated marginal distribution p(y#|z), and query
a conditional predictor for an estimated conditional distribution p(y*|x, yB). With the
estimated distributions, we can then estimate the courtesy value of y® using Eqn. . We
denote the overall courtesy computation operation by Jy(-, -), where ¢ denotes the parameters
of the predictors:
Y= J¢(CC, yB)' (35)
Note that the auto-labeling procedure does not impose any restrictions on the prediction
models used. In our experiment, we adopted the state-of-the-art Multipath++ [50] as the
backbone prediction model, where the predicted trajectory distribution is represented as a
Gaussian Mixture Model (GMM). The original Multipath4++ model is designed for marginal
prediction. We accommodate it to support both marginal and conditional predictions following
the practice in [43]. Specifically, we add an additional future encoder to encode y?. Under
the conditional prediction mode, the encoded embedding is fused with the embedding of the
other input features. Under the marginal prediction mode, we turn off the future encoder so
that the model does not take y” as input. We follow the training scheme in [43] to train the
model for both inference modes simultaneously.

3.3.4 Socially-Controllable Behavior Generation Model

We now present the SCBG model architecture and its training pipeline, which are summarized
in Fig. 3.3l We implement the SCBG model based on a Multipath++ backbone, which
consists of a scene encoder and a multi-context gating (MCQG) trajectory decoder. The original
MCG decoder in Multipath++ utilizes a set of learned anchor embeddings for multimodal
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Figure 3.3: The SCBG model architecture and training pipeline. The SCBG model takes as
input the scene observation & and conditions on the courtesy level to produce a trajectory
§Bm™. The model is trained by matching the generated trajectories and their courtesy values
with the labeled ones. To enhance the model performance, we leverage a marginal predictor
to augment the training data with predicted trajectories.

trajectory prediction. Since our SCBG model is designed for closed-loop simulation tasks,
it is crucially important to ensure the long-term stability of the closed-loop behavior
. Modeling the multimodality at the trajectory level could be troublesome for closed-loop
simulation because we need to ensure the consistency in modality across nearby timesteps,
which requires non-trivial adaptation of the MCG decoder. For simplification, we remove
the anchor embeddings and let the model output a single-modal trajectory given an input
courtesy value in this work. In the future, we plan to introduce a high-level goal inference
module, such as the one in [5], to model the multimodality when extending the current
framework for socially-controllable closed-loop simulation. In particular, we want to highlight
two key components of the training process.

Data Augmentation Real-world data can only provide one sample of the future trajectory
per scenario, resulting in one sampled behavior that corresponds to a single courtesy value.
However, to achieve controllable behavior generation, the model needs to be reliable under a
diverse set of input courtesy values. To address this challenge, we augment the training dataset
with synthesized trajectories sampled from the marginal predictor. While in auto-labeling, we
query the marginal predictor for p(y“|z), in this context, we query the marginal predictor for
p(y?|z) and sample M trajectories from the predicted distribution. By sampling from the
marginal distribution, we augment the dataset with plausible trajectories of diverse courtesy
levels. Our experiments demonstrate that data augmentation plays a critical role in ensuring
the generated trajectories indeed correspond to the input courtesy value.
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Loss Function During training, we use a loss function that consists of two parts. The
first part computes the error between the generated and labeled trajectories. Specifically,
given a sample from the dataset, =, y®° ~ D, we denote the M synthesized trajectories
as yP™ m = 1,..., M. And we denote the labeled courtesy values for y®™ as 1,,,. The
trajectory loss, Liyqj, is then defined as:

M
Liaj =1 (¥%°,9%°) + ) 1 (y"™,5"™), (3.6)

m=1
where 5™ is the trajectory generated by the SCBG model given the courtesy value 1,,,

and [ is a differentiable loss function, such as mean squared error. The coefficient « is
a hyperparameter used to balance the losses between the ground truth and synthesized
trajectories. And we use Huber loss as the loss function I(-, ).

The second part of the loss function compares the input courtesy values against the
courtesy values of the generated trajectories, which ensures the generated trajectories indeed
match the input courtesy values. The courtesy loss Ly is defined as:

M
Leourt = Y _ 1tom — Jo (@, y"™)|*. (3.7)
m=0

Since the courtesy computation module Jy(-, ) is differentiable, we can directly leverage it
to compute the courtesy loss and backpropagate through it for gradient computation. The
overall loss function is then defined as:

L= Ltraj + BLcourta (38)

where the coefficient  is a hyperparameter balancing the trajectory loss and the courtesy
loss.

3.3.5 Courtesy Range Predictor

Since the reward distribution varies across scenarios, so does the range of feasible courtesy
values. As a result, feeding arbitrary courtesy values to the SCBG model may lead to
out-of-distribution input which results in unreliable generated behavior. To this end, we
train a courtesy range predictor to predict the interval of feasible courtesy values for a given
scenario. Since we do not have access to the ground-truth distributions, we use quantile
regression [51] to estimate the statistics of the courtesy value from data. As shown in Fig. ,
the estimated range is used to normalize the courtesy values across scenarios so that the
user only needs to specify the level of courtesy as a value from the unit interval. The range
predictor shares the encoder of the SCBG model. During training, we freeze the parameters
of the encoder and train a new decoder to predict the 0.1 and 0.9 quantiles of ). We follow
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Figure 3.4: The paradigm of behavior generation at inference time. The range predictor
predicts the feasible range of courtesy values for a given scenario. This range is then used to
scale the user input percentage to the appropriate input value, which is fed into the SCBG
model.

the practice in [52] and use the pinball loss function to train the range predictor:

I :{(7—_1)'('¢_¢7)7 1f¢<¢;

7 (Y — ) otherwise, (3.9)

where 7 denotes the target quantile (i.e., 0.1 and 0.9) and 137 denotes the predicted courtesy
value at the T-quantile.

3.4 Experiments

In this section, we conduct experiments to validate our proposed SCBG framework on
real-world driving data.

3.4.1 Dataset

We use the Waymo Open Motion Dataset (WOMD) [13]. The dataset provides a subset with
labels identifying a pair of interacting agents in the scenarios. We refer to this subset as
the interactive subset. In our work, we focus on vehicle-to-vehicle interaction and vehicle
behavior generation while we still include the historical trajectories of the other types of
agents (i.e., pedestrians and cyclists) in the model input.

3.4.2 Training Marginal and Conditional Predictors

We build our prediction model on the open-source implementation of Multipath-++ [53].
We follow the practice in [43] and train a prediction model supporting both marginal and
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conditional predictions during inference. We report the prediction errors (measurement time
of 8s) on the interactive subset of the validation set in Table 3.1} The evaluation metrics are
defined as in |13] and computed with respect to six predicted trajectory samples, except for
the ADE metric. The ADE metric measures the error between the ground-truth trajectory
and the predicted sample with the highest probability. Since the SCBG model generates
a single trajectory, we list the ADE values here as references to validate the realism of the
trajectories generated by the SCBG model, which will be discussed later in §3.4.4] Notably,
the prediction errors are comparable with the results reported in [53], which achieved a top-10
performance in the Waymo Motion Prediction Challenge 2022.

3.4.3 Auto-labeling Courtesy Value

Using the trained predictor, we auto-labeled
the courtesy values of the data, following the
method discussed in §3.3.2] Since the courtesy
values are non-trivial only in interactive sce-
narios, we auto-labeled the courtesy values and
trained the SCBG model on the interactive sub-
set. In our experiment, we use average speed as
the reward function when quantifying the level
of courtesy in Eqn. (3.2). The average speed 100 75 80 'Z'SCOS'rfesyz's 50 75 100
indicates the agent’s progress along its route,

which is the primary driving target for on-road Figure 3.5: Histogram of courtesy values

driving. Fig. shows the histogram of the  (} the interactive subset of WOMD.
extracted courtesy values on the interactive sub-

set. It is worth noting that the histogram concentrates around zero. One reason is that many
scenarios contain weak or non-interactive behaviors, where the trajectory of one agent does
not substantially influence the expected behavior of the other agent. In addition, trajectories
that follow nominal interaction patterns in the dataset may also result in courtesy values
close to zero, since the observed behavior approximately matches what other agents would
already expect under the marginal interaction distribution.

Number of Samples

3.4.4 Socially-Controllable Behavior Generation

Implementation Details Since a large portion of the data has relatively low absolute
courtesy values (Fig. , we split the data into two subsets with a threshold absolute
courtesy value of 2. During training, we sample 50% of the batch data from each subset to
avoid overwhelming the training data with trivial samples. To train the SCBG model, we

load the encoder parameters from the Multipath4++ model and only train the decoder for
SCBG.
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Evaluation Metrics We want to validate
that the proposed SCBG model can achieve
socially-controllable trajectory generation and =
that the generated trajectories are realistic. To % 01
evaluate the model’s controllability, we compare © 4]
the courtesy values of the generated trajecto-
ries with the input courtesy values. Since we ; ; ;
do not have access to the ground-truth trajec- o 03 Qu%:tile o7 09
tory distributions, we leverage the auto-labeling
method to define a data-driven evaluation met-
ric for controllability, denoted by CourtesyMSE,
which is the mean squared error (MSE) between
the input and auto-labeled courtesy values of
the generated trajectory:

Figure 3.6: The relationship between in-
put quantile and the courtesy value of the
generated trajectory in the high-courtesy
subset. The courtesy value increases as
the input quantile increases, demonstrat-
ing the controllability of SCBG.

N
1 Ry
CourtesyMSE = N ngl g (Vn,i—Uni)",

’\I’n’ Y i €EVn

(3.10)
where &n,i = Jg (T, go(Tn,1y,)) and N is the number of samples in the dataset. W, is a set
of selected courtesy values of interest. We consider three strategies to define ¥,, for different

perspectives of evaluation:

e Data: We define the set ¥,, with the courtesy values of the ground-truth and augmented

trajectories:
M

m=0"

an,data = {J¢ (wna yf,m)}
The resulting metric quantifies controllability over input courtesy values following the
data distribution, eliminating the influence of infeasible input courtesy values.

e Range: We use the range predictor to predict the 0.1 and 0.9 quantiles of the courtesy
values and interpolate between the predicted quantiles with a fixed interval:

\Iln,range = {@O.l(mn)a 772)0.14—(57'(1:71)7 U 77&0.9(:371)} .

The resulting metric reflects the controllability of the SCBG model in a practical setting
where the range of feasible courtesy values is unknown.

e Arbitrary: The input courtesy values are selected by interpolating between the minimum
and maximum courtesy values of the entire dataset, denoted by ¥,in and Y.y, in a
sample-agnostic way:

‘Parbitrary - {wmina wmin + 5% T 72/jmax}-

The resulting metric serves as a baseline showing the model performance without the
range predictor.
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To evaluate realism, we follow the common practice [14, 21] to compare the generated
trajectory against the ground truth from data. Specifically, we compare the trajectory
generated with the courtesy value of the ground-truth trajectory against the ground-truth
trajectory. We use ADE to quantify the trajectory error and define the metric as follows:

TrajADE = - ZZHym — 9|2 (3.11)

nltl

We can then evaluate the realism of the generated trajectories by comparing TrajADE with
ADE reported in Table (3.1}

Mode ADE (m) | minADE (m) | minFDE (m) | MR (%) | mAP
Marginal 3.18 1.16 2.52 20.6 0.262
Conditional 3.13 1.11 2.35 19.5 0.274

Table 3.1: Prediction Model Performance

model CourtesyMSE . TrajADE
data range arbitrary
D 0.062 +0.321 | 0.154 £0.470 | 10.35 £9.40 | 3.27 + 2.60

D+®@ | 0.0454+0.252 | 0.137 £ 0.467 | 9.97+9.26 | 3.22 +2.91
D+@+@) | 0.034+0.172 | 0.120 £ 0.376 | 9.77 +9.09 | 3.02 £2.72

(D: Baseline Model (2): Data Augmentation 3): Courtesy Loss

Table 3.2: Socially-Controllable Behavior Generation Evaluation Results

3.4.5 Quantitative Results

Table 3.2 summarizes the results of three model variants: 1) the baseline variant without data
augmentation or courtesy loss; 2) the baseline model with data augmentation; and 3) the
complete SCBG model with both data augmentation and courtesy loss. The results validate
the effectiveness of the proposed data augmentation scheme and the courtesy loss. Both
modules significantly reduce courtesy and trajectory errors, implying improved controllability
and realism. Interestingly, the courtesy loss helps reduce TrajADE even though it does not
directly penalize trajectory errors, which shows that matching the courtesy values provides
informative supervision signals that guide the model to better capture the driving behaviors
during training.

Table also highlights the important role of the range predictor by comparing the
courtesy errors under different strategies for constructing ¥,,. Without the range predictor, the
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courtesy error significantly increases (i.e., U, = Wy pitrary) because of the out-of-distribution
input courtesy values. Meanwhile, the courtesy error with the range predictor (i.e., ¥,, =
U, range) is comparable to the courtesy error when the courtesy values from the data are used
(i.e., \Ifn = an,data)-

Overall, the proposed SCBG model enables socially controllable and realistic driving
behavior generation, which is validated by the low CourtesyMSE value of 0.120 and a TrajADE
value smaller than the ADEs of the trajectory prediction models reported in Table [3.1] We
further illustrate the model’s controllability in the practical setting where users give quantile
commands as in Fig. As shown in Fig. [3.6] the courtesy value of the generated trajectory
effectively increases with the quantile input. The correlation coefficient between these two
values is 0.60 on the entire interactive validation subset and 0.79 on the high-courtesy subset
(i.e., data with absolute courtesy values larger than 2).

3.4.6 Qualitative Analysis

In this section, we visualize some representative examples showing that SCBG is able to
generate different courteous behaviors according to the scenarios. In Fig. [3.7, we plot the
trajectories generated for the controlled agent B with different input courtesy quantiles. We
also plot Agent A’s ground-truth trajectories observed in the dataset to visualize the nominal
behavior of Agent A. For example, the controlled agent attempts to merge into the lane where
Agent A is driving in Cases 1-3. The controlled agent accelerates to prevent blocking Agent
A when the courtesy level increases. Interestingly, when the input quantiles are 0.7 and 0.9
in Case 1, the controlled agent further switches its lane to the right, creating more space for
Agent A. In contrast, the controlled agent slows down and yields when the courtesy level
increases in Cases 4-5. Despite the diverse behavior patterns observed in the visualization,
all types of courteous behavior generated by the SCBG model result in a higher reward for

the other agent (Fig. B.7(b)).

3.5 Discussion

We demonstrate that the proposed SCBG framework can control the courtesy level of the
generated driving behavior, which is a crucial first step toward achieving socially controllable
traffic simulation. The proposed SCBG framework offers a key advantage in that it can
be easily scaled to handle multi-agent interactions by calculating the joint influence of the
controlled agent on all the other agents. One limitation of the current framework is that the
auto-labeling method is affected by the causality issue of conditional behavior prediction [43,
54]. Specifically, a conditional prediction model cannot differentiate between the correlation
and causation of two agents’ trajectories. One potential solution is incorporating prior
knowledge of causal relations when designing the closed-loop simulation |42, which can
be directly modeled by recent advances in the autoregressive model family with causal
masking [18 [19]. In addition, the current framework does not account for situations where
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Figure 3.7: (a) Visualization of the generated trajectories by control courtesy value. The
blue line indicates the trajectory of the controlled agent B, while the red line represents the
ground truth trajectory of agent A. This visualization shows that as the input courtesy value
increases, agent B increases agent A’s reward by either changing lanes (Case 1), increasing
its speed (Cases 2-3), or yielding (Cases 4-5). (b) Relationship between the input courtesy
quantiles and the predicted average speed of agent A, given agent B’s trajectory.
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different interactive behaviors can lead to the same courtesy value, as it relies on generating
a deterministic trajectory based on a courtesy value. One extension is to incorporate multi-
modal behavior generation, for example, through diffusion or autoregressive models, to better
capture the diversity of possible interactions.

3.6 Conclusion

In this chapter, we introduce socially-controllable behavior generation (SCBG), a model for
generating realistic driving behavior based on desired courtesy levels. We propose a novel
data-driven quantification of courtesy for socially interactive traffic scenarios, which enables
auto-labeling of the latent courtesy values. We present a novel training algorithm to train
the SCBG model from large-scale real-world driving data. In particular, we introduce a
novel courtesy loss to improve the controllability and realism of the trained model. Our
experimental results show that the SCBG model can learn to generate realistic driving
behaviors with desired courtesy levels from real-world data. By utilizing this framework, we
believe that robots will be able to interact with humans with diverse social characteristics in
a safe and smooth manner.
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Part 11

Controllable Generative Modeling for
Counterfactual Simulation
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Chapter 4

Safe-Sim: Safety-Critical Closed-Loop
Traffic Simulation with Controllable
Adversaries

This chapter is based on the paper “SafeSim: Safety-Critical Closed-Loop Traffic Simulation
with Diffusion-Controllable Adversaries” [55], written in collaboration with Francesco Pittaluga,
Masayoshi Tomizuka, Wei Zhan, and Manmohan Chandraker.

4.1 Introduction

Building on the previous chapter, which focused on modeling and controlling social behavior
in simulation, we now consider another critical dimension of controllability in data-driven
simulation: the generation of safety-critical, long-tail scenarios.

A key safety feature of autonomous vehicles (AVs) is their ability to navigate near-collision
events in real-world scenarios. However, these events rarely occur on roads and testing AVs
in such high-risk situations on public roads is unsafe. Therefore, simulation is indispensable
in the development and assessment of AVs, providing a safe and reliable means to study their
safety and dependability. A critical aspect of simulation is modeling the behavior of other
road users, since AVs must learn to interact with them safely.

A common method of safety-critical testing of AVs involves manually designing scenarios
that could potentially lead to failures, such as collisions. While this approach allows for
targeted testing, it is inherently limited in scalability and lacks the comprehensiveness required
for thorough evaluation |39} 56, [57]. Some recent works focus on automatically generating
challenging scenarios that cause planners to fail, but their emphasis has been mostly on static
scenario generation rather than dynamic, closed-loop simulations. This results in a critical
gap: the behavior of other agents often does not adapt or respond to the planner’s actions,
which is essential for a comprehensive safety evaluation. Furthermore, the results from these
simulations often lack controllability, typically producing only a single adversarial outcome
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Safety- Controllable Evaluate Closed- Real-

Method Critical Controllable Adversary Planner Loop World

CTG [21] X v X X v v

CTG++ |22] X v X X v v

STRIVE |29 v X X v v v

DiffScene [27] v v X v X X

SAFE-SIM (Ours) v v v v v v

Table 4.1: Comparison of methods. Our contribution is the development of a framework
for (a) safety-critical (b) closed-loop (c) controllable adversarial simulations. These aspects
are not concurrently present in previous frameworks. We formulate a novel partial diffusion
with novel guidance functions for stable long-term simulation and are the first to enable an
ego planner to be tested against controllable adversaries with varied behavior patterns.

per scenario without the flexibility to explore a range of conditions and responses.

In this work, we introduce SAFE-SIMY] a closed-loop simulation framework for generating
safety-critical scenarios, with a particular emphasis on controllability and realism for the
behavior of agents, which allows simulations over a long-horizon as needed to evaluate AV
planning algorithms (Fig.[4.1)). Different from prior works [21} [22| 27, [29] that primarily adhere
to rule-constraint satisfaction, our approach enhances controllability by modulating adversarial
vehicle behaviors within identical scenarios, thereby facilitating a broader exploration of
potential outcomes. See table for a comprehensive comparison of these approaches.

Our approach builds upon recent developments in controllable diffusion models [21] [30]
58|. Specifically, we adopt a test-time guidance to direct the denoising phase of the diffusion
process, using the gradients from differentiable objectives to enhance scenario generation,
enabling generation of adversarial scenarios in which an adversarial agent collides with the
ego agent behaving according to a specific planning policy. Additionally, we develop a novel
approach, which we refer to as Partial Diffusion that introduces trajectory proposals into the
diffusion process to provide a high degree of controllability over the type of collision scenario.
Overall, our balanced integration of adversarial objectives with regularization during the
guidance phase combined with Partial Diffusion allows for refined control over the conditions
of the generated scenarios, ensuring both their realism and relevance to safety-critical testing.

In our study, we use the nuScenes [12] and nuPlan [59] datasets to evaluate the efficacy of
our method in generating safety-critical closed-loop simulations. Our results demonstrate a
marked improvement in the controllability and realism of scenarios compared to previous
adversarial scenario generation methods. Furthermore, we showcase the advantage of our
proposed framework in varying the safety-criticality and collision types of scenarios. These
attributes make our approach particularly well-suited for the closed-loop simulation of AVs,
providing a more reliable and comprehensive framework for safety evaluation.

'https://safe-sim.github.io/
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Figure 4.1: Overview of Safe-Sim Framework for Controllable Safety-Critical
Closed-Loop Simulation. This framework evaluates a planner within scenarios featuring
multiple controllable reactive agents. These agents have two distinct roles: adversarial agents,
which actively challenge the planner by exhibiting controllable adversarial behaviors such as
specific collision types and levels of aggressiveness, and non-adversarial agents, which follow
normal driving behavior to maintain the realism of the entire scene. Such a setup facilitates
the generation of various realistic, interactive, and safety-critical scenarios, providing a
thorough evaluation of the planner’s capabilities.

4.2 Related Work

4.2.1 Diffusion Models For Traffic Simulation

Recent advances in diffusion models have enabled powerful generative modeling with improved
controllability through techniques such as classifier and classifier-free guidance [60, [61]. These
controllable diffusion models have been employed for planning and traffic simulation |21
22, 58] via guidance. We adopt trajectory diffusion models to develop a novel approach for
generating safety-critical realistic traffic simulations in which an adversarial agent collides
with an ego planner agent. Other works |25, 62] use diffusion with guidance or conditioning
to achieve controllable scene initialization. In contrast, we emphasize closed-loop, controllable
adversarial behavior simulation based on real-world data initialization rather than scene
initialization.

4.2.2 Safety-Critical Traffic Simulation

Safety-critical traffic generation plays a crucial role in training and evaluating AV systems,
enhancing their capability to navigate diverse real-world scenarios and enhancing robustness.
Gradient-based methods that leverage back-propagation to create safety-critical scenarios have
been proposed to evaluate AV prediction and planning models |63, 64]. Hanselmann et al. use
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kinematic gradients to modify vehicle trajectories, with the goal of improving the robustness
of imitation learning planners [63]. Cao et al. have developed a model with differentiable
dynamics, enabling the generation of realistic adversarial trajectories for trajectory prediction
models through backpropagation techniques [64]. Black-box optimization approaches include
perturbing actions based on kinematic bicycle models [39] and using Bayesian Optimization
to create adversarial self-driving scenarios that escalate collision risks with simulated entities
[65]. Zhang et al. target trajectory prediction models via white- and black-box attacks that
adversarially perturb real driving trajectories |[66]. For an extensive review of this topic, we
direct readers to Ding et al. [67].

The field has recently seen advancements in data-driven methods for safety-critical scenario
generation [27, 28, 29]. For instance, Xu et al. introduce a diffusion-based approach in
CARLA, applying various adversarial optimization objectives to guide the diffusion process
for safety-critical scenario generation [27]. Rempe et al. proposed STRIVE to utilize gradient-
based adversarial optimization on the latent space, constrained by a graph-based CVAE
traffic motion model, to generate realistic safety-critical scenarios for rule-based planners [29].
However, a common limitation in these approaches is the absence of closed-loop interaction,
essential for accurately simulating interactive real-world driving.

4.3 Problem Formulation

We consider a simulated interactive traffic scenario consisting of N agents; one is the ego
vehicle controlled by the planner m, and the remaining N — 1 are reactive agents modeled by
a function g. Our objective is to create a safety-critical closed-loop collision simulation, where
reactive agents demonstrate realistic, controllable behavior. Of the N — 1 reactive agents,
one or a subset is considered the adversarial agents (denoted as agent a), meant to collide
with the ego vehicle.

The adversarial agent, formulated within the reactive agent model g, is governed by
an adversarial term designed (shown in fig. and detailed in section to be both
controllable and adversarial to the planner m. This setup allows the adversarial agent to
pose direct challenges to 7, testing its resilience in complex scenarios. Concurrently, the
other non-adversarial agents, also controlled by ¢ with varying parameters, emulate authentic,
reactive behaviors, thus enriching the simulation scenario with realistic and diverse traffic
conditions. The dual role of the adversarial agent and non-adversarial agents ensures that
while it challenges m, the overall simulation environment plausibly represents real-world
driving conditions.

At any given timestep ¢, the states of the N vehicles are represented as s; = [s},...,s],
where s! = (z!,yi, 0!, 0!) indicates the 2D position, speed, and yaw of vehicle ¢. The
corresponding actions for each vehicle are a, = [a},...,al], with ai = (¢, 6}) representing

the acceleration and yaw rate. To predict the state at the next timestep ¢ 4 1, a transition
function f is used, which computes s;;1 = f(s;,a;) based on current state and action. We
adopt unicycle dynamics as the transition function.
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Figure 4.2: Guided Diffusion Process for the Adversarial Agent. This process
optimizes the adversarial agent’s trajectory using the adversarial cost function J,q, to the ego
vehicle. In particular, we introduce Jeoniro1 to vary the adversarial behavior. Simultaneously,
it applies regularization through J,., for maintaining realism.

Each agent’s decision context is ci, which includes the agent-centric map I* and the
Thist historical states of neighboring vehicles from time ¢ — T, to ¢, defined as s;_7y, .+ =
{St—Ts---»8t}. In closed-loop traffic simulation, each agent continuously generates and
updates its trajectory based on the current decision context c!. After generating a trajectory,
the simulation executes the first few steps of the planned actions before updating c! and
re-planning. See section for more implementation details.

Planner m The planner 7 determines the ego vehicle’s future trajectory over a time horizon
t to t +T. The planned state sequence is denoted by s}, ., = m(c}), where m(c;) processes
the historical states and map data within ¢} to plan future states based on the current scene
context.

Reactive Agents g The reactive agent model g, parameterized by @, is designed to simulate
the behavior of the N — 1 non-ego vehicles, represented by the set {si,,,}i*,. Each vehicle’s
state sequence, s, 1, is generated by gg(ci, ¢;), which incorporates the decision context cj
and a set of control parameters 1; unique to each agent. These parameters 1); enable the
fine-tuning of individual behaviors within the simulation. In our approach, we train the model
g on real-world driving data to ensure the trajectories it produces are not only controllable,
supporting the generation of various safety-critical scenarios, but also realistic.

4.4 Diffusion Models for Traffic Simulation

For closed-loop safety-critical traffic simulation, the reactive agents, especially the adversarial
agent, should be 1) controllable, and 2) realistic. With recent advances in controllable diffusion



CHAPTER 4. SAFE-SIM: SAFETY-CRITICAL CLOSED-LOOP TRAFFIC
SIMULATION WITH CONTROLLABLE ADVERSARIES 31

models 21}, 30, 58], we adopt trajectory diffusion models to generate realistic simulations.

We define the model’s operational trajectory as 7, which comprises both action and state
sequences: T := [1,, 75|. Specifically, 7, := [ao, . .., ar_1] represents the sequence of actions,
while 75 := [s1, ..., s7| denotes the corresponding sequence of states. Following the approach
described in [21], our model predicts the action sequence 7,, and the state sequence 74 can be
derived starting from the initial state sqg and dynamic model f.

A diffusion model generates a trajectory by reversing a process that incrementally adds
noise. Starting with an actual trajectory 75 sampled from the data distribution ¢(7), a
sequence of increasingly noisy trajectories (71, 72, ..., 7Tx) is produced via a forward noising
process. Each trajectory 7 at step k is generated by adding Gaussian noise parameterized
by a predefined variance schedule f, [24]:

K

g(rxlmo) == [ [ a(melmev), (4.1)

k=1

q(|mi-1) == N (75 v/ 1 = BeTie—1, Bil). (4.2)

The noising process gradually obscures the data, where the final noisy version ¢(7x) approaches
N (7x;0,1). The trajectory generation process is then achieved by learning the reverse of
this noising process. Given a noisy trajectory 7x, the model learns to denoise it back to 7
through a sequence of reverse steps. Each reverse step is modeled as:

pe(Tk—ﬂTk,C) = N(Tk—nﬂe(Tk,kaC)yzk), (4-3)

where 6 are learned functions that predict the mean p of the reverse step, and ¥, is a
fixed schedule. By iteratively applying the reverse process, the model learns a trajectory
distribution, effectively generating a plausible future trajectory from a noisy start.

During the trajectory prediction phase, the model estimates the final clean trajectory
denoted by 7. This estimated trajectory is used to compute the mean p as described in [6§].
For more details, see appendix [A.4]

4.5 Diffusion Models for Safety-Critical Traffic
Simulation

The diffusion model, once trained on realistic trajectory data, inherently reflects the behavioral
patterns present in its training distribution. However, to effectively simulate and analyze
safety-critical scenarios, there is a crucial need for a mechanism that allows for the controlled
manipulation of agent behaviors |21} [30]. This is particularly important for generating
adversarial behaviors and ensuring scene consistency in simulations.
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4.5.1 Guiding Reactive Agents

Our approach specifically introduces guidance to the sampled trajectories at each denoising
step, aligning them with predefined objectives J(7). The concept of guidance involves using
the gradient of J to subtly perturb the predicted mean of the model at each denoising step.
This process enables the generation of trajectories that not only reflect realistic behavior
but also cater to specific simulation needs, such as adversarial testing and maintaining scene
consistency over extended periods. We adopt the reconstruction guidance (clean guidance)
introduced from [58, 69]:

7:0 = A() - OéEkVTk J(7A'0) (44)

This strategy improves guidance robustness, yielding smoother, more stable trajectories
without the usual numerical issues from noisy data.

In practice, diversifying the behavior of adversarial agents within the same scenarios is
crucial for a thorough assessment of AVs. Despite the significance of this challenge, it remains
largely unexplored in previous works [21] [29].

The loss function for the adversarial agents, J(7), consists of a collision term J.o, which
encourages collisions between the adversarial agent and the ego agent, two control terms J;
and Ji;., which control the relative speed and time-to-collision between the ego and adversarial
agent respectively, a regularization term Jgauss, Which discourages collisions between the
reactive agents, and a route guidance term Jyoute, Wwhich discourages the reactive agents from
going outside the road:

J(T) =p (JCOH + JV + Jttc)J—i_:]route + JGauS§; (45)
Ja;,r(ﬂ-) Jr:gr(T)

where p denotes a scalar weight that determines whether a reactive agent behaves adversarially
towards the ego agent, i.e., whether it attempts to collide with the ego agent.

Collision with Planner We define J.,; to encourage the collision between the adversarial
agent and the ego agent, given by:

Jool = — Y _d(t), (4.6)

where d(t) represents the distance between the ego and the adversarial agent at each time
step of the planning horizon 7. The adversarial agent is either pre-selected based on lane
proximity or dynamically selected based on the distance to the ego agent. Details are in

section

Safety Criticality of Collisions We control the relative speed J, between the ego and
adversary at each time step (v} and v?), and the time-to-collision (TTC) cost Ji. [70] to
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control the safety criticality of potential collisions, with the latter given by:

T — ET: ex _t?ol(t) . CZ(Q:ol(t) (4 7)
tte = p —2 by —2 by ) .

t=1

where Ecol(t) is the time to collision at time ¢, cicol(t) is the distance to collision and A; and
Aq are bandwidth parameters for time and distance. This formula uses a constant velocity
assumption. Intuitively, the time-to-collision cost favors scenarios with high relative speeds
and challenging collision angles for the ego vehicle to avoid. For details of J, and Ji., see

appendix [A.3.2]

Route Guidance Given an agent’s trajectory 7 and the corresponding route r—the
predefined path on a lane graph from its starting point to its destination—we compute
the normal distance of each point 7; on the trajectory to the route at each timestep. We
then penalize deviations from the route that exceed a predefined margin d. This process is
captured by the following route guidance cost function:

T
Jeoute(T,7) =¥ max(0, |dy(7,7) — ), (4.8)
t=1

where d,,(7,,r) denotes the normal distance from the point 7; on the trajectory to the nearest
point on the route r at timestep ¢, and d,,, represents the acceptable deviation margin from
the route. In contrast to the off-road loss in prior studies [21], our proposed route guidance
system more effectively indicates each agent’s intended path, improving adherence to traffic
rules as demonstrated in section The flexibility of route guidance supports diverse agent
interactions, such as modifying routes to encourage lane changes among reactive agents [71].

Gaussian Collision Guidance Given the trajectories of agents, we calculate the Gaussian
distance for each pair of agents (i, j) at each timestep ¢ from 1 to 7. The Gaussian distance
between the agents takes into account both the tangential (d;) and normal (d,,) components
of the projected distances. The aggregated Gaussian distance is:

JCanss = Z Z exp (—%‘2 ()\ . d;’j(t)2 + d%(t)2)> (4.9)

t=1 4

where d(t) and d%(t) represent the tangential and normal distances from agent j’s
trajectory point at time t to agent i’s heading axis, respectively, and o is the standard
deviation for these distances. In this formulation, A is a scaling factor applied to the
tangential distance d? (t). This approach contrasts with the disk approximation method,
which primarily penalizes the Fuclidean distance between agents. By accounting for both
tangential and normal components, the Gaussian collision distance method significantly
reduces collision rate, which we discuss in section [4.6]
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Figure 4.3: Framework for Partial Diffusion. We generate proposals based on domain
knowledge (e.g., collision types). Users can adjust noise levels to balance between user control
and the model’s data distribution.

4.5.2 Partial Diffusion: Controlling Collision Types

We introduce a novel approach through a partial diffusion process, utilizing trajectory
proposals to initiate the diffusion process. This methodology enables the variation in collision
types by the adversarial agent within the diffusion, tailoring the adversarial outcomes to
specific evaluation needs. The results are discussed in section [£.6.6]

Figure illustrates our framework, which is divided into three main steps to generate
trajectory proposals for various collision scenarios. First, we create initial trajectory proposals
(7o) aimed at capturing different types of collisions. The next critical step involves setting
the partial diffusion ratio -y, which defines the specific point in the process, k, = 7 - K, at
which we start modifying the trajectory. Starting from step k,, we adjust the trajectory by
adding a precise level of Gaussian noise € ~ N(0,1): 73, = VO, To + /1 — ag,€. The final
stages include removing noise and using guided diffusion for the rest of the &, steps to refine
the trajectory into a realistic path that suits our collision scenario goals.

To generate the trajectory proposals, we develop a rule-based approach in which we
first identify the centerlines of the ego and adversarial agent and then search for potential
intersections of their respective centerlines. If such an intersection exists, we generate the
proposals by selecting an acceleration value and lateral offset from the centerline that is likely
to cause the desired collision type based on the projected plan of the ego agent. Note that
the trajectory proposals are updated in a closed-loop manner to account for the interaction
between the ego and the adversarial agent.

This method allows for precise control over the diffusion trajectory, enabling adversarial
agents to create customized collision scenarios. Users can adjust v to fine-tune the balance
between explicit control and the model’s trained data distribution.
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4.5.3 Selecting Adversarial Agents

To effectively select adversarial agents for safety-critical simulation, we developed two strate-
gies: dynamically selecting adversarial agents or selecting interacting agents. Inspired by
[29], we propose dynamically adjusting the weighting coefficient p' of J,q, during the guided
diffusion process, encouraging a collision by minimizing the positional distance between
controlled agents and the tested ego car:

eXp(_di’l(t)i (4.10)

P e (D)

where d!(t) represents the euclidean distance between agent i and the ego vehicle at time t.
Intuitively, the p*! coefficients, defined by the softmax operation, identify a candidate agent
to collide with the ego vehicle. The agent with the highest p** value is considered the most
likely ”adversary” based on proximity, and this formulation prioritizes causing a collision with
this adversary. This approach weights the adversarial loss J,q, to highlight key interactions,
preventing the unrealistic behavior of all agents acting adversarially towards the ego vehicle.

An alternate strategy selects interacting agents as adversaries based on their lane positions
relative to the ego. Agents within a certain lane proximity to the ego are randomly chosen.
In this scenario, the selected ith agent is treated as p** = 1, with all others set to zero, for
the duration of the simulation.

4.6 Experiments

We validate the efficacy of our proposed framework via experiments with real-world driving
data. Our results demonstrate that the framework can generate realistic and controllable
adversarial behavior to challenge the planner.

4.6.1 Dataset

We conduct our experiments on two large-scale real-world driving datasets: nuScenes [12],
which consists of 5.5 hours of driving data from two cities, and nuPlan [59], which consists of
1500 hours of driving data from four cities. We train the model on scenes from the nuScenes
train split and evaluate it on the scenes from the nuScenes validation splits and nuPlan mini
validation splits. We focus on vehicle-to-vehicle interactions.

4.6.2 Implementation Details

Baselines. We compare our approach against STRIVE [29] using their open-source im-
plementation and our re-implementation of DiffScene [27]. STRIVE is recognized for its
proficiency in generating adversarial safety-critical scenarios using a learned traffic model
and adversarial optimization in the latent space.


https://github.com/nv-tlabs/STRIVE
https://github.com/nv-tlabs/STRIVE
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Figure 4.4: Partial Diffusion Results of Rule-Based Planner on NuScenes Dataset.
The safety-critical scenarios show the framework’s ability to create realistic and challenging
situations, varying collision types based on different trajectory proposals. The gradient lines
reflect the planned trajectories in the next 3.2 seconds.

Planner. Our experiments utilize a range of different planners: 1) A rule-based planner,
as implemented in STRIVE [29], which operates on the lane graph and employs the constant
velocity model to predict future trajectories of non-ego vehicles, generating multiple trajectory
candidates and selecting the one least likely to result in a collision; 2) a hybrid planner BITS
[5); 3) PDM-Closed [72], the winner of the 2023 nuPlan Planning Challenge; 4) a deterministic
learning-based Behavior Cloning (BC) planner, which utilizes a ResNet Encoder, followed by
an MLP decoder to generate future trajectories; and 5) an Intelligent Driver Model (IDM)
planner [9].

Diffusion Model. We follow the architecture described in [21]. We represent the context
using an agent-centric map and past trajectories on a rasterized map. The traffic scene is
encoded using a ResNet structure [15], while the input trajectory is processed through a
series of 1D temporal convolution blocks in an UNet-like architecture, as detailed in [30]. The
model uses K = 100 diffusion steps. During the inference phase, we generate a sample of
potential future trajectories for each reactive agent in a given scene. From these, we select
the trajectory that yields the lowest guidance cost. This process is referred to as filtering.

Closed-loop Simulation. The simulation framework for our experiments is built upon
an open-source traffic behavior framework [5]. Within this framework, both the planner and
reactive agents update their plans at a frequency of 2Hz.

4.6.3 Evaluation Metrics

Our goal is to validate that the proposed method can generate safety-critical scenarios that are
both realistic and controllable. For realism assessment, in accordance with [21], we compare
statistical data between simulated trajectories and actual ground trajectories. This involves
calculating the Wasserstein distance between their driving profiles’ normalized histograms,
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focusing on the mean of mean values for three properties: longitudinal acceleration, lateral
acceleration, and jerk. To evaluate controllability, we measure metrics related to parameters
we can control, specifically relative speed and time-to-collision cost between the ego and
adversarial agents.

Our method aims to evaluate the extent of control over adversarial behaviors within a
single scenario. To do this, we focus on measuring collision diversity —a metric that
quantifies the range of differences in collision angles, relative speeds, and collision points. By
calculating the variance of these parameters within the same scenario, we can determine how
diverse and controllable the adversarial behaviors are, ensuring the scenario’s realism and
controllability.

For a more nuanced understanding of realism, we analyze the collision rate — the average
fractions of agents colliding, and the offroad rate — the percentage of reactive agents going
off-road, both of which are considered failure rates [5]. All metrics are averaged across
scenarios. For detailed definitions and metrics, see appendix [A.3]

4.6.4 Evaluation of Safety-Critical Traffic Simulation with
Baseline Methods

We compared our method with STRIVE [29] and DiffScene [27], utilizing the Lane-graph-based
planner from STRIVE in table [4.2] The evaluation focused on collision rates between the
ego and the adversarial agent (”Collision”), adversarial agent off-road rates (" Adv Offroad”),
other agents’ off-road rates (”Other Offroad”), collision relative speed between the ego and
adversary (”Collision Rel Speed”), realism of all non-ego agents ("Realism”), and simulation
time.

The results, presented in table [4.2] demonstrate that our method excels in all metrics
compared to STRIVE, especially in collisions and realism. Compared to DiffScene, SAFE-SIM
also exhibits a higher collision rate with better realism. Note that we trained models on
nuScenes and tested them in nuPlan without additional fine-tuning. As illustrated in Figure
[4.4] the qualitative examples from the NuScenes dataset demonstrate how our framework can
challenge the rule-based planner with various driving situations. See appendix for more
qualitative examples.

4.6.5 Safety-Critical Simulation with Different Planners

In table [4.3] we demonstrate our framework’s ability to generate collisions across various
planner types: rule-based, learning-based, and hybrid planners. Notably, the IDM planner
exhibits the highest Ego-Adv collision rate. This heightened rate can be attributed to the
IDM’s focus on vehicles near the same lane, potentially overlooking other vehicles in the
scene. Consequently, in scenarios with the IDM planner, our framework can induce collisions
at relatively lower speeds.



CHAPTER 4. SAFE-SIM: SAFETY-CRITICAL CLOSED-LOOP TRAFFIC

SIMULATION WITH CONTROLLABLE ADVERSARIES 38
Collision Other Adv Collision Realism Time
Dataset Method (%) 1 Offroad Offroad Rel Speed ! (s) |
(0]
(%0)d (%) 4 (m/s) |
SAFE-SIM 43.2 1.8 11.4 -0.12 0.38 104.5 +17.7
nuScenes STRIVE 36.4 2.2 11.4 5.52 0.85 427.2 +169.8
DiffScene 18.2 11.4 9.0 16.4 0.52 105.4 +22.5
tuPlan SAFE-SIM 80 9.4 11.7 6.75 0.27 173.4+173.3
" DiffScene 56.7 14.0 5.0 -2.81 0.42 176.7 £ 77.5

Table 4.2: Safety-critical Traffic Simulation. We compare our approach against STRIVE
[29] and DiffScene [27] for safety-critical traffic simulation with a rule-based planner. SAFE-
SiM outperforms STRIVE on all metrics and demonstrates higher collision rates and better
realism than DiffScene.

Planner Ego-Adv Coll Ego-Other Coll Adv Offroad Coll Speed Ego Accel Realism
(%) 1 (%) 1 (%) 4 (m/s) | (m/s?) | 4
BC 38.8 37.3 9.0 2.47 0.54 0.79
IDM 49.3 58.2 3.0 -0.40 0.94 0.78
Lane-Graph 34.3 37.3 1.5 2.68 1.62 0.57
BITS 16.4 19.4 6.0 3.07 0.95 0.79
PDM-Closed 26.9 50.7 1.5 2.73 1.30 0.86

Table 4.3: Safety-Critical Simulation for Different Planners. SAFE-SIM can generate
diverse safety-critical scenarios tailored to different planners, including rule-based, learning-
based, and hybrid planners.

4.6.6 Evaluation: Controlling Safety-Criticality

A key feature of SAFE-SIM is its ability to generate controllable adversarial behaviors, offering
variations not possible with previous methods.

Controlling Time-to-Collision. We control the orientation and relative speed together
using the time-to-collision (TTC) cost, as described in section 4.5 We manipulate the
scenario’s safety-criticality by adjusting the relative weight of the TTC cost. To assess the
impact of these adjustments, we measure the average TTC cost shortly before a collision
occurs (0.5 seconds). Our observations, detailed in table [£.4] show that increasing the
TTC weight raises the TTC cost. Notably, while the relative collision speed remains fairly
consistent, the collision angle shifts, indicating a greater difficulty in avoiding ego-adversary
collisions. Additionally, our method can control other aspects, such as relative speed, as

detailed in appendix
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TTC Cost TTC | Coll Speed Coll Angle | Coll Rate Realism
Weight Cost (m/s) (deg) (%) 1 1
0.0 0.18 2.45 -7.43 48.2 0.76
1.0 0.21 2.30 0.43 53.6 0.79
2.0 0.26 3.78 -17.0 60.7 0.81

Table 4.4: Controlling Time to Collision (TTC). The table shows the impact of different
TTC Cost weights on collision scenarios. Increasing the TTC Cost weight results in an
increase in collision rate, suggesting a heightened challenge for the ego vehicle in avoiding
collisions.

Partial |Collision Adv Realism Collision Collision Collision
Jadv Jreg Diffusion Offroad Angle Rel Speed Point
(%)t (B4 i (rad) T (m/s) T (m) 1
v X 23.9 13.8 0.58 2.22 2.99 1.62
v v 29.0 14.6 0.57 3.10 1.96 5.44
VS X 53.5 23.1 0.58 3.34 4.81 2.47

Table 4.5: Ablation study of Controllability. We perform ablation study on each element
of our proposed method.

4.6.7 Ablation Study on Controllability

We performed an ablation study to assess the influence of different guidance strategies in
diffusion models on the quality of simulations. This study, detailed in Table [4.5] aimed
to quantify collision diversity. We compare against our baseline approach, consisting of
regularized and adversarial objectives (Jyeq + Jadw), by predetermining the selection of
adversarial agents and conducting experiments with multiple seeds (three) in our framework
to evaluate collision diversity. In partial diffusion, we manipulated the trajectory proposal
selection mechanism across centerlines with normal offsets of -2.0, 0.0, and 2.0.

Effectiveness of Partial Diffusion. Table reveals that partial diffusion significantly
enhances both the collision point and angle diversity in comparison to the baseline approach.
This underscores the capability of partial diffusion to generate a wider array of collision
scenarios through various trajectory proposals, illustrating its potential to explore diverse
collision dynamics effectively.

Impact of the Regularization Term (J,.,). Incorporating J,., results in a notable
decrease in the adversarial-collision rate, highlighting the importance of the regularization
term in enhancing simulation realism. Without J,,, the collision rate between the adversarial
agent and ego vehicle increases, but the adversarial vehicle goes offroad more often, leading
to scenarios that differ significantly from realistic behavior.
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4.6.8 Limitation and Failure Cases

We identified areas for improvement in SAFE-SIM (see fig. . In certain cases, the
adversarial agent unrealistically collides with non-adversarial agents before reaching the ego
agent. Additionally, some scenarios result in collisions where the ego planner is not at fault.
While understanding how the ego planner can avoid such cases is important, creating more
scenarios where the ego is at fault would be beneficial.

4.7 Conclusion

In this chapter, we present a closed-loop simulation framework utilizing guided diffusion models
for creating safety-critical scenarios to assess autonomous vehicle (AV) algorithms. This
formulation aligns with the principles of Safety Of The Intended Functionality (SOTIF) [3],
focusing on how autonomous vehicles respond to dynamic scenarios like aggressive driving,
underscoring our dedication to safety across diverse and unforeseeable conditions. Our
framework introduces innovative guidance objectives, specifically tailored for controllable,
stable, long-term safety-critical simulations. A key aspect of our method lies in its ability to
vary the types of adversarial behavior within collision scenarios. By integrating adversarial
objectives and partial diffusion into the diffusion model’s architecture, we achieve detailed
control over the spectrum of adversarial actions. This versatility enables our framework to
produce a broader range of realistic and manageable scenarios, setting a new standard in
adversarial scenario generation beyond the limitations of existing approaches.
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Chapter 5

LangTraj: Diffusion Model and
Dataset for Language-Conditioned
Trajectory Simulation

This chapter is based on the paper “LangTraj: Diffusion Model and Dataset for Language-

Conditioned Trajectory Simulation” [73], written in collaboration with Wei Zhan, Masayoshi
Tomizuka, Manmohan Chandraker, and Francesco Pittaluga.

5.1 Introduction

Building on the diffusion-based framework introduced in chapter [, which enables the
generation of safety-critical scenarios through guided objectives, this chapter further extends
controllable simulation by introducing natural language as a flexible interface for counterfactual
scenario generation.

Traditionally, structured testing of AVs has relied on manually designed scenarios to
simulate failure cases or counterfactual situations, such as collisions or typical interactive
behaviors. While effective for targeted testing, this approach is inherently limited in scalability.
Recent advances in diffusion-based generative models demonstrate strong capabilities in
simulating complex distributions with flexible controllability [21} 55|, though this often depends
on domain-specific heuristic guidance functions constructed based on human knowledge after
training. Our key insight is to leverage language conditioning during training to
directly learn semantics from the data distribution, enabling users—including non-experts—to
generate counterfactual scenarios with ease. By conditioning on natural language, we can
significantly expand the range of possible scenarios, enabling more diverse driving behaviors
and improving the model’s capability as the data scale. Note that direct conditioning on
language is orthogonal to guidance functions, allowing us to combine the strengths of both
human knowledge and data-driven insights for more diverse simulations.
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Figure 5.1: Unconditioned (top), Text-Conditioned (mid), and Safety-Critical +
Text-Conditioned (bot) Simulations by LangTraj. Adversarial collision guidance is
applied in conjunction with text conditioning to generate the safety-critical scenarios shown
in the bottom row, where the dark blue car serves as the adversarial agent. Language
annotations are from the test set of INTERDRIVE.

We present LANGTRAJEL a language-controlled diffusion model that generates realistic
and controllable trajectories for AV simulation by conditioning on natural language prompts.
This approach enables LANGTRAJ to respond to diverse instructions such as “yield to the
right” or “merge left,” capturing complex interactive behaviors for counterfactual testing
across varied driving scenarios.

Achieving this functionality requires overcoming two key challenges: developing a model
that can effectively condition on diverse user inputs during closed-loop simulation and
acquiring high-quality data with natural language labels. To address these challenges, we
first introduce a scene-diffusion model, which jointly models multi-agent behaviors while
conditioning on language inputs, enabling flexible and scalable AV testing. We propose a
novel closed-loop training strategy for diffusion models to improve closed-loop realism and

'https://langtraj.github.io/


https://langtraj.github.io/
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reduce error accumulation during iterative rollouts. Contrary to prior diffusion model works
[21}, 26, [55] that adopt inference techniques such as constraint and guidance methods to steer
predictions, which can slow inference and require careful balancing of multiple objectives,
we introduce a closed-loop training strategy that explicitly enhances model stability and
realism during closed-loop simulation. Additionally, guidance methods can still be applied
post-training to refine behavior further if needed.

To enable language-conditioned simulation, we introduce INTERDRIVE, a comprehensive
dataset with 150k human-labeled annotations, specifically focusing on interactive agent-agent
behaviors (e.g., merging, yielding, and passing) with rich language annotations. In addition,
we include heuristic-based labels for single-agent behaviors such as directional intent and lane
changes. This dataset ensures high-quality annotations for interaction modeling, providing
the necessary diversity and richness for training models that capture both interactive and
individualistic driving behaviors.

Our contributions are as follows:

e LangTraj: Language-Conditioned Diffusion for Interactive Simulation. We
introduce LANGTRAJ, the first diffusion-based trajectory generation model that directly
conditions on natural language inputs for interactive simulation.

e Novel Closed-Loop Training Strategy for Diffusion Models. We propose a
novel closed-loop training strategy explicitly tailored for diffusion models to enhance
stability and realism during closed-loop simulation.

e InterDrive Dataset. We present INTERDRIVE, a new dataset of 150k human-
labeled interactive traffic scenarios, supplemented with heuristically labeled single-agent
behaviors, enabling scalable training of language-conditioned simulation models.

5.2 Related Work

5.2.1 Traffic Simulation and Controllable Diffusion

Controllable diffusion models have advanced traffic simulation [21], 22, 23, [26, |55]. Diffusion-
ES [74] combines evolutionary search with diffusion models. CTG [21] introduces test-
time guidance, while SAFE-SIM [55] models adversarial behaviors. CTG++ [22] enhances
controllability with GPT-4 [75]-generated guidance, and SceneDiffuser [26] improves inference
efficiency. However, these approaches rely on test-time guidance or heuristic control signals,
and do not learn semantic behavior control directly from data via language conditioning
during training.

5.2.2 Language in Autonomous Driving

Large Language Models (LLMs) have enabled language integration into autonomous driving.
Early datasets |76, 77| focus on spatial annotations, while DriveVLM’s Graph VQA explores
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vision-language reasoning. WOMD-Reasoning [78] introduces 409K QAs on traffic-rule
interactions, and ProSim-Instruct-520k [79] pairs 10M Llama3-70B-generated prompts with
520K scenarios from the Waymo Open Dataset. In contrast, INTERDRIVE is directly
constructed from the interactive subset of the Waymo Open Dataset, ensuring a targeted
selection of interactive scenarios. Additionally, our annotations are collected from human
experts rather than LLMs, focusing specifically on high-quality interactive behavior labeling.

Language-conditioned simulation methods vary. LCTGen [80] generates trajectories in
an open-loop manner based on discrete attributes, while ProSim [79] uses an autoregressive
framework for goal-driven simulation. We adopt a diffusion-based approach for greater
flexibility beyond the training distribution, enabling more adaptive and interactive simulations,
as discussed in section [5.6.5

5.3 InterDrive Dataset

Natural language conditioning for traffic simulation relies heavily on the scale and quality of
the underlying data. To address this, we introduce INTERDRIVE, a central contribution of
this work, designed to capture nuanced agent-agent interactions in real-world driving contexts.
Our dataset is constructed through an extensive human-labeling effort on the Waymo Motion
[13] and NuPlan [59] datasets, with additional single-agent behavioral labels generated via
heuristic annotations.

Unlike previous datasets such as ProSimInstruct [79], which provide general trajectory
labels, we focus specifically on interactive agents, ensuring that agent-agent interactions—such
as merging, vielding, and passing—are explicitly labeled. This emphasis enables more realistic
and flexible training of language-conditioned diffusion models for diverse traffic scenarios.

5.3.1 Dataset Composition

The INTERDRIVE dataset includes annotations from both the Waymo [13] and NuPlan [59]
datasets, covering a diverse range of environments, agent types, and interaction scenarios. For
Waymo, 125k scenes were annotated with human-generated interaction labels and 405k scenes
annotated with heuristic labels. For nuPlan, 12k scenes were annotated with interaction
labels and 150k scenes annotated with heuristic labels, each lasting 15 seconds.

5.3.2 Human-Labeling Process

To ensure high-quality and efficient interaction annotations, our labeling protocol was carefully
designed to leverage human expertise in defining complex driving behaviors. Labelers were
provided with top-down video representations of each scene, enabling them to accurately
observe and annotate agent interactions. Using these visualizations, we developed a scalable
and efficient pipeline for annotating complex interactions through a structured multi-choice
question framework. The process consists of the following steps:
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Figure 5.2: Overview of InterDrive dataset. INTERDRIVE captures nuanced agent-agent
interactions in real-world driving contexts. It includes human-labeled traffic interaction
annotations from Waymo Motion and NuPlan datasets, along with single-agent behavioral
labels generated through heuristic annotations, offering a comprehensive view of agent actions
and interactions in diverse traffic scenarios. The top part of the figure shows the annotation
processes for the human and heuristic annotations. The bottom part of the figure shows the
counts of each interaction and interaction subtypes in INTERDRIVE.
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1. Identify Interacting Agents: For Waymo, we used the interacting agent IDs provided by
the dataset. For nuPlan, we asked labelers to manually identify one agent within each
scene that exhibits an interaction with the ego vehicle.

2. Classify Interaction Type: Labelers select the primary behavior of each interaction
agent, choosing from six interaction types: (1) Lane Changing, (2) Following/Stopping
Behind, (3) Yielding, (4) Passing, (5) Overtaking, and (6) Merging.

3. Classify Interaction Subtypes: For each chosen interaction type, labelers provide a more
granular interaction subtype, capturing specifics like “Changing lane for overtaking,” and
“Intersection yielding”. A full list of interaction subtypes is provided in appendix

and in fig. 5.2

As shown in fig. [5.2] most real-world driving behaviors can be effectively captured by our
carefully designed interaction types, providing a comprehensive framework for annotating
complex agent interactions.

5.3.3 Heuristic Annotation Process

In addition to interaction labels, INTERDRIVE contains labels for single-agent states/actions,
which were generated automatically using a set of carefully calibrated heuristics. For the
pedestrians and cyclists labels, we selected all that applied from the following list: static,
crossing the street, walking along the road, and moving. For the vehicle labels, we selected all
that apply from the following list: parked, off the main roads, static, moving slowly, speeding
up, slowing down, moving at a constant speed, turning right, turning left, going straight,
crossing an intersection, approaching an intersection, lane position (e.g. rightmost), changing
lanes from-to (e.g. middle-to-rightmost). This enabled comprehensive behavioral modeling in
scenarios with both explicit and implicit agent interactions.

Our human-annotated dataset provides rich annotations for interactive simulation and
behavior studies, enabling in-depth analysis of agent interactions and unlocking future
possibilities for language-to-simulation research.

5.4 Problem Formulation

In traffic simulation, we model behaviors of N agents through a centralized function gy,
enabling realistic and controllable agent actions via language-conditioned commands €ju,g.
The joint agent state at each timestep ¢ is s; = [sf,...,s)] with actions a; = [a},...,al],
transitioning via f based on unicycle dynamics: s;11 = f(s¢, a;).

Each agent shares context c;, including HD map I and historical states S;_r, ... The
function gy generates future trajectories {si, -}~ based on (¢, €jang), trained on real-world

data to ensure realism and flexibility to user-defined scenarios.
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Figure 5.3: Overview of LangTraj. We introduce LANGTRAJ, a novel language-controlled
diffusion-based model for trajectory simulation that incorporates HD maps, agent histories,
and text descriptions, enabling behaviorally nuanced trajectory generation.

We use diffusion models to produce text-conditioned trajectories, reversing a forward

noising process from real trajectories 7y ~ ¢(7p) into noisy sequences (71,. .., 7x) via Gaussian
noise:
K
q(T1:1|70) = H q(Tk|T-1),
k=1

q(Tk|Th—1) = N(Tk; V1= Bri1, BkI)-

The model learns to denoise 7x back to 7y, integrating text encoding e to influence mean
predictions:

pQ(Tk—l |7—k7 C, elang) = N(Tk—l; N@(Tku ]C, C, elang)a Ek)

This enables generation of scene- and text-aligned future trajectories.

5.5 LangTraj

We introduce LANGTRAJ, a scene-diffusion model designed to capture the joint distribution
of interactive behaviors among all agents within multi-agent environments. To achieve this,
LANGTRAJ comprises two key components: 1) an encoder that effectively represents the scene
context, including map features and historical agent behaviors, and 2) a denoiser capable of
jointly predicting future agent behaviors while providing flexibility and user-driven control via
natural language inputs. LANGTRAJ supports trajectory generation conditioned on textual
prompts and diffusion guidance, ensuring both flexibility and precise control. Additionally,
we propose a novel algorithm for closed-loop training of diffusion models, further enhancing
the model’s performance and applicability in closed-loop simulation settings.
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5.5.1 Architecture

Scene Encoder Inspired by [81} 82|, we adopt a query-centric approach combined with
Graph Neural Networks (GNNs) to model spatiotemporal relationships in the scene. A key
component of this approach is the attention mechanism, which encodes relative spatial and
temporal information, capturing interactions and dependencies between scene elements. The
encoder operates in a scene-independent local coordinate system. Each scene element extracts
features within its own local reference frame, independent of global coordinates or the ego
vehicle’s position. This formulation allows for symmetric encoding across agents without
being affected by variations in absolute positioning. Through this process, the encoder
produces an embedding z! . = Fe,.(I, Si—m1,..:t) for each agent 1.

Language Encoder The Language Encoder module extracts agent-specific embeddings
from natural language inputs and integrates them with the scene’s spatiotemporal context
(see fig. . This module serves two key functions: 1) providing explicit agent-specific
conditioning and 2) encoding spatiotemporal data to capture agent interactions.

To achieve agent-specific conditioning, we first process the input sentence through a
language model, where agent roles are explicitly rephrased for direct conditioning. Specifically,
for each agent, its role in the sentence is labeled as the “target agent,” while other agents are
designated as “other agentl,” “other agent2,” and so forth. This rephrasing ensures clear
distinctions in agent roles within the sentence. After processing through the language model,
we obtain a sentence embedding ej.n, that captures the overall context.

We define the language encoder function Ej, to integrate the language and scene context.
Specifically, F;, combines the language-conditioned sentence embedding ej,,, with each agent’s
context embedding z. . from the Scene Encoder:

% _ %
Ziang = Er (elang7 Zenc)v

where zfang represents the final language-conditioned embedding for each agent ¢. This
embedding incorporates both the spatial relationships within the scene and the agent-specific
conditioning derived from the language input.

Our design is flexible regarding the choice of language model; following the practice of [83],
we use DistilBERT [84], a smaller language encoder, to extract the <cls> token embedding
as a summary of the sentence, reducing computation cost. Empirically, we find this sufficient
for language conditioning. In practice, we train the language encoder end-to-end with the
diffusion model using LoRA (Low-Rank Adaptation), enabling parameter-efficient fine-tuning.

Denoiser The denoiser consists of multiple stacked transformer blocks, each incorporating
different types of attention to model complex agent behaviors and interactions. Specifically,
the denoiser employs: 1) Query-centric attention across agents’ future trajectories to capture
inter-agent relationships, allowing each agent to attend to other agents’ future actions;
2) Agent-Context Cross-Attention, where each agent attends to its context embedding
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Algorithm 1 Closed-Loop Training of Diffusion Models

Require: Pretrained diffusion model 6, dataset D = {séf)T}f\;l, distance metric D(-,-),
planning horizon Tieplan, number of samples M, noise scale 7, denoising steps K
Ensure: Optimized model
1: Initialize 6 < O,
2: for each trajectory so.r ~ D do
3: for t =0 to T — Tieplan Step Tieplan do

4: Extract target sequence: Starget = Stit+Treplan

5: Sample noise level: 7 ~ U(1, K7)

6: Add noise: s, = \/Q; Starget + V1 — are, € ~ N(0, 1)
7 Generate M denoised candidates §M)

8: Select 50 via arg min,, D(5(™, Starget)

9: Execute §(™7), update state

10: end for

11: Compute loss £ = [|30.7 — so.7||?, update 6

12: end for

13: return 0

z! . generated by the Scene Encoder, ensuring that the agent’s behavior aligns with the
spatiotemporal context of the environment; and 3) Text-Cross Attention, where if a language
description is provided, each agent also attends to the language-conditioned embedding zfang,

incorporating conditioning from user-defined language inputs.

5.5.2 Closed-loop Training

Typically, trajectory diffusion models are trained in an open-loop fashion [22, 23, 26, 55|.
However, this mismatch between training and inference can lead to distribution shifts, where
the model encounters compounding errors due to deviations from the expected trajectory
distribution. A common approach to mitigate this issue during inference is to apply guidance
methods or hard constraints to steer model predictions toward physically feasible behaviors.
However, these techniques slow down inference speed and require careful balancing of multiple
objectives, limiting adaptability in real-time simulations.

In contrast, closed-loop training is a widely used technique for mitigating compounding
errors in closed-loop rollouts, as seen in autoregressive models [4} 79, where past predictions
are recursively used as input to better reflect real-world deployment scenarios. However,
applying closed-loop training to diffusion models presents a unique challenge: the iterative de-
noising process involves a double for-loop, making it computationally expensive to incorporate
self-generated states into training.

To address this, we propose a closed-loop training tailored for diffusion models, inspired by
[85), [86], which better aligns the training and inference distributions without requiring multiple
denoising steps during training. Instead of training with purely ground-truth trajectories, we
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Figure 5.4: Illustration of Closed-loop Training of diffusion models. The figure
demonstrates the procedure of training diffusion models in a closed-loop setting. First, the
model generates multiple denoised trajectory candidates. The closest candidate to the ground
truth is selected and then executed, enabling the model to experience its own distribution
during training.

integrate model-generated samples into training to allow the model to experience its own
predictions.

As shown in fig. [5.4] our method modifies the standard diffusion training process by
incorporating model-generated samples into training. At each training step, we apply forward
diffusion to perturb the ground-truth trajectory segment, followed by a one-step reverse
diffusion to generate multiple candidate trajectories. We then select the best candidate
using a predefined distance function and execute the selected trajectory before repeating the
process. The final loss is computed between the executed and ground-truth states in the
global coordinate space, allowing the model to learn how to recover from accumulated errors.
For a detailed breakdown of this procedure, refer to Algorithm [I In practice, we employ a
teacher-forcing strategy, where a subset of agents follows ground-truth states during training.
This stabilizes learning and improves adherence to map-related metrics, as shown in table [5.6

5.5.3 Controllable Behavior via Diffusion Guidance

To enhance control over trajectory generation, we can incorporate two types of guidance:
classifier-based guidance, which optimizes differentiable objectives, and classifier-free guidance,
which blends conditional and unconditional predictions.

For classifier-based guidance, we modify the predicted mean at each denoising step using
the gradient of an objective function J(7), steering trajectories toward desired behaviors
while maintaining realism. We adopt reconstruction guidance (clean guidance) from [58, 69|
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to improve stability:

Fo=to—aY V. J(%) (5.1)
k

The details of the adopted guidance functions can be found in appendix [B.4] For classifier-
free guidance, we interpolate between conditional and unconditional predictions from g:

7A_0 = (1 + w) ' g(elang7 Zenc) —w - g(@, Zenc) (52)

where g(€jang, Zenc) includes language input €jang, while g(0, Zey.) omits it. The guidance
weight w controls the influence of language conditioning, allowing more flexible behavior
synthesis without relying on predefined objectives.

By integrating these two diffusion-based approaches, we enable more flexible and adaptable
simulations, which are crucial for testing autonomous vehicles in diverse and challenging
scenarios.

5.6 Experimental Results

5.6.1 Preliminaries

We validate our framework through experiments on real-world driving data from the Waymo
Open Motion Dataset (WOMD) [13]. We train LANGTRAJ on the training splits of INTER-
DRIVE and ProSim-Instruct-520k, described in appendix [B.1] and evaluate its ability to
generate behaviors that are both realistic and controllable.

Metrics. For realism (denoted "Meta” in the tables), we follow the Waymo Open Sim Agent
Challenge (WOSAC), which evaluates the distributional realism of generated trajectories
[6]. The challenge assesses how well joint simulation rollouts recover held-out ground truth
behavior across multiple aspects, including kinematics, agent interactions, and map adherence.
Further details can be found in appendix To evaluate controllability, we condition
the model on ground-truth future behavior descriptions and measure the improvement in
minADE compared to the unconditional model. This comparison quantifies the model’s
ability to align generated behaviors with user-specified input when provided with behavior
descriptions.

5.6.2 Evaluation of InterDrive

We train separate instantiations of LANGTRAJ on the training sets of INTERDRIVE (Inter-
Drive) and ProSim-Instruct-520k, performing closed-loop evaluations with and without text
conditioning. As shown in table [5.1] language conditioning on INTERDRIVE yields a 13.6%
reduction in minADE while maintaining a meta-realism score of 0.72, indicating that our
language annotations provide useful supervisory signals. A similar improvement is observed
on ProSim-Instruct-520k (12.8% minADE reduction). Notably, INTERDRIVE focuses on



CHAPTER 5. LANGTRAJ: DIFFUSION MODEL AND DATASET FOR

LANGUAGE-CONDITIONED TRAJECTORY SIMULATION 52
Datset Text ‘ Meta 1 Kinematic T Interactive T Map 1 ‘ mADE |
INTERDRIVE X 0.72 0.41 0.80 0.80 2.65

v 0.72 0.42 0.80 0.79 2.29

ProSim-Instruct ‘j

0.72 0.42 0.79 0.79 2.89
0.72 0.43 0.80 0.78 2.52

Table 5.1: Evaluation of InterDrive: We train LANGTRAJ separately on the INTERDRIVE
and ProSim-Instruct-520k training sets and evaluate its performance on their respective test
sets.

Text Conditioning ‘ Meta 1 Kinematic T Interactive ¥ Map 1 ‘ mADE |
None 0.72 0.41 0.80 0.80 2.65
Direct Condition (Ours) 0.72 0.42 0.80 0.79 2.29
LLM-Based Guidance (CTG++ Style) | 0.70 0.42 0.75 0.80 2.70

Table 5.2: Text Conditioning Evaluation. We compare our proposed direct text condi-
tioning method to the LLM-based guidance method proposed by CTG++ [22].

interactive agent-agent behaviors, whereas ProSim-Instruct primarily consists of single-agent
maneuvers.

5.6.3 LLM-based Guidance vs. Direct Conditioning

In table we compare our proposed direct language conditioning method with the LLM-
based guidance approach from CTG++ [22], which uses GPT to generate differentiable
code-based guidance functions from language prompts (see appendix for details).
On INTERDRIVE scenarios, we find that LLM-based guidance leads to worse alignment
with the text prompt—even underperforming the no-text baseline. In contrast, direct
conditioning produces behaviors more aligned with the ground truth (13.6% reduction) while
preserving simulation realism. Direct conditioning also outperforms LLM-based guidance in
counterfactual settings, as discussed in section [5.6.5] While LLM-based guidance is effective
for enforcing constraints like collision avoidance and on-road driving [22], it still struggles with
interaction-level behavior descriptions, underscoring the benefit of direct language grounding.

5.6.4 Evaluation of LangTraj

To enable a fair comparison with ProSim, we train LANGTRAJ on the ProSim-Instruct-520k
training set and evaluate its performance against the publicly released ProSim model, which
is trained on the same dataset. As shown in table [5.3] both methods achieve comparable
performance in simulation realism and gain in terms of minADE. However, LANGTRAJ
employs diffusion-based modeling, which unlocks inference-time guidance and controlled
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Method Text ‘ Meta T Kinematic T Interactive T Map 1 ‘ mADE |

LANGTRAJ X 0.72 0.42 0.79 0.79 2.89
v 0.72 0.43 0.80 0.78 2.52
ProSim X 0.69 0.42 0.73 0.80 2.73
v 0.69 0.42 0.73 0.81 2.35

Table 5.3: Evaluation of LangTraj. Closed-loop evaluation on the ProSim-Instruct-520k
test set, with and without text conditioning. We compare the performance of our method
(LANGTRAJ) against the publicly released ProSim model, both trained on the ProSim-
Instruct-520k training set, ensuring a fair evaluation.

Method ‘ Meta T Kinematic T Interactive T Map T
UniMM (85 0.769 0.491 0.811 0.874
SMART-tiny-CLSFT [86] 0.762 0.458 0.811 0.872
VBD [87] 0.720 0.417 0.814 0.776
LANGTRAJ 0.719 0.426 0.795 0.789
ProSim (79 0.718 0.401 0.778 0.822
SceneDiffuser [26] 0.703 0.430 0.776 0.768
SceneDMF' [88] 0.628 0.371 0.683 0.703

Blue: Diffusion-Based Methods
Table 5.4: Results on WOSAC Test Set. LANGTRAJ performs competitively among the
best diffusion-based approaches, such as VBD [87] and SceneDiffuser [26].

sampling, offering greater flexibility beyond the training distribution that autoregressive-based
methods like ProSim do not have. We discuss these advantages in section

Beyond instruction-following tasks, we evaluate LANGTRAJ on the Waymo Sim Agents
Challenge Benchmark (unconditioned simulation), with results presented in table 5.4 Com-
pared to state-of-the-art diffusion models, LANGTRAJ performs competitively among the
best diffusion-based approaches, such as VBD [87] and SceneDiffuser [26].

5.6.5 Text-Conditioned Safety-Critical Simulation

We demonstrate LANGTRAJ’s ability to extend beyond the training distribution by generating
safety-critical scenarios conditioned on text inputs using guided sampling, as illustrated in
table [5.5) and fig. [5.I] Given the focus on collision-prone situations, standard interactive
metrics are less informative; thus, we instead evaluate simulation quality using kinematics and
map adherence metrics. Our findings indicate that LANGTRAJ successfully generates realistic
traffic scenarios as well as targeted, rare, safety-critical events, achieving collision rates as
high as 40%. Compared to LLM-based guidance, LANGTRAJ achieves a 10% higher collision
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COLLISION
Text Conditioning ‘ Guidance Rate 1 ‘ Kinematic T Map 1T mADE |
None | X 0.04 | 0.42 0.81 3.04
None v 0.41 0.39 0.70 4.93
Direct Condition (Ours) v 0.43 0.41 0.74 4.43
LLM-based Guidance (CTG++ Style) v 0.33 0.37 0.72 4.67

Table 5.5: Text-Conditioned Safety-Critical Simulation with LangTraj. We demon-
strate LANGTRAUJ’s ability to extend beyond the training distribution by generating safety-
critical scenarios conditioned on text inputs using guided sampling.

Setting ‘ Meta T+ Kinematic T Interactive T Map 1
Open-loop (K=100) 0.68 0.42 0.77 0.73
Open-loop (K=5) 0.68 0.41 0.78 0.72
Closed-loop 0.69 0.38 0.78 0.75
Closed-loop w/ Teacher | 0.70 0.39 0.78 0.79

Table 5.6: Ablation Study on Closed-Loop Training. Study conducted on validation
set of WOSAC challenge.

rate and outperforms CTG++ across all metrics in safety-critical situations. Additionally,
integrating direct text conditioning enhances map adherence even under collision-focused
guidance, highlighting a promising approach that combines explicit guidance with textual
inputs to improve scenario diversity and simulation control. Qualitative examples are available
on the project websited

5.6.6 Closed-loop Training

We analyze the effects of denoising steps, closed-loop training, and teacher forcing in table [5.6
First, we find that reducing denoising steps from K = 100 to K = 5 maintains realism
metrics, suggesting that trajectory simulation can be potentially effectively learned with
fewer denoising steps, reducing computational cost. Next, introducing closed-loop training
with teacher forcing improves both map adherence (0.72 — 0.79) and meta realism (0.68 —
0.70). Note that we also observe vehicles tend to slow down and drive off of the road when
trained in a closed-loop manner without teacher forcing, despite achieving similar realism
scores. This suggests that having a portion of agents follow the ground-truth trajectories
helps stabilize training, preventing the model from drifting into unrealistic behaviors.
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5.7 Conclusion

LANGTRAJ advances AV simulation by leveraging language-conditioned diffusion models to
generate diverse, behaviorally rich scenarios. Unlike prior works, it supports direct language
conditioning for intuitive behavior specification and guidance-based control for counterfactual
and targeted scenario generation. This flexibility makes LANGTRAJ well-suited for scalable,
controllable AV simulation, enabling safety-critical testing and interactive scenario design.
This significantly expands the space of scenarios that can be generated and lowers the barrier
to controllable simulation.

A key component of our approach is INTERDRIVE, which focuses on interactive agents,
providing rich human-labeled and heuristic annotations that enhance realism and diversity.
By prioritizing agent-agent interactions, INTERDRIVE strengthens training for language-
conditioned models. Empirical results on the Waymo Motion Dataset show that LANGTRAJ
generates realistic, language-aligned trajectories while preserving simulation realism. In
summary, LANGTRAJ demonstrates the potential of language-conditioned diffusion models
for AV simulation by combining natural language with guidance-based control.

This chapter reveals a key insight: controllability can be learned through language,
where data, model design, and training must be jointly considered to achieve flexible and
scalable simulation. Language controllability opens the possibility of automatically discovering
interesting and diverse scenarios while maintaining interpretability through natural language
descriptions. Furthermore, such language-conditioned simulation provides a bridge between
high-level reasoning and embodied control, connecting simulation with broader developments
in embodied Al and robotics.
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Chapter 6

SPACeR: Self-Play Anchoring with
Centralized Reference Models

This chapter is based on the paper “SPACeR: Self-Play Anchoring with Centralized Reference
Models” [89], written in collaboration with Akshay Rangesh, Kevin Joseph, Matthew Strong,
Masayoshi Tomizuka, Yihan Hu, and Wei Zhan.

6.1 Introduction

Previous chapters have established advances in controllability and realism, yet scalability
remains a critical challenge, particularly for efficient large-scale closed-loop simulation across
many agents and long horizons. Modern generative models, while expressive, are often
computationally expensive and difficult to deploy in such settings. In this chapter, we
focus on self-play reinforcement learning (RL) as a framework for improving efficiency and
scalability, while preserving realistic and interactive behaviors.

As discussed in chapter [1], simulation policies aim to capture realism, controllability, and
diversity. In closed-loop settings, realism is particularly critical, as it requires agents to react
appropriately to other behaviors. Beyond realism, scalability becomes an important practical
consideration, requiring efficient deployment in large-scale simulation across many agents
and long horizons. Broadly, there are two paradigms for constructing such policies: imitation
learning and self-play reinforcement learning (RL).

Imitation learning starts from expert demonstrations, with recent advances including
tokenized models |18, 19, 86| and diffusion models |22, 26| |90] to generate realistic multi-agent
behaviors. The key advantage of imitation learning is that it learns directly from the human
data distribution. However, such approaches struggle in reactive settings [91] and often
require computationally heavy models such as Transformer-based architectures that limit
scalability, as we demonstrate in section [6.4.3]

On the other hand, self-play RL has become popular |31} [36] for building driving policies.
In self-play, agents learn policies by repeatedly playing against one another in closed-loop



CHAPTER 6. SPACER: SELF-PLAY ANCHORING WITH CENTRALIZED
REFERENCE MODELS 58

interaction. However, successful training often requires extensive heuristics and careful
reward shaping [92], and the resulting policies can still diverge from human norms, leading
to unrealistic and non-human like behaviors.

To address both challenges, we introduce SPACERE], which leverages a pretrained to-
kenized model [19] to provide a reference policy distribution and a likelihood signal over
the outputs of self-play policies (fig. . This serves as an on-policy reward provider,
shaping learning toward human-like behavior while preserving the scalability of self-play RL.
Specifically, we align the self-play policy’s action space with that of the tokenized model,
enabling tractable likelihood estimation and KL-based distributional alignment. This design
eliminates the need for ground-truth logged trajectories and instead provides probabilistic
estimates that directly guide learning.

We validate our approach on the Waymo Sim Agents Challenge (WOSAC) [93], where
SPACER significantly improves realism and human-likeness compared to prior self-play RL
methods. In addition to benchmark performance, we perform closed-loop policy evaluation
across diverse planners, using the reference tokenized model as a baseline. Our experiments
show that Human-Like Self-Play policies are more reactive and avoid the false-positive
collisions often seen in imitation-based approaches, yielding more realistic and reliable
estimates for planner evaluation.

Beyond performance, the resulting policies are remarkably lightweight: decentralized
MLPs with only ~65k parameters that run over 10x faster and are up to 50x smaller than
most tokenized models. This efficiency enables scalable, real-time multi-agent simulation at
unprecedented scale, while maintaining the realism necessary for AV testing and deployment.

6.2 Related Work

6.2.1 Self-Play RL for autonomous driving

Self-play reinforcement learning has been studied extensively in multi-agent reinforcement
learning (MARL) as a way for agents to learn by interacting with copies of themselves |94, 95,
96] and has recently been applied to autonomous driving [31} |35 36]. One representative work,
GIGAFlow [36] demonstrates that large-scale self-play can produce robust autonomous driving
policies, showcasing the scalability and effectiveness of self-play for autonomy. Nevertheless,
one of the main challenges for self-play methods in real-world deployment is the divergence
from human behaviors. Policies that maximize rewards may behave unpredictably, and be
unable to coordinate with humans safely. While Human-Regularized PPO [33] introduces a
small amount of demonstration data as a regularizer to bias policies toward human-likeness,
our approach leverages a large-scale tokenized model to provide a human-like reward signal
during multi-agent learning, making it the first to demonstrate competitive performance with
state-of-the-art imitation learning policies while preserving the scalability of self-play.

"https://spacer-ai.github.io/
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6.2.2 Imitation-Learning Based Traffic simulation

Recently, data-driven methods like imitation learning have gained popularity due to their
capacity to learn from an expert data-distribution with minimal human effort. Early works
have explored generative imitation-learning approaches for modeling human traffic behav-
iors |97, |98, |99]. Recent works can mainly be categorized as diffusion models and tokenized
models. Diffusion Models such as [22) 26, [55], 73] offer flexibility and controllability to
potentially generate long-tail driving scenarios. On the other hand, tokenized models such
as SMART [19] or CAT-K [86] have become more popular due to their high realism and
capacity to simulate realistic multi-agent behavior. However, both approaches are compu-
tationally expensive at inference time: diffusion models require multiple denoising steps,
and tokenized models generate actions sequentially. This limits scalability in large-scale
closed-loop simulation. In this work, we instead leverage pretrained imitation-learning models
to guide self-play RL toward human-like behaviors. There are several works that focus on
RL fine-tuning of pretrained imitation-learning models [100, 101} [102]: for example, using
Group Relative Proximal Optimization to improve realism and controllability [101], leveraging
human feedback for post-training alignment [102], or exploiting implicit preferences from
pre-training demonstrations to avoid costly human annotations |[103]. In contrast to this
pretrain-then-finetune paradigm, we take an RL-first approach, where self-play serves as the
foundation and imitation-learning models are incorporated as a reward provider.

6.3 Human-like self-play

We aim to learn a human-like driving policy my(a|o) whose behaviors match the real human
driving distribution in closed-loop. The desired policy should reach goals, avoid collisions,
and stay on-road, while producing predictable and realistic behaviors.

6.3.1 Problem Formulation

We formulate this as a partially observable multi-sequential decision-making problem. At
each timestep ¢, the global simulator state s; € S encodes the static road graph and the
dynamic states of all agents. Each agent i receives only a partial observation o = O(sy, 1)
within its local field-of-view. The agent then chooses an action a! € A (e.g., acceleration,
steering, or maneuver) according to its policy ms(ai|ol), and the environment transitions
according to sy 1 ~ T(sy, af,. .., al).

The key challenge in training a human-like policy my is that task-based rewards (e.g.,
reaching goals, avoiding collisions, or staying on the road) encourage efficiency and safety but
do not guarantee realism. Such rewards often lead to behaviors that maximize task success
while diverging from human driving norms, for example, accelerating unnaturally to reach
goals or performing overly sharp maneuvers to avoid collisions. To address this, we introduce
a pretrained reference policy 7. that captures the human driving distribution and provides
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Figure 6.1: Overview of SPACeR Framework. Self-play reinforcement learning is
anchored to a pretrained tokenized reference model 7., which provides a human-likeness
distributional signal. The self-play policy my is decentralized and conditioned on local

observations, whereas s is centralized and conditioned on the full scene context.

a realism signal during self-play, anchoring learning to behaviors observed in real data.

r, = T;ask + arhumanllke(st7at),

L(0) = Lepo(0; Alr]) — B Dxa(mo(- | 01) || mrer (- | 51)),
Eq. [6.2] combines three components:

(6.1)

(6.2)

e Task performance: Lppo(f) is the standard PPO objective [104], encouraging agents

to reach goals, avoid collisions, and stay on the road.

e Human-likeness reward: Inspired by prior work |105], we define a log-likelihood
based reward that provides dense, per-timestep feedback by scoring each executed

action under the reference distribution:

Thumanlike(sta at) - IOg 71-1ref(at | 3t>-

(6.3)

This formulation corresponds to maximizing the likelihood of human-like actions, thereby

encouraging realistic driving behaviors beyond task success.

e Distributional alignment: The KL divergence Dgr (my(- | 0f) || meet(- | 5¢)) acts as
a dense signal at every timestep, directly encouraging the policy to align its action
distribution with the human driving distribution captured by the reference model.
For notational simplicity, we omit the agent index ¢; the KL divergence is computed

independently for each agent.
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6.3.2 Pretrained Reference Tokenized Model

To incorporate human-likeness into self-play, we introduce a pretrained reference policy mef,
trained on real-world human driving trajectories, to serve as a proxy for the human driving
distribution. Unlike task-based rewards, which only encourage efficiency and safety, s
provides a distributional signal that anchors policies toward realistic behavior. In principle,
Tt Can be any data-driven generative motion model, such as a diffusion model or a tokenized
model. In this work, we focus on tokenized models (e.g., SMART [19], CAT-K [86]), since
they provide tractable likelihoods estimates suitable for distributional alignment.
Centralized Reference Tokenized Model. Tokenized models such as SMART [19]
operate in an autoregressive fashion: given the past joint actions a-, and the scene context
¢ (e.g., road graph and initial states), the model predicts a distribution over the next joint
action a; = (a},...,ad), where t denotes the discrete timestep and N is the number of agents
in the scene. Under a conditional independence assumption across agents, this factorizes as

N
plas | ac,e) = [ [ plai | ace, o). (6.4)
i=1

In our framework, we treat p(-) as the pretrained reference policy s, which provides a
distinct distribution for each agent’s action a! at every timestep, conditioned on the shared
scene context and action history.

Importantly, the ability of 7. to assign a distinct distribution to each agent’s action at
every timestep directly addresses a central challenge in multi-agent reinforcement learning:
the credit assignment problem. It is often unclear which agent, and at which timestep, is
responsible for a positive or negative outcome. This fine-grained feedback, grounded in the
distributional signal of 7., enables shaping learning signals on a per-agent, per-timestep
basis rather than relying solely on sparse, trajectory-level rewards.

(1) Tractable training without autoregressive sampling. Unlike autoregressive
generation, which requires sequential token sampling, our approach only requires a single
forward pass of the reference model per rollout batch. This provides the full per-agent,
per-timestep action distribution, making the training pipeline efficient and scalable.

(2) Aligned action space. By ensuring that 7y and m.¢ operate over the same discrete
action space, we avoid online tokenization during training. This alignment not only reduces
computational overhead but also enables the KL divergence to be computed directly in closed
form:

mo(a | of)
D ' . 1 6.5
k(7o (- | o) | et (- | 51)) anAﬂ-g alon) log 203 Tret (@ | 5¢)° 65

(3) Privileged information and comparison to log-replay data. Note that in
Eq. [6.2] the reference tokenized model is centralized, observing the full state of all agents
rather than local views. This setup resembles privileged information in a teacher—student
framework in Robotics and Computer Vision [106, 107]. Unlike log replay, the reference
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model generalizes beyond recorded trajectories and provides guidance in unseen self-play
states.

Reference Models vs. WOSAC Metrics. WOSAC metrics [19] estimate per-feature
likelihoods (kinematic, interactive, and map-based) based on ground-truth future trajectories.
In contrast, tokenized reference models directly define a distribution over entire action
sequences, offering two advantages: (i) evaluation does not require logged future trajectories,
and (ii) the model provides a principled sequence-level distribution rather than feature-wise
likelihoods tied to manual design metrics.

6.3.3 Practical Considerations of building human-like self-play

Here, we outline common problems in standard RL settings and the corresponding considera-
tions for building human-like self-play.

Goal-reaching reward and post-goal behavior In previous works [31} 34, agents are
typically rewarded only upon reaching their goal, and are removed from the scenario once
the goal is reached. This formulation has two main drawbacks: (i) agents are incentivized to
accelerate unnaturally in order to reach the goal as quickly as possible, and (ii) the number
of active agents decreases after goals are reached, making the scenario progressively easier.
Qualitatively, with this original formulation, if the agents are not removed, they would mostly
stop once they reach the goal, making the scenarios unrealistic. To address this issue, we
adopt goal-dropout: agents are trained with and without goal conditioning while receiving
a terminal goal reward. This reduces reliance on explicit goal inputs. We further show
that, when anchored to a reference model, the explicit goal reward can be removed without
performance loss.

Tokenized Action Space and policy frequency: Contrary to previous works that
utilize unicycle dynamics, we align the action space with the reference model by adopting a
tokenized trajectory action space with K-disk from the data [18,/19]. This ensures compatibility
for computing likelihoods and KL divergence without online tokenization. Therefore, the
simulation frequency and policy frequency may differ; for example, the policy can operate at
5 Hz while the simulator runs at 10 Hz.

6.4 Experimental Results

We validate whether self-play policies trained with a reference model produce behaviors that
are both human-like and reactive. Experiments are conducted on large-scale traffic scenarios
from the Waymo Open Motion Dataset (WOMD) |13], measuring how closely the learned
policies match the human driving distribution and how effectively they adapt to interactions
in closed-loop simulation.
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6.4.1 Implementation Details

We conduct all experiments in GPUDrive [31], a GPU-accelerated, data-driven simulator
built on WOMD [13]. Each WOMD scenario spans 9 seconds; following the setup of [93], we
initialize at 1 second and simulate the remaining 8 seconds. We train on 10k scenarios. In the
main vehicle experiments (table , we control only vehicles, while pedestrians and cyclists
follow their logged trajectories. For the VRU experiments (table , we train SPACeR by
controlling all agent types, but report metrics only on pedestrian/cyclist targets.

Observation Space. We model the RL problem as a Partially Observed Stochastic
Game [108], where agents act simultaneously under partial observability. Each controlled
vehicle receives a local observation o} in an ego-centric coordinate frame, including nearby
vehicles, lane geometry, goal points (optionally), and relevant road features within a 50 m
radius. Agents do not receive temporal history, and all features are normalized to the range
[—1,1].

Action Space. We adopt a tokenized trajectory action space following [18| |19]. Using
the K-disk algorithm, we cluster short-horizon trajectories in Cartesian space into K =
200 discrete tokens. Each token represents a 0.1-second step with a horizon length of 2,
corresponding to a 5 Hz action frequency. This setup balances two considerations: providing
sufficiently fine-grained distributional signals from the SMART reference model while keeping
memory usage manageable. Since actions are defined directly in Cartesian space, no explicit
dynamics model is assumed; the simulator advances the scenario according to the selected
token.

Reward Formulation. For each agent, the task reward is

task(

15 (s, ar) = Wgoa1 1|Goal achieved] — weotided I[Collided]

humanlike (

— Woffroad H[Oﬁroad] + Whumanlike T St, at)v

where I[-] € {0,1}. By default, we set Weolided = Woffroad = 0.75. The weights wgea and
Whumanlike are varied in the following ablation experiments to study the trade-off between task
completion, safety, and human-likeness. Note that other than the reward, we also directly
compare the KL divergence between trained policy and referenced policy, where we use
CAT-K [86] as the reference model.

Model Architecture and Training Details: We use a late-fusion feedforward model
[31, |34], where ego, partner, and road-graph features are each embedded with a two-layer
MLP and then concatenated. The fused representation is fed into an actor head and a
critic head. During training, we control up to 64 agents with a shared decentralized policy
Ty, where each agent samples actions based on its local observation. We optimize with
Proximal Policy Optimization (PPO) [104], with hyperparameters provided in appendix
Training is performed on a single NVIDIA A100 GPU for 1 billion environment steps. During
training, all VRUs (pedestrians and cyclists) follow the logged trajectories except for the
VRU experiments in Table where we train SPACeR for all agent types, and calculate
metrics on VRUs.
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Method Composite 1 Kinematic T Interactive 1 Map T minADE | Collision | Off-road | Throughput 1
PPO 0.710+0.01 0.327 +0.01 0.751+0.01  0.875+0.00 12.725+253 0.038+0.005 0.053+0.00 211.8+5.6

HF-PPO 0.716+0.00 0.341+0.00 0.756+0.00  0.880+0.00 12.254+1.02 0.044+0.006 0.053+0.00 211.8+5.6
SPACeR  0.741+0.00 0.411+0.00 0.779+0.01  0.880+0.00 4.101+0.09 0.036+0.010 0.056+0.00 211.84+5.6

SMART 0.720 0.450 0.725 0.870 1.840 0.17 0.13 22.5+0.0
CAT-K 0.766 0.490 0.792 0.890 1.470 0.06 0.09 22.5+0.0

Table 6.1: Results on the WOSAC Validation Set. Our proposed method outper-
forms other self-play approaches across all realism metrics, while achieving ~10x higher
throughput than imitation-learning (shaded) methods, with competitive performance and

lower collision/off-road rates. Throughput is measured in scenarios/sec at 5 Hz on a single
A100 GPU.

6.4.2 Human-Like Self-Play Evaluation on WOSAC

To measure humanlike behaviors, we adopt the evaluation protocol from the Waymo Open Sim
Agent Challenge (WOSAC) [93]. WOSAC evaluates the distributional realism of simulated
agents by comparing their rollouts against held-out human driving data, details provided in
appendix . Metrics assess kinematics (e.g., speed, acceleration), inter-agent interactions,
and adherence to map constraints, with results aggregated into a composite realism score.

PPO (Self-Play). Decentralized PPO trained only with the task reward re,q [31]; no
realism signals are used.

HR-PPO [33]. PPO regularized toward a behavioral cloning (BC) reference using KL
divergence only (no likelihood term). For fairness, the BC model shares the same backbone
as my, is decentralized, and conditions only on local observations; it is trained on the WOMD
training split.

Imitation learning baselines. We evaluate two tokenized closed-loop models—SMART

[19] and CAT-K [86]. Both use the same backbone and action vocabulary (K =200) and run
at 5Hz. SMART is first trained by behavior cloning on WOMD and then fine-tuned following
the CAT-K closed-loop fine-tuning protocol; Implementation details and hyperparameters
are provided in appendix [C.3]
Discussion of Main Results. In table [6.1] anchoring self-play with a pretrained reference
model substantially improves realism across all Sim Agent metrics. By contrast, HR-PPO
reduces minADE but yields only a modest realism gain, whereas our method achieves clear
improvements in kinematics, underscoring the value of alignment with a strong reference
model. Relative to imitation-learning methods, our approach attains lower collision and
off-road rates and even surpasses SMART in composite realism.

For efficiency and scale, our decentralized MLP has ~65k parameters versus ~3.2M for
CAT-K (~50x smaller). Briefly, we observe ~10x higher closed-loop throughput (single
A100, 5Hz); see the rightmost column of table and section for details. CAT-K
remains the strongest IL baseline, but our method preserves human-likeness at substantially
higher speed and greater reactivity, which we further demonstrate in the closed-loop policy
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Method Composite T Kinematic 1 Interactive 1 Map 1 minADE |
PPO 0.648 0.242 0.683 0.835 7.712
HR-PPO 0.668 0.285 0.700 0.847 7.014
SPACeR (Ours) 0.729 0.413 0.762 0.866 2.066

Table 6.2: VRU realism metrics on WOSAC (pedestrians and cyclists). SPACeR
outperforms PPO and HR-PPO by a large margin, achieving substantial gains across all
realism metrics and minADE.

evaluation (section [6.4.3)).

Reference Model Quality. We further

study how reference model quality affects 0.78
SPACeR performance by training SMART £ 0.76-
models of three sizes: 0.3M, 1M, and 3M Eo.m-
parameters. Each model is also fine-tuned P ° ° 3m

with CAT-K, producing a total of six ref- 2

erence models (fig. [6.2). SPACeR policy £ %7

still reaches 0.732 realism even with the 50‘68' ; EXTA;T
smallest underperforming reference model & 0661 et 00
(0.636). We observe a similarly stable per- @ 0.641 O Vocab 200

formance when varying the token vocabu- 0.64 0.66 068 070 072 0.74 076 0.78
lary size with 3M params (100, 200, 400; Reference Model Realism

different markers in fig. : larger vocab-

ularies increase reference model’s realism,  Figure 6.2: Reference Model Quality Ef-
but the resulting SPACeR policies all re- fect on SPACeR Realism. SPACeR main-
main clustered around 0.73. This indicates  tains high composite realism ( 0.73) even when
that the reference model serves mainly as a  anchored to a reference model of only 0.3 M
soft prior that guides humanlike behavior,  parameters with realism 0.64.

rather than a target for direct imitation.

Because SPACeR agents learn through closed-loop interaction, they can refine their

behavior beyond the limitations of the reference model. In addition, using a reference model
that has itself undergone closed-loop fine-tuning (CAT-K) provides stronger behavioral signals,
which further improves the resulting SPACeR agents performance.
Evaluation on Pedestrian and Cyclist Behavior. We evaluate SPACeR on the WOSAC
validation set restricted to pedestrians and cyclists to isolate VRU behavior (table .
Although absolute composite realism scores are 0.1 lower than for vehicles, SPACeR still
improves performance by a large margin over PPO and HR-PPO across all metrics, including
Composite, Kinematic, Interactive, and Map realism, as well as minADE. This demonstrates
that the anchoring mechanism remains effective even under the higher stochasticity and
variability of VRU motion. Additional design choices and component ablations for VRU
simulation are provided in appendix [C.1]
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Effect of Anchoring Parameters on SPACeR Performance. We investigate the effect
of the anchoring parameters, namely the likelihood weight v and the KL alignment weight 5,
by activating each term independently. Top-1 refers to evaluating agents by always taking
the single most probable action, whereas top-5 evaluates realism under stochastic sampling
from the top five most probable actions. Since SimAgent measures distributional realism
over 32 joint rollouts, maintaining diversity through top-£ sampling generally yields higher
composite scores [93].
The likelihood and KL alignment terms

play different roles in shaping policy behav- ° ] .

. . .. . . op- e Bt |
ior. Optimizing the likelihood term alone §0v725 Ja- Tog-S e o
increases log likelihood but reduces diver- © 0.700 B n—mmm ="

sity, as reflected by a drop in entropy in the =
training curves (fig. [C.1)). This produces 2
small improvements in top-1 composite re- §
alism but harms top-5 performance. In con- © s Xy E—r s i Y Y T E— —
trast, the KLi alignment term raises both Likelihood Weight (&) Dy Weight (8)

likelihood and KL consistency while pre-
serving entropy, which improves both top-1
and top-5 realism. The training curves in B : ' ‘
fig. illustrate how log likelihood, KL leeh}.lood—only improves top-1, while KL z.ihgn—
divergence, and entropy evolve under each ment improves both top-1 and top-5 realism.

parameter setting.

In the ablation study (table [C.2]), KL alignment contributes most to realism. While
log-likelihood rewards are popular [105], their impact on realism is modest, likely because the
real-world driving distribution is highly multi-modal, so maximizing likelihood alone does not
yield a stable or sufficiently discriminative signal. A second insight is that once the policy
is anchored to the reference distribution, the explicit goal-reaching reward can be removed,
further improving realism.

Figure 6.3: Anchoring parameter ablation.

6.4.3 SPACeR Agents for Fast & Accurate Closed-Loop Planner
Evaluation

A key application of humanlike agents is the closed-loop evaluation of ego-vehicle motion
planners. In this setup, the planner under test controls the ego vehicle, while surrounding
agents are driven by learned policies. This enables realistic modeling of inter-agent interactions,
reactive behaviors, and humanlike decision-making without risking safety.

We evaluate our SPACER agents along two dimensions: closed-loop evaluation realism
and throughput. Unlike distributional realism in section [6.4.2] which measures similarity to
human data, realism here refers to how sim agents change planner rankings under closed-loop
interaction.

To assess realism, we compare against two baselines: (i) open-loop log-replay evaluation,
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Figure 6.4: Correlation Coefficients of PDM Scores Across Policy Evaluation
Strategies. Using our approach leads to consistently lower correlations with ground-truth log
replays across all metrics, suggesting more realistic penalization of unsafe policies—especially
for collisions.

and (ii) closed-loop simulation using CAT-K [86], a state-of-the-art traffic simulator on
WOSAC. We evaluate a diverse set of planners: 22 self-play—trained policies, 10 sampling-based
Frenet planners, and 10 IDM-based planners ﬂgﬂ (more details can be found in appendix .
For each planner, we compute PDM scores across multiple scenes under three traffic-
simulation strategies: ground-truth logs (GT), CAT-K rollouts, and SPACER agent policies.
We then measure the correlation of PDM scores between strategies. As shown in fig. our
approach yields consistently lower correlations with GT replays when compared to CAT-K.
We interpret this as evidence that our simulation is more reactive, and suppresses unrealistic
planner behavior more effectively—particularly in collision scenarios. Qualitative examples
(see fig. and the project websitel) further highlight that SPACER. agents respond naturally
in diverse scenarios, avoiding collisions when reasonable and minimizing unrealistic off-road
behaviors.

For throughput, we benchmark against SMART [19], a leading multi-agent motion
generator on the WOSAC leaderboard [93]. To ensure fairness, we run both methods at 5
Hz for full 8-second episodes on a single NVIDIA A100 GPU. SMART achieves 22.5 + 0.01
scenarios/sec, while our method reaches 211.8 + 5.64 scenarios/sec—a ~ 10x speedup.
Moreover, GPUDrive can be optimized for another order-of-magnitude efficiency gain
110]. All experiments were run on a dual Intel Xeon Platinum 8358 (64 cores / 128 threads,
2.6 GHz) server with a single A100 GPU, and results are averaged over 5 seeds.

In summary, SPACER agents deliver both more realistic closed-loop evaluation and
significantly higher throughput, enabling reliable and scalable benchmarking of ego-motion
planning policies.
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6.5 Discussion

Limitation of WOSAC Metrics. During experiments, we found that WOSAC metrics
can produce misleading scores. In fig. the logged agent turns into a parking lot, while
SPACER continues straight without crossing the curb. Although this behavior has an off-road
rate of 0.0, WOSAC penalizes it with a low map score because the metric rewards reproducing
the logged trajectory rather than recognizing alternative valid behaviors. Likewise, when
logs contain sensor noise leading to collisions or off-road trajectories, WOSAC assigns higher
likelihood to agents that repeat these errors [111]. We provide more qualitative results
in appendix [C.5] This reveals a key limitation: WOSAC evaluates similarity to logged
distributions, not necessarily safety or human-likeness, and can misalign with the goals of
self-play RL.

Simulating VRUs (Pedestrians and Cyclists). SPACeR improves pedestrian and
cyclist realism compared to prior baselines by a large margin, showing that self-play anchoring
transfers beyond vehicle agents section Nevertheless, VRU self-play remains underex-
plored: current WOSAC metrics (e.g., collision, off-road) are tailored to vehicles and do not
capture sidewalk adherence, crosswalk usage, or other pedestrian specific behaviors. Reward
design must likewise reflect these VRU-specific considerations. In this work we primarily
use likelihood and collision signals for VRU motion. Developing VRU-aware metrics, reward
shaping, and scene-level infrastructure is an important direction for enabling more realistic
pedestrian and cyclist simulation.

Training Efficiency Bottlenecks. In our I
current setting, each run requires roughly 24-48 J
hours, partly due to GPUDrive’s lack of multi- =
GPU support. Future extensions could exploit : I 77777777777777777777777777 | l
multi-GPU training or alternative backends N o
such as PufferLib [110], which has demonstrated
order-of-magnitude speedups. Memory usage
also limits scalability, especially for architec-
tures like SMART that encode pairwise inter-
actions explicitly. Recent advances in memory-  Figure 6.5: Example scenarios where
efficient design (e.g., [112]) may help reduce =~ WOSAC metrics produce unrealistic
overhead and increase training throughput. estimates.

lap Score:
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6.6 Conclusion

In this chapter, we explore scalability as a key dimension of simulation, focusing on en-
abling efficient closed-loop interaction while preserving realistic, human-like behavior. While
generative models have become a dominant approach for modeling such behaviors, their
computational cost limits their deployment at scale.

We introduced SPACER, which anchors self-play RL to a pretrained tokenized model via
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KL alignment, providing lightweight realism signals without relying on logged trajectories.
On the Waymo Sim Agent Challenge, it achieves higher realism than prior self-play while
producing policies that are ~50x smaller and ~10x faster than state-of-the-art imitation
models. Our policies remain reactive and humanlike, avoiding the unrealistic collisions often
observed in imitation methods during closed-loop planner evaluation. Together, these results
position SPACER as a step toward scalable, real-time closed-loop evaluation, and ultimately
training, of planners under realistic large-scale traffic scenarios.

Looking forward, this work opens several new directions for self-play-based simulation.
One promising direction for self-play reinforcement learning is to train a diverse population
of policies. A key question is whether controllability, extensively studied in generative models
and in previous chapters, can be extended to self-play, enabling structured and counterfactual
scenario generation with significantly higher efficiency. In addition, self-play provides a natural
framework for closed-loop training of ego policies, where all agents interact and co-evolve,
allowing experience to be accumulated jointly rather than from isolated single-agent data.
This multi-agent learning paradigm offers a promising path toward more scalable and realistic
training pipelines, where both simulation agents and ego policies can improve together over
time.
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Chapter 7

Conclusion and Future Work

Robots are becoming increasingly capable and are being deployed alongside humans. To
operate safely and intelligently in such environments requires experience with human inter-
action. However, collecting such data at scale is costly, risky, and inherently limited. Even
with arbitrarily large datasets, real-world observations only capture what happened, not
how behavior would change under different robot actions. This dissertation addresses these
challenges through data-driven behavior simulation, enabling counterfactual reasoning in
closed-loop interactive environments.

A central theme of this dissertation is that useful behavior simulation requires jointly
modeling social behavior, enabling controllable counterfactual generation, and scaling closed-
loop multi-agent simulation. We begin by modeling socially compatible behavior through
a data-driven approach that quantifies social preferences, enabling simulation of diverse
behaviors from courteous to aggressive. We then address counterfactual scenario generation
for targeted evaluation, introducing a controllable diffusion framework for long-tail and safety-
critical scenarios, enabling ”what-if” generation and stress testing under adversarial behaviors.
Building on this, we extend controllability by bridging language and trajectories, developing
a language-conditioned model for flexible and interpretable scenario specification. A key
limitation of current generative models is their computational cost, which limits their use in
fast closed-loop simulation. To address this, we propose a self-play reinforcement learning
framework anchored by a pretrained reference model, enabling lightweight decentralized
multi-agent simulation with high realism and reactivity at scale. These contributions open
several promising directions for future research.

Closed-loop training. With improved controllability of counterfactual behaviors and the
ability to run large-scale closed-loop simulations, a natural next step is to move beyond eval-
uation toward training robot policies. This opens up opportunities for reinforcement learning
with closed-loop simulation, raising the challenge of designing curricula and coverage-driven
strategies that prioritize informative and safety-critical scenarios to enable robust and adapt-
able policies. As autonomous systems move toward end-to-end and vision—language—action
paradigms, behavior simulation can be combined with sensor simulation (e.g., Gaussian
splatting) for fully closed-loop training. However, such approaches remain computationally
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expensive at scale. A key question is what level of representation is sufficient: while pixel-
level simulation offers high fidelity, more abstract representations may be more efficient for
learning [113].

Simulation Abstractions and World Models. Another important direction is un-
derstanding the appropriate level of abstraction for simulation. The dissertation primarily
studies explicit behavior simulation, where interaction dynamics are modeled through struc-
tured representations such as trajectories and agent states, and can optionally be combined
with sensor simulation methods such as Gaussian splatting for closed-loop end-to-end world
simulation. Such representations intentionally abstract away low-level sensor details to enable
more controllable, and computationally efficient modeling.

Recently, there has been increasing interest in world models that learn predictive dynamics
directly from high-dimensional observations such as images or videos [114}|115]. Compared to
explicit simulation pipelines, these approaches operate at a more fine-grained and potentially
less lossy representation level, enabling richer perceptual grounding. However, current world
models still face major challenges, including computational cost, speed, and maintaining
a consistent long-horizon simulation. Rather than viewing these paradigms as competing
approaches, they may be complementary. Explicit simulation can provide fast and controllable
interaction rollouts for efficient policy training, while world models may serve as high-fidelity
perceptual environments that ground policies in pixel-space observations during fine-tuning
or final adaptation stages.

Simulation Fidelity and Metrics. To make simulation informative for real-world
autonomy, a key challenge is to measure and improve simulation fidelity. In particular, this
requires quantifying distributional realism—whether simulation matches real-world behavior
at scale, both in statistical properties and in the coverage of interaction patterns. This raises
the question of metric design. Beyond raw trajectories, metrics should capture interaction-
relevant structure, such as relative motion, spacing, right-of-way intent, and safety-critical
proximity, while incorporating temporal dynamics and behavioral intent.

Safety Evidence. A central challenge is how to turn simulation into safety evidence that
transfers to real-world deployment. This includes: (i) scenario-structured safety reasoning,
connecting simulation-based evaluation with operational design domains and SOTIF-style
hazard analysis [3]; (ii) human-referenced safety baselines, comparing policy behavior to
human behavior in safety-critical regimes; and (iii) statistical grounding of simulation, using
limited real-world data to calibrate metrics and, more importantly, quantify the correlation
between simulation and real-world outcomes, enabling reliable estimation of tail risk beyond
average performance [116].

Heterogeneous Agents and Mobility Platforms. Humans interact in the environment
through different mobility platforms, such as walking, cycling, or driving, each with distinct
dynamics and behavioral patterns [117]. These differences lead to heterogeneous interactions
that significantly affect system behavior and safety risks. Modeling such variation is essential
for realistic simulation and for ensuring generalization across deployment settings.

Extension to Embodied Systems. An important direction is extending behavior
simulation to different forms of embodiment, where choosing representation becomes critical.
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This work adopts a trajectory-based representation, modeling motion and interaction patterns
where intent is implicitly encoded in behavior. This is well-suited for high-level interaction
tasks such as navigation and driving, where interactions are primarily governed by relative
motion. In other settings, such as human-robot manipulation, interaction also includes
physical contact and geometry. In these cases, behavior must be coupled with lower-level
representations that capture contact, force, and 3D structure. While high-level intent remains
relevant, it must be grounded in physical interaction to produce realistic outcomes. Despite
these differences, the core paradigm of data-driven, closed-loop simulation of interactive
behavior remains applicable across embodiments. A key open question is identifying the
appropriate level of abstraction for each setting, balancing fidelity and efficiency.
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Appendix A

Supplementary Material for Safe-Sim

Supplementary videos are available on the project websited

A.1 Qualitative Results

We present two sets of qualitative results. The first set, illustrated in Figure [A.1] displays
a variety of safety-critical simulations where altering the trajectory proposals modifies the
collision types. The second set, depicted in Figure[A.2] showcases simulations that demonstrate
different collision scenarios achieved by adjusting the Time-To-Collision (TTC) to influence
the safety-criticality of the situation. Unlike the STRIVE method, which tends to generate
scenarios with limited variability, our approach utilizes multiple control mechanisms (such
as varying trajectory proposals and safety-criticality levels) to create a broader spectrum of
safety-critical conditions. This flexibility is particularly beneficial for testing and evaluating
autonomous driving algorithms under various challenging conditions.

A.2 Details on Partial Diffusion

A.2.1 Methodology for Generating Trajectory Proposals

To generate trajectory proposals for the partial diffusion process, which aims to create
potential collision scenarios, we present a straightforward method based on lane relationships.
In addition to selecting different lane relationships to represent various types of collisions, we
further refine our control over these scenarios by introducing two primary variations: 1) the
relative distance to the conflict point and 2) the normal offsets of the lane, as illustrated in

Figure [A.3}

1. Relative Distance to the Conflict Point: This adjustment allows for the precise
management of how vehicles navigate interactions, such as passing or yielding, by
selecting specific accelerations that achieve the desired distance to the conflict point.
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Controlling Collision Types
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Figure A.1: Illustration of Diverse Collision Scenarios via Partial Diffusion. This
figure showcases example simulations that highlight how varying trajectory proposals can
influence the occurrence and type of collisions. The black line represents the trajectory
proposals for the adversarial vehicle.
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Figure A.2: Impact of Time-To-Collision (TTC) Control on Collision Scenarios.
This figure demonstrates example simulations where adjusting the TTC parameter influences
the dynamics and outcomes of collision scenarios, showcasing the method’s versatility in
testing autonomous driving algorithms under different conditions.
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(2) Adjust Desired Distance
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Figure A.3: Methods for generating different trajectory proposals.

2. Lane’s Normal Offsets: Modifying these offsets enables the generation of trajectories
that accurately reflect the spatial dynamics of vehicle positioning within lanes.

In addition, we can also generate proposals based on different lanes to have different relation-
ships.

Note that it is essential to generate trajectory proposals within a closed-loop simulation,
updated at every planning cycle. Since the diffusion model outputs action sequences, after
generating the initial proposals, we employ inverse dynamics to calculate the corresponding
turning rates.

A.2.2 Ablation study of Partial Diffusion

We measure the Mean Squared Error (MSE) to quantify the difference between initial
trajectory proposals and the outcomes from the partial diffusion model, focusing on the first
second of the trajectory in each planning iteration. Table reveals that the trajectory MSE
varies with the diffusion ratio. This ratio is adjustable, enabling the calibration of the model to
align with user needs and maintain a balance between the original proposals and the diffusion
model’s output. A partial diffusion ratio of v = 0.0 corresponds to the highest collision rate,
suggesting that our initial trajectory proposals effectively signal potential collisions. After the
diffusion model’s denoising step, the lateral acceleration diminishes significantly, leading to
more realistic trajectory generations. This underscores the importance of our proposed partial
diffusion process, highlighting its effectiveness in balancing the alignment between trajectory
proposals and the model’s output, which represents the underlying data distribution.
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Partial Diffusion  Coll Rate Adv Offroad Traj MSE ‘-dV max
ratio ~ lateral acc
(%) * (%) 4 (m*) L (m/s?) |

0.0 26.8 7.5 3.09 17.5

0.2 14.6 12.5 20.2 2.3

0.4 17.1 10.0 19.2 2.3

0.6 9.8 12.5 16.6 2.0

0.8 12.2 10.0 9.9 9.44

1.0 14.6 7.5 35.6 1.75
w/o Partial Diffusion 7.4 10.0 33.4 2.22

Table A.1: Ablation study on the Partial Diffusion ratio.

A.3 Metrics Definitions

This section outlines the definitions of the metrics used in our evaluations, averaged across
all scenarios, except for the realism metric.

A.3.1 Traffic Simulation Metrics

Off-road. This metric measures the percentage of agents that go off-road in a given scenario.
An agent is considered off-road if its centroid moves into a non-drivable area.

Collision. This metric represents the percentage of agents involved in collisions with other
agents during the simulation.

Realism. Adopting the approach from [21], realism is quantified using the Wasserstein
distance. This metric compares the normalized histograms of the driving profiles, focusing on
the mean values of three key properties: longitudinal acceleration, lateral acceleration, and
jerk. A lower value indicates a higher degree of realism.

A.3.2 Adversarial Behavior and Collision Metrics

Collision Relative Speed. Collision Relative Speed is defined as the ego planner’s speed
minus the adversarial vehicle’s speed at the collision timestep.
To control the relative speed, we introduce the relative speed cost function:

T
Jv = Z |Utl - U? - Udiff| : 1{d(t> < dcol}v (Al)
t=1
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where vgig is the desired speed difference between the ego and the adversarial vehicles,
influencing the relative speed at the point of collision. The function 1{d(t) < d.o} is an
indicator function that applies the cost only when the distance d(t) between the ego and
adversarial vehicle is less than a specified threshold d.;.

Time-to-Collision Cost. The Time to Collision (TTC) cost [70] assesses collision risk
based on the relative speed and orientation between agents. For two agents located at
positions (z;,y;) and (x;,y;) with respective velocities (v,,,vy,) and (vy,,vy,), we define their
relative position and velocity. The relative position is given by dz = x; — x; and dy = y; — y;,
representing the positional differences along the x and y axes. Similarly, the relative velocity
is calculated as dv, = v, —v,; and dv, = v,, —v,,, which are the differences in their velocities
along the x and y axes. The TTC is computed under a constant velocity assumption, solving
a quadratic equation to find the time of collision t.,, with a collision considered when relative
distance is minimal.

The real part of the solution provides the time to the point of closest approach, t,
calculated as:

~ _dugdatduydy e r (g
teol = dv’ col = (AZ)
0 otherwise,
and the distance at that time, d, is given by:
(dvydy—dvydz)? ¢ 7
~ el S it > 0,
& = dv’ = (A.3)
da? + dy? otherwise.
We define the TTC cost J;;. as:
T 72 72
2, d
col(t) col(t)
Jite = — —— -1, A4
tt ,5_21 exp( 2\, My > ( )

where \; and A\, are the time and distance bandwidth parameters. This cost is evaluated over
a time horizon T, with a higher cost for scenarios having low time to collision and proximity.
For further details on the derivation of this cost function, we direct readers to [70].

In our evaluations, we focus on the average TTC cost of 0.5 seconds preceding a collision.
This metric effectively captures the criticality of the safety scenarios, reflecting the potential
risk of imminent collisions.

Time-to-Collision. Additionally, we compute the average Time-to-Collision (TTC) for
each timestep within the crucial 0.5-second window before collisions occur in our scenarios.
It’s important to note that this TTC is not the actual time until a collision, but rather a
theoretical estimate based on the constant velocity model assumption for each timestep.
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A.4 Implementation Details

A.4.1 Diffusion Model Training and Parameterization

The training objective is to minimize the expected difference between the true initial trajectory
and the one estimated by the model, formalized by the loss function 21}, 68]:

L= Eekro.c [“TO - 720H2] (A.5)
where 75 and ¢ are sampled from the training dataset, k ~ U{1,2,..., K} is the timestep

index sampled uniformly at random, and € ~ N(0,I) is Gaussian noise used to perturb 7y to
produce the noised trajectory .

In each denoising step, our model predicts the mean of the next denoised action trajectory
eq. . Instead of predicting the noise € that is used to corrupt the trajectory [118], we
directly output the denoised clean trajectory 7y |21} 68]. The predicted mean based on 7y

and 7:
/g Vop(l— o
Th—1 — M@(Tk,%@) = Xk iﬁk'f'o ak( _ak 1>Tk (A6)

1— (093 1— (093

where [, represents the variance from the noise schedule in the diffusion process, oy, is defined
as ay := 1 — [, indicating the incremental noise reduction at each step, and &y is the
cumulative product of o; up to step k, mathematically expressed as oy, = H?:o Q.

A.4.2 Diffusion Process Details

For the diffusion process, we utilize a cosine variance schedule as described in [30], with the
number of diffusion steps set to K = 100. The variance scheduler parameters are configured
with a lower bound ; of 0.0001 and an upper bound [ of 0.05. The diffusion model takes
in a 1-second history and is trained to predict the next 3.2 seconds with a step time dt = 0.1.
Our model was trained on four NVIDIA RTX A6000 GPUs for 70000 iterations using the
Adam optimizer, with a learning rate set to 1 x 107°. The diffusion model’s implementation is
based on methodologies from open-source repositories |30, [118], and the simulation framework
is developed based on [5], [119).

A.4.3 Guidance Details

To simultaneously incorporate multiple guidance functions in our model, we assign weights
to balance their contributions. In our experiments, particularly with non-adversarial agents,
we implement a combination of route guidance (Jioute) and Gaussian collision guidance (Jg)
across M = 20 examples. Notably, we apply a filtration process exclusively to Jy, aiming to
prevent imminent collisions For adversarial agents, we maintain the same weighting across
all guidance functions, but uniquely control the weighting for Ji. to achieve controllable
behavior. In this setting, we select the sample that yields the highest adversarial cost (Jaay),
ensuring effective and targeted adversarial scenarios.
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Rel Speed Control | Ego-Adv Rel Speed | Coll Rate Realism
(m/s) (m/s) (%) 1 b
-2.0 0.90 0.29 0.83
0.0 1.26 0.38 0.89
2.0 1.94 0.44 0.88

Table A.2: Controlling relative collision speed. This table illustrates the ability of our
framework to modulate the relative speed between ego and adversarial agents, influencing
collision rates while maintaining realism.

Collision Guidance: The collision guidance is based on different agent interactions.
Following the methodology of [21], we extend the denoising process of all agents within a
scene into the batch dimension. During inference, to generate M samples, we proceed under
the assumption that each sample corresponds to the same m-th example of the scene. For
the ego vehicle, the future state predictions are derived from a diffusion model identical to
the one used for other agents. The collision distance for the ego vehicle is then computed
considering these predictions and their interactions with other agents within the scene.

A.5 Experimental Settings

We dynamically select adversarial agents as described in eq. , based on the criteria
outlined in table [4.2] In contrast, Tables and use preselected and fixed adversarial
agents. Additionally, Tables [4.4] and focus on intersection scenarios where interactions
are more involved.

A.6 Controllability: Controlling Relative Speed

In our safety-critical simulation framework, we examine the effects of manipulating the desired
relative speed between the ego vehicle and the adversarial agent. As shown in table[A.2] our
proposed relative speed control results in a notable impact on both the actual ego-adversary
relative speed and the collision rate. For instance, setting a lower desired relative speed target
(-2.0 m/s) generally results in a decreased ego-adversary relative speed, and vice versa for a
higher target (2.0 m/s). However, these adjustments do not directly translate to matching
values in the simulations due to the nature of closed-loop interactions. The planner’s reactive
behavior to the adversarial agent’s actions contributes to this discrepancy, as it may take
evasive maneuvers or adjust its speed, potentially avoiding collisions altogether. Moreover, the
realism metric across different relative speed settings remains relatively consistent, suggesting
that the adjustments do not compromise the realism of the driving scenarios.
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Method Collision Other Offroad Other Collision Adv Offroad Collision Rel Speed Realism

(%) 1 (%) ¥ (%) ¥ (%) & (m/s) | il
Ours 43.2 1.9 1.90 11.4 -0.12 0.38
Our (-Jroute) 38.6 5.6 2.91 15.9 1.07 0.29
Ours (-Jeor) 25.0 4.9 1.41 11.4 0.94 0.33
Table A.3: Ablation Study for .J,,.
- \
\ ¢ = 4 b
\ | / n \ / Z ¢
\| / /
Back collision w/ non-adv  Side collision w/ non-adv Merge Collision Head-On Collision

Figure A.4: Qualitative Samples of Safe-Sim Limitation and Failure Cases. In
certain scenarios, the adversarial agent collides with non-adversarial agents before challenging
the ego agent. Additionally, the adversarial agent may cause at-fault collisions.

A.7 Ablation Study for J,.

We provide ablation study for the regularization term J,.,. Note, for table in the main
text, adversarial agents were selected before simulation based on their lane proximity to
the ego. For table[A.3] adversarial agents were selected dynamically during simulation via

eq. (A.10).
A.8 Qualitative Analysis of Safe-Sim’s Limitations

In fig. [A.4] we present qualitative examples highlighting areas where SAFE-SIM can be
improved, including collisions with non-adversarial agents and at-fault collisions.
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Appendix B

Supplementary Material for LangTraj

Supplementary videos are available on the project websited

B.1 Experimental Details

B.1.1 InterDrive

The training split of INTERDRIVE includes 100k human-annotated language-trajectory pairs
and 405k pairs annotated heuristically. The test split of INTERDRIVE contains 25k prompt-
scenario pairs with both human and heuristic annotations. To address open-set language
input, we augment INTERDRIVE’s categorical annotations using GPT-4 [75] to generate
approximately 20 rephrasings for each annotated behavior. This augmentation expands the
range of language variations the model encounters, improving its robustness to diverse user
inputs.

During training, we also use compositional prompts that combine agent-agent interaction
descriptions with heuristic action labels (e.g., speed up, turn left, wait) into unified instruc-
tions. This compositionality supports the flexibility of behavior expression, and we apply it
consistently across both training and evaluation. Note that our instructions do not include
explicit temporal conditioning, which we leave for future work.

B.1.2 ProSim-Instruct-520k

ProSim-Instruct-520k is a multimodal dataset designed for promptable traffic simulation,
containing over 10 million text prompts paired with 520,000 driving scenarios. Each scenario
includes goal points, route sketches, action tags describing agent behaviors, and text instruc-
tions generated by Llama3-70B. In contrast, INTERDRIVE is directly constructed from the
interactive subset of the Waymo Open Dataset, ensuring a targeted selection of interactive
scenarios. Additionally, our annotations are collected from human experts rather than LLMs,
focusing specifically on high-quality interactive behavior labeling.
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B.1.3 LLM-Based Guidance Details

In this section, we provide implementation details for LLLM-based guidance conditioning
(CTGH++ style [22]) method in table which generates differentiable loss functions condi-
tioned on text descriptions. We use the 03-mini model via OpenAl APIs to generate loss
functions that guide vehicle behaviors, following the implementation. The method leverages
the same backbone and weights for all experiments to ensure consistency.

Since INTERDRIVE uses a fixed vocabulary, we generate a unique function for each
interactive description and heuristic, and combine them by scaling the loss to a common
range. LLM-based guidance may not work in the first iteration, as the generated functions
often contain errors or inconsistencies. Common failure cases include issues with array shape
mismatches, map-related functions, and the assumption of unseen functions. To address this,
we manually correct the generated functions by providing more specific instructions to GPT.
This process typically requires 3-5 cycles to refine the guidance functions and ensure there
are no compilation errors.

B.1.4 Testing Subsets

We evaluate all experiments on a 2% subset of the data, consisting of approximately 1,100
scenarios. Specifically, INTERDRIVE is tested on the validation interactive subset of the
Waymo dataset, while ProSim-Instruct-520k is evaluated on the validation subset.

B.1.5 WOSAC Challenge Metrics

The Waymo Open Sim Agent Challenge (WOSAC) evaluates simulation quality by computing
negative log-likelihood (NLL) scores over nine predefined statistical features, covering kine-
matics, agent interactions, and map adherence, where each feature is evaluated independently.
The challenge requires simulating up to 128 agents per scene for 8 seconds, generating 32
joint agents future samples per scenario. The negative log-likelihood is then computed based
on an approximate empirical distribution constructed from the simulated trajectories.

For a given scenario ¢ and target agent a, the likelihood of the true trajectory under the
empirical distribution of simulated samples is given by:

NLL(¢,a,t,5) = —log p; j.o(Fj(x* (i, a,t))) (B.1)

where p; j ,(.) is the empirical histogram distribution of statistic F; obtained from the generated
samples. A lower NLL indicates that the simulated distribution closely matches real-world
behavior.

To obtain a per-scenario metric, the NLL values are aggregated over all valid timesteps:

. 1 . . .
m(a,i,j) = exp (— [N(z’, 2 ;U(Z’ a,t)NLL(3, a,t,j)]) (B.2)


https://github.com/NVlabs/CTG
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where N(i,a) = )", v(i,a,t) represents the number of valid timesteps for target agent a. The
final scenario-level metric is then computed by averaging over the target agents:

1

Atarget

m(i, j) = m(a, i, ) (B.3)

where Agaget Tepresents the number of target agents.

To adapt WOSAC for language-conditioned interactive driving, we focus on evaluating
target agents that have explicit interactive descriptions in natural language on INTERDRIVE,
which is drawn from the validation interactive set, referred to as the objects of interest field
in the Waymo Open Dataset format [13].

For ProsimInstruct evaluation, since the annotations are constructed from the validation
set and may not contain objects of interest labels, we follow the original target agents from
the validation set.

To compute the final composite metric for ranking submissions, WOSAC takes a weighted
average over all component metrics:

ZZw]mK 7)), Zw] =1 (B.4)

7,1]1

where M = 9 represents the nine statistical features, and w; are manually assigned weights
for each metric. We detail the definitions of the component metrics below:
Kinematic Metrics:

e Linear Speed: Measures the magnitude of the first derivative of position, ||v| =

H Zes1—m ||2’ reflecting the agent’s velocity in 3D space.

e Linear Acceleration Magnitude: Represents the magnitude of the second derivative

of position, w, describing the agent’s acceleration.
e Angular Speed: Calculates the rate of change of the agent’s heading, w = W,

where d(+) is the minimal angular difference on the unit circle.

e Angular Acceleration Magnitude: Measures the rate of change of angular speed,
d(wi41,w¢)
At

Interaction Metrics:

e Distance to Nearest Object: The signed distance to the nearest object in the scene,
calculated using the GJK distance algorithm.

e Collisions: Detected when the signed distance to the nearest object becomes negative,
indicating that two objects have collided.
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CFG Weight | Meta ? Kinematic 1 Interactive 1 Map 1| mADE |

-1.0 0.72 0.40 0.79 0.81 3.38
0.0 0.72 0.41 0.79 0.81 2.90
0.5 0.71 0.41 0.79 0.78 2.90
1.0 0.70 0.41 0.78 0.77 297
2.0 0.68 0.40 0.76 0.73 3.21

Table B.1: Analysis of Text Conditioning Strength. We evaluate the impact of text
conditioning in LANGTRAJ by varying the classifier-free guidance (CFG) weight. CFG=-1.0
represents the unconditional setting.

e Time-to-Collision (TTC): Estimates the time before a collision occurs, assuming
constant velocities.

Map Metric:
e Distance to Road Edge: The signed distance to the nearest road edge in the scene.

e Road Departure: Indicates whether an agent has left the road at any point in time,
based on the signed distance to the road edge.

For more details on each metric, refer to the original WOSAC Challenge paper [6].

B.2 Implementation Details

B.2.1 Training Details

To maximize use of the human annotations in INTERDRIVE, we apply a biased sampling
strategy to balance the training data. Specifically, we upsample human-annotated samples to
represent 50% of each training batch and include 30% of heuristic descriptions in a given
scene per sample. This approach allows for the simultaneous training of language-conditioned
and unconditional diffusion models, optimizing both modes within the framework.

The training process for LANGTRAJ consists of two stages. In the first stage, the scene
encoder and diffusion model are trained without text conditioning for 60,000 iterations using
a batch size of 32. In the second stage, the scene encoder, language encoder, and diffusion
model are trained with text conditioning for an additional 20,000 iterations using a batch size
of 2048. The language encoder is implemented with a LoRA module [120], which updates
only the linear projection layers of the query and key matrices in DistilBERT [84], configured
with R = 16 and o = 0.4. Both stages employ the Adam optimizer [121] with an initial
learning rate of 1 x 1073. The diffusion model implementation follows methodologies from
open-source repositories [21] [119].
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To distill our pretrained scene-diffusion model from K = 100 to K = 5, we train the
model using a new denoising schedule for 20,000 iterations with a batch size of 256. The

original pretrained scene-diffusion model has a prediction horizon of T'= 16 with a frequency
of 0.5 Hz.

B.2.2 Closed-loop Training Details

For closed-loop training of diffusion models, we first pre-train our scene-diffusion model
with K = 100 denoising steps. We then distill the denoiser to K = 5 steps before applying
closed-loop training, as described in section [5.5.2]

We modify the model’s prediction horizon from 7" = 16 to 7' = 8 under 2 Hz to
accommodate multi-step unrolling with ground truth actions, using a replanning interval of
Treplan = 2. Given 16 steps of ground truth future trajectories, we can perform four iterations
of closed-loop training. During this process, the best sample among M = 8 candidates is
selected for execution, and the adopted forward diffusion ratio v = 0.6.

The teacher-forcing ratio is set to 50%. When applied, 70% of agents are randomly
sampled to follow the ground truth states throughout the unrolling process. The model is
trained with a learning rate of 1 x 1075 using an effective batch size of 32 for around 50,000
iterations, which takes around 12 hours on 8 x A6000 GPUs and 32 CPU cores.

Additionally, we incorporate an auxiliary non-collision loss from appendix with a
relative weighting of 0.1. To enhance robustness, we randomly drop text conditioning and
agent history with a probability of 50% during training.

B.2.3 Inference Frequency

Per-sample inference with 5 de-noising steps takes 4.66+0.06 seconds per 8-second simulation
(1 Hz replan) using 1xA6000 GPU and 4 CPU cores. Speedups via map caching, parallelism,
and distillation can be adopted for scalability.

B.2.4 Denoising Process

At each denoising step, the model predicts the mean of the next denoised action trajectory.
Instead of predicting the noise € used to corrupt the trajectory, the model directly outputs the
clean denoised trajectory 7. The predicted mean for reconstructing 7,_; from 7 is defined
as:

. Vo108 .
Th—1 = po(Tk, T0) = 1 k; kTo+ 1 —a
— Qg — Qg

Vor(l — ag1) (B.5)

Tk,

Where [, represents the variance from the noise schedule in the diffusion process, oy =
1 — (), denotes the incremental noise reduction at each step, and a;, = H?:o a; is the
cumulative product of o; up to step k.
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B.2.5 Diffusion Process and Inference Details

For the diffusion process, we utilize a cosine variance schedule, with the number of diffusion
steps set to K = 100 for pretrained diffusion model and K = 5 for the closed-loop trained
diffusion models. The cosine variance scheduler followed [6§], with s = 0.008. The model
operates on a 1.1-second trajectory history and is trained to predict the next 8.0 seconds
with a time step At = 0.5. During inference, we use a DDIM sampler [122] with a stride
step 1 during inference. During inference, we sample M = 64 joint future samples for all
agent, and only select the one joint agent sample with lowest collision loss. The per-sample
inference time is 4.66+0.06 seconds for an 8-second simulation, with a 1 Hz replan rate.
This process utilizes a 1xA6000 GPU and 4 CPU cores. To improve scalability, speedups
can be achieved through techniques such as map caching, parallelism, and distillation.

B.3 Discussion and Limitation

While the model generally follows instructions well, we observe that failure cases often involve
conflicts between language input and recent history (e.g., past 1s of motion). In such cases,
the model tends to prioritize history, leading to behavior misaligned with the instruction.
This is particularly noticeable when the vehicle is static, making conditioning signals harder
to take effect. Additionally, minADE may not fully capture instruction adherence; future
work could explore human evaluations to better assess language-action alignment.

B.4 Guidance Details

B.4.1 Classifier-Free Guidance

Contrary to previous diffusion models that rely on classifier guidance, direct conditioning
enables control through the learned data distribution rather than predefined objectives.
Classifier-free guidance leverages this distribution for generation without requiring domain-
specific priors.

As shown in table we observe that moderate classifier-free guidance (weights 0.0-1.0)
maintains realism and controllability, while higher weights (1.0) degrade map adherence (0.81
— 0.73) and interactive realism (0.79 — 0.76), suggesting that excessive text conditioning
misaligns trajectories with the map structure. Qualitatively, while stronger guidance improves
instruction-following, it also tends to produce more off-road samples.

B.4.2 Collision Guidance

We define the collision cost as

T
Jcoll - - Z d(t)a
t=1
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where d(t) is the distance between the adversarial and target agents at time step t over the
planning horizon T. Minimizing J.,; encourages collisions. In table one of the interactive
agent from the INTERDRIVE is designated as adversarial and the other as the target. Note
that, we only compute the gradient with respect to the adversarial agent.

B.4.3 Non-Collision Guidance

To detect collisions in a differentiable way, we approximate each agent ¢ with D equally
spaced disks of radius r; [4]. For any pair of agents (i,j), let d be the minimal distance
between their respective disk centers at time ¢. If d is less than the sum of their radii, the
circles overlap. Formally, the pairwise collision loss for agents ¢ and j at time 7 is:

1— R lf d S T +r i
Jpair (Ti7 Tj) = T+ T ! <B6)
0, otherwise.
We sum over all agent pairs and all timesteps ¢ = 0,...,7T to obtain the total collision

loss:

T

1

Jno collision — m Z maX(L Z Jpair (Tia Tj))a <B7>
i#j =0

where N is the total number of agents, T" is the planning horizon, and 7; represents the

state of agent 7 at time 7. If no disks overlap, Jpair is zero; fully overlapping disks produce a
maximum penalty of 1.

B.5 InterDrive Interaction Type Definitions

This section defines the detailed behaviors considered in our study and the corresponding
labeling process used to categorize them.

INTERDRIVE uses a scalable human labeling process based on multiple-choice questions
organized into large categories and subcategories to define and categorize behaviors efficiently.
This structured approach reduces ambiguity, provides clear guidance for annotators, and
ensures consistent, high-quality labels. By leveraging this method, INTERDRIVE achieves 2.5
times the size of the WOMD-Reasoning dataset, with higher-quality annotations and slightly
lower overall labeling costs.

In addition to categorizing interaction types, annotators also identify whether a pair of
agents is interacting. This process accounts for the possibility of asymmetric interactions,
where one agent interacts with another, but the reverse may not be true. For example, Agent
2 may adjust its behavior in response to Agent 1 (e.g., yielding or avoiding), while Agent 1
may proceed unaffected, exhibiting no interaction.
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e Lane Change: Lane change interactions involve moving from one lane to another for
various purposes:

— Changing lane for turn or exit: Moving to another lane in preparation for
turning or exiting.
— Changing lane for overtaking: Moving to another lane to pass a slower vehicle.

— Lane-change for avoiding obstacles or slower traffic: Changing lanes to
bypass road obstacles or slower-moving vehicles.

— Lane-change for merging: Changing lanes to merge into another stream of
traffic.

— Changing lane with lead or trail: Performing a lane change with another

vehicle directly ahead (lead) or behind (trail), requiring extra caution.

e Following/Stopping Behind: These interactions involve adjusting speed and distance
while following or stopping behind another vehicle:

— Following with a lead vehicle: Adjusting speed to maintain a safe distance
while following another vehicle.

— Following a slow-moving lead: Driving slower than desired to follow a slower
vehicle ahead.

— Tailgating: Driving too closely behind another vehicle, often considered aggressive
driving.

— Stopping behind a lead vehicle: Coming to a stop behind another vehicle,
typically at traffic lights or stop signs.

— Stopping behind an intersection: Coming to a stop before entering an inter-
section.

e Yielding: Yielding involves giving the right of way to other road users in specific
situations:

— Intersection yielding: Yielding to oncoming traffic or other road users at
intersections.

— Yielding before merging or lane-change: Yielding to ongoing traffic when
changing a lane or merging.

— Yielding to merging or lane-change cars: Yielding to cars that change lanes
or merge into the current lane.

— Waiting for a pedestrian to cross: Yielding to a pedestrian at a crosswalk or
intersection, allowing them to cross safely.

— Roundabout yielding: Yielding to vehicles already in a roundabout before
entering.
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Pedestrian yielding to vehicles: Pedestrians pause and give way to oncoming
vehicles before crossing the road.

e Passing: Passing involves moving past vehicles, pedestrians, or obstacles without
yielding;:

Passing through an intersection with yielding vehicles: Moving through
an intersection without yielding, while other cars yield.

Passing a pedestrian: Moving past a pedestrian walking near the road or on a
crosswalk, ensuring a safe distance.

Pedestrian passing a vehicle: A pedestrian moves around or crosses in front of
a stationary vehicle.

Passing through a roundabout: Navigating through a roundabout without
stopping, maintaining the right of way:.

Maintaining speed while driving: Driving straight or turning while maintaining
the original speed without yielding or merging.

Passing as a leading vehicle: Passing with other vehicles following.

Pedestrian or cyclist crossing the road: Pedestrians or cyclists crossing the
road, usually with vehicles yielding.

e Overtaking: Overtaking involves actively moving ahead of another vehicle:

Car avoidance: Taking evasive action to avoid another vehicle, often involving
swerving, braking, or accelerating.

Standard overtaking: Passing a slower vehicle by moving to an adjacent lane
and returning to the original lane.

High-speed overtaking: Passing at higher speeds on highways, requiring careful
attention to speed and distance.

e Merging: Merging involves entering a lane of traffic from a merging lane, on-ramp, or
after a lane reduction:

Standard merge: Entering the flow of traffic from a merging lane or on-ramp.

Lane reduction merge: Merging into an adjacent lane when a lane ends due to
road conditions.

Zipper merge: A coordinated merge where vehicles in two lanes alternate into a
single lane.

Highway on-ramp accelerating merge: Entering a highway while accelerating
to match traffic speed.

Late merge: Merging closer to the end of the merging lane in congested traffic.
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e Other:

— Undefined behavior: For scenarios where a specific behavior type does not exist

in the predefined options. In this case, the human labeler will type in behavior
descriptions.

— No interaction: For cases where no interaction occurs.

— Unknown status: For scenarios where the behavior cannot be determined due
to insufficient or unclear data.
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Appendix C

Supplementary Material for SPACeR

Supplementary videos are available on the project websiteD

C.1 Details on SPACeR design choices for simulating
VRU

To extend SPACeR to simulating VRUs (pedestrians and cyclists), we ablate several design
choices, as shown in table [C.I] We use separate action heads for each agent type and
include a one-hot agent-type indicator in the ego observation so the policy can specialize its
behavior. We also find that the reference KL loss consistently improves VRU realism, helping
reduce unstable or abrupt pedestrian behaviors. Finally, both the goal-reaching loss and the
multi-action head contribute to stable and human-like VRU motion, with noticeable drops in
kinematic and interaction realism when either component is removed.

For evaluation, all agents in the scene (including vehicles) are simulated, but WOSAC
metrics are computed exclusively for pedestrian and cyclist targets. For training, we follow
the same approach as |19], where different agent types use their own token vocabularies.

C.2 Anchoring Parameters Ablation Study

In the ablation study table KL alignment contributes most to realism. While log-
likelihood rewards are popular [105], their impact on realism is modest—Ilikely because the
real-world driving distribution is highly multi-modal, so maximizing likelihood alone does not
yield a stable or sufficiently discriminative signal. A second insight is that, once the policy
is anchored to the reference distribution, the explicit goal reward can be removed, which
further improves realism.

In fig. [C.I] we visualize the training dynamics of the anchoring terms. Likelihood-only
optimization steadily increases the log-likelihood but also drives entropy downward, indicating
reduced diversity as training progresses. In contrast, adding KL alignment not only increases
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Table C.1: Ablation study on key components of the SPACeR adapted to VRU simulation
settings. Each row removes one design choice. Metrics are reported over VRU target agents
only.

Ablation Composite T Kinematic T Interactive T Map-based T minADE |
Full Model 0.729 0.413 0.762 0.866 2.066
— goal-reaching weight 0.728 0.405 0.769 0.859 2.295
— multi-action head 0.685 0.323 0.742 0.818 3.416
— reference KL loss 0.607 0.222 0.626 0.804 12.844

Table C.2: Ablations on WOSAC (validation). 7y, = infraction penalties (off-road,
collision); LLH = log-likelihood reward; KL alignment essential for realism; goals unnecessary.

Variant Composite. minADE|
Ttask only 0.70 14.43
Goal + LLH 0.69 21.05
Goal + KL 0.73 4.08
KL + 7t 0.74 4.73
KL + rinf + LLH 0.74 4.68

log-likelihood but also keeps the KL term stable and preserves higher entropy, preventing
collapse and supporting more reliable top-k realism.

C.3 Training Hyperparameters and Implementation
Details of Self-Play

The core PPO hyperparameters are summarized in table [C.3] When training without a
reference model, we employ 600 parallel worlds on a single A100 (80 GB, PCle) GPU. For
human-regularized PPO and reference-model training, we reduce the number of worlds to
300, which leads to an approximately 2x slowdown due to the lack of multi-GPU support in
GPUDRIVE with madrona backend. With multi-GPU support, we would expect comparable
throughput to the reference-free setting. Our policy/value network is configured with an input
embedding dimension of 64, a hidden dimension of 128, and a dropout rate of 0.01. To reduce
GPU memory consumption in the reference-model setting, we highlight two adjustments: (1)
we cap the maximum number of unique scenarios per batch at 200 to increase training speed,
and (2) we limit the maximum number of map elements per agent from 200 [31] to 120.
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Figure C.1: Anchoring parameters: effects of likelihood and KL-divergence weights.
(a) Likelihood weight effect without KL loss. (b) KL divergence weight sweep without
likelihood loss. Likelihood-only optimization increases the probability of the most likely
action but collapses entropy, while KL alignment maintains diversity and improves likelihood.

Human-Regularized PPO Baseline. We follow the setup of human-regularized PPO [33],
but adapt it to our tokenized trajectory action space instead of low-level control actions. To
train the behavior cloning (BC) reference policy, we use observation—action pairs from the
full Waymo Open Motion Dataset (WOMD) rather than the 200-scenario subset originally
used, ensuring a stronger expert baseline. Our BC model is parameterized with roughly 2x
the capacity of the self-play policy network to increase expressiveness, achieving a validation
accuracy of 92%. We implement BC training using the imitation package [123] and train
for 60 epochs on the full dataset.

During HR-PPO training, we regularize the learned policy against the BC reference policy
using a KL-divergence penalty with weight 5 = 0.01. Larger values of § destabilize training,
while using tokenized model can generally increase to = 1.0 w/ similar performance. In
addition, when applying human-regularized PPO in the original action space, we found it
necessary to clamp the minimum reference log-probability to 1072 to avoid unstable gradients;
interestingly, this instability does not occur when using our tokenized trajectory reference
model.

In the first submission, HR-PPO used the reverse KL divergence, the same as SPACeR. In
the camera-ready version, we use the forward KL divergence and report the better-performing
variant, without affecting the main conclusions.
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Table C.3: PPO Training Hyperparameters.

Parameter Value Description

seed 42 Random seed.

total_timesteps 1,000,000,000 Total number of environment timesteps.
batch_size 131,072 Timesteps collected per rollout.
minibatch_size 8,192 Timesteps per optimization minibatch.
learning_rate 3e-4 Optimizer learning rate.

anneal_Ir false Learning rate annealing.

gamma 0.99 Discount factor.

gae_lambda 0.95 GAE parameter A.

update_epochs 4 Optimization epochs per rollout.
norm_adv true Normalize advantages.

clip_coef 0.2 PPO policy clip coefficient.

clip_vloss false Clip value loss.

vf_clip_coef 0.2 Value function clipping coefficient.
ent_coef 0.0001 Entropy coefficient.

vf_coef 0.3 Value loss coefficient.

max_grad_norm 0.5 Gradient clipping (max L2 norm).

C.3.1 Training Details of SMART and CatK.

We pretrain the base SMART model on 16xA100 (80 GB, PCle) GPUs for 10 epochs and
select the checkpoint with the best validation loss (5 x 107*). We then apply closed-loop
supervised finetuning as described in [86] for 6 additional epochs with an effective batch
size of 64 and a learning rate of 1 x 107°. The final model contains 3.2M parameters and is
trained on the full training dataset of approximately 500k scenarios. To make the self-play
policy more responsive while maintaining a balance between control frequency and memory
usage, we use a sampling frequency of 5 Hz instead of the original 2 Hz.

C.4 Waymo Sim Agent Challenge Metrics

We follow the evaluation protocol of the Waymo Open Sim Agent Challenge (WOSAC) [93].
The full definition of WOSAC metrics, including the NLL formulation, per-agent and scenario-
level aggregation, composite scoring, and individual sub-metric definitions, is provided in
appendix [B.1.5

In our experiments, we restrict evaluation to vehicles only: agents corresponding to
pedestrians or cyclists are excluded as targets and fixed to their ground-truth trajectories.
All reported results are computed on a 2% validation subset of the dataset [86].
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Figure C.2: Additional qualitative examples of WOSAC limitations. Top row: due
to sensor noise, the ground-truth agents collided in the data; consequently, safe simulated
behaviors are assigned low collision likelihood. Bottom row: the ground-truth agent collided
with the road edge, so remaining on-road is given near-zero off-road likelihood and a low map
score. These cases illustrate how WOSAC can penalize safe and realistic behaviors when they
diverge from noisy or imperfect logged trajectories.

C.5 WOSAC Failure Qualitative Results

More qualitative results of WOSAC limitation provided in fig.

C.6 Planner Variants Overview

Our evaluation framework covers two categories: learning-based and rule-based planners.

Learning-based. We trained 22 self-play reinforcement learning policies in GPUDrive
[31], all sharing the same decentralized late-fusion MLP architecture (controlling up to 64
agents) but differing in reward weights (see Sec. A.5.1).
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Rule-based. We include two families of classical planners: Frenet-based trajectory
samplers and Intelligent Driver Model (IDM) planners, each with 10 parameterized variants
ranging from conservative to aggressive driving styles.

C.6.1 Self-Play Policies

In addition to handcrafted planners, we trained 22 self-play policies using the GPUDrive
framework [31]. All policies share the same decentralized late-fusion MLP architecture
(controlling up to 64 agents), but differ in reward weighting.

We varied the weights of three components: goal-reaching (wgea € {1.0,0.5}), col-
lision penalties (weomigea € {0, —0.375,—0.75,40.1}), and off-road penalties (Wofrroad €
{0,—-0.375,—0.75,+0.1}). This grid covers both standard reward shaping (non-negative
penalties) and unconventional settings with negative weights, where agents are encouraged to
collide or go off-road.

The resulting 22 policies span a wide spectrum of behaviors, from highly conservative
(strong safety penalties) to adversarial (negative penalties), allowing us to stress-test planner
evaluation under diverse multi-agent conditions. All policies are trained for 1B environment
steps on 10k resampled WOMD scenarios, with 600 parallel worlds and up to 64 controlled
agents per rollout.

C.6.2 Frenet-based Planners

The Frenet planner uses quintic/quartic polynomials to generate trajectory candidates in the
Frenet frame, evaluating them based on a weighted cost function that considers:

e Lateral deviation from centerline (wyageral)

Velocity tracking (wyelocity )

Acceleration smoothness (Wacceleration)

Progress along path (wprogress)
e Jerk minimization (wjex)
e Collision avoidance (collision penalty)

Table summarizes the 10 Frenet-based planner variants, showing their key charac-
teristics including speed ranges, lateral weights, safety focus levels, and sampling densities.
These variants range from conservative safety-focused configurations to aggressive high-speed
optimized settings.
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Table C.4: Summary of Frenet-based Planner Variants

Variant Description  Speed Lateral Safety Sampling® Key Features
(m/s) Weight Focus (d,v,t)
Baseline Balanced 0-30 10.0  Medium 10,5,3 Standard configuration
Aggressive High progress 0-35 5.0 Low 10,5,3 Progress weight = 2.0
Conservative  Safety-first 0-20 50.0 High 10,5,3 Collision penalty = 5000
Smooth Rider Comfort 0-30 20.0 Medium 10,5,3 Jerk weight = 3.0
Lane Keeper Centerline 0-30 100.0 Medium 15,5,3 Lateral span = 1.5m
Wide Search ~ Comprehensive 0-30 10.0  Medium  20,10,7 Large search space
Fast Planner  Quick 0-30 10.0 Medium 5,3,2 Reduced horizon
Long Horizon Strategic 0-30 10.0  Medium 10,5,3 40 horizon steps
No Collision  Test baseline 0-30 10.0 None 10,5,3 Collision disabled
High Speed Highway 5-40 10.0 Medium 10,5,3 Velocity span = 15

& Sampling notation: (d,v,t) represents (lateral samples, velocity samples, time samples)

C.6.3 IDM-based Planners

The IDM planner implements the Intelligent Driver Model for longitudinal control combined
with a PID controller for lateral tracking. Key parameters include:

Desired velocity (vg)

e Minimum spacing (so)

Safe time headway (7')

e Maximum acceleration (a)

Comfortable deceleration (b)

e Aggressiveness factor (0.0-1.0)

Table presents the 10 IDM-based planner variants, each configured to represent
different driving styles from cautious urban driving to aggressive highway scenarios. The
aggressiveness factor plays a key role in determining the overall behavior of each variant.

Table provides a detailed comparison of the key configuration parameters for rep-
resentative variants from both planner types, highlighting the differences in their weight
distributions and fundamental parameters that lead to their distinct behaviors.
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Table C.5: Summary of IDM-based Planner Variants

Variant Description Desired Min Gap Headway Aggress.? Special

Vel (m/s) sp (m) T (s) Factor Features
IDM Baseline Standard 30 2.0 1.5 0.5 Balanced behavior
IDM Conservative Cautious 25 3.0 2.0 0.2 Safety factor = 1.5
IDM Aggressive Dynamic 35 1.5 1.0 0.8 Safety factor = 0.9
IDM Comfort Smooth 28 2.5 1.8 0.3 Max jerk = 2.0
IDM Highway High-speed 40 3.0 1.2 0.6 Perception = 100m
IDM City Urban 15 2.0 1.5 0.4 Perception = 30m
IDM Truck Heavy 25 4.0 2.0 0.3 Length = 8.0m
IDM Emergency  Urgent 40 1.5 0.8 0.9 Max accel = 4.0
IDM Adaptive Balanced 30 2.5 1.5 0.5 Reaction = 0.2s
IDM Defensive Safety 25 4.0 2.5 0.1 TTC = 3.0s

b Aggressiveness factor: Ranges from 0.0 (very conservative) to 1.0 (very aggressive)
¢ TTC: Time-to-collision threshold

Table C.6: Key Configuration Parameters Comparison

Parameter Baseline Aggressive Conservative Smooth Lane Keeper

Frenet Planner Weights

Lateral (w;) 10.0 5.0 50.0 20.0 100.0
Velocity (w,) 1.0 0.5 1.0 2.0 1.0
Acceleration (w,) 1.0 1.0 3.0 5.0 1.0
Progress (w,) 1.0 2.0 1.0 1.0 1.0
Jerk (w)) 0.5 0.5 1.5 3.0 0.5
IDM Parameters

Desired vel (v) 30.0 35.0 25.0 28.0 -
Min spacing (so) 2.0 1.5 3.0 2.5 -
Time headway (T) 1.5 1.0 2.0 1.8 -
Max accel (a) 2.0 3.0 1.5 1.5 -
Comfort decel (b) 3.0 4.0 2.0 2.0 -

Note: All planners use dt=0.1s time step and wheelbase=2.8m
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