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Appendix

In the appendix, we provide more details about the experiments discussed in the main text. Section
[Aintroduces the implementation details of the diffusion model and the specific content and form
of the guide function. Section [B] details the implementation of the system and showcases the
visualization of scenarios in the simulator. Section [Clcovers the relevant content of the SenseTime
driving dataset, while Section[D]delves into the detailed experimental configurations for multi-style
reinforcement learning experiments. Code and Demos are available at https://github.com/
tsinghua-fib-lab/LCSim.

A Diffusion Model

The process of the diffusion model generating vehicle action sequences is shown in Figure[7] With
the road network topology and vehicle historical states as input, the model generates future action
sequences for the vehicle through a denoising diffusion process.

Due to the relevant regulations of the Waymo Open Motion Dataset (WOMD) [26]], we cannot provide
the parameters of the model trained on it. In this section, we introduce the implementation details of
the diffusion model and the hyperparameters used for training and inference in detail to ensure that
the relevant experimental results can be easily reproduced.

Figure 7: The process of generating vehicle action sequences by diffusion model.

A.1 Problem Formulation

Similar to [23]], we denote a traffic scenario as w = (M, A1.7), where M contains the information of
a High-Definition (HD) map and Ay.7 = [A4, ..., A7) is the state sequence of all traffic participates.
Each element m; of M = {m?,...,m"=} represents the map factor like road lines, road edges,
centerline of lanes, etc. And each element a! of A; = {a}, ..., aiv } represents the state of the ith
traffic participate at time step t including position, velocity, heading, etc.

Given the map elements M = {m!, ..., m" m } and the historical states of agents A;__r, .¢,, where
T}, is the number historical steps and 0 < T}, < t., the model generates the future states of agents in
the scenario Atc:tc+Tf , where T is the number of future steps.
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Table 4: The attention mechanisms of scene encoder.
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A.2 Model Architecture

Scene Encoder. We implemented our scene encoder based on MTR [32] and QCNet [51]. As
mentioned before, at each time step ¢, the input to the scene encoder includes the map elements M =
{m?,...,m™n} and the historical states of agents A, _r, .. First, we construct a heterogeneous
graph G = (V, E) based on the geometric relationships among input features. The node set V'
contains two kinds of node v* and v"* and the edge set E consists of three kinds of edge e*™%, 4™
and e™ ™. Connectivity is established between nodes within a certain range of relative distances.
For nodes like vj" and v7", their node features contain attributes independent of geographical location
like lane type, agent type, agent velocity, etc. The position information of nodes is stored in the
relative form within the edge features like egﬁm = [p;” - py, 0}" — 0%], where p and 6 are position
vector and heading angle of each node at current time step ¢.. For each category of elements in the
graph, we use an MLP to map their features into the latent space with dimension Ny, to get the node
embedding v{,(t. — Ti <t < t.), v}" and edge embedding ef;7*, e}.”", e[} ~"™. Then we apply
four attention mechanisms in Table ] to them to get the final scene embedding. The scene embedding
consists of two components: the map embedding with a shape of [M, N;], and the agent embedding

with a shape of [4, T},, Np].

noise level 0

{
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Figure 8: The architecture of diffusion decoder.

Diffusion Decoder. Figure |§| shows the whole architecture of the diffusion decoder. Similar to [52],
we implemented a DETR-like decoder to model the joint distribution of multi-agent action sequences.
Denote the generation target as € R4*77*Na_which represents future 7' 'r steps’ actions of agents
in the scenario. Firstly, noise 2 ~ N’ (O, 02) is added to the input sequence. Subsequently, the action
sequence with noise for each agent is mapped to a latent space via an MLP, serving as the query
embedding for that agent. The query is then added to the Fourier Embedding with noise level o,
similar to positional encoding, to inform the model about the current noise level. Next, the query
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Table 5: Model parameters

Parameter Value
Input Size 2
Output Size 2
Embedding Size 128
Num Historical Steps 10
Num Future Steps 80
Num Polygon Types 20 Table 6: Training parameters
Num Freq Bands 64
Parameter Value
Map Encoder -
Hidden Dim 64 Baich Size 16
Num Layers 5 Num Epochs 200
y
Num Pre Layers 3 Weight Decay 0.03
Learning Rate 0.0005
Agent Encoder Learning Rate Schedule ~ OneCycleLR
Time Span 10 Odata 0.1
a2a Radil}s 50 cin(0) 1/+/02 + ggam
112113;1}-‘2:;1::5 ;0 CSkiP(U) O-gata/(g2 + J?lata)
Num Heads 8 Cout () 0 Odata/ /02 + 054,
Head Dim 64 Cnoise(0) ilno
Dropout 0.1 Noise Distribution In(0) ~ N (Prean , Paa)
Diff Decoder Prean -1.2
Output Head False Paa 1.2
Num t2m Steps 10
p12m Radius 150
a2m Radius 150
Num Layers 2
Num Recurrent Steps 2
Num Heads 8
Head Dim 64
Dropout 0.1

vector undergoes cross-attention with map embeddings, embeddings of other agents in the scenario,
and the historical state embedding of the current agent, resulting in a fused agent feature vector
incorporating environmental information. Following this, self-attention is applied to the feature
vectors of each agent to ensure the authenticity of interaction among the action sequences generated
for each agent. Finally, the feature vectors from the latent space are mapped back to the agent’s action
space via an MLP to obtain the de-noised agent action sequence.

A.3 Training Details

Training Target. Diffusion model estimates the distribution of generation target @ ~ p(x) by

sampling from pg(x) with learnable model parameter §. Normally we have pg(x) = %‘gm)

>

and use max-likelihood maxg Zf\;l log pe(x;) to get parameter 8. However, to make the max
likelihood training feasible, we need to know the normalization constant Zg, and either computing
or approximating it would be a rather computationally expensive process, So we choose to model
the score function V log pe (x; o) rather than directly model the probability density, with the score
function, one can get data sample o ~ pg(x) by the following equation [[17]:

xo=x(T) + fﬁ —6(t)o(t)Va log pe(x(t); o(t))dt  where x(T) ~ N (0,02, 1) (1)

On this basis, we add a condition ¢ composed of scene embeddings and use our model to approximate
the score function V4 log pe(x; ¢, o) ~ (Dg(x;c, o) — x) /o2, which leads to the training target
(170
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Xe is the training dataset combined with embeddings computed by the scene encoder, and ¢(o)
represents the schedule of the noise level added to the original data sample. For better performance,
we introduce the precondition as described in [[18]] to ensure that the input and output of the model
both follow a standard normal distribution with unit variance:

Dg(x; c,0) = cip (0)T + cou () Fo (cin (0)2; €, Croise (7)) 3

Here, Fy(-) represents the original output of the diffusion decoder. In the experiment, we used the
magnitude and direction of vehicle speed as the target for generation.

Experiment Setting. We trained our diffusion model on the Waymo Open Motion Dataset (WOMD)
[26]. Each traffic scenario in the dataset has a duration of 9 seconds. We used the map information
and the historical state of the previous 1 second as input to the model and generated future vehicle
action sequences for the next 8 seconds. The training was conducted on a server with 4 x Nvidia
4090 GPUs. We set the batch size for training to 16 and trained with the OneCycleLR learning rate
schedule for 200 epochs. The entire training process lasted approximately 20 days. The detailed
parameters of the model and the training process are shown in Table [5|and Table [¢]

A.4 Guide Functions

Following [50} [17], we calculate the cost function L : RAXTsxNa 5 R based on the intermediate
results of the generation process and propagate gradients backward to guide the final generation
outcome. In our experiments, the control objectives include the vehicle’s maximum acceleration,
target velocity, time headway, and relative distance to the preceding car during car-following, and
generating adversarial behavior by controlling nearby vehicles to approach the current vehicle. Denote
vehicle ¢ at timestep ¢ has states acc; ¢, Vi ¢, Ti ¢, Yi e, heading; ¢, and dis, (i, j) computes the relative
distance between vehicle ¢ and vehicle j at timestep ¢ when vehicle ¢ is followed by vehicle j on the
same lane. Table [/ shows the details of the cost functions.

Table 7: The cost functions used in the guided generation process.

Guide Target ‘ Cost Function

max acceleration Zle Zﬁl max(0, |acc; t| — accmaz)

target velocity S S it~ Vrarger |3

time headway ZtT:f ik | dl\iz;,(jl)é) — thwiarget | Where ¢ is followed by j at t
relative distance ZZL it | disi(i,j) — diStarger |  Where i is followed by j at ¢
goal point St et | @it i) = @goats.s Ygoats.) 113

no collision Sely X Ml (@i vie) = (w0 950) [3< ¢

no off-road 224:1 221 Il (%it,Yit) — (Toftroads Yott-road) ||3< €]

B Simulation System

B.1 Scenario Generator

We defined a unified map and vehicle Origin-Destination (OD) format based on Protobuiﬂ Addition-
ally, we have developed format conversion tools designed for the Waymo and Argoverse datasets, the
conversion results can be seen in Figure 0]

*https://github.com/tsinghua-fib-1lab/LCSim/blob/main/lcsim/protos
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Figure 9: Traffic scenarios from WOMD (blue box) and Argoverse (yellow box).

B.2 Policy Details

We implemented five different policies to support traffic simulation in various scenarios:

ExpertPolicy: The vehicles strictly follow the given action sequences to proceed.

BicycleExpertPolicy: Based on the expert policy, we impose kinematic constraints on the vehicle’s
behavior using a bicycle model to prevent excessive acceleration and steering. By default, we set
max acceleration to 6.0 m/s? and max steering angle to 0.3 rad.

LanelDMPolicy: Under this policy, vehicles ignore the action sequences and proceed along the
center line of their current lane. The vehicle’s acceleration is calculated using the IDM model and
lane-changing behavior is generated using the Mobil model.

TrajIDMPolicy: Vehicles move along the trajectories computed based on the action sequence, but
their acceleration is controlled by the IDM Mode to prevent collisions.

RL-based Policy: A PPO [31] agent trained based on our simulator, its observation space contains
the scene embedding and the action sequence. The action space consists of acceleration and steering
values. The training environment of this agent is the second one, enabling diffusive simulation with
Waymo-style vehicle behavior.
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For the IDM model in these policies, the default configuration is that acca, = 5m/ 2 thw =
2.0s, Vtarget = 20m/s.

C SenseTime Driving Dataset

C.1 Dataset Overview

SenseTime driving dataset comprises about 426.26 hours of vehicle driving logs collected from
vehicles based on SenseAut(ﬂ in the Beijing Yizhuang area and the whole dataset is split into 765
scenarios. The data is presented in a format similar to vehicle trajectories in the Waymo dataset with
a sampled rate of 10 Hz. However, the road networks of the scenarios are not provided in this dataset,
so we can not train our model on it, but due to the sufficient duration of the data, we can analyze
the behavioral characteristics of vehicles within the data collection area. This analysis provides a
reference for constructing driving scenarios with different styles.

Understandably, due to confidentiality regulations, the complete dataset cannot be released. However,
we will share the statistical distribution data of vehicle behaviors obtained from the dataset.

C.2 Vehicle Behavior Analysis

We conducted statistical analysis on the dataset, focusing on metrics such as max acceleration, usual
brake acceleration, velocity, relative distance, relative velocity, and time headway during the car
following process, Figure[T0|shows the results. This analysis allowed us to derive the driving behavior
characteristics of vehicles in the Yizhuang area.
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Figure 10: The analysis of SenseTime driving dataset.

D Multi-Style Reinforcement Learning

We constructed single-agent reinforcement learning experiments based on the Waymo traffic scenarios
with our guided diffusive simulation to see the influence of styles of scenarios on policy learning.

Shttps://www.senseauto.com/
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D.1 Reinforcement Learning Setup

We constructed a reinforcement learning environment based on the validation set of the Waymo
dataset. 4,400 scenarios are selected from the validation set and further divided into a training set
containing 4,000 scenarios and a test set containing 400 scenarios. We trained a PPO [31] agent on
the training set and evaluated its performance on the test set.

Observation Spec. Observation of the agent consists of two parts:

* Scene Embedding: Embedding computed by scene encoder of the diffusion model with size of [IVy],
by applying cross attention to map polygons and agent states, this feature contains information about
surrounding vehicles, road elements, and the vehicle’s own historical states. In this experiment, we
use N;, = 128 following the setup of the diffusion model.

» Route: We sampled the vehicle’s trajectory points within the next 1 second at a frequency of 10Hz
and projected them into a relative coordinate system based on the vehicle’s current position and
orientation. The shape of the route data is [10, 2], representing the reference path of the vehicle’s
forward movement. If the vehicle behavior in the driving environment is generated by a diffusion
model, then this path will be accumulated from the behavior sequences generated by the model for
the vehicle.

Action Spec. We let the agent directly control the throttle and steering angle of the vehicle. The
agent’s output is a two-dimensional vector with a range [—1, 1]. This vector is multiplied by the
maximum range of acceleration and steering angle, resulting in the final vehicle action. In this
experiment, the maximum acceleration and steering angle of the vehicle are set to 6.0 and 0.3,
respectively.

Rollout Setting. To let the agent explore every scenario in the training set, we randomly divided the
4000 scenes in the training set into 20 parts, each containing 200 different scenarios. We used 20
parallel threads to rollout episodes, with each thread pre-loading and pre-calculating map embeddings
for 200 different training scenarios. During the rollout process, after the current episode ends, the
environment automatically switches to the next scenario, and this cycle continues iteratively.

Reward Function. Our goal is to make the vehicle progress along the given route while avoiding
collisions and staying within the road. Therefore, we provide the following formula for the reward:

R= Rforwa'rd + Pcollision + Proad + Psmooth + Rdestination~ (4)
The meanings of elements in the formula are as follows:

* Rforward: A dense reward to encourage the vehicle to drive forward along the given route. We
project the current position and last position of the vehicle onto the Frenet coordinate of the route
and calculate dy, d;—1, S¢, S+—1, the value of the reward would be 0.1 X ((s; — s¢—1) — (d¢ — di—1)).

* P.ouision: Penalty for collision, When the vehicle collides, the value will be —10, and the current
episode terminates; otherwise, the value is 0.

* P,oqq: Penalty for driving off the road, when this happens, the value will be —5, and the current
episode terminates; otherwise, the value is 0.

* Pimooth: Following [23]], we implemented Pspootn = min(0,1/v; — |a[0]]) to avoid a large
steering value change between two timesteps.

* Riestination: When an episode ends, we check if the vehicle has reached the destination of the
given route, which means the distance to the endpoint of the route is within 2.5 meters. If yes, the
reward value is 10; otherwise, it’s —5.

D.2 Multi-Style Environments Building

We build four kinds of environments with different driving styles using cost functions in Table
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The original Waymo driving environment, in this environment, vehicles base their actions on real
trajectories from the Waymo driving logs.

The Waymo-style environment with diffusive simulation. This environment utilizes the diffusion
model without guide functions, the vehicle behaviors are consistent with the Waymo dataset.
With the diffusion model’s nature, it generates diverse vehicle trajectories under the same initial
conditions, exposing the agent to a broader range of traffic scenarios during training.

The SenseTime-style environment with guided diffusive simulation. This environment follows
the driving style observed in the SenseTime driving dataset, emphasizing a more "gentle" driving
behavior compared to the Waymo-based environment. In this environment, we use cost functions
on max acceleration with acc,q, = 3m/ 52, and on time headway with thwigrget = 2.5s.

The adversarial environment. This environment is implemented by guiding nearby vehicles closer
to the vehicle controlled by the RL agent. For vehicles in front of or alongside the main vehicle, we
guide their action generation with disqrgc: = 0 to the main vehicle, thereby encouraging more
sudden braking and cutting-in behaviors, increasing the aggressiveness of the environment.
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