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Executive Summary 

Modeling human drivers is a central challenge for estimating the impacts of congestion 
reduction, making the incorporation of realistic human-like agents essential for scalable training 
and evaluation in simulation. However, applying multi-agent reinforcement learning (MARL) 
techniques to modeling human driving has been hindered by the requirement of billions of steps 
of experience and the high collision rates of pure imitation learning agents in closed-loop 
settings. To address these challenges, we present GPUDrive, a GPU-accelerated multi-agent 
simulator built on top of the Madrona Game Engine, capable of generating over a million steps 
of experience per second. This high-performance environment allows for the efficient training of 
complex, heterogeneous agents, with observation, reward, and dynamics functions written 
directly in C++ and compiled to high-performance CUDA code.  

Using GPUDrive to train the agents, we propose Human-Regularized Proximal Policy 
Optimization (HR-PPO), a multi-agent algorithm where agents are trained through self-play 
with a small penalty for deviating from a human reference policy. In contrast to prior imitation-
based approaches, our RL-first method utilizes only 30 minutes of imperfect human 
demonstrations. Training over numerous scenes from the Waymo Motion dataset, we achieve 
highly effective goal-reaching agents within minutes for individual scenes and generally capable 
agents in a few hours. Empirical evaluations demonstrate that our HR-PPO agents attain a 
success rate of 93%, an off-road rate of 3.5%, and a collision rate of 3% across a wide array of 
multi-agent traffic scenarios. Furthermore, the agents exhibit human-like driving behaviors, 
closely matching existing human driving logs, and show significant improvements in 
coordinating with human drivers, particularly in highly interactive situations.  

We open-source GPUDrive and our trained agents at https://github.com/Emerge-
Lab/gpudrive. Demonstrations of agent behaviors are available at 
https://sites.google.com/view/driving-partners, facilitating further research and development in 
scalable multi-agent autonomous driving simulation. 

 
 

https://github.com/Emerge-Lab/gpudrive
https://github.com/Emerge-Lab/gpudrive
https://sites.google.com/view/driving-partners
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 Introduction  

Developing autonomous vehicles (AVs) that are compatible with human driving remains a 
challenging task, especially given the low margin for error in the real world. Driving simulators 
offer a cost-effective and safe means to develop and refine autonomous driving systems. The 
purpose of these simulators is to prepare AVs for real-world deployment, where they must 
smoothly interact and coordinate with a diverse set of human drivers. Therefore, a crucial aspect 
of both learning and validation in these simulators involves realistic simulations: the traffic 
scenarios and other simulation agents with which the controlled AV interacts. To identify where 
driving policies fall short, it is important to ensure that the simulated traffic conditions and driver 
agents closely resemble those in the real world [1, 2]. 

Existing driving simulators typically provide a set of baseline agents to interact with, such as 
low-dimensional car following models, rule-based agents, or recorded human driving logs 
[3,1,4]. While these agents provide a form of interactivity, they are limited in their abilities to 
create interesting and challenging coordination scenarios, which requires driving agents that are 
reactive and sufficiently human-like. Having effective simulation agents that drive and respond 
in human-like ways would facilitate the controlled generation of human-AV interactions, which 
has the potential to unlock realistic training and evaluation in simulation at scale. Additionally, it 
would reduce the need for continuous real-world large-scale data collection.  

Building human-like driving policies is an ongoing challenge. Existing simulated agents are 
either (1) quite far from human-like behavior (2) struggle with achieving closed-loop stability or 
(3) frequently get stuck in deadlocks. A ubiquitous way to generate driving policies has been 
through imitation learning, where a driving policy is learned by mimicking expert behavior using 
recorded actions from human drivers [5,6] Unfortunately, such policies still have high crash rates 
when put in a multi-agent closed-loop setting where they have to respond to the actions of other 
agents [7]. Another approach that has been explored to achieve closed-loop stability is multi-
agent RL [8]. While in principle perfect closed-loop driving may be achieved via self-play, there 
is no guarantee that the equilibrium the agents find will be at all human-like. For example, self-
play agents have no a priori reason to prefer driving on the left side of the road vs. the right. 
Similarly, because every agent is aware that other agents are a copy of themselves, they may feel 
comfortable driving much closer to each other than human comfort and reaction times would 
allow. Resolving this requires some mechanism of specifying what it means for a policy to be 
“human-like” and training agents to match this specification. This is the challenge we tackle in 
this work. 

Subsection 1.1 – GPUDrive:  

To address the challenges of driving and unlock multi-agent learning as a tool for generating 
capable self-driving planners, we introduce GPUDrive. GPUDrive is a simulator intended to mix 
real-world driving data with simulation speeds that enable the application of sample-inefficient 
but effective RL algorithms to planner design. GPUDrive runs at over a million steps per second 
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on both consumer-grade and datacenter-class GPUs and has a sufficiently light memory footprint 
to support hundreds to thousands of simultaneous worlds (environments) with hundreds of agents 
per world. GPUDrive supports the simulation of a variety of sensor modalities, from LIDAR to a 
human-like view cone, enabling GPUDrive to be used for studying the effects of different sensor 
types on resultant agent characteristics. Finally, GPUDrive takes in driving logs and maps from 
existing self-driving datasets, enabling the mixing of tools from imitation learning with 
reinforcement learning algorithms. This enables the study of both the development of 
autonomous vehicles and the learning of models of human driving, cycling, and walking 
behavior. 

Subsection 1.2 – Human-Regularized PPO:  

In the latter half of the work we address the challenge of developing human-like drivers with 
GPUDrive. we propose Human-Regularized PPO (HR-PPO). HR-PPO is an on-policy algorithm 
that includes an additional regularization term that nudges agents to stay close to human-like 
driving. Concretely, our contributions are: 

- We show that adding a regularization term to PPO agents trained in self-play leads to 
agentsthat are more compatible with proxies for human behavior in a variety of scenarios 
in GPUDrive. 

- Our results also show that effectiveness (being able to navigate to a goal without 
colliding) and realism (driving in a human-like way) can be achieved simultaneously: 
Our HR-PPO agents achieve similar performance to PPO while experiencing substantial 
gains inhuman-likeness. 

- We also show the benefits of training in multi-agent settings: HR-PPO self-play agents 
outperform agents trained directly on the test distribution of agents. This suggests that 
multi-agent training may provide additional benefits over single-agent training (log-
replay). 
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Literature Review  

Subsection 2.1: Driving agents in simulation 

There are four major approaches used in existing traffic simulators to model human drivers. One 
class of methods uses low-dimensional car following models to describe the dynamics of 
vehicle movement through a small number of variables or parameters [9, 10, 3]. Rule-based 
agents have a fixed set of behaviors. Examples of rule-based agents in driving simulators include 
car-following agents [1, 11, 12, 13} such as the IDM model and behavior agents that can be 
parameterized to drive more cautiously or aggressively such as CARLA's TrafficManager [4]. 
While car-following and rule-based agents can respond to other agents and thus provide 
interactivity, it can be challenging for them to capture the full complexity of human driving 
behavior and these agents frequently experience non-physical accelerations or come to a 
deadlock in complex interactions. Some simulators provide human driving logs which can be 
replayed to allow for interactions [14, 8, 1, 15, 11]. Although these static models produce 
realistic trajectories, they cannot respond to changes in the environment, such as other drivers. 
Finally, some driving simulators include learning-based agents using reinforcement learning 
[16] however, these agents likely do not resemble human behavior. Our Human-Regularized 
PPO approach aims to produce simulation agents that meet all these criteria to allow for the 
controlled generation of challenging real-life interactions in simulation. 

Subsection 2.2: Imitation Learning and Supervised Learning.  

A canonical approach for developing learning-based driving policies for autonomous driving has 
been through Imitation Learning (IL) [5, 17, 6] and other supervised methods such as trajectory 
prediction [18] and language-conditioned traffic scene generation [19]. IL works by mimicking 
expert behavior using recorded actions from human drivers. There are two broad classes of IL: 
open-loop and closed-loop. Open-loop methods, like Behavioral Cloning (BC), learn a policy 
without taking into account real-time feedback. As such, one limitation of open-loop IL methods 
is that they suffer from compounding errors once deployed in closed-loop systems [20]. Closed-
loop IL[21, 22, 23, 24, 25, 26] improves upon this by letting the system adjust its actions through 
ongoing interaction with the environment during training. While these methods provide 
enhanced robustness, they have not yet achieved high closed-loop performance when all agents 
are controlled. In addition, our approach does not rely on large, high-quality datasets of human 
driving data. 

Subsection 2.3: Multi-Agent Reinforcement Learning 

Reinforcement learning techniques have been effective in developing capable agents without 
requiring human data [27, 28, 29] in zero-sum and collaborative games. While this approach has 
worked in a range of games [30, 31] many games have multiple equilibria such that agents 
trained in self-play do not perform well when matched with human-partners [33, 34]. 
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In the driving setting, this challenge can partly be ameliorated through the design of reward 
functions that encode how people drive and behave in traffic interactions [36, 37]. However, it is 
not entirely clear what reward function corresponds to human driving and the inclusion of this 
type of reward shaping can create undesired behaviors [32]. An alternate approach tries to create 
human compatibility through the design of training procedures that restrict the set of possible 
equilibria [34, 35] by ruling out equilibria that humans are unlikely to play. 

Subsection 2.4: Combined IL + MARL 

Recent work has shown that augmenting IL with penalties for driving mistakes can create more 
reliable policies. This has been demonstrated in both closed-loop [38, 39] and open-loop [14] 
settings. Outside of the driving domain, augmenting goal-conditioned single-agent reinforcement 
learning has been found to enhance performance in the Arcade Learning Environment (ALE)  
[40] and improve the likelihood of convergence to the equilibrium in certain multi-agent learning 
settings [41, 42]. In multi-agent settings, it has empirically been shown to yield policies more 
compatible with existing social conventions of the human reference group [43, 44, 33] Our 
approach extends these works to the driving setting where it has not yet been investigated in 
prior work if this type of data-driven regularization is sufficient to enable convergence to a 
human-compatible policy. 

Subsection 2.5: Frameworks for batched simulators. 

There are various open-source frameworks available that support hardware-accelerated 
reinforcement learning environments. These environments are generally written directly in an 
acceleration framework such as Numpy [50] Jax [66] or Pytorch [48]  

In terms of multi-agent accelerated environments, standard benchmarks include JaxMARL [70], 
Jumanji [69] and VMAS [47] which primarily feature fully cooperative or fully competitive 
tasks. Each benchmark requires the design of custom accelerated structures per environment. 

In contrast, GPUDrive focuses on a mixed motive setting and is built atop Madrona, an 
extensible ECS-based framework in C++, enabling GPU acceleration and parallelization across 
environments [71]. Madrona comes with vectorization of key components of embodied 
simulation such as collision checking and sensors such as LIDAR. GPUDrive can support 
hundreds of controllable agents in more than 100,000 distinct scenarios, offering a distinct 
generalization challenge and scale relative to existing benchmarks. Moreover, GPUDrive 
includes a large dataset of human demonstrations, enabling imitation learning, inverse RL, and 
combined IL-RL approaches.  

Subsection 2.6: Simulators for autonomous driving research and development 
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Figure 1: Comparison of different simulators with GPUDrive. Multi-agent column refers to 
whether the simulator supports multi-agent control, GPU-Accel to whether the simulator is 
GPU accelerated, Sensor Sim to whether it provides implementations of sensors like cameras 
or LIDAR, Expert Data to whether it has human driver data, Sim-agents to whether it comes 
with default actor models, and Routes / Goals to the type of navigation information provided 
to the agents. 

The purpose of GPUDrive is to facilitate the systematic study of behavioral, coordination, and 
control aspects of autonomous driving and multi-agent learning more broadly. As such, visual 
complexity is reduced, which differs from several existing simulators, which (partially) focus on 
perception challenges in driving [4, 65] Driving simulators close to GPUDrive in terms of either 
features or speed include MetaDrive [16] nuPlan [11], Nocturne [8], and Waymax [1] which all 
utilize real-world data. Unlike MetaDrive and nuPlan, our simulator is GPU-accelerated. Like 
GPUDrive, Waymax is a JAX-based GPU-accelerated simulator that achieves high throughput 
through JIT compilation and efficient use of accelerators. With respect to Waymax, our 
simulator supports a wider range of possible sensor modalities including LIDAR and human-like 
views, can scale to nearly thirty times more worlds, and comes with performant reinforcement 
learning baselines. However, it does not currently come with reactive IDM agents like Waymax 
though it does come with pre-trained simulated agents based on RL policies. 
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Data and Methodology  

Subsection 3.1: Simulator design 

Learning to safely navigate complex scenarios in a multi-agent setting requires generating many 
billions of environment samples. To feed sample-hungry learning algorithms, GPUDrive is built 
on top of Madrona [71], an Entity-Component-State system designed for high-throughput 
reinforcement learning environments. In the Madrona framework, multiple independent worlds 
(each containing an independent number of agents1) are executed in parallel on accelerators via a 
shared engine.  
 
However, driving simulation offers a particular set of challenges that require several technical 
choices. First, road objects, such as road edges and lane lines are frequently represented as 
polylines (i.e. connected sets of points). These polylines can consist of hundreds of points as they 
are sampled at every 0.1 meters, leading to even small maps having upwards of tens of thousands 
of points. This can blow up the memory requirements of each world as well as lead to significant 
redundancy in agent observations. Second, the large numbers of agents and road objects can 
make collision checking a throughput bottleneck. Finally, there is immense variability in the 
number of agents and road objects in a particular scene. Each world allocates memory to data 
structures that track its state and accelerate simulation code. Though independent, each world 
incurs a memory footprint proportional to the maximum number of agents across all worlds. In 
this way, the performance of GPUDrive is sensitive to the variation in agent counts across all the 
worlds in a batch. 
 
These challenges are partially resolved via the following mechanisms. First, a primary 
acceleration data structure leveraged by GPUDrive is a Bounding Volume Hierarchy (BVH). 
The BVH keeps track of all physics entities and is used to easily exclude candidate pairs for 
collisions. This allows us to then run a reduced-size collision check on potential collision 
candidate pairs. The use of a BVH avoids invoking a collision check that would otherwise 
always be quadratic in the number of agents in a world. Secondly, we observed that a lot of the 
lines in the geometry of the roads are straight. This allows us to omit many intermediate points 
while only suffering a minor hit in the quality of the curves. We apply a polyline decimation 
algorithm (Viswalingham-Whyatt Algorithm) to approximate straight lines and filter out low-
importance points in the polylines. With this modification, we can reduce the number of points 
by 10-15 times and significantly improve the step times while decreasing memory usage. Finally, 
rather than allocate memory for the maximum number of agents in a scene (as is likely necessary 
in frameworks like Jax), we only allocate memory equal to the actual number of instantiated 
agents. 
 
We provide an overview of some of the pertinent simulator features as well as sharp edges and 
limitations of the simulator as a guide to potential users. 

 
1 In the Waymo Open Motion Dataset, an agent constitutes a vehicle, cyclist, or pedestrian. 
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Figure 2: Visualization of different observation spaces available in GPUDrive. The top 
scene is an example scenario from the dataset, rendered from the ego-centric perspective of 
the red vehicle. Grey cars are parked cars while white cars are other controlled agent 

- Dataset: GPUDrive represents its map as a series of polylines and does not require a 
connectivity map of the lanes. As such, it can be made compatible with most driving 
datasets given the pre-processing of the roads into the polyline format. Currently, 
GPUDrive supports the Waymo Open Motion Dataset (WOMD) [60] which is available 
under a non-commercial license. The WOMD consists of a set of over 100,000 multi-
agent traffic scenarios, each of which contains the following key elements: 1) Road map - 
the layout and structure of a road, such as a highway or parking garage. 2) Expert human 
driving demonstrations. 3) Road objects, such as stop signs and crosswalks. Figure 1 
depicts an example of an intersection traffic scenario as rendered in GPUDrive. 
 

- Sensor modalities: GPUDrive supports a variety of observation spaces intended to 
enable heterogeneous types of agents. Fig. 1 depicts the three types of supported state 
spaces. The first mode is somewhat unphysical in which all agents and road objects 
within a fixed radius are observable to the agent. This mode is intended primarily for 
debugging and quick testing, enabling a user to minimize the amount of partial 
observability in the environment. The other two modes are based on a GPU-accelerated 
LIDAR scan, representing what an autonomous vehicle would be able to see and what a 
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human would likely be able to see respectively. Both modes are based on casting LIDAR 
rays; to model human vision we simply restrict the LIDAR rays to emanate in a smaller, 
controllable-sized cone that can be rotated through an action corresponding to head 
rotation. Note that since all objects are represented as bounding boxes of fixed height, the 
LIDAR observations are over-conservative as humans while LIDAR scans in reality are 
usually able to see over the hoods of cars.  
 

- Agent dynamics: Agents are stepped using a standard Ackermann bicycle model with 
actions corresponding to steering and acceleration. This model enables the dynamics of 
objects to be affected by their length, creating different dynamics for small cars vs. 
trucks. However, this model is not fully invertible which can make it challenging to use 
this model for imitation learning. To enable full invertibility for imitation learning, we 
also support the simplified bicycle model, taken from Waymax [1] which is a double-
integrator in the position and velocity and updates its yaw as: 

𝜃𝜃𝑡𝑡+1 = 𝜃𝜃 + 𝑠𝑠𝑡𝑡(𝑣𝑣𝑡𝑡Δ𝑡𝑡 +
1
2
𝑎𝑎𝑡𝑡Δ𝑡𝑡2)  

where 𝜃𝜃 is the yaw, 𝑠𝑠 is the steering command, 𝑣𝑣 is the velocity, and 𝑎𝑎 is the acceleration 
at time 𝑡𝑡 respectively. Δ𝑡𝑡 is the timestep.  This model is always invertible given an 
unbounded set of steering and acceleration actions but is independent of the vehicle 
length. Note that this model does not factor in the length of the car, causing both long and 
short objects to have identical dynamics. However, computing the expert actions and then 
using them to mimic the expert trajectory under this model leads to lower tracking error 
than the default bicycle model. 

- Rewards: All agents are given a target goal to reach; this goal is selected by taking the 
last point observed in the vehicle's logged trajectory. A goal is reached when agents are 
within some configurable distance 𝛿𝛿of the goal. By default, agents in GPUDrive receive a 
reward of 1 for achieving their goal and otherwise receive a reward of 0. There are 
additional configurable collision penalties or other rewards based on agent-vehicle 
distances or agent-road distances though these are not used in this work. 
 

- Termination conditions: All agents terminate their episode when they reach their goal 
or collide with another agent. As it is not clear where an agent should go next after it 
reaches its goal, we simply remove it from the scene afterwards (we note that an 
alternative might be to generate a new goal for the agent to drive to). Car and cyclist 
agents are considered to be in collision when they drive through a road edge while 
pedestrian agents are allowed to cross road edges. 
 

- Available driving simulation agents: We use reinforcement learning to train a set of 
agents that reach their goals 95% of the time on a subset of 500training scenes. While 
this number is far below the capability of human drivers, these agents are reactive in a 
distinct fashion from parametrized driver models in other simulators. In particular, many 
logged-data simulators construct reactivity by having the driver follow along its logged 
trajectory but decelerate if an agent passes in front of it. In contrast, these agents can 
maneuver and negotiate without remaining constrained to a logged trajectory. These 
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trained agents are extremely aggressive about reaching their goals and can be used as an 
out-of-distribution test for proposed driving agents. 
 

- Simulator sharp-edges: We note the following limitations of the benchmark: 
o Absence of a map: The current version of the simulator does not have a well-

defined notion of lanes or a higher-level road map which makes it challenging for 
algorithmic approaches that require maps. The absence of this feature also makes 
it challenging to define rewards such as "stay lane-centered." 

o  Convex objects only: Collision checking relies on the objects being represented 
as convex objects. 

o Unsolvable goals:  Due to incorrect in the Waymo dataset, such as an exit to a 
parking lot being labelled as an impassable road edge, some agent goals (roughly 
2%) are unreachable. For these agents, we default them to simply replaying their 
logged trajectory and do not treat them as agents.  

o Variance in controllable agents per scenario: In the majority of scenes, there 
are approximately 8-10 agents and an average of 50 parked cars. Additionally, the 
dataset is gathered from the sensors of an autonomous vehicle, leading to some 
agents having their initial states recorded only after the first time-step of the 
simulator. These agents are not included, as incorporating them would necessitate 
"teleporting" them into the scene, potentially leading to unavoidable collisions 
with agents deviating from their logged trajectories. 

Subsection 3.2: Simulator analysis 

Subsubsection 3.2.1: Simulator speed 
Since scenarios contain a variable number of agents, we introduce a metric called Agent Steps 
Per Second (ASPS) to measure the sample throughput of the simulator. We define the ASPS as 
the total number of agents across all worlds in a batch that can be fully stepped in a second: 

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 =
𝑆𝑆 ∑ |𝐴𝐴𝑘𝑘|𝑁𝑁

𝑘𝑘=1

Δ𝑇𝑇
 

 
where 𝐴𝐴𝑘𝑘is the number of agents in the k-th world, 𝑆𝑆 is the number of steps taken, and Δ𝑇𝑇 is the 

number of seconds elapsed. Figure 2 examines the scaling of the simulator as the number 
of simulated worlds, which represents the amount of parallelism, increases. To measure 
performance, we sample random batches of scenarios of size equal to the number of worlds, 
so that every world is a unique scenario with 𝐾𝐾agents. On the left-hand side of Figure 2 we 
compare the performance of GPUDrive to the original Nocturne version [8] (CPU, no 
parallelism) and a CPU-accelerated version of Nocturne via Pufferlib (16 CPU cores) 
Empirically, the maximum achievable AFPS of Nocturne is 15,000 (blue dotted line) 
though we caution that additional speedups may be possible. In contrast, GPUDrive can 
reach over a million ASPS on a consumer-grade GPU at 512 worlds (average agents per 
scenario is 60). This performance also surpasses that of Waymax [1] }, a JAX-based 
simulator, where we could not run more than 32 environments in parallel due to Out of 
Memory (OOM) issues. Note that GPUDrive exhibits near-linear scaling of ASPS between 
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32 and 128worlds on a datacenter-grade NVIDIA GPU and between 32 and 256 worlds 
on a consumer-grade GPU. 

 

Figure 3: Peak goodput of GPUDrive on a consumer-grade and datacenter-class GPU 
compared to other GPU and CPU-based implementations. (Left) Total number of agent 
steps per second. (Right) Total number of controllable agent steps per second. This only 
accounts for agents that would be controlled in a scene as opposed to parked agents. 

Section 3.2.2: Training speed 
The purpose of GPUDrive is to facilitate research and development in multi-agent algorithms by 
1) reducing the completion time of experiments, and 2) enabling academic research labs to 
achieve scale on a limited computing budget. Ultimately, we are interested in the rate at which a 
machine learning researcher or practitioner can iterate on ideas using GPUDrive. This section 
highlights what our simulator enables in this regard by studying the end-to-end process of 
learning policies in our simulator.  
 
Figure 3 contrasts the number of steps (experience) and the corresponding time required to solve 
10 scenarios from the WOMD between Nocturne and GPUDrive. For benchmarking purposes, 
we say a scene is solved when agents can navigate to their designated target position 95% of the 
time without colliding or going off-road. Ceteris paribus, GPUDrive achieves a 25-40x training 
speedup, solving 10 scenarios in less than 15 minutes compared to approximately 10 hours in 
Nocturne. 
  



Building Digital Twins via GPU-Accelerated Human-Regularized Reinforcement Learning 
 

 11 

 

 

Figure 4: From hours to minutes. Left: Training performance (goal-reaching rate) as a 
function of the global step (AFPS). Center: Training performance as a function of wall-
clock time. Right: Comparison of the total time to solve the same 10 scenarios while 
replicating environmental and experimental conditions as closely as possible. Runs are 
averaged across three seeds. The green dotted line indicates optimal performance. 

 
As shown in Figure 3, GPUDrive allows us to solve scenes in minutes. Next, we investigate how 
the individual scene completion time, the time it takes to solve a single scenario, changes as we 
increase the total number of scenarios we train in. In practice, it may be desirable to train agents 
on thousands of scenarios. Therefore, we ask whether it is feasible to fully leverage the 
simulator's capabilities with a single GPU. 
 
Interestingly, we find that the amortized sample efficiency increases with the size dataset of 
scenes we train in. Figure 4 shows the average completion time per scenario as we increase the 
dataset. For instance, using IPPO with 32 scenarios takes 2 minutes per scenario. In contrast, 
solving 1024 unique scenarios takes about 200 minutes, which amounts to only 15 seconds per 
scenario. We expect that these scaling benefits will continue as we further increase the size of the 
training dataset. This suggests that GPUDrive should enable effective utilization of the large 
WOMD dataset comprising 100,000 diverse traffic scenarios, even with limited computational 
resources. 
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Figure 5: Scale reduces individual scene completion time.  Left: Total time required to solve 
a fixed number of scenarios to a goal-reaching rate of 95%. Note that time-to-completion is 
sub-linear concerning the number of scenes. Right: Each additional scenario costs less to 
solve than the previous scenario. At 1024 scenes, the per-scene cost of solving an additional 
scene is on the order of 15 seconds. 

Subsection 3.3: Combining imitation learning and RL 

Let 𝑜𝑜𝑡𝑡,𝑎𝑎𝑡𝑡 denote the observation and action at time step 𝑡𝑡 and 𝑟𝑟(𝑜𝑜, 𝑎𝑎) the instantaneous reward 
for the agent that executes action 𝑎𝑎 in state 𝑜𝑜. The history up to time 𝑇𝑇is defined as 𝑥𝑥𝑡𝑡 =
(𝑜𝑜1,𝑎𝑎1, … ,𝑎𝑎𝑇𝑇−1, 𝑜𝑜𝑇𝑇) (e.g. data collected from a rollout). The basic form of a KL-regularized 
expected reward objective is defined as: 

𝐸𝐸𝜋𝜋 = �𝛾𝛾𝑡𝑡𝑟𝑟(𝑜𝑜𝑡𝑡,𝑎𝑎𝑡𝑡)− 𝜆𝜆𝐷𝐷𝐾𝐾𝐾𝐾(𝜋𝜋(∗ |𝑜𝑜𝑡𝑡)||𝜋𝜋𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖(∗ |𝑜𝑜𝑡𝑡))
𝑡𝑡

 

where 𝜋𝜋 is the most recent stochastic policy, 𝜋𝜋𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 is a stochastic behavioral policy obtained 
from a dataset 𝐷𝐷 and 𝜆𝜆 denotes the regularization weight. The KL divergence is defined as the 
expectation of the logarithmic differences between the pre-trained (fixed) human-policy and RL 
policy action probability distributions.  
 
Expert demonstrations:  
We obtain a dataset of observation-action pairs 𝐷𝐷𝑘𝑘 = (𝑜𝑜𝑡𝑡𝑖𝑖 ,𝑎𝑎𝑡𝑡𝑖𝑖 , … , 𝑜𝑜𝑇𝑇𝑁𝑁,𝑎𝑎𝑇𝑇𝑁𝑁) for 𝑁𝑁 vehicles and 𝑇𝑇 =
80 time steps, for a set of 𝐾𝐾 traffic scenarios in the Waymo Open Motion Dataset (WOMD [60] 
The human driver (``expert'') actions (acceleration, steering) are inferred from the positions and 
velocity of the observed positions using a dynamic bicycle model [1]. As the scenarios are 
recorded by fusing sensors onboard an autonomous vehicle (AV), the inferred positions of the 
AV are of higher quality compared to those of surrounding non-AV vehicles, which tend to have 
more noise. Therefore, we only use the demonstrations from the AV vehicles.  
 
Imitation Learning:  
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We train a Behavioral Cloning (BC) policy on the shuffled dataset of observation-action pairs to 
an open-loop accuracy of 97-99%. The dataset, 𝐷𝐷𝑘𝑘 = (𝑜𝑜𝑡𝑡𝑖𝑖 ,𝑎𝑎𝑡𝑡𝑖𝑖 , … , 𝑜𝑜𝑇𝑇𝑁𝑁,𝑎𝑎𝑇𝑇𝑁𝑁) is obtained from 𝐾𝐾 =
200 scenarios with  𝑇𝑇 = 90 time steps, which is equal to just 30 minutes of driving data. We 
obtain the behavioral reference policy 𝜋𝜋𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖using the negative log-likelihood objective to 
the expert demonstrations and implement the algorithm using the imitation package [72]. Figure 
5 compares the performance of BC policies trained and evaluated on randomly assigned vehicles 
to only AV vehicles. We also show the performance obtained with the discretized expert actions 
(top-row), which is an upper bound on performance with this action space. Our BC policy 
trained on only the AV demonstrations performs better when used to control either the AVs or 
the random (non-AV) vehicles in the scenarios. Therefore, we select this policy as a regularizer 
in the multi-agent human-regularized PPO setting.  
 

 

Figure 6: Performance of different imitation setups. 

 

Figure 7: View of an agent. (Left) The whole scene. (Right) what is visible to the green agent 
at the bottom center of the image. 

Subsection 3.4: Evaluating the agents 

We use self-play to train HR-PPO agents in scenarios where we control all the vehicles in the 
scene, with a maximum of 43 controlled vehicles. We compare HR-PPO agents with four 
different baseline training methods:  

- Multi-agent PPO: Self-play while controlling all vehicles in the scene, without 
regularization. 

- Single-agent PPO: Sample a random agent at reset to control, step the rest of the agents 
in log-replay. 

- Single-agent HR-PPO: Add regularization but all but one random agent is in log-replay. 
- Behavioral Cloning: The behavioral reference policy. 
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Subsection 3.3.1: Evaluation metrics:  
We evaluate our driving agents based on two classes of metrics, as shown in Figure We refer to 
the first category as Effectiveness which measures how well driving agents can achieve their goal 
safely, without colliding or going off-road. The second category, Realism, assesses how closely 
the driving behavior of the agents matches that of human drivers in the dataset. We use a 
variation of the Average Displacement Error (ADE) to measure the deviation from the logged 
human trajectories. In contrast to the trajectory prediction setting, our agents are goal-
conditioned and thus they don't have to do inference over their own target goal positions. To 
distinguish this from the metric used in trajectory prediction, we refer to the metric as the Goal 
Conditioned ADE (GC-ADE). Additionally, we examine the absolute differences between the 
human expert actions and the policy-predicted steering wheel angle and acceleration at each time 
step.  

 

Figure 8 Overview of metrics used for evaluation. Left: Agents achieve their goal if they 
reach the target (color-coded circles) without collisions before the episode ends (80 steps). 
In this example, the goal rate is 1/3 (only the yellow car reaches its goal), the off-road rate is 
1/3 (the green car hits a road edge) and the collision rate is 0 (no vehicle crashes with 
another vehicle). Right: Realism metrics concern how agents navigate to their goal 
positions, that is, the extent to which the policy-generated trajectories (orange) resemble 
the logged human ones (green). 
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Findings and Conclusion  

Subsection 4.1 – Results of HR:PPO agents 

Subsection 4.1.1: Aggregate performance 
Figure 9 shows our aggregate performance. We compare the performance of HR-PPO agents to 
the baselines on the full train dataset, which consists of 200 traffic scenarios, and the test 
dataset, consisting of 10000 unseen traffic scenarios. Scenarios have between 1 and 58 vehicles, 
with an average of 12. We consider two evaluation modes: 

- Self-replay indicates the setting where we are using a trained policy to control all vehicles 
in the scenario. 

-  Log-replay indicates that we sample a single, random, vehicle in the scene to control, 
and the rest of the vehicles are stepped using the static human replay logs. To reduce 
randomness in the performance, we sample each scenario in the dataset 15 times, given 
that an average of 13 vehicles are included in each scenario. This is distinct from the 
definition of log-replay in other works [1] where only the AV vehicle (the vehicle used to 
collect data) is controlled. 

We highlight our main findings below. 
 
Agents trained in self-play exhibit the highest performance across all modes:  
In closed-loop self-play, the HR-PPO and PPO agents trained in multi-agent mode using self-
play achieve the highest performance overall: HR-PPO has a goal rate of 93.35%, an off-road 
rate of 3.51%, and a collision rate of 2.98%. PPO has a similar goal rate and off-road rate, with a 
slightly higher collision rate of 3.97%. The standard errors across scenarios are small, typically 
between 0.5 and 1%. Further, we observe that training in a multi-agent self-play setting is more 
effective than training in single-agent settings across all test conditions. We find that self-play 
HR-PPO and PPO agents both outperform their single-agent variants by 10-14%. Surprisingly, 
even in log-replay evaluation mode, where the self-play agents encounter previously unseen 
human driving agents, the HR-PPO self-play agents still achieve a 3% improvement over agents 
trained directly against the human driving logs. 
 
Agent-generalization gap decreases using HR-PPO:  
Agents trained in self-play typically overfit their training partner. To assess how well the agents 
can generalize to the unseen human drivers, we compare the change in performance when we 
switch from self-play to log-replay. Figure 9 shows that HR-PPO agents have the highest log-
replay performance overall and show an improvement of 11%  in goal rate and a 14% 
improvement in collision rate to PPO. Separately, we notice that the train-test gap which 
combines both agent generalization and scene generalization, is negligible for BC and small for 
both PPO and HR-PPO, especially given that we train on 200 and evaluate on 10,000 scenes. 
Overall the performance decreases by approximately 1-8%. 
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Figure 9: HR-PPO performance compared to baselines. We report the aggregate mean 
performance and standard errors across scenarios. Log-replay indicates that the agent is 
evaluated in a single-agent setting where all the other agents are replaying static human 
driving logs. Self-play indicates that all agents in the environment are controlled. 

Subsection 4.1.2: Human-likeness: 
We aim to construct useful driving agents that can navigate effectively and resemble human 
driving behavior. To test whether these two properties can be achieved simultaneously, we 
contrast several existing realism metrics against the effectiveness of agents ( Across all four 
human similarity metrics, we observe that significantly more human-like behavior can be 
achieved for a minimal or even no trade-off in performance. For instance, Figure 10 shows that 
HR-PPO with a regularization weight of 𝜆𝜆 = 0.06 has a Goal-Conditioned Average 
Displacement Error (GC-ADE) of 0.54, which is a 60% improvement to PPO (GC-ADE is 1.32), 
for a decrease in goal rate of 1%, and increase in off-road rate of less than 1%. We observe the 
same pattern when we compare the policy-predicted actions to the logged human driving logs, as 
shown in Figure 11, Figure 12, and Figure 13.These measures hold when evaluated in a single-
agent setting where we control only the AV vehicles (shown in Figure 14) as well as the setting 
where we control all vehicles in the scene. 
 
Natural correction for bad actions: 
Datasets of human driving may contain noise or undesirable actions. For instance, in our dataset, 
the off-road rate of replaying the expert actions is quite high (> 12%). However, we observe that 
HR-PPO agents, which are trained with these imperfect behavioral cloning actions, learn to 
ignore a large fraction of them and instead achieve an off-road rate between 2-4%. This finding 
suggests that it may not be necessary to have a near-perfect BC policy as the regularizer as RL 
can compensate for some of the weaknesses of the regularization policy. 
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\subsection{Coordinating with human drivers} 
\label{sec:coordinating_with_humans} 
 
We explore the ability of HR-PPO agents to coordinate with human drivers in interactive 
scenarios. Since we cannot directly interact with human drivers, we use the available driving logs 
as a proxy instead. We compare the collision rates between self-play mode, where all agents are 
controlled by a single policy, and log-replay mode, where a single random agent is controlled by 
our policy, and the rest of the agents are controlled by human driving logs. By swapping out only 
the agents in identical scenarios, we can isolate errors caused by the inability to anticipate other 
agents' actions. 
 
Figure 15 compares the effectiveness of BC, PPO, and HR-PPO agents in different evaluation 
modes. PPO performs well when interacting with agents of the same kind but struggles when 
facing unseen human driver replay agents. Overall, there's a significant increase in collision 
rates, exceeding 20%, when switching from self-play mode to log-replay mode. HR-PPO also 
experiences a rise in collision rates, but to a lesser extent, with an increase of 7%. In log replay, 
HR-PPO outperforms the base BC agent in terms of collision rates while also achieving a much 
higher goal rate.   
 
The effectiveness of HR-PPO agents in coordinating is more visible when we examine the 
collision rate as a function of the number of intersecting paths vehicles encounter. Notably, the 
collision rate for PPO consistently increases as trajectories become more interactive, with 
collisions occurring between 40-65% of vehicles when encountering one or more intersecting 
paths. In contrast, the collision rate for HR-PPO shows only a slight increase of approximately 5-
8% compared to its self-play collision rate, remaining relatively stable regardless of scene 
interactivity. It is worth noting that this improvement is not quite evident based on the 
aggregated performance metrics because more than 70% of all agent trajectories in the dataset do 
not intersect with other vehicles. Altogether, our results suggest that HR-PPO agents are more 
compatible with human driving behavior. 
 
What makes HR-PPO agents more compatible with the human logs? To find out, we conduct a 
qualitative analysis. After analyzing the driving behavior of PPO and HR-PPO agents in 50 
randomly sampled scenarios, we conclude that the lower collision rates can be attributed to two 
main factors. First, the HR-PPO agent's driving style aligns better with human logs, enabling a 
higher level of anticipation of other agents' actions. Secondly, HR-PPO agents maintain more 
distance from other vehicles, which reduces the risk of collisions. A subset of videos are 
available at our site. 

https://sites.google.com/view/driving-partners
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Figure 10: Goal-Conditioned Average Displacement Error (GC-ADE) to logged human 
driver positions against effectiveness metrics conditioned on knowing the goal. Policies are 
evaluated on the training dataset of 200 scenarios. 

 

Figure 11: Mean and standard error across the 200 scenarios in the training dataset, 
controlling all vehicles in every scenario (Self-play). The reported HR-PPO performance is 
with 𝝀𝝀 = 𝟎𝟎.𝟎𝟎𝟎𝟎 (green square in the Figures above). 

 

Figure 12: Mean performance and standard errors across the training dataset of 200 
scenarios, controlling only the AV vehicle in every scenario. This is distinct from the log-
replay setting where a random vehicle is set as controlled. The reported HR-PPO 
performance is with 𝝀𝝀 = 𝟎𝟎.𝟎𝟎𝟎𝟎. 
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Figure 13: Steering MAE against effectiveness metrics. 

 

Figure 14: Overall performance gap between evaluating in self-play vs. log-replay settings 
across the 200 training scenarios. 

 

Figure 15: Collision rate change as a function of the number of intersecting paths (a proxy 
for interactivity) 

 

Subsection 4.2 – Conclusion 

In this report we have discussed two new pieces of work: a GPU accelerated simulator that can 
run at over a million FPS and agents trained in that simulator using imitation regularization. We 
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have demonstrated that the combination shows promising trends in terms of improvements with 
further training. However, we have not yet achieved our long term goal of training human-level 
agents in this simulator. In future work, we will remove several training bottlenecks, allowing us 
to train at the scale of tens of billions of training steps, hopefully leading to sharply improved 
policies. 
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