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Abstract—We present TreeIRL, a novel planner for au-
tonomous driving that combines Monte Carlo tree search
(MCTS) and inverse reinforcement learning (IRL) to achieve
state-of-the-art performance in simulation and in real-world
driving. The key idea is to use MCTS to find a promising
set of safe candidate trajectories and a deep scoring function
trained with IRL to select the most human-like among them. We
evaluate TreeIRL against classical and state-of-the-art planners
on large-scale simulations and on 500+ miles of real-world au-
tonomous driving in the Las Vegas metropolitan area. Scenarios
include navigating heavy urban traffic, adaptive cruise control,
cut-ins, and traffic lights. TreeIRL achieves the best overall
performance, striking a balance between safety, progress, com-
fort, and human-likeness. To the best of our knowledge, our
work is the first public-road demonstration of MCTS-based
planning and underscores the importance of evaluating planners
across a diverse set of metrics and in real-world environments.
TreeIRL is highly extensible and could be further improved
with reinforcement learning and imitation learning, providing
a framework for exploring different combinations of classical
and learning-based approaches to solve the planning bottleneck
in autonomous driving.

I. INTRODUCTION

Human-level planning and decision making remain the
holy grail of autonomous driving, promising to make trans-
portation safer, cheaper, and more accessible to everyone.
Mirroring broader trends in artificial intelligence, classical
approaches to motion planning that explicitly codify the rules
of driving in symbolic form [1], [2] have given way to
approaches based on machine learning (ML) that learn the
rules of driving from data and represent them implicitly in
sub-symbolic form [3], [4]. While similar developments have
fueled remarkable success in other domains — such as image
processing [5], language processing [6], game play [7], and
even perception and prediction for self-driving cars [8]-[12] —
ML-based planners have struggled to live up to their promise,
raising questions about their utility [13].

Some classical approaches frame the planning problem as
tree search over an appropriate state space [2], [14]-[16].
These approaches can ensure safety with explicit checks
and can flexibly find solutions in a wide variety of on-
road situations [14]. However, they can occasionally produce
uncomfortable and unnatural behavior, something difficult to
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Fig. 1. TreelRL schematic and results summary.

remedy with data due to their non-differentiability and small
number of parameters.

ML-based approaches often frame the planning problem
as trajectory regression or classification and are trained on
many hours of human driving [17]-[21]. These approaches
scale with data, producing increasingly human-like behavior
as their many parameters are refined with training. However,
they can struggle to ensure safety, as safety-critical cases are
rarely encountered on the road and in the training data [22].
Similarly, they can struggle to generalize flexibly to scenarios
outside of the data distribution [3].

In this work, we propose TreeIRL, a hybrid approach
that combines classical tree search with a learned classifier
to yield a planner that is safe, comfortable, and human-
like (Fig. 1). The key insight is to repurpose Monte Carlo
tree search (MCTS) as a trajectory generator: instead of
computing a single next action (e.g., control command), as is
usually done, MCTS generates a set of possible future action
sequences (i.e., trajectories). These candidate trajectories are
fed into a scoring function trained on expert human driving
using inverse reinforcement learning (IRL).

21815



C
|

Perception

Scene context

Sensor input

c

PBP
|
i —_

@)

T

Planning }—» ?

Output
trajectory

Control

IRL scorer

Ty Tk

Targmax;(z;)

Zi —>
Trajectory

Trajectory : scores
Scene . Candidate Scene-
Scene context Scene Prediction enerator . . S ’ ; ) Output
embedding s g trajectories cene-trajectory trajectory ~ Scoring !
(A\r:;;ga:ioﬁz)rs, encoder decoder  Predictions encoder omboeddings \aver trajectory
Encoding/ prediction Trajectory generation Trajectory selection
MCTS DrivelRL DrivelRL-Safe TreelRL
MCTS generator, — Heuristic jerk- — Heuristic jerk- Safety G = MCTS generator,
G = k=1 ’ G = optimal generator, G = optimal generator, filter = k=100
k=143 k=143

Fig. 2. Planner architecture (skip connections omitted for clarity).

MCTS efficiently explores the trajectory space at decision
time to home in on trajectories that are generally appropriate
for the current situation, effectively selecting the behavior
mode (e.g., slow down, accelerate, stop). The IRL scorer
then takes advantage of the variability around that mode
to further refine behavior by selecting the most human-
like trajectory for execution (e.g., slow down gradually vs.
abruptly). Intuitively, this division of labor delegates safety
and progress to MCTS and comfort to IRL, although we
find empirically that the two complement each other to yield
a system that is greater than the sum of its parts.

We evaluate TreeIRL against classical and state-of-the-
art motion planners on challenging urban driving scenarios
in simulation and in the real world. We find that TreeIRL
strikes a balance between safety, comfort, and progress that
achieves the best overall performance. Our contributions are
as follows: 1) we show how MCTS can be repurposed as a
trajectory generator and combined with IRL reap the benefits
of both classical and ML-based motion planning, 2) we
provide the first real-world demonstration of motion planning
based on MCTS in dense urban traffic, 3) we demonstrate
the superiority of TreeIRL by comparing it against vanilla
MCTS and the state of the art in large-scale evaluations both
in simulation and in real-world urban driving, 4) we highlight
the need for considering a diverse set of metrics and for
performing on-road evaluations to address the simulation-to-
reality (sim-to-real) gap.

IT. TREEIRL

Planner architecture. We use a version of the DrivelRL
architecture (Fig. 2), which uses a modular deep neural
network that separates planning into three sub-modules:

o Encoding/prediction: a scene encoder B and decoder D
compute a scene embedding h and predictions p for the
other agents. For this module, we use PBP [23].

o Trajectory generation: a trajectory generator G com-
putes a set of k candidate trajectories {7y ...7}. For
DrivelRL, GG is a heuristic generator that computes
jerk-optimal trajectories that reach a handpicked set of
longitudinal target offsets. It is optionally followed by
safety filter that excludes trajectories likely to result in
collision, a version that we refer to as DriveIRL-Safe.

e Trajectory selection: an IRL scorer, consisting of a
scene-trajectory transformer E and a score transformer
S, computes a score z; for each trajectory 7;, which
quantifies how human-like it is.

We pre-train PBP (B and D) for multi-agent motion
prediction, as described previously [23]. We then keep those
weights frozen and train the IRL scorer (E and S; G is
not differentiable) on 1,360 hours of human expert driving
using maximum-entropy IRL [21], [24], [25], formulated as a
classification problem and optimized using a focal loss [26].
During inference, the trajectory with highest score is selected
on each iteration.

The key innovation behind TreeIRL is to replace G with
a trajectory generator based on MCTS, which focuses trajec-
tory selection on the narrow part of the trajectory space that
is behaviorally appropriate for the current scenario (Fig. 3).
For the rest of this section, we describe the technical details
of the MCTS trajectory generator.

A. MDP components

We focus on lane following and adaptive cruise control
(ACC). The state and action spaces are restricted to 1-D
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longitudinal control along a predefined reference path, in our
case corresponding to the lane centerline. As we show in the
results section, even this simple setup can pose challenges
for state-of-the-art approaches.

State space. Each state includes the longitudinal offset z,
velocity x, and acceleration # of the ego vehicle and the
lead agent (if there is one), as well as the time offset ¢ in
the planning horizon (useful for determining termination and
indexing into predictions). It also includes static informa-
tion, such as the maximum longitudinal offset zn.x (e.g.,
the goal, or a red traffic light) and the speed limit Zpax:
s = (xegoa :.Eegoa ftegoa Llead i’leada ileada t; Tmax i’max)- We set
t = 0 for the initial state sg.

Action space. The action corresponds to the longitudinal
jerk command, discretized into 5 possibilities: a = T'¢go €
{—2,-1,0,1,2} m/s>.

Transition function. The ego and lead agent portions of
the next state s’ ~ T(- | s,a) are computed separately.
For the ego, we use a simple kinematic model that forward
integrates the jerk command to produce the next ego state
with a time step of At = 0.5 s. For the other agents, we
use a non-reactive world model based on the (top mode)
predictions p from PBP. In particular, the lead agent at time
t’ is defined as the closest agent projected onto the reference
path in front of the ego predicted to be within 2 m of the
reference path at time ¢'. If there is no such agent, the lead
portion of the state is left empty. While this results in a
simplified non-reactive simulation, it significantly reduces
latency compared to a reactive simulation. All transitions are
deterministic, so for convenience we can write s’ < T'(s, a).

Reward function. The reward is weighted sum of comfort,
tracking, safety, and clearance terms, together with a buffer
reward when the ego vehicle stops at a desired distance:

R(s,a,s") = —acost(s’), where

cost(s)

= Wierk 250 (1)
+ Waceel Eaxe @)
+ Wpeed [Fmax — Fegol €)
— 2 Wypeed I |Emax — Fego| < 0.5 m/s] @)
+ Weoltision L[Tego > Tiead] (Flead — Tego)? 5)
+ Weottision I [Tego > Tmax ﬂbggo (6)
+ Welearance 1[0 < Ziead — Tego < 8] (Tlead — Tego — 6)2 (7)
+ Welearance 1[0 < Tmax — Tego < 8] (Tmax — Tego)® ®)

+ Wstop H[-Z"ego ~0A (6 < Tiead — Tego < 3m)] (j?max - 2j7<3g0) )
+ wslopﬂ[j?ege ~0A (0 < Tmax — Tego < Qm)] (x.max - 25.5eg0)7 (10)

where o = 1/30 is a scaling factor and ¢ is the clearance
buffer, which we set to § = 1 m during training and § = 2
m during evaluation. Eq. 1 and 2 encourage comfort. Eq. 3
and 4 encourage (roughly) following the speed limit. Eq. 5
and 6 penalize collisions. Eq. 7 and 8 encourage maintaining
a certain clearance. Finally, Eq. 9 and 10 encourage the ego
not to stop too far behind. If there is no lead agent, the
terms involving the lead are set to 0. We use the following
reward weights: Wik = 0.05, Waccel = 0.2, Wepeed =

0.1, weoliision = 10.0, wWelearance = 10.0, Wstop = 0.1. The
discount factor is v = 0.99.

Termination function. The episode terminates when the
planning horizon H is reached. We use H = 8 s, which at
At = 0.5 s corresponds to maximum tree depth of 16.

B. MCTS components

We use a variant of MCTS based on the AlphaGo algo-
rithm [27], [28] that can incorporate ML to guide the tree
search towards more promising actions and thus drastically
reduce the sample complexity. In particular, a neural network
fo parametrized by 6 can take a state s and action a and
output a policy mp and an approximate value estimate Vo:

(mola | 5),Va(s)) = fols,a).

Here, the parameters 6 are learned using RL and/or IL. In
our case, we use fy in the MCTS trajectory generator in three
ways: 1) as a prior P in the tree policy to guide selection, 2)
as a rollout policy Tonone and/or value function approximator
V for leaf evaluation, and 3) as a padding policy Tpadding tO
generate trajectories from the top k leaves in the end.

Selection. For the tree policy, we use the PUCTS for-
mula [27], which is an extension of the standard upper-
confidence bound (UCB) algorithm [29] that uses the tree
statistics () and N to balance exploration — selecting unfa-
miliar actions with low N (s, a) — and exploitation — selecting
rewarding actions with high Q(s, a):

UCB(s,a) = L2 4 g P(s,a) /2 4+ o)
where cpyee = 1 is the UCB scaling factor, with higher values
promoting more exploration, ().« = 1 is a normalization
factor for the action-value estimates, and ¢ ~ U(0,0.001)
is a small amount of noise added for breaking ties. When
traversing the tree, actions are selected according to a =
argmax, UCB(s,a).

In PUCTS, the prior policy P guides the search by putting
greater weight on actions that are a priori promising — that
is, before simulating their outcomes. In our experiments,
we consider two possibilities for the prior policy P: 1) the
learned RL policy 7y, i.e. P(s,a) = mp(a | s), or 2) a
uniform policy Uy, i.e. P(s,a) = 1/|Al.

Evaluation. There are broadly two ways to estimate the
value of a newly visited state s. One option is to use
a bootstrap estimate, i.e. the value learned using Bellman
updates during training. In our case, this corresponds to
the approximate value estimate from the neural network
fo: EVALUATE(s) = Vp(s). Another option is to use a
Monte Carlo estimate, i.e. the return from a simulated
rollout when following policy monou: EVALUATE(s) =
> i20 Y R(sj,a5,8541) I[F(s;) = 0],
where aj ~ Wrollout(' | Sj), Sj=0 = S.

We consider three alternatives for mou: 1) the learned
RL policy, i.e. Trolout = g, 2) an IDM policy, i.e. Trolou =
mipm, Which deterministically chooses the acceleration that
an IDM would chose, and 3) a constant speed (CS) policy,
i.e. Trollout = Tcs, Which always chooses acceleration 0 m/s2.

Notice that mpy and 7cs have a different action space
(acceleration, Zeg, rather than jerk, i'eg,). Since they are only
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used for rollouts, we simply combine them with correspond-
ing transition functions that integrate acceleration instead of
jerk; the state space remains unchanged.

Our full MCTS algorithm is shown in Algorithm 1. Note
that tree expansion is implicit, as a new node is added for s
as soon as N(s,a) > 0.

Padding. In order to generate trajectories from the re-
sulting tree, we perform depth-first search (DFS) from the
root state so by visiting child nodes in decreasing order of
N(s,a) — i.e., most popular children first. Let {l1,l5...I5 }
correspond to the first k leaves visited by the DFS (the
“top k” leaves). We then perform a rollout from each I; by
following a padding policy Tpadding Until we reach a terminal
state. The resulting sequence of state-action pairs from the
root stat sg to a terminal state corresponds to trajectory 7;.

We experiment with three possibilities for the padding
policy mpaqding tO generate trajectories from the top k leaves of
the resulting tree: 1) the learned RL policy, i.e. Tpadding = 7o,
2) the IDM policy, i.e. Tpadding = TpM, and 3) the constant
speed policy, i.e. Tpadding = 7Cs-

C. State initialization

The MCTS generator constructs the initial state sg att =0
for the tree search from the following components of the
scene context ¢ and predictions p:

« kinematic ego state: ego center, orientation, velocity,
acceleration, and size (length, width) at the present time
in Cartesian baselink 2D frame (origin is the rear axle
center, x-direction is forward, y-direction is left),

o kinematic agent states: same information for the other
agents from the perception module,

« agent predictions: predicted trajectories (top mode only)
for the other agents from the prediction module as 8-s
waypoint sequences at 2 Hz,

o reference path: the reference path (in our case, the lane
centerline) from the map and routing modules as a
sequence of Cartesian 2D segments.

The longitudinal components of the ego state projected
onto the reference path are used to construct the ego portion
of 80 (Tegos Tegos Tego)- The longitudinal components of the
lead agent portion of So (ZTiead, Tlead, L1lead) are determined
in the same way as for ¢ > 0 (see Transition section),
except using the agent states instead of the predictions. The
maximum longitudinal offset x,x is either the goal pose or
the closest red or yellow traffic light at which the ego can
safely stop (whichever is closest). The speed limit &,,x comes
from the map.

D. Trajectory post-processing

The 1-D longitudinal trajectories resulting from the MCTS
generator are converted to sequences of Cartesian 2D way-
points by taking the corresponding points along the reference
path. These 2-D trajectories are then passed to the IRL scorer.
Finally, the top trajectory chosen by the IRL scorer is passed
to the downstream post-processing system for smoothing and
to ensure kinematic feasibility.

Heuristic trajectories (DriveIRL) MCTS trajectories (TreeIRL)

Speed (m/s)

Time (s) Time (s)

Fig. 3. Example open-loop trajectories for the same scenario.

E. RL network and training

The RL network fy is a multilayer perceptron with two
hidden layers of 256 units each for both the policy and the
value function. The network is trained for a total of 40 million
steps using Proximal Policy Optimization (PPO) [30] within
Stable-baselines3 [31] using a custom vehicle-following en-
vironment. The MDP of the RL agent is the same as the
MDP used in MCTS.

Algorithm 1 Monte Carlo tree search (MCTS) algorithm

1: function SEARCH(s)
2: if F'(s) then

> Termination check

3: return 0
4: end if
5: a + argmax, UCB(s,a) > Selection
6: s« T(s,a) > Transition
7: if N(s,a) =0 then > Evaluation
if F(s') =1
8: V<
EVALUATE(s") otherwise
9: else
10: v < SEARCH(s') > Recursive search
11: end if
12: r < R(s,a,s) > Reward
13: q—r+yv > Backup
14: N(s,a) < N(s,a)+1 0(s.4)
q—Q(s,a
15: Q(s,a) + Q(s,a) + “N(s,a)
16: return ¢
17: end function
TABLE I

MCTS LATENCY MEASUREMENTS

n k P ‘A//ﬂ'mllout T'padding Latency (ms)
400 100 7 T 911.79 + 15.26
400 100 Ve T 255.95 + 4.97
400 100 Kyl TIDM TIDM 4567 :t 1.14
400 100 7 TCs TIDM 52.32 £+ 2.69
400 100 Uy P s 691.72 + 8.73
400 100 Ux T TIDM 569.49 £ 8.49
400 100  Ux Vo L) 181.38 + 2.73
400 100  Ux Vo TIDM 48.66 £ 0.65
400 100  Ux TIDM g 151.42 + 4.03
400 100 Unx TIDM TIDM 10.05 £ 2.79
400 100 UL TIDM TCS 6.00 + 0.14
400 100 Un» TCsS TIDM 4.88 £ 0.10
400 100 Uy Tes mes 493 + 0.14

0 1 n/a n/a g 221 £ 0.05

0 1 n/a n/a TIDM 0.03 £+ 0.001
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Fig. 4. Comparing MCTS configurations.

III. NUPLAN EXPERIMENTS

We first compare different configurations of MCTS
(Fig. 4). Given the latency costs (Tab. I) of the learned policy
my and its overly conservative bias, we use the following pa-
rameters for the MCTS generator in subsequent experiments:
n = 400,k = 100, P = U4, Trollout = TIDM, Tpadding = TIDM-

We then evaluate TreeIRL in nuPlan [4] against classical
and state-of-the-art planners on scenarios based on real-world
driving logs using the nuPlan simulator [4]. Our focus is on
lane following and adaptive cruise control (ACC). As we
show, even this restricted domain poses challenges to state-
of-the-art approaches. We consider the following baselines:

o The intelligent driver model (IDM) [32]: a classical
planner that computes the acceleration for collision-free
ACC in closed form,

o« MCTS, corresponding to TreeIRL with £ = 1 trajectory,
i.e. treating the IRL scorer as pass-through,

« Path-based prediction (PBP) [23]: an open-loop motion
forecasting model trained using imitation learning,

o DrivelRL [21]: precursor to TreeIRL using the same
planner architecture, except with a heuristic trajectory
generator that generates jerk-optimal trajectories reach-
ing a set of predefined target points,

o Gigaflow [33]: a RL-based motion planner trained in
closed loop using self-play, with the same policy con-
trolling the ego and all other agents,

e DrivelRL-Safe [21]: identical to DrivelRL, with the
addition of a safety filter to exclude any apparently
unsafe trajectories.

Most planners exhibit comparable and acceptable safety
and progress (Tab. II), with the exception of IDM, PBP
(collisions), and Gigaflow (drivable area violations). Comfort
is comparable across planners, except for Gigaflow. IDM
comfort is also on the lower side, especially longitudinal
jerk and acceleration. Similarity to the human expert driver
is comparable across planners, except for Gigaflow and IDM.
Based on these results, we exclude IDM, PBP, and Gigaflow
from subsequent experiments and analyses, focusing only on
MCTS, DrivelRL, DrivelRL-Safe, and TreeIRL.

IV. REAL-WORLD DRIVING

The ultimate test for a planner is how it performs in the
real world. To that end, we deploy the four most promising
planners on Hyundai IONIQ 5 self-driving cars and evaluate
them on public roads in Las Vegas [16] (Tab. III). As in previ-
ous work [16], prior to on-road deployment, performance of
the entire AV stack is thoroughly evaluated using the Object
Sim simulator from Applied Intuition [34], which performs
realistic high-fidelity physics simulation of vehicle dynamics.

Simulations largely recapitulate the nuPlan results, with
DriveIRL showing better comfort and TreeIRL showing
better safety. TreeIRL generally shows improved com-
fort over MCTS while having relatively comparable safety
and progress, highlighting the benefit of the IRL scorer.
DriveIRL-Safe has comparable safety to TreeIRL (except
for traffic light and stop line violations), but worse comfort
overall. Analyses of individual simulations (Fig. 5) show that
DrivelRL fails to stop on time to prevent collisions, while
DrivelRL-Safe stops too soon and too abruptly.

The on-road results, however, overwhelmingly favor
TreeIRL across all metrics. Safety is ~2 orders of magnitude
better than DrivelRL and 2-4x better than DrivelRL-Safe
and MCTS, with zero takeovers by the safety driver due to
ACC or cut-in failures across all 268 auto-miles. Progress is
comparable to MCTS and substantially better than DriveIRL
and DrivelRL-Safe. Analysis of individual on-road cut-ins
(Fig. 6) reveal similar kinematic profiles to the simulations:
MCTS deceleration is somewhat jerky, DriveIRL slows down
insufficiently to prevent takeovers, DriveIRL-Safe brakes too
aggressively, and TreeIRL slows down with the smoothest de-
celeration profile. Interestingly, in contrast to the simulations,
both subjective and objective comfort is better for TreeIRL
compared to DrivelRL.

V. CONCLUSION

The substantial advantage of TreeIRL on the road com-
pared to simulation is partly due to the subjective nature
of the discretionary metrics. Specifically, the safety driver
may take over if AV behavior is perceived to be unsafe,
even if it would not have resulted in a collision. Indeed,
resimulations confirm that this is the case for a substantial
number of takeovers. However, as a measure of perceived
safety, takeovers better reflect the subjective experience of
the passenger, which in some sense is the ultimate yardstick
for measuring AV performance. The sudden braking during
takeovers additionally impacts comfort, which is likely the
main factor behind the worse comfort of DriveIRL on the
road compared to the simulations. Overall, the striking sim-
to-real gap [35], [36] in our work highlights the importance
of real-world evaluations across a broad set of metrics.

An alternative way to combine MCTS with IRL would be
to learn the reward function R (Eq. 1-10) from data. This
could obviate the need for the learned trajectory scorer S,
as the reward function itself would already capture human-
likeness. However, a deep learned reward in the MCTS loop
may significantly increase demands on inference compute.
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TABLE 11
NUPLAN EVALUATION (7,051 SCENARIOS)

Category Metric IDM MCTS PBP DriveIRL Gigaflow DriveIRL-Safe  TreeIRL
Collisions | 0.02 0.01 0.05 0.01 0.01 0.01 0.01
Drivable area violations | 0.01 0.01 0.03 0.01 0.11 0.01 0.01
Safety Traffic light violations | 0.02 0.02 0.05 0.02 0.04 0.02 0.02
Speed limit violations | 0.09 0.28 0.18 0.12 0.29 0.12 0.20
Time gap (s) T 3.73 3.68 3.63 3.85 3.42 3.97 3.90
Progress Progress along expert route 1 0.90 0.96 0.92 0.90 0.89 0.89 0.92
Comfort 1 ) 0.92 0.98 0.97 0.99 0.38 0.93 0.98
Min longitudinal jerk (m/s3) 1 -1.08 -0.87 -0.66 -0.44 -2.59 -0.61 -0.77
Comfort Max longitudinal jerk (m/s3) | 1.06 1.16 0.88 0.55 2.58 0.71 0.84
Min longitudinal accel (m/s2) T -0.99 -0.67 -0.52 -0.43 -1.65 -0.47 -0.59
Max longitudinal accel (m/s?) | 041 0.75 0.67 0.38 1.74 0.55 0.57
L2 error (m) | 4.53 3.82 3.86 3.53 8.44 3.56 3.75
BT Deceleration delay error (s) |{/| 0.32 0.31 0.42 0.14 0.78 0.15 0.43
Human-likeness " cleration delay error (s) 1|~ 006  -023  -0.56  0.09 -0.41 023 -0.11
Max speed error | 0.91 0.27 0.45 1.25 0.43 1.17 0.45
TABLE III
HIGH-FIDELITY SIMULATION AND ON-ROAD EVALUATION
Category  Metric MCTS  DrivelRL  DrivelRL-Safe  TreeIRL
High-fidelity 30-s simulations
Total simulations 717 717 717 717
Front collisions | 0.04 0.05 0.03 0.03
Traffic light violations |, 0.01 0.04 0.04 0.01
Safet Stop line violations | 0.01 0.06 0.04 0.01
Y Speed limit violation time (s) | 3.81 4.39 2.07 5.01
ACC distance violations (< 1.5 m) | 0.17 0.20 0.24 0.19
Min time gap (s) T 1.56 1.29 1.31 1.45
P . Average speed (m/s) T 8.88 8.41 8.31 8.88
TOBIESS  Rear collisions | 0.17 0.16 0.28 0.19
Brake taps | 0.27 0.18 0.32 0.22
Comfort  Longitudinal jerk violations | 0.23 0.12 0.23 0.17
Longitudinal accel violations | 0.49 0.23 0.31 0.56
Public road evaluation
Total auto-miles 115.8 64.3 87.9 268.4
Discretionary metrics
Safety takeovers (mi/event) 1 7.68 1.43 6.76 17.89
Safet ACC failures (mi/event) 1 57.9 2.57 87.9 >268.4
y Traffic light failures (mi/event) 1 19.3 8.04 12.56 67.10
Cut-in failures (mi/event) 1 >115.8 5.36 43.95 >268.4
Progress Slow driving (mi/event) 1 >115.8 5.85 2.84 134.2
Discomfort (mi/event) T 1.40 1.74 1.05 2.42
Comfort Jerky driving (mi/event) 1 2.83 6.43 2.20 13.42
Harsh discomfort braking (mi/event) 1 6.09 4.95 3.66 8.95
Mild discomfort braking (mi/event) 1 2.83 3.22 3.26 12.78
Objective metrics
Harsh discomfort braking (mi/event) 1 8.91 4.29 4.88 9.59
Comfort Mild discomfort braking (mi/event) 1 7.24 64.3 17.58 15.79
Brake taps (mi/event) 1 1.08 0.43 1.03 1.11

Yet another way to rid of S would be to train fy with a

hybrid of RL and IL [37].

Our work can be further extended in multiple ways.
Prediction uncertainty could be accounted for by considering
multiple prediction modes and averaging rewards over them.

Alternatively, predictions could be replaced by a reactive
world model, such as TrafficSim [38] or Gigaflow [33].

Gigaflow could also be used to replace the RL network fy,
allowing the expansion of the state/action space to include
lateral control, which would likely require prohibitively many
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iterations if a simple policy such as the IDM is used.
Overall, TreeIRL can be seen as a framework for tackling the
planning bottleneck in autonomous driving by combining the
strengths of tree search, RL, IL, and IRL in a single planner
architecture that facilitates robust comparisons in simulation
and in the real world.
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