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Abstract. Human demonstrations are widely considered the corner-
stone of end-to-end (E2E) autonomous driving despite human demon-
stration’s scarcity for long-tail and safety-critical scenarios. Nonetheless,
current E2E autonomous driving (AD) training paradigms continue to
rely on human demonstrations. Imitation learning (IL) requires human
demonstrations for training, whereas reinforcement learning (RL) has
emerged as a promising alternative to reduce this dependency. How-
ever, most existing RL methods for E2E AD still rely implicitly on hu-
man demonstrations. A pure rewards-based RL method can overcome
the need for human demonstrations, but general RL policy gradient
methods suffer from the cold-start problem. In this paper, we propose
ZTRS (Zero-human demonstration end-to-end autonomous driving with
TRajectory Scorer) — a complete RL-based E2E planning paradigm
trained solely on real-world images and rule-based rewards, entirely with-
out human demonstration. Through our proposed Exhaustive Policy
Optimization (EPO), a policy gradient variant tailored for enumer-
able trajectory actions and dense supervision, ZTRS enables the model
to generalize better to long-tail driving scenarios. We demonstrate this
generalization through our SOTA performance against IL approaches on
both long-tail Navhard and closed-loop HUGSIM datasets. Project page:
https://zhenxinli.net/ZTRS/.

Keywords: End-to-end Autonomous Driving · Zero-Human Demon-
stration · Exhaustive Policy Optimization

1 Introduction

Recently, end-to-end (E2E) planners [7, 8, 20, 25, 35], which take in multi-sensor
data and output trajectories directly, are the standard approach to autonomous
driving (AD). Specifically, two predominant training paradigms have emerged:
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Fig. 1: Paradigms for Training E2E Neural Planners. While current IL and
RL rely on human-biased supervision, ZTRS is the first paradigm using zero-human
demonstrations for training E2E neural planners. We leverage a dense trajectory vo-
cabulary and Exhaustive Policy Optimization (EPO) to provide dense reward-based
supervision across all potential trajectories. EPO effectively resolves the exploration
constraints of IL-pretrained models and the cold-start problem of traditional RL, en-
abling ZTRS to generalize to rare, long-tail scenarios that are scarce in human datasets.

Imitation Learning (IL) and Reinforcement Learning (RL). However, both E2E
AD paradigms depend on human demonstrations, which are notably scarce in
AD and especially so for safety-critical, long-tail scenarios. On one hand, IL
relies exclusively on human demonstrations, leading to a number of additional
critical issues: covariate shift [4] and causal confusion [59]. On the other hand, RL
methods attempt to mitigate IL’s issues by training with reward signals–whether
by finetuning a pre-trained IL model [16, 30, 34, 42, 68, 69] or incorporating
demonstrations into the reward signal, such as measuring L2 distances between
planned and expert trajectories [16, 30, 42]. As a result, bias towards human
demonstrations persists and restricts the model’s ability to explore beyond the
support of expert demonstrations. Ultimately, we encounter the main AD critical
challenge in both IL and RL: inability to address safety-critical, long-tail cases
where we do not have access to human demonstrations. Thus, in this work, we
focus on rewards-based RL to overcome the reliance on human demonstrations.

Generally in RL, current policy gradient methods can be used off-the-self
to train a pure rewards-based E2E RL planner without human demonstrations.
However, employing common policy gradient methods–such as PPO [21, 48],
REINFORCE [54], or GRPO [30, 50]–to generate continuous actions often leads
to the common RL cold-start problem: without structured guidance, a random
agent struggles to find high-reward trajectories in a large, continuous space [40].
Motivated by overreliance on human demonstration and cold-start limitation, we
propose a fully from scratch RL-based Zero-human demonstration end-to-end
autonomous driving with TRajectory Scorer (ZTRS) to achieve: (1) a broad
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exploration landscape to cover long-tail scenarios and (2) robust and stable op-
timization.

As shown in Fig. 1, ZTRS is a neural planner that selects actions from a
trajectory vocabulary. The comprehensive nature of this vocabulary that covers
nearly all driving actions has proven to improve trajectory generalization [7, 35,
44, 45]. Instead of relying on stochastic exploration, the vocabulary is constructed
using cluster anchors from offline datasets [45]. Crucially, we note that we are
not training with an explicit human demonstration for each sample, and the
reconstructed vocabulary is a constant model input. Leveraging this vocabulary,
we propose Exhaustive Policy Optimization (EPO) that trains the planner from
scratch by performing an exhaustive evaluation across the entire vocabulary. This
dense supervision approach ensures a higher probability of capturing sparse but
high-reward trajectory patterns in large spaces, effectively resolving the cold-
start problem. To keep the exhaustive evaluation tractable, we use rule-based
metrics [3, 12, 31] as reward signals, which are both efficient and well-suited to
E2E AD setting. Furthermore, we show that our dense supervision framework
facilitates stable reward-driven learning. We also provide a theoretical analysis
on EPO’s viability to optimize a dense, full action space.

Critically, EPO demonstrates the following benefit: its ability to generalize
to long-tail cases. Since EPO enumerates through nearly all driving actions, it
allows ZTRS to learn trajectories often unavailable as expert demonstrations–
rare trajectories critical for navigating challenging long-tail cases. This enables
ZTRS to better generalize to long-tail test cases and achieve state-of-the-art
(SOTA) performance on open-loop safety-critical Navhard. Importantly, ZTRS
also achieves SOTA in closed-loop HUGSIM, demonstrating that ZTRS is not
merely “hacking” open-loop rewards. Finally, while gaining long-tail generaliz-
ability, ZTRS also demonstrates that it can maintain SOTA performance on
nominal driving. Our main contributions are as follows:

1. We introduce ZTRS, a fully RL-based neural planner for E2E AD that
operates without depending on explicit human demonstration. This work
demonstrates the feasibility to plan purely from rule-based rewards.

2. We propose Exhaustive Policy Optimization (EPO), an offline rein-
forcement learning method tailored for enumerable trajectory actions, offer-
ing dense supervision and stable convergence.

3. We demonstrate ZTRS’s safety-critical, long-tail generalization by achieving
SOTA on open-loop Navhard and closed-loop HUGSIM. We further illus-
trate how EPO resolves cold-start problem as compared to other RL policy
methods. Lastly, we show that we are nonetheless able to maintain SOTA
performance on par with IL methods for generic open-loop planning, Navtest.

2 Related Work

2.1 Imitation Learning for E2E-AD

Given an offline expert dataset, Imitation Learning (IL) trains a policy to mimic
expert behavior. In the end-to-end autonomous driving literature [6], early IL-
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based approaches [9] are trained and tested in the closed-loop driving simulator
CARLA [15]. Subsequent works improve the closed-loop driving performance
with modern neural architectures (e.g. Transformers [56]) [8], intermediate repre-
sentations [19, 24, 46, 49], and policy distillation [5, 23, 60, 66]. The introduction
of UniAD [20] highlighted the strength of IL on real-world sensor data, whose
complexity and diversity greatly exceed synthetic data produced by simulators.
Building on this foundation, numerous efforts further focus on efficiency [25, 38],
multi-modal behaviors [7, 38], vision-language understanding [34, 57], and safety
constraints [35].

2.2 Reinforcement Learning for AD

Unlike Imitation Learning, Reinforcement Learning (RL) [53] trains agents to
maximize rewards by interacting with the environment, and autonomous driv-
ing RL methods generally fall into two categories: symbolic-input methods and
sensor-based methods, both relying on simulators. Symbolic-input methods [1,
10, 22, 32, 55, 66] use low-dimensional abstractions (e.g. 3D bounding boxes,
maps, traffic signals) and have shown strong results on CARLA [15], nuPlan [18],
and Waymax [17]. GigaFlow [10] and CaRL [22] both demonstrated that large-
scale RL could train robust policies from scratch. On the other hand, sensor-
based approaches operate on raw inputs like images. Early attempts [26] explored
real-world training, but faced safety and efficiency challenges, while subsequent
works [13, 41, 63] relied on simulated sensor data in CARLA. Despite success
in simulators, such approaches could face sim-to-real gaps. Recently, RAD [16]
fine-tuned a policy in a 3DGS simulator with high-dimensional real-world im-
ages, but still depended on human demonstrations for pre-training and reward
computation. Similarly, several other approaches avoid the cold-start problem by
fine-tuning an IL-pretrained diffusion policy [30, 34]. In contrast, our approach
learns trajectory planning with reward signals from scratch, while operating on
high-dimensional real-world sensor data.

2.3 End-to-end Trajectory Scorers

End-to-end Trajectory Scorers introduce a predefined vocabulary containing
multiple trajectories, and scores each trajectory to select the most appropriate
candidate as the output. Early works [7, 44, 45] score the trajectory candidates
through classification based on their distance towards the ground-truth human
trajectory. Beyond relying on a single human demonstration, the Hydra-MDP
series [31, 35] proposed multi-target hydra-distillation to score trajectories with
multiple rule-based metrics, leading to more robust planning capability. Safe-
Fusion [58] synthesizes collision-related scenarios for training a robust planning
model and eases the reliance on imitation learning. Other works further introduce
multiple approaches to reach more precise and comprehensive trajectory scor-
ing, such as test-time training [51], iterative refinement [64], and diffusion-based
trajectory generation [36, 37]. Despite these advancements, these scorers still
rely heavily on the imitation of human trajectories. In contrast, our approach
fully discards expert demonstrations and achieves strong end-to-end planning
performance via Reinforcement Learning.
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Fig. 2: The Overall Framework of ZTRS. Given offline sensor images and a fixed
set of trajectories, ZTRS first tokenizes these two modalities. In a Transformer De-
coder, the trajectory tokens attend to image tokens to acquire the context. Finally,
scoring heads and a policy head map the trajectory tokens to metric scores and action
likelihoods. All components are trained in an end-to-end manner.

3 Methodology

In this section, we elaborate on the framework and the Exhaustive Policy Opti-
mization technique used in ZTRS.

3.1 Preliminary: Trajectory Scorers

As shown in Fig. 2, ZTRS is a trajectory scorer [31, 35–37, 51, 58, 64], whose
functionality is to score a discrete vocabulary of trajectories A = {ai}ni=1 in-
stead of regressing to a continuous trajectory. A dense, pre-collected vocabulary
encompasses numerous trajectory candidates with natural driving patterns. In
this formulation, the goal becomes selecting the most likely trajectory.

ZTRS consists of five modules: an image backbone, a trajectory tokenizer, a
Transformer Decoder, a policy head, and several scoring heads. The policy head
produces likelihoods for taking each action in A, while the scoring heads predict
the scores of rule-based driving metrics. For the choice of the metrics, we follow
the practice of prior trajectory scorers (e.g. Hydra-MDP [35] and GTRS [37]) to
use the Extended Predictive Driver Model Score (EPDMS, E) [3, 12, 31]. EPDMS
comprehensively evaluates multiple aspects of driving (e.g., safety, progress, and
rule compliance) and can be efficiently computed for the trajectories in A. Given
a state s sampled from an offline dataset D, where s contains sensor data and
ego-vehicle status, the forward process involves three steps:

– The image backbone extracts L image tokens {xi
img}Li=1 from a frontal-

view image, while the trajectory tokenizer encodes trajectory candidates
into queries {xi

traj}ni=1.
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– In the Transformer Decoder, the trajectory queries attend to image tokens.
– The policy head maps the attended trajectory queries {xi

traj}ni=1 to likeli-
hoods π(·|s), and m scoring heads map them to m rule-based scores {Si(·|s)}mi=1.

During training, the scoring heads are trained with binary classification losses
against E(s, ·), while the policy head is trained with Exhaustive Policy Op-
timization (See Sec. 3.3). At inference, the final trajectory a ∈ A is chosen
using a weighted average of the likelihoods π(·|s) and predicted metric scores
{Si(·|s)}mi=1, following Hydra-MDP [31, 35].

3.2 Revisiting the Policy Gradient Theorem

To optimize a trajectory scorer with only rewards, we start with a simplified
one-step policy optimization problem where the action space is a finite discrete
set A, and π is a policy parameterized by θ. In the online RL setting [53], the
action a is sampled with π(a|s), where s is the current state. In our offline RL
setting [29], the state s is sampled from an offline dataset D. Following the
notation of GAE [47], the policy gradient g is defined as

g := E [Ψ(s, a)∇θ log πθ(a | s)] , (1)

where the advantage function Ψ(s, a) can represent many quantities, such as
the cumulative return or the state-action value function. The gradient can be
equivalently written as

g = E [Ψ(s, a)∇θ log πθ(a | s)] (2)

=
∑
a′∈A

Ψ(s, a′)πθ(a
′ | s)∇θ log πθ(a

′ | s) (3)

=
∑
a′∈A

Ψ(s, a′)πθ(a
′ | s) ∇θπθ(a

′ | s)
πθ(a′ | s)

(4)

=
∑
a′∈A

Ψ(s, a′)∇θπθ(a
′ | s). (5)

This formulation matches the classical Policy Gradient Theorem [54]. Notably,
the summation over all actions in A suggests that if the advantage function Ψ
can be computed for each action at state s, policy optimization can be carried
out directly on action likelihoods rather than log-likelihoods, as shown in Eq. 5.

3.3 Exhaustive Policy Optimization

When the action space A is a set of trajectories covering almost all driving
possibilities, policy optimization can be formulated as maximizing the objective
for an offline dataset D:

Es∼D, a∼A [Ψ(s, a)] . (6)
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This is consistent with the one-step policy optimization problem in Sec. 3.2 if Ψ
is derived from open-loop reward signals, which do not require additional envi-
ronment interaction. This objective can be optimized either in the log-likelihood
form on a sampled action (Eq. 1) or in the likelihood form on the entire action
space (Eq. 5). The latter formulation,

g :=
∑
a′∈A
s∼D

Ψ(s, a′)∇θπθ(a
′ | s) (7)

provides much denser supervision for the policy as it explicitly enumerates all
possibilities. Eq. 7 also defines our proposed Exhaustive Policy Optimization
(EPO), a variant of policy gradient tailored for offline data and enumerable ac-
tions. Specifically, EPO optimizes the policy by exhaustively considering every
possible action a ∈ A and its respective advantage Ψ(s, a). This formulation
naturally enables broad exploration when the action space is A is dense. Mean-
while, EPO skips the sampling procedure, removing the need for IL pre-training
and cold-start sampling. This dense, full-action-space optimization process is
generally impractical in online RL but allows our framework to fully leverage
off-policy trajectories for stable and exploratory learning. An overview of the
pipeline is shown in Fig. 2.

To compute the advantage function Ψ without relying on human demonstra-
tions, we again adopt the EPDMS metric E for its efficient and comprehensive
evaluation of trajectories. Our empirical findings suggest that using the score
E(s, ·) as Ψ(s, ·) enables better long-tail, closed-loop generalization than base-
lines trained with human demonstrations. Furthermore, the scores E(s, ·) can
also be reused for each state s ∈ D as long as the action space is fixed through-
out the training process, which greatly improves training efficiency. To further
enforce temporal consistency, we subtract a correction term b(st, at, at−1) =
λ1 [EC(at−1, at)] , where λ is a constant, at−1 = argmax

a
π(a|st−1), and EC indi-

cates the violation of Extended Comfort (EC) thresholds [31]:

Ψ(st, at) = E(st, at)− b(st, at, at−1). (8)

Note that this formulation penalizes inconsistent predictions more strongly than
the one used in [3, 31]. Finally, Ψ is normalized to zero mean and unit variance
following [21, 50].

4 Experiments

In this section, we quantitatively show that ZTRS can generalize to long-tail and
safety-critical scenarios. Through our ablation studies, we show the necessity of
our design choices. Finally, we qualitatively illustrate what type of long-tail and
safety-critical cases ZTRS addresses.
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4.1 Datasets and metrics

Datasets. We conduct experiments on three benchmarks covering open-loop,
closed-loop, and long-tail testing: Navhard [3], HUGSIM [67], and Navtest [12].

Our first dataset is Navhard, its long-tail and safety-critical scenarios makes it
a suitable dataset to evaluation long-tail generalization. Navhard [3] uses pseudo-
simulation on the long-tail challenging scenarios in NAVSIM, resulting in the to-
tal evaluation to a two-stage paradigm: 1) first stage follows the original NAVSIM
evaluation, 2) second stage adopts 3D Gaussian Splatting (3DGS) [27, 33] to syn-
thesize subsequent driving scenarios, resulting in 244 initial scenarios and 4164
synthetic scenarios.

HUGSIM [67] is a closed-loop driving benchmark that does not contain hu-
man demonstrations; thus an appropiate dataset to test non-human demonstra-
tion method. It features images synthesized with 3DGS and integrates multiple
driving datasets, including KITTI-360 [39], Waymo [52], nuScenes [2], and Pan-
daset [61], into a collection of 345 driving scenarios. These scenarios are catego-
rized by difficulty into four levels: easy, medium, hard, and extreme. Specifically,
HUGSIM released 49 easy scenarios for regular driving, 126 medium scenarios
with inserted vehicles, and 86 hard scenarios as well as 84 extreme scenarios with
aggressive vehicles.
Metrics. Navhard and Navtest evaluate open-loop planning with EPDMS E(s, a),
which is defined as an aggregation of multiple driving metrics:

E(s, a) =

 ∏
m∈Spen

m(s, a)

 ·

(∑
m∈Savg

wm m(s, a)∑
m∈Savg

wm

)
(9)

where s is the current state and a is a 4-second trajectory. The penalty metric
set Spen is applied multiplicatively and includes No-at-fault Collisions (NC),
Drivable Area Compliance (DAC), Driving Direction Compliance (DDC), and
Traffic Light Compliance (TLC), while the weighted metric set Savg contains
Time-to-Collision (TTC), Ego Progress (EP), Lane Keeping (LK), and History
Comfort (HC). The extended comfort (EC) from [31] is also used as a weighted
metric to promote temporally consistent driving. wm is the aggregation weight
for metric m. Note that human filtering is used in [3] for calculating E but not
in our training. For HUGSIM, HD-Score is used for closed-loop evaluation. It
aggregates Route Completion (RC) with the sub-metrics NC, DAC, TTC, HC
across an episode of length T :

HD-Score = RC ·
∑T

t=1

[(∏
m∈{NC,DAC} m(st, ãt)

)
·
(∑

m∈{TTC,HC} wm m(st,ãt)∑
m∈{TTC,HC} wm

)]
, (10)

where ã is the ego-vehicle acceleration and steering angle transformed from a
trajectory.

Navtest [12] is the common open-loop evaluation dataset for NAVSIM. We
evaluate on this dataset to showcase ZTRS’ ability to handle more nominal driv-
ing. NAVSIM contains 103k and 12k diverse and challenging driving scenarios for
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model training (Navtrain) and evaluation (Navtest), and introduces simulation-
based metrics to better review closed-loop planning capability through open-loop
evaluation. During evaluation, the output trajectory is evaluated by a simulator
to get rule-based simulation metric scores related to multiple driving aspects,
such as traffic rule compliance, comfort, and progress.

4.2 Implementation Details

All our models are trained on the Navtrain split with 24 NVIDIA A100 GPUs,
while the synthetic data from Navhard and HUGSIM are not used for training.
Models are trained for 15 epochs with a total batch size of 528, using a learning
rate and weight decay of 2×10−4 and 0.0. The frontal view with center-cropped
front-left and front-right views are concatenated as the input image, which is then
resized to 512 × 2048. The hyperparameter λ in the correction term b is set to
0.2. By default, the action space used in our method has 16384 trajectories, each
spanning 4 seconds at 10Hz. These trajectories are obtained through K-means
clustering on the nuPlan dataset [18]. Following [31, 35, 64], we default to use
the DD3D-pretrained [43] V2-99 [28] as the image backbone in our experiments.
The ViT-L [14] backbone is pretrained from Depth-Anything [62].

4.3 Main Results

Navhard is a difficult long-tail benchmark as its distribution widely differs
from training split distribution. Thus, overcoming this distribution mismatch
with strong dataset performance highlights how a method can generalize from
one distribution to another. In Tab. 1, we quantitatively that ZTRS’ dense
supervision with EPO can generalize to even Navhard’s distribution containing
safety-critical scenarios. ZTRS achieves SOTA performance across various set-
tings. Equipped with V2-99 and EVA-ViT-L backbones, ZTRS significantly out-
performs the strong GTRS-Dense baseline by +3.8 EPDMS and +2.8 EPDMS,
respectively. In particular, these gains are achieved despite the use of additional
regularization and dynamic trajectory candidates in GTRS-Dense, which are not
required by our framework.

HUGSIM is a safety-critical closed-loop dataset where human demonstra-
tions are not available. In Tab. 2, we show how ZTRS, even trained with open-
loop rewards, can transfer successfully to a closed-loop setting and overcome the
training lack of human demonstrations. ZTRS demonstrates superior robustness
in closed-loop, achieving SOTA results on the HUGSIM benchmark with an
overall 42.6 RC and 28.9 HD-Score. Notably, these results are achieved through
zero-shot closed-loop transfer, as the model is trained purely on the open-loop
Navtrain dataset without exposure to HUGSIM’s synthetic interactive scenar-
ios. Achieving better closed-loop performance than its IL baseline GTRS-Dense
indicates that ZTRS is not learning to “hack” open-loop rewards through EPO.
Instead, EPO facilitates generalization to closed-loop settings.

Navtest. Finally, we show in Tab. 3 that ZTRS performs on par with SOTA
IL planners in nominal driving scenarios found in Navtest. We note we are able
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Table 1: Performance on the Navhard Benchmark. ZTRS achieves SOTA re-
sults, demonstrating our ability to generalize to different distributions, including safety-
critcal cases in Navhard. We note that PDM-Closed uses ground-truth symbolic inputs
for planning. H-Demo: human demonstration.

Backbone Method H-Demo Inputs Planner Type EPDMS ↑

- PDM-Closed [11] - Privileged Info. Rule-based Planner 51.3

ResNet34
LTF [8] Image Regression-based Planner 23.1

DiffusionDrive [38] LiDAR+Image Diffusion-based Planner 27.5
ZTRS (Ours) Image Trajectory Scorer 39.9

V2-99
DriveSuprim [64] Image Trajectory Scorer 42.1
GTRS-Dense [37] Image Trajectory Scorer 41.7

ZTRS (Ours) Image Trajectory Scorer 45.5

EVA-ViT-L
DriveSuprim [64] Image Trajectory Scorer 44.7
GTRS-Dense [37] Image Trajectory Scorer 43.4

ZTRS (Ours) Image Trajectory Scorer 46.2

Backbone Method H-Demo NC ↑ DAC ↑ DDC ↑ TLC ↑ EP ↑ TTC ↑ LK ↑ HC ↑ EC ↑

Stage 1: Real-world Scenarios

- PDM-Closed [11] - 94.4 98.8 100 99.5 100 93.5 99.3 87.7 36.0

ResNet34 LTF [8] 97.3 80.2 97.8 99.3 83.4 96.2 92.9 97.8 71.1
DiffusionDrive [38] 96.8 86.0 98.8 99.3 84.0 95.8 96.7 97.6 79.6

ZTRS (Ours) 98.4 92.9 99.3 100.0 62.8 98.7 93.3 97.3 43.1

V2-99
DriveSuprim [64] 98.9 95.1 99.2 99.6 76.1 99.1 94.7 97.6 54.2
GTRS-Dense [37] 98.7 95.8 99.4 99.3 72.8 98.7 95.1 96.9 40.4

ZTRS (Ours) 98.9 97.6 100.0 100.0 66.7 98.9 96.2 96.7 44.0

EVA-ViT-L
DriveSuprim [64] 98.7 98.0 99.1 99.8 75.9 98.7 94.7 97.6 49.8
GTRS-Dense [37] 97.6 95.8 99.7 99.8 77.2 97.8 95.3 97.3 46.7

ZTRS (Ours) 99.1 98.9 100.0 100.0 65.6 98.9 94.4 95.8 38.2

Backbone Method H-Demo NC ↑ DAC ↑ DDC ↑ TLC ↑ EP ↑ TTC ↑ LK ↑ HC ↑ EC ↑

Stage 2: Synthetic Scenarios

- PDM-Closed [11] - 88.1 90.6 96.3 98.5 100 83.1 73.7 91.5 25.4

ResNet34 LTF [8] 79.4 69.0 85.6 98.5 83.8 76.7 47.9 97.0 70.6
DiffusionDrive [38] 80.1 72.8 84.4 98.4 85.9 76.6 46.4 96.3 72.8

ZTRS (Ours) 91.8 88.3 96.2 98.9 54.6 90.2 56.4 98.2 63.0

V2-99
DriveSuprim [64] 87.9 88.8 89.6 98.8 80.3 86.0 53.5 97.1 56.1
GTRS-Dense [37] 91.4 89.2 94.4 98.8 69.5 90.1 54.6 94.1 49.7

ZTRS (Ours) 91.1 90.4 95.8 99.0 63.6 89.8 60.4 97.6 66.1

EVA-ViT-L
DriveSuprim [64] 89.5 89.6 92.9 98.5 78.9 86.4 55.3 96.5 52.7
GTRS-Dense [37] 91.9 91.3 92.7 99.0 72.7 90.4 53.8 94.1 41.6

ZTRS (Ours) 91.2 94.4 96.3 98.7 59.4 90.5 57.3 97.5 63.0

to achieve SOTA despite the fact that reported metrics include ego progress
(EP), which measures the L2 distance to the expert trajectories, none of which
we ever trained with. Thus, we see a notable gap in our EP score compared to the
IL methods. Even so, with a lightweight ResNet34 backbone, ZTRS achieves an
EPDMS of 83.2, outperforming models with advanced trajectory scoring tech-
niques like DriveSuprim [64]. With higher-capacity backbones like ViT-L and
V2-99, ZTRS maintains competitive results (86.2 EPDMS and 85.3 EPDMS)
against DriveSuprim and surpasses its IL baseline GTRS-Dense [37] by a clear
margin (+1.5 EPDMS and +1.3 EPDMS).
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Table 2: Zero-shot Performance on the HUGSIM Benchmark. UniAD and
VAD are trained on nuScenes [2], which partially overlap with the evaluation scenarios.
Other methods are evaluated with zero-shot transfer. H-Demo: human demonstration.

Method H-Demo Zero-shot
Easy Medium Hard Extreme Overall

RC ↑ HD-Score ↑ RC ↑ HD-Score ↑ RC ↑ HD-Score ↑ RC ↑ HD-Score ↑ RC ↑ HD-Score ↑

VAD [25] 38.7 24.3 27.0 9.9 25.5 10.4 23.0 8.2 27.9 12.3
UniAD [20] 58.6 48.7 41.2 29.5 40.4 27.3 26.0 14.3 40.6 28.9

LTF [8] 68.4 52.8 40.7 24.6 36.9 19.8 25.5 8.1 41.4 24.8
GTRS-Dense [37] 62.0 57.8 40.5 35.2 23.9 16.2 13.7 5.8 34.5 28.2

ZTRS (Ours) 74.8 66.9 46.1 37.9 31.6 21.1 20.0 9.8 42.0 32.9

Table 3: Performance on the Navtest Benchmark. ZTRS performs on par with
SOTA IL planners in nominal scenarios. Notably, while Imitation Learning methods
relying on huamn demonstration (H-Demo) achieve higher Ego Progress (EP) by mim-
icking human trajectories, ZTRS remains highly competitive across most metrics de-
spite never being trained on such trajectories.

Backbone Method H-Demo NC ↑ DAC ↑ DDC ↑ TL ↑ EP ↑ TTC ↑ LK ↑ HC ↑ EC ↑ EPDMS ↑

- Human Agent - 100 100 99.8 100 87.4 100 100 98.1 90.1 90.3

- Ego Status MLP 93.1 77.9 92.7 99.6 86.0 91.5 89.4 98.3 85.4 64.0

ResNet34

Transfuser [8] 96.9 89.9 97.8 99.7 87.1 95.4 92.7 98.3 87.2 76.7
HydraMDP++ [31] 97.2 97.5 99.4 99.6 83.1 96.5 94.4 98.2 70.9 81.4
DriveSuprim [64] 97.5 96.5 99.4 99.6 88.4 96.6 95.5 98.3 77.0 83.1

ZTRS (Ours) 97.9 98.0 99.7 99.8 80.1 96.9 94.9 98.1 79.0 83.2

ViT-L

HydraMDP++ [31] 98.5 98.5 99.5 99.7 87.4 97.9 95.8 98.2 75.7 85.6
DriveSuprim [64] 98.4 98.6 99.6 99.8 90.5 97.8 97.0 98.3 78.6 87.1
GTRS-Dense [37] 99.0 97.8 99.3 99.9 86.3 98.3 95.1 98.3 71.9 84.7

ZTRS (Ours) 98.2 99.1 99.7 99.8 86.9 97.5 96.6 98.2 78.2 86.2

V2-99

HydraMDP++ [31] 98.4 98.0 99.4 99.8 87.5 97.7 95.3 98.3 77.4 85.1
DriveSuprim [64] 97.8 97.9 99.5 99.9 90.6 97.1 96.6 98.3 77.9 86.0
GTRS-Dense [37] 97.6 98.5 99.5 99.9 89.5 97.2 96.8 97.2 57.2 84.0

ZTRS (Ours) 97.8 99.4 99.8 99.8 84.1 97.0 96.2 98.2 77.2 85.3

4.4 Ablation Studies

RL Policy Gradient Comparisons. We revisit the common cold-start RL
problem, where policy gradient methods struggle to find high-rewards in an
large continuous space without proper guidance. This is especially visible in early
training stages. As such, we analyze our EPO against other policy gradient meth-
ods in the beginning epochs, as seen in Fig. 3. We evaluate against three policy
methods within a discrete trajectory scoring framework: REINFORCE [54] and
two common settings of known high-performer GRPO [50]. To ensure fair com-
parison, all baselines sample from the same trajectory vocabulary. In Fig. 3,
we observe that EPO demonstrates stable, non-volatile performance on both
Navhard and Navtest. Its strong initial performance illustrates how EPO’s dense
supervision enables us to successfully find high-reward trajectories. Conversely,
REINFORCE shows noticeably weaker performance, especially on Navtest. Im-
portantly, although GRPO is widely acknowledged for its performance delivery,
we not only see both GRPO settings’ poor performance but also their instability
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Fig. 3: Comparisons on Different RL Policy Gradient Methods. k: Group size
for sampled trajectories per training iteration. EPO enables stable optimization on both
nominal driving (Navtest) and long-tail cases (Navhard). EPO’s early out performance
against baselines indicate that we are able to find high-reward trajectories early on,
illustrating our ability to mitigate the cold-start problem.

Table 4: Ablation study on different learning methods and targets. Ê repre-
sents using the trajectory with the maximum ground-truth EPDMS as the imitation
target. The Extended Comfort (EC) metric highlights that incorporating the correc-
tion term b into the reward function is essential for achieving temporal consistency.

IL RL Target NC ↑ DAC ↑ DDC ↑ TL ↑ EP ↑ TTC ↑ LK ↑ HC ↑ EC ↑ EPDMS ↑

Human 98.5 98.7 98.9 99.9 88.5 98.2 97.0 98.3 80.5 86.2

Ê 96.6 96.8 99.5 99.6 88.3 96.0 96.7 92.2 18.5 76.7
E 97.5 99.2 99.8 99.7 89.3 96.9 96.8 98.0 53.8 84.2

E − b 97.8 99.4 99.8 99.8 84.1 97.0 96.2 98.2 77.2 85.3

through their performance fluctuations, which is undesirable due to potential
model collapse. This is likely due to GRPO’s unrepresentative subset trajectory
sampling and the prevalence of negative gradients in sampled trajectory groups.

Learning Paradigms Comparison. In Tab. 4, we study the effects of
different learning paradigms and targets. When using the trajectory with the
maximum EPDMS score (i.e., Ê = argmax

a
E(s, a)) as the imitation target, per-

formance drops significantly compared to the IL baseline, as many trajectories
in A can achieve high EPDMS and a single target fails to capture the underly-
ing pattern. Using likelihoods over the entire action space mitigates this issue,
improving EPDMS by 7.5%, but introduces serious oscillation, as indicated by
the low EC metric. This highlights the need for our correction term b to enforce
temporal consistency. Using E − b as the reward increases EC by 23.4%.

Action Space Size Ablation. Tab. 5 shows the relationship between
the size of the action space and evaluation data. Models using the full action
space during inference achieve the best results on real-world data, as reflected
by EPDMS on Navtest and Navhard, while shrinking the action space improves
performance on the simulated portion. This finding is consistent with GTRS [37]:
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Table 5: The relationship between the size of the action space and evaluation
data. EPDMS1 measures the Stage 1 real-world scenarios of Navhard, while EPDMS2

measures the Stage 2 simulated scenarios.

Backbone |A| for training |A| for inference
Navtest Navhard

EPDMS ↑ EPDMS1 ↑ EPDMS2 ↑ EPDMS ↑

V2-99
8192 8192 84.6 73.3 57.4 43.0
16384 16384 85.3 74.9 57.1 43.4
16384 8192 82.0 74.2 60.7 45.5

ViT-L
8192 8192 84.6 73.7 55.9 41.9
16384 16384 86.2 76.1 50.5 38.8
16384 8192 84.3 73.4 59.9 45.0

Table 6: Planning Performance as a Function of Training Initialization on
Navtest. Results across different initialization seeds show that our Exhaustive Policy
Optimization (EPO) exhibits significantly lower variance and higher overall perfor-
mance, indicating that our offline RL approach is stable and robust to initialization.

Policy Optimization Method Backbone Seed EPDMS ↑

REINFORCE V2-99 0 75.0
1 72.6

EPO (ours) V2-99 0 85.3
1 85.5

regardless of whether the model is trained with human demonstrations, reducing
model complexity enhances generalization on unseen simulated data.

Sensitivity to Training Initialization. Here, we evaluate the training
stability and variance of our proposed Exhaustive Policy Optimization (EPO)
against the classical policy gradient method, REINFORCE. As shown in Tab. 6,
the REINFORCE baseline exhibits significant performance fluctuations across
different initialization seeds (75.0 vs. 72.6 EPDMS), highlighting the randomness
of stochastic sampling in a large trajectory space. In contrast, EPO achieves
substantially higher performance and stability, yielding a marginal variance of
0.2 EPDMS. Since EPO performs policy updates by evaluating a comprehensive
and fixed trajectory vocabulary exhaustively at each training step, it provides a
more deterministic optimization landscape and reduces such fluctuations.

4.5 Qualitative Results

Fig. 4 and Fig. 5 show visualization results on the open-loop Navtest and the
closed-loop HUGSIM, respectively. Interestingly, although ZTRS is trained with-
out human demonstrations, ZTRS learns driving patterns that resemble human
trajectories from rule-based rewards in nominal driving scenarios, such as long-
term path following. On the other hand, when facing complex urban interactions,
as shown in Fig. 4 (d), ZTRS can crucially make different but safer trajectory
plans than the human demonstration. In the red box’s leftmost scenario, while
both the human and the agent navigate around a cyclist, ZTRS exhibits a more
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(c) Cautious driving near traffic agents

(b) Interactive lane changing

(a) Long-term path following

(d) Behavioral diversity in dynamic situations

Fig. 4: Visualizations of planned trajectories and the human trajectory on
Navtest. In nominal scenarios, ZTRS plans similarly to humans, exhibiting long-term
path following. In complex cases, ZTRS demonstrates sophisticated behaviors such
as interactive lane changing, cautious navigation near traffic agents, and behavioral
diversity in dynamic situations where it plans differently but more safely than humans.

pronounced nudging behavior, providing even more lateral clearance than the
human driver to ensure safety. Further, the second scenario shows that ZTRS
decelerates after detecting the cut-in behavior of the leading vehicle. In the third
scenario, ZTRS shows it can anticipate the luggage handlers’ movements, opting
for a more conservative path than that of the human driver.

Moreover, ZTRS manages to navigate safely in safety-critical driving scenar-
ios without closed-loop training or adaptation, as shown in Fig. 5. Even under
the extreme conditions depicted in Fig. 5 (c), where the ego agent must overtake
a parked car while facing an oncoming vehicle, ZTRS can safely complete the
route. This demonstrates the strong closed-loop driving ability and the robust
safety margin maintained by ZTRS in highly complex long-tail situations.

5 Conclusion

We proposed ZTRS, an effective end-to-end autonomous driving paradigm that
eliminates the need for human demonstrations during training. By relying solely
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(c) Overtaking with oncoming traffic

(b) Overtaking a slow vehicle

(a) Collision avoidance with rogue vehicles

Fig. 5: Visualizations of planned trajectories on the challenging closed-loop
driving benchmark HUGSIM. Here, we illustrate ZTRS can plan trajectories even
in the shown long-tail scenarios, including safety critical, collision avoidance cases.

on offline data, reward-driven supervision, and a newly proposed exhaustive
policy optimization (EPO), ZTRS successfully addresses the cold-start problem
while enabling robust planning directly from high-dimensional sensor inputs,
without human demonstrations. Our approach achieves strong SOTA perfor-
mance on long-tail driving benchmarks such as NAVHARD, while maintaining
top-level results on standard (nominal) driving benchmarks such as NAVSIM and
HUGSIM. These findings demonstrate that well-designed reward mechanisms
can potentially replace human demonstrations in training reliable end-to-end
autonomous driving systems.

Limitations and Discussions. Despite ZTRS achieving state-of-the-art
performance on challenging planning and closed-loop driving benchmarks, it
still lags behind imitation-based baselines in certain open-loop scenarios. EPO
is also most direct when the planner acts over a fixed, enumerable trajectory
vocabulary, since this allows rewards to be pre-computed and reused during
training. Extending the same idea to continuous action spaces is therefore an
important direction for future work. One practical route is to connect continuous
trajectory generators with the discrete reward table through nearest-neighbor
lookup, as suggested by recent continuous end-to-end planners [65].
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