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Abstract

End-to-end autonomous driving research currently faces a
critical challenge in bridging the gap between open-loop
training and closed-loop deployment. Current approaches
are trained to predict trajectories in an open-loop environ-
ment, which struggle with quick reactions to other agents
in closed-loop environments and risk generating kinemat-
ically infeasible plans due to the gap between open-loop
training and closed-loop driving. In this paper, we intro-
duce Hydra-NeXt, a novel multi-branch planning framework
that unifies trajectory prediction, control prediction, and
a trajectory refinement network in one model. Unlike cur-
rent open-loop trajectory prediction models that only handle
general-case planning, Hydra-NeXt further utilizes a con-
trol decoder to focus on short-term actions, which enables
faster responses to dynamic situations and reactive agents.
Moreover, we propose the Trajectory Refinement module to
augment and refine the planning decisions by effectively ad-
hering to kinematic constraints in closed-loop environments.
This unified approach bridges the gap between open-loop
training and closed-loop driving, demonstrating superior
performance of 65.89 Driving Score (DS) and 48.20% Suc-
cess Rate (SR) on the Bench2Drive dataset without relying
on external experts for data collection. Hydra-NeXt sur-
passes the previous state-of-the-art by 22.98 DS and 17.49
SR, marking a significant advancement in autonomous driv-
ing. Code will be available at https://github.com/
woxihuanjiangguo/Hydra—NeXt.

1. Introduction

End-to-end autonomous driving (E2E AD) [7, 9, 20, 22, 23,
27,31, 41, 44, 45, 47] has emerged as a trending alterna-
tive to traditional perception-planning pipelines. Current re-
search in E2E AD is divided into open-loop and closed-loop
environment-oriented approaches.

An open-loop environment [3, 4, 12, 22] refers to an
autonomous system’s performance being assessed without
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Figure 1. Different Paradigms of Autonomous Driving. Closed-
loop RL-based experts learn from environment interactions, ensur-
ing responsiveness to agents and kinematic feasibility by predict-
ing control signals. End-to-end methods use open-loop trajectory
prediction, often neglecting ego-agent interaction and kinematic
constraints. Our approach integrates trajectory prediction, control
prediction, and a trajectory refinement module to bridge the gap
between open-loop training and closed-loop driving.

environmental feedback. The main advantage of this ap-
proach is its simplicity and efficiency, as it avoids the com-
plexity of real-time feedback, making it cost-effective and
suitable for large-scale training and testing. Benchmarks
like NAVSIM [12] provide controlled environments where
agents follow predefined trajectories, allowing for precise
evaluation of metrics like collision rates, progress, and traffic-
rule following. However, the lack of reactive behaviors and
dynamic interactions with other agents or changing condi-
tions makes it difficult to deploy models trained in open-loop
environments in real-world driving.

A closed-loop environment in autonomous driving in-
volves real-time feedback between the agent’s actions and
the environment, typically via a simulator [1, 4, 14]. The
primary advantage of closed-loop methods is their ability
to simulate dynamic, interactive environments, allowing for
more realistic testing of driving policies. However, they face
significant challenges: These systems often rely on synthetic
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simulator data, leading to a domain gap between training and
real-world deployment. For instance, the previous state-of-
the-art E2E AD method [24] depends heavily on reinforce-
ment learning (RL) teacher feature embeddings, unavailable
in real-world data. In addition, the driving behavior learned
may deviate from human patterns [15, 30], and evaluation
metrics focus mainly on collision rates, overlooking other im-
portant factors such as smoothness and driving comfort [26].

The gap between open-loop and closed-loop environment
has led to different approaches in each domain, and this
separation continues to grow. Fig. 1 shows that closed-loop
methods learn to control through reinforcement learning in
simulations [24, 25, 30, 50], while open-loop methods focus
on imitating expert trajectories [7, 22, 27]. The gap between
the two domains stem from their training methods and output
representations, which can be potentially addressed through
two approaches. We could either adapt models trained in
an open-loop environment to a closed-loop environment or
bring closed-loop models to open environments. We argue
that the first option, From Open-loop to Closed-loop, is more
promising due to the availability of massive real-world data.
In contrast, the second option, From Closed-loop to Open-
loop, faces sim-to-real domain gaps [19, 21, 29], which pose
the biggest challenge to deploy a model in a real car. Hence,
we focus on addressing the limitations of open-loop models
when driving in closed-loop environments, which involve
handling reactive agents and adhering to kinematic con-
straints.

As the state-of-the-art open-loop E2E method on the
NAVSIM benchmark [12], Hydra-MDP shows promising
results for non-reactive agents, so the challenge is to extend
this ability to reactive agents. Non-reactive agents main-
tain their behavior even if the ego vehicle deviates from
the ground truth trajectory. In contrast, reactive agents ad-
just in response to the ego’s predicted trajectory, potentially
causing the E2E AD model’s collision predictions to fail.
The general issue caused by open-loop training is that most
open-loop metrics [4, 12, 22] focus on waypoints rather than
control signals. While waypoints are useful for general nav-
igation, they do not account for immediate changes in the
behavior of other agents, leading to delays in reaction time
when unexpected events occur. In contrast, control signals
directly influence the vehicle’s actions, such as braking or
steering, allowing for faster adjustments in response to sud-
den changes. Although existing literature [47] also predicts
control with waypoints directly, it performs poorly in in-
teractive situations [26], which may stem from a lack of
multi-modal decisions and insufficient exploration of their
nuanced relationships. Further, the predicted waypoints may
not satisfy kinematic constraints in the closed-loop environ-
ment, which can cause compounding errors [11] and result
in unsafe behaviors in dynamic scenarios.

Therefore, we introduce Hydra-NeXt , featuring a multi-

branch planning framework. Hydra-NeXt consists of Multi-
head Motion Decoders for trajectory and control prediction,
and a Trajectory Refinement network for kinematics-based
proposal selection. In addition to the trajectory decoder to
handle general-case planning [31], the control decoder en-
hances the capability for short-term actions. Additionally, the
Trajectory Refinement module applies kinematic constraints
to improve predictions from both decoders, effectively com-
bining and refining the planning decisions.
Our contributions can be summarized as follow:

1. We propose Hydra-NeXt , which is the first framework
to unify control, trajectory prediction, and trajectory re-
finement. Hydra-NeXt demonstrates robust closed-loop
driving performance with only open-loop learning.

2. We benchmark Hydra-NeXt against other E2E AD solu-
tions on the Bench2Drive dataset [26] based on the simu-
lator CARLA v2 [1]. Hydra-NeXt outperforms previous
state-of-the-art methods by a significant margin (+22.9
Driving Score, +17.5 Success Rate) by the CARLA v2
evaluation protocol without relying on external experts
for data collection. Hydra-NeXt also generalizes well to
real-world data, achieving a new state-of-the-art on the
open-loop planning benchmark NAVSIM [12].

2. Related Work

2.1. Open-loop End-to-end Autonomous Driving

To explore end-to-end planning with real-world vehicle
data [3], researchers have integrated modularized neural
networks into end-to-end fully-differentiable stacks [20, 22,
27, 45]. This approach quickly gained significant interest in
the AV community as it shows a promising direction to scal-
able autonomy. However, recent works [11, 12, 32] discover
heavy biases of current E2E planning datasets [12, 32], the
imitation learning paradigm [11, 32], and evaluation proto-
cols [12, 32], rendering open-loop E2E methods as unreli-
able. To address these issues, a more advanced benchmark
NAVSIM [12] is proposed to filter homogeneous planning
data and benchmark with a series of rule-based metrics for
collision avoidance, map adherence, and more. The state-of-
the-art open-loop planner Hydra-MDP [31], which learns
these rule-based metrics via knowledge distillation, achieves
greater reliability than imitation-based E2E planners. Build-
ing on Hydra-MDP, we develop a model suited for dynamic
scenarios, transitioning from open-loop trajectory planning
to a closed-loop framework using control prediction and
kinematics-based trajectory refinement.

2.2. Closed-loop Driving Benchmarks and Policies

Compared with open-loop E2E autonomous driving, closed-
loop driving has a longer history. Benchmarks such
as nuPlan [4], CARLA vl [14], CARLA v2 [1], and
Bench2Drive [26] focus on different aspects of driving poli-
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Figure 2. Roadmap from Hydra-MDP to Hydra-NeXt .
DriveAdapter [24] was the previous state-of-the-art method on
the Bench2Drive benchmark.

cies, from trajectory planning [4] to E2E driving [1, 14, 26].
Recently, CARLA v2 [1] poses significant challenges as it
requires the handling of interactive and dynamic scenarios.
Bench2Drive [26] optimizes the variances produced by the
CARLA v2 evaluation protocol and collects data from an
RL-based expert [30] on diverse, shorter routes, making it
suitable to assess policies in varied conditions.

On these benchmarks, expert-level policies include rule-
based path planners [2, 11] and RL-based policies [15, 30,
50]. These policies take privileged inputs such as ground-
truth perception and map data, while E2E AD methods [7,
9, 23,41, 44, 47] only use sensor observations. These E2E
policies, as well as previous open-loop E2E methods, fall
behind expert-level policies when it comes to dynamic and
interactive scenarios [1]. Moreover, Bench2Drive shows that
these methods rely on expert feature embeddings [24] for
better performance. In our paper, we aim to close the gap
between the two worlds: open-loop planning and closed-
loop driving by enhancing a top open-loop planner [31] with
control and kinematic components.

2.3. Diffusion-based Driving Policies

Diffusion policies [0, 8, 48] have been used widely for gen-
erating robot behaviors. They prove effective in capturing
multi-modal action distributions and generating smooth tra-
jectories. In autonomous driving, recent works leverage diffu-
sion models to predict trajectory waypoints given privileged
input of surrounding traffic scenes [16, 28, 46, 49]. Our
approach differs by employing the diffusion policy to gener-

ate multiple smooth and high-frequency control sequences,
which serve as additional proposals for trajectory refinement.

3. Trajectory Decoder: Hydra-MDP

Before introducing Hydra-NeXt, we start from Hydra-

MDP [31], a multi-modal planner with a perception network

and a trajectory decoder, which learns from both human

demonstrations and rule-based open-loop metrics.

Perception Network: Given front-view and back-view im-

ages, we use an image backbone to extract multi-view

features. These features are flattened into a sequence of
environment tokens Fg,, to represent the surroundings.

To focus on motion planning, we apply a minimal de-

sign in the perception network without auxiliary perception

tasks [7, 9, 22, 27, 45], although they can facilitate planning.

Trajectory Decoder: The trajectory decoder m¢,.q; gener-

ates a trajectory 71" for routing based on environment tokens

F.,, and a discrete trajectory vocabulary V [7, 37, 38]. Fol-

lowing Hydra-MDP [31], we create a trajectory vocabulary

V with 4096 discrete trajectories, embed them into latent

queries Q¢rq;, and attend to environment tokens Fey,, in

a transformer decoder [43]. With only imitation learning,

this approach achieves 49.0 DS as shown in Fig. 2, outper-

forming the previous state-of-the-art DriveAdapter by 6.1

DS. Further, we implement an open-loop metric system on

Bench2Drive using the following metrics:

* Collision: The collision metric checks if the ego vehicle
intersects with other agents in the Bird’s-Eye View (BEV)
space [12, 22, 27, 32]. We compute collisions at a higher
frequency (i.e. 10Hz) by interpolating trajectory waypoints
following NAVSIM [12].

¢ Soft Lane Keeping: To ensure lane adherence while al-
lowing lane changing, we design a soft lane keeping met-
ric that bounds the ego’s driving area following [27]. We
penalize trajectories with excessive angular differences
between trajectory segments and lane segments.

* Ego Progress: The Ego Progress metric is included to
discourage passive driving behaviors and promote driv-
ing progress. Similar to [4, 12], we project the trajectory
waypoints onto the lane segments that the expert travels
through, and normalize the ego distance by the expert’s.
These metrics are used as rule-based teachers in Hydra-

MDP. Fig. 2 shows the performance enhancement brought by

rule-based heads, which appear to be limited compared with

observations on NAVSIM [12]. This is likely caused by ran-
domly disappearing agents in Bench2Drive !, which confuse
the rule-based heads. e.g. A trajectory that extends far into
the future may be labeled as safe if its future waypoints do
not intersect with a disappeared agent, even though the agent
is currently visible and close to the ego vehicle. In Sec. 4, we

Uhttps://github.com/Thinklab-SITU/Bench2Drive/issues/3 1
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Figure 3. The Overall Architecture of Hydra-NeXt . The Perception Network first processes raw sensor observations into environment
tokens. The Multi-head Motion Decoder (Trajectory Decoder 74,5 and Control Decoder m.,;) is responsible for generating a trajectory and
a control tuple based on these tokens, which are refined by the Trajectory Refinement Module 74, into final control signals.

propose Hydra-NeXt, an extended version of Hydra-MDP
addressing the limitations in closed-loop driving.

4. Hydra-NeXt

In this section, we elaborate on Hydra-NeXt, an E2E frame-
work with robust closed-loop abilities. Apart from the Tra-
jectory Decoder 74,,;, Hydra-NeXt has two other policies:
Control Decoder 7;,;, and Trajectory Refinement 7,,.

4.1. Control Decoder 7;,;

Our goal is to enable quick responses to reactive agents
through direct control output, instead of relying on trajectory
waypoints for rapid decisions. This is because waypoints are
typically transformed into control signals through specific
controllers such as a PID Controller or Model Predictive
Control [5], which can lead to errors during path following.
Further, TCP [47] points out that ensembling the trajectory
and the control signal can boost driving performance, but it
only considers a single modality for both the trajectory and
the control prediction branches. This limitation makes it chal-
lenging to address uncertainties in environments [7] and sus-
ceptible to interpolate between different action modes [23].

Based on these findings, we add a second classification-
based control decoder m.; to generate control sig-
nals (C%,...,Ct) for t., timesteps. In the CALRA
simulator [1, 14], each control signal is a tuple of
(brake, throttle, steer) used to direct the vehicle. Mean-
while, we incorporate the idea of discretization into the con-

trol decoder 7., to handle uncertainty, following the prac-
tice in the RL-based driving policy Think2Drive [30]. The
use of learning-based control prediction sidesteps the need
to convert trajectories into control signals through traditional
controllers, enabling faster responses to reactive agents in
the closed-loop environment.

In particular, we first randomly initialize ¢.4; control
queries (¢, Which correspond to the t.4-; current and fu-
ture steps for which we want to predict control signals. Simi-
larly, Q¢ attends to F.,, in a transformer decoder. After
this, Q¢ is processed by three separate MLP layers for each
control signal (i.e. brake, throttle, steer). Since the expert
data collected by Think2Drive only consists of discrete con-
trol signals, the control decoder can be easily trained using
cross-entropy loss functions without further discretizing the
control signal ground truths. We select the control tuples
with the highest likelihood at each step (C!,...Ctetrt) as
the final output of 7.4.;. The design choices of the control
decoder are discussed in Sec. 5.4, such as architectures and
loss functions.

4.2. Trajectory Refinement 7,

Another important aspect of closed-loop driving is to en-
sure the smoothness of driving. Benchmarks like nuPlan [4]
and NAVSIM [12] post-process trajectories using an LQR
tracker [42] and a kinematic bicycle model [39, 40] to adhere
to kinematic constraints. Nevertheless, this idea has been
neglected by existing open-loop E2E AD methods, which
mainly focuses on cloning trajectory waypoints without con-
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sidering kinematic constraints in closed-loop environments.
This oversight becomes particularly critical when the vehicle
experiences control loss in closed-loop environments [ 1, 26]
or encounters large compounding errors [1 1] when quickly
recovering to predicted waypoints is difficult.

To address this issue, we introduce the Trajectory Refine-
ment network to augment and then combine the planning out-
put 7" and C' while following kinematic constraints. Inspired
by PDM-Lite [2], we use a kinematic bicycle model [39, 40]
that operates on high-frequency control signals for fine-
grained waypoint rollouts [2]. Unlike predicted waypoints
from 7,5, these waypoints are kinematically feasible. How-
ever, we empirically find that existing control policies strug-
gle to produce a long and smooth control sequence at a
high frequency (see Sec. 5.4). Therefore, we resort to the
Diffusion Policy [8], which proves capable of generating
smooth and diverse robot behaviors. During training, a dif-
fusion transformer g, is trained to predict noise added
to the ground-truth control sequence following the com-
mon practice of Denoising Diffusion Probabilistic Models
(DDPMs) [18]. During inference, mq, gradually denoises
N random noise queries () g, into smooth action sequences
{(C}, ..., C’f )}V | through numerous denoising iterations.
Each proposal spans across t4, timesteps.

With these smooth control sequence proposals, we de-
vise a process named Nearest Neighbor Matching for choos-
ing the best proposal in a kinematically feasible way. Algo-
rithm 1 depicts the nearest neighbor matching process for
proposal selection in detail. Specifically, we first use a kine-
matic bicycle model to transform control sequences from
Tap and e into trajectory waypoints. After the transfor-
mation, we select two nearest control candidates to match
current candidates based on L2 distances. The new control
candidates can be viewed as a kinematically feasible version
of the predictions given by the Multi-head Motion Decoder.
Finally, we ensemble the candidates C into the final control
signal C* by averaging the throttle and steer values, which is
a simplified ensembling method from TCP [47]. The brake
is set to 1 if the condition Ecec C.brake > 7 holds; other-
wise, it is set to 0. Note that the brake values produced by the
candidates are binary and 7 is a predefined brake threshold.

5. Experiments

5.1. Dataset and Metrics

We use the E2E driving benchmark Bench2Drive [26] for
training and evaluating Hydra-NeXt. The training data in
this paper uses the official training dataset of Bench2Drive,
which includes 2 million frames encompassing 44 interactive
scenarios. These data are collected by Think2Drive [30], an
RL-based expert model on CARLA v2 [1]. For evaluation,
the E2E AD model is deployed in the CARLA simulator [14]
to perform closed-loop driving on 220 short routes designed

Algorithm 1: Nearest Neighbor Matching

Input: trajectory T, control sequence
(C1,...,Cttr), N control proposals

{(ézlv ] C’fdp) il\il
Output: control candidates C
Definitions :KB: Kinematic Bicycle Model
PID: PID controller

Lo: Lo Distance
C « {PID(T),C'}
Tetry < KB(C1, ..., Cletrt)
for: < 1to N do
| T}, < KB(C}..,C;™)
end

i < arg min LQ(TéP, T)
i

Y B N O

2

j < arg miIl Lo (Tépv Tctrl)
J

*®*

C+cu{ctchy

by Bench2Drive. These short routes assess the AD model’s
abilities on different scenarios, while ensuring low variance
in the final score.

Bench2Drive includes several metrics, including Driving
Score (DS), Success Rate (SR), Efficiency, Comfort, and
Multi-ability Results. The calculation of DS can be based on
two evaluation protocols: CARLA v2 and Bench2Drive. The
former accumulates the minimum speed infractions into the
DS, whereas the Bench2Drive protocol separates this into the
metric Efficiency. Meanwhile, the latter protocol relaxes the
time constraint of the closed-loop evaluation, which reduces
the difficulty for the model to complete the routes. Without
further notations, we default to the CARLA v2 evaluation
protocol in ablation studies to reflect the comprehensive
performance of the method using the DS metric.

Furthermore, we evaluate Hydra-NeXt on the real-world
NAVSIM Benchmark [12], which evaluates a 4-second
trajectory using open-loop metrics: No at-fault Collisions
(NC), Drivable Area Compliance (DAC), Time-to-collision
(TTC), Comfort (C), and Ego Progress (EP). The PDM score
(PDMS) is an aggregate of these sub-metrics.

5.2. Implementation Details

The implementation of Hydra-NeXt is largely consistent with
open-loop E2E baselines [22, 27] on Bench2Drive. First, we
train Hydra-NeXt on the training data for 20 epochs with a
total batch size of 256, using 8 NVIDIA V100 GPUs. The
AdamW [35] optimizer is used with the Cosine Annealing
Scheduler [36] at a learning rate of 2 x 10~* and a weight
decay of 0.01. During training, data augmentations such as
random cropping and photometric distortion are applied to
the input images, which are first resized to 800 x 450.
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‘ Sensors

‘ Open-loop Metric ‘ Closed-loop Metrics (CARLA v2)

Method
‘ ‘ L2 (meter) | ‘ Driving Score T  Success Rate (%) 1

UniAD-Base [22] 6 Cameras 0.73 37.72 9.54
VAD [27] 6 Cameras 0.91 39.42 10.00
Hydra-MDP [31] Front/Back Cameras 0.82 52.80 30.73
TCP* [47] Front Camera 1.70 23.63 7.72
TCP-Ctrl* [47] Front Camera - 18.63 5.45
TCP-Traj* [47] Front Camera 1.70 36.78 26.82
ThinkTwice* [25] 6 Cameras 0.95 39.88 28.14
DriveAdapter* [24] 6 Cameras 1.01 42.91 30.71
Hydra-NeXt ‘ Front/Back Cameras 0.92 ‘ 65.89 48.20

Table 1. Open-loop and Closed-loop Performance of E2E-AD Methods on the Bench2Drive Benchmark with the CARLA v2
Evaluation Protocol. The CARLA v2 protocol calculates the Driving Score (DS) by aggregating all infractions multiplicatively, including
minimum speed infractions. * The model benefits from expert feature distillation.

‘ Sensors

‘ Closed-loop Metrics (Bench2Drive)

Method
‘ ‘ Driving Score T Success Rate (%) 1  Efficiency t Comfort 1

UniAD-Base [22 6 Cameras 45.81 16.36 129.21 43.58
VAD [27] 6 Cameras 42.35 15.00 157.94 46.01
Hydra-MDP [31] Front/Back Cameras 59.95 29.82 186.83 18.62
TCP* [47] Front Camera 40.70 15.00 54.26 47.80
TCP-Ctrl* [47] Front Camera 30.47 7.27 55.97 51.51
TCP-Traj* [47] Front Camera 59.90 30.00 76.54 18.08
ThinkTwice* [25] 6 Cameras 62.44 31.23 69.33 16.22
DriveAdapter* [24] 6 Cameras 64.22 33.08 70.22 16.01
Hydra-NeXt ‘ Front/Back Cameras ‘ 73.86 50.00 197.76 20.68

Table 2. Closed-loop Performance of E2E-AD Methods on the Bench2Drive Benchmark with the Bench2Drive Evaluation Protocol. *

The model benefits from expert feature distillation.

Hydra-NeXt employs an ImageNet-pretrained [13]
ResNet-50 [17] as the image backbone to extract front-view
and back-view image features. Following VAD [27], the tra-
jectory decoder m¢.q; predicts a 3-second trajectory at 2Hz.
The frequencies of 7., and 74, are set to 2Hz and 10Hz by
default, which will be further analyzed in Sec. 5.4. The ego
status feature includes the current longitudinal velocity and
a one-hot navigation command. In Trajectory Refinement,
the brake threshold 7 is set to half of the candidates set size
2 for moderate behaviors, while the kinematic bicycle model
is based on the implementation of PDM-Lite [2] and the
denoising timestep of g, is set to 100 [8]. For NAVSIM,
we extend Hydra-MDP [31] by incorporating acceleration
and steering rate prediction as a substitute for control signals.
Details can be found in the appendix.

5.3. Main Results

As shown in Tab. 1 and Tab. 2, Hydra-NeXt surpasses all
E2E methods on Bench2Drive in key metrics such as the
DS and SR distinctively. Specifically, under the CARLA v2
protocol, Hydra-NeXt outperforms the previous state-of-the-
art, DriveAdapter [24], by 22.98 DS and 17.49% SR. Under
the Bench2Drive protocol, it achieves improvements of 9.64

DS and 16.92 SR, despite DriveAdapter utilizing expert
features from Think2Drive [30]. Additionally, Hydra-NeXt
demonstrates higher efficiency than the baselines, especially
those using expert features. Nevertheless, Hydra-NeXt falls
behind TCP [47] in terms of Comfort, which is likely due to
frequent braking during interactive situations.

For the Multi-ability Results shown in Tab. 3, Hydra-
NeXt shows an improvement of 11.14% over DriveAdapter
in the average performance. It is worth noting that Hydra-
NeXt exhibits superior performance in interactive scenar-
ios such as merging (+11.18%), overtaking (+38.06%), and
emergency braking (+12.91%), which indicates its profi-
ciency in handling reactive agents. However, Hydra-NeXt
falls behind DriveAdapter in scenarios where the vehicle
should adhere to traffic signs. This phenomenon may be
caused by causal confusion [24] when encountering mixed
expert behaviors before traffic signs, and is worth future in-
vestigations. Notably, all methods achieve less satisfactory
results in yielding to specialized vehicles (e.g. ambulances),
which may be caused by the scarcity of such training data.

Moreover, Tab. 4 shows that Hydra-NeXt achieves a
new state-of-the-art on the NAVSIM Benchmark. Though
NAVSIM only evaluates the predicted trajectory from myy.q;,
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Method ‘

Ability (%) 1

‘ Merging Overtaking Emergency Brake = Give Way  Traffic Sign | Mean
UniAD-Base [22] 14.10 17.78 21.67 10.00 14.21 15.55
VAD [27] 8.11 24.44 18.64 20.00 19.15 18.07
Hydra-MDP [31] 19.23 20.00 45.00 50.00 41.58 35.16
TCP* [47] 16.18 20.00 20.00 10.00 6.99 14.63
TCP-Ctrl* [47] 10.29 4.44 10.00 10.00 6.45 8.23
TCP-Traj* [47] 8.89 24.29 51.67 40.00 46.28 34.22
ThinkTwice™* [25] 27.38 18.42 35.82 50.00 54.23 37.17
DriveAdapter* [24] 28.82 26.38 48.76 50.00 57.21 42.08
Hydra-NeXt | 40.00 64.44 61.67 50.00 50.00 | 53.22

Table 3. Multi-Ability Results of E2E-AD Methods on the Bench2Drive Benchmark. * denotes expert feature distillation.

Method | NCT DAC+ TTCT EPt Ct PDMSt
Transfuser [9] 977 928 928 792 100  84.0
Hydra-MDP [31] 983  96.0 946 787 100 865
DiffusionDrive [33] | 982 962 947 822 100  88.1
Hydra-NeXt | 981 977 946 818 100 886

Table 4. Performance of E2E-AD Methods on NAVSIM.

the extension of learning targets in 7., and g, can benefit
the trajectory prediction, leading to an improvement of 2.1
PDMS over Hydra-MDP [31].

5.4. Ablation Study

Ablation on Different Components and their Designs.
Fig. 2 shows the detailed ablations of each component
in Hydra-NeXt. Operating on perspective image tokens,
Hydra-MDP achieves a 52.8 DS, which already surpasses
DriveAdapter by around 10 DS. Nevertheless, the trajectory
prediction remains insufficient when facing more complex
agent interactions, which promotes the utilization of a con-
trol prediction network 7., for rapid reactions. The output
of 7.4 1s ensembled with the trajectory in a similar fashion
to Sec. 4.2, where the brake threshold is correspondingly set
to 1 given two proposals. This gives us a large increase of
12.7% in the SR, indicating fewer collisions with reactive
agents. Furthermore, using multi-step control predictions
into future frames as in [47] provides auxiliary supervision
(+1.8 DS). Applying a binary focal loss [34] for brake pre-
diction balances the training (+1.8% SR) and simply post-
processing the final control output, such as slowing down
during turns, leads to further enhancements (+2.5% SR). Fi-
nally, we build the Trajectory Refinement network on top
of the previous network. Involving the Diffusion Policy and
applies a straightforward ensembling leads to an increase of
around 3 DS, while applying the Nearest Neighbor Matching
(Algorithm 1) to follow kinematic constraints boosts the final
performance to 65.9 DS and 48.2% SR.

Design of Trajectory Refinement. To illustrate the necessity
of using the Diffusion Policy 74, as the proposal generator,
we first replace 74, with a discrete control decoder 7,

Policy in Traj. Refine. ‘ Driving Score T Success Rate (%) 1
Tt 60.15 4225
Tdp 65.89 48.20
Table 5. Ablation of the Policy in Trajectory Refinement.
Tetrl Tdp ‘ Driving Score T Success Rate (%) 1
2 Hz 2 Hz 61.95 39.05
2Hz 10Hz 65.89 48.20
10Hz 10Hz 64.66 44.45

Table 6. Ablation of the Prediction Frequency of the Control
Decoder and the Diffusion Policy.

Proposal Number N ‘ Driving Score 1 Success Rate (%) 1

5 65.52 46.36
10 65.89 48.20
20 66.09 46.08

Table 7. Ablation of the Proposal Number N in Trajectory
Refinement.

with a similar architecture to m.,.;, which can also generate
N proposals based on top-/V confidence scores. This leads
to a degradation of 5.78 DS as shown in Tab. 5, , which po-
tentially stems from the poor ability of 7/, , to generate long
and smooth control sequences. Further, we investigate the
ability of 74, in modeling high-frequency control sequences.
Tab. 6 indicates a performance degradation when using a
low-frequency 7gj,. On the contrary, a low-frequency .,
is better than a high-frequency one. This echos the previous
finding and proves the effectiveness of employing 74, as the
generator. Finally, Tab. 7 examines the impact of varying
the number of proposals. Increasing the proposal number N
from 5 to 20 leads to saturating performance on DS, while
SR mildly fluctuates with a larger /V. The fluctuation may
result from over-confident matching between 74, and the
other decoders, while we can potentially benefit from small
differences between their predictions for exploration.

5.5. Runtime Efficiency and Visualization

Runtime Efficiency. Tab. 8 compares the runtime efficiency
of Hydra-NeXt with E2E baselines. Since 7¢,.q; performs
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Figure 4. Visualizations of Trajectory Refinement. The figure shows the front-view image, trajectories transformed from control proposals,

and the selected nearest proposal to the predicted trajectory.

Method Latency (ms)
UniAD-Base [22] 555.6
VAD [27] 2243
DriveAdapter [24] 894.0
Method — mira; Tetrt  Tap F | Latency (ms)
v 245.4
v v 250.6
Hydra-NeXt v v v 998 6
v v v v 528.3

Table 8. Analysis of Runtime Efficiency. The latency of Hydra-
NeXt and VAD are benchmarked on an NVIDIA RTX 3090, while
UniAD and DriveAdapter are on NVIDIA Tesla A100 and A6000,
respectively. F refers to Flash-attention [10] for acceleration.

planning based on perspective image tokens without con-
structing an explicit BEV feature [22], it achieves higher ef-
ficiency than the previous UniAD. The control decoder 7.,
is also lightweight. Nevertheless, involving the Diffusion
Policy mg, for refining trajectories results in an efficiency
degradation, which is an inherent limitation of the iterative
denoising process [8] and deserves further optimization.

Visualization. Fig. 4 depicts the process of Trajectory Re-
finement in a highway merging scenario and an unprotected
left turn. Multiple control sequences are proposed by g,
and transformed into trajectories. The best-matching pro-

posal can smooth the trajectory produced by 7sy,; with a
large curvature, ensuring kinematic feasibility.

6. Conclusion

In this paper, we first analyzed the development of current
end-to-end autonomous driving systems, focusing on the dis-
crepancy between open-loop and closed-loop environments
and the challenges of bringing an open-loop trained model to
closed-loop driving. These challenges include handling reac-
tive agents and adhering to kinematic constraints. To address
these issues, we propose Hydra-NeXt, a unified approach
for trajectory and control prediction. By integrating Hydra-
MDP with the Multi-head Motion Decoder and the Tra-
jectory Refinement network, Hydra-NeXt obtains stronger
closed-loop driving performance. Specifically, Hydra-NeXt
demonstrates superior performance of 65.89 Driving Score
(DS) and 48.20% Success Rate (SR) on the closed-loop
driving benchmark Bench2Drive and outperforms previous
state-of-the-art methods by a significant margin. Hydra-NeXt
also achieves a new state-of-the-art on the real-world E2E
planning benchmark NAVSIM.
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