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Abstract

Although end-to-end autonomous driving (E2E-AD) tech-
nologies have made significant progress in recent years,
there remains an unsatisfactory performance on closed-loop
evaluation. The potential of leveraging planning in query
design and interaction has not yet been fully explored. In
this paper, we introduce a multi-granularity planning query
representation that integrates heterogeneous waypoints, in-
cluding spatial, temporal, and driving-style waypoints across
various sampling patterns. It provides additional supervision
for trajectory prediction, enhancing precise closed-loop con-
trol for the ego vehicle. Additionally, we explicitly utilize the
geometric properties of planning trajectories to effectively
retrieve relevant image features based on physical locations
using deformable attention. By combining these strategies,
we propose a novel end-to-end autonomous driving frame-
work, termed HiP-AD, which simultaneously performs per-
ception, prediction, and planning within a unified decoder.
HiP-AD enables comprehensive interaction by allowing plan-
ning queries to iteratively interact with perception queries in
the BEV space while dynamically extracting image features
from perspective views. Experiments demonstrate that HiP-
AD outperforms all existing end-to-end autonomous driving
methods on the closed-loop benchmark Bench2Drive and
achieves competitive performance on the real-world dataset
nuScenes.

1. Introduction

Recently, great progress has been achieved in end-to-end
autonomous driving (E2E-AD), which directly predicts plan-
ning trajectory from raw sensor data. One of the mainstream
methods is to integrate all tasks (e.g., perception, prediction,
and planning) into a single model within a fully differen-
tiable manner [6, 16, 23, 54]. Compared to the traditional
standalone or multi-task paradigm [11, 40, 51], it greatly al-
leviates the accumulative errors and enables all task modules
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Figure 1. Comparison of existing state-of-art works on open-loop
metric of Collision Rate on nuScenes dataset and closed-loop metric
of Success Rate on Bench2Drive dataset, where top left is better.
The legend indicates different planning interaction methods.

work collaboratively, which exhibits promising performance
under the effect of large-scale data.

Despite these advances, a significant performance gap
persists between open-loop and closed-loop evaluations, pri-
marily attributable to differences in motivation. Open-loop
methods focus on the displacement error in the planning
trajectory compared to the ground truth, while closed-loop
methods prioritize safe driving performance. As illustrated
in Fig. 1, previous E2E-AD methods [16, 23, 48, 49, 59]
demonstrate strong performance in terms of Collision Rate
(lower is better) in the open-loop benchmark nuScenes [2]
with some methods achieving as low as 0.1%. However,
these methods show unsatisfactory performance in terms of
Success Rate on the comprehensive closed-loop evaluation
dataset, Bench2Drive [21], where the Success Rate remains
below 35%. Even when focusing solely on emergency brak-
ing, the Success Rate is still inadequate, below 55% (as
shown in Tab. 2), despite achieving an open-loop Collision
Rate as low as 0.1%.
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Figure 2. This diagram compares earlier methods (a-b) for predict-
ing waypoints with our proposed multi-granularity planning design
(c), where n¢, ns, and ng represent different number of granularity
in each waypoints type in terms of frequency, interval, and speed.
Part (d) illustrates the evolution of hierarchical waypoints with
instantiated granularity based on different sampling strategies.

We argue that the potential of planning in query design
and interaction has not been fully explored in these E2E-AD
methods. First, most methods [16, 22, 23, 54, 58] formulate
E2E-AD as an imitation learning task via a trajectory regres-
sion (Fig. 2 (a)) with sparse supervision, focusing primarily
on the trajectory fitting itself rather than closed-loop control.
In contrast, closed-loop oriented methods [9, 18, 42, 45]
encounter several other challenges, such as non-convex prob-
lems [6] and steering errors [43]. CarLLaVA [43] greatly
alleviates these issues by decoupling standard waypoints
into time-conditioned and space-conditioned waypoints for
longitudinal and lateral control, as shown in Fig. 2 (b). How-
ever, it is built upon a pre-trained large language model
without intermediate perceptual results, which lacks inter-
pretability, and it has not investigated the diversification of
trajectories. In this paper, we propose multi-granularity plan-
ning query representation with hierarchical waypoints pre-
dictions for E2E-AD, as shown in Fig. 2 (c-d). Specifically,
we disentangle the waypoints into temporal, spatial (path),
and driving-style waypoints predictions with corresponding
planning queries'. Additionally, we further diversify each
type of waypoints into multiple granularities with different
sampling strategies, such as frequency, distance, and speed,
enriching additional supervision during training. They can
be effectively aggregated to facilitate interaction between
the different characteristics. As a result, sparse waypoints
provide global information, and dense waypoints outputs are

I'some works refer to this as ego query

more suitable for fine-grained control. Moreover, the multi-
granularity dramatically reduces the ego hesitation issue that
the ego vehicle keeps waiting in some scenarios until the
closed-loop simulation times out. It encourages behavior
learning in complex scenarios (e.g., traffic signs, overtaking)
without introducing causal clues.

Second, sequential paradigms like UniAD [16] and
VAD [23] formulate interaction only between learnable ego
queries and the perception transformer outputs. While the
parallel approach of Para-Drive [54] applies the ego query
interacting solely with BEV features. These approaches lack
the comprehensive interaction for planning to effectively
engage with both perception and scene features (e.g., image
or BEV features). In contrast, DriveTransformer [22] allows
ego query to fully interact with both perception and image
features within a single Transformer. However, it remains
challenging for the ego query to effectively extract valuable
information from multi-view images throgh global attention
without the prior context of the planning trajectory. To ad-
dress this issue, we employ planning deformable attention
with physical locations to dynamically sample relevant im-
age features in proximity to the planning trajectory. It can be
easily integrated into a unified framework alongside percep-
tion tasks. Specifically, we employ a unified decoder with
hybrid task queries as inputs, which combines queries from
detection tasks (including motion prediction), map under-
standing tasks, and planning tasks. It enables planning and
perception tasks to exchange information in the BEV space
and allows planning query to interact with the image space
by leveraging the geometric priors of their waypoints.

With both strategies, we propose a novel end-to-end au-
tonomous driving framework, termed HiP-AD. It is evalu-
ated the on closed-loop benchmark Bench2Drive [21] and
open-loop dataset nuScenes [2], achieving outstanding re-
sults on both planning and perception tasks. Our main con-
tributions are as follows:

* We propose a multi-granularity planning query representa-
tion that integrates various characteristics of waypoints to
enhance the diversity and receptive field of the planning
trajectory, enabling additional supervision and precise con-
trol in a closed-loop system.

* We propose a planning deformable attention mechanism
that explicitly utilizes the geometric context of the plan-
ning trajectory, enabling dynamic retrieving image fea-
tures from the physical neighborhoods of waypoints to
learn sparse scene representations.

* We propose a unified decoder where a comprehensive
interaction is iteratively conducted on planning-perception
and planning-images, making an effective exploration of
end-to-end driving in both BEV and perspective view,
respectively.
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Figure 3. The overall framework of HiP-AD. It comprises a Backbone with FPN for image feature extraction, a Unified Decoder for
iterative query refinement, and various Heads for multi-task prediction. The inputs of the Unified Decoder are task anchors and queries
(agent, map, and planning), where planning query consists of multi-granularity waypoints representations. Within each decoder layer, the
task queries first interact with temporal query separately, then collaboratively with each other, and finally engage the image features in an
iterative manner. Last, the updated task queries are sent to the corresponding heads for perception, prediction, and planning. The planning
results including various waypoints with different granularity for precise action control.

2. Related Work

2.1. Dynamic and Static Perception

Dynamic object detection can be broadly categorized into
BEV-based methods and sparse query-based methods. The
BEV-based methods [17, 26, 27, 39] detect objects by con-
structing bird’s-eye view (BEV) features, either by flattening
voxel features with estimated depth or by injecting perspec-
tive features into BEV grids. In contrast, sparse query-based
methods [32, 35, 52, 53] directly compute detection results
through techniques such as geometric embedding and an-
chor projection with deformable attention, reducing the need
for extensive construction of BEV features and leading to a
more efficient detection process.

Static map element detection tasks are dominated by BEV
representation methods. Rasterized-based methods [25] pre-
dict static elements through techniques such as segmentation
and lane detection, followed by a post-processing step. In
contrast, vectorized representation methods [30, 36] directly
model vectorized instances without post-processing, leading
to improved efficiency and higher performance. Building on
this paradigm, advancements such as long-sequence tempo-
ral fusion [56] and multi-points scatter strategies [37] further
enhance the robustness of static element detection.

2.2. Motion Prediction and Planning

Motion prediction methods predict vehicle trajectories from
LiDAR points or rendered HD maps. For example, Intent-
Net [3] develops a one-stage detector and forecaster with 3D
point clouds and dynamic maps. VectorNet [14] proposes an
efficient graph neural network for predicting the behaviors
of multiple agents. PnPNet [29] develops a multi-object
tracker that simultaneously performs perception and motion

forecasting, leveraging rich temporal context for enhanced
performance. ViP3D [15] proposes a fully differentiable
vision-based trajectory prediction approach.

Traditional planning has often been treated as an inde-
pendent task, relying on the outputs from perception and
prediction modules. Early works utilize rule-based plan-
ners [1, 11, 51] or optimization-based methods [13, 47, 60]
for planning. In contrast, learning-based methods have
gained prominence, offering new paradigms for planning
tasks. Some works [8, 9, 41, 42] directly predict planning
trajectories or control signals without intermediate results,
while other methods [10, 44] optimize planning by utilizing
outputs of perception and prediction for great interpretability.
Additionally, reinforcement learning [4, 5, 24, 50] has shown
significant promise in autonomous driving.

2.3. End-to-end Autonomous Driving

Different from the traditional standalone or multi-task
paradigm [11, 40, 51], End-to-End autonomous driving
methods alleviate potential cumulative errors by applying a
unified pipeline that integrates perception, prediction, and
planning tasks. For example, UniAD [16] pioneeringly in-
tegrates various tasks into a single model. VAD [6, 23]
simplifies the scene representation to vectorized elements,
enhancing both efficiency and robustness. PPAD [7] formu-
lates a hierarchical dynamic key object attention to model
the interactions in an interleaving and autoregressive manner.
Instead of constructing dense BEV features, SparseAD [58]
and SparseDrive [49] utilize a sparse query-based framework,
achieving greater efficiency and more accurate results. Based
on this manner, DiFSD [48] iteratively refines the ego trajec-
tory from coarse-to-fine through geometric information. In
contrast to the sequential scheme, Para-Drive [54] employs
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Figure 4. [llustration of the detailed architecture of three submod-
ules within the unified decoder layer for comprehensive interaction.

a parallel approach, performing perception and planning
tasks concurrently for improved performance. DriveTrans-
former [22] further integrates these tasks within a single
transformer and achieves excellent performance in closed-
loop system. Additionally, generative frameworks [31, 59]
and large language models [38, 43, 46] provide innovative
perspectives for decision-making and planning, and are in-
creasingly capturing attention in the field.

3. Method

3.1. Overview

The overall network architecture of HiP-AD is illustrated
in Fig. 3. It consists of a backbone followed by a feature
pyramid network (FPN) module that extracts multi-scale fea-
tures { F; }Y_, from multi-view images {I;})_,, and a unified
decoder with various task-specific heads. The unified de-
coder takes hybrid task anchors and queries as inputs, which
are concatenated from agent queries Q, € RN+*® map
queries Q,, € RV»*¢ ‘and planning queries ), € RV»*C,
where N represents the number of queries and C' denotes
the feature channel size. The agent query corresponds to
object detection and motion prediction, while the map and
multi-granularity planning queries (Sec. 3.3) manage online
mapping and trajectory prediction. The detection and motion
prediction heads, along with the map and planning heads,
predict their respective tasks. The planning head outputs tem-
poral, spatial, and driving-style waypoints for ego-vehicle
control. Additionally, the top kq, k., k, updated queries are
stored in memory for subsequent temporal interactions.

3.2. Unified Decoder

As shown in Fig. 3 and in detail in Fig. 4, the unified
decoder consists of three modules: the Temporal Interac-

tion Module, the Collaborative Interaction Module, and the
Task Deformable Aggregation Module. Each module is
designed to facilitate temporal, cross-task, and task-image
interactions, respectively. Each input task query is associ-
ated with a corresponding anchor. The agent query uses
box anchors, A, € RY«*DPa while the map query utilizes
polyline anchors, A,, € RN»>*Pm initialized through a
clustering algorithm, where D denotes the anchor dimen-
sion. We also model the planning query as a polyline anchor
A, € RNe*Dr using its T' future waypoints.

Temporal Interaction. The Temporal Interaction Module
establishes communication between the features of the cur-
rent task and those of historical tasks, which are retained
from the previous inference frame via a top k selection mech-
anism. As shown in the bottom left of the Fig. 4, three dis-
tinct cross-attention mechanisms for each task’s temporal
interaction, as well as an additional cross-attention mecha-
nism that enables enhanced interaction between the planning
query and temporal perception queries, focusing on histori-
cal surrounding elements.

Collaborative Interaction. The Collaborative Interaction
Module enables cross-task interaction. It incorporates three
separate self-attention mechanisms, each dedicated to an
individual task, as well as a unified self-attention module
to apply interaction across tasks. Instead of using global
attention, we construct a geometric attention map for each
query pair to focus on local and relative elements. Using
perception query as an example, following [34], we dynami-
cally adjust BEV receptive fields through scaling distance as
attention weight.

KT
Ve

where 7 is a learnable coefficient computed from ) by MLP
functions. D represents the Euclidean distance between two
object instances, denoted as (d; ;). Similarly, we extend the
computation of minimum distances to generate the attention
weight by incorporating interactions between map-agent,
map-map, and agent-map anchors. For planning queries,
there are no distance constraints, allowing them to access
information from all tasks.

Task Deformable Attention. Unlike previous works [22],
which employ global attention to interact with all multi-view
image features, we leverage separate deformable attention
modules to sample local sparse features tailored to each task
query. Specifically, we project task anchors to multi-view im-
ages through the camera parameters, as used in [33, 49]. For
planning, we distribute reference waypoints across various
predefined height values and then project them onto multi-
view images. To sample features of neighboring points, we
employ several MLPs to learn spatial offsets and associated
weights based on the projected reference points. The process
of planning deformable attention (PDA) can be formulated

Attention(Q, K, V') = Softmax( —mD)V, (1)

25608



as:

PDA(Q,, F) = > DeformAttn(Qp, P(4,), Fi),  (2)

i€V

where P indicates a project function. Therefore, it integrates
features around the future trajectory to learn the sparse scene
representation, avoiding a potential collision.

3.3. Hierarchical and Multi-granularity Planning

Hierarchical Waypoints. Different from previous way-
points designs [23, 43], we incorporate novel driving-style
waypoints alongside traditional temporal and spatial repre-
sentations Fig. 2 (d). It further integrates diverse driving
styles with distinct velocities to learn ego-vehicle actions
in complex environments. Additionally, a multi-sampling
strategy is applied to enable rich trajectory supervision and
precise control. This strategy combines dense and sparse
intervals for spatial waypoints, high and low frequencies for
temporal and driving-style waypoints. As a result, sparse
waypoints provide a broader global context for advanced
decision-making, while dense-interval waypoints enable fine-
grained control for precise maneuvering. Moreover, the in-
tegration of driving-style waypoints with different speeds
provides a rich understanding of complex scenarios like over-
taking or emergency braking, ensuring flexible longitudinal
control in close-loop evaluation.
Multi-granularity Planning Query. We construct multi-
granularity planning queries to predict these heterogeneous
waypoints. As illustrated in Fig. 5, there are N, query
groups, which consist of temporal, spatial, and driving-style
planning queries with n;, ng, ng sampling strategies. Each
query group represents a specific planning granularity, en-
compassing N,,,; modalities such as left, straight, and right
trajectories. We construct the multi-granularity planning
query matrix, which has a total size N, = Ny,q X N,,.
Upon processing through the unified decoder, planning
queries of varying granularities within a single modality are
aligned and aggregated to create a fused query, enhancing
information complementarity and overall effectiveness. The
fused query is employed to predict waypoints across all
granularities, leveraging additional supervision to optimize
trajectory. The process is formulated as follows:

Qfuse = > Q, 3)

JENg

where 7, j are the i-th modality and j-th granularity, respec-
tively. Q}use represents the fused query of i-th modality.
We use Ny MLP, . layers to regress different granularity of
waypoints W7, while all granularity share the same modal-
ity score layer MLP ;5 4,

Wi’j = MLPieg (Qifuse)

i : )
md = MLPcls—md(quse)7
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Figure 5. The illustration of multi-granularity query architecture
with alignment fusion for waypoints prediction. We omit the classi-
fication head for clarity.

where modality score S,,4 is used in the inference step to
select the best modality. Additionally, a driving-style classi-
fication head is used for final waypoints selection.

Sity = MLPClS-Sty(Q?use)' (5)

Align Matching. In the training process, a winner-takes-all
matching approach is employed within each query group,
which includes all modalities with a specific granularity, to
select the optimal modality for optimization. Instead of per-
forming independent matches for each group of waypoints,
we introduce an align matching strategy that designates a
single group of waypoints as the reference waypoints Wl
along with its corresponding GroundTruth GT™" for match-
ing and broadcasts to the others:

Lyer = arg min( Lo (W™ — GT™)), (6)
where 1, represents the best matching index in reference
query group. All other groups then share the same matching
results to align with the matched planning modalities on the
remaining query groups. Consequently, the gradients across
all granularities of the optimally matched modality can be
effectively backpropagated.

Based on this mechanism, n, driving-style waypoints
are selected after the align-matching. Each driving-style
waypoints is responsible for an area of velocity. Different
from spatial or temporal waypoints that optimize across all
granularities, we only select one granularity of driving-style
waypoints to optimize, ensuring that each granularity of
waypoints learns corresponding actions to various complex
driving scenarios. This process is informed by the ground
truth of the temporal waypoints.

3.4. Waypoints Selection and Action Control

Selection. During the inference step, the final waypoints are
computed through a two-step selection process. First, the
optimal modality is selected based on the predicted modality
score .Sy, Second, specific granularity waypoints are chosen
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| Open-loop Metric |

Closed-loop Metric

Method
\ Avg. L2 | \ Driving Score T Success Rate(%) T Efficiency T  Comfortness 1

AD-MLP [57] 3.64 18.05 0.00 48.45 22.63
UniAD-Tiny [16] 0.80 40.73 13.18 123.92 47.04
UniAD-Base [16] 0.73 45.81 16.36 129.21 43.58
VAD [23] 091 42.35 15.00 157.94 46.01
SparseDrive [49] 0.87 44.54 16.71 170.21 48.63
GenAD [59] - 44.81 15.90 - -
DiFSD [48] 0.70 52.02 21.00 178.30 -
DriveTransformer-Large [22] 0.62 63.46 35.01 100.64 20.78
TCP-traj* [55] 1.70 59.90 30.00 76.54 18.08
ThinkTwice* [20] 0.95 62.44 31.23 69.33 16.22
DriveAdapter* [19] 1.01 64.22 33.08 70.22 16.01
HiP-AD \ 0.69 \ 86.77 69.09 203.12 19.36

Table 1. Open-loop and Closed-loop results of planning in Bench2Drive. Avg. L2 is averaged over the predictions in 2 seconds under 2Hz. *

denotes expert feature distillation.

Method | Ability (%) 1

‘ Merging  Overtaking ~ Emergency Brake — Give Way  Traffic Sign | Mean
AD-MLP [57] 0.00 0.00 0.00 0.00 4.35 0.87
UniAD-Tiny [16] 8.89 9.33 20.00 20.00 15.43 14.73
UniAD-Base [16] 14.10 17.78 21.67 10.00 14.21 15.55
VAD [23] 8.11 24.44 18.64 20.00 19.15 18.07
DriveTransformer-Large [22] 17.57 35.00 48.36 40.00 52.10 38.60
TCP-traj* [55] 12.50 2273 5272 40.00 46.63 3492
ThinkTwice* [20] 13.72 2293 52,99 50.00 47.78 37.48
DriveAdapter* [19] 14.55 22.61 54.04 50.00 50.45 38.33
HiP-AD | 50.00 84.44 83.33 40.00 72.10 | 65.98

Table 2. Multi-Ability Results of E2E-AD Methods in Bench2Drive. * denotes expert feature distillation.

according to predefined rules: dense intervals are selected
for spatial waypoints, and high-frequency waypoints are pre-
ferred for temporal granularity. For driving-style waypoints,
the selection is based on the highest score from the predicted
style classifications.

Control. We employ spatial waypoints for lateral control
and driving-style waypoints for longitudinal control. An
exception occurs when the current speed deviates from the
chosen driving-style waypoints, in which case the driving-
style waypoints will revert to default temporal waypoints for
longitudinal control.

3.5. Loss Functions

HiP-AD can be end-to-end trained and optimized in a fully
differentiable manner. The overall optimization function
includes four primary tasks (detection, motion prediction,
mapping, and planning) and an auxiliary task. Each pri-
mary task can be optimized using both classification and
regression losses with corresponding weight. The overall
loss function can be formulated as follows:

ﬁoverall = Edet + ﬁmotion + £map + Eplan + £aum- (7)

Specifically, the planning loss integrates a multi-granularity
waypoint regression loss and classification loss for modality
and driving-style:

Ng
£plan - Z ‘Cg«eg + Ecls—md + Ecls—sty- (8)
j=1

4. Experiments
4.1. Dataset and Metrics

Dataset. In order to comprehensively evaluate the perfor-
mance of the end-to-end autonomous driving algorithm, our
experiments are mainly conducted on challenging closed-
loop benchmark Bench2Drive [21] dataset, which collects
1000 short clips uniformly distributed under 44 interactive
scenarios in CARLA v2 [12]. There are 950 clips for train-
ing and 50 clips for open-loop validation. Furthermore, it
provides closed-loop evaluation protocols under 220 test
routes for fair comparison. We also evaluate the open-loop
performance on the realistic dataset nuScenes [2], which
comprises 1,000 videos divided into training, validation, and
testing sets with 700, 150, and 150 videos, respectively.
Metrics. For closed-loop evaluation, we employ the official
evaluation metrics recommended in Bench2Drive: Driving
Score (DS), Success Rate (SR), Efficiency (Eff.), and Com-
fortness (Com.). For open-loop evaluation in both dataset,
we follow previous works [16, 23], using L2 Displacement
Error (L2) and Collision Rate (CR) to measure the planning
trajectory. The results of 3D object detection, tracking, and
online mapping on nuScenes dataset are also reported with
commonly used metrics [2, 27, 30].

4.2. Implementation Details

We adopt ResNet50 as the backbone with 6 unified de-
coder layers, utilizing an input resolution of 640 x 352 in
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Method L2 (m) |

Collision (%) | ‘ Latency | ‘ FPS 1

1s 2s 3s Avg s 2s 3s Avg.
VAD-Base [23] 041 070 105 072 | 003 019 043 021 2243 4.5
GenAD [59] 028 049 078 052 | 008 0.14 034 019 149.2 6.7
SparseDrive-S [49] 029 058 096 061 | 001 005 0.8 008 101.0 9.9
DiFSD-S [48] 0.15 031 056 033 | 000 006 0.9 008 937 10.7
DriveTransformer-Large [22] | 0.16 030 0.55 033 | 0.01 0.06 0.15 0.07 221.7 4.5
HiP-AD | 028 053 087 056 | 001 005 015 007 | 1099 | 9.1

Table 3. Open-loop planning evaluation results on the nuScenes validation dataset with the evaluation protocol [28]. Latency and FPS of
DriveTransformer [22] are measured on NVIDIA H800 GPU while the others are measured on NVIDIA 3090 GPU.

Method detection map track motion
mAPt NDSt | mAP? | AMOTAT | minADE}

UniAD [16] 0.380 0.359 -

VAD [23] 0276 0397 | 0476 - -

SparseDrive-S [49] | 0.418  0.525 | 0.551 0.386 0.62

DiFSD [48] 0410 0528 | 0.560 - -

HiP-AD | 0424 0535 | 0571 | 0406 | 0.61

Table 4. Comparison of perception, mapping, tracking, and motion
prediction performance on the nuScenes validation dataset.

Variants ‘ PDA MG ‘ Closed-loop

Driving ScoreT  Success Rate(%)1
Sequential | v/ v 732 455
i 413 16.4
. v 49.7 25.5
Unified - v 76.4 472
v v 88.3 727

Table 5. Ablation study of the architecture and proposed modules.
PDA: Planning Deformable Attention; MG: Multi-Granularity.

Bench2Drive, which serves as the default dataset for our
experiments. We establish fixed quantities for hybrid task
queries, consisting of 900 agents, 100 maps, and 480 plan-
ning queries. The total planning query comprises 10 granu-
larities, with each serving as a planning group encompassing
48 modalities. These granularities include spatial waypoints
sampled at uniform intervals of 2m and 5m, temporal way-
points sampled at frequencies of 2Hz and SHz, and manual
divisions of driving styles across three speed ranges: [0, 0.4),
[0.4,3), and [3, 10) m/s, each with two frequency settings.
Target points and high-level commands are embedded into
the planning query through MLPs before the regression head,
while the ego status is excluded from inputs which is only
used for supervision in training.

The training process consists of two phases. Initially,
we disable the driving-style head for 12 epochs, followed
by 6 epochs of fine-tuning with the driving-style head en-
abled. We train the model on 8 NVIDIA 4090 GPUs with
a total batch size of 32. The AdamW optimizer and Co-
sine Annealing scheduler are utilized with an initial learning
rate of 2 x 10~ and a weight decay of 0.01. Training on
the nuScenes dataset using a similar process. Additional
implementation details are provided in the appendix.

4.3. Main Results

Bench2Drive. We evaluate HiP-AD against state-of-the-art
end-to-end autonomous driving methods on the Bench2Drive
dataset, with results presented in Tab. 1. HiP-AD achieves
the best closed-loop performance, demonstrating superior
Driving Score and Success Rate. Compared to the second-
place method [22], it significantly improves by over 20%
in Driving Score and 30% in Success Rate. Furthermore,
HiP-AD attains a comparable L2 error score when compared
to other leading methods. The primary limitation of our
approach is in Comfortness. However, we emphasize that
comparing Comfortness is meaningful only among methods
with similar Success Rate scores. Behaviors such as sudden
braking or turning, while potentially reducing Comfortness,
are often necessary to ensure the successful completion of
the evaluation.

Additionally, we present the multi-ability scores in Tab. 2,

highlighting HiP-AD’s exceptional performance across di-
verse driving scenarios. HiP-AD significantly enhances capa-
bilities in scenarios such as Merging, Overtaking, Emergency
Brake, and Traffic Sign, leading to an overall score improve-
ment of over 25%. Give Way illustrates some rare driving
scenarios that require ego vehicle to yield to an emergency
vehicle coming from behind. Considering the imbalance
datasets, making quick decisions is still a challenge for E2E-
AD methods.
NuScenes. We further evaluate HiP-AD’s performance on
the open-loop dataset nuScenes, focusing on perception
and motion prediction tasks. As shown in Tab. 3, HiP-AD
achieves the lowest Collision Rate among all compared meth-
ods while maintaining a competitive L2 error. The perception
and prediction results, presented in Tab. 4, demonstrate that
HiP-AD delivers strong performance in both tasks, highlight-
ing the robustness and effectiveness of the proposed unified
framework.

4.4. Ablation Study

In the ablation experiments, we use a small test set of
Bench2Drive to save computational resources. This subset
consists of 55 routes (25% of the total 220 routes), with 44
routes selected one-to-one from 44 unique scenarios and the
remaining 11 routes randomly chosen from the rest routes.
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Multi-Granularity Details Control Closed-loop
Index | Fusion Align-Matching Temporal Spatial Driving Style .. .
2z SHz | Sm 2m | sty-2Hz  sty-SHz Lon. Lat. | Driving Scoret  Success Rate(%)T  Time Out(%)|
1 v 2Hz 2Hz 49.7 25.5 41.8
2 v v 2Hz Sm 53.6 29.0 273
3 v v v 2Hz Sm 62.4 29.0 20.0
4 v v v v 2Hz Sm 79.5 56.3 5.5
5 v v v v 5Hz 2m 82.1 60.0 3.6
6 v v v v v v SHz 2m 84.2 65.5 1.8
7 v v v v v v v v sty-5Hz ~ 2m 88.3 72.7 1.8

Table 6. Ablation study of multi-granularity planning. Lon. and Lat. refer to longitudinal and lateral control.

Effect of architecture and modules. As shown in Tab. 5,
we evaluate the contributions of planning deformable at-
tention and multi-granularity representation. The results
indicate that both components play a critical role in enhanc-
ing overall performance, with multi-granularity particularly
noteworthy for its provision of improved control. Addition-
ally, we compare the proposed unified framework with its
sequential variant. In the sequential version, the perception
components of HiP-AD are executed first, followed by the
planning components. In contrast, the unified version runs
perception and planning iteratively in parallel. Experimental
results reveal that the unified version significantly outper-
forms the sequential variant, demonstrating the superiority
of the unified framework.

Effect of multi-granularity planning. Tab. 6 presents the
ablation study on multi-granularity planning query design.
The 1st setting employs only 2Hz temporal waypoints, con-
sistent with VAD [23] or UniAD [16]. The 2nd setting
incorporates both temporal and spatial waypoints, similar
to CarLLaVA [43]. The 3rd and 4th settings use the same
waypoints as the 2nd but introduces granularity fusion and
align-matching, demonstrating significant performance im-
provements. The 5th setting utilizes SHz and 2m waypoints,
highlighting that higher-frequency waypoints enhance fine-
grained control. The 6th setting combines dense and sparse
sampling intervals, showing that granularity fusion of sam-
pling intervals boosts performance. The 7th setting integrates
driving style, achieving a 7% improvement in Success Rate
and delivering the best overall performance. The waypoints
used for control correspond to the granularity settings, as
detailed in Tab. 6. Additionally, the hesitation phenomenon
is measured by “Agent timed out” status, which shows the
multi-granularity planning not only maintain safe driving,
but also encourages behavior learning.

4.5. Qualitative Results

We visualize the closed-loop results on the Bench2Drive
test routes, as shown in Fig. 6. Two typical scenarios are
illustrated: the first involves an unprotected left turn, and
the second features a hazard in the roadside lane. In the
first scenario, guided by spatial waypoints, the ego vehicle
successfully executes a left turn, adhering to the target trajec-
tory and changing lanes to avoid the bicycle. In the second

Figure 6. Qualitative results of HiP-AD on closed-loop routes,
including perception, motion, and planning trajectories. Spatial
waypoints are colored in skyblue, while driving-style waypoints

are colored in red. Important objects are highlight in circle.

scenario, the ego vehicle decelerates in accordance with the
proposed driving-style waypoints upon detecting obstacles,
such as a pedestrian on the side and a car ahead. These
results demonstrate the effectiveness of HiP-AD in handling
complex driving scenarios. Additional qualitative results are
provided in the supplementary materials.

5. Conclusion and Limitation

In this paper, we introduce HiP-AD, a novel end-to-end au-
tonomous driving framework. HiP-AD features a unified
decoder capable of simultaneously executing perception,
prediction, and planning tasks. The planning query itera-
tively interacts with perception features in BEV space and
multi-view image features in the perspective view, enabling
comprehensive interaction. Additionally, we propose a multi-
granularity planning strategy that integrates diverse planning
trajectories with rich supervision to enhance ego-vehicle
control. Extensive experiments on both closed-loop and
open-loop datasets demonstrate outstanding planning perfor-
mance, verifying the effectiveness of HiP-AD in complex
driving scenarios.

Limitations: Despite achieving excellent performance
in both closed-loop and open-loop evaluations, extensive
real-world testing is still necessary. Furthermore, avoiding
collisions with vehicles rapidly approaching from behind
remains a challenge. These issues will be a focus of our
future research.
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