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Abstract— End-to-end (E2E) autonomous driving has
emerged as a promising paradigm with the pervasive power
of model architectures and the availability of large-scale driv-
ing datasets. Despite tremendous efforts in recent research,
most E2E driving frameworks rely on rather general driving
commands, such as “Go Straight” or “Turn Left”, which fail
to encapsulate the complexities of nuanced driving behaviors
and lead to possible semantic ambiguities. Furthermore, such
commands are not adequately translated into specific goal
locations, which severely limits the planner’s capacity to make
informed, long-term decisions. This limitation hinders the in-
tegration of near-term trajectory planning with long-term goal
achievement. To tackle these challenges, we propose the Goal-
Driven Planner (GDP), accommodating an appealing plug-and-
play feature, which particularly leverages explicit goal points
and incorporates two complementary learning objectives: (i)
predicting a scene-aware long-term route to the goal, and
(ii) refining the near-term trajectory through interaction with
the long-term routing. When integrated into off-the-shelf E2E
autonomous driving frameworks such as UniAD, VAD-Tiny,
and DiffusionDrive, GDP improves trajectory quality and safety
across most open-loop and non-reactive simulation metrics.
By explicitly modeling a goal-driven route and using it as
structured guidance for trajectory refinement, GDP provides
a complementary planning signal that enhances long-term goal
alignment without modifying the underlying E2E architectures.

I. INTRODUCTION

Recent years have witnessed significant progress in au-
tonomous driving. In particular, end-to-end (E2E) learning is
emerging as a promising paradigm, which aims at modeling
the direct mapping from sensor inputs to trajectory [1] or the
vehicle control. E2E models [2], [3] integrate the classical
perception, prediction, and planning into one system, where
internal hidden features are shared across tasks. With the
unified design, E2E systems can reduce information loss
between connected modules, thereby improving system effi-
ciency and performance.

In spite of their significant benefits, existing E2E frame-
works for autonomous driving exhibit several limitations
concerning navigation. First, most approaches rely on general
driving commands like Go straight, Turn left, and Turn
right, which are generated by quantizing the relative pose
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Fig. 1: Comparison of two types of planning guidance for
trajectory planning. (a) Semantic command provides high-level
driving instructions (e.g., “Go Straight”), with ambiguity. (b) Goal-
driven route encodes concise objective information and considers
surrounding environments, providing more informative instructions.

differences of the ego vehicle. Even though these driving
commands are relatively easy to implement, they only offer
basic semantic instructions and lack geometric precision. As
a result, vague semantics may cause ambiguity in driving
models, particularly in intricate urban scenarios. As demon-
strated in Fig. 1(a), a “Go Straight” instruction could imply a
combination of distinct behaviors, such as lane changing or
merging. This ambiguity may mislead the planner, potentially
resulting in suboptimal planning outcomes or even unsafe
driving behaviors. In addition, such high-level instructions
fall short in setting a clear goal location for the planner,
which is crucial for the model to make long-term deci-
sions. Furthermore, the aforementioned formulation restricts
the planning model’s ability to learn how to effectively
synergize near-term trajectory planning and long-term goal
achievement. The lack of an explicit navigation target hinders
the model’s ability to develop consistent planning strategies
connecting local behaviors to overall goal achievement.
However, simply embedding static goal points from the map
into the E2E planner cannot enhance the performance, as
shown in Table I, which still lacks informative instructions
for near-term trajectory planning.

L2 (m) |

Collision (%) |
Is 2s 3s

Avg.‘ Is 2s 3s  Avg.

0.63 092 0.65|0.05 0.09 021 0.12
0.43 0.66 097 0.69 | 0.05 0.09 026 0.13

Method

UniAD [3] | 041
UniAD] [3]

Table I: Driving Command vs. Navigation Points. I denotes
encoding navigation points instead of driving commands in the
planner. Metrics follow the VAD [4] settings.
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To address the challenges mentioned above, we propose
GDP - Goal Driven Planner, a plug-and-play module, which
predicts a feasible route path connecting the current position
of the ego vehicle to the long-term navigation goal location,
simultaneously considering the surrounding environment.
Also, GDP consists of a refinement stage, aiming to refine
the planning trajectory through interaction with the predicted
route. As shown in Fig. 1(b), the learned route smoothly
connects the current ego location to the target location and
aligns well with the near-term trajectory.

We evaluate our GDP algorithm through extensive exper-
iments on NAVSIM [5] and nuScenes [6]. For experiments
over the NAVSIM dataset, we implement GDP based on the
recent DiffusionDrive [7], improving the Predictive Drive
Model score (PDMS) by 0.9 points, especially in safety
metrics and driving efficiency. For experiments over the
nuScenes dataset, we integrate GDP into popular frame-
works, i.e., UniAD and VAD-Tiny. The open-loop planning
results show that our method substantially reduces the aver-
age L2 error and the collision rate by 27.4% and 25.0% for
UniAD and by 23.1% and 41.5% for VAD-Tiny.

Our contributions can be summarized as follows:

o We thoroughly analyze the ambiguity issue of general
driving commands employed by most existing E2E
frameworks, and propose navigation goal points with
goal-driven routes as a more informative guidance for
the planning task in autonomous driving.

o We propose a goal-driven planner - GDP, which com-
prises a long-term route prediction module and a re-
finement module to synergize near-term planning and
long-term goal achievement. This integration enhances
the reliability of routing and also driving safety. It
is pertinent to highlight that our GDP accommodates
a plug-and-play feature, rendering it compatible with
most E2E frameworks.

o Comprehensive evaluations show that GDP enhances
the planning performance of E2E models across both
open-loop and non-reactive simulation-based metrics,
showcasing its strong generalization capability and con-
siderable value in real-world deployment.

II. RELATED WORKS

End-to-End Autonomous Driving With the advancement
of model architectures, end-to-end autonomous driving has
evolved into more integrated and efficient paradigms. ST-
P3 [2] adopts a sequential framework that learns to plan
trajectories from sensor inputs. UniAD [3] enables joint
learning of multiple perception tasks to enhance planning,
though it incurs high computational cost. To improve effi-
ciency, VAD [4] introduces a vectorized scene representation,
removing the need for rasterization and tracking. Alterna-
tive architectural designs have also been explored. PARA-
Drive [8] proposes a parallelized structure where perception,
prediction, and planning run concurrently. PPAD [9] mod-
els agent interactions autoregressively to capture temporal
dependencies. DriveTransformer [10] unifies task processing

with a transformer decoder, reducing training loss and im-
proving stability. DiffusionDrive [7] incorporates a truncated
diffusion process to model multi-modal behaviors efficiently,
leading to better planning performance.

Navigation Information in End-to-End Pipeline Navi-
gation information is significant for planning tasks, providing
essential instructions for driving decisions at each time
step during trajectory planning. Previous works [2], [3] on
nuScenes evaluation extract driving commands from the last
points of the ground-truth trajectories, and encode them
into one-hot vectors to represent driving behaviors, then
take them as input for the planning module. VAD [4] and
SparseDrive [11] require commands to select specific behav-
ior modes from multi-modal trajectory planning. Moreover,
SSR [12] extracts scene representation according to navi-
gation commands, more like a human attention mechanism,
bringing higher efficiency and planning performance.

Existing navigation-conditioned E2E planners can be
broadly categorized into command-based methods and route-
conditioned methods [13]-[15]. Command-based approaches
provide abstract semantic intent but lack explicit geometric
constraints, which may lead to ambiguity in complex traffic
layouts. In contrast, route-conditioned methods leverage spa-
tially grounded navigation information, such as waypoints or
map routes, to provide more precise guidance. GDP follows
this direction by predicting a learned, goal-driven route
as an explicit intermediate representation. Unlike methods
that assume access to predefined map routes or closed-loop
navigation signals, GDP predicts the route directly from
online perception features and sparse goal points, enabling
flexible integration with open-loop E2E pipelines.

III. PROBLEM FORMULATION
A. End-to-End Autonomous Driving

In end-to-end autonomous driving, the primary objective
is to generate a feasible trajectory for the ego vehicle, by
optimizing the planning 1oss Lpianning given the sensor
input. To enhance the quality of trajectory learning, auxil-
iary perception and prediction tasks are jointly optimized,
providing richer contextual supervision and promoting more
accurate and reliable planning. In our based end-to-end
planner, the joint-optimization loss is commonly formulated
as:

EEQE = ﬁmap + Eagent + Eplanninga (1)

where L, is the loss of online mapping [3], [4] or map
semantic tasks [7], [16] and Lgger is the loss of the agent
trajectory prediction head. The map and surrounding agent
information is transmitted between different heads in the
form of latent features, serving as the input to the planning
head, and our GDP modules.

B. Route Prediction Module

Route Pivots We define route pivots as a sequence of
key points distilled from aggregated trajectories, representing
an accessible path from the current ego vehicle position
to the goal. To construct ground truth for training, we
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Fig. 2: Overview of the Goal-Driven Planner (GDP). Left: GDP extends a standard end-to-end autonomous driving pipeline with a
Route Prediction Module and a Refinement Module. The route module predicts a scene-aware route from the ego state, navigation goal,
and map features, while the refinement module leverages the predicted route together with map, agent, and initial trajectory information
to jointly refine the route and the final planning trajectory. Right: An example where the refined trajectory (red) follows the predicted
long-term route (yellow) and moves consistently toward the goal (purple star). In contrast, the direct E2E planning output (blue) deviates
from the ground-truth trajectory (green) due to the lack of explicit goal and route guidance.

align navigation points with human trajectories and simplify
the resulting polyline using the Visvalingam—Whyatt (VW)
algorithm [17]. This algorithm reduces redundant points
while preserving the overall geometric shape. The process
is formulated as:

Spivotfgt = FVM (L(Ptrajectoryy Pgoal)» 7—)' (2)
Fypy is the  Visvalingam-Whyatt — simplifier, and
L(Pirajectory, Pgoat) means the polyline constructed

by the trajectory and the goal point. 7 is a threshold,
defining a minimum allowable area for the triangles formed
by consecutive points in a polyline. Higher 7 leads to more
sparse extractions, and lower values generate denser route
pivots.

Route Prediction Our route prediction module H,,yze
takes as input the long-term navigation goal positions Pz,
the ego state Scgo, and the map features F),,, extracted
from the map module of an E2E pipeline. The objective is to
predict a sequence of route pivot points Syt that guide the
downstream planning trajectory refinement module, which
can be described as follows:

Spivot = Hroute(Pgoala Segm Fmap)-
C. Refinement Module

After learning a goal-driven route from the route prediction
module, the refinement module H,. f;, aims to optimize the
original trajectory with the predicted route. In the refinement
module, it takes the planning trajectory Si.q; from the
original planner, goals P,,q;, route pivot predictions Spiyot,
and the scene features (map, agent) as input, and outputs the
refined planning trajectory Sye_;rqj, as depicted below:

3)

refine (-Pgoala Spivot7 Straj7 Fmap7 Fagent)~

4)

Sreftraj =

IV. METHODOLOGY

In this section, we show how to construct navigation points
in two representative datasets and the architecture of GDP.
As illustrated in Fig. 2, our method complements an E2E

pipeline [3], [4], [7] by developing a novel long-term route
prediction capability which then provides guidance to refine
the ego trajectory. GDP consists of two modules, i.e., the
route prediction module and the refinement module, which
are explained in Sec. IV-B and Sec. IV-C, respectively.
Sec. IV-D shows the overall training loss upon integrating
GDP into the E2E pipeline. We discuss the different usage
of the learnable route to refine the trajectory.

A. Navigation Point Construction

NAVSIM The NAVSIM dataset does not directly provide
map-based navigation points. Instead, driving commands are
generated based on static points sampled along the lane
centerlines and relative position judgment. To construct static
navigation points for our framework, we follow the official
methods used in OpenScene [18] for the goal points during
generating driving commands'.

nuScenes Since the nuScenes dataset does not provide
navigation points, we construct them manually by extracting
semantic locations from the HD map. Inspired by real-world
navigation systems (e.g., Google Map), which often highlight
intersections, merges, and exits as key areas, we design our
navigation points to reflect similar semantics.

Let Spay denote the set of navigation points for a trajectory.
For each scene and its sampled trajectory, we use the
nuScenes map API to retrieve the set of traversed road blocks
and extract those corresponding to intersections, denoted by
Z,. For each intersection ¢ € Z,,, we compute the intersected
points between the polygon boundary of ¢ and the lane cen-
terlines Ciape, represented as linestrings. These intersections

form the local navigation points S, represented by:

local __
Snav -

{Intersect (Ciane, boundary(é)) | € Z}.  (5)

Since the navigation points are typically constructed based on
the regions directly traversed by the observed trajectory, they
may fail to reflect the vehicle’s future progression beyond the

'https://github.com/OpenDrivelab/OpenScene/blob/
main/DriveEngine/process_data/helpers/driving_
command.py
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Algorithm 1 Static Navigation Point Construction from
nuScenes HD Map

Require: Trajectory sample 7, nuScenes HD map M
Ensure: Navigation point set S,y
1: Initialize Spy < 0
2: Retrieve  traversed
GetRoadBlocks(T, M)
3: Extract intersections Z < IsIntersection(Pyp)
4: for each i € 7 do
5: Get lane centerlines Cja,e near i
6: Compute ppqy; < Intersect(boundary(i), Ciane)
7
8
9

road blocks Py —

Add DPnavi 1O Snav
: end for
: Locate final point tepg € T
10: Find nearest lane centerline Cnd, trace the forward
intersected road intersection i forwards
11: Calculate s™ <+ Intersect(boundary(i),C

nav

12: Add s™ to Spay

nav
13: return S,,,

forward
lane )

entire traversal. To address this limitation, we additionally
introduce a forward-looking navigation point s, located
beyond the trajectory endpoint, to provide guidance that cap-
tures the potential future direction and intent. This navigation
goal is obtained by finding the closest lane centerline to the
final trajectory point and extending it forward to the next

intersection boundary. The final navigation set is then:

Shav = Sllxzcval U {Sgl;tv . (6)

B. Route Prediction Module

The route module aims to predict a feasible route as pivot
points for refining trajectories, taking the map, agent feature,
and the long-term goal as input.

Model Architecture The route module takes a
transformer-based learning pipeline as shown in Fig. 3.
First, a learnable route embedding F),u¢e 1S randomly
initialized. To encode context information, the current ego
state and the goal points are fused with F,.,,: via vector
concatenation. Specifically, the ego state S.4,, consisting
of the command, velocity, and acceleration information, is
processed through MLP to obtain the ego embedding Fig,.
Similarly, the navigation goal positions Pjo, € RNo*2
are flattened and embedded via MLP to produce the goal
feature Fyoq::

Fego = MLP(Sego)a Fgoal = MLP(Pgoal)a (7)

where N, denotes the number of goal points. The learnable
route embedding, ego embedding, and goal embedding are
then concatenated and projected by MLP to form the route

query Qroute:
Qroute - MLP(COHC&t(FrO“t& Fego; Fgoal))‘ (8)

Subsequently, the route query Q,.ute interacts with the
map feature F},,, through a route-map transformer mod-
ule [19]. In this module, Q,,yte acts as the query, while the

Predicted Route
Pivot Points

io

—— Fuy
£33
Learnable
Embedding
Route-tep i

€3 Ego State— — Transformer

° Goal — —

Fig. 3: Route prediction module: This module takes as input
a learnable route query embedding, concatenating the ego state
embedding and goal embedding, then attends the map features from
the E2E pipeline to learn route pivot points.

map features serve as keys and values, enabling the Q;oute
to learn from spatially relevant information within the scene.
An MLP decoder processes the output of the transformer,
yielding the final set of route pivot points:

Spi'uot = MLP(TranSformer(@routev Fmap7 Fmap))- 9

Route Prediction Loss To supervise the predicted route
pivots Spivet € RN»*2 we adopt a dynamic matching
strategy inspired by PivotNet [20], aligning them with the
ground-truth pivots Sy € RN9t*2 via nearest-point match-
ing. We set N, > Ng;. Due to the varying number of ground-
truth pivots Vg across samples, the one-to-one supervision
is not directly applicable. We therefore match each ground-
truth pivot to its nearest predicted pivot to form a matched
set S € RNot*2, and apply an L; loss:

Lanaten = || S = 5] - (10)

To enforce smoothness and structural consistency, we
interpolate the ground-truth pivots, producing an auxiliary
target set S;g).timer € RW»=Ngt)X2 Then we apply the
same matching process between the remaining N, — Ny
predictions and the auxiliary targets, yielding predictions

Srem ¢ RWe=Not)*2 “which is supervised as:

Y

The total route loss is defined as L,oute = Lmatch + Linters
where the first term L, 4¢ch, applies accurate supervision on
key pivots, and the second term L;, ¢, strengthens the global
structure of the predicted route path.

The predicted route pivots are not intended to represent a
globally optimal navigation plan, but rather a scene-aware,
goal-aligned geometric guidance that complements the local
planning behavior of the base E2E model.

) _ gt _ Qum
Linter = HSp—inter Sp Hl

C. Refinement Module

The refinement module does not re-plan from scratch, but
performs structured adjustment to the base planner’s trajec-
tory by incorporating goal-driven route guidance together
with map and agent features. As such, it preserves the local
feasibility learned by the base planner while improving long-
term alignment.

Model Architecture As depicted in Fig. 4, to further
improve the consistency between long-term goal achievement
and short-term trajectory planning, GDP jointly refines the
predicted route pivots Spiyor € RN?*2 and the original
predicted ego trajectory Sirq; € RNt*2 where N; is the

12734



9 Planning .9 Predicted

o Fovot
o> Trajectory o 2E Route
Qpian %@ pivot
|

KV Plan-Route
Transformer

Route-Plan
Transformer

Qi ﬂ@—‘ Qi
o _Refined 13 9 Refined
> Trajectory =9 Route

Fig. 4: Refinement module: This module consists of two branches
for refining route and trajectory, which performs the dual interaction
between the learned route and the predicted ego trajectory, consid-
ering the surrounding map and agent features.

number of timestamps. Specifically, the refinement module
uses an N-stage cascade architecture, with each stage com-
prising two branches for optimizing route and trajectory,
respectively. To refine the trajectory, we encode S;.q; via
self-attention across timestamps and get embedding @Qpiqn.
We use Qpiqn as the query to interact with three different
sources of information via dedicated transformers, where
the route embedding @pivor, map feature Fi,qp, and agent
features Fiygens act as the keys and values in the plan-
route, plan-map and plan-agent transformers, respectively.
Formally,

Qpian—r = Transformer(Qpian, Fx, Fy),

12
x € {pivot, map, agent}, 12)

where (QQpian—» is the updated planning query after each
interaction transformer module. After N-stage refinement,
the refined planning trajectory Sy..; € RY*2 is obtained
as:

Straj = MLP (Concat(Qplanfpivob Qplanfmap7
Qplan—agent)) .

To refine the route, we use self-attention to encode
Spivot € RNe*2 into Fyivor and concatenate it with the goal
feature Fioy. We project the fused feature into embedding
Qpivot- In the route-plan and route-map transformers, we set
Qpivotr as the query to interact with Qpian, Finap, as:

13)

Qpivot—* = TranSformer(vaota F*7F*)7

14
x € {plan, map}, 14

where Qpivot—« is the pivot query after each interaction.
Finally, we get the refined route pivot points Sp;,o; € RV?*2
as:

Spivot = MLP(Concat(Qpi'uotfplana Qpi'uotfmap))' (15)

Refinement Loss In the refinement module, we use
ground-truth route Sg; and the human trajectory Stpq;—g¢ as
training supervision signals. The losses consist of the route
1088 Lye—route and the planning 1oss Lyc_pian, Same as the
planning loss from the original E2E pipeline [3], [4], [7].
The loss is calculated as:

Erefine = )\re—routeﬁre—route + )\re—planﬁre—plana (16)

where Are_route aNd Ape—pian are loss weights for the route-
refinement and planning-refinement branch, respectively.

Hyperparameter DiffusionDrive UniAD  VAD-Tiny

Dataset NAVSIM v1.0 nuScenes nuScenes
Learning Rate 8e-4 2e-4 2e-4
Batch Size 128 1 4
Epochs 100 20 60
Route Pivot Number N, 16 16 16
VW Threshold 7 1 10 10
Refinement Layers IV 3 3 3
Are—route 2.0 1.0 1.0
Are—plan 13.0 1.0 1.0
A1 1.0 1.0 1.0
A2 10 1.0 1.0
A3 1.0 1.0 1.0

Table II: Hyperparameter settings for nuScenes and NAVSIM
experiments. For each E2E method, the auxiliary-task loss weights
remain at the same values used in the original implementation.

D. End-to-End Training

By integrating GDP into an E2E framework [3], [4], [7],
we train our GDP module with the E2E framework from
scratch, maintaining the original training pipeline of the
integrated E2E methods. The latent features Frap, Fagent,
Fpry shared in the E2E pipeline are optimized jointly by
the auxiliary tasks and GDP modules. The overall training
objective inherits the losses from the E2E framework and
includes the newly proposed route prediction loss and re-
finement loss. The overall loss is:

L= )\IEEQE + /\Q‘Croute + A?)‘Crefinea (17)

where A1, Aa, A3 are weights for each task. Also, the
E2E loss Lgog is the combination of the multi-task loss
in the original E2E pipeline, computed as: Lpop =
ZZN;;S’“ Leoe—task- Joint training optimizes shared represen-
tations for both long-term and short-term objectives, leading
to more coherent and goal-driven planning behavior.

V. EXPERIMENTAL RESULTS
A. Dataset, Baseline Models, and Metrics

NAVSIM dataset evaluates algorithms in the non-reactive
simulation setting with closed-loop metrics [5]. It is a re-
distribution of nuPlan [21]. We choose DiffusionDrive [7]
as our baseline and integrate our method. The overall eval-
uation metric is the predictive drive model score (PDMS),
which is an aggregation of multiple sub-scores: no at-fault
collisions (NC), drivable area compliance (DAC), time-to-
collision (TTC), comfort (Comf.), and ego progress (EP) [7].
nuScenes dataset [6] is widely adopted by the end-to-end
autonomous driving studies for open-loop evaluation. To
verify the effectiveness of our method, we choose the popular
UniAD [3] and a more recent VAD-Tiny [4] as our baselines.
We choose VAD-Tiny as a representative lightweight E2E
planner to evaluate the generalization of GDP across different
model capacities. The planning performance is assessed by
distance error (L2) and box collision rate. We report results
using the VAD Metrics [4].

To evaluate the route prediction, we evaluate the geometric
alignment between predicted and ground-truth route paths
using the projection average distance error (Proj.ADE) and
Chamfer distance [22].
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Method |NC 1| DAC 1| TTC 1 | Comf. 1| EP 1 | PDMS ¢
Transfuser [16] 97.7 ] 928 | 928 | 100 |792| 840
UniAD* [3] 97.8 | 91.9 | 929 | 100 |78.8| 834
PARA-Drive* [8] 97.9 | 924 | 930 | 998 |793| 840
DRAMA [23] 98.0 | 93.1 | 948 | 100 |80.1| 855
VADV2 [24] 972 | 89.1 | 916 | 100 |760 | 809

Hydra-MDP-C [25] | 98.7 | 982 | 950 | 100 |865| 910
DiffusionDrive [7] 982 | 962 | 947 | 100 |822| 88.1

Goalflow [26] 984 | 983 | 946 | 100 |850| 903
DiffusionDrive 1 98.0 | 959 | 943 | 100 |817| 875
GDP (DiffusionDrive) | 98.9 | 96.1 | 959 | 100 |835| 89.0

Table III: Comparison on NAVSIM-V1.0 dataset-navtest split
with PDMS metrics. = denotes only camera input, and other
methods consider camera and lidar features. ¥ means the results
of re-implementation with the official settings.

B. Implementation Details

We implement GDP and jointly train the whole E2E
pipeline from scratch with 8 NVIDIA RTX A100 GPUs for
all experiments. The detail settings are shown in Table II.

C. Quantitative Comparison

Quantitative Comparison on NAVSIM As shown in
Table III, integrating the proposed GDP module into Diffu-
sionDrive leads to improvements across most metrics, with
particularly notable gains in safety-related aspects such as
NC and TTC. The overall planning score increases from
88.1 to 89.0, with notable gains in NC (+0.7), TTC (+1.2),
and EP (+1.3), clearly demonstrating the effectiveness of
our framework under the standard navigation goal setting.
In particular, improvements in safety-related metrics such as
NC and TTC indicate that our method produces safer and
more collision-averse trajectories, with the assistance of the
predicted goal-driven route.

Quantitative Comparison on nuScenes For the
nuScenes, simply including the ego-state can lead to obvious
improvement [27], [28] in the open-loop metrics. To isolate
the effect of route-based guidance and avoid confounding
factors introduced by ego-state inputs, we exclude ego-
state information for both the baselines and GDP in the
nuScenes experiments. As shown in Table IV, GDP also
yields consistent improvements relative to stronger baselines,
indicating that the observed gains are not solely due to
weaker starting points. This setting follows prior studies and
ensures a fair comparison under a controlled architecture.
Without loss of generality, we drop F,g4, when constructing
the route query Qoue in (8). In Table IV, we compare GDP
with state-of-the-art end-to-end autonomous driving meth-
ods. Integrating GDP into UniAD and VAD-Tiny consistently
enhances planning performance over the original baselines.
Specifically, GDP reduces UniAD’s L2 error by 27.4% and
collision rate by 25.0%. For VAD-Tiny, it achieves 23.1%
reduction in the L2 error and 41.5% reduction in collision
risk. These results demonstrate that our GDP improves the
trajectory quality and safety based on different methods,
achieving competitive performance with stronger baselines.

D. Ablation Studies

Refinement Module Design The ablation results in Ta-
ble V demonstrate the effectiveness of each component

L2 (m) | Collision (%) |

Method 1s 2s 3s Avg. Is 2s 3s Avg.
UniAD [3] 045 070 104 073 | 0.05 009 021 0.12
VAD-Tiny [4] 041 075 1.19 078 | 026 035 0.63 041
VAD-Base [4] 040 072 1.16 076 | 0.07 0.17 041 021
BEV-Planner [27] 027 054 090 0.57 - - - -

Gen-AD [29] 028 049 078 052 | 0.08 0.14 034 0.19
SSR [12] 018 036 0.63 039 | 0.01 0.04 0.12 0.06
DriveTransformer [10] | 0.19 034 0.66 040 | 0.03 0.10 022 0.11

GDP (UniAD) 036 052 070 053 | 004 005 017 009
GDP (VAD-Tiny) 034 058 089 060 | 015 025 031 024

Table 1V: Comparison on nuScenes dataset with open-loop
metrics. No ego-state information is included in the models. We
follow the VAD metrics settings.

Refinement Module
Goal Route Map Agent

NC1 DACt TTC{ Comf.1+ EP{ PDMS 1

- 98.0 95.9 94.3 100 81.7 87.5
v 98.3 95.4 94.8 100 82.0 87.7
v ' - - 98.7 95.4 95.9 100 82.7 88.4
v v v - 98.8 95.8 95.6 100 83.0 88.8
v v v v 98.9 96.1 95.9 100 83.5 89.0

Table V: Ablation study on the structure of the GDP refinement
module. Goal, route, map, and agent denote whether the corre-
sponding information is incorporated into the refinement module.

in the proposed GDP refinement module. As more mod-
ules—the plan-route, plan-map, and plan-agent modules are
incorporated, performance consistently improves across all
metrics. Specifically, adding the goal-driven route already
yields substantial gains in ego progress (+0.7) and safety-
related metrics, including NC (+0.4) and TTC (+1.1). Further
introducing map and agent interactions leads to additional
improvements, with the full model achieving the best results
in the PDMS metrics. Introducing sparse navigation points
into the refinement planner only brings limited improvement
in trajectory quality and can even degrade DAC, as the
lack of structured guidance may lead trajectories beyond the
drivable area. These trends validate the benefit of combining
long-term route, spatial context, and dynamic agent informa-
tion for structured trajectory refinement.

Route Task Routé Predlct{non NC 1 DACt TTCt Comf. 1 EP 1 PDMS +
Scale Factor | Chamf. Dis.| Proj. ADE|

0.001 2.32 0.40 98.5 956 95.4 100 825 882
0.01 2.01 0.21 98.7 955 95.7 100 827 884
0.1 1.90 0.17 988  95.7 95.6 100 830 837
1 1.82 0.14 98.9 96.1 95.9 100 835  89.0

Table VI: Correlation between route prediction quality and
refined trajectory. Route prediction is evaluated with Chamfer
distance, projected ADE.

Route-Planning Performance Correlation To investi-
gate the relationship between route prediction and trajectory
planning, we vary the loss weight of the route prediction
task and analyze its impact on trajectory performance. In
detail, we adjust the Ay in (16) and A,y in (17) by
multiplying these parameters with the scale factor from 0.001
to 1, to change the learning quality of route prediction. As
shown in Table VI, better route prediction leads to improved
planning outcomes, particularly in safety-related metrics such
as DAC. This underscores the importance of high-quality
route guidance in enabling safe and consistent trajectory
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planning.

E. Latency Analysis

To evaluate computational efficiency, we trained the Dif-
fusionDrive, GDP-DiffusionDrive model for 100 epochs on
8 NVIDIA A100 GPUs. The inference performance was
subsequently benchmarked on 1 NVIDIA A100 GPU with
batch size 1. A detailed breakdown of the associated costs is
presented in Table VII. GDP-Diff introduces slightly higher
inference latency (33.2 ms) compared to DiffusionDrive
(23.9 ms), mainly due to the additional routing (1.3 ms)
and refinement (6.5 ms) modules. Nevertheless, the overall
latency remains within real-time limits and is accompanied
by improved decision-making performance (PDMS 89.0 vs.
87.5), indicating that the performance gains well justify the
modest computational overhead.

Method | Training (8xA800) | Inference (1xA100)
‘Batch size Time (h) ‘ L (ms) L-R (ms) L-Re (ms) Params (M) FPS PDMS

DiffDrive 128 2.8 23.9 - - 60.7 42 875
GDP-Diff 128 4.7 33.2 1.3 6.5 78.2 30 89.0

Table VII: Training and inference cost comparison. L means
the latency. L-R and L-Re represent the computational cost of two
involving modules (route, refinement) of GDP.

F. Qualitative Analysis

Fig. 5 illustrates the visualization results demonstrating
how GDP improves planning behavior under various scenar-
i0s. As shown in Fig. 5, the route prediction can capture
basic maneuvers such as a left turn, enabling the planner
to generate navigation-aligned trajectories. In Fig. 5(a)-(d),
the goal-driven route guidance in GDP enables the vehicle
to produce more human-like and goal-consistent behaviors.
In contrast, DiffusionDrive, when influenced by ambiguous
driving commands, can yield either aggressive or insufficient
driving strategies, like scenarios in Fig. 5(c)-(d), where it
may lead to potentially unsafe maneuvers. Fig. 5(e) shows
that GDP follows the predicted route more efficiently in
the safe environment, while DiffusionDrive deviates and
slows down. Fig. 5(f) illustrates that GDP can simultaneously
avoid potential risks and align with route guidance, whereas
DiffusionDrive strictly follows the general command and
tends to produce aggressive unsafe maneuvers in crowded
scenes. These examples show that GDP not only resolves
ambiguity in high-level instructions but also bridges long-
term intent with near-term planning.

VI. DISCUSSION

In modern autonomous driving systems, e.g., L4 robotaxi
and ADAS-capable vehicle, the navigation route is typically
calculated by a standalone software. Although the route
provides useful prior information, we argue that the proposed
learning paradigm is still highly desired for the following ra-
tionales. First, the navigation software relies on accurate real-
time localization as well as up-to-date maps with detailed
road structure information. Adverse conditions, including
poor GPS signal coverage and ad-hoc construction zones, can

cause the navigation software vulnerable. Our GDP predicts
the route leveraging only the online perception feature and
a goal point, which is robust to the aforementioned factors.
Second, the navigation software is independent of E2E model
training. The proposed paradigm aims to help the E2E
framework develop both long-term path finding and near-
term planning capabilities via joint optimization. We believe
our paradigm better mimics how humans perform strategic
tasks, compared to the existing E2E training paradigm.

VII. LIMITATIONS AND FUTURE WORKS

We propose a novel learning paradigm, GDP, that gen-
erates a semantically enriched navigation route driven by
static goal points. These paths provide more informative
guidance, leading to improved planning performance and
safety. Our method is built upon the assumption that static
navigation points are available and aligned with the intended
driving direction. These points serve as critical guidance for
generating route paths that are both behaviorally meaningful
and contextually aware of surrounding traffic. However, in
some scenarios where navigation points are misaligned or do
not reflect the driver’s actual intent, such as free driving or
exploratory behavior, our route predictor may generate paths
that diverge from human driving patterns. In future work, we
plan to extend GDP to more E2E architectures and evaluate
its robustness on fully closed-loop datasets, further verifying
its scalability and applicability.
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