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Fig.1: TE-Aware End-to-End Planning. (a) In complex intersections, correct
planning requires recognizing rule-critical traffic elements to avoid topologically plau-
sible but rule-violating maneuvers. (b) Traffic elements are pervasive: across three
benchmarks, over 55% of scenes contain at least one traffic element. (c) Leveraging
traffic elements (and topology) yields consistent improvements across representa-
tive end-to-end planners in both open-loop and closed-loop evaluations.

Abstract. Traffic elements such as traffic lights and road signs play a
fundamental role in human driving decisions and should naturally in-
fluence end-to-end driving performance. However, existing end-to-end
driving research predominantly focuses on dynamic road participants
(e.g., vehicles and pedestrians), while the role of traffic elements re-
mains largely unexplored. To date, the community lacks a systematic
study quantifying how traffic elements affect end-to-end driving models.
This gap stems from two main challenges: first, existing public datasets
rarely provide structured annotations for traffic elements; second, mod-
ern end-to-end driving systems vary widely in architectures and training
paradigms, making conclusions drawn from a single method difficult to
generalize. In this work, we present the first systematic investigation


https://orcid.org/0009-0007-6909-1587
https://orcid.org/0009-0004-8497-2030
https://orcid.org/0000-0003-3793-4811
https://orcid.org/0000-0001-9187-830X
https://orcid.org/0000-0001-7903-581X
https://zzongzheng0918.github.io/TE-Aware-E2E-AD/

2 Z. Zhang, Ji. Wang et al.

of traffic element awareness for end-to-end autonomous driving. We
begin by constructing a unified research infrastructure by augmenting
multiple public driving datasets with comprehensive traffic element an-
notations. To ensure broad applicability across diverse model families,
we intentionally adopt a minimal and universal integration design, al-
lowing traffic element signals to be incorporated into existing pipelines
in a plug-and-play manner with negligible architectural modification.
We evaluate this design across a wide spectrum of modern paradigms, in-
cluding perception—prediction-planning pipelines, vision-language-action
models (VLA), regression-based planners, diffusion-based policies, and
trajectory scoring frameworks. Experiments are conducted on multiple
widely used benchmarks, including nuScenes, NAVSIM-v1, NAVSIM-v2,
and Bench2Drive. Across all paradigms and datasets, our simple inte-
gration consistently improves driving performance, demonstrating that
traffic element awareness provides a robust and generalizable signal for
end-to-end driving systems. Notably, on the challenging NAVSIM-v2
benchmark, our approach significantly boosts the performance of state-
of-the-art architectures and data pipelines, establishing a new state of
the art.

Keywords: End-to-End Driving - Traffic Elements - Topology

1 Introduction

End-to-end (E2E) autonomous driving has rapidly moved from a research proto-
type to a deployable paradigm. Today’s systems span a wide spectrum of archi-
tectural and training choices: ranging from perception—prediction—planning hy-

brids [26,34], to pure regression-based planners [9,31,67], to diffusion policies [48,
,93] and trajectory scoring frameworks [44,50], and recently to VLM /VLA-
style agentic planners [17,69,73,92]. Despite this diversity, a surprisingly fun-

damental factor in human driving is still under-discussed in the E2E literature:
traffic elements (TE), such as traffic lights and road signs. From first principles,
TE are not optional context: they are regulatory signals that directly constrain
the feasible action space (e.g., stop/go, forbidden turns, lane-level permissions)
and thus should causally shape planning decisions. Yet, mainstream E2E bench-
marks and methods overwhelmingly center their perception objectives and rep-
resentations on dynamic agents (vehicles and pedestrians) and dense geometric
cues, leaving the role of TE largely unquantified. The community does not have a
systematic answer to a simple question: how much does traffic-element awareness
actually matter for E2E driving performance, across modern paradigms?

Fig. 1 motivates why this question cannot be dismissed as a corner case.
Fig. la illustrates a typical intersection where multiple signals and signs jointly
determine what actions are legal and safe. Meanwhile, TE are prevalent rather
than long-tailed. As shown in Fig. 1b, a majority of scenes in widely used datasets
contain traffic elements: nuScenes [2| includes TE in 59.1% of training scenes
(16,626 / 28,130) and 58.3% of validation scenes (3,508 / 6,019), while NAVSIM-
vl (navtest) [11] contains TE in 65.1% of scenes (7,904 / 12,147). This preva-
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lence means that even within academic benchmarks, TE are not a rare special
case; and in real-world deployment, E2E systems inevitably interact with traffic
lights/signs continuously. The lack of systematic TE studies is therefore not due
to irrelevance, but rather due to two practical barriers: (i) missing structured TE
annotations in most public datasets [2,3, 11], and (ii) the heterogeneity of E2E
driving systems, where conclusions drawn from a single architecture or training
recipe are difficult to generalize.

To close this gap, we present the first systematic investigation of plug-and-
play traffic element awareness for E2E autonomous driving. Our goal is
deliberately not to propose yet another highly customized planner, but to build
a unified research infrastructure and derive generalizable conclusions that hold
across model families. Concretely, we (1) augment multiple mainstream driving
benchmarks with comprehensive TE annotations; (2) design a minimal univer-
sal integration mechanism, implemented as a lightweight auxiliary 3D traffic
element supervision (and optional topology conditioning when available [71]), so
that TE signals can be incorporated into existing pipelines in a plug-and-play
manner with negligible architectural modifications; and (3) evaluate this integra-
tion across a broad set of representative paradigms, including regression-based
planners, perception—planning pipelines, diffusion-based policies, trajectory scor-
ing frameworks, and VLM /VLA-style models, on nuScenes 2|, NAVSIM-v1 [11],
NAVSIM-v2 [3], and the closed-loop Bench2Drive [30] benchmark.

Our experiments reveal a consistent and practically important conclusion:
traffic element awareness yields stable improvements across datasets and paradigms,
even under a minimal integration design. As previewed in Fig. lc, adding TE
supervision reduces open-loop trajectory error on nuScenes, boosts NAVSIM
performance for all three paradigm planners, and improves closed-loop driving
metrics on Bench2Drive. Interestingly, on the highly challenging NAVSIM-v2
benchmark, TE awareness produces large, consistent gains across representa-
tive families (regression / diffusion / scoring), and remains effective even when
combined with strong modern data engines [68] (e.g., pairing a state-of-the-art
scoring-based backbone with large-scale simulated co-training data) continues
to improve performance and establishes a new state of the art in our evaluation.

Beyond aggregate gains, we further conduct targeted ablations to explain
why TE supervision works and how to integrate it robustly. We find that (i)
explicit 3D TE representations outperform 2D-only cues for planning; (ii) se-
lectively modeling TE depth is more effective than feeding global depth maps,
suggesting TE distills the most decision-relevant spatial cues; (iii) traffic signs
(not only lights) are crucial and often overlooked; and (iv) for sparse TE targets,
an independent prediction head, focal loss, and max-preserving pooling are key
to avoiding gradient domination by dense background. When lane topology is
available, we show that encoding ego-relevant topology into a compact condition-
ing signal (language-style embeddings), which is more effective than GNN-based
graph encoding [61], complements local TE cues. Together, these results argue
that TE awareness is a broadly useful and underutilized signal for E2E driving.
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2 Related Work
2.1 End-to-End Autonomous Driving

End-to-end autonomous driving methods can be broadly categorized into several
paradigms according to how driving decisions are produced. Perception—planning
methods [5, 19,25, 26, 28,29, 34, 36, 65, 67| construct intermediate scene repre-
sentations (e.g.,vectorized map) and then perform motion planning based on
them. Regression-based methods directly predict trajectories or control com-
mands from sensor observations, including [9,21,31,47,76,77,81,84]. Trajectory-
scoring methods [14-16,63,83] generate multiple candidate trajectories and select
the optimal one through a scoring module. Generative planning methods [48,51,
52,66,72,82,90,93], including diffusion/flow-based approaches, model trajectory
distributions with generative models. Recently, vision-language-action (VLA)

methods [0,8,13,27,32,33,42,64,73,75,92] integrate visual perception, language
understanding, and driving actions in a unified framework. In addition, world-
model-based approaches [37,41,62,91] learn latent environment dynamics for

decision making. We evaluate representative methods from these categories to
verify the plug-and-play generality of our approach.

2.2 Traffic-Aware Scene Understanding

Prior work injects traffic-aware scene un-
derstanding into end-to-end planning via
structured intermediates such as occu-
pancy [26,70,76], HD map [25, 34,72, 88—
90], 3D detection-tracking [31,65,67], to
enforce safety and rule compliance. VLM-
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mize benchmark scores without validating
downstream planning impact.

We provide the first systematic evalua-
tion of how such cues transfer to planning,
and propose a lightweight alternative based on explicit traffic elements and lane
topology that is more amenable to deployment.

3 Preliminaries: OpenLane-V2 Scene Representation

Components. Openlane-V2 [71] has four components: Centerlines: A set of
M 3D lane centerlines (Fig. 2b); Traffic Elements (TE): A set of N entities (4
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traffic light states and 9 traffic sign categories), parameterized as 2D bounding
boxes in the image coordinate system (Fig. 2a); LCTE Topology: The Lane-
Centerline to Traffic-Element relationship, formulated as a binary adjacency ma-
trix Rperg € {0,1}M*N | where an entry is 1 if the j-th TE directly governs
the i-th centerline (Fig. 2a); LCLC Topology: The Centerline to Centerline
directed connectivity, formulated as an adjacency matrix Rycrc € {0, 1}M xM
defines the valid navigable transitions between lanes (Fig. 2b).

Topology Matters. Scene representation is crucial because it makes the driv-
ing constraints explicit. In this intersection (Fig. 2), a no-right-turn sign prohibits
right-turn maneuvers, the LCLC topology indicates that the ego lane has no lat-
eral connectivity, and the permits forward motion. Together,
these cues constrain the feasible action space: the ego vehicle should proceed
into the adjacent forward lane at an appropriate speed, rather than turning left
or right—a failure mode that vision-only end-to-end planners always exhibit.

4 Method
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Fig. 3: (a) Pipeline for 3D traffic element extraction. We first perform 2D traffic-
element detection and monocular depth estimation on the FV image, then combine
them and LiDAR geometry to localize each traffic element as a 3D center point (e).
(b) Overview of our method. Multi-view images are encoded into vision queries
and enhanced by an auxiliary 3D traffic element detection task. In parallel, predicted
topological adjacency matrices are formatted into structured language and processed
by a frozen language encoder. The resulting topology queries are concatenated with the
BEV queries to guide the planning decoder in generating the ego-vehicle trajectory.

4.1 3D Dataset Construction

To effectively integrate traffic elements into the 3D planning space, we estab-
lish a robust pipeline to extract their 3D coordinates (z,y, z) (Fig. 3a). Given a
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front-view image, we process it through two parallel branches: a 2D TE detection
model to obtain bounding boxes, and a monocular depth foundation model [57]
to estimate dense depth maps. Using the camera intrinsic and extrinsic param-
eters, we project the 2D bounding boxes into the LiDAR coordinate system.
The precise 3D center point (z,y, z) of each TE is then jointly determined by
aggregating the 2D box constraints, the estimated depth, and the correspond-
ing LiDAR point cloud (details in the Appendix). We adapt this pipeline across
different benchmarks based on their available annotations: nuScenes [2] &
Bench2Drive [30]: For nuScenes, we directly utilize the 2D TE bounding boxes
and topology annotations provided by OpenLane-V2, and apply our extraction
pipeline to acquire 3D centers. The Bench2Drive dataset natively provides de-
tailed 3D TE coordinates and topological relationships. NAVSIM (v1 [11] &
v2 [3]): Since these datasets lack TE annotations, we first train a highly accurate
YOLO-based [60] 2D TE detector on OpenLane-V2, adopting progressive train-
ing strategies (e.g., resampling and reweighting, pseudo labeling) from [20, 80].
We then deploy this detector alongside our depth-LiDAR fusion pipeline to au-
tomatically construct the 3D TE pseudo-labels for NAVSIM.

4.2 Auxiliary 3D Traffic Element Supervision

In typical end-to-end autonomous driving frameworks, multi-view images are
encoded [7,14,16,23,55,74] into latent vision queries (e.g., BEV queries Qpev),
which are then used for downstream planning (Fig. 3b). Building on the original
auxiliary tasks of each planner (e.g., detection of 3D vehicle boxes, prediction,
tracking, occupancy, etc), we introduce an additional 3D traffic element detection
objective. Specifically, for each TE, we supervise its 3D center location with an
L1 loss and its category with a focal loss. This TE loss is aggregated into the
overall training objective with a weight equivalent to other auxiliary tasks:

Liotal = Lptan + 3 MLEL + e (L1 + L55.), (1)
kex

where Lpan is the primary trajectory planning loss, Laux includes all original
auxiliary losses of the baseline planner, and Arg is set identically to L,ux.

4.3 Language-Guided Topology Conditioning

In parallel with TE-aware BEV learning, a topology prediction module estimates
the global adjacency matrices for the entire driving scene, denoted as Rycr,c and
Ricre (Fig. 3b). To prevent the planner from being distracted by redundant
distant elements, we perform an ego-centric topology filtering. With the ego
vehicle’s spatial coordinates, we identify its lane ID. We then query Rpcrc to
retrieve the ego vehicle-related centerlines (highlighted in red, Fig. 2b) and query
RycTE to isolate the traffic elements directly governing this active lane (Fig. 2a).
We convert this ego-centric topology graph into a structured language sequence,
e.g., “There are a ‘green traffic_light’, a ‘green traffic_light’, a ‘green traffic_light’, a
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‘no_right_turn road_ sign’ ahead controlling the current ego-lane, which connects ‘1’
‘straight’ centerline.” Here, parameters such as the traffic element categories, the
number of connected centerlines (‘1’), and their directional semantics (‘straight’,
‘left’) are dynamically instantiated based on the retrieved local topology.

This text is encoded by a pretrained BERT-base [12] language encoder (~110M
parameters) to obtain topology queries Qiopo. Finally, we concatenate Qopo
with the TE-enhanced vision/BEV queries Qpey, and feed the joint queries
Qplan = [Qbev; Qtopo) into the planning decoder. This design injects lane connec-
tivity and rule-control information into the planner in a compact form, enabling
trajectory prediction to respect both geometric feasibility and traffic regulations.

We validate our method on six representative end-to-end methods across
four benchmarks. Implementation details for integrating our TE supervision and
topology conditioning into each specific backbone are provided in the Appendix.

5 Experiment

We first specify the experimental protocol (Sec. ). We then report quanti-
tative (Sec. 5.2) and qualitative comparisons (Sec. 5.3) to assess the planning
performance of our approach across benchmarks. Finally, we conduct targeted
ablation studies to isolate the contribution of each component and design choice,
and to explain why the proposed mechanism yields consistent gains (Sec. 5.4).

5.1 Experimental Setup

Datasets and Metrics. We evaluate on four datasets: three open-loop
benchmarks (nuScenes [2], NAVSIM-v1 [11], and NAVSIM-v2 [3]), and one
closed-loop benchmark (Bench2Drive [30]). NuScenes provides large-scale real-
world logs for open-loop ego-trajectory prediction. NAVSIM-v1 (navtest) pro-
vides a non-reactive, data-driven evaluation setting with standardized simulation-
based scoring. NAVSIM-v2 (navhard) further introduces a two-stage pseudo
closed-loop aggregation to better reflect compounding-error effects without re-
quiring full closed-loop simulation. Bench2Drive evaluates end-to-end planners
in closed loop in CARLA [15] across a large set of short, scenario-isolated routes.

For nuScenes, we report L2 trajectory error and Collision Rate under
the standard open-loop protocol. For NAVSIM-v1, we use the official PDMS
as the primary score. For NAVSIM-v2, we report the aggregate EPDMS along
with the per-stage breakdown (Stage 1/Stage 2) over the core compliance/safety
terms. For Bench2Drive, we report Driving Score as the main closed-loop
indicators, and additionally include Success Rate, Efficiency, Comfortness, and
the open-loop Avg. L2. Detailed metric definitions are provided in the Appendix.

Training Details. We follow the original training schedules and hyperparame-
ters of each baseline (details in the Appendix). On nuScenes, we train on 8 x A100
with batch size 1. On NAVSIM, we train on 4xRTX 3090 with batch size 32.
On Bench2Drive, we train on 8 x A100 with batch size 1.

5.2 Quantitative Results
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Table 1: Comparison of methods on the nuScenes dataset. ¢: Lidar-based
methods. {: The ego status is utilized. FPS is measured on an NVIDIA A100 GPU.

L2 (m) |} Collision Rate (%) |

Method Auxiliary Task FPST
1s 2s 3s Avg. 1s 2s 3s Avg.
NMPeo [85] Det & Motion 0.53 1.25 2.67 1.48 0.04 0.12 0.87 0.34 -
FFo [24] FreeSpace 0.55 1.20 2.54 1.43 0.06 0.17 1.07 043 -
EO¢ [35] FreeSpace 0.67 1.36 2.78 1.60 0.04 0.09 0.88 0.33 -
ST-P3 [25] Det & Map & Depth  1.33 2.11 2.90 2.11 0.23 0.62 1.27 0.71 1.6
UniAD [20] Det&Track&Map&Motion&oce 0.44 0.67 0.96 0.69 0.04 0.08 0.23 0.12 1.8
VAD-Tiny [34] Det & Map & Motion 0.46 0.76 1.12 0.78 0.21 0.35 0.58 0.38 16.8
BEV-Planner [17] None 0.28 0.42 0.68 0.46 0.04 0.37 1.07 049 -
PARA-Drive [ ] Det& Track&Map&Motion&Oce 0.25 0.46 0.74 0.48 0.14 0.23 0.39 0.25 5.0
LAW [41] None 0.26 0.57 1.01 0.61 0.14 0.21 0.54 0.30 19.5
GenAD [90] Det & Map & Motion 0.28 0.49 0.78 0.52 0.08 0.14 0.34 0.19 6.7
SparseDrive [67] Det & Track & Map & Motion 0.29 0.58 0.96 0.61 0.01 0.05 0.18 0.08 9.0
UAD [21] Det 0.28 0.41 0.65 0.45 0.01 0.03 0.14 0.06 7.2
MomAD [65] Det & Track & Map & Motion 0.31 0.57 0.91 0.60 0.01 0.05 0.22 0.09 7.8
VAD-Base [34] Det & Map & Motion 0.41 0.70 1.05 0.72 0.07 0.17 0.41 0.22 5.7
VAD + TE Det & Map & Motion 0.36 0.61 0.92 0.63 0.09 0.14 0.28 0.17 5.7
VAD + Topo Det & Map & Motion & Topo 0.34 0.59 0.92 0.62 0.05 0.15 0.29 0.16 5.4
VAD + Ours Det & Map & Motion & Topo 0.34 0.56 0.90 0.60 0.04 0.21 0.26 0.17 5.4
VLM/VLA-based Method

Qwen-2.5-VL [I]  Scene Understanding 0.46 1.33 2.55 1.45 - - — - 0.8
Senna [33] Det & Motion 0.37 0.54 0.86 0.59 0.09 0.12 0.33 0.18 1.6
DriveVLM [69] Scene Understanding 0.18 0.34 0.68 0.40 0.10 0.22 0.45 0.27 —
OmniDrive [73] Scene Understanding 0.14 0.29 0.55 0.33 0.00 0.13 0.78 0.30 1.2
EMMA [27] Scene Understanding 0.14 0.29 0.54 0.32 - - - - -
ImpromptuVLA [8] Scene Understanding 0.13 0.27 0.53 0.30 — — — - 0.9
Orionft [17] Det & Motion 0.17 0.31 0.55 0.34 0.05 0.25 0.80 0.37 0.9
Orion{+ TE Det & Motion 0.14 0.27 0.47 0.29 0.06 0.20 0.55 0.27 0.9

Oriont+ Topo Det & Motion & Topo 0.12 0.25 0.45 0.27 0.04 0.21 0.50 0.25 0.8
Oriont-+ Ours Det & Motion & Topo 0.11 0.25 0.43 0.26 0.04 0.19 0.47 0.23 0.8

NuScenes. We construct 3D traffic elements using the OpenLane-V2 subset
annotated on nuScenes, and use the same detection-aligned perception range as
prior work [34]: lateral [—15, 15] m and longitudinal [0, 30] m. Depth is estimated
by UniDepthv2 [57] with frozen weights. We encode topological cues by first
predicting a topology adjacency matrix with a lightweight TopoMLP [78], and
then mapping it to a language embedding via a frozen BERT encoder [12].

We compare against two representative families of end-to-end planners: the
conventional perception-planning baseline VAD [34] and the VLM-based planner
Orion [17]. Tab. 1 shows that introducing traffic elements as auxiliary supervision
improves both L2 (10.09; ]0.05) and CR (]0.05%; }0.10%) over the baselines. We
attribute this gain to the fact that the additional TE objective makes the learned
BEV queries more traffic-aware: latent vision queries are typically dominated
by dense scene geometry and dynamic agents (e.g., via standard occupancy or ve-
hicle detection tasks), which inherently overshadow spatially sparse yet logically
critical traffic elements. We force the network to allocate dedicated represen-
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Table 2: Camera-only methods on the NAVSIM-v1 benchmark (navtest).

Method Backbone Venue |NC {1 DAC { TTC 1 Comf. + EP 1|PDMS 1t
PDM-Closed [10] = PMLR23 | 94.6 99.8  89.9 86.9  99.9 89.1
Human driver [11] = NeurIPS’24| 100 100 100 99.9 87.5| 94.8
Ego-stat. MLP [11] - NeuwrIPS’24| 93.0 77.3  83.6 100 62.8 65.6
UniAD [26] ResNet34 cvpr23 | 97.8 91.9 929 100 78.8 83.4
VAD-v2 [5] ResNet34 ICLR26 | 98.1 94.8 94.3 100 80.6 86.2
ReCogDrive [13] InternViT 1ICLR26 | 97.9 97.3 94.9 100 873 90.8
Hydra-MDP [14] ResNet34 arXivi2a | 98.3 96.0 94.6 100  78.7 86.5
Centaur [63] ResNet34 arXivi25 | 99.5 98.9  98.0 100 859 | 92.6
DriveSuprim [83] ResNet34 AAAr2e | 97.8 973  93.6 100 86.7| 89.9
Regression-based Planner
LTF [9] ResNet34 TPAMI22 | 97.8 92.8  93.3 100 789 84.1
LTF + Ours ResNet34 Eccv’26 | 97.8 939 938 100 79.8| 85.2 411
LTF (+simscale [65]) ResNet34 Eccv’26 | 98.3 95.6  94.6 100 81.3 | 87.3 432
LTF (isimscale) + Ours ResNet34 Eccv2e | 98.2 959 945 100  82.0 |87.6 5.5
Diffusion-based Planner
DiffusionDrive [415] ResNet34 cvPR25 | 97.9 946  93.6 100  80.7 86.0
DiffusionDrive + Ours ResNet34 Eccv26 | 98.1 96.0 94.2 100 823 | 87.7 1.7
DiffusionDrive (+simscale [65]) ResNet34 Eccv’26 | 98.5 97.0 94.7 100 83.1| 88.9 129

DiffusionDrive (:+simscaley + Ours ResNet34 Eccv26 | 98.6 97.2 94.7 100 83.5|89.1 5.1

Scoring-based Planner

DrivoR [36] ViT-S  cvPRr26 | 989 983  96.2 100 89.1 93.1

DrivoR + Ours ViT-S  ECccv26 | 99.0 98.7  96.9 100 90.8 | 94.4 113
DrivoR (+simsecale [65]) ViT-S  Eccv26 | 99.1 99.2  96.9 100  91.6 | 94.6 1.5
DrivoR (+simscale) + Ours ViT-S  ECCV’26 | 99.7 99.7 98.1 100 92.2 |95.1 (2.0

tational capacity to these vital regulatory signals. Consequently, this prevents
traffic rules from being marginalized in the shared feature space.

Furthermore, injecting topological cues yields additional gains, indicating
that high-level connectivity/route structure complements local rule signals. The
best performance is obtained when both traffic elements and topology are incor-
porated. Crucially, these scene-understanding signals are predicted by lightweight
networks, so the runtime impact is small (FPS drops only 0.3). Compared to
VLM-based scene understanding methods [1, 8, (9], this design delivers > 10x
higher throughput while still capturing the key cues that drive performance,
making the approach substantially more amenable to real-time deployment.

NAVSIM. Since NAVSIM does not provide traffic element annotations, we
generate pseudo-labels by running our OpenLaneV2-trained TE detector on the
full front-view image, and supervise a BEV TE heatmap head with focal loss
(a=2, f=4). We adopt the NAVSIM perception range lateral [—32,32] m and
longitudinal [0, 32] m, and estimate depth using UniDepthv2 as in nuScenes. Due
to the different camera setup in NAVSIM compared to nuScenes, we do not train
a topology predictor in this setting; instead, we focus on TE only and feed the
predicted TE representation to the decoder to guide planning.

On NAVSIM-v1, we evaluate three representative end-to-end camera-only
planning paradigms: the regression-based planner LTF [9], the diffusion-based
planner DiffusionDrive [18], and scoring-based planners DrivoR [36]. Tab.
shows that adding traffic elements as explicit supervision and conditioning the
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Table 3: Comparison to existing methods on the NAVSIM-v2 navhard-two-stage
benchmark using EPDMS. t: Metrics reported prior to the official benchmark bug fix.

Stage 1 Stage 2
Method NC DAC DDC TLC EP TTC LK HC EC ‘ NC DAC DDC TLC EP TTC LK HC EC ‘EPDMS T
ZTRSTt [17] 98.9 97.6 100 100 66.7 98.9 96.2 96.7 44.0/91.1 90.4 95.8 99.0 63.6 89.8 60.4 97.6 66.1 45.5
DiffVLAt [32] 95.7 99.2 100 100 85.9 96.4 97.1 95 84.2|81.2 88.8 94.6 99.0 86.0 76.4 59.8 98.6 80.4 45.0
GTRS-Denset [16] 98.9 949 99.1 100 76.1 98.4 93.8 94.9 37.8/89.9 90.5 94.1 99.3 77.6 83.5 56.0 92.0 30.2 41.9
GuideFlowt [51] 97.8 97.1 100 100 81.4 98.5 91.4 92.8 34.2|87.3 92.3 98.0 96.9 75.8 85.5 59.3 95.4 53.5 46.7
Regression-based Planner
LTF [9] 96.2 79.5 99.1 99.5 84.1 95.1 94.2 97.5 79.1|77.7 70.2 84.2 98.0 85.1 75.6 45.4 95.7 75.9 25.1
LTF + Ours 96.4 79.8 98.9 99.6 84.2 95.8 93.8 97.5 78.2/180.9 71.6 84.8 98.9 85.2 77.7 47.0 96.1 76.3| 28.9 t15%
LTF (+SimSeale [05]) 96.1 85.3 99.4 99.3 84.7 94.7 93.5 97.5 77.3|85.5 66.9 91.5 99.1 93.0 81.1 58.2 95.1 42.9| 33.6 taa%
LTF (+SimScale)+-Ours 97.0 85.3 99.7 99.6 84.2 96.2 96.0 97.6 77.3|88.1 71.8 93.1 99.0 86.7 83.0 54.0 95.2 55.4| 36.9 +a7%
Diffusion-based Planner
DiffusionDrive [15] 96.7 86.7 98.7 99.3 84.3 94.9 95.3 97.6 77.8|78.9 72.4 84.2 98.2 87.1 74.9 47.3 96.2 71.0 29.4
DiffusionDrive + Ours 97.1 86.9 98.8 99.6 84.2 95.1 95.6 97.6 79.5/80.2 74.0 85.0 98.1 86.3 77.2 48.4 96.6 74.4| 32.7 t11%
DiffusionDrive(+simseate (os))  {97.2 88.0 99.2 99.3 82.8 96.7 98 97.5 58.2|86.7 72.1 93.0 98.8 92.1 80.6 61.1 95.3 33.1| 35.8 t12%

DiffusionDrive(+simseale)+Ourg 97.1 88.4 99.3 99.3 84.1 95.6 98.2 97.6 72.9|83.7 76.3 92.5 98.9 90.3 78.9 57.7 94.4 56.1| 37.9 120%
Scoring-based Planner

DrivoR [36] 98.8 95.1 98.9 100 72.6 98.7 94.0 97.6 73.3|90.2 88.4 91.9 98.6 70.0 88.0 50.1 98.5 76.2 48.3

DrivoR + Ours 98.9 94.9 99.1 100 75.1 98.9 93.9 97.5 74.4|91.9 91.4 96.1 99.3 74.6 87.5 56.0 97.0 78.5| 51.8 t7.2%
DrivoR (+simsecate [0+]) 99.1 98.2 99.3 99.8 75.4 98.7 94.9 97.6 70.2/192.3 91.6 97.3 99.1 75.7 90.6 56.1 98.4 44.7| 54.6 t13%
DrivoR(+ simseale)+-Ours 99.5 98.2 99.3 100 76.1 99.0 94.1 97.9 72.6(93.5 91.8 97.0 99.3 76.6 90.9 56.0 98.0 55.6| 57.9 +20%

planner on the predicted TE representation yield consistent gains across all
paradigms. The improvements are primarily driven by higher NC (No Colli-
sion) and DAC (Drivable Area Compliance)—two key safety/compliance factors
that carry substantial weight in the overall PDMS—highlighting the importance
of traffic-element understanding for reliable planning. To test data scalabil-
ity, we further leverage SimScale [68] to generate simulated data and co-train
using traffic-element cues extracted from both simulated and real logs. This
co-training strategy leads to a further increase in PDMS, indicating that our
supervision signal transfers effectively across domains and benefits from larger-
scale training. Notably, with DrivoR, our approach surpasses both the rule-based
method [10] and the human-driver score [11], suggesting that stronger back-
bones and more training data can unlock additional gains.

We further validate these findings on NAVSIM-v2 with same representative
planners, and observe the same consistent trend (Tab. 3). Across methods, incor-
porating traffic elements improves the overall score by roughly +10 EPDMS.
The gains are mainly attributed to stronger rule compliance and safety, reflected
by improvements in the core terms NC, DAC, DDC, and TLC—suggesting that
TE supervision helps the model internalize traffic rules. We also observe that
adding SimScale data can noticeably reduce EC (Extended Comfort), likely be-
cause some counterfactual simulated scenarios introduce distribution shifts that
affect ride quality. Importantly, combining SimScale with our TE-centric train-
ing mitigates this effect and brings EC back to a higher level. Overall, these
results demonstrate that our method improves safety-critical behavior and ex-
hibits strong scalability with model and data scale.

Bench2Drive. Bench2Drive provides instance-level traffic elements with 3D lo-
cations, as well as an HD-map lane topology that encodes lane-level topology and
connectivity. We therefore supervise our traffic-element head directly using the
provided 3D TE coordinates and encode map topology in the same manner as in
nuScenes by mapping topology cues to a compact embedding that conditions the
planner. Traffic elements used by the planner are obtained from our model pre-
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Table 4: Closed-Loop Planning Performance in Bench2Drive. Avg. L2 is aver-
aged over the predictions in 2 seconds. *: denotes expert feature distillation. All latency
is measured by the averaged inference step-time on CARLA [15] evaluation in A6000.

Method ‘Open-loop Metric‘ Closed-loop Metric ‘T atency
‘ Avg. L2 | ‘Driving Score 1 Success Rate(%) 1 Efficiency 1 Comfortness T‘
TCP+ [81] 1.70 40.70 15.00 54.26 47.80 86ms
TCP-ctrlx - 30.47 7.27 55.97 51.51 86ms
TCP-traj« 1.70 59.90 30.00 76.54 18.08 86ms
TCP-traj w/o distillation 1.96 49.30 20.45 78.78 22.96 86ms
ThinkTwicex [29] 0.95 62.44 31.23 69.33 16.22 698ms
DriveAdapterx [23] 1.01 64.22 33.08 70.22 16.01 958ms
AD-MLP [56] 3.64 18.05 0.00 48.45 22.63 4.7ms
UniAD-Tiny [26] 0.80 40.73 13.18 123.92 47.04 400.3ms
UniAD-Base [26] 0.73 45.81 16.36 129.21 43.58 692.6ms
VAD [34] 0.91 42.3 15.00 157.94 46.01 278.3ms
VAD + Ours 0.75 -0.16 56.4 1141 21.30 125.64 48.02 282.5ms
DriveTransformer-Large [31] 0.62 63.46 35.01 100.64 20.78 211.7ms
DriveTransformer-Large + Ours 0.57 -0.05 68.29 ia.ss 39.61 82.45 23.58 216.5ms

dictions at inference time, rather than from reading annotation states. We run
closed-loop planning using two baselines (VAD [34] and DriveTransformer [31])
at 2 Hz. Tab. 4 shows consistent improvements for both methods in L2 and the
main closed-loop metrics (notably Driving Score), with a small change in latency.
Interestingly, Efficiency decreases after adding our TE supervision and topol-
ogy. We interpret this as a correction of over-aggressive behaviors encouraged
by efficiency-dominated objectives: baseline planners can achieve high efficiency
while under-modeling rule-critical traffic elements, whereas TE awareness biases
the policy toward safer and more compliant maneuvering.

5.3 Qualitative Results

Fig. 4 shows a challenging NAVSIM-v2 intersection. Without traffic-element
awareness, LTF and LTF+SimScale exhibit noticeable lateral drift (Fig. 4a-b).
In contrast, Ours detects the green traffic lights and the straight-ahead sign for
the ego lane, and thus continues forward while staying lane-consistent (Fig. 4c).
This example highlights that traffic elements provide decision-critical cues that
stabilize planning in complex junctions (see Appendix for more visualization).

Front-View Image ‘ \ (b)\ (c) )"r.,. o Pred
§ i o~ GT
} i
s oy e Detected : :
== v Traffic 3 § i
‘ |:| Elements &
, — I I ]
. - LTF . LTF+Simscale, = = Ours = |

Fig. 4: Qualitative comparison on NAVSIM-v2. Left: front-view image with detected
traffic elements. Right: predicted trajectories of LTF, LTF+SimScale, and Ours.

5.4 Ablation Study and Analysis
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Table 5: Ablation study of traffic element (TE) representations on the
NAVSIM-v2 using LTF (Latent Transfuser). TE(2D) denotes 2D traffic elements
in the front-view (FV) image; depth(FV) uses the full FV depth; LIDAR uses the
NAVSIM-v2 point-cloud input; TL denotes traffic lights (green/yellow/red light) only.

Stage 1 Stage 2
Method NC DAC DDC TLC EP TTC LK HC EC ‘ NC DAC DDC TLC EP TTC LK HC EC ‘EPDMS 1
LTF [9] 96.2 79.5 99.1 99.5 84.1 95.1 94.2 97.5 79.1|77.7 70.2 84.2 98.0 85.1 75.6 45.4 95.7 75.9 25.1

LTF+TE(2D) [96.4 82.0 99.2 99.6 84.0 95.8 93.1 97.8 79.1|81.6 68.4 85.5 98.6 85.4 78.4 46.9 96.2 76.5| 28.1/3.0
LTF+depth(FV)|96.9 81.8 99.0 99.6 84.2 95.8 92.7 97.8 78.2|81.3 70.1 84.3 98.6 85.7 78.4 45.9 96.3 76.5| 27.7+2s
LTF+TE(Lidar)|97.2 80.9 99.0 99.5 83.9 96.0 92.9 97.8 79.5(81.1 70.2 85.4 98.6 85.0 79.1 45.9 96.0 77.2| 27.9+z2s

LTF+TE [19] |96.7 81.8 99.1 99.3 84.1 95.6 92.4 97.6 78.2|81.2 69.4 84.9 98.6 85.6 78.3 46.6 96.2 76.0| 27.8+27
LTF+TL [57] |97.1 80.7 99.1 99.3 84.1 95.3 93.6 97.8 78.2|80.4 69.5 84.8 98.6 85.7 77.6 45.0 96.3 76.4| 26.7+1.6
LTF+Ours 96.4 79.8 98.9 99.6 84.2 95.8 93.8 97.5 78.2|80.9 71.6 84.8 98.85 85.2 77.7 47.0 96.1 76.3| 28.9ss

Ablation on Traffic-Element Representations for Planning. To dissect
the efficacy of our proposed 3D traffic element (TE) representation, we conduct
ablation studies on the NAVSIM-v2 [3] using the LTF baseline [9] (Tab. 5).

(1) Explicit 3D vs. 2D Representations. While 2D traffic elements
(LTF+TE(2D)) provide basic semantic context, they inherently lack the depth
and spatial precision crucial for motion planning. In contrast, our method ex-
plicitly constructs these elements within a 3D ego-centric space (28.1 vs. 28.9).

(2) Targeted Depth vs. Global Depth. Incorporating spatial auxiliary
tasks generally improves the LTF baseline (25.1 EPDMS). However, simply feed-
ing the full front-view depth to the model (LTF-+depth(FV), 4+2.6) yields sub-
optimal gains compared to our explicit 3D TE formulation (LTF+Ours, +3.8).
This indicates that unconstrained global depth may introduce redundant geo-
metric noise, whereas selectively isolating and estimating the depth of specific
traffic elements distills the most actionable spatial cues for the planner.

(3) Vision-based Depth Estimation vs. LIDAR Clustering. We com-
pare our method against a geometry-heuristic approach (LTF+TE(Lidar)), which
directly projects 2D bounding boxes into the 3D LiDAR coordinate system and
extracts element centers via point clustering. Although helpful (+2.8), it still un-
derperforms our approach (27.9 vs. 28.9). This validates our hypothesis that Li-
DAR returns on certain traffic elements—particularly flat road surface signs—are
often too sparse or severely affected by dynamic occlusions.

(4) The Impact of Depth Quality. The accuracy of the underlying depth
prior bottlenecks planning performance. When we replace our autonomous-driving-
aligned depth estimator (UniDepthV2 [57]) with a general-purpose foundation
model (Depth Anything 3 [19]), the EPDMS drops to 27.8.

(5) The Crucial Role of Traffic Signs. Modeling traffic lights only (LTF+TL)
is insufficient. It lags behind our full TE setting (26.7 vs. 28.9), highlighting the
often-overlooked importance of traffic signs in shaping planning decisions.

Design Choices for Traffic Element Integration. To validate the effective-
ness of our proposed modules, we systematically ablate the design choices of the
traffic element conditioning mechanism. Results are summarized in Tab.

(1) Prediction Head and Loss Function. Comparing ID 1 and 2, decou-
pling TE prediction into an independent head yields a significant performance
boost (+1.8 EPDMS). Traffic elements are extremely sparse; treating them as an
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Table 6: Ablation study of traffic element integration on the NAVSIM-v2 using
LTF (Latent Transfuser). We systematically investigate the design choices for the pre-
diction head, loss function, spatial pooling strategy, and planning interaction method.

il TE Head | Loss | Pooling | Interaction |pppnis 4
|w/ BEV Indep.|Cross-Entropy Focal| Average Max|C.A. Concat|
0 25.1
1 4 v v 24.3-0.8
2 4 4 4 26.111.0
3 4 v 4 25403
4 v v v v 24.9.0.2
5 v 4 |/ 27.5:2.4
6 v v v v 28.913.8
29.01
— |FF
28.5 1 ‘\\.
28.01
n 2751 Miss Depth
2 2701
o
0 265
Depth o: 0/0.05/0.1/0.5/1/10m - 28.9/28.6/28.5/28.3/28.1/28.0
26.0 1 Miss thr.: 20%/40%/55% — 28.9/28.7/28.4/28.0
False: 0/5%/10%/20% - 28.9/28.8/28.7/28.6
2551 Base 25.1
B T
0 1 2 3 2 5

Corruption severity

Fig.5: Robustness analysis on NAVSIM-v2 with LTF. We corrupt the predicted
TE representation at inference time by adding TE depth noise, randomly dropping
TE detections, or injecting false-positive TE predictions. The performance decreases
smoothly under stronger corruption while remaining above the LTF baseline, indicat-
ing robustness to moderate upstream TE perception noise.

additional BEV semantic class with standard cross-entropy (ID 1) even degrades
performance (-0.8), as the TE gradients are dominated by the dense background.
Moreover, replacing CE with focal loss under the independent head (ID 2 vs. ID
3) brings a further +0.7 EPDMS, consistent with focal loss being better suited
for the severe foreground-background imbalance of tiny TE targets.

(2) Pooling and Interaction Mechanism. Explicitly routing TE con-
straints to the planner via Cross-Attention (C.A.) improves the baseline (4 vs.
1, +0.6), proving the necessity of interactive planning. However, since critical
signals occupy very few pixels, Average Pooling severely dilutes their activations
during spatial downsampling. Upgrading to Adaptive Max Pooling (ID 5) guar-
antees these peak activations are perfectly preserved in the low-resolution grid.
Our optimal configuration (ID 6) replaces C.A. by concatenating the max-pooled
TE features directly into the BEV memory. This creates a strictly aligned "Dual
Spatial Stream" that outperforms C.A. (+1.4). We attribute this to a more
direct and spatially consistent conditioning signal, which helps the planner as-
sociate traffic rules with the correct ego-relevant lane context.
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Robustness and semantic analysis. Since our framework uses predicted traf-
fic elements at inference time, we further evaluate whether the planning gain is
robust to upstream perception noise. We perform inference-stage sensitivity tests
on NAVSIM-v2 with LTF by corrupting the predicted TE representation before
it is fed to the planner. Specifically, we consider three common failure modes:
noisy TE depth, missed TE detections, and false-positive TE predictions. As
shown in Fig. 5, the planning score degrades smoothly as the corruption severity
increases, but remains consistently above the original LTF baseline. This indi-
cates that the proposed TE-aware planner does not rely on perfectly accurate TE
predictions and is reasonably resilient to moderate upstream perception errors.
We also verify that the improvement is not merely caused by generic multi-task
regularization. To this end, we train a class-agnostic TE variant that only su-
pervises TE localization with the L1 loss and removes the semantic classification
loss. This variant reaches only 26.2 EPDMS on NAVSIM-v2, compared with 28.9
EPDMS for the full TE-aware model. The gap shows that regulatory semantics,
rather than spatial localization alone, are critical for planning.

Ablation on Topology Information Integration. We systematically evalu-
ate our topology integration strategies in Tab. 7 to determine the most effective
mechanism for routing topological priors into the end-to-end planner.

(1) Topology Synergy. Introducing either centerline-to-centerline connec-
tivity (LCLC, ID 1) or centerline-to-traffic-element constraints (LCTE, ID 2)
substantially improves planning metrics. Combining both (ID 3) provides the
most comprehensive spatial-logical context, yielding better performance.

(2) Encoding Strategy: Language vs. Graph. When encoding the merged
directed topology graph, language-based encoding via BERT [12] (ID 3) outper-
forms Graph Convolutional Networks (GCN [61], ID 4), particularly in reduc-
ing the Collision Rate. Driving topologies consist of highly heterogeneous nodes
(e.g., continuous spatial centerlines vs. discrete logical traffic lights). While GCN
message-passing tends to over-smooth these semantic features, language models
naturally map these heterogeneous attributes into a unified semantic space. This
prevents information loss and perfectly preserves long-range causal driving rules.

(3) Interaction Scope: Ego vs. Global. Restricting the topology to ego-
relevant elements (ID 4) proves superior to utilizing the global topology (ID 5).
Global structures introduce redundant noise from irrelevant lanes and unaffected
traffic elements, which distract the planner’s attention mechanism. Ego-centric
filtering ensures the model focuses solely on actionable causal relationships.

(4) Robustness to Predicted Topology. Finally, replacing the ground-
truth (GT) topology [71] with real-time TopoMLP [78] predictions (ID 6, our
final optimal setting) maintains performance comparable to the GT oracle (ID 3).
This demonstrates the strong robustness of our interaction mechanism, proving
it can effectively guide safe trajectory generation without relying on perfectly
accurate perception priors.
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Table 7: Ablation study of topology information integration on the nuScenes
dataset. We ablate the topology types, encoding methods, topology source and inter-
action scope upon the VAD baseline.

ID‘ Topology ‘ Encoder ‘ Source ‘ Scope ‘ L2 (m) | Collision Rate (%) |
|LCTE LCLC|BERT GCN|GT [71] Pred [75]|Global Ego| 1s 25 3s Avg. 1s 2s 3s Avg.

0 0.41 0.70 1.05 0.72 0.07 0.17 0.41 0.22
1 | v v v |0.340.60 0.95 0.63 0.06 0.14 0.27 0.16
2 v v v v 10.34 0.59 0.93 0.62 0.06 0.16 0.33 0.18
30 v V|V v v |0.330.58 0.94 0.62 0.04 0.16 0.28 0.16
4 v v v v v 10.34 0.60 0.93 0.62 0.07 0.18 0.43 0.23
5 v v v v v 0.34 0.61 0.96 0.64 0.33 0.50 0.68 0.50
6 v v 4 v v 10.34 0.59 0.92 0.62 0.05 0.15 0.29 0.16
85
Ablation on Traffic Element De-
tection Optimization. To obtain
a highly robust traffic element de-
tector for datasets lacking TE coor- s
dinates annotations (e.g., NAVSIM), <
. . . W
we progressively optimize a base- 7
line YOLOv8 [59] detector using
datasets with available ground truth. &
As illustrated in Fig. 6, we pro-

60
*OL%?;me“‘a"“’: Resamp\i Rewe\%\;‘e 4do Lavel L TR (o028
X X

gressively optimize the baseline de-
tector into a robust feature ex-
tractor for the downstream plan- Fig.6: Stepwise performance im-
ner by systematically applying strong Provements of our traffic element detector
data augmentation, class-balanced re- % the OpenLane-V2 validation set, evalu-
sampling, loss reweighting, pseudo- ated by the DET, metric.

labeling, test-time augmentation (TTA), and an advanced YOLO backbone [60].

6 Conclusion

We propose a lightweight way to inject traffic elements (lights/signs) and lane
topology into vision-based end-to-end planning. By constructing a unified 3D
traffic-element representation, adding TE auxiliary supervision, and conditioning
the planner with ego-centric topology encoded as structured language, we obtain
consistent gains across four benchmarks (open-loop and closed-loop) and six rep-
resentative planners, improving both trajectory accuracy and safety /compliance
metrics with only minor runtime overhead. Importantly, our results demonstrate
strong scalability: the gains persist with stronger backbones and further increase
when training with more data, highlighting traffic-element reasoning as a previ-
ously under-emphasized but decision-critical factor in end-to-end driving.
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