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Abstract

Modular design of planning-oriented autonomous driving
has markedly advanced end-to-end systems. However, exist-
ing architectures remain constrained by an over-reliance on
ego status, hindering generalization and robust scene under-
standing. We identify the root cause as an inherent design
within these architectures that allows ego status to be eas-
ily leveraged as a shortcut. Specifically, the premature fusion
of ego status in the upstream BEV encoder allows an infor-
mation flow from this strong prior to dominate the down-
stream planning module. To address this challenge, we pro-
pose AdaptiveAD, an architectural-level solution based on a
multi-context fusion strategy. Its core is a dual-branch struc-
ture that explicitly decouples scene perception and ego sta-
tus. One branch performs scene-driven reasoning based on
multi-task learning, but with ego status deliberately omitted
from the BEV encoder, while the other conducts ego-driven
reasoning based solely on the planning task. A scene-aware
fusion module then adaptively integrates the complementary
decisions from the two branches to form the final planning
trajectory. To ensure this decoupling does not compromise
multi-task learning, we introduce a path attention mecha-
nism for ego-BEV interaction and add two targeted auxiliary
tasks: BEV unidirectional distillation and autoregressive on-
line mapping. Extensive evaluations on the nuScenes dataset
demonstrate that AdaptiveAD achieves state-of-the-art open-
loop planning performance. Crucially, it significantly miti-
gates the over-reliance on ego status and exhibits impressive
generalization capabilities across diverse scenarios.

Introduction

The modular design of planning-oriented autonomous driv-
ing (Hu et al. 2023) offers a novel paradigm for end-to-end
models, yet it inherits the persistent challenge of causal con-
fusion (Muller et al. 2005), where models learn spurious
correlations from benchmark data. A critical manifestation
is the tendency for models to ‘drive by inertia’ rather than
‘driving by sight’, a shortcut that leads to catastrophic fail-
ures in novel or long-tail scenarios where historical momen-
tum fails to predict the requisite future action. Existing mit-
igation efforts have largely followed two paths: data-centric
strategies, like balanced sampling (Chen et al. 2024a), which

*Corresponding author.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

9413

—>[BEVEnc]—>—>[ PercDecHPredDecH PIanDec]»y
! tr—>

f
CEAL] CEAL]

(a) Pipeline of planning-oriented autonomous driving

BEVEnc ]—> —>[ PercDec H PredDec]
e

J

r
(CEAG)

Sensor Data (@ %% () Ego Status
& Trajectory > Scene-driven Branch
=» Information Flow =» Adaptive Adjustment

CKAG)
BEV Query

- Ego-driven Branch
(b) Pipeline of our AdaptiveAD

Figure 1: Ego-status shortcut and our proposed architec-
tural solution. (a) In conventional architectures, ego status
is coupled with scene context, creating a shortcut that al-
lows the planning module to rely on kinematic state. (b)
Our AdaptiveAD framework uses a dual-branch design to
explicitly decouple scene-driven reasoning from ego-status
influence. A scene-aware fusion module then adaptively in-
tegrates these complementary decision contexts to generate
the final trajectory.

mitigate dataset biases but do not alter the model’s inter-
nal information flow; and regularization techniques, such
as dropout and contrastive imitation learning (Cheng, Chen,
and Chen 2024), which improve feature quality but risk ex-
acerbating the difficulty of multi-task learning in complex
end-to-end frameworks. These approaches focus on refining
the inputs to the decision-making process, rather than re-
structuring the process itself.

Recent investigations have revealed that this decision-
making inertia stems from an over-reliance on the vehi-
cle’s own kinematic state, often termed ego status (Li et al.
2024b). For instance, when a high-speed vehicle must ex-
ecute an emergency maneuver to avoid a sudden obstacle,
a model ‘driving by inertia’ is prone to generating a fa-
tal trajectory. While dataset biases, such as the prevalence
of straight-driving scenarios in benchmarks like nuScenes
(Caesar et al. 2020), certainly exacerbate this issue, we ar-



gue the root cause is a critical but often overlooked inher-
ent design that allows ego status to be easily leveraged as
a shortcut. In many state-of-the-art architectures, ego sta-
tus is fused with perceptual features early in the processing
pipeline, as illustrated in Figure 1a. This unfiltered access al-
lows the planning module to depend directly on ego status,
bypassing complex scene understanding.

To address this, we propose AdaptiveAD, an architecture
that explicitly decouples scene perception from ego status
via a dual-branch, multi-context fusion strategy, as illus-
trated in Figure 1b. A scene-driven branch, with ego sta-
tus excluded during BEV encoding, generates a planning
decision derived solely from environmental cues. Concur-
rently, a lightweight, ego-driven branch generates a trajec-
tory based primarily on the vehicle’s kinematic state. These
two complementary decision contexts—one encoding exter-
nal scene constraints, the other the vehicle’s own kinematic
inertia—are then adaptively integrated by a scene-aware fu-
sion module to produce a final trajectory that is both dynam-
ically feasible and contextually appropriate.

Notably, architectural decoupling may introduce chal-
lenges for multi-task learning. To support our design, we fur-
ther propose several key innovations. Path attention mecha-
nism models the fine-grained interactions between potential
ego paths and the dense BEV feature map, to enhance both
long-range dependency modeling and local detail capture.
To further strengthen feature-behavior associations, we em-
ploy two auxiliary tasks. BEV unidirectional distillation mit-
igates potential motion blur in the perception features of the
scene-driven branch arising from the absence of ego status,
while autoregressive online mapping establishes a feedback
loop from planning to mapping to improve multi-task learn-
ing efficacy. Evaluated on the nuScenes benchmark, Adap-
tiveAD not only achieves state-of-the-art open-loop plan-
ning performance but, more importantly, demonstrates sig-
nificantly reduced reliance on the ego-status shortcut and su-
perior generalization in complex scenarios.

Our primary contributions are outlined as follows:

* We identify and address the architectural flaw that en-
ables the ego-status shortcut. We propose a multi-context
fusion strategy that explicitly decouples scene- and ego-
driven reasoning, offering a robust solution to causal con-
fusion in end-to-end models.

* We introduce three key innovations to support our decou-
pling strategy: a path attention mechanism to enhance
ego-BEV interaction, BEV unidirectional distillation to
preserve perceptual quality, and autoregressive online
mapping to improve multi-task consistency.

e Qur proposed framework, AdaptiveAD, sets a new state
of the art for open-loop planning on the nuScenes dataset,
demonstrating superior robustness and generalization in
diverse and challenging driving scenarios.

Related Work
End-to-End Autonomous Driving Architectures

The paradigm for autonomous driving has progressively
shifted from modular pipelines, which are prone to er-
ror accumulation, towards integrated end-to-end systems.

9414

These systems aim to jointly optimize perception, predic-
tion, and planning within a single differentiable framework.
A significant milestone in this domain is the development
of planning-oriented models like UniAD (Hu et al. 2023),
which leverage a unified query-based design to facilitate
communication across different tasks. This approach has
demonstrated that coordinating tasks with the ultimate goal
of planning in mind can substantially improve performance
over simple multi-task learning. However, while these ar-
chitectures (Jiang et al. 2023) have advanced the field, their
intricate data flow has inadvertently created new vulnerabil-
ities, most notably the risk of learning spurious correlations
from data biases (Li et al. 2024b).

Causal Confusion and Ego-status Over-reliance

Causal confusion, particularly shortcut learning from ego
status (Li et al. 2024b), has prompted diverse mitigation
strategies. Data-level methods, such as re-sampling (Chen
et al. 2024a) or augmentation (Katare et al. 2024), allevi-
ate dataset biases but do not fundamentally alter the model’s
internal information flow. Representation-level techniques,
like dropout (Bansal, Krizhevsky, and Ogale 2018) and con-
trastive learning (Cheng, Chen, and Chen 2024), refine fea-
ture quality or restrict inputs to encourage perceptual re-
liance. While valuable, these approaches primarily address
symptoms by refining inputs, rather than restructuring the
decision-making process itself. In contrast, our work inter-
venes at the architectural level. We argue the root cause is the
premature fusion of ego status within the BEV encoder, cre-
ating an information flow that allows the planner to bypass
scene understanding (Li et al. 2024b; Yan et al. 2025). In-
stead of manipulating data or inputs, Adaptive AD introduces
a structural solution. By architecturally decoupling scene-
and ego-driven reasoning before adaptive fusion, we directly
suppress the ego-status shortcut, compelling the model to
ground its decisions in environmental perception. This of-
fers a more principled solution to causal confusion.

Fusion Strategies and Feedback Mechanisms

Information fusion is central to robust autonomous sys-
tems. Multi-sensor fusion (Yang et al. 2022; Cai et al. 2023;
Yan et al. 2023, 2024), which combines data from different
modalities like cameras and LiDAR, is a well-established
technique for enhancing perception. However, its impact
on planning is often indirect (Ye et al. 2023). In contrast,
our work explores the fusion of different decision con-
texts—a conceptually distinct approach aimed directly at
improving the planning logic itself. Furthermore, enforcing
causal consistency between a model’s planned actions and
its perception of the world is crucial for robust decision-
making. Methodologies employing autoregressive mecha-
nisms to create feedback loops have become influential for
this purpose, ensuring that predicted future states align with
intended actions (Li et al. 2024a; Gao et al. 2024). Inspired
by this principle, we introduce a targeted autoregressive on-
line mapping task. This task establishes a feedback loop
from planning to perception, enhancing the coherence and
reliability of our multi-task learning architecture.
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Figure 2: An overview of AdaptiveAD framework. Given a sequence of multi-view images, AdaptiveAD first extracts features
using a shared backbone. The core of our framework is a dual-branch architecture that explicitly decouples information flow:
one branch generates a scene-driven decision without ego-status influence, while a complementary branch produces an ego-
driven decision. These distinct decision contexts are then adaptively integrated by a multi-context decision fusion module,
which uses dense scene features as priors to generate the final trajectory. The integrity of this process is supported by two
auxiliary tasks designed to enhance perceptual quality and enforce causal consistency.

Method

The core strategy of AdaptiveAD is to mitigate ego-status
over-reliance through a principled, three-part architectural
design. Our framework is built upon the explicit decou-
pling of information streams, the adaptive fusion of their
outputs, and the support of targeted regularization to ensure
robust multi-task learning. This design, illustrated in Figure
2, systematically severs the shortcut pathway between ego
status and planning. It begins by generating distinct scene-
driven and ego-driven decisions in a dual-branch architec-
ture, which are then intelligently integrated by a scenario-
aware fusion module to produce a final, robust trajectory.

Multi-context Decision Generation

The cornerstone of AdaptiveAD is its dual-branch architec-
ture, which processes perceptual inputs in parallel streams to
isolate ego-status influence. This design facilitates learning
from both a pure, scene-centric representation and a conven-
tional, ego-informed representation.

Scene-driven Branch. This branch is engineered to gen-
erate planning decisions based exclusively on environmen-
tal perception, free from the direct influence of ego status.
Following VAD (Jiang et al. 2023), it comprises a BEV en-
coder, a vectorized scene decoder, and a decision generator
that process multi-scale image features F'. Our critical modi-
fication is removing the BEV query enhancement within the
BEV encoder—a step that typically injects ego status and is
a primary source of the shortcut. This removal yields a BEV
feature, Byoes € RE*HoeoXWoew representing the environ-
ment without ego-motion priors.

The subsequent vectorized scene decoder transforms this
dense BEV into sparse agent queries A € RNasentXC and
map queries M € RNmerXC The decision generator then
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initializes a multimodal ego query E,qcs € RNmodeXC and
uses it to interact sequentially with agent queries A, map
queries M, and BEV feature B,,,.s to generate a planning
decision grounded solely in scene understanding.

Planning-only Branch. In contrast, the ego-driven branch
mirrors a more conventional architecture by incorporat-
ing ego status to generate a complementary decision. This
streamlined branch retains the BEV query enhancement op-
eration, producing a motion-compensated BEV feature map,
Byes € REHverxWoew informed by ego-kinematics. It by-
passes the explicit scene decoder; its ego query, Eyes €
RNmoaeXC "interacts directly with By, to be updated into
the final ego-driven decision. Reflecting a strong prior for
motion extrapolation, the initial reference points for atten-
tion in this branch are predicted directly from the ego status.

Path Attention. Both branches leverage a novel path at-
tention mechanism for the crucial interaction between the
ego query and the BEV feature map. Standard deformable
attention mechanisms learn to sample features from sparse,
arbitrary locations, which is computationally efficient but
lacks task-specific semantic grounding (Li et al. 2023).
Path attention refines this concept by introducing trajectory-
guided semantic sampling, as depicted in Figure 3.
Specifically, for a given planning modality, we first de-
code a preliminary trajectory. We then sample 7' reference
points uniformly in time along this trajectory. Each reference
point is assigned an independent attention head, which then
learns to sample K local features in its vicinity. This design
constrains the model to gather evidence along a semantically
meaningful axis—the hypothesized future path—mimicking
how a human driver visually scans their intended route. For
the [-th layer, given the i-th modality’s ego query £ € R¢
and its T reference points P* € RT*2 on the BEV grid, path



[]
] ]
] ]
il !
| |
£ : I
i 4 i
Lk |
---------------- ] ]
A . LA
4 GT Ego Trajectory
a Planning Trajectory

. A Reference Point

‘ % Updated Reference Point

—> Update Location

— Sampling Point Offset
Receptive Field

Figure 3: Diagram of path attention.

attention is formulated as:

T K
PathAtin(E*, P*, B) = Y " Wi[Y _a""*W/BLLE ], (1)
k=1

t=1

Btk = Bilinear(B, P + APF). ()

where B is the BEV feature map, W/ € RCE7*¢ and
W, € RE*CT are projection matrices for the ¢-th head,
and BiLinear(-) performs bilinear sampling. The sampling
offsets AP»** and attention weights a®** are predicted
from the ego query E*. Crucially, the weights are normalized
within each head (Zszl a®** = 1), allowing the mecha-
nism to exploit feature separation across heads to efficiently
model both long-range context (via the spread of reference
points) and local detail (via the learned offsets).

Multi-context Decision Fusion

Our dual branches produce two distinct decision contexts:
a scene-driven F,,.s; for complex scenarios, and an ego-
driven E,,., providing a stable prior for inertial motion. As
shown in Figure 2, An adaptive fusion module then adap-
tively arbitrates between these complementary outputs.

First, to ground the final decision in the current environ-
ment, the fusion ego query Etysion € RNmodeXC' g initial-
ized with scene awareness. We extract a global scene feature
from the scene-driven BEV map, which is shared across all
planning modalities:

ECOm

fusion

= GAP(Bwoes)v (3)

where GAP(+) denotes global average pooling. This is com-
bined with learnable modality-specific embeddings to form
the initial E¢ysion-

Next, a stack of transformer-based fusion layers merges
the contexts. A key challenge is the potential feature space
misalignment between E,.s and E,..s. To address this,
each fusion layer first performs a context alignment step.
The two decision queries are concatenated and processed by
a multi-head self-attention (MHSA) block:

Eppuiri = Concat(Proj,,,.s (Fuwoes ), Proj s (Bwes)), (4)
= LayerNorm(E,,,,1t; + MHSA(E uti)). (5)

/
multi
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This self-attention mechanism is critical, as it allows for rich
inter-context interactions (Eoes — Fwes> Fwes — Fwoes)
and intra-context refinement (Eyoes — Fuwoes» Fwes —
Eyes). This step produces an aligned and enriched multi-
context representation £/ ... € R?NmoaeXC The final de-
cision query Fysi0n then attends to this representation via
multi-head cross-attention to synthesize the final output,
adaptively weighting the scene-driven and ego-driven infor-
mation based on the demands of the current scenario.

Auxiliary Tasks for Regularization

Our dual-branch architecture is regularized by two targeted
auxiliary tasks to preserve decoupled representations and en-
force multi-task consistency.

BEV Unidirectional Distillation. The scene-driven
branch, by design, lacks ego-motion compensation, which
can lead to motion blur in its BEV features (B.,,¢s), partic-
ularly for dynamic agents. To counteract this, we introduce
a BEV unidirectional distillation task. We treat the motion-
compensated BEV from the ego-driven branch, B.s, as
a ‘teacher’ and B,,,.s as a ‘student’. This teacher-student
paradigm is a proven method for knowledge transfer. The
distillation loss is a composite objective:

_ _+DF IK Ic
Laistin = aLgisyin + BLaistin + VL aistin-

(6)

Here, LDF . is a dense feature distillation loss with an
agent-guided reweighting mechanism to focus on fore-
ground objects. LIK,. and LI . are inter-keypoint and
inter-channel distillation losses that encourage the student to
learn feature correlations across agent keypoints and chan-
nels, narrowing the semantic gap between the two BEV rep-
resentations. To ensure the teacher’s stability, gradients are
not propagated through B, during this loss computation.

Autoregressive Online Mapping. End-to-end models
jointly performing mapping and planning suffer from con-
flicting optimization goals, where the model might ambigu-
ously shift map elements versus the planning trajectory. To
resolve this, we introduce an auxiliary task inspired by driv-
ing world models, enforcing causal consistency by predict-
ing future states based on actions.

Our task enforces that the perceived map should be con-
sistent whether the ego vehicle follows the predicted tra-
jectory or the ground-truth trajectory, as depicted in Figure
4. Let Py, Py € RT*2 be the predicted and ground-truth
ego trajectories, and Py, Pyy € RNmap*NpointX2 pe the
predicted and ground-truth map instances. For each future
timestep 7, we define an ‘autoregressive key region’ as the
intersection of the ego vehicle’s perception bounding box if
it were to follow P versus Pp. We then apply a masked L1

loss, LM #F_ . only on the map instances within this region:
e 1
MAP 2 _ = |p,—pP @MH
autoreg T;HM”1+E ( M M) )

(7
where M = Mask(Py, R, N RY;) is the mask for key in-
stances in the overlapping perception region, with € being
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Figure 4: Diagram of autoregressive online mapping.

a smoothing term. This ensures the model learns a consis-
tent mapping outcome conditioned on its planned actions.
To handle cases with no overlap and provide a stable gradi-
ent, we add a Gaussian Wasserstein distance loss (Yang et al.

2021), LY, . on the perception bounding boxes them-
selves. The total loss is:
Lautoreg = 6L£1\/vjifo};eg + )‘Lgyyo{r?eg' (8)

This autoregressive supervision establishes a feedback loop
from planning to mapping, mitigating task conflict and pro-
moting a more coherent world representation.

Experiments
Experimental Setup

Datasets and Evaluation Metrics. Our primary eval-
uation is conducted on the nuScenes (Caesar et al.
2020) dataset, a standard benchmark for vision-centric au-
tonomous driving. Following established protocols (Jiang
et al. 2023), we train on the train set and report results on
the val set. We use the primary open-loop planning metrics:
L2 Displacement Error (L2) to measure trajectory accuracy
and Collision Rate (CR) to assess safety (Jiang et al. 2023).
To further probe model robustness, we conduct supplemen-
tary experiments on the NAVSIM (Dauner et al. 2024) non-
reactive benchmark and the Bench2Drive (Jia et al. 2024)
closed-loop simulator, using their official metrics: PDM
Score (PDMS) (Dauner et al. 2024), Driving Score (DS), and
Success Rate (SR) (Jia et al. 2024). Unless otherwise spec-
ified, all reported results are based on the nuScenes dataset.
And all FPS measurements are conducted on one NVIDIA
GeForce RTX 3090 GPU, with the exception of UniAD (Hu
et al. 2023) and PPAD (Chen et al. 2024b).

Implementation Details. AdaptiveAD is implemented
in PyTorch, leveraging the open-source MMDetection3D
framework. Our configuration largely follows VAD, predict-
ing a 3-second trajectory from 2 seconds of historical data
within a 60m x 30m perception range. The model includes 6
ego-BEV interaction layers and 6 multi-context fusion lay-
ers. Loss weights for auxiliary tasks (o, 3, v, 0, A) are set
to (0.01, 0.1, 0.01, 0.01, 0.01). We train for 60 epochs on
32 NVIDIA A100 GPUs using the AdamW optimizer and a
CosineAnnealing scheduler, with a batch size of 2 per GPU.
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L2(m) | Collision (%) |

Method Is 28 3s Avg.| 1s 2s 3s Avg. FPS
UniAD 0.45 0.70 1.04 0.73]0.62 0.58 0.63 0.61] 1.8
VAD § 0.31 0.58 0.94 0.61]0.17 0.25 0.43 0.28| 3.4
PPAD 0.31 0.56 0.87 0.58]0.08 0.12 0.38 0.19] 2.6
SparseDrive 1/0.30 0.58 0.95 0.61]0.01 0.05 0.23 0.10| 5.2
BridgeAD ¥ [0.28 0.55 0.92 0.58(0.00 0.04 0.20 0.08 | 3.1
FusionAD - - - 1.03]0.25 0.13 0.25 0.21| -

Ours 0.23 0.43 0.74 0.47[0.05 0.12 0.18 0.12] 3.0

Table 1: Open-loop planning performance. § denotes re-
implement result. T denotes that the auxiliary task of pre-
dicting ego status was used during training.

L2 (m) |
2s  3s
0.59 0.95
0.88 1.35
0.83 1.52
0.43 0.74
0.61 0.95
0.55 1.09

Collision (%) |

2s  3s  Avg.
0.30 0.48 0.33
0.11 0.44 0.18
0.22 0.84 0.38
0.11 0.17 0.11
0.15 0.34 0.16
0.11 0.68 0.28

Method | Nav.

ST
LR
LR i
ST
LR
LR i

1s
0.32
0.50
0.40
0.23
0.34
0.26

Is
0.20
0.00
0.07
0.06
0.00
0.04

Avg.
0.62
0.91
0.92
0.47
0.63
0.63

VAD

Ours

Table 2: Scene generalization ability. Navigation commands
are labeled as ‘ST’ (straight) and ‘LR’ (left/right turn) (Li
et al. 2024b). 1 split follows the Turning-nuScenes dataset’s
official protocol (Song et al. 2025).

Velo.
Noise

L2 (m) |
2s 3s
0.58 0.94
5.61 7.48
3.07 4.17
3.21 4.53
14.92 20.93
0.43 0.74
4.18 543
245 3.26
2.76 3.81
5.04 7.24

Collision (%) |

Is 2s 3s Avg.
0.17 0.25 0.43 0.28
0.53 2.15 3.85 2.18
0.23 0.52 1.15 0.63
0.22 0.96 1.98 1.05
7.47 6.20 5.11 6.26
0.05 0.12 0.18 0.12
0.20 1.07 2.13 1.13
0.09 0.16 0.49 0.25
0.16 0.60 1.53 0.76
3.25 542 592 4.86

Method
1s

0.31
3.53
1.90
1.91
8.94
0.23
2.62
1.52
1.66
2.89

Avg.
0.61
5.54
3.05
3.22
14.93
0.47
4.08
241
2.74
5.06

x0.0

x0.5

x1.5
100m /s

VAD

x0.0

x0.5

x1.5
100m/s

Ours

Table 3: Reliance on ego status on nuScenes. We assign dif-
ferent levels of perturbation to the ego-velocity.

Method Velo. NAVSIM Bench2Drive
Noise PDMS 1 DS 1 SR(%)

- 81.2 44,35 16.91

x0.0 51.5 14.63 345

VAD x0.5 78.5 41.22 13.18

x1.5 67.9 22.78 7.27

100m /s 22.1 6.14 0.00

- 86.4 49.47 19.23

x0.0 61.4 19.91 5.82

Ours x0.5 84.6 45.81 16.44

x1.5 76.6 29.88 9.54

100m/s 30.7 9.42 0.00

Table 4: Reliance on ego status on NAVSIM and

Bench2Drive.



L2 (m)

Is 2s 3s Avg.
0.28 0.54 0.90 0.57
0.30 0.58 0.98 0.62
0.28 0.53 0.92 0.58
0.25 0.49 0.82 0.52
0.23 0.43 0.74 0.47

Collision (%) |
Is 2s 3s Avg.
0.10 0.20 0.35 0.22
0.10 0.14 0.20 0.15
0.03 0.05 0.17 0.08
0.06 0.13 0.18 0.12
0.05 0.12 0.18 0.12

=

N W=
ENENENENY
ESRENENI

Table 5: Ablation studies for innovative components. ‘D.’
(dual-branch), ‘B.” (BEV unidirectional distillation), ‘S.
(scene-aware initialization), and ‘A.” (autoregressive online
mapping) are incrementally added to the baseline.

L2(m) | Collision (%) |
Mech. Is 2s 3s Avg.| 1s 2s 3s Avg. FPS
D.A. [0.23 045 0.77 048 (0.07 0.13 0.25 0.15] 3.0
PA. [0.23 043 0.74 0.47 (0.05 0.12 0.18 0.12| 3.0
Table 6: Effectiveness of path attention.
L2 (m) | Collision (%) |
Method Is 2s 3s Avg.| Is 2s 3s Avg.
UniAD 0.45 0.70 1.04 0.73]0.62 0.58 0.63 0.61
+PA. 0.43 0.65 0.96 0.68|0.57 0.55 0.54 0.55
SparseDrive | 0.29 0.55 0.91 0.58 0.01 0.02 0.13 0.06
+A.OM. [0.27 049 0.82 0.530.01 0.03 0.14 0.06

Table 7: Effectiveness of plugins on open-loop planning.

Main Results

Open-loop Planning Performance. As shown in Table 1,
AdaptiveAD sets a new state of the art in planning accu-
racy on the nuScenes benchmark with the lowest average
L2 error. It also achieves a highly competitive collision rate
(Zhang et al. 2025), significantly outperforming our primary
baseline, VAD, by reducing the average L2 error by 22%
and the collision rate by 57%. Notably, this performance is
achieved with negligible impact on latency, maintaining an
inference speed of 3.0 FPS.

Scene Generalization Ability. The nuScenes dataset is
heavily skewed towards simple, straight-driving scenarios
(~75%), which can mask model weaknesses. To dissect our
performance, we evaluate generalization on complex turn-
ing maneuvers (LR) versus simple straight driving (ST), as
shown in Table 2. While both models perform well when
driving straight, VAD’s performance degrades significantly
in turning scenarios. In contrast, AdaptiveAD demonstrates
far more consistent performance, substantially outperform-
ing VAD in both L2 error and CR during turns. This result
highlights AdaptiveAD’s superior ability to rely on scene
understanding when ego-status priors become unreliable.

Reliance on Ego Status. To directly test our core hypoth-
esis, we inject varying levels of noise into the ego-velocity
input during inference. As detailed in Table 3, VAD’s per-
formance collapses catastrophically under noisy ego sta-
tus, with L2 error increasing by over 800% when veloc-
ity is zeroed out. AdaptiveAD, while still affected, exhibits
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markedly greater resilience, with significantly smaller per-
formance degradation across all noise levels. This demon-
strates that our multi-context fusion strategy successfully re-
duces the model’s hazardous over-dependence on ego sta-
tus. We confirm this finding in more realistic settings on
NAVSIM and the closed-loop CARLA-based Bench2Drive
(Table 4), where AdaptiveAD consistently maintains higher
and more stable driving scores under perturbation.

Ablation Studies

‘We conduct a series of ablation studies, summarized in Table
5, to systematically validate the contribution of each compo-
nent in AdaptiveAD.

Component Contributions. Our baseline (ID-1), a scene-
driven branch that retains ego-status enhancement, performs
reasonably well. Introducing our dual-branch and fusion
module but without the auxiliary regularizers (ID-2) leads
to a drop in L2 accuracy, as the scene-driven branch suffers
from motion blur without ego-motion compensation. The
addition of BEV unidirectional distillation (ID-3) is critical;
it recovers the L2 performance while dramatically reducing
the collision rate by over 60%. This is because distillation
enhances the perceptual quality of the scene-driven BEV
features (B 0es), as qualitatively verified in Figure 6. Next,
incorporating scene-aware initialization (ID-4) further im-
proves trajectory accuracy by ~10%, enabling the model to
adaptively weight the two decision contexts based on scene
complexity. Finally, adding our autoregressive online map-
ping task (ID-5) yields the full AdaptiveAD model, which
achieves the best overall performance by improving trajec-
tory quality without compromising safety. As shown in Fig-
ure 7, this auxiliary task also accelerates model convergence
by mitigating the optimization conflict between the mapping
and planning heads.

Effectiveness of Path Attention. We compare our pro-
posed path attention (P.A.) against a standard deformable
attention (D.A.) mechanism (Zhu et al. 2020) for the ego-
BEV interaction module. As shown in Table 6, path attention
achieves superior long-term planning accuracy and safety
with identical computational overhead. This confirms that
guiding attention sampling along the hypothesized future
trajectory is a more effective strategy for this task.

Generalizability of Components. To demonstrate the
broader utility of our contributions, we integrate path atten-
tion (P.A.) and autoregressive online mapping (A.O.M.) as
plug-in modules into two other SOTA models, UniAD (Hu
et al. 2023) and SparseDrive (Sun et al. 2024). As reported
in Table 7, both components provide consistent performance
improvements, underscoring their general applicability be-
yond the AdaptiveAD framework.

Qualitative Results

Figure 5 provides a qualitative comparison in a challeng-
ing obstacle avoidance scenario. The baseline model, likely
over-relying on its prior for forward motion, fails to perceive
the stopped vehicle and plans a collision course. In contrast,
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Figure 5: Qualitative comparison of scene generalization ability. In this challenging scenario, our AdaptiveAD demonstrates
significantly superior perception capabilities compared to VAD, providing more reliable obstacle-avoidance paths.
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Figure 6: Qualitative evaluation of BEV unidirectional dis-
tillation.

AdaptiveAD’s robust scene understanding allows it to cor-
rectly identify the obstacle and generate a safe and comfort-
able avoidance maneuver. Visualizations of two additional
state-of-the-art models are provided in Supplementary Ma-
terial, Section C.

Conclusion

In this work, we addressed the over-reliance on ego status
in end-to-end autonomous driving, diagnosing it as a po-
tential architectural flaw rather than a mere dataset bias.
We introduced AdaptiveAD, a framework that remedies this
issue through a principled decoupling of scene-driven and
ego-driven reasoning, followed by an adaptive fusion mod-
ule. AdaptiveAD achieves state-of-the-art open-loop plan-
ning performance on the nuScenes benchmark. Crucially,
our experiments demonstrate this performance improvement
does not arise from overfitting to benchmark statistics, but
rather from a significant suppression of the ego-state short-
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Figure 7: Impact of autoregressive online mapping on model
convergence speed.

cut and substantially improved robustness in complex sce-
narios, a finding corroborated across both open- and closed-
loop evaluations.

Beyond a specific implementation, our work champions a
broader principle: the explicit decoupling and adaptive fu-
sion of distinct reasoning contexts is a powerful paradigm
for building more robust and generalizable driving models.
This architectural philosophy opens several promising av-
enues for future research. For instance, the modularity of our
decoupled design provides a clear path for integration with
other advanced systems, such as generative world models,
to further enhance causal reasoning and scene understand-
ing. Furthermore, it offers a structured approach to enhanc-
ing training efficiency and extending the framework to han-
dle multimodal planning. By promoting a more robust and
causally sound approach to decision-making, this research
contributes to the development of safer, more scalable au-
tonomous driving systems.
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