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Echo Planning for Autonomous Driving: From Current

Observations to Future Trajectories and Back
Jintao Sun, Hu Zhang, Gangyi Ding, Zhedong Zheng

Abstract—Modern end-to-end autonomous driving systems
suffer from a critical limitation: their planners lack mechanisms
to enforce temporal consistency between predicted trajectories
and evolving scene dynamics. This absence of self-supervision
allows early prediction errors to compound catastrophically
over time. We introduce Echo Planning (EchoP), a new self-
correcting framework that establishes an end-to-end Current
→ Future → Current (CFC) cycle to harmonize trajectory
prediction with scene coherence. Our key insight is that plausible
future trajectories should be bi-directionally consistent, i.e., not
only generated from current observations but also capable of
reconstructing them. The CFC mechanism first predicts future
trajectories from the Bird’s-Eye-View (BEV) scene representa-
tion, then inversely maps these trajectories back to estimate the
current BEV state. By enforcing consistency between the original
and reconstructed BEV representations through a cycle loss,
the framework intrinsically penalizes physically implausible or
misaligned trajectories. Experiments on nuScenes show that the
proposed method yields competitive performance, reducing L2
error (Avg) by -0.04 m and collision rate by -0.12% compared to
one-shot planners. Moreover, EchoP seamlessly extends to closed-
loop evaluation, i.e., Bench2Drive, attaining a 26.54% success
rate. Notably, EchoP requires no additional supervision: the
CFC cycle acts as an inductive bias that stabilizes long-horizon
planning. Overall, EchoP offers a simple, deployable pathway to
improve reliability in safety-critical autonomous driving.

Index Terms—Autonomous Driving, Self-Correcting Planning,
BEV, End-to-End.

I. INTRODUCTION

V ISION-based end-to-end planning has become a lead-
ing paradigm in autonomous driving research [1]–[7].

Synchronized multi-view RGB images are usually mapped
to Bird’s-Eye-View (BEV) scene representation, providing
a direct interface between perception and planning. Recent
comprehensive surveys [8], [9] have highlighted the critical
role of progressive BEV perception in safety-critical driving.
BEV perception can be broadly categorized into dense and
sparse paradigms based on whether they adopt a dense grid
representation. For instance, dense BEV models rasterize
the scene into grids and learn rich spatial features [1]–[4],
[10]–[13]. Advanced methods have further extended this to
precise 3D lane detection [14], bounding boxes [15], [16], and
vectorized road network translation [17], providing explicit
geometric constraints for downstream tasks. In contrast, sparse
BEV models replace the grid with compact scene queries that
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reduce computation and label burden while preserving BEV
geometry [5], [7], [18], [19]. Based on the BEV represen-
tation, most current approaches follow a one-shot planning
paradigm, forecasting the vehicle’s future path solely from
a single snapshot of the present scene, shown in Fig. 1
(a, b, c). As summarized in Fig. 1(a–c), existing one-shot
end-to-end planning paradigms can be grouped into three
representative categories. Fig. 1(a) illustrates dense grid based
BEV planning pipelines, where a rasterized BEV feature map
is supervised by auxiliary tasks and then used for trajec-
tory prediction, as exemplified by ST-P3 [1], UniAD [2],
VAD [3], and GenAD [4]. Fig. 1(b) illustrates one-shot sparse
query based planning that replaces dense grids with compact
scene queries while still relying on auxiliary supervision, as
in SparseDrive [5] and SparseAD [19]. Fig. 1(c) illustrates
sparse planning without perception supervision that introduces
temporal supervision via forward consistency, as represented
by SSR [7]. In contrast, Fig. 1(d) summarizes EchoP with
a Current→Future→Current (CFC) formulation, where the
predicted future BEV is further used to reconstruct the current
BEV state. This backward (echo) reconstruction provides an
explicit reverse-consistency signal that complements the for-
ward temporal supervision and makes the system functionality
in Fig. 1(d) directly aligned with the two-loop design in Fig. 2.
However, these methods lack an internal mechanism to enforce
temporal consistency. For instance, while MomAD [20] has
improved inter step trajectory stability by smoothing con-
secutive predictions, most one shot planners still lack an
intrinsic self verification mechanism that checks whether the
predicted future scene evolution remains consistent with the
initial BEV observation. As a result, trajectory and scene
self consistency verification through a bidirectional current
future current check has remained underexplored. Without the
temporal verification, early inaccuracies can accumulate over
time and lead to unsafe driving behaviors. Hence, an open
research question persists: how can we inherently embed
self correcting scene trajectory consistency in trajectory
planning without incurring additional annotation overhead
or heuristic complexity?

To address this challenge, we introduce EchoP, a novel
self-correcting trajectory planning framework that enforces
intrinsic temporal coherence through an end-to-end CFC feed-
back cycle (see Fig. 1 (d)). While prior work [7] models
temporal variation by predicting a future BEV map from the
current BEV and planned trajectory, they only enforce forward
consistency and neglect the reverse constraint. In contrast, the
core intuition of our EchoP is that a robust trajectory should
be bidirectionally consistent: it should not only represent a
plausible future evolution of the current scene but also be
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Fig. 1. Comparison between one-shot paradigms and our echo planning paradigms. (a), (b), and (c) represent different types of one-shot approaches.
Both (a) and (b) construct scene representations from image features and rely on auxiliary tasks to supervise the model, thereby enhancing environmental
understanding; their main distinction lies in whether dense BEV features are used. Method (c) discards the auxiliary tasks introduced in (b) and is among the
first to highlight the importance of temporal supervision, though it still considers only forward verification and thus remains within the one-shot paradigm.
In contrast, ours (d) presents the echo planning approach, which employs a Current ! Future ! Current cycle. This design enforces bidirectional
self-supervision, allowing the model to validate scene understanding without additional auxiliary tasks.

able to accurately reconstruct the current scene when projected
backward. Inspired by the video generation [21], our model
first generates future trajectories using a BEV representation
of the current scene, and subsequently employs an inverse
reconstruction step to predict back the current BEV state
from these anticipated trajectories. This CFC cycle penalizes
trajectories that are physically implausible or inconsistent with
the initial scene configuration, thereby ensuring bidirectional
consistency.

By enforcing the CFC feedback cycle, our method sys-
tematically reduces the impact of evolving scene dynamics
on planning, preserves temporal consistency in the driving
context, and consequently boosts trajectory accuracy. Exper-
iments on the widely used nuScenes dataset [22] confirm
that our approach achieves competitive performance, sharply
lowering both L2 trajectory error and collision rates relative to
existing one-shot planners. Crucially, these gains are obtained
without any additional supervision or handcrafted heuristics,
making the method both reliable and readily deployable.
EchoP therefore provides a systematic method to intrinsi-
cally enforce trajectory–scene consistency, advancing end-to-
end autonomous driving toward safer and more dependable
operation. Our primary contributions are:
� Self-Correcting Planning. We propose a novel echo plan-

ning paradigm for autonomous driving, built upon a CFC
feedback loop. Unlike one-shot prediction methods, we
leverage predicted future trajectories to inversely recon-
struct the current Bird’s-Eye-View (BEV) scene state. This
reconstruction process enables implicit self-correction by
penalizing implausible trajectories without requiring any
external supervision.

� High-Fidelity Driving Performance. Extensive exper-
iments on open-loop driving benchmarks, specifically
nuScenes, validate that EchoP arrives at a competitive
average collision rate of 0.17 without additional inference
overhead. Moreover, EchoP can be seamlessly extended to
closed-loop trajectory prediction, achieving a 26.54 success
rate on the Bench2Drive benchmark.
Furthermore, distinct from conventional planners that solely

prioritize trajectory regression, EchoP introduces a critical
spatio-temporal consistency regularizer into the learning pro-
cess. By enforcing that predicted future trajectories should
be capable of inversely reconstructing current observations,
the proposed CFC mechanism serves as an intrinsic self-
supervisory signal. This bidirectional validation significantly
enhances the system’s capability to learn robust visual repre-
sentations, reducing physically implausible predictions arising
from sensor noise or ambiguous scene dynamics, effectively
acting as a logic coherence check within the planning loop.

Novelty, significance, and practical implications. While
one-shot end-to-end planning has been extensively studied,
existing temporal-supervision designs are mostly feed-forward
and lack an explicit mechanism to verify whether the pre-
dicted future remains consistent with the current observation.
EchoP provides a distinct insight by introducing bidirectional
trajectory–scene consistency via a Current→Future→Current
(CFC) feedback constraint, which penalizes plans that cannot
coherently reconstruct the present state. This design improves
practical adaptability because the CFC term serves as a
training-time self-supervision signal and does not change the
test-time planning pathway. Our findings suggest a lightweight
principle for stakeholders and the research community: using
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bidirectional consistency as an intrinsic regularizer to enhance
planning robustness, and using reconstruction-based consis-
tency as a diagnostic signal for spatio-temporal reasoning in
complex traf�c.

The remainder of this paper is organized as follows. Sec-
tion II reviews the related literature regarding end-to-end
autonomous driving and BEV representation learning. Sec-
tion III elaborates on the proposed Echo Planning framework,
providing a detailed formulation of the self-correcting CFC
mechanism. Section IV presents extensive quantitative and
qualitative experiments on standard benchmarks, along with
comprehensive ablation studies to validate the effectiveness
of our approach. Finally, Section V concludes the paper and
outlines potential directions for future research.

II. RELATED WORK

End-to-end planning. Planning is the ultimate objective
of the �rst phase of end-to-end autonomous driving. Early
work relied on relatively simple neural networks that ig-
nored much of the scene context and therefore offered lim-
ited interpretability [23]–[29]. With the advent of large-scale
datasets and stronger BEV perception, many learning-based
planners have been proposed [1]–[6], [13], [19], [30]–[33].
Most recent systems still follow a perception, prediction, and
planning pipeline to maintain transparency. For instance, ST-
P3 [1] chains map perception, BEV occupancy prediction,
and trajectory planning to infer future ego motion from sur-
round cameras. UniAD [2] introduces a uni�ed query design
that integrates detection, mapping, and motion forecasting.
VAD [3] uses a vectorized scene representation to couple
scene understanding with planning constraints, and GenAD [4]
generates future trajectories for both the ego vehicle and other
agents within a learned probabilistic latent space. A newer line
of research skips the explicit perception and prediction stages
to facilitate ef�ciency. BEV-Planner [33] employs ego queries
to extract task-relevant cues directly from BEV features, while
SSR [7] leverages navigation commands to focus on salient
regions without perception supervision. We also note several
very recent end-to-end planning directions that complement
the above paradigms, including constraint-guided �ow-based
planning (GuideFlow [34]), world-model and vision-language
assisted planning (MindDrive [35]), and probabilistic planning
to model uncertainty (VADv2 [36]). Despite the progress,
many end-to-end planners remain predominantly feed-forward,
and fewer works explicitly incorporate an intrinsic self-
veri�cation signal that checks whether predicted futures stay
semantically consistent with the current scene representation,
beyond trajectory-sequence regularization. We address this gap
with an end-to-end CFC cycle that enforces coherent scene
evolution over time.

BEV perception in autonomous driving. Perception forms
the bedrock of autonomous driving, as we need distill ac-
tionable information from raw sensor streams. Precise and
ef�cient scene understanding is therefore essential. The steady
evolution of BEV representations [37]–[46] has propelled
perception forward, while the lower cost of RGB cameras is
gradually supplanting LiDAR-based pipelines [11], [47]–[50].

LSS [51] is a landmark effort that used depth prediction to lift
perspective features into BEV space. To enhance feature ro-
bustness, depth-induced multi-scale attention mechanisms [52]
have been explored to better capture saliency in complex
depth ranges. BEVFormer [53] introduces spatial and temporal
attention within a Transformer, achieving strong camera-only
detection. Furthermore, DeepInteraction [54] demonstrates that
predictive interaction between modalities effectively decouples
complex scene dynamics, achieving strong detection perfor-
mance. More broadly, temporal modeling and spatio-temporal
attention are widely adopted to strengthen BEV representa-
tions under dynamic scenes, echoing insights from spatial-
temporal attention in video understanding [55] and reasoning-
oriented BEV perception [43]. To mitigate the high computa-
tional cost of dense BEV feature, sparse-perception methods
have begun to emerge [5], [7], [18], [19]. SparseDrive [5]
presents a symmetric sparse-perception module that jointly
learns detection, tracking, and online mapping to produce
a fully sparse scene representation. SparseAD [19] uses a
compact query set to encode the driving scene sparsely. Our
work follows this sparse-representation paradigm with zero
annotation overhead.

III. METHOD

Given raw sensor inputs (i.e., surrounding N-view camera
images Ii ; i = 1; :::; N) and high-level navigation command
Cnavi extracted from the dataset, our Echo planning model
plans the future trajectory T of the ego Vehicle (see Fig. 2).
EchoP �rst encodes the image features with a backbone
network and then uses bev queries to convert image features
into BEV feature space (see Sec. III-A). Second, EchoP
distills task-critical cues from the ego-centric BEV space via
a sparse scene representation module [7] and condition them
on the high-level navigation command, thereby mimicking the
selective attention that human drivers pay to salient scene
elements (Sec. III-A). Finally, at the core of our approach,
EchoP introduces a CFC cycle: it �rst predicts the ego-
vehicle's future trajectory from the navigation-conditioned
scene features, then inversely infers the present ego state
from this forecast, and �nally reconstructs the current BEV
feature map (Sec. III-B). Unlike prior end-to-end planners that
propagate information only in the forward temporal direction,
this bidirectional reasoning mechanism leverages temporal
consistency within the ego sequence, leveraging the sequential
context and yielding more reliable planning.

A. Preliminary

BEV features generation. At the t-th time step, the
surrounding N-view camera images Ii ; (i = 1; :::; N), are
transformed into a BEV representation using BEVFormer [53].
Speci�cally, images Ii pass through an image backbone to
yield image features FiI ; (i = 1; :::; N). Retaining the BEV
representation Bt�1 from the preceding timestamp t � 1, a
group of learnable BEV queries Q 2 RH�W �K simulta-
neously extracts temporal context from the previous BEV
features Bt�1 and spatial information from the current multi-
camera features

�
F i

I

�
t via cross-attention. This results in the
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Fig. 2. The overview of our EchoP framework. EchoP is trained through two complementary loops. The forward loop, indicated byblack arrows in
the �gure, predicts future BEV features through the sparse scene representation model [7] and applies self-supervision against the ground-truth BEV of
future frames. The echo loop, shown inred, takes those predicted future features via the Motion-aware Layer Normalization (MLN) module [7], [56] and
TokenFuser [7], [57], reconstructs the current BEV, and self-supervises against the ground-truth BEV of the current frame. By validating perception in both
directions along the CFC cycle, the model cross-checks its understanding of the surrounding scene and thus produces reliable trajectory plans. Notably,
modules like Scene TokenLearner, Scene TokenFuser, Planning Decoder, and MLN, share weights during training. The CFC cycle does not impact
inference speed, as only a forward pass from Current � Future is required during testing, consistent with existing methods.

updated BEV representation Bt 2 RH�W �K , where H; W
de�ne the spatial resolution of the BEV plane, and K denotes
the feature channel dimensionality.

Sparse scene representation module. Given the BEV
features and navigation command, the sparse scene repre-
sentation module, such as SSR [7], adopts the scene token
learner to extract scene queries S 2 RN s �K from dense BEV
features B, where Ns is the number of scene queries. Firstly,
the navigation command Cnavi is encoded into the dense
BEV feature [58]. Then, the navigation-aware BEV feature
goes through the BEV TokenLearner module [57] and multi-
layer self-attention [59] to get the current frame sparse scene
representation St . After obtaining the current-frame scene
representation St that encodes the salient BEV context, we
introduce a set of waypoint queries Wt 2 RN t �N c �K . These
queries attend to St to capture the prospective motion of
vehicle, where Nt is the prediction horizon (in time steps),
Nc is the number of discrete navigation commands, and
K is the feature dimensionality. A lightweight multi-layer
perceptron subsequently regresses the waypoint embeddings
into planar coordinates, producing the predicted ego trajectory
TP 2 RN t �2 over the next Nt time steps. For supervision,
the high-level navigation command Cnavi selects the mode-
consistent brancĥTP , which is compared with the ground-truth
trajectory TGT using an L1 loss:

L traj =





 T̂P � T GT








1
: (1)

B. Echo planning

Motivation. In end-to-end autonomous driving planning,
real-time scene context should strictly inform the prediction
of the vehicle's trajectory. However, relying solely on forward
prediction is often an ill-posed problem, as the model may gen-
erate trajectories that are statistically probable but semantically
inconsistent with the current �ne-grained scene details. Such
feed-forward approaches are prone to hallucinations when
facing complex occlusions or open-set sensor noise, lacking
a mechanism to verify the causality of the generated plan. To
address this, we argue that a robust planner should enforce
bi-directional consistency: a plausible trajectory should not
only be inferred from the current observation but should
also contain suf�cient information to inversely reconstruct
that observation. This reversibility serves as a hard geometric
and semantic constraint to �lter out inconsistent predictions
that deviate from the actual scene evolution. Motivated by
this need for intrinsic spatio-temporal veri�cation, we propose
EchoP, a cycle-loop self-correcting framework that leverages
self-supervised training across time to substantially enhance
planning �delity without requiring external supervision. As
illustrated in Fig. 2, we introduce a recurrent planner that
forms a CFC BEV cycle loop, continuously validating trajec-
tory predictions by inversely reconstructing the present BEV
state. Fig. 2 visualizes the full training graph of EchoP, where
the forward loop (black arrows) and the echo loop (red arrows)
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share the same core modules. From current N-view images,
a BEV encoder produces dense BEV features Bt , which
are compressed into sparse scene tokens St by the Scene
TokenLearner. Conditioned on the navigation command, the
planning decoder regresses the ego trajectory and is supervised
by the trajectory loss in Eq. 1. In the forward loop, the
predicted future scene tokens are fused back to dense BEV
B̂ t+1 (TokenFuser) and are self-supervised by the future-BEV
loss in Eq. 2. In the echo loop,̂B t+1 is processed again to
reconstruct the current BEV̂B t and is self-supervised by the
current-BEV loss in Eq. 3. The dashed lines in Fig. 2 indicate
these three supervision signals.

Forward pass (Current � Future). The navigation-
consistent trajectory prediction̂TP and the current scene
embedding St are �rst processed by a Motion-aware Layer
Normalization (MLN) module [7], [56], producing preliminary
prediction queries. A self-attention block [59] then re�nes
these queries into the future scene representationŜt+1 . Be-
cause the regions of interest in autonomous-driving scenes
shift over time, we provide an additional source of supervi-
sion. The predicted future scene embeddingŜt+1 is fed to
TokenFuser [7], [57] to hallucinate a dense BEV feature map
B̂ t+1 . We then enforce an L2 penalty betweenB̂ t+1 and Bt

the ground-truth BEV, yielding the future-BEV reconstruction
loss Lfutbev :

L futbev =





 B̂ t+1 � B t+1








2
: (2)

Echo pass (Future � Current). Our goal in this stage
is to start from the predicted dense BEV at T + 1,̂B t+1 ,
and run the pipeline in reverse to reconstruct the current
BEV B̂ t for self-supervision. The Echo pass comprises four
steps. Firstly, to mimic backward driving, we derive a reversed
navigation command C0navi from the original Cnavi and feedh
B̂ t+1 ; C0

navi

i
into the same sparse-scene-representation mod-

ule. The reversed navigation command C0
navi is derived by

inverting the original discrete command Cnavi : speci�cally, the
”left” and ”right” directions are swapped, while ”go straight”
remains unchanged. Secondly, the scene token learner [7],
equipped with an attention module, extracts predicted future
scene querieŝS0

t+1 from the input BEV featureŝB t+1 . Thirdly,
a new set of waypoint queries W0t+1 attends toŜ0

t+1 , gen-
erating a reversed trajectory proposalT̂0

p, after which the
inverse command C0navi selects the mode-consistent branch of
T̂0

p. Finally, analogous to the forward pass,T̂0
p and Ŝ0

t+1 are
processed by an MLN block followed by stacked self-attention
layers, producing the current-frame scene queriesŜ0

t . Token-
Fuser [7], [57] then reconstructs the dense BEV mapB̂ t from
Ŝ0

t . The discrepancy between the reconstructed and ground-
truth BEV features derives the current BEV reconstruction loss
as follow:

L curbev =





 B̂ t � B t








2
: (3)

Total loss. In summary, EchoP is trained end-to-end with a
composite objective comprising the trajectory loss Ltraj , the
future-BEV reconstruction loss Lfutbev , and the current-BEV
reconstruction loss Lcurbev , combined as: Ltotal = L traj +
� futbev L futbev + � curbev L curbev :

C. Method Roadmap and Practical Interpretation

To make the construction of EchoP easier to follow, we
summarize the method as a two-pass training procedure over
a Current!Future!Current (CFC) cycle. Forward pass
(Current!Future). Given the current BEV feature Bt and
the navigation command Cnavi, EchoP predicts a navigation-
consistent trajectoryT̂P and a future scene representation
Ŝt+1 , which is further decoded into a dense future BEVB̂ t+1 .
This stage is supervised by the future-BEV reconstruction
loss Lfutbev (Eq. 2). Echo pass (Future!Current). Starting
from the predicted future BEV̂B t+1 , EchoP runs a mirrored
pipeline (with shared weights) to reconstruct the current BEV
B̂ t , supervised by the current-BEV reconstruction loss Lcurbev

(Eq. 3). This cycle provides an intrinsic spatio-temporal con-
sistency check: a plausible plan should be reversible enough to
reconstruct the observation it is conditioned on. Deployment
note. The echo pass is used only during training. At inference
time, EchoP performs a single forward pass (Current!Future)
to outputT̂P , incurring no additional runtime overhead com-
pared with one-shot planners.

IV. EXPERIMENT

In this section, we provide a comprehensive evaluation of
the proposed EchoP framework, organized into three main
parts: experimental setup, comparative analysis, and in-depth
discussion. We begin by introducing the standard open-loop
benchmark nuScenes [22] and the closed-loop benchmark
Bench2Drive [31], followed by the de�nitions of key eval-
uation metrics (e.g., L2 error, collision rate, and driving
score) and the implementation speci�cs. The extensive com-
parison with state-of-the-art end-to-end planners is presented
in Section IV-A. Finally, Sections IV-B and IV-C discuss
the ablation studies validating the spatio-temporal consistency
of the CFC cycle and provide qualitative visualizations of
planning behaviors, respectively.

Dataset. We conduct extensive experiments on the widely
adopted nuScenes dataset [22] to assess the open-loop plan-
ning capability of our EchoP framework. nuScenes comprises
1,000 driving logs, partitioned into 700, 150, and 150 scenes
for training, validation, and testing, respectively. Each scene
provides 20 seconds (s) of synchronized RGB and LiDAR data
captured at 12 Hz, supplemented by key-frame annotations at
2 Hz. The sensor suite includes six surround-view cameras
covering a full 360° �eld of view and a 32-beam LiDAR.
The dataset supplies dense semantic maps alongside 1.4M 3D
bounding boxes spanning 23 object classes, providing a rich
testbed for perception and prediction. Real-world factors in
nuScenes. We emphasize that our main open-loop benchmark
is not con�ned to simulation: nuScenes is collected from
real driving logs with multi-view RGB streams, and contains
diverse real-world conditions (e.g., rainy scenes and low-light
nighttime driving). Therefore, our evaluation already covers
practical visual challenges beyond idealized settings, as also
illustrated by the qualitative cases in Fig. 3(b, d).

To rigorously evaluate the planning robustness in an inter-
active environment, we further employ Bench2Drive [31], a
state-of-the-art closed-loop benchmark built upon the CARLA
simulator. Unlike open-loop evaluation, Bench2Drive requires
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TABLE I
EQUATION-TO-MODULE MAPPING AND HOW EACH TERM RELATES TO EVALUATION METRICS.

Component Output Supervision Main effect on metrics

Trajectory regression Ltraj (Eq. (1)) T̂P TGT Reduces L2 displacement error
Future BEV reconstruction Lfutbev (Eq. (2)) B̂ t+1 B t+1 Improves future scene grounding
Current BEV reconstruction Lcurbev (Eq. (3)) B̂ t B t Enforces temporal consistency; reduces collisions

TABLE II
OPEN-LOOP PLANNING ON NUSCENES. THE TOP BLOCK WITHO MEANS THE LIDAR-BASED METHODS. THE MIDDLE BLOCK FOLLOWS THE UNIAD
PROTOCOL (FINAL/MAX AGGREGATION). THE LOWER BLOCK WITH ‡ FOLLOWS VAD PROTOCOL (AVERAGE OVER ALL PREDICTED FRAMES).? : THE

BACKBONE IS RESNET-101 [60], WHILE OTHER METHODS WITHOUT? ADOPT RESNET-50 OR SIMILAR VARIANTS.§: THE RESULT THAT WE
RE-IMPLEMENT SSR WITH OFFICIAL WEIGHTS [7]. THE # INDICATES THAT LOWER IS BETTER.

Method Auxiliary Task
L2 (m) # Collision Rate (%) #

1s 2s 3s Avg. 1s 2s 3s Avg.

NMPo [61] Det & Motion 0.53 1.25 2.67 1.48 0.04 0.12 0.87 0.34
FFo [62] FreeSpace 0.55 1.20 2.54 1.43 0.06 0.17 1.07 0.43
EOo [63] FreeSpace 0.67 1.36 2.78 1.60 0.04 0.09 0.88 0.33

ST–P3 [1] Det & Map & Depth 1.72 3.26 4.86 3.28 0.44 1.08 3.01 1.51
UniAD? [2] Det&Track&Map&Motion&Occ 0.48 0.96 1.65 1.03 0.05 0.17 0.71 0.31
OccNeXt? [64] Det & Map & Occ 1.29 2.13 2.99 2.14 0.21 0.59 1.37 0.72
VAD–Base [3] Det & Map & Motion 0.54 1.15 1.98 1.22 0.04 0.39 1.17 0.53
PARA–Drive [6] Det&Track&Map&Motion&Occ 0.40 0.77 1.31 0.83 0.07 0.25 0.60 0.30
GenAD [4] Det & Map & Motion 0.36 0.83 1.55 0.91 0.06 0.23 1.00 0.43
SparseDrive [5] Det&Track&Map&Motion 0.44 0.92 1.69 1.01 0.07 0.19 0.71 0.32
UAD–Tiny [65] Det 0.47 0.99 1.71 1.06 0.08 0.39 0.90 0.46
UAD? [65] Det 0.39 0.81 1.50 0.90 0.01 0.12 0.43 0.19
SSR§ [7] None 0.25 0.64 1.33 0.74 0.16 0.21 0.51 0.29
MomAD [20] None 0.43 0.88 1.62 0.98 0.06 0.16 0.68 0.30
EchoP (Ours) None 0.23 0.60 1.27 0.70 (-0.04) 0.02 0.12 0.39 0.17 (-0.12)

ST–P3‡ [1] Det & Map & Depth 1.33 2.11 2.90 2.11 0.23 0.62 1.27 0.71
UniAD?z [2] Det&Track&Map&Motion&Occ 0.44 0.67 0.96 0.69 0.04 0.08 0.23 0.12
VAD–Tiny‡ [3] Det & Map & Motion 0.46 0.76 1.12 0.78 0.21 0.35 0.58 0.38
VAD–Base‡ [3] Det & Map & Motion 0.41 0.70 1.05 0.72 0.07 0.17 0.41 0.22
HE–Drive‡ [66] Det&Track&Map 0.31 0.58 0.93 0.60 0.01 0.05 0.16 0.07
BEV–Planner‡ [33] None 0.28 0.42 0.68 0.46 0.04 0.37 1.07 0.49
PARA–Drive‡ [6] Det&Track&Map&Motion&Occ 0.25 0.46 0.74 0.48 0.14 0.23 0.39 0.25
LAW‡ [67] None 0.26 0.57 1.01 0.61 0.14 0.21 0.54 0.30
GenAD‡ [4] Det & Map & Motion 0.28 0.49 0.78 0.52 0.08 0.14 0.34 0.19
SparseDrive‡ [5] Det&Track&Map&Motion 0.29 0.58 0.96 0.61 0.01 0.05 0.18 0.08
UAD?z [65] Det 0.28 0.41 0.65 0.45 0.01 0.03 0.14 0.06
DiffDrive ‡ [68] Det &Map 0.27 0.54 0.90 0.57 0.03 0.05 0.16 0.08
SSR§‡ [7] None 0.19 0.36 0.62 0.39 0.10 0.13 0.22 0.15
MomAD ‡ [20] None 0.31 0.57 0.91 0.60 0.01 0.05 0.22 0.09
BridgeAD ‡ [69] None 0.28 0.55 0.92 0.58 0.00 0.04 0.20 0.08
FocalAD ‡ [70] Det & Map & Motion 0.27 0.57 0.96 0.60 0.00 0.04 0.24 0.09
EchoP‡ (Ours) None 0.17 0.33 0.58 0.36 (-0.03) 0.03 0.05 0.14 0.07 (-0.08)

the agent to actively control the vehicle across 220 of�-
cial routes, navigating through dynamic traf�c and complex
topologies under diverse weather conditions. This benchmark
features a multi-ability evaluation protocol that dissects driving
performance into distinct competencies, such as lane chang-
ing, intersection traversal, and yielding, thereby providing a
granular and comprehensive assessment of the planner's gen-
eralization capability and safety in long-horizon execution. We
stress that Bench2Drive complements open-loop evaluation
by enforcing closed-loop execution, where the agent must
repeatedly re-plan under dynamic traf�c and long-horizon
interactions, thereby partially bridging the gap between of�ine
metrics and real-world operational constraints.

Evaluation metrics. Following prior work, we evaluate
open-loop performance on nuScenes using two primary met-
rics: L2 displacement error (the Euclidean distance between
the planned and ground-truth trajectories) and Collision Rate
(the proportion of planned trajectories that collide with any
traf�c participant). Unless speci�ed otherwise, the model is
fed with 2 seconds of history corresponding to �ve frames,
and planning quality is reported for 1s, 2s, and 3s horizons.
Because VAD [3] and UniAD [2] adopt different aggregation
rules, we report results under both protocols: VAD averages
over all predicted frames, whereas UniAD uses the �nal value
(maximum collision). Table II presents the outcomes under
both protocols.
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TABLE III
OPEN-LOOP AND CLOSED-LOOP PLANNING ON BENCH2DRIVE. THE "
INDICATES THAT HIGHER IS BETTER. THE # INDICATES THAT LOWER IS

BETTER.§: THE RESULT THAT WE RETRAIN THE SSR [7].

Open-loop Closed-loop

Method Avg. L2 # Driving score " Success Rate (%) " Ef�ciency "

AD-MLP [72] 3.64 18.05 0.00 48.45
UniAD-Tiny [2] 0.80 40.73 13.18 123.92
UniAD-Base [2] 0.73 45.81 16.36 129.21
VAD [3] 0.91 42.35 15.00 157.94
GenAD [4] - 44.81 15.90 -
SSR§ [7] 0.90 32.34 11.85 157.62
MomAD [20] 0.85 45.35 17.44 162.09
FocalAD [70] 0.85 45.77 17.30 174.01
DIVER [73] 1.05 49.21 21.56 177.00
EchoP (ours) 0.79 50.35 26.54 185.18

For Bench2Drive closed-loop evaluation, we report: Success
Rate (SR), the percentage of failure-free route completions;
Driving Score (DS), the primary metric weighting completion
by infraction penalties; and Ef�ciency, which evaluates trajec-
tory smoothness and travel time relative to the standard.

Implementation details. EchoP is trained for 12 epochs
on 4 RTX-A6000 GPUs with a batch size of 1 per GPU. The
image encoder is a ResNet-50 [60] fed with 640 × 360 images,
yielding a 100 × 100 BEV grid and 16 × 256 sparse tokens.
The navigation-command set remains 3, matching prior work.
For training, we deploy AdamW [71] with a learning rate
of 5 � 10 �5 , and all other hyperparameters follow SSR [7].
Unless stated, loss weights for future-BEV, and current-BEV
are � futbev = 0:5, and � curbev = 0:1 by default. Runtime
and throughput. We report end-to-end inference speed on
an NVIDIA A100-PCIE-40GB using the standard speed-test
protocol (world size = 1, batch size = 1). Our implementation
achieves 46:27 ms/iter, corresponding to 21:61 FPS. The
overhead is limited because the CFC branch reuses the BEV
latent features and shares backbone computation, while the
inverse reconstruction is implemented as a lightweight head
on compact BEV representations rather than an additional full
perception stack.

Scalability and feasibility in large SDV networks. EchoP
is designed as an on-board planner that consumes only the
ego vehicle's local multi-view observations and a high-level
navigation command, and outputs short-horizon waypoints.
From a systems perspective, this implies favorable scalability
in large dynamic SDV �eets: the computational cost is per-
vehicle and does not require centralized coordination for
inference. Moreover, our planning head operates on compact
scene tokens (e.g., 16�256 by default) distilled from the BEV
representation, which helps keep the planning computation
lightweight. As a result, EchoP can operate in real time
under the measured single-GPU throughput, while retaining
the bene�t of the CFC self-supervision during training.

A. Comparison with the State-of-the-art Methods

Open-Loop Evaluation. To assess the effectiveness of
EchoP, we train and evaluate the model on the widely used
nuScenes benchmark. As summarised in Table II, EchoP
achieves the best results among contemporary end-to-end
planners on both the L2 error and the collision rate, attaining
an average L2MAX error of only 0.70 m. Compared to

TABLE IV
ABLATION FOR OUR CFC CYCLE. THE UPPER BLOCK FOLLOWS THE
UNIAD PROTOCOL (FINAL/MAX AGGREGATION). THE LOWER BLOCK
WITH ‡ FOLLOWS VAD PROTOCOL (AVERAGE OVER ALL PREDICTED

FRAMES).§: THE RESULT THAT WE RETRAIN THE SSR [7] ON 4 GPUS.
THE # INDICATES THAT LOWER IS BETTER.

Method CFC cycle
L2 (m) # Collision Rate (%) #

1s 2s 3s Avg. 1s 2s 3s Avg.

SSR§ [7] 0.25 0.64 1.33 0.74 0.16 0.21 0.51 0.29
EchoP (Ours) X 0.23 0.60 1.27 0.70 0.02 0.12 0.39 0.17

SSR§‡ [7] 0.19 0.36 0.62 0.39 0.10 0.13 0.22 0.15
EchoP‡ (Ours) X 0.17 0.33 0.58 0.36 0.03 0.05 0.14 0.07

TABLE V
ABLATION FOR THE CFC CYCLE EFFECTIVENESS IN DIFFERENT SCENE
REPRESENTATION NUMBERS. THE BLOCK ALL FOLLOWS THE UNIAD

PROTOCOL (FINAL/MAX AGGREGATION). THE ROW WITH A GRAY
BACKGROUND IS THE RE-IMPLEMENTATION OF OUR BASELINE. THE #

INDICATES THAT LOWER IS BETTER.

N s CFC cycle
L2 (m) # Collision Rate (%) #

1s 2s 3s Avg. 1s 2s 3s Avg.

8 0.27 0.69 1.43 0.79 0.20 0.35 0.68 0.41
8 X 0.21 0.57 1.22 0.67 0.00 0.06 0.45 0.17

16 0.25 0.64 1.33 0.74 0.16 0.21 0.51 0.29
16 X 0.23 0.60 1.27 0.70 0.02 0.12 0.39 0.17

strong one-shot planners, our approach delivers consistent
bene�ts. Against UniAD the average L2MAX error drops
by 0.33 m (32% relatively) and the average CRMAX falls
by 0.14% (45% relatively). Compared with VAD-Base, the
gains are even larger, with reductions of 0.52 m in average
L2MAX (43% relatively) and 0.36% in average CRMAX

(68% relatively). In addition, we compare our approach to
the SSR baseline. Due to recent updates in the SSR codebase,
our reproduced results on a 4-GPU setup differ from those
reported in the original paper, a point also acknowledged by
the authors on GitHub, as their modi�cations affected collision
rate performance. For a fair comparison, we benchmark EchoP
against our reproduced SSR results and observe substantial
improvements in both L2 error and collision rate. EchoP
still lowers the average L2MAX by 0.04 m and the average
CRMAX by 0.12%, while also improving the L2AV G and
CRAV G metrics by 0.03 m and 0.08% respectively. The
consistent improvements across all indicators con�rm that
the Current � Future � Current cycle provides a reliable
mechanism for accurate and safe trajectory planning.

Closed-Loop Evaluation. To evaluate the effectiveness
of our approach under closed-loop control, we follow the
Bench2Drive benchmark [31]. As shown in Table III, EchoP
markedly surpasses the SSR baseline [7] in Driving Score. Rel-
ative to widely used methods, EchoP attains +4.54 and +8.00
points over UniAD [2] and VAD [3] , respectively. With the
proposed CFC cycle enabled, EchoP further lifts the closed-
loop Success Rate by +10.18% compared to UniAD [2].
Moreover, because EchoP does not rely on auxiliary tasks,
it achieves superior runtime ef�ciency while maintaining high
success rates.
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TABLE VI
TEMPORAL CONSISTENCY ON THE TEST SET. WE MEASURE THE

L curbev =





 B̂ t � B t








2
: LOWER IS BETTER. WE COULD OBSERVE THAT

OUR METHOD ENSURE THE BIDIRECTIONAL CONSISTENCY ON THE
UNSEEN TEST SET.

Method Lcurbev #

Baseline 0.2442
EchoP (CFC cycle) 0.0962

TABLE VII
ABLATION FOR THE LOSS WEIGHT. VARYING Lcurbev AND L futbev .

� curbev � futbev
L2 (m) # Collision Rate (%) #

1s 2s 3s Avg. 1s 2s 3s Avg.

0.1 0.5 0.23 0.60 1.27 0.70 0.02 0.12 0.39 0.17
0.5 0.5 0.24 0.63 1.34 0.73 0.00 0.10 0.35 0.15
0.1 0.8 0.24 0.63 1.31 0.72 0.04 0.14 0.45 0.21

0.1 0.5 0.17 0.33 0.58 0.36 0.03 0.05 0.14 0.07
0.5 0.5 0.19 0.36 0.64 0.39 0.08 0.06 0.13 0.09
0.1 0.8 0.18 0.35 0.61 0.38 0.00 0.05 0.21 0.09

B. Ablation Studies and Further Discussion

Connecting methodology to evaluation (open-loop and
closed-loop). The three-term objective in total loss is de-
signed to improve not only trajectory accuracy but also scene-
consistent planning. Ltraj directly optimizes waypoint regres-
sion (L2 displacement), while Lfutbev encourages future scene
grounding. Crucially, the CFC echo term Lcurbev regularizes
temporal consistency by requiring that the predicted future
state can reconstruct the current observation, which reduces
physically implausible plans and thus lowers collision rates.
In Tab. I, this mechanism is re�ected by improved temporal
consistency, open-loop L2/collision reductions, and stronger
closed-loop robustness on Bench2Drive.

Effect of the CFC cycle. Table IV details the ablation of
the CFC BEV cycle loop. Incorporating the CFC cycle into the
one-shot planner reduces the average L2MAX error by 0.04
m and CRMAX by 0.12%, while simultaneously lowering
the average L2AV G and CRAV G by 0.03 m and 0.08%,
respectively. These results underscore the signi�cant ef�cacy
of bidirectional validation via inverse reconstruction, which
markedly improves the understanding of dynamic scenes.
Consequently, EchoP facilitates safer trajectory generation
and delivers substantial planning enhancements. To further
quantify the temporal consistency, we compute the Mean
Squared Error (MSE) between the Current ! Future !
Current predicted BEV and the ground-truth Current BEV on
the test set. As shown in Table VI, we benchmark the baseline
against our EchoP equipped with the CFC mechanism.

Effect of different scene representation numbers. In
Table V, we assess the robustness of the CFC cycle when the
scene representation is compressed to different capacities. We
compare two settings: 8 and 16 scene tokens, while keeping all
other factors �xed. In both cases, the CFC-augmented model
secures clear improvements over its non-cycle counterpart.
Remarkably, even with only 8 tokens, our method can still
learn the surrounding environment of the vehicle very well,
con�rming that the cycle constraint remains effective even in
highly compact representations.

Effect of the loss of weight. As shown in Table VII,
we show an ablation study on the weights of our three loss
terms, with emphasis on the two components tied to the
CFC BEV cycle. Keeping the trajectory loss Ltraj �xed,
we systematically vary the forward-pass loss Lfutbev and
the echo-pass loss Lcurbev . The results show that planning
quality remains consistently high across a broad range of
weight settings, underscoring the stability imparted by the
CFC cycle and con�rming that EchoP reliably strengthens
planning performance.

Why is the end-to-end CFC BEV cycle loop effective?
Accurate trajectory planning requires the model to form a
faithful understanding of the driving scene. Most recent plan-
ners follow a one-shot paradigm: the network observes a single
sensor frame, predicts the future trajectory, and is trained either
with auxiliary labels such as detection or mapping or with a
forward self-supervised loss that compares the predicted future
scene to ground truth. This design leaves two critical gaps.
First, heavy auxiliary heads greatly increase model complexity
while offering no direct feedback on how well the planner
actually understands its surroundings. Second, relying only on
forward supervision ignores the reverse constraint: because
the driving scene evolves unpredictably, a plan generated
from the present frame alone may remain unveri�ed and
can drift from reality. EchoP addresses these issues with a
CFC cycle. Without any extra supervision, the framework not
only learns from the forward prediction of the future scene
but also reconstructs the current BEV from that prediction,
thereby checking whether the imagined future is consistent
with the observed present. This bidirectional loop provides an
intrinsic error detector that continuously validates trajectories
and signi�cantly lowers the probability of collisions, yielding
more reliable planning.

C. Qualitative Results

Visualization protocol. In Fig. 3and Fig. 4, map context
is rendered from dataset annotations. The green icon denotes
the ego vehicle and red icons denote surrounding agents. We
overlay the predicted ego trajectory of EchoP with a repre-
sentative one-shot baseline and the ground-truth trajectory to
highlight behavioral differences under diverse conditions.

Visualization of planning trajectories. In Figure 3, we
qualitatively compare trajectories planned by EchoP with
ground truth (GT) and GenAD [4] across four representative
scenarios. Figure 3 (a) depicts an intersection requiring a
left turn. EchoP generates a smoother and more anticipatory
turning arc than the GT trajectory, aligning better with the lane
geometry. Figure 3 (b) considers driving conditions under rain-
induced poor visibility. Despite water puddles and re�ections
obscuring lane markings, EchoP accurately infers the roadway
layout, generating a right-turn trajectory more faithful to the
lane than the GT. Figure 3 (c) illustrates navigation through
a complex multi-way junction. Here, EchoP closely follows
the GT trajectory without crossing road boundaries, whereas
GenAD drifts into non-drivable areas. Figure 3 (d) shows a
scenario of low-light night driving. Under dim illumination,
EchoP closely matches the GT trajectory, while GenAD ex-
hibits signi�cant deviations. These examples validate that the
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