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MFPAD: Memory–Forgetting Planning for
Long-Horizon End-to-End Autonomous Driving

Yikai Wu , Qizhou Hu , Aiguo Lei , and Ziying Song

Abstract—Recent planning-oriented end-to-end autonomous
driving methods have achieved competitive performance on
short-horizon (3 s) trajectory prediction. However, their accuracy
and stability degrade markedly when the prediction horizon is
extended to long-horizon (6 s), leading to drifting trajectories.
A key reason is that most existing frameworks adopt simple
feed-forward multilayer perceptron regressors in the trajectory
refinement head, which lack explicit modeling of long-term
temporal dependencies and planning inertia. To address this
limitation, we propose the Memory–Forgetting Planning for
Autonomous Driving, a plug-in refinement head that combines
an LSTM-based memory network with a Transformer-based
forgetting network. The memory network autoregressively rolls
out a coarse long-horizon trajectory and exposes a sequence of
hidden states, while the forgetting network attends over these
states and surrounding-agent features with token-level dropout
to suppress outdated or noisy motion cues. A lightweight gating
module fuses coarse and corrected trajectories at each time
step, yielding temporally consistent, interaction-aware plans
over a 6 s horizon. We evaluate our method on NuScenes,
Adv-NuScenes, Bench2Drive, and NAVSIM, and the results
demonstrate consistent improvements. Compared with baselines,
it reduces the average collision rate on NuScenes by 11.1% and
the 3 s collision rate on Adv-NuScenes by 29.2%, while achieving
a 6 s collision rate of 2.01% on NuScenes. In addition, the
closed-loop results on Bench2Drive and NAVSIM show that the
proposed refinement head also improves downstream driving
performance under feedback-driven evaluation. The source code
is available at https://github.com/Y1Ka1/MFPAD.

Link to graphical and video abstracts, and to code:
https://latamt.ieeer9.org/index.php/transactions/article/view/10554

Index Terms—End-to-End Autonomous Driving, Trajectory
Prediction, Motion Planning, Long Horizon.

I. Introduction

IN recent years, autonomous driving systems have in-
creasingly moved from handcrafted modular perception–

prediction–planning pipelines toward end-to-end autonomous
driving (E2E-AD) frameworks. Instead of executing percep-
tion, prediction, and planning as loosely coupled stages, E2E-
AD approaches employ unified differentiable architectures that
map multi-view sensor streams directly to future trajectories
or low-dimensional control commands, thereby reducing error
propagation between modules and enabling joint optimization
of driving behavior [1]–[5]. In parallel, the robotics and
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control communities have developed extensive work on model-
based trajectory generation and tracking for mobile robots and
autonomous vehicles, including Bézier-polynomial trajectory
generation for wheeled robots, sliding-mode trajectory tracking
for aerial vehicles, and low-cost experimental testbeds for
autonomous cars [6]–[13].

Building on these foundations, recent planning-oriented
E2E-AD frameworks such as interpretable neural motion
planners and unified map–perceive–predict–plan architec-
tures [14]–[18], as well as large-scale systems like UniAD,
VAD, SparseDrive, and MomAD [19]–[22], have demon-
strated competitive performance on benchmarks such as
NuScenes [23], particularly for short-horizon trajectory pre-
diction and planning in complex urban traffic. More recently,
generative planning heads based on diffusion, flow matching,
and local motion modeling have been proposed to better
capture multi-modal future trajectories and improve robustness
on NAVSIM, NuScenes, Bench2Drive, and Adv-NuScenes,
including DiffusionDrive, Diver, GuideFlow, GoalFlow and
FocalAD [24]–[29]. At the same time, recent closed-loop
benchmarks such as NAVSIM and Bench2Drive have also
motivated a broader range of planning-oriented E2E-AD
methods, including diffusion-based or hybrid approaches such
as DiffE2E and BridgeDrive, as well as trajectory-selection
and expert-distillation frameworks such as DriveSuprim and
Hydra-MDP++ [30]–[33].

While these planning-oriented E2E-AD frameworks have
achieved substantial progress, their trajectory planners are pre-
dominantly optimized and evaluated over short prediction hori-
zons, and even recent generative planners based on diffusion
or flow matching typically adopt the same 2–3 s-oriented eval-
uation protocol on NuScenes-like benchmarks [24]–[27]. In
UniAD, VAD, SparseDrive, and MomAD, the ego-trajectory
head is typically implemented as a lightweight feed-forward
regressor and benchmarked mainly within a 2–3 s window
on NuScenes, where local scene geometry and near-future
intentions dominate [19]–[23]. As a consequence, the behavior
of these models beyond 3 s—in particular at 5–6 s horizons—
is seldom analyzed in detail and is not explicitly modeled in
their architectural design, even though the dataset provides
annotations over a 6 s future. In real traffic, however, a 6 s
look-ahead horizon is critical for anticipatory decision making:
highway lane changes, merges at on-ramps, unprotected turns
at intersections, and interactions with aggressive or hesitant
agents all require the ego vehicle to reason about how its
actions will unfold several seconds ahead, not just in the next
few meters. Even under frequent replanning, short-horizon
planners can still exhibit myopic behavior, leading to oscil-
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latory trajectories, late braking, or uncomfortable jerk when
confronted with long-range conflict scenarios. In this sense,
our 6 s long-horizon design is not intended to replace high-
frequency replanning, but to improve the quality, consistency,
and anticipatory capability of each predicted planning horizon
on which such replanning operates. Moreover, downstream
tracking controllers and safety verifiers operate on the entire
planned horizon; unstable or drifting predictions at 5–6 s
increase the burden on low-level control and undermine the
reliability of closed-loop evaluation. This motivates us to
explicitly focus on long-horizon (6 s) trajectory prediction and
to validate the resulting planning head not only in open-
loop settings, but also under closed-loop driving benchmarks.
Accordingly, our goal is to improve long-horizon planning sta-
bility through trajectory refinement, rather than to treat long-
term behavior as a byproduct of short-horizon optimization or
short-horizon generative sampling. To further probe robustness
under intentionally challenging interactions, we additionally
consider Adv-NuScenes, an adversarial extension of NuScenes
constructed by the Challenger framework [34].

However, in most of these frameworks the strong spa-
tiotemporal encoders are ultimately coupled with a simple
trajectory head: a feed-forward multi-layer perceptron (MLP)
that regresses all future waypoints from a single planning
query [19]–[22], [35]. Such MLP heads are straightforward
to optimize around the 2–3 s window, but they treat different
time steps as independent outputs and lack any explicit notion
of temporal memory or planning inertia. As a result, short-
horizon predictions remain accurate whereas the 5–6 s portion
of the trajectory often drifts, oscillates, or deviates from
the intended lane geometry, as illustrated in Fig. 1. This
suggests that, in many cases, the bottleneck for long-horizon
performance lies less in perception and more in the design
of the trajectory refinement module itself. Although recurrent
and attention-based architectures have been studied in broader
sequence modeling settings, they are typically introduced
for generic temporal representation learning or full sequence
decoding, rather than for long-horizon trajectory refinement in
planning-oriented E2E-AD. A desirable long-horizon planning
head should therefore satisfy two requirements: it should
preserve temporal continuity and planning inertia over future
rollout, while remaining adaptable as the horizon extends and
accumulated motion cues gradually become stale or noisy. Our
goal is therefore not to introduce another general temporal
backbone, but to design a task-specific refinement module for
improving long-horizon ego planning.

To address these limitations, we propose a Memory–
Forgetting Planning Network (MFPAD), which serves as
a plug-in trajectory refinement head (MFPAD head) for
planning-oriented E2E-AD models. Concretely, MFPAD re-
places the conventional MLP trajectory head with a two-
stage memory–forgetting architecture: an LSTM-based mem-
ory network that autoregressively rolls out a coarse long-
horizon trajectory and exposes a sequence of hidden states,
and a Transformer-based forgetting network that attends over
these states with token-level dropout to filter outdated or
noisy motion cues. A lightweight gating module then fuses
the coarse and corrected trajectories at each future step,

yielding temporally consistent long-horizon plans over the
6 s horizon. We conduct comprehensive experiments on the
NuScenes benchmark [23], an adversarially perturbed vari-
ant (Adv-NuScenes) [34], and two closed-loop benchmarks,
Bench2Drive and NAVSIM. On NuScenes, MFPAD achieves
an average L2 error of 1.19 m and an average collision rate of
0.80% over 1–6 s, with a 6 s collision rate of 2.01%. Compared
with MomAD [22], MFPAD reduces the 1–6 s average L2
by 15.6% (1.41 → 1.19 m). On Adv-NuScenes, MFPAD
further improves robustness-related metrics, while the closed-
loop results on Bench2Drive and NAVSIM show that the
proposed refinement head also improves downstream driving
performance under feedback-driven evaluation.

In summary, the main contributions of this work are as
follows:

1) We revisit planning-oriented end-to-end autonomous
driving from a long-horizon perspective and explicitly
study 6 s trajectory prediction, where conventional MLP-
based refinement heads exhibit evident drift and insta-
bility.

2) We propose MFPAD, a plug-in memory–forgetting
planning head that performs long-horizon refinement
in a coarse-to-correct manner: an LSTM-based mem-
ory branch first rolls out a coarse trajectory, and a
lightweight Transformer-based forgetting branch then
selectively suppresses stale or noisy temporal cues via
token-level dropout and gated correction.

3) We conduct extensive experiments on NuScenes, Adv-
NuScenes, Bench2Drive, and NAVSIM, showing that
MFPAD consistently improves long-horizon planning
accuracy, yields better robustness-related metrics under
perturbation, and also improves closed-loop driving per-
formance under feedback-driven evaluation.

II. Method
A. Framework Overview

Our framework builds upon the unified motion–planning ar-
chitecture of MomAD [22], which takes surround-view multi-
camera images as input, encodes them into scene features,
and jointly reasons about dynamic agents, map semantics, and
ego motion through a transformer-based encoder and a multi-
branch refinement head. In our implementation, we follow
this camera-based pipeline and keep the perception backbone,
sparse scene representation, and momentum planning modules
of MomAD unchanged. In the original MomAD, both the
motion and planning refinement branches are implemented as
lightweight multilayer perceptron (MLP) regressors. Given a
planning query embedding q𝑡 ∈ R𝐷 at time step 𝑡, the MLP
takes q𝑡 as input and directly outputs all future ego waypoints
as a single vector, which is then reshaped into a sequence of 𝑇
two-dimensional coordinates. In other words, all 𝑇 future steps
are produced in one shot by a stack of fully connected layers,
without any explicit temporal recurrence or attention along the
prediction horizon. While this design is computationally effi-
cient and achieves satisfactory performance for short-horizon
prediction (e.g., 2–3 s), it does not encode temporal dependen-
cies or long-term planning uncertainty, and empirically tends
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Fig. 1. Motivation for long-horizon planning. (a) MLP-based refinement heads in existing E2E-AD planners produce accurate 3 s trajectories
but drift at 6 s. (b) The proposed Memory–Forgetting Planning Network (MFPAD) yields temporally consistent 6 s trajectories. (c) Quantitative
comparison in terms of long-horizon displacement error, collision rate, and trajectory prediction consistency (TPC).

to exhibit drift and inconsistent behavior when extended to
5–6 s horizons.

To address these limitations, we introduce the Memory–
Forgetting Planning Network (MFPAD), a task-specific
trajectory refinement module for long-horizon ego planning.
The design follows a coarse-to-correct perspective: a desirable
long-horizon planning head should preserve temporal continu-
ity during future rollout, while remaining able to correct ac-
cumulated stale or noisy cues as the horizon extends. Accord-
ingly, MFPAD consists of a Memory Network for temporally
coherent coarse rollout and a Forgetting Network for selective
refinement and stabilization. Rather than treating long-horizon
planning as direct sequence regression, MFPAD organizes
the prediction process as memory-conditioned trajectory re-
finement. The memory branch performs query-conditioned
autoregressive rollout to produce both a coarse trajectory
prior and a time-indexed memory bank; the forgetting branch
refines this memory through future-step queries and predicts
residual corrections; and the gated fusion module performs
step-wise trajectory-space trust allocation between the pre-
served memory and the learned correction. Thus, MFPAD
is organized as a functional decomposition of long-horizon
refinement into continuity-preserving rollout and correction-
oriented forgetting, rather than as a generic sequence head. A
structured summary of the proposed architecture is provided
in Table I.

B. Memory Network

Given a set of planning query embeddings Q̃𝑝∗ = {q̃𝑖}𝑁𝑖=1
produced by the planning head, we first aggregate them into
a single global query qglobal ∈ R𝐷𝑞 using their classification
logits as attention weights:

qglobal =

𝑁∑︁
𝑖=1

𝜋𝑖q̃𝑖 , 𝜋𝑖 =
exp(𝑠𝑖)∑𝑁
𝑗=1 exp(𝑠 𝑗 )

, (1)

where 𝑠𝑖 denotes the logit of the 𝑖-th planning mode and {𝜋𝑖}
are the corresponding normalized weights. We then project

qglobal into the memory space to initialize the hidden and cell
states of an LSTM:

h0 = tanh(Wℎqglobal), c0 = tanh(W𝑐qglobal), (2)

where Wℎ,W𝑐 ∈ R𝐷𝑚×𝐷𝑞 and 𝐷𝑚 is the hidden dimension
of the memory network. The LSTM is then applied autore-
gressively to generate coarse future positions:

(h𝑡 , c𝑡 ) = LSTMCell
(
[y𝑡−1, qglobal], (h𝑡−1, c𝑡−1)

)
, (3)

Δy𝑡 = W𝑜h𝑡 , y𝑡 = y𝑡−1 + Δy𝑡 , (4)

where y𝑡 ∈ R2 represents the 2D position at step 𝑡. This recur-
rent process provides a temporally coherent coarse trajectory
Ymem that serves as a motion prior for subsequent refinement.

C. Forgetting Network
Although the LSTM-based memory branch captures long-

range temporal dependencies, its hidden states may accumulate
outdated or noisy motion cues over long horizons. To selec-
tively refine these representations, we introduce a Transformer-
based Forgetting Network that operates on the memory states
and, optionally, surrounding-instance context.

Let the LSTM hidden states be

𝐻 = [h1, h2, . . . , h𝑇 ] ∈ R𝑇×𝐷𝑚 , (5)

and let 𝐹 ins
𝑡 ∈ R𝑀×𝐷ins denote instance features of surrounding

agents or map elements at the current frame. We first project
both memory and instance features into a shared token space:

Mmem = 𝑓mem (𝐻) ∈ R𝑇×𝐷 , (6)

Mins = 𝑓ins (𝐹 ins
𝑡 ) ∈ R𝑀×𝐷 , (7)

where 𝑀 is the number of selected instance features at the
current frame. For efficiency, we only keep the top 𝐾 instance
tokens (e.g., 𝐾=32) in practice, and when instance features are
unavailable we simply set Mins to empty. We then concatenate
the two sets of tokens along the token dimension to form the
key–value memory:

M = [Mmem; Mins] ∈ R(𝑇+𝑀 )×𝐷 . (8)
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Fig. 2. Overall architecture of the proposed method. We follow MomAD for BEV encoding, sparse perception, and momentum planning (left),
and replace the original MLP-based trajectory predictor with a Memory–Forgetting Planning Network (MFPAD, right). The LSTM-based
memory branch produces a coarse long-horizon trajectory 𝑌mem and hidden states 𝐻, while the Transformer-based forgetting branch computes
a correction Δ𝑌 from 𝐻 and instance features 𝐹 ins

𝑡 . A gating network outputs per-step weights 𝑔 ∈ (0, 1)𝑇 to scale the correction, and the
final refined ego trajectory is obtained as 𝑌 = 𝑌mem + 𝑔 ⊙ Δ𝑌 .

TABLE I
Architecture Summary of the Proposed MFPAD Head. We Summarize the Main Stages, Configurations, Tensor

Shapes, Inputs/Outputs, and their Functional Roles

Stage Module Configuration Tensor shape Input / Output Role

Query initial-
ization

Planning query ag-
gregation

Inherited from MomAD;
query dimension 𝐷𝑞

(𝐷𝑞 = 256 in our
implementation)

Q̃𝑝∗ : 𝑁 × 𝐷𝑞

qglobal : 𝐷𝑞

Input: planning query embeddings
Q̃𝑝∗ = {q̃𝑖 }𝑁𝑖=1
Output: global planning query
qglobal

Aggregates the planning queries
from the MomAD planning branch
to form the initial ego-planning rep-
resentation for trajectory refinement.

Coarse rollout Memory Network LSTM; hidden size 𝐷𝑚

(𝐷𝑚 = 256 in our
implementation); autore-
gressive horizon 𝑇 = 6 s

H : 𝑇 × 𝐷𝑚

Ymem : 𝑇 × 2
Input: qglobal
Output: coarse trajectory
Ymem and hidden states
H = {h1, . . . , h𝑇 }

Performs recurrent long-horizon roll-
out to preserve temporal continuity
and planning inertia.

State
refinement

Forgetting Network Transformer decoder;
𝐿 = 2 layers; 4 attention
heads; model dimension
𝐷 (𝐷 = 256 in our
implementation); token
dropout rate 𝑝 𝑓 = 0.2

H : 𝑇 × 𝐷𝑚

Fins
𝑡 : 𝑀 × 𝐷ins

Z : 𝑇 × 𝐷

Input: memory states H and op-
tional instance context Fins

𝑡

Output: refined per-step features
Z = {z1, . . . , z𝑇 }

Selectively refines the accumulated
memory states by suppressing stale
or noisy cues.

Correction
prediction

Trajectory correction
head

Linear prediction layer Z : 𝑇 × 𝐷

ΔY : 𝑇 × 2
Input: refined features Z
Output: trajectory correction ΔY

Maps the refined features to step-
wise trajectory corrections.

Fusion Gated fusion module Lightweight gating func-
tion

g : 𝑇
Ŷ : 𝑇 × 2

Input: coarse trajectory Ymem, cor-
rection ΔY, memory states H, and
refined features Z
Output: gate g and final trajectory
Ŷ

Balances continuity preservation and
correction at each future step through
gated fusion.

To provide time-aware queries, we introduce a learnable
matrix of temporal query embeddings

Qtime = [q1, . . . , q𝑇 ] ∈ R𝑇×𝐷 , (9)

where each q𝑡 corresponds to a future planning step. The
Transformer decoder attends from these time queries to the
memory tokens:

Z = TransformerDecoder(Qtime, M̃), (10)

where Z = [z1, . . . , z𝑇 ] ∈ R𝑇×𝐷 are refined per-step features
for trajectory correction.

To explicitly implement forgetting and improve robustness,
we apply token-level dropout on the memory tokens during
training. Let R ∈ {0, 1} (𝑇+𝑀 )×1 be a random mask, whose
entries are drawn from a Bernoulli distribution with keep
probability 1 − 𝑝 𝑓 :

R𝑖 ∼ Bernoulli(1 − 𝑝 𝑓 ), 𝑖 = 1, . . . , 𝑇 + 𝑀. (11)

The effective memory tokens fed into the decoder are then
given by

M̃ = M ⊙ R, (12)

where ⊙ denotes element-wise multiplication with broadcast-
ing over the feature dimension. This token-level operation
simulates partial forgetting by applying structured perturbation
to the memory/context tokens before refinement, rather than
by dropping generic decoder features. The subsequent Trans-
former decoder and gated fusion module then learn to correct
the trajectory under incomplete or noisy memory conditions.
Therefore, the adaptive behavior of the forgetting process
comes from the conditional refinement and trajectory-space
gating response, rather than from the random mask alone.

D. Gated Fusion of Memory and Correction
The forgetting network produces refined features Z that

encode long-horizon context and agent interactions. On top
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Fig. 3. LSTM-based memory branch for long-horizon planning. For each frame, the planning head outputs a set of query embeddings
Q̃𝑝∗ = {q̃𝑖}𝑁𝑖=1. We aggregate them into a global planning query qglobal and project it by two linear layers to initialize the hidden and cell
states (h0, c0). Starting from the ego-centric origin y0 = (0, 0), at each time step 𝑘 the LSTM cell takes as input the concatenation of
the previous position y𝑘−1 and qglobal, and updates (h𝑘 , c𝑘). A linear head predicts an incremental offset Δy𝑘 , which is accumulated as
y𝑘 = y𝑘−1 + Δy𝑘 to form the coarse trajectory Ymem ∈ R𝑇×2. The hidden sequence 𝐻 = [h1, . . . , h𝑇 ] ∈ R𝑇×𝑑 is passed to the Transformer-
based forgetting branch.

of Z, we predict step-wise trajectory corrections and learn a
gating mechanism to balance the new corrections against the
coarse memory trajectory from the LSTM branch.

First, a linear head maps the decoded features into 2D
trajectory offsets:

Δy𝑡 = 𝑊corrz𝑡 + bcorr, ΔY = [Δy1, . . . ,Δy𝑇 ] ∈ R𝑇×2,

(13)
where Δy𝑡 represents a fine-grained correction to the coarse
position at time step 𝑡.

At the same time, we compute a forgetting gate 𝑔𝑡 for each
future step by combining the LSTM memory state and the
decoded feature. Let h̃𝑡 = 𝑓proj (h𝑡 ) be a projected memory
feature, and define

u𝑡 = [h̃𝑡 , z𝑡 ], (14)

where [·, ·] denotes concatenation. The gate is obtained via a
small MLP followed by a sigmoid:

𝑔𝑡 = 𝜎
(
𝑓gate (u𝑡 )

)
, g = [𝑔1, . . . , 𝑔𝑇 ] ∈ (0, 1)𝑇 , (15)

where 𝑔𝑡 measures how much the planner should trust the
newly computed correction at step 𝑡.

Given the coarse trajectory from the memory branch,

Ymem = [ymem
1 , . . . , ymem

𝑇 ] ∈ R𝑇×2, (16)

the final refined planning trajectory is computed as

Ŷ = Ymem + g ⊙ ΔY, (17)

where the gate vector g is broadcast over the 2D coordinates.
This formulation allows the planner to dynamically balance
long-term memory and short-term corrections: when 𝑔𝑡 is

small, the model relies more on the memorized trend; when 𝑔𝑡
is large, it strongly adapts to the refined corrections, effectively
realizing learned memory and adaptive forgetting for long-
horizon planning.

E. Training and Integration
The proposed refinement module is differentiable and can

be integrated into the MomAD training pipeline. The overall
optimization objective follows the standard multi-task loss
formulation:

Ltotal = 𝜆clsLCE + 𝜆regLSmoothL1 + 𝜆statusLego, (18)

where Lreg supervises the predicted trajectories ŷ𝑡 against
ground truth ego trajectories. The joint optimization of the
LSTM and Transformer components improves convergence
stability and enhances temporal coherence without additional
supervision.

III. Experiments
A. Datasets and Metrics

We evaluate the proposed Memory–Forgetting Plan-
ning (MFPAD) head on the NuScenes, Adv-NuScenes,
Bench2Drive, and NAVSIM benchmarks.

NuScenes. NuScenes [23] is a large-scale autonomous driv-
ing dataset containing 1,000 scenes, each 20 s long, collected
in diverse urban environments. Each scene is annotated at 2 Hz
with 3D bounding boxes for vehicles, pedestrians, and traffic
participants, together with accurate ego-pose and HD map in-
formation. The scenes are manually selected to cover a diverse
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Fig. 4. Architecture of the Transformer-based forgetting network. The
LSTM hidden sequence 𝐻 = [h1, . . . , h𝑇 ] ∈ R𝑇×𝑑 and, optionally,
a set of surrounding-instance features 𝐹 ins

𝑡 ∈ R𝑀×𝑑ins are projected
into memory tokens M ∈ R𝑇×𝑑model and I ∈ R𝑀×𝑑model , which are
concatenated as keys/values K,V. Learnable time query embeddings
{q1, . . . , q𝑇 } ∈ R𝑇×𝑑model serve as decoder queries, while token
dropout is applied to memory tokens during training to simulate
forgetting. The Transformer decoder outputs Z = [z1, . . . , z𝑇 ] ∈
R𝑇×𝑑model , which is then fed into the gated fusion module to produce
trajectory corrections.

and challenging set of driving maneuvers, traffic situations, and
unexpected behaviors, making NuScenes a suitable benchmark
for evaluating long-horizon ego planning in complex urban
traffic. Following prior planning-oriented E2E-AD works such
as UniAD, VAD, SparseDrive and MomAD [19]–[22], we use
the standard NuScenes validation set for open-loop planning
evaluation.

Adv-NuScenes. To analyze robustness under challenging in-
teractions, we also use the Adv-NuScenes (Adv-nuSc) dataset
generated by the Challenger framework of Xu et al. [34]. Adv-
NuScenes is built by replaying NuScenes traffic scenes while
injecting an adversarial vehicle whose trajectory is optimized
to challenge the ego car (e.g., cut-ins, tailgating, blocking)
but still remain physically plausible. The released Adv-nuSc
split contains 156 scenes (6,115 samples), with multi-view
images and BEV annotations rendered at the same frequency
as the original NuScenes validation set. Compared with the
original NuScenes setting, Adv-NuScenes increases interaction
difficulty through diverse adversarial yet realistic behaviors
across dynamic urban contexts, providing a more demanding
benchmark for evaluating long-horizon planning robustness
and safety.

Bench2Drive. To further evaluate closed-loop driving per-

formance, we additionally use Bench2Drive [36], a closed-
loop benchmark based on CARLA Leaderboard 2.0 for end-
to-end autonomous driving. Following prior works, we use the
official training data under the base setting (1000 clips) for fair
comparison, and evaluate on the official 220 routes.

NAVSIM. We further evaluate MFPAD on NAVSIM [37], a
data-driven non-reactive simulation benchmark for end-to-end
autonomous driving. In this work, we report results on the
navtest split following the official protocol.

Evaluation Metrics. We follow MomAD [22] and report
three categories of open-loop planning metrics:

• Displacement error (L2, m): the average Euclidean dis-
tance between predicted and ground-truth waypoints at
each forecast horizon 𝑡 ∈ {1, . . . , 6} s.

• Collision rate (%): the percentage of predicted trajectories
that collide with any dynamic or static object when rolled
out in the BEV space up to horizon 𝑡.

• Trajectory Prediction Consistency (TPC, m) [22]: the
mean discrepancy between consecutive re-planned tra-
jectories, measuring temporal smoothness and planning
stability.

For closed-loop evaluation, we additionally report the of-
ficial benchmark metrics on Bench2Drive and NAVSIM. In
Bench2Drive, we use Driving Score (DS), Success Rate (SR),
Efficiency, Comfort, and Multi-Ability scores. In NAVSIM, we
use No At-Fault Collision (NC), Drivable Area Compliance
(DAC), Time-to-Collision (TTC), Comfort, Ego Progress (EP),
and the Predictive Driver Model Score (PDMS). In addition,
we report the runtime of different methods as frames per
second (FPS) on the same hardware for a fair comparison. For
clarity, we separately summarize short-horizon performance
within 1–3 s and long-horizon performance up to 6 s, while
closed-loop results are discussed separately on Bench2Drive
and NAVSIM.

B. Implementation Details
Network configurations. Our implementation is based on

the publicly released MomAD codebase. Unless otherwise
specified, we follow the camera-based MomAD setting and
keep the perception backbone, sparse BEV representation,
and momentum planning modules identical to MomAD, while
replacing only the trajectory predictor with our MFPAD head.
No LiDAR or radar branch is introduced in our pipeline.
The embedding dimension of the planning query is set to
𝑑 = 256. The LSTM memory uses a hidden size of 𝑑

and an autoregressive horizon of 𝑇 = 6 s, that matches the
ego-trajectory prediction horizon. The Transformer forgetting
network adopts 𝐿 = 2 decoder layers with 4 attention heads
and a model dimension of 256. The token dropout rate on the
forgetting network is set to 𝑝 𝑓 = 0.2.

Training setup. All models are trained using the AdamW
optimizer with an initial learning rate of 5𝑒 − 5, weight decay
of 0.001, and a cosine decay schedule over 20 epochs. The
batch size is set to 8 frames per GPU. For a fair comparison,
MomAD [22], SparseDrive [21], and our MFPAD head share
the same data augmentations, training splits, and loss weights
as in the original MomAD settings. When reporting results
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on Adv-NuScenes, we fine-tune the planning head starting
from the NuScenes checkpoint, while keeping the perception
backbone frozen.

Hardware and software. All experiments are conducted
on a cloud server running Ubuntu 20.04 with Python 3.8 and
PyTorch 2.0. The machine is equipped with a single virtual
GPU (vGPU) with 48 GB memory (NVIDIA L20 class), a 12-
core Intel Xeon Gold 6459C CPU, and 72 GB system RAM.
The CUDA version is 11.8. Training a MomAD baseline
model for 20 epochs takes approximately 24 hours in this
setup, and replacing the MLP head with the proposed MFPAD
head yields comparable wall-clock time without a noticeable
increase. In terms of deployment cost, MFPAD runs at 6.6
FPS on the evaluated hardware, compared with 7.8 FPS for
MomAD. Since our modification is limited to the trajectory
refinement head, this result indicates a modest runtime over-
head relative to the base system on the evaluated hardware.
This runtime difference is mainly introduced by the trajectory
refinement head and represents a modest accuracy–efficiency
trade-off for improved long-horizon planning stability.

C. Main Results on NuScenes
The main open-loop results on NuScenes are presented from

three evaluation perspectives: the primary long-horizon setting
over 1–6 s, an extended-horizon analysis beyond 6 s, and a
short-horizon comparison over 1–3 s for consistency with prior
planning-oriented E2E-AD methods.

1) Long-horizon Planning on NuScenes: Table II reports
open-loop planning performance on the NuScenes validation
set from 1 s to 6 s. We compare representative planning-
oriented E2E-AD baselines (UniAD, SparseDrive, and Mo-
mAD) against our proposed MFPAD. To verify that the pro-
posed refinement head is not tied to a single base architecture,
we additionally integrate it into SparseDrive and compare
the baseline with its MFPAD-enhanced counterpart under the
same training and evaluation settings. For each method, we
report the L2 displacement error and collision rate at multiple
horizons, together with inference speed (FPS).

As shown in Table II, MFPAD achieves the lowest average
L2 error (1.19 m) and the lowest average collision rate (0.80%)
over 1–6 s. Compared with MomAD, MFPAD reduces the
average L2 from 1.41 m to 1.19 m (15.6% relative reduction)
and decreases the average collision rate from 0.90% to 0.80%
(11.1% relative reduction), while maintaining an inference
speed of 6.6 FPS on the evaluated hardware, with only a
modest slowdown relative to the MomAD baseline (7.8 FPS).
These gains are more pronounced at longer horizons: at 6 s,
MFPAD lowers L2 from 2.45 m to 2.30 m (6.1% relative
reduction) and reduces collision from 2.13% to 2.01% (5.6%
relative reduction), indicating improved stability of long-
horizon planning. Compared with DiffusionDrive, DIVER and
Guideflow, the results indicate that the proposed memory–
forgetting refinement is effective not only against conventional
planning heads, but also against recent diffusion- and flow-
based planners under the same long-horizon evaluation proto-
col. Moreover, the proposed head also improves SparseDrive
consistently, reducing the average L2 from 1.59 m to 1.38 m

(13.2% relative reduction) and the average collision rate from
0.97% to 0.88% (9.3% relative reduction). This indicates that
the effectiveness of MFPAD is not limited to the MomAD
base framework, but can generalize to another representative
planning-oriented E2E-AD baseline under identical baseline
conditions.

Besides the late-horizon degradation in L2 and collision
rate, MFPAD achieves the lowest average TPC of 1.12 m, the
TPC metric further shows that MFPAD produces more tem-
porally consistent trajectories across consecutive replanning
steps, which provides additional diagnostic evidence that the
proposed design mitigates long-horizon drift rather than only
improving pointwise prediction accuracy.

To further examine the stability of the reported gains, we
conducted three repeated training runs for MomAD and MF-
PAD on NuScenes. The averaged results remain consistent with
Table II, with limited variation across repeated runs. Specif-
ically, MFPAD achieves 1.19 ± 0.02 m versus 1.41 ± 0.02 m
in average L2, 0.80 ± 0.01% versus 0.90 ± 0.02% in average
collision rate. A preliminary significance analysis across the
three runs yields 𝑝 < 0.05 on the key long-horizon metrics,
providing additional statistical support for the consistency of
the observed gains.

2) Extended-horizon Analysis Beyond 6 s: To further exam-
ine method behavior beyond the primary 6 s setting, we extend
the analysis horizon to 12 s and report L2 error and collision
rate at 9 s and 12 s, together with the average performance over
7–12 s. As shown in Table III, all methods degrade markedly
once the horizon extends beyond 6 s, confirming that longer-
horizon planning remains highly challenging. Nevertheless,
MFPAD achieves the best performance at both 9 s and 12 s, as
well as the best average performance over 7–12 s. These results
suggest that, although performance degradation is unavoidable
when the horizon is further extended, the proposed memory–
forgetting mechanism mitigates long-horizon drift more effec-
tively than the compared baselines.

3) Short-horizon Compatibility (1–3 s): To facilitate com-
parison with prior planning-oriented E2E-AD methods that
mainly report short-horizon performance, and to show that
the proposed long-horizon refinement design does not sacri-
fice near-term planning quality, Table IV summarizes results
within the 1–3 s window. MFPAD maintains strong short-
horizon performance and achieves the best L2 among the listed
methods at 1–3 s, while also reducing the 3 s collision rate
from 0.22% [22] to 0.14%. This suggests that the proposed
sequence-aware refinement strengthens long-term planning
without compromising near-term accuracy.

D. Closed-loop Results on Bench2Drive and NAVSIM
1) Closed-loop validation on Bench2Drive: To further ex-

amine whether the open-loop gains of MFPAD transfer to
feedback-driven driving performance, we evaluate the pro-
posed head on Bench2Drive under the official closed-loop pro-
tocol. The results are summarized in Table V. Compared with
the corresponding baselines, MFPAD improves the closed-loop
metrics under both settings. Under the MomAD(SD)-based
setting, MFPAD improves the Driving Score from 47.91 to
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TABLE II
Planning Performance on the NuScenes Validation Set (1–6 s). Lower is better for L2, Collision, and TPC, while

Higher is better for FPS. In addition to Planning-oriented E2E-AD Baselines, We Include DiffusionDrive and
DIVER as Representative Diffusion-based Planners, and GuideFlow as a Representative Flow-based Planner, for

Direct Long-horizon Comparison. Results for MomAD and MFPAD are additionally Reported as Mean ± Standard
Deviation over three Repeated Runs

Method L2 (m) ↓ Collision rate (%) ↓ TPC (m) ↓ FPS ↑1s 2s 3s 4s 5s 6s Avg. 1s 2s 3s 4s 5s 6s Avg. Avg.
UniAD [19] 0.47 0.91 1.35 1.91 2.47 3.07 1.70 0.25 0.36 0.61 0.99 1.64 2.51 1.06 1.58 1.8
SparseDrive [21] 0.43 0.87 1.23 1.75 2.32 2.95 1.59 0.19 0.31 0.56 0.87 1.54 2.33 0.97 1.46 9.0
DiffusionDrive [24] 0.35 0.81 0.99 1.65 1.94 2.40 1.36 0.20 0.32 0.45 0.82 1.51 2.23 0.92 1.31 9.0
DIVER [25] 0.38 0.75 1.10 1.53 1.98 2.49 1.37 0.13 0.31 0.44 0.80 1.41 2.11 0.87 1.35 6.9
GuideFlow [26] 0.42 0.83 1.21 1.73 2.05 2.63 1.48 0.12 0.22 0.42 0.79 1.44 2.15 0.86 1.34 6.4
SparseDrive + MFPAD head 0.37 0.60 1.01 1.39 2.10 2.82 1.38 0.11 0.21 0.44 0.80 1.49 2.21 0.88 1.32 7.9
MomAD [22] 0.41 0.85 1.13 1.67 1.98 2.45 1.41 ± 0.02 0.17 0.30 0.54 0.83 1.43 2.13 0.90 ± 0.02 1.30 7.8
MFPAD (ours) 0.33 0.57 0.89 1.29 1.76 2.30 1.19 ± 0.02 0.08 0.20 0.41 0.75 1.38 2.01 0.80 ± 0.01 1.12 6.6

TABLE III
Extended-horizon Analysis beyond the Primary 6 s

Setting on the NuScenes Validation Set. We Report L2
Error and Collision Rate at 9 s and 12 s, together with
the Average Performance over 7–12 s. Lower is better

for all Metrics

Method L2 ↓ (m) Collision ↓ (%)
9 s 12 s Avg. 9 s 12 s Avg.

SparseDrive [21] 5.21 8.05 5.74 5.73 10.76 6.72
MomAD [22] 4.55 7.45 5.21 5.11 9.49 5.97
MFPAD (ours) 4.39 7.15 4.83 5.00 9.33 5.70

TABLE IV
Short-horizon Planning Performance on NuScenes

(1–3 s). Lower is better

Method L2 (m) ↓ Collision (%) ↓
1s 2s 3s 1s 2s 3s

UniAD [19] 0.45 0.70 1.04 0.62 0.58 0.63
VAD [20] 0.41 0.70 1.05 0.03 0.19 0.43
DiffusionDrive [24] 0.27 0.54 0.90 0.03 0.05 0.16
DIVER [25] - - - 0.01 0.05 0.15
GuideFlow [26] - - - 0.00 0.02 0.18
FocalAD [27] 0.27 0.57 0.96 0.00 0.04 0.24
SparseDrive [21] 0.29 0.58 0.96 0.01 0.05 0.18
MomAD [22] 0.31 0.57 0.91 0.01 0.05 0.22
MFPAD (ours) 0.25 0.53 0.89 0.01 0.03 0.14

49.43, the Success Rate from 18.11% to 21.08%, and the
mean Multi-Ability score from 18.66 to 23.04. Under the
SparseDrive-based setting, MFPAD further improves the Driv-
ing Score from 44.54 to 50.34, the Success Rate from 16.71%
to 22.74%, and the mean Multi-Ability score from 18.85
to 24.86. These results suggest that the proposed memory–
forgetting refinement not only improves open-loop trajectory
quality, but also leads to stronger downstream driving perfor-
mance under closed-loop evaluation.

2) Closed-loop comparison on NAVSIM: We further val-
idate MFPAD on the NAVSIM navtest split, and the results
are reported in Table VI. MFPAD achieves a PDMS of 91.2,
which is higher than all listed baselines, while also reaching
99.2 in NC and 99.0 in DAC. In addition, the proposed method
obtains competitive TTC, Comfort, and EP scores, indicat-
ing strong overall closed-loop driving quality. These results
provide complementary evidence, beyond the NuScenes-style

open-loop evaluation, that MFPAD remains effective under
simulator feedback and realistic decision-making metrics.

E. Robustness and Ablation Studies
1) Robustness on Adv-NuScenes: We further evaluate ro-

bustness on Adv-NuScenes, an adversarially perturbed bench-
mark designed to elicit unsafe interactions. As reported in
Table VII, MFPAD achieves the lowest collision rate at every
horizon from 1 s to 6 s. In particular, it reduces the collision
rate from 2.40% [22] and 2.43% [21] to 1.70% at 3 s, and
further lowers the 6 s collision rate from 3.98% and 4.05%
to 2.68%. These results indicate that the proposed memory–
forgetting refinement improves safety-related performance un-
der challenging interaction shifts.

2) Ablation Study on Memory and Forgetting: To quantify
the contribution of each component, we conduct ablations by
removing the LSTM memory branch (w/o Memory) or the
Transformer forgetting branch (w/o Forgetting) while keeping
all other settings unchanged. We further include a parameter-
matched MLP baseline, a GRU-based head, and a Transformer-
only head for controlled architectural comparison.

On NuScenes (Table VIII), the full MFPAD yields the best
accuracy and safety at both short and long horizons. In particu-
lar, removing either component increases the 6 s L2 error from
2.30 m to 2.59–2.79 m and raises the 6 s collision rate from
2.01% to 3.37%–3.50%, showing that long-horizon stability
benefits from both long-term memory and selective forgetting.
The forgetting branch adds only modest overhead, reducing the
runtime from 7.2 FPS to 6.6 FPS, while improving the 6 s L2
error from 2.59 m to 2.30 m and the 6 s collision rate from
3.37% to 2.01%. Therefore, the proposed forgetting branch
should be understood as a targeted accuracy–efficiency trade-
off: a limited decrease in runtime is exchanged for a clear gain
in long-horizon planning quality and safety-related metrics,
especially at 6 s.

We further report model complexity and alternative-head
comparisons in Table VIII. Compared with the original
MomAD-based setting, MFPAD increases the total parameter
count only from 86.484M to 89.380M, while the refinement-
head FLOPs increase from 1.505G to 1.549G. Moreover, a
parameter-matched MLP baseline, constructed by enlarging
the original MomAD planning head while keeping the rest
of the framework unchanged, still underperforms MFPAD
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TABLE V
Open-loop and Closed-loop Comparison on Bench2Drive under the Official Evaluation Protocol. Results are

Reported under two base Settings: a MomAD-based Setting and a SparseDrive-based Setting. Higher is better for
DS, SR, Efficiency, Comfort, and Multi-Ability Scores, while Lower is better for Avg. L2

Method Open-loop Closed-loop Multi-Ability (%) ↑
Avg. L2 ↓ DS ↑ SR (%) ↑ Effi ↑ Comf ↑ Merg. Overta. Emerge. Give Way Traffic Sign Mean

UniAD-Base [19] 0.73 45.81 16.36 129.21 43.58 14.10 17.78 21.67 10.00 14.21 15.55
VAD [20] 0.91 42.35 15.00 157.94 46.01 8.11 24.44 18.64 20.00 19.15 18.07
GenAD [38] - 44.81 15.90 - - - - - - - -
MomAD(VAD) [22] 0.87 45.35 17.44 162.09 49.34 9.99 26.31 20.07 20.00 20.23 19.32

MomAD(SD) [22] 0.82 47.91 18.11 174.91 51.20 13.21 21.02 18.01 20.00 21.07 18.66
MFPAD (Ours) 0.77 49.43 21.08 176.12 52.91 18.12 26.74 24.12 20.00 26.21 23.04

SparseDrive [21] 0.87 44.54 16.71 170.21 48.63 12.18 23.19 17.91 20.00 20.98 18.85
MFPAD (Ours) 0.81 50.34 22.74 178.21 55.89 16.73 29.41 24.58 20.00 25.44 24.86

TABLE VI
Closed-loop Comparison on the NAVSIM Navtest Split.

‘C’ Denotes Camera-only Input and ‘C&L’ Denotes
Camera-and-LiDAR Input. Higher is better for all

Metrics

Method Input NC↑ DAC ↑ TTC↑ Comf.↑ EP↑ PDMS↑

UniAD [19] C 97.8 91.9 92.9 100 78.8 83.4
LAW [39] C 97.9 92.0 92.9 100 79.1 83.5
LTF [40] C 97.4 92.8 92.4 100 79.0 83.8
PARA-Drive [41] C 97.9 92.4 93.0 99.8 79.3 84.0
DiffRefiner [42] C 98.4 97.4 95.3 100 83.4 89.4
VADv2 [43] C&L 97.2 89.1 91.6 100 76.0 80.9
Hydra-MDP [33] C&L 98.3 96.0 94.6 100 78.7 86.5
TrajHF [44] C&L 96.3 96.0 91.5 100 83.1 86.4
DriveSuprim [32] C&L 97.8 97.3 93.6 100 86.7 89.9
DiffusionDrive [24] C&L 98.2 96.2 94.7 100 82.2 88.1
BridgeDrive [31] C&L 98.2 96.1 94.5 100 82.3 88.0
GoalFlow [28] C&L 98.4 98.3 94.6 100 85.0 90.3
DiffE2E [30] C&L 99.2 96.8 96.7 100 83.6 89.8
DIVER [25] C&L 98.5 96.5 94.9 100 82.6 88.3
MFPAD (Ours) C&L 99.2 99.0 95.4 100 85.7 91.2

TABLE VII
Robustness Comparison on Adv-NuScenes [34]. We

Report Collision Rate (%, ↓) for 1–6 s Horizons

Method Collision Rate (%)↓
1s 2s 3s 4s 5s 6s

SparseDrive [21] 0.02 0.61 2.43 2.90 3.63 4.05
MomAD [22] 0.02 0.58 2.40 2.92 3.55 3.98
MFPAD (ours) 0.02 0.45 1.70 2.05 2.33 2.68

despite having nearly identical total parameters (89.378M vs.
89.380M) and slightly higher refinement-head FLOPs (1.613G
vs. 1.549G). We also compare MFPAD with a GRU-based
head and a Transformer-only head under the same 6 s setting.
Although both alternatives introduce temporal modeling, they
remain inferior to MFPAD on all key long-horizon metrics.
These results support that the gain of MFPAD is not explained
by model capacity alone, nor by replacing the trajectory
head with an arbitrary sequence model, but is related to its
explicit memory–forgetting temporal refinement design. We
also note that w/o Forgetting is a functional ablation rather than
a structurally pruned model, and therefore retains the same
parameter count and FLOPs as the full MFPAD architecture.

A similar trend is observed on Adv-NuScenes (Table IX).
The full model reduces the 6 s collision rate to 2.68%,
whereas removing memory or forgetting degrades it to 4.35%

TABLE VIII
Ablation and Alternative-head Comparison on

NuScenes. We Report L2 Error (m, ↓), Collision Rate (%,
↓) at 3 s and 6 s, together with FPS (↑), Params (M), and
FLOPs (G). Parameter Count is Reported for the Full

Model, while FLOPs are Measured at the
Refinement-head Level

Variant L2 ↓ (m) Collision ↓ (%) FPS ↑ Params (M) FLOPs (G)3s 6s 3s 6s
w/o Memory 0.99 2.79 0.72 3.50 6.9 86.484 1.505
w/o Forgetting 0.95 2.59 0.70 3.37 7.2 89.380 1.549
Param-matched
MLP baseline 1.15 2.87 0.56 2.17 7.4 89.378 1.613

GRU-based head 1.05 2.58 0.53 2.15 6.7 89.182 1.553
Transformer-only
head 1.08 2.75 0.59 2.33 7.0 88.654 1.532

MFPAD (ours) 0.89 2.30 0.41 2.01 6.6 89.380 1.549

TABLE IX
Ablation Study on Adv-NuScenes [34]. Metrics are

Aligned with Table VIII: L2 Error (m, ↓) and Collision
Rate (%, ↓) at 3 s and 6 s

Variant L2 ↓ (m) Collision Rate ↓ (%)
3s 6s 3s 6s

w/o Memory 3.00 5.91 2.88 4.50
w/o Forgetting 2.88 5.48 2.80 4.35
Full MFPAD (ours) 2.70 4.87 1.70 2.68

and 4.50%, respectively. These results suggest that memory
preserves trajectory continuity, whereas selective forgetting is
important for correcting stale or noisy cues that accumulate
over longer horizons.

3) Dropout Strategy Analysis: To further distinguish the
proposed forgetting mechanism from generic regularization,
Table X compares different dropout strategies in the forget-
ting stage, including a no-dropout setting, a decoder feature-
dropout baseline, and our memory-token dropout design. As
shown in Table X, decoder feature dropout already provides
a small improvement over the no-dropout setting, reducing
the average L2 error from 1.24 m to 1.22 m and the average
collision rate from 0.86% to 0.83%. However, the proposed
memory-token dropout achieves the best results, further reduc-
ing the average L2 error to 1.19 m and the average collision
rate to 0.80%. A similar trend is observed at the 6 s horizon,
where the proposed design lowers the L2 error from 2.41 m to
2.30 m and the collision rate from 2.26% to 2.01%. The advan-
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TABLE X
Comparison of Different Dropout Strategies in the
Forgetting Stage on the NuScenes Validation Set.

Lower is better for all Metrics
Method Avg. L2 (m)↓ Avg. Coll. (%)↓ 6 s L2 (m)↓ 6 s Coll. (%)↓

No dropout 1.24 0.86 2.41 2.26
Decoder feature dropout 1.22 0.83 2.36 2.16
Memory-token dropout (ours) 1.19 0.80 2.30 2.01

tage of memory-token dropout over decoder feature dropout
suggests that the gain is not merely caused by generic dropout
regularization. Instead, perturbing the memory/context tokens
before refinement creates an incomplete-memory condition,
under which the Transformer decoder and gated fusion module
learn to correct unreliable long-horizon cues. Therefore, the
forgetting mechanism in MFPAD is better understood as struc-
tured memory perturbation followed by adaptive correction,
rather than as ordinary feature-level dropout alone.

F. Limitations and Analysis

We discuss the current scope of MFPAD from three aspects.
First, regarding scalability to longer horizons, our main setting
focuses on 6 s planning, while the extended-horizon results
in Table III show that all methods degrade as the horizon
is extended beyond 6 s. Nevertheless, MFPAD achieves the
best average performance over 7–12 s and exhibits the smallest
relative increase from 6 s to 12 s in both L2 error and collision
rate. This shows that the proposed memory–forgetting design
mitigates long-horizon drift more effectively than the com-
pared baselines. However, the substantial increase at 9 s and
12 s also indicates that trajectory-level refinement alone cannot
fully prevent error accumulation under much longer rollouts.

Second, the forgetting mechanism depends on the token
dropout probability. In the present work, we adopt a fixed
dropout setting that performs well in the evaluated bench-
marks, and the ablation results in Table VIII show that
removing the forgetting branch leads to clear degradation in
both long-horizon L2 error and collision rate. This indicates
that selective suppression of stale or noisy temporal cues is
important for stable planning. At the same time, we do not
perform an exhaustive sweep over the dropout probability
itself. This hyperparameter introduces a natural trade-off: too
little dropout may leave stale cues insufficiently suppressed,
while too much dropout may remove useful motion memory.
Therefore, the current results should be interpreted as evidence
under the chosen setting (𝑝 𝑓 = 0.2), rather than as proof of a
universally optimal value.

Third, we analyze robustness under challenging conditions.
As shown in the Adv-NuScenes results and the closed-loop
evaluations on Bench2Drive and NAVSIM, MFPAD improves
robustness-related and safety-related metrics under adversarial
interactions and feedback-driven driving benchmarks. These
results suggest that the proposed refinement head remains
effective beyond standard open-loop evaluation. However, this
evidence is still limited to the evaluated perturbation models
and simulator settings, rather than all extreme distribution
shifts or deployment environments.

IV. Conclusion

In this work, we study long-horizon trajectory planning in
planning-oriented end-to-end autonomous driving. We pro-
pose MFPAD, a plug-in refinement head that replaces the
conventional MLP trajectory regressor with an LSTM-based
memory branch and a Transformer-based forgetting branch
with token-level dropout. This sequence-aware design pro-
duces temporally consistent, interaction-aware ego trajectories
over a 6 s prediction horizon. On NuScenes, MFPAD improves
long-horizon performance compared with MomAD, reducing
the average L2 error from 1.41 m to 1.19 m and the average
collision rate from 0.90% to 0.80%, while maintaining an
inference speed of 6.6 FPS. On the adversarial Adv-NuScenes
benchmark, MFPAD reduces the 3 s collision rate from 2.40%
to 1.70%. In addition, the closed-loop results on Bench2Drive
and NAVSIM show that the proposed refinement head also
improves downstream driving performance under feedback-
driven evaluation. Overall, these results suggest that explicitly
modeling long-term memory together with selective forgetting
in the planning head is beneficial for improving long-horizon
planning quality and yielding more robust behavior under
challenging conditions.
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