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Abstract—Imitation Learning (IL) for autonomous driving
still suffers from shortcut learning, where policies rely on
spurious correlations rather than causal driving behavior. In
Transformer-based IL planners, such shortcut learning can
appear as attention collapse, where attention weights become
excessively concentrated on a small subset of input channels.
This weakens robustness in challenging closed-loop scenarios.
We propose CAR Planner, which mitigates shortcut learning by
imposing a constrained optimization on ego-state cross-attention.
The constraint penalizes only excessive concentration of attention
weights, preserving task-driven channel-importance ordering
while discouraging over-reliance on a few channels. On the
nuPlan benchmark, CAR Planner shows substantially less degra-
dation under ego-state channel reduction and achieves stronger
closed-loop performance in challenging scenarios than strong
baselines, with negligible training overhead and no inference-
time cost. These results demonstrate that constrained attention
is effective for robust imitation learning in autonomous driving.

Index Terms—Motion and Path Planning, Imitation Learning,
Planning under Uncertainty, Deep Learning Methods

I. INTRODUCTION

OBUST motion planning remains a central challenge

in autonomous driving [1], [2]. Among data-driven ap-
proaches, imitation learning (IL) is attractive because it learns
policies directly from expert demonstrations and has shown
strong performance in modern driving benchmarks [3]-[5].
However, IL planners are vulnerable to shortcut learning,
where the model relies on spurious correlations rather than
causal driving cues [6]-[8]. This often creates a gap between
nominal performance and robustness in challenging closed-
loop scenarios.

In IL-based Transformer planners on nuPlan [9], shortcut
learning is especially visible in ego-state aggregation. In this
work, the current ego state is represented by six channels,
(x,3, ¥,v,a,s), corresponding to position, heading, velocity,
acceleration, and steering angle. The planner may overem-
phasize only a subset of these channels while underusing the
others. Such attention collapse can still preserve strong open-
loop accuracy, but often degrades performance in challenging
splits and reactive closed-loop evaluation. Existing remedies,
including heuristic penalties and the State Dropout Encoder
(SDE) [10], address this issue only indirectly. Penalty terms
can conflict with the task objective, and stochastic masking
discards part of the input.

To address these limitation, we propose CAR Planner, a
constrained-attention-based robust IL planner. CAR Planner
constrains the deviation of ego-state attention weights from
a uniform distribution and enforces this constraint with the
Augmented Lagrangian Method (ALM) [11], [12]. The goal
is not full uniformity but controlled dispersion. Task-driven

channel-importance ordering is preserved, and only excessive
concentration is penalized. This encourages balanced use of
ego-state channels, preserves inference-time architecture, and
yields stable runtime behavior in large-scale evaluation. We
evaluate CAR Planner on the nuPlan benchmark using open-
loop score (OLS), which measures prediction quality under
logged trajectories, non-reactive closed-loop score (NR-CLS),
which evaluates rollout performance without agent responses,
and reactive closed-loop score (R-CLS), which further tests ro-
bustness under interactive closed-loop driving. Our evaluation
therefore emphasizes robustness in increasingly challenging
scenarios.
The main contributions of this work are as follows.

o Constrained ego-state attention for shortcut mitiga-
tion. We formulate ego-state attention dispersion as an
inequality-constrained optimization problem and enforce
it with ALM, preserving task-driven channel-importance
ordering by penalizing only excessive concentration and
preventing attention collapse.

« Lightweight, architecture-preserving regularization.
The proposed constraint is applied only to the ego-state
aggregation module and requires no auxiliary data, while
preserving inference-time computation and stable runtime
behavior.

« Robustness gains on nuPlan across random and
hard splits. CAR Planner reduces sensitivity to ego-
state ablations and improves closed-loop performance in
challenging scenarios compared with strong baselines,
including the base model and SDE-based regularization.

II. RELATED WORK

Autonomous driving planners are commonly grouped into
rule-based, learning-based, and hybrid approaches. Rule-based
methods such as IDM [13] and PDM-Closed [14] provide
strong priors, but are often brittle in challenging driving
situations. Learning-based planners learn policies directly
from data. Representative models include RasterModel, Ur-
banDriver [15], GC-PGP [16], and PDM-Open [14]. Recent
IL planners increasingly use Transformer architectures [17]
to integrate ego-state, agent, and map features. While this
improves interaction modeling, it can also cause ego-state
attention to collapse onto a few channels and encourage
shortcut learning through over-reliance on limited ego cues.
PlanTF [10] is a representative shortcut-mitigation approach
that applies State Dropout Encoder (SDE), but it addresses the
problem only indirectly by masking input channels rather than
directly regulating the attention distribution. Hybrid planners
such as GameFormer [18], PDM-Hybrid [14], and Pluto [19]
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Fig. 1. Overview of the proposed CAR Planner architecture. Agent history, the current ego state, and local map polygons are encoded into agent, ego,
and map tokens. The ego-state encoder uses a learned latent query with an attention constraint to regulate channel aggregation, and the resulting tokens are
processed by a shared Transformer encoder for ego and non-ego trajectory prediction. Base and PlanTF share the same architecture shown here and differ
only in ego-state regularization. Base uses no additional regularization, whereas PlanTF applies State Dropout Encoder regularization.

improve robustness with additional structure and objectives,
often at higher inference cost. Other learning-based approaches
using auxiliary objectives, reinforcement learning, adversarial
training, or closed-loop training [8], [20]-[23] also modify
the training or inference pipeline. By contrast, our method is a
lightweight, architecture-preserving regularization scheme that
directly constrains ego-state attention dispersion with ALM.

III. CAR PLANNER
A. Planner Architecture

For shortcut-learning analysis, we focus on three
Transformer-based planner variants: Base (vanilla), PlanTF
(with SDE), and CAR Planner (with ALM). These three
variants share the same backbone. Figure 1 illustrates the
CAR Planner instantiation. Base and PlanTF use the same
architecture and differ only in ego-state regularization. The
model takes three inputs: past states of surrounding agents,
the current 6-dimensional ego state, and a local vectorized
map. These are encoded into agent, ego, and map tokens,
augmented with geometric embeddings, and processed by a
shared Transformer encoder. The encoded ego token predicts
multi-modal ego trajectories, while a lightweight head
predicts future motions of non-ego agents. Table I includes
additional baselines for overall benchmark comparison, but
the shortcut-learning analysis focuses on the three IL-based
Transformer variants, which enable a controlled comparison
under the same backbone.

Common backbone. Agent-history tokens are produced from
agent kinematic sequences, the ego token from the current 6-
dimensional state (x,y,¥,v,a,s), and the map from polygon
features encoding lane geometry and semantics. For each to-
ken, a small MLP projects the pose descriptor [x,y,cos 0, sin 0]
into a geometric embedding. The resulting tokens are concate-
nated and processed by a shared Transformer encoder with
key-padding masks for invalid inputs.

Prediction heads. From the encoded ego token, a trajectory
head predicts M candidate future trajectories of length T,
where each step is represented by (x,y,cosy,siny) with a
mode score. At inference time, the most probable mode is

selected and the heading is recovered by atan2(sin y,cos y).
In parallel, a lightweight MLP predicts future positions for
non-ego agents.

Difference between variants. The three planners differ only
in ego-state regularization before the shared Transformer.
Base uses no additional regularization, PlanTF applies State
Dropout Encoder (SDE), and CAR Planner imposes a dis-
persion constraint on the same attention distribution. All other
components are shared.

Default configuration. Unless otherwise specified, all exper-
iments use d=128, L,=4 Transformer layers, h=8 attention
heads, M=6 trajectory modes, and 7=80 future steps.

B. Objectives

The following objectives are shared by Base, PlanTF
(SDE), and CAR Planner. Let ¥ € RM*7*% and & ¢ RM
denote the predicted ego trajectories and mode logits, respec-
tively, and let ¥ € R”** be the ground-truth ego trajectory.
For non-ego agents, let P € RA-1xTx2 gpq p ¢ RA-DxTx2
denote the predicted and ground-truth future positions, where
A is the total number of agents including the ego agent.

Best-mode selection. During training, a single trajectory mode
is selected by minimizing the displacement error in the posi-
tion space:
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The selected mode index m* is used both for ego-trajectory
regression and for the classification target.

Ego imitation loss. The ego loss consists of a regression term
and a classification term:

ﬂeg = Llsmooth(a Y)7
.,%15 = CE(TC, m*)

3)
“4)

Representing the heading as (cos Y, sin ) avoids angle wrap-
around.



TABLE I
PERFORMANCE COMPARISON ON THE TEST14 BENCHMARK.

Planners ‘ Test14-random ‘ Test14-hard

Type Method | oOLS NR-CLS RCLS | OLS NR-CLS R-CLS
Expert Log-replay ‘ 100.0 94.03 75.86 ‘ 100.0 85.96 68.80
Rule-based IDM 34.15 70.39 72.42 20.07 56.15 62.26
PDM-Closed 46.33 90.05 91.64 26.43 65.08 75.19

Hybrid PDM-Hybrid ‘ 81.26 90.10 91.29 ‘ 74.08 65.99 76.07
RasterModel 62.93 68.71 67.52 52.38 50.65 51.41

UrbanDriver 82.45 63.57 60.92 76.90 51.67 49.06

GC-PGP 80.89 61.57 54.88 75.40 47.16 41.39

Learnine-based PDM-Open 84.14 52.81 57.23 79.06 33.51 35.83
& Base 86.64 80.01 74.48 82.48 65.30 53.11
PlanTF 86.27 85.23 79.36 83.34 70.03 59.83

Pluto (w/o post.) 87.15 86.60 77.96 81.89 70.28 56.70

CAR Planner (Ours) 87.67 85.91 78.31 86.31 70.81 66.12

Non-ego prediction loss. Non-ego future positions are super-
vised with smooth-L; loss over valid agents and time steps:

gp = Llsmooth(ﬁ7 P)- &)
Task objective. The final task objective is
Zask = o%eg + w%cls + gp- (6)

This task loss is used in all three planners. CAR Planner
further imposes the constraint described in the following
subsection and handles it using ALM.

C. Problem formulation as a constrained optimization

Let a(en) € A®~! denote the ego-state attention weights for
the n-th sample, where a single learned query attends to C=6
ego-state channels. To discourage excessive concentration on
only a few channels, the deviation of the attention distribution
from uniform is measured as

day’) = L3 |l 4| 0
i=1
This quantity is then averaged over the batch:
_ LS e
D(6) = N,;d(ae ) ()

The goal is not to force perfectly uniform attention, but to keep
the deviation below a prescribed margin 0 > 0. With a positive
margin, task-driven channel-importance ordering is preserved,
and only excessive concentration is penalized. The constraint
suppresses overly dominant channels and lifts severely un-
derused ones, preventing attention collapse while preserving
relative priority. This leads to the inequality constraint

g(0) €))

where O controls the allowed level of concentration. In all
experiments, 6=0.12 is used. A smaller value enforces more
dispersed attention, while a larger value allows stronger selec-
tivity.

D(8) -5 <0,

D. ALM-based update rule

The resulting optimization problem is

mein Zask(0) subject to  g(0) <0, (10)
which encourages balanced ego-state attention while preserv-
ing the original planning objective.

This constrained problem is optimized with the Augmented
Lagrangian Method (ALM). Using a nonnegative Lagrange
multiplier A and penalty coefficient p > 0, the augmented

objective is

"%ug(eﬂk) = zask(e) +A [g(e)]+ + B

5 18(0))%
Here, [z]+ := max(0,z) ensures that only constraint violations
are penalized. In all experiments, p=3 is used. At each
iteration, the model parameters 6 are updated by minimizing
Zag, and the multiplier is updated after the optimizer step
according to

Y

A <« max{0, A+p[g(6)];}. (12)

The constraint is applied only to the ego-state attention mod-
ule, and the rest of the planner remains unchanged. Since the
penalty is computed over only C=6 channels, the additional
training cost is negligible. At inference time, neither the
penalty term nor the multiplier update is used, so the runtime
architecture is identical to the base planner.

IV. EXPERIMENTS
A. Experimental setup

The planners were trained for 20 epochs on NVIDIA RTX
4090 GPUs with a total batch size of 32, using Adam (learning
rate le—3, weight decay le—4). During training, a state-
perturbation augmentation [24] adds bounded noise to the
current ego state, and all coordinates are re-normalized with
respect to the perturbed ego frame.

Evaluation follows the nuPlan benchmark on two
official test splits, testl4-random and testl4-hard,
each with 280 scenarios across 14 scenario types.
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Fig. 2. Ego-state attention comparison. The scenario examples from nuPlan test14-hard split, R-CLS. (a) CAR Planner: attention over (x,y, ¥, v,a,s) stays
dispersed with mild selectivity across frames, yielding a safe maneuver. (b) PlanTF: attention progressively collapses onto a few channels (notably a), reducing

situational balance and culminating in a collision.

testl4-random contains randomly sampled scenarios,
whereas testl4-hard is a curated set of challenging
scenarios selected by PDM-Closed [14]. Reported metrics are
OLS, NR-CLS, and R-CLS, where higher is better.

To analyze shortcut-learning mitigation, we focus on the
following three model variants.

« Base (Vanilla). Uses the same single-query ego-state
state attention encoder as the other variants, but with-
out SDE or ALM. Agent/map encoders and the shared
Transformer are identical to the other variants.

« PlanTF (with SDE). Uses the same backbone and single-
query ego-state state attention encoder, with stochastic
state-channel dropout (SDE) applied during training.

+« CAR Planner (with Constrained weights). Uses the
same backbone and single-query ego-state attention en-
coder, regularized by a dispersion constraint on the
6-way attention weights. Inference-time computation is
unchanged.

In addition, Table I reports overall benchmark comparison
against rule-based, hybrid, and learning-based baselines, while
Table II provides a detailed reactive closed-loop sub-metric
comparison among learning-based planners.

B. Experimental results

Table I summarizes overall OLS, NR-CLS, and R-CLS
performance on both test14-randomand test1l4-hard.
CAR Planner remains competitive with state-of-the-art meth-
ods on testl4-random and shows clearer gains on the
more challenging testl4-hard split, indicating stronger
robustness in difficult conditions. This trend supports our
interpretation that attention collapse drives shortcut learning,
which becomes more harmful under closed-loop rollout and
the resulting distribution shift. Table II further shows that
CAR Planner achieves the best scores on key test14-hard
safety-related sub-metrics, including Collisions and TTC, and
remains close to the best on several others, indicating robust
and stable behavior in difficult scenarios.

TABLE I
REACTIVE CLOSED-LOOP SUB-METRIC COMPARISON AMONG
LEARNING-BASED PLANNERS ON THE TEST14-HARD BENCHMARK.
HIGHER IS BETTER. BEST SCORES ARE SHOWN IN BOLD.

Planner \Collisions TTC Drivable Comfort Progress Speed
RasterModel 80.67 7450 78.48 78.88 86.05 97.10
UrbanDriver 69.85 6397 8272 9852 93.75 86.13
GC-PGP 80.88 74.63 8455 91.54 76.10 98.54
PDM-Open 7720 69.11 84.19 98.52 7389 97.56
Base 88.11 81.50 92.64 8823 7279 98.02
PlanTF 85.84 80.88 92.64 93.01 84,55 97.01
Pluto (w/o post.) 90.63 8501 97.00 89.13 7490 98.50
CAR Planner (Ours)| 91.83 86.49 94.02 98.16 87.13 98.22

Figure 2 provides qualitative evidence from two nuPlan
testl4-hard scenarios. PlanTF shows progressive atten-
tion collapse to a few channels, indicating shortcut learning
through over-reliance on limited ego-state cues. This weakens
sensitivity to lateral cues (x,y,¥) and can lead to unsafe
maneuvers under closed-loop distribution shift. By contrast,
CAR Planner maintains a dispersed yet selective pattern
across frames, which suppresses shortcut learning and yields
more balanced situational awareness and safer behavior.

Table III provides quantitative evidence through ego-state
channel ablation. Rows stateb5 and state6 report scores
with five and six channels, and the gap is defined as gap =
state6 — state5, where smaller values indicate lower shortcut
reliance. Figure 3 visualizes the same gap trend across metrics
and splits. CAR Planner shows smaller or comparable gaps
across both testl4-random and testl4-hard, indicat-
ing lower dependence on any single ego-state component and
more stable performance under state reduction.

Figure 4 compares inference efficiency across planners.
CAR Planner shows the most compact latency distribution
and the lowest cumulative runtime, indicating efficient and
stable inference over large-scale evaluation. Its runtime is
comparable to, and slightly better than, PlanTF, consistent with
our design in which the constraint is used only during training.
By contrast, Pluto is a strong performance baseline but shows a



TABLE III
RESULTS ON SHORTCUT-LEARNING MITIGATION ACROSS THE NUPLAN TEST14-RANDOM AND TEST14-HARD SPLITS.

Test14-random

Test14-hard

State Method
OLS NR-CLS R-CLS OLS NR-CLS R-CLS
state5 Base 84.82 77.94 73.67 81.12 63.90 49.87
PlanTF 87.81 83.96 72.72 84.14 69.27 56.91
CAR Planner (Ours) 87.16 85.12 78.01 86.18 68.62 64.26
state6 Base 86.64 80.01 74.48 82.48 65.30 53.11
PlanTF 86.27 85.23 79.36 83.34 70.03 59.83
CAR Planner (Ours) 87.67 85.91 78.31 86.31 70.81 66.12
7 (a) Test14-random (b) Test14-hard imitation-learning planners. By formulating attention disper-
%s fese g el sion as a constrained optimization problem and enforcing
§5 m—Ours % —_.Qura it with ALM, the proposed approach suppresses attention
g4 g 324 collapse as a key mechanism of shortcut learning without
®° sor ® 210 = discarding input information or altering inference-time com-
2 k 2 1.86 .
% 2| 182, 197 % 136 1.40 putatlon.
21 051 0.79 0.81 3 0.80 0.76 .
<,U - | W < 013 Experiments on the nuPlan benchmark showed that CAR
oLs NR-CLS R-CLS oLs NR-CLS R-CLS

Fig. 3. Ego-state channel ablation gaps (state6 - state5) on nuPlan test14-
random and test14-hard splits. Smaller gaps indicate reduced shortcut reliance.
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Fig. 4. Inference efficiency comparison on the evaluation scenarios. (a) Per-
scenario inference latency distribution. (b) Cumulative elapsed runtime as
scenarios are completed.

broader latency spread and substantially higher runtime. These
results indicate that CAR Planner improves robustness while
preserving efficient inference.

Figure 5 illustrates a typical failure-recovery contrast on
the nuPlan test14-hard split. This case is consistent with the
gains in R-CLS and comfort, highlighting improved closed-
loop stability and safety in complex scenes.

V. CONCLUSION

This paper introduced CAR Planner, a constrained-
attention-based framework for mitigating shortcut learning in

Planner consistently mitigates shortcut learning across both
random and hard splits. It reduces degradation under reduced
ego-state inputs, improves reactive closed-loop performance,
and yields gains in safety- and comfort-related metrics. Run-
time experiments further confirmed that these benefits are
achieved with negligible inference overhead. Compared with
strong baselines such as PlanTF, CAR Planner delivered more
reliable performance in hard and reactive evaluations while
preserving efficient and stable inference.

The current formulation is limited to ego-state cross-
attention and has been validated only on nuPlan. Extending
the constraint to interaction and map-level features, and vali-
dating on broader datasets or real-world testbeds, remains an
important direction for future work.
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