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Abstract: Most imitation learning planners for autonomous driving are trained with
displacement-based objectives such as average displacement error (ADE), which favor average
accuracy but overlook how often predicted trajectories become unsafe. CARE Planner augments
an attention-constrained Transformer with a Conditional Value at Risk (CVaR) based risk
module that measures clearance-based tail risk along the prediction horizon. This risk is used
both to select the supervised trajectory mode and to construct a tail-risk-aware soft target that
downweights unsafe modes during multimodal learning. Compared to state-of-the-art planners
such as PlanTF and our previous framework CAR Planner, CARE Planner outperforms overall
performance and significant improvements in safety-related metrics on the nuPlan benchmark,
highlighting the effectiveness of risk-aware training in enhancing the reliability of imitation
learning planners.
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1. INTRODUCTION

Safety-critical motion planning for autonomous driving
remains a significant challenge, even with advancements in
learning-based methods. Imitation learning (IL) is widely
adopted as it trains driving policies by mimicking expert
demonstrations [Pomerleau (1988)]. However, matching
expert behavior on logged data does not guarantee safety.
IL policies are prone to distribution shifts and out-of-
distribution (OOD) scenarios, and they suffer from com-
pounding errors [Ross et al. (2011)] and shortcut learning
[Wen et al. (2020); Chuang et al. (2022)], where spurious
correlations are exploited instead of causal driving cues.
Consequently, a planner may imitate expert trajectories
on average but still fail in safety-critical situations. This
highlights the need for safety-focused motion planning
frameworks that explicitly incorporate risk.

Nevertheless, many learning-based planners on large-scale
datasets such as the nuPlan benchmark [Caesar et al.
(2021)] are still designed and evaluated mainly by aver-
age imitation error. Their prediction heads are typically
trained with soft targets derived from metrics such as
ADE, which emphasize mean accuracy but do not distin-
guish safe trajectory modes from unsafe ones. Our previous
proposed framework, CAR Planner, introduced an Aug-
mented Lagrangian–based constrained attention mecha-
nism over ego-state channels [Kim and Choi (2025a,b)]
to reduce brittle dependence on a small subset of ego
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coordinates and to improve robustness under input per-
turbations. However, its multimodal head still relies on
ADE-based soft targets that ignore tail-risk, so rare but
safety-critical events remain under-penalized.

To address this limitation, we propose CARE Planner.
CARE Planner integrates constrained ego-state attention
with a CVaR-based risk module. The risk module evaluates
trajectory modes using time-axis CVaR [Rockafellar et al.
(2000)] and adjusts the multimodal distribution with a
tail-risk soft target. Meanwhile, the constrained atten-
tion mechanism ensures balanced weighting of ego-state
information. On the nuPlan benchmark, CARE Planner
demonstrates competitive performance and stable behav-
ior in challenging scenarios. This highlights the potential of
combining attention regularization with tail-risk modeling
for safer motion planning.

• Risk-aware multimodal soft targets for IL
planning: A time-axis CVaR-based tail-risk measure
is used to construct mode-wise soft targets that shift
probability mass away from risky modes. The classi-
fier is supervised toward a CVaR-rescored safe mode.

• Constrained attention prior for risk-aware
planning: Building on the Augmented Lagrangian
ego-state attention constraint introduced in our pre-
vious work, CAR Planner, CARE Planner uses this
as an inductive bias. This ensures attention remains
aligned with safety-critical ego features while the risk
module reshapes the multimodal distribution.

• Safety and tail-risk improvements on nuPlan:
On the nuPlan test14-random and test14-hard



splits, CARE Planner improves overall scores and
safety metrics such as collisions, time-to-collision,
drivable-area compliance, and comfort. Scenario-
level tail-risk visualizations show lower per-step
VaR/CVaR and empirical cumulative distribution
function (ECDF) curves shifted toward safer regimes
in challenging scenes.

2. RELATED WORK

2.1 nuPlan planners

Rule-based stacks like the Intelligent Driver Model (IDM)
[Treiber et al. (2000)] are valued for transparency but
struggle with distribution shifts and rare events. This has
motivated learning-based planners trained on logged driv-
ing data. On nuPlan, UrbanDriver [Scheel et al. (2022)]
learns closed-loop policies in vectorized scenes, GC-PGP
[Hallgarten et al. (2023)] generates goal-conditioned tra-
jectories on lane graphs, and PDM-Open [Dauner et al.
(2023)] combines rule-based stacks with learned scor-
ing in an open-loop setting, while PDM-Closed, PDM-
Hybrid, and GameFormer [Huang et al. (2023)] extend
these ideas to closed-loop and game-theoretic interac-
tion modeling. Transformer-based planners like planTF
[Cheng et al. (2024b)] provide strong nuPlan baselines
through an attention-based state dropout encoder (SDE)
that mitigates shortcut learning on ego states. However,
most nuPlan planners are still trained and selected using
displacement-based metrics such as ADE and final dis-
placement error (FDE), which emphasize average accuracy
on logged data.

2.2 Attention regularized IL planners

Shortcut learning on ego state features has led several
works to explicitly regularize attention in imitation learn-
ing planners. PlanTF [Cheng et al. (2024b)] introduces
an attention-based state dropout encoder that randomly
drops ego channels during training to reduce over-reliance
on a few coordinates while retaining the standard im-
itation objective. PLUTO [Cheng et al. (2024a)] adds
auxiliary losses that encourage the planner to exploit
safety-critical context and maintain consistency between
the planned trajectory and scene geometry instead of
collapsing onto spurious inputs. CAR Planner [Kim and
Choi (2025a)] formulates ego state attention regularization
as a constrained optimization problem solved with an
augmented Lagrangian method, improving robustness in
hazard scenarios compared to other nuPlan state-of-the-
art planners. These methods still treat the multimodal
output distribution in a risk-agnostic way, since mode la-
bels and probability shaping are mainly driven by average
displacement error, so rare but safety-critical modes in the
tail of the loss distribution remain under-penalized.

2.3 Risk aware planning with CVaR

A complementary line of work incorporates explicit risk
measures into planning and control. CVaR [Rockafellar
et al. (2000)] provides a principled way to quantify tail
risk by focusing on the expected loss in the worst por-
tion of the distribution and admits convenient optimiza-
tion formulations. Risk Averse Imitation Learning (RAIL)

[Santara et al. (2017)] integrates a CVaR based objective
over trajectory costs into the GAIL framework, and eval-
uates the learned policies on standard continuous control
benchmarks in MuJoCo simulation, where a single agent
operates in a relatively low-dimensional state–action space
under simplified dynamics. This encourages the policy to
avoid rare but catastrophic trajectories while still imitat-
ing expert behavior.

In motion planning and model predictive control, related
works such as Hakobyan et al. [Hakobyan et al. (2019)]
pose planning under uncertainty as a CVaR constrained
optimization problem for a quadrotor model navigating in
a three-dimensional environment with randomly moving
obstacles. Their framework combines an RRT*-based ref-
erence planner with a CVaR constrained model predictive
controller to enforce bounds on safety risk while account-
ing for disturbances and model error. These approaches
show that CVaR is an effective surrogate for tail risk in
continuous control, but they are typically applied to lower
dimensional systems or small scale simulation benchmarks
and are not directly integrated with large scale multimodal
planners or imitation learning architectures.

3. CARE PLANNER

3.1 Planner architecture

Conceptually, CARE Planner builds on our previous
framework (CAR Planner), which is based on the planTF
Transformer encoder–decoder backbone [Cheng et al.
(2024b), Kim and Choi (2025a)], and further augments
it with a CVaR-based risk head on top of the ALM-
constrained ego state attention module to produce multi-
modal trajectory outputs. At each decision step, the model
ingests agent histories, the current ego state, and a local
map snippet, and predicts M future ego trajectory modes
together with their logits.

3.2 Inputs and tokenization

The inputs are (i) Agent histories, past kinematic states
of non-ego agents in a local region, (ii) Current ego
state, a six-dimensional vector containing the ego position
(x, y), heading (yaw), longitudinal speed v, longitudinal
acceleration a, and steering angle s, and (iii) Local map,
nearby lane polygons and their attributes.

Agent histories and map polygons are embedded by
dedicated encoders into d dimensional tokens. A posi-
tional MLP encodes the last pose or polygon center as
[x, y, cos θ, sin θ] and is additively fused with token fea-
tures. The ego state is not treated as a sequence. Its six
scalar channels are aggregated into a single ego token by
a learnable attention module over channels.

3.3 Transformer backbone and decoding

Ego, agent, and map tokens are concatenated and pro-
cessed by a shared Transformer encoder with L layers and
h attention heads, using key padding masks for invalid
tokens. This joint encoder models interactions between the
ego vehicle, surrounding agents, and road geometry via
self attention. From the encoded ego token, a trajectory



Fig. 1. Overview of CARE Planner. Driving logs are converted into agent, map, and ego features, processed by a
Transformer with ALM constrained ego attention and a CVaR based risk head, and the resulting plans are evaluated
on nuPlan under OLS, NR-CLS, and R-CLS.

decoder predictsM candidate trajectories of length T and
mode logits π ∈ RM . At test time the most probable mode
is selected, headings are reconstructed from (cosψ, sinψ),
and a shallow MLP in parallel predicts future positions for
non ego agents.

3.4 ALM constrained ego state attention

The ego state encoder follows the single query attention
design of CAR Planner [Kim and Choi (2025b)]. A learn-
able query attends over C ego channels to produce the ego
token, yielding an attention vector aθ ∈ ∆C−1 (C = 6)
that specifies how strongly each channel contributes to
the representation. CARE Planner reuses the dispersion
constraint on this vector: the mean absolute deviation from
the uniform distribution must lie below a margin m, and
this inequality is enforced with an Augmented Lagrangian
Method. This constrained attention mechanism, which we
previously termed Mean-Deviation Constrained Attention
(MDCA) [Kim and Choi (2025a)].

3.5 CVaR based risk module

As shown in Fig. 2, the CVaR-based risk module is
attached on top of the multimodal head. For each sample,
the M candidate ego trajectories and the predicted non-
ego trajectories are used to compute a per-frame clearance
sequence for each mode, based on ego–agent distance
relative to an effective radius. This clearance is converted
into a nonnegative risk sequence along the horizon, and
a time-wise CVaR-style tail risk rk is obtained for each
mode.

These tail risk values are used in two ways. First, the mode
index for regression and label construction is chosen by
minimizing a risk-augmented score that combines imita-
tion likelihood and tail risk, encouraging the selected mode
to remain safe along the horizon. Second, the set of tail
risks {rk}Mk=1 is converted into a tail-risk-aware soft target
over the modes, which downweights high-risk modes even
when their average error is small. This soft target shapes
the mode probability head via a KL loss and biases the

Fig. 2. Overview of the CVaR based risk module attached
to the multimodal decoder.

multimodal distribution toward safer trajectory hypothe-
ses while remaining compatible with existing nuPlan-style
planners. The computation of these quantities is described
in the Per-frame clearance risk, Time-wise tail risk, and
Risk-aware mode scoring and soft targets subsections.

3.6 Objectives

CARE Planner follows the pure imitation learning setting
of planTF and CAR Planner. For each scene with an
expert ego trajectory Y and non-ego trajectories P gt,
the planner predicts multimodal ego futures {Ŷ (k)}Mk=1,
a categorical distribution p ∈ ∆M−1 over modes, and
auxiliary non-ego predictions P . The CAR Planner task
loss is reused and augmented with a clearance-based tail
risk term that defines risk-aware mode scores and soft
targets.

Base imitation objective Let Y ∈ RT×4 be the expert
ego trajectory using (x, y, cosψ, sinψ) and Ŷ (k) ∈ RT×4

the k-th predicted mode. Non-ego agents have ground-
truth and predicted positions P gt, P ∈ R(A−1)×T×2.

Following CAR Planner, a smooth ℓ1 (Huber) loss
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with threshold δ = 1 is applied element-wise over valid
indicesM for both ego and non-ego regression.

Given a mode index m∗ (defined below), the imitation loss
is

Ltask(θ) = Lsmooth
1

(
Ŷ (m∗), Y

)
+CE

(
p,m∗)+Lsmooth

1 (P, P gt),
(2)

where CE(·, ·) is the cross-entropy between p and the one-
hot label for m∗.

Ego state attention constraint Let a
(n)
θ ∈ ∆C−1 be

the ego state attention over C channels for the n th sample
in a batch of size B. The deviation from the uniform
distribution is

g(θ) =
1

BC

B∑
n=1

C∑
i=1

∣∣∣∣a(n)θ,i −
1

C

∣∣∣∣−m ≤ 0, (3)

with margin m > 0 (for example m = 0.12 when C = 6).
This limits excessive peaking while allowing moderate
concentration on informative channels.

The constraint is enforced with an Augmented Lagrangian
Method using a nonnegative multiplier λ and penalty
parameter ρ > 0. With [z]+ := max(0, z),

Lalm(θ, λ) = λ [g(θ)]+ +
ρ

2

(
[g(θ)]+

)2
, (4)

and after each optimizer step

λ← λ+ ρ [g(θ)]+, (5)

with λ initialized at zero.

Per-frame clearance risk For each mode k ∈ {1, . . . ,M}
and step t ∈ {1, . . . , T}, let p(k)ego(t) ∈ R2 be the ego position
and pobs,i(t) the position of obstacle i, with Nobs obstacles.
Using an effective radius Reff defined as

Reff = Rego +Robs, (6)

the clearance to obstacle i is

clr
(k)
i (t) =

∥∥p(k)ego(t)− pobs,i(t)
∥∥
2
−Reff . (7)

A soft minimum over obstacles gives a smooth approxima-
tion of the minimum clearance

clr
(k)
t = − 1

βclr
log

Nobs∑
i=1

exp
(
−βclr clr(k)i (t)

)
, (8)

where βclr > 0 controls the sharpness. With a safety
margin mclr > 0, the per-frame clearance risk is

z
(k)
t = softplus

(
mclr − clr

(k)
t

)
≥ 0, (9)

so frames with comfortable clearance contribute nearly
zero risk, while near-collision configurations incur large
penalties.

Time-wise tail risk For mode k, define the per-frame

risk sequence z(k) = (z
(k)
1 , . . . , z

(k)
T ) and let Z be a random

variable whose empirical distribution is given by these T
values. Let qα(z

(k)) be the empirical α–quantile (Value at
Risk, VaR) of z(k) with α ∈ (0, 1). The CVaR of z(k) is

CVaRα

(
z(k)

)
= E

[
Z | Z ≥ qα(z(k))

]
, (10)

that is, the expected risk in the α–tail of the distribution.

In CARE Planner we use the mean excess loss [McNeil
et al. (2015)] as a time-wise CVaR-style tail risk:

rk =
1

(1− α)T

T∑
t=1

max
(
z
(k)
t − qα(z(k)), 0

)
, (11)

which aggregates how strongly and how often the per-
frame risks of mode k exceed qα(z

(k)) along the horizon.
Modes whose risks stay below the VaR level obtain rk ≈ 0,
so the absence of tail events is directly reflected in the
score, while larger values of rk indicate trajectories that
spend more time in high-risk tail regions. For continuous
distributions one has

CVaRα

(
z(k)

)
= qα

(
z(k)

)
+ rk, (12)

so rk can be interpreted as a mean excess term, focusing
the risk module on how severe the tail beyond VaR is
rather than on the absolute scale of the quantile.

Risk-aware mode scoring and soft targets Let the
decoder output logits π ∈ RM and p = softmax(π) ∈
∆M−1 with components pk. An imitation-based score for
mode k is

simk = − log pk, (13)

and the risk-aware score is

sk = simk + λcvar rk, (14)

where λcvar ≥ 0 trades off imitation likelihood and tail
risk. The label mode index is

m∗ = argmin
k
sk. (15)

A risk-aware soft target q ∈ ∆M−1 is obtained by reweight-
ing the predicted probabilities with normalized tail risk.
Let r̃k be a per batch normalized version of rk with zero
mean and unit variance, clipped for stability. Then

qk =
pk exp

(
−λcvar r̃k

)∑M
j=1 pj exp

(
−λcvar r̃j

) . (16)

The probability head is trained with



Method
test14-random test14-hard

OLS NR-CLS R-CLS OLS NR-CLS R-CLS

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 87.67 84.91 78.31 86.31 69.48 64.64

Base + Risk 88.19 86.05 80.36 83.92 69.65 59.73

CARE Planner 89.13 87.48 82.52 87.76 72.65 67.17

Table 1. Overall score on nuPlan splits.

LKL = KL(q ∥ p) =
M∑
k=1

qk log
qk
pk
. (17)

Overall objective The overall CARE Planner loss is

L(θ) = Ltask + λKL LKL + Lalm(θ, λ), (18)

with λKL the soft-target weight and Lalm the augmented
Lagrangian penalty from the attention regularizer.

4. EXPERIMENTS

4.1 Experimental setup

All planners are trained for 20 epochs on NVIDIA RTX
4090 GPUs with a batch size of 32, using Adam (learning
rate 1e−3, weight decay 1e−4). A state perturbation
augmentation adds bounded noise to the ego state and
re normalizes coordinates in the perturbed ego frame for
compounding errors.

Evaluation follows the nuPlan benchmark on the test14-
random and test14-hard splits, each with 261 scenarios.
Reported metrics are OLS (open loop score), NR CLS (non
reactive closed loop), and R CLS (reactive closed loop).
Higher is better.

The following model variants are compared:

• Base. Ego six dimensional state is encoded by a small
MLP.
• Base+Risk. Base model equipped with the CVaR
based risk module that computes clearance based tail
risk per mode and uses it for risk aware mode selection
and soft targets. No MDCA.
• PlanTF (with SDE). Shares the encoder–decoder
backbone of Base, but replaces the ego MLP with
a single query state attention encoder and State
Dropout Encoder (SDE) during training [Cheng et al.
(2024b)].
• CAR Planner. Shares the encoder–decoder back-
bone of Base, but replaces the ego MLP with a single
query state attention encoder with ego state attention
regularized by an augmented Lagrangian dispersion
constraint on the six way attention weights [Kim and
Choi (2025a)].
• CARE Planner(Proposed method). CAR Plan-
ner extended with the CVaR based risk module for
clearance based tail risk scores and soft targets over
modes.

Method
test14-hard (R-CLS)

Collisions TTC Drivable Comfort Progress Speed

Base 88.11 81.50 92.64 88.23 72.79 98.02

planTF 85.84 80.88 92.64 93.01 84.55 97.01

CAR Planner 90.63 85.49 94.02 98.16 84.28 98.22

Base + Risk 89.52 83.82 92.27 90.80 81.61 97.17

CARE Planner 92.03 87.55 95.22 99.26 84.55 98.67

Table 2. Sub metrics on nuPlan test14-hard
split under R-CLS.

(a)

(b)

Fig. 3. Starting right turn visualizations. (a) Timeseries
view. (b) Overlay view.

4.2 Experimental results

Table 1 reports the overall nuPlan scores on test14-random
and test14-hard. On test14-random, CARE Planner
achieves the best performance across all three evaluation
modes, improving R-CLS from 74.48 (Base) and 78.31
(CAR Planner) to 82.52 and also slightly raising OLS
and NR-CLS. On the more challenging test14-hard split,
the gap becomes clearer. CARE Planner increases R-CLS
from 53.11 (Base), 59.73 (Base+Risk), and 64.64 (CAR
Planner) to 67.17. Base+Risk and CARE Planner share
the same CVaR-based risk module, so the additional gain
mainly reflects the effect of ego-state constrained atten-
tion. Compared to CAR Planner, CARE slightly reduces
OLS but improves both NR-CLS and R-CLS, indicating a
more robust closed-loop behavior on hard scenarios.

Table 2 decomposes the test14-hard R-CLS score into
safety-related sub-metrics. CARE Planner attains the
highest collision score (92.03), time-to-collision (87.55),
drivable-area compliance (95.22) and comfort (99.26). Rel-
ative to Base+Risk, this shows that adding ego-state
constrained attention not only lifts the aggregate R-CLS
score but also reduces risky behaviors across individual
safety metrics. Compared to CAR Planner, CARE further
improves collision and TTC scores while keeping progress
and speed-limit compliance at a similar level. These re-
sults indicate that CVaR-guided mode selection with soft



(a)

(b)

Fig. 4. Near multiple vehicles visualizations. (a) Timeseries
view. (b) Overlay view.

targets, combined with constrained attention, makes the
planner more conservative in genuinely risky situations
without sacrificing overall driving efficiency.

Figures 3 and 4 illustrate tail-risk behavior on repre-
sentative scenarios from the starting right turn and
near multiple vehicles categories. In both cases, the
per-step VaR and CVaR time series of CARE stay similar
to or below those of CAR, and the ECDF curves in the
bottom panels shift consistently to the left. This shift
indicates that high tail-risk values occur less frequently
under CARE, supporting that the proposed risk-aware
supervision produces safer trajectories even within indi-
vidual challenging scenes.

5. CONCLUSION

CARE Planner augments an attention-constrained Trans-
former with a CVaR-based tail-risk module for multi-
modal imitation planning on nuPlan. Experiments on the
test14-random and test14-hard splits show improved
overall scores and consistent gains in safety-related metrics
compared to both risk-agnostic and attention-only base-
lines. These results indicate that combining ego-state at-
tention regularization with time-axis CVaR tail-risk shap-
ing yields more reliable behavior in challenging scenarios.
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