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Abstract

End-to-end motion planning models equipped with deep
neural networks have shown great potential for enabling
full autonomous driving. However, the oversized neu-
ral networks render them impractical for deployment on
resource-constrained systems, which unavoidably requires
more computational time and resources during reference.
To handle this, knowledge distillation offers a promising ap-
proach that compresses models by enabling a smaller stu-
dent model to learn from a larger teacher model. Neverthe-
less, how to apply knowledge distillation to compress mo-
tion planners has not been explored so far. In this paper,
we propose PlanKD, the first knowledge distillation frame-
work tailored for compressing end-to-end motion planners.
First, considering that driving scenes are inherently com-
plex, often containing planning-irrelevant or even noisy in-
formation, transferring such information is not beneficial
for the student planner. Thus, we design an information
bottleneck based strategy to only distill planning-relevant
information, rather than transfer all information indiscrim-
inately. Second, different waypoints in an output planned
trajectory may hold varying degrees of importance for mo-
tion planning, where a slight deviation in certain crucial
waypoints might lead to a collision. Therefore, we devise a
safety-aware waypoint-attentive distillation module that as-
signs adaptive weights to different waypoints based on the
importance, to encourage the student to accurately mimic
more crucial waypoints, thereby improving overall safety.
Experiments demonstrate that our PlanKD can boost the
performance of smaller planners by a large margin, and
significantly reduce their reference time.

1. Introduction
End-to-end motion planning has recently emerged as a
promising direction in autonomous driving [3, 10, 28, 29,
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Figure 1. An illustration for the performance degradation of Inter-
Fuser [30] on Town05 Long Benchmark [29] as the number of pa-
rameters decreases. By leveraging our PlanKD, the performance
of compact motion planners can be enhanced, and the inference
time can be significantly lowered. The inference time is evaluated
on GeForce RTX 3090 GPU in a server. Best viewed in color.

37, 44, 45], which directly maps raw sensor data to planned
motions. This learning-based paradigm shows the merit of
reducing heavy reliance on hand-crafted rules and mitigat-
ing the accumulation of errors within intricate cascading
modules (typically, detection-tracking-prediction-planning)
[37, 45]. Despite the success, the oversized architec-
ture of deep neural networks in the motion planner poses
challenges for deployment in resource-constrained environ-
ments, such as an autonomous delivery robot that relies on
computing power from an edge device. Furthermore, even
within regular vehicles, the computational resources on on-
board devices are often limited [31]. Thus, directly de-
ploying deep and large planners unavoidably requires more
computational time and resources during reference, making
it challenging to respond rapidly to potential dangers. To
mitigate this issue, a straightforward approach is to reduce
the number of network parameters by using smaller back-
bones, while we observe that the performance of the end-
to-end planning model will drop dramatically, as shown in
Figure 1. For example, although the inference time of Inter-
Fuser [30] (a typical end-to-end motion planner) is lowered
when reducing the number of parameters from 52.9M to
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26.3M, its driving score drops from 53.44 to 36.55. There-
fore, it’s necessary to develop a suitable model compression
method tailored for end-to-end motion planning.

To derive a portable motion planner, we resort to knowl-
edge distillation [19] for compressing end-to-end motion
planning models in this paper. Knowledge distillation (KD)
has been widely studied for model compression in various
tasks, such as object detection [6, 24], semantic segmenta-
tion [18, 27], etc. The underlying idea of these works is
to train a condensed student model by inheriting knowledge
from a larger teacher model, and utilize the student model as
a substitute for the teacher model during deployment. While
these studies have achieved significant success, directly ap-
plying them to end-to-end motion planning would result in
sub-optimal outcomes. This stems from two emerging chal-
lenges inherent in the task of motion planning: (i) The driv-
ing scenarios are inherently complex [43], involving a di-
verse array of information including multiple dynamic and
static objects, intricate background scenes, as well as multi-
faceted road and traffic information. However, not all of
these information is beneficial to planning. Background
buildings and distant vehicles, for example, are irrelevant
or even noise to planning [38], while nearby vehicles and
traffic lights have a deterministic impact. Thus, it is crucial
to automatically distill only planning-relevant information
from the teacher model, while previous KD methods can not
accomplish it. (ii) Different waypoints in an output planned
trajectory often hold varying degrees of importance for mo-
tion planning. For example, when navigating a junction, the
waypoints proximate to other vehicles within the trajectory
may carry higher significance than other waypoints. This is
because at such points, the ego-vehicle needs to actively in-
teract with other vehicles, and even a minor deviation could
lead to a collision. However, how to adaptively determine
crucial waypoints and accurately mimic them is another sig-
nificant challenge for previous KD methods.

To tackle the above two challenges, we propose the first
Knowledge Distillation method tailored for compressing
end-to-end motion Planner in autonomous driving, called
PlanKD. First, we present a strategy grounded in the in-
formation bottleneck principle [2], with the goal of distill-
ing planning-relevant features that contains the minimum
yet sufficient amount of information for planning. Specifi-
cally, we maximize the mutual information between the ex-
tracted planning-relevant features and the ground truth of
our defined planning states, while minimizing the mutual
information between the extracted features and the interme-
diate feature map. This strategy enables us to distill only
the essential planning-relevant information in intermediate
layers, thus enhancing the effectiveness of the student. Sec-
ond, to dynamically identify crucial waypoints and faith-
fully mimic them, we employ an attention mechanism [35]
to calculate an attention weight between each waypoint and

its associated context in bird-eye-view (BEV) representa-
tion of the driving scene. To promote accurate emulation
of safety-critical waypoints during distillation, we design a
safety-aware ranking loss that encourages higher attention
weights for waypoints in close proximity to moving obsta-
cles. Accordingly, the safety of the student planner can be
significantly enhanced. As an evidence shown in Figure 1,
the driving scores of the student planners can be signifi-
cantly improved by our PlanKD. In addition, our method
can lower the reference time by approximately 50%, while
preserving comparable performance to the teacher planner
on the Town05 Long Benchmark.

Our contributions can be summarized as: 1) We consti-
tutes the first attempt to explore a dedicated knowledge dis-
tillation method to compress end-to-end motion planners in
autonomous driving. 2) We propose a general and novel
framework PlanKD, which enables the student planner to
inherit the planning-relevant knowledge in the intermediate
layer, as well as fostering the accurate matching of crucial
waypoints for improving safety. 3) Experiments illustrate
that our PlanKD can improve the performance of smaller
planners by a large margin, thereby offering a more portable
and efficient solution for resource-limited deployment.

2. Related Works
In this section, we introduce related works including end-
to-end motion planning and knowledge distillation.

End-to-end motion planning. End-to-end motion plan-
ning models for autonomous driving usually directly take as
input raw sensor data and output the planned trajectory or
low-level actions [11, 21, 22, 25, 29, 39]. This learning-
based paradigm can eliminate the need for heavy hand-
crafted rules and reduce the accumulative errors in a com-
plicated cascading modular design [29, 37]. Recent years
have seen a surge of research on end-to-end motion plan-
ning [4, 12, 37]. For example, NEAT [10] enables efficient
reasoning for the spatial and temporal semantic informa-
tion in driving scenario for end-to-end trajectory planning.
Roach [45] and LBC [5] train an end-to-end motion plan-
ner by imitating a privileged agent that can access to the
ground-truth state. The work in [36] learns an interpretable
end-to-end motion planning model called IVMP also by im-
itating a privileged agent, which additionally takes as input
the optical flow. TCP [37] explores to integrate the low-
level actions and the planning trajectory to derive a better
planning strategy. InterFuser [30] is proposed to provide a
both interpretable and safe planning trajectory. The success
of these works can be attributed to the strong representation
ability of deep neural networks used in their models. How-
ever, the large number of parameters in deep models makes
them difficult to deploy in resource-limited environments.

Knowledge distillation. Knowledge distillation (KD)
aims to enable a compact student model to mimic the be-
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havior of a larger teacher model, thereby inheriting the
knowledge embedded within the teacher model. KD has
been widely studied for model compression in a variety
of domains, such as computer vision [9, 20, 23, 41, 47],
natural language processing [16, 26, 32] and data mining
[8, 15, 40]. For instance, AT [42] derives a light student
model by distilling the attention map rather than the fea-
ture itself from the teacher. ReviewKD [7] attempts to use
the knowledge in multiple layers of the teacher to teach one
layer of the student. DKD [46] decouples the logit distilla-
tion into target class distillation and non-target class distil-
lation and separately distills the knowledge from these two
parts. DPK [49] dynamically incorporates part of knowl-
edge in the teacher during distillation, enabling the distilla-
tion process at an appropriate difficulty. Despite the success
of these works, directly utilizing them for motion planning
may yield sub-optimal results. How to design a knowledge
distillation method tailored for compressing an end-to-end
motion planner has not been explored.

3. Proposed Method
3.1. Preliminaries

An end-to-end motion planner aims to produce a sequence
of planned motions, enabling the ego-vehicle to arrive at
a predetermined destination in time [28]. Motion plan-
ners usually take as input state I “ to,m, cu consist-
ing of observation o, measurement m and high-level com-
mand c. The observation o denotes received sensor data,
e.g., camera data or LiDAR data. The measurement m
is usually a current speed of ego-vehicle. The high-level
command c is a navigation signal usually consisting of
tleft, right, straight, followu. The output of a motion
planner could be a planned trajectory, and can be sent into
a PID Controller [14] to produce low-level control actions.
Besides trajectory-based output, the motion planner could
also directly output low-level control actions. Since us-
ing trajectory-based output has shown the merit of account-
ing for a longer future horizon [30, 37], we focus on the
trajectory-based output in this paper. To train a motion plan-
ner, a popular method is imitation learning [11], which can
be formulated as:

argminθ EpI,T ˚q„DrLpFθpIq, T ˚qs, (1)

where D “ tpI, T ˚qu denotes the dataset, containing state
I and the corresponding expert planned trajectory T ˚ “

tw˚
i uTi“1. w˚

i is the ith waypoint of the planned trajectory
and T is the number of waypoints. Fθ is the motion planner
with parameters θ. The imitation loss function L usually
adopts the absolute error (i.e. L1 loss) between waypoints
output by FθpIq and T ˚. In this way, the planner could
learn to generate a good planning trajectory by closely imi-
tating the expert.

To achieve marvelous performance, the motion plan-
ner typically requires a significant number of parameters θ,
which hinders its deployment in resource-limited environ-
ment. Thus, we explore to employ the knowledge distilla-
tion technique to compress models for the motion planning
task. We denote the teacher planner as FT

θ with parameters
θ and the student planner as FS

ϕ with parameters ϕ. Note
that the number of parameters ϕ in the student model is far
less than that in the teacher model θ. Our target is to dis-
till essential knowledge from FT

θ to FS
ϕ , so as to facilitate

the use of the student model as a substitute for the teacher
model during deployment.

3.2. Framework Overview

An end-to-end motion planner can be generally divided into
two parts: the perception backbone and the motion pro-
ducer [33]. The former is responsible for understanding the
driving scene and encoding the environment information,
e.g., ResNet [17] is often used as the backbone [4, 30, 37].
The latter receives the encoded information and generates
a planned trajectory [30, 37]. To enable the compact stu-
dent planner to inherit knowledge from the larger teacher
planner, we attempt to distill knowledge from both the in-
termediate feature maps in the perception module and the
output planned waypoints in the motion producer module.

As aforementioned, there are two key issues for distilling
knowledge to a compact student planner: 1) The knowledge
encoded in intermediate feature maps could contain numer-
ous planning-irrelevant or even noisy information. How to
filter out such information is the key to knowledge distil-
lation in a motion planning task. 2) In an output planned
trajectory, each waypoint may hold different levels of im-
portance. A knowledge distillation method should possess
the capability to learn and transfer this information to ensure
safety. Thus, we propose PlanKD, of which the framework
is shown in Figure 2. Our PlanKD consists of two main
modules. Firstly, we devise a planning-relevant feature dis-
tillation module. It utilizes the information bottleneck prin-
ciple to extract planning-relevant information from interme-
diate feature maps, and transfer this information to the stu-
dent model for effective distillation. Moreover, we also de-
sign a safety-aware waypoint-attentive distillation module.
This module can assign adaptive weights for waypoints in a
trajectory based on their importance, and distill such infor-
mation for improving overall safety. Next, we will elaborate
the two modules in our PlanKD.

3.3. Planning-relevant Feature Distillation

Considering that driving scenes usually contain numerous
planning-irrelevant or even noisy information, we intend to
leverage the information bottleneck principle to only trans-
fer the planning-relevant information during distillation.

Learning planning-relevant feature via information
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Figure 2. An illustration of our PlanKD framework. PlanKD consists of two modules: a planning-relevant feature distillation module
distilling planning-relevant features from intermediate feature maps via information bottleneck (IB); a safety-aware waypoint-attentive
distillation module that dynamically determines crucial waypoints and distills knowledge from them for overall safety.

bottleneck. The core concept of the information bottleneck
is to learn a representation that simultaneously minimizes
the correlation between the representation and inputs while
maximizing the correlation between the representation and
the class [34]. In this paper, we attempt to extend informa-
tion bottleneck to learn planning-relevant features. Specifi-
cally, we intend to derive a planning-relevant representation
by minimizing the mutual information between the repre-
sentation and the intermediate feature map while maximiz-
ing the mutual information between the representation and
the ground truth of the planning states (to be introduced
later). Our objective could be formulated as:

JIB “ max
Z

M
ÿ

i“1

IpZ, Y iq ´ βIpZ,Hq, (2)

where β is the Lagrange multiplier. Ip¨, ¨q denotes the mu-
tual information and M is the number of planning states. Z
is the learned planning-relevant representation. H and Y i

are random variables of the intermediate feature map and
ground truth of ith planning state, respectively. Before in-
troducing how to distill knowledge from Z, we first define
the planning states used in this paper.

Planning states. The planning states summarize some
essential aspects of a motion planning task. We define
two kinds of planning states: environment states and ac-
tion states. The environment states are used to encapsu-
late the status of some elements that are influential or de-
terministic to planning in the environment. Moreover, we
introduce actions states to provide a summary of the ego-
vehicle’s current motion status. The action states could in-
dicate whether the ego-vehicle encounters with some situa-
tions that requires take these actions.

To be specific, we define eight planning states, consist-

ing of five environment states and three low-level action
states. The environment states includes: nearby vehicle
state, nearby pedestrian state, traffic sign state, junction
state and traffic light state. The first four environment states
are represented as binary indicators, signifying the presence
or absence of these elements in the surrounding environ-
ment. The traffic light state adopts a three-value representa-
tion, denoting its absence, red, or green state. Furthermore,
the low-level action states encompass brake state, throttle
state and steer state. These binary states record whether the
magnitude of these actions exceeds a certain threshold δ.

Planning-relevant feature distillation. After defining
the planning states Y i, we can learn the planning-relevant
representation Z by maximizing

řM
i“1 IpZ, Y iq while min-

imizing βIpZ,Hq, as in Eq.(2). Note that it’s intractable to
directly optimize Eq.(2), thus we utilize the method in [2]
to estimate its lower bound:

JIB ě LIB “
1

N

N
ÿ

i“1

tEϵr

M
ÿ

j“1

log qdpyji |fephi, ϵqqsu

´
β

N

N
ÿ

i“1

KLrppZ|hiq||rpZqs, (3)

where N is the number of samples. zi “ fephi, ϵq is the
extracted planning-relevant representation. fe is the infor-
mation bottleneck encoder that maps the intermediate fea-
ture map hi to zi. ϵ is a Gaussian random variable used for
reparameterization. rpZq is a variational approximation to
ppZq and here we set rpZq as a fixed Gaussian distribution
following [2]. qdpyji |ziq is a variational approximation to
ppyji |ziq. qd is the information bottleneck decoder mapping
zi to each planning state yji . The architectures of the in-
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formation bottleneck encoder and decoder are described in
Appendix A.

Rather than directly optimizing Eq.(2), we maximize its
lower bound LIB to effectively learn the planning-relevant
feature z. After that, we use L1 loss to make the stu-
dent model’s planning-relevant feature zS match the teacher
model’s planning-relevant feature zT :

Lz “
1

N

N
ÿ

i“1

|zTi ´ zSi |, (4)

By minimizing Lz , the student can inherit only planning-
relevant knowledge from the intermediate layer of the
teacher, instead of mimicking everything blindly.

3.4. Safety-aware Waypoint-attentive Distillation

Within a planned trajectory, each waypoint holds varying
importance for the motion planning task. Consequently, it
is essential for the student model to prioritize the imitation
of crucial waypoints generated by the larger teacher model.
To achieve this, we devise a safety-aware waypoint attention
mechanism for distilling knowledge of waypoints.

Waypoint attention weight. Considering that the im-
portance of each waypoint is related to the context of the
driving scene, we determine the significance of each way-
point by calculating the attention weight between the BEV
scene image B P RCˆHˆW and each waypoint wi in a tra-
jectory T “ twi P R2uTi“1. In order to incorporate position
information into the BEV representation, we append the co-
ordinates of each pixel to its channel dimension, resulting in
B̃ P RpC`2qˆHˆW . The attention weight can be then cal-
culated as follows:

Q “ fbevpB̃q,K “ fwpT q, A “ softmaxp
QK
?
dk

q, (5)

where A “ taiu
T
i“1 and ai is the attention weight for each

waypoint wi. fbev and fw are the BEV encoder and way-
point encoder, respectively. dk is the dimension of K. By
doing so, the importance of each waypoint can be deter-
mined by incorporating its contextual information from its
driving environment. The architectures of fbev and fw are
described in Appendix A.

Safety-aware ranking loss. To promote the attention
weight’s awareness of safety-critical circumstances, we de-
sign a safety-aware ranking loss. First, we define a safety-
aware kernel function ψi as:

ψi “
ÿ

j

κij “
ÿ

j

e´ 1
2σ2 ||pi´pj ||

2

, (6)

where κij “ e´ 1
2σ2 ||pi´pj ||

2

is a Gaussian kernel function
[48] that measures the proximity of the ith waypoint wi to
jth moving obstacles. pi and pj are the positions of way-
point wi and jth moving obstacles, respectively. σ is a
hyper-parameter that adjusts the smoothness of the kernel
function. By summing up κij , the safety-aware kernel func-

tion ψi can effectively estimate the proximity of waypoint
wi to other moving obstacles.

Intuitively, a large value of ψi indicates that the signifi-
cant and safe-critical nature of waypoint wi, where a small
deviation from its intended path could potentially lead to
a collision with nearby moving obstacles. Hence, we de-
sign a pair-wise ranking loss to encourage waypoints with
larger values of ψi to receive correspondingly greater atten-
tion weights:

Lrank “

T
ÿ

i“1

T
ÿ

j“1

maxp0,´rijpai ´ ajqq, (7)

where the comparison indicator rij is defined as: rij “ 1 if
ψi ą ψj , and rij “ ´1 otherwise. ai is the obtained atten-
tion weight for each waypoint wi. By minimizing Lrank,
the attention weight can effectively determine the impor-
tance of each waypoint by taking safety into consideration.

Waypoint-attentive distillation. After obtaining the at-
tention weight, we incorporate it into the loss function for
waypoint imitation as follows:

Lw “

T
ÿ

i“1

ai|w
S
i ´ wT

i |, (8)

where Lw is the safety-aware waypoint-attentive loss func-
tion. wS

i , w
T
i are the waypoints of the student planner and

the teacher planner, respectively. In addition, to avoid the
student model becoming overly fixated on important way-
points at the expense of neglecting other waypoints, we
introduce an entropy loss to ensure a smoother attention
weight distribution by Le “

řT
i“1 ai logpaiq.

3.5. Optimization

Our framework can be trained in an end-to-end fashion, and
the overall loss function is defined as:

L “ Lw ` Lw˚ ´ LIB ` αzLz ` αrLrank ` αeLe, (9)

where αz, αr, αe are hyper-parameters. Note that Lw˚ is
the L1 loss of waypoints used to align with the expert tra-
jectory. It serves as a source of ground-truth information
and is weighted by the safety-aware attention, similar to Lw.
LIB represents the lower bound of the information bottle-
neck objective, which is expected to be maximized for up-
dating the IB encoder and IB decoder. By minimizing L, the
student planner could distill effective knowledge of motion
planning from both the perception and the motion producer
modules of the teacher planner. The pseudo-code of train-
ing could be found in Appendix B.

4. Experiments
4.1. Experimental Setup

In this section, we introduce our experimental settings.
Evaluation task. We implement and evaluate our

PlanKD for motion planning using version 0.9.10.1 of the
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Table 1. Overall performance of motion planners of different size, with and without utilizing PlanKD, on the Town05 Long Benchmark.
The inference time per frame is evaluated on GeForce RTX 3090 GPU.

Backbone
Param
Count

Inference
Time (ms)

With
PlanKD

Driving
Score(Ò)

Route
Completion(Ò)

Infraction
Score(Ò)

Collision
Rate(Ó)

Infraction
Rate(Ó)

InterFuser

52.9M 78.3 - 53.44 97.52 0.549 0.090 0.078

26.3M 39.7 ✗ 36.55 94.00 0.425 0.121 0.068
26.3M 39.7 ✓ 55.90 97.44 0.562 0.094 0.093

11.7M 22.8 ✗ 17.12 66.19 0.358 0.362 0.283
11.7M 22.8 ✓ 28.79 80.50 0.430 0.315 0.202

3.8M 17.2 ✗ 11.96 64.56 0.335 1.117 0.722
3.8M 17.2 ✓ 26.15 70.95 0.410 0.361 0.265

TCP

25.8M 17.9 - 53.41 100.0 0.534 0.076 0.115

13.9M 10.7 ✗ 39.96 91.06 0.443 0.183 0.157
13.9M 10.7 ✓ 53.19 93.28 0.579 0.084 0.116

7.6M 8.5 ✗ 25.88 52.69 0.690 0.110 0.101
7.6M 8.5 ✓ 35.44 63.95 0.673 0.096 0.087

3.1M 7.2 ✗ 16.16 31.33 0.781 0.098 0.161
3.1M 7.2 ✓ 23.84 32.03 0.858 0.052 0.074

CARLA simulator [13]. CARLA is widely recognized for
simulating realistic driving scenarios. The task of the mo-
tion planner is to drive a vehicle towards a predefined desti-
nation, following a given route using high-level navigation
commands.

Datasets. We collect 800K frame data at 2 FPS from 8
public towns and 21 weather conditions offered by CALAR
simulator, similar to [29, 30, 37]. Following [21, 29], we
use 7 towns for training and hold out Town05 for evalua-
tion, due to its large diversity of driving scenarios and high
densities of dynamic agents. We conduct evaluation on two
Town05 benchmarks [29]: Town05 Short Benchmark and
Town05 Long Benchmark. The former includes 10 short
routes ranging from 100-500m in length, each containing 3
intersections. The latter consists of 10 long routes spanning
1000-2000m, and each route includes 10 intersections.

Evaluation metrics. We utilize three popular metrics
in motion planning to evaluate our method: Driving Score
(main metric), Route Completion and Infraction Score [37].
The Driving Score is defined as the product of Route Com-
pletion and Infraction Score. The Route Completion is the
percentage of the route completed by the planner. The In-
fraction Score is a performance penalty factor that is ini-
tially set to 1.0. It gradually decreases by a certain per-
centage if the planner commits specific infractions, such as
running a red light or colliding with pedestrians.

Besides, to intuitively evaluate the safety of the plan-
ners, we additionally defined two metrics: Collision Rate
(#/km) and Infraction Rate (#/km). The Collision Rate rep-
resents the total number of collisions with pedestrians, vehi-

cles, and environmental layout elements per kilometer trav-
eled. The Infraction Rate quantifies the total number of in-
fractions per kilometer, including instances of running red
lights, disregarding stop signs, and driving off-road.

Backbones and baselines. To demonstrate the versatil-
ity of our PlanKD, we apply it to compress two cutting-
edge motion planning models, InterFuser [30] and TCP
[37]. This showcases the seamless compatibility of PlanKD
with different motion planners. Both of these models have
achieved top rankings in the CARLA leaderboard [1]. For
baselines, we utilize six lightweight planners by reducing
the number of parameters of InterFuser and TCP respec-
tively. The original-size InterFuser and TCP serve as the
teacher model for the corresponding lightweight planners,
respectively. To further verify the effectiveness of our pro-
posed PlanKD, we compare it with three typical knowledge
distillation methods for model compression: AT [42], Re-
viewKD [7] and DPK [49]. Please refer to Appendix A for
the structures of the lightweight models and the implemen-
tation details.

4.2. Overall Performance

In this section, we evaluate the overall performance of
our PlanKD, as shown in Table 1 and 2. The symbol ✗
in the column ‘With PlanKD’ represents that we directly
train the models by imitating the expert, while the symbol
✓means that we adopt PlanKD to train the model. If with-
out PlanKD, the performance of TCP and InterFuser signif-
icantly drops as the number of parameters decreases. How-
ever, by employing PlanKD, we observe a significant im-
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Table 2. Overall performance of motion planners of different size, with and without utilizing PlanKD, on the Town05 Short Benchmark.
The inference time per frame is evaluated on GeForce RTX 3090 GPU.

Backbone
Param
Count

Inference
Time (ms)

With
PlanKD

Driving
Score(Ò)

Route
Completion(Ò)

Infraction
Score(Ò)

Collision
Rate(Ó)

Infraction
Rate(Ó)

InterFuser

52.9M 78.3 - 94.88 99.88 0.950 0.141 0.000

26.3M 39.7 ✗ 82.70 96.87 0.841 0.662 0.141
26.3M 39.7 ✓ 93.69 96.43 0.960 0.207 0.000

11.7M 22.8 ✗ 58.17 89.69 0.644 0.731 1.638
11.7M 22.8 ✓ 74.57 96.65 0.762 0.479 0.622

3.8M 17.2 ✗ 54.56 79.11 0.688 0.503 1.603
3.8M 17.2 ✓ 65.18 81.52 0.807 0.337 0.863

TCP

25.8M 17.9 - 95.53 99.53 0.960 0.141 0.000

13.9M 10.7 ✗ 84.53 88.53 0.960 0.141 0.000
13.9M 10.7 ✓ 95.49 99.49 0.960 0.141 0.000

7.6M 8.5 ✗ 79.34 86.84 0.919 0.303 0.000
7.6M 8.5 ✓ 83.59 87.09 0.960 0.162 0.000

3.1M 7.2 ✗ 58.70 65.17 0.930 0.162 0.143
3.1M 7.2 ✓ 64.86 68.36 0.960 0.162 0.000

Table 3. Comparison with other knowledge distillation methods on Town05 Short Benchmark.

Method Backbone Teacher
Param

Student
Param

Driving
Score(Ò)

Route
Completion(Ò)

Infraction
Score(Ò)

Collision
Rate(Ó)

Infraction
Rate(Ó)

AT

InterFuser

52.9M 26.3M 83.94 99.88 0.839 0.426 0.141
ReviewKD 52.9M 26.3M 84.19 99.49 0.845 0.569 0.000

DPK 52.9M 26.3M 84.59 99.49 0.850 0.286 0.283
PlanKD (Ours) 52.9M 26.3M 93.69 96.43 0.960 0.207 0.000

AT

TCP

25.8M 13.9M 86.66 89.37 0.960 0.209 0.000
ReviewKD 25.8M 13.9M 88.46 95.17 0.930 0.149 0.145

DPK 25.8M 13.9M 88.54 92.34 0.960 0.149 0.000
PlanKD (Ours) 25.8M 13.9M 95.49 99.49 0.960 0.141 0.000

provement in the performance of these lightweight planners.
Remarkably, when the number of parameters is halved, the
planning models trained with PlanKD remains comparable
or even better performance than that of the original models,
while lowering the reference time by approximately 50%.
Furthermore, PlanKD generate a safer lightweight motion
planner, exhibiting significantly lower collision rates and in-
fraction rates compared to models of the same size without
PlanKD. These findings demonstrate PlanKD can serve as a
portable and safe solution for resource-limited deployment.

4.3. Comparison with Knowledge Distillation

To further evaluate our PlanKD, we compare it with three
popular knowledge distillation methods, i.e., AT [42], Re-
viewKD [7], DPK [49]. As shown in Table 3, our PlanKD
outperforms these methods by a large margin. The rea-
sons are as follows: First, existing knowledge distillation
methods don’t focus on distilling the knowledge that are

significant to planning to the student, which could cause
invalid knowledge transferring; Second, they fail to take
the safety of the small planners into account, resulting in
a large collision rate. Besides, one interesting finding is that
the Route Completion of PlanKD is sometimes lower than
other KD methods, this might because the model trained
by our PlanKD prioritizes safety by making the decision
to stop when encountering poor traffic conditions. In sum-
mary, PlanKD is a superior knowledge distillation method
for compressing the motion planner.

4.4. Ablation Study

We perform ablation study to examine the effectiveness
of each component in our method. Specifically, we de-
sign three variants of PlanKD: PlanKD-w.o.-entropy rep-
resents our method without using the entropy loss in the
safety-aware attention; PlanKD-w.o.-safe-att denotes our
method without using the safety-aware attention in the way-
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Table 4. Ablation Study of PlanKD on Town05 Short Benchmark.

Method Backbone Teacher
Param

Student
Param

Driving
Score(Ò)

Route
Completion(Ò)

Infraction
Score(Ò)

Collision
Rate(Ó)

Infraction
Rate(Ó)

PlanKD-w.o.-entropy

InterFuser

52.9M 26.3M 84.00 100.0 0.839 0.424 0.141
PlanKD-w.o.-safe-att 52.9M 26.3M 85.66 96.83 0.869 0.555 0.141

PlanKD-w.o.-IB 52.9M 26.3M 88.49 99.49 0.890 0.283 0.141
PlanKD 52.9M 26.3M 93.69 96.43 0.960 0.207 0.000

PlanKD-w.o.-entropy

TCP

25.8M 13.9M 78.59 94.67 0.839 0.566 0.141
PlanKD-w.o.-safe-att 25.8M 13.9M 88.83 92.62 0.960 0.149 0.000

PlanKD-w.o.-IB 25.8M 13.9M 91.32 95.11 0.960 0.149 0.000
PlanKD 25.8M 13.9M 95.49 99.49 0.960 0.141 0.000

(a) (b) (c) (d) (e)

Figure 3. Visualizations of safety-aware attention weights under different driving scenarios. The green block denotes the ego-vehicle and
the yellow blocks represent other road users (e.g. vehicles, bicycles). The redder a waypoint is, the higher attention weight it has.

point distillation; PlanKD-w.o.-IB stands for our method
distilling the whole feature map instead of the planning-
relevant feature in the intermediate layer. As shown on
Table 4, PlanKD outperforms PlanKD-w.o.-entropy. This
illustrates that only focusing on important waypoints and
totally neglecting other waypoints could harm the perfor-
mance. Besides, PlanKD obtains better performance than
PlanKD-w.o.-safe-att, demonstrating that our safety-aware
attention mechanism is able to determine the importance of
each waypoints for distillation. Finally, PlanKD has supe-
riority over PlanKD-w.o.-IB, illustrating learning planning-
relevant feature to transfer is beneficial for motion planning.

4.5. Visualizations

To intuitively show the effectiveness of the safety-aware at-
tention mechanism, we visualize the attention weights un-
der different driving scenes. Figure 3 (a) describes a normal
going straight scene without potential risks. In this case,
the attention weight is uniform across all the waypoints.
Figure 3 (b) and Figure 3 (c) show the attention weights
when the ego-vehicle pass an intersection. It is obvious that
the waypoints near the interactions with other vehicles have
larger attention weight because these waypoints are safety-
critical. Figure 3 (d) depicts a lane-changing scenario where
the model assigns larger weights to the first few waypoints
due to the likelihood of potential interactions with other ve-
hicles. These safety-critical waypoints require extra caution
to ensure the safety of the ego-vehicle and other road users.

In Figure 3 (e), the ego-vehicle encounters a vehicle cutting
into its lane, and the waypoints near the merging point have
larger attention weights. This is because these waypoints
are crucial for avoiding collisions. Overall, our method can
effectively assign larger attention weights to safety-critical
waypoints during distillation, ensuring the safety of the stu-
dent motion planner. Futhermore, we also visualize the in-
termediate feature maps to investigate the planning-relevant
knowledge extracted by our method in Appendx C.

5. Conclusion
In this paper, we propose PlanKD, a knowledge distilla-
tion method tailored for compressing the end-to-end motion
planner. The proposed method can learn planning-relevant
features via information bottleneck for effective feature dis-
tillation. Moreover, we design a safety-aware waypoint-
attentive distillation mechanism to adaptively decide the
significance of each waypoint for waypoint distillation. Ex-
tensive experiments verify the effectiveness of our method,
demonstrating PlanKD can serve as a portable and safe so-
lution for resource-limited deployment.
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