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Abstract—3D object detection is a critical task in various
applications today, such as autonomous driving and robotics.
Recently, camera-based approaches have gained popularity over
LiDAR-based ones due to their cost-effectiveness and more
flexible capabilities. Although generally lighter than their LiDAR-
based counterparts, almost all state of the art works heavily
depend on computationally intensive deep learning methods,
which are still quite demanding. We introduce a method for
knowledge distillation tailored to the regression problem, aiming
to train a significantly lighter student network by considering
multiple loss functions for this purpose. Regarding the teacher
model, we utilize a bird’s-eye-view (BEV) based architecture
and propose suggestions for its improvement. We evaluate the
proposed methods on the large-scale dataset nuScenes and
manage to outperform state of the art works in terms of the
trade off between accuracy and computing time.

Index Terms—Knowledge Distillation, 3D Object Detection,
BEV models, Autonomous Driving, Teacher-student networks,
Deep learning.

I. INTRODUCTION

Understanding objects in three-dimensional space is crucial
for a multitude of applications, including autonomous driving
and robotics. While LiDAR-based techniques have made sig-
nificant advancements [1, 2, 3, 4, 5], camera-based methods
[6, 7, 8] have gained considerable traction in recent years. In
addition to being cost-effective to implement, cameras offer
distinct advantages such as the ability to detect distant objects
and recognize visual elements on roads such as traffic lights.

Camera-based approaches only have access to the 2D
images captured by the cameras. Monocular approaches [9,
10, 11, 12, 8] represent a sizable subset of camera-based
approaches. However, the drawback of these approaches lies in
their separate processing of individual views, failing to harness
information across cameras, thereby resulting in diminished
performance.

Instead of relying solely on monocular frameworks, an al-
ternative approach involves adopting a more integrated frame-
work that extracts comprehensive representations from multi-
camera images. Models based on BEV [13, 14, 15, 6, 16,
17, 18, 19, 20] have garnered attention within the field of
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autonomous driving due to their ability to seamlessly merge
fragmented raw data from various sensors into a cohesive
three-dimensional output space. Typically, a BEV model is
constructed with an image backbone, succeeded by a module
for view transformation, which elevates perspective image
attributes into BEV features. These features are then refined
by a BEV feature encoder and specialized heads tailored to
specific tasks.

Despite the fact that camera-based approaches are lighter
than LiDAR-based systems, deep learning is the conventional
tool to detect the objects. Although deep learning-based ap-
proaches have achieved notable success, they often require
models with a very high number of parameters, sometimes in
the order of billions. This increase in needs for computational
resources creates an issue for resource-constrained environ-
ments, especially when real-time inference is required.

To deal with this problem, one option is to use methods
that offload heavy computation to remote systems, using a
proper selection method that makes the correct prioritization
[21, 22]. Another approach known as Knowledge Distillation
(KD) [23] presents a method to transfer knowledge from a
large teacher model to a smaller student model. Some works
indicate that a compact network trained through KD could
achieve comparable accuracy to that of a larger network when
subjected to a good optimization process [24]. The main
advantage of this would be a significant reduction in the
computation resources that are needed, without sacrificing the
accuracy of the model.

Most KD works [23, 24, 25] primarily focus on classifica-
tion. In this use case, KD is effective because of the teacher
model’s softened logits output. This rich output provides
deeper insights than just one-hot encoded class labels. It con-
tains hidden knowledge about the relationships between labels,
enhancing the model’s ability to generalize. In regression,
this does not happen, since the teacher model merely has the
same characteristics of the ground truth, with the addition of
an unknown error distribution, making KD poorly suited for
regression.

To effectively implement KD for regression, a more sophis-
ticated strategy is required. One approach we utilize limits the
extent to which the student network can rely on the teacher
network. Meanwhile, a more advanced strategy employs the
teacher’s loss as a confidence score, guiding the student
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network’s learning by indicating the reliability of the teacher’s
predictions.

In this work, we will focus on two main topics. First, we
will review some of the main BEV works, and suggest en-
hancements with the aim of improving performance. We also
aim to use knowledge distillation methods in order to create a
much more efficient model. Since 3D object detection includes
the prediction of bounding boxes, a regression task, and classic
knowledge distillation is poorly suited for regression, we will
define improved methods for knowledge distillation.

Our contributions include
1) A distilled BEV model for 3D object detection, consid-

erably faster and much more efficient than the original.
The knowledge distillation method we present is inde-
pendent of the use of the BEV model, and can have
many more uses beyond 3D object detection;

2) An improvement of the base BEV model architecture,
that leads to increased performance in the distilled
model.

II. RELATED WORK AND BACKGROUND

A. BEV models

Early research in the field focused on converting camera
images to a BEV representation, which is more useful for
tasks like object detection. These models transform data from
various sensors into a unified 3D representation from above.
Orthographic Feature Transform (OFT) [17] was one of the
first to do this for single-camera 3D object detection. Pseudo
LiDAR [18] took a similar approach by generating a point
cloud from a single camera’s depth estimates and then working
with it in BEV. View Parsing Network (VPN) [6] differed as
it combined images from multiple cameras into a top-down
view for tasks like semantic segmentation.

More recent techniques benefit from combining features
from different sensor perspectives, made possible by advances
in 2D to 3D feature transformation. For example, Lift, Splat,
Shoot (LSS) [16] improved upon OFT by using a latent
depth distribution and pooling features from six images instead
of one. Cross-View Transformers (CVT) [19] and Position
Embedding Transformation (PETR) [15] took different ap-
proaches to integrating perspective and BEV features, with
CVT using camera-aware encoding and PETR avoiding ex-
plicit BEV feature construction and instead fusing features
with 3D positional information directly.

BEVFormer [13] introduced another innovation by using
attention mechanisms to transform views and merge features
over time, resulting in more flexible BEV features that can
handle various sampling grids. It was followed by BevFormer
v2 [14], which was designed to work efficiently with mod-
ern image backbones. Unlike previous BEV detectors that
required depth pre-training and were often limited to specific
backbones, BEVFormer v2 focuses on facilitating the opti-
mization process and integrating perspective space supervision
to enhance the detection process. They introduce perspective
supervision, which addresses the issues of sparse and indirect

supervision by providing direct and dense supervision signals.
The perspective loss introduced in BEVFormer v2 comple-
ments the BEV loss, aiding the optimization of the backbone.

SRCN3D [20] tries to create a more efficient 3D object
detection method. The authors remove the dense BEV query
mechanism, as they consider it to be computationally ineffi-
cient, opting instead for sparse queries, sparse attention with
box-wise sampling, and sparse prediction.

Ego3RT [26] uses a polarized grid of ”imaginary eyes” and
adaptive attention mechanisms, allowing the model to extract
rich 3D information from 2D images, achieving superior
performance and computational efficiency in standard BEV
visual tasks.

B. Knowledge Distillation

Knowledge distillation methods for classification tasks [23,
27, 24, 28, 29, 30, 31, 32] typically depend on the predic-
tions of a teacher network without taking into account any
discrepancies between these predictions and the actual truth.

In a typical classification problem, the output layer of a
neural network has a softmax function that converts the logits
(i.e., the raw output values from the last neural layer) into
probabilities. For a given input x, the softmax function σ is
applied to the logits z and is defined as:

P (y = i|x) = σ(zi) =
ezi∑
j e

zj
(1)

where P (y = i|x) is the probability that the input x belongs
to class i, and the sum in the denominator is taken over all
possible classes j.

In KD, the knowledge is often transferred by using the
softmax function with a temperature parameter T to soften
the probabilities. The softened probabilities from the teacher
are used to train the student. The softmax function with
temperature T is given by:

PT (y = i|x) = σT (zi) =
ezi/T∑
j e

zj/T
(2)

The temperature T controls the softness of the probability
distribution; a higher value for T produces a softer probability
distribution. The student is trained to minimize a loss function
that often combines two terms: one that represents the standard
cross-entropy with the true labels (hard targets) and another
that represents the cross-entropy with the teacher’s softened
outputs (soft targets). The combined loss function L can be
expressed as:

L = α · Lhard + (1− α) · Lsoft (3)

where α is a hyperparameter that balances the importance of
the two terms, Lhard is the cross-entropy loss with the ground
truth, and Lsoft is the cross-entropy loss with the teacher’s
softened outputs:

Lhard = −
∑
i

yi logP (y = i|x) (4)



Lsoft = −
∑
i

P teacher
T (y = i|x) logP student

T (y = i|x) (5)

where yi is the ground truth (1 for the correct class, 0 for
others), P teacher

T is the probability distribution produced by
the teacher with temperature T , and P student

T is the probability
distribution produced by the student with the same temperature
T .

KD can be more effective than just learning from the ground
truth because the soft probabilities from the teacher model can
provide additional information about the relationships between
different classes. For example, the teacher’s probabilities might
reveal that a picture of a leopard is not only highly probable
to be a leopard but also has a non-negligible probability of
being a jaguar, providing insights that hard labels do not. This
can help the student model learn a richer representation and
generalize better to new data.

However, in regression tasks, where predictions are con-
tinuous and can vary widely, following the teacher network’s
guidance without considering its potential errors could mislead
the student network. Prior research has attempted to mitigate
this problem by using the teacher’s predictive error [33] as a
constraint, ensuring that the teacher’s influence is moderated
by its accuracy in relation to the true values.

In the work in [34], the authors overcome the problem by
using the loss from the teacher network as a confidence score
to guide the knowledge transfer process. The proposed method
introduces two new concepts: Attentive Imitation Loss (AIL)
and Attentive Hint Training (AHT). AIL uses the teacher’s loss
as a confidence measure to determine the importance of the
teacher’s predictions during training. AHT focuses on learning
the intermediate representations of the teacher network. The
combination of these approaches enables the student network
to learn effectively from the teacher network. The results of the
paper show promising outcomes. By applying their method,
the authors achieved a significant reduction in the number of
parameters and computation time while keeping the student
network’s predictions close to those of the teacher network.
The effectiveness of the method was validated on the KITTI
dataset.

III. METHODOLOGY

A. BEV Model Improvements

As a starting point, we lean on the BEVFormer v2 archi-
tecture [14]. BEVFormer v2 is primarily composed of five
key elements: a backbone for image processing, a head for
perspective 3D detection, an encoder for spatial information,
an encoder for temporal data, and a head dedicated to detec-
tion in bird’s-eye view. This work builds upon the original
BEVFormer [13], with changes being made for nearly all
components.

Changes to the backbone and the head for perspective 3D
detection will be discussed in the following sections, as they
will be paramount to the distillation steps. In this section,

we focus on architecture enhancements independent of the
distillation process, specifically, in regards to the encoders.

Both the spatial and temporal encoders are dependent on
BEV Queries Q ∈ RH×W×C where H , W are the spatial
shape of the BEV plane. These are learnable parameters, found
during the model training process. In the original architecture,
Q is defined only once, shared by both encoders, and learned
jointly.

The change we propose to make is separating the queries
into two groups Qs and Qt, both of the same dimension, for
each of the spatial and temporal encoders. These encoders
are inherently different parts of the architecture, dealing with
different size inputs that represent different entities. By not
being restrained to fit both cases, the model will have a higher
degree of flexibility and potentially better performance.

B. Knowledge Distillation for Regression Tasks

As discussed before, using Knowledge Distillation for re-
gression tasks in less common, as this method is inherently
more powerful for classification use cases. In this work,
we will consider multiple options for the teacher-student
loss function in order to successfully use this method for a
regression case.

In the general regression case, defining as ŷS the predictions
of the student network, ŷT the predictions of the teacher
network, and y as the ground truth labels, the first option:

Lreg =
1

n

n∑
i=1

α ∥ŷS − y∥+ (1− α) ∥ŷS − ŷT ∥ , (6)

is similar to the original formulation (3) for classification
problems, where α is a balancing factor between the two
components.

In practice however, the teacher network can give very erro-
neous guidance to the student network, sometimes completely
inconsistent to the ground truth. A possible way to minimize
the influence of these cases is to consider an upper bound on
the teacher loss [33]:

Lreg =
1

n

n∑
i=1

α ∥ŷS − y∥+ (1− α)Llimit (7)

Llimit =

{
∥ŷS − ŷT ∥ , if ∥ŷS − y∥ > ∥ŷT − y∥
0 otherwise

. (8)

A more advanced loss function is introduced in [34]. The
main idea is to dynamically weight down teacher predictions
that are not as reliable, using for this end, the empirical error
of the teacher network with respect to the ground truth.



The loss is defined by the following equations:

Lreg =
1

n

n∑
i=1

α ∥ŷS − y∥+ (1− α)Φi ∥ŷS − ŷT ∥i (9)

Φi =

(
1−

∥ŷT − y∥i
η

)
(10)

η = max(eT )−min(eT ) (11)

eT =
{
∥ŷT − y∥j : j = 1, . . . , N

}
, (12)

where Φi is the normalized teacher loss, eT is the set of
teacher losses of the training set, and η is a normalization
parameter.

C. BEV Model Distillation

For the student network, we will conceptualize a lighter
version of the original network as defined in III-A.

The backbone is one of the main factors in both computing
time and accuracy. Several backbones are considered in the
original work, including ResNet [35], DLA [36] VoVNet
[37], and InternImage [38]. Most of these backbones are
conceptualized with accuracy in mind, often leading to overly
heavy computation loads and lower efficiency.

On the other hand, there has also been an effort to develop
efficient backbone architectures. MobileNets [39] are a class of
efficient models for mobile and embedded vision applications,
while [40] proposes guidelines for designing efficient CNNs
that go beyond FLOPs to consider direct metrics like speed,
influenced by memory access cost and platform characteristics.
Finally, the work in [41] offers a systematic approach to scal-
ing CNNs, introducing a new family of models, EfficientNets,
which achieve state of the art accuracy with significantly fewer
parameters.

However, these EfficientNets are pre-trained on 2D recog-
nition tasks. The work in [14] studies the implication of using
backbones trained in this manner for the 3D object detection
task, versus using backbones with large-scale depth pre-
training. First, there’s a significant difference between images
from everyday life and those from driving scenes, making it
hard for models trained on regular images to understand three-
dimensional driving environments, particularly depth. Second,
the design of current BEV detectors is quite complex, with the
class labels and bounding boxes being separated by multiple
transformer layers, leading to a distortion of the gradient flow.

Based on this, it is expected that using EfficientNets by
themselves would lead to inferior results. Possible ways to
mitigate this issue are also presented, which we can adapt and
improve upon.

We use perspective supervision, an extra supervision signal
obtained from perspective-view tasks that are applied to the
backbone in parallel to the main branch of the model. This
parallel branch uses the image details to directly figure out
the 3D boxes and categories of objects. The extra supervision
signal helps the backbone in learning 3D knowledge, improves
the performance of the full model, and unlocks the possibility
of using efficient 2D-trained backbones. The error generated

by this branch of the model is called the perspective error, and
it will be used alongside the traditional error in the final loss
calculation.

Aside from the backbone, other parts of the model can also
be easily scaled down, in particular, the encoders and the
decoder head. When applicable, we scale down by a factor
of two the following hyperparameters: the number of layers,
and the number of parallel attention heads.

D. Loss Function

As we have seen in the previous section, perspective su-
pervision is critical to make effective use of EfficientNets and
to improve the performance of the model in general. This is
accomplished by adding an auxiliary perspective loss Lpers to
the main Lbev loss, with the total loss being calculated as

Ltotal = λbev ∗ Lbev + λpers ∗ Lpers. (13)

In Fig. 1 we present a simplified high level overview of our
methods.

IV. EXPERIMENTS

A. Testing Environment

For both training and testing, we use the nuScenes dataset
[42], which contains 1000 annotated videos. Each sample
includes 6 camera images and cover the full field of view. The
dataset defines a detection score (NDS), a comprehensive and
standard metric which combines the mAP (detection accuracy)
and five true-positive metrics, namely ATE (translation error),
ASE (scale error), AOE (orientation error), AVE (velocity
error), and AAE (attribute error). Training and inference are
both done in a single RTX3080ti GPU.

B. Experimental Setting

We conduct experiments so that we can understand the
effect of the following choices

1) The teacher-student losses for regression;
2) The change in the BEV model architecture - the sepa-

ration of the queries.
We compare our results to the original BevFormer v2 [14],

as well as other recent state of the art methods, namely
FCOS3D [8], DETR3D [7], PETR [15], SRCN3D [20] and
Ego3RT [26]. In all cases, we consider the performance on the
nuScenes test set. For works where multiple model variations
are presented, we consider the one with the highest NDS.

We compare both the NDS and the Frames Per Second
(FPS) of the algorithms, with the hardware conditions being
the same for all trials. FPS refers to the number of images
that the algorithm processes in one second, as a measure of
the speed of the algorithm. The presented FPS values of the
state of the art methods are obtained using the hardware of
the testing environment.

We use EfficientNet-B0 as the backbone for our models.
We set the loss weights of the BEV loss and perspective loss
as λbev = λpers = 1. For the teacher-student regression losses,
we set α = 0.5. We use the AdamW [43] optimizer and set
the base learning rate as 4e− 4.



Fig. 1. High level overview of our proposal. On the BEV model architecture itself, we separate the queries for the spatial and temporal encoders, respectively,
Qs and Qt. The temporal encoder relies on the output from the spatial encoder, both from the current and previous timestamps. We replace the original
backbone with a more efficient one - in this case EfficientNet. In order to properly train the backbone, we use perspective supervision, guided by the Lpers
loss. We use the original BevFormer v2 model as the teacher model, applying knowledge distillation methods guided by the Lbev loss.

C. Results

The results are presented in Table I and Fig. 2, comparing
the NuScenes Detection Score (NDS) and the Frames Per
Second (FPS).

As anticipated, there is a performance decline compared
to the original model, but our methods significantly enhance
computing efficiency. Regarding the various teacher-student
losses for regression, we initially observe that the simpler loss
is not very effective for knowledge distillation. Conversely,
the regression loss with a limit and with dynamic weighting
both perform well, with dynamic weighting achieving superior
results.

Concerning the proposed BEV improvement of separating
the queries, it indeed results in a modest enhancement in
NDS. Providing the model with increased flexibility appears
beneficial in this context.

Finally, in comparison with other state of the art methods,
our approach demonstrates superior performance in terms of
computing time, improving FPS by around 17% compared to
the second most efficient method, SRCN3D. In terms of NDS,
while there is a performance decline compared to the original
model, our best method is quite competitive with others, either
on par with or outperforming all of them.

V. CONCLUSIONS AND FUTURE WORK

We introduced modifications to the BEV architecture as well
as experiments with various teacher-student loss options for
regression. The results demonstrate that more sophisticated
regression loss formulations can effectively distill knowledge
into a scaled-down version of the original teacher network.
This streamlined network significantly improves computing
time efficiency, even surpassing recent state of the art methods
aimed at the same objective. It also offers greater flexibility in
balancing performance versus time, thanks to the availability
of numerous backbone options and the ease of scaling the rest
of the model. The proposed improvement to the BEV model,

namely, the separation of encoder queries, has been shown to
enhance performance further.

For future research, several paths could be explored. Firstly,
the choice of teacher-student loss is crucial. There is a strong
likelihood that we have not yet fully leveraged the information
provided by the teacher network. Developing more effective
loss functions could yield better results. Regarding the BEV
architecture’s queries, while separating them has improved
performance, these values are still essentially learnable con-
stants. Although this approach is straightforward and has
proven effective, it may be more beneficial for these values
to be informed or conditioned by relevant input. Lastly, in
selecting a scaled-down version of the teacher model, beyond
just the backbone, we adopted a relatively simple strategy of
reducing some of the most evident hyperparameters across
various parts of the architecture. Exploring adjustments to
other hyperparameters could be beneficial. More critically,
experimenting with more nuanced combinations, employing
different scaling factors for different parts of the model, could
be advantageous. It is probable that certain components of
the model more significantly affect computing time and could
represent bottlenecks that might be minimized with minimal
impact on performance.
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