
Improving perception systems
for autonomous driving
Introducing Mixture of Experts to the PETR Architecture for 3D
Object Detection

Master’s thesis in Data Science & AI and Computer Systems & Networks

Faton Hoti and Gustav Kalander

DEPARTMENT OF ELECTRICAL ENGINEERING

CHALMERS UNIVERSITY OF TECHNOLOGY
Gothenburg, Sweden 2025
www.chalmers.se

www.chalmers.se




Master’s Thesis 2025

Improving perception systems for autonomous
driving

Introducing Mixture of Experts to the PETR Architecture for 3D
Object Detection

Faton Hoti and Gustav Kalander

Department of Electrical Engineering
Chalmers University of Technology

Gothenburg, Sweden 2025



Improving perception systems for autonomous driving
Introducing Mixture of Experts to the PETR Architecture for 3D Object Detection
Faton Hoti and Gustav Kalander

© Faton Hoti and Gustav Kalander, 2025.

Supervisors: Joakim Johnander, Zenseact AB
Niklas Gustafsson, Zenseact AB

Examiner: Henk Wymeersch, Department of Electrical Engineering,
Chalmers University of Technology

Master’s Thesis 2025
Department of Electrical Engineering
Chalmers University of Technology
SE-412 96 Gothenburg
Telephone +46 31 772 1000

Gothenburg, Sweden 2025

iv



Improving perception systems for autonomous driving
Introducing Mixture of Experts to the PETR Architecture for 3D Object Detection
Faton Hoti and Gustav Kalander
Department of Electrical Engineering
Chalmers University of Technology

Abstract
Transformers have become a cornerstone of modern deep learning. Typically, a
transformer layer comprises attention, normalization, dropout, and a feed-forward
network (FFN). This work investigates the role of the FFN in transformer-based 3D
object detection by exploring two modifications: (1) replacing the FFN with a mix-
ture of experts layer to enhance model capacity, and (2) progressively reducing—and
ultimately removing—the FFN to assess its necessity. Surprisingly, neither approach
led to measurable changes in detection performance, suggesting that the FFN may
be functionally redundant in this context. Further experiments revealed that the
model retained full performance even when the FFN was entirely eliminated, chal-
lenging the conventional assumption that FFNs are indispensable in transformer
architectures. These findings raise questions about the necessity of FFNs in percep-
tion tasks, contrasting with their established empirically demonstrated importance
in NLP. The results also suggest potential avenues for designing leaner, more efficient
transformer variants by omitting the FFN.

Keywords: Transformer, 3D Object Detection, Feed-Forward Network, Mixture of
Experts, Model Efficiency, Architectural Redundancy
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1
Introduction

Deep learning has become essential within many domains, particularly within per-
ception systems in autonomous driving. Since its introduction in 2017 [28], the
transformer has emerged as a groundbreaking innovation in deep learning, with
widespread adoption in numerous forms [19]. Transformers have enabled significant
advancements in various domains such as natural language processing and computer
vision. Their potential in perception systems is being studied, as they have demon-
strated success in applications like segmentation [31, 6], lane-detection [21], and
object detection [5, 32, 22]. Object detection in particular is a critical component
of autonomous driving as it allows autonomous systems to recognize and track sur-
rounding objects such as pedestrians, vehicles, and obstacles. Transformers provide
a breakthrough alternative to CNNs and RNNs, but their substantial computational
demands could restrict use in real-time systems with limited resources [27]. Trans-
formers are computationally demanding for two primary reasons: (1) the quadratic
complexity of the self-attention mechanism [28], and (2) the feedforward network
(FFN) sublayer, which accounts for a substantial portion of the overall computa-
tion of the model [14]. Extensive research has led to highly optimized attention
mechanisms, making it a well-addressed problem [15, 30, 1, 16]. However, compar-
atively less attention has been given to optimizing the FFN sublayer, leaving room
for further research in this area.

1.1 Background

One promising approach to mitigating the inefficiency of FFNs is the integration
of Mixture-of-Experts (MoE), a strategy first introduced in 1991 by Jacobs et al.
[12]. Instead of activating the full FFN, MoEs aim to selectively activate subsets of
parameters during inference, reducing overall computation while maintaining model
capacity. There are many MoE variants available, some notable ones are Sparsely-
Gated MoEs [26], Switch Transformers [10], BASE Layers [17], and σ-MoE [7].
Although MoEs have demonstrated impressive efficiency improvements in large-
scale NLP and multimodal models [8, 9, 23, 29], they have seen limited application
in vision-based tasks, particularly in 3D object detection. Two honorable mentions
are V-MoE proposed by Riquelme et al. [25] and Soft MoE [24], which both use a
vision transformer (ViT) with MoE for image classification.
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1. Introduction

1.2 Theoretical Motivation for Conditional Com-
putation

A key observation in transformer architectures is the sparsity of activations within
their FFNs. Empirical studies [18] have shown that a significant portion of neuron
activations in FFN layers produce zeroes when subjected to typical input distribu-
tions. This phenomenon suggests that large segments of the FFN computation are
effectively inactive for any given input, leading to inefficient use of computational
resources. The inefficiency arises because traditional FFNs apply a dense transfor-
mation — every input is processed by all neurons in the layer, regardless of whether
those neurons contribute meaningfully to the output. Given that FFNs often con-
stitute a substantial portion of a transformer’s parameters, this dense computation
results in considerable redundant processing and memory usage.

If only a subset of parameters is necessary to process a given input, then forcing all
parameters to participate in the computation is both wasteful and unnecessary. This
observation aligns with the broader concept of conditional computation, where the
model dynamically selects which components to activate based on the input, thereby
improving efficiency without sacrificing performance. From a theoretical standpoint,
the sparsity of activations suggests that the input space is naturally partitioned
into regions where different specialized sub-networks would suffice. For example,
within the context of an LLM, the specialized sub-networks could correspond to an
expert for interpreting verbs, one for punctuation marks, one for adjectives, and so
on. Rather than employing a monolithic FFN that attempts to cover all possible
scenarios, a more efficient approach would be to route inputs to specialized experts
that handle distinct subsets of the data. This is the principle behind MoE layers.
MoEs use a gating function that dynamically selects a set number of experts to
activate for each input token. The gating mechanism in MoEs is typically trained
alongside the experts themselves, learning to distribute inputs across the experts
in a mostly uniform way. Crucially, this approach preserves the expressive power
of the original FFN since all experts are available when needed while avoiding the
inefficiency of dense computation.

We show in Chapter 5 that this phenomenon is indeed apparent in practice for
our model. The observed sparsity in FFN activations indicates that much of its
computation is redundant. By adopting MoEs, we try to maintain model accuracy
while reducing the computational overhead. Additionally, MoEs provide an efficient
way to expand model capacity without a corresponding increase in computational
cost. Unlike traditional FFNs, where adding more neurons directly increases the
cost of every forward pass, MoEs allow for larger pools of experts while keeping the
per-input computational budget constant by limiting the number of active experts.

1.3 Goals
This thesis aims to explore how MoEs can enhance Transformer-based 3D object
detection models. The primary objective of this thesis is to integrate a specific

2



1. Introduction

MoE variant as a replacement for the traditional FFN sublayer of a state-of-the-art
Transformer-based model. The concrete goals of the project consist of (1) adapting
a state-of-the-art 3D object detector to the Zenseact Open Dataset (ZOD); (2)
replacing the FFN sublayer with a MoE layer; (3) evaluating the model with respect
to training time, inference time, and predictive performance.

1.4 Limitations
Only a single state-of-the-art 3D object detection model will be used in this study,
without comparison to alternative models. While various MoEs layer variants exist,
only one specific variant will be considered. The study will not focus on designing
custom MoE layers or comparing different implementations.
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2
Theory

This chapter provides the technical foundation required to understand the methods,
models, and results presented in the remainder of the report. It introduces the core
concepts of neural networks, transformer architectures, attention mechanisms, and
the mixture-of-experts (MoE) paradigm.

2.1 Neural Networks
An artificial neural network takes a vector of numbers as inputs, performs some com-
putation and produces a vector of numbers as outputs. Neural networks are function
approximators, so examples of inputs and desired outputs (known as training data),
can be used to train the neural network to approximate the desired outputs.

The basic building block of an artificial neural network is the neuron. A neuron
typically has a set of trainable parameters b, w1, w2, . . . , wn, takes a number of inputs
x1, x2, . . . , xn and produces an output

y = f

(
b +

n∑
i=1

wixi

)
(2.1)

where f is a non-linear activation function, e.g., Rectified Linear Unit (ReLU).

A basic deep neural network consists of some input neurons, some hidden neurons
and some output neurons. The neurons form a directed acyclic graph, where the
hidden and output neurons use the values of earlier neurons as inputs. The values of
the input neurons are set to the neural network’s input vector. Activations are then
propagated through the neural network according to Equation (2.1) to the output
neurons.

A common structure known as fully connected neural networks organizes the neurons
in layers: an input layer, a number of hidden layers and an output layer. Each
neuron in one layer is connected to every neuron in the next layer as shown in
Figure 2.1. This structure allows an entire layer to be efficiently computed using a
matrix multiplication. If the input to a layer is a column vector x ∈ Rn, the weights
of the layer are stored in a matrix W ∈ Rm×n, and the biases are stored in a vector
b ∈ Rm, then the output of the layer is given by

y = f(Wx + b)

5



2. Theory

where the activation function f is applied element-wise.

Figure 2.1: An example of a small fully connected neural network with three
input neurons, two hidden layers with four and three neurons respectively, and
three output neurons.

2.1.1 Backpropagation
The neural network parameters are optimized with the backpropagation algorithm.
In supervised learning, where there are labeled examples, the network’s output is
compared to the ground truth labels and a loss value is calculated. The loss value
measures how far from the correct answers the predictions were, so the goal of
backpropagation is to minimize the loss. The neural network and the loss function
are designed to be differentiable, so this can be done by calculating the partial
derivative of the loss with respect to each parameter in the neural network, and then
updating the parameters in the direction of greatest loss reduction. Backpropagation
calculates these partial derivatives efficiently with the chain rule in a single backward
pass through the neural network.

2.2 Transformer
Before transformers, sequence modeling was done via Recurrent Neural Networks
(RNNs) and their variants such as Gated Recurrent Unit (GRU) and Long Short-
Term Memory (LSTM) networks. These are autoregressive models that process
input sequentially, making them computationally inefficient for long sequences and
limiting their ability to capture long-range dependencies. The Transformer archi-
tecture addressed these limitations by replacing recurrence with attention, allowing
parallel processing and improved contextual learning [28].

A transformer is a deep learning architecture that processes input sequences in par-
allel, relying on the attention mechanism instead of recurrent structures. The core

6



2. Theory

components include attention and a feed-forward network. The attention algorithm
is the fundamental part of a transformer. For each token, the mechanism calculates
an attention score for every other token in the sequence, including itself, yielding a
similarity measure between the tokens. By allowing each token to attend to all other
tokens, the mechanism enables the capturing of contextual dependencies across the
entire sequence. This is one of the major improvements over traditional models like
RNNs, which struggle with long-range dependencies.

2.2.1 Attention

Let WQ ∈ Rdin×dk , WK ∈ Rdin×dk and WV ∈ Rdin×dv be the trainable weight matrices
for the query, key, and value projections, respectively. If X ∈ Rn×din is the input
sequence matrix, then Q = XWQ ∈ Rn×dk , K = XWK ∈ Rn×dk , and V = XWV ∈
Rn×dv are the projected query, key, and value matrices. Here, din is the input feature
dimension, dv is the value dimension and dk is the key dimension. Typically, dv is
set to be equal to dk.

The attention scores are computed using the scaled dot-product attention formula:

Attention(Q, K, V ) = softmax
(

QKT

√
dk

)
V (2.2)

2.2.2 Cross-Attention
Compared to attention, cross-attention executes the attention algorithm on two
different data sequences. For example, in 3D object detection, cross-attention can
be performed to allow learned query embeddings, representing e.g., potential objects,
to attend to image features extracted from a 2D backbone. The result is the fusing
of information from the image features into the queries, allowing for the refinement
of their representation. Thus, cross-attention can be seen as a tool that facilitates
information exchange across modalities. Cross-attention can be expressed as

CrossAttention(Q1, K2, V2) = softmax
(

Q1K
T
2√

dk

)
V2. (2.3)

The subscripts refer to which input the respective quantities come from.

2.2.3 Multi-Head Attention
Another version of attention is multi-head attention, where instead of using a single
attention mechanism, h attention heads operate in parallel. The heads have identical
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2. Theory

structure, but different parameters. For head i, the projections are computed as:

Qi = XW i
Q ∈ Rn× dk

h

Ki = XW i
K ∈ Rn× dk

h

Vi = XW i
V ∈ Rn× dv

h

where W i
Q, W i

K ∈ Rdin× dk
h and W i

V ∈ Rdin× dv
h are the per-head projection matri-

ces. The outputs of all heads are concatenated and projected back to the original
dimension:

MultiHead(Q, K, V ) = Concat(z1, ..., zh)W O (2.4)

where zi = Attention(Qi, Ki, Vi) and the output projection matrix W O ∈ Rdv×dout

(typically dout = din) combines the heads’ outputs.

2.2.4 Positional Embedding
One direct effect of processing sequences in parallel rather than sequentially is that
transformers lack the ability to understand the order or spatial arrangement of in-
put tokens. This is problematic within contexts where such context is crucial. To
address this, positional embeddings are created to inject the missing information
about the structure of the input into the model. In the context of 3D object detec-
tion, positional embeddings are typically derived from 3D spatial positions, e.g., 3D
coordinates, Additionally, complementary image features can also be incorporated
to enhance the representation. These embeddings introduce spatial context and en-
ables the attention algorithm to reason about the relative positions of objects in 3D
space.

2.3 Mixture of Experts
Mixtures of Experts (MoE) is an architecture designed to improve computational
efficiency and scalability by dynamically selecting a subset of specialized networks
called experts for each input token. The two core components of a MoE layer are the
expert networks and the gating function. Each expert function is in and of itself a
smaller FFN that specializes in different types of input patterns. A gating network
is used to decide which experts should be activated for a given token.

2.3.1 Gating Function
Gating functions, also known as routing functions, can be designed in many differ-
ent ways. Here follows a brief overview of some common types of gating functions.
Dense gating functions are used for maximizing performance and work by activat-
ing all experts. It has high computational demand as it uses all experts on each
forward pass, but is easy to use. Sparse gating functions activate only a subset of

8



2. Theory

experts and offer a lower computational demand compared to activating all experts.
Sparse gating functions typically require load balancing to avoid expert collapse,
where some experts are used almost always while others are redundant. Load bal-
ancing is usually achieved either by adding random noise to expert selections or by
using an auxiliary load balancing loss to incentivize an even usage of experts. Sparse
gating functions come in several different flavors; (1) Token-Choice, which assigns
several experts per input token and requires training. An expert capacity can be
added to introduce a threshold for the number of tokens that an expert can pro-
cess. (2) Non-trainable Token-Choice, is similar to Token-Choice, but replaces
the gating functions that require dynamic training with static ones. An example of
such a function is to use a hash which assigns experts tokens based on the hash of
the token. The idea is to mitigate the need for additional gating network param-
eters. (3) Expert-Choice, switches the responsibility from the gating function to
the individual experts. Each expert themselves choose e.g., top-k tokens they will
process. This circumvents the necessity for auxiliary load balancing losses during
training and ensures a uniform distribution of tokens across experts. However, this
can lead to uneven token coverage, where some tokens are processed by multiple
experts while others may be ignored entirely.

2.3.2 Hyperparameters

Table 2 in the survey of MoE design choices by Cai et al. [4] provides a comparative
overview of MoE configurations across various models; highlighting how different
architectures adjust key hyperparameters to balance predictive performance and
computational efficiency. Key hyperparameters include the number of experts
per MoE layer, where recommendations suggest a maximum of 64 experts, though
configurations as few as 8 or 16 are also effective depending on the use case. The
number of activated experts within a layer. The size of each expert can
vary widely — from 1024 to 8192, and even up to 16k or 32k dimensions — affecting
both capacity and resource demands. Another important factor is the placement
frequency of MoE layers. Strategies range from alternating every other layer
(1/2), every fourth layer (1/4), or even applying MoE layers everywhere (1/1).
Lastly, the choice of activation function plays a role, with a trend shifting from
traditional ReLU to functions like GeLU, GeGLU, and SwiGLU.

2.4 Coordinate Frame Transformations

Within the context of collecting data for use in e.g. 3D object detection, the data
often come from multiple sensors, such as cameras and LiDAR, each operating in
its own coordinate system. It is common to have to do transformations between
these coordinate frames. These transformations rely on linear algebra principles,
particularly matrix operations, to map points from one coordinate system to another.
This section outlines the key steps and concepts involved in these transformations.

9



2. Theory

2.4.1 Coordinate Systems
The LiDAR system is defined with its origin at the mount point on the vehicle roof,
as illustrated in Figure 2.2a. In this coordinate frame, the y-axis points forward, the
x-axis extends to the right, and the z-axis points upward. For the camera system
(Figure 2.2b), the origin is at the camera itself, with the z-axis oriented forward,
the x-axis pointing to the right, and the y-axis directed downward. All coordinates
are expressed in meters.

(a) LiDAR coordinate system (b) Camera coordinate system

Figure 2.2: Coordinate systems for (a) LiDAR and (b) camera.

2.4.2 Intrinsics
Intrinsic parameters describe the internal characteristics of a sensor, such as focal
length and optical center for cameras. These parameters are represented as a matrix
K and are used to transform points from the sensor’s coordinate system to the image
plane. For a camera, the intrinsic matrix K is defined as:

K =

fx 0 cx

0 fy cy

0 0 1

 ,

where fx and fy are the focal lengths, and (cx, cy) is the optical center.

2.4.3 Extrinsics
Extrinsic parameters describe the relative position and orientation between two
sensors, defining how one is spatially aligned with respect to the other. These are
represented as a rotation matrix R and a translation vector t. Together, they form a
4x4 transformation matrix T in homogeneous coordinates, which maps points from
one sensor’s coordinate system to another. The transformation matrix T is defined
as

10



2. Theory

T =
[
R t
0 1

]
,

where R is the 3x3 rotation matrix and t is the 3x1 translation vector. Note that due
to the nature of affine geometry, homogenous coordinates are necessary in order to
allow baking in translation into the matrix so to allow for computational efficiency
when composing transformations.

2.4.4 Kannala-Brandt Projection and Unprojection
The Kannala-Brandt projection model is a non-linear barrel distortion projection
model that yields wide-angle lenses. Unlike the pinhole camera model, the Kannala-
Brandt model does not allow for a straightforward matrix transformation K nor
inversion using K−1 due to its non-linear nature. Projecting is done by first con-
verting 3D camera coordinates to polar coordinates, then applying a polynomial
distortion function to the radial angle. Unprojection involves solving a non-linear
equation to map points from the image plane back to camera space. For more
detailed information on projection and unprojection, check the original paper [13].

2.4.5 Camera Space to LiDAR Space
Transforming points from camera space to LiDAR space involves applying the 4x4
transformation matrix T . Given a point (xc, yc, zc, 1) in camera space (in homoge-
neous coordinates), its corresponding point in LiDAR space (xl, yl, zl, 1) is computed
as:


xl

yl

zl

1

 = T


xc

yc

zc

1

 ,

where T is the transformation matrix for going from camera space to LiDAR space.

2.5 PETR
The PETR (Position Embedding Transformation) model for 3D object detection
is based on the DETR [5] framework and modifies it with the novel idea of trans-
forming 2D features from the backbone to 3D-aware features. This allows the ob-
ject queries to be updated under an environment where spatial context has been
introduced as they now undergo cross-attention directly with 3D position-aware
features, rather than 2D features. The main components of the PETR architec-
ture are: a Convolutional Neural Network (CNN) that produces 2D image fea-
tures; a 3D position-encoder which produces 3D-position-aware features; a tradi-
tional transformer-decoder; a classification head and a regression head that produce
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a set of classifications and box predictions. The box predictions undergo Hungar-
ian matching with the annotations followed by loss calculation. An overview of the
model architecture can be seen in Figure 2.3.

Figure 2.3: Overview of the PETR architecture from the paper [22]. The model
merges 2D image features with generated 3D coordinates, creating a positional em-
bedding that encodes spatial awareness in three dimensions. The new positional
embedding along with object queries go through cross-attention inside the trans-
former. The output of the transformer goes through a classification head and a
regression head. Figure reproduced from Liu et al. [22] with permission.

2.5.1 Backbone
The backbone of PETR is the ResNet50 CNN [11], which extracts 2D image features
from input camera views. These features capture visual patterns, but lack explicit
3D spatial information.

2.5.2 3D Coordinates Generator
The 3D coordinates generator produces spatial-aware embeddings for the trans-
former through a multi-step process. First, it creates a 3D mesh grid in image coor-
dinates, with height and width dimensions normalized to the padded image size. For
depth, it generates discretized bins between a minimum depth and maximum de-
tection range. These image coordinates are then unprojected into 3D camera space.
This effectively means that each image pixel defines a 3D ray originating from the
camera center through that pixel, and 3D coordinates are sampled at evenly spaced
depth intervals along this ray. The points are subsequently transformed into LiDAR
coordinates using the camera-to-LiDAR extrinsic matrix. The resulting 3D coordi-
nates are normalized to [0, 1] range based on predefined position bounds. Finally,
coordinates outside the valid range are masked out, and the final 3D positional
embedding consists of fourier features of these normalized coordinates.
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2.5.3 Transformer Decoder
The transformer decoder refines a set of learnable object queries through iterative
cross-attention with the 3D-aware image features. Each decoder layer enables the
queries to attend to different parts of the 3D scene by processing the enriched posi-
tional embeddings generated earlier. Unlike DETR3D, where queries interact with
2D features, PETR’s decoder leverages the enriched positional embeddings, yielding
potential for a better spatial understanding.

2.5.4 Classification Head
The classification head predicts class probabilities using a focal loss [20]

Lcls = −α(1 − pt)γ log(pt) (2.5)

where pt is the estimated probability for the target class, γ is a focusing parameter,
and α is a balancing hyperparameter for class frequencies.

2.5.5 Regression Head
The regression head estimates 3D bounding box parameters b = (x, y, z, w, l, h, θ) ∈
R7 using an L1 loss

Lreg = λ · ∥bpred − bgt∥1 (2.6)

where λ controls the relative weight of the regression loss.

2.6 Evaluation Metrics
The development of a machine learning model requires the ability to evaluate its
predictive performance. This is typically done by evaluating the model performance
on unseen so-called test data with respect to different metrics. Depending on the
task at hand, numerous evaluation metrics can be used to infer insights about the
effectiveness of the model.

2.6.1 mean Average Precision (mAP)
The Average Precision (AP) metric evaluates object detection performance by as-
sessing the precision-recall trade-off across confidence thresholds. Predictions are
sorted by confidence, and each is matched to a ground truth annotation if their 3D
center points lie within a specified distance threshold, e.g., 2 meters. A true positive
(TP) is recorded if a match is found, and the matched annotation is removed to pre-
vent reuse. This process yields a ranked list of predictions classified as TP or false
positive (FP). A precision-recall curve is then constructed by varying the confidence
threshold, and AP is computed as the area under this curve. The mean Average
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Precision (mAP) extends this by averaging AP scores across multiple object classes
and distance thresholds.

2.6.2 mean Average [Translation/Scale/Orientation] error
The nuScenes detection metrics provide a framework for evaluating 3D object detec-
tion performance by examining both the quantity and quality of true positive (TP)
predictions. For each correctly detected object (TP), we calculate how precisely the
prediction aligns with the ground truth across several geometric dimensions. These
component metrics, described in detail in Caesar et al. [3], are then aggregated into
the following mean average errors. The translation accuracy is measured through
mATE (mean Average Translation Error), which computes the Euclidean distance
between predicted and ground-truth centers in the 2D plane. For scale assessment,
mASE (mean Average Scale Error) evaluates dimensional accuracy by first aligning
the prediction’s center and orientation with the ground truth, then calculating 1 -
IOU (Intersection over Union). Orientation is captured by mAOE (mean Average
Orientation Error), defined as the smallest yaw angle difference between prediction
and ground truth in radians. The NDS (nuScenes Detection Score) serves as the
primary composite metric, combining all error components in the form of a weighted
sum. While nuScenes additionally includes mAVE (mean Average Velocity Error)
for velocity estimation, this metric is not applicable to the ZOD and is not used.
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3
Data

Deep learning requires training on large datasets that provide an extensive repre-
sentation of the problem domain. To ensure high quality training it is important
for the dataset to provide a rich diversity of scenarios and environments, consist of
relevant data, and to include accurate annotations. For example, within the context
of perception systems, a frame containing heavy motion blur, overexposure, or an
obstructed view can introduce unwanted noise.

3.1 Zenseact Open Dataset
The Zenseact Open Dataset (ZOD) is a large-scale and diverse multimodal dataset
designed for use in autonomous driving research [2]. It includes high-resolution
data with accompanying annotations. ZOD includes roughly 100,000 annotated
single-frame camera images, RADAR sensor data, LiDAR sensor data, and sequence
recordings. The data is collected across various geographic locations, weather con-
ditions, and driving scenarios; making it a suitable resource for training. The an-
notations include 2D and 3D bounding boxes, semantic segmentation, and detailed
metadata. The dataset consists of

• Single Frames: Contains individual frames with synchronized sensor data
and annotations.

• Sequences: Includes continuous sequences of frames, allowing for temporal
analysis and tracking.

• Drives: 29 multi-minute sequences, with full sensor coverage.

We will only be using the single frame data. ZOD also provides calibration data for
all sensors, ensuring accurate sensor fusion and alignment.

3.2 Data Preprocessing
Due to the availability of a comprehensive Software Development Kit (SDK) pro-
vided with the Zenseact Open Dataset (ZOD), minimal manual preprocessing was
required. The SDK facilitates efficient data extraction, synchronization, and anno-
tation handling. We used the mmdetection3d framework to train our model, with
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3. Data

Figure 3.1: Overview of the image transformation pipeline applied to each input
frame before training. This includes range filtering, class filtering, cropping, and
resizing.

primary pre-processing steps focused on formatting the data to align with its re-
quirements. Each input image undergoes a series of transformations as depicted in
Figure 3.1.

3.2.1 Range Filtering
The filter removes bounding boxes that fall outside a predefined range, ensuring
the model processes only relevant objects near the ego vehicle. This is done for
primarily two reasons. Objects close to the ego vehicle are more important than
objects hundreds of meters away. Annotations are typically done from the LiDAR,
which are reliable only within a range. Beyond that range it is difficult to create
good annotations.

The chosen valid detection area spans from 0 to +100 meters forward, laterally be-
tween −50 to +50 meters, and vertically between −3 and +5 meters. To justify this
range selection, we analyze the spatial distribution of ground truth 3D bounding
boxes in the dataset. Figure 3.2 shows a scatter plot of bounding box centers pro-
jected onto the XY plane, which is the ground plane relative to the ego vehicle. The
plot reveals that the majority of objects lie within the selected lateral and longitudi-
nal bounds, with progressively sparse detections beyond these limits. Additionally,
Figure 3.2 also presents a histogram of bounding box distances along the LiDAR
coordinate system Y-axis, demonstrating that most objects are concentrated within
100 meters ahead of the ego vehicle. Beyond this range, the frequency of objects
drops significantly, and their small size in the image space makes reliable detec-
tion challenging. Thus, the chosen range filtering parameters effectively balance
computational efficiency with coverage of the most relevant detection regions.

3.2.2 Class Filtering
The Zenseact Open Dataset (ZOD) provides a rich hierarchy of object classes, includ-
ing detailed subcategories under broader top-level classes. For this study, we focus
on three primary top-level classes: Vehicle, VulnerableVehicle, and Pedestrian.
They are the most common classes in the dataset. Figure 3.3 illustrates the distri-
bution of the top-10 sub-classes across the dataset. The Vehicle class dominates
the distribution, followed by VulnerableVehicle (e.g., bicycles, motorcycles) and
Pedestrian. Further details on the class hierarchy and annotation methodology
can be found in Alibeigi et al. [2].
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3. Data

Figure 3.2: Left: XY scatter plot of 3D bounding box centers, projected onto the
ground plane relative to the ego vehicle. Most objects are concentrated within the
lateral bounds of [−50, 50] meters and forward range of up to 100 meters. Right:
Histogram of object counts along the forward Y-axis, illustrating a sharp drop in
frequency beyond 100 meters.

Figure 3.3: Distribution of the 10 most frequent annotated object sub-classes in
the ZOD.
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Figure 3.4: Effect of cropping N pixels from the top and bottom: Original image
(left) versus the cropped version (right), which excludes non-informative regions
such as the car hood and sky.

3.2.3 Crop
After visually evaluating different values of N to ensure the retention of important
regions across the dataset, we settled on N = 400. It is large enough to improve
computational efficiency while not overly aggressive in cropping to preserve valuable
image content. As seen in Figure 3.4, we remove N rows of pixels from both the top
and bottom of the image, eliminating non-informative regions (car hood and sky).
The crop operation translates the optical center cy in the intrinsic matrix by −N
pixels to account for the removed upper portion. Note that the translation is not
−2N as cropping from the bottom edge has no effect on the optical center.

3.2.4 Resize
The input images are resized from their original resolution (Worig ×Horig) to a target
size (Wtarget × Htarget) while maintaining aspect ratio. Let sx = Wtarget/Worig and
sy = Htarget/Horig be the width and height scaling factors respectively. The resulting
updated intrinsic matrix becomes

Kresized =

sxfx 0 sxcx

0 syfy sycy

0 0 1

 ,

where the focal lengths and optical center coordinates are scaled proportionally to
maintain correct geometric relationships. When aspect ratio preservation leads to
unequal scaling (sx ̸= sy), we use the smaller scaling factor for both dimensions to
prevent distortion, adjusting the final image dimensions accordingly.
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4
Modified PETR Architecture

In the process of adapting PETR, various modifications and additions to the model
are implemented. The following chapter will walk through the architecture of the
original model as well as the additional components and changes introduced.

4.1 Positional Embeddings
The original architecture was designed with the expectation that the input images
have no camera distortion. However, the images in ZOD were captured using a lens
following the Kannala-Brandt projection model. To accommodate this difference,
the generation of positional encoding 3D coordinates had to be reworked. As seen
in Figure 2.3, the original architecture transforms a meshgrid into the shape of a
traditional camera frustum. The reworked version, shown in Figure 4.1, produces
a distorted frustum shape that accounts for the lens distortion by incorporating
the Kannala-Brandt unprojection coefficients during coordinate generation. This
procedure pre-distorts the meshgrid to match the distortion characteristics of the
camera.

4.2 Swapping In a MoE layer
The original PETR model uses a traditional transformer in which a standard FFN
is placed within each of its transformer decoder blocks. In this thesis, we experiment

Figure 4.1: On the left is the original meshgrid, on the right is the transformed
meshgrid after performing Kannala-unprojection.
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Figure 4.2: Comparison of two transformer decoder block architectures. The left
block represents a standard transformer decoder with a feed-forward network (FFN)
following the multi-head attention and cross-attention layers. The right block shows
a modified architecture where the feed-forward network is replaced by a Mixture-of-
Experts (MoE) layer, enhancing model capacity and sparsity. Both architectures use
residual connections and layer normalization ("Add & Norm") after each sub-layer.

with replacing the FFN with an MoE layer. See Figure 4.2. The MoE layer provides
a way to increase model capacity without sacrificing computational efficiency. This
is achieved by activating neurons only sparsely.

Looking closer at the MoE layer, depicted in Figure 4.3, it consists of several key
components: a gating function (router), multiple expert networks, and a mechanism
for combining their outputs.

4.2.1 Gating Function
The gating function, or router, determines which experts are selected to process
each input token. For a token embedding x ∈ Rd, the router computes a vector of
scores over N experts using a linear projection:

s = Wgx, s ∈ RN , (4.1)

where Wg ∈ RN×d is a learned weight matrix. These scores are converted into a
probability distribution using the softmax function:

p = softmax(s). (4.2)

Each pi reflects the relative preference for assigning token x to expert i. In a sparse
MoE, only a small number k of experts (typically k ≪ N) are selected for each
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Figure 4.3: A sparse MoE layer. A router dynamically selects a subset of expert
networks for each input token, activating only a few out of many available experts.
The outputs of the selected experts are combined via a weighted sum to form the final
output. This architecture allows the model to scale its capacity without increasing
computational cost proportionally, enabling efficient training and inference.
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token. We denote the indices of the selected experts as I(x):

I(x) = topk(p, k), (4.3)

where topk(p, k) returns the indices of the k largest values in p. The corresponding
gating weights G(x) ∈ RN are then defined as:

Gi(x) =

pi, if i ∈ I(x),
0, otherwise.

(4.4)

In some implementations, the non-zero entries in G(x) are renormalized to sum to
one. In our experiments, renormalization had little effect on performance, so we
omit it for simplicity. The resulting gating weights are used to combine the outputs
of the selected experts.

4.2.2 Experts
The experts are independent feed-forward networks (FFNs), each with distinct
learned weights. When a token x is routed to an expert i ∈ I(x), it is processed as
Ei(x), where Ei denotes the ith expert. The final output of the MoE layer is the
weighted sum of the selected expert outputs:

Out(x) =
∑

i∈I(x)
Gi(x)Ei(x). (4.5)

This sparse activation allows the model to scale up its total number of parameters
across all experts, while keeping the computational cost per token low. Since only
k of N experts are active for each token, the overall efficiency remains comparable
to a standard FFN.

4.2.3 Auxiliary Loss
An important aspect in training MoE models is ensuring that all experts are utilized
effectively and that the load, i.e., number of tokens processed, is balanced across
them. If the gating network consistently favors only a few experts, the benefits
of having many experts diminishes. To encourage balanced load distribution, an
auxiliary loss function is typically added to the main task loss during training.

We use the load-balancing loss as described in Fedus, Zoph, and Shazeer [10], re-
peated here for completeness. Given N experts indexed by i = 1 to N and a batch
B with T tokens, the auxiliary loss is computed as the scaled dot-product between
vectors f and P ,

Loss = αN
N∑

i=1
fiPi, (4.6)

where α is hyperparameter, fi is the fraction of tokens dispatched to expert i,
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fi = 1
T

∑
x∈B

1 {argmax p(x) = i} (4.7)

and Pi is the fraction of router probability allocated for expert i,

Pi = 1
T

∑
x∈B

pi(x). (4.8)

This auxiliary loss effectively prevents expert underutilization by ensuring that the
router’s probability distribution aligns with the actual token assignments.
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5
Results

We evaluate several architectural variants of the PETR model on the ZOD. A dense
transformer baseline is established, followed by sparse alternatives using MoE layers.

5.1 Dense Baseline
Our baseline non-MoE model uses a pretrained ResNet-50 backbone, 6 transformer
decoder layers and dffn = 2048. All models are trained for 50 epochs with a similar
setup as in Liu et al. [22], with an AdamW optimizer (weight decay=1e−2) and
cosine annealing scheduler (initial learning rate 2e−4). The baseline model achieves
an NDS score of 0.502 and a mAP score of 0.241. Figure 5.1 shows the loss graph
and Figure 5.2 shows example predictions.

5.1.1 Activation Sparsity
Consistent with the lazy neuron phenomenon—where transformer FFNs exhibit in-
creasing activation sparsity over time, as described by Li et al. [18]—we observe
a similar trend in the original PETR model. As shown in Figure 5.3, we observe
that between 90% and 95% of FFN activations yield zero across different decoder
layers. This sparsity grows progressively deeper into the network, with later layers
exhibiting particularly pronounced inactive pathways. The substantial computa-
tional resources allocated to these inactive components motivates the exploration
of MoEs based architectures, where such sparsity can be exploited advantageously.
Rather than maintaining uniformly active FFN pathways, MoEs naturally accom-
modate and benefit from activation sparsity by dynamically routing inputs to a
subset of specialized expert subnetworks.

5.2 Evaluating the Mixture-of-Experts Variant
We now explore whether MoE layers can restore or even exceed the original model’s
performance. By swapping out dense FFN layers with sparse MoE layers, we aim to
reintroduce model capacity in a more efficient way. Table 5.2 outlines the configura-
tions evaluated. In all setups, we use the GeLU activation function and replace the
FFN in every decoder block, i.e., placement frequency is 1/1. The main variables
across these configurations are the number of active experts per input token (top-k
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Figure 5.1: The loss graph of the baseline model.

Figure 5.2: Example image from the validation split of the ZOD dataset. Red
boxes are the ground truth labels and green boxes are predictions by the baseline
model.
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Figure 5.3: Activation sparsity across decoder layers during training of the baseline
model, showing 90–95% zero activations in FFNs. Sparsity increases with network
depth, with later layers exhibiting the most pronounced inactivity.
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Table 5.1: Performance of PETR variants using MoE layers with different expert
configurations. Each setup maintains the same number of active parameters as the
dense baseline. Variants differ in the total expert pool size, and expert hidden
dimensionality (dffn). All use load balancing weight α = 0.01.

Experts
(active/total)

Neurons
(active/total) dffn NDS↑ mAP↑ mATE↓ mASE↓ mAOE↓

1/1 2048/2048 2048 0.502 0.242 0.0913 0.0263 0.0751
1/2 2048/4096 2048 0.500 0.239 0.0912 0.0264 0.0762
1/4 2048/8192 2048 0.500 0.239 0.0918 0.0264 0.0752
1/8 2048/16384 2048 0.500 0.239 0.0915 0.0264 0.0752
1/16 2048/32768 2048 0.500 0.239 0.0918 0.0265 0.0766
2/2 2048/2048 1024 0.503 0.243 0.0916 0.0263 0.0744
2/4 2048/4096 1024 0.502 0.241 0.0912 0.0263 0.0751
2/8 2048/8192 1024 0.502 0.241 0.0911 0.0263 0.0744
2/16 2048/16384 1024 0.501 0.240 0.0914 0.0264 0.0752

Table 5.2: Results with 2 active out of 8 total experts and varying load balancing
loss weight α.

α NDS↑ mAP↑ mATE↓ mASE↓ mAOE↓
0 0.502 0.241 0.0912 0.0263 0.0758

0.001 0.501 0.240 0.0915 0.0262 0.0751
0.01 0.502 0.241 0.0911 0.0263 0.0744
0.1 0.502 0.242 0.0913 0.0263 0.0750

selection), the total number of experts in the pool, and the hidden size of each expert
network (dffn). Importantly, each configuration is designed to match the number of
active parameters used in the original dense FFN baseline.

5.2.1 Expert Load Balancing
n important problem of a MoE layer is ensuring balanced token routing across ex-
perts to prevent expert collapse, where a small subset of experts dominates the com-
putation. Without explicit regularization, the router often converges to a degenerate
solution, underutilizing most experts. To demonstrate this, we analyze the distri-
bution of routed tokens across experts both with and without the load-balancing
loss. As shown in Figure 5.4, when trained without load-balancing loss, the token
assignment becomes highly skewed, with a few experts processing the majority of
tokens while others remain underused. In contrast, introducing the load-balancing
loss encourages near-uniform routing, ensuring all experts get to contribute (Figure
5.5). This balanced utilization not only improves model capacity but also enhances
robustness by distributing learning across the entire pool of experts. The results
validate the necessity of the load-balancing term in maintaining efficient expert uti-
lization and preventing degenerate routing behavior. Graphs for other values of α
can be found in Appendix A.

28



5. Results

Figure 5.4: Expert utilization in layer 4 during training with 2 active out of 8 total
experts and α = 0.0. A few experts are used for the majority of tokens while some
experts are almost never used. The rest of the layers look similar.
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Figure 5.5: Expert utilization in layer 4 during training with 2 active out of 8 total
experts and α = 0.01. Each expert is used for around 2/8 = 25% of tokens. The
rest of the layers look similar.
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Table 5.3: Performance of PETR with varying FFN dimensionality (dffn) on the
ZOD dataset. The version with dffn = 2048 is the baseline.

dffn NDS↑ mAP↑ mATE↓ mASE↓ mAOE↓
- 0.500 0.238 0.092 0.027 0.077

64 0.501 0.240 0.091 0.026 0.075
128 0.502 0.242 0.092 0.026 0.074
256 0.501 0.241 0.091 0.026 0.076
512 0.501 0.239 0.092 0.027 0.075
1024 0.502 0.241 0.091 0.026 0.075
2048 0.502 0.241 0.091 0.026 0.076
4096 0.500 0.238 0.092 0.026 0.075
8092 0.500 0.239 0.091 0.026 0.076

5.3 Varying dffn

Mixture of experts tries to simulate a larger dffn without requiring the compute of
an actually larger dffn. However, since we did not see improved results, a natural
question is whether there is a problem with MoE or if a larger dffn does not improve
this model. Table 5.3 shows the evaluation metrics of the fully trained original
model with varying dffn. Activation sparsity graphs similar to Figure 5.3 for other
dffn configurations are provided in Appendix A.

Figure 5.6 presents a qualitative comparison of detection outputs on the ZOD dataset
across three model variants: the baseline (dffn = 2048), a version without FFN, and
a MoE-based variant. Surprisingly, all three variants achieve nearly identical perfor-
mance, with no discernible qualitative or quantitative advantages observed across
architectures. We have also tried reducing and removing the FFN in PETR for
nuScenes and in Zenseact’s internal proprietary model and dataset, and found sim-
ilar results in both cases. In Zenseact’s internal model, accuracy improved slightly
when reducing dffn by a factor of 2 or 4, but worsened when removing it completely.
However, the differences are small and it is unclear if they are statistically signifi-
cant. This suggests that the choice of FFN configuration—whether removed entirely,
kept at full capacity, or replaced with a MoE—has minimal impact on the model’s
ability to adapt to the ZOD benchmark. The consistent results imply that other
architectural components or training dynamics may play a more significant role in
shaping detection quality for this task.
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DFFN2048 No FFN MoE

Figure 5.6: Qualitative comparison of detection outputs across model variants
on ZOD dataset. Green boxes are predictions and red boxes are the ground truth
labels.
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6
Conclusion

This project set out to improve the efficiency and scalability of an existing transformer-
based 3D object detection model by replacing the standard FFN component in the
transformer-decoder with a MoE component. The idea was to take advantage of the
conditional computation properties of MoEs to increase model capacity without in-
curring a proportional computational cost. Empirical results showed that the MoE
substitution did not lead to measurable improvements in detection performance or
efficiency. This outcome should not be interpreted as an inherent limitation of MoEs
or a flaw in their integration. Further investigation revealed that the base model al-
ready possessed excessive model capacity. In fact, progressively reducing the hidden
dimension of the FFN did not have an adverse effect on performance. Surprisingly,
even when the FFN was completely removed, the model retained its performance
level. We evaluated this phenomenon using our model with two established datasets,
ZOD and nuScenes, as well as a proprietary model and dataset provided by Zenseact.
In all cases, the results were highly consistent, suggesting that the phenomenon is
not limited to a specific model or dataset. This finding suggests that the role of
the FFN within the transformer-decoder is, in this context, functionally redundant.
This finding challenges the common assumption that the FFN is an essential part
of the transformer architecture. These insights not only clarify the outcome of the
MoE experiment, but also raise broader questions about the necessity and role of
FFNs in transformers. From a practical perspective, the implications are significant.
Transformer blocks without FFNs are not just more parameter-efficient, they also
reduce memory usage, speed up training, and improve inference times. Such im-
provements are especially relevant for real-time applications like within autonomous
driving, where computational resources are scarce and require low latency.

6.1 Future Work
The unexpected redundancy of the FFN in the transformer decoder block, as ob-
served in this work, raises several compelling directions for further research. While
MoEs failed to improve performance despite significant added capacity, removing the
FFN entirely also had negligible impact. This suggests that, at least for 3D object
detection, the FFN may not be as essential as previously assumed. However, the
extent of this redundancy remains an open question—does it arise due to the specific
nature of the task, the model architecture, or a broader characteristic of perception
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problems? To explore this, it is necessary to investigate related tasks—such as ob-
ject tracking, instance segmentation, and occupancy prediction—across a range of
model architectures and datasets. If FFNs consistently appear redundant in these
domains, this could indicate a more general pattern, opening the door to simpler
transformer designs that rely solely on attention mechanisms. On the other hand, if
performance degrades in some tasks when the FFN is removed, this would suggest
that FFNs play a more specialized role under certain conditions—such as refining
features when input signals are more ambiguous or enabling more complex forms of
reasoning. In contrast, their redundancy in other tasks may point to contexts where
attention alone, possibly in combination with strong backbone features, is sufficient.
Either outcome would contribute towards our understanding of the role of the FFN.

There is also a broader question of whether the FFN’s importance is domain spe-
cific. For example, in NLP, FFNs are considered essential. If FFNs prove largely
redundant in vision-based models but crucial in language models, this could suggest
fundamental differences in the effect of attention across modalities. A hypothesis
is that perception tasks benefit more from geometric reasoning—relying on features
that may already be well-captured by CNN backbones in combination with atten-
tion layers—whereas NLP tasks require nonlinear transformations, which the FFN
provides.

Ultimately, the findings of this work hint at the possibility of rethinking the design
of transformers within perception systems. Preliminary experiments show that the
transformer size can also be reduced in some other ways (for example the number of
layers) without much impact. One possible explanation is that most of the processing
takes place in the CNN. This raises the question of how much the capacity of the
sensor fusion and prediction generation network can be reduced. Could some kind
of linear model suffice?

6.2 Ethics
The ethical and sustainability aspects are especially important in the context of
using AI within autonomous systems such as in autonomous vehicles. A central eth-
ical question is the impact on decision-making. Autonomous vehicles are typically
dependent on object identification systems for making real-time decisions that di-
rectly affect human safety. If those systems are heavily reliant on AI, it is important
to ensure that they are secure, reliable, and thoroughly tested. While explainabil-
ity—the ability to understand and interpret AI decision-making processes—can be
valuable for trust and accountability, it is not always a strict requirement for safety.
Some "black-box" solutions may prove to be safe and trustworthy through extensive
real-world usage and rigorous validation over time. Regulatory frameworks play
a crucial role in ensuring the safety and reliability of AD/ADAS. Standards such
as ISO 26262, which focuses on functional safety of road vehicles, and assessment
programs like Euro NCAP, which evaluates vehicle safety performance, provide sys-
tematic approaches for establishing a baseline for safety.

Another important aspect that has become more and more important since the
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AI boom is the energy efficiency of AI systems within the context of sustainabil-
ity. Training and deploying large models often requires significant computational
resources, contributing to high energy consumption. Optimizing models to make
them more resource efficient can help make them more environmentally friendly.
Furthermore, optimized resource efficient models would also lower the requirements
on hardware in the sense that they could be deployed on low-power devices, reducing
hardware waste and promoting accessibility.
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A. Appendix 1

Figure A.1: Activation sparsity across decoder layers during training of the original
PETR model (dffn = 1024, showing 90–95% zero activations in FFNs. Sparsity
increases with network depth, with later layers exhibiting the most pronounced
inactivity.
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A. Appendix 1

Figure A.2: Activation sparsity across decoder layers during training of the original
PETR model (dffn = 512, showing 90–95% zero activations in FFNs. Sparsity
increases with network depth, with later layers exhibiting the most pronounced
inactivity.
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A. Appendix 1

Figure A.3: Activation sparsity across decoder layers during training of the original
PETR model (dffn = 256, showing 90–95% zero activations in FFNs. Sparsity
increases with network depth, with later layers exhibiting the most pronounced
inactivity.
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A. Appendix 1

Figure A.4: Activation sparsity across decoder layers during training of the original
PETR model (dffn = 128, showing 90–95% zero activations in FFNs. Sparsity
increases with network depth, with later layers exhibiting the most pronounced
inactivity.
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A. Appendix 1

Figure A.5: Activation sparsity across decoder layers during training of the orig-
inal PETR model (dffn = 64, showing 90–95% zero activations in FFNs. Sparsity
increases with network depth, with later layers exhibiting the most pronounced in-
activity.
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A. Appendix 1

Figure A.6: Expert utilization in layer 4 during training with 2 active out of 8
total experts and α = 0.

Figure A.7: Expert utilization in layer 4 during training with 2 active out of 8
total experts and α = 0.001.
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A. Appendix 1

Figure A.8: Expert utilization in layer 4 during training with 2 active out of 8
total experts and α = 0.01.

Figure A.9: Expert utilization in layer 4 during training with 2 active out of 8
total experts and α = 0.1.
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