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Introduction

Computer vision is a field that allows computers to perceive and understand the world. It is widely
used in applications such as autonomous driving, robotics, parking assistance, facial recognition, and
virtual and augmented reality [38]. Most computer vision methods rely on frame-based cameras, like
conventional RGB sensors, which capture images at fixed intervals and process them for tasks such
as object detection and recognition.

Event cameras are a recent type of sensor that work asynchronously. Instead of capturing full images
at fixed intervals, they record changes in brightness at each pixel as they happen. This gives them
useful properties such as high temporal resolution, low latency, high dynamic range, and low power
consumption [9]. These features make them particularly interesting for tasks that require fast or robust
perception.

Depth estimation, the main focus of this thesis, aims to predict the distance of each pixel from the
camera. Combining event cameras with depth estimation is especially promising: their high temporal
resolution helps track fast motion, and their high dynamic range improves performance in challenging
lighting.

At the same time, event-based depth estimation is challenging. Event data is sparse, asynchronous,
and fundamentally different from RGB images, making it hard to process directly. Large annotated
datasets are limited [2], and the sparse nature of events makes depth reconstruction more difficult
than with dense frame-based images. Moreover, Vision Foundation Models (VFMs) trained on RGB
images expect dense, synchronous, and spatially coherent inputs. Feeding raw or standard event
representations into these models leads to poor results.

This motivates learning an event representation instead of relying only on fixed representations. Event
data is sparse, asynchronous, and only captures changes in brightness, while RGB-based VFMs are
trained on dense images with spatially coherent intensity patterns. A learned representation can adapt
the event data into a format that better matches the input space expected by the frozen VFM. By doing
this, we can reuse the generalization ability of existing foundation models even when annotated event
data is limited.

In this thesis, we investigate whether learning such an event representation allows a frozen RGB-based
VFM to perform accurate event-based depth estimation. Our goal is to bridge the gap between event
data and the input requirements of existing VFMs, enabling high-quality depth predictions in challenging
scenarios.

The thesis is organized as follows. Chapter 1 introduces the research problem and motivation. Chapter
2 provides the necessary background on depth estimation, neural networks, vision transformers, vision
foundation models, event cameras, and event representations. Chapter 3 presents the main work as
a scientific article, including the proposed method, experiments, and results.
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1.1. Al Statement

Al tools were used during the development process primarily to accelerate repetitive tasks, such as
generating training configurations and assisting with scripting. All generated code was carefully re-
viewed and verified before use and was not adopted without validation. For writing, the content and
ideas presented are my own. Al was only used to assist with identifying and correcting grammar and
spelling issues, without contributing to the content of this thesis.



Background

In this chapter, we explain several fundamental concepts that form the foundation of the core work
of this thesis. We begin by introducing depth estimation and explaining its purpose and usefulness.
Next, we outline the fundamentals of neural networks and deep learning, including their capabilities
and key components. We then explore topics more directly related to this thesis, including vision trans-
formers and vision foundation models. Finally, we introduce event cameras and explain how event
representations are used.

2.1. Depth Estimation
Depth estimation is the task of predicting a dense, per-pixel depth map from a given image. Specifically,
for each pixel, we estimate a depth value that represents the distance of the corresponding scene point
from the camera. Figure 2.1 shows an example of monocular depth estimation, where the first row
depicts the input RGB image and the second row shows the estimated depth map. We will explain the
term monocular in later sections.

i
:

Figure 2.1: Example of monocular depth estimation using Depth Anything V2, adapted from [41]. The top row shows input

images from different domains, including natural scenes, synthetic content, sketches, and high dynamic range imagery. The

bottom row shows the corresponding predicted depth maps, where warmer colors indicate closer regions and cooler colors
indicate farther regions. This illustrates the ability of the model to generalize across diverse visual inputs.

2.1.1. Use Cases

Depth estimation is an important and widely researched topic in computer vision, with many applications
in everyday life. A major application is in autonomous driving, where cameras are used to estimate
the distance to surrounding objects [33], enabling safe navigation and obstacle detection. Another
important application is in robotics, where depth estimation allows robots to perceive and navigate
through their environment [4, 43]. Simon et al. [34] introduce a method that enables drones to estimate
depth using cameras and subsequently fuse this information into a 3D reconstruction, as shown in
Figure 2.2. Additionally, depth estimation is used in virtual and augmented reality [10], where it enables
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the estimation of scene geometry for creating immersive virtual environments.

Crazyflie MAV (37 g) Crazyflie Frame — Transformed Frame — Depth Estimation (0.16 s)

Frame 8
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Figure 2.2: Depth estimation applied to drone-based 3D reconstruction, adapted from [34]. The drone first captures monocular
image frames, predicts depth for each frame, and then fuses these depth estimates over time to reconstruct the surrounding 3D
environment. This example illustrates how depth estimation can support spatial perception and navigation in robotics.

2.1.2. Types of Depth Estimation

There are many ways to estimate the depth of an environment. Early approaches rely on specialized
sensors, such as ultrasonic depth estimation, where sound waves are emitted and reflected off surfaces,
with the delay encoding the distance. A more accurate approach uses light-based sensors, such as
LiDAR, where emitted light is reflected back and the distance is computed based on the time of flight.

However, with the rise of deep learning techniques, cameras have become an important tool for esti-
mating depth. Instead of relying on explicit measurements using light or sound, a neural network can
be trained to predict depth directly from visual input. For camera-based depth estimation, which is the
focus of this thesis, several approaches exist, including monocular, stereo, multi-view, and event-based
methods.

Monocular Depth Estimation

Monocular depth estimation (MDE) refers to estimating depth from a single image. An example is shown
in Figure 2.1. An important limitation of MDE is that it is only accurate up to scale. This means that
relative depth between objects can be estimated, but the absolute distance (e.g., in meters) cannot be
determined. This ambiguity arises because a single image can correspond to infinitely many possible
3D scenes that produce the same projection. This ambiguity is illustrated in Figure 2.3.

p. 4

Figure 2.3: lllustration of scale ambiguity in monocular depth estimation, adapted from [15]. A smaller person close to the
camera can appear similar in image size to a taller person farther away, making the absolute distance ambiguous from a single
image. This shows why monocular depth estimation can recover relative scene structure but cannot directly determine metric
scale without additional information.



2.1. Depth Estimation 5

Stereo Depth Estimation

To overcome the scale ambiguity present in MDE, we can use two images to estimate depth more
accurately, a method known as stereo depth estimation (SDE). Using two cameras, we can leverage
the difference between the two images of the same scene to calculate the disparity, which refers to the
horizontal offset between corresponding points in the left and right images. Typically, the left image is
taken as the reference. This significantly reduces the ambiguity, as only one consistent 3D scene can
explain both views. An illustration of SDE is shown in Figure 2.4.
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Figure 2.4: lllustration of stereo depth estimation, adapted from [27]. Corresponding points in the left and right images appear
at different horizontal positions, producing a disparity that is inversely related to depth. By using two viewpoints of the same
scene, stereo depth estimation reduces the scale ambiguity present in monocular depth estimation.

Multi-view Depth Estimation

Stereo depth estimation can be extended to more than two images, referred to as multi-view depth
estimation. Multi-view stereo (MVS) methods reconstruct dense 3D geometry from multiple images
captured from different viewpoints [42]. By using multiple viewpoints, we can be more confident about
the geometry of the 3D scene, as additional views provide more constraints compared to only two
images. The downside of this approach is that it requires a more complex setup and increased compu-
tational resources, in exchange for improved accuracy and robustness.

2.1.3. Depth Representations

Depth can be represented in different forms, as each representation has its own advantages depending
on the scenario. We will discuss a few common depth representations: disparity, metric depth, inverse
depth, and relative depth.

Disparity

In computer vision, disparity is commonly used in stereo camera setups. When two cameras are placed
next to each other, the horizontal shift between corresponding pixels in the left and right images is called
the disparity, as shown in Figure 2.4.

When the baseline T', the focal length f, and the disparity are known, the depth of a 3D point can
be computed through triangulation. This relationship is illustrated in Figure 2.5, where the depth 7 is
inversely proportional to the disparity.



2.1. Depth Estimation 6

B Similar triangles:

‘ T T+z—x1
Z =y

-~

( . \
£ [+ T" «+baseline

Lt — Ty} )

’

-
s
o
'_..._
o
x

o)
S, P' focal length  disparity

Figure 2.5: lllustration of stereo geometry, adapted from [8]. Given the camera baseline T', focal length f, and disparity
x; — =, the depth Z of a 3D point can be computed by triangulation. This relationship shows that larger disparities correspond
to closer objects, while smaller disparities correspond to farther objects.

Metric Depth

Metric depth, or absolute depth, refers to a representation where each pixel in an image is assigned a
value corresponding to its true physical distance from the camera, typically expressed in units such as
meters or centimeters. Unlike disparity, where each pixel represents the horizontal shift between cor-
responding points in stereo images, metric depth directly encodes absolute distances and is therefore
used for precise measurements and real-world spatial understanding.

Inverse Depth
Inverse depth is a representation where each pixel value is the inverse of the true depth. This is typically
expressed as d = % where z is the real depth and d is the inverse depth. This representation has the

advantage that it places more emphasis on closer objects and less on farther ones, which is often
beneficial in computer vision tasks.

Relative Depth
Relative depth is similar to metric depth, but instead of encoding the absolute distance for each pixel,
it represents the relative ordering of depths in the scene. For example, if pixel a has a smaller depth
value than pixel b, this indicates that pixel a is closer to the camera than pixel b, without specifying the
exact distance.

The advantage of relative depth is that it does not require a fixed scale and can represent depth rela-
tionships across a wide range of distances. This makes it useful in scenarios where the absolute scale
is unknown or varies significantly, such as when depth ranges from centimeters to kilometers.

The combination of relative and inverse depth is commonly used in modern monocular depth estimation
methods. For example, Depth Anything V2 (DAv2) [41] predicts relative inverse depth rather than
absolute metric depth. Similarly, MiDaS [30] and DPT [29] also estimate depth in a relative inverse
depth space, where the predictions preserve the structure and ordering of the scene but do not directly
correspond to metric distances.

2.1.4. Evaluation Metrics for Depth Estimation

To evaluate the predicted depth maps, we use several standard metrics for depth estimation. Let d;
be the predicted depth at pixel i, d} the corresponding ground truth depth, and N the number of valid
pixels. We use the following evaluation metrics: absolute relative error (Abs Rel), squared relative error
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(Sq Rel), root mean squared error (RMSE), logarithmic RMSE (RMSE log), scale-invariant logarithmic
error (Sl log), and threshold accuracies § < 1.25, § < 1.252, and § < 1.253.

The absolute relative error (Abs Rel) measures the relative difference between the prediction and the
ground truth:

_ 1 ldf —dif
Abs ReI_NZ: o (2.1)
The squared relative error (Sq Rel) is similar, but penalizes larger errors more strongly:
_ 1 (d - d)?
SqRel = > @ (2.2)

i

The root mean squared error (RMSE) measures the average absolute error in depth space:

1
RMSE = /N ;(di —d;)2. (2.3)

We also report the logarithmic RMSE (RMSE log), which computes the error in log-depth space:

RMSE log = ¢ % > (logd; —log d;)>. (2.4)

In addition, we use the scale-invariant logarithmic error (Sl log), which reduces the influence of global
scale differences between the prediction and ground truth:

2
1 1 .
Sllog = Zef - Nz (Z e,»> ., e =logd —logd;. (2.5)

Finally, we report threshold accuracies. These measure the percentage of pixels for which the predic-
tion is within a certain ratio of the ground truth:

dr d;
- A 2.
0; max(di,d?) (2.6)

We report the percentage of pixels satisfying 6; < 1.25, §; < 1.252, and §; < 1.253.

For the error metrics, lower values indicate better performance. For the threshold accuracies, higher
values indicate better performance.

2.2. Neural Networks

Neural networks consist of artificial neurons. These artificial neurons are inspired by neurons in the
human brain, where they receive input, process it, and then pass the processed signal further on. When
multiple artificial neurons are combined and arranged in layers, they form an artificial neural network.
Figure 2.6 shows the comparison between a biological neuron and an artificial neuron.
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Figure 2.6: Comparison between a biological neuron and an artificial neuron. In the biological neuron (left), dendrites receive
input signals, which are processed in the soma and transmitted through the axon. The artificial neuron (right) models this
process by computing a weighted sum of input signals, adding a bias term, and applying a nonlinear activation (transfer

function) to produce an output [21].

To explain the mathematics behind a neural network in more detail, we give an example in Figure 2.7.
Here, a simple neural network is depicted with only a few connections to keep the example clear.

The first layer that processes the input is called the input layer. The last layer that produces the result

is called the output layer. All layers in between are referred to as hidden layers.

For example, consider the input layer with three inputs x4, x5, z3. Each connection has an associated
weight, such as w;,ws, w3, and each neuron has a bias by, b5, b3. The inputs are multiplied by their
corresponding weights, the bias is added, and the result is passed through a transfer function F;. This

produces the outputs n1, no, n3, ng, which are then passed to the next layer.

This process can be written mathematically as:

ny = Fi(wizy + b1)
ng = Fy(waxs + by)
ng = Fy(wexs + ba)
ny = F3(wszz + b3)

The next hidden layer combines these outputs using new weights ¢; and biases:

mi1 = Fi(qin1 + gang + by)
mao = F5(q3ns + qang + bs)

Finally, the output layer produces the final result:

y = Fs(rim1 + roma + bg)

2.7)
(2.8)
(2.9)
(2.10)

(2.11)
(2.12)

(2.13)
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Figure 2.7: Simplified neural network with an input layer, hidden layer, and output layer, adapted from [21]. Input values are
multiplied by learnable weights, combined with bias terms, and passed through transfer functions to produce intermediate
activations and the final output. This illustrates how neural networks transform input features step by step into a prediction.

Transfer Functions

Transfer functions, also called activation functions, are a key part of neural networks. They introduce
non-linearity into the model. Without this non-linearity, a neural network would only be able to represent
linear relationships, which is not sufficient for most real-world problems.

By applying a nonlinear function after each layer, the network can learn more complex mappings be-
tween inputs and outputs. Common examples of transfer functions include RelLU, sigmoid, and hyper-
bolic tangent functions, defined as:

ReLU(x) = max(0, x) (2.14)
Sigmoid(z) = H% (2.15)
e
et — 7"

These functions are illustrated in Figure 2.8.
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Figure 2.8: Common transfer functions used in neural networks, adapted from [35]. The sigmoid and hyperbolic tangent
functions compress inputs into bounded ranges, while ReLU keeps positive values and suppresses negative values. These
nonlinear functions allow neural networks to model complex relationships beyond simple linear mappings.

2.2.1. Training

A key technique used for training neural networks is backpropagation [32]. Backpropagation efficiently
computes how much each parameter contributes to the loss. During training, a loss function is defined
to measure the difference between the prediction and the ground truth. The goal is to minimize this loss
by computing gradients and updating the network parameters in the opposite direction of the gradient,
moving the model toward a lower loss.

To give an example, suppose the inputs z1, x5, 23 from Figure 2.7 represent the temperature, vibration
level, and load of a mechanical component. The output y from Equation 2.13 is a prediction between
1 and 0, indicating whether the component is likely to fail.

To train the network, we need training data. As an example, consider a sample with values 80°C, high
vibration, and high load, with the label failure, or 1. This label is called the ground truth. During training,
we input these values into the network, and it might output something like 0.3. This is far from the
correct result, since the ideal output should be close to 1.

To train the network, we pass the inputs through the neural network and compute a loss based on the
output. For example, using an L loss:

loss = (1 — 0.3)? (2.17)

The L, loss measures the squared difference between the predicted value and the ground truth. In this
case, the prediction is 0.3 while the correct value is 1, resulting in a relatively large loss. The squaring
ensures that larger errors are penalized more strongly and that the loss is always positive. In general,
the L, loss can be written as:

L = (ytrue — ypred)2 (2.18)

Next, the derivative of the loss is computed. For the L loss, the derivative with respect to the prediction
is:

oL

— =2 — 2.19
8ypred (ypred Ytrue ) ( )

This derivative indicates how sensitive the loss is to changes in the network output. Using backpropa-
gation, this information is propagated through the network to compute how each weight contributes to
the loss. The weights (e.g., w1, w2, w3) are then updated in a direction that reduces the loss.
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By repeating this process many times, the network gradually learns to produce outputs closer to 1 for
similar inputs. Figure 2.9 illustrates this process, where the loss is iteratively reduced until it converges.

N

Loss L 1

/ Initial parameters

_ Update

Update
AN

Lowest loss

>

1
Parameters (w1, wa, ws, .. .)

Figure 2.9: lllustration of neural network training by iterative optimization, adapted from [36]. Starting from an initial set of
weight parameters, the network computes gradients using backpropagation and updates the weights step by step to reduce the
loss. This process gradually moves the model toward weight parameter values that produce more accurate predictions.

2.2.2. Convolutional Neural Networks

A neural network layer typically operates on a vector of numerical data, as shown in the example in
Figure 2.7. When applying this directly to images, the image would first need to be converted into
a vector. However, this quickly becomes impractical, as the number of inputs grows very large. For
example, a 400 x 400 RGB image results in 400 x 400 x 3 input values.

To effectively apply deep learning to images, convolutional neural networks (CNNs) are used [25]. In-
stead of treating the image as a long vector, CNNs take advantage of the spatial structure of the image.

A convolutional neural network works by sweeping a convolutional kernel over the image. This kernel
is a small patch of trainable weights that slides across the image and computes a weighted sum at
each location. In this way, the network extracts local features such as edges, textures, or patterns.
The application of a convolution kernel is shown in Figure 2.10.
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Figure 2.10: lllustration of the convolution operation. A convolution kernel slides over the input image and computes a
weighted sum of the kernel values (Kernel Matrix) and the local image patch (Image Matrix). The resulting value is stored at the
corresponding position in the output feature map (Output Matrix). In this example, the highlighted image region is multiplied
element-wise with the kernel matrix to produce the output value 89. Image adapted from [40].

By applying multiple kernels and stacking several layers, the network can learn increasingly complex
features. Early layers typically detect simple structures such as edges and textures, while deeper layers
combine these into higher-level semantic representations such as object parts and complete objects
[22].

In RGB-based monocular depth estimation, convolutional neural networks have been widely used to
predict depth from a single RGB image. Early work by Eigen et al. [7] showed that CNNs can learn
useful depth cues from images. Laina et al. [24] further improved supervised depth estimation using
a deeper fully convolutional residual network for dense per-pixel prediction. In addition to supervised
methods, self-supervised approaches such as Monodepth2 [14] reduce the need for ground truth depth
by training with image reconstruction losses from stereo image pairs or monocular video. Although
these methods differ in their training strategy, they show that CNN-based models can learn important
visual cues for depth estimation, such as perspective, object layout, and local image structure.

Dilated Convolution
There exist many variants of the standard convolution operation. One commonly used variant, which
is also relevant to this thesis, is dilated convolution. An illustration is shown in Figure 2.11.

Dilated convolution increases the receptive field of the convolution kernel without increasing the number
of trainable parameters. The receptive field refers to the area of the input image that a neuron or kernel
can observe. This is achieved by inserting gaps between the kernel elements, allowing the convolution
to capture information from a larger region of the image while keeping the same kernel size.

Compared to standard convolution, dilated convolution is particularly useful in tasks where larger con-
text is important, such as semantic segmentation and depth estimation.
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Output

(@) (b)

Figure 2.11: lllustration of standard and dilated convolution. In standard convolution (a), the kernel operates on neighboring
pixels directly, resulting in a smaller receptive field. In dilated convolution (b), gaps are introduced between kernel elements,
allowing the kernel to cover a larger spatial region without increasing the kernel size or the number of parameters. Image
adapted from [16].

2.3. Transformers

Transformer architectures have become a fundamental component in modern deep learning. They
were originally introduced by Vaswani et al. [37] for neural machine translation. While transformers
were initially designed for machine translation, they are now widely used across many domains. In
particular, they form the foundation of large language models, where they are used to model long-range
dependencies in text. The architecture of the Transformer is shown in Figure 2.12.

Self-attention

The core idea behind transformers is the use of the self-attention mechanism within the encoder and
decoder blocks. The goal of self-attention is to allow each element in a sequence, e.g., a word in a
sentence, to attend to all other elements in that same sequence. This enables the model to capture
global context, rather than relying only on local or sequential information.

As a result, transformers can process all elements in a sequence in parallel. This differs from earlier
sequence models, such as LSTMs [18], which process the sequence step by step and therefore depend
on the previous hidden state. Parallel processing makes transformers more efficient to train and allows
them to better capture long-range dependencies, especially in long sequences.

The self-attention mechanism works by projecting each input token into three different vectors: a query,
a key, and a value. First, each input token is embedded into a vector representation. This embedding
is then multiplied by three learnable weight matrices, W<, WX, and WV, to obtain the corresponding
query, key, and value vectors. This process is illustrated in Figure 2.13.

After the query, key, and value vectors are computed for all input tokens, the query and key vectors are
compared to compute attention scores. These scores indicate how relevant each token is to the other
tokens in the sequence. The scores are then converted into weights using a softmax function.

The value vectors are multiplied by these weights and combined into a new representation. As a result,
each output vector contains information from its own token, but also from other tokens that the model
considers relevant.

The scaled dot-product attention is defined as:

Z = softmax (?/K—d;j) V, (2.20)
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Figure 2.12: Comparison between the original Transformer architecture and a simplified encoder-decoder representation,
adapted from [37]. The original model consists of repeated encoder and decoder blocks, while the simplified diagram shows
how an input sequence is encoded and then decoded into an output sequence. This illustrates how transformers process
sequences using stacked attention-based blocks.

where @, K, and V are the query, key, and value matrices, and d;, is the dimensionality of the key
vectors. The softmax converts the attention scores into weights. These weights are then applied to the
value vectors to obtain the output representation Z. This process is shown in Figure 2.14a.

The resulting vectors are passed to the feed-forward network and then to the next encoder layer. This
process is repeated for each encoder block, allowing the model to gradually build richer contextual
representations. This is shown in Figure 2.14b.
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Figure 2.13: lllustration of the query, key, and value projections in self-attention, adapted from [1]. Each input token
embedding is multiplied by three learnable weight matrices, W<, WX, and WV, producing a query, key, and value vector for
each token. These projections allow the model to compute how strongly each token should attend to the others.
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(a) Scaled dot-product attention. The attention output Z is computed (b) Output of one Transformer encoder layer. The self-attention
by comparing queries @ with keys K, normalizing the scores with output is passed through a feed-forward network, producing
softmax, and applying the result to the values V. representations that are passed to the next encoder layer.

Figure 2.14: Overview of how self-attention produces intermediate token representations in a Transformer encoder, adapted
from [1]. The scaled dot-product attention compares queries with keys, normalizes the scores with softmax, and applies the
resulting weights to the values. The output is then passed through a feed-forward network, allowing the encoder to build
increasingly contextual representations across layers.

2.3.1. Vision Transformers

Transformers are not limited to sequence-based inputs such as text. They have also been successfully
applied to image data. This application was introduced by Dosovitskiy et al. [5], where transformers
were adapted for image recognition tasks.

Since then, Vision Transformers (ViTs) have become a standard approach for achieving high accuracy
in computer vision. These models apply the transformer architecture to images, enabling them to
capture global context in a similar way as in sequence modeling. The architecture of ViT is shown in
Figure 2.15.

In a Vision Transformer, the image is first divided into smaller fixed-size patches. Each patch can
be seen as a small image region. These patches are then flattened and projected into vectors, also
called patch embeddings. Since the transformer processes the patches as a sequence, positional
embeddings are added to preserve information about where each patch came from in the original
image. The resulting sequence of patch embeddings is passed through a Transformer encoder, where
self-attention allows each patch to exchange information with all other patches. As a result, the model



2.4. Vision Foundation Models 16

can capture both local information from individual patches and global relationships across the full image.
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Figure 2.15: Overview of the Vision Transformer architecture, adapted from [5]. The input image is divided into patches,
projected into patch embeddings, combined with positional embeddings, and processed by a Transformer encoder. This allows
the model to treat image patches as a sequence and capture global relationships across the image.

2.4. Vision Foundation Models

Vision foundation models are general-purpose neural networks trained on large-scale datasets. Their
goalis to learn rich and transferable representations that can be applied to a wide range of downstream
tasks.

Most modern vision foundation models are based on Vision Transformers, due to their strong perfor-
mance and ability to capture global context. Examples include DINO [3], a self-supervised represen-
tation learning method; SAM [20], which is designed for image segmentation; and Depth Anything V2
[41], which focuses on depth estimation.

2.4.1. Depth Anything V2

Depth Anything V2 is a vision foundation model for monocular depth estimation. Its goal is to predict
a dense depth map from a single RGB image while generalizing well to unseen scenes and visual do-
mains. In contrast to task-specific depth networks trained on a limited set of real-world depth datasets,
Depth Anything V2 can be applied directly to unseen images or datasets without additional task-specific
fine-tuning [41].

An important aspect of Depth Anything V2 is its use of synthetic data for supervised training. Real-
world depth labels are often noisy because they are obtained from imperfect sensors or reconstruction
pipelines. For example, depth sensors can fail on transparent or reflective surfaces and stereo matching
can be unreliable in textureless or repetitive regions. These errors are problematic for dense prediction
because the model may learn the noise present in the supervision. Synthetic datasets, on the other
hand, can provide complete and accurate depth annotations, including for challenging cases such as
transparent and reflective surfaces.

However, training only on synthetic data is not sufficient, because synthetic images look different from
real images and contain less scene diversity. Depth Anything V2 addresses this problem with a teacher-
student training strategy. First, a large teacher model based on a DINOv2-Giant encoder is trained
on 595K accurately labeled synthetic images from five datasets. The teacher is then used to predict
pseudo-depth labels for 62M unlabeled real images collected from eight large-scale public datasets.
Finally, smaller student models with different encoder sizes are trained on these pseudo-labeled real
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images. This allows the student models to learn from the teacher’s depth predictions while also bene-
fiting from the visual diversity of real-world images [41].

The model architecture follows the Dense Prediction Transformer (DPT) design [29], as shown in Fig-
ure 2.16. A Vision Transformer encoder extracts image features with global context, while a convolu-
tional decoder converts the transformer tokens into a dense per-pixel depth prediction. Depth Anything
V2 uses DINOv2 [28] encoders at different scales, including small, base, large, and giant variants.
This makes it possible to choose between faster lightweight models and larger, more accurate models
depending on the application. The model predicts relative inverse depth by default. For applications
requiring metric depth, Depth Anything V2 can be further fine-tuned using metric depth labels [41].

In this thesis, Depth Anything V2 with the small backbone is used as the RGB-based vision foundation
model for monocular depth estimation. Its strong generalization ability makes it a suitable backbone for
studying whether knowledge learned from large-scale RGB data can be reused for event-based depth
estimation.
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Figure 2.16: Architecture of the Dense Prediction Transformer (DPT) used for dense prediction tasks such as monocular depth
estimation, adapted from [29]. The input image is first converted into patch tokens and processed by a Vision Transformer
encoder. Tokens from multiple transformer stages are then reassembled into image-like feature maps at different resolutions.
These feature maps are progressively combined by fusion blocks and passed to a task-specific prediction head to produce a
dense depth map.

2.4.2. Depth AnyEvent

Depth AnyEvent [2] is a recent method for event-based monocular depth estimation. It addresses the
limited availability of dense depth annotations for event data by using knowledge from a frame-based
Vision Foundation Model (VFM), such as Depth Anything V2.

The main idea is cross-modal distillation. During training, an RGB frame is passed through a frame-
based teacher model to predict a dense depth map. This prediction is then used as a proxy label for
an event-based student model, which receives the aligned event representation as input and learns
to predict depth from events. In this way, knowledge from the RGB domain is transferred to the event
domain without requiring dense depth annotations from sensors such as LiDAR. This idea is shown in
Figure 2.17.
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Figure 2.17: Distillation strategy of Depth AnyEvent, adapted from [2]. During training, an RGB frame is processed by a
frame-based VFM teacher to generate a dense proxy depth label. An event-based student model receives the aligned event
representation and learns to predict a depth map using this proxy supervision. This transfers depth knowledge from
RGB-based models to event-based depth estimation.

Depth AnyEvent also adapts Depth Anything V2 directly to event data. Since raw events cannot be
processed like RGB images, the events are first converted into the Tencode representation [19], where
event polarity and timing are encoded into three channels. The authors also introduce a recurrent
variant, DepthAnyEvent-R, which uses information from previous event stacks to better exploit the
temporal nature of event streams.

Depth AnyEvent s closely related to this thesis because it also investigates how RGB-based depth foun-
dation models can be used for event-based monocular depth estimation. However, Depth AnyEvent
adapts the VFM using a fixed event representation such as Tencode. In contrast, this thesis keeps
the Depth Anything V2 backbone frozen and learns the event representation itself, allowing us to study
whether a learned representation can better adapt event data to the input space expected by the VFM.

2.5. Event Cameras

Event cameras, or neuromorphic cameras, are a novel way of sensing the real world compared to
traditional RGB cameras. One of the first practical event cameras, the Dynamic Vision Sensor (DVS),
was introduced by Lichtsteiner et al. [26] in 2008, although the concept of neuromorphic vision sensors
dates back even earlier. In recent years, they have gained increasing attention in the computer vision
community, especially in combination with deep learning methods.

Neuromorphic sensors operate in a fundamentally different way than standard RGB sensors. Most
importantly, event cameras are asynchronous, whereas RGB cameras are synchronous. In a conven-
tional RGB camera, a full image is captured by reading out the entire pixel array at fixed time intervals,
producing frame-based images. In contrast, pixels in an event camera operate independently and only
generate an event when a change in intensity is detected.

An event is typically represented as a 4-tuple:

(p,t,z,y)

where p denotes the polarity, indicating whether the intensity increased (positive) or decreased (nega-
tive), ¢ is the timestamp of the event, and (z, y) are the pixel coordinates.

Because event camera pixels operate independently and asynchronously, they achieve very high tem-
poral resolution and low latency, typically in the order of microseconds [9]. In addition, they offer a high
dynamic range and low power consumption compared to traditional RGB cameras.
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These properties make event cameras suitable for applications such as high-speed object detection [11],
depth estimation [17], and high dynamic range imaging [39].

2.5.1. Event Representations

Because events are sparse and asynchronous, there are fewer established methods to process them
directly. To leverage existing methods designed for image-like inputs, various event representations
have been proposed to convert sparse and asynchronous event data into dense, synchronous, image-
like formats. These are commonly referred to as event representations.

There are many such representations, including voxel grids, time surfaces, and event frames. In addi-
tion, more specialized representations exist. In this thesis, the Tencode event representation [19] plays
an important role.

Voxel Grids
Voxel grids, also referred to as event volumes, are one of the most natural dense representations for
event data. A voxel grid is a 3D volume where events are accumulated along three axes: time, and
the spatial coordinates x and y. Each voxel may have different values, such as counts or the polarity
of the event.

The advantage of voxel grids is that they preserve temporal information, unlike 2D representations that
collapse time. However, a disadvantage is that they can be memory-intensive and computationally
expensive, especially when using a high temporal resolution. An example of a voxel grid is shown in
Figure 2.18.

Figure 2.18: Example of a voxel grid representation for event data, adapted from [9]. Events are accumulated over spatial
coordinates and time, with red indicating negative intensity changes and blue indicating positive intensity changes. This
representation preserves temporal structure better than a single 2D event frame, but can require more memory due to its
additional time dimension.

Time Surfaces

A time surface is a 2D representation where each pixel stores a single time value, typically the times-
tamp of the most recent event at that location [23]. As a result, time surfaces can be seen as images
in which the intensity of each pixel depends on the recency of events.

The main advantage of time surfaces is that pixel values can be updated asynchronously while preserv-
ing precise temporal information. However, a limitation is that only the timestamp of the most recent
event is stored, meaning that earlier events at the same pixel are discarded.

An example of a time surface is shown in Figure 2.19.
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Figure 2.19: Example of a time surface representation for event data, adapted from [9]. Each pixel stores the timestamp of the
most recent event at that location, with darker pixels indicating more recent events. This representation preserves event
recency in an image-like format, but discards older events at the same pixel.

Event Frames

Event frames, also referred to as 2D histograms, are a 2D image-like event representation where pixel
values are obtained by accumulating events over a time window, for example by counting the number
of events or summing their polarities.

The main advantage of event frames is that they produce a dense 2D representation, making them
directly compatible with traditional CNNs. However, a limitation is that temporal information is lost, as
the exact timing of events is not preserved.

An example of an event frame is shown in Figure 2.20.

Figure 2.20: Example of an event frame representation, adapted from [9]. Events are accumulated over a fixed time window
into a 2D image, where gray indicates no events, black indicates negative polarity, and white indicates positive polarity. This
representation is directly compatible with conventional image-based neural networks, but loses precise temporal information.

Tencode

The Tencode event representation was introduced by Huang et al. [19] as a method to convert event-
based data into an image-like representation. Given a frame F with three color channels, Tencode
maps events to pixel values based on their polarity and timestamp:
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2 : tmax —t
F(z,y) = <255,55(At),0) , for (z,y,t,+1) (2.21)
2 : tmax —1
F(z,y) = (o, 55(&),255> . for (z,y,t,—1) (2.22)

where (z,y,t,p) represents an event with spatial coordinates (z,y), timestamp ¢, and polarity p €
{+1, —1}. The variable ¢,,,x denotes the timestamp of the most recent event within the time window
[tmax — At, tmax), and At is the duration of the time window.

In this representation, positive events are encoded in the red channel and negative events in the blue
channel, while the green channel represents the relative timing of the event within the time window.
More recent events have higher intensity values, allowing the representation to capture temporal infor-
mation in a dense image format. An example of Tencode is shown in Figure 2.21.

Figure 2.21: Example of the Tencode event representation, adapted from [19]. Positive events are encoded in the red channel
and negative events in the blue channel, while the green channel represents the relative timing of events within the time
window. Pixels with no events are set to zero. This results in an RGB-like representation that can be directly used as input to
models originally designed for image data.

2.6. Datasets

An important requirement for training deep neural networks is the availability of datasets. In the event
domain, datasets can generally be divided into two categories: synthetic datasets and real-world
datasets. In this section, we first explain what synthetic datasets are and why they are used. We
then introduce the real-world datasets used in this thesis: MVSEC [44] and DSEC [13].

2.6.1. Synthetic Datasets

Synthetic datasets are datasets that are not captured directly from the real world. Instead, the data
is generated using simulation environments. In the event domain, this means that event data is artifi-
cially generated using simulators such as CARLA [6] or ESim [31]. An example of such a dataset is
EventScape [12], which is generated using the CARLA simulator. An example is shown in Figure 2.22.

Synthetic datasets are useful because they make it possible to generate large amounts of data with
accurate ground truth. For example, by simulating driving scenarios, we can create artificial event
streams together with corresponding depth maps. This makes synthetic datasets especially useful for
pretraining neural networks before applying them to real-world event data.
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(a) events (b) images (c) depth maps (d) segmentation labels

Figure 2.22: Example from the EventScape synthetic dataset, adapted from [12]. From left to right, the figure shows generated
event data, an RGB image, a depth map, and semantic segmentation labels for the same simulated driving scene. This
illustrates how synthetic datasets can provide multiple aligned modalities with accurate ground truth for training or pretraining.

2.6.2. DSEC

The first dataset used in this thesis is A Stereo Event Camera Dataset for Driving Scenarios (DSEC) [13].
DSEC is a driving dataset recorded in Zurich and contains both daytime and nighttime sequences. The
dataset provides event data, RGB images, and ground truth depth obtained from LiDAR scans.

In total, the dataset consists of approximately 26k samples, which are divided into 19k training samples
and 7k testing samples. Both the training and testing splits contain a mix of daytime and nighttime
sequences.

The event data is captured using two stereo Prophesee Gen3.1 event cameras with a resolution of
640 x 480. The RGB images are captured using stereo FLIR Blackfly cameras with a resolution of
1440 x 1080. The ground truth is obtained using a 16-channel Velodyne VLP-16 LiDAR.

A

Figure 2.23: Example samples from the DSEC dataset, adapted from [13]. From left to right, the figure shows event data,
depth maps aligned with the event camera, RGB images, and depth maps aligned with the RGB camera for different driving
scenes. This dataset provides real-world driving data with event streams, RGB images, and LiDAR-based depth ground truth.

2.6.3. MVSEC

The second dataset used in this thesis is the Multi Vehicle Stereo Event Camera Dataset (MVSEC) [44].
Compared to DSEC, MVSEC is an older dataset with a lower spatial resolution. It contains data from
different vehicles, including hexacopters, motorcycles, and cars. In this thesis, we only use the car
driving sequences.

In total, MVSEC consists of approximately 32k samples, which we split into 12k training samples and
20k testing samples. To keep the comparison consistent with related work, the training set consists of
a single daytime sequence, while the testing set contains one daytime sequence and three nighttime
sequences.

The event data is captured using stereo DAVIS 346B event cameras with a resolution of 346 x 260. An
important property of this camera is that it includes an integrated RGB sensor. This means that the
camera captures both events and RGB images, and that both modalities are spatially aligned. The
ground truth is obtained using a 16-channel Velodyne Puck LITE LiDAR.
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(a) Hexacopter Indoor Flight with (b) Hexacopter Outdoor Flight with (c) Handheld with Difficult Lighting
Vicon Motion Capture. Qualisys Motion Capture. Conditions.

Figure 2.24: Example samples from the MVSEC dataset, adapted from [44]. The figure shows event data overlaid on
grayscale intensity images across indoor, outdoor, handheld, daytime, and nighttime scenarios. This illustrates the diversity of
MVSEC, while the lower spatial resolution compared to DSEC is an important dataset characteristic for this thesis.
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Figure 1. Qualitative comparison on DSEC for event-based monocular depth estimation. Depth AnyEvent (DAE) [1] is the baseline
method, while U-Net DAv2 and FullyConv DAv2 are our proposed methods. The top row shows the RGB reference image, the predicted
depth maps from DAE, U-Net DAv2, and FullyConv DAv2, and the event representation learned by the U-Net representation learner.
The bottom row shows the sparse LiDAR ground truth, the masked RMSE error maps for each prediction, and the event representation
learned by the FullyConv representation learner. Our learned representations produce sharper depth predictions and lower errors than DAE,
showing that learning the event representation improves in-domain performance on DSEC.

Abstract

Event cameras are a novel sensing modality, but the lack
of densely annotated datasets remains a major limitation
for tasks such as monocular depth estimation. To ad-
dress this, we investigate how Vision Foundation Models
(VFMs), trained on large-scale RGB datasets, can be lever-
aged for event-based depth estimation. Previous work com-
bines handcrafted event representations with fine-tuning of
VFMs to adapt them to the event domain. In contrast,
we learn an event representation while keeping the VFM
frozen. We evaluate two representation learners, a U-Net
and a Fully Convolutional (FullyConv) model, on DSEC
and MVSEC. The results show that learned event repre-
sentations are highly effective in-domain: both models out-
perform all baselines on DSEC, including Depth AnyEvent
(DAE) and direct RGB input to Depth Anything V2 (DAv2),
while the FullyConv model remains competitive on MVSEC.
Cross-dataset experiments show that this improvement does
not consistently transfer under domain shift. These findings
indicate that learning the input representation is a strong
strategy for in-domain event-based depth estimation, but
that representation learning alone is not sufficient to guar-

antee robust cross-dataset generalization.

1. Introduction

Depth estimation is a fundamental topic within computer vi-
sion. It has several applications within the automotive [26],
robotics [7, 31], and AR/VR [9] domains. Neuromorphic
cameras, also known as event cameras, are a novel type of
sensor inspired by the biological principles of the human
eye. This sensing modality holds promise in the computer
vision field due to the higher temporal resolution, higher dy-
namic range, and lower power consumption compared with
conventional RGB cameras. These advantages make event
cameras promising for depth estimation.

However, due to their novelty, datasets with dense depth
ground truth remain scarce. To address this limitation, we
aim to leverage VFMs, which are trained on large-scale
RGB datasets, for depth estimation in the event domain.
A key challenge is that event cameras operate fundamen-
tally differently from RGB cameras. While RGB cameras
synchronously capture images at a fixed frame rate, event
cameras operate asynchronously, where each pixel indepen-



dently generates events indicating whether the intensity in-

creased or decreased.

Previous work addresses this gap by utilizing a fixed
event representation and subsequently fine-tuning VFMs to
adapt them to the event domain for depth estimation [1, 33].
However, this approach has several limitations. First, a
fixed event representation may be suboptimal for the VFM,
even after fine-tuning. Furthermore, fine-tuning VFMs can
reduce generalizability across datasets, as the model be-
comes more specialized to the training data. Lastly, fine-
tuning VFMs requires significant computational resources.

In this work, we propose a methodology to adapt RGB-
based VFMs to the event domain for monocular depth es-
timation by learning the event representation while keep-
ing the VFM frozen. Our results show that this strategy is
highly effective in-domain on DSEC and remains competi-
tive on MVSEC. However, cross-dataset experiments show
that freezing the VFM does not consistently improve gen-
eralization under domain shift, indicating that the learned
representation itself can still become dataset-specific.

Our contributions are as follows:

* We introduce an event-to-VFM adaptation strategy that
learns an event representation while keeping the RGB-
based VFM frozen.

* We compare two architectures for learning the event rep-
resentation: a U-Net-based architecture and a FullyConv
architecture.

* We show that learned event representations achieve
strong in-domain performance, especially on DSEC,
while cross-dataset experiments reveal that representation
learning alone does not consistently improve generaliza-
tion.

* We analyze the trade-off between accuracy and com-
putational efficiency, showing that U-Net provides the
strongest runtime trade-off, whereas FullyConv achieves
competitive accuracy with substantially fewer trainable
parameters.

2. Related Work

Image-based Depth Estimation. Monocular depth estima-
tion has seen significant progress over the past decade, ini-
tially driven by Convolutional Neural Network (CNN) ar-
chitectures such as the one proposed by Godard et al. [12].

Building on these foundations, the introduction of the
Vision Transformer (ViT) [8] enabled models to capture
long-range dependencies more effectively, leading to fur-
ther improvements in downstream vision tasks. In the con-
text of depth estimation, transformer-based approaches such
as those proposed by Ranftl et al. [22, 23] have demon-
strated improved accuracy and generalization compared to
earlier CNN-based methods in the RGB domain.

Vision Foundation Models. Building upon the DPT
framework [23], a recent line of VFMs for depth esti-

mation has emerged, notably the Depth Anything mod-
els [28]. These models combine DPT-based architectures
with large-scale training and improved feature aggregation
strategies. DPT leverages a hybrid encoder-decoder de-
sign that extracts multi-resolution features from intermedi-
ate transformer layers and fuses them through a convolu-
tional decoder.

Subsequent work, such as Depth Anything V2
(DAv2) [29], further improves performance and general-
ization. These models are trained on large-scale RGB im-
age datasets and demonstrate strong zero-shot generaliza-
tion across a wide range of domains. Other notable models
include Depth Pro [2], MiDaS [22], and more recent devel-
opments such as Depth Anything V3 [17].

Event-based Depth Estimation. Depth estimation with
event cameras has also seen recent developments. A line
of work focuses on estimating depth using only event
data[13, 15, 19, 20]. In these approaches, the asynchronous
event stream is first converted into a voxel grid representa-
tion, after which standard neural networks are applied to
predict depth.

Other approaches incorporate sensor fusion with addi-
tional sensors such as LiDAR to improve accuracy. These
methods leverage the complementary nature of LiDAR,
which provides sparse but accurate depth measurements [3,
4].

Another line of work explores multi-modal fusion of
event data with RGB images. In these approaches, event
data is used to complement RGB images, providing ad-
ditional temporal and structural information that improves
depth estimation accuracy [6, 16, 18].

RGB-to-Event Distillation. Since event data has a fun-
damentally different modality compared to RGB images,
existing RGB-based depth estimation models do not di-
rectly generalize to the event domain. To address this
modality gap, a line of work has emerged that focuses on
adapting pretrained RGB models to event-based data.

These approaches typically leverage powerful Vision
Foundation Models trained on large-scale RGB datasets as
teacher models, while an event-based model acts as the stu-
dent. In this setting, knowledge is transferred from the RGB
domain to the event domain through a distillation process.

Zhang et al. [30] introduce a cross-modality knowledge
distillation framework in which a pretrained RGB-based
teacher model [2 1] supervises an event-based spiking neural
network as the student. The teacher generates depth maps
from RGB images, which are then used as pseudo ground
truth to train the student model on temporally aligned event
data.

Other methods [1, 16, 33] follow a similar paradigm, us-
ing DAv2 [29] as the teacher model to guide event-based
depth estimation.

In particular, our work is inspired by Bartolomei et



al. [1], who propose Depth AnyEvent (DAE), a distillation-
based approach for event-based depth estimation. Their
method converts events into a Tencode representation [14],
which is then used as input to a Vision Foundation Model
that is subsequently fine-tuned for depth estimation.

However, using fixed event representations such as Ten-
code, as in DAE, or voxel grids, as in Depth Any Event
Stream [33], may be suboptimal for the VFMs they are
paired with. Furthermore, fine-tuning the VFM on these
representations can lead to reduced generalizability across
datasets, as the model becomes more specialized to the
training data.

This motivates the core idea of our work: instead of re-
lying on a fixed event representation, we propose to learn
the representation jointly with the model while keeping the
VFM frozen.

3. Proposed Method

Our goal is to bridge the modality gap between event data

and RGB-based VFMs without modifying the VFM itself.

Instead of relying on a handcrafted event representation

such as Tencode [14], we introduce a small neural network

that learns to convert event data into a representation that
can be processed by a frame-based monocular depth esti-

mation model such as DAv2 [29].

Concretely, we place a lightweight representation learner
in front of a pretrained VFM. This network takes a slice of
event data as input and produces an image-like representa-
tion that is compatible with the underlying VFM. The VFM
is kept frozen during training, while only the representa-
tion learner is optimized. This allows us to retain the strong
generalization capabilities of the VFM while avoiding the
computational cost of fine-tuning.

We investigate two different architectures for this repre-
sentation learner:

e A U-Net-based architecture [25], which captures multi-
scale spatial features through an encoder-decoder struc-
ture with skip connections.

¢ A Fully Convolutional network architecture [5], which
serves as a lightweight alternative.

Both architectures are trained end-to-end together with
a frozen DAv2 as the VFM, allowing the representation
learner to adapt the event input to the feature space expected
by the DAv2.

3.1. U-Net-Based Representation Learner

The first representation learner architecture is based on the
U-Net [25]. It consists of a U-Net with two encoder blocks
and two decoder blocks, followed by a 1 X 1 convolution
to map the output to a 3-channel tensor, making it compat-
ible with DAv2. Finally, a sigmoid activation is applied to
produce the final event representation.
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Figure 2. U-Net-based representation learner used to adapt event
data to the frozen DAv2 backbone. The network encodes the
voxel-grid event input through two downsampling stages and pro-
duces a three-channel image-like representation using decoder
blocks with skip connections.

Each block consists of two convolutional layers, each
followed by batch normalization and a ReLU activation.
The base number of channels is set to 32, and is doubled
after each encoder stage.

The architecture of this representation learner is shown
in Figure 2.

3.2. Fully Convolutional Representation Learner

The second representation learner architecture is based on
a Fully Convolutional network (FullyConv) [5]. This net-
work differs from the U-Net-based architecture in that it
does not perform any downsampling, and therefore main-
tains the spatial resolution throughout the network.

We adopt the architecture proposed by the original au-
thors. It consists of 9 convolutional blocks, followed by a
final 1 x 1 convolution to map the features to a 3-channel
output, making it compatible with the DAv2 input.

Each block consists of a dilated convolution, a learn-
able normalization layer, and a leaky ReLU activation. The
use of dilated convolutions allows the network to capture a
larger receptive field without reducing spatial resolution.

The architecture of this representation learner is shown
in Figure 3.

3.3. Training Details

The final monocular depth estimation pipeline consists of
the representation learner, either U-Net or FullyConv, fol-
lowed by a pretrained DAv2 model with a ViT-S backbone.
The overall pipeline is illustrated in Figure 4.

During training, the DAv2 model is kept frozen, and only
the representation learner is optimized. Concretely, gradi-
ents are not propagated through the DAv2 parameters, en-
suring that its pretrained weights remain unchanged. The



Figure 3. FullyConv representation learner used to convert voxel-
grid event input into a three-channel DAv2-compatible representa-
tion. The model uses a sequence of dilated convolutional blocks,
with the dilation rate indicated for each layer, and preserves the
spatial resolution throughout the network. [5]

&

U-Net/ Fully Conv

Intermediate
representation

Events —»| Depth Anything V2 |— Depth

Figure 4. Overview of the proposed event-to-depth pipeline. A
trainable representation learner converts voxel-grid event input
into a three-channel representation, which is then processed by a
frozen DAv2 backbone to predict monocular depth. By optimizing
only the representation learner, the method adapts event data to the
VFM while preserving the pretrained backbone.

representation learner is optimized using the Adam opti-
mizer.

3.3.1. Event Input Representation

For all experiments, we construct a fixed temporal slice of
the event stream using a time window AT. Each event is
represented as (i, y, t, p), where (z, y) denotes the pixel lo-
cation, ¢ the timestamp, and p € {0, 1} the polarity.

Within each time window, the events are aggregated into
a voxel grid representation with B temporal bins. Specifi-
cally, the timestamps are normalized to the range [0, B — 1]
and discretized into bins, resulting in a tensor of size B X
H x W. This representation provides a dense and tempo-
rally structured input that is compatible with convolutional
processing.

3.3.2. Loss Function

We adopt the same loss formulation as used in DAE [1].
The loss consists of a scale- and shift-invariant loss and a
gradient regularization term [22].

The scale- and shift-invariant loss is defined as:

. 1 . 2
Lsi(D,D*) = —— D(z,y) — D*(z,
(,D%) = 530 (z%M( (2.9) = D*(z,9))
ey

Here, M denotes the set of valid pixels. D* denotes the
ground truth depth, and D is the scaled and shifted version
of the predicted depth D, defined as:

D=sD+t 2)

The scale s and shift ¢ are computed using a least-squares
formulation:

(s.t) =argmin Y (sD(z,y) +t—D"(z,1)" 3)
T (my)emM

This formulation ensures that the loss is invariant to
global scale and shift differences between the prediction and
the ground truth, which is important since monocular depth
estimation suffers from scale ambiguity.

In addition, a multi-scale gradient regularization term is
applied to encourage spatial smoothness while preserving
edges:

K
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Lye s ) = TAq T
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(IVaRi| + [Vy Ri])

“)
where Ry, = D), — Dj; represents the difference map at
scale k.
The final loss is given by the sum of the two terms:

L=Lg+ >\[freg (5)

3.4. Processing Details

One important detail is that DAv2 predicts relative inverse
depth by default. As a result, the output is not directly com-
parable to the metric depth ground truth used in our experi-
ments.

To address this, we invert the predicted inverse depth to
obtain a depth estimate:

1

- 6
Dpayy +1 ©

where Dpayy denotes the inverse depth predicted by DAv2.

We found that using a very small constant (e.g., 1le~%)
led to unstable results due to large depth values when Dpay»
approaches zero. In contrast, adding a constant offset of 1
results in more stable behavior during training. This behav-
ior is shown in Figure 5.



4. Experiments

In this section, we describe the experimental settings,
datasets, evaluation metrics, and present the experimental
results along with their discussion.

4.1. Experimental Settings

Hyperparameters

For all experiments, we set the time window AT to 50
ms and the number of temporal bins B to 5. The gradient
regularization weight A is set to 0.25, following [1].

We train all models using the Adam optimizer with a
batch size of 10 and a learning rate of 1e~* without weight
decay. All experiments are implemented in PyTorch and
trained on a single NVIDIA A40 GPU with 48 GB VRAM.

All networks are trained for 50 epochs. Due to increased
computational cost and memory usage, RGB-input-based
models are trained for 25 epochs.

For all training experiments, we use the ViT-S variant
of DAv2. Furthermore, since DAv2 outputs relative in-
verse depth, we set the inversion constant to 1 as defined
in Eq. (6).

4.2. Datasets and Evaluation

We use two event-based datasets for our experiments:
DSEC [11] and MVSEC [32].

The DSEC dataset consists of 53 driving sequences
recorded under varying illumination conditions. Events are
captured using two stereo Prophesee Gen3.1 event cameras
with a resolution of 640 x 480. In addition, the dataset pro-
vides RGB images from two separate stereo FLIR Black-
fly cameras at a resolution of 1440 x 1080. Ground truth
depth is obtained using a 16-channel Velodyne VLP-16 Li-
DAR. In total, DSEC contains approximately 26k samples,
which we split following [1] into 19k training samples and
7k testing samples, both consisting of a mix of daytime and
nighttime sequences.

The MVSEC dataset provides event data across multiple
scenarios, including motorcycles, cars, and drones. In this
work, we focus on the car driving sequences. Events are
recorded using two stereo DAVIS 346B event cameras with
a resolution of 346 x 260. Unlike DSEC, the DAVIS sen-
sors include an integrated RGB camera, meaning that event
and RGB data are spatially aligned by design. In contrast,
DSEC uses separately mounted event and RGB cameras,
requiring additional alignment. Ground truth in MVSEC is
obtained using a 16-channel Velodyne Puck LITE LiDAR.
In total, we split the dataset into 12k training samples and
20k testing samples. The training set consists of a single
daytime sequence, while the testing set includes one day-
time and three nighttime sequences.

4.2.1. Evaluation Metrics

For the evaluation, we use several standard depth estimation
metrics: absolute relative error (Abs Rel), squared relative
error (Sq Rel), root mean squared error (RMSE), logarith-
mic RMSE (RMSE log), and scale-invariant logarithmic er-
ror (SI log). In addition, we report accuracy under different
thresholds, defined as § < 1.25, § < 1.252, and § < 1.25%.

During evaluation on the test sets, we apply a scale and
shift to the predicted depth maps to align them with the
ground truth before computing the metrics.

4.3. In-Domain Evaluation

In this experiment, we evaluate both models, U-Net and
FullyConv, when trained and evaluated on the same dataset,
DSEC or MVSEC. The results are shown in Table 1. In Fig-
ure 6, we show qualitative visualizations of our methods on
DSEC and MVSEC.

For DSEC, we use a batch size of 10 for both the U-
Net and FullyConv models. For the U-Net, we apply a
320 x 640 center crop as the only preprocessing step. For
the FullyConv model, we instead train with a 260 x 346
random crop. This crop size matches the MVSEC resolu-
tion and is used to keep the same checkpoint consistent with
the cross-dataset generalization experiment discussed in the
next section. When validating this model on DSEC, we use
a 320 x 640 center crop as the only preprocessing step.

For MVSEC, we also use a batch size of 10 for both
models. In this case, we apply a 260 x 346 crop as the only
preprocessing step.

We compare our method against five different baselines.

First, we directly feed the Tencode representation into
pretrained DAv2 without any fine-tuning.

Second, we feed the RGB images from the datasets di-
rectly into DAv2 without any fine-tuning. This serves as
a baseline using the input modality originally expected by
DAv2.

Third, we compare against DAE [1] using their pre-
trained weights. Figure 1 shows a qualitative comparison
of DAE against our methods for the DSEC dataset.

Fourth, we evaluate an event-based depth estimation
pipeline consisting of E2VID [24] as an event-to-intensity
reconstruction method. We use pretrained E2VID weights
to reconstruct intensity images from the event data and sub-
sequently feed these reconstructed images into DAv2. Since
the reconstructed intensity images are single-channel, we
duplicate them to three channels before passing them to
DAv2.

Finally, we evaluate a similar reconstruction-based
pipeline using ET-Net [27] instead of E2VID.

The results in Table | show that learned event represen-
tations are highly effective on DSEC. Both representation
learners outperform all baselines across all metrics. Com-
pared to DAE, U-Net DAv2 reduces Abs Rel from 0.201



Table 1. In-domain depth estimation results on DSEC and MVSEC. We compare event-to-depth baselines, RGB and event reconstruction
pipelines with DAv2, and our trainable event-to-DAv2 adapters using standard depth estimation metrics. Best results are shown in bold
and second-best results are underlined. Our learned representations achieve the best overall performance on DSEC, while FullyConv DAv2

remains competitive with DAE on MVSEC.

Model AbsRel | SqRel] RMSE| RMSElog| SIlog|! §< 1251 §<1.2521 §<1.25%1
DSEC
Depth AnyEvent (DAE) [1]  0.201 0.079 8.880 0.266 0.077 0.664 0917 0.975
Tencode DAv2 0.260 0.160 10.349 0.312 0.106 0.588 0.860 0.952
RGB DAv2 0.170 0.069 7.748 0.225 0.053 0.761 0.944 0.983
E2VID DAv?2 [24] 0.214 0.112 9.160 0.278 0.084 0.674 0.900 0.967
ETNet DAv2 [27] 0.236 0.131 9.723 0.299 0.098 0.630 0.881 0.960
U-Net DAv2 (Ours) 0.148 0.049 7.109 0.196 0.042 0.799 0.959 0.989
FullyConv DAv2 (Ours) 0.149 0.049 7.128 0.200 0.044 0.793 0.956 0.989
MVSEC
Depth AnyEvent (DAE) [1]  0.377 0.741 6.647 0.454 0.226 0.469 0.745 0.882
Tencode DAv2 0.622 1.230 9.111 0.630 0.385 0.326 0.569 0.737
RGB DAv2 0.421 0.949 7.254 0.522 0.278 0.454 0.748 0.869
E2VID DAv2 [24] 0.667 1.379 9.481 0.650 0.399 0.298 0.548 0.722
ETNet DAv2 [27] 0.763 1.731 9.751 0.695 0.448 0.271 0.504 0.680
U-Net DAv2 (Ours) 0.427 0.785 6.989 0.536 0.305 0413 0.691 0.846
FullyConv DAv2 (Ours) 0.375 0.736 6.673 0.421 0.180 0.472 0.752 0.892

Table 2. Cross-dataset generalization results between DSEC and MVSEC. Models are trained on one dataset and evaluated on the other
without additional fine-tuning, allowing evaluation under domain shift. Best results are shown in bold and second-best results are under-
lined. FullyConv DAv2 is competitive when transferring from DSEC-to-MVSEC, but neither representation learner consistently outper-

forms DAE across both transfer directions.

Model AbsRel | SqRel] RMSE| RMSElog| SIlog| 6§ <1251 §<1.2521 6< 1251
DSEC — MVSEC

Depth AnyEvent (DAE)  0.471 0.875  8.013 0.607 0.386 0.392 0.655 0.807

U-Net DAv2 0.506 0.977  8.197 0.598 0.363 0.383 0.645 0.799

FullyConv DAv2 0.448 0.875  7.668 0.573 0.342 0.431 0.690 0.828
MVSEC — DSEC

Depth AnyEvent (DAE)  0.280 0.158  10.953 0.317 0.101 0.533 0.842 0.955

U-Net DAv2 0.307 0.181  11.761 0.361 0.133 0.477 0.803 0.940

FullyConv DAv2 0.309 0216  11.721 0.362 0.137 0.511 0.808 0.933

to 0.148 and RMSE from 8.880 to 7.109, corresponding to
relative reductions of approximately 26% and 20%, respec-
tively. FullyConv DAv2 achieves similar performance, with
an Abs Rel of 0.149 and RMSE of 7.128. Both variants also
outperform the RGB DAv2 baseline, despite using event
data rather than the RGB input modality for which DAv2
was originally trained. This suggests that the learned rep-
resentations are not merely image-like reconstructions, but

are adapted to the input distribution expected by the frozen
DAv2 backbone.

On MVSEC, the results are more mixed. FullyConv
DAV2 obtains the best Abs Rel among the compared meth-
ods, slightly improving over DAE from 0.377 to 0.375. It
also improves SI log from 0.226 to 0.180 and improves the
threshold accuracies, with § < 1.253 increasing from 0.882
to 0.892. However, DAE remains slightly better in RMSE,
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Figure 5. Effect of the inversion constant when converting the relative inverse depth predicted by DAv2 into depth estimates. The raw
relative inverse depth prediction is shown together with the resulting depth maps after applying 1/(Dpav2 + ¢) for different constants (c).
Small constants produce unstable depth estimates for nearby objects, whereas larger constants compress close-range depth variation and

lead to more stable training behavior.

with 6.647 compared to 6.673 for FullyConv DAv2, and U-
Net DAv2 performs worse than both methods. Therefore,
the MVSEC results should be interpreted as competitive
rather than clearly superior.

The difference between DSEC and MVSEC is likely re-
lated to dataset characteristics. DSEC has higher spatial
resolution and a more diverse training split, while MVSEC
has lower resolution and a training set consisting of a sin-
gle daytime sequence. In addition, the MVSEC test split
contains both daytime and nighttime sequences, which in-
troduces a larger train-test domain shift. These factors make
it harder for the representation learner to learn a robust map-
ping from events to the frozen DAv2 input space.

Overall, the in-domain results support the main hypoth-
esis that a representation learner can adapt event data to
a frozen RGB-based VFM. However, the strength of this
adaptation depends on the dataset. The approach is clearly
beneficial on DSEC, while on MVSEC the improvement is
limited and architecture-dependent.

4.4. Cross-Dataset Generalization

Table 2 shows the generalizability of our method across the
DSEC and MVSEC datasets. In this experiment, we evalu-
ate how well the models transfer across datasets by training
on one dataset and evaluating on the other. Specifically, we
train on DSEC and evaluate on MVSEC, and vice versa.

For DAE [1], we follow the same protocol by taking the
pretrained checkpoint trained on one dataset (e.g. DSEC)
and evaluating it on the other dataset (e.g. MVSEC), with-
out any additional fine-tuning.

This setup enables us to assess the robustness of the
learned representations across different domains, as DSEC
and MVSEC differ in camera properties, environments, and
data distributions. In particular, we are interested in evalu-
ating the generalizability of our method, as we keep DAv2
frozen during training, which may help the model general-
ize across datasets. In contrast, DAE fine-tunes the back-
bone, which may lead to stronger adaptation to the train-
ing dataset but potentially reduced generalization across
datasets.

The results in Table 2 show that learning the event repre-
sentation does not consistently improve cross-dataset gen-
eralization. In the DSEC to MVSEC setting, FullyConv

DAv2 improves over DAE on most metrics. Abs Rel de-
creases from 0.471 to 0.448, RMSE decreases from 8.013
to 7.668, SI log decreases from 0.386 to 0.342, and § <
1.25 increases from 0.392 to 0.431. This indicates that
the FullyConv representation transfers reasonably well from
DSEC to MVSEC. However, the U-Net variant performs
worse than DAE in the same transfer direction, with Abs
Rel increasing from 0.471 to 0.506 and RMSE increasing
from 8.013 to 8.197. Therefore, the benefit is architecture-
dependent rather than a general effect of freezing DAv2.

In the MVSEC to DSEC setting, both learned representa-
tion models underperform DAE. Depth AnyEvent achieves
an Abs Rel of 0.280 and RMSE of 10.953, whereas U-
Net DAv2 obtains 0.307 and 11.761, and FullyConv DAv2
obtains 0.309 and 11.721. This shows that representa-
tions learned from MVSEC do not transfer as effectively
to DSEC. The direction of transfer is therefore important:
training on the higher-resolution and more diverse DSEC
dataset transfers better to MVSEC than training on MVSEC
transfers to DSEC.

A likely explanation is that DAE benefits from additional
pretraining on the synthetic EventScape dataset [10], which
provides a more diverse training distribution before fine-
tuning on the target event dataset. In contrast, our method
trains the representation learner only on the source dataset
while keeping DAv2 frozen. Although this preserves the
pretrained RGB-depth backbone, the representation learner
can still learn dataset-specific event statistics. This effect is
especially relevant for MVSEC, where the training data is
lower resolution and less diverse.

Overall, the cross-dataset experiments refine the main
conclusion of this work. Freezing DAv2 is not sufficient by
itself to guarantee better generalization. The learned rep-
resentation must also be domain-invariant. In our experi-
ments, representation learning improves in-domain perfor-
mance, especially on DSEC, but does not consistently solve
the domain shift between DSEC and MVSEC.

4.5. In-Domain Ablation Studies

In this section, we analyze the impact of several design
choices in our method. We study the effect of using a
grayscale representation, changing the output activation,
modifying the U-Net architecture, and making the inver-



Table 3. In-domain ablation study of the proposed representation learners on DSEC and MVSEC. We evaluate output dimensionality,
U-Net capacity, output activation, and the use of a learnable inverse-depth constant. Best and second-best results are marked in bold and
underlined within each model family and dataset. Learnable inversion constants generally improve performance, while reduced U-Net

capacity is mainly beneficial on MVSEC.

Model AbsRel | SqRel | RMSE | RMSElog| Sllogl 6 <1.251 6§ <1.2521 & < 1.25%1
DSEC
U-Net DAv2 (baseline) 0.148 0.049 7.109 0.196 0.042 0.799 0.959 0.989
U-Net DAv2 (ReLU activation) 0.149 0.050 7.159 0.195 0.041 0.797 0.959 0.990
U-Net DAv2 (grayscale) 0.157 0.055 7.389 0.205 0.046 0.780 0.952 0.988
U-Net DAv2 (16 channels) 0.158 0.053 7.517 0.205 0.046 0.777 0.952 0.988
U-Net DAv2 (1 encoder, 1 decoder) 0.166 0.058 7.769 0.218 0.051 0.758 0.945 0.986
U-Net DAv2 (learnable constant) 0.144 0.047 7.053 0.185 0.037 0.810 0.963 0.991
FullyConv DAV2 (baseline) 0.149 0.049 7.128 0.200 0.044 0.793 0.956 0.989
FullyConv DAV?2 (grayscale) 0.159 0.053 7.528 0.209 0.048 0.775 0.951 0.987
FullyConv DAv2 (learnable constant) ~ 0.143 0.046 7.018 0.183 0.037 0.811 0.963 0.992
MVSEC
U-Net DAv2 (baseline) 0.427 0.785 6.989 0.536 0.305 0.413 0.691 0.846
U-Net DAv2 (ReLU activation) 0.427 0.766 7.129 0.540 0.306 0.408 0.690 0.848
U-Net DAv2 (grayscale) 0.450 0.807 7.209 0.562 0.329 0.384 0.667 0.833
U-Net DAv2 (16 channels) 0.395 0.702 6.841 0.481 0.249 0.441 0.726 0.872
U-Net DAv2 (1 encoder, 1 decoder) 0.430 0.800 7.176 0.532 0.301 0416 0.695 0.846
U-Net DAvV2 (learnable constant) 0.391 0.716 6.795 0.504 0.273 0.443 0.724 0.869
FullyConv DAv2 (baseline) 0.375 0.736 6.673 0421 0.180 0472 0.752 0.892
FullyConv DAv2 (grayscale) 0.376 0.726 6.675 0.426 0.184 0.465 0.751 0.894
FullyConv DAV2 (learnable constant)  0.362 0.713 6.501 0.410 0.172 0.482 0.764 0.901

sion constant learnable. These ablations allow us to better
understand which components contribute to the final perfor-
mance. The results are shown in Table 3.

4.5.1. Grayscale Representation

In this experiment, we evaluate whether a single-channel
representation is sufficient, or whether the representation
learner benefits from producing a three-channel output. The
grayscale variant outputs one channel, which is duplicated
to three channels before being passed to DAv2, since the
VEM requires a three-channel input.

The results show that reducing the output to a grayscale
representation generally decreases performance. On DSEC,
the effect is clear for both architectures. For U-Net, Abs Rel
increases from 0.148 to 0.157 and RMSE increases from
7.109 to 7.389. For FullyConv, Abs Rel increases from
0.149 to 0.159 and RMSE increases from 7.128 to 7.528.
This indicates that the three output channels are not redun-
dant. Instead, the representation learner uses the channel
dimension to encode event information in a form that is
more compatible with the RGB-like input space expected
by DAv2.

On MVSEC, the effect is smaller for FullyConv, where

the grayscale variant remains close to the three-channel
baseline. However, for U-Net, the grayscale representation
still reduces performance. Overall, the three-channel rep-
resentation is preferable for in-domain performance, espe-
cially on DSEC.

4.5.2. Output Activation

In this experiment, we evaluate the effect of replacing
the sigmoid output activation of the U-Net representation
learner with a ReL.U activation. The sigmoid constrains the
learned representation to the range [0, 1], which is closer to
a normalized image-like input. In contrast, ReLU only en-
forces non-negative outputs and does not impose an upper
bound.

The results show that the ReLU activation performs sim-
ilarly to the sigmoid baseline. On DSEC, the differences are
small: Abs Rel changes from 0.148 to 0.149, while RMSE
changes from 7.109 to 7.159. On MVSEC, Abs Rel re-
mains unchanged at 0.427, while RMSE slightly increases
from 6.989 to 7.129. These results indicate that the output
activation is not the main factor controlling in-domain per-
formance. We therefore keep the sigmoid activation as the
default choice, since it produces bounded image-like repre-



Table 4. Cross-dataset generalization ablation study of the proposed representation learners. Models are trained on the source dataset
and evaluated on the target dataset without fine-tuning while varying output dimensionality, U-Net capacity, output activation, and the
inverse-depth constant. Best and second-best results are marked in bold and underlined within each model family and transfer direction.
The results show that design choices improving in-domain performance do not necessarily improve cross-dataset generalization.

Model

AbsRel | SqRel | RMSE| RMSElog| Sllogl 6 <1251 § < 1.2521 & < 1.25% 1

DSEC — MVSEC

U-Net DAv2 (baseline) 0.506 0.977 8.197 0.598 0.363 0.383 0.645 0.799
U-Net DAv2 (ReLU activation) 0.542 1.073 8.446 0.610 0.371 0.366 0.624 0.781
U-Net DAv2 (grayscale) 0.600 1.242 8.919 0.629 0.388 0.335 0.589 0.756
U-Net DAv2 (16 channels) 0.496 0.966 8.259 0.584 0.345 0.385 0.657 0.810
U-Net DAv?2 (1 encoder, 1 decoder) 0.530 1.046 8.560 0.595 0.352 0.368 0.631 0.791
U-Net DAv2 (learnable constant) 0.519 0.998 8.267 0.585 0.348 0.379 0.638 0.794
FullyConv DAV2 (baseline) 0.448 0.875 7.668 0.573 0.342 0.431 0.690 0.828
FullyConv DAV?2 (grayscale) 0.515 0.939 8.329 0.607 0.368 0.352 0.628 0.799
FullyConv DAv2 (learnable constant)  0.463 0.865 7.835 0.580 0.351 0.402 0.670 0.820
MVSEC — DSEC
U-Net DAv?2 (baseline) 0.307 0.181 11.761 0.361 0.133 0.477 0.803 0.940
U-Net DAv2 (ReLU activation) 0.255 0.128  10.498 0.306 0.098 0.565 0.869 0.961
U-Net DAv2 (grayscale) 0.294 0.178  11.236 0.351 0.129 0.515 0.821 0.941
U-Net DAv2 (16 channels) 0.251 0.125 10.403 0.294 0.091 0.578 0.874 0.963
U-Net DAv2 (1 encoder, 1 decoder) 0.229 0.108 9.747 0.280 0.084 0.626 0.894 0.968
U-Net DAv?2 (learnable constant) 0.297 0.178  11.605 0.340 0.119 0.506 0.818 0.944
FullyConv DAv2 (baseline) 0.309 0216  11.721 0.362 0.137 0.511 0.808 0.933
FullyConv DAv2 (grayscale) 0.300 0.213 11.692 0.366 0.140 0.534 0.815 0.934
FullyConv DAV2 (learnable constant)  0.289 0.186  11.392 0.337 0.120 0.535 0.828 0.944

sentations and performs consistently across datasets.

4.5.3. U-Net Architecture Variants

In this experiment, we analyze the effect of reducing the ca-
pacity of the U-Net representation learner. We consider two
variants. First, we reduce the number of base channels from
32 to 16, which reduces the width of the model. Second,
we use a shallower architecture with one encoder block and
one decoder block, which reduces the depth of the model.
The results show different trends for DSEC and MVSEC.
On DSEC, reducing the U-Net capacity decreases per-
formance. The 16-channel variant increases Abs Rel
from 0.148 to 0.158, while the shallower one-encoder/one-
decoder variant further increases Abs Rel to 0.166. RMSE
follows the same trend, increasing from 7.109 to 7.517 and
7.769, respectively. This suggests that the default U-Net has
useful capacity for learning event representations on DSEC.
On MVSEC, the 16-channel variant improves over the
default U-Net, reducing Abs Rel from 0.427 to 0.395 and
RMSE from 6.989 to 6.841. This suggests that a smaller
model can be beneficial when the dataset is lower resolu-
tion or more prone to overfitting. However, the shallower
one-encoder/one-decoder variant does not show the same

improvement, indicating that reducing the depth too much
limits the representation learner. Therefore, the optimal U-
Net capacity is dataset-dependent: DSEC benefits from the
default capacity, while MVSEC benefits from a narrower
but not overly shallow model.

4.5.4. Learnable Inversion Constant

In this experiment, we evaluate the effect of making the in-
version constant learnable instead of fixed. The output of
DAvV2 represents relative inverse depth, which we convert to
relative depth using an inversion of the form 1/(dpreq + ¢),
where c is a constant. Instead of using a fixed value for
¢, we make it a learnable parameter and optimize it jointly
with the representation learner.

The learnable inversion constant improves performance
on DSEC for both U-Net and FullyConv. For U-Net, Abs
Rel decreases from 0.148 to 0.144, RMSE decreases from
7.109 to 7.053, and SI log decreases from 0.042 to 0.037.
For FullyConv, Abs Rel decreases from 0.149 to 0.143,
RMSE decreases from 7.128 to 7.018, and SI log decreases
from 0.044 to 0.037. This indicates that the fixed inversion
constant is not always optimal, and that learning this param-
eter helps align the relative inverse-depth output of DAv2
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Figure 6. Qualitative results of the U-Net and FullyConv representation learners on DSEC and MVSEC. For each dataset and model,
the figure shows the reference input, learned event representation, predicted depth, and masked RMSE map. Both representation learners
recover plausible scene geometry, with sharper depth predictions on DSEC than on MVSEC. The lower visual quality of the learned
MVSEC representations suggests that the representation learners are more affected by the lower resolution and noisier ground truth of this

dataset.

with the ground truth depth range.

On MVSEC, the learnable constant also improves sev-
eral metrics, but the effect is less uniform. For FullyConv,
the improvement is consistent, with Abs Rel decreasing
from 0.375 to 0.362 and RMSE decreasing from 6.673 to
6.501. For U-Net, Abs Rel and RMSE improve, but some
logarithmic metrics remain weaker than the best U-Net ar-
chitecture variant. Overall, making the inversion constant
learnable is beneficial for in-domain performance, espe-
cially on DSEC and for FullyConv on MVSEC.

Overall, the in-domain ablation study shows that the
learned representation is sensitive to both output design and
model capacity. Three-channel outputs remain preferable,
the sigmoid activation is stable but not critical, reduced U-
Net capacity can help reduce overfitting on MVSEC, and
a learnable inversion constant improves the alignment be-
tween DAv2 predictions and the target depth range. These
findings suggest that the representation learner is not sim-

ply reconstructing an image-like input, but learns a dataset-
dependent adaptation to the frozen DAv2 backbone.

4.6. Cross-Dataset Ablation Studies

In this section, we analyze whether the design choices from
the in-domain ablation study also improve cross-dataset
generalization. We train on one dataset and evaluate on
the other dataset without additional fine-tuning. The results
are shown in Table 4. Overall, the results show that design
choices that improve in-domain performance do not nec-
essarily improve transfer performance. This suggests that
the representation learner can still adapt to dataset-specific
event statistics, even when the DAv2 backbone remains
frozen.

4.6.1. Grayscale Representation

In this experiment, we evaluate whether using a grayscale
representation improves generalization across datasets.
Similar to the in-domain setting, the representation learner



outputs a single channel, which is duplicated to three chan-
nels before being passed to DAv2.

For the DSEC to MVSEC setting, the grayscale repre-
sentation reduces performance for both architectures. This
indicates that removing the channel dimension makes the
learned representation less transferable in this direction. For
MVSEC to DSEC, the effect is smaller, especially for Fully-
Conv, but the grayscale representation still does not provide
a consistent improvement across all metrics. Overall, these
results show that the three-channel representation remains
preferable for cross-dataset transfer.

4.6.2. Output Activation

In this experiment, we evaluate the effect of replacing the
sigmoid output activation of the U-Net with a ReLU activa-
tion.

The effect of the ReLU activation depends strongly on
the transfer direction. For DSEC to MVSEC, ReLU reduces
performance compared to the sigmoid baseline. In contrast,
for MVSEC to DSEC, ReLU improves over the baseline
across most metrics. This suggests that the best output ac-
tivation depends on the source dataset. While the bounded
sigmoid output is more stable in-domain and for DSEC to
MYVSEC transfer, the less constrained ReLU output appears
to help when training on MVSEC and evaluating on DSEC.

4.6.3. U-Net Architecture Variants

In this experiment, we analyze the effect of reducing the
width and depth of the U-Net representation learner.

For DSEC to MVSEC, reducing the number of base
channels improves several metrics, although the default U-
Net remains competitive. The shallower one-encoder/one-
decoder variant does not show the same benefit in this di-
rection. For MVSEC to DSEC, both reduced-capacity vari-
ants improve over the default U-Net, with the shallow U-
Net achieving the best performance among the U-Net vari-
ants. This suggests that lower-capacity models can re-
duce overfitting to the source dataset, especially when the
source dataset is MVSEC. Since MVSEC has lower reso-
lution and less diverse training data, the default U-Net may
learn source-specific representations that transfer poorly to
DSEC.

4.6.4. Learnable Inversion Constant

In this experiment, we evaluate whether the learnable inver-
sion constant improves cross-dataset generalization.

For DSEC to MVSEC, the effect is mixed. The learnable
constant improves some metrics, but reduces performance
on others compared to the corresponding baselines. This
indicates that the inversion parameter can adapt well to the
source dataset, but does not necessarily transfer to the target
depth distribution. For MVSEC to DSEC, the effect is more
positive, especially for FullyConv, where the learnable con-
stant improves all metrics compared to the baseline.

Overall, the cross-dataset ablations show that there is no
single design choice that consistently improves generaliza-
tion in both transfer directions. Three-channel representa-
tions remain preferable, reduced U-Net capacity can help
when training on MVSEC, and the learnable inversion con-
stant is useful in some settings but not universally. This
indicates that learning the event representation improves
in-domain performance, but cross-dataset generalization re-
mains sensitive to the source dataset, training diversity, and
the design of the representation learner.

4.7. Stability Analysis

To assess the stability of the main DSEC results, we repeat
selected experiments with five independent training runs us-
ing five different fixed seeds: 1, 2, 3, 4, and 5. These results
should be interpreted as a stability analysis of the main in-
domain DSEC findings, rather than as a complete statistical
significance test across all datasets and compared methods.

For each repeated experiment, we report the mean and
standard deviation across the five runs. This allows us to
evaluate whether the observed DSEC performance differ-
ences are robust to variation caused by training initializa-
tion and stochastic training effects. In particular, we focus
on the default U-Net DAv2 and FullyConv DAv2 settings,
since these correspond to the main proposed models. The
results are shown in Table 5.

4.8. Runtime and Memory Requirements

The runtime and memory requirements are presented in Ta-
ble 6. The reported results are obtained by averaging the
forward and backward passes over a single sequence from
the DSEC dataset.

For the ViT-S backbone, which is used in our main ex-
periments, the step time is comparable across models. The
U-Net is approximately 2% faster than DAE, while the Ful-
lyConv model is 96% slower, despite having fewer trainable
parameters than the U-Net. This shows that the number of
trainable parameters alone does not determine the compu-
tational cost. A likely explanation is that the U-Net per-
forms spatial downsampling, reducing the computational
cost, whereas the FullyConv model maintains the full spa-
tial resolution throughout the network.

Another factor is that, although only the representation
learner is optimized and DAv?2 is kept frozen, gradients still
need to propagate through the frozen VFM during back-
propagation. This results in a relatively high computational
cost for both methods, and helps explain why the U-Net re-
mains close to DAE in runtime while the FullyConv variant
is much slower.

The difference in computational cost becomes more im-
portant for larger backbones. For the ViT-B backbone,
U-Net introduces a 9% increase in step time compared to
DAE, while for ViT-L this increases to 18%. This indicates



Table 5. Repeated-run stability analysis on DSEC over five independent training runs using fixed seeds 1, 2, 3, 4, and 5. We report the

mean and standard deviation for the main proposed models.

Model Abs Rel | Sq Rel | RMSE |

RMSE log |

SIlog | §<1.251 §<1.25%21 §<1.25%7%

U-Net DAv2

0.150 £ 0.002 0.050 £ 0.001 7.200 4+ 0.070 0.197 & 0.002 0.042 £ 0.001 0.794 £ 0.004 0.957 4+ 0.001 0.989 + 0.000

FullyConv DAv2 0.148 £ 0.002 0.048 £ 0.001 7.129 4 0.059 0.195 4 0.002 0.042 #+ 0.001 0.799 £ 0.004 0.957 £ 0.002 0.989 £ 0.001

Table 6. Runtime, memory usage, and trainable parameter count
for different models and DAv2 backbone variants. Step time de-
notes the forward and backward pass, GPU indicates peak memory
usage, and Params refers to the number of trainable parameters.
U-Net provides the best efficiency trade-off among the proposed
adapters, while FullyConv uses very few trainable parameters but
is slower due to full-resolution processing.

Backbone Model

Step (ms) GPU (MB) Trainable Params

DAE 32.6 1114 24.8M
ViT-S FullyConv 64.0 2293 0.08M
U-Net 31.8 1457 0.12M
DAE 58.9 3240 97.5M
ViT-B FullyConv 85.1 4604 0.08M
U-Net 534 4063 0.12M
DAE 161.1 10160 335M
ViT-L FullyConv 163.9 12042 0.08M
U-Net 132.6 12456 0.12M

that the efficiency of the representation learner becomes in-
creasingly important as the backbone size grows. Over-
all, U-Net provides the best efficiency trade-off among the
proposed adapters, while the FullyConv model uses fewer
trainable parameters but is slower due to full-resolution pro-
cessing.

5. Conclusion

In this work, we explored event-based monocular depth es-
timation using a frozen DAv2 backbone and a learned event
representation. We evaluated two representation learners, a
U-Net and a FullyConv model, to study whether event data
can be adapted to an RGB-based VFM without fine-tuning
the backbone.

In the in-domain setting, both models perform strongly
on DSEC, outperforming all baselines, including RGB in-
put. This shows that learning the event representation can
be an effective way to adapt event data to the input space ex-
pected by DAv2. On MVSEC, the results are more mixed.
The FullyConv model is slightly better than DAE on sev-
eral metrics, while U-Net remains competitive but does
not outperform the strongest baselines. Overall, the Ful-
lyConv variant achieves the best accuracy, while the gain
on MVSEC remains limited.

For cross-dataset generalization, the results do not show

a consistent benefit from keeping the DAv2 backbone
frozen. The FullyConv model transfers reasonably well
from DSEC to MVSEC and performs competitively with
Depth AnyEvent in this setting. However, this trend
does not hold in the reverse direction. When training
on MVSEC and evaluating on DSEC, both representation
learners underperform compared to DAE. This indicates
that the learned representation can still overfit to the source
dataset, even when the DAv?2 backbone remains fixed.

A possible direction for improvement is to pretrain the
representation learner on a larger and more diverse dataset.
Notably, DAE benefits from pretraining on the synthetic
EventScape dataset [10], which likely improves its robust-
ness under domain shift.

In terms of efficiency, U-Net provides the best trade-off.
It is faster than the FullyConv model and remains close to
DAE in runtime, while using far fewer trainable parame-
ters. The FullyConv model achieves slightly better accu-
racy, but is slower because it preserves the full spatial res-
olution throughout the network. This highlights a trade-off
between accuracy and computational cost.

Overall, our method is effective for in-domain event-
based depth estimation, especially on DSEC. However,
learning the representation alone does not provide a clear
solution to cross-dataset domain shift. Future work could
explore synthetic pretraining, stronger regularization, or
jointly learning representations across multiple datasets to
improve the robustness of the learned event representation.
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