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1
Introduction

Computer Vision is the ability for computers to perceive visual media, such as images and videos. The
ability to “see” the world has many practical applications: medical imaging, quality control in manufac-
turing, precision farming, etc. Most research and application focuses on images recorded in visible
light wavelengths, saved in computer memory as RGB – Red, Green, and Blue channels. Broadly
speaking, RGB images depict color and aim to capture the world in the same way as humans see it.
Since humans’ possess a remarkable ability to perceive visuals, RGB is an obvious data type to feed
into Computer Vision systems.

Figure 1.1: Some RGB + synthetic depth pairs, generated using DepthAnythingV2 [37]. Image adapted from the
DepthAnythingV2 [37] paper.

Despite the demonstrated potentials of Computer Vision systems built for RGB, it is possible to further
improve them by introducing more information via additional modalities. For example, one may provide
images recorded at infrared light wavelengths to allow a Computer Vision system to “see” at low-light
conditions, such as at night. In this thesis, we focus on the modality of depth – the distance of scene
elements from the camera; examples in Figure 1.1. Depth is often encoded as an image, where each
pixel conveys a notion of how far the camera is from the point in the 3D world that corresponds to that
pixel. Intuitively, complementing RGB with depth (RGB-D) should help models with scene comprehen-
sion, as depth communicates the existence of the 3D world and how it is projected onto a 2D image.
In practice, it has been shown that across a broad range of settings, using depth together with RGB
improves the accuracy of models compared to RGB-only baselines.

In this thesis, we focus on using RGB-D with models derived from the Vision Transformer (ViT [10]).
Architectures adapting this landmark model have produced phenomenal results across a wide range
of Computer Vision problems; integrating a depth input into ViTs was a natural next step in RGB-D
research. Several approaches have been proposed, introducing sophisticated depth fusion modules
motivated by how the unique properties of depth could be used to elevate the behavior of the underlying
ViT-based backbone. However, all models using this backbone must overcome a shared challenge –
ViTs only outperform other techniques if trained using extensive data, but RGB-D datasets tend to be
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small. In part, the scarcity of RGB-D data is caused by the fact that producing it requires specialized
camera sensors. By contrast, large RGB datasets can be assembled by simply scraping the internet.
For this reason, using ViTs is most accessible with RGB-only datasets.

Luckily, it is possible to leverage RGB-only data in the process of training powerful RGB-D models. The
idea is to pre-train on RGB data, and then to fine-tune on RGB-D data. In other words, we can use
RGB data to teach our model an understanding of the world that generalizes across tasks, and then
transfer this understanding to a scenario where depth is available. The obvious problem is that going
from not having depth to having it represents a significant domain gap, which the model may or may not
be able to overcome. In this thesis, we investigate a recent solution to this problem – pre-training with
“fake” pseudo-depth, i.e. synthetic depth that has been estimated from an RGB image by a specialized
model. In this way, depth can be made available to complement images from large, otherwise RGB-
only datasets. Although real depth should intuitively be “better” than estimated pseudo-depth, several
works have nevertheless shown that it is promising to use pseudo-depth in pre-training. However, the
full set of implications of this approach remains little understood.

Figure 1.2: Proposed toy problem, ultimately discarded to focus on pre-training. The RGB modality contains overlapping red or
blue MNIST [18] digits, the depth modality explains the order of overlap. The problem is an XOR-like binary per-pixel

classification task: class 1 is red even digits or blue odd digits; class 2 is red odd digits or blue even digits.

Originally, this thesis was not planned to be about pre-training. Instead, it was supposed to be about
model architectures – the initial plan was to construct a toy dataset (controlled setting) that identifies
some problemwith an existingmodel and then to propose a fix. The toy problem/dataset we constructed
required using depth to disentangle a stack of colored digits that confound each other in the RGB
domain. One sample from this dataset is in Figure 1.2. The behavior of interest was whether a specific
state-of-the-art model (DformerV2 [39]) could learn that different depth levels perfectly correspond to
different objects; this toy setup isolates models’ ability to correctly interpret occlusions in real-world
settings. However, no matter how hard the toy dataset parameters were pushed, the same behavior
was observed – when training from scratch, the model could not learn even the most basic patterns, but
fine-tuning a pre-trained checkpoint consistently yielded accuracies so high that we could not replicate
them even with models custom-built for the task. The conclusion appeared obvious – a large chunk of
the success of ViT-based RGB-D models can be attributed to the pre-training process.

In the context of pseudo-depth pre-training, we are also interested in whether the complexity of archi-
tectures present in the literature is justified. In part, this interest arises from the fact that one current
state-of-the-art model (DformerV2 [39]) uses depth in a superficial way, not encoding it into a latent
space representation. The experiments presented in this thesis can be grouped into two parts – first,
an investigation into how fake depth pre-training determines the representations learned by various
models derived from the ViT, and whether the more complex models are justified versus the simpler
ones. Second, we examine how well these pre-trained models, depending on their architecture, tran-
sition to fine-tuning on real depth. Overall, our goal is to present an overview of the consequences
of pseudo-depth pre-training as an avenue towards better RGB-D models. We provide substantial
insights that we hope will help future authors working in the field of RGB-D research.
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Apart from this introduction, this thesis contains two more main parts. The first of these presents the
subject-specific (not widely known) background knowledge required to understand the thesis. The sec-
ond is the scientific paper, which is the core of this thesis. The scientific paper describes our research
method, the results, and the conclusions of our work. This paper is a condensed version of the entire
thesis, interpretable on its own by an expert in the field. The appendices include our model source
codes, shared training code, and an AI usage statement.



2
Background

2.1. Depth
Depth is the notion of distance from the camera. When presented as a complementary modality to
an RGB image, depth is a 1-channel image whose pixels denote the distance from the camera of
the corresponding point in the imaged 3D scene. Intuitively, depth is an important supplement to the
information provided in an RGB image, as depth communicates the existence of the 3D world and
the rules by which it is projected onto a 2D image. We discuss the distinction between “real” depth,
and estimated “fake” pseudo-depth in the context of their applicability to training RGB-Depth (RGB-D)
Computer Vision models.

Figure 2.1: An RGB, real depth, and pseudo-depth image from the NYUDepthV2 [24] dataset. Real depth is more noisy, but
has a more true-to-life value distribution. Semantic differences on the reflective surfaces are also visible; neither depth image is

clearly superior.

Real depth loosely refers to reliable depth obtained at the time of the creation of the corresponding RGB
image. For example, if creating synthetic RGB images using rendering engines such as Blender [5],
the engine can additionally output depth. In this thesis, however, we do not work with synthetic RGB
+ depth pairs. Instead we only work with real depth recorded by specialized cameras, complimenting
RGB photographs of the real world. Specifically, we use the NYUDepthV2 [24] dataset, which has RGB-
D produced by the Xbox Kinect V1 [29] camera. This camera uses the structured-light [29] approach to
sense distance. This works by projecting an infrared pattern onto the 3D world; depth is computed from
distortions in the pattern caused by the scene’s geometry, recorded by a camera at an alternate position.
Depth images produced by the Kinect are noisy and otherwise imperfect, but have the advantage
of denoting absolute depth, i.e. the distance in meters of each pixel from the camera (Figure 2.1).
Intuitively, real depth should be more valuable than synthetic depth.

Synthetic depth refers to depth produced by amonocular estimator – a specializedmodel that estimates
depth for each pixel of an input RGB image. Denoting distances in meters is beyond the scope of what
synthetic depth could hope to achieve, since the parameters of the camera used to produce the input

4



2.2. The Vision Transformer 5

RGB image are unknown. Instead, synthetic depth provides relative depth, i.e. for each pair of pixels
which one of them is closer to the camera. In this thesis, we exclusively use the DepthAnythingV2
[37] monocular depth estimator. This model’s success derives from a setup of initially training on a
very large amount of synthetic RGB-D, then distilling the acquired knowledge to work with real RGB.
Depth images produced by DepthAnythingV2 [37] feature low noise, well-defined edges and smooth
gradients on surfaces as seen in Figure 2.1. However, the depth is relative as opposed to absolute,
though the consequences of this difference are little understood.

If using real depth in a scenario where pseudo-depth is expected, the differences between the two
domains should be minimized to ensure a fair comparison. For example, the raw output of DepthAny-
thingV2 [37] assigns higher values to nearby pixels, whereas the opposite is true for real depth in
NYUDepthV2 [24] as its value denotes distance from the camera. It would be senseless to not account
for this difference when evaluating the consequences of e.g. inputting real depth into a model trained
using synthetic depth. A further common [38, 39] adjustment is to normalize both real and synthetic
depth to have a mean of zero and a standard deviation of one. Naturally, these changes represent
basic distribution alignment and do not account for most of the differences between the domains. Ul-
timately, under the assumption that real depth is more valuable, it is harmful to heavily modify either
domain to achieve alignment as this would imply losing information in the real depth.

2.2. The Vision Transformer
In this section, we describe the building blocks of the Vision Transformer (ViT) [10] and the model itself.
This model architecture has produced state-of-the-art results across a wide range of Computer Vision
problems [15], and is therefore the focus of this thesis.

2.2.1. CNNs and RNNs
Both convolutional neural networks (CNNs) [19] and recurrent neural networks (RNNs) [27] should be
familiar to the reader; we briefly summarize these techniques with an emphasis on how their limitations
directed advancements finalizing in the ViT [10].

Figure 2.2: An example of a convolutional neural network (CNN): LeNet-5 [19], featuring interleaved convolutions and pooling
layers, followed by an MLP. Illustration from [19].

A CNN [19] is a network that relies on the 2D convolution and max pooling operations to distill informa-
tion from an input image. Convolution implies taking the weighted sum of each overlapping k×k patch
in the image across several channels. Formally, for an odd kernel size k and ignoring border regions,

Convolution2D(X, cout)i,j =
∑

cin∈C(X)

∑
−⌊k/2⌋≤∆i,∆j≤⌊k/2⌋

W cin,cout
∆i,∆j

·Xi+∆i,j+∆j (2.1)

where X is the input image-like representation (feature-map), i, j are pixel indexes, C(X) are the
channels of X, and W cin,cout is a learnable weight parameter corresponding to the input and output
channels cin and cout. A max pooling operation implies taking the maximum value from each non-
overlapping d×d patch; there are no learnable parameters. At a high level, convolutions find patterns in
images/feature maps, whereas max pooling shrinks the resolution of the feature maps by only keeping
the most “relevant” feature. When interleaved multiple times as exemplified in Figure 2.2, these two
operations extract information from local regions at various scales. This takes advantage of the broad
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observation that natural images contain small-scale pieces that combine to define ever-larger objects
[17]. The disadvantages of CNNs include an over-reliance on texture and an inability to perceive the
entire scene at every step of the network [23].

RNNs are a class of neural networks designed to process sequences of arbitrary length, such as ar-
bitrary texts. RNNs keep a hidden state that gets updated by processing the sequence elements one
after another; the hidden state is the model’s “memory” of past elements and the representation from
which a task-specific output can be extracted. Abstractly, given sequence elements X1, X2, ..., Xn

and an initial hidden state H0, the hidden state is updated according to some function f implementing
Hi = f(Hi−1, Xi). At each step, a task-specific output O can be obtained according to a function g
implementing Oi = g(Hi). RNNs struggle with gradients vanishing over long sequences, resulting in
difficulties to prioritize relevant information in the hidden state [30]. Also, their recurrent component
makes it difficult to distribute training across a large compute cluster [30]. The limitations of RNNs set
the precedent for the attention [4] mechanism.

2.2.2. Self-Attention
The attention mechanism is a fundamental building block of (Vision) Transformers. Its purpose is to
exchange information among a collection of latent space vectors, referred to as “tokens” [4]. We focus
on the specific case of full self-attention, as other formulations are beyond the scope of what is relevant
for this thesis. We describe full self-attention mathematically by starting with its input: a collection of
tokens

X ∈ RN×D (2.2)

whereN is the token count andD is the hidden dimension size, i.e. the size of each latent space vector
(token). X is then multiplied by query, key, and value matrices WQ,WK ,W V ∈ RD×D to yield

XWQ = Q ∈ RN×D, XWK = K ∈ RN×D, XW V = V ∈ RN×D (2.3)

. K is then multiplied with Q transposed and divided by
√
D for numerical stability to form

KQ⊤
√
D

∈ RN×N (2.4)

, an expression referred to as the attention score. In practice, a high entry in the N × N attention
score matrix Si,j means that token i strongly “wants” to receive information from token j. A softmax,
expressed on a 1D vector x as

softmax(xi) =
exp(xi)

Σj exp(xj)
(2.5)

is then applied individually on each of the N vectors in the outer dimension of the attention score,
resulting in the expression

softmax
(
KQ⊤
√
D

)
∈ RN×N (2.6)

. This expression is referred to as the attention weight, as each outer dimension vector sums to 1,
effectively producing a distribution of how much each token j should influence the new value of token
i. Finally, the attention weight is multiplied by V to produce the commonly used complete expression
for self-attention, written by Vaswani et al. [35] as

Attention(Q,K,V ) = softmax
(
KQ⊤
√
D

)
V ∈ RN×D (2.7)
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. Intuitively,Q “asks” how similar each token is to each other token,K answers that question, and V is
the value (information) of each token that gets used in a weighted sum according to the attention weight
to produce the new value of each token. Note that the output in Equation 2.7 has the same shape as
the input in Equation 2.2, effectively maintaining the same number of tokens of the same dimension,
but with their information exchanged among themselves.

In practice, it is advantageous to improve the formulation in Equation 2.7 by using multiple attention
heads, a technique called multi-head attention [35]. This implies splitting the N ×D input intoH heads
of shape N × (D/H), repeating steps 2.3 - 2.7 separately on each head, and finally concatenating the
heads’ outputs back into the original input shape. Using multiple heads allows attention to examine the
input from multiple perspectives, each head considering a distinct interpretation of each token when
determining how they should attend with each other.

Attention was originally formulated for text processing tasks, and it features many advantages in this
setting. Notably, attention can process text of arbitrary length since the shape of the learnable param-
eters W is independent of the token count N , where N naturally grows with input text size [35]. This is
vastly superior to previous approaches that encode arbitrarily long texts into fixed size representations
[15]. Older methods derived from the RNN can reasonably process arbitrarily long sequences, but
suffer from problems stemming from having to remember relevant information across long ranges in
the sequence [6]. Attention, on the other hand, sees all tokens (i.e. the entire sequence) at all times
and can prioritize whatever is relevant at every step.

2.2.3. The Transformer
The Transformer [35] is a model architecture built around attention; transformers have achieved incred-
ible results across a vast range of Deep Learning tasks [20]. In particular, the transformer is credited
as the main architectural innovation behind ChatGPT [1], a product whose release has contributed
greatly to starting the subsequent AI boom. As it is largely irrelevant to Vision Transformers [10], we
do not explain the entire original transformer formulation [35] designed for text-to-text tasks such as
translation. Instead, we focus on the so-called decoder-only transformer backbone suited to the simple
task of next-word prediction.

Next-word prediction implies considering all available words to predict the most likely next word. The
process consists of three phases: embedding the input text into tokens, enriching those tokens via the
transformer backbone, and decoding the resulting tokens into a probability distribution for the next token.
We focus on the middle phase – using the transformer backbone to enrich and exchange information
between tokens corresponding to individual words to obtain a global understanding of the text that
would indicate the likely next words. Succinctly, the goal is to map the representations of individual
words – tokens – into a representation of the entire text.

Figure 2.3: The backbone of a decoder-only transformer, featuring several blocks connected sequentially. Block diagram from
[35].

Mathematically, the processing of tokens by a transformer backbone begins from an input X ∈ RN×D
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of N tokens having dimension D each. This matrix X is then forwarded through a transformer block,
which outputs a new matrix of the same dimensionality. Each transformer block partially accomplishes
the task of changing the tokens from describing individual words to describing the entire text; the en-
tire transformer backbone simply consists of multiple such blocks stacked sequentially, as seen in
Figure 2.3. Each transformer block consists of the following steps:

1. Multi-Head Attention
2. Residual connection – adding the block’s input
3. Layer normalization
4. Feed-forward MLP
5. Residual connection – adding the output of step 3
6. Layer normalization

We briefly explain the unintroduced concepts in the steps. Residual connections imply adding an earlier
latent state to the current one, mitigating the vanishing gradient problem and increasing robustness [34].
Layer normalization [3] of a tensor x can be expressed as

xnorm =
x− E[x]√
Var[x] + ϵ

· γ + β (2.8)

where ϵ ≃ 10−5 is a small positive number to prevent division by zero, γ and β are learnable parameters
that increase flexibility. In the transformer block, layer normalization is applied individually on each
token, preventing vanishing or exploding gradients. The MLP [17] can be described as ϕ : RD −→ RD; it
is applied to each token individually, using one hidden layer and ReLU activations. While self-attention
prioritizes the exchange of information between tokens, the MLP enhances individual tokens with “facts”
the transformer has “memorized” [22].

The transformer architecture builds upon the many benefits of the attention mechanism. Like attention,
transformers can operate on arbitrarily large sequences without involving a recurrence mechanism as
used by RNNs. The ability to process the entire sequence at once implies great parallelization capa-
bilities during training, which enables training transformers on large GPU clusters that have become
increasingly accessible in recent years [20]. It coincides that the advantages of transformers are most
visible at large scales – the architecture scales incredibly well with the amount of training data used [13].
Unlike other architectures, transformers converge to accuracies that grow with the amount of training
data used without hitting a hard ceiling [13]. The data hunger of transformers stems partially from the
absence of inductive priors describing how the input could be used – for example, RNNs are biased
towards maintaining more information from recent sequence elements, whereas transformers process
the entire sequence at once and do not explicitly assign importance based on tokens’ ordering. The
resulting increase in transformers’ flexibility allows for learning intricate patterns if given enough data
and training time [36]. These numerous advantages make transformer-derived architectures the go-to
for modern large-scale models.

2.2.4. Repurposing Transformers for Vision - the Vision Transformer
The original transformer is defined for text processing tasks, but text is only present in the initial mapping
to the latent space and the final mapping from it. Both of these mappings are small compared to
the backbone that operates entirely on tokens; the advantages of the transformer stem mostly from
the information exchange/enrichment that happens specifically in the backbone. Intuitively, one may
repurpose the transformer for Computer Vision problems by implementing a task-appropriate method
of mapping to/from tokens. This idea was implemented by the Vision Transformer (ViT) [10], achieving
state-of-the-art accuracy in the widely studied ImageNet [9] classification task; future iterations have
achieved remarkable results in a host of Computer Vision problems [15].

The original ViT [10] designed for ImageNet [9] classification encodes input image patches as tokens,
forwards these tokens through the backbone, and decodes the tokens to obtain a classification predic-
tion. The steps are illustrated in Figure 2.4. The initial tokenization is performed by splitting the input
224 × 224 image into a regular grid of 16 × 16 pixel patches, yielding 196 total patches. Each patch
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Figure 2.4: An illustration of the structure of the Vision Transformer (ViT), taken from [10].

(having shape (3, 16, 16)) is tokenized by being flattened and then linearly projected onto a vector, i.e.
a token, of dimension 768. To maintain awareness of the patches’ positions, a learnable spatial em-
bedding is added. Since each token mirrors its respective image patch, a special 197th “classification”
(CLS) token is then appended as a target to pool knowledge relevant to classification. The 197 tokens
are passed through the backbone seen in Figure 2.3, having 12 layers and 12 heads in multi-head
attention. Finally, an MLP is used to map the CLS token to a class probability vector. The formulation
was improved by subsequent works, such as the Swin transformer [21] which introduced a hierarchi-
cal component to the backbone. Nevertheless, even the unrefined original ViT suffices to outperform
earlier methods [10].

Despite the successes, the ViT, like other architectures derived from the transformer, demands strict
conditions to perform optimally. Importantly, ViTs require extensive training data, caused to a large
extent by ViTs’ lack of inductive priors. Unlike CNNs, ViTs are not explicitly told that nearby scene
elements should inform each other; similarly, ViTs are unaware of the hierarchical character of natural
images [10]. Learning these ideas requires not only extensive data but also a long and carefully de-
signed training process [32]. However, if given these resources, ViTs can learn representations that are
more semantically rich than what is attainable by e.g. CNNs [8]. ViTs are at the forefront of Computer
Vision, understanding their nature and addressing their limitations is a natural research direction with
the goal of maximizing their likely yet-unreached potentials.

2.3. Pre-Training and Fine-Tuning
An important pillar of modern machine learning is the idea of high quality internal representations. Es-
sentially, accurate models learn an understanding of the world that manifests itself in the presence of
semantic concepts that are extractable from the internal states of models [33]. Even if not explicitly
instructed to do so, powerful machine learning models do end up “modeling” the real world; it appears
that this is a fundamental intermediate step towards solving any problem a model could be intended for.
However, attaining a deep understanding of the world requires a large amount of training data, more
than is often available when training models for specific tasks. Training with insufficient data naturally
produces worse accuracy and an over-reliance on shortcuts [11] – simple cues that suggest the pres-
ence of a concept but distract from its fundamental identifying attributes, which, unlike the shortcuts,
remain when generalizing to a broader domain. Even if extensive training data is available, fully lever-
aging it to train large models can be prohibitively expensive [1]. Due to the nature of the transformer,
the mentioned problems are particularly relevant to Vision Transformer-based models.

Fortunately, an internal understanding of the world learned by a model trained on extensive data can
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be re-used for other tasks. Deep representations learned on one task have been shown to generalize
to other tasks even if they appear distinct [33]. Fundamentally, it appears that there is meaningful
overlap between the abilities needed to solve a wide range of Computer Vision problems. Learning
a broad understanding of the world by large-scale training on one task is referred to as pre-training;
building task-specific ability upon the pre-trained foundation is referred to as fine-tuning [33]. In practical
terms, one may download a powerful pre-trained model (checkpoint) from the internet and fine-tune it
to a specific problem by continuing to train it on whatever task-specific data is available. Given Vision
Transformers’ lack of inductive biases, fine-tuning pre-trained checkpoints is a nearly unavoidable flow
when seeking state-of-the-art results in niche problems characterized by limited data [8].

2.4. ViT Interpretability
To understand the conditions under which ViTs [10] do or do not work, meaningful strides have been
made towards interpreting the internals of ViTs. One extensively proven [2] property is that shallow ViT
layers focus on texture and spatial position, middle layers capture the scene’s structure, and deep lay-
ers describe global meaning. Another relevant result is that, unlike CNNs, ViTs prioritize the structural
cohesion of a scene as opposed to textures [23]. Regarding depth, it has been shown that a depth
signal appears within the internal representations at later layers of a ViT even when it is trained purely
using RGB [28]. Together, the results hint at one potential application of depth – to deduce scene struc-
ture. Scene structure’s geometric interpretation may be most useful at earlier layers, but its semantic
complexity is great enough that RGB-only models are only able to deduce it at later layers.

In the remainder of this section, we detail the mathematics of several techniques used in this thesis to
interpret ViTs.

2.4.1. Linear Probing
Linear probing is a method to extract a signal from the internal representations of a model. This works
by freezing the model’s backbone, discarding the last few layers, appending a linear projection after
the last exposed layer, and training this projection to predict the desired signal. The validation error
obtained upon completion of this training process indicates the degree of presence of the desired signal
along a linear direction in the latent space. Like [28], we use linear probing to identify the presence of
depth information across various layers of ViTs. In particular, if an input image X of size 224 × 224 is
divided into 196 16 × 16 patches and each patch is mapped to a token, we are interested in whether
the average depth value of each patch can be extracted from the respective token. Formally, we aim
to minimize

MeanSquaredErrorLoss(Xd, fmodel(X)P ) (2.9)

where Xd ∈ R196×1 is the average depth of each patch, fmodel(X) ∈ R196×D is the output after some
layer of the frozen ViT backbone (196 tokens of dimension D), and P ∈ RD×1 is a learnable linear
projection matrix. Sanghavi et al. [28] have shown that a linear mapping is better at extracting depth
than higher complexity mappings. In this thesis, we use linear probing to test if there is variation,
depending on model architecture, of how depth information is sustained across layers.

2.4.2. Attention Score Cosine Similarity
The cosine similarity of two equally sized vectors denotes the similarity of their direction. Mathematically,
given two equally sized vectors x⃗, y⃗, their cosine similarity is

CosineSimilarity(x⃗, y⃗) = x⃗ · y⃗
|x⃗||y⃗|

(2.10)

. The maximum value of 1.0 is attained when x⃗ = y⃗, the minimum−1.0 is attained when x⃗ = −y⃗, and 0.0
when the two vectors are orthogonal. A cosine similarity with a significant absolute value implies that
the vectors encode correlated information [16]. We use cosine similarity to determine if the attention
score matrix QKT

√
D

∈ RD×D, which indicates how much information each token wants from each other
token, correlates with some other matrixM denoting the similarity between tokens. For example,Mi,j
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may denote the difference of the average depths of patches i, j. Effectively, we use cosine similarity to
determine if the attendance between patches can be explained by their depth or related quantities.

2.4.3. Centered Kernel Alignment
Centered Kernel Alignment (CKA) [7] is a technique to express the similarity between two internal
representations as a single scalar. The scalar ranges from zero, indicating no correlation between the
representations, to one, indicating that the representations are identical up to semantically meaningless
transformations. The algorithm takes as input two matrices X ∈ Rm×p1 and Y ∈ Rm×p2 – the internal
representations computed by two models on the same m samples. The algorithm operates on the
Gram matrices K = XX⊤ ∈ Rm×m and L = Y Y ⊤ ∈ Rm×m, denoting the dot-product self-similarity
of the representations X,Y [31]. CKA computes

CKA(K,L) =
HSIC(K,L)√

HSIC(K,K)HSIC(L,L)
(2.11)

where HSIC (Hilbert-Schmidt independence criterion [12]) is an operation that computes the similarity
of two matrices in a way that is invariant to row or column order. Specifically, given the centering matrix
H = In − 1

n11
⊤ and centered versions of K and L computed as K′ = HKH and L′ = HLH ,

HSIC(K′,L′) =
vec(K′) · vec(L′)

(m− 1)2
(2.12)

. Multiplying a matrix by H from both sides yields the same output up to row or column permutations;
dividing by (m− 1)2 creates invariance to the number of samples m used. CKA is powerful because it
can be used to measure the similarity of model behavior across distinct architectures and their layers
[26]. We use CKA to identify how the integration of depth into an RGB-D ViT-based model affects its
internal behavior.

2.5. Datasets
In this thesis, we make use of two image datasets: ImageNet-1K [9] and NYUDepthV2 [24]; some
example images from each dataset are shown in Figure 2.5. ImageNet-1K is a subset of the larger
ImageNet dataset. ImageNet-1K has 1.28M training images and 50K validation images, each labeled
with one of 1000 diverse class labels. The dataset was primarily gathered by scraping the internet
and labeled by means of crowdsourcing. ImageNet-1K does not have real depth, but it is nevertheless
virtually always used in the pre-training of ViT-based RGB-D models in the literature [39]. In this thesis,
we also use ImageNet-1K for this purpose – pre-training various models before fine-tuning them on a
smaller dataset having real depth.

For fine-tuning, we use the NYUDepthV2 [24] dataset, which contains real depth as it was recorded
by the Kinect [29] sensor that measures depth. The dataset features a small range of indoor environ-
ments, recorded under similar conditions. NYUDepthV2 has only 795 training images and 654 testing
images, which is generally insufficient to train ViTs from scratch but is satisfactory for fine-tuning [8]. Un-
like ImageNet-1K which is labeled for the classification task, NYUDepthV2 is labeled for the semantic
segmentation (per-pixel classification) task. Regardless, a model pre-trained on ImageNet-1K learns
representations that generalize to the other datasets. In the literature, this pair of datasets is frequently
used for pre-training and later fine-tuning, establishing comparability between model architectures by
exposing them to the same data throughout the training and validation processes.

2.6. RGB-D ViT-based models
In this section, we present the structures and motivations behind three RGB-D ViT-based models we
adapt in our experiments. The presented architectures are, in their original papers, pre-trained on
ImageNet-1K [9] and fine-tuned to maximize accuracy on NYUDepthV2 [24]. We do not present the
full complexity of these architectures; instead we focus on the use of depth within the encoder blocks
of the ViT-derived backbones.



2.6. RGB-D ViT-based models 12

Figure 2.5: Some RGB images from the ImageNet-1K [9] dataset, and some RGB-D pairs from the NYUDepthV2 [24] dataset.

2.6.1. Dformer (v1)
Dformer [38] is, to our knowledge, the first method in the literature to pre-train on synthetic depth. The
authors show that this technique is beneficial – fine-tuning the architecture when pre-trained using
RGB + synthetic depth yields an accuracy that is higher than if pre-training were done purely with
RGB. Additionally, Dformer leverages depth via a unique encoder block that replaces the default ViT’s
encoder block (Figure 2.3) in the encoder backbone. This encoder block is composed of two modules
– global awareness attention (GAA) and local enhancement attention (LEA); the modules serve to
enable the usage of depth for local and for global scene understanding (Figure 2.6). GAA pools tokens
corresponding to adjacent image patches, using depth at the effective lower resolution to highlight the
boundaries of 3D objects. On the other hand, LEA operates at the local scale, using a convolution to
extract local details from the depth branch to enhance understanding of the RGB branch. The outputs
of the two modules are concatenated and linearly projected onto the output RGB and depth branches.

2.6.2. GeminiFusion
GeminiFusion [14] is a model that uses distinct RGB and depth branches, but with a special method
of exchanging information between them. The flow of information across the branches is illustrated
in Figure 2.6. Inputs to the branches can be represented as two equally sized token collections
XRGB , Xd ∈ RN×D of N tokens of dimension D. The i-th token in each collection XRGB,i, Xd,i corre-
sponds to the same patch of the input RGB-D pair. The architecture then exchanges information from
tokens at equal positions. The extent to which the exchange occurs is computed by an MLP that ac-
cepts as input a concatenation of XRGB,i and Xd,i. Unlike Dformer, GeminiFusion uses identical RGB
and depth branches that effectively embed no semantic priors about either modality’s specific usage,
instead focusing on a powerful and deliberate information exchange mechanism.

2.6.3. Dformerv2
Dformerv2 [39] is unique because it does not use depth in a complex way, i.e. it does not pass depth to
an encoder that uses depth to generates the initial set of tokens. Instead, the core innovation behind
Dformerv2 is to modify the attention mechanism used in the vanilla ViT to be
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Figure 2.6: Encoder blocks of Dformer [38] and GeminiFusion [14]. Dformer uses asymetric depth and RGB branches to
emphasize the modalities’ distinct meanings in perceiving global and local information; GeminiFusion instead uses a symetric

backbone but opts for deliberately guided fusion. Illustrations taken from the respective papers.

MaskedAttention(K,Q,V ) = softmax
(
KQ⊤ −G

)
V (2.13)

where G is a geometry prior expressed as

G = α|∆depth|+ β|∆distance| (2.14)

where α, β > 0 are learnable scalars, and |∆depth
i,j | and |∆distance

i,j | are respectively the absolute average
depth and Manhattan distances between patches i, j. Intuitively, using G as a bias to the attention
scores decreases the extent to which patches interact with each other if they are far away in the 3D
world. Effectively, distant patches that probably correspond to different objects do not conflate each
other. The learnable parameters helpmodulate the effect. The authors claim that linear weighting works
best without providing details about alternatives. The fine-tuning results achieved by DformerV2 on the
NYUDepthV2 [24] dataset are higher than the results obtained by other models, including Dformer
and GeminiFusion. It is therefore questionable whether the high complexity of these architectures is
necessary to optimally leverage the value of depth.
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Towards Understanding RGB-Depth Pre-Training in ViT-based Models
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ABSTRACT

Adding depth to RGB inputs (RGB-D) is known to im-
prove model accuracy. State-of-the-art RGB-D models rou-
tinely adapt the Vision Transformer (ViT), but training ViTs
purely on RGB-D is infeasible given the scarcity of depth
data. A solution is using large RGB datasets to pre-train
before fine-tuning on RGB-D, leveraging depth estimators
to add complementary pseudo-depth to RGB datasets. We
investigate the characteristics of models trained in this setup.
We find that models, regardless of RGB-D fusion archi-
tecture, consistently learn simple patterns of depth utiliza-
tion in the attention mechanism and across encoder lay-
ers. Our conclusions motivate the need to justify proposed
depth fusion architectures against simple baselines, and to
use depth fusion modules suited to the value of depth at
each layer. We also show that after pre-training on pseudo-
depth, fine-tuning favors pseudo- as opposed to real depth,
highlighting the importance of minimizing their differences.

1. INTRODUCTION

In Computer Vision, the depth modality can be thought
of as an image whose pixels denote the distance from the
camera to the respective point of the imaged 3D scene. In-
tuitively, depth should be a valuable alternate view on RGB
data as it provides geometric understanding of the scene as
well as robustness against variable illumination. Numer-
ous works have shown that adding depth improves model
accuracy compared to RGB-only baselines [28].

Recent works have focused on integrating depth into ar-
chitectures derived from the Vision Transformer (ViT) [5],
given its state-of-the-art accuracy across a range of Com-
puter Vision tasks [7]. However, there is a core challenge
when using depth with ViTs – real depth data is scarce [28],
but ViTs only outperform comparable backbones when trained
on large datasets [7]. Recently, a novel solution has been
shown promising – enhancing large RGB pre-training datasets
with “fake” pseudo-depth produced by a specialized model
that estimates depth given an RGB image as an input [23,
24]. Leveraging the knowledge within a depth estimator,
it is then possible to (pre-)train on an RGB-D dataset of
the same size as a source RGB dataset. Pre-training on
pseudo-depth promises a small distribution shift when pro-
ceeding to fine-tune on real depth. However, the conse-
quences of this hypothesized advantage are little under-
stood, as models in the literature feature distinct backbones,
training recipes, and other tweaks that complicate quanti-
fying a good way to use depth [28]. Nevertheless, integrat-
ing RGB with depth (RGB-D fusion) is the core of RGB-D
research and is as such the focus of this paper.

We aim to understand the value of pseudo-depth pre-training
as an avenue towards better RGB-D models, with observed

Figure 1. The use of depth in a ViT [5]-based model that
fuses depth by adding it as a 4th channel to be used by the
initial convolution. At all layers, there is a linear depen-
dence between the absolute depth difference of two patches
and their attention score. The strength of the dependence,
expressed as the magnitude of the gradients of the plotted
lines, peaks at layer 2 and wanes afterwards. Future RGB-
D fusion techniques should exploit the simple dependence,
and operate with differing purpose/intensity across layers.

depth utilization patterns serving as recommendations for
future works. Using pseudo-depth, in consistent condi-
tions, we pre-train several diverse RGB-D models to iden-
tify the extent of architectural intricacy needed to mean-
ingfully leverage depth. Since the ultimate goal is better
results after fine-tuning, we also test how our pre-trained
models, depending on their depth fusion technique, respond
to the shift from pseudo- to real depth when proceeding to
fine-tune on a dataset with real depth. Our three main con-
tributions, the first two visualized in Figure 1, are that:

• Models consistently learn a linear relationship be-
tween the attention scores QK⊤

i,j of token pairs i, j
and the difference of average depths of the corre-
sponding patches. Future models should deliberately
emphasize this pattern or detract from it.

• The intensity with which depth is utilized follows a
consistent pattern – peaking at early/middle layers
and gradually decreasing thereafter, implying that
optimal depth fusion techniques may differ by layer.

• Fine-tuning with real depth yields worse accuracies
than with pseudo-depth; the comparative advantage
of pseudo-depth grows with model complexity. For
better accuracy, real depth should be aligned with
pseudo-depth when fine-tuning.



2. RELATED WORKS

2.1 ViT-based RGB-D Models

Recent RGB-D architectures introduce intricate depth fu-
sion modules that highlight the consequences of appending
a depth modality [24, 28]. For example, GeminiFusion [8]
introduces a learnable way to emphasize the exchange of
semantically distinct tokens between the modalities. Ir-
respective of their architectural details, RGB-D ViT [5]-
based models must overcome the incompatibility of their
data hunger with the scarcity of real depth data [28]. A
widespread solution involves pre-training on a large RGB-
only dataset, then fine-tuning on an RGB-D dataset with
real depth [8, 23, 24, 27]. Models built for this setup of-
ten feature separate RGB and depth branches produced
by encoding either modality with an encoder pre-trained
purely on RGB; fine-tuning then implies training a net-
work that fuses the representations within the two branches
[8, 27]. The downside is that an encoder trained purely
on RGB undergoes a domain shift when used for depth
data [24]. Dformer [24] bypasses this domain shift by di-
rectly pre-training on a large RGB-D dataset created by
complimenting a large RGB dataset with pseudo-depth.
The authors show that this approach yields higher accu-
racies compared to a setup where depth is used only dur-
ing fine-tuning [24]. Dformerv2 [23] also pre-trains on
pseudo-depth and achieves a new benchmark for speed and
accuracy by not encoding depth, instead simply masking
attention scores based on the relative depth difference be-
tween patches. The success of Dformerv2 [23] motivates
our interest in whether the true utilization of pseudo-depth
motivates a need for complex fusion backbones.

2.2 ViT Interpretability

Meaningful strides have been made towards understanding
the internal properties of ViTs [5]. An extensively proven
property is that shallow ViT layers focus on texture and
spatial position, middle layers capture the scene’s struc-
ture, and deep layers describe global meaning [2]. Raghu
et al. [17] use Centered Kernel Alignment (CKA) [10] to
show that ViTs need fewer layers than Convolutional Neu-
ral Networks (CNNs) [11] to learn semantically rich rep-
resentations. By exposing ViTs to various types of struc-
tured noise, Naseer et al. [14] gather evidence that ViTs
are more robust to local distortions than CNNs [11] be-
cause ViTs prioritize a scene’s structure over textures. Re-
garding the depth modality, Sanghavi et al. [19] use linear
probing [1] of feature maps to show that depth informa-
tion is actively maintained throughout all layers and can
be accurately extracted via linear mappings at later layers.
These observations guide our investigation by hinting that
understanding depth is synonymous with achieving a thor-
ough understanding the scene itself; the strong presence
of depth at later layers suggests that scene comprehension
may be eased at earlier layers by explicitly inputting depth.

2.3 Pseudo-Depth Estimation

The scarcity and noisiness of depth data measured by spe-
cialized sensors drives the use of depth estimators in RGB-

D research [28]. Pseudo-depth used to pre-train Dformer
[24] was generated using OmniData [6], a modality predic-
tion pipeline trained on 3D assets labeled with depth by a
rendering engine. To better leverage limited RGB-D train-
ing data, one may adapt a pre-trained RGB backbone for
the task of depth estimation, e.g. Marigold [9] is a depth
estimator that adapts Stable Diffusion [18]. ViTs [5] can
be used to build powerful depth estimators if the scarcity
of training data can be overcome. DepthAnythingV2 [22]
achieves this by using exclusively synthetic data to train
a teacher model, which then enables a student model to
generalize on real-world data. Despite the appealing crisp
edges and smooth surface gradients within pseudo-depth
images, estimators are fundamentally limited to predicting
relative depth (which of two pixels is closer). Hardware
such as the Kinect [20] can see “real” absolute depth (dis-
tance in meters) [15], although it is uncertain whether this
advantage outweighs the abundant noise in its measure-
ments. The reaction of models to the differences between
pseudo- and real depth are of interest in this paper.

3. METHOD

The goal is to understand the internals of pseudo-depth pre-
training and accuracies after subsequent real depth fine-
tuning, depending on RGB-D fusion architecture in ViT
[5]-based models. Regarding pre-training, we pre-train six
models using depth fusion techniques of various complex-
ity. Our main baseline, from which all other models are de-
rived, is the official PyTorch ViT implementation [16] that
closely mirrors the original formulation. Since virtually all
ViT-based architectures involve a sequential stack of en-
coder blocks, we introduce depth into the vanilla ViT in a
straightforward way by swapping its encoder blocks with
ones from methods [8,23,24] that do depth fusion. We pre-
train on ImageNet-1K [4] classification, as is widely done
by RGB-D models in the literature for pre-training [8, 23,
24, 27]. We follow a broadly accepted training recipe: 300
training epochs, 0.001 learning rate, 192 batch size, MixUp
(α = 0.8) [26] and CutMix (α = 1.0) [25] augmentations.
All pseudo-depth referenced in our experiments is gener-
ated by DepthAnythingV2 [22]; all depth (real or pseudo-
) used is z-standardized to facilitate basic transferability.
Given that RGB-D models in the literature use widely dif-
fering dropout techniques, we opt not to use any dropout
to compare the models under equal conditions even if they
may not align with the papers’ original settings. Also, we
do not (pre-)pre-train on a larger dataset like ImageNet-
21K [4], or use miscellaneous improvements introduced by
e.g. Swin [13] or DeiT [21]. We avoid these improvements
to maintain alignment with the original ViT [5], given its
ubiquity as a basis for derived models. Naturally, our mod-
els thus converge to lower scores than what has been shown
possible. Nevertheless, the goal is to create a uniform envi-
ronment for comparison as opposed to maximizing scores;
identifying the optimal conditions for each model individ-
ually is beyond the scope of our work.

We now present the models we train with performance-
related numbers summarized in Table 1. We motivate our
approach towards extracting the depth fusion mechanism



Model Params↓ (vs. M3CH) FLOPs↓ (vs. M3CH)
M3CH 87M 17.58B
MLIN 87M (+12) 17.59B (+12M)
MMLP 87M (+1K) 17.62B (+40M)
M4CH 87M (+200K) 17.62B (+40M)
MDF1 103M (+16M) 19.96B (+2.4B)
MGEM 72M (-15M) 17.31B (-280M)

Table 1. Parameter counts and FLOPs of our trained mod-
els. The models are comparable w.r.t. their FLOPs and
parameter counts being of a similar order of magnitude.

from chosen sources, seeking to maintain comparability
across models while aligning with the theoretical motiva-
tion behind each architecture. For conciseness, we assign
a moniker to each of our described models. In order of in-
creasing intricacy of the depth fusion mechanism:

M3CH: vanilla ViT with 3 channel (RGB) inputs. As
a reference point for what is gained by adding depth, we
train a vanilla ViT closely following the original formu-
lation [5]. We use 16 × 16 patches from an input image
of size 224 × 224, 12 encoder blocks/layers, 12 attention
heads per layer, and a hidden size of 768. We use these
settings for all trained models unless otherwise specified.

MLIN: vanilla ViT with a patch depth difference atten-
tion mask weighted linearly. Inspired by Dformerv2 [23],
this model adds a linearly weighed mask of differences be-
tween average patch depths as described by

softmax(QK⊤ − α|∆|)V (1)

where α > 0 is a learnable scalar and |∆| ∈ RN×N is
an attention mask of the same shape as QK⊤ ∈ RN×N ,
where |∆i,j | is the absolute difference between the average
depths of patches 1 ≤ i ≤ N and 1 ≤ j ≤ N . The mo-
tivation is that patches having distinct depth values proba-
bly depict different objects, so those patches should inform
each other less strongly to avoid confounding between un-
related scene elements. With only one learnable parameter
per attention block and therefore also per layer, this model
represents our simplest examined depth fusion technique.

MMLP: vanilla ViT with a patch depth difference at-
tention mask weighed by an MLP. The authors of Dformerv2
[23] claim that, according to their experiments, it is opti-
mal to weight |∆| linearly in Equation 1; no ablation stud-
ies investigating alternatives are given. The Swin trans-
former [13] uses a similar mechanism (relative position
bias) to reduce the interaction between patches based on
their spatial distance, but weighted using an MLP. Since
both spatial and depth relations denote distance in the 3D
world, it is surprising that they are best weighted according
to different formulations. To test if it is actually worse to
weight depth using an MLP, we modify Equation 1 to be

softmax(QK⊤ − ϕ(∆))V (2)

where ϕ : R −→ R is an MLP with one hidden layer of

size 32 using ReLU activations. We maintain the sign of
∆ in case the MLP’s flexibility finds benefit in distinguish-
ing between patches being in front of or behind each other.

M4CH: vanilla ViT with 4 channel (RGB-D) inputs.
Exactly like M3CH, but with depth appended as a 4th input
channel to be used by the initial convolution. This model
showcases a naive integration of depth that makes use of
all pixels in the input depth image, while not giving the
model any prior knowledge on how depth could be used.
The results acquired using this model set the precedent for
the necessity of more complex depth fusion architectures.

Figure 2. Abridged view on structures of depth fu-
sion mechanisms used by Dformer [24] and GeminiFusion
[8]. Dformer [24] asymmetrically uses RGB and depth
branches, whereas GeminiFusion [8] uses a combination
of self- and weighted cross-attention to mix tokens.

MDF1: using the encoder block of Dformer [24]. We
directly copy the encoder block of Dformer [24]. This is
our reference for a recent successful architecture from liter-
ature that uses separate branches for RGB and depth with
complex modules to fuse them. As seen in Figure 2, the
Dformer [24] block asymmetrically treats its two branches,
embedding the inductive prior that depth can be used to re-
fine details in RGB, and also to provide global context of
the scene’s shape. The added complexity makes Dformer
[24] blocks more expensive than vanilla ViT blocks. To
keep model sizes (Table 1) comparable, we only replace
the first 4 encoder blocks with Dformer [24] blocks; the
other 8 remain as vanilla ViT blocks. Given this architec-
ture’s intricacy, one would expect it to achieve better accu-
racy than the other simpler models described.

MGEM: using the encoder block of GeminiFusion [8].
Similar to MDF1, we directly copy the encoder block of
GeminiFusion [8]. The GeminiFusion [8] block does not
embed inductive priors, instead emphasizing an intense and
deliberate fusion of information (Figure 2). A GeminiFu-
sion [8] block uses four attention operations and is thus
more expensive than a vanilla ViT block. To maintain com-
parability, we halve the size of the hidden state used by the
RGB and depth branches, achieving the same total shape
of encoder block inputs/outputs as when using one branch



at the original hidden state size. As in MDF1, we only
replace the first 4 encoder blocks with GeminiFusion [8]
blocks. Like MDF1, MGEM represents a model from the
literature achieving near-state-of-the-art accuracies.

To identify what shared or differing properties the mod-
els exhibit, we investigate internal representations using a
range of techniques. To see what self-attention prioritizes,
we compute cosine similarities between QK⊤ and other
matrices D denoting various distances between patches.
We use Centered Kernel Alignment (CKA) [3] to compare
internal representations across distinct models. Like [19],
we use linear probing [1] to identify the presence of depth
information throughout the models’ layers. We rely on ev-
idence from multiple techniques to increase confidence in
the patterns we present.

Figure 3. Image 1015 from NYUdepthv2 [15]: RGB,
real depth, pseudo-depth. Real depth is noisier but dis-
plays absolute distance unlike pseudo-depth, which conse-
quently has a different value distribution. Semantic differ-
ences also exist – the mirror is seen as noise in real depth,
whereas pseudo-depth suggests the room extends into the
mirror. Neither depth image is obviously strictly better.

Looking beyond the pre-training process, we are also in-
terested in how the shift from pseudo- to real depth affects
the models. We investigate the robustness of (pre-)trained
models to the unstructured noise and the value distribution
shift displayed in Figure 3. Following the work of [12], we
expose the models to Gaussian noise of varying σ; we sep-
arately do this per-pixel to emulate unstructured noise, and
per 16 × 16 patch to emulate the distribution shift. Natu-
rally, we also want to gauge the gap between these simple
noises and the true pseudo-/real depth gap. To this end,
we use RGB-D data from NYUDepthV2 [15] to compare
how the models’ output classification tensor changes when
discarding real depth and instead using pseudo-depth es-
timated from RGB. Finally, we fine-tune models accord-
ing to the training recipe used by Dformerv2 [23] on the
NYUDepthV2 semantic segmentation (per-pixel classifi-
cation) task. By doing so, we hope to answer how the
pseudo-/real depth gap affects fine-tuning outcomes de-
pending on model architecture.

4. EXPERIMENTS

The training process is summarized in Table 2; the table is
sorted according to the architectural intricacy (complexity)
of the models. More complex models achieve higher accu-
racies, though there are exceptions – MLIN beats MMLP,
M4CH ties with MDF1. Training time scales unfavorably
with FLOPs, implying that in practice, a simpler archi-

Model Top-1%↑ Top-5%↑ Training
time (h)↓ FLOPs↓

M3CH 66.0 86.6 26 17.58B
MLIN 68.3 88.0 40 17.59B
MMLP 67.9 87.4 44 17.62B
M4CH 71.0 89.5 32 17.62B
MDF1 71.2 88.5 55 19.96B
MGEM 71.2 89.8 48 17.31B

Table 2. Validation accuracies and pre-training times of
our models on the ImageNet-1K [4] dataset. Accuracy
tends to increase with model complexity, though training
times scale unfavorably with FLOP count.

tecture runs faster than a complex one even at the same
FLOP and parameter counts. Furthermore, Figure 4 shows
that simpler models experience less accuracy loss when ex-
posed to noise in the depth modality, which may make it
easier for these simpler models to adjust from pseudo- to
real depth when later fine-tuning. To answer whether the
more complex architectures are justified, we analyze the
internals of all trained models.

Figure 4. ImageNet-1K [4] validation accuracy of our
trained models upon adding per-pixel Gaussian noise to the
input depth channel. Simpler models are more robust.

4.1 Model Internal Representation Analysis

M3CH is our baseline without depth. To gauge the value
added by introducing depth to the input, we are interested
in the extent to which a depth signal appears passively.
We compute the cosine similarity of the KQ⊤ (attention
score) matrix and the between-patch depth difference ma-
trix ∆ at each layer. The peak in Figure 5 shows that
depth partially explains the interaction between tokens at
middle layers, where ViTs are known to extract structural
features. However, the Figure also shows that KQ⊤ cor-
relates even more strongly with a matrix of the Euclidean
distances between all pairs of patch centers, as seen by the
deeper peak. The correlation is probably caused by spa-
tially close-by patches likely belonging to the same object
and thus also having similar depth. In Figure 6 we disen-
tangle depth from distance and find that M3CH has limited
understanding of depth beyond distance, as expressed by
the absence of patterns in columns, i.e. at the same spatial



Figure 5. The cosine similarity between attention scores
and patch-wise relative depth differences or Euclidean spa-
tial distances across layers at various epochs. Negative val-
ues imply that increasing either distance decreases the ex-
tent to which patches attend with each other. Depth and
distance consistently correlate, as expressed by cosine sim-
ilarity differing from zero.

distance. Regardless, it must be noted that by explicitly
adding depth to a model’s input, we introduce information
that is already partially available via a spatial embedding.

Figure 6. Mean attention weight (softmax(KQ⊤))
grouped by corresponding patch spatial distance and abso-
lute depth distance. Compared to M3CH, MLIN features
weaker attending between patches having a large depth dis-
tance as seen by the lower values in the top region.

MLIN uses depth, and achieves a 2.3% higher top-1%
score than M3CH despite only having 12 more parameters.
In line with the model’s theoretical motivation, masking
attention based on depth weakens the interaction between
patches having a large depth difference (Figure 6). Fig-
ure 7 shows that the parameters weighting the depth dif-
ference attention masks ∆ cleanly converge to a pattern,
implying that the model clearly understands the applica-
bility of depth. The converged-at pattern reveals that the
utilization of depth, expressed as the value of the parame-
ters, gradually peaks at early/middle layers and decreases
thereafter. Given that these particular layers are known to
perform recognition of a scene’s structure, it appears that
one benefit of depth is easing this task.

MMLP achieves lower accuracy than M3CH despite hav-
ing strictly more flexibility. In Figure 8, we again observe
the same pattern of earlier layers showing a stronger uti-
lization of depth. More crucially, the MLP learns a largely

Figure 7. Of model MLIN, the training trajectory of the
parameters used to weight the absolute depth difference
between patches when forming an attention mask. The pa-
rameter converges without jitter and describes a clear pat-
tern – the intensity of depth use gradually peaks at layer 4
and gradually decreases thereafter.

linear response across the domain of possible depth differ-
ences between patches, only changing direction near the
origin. Near the origin is thus where the flexibility of the
MLP is most apparent, learning a smooth transition be-
tween the leftmost and rightmost linear segments. Flex-
ibility is probably most important near the origin, since
depth differences are heavily concentrated within this re-
gion. Regardless, a simpler function could attain the same
shape. Also, unlike MLIN which only handles the ab-
solute value of ∆, MMLP learns to distinguish between
positive and negative depth differences, and occasionally
even learns a negative response, i.e. that patches should
attend more strongly the greater their depth difference. Ul-
timately, the usefulness of the unique behavior of MMLP
is questionable, as it encodes a weaker depth signal than
MLIN (Figure 9), which is bad under the assumption that
learning and retaining a depth signal is a consequence of
understanding the scene. Overall, MMLP is inferior to
MLIN in accuracy and runtime; also it is less robust to
noise despite less consistently encoding the depth input.

M4CH is our simplest model that “sees” all pixels in
the depth image as opposed to just the averages of each
16 × 16 patch. Also, unlike MLIN and MMLP, M4CH’s
design implies no inductive priors on how depth could be
used. Curiously, without explicit guidance M4CH learns
patterns that align with the behavior of MLIN. Most no-
tably, M4CH learns a linear correlation between the depth
differences of patches and entries in the QK⊤ matrix (Fig-
ure 1). Even when disentangling depth from the spatial
distance between patches, we see the same pattern (Fig-
ure 10). This is the exact behavior enforced by MLIN via
its attention mechanism expressed by Equation 1. How-
ever, as seen in Figure 11, the difference in internal repre-
sentations between M4CH and M3CH is greater than be-
tween M3CH and MLIN in early/middle layers. It is im-
plied that M4CH learns to leverage details within depth im-
ages as opposed to just the average of each 16 × 16 patch
like MLIN. The utilization of depth within the early/middle



Figure 8. In MMLP, the input/output relation of the MLP
weighting depth difference attention masks; the distribu-
tion of between-patch depth differences on pseudo-depth
produced by DepthAnythingV2 [22] on ImageNet-1K [4].
The curves are straight across much of the distribution of
between-patch depth differences, implying that the MLP’s
flexibility is not fully utilized.

Figure 9. Linear probing to extract depth signals; lower
values indicate a stronger signal. M4CH encodes the
strongest signal since it has depth in the encoder input,
MLIN encodes a stronger signal than MMLP despite be-
ing less flexible.

layers has been shown to peak in all models investigated
so far, and the same also applies for M4CH as evidenced
by Figure 1. Linear probing (Figure 9) further confirms
the usefulness of depth in earlier layers as evidenced by
strength of the depth signal. However, the signal remains
stronger than in the other models across all layers, imply-
ing its usefulness throughout. In conclusion, M4CH con-
firms the soundness of MLIN’s motivation, while enhanc-
ing its capabilities by utilizing details in depth images.

MDF1 and MGEM are slower than M4CH, but their
accuracies are not much better. Looking into their inter-
nal representations reveals concerning trends about both
Dformer’s and GeminiFusion’s encoder blocks. As seen
in Figure 12, MDF1’s Dformer blocks show a stronger
presence of the depth signal in the RGB branch. This is
incompatible with the motivation for the asymmetric de-
sign of the branches supposedly emphasizing the unique

Figure 10. Mean attention score QK⊤
i,j entry of tokens i, j

grouped by depth and spatial distances of corresponding
image patches, of model M4CH. At every spatial distance,
attention scores correlate linearly with depth differences,
suggesting that a simple mechanism could suffice to cap-
ture the relationship i.e. utilize depth.

Figure 11. CKA between a vanilla RGB ViT (M3CH) and
other models at equal layers. Only M4CH sees texture in
the depth image, making this model’s representations less
similar to M3CH than MLIN’s or MMLP’s in early layers.

properties of RGB and depth. Conversely, MGEM’s Gem-
iniFusion blocks hardly change the presence of the depth
signal in either branch, which contradicts the supposed ac-
tive fusion accomplished by these blocks. The utilization
of depth is hard to extract and fairly compare from the
model’s respective Dformer and GeminiFusion blocks. How-
ever, subsequent ViT blocks show the same pattern of depth
utilization as the other examined models (Figure 13), i.e.
linearly weigthing attention scores based on patch depth
difference. Overall, in our particular scenario of pre-training
on pseudo-depth, we find little benefit in the specific de-
signs of the encoder blocks used in MDF1 and MGEM.

4.2 Model Generalization to Real Depth

Ultimately, the purpose of pre-training using pseudo-depth
is to ease the transition to real depth when later fine-tuning
on a dataset that has it. For simplicity, we begin with a the-
oretical investigation on MLIN and M4CH. We are inter-



Figure 12. Linear probing to find the depth signal in
the RGB and depth branches of models using Dformer
[24] and GeminiFusion [8] encoder blocks. Dformer’s
RGB branch puzzlingly retains a stronger depth signal than
the depth branch, whereas the presence of a depth signal
hardly changes in both GeminiFusion’s branches.

Figure 13. Mean QK⊤
i,j entry of tokens i, j grouped

by depth and spatial distances of corresponding image
patches, of models MDF1 and MGEM. Results from the
ViT blocks following the models’ initial intricate encoder
blocks. As with all models, we see linear weighting de-
pending on the depth difference between patches.

ested in whether MLIN could possibly outperform M4CH
in fine-tuning, as MLIN is more robust to input depth modal-
ity variations (Figure 4), which encompass the shift from
pseudo- to real depth. We expose MLIN and M4CH to
per-pixel Gaussian noise to emulate the unstructured noise
visible in Figure 3, and per-patch Gaussian noise to emu-
late the distribution shift also shown in the Figure. The re-
sults in Figure 14 show that while M4CH is more accurate
when no noise is added, MLIN is more accurate at higher
noise levels. Of course, it is crucial whether the transition
from pseudo- to real depth corresponds to a sufficiently
high level of noise that MLIN would be more accurate than
M4CH. Ideally, we would test how accuracy changes when
validating with real depth, but there is no real depth avail-
able for ImageNet-1K [4]. As a proxy, we can use real
depth from NYUDepthV2 [15] and pseudo-depth gener-
ated from this dataset’s RGB images. We input images
from this dataset (resized to 224 × 224) into our mod-
els and compute the Mean Absolute Error (MAE) between
the classification tensors outputted when inputting real or

Figure 14. Robustness of MLIN and M4CH to per-pixel
and per-patch noise; the noise levels that are comparable to
the transition from pseudo- to real depth on NYUdepthv2
[15], depending on the type of noise and the model. For
both per-pixel and per-patch noise types, the more complex
model M4CH is more accurate at no noise, but MLIN is
more accurate at the level of noise that is comparable to
the move from pseudo- to real depth.

pseudo-depth. We then compute a comparable MAE be-
tween outputs produced using clean pseudo-depth and pseudo-
depth with Gaussian noise applied. Effectively, for each
model we can identify a Gaussian noise level that pro-
duces an error in model outputs comparable to moving
from pseudo- to real depth. As seen in Figure 14, at this
noise level MLIN is more accurate. The question remains
whether MLIN, or other simple models, therefore give bet-
ter accuracy when fine-tuning on real depth after having
transitioned from pre-training on pseudo-depth.

Depth trained on Real Pseudo
Depth tested on Real Pseudo Pseudo Real
Model mIOU%↑
MLIN* 26.67 24.40 26.73 24.18
MMLP* 26.87 24.99 27.60 24.47
M4CH 29.16 23.72 30.35 21.80
MDF1 31.19 25.43 32.66 21.87
MGEM 29.16 27.51 34.96 23.12
Dformer-Tiny 51.23 47.64 51.92 43.69
Dformerv2-Small* 56.73 55.62 56.67 55.19

*Depth used simply – not passed to an encoder.

Table 3. Fine-tuning results on our pre-trained models
and models from literature. Models get fitted to their fine-
tuning distributions, i.e. accuracy drops when testing on
a model trained on pseudo-depth using real depth or vise
versa. Fine-tuning with pseudo-depth yields higher accu-
racies, the difference is larger in the more complex models.

In Table 3, we present accuracies obtained after fine-tuning
several pre-trained checkpoints on the NYUDepthV2 se-
mantic segmentation task. All initial checkpoints are pre-
trained using pseudo-depth; we compare subsequent fine-
tuning using real and pseudo-depth. For completeness, we



include the results of the Dformer-Tiny [24] and Dformerv2-
Small [23], since they are purposefully designed to maxi-
mize scores on the task at hand. One notable finding is that
fine-tuning results vary more depending on model architec-
ture than pre-training results (Table 2). More interesting is
that models using depth simply, i.e. not encoding it, obtain
similar accuracies when trained on pseudo- or real depth,
but models that do encode depth prefer pseudo-depth. We
also see that testing a model fine-tuned on pseudo- depth
using real depth, or vise versa, yields a significant accu-
racy drop. The drop is greater for models encoding depth,
and is also greater when moving specifically from pseudo-
to real depth. It appears that while the fine-tuning process
fits every model to the type of depth used, it is easier to
fit to pseudo-depth. Overall, the results reject the hypoth-
esis that models not encoding depth would perform better
in fine-tuning as they are more resistant to the pseudo-/real
depth shift. In reality, it appears that the best scores are
achieved on pseudo-depth by models encoding depth in a
complex way; the behavior of pre-trained checkpoints is
not an ideal predictor of fine-tuning outcomes.

5. DISCUSSION AND CONCLUSIONS

One of our objectives was to identify the similarities and
differences in the internal behavior of models when pre-
trained on RGB-D. To investigate this, we pre-train six
models closely following the ViT [5] but featuring distinct
depth fusion modules. We analyze the internal behaviors
of these pre-trained models. Then, we fine-tune these mod-
els to evaluate how their architectures affect their ability to
generalize from pseudo- to real depth.

Our most striking finding is that the models consistently
learn a linear relationship between the attention score of
two tokens and the difference of the average depths of the
corresponding input image patches. In addition to that,
models learn that extracting details from depth images is
beneficial. The consistency of this simple pattern con-
tradicts the need of complex inductive priors or construc-
tions directing models to utilize depth in a supposedly “bet-
ter” way. In any case, future RGB-D fusion architectures
should be validated to demonstrate that they solve a prob-
lem posed by the simple internal use of depth found.

Another simple and consistent pattern we find is that the
utilization of depth, expressed as the correlation between
inter-patch depth and attention scores, is strongest at early
to middle layers. These layers are known to prioritize ex-
tracting structural information from the scene; depth pos-
sibly aligns strongly with this goal. This idea is further
supported by the finding that the use of depth closely cor-
relates with the use of spatial distance. These findings are
highly actionable, as they clearly imply that RGB-D archi-
tectures should prioritize fusion in early layers where the
semantic meaning of depth is most relevant.

Finally, we show that the shift from pre-training with
pseudo-depth to fine-tuning with real depth impacts model
accuracies. We show that simpler depth fusion techniques
are more robust to changes in the depth modality, con-
versely the more complex a model is the more it favors
fine-tuning with pseudo-depth. The highest accuracies are

achieved by complex models regardless of the type of depth
used in fine-tuning, though pseudo-depth is preferred. How-
ever, it is not true that fine-tuning with pseudo-depth fun-
damentally yields more accurate models since validating a
model fine-tuned using real depth on pseudo-depth (or vise
versa) yields a significant accuracy drop.

Our experiments are devalued by certain limitations. For
one, we do not achieve near-state-of-the-art accuracies and
do not determine the optimal conditions for each inves-
tigated architecture. The architectures address semantic
segmentation and classification; we do not study a broad
range of downstream tasks. The behavior of models meant
for certain tasks, or models achieving higher accuracies,
may be more complex. Importantly, we do not investi-
gate the root causes of observed patterns, as we subscribe
to the wide yet uncertain principle that ViTs learn arbi-
trarily complex patterns given enough data. On the topic
of pseudo-/real depth, we align these distributions using
z-standardization and do not investigate other statistical
methods that may work better. Irrespective of the scale of
our results’ generalizability to other domains, we present
several sensible recommendations to future RGB-D ViT-
based model authors stemming from our work:

• Ensure that your model is competitive against a com-
parable baseline of simply inputting depth as a 4th

channel alongside RGB.

• Evaluate your proposed depth fusion module’s effec-
tiveness depending on the layer it is positioned in.

• Consider that your fusion architecture may be lim-
ited in generalizing from pseudo- to real depth.

Zooming out, in practical settings the choice between us-
ing pseudo- or real depth hinges on distinct costs – obtain-
ing real depth requires specialized hardware, whereas gen-
erating pseudo-depth requires additional compute. If com-
pute is not a limitation, it may be better to simply merge
the depth estimator and the subsequent RGB-D model into
one, avoiding the likely information loss stemming from
needlessly mapping to/from a depth image. So, we believe
that practical RGB-D deployments are only sensible if us-
ing real depth, in which cases the adversarial pseudo-/real
depth gap must be accounted for in model choice.

Future works could delve deeper into the degrees of free-
dom within ViTs, i.e. to gather nuance on how distinct
conditions could affect the consistency of the patterns we
showcase in this paper. On a practical note, we do not in-
vestigate the realities of building better models using the
reported results. Future works could, for example, investi-
gate the feasibility of achieving better accuracies by con-
straining the relation between depth and distance in the at-
tention mechanism. The optimal complexity of depth fu-
sion modules depending on the layer of the ViT should also
be investigated. In broader contexts, the fundamental value
of pseudo-depth in (pre-)training remains little understood
despite its wide-reaching promise of enabling large RGB-
D datasets. Looking into the future, we believe that the
path towards better RGB-D fusion is hidden inside models
exposed to depth since their initial training epochs; it is just
a matter of uncovering this path via careful inspection.
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A
Model Codes

In this Appendix, we provide the code for the 6 models we train described in the Scientific Paper. All
codes are adapted from the official Pytorch Implementation of the Vision Transformer [25]. Specifically,
wemodify the version of the file in commit a095de1. Our baseline 3 channel RGB ViTM3CH constitutes
this exact implementation. For the other models, we provide the snippet of the code adapted, alongside
with the line numbers where the code snippets would be if individually copy-pasted into the Pytorch
implementation. A short description of the changes made is given. Some unchanged lines are included
for a better understanding of the context of the changed lines.

A.1. MLIN – linearly weighted depth difference attention mask
We pass depth as a second parameter to the forward function of the Vision Transformer. Only the
averages of each 16 × 16 patch are kept. The averages are passed into the encoder, where they are
used to generate a between-patch attention mask as in DformerV2 [39].

103 self.depth_param = nn.Parameter(torch.full((1, 1, 1), 1.0), requires_grad=True)
104 depth_scale = torch.log(
105 1 - 2 ** (-initial_value - heads_range * torch.arange(num_heads, dtype=torch.

float) / num_heads)
106 )
107 self.register_buffer("depth_scale", depth_scale)

109 def generate_depth_decay(self, grid_d):
110 mask_d = grid_d.unsqueeze(2) - grid_d.unsqueeze(1)
111 mask_d = mask_d.abs() * self.depth_param
112 mask_d[:, 0, :] = 0
113 mask_d[:, :, 0] = 0
114 mask_d = mask_d.unsqueeze(1) * self.depth_scale.view(1, -1, 1, 1)
115 return mask_d
116

117 def forward(self, input: torch.Tensor):
118 input, d = input
119 torch._assert(input.dim() == 3, f"Expected␣(batch_size,␣seq_length,␣hidden_dim)␣got␣{

input.shape}")
120 HW = input.size(1)
121 ddc = self.generate_depth_decay(d)
122 attn_mask = ddc.view(-1, HW, HW)
123

124 x = self.ln_1(input)
125 x, _ = self.self_attention(x, x, x, need_weights=False, attn_mask=attn_mask)
126 x = self.dropout(x)
127 x = x + input
128

129 y = self.ln_2(x)
130 y = self.mlp(y)
131 return (x + y, d)
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https://github.com/pytorch/vision/blob/main/torchvision/models/vision_transformer.py
https://github.com/pytorch/vision/commit/a095de183d3811d79ed0db2715e7a1c3162fa19d
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154 def forward(self, input: torch.Tensor, d):
155 torch._assert(input.dim() == 3, f"Expected␣(batch_size,␣seq_length,␣hidden_dim)␣got␣{

input.shape}")
156 input = input + self.pos_embedding
157 for i, l in enumerate(self.layers):
158 input, _ = l((input, d))
159 return self.ln(input)

289 def forward(self, x: torch.Tensor, d: torch.Tensor):
290 parts = F.interpolate(d, size=(14, 14), mode="bilinear", align_corners=False)
291 parts = parts.view(-1, 196)
292 d = torch.cat((torch.zeros((x.size(0), 1), device=x.device, dtype=x.dtype), parts),

dim=1)
293 # Reshape and permute the input tensor
294 x = self._process_input(x)
295 n = x.shape[0]
296

297 # Expand the class token to the full batch
298 batch_class_token = self.class_token.expand(n, -1, -1)
299 x = torch.cat([batch_class_token, x], dim=1)
300

301 x = self.encoder(x, d)
302

303 # Classifier "token" as used by standard language architectures
304 x = x[:, 0]
305

306 x = self.heads(x)
307

308 return x

A.2. MMLP – MLP weighted depth difference attention mask
Similar to the code for MLIN, but we instead use an MLP to weight the between-patch attention mask.

103 self.depth_mlp = nn.Sequential(
104 nn.Linear(1, 32, bias=True),
105 nn.ReLU(inplace=True),
106 nn.Linear(32, 1, bias=False)
107 )
108 depth_scale = torch.log(
109 1 - 2 ** (-initial_value - heads_range * torch.arange(num_heads, dtype=torch.

float) / num_heads)
110 )
111 self.register_buffer("depth_scale", depth_scale)

109 def generate_depth_decay(self, grid_d):
110 mask_d = grid_d.unsqueeze(2) - grid_d.unsqueeze(1)
111 mask_d = self.depth_mlp(mask_d)
112 mask_d[:, 0, :] = 0
113 mask_d[:, :, 0] = 0
114 mask_d = mask_d.unsqueeze(1) * self.depth_scale.view(1, -1, 1, 1)
115 return mask_d

A.3. M4CH – a 4-channel RGB-D ViT
In the convolution that produces the initial tokens, the input channel count is increased from 3 to 4. The
change represents appending depth as a 4th input channel.

213 self.conv_proj = nn.Conv2d(
214 in_channels=4, out_channels=hidden_dim, kernel_size=patch_size, stride=

patch_size
215 )

A.4. MDF1 – using the encoder block of Dformer (v1)
We replace the first four encoder blocks from the vanilla ViT with the encoder block from Dformer [38],
referred to in the code below as Block. The implementation of this block (and its dependencies) can
be found in the authors’ repository at lines 24 – 200.

https://github.com/VCIP-RGBD/DFormer/blob/main/models/encoders/DFormer.py
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122 class Encoder(nn.Module):
123 """Transformer␣Model␣Encoder␣for␣sequence␣to␣sequence␣translation."""
124

125 def __init__(
126 self,
127 seq_length: int,
128 num_layers: int,
129 num_heads: int,
130 hidden_dim: int,
131 dropout: float,
132 norm_layer: Callable[..., torch.nn.Module] = partial(nn.LayerNorm, eps=1e-6),
133 mlp_dim: int = 0,
134 ):
135 super().__init__()
136 # Note that batch_size is on the first dim because
137 # we have batch_first=True in nn.MultiAttention() by default
138 self.pos_embedding = nn.Parameter(torch.empty(1, seq_length, hidden_dim).normal_(std

=0.02)) # from BERT
139 self.dropout = nn.Dropout(dropout)
140 layers: OrderedDict[str, nn.Module] = OrderedDict()
141 for i in range(4):
142 layers[f"encoder_layer_{i}"] = Block(
143 index=i,
144 dim=hidden_dim,
145 num_head=num_heads,
146 )
147 for i in range(4, 12):
148 layers[f"encoder_layer_{i}"] = EncoderBlock(
149 num_heads,
150 hidden_dim,
151 mlp_dim,
152 dropout,
153 0.0,
154 norm_layer,
155 )
156 self.layers = nn.Sequential(layers)
157 self.ln = norm_layer(hidden_dim)
158 self.class_token = nn.Parameter(torch.zeros(1, 1, hidden_dim))
159

160 def forward(self, x: torch.Tensor, d: torch.Tensor):
161 torch._assert(x.dim() == 3, f"Expected␣(batch_size,␣seq_length,␣hidden_dim)␣got␣{x.

shape}")
162 x = x + self.pos_embedding
163 B, _, C = x.shape
164 x = x.view(B, 14, 14, C)
165 d = d.view(B, 14, 14, C // 2)
166 for i, f in enumerate(self.layers):
167 if i == 4:
168 x = x.view(B, 196, C)
169 batch_class_token = self.class_token.expand(B, -1, -1)
170 x = torch.cat([batch_class_token, x], dim=1)
171 if i < 4:
172 x, d = f((x, d))
173 else:
174 x = f(x)
175 return self.ln(x)

289 def forward(self, x: torch.Tensor, d: torch.Tensor):
290 # Reshape and permute the input tensor
291 x = self._process_input(x)
292 n = x.shape[0]
293

294 # Expand the class token to the full batch
295 batch_class_token = self.class_token.expand(n, -1, -1)
296 x = torch.cat([batch_class_token, x], dim=1)
297

298 x = self.encoder(x, d)
299

300 # Classifier "token" as used by standard language architectures
301 x = x[:, 0]
302
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303 x = self.heads(x)
304

305 return x

A.5. MGEM – using the encoder block of GeminiFusion
Similar to MDF1, except that the encoder block Block is taken from GeminiFusion [14]. The implemen-
tation of this block can be found in lines 14 – 322 of the authors’ official code repository.

139 self.gemini_blocks = 4
140 for i in range(self.gemini_blocks):
141 layers[f"encoder_layer_{i}"] = Block(
142 dim=hidden_dim // 2,
143 num_heads=num_heads,
144 last_block=False,
145 )
146 for i in range(self.gemini_blocks, 12):
147 layers[f"encoder_layer_{i}"] = EncoderBlock(
148 num_heads,
149 hidden_dim,
150 mlp_dim,
151 dropout,
152 0.0,
153 norm_layer,
154 )
155 self.layers = nn.Sequential(layers)
156 self.ln = norm_layer(hidden_dim)
157 self.class_token = nn.Parameter(torch.zeros(1, 1, hidden_dim))
158

159 def forward(self, x: torch.Tensor, d: torch.Tensor):
160 torch._assert(x.dim() == 3, f"Expected␣(batch_size,␣seq_length,␣hidden_dim)␣got␣{x.

shape}")
161 x = x + self.pos_embedding
162 d = d + self.pos_embedding
163 B, _, C = x.shape
164 for i, f in enumerate(self.layers):
165 if i == self.gemini_blocks:
166 x = torch.cat([x, d], dim=2) # (B, N, C)
167 batch_class_token = self.class_token.expand(B, -1, -1)
168 x = torch.cat([batch_class_token, x], dim=1)
169 if i < self.gemini_blocks:
170 x, d = f([x, d], 14, 14)
171 else:
172 x = f(x)
173 return self.ln(x)

https://github.com/JiaDingCN/GeminiFusion/blob/main/models/mix_transformer.py
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Training Code

Code to train the models, specifically M4CH in the example below, though the format is compatible with
all models.

1 import os
2 import torch
3 import torch.nn as nn
4 import torch.nn.functional as F
5 import torch.optim as optim
6 import torch.distributed as dist
7 import torch.multiprocessing as mp
8 from torch.nn.parallel import DistributedDataParallel as DDP
9 from torch.utils.data import DataLoader, DistributedSampler

10 from torchvision.transforms import v2
11 from torchvision.models import vit_b_16, ViT_B_16_Weights
12 from datasets import load_dataset
13 from transformers import AutoModelForDepthEstimation , AutoImageProcessor
14 from tqdm import tqdm
15 import time
16

17 train_transforms = v2.Compose([
18 v2.RandomResizedCrop(224, antialias=True),
19 v2.RandomHorizontalFlip(p=0.5),
20 v2.RandAugment(num_ops=2, magnitude=9),
21 v2.ToImage(),
22 v2.ToDtype(torch.float32, scale=True),
23 v2.Normalize(mean=[0.485, 0.456, 0.406], std=[0.229, 0.224, 0.225]),
24 ])
25

26 val_transforms = v2.Compose([
27 v2.Resize(256, antialias=True),
28 v2.CenterCrop(224),
29 v2.ToImage(),
30 v2.ToDtype(torch.float32, scale=True),
31 v2.Normalize(mean=[0.485, 0.456, 0.406], std=[0.229, 0.224, 0.225]),
32 ])
33

34 def train_transform_fn(examples):
35 # Convert PIL images to Tensors and apply transforms
36 examples["pixel_values"] = [train_transforms(image.convert("RGB")) for image in examples[

"image"]]
37 return examples
38

39 def val_transform_fn(examples):
40 # Convert PIL images to Tensors and apply transforms
41 examples["pixel_values"] = [val_transforms(image.convert("RGB")) for image in examples["

image"]]
42 return examples
43

44 def cleanup():

31
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45 dist.destroy_process_group()
46

47 def collate_fn(batch):
48 pixel_values = torch.stack([example["pixel_values"] for example in batch])
49

50 # Extract labels and convert to a long tensor
51 labels = torch.tensor([example["label"] for example in batch])
52

53 return (pixel_values, labels)
54

55 def depth_values(depth_model, images):
56 with torch.inference_mode(), torch.amp.autocast('cuda'):
57 outputs = depth_model(pixel_values=images)
58 parts = F.interpolate(outputs.predicted_depth.unsqueeze(1), size=(224, 224), mode="

bilinear", align_corners=False)
59 parts = (parts - 2.5785) / 1.6296
60 return parts
61

62 def main(rank, world_size):
63 torch.cuda.set_device(rank)
64 dist.init_process_group(backend="nccl", rank=rank, world_size=world_size)
65 device = torch.device(f"cuda:{rank}")
66 print(f"I␣am␣process␣{rank}/{world_size}")
67

68 # DDP-specific environment variables
69 depth_model = AutoModelForDepthEstimation.from_pretrained(
70 "depth-anything/Depth-Anything-V2-Small-hf",
71 dtype=torch.float16
72 ).to(device).eval()
73 depth_model = torch.compile(depth_model, mode="max-autotune")
74

75 BATCH_SIZE = 192 # Adjust based on your VRAM
76 NUM_WORKERS = 16 # CPU threads for dataloading
77 EPOCHS = 300 # ViTs require long training schedules (300 is standard)
78 LR = 1e-3 # Base Learning Rate
79 if rank == 0:
80 print(f"initial␣LR:␣{LR}")
81 WEIGHT_DECAY = 0.05 # High weight decay is standard for ViT
82

83 torch.backends.cudnn.benchmark = True
84

85 cutmix_mixup = v2.RandomChoice([
86 v2.CutMix(num_classes=1000, alpha=1.0),
87 v2.MixUp(num_classes=1000, alpha=0.8)
88 ])
89

90 train_dataset = load_dataset("ILSVRC/imagenet-1k", split='train')
91 train_sampler = DistributedSampler(train_dataset, shuffle=True, num_replicas=world_size,

rank=rank)
92 val_dataset = load_dataset("ILSVRC/imagenet-1k", split='validation')
93 val_sampler = DistributedSampler(val_dataset, shuffle=False)
94 train_dataset.set_transform(train_transform_fn)
95 val_dataset.set_transform(val_transform_fn)
96

97 train_loader = DataLoader(
98 train_dataset, batch_size=BATCH_SIZE, sampler=train_sampler,
99 num_workers=NUM_WORKERS, pin_memory=True, drop_last=True, collate_fn=collate_fn

100 )
101 val_loader = DataLoader(
102 val_dataset, batch_size=BATCH_SIZE, sampler=val_sampler,
103 num_workers=NUM_WORKERS, pin_memory=True, collate_fn=collate_fn
104 )
105 model = vit_b_16(weights=None).to(device)
106

107 print("Compiling␣model...")
108 model = torch.compile(model, mode="max-autotune")
109 model = DDP(model, device_ids=[rank])
110 criterion = nn.CrossEntropyLoss(label_smoothing=0.1)
111

112 optimizer = optim.AdamW(model.parameters(), lr=LR, weight_decay=WEIGHT_DECAY)
113
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114 warmup_epochs = 10
115 warmup_scheduler = torch.optim.lr_scheduler.LinearLR(
116 optimizer, start_factor=0.01, end_factor=1.0, total_iters=warmup_epochs
117 )
118

119 main_epochs = EPOCHS - warmup_epochs
120 cosine_scheduler = torch.optim.lr_scheduler.CosineAnnealingLR(
121 optimizer, T_max=main_epochs, eta_min=1e-6
122 )
123

124 scheduler = torch.optim.lr_scheduler.SequentialLR(
125 optimizer,
126 schedulers=[warmup_scheduler, cosine_scheduler],
127 milestones=[warmup_epochs]
128 )
129

130 scaler = torch.amp.GradScaler('cuda')
131

132 if rank == 0:
133 checkpoint = {
134 'model_state_dict': model.module.state_dict(),
135 'optimizer_state_dict': optimizer.state_dict(),
136 'scheduler_state_dict': scheduler.state_dict(),
137 'epoch': 0
138 }
139 torch.save(checkpoint, f"vit_b_16_epoch_0_full_4CH.pth")
140

141 print("Starting␣training...")
142 for epoch in range(EPOCHS):
143 model.train()
144 running_loss = 0.0
145 train_loader.sampler.set_epoch(epoch)
146

147 since_last = time.time()
148 for i, (inputs, targets) in enumerate(train_loader):
149 inputs, targets = inputs.to(device, non_blocking=True), targets.to(device,

non_blocking=True)
150

151 # Apply CutMix or MixUp dynamically on the GPU
152 inputs, targets = cutmix_mixup(inputs, targets)
153 depths = depth_values(depth_model, inputs)
154 inputs = torch.cat((inputs, depths), dim=1)
155

156 optimizer.zero_grad(set_to_none=True) # Slightly faster than standard zero_grad()
157

158 # Forward pass with AMP
159 with torch.amp.autocast('cuda', dtype=torch.bfloat16):
160 outputs = model(inputs)
161 loss = criterion(outputs, targets)
162

163 # Backward pass & Optimizer step
164 scaler.scale(loss).backward()
165

166 # Gradient clipping is often helpful for ViTs early in training
167 scaler.unscale_(optimizer)
168 torch.nn.utils.clip_grad_norm_(model.parameters(), max_norm=1.0)
169

170 scaler.step(optimizer)
171 scaler.update()
172

173 running_loss += loss.item()
174

175 if rank == 0 and i % 100 == 99:
176 now = time.time()
177 print(f"Epoch␣[{epoch+1}/{EPOCHS}],␣Step␣[{i+1}/{len(train_loader)}],␣Loss:␣{

running_loss/100:.4f},␣Since␣last:␣{now␣-␣since_last}")
178 running_loss = 0.0
179 since_last = now
180

181 scheduler.step()
182 model.eval()
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183

184 # 1. Initialize metrics as tensors on the current device
185 top1_tensor = torch.tensor(0.0).to(device).to(torch.float64)
186 top5_tensor = torch.tensor(0.0).to(device).to(torch.float64)
187 total_tensor = torch.tensor(0.0).to(device).to(torch.float64)
188

189 # Ensure the sampler knows which epoch we are in (if applicable)
190 val_loader.sampler.set_epoch(epoch)
191

192 # Disable gradients and compilation overhead
193 with torch.no_grad():
194 for inputs, targets in tqdm(val_loader, disable=(rank != 0)): # Only show

progress bar on rank 0
195 inputs, targets = inputs.to(device, non_blocking=True), targets.to(device,

non_blocking=True)
196

197 with torch.inference_mode(), torch.amp.autocast('cuda'):
198 depths = depth_values(depth_model, inputs)
199 inputs = torch.cat((inputs, depths), dim=1)
200 outputs = model(inputs)
201

202 # Metrics calculation
203 _, pred = outputs.topk(5, 1, True, True)
204 pred = pred.t()
205 correct = pred.eq(targets.view(1, -1).expand_as(pred))
206

207 # Update tensors instead of python floats
208 top1_tensor += correct[:1].reshape(-1).float().sum()
209 top5_tensor += correct[:5].reshape(-1).float().sum()
210 total_tensor += targets.size(0)
211

212 # 2. Synchronize results across all GPUs
213 dist.all_reduce(top1_tensor, op=dist.ReduceOp.SUM)
214 dist.all_reduce(top5_tensor, op=dist.ReduceOp.SUM)
215 dist.all_reduce(total_tensor, op=dist.ReduceOp.SUM)
216

217 # 3. Only Rank 0 handles printing and saving
218 if rank == 0:
219 t1_acc = 100 * top1_tensor.item() / total_tensor.item()
220 t5_acc = 100 * top5_tensor.item() / total_tensor.item()
221

222 print(f"Top-1␣Accuracy:␣{t1_acc:.2f}%")
223 print(f"Top-5␣Accuracy:␣{t5_acc:.2f}%")
224 with open("t1accs_4CH.txt", "a") as file:
225 file.write(f"{t1_acc}␣{t5_acc}\n")
226

227 if epoch == 4 or (epoch + 1) % 10 == 0:
228 checkpoint = {
229 'model_state_dict': model.module.state_dict(),
230 'optimizer_state_dict': optimizer.state_dict(),
231 'scheduler_state_dict': scheduler.state_dict(),
232 'epoch': epoch
233 }
234 torch.save(checkpoint, f"vit_b_16_epoch_{epoch+1}_full_4CH.pth")
235 dist.barrier()
236 cleanup()
237

238 if __name__ == '__main__':
239 main(int(os.environ["LOCAL_RANK"]), torch.cuda.device_count())



C
AI Statement

Generative AI tools were used in the writing of this thesis. Google Gemini and Anthropic Claude were
the models used. The models were used to assist in training code generation, and for researching
relevant related works. Generative AI tools were not used in writing, except to discover terminology or
to refine already written sentences. The work in this thesis constitutes original ideas by the authors.
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