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Chapter 1
Transformer

Since this work depends on transformer architectures, this chapter provides the nec-
essary background information on core components, connections, and internal transfor-
mations of the architecture. A clear understanding of these elements is essential, as our
analysis focuses directly on how information flows through layers and how those layers can
be modified or pruned. We also describe how the original transformer architecture has
evolved in recent years, focusing on the adaptations that enable it to process image data

and the design changes introduced to improve training stability, efficiency, and scalability.

1.1 General Picture

The transformer architecture was first introduced in 2017 [1] and quickly proved effec-
tive for processing sequential data such as text and time series. Although some may think
that the attention mechanism was introduced alongside the transformer [1], mechanisms
later referred to as attention were first used in the context of recurrent neural networks
for machine translation [2]. The transformer’s key innovation was to remove recurrence
entirely and build the architecture solely around self-attention and feed-forward layers.
Transformers have since become a dominant architecture across a wide range of domains,
from natural language processing (NLP) to vision and multimodal reasoning. They power
tasks such as machine translation, text and code generation, and image and audio un-
derstanding. Recent influential models such as GPT-5, Claude Opus 4.6, DINOv3 and
Qwen2.5-VL demonstrate the versatility of transformers and have set new performance

benchmarks across multiple modalities and tasks.

In Fig 1.1, the original transformer architecture is shown with an encoder-decoder
structure. Both encoder and decoder consist of modules that can be stacked multiple
times. The encoder maps an input sequence of symbol representations = to a sequence of
continuous representations z. Given z, the decoder then generates an output sequence y
of symbols one element at a time. At each step the model is autoregressive, consuming

the previously generated symbols as additional input when generating the next.
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Figure 1.1: Transformer Model Architecture [1]

1.1.1 Tokenization, Embedding, Positional Encoding

Tokenization is the process of encoding a string of text into transformer-readable

integers called token IDs.

original
text

tokens  ['hello’, ‘world’, '!']

token
IDs

hello world!

[7592, 2088, 999]

The input sentence and output target sentence are first tokenized and then embedded

in a d,,.ge-dimensional space since we cannot use strings directly; the dimension d,,qe

depends on the chosen model architecture.



Next, since we do not have recurrent networks that can remember how sequences are
fed into a model, we must somehow provide each word in our sequence with a relative
position, since a sequence depends on the order of its elements. These positions are
added to the d,,,q¢-dimensional vector of each word through a technique called positional

encoding. The vector that is added to each word is:

Py = [sin(wqt) cos(wit) --- sin (w odel t) cos ((,Udmodel t)] (1.1)
2 2 1><dmodel
where wy, = ——— and ¢ is the token position in the sentence.
10000 Ymodel

1.1.2 Self-Attention Mechanism

When performing a search query, such as looking for a specific video on YouTube,
the search engine maps the query against a set of keys associated with stored videos.
The algorithm then returns the best-matched videos, which can be thought of as the
corresponding values. This concept can be generalized: data is often represented as key-
value pairs, and a crucial step is to measure the similarity between a query and the keys.
A common similarity measure is cosine similarity, which evaluates the angle between
two vectors:

A-B

sim(A, B) = cos(A, B) = TATIB] (1.2)

Vectors that point in similar directions yield high similarity scores, whereas vectors point-
ing in different directions produce lower scores. These similarity values are then passed
through a softmax function, which normalizes them into a probability distribution that
sums to one and sharpens the distribution, emphasizing higher similarity values while
suppressing lower ones.

In our case, when processing a sequence of token embeddings, the self-attention mech-
anism allows each element to interact with all the other embeddings and find out who
they should pay more attention to. To compute the attention matrix, the attention block
receives a matrix X € R™*9modet where each row is the embedding of one input token;
for each attention layer we have a set of learnable weights Wy, Wg, Wy € Rmoderxdx
which are used to compute the key K, query @Q, value V € R™*% matrices, where n is the
token sequence length, d,,.qe; is the embedding dimension and dj, is the key, query, value
dimension; sometimes it can happen that a different dimension for the value component
of attention d, # dj. is chosen.

The attention matrix contains the normalized similarity scores between all queries and
keys; each row corresponds to the attention distribution of one token over all tokens in

the sequence, formalized as:

Attention(Q, K, V) = softmax(%)\/ (1.3)

where dj serves as a scaling factor.



1.1.3 Multi-head attention

Instead of applying a single attention operation over the full d,,q¢;-dimensional queries,
keys, and values, the attention mechanism is executed multiple times in parallel where
each operation is referred to as a head. The motivation for multi-head attention is that
each head learns independent projections and can therefore focus on different types of
relationships, while a single attention head might obscure distinct types of relationships,
potentially limiting the expressive power of the model.

For each head 7, the input representations are linearly projected into lower-dimensional
subspaces using separate learned projection matrices I/VZ-Q, WE WY € RImoderxdr  These

projections produce transformed queries, keys, and values:
Qi=XWE K, =XWEK vi=xw)

To maintain computational efficiency, the dimensionality of each head is reduced such
that

dmoe
Aodet = h - dyy, = dy = hdl

Thus, although attention is computed h times, each operation occurs in a lower-dimensional

space, keeping the total computational cost comparable to that of single-head attention.

The outputs of the h heads are concatenated and projected once more:
MultiHead(Q, K, V) = Concat(heady, . . . , heady)W©° (1.4)

head; = Attention(Q;, K;, V;) (1.5)

where WO € R¥moderXdmodet ig g learned output projection matrix.

1.1.4 Layer Normalization

It is important to emphasize that the transformer employs layer normalization, not
batch normalization. Layer normalization stabilizes training by normalizing the activa-
tions of each individual sample across its feature dimension. Unlike batch normalization,
the normalization is performed independently for each token and does not depend on
other elements in the batch.

This distinction is particularly important in NLP tasks, where sentence lengths may
vary across batches. If batch normalization were used, the normalization statistics would
depend on the number of tokens in each batch, which can differ due to padding or variable-

length sequences.
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Figure 1.2: Batch Normalization versus Layer Normalization

Let X € R"*dmedet denote the input to the normalization layer, where n is the number
of tokens and d,,,q¢; 18 the feature dimension. Each row corresponds to one token repre-
sentation, and each column corresponds to one feature. For a given token 4, the mean

and variance are computed across its feature dimension:

| o

= Amodel ; i (1.6)
; | o )

O ; (i — pi) (1.7)

By = Tij — P (1.8)

\/Ui?+e

where € is a small constant added for numerical stability. After normalization, learnable

scale and shift parameters are applied:
Yij = Vi + (1.9)

where 7y, 3 € Rémodel are trainable parameters.

1.1.5 Residual Connection

The residual connection adds the input of a layer to the output of the corresponding
sublayer, so that each sublayer is not required to completely transform the input represen-
tation. In other words, the residual connection allows each layer to refine the embedding
rather than relearning it from scratch. This mechanism helps preserve information from
earlier layers, facilitates gradient propagation, and stabilizes the training of very deep

networks.



This concept of residual connections was introduced in the context of deep neural
networks [3] to address the degradation problem observed as model depth increases. Em-
pirical results showed that deeper feedforward networks could exhibit higher training error
than their shallower counterparts, not primarily due to overfitting or vanishing gradients,
but because stacked nonlinear layers are harder to optimize, especially when the optimal
mapping is close to the identity. The key idea was to reformulate layer learning through a
residual learning paradigm: given an input X, instead of directly producing an output
H(X), the block produces X + F(X). This reparameterization simplifies optimization
because, when the desired transformation is close to the identity, the network only needs
to learn small residual corrections (i.e. F(X) & 0) rather than learning a full mapping
from scratch (i.e. H(X) ~ X).

1.1.6 Position-wise Feed-Forward Networks

In addition to the attention layer, transformer blocks contain a fully connected feed-
forward network (FFN), also referred to as multi-layer perceptron (MLP). This net-
work is applied independently to each token embedding, hence the name position-wise
feed-forward network.

Let X € R™dmodct denote the input to a FFN, where n is the sequence length and d,oqe
is the embedding dimension. The feed-forward network is applied to each token represen-
tation z; € R¥medet separately and identically. The FFN consists of two linear transforma-

tions with a non-linear activation function in between:
FFN($l) = maX(O, ZL‘Z'Wl + bl)WQ + bg (110)

where W, € Rmoderxdy 1}/, € R *dmodel and by € R, by € R¥medel are bias terms. The
intermediate dimension dy¢ is typically larger than d,egei-

Although the same transformation is applied at every position (i.e. the weights are
shared across tokens within the same layer), different transformer blocks use different
parameter sets; therefore, the FFN is position-wise but not layer-wise shared.

Shape = 1xD = 1x512
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Figure 1.3: Visualization of different FFNs for each token embedding



1.2 Transformer Encoder

Having introduced the main building blocks of the trans-
L

former architecture, we now describe how these components 7 1.
are assembled in the encoder. S e T
The transformer encoder consists of a stack of identical lay- ng?g o
ers. Each encoder layer is composed of two main sublayers: 3
 SE—
1. Multi-head self-attention mechanism Nx ,-»[ Add & Norm |
Multi-Head
2. Position-wise feed-forward network (FFN) Attention
We now describe how data flows through the network. L\ J

The input sentence is first tokenized into n tokens; each token
is mapped to a d,,.qe-dimensional embedding vector, and
positional encoding is added to incorporate order information. For the first encoder layer,
XY denotes the matrix of embeddings combined with positional encodings. For subsequent
layers, X% represents the contextualized token representations produced by the previous
encoder layer.

Now, let XL € R"*dmodel he the input to an encoder layer, where n is the sequence length
and d,,oqe is the embedding dimension. First, the input is passed through the multi-head
self-attention mechanism, then a residual connection is applied to the attention output,

and the result is normalized using layer normalization:
Y}, = LayerNorm (X, 4 Attention(XL%)) (1.11)

Next, the output Y}, is passed through the MLP layer. Again, a residual connection and

layer normalization are applied:
Xt = LayerNorm (Y} + MLP(Y})) (1.12)

The resulting matrix Xgrl € R"Xdmodel gerves as the input to the next encoder layer.

It is important to note that the output of every sub-layer, attention or MLP, has the same
dimensionality as its input.

By stacking multiple encoder layers, the model progressively refines the token represen-
tations. Together, these components allow the encoder to build increasingly abstract

context-aware representations of the input sequence.



1.3 Transformer Decoder

After the encoder produces contextualized representations, the decoder takes them

and generates the output sequence autoregressively. While its structure is similar to

the encoder, it introduces two additional mechanisms: masked self-attention and en-

coder—decoder cross attention.

Output
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Let the target sentence be tokenized into m tokens. Each
token is mapped to a d,,.q¢-dimensional embedding vector,
and positional encoding is added. We denote this input by
XY € Rm*dmodet  ywhile the encoder output is denoted by
XL e Rxdmodet where n is the source sequence length.

Each decoder layer consists of three main sublayers:

1. Masked multi-head self-attention
2. Encoder—decoder (cross) attention

3. MLP

Given an input X}, a decoder layer starts with:
X| = LayerNorm(X}, + MaskedAttention(X4))  (1.13)

In the second attention mechanism, the queries come from
the decoder representations, while the keys and values come
from the encoder output X%; this allows the decoder to con-
dition its predictions on the encoded representation of the

source sentence:

X/ = LayerNorm(X] + CrossAttention(X,, X)) (1.14)
X5 = LayerNorm(X] + MLP(X]")) (1.15)

The decoder can be interpreted as a conditional language

model: it predicts the next token in the target sequence based

on the previously generated tokens and the encoded source sentence. A masking mecha-

nism ensures that each position can only attend to earlier positions, allowing the model to

maintain its autoregressive property while still enabling parallel computation across

all positions.



1.3.1 Masked Multi-Head Attention

The masked multi-head attention in the decoder receives inputs with masks that pre-
vent it from accessing information from future (masked) positions. Intuitively, this is like
gradually uncovering the input sentence as the model generates each token.

During training, these masks are applied to the target sequences so that the model learns
to generate each token based solely on the previously generated tokens. By ignoring the
attention weights from future tokens, the transformer learns proper autoregressive decod-

ing.

<start> | am | fine !

e [ [o[]e)]
noEE

e
0130330

Figure 1.4: Example of causal masks for a sequence

During inference, tokens are generated one at a time, so future tokens are naturally un-
available; thus, the explicit mask used during training is no longer needed.

Formally, masked multi-head attention can be written as:

(1.16)

K'+M
MaskedAttention(Q, K, V') = softmax (Q—+) Vv

Vdy,

where M is the mask matrix that sets the attention scores of future positions to —oo.

1.3.2 Output Projection

After passing through all N decoder layers, the final representation X5 € R™*dmode

is projected into the vocabulary space:

logits = XgW’UOCab WUOCab c Rdmodelx‘v|

A softmax function is applied independently to the logits at each sequence position,
producing a probability distribution over the vocabulary for the next token following that

position.



1.4 Modern Transformer Architectures

While the original transformer architecture established the fundamental design princi-
ples of attention-based sequence-to-sequence modeling, modern architectures have intro-
duced several modifications to improve scalability, numerical stability, and computational
efficiency. These changes include the transition from post-layer normalization to pre-
layer normalization, the adoption of RMSNorm, the simplification to decoder-only stacks
in large language models, and the development of structured or sparse attention mecha-

nisms for high-resolution vision tasks.

1.4.1 From Post-LN to Pre-LN

A significant modification to the original transformer architecture concerned the order
with which layer normalization is applied. This change was made because the old post-
layer normalization (Post-LIN), when scaled to larger networks, exhibited optimization
instabilities during early training.

The first cases that used pre-layer normalization (Pre-LN) [4, 5] did not formally analyze
the architectural change, instead they introduced it as a practical adjustment to improve
training stability in deep decoder-only transformers. A theoretical explanation of the im-
proved optimization behavior was later provided [6] and demonstrated that the placement
of normalization significantly affects gradient propagation at initialization, explaining why

Pre-LN enables stable training in very deep transformers.

X141 X141
addition

addition

-
Layer Norm | addition
h

&

Multi-Head
Attention

Multi-Head T

Attention
/ :
X X
(a) (b)

Figure 1.5: Residual Stream rapresentation for (a) Post-LN transformer layer and (b) Pre-LN
transformer layer [6]
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The Post-LN formulation can be traced back to Equation 7?7, where layer normaliza-
tion is applied after the residual addition. In contrast, the Pre-LN formulation applies
normalization before the sublayer transformation, while preserving the residual branch

as a pure identity mapping:
Y = X + F(LayerNorm(X)) (1.17)

For the purposes of this thesis, it is important to emphasize that in the Pre-LN formulation
the residual pathway remains structurally independent from the sublayer transformation,
as can be seen in Fig 1.5. As a result, modifications applied within the transformation
F(-) can be analyzed while preserving the integrity of the residual information flow. All

transformer backbones considered in this thesis work employ the Pre-LN formulation.

1.4.2 Root Mean Square Layer Normalization

Root Mean Square Layer Normalization (RMSNorm) simplifies standard layer nor-
malization (section 1.1.4) by removing the mean-centering step and regulating only the
magnitude of the representation [7]. The core idea is that, in transformer architectures,
stabilizing the scale of activations is often sufficient for effective optimization, while sub-
tracting the mean is not strictly necessary.

Given an input vector z € RY, RMSNorm is defined element-wise as:

X
L S 1.1
Yi T RMS(z) " (1.18)

(1.19)

where ~; is a learnable scaling parameter and € is a small constant added for numerical
stability.

The normalization step rescales the input vector by a single scalar factor RMS(x),
hence controlling its magnitude without performing mean subtraction. This radial rescal-
ing preserves the relative proportions between components of x, however the subsequent
element-wise multiplication by the learnable parameters 7; can introduce anisotropic scal-
ing since the parameters are not uniform, meaning that the overall resulting direction of
the vector y may change with respect to .

Nevertheless, unlike LayerNorm, RMSNorm does not re-center the representation by sub-
tracting its mean. As a result, it avoids introducing shifts in the embedding space that
alter the residual signal through additive transformations.

In Pre-LN transformer architectures, where representations accumulate along residual
pathways, this property helps maintain a stable magnitude while limiting normalization-

induced distortions.
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1.4.3 Encoder-Only and Decoder-Only Architectures

In the years following the original transformer architecture, two architectural variants

emerged depending on the task at hand: encoder-only and decoder-only models.

In encoder-only architectures, each token is allowed to attend to all other elements
in the sequence, enabling the model to build rich contextual representations. For this
reason, they are particularly suited for vision tasks, where the goal is to learn strong
global representations of the input.

In contrast, decoder-only architectures employ masked attention, which restricts each
token to attend only to previous positions in the sequence. These models are trained

using a self-supervised autoregressive objective:

P(z) =[] P(z: | 2<0). (1.20)
t=1
This next-token prediction objective is simple, scalable, and requires no labeled data,
allowing training on massive corpora of raw text.

The shift toward decoder-only architectures in modern large language models was
driven primarily by scalability considerations and objective simplicity. Tasks such as
text generation, summarization, or question answering (QA) can be reformulated as a
conditional prediction task by concatenating the input x and the desired output y into
a single sequence, enabling the model to solve all tasks within the same autoregressive

framework:
T

P(y | ) =[] Plw | yer, ), (1.21)

t=1
This consistency, combined with favorable scaling behavior, has led decoder-only trans-

formers to become the dominant architecture in contemporary large language models,
including models such as GPT-5, LLaMA [8], and Mistral 7B [9].

1.4.4 Modern MLP Variants

In modern architectures, even the activation functions and formulations of the MLP
block have changed. As described in section 1.1.6, the original transformer used a simple
two-layer FFN with ReLU activation between the layers.

Nowadays, new variants are widely adopted in state-of-the-art large-scale models; for
example, models in the GPT family, LLaMA [8], and Mistral [9] replace the original ReL.U
MLP with SwiGLU-style MLP blocks. In these architectures, the activation function
typically used is the Sigmoid Linear Unit (SiLU), defined as

SiLU(z) = x - o(x) (1.22)

12



where o(x) is the sigmoid function. Unlike RelLU, which is piecewise linear and zero for
negative inputs, SiLU is smooth and non-monotonic, allowing small negative values to
propagate with reduced magnitude rather than being entirely suppressed.

In the SwiGLU formulation, the feed-forward block becomes

MLPgsuicru(z) = (SILUW z) © Waz) Ws (1.23)

where ® denotes element-wise multiplication (Hadamard product).

The transition from ReLU-based FFNs to SiLU variants was motivated empirically
[10], since smooth activations such as SiLU improve gradient flow, reduce sharp acti-
vation boundaries, and lead to more stable optimization in very deep networks. When
combined with multiplicative gating, this results in improved parameter efficiency and
better performance for large models. These advantages have made SwiGLU MLP blocks

one of the most popular choices in contemporary transformer architectures.

1.4.5 Efficient Attention

Across both language and vision domains, the dominant trend has not been the re-
placement of attention with fundamentally different mechanisms, but rather its structural
and computational refinement. The primary computational bottleneck of the transformer
architecture lies in the quadratic complexity of self-attention. The matrix multiplication
QK" in Equation 1.3 requires O(n%d) operations and O(n?) memory for the attention
matrix, making long sequences or high-resolution inputs computationally expensive. For
LLMs, efficiency considerations are particularly critical during inference due to their de-

ployment in production environments. Consequently, new strategies have been developed.

KV Cache

During generation, at each decoding step t, the model computes attention between
the new token’s query and all previous tokens. This would require recomputing the key
and value representations Ki.; and Vi, from scratch at every step, even though Ki.;_; and
Vi.t—1 were already computed in the previous step.

The key-value cache optimization stores these previously computed key and value ten-
sors in memory thus, instead of recomputing attention over the entire prefix, the model
computes only the new key-value pair (K, V;), appends it to the cache, and reuses the
stored representations. While this eliminates redundant computation, the KV cache itself

introduces a significant extra memory cost.

13



Multi-Query Attention

To address this memory bottleneck, the multi-query attention (MIQA) approach [11]

reduces this overhead by sharing a single key and value tensor across all heads:
K=XWK v=xwV, @Q=XW? fori=1,....h

Each head retains its own query projection @);, allowing it to extract different information
from the shared keys and values. This reduces KV-cache memory by a factor of h, because

only one key-value pair per layer needs to be stored instead of A pairs.

Grouped-Query Attention

A generalization of MQA was later proposed, called grouped-query attention (GQA) [12].

Essentially, it divides the h heads into g groups, where each group shares one key-value

projection.
Variant | Heads | KV Pairs
| 1 2 3 4 |
Standard MHA QIKIVYI QQKQ% Q3K3‘/3 Q4K4V21 4 pairs
MQA QlKV QQKV QgKv Q4KV 1 palr

GQA (9:2) Q1K QKG Vi QsKoVy  QaKoVs | 2 pairs

Table 1.1: Comparison of key-value structure across attention variants for h = 4 heads and
g = 2 groups for GQA

These modifications significantly reduce memory bandwidth requirements and improve
inference throughput without altering the fundamental attention mechanism. Unlike other
approximations, MQA and GQA compute exact attention scores; as a result, GQA has
become standard in contemporary large language models, as it preserves model quality

while enabling efficient deployment.

14



1.5 Vision Transformer

Vision Transformers (ViTs) have significantly impacted computer vision. The main

goal of the paper [13] was to show that a vanilla transformer, once adapted to deal

with data from the visual domain, could compete with some of the most performant

convolutional neural networks (CNNs) developed up to that point.

The Vision Transformer architecture is conceptually simple:

1.

Split the input image into fixed-size patches

. Flatten each patch into a vector

. Project each vector into a lower-dimensional embedding

Add positional embeddings to retain spatial information

. Feed the embeddings into a standard transformer Encoder

. Pre-train the model in a supervised manner on a large-scale image dataset

Use the encoder’s output corresponding to a special class token.

. Apply a classification head (MLP) to produce the final logits.

Vision Transformer (ViT)

MLP
Head

Transformer Encoder

el 615 o)) ) ) ¢ @5

* Extra learnable
[class] embedding Llnedr ijcc,tmn of Flattened Patches

ST l T |
i n——IIImHWWE
A s

Figure 1.6: Vision Transformer model overview [13]

Unlike the original transformer for sequence-to-sequence tasks, ViT does not include a

decoder. The architecture consists solely of a transformer encoder followed by a lightweight

classification head. A special learnable token, commonly referred to as the class token, is

prepended to the patch embeddings; its final representation is used for classification.

In practice, ViTs are typically pre-trained on very large datasets and then fine-tuned

on downstream tasks. During fine-tuning, the original classification head is discarded and

15



replaced with a new linear layer whose output dimension matches the number of target
classes. The transformer encoder weights are either fully fine-tuned or partially adapted,

depending on the application and data availability.

1.5.1 Patch Embeddings as Visual Tokenization

A key conceptual shift in vision transformers is the interpretation of image patches as
tokens. Given an image z € RFXW*C it is divided into non-overlapping patches of size

P x P, where the total number of patches is
N=— (1.24)

Each patch is flattened into a vector z, € R” *C and projected into the model dimension

dmoder USIng a learned linear embedding:
2, = t,Wg (1.25)

. N .
where Wy € RP*C%dmodet, The resulting sequence [zp] is treated as a token sequence

p=1
and processed by a standard transformer encoder.
This formulation establishes a direct parallel between visual tokenization and text

tokenization.

1.5.2 Modern Vision Transformers

Since modern and heterogeneous Vision Transformer models were used in this thesis,

it is worth explaining their backbones and differences.

Large-Scale Vision Transformers: DINOv2

At the time of writing, DINOv2 is not the latest model in the DINO family; DINOv3
has since been released. However, due to library and implementation constraints, DINOv2
is used in this work. The DINOv2 framework, developed by Meta Al [14], demonstrates
that carefully scaled Vision Transformers can serve as strong general-purpose visual fea-

ture extractors.

Architecturally, DINOv2 retains the encoder-only transformer structure while intro-
ducing improvements in normalization, training stability, and model scaling. The back-
bone is typically a large ViT variant with Pre-LN blocks and modern MLP designs (e.g,
SwiGLU-style activations), aligning it more closely with contemporary transformer prac-
tices observed in LLMs. Additionally, DINOv2 emphasizes the use of larger patch sizes
and higher-capacity models, enabling the encoder to learn semantically rich global repre-

sentations.
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As discussed earlier, DINOv2 is designed primarily as a feature backbone rather than
a task-specific classifier. The learned representations are optimized to be broadly transfer-
able across tasks such as classification, segmentation, and retrieval, effectively functioning

as a universal visual encoder.

Hierarchical and Structured Designs: Swin Transformer V2

Unlike the original ViT, which applies global self-attention at every layer, Swin Trans-
former V2 [15] adopts a hierarchical architecture designed to improve scalability for high-
resolution inputs.

In the standard ViT formulation, self-attention has quadratic complexity O(n?) with
respect to the number of tokens n, which becomes computationally expensive as image
resolution increases. SwinV2 addresses this limitation through window-based attention;
instead of computing attention globally, tokens are partitioned into non-overlapping win-
dows of size w x w, and self-attention is applied independently within each window. This

reduces the computational complexity to O(nw?).

Architecturally, SwinV2 incorporates a hierarchical pyramid organized into multiple
stages. Within each stage, several window-based transformer blocks operate at a fixed
spatial resolution. Between stages, a patch merging operation is applied in which neigh-
boring patches are concatenated and linearly projected, reducing the spatial resolution
by a factor of two in each dimension while increasing the channel dimension. This results

in a hierarchical progression:

(H/P,W/P,C) — (H/2P,W/2P,2C) — (H/AP,W/4P,4C) — ...

segmentation

classification  detection ... classiflcation
0

/ /;_/_16><_ / 16x

= 2 Ax £ / =7 A6x
g P

L -
L i it i 4% = ot 16x
Wi 77 7 i e
o oA
(a) Swin Transformer (ours) (b) ViT

Figure 1.7: SwinV2 Hierarchical Feature Map [16]
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To preserve global information exchange, SwinV2 employs shifted window atten-
tion in alternating layers. By shifting the window partition between successive blocks,
cross-window connections are introduced without reverting to full global attention, en-

abling efficient propagation of information across the entire image.

Layer | Layer 1+1

A local window to
perform self-attention

A patch

Figure 1.8: Shifted Window approach [16]
Overall, Swin Transformer V2 modifies the flat global-attention structure of ViT into

a structured, hierarchical design that preserves locality while maintaining the modeling

flexibility of self-attention.
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