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01   Vision Transformer (ViT)

02 Swin Transformer



• ViT is used for image 
classification tasks.

• ViT use Encoder part of 
Transformer.

• ViT divides an image into 
multiple patches, flattens 
them, and feeds these 
patches as input sequences 
into the Transformer.

01. Vision Transformer

An Image is Worth 16 x 16 Words: Transformers for Image Recognition at Scale (ICLR 2021) 



• 𝐻, 𝑊 : Height and width of the input image

• 𝐶 : Number of channels in the image (c=3 for rgb)

• 𝑃 : Patch size (resolution of each patch is 𝑃 × 𝑃)

• 𝑁 : Number of patches, 𝑁 = 𝐻𝑊/𝑃²

• 𝐷 : Latent vector size

• 𝑥 : Input image (𝑥 ∈ ℝ𝐻×W×𝐶 )

• 𝑥𝑝 : Flattened image patches (𝑥𝑝 ∈ ℝN×(𝑃2⋅𝐶) )

• 𝐸 : Patch embedding projection (trainable)

• 𝐸𝑝𝑜𝑠 : Positional embeddings

• 𝑧 : Feature embedding at different layers.

Notation

01. Vision Transformer



01. Vision Transformer

https://www.youtube.com/watch?v=7lxKirsixuQ
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Model Architecture

• Converts 2D image 𝑥 ∈ ℝ𝐻×W×𝐶 into a 1D sequence 𝑥𝑝 ∈ ℝN×(𝑃2⋅𝐶)

• Split the input image into 9 patches. A positional embedding is added at the beginning of each patch to 
preserve its order in the sequence. 

ex) for a 48*48*3 image 
and patch size 𝑃 = 16
→ there are 9 patches 
(3*3=9), each flattened 
into a 16*16*3 vector.
→ total of 9 vectors

Flattened Patches



01. Vision Transformer
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• To convert the flattened vectors into inputs 
for the Transformer, we multiply by a linear 
projection matrix 𝐸, transforming them 
into 𝐷 dimensions.
→ each vector, from 𝑥𝑝

1 to 𝑥𝑝
N, is linearly 

projected, resulting in 𝐷 -dimensional vectors.

→ A total of 𝑁 vectors of dimension 𝐷 from 
the input image

• Note that this linear transformation is a 
learnable matrix that is trained.

𝐷 -dimensional vectors



01. Vision Transformer

https://dkamatblog.home.blog/2021/08/05/vision-transformers-vit/

ex) input image size = 224*224*3, patch size = 16*16 → results in 14*14 patches = 196 patches in total.

• Eatch patch (16*16*3) is linearly projected to 𝐷 dimension (e.g., 𝐷 =768).

• Class embedding is added for image classification (like the CLS token in BERT). 

• Position embeddings are added to maintain patch locations.

Final transformer input (𝑧0)
= flattened patches → linear projection → class embedding → position embedding



01. Vision Transformer

• Input : 𝑧0

• Output : 𝑧𝐿

• Objective function : Cross-Entropy Loss Function

• L x Transformer Encoder : normalization → MSA →
residual connection → normalization → MLP → skip 
connection → 𝑧𝐿

• Use CLS token for classification through MLP head

• Pre-training & Fine-tuning 
→ During fine-tuning, the entire model, including 
the new classification head, is updated without 
freezing any layers.

Training



Original 
Transformer 
Encoder

ViT
Transformer 
Encoder

• While the original transformer applies normalization 
after the attention block, ViT applies normalization 
before the attention block.

• While the original transformer uses the ReLU
function in the MLP process, ViT uses GeLU.

• In the original transformer, positional embeddings 
are fixed vectors, but in ViT, they are learnable 
parameters.

01. Vision Transformer



• Limitation

• The original Vision Transformer (ViT) was designed to solve classification problems.

• Unlike text, ViT lacks specific characteristics suited for processing images.

• The computational cost increases quadratically as the number of tokens grows.

• Solution

• Proposes a model that can be used as a backbone for various tasks beyond classification.

• Introduces a method that incorporates image-specific characteristics into the transformer architecture.

• Reduces computational complexity compared to the original ViT model, making it more efficient.

02. Swin Transformer

Swin Transformer: Hierarchical Vision Transformer using Shifted Windows



02. Swin Transformer

• Images differ from text due to their unique characteristics, such as resolution and the scale 
of visual entities.

• Proposed method : Apply Local Windows and a Hierarchical Structure to the model.

Image-Specific Characteristics



• 𝐻 : Height of the input image

• 𝑊 : Width of the input image

• 𝐶 : Number of channels in the input image (e.g., 3 for RGB images)

• 𝐵 : Batch size

• 𝑀 : Size of the local window

• 𝑃𝑎𝑡𝑐ℎ : A tokenized portion of the image

• 𝑃ℎ, 𝑃𝑤 : Patch dimensions 

• 𝑁(=𝑁ℎ×𝑁𝑊) : Total number of patches  (height × width)

02. Swin Transformer

Notation

https://better-tomorrow.tistory.com/entry/Swin-Transformer



02. Swin Transformer

• Apply Local Windows and a Hierarchical Structure to the model.

ℎ : Height of the input image

𝑤 : Width of the input image

𝐶 : arbitrary dimension size for an image token

Proposed Method



02. Swin Transformer

15

SW-MSA (Shifted Window Multi-head Self Attention)W-MSA (Window Multi-head Self Attention)

Efficient batch computation
Shifted Window Approach

Proposed Method



02. Swin Transformer

Cyclic Shift

Proposed Method



02. Swin Transformer

W-MSA (Window Multi-head Self Attention)
SW-MSA (Shifted Window Multi-head Self Attention)

Overall Architecture

• Patch Merging

• Swin Transformer Block



02. Swin Transformer

https://velog.io/@riverdeer/paper-review-Swin-Transformer-Hierarchical-Vision-Transformer-using-Shifted-Windows

Overall Architecture

Patch Partition

4*4*3(RGB) = 48

Linear Embedding

Patch Merging

2x2 = 4



02. Swin Transformer

Training

• Pre-training : Image Classification
Objective function : Cross-Entropy Loss

• Fine-tuning : Image Classification, Object Detection, Semantic Segmentation



• Using a similar architecture for both NLP and computer vision could significantly accelerate the 
research process.

• Advantages over CNNs:
• Higher accuracy on large datasets.
• Higher modeling capacity.
• Lower inductive biases and global receptive fields.

• Modern ViTs (e.g., Swin) are becoming more CNN-like by:
• Reducing receptive fields.
• Using hierarchical, pyramidal feature maps.

• However, CNNs still perform on-par or better than state-of-the-art ViTs (e.g., ImageNet) when:
• Comparing model complexity/size versus accuracy.
• Trained without knowledge distillation or additional data, particularly at lower accuracy targets.

02. Swin Transformer

Conclusion
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01.  Introduction

Speech

https://ratsgo.github.io/speechbook/docs/fe/ft

• Speech signals are composed of various frequencies.

• Complex waveforms can be split into different frequency 
components.

• Fourier transform helps to analyze these signals in the 
frequency domain.

• To process speech in computers, analog signals are 
converted into digital data.

• Sampling : determines how often to capture data points.
→ Commonly 16,000 Hz for speech, meaning 16,000 samples 
per second.

• Often, transformations are used to extract useful features.ㅍ



01.  Introduction

Speech

https://ratsgo.github.io/speechbook/docs/fe/ft

• Fourier Transform applied to 25ms windows of audio segments.

• Spectrogram : visualizes frequency components over time, resulting in 2D data.

• MFCC (Mel-frequency Cepstral Coefficients) : focuses on low-frequency details based on human hearing 
sensitivity.

• Features like spectrogram of MFCC are converted into 2D tensors or 1D sequences for input.

• Traditional speech recognition : handcrafted feature extraction for better speech recognition.



01.  Introduction

Automatic Speech Recognition (ASR)

• Acoustic model : recognizes sounds or phonemes like /a/, /e/, /i/ in speech

• Language model : captures statistical connections between words and ensures natural word sequences

(e.g., I go to school vs. I sell school)

• Vocabulary dictionary : Maps phoneme sequences to words, using a pronunciation lexicon

• Combines these three components to convert speech signals into word sequences through decoding and searching.



02. Pre-Transformer Speech Models

Traditional Approaches

• GMM-HMM → DNN-HMM → End-to-End → Pre-trained model

https://web.stanford.edu/class/archive/cs/cs224n/cs224n.1174/lectures/cs224n-2017-lecture12.pdf
Deep Speech 2: End-to-End Speech Recognition in English and Mandarin

DNN → CNN → RNN / LSTM



02. Pre-Transformer Speech Models

• RNN/LSTM models process sequences step by step, which limits parallelization and leads to 

slow training, especially for long speech sequences.

• Each time step depends on the previous one, making it difficult to compute multiple steps 

in parallel.

• Speech sequences are often long, and RNN/LSTM models struggle to handle these 

efficiently, leading to increased computational cost.

• Transformer solves these issues by using Self-Attention, allowing the model to process all 

positions in the sequence simultaneously, enabling faster training and better parallelization.

Limitations



03.  Speech Transformer – Wav2Vec2.0

Wav2Vec2.0 (2020)

• Wav2Vec 2.0 is a self-supervised learning-based acoustic model, utilizing a Transformer architecture.

• Pre-training : 53k hours of unlabeled speech data

Fine-tuning : 10 minutes of labeled data for downstream tasks : 4.8% PER, 8.2% WER



𝑧𝑡

𝑞𝑡

𝑐𝑡

Notation

03.  Speech Transformer – Wav2Vec2.0

• 𝑥𝑖 : Raw audio signal at index I where 𝑥𝑖 ∈ 𝑋.

• 𝑧𝑡 : Latent speech representation at time step 𝑡.

• 𝑞𝑡 : Quantized representation at time step 𝑡.

• 𝑐𝑡 : Contextualized representation at time step 𝑡.

• 𝐺 : Codebook size (the number of groups of codewords).

• 𝑉 : Number of codewords per group.

• 𝑒 : Codeword vector representation from the codebook.



𝑧𝑡

𝑞𝑡

𝑐𝑡

Model Architecture

<1> CNN Feature Encoder < 𝒇:𝑿 → 𝐙 >

• Input : Raw audio waveform

• Process : Passed through a multi-layer CNN encoder

• Output : Converted into 25ms representation vectors

• At each time step 𝑇 , the model outputs latent speech 
representations (𝑧1, ..., 𝑧𝑇).

• These representations (𝑧1, ..., 𝑧𝑇) are used as input for 
the quantizer and transformer modules.

wav2vec 2.0: A Framework for Self-Supervised Learning of Speech Representations

03.  Speech Transformer – Wav2Vec2.0



𝑧𝑡
𝑞𝑡

𝑐𝑡

Model Architecture

wav2vec 2.0: A Framework for Self-Supervised Learning of Speech Representations

03.  Speech Transformer – Wav2Vec2.0

<2> Quantization Module < 𝒁 → 𝐐 >

• Input : Latent speech representation 𝑧

• Process : 𝑧𝑡 (from CNN encoder) is discretized using 
the quantizer 𝒁 → 𝐐 to output 𝑞𝑡

• Output : 𝑞𝑡

• Finds the closest matching codeword vector to the current 
time-step vector 𝑧𝑡 and converts it into the corresponding 
quantized representation 𝑞𝑡

• Codeword vector represents universal human phonemes, 
shared across languages.

• Codebook matrix consists of multiple learnable parameters.

codebook 𝒆

𝑮 codebooks
each containing 𝑽 code words



Model Architecture

<3> Transformer Module < 𝒈: 𝒁 → 𝐂 > 

• Input : Latent speech representations 𝑧1, ..., 𝑧𝑇

• Process : Transformer (encoder) block captures 
contextual information across the entire sequence, 
outputting 𝑐1, ..., 𝑐𝑇

• Output : Context representations 𝑐1, ..., 𝑐𝑇

• 12 Transformer blocks for the BASE version of the 
model, or 24 blocks for the LARGE version.

• No absolute positional embeddings used. 
The wav2vec model instead uses a new grouped 
convolution layer to learn relative positional 
embeddings by itself.

wav2vec 2.0: A Framework for Self-Supervised Learning of Speech Representations

03.  Speech Transformer – Wav2Vec2.0

https://jonathanbgn.com/2021/09/30/illustrated-wav2vec-2.html

https://paperswithcode.com/method/grouped-convolution


𝑧𝑡

𝑞𝑡

𝑐𝑡

Training

• Objective function : Contrastive Loss

- Half of latent representations are masked before entering Transformer.

- Learns to make context representations similar to the quantized representation of the masked position, while 

pushing away representations of other positions

→ maximizes similarity between 𝑞𝑡 and 𝑐𝑡 at the same position & minimizes similarity with other positions.

wav2vec 2.0: A Framework for Self-Supervised Learning of Speech Representations

03.  Speech Transformer – Wav2Vec2.0



Conclusion

• The introduction of transformer models in speech processing helps 
overcome the bottlenecks and performance limitations of traditional 
models.

• Their parallel processing capabilities and attention mechanisms enable 
efficient handling of the complexity in speech data.

• The adoption of self-supervised learning techniques has significantly 
improved the performance of transformer-based speech models.



End


