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Kaiming He et al., Deep Residual Learning for Image Recognition, CVPR 2015
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(3x3) conv, 64
stride = 1, padding=1

(3x3) conv, 64
stride = 1, padding=1

(1x1) conv, 64

PyTorch 
implementation calls it 

downsampling with 
1x1 convolution

stride = 1, padding=0

• Now, the ResNet block applies a convolution 
operation with 64 filters, each with a size of 
(1×1), to the input. The output of this 
operation produces a tensor of size 
(64×56×56).

x = (32x56x56)

• The ResNet block shown here, let’s say, 
gets an input of size (32x56x56)

• After applying the first convolution inside 
the ResNet block, the output tensor’s size 
will be (64x56x56)

Conv#1 
W2 = (56-3+2*1)/1 + 1 = 56 
C2 = 64

• After applying the second convolution 
inside the ResNet block, the output 
tensor’s size will be (64x56x56)

Conv#2 
W2 = (56-3+2*1)/1 + 1 = 56 
C2 = 64

Downsampling with conv 
W2 = (56-1+2*0)/1 + 1 = 56 
C2 = 64

        

(64x56x56)

(64x56x56)

Review: ResNet’s main innovation is residual block

https://arxiv.org/pdf/1512.03385


Review: Fine-tuning AlexNet on an Arbitrary 
Dataset

• Let’s use one of the popular CNNs

• LeNet

• VGG

• ResNet

• AlexNet

• Let’s fine-tune AlexNet with a new 
dataset eg, UWS-DATASET

An animal dataset with 500 images  
in Underwater environment

UWS-DATASET
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Review: Fine-tuning AlexNet on an Arbitrary 
Dataset

• Each folder (‘train' and ‘test) contains a set of images that will be 
used by our model during fine-tuning and testing, respectively
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• Instead, when we need to use an arbitrary dataset, we can use torchvision.datasets.ImageFolder class 
to prepare the dataset. After that we can use torch.utils.data.DataLoader class to prepare Python 
iterable over our new training dataset and testing dataset separately.

Review: Using Arbitrary Dataset
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https://docs.pytorch.org/vision/main/generated/torchvision.datasets.ImageFolder.html
https://docs.pytorch.org/docs/2.14/data.html


Review: Loading a Pre-trained AlexNet Model in 
PyTorch

• Import a pre-trained instance of AlexNet inside our Network class and make 
any other necessary changes as follows:
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• Notebook #3: Underwater Animal Classification 
• It’s a 10-class image recognition problem. 

• to submit, download the .ipynb file from Colab 

• directly upload to Blackboard 
• due by October 1st

Announcements

CS 167: Machine Learning

• Quiz#1 will be released next Tuesday 
• you will be able to take it offline on Blackboard 
• should be taken within a fixed-hour window, during which you are expected 

to complete the quiz individually. You are free to start anytime within the 
seven-day period starting next Tuesday. 

• released on September 29th and due by October 7th

https://github.com/alimoorreza/cs181-fall26-Notebook-3
https://analytics.drake.edu/~reza/teaching/cs181_fall26/cs181_syllabus_fall26.pdf


Transformers
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Today’s agenda

• Transformer

• Transfer learning is possible

• New type of network architecture besides convolutional neural network 

• Vision Transformer (ViT)
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Transformers

• In 2017, a new mechanism is 
introduced for context learning 
called attention mechanism 
• more precisely, self-attention 

• It takes less time to trainadvantage 
• Transfer learning on a new task is 

possibleadvantage 
• In subsequent years, it 

revolutionized the field of AI 

Attention is all you need - NeurIPS’2017

______________________________
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https://proceedings.neurips.cc/paper_files/paper/2017/file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf


So why do we need this complicated attention? 
It’s all about “context”

• We can guess from recent information that it will be the name of a 
language; we need the context of France to make a prediction.

• "I grew up in France, I speak fluent ?”

• Consider a language model trying to predict the next word based on 
the previous ones. Let's predict the last word to this sequence:

• "The clouds are in the ?”
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• We can guess from recent information that it will be the name of a 
language; we need the context of France to make a prediction.

• "I grew up in France, I speak fluent french”

• Consider a language model trying to predict the next word based on 
the previous ones. Let's predict the last word to this sequence:

So why do we need this complicated attention? 
It’s all about “context”

• "The clouds are in the sky”

CS 181: Computer Vision | Alimoor Reza (md.reza@drake.edu)



Transformers

          Transformer

x1 x2 x3 x4

reza lives in iowa

reza vit en iowa

an input sentence in english

output sentence in French

Language 
translation tasks 
with Transformer
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• Let's find out how to calculate the attention mechanism in a toy example

• Let's calculate attention for our sentence: “reza lives in iowa”

x1

reza

Convert this word 
to an embedding 
vector of length 6

convert our 
words into vectors 
of numbers

For example, 
We can use 1-hot 
encoding for x1, 

x2, x3, and x4
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x2

lives

Convert this word 
to an embedding 
vector of length 6

x3

in

Convert this word 
to an embedding 
vector of length 6

x4

iowa

Convert this word 
to an embedding 
vector of length 6

Self-Attention
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• Let’s concatenate the vectors x1, x2, x3, and x4 and build a matrix       
from these.

X

reza lives in iowa

convert this word to embedding vector of length 6

X =

Self-Attention
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• We compute three new matrices Q, K, and V with the help of three weight 
matrices WQ,WK, and WV and our input matrix 
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Q = WQX

K = WKX

V = WV X

reza lives in iowa

convert this word to embedding vector of length 6

X =

Self-Attention

X
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• For example, these three new weight matrices WQ,WK, and WV could look 
as follows:
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0

0

1

1 1 0 0 0

0 0 01 1

10 0 0 1

WQ

0

0

1

0 0 1 0 0 0

0 0 0 01 0

0 -11 0 0 0

WK

10 0 0 0 0 0

0 0 0 00 10

0 00 10 0 0

WV

Self-Attention

• These three weight matrices (WQ,WK, and WV) are learned during training



Optimus prime

Bumble Bee

Ironhide
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0

0

1

1 1 0 0 0

0 0 01 1

10 0 0 1

0

0

1

WQ

0 0 1 0 0 0

0 0 0 01 0

0 -11 0 0 0

WK

10 0 0 0 0 0

0 0 0 00 10

0 00 10 0 0
WV

• These three weight matrices (WQ,WK, and WV) are learned during training

Self-Attention



• Now, let’s compute three new matrices Q, K, and V with the help of three weight 
matrices WQ,WK, and WV. We will multiply  input matrix      with each of them in-
turn as follows: 
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Q = WQX

K = WKX

V = WV X

reza lives in iowa

convert this word to embedding vector of length 6

X =

X

Self-Attention
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• Let’s multiply matrices        and X to derive (by matrix-matrix multiplication) 
Q as follows:
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=

reza lives in iowa

X

0

0

1

1 1 0 0 0

0 0 01 1

10 0 0 1

WQ

0

0

1

In-class activity: Self-Attention

Q = WQX

WQ

= ? ? ? ?

? ?? ?

?? ? ?
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reza lives in iowa

X

0 0 1 0 0 0

0 0 0 01 0

0 -11 0 0 0

WK

In-class activity: Self-Attention

=

K = WKX

• Let’s multiply matrices        and X to derive (by matrix-matrix multiplication) 
K as follows:

WK

= ? ? ? ?

? ?? ?

?? ? ?
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reza lives in iowa

X

10 0 0 0 0 0

0 0 0 00 10

0 00 10 0 0

WV

In-class activity: Self-Attention

=

V = WV X

• Let’s multiply matrices        and X to derive (by matrix-matrix multiplication) 
V as follows:

WV

= ? ? ? ?

? ?? ?

?? ? ?

2

0

0

0

2

1

0

1

2

0

0

0

0

0

1

1

0

1

2

0

0

1

0

1



Self-Attention

• Finally, attention is calculated using Q, K, and V matrices using the 
following equation:
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features



Self-Attention

Reference: Illustrated Transformer
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https://jalammar.github.io/illustrated-transformer/


Self-Attention

Reference: Illustrated Transformer
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https://jalammar.github.io/illustrated-transformer/


Self-Attention

Reference: Illustrated Transformer
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https://jalammar.github.io/illustrated-transformer/


Self-Attention

Reference: Illustrated Transformer
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https://jalammar.github.io/illustrated-transformer/


Self-Attention

Reference: Illustrated Transformer
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https://jalammar.github.io/illustrated-transformer/


Self-Attention

Reference: Illustrated Transformer
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https://jalammar.github.io/illustrated-transformer/


Self-Attention

Reference: Illustrated Transformer
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https://jalammar.github.io/illustrated-transformer/


Self-Attention

Reference: Illustrated Transformer
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https://jalammar.github.io/illustrated-transformer/


Self-Attention

Reference: Illustrated Transformer
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https://jalammar.github.io/illustrated-transformer/

