Convolutional Neural Nets (continued)
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nn.ConvZ2d(in_channels=3, out_channels=1, kernel_size=1)



Upsample (bicubic interpolation)
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Cmglee, Wikimedia Commons Zykure, Wikimedia Commons



Upsample ( Iranspose Convolution)
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A suide to convolution arrthmetic for deep learning, Dumoulin and Visinn

convolution: |6 dm input (4 x 4) = 4 dimensional output (2x2)

transpose conv: 4 dimensional input (2x2) — |6 dim output (4 x 4)



Transpose Convolution
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Transpose Convolution
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Sizing
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nn.ConvTransposeZd(in_channels, out_channels,
kernel_size, stride=1, padding=0)



ImageNet

50

O
e
,\ O 80 ImageGPT
> ® ®
s OO
LE | AlexNet 0-0 5 :& ® "
:D’_ VGG g “ ‘
%8 o
DenseNet
Resnet 200
ViT ,
SWIN DaViT
2012 2014 2016 2018 2020 2022 2024
Year

Understanding

Deep Learning, Simon |.

D. Prince, 2023



VGG

convl

conv2

conv3

g conv4 :
| SRS fc6 fc7 fc8

’-

o N —

4096 1 x 1 x 1000

14 % 14 x 512 Ix1x

28 x 28 x 512

56 x 56 x 256

13T 912

11Yx 112 x 128
@ convolution+RelLU

ﬁ max pooling
fully connected+ReLLU

224 x 224 x 64

VGG-Net Architecture Explained, Siddhesh Bangar
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VGG-Net Architecture
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ResNet
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Resnet Archritecture Explained,
Siddhesh Bangar
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Image Segmentation

B. Palac, Wikimedia Commons



Convolutional Neural Networks for Steady Flow Approximation, Xiaoxiao Guo,
Wel Li, Francesco lorio
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Transfer Learning

Dataset 1 Dataset 2
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Network Performance
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Super Resolution
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https://www.youtube.com/watch?v=WwnI0RS6J5A
https://www.youtube.com/watch?v=Vxq9yj2pVWk
https://www.youtube.com/watch?v=3uoM5kfZIQ0

original ?upscale=true

6 Best Al Image Enhancer You Must Try In 2026, William Bollson Al Super Resolution Is Now Avallable on imgix, Eric Sanchez
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High-resolution (HR),
denoised flow field

Low-resolution
(LR)
noisy flow field -
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rather than 3 separate networks each producing | output channel
you could use | network with 3 output channels



Pnysics Loss
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Boundary Condrtions

outlet dul/dn =0,dv/idn =0,p =0

, main flow direction
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Boundary Condrtions
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or have NN output //x49

Boundary Conditions and just overwrite boundary values

NN output: /> x 4/ zero pad: // x 49

—> apply b.c.

zeropad = nn.ConstantPad2d(1, 0.0)

u = zeropad(u)
v = zeropad(v)
p = zeropad(p)



might be useful depending on how you choose to do things

say a was nbatch x nchan x ny x nx and | wanted the first
channel without dropping the dimension

al:, [@], :, :] s simpler than: a[:, @, :, :].unsqueeze(l)

torch.cat((a, b, c), dim=1) # concatenate on channel dimension



