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Topics
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e Hooks * Using pre-trained models

* Monitoring
* Data augmentations
* PyTorch Lightning

* Training vs Inference
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Quick Recap

°kernel_size

_ kernel size = (3,3)
* Number of elements in each block.

X
X
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X
X
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Quick Recap

'kernel_size

. stride = (2,2)
e Number of elements in each block.

e stride

* Distance between adjacent blocks.
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Quick Recap

'kernel_size
* Number of elements in each block.

dilation = (2,2)

e stride

e Distance between adjacent blocks.

e dilation

* Distance between adjacent elements in a block.
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Quick Recap

'kernel_size
* Number of elements in each block.

* stride
* Distance between adjacent blocks.

*dilation
* Distance between adjacent elements in a block.
* padding

e Number of elements added at the borders of the
image.
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Example

# Simple Conv2d layer

conv = nn.Conv2d(..., kernel size=3)
# With stride
conv = nn.Conv2d (..., kernel size=3, stride=2)
# With padding
conv = nn.Conv2d(..., kernel size=3, padding=1)
# Different (H, W) dimensions
conv = nn.Conv2d (..., kernel size=(3, 1), stride=(Z,
padding=(1, 0))
# Simple MaxPool2d layer
nn.MaxPool2d (kernel size=2, stride=2)

Pool =

1),
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Implementation Convolution-like Ops  w

* Extract blocks from an image: +
« F'.unfold (also called “im2col”).
2
* Apply an operation on each block: I
* Linear, max pooling, etc. ~
@)
H x W’
* Combine blocks into an image:
e . fold (also called “col2im”). -
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Using F'.unfold W

* Receives a batch of images: +
* Image shape: N, C, H, W ‘
=
-z
e Extract blocks: X
* Block size: C x kH x kW %
@)

* Num of block per image: H" x W’
H x W’

e Return a batch of blocks:
e Output shape: N, Cx kH x kW, H" x W’
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Example

image = torch.rand(size=(2,lg, 3, 4))

# Extract blocks

blocks = F.unfold(image, kernel size=2)
# shape: (batch, block size, num blocks)
# blocks.shape == (2, 3 * 2 * 2, 2 * 3)

* What is affected by kernel size?
* What is affected by: stride? padding?
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Using F'. fold

* The opposite of F.unfold.
* Receives blocks.

* Receives output size.
* Creates an image output of that size.
* Initialize output with zeros.

* |[terates over the blocks.

* Adds each element to its place in output.
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Example

blocks = torch.rand(size=(2,

output size = (3, 4)

# fold back into an image

output = F.fold(blocks, output size,

1 %2 % 2, 2 % 3))

kernel size=2)

* What is the value in output [0, 0]7?
* What is the value in output [1,1]7?
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How are tensors kept in memory?

* Tensors are saved as 1D-arrays in memory.

* A tensor is contiguous if

* |tis saved in a single non-broken 1D array
* is it saved in the correct order

a = torch.tensor([[0,1,2,3],
[4,5,0,7]])

# shape: 2,4
a.is contigous () In Memory:

Ll e
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Tensor.view()

* We can change the shape of the tensor

* Tensor.view()

* Doesn’t change real data (i.e. O(1))

= a.view (4, 2)
shape: 4,2

.1s contigous ()
True

= O *=

a = torch.tensor([[0,1,2, 3]

[4,

y6,711)

DL4ACV Weizmann
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Tensor.transpose()

* We can switch tensor dimensions
* Tensor.transpose ()
* Tensor.permute ()
* Doesn’t change real data
* Breaks contiguoancy

a = torch.tensor([[0,1,2,3],
[4,5,6,7]])
= a.transpose (0, 1)

a

# shape: 4,2
a.ls contigous ()
# False
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Back to Tensor.view()

* Tensor.view () operates in-place

* It is not always possible

= a.transpose (0,
= a.view (8)
RuntimeError

=+ 0 0 W

1)

= torch.tensor([[0,1,2,3],104,5,06,7]])

DL4ACV Weizmann
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Tensor.reshape()

* Tensor.reshape () solves this by copying the tensor

a = torch.tensor([[0,1,2,31,14,5,6,711)
a = a.transpose (0, 1)
a = a.reshape(8)

In Memory:

- [ EE.
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Reshape vs View

* Tensor.reshape ()
* Use if you just want to reshape

* Tensor.view ()

* Use if you have memory concerns
* Use if you want both tensors to share the data in memory
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Datasets and Dataloaders

* Datasets are collection of data samples.
* Collection of images and labels.
* Collection of pairs of images.

e Dataloaders help loading data from Datasets:
* Create batches.
e Support multi-processing.

REE
I 2431 DLACV Weizmann




* Should implement  len and getitem

Datasets

e Usually returns a tensor, a tuple of tensors or dict of tensors.

class MyDataset (torch.utils.data.Dataset) :

def 1nit (self, 1mg paths, transform):
self.img paths = i1mg paths
self.transform = transform

def len (self): # == len (dataset)

return len(self.img paths)

def  getitem (self, index): # == dataset[index]
img = load image (self.img paths[index])
img = self.transform(1mg)

25 pLacy \

return {"img": 1img}




Dataloaders

* Receives a dataset and batch size.

* Returns an iterator.

25 DLACV

transform = torchvision.transforms.Compose ([
torchvision.transforms.CenterCrop (256),
torchvision.transforms.ToTensor ()
1)
dataset = MyDataset (1mg paths=["a.jpg", "b.jpg", .. “zzz.jpg”],
transform=transform)

dataloader = torch.utilils.data.Dataloader (dataset,
batch size=32)
for batch in dataloader:
img = batch["img"]
# shape: 32,3,256,256
# do something
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Accessing Intermediate Results

* Why would one access intermediate results?
* Feature extraction

* Weight gradient extraction
 GradCAM

* Modifying intermediate outputs
e Regularization

* Special loss
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Hooks

* A hook is function registered to a module / tensor

e Forward hooks

* Module only

* Module.register forward hook ()
e Called after the forward call

* Module.register forward pre hook ()
* Called before the forw;rd call B B
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Hooks

* A hook is function registered to a module / tensor

e Backward hooks

* Module.register full backward hook()
* Called (every time) after a gradient w.r.t to the module is computed
e Can modify gradients by returning new value

* Tensor.register hook()

e Called (every time) after a gradient w.r.t to the tensor is computed
* Tensor must have require grad=True
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Register a Hook

def my hook (module, 1input, output):
# module: the module being hooked
# input: a tuple of inputs
# output: a tuple of outputs
print ("hook!", 1nput[0].shape, output[0].shape)

# Register the hook
net.convl.register forward hook (my hook)

# Trigger the hook
y = net(x)

# printed: "hook! torch.Size([...]) torch.Size([...

e

TWAIC
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Remove a Hook

* Aremove handle is returned during the registration

# Register the hook
handle = net.convl.register forward hook (my hook)

# Remove the hook
handle.remove ()

# Trigger the hook
y = net (x)
# nothing is printed

:T—‘ff s DL4CV Weizmann
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Training vs Inference

* Important — always set your model to the correct “mode”

e Affects various modules

* Batch normalization
* And other normalization layers

* Dropout

ﬁ? 7| DLACV Weizmann




def train loop(dataloader, model, criterion, optimizer):
size = len({dataloader.dataset)
model .train ()
running loss, running corrects = 0, 0

# iterate through all batches
for batch, (X, y) in enumerate (dataloader):
# move data to device
X, vy = X.to(device), y.tol(device)
# forward pass
pred = model (X)
loss = criterion(pred, V)
# new gradients per batch
optimizer.zero grad()
# backward pass
loss.backward()
# update gradients

optimizer.step ()

running loss += loss.item()

running_corrects += (pred.argmax(l) == y).type(torch.float) .sum().item()
epoch loss = running loss / size
epoch_accuracy = 100 * running corrects / size

L return epoch loss, epoch accuracy
iF\‘ = — —
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def inference loop(dataloader, model, criterion):
size = len(dataloader.dataset)
model .eval ()

running loss, running corrects = 0, 0

# disregard gradients when not training

with torch.no grad():
Mll batches
for X, v 1n dataloader:
# move data to device
¥, vy = X.to(device), y.to(device)
# forward pass
pred = model (X)
# save data for evaluation measures (loss & accuracy)
running loss += criterion(pred, y).item()
running_carrects += (pred.argmax(l) == y).type(torch.flocat) .sum() .item()

epoch loss = running loss / size
epoch accuracy = 100 * running corrects / size
return epoch loss, epoch accuracy

Bb2
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Reproducibility

Week 6 - Tutorial - Advanced PyTorch

Runl
Run 2

Run 3
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Limiting randomness

# Set random seeds
seed = 1337
torch.manual seed (seed)
random. seed (seed)
np.random. seed (seed)

# Use deterministic algorithms only
torch.use deterministic algorithms (True)

# Use deterministric convolution algorithm in CUDA
torch.backends.cudnn.benchmark = False
torch.backends.cudnn.deterministic = True

Based on:
https://pytorch.org/docs/stable/notes/randomness.html

B
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https://pytorch.org/docs/stable/notes/randomness.html

Limiting randomness

# Fix workers randomness

def seed worker (worker 1id):
worker seed = torch.initial seed() % 2**32
numpy .random. seed (worker seed)
random. seed (worker seed)

g = torch.Generator ()
g.manual seed(seed)

DatalLoader (train dataset, batch size, num workers,
worker init fn=seed worker, generator=g

Based on:
https://pytorch.org/docs/stable/notes/randomness.html

V&S DLACV Weizmann Week 6 - Tutorial - Advanced PyTorch 40



https://pytorch.org/docs/stable/notes/randomness.html

Topics

* Saving & Loading models
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Saving & Loading Models

Serialize entire model

torch.save (model, "my model.pth")

model = torch.load("my model.pth")

Pros: Cons:
Simple Can’t change the model class
Can’t continue training

Model

# save an object to disk
torch.save (object, path)

# load an object from disk
object = torch.load (path)

State dict

SE08ENEE pg
SEEeEEEn
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Saving & Loading Models

# Define model
class ModelClass (nn.Module) :
def (self) :

__Init
super (TheModelClass,

self). 1nit ()

self.convl = nn.Conv2d(3, 6, 5)
self.pool = nn.MaxPool2d (2, 2)
self.conv?2 = nn.Conv2d(6, 16, 5)
self.fcl = nn.Linear(l6 * 5 * 5, 120)
self.fc2 = nn.Linear (120, 84)
self.fc3 = nn.Linear (84, 10)

def forward(self, x):

# Initialize model
model = ModelClass ()

Model's state dict:
torch.
torch.
torch.
torch.
torch.
torch.
torch.
torch.
torch.
torch.

convl
convl
conv2.weight
convz.bias
fcl.weight
fcl.bias
fc2.weight
fc2.bias
fc3.weight
fc3.bias

.weight
.bias

Size
Size
Size
Size
Size
Size
Size
Size
Size
Size

6/315/5])
6])
161615/5])
16])

120, 400])
120])
1207)

])
841)

(
(
(
(
(
(
(
(
(
( ])

[
[
[
[
[
[
[3
[3
[1
[1

aﬁ 7z = DL4CV Weizmann
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Saving & Loading Models

Saving the better way

# save the model’s state dict
torch.save (model.state dict ()

# create and load the model’s
model = TheModelClass (*args,

# save an object to disk
, "'my model.pth") torch.save (object, path)

# load an object from disk
torch.load (path)

state dict
**kwargs) # load the state dict to a

model.load state dict(torch.load("my model.pth")) || model

model.load state dict (sd)

DL4ACV Weizmann
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Saving & Loading Models

# Initialize optimizer

optimizer = optim.SGD (model.parameters (), 1lr=0.001, momentum=0.9)

Optimizer's state dict:
state {}
param groups [{'"lr': 0.001, 'momentum': 0.9,

'welght decay':

0,

:Tff 7z 3| DLACV Weizmann Week 6 - Tutorial - Advanced PyTorch
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Saving & Loading Models

Saving for training

checkpoint = torch.save ({'epoch': epoch,
'model sd': model.state dict (),
'opt sd': optimizer.state dict (),
'"loss': loss,

...}, 'checkpoint.pth')

model = TheModelClass (*args, **kwargs)
optimizer = TheOptimizerClass (*args, **kwargs)

checkpoint = torch.load('checkpoint.pth')
model.load state dict (checkpoint['model sd'])
optimizer.load state dict (checkpoint['opt sd'])
epoch = checkpoint|['epoch']

loss = checkpoint['loss’]

# continue training
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e External Tools and libraries
* Using pre-trained models
* Monitoring
* Data augmentations
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DL4ACV Weizmann

Don’t Reinvent the Wheel!

Use Existing Tools!

Week 6 - Tutorial - Advanced PyTorch
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Pretrained Models

O PyTorch
HUB

w  Hugging Face

Week 6 - Tutorial - Advanced PyTorch

TorchVision
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Torchvision

import torchvision

dir (torchvision.models)
# printed: ['alextnet', 'convnext', ...]
# ~100 models

# load model
model = torchvision.models.resnetl8 (pretrained=True)

model.eval ()

input = torch.randn (1, 3, 224, 224)
output = model (input)

# output.shape is 1x1000

A
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Timm

'pip install timm
import timm
import torch

# list of available models in PyTorch repo.
timm.list models (pretrained=True)

# printed: ['adv inception v3', 'cait m36 384', 'cait m48 448",
# ~450 models

# load model
model = timm.create model ('resnetl8', pretrained=True)

model.eval ()

input = torch.randn (1, 3, 224, 224)
output = model (input)

# output.shape is 1x1000

DL4CV Weizmann Week 6 - Tutorial - Advanced PyTorch
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Torch Hub

import torch

# list of available models in pyTorch's repo.
torch.hub.list ('pytorch/vision')

# printed: ['alexnet', 'deeplabv3 mobilenet v3 large’,
'deeplabv3 resnetlO1l’, ...]

# load model

model = torch.hub.load('pytorch/vision', 'resnetl8', pretrained=True)
model .eval ()

input = torch.randn (1, 3, 224, 224)
output = model (input)

# output.shape is 1x1000

AT
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Hugging Face

* The most updated model hub
e 1-day resolution

* Models
* Demos
* Datasets

B
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Topics

 External Tools and libraries

* Monitoring
* Data augmentations
* PyTorch Lightning
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TensorBoard

TensorBoard SCALARS IMAGES GRAPHS DISTRIBUTIONS HISTOGRAM

[] show data download links Q, Filter tags (regular expressions supported)

Ignore outliers in chart scaling

n epoch_accuracy
l lve l o s S p l o t Tooltip sorting method: default -

epoch_accuracy

accuracy Loss - |
100 Smoathing 0.87 .
0035 " BE
- 0.6 .86 -+
0.85
%0
0030 0,84
Horizontal Axis |
0.83 +
. e wa
L4 1 2 3 4
™ 0020 —
—— training —— training q Runs La = m
~—— validation —— validation
Write a regex to filter runs
® oors epoch_loss
() 20190225-183554/1rain
L 20190225-183554/validation
° bon EGo epach_loss
(O 20190225-183652/data 047 4
045
0 0005

041 4
0000 . .

Image credit to Tensorflow
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Preparations

# install tensorboard
'pip install tensorboard

sload ext tensorboard

# run the user interface
$tensorboard --logdir

DL4CV Weizmann Week 6 - Tutorial - Advanced PyTorch
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Summary Writer

= Files

from torch.utils.tensorboard import SummaryWriter | ¢
+ I
© » [ data
writer = SummaryWriter () -, > mns
» [ sample_data

% DL4CV Weizmann Week 6 - Tutorial - Advanced PyTorch
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TensorBoard Summary Writer

= Files X
. . : Ce
from torch.utils.tensorboard import SummaryWriter | e
(+ I9
© » @ data
writer = SummaryWriter () ~ - W

» [ Jun16_11-14-04_16455521eaab
+ [ sample_data

% DL4CV Weizmann Week 6 - Tutorial - Advanced PyTorch 58
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TensorBoard Summary Writer

= Files X
. . : h & B
from torch.utils.tensorboard import SummaryWriter | © c
+ IO
© » [ data
writer = SummaryWriter () |m - mmruns

- Jun16_11-14-04_16455521eaab

. events.out.tfevents. 1623842046.16455521eaab.63.0

» [ sample_data ‘

Everything is
here!
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TensorBoard U ry Writer

# train
for epoch i1n range (EPOCHS) :

writer.add scalar(“loss/train", loss, epoch)
writer.add scalar (“loss/val", val loss, epoch)

[ ] [ ] [ ]
Loss/train Loss/val
tag: Loss/train tag: Loss/val
0.034 .
- 0.03 -
0.03 -
' 0026
0.026 _
0092 0022
0.018 0.018
0014 0014 -
DL4ACV Weizmann Week 6 - Tutorial - Advanced PyTorch 60




TensorBoard U ry Writer

from torch.utils.tensorboard import SummaryWriter
writer = SummaryWriter ()

# train
for epoch in range (EPOCHS) :
writer.add scalar
writer.add scalar
writer.add scalar
writer.add scalar

“loss/train", loss, epoch)
“loss/val", val loss, epoch)
‘accuracy/train", acc, epoch)
“accuracy/val", val acc, epoch)

\

A~ A~ A~ A~

Accuracy/train Accuracy/val Loss/train Loss/val
tag: Accuracy/train tag: Accuracy/val tag: Loss/train tag: Loss/val

68 0034 .
701 0.03 |

64 0.03 -

50 0026

60 0.026

56 0.022 |

0.022

50 52

0018 0.018 +

48

0.014

40 0.014 -

44
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TensorBoard Summearv \Writer

Accuracy/train Accuracy/val
tag: Accuracy/train tag: Accuracy/val
go 1 8{]
70
70 -
60
50 | 50
40
30
Runs 30
Write a regex to filter runs =0 =0
(O runs/Jun13_16-48-43_16da605f563¢c
O runs/Jun13_16-48-43_16da605f563¢/1 Loss
623602980.9918222
(O runs/Jun13_17-26-20_16da605f563c Loss/train Loss/val
() runs/Jun13_17-26-20_16da605{563c/1 tag: Loss/train tag: Loss/val
623605237.2393396 0.026 | ' [ ] ;
(O runs/Jun13_17-28-20_16da605f563¢ 0,022 1 0022 7
() Tuns/Jun13_17-26-20_16da605f563c/1 0018 | 0.018 1
623605356.016401 - 0.014
0014 | .
runs/Jun13_17-32-57_16da605f563¢c 0.01 : 001 -
—  —  runel/ lin12 17-29-87 1A4daRNEFEA2~/1 ¥ 6e-3 fe-3
TOGGLE ALL RUNS 203 ] 2eq |
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TensorBoard Summearyv \Writer

Accuracy/train Accuracy/val
tag: Accuracy/train tag: Accuracy/val
N e %
90 - S ——— 80 | | —
—— 70 /,
70
60
50 50
40
30
Runs 30
Write a regex to filter runs = [ = [
() runs/Jun13_16-48-43_16da605f563c ~
l:l O runs/Jun13_16-48-43_16dab05f563¢/1 Loss
623602980.9918222
(O runs/Jun13_17-26-20_16da605f563c ]
Loss/train Loss/val
|:| O runs/Jun13_17-26-20_16da605f563¢/1 tag: Loss/train tag: Loss/val
623605237.2393396 0.026 - ] — -
78 | 0.022 +
(O runs/Jun13_17-28-20_16da605f563c 0002 ] _
o runs/Jun13_17-28-20_16da605f563c/1 0018 . 0.018 1
623605356.016401 , 0014 3
0014 + '
runs/Jun13_17-32-57_16da605f563c i 0.01 |
0.01 :
— —  rune/ lun12 17-32.57 1AdaAN&FRA2~/1 ¥ 6e-3 Be-3
TOGGLE ALL RUNS ~ ————T -
28-3 | I I ! ] | ] I | | 203
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Log Images

# fetch a batch of data
X, y = next(iter(train dataloader))

# create an image from all the images
grid = torchvision.utils.make grid (X)

# add to summary
writer.add i1mage ("images", grid)

i mages runs/Juni3_16-48-43_16dab051563c

tag: images
step 0
Sun Jun 13 2021 19:48:44 GMT+0300 (Israel Daylight Time)
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Log Figures

# create matplotlib figure I e e e
Eigure = ... SHEENO20
# add to summary '\ ﬁ U !] E —
writer.add figure ("batch example", [l n . FE " ﬂ
£lgnaee) [J l] . ] II Q = I
[ W
(1= 22 E S
O HHE 0
LANIERNE S
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TensorBoard Gra phS

wrlter.add graph (model, X)
|
§ ( Sequential
Sequential -
g Linear{5]
[ output ) § »
! e
i : D |
. (" trears )
[ Sequential J i
g i
;
| i
. |
[ input ) i
i i
i
Flatten[0] )
“a,,
5 o
i \ i
Cra)
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TensorBoard H istogra ne

for name, weight 1n model.named parameters() :
writer.add histogram(name, weight, epoch)
writer.add histogram(f'{name}.grad', weight.grad, epoch)

i runs/Jun13_16-48-43_16da605f563¢. | runs/Jun13_16-48-43_16da605f563¢.
5.weight 5.weight.grad

tag: 5.weight tag: 5.weight.grad
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TensorBoard Hyper-parameters

writer.add hparams({'lr': LR, 'batch size': B,

Trial ID

runs/Jun13_19-...
runs/Jun13_19-..
runs/Jun13_19-..
runs/Jun13_19-..
runs/Jun13_19-..

runs/Jun13_19-..

Ir

0.0010000
0.010000
0.10000
0.10000
0.010000

0.0010000

'num epochs': EPOCHS},
{'hparam/loss': train loss,
'hparam/loss val': val loss,
'hparam/accuracy': train acc,
'hparam/accuracy val’: val acc})

batch_size num_epochs hparam/loss hparam/loss_val hparam/accuracy
256.00 10.000 0.0066344 0.0065976 61.670
256.00 10.000 0.0022308 0.0023018 80.687
256.00 10.000 0.0013479 0.0015497 87.502
64.000 10.000 0.0039495 0.0053355 90.593
64.000 10.000 0.0064962 0.0072452 85.473
64.000 10.000 0.012328 0.012364 71.242

hparam/accuracy_val

60.500
79.600
86.080
87.720
83.250

70.640

WAIC
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TensorBoard Hyper-parameters

Ir batch size num_epochs hparam/loss hparam/loss_val hparam/accuracy hparam/accuracy val

0.10 Ly 0.012 0.012] 90
0.09 - 2*?— 14 - / gg | 86
: 0.011 H 0.011 86 84 —
0.08 te 13 0.010 0.010 - g 82
0.07 - 200 12 0.009 — 0.009 — 2 '/lﬂﬂ_‘_
80 78 -

— — — 0.008 -
0.06 180 1 0.008 ?a/f 76
0.05 — 160 — 10 00074 _—0:007- 76 — 74 -
0.04 — 140 9 0.006 0.006 — 74 72—
0.005 0-005 1 72y 70
0.03 - 120 — 8 — \//// ' 70 — 68 —
0.004 0.004 — 68

0.02 < 100 — 7 — 66 —
0.003 0.003 — 66 — 64

5 | : 0.002 — 62
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Weights &Biases

000 +000"
FITREREI I @I

* More features
(sweeps, external @ runs (211 =
(] [ f‘f Q 'x
access, working in st B
i = i
g ro u p S, etc ] ) batch_size dropout accuracy Accuracy Sandal
‘{ @® Name 260 — } 0.88 i ) _5\:‘”-1‘;;-\:4 10runs ) 1
1 - 240 — 0.87 brisk-sweep-210 solar-sweep-2 L w;\’m»‘})-.;-el7 sweep-20
¢ Req U I res @® @ brisk-sweep-210 “ 7 - hedaons
220
reg i St rat i O n ) @® @ solar-sweep-210 200
— 180
I i m ited m e m O ry B @ @ ethereal-sweep-209 - I
® blooming-sweep-208 e
120 - 47
@® @ floral-sweep-207 100
@® @ olive-sweep-206 : E
@ @ zestv-sweep-205
Ly &
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Topics

 External Tools and libraries

* Data augmentations
e PyTorch Lightning

ﬁ? 7| DLACV Weizmann
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Don’t Reinvent the Wheel!

Use Existing Tools!
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/' Albumentations

* Data Augmentations for various tasks

* Classification /
Representation Learning

Original el FIP
Cropped

are changed

Flipped

p\.\,\o\'\‘LO

\O)
robati\\‘\w 0%
0!

A.RandomCrop

probability 100%
Brightness and contrast
are changed

A Ho;
"ZOnta//:,,p 5(‘_0““35‘
R es’
Probp, prigh™
"Obabjj, 500, Unchanged A y
0
O}
o i
v

import albumentations as A

A'Ra"domB ) Unchanged

transform = A.Compose ([
A.RandomCrop (width=256, height=256),
A.HorizontalFlip (p=0.5),
A.RandomBrightnessContrast (p=0.2),

] ) Images from albumentations tutorial:
https://albumentations.ai/docs/getting started/image augmentation/

Ly &
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https://albumentations.ai/docs/getting_started/image_augmentation/

”Albumentations

* Data Augmentations for various tasks

* Classification /
Representation Learning

* Object Detection

Images from albumentations tutorial:

[

< ]

A T -

[23, 74, 295, 388, 'dog'l],
[377, 294, 252, 161, 'cat'l,
[333, 421, 49, 49, 'sports ball'],

H

transformed = transform(image=image, bboxes=bboxes)

transformed_image = transformed['image’]

@ transformed_bboxes = transformed[ ' bboxes']

[

]

H"’ “ Al
i e 4
- w1y A
&3 .
e
) 3
.
N
L 8 |

https://albumentations.ai/docs/getting started/bounding boxes augmentation/

L 3
Y 28 DLACV Weizmann
WAIC
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[149, 69, 295, 381, 'dog’l,
[e, 289, 89, 161, 'cat’],
[85, 416, 49, 34, 'sports ball‘],
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https://albumentations.ai/docs/getting_started/image_augmentation/

”Albumentations

* Data Augmentations for various tasks
* Classification /

( [

Representation Learning el e L
[404, 206], ‘left_wrist’, 'left’,

: . [343, 149], 'right_wrist’, tright?;

* Object Detection Hay et i

] ]

] ] ]

transformed = transform(image=image, keypoints=keypoints, class_labels=class_labels, class_sides=class_sides)
transformed_class_sides = transformed['class_sides’]:
transformed_class_labels = transformed[ ' class_labels’]
transformed_keypoints = transformed[ ' keypoints’]
transformed_image = transformed['image’]

* Keypoint Detection

[ [ [

[264, 203], ‘left_elbow’, "left’,
[86, 88], "right_elbow’, 'right’,
[254, 160], ‘left_wrist’, Lleft?:
[193, 103], "right_wrist’, Lright?,
] ] |
Images from albumentations tutorial:
https://albumentations.ai/docs/getting started/keypoints augmentation/
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https://albumentations.ai/docs/getting_started/bounding_boxes_augmentation/

/'Albumentations

* Data Augmentations for various tasks

* Classification /
Representation Learning

* Object Detection
* Keypoint Detection
* Mask Segmentation

transformed = transform(image=image, mask:ma_sk)
transformed_image = transformed['image’ ]
transformed_mask = transformed[ 'mask' ]t

Image credit to albumentations tutorial:
https://albumentations.ai/docs/getting started/mask augmentation/

g%ﬁ}ﬁf 3
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https://albumentations.ai/docs/getting_started/bounding_boxes_augmentation/

® kornia

® kornia

import torch
import kornia

frame: torch.Tensor = load_video_frame(...)

out: torch.Tensor = (

)

kornia.rgb_to_grayscale(frame)

DL4ACV Weizmann

O PyTorch

FULLY DIFFERENTIABLE
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@ kornia

# compute perspective transform
M = K.get perspective transform(points src, points dst)

# warp the original image by the found transform
1mg warp = K.warp perspective (img.float (), M, dsize=(h, w))

image source

Image from kornia tutorial:
https://kornia-tutorials.readthedocs.io/en/latest/canny.html
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https://kornia-tutorials.readthedocs.io/en/latest/canny.html

@ kornia

# create the operator
gauss = K.filters.GaussianBlur2d( (11,

# blur the image
X blur = gauss(data.float())

11),

(10.5,

10.5))

image source

Image from kornia tutorial:
https://kornia-tutorials.readthedocs.io/en/latest/gaussian blur.html
B
2L
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https://kornia-tutorials.readthedocs.io/en/latest/gaussian_blur.html

@ kornia

# define sharpening mask
sharpen = kornia.filters.UnsharpMask((9,9), (2.5,2.5))

# create the sharpened image
sharpened tensor = sharpen(data)

# get difference between original and sharpened image
difference = (sharpened tensor - data) .abs ()

B

¢

WAIC

image source sharpened difference

y —
e S
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SR
filkaic:

TWAIC

® kornia

import torch
import torch.nn as nn
import kornia as K

img = load image(...) #BxCxHxW

aug = nn.Sequential (
K.augmentations.ColorJditter (0.15, 0.25,
0.25, 0.25),
K.augmentation.RandomAffine ([-45., 45.],

[0., O0.15],
[0.5, 1.5],
[0., 0.15])

out = aug(img) #BxCxHXW

DL4CV Weizmann Week 6 - Tutorial - Advanced PyTorch
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Topics

* Convolution-like operations * Reproducibility

* Tensors in memory * Saving & Loading models

e Data loading * External Tools and libraries
* Hooks e Using pre-trained models

* Training vs Inference Monitoring

* Data augmentations
PyTorch Lightning

% DL4CV Weizmann Week 6 - Tutorial - Advanced PyTorch 84
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PyTorch Lightning

* A PyTorch research framework
* Designed to eliminate boilerplate code




Simple training

# Define logger and trainer

tb logger = pl.logger.TensorBoardLogger ()

trainer = pl.Trainer (max epochs=30, gpus=8§,
logger=tb logger)

# Train model
trainer.fit (model, dataloader) # No training boilerplate code
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PyTorch Lightning

 Many additional features
* Learning rate scheduling
* Test and Validation split
e Automatic (and heavily customizable) checkpoints
* Simple Multi GPU usage
 And many more

’\ ?: DL4CV Weizmann




Questions?

o
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Next week:

Adversarial Examples

“panda” “gibbon”

57.7% confidence 99.3% confidence
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