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Logistics
HW 1 is out! (Due by November 8th)

Tutorial Supplementary Notebooks are in Moodle
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Tensors

¥ creation from data

data = [[1, 2],[3, 4]]
x data = torch.tensor (data)
tensor([[1, 21,

[3, 4]])

# creation from numpy array

np array = np.array (data)

x np = torch.from numpy(np array)
tensor ([ [1, 2],
[3, 4]1])

pLacv@weizmann Based on Pytorch tutorials

(4/1)7
(0
Ump
y!




Tensor Attributes

DLACV@Weizmann

shape

x_data = (é i)

X data.shape

torch.8ize([2, 21)

X data.dtype

torch.into64

X data.device

device (type="cpu')




Managing Device

Do we have GPU resources available?

torch.cuda.is available()

True

How many GPU resources are available?

torch.cuda.device_count()

1

Moving a Tensor from one device to another.

print (x_data.device)
X gpu = x data.to('cuda')
print (x gpu.device)

cpu
cuda:0
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Tensor Operations

# 1nitialization
a = torch.tensor([[1,
b = torch.eye (3)

print (f"a: {a}l")
print (f"b: {b}")

a: tensor{jll., 2., 3.
(4., 5., 6.1
| 7.5 By, 8

|
b: tensor([[1., 0., 0O.

0., 1., 0.],
[ Bas 12009
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Basic Operations
Just like NumPy!

a+b a /b

tensoxr([[ 2., 2., 3.], tenser ([ [1., inf, inf],
[ 45 B.:p 6:),; [inf, 5., 4nf],
[ 7. 8y 10:]]) [inE, dnf, 9.]11)

a —b a ** b

tensox([[0., 2., 3.], tenger ([ [Lss Las Lad;
[4'r 4'! 6']! [l-r 5-1 l']l
(7., 8., 8.11) Iy Dup B3I

a*b a @b

tensoxr([[Ll.; By 0.]; tensor ([ [1., 2., 3.],
[0k;: Sayp 10K],; [4:; 5:; 6:],
(055 Qw9 [Ter Bay 2.11)
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In-place Operations 7 8 9

Just like NumPy!

a+b a +=b a.clamp (2, 5)
a = a
tensor([[1., 2., 3.], tensor([[ 2., %" 3']' tensax{[{1., 2., 3.),
Py Bug 98: T, L Seg B Bty il o Buy W60,
[Py Bap 5300 t7., 8., 10.11) [7., 8., 9.11)
a -—=>b a.clamp (2, 5)
a a
tensor([[1., 2., 3.], tensor([[2., 2., 3.1,
[4., 5., 6.], [4es Say 5.0,
(7., 8., 9.11) [5., 5., 5.11)
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Indexing and slicing — just like NumPy!

Indexing Slicing
al0,0] al0,:] row al:,0] column
tensor(l.) tenisorill.,; 2., 3.1) tensor ([1., 4., 7.])
all, 2] al0, :].shape al:,0].shape
tensor (6.) torch.Size([3]) torch.Size ([3])
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Concatenation, splitting, stacking, etc. — just like NumPy!
Concatenation

torch.cat ((a, b)) torch.cat((a, b), dim=1)
tensor{i[l., 2., 3:1.; tensortlll.; 2: Ise Llag Uay Dl
[8ss By Bsly [4 5 By Dap 1L 1y [
¥y B D ls ey 1B Bue Bee U . iy
s i B )
e By sl
[0., 0., 1.1]) torch.cat((a, b), dim=1).shape

torch.Size([3, ©])
torch.cat ((a, b)) .shape

dim — axis
Pytorch - Numpy

torch.Size([6, 3])
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reshape — just like NumPy! squeeze & unsqueeze

a.shape a_unsqueeze = a.unsqgueeze (dim=0)
toxrch.Sizel([3, 3])
a_unsqueeze.shape

q
2ieshape (2 0 torch.size([1, 3, 3])

tensex([[l., 2., 3.p, 4.y, 5.y, ©.p Tey 8.y 9.]11) a_unsqueeze.squeeze ()

a.reshape((1l,9)) .shape tensor{lll.;: 2. 3«13
(4., 5., 6.],

torch.Size ([1, 9]) [7:; 8.; 9::17)

a_unsqueeze.shape

torch.Size (3, 31)
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DON’T Do It Yourself!

e Use built-in vectorized operations instead of implementing
them yourself!
* Use GPU resources when possible.

Your Implementation Pytorch’s Pytorch’s Implementation
Implementation on GPU

%?% DLACV@Weizmann
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Case Study: Matrix Multiplication

Case 1: Nested for loops Case 3: Vectorized Operation

res = torch.zeros((size, size))

res[i, j] = torch.sum ol)
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Backpropagation

Forward pass

Output

Backward pass

Input .
(compute gradients)

DLACV@Weizmann
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Building a Neural Network

init ()

-

forward ()

DLACV@Weizmann
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Building a Neural Network

INPUT SIZE =

C = 10 # num

224

classes

class MLP(nn.Module) :

def init (self):

super (MLP,
flatten =
nn.Linear (INPUT SIZE*INPUT SIZE,

self.
self.
self.
self.
self.
self.fc3

fecl

fc2

def

X
X
X
X
X
X

return x

relul =
= nn.Linear (256,
relu2 =

forward (self,
self.
= self.
= self.
= self.
= self.
= self.

self). init ()
nn.Flatten ()

nn.ReLU ()
51.2))
nn.ReLU ()

= nn.Linear (512, C)

i) e
flatten (x)
feil ()
relul (x)
fec2 (x)
relu?2 (x)
fe3i(x)
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Initialize

B = 10 # batch size

input = torch.randn(B, 1, INPUT SIZE,
model = MLP ()

input shape: (B,1,H, W)
output shape: (B, C)

Run with CPU

INPUT SIZE)

output = model (input)

7.96 milliseconds

Run with GPU

0.58 milliseconds

gpu_model = model.to('cuda')
gpu_input = input.to('cuda')
gpu_output = gpu model (gpu_input)
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Building a Neural Network

INPUT SIZE = 224

C = 10 # num classes
class MLP(nn.Module) :

def init (self):
super (MLP, self). init ()

f.flatten nn.Flatten ()

def forward(self, x):
X = self.flatten (x)
x = self.fcl (x)
x = self.relul (x)
x = self.fc2(x)
x = self.relu2(x)
X = self.fc3(x)

return x

pLacv@weizmann Based on Pytorch tutorials

Using Sequential

seq model = nn.Sequential (

nn.rlaccend),

1
{
]
1|

output = seq model (input)



Backpropagation

DLACV@Weizmann

Input

forward ()

backward ()
(compute gradients)

Output

> LOSS

Supervision



Tensor Attributes - Autograd

X = torch.ones (2, 2, requires grad=True)

grad_fn

DLACV@Weizmann

grad

shape

device

print (x)

print (x.grad)
print (x.grad fn)

tensar(l 1., 1:1,

None
None

1.y 1.]]; reguires grad=Truej



Autograd - backward

X = torch.ones (2,
pxrint(zx)

print (x.grad)
print(x.grad fn)

tenseri(il [Lsy L],
(1., 1.11,

None

None
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2, requires grad=True)

requires grad=True)

y = x + 2

print (y)

tensor([[3.,
3=

Zi= Y =y =3
out = z.mean()
print (z)

print (out)

tensox{l[27.; 27-1;

[(27., 271.1]1, grad

tensor(27.,

C daCKwaray)

print (x.grad)

tensor([[4.5000,
[4.5000,

4.5000],
4.500011)



Autograd

Disable Gradients Back to NumPy

print (x.requires grad) np_out = out.detach() .cpu() .numpy ()

print ((x ** 2).requires_grad)

with torch.no grad():
print ((x ** 2).requires_grad)
True
True
False
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Backpropagation

Forward pass

Model r
> 1LOSS
TIITIILI]
1111111 Output ‘

Backward pass
(compute gradients) Supervision

Input
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Optimizers

torch.Optimizer

DLACV@Weizmann

Create an SGD optimizer

optimizer = torch.optim.SGD (model.parameters(),

Reset Gradients

optimizer.zero grad()

Perform an optimization step

optimizer.step()

lr=learning rate)



Putting it All Together — Fashion MNIST Classification

Ankle Boot  T-Shirt T-Shirt Dress T-Shirt Pullover  Sneaker Pullover

SETH R RUINER-2E

Sandal Sandal T-Shirt  Ankle Boot Sandal Sandal Sneaker Ankle Boot

EFENVLVEES L

Trouser T-Shirt Shirt Coat Dress Trouser Coat Bag
1 g >
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Coat Dress T-Shirt Pullover Coat Coat Sandal Dress
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Shirt Shirt T-Shirt Sandal Pullover Trouser Shirt

Shirt Sneaker Ankle Boot Sandal Ankle Boot

T- Shlrt Dress Dress Dress Sneaker  Pullover  Pullover Shirt

Shirt Dress Dress Sandal
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Putting it All Together

. Hyperparameters

. Handling Data

. Model, Loss, Optimizer
. Training and Inference

. Visualization

. Overall Training Process

O Ul B~ WDN -
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1. Hyperparameters

&

# learning rate
B _SQRT = 8
B = B_SQRT**2 # batch size
EPOCHS = 100 # num epochs

INPUT _SIZE = 28 # input size

device = 'cuda' if torch.cuda.is available() else '

pLacv@weizmann Based on Pytorch tutorials
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2. Handling Data

# handling data
training data = datasets.FashionMNIST (
root="data",
train=True,
download=True,
transform=ToTensor ()

) - Downloading datasets

val _data = datasets.FashionMNIST (
root="data",
train=False,
download=True,
transform=ToTensor ()

J\

Setting dataset manager
e Automatic batching
— * (Customized data loading order

S
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3. Model, Loss, Optimizer

# define model ¥ define loss
model = nn.Sequential ( criterion = nn.CrossEntropyLoss ()
nn.Flatten (),

nn.Linear (INPUT SIZE*INPUT SIZE, 512), $ define optimizer

S optimizer = torch.optim.SGD (model.parameters (), lr=LR)
nn.Linear (9512, 912) .,

nn.RelLU(),

nn.Linear (512, 10),

# move to correct device

model.to (device)
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4. Training and Inference

Training Loop Inference Loop
# iterate through all batches # disregard gradients when not training
for batch, (X, y) in enumerate (dataloader): with torch.no grad() :
# move data to device # iterate through all batches
X, ¥y = X.to(device), y.to(device) for X, y in dataloader:

¥ forward pass
pred = model (X)

# move data to device

X, y = X.to(device), y.to(device)
# forward pass

pred = model (X)

loss = criterion(pred, V)
# new gradients per batch
optimizer.zero grad()

# backward pass
loss.backward()

$# update

optimizer.step ()
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5. Visualizer

# arrange visualization using liveplotloss library
class Visualizer:
def @ init (self}):
self.liveloss = PlotLosses()

def update(self, train res, val res):
train epoch loss, train epoch accuracy = train res
val epoch loss, val epoch accuracy = val res
logs = {}
logs[f'loss'] = train_epoch loss
logs[f'accuracy'] = train_epoch accuracy
logs[f'val loss'] = val _epoch loss
logs([f'val_accuracy'] = val_epoch_accuracy
self.liveloss.update (logs)
self.liveloss.send()

visualizer = Visualizer()

F=
s
[
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6. Overall Training Process

for t in range (EPOCHS) :

train res = train loop(train dataloader, model, criterion, optimizer)
val res = inference loop(val dataloader, model, criterion)
visualizer.update(train res, val res)
accuracy Loss
100
print ("Done!"™) s
% <
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To Be Continued...

Next Week: CNNs



