DEEP LEARNING

Lecture 4: Hardware and Software

Dr. Yang Lu

Department of Computer Science and Technology

luyang@xmu.edu.cn

) & MR T HENBESEAR

m JAPIX S 155 (B B RS IR IR RS ER)

==/ School of Informatics Xiamen University (National Characteristic Demonstration Software School)




HARDWARE
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CPU vs GPU

® Central processing unit (CPU): Fewer cores, but each core is much faster
and much more capable; great at sequential tasks.

® Graphics processing unit (GPU): More cores, but each core is much
slower and “dumber”; great for parallel tasks.

Cores Clock Memory | Price | Speed
Speed
CPU 4 4.2 GHz System | $385 ~540 GFLOPs FP32
(Intel Core (8 threads with RAM
i7-7700k) hyperthreading)
GPU 3584 1.6 GHz 11 GB $1199 ~13.4 TFLOPs FP32
(NVIDIA GDDRG6

RTX 2080 Ti)
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Nvidia vs. AMD

mNvidia and AMD are two big GPU
manufacturers.

= Nvidia is founded in 1993 and focuses
on GPU.

= AMD is founded in 1969 and focuses on
all kinds of chips.

" Now, deep learning related hardware
is dominated by Nvidia.
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CUDA

" However, deep learning is not related to
graphic computing at all. How to utilize
GPU to train deep learning models?

m General-purpose computing on graphics @2 NVIDIA

processing units (GPGPU) is the use of GPU

to perform computation in applications C U DA

traditionally handled by CPU. ®
B Compute unified device architecture

(CUDA) is an API for GPGPU with Nvidia
GPUs.
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https://en.wikipedia.org/wiki/CUDA

Example of CUDA Processing Flow

1. Copy data from main memory
to GPU memory.

2. CPU initiates the GPU
compute kernel.

3. GPU's CUDA cores execute the
kernel in parallel.

-
Execute parallel
in each core

GPU
(GeForce 8800)

4. Copy the resulting data from
. Processing flow
GPU memory to main memory. on CUDA
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CPU vs. GPU in Practice
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® CUDA Deep Neural Network library (cuDNN) is a GPU-accelerated library
of primitives for deep neural networks.

= cuDNN provides highly tuned implementations for standard routines.

" Forward and backward convolution, pooling, normalization, activation layers, and
SO on.
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cuDNN in Practice

16 Forward + Backward time (ms)
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= Tensor Processing Unit (TPU) is
an Al accelerator application-
specific integrated circuit
(ASIC) developed by Google.

m Specifically for neural network
machine learning.

® Particularly for Google's own
TensorFlow software. Cloud TPU v3
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Price of Computation Power
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SOFTWARE




A Zoo of Frameworks

PaddlePaddle Chainer

(Baidu) (Preferred Networks)
Caffe , Caffe2 —
(UC Berkeley) (Facebook) VXNt ONTK
by PyTorch ; (Amazon) (Mlcrosoﬁ)
TO rC h PyTO rC h ?:;geK:tn/g‘;lJéetc but main framework of
(NYU / Facebook) (Facebook)
JAX
Theano » | TensorFlow (Google)

(U Montreal)

(Google)

We’'ll focus on these
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Why Do We Need Frameworks

®Run it easily on GPU.

= Automatically compute gradients.

®Quick to develop and test new ideas.
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import numpy as np
Example np.random.seed(0)
N, D=3, 4 n
X = np.random.randn(N, D)
y = np.random.randn(N, D) e
z = np.random.randn(N, D) 1
Num —_— ;
b=a+ 2z
F)\/ c = np.sum(b) <:;:>
uClean API, easy to write |oeac-1o >
grad_b = grad ¢ * np.ones((N, D))
. grad_a = grad_b.copy()
numeric code. grad_z = grad_b.copy()
grad X = grad a * y
grad y = grad _a * X
"mHowever, we have to .
grad_x

manua”y COmpute gradients array([[ 0.76103773, 0.12167502, 0.44386323, 0.33367433],

[ 1.49407907, -0.20515826, .3130677 , -0.85409574],

and it Canlt be run On GPU. [-2.55298982, 0.6536186 , 0.8644362 , -0.74216502]])

grad y

o

array([[ 1.76405235, 0.40015721, 0.97873798, 2.2408932 ],
[ 1.86755799, -0.97727788, 0.95008842, -0.15135721],

o

[-0.10321885, 0.4105985 , 0.14404357, 1.45427351]1])
B RF 1585 (R RS IR T 528R) ‘ & M AT HEnHeEERT 15
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import torch
Example from torch.autograd import Variable

x_torch = Variable(torch.from numpy(x), requires grad=True)
y_torch = Variable(torch.from numpy(y), requires_grad=True)
ijqijrcr\ z_torch Variable(torch.from numpy(z))

| LOOkS exactly ||ke numpy! # or create new random number by:

# x _torch = torch.randn(N, D, requires grad True)
# y torch = torch.randn(N, D)

= PyTorch handles gradients for us!

# z _torch = torch.randn(N, D)
Only forward propagation is
a torch = x torch * y torch ; .
— — — n . Backpr ion i
0 o b _torch = a_torch + z_torch eeded . CIE JEROIPREERIE) [
c_torch = torch.sum(b_torch) automatically calculated!

c_torch.backward()

9 X torch.grad

+
tensor([[ 0.7610, 0.1217, 0.4439, 0.3337],
[ 1.4941, -0.2052, 0.3131, -0.8541],
[-2.5530, 0.6536, 0.8644, -0.7422]], dtype=torch.floaté64)

y_torch.grad

tensor([[ 1.7641], 0.4002, 0.9787, 2.2409],
[ 1.8676, -0.9773, 0.9501, -0.1514],
[-0.1032, 0.4106, 0.1440, 1.4543]], dtype=torch.floaté64)
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Example

= Extremely easy to move computation on GPU.

= All detailed implementations are hidden from the developers.

import torch
from torch.autograd import Variable

device = 'cuda:0'

# or create new random number by:
x_torch = torch.randn(N, D, requires grad=True, |device=device
y_torch = torch.randn(N, D, requires grad=True, |device=device
z_torch = torch.randn(N, D, device=deviceb

S

N

a_torch = x torch * y torch
b torch = a_torch + z_torch
c_torch = torch.sum(b_torch)
c_torch.backward()
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Example

Al

gorithm 1 Class-Balancing Reservoir Sampling

1:

10:
11:

12:

13:
14:
15:

16:
17:
18:
19:
20:
21:
22:

2
3
4
5:
6
7
8
9

input: stream: {(x;,v;)}7,
: fori=1tondo
if memory is not filled then
store (X;, ¥;)
else
if ¢ = y; is not a full class then
find all instances of the largest class
select from them an instance at random
overwrite the selected instance with (x;, y;)
else
m, <— number of currently stored instances of
class c = y;
n. < number of stream instances of class ¢ =
1y; encountered thus far
sample u ~ Uniform(0, 1)
if u < m./n. then
pick a stored instance of class ¢ = y; at ran-
dom
replace it with (x;, y;)
else
ignore the instance (X;, ;)
end if
end if
end if
end for

Old school pseudocode
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Algorithm 1 Pseudocode of MoCo in a PyTorch-like style.

# £_g, f_k: encoder networks for query and key
# queue: dictionary as a queue of K keys (CxK)
# m: momentum

# t: temperature

f_k.params = f_g.params # initialize

for x in loader: # load a minibatch x with N samples
aug(x) # a randomly augmented version

aug (x) # another randomly augmented version

XX
~Q
(]

f _g.forward(x_q) # queries: NxC
f_k.forward(x_k) # keys: NxC
k.detach() # no gradient to keys

o

positive logits: Nx1
pos = bmm(g.view(N,1,C), k.view(N,C,1))

q
k
k
#
1

# negative logits: NxK
l_neg = mm(g.view(N,C), queue.view(C,K))

# logits: Nx(1+K)
logits = cat([l_pos, l_neg], dim=1)

# contrastive loss, Eqgn. (1)
labels = zeros(N) # positives are the 0-th
loss = CrossEntropyLoss(logits/t, labels)

# SGD update: query network
loss.backward()
update (f_qg.params)

# momentum update: key network
f_k.params = mxf_k.params+(1l-m) «f_qg.params

# update dictionary
enqueue (queue, k) # enqueue the current minibatch
dequeue (queue) # dequeue the earliest minibatch

New school pseudocode

M * T HENEESHAR
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Deep Learning Frameworks

Deep LearningtfiZs4
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SOFTWARE

PYTORCH




PyTorch

uFor this class we are using PyTorch version = 1.12.
" Major APl change in release 1.0.

mBe careful if you are looking at older PyTorch code (<1.0)

() AR5 152 5B (B IRSLIE IR R 5PR)
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Fundamental Concepts

mTensor: A PyTorch Tensor is conceptually identical to a numpy
array: an n-dimensional array.

u|t is a complicated data structure, rather than a simple array.
® PyTorch provides many functions for operating on these Tensors.
® Tensors can keep track of a computational graph and gradients.

" Also unlike numpy, PyTorch Tensors can utilize GPUs to accelerate their
numeric computations.

, AP A S 5 A 5 (A5 R RSE LR THFS52ER) ‘@) & DR T wEnnesEAR 29
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PyTorch: Tensors

import torch

device = torch.device("cpu")

= Running example: Train a two-layer T L T D © ) 00, T 50
ReLU network on random data with L2 Ay = torch.randn(N, D_out, device=device)
wl = torch.randn(D_in, H, device=device)
|OSS w2 = torch.randn(H, D_out, device=device)

®m Create random tensors for data and for

learning _rate = le-6

t in range(500):

weights.
’,,/'

h = x.mm(wl)

h relu = h.clamp(min=0)

y pred = h relu.mm(w2)

loss = (y_pred - y).pow(2).sum().item()

" Forward pass: compute predictions and —

loss.

\ 4

® Backward pass: manually compute

grad y pred = 2.0 * (y_pred - Y)
grad w2 = h _relu.t().mm(grad y pred)

grad _h relu = grad y pred.mm(w2.t())
grad _h = grad h relu.clone()
grad_h[h < 0] = 0

gradients. grad wl = x.t().mm(grad h)
® Update weights using gradient descent. JJwl -= learning rate * grad wl
w2 -= learning rate * grad w2
B AF 1A (B RSO ERTFS2PT) & M AT HEnHeEERT 23
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Code source: https://pytorch.org/tutorials/beginner/pytorch with examples.html



https://pytorch.org/tutorials/beginner/pytorch_with_examples.html

PyTorch: Tensors

® Check official documentation for data type

or function usage.

Tensor.mm(mat2) — Tensor

See torch.mm()

torch.mm(input, mat2, out=None) — Tensor
Performs a matrix multiplication of the matrices input and mat2.

If input isa (n X m) tensor, mat2 isa (m X p) tensor, out will bea (n X p) tensor.

Parameters

¢ input (Tensor) - the first matrix to be multiplied

e mat2 (Tensor) - the second matrix to be multiplied

o out (Tensor, optional) - the output tensor.

This function does not broadcast. For broadcasting matrix products, see torch.matmul() .

import torch
device = torch.device("cpu")

N, D _in, H, D out = 64, 1000, 100, 10

X = torch.randn(N, D in, device=device)

y = torch.randn(N, D out, device=device)
wl = torch.randn(D_in, H, device=device)
w2 = torch.randn(H, D_out, device=device)

learning_rate = le-6
for t in range(500):
h = |x.mm(wl)
h relu = h.clamp(min=0)
y_pred = h_relu.mm(w2)
loss = (y_pred - y).pow(2).sum().item()

grad y pred = 2.0 * (y_pred - y)
grad w2 = h relu.t().mm(grad y pred)

grad h relu = grad y pred.mm(w2.t())
grad h = grad h relu.clone()
grad_h[h < 0] = 0

grad wl = x.t().mm(grad_h)

D B A 15 s (A5 B RS E AR PR32 PR)
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wl -= learning rate * grad wl
w2 -= learning_rate * grad_w2
&M AT nEnRESEAR 24
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https://pytorch.org/docs/stable/index.html
https://pytorch.org/tutorials/beginner/pytorch_with_examples.html

PyTorch: Tensors tmport toreh

device = torch.device("cpu")

® Check official documentation for data N, D_in, H, D_out = 64, 1000, 100, 10

X = torch.randn(N, D _in, device=device)

type or fu nction usage. y = torch.randn(N, D out, device=device)
wl = torch.randn(D _in, H, device=device)

w2 = torch.randn(H, D out, device=device)

Tensor.clamp(min=None, max=None) — Tensor
learning _rate = le-6
for t in range(500):
h = x.mm(wl)
h relu =|h.clamp(min=0)
y pred = h relu.mm(w2)
loss = (y_pred - y).pow(2).sum().item()

See torch.clamp()

toxch.clamp (input, min, max, out=None) — Tensor &

Clamp all elements in input into the range [ min, max ]and return a resulting tensor:

min if x; < min
Vi = { x; if min < x; < max
max if x; > max grad y pred = 2.0 * (y_pred - y)
grad w2 = h relu.t().mm(grad_y pred)

grad_h relu = grad y pred.mm(w2.t())
grad_h = grad h relu.clone()

Parameters grad_h[h < 0] =0

grad wl = x.t().mm(grad h)

If input is of type FloatTensor or DoubleTensor, args min and max must be real numbers, otherwise they should
be integers.

e input (Tensor) - the input tensor.

e min (Number) - lower-bound of the range to be clamped to wl -= 1earning_rate * grad_wl
e max (Number) - upper-bound of the range to be clamped to W2 —= learning_rate * grad_w2
¢ out (Tensor, optional) - the output tensor.
VAR RS 1R 5 (IR U RSE R R FES2BR) M * T HENHESRAR 5
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https://pytorch.org/tutorials/beginner/pytorch_with_examples.html
https://pytorch.org/docs/stable/index.html

PyTorch: Tensors

= After running, the values of the Tensors can be directly displayed in Jupyter Notebook.

print (x

tensor([[ 0.1167' -001729, —0.9560, oy 003038’ 000946’ —000566]’
[_107715' 007274, _2.4168, .y _003387, 000713’ 000496]’
[_100656' _000815, 0.6822, Ll _007126, 001126' _006691]’
e e oy
[ 0.0553, -2.1470, 0.4969, ., 0.9881, 0.7723, 1.0676],
[ 0.1760, -0.4440, -1.0164, ., 1.2869, 0.6865, 1.3140],
[ 1.0921, 0.4093, 1.2611, ., -0.8258, -0.8017, 0.7185]])

print(grad wl)

tensor([[ 0.0043, 0.0071, -0.0060, ., 0.0038, -0.0089, 0.0018],
[-0.0043, 0.0165, 0.0086, ., =0.0212, 0.0056, 0.0024],
[ 0.0035, 0.0118, -0.0061, ., 0.0071, 0.0043, -0.0070],
e e oy
[ 000122' _000208, _0.0063, Ll 000184, _000080’ 000107]’
[-0.0020, 0.0171, 0.0098, ., 0.0004, 0.0052, -0.0059],
[-0.0049, -0.0157, 0.0218, ., -0.0054, 0.0064, 0.004911)

( AP A S 5 A 5 (A5 R RSE LR THFS52ER) & M AT HEnHeEERT
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PyTorch: Autograd

®|n the above examples, we had to manually implement both the
forward and backward passes of our neural network.

® |t quickly gets very hairy for large complex networks.
" How can we automatically calculate the gradient?

®The autograd package in PyTorch provides exactly this functionality.

" When using autograd, the forward pass of your network will define
a computational graph (typically a DAG).

= Nodes in the graph will be Tensors, and edges will be functions.

® Autograd automatically compute gradients through this graph.
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PyTorch: Autograd

import torch

N, D in, H, D out = 64, 1000, 100, 10
X = torch.randn(N, D in)
y = torch.randn(N, D out)
wl torch.randn(D in, H, [requires grad=True)
w2 torch.randn(H, D out,l requires grad=True)

= Creating Tensors with requires grad=True enables autograd.

|t causes PyTorch to build a computational graph.

(i) AP R G 1E 5B (BB RSEIEIR T SER) ‘@) e MR T HENRESEATR 28
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https://pytorch.org/tutorials/beginner/pytorch_with_examples.html

PyTorch: Autograd

import torch

=\We don’t want gradients (of |
N, D=1n, H, D=out = 6%, 1000, 100, 10
loss) with respect to data.  ——% C [ore-ranentlr =)

Yy torch.randn(N, D out)
wl = torch.randn(D _in, H, requires grad=True)

B We Wa nt g ra d | e ntS Wlt h /'| w2 torch.randn(H, D_out, requires_grad=True)

learning rate = le-6

respect to weights. for t in range(500):
y pred = x.mm(wl).clamp(min = 0).mm(w2)
loss = (y_pred - y).pow(2).sum()

loss.backward()

s\We don’t need to track
intermediate values. PyTorch i e et
. wl -= learning rate * wl.grad
keeps track of them for us in w2 = learning rate * w2.grad

wl.grad.zero ()

the graph_ w2.grad.zero ()

(i) AP R G 1E 5B (BB RSEIEIR T SER) ‘@) e MR T HENRESEATR 29
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https://pytorch.org/tutorials/beginner/pytorch_with_examples.html

PyTorch: Autograd

import torch

m Automatically compute
gradient of loss with

N, D_in, H, D out = 64, 1000, 100, 10

X = torch.randn(N, D in)
y = torch.randn(N, D out)
respect towl and w2, wl = torch.randn(D _in, H, requires grad=True)
w2 = torch.randn(H, D out, requires grad=True)
®mtorch.no grad ( ) learning rate = le-6
o for t in range(500):
“ ) .
means “don’t build a y_pred = x.mm(wl).clamp(min = 0).mm(w2)

loss = (y_pred - y).pow(2).sum()

computational graph for \\1oss.backward()

. ”
th IS pa rt . T~ with torch.no_grad():

wl -= learning rate * wl.grad

.Slmply Ca” .grad to get //zi.;:ai?:ZEin?yrate * w2.grad
the gradients.

w2.grad.zero_ ()
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PyTorch: Autograd

mHere, each loopin for t in import torch
range (500) Is a eDOCh; not a N, D _in, H, D out = 64, 1000, 100, 10
mlnlbatch = torch.randn(N, D in)

torch.randn(N, D out)
torch.randn(D_in, H, requires grad=True)
torch.randn(H, D out, requires grad=True)

Y
=\We need to reset the gradient to |3,
zero after each epoch. Otherwise, | . = .
backward () will accumulate the | for t in range(s00):

. y pred = x.mm(wl).clamp(min = 0).mm(w2)
gradlent' loss = (y_pred - y).pow(2).sum()
.Th|S |S done by 2eros (). loss.backward()

® PyTorch methods that end in with torch.no_grad():

underscore modify the Tensor in- wl -= learning _rate * wi.grad

] ) w2 -= learning rate * w2.grad
place, which don’t return a new wl.grad.zero ()
Tensor. w2.grad.zero ()
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PyTorch: Defining New Autograd Functions

mDefine your own autograd
functions by writing forward

and backward functions for
Tensors.

= ctx IS a context object that can
pe used to stash information for
packward computation.

® Define a helper function to make
it easy to use the new function.

() AR A S 15 a5 (R RekRTESE) (5

\&==/ School of Informatics Xiamen University (National Characteristic Demonstration Software School)

import torch

class MyReLU(torch.autograd.Function):
@staticmethod
def forward(ctx, Xx):
ctx.save for backward(x)
return x.clamp(min=0)

@staticmethod
def backward(ctx, grad y):
X, = ctx.saved tensors

grad input = grad y.clone()
grad input[x < 0] = 0
return grad input

def my relu(x):
return MyReLU.apply(Xx)
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PyTorch: Defining New Autograd Functions

N, D_in, H, D out = 64, 1000, 100, 10

import torch
class MyReLU(torch.autograd.Function):
@staticmethod

X = torch.randn(N, D _in)
y = torch.randn(N, D_out)

wl = torch.randn(D in, H, requires grad = True)
w2 = torch.randn(HT D out, requireg grad = True) def forward(ctx, x):
- - ctx.save_for backward(x)
return x.clamp(min=0)
learning rate = le-6
for t in range(500): @staticmethod
y_pred =|my_relu(x.mm(wl))f.mm(w2) def backward(ctx, grad y):

loss = (y_pred - y).pow(2).sum() X, = ctx.saved tensors

grad input = grad y.clone()
grad_input[x < 0] = 0
return grad input

loss.backward()

with torch.no grad():

wl -= learning rate * wl.grad
w2 -= learning rate * w2.grad def my_ relu(x):
wl.grad.zero () return MyReLU.apply(x)

w2.grad.zero_()

() AP R G 1525 (B RSEIE R FR52BR)
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https://pytorch.org/tutorials/beginner/pytorch_with_examples.html

PyTorch: nn

mAlthough computational graphs and autograd are a very
powerful paradigm, building models is still not as easy as
playing LEGO.

" Forward propagation is still hand-made.

= We frequently think of arranging the neural networks into layers.

iln PyTorch, the nn package serves this same purpose.
The nn package defines a set of Modules, which are roughly
equivalent to neural network layers.

mUse this. It will make your life easier!

@) &N AT HENEESEAR 34

B AF 1A (B RSO ERTFS2PT)

==/ School of Informatics Xiamen University (National Characteristic Demonstration Software School)

s,

A7
(% )
\iy /.

N\ A




® Define our model as a sequence of
layers. Each layer is an object that
holds learnable weights.

import torch

N, D in, H, D out = 64, 1000, 100, 10
X torch.randn(N, D _in)
y torch.randn(N, D out)

model = torch.nn.Sequential(
torch.nn.Linear(D in, H),
torch.nn.RelU(),
torch.nn.Linear(H, D out))

m Use torch.nn.MSELoss to define our
loss.

/

" Make gradient step on each model

parameter. AN

m All detailed computations are hidden
by high-level wrappers.

loss _fn = torch.nn.MSELoss()

learning rate = le-2

or t in range(500):
y pred = model(X)
loss = loss_fn(y_pred, y)

model.zero_grad()

loss.backward()

wil torch.no_grad():

param in model.parameters():

param -= learning rate * param.grad

() AP RS 158 50 (A5 B U RS L 3R TR 52 BR)
School of Informatics Xiamen University (National Characteristic Demonstration Software School)
Code source: https://pytorch.org/tutorials/beginner/pytorc
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PyTorch: nn

CLASS torxch.nn.Linear(in_features, out_features, bias=True, device=None, dtype=None) [SOURCE]

Applies a linear transformation to the incoming data: y = zAT + b

This module supports TensorFloat32.

Parameters

 in_features - size of each input sample
e out_features - size of each output sample

e bias - If set to False, the layer will not learn an additive bias. Default: True

Shape:

o Input: (N, %, H;;,) where % means any number of additional dimensions and H;,, = in_features
e Output: (N, *, Hout) where all but the last dimension are the same shape as the input and

H,,; = out_features.

A B Bl 2~ 2, gy R 2, gy
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Source: https://pytorch.org/docs/stable/generated/torch.nn.Linear.html
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https://pytorch.org/docs/stable/generated/torch.nn.Linear.html

PyTorch: nn

CLASS torch.nn.MSELoss(size_average=None, reduce=None, reduction="'mean') [SOURCE]

Creates a criterion that measures the mean squared error (squared L2 norm) between each element in the input
and target y.

The unreduced (i.e. with reduction setto 'none') loss can be described as:

K(may):L:{lla”-’lN}Ta ln:(mn_yn)2,

where IV is the batch size. If reduction is not 'none' (default 'mean'), then:

mean(L), ifreduction = ‘mean’;

{(z,y) =

sum(L), ifreduction = ‘sum’.

Z and Y are tensors of arbitrary shapes with a total of 12 elements each.
The mean operation still operates over all the elements, and divides by n.

The division by 1 can be avoided if one sets reduction = 'sum'.

VAR S E A (R RSE R IR F52R) w0 B MR T AENREEERR 37
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Source: https://pytorch.org/docs/stable/generated/torch.nn.MSELoss.html#torch.nn.MSELoss
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PyTorch: optim

mUp to this point we have updated the weights of our

models by manual

®The optim pac

y mutating t

ne learnable parameters.

kage provides implementations of
commonly used optimization algorithms.

" AdaGrad, RMSProp, Adam...
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PyTorch: optim

® Use Adam as the optimizer. The
first argument tells the optimizer
which Tensors it should update.

® Use the optimizer object to zero
all of the gradients for the
variables it will update.

® Calling the step function on an
Optimizer makes an update to its
parameters.

D AP RS 155 (45 B I TRSE LR RS2 BR)
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import torch

N, D_in, H, D_out = 64, 1000, 100, 10
x = torch.randn(N, D_in)
y = torch.randn(N, D_out)

model = torch.nn.Sequential (
torch.nn.Linear(D_in, H),
torch.nn.RelLU(),
torch.nn.Linear(H, D_out))

loss_fn = torch.nn.MSELoss()

\iearninq rate = le-4

ptimizer = torch.optim.Adam(model.parameters(),

lr=learning rate)

for t in range(500):

y_pred = model(Xx)

loss = loss_fn(y_pred, y)

optimizer.zero_grad()
loss.backward()

\\\\ﬂoptimizer.step(ﬂ

S
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PyTorch: Custom nn Modules

mSometimes you will want to specify models that are more
complex than a sequence of existing Modules.

®You can define your own Modules by subclassing nn.Module.

uSimply define a forward function which receives input Tensors
and produces output Tensors using other modules or other
autograd operations on Tensors.
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PyTorch: Custom nn Modules

= Subclass of nn.Module.

" Define modules containing /

parameters in the constructor as
member variables.

" Define operators in forward
function, whose input and
output are both a Tensor.

" [nstantiate model and directly &

pass data into it.

impo

rt torch

s TwoLayerNet (torch.nn.Module)k

4

clas
[def init (self, D in, H, D out):
super (TwoLayerNet, self). init ()

self.linearl = torch.nn.Linear(D_in, H)
self.linear? torch.nn.Linear (H, D _out)

[def forward(self, x):

h relu = self.linearl(x).clamp(min=0)
y_pred = self.linear2(h_relu)
return y pred

Y

N, D_in, H, D _out = 64, 1000, 100, 10

x = torch.randn(N, D_in)
y = torch.randn(N, D _out)
model = TwolLayerNet(D in, H, D_out)l

for

loss_fn = torch.nn.MSELoss()

t in range(500):

y_pred = model (x)|

loss = loss_fn(y pred, y)

optimizer.zero grad()
loss.backward()
optimizer.step()

optimizer = torch.optim.SGD(model.parameters(), lr=le-4)

G AP A 1882 5085 (45 B R SUIE SR R 52 BR)
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https://pytorch.org/tutorials/beginner/pytorch_with_examples.html

PyTorch: Custom nn Modules

®mVery common to mix and match
custom Module subclasses and

Sequential containers.

mStack multiple instances of the
component in a sequential.

import torch

class ParallelBlock(torch.nn.Module):
def _ init_(self, D_in, D_out):
super (ParallelBlock, self). init_ ()

self.linearl
self.linear?2

= torch.nn.Linear(D_in, D_out)
= torch.nn.Linear(D_in, D _out)

def forward(self, x):
hl = self.linearl(x)
h2 = self.linear2(x)
return(hl * h2).clamp(min=0)

N, D_in, H, D _out = 64, 1000, 100, 10

X

= torch.randn(N, D _in)
y = torch.randn(N, D_out)

model = torch.nn.Sequential(
ParallelBlock(D _in, H),

ParallelBlock(H,

torch.nn.Linear(H, D out))

H),

loss_fn = torch.nn.MSELoss()

optimizer = torch.optim.Adam(model.parameters(), lr=le-4)

for t in range(500):

y_pred = model(x)

loss = loss_fn(y_pred, y)
optimizer.zero grad()

loss.backward()
optimizer.step()

()

School of Informatics Xiamen University (National Characteristic Demonstration Software School)
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Image source: Lecture 6, cs231n
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PyTorch: Dataset & Dataloaders

" PyTorch provides two
data primitives that
allow you to use pre-
loaded datasets as well
as your own data:

= torch.utils.data.Dataset:
store the samples and

their corresponding labels.

® torch.utils.data.Dataload
er: wrap an iterable
around the Dataset to
enable easy access to the
samples.

import torch
import torchvision
import torchvision.transforms as transforms

transform = transforms.Compose (
[transforms.ToTensor(),
transforms.Normalize( (0.5, 0.5, 0.5), (0.5, 0.5, 0.5))1)

batch size = 4

trainset = torchvision.datasets.CIFAR1O (

root='./data', train=True,download=True, transform=transform)
trainloader = torch.utils.data.DataLoader (

trainset, batch size=batch size,shuffle=True, num workers=2)

testset = torchvision.datasets.CIFAR1O (

root='./data', train=False,download=True, transform=transform)
testloader = torch.utils.data.DataLoader

testset, batch size=batch size,shuffle=False, num workers=2)

() AR5 152 5B (B IRSLIE IR R 5PR) ‘@0 2 M 7T HENRESERR 43
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https://pytorch.org/tutorials/beginner/blitz/cifar10_tutorial.html

PyTorch: Dataset & Dataloaders

for epoch in range(2): # loop over the dataset multiple times

running loss = 0.0

for i, data in enumerate(trainloader, 0):
# get the 1nputs; data 1s a list of [inputs, labels]
inputs, labels = data

®mWe simply have to
# zero the parameter gradients
IOO p over our d ata optimizer.zero grad()
Iterator’ and feed the # forward + backward + optimize

outputs = net(inputs)
loss = criterion(outputs, labels)

inputs to the network 1085 .backvard()
. . optimizer.step()
and optimize.

# print statistics
running loss += loss.item()
if 1 % 2000 == 1999: # print every 2000 mini-batches
print('[%d, %5d] loss: %.3f' %
(epoch + 1, i + 1, running loss / 2000))
running loss = 0.0

AP A S 5 A 5 (A5 R RSE LR THFS52ER) 50 & D AT HENREEHAR 44
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Code source: https://pytorch.org/tutorials/beginner/blitz/cifar10 tutorial.html#sphx-glr-beginner-blitz-cifar10-tutorial-py
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https://pytorch.org/tutorials/beginner/blitz/cifar10_tutorial.html

PyTorch: Dataset & Dataloaders

" When doing testing, the progress is same except that we don’t need to
calculate the loss and do backpropagation.

correct = 0
total = 0
# since we're not training, we don't need to calculate the gradients for our outputs
with torch.no _grad():
for data in testloader:
images, labels = data
# calculate outputs by running images through the network
outputs = net(images)
# the class with the highest energy is what we choose as prediction
_, predicted = torch.max(outputs.data, 1)
total += labels.size(0)
correct += (predicted == labels).sum().item()

print('Accuracy of the network on the 10000 test images: %d %%' % (
100 * correct / total))

() A A S 15588 (A5 BRSSP IR TE 2P
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PyTorch: Training and Evaluation Mode

model.train ()

train(mode=True) [SOURCE]

Sets the module in training mode.

This has any effect only on certain modules. See documentations of particular modules for details of their
behaviors in training/evaluation mode, if they are affected, e.g. Dropout, BatchNoxm, etc.

model.eval ()

eval() [SOURCE]

Sets the module in evaluation mode.

This has any effect only on certain modules. See documentations of particular modules for details of their
behaviors in training/evaluation mode, if they are affected, e.g. Dropout, BatchNoxm, etc.
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PyTorch: Saving and Loading Models

u|n PyTorch, the learnable parameters (i.e. weights and biases) of
an torch.nn.Module model are contained in the
model’s parameters (accessed with model.parameters()).

"A state dict is simply a Python dictionary object that maps
each layer to its parameter tensor.

®To save a model, we prefer to save its learned parameters,
rather than the whole model.
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PyTorch: Saving and Loading Models

import torch.nn as nn
import torch.optim as optim

# Initialize model

model = TheModelClass()
# Define model

class TheModelClass(nn.Module): Sl Epedern il e eerae b
def _ init (self): o print("Model's state_aict:")
super (TheModelClass, self)._  init () for param tensor in model.state dict():

self.convl = nn.Conv2d(3, 6, 5) print (param tensor, "\t", model.state dict()[param tensor].size())
self.pool = nn.MaxPool2d(2, 2) - - -

self.conv2 = nn.Conv2d(6, 16, 5) Model's state_dict:
self.fcl = nn.Linear(1l6 * 5 * 5, 120) convl.weight torch.Size([6, 3, 5, 5])
self.fc2 = nn.Linear (120, 84) convl.bias torch.Size([6])
self.fc3 = nn.Linear (84, 10) conv2.weight torch.Size([16, 6, 5, 5])
conv2.bias torch.Size([16])
def forward(self, x): fcl.weight torch.Size([120, 400])
x = self.pool(F.relu(self.convl(x))) fcl.bias torch.Size([120])
X = self.pool(F.relu(self.conv2(x))) fc2.weight torch.Size([84, 120])
X = x.view(-1, 16 * 5 * 5) fc2.bias torch.Size([84])
X = F.relu(self.fcl(x)) fc3.weight torch.Size([10, 84])
x = F.relu(self.fc2(x)) fc3.bias torch.Size([10])
x = self.fc3(x)
return x

M * T tEnHEsRAR 48
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PyTorch: Saving and Loading Models

= Two ways to saving and loading models:

# save model parameters
torch.save(model.state dict(), PATH)

Recommended in

# initialize a new model and load parameters into it . .
official documentation

model = TheModelClass()
model.load state dict(torch.load(PATH))

# save the whole model
torch.save(model, PATH) Used as black box

# load the whole model inference model
model = torch.load(PATH)

(G AP A § 15 2588 (45 B RS IR T2 BR)
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mTensorBoard is developed by TensorFlow as a visualization tool.

mPyTorch also support TensorBoard as a package
torch.utils.tensorboard.

u|t lets you log PyTorch models and metrics into a directory for
visualization within the TensorBoard Ul.

® Scalars, images, histograms, graphs, and embedding visualizations are
all supported for PyTorch models and tensors.
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TensorBoard

from torch.utils.tensorboard import SummaryWriter
import torch

writer SummaryWriter('runs/lecture 4'")

/
®Create a writer object with /
log path for tensorboard.

mAdd the model and its

D in, H, D_out 64,
torch.randn(N, D_in)
to

rch.randn(N, D_out)

1000, 100, 10

model torch.nn.Sequential (
ParallelBlock(D_in, H),
ParallelBlock(H, H),
torch.nn.Linear(H, D _out))

loss_fn torch.nn.MSELoss ()

writer.add_graph(model, x)

AN

input for computational
graph visualization.

mAdd the scalars that you
want to track.

learning_rate le-4
optimizer torch.optim.Adam(model.parameters(), lr=learning_ rate)

for t in range(500):
y_pred = model(Xx)
loss = loss_fn(y pred, Y”

writer.add_scalar('training loss', loss, t)

optimizer.zero grad()
loss.backward()
optimizer.step()

School of Informatics Xiamen University (National Characteristic Demonstra
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https://pytorch.org/tutorials/beginner/pytorch_with_examples.html

TensorBoard

® Run TensorBoard on terminal:

& C ® localhost:6006/#scalars&run=lecture_4

tensorboard --logdir=runs

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

yang@luyang: ~/Nutstore Files/FH 'R R =

Ignore outliers in chart scaling
Xf(F) ‘RiIE(E) BE(V) BR(S) LiR((T) FEBiH)

training loss
yang@luyang:~/Nutstore Files/FxHY $ tensorboard --logdir=runs : ; - default v
TensorFlow installation not found - running with reduced feature set. Tooltip sorting method: -
Serving TensorBoard on localhost; to expose to the network, use a proxy or pass training loss

--bind_all
TensorBoard 2.2.2 at http://localhost:6006/ (Press CTRL+C to quit) Smoothing

—_— e 0.6

Horizontal Axis

0.2
STEP RELATIVE WALL
0 0

0 100 200 300 400 500
Runs =0
Write a regex to filter runs
() lecture_4
TOGGLE ALL RUNS
AP A S 5 A 5 (A5 R RSE LR THFS52ER) & M AT HEnHeEERT 52
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TensorBoard

Check your computational graph here

&€ - C @ localhost:6006/#graphs#fln=lecture 4

TensorBoard SCALARS  GRAPHS

Search nodes. Regexes supported. Main Graph

| 4| Fitto Screen

¥  Download PNG ( output )

Run (1) lecture_4

§
Tag(2) Default : [ sequential | «— Double click to expand
Upload Choose File §
@® Graph ( input )
(O Conceptual Graph
O Pprofile
JEPI RS 158 508 (45 R R SE PR R TR 52 PR gg & M AT AENREEEAR c3
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Static Graph vs. Dynamic Graph

Dynamic Graph

#The computational graph is built up dynamically, immediately
after we declare variables.

®This graph is thus rebuilt after each iteration of training.

®Dynamic graphs are flexible and allow us modify and inspect the
internals of the graph at any time. The main drawback is that it
can take time to rebuild the graph.

@) &N AT HENEESEAR 56
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Static Graph vs. Dynamic Graph

Static graph

mCreate and connect all the variables at the beginning, and
initialize them into a static (unchanging) session.

mThis session and graph persists and is reused: it is not rebuilt
after each iteration of training, making it efficient.

"However, with a static graph, variable sizes have to be defined
at the beginning, which can be non-convenient for some
applications, such as NLP with variable length inputs.
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Static Graph vs. Dynamic Graph

®|n static graph, the graph is built first,
and then the data is fed into it.

® TensorFlow Pre-2.0 version.

®|n dynamic graph, the graph and the
data are processed at the same time.

® PyTorch, TensorFlow Eager mode,
TensorFlow 2.0+. W\

We don't do that here

kg com
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TensorFlow Versions

mPre-2.0 (1.14 latest): Default static graph, optionally
dynamic graph (eager mode).

m2.0+: Default dynamic graph, optionally static graph.
m\We use 2.3 (July 2020) in this class.

@) &N AT HENEESEAR 59




TensorFlow: Neural Net (Pre-2.0)

import numpy as np
# import tensorflow as tf

B We are using TenSOrFIOW 2.3. If /import tensorflow.compat.vl as tf

tf.disable_v2_behavior()

we want to use the funtions in N5 H =57, 1000, 100

X tf.placeholder(tf.float32, shape=(N, D))

1.X, we ShOUld Specify |t y = tf.placeholder (tf.float32, shape=(N, D))

wl = tf.placeholder(tf.float32, shape=(D, H))
w2 = tf.placeholder(tf.float32, shape=(H, D))

[ Define Variable Shape. h = tf.maximum(tf.matmul(x, wl), 0)

y pred = tf.matmul(h, w2)
diff = y pred - y

= NO real data |S here That’S Why |t |S loss = tf.reduce mean(tf.reduce_sum(diff ** 2, axis=1))
grad_wl, grad w2 = tf.gradients(loss, [wl, w2])
called “placeholder”.

with tf.Session() as sess:
values = {

® Define computational graph. x: np.random. randn(N, D),
wl: np.random.randn(D, H),
——————,———"’——' w2: np.random.randn(H, D),
B 1 y: np.random.randn(N, D), }
Run the graph Wlth data' out = sess.run([loss, grad _wl, grad_w2], feed dict=values
loss_val, grad_wl _val, grad w2_val = out
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TensorFlow: 2.0+ vs. Pre-2.0

import numpy as np

# import tensorflow as tf

import tensorflow.compat.vl as tf
tf.disable_v2_behavior()

import numpy as np N, D, H = 64, 1000, 100
import tensorflow as tf x = tf.placeholder(tf.float32, shape=(N, D))
y = tf.placeholder(tf.float32, shape=(N, D))
N, D, H = 64, 1000, 100 wl = tf.placeholder(tf.float32, shape=(D, H))
x = tf.convert to tensor(np.random.randn(N, D), np.float32) w2 = tf.placeholder(tf.float32, shape=(H, D))
y = tf.convert to tensor(np.random.randn(N, D), np.float32)
wl = tf.Variable(tf.random.uniform((D, H))) h = tf.maximum(tf.matmul(x, wl), 0)
w2 = tf.variable(tf.random.uniform((H, D))) y pred = tf.matmul(h, w2)
diff = y pred - y

with tf.GradientTape() as tape:

h = tf.maximum(tf.matmul(x, wl), 0)

y_pred = tf.matmul(h, w2)

diff = y pred - y

loss tf.reduce mean(tf.reduce sum(diff ** 2, axis=1))
gradients = tape.gradient(loss, [wl, w2])

loss tf.reduce mean(tf.reduce_sum(diff ** 2, axis=1))
grad wl, grad w2 = tf.gradients(loss, [wl, w2])

ith tf.Session() as sess:
values = {
X: np.random.randn(N, D),
wl: np.random.randn(D, H),
w2: np.random.randn(H, D),
y: np.random.randn(N, D), }
out = sess.run([loss, grad wl, grad w2], feed dict=values)
loss_val, grad wl val, grad w2 val = out
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TensorFlow: 2.0+ vs. Pre-2.0

import numpy as np

# import tensorflow as tf

import tensorflow.compat.vl as tf
tf.disable_v2_behavior()

import numpy as np N, D, H = 64, 1000, 100
import tensorflow as tf x = tf.placeholder(tf.float32, shape=(N, D))
y = tf.placeholder(tf.float32, shape=(N, D))
N, D, H = 64, 1000, 100 wl = tf.placeholder(tf.float32, shape=(D, H))
x = tf.convert to tensor(np.random.randn(N, D), np.float32) w2 = tf.placeholder(tf.float32, shape=(H, D))
y = tf.convert to tensor(np.random.randn(N, D), np.float32)
wl = tf.Variable(tf.random.uniform((D, H))) h = tf.maximum(tf.matmul(x, wl), 0)
w2 = tf.variable(tf.random.uniform((H, D))) y pred = tf.matmul(h, w2)
i i diff = y pred - y
with tf.Gradle?tTape() Rt loss = tf.reduce mean(tf.reduce sum(diff ** 2, axis=1l))
;_;rzg'ga:;TzzéiiiTifm;;§x' RO grad wl, grad w2 = tf.gradients(loss, [wl, w2])
diff = red - . .
loss = {E?reduceymean(tf.reduce sum(diff ** 2, axis=1)) with tf.Session()" as sess:
gradients = tape.graaient(loss, [wlT w2]) values = {
X: np.random.randn(N, D),

wl: np.random.randn(D, H),

w2: np.random.randn(H, D),

y: np.random.randn(N, D), }
out = sess.run([loss, grad wl, grad w2], feed dict=values)
loss val, grad wl val, grad w2 val = out
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TensorFlow: Neural Net

= Convert input numpy
arrays to TF tensors. Create
weights as tf.Variable. import numpy as np

import tensorflow as tf

m Use tf.GradientTape ()

. . N, D, H = 64, 1000, 100
context to build dynamic

X tf.convert to tensor(np.random.randn(N, D), np.float32)
y tf.convert to tensor(np.random.randn(N, D), np.float32)

CompUtatlon graph' wl tf.vVariable(tf.random.uniform((D, H)))
= All forward-pass operations in

the contexts gets traced for with tf.GradientTape() as tape:

Computing gradient later. h = tf.maximum(tf.matmul(x, wl), 0)
y _pred = tf.matmul(h, w2)

. diff = y pred - y
“ tape ° gradlent () U:C.oes loss = tf.reduce mean(tf.reduce sum(diff ** 2, axis=1l))
the traced Computat|on gradients = tape.gradient(loss, [wl, w2])

graph to compute gradient
for the weights.

T\ = 4 . ) e — N () e
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TensorFlow: Neural Net

In [6]:

Out[6]:

In [8]:

Out[8]:

len(gradients)

2

gradients[0]

<tf.Tensor: shape=(1000,
array([[ 77136.
76155.

[ -7570.
-22515.

[ 98054.
111306.

ceny
[ 43516.

58628.
[ 84807.

99416.
[149381.
108648.

25
44
9473
719
98
97

918
035
055
92
47
07

I

r

I

I

4

r

I

I

50520.
65265.
-2315.
-8767.
118292.
121170.

86071.
68784.
61783.
81866.
142693.
130923.

47
594
841
129
88
39

49
42
2
72
42
3

100), dtype=float32, numpy=

, 46941.473 , ..., 77187.93
1,

' 967.99536, ..., -20049.777
1,

, 138639.16 y ---yr 95294.66
1,

, 74825.086 , ..., 70804.06
1,

, 98520.46 ; .-+, 88406.66
1,

, 133367.5 y ..oy 127278.83

11, dtype=float32)>

I

I
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TensorFlow: Neural Net

" Train the network:

Run the training
step over and over,
use gradient to
update weights.

St School of Informatics Xiamen University (National Characteristic Demonstration Software School)

import numpy as np
import tensorflow as tf

N, D, H = 64, 1000, 100

x = tf.convert to tensor(np.random.randn(N, D), np.float32)
y = tf.convert to tensor(np.random.randn(N, D), np.float32)
wl = tf.Variable(tf.random.uniform( (D, H)))

w2 = tf.Variable(tf.random.uniform((H, D)))

learning rate = le-6
for t in range(50):
with tf.GradientTape() as tape:
h = tf.maximum(tf.matmul(x, wl), 0)
y pred = tf.matmul(h, w2)
diff = y pred - y

loss = tf.reduce mean(tf.reduce sum(diff ** 2, axis=1))

gradients = tape.gradient(loss, [wl, w2])
wl.assign(wl - learning rate * gradients[0])
w2.assign(w2 - learning rate * gradients[1])
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TensorFlow: Optimizer and Loss

import numpy as np
import tensorflow as tf

N, D, H = 64, 1000, 100
x = tf.convert to tensor(np.random.randn(N, D), np.float32)
y = tf.convert to tensor(np.random.randn(N, D), np.float32)

N USG an Optlmlzer to wl = tf.vVariable(tf.random.uniform((D, H)))
. w2 = tf.vVariable(tf.random.uniform((H, D)))

compute gradients and
update weights.

optimizer = tf.optimizers.SGD(le-6)|

learning_rate = le-6

1 for t in range(50):
- Use predEflnEd common with tf.GradientTape() as tape:
Iosses. \ h = tf.maximum(tf.matmul(x, wl), 0)

y pred = tf.matmul(h, w2)

diff = y pred - y

loss = t?.losses.MeanSquaredError()(y_pred, Y)
gradients = tape.gradient(loss, [wl, w2])
optimizer.apply=gradients(zip(gradients, [wl, w2]))
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Keras: High-Level Wrapper

mKeras is a layer on top of TensorFlow, makes common things
easy to do.

mUsed to be third-party, now merged into TensorFlow.

" |t is the recommended high-level API for TensorFlow 2.0.

() AR5 152 5B (B IRSLIE IR R 5PR)
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Keras: High-Level Wrapper

import numpy as np
import tensorflow as tf Define model as a sequence of layers

N, D, H = 64, 1000, 100

x = tf.convert to tensor(np.random.randn(N, D), np.float32)

y = tf.convert to tensor(np.random.randn(N, D), np.float32)

model = tf.keras.Sequential()

model.add(tf.keras.layers.Dense(H, input shape=(D,), activation=tf.nn.relu))
model.add(tf.keras.layers.Dense(D))

optimizer = tf.optimizers.SGD(le-1)

losses = [] Get output by calling the model.

for t in range(50):
with tf.GradientTape(;/;é/;ape:

y_pred = model(Xx)
loss = tf.losses.MeanSquaredError()(y=pred, Y)
gradients = tape.gradient(loss, model.trainable variables)

optimizer.apply gradients(zip(gradients, model.trainable variables))
\

Apply gradient to all trainable variables (weights) in the model.
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Keras: High-Level Wrapper

import numpy as np
import tensorflow as tf

N, D, H = 64, 1000, 100
x = tf.convert to tensor(np.random.randn(N, D), np.float32)
y = tf.convert to tensor(np.random.randn(N, D), np.float32)

model = tf.keras.Sequential()

model.add(tf.keras.layers.Dense(H, input shape=(D,), activation=tf.nn.relu))
model.add(tf.keras.layers.Dense(D))

optimizer = tf.optimizers.SGD(le-1)

model.compile(loss=tf.keras.losses.MeanSquaredError(), optimizer=optimizer)
history = model.fit(x, y, steps per epoch=1, epochs=50, batch size=N)

Keras can handle the training loop for you!
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TensorFlow: High-Level Wrappers

= Keras (https://keras.io/)

m tf.keras (https://www.tensorflow.org/api docs/python/tf/keras)

m tf.estimator (https://www.tensorflow.org/api docs/python/tf/estimator)

m Sonnet (https://github.com/deepmind/sonnet)
m TFLearn (http://tflearn.org/)

m TensorLayer (https://tensorlayer.readthedocs.io/en/latest/)
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https://keras.io/
https://www.tensorflow.org/api_docs/python/tf/keras
https://www.tensorflow.org/api_docs/python/tf/estimator
https://github.com/deepmind/sonnet
http://tflearn.org/
https://tensorlayer.readthedocs.io/en/latest/

PyTorch vs. TensorFlow: Academia

PyTorch vs TensorFlow: % Unique Mentions of PyTorch

80% 80%
70% - 70%
60% - 60%

(7]

C

S

-t

S 50% | 50%

£

X

(o]

= 40%: 40%

£

o

Y=

T 30% - 30%

)

8

Y

(o]

X 20% - 20%
10% 1 10%

0% 0%
2017 2018 2019 2020
Year
DA A S AR (IR RS RHSBR) M * T HENHESRAR 71

Q School of Informatics Xiamen University (National Characteristic Demonstration Software School)
Image source: https://thegradient.pub/state-of-ml-frameworks-2019-pytorch-dominates-research-tensorflow-dominates-industry/



https://thegradient.pub/state-of-ml-frameworks-2019-pytorch-dominates-research-tensorflow-dominates-industry/

PyTorch vs. TensorFlow: Industry

= No official survey / study on the comparison.

A quick search on a job posting website turns up 2,389 search
results for TensorFlow and 1,366 for PyTorch.

= TensorFlow mostly dominates mobile deployment / embedded
systems.
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PyTorch vs. TensorFlow

= PyTorch has clean AP Deep learning

= Native dynamic graphs make it very easy to r.esearchers
develop and debug. since 2019

® Can build model using the default APl then
compile static graph using JIT.

® TensorFlow is a safe bet for most projects.

® Syntax became a lot more intuitive after 2.0. Not
perfect but has huge community and wide usage.

= Can use same framework for research and
production. Probably use a high-level framework.
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Conclusion

After this lecture, you should know:
®\Why do we need deep learning frameworks.

"How to build deep learning models by PyTorch and TensorFlow.
®"\What is high-level API.

®\What is the difference between static and dynamic graph.
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Suggested Reading

mPyTorch Tutorial

mKeras Basics

mColab Tutorial
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https://pytorch.org/tutorials/beginner/pytorch_with_examples.html
https://www.tensorflow.org/tutorials/keras/classification
https://colab.research.google.com/notebooks/intro.ipynb

mAssignment 1 is released. The deadline is 18:00, 14th October.
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Thank youl!

= Any question?

®Don’t hesitate to send email to me for asking questions and
discussion. ©
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