Lecture 6:
Hardware and Software
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Administrative

Assignment 1 was due yesterday.
Assignment 2 is out, due Wed May 1.
Project proposal due Wed April 24.

Project-only office hours leading up to the deadline.
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Administrative

Friday’s section on PyTorch and Tensorflow will be at
Thornton 102, 12:30-1:50
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Administrative

Honor code: Copying code from other people / sources such
as Github is considered as an honor code violation.

We are running plagiarism detection software on homeworks.
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Where we are now...

Computational graphs

f=Wgz| \Li =), max(0,s; — sy, +1)
\ @ s (scores) , ?
(r)

R(W)

L
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Where we are now...

Neural Networks
Linear score function: f — Wa

2-layer Neural Network f = Wamax(0, Wix)

3072

IHIHIH!HI
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Where we are now...

Convolutional Neural Networks

Image Maps

Fully Connected

Input

Convolutions
Subsampllng

lllustration of LeCun et al. 1998 from CS231n 2017 Lecture 1
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Where we are now...
Learning network parameters through optimization

while True:
weights grad = evaluate gradient(loss_fun, data, welghts)
Landscape image is CCO 1.0 public domain weights += - step size * weights grad # 7 parameter

Walking man image is CCO 1.0 public domain
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http://maxpixel.freegreatpicture.com/Mountains-Valleys-Landscape-Hills-Grass-Green-699369
https://creativecommons.org/publicdomain/zero/1.0/
http://www.publicdomainpictures.net/view-image.php?image=139314&picture=walking-man
https://creativecommons.org/publicdomain/zero/1.0/

Today

- Deep learning hardware
- CPU, GPU, TPU
- Deep learning software
- PyTorch and TensorFlow
- Static and Dynamic computation graphs
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Deep Learning
Hardware
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Inside a computer
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Spot the CPU!

(central processing unit)
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https://commons.wikimedia.org/wiki/File:Intel_Core_i7-2600_SR00B_(16339769307).jpg
https://creativecommons.org/licenses/by/2.0/deed.en

Spot the GPUSs!

(graphics processing unit)
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https://commons.wikimedia.org/wiki/File:NVIDIA-GTX-1070-FoundersEdition-FL.jpg

NVIDIA  + AMD
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NVIDIA| + AMD
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CPU vs GPU

Cores Clock Memory
Speed
CPU 4 4.2 GHz | System
(Intel Core (8 threads with RAM
i7-7700k) hyperthreading)
GPU 3584 1.6 GHz 11 GB
(NVIDIA GDDRG6

RTX 2080 Ti)
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Price

$385

$1199

Speed

~540 GFLOPs FP32

~13.4 TFLOPs FP32

L ecture 6 -

16

CPU: Fewer cores,
but each core is
much faster and
much more
capable; great at
sequential tasks

GPU: More cores,
but each core is
much slower and
“‘dumber”; great for
parallel tasks
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Example: Matrix Multiplication

AxC

AxB

BxC

17  April 18, 2019
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GigaFLOPs per Dollar
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(CPU performance not

CPU vs GPU in praCtice well-optimized, a little unfair)

I intel E5-2620v3 [ Pascal Titan X (no cuDNN) Pascal Titan X (cuDNN 5.1)
24000

18000 \

66x 67X 71x 64X 76X
¥ ¥ l

VGG-16 VGG-19 ResNet-18 Res-Net-50 ResNet-200

16 Forward + Backward time (ms)

6000

N=

0

Data from https://github.com/jcjohnson/cnn-benchmarks
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cuDNN much faster than

CPU vs GPU in practice “unoptimized” CUDA

I intel E5-2620v3 [ Pascal Titan X (no cuDNN) Pascal Titan X (cuDNN 5.1)
24000

18000

- 2.8X 3.0x 3.1x 3.4x 2.8
1
]

VGG-16 VGG-19 ResNet-18 Res-Net-50 ResNet-200

X

16 Forward + Backward time (ms)

6000

N=

0

Data from https://github.com/jcjohnson/cnn-benchmarks
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CPU vs GPU

Cores Clock Memory @ Price
Speed

CPU 4 4.2 GHz  System | $385
(Intel Core (8 threads with RAM
i7-7700k) hyperthreading)
GPU 3584 1.6 GHz 11 GB $1199
(NVIDIA GDDRG6
RTX 2080 Ti)
TPU 5120 CUDA, 1.5GHz 12GB $2999
NVIDIA 640 Tensor HBM2
TITAN V
TPU ? ? 64 GB $4.50
Google Cloud HBM per
TPU hour

Fei-Fei Li & Justin Johnson & Serena Yeung

Speed

~540 GFLOPs FP32

~13.4 TFLOPs FP32

~14 TFLOPs FP32

~112 TFLOP FP16

~180 TFLOP

Lecture 6 - 21

CPU: Fewer cores,
but each core is
much faster and
much more
capable; great at
sequential tasks

GPU: More cores,
but each core is
much slower and
“dumber”; great for
parallel tasks

TPU: Specialized
hardware for deep
learning

April 18, 2019



CPU vs GPU

Cores Clock Memory  Price | Speed
Speed
CPU 4 4.2 GHz  System | $385 ~540 GFLOPs FP32
(Intel Core (87 dlraeete & el RAM
i7-7700k) hyperthreading)
NOTE: TITAN V
GPU 3584 1.6 GHz 11 GB $1199 ~13.4 TFLOPs FP32 isn’t technically
(NVIDIA GDDRG6 a “TPU” since
RTX 2080 Ti) that’'s a Google
term, but both
TPU 5120 CUDA, 1.5GHz 12GB $2999 ~14 TFLOPs FP32 have hardware
NVIDIA 640 Tensor HBM2 ~112 TFLOP FP16 specialized for
TITAN V deep learning
TPU ? ? 64 GB $4.50 ~180 TFLOP
Google Cloud HBM per
TPU hour
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GigaFLOPs per Dollar
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Programming GPUs

e CUDA (NVIDIA only)
o Write C-like code that runs directly on the GPU
o Optimized APIs: cuBLAS, cuFFT, cuDNN, etc
e OpenCL
o Similar to CUDA, but runs on anything
o Usually slower on NVIDIA hardware
e HIP https://github.com/ROCm-Developer-Tools/HIP
o New project that automatically converts CUDA code to
something that can run on AMD GPUs

e Udacity CS 344:
https://developer.nvidia.com/udacity-cs344-intro-parallel-programming
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https://github.com/ROCm-Developer-Tools/HIP
https://developer.nvidia.com/udacity-cs344-intro-parallel-programming

CPU / GPU Communication

Model
IS here =

Data is here
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CPU / GPU Communication

Model
IS here =

Data is here

= lﬁi e RS : If you aren’t careful, training can
|- : y bottleneck on reading data and

W ot transferring to GPU!
A GEFORCEGTX &

Lo

Solutions:
- Read all data into RAM
- Use SSD instead of HDD
- Use multiple CPU threads
to prefetch data
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Deep Learning
Software
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A zoo of frameworks!

Caffe
(UC Berkeley)

—_—

Torch
(NYU / Facebook)

Theano
(U Montreal)

_>

Fei-Fei Li & Justin Johnson & Serena Yeung

PaddlePaddle Chainer

(Baidu)
Caffe2
(Facebook)

L et CNTK
Syt o (Microsoft)
PyTO I'Ch choice at AWS
(Facebook)
JAX
TensorFlow (Google)
(Google)
And others...
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A zoo of frameworks!
PaddlePaddle Chainer

(Baidu)
Caffe _ Caffe2
UC Berkel Facebook)
( erkeley) ( !\:\Iri(aNZ?:) CNTK

e L ST (Microsoft)
Torch PyTorch e
(NYU / Facebook) (Facebook)
JAX
Theano ___ | TensorFlow (Google)
(U Montreal) (Google)
We'll focus on these And others...
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Recall: Computational Graphs

f=Wz| \Li =3, max(0,s; — sy +1)
\ @ s (scores) , ?
(r)

R(W)

L
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Recall: Computational Graphs =

iInput image

weights —~—~:_

—>

loss FNE
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Recall: Computational Graphs

input image/

loss \

Figure reproduced with permission from a Twitter post by Andrej Karpathy.
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https://twitter.com/karpathy/status/597631909930242048?lang=en

The point of deep learning frameworks

(1) Quick to develop and test new ideas
(2) Automatically compute gradients
(3) Run it all efficiently on GPU (wrap cuDNN, cuBLAS, etc)
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Computational Graphs

Numpy Q 0

import numpy as np

np.random.seed(0) .

N, D=3, 4

p.random.randn(N, D) 9

X =n
Yy = np.random.randn(N, D) -+
z = np.random.randn(N, D)

a=x=*y

b=a+ 2z

¢ = np.sum(b)
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Computational Graphs

Numpy Q 0

import numpy as np

np.random.seed(0) .

N, D=3, 4

np.random.randn(N, D) 9

x =

Yy = np.random.randn(N, D) -+
z = np.random.randn(N, D)

a=x*y

b=a+ 2z

¢ = np.sum(b)

grad ¢ = 1.0 Z
grad_b = grad_c * np.ones((N, D))

grad a = grad_b.copy()

grad_z = grad_b.copy()

grad X = grad_a * y

grad y = grad_a * x
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Computational Graphs
Numpy Good:
Q 0 Clean API, easy to

import numpy as np

np.random.seed(0) . erte numenC COde

N, D=3, 4

p.random.randn(N, D) 9

e T

crxty (:t)) Bad.

¢ = np.sun(b) - Have to compute
gradc = 1.0 2 our own gradients

grad_b = grad_c np.ones( (N, D))
grad a = grad_b.copy() ’
grad z = grad_b.copy() - Can t run On GPU
grad X = grad_a * y
grad y = grad_a * x
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Computational Graphs
Numpy Q 0 PyTorch

import numpy as np import torch
np.random.seed(0) .
N, D=3, 4
N, D=3, 4 X = torch.randn(N, D)
y = torch.randn(N, D)
X = np.random.randn(N, D) e z = torch.randn(N, D)
Yy = np.random.randn(N, D) +
z = np.random.randn(N, D) a=x*y
b=a+2z
a=x®=y c = torch.sum(b)
b=a+ 2z
¢ = np.sum(b)
grad ¢ = 1.0 Z
grad_b = grad_c * np.ones((N, D))
grad a = grad_b.copy()
grad_z = grad_b.copy() .
grad x = grad_a * y Looks exactly like numpy!
grad_y = grad_a * x

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 6 - 37 April 18, 2019




Computational Graphs
Numpy Q 0 PyTorch

import numpy as np import torch

np.random.seed(0) .
N, D=3, 4

N, D=3, 4 X = torch.randn(N, D,|requires_grad=True)
y = torch.randn(N, D)

X = np.random.randn(N, D) z = torch.randn(N, D)

Yy = np.random.randn(N, D) -F

z = np.random.randn(N, D) a=x*y

A=z sy b=a+z

Naa® c = torch.sum(b)

¢ = np.sum(b

& ) |c.backward()

grad ¢ = 1.0 }E print(x.grad)

grad_b = grad_c * np.ones((N, D))

grad a = grad_b.copy()

grad_z = grad_b.copy() PyTorch handles gradients for us!

grad X = grad_a * y

grad_y = grad_a * x
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Computational Graphs
Numpy Q 0 PyTorch

import numpy as np import torch

np.random.seed(0) .
ldevice = 'cuda:O’l
N, D= 3, 4 N, D=3, 4
X = torch.randn(N, D, requires grad=True,
X = np.random.randn(N, D) device=device)
= np.random.randn(N, D) + y = torch.randn(N, D, device=device)
Y P ' ’ z = torch.randn(N, D, device=device)
z = np.random.randn(N, D)
a=x*%*y
&= X * 3 b=a+z
b=a+ 2z c = torch.sum(b)
¢ = np.sum(b)
c.backward()
grad ¢ = 1.0 Z print(x.grad)
grad_b = grad_c * np.ones((N, D))
grad a = grad_b.copy()
grad_z = grad_b.copy() Trivial to run on GPU - just construct
- * . .
grad x = grad_a * y arrays on a different device!
grad_y = grad_a * x
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PyTorch

(More detail)
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PyTorch: Fundamental Concepts

Tensor: Like a numpy array, but can run on GPU

Autograd: Package for building computational graphs out of
Tensors, and automatically computing gradients

Module: A neural network layer; may store state or
learnable weights
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PyTorch: Versions

For this class we are using PyTorch version 1.0
(Released December 2018)

Be careful if you are looking at older PyTorch code!
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import torch

PyTO rCh: Tenso IS 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

Running example: Train for t in range(500):
_ h = x.mm(wl)
a tWO layer ReLU h relu = h.clamp(min=0)
network on random data y_pred = h_relu.mm(w2)
Wlth L2 |OSS loss = (y_pred - y).pow(2).sum()

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)

wl -= learning rate * grad wl
w2 -= learning rate * grad w2
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PyTorch: Tensors

PyTorch Tensors are just like numpy
arrays, but they can run on GPU.

PyTorch Tensor API looks almost
exactly like numpy!

Here we fit a two-layer net using
PyTorch Tensors:

Fei-Fei Li & Justin Johnson & Serena Yeung

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()

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)

wl -= learning rate * grad wl
w2 -= learning rate * grad w2

Lecture 6 - 44 April 18, 2019



import torch

PyTO rCh: Tenso IS device = torch.device('cpu')

N, D_in, H, D_out = 64, 1000, 100, 10

x = torch.randn(N, D_in, device=device)

Create random tensors —| y = torch.randn(N, D out, device=device)
i wl = torch.randn(D_in, H, device=device)
for data and WelghtS 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()

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)

wl -= learning rate * grad wl
w2 -= learning rate * grad w2
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import torch

PyTO rCh: Tenso IS 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)
Forward pass: compute > © e =& reid ngwa)
predictions and loss loss = (y_pred - y).pow(2).sum()

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)

wl -= learning rate * grad wl
w2 -= learning rate * grad w2
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import torch

PyTO rCh: Tenso IS 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()

grad y pred = 2.0 * (y_pred - y)

Backward pass: grad w2 = h relu.t().mm(grad y pred)
grad_h relu = grad y pred.mm(w2.t())

manually Compute ] grad_h = grad_h relu.clone()

. grad_h[h < 0] = 0
gradlentS grad wl = x.t().mm(grad _h)

wl -= learning rate * grad wl
w2 -= learning rate * grad w2
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PyTorch: Tensors

Gradient descent

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

N, D_in, H, D out = 64, 1000, 100, 10
torch.randn(N, D _in, device=device)
torch.randn(N, D out, device=device)
1 = torch.randn(D_in, H, device=device)
w2 = torch.randn(H, D _out, device=device)

X
X
W

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()

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)

step on weights

Fei-Fei Li & Justin Johnson & Serena Yeung

wl -= learning rate * grad wl
w2 -= learning rate * grad w2
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import torch

PyTO rCh: Tenso IS device = torch.device('cuda:0')

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)

To run on GPU, JUSt use a / wl = torch.randn(D_in, H, device=device)
different 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()

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)

wl -= learning rate * grad wl
w2 -= learning rate * grad w2
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PyTorch: Autograd

Creating Tensors with
requires_grad=True enables
autograd

learning rate

for
Operations on Tensors with

requires_grad=True cause PyTorch
to build a computational graph

Fei-Fei Li & Justin Johnson & Serena Yeung

D in, H, D out

import torch

64, 1000, 10
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)

100,

le-6
t in range(500):
y pred = x.mm(wl).clamp(min=0).mm(w2)

loss (y pred - y).pow(2).sum()

loss.backward()

with torch.no _grad():
wl -= learning rate * wl.grad
w2 -= learning rate * w2.grad
wl.grad.zero ()
w2.grad.zero ()
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PyTorch: Autograd .cc:: coren

N, D in, H, D out = 64, 1000, 100, 10
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)

We will not want gradients
(of loss) with respect to data

. . learning rate = le-6

Do want grad!ents with for t in range(500):

respect to welghts y pred = x.mm(wl).clamp(min=0).mm(w2)
loss = (y pred - y).pow(2).sum()

loss.backward()

with torch.no _grad():
wl -= learning rate * wl.grad
w2 -= learning rate * w2.grad
wl.grad.zero ()
w2.grad.zero ()
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PyTorch: Autograd

import torch

N, D_in, H, D_out = 64, 1000, 100, 10

X = torch.randn(N, D in)
Yy = torch.randn(N, D out)
wl = torch.randn(D in, H, requires grad=True)
w2 = torch.randn(H, D out, requires grad=True)

learning rate = le-6
for t in range(500):

Forward pass looks exactly

y pred = x.mm(wl).clamp(min=0).mm(w2)
loss = (y pred - y).pow(2).sum()

the same as before, but we
don’t need to track
intermediate values -
PyTorch keeps track of
them for us in the graph
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loss.backward()

with torch.no _grad():
wl -= learning rate * wl.grad
w2 -= learning rate * w2.grad
wl.grad.zero ()
w2.grad.zero ()
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PyTorch: Autograd .cc:: coren

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, requires grad=True)

learning rate = le-6

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

Compute gradientofloss | ] osa. backward()
with respect to w1 and w2

with torch.no _grad():
wl -= learning rate * wl.grad
w2 -= learning rate * w2.grad
wl.grad.zero ()
w2.grad.zero ()
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PyTorch: Autograd .cc:: coren

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, requires grad=True)

learning rate = le-6

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

loss.backward()

with torch.no _grad():
Make gradient step on weights, then zero W;- - ieam?ng_rate e W;-grag
. > -t= o= .
them. Torch.no_grad means “don’t build & pardd CAEA = Reopie
) i ., wl.grad.zero ()
a computational graph for this part w2.grad.zero ()
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PyTorch: Autograd .cc:: coren

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, requires grad=True)

learning rate = le-6

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

loss.backward()

with torch.no _grad():

PyTorch methods that end in underscore W; - ieam?“g-rate ? W;'grag
. . ) we —-= learning rate * wes.gra
modify the Tensor in-place; methods that ~, Wl grad.zere ()

don’t return a new Tensor w2.grad.zero ()
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PyTorch: New Autograd Functions

class MyReLU(torch.autograd.Function):
@staticmethod
def forward(ctx, x):
ctx.save_for backward(x)

Define your own autograd
functions by writing forward
and backward functions for

Tensors return x.clamp(min=0)
Use ctx object to “cache” values for @éstaticmethod
the backward pass, just like cache def backward(ctx, grad y):

X, = ctx.saved_tensors
grad input = grad y.clone()
grad input[x < 0] = 0
return grad input

objects from A2
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PyTorch: New Autograd Functions

class MyReLU(torch.autograd.Function):
@staticmethod
def forward(ctx, x):

Define your own autograd
functions by writing forward

and backward functions for Gtz fava for backward(x)
Tensors return x.clamp(min=0)
Use ctx object to “cache” values for @éstaticmethod

the backward pass, just like cache def backward(ctx, grad y):

X, = ctx.saved tensors
grad input = grad y.clone()
_ _ _ grad input[x < 0] = 0
Define a helper function to make it return grad_input

easy to use the new function

objects from A2

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

class MyReLU(torch.autograd.Function): N, D in, H, D out = 64, 1000, 100, 10
@staticmethod - -
def forward(ctx, x):

X = torch.randn(N, D_in)
ctx.save_for_backward(x) y = torch.randn(N, D out)
return x.clamp(min=0) S .
wl = torch.randn(D_in, H, requires_grad=True)
@staticmethod w2 = torch.randn(H, D_out, requires_grad=True)
def backward(ctx, grad_ y):
X, = ctx.saved_tensors learning_rate = le-6
grad_input = grad y.clone() for t in range(500):
grad_input[x < 0] = 0 y pred = my relu(x.mm(wl)).mm(w2)

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

def my relu(x):

return MyReLU.apply(x) loss.backward()

with torch.no _grad():

wl -= learning_rate * wl.grad
Can use our new autograd w2 -= learning rate * w2.grad
function in the forward pass W :dzac.fexo ()

w2.grad.zero_()
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PyTorch: New Autograd Functions

def my relu(x):
return x.clamp(min=0)

In practice you almost never need
to define new autograd functions!
Only do it when you need custom
backward. In this case we can just
use a normal Python function
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N, D_in, H, D _out = 64, 1000, 100, 10

torch.randn(N, D_in)

torch.randn(N, D _out)

1 = torch.randn(D_in, H, requires_grad=True)
w2 = torch.randn(H, D_out, requires_grad=True)

X
¥
w

learning_rate = le-6

for t in range(500):
y _pred = my relu(x.mm(wl)).mm(w2)
loss = (y_pred - y).pow(2).sum()

loss.backward()

with torch.no _grad():
wl -= learning_rate * wl.grad
w2 -= learning rate * w2.grad
wl.grad.zero_ ()
w2.grad.zero_()
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import torch

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

X
s

torch.randn(N, D in)
torch.randn(N, D out)

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

Higher-level wrapper for torch.nn.ReLU(),
Working with neural nets torch.nn.Linear(H, D_out))

learning rate = le-2

Use this! It will make your life for t in range(500):
i y_pred = model(x)
casier loss = torch.nn.functional.mse loss(y _pred, y)

loss.backward()

with torch.no_grad():
for param in model.parameters():
param -= learning rate * param.grad
model.zero grad()
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import torch
PyTorch: nn e
X torch.randn(N, D in)
Y torch.randn(N, D out)

Define our model as a model = torch.nn.Sequential(
seque.nce of I_ayers; each torch.nn.Linear(D_in, H),
layer is an object that tozeh.naRelil();

) torch.nn.Linear(H, D out))
holds learnable weights =

learning rate = le-2
for t in range(500):
y_pred = model(x)
loss = torch.nn.functional.mse loss(y _pred, y)

loss.backward()

with torch.no_grad():
for param in model.parameters():
param -= learning rate * param.grad
model.zero grad()
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import torch

PyTorch: nn © b ie. B, b eut - 66, 1000, 100, 10

torch.randn(N, D in)
torch.randn(N, D out)

X
: f

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

learning rate = le-2
for t in range(500):
y_pred = model(x) J

Forward pass: feed data to
model, and compute loss

loss = torch.nn.functional.mse loss(y pred, y

loss.backward()

with torch.no grad():
for param in model.parameters():
param -= learning rate * param.grad
model.zero grad()
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import torch

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

torch.randn(N, D in)
torch.randn(N, D out)

X
s

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

learning rate = le-2
for t in range(500):

Forward pass: feed data to 1lr_pre<_i z moﬁel(x; — . ] )l
model, and compute loss 0ss _p|torch.nn.functionall.mse_loss(y_pred, y

oss.backward()

torch.nn.functional has useful with torch.no_grad():
hel like | £ ti for param in model.parameters():
elpers like I0Ss tunctions param -= learning rate * param.grad

model.zero grad()
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import torch

PyTorCh nn 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))

learning rate = le-2
for t in range(500):
y_pred = model(x)
loss = torch.nn.functional.mse loss(y _pred, y)

Backward pass: compute — 3| 10ss.backward()
gradient with respect to all
with torch.no_grad():

model WelghtS (they have for param in model.parameters():

requires_grad=True) param -= learning rate * param.grad
model.zero grad()
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import torch

PyTorch: nn © b ie. B, b eut - 66, 1000, 100, 10

torch.randn(N, D in)
torch.randn(N, D out)

X
: f

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

learning rate = le-2
for t in range(500):
y_pred = model(x)
loss = torch.nn.functional.mse loss(y _pred, y)

loss.backward()

Make gradient step on "ithft°r°h-n°—?rad(é=l R

Or param 1in model.parameters .
each model parameter param -= learning rate * param.grad
(with gradients disabled) model.zero_grad()
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P T h t. import torch
y OrC - Op “ “ D in, H, D out = 64, 1000, 100, 10
torch.randn(N, D _in)

to

N,
3t
Yy rch.randn(N, D out)

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

L. __learning rate = le-4
Use an optimizer for optimizer = torch.optim.Adam(model.parameters(),
different update rules fz=learning rare)
for € in range(500):
y_pred = model(x)
loss = torch.nn.functional.mse loss(y pred, y)

loss.backward()

optimizer.step()
optimizer.zero grad()
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P T h t. import torch

y OrC - Op “ “ 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))

learning rate = le-4
optimizer = torch.optim.Adam(model.parameters(),
lr=learning rate)
for t in range(500):
y_pred = model(x)
loss = torch.nn.functional.mse loss(y pred, y)

loss.backward()

After computing gradients, use

optimizer to update params optimizer.step()

and zero gradients optimizer.zero grad()
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import torch

PyTorch: nn
Define new Modules

A PyTorch Module is a neural net
layer; it inputs and outputs Tensors

Modules can contain weights or other
modules

class TwoLayerNet (torch.nn.Module):

def _ init (self, D_in, H, D _out):
super (TwoLayerNet, self). init ()
self.linearl = torch.nn.Linear(D_in, H)
self.linear2 = 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

, D _in, H, D _out = 64, 1000, 100, 10

torch.randn(N, D _in)
torch.randn(N, D _out)

model = TwoLayerNet(D_ in, H, D_out)

You can define your own Modules
using autograd!
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optimizer = torch.optim.SGD(model.parameters(), lr=le-4)
for t in range(500):

y_pred = model(x)
loss = torch.nn.functional.mse loss(y_pred, y)

loss.backward()

optimizer.step()
optimizer.zero grad()
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import torch

PyTO rCh : n n class TwolLayerNet(torch.nn.Module):

def _ init (self, D_in, H, D _out):

. super (TwoLayerNet, self). init ()
Define new Modules | it e e
self.linear2 = torch.nn.Linear(H, D_out)
P 4
def forward(self, x):
h relu = self.linearl(x).clamp(min=0)
y_pred = self.linear2(h_relu)
. return y pred
Define our whole model
. N, D_in, H, D out = 64, 1000, 100, 10
as a Slngle MOdUIe X = torch.randn(N, D _in)
y = torch.randn(N, D _out)

model = TwoLayerNet(D_ in, H, D_out)

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

for t in range(500):
y_pred = model(x)

loss = torch.nn.functional.mse loss(y_pred, y)

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

PyTO rCh : n n class TwoLayerNet(torch.nn.Module):

def _ init (self, D_in, H, D _out):
super (TwoLayerNet, self). init ()

Defi ne neW MOd u IeS self.linearl = torch.nn.Linear(D_in, H)
self.linear2 =

torch.nn.Linear(H, D_out)

def forward(self, x):
h relu = self.linearl(x).clamp(min=0)
y_pred = self.linear2(h_relu)

Initializer sets up two return y_pred

children (Modules can N, D_in, H, D out = 64, 1000, 100, 10
. X = torch.randn(N, D _in)

Contaln mOdUIGS) y = torch.randn(N, D _out)

model = TwoLayerNet(D_ in, H, D_out)

optimizer = torch.optim.SGD(model.parameters(), lr=le-4)
for t in range(500):

y_pred = model(x)

loss = torch.nn.functional.mse loss(y_pred, y)

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

PyTO rCh : n n class TwolLayerNet(torch.nn.Module):

def _ init (self, D_in, H, D _out):
super (TwoLayerNet, self). init ()

[ ]
Define new Modules e
self.linear2 = torch.nn.Linear(H, D_out)

def forward(self, x):
h relu = self.linearl(x).clamp(min=0)

Define forward pass using / el Dy
child modules return y pred

N, D_in, H, D out = 64, 1000, 100, 10
i X = torch.randn(N, D _in)
No need to define y = torch.randn(N, D_out)
backward - autograd will model = TwoLayerNet(D_in, H, D_out)

handle it

optimizer = torch.optim.SGD(model.parameters(), lr=le-4)
for t in range(500):

y_pred = model(x)

loss = torch.nn.functional.mse loss(y_pred, y)

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

PyTO rCh : n n class TwolLayerNet(torch.nn.Module):

def _ init (self, D_in, H, D _out):
super (TwoLayerNet, self). init ()

Defi ne neW MOd u IeS self.linearl = torch.nn.Linear(D_in, H)
self.linear2 =

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

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

N,
X
y rch.randn(N, D_out)

model = TwoLayerNet(D_ in, H, D_out)

Construct and train an optimizer = torch.optim.SGD(model.parameters(), lr=le-4)
for t in range(500):

instance of our model ™ vy _pred = model(x)

loss = torch.nn.functional.mse loss(y_pred, y)

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

PyTorch: nn
Define new Modules

Very common to mix and match
custom Module subclasses and

class ParallelBlock(torch.nn.Module):

def init (self, D in, D out):
super (ParallelBlock, self). init ()
self.linearl = torch.nn.Linear(D_in, D_out)
self.linear2 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)
Sequential containers 3 = terchazanci(i, D out)
model = torch.nn.Sequential(
ParallelBlock(D_in, H),
ParallelBlock(H, H),
torch.nn.Linear(H, D _out))
optimizer = torch.optim.Adam(model.parameters(), lr=le-4)

for t in range(500):
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y_pred = model(x)

loss torch.nn.functional.mse loss(y_pred, y)
loss.backward()

optimizer.step()

optimizer.zero grad()
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import torch

n
PyTO rCh . n n class ParallelBlock(torch.nn.Module):
def init (self, D in, D out):

. super (ParallelBlock, self). init ()
D f n n M d I self.linearl = torch.nn.Linear(D_in, D_out)

e I e eW O u eS self.linear2 = torch.nn.Linear(D_in, D_out)
def forward(self, x):

hl = self.linearl(x)

h2 = self.linear2(x)
Deﬁne network Component / return (hl * h2).clamp(min=0)
as a Module Subclass 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, H),
torch.nn.Linear(H, D _out))

optimizer = torch.optim.Adam(model.parameters(), lr=le-4)
for t in range(500):
y_pred = model(x)
loss = torch.nn.functional.mse_ loss(y_pred, y)
loss.backward()
optimizer.step()
optimizer.zero grad()
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import torch

PyTO rCh : n n class ParallelBlock(torch.nn.Module):
D out):

def init (self, D in,
. super (ParallelBlock, self). init ()
D f n n M d I self.linearl = torch.nn.Linear(D_in, D_out)
e I e eW O u eS self.linear2 = 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)

StaCk mU|t|p|e inStanCGS Of the model = torch.nn.Sequential(
component in a sequential e s S
torch.nn.Linear(H, D _out))

optimizer = torch.optim.Adam(model.parameters(), lr=le-4)
for t in range(500):
y_pred = model(x)
loss = torch.nn.functional.mse_ loss(y_pred, y)
loss.backward()
optimizer.step()
optimizer.zero grad()
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PyTorch: DatalLoaders

import torch
from torch.utils.data import TensorDataset, DataLoader

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

A DatalLoader wraps a X = torch.randn(N, D_in)

Dataset and provides ¥'s Gorebtrancu(N/Diou:)

minibatching, Sthﬂing, B loader = Dataloader (TensorDataset(x, y), batch_size=8)

muItithreading, for yOU model = TwoLayerNet(D in, H, D out)
optimizer = torch.optim.SGD(model.parameters(), lr=le-2)
for epoch in range(20):

When you ne_ed to Ioad for x batch, y batch in loader:

custom data, just write y_pred = model(x_batch)

your own Dataset class loss = torch.nn.functional.mse loss(y_pred, y batch)
loss.backward()

optimizer.step()

optimizer.zero grad()
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PyTorch: DatalLoaders

import torch
from torch.utils.data import TensorDataset, DataLoader

N, D _in, H, D out = 64, 1000, 100, 10
X torch.randn(N, D_in)
Yy torch.randn(N, D _out)

loader = Dataloader(TensorDataset(x, y), batch size=8)
model = TwoLayerNet(D in, H, D out)
lterate over loader to form optimizer = torch.optim.SGD(model.parameters(), lr=le-2)
- for epoch in range(20):
minibatches \ for x_batch, y batch in loader:
y_pred = model(x_batch)

loss = torch.nn.functional.mse loss(y_pred, y batch)

loss.backward()
optimizer.step()
optimizer.zero grad()
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PyTorch: Pretrained Models

Super easy to use pretrained models with torchvision
https://github.com/pytorch/vision

import torch
import torchvision

alexnet = torchvision.models.alexnet (pretrained=True)
vgglé = torchvision.models.vgglé (pretrained=True)
resnetl0l = torchvision.models.resnetl0l(pretrained=True)
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https://github.com/pytorch/vision

PyTorch: Visdom

Visualization tool: add s [ A7 e L
logging to your code, then G ol EOARTANE et i A
visualize in a browser '

Can't visualize
computational graph
structure (yet?)

https://github.com/facebookresearch/visdom

This image is licensed under CC-BY 4.0; no changes were made to the image
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https://creativecommons.org/licenses/by/4.0/
https://github.com/facebookresearch/visdom

PyTorch: tensorboardX

® ® B vensorBoard

€ C  © gig:6006/#scalars +# 5O o) g ®

A python wrapper around

Tensorflow’s web-based S Q-
visualization tool. o

. t .
Tooltip sorting method: default - -*/ (all tags)
data/scalarl data/scalar_group
Smoothing
ip install t board -
Horizontal Axis
Run:
Writ
% O Jan18.19-42-05.297X [} Smoothed Value Step Time
g O Jan18_19-42-05_.297X 0.6671 0.6883 50.00 ThuJan18,19:42:16 10s
-~ Jan18 19-42-

TOGGLE ALL RUNS

https://github.com/lanpa/tensorboardX

This image is licensed under CC-BY 4.0; no changes were made to the image
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https://github.com/facebookresearch/visdom
https://creativecommons.org/licenses/by/4.0/
https://github.com/lanpa/tensorboardX

PyTorch: Dynamic Computation Graphs

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, requires grad=True)

learning rate = le-6

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

loss.backward()
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PyTorch: Dynamic Computation Graphs

import torch

w

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, requires grad=True)

learning rate = le-6

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

loss.backward()

Create Tensor objects
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PyTorch: Dynamic Computation Graphs

import torch

N, D_in, H, D_out = 64, 1000, 100, 10

torch.randn(N, D in)

torch.randn(N, D out)

wl = torch.randn(D in, H, requires grad=True)
w2 = torch.randn(H, D out, requires grad=True)

learning rate = le-6

for t ipn range(500);

y pred = x.mm(wl).clamp(min=0).mm(w2)
~1oss = (y pred - y).pow(2).sum()

y_pred loss.backward()

Build graph data structure AND
perform computation
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w

PyTorch:

x:

y:
e

w2 =

for

N, D _in, H, D_out

learning rate

Dynamic Computation Graphs

import torch

10

64, 100,

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)

1000,

le-6
t in range(500):

y pred = x.mm(wl).clamp(min=0) .mm(w2)

loss (y pred - y).pow(2).sum()

sum loss

Fei-Fei Li & Justin Johnson & Serena Yeung

loss.backward()

Build graph data structure AND
perform computation
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w

PyTorch:

Dynamic Computation Graphs

rt torch

1000, 100, 10

in, H, D_out 64,
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)

ning rate le-6

t in range(500):

y pred = x.mm(wl).clamp(min=0).mm(w2)
loss (y pred - y).pow(2).sum()

A impo
m
% N, D
x }—4
y b—4
clang wl =
p | o
lear
for
mn} |«
y_pred

loss.backward()

sum loss

Fei-Fei Li & Justin Johnson & Serena Yeung

Search for path between loss and w1, w2
(for backprop) AND perform computation
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PyTorch: Dynamic Computation Graphs

import torch

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

x:

y = torch.randn(N, D out)

wl = torch.randn(D in, H, requires grad=True)
w2 = torch.randn(H, D out, requires grad=True)

learning rate = le-6

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

loss.backward()

Throw away the graph, backprop path, and
rebuild it from scratch on every iteration
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PyTorch: Dynamic Computation Graphs

import torch

N, D_in, H, D_out = 64, 1000, 100, 10

torch.randn(N, D in)

torch.randn(N, D out)

wl = torch.randn(D in, H, requires grad=True)
w2 = torch.randn(H, D out, requires grad=True)

learning rate = le-6

for t ipn range(500);

y pred = x.mm(wl).clamp(min=0).mm(w2)
~1oss = (y pred - y).pow(2).sum()

y_pred loss.backward()

Build graph data structure AND
perform computation
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w

PyTorch:

x:

y:
e

w2 =

for

N, D _in, H, D_out

learning rate

Dynamic Computation Graphs

import torch

10

64, 100,

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)

1000,

le-6
t in range(500):

y pred = x.mm(wl).clamp(min=0) .mm(w2)

loss (y pred - y).pow(2).sum()

sum loss

Fei-Fei Li & Justin Johnson & Serena Yeung

loss.backward()

Build graph data structure AND
perform computation
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PyTorch:

Dynamic Computation Graphs

rt torch

1000, 100, 10

in, H, D_out 64,
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)

ning rate le-6

t in range(500):

y pred = x.mm(wl).clamp(min=0).mm(w2)
loss (y pred - y).pow(2).sum()

A impo
m
% N, D
x }—4
y b—4
clang wl =
p | o
lear
for
mn} |«
y_pred

loss.backward()

sum loss

Fei-Fei Li & Justin Johnson & Serena Yeung

Search for path between loss and w1, w2
(for backprop) AND perform computation
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PyTorch: Dynamic Computation Graphs

import torch

Building the graph and N, D_in, H, D_out = 64, 1000, 100, 10
. x = torch.randn(N, D in)
computlng the graph happen at Y = tarok.eanAn (it Biau)
the same time. wl torch.randn(D _in, H, requires grad=True)

w2 torch.randn(H, D out, requires grad=True)
Seems inefficient, especially if we learning rate = le-6
are building the same graph over for t in range(500): ,
. y pred = x.mm(wl).clamp(min=0).mm(w2)
and over again... loss = (y_pred - y).pow(2).sum()

loss.backward()
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Static Computation Graphs

L@f;} N
.

[clainp}
Alternative: Static graphs ol .

\T;—
Step 1: Build computational graph -
describing our computation s
(including finding paths for
backprop)

graph = build graph()

Step 2: Reuse the same graph on for x batch, y batch in loader:
every iteration run _graph(graph, x=x batch, y=y batch)
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TensorFlow
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TensorFlow Versions

Pre-2.0 (1.13 latest) 2.0 Alpha (March 2019)

Default static graph, Default dynamic graph,
optionally dynamic optionally static graph.
graph (eager mode). We use 2.0 in this class.
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N, D, H = 64, 1000, 100

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

y = tf.placeholder(tf.float32, shape=(N, D))
N I N t wl = tf.placeholder(tf.float32, shape=(D, H))
eu ra e w2 = tf.placeholder(tf.float32, shape=(H, D))

Pre_2 O h = tf.maximum(tf.matmul(x, wl), 0)
" y_pred = tf.matmul(h, w2)
diff = y pred - y

import numpy as np loss = tf.reduce mean(tf.reduce_ sum(diff ** 2, axis=l))

import tensorflow as tf grad wl, grad w2 = tf.gradients(loss, [wl, w2])

(Assume imports at the with tf.Session() as sess:

top of each snippet) 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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N, D, H = 64, 1000, 100

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

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

N I N t wl = tf.placeholder(tf.float32, shape=(D, H))
eu ra e w2 = tf.placeholder(tf.float32, shape=(H, D))
Pre_2 O h = tf.maximum(tf.matmul(x, wl), 0)
= y _pred = tf.matmul(h, w2)
First define diff = y pred -y

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

grad wl, grad w2 = tf.gradients(loss, [wl, w2])

with tf.Session() as sess:
Then run the graph values = {x: np.random.randn(N, D),

many times \ 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

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))) # weights
w2 = tf.vVariable(tf.random.uniform((H, D))) # weights

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]).

Tensorflow 2.0:
“Eager” Mode by default

assert(tf.executing_eagerly())

Fei-Fei Li & Justin Johnson & Serena Yeung

N, D, H = 64, 1000, 100

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

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))

Il

grad_wl, grad w2 = tf.gradients(loss, [wl, w2])

with 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

Tensorflow 1.13
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TensorFlow: 2.0 vs. pre-2.0

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))) # weights

w2 = tf.vVariable(tf.random.uniform((H, D))) # weights

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]).

Tensorflow 2.0:
“Eager” Mode by default

Fei-Fei Li & Justin Johnson & Serena Yeung

N, D, H = 64, 1000, 100

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

[
Il

=
N
|

0)

tf.matmul(h, w2)

= y pred -y

tf.reduce _mean(tf.reduce_sum(diff ** 2, axis=1))

tf.gradients(loss, [wl, w2])

lon() as sess:
{x: np.random.randn(N, D),

wl: np.random.randn(D, H),
w2: np.random.randn(H, D),
y: np.random.randn(N, D),}
sess.run([loss, grad wl, grad w2],
feed_dict=values)
loss_val, grad wl_val, grad w2_val =

Tensorflow 1.13

out =

out
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TensorFlow: 2.0 vs. pre-2.0

N, D, H = 64, 1000, 100
X = tf.placeholder(tf.float32, shape=(N, D))
y = tf.placeholder(tf.float32, shape=(N, D))
wl = tf.placeholder(tf.float32, shape=(D, H))
N, D, H = 64, 1000, 100 w2 = tf.placeholder(tf.float32, shape=(H, D))
x = tf.convert to_tensor(np.random.randn(N, D), np.float32) -
y = tf.convert to_ tensor(np.random.randn(N, D), np.float32) h = tf.maximum(tf.matmul(x, wl), 0)
wl = tf.vVariable(tf.random.uniform((D, H))) # weights y _pred = tf.matmul(h, w2)
w2 = tf.Variable(tf.random.uniform((H, D))) # weights diff = y pred - y
- - loss = tf.reduce mean(tf.reduce sum(diff ** 2, axis=l))
with tf.GradientTape() as tape: = =
h = tf.maximum(tf.matmul(x, wl), 0) .
y_pred = tf.matmul(h, w2) grad_wl, grad w2 = tf.gradients(loss, [wl, w2])
diff = y pred - y
loss = tf.reduce mean(tf.reduce_sum(diff ** 2, axis=1)) with tf.Session() as sess:
gradients = tape.gradient(loss, [wl, w2]). values = {x: np.random.randn(N, D),

Tensorflow 2.0:

wl: np.random.randn(D, H),
w2: np.random.randn(H, D),
y: np.random.randn(N, D),}

“Eager” Mode by default o

= sess.run([loss, grad wl, grad w2],
feed_dict=values)
s_val, grad wl_val, grad w2_val = out

Fei-Fei Li & Justin Johnson & Serena Yeung
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TensorFlow:
Neural Net N, D, H = 64, 1000, 100

tf.convert to tensor(np.random.randn(N, D), np.float32)
tf.convert to_ tensor(np.random.randn(N, D), np.float32)
tf.vVariable(tf.random.uniform((D, H))) # weights

Convert inPUt numpy w2 ; tf.vVariable(tf.random.uniform((H, D))) # weights
arrays to TF tensors. - -
with tf.GradientTape() as tape:

Create WelghtS as h = tf.maximum(tf.matmul(x, wl), 0)
tf.Variable yTpred = 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]).
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TensorFlow:
Neural Net

Use tf.GradientTape()
context to build
dynamic computation
graph.

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

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]).
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TensorFlow:
Neural Net 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)
All f d wl = tf.Variable(tf.random.uniform((D, H))) # weights
orwara-pass w2 = tf.Variable(tf.random.uniform((H, D))) # weights

operations in the , ,
with tf.GradientTape() as tape:

contexts (including R = tf.maximum(tf.matmul(x, wi), 0)
function calls) gets .| y_pred = tf.matmul(h, w2)
) diff = y pred - y
traced for Computlng loss = tf.reduce mean(tf.reduce sum(diff ** 2, axis=1))

gradients = tape.gradient(loss, [wl, w2]).

gradient later.
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TensorFlow:
Neural Net

w2 Ly

X w1
I—»mm<-|

Q

y_pre

=
[ ->{_pow > sum }>{ loss |

Forward pass

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

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]).
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TensorFlow:
Neural Net 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))) # weights

tape_gradient() uses the w2 = tf.Variable(tf.random.uniform((H, D))) # weights

traced ComPUtatlon with tf.GradientTape() as tape:

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

. . y _pred = tf.matmul(h, w2)
gradient for the weights diff = y pred - y

loss = tf.reduce mean(tf.reduce sum(diff ** 2, axis=1))
gradients = ta_pe.gradient_(,loss, [wl, w2])]
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TensorFlow:
Neural Net N, D, H = 64, 1000, 100

X wl w2 Ly X = tf.convert to tensor(np.random.randn(N, D), np.float32)

] Y y tf.convert to_ tensor(np.random.randn(N, D), np.float32)
1@ 4 wl = tf.Variable(tf.random.uniform((D, H))) # weights
w2 = tf.Variable(tf.random.uniform((H, D))) # weights
E;
clanip | with tf.GradientTape() as tape:
& h = tf.maximum(tf.matmul(x, wl), 0)
| y _pred = tf.matmul(h, w2)
?J diff = y pred - y
= loss = tf.reduce mean(tf.reduce sum(diff ** 2, axis=1))
y_pred gradients = ta_pe.g_jradient_(,loss, [wl, w2])]
P
-| J<

K1 i

Backward pass
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TensorFlow: _
Neural Net .. .ccomereco

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

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=1l))
gradients = tape.gradient(loss, [wl, w2])
wl.assign(wl - learning rate * gradients[0])
Train the network: Run w2.assign(w2 - learning rate * gradients[1])

the training step over
and over, use gradient
to update weights
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TensorFlow: _
Neural Net \ — ctocomvert to

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))) # weights
1e8 w2 = tf.Variable(tf.random.uniform((H, D))) # weights
301 @
251 learning rate = le-6

for t in range(50):
with tf.GradientTape() as tape:
5 h = tf.maximum(tf.matmul(x, wl), 0)
10 y _pred = tf.matmul(h, w2)
diff = y pred - y
loss = tf.reduce mean(tf.reduce sum(diff ** 2, axis=1l))

201

05 A
L]

0.

001 ; : . , : gradients = tape.gradient(loss, [wl, w2])
° 0 @ ® “ * wl.assign(wl - learning rate * gradients[0])
Train the network: Run w2.assign(w2 - learning rate * gradients[l])

the graph over and over,
use gradient to update
weights
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TensorFlow:
Optimizer

N, D, H = 64, 1000, 100

tf.convert to tensor(np.random.randn(N, D), np.float32)
tf.convert to tensor(np.random.randn(N, D), np.float32)
tf.variable(tf.random.uniform((D, H))) # weights
tf.variable(tf.random.uniform((H, D))) # weights

X
¥
wl =

1
w2

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

Can use an optimizer to learning rate = le-6

; for t in range(50):
COmpUte g.radlents and with tf.GradientTape() as tape:
update WelghtS 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=l))
radient(loss, [wl, w2])
optimizer.apply gradlents(21p(grad1ents, [wl, w2])).
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TensorFlow:
LOSS 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.vVariable(tf.random.uniform((D, H))) # weights
w2 = tf.Variable(tf.random.uniform((H, D))) # weights

Use predefined
common losses

optimizer = tf.optimizers.SGD(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.losses.MeanSquaredError()(y_pred, y)
gradients = tape.gradient(loss, [wl, W2])
optimizer.apply gradients(zip(gradients, [wl, w2]))

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 6 - 108 April 18, 2019




Keras: High-Level
Wrapper 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)

Keras is a |ayer on top of model = tf.keras.Sequential()
model.add(tf.keras.layers.Dense(H, input_shape=(D,),

TensorFlow, makes common activation=tf.nn.relu))

; model.add(tf.keras.layers.Dense(D))

th|ngS easy to do optimizer = tf.optimizers.SGD(le-1)

losses = []
. for t in range(50):
(Used tO be thlrd-party, Nnow with tf.GradientTape() as tape:
. y_pred = model (x)
merged |nt0 TensorFIOW) loss = tf.losses.MeanSquaredError()(y_pred, y)

gradients = tape.gradient(

loss, model.trainable variables)
optimizer.apply gradients(

zip(gradients, model.trainable variables))
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Keras: High-Level
Wrapper 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)

Define model as a model = tf.keras.Sequential()
sequence of Iayers ———— j|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)

Get output by losses = []

for t in range(50):

calling the model w () as tape:
y_pred = model (x)
oss = tf.losses.MeanSquaredError() (y pred, V)

. gradients = tape.gradient(
Apply gradlent to all loss, model.trainable variables)
. . —®| optimizer.apply gradients(
tralnable Varlables zip(gradients, model.trainable variables))
(weights) in the
model
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Keras: High-Level

Wrapper

Keras can handle the
training loop for you!

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, epochs=50, batch size=N)
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TensorFlow: High-Level Wrappers

Keras (https:/keras.io/)

tf.keras (https://www.tensorflow.org/api_docs/python/tf/keras)

tf.estimator (https://www.tensorflow.ora/api_docs/python/tf/estimator)

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

TensorLayer (http:/tensorlayer.readthedocs.io/en/latest/)
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https://keras.io/
https://www.tensorflow.org/api_docs/python/tf/keras
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@tf.function:
compile static
graph

tf.function decorator
(implicitly) compiles
python functions to
static graph for better
performance

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)

@tf.function

def model func(x, y):
y_pred = model(x)
loss = tf.losses.MeanSquaredError()(y_pred, y)
return y pred, loss

for t in range(50):
with tf.GradientTape() as tape:
y_pred, loss = model func(x, y)
gradients = tape.gradient(
loss, model.trainable variables)
optimizer.apply gradients(
zip(gradients, model.trainable variables))
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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()

@tf.function:
" " model.add(tf.keras.layers.Dense(H, ::anu‘l.:_shape= (D,),
CO m p I I e Statl C model.add(tf.keras.layers. Dense(]aju):t):lvatlonztf el

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

g ra p h @tf.function
def model static(x, y):
y_pred = model(x)
]l = tf.l .M S dE d,
Here we compare the e e e e
forward-pass time of daf model dynanic(x; v):
y_pred = model(x)
the same mOdeI Under loss = tf.losses.MeanSquaredError()(y_pred, y)
dynamic graph mode return y_pred, loss
i print("static graph:",
and Stat|C graph mOde timeit.timeit(lambda: model static(x, y), number=10))

print("dynamic graph:",
timeit.timeit(lambda: model dynamic(x, y), number=10))

static graph: 0.14495624600000667
dynamic graph: 0.02945919699999422
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. N, D, H = 64, 1000, 100
tf f n t n . x = tf.convert to tensor(np.random.randn(N, D), np.float32)
- u C IO . 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,),

CO m p I I e Statl C model.add(tf.keras.layers .Dense(g;ﬂ;ivation=tf.nn. =2l

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

ra h @tf.function
def model static(x, y):

y_pred = model(x)
loss = tf.losses.MeanSquaredError()(y_pred, y)
return y pred, loss

def model dynamic(x, y):
y_pred = model(x)
loss = tf.losses.MeanSquaredError()(y_pred, y)

StatiC graph iS in general return y pred, loss
' int ("stati h:",
faSter than dynamlc graph’ e (tim:itl:?tglflzgt(lambda: model_static(x, y), number=10))

i int("d i hs),
bUt the performance galn \ i tiri:lziji.lsfzigz;‘g(lambda: model dynamic(x, y), number=10))
depends on the type of

model / layer. static graph: 0.14495624600000667
dynamic graph: 0.02945919699999422

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 6 - 115 April 18, 2019




@tf.function:
compile static
graph

There are some caveats in
defining control loops (for,
if) with @tf.function.

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)

@tf.function

def model static(x, y):
y_pred = model(x)
loss = tf.losses.MeanSquaredError()(y_pred, y)
return y pred, loss

def model dynamic(x, y):
y_pred = model(x)
loss = tf.losses.MeanSquaredError()(y_pred, y)
return y_pred, loss

print("static graph:",

timeit.timeit(lambda: model static(x, y), number=10))
print("dynamic graph:",

timeit.timeit(lambda: model dynamic(x, y), number=10))

static graph: 0.14495624600000667
dynamic graph: 0.02945919699999422
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TensorFlow: More on Eager Mode

Eager mode: (https://www.tensorflow.org/quide/eager)

tf.function: (https://www.tensorflow.org/alpha/tutorials/eager/tf_function )
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https://www.tensorflow.org/guide/eager
https://www.tensorflow.org/alpha/tutorials/eager/tf_function

TensorFlow: Pretrained Models

tf.keras: (nttps://www tensorflow.org/api_docs/python/tf/keras/applications)

TF-S' | IM: (https:/qithub.com/tensorflow/models/tree/master/research/slim)
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w1

TensorFlow: Tensorboard .

0.0600
0.0400
0.0200

Add logging to code to record loss, stats, etc

Run server and get pretty graphs!

0.000 20.00 40.00 60.00 80.00 100.0

Regex filter X loss w2
[C] spliton underscores loss w2
[] Data download links
120 0.500
0.300
Horizontal Axis 80.0
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TensorFlow: Distributed Version

Split one graph
over multiple
machines!

https://www.tensorflow.org/deploy/distributed
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https://www.tensorflow.org/deploy/distributed

TensorFlow: Tensor Processing Units

Google Cloud TPU
=180 TFLOPs of compute!
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TensorFlow: Tensor Processing Units

Google Cloud TPU NVIDIA Tesla V100
= 180 TFLOPs of compute! = 125 TFLOPs of compute

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 6 - 122 April 18, 2019



TensorFlow: Tensor Processing Units

Google Cloud TPU NVIDIA Tesla V100
= 180 TFLOPs of compute! = 125 TFLOPs of compute

NVIDIA Tesla P100 = 11 TFLOPs of compute
GTX 580 =0.2 TFLOPs
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Google Cloud TPU s
=180 TFLOPs of compute! Google Cloud TPU Pod

= 64 Cloud TPUs
= 11.5 PFLOPs of compute!

https://www.tensorflow.orag/versions/master/programmers quide/using tpu
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https://www.tensorflow.org/versions/master/programmers_guide/using_tpu

TensorFlow: Tensor Processing Units

Edge TPU = 64 GFLOPs (16 bit)

https://cloud.google.com/edge-tpu/
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Static vs Dynamic Graphs

TensorFlow (tf.function): Build graph
once, then run many times (static)

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)

Compile

@tf.function
def model_ func(x, y): python

y_pred = model(x) .

loss = tf.losses.MeanSquaredError()(y_pred, y) COde |nto

return y_pred, loss Stat|C graph
for t in range(50):

with tf.GradientTape() as tape:

y_pred, loss = model_ func(x, y)
gradients = tape.gradient( Run eaCh
loss, model.trainable variables) . .
optimizer.apply gradients( |te ratlon

zip(gradients, model.trainable variables))

Fei-Fei Li & Justin Johnson & Serena Yeung

PyTorch: Each forward pass defines
a new graph (dynamic)

import torch

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

y = torch.randn(N, D out)

\4 torch.randn(D_in, H, requires_ grad=True)
torch.randn(H, D_out, requires_grad=True)

1
w2
learning rate = le-6
for t in range(500):

y pred = x.mm(wl).clamp(min=0).mm(w2)
loss = (y_pred - y).pow(2).sum()

loss.backward()

New graph each iteration
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Static vs Dynamic: Optimization

With static graphs, The graph you wrote ~ Equivalent graph with

fused ti

franje\{vork can Conv used operations
optimize the It —
graph for you RelLU Conv+RelLU
before it runs! Conv Conv+Rel U

RelLU vy | Conv+RelU

Conv

 / RelLU
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Static vs Dynamic: Serialization

Static Dynamic

Once graph is built, can Graph building and execution
sgrialize it and run it are intertwined, so always
without the code that need to keep code around

built the graph!
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Dynamic Graph Applications

- Recurrent networks

“straw” “hat” END

START llstraW" "hat"

Karpathy and Fei-Fei, “Deep Visual-Semantic Alignments for
Generating Image Descriptions”, CVPR 2015
Figure copyright IEEE, 2015. Reproduced for educational purposes.
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Dynamic Graph Applications

- Recurrent networks
- Recursive networks

|
The cat ate a big rat
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Dynamic Graph Applications

Question Answer: Yes

A

- LSTM -»grtehaatner Program @;@ Execution

- Recurrent networks

* Ll
. =» LSTM =» count greater than | e e o FPEIPF_ o
- Recursive networks Voo | N f 1 | Module |
- leM > 5235:: count count | count || count | I Inventory :
-— f f I 1
MOd u Iar NetWO rkS > LSTM =» scene W[ filter filter [wpp| | filter || filter : gr'tehaatner count ||
¥ shape= color= shape= || color= || — —
Ly 1STM =» count ct?e yeltlow cube yellow : Z:)Lt)s; exist :
* filt : yellow | equal |!
L MEml oo gesle scene CNN I :
* yellow 2 g

> LSTM =» scene

Program
Generator

Andreas et al, “Neural Module Networks”, CVPR 2016
Andreas et al, “Learning to Compose Neural Networks for Question Answering”, NAACL 2016
Johnson et al, “Inferring and Executing Programs for Visual Reasoning”, ICCV 2017
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Dynamic Graph Applications

Recurrent networks
Recursive networks
Modular Networks

(Your creative idea here)
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PyTorch vs TensorFlow, Static vs
Dynamic

TensorFlow

PyTorch Pre-2.0: Default
Dynamic Graphs Static Graph
2.0+: Default

Dynamic Graph

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 6 - 133 April 18, 2019



Stat|C PyTOFCh Cafer https://caffe2.ai/

Deep learning framework developed by Facebook
Static graphs, somewhat similar to TensorFlow
Core written in C++

Nice Python interface

Can train model in Python, then serialize and deploy
without Python

Works on iOS / Android, etc
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https://caffe2.ai/

Static PyTorch: ONNX Support

ONNX is an open-source standard for neural network models

Goal: Make it easy to train a network in one framework, then run
it in another framework

Supported by PyTorch, Caffe2, Microsoft CNTK, Apache MXNet

https://github.com/onnx/onnx

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 6 - 135 April 18, 2019
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Static PyTorch: ONNX Support

You can export a PyTorch model to
ONNX

Run the graph on a dummy input, and
save the graph to a file

Will only work if your model doesn’t
actually make use of dynamic graph -
must build same graph on every
forward pass, no loops / conditionals

Fei-Fei Li & Justin Johnson & Serena Yeung

import torch

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

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

dummy input = torch.randn(N, D in)

torch.onnx.export(model, dummy input,
'model.proto’,
verbose=True)
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Static PyTorch: ONNX Support

graph (%0 : Float (64, 1000)
%1 : Float(100, 1000)
%2 : Float(100)
$3 : Float (10, 100)
%4 : Float(10)) {
%5 : Float(64, 100) =
onnx: :Gemm[alpha=1, beta=1, broadcast=1,
transB=1] (%0, %1, %2), scope:
Sequential/Linear[0]
$6 : Float(64, 100) = onnx::Relu(%5),
scope: Sequential/ReLU[1]
%7 : Float(64, 10) = onnx::Gemm[alpha=1,

beta=1, broadcast=1, transB=1l] (%6,
%4) , scope: Sequential/Linear[2]

%3,

return (%7);

}

Fei-Fei Li & Justin Johnson & Serena Yeung

import torch

N, D in, H, D out 64, 1000,

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

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

100, 10

dummy input torch.randn(N, D in)

torch.onnx.export(model, dummy input,
'model.proto’,
verbose=True)

After exporting to ONNX, can
run the PyTorch model in Caffe2
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Static PyTorch

E] pytorch / pytorch ©Watch~ | 1,221 % Unstar 26,984 | Y Fork 6,412
<> Code Issues 2,317 Pull requests 574 Projects 5 Wiki Insights
Branch: master v | pytorch / caffe2 / Create new file = Upload files = Find file = History
E}} jerryzh168 and facebook-github-bot Testing for folded conv_bn_relu (#19298) - Latest commit ff@a7ae 5 hours ago
| contrib Fix aten op output assignment (#18581) 7 days ago
i core Change is_variable() to check existence of AutogradMeta, and removei... 5 days ago
8 cuda_rtc Change ConvPoolOp<Context>::SetOutputSize to ConvPoolOp<Context>::Get... a month ago
i db Apply modernize-use-override (2nd iteration) 2 months ago
Bl distributed Manual hipify caffe2/distributed and rocm update (no hcc modules supp... 19 days ago
8 experiments Tensor construction codemod(ResizeLike) - 1/7 (#15073) 4 months ago
i ideep implement operators for DNNLOWP (#18656) 6 days ago
| image Open registration for c10 thread pool (#17788) a month ago
B mobile Remove ComputeLibrary submodule a month ago
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PyTorch vs TensorFlow, Static vs
Dynamic

PyTorch TensorFlow
Dynamic Graphs Dynamic: Eager
Static: ONNX, Caffe2 Static: @tf.function
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My Advice:

PyTorch is my personal favorite. Clean API, native dynamic graphs
make it very easy to develop and debug. Can build model in
PyTorch then export to Caffe2 with ONNX for production / mobile

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. Only choice if you want to run
on TPUs.
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Next Time:
Training Neural Networks
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