Lecture 5:
Hardware and Software

Deep Learning Hardware, Dynamic & Static Computational
Graph, PyTorch & TensorFLow
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Ob6bsaABneHue:
6235 - 30/10/2020 B 11-30 (CMP) kKoHTponbHas paboTta Ha 45 MUHYT

Tpw 3agaun:

1. PacyeT oyHKUMM NOTEPb N0 MaTpuULIE OLLEHOK KnaccudukaTopa,
dyHkuma notepb nnm SoftMax nnm SVM.

2. PacyeT npsimoro n obpatHOro pacrnpocTtpaHeHust no rpady cetn.
3. Pacuert BbIxoaa a11s CBEPTOYHOWU CETH.

[1aHHblE MO HECKOMbKUM BapUaHTaM.
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Объявление:
6235 - 30/10/2020 в 11-30 (СМР) контрольная работа на 45 минут

Три задачи:
1. Расчет функции потерь по матрице оценок классификатора, 
функция потерь или SoftMax или SVM.
2. Расчет прямого и обратного распространения по графу сети.
3. Расчет выхода для сверточной сети.

Данные по нескольким вариантам.


3agadya Ha OoM:

BxogHoe nsobpaxeHne: CONV doumnbTp:

[12345] [0-10]
[22111] 1 11]
[32111] [0-10]
[41111]
51111]

Mocuntatb BbIXOA ceTn: conv(depth=1, stride=2) -> ReLU -> MaxPool
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Входное изображение:

[1 2 3 4 5]
[2 2 1 1 1]
[3 2 1 1 1]
[4 1 1 1 1]
[5 1 1 1 1]

user
Печатный текст
CONV фильтр:

[0 -1 0]
[1  1 1]
[0 -1 0]

user
Печатный текст
Посчитать выход сети: conv(depth=1, stride=2) -> ReLU -> MaxPool

user
Печатный текст
Задача на дом:


PelweHne:
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Решение:


ELwe npumepbl 3agav:

MaTpuua oueHOoK NocuunTaTth:
KnaccudgomkaTopa:
1. dyHKUMIO NOTepb MyrbTUKNaccosoro SVM
[2.1 1.6 2.1] 2. ®dyHkuno notepb aAns SoftMax
[3.0 3.2 2.8]
[-2 3.7 3.8]

3. [na 3agaHHOM PYHKLUUM 1 BXOLAO0B NocymtTaTb NpsiMoe
n obpaTHoe pacnpocTpaHeHne no ceTu.
[Mpn obpaTHOM pacrnpocTpaHeHUN Ha BXOAE CYMTaTb rPagueHT paBHbIM 1.

Pl 1 wo=1,wl=-2 wl=1
= 1 4+ e~ (wozotwizi+wy) X0 =-1,x1 =1
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Матрица оценок 
классификатора:

[2.1  1.6  2.1]
[3.0  3.2  2.8]
[-2    3.7  3.8]

user
Печатный текст
Посчитать:

1. Функцию потерь мультиклассового SVM
2. Функцию потерь для SoftMax

user
Печатный текст
3. Для заданной функции и входов посчитать прямое 
и обратное распространение по сети. 
При обратном распространении на входе считать градиент равным 1.

user
Печатный текст
Еще примеры задач:

user
Печатный текст
w0 = 1, w1 = -2, w1 = 1
x0 = -1, x1 = 1


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 — Wi

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

X W1 |h| W2 |g

3072
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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

# Vanilla Gradient Descent

while True:
weights grad = evaluate gradient(loss fun, data, weights)

Landscape image is CCO 1.0 public domain weights += - step size * weights grad # perform parameter update
Walking man image is CC0 1.0 public domain
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Today

- Deep learning hardware
- CPU, GPU
- 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! e

(central processing unit)

This image is licensed under CC-BY 2.0
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Spot the GPUs!

(graphics processing unit)

image is in the public domain
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CPU vs GPU

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)

Fei-Fei Li, Ranjay Krishna, Danfei Xu

Lecture 5

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

AxB AxC
BxC 0000000
0000000
0000000
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(CPU performance not

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

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

18000 \

66X 67X 71X 64 x 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 E5-2620 v3 [l Pascal Titan X (no cuDNN) | Pascal Titan X (cuDNN 5.1)
24000

18000

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

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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GigaFLOPs per Dollar

40
TITAN V
o ) e —_ 0
CPU ekl TPU Tensor Cores
35
30
25
Deep Learning Explosion
20
- GTX 1080 Ti o
N\
15 © [ ]
®
10 e ®
GeForce GTX 580 ° ) ® o
©
GeForce 8800 GTX (AlexNet) ) ®
\ : . . .. © A
o9 D @ @ O
0 00 00 0 %000 B 0O NG WNN® % o V% o [ ] 0 h 0 S
1/2004 10/2006 7/2009 4/2012 12/2014 9/2017

Time
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NVIDIA + AMD
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NVIDIA| «« AMD
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CPU vs GPU

Cores Clock Memor | Price Speed CPU: Fewer cores
Speed y but each core is
CPU 4 42GHz System $385 | ~540 GFLOPsFp32 ~ [uoffasterand
(lntel Core (8 threads with RAM much more
i7-7700K) hyperthreading) capable; great at
sequential tasks
GPU 3584 1.6 GHz 11 GB $1099 ~13 TFLOPs FP32
NVIDIA GDDR ~114 TFLOPs FP16 GPU: More cores,
RTX 2080 Ti 6 but each core is
much slower and
GPU 5120 CUDA, 1.5 GHz 16/32 $2.5/hr | ~8 TFLOPs FP64 “dumber”; great for
(Data Center) | 640 Tensor GB (GCP) ~16 TFLOPs FP32 parallel tasks
NVIDIA V100 HBM2 ~125 TFLOPs FP16
TPU 2 Matrix Units | ? 128 GB | $8/hr ~420 TFLOPs TPU: Specialized
Google Cloud = (MXUs) per HBM (GCP)  (non-standard FP) hardware for deep
TPUvV3 core, 4 cores learning
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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/ROCmM-Developer-Tools/HIP
o New project that automatically converts CUDA code to
something that can run on AMD GPUs
e Stanford CS 149: http://cs149.stanford.edu/fall19/
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CPU / GPU Communication

Model
Is here B

Data is here
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Inference Hardware

Deep Learning Inference Performance

39 FPS
40 FPS
36 FPS
S0FFS 27 FPS
25FPS
20FPS 18 FPS 18FPS
16 FPS
15FPS
14FPS
11FPS 10FPS
10 FPS 8 FPS
5FPS
0FPS
ResNet-50 SSD ResNel- SSD ResNet- SSD ResNet-  SSD SSD SSD  InceptionV4 TinyYOLO  OpenPose  VGG-19 Super U-Net
(224x224) 18 18 18 MobilenetV2 Mobilenet-v2 Mobilenet-v2 (299x299) V3 (256x256)  (224x224)  Resolution  (1x512x512)
(960x544)  (4B0x272)  (300x300)  (960x544)  (4B0x272)  (300x300) (416x416) (481x321)

Network Model \
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Inference Hardware

Tatumua 1.1 - FPS |
MC121.01 NMStick MC127.05 u MC127.05 H
NMCard NMCard batch-
mode*
& github.com/RC-MODULE/nmpp
alexnet 3’45 3’2 12’6 13 ) AsusBunersr  §] Awgexe Scopus preview - S..  [[] Deep Fake Science,.. @ MDPI|Peer Review [ 1PSI-HuaweiTechRe.. & Huxonopos Aprem
(227x227)
N N [ globalmk template ++ 7 months ago
inception v3 0,63 0.6 8,12 12,43
(299X2 99) README.md
inception v3|0,24 0,23 3,93 544
(512x512) NMPP
resnet 182,28 22 25 47
(224x224) JokymeHTauums:
squeezenet 83 8 74 4 100
(224}(224) HTML: http://rc-module.github.io/nmpp/modules.html
- CHM(ZIP): http://rc-module.github.io/nmpp/nmpp.zip
Yo lo v2 |.Il'lyI 1, 16 1,1 21 30 ‘4 CHM: http://rc-module.github.io/nmpp/nmpp.chm (Mpu oTkpbITMK HeoBxoAMMO CHATL ranouky "Bceraa cnpawusaT
(41 Gx41 6) Npw OTKPbITUK 3TOro darna’)
PDF: http://rc-module.github.io/nmpp/nmpp.pdf
yolo v310,1 0,09 37 =
(416x416)
yolo w3  tiny 1,44 1,38 253 333
(416x416)
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Deep Learning
Software
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CPU / GPU Communication

Model
IS here

Data is here

If you aren’t careful, training can
bottleneck on reading data and
e transferring to GPU!
Solutions:
- Read all data into RAM
- Use SSD instead of HDD
- Use multiple CPU threads
to prefetch data
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A zoo of frameworks!
PaddlePaddle Chainer

(Baidu) (Preferred Networks)
Caffe _ . Caffe2
(UC Berkeley) (Facebook) MXNet CNTK
by PyTorch * (Amazon) (Mlcrosoft)
TO rC h P yTO rC h ?:;geK;nlgvl\}Jéelc but main framework of
(NYU / Facebook) (Facebook)
JAX
Theano ____ . TensorFlow (Google)
(U Montreal) (Google)
And others...
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A zoo of frameworks!
PaddlePaddle Chainer

(Baidu) (Preferred Networks)
Caffe _ . Caffe2
(UC Berkeley) (Facebook) MXNet CNTK
by PyTorch * (Amazon) (Mlcrosoft)
TO rC h P yTO rC h ?ﬁ;geK;ngvl\.lJéelc but main framework of
(NYU / Facebook) (Facebook)
JAX
Theano ___, | TensorFlow (Google)
(U Montreal) (Google)
We'll focus on these And others...
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HeMHoro ncropuu

Caffe - 2013, C++, geknapatusHoe onucaHue cetn, ModelZoo!
Tensorflow - 2015, nUTOH, NpoueaypHoe onucaHune rpada

®parmeHT AlexNet B dpopmaTte Caffe:

neme: “Alexilet”

phase: TRATN
b

transform_paran {

dsta_param {
source: "examples/imagenet/ilsvrcl2 train_lmdb”
bateh_size: 256
backend: LIDE

type

top: "
top: ™

include {
prase: TEST

3

transform_param {

ata/ilsurc12/imagenst_mean.binaryproto”

data_param {

source: "examples/inagenet/ilsvrcl? val lmcb"
batch_size: 50

backend: LVDB

ata/ilsurc12/imagenst_nesn.binaryproto”

Mpumep Caffe ModelZoo:
Model Zoo

Sebastian Lapuschkin edited this page on 25 Apr 2019 - 122 revisions

Check out the model zoo documentation for details

To acquire a medel:

1. download the model gist by ./scripts/download_medel_from_gist.sh <gist_id> <dirname> to load the model metadata,
architecture, solver configuration, and so on.  <dirname> is optional and defaults to caffe/models)

2. download the model weights by ./scripts/download_model_binary.py <model_dir> where <model_dir> is the gist directory
from the first step.
or visit the [model zoo documentation] (http://caffe berkeleyvision.org/model zoo.html) for complete instructions

Table of Contents

® Berkeley-trained models
e Network in Network model
& Models from the BMVC-2014 paper "Return of the Devil in the Details: Delvina Deep inte Convolutional Nets”

Models from the BMVC-2014 paper "Return of the Devil in the Details: Delving Deep into
Convolutional Nets”

The models are trained on the ILSVRC-2012 dataset. The details can be found on the project page or in the following BMVC-
2014 paper:

Return of the Devil in the Details: Delving Deep into Convolutional Nets
K. Chatfield, K. Simonyan, A. Vedaldi, A. Zisserman
British Machine Vision Conference, 2814 (arXiv ref. cs1485.3531)
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Caffe - 2013, С++, декларативное описание сети, ModelZoo!
Tensorflow - 2015, питон, процедурное описание графа

user
Печатный текст
Фрагмент AlexNet в формате Caffe:

user
Печатный текст
Пример Caffe ModelZoo:


Recall: Computational Graphs

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

R(W)

L
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Recall: Computational Graphs

Input image

weights e

—

loss

Figure copyright Alex Krizhevsky, Ilya Sutskever, and
Geoffrey Hinton, 2012. Reproduced with permission.
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Recall: Computational Graphs

input image/

loss \
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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,
OpenCL, 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) e

n
np.random.randn(N, D) +
n

p.random.randn(N, D)
X *y

a+ z

np.sum(b)

NN X
o

Qo
nonn
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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) e

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

X
Yy
z

a
b
c

X *y
a+ z
np.sum(b)

1.0 Z

grad ¢ * np.ones((N, D))
grad_b.copy()
grad_b.copy()

grad a * y

grad a * x

nonn

grad_c
grad b
grad_a
grad_z
grad_x
grad_y
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Computational Graphs
Numpy Good:
Q 0 Clean API, easy to

import numpy as np

e H write numeric code
N, D=3, 4

X = np.random.randn(N, D) e

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

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

acmis g Bad.:

b=a+ 2z

¢ = np.sum(b) - Have to compute
gi:::g : ;;gd_c * np.ones( (N, D)) Z Our Own gradlents
rad _a = grad_b.copy() ’

grad__z = grad_b.cogz() @ - 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)
y = np.random.randn(N, D) -+
z = np.random.randn(N, D) a=x*y
b=a+z
By c = torch.sum(b)
b=a+ 2z
¢ = np.sum(b)
grad ¢ = 1.0 Z
grad b = grad ¢ * 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
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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, |requires_grad='.1‘rue)
y = torch.randn(N, D)

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

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

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

R b=a+z

Pegiioy ¥ c = torch.sum(b)

¢ = np.sum(b

P k=) |c.backward()

grad_c = 1.0 Z print(x.grad)

grad b = grad ¢ * np.ones((N, D))

grad_a = grad_b.copy()

gERd. < gEad bocopy() 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 pe p Y z = torch.randn(N, D, device=device)
z = np.random.randn(N, D)
a=x*%*y
a=x %y b=a+ 2z
> Rl . AR c = torch.sum(b)
¢ = np.sum(b)
c.backward()
grad ¢ = 1.0 Z print(x.grad)
grad b = grad ¢ * np.ones((N, D))
grad_a = grad_b.copy()
grad_z = grad_b.copy() Trivial to run on GPU - just construct
- * . .
grac x ° wac.A* Y arrays on a different device!
grad y = grad_a * x

Fei-Fei Li, Ranjay Krishna, Danfei Xu  Lecture 5  Adapted by Artem Nikonorov



PyTorch

(More details)
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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 1.4
(Released January 2020)

Major AP| change in release 1.0

Be careful if you are looking at older PyTorch code (<1.0)!
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import torch

PyTO rCh - Te NSOrsS 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 Iayer RelU h_relu = h.clamp(min=0)
network on random data y_pred = h_relu.mm(w2)
Wlth |_2 |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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import torch

PyTO rCh - Te NSOrsS device = torch.device('cpu')

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

X =
Create random tensors —»| y = torch.randn(N, D_out, device=device)
for data and WelghtS 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
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import torch

PyTO rCh - Te NSOrsS 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)
For\/\{ar.d pass: compute n [ oo s
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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PyTorch: Tensors

Backward pass:

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())

manually compute
gradients

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

Fei-Fei Li, Ranjay Krishna, Danfei Xu
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import torch

PyTO rCh - Te NSOrsS 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)
W torch.randn(D_in, H, device=device)

1:
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)

Gradient descent _
) > wl -= learning _rate * grad wl
step on weights w2 -= learning rate * grad w2
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import torch

PyTO rCh - Te NSOrsS 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)
diﬁ:erent 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 e coren

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

y = torch.randn(N, D out)
w

Creatmg Tensors with 1 = torch.randn(D_in, H, requires_grad=True)

requires_grad=True enables w2 = torch.randn(H, D out, requires grad=True)
autograd :
learning rate = le-6
for t in range(500):
Operations on Tensors with y_pred = x.mm(wl).clamp(min=0) .mm(w2)
requires_grad=True cause PyTorch UORE. = (Y Brac. <{YYRciE ke auty)
to build a computational graph 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 e cozen

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

We will not want gradients

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

(of loss) with respect to data torch.randn(H, D out, requires grad=True)

. . learning rate = le-6

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

respect to weights 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 ()

Fei-Fei Li, Ranjay Krishna, Danfei Xu  Lecture 5  Adapted by Artem Nikonorov




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, 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

loss.backward()

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

Lecture 5

Fei-Fei Li, Ranjay Krishna, Danfei Xu
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PyTorch: Autograd

Compute gradient of loss
with respect to w1 and w2

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()

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

Fei-Fei Li, Ranjay Krishna, Danfei Xu
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PyTorch: Autograd e cozen

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

them. Torch.no_grad means “don’t build a
) ) ., wl.grad.zero_ ()
computational graph for this part w2.grad.zero ()
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PyTorch: Autograd e cozen

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)
= 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 wl -= learning rate * wl.grad

modify the Tensor in-place; methods that ~ :‘E ;:a(ﬁwm

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

Define your own autograd class MyReLU(torch.autograd.Function):

@staticmethod

def forward(ctx, x):
ctx.save_ for backward(x)

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):
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):
objects from A2 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
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):
ctx.save_for backward(x)
return x.clamp(min=0)

x = torch.randn(N, D_in)
y = torch.randn(N, D _out)

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) EeES-Lac RSt
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 -grac-zero ()

w2.grad.zero_()

Fei-Fei Li, Ranjay Krishna, Danfei Xu  Lecture 5  Adapted by Artem Nikonorov



PyTorch: New Autograd Functions

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

def my_relu(x): ) x = torch.randn(N, D_in)
return x.clamp(min=0) y = torch.randn(N, D _out)
w

1 = 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):

In practice you almost never need xlr_pred - my_r:lu(x-mm(wlg)-mm(wz)
. . 0oss = re - « POW « Sum

to define new autograd functions! ¥ THRE R AR

Only do it when you need custom loss.backward()

backward. In this case we can just WAl Eoroh. g granl):

use a normal Python function 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

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

X
: &

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):
. y_pred = model(x)
easier 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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PyTorch: nn

import torch

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

X
: &

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

Define our model as a
sequence of layers; each
layer is an object that

—_

model = torch.nn.Sequential(

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

holds learnable weights

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

y_pred = model (Xx)
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()

Fei-Fei Li, Ranjay Krishna, Danfei Xu
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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
: &

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 (Xx) 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
: &

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_pref : mozel(x% - . ] )l
model, and compute loss oss 3|torch.nn.functionall.mse_loss(y_pred, y

oss.backward()

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

model.zero_grad()
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PyTorch: nn

Backward pass: compute

gradient with respect to all
model weights (they have
requires_grad=True)

_—r

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))

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()

Lecture 5
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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
: &

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

loss.backward()

Make gradient step on "ithft°r°h-n°_9rad(é=l W

or param in model.parameters():
ea_Ch mOd_el para_meter param -= learning rate * param.grad
(with gradients disabled) model.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
Use an optimizer for optimizer = torch.optim.Adam(model.parameters(),
different update rules lz=lesrn ng rate)
Tor € in range(500):
y_pred = model(Xx)
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(Xx)
loss = torch.nn.functional.mse loss(y pred, y)

. . 1 .back d
After computing gradients, use SR s

optimizer to update params optimizer.step()
and zero gradients optimizer.zero grad()
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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

You can define your own Modules
using autograd!

Lecture 5

import torch

class TwolLayerNet(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

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

Fei-Fei Li, Ranjay Krishna, Danfei Xu
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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 soamiiamis
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

Define our whole model
as a Slngle Module N, D_in, H, D _out = 64, 1000, 100, 10

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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PyTorch: nn
Define new Modules

Initializer sets up two
children (Modules can
contain modules)

Fei-Fei Li, Ranjay Krishna, Danfei Xu

Lecture 5

import torch

class TwolLayerNet(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

N, D in, H, 'D out '=
X
y

64,
torch.randn(N, D_in)
torch.randn(N, D out)

1000, 100, 10

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 it smamiiamis 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 / S e
child modules return y pred

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

i X = Eorch.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

N, D_in, H, D _out = 64, 1000, 100, 10
X torch.randn(N, D_in)
y torch.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 ™ 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: nn
Define new Modules

Very common to mix and match
custom Module subclasses and
Sequential containers

Lecture 5

import torch

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)
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()

Fei-Fei Li, Ranjay Krishna, Danfei Xu
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import torch

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

def init (self, D_in, D out):
. super (ParallelBlock, self). init ()
D efl n e n eW M Od I eS self.linearl = torch.nn.Linear(D_in, D_out)
l—l 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):

def init (self, D_in, D out):
. super (ParallelBlock, self). init ()
D efl n e n eW M Od I eS self.linearl = torch.nn.Linear(D_in, D_out)
l—l 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 multiple instances of the model = torch.nn.Sequential(
component in a sequential i o i g
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: 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.vgglé6 (pretrained=True)
resnetl0l = torchvision.models.resnetl0l(pretrained=True)
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PyTorch: torch.utils.tensorboard

® & B vensorBoard
€« C O gig:6006/#scalars * % B O [ £ |

Apython wrapper around

Tensorflow’s web-based e Q-
Ignore outliers in chart scall ing

Visualization tOOI . Tooltip sorting method: default - Tags matching /.*/ (all tags)

Tzu-Wei

Horizontal Axis

Write a regex to filter runs

[V 8.19-42.05.2 0
6883 50.00 ThuJan18,19:42:16 10s
- 1942-
TOGG! L RUN:!

This image is licensed under CC-BY 4.0; no changes were made to the image
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PyTorch: Computational Graphs

input image/

loss \
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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)

1 = torch.randn(D_in, H, requires_ grad=True)
= 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

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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Fei-Fei Li, Ranjay Krishna, Danfei Xu

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()

Build graph data structure AND
perform computation

Lecture 5
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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)

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):

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

loss.backward()

Build graph data structure AND
loss perform computation
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PyTorch: Dynamic Computation Graphs
>|<_> w1 w2 y

A import torch

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

x = Eorch.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()

Search for path between loss and w1, w2
loss (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
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):
Yy 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

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()

Build graph data structure AND
perform computation

Lecture 5
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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)

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):

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

loss.backward()

Build graph data structure AND
loss perform computation
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PyTorch: Dynamic Computation Graphs
>|<_> w1 w2 y

A import torch

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

x = Eorch.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()

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

Building the graph and
computing the graph happen at
the same time.

Seems inefficient, especially if we
are building the same graph over
and over again...

import torch

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

loss.backward()

Fei-Fei Li, Ranjay Krishna, Danfei Xu

Lecture 5 Adapted by Artem Nikonorov



Static Computation Graphs

Tammdt 8 |
o)
cla*mg
Alternative: Static graphs WJU
JLd
Step 1: Build computational graph 43
describing our computation jﬁ»@ =
(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 (1.14 latest) 2.1 (March 2020)

Default static graph, Default dynamic graph,
optionally dynamic optionally static graph.
graph (eager mode). We use 2.1 in this class.
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N, D, H = 64, 1000, 100
= tf.placeholder(tf.float32, shape=(N, D))

TensorFlow: :
Y tf.placeholder(tf.float32, shape=(N, D))
r\J I r\J t wl = tf.placeholder(tf.float32, shape=(D, H))
eu ra e w2 = tf.placeholder(tf.float32, shape=(H, D))

(Pr’e_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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TensorFlow: -
Neural Net o
(Pre-2.0) i

First define i;::

computational graph

grad wl, grad w2

 H= 64, 1000, 100
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))

tf
ed

.maximum(tf.matmul(x, wl), 0)
tf.matmul(h, w2)

y_pred - y
tf.reduce_mean(tf.reduce_sum(diff ** 2, axis=1l))

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

Then run the graph
many times

\\\\\\““~>»

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

Lecture 5

Fei-Fei Li, Ranjay Krishna, Danfei Xu
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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.vVariable(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]).

Tensorflow 2.0+:
“Eager” Mode by default

assert(tf.executing_eagerly())

Lecture 5

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))

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

Fei-Fei Li, Ranjay Krishna, Danfei Xu
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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.vVariable(tf.random.uniform((D, H))) # weights
w2 = tf.Variable(tf.random.uniform((H, D))) # weights

N, D, H = 64, 1000, 100

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

[
|

=
N
|

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

Lecture 5

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

y pred = tf.matmul(h, w2)

iff = y pred - y

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

| W1, grad w2 = tf.gradients(loss, [wl, w2])

ion() as sess:

{x: np.random.randn(N, D),
wl: np.random.randn(D, H),
w2: np.random.randn(H, D),

: 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

Fei-Fei Li, Ranjay Krishna, Danfei Xu
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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.Variable(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=1))

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]).

grad wl, grad w2

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

Tensorflow 2.0+:
“Eager” Mode by default

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

loss_val, grad wl _val, grad w2_val

sess.run([loss, grad wl, grad w2],
feed_dict=values)

out

Lecture 5
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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)

C . wl = tf.Variable(tf.random.uniform((D, H))) # weights
onvert mpUt numpy w2 = tf.Variable(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=1l))
gradients = tape.gradient(loss, [wl, w2]).

Fei-Fei Li, Ranjay Krishna, Danfei Xu  Lecture 5  Adapted by Artem Nikonorov



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=1l))
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

All forward-pass w2 tf.variable(tf.random.uniform((H, D))) # weights

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

contexts (iﬂC'Uding h = tf.maximum(tf.matmul (x, wil), 0)
function Ca”S) 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, [wWl, wZ2]).

gradient later.
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TensorFlow:
Neural Net N, D, H = 64, 1000, 100

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

X wli | w2 [y X =
LS 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
clam,
i? with tf.GradientTape() as tape:
h = tf.maximum(tf.matmul (x, wil), 0)
e ~~,| v _pred = tf.matmul(h, w2)
diff = y pred - y
y_pred loss = tf.reduce mean(tf.reduce sum(diff ** 2, axis=1l))
- gradients = tape.gradient(loss, [wWl, wZ2]).

-
- pow [ H—>{ sum }->{ loss

Forward pass
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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 ComPUtation 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 = tape.gradient(loss, [wl, w2])|
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TensorFlow:
Neural Net _

, H= 64, 1000, 100

X wi | | w2 1 Ly x = tf.convert to tensor(np.random.randn(N, D), np.float32)
L*T_E;J! A y = tf.convert to tensor(np.random.randn(N, D), np.float32)
LE? wl = tf.Variable(tf.random.uniform((D, H))) # weights
[ w2 = tf.Variable(tf.random.uniform((H, D))) # weights
v
cbmgj with tf.GradientTape() as tape:
o A h = tf.maximum(tf.matmul(x, wl), 0)
L; y pred = tf.matmul(h, w2)
= diff = y pred - y
L—;~J loss = tf.reduce mean(tf.reduce sum(diff ** 2, axis=1))
y_prhd gradients = tage.gradientkloss, [wl, w2])]
.
-| =

Backward pass
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TensorFlow:
Neural Net

Train the network: Run
the training step over
and over, use gradient
to update weights

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
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[l])
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TensorFlow:
N, D, H = 64, 1000, 100
N e u ral N et X tf.convert to tensor(np.random.randn(N, D), np.float32)

y = tf.convert to_tensor(np.random.randn(N, D), np.float32)
w

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

for t in range(50):
with tf.GradientTape() as tape:
151 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=1))

201

051 ®

L

001 : : : , : 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:
Optimizer i Mconvebiol

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

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
tf.reduce mean(tf reduce _sum(diff ** 2, axis=1l))
[wl, w21)
optimizer.apply gradlents(21p(grad1ents, [wl, w2])).
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TensorkFlow:
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.Variable(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 = yv pred - vy
loss = tf.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 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 withltf.GrgdientTape() 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 |ayerS ———— ,|model.add(tf.keras.layers.Dense(H, input_shape=(D, ),

activation=tf.nn.relu))
model.add(tf.keras.1ayers.anse(D))
optimizer = tf.optimizers.SGD(le-1)

Get output by losass = [ =

. or in range :
calling the model wj i () 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:/github.com/deepmind/sonnet)

TFLearn (http:/tflearn.ora/)

TensorLayer (http://tensorlayer.readthedocs.io/en/latest/)
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N, D, H = 64, 1000, 100

| |
[ ]
@tf.function:
. ] X = tf.convert to_ tensor(np.random.randn(N, D), np.float32)
Com Ile StatIC 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))
g ra p model.add(tf.keras.layers.Dense(D))

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

@tf.function

. def model func(x, y):
tf.function decorator y_pred = model(x)
: P : loss = tf.losses.MeanSquaredError()(y_pred, y)
(ImpIICItly) Complles return y pred, loss
python functions to e —————
static gr‘aph for better with tf.GradientTape() as tape:

y_pred, loss = model func(x, y)

performance gradients = tape.gradient (

loss, model.trainable variables)
optimizer.apply gradients(
zip(gradients, model.trainable variables))
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@tf fu nCtion . Ran on Google Colab, April 2020

N, D, H = 64,
x = tf.convert to_tensor(np.random.randn(N, D), np.float32)

- I t t " y = tf.convert to_tensor(np.random.randn(N, D), np.float32)
CO m p I e S a I C 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))

g ra p h optimizer = tf.optimizers.SGD(le-1)

@tf.function

Here we Compare the def model static(x, y):

forward'pass tlme Of ii:ei :flflcl)::i;:?MeanSquaredError()(y_pred, y)
the same model under RRESE Y PReRy SRRE

dynamic graph mode -7

and static graph mode e

loss = tf.losses.MeanSquaredError()(y_pred, y)

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

dynamic graph: 0.02520249200000535
static graph: 0.03932226699998864
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@tf fu nCtion . Ran on Google Colab, April 2020

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

. ]
COI I ll >I I e Statl C 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))

g ra p h 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

Static graph is in theory

def model dynamic(x, y):

faster than dynamic graph, ¢ prad = nedel )
but the performance galn loss = tf.losses.MeanSquaredError()(y_pred, y)
depends on the type Of print("dynamic graph: ", timeit.timeit(lambda: model dynamic(x, y), number=10)

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

model / layer / computation
dynamic graph: 0.02520249200000535

graph static graph: 0.03932226699998864
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@tf.function:
compile static
graph

Static graph is in theory
faster than dynamic graph,
but the performance gain
depends on the type of
model / layer / computation
graph.

Ran on Google Colab, April 2020

N, D, H = 64, 1000, 100
X = tf.convert_to_tensor(np.random.randn(N, D), np.float32)
= 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)

print("dynamic graph:", timeit.timeit(lambda: model_dynamic(x, y), number=1000)
print("static graph:", timeit.timeit(lambda: model_ static(x, y), number=1000))

dynamic graph: 2.3648411540000325
|static graph: 1.1723986679999143
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Static vs Dynamic: Optimization

With static graphs, The graph you wrote Equivalent graph with

fused ti

frarr.1e\{vork can Conv used operations
optimize the —
graph for you RelLU Conv+RelLU
before it runs! Conv Conv+RelLU

RelLU vy | Conv+RelU

Conv

 / RelLU

Fei-Fei Li, Ranjay Krishna, Danfei Xu  Lecture 5  Adapted by Artem Nikonorov



Static PyTorch: ONNX Support

import torch
You can export a PyTorch model to

ONNX N, D_in, H, D _out = 64, 1000, 100, 10
model = torch.nn.Sequential(
torch.nn.Linear(D in, H),

Run the graph on a dummy input, and SorEhl, anARELI( ),

save the graph to afile torch.nn.Linear(H, D out))
. : , dummy input = torch.randn(N, D_in)

Will Only work if your model doesn't torch.onnx.export(model, dummy input,

actually make use of dynamic graph - 'model.proto’,

must build same graph on every verbose=True)

forward pass, no loops / conditionals
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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/RelLU[1]

%7 : Float(64, 10) = onnx::Gemm[alpha=1,
beta=1, broadcast=1, transB=1l] (%6, %3,
%4) , scope: Sequential/Linear([2]

return (%7);

}

import torch

N, D in, H, D out =
model =

64, 1000,

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

Lecture 5
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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
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Static PyTorch: TorchScript

graph (%$self.1
__torch .torch.nn.modules.module.
e 4.Module,

%input : Float (3, 4),

%h : Float (3, 4)):

torch mangl

%19
__torch .torch.nn.modules.module.  torch mangl
e 3.Module =
prim::GetAttr[name="1linear"] (%$self.1)

%21 : Tensor =
prim::CallMethod[name="forward"] (%19, %input)

%12 int = prim::Constant[value=1] () #
<ipython-input-40-26946221023e>:7:0

%13 Float (3, 4) = aten::add (%21, %h, %12) #
<ipython-input-40-26946221023e>:7:0

%14 Float (3, 4) = aten::tanh(%13) #
<ipython-input-40-26946221023e>:7:0

%15 (Float (3, 4), Float(3, 4)) =
prim::TupleConstruct (%14, %14)

return (%15)

class MyCell(torch.nn.Module):
def  init (self):
super (MyCell, self)._ init ()
self.linear = torch.nn.Linear (4, 4)
def forward(self, x, h):
new_h = torch.tanh(self.linear(x) + h)
return new_h, new_h

my cell = MyCell()
X, h = torch.rand(3,
traced_cell = torch.jit.trace(my cell,
print(traced_cell.graph)

traced cell(x, h)

Build static graph with torch.jit.trace

4), torch.rand(3, 4)
(x, h))
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PyTorch vs TensorFlow, Static vs Dynamic

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

Caffe2, TorchScript
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Static vs Dynamic: Serialization

Static Dynamic

Once graph is built, can Graph building and execution
serialize 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 “straw” “hat”

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

Fei-Fei Li, Ranjay Krishna, Danfei Xu  Lecture 5  Adapted by Artem Nikonorov



Dynamic Graph Applications

- Recurrent networks
- Recursive networks

|
The cat ate a big rat

Fei-Fei Li, Ranjay Krishna, Danfei Xu  Lecture 5  Adapted by Artem Nikonorov



Dynamic Graph Applications

Question Answer: Yes
'
> 15TV = Breater Program Classifier|  EXecution
- Recurrent networks ‘il [T !
> LSTM =» count Englne
. greater than | greater than | %
- Recursive networks oo | N f % | Module |
> LSlM > 5232:: count co;nt | count ” count || Inventory :
I
= MOdUIar networks > LSTM =» scene [wpp filfter filter (=g filtcer filt:er : grtehaatner countli
‘ iy co{(l”t shage= C:}L?g: : G716 exist ||
=» LSTM =» count cufbe yefow - ! : c:ﬂof; :
e | e scone o\ (et o]
* yellow 4 e XD
=»> LSTM =» scene

Program
Generator

Figure copyright Justin Johnson, 2017. Reproduced with permission
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 m
Neural programs

] ] ! ]

! : 1 ¢ ; ; } : i 1

4 4 i ] : ; ! 3 ; B !

! ! ¥ ! i ! i
ADD1)  ACT (4.2,WRIT2E) ADD1() . CARRY() =T (3,LEFT§ CARRY() —act (3,1,WRIT;)

Reed et al., “Neural Programmer-Interpreters”, ICLR 2016
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Dynamic Graph Applications

- Recurrent networks

- Recursive networks

- Modular Networks

- Neural programs

- (Your creative idea here)
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Model Parallel vs. Data Parallel

Data parallel: split
minibatch into chunks &
distribute to GPUs/ nodes

Model parallel: split
computation graph
into parts & distribute
to GPUs/ nodes

Model Parallel ‘QGC?E@ minibatch

Data Parallel
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PyTorch: Data Parallel

nn.DataParallel

Pro: Easy to use (just wrap the model and run training script as normal)

Con: Single process & single node. Can be bottlenecked by CPU with large number
of GPUs (8+).

nn.DistributedDataParallel

Pro: Multi-nodes & multi-process training

Con: Need to hand-designate device and manually launch training script for each
process / nodes.

Horovod (https://github.com/horovod/horovod): Supports both PyTorch and
TensorFlow

https://pytorch.org/docs/stable/nn.html#dataparallel-layers-multi-gpu-distributed
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TensorFlow: Data Parallel

tf.distributed.Strategy

strategy = tf.distribute.MirroredStrategy()

with strategy.scope():
model = tf.keras.Sequential([
tf.keras.layers.Conv2D(32, 3, activation='relu', input_shape=(28, 28, 1)),
tf.keras.layers.MaxPooling2D(),
tf.keras.layers.Flatten(),
tf.keras.layers.Dense(64, activation='relu'),
tf.keras.layers.Dense(10)

1)

model.compile(loss=tf.keras.losses.SparseCategoricalCrossentropy(from_logits=True),
optimizer=tf.keras.optimizers.Adam(),
metrics=["'accuracy'])

https://www.tensorflow.org/tutorials/distribute/keras
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PyTorch vs. TensorFlow: Academia

80°% PyTorch vs TensorFlow: % Unique Mentions of PyTorch

80%
70% | 70%
60% | 60%
50% 1 50%
40% - 40%

30% 30%

% of total framework mentions

N
Q
B

20%

10% | 10%

0% {— 0%

2017 2018 2019 2020
Year

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

Fei-Fei Li, Ranjay Krishna, Danfei Xu  Lecture 5  Adapted by Artem Nikonorov



PyTorch vs. TensorFlow: Academia

CONFERENCE PT 2018 PT 2019 PT GROWTH TF 2018 TF 2019 TF GROWTH

CVPR 82 280 240% 116 125 7.7%
NAACL 12 66 450% 34 21 -38.2%
ACL 26 103 2906% 34 33 -2.9%
ICLR 24 70 192% 54 53 -1.9%
ICML 23 69 200% 40 53 32.5%

https://thegradient.pub/state-of-ml-frameworks-2019-pytorch-dominates-re
search-tensorflow-dominates-industry/
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PyTorch vs. TensorFlow: Industry

e No official survey / study on the comparison.

e A quick search on a job posting website turns up 2389 search
results for TensorFlow and 1366 for PyTorch.

e The trend is unclear. Industry is also known to be slower on
adopting new frameworks.

e TensorFlow mostly dominates mobile deployment / embedded
systems.
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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 using the
default API 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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Next Time:
Training Neural Networks
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