Jlekuunsa 6:
MHCTpymMeHTapun rnyobokoro
00y4eHus

Keneso, lnHammnyeckne n ctatndeckme rpadobl, PyTorch un
TensorFlow



Oo6bABNeHue:
KoHTponbHas paboTta Ha 45 MUHYT — CKOpO!

Tpu 3agauu:

1.PacyeTt oyHKUMM NOTEPb NO MaTpumLEe OLEHOK Knaccudomkaropa,
doyHKUMa notepb nnu SoftMax nnm SVM.

2. Pac4yeT npsiMoro n obpartHoro pacnpocTtpaHeHus no rpady cetu.
3. Pacuyert Bbixoga onsa cBepToYHOU CETU.

[1aHHbIE MO HECKOMbKUM BapnaHTaMm.

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



3agadva Ha OoMm:

BxogHoe nsobpaxernne: CONV punbTp:

[12345] [0-10]
[22111] [111]
[32111] [0-10]
[41111]
[51111]

MocuutaTh BbIxog ceTu: conv(depth=1, stride=2) -> RelLU ->MaxPool

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



PeweHne:

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



ELe npumepbl 3agav:

MaTpuua oueHokK Mocuntatsb:
KrnaccudomkaTtopa:
1. ®yHKUMIO NOTEPb MYyNbTUKNaccoBoro SVM
[2.1 1.6 2.1] 2. OyHKuuo notepb ansa SoftMax
[3.0 3.2 2.8]
[-2 3.7 3.8]

3. [lna 3agaHHOM (PYHKLMM N BXOAOB NOCYMTaTb NpAMOe
n obpaTHOE pacnpocTpaHeHune rno ceTu.
Mpn obpaTHOM pacnpocTpaHeHUM Ha BXOAE CUHUTATb rpagmneHT paBHbIM 1.

£ - 1 wo=1,wl=-2,wl=1
L 1+ e —(wozo+wizy+ws) x0=-1,x1=1

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



BcnomuHaewm...

A.B. HukoH

Computational graphs

f:W

Li =), max(0,s; —

Sy, + 1)

@ s (scores)

R

0pOoB, OCHOBaHO Ha Kypce http://cs231n.stanford.edu/
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BcnomuHaewm...

Neural Networks
Linear score function: f =Wz

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

3072

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/




BcnomuHaewm...

Convolutional Neural Networks

Image Maps

FuIIy Connected

Input

Convolutions
Subsamplmg

lllustration of LeCun et al. 1998 from CS231n 2017 Lecture 1

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



BcnomuHaewm...
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 CCO 1.0 publicdomain

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



CeroaHst:

- AnnapaTtHoe obecrievyeHne
- CPU, GPU
- [lporpammHoe obecneyeHmne
- PyTorch un TensorFlow
- Static and Dynamic computation graphs -
CTtatnyeckue n guHaMmnyeckmne BblHUCIUTENbHbIE

rpadobl

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



Deep Learning
Hardware



CPU:

(central processing unit)

~=~" GEFORCEGTX

n y .
‘, GEFORCE GTX u

This image is licensed under CC-BY 2.0

| 4

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



GPU:

(graphics processing unit)

This image is in the publicdomain

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/
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CPU vs GPU

Cores
CPU 4
(Intel Core (8 threads with
i7-7700k) hyperthreading)
GPU 3584
(NVIDIA
RTX 2080 Ti)

Kiaaccupuxkanus ®iuana

JAaHHbIE 1 N

KOMaH/1bl

Clock
Speed

4.2 GHz

1.6 GHz

-TTY

-uny

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/

Memory | Price

System | $385
RAM

11GB $1199
GDDR6

Speed

~540 GFLOPs FP32

~13.4 TFLOPs FP32

CPU: lNoTokoB go
100, HO OHM
YHUBEepCasibHbI

GPU: lNoTokoB Ao
10K, HO OHM He
YHUBEpCarbHbl
BekTtopHas
apxuTekTypa



[lpyumep: YyMHOXeHue maTtpuu

AXxC

AXB

BxC

Kypce http://cs231n.stanford.edu/

0pOB, OCHOBAHO Ha

A.B. HukoH



(CPU MOXHO eLLe OOKPYTUTD,

CPU vs GPU HO 3TO He BaXHO)

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

18000

wn OOX X [/1x 64X 76X

67/
¥ [ ¥
: | = N

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

16 Forward + Backward time (ms)

N=

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

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



CUDNN curnbHo bbicTpee

CPU vs GPU: yem npocto 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! I L
] -

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

X

16 Forward + Backward time (ms)

N=

Data from https://github.com/jcjohnson/cnn-benchmarks
Bonee ceexee - https://www.aime.info/en/blog/deep-learning-gpu-benchmarks-2021/

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



GigaFLOPs per Dollar

40
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35
30
25
Deep Learning Explosion
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A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



NVIDIA| « AMD

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



CPU vs GPU vs TPU

Cores Clock
Speed

CPU 4 4.2 GHz
(lntel Core (8 threads With
i7-7700k) hyperthreading)
GPU 3584 1.6 GHz
NVIDIA
RTX 2080 Ti
GPU 5120 CUDA, @ 1.5GHz
(Data Center) | 640 Tensor
NVIDIA V100
TPU 2 Matrix Units = ?
Google Cloud | (MXUs) per

TPUv3 core, 4 cores

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/

Memor
y

System
RAM

11 GB
GDDR
6

16/32
GB
HBM2

128 GB
HBM

Price

$385

$1099

$2.5/hr
(GCP)

$8/hr
(GCP)

Speed

~540 GFLOPs FP32

~13 TFLOPs FP32
~114 TFLOPs FP16

~8 TFLOPs FP64
~16 TFLOPs FP32
~125 TFLOPs FP16

~420 TFLOPs
(non-standard FP)

CPU: lNoTokoB go
100, HO OHUK
YHUBEpPCasbHbl

GPU: lNoTokoB Ao
10K, HO OHM He
YHUBEpCarbHbl

TPU — coenatbl
nog, rnyookoe
oby4eHue:
Mpumepsl — Intel,
M2, NPU Ha GopTy
TenegoHoB



[lporpammupoBanue ['T1Y

e CUDA (NVIDIA)
o C-noaobHbin koa ncnonHaembin Ha GPU
o PanTanm obeec — gpansepa, CUDA SDK
o Ontnmunsaums padHtamm APIs: cuBLAS, cuFFT, cuDNN, etc
e OpenCL, Intel OpenVino
o [loxoxe Ha CUDA, HO MOXHO 3anyckaTb Befe
o MepaneHHee Ha NVIDIA
o [lnoxo noooepxwuiBaerca B Torch/TF
e HIP https://github.com/ROCm-Developer-Tools/HIP
o [lpumep KpocckomMnunaTopa
e Kypc no CUDA CS 149: http://cs149.stanford.edu/fall19/

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/


http://cs149.stanford.edu/fall19/

Inference Hardware s B

=

>Keneso anga npoga

High performance inference

Deep Learning Inference Performance

39 FPS
40FPS
36 FPS
30FPS 27FPS
25FPS
20 FPS 18 FPS 18FPS
16 FPS
14 FPS 15FPS
11 FPS 10FPS
10 FPS BFPS
5FPS
0FPS
ResMet-50 SSD ResMet- SSD ResMet- SSD ResNet-  SSD 55D 55D Inception V4 Tiny YOLO  OpenPose  VGG-19 Super U-Met
(224x224) 18 18 18 Mobilenet¥2 Mobilenet-V2 MobilenetV2  (299x299) V3 (256x256)  (224x224)  Resolution (1x512x512)
(060x544)  (480x272) (300x300) (960x544) (480x272)  (300x300) (#416x416) (481x321)
Network Model

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



>Keneso anga npoaa

HIL Mogynb Neuromatrix

Tabauua 1.1 - FPS

MC121.01 NMStick MC127.05 u MC127.05 H
NMCard NMCard batch-
mode*
alexnet 345 32 12,6 13
(227x227)
inception v3 0,63 0,6 8,12 12,43
(299x299)
inception v30,24 023 393 5,44
(512x512)
resnet 182,28 22 25 47
(224x224)
squeezenet ‘8,3 8 744 IIOO & github.com/RC-MODULE/nmpp
(224x224) ¥ Asvabwrers  §| Angexc [ Scopuspreview-S.. [ Deep FakeScience.. @ MDPI|Peer Review [ IPSI-Huawei TechRe.. & Huxoropos Apren..
yolo v2 tiny 1,16 1,1 21 304 [ globalmk template ++ 7 months ago
(416x416)
yolo v3 0,1 0,09 3:7 4 README.md
(416x416)
yolo v3 tiny 1,44 1,38 253 333 NMPP
(416x416)
JokymeHTauums:

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/

HTML: http://re-module.github.io/nmpp/modules.html

CHM(ZIP): http://rc-module.github.io/nmpp/nmpp.zip

CHM: http://rc-module.github.io/nmpp/nmpp.chm (Mpu oTkpeITHK HeoBxoaMmo cHATs ranouky "Bceraa cnpawmsars
NpW OTKPBITUMW 3TOTO daiina”)

PDF: http://rc-module.github.io/nmpp/nmpp.pdf



Deep Learning
Software



KommyHukaumsa CPU n GPU

A faHHble
3aechb!

Moaenbka
30ecb

N cuctema xpaHeHus kpanHe
BaXKHa! — MOXeT CTaTb Y3KUM

m MeCTOM
PelwleHus:
- 3arpys3utb Bce B O3Y

- SSD Bmecto HDD
- 3arpyxaTb AaHHble B
MHOrO NOTOKOB

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



3oonapKk dpenmMBOpPKOB!

Caffe
(UC Berkeley)

Torch

(NYU / Facebook)

Theano
(U Montreal)

Caffe2
(Facebook)

mostly features absorbed
by PyTorch

S

PaddlePaddle Chainer

(Baidu) (Preferred Networks)

Th e company has officially migrated it
infrastructure to PyTorch

MXNet
(Amazon) CNTK

Developed by U Washington, CMU, MIT, (M icrOSOft)

PyTorch

(Facebook)

Hong Kong U, etc but main framework of
choice at AWS

_ o | TensorFlow
(Google)

JAX
(Google)

OTuK OBa Haw OOKyC

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/

And others...



HemHoro ncropum

Caffe - 2013, C++, geknapaTtuBHoe onucaHune cetn, ModelZoo!
Tensorflow - 2015, nuToH, npouenypHoe onucaHue rpadga

®parmeHT AlexNet B popmarte Caffe: Mpumep Caffe ModelZoo:

: "Alexlet”

include {

phase: TRATH
3
transform_paran {
true

mean_file: "dsta/Llsvrcla/imagenet_mean.binaryproto”

}

data_param {

256
backend: LMDB
¥

Layer
nane: “cata”
typei "Data”

top:
top:
include {

be1"

phase: TEST

}

transform_paran {
rirror: false

crop_size: 227

mean_file: “data/ilsvrcl2/imagenet_mean, binaryproto®

)
dsta_paran {

batch_size: 50

backend: LMDB

type:
botton
tops “conv1®
paran {
T mts 1
decay_mult: 1
¥
param {

1 mt: 2

ecay_mult: @

mples/inagenet/ilsvrel2_train_lmdb"

“examples/inegenet/ilevrcll_val_lndb"

Model Zoo

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

Check out the model zoo documentation for details.
To acquire a model:

1. download the model gist by ./scripts/download_model 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

o Berkeley-trained models
e Network in Network model

® Models from the BMVC-2014 paper "Return of the Devil in the Details: Delvina Deep into 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, 2014 (arXiv ref. cs1405.3531)




BcnomuHaem: Computational Graphs

A.B. HukoHOpoOB, OCHOBaHO Ha
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BcnomuHaem: Computational Graphs

Input image

weights.—— —

Z61

loss P B

g :
TE
ii—
3 2
i >]
] | &
%i —~ l
2
. 1 By
il | &

Figure copyright Alex Krizhevsky, llya Sutskever, and
Geoffrey Hinton, 2012. Reproduced with permission.

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



BcnomuHaem: Computational Graphs

Input image/

loss

\

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



Yero mbl xxgem ot DL dpenmBopKkoB?

(1) bBbicTpas npoBepka HOBbIX UOEW

(2) ABTOMaTM4YECKUI pacyeT rpagmeHToB

(3) OdbdekTnBHOE 0OYyHeHUE N nHGepeHc Ha GPU
(c marnen cuDNN, cuBLAS, OpenCL, etc)

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



Computational Graphs

Numpy

import numpy as np
np.random.seed(0)

N,

X
Yy
z

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/

D=3, 4

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

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

L
£
©



Computational Graphs

Numpy

import numpy as np
np.random.seed(0)

N, D=3, 4

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

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

b=a+z2

¢ = np.sum(b)

grad ¢ = 1.0

grad b = grad ¢ * np.ones((N, D))
grad a = grad_b.copy()
grad_z = grad b.copy()
grad X = grad_a * y
grad y = grad_a * x

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/
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[ob6aBunu pacyeT rpagueHToB




Computational Graphs

Numpy

import numpy as np
np.random.seed(0)

N, D=3, 4

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

b=a+z2

¢ = np.sum(b)

grad ¢ = 1.0

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

grad_z = grad b.copy()

grad X = grad_a * y

grad y = grad_a * x

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/
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- ['pagmeHTbl HAOO
nnucaTb caMmmnm
- He 3apaboTtaert
Ha GPU



Computational Graphs

Numpy

y=

z
a=xty
b=a+ z

import numpy as np
np.random.seed(0)

N, D=3, 4
X = np.random.randn(N, D)

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

¢ = np.sum(b)

grad ¢ =

grad b
grad_a
grad_z
grad_x
grad_y

1.0

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

grad a * y

grad a * x

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/
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PyTorch

import torch

N, D= 3, 4
x = torch.randn(N, D)

y = torch.randn(N, D)
z = torch.randn(N, D)
a=xwy

b=a+z

c = torch.sum(b)

A BbIrMAQUT Kak numpy!



Computational Graphs

Numpy

import numpy as np
np.random.seed(0)

N, D=3, 4

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

y=

z
a=xty
b=a+ z

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

¢ = np.sum(b)

grad ¢ =

grad b
grad_a
grad_z
grad_x
grad_y

1.0

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

grad a * y

grad a * x

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/
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PyTorch

import torch

D=3, 4

torch.randn(N, D)

N
X = torch.randn(N, D,|requires_grad=True)
Y
z

torch.randn(N, D)

a=x*%*y
b=a+z
c = torch.sum(b)

c.backward()
print(x.grad)

PyTorch cuntaet rpaaneHTbl 3a Hac!



Computational Graphs
Numpy 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,
device=device)
torch.randn(N, D, device=device)
torch.randn(N, D, device=device)

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

y
z

X *y
a+ z

4_
a=x*y
b a+ z c torch.sum(b)
¢ = np.sum(b)

z c.backward()

oo
nnn

grad ¢ = 1.0 print(x.grad)
grad b
grad_a

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

grad_z grad_b.copy()

grad_x grad a * y

grad y = grad_a * x

N Ha GPU nerko MoXHo 3anycTuThb!

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



PyTorch

(MopgpobHee)



PyTorch: INpuHuunbl

Tensor: MHoromepHbI MaccuB, Kak B numpy, HO aBToMaTU4eCcKu
MoxeT obpaboTatbesa n Ha GPU

Autograd: naket aBToMaTnU4eCckn popmmpytoinim rpadsbl
00paboTkn TEH30POB U CYUTAET rPaAAUEHTHI

Module: Cnoin HeEMPOHHON CETN, COXPAHSIET COCTOAHME
n Beca

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



PyTorch: Bepcun

3aecb Bce npo Bepcuto PyTorch version 1.4
(Released January 2020)

Bce gomkHO paboTtatb B BepcuUax 1.x

https://github.com/pytorch/pytorch

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/


https://github.com/pytorch/pytorch

PyTorch: TeH30opbl

Mpumep: Obyunm
OBYXCIMONHY0 ceTb ¢ RelU
Ha CryYaunHbIX OJaHHbIX C L2
doyHKUMEN NoTepb

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/

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



PyTorch: TeH30pbl

Cosgaem criyyqanHble
TEH30pbl JaHHbIX 1 BECOB

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/

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




import torch

PyTorCh: TeH30pb| 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: pacyeTt o ored = reli iy
npeancka3aHms loss = (y pred - y).pow(2).sum()
(prediction) 1 pyHKUNU Giad -y pEed =8 & iy prad = )
HOTepb (|OSS) 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: TeH30pbl

Backward pass: cuutaem

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()

rpagveHTbl BPYYHYHO
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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




PyTorch: TeH30pbl

LLlar rpagueHTHOro

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)

Crnycka no Becam

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/

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




import torch

PyTorch: TeH30pbl

UT00bI NOBTOPUTL 3TO Ha
[TTY npocTo ckaxuTe!
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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)
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 hfh < 0] = 0

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

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




PyTorch: Autograd

Cosgaem TeH30pbI € dorarom
requires_grad=True 4TOO®bI
BKNOYMTL autograd

Onepauunmn c TeH30pamMmu npu
requires_grad=True 3actaBnstoT
PyTorch nocTtpouTtb
BblYMCNUTENbHbIW rpad
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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)
w2 = torch.randn(H, D out, requires grad=True)

x
b4
W

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 ()



PyTorch: Autograd e coen

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

[nsa Bxoga wunu Bbixoaa Mbl /g torch _xandn(N, D out .
wl =|torch.randn(D_1in, H, requires_grad=True)

HE 6yﬂ-eM CyUTaTb w2-=|torch.randn(H, D out, requires grad=True)

rpagmneHThl
learning rate = le-6

for t in range(500):
A an4a BeCOB - 6yp,eM 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

[Mpsmon npoxon cymTaem
KaK paHbLue, HO be3
COXpaHHeHn4
MNPOMEXYTOYHbIX 3HA4YEHUN
PyTorch coxpaHsieT ux B
rpadpe cam
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/P

import torch

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

x = torch.randn(N, D_in)

y = torch.randn(N, D out)

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

wl
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()

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




PyTorch: Autograd

CuunTtaem rpagmeHT hyHKLUK

noTtepb
no wl unw2
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import torch

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

x = torch.randn(N, D_in)

y = torch.randn(N, D out)

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_ ()




PyTorch: Autograd

[enaem Lwar rpagueHTHOro crycka, notom
3aHynum rpagueHTbl. Torch.no_grad 3HaunT
YTO 3Ty YacTb B rpad BKMOYaTb HE HYXXHO
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import torch

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

x = torch.randn(N, D_in)

y = torch.randn(N, D out)

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 ()




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

loss.backward()

with torch.no _grad():

Metogbl PyTorch ¢ nogyvepkvBaHueEM wl -= learning rate * wl.grad
MEHSIIOT TeH3op in-place, He co3naBas w2 _= learning rate * wi.orad
\\\\‘ wl.grad.zero ()

HOBOI'O TEH30pAa
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w2.grad.zero ()




PyTorch: New Autograd Functions

Cos3gagmm cBOK (PYHKLMIO Ha class MyReLU(torch.autograd.Function):
ocHose autograd nponucas gszazlcmetzodt
meToabl forward() u ef forward(ctx, x):

ctx.save_ for backward(x)
backward() Ana TeH3opoB return x.clamp(min=0)

@staticmethod
OOBbekT ctx “kawmnpyeT” 3Ha4YeHnsa Ons def backward(ctx, grad y):
backward npoxoaa X, = ctx.saved_tensors

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

BcnomoratenbHas obepTtka ans def my relu(x):
HOBOIO KNacca 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) loss.backward()

with torch.no_grad():

wl -= learning rate * wl.grad
Moxem ee ncnonb3osarb! w2 -= learning rate * w2.grad
Ho 37O HY»KHO, TONbLKO ecnu WiidrRd.zero (1

2 w2.grad.zero_ ()
Yy BaC 0encrBnTeribHoO

HeoOblYHbIN backward
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PyTorch: nn

torch.nn obepTka ang
BCEr0 CBA3AHHOIO C
CHC. Vcnonbaynte ero!
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import torch

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

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

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()



r] import torch
PyTorC . nn N, D in, H, D out = 64, 1000, 100, 10
X = torch.randn(N, D in)
y = torch.randn(N, D out)

OI'Ipe,El,eﬂFll/lTe MOZEnb Kak model = torch.nn.Sequential(

nocregoBaTeribHOCTb o6yL|aeM bIX. torch.nn.Linear(D_in, H),
croes torch.nn.RgLU( ) I
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()
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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, Yy)

Forward: nogaem gaHHble U
cymTaem loss

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

Forward: nogaem gaHHble U
cymuTtaem loss

torch.nn.functional cogepxuT
MHOrO Mosie3HbIX PYHKUMN
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import torch

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

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

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

y_pred = model (X)

loss;;ltorch.nn.functionaH.mse_loss(y_pred, Y)

oss.backward()

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



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: cumtaem
rpagueHT no Bcem Becam (o
with torch.no grad():

yMOITHaHuWio BCE C CbJ'IaFOM for param in model.parameters():

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

———»| loss.backward()
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PyTorch: nn

LLlar rpagneHTHOro crnycka no
BecaMm (C 3anpeweHHbIM ———>
pacyeToM rpagmeHToB)
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import torch

N, D in, H, D out = 64, 10
X = torch.randn(N, D in)

y = torch.randn(N, D out)

1000, 100,

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()




PyTorch: optim

optimizer n3 torch.optim
onpeaernseTr BCe BO3MOXHbIE
cTpaTermm oby4yeHuns
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import torch

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

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

—learning rate = le-4

optimizer = torch.optim.Adam(model.parameters(),
lr=learning rate)

for t in range(o500):
y_pred = model(x)
loss = torch.nn.functional.mse loss(y pred, y)

loss.backward()

optimizer.step()
optimizer.zero grad()




PyTorch: optim

[locne pac4yeTta rpaaneHToB,
optimizer genaeT war rpagueHTHOro
crnycka v 3aHynsaeT rpagueHTbl
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import torch

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

X = torch.randn(N, D_in)
y = torch.randn(N, D out)
model = torch.nn.Sequential(

torch.nn.Linear(D_in, H),
torch.nn.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()

optimizer.step()
optimizer.zero grad()




import torch

PyTO rCh : n n . I\/I Od u Ie class TwolLayerNet (torch.nn.Module):

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

H O B bl e CJ-IO M self.linearl = torch.nn.Linear(D_in, H)

self.linear2 = torch.nn.Linear(H, D out)

def forward(self, x):

Torch nn Module Knacc h relu = self.linearl(x).clamp(min=0)
] ] o o y_pred = self.linear2(h_relu)
peanusytowmimn cnon HC ¢ return y_pred
TEeH30paMKn BXode 1N BbiXoae N, D _in, H, D _out = 64, 1000, 100, 10
X torch.randn(N, D_in)

y torch.randn(N, D_out)

Mopgyrnu (cnou) moryT cogepxaTtb
BecCa unu gpyrue Moaynu

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)
MO)KHO ,EI,eJ'IaTb CBOU CJiom C loss = torch.nn.functional.mse loss(y_pred, y)

autograd!

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

PyTO rCh : n n . M Od u Ie class TwoLayerNet (torch.nn.Module):

def init (self, D_in, H, D out):

super (TwoLayerNet, self). init ()

H O B bl e CJ-IO M self.linearl = torch.nn.Linear(D_in, H)

self.linear2 = torch.nn.Linear(H, D _out)

d
def forward(self, x):
h relu = self.linearl(x).clamp(min=0)
y_pred = self.linear2(h_relu)
Onpepennm cBo ik
N, D in, H, D out = 64, 1000, 100, 10
MOﬂ,yﬂb Ha OCHOBE x = torch.randn(N, D_in)
Modu|e 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 . M Od u Ie class TwoLayerNet (torch.nn.Module):

def init (self, D_in, H, D out):

super (TwoLayerNet, self). init ()

H O B bl e CJ-I O M 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)

C03ﬂ,aeM ,D,Ba CIo4d return y pred
(T.K. MOXHO BKJT1HOHaTb N, D in, H, D out = 64, 1000, 100, 10
,El,pyrl/le MO,EI,yJ'II/I) 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 . I\/I Od u Ie class TwolLayerNet (torch.nn.Module):

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

I I O B bl e CJ-IO M self.linearl torch.nn.Linear(D_in, H)
self.linear2

torch.nn.Linear(H, D out)
def forward(self, x):

o h relu = self.linearl(x).clamp(min=0)
I_IpﬂMOM HDOXOD, Ha / y_pred = self.linear2(h_relu)
OCHOBE [10MEPHUNX CIOEB BT

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

x = torch.randn(N, D_in)

Ob6paTHbIN Npoxon, y = torch.randn(N, D_out)
aBTOMaTOM, 3a cyeT model = TwoLayerNet(D_in, H, D_out)
aUtOgrad 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.Module
HoBble crnowu

Cosgaem u oby4vaem

aksemnnsp Hawen  T—

CETKU

import torch

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

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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import torch

PyTO rCh : n n ] M Od u Ie clas: parallelBlock(torch.nn.Module):

ef init (self, D in, D out):
super (ParallelBlock, self)._ init ()
H O B bl e CJ-I O M 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)

OObIYHO cMeLunBatoT
N, D in, H, D out = 64, 1000, 100, 10
“Crnonb3oBaHNMe  COBCTBEHHbIX il it =gy
moaynen Ha ocHose Module u ¥ = ROt xeRan(ll B ouz)
nocriegoBaTtesibHbIX model = torch.nn.Sequential(
. o ParallelBlock(D_in, H),
(Sequential) kKoHTenHepoB 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 ] I\/I Od u Ie class ParallelBlock(torch.nn.Module):

def init (self, D in, D out):
super (ParallelBlock, self)._ init ()
H O B bl e CJ-I O M 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)
Onpepgenum ceomn / return (hl * h2).clamp(min=0)

KOMMOHEHT Kak cabknacc N, D_in, H, D_out = 64, 1000, 100, 10
X = torch.randn(N, D_in)
MOdUle 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 ] I\/I Od u Ie class ParallelBlock(torch.nn.Module):

def init (self, D in, D out):
super (ParallelBlock, self)._ init ()
H O B bl e CJ-I O M 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)

C06epeM N3 3TOINO CETb HA model = torch.nn.Sequential(
ocHoBe torch.nn.Sequental e B
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
[TpeaobyyeHHble Moaenu

[ns komnbtoTepHoro 3peHus https://qithub.com/pytorch/vision
OndpdepeHunpyemblie MOLENN KOMIMBbIOTEPHOIO 3PEHUS:
https://github.com/kornia/kornia

[Mpumep: KaHHu - https://kornia-tutorials.readthedocs.io/en/latest/canny.html

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
https://github.com/kornia/kornia
https://kornia-tutorials.readthedocs.io/en/latest/canny.html

PyTorch: torch.utils.tensorboard

@ ® B vensorBoard x Tzu-Wei

€ C  © gig:6006/#scalars * % B O PEa =

B n 3ya'l-I n 3a L'l nAa n po L'Ie Cca TensorBoard  SCALARS IMAGES AUDIO  DISTRIBUTIONS HISTOGRAMS  PROJECTOR  TEXT PRCURVES  INACTIVE - C e |
O 6yLI e H M ﬂ - [[] show data download links Q +

Ignore outliers in chart scaling

Tooltip sorting method: default  ~ Tags matching /.%/ (all tags)

data/scalar1 data/scalar_group
Smoothing
0.800
. 0.6
— 0.600
Horizontal Axis a0
STEP RELATIVE WALL 0200
0.00 \
Runs 0000 2000 4000 6000 8000 1000 0000 2000 4000 6000 BO00 1000
Write a regex to filter runs D D

() Jan18_19-42-05.297X ] Smoothed Value Step Time Relative

=~ Jan18 19-42-
TOGGLE ALL RUNS

18.19-42-05_297X 0.6671 0.6883 50.00 ThuJan 18,19:42:16 10s

Thisimage 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
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import torch

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

x = torch.randn(N, D _in)

y = torch.randn(N, D out)

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()



PyTorch: Dynamic Computation Graphs

w2 y

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()

Cosgaem TeH30pb!
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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

fo i e(500):
y pred = x.mm(wl).clamp(min=0).mm(w2)
loss = (y_pred - y).pow(2).sum()

loss.backward()

3agagum CTpyKTypy rpadga U
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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):
red = x.mm(wl).clamp(min=0) .mm(w2

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

loss.backward()

3agagum CTpyKTypy rpadga U
BbIMNOMHUM pacyeT
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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()

BbicTpanBaeTcs pacyeT mexay loss u
w1, W2 ¥ BbINOMHAOTCA BbIYUCIIEHNS
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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):

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

loss.backward()

[1ns HoBOM nTepauumn uukna sce cHoal
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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

fo i e(500):
y pred = x.mm(wl).clamp(min=0).mm(w2)
loss = (y_pred - y).pow(2).sum()

loss.backward()

3agagum CTpyKTypy rpadga U
BbIMNOMHUM pacyeT



w2

y

X wl
Lo )/

*D*l*D

‘Ei
3
I}

=
o
=
9%
o

-

.B+

;

_ > sum

loss

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/

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):
red = x.mm(wl).clamp(min=0) .mm(w2

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

loss.backward()

3agagum CTpyKTypy rpadga U
BbIMNOMHUM pacyeT
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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()

BbicTpanBaeTcs pacyeT mexay loss u
w1, W2 ¥ BbINOMHAOTCA BbIYUCIIEHNS



PyTorch: Dynamic Computation Graphs

CospaHue rpada u
Bbl4YnUcreHune no rpady
NpoMCXoaaT OAHOBPEMEHHO.

KpanHe He adpdheKTUBHO CTPOUTb
rpad 500 pas...

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/

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()



Static Computation Graphs

)|(_> w1 w2 y
mn A
(ry=id
¥
{cla?pw
AnbtepHaTtmna: Ctatn4yeckue rpadbl e
|
y_pred
LLar 1: MNocTtpoum Haw rpad ans 43
NpPsIMOro 1 obpaTHOro pacyeTta v

Lar 2: icnonb3yem aT0T rpad Ha

graph = build graph()
BCEX nTepauunsix odydyeHus

for x batch, y batch in loader:
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)

Cratndeckue rpadbl no- Mo-ymonuyaHeuto
YMOJI4HaHno, OnunoHasibHO AUHaMun4yeckKue rpacpbh
AviHamu4eckre rpadbl ONLUMOHAMNBLHO CTaTUYeCcKMe.

(eager mode). 3necb roBopuM npo 2.1.
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- N, D, H = 64 1000 100
TensorFlow: v Al b e TSRO N T

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

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

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

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

Yy pred = tf.matmul(h, w2)
diff = y pred -~ y
import numpy as np loss tf.reduce mean(tf.reduce_ sum(diff *+* 2, axis=1l))

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

(STO NMNOPT, Aenaem with tf.Session() as sess:

ero Bcer,u,a) 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
(Pre-2.0)

CHayvana
onpepennm

rpacp

/'

3artem BbInOHHMM\

BblHYNCI1ieHNn4d no
rpady
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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)

Yy 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: 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.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+:
HeTepnenusble rpadpbl, ‘Eager’
PEXMM MO YMOYaHUIO

)

assert (tf.executing eagerly())
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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



TensorFlow: 2.0+ vs. pre-2.0

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))

(]
I

N, D, H = 64, 1000, 100

=
N
|

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 iff = y pred - y

; . tf.reduce mean(tf.reduce sum(diff ** 2, axis=1))
with tf.GradientTape() as tape: o e

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

y _pred = tf.matmul(h, w2) 1, grad w2 = tf.gradients(loss, [wl, w2])

diff = y pred - y

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

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

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

Tensorﬂow 20+ y: np.random.randn(N, D),}
out = sess.run([loss,‘grad_wl, grad w2],

HeTepnenusble rpadbl, “Eager’ Toor o ohtvaluen)
PEXMM MO YMOMYaHUIO

)

loss_val, grad wl val, grad w2_val = out

Tensorflow 1.13

assert (tf.executing eagerly())
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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) 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),

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

Tensorﬂow 20+ y: np.random.randn(N, D),}

out = sess.run([loss, grad wl, grad w2],

HeTepnenusble rpadel, “Eager” Shee CiRLTYRIIeE) .

loss_val, grad wl val, grad w2_val = out

PEKAM 1O yMOIHAHWIO Tensorflow 1.13

assert (tf.executing eagerly())
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TensorFlow:
Neural Net S —

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
npeO6pa3yeM w2 = tf.Variable(tf.random.uniform((H, D))) # weights
BXO4HblE MACCUBbI U3
with tf.GradientTape() as tape:
numpy B TFtensors. h = tf.maximum(tf.matmul(x, wl), 0)
Beca Co3p'aeM Kak y__p.I'Ed = tf.matmul(h, WZ)
. diff = y pred - y
tf.Variable loss = tf.reduce mean(tf.reduce sum(diff ** 2, axis=1))

gradients = tape.gradient(loss, [wl, w2]).
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TensorFlow:
Neural Net

cnonb3yem KOHTEKCT
tf.GradientTape()
4yTOObI CO3aaTb
AWUHAMUYeCKuM rpad
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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)
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]).



TensorFlow:
Neural Net S —

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
BCG Ol'lepaLl,I/II/I npﬂmoro w2 = tf.Variable(tf.random.uniform((H, D))) # weights
pacyeTa, BKI1o4ad

o with tf.GradientTape() as tape:
BbI30BbI (DYHKLMNA, F = tf.maximum(tf.matmal(x, wi), 0)
—~,| v pred = tf.matmul(h, w2)

TpaCCI/Ipvyl-OTCFI On4A dLEE = ¥ pred - 'y
AalrbHEUNLLUEro pac4yerta loss = tf.reduce mean(tf.reduce sum(diff ** 2, axis=1))

rpagueHToB gradients = tape.gradient(Ioss, [wl, wZ2]).
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TensorFlow:
Neural Net

mm \‘\\‘ y_pred = tf.matmul(h, w2)

Forward pass

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/

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, wi), 0)

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




TensorFlow:
Neural Net

tape.gradient()
ncnonbayet rpadp m3
TpaccupoBKN ANs
BbIYNCITEHUS
rpagueHToB Mo Becam

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/

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 1)l




TensorFlow:
Neural Net

wi| (w2 [y

T—an A
T

L
LJ
> pow [ —>{'sum }->{ foss |

Backward pass

A

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/

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]j




TensorFlow:
Neural Net

30
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A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/

OOGy4yeHue ceTu:
3anycTnum Bce 3TO B
LMKIe c nepecyeTom
BECOB

loss

led

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

L.

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])
w2.assign(w2 - learning rate * gradients[l])

o 10 20 30 40

50




TensorFlow:
Optimizer

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

optimizer = tf.optimizers.SGD(le-6)
MO)'KHO MC”OHb3OBaTb learning_rate = 'la=6

OﬂTI/IMl/I3aTOp for.t in range§50):
.. with tf.GradientTape() as tape:
(optimizer) gns

h = tf.maximum(tf.matmul(x, wl), 0)
nepec4yeTa BeCoB

y pred = tf.matmul(h, w2)
COoracHo rpagneHTam

diff = y pred - y
loss = tf.reduce mean(tf.reduce sum(diff ** 2, axis=1l))
radients = tape.gradient(loss, [wl, w2])
optimizer.apply gradients(zip(gradients, [wl, w2])).

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



TensorFlow:
oSS

MoXHO
ncnonb3oBaThb
TUNOBbIE PYHKLMN
noTepb N3 Mmoayn4
Loss

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/

L S

1
w2

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

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 = vy pred - vy

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




Keras: BbICOKOypoBHeBas obepTka

Keras HagcTpovka
HaaTensorFlow, obneryatowlas
TUNoBblE 3a4a4n

Keras Obin BHeWwWHUM K TF, B
2.X BCTPOEH

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/

N, D, H = 64, 1000, 100

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

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

model = tf.keras.Sequential()

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

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

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

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



Keras: BbICOKOypoBHeBas obepTka

N, D, H = 64, 1000, 100

x = tf.convert to tensor(np.random.randn(N, D), np.float32)
Ol'lpe,u,erlﬂeM MOAe€ErSb y = tf.convert to tensor(np.random.randn(N, D), np.float32)
KaK model = tf.keras.Sequential()
—_— model.add(tf.keras.layers.Dense(H, input_shape=(D,),
nocnenoBaTeribHOCTb activation=tf.nn.relu))
model.add(tf.keras.layers.Dense(D))
clioeB optimizer = tf.optimizers.SGD(le-1)
I—I losses = []
O.U.Y“lael\/l BbIXO[, for t in range(50):
wi i () as tape:
MoOenu \\\\\\\\\,gigﬁfffﬁiﬁﬁﬁﬁ
oss = tf.losses.MeanSquaredError() (y pred, V)
gradients = tape.gradient(
loss, model.trainable variables)
anIMeHFleM —| optimizer.apply gradients(
rpa,lJ,VIeHTbl KO BCEM zip(gradients, model.trainable variables))
oby4yaemMbIM
napamMmeTpam Mmoaenu
(Becam)

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



Keras: BbICOKOypoBHeBas obepTka

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(),
Keras MOXeT 1 Becb optimizer=optimizer)

LMK 00y4eHus
peanusoBaTb BHyTpuU!

history = model.fit(x, y, epochs=50, batch size=N)

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



TensorFlow: High-Level Wrappers

Keras (htips:/keras.iol)
tf.keras (https://www.tensorflow.org/api_docs/python/tf/keras)
tf.estimator (https://www.tensorflow.org/api_docs/python/tf/estimator)

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

TensorLayer (http:/tensorlayer.readthedocs.io/en/latest/)

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/


http://www.tensorflow.org/api_docs/python/tf/keras)
http://www.tensorflow.org/api_docs/python/tf/estimator)
http://tflearn.org/)
http://tensorlayer.readthedocs.io/en/latest/)

[ekopatop @tf.function: ctatnyeckun rpad

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
,D,eKOpaTOp def model func(x, y):

i y_pred = model(x)
tf'funCtlon (HeﬂBHO) loss = tf.losses.MeanSquaredError()(y_pred, y)
KOMI’IVIJ'II/IpyeT return y pred, loss
beHKLI,VII-O B for t in range(50):

o with tf.GradientTape() as tape:
cTatny4yeCKnu I'paCb y pred, loss = model func(x, y)
gradients = tape.gradient(

AnA NoBbILLEHNA loss, model.trainable variables)
|'|p0|/|3BO,£I,|/|TeJ'|bHOCT|/| optimizer.apply gradients(

zip(gradients, model.trainable variables))

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



[ekopatop @tf.function: ctatnyeckun rpad

3anyckanocb B Google Colab B anpene 2020

CpaBHMBaeM BpeMs
nHpepeHca ons
CTaTU4YEeCKOro u
ONHaMMYECKOro

rpadpa

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/

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 =
return y pred, loss

def model dynamic(x, y):

y_pred = model(x)
loss =

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

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

print("dynamic graph:
print|("static graph:

dynamic graph:
static graph:

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

0.02520249200000535
0.03932226699998864



[ekopatop @tf.function: ctatnyeckun rpad

TeopeTnyeckum,
cTatn4veckmu rpadp
6biIcmpee HO BCEe 3aBUCUT
OT MOAEenu, CrioeBs, BCEro

rpadgpa

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/

3anyckanocb B Google Colab B anpene 2020

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)

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




[ekopatop @tf.function: ctatnyeckun rpad

TeopeTnyeckum,
cTatn4veckmu rpadp
6biIcmpee HO BCEe 3aBUCUT
OT MOAEenu, CrioeBs, BCEro

rpadgpa

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/

3anyckanocb B Google Colab B anpene 2020

N, D, H = 64, 1000, 100

b'4 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 (Xx)
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

Istatic graph: 1.1723986679999143




Static vs Dynamic: Ontummnsauus

CTaTtundyeckune McxoaHein rpad OKBUBaNEHTHbIN rpad,
rpadpbl ny4yile Cony onepauum o6 begnHeHbI
gﬁfﬁﬁfgﬂm RelLU Conv+RelLU
Conv Conv+RelU
RelLU vy | Conv+RelU
Conv
 / RelLU

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



Static PyTorch: Ctangapt ONNX

ONNX oneHcopcCHbI cTaHgapT obMeHa Ans HEMPOCeTEBbLIX Moaenemn

Llenb: OByunTb CeTKY Ha 0 4HOM OpeNMBPKE, BbIMNOSTHUTb MHADEPEHC Ha
Opyrom

NMoonepxusaetca PyTorch, Caffe2, Microsoft CNTK, Apache MXNet

https://github.com/onnx/onnx

TensorFlow - https://github.com/onnx/onnx-tensorflow

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/


https://github.com/onnx/onnx

Static PyTorch: nogaepxka ONNX

MorkHOo akcnopTupoBaTtb PyTorch
Mmoaenb B ONNX

BeinonHuTte moaernbs Hag nycTbiM
BXOAOM 4TOObI co3gancs rpad, w
coxpanHuTte rpadp

PaboTaeT ecnu Balua mogernb He
coOepXUT B cebe ycroBum, LMKIOB,
T.€. HE ABNAEeTCH AMHAMUNYECKUM

rpadpom

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/

import torch

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

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

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

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



Static PyTorch: nogaepxka ONNX

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=1l, broadcast=1l, transB=1l] (%6, %3,
%4) , scope: Sequential/Linear([2]
return (%7);

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/

import torch

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

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

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

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

[Mocne akcnopTta B ONNX,
MOXHO 3anycTuTb torch mogenb
Hanpumep B Caffe2



Static PyTorch: TorchScript

A.B.

graph ($self.1l

__torch_ .torch.nn.modules.module. torch mangl
e 4.Module,
$input : Float (3, 4),

h : Float (3, 4)):

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

%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)

HukoHopoB, ocHoBaHO Ha Kypce http://cs231n.stanford.edu/

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, 4), torch.rand(3, 4)
traced_cell = torch.jit.trace(my cell, (x, h))
print(traced_cell.graph)

traced cell(x, h)

OKCMopT cepuanmMsoBaHHOro rpada B
TorchScript no3BonuT 3anycTuTb ero 6e3
MUTOH-OKPY>XeHus, B Java, C++, JS...



PyTorch vs TensorFlow, Static vs Dynamic

PyTorch TensorFlow 2.X
HnHamuyeckme rpadbl OuHamnyeckne: Eager
Ecnn Hy>XHO CtaTudeckue: @tf.function
cTaTudeckme:
ONNX,

Caffe2, TorchScript



Static vs Dynamic: cepuanunsauus

Static Dynamic

[TocTpOeHHbIN rpad [NocTpoeHune n ucrnonHeHe
MOXHO cepuanun3oBaTthb KoJa nepemellaHbl, MO3TOMY
M NOTOM 3aryckaTtb, 6e3 Ko[ Bcerga HyXeH

aononHuTenbHoro koga!

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



[lpumeHeHne AnHaMUYEeCKNX rpadooB

“straw” “hat” END

- PeKkyppeHTHbIe ceTu

START “Straw" llhat"

Karpathy and Fei-Fei, “Deep Visual-Semantic Alignments for

Generating Image Descriptions”, CVPR 2015
Figure copyright IEEE, 2015. Reproduced for educational purposes.

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



[lpumeHeHne AnHaMUYEeCKNX rpadooB

- PekyppeHTHble ceTu \
- PekypcuBHble ceTy / N
/\
/\ | [/\

The cat ate a big rat




[lpumeHeHne AnHaMUYEeCKNX rpadooB

PekyppeHTHble ceTu

- PekypcuBHble ceTu ’ B

- MopynbHble ceTtu ‘

- HeunpoceteBoe TR
nporpamMmmmpoBaHue mmOnoimRaOnf
! !

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

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



[lpumeHeHne AnHaMUYEeCKNX rpadooB

- PekyppeHTHble ceTu

- PekypcuBHble ceTu

- MopynbHble ceTtu

- HewnpoceTteBoe
NporpaMmMnpoBaHmNE

- YT10 ewe???

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



Model Parallel vs. Data Parallel

Data parallel: pazobbem
6aTty Ha 4YacTu no
pa3HbiMm GPU

Model parallel:
pa3obbem rpad Ha
4YacTu Mo pasHbIM
GPU

O
\OG{O@Q F‘O ccod™o
Model Parallel ‘QG«Q?E@

Data Parallel

minibatch

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



PyTorch: Data Parallel

nn.DataParallel

++. OYEeHb NPOCTO NCMNOSIb30BaTb, MPOCTO 3aBEPHYTbL MOAESb B 3TO
--: Pabotaet BHyTpW ogHoro LMY npouecca u xocTta, LUINY ctaHeT npobrnemon npu

bonbLlom konmnyectee GPU (8+).

nn.DistributedDataParallel

++: MynbTUNPOLIECCHOE U MYNBTUXOCTOBOE 0ByYeHme
--: HacTtpanBaeTcs Bpy4YHY0, CKpUNTbI 3aMyCcKaroTCs BPYYHYIO

Horovod (https://qgithub.com/horovod/horovod): MNogaepxuBaeT u PyTorch n
TensorFlow

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

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



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

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/


http://www.tensorflow.org/tutorials/distribute/keras

PyTorch vs.

TensorFlow: Academia

PyTorch vs TensorFlow: % Unique Mentions of PyTorch

80%

70% -

60% -

50% |

40%

30% -

% of total framework mentions

20% |

10%

0% -

20

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231

17 2018 2019

Year
https://thegradient.pub/state-of-ml-frameworks-2019-pytorch-dominates-re

search-tensorflow-dominates-industry/

n.stanford.edu/

80%

70%

60%

50%

40%
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120%

10%

0%

2020



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 26 103 206% 34 33 -2.90%
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 OduumanbHOro cpaBHEHUS HET.

e Tpebytotca nosuunmn 2389 ana TensorFlow 1 1366 ons
PyTorch.

e [lepcnekTmBbl HE ACHbIE, UHOYCTPUA HE OYeHb paja
yxoauTtb ¢ TF

e TensorFlow Bce ewe JOMUHUPYET AN MOOUNbHbLIX NI
BCTpamBaeMbIX yCTpoUCTB, Ana high performance inference

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



UTo BLIOPATD:

PyTorch — xopow pagna wuccneposateneun, ducrtoe API, xopolune
OvHamMmunyeckne rpabl yoobHo oTtnaxueatb. Crtatudeckun rpad
MO>XHO MoSy4YmTb nNpu nomotum TorchScript.

TensorFlow BbIOOP MO yMONYaHMIO Kak MUHUMYM B UHOYCTPUN.
CuHTakcuc ctan cunbHo nydwe HadvmHas ¢ 2.0. He ngeaneH, Ho
o4YeHb DorbLIoe coobLECTBO 1 MHOIO npunoxeHnn. OanH
dopenMBOpK Anga nccriegoBaHnn U anga npoga. BoeiCOKOypoOBHEBbLIE
0bepTKn Bpoae Keras — o4EHb XOPOLLW.

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



[lanee:
Oby4yeHne HEUPOHHBIX CETEN



