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Overview

1. One time setup:

* Activation functions, data preprocessing, weight
Initialization, regularization

2. Training dynamics:
* Learning rate schedules; hyperparameter optimization
3. After training:

* Model ensembles, transfer learning, large-batch training
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Model Ensembles

1. Train multiple independent models

2. At test time average their results:

(Take average of predicted probability distributions, then choose
argmax)

Enjoy 2% extra performance
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Model Ensembles: Tips and Tricks

Instead of training independent models, use multiple
snapshots of a single model during training!

10 Cifar10 (L=100,k=24, B=300 epochs)
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Loshchilov and Hutter, “SGDR: Stochastic gradient descent with restarts”, arXiv 2016 Epochs

Huang et al, “Snapshot ensembles: train 1, get M for free”, ICLR 2017 . .
Figures copyright Yixuan Li and Geoff Pleiss, 2017. Reproduced with permission. CyCIIC Ieammg rate SChedUIeS can

make this work even better!
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Model Ensembles: Tips and Tricks

Instead of using actual parameter vector, keep a moving
average of the parameter vector and use that at test time
(Polyak averaging)

True:
data batch = dataset.sample data batch()
loss = network.forward(data batch)

dx = network.backward()
X += - learning rate * dax
X test = 0.995*X test + 0.005*X

Polyak and Juditsky, “Acceleration of stochastic approximation by averaging”, SIAM Journal on Control and Optimization, 1992.

= \";{iig’z:
| |
| |
e =
| |}
| fis
| =~ [~

@ Karras et al, “Progressive Growing of GANs for Improved Quality, Stability, and Variation”, ICLR 2018
Brock et al, “Large Scale GAN Training for High Fidelity Natural Image Synthesis”, ICLR 201




“You need a lot of data if you want to
train / use CNNs”

What if data is limited?
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Transfer Learning with CNNs

1. Train on ImageNet 2. Use CNN as a
v feature extractor
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l btzfﬂ% et al, “DeCAF: A Deep Convolutional Activation Feature for Generic Visual Recognition”, ICML 2014
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1. Train on ImageNet

FC-1000

FC-4096

FC-4096

MaxPool
Conv-512
Conv-512

MaxPool
Conv-512
Conv-512

MaxPool
Conv-256
Conv-256

MaxPool
Conv-128
Conv-128

MaxPool
Conv-64
Conv-64

Image

Transfer Learning with CNNs

2. Use CNN as a

feature extractor

FC-4096

FC-4096

MaxPool
Conv-512
Conv-512

MaxPool
Conv-512
Conv-512

MaxPool
Conv-256
Conv-256

MaxPool
Conv-128
Conv-128

MaxPool
Conv-64
Conv-64

Image
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Remove
last layer
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these
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Classification on Caltech-101

SVM DeCAF6 w/ Dropout
Yang et al. (2009)
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LogReg DeCAF6 w/ Dropout
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I bttrﬂ% et al, “DeCAF: A Deep Convolutional Activation Feature for Generic Visual Recognition”, ICML 2014
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Transfer Learning with CNNs

1. Train on ImageNet 2. Use CNN as a
pr— feature extractor

rc-4096 Fc-a096 Bird Classification on Caltech-UCSD
FC-4096 FC-4096 \ Remove
MaxPool MaxPool last laver
Conv-512 Conv-512 y 70 64 U 9 6
Conv-512 Conv-512 65
MaxPool MaxPool 60 5 6 7 8 5 8 7 5
Conv-512 Conv-512
Conv-512 Conv-512 >3 5 O 9 8
MaxPool MaxPool 50
Conv-256 Conv-256 > F re e ze 45
Conv-256 Conv-256 these
MaxPool MaxPool 40
Conv-128 Conv-128 DPD (Zhang et POOF (Berg & AlexNet FC6 + AlexNet FC6 +
C°""'12? e al, 2013)  Belhumeur, logistic DPD
MaxPoo MaxPool .
" — 2013) regression
Conv-64 Conv-64 j
Image Image
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l btzrg% et al, “DeCAF: A Deep Convolutional Activation Feature for Generic Visual Recognition”, ICML 2014



Transfer Learning with CNNs

1. Train on ImageNet 2. Use CNN as a

e feature extractor

FC-4096 FC-4096 | o o .

oot a0t Image Classification

MaxPool MaxPool 95

Conv-512 Conv-512 89.5 89 1.4

Conv-512 Conv-512 90

MaxPool MaxPool 85

Conv-512 Conv-512 80

Conv-512 Conv-512 75

MaxPool MaxPool 69-970 8

Conv-256 Conv-256 70

Conv-256 Conv-256 65

MaxPool MaxPool 60 58 4 56.8

Conv-128 Conv-128 55 53 3

Conv-128 Conv-128

MaxPool MaxPool >0

Conv-64 Conee Objects Scenes Birds Flowers Human Object
Conv-64 Conv-64 . .
- Attriburtes Attributes
Image Image

DrEpREED. ..

B Prior State of the art m CNN + SVM m CNN + Augmentation + SVM

CNN Features Off-the-Shelf: An Astounding Baseline for Recognition”, CVPR Workshops 2014



Transfer Learning with CNNs

1. Train on ImageNet 2. Use CNN as a

pr— feature extractor
Fc-40%6 FC-40%6 Image Retrieval: Nearest-Neighbor
FC-4096 FC-4096
MaxPool MaxPool 100
Conv-512 Conv-512
Conv-512 Conv-512 90
MaxPool MaxPool 80
Conv-512 Conv-512
Conv-512 Conv-512 70
MaxPool MaxPool 60
Conv-256 Conv-256
Conv-256 Conv-256 50 48 ° 45 4 40 3
MaxPool MaxPool 40
Conv-128 Conv-128
Conv-128 Conv-128 30
MaxPool MaxPool Paris Oxford Scupltures Scenes Object
Conv-64 Conv-64 Buildings Buildings Instance
Conv-64 Conv-64
Image Image M Prior State of the art m CNN + SVM m CNN + Augmentation + SVM

(=
' bth@et al, “CNN Features Off-the-Shelf: An Astounding Baseline for Recognition”, CVPR Workshops 2014
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Transfer Learning with CNNs

1. Train on ImageNet 2. UseCNNasa 3. Bigger dataset:

1000 feature extractor Fine-Tuning

EG21095 4% |\ Remove Continue training
FC-4096 FC-4096 e V FC-4096 |
— — last layer FC4096 CNN for new task!
Conv-512 Conv-512 MaxPool
Conv-512 Conv-512 Conv-512
MaxPool MaxPool Conv-512
Conv-512 Conv-512 MaxPool
Conv-512 Conv-512 Conv-512

Conv-512

MaxPool MaxPool > F r e e Z e
Conv-256 Conv-256 MaxPool
Conv-256 Conv-256 these Conv-256
MaxPool MaxPool Conv-256
Conv-128 Conv-128 MaxPool
Conv-128 Conv-128 Conv-128
MaxPool MaxPool Conv-128
Conv-64 Conv-64 MaxPool
Conv-64 Conv-64 j Conv-64

Image Image Conv-64

Image
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1. Train on ImageNet

FC-1000

FC-4096

FC-4096

FC-4096

MaxPool
Conv-512
Conv-512

MaxPool
Conv-512
Conv-512

MaxPool
Conv-256
Conv-256

MaxPool
Conv-128
Conv-128

MaxPool
Conv-64
Conv-64

FC-4096

Image

MaxPool
Conv-512
Conv-512

MaxPool
Conv-512
Conv-512

MaxPool
Conv-256
Conv-256

MaxPool
Conv-128
Conv-128

MaxPool
Conv-64
Conv-64

Image
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2. Use CNN as a
feature extractor

Remove
last layer

> Freeze
these

J

FC-4096

FC-4096

MaxPool
Conv-512
Conv-512

MaxPool
Conv-512
Conv-512

MaxPool
Conv-256
Conv-256

MaxPool
Conv-128
Conv-128

MaxPool
Conv-64
Conv-64

Image

Transfer Learning with CNNs

3. Bigger dataset:
Fine-Tuning

Continue training
CNN for new task!

Some tricks:

Train with feature extraction first
before fine-tuning

Lower the learning rate: use
~1/10 of LR used in original
training

Sometimes freeze lower layers to
save computation

Train with BatchNorm in “test”
mode




. Train on ImageNet

FC-1000

FC-4096

FC-4096

MaxPool

Conv-512

Conv-512

MaxPool

Conv-512

Conv-512

MaxPool

Conv-256

Conv-256

MaxPool

Conv-128

Conv-128

MaxPool

Conv-64

Conv-64

Image
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2. Use CNN as a
feature extractor

FC-4096

FC-4096

MaxPool

Conv-512

Conv-512

MaxPool

Conv-512

Conv-512

MaxPool

Conv-256

Conv-256

MaxPool

Conv-128

Conv-128

MaxPool

Conv-64

Conv-64

Image

\

Remove

last layer

> Freeze

these

3. Bigger dataset:
Fine-Tuning

FC-4096

FC-4096

MaxPool

Conv-512

Conv-512

MaxPool

Conv-512

Conv-512

MaxPool

Conv-256

Conv-256

MaxPool

Conv-128

Conv-128

MaxPool

Conv-64

Conv-64

Transfer Learning with CNNs

Continue training
CNN for new task!

60
50
40
30
20
10

Object Detection

54.2
44.7
29.7
VOC 2007 ILSVRC 2013

MW Feature extraction M Fine Tuning
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Transfer Learning: Fine Tuning

1. Train on ImageNet

FC-1000

FC-4096

FC-4096

MaxPool
Conv-512
Conv-512

MaxPool
Conv-512
Conv-512

MaxPool
Conv-256
Conv-256

MaxPool
Conv-128
Conv-128

MaxPool
Conv-64
Conv-64

Image

ﬁ

Add randomly =
r

initialized final FC
layer for new task

Initialize from
ImageNet model

| bttfﬂ_a

New FC Layer

FC-4096

FC-4096

MaxPool
Conv-512
Conv-512

MaxPool
Conv-512
Conv-512

MaxPool
Conv-256
Conv-256

MaxPool
Conv-128
Conv-128

MaxPool
Conv-64
Conv-64

~

new task

Continue training
> entire model for

Compared with feature extraction,
fine-tuning:

* Requires more data

* |s computationally expensive

e Can give higher accuracies
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Transfer Learning with CNNs: Architecture Matters!

Object Detection on COCO

50 46
45 39
40 36
35 29
30
25 19
20 15
15
E 5 -

5

, e

DPM Fast R-CNN Fast R-CNN Faster R-CNN Faster R-CNN Faster R-CNN Mask R-CNN
(Pre DL) (AlexNet) (VGG-16) (VGG-16) (ResNet-50) FPN (ResNet- FPN (ResNeXt-
101) 152)

birpReb
I ztr IcK, “The Generalized R-CNN Framework for Object Detection”, ICCV 2017 Tutorial on Instance-Level Visual Recognition



Transfer Learning with CNNs

FC-1000
FC-4096
FC-4096

MaxPool
Conv-512
Conv-512

MaxPool

Comvs12 More specific

Conv-512

Use Linear Classifier on| You’re in trouble...
top layer Try linear classifier from
different stages

MaxPool
Conv-256
Conv-256

More generic
MaxPool

Conv-128
Conv-128

MaxPool

Finetune a few layers Finetune a larger
number of layers

Conv-64
Conv-64

M | btzf@




Object

Detection
(Fast R-CNN)

Transfer Learning is pervasive!
Its the norm, not the exception

CNN pretrained

Log loss + smooth L1 loss

Linear +

softmax

External proposal
algorithm
e.g. selective search

Girshick, “Fast R-CNN”, ICCV 2015

on ImageNet

Bounding box
regressors

“straw” “hat” END

ConvNet
(applied to entire

image)

Figure copyright Ross Girshick, 2015. Reproduced with

permission.

| bzzfn_a

START “straw” “hat”

Karpathy and Fei-Fei, “Deep Visual-Semantic Alignments
for Generating Image Descriptions”, CVPR 2015



Transfer Learning is pervasive!
Its the norm, not the exception

Object

Detection CNN pretrained
(Fast R_CNN) Log loss + smooth L1 loss on ImageNet

Proposal linear +
classifier softmax Linear

Bounding box
regressors

“straw” “hat” END

Rol pooling

External proposal
algorithm
e.g. selective search

ConvNet = —"
(applied to entire

image)

START “straw” “hat”

Figure copyright Ross Girshick, 2015. Reproduced with ]
permission. with word2vec
Karpathy and Fei-Fei, “Deep Visual-Semantic Alignments

l btkf@ for Generating Image Descriptions”, CVPR 2015

Girshick, “Fast R-CNN”, ICCV 2015 Word vectors pretrained /



Transfer Learning is pervasive!

Its the norm, not the exception

seq2seq bidirectional

Unified Vision-Language Pre-training B e
objective objective

Unified Encoder-Decoder

1
]
I

[CLS] E g E Cows [MASK] the [MASK] pasture [STOP]

Cows on the high mountain pasture.

Image Captioning Visual Question Answering
A girl with an upside-down umbrella. A: Yes
= » Unified Encoder-Decoder Unified Encoder-Decoder

Q: Is the umbrella upside down?

1.

2.

Train CNN on ImageNet

Fine-Tune (1) for object detection on Visual
Genome

. Train BERT language model on lots of text

. Combine (2) and (3), train for joint image /

language modeling

. Fine-tune (5) for image captioning, visual

question answering, etc.

Zhou et al, “Unified Vision-Language Pre-Training for Image
Captioning and VQA”, arXiv 2019



Transfer Learning is pervasive!
Some very recent results have questioned it

COCO object detection

45

40} — f« e Training from scratch can work as well as
‘ d
l _

35 | pertaining on ImageNet!

30

25 |

; typical
20 I fine-tuning

| schedule
15
10 : :

— ... If you train for 3x as long
5 —random init
w/ pre-train

Oo 1 2 3 4 5

He et al, "Rethinking ImageNet Pre-Training”, ICCV 2019
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45.0
40.0
35.0
30.0
25.0
20.0
15.0
10.0

5.0

0.0

Transfer Learning is pervasive!
Some very recent results have questioned it

COCO object detection

118K 35K 10K 1K

®-Pretrain + Fine Tune <B-Train From Scratch

| btt,;ﬂ_a

Pretraining + Finetuning beats training from
scratch when dataset size is very small

Collecting more data is more effective than

pretraining

He et al, "Rethinking ImageNet Pre-Training”, ICCV 2019



45.0
40.0
35.0
30.0
25.0
20.0
15.0
10.0

5.0

0.0

Transfer Learning is pervasive!
Some very recent results have questioned it

COCO object detection

118K 35K 10K 1K

®-Pretrain + Fine Tune <B-Train From Scratch

| bttpﬂ_a

My current view on transfer learning:

Pretrain + finetune makes your training faster,
so practically very useful

Training from scratch works well once you

have enough data

Lots of work left to be done

He et al, "Rethinking ImageNet Pre-Training”, ICCV 2019
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Summary

1. One time setup:

* Activation functions, data preprocessing, weight
Initialization, regularization

2. Training dynamics:

* Learning rate schedules; hyperparameter optimization
3. After training:

* Model ensembles, transfer learning

| bttfﬂ_a



A zoo of frameworks!

Caffe Caffe2

(UC Berkeley) - (Facebook)
Torch PyTorch
(NYU / Facebook) - (Facebook)
Theano TensorFlow

—

(U Montreal) (Google)

f bzzzzf[@

Darknet
Chainer
(Redmon)
MXNet CNTK
(Amazon) (Microsoft)
JAX
PaddlePaddle
(Google)
(Baidu)



A zoo of frameworks!

Caffe Caffe2

(UC Berkeley) - (Facebook)
Torch PyTorch
(NYU / Facebook) - (Facebook)
Theano TensorFlow

(U Montreal)

(Google)

We'll focus on these

f bzzzz,;[@

Darknet
Chainer
(Redmon)
MXNet CNTK
(Amazon) (Microsoft)
JAX
PaddlePaddle
(Google)
(Baidu)



Recall: Computational Graphs

c = Wx L; = ) max(0, Sj — Sy, + 1)

X \ JFYi

Hinge
loss

v ]

f bzzzz,;[@ R(W)

*  — —_— T — L
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The motivation for deep learning frameworks

1. Allow rapid prototyping of new ideas
2. Automatically compute gradients for you

3. Run it all efficiently on GPU or TPU
hardware

f bzzzz,:[@



PyTorch: Versions

For this class we are using PyTorch version 1.13
(Released October 2022)

Be careful if you are looking at older PyTorch code—
the API changed a lot before 1.0

| bttfﬂ_a
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PyTorch: Version 2.2 (2024)

further optimize models (torch.compile,
scaled dot product attention)

Intended (hot committing) to be backwards compatible

—. L]
Video crecgt: PyTorch

| bttpﬂ_a
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https://pytorch.org/get-started/pytorch-2.0/

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

| bttfﬂ_a
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PyTorch: Tensors

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)

Running example:

learning rate = le-6

Train a two-layer ReLU network e
on random data with L2 loss are.s = dec amp(mo”l)

Yy pred = h relu.mm(w2)
loss = (y pred - y).pow(2).sum()

grad y pred = 2.0 * (y pred - Yy)
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

l btt P@ w2 -= learning rate * grad w2

32



PyTorch: Tensors

Create random tensors
for data and weights

| bttfﬂ_a

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)
Yy pred = h relu.mm(w2)
loss = (y pred - y).pow(2).sum()

grad y pred = 2.0 * (y pred - Yy)
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
33



PyTorch: Tensors

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):

Forward pass: compute A= R-m ()

h relu = h.clamp(min=0)

predictions and loss e e

grad y pred = 2.0 * (y pred - Yy)
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

l btz P@ w2 -= learning rate * grad w2 y



PyTorch: Tensors

Backward pass: manually
compute gradients

| bttfﬂ_a

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)
Yy pred = h relu.mm(w2)
loss = (y pred - y).pow(2).sum()

grad y pred = 2.0 * (y pred - Yy)
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] =
grad wl = x.t().mm(grad h)

wl -= learning rate * grad wl

w2 -= learning rate * grad w2
35



PyTorch: Tensors

Gradient descent
step on weights

| bttfﬂ_a

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)
Yy pred = h relu.mm(w2)
loss = (y pred - y).pow(2).sum()

grad y pred = 2.0 * (y pred - Yy)
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)

36



PyTorch: Tensors

To run on GPU, just use
a different device!

| bttfﬂ_a

—

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)
Yy pred = h relu.mm(w2)
loss = (y pred - y).pow(2).sum()

grad y pred = 2.0 * (y pred - Yy)
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
37



PyTorch: Autograd

Creating Tensors with
requires_grad=True
enables autograd

Operations on Tensors with
requires_grad=True cause PyTorch
to build a computational graph

| btt,;ﬂ_a

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 ()

38



PyTorch: Autograd

import torch

We will not want gradients N, D_in, H, D out = 64, 1000, 100, 10
(of loss) with respect to data =/

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

DO Wa nt gradients With y pred = x.mm(wl).clamp(min=0).mm(w2)

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

respect to weights

loss.backward()

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

l DiipReb }



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)

Compute gradients with loss = (y_pred - y).pow(2).sum()
respect to all inputs that —— [ osemeowaa |

have requires_grad=True! with torch.no_grad():
- wl -= learning rate * wl.grad
w2 -= learning rate * w2.grad

wl.grad.zero ()
w2.grad.zero ()

lbzzpﬂ_a .



PyTorch: Autograd

Every operation on a tensor with
requires_grad=True will add to the
computational graph, and the resulting
tensors will also have requires_grad=True

| btt,;ﬂ_a

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

loss.backward()

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

import torch

A wl N, D in, H, D out = 64, 1000, 100, 10
_*frnn1]*_ x = torch.randn(N, D in)
l 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
l for t in range(500):

Y pred = x.mm(wl).rmn(w2)
loss = (y pred - y).pow(2).sum()

Every operation on a tensor with Sl e ]

" — " with torch.no grad():
requires_grad=True will add to the e lggrg;g_me e
computational graph, and the resulting w2 —= learning rate * w2.grad

. . wl.grad.zero_ ()
tensors will also have requires_grad=True w2.grad.zero_()

l DiipReb §



w2

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():
wl -= learning rate * wl.grad
w2 -= learning rate * w2.grad
wl.grad.zero ()
w2.grad.zero ()
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w2

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 = .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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w2

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).sum()

loss.backward()

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

w2.grad.zero ()

45



PyTorch: Autograd

w1l w2

—{sum]—>

loss

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 ()
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PyTorch: Autograd

import torch

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

x = torch.randn(N, D in)

y = torch.randn(N, D out)

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

e
that require grad .|

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

4’[ sum ]—> loss
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PyTorch: Autograd

import torch

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

x = torch.randn(N, D in)

y = torch.randn(N, D out)

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

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

After backward finishes, gradients T_pad = X Mm(NL)=0laNp (RLI0) - mm{y2)

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

are accumulated into wlgradand [ oomeao ]

w2.grad and the graph is destroyed

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

l DiipReb .



PyTorch: Autograd

import torch

X wl w2 y 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):

After backward finishes, gradients y_pred = x.mm(vl).clamp(min=0).mm(v2)
oss = (y pred - y).pow(2).sum()

are accumulated into wlgradand [ oomeao ]

w2.grad and the graph is destroyed en toren o arag

wl -= learning rate * wl.grad

,,———””" w2 -= learning rate * w2.grad

Make gradient step on weights wl.grad.zero_()

w2.grad.zero ()
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PyTorch: Autograd

import torch

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

x = torch.randn(N, D in)

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):

After backward finishes, gradients T_pad = X Mm(NL)=0laNp (RLI0) - mm{y2)

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

are accumulated into wlgradand [ oomeao ]

w2.grad and the graph is destroyed

with torch.no grad():

wl -= learning rate * wl.grad
. . . e w2 -= learning rate * w2.grad
Set gradients to zero—forgetting this is wi.grad.zero ()

w2.grad.zero

a common bug!
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PyTorch: Autograd

import torch

X wl w2 y 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):

After backward finishes, gradients T_pad = X Mm(NL)=0laNp (RLI0) - mm{y2)

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

re accumulated into wLgrad and [y
w2.grad and the graph is destroyea
wl -= learning rate * wl.grad
. w2 -= learning rate * w2.grad
Tell PyTorch not to build a graph for / e 5 ’
these operations L

l DiipReb :



PyTorch: New Functions

Can define new operations
using Python functions

def sigmoid(x):

return 1.0

| bttfﬂ_a

/

(1.0 + (-x).exp())

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

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

SR L

learning rate = le-6

for t in range(500):
y_pred = X.mm(wl)).mm(w2)

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

loss.backward()
if t & 50 ==
print(t, loss.item())

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: New Functions

Can define new operations
using Python functions

def sigmoid(x):
return 1.0 / (1.0 + (-X).exp())

)l( When our function runs,
EEy it will add to the graph

l Gradients computed
with autograd

({1 {10/}

| bttfﬂg)

import torch

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

X = torch.randn(N, D in)
y = torch.randn(N, D out)
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)).mm(w2)

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

loss.backward()
if t & 50 ==
print(t, loss.item())

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: New Functions

Can define new operations
using Python functions

def sigmoid(x):
return 1.0 / (1.0 + (-X).exp())

)l( When our function runs,
EEy it will add to the graph
g Gradients computed
Cexp | with autograd
' o

1 {10/ )—

| btzfﬂé)

Define new autograd operators
by subclassing Function, define
forward and backward

class Sigmoid(torch.autograd.Function):

@staticmethod

def forward(ctx, X):
y =1.0 / (1.0 + (-x).exp())
ctx.save for backward(y)
LEECULI V

@staticmethod

def backward(ctx, grad y):
Yy, = ctx.saved tensors
grad Xx = grad y *y * (1.0 - vy)
return grad x

def sigmoid(x):
return Sigmoid.apply(x)

a - -

Recall:

dr L.

o(z)| = (1 —a(z))o()
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PyTorch: New Functions

Define new autograd operators

Can define new operations by subclassing Function, define
using Python functions forward and backward
_ . class Sigmoid(torch.autograd.Function):
def sigmoid(x): @staticmethod
return 1.0 / (1.0 + (-x).exp()) def forward(ctx, x):

y = 1.0 / (1.0 + (-x).exp())
ctx.save for backward(y)

| X | ] EEEULn Y
When our function runs,

: : @staticmethod
[ *-1 ] it will add to the graph def backward(ctx, grad y):
Yy, = ctx.saved tensors
T . grad Xx = grad y *y * (1.0 - vy)
1 Gradients computed return grad x

with autograd

| \
1 — {10/ )—

def sigmoid(x):
return Sigmoid.apply(x)

Now when our function runs, | Sigmoid |
it adds one node to the graph! " * sigmoid =

| bz;:,;[@ .




PyTorch: New Functions

Can define new operations
using Python functions

def sigmoid(x):
return 1.0 / (1.0 + (-X).exp())

When our function runs,
EEy it will add to the graph

T Gradients computed
with autograd

' \
1 — {10/ )—

| bttf[@

Define new autograd operators
by subclassing Function, define
forward and backward

class Sigmoid(torch.autograd.Function):
@staticmethod
def forward(ctx, X):
y =1.0 / (1.0 + (-x).exp())
ctx.save for backward(y)
EECUTLN Vv

@staticmethod

def backward(ctx, grad y):
Yy, = ctx.saved tensors
grad Xx = grad y *y * (1.0 - vy)
return grad x

def sigmoid(x):
return Sigmoid.apply(x)

In practice this is pretty rare — in most
cases Python functions are good enough
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PyTorch: nn

Higher-level wrapper for
working with neural nets

Use this! It will make your
life easier

| bttf@

import torch

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

x=
Y:

torch.randn(N, D in)
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):

Yy 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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Object-oriented API: Define
model object as sequence
of layers objects, each of
which holds weight tensors

| bttfﬂg)

PyTorch: nn

import torch

N, D in, H
X
y

, D out = 64, 1000, 100, 10

torch.randn(N, D in)
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 r
for thinyr

ate = le-2
ange(500):

Yy 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()




Forward pass: Feed data to
model and compute loss

| bttfﬂ_a

PyTorch: nn

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 (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()
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Forward pass: Feed data to
model and compute loss

torch.nn.functional has useful
helpers like loss functions

| bttfﬂ_a

_— ] y pred = model (xX)

PyTorch: nn

import torch

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

loss =|torch.nn.functlonalese_loss(y_pred, v)

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

D in, H, D out = 64, 1000, 100, 10
torch.randn(N, D in)
1elo

N,
X
Yy rch.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):

Backward pass: compute y_pred = model (x)

. . loss = torch.nn.functional.mse loss(y pred, y)
gradient with respect to all
model weights (they have

] with torch.no grad():
requn'es_grad:True) for param in model.parameters():

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

—_— | loss.backward()

l DiipReb )



Make gradient step on
each model parameter
(with gradients disabled)

| bttfﬂg)

PyTorch: nn

import torch

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

x=
y:

torch.randn(N, D in)
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):

Yy pred = model(x)

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

loss.backward()

S

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

model.zero grad()
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Use an optimizer for
different update rules

| bttfﬂg)

PyTorch: optim

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-4

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

lr=learning rate)

— for t in range(500):
Yy pred = model (x)

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

loss.backward()

optimizer.step()
optimizer.zero grad()
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PyTorch: optim

After computing
gradients, use optimizer to
update and zero gradients -

| bttfﬂg)

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

lr=learning rate)
for t in range(500):
Yy 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
Defining Modules

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

Modules can contain weights or
other modules

Very common to define your own
models or layers as custom Modules

import torch

class TwoLayerNet(torch.nn.Module):

def

def

N, D in,
X EOEC
Yy LOTEC

model =

__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)

forward(self, x):

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

return y pred

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

TwoLayerNet (D in, H, D out)

optimizer = torch.optim.SGD(model.parameters(),
for t in range(500):
y_pred = model(Xx)

loss

loss

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

.backward()

optimizer.step()
optimizer.zero grad()

lr=1e-4)



PyTorch: nn
Defining Modules

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)

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
] N, D in, H, D out = 64, 1000, 100, 10
d S|ng|e MOdUIE X = torch.randn(N, D in)

y = torch.randn(N, D out)
model = TwolLayerNet(D in, H, D out)

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

Yy pred = model(Xx)

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

loss.backward()
optimizer.step()
optimizer.zero grad()
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Initializer sets up two
children (Modules can
contain modules)

| bttfﬂg)

PyTorch: nn
Defining Modules

import torch

class TwoLayerNet (torch.nn.Module):
def 1init (self, D in, H, D out):
super (TwoLayerNet, self). init ()

self.linearl torch.nn.Linear(D in, H)

self.linear? torch.nn.Linear(H, D out)

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

return y pred

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

X = torch.randn(N, D in)
y = torch.randn(N, D out)
model = TwolLayerNet(D in, H, D out)
optimizer = torch.optim.SGD(model.parameters(), lr=le-4)
for t in range(500):
Yy pred = model(Xx)
loss = torch.nn.functional.mse loss(y pred, y)

loss.backward()
optimizer.step()
optimizer.zero grad()
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Define forward pass using child
modules and tensor operations

No need to define backward -
autograd will handle it

| bttfﬂg)

PyTorch: nn
Defining Modules

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)

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

Y pred =
return y pred

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

X
y

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

model = TwolLayerNet(D in, H, D out)

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

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

loss.backward()

optimizer.step()
optimizer.zero grad()
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PyTorch: nn
Defining Modules

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)

Very commaon to mix and matCh model = torch.nn.Sequential(
ParallelBlock(D in, H),

custom Module subclasses and ey =

Sequential containers

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

optimizer = torch.optim.Adam(model.parameters(), lr=le-4)
for t in range(500):
Yy pred = model(Xx)
loss = torch.nn.functional.mse loss(y pred, y)
loss.backward()
optimizer.step()
optimizer.zero grad()
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PyTorch: nn
Defining Modules

import torch

Define network component
class ParallelBlock(torch.nn.Module):
as a Module subclass 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)
X forward(self, x):

hl = self.linearl(x)
h2 = self.linear2(x)
return (hl * h2).clamp(min=0)

[ Linear J [ Linear ]

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

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):

\\\T::::]x/// model = torch.nn.Sequential (

Y pred = model (x)
[ relu ] loss = torch.nn.functional.mse loss(y pred, y)
loss.backward()

optimizer.step()

optimizer.zero grad()

l DiipReb §




PyTorch: nn

Defining Modules

import torch

Stack multiple instances of the
component in a sequential

def

X \ def
| \Tiif/

1 N,
1
|

_relu |
)(\\
\@/

D in

Very easy to quickly
build complex network
architectures!

| bttfﬂg)

optimizer =

for t in range(500):
Yy pred = model(Xx)

| loss

loss.backward()

' optimizer.step()

optimizer.zero grad()

class ParallelBlock(torch.nn.Module):
__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)
forward(self, x):

hl = self.linearl(x)

h2 = self.linear2(x)

return (hl * h2).clamp(min=0)

1000, 10

H, D out = 64, 100,

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

torch.nn.Sequential (
ParallelBlock(D in, H),

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

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

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

/1



PyTorch: DatalLoaders

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

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

A Dataloader wraps a

Dataset and provides y rch.randn(N, D_out)

minibatChing; Sthﬂing; loader = Dataloader(TensorDataset(x, y), batch size=8)
optimizer = torch.optim.SGD(model.parameters(), lr=le-2)
for epoch in range(20):

When e ne.ed to Ioad for x batch, y batch in loader:

custom data, just write your y pred = model(x batch)

owh Dataset class loss = torch.nn.functional.mse loss(y pred, y batch)

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

/2
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PyTorch: DatalLoaders

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

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

loader = Dataloader(TensorDataset(x, y), batch size=8)
model = TwolLayerNet(D in, H, D out)

lterate over loader to optimizer = torch.optim.SGD(model.parameters(), lr=le-2)
o for epoch in range(20):
form minibatches for x batch, y batch in loader:

Yy pred = model(x batch)

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

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

/3
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PyTorch: Pretrained Models

Super easy to use pertained models with torch vision

https://pytorch.org/vision/stable/

import torch
import torchvision

alexnet = torchvision.models.alexnet(pretrained=True)
vgglé = torchvision.models.vgglé (pretrained=True)
resnetl0l = torchvision.models.resnetl0l(pretrained=True)

| btzfﬂé)
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DR

PyTorch: Dynamic Computation Graphs

| bttfﬂ_a

import torch

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

Xx = 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()

/5
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PyTorch: Dynamic Computation Graphs

X wl

| btt,;ﬂ_a

w2

import torch

D in, H, D out = 64, 1000, 100, 10
Xx = torch.randn(N, D in)
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):
y pred = x.mm(wl).clamp(min=0).mm(w2)
loss = (y pred - y).pow(2).sum()

loss.backward()

Create Tensor objects
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PyTorch: Dynamic Computation Graphs

W2

X wl
—{ mm J
l
l
[cknnp ]

l

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)

s
—
I |

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

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

0oss = (y pred - y).pow(<).sum()

loss.backward()

Build graph data structure
AND perform computation
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1

W
_mm
'

[cknnp ]

—{ sum —

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

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

loss.backward()

Build graph data structure
AND perform computation



DR

PyTorch: Dynamic Computation Graphs

X wl w2

4{ sum ]—>

loss

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()\

Perform backprop,
throw away graph
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PyTorch: Dynamic Computation Graphs

X wl

| btt,;ﬂ_a

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()

Perform backprop,
throw away graph
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PyTorch: Dynamic Computation Graphs

W2

X wl
—{ mm —
'

'

[ clamp ]

'

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)

s
—
I |

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

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

0oss = (y pred - y).pow(<).sum()

loss.backward()

Build graph data structure
AND perform computation
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1

W
_mm
'

[ clamp ]

—{ sum —

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

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

loss.backward()

Build graph data structure
AND perform computation
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PyTorch: Dynamic Computation Graphs

X w1l W2

—{ sum —

loss

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()

Perform backprop,
throw away graph
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PyTorch: Dynamic Computation Graphs

Dynamic graphs let you use
regular Python control flow
during the forward pass!

| bttfﬂg)

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)
w2a = torch.randn(H, D out, requires grad=True)
w2b = torch.randn(H, D out, requires grad=True)
learning rate = le-6

prev _loss = 5.0

for t in range(500):
w2 = w2a 1if prev loss < 5.0 else w2b
y pred = x.mm(wl).clamp(min=0) .mm(w2)
loss = (y pred - y).pow(2).sum()

loss.backward()
prev_loss = loss.item()
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PyTorch: Dynamic Computation Graphs

import torch

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

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

Dynamic graphs let you use ,
regular Python control flow Yy
during the forward pass! W

learning rate = le-6
prev _loss = 5.0

Initialize two different £50 T i Tance (50D):

Weight matrices for w2 = w2a if prev_loss < 5.0 else w2b
y pred = x.mm(wl).clamp(min=0) .mm(w2)
second Iayer loss = (y pred - y).pow(2).sum()

loss.backward()
prev_loss = loss.item()

| bttfﬂg)
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PyTorch: Dynamic Computation Graphs

Dynamic graphs let you use
regular Python control flow
during the forward pass!

Decide which one to use /

at each layer based on
loss at previous iteration

(this model doesn’t
makes sense! Just a

simple dynamic example)

| bttf@

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)
w2a = torch.randn(H, D out, requires grad=True)
w2b = torch.randn(H, D out, requires grad=True)
learning rate = le-6

prev _loss = 5.0

for t in range(500):
w2 = w2a 1f prev loss < 5.0 else w2b

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

loss.backward()
prev_loss = loss.item()
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Alternative: Static Computation Graphs

Alternative: Static graphs

Step 1: Build computational graph
describing our computation
(including finding paths for backprop)

Step 2: Reuse the same graph on
every iteration graph = build graph()

for x batch, y batch in loader:
run graph(graph, x=x batch, y=y batch)

| btzfﬂé)
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Alternative: Static Graphs with JIT

Define model as a
Python function

| bttpﬂ_a

import torch

def model(x, y, wl, w2a, w2b, prev loss):
w2 = w2a 1f prev loss < 5.0 else w2b
y pred = x.mm(wl).clamp(min=0) .mm(w2)

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

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)
w2a = torch.randn(H, D out, requires grad=True)
w2b = torch.randn(H, D out, requires grad=True)

graph = torch.jit.script(model)

prev _loss = 5.0
learning rate = le-6
for t in range(500):
loss = graph(x, y, wl, w2a, w2b, prev loss).

loss.backward()
prev loss = loss.item()



Alternative: Static Graphs with JIT

import torch

def model(x, y, wl, w2a, w2b, prev loss):
w2 = w2a 1f prev loss < 5.0 else w2b
y pred = x.mm(wl).clamp(min=0) .mm(w2)
loss = (y pred - y).pow(2).sum()
return loss

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

X = torch.randn(N, D in)
Just-In-Time compilation: y = torch.randn(N, D_out) |

wl = torch.randn(D 1n, H, requires grad=True)
Introspect the source code w2a = torch.randn(H, D out, requires grad=True)

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

of the function, compile it

into a graph object. ) “’

prev _loss = 5.0
learning rate = le-6

Lots of magic herel for t in range(500):

loss = graph(x, y, wl, w2a, w2b, prev loss).

loss.backward()
prev loss = loss.item()

| bttfﬂg)
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Alternative: Static Graphs with JIT

1

w2a w2b prev

W
— mm
!

loss

4{ if <v5.0 }—

|

Graph includes a conditional
node to handle both cases!

y

| _’[ pow]—» 4’[ sum }—> loss

| bttpﬂ_a

import torch

def model(x, y, wl, w2a, w2b, prev loss):
w2 = w2a 1f prev loss < 5.0 else w2b
y pred = x.mm(wl).clamp(min=0) .mm(w2)
loss = (y pred - y).pow(2).sum()
return loss

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)
w2a = torch.randn(H, D out, requires grad=True)
w2b = torch.randn(H, D out, requires grad=True)

graph = torch.jit.script(model)

prev _loss = 5.0
learning rate = le-6
for t in range(500):
loss = graph(x, y, wl, w2a, w2b, prev loss).

loss.backward()
prev loss = loss.item()

20



Alternative: Static Graphs with JIT

Use our compiled graph

object at each forward pass

| bttfﬂ_a

import torch

def model(x, y, wl, w2a, w2b, prev loss):
w2 = w2a if prev loss < 5.0 else w2b
y pred = x.mm(wl).clamp(min=0).mm(w2)
loss = (y pred - y).pow(2).sum()
return loss

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)
w2a = torch.randn(H, D out, requires grad=True)
w2b = torch.randn(H, D out, requires grad=True)

graph = torch.jit.script(model)

prev loss = 5.0

learning rate le-6

for t in range(500):

loss = graph(x, y, wl, w2a, w2b, prev loss).

loss.backward()
prev _loss = loss.item()
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Alternative: Static Graphs with JIT

import torch

Even easier: add annotation / def model(x, y, wl, w2a, w2b, prev loss):

w2 = w2a 1f prev loss < 5.0 else w2b

to function, Python function y pred = x.mm(wl).clamp(min=0).mm(w2)
. . loss = red - .pow(2).sum
compiled to a graph when it o8 - 1P Y)-pow(2).-sum()
is defined N, D in, H, D out = 64, 1000, 100, 10
X = torch.randn(N, D in)
Calli £ . h y = torch.randn(N, D out)
alling unction uses grap wl = torch.randn(D in, H, requires grad=True)

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

prev loss = 5.0
ning rate = le-6

for t range(500):
loss =|model(x, y, wl, w2a, w2b, prev loss)

loss.backward()
prev_loss = loss.item()

| bttfﬂg)
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Static vs Dynamic Graphs: Optimization

With static graphs,
framework can
optimize the graph
for you before it runs!

| bttfﬂ_a

The graph you wrote Equivalent graph with

fused operations
Conv

| RelLU | Conv+RelU |
| Conv | Conv+RelU |
I RelLU | Conv+RelU |

| Conv |
| RelLU |
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Static vs Dynamic Graphs: Optimization

Static Dynamic

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

built the graph!

e.g. train model in
Python, deploy in C++

f bzzzz,:[@



DR

Static vs Dynamic Graphs: Optimization

Static Dynamic

Lots of indirection The code you write is the code
between the code you that runs! Easy to reason about,
write and the code that debug, profile, etc

runs — can be hard to
debug, benchmark, etc

f bzzzz,;[@



Dynamic Graph Applications

Model structure B |
depends On the inpUt: Beliefovfeirstates v ‘~.--(.----§---"

- Recurrent Networks P
- Recursive Networks | |

] .
. single vector

Q

deterministic
update

Motion
model

update _x
>l Gradient
Measurement

model ¢ Prediction ' K particles
Observation 7 stochastic
Bayesian update

input—»( PF-RNN )—N)utput

[1] Ma et al., RSS 2018 [2] Ma et al., AAAI 2020

I btt @@hkowskl Divyam Rastogi, Oliver Brock. “Differentiable Particle Filters: End-to-End Learning with Algorithmic Priors” RSS, 2018
eter Karkus, David Hsu, Wee Sun Lee. “Particle Filter Recurrent Neural Networks” AAAI, 2020. 96



Dynamic Graph Applications

Model structure

depends on the input:
- Recurrent Networks
- Recursive Networks

- Modular Networks

[1] Karkus et al., RSS 2019

l btt m@ s, Xiao Ma, David Hsu, Leslie Pack Kaelblin QW e Sun Lee, Tomas Lozano-Perez.
Alg tth tworks for Composable Robot Learning” RSS, 2019 o7



Dynamic Graph Applications

Model structure
depends on the input:
- Recurrent Networks
- Recursive Networks
- Modular Networks

- (Your idea here!)

Final Project

' bf[@
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TensorFlow: Versions

TensorFlow 1.0 TensorFlow 2.0

- Final release: 1.15.3 - Current release: 2.8.0

- Default: static graphs - Released 2/2/2022

- Optional: dynamic graphs - Default: dynamic graphs
(eager mode) - Optional: static graphs

f bzzzz,;[@



TensorFlow 1.0: Static Graphs

ilmport numpy as np
import tensorflow as tf

(Assume imports at the
top of each snippet)

| btt,;ﬂ_a

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=1l))

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
feed dict=values)
loss val, grad wl val, grad w2 val

}

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

out
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TensorFlow 1.0: Static Graphs

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))

First define computational e I )
y pred = tf.matmul(h, w2)
graph diff = y pred - y

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

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

with tf.Session() as sess:

values = {X: np.random.randn(N, D),
Then run the graph many wl: np.random.randn(D, H),

times 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

l DiipRolb




TensorFlow 2.0: Dynamic Graphs

import tensorflow as tf

N, Din, H, Dout 16, 1000, 100, 10

tf.random.normal( (N, Din))
tf.random.normal( (N, Dout))

tf.Variable(tf.random.normal((Din, H)))
Create TensorFIow tf.Variable(tf.random.normal((H, Dout)))
Tensors for data and learning rate = le-6
. for t in range(1000):
WEIghtS with tf.GradientTape() as tape:

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

Weights need to be SLEE T EEEE T . .
] ) loss = tf.reduce mean(tf.reduce sum(diff ** 2, axis=l))
wrapped in tf.Variable

so we can mutate them grad_wl, grad_w2 = tape.gradient(loss, [wl, w2])

wl.assign(wl - learning rate * grad wl)
w2.assign(w2 - learning rate * grad w2)

102
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TensorFlow 2.0: Dynamic Graphs

import tensorflow as tf

N, Din, H, Dout = 16, 1000, 100, 10

x = tf.random.normal( (N, Din))

y = tf.random.normal( (N, Dout))

wl = tf.Variable(tf.random.normal((Din, H)))
SCOpe fOI"WB rd PASS w2 = tf.Variable(tf.random.normal((H, Dout)))

under a GradientTape to |
learning rate = le-6
tell TensorFlow to start for t in range(1000):

-1 1: with tf.GradientTape() as tape:
bU|Id|ng d graph .maximum(tf.matmul(x, wl), 0)
tf.matmul(h, w2)

Yy pred - y
tf.reduce mean(tf.reduce sum(diff ** 2, axis=1))

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

wl.assign(wl - learning rate * grad wl)
w2.assign(w2 - learning rate * grad w2)

l DiipRolb



TensorFlow 2.0: Dynamic Graphs

import tensorflow as tf
N, Din, H, Dout = 16, 1000, 100, 10

X tf.random.normal ( (N, Din))

y tf.random.normal ( (N, Dout))
wl = tf.Variable(tf.random.normal((Din, H)))
SCOpe fOI"WH rd PASS w2 = tf.Variable(tf.random.normal((H, Dout)))

under a GradientTape to |
learning rate = le-6
tell TensorFlow to start for t in range(1000):

1 1: with tf.GradientTape() as tape:
buﬂdmga graph 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,

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

wl.assign(wl - learning rate * grad wl)
w2.assign(w2 - learning rate * grad w2)

In PyTorch, all ops build graph by default; opt out via torch.no_grad
In Tensorflow, ops do not build graph by default; opt in via GradientTape

| bttfﬂg)

axis=1l))
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TensorFlow 2.0: Dynamic Graphs

Ask the tape to

compute gradients \

| bttpﬂ_a

import tensorflow as tf
N, Din, H, Dout = 16, 1000, 100, 10

x = tf.random.normal( (N, Din))
y = tf.random.normal( (N, Dout))

wl = tf.Variable(tf.random.normal((Din, H)))
w2 = tf.Variable(tf.random.normal((H, Dout)))
learning rate = le-6

for t in range(1000):
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))

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

wl.assign(wl - learning rate * grad wl)
w2.assign(w2 - learning rate * grad w2)
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TensorFlow 2.0: Dynamic Graphs

import tensorflow as tf

16, 1000, 100, 10

N, Din, H, Dout

x = tf.random.normal( (N, Din))

y = tf.random.normal( (N, Dout))

wl = tf.Variable(tf.random.normal((Din, H)))
w2 = tf.Variable(tf.random.normal((H, Dout)))
learning rate = le-6

for t in range(1000):
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))

Gradient descent grad wl, grad w2 = tape.gradient(loss, [wl, w2])

step, update weights \

l DiipRolb



TensorFlow 2.0: Static Graphs

Define a function that

implements forward, _——

backward, and update

Annotating with
tf.function will compile

the function into a graph!
(similar to torch.jit.script)

| bttfﬂg)

@tf.function
def step(x, y, wl, w2):
with tf.GradientTape() as tape:
.maximum(tf.matmul(x, wl), 0)
tf.matmul(h, w2)

Yy pred - y
tf.reduce mean(tf.reduce sum(diff ** 2, axis=1))

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

wl.assign(wl - learning rate * grad wl)
w2.assign(w2 - learning rate * grad w2)
return loss

N, Din, H, Dout = 16, 1000, 100, 10

Xx = tf.random.normal( (N, Din))

y = tf.random.normal( (N, Dout))

wl = tf.Variable(tf.random.normal((Din, H)))
w2 = tf.Variable(tf.random.normal((H, Dout)))
learning rate = le-6

for t in range(1000):
loss = step(x, vy, wl, w2)

107



TensorFlow 2.0: Static Graphs

BtLE . funiction

Define a function that def step(x, y, wl, w2):
: with tf.GradientTape() as tape:
implements forward, h = tf.maximum(tf.matmul(x, wl), 0)
d = tf.matmul(h, w2
backward, and update I Tof = g ored g
loss = tf.reduce mean(tf.reduce sum(diff ** 2, axis=1l))
Annotating Wlth grad wl, grad w2 = tape.gradient(loss, [wl, w2])
tf.function will compile wl.assign(wl - learning_rate * grad_wl)
. . w2.assign(w2 - learning rate * grad w2
the function into a graph! return 1oss
(similar to torch.jit.script) N, Din, H, Dout = 16, 1000, 100, 10
X = tf.random.normal( (N, Din))
y = tf.random.normal( (N, Dout))
.(nOte TF graF.)h can wl = tf.Variable(tf.random.normal((Din, H)))
mclude grad|ent w2 = tf.Variable(tf.random.normal((H, Dout)))
computation and update, learning rate = le-6
. for t in range(1000):
unllke PyTorch) loss = step(x, vy, wl, w2)
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TensorFlow 2.0: Static Graphs

@tf.function
def step(x, y, wl, w2):
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))

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

wl.assign(wl - learning rate * grad wl)
w2.assign(w2 - learning rate * grad w2)
return loss

N, Din, H, Dout = 16, 1000, 100, 10
Call the compiled step

] ] o Xx = tf.random.normal((N, Din))
function in the tralnlng y = tf.random.normal( (N, Dout))
| wl = tf.Variable(tf.random.normal((Din, H)))
0op w2 = tf.Variable(tf.random.normal((H, Dout)))

learning rate = le-6

for t in range(1000):
loss = step(x, vy, wl, w2)

l DiipRolb
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Keras: High-level API

import tensorflow as tf
from tensorflow.keras.models import Sequential
from tensorflow.keras.layers import InputLayer, Dense

N, Din, H, Dout = 16, 1000, 100, 10

model = Sequential()
model.add(InputLayer (input shape=(Din,)))
model.add(Dense(units=H, activation='relu'))
model.add(Dense(units=Dout))

params = model.trainable variables

loss fn = tf.keras.losses.MeanSquaredError()
opt = tf.keras.optimizers.SGD(learning rate=le-6)

tf.random.normal( (N, Din))
tf.random.normal ( (N, Dout))

X
Yy

for t in range(1000):
with tf.GradientTape() as tape:
y pred = model (X)
loss = loss fn(y pred, y)
grads = tape.gradient(loss, params)
opt.apply gradients(zip(grads, params))
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Object-oriented API:
build the model as a
stack of layers

| bttfﬂ_a

Keras: High-level API

import tensorflow as tf
from tensorflow.keras.models import Sequential
from tensorflow.keras.layers import InputLayer, Dense

N, Din, H, Dout = 16, 1000, 100, 10

model = Sequential()
model.add(InputLayer (input shape=(Din,)))
model.add(Dense(units=H, activation='relu'))

model.add(Dense(units=Dout))
params = model.trainable variables

loss fn = tf.keras.losses.MeanSquaredError()
opt = tf.keras.optimizers.SGD(learning rate=le-6)

X = tf.random.normal( (N, Din))
= tf.random.normal( (N, Dout))

for t in range(1000):
with tf.GradientTape() as tape:
y pred = model (X)
loss = loss fn(y pred, y)
grads = tape.gradient(loss, params)
opt.apply gradients(zip(grads, params))
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Keras gives you
common loss
functions and
optimization
algorithms

| bttpﬂ_a

Keras: High-level API

import tensorflow as tf
from tensorflow.keras.models import Sequential
from tensorflow.keras.layers import InputLayer, Dense

N, Din, H, Dout = 16, 1000, 100, 10

model = Sequential()
model.add(InputLayer (input shape=(Din,)))
model.add(Dense(units=H, activation='relu'))
model.add(Dense(units=Dout))

params = model.trainable variables

X = tf.random.normal( (N, Din))
= tf.random.normal( (N, Dout))

for t in range(1000):
with tf.GradientTape() as tape:
y pred = model (X)
loss = loss fn(y pred, y)
grads = tape.gradient(loss, params)
opt.apply gradients(zip(grads, params))
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Keras: High-level API

import tensorflow as tf
from tensorflow.keras.models import Sequential
from tensorflow.keras.layers import InputLayer, Dense

N, Din, H, Dout = 16, 1000, 100, 10

model = Sequential()
model.add(InputLayer (input shape=(Din,)))
model.add(Dense(units=H, activation='relu'))
model.add(Dense(units=Dout))

params = model.trainable variables

Forward paSS: loss fn = tf.keras:lc.)sses.MeanSquarngrror()
opt = tf.keras.optimizers.SGD(learning rate=le-6)
Compute loss, |
X = tf.random.normal( (N, Din))
= tf.random.normal( (N, Dout))

build graph y
for t in range(1000

with tf.GradientTape() as tape:

Backward pass: y_pred = model(x)
. loss = loss fn(y pred, y)
compute gradlents grads = tape.gradient(loss, params)

opt.apply gradients(zip(grads, params))
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Keras: High-level API

import tensorflow as tf
from tensorflow.keras.models import Sequential
from tensorflow.keras.layers import InputLayer, Dense

N, Din, H, Dout = 16, 1000, 100, 10

model = Sequential()
model.add(InputLayer (input shape=(Din,)))
model.add(Dense(units=H, activation='relu'))
model.add(Dense(units=Dout))

params = model.trainable variables

loss fn = tf.keras.losses.MeanSquaredError()
opt = tf.keras.optimizers.SGD(learning rate=le-6)

x = tf.random.normal( (N, Din))
y = tf.random.normal( (N, Dout))
for t in range(1000):
Optimizer object with tf.GradientTape() as tape:
y pred = model (X)
updates parameters loss = loss fn(y pred, y)

grads = tape.gradient(loss, params

opt.apply gradients(zip(grads, params))
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Define a function
that returns the loss

| bttpﬂ_a

Keras: High-level API

\

import tensorflow as tf
from tensorflow.keras.models import Sequential
from tensorflow.keras.layers import InputLayer, Dense

N, Din, H, Dout = 16, 1000, 100, 10
model = Sequential()
model.add(InputLayer (input shape=(Din,)))

model.add(Dense(units=H, activation='relu'))
model.add(Dense(units=Dout))

params = model.trainable variables

loss fn = tf.keras.losses.MeanSquaredError ()
opt = tf.keras.optimizers.SGD(learning rate=le-6)

tf.random.normal ( (N, Din))
tf.random.normal ( (N, Dout))

X
: 4

y pred = model (x)

loss = loss fn(y pred, y)
return loss

for t in range(1000):
opt.minimize(step, params)
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Optimizer computes
gradients and
updates parameters

| bttfﬂ_a

Keras: High-level API

import tensorflow as tf
from tensorflow.keras.models import Sequential
from tensorflow.keras.layers import InputLayer, Dense

N, Din, H, Dout = 16, 1000, 100, 10

model = Sequential()
model.add(InputLayer (input shape=(Din,)))
model.add(Dense(units=H, activation='relu'))
model.add(Dense(units=Dout))

params = model.trainable variables

loss fn = tf.keras.losses.MeanSquaredError ()
opt = tf.keras.optimizers.SGD(learning rate=le-6)

tf.random.normal ( (N, Din))
tf.random.normal ( (N, Dout))

X
: 4

def step():
y pred = model (x)
loss = loss fn(y pred, y)
return loss

for t in range(1000):

opt.minimize(step, params)
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TensorBoard

w1

Add logging to code to record loss, stats, etc "

Run server and get pretty graphs! 00600 || it
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Summary: PyTorch vs TensorFlow

* Pytorch

® Clean, imperative API
Dynamic graphs for easy debugging
JIT allows static graphs for production

o
o
® Hard/inefficient to use on TPUs
o

Not easy to deploy on mobile

* Tensorflow 1.0: static graphs by default; can be confusing to debug;
API could be messy

* Tensorflow 2.0: dynamic by default; standardized on Keras API
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