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Chapter 2: Deep CNN Architectures
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Chapter 3: Combining CNNs and LSTMs
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Chapter 4: Deep Recurrent Model Architectures

[ Output ]

RNN )

Input




Feedforward One-to-One One-to-Many
Neural Network RNN RNN

T

Many-to-Many
Many-to-One (Instantaneous)
RNN RNN

B

Many-to-Many
(Encoder-Decoder)

RNN
1 y2 Tx

eeeeeee P

Output Hidden npyt Initial
Layer

State




Y1

RNN (Time-Unfolded)

y2 YT

RNN (Time-Folded)

RNN
(1986)

Y

Bidirectional RNN

‘l LSTM

+| ExtendedLSTM

(1997)

StackedLSTM

’l (1997)

|Mu|tiDimensionaIRNN »

> (2000)

Y

BidirectionalLSTM

(2013) <

| (2007) N

‘l GridLSTM

(2005)

Gated Orthogonal

’| (2015)

Recurrent Units
(2017)




Bidirectional RNN

Forward ~ Backward
RNN RNN




- forget gate
input gate

output gate

internal state

external state

concat

|

first second first second
LSTM LSTM layer layer
layer layer initial initial

state state




- =n —
fix)=1-x

S T o e

- reset gate
forget gate

17500 A

15000 A

12500 A

10000 -

7500 A

5000 A

2500 A

T T T T
0 500 1000 1500 2000 2500




Attention
Layer

RN NI NN NN NN NN NN NI NN NN AN NSNS ENEEEEEEEEEEEEEEEEEEEfEEEEEEEEEE

muWMyJ< I

EEEEEEEEEEEIEEEEEEEEEEEEEEEEEEEEEEEE

[ muttiply

} |—>[ mu:‘tiply )

(o

multiply |
A

4

3

3
>

lai |22 |ag| - - - 1--

\J

Hidden Initial  Attention Context
Output Input :
utpu Layer P State Weights  Vector




Chapter 5: Advanced Hybrid Models
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Chapter 6: Graph Neural Networks
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Chapter 7: Music and Text Generation with
PyTorch
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Chapter 8: Neural Style Transfer
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Chapter 9: Deep Convolutional GANs
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Chapter 10: Image Generation Using Diffusion
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Chapter 11: Deep Reinforcement Learning
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Chapter 13: Operationalizing PyTorch Models into
Production

Serving Flask app "example" (lazy loading)

Environment: production

WARNING: This is a development server. Do not use it in a production deployment.
Use a production WSGI server instead.

Debug mode: off

Running on http://localhost:8898/ (Press CTRL+C to quit)

< C  ©® localhost:8890 v

Hello, World!

Serving Flask app "server" (lazy loading)
Environment: production
WARNING: This is a development server. Do not use it in a production deployment.

Use a production WSGI server instead.
Debug mode: off
Running on http://@.0.0.0:8890/ (Press CTRL+C to quit)




Sending build context to Docker daemon 7.283M8
Step 1/9 : FROM python:3.8-slim
-==> 62297c9f4eSc
9 : RUN apt-get -q update & apt-get -q install -y wget
---> Using cache
€6142d540652

-=-> cb82fbSch2es
: COPY ./requirements.txt ./

---> Using cache

---> faa39c98f044
Step 5/9 : RUN wget -q https://github.com/PacktPublishing/Mastering-PyTorch/raw/master/Chapter1d/convnet.pth
---> Running in 198679553bac
Removing intermediate container 198679553bac

---> 8bddc82ccfle
Step 6/9 : RUN wget -q https://github.com/PacktPublishing/Mastering-PyTorch/raw/master/Chapter10/digit._image.jpg
---> Running in 34836205c03d
Removing intermediate container 34836205c03d

---> 331c8447524a
Step 7/9 : RUN pip install -r requirements.txt

---> Running in e4bd0692812b
Collecting torch««1.5.0

Downloading torch-1.5.0-cp38-cp38-manylinux1_x86_64.whl (752.0 MB)
Collecting torchvision==0.6.0

Downloading torchvision-0.6.0-cp38-cp38-manylinux1_x86_64.whl (6.6 MB)
Collecting Pillow==6.2.2

Downloading Pillow-6.2.2-cp38-cp38-manylinuxl_x86_64.whl (2.1 MB)
Collecting Flaske=1.1.1

Downloading Flask-1.1.1-py2.py3-none-any.whl (94 kB)
Collecting numpy

Downloading numpy-1.19.5-cp38-cp38-manylinux2010_x86_64.whl (14.9 MB)
Collecting future

Downloading future-0.18.2.tar.gz (829 k8)
Collecting Werkzeug>=0.15

Downloading Werkzeug-1.9.1-py2.py3-none-any.whl (298 k8)
Collecting itsdangerous>=@.24

Downloading itsdangerous-1.1.8-py2.py3-none-any.whl (16 kB)
Collecting Jinja2>=2.10.1

Downloading Jinja2-2.11.2-py?.py3-nona-any.whl (125 kB)
Collecting click>=S.1

Downloading click-7.1.2-py2.py3-none-any.whl (82 k8)
Collecting MarkupSafe»=0.23

Downloading MarkupSafe-1.1.1-cp38-cp38-manylinux1_x86_64.whl (32 kB)
Building wheels for collected packages:

Building wheel for future (setup.py

started
Building wheel for future (setup.py

finished with status 'done’
Created wheel for future: filename=future-0.18.2-py3-none-any.whl size-491059 sha256-726027831b4159f39c497dee6280cF48539056b1b80d80FbF113330e7eaSaf0d
Stored in directory: /root/.cache/pip/wheels/8e/70/28/3d6ccdbe31565F245da085482a2e1c7d14b90b30F239e2cF4
Successfully built future
Installing collected packages: numpy, future, torch, Pillow, torchvision, Werkzeug, itsdangerous, MarkupSafe, Jinja2, click, Flask
Successfully installed Flask-1.1.1 Jinja2-2.11.2 MarkupSafe-1.1.1 Pillow-6.2.2 Werkzeug-1.9.1 click-7.1 future-0.18.2 itsdangerous-1.1.0 numpy-1.19.5 torch-1.5.@ torchvision-0.6.0
Removing intermediate container e4bd0692812b
---> d7ecf4681868
Step 8/9 : USER root
---> Running in 90daci64dibc
Removing intermediate container 9@dacl64dibc
- 04488fab0902
Step 9/9 : ENTRYPOINT ["python", "server.py"]
---> Running in a1d55f33a99f
Removing intermediate container aldSs5f33a99f

Successfully built 2de7d7Saaelb
Successfully tagged digit_recognizer:latest

* Serving Flask app "server" (lazy loading)
* Environment: production

WARNING: This is a development server. Do not use it in a production deployment.
Use a production WSGI server instead.
* Debug mode: off

* Running on http://06.0.0.0:8890/ (Press CTRL+C to quit)

— The C compiler identification is AppleClang 13.1.6.13168021
The OXX compiler identification is AppleClang 13.1.6.13168021
Detecting C compiler ABI info
Detecting ¢ compiler ABI info - done
Check for working C compi:
Detecting C compile featu
Detecting C compile features - done
Detecting CXX compiler ABI info
Detecting CXX compiler ABI info - done
Check for working CXX compiler: /Library/Developer/CommandLineTuols/usr/bin/c++ - skipped
Detecting CXX compile features
Detecting CXX compile features - done
Performing Test CMAKE_HAVE_LIBC_PTHREAD
Performing Test CMAKE_HAVE_LIBC_PTHREAD - Success
Found Threads: TRUE
MKL_ARCH: None, set to ' intelés’ by default
MKL_ROOT /Users/ashish.jha/opt/anaconda3/envs/mastering_pytorch_:

MKL_LINK: None, set to ° dynamic® by default
MKL_INTERFACE_FULL: None, set to ' intel_ilpé4" by default
MKL_THREADING: None, set te ' intel_thread’ by default
MKL_MPI: Nome, set to ' mpich® by default

/Library/Developer/CommandLineTools/usr/bin/cc - skipped

— Found Torch: /Users/ashish.jha/opt/anacenda3/envs/mastering_pytoreh_7_chaps/Lib/python3.9/site-packages/torch/lib/libtorch.dylib
Found OpenCV: /Users/ashish.jha/code/personal/Mastering-PyTorch/Chapter13/cpp_convnet/build_opency (found version "4.4.
Configuring done
Generating done

— Build files have been written to

/Users/ashish.3jha/code/personal /Mastering-PyTorch/Chapter13/cpp_convnet/build

Scanning dependencies of target cpp_convnet

[ 58%] Building CXX object CMakeFiles/cpp_convnet.dir/cpp_convnet.cpp.o
[100%] Linking CXX executable cpp_convnet

[100%] Built target cpp_convnet




Chapter 14: PyTorch on Mobile Devices

. ringPyTorchV2MNISTApP - MainActivity java [MasteringPyTorchV2MNISTApp.app.main]
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¢  Camera permission

CAMERA ACCESS FOR THIS APP

(O  Allow only while using the app
® Ask every time

O Deny

See all apps with this permission
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2:14
& About phone

Basic info

Device name
Redmi A1

Phone number (sim slot 1)
Unknown

Phone number (sim slot 2)

Unknown

Owner

Legal & regulatory

Certification
Legal information

Device details

SIM status (sim slot 1)

Not available

SIM status (sim slot 2)

Not available

Model
22073381

IMEI (sim slot 1)
IMEI (sim slot 2)

Android version
12 (Go edition)

Device identifiers

IP address

Wi-Fi MAC address

To view, choose saved network

Device Wi-Fi MAC address
Bluetooth address

Uptime
1108:05:02

Build number
12 V13.0.4.0.SGMINXM

| ® a




MasteringPyTorchV2... ()

© 8] &

Remove Uninstall Share

A"

MasteringPy.
TorchV2M::

2:13 i

<  Appinfo

MasteringPyTorchV2MNIST

4 0] A

OPEN UNINSTALL FORCE STOP

Notifications
~0 notifications per week

Permissions
Camera

Storage and cache
57.99 MB used in internal storage

Mobile data and Wi-Fi

No data used

Screen time

Battery

0% use since last full charge

< ® ]
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HelloWorld
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5

HelloWorld

HelloWorld
model
TorchBridge
AppDelegate
CaptureViewController
PreviewViewController
Ulimage+Helper

{ Main
Assets
LaunchScreen
Info

Products

Pods

Frameworks

Pods

Podfile

Frameworks

Pods

Products

Targets Support Files

)
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= My Mac (Designed for iPhone) Build Succeeded | 23/08/2023 at 23:07

Cantroller X Main (Base) 3 Ulimage+Helper 3 AppDelegate ) PreviewViewController

viewV ntroller ) #) v

UIViewController {
String] = {

3 P wDidLoad()

ViewControlle
private lazy var labe
alError("(

b

override func v

super.
imageview
guard let
28)),
var
return

resizedImage d(to: CGSize( th:

pixelBuffer = cal rmalized() else {

guard let outputs = module.predict(image: UnsafeMutableRawPointer(&pixelBuffer))
else {

return

print( \(outputs)*)

if let maxIndex = outputs.indi { outputs[$@].floatValue <
outputs[$1].floatvalue }) {
let predictedDigit = maxIndex
yrint( i git: \(predictedDigit)")
"Predicted Digit: \(predictedDigit)"




I_; HelloWorld O Helloworld ) = My Mac (Designed for iPhone)

main

) EB Info ) No Selection

+ Information Property List (15
$(DEVELOPMENT_LANGUAGE)
$(EXECUTABLE_NAME)
$(PRODUCT_BUNDLE_IDENTIFIER)
6.0
$(PRODUCT_NAME)
‘We need access to your camera to capture images for analysis.
$(PRODUCT_BUNDLE_PACKAGE_TYPE)
1.0
1

YES
LaunchScreen

Default localization
Executable file
Bundle identifier
InfoDictionary version
Bundle name

> LXK OO

4

Privacy - Camera Usage Description
Bundle OS Type code

Bundle version string (short)

Bundle version

Application requires iPhone environment
Launch screen interface file base name
Main storyboard file base name Main
Required device capabilities (1 item)
(1 item)

(£

Supported interface orientations

LSS WS IS WS WS IS AS Y (57

Supported interface orientations (iPad)




Predicted Digit: 9

Predicted Digit: 0

Predicted Digit: 5

Predicted Digit: 8

Predicted Digit: 3

Predicted Digit: 3

Predicted Digit: 3

Predicted Digit: 5




19:39 all T @)
< General About

iOS Version 16.6 >
Model Name iPhone 13 Pro
Model Number MLVD3ZD/A
Serial Number
Coverage >
Songs 0
Videos 1.318
Photos 8.072
Applications 62
Capacity 128 GB
Available 63,29 GB
Wi-Fi Address
Bluetooth
Modem Firmware 2.80.01
SEID —— >




Chapter 15: Rapid Prototyping with PyTorch
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Chapter 16: PyTorch and AutoML
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Chapter 17: PyTorch and Explainable Al

epoch: 1 [0/60000 (0%)] training loss: 2.324445

epoch: 1 [320/60000 (1%)] training loss: 1.727462
epoch: 1 [640/60000 (1%)] training loss: 1.428922
epoch: 1 [960/60000 (2%)] training loss: 0.717944
epoch: 1 [1280/60000 (2%)] training loss: 0.572199
epoch: 19 [58880/60000 (98%)] training loss: 0.016509
epoch: 19 [59200/60000 (99%)] training loss: 0.118218
epoch: 19 [59520/60000 (99%)] training loss: 0.000097
epoch: 19 [59840/60000 (100%)] training loss: 0.000271

Test dataset: Overall Loss: 0.0387, Overall Accuracy: 9910/10000 (99%)




Model prediction is : 9
Ground truth is : 9

[Conv2d(1l, 16, kernel size=(3, 3), stride=(1, 1)),
Conv2d(16, 32, kernel size=(3, 3), stride=(1l, 1)),
Dropout2d(p=0.1, inplace=False),

Dropout2d(p=0.25, inplace=False),

Linear(in features=4608, out_ features=64, bias=True),
Linear(in features=64, out_ features—lO bias=True) ]
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Chapter 18: Recommendation Systems with
PyTorch
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Chapter 19: PyTorch and Hugging Face
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tokens) and the output sequence is formed as a concatenation of the same sentinel tokens and the real

masked tokens. Each sentinel token represents a unique mask token for this sentence and should start

with <extra_id_0>, <extra_id_1>,...up to <extra_id_99>. As a default, 100 sentinel tokens are
available in T5Tokenizer.

For instance, the sentence “The cute dog walks in the park” with the masks put on “cute dog” and “the”

should be processed as follows:

>>> from transformers import T5Tokenizer, TS5ForConditionalGeneration

>>> tokenizer = T5Tokenizer.from_pretrained("t5-small")
>>> model = T5ForConditionalGeneration.from_pretrained("t5-small")

>>> input_ids = tokenizer("The <extra_id_0> walks in <extra_id_1> park", return_tenso:

>>> labels = tokenizer("<extra_id_0> cute dog <extra_id_1> the <extra_id_2>", return_-

>>> # the forward function automatically creates the correct decoder_input_ids
>>> loss = model(input_ids=input_ids, labels=labels).loss

>>> loss.item()

3.7837
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[from accelerate import Accelerator ] Line 1

accelerator = Accelerator() ] Line 2

define torch
dataloaders

define torch
model object

model, train_dataloader,
eval_dataloader =
accelerator.prepare(model,
train_dataloader, eval_dataloader)

Line 3

model training loop

Line 4

[ accelerator.backward(loss) ]

model evaluation loop

accelerator.gather(

[ predictions.eq(labels) ]
).sum().item()

Line 5
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