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Introduction

The Mechanics of Deep
Learning

Pre-trained Models and
Recurrent Networks

Final Project: Object
Classification

Final Review

+HANCOM

uSUHE

* Meet the instructor.
Create an account at courses.nvidia.com/join

* Explore the fundamental mechanics and tools involved in successfully
training deep neural networks:
- Train your first computer vision model to learn the process of training.
- Introduce convolutional neural networks to improve accuracy of
predictions in vision applications.
- Apply data augmentation to enhance a dataset and improve model
generalization.

* Leverage pre-trained models to solve deep learning challenges quickly.
Train recurrent neural networks on sequential data:
- ntegrate a pre-trained image classification model to create an
automatic doggy door.
- Leverage transfer learning to create a personalized doggy door that
only lets in your dog.
- Train a model to autocomplete text based on New York Times
headlines.

*Apply computer vision to create a model that distinguishes between
freshand rotten fruit:

- Create and train a model that interprets color images.

- Build a data generator to make the most out of small datasets.

- Improve training speed by combining transfer learning and feature
extraction.

- Discuss advanced neural network architectures and recent areas of
research where students can furtherimprove their skills.

* Review key learnings and answer questions.

* Complete the assessmentand earn a certificate.

* Complete the workshop survey.

* Learn how to set up your own Al application development environment.
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Building Conversational Al Applications (CHEF Al OfZ&2|#[0]M %)

WML NVIDIA Riva T2 U3 E AFE5H0] CHab Al MH|AS ESH= S B2 ElLICH RivaS AFESHH JHURH= XIS 7HY HIAM, 7H D728 AH|A Of0|HE, MA|ZH AL CHE AMSXL 28, H2 S8 2ot UEY 0] 7|8t Al MH|AS LS
A ol2L |}
T M- .

WSEE . Rivao|M A =21E ASR Y NER RS B{ T 9 SHai3} ahed b T =K uSHE
-Riva0ll Al ASR, NLP, TTS 22 Zist cholsd Al THo| Zajole Tt umsts wl oty 09:00
- Kubernetes S2{AE| HEHS 9Io Helm XES AHB3I0] Z2EM Z0| thafd Al ofZ2|A|0|MS HHESH= ~ Introduction " Meet the instructor.
HitH A Create an account at courses.nvidia.com/join
e A 09:50
* Explore the conversational Al landscape and gain a deeper understanding
of the key components of ASR pipelines:
10:00 . - Work through an ASR model example from audio to spectrogram to text.
Introduction to L L ) )
~ Conversational Al - Explore decoders, customizations, and additional models, including
11:50 inverse text normalization (ITN), punctuation and capitalization, and
. language identification.
KAl 7R T2 12Ho] As
AFEXIA - 712 Python Z2021 38 - Deploy Riva ASR.

- TensorFlow, PyTorch K& Keras®?h 22 H 2{'d I2f| )30 chst 7|& ofsy
- Neural networkso{| Chst 7|2 o|sf * Explore the key components of the TTS pipeline and full pipeline
customizations:
- Explore the spectrogram generator model and the vocoder model.
- Work with text normalization and grapheme to phoneme (G2P)
conversion to customize pronunciations.
- Deploy a full ASR-NLP-TTS custom pipeline in Riva.

13:00 = Customized
~ Conversational Al
14:50  Pipelines

2tH7|&= - NVIDIA Riva, NVIDIA NeMo, Kubern firfat ing i
5 a, eMo, Kubernetes * Explore challenges related to performance, optimization, and scaling in

production deployment of conversational Al applications:

Jory Inference and - Gain an understanding of the inference deployment process.
16750 Deployment Challenges - Analyze non-functional requirements and their implications.
’ - Use a Helm chart to deploy a conversational Al application with a
Kubernetes cluster.
17:00 * Review key learnings and answer question's_.
R Final Review * Complete the assessmentand earn a certificate.
17:50 * Complete the workshop survey.

* Learn how to set up your own Al application development environment.
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8718  CUDA® 7[Hte| £EH GPUOM A™E|ESE C/C++ OHZE|Z0|HE 7t&535h= 7|2 =79t 7|HE S&eiLCh IES ZHd5ta], CUDAE AHESHH HHESIE 7451, CPUSE GPU 7t47| 7He| H 22| Ot0| 20| M X[ X2tdt,
MEZ2 2ol M e&et 93 ’I§$§ -TLEE. O AIZ2[0|EE TH43stn Me eie ZMsh= Wtg dEelL|ct
WSEE . GpU JtA7|Z Al A xH S Skt WSLHE
- CUDAS AFZ8104 C/C-++ OlZ2[7H[0]40f A B0]Ef I o] 4 Waixal M2 3 B 0900
- CUDA Z2| ti|22|S &&dtn | 57| Za|ujx|S Atgsto] o= 2| ofo| 12f|o M x| Xs} ) Introduction * Meetthe instructor.
L3 Z0 A2 D2oEE ae 09:50 Create an account at courses.nvidia.com/join
-HHO| T HH M0l SA| AE-Y 8
- GPU 7t2 CUDA C/C++ OHZZ|7|0| NS RMSI7{LI T2 T FA| O HIHS ARSI 7| =9 * Learn the essential syntax and concepts to be able to write
= GPU-enabled C/C
CPU T8 ofZ27014 2/mE 2 10:00 o enabled 6/Crrr
Accelerating Applications with applications with CUDA:
- CUDA C/C++ - Write, compile, and run GPU code.
FX| Al 11:50 - Control parallel thread hierarch
AMEX[AL 4 Q3 2o ZAZ B 00| K2 S 7|2 C++ ontrol parallel thread hierarchy.
- Allocate and free memory for the GPU.
* Learn the command-line profiler and CUDA-managed memory,
13:00 focusing on observation-driven application improvements
' Managing Accelerated Application and a deep understanding of managed memory behavior:
14.~50 Memory with CUDA C/C++ - Profile CUDA code with the command-line profiler.

- Go deep on unified memory.

TS -
2| nvprof, nvpp - Optimize unified memory management.

* |dentify opportunities for improved memory management and
instruction-level parallelism:
- Profile CUDA code with NVIDIA Nsight Systems.
- Use concurrent CUDA streams.

15:00  Asynchronous Streaming and
~ Visual Profiling for Accelerated
16:50  Applications with CUDA C/C++

17:00 * Review key learnings and wrap up questions.
~ Final Review * Complete the assessment to earn a certificate.
17:50 * Take the workshop survey.
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Fundamentals of Accelerated Computing with CUDA Python (CUDA PythonZ A}

w87l GPU B! Numba ZIY2{E AHESH0] GPU 7t Python OIEZ|70|4S HAlsty| ot 7|2 =78t 7|48 StE gLt
WSEHE -9 59 ASTIOR GPU 7H NumPy ufuncs AL T = e
-CUDA A3 E AIE 25 AHE3I0] 2E E-et 71¢ 09:00
- Z|Cie] M52t REME floH AFEXE X CUDA CHHIO|A 7HE & ) Introduction * Meet the instructor.
-H22| Zgh 9 ClHIO|A 2R H|2E|E AFRSI0] CUDA 7Y CHE X =i 09:50 Create an account at courses.nvidia.com/join
* Begin working with the Numba compiler and CUDA
: rogramming in Python.
e Introduction to CUDA Python with prog g y )
~ NUMba * Use Numba decorators to GPU-accelerate humerical Python
11:50 functions.
AExal CEe RY RO XUF, B, 020 M2| S 712 Python * Optimize host-to-device and device-to-host memory transfers.
-ndarrays % ufuncs®| AH2E Zetsh= NumPy S
* Learn CUDA's parallel thread hierarchy and how to extend
: ) arallel program possibilities.
13:00 Custom CUDA Kernels in Python P P g P
~ with Numba * Launch massively parallel custom CUDA kernels on the GPU.
14:50 * Utilize CUDA atomic operations to avoid race conditions
during parallel execution.
27| - Numba, NumPy * Learn multidimensional grid creation and how to work in

15:00  Multidimensional Grids, and
~ Shared Memory for CUDA Python
16:50  with Numba

parallel on 2D matrices.
* Leverage on-device shared memory to promote memory
coalescing while reshaping 2D matrices.

17:00 * Review key learnings and wrap up questions.
~ Final Review * Complete the assessment to earn a certificate.
17:50 * Take the workshop survey.
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Accelerating CUDA C++ Applications with Multiple GPUs (HE| GPU 7|t CUDA C++ OHZ2[|0]| M 7}&531)

CH =20l A AHE 7Hs T ZE GPUE £ 8%0|11 SHEE| €836t= CUDA C++ 0E2|H(0|ME ZHdsto] 0l E2|(0| M2 HsS 3| 7iM5tn HE| GPUE St AlA
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Introduction
Using JupyterLab

Introduction to CUDA Streams

Copy/Compute Overlap with
CUDA Streams

Multiple GPUs with CUDA C++

Copy/Compute Overlap with
Multiple GPUs

Final Review

uSUE

* Meet the instructor.
- Get familiar with your GPU-accelerated interactive JupyterLab
environment.

Learn the rules that govern concurrent CUDA Stream behavior
Use multiple CUDA streams to perform concurrent host-to-
device and device-to-host memory transfers

Utilize multiple CUDA streams for launching GPU kernels

Observe multiple streams in the Nsight Systems Visual Profiler
timeline view

Learln the key concepts for effectively performing copy/compute
overlap

Explore robust indexing strategies for the flexible use of
copy/compute overlap in applications

Refactor the single-GPU CUDA C++ application to perform
copy/compute overlap

See Icopy/compute overlap in the Nsight Systems visual profiler
timeline

Learn the key concepts for effectively using multiple GPUs on a
single node with CUDA C++

Explore robust indexing strategies for the flexible use of multiple
GPUs in applications

Refactor the single-GPU CUDA C++ application to utilize multiple
GPUs

See multiple GPU utilization in the Nsight Systems Visual Profiler
timeline

Learn the key concepts for effectively performing copy/compute
overlap on multiple GPUs

Explore robust indexing strategies for the flexible use of
copy/compute overlap on multiple GPUs

Refactor the single-GPU CUDA C++ application to perform
copy/compute overlap on multiple GPUs

Observe performance benefits for copy/compute overlap on
multiple GPUs

See copy/compute overlap on multiple GPUs in the Nsight
Systems visual profiler timeline

Review key learnings.

Learn to build your own training environment from the DLI base
environment container.

Complete the workshop survey.
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WFFH . cuDF U Apache Arrow G|0JE] I2|IS AF2SI0d GPU 7t H0|E ZH| U EZ =% 73 7= At nEUE
- XGBoost ¥ Cifet cuML 2112|FE AFE3I0] 2 (ot GPU 7H4 Ml 2id 2 HE 09:00
- cUGraphS AFSSI0 GPU 7t )T A4S AsstT o |Ztof wirkst 2ol 24 gy ~ | Introduction * Meet the instructor. S
- cuGraph BEIS AFR3I0] W3t RO JaHT 24 S w27 oA 09:50 Create an account at courses.nvidia.com/join
* Ingest and prepare several datasets (some larger-than-memory) for use
10:00 B in multiple machine learning exercises later in the workshop:
~ SAZ;JI ,’ijclgtekl;rated Data - Read data directly to single and multiple GPUs with cuDF and Dask cuDF.
11:50 P - Prepare population, road network, and clinic information for machine
learning tasks on the GPU with cuDF.
APMX|A - Pythonoll Ci$t OfsH
-Pandas 2! NumPyo{| Lt 7|2 X| 4] * Apply several essential machine learning techniques to the data that was
13:00 prepared in the first section:
’ GPU-Accelerated - Use supervised and unsupervised GPU-accelerated algorithms with
14_~50 Machine Learning cuML.
’ - Train XGBoost models with Dask on multiple GPUs.
- Create and analyze graph data on the GPU with cuGraph.
##HJ|E& - RAPIDS, cuDF, XGBoost, cuML, cuGraph, Dask, cuPy, pandas, NumPy, Bokeh * Apply new GPU-accelerated data manipulation and analysis skills with
population-scale data to help stave off a simulated epidemic affecting
15:00 the entire UK population:

- PIfe)i2ElR PRl ATElelsio - Use RAPIDS to integrate multiple massive datasets and perform real-
Save the UK )
16:50 world analysis.

- Pivot and iterate on your analysis as the simulated epidemic provides
new data for each simulated day.

17:00 * Review key learnings and wrap up questions.
~ Assessment and Q&A * Complete the assessment to earn a certificate.
17:50 * Take the workshop survey.
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Accelerating Data Engineering Pipelines (Gl|O|E{ QIX|L|0{&! m{o|Z2}Ql 7}&2})

GPUZt H|O|E{ mo| Tz}l

rO
ﬂJIO

|'_"|'.
R
=
rx
ot
>
20
rr
Rl
[
o

- ZAFE Q| H|0|E{7} 0| S3tH= 7HEC| O[s(CPU, DRAM, C|A T M2 2| B! GPU At0|2| H|0|E] 0| F)
- SHEQIO{0l| A CHYSH I HAIS 1 R 4 QL= ofsf
-NVTabularg AR5t 0421 GPUE 0|25t ETL I}0| 2012 SHatsH= Hitd 0|6}

- 1% O|Lfjof| =24k JHo| OB ZRIES B - AU
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- Python &&(list comprehension, objectsS)
- pandas0f| CHE 7|22l 0|3
- E7| 7|1% X|Al(mean, median, modeS)

- pandas, cuDF, Dask, NVTabular, Plotly

09:00
09:30
09:30

10:00

10:10

11:50

13:00

14:50
15:00
16:50

17:00

17:50

Introduction

Data on the Hardware
Level

ETL with NVTabular

Data Visualization

Final Project: Data
Detective

Final Review

+HANCOM

uSUHE

* Meet the instructor.
Create an account at courses.nvidia.com/join

* Explore the strengths and weaknesses of different hardware approaches
to data and the frameworks that support them:
- Pandas/ CuDF / Dask

* Learn how to scale an ETL pipeline from 1 GPU to many with NVTabular
through the perspective of a big data recommender system.
- Transform raw json into analysis-ready parquet files
- Learn how to quickly add features to a dataset, such as Categorify and
Lambda operators

* Step into the shoes of a meteorologist and learn how to plot precipitation
data on a map.
- Learn how to use descriptive statistics and plots like histograms in order
to assess data quality
- Learn effective memory usage, so users can quickly filter data through a
graphical interface

* Users are complaining that the dashboard is too slow. Apply the
techniques learned in class to find and eliminate efficiencies in the
backend code

* Review key learnings and answer questions.

* Complete the assessment and earn your certificate.

* Complete the workshop survey.

* Learn how to set up your own Al application development environment.
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BSEE - Word2Vec, RNN(2EH A1Za) 7|ut Qblg, EHAZD9 22 NLP ZIoilM HAE luigol ofs) T a NI
-EHAZMH OFF|HX] 7|5, 53| 21 0fflHd 7|S= AFESI0] RNN 10| 210 RES H&dh= & Ol
- MI £THHH 7|58 AHB3I0] BERT, Megatron, 7|Et el o] EAARD] OF|=iA 744 9 Fofh NLP 0800 | duction * Meet the instructor.
Z1t =l 09:50 Create an account at courses.nvidia.com/join
- AFH BB HENLP RS $18510] SIAE 28, NER, 22, g 59| o2] 21 52
(2 OHHIE st HAIZHOHZEEA0HEE ff3l Fulot ZE 7= 1000 * Explore how the Transformer architecture works in detail:
: Introduction to - Build the Transformer architecture in PyTorch.
11750 Transformers - Calculate the self-attention matrix.

- Translate English to German with a pre-trained Transformer model.

APERIA - PythonZ AF83H TEXOI 4| 0|E{ ALO| Q1A OfoH

- Python T& 9 2t0|E2{2| st Ol Of7HE 2 O3] * Learn how to apply self-supervised Transformer-based models to

. o N 13:00 - concrete NLP tasks using NVIDIA NeMo:
- TensorFlow, PyTorch &= Keras S©| Eaid Z2| 2 30f et 7[=%2l ofsH ~ Self-Supervision, BERT, - Build a text classificagon project to classify abstracts.
58 HEY 30 cist 7| 22Xl o|sh 14550 ~2ndBeyond - Build a NER project to identify disease names in tex.
- Improve project accuracy with domain-specific models.
B7|2 - PyTorch, pandas, NVIDIA NeMo™ NVIDIA Triton™ Inference Server 1500 e . :;‘::;2:;;’;;%%Zﬂ%fggpﬁgﬁ;?ﬁft e e I ERETeeen NUIDIA ten:
16'~50 Deployment for NLP * Optimize the model with NVIDIA® TensorRT™.
’ * Deploy the model and test it.
* Review key learnings and answer questions.
17:00 * Complete the assessment and earn a certificate.
~ Final Review * Complete the workshop survey.
17:50 * Learn how to set up your own environment and discuss additional

resources and training.



202413 37| 8L 7 [2| BT | AEIEY AZ A WS HANCOM

1. EATNM M (AFHEDS 3HE11)

o

I-I

H
© o

El

wgrHe  C0|E HefXQl ofE 2| oMol HRtt =3 AlZHS TESH| f{3l o2 GPUOH|M HIoJE EE H 2d 2¥E ¢t 7|28 &Lt

REEE - CF5 GPUS AME0I0] Clo|E W B 2id Zaig $3shs W of3 = =Kt usUE
. C}= GPUZE #|CHst 2238}7| 98t Ead i &= .
Pfs h :M !E||H0|E1Et:aqrg|)j:9-ro;| E;:. ;_‘0“ S| 2AFK2| ghHol |8l 09400 Introduction " Meet the instructor.
- Pytorch =4t SE== AME° = GPUO|| 28 4t o - Yo 09:50 Create an account at courses.nvidia.com/join
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* Learn the significance of stochastic gradient descent when training on
multiple GPUs
- Understand the issues with sequential single-thread data processing

10:00 SRl Crae et and the theory behind speeding up applications with parallel processing.

Descent and the Effects

11:50 ) - Understand loss function, gradient descent, and stochastic gradient
of Batch Size
descent(SGD).
Lo " . - Understand the effect of batch size on accuracy and training time with
KAl . 2 ztes) olpL] shA HS]
AREXIA - PythonS 282 Hald otE 2 an eye towards its use on multi-GPU systems.
" ) . ) )
Training on Multiple Lgarp to convert single GPU training to multiple GPUs using PyTorch
13:00 ; Distributed Data Parallel
GPUs with PyTorch ) . )
~ o -Understand how DDP coordinates training among multiple GPUs.
14:50  Distributed Data Parallel ; - ; A
- Refactor single-GPU training programs to run on multiple GPUs with
(DDP)
DDP.
B2i7|& - PyTorch, PyTorch Distributed Data Parallel, NCCL Understand and apply key algorithmic considerations to retain accuracy

when training on multiple GPUs

15:00 Il e e - Understand what might cause accuracy to decrease when parallelizing

Accuracy when Scaling

16110 . training on multiple GPUs.
UGS - Learn and understand techniques for maintaining accuracy when
scaling training to multiple GPUs.
16:20 * i .
% Workshop Assessment Use what you have Iearne_d.durmg the workshop: complete the workshop
16:50 assessment to earn a certificate of competency
17:00 * Review key learnings and wrap up questions.

17550 | Final Review * Take the workshop survey.
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Applications of Al for predictive
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-2 HI80| S DHOZ 0[0fH 4 U= 014 FE HAS UK 913t T2 Y8 1| 52 09:00
- XGBoost 7|8t 0{Al 2 22 D0 A|AZ HIO|HE AH8Sto] 23t o|ZLSTM 7|8t ZHES ALESI0] &H| & 09:50
oll%
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10:00
11:50
- Python 2¢
-H|0|Ef M2| 2 & 2{dof it 7|2 ofdH
13:00
14:50
- Python, TensorFlow, Keras, XGBoost, NVIDIA RAPIDS™, cuDF, LSTM, autoencoders
15:00
16:50
17:00
17:50

Introduction

Training XGBoost
Models with RAPIDS for
Time Series

Training LSTM Models
Using Keras and
TensorFlow for Time
Series

Training Autoencoders
for Anomaly Detection

Assessment and Q&A

+HANCOM

* Meet the instructor.
Create an account at courses.nvidia.com/join

* Learn how to predict part failures using XGBoost classification on GPUs
with cuDF:
-Prepare real data for efficient GPU ingestion with RAPIDS cuDF.
-Train a classification model using GPU-accelerated XGBoost and CPU-
only XGBoost.
-Compare and discuss performance and accuracy results for XGBoost
using CPUs, GPUs, and GPUs with cuDF.

* Learn how to predict part failures using a deep learning LSTM model with
time
-series data:
- Prepare sequenced data for time-series model training.
- Build and train a deep learning model with LSTM layers using Keras.
- Evaluate the accuracy of the model.

* Learn how to predict part failures using anomaly detection with
autoencoders:

- Build and train an LSTM autoencoder.

- Develop and train a 1D convolutional autoencoder.

- Experiment with hyperparameters and compare the results of the models.

* Review key learnings and answer questions.
* Complete the assessmentand earn a certificate.
* Complete the workshop survey.
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Applications of Al for Anomaly Detection (0|4 ZX|Z 2
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uSEE - EEld 2 Eo/do| Bt 7|E J|Ha =1 EE TE
- XGBoost, autoencoders, GANS AHE5H0] H|O|E| &=H|, 2 7=, =2 9l "It
- 80|20] X|FE Glo|E{e} DIX|HE HO|EIS 25 ateh Hlo|E| MEUIA O 314t 2x] 09:00
- @& C|o[E{of 2flo[ 20| X|HE|U=X|2t 2tAGIO0| 0|4 tlats o2 HFE 2R 09:50
10:00
11:50
AFEKAL Python2 Argst MEXQI H|O|E| AFO|AHA Of38H
-HREUHESR3 E&olY
- ARE HITS flet Hd 7=
SR R 13:00
14:50
B#HJ|& - NVIDIA RAPIDS™, XGBoost, TensorFlow, Keras, pandas, autoencoders, GANs
15:00
16:50
17:00
17:50

Introduction

Anomaly Detection in
Network Data Using
GPU-Accelerated
XGBoost

Anomaly Detection in
Network Data Using
GPU-Accelerated

Autoencoder

Project: Anomaly
Detection in Network
Data Using GANs

Assessment and Q&A

+HANCOM

* Meet the instructor.
Create an account at courses.nvidia.com/join

* Learn how to detect anomalies using supervised learning:
- Prepare data for GPU acceleration using the provided dataset.
- Train a binary and multi-class classifier using the popular machine
learning algorithm XGBoost.
- Assess and improve your model's performance before deployment.

* Learn how to detect anomalies using modern unsupervised learning:
- Build and train a deep learning-based autoencoder to work with
unlabeled data.
- Apply techniques to separate anomalies into multiple classes.
- Explore other applications of GPU-accelerated autoencoders.

* Learn how to detect anomalies using GANs:
- Train an unsupervised learning model to create new data.
- Use that new data to turn the problem into a supervised learning
problem.
- Compare the performance of this new approach to more established
approaches.

* Review key learnings and answer questions.
* Complete the assessment and earn a certificate.
* Complete the workshop survey.
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