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Brief history of deep learning

Electric Brain Neural Learning Dartmouth  Perceptron ADALINE XOR Problem  Backpropagation
McCulloch & Pitts Hebb Conference Rosenblatt Windrow & Hoff Minsky & Papert Werbos
Deep Belief LeNet LSTM Multilayer Perceptron Boltzmann Machine Hopfield Network
Network LeCun Hochreiter & Rummelhart, Hilton & Williams Hinton & Sejnowski Hopfield
Hinton Schmrdthuber RNN, Rummelhart
Deep . . Q
Boltzmann AlexNet GAN U-Net ResNet Capsulenet BERT GPT-3 Stable  ~paGPT
Machine Krizhevsky Goodfeliow Ronneberger ~ He Hinton  Deviin  OpenAl Diffusion 1
Transformer CompVis OpenAl
Google
Brain
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Brief history of deep learning framework

)

2015
2016

Keras
Chainer
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PyTorch

2013-2015
CUDA6.0-7.0

2007

Theano

2007-2013
CUDA1.0-5.0

2018-...
CUDA11.0-12.0
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CRISP-DM for deep learning

Cross Industry Standard Process
for Data Mining

 Business Understanding
 Data Understanding

» Data Preparation

* Modeling

 Evaluation

» Deployment
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Business Data
Understanding Understanding

Data
Preparation
Deployment E :
Data Modeling

Source: https://en.wikipedia.org/wiki/Cross_Industry_Standard_Process_for_Data_Mining
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MACHINE LEARNING
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‘ Machine learning project main steps
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No free lunch theorem

Wolpert, D. H., & Macready, W. G. (1997). No free lunch theorems for optimization. IEEE Transactions on Evolutionary Computation, 1(1), 67-82.

ST
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Al/Deep learning roles

Data
engineer

Business
analyst
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Data
scientist

DL/ML
Engineer
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Al/Deep learning skills

Database Data engineering Data vizualization Storytelling/reporting

Business Insights Modeling Deployment
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Business Analyst

Database
T~
T a3 engineering
Deploym i i isualization
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Data Engineer

Database
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a visualization
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Data Scientist

Database

Data.engineering

Deployment Isualization

Modeling ‘t&lling/reporting

Business Insights



ML/DL Engineer

Database

Dz q;lengineering

Deploym ata yisualization
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General ML related tasks

Testing and Resource

Data collection )
debugging management

Configuration Model vsi Serving
Data ocel analysis infrastructure
verification
Process
management
Automation Feature engineering Monitoring

Metadata management

Source: https://cloud.google.com/architecture/mlops-continuous-delivery-and-automation-pipelines-in-machine-learning
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Deep Learning software stack
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‘ Google Colab

https://colab.research.google.com/

Futtatékdrnyezet médositasa
Futtatékérnyezet tipusa

Python 3 -

Hardveres gyorsitas @

Q cru @ TaGPu (O ai00GPU () VIDDGRU
QO TrU

Szeretne hozzaférést a prémium GPU-khoz?

Tovabbi szamitasi egységek vasarlasa
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Basic software components: CUDA driver

Required: NVIDIA Driver

Main elements: cuBLAS, cuSPARSE, cuDNN, NCCL, NVVP, debugger,
memcheck.
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cuDNN 6.0 cuDNN 7.0 cuDNN 7.4 cuDNN 6.0 cuDNN 7.0 cuDNN 7.4
Tesla P100 Tesla V100 Tesla V100 Tesla P100 Tesla V100 Tesla V100
TensorFlow performance (tokens/sec), Tesla P100 + cuDNN 6 TensorFlow performance (images/sec), Tesla P100 + cuDNN 6
(FP32) on 17.12 NGC container, Tesla V100 + cuDNN 7.0 (Mixed) (FP32) on 17.12 NGC container, Tesla V100 + cuDNN 7.0 (Mixed)
on 18.02 NGC container, Telsa V100 + cuDNN 7.4 (Mixed) on on 18.02 NGC container, Telsa V100 + cuDNN 7.4 (Mixed) on
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CUDA version

nvidia—-smi NnNvCcC ——-version

nvcc: NVIDIA (R)
Copyright (c) 2085-2822 .
Built on Wed Sep 21 10:33:58 PDT_2022

Name
Temp Perf

Cuda compilation tools,release 11.8,
Build cuda 11.8.r11.8/ piler.318339

400W

400W

).0 off
81926M1B

A180-S B :90:00.0 Off
PO 6 D 31920M1B

NVIDIA AlGB8-5XM...
71C Pa 389W

GPU Memory
342878
342871
342872
342873
342874
342875
342876
342877
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Basic software components: Containerization

Runs a virtual machine on the host and shares resources.
Encapsulations of system environments.

Advantages: sy sy
« Reproducibility NI ——
« Portability
| | Opensmgspten
* Isolation RO
¢ ﬂteg I’at | on Traditional Deployment Virtualized Deployment Container Deployment

Source: https://kubernetes.io/docs/concepts/overview/what-is-kubernetes/
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Basic software components: Containerization

« PaaS (Platform-as-a-Service) - Primarily for microservices
» OS and GPU lightweight virtualization
* |solates Dev and Ops

» Docker images are stored in a local cache and can be interacted with by
commands

 Large ecosystem, Linux, MacOS and Windows support

H
Difference compared to VM: e.g. the systemis T GB

NN
EEEEN r
« 1000 VM ~ 1000 *1 GB

» 1000 application container ~ 1GB dOCker

« Container is refreshed —> Everything is refreshed
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Basic software components: DL frameworks

« TensorFlow and TensorFlow Keras (Google)
« PyTorch (Meta Al)

« JAX (Google)

« MXNet (Apache)

* Gluon (Amazon)

» Chainer

» PaddlePaddle

Depricated
« Sonnet (DeepMind)
« CNTK (Microsoft)



Advanced components: monitoring

Metrics logging tools is required:
 nvidia-smi dmon

« Prometheus + NVML (NVIDIA Management Library)

rometheus
Open source tools: r\
: 40
« Grafana
* Zabbix Grafana

ZABBIX

Balint GYIRES-TOTH 26



6 88 General / Nvidia GPU Metrics ¥ <% hFE B & O Lastiminute v @ & 10sv O

GPU  1937b558-347d-0f30-105b-893b98985668 ~

Name i P-State i GPU Utilization % i Power Draw % Fan Speed % i Temperature Memory Utilization % -~

NVIDIA GeForce RTX 2080 P 8 100%
SUPER 75% : : : : : :
50%
i Driver Version i Vbios Version 25%
(o] - s o o
0 /o 1 1 .5 /o 37 /o 34 C o " 350 21:43:00 21:43:10 21:43:20 21:43:30 21:43:40

+ O

[m]u]
[m]n]

471.1 1 90.04.73.40.73 2021-06-26 21:42:40
Q . . . . — 1937b558-347d-0f30-105b-893b98985668: 0%
: Throttle Reasons ' GPU Clock Speed % * Memory Clock Speed % * Memory Allocation % iy et GPU Utilization % O
{é} Idle IS Active 100%
HW Thermal Slowdown | Not Active 5%
U SW Power Cap | Not Active . . . L ;s I
50%
App Clocks Setting | Not Active
: 25%
HW Power Brake | Not Active
L") ") )
SW Thermal Slowdown | Not Active 0 .39 5 /0 0 .31 0 /O ' 1 1 . 2 /o 0 o/o 0%
) - - 21:42:40 21:42:50 21:43:00 21:43:10 21:43:20 21:43:30
Sync Boost | Not Active
* Memory Allocation G| B Temperature G| B Power Draw G| B Fan Speed % &
1GB 100 °C 40W 100%
750 MB 75°C ? ! ! ! ! ! 30w 75%
500 MB 50 °C 20W 50%
250 MB 25°C 1w 25%
0B 0°C ow 0%
21:42:40 21:42:50 21:43:00 21:43:10 21:43:20 21:43:30 21:42:40 21:42:50 21:43:00 21:43:10 21:43:20 21:43:30 21:42:40 21:42:50 21:43:00 21:43:10 21:43:20 21:43:30 21:42:40 21:42:50 21:43:00 21:43:10 21:43:20 21:43:30
i q i i n i i [ i —
Graphics Clock Speed & Video Clock Speed & SM Clock Speed & Memory Clock Speed &
= 15 MHz 600 MHz 15 MHz 30 MHz
L |
] 10 MHz W 400 MHz 10 MHz W 20 MHz
@ 5 MHz 200 MHz 5 MHz 10 MHz
0 Hz 0 Hz 0 Hz 0 Hz
21:42:40 21:42:50 21:43:00 21:43:10 21:43:20 21:43:30 21:42:40 21:42:50 21:43:00 21:43:10 21:43:20 21:43:30 21:42:40 21:42:50 21:43:00 21:43:10 21:43:20 21:43:30 21:42:40 21:42:50 21:43:00 21:43:10 21:43:20 21:43:30

Source: https://grafana.com/grafana/dashboards/14574-nvidia-gpu-met¥ics/




Advanced components: multi GPU, multi node
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MODEL PARALLELISM DATA PARALLELISM

GPU 1
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Source: https://neptune.ai/blog/distributed-training-frameworks-and-tools

28



‘ Multi-GPU training (microbatching)

Pipeline flush

Device 1 123456178 2 |3 |4 |5 ‘™ 9101112131413 5

Device 1345738 3| 4 5 9131112131415176

w
f -8
w
(=)}

Devige

I
w
(=)}
~J

Devict

910111213141.76 E

9 10111213141516n

Time

Forward Pass

Source: Narayanan, Deepak, et al. "Efficient large-scale language model training on gpu clusters using megatron-Im." Proceedings of the International Conference for
High Performance Computing, Networking, Storage and Analysis. 2021.
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‘ Multi-GPU training pipeline

Device 1 M 9 101112
Device 2
Device 3
Device 4

Time

Assign multiple stages
to each device

Device 1

Device 2

") ") "y
] - o

Device 3

(]

Device 4

Ly = b = (4 =1 o —

Time —

- Forward Pass Backward Pass

Source: Narayanan, Deepak, et al. "Efficient large-scale language model training on gpu clusters using megatron-Im." Proceedings of the International
Conference for High Performance Computing, Networking, Storage and Analysis. 2021.
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Advanced components: scheduler

« HPC/AI solution: SLURM Workload Manager

Controller daemons

commands
(partial list)

slurmd  slurmd slurmd

Compute node daemons

N , Source: https://slurm.schedmd.com/overview.html
Balint GYIRES-TOTH
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SLURM batch script

#!/bin/bash Job hame

#SBATCH -t 15:00
#SBATCH -N 2

#SBATCH -n 8

#SBATCH —--gres=gpu:4

Number of nodes
Number of CPUs

Number of GPUs

#SBATCH -J sample ‘:::::::j' Requested time
S

module load singularity OpenMPI/3.1.6-GCC=-8.3.0

mplrun singularity run --nv horovod.sif python test.py

S sbatch batchfile.sh

Balint GYIRES-TOTH 32



Advanced component: performance analytics

NVIDIA Nsight R N T Rl M W I e eyt TEETY METIET 1 VR
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MLOPS: THE Al LIFECYCLE FOR IT PRODUCTION

Data Needs Data fixes

.................................................

Indexed
data

‘__———-—__-_*
siosios ML ENGINEERS
performance / (Data Scientists + Data Engineers + SW engineers) \ 'attf:g
\ PARAMETRIZE AND MONITOR /
?——

Online ML

Sy KPIs

Models

Source: https://blogs.nvidia.com/bIog/2020/09/03/what-is-mIo3|§s/



MLOps pipeline: level 0 — manual process

¢ Manual experiment steps

Data extraction Data Model Model evaluation
and analysis : preparation training and validation

experimentation/development/test

staging/preproduction/production

Balint GYIRES-TOTH

ML ' Ops

Trained
model

Model
registry

Model
serving
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Prediction
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35



‘ MLOps pipeline: with manual intervention

Automated pipeline

Add version - - -
’ - ok Code quality Security Dependency Container Package o Pipeline waiting : A
tagé(?;;g::h check scanning scanning scanning application S BT Deploy code for results SR T Publish results

A

Pull Request is opened to master/main/deployemnt branch
or
Tigger pipeline manually or from Trello

Secured room
Notify ticket that it is
ready for review

: Review requested manually Run code
GitLab server -

Code Code quality server « Trello <

T Trello plugin. hd

. Publish results

Log Collector

Monitoring tool

Process results

Push code Database

Zapier
Trello plugin
REST communication with GitLab

Developer Q

A

Security person
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MLOps pipeline: level 1 — ML pipeline automation

Model ML | Ops
analysis

T

Orchestrated experiment

Pipeline
od Dalta I[I}datﬁ Datat tMpd_eI h.-1|r:+d::1-l rTullézdigl - SDU‘:IICE . Source —» deployment
analysis validation preparation raining evaluation validation code repository
- 1
]
Offline |
extract |
i
experimentation/development/test i
]
staging/preproduction/production
Feature
i store
Model T'a'g"f'
registry ZICCE
T i
Batch = ; J’
fetching Automated pipeling :
D D o] Model Muodel M-d | CD: Model
ala ala ata [sla =} ooel ode serﬂng
extraction ~©  validation —° preparation ~©  training © evaluation —°  validation
T
4
Trigger ML metadata store
T
:‘ -
Performance Prediction
............................................................................................. monltorl“g <_ Serv'ce
A
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MLOps pipeline: level 2 — CI/CD

Model
analysis
A,
4| 1 o
D?ta-, _ Orche?nzat::i L Smgce _ Source  —» CF Euull_:. tesi;n & pack?ge ]
analysis experime code repository pipeline components
experimentation/development/test
staging/preproduction/production
Feature
store
Model
reqistry
T
: 4
Automatedpipeline
Data Data Data Model Maodel Model
N extraction validation preparation fraining evaluation validation
T
S
Trigger ML metadata store
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CD: Pipeline
deployment
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CD: Model
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T

38



MLOps pipeline: level 2 — CI/CD

Development/

Experiment
W

Soirce code > Pipeline continuous

integration

Packages =N Pipeline continuous

delivery Newdata
W WV
Automated pipeline — Continuous training -
Trained model Ly Model continuous
delivery
v
Prediction service —> Monitoring
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References

« Google Colab: https://colab.research.google.com/

* MLOps pipeline: https://cloud.google.com/architecture/mlops-
continuous-delivery-and-automation-pipelines-in-machine-learning
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for your attention

Dr. Mohammed Salah Al-Radhi
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