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About the Instructor - Thaleia Dimitra Doudali
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Born and raised Undergrad in ECE at PhD in CS at Assistant Professor at
in Greece. NTUA, Athens, Greece. Georgia Tech, Atlanta, USA. IMDEA, Madrid, Spain.

https://thaleia-dimitradoudali.github.io/
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https://thaleia-dimitradoudali.github.io/

About IMDEA Software Institute

* Research (Ph.D. + internships).
* Collaborative Environment.

e Fun Activities.

Learn more:

https://software.imdea.org/news.html

Open Positions:

https://software.imdea.org/open positions.html
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About My Research

Research at the intersection of Machine Learning and Computer Systems Software.

Systems for ML

WInCng\lN/é Systems Machine %
> Software Learning

Neural Networks Reinforcement

Google Cloud il \Vicrosoft Learning
Hl Azure ‘ /\/ﬂ
1F O PyTorch _
TensorFlow ML fOf Syste ms Forecasting
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About This Seminar Series

Research at the intersection of Machine Learning and Computer Systems Software.

Systems for ML

Systems Machine
System challenges for ML. | Software Learning | Using ML to improve systems.

ML for Systems

Each lecture will go over and expand upon a specific research paper.
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Today’s Lecture

A Berkeley View of Systems Challenges for Al

Ion Stoica, Dawn Song, Raluca Ada Popa, David Patterson, Michael W. Mahoney, Randy Katz,
Anthony D. Joseph, Michael Jordan, Joseph M. Hellerstein, Joseph Gonzalez, Ken Goldberg,
Ali Ghodsi, David Culler, Pieter Abbeel

Today’s paper:

 What is behind the recent success of Al / ML?
Systems | Systems for ML | Machine e What are some trends in Al?
SIS e  What challenges do they create?

* What system support we need for Al?

6/35



Next Lectures

Lecture 9

Learning Memory Access Patterns

Milad Hashemi' Kevin Swersky' Jamie A. Smith' Grant Ayers?>® Heiner Litz®" Jichuan Chang '

Christos Kozyrakis”> Parthasarathy Ranganathan !

Lecture e

Kleio: A Hybrid Memory Page Scheduler with Machine

Intelligence
Thaleia Dimitra Doudali Sergey Blagodurov Abhinav Vishnu
Georgia Institute of Technology Advanced Micro Devices, Inc. Advanced Micro Devices, Inc.
thdoudali@gatech.edu Sergey Blagodurov@amd.com Abhinav.Vishnu@amd.com
Sudhanva Gurumurthi Ada Gavrilovska
Advanced Micro Devices, Inc. Georgia Institute of Technology
Sudhanva.Gurumurthi@amd.com ada@cc.gatech.edu

Systems
Software

ML for Systems

for Cache Prefetching

for Memory Management

Machine
Learning
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Systems | ML for Systems | Machine
N eXt I_e Ct ures Software | Learning
Data Transfers
A x o Cache Prefetching
m Q e Memory Management
Persistent Memory
Structure of lectures: e e
4 )
* Qverview of the problem (cache prefetching, memory management).
P ( P & Y © ) No background
* Overview of existing non-ML solutions. needed!
* Overview of the ML-based method and how it’s used to solve the problem. \_ W
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Logistics

Grades

Contact

Seminar is worth 1 ECTS.
Material per lecture: paper + slides.
Grade =20% - 40% - 40% per report after class.

1 report = Answer to few Questions.

DUE after 1 week, before the next lecture.

* Viaemail: thaleia.doudali@imdea.org

[®]

Website

https://thaleia-dimitradoudali.github.io/

Q ° ° ° ° °
<06 < <SP UNIVERSIDAD POLITECNICA DE MADRID
ALUCHE EMPALME COLONIA CAMPUS MONTEGANCEDO
JARDIN
(Aluche) ! POZUELO DE ALARCON |

Horarios de salida
140920 de la ETSI Informaticos

(Vigente de 1 de septiembre a 30 de junio) - Dias lectivos
De 10:05 a 13:35 cada 30 minutos
A 13:55 14:10
De 14:35 a 1805 cada 30 minutos
Lunes a De 18145 a 21:00 cada 45 minutos |

Teaching

1 Spring 2023
MLArchSys Seminar Series.
At the MUSS and EMSE Master Programs of the School of Computer Science at Universidad Politécnica de Madrid. & MUSS Link ¢ EMSE Link

[Seminar 1: Introduction to Maching Learning for Computer Architecture and Systems. ® Slides ¥ Paper ]

Seminar 2: Maching Learning for Cache Prefetching. ™ Slides ¥ Paper
Seminar 3: Maching Learning for Hybrid Memory Management. ™ Slides * Paper
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https://thaleia-dimitradoudali.github.io/

Artificial Intelligence is Everywhere

® OpenAl ‘(/ Li
ChatGPT " -

s _/

P

Chatbot - Personal Assistants

N
S Nurse Education in Practice
_!‘;l&L Volume 66, January 2023, 103537

Open artificial intelligence platforms in nursing
education: Tools for academic progress or abuse?

Siobhan O'Connor® 21 il ChatGPT®

Show more

+ Addto Mendeley <& Share ®s Cite

https://doi.org/10.1016/j.nepr.2022.103537 Get rights and content
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What drives the success of Al? BIG DATA

Annual Size of the Global Datasphere 175 ZB

180

160
v 140 Megabyte
5 Gigabyte
§ 100

N Toxabye

0

2010 20m 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 2025
Source: Data Age 2025, sponsored by Seagate with data from IDC Global DataSphere, Nov 2018
Data Analytics Pipeline

ZBs of data Process Store Analyze Use

Need for speed and massive storage capacities!
11/35



What drives the success of Al?

Nvidia GPUs
e 4
ARE DPUS THE
NEXT ©
DATACENTER
REVOLUTION?

uuuuuuuuu

Cloud TPU v2
180 teraflops )
64 GB High Bandwidth Memory (HBM) Dbt shy a e
: 'Qu &
wes @S North chi vnka:eamp.“
——— A s ] ST
Machine ; z b!lll‘on el Dcear South Afica

4

Google Cloud

nnnnnnnnn

learning
controller.

Accelerators even in Laptops. Datacenters all over the world.
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What drives the success of Al?

MySQRL % elastic

PostgreSQL

D & redis
HERSE and more...

51,‘; :; ‘ mongo
cassandra

Software for Big Data Processing

NEW SOFTWARE

¥ TensorFlow Spoﬁgz
w/ ML

@)

SPARKBEYOND

'II..Lﬁftf
‘WEKA 4 base :
£ | " st PYTORCH

@ KNIME

&% DataRobot Keras BSIGOPT

Software for Machine Learning Pipelines
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The Al Landscape
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Trends and Challenges in Al

TRENDS Q CHALLENGES

\

Acting in Dynamic

Mission Critical Al

Environments

Personalized Al
y? Secure Al

Al across Organizations

Al-specific

Al demands for HW/SW architectures

- J

The trends in Al create challenges and opportunities for new systems.

15/35



TRENDS That Al Creates

CHALLENGES

WAY C

* Quick response. Environments

* Unexpected conditions.

Secure Al

e Continually adapt.

* Learn new skills. T RS

Autonomous Driving

Challenges: Design Al systems that learn continually by interacting with a dynamic environment,
while making decisions that are timely, robust, and secure.
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TRENDS That Al Creates

C °
YOU TODAY? i

CHALLENGES

alexa
)

e Collect and learn from
lots of data.

Secure Al

AN S . -
architectures

@ OpenAl «/
ChatGPT " —

& * Protect private data.

Personal Assistants

Challenges: Design Al systems that enable personalized applications and services,
yet do not compromise users’ privacy and security.
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TRENDS That Al Creates

CMS_AIIows Orgs to S[lare and Sell
Medicare, Private Claims Data CHALLENGES

CMS has finalized a healthcare reform rule that would allow
qualified entities to share and sell Medicare and private payer
claims data and analyses.

* Share data to solve a

Secure Al
common problem.
Al-specific
* Protect private data. architectures

Challenges: Design Al systems that can train on datasets owned by different organizations
without compromising their confidentiality.
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TRENDS That Al Creates

Annual Size of the Global Datasphere 175 2B

CHALLENGES

 Massive amounts of data.

* Need for new hardware/software

solutions customized to Al needs.

Cloud TPU v2
180 teraflops
64 GB High Bandwidth Memory (HBM)

Google

Google Cloud

Challenges: Develop custom hardware and software solutions,
to address the performance and storage needs of future Al applications.
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Trends and Challenges in Al

TRENDS CHALLENGES Q
4 )

Mission Critical Al R e—
Environments

Personalized Al
y? Secure Al

Al across Organizations

Al-specific
architectures

- J

Al demands for HW/SW

The trends in Al create challenges and opportunities for new systems.
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CHALLENGES That Al Creates

. ) R1: Continual Learning
e R2: Robust Decisions
T R3: Explainable Decisions
R4: Secure Enclaves
Secure Al R5: Adversarial Learning
R6: Shared Learning on Confidential Data
- R7: Domain Specific Hardware
Al-specific R8: Composable Al Systems
architectures R9: Cloud-edge Systems
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CHALLENGES That Al Creates

— : R1: Continual Learning
Actmg_ in Dynamic R2: Robust Decisions
Environments R3: Explainable Decisions
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CHALLENGES That Al Creates

R1: Continual Learning

Learns from interaction \{\ Frequent
with environment re-training

* Quick response.

* Unexpected conditions.

* Continually adapt.

* Learn new skills. :
Reinforcement Neural Networks

Learning

Autonomous Driving

Systems Research: Build systems that can faithfully simulate the real-world environment, as the
environment changes continually and unexpectedly, and run faster than real time.
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CHALLENGES That Al Creates " Environments

! w Microsoft chatbot is taught to swear
R2: Robust Decisions on Twitter

A chatbot developed by Microsoft has gone rogue on Twitter, swearing and
making racist remarks and inflammatory political statements.

Systems Research: Build systems to detect the source of data, protect against noisy or even malicious data.
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CHALLENGES That Al Creates

R3: Explainable Decisions

LIME
Predicted value ncgz:;:'vc -~ posiive EROPE——
. . . (er?\s) 450:] (7;1331() 950< alooht»?;: 10.20)
* Which X-ray feature led to the diagnosis? | e
e Explanation meanigful to humans. ~ » '*dc*“m
* Medical diagnosis may raise legal issues. P ) ««’mg

Medical Diagnosis Explainable Al Tools

Systems Research: Build systems that record and faithfully replay the computations
that led to a particular decision (diagnostics).
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CHALLENGES That Al Creates

R4: Secure Enclaves

Secure Al R5: Adversarial Learning
R6: Shared Learning on Confidential Data
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CHALLENGES That Al Creates

R4: Secure Enclaves

App App B
5 g e Operating System
9 . T ki -
'a@ L e S e e .
) T e o Hypervisor
A g
e = — CPU B il
D LD W =) =
| s Ry
Google Cloud
No control “where” the code runs. Enclave: a secure execution environment, usually enforced by hardware.

Systems Research: Build systems that use enclaves
to ensure data confidentiality, user privacy and decision integrity.
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CHALLENGES That Al Creates

Training data (no poisoning) Training data (poisoned)
R
- T
speedlimit 0:947 ¢
: x+
=z sign(VJ (6, 2, y)) esign(V,J(0.z,y))
Backdoored stop sign “panda” “nematode”
fabeled easpoediimi) 57. ;;o con;;ence 8.2% confidence 99.3 % confidence
Data Poisoning during training. Evasion attack during prediction.

Systems Research: Build systems that are robust against adversarial inputs
both during training and prediction (e.g., decision making).
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R6: Shared Learning on Confidential Data

CMS Allows Orgs to Share and Sell
Medicare, Private Claims Data

CMS has finalized a healthcare reform rule that would allow
qualified entities to share and sell Medicare and private payer
claims data and analyses.

CHALLENGES That Al Creates

IBlerta de Hierro_ \\
L\ Det@sa de CHAMARTIN
AN la Villa Centro comerc
INY Wﬂm Anuro\Sona Pla
\\\‘\ Estadio Santlago
‘ Bernabéu

% Q CDAD LiN
Hospltal Gener
Q Umversutano

| \
SALAMANCA

Secure Al

Hospital Materno

‘ / s '“”""'°’°:°"°'"%G‘;?&"2£‘ Share data across hospitals to
o )/ identify and predict epidemics.

"AL(/ ‘” Q $Clinica . »
rina 9 “ > 4 «6\

\_ Jesus Pérez Leal /

Parque de o=,

San Isidro X T:\\Q Matadero Madnd
7 R /z
; = H¢
ispital Centralide La / \ /PUENTE DE

N
fensaGoémez Ulla Hospital . JPACLECAS

|/ Universitario 12 de...,/

1 Q "\' ENTREVIAS
| %\ /

o

Systems Research: Build systems that can learn across multiple data sources,
protecting private data and user confidentiality.
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CHALLENGES That Al Creates

- R7: Domain Specific Hardware
A|-§peC'f'C R8: Composable Al Systems
architectures R9: Cloud-edge Systems
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CHALLENGES That Al Creates

R7: Domain Specific Hardware

Cloud TPU v2
180 teraflops

64 GB High Bandwidth Memory (HBM)

Google

Systems Research: Build Systems that efficiently use new hardware technologies,

Source:
intel.com

architectures

(intel) OPTANE

Improve Performance

INTEL" 30 NAND SSD

Deliver Efficient Storage

HOD/TAPE

Capacity

like accelerators, new types of memory and storage devices.
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CHALLENGES That Al Creates
AVAVAVAV = =30 =N

e.g., memory utilization

Class = “sinusoid”

\l/ Choose based on pattern.

N
N——

« Modularity T — \( Pattern /
« Composability [ J. ’L Prediction )

Focused expertise N
Prediction

\

Pre-trained ML models
per different pattern

Systems Research: Build systems that allow the composition of models and actions
in @ modular and flexible manner.
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CHALLENGES That Al Creates

R9: Cloud-edge Systems
Server coordinating

Cloud Computing vs Edge Computing the training of a

I global Al model

Computation takes
: place here :

I@ ,e |@| Devices with
£ local Al models

Edge Server

D | e Smaller devices.
* Different, specialized hardware.
‘ D ' - * Less storage.

Computanon takes

place here | * Closer to data generation.

Systems Research: Build systems that (1) leverage the edge to reduce latency and
(2) leverage the cloud to share data and models across edge devices.
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How to Read a Paper

Read in 3 passes:
* 1st pass [10 mins]: Quick pass. Read abstract, introduction, conclusion.
* 2nd pass [1 hour]: Read the full paper to understand the problem and the solution.

* 3rd pass [x hours]: Read again and challenge the choises. Is it well motivated? Well designed? Well evaluated?

Resources:

e http://svr-sk818-web.cl.cam.ac.uk/keshav/papers/07/paper-reading.pdf

* https://sospl9.rcs.uwaterloo.ca/diversity/slides/rebecca.pdf

e http://muratbuffalo.blogspot.com/2013/07/how-i-read-research-paper.html
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Report Due March 21 at 18.00

Send report via email at: thaleia.doudali@imdea.org

Answer / expand upon these 4 questions:

1. What drives the recent success of Al / ML?
2. Which 1 of the 4 trends in Al you find most important to you and why?
3. If you had to solve 1 of the challenges, which one you would choose and why?

4. What are 2 things you will remember from this paper?
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Your Answers

Which 1 of the 4 trends in Al If you had to solve 1 of the challenges,
you find most important to you and why? which one you would choose and why?
TRENDS CHALLENGES
Mission Critical Al 27% Acting in Dynamic
Environments 10%
Personalized Al 37%
Al across Organizations 18%
Al-specific 459
Al demands for HW/SW 18% architectures
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