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Why ML Systems instead of ML algorithms?

ML algorithms is the less problematic part.

 The hard part is to how to make algorithms work with other parts to solve
real-world problems.



Why ML Systems instead of ML algorithms?

ML algorithms is the less problematic part.

 The hard part is to how to make
algorithms work with other parts to
solve real-world problems.

» 60/96 failures caused by non-ML
components



https://www.youtube.com/watch?v=hBMHohkRgAA
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ML in Production

Data Machine

Resource Monitoring

Management

Verification

Data Collection

Configuration

Serving

Infrastructure
~ode Analysis Tools

Feature Process

Extraction

Management Tools




How are ML systems designed and implemented?

The process of defining the interface, algorithms, data, infrastructure, and
hardware for a machine learning system to satisfy specified requirements.



What is machine learning systems design?

The process of defining the interface, algorithms, data, infrastructure, and

hardware for a machine learning system to satisfy specified iequirements.

e N
reliable, scalable, maintainable, adaptable




The questions this class will help answer ...

 You’ve trained a model, now what?

 What are different components of an ML system?

 How to do data engineering?

 How to engineer features?

 How to evaluate your models, both offline and online?

 What’s the difference between online prediction and batch prediction?
 How to serve a model on the cloud? On the edge?

 How to continually monitor and deploy changes to ML systems?



This class will cover ...

ML production in the real world from software, hardware, and business
perspectives

 |terative process for building ML systems at scale

* project scoping, data management, developing, deploying, monitoring & maintenance, infrastructure
& hardware, business analysis

* Challenges and solutions of ML engineering



Prerequisites

 Knowledge of CS principles and skills
* Understanding of ML algorithms
 Familiar with at least one framework such as TensorFlow, PyTorch, JAX

 Familiarity with basic statistics, linear algebra, and calculus.

You will be fine if you are eager to learn!
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ML Systems course iIs project-based

 Must work in groups of 2-3

 Demo + report + code + experimental results

See course website: https://pooyanjamshidi.github.io/mls/



https://pooyanjamshidi.github.io/mls/

Grading

Milestones 1: 20%
Milestone 2: 30%

Project Demonstration: 30%

Final Deliverables: 20%



Important Dates

Project assignments and proposals: due September 5
Project milestone 1: due September 28

Project milestone 2: due October 26

Project demos: November 28th, 30th, Dec 5th, Dec 7th

Final report and all deliverables: due December 7th



Plazza

Piazza: you have already been added!
Ask gquestions

Answer others’ questions

Learn from others’ questions and answers

Find teammates



How projects will be
evaluated

You can work in teams of up to 2 or 3 people.

Every team member should be able to demonstrate her/his
contribution(s).

The outcome will be evaluated based on the quality of the deliverables
(code, results, report) and presentations/demonstrations.

The final report contains motivation, positioning in existing literature,
technical details, details about the experimental setup, results
regarding ablation analyses, comparisons, and conclusions.

It Is essential to write why you designed the experiments in any
specific way and how such a design of the experiment would answer
any question of hypothesis.



Honor code: permissive but strict - don’t test us ;)

® OK to search about the systems we’re studying.

® Cite all the resources you reference.
o E.g., if youreaditin a paper, cite it.

NOT OK to ask someone to do assignments/projects for you.

OK to discuss questions with classmates.

NOT OK to copy solutions from classmates.

OK to use existing solutions as part of your projects/assignments. Clarify your

contributions.
NOT OK to pretend that someone’s solution is yours.
OK to publish your final project after the course is over (we encourage that!)

19
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Machine Learning Systems

Learning

New to machine learning? Not sure how ML works in production? Interested to get involved in advanced ML+Systems research? This class is designed for you!

When we talk about Artificial Intelligence (Al) or Machine Learning (ML), we typically refer to a technique, a model, or an algorithm
that gives the computer systems the ability to learn and to reason with data. However, there is a lot more to ML than just
implementing an algorithm or a technique. In this course, we will learn the fundamental differences between Al/ML as a model

versus Al/ML as a system in production.

https://pooyanjamshidi.github.io/mls/



https://pooyanjamshidi.github.io/mls/
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How the project report
should looks like?

= C' X hitps://localhost:8888/8995fc4a-410d-4118-9df8-211274fdce87# % B €
TPIvl: Notebook spectrogram  Last saved: Jun 28 10:35 AM Logout

File Edit View Insert Cell Kernel Help

(ia] X | T il 7

(n
I

[ o Code *

Simple spectral analysis

An illustration of the Discrete Fourier Transform

N-1
X; _z,r,,exp T g=0,..  N-1

n=0

In [2]: £from scipy.io import wavfile
rate, x = wavfile.read('test_mono.wav')

And we can easily view it's spectral structure using matplotlib's builtin specgram routine:

In [5]: fig, (axl, ax2) = plt.subplots(l,2,figsize(16,5))
axl.plot(x); axl.set_title('Raw audio signal')
ax2.specgram(x); ax2.set_title('Spectrogram');

Raw audio signal Spectrogram
40000 . : : : 10 o ‘J‘“"ﬁ‘] — "\. ’(,.‘
b“u .n P f 04“‘ NI "[" f’,;
30000 | ] [ _.‘_,':"n,‘{.‘l.\l‘ i‘(’.\‘ " "”"9‘: ;) Ay d_\t o‘t .-‘1,\

0.8
20000 |

10000

-10000

—20000 +

";'u\." .l’t 's( \lA‘ Ay .
5000 10000 15000 20000 25000 30000 35000 0 2000 4000 6000 8000 10000 12000 14000 16000

-30000
0




How the project report
should looks like?

C A [ file//C:/Users/smortaz/Documents/IPython%20Notebooks/Untitled%202.html w O £ =

% Apps /L Microsoft AzureMa.. | Subs | NB M TD Rg§oT €P €IN [PM N2cM [{le EEn <SRrRO EHTC BT » (] Other bookmarks

[a.collections[@], b, c], -
["learned decision function’, 'true inliers’, 'true outliers’],
prop=matplotlib.font_manager.FontProperties(size=11))
subplot.set _xlabel("%d. %s (errors: %d)" % (i + 1, clf_name, n_errors))
subplot.set xlim((-7, 7))
subplot.set_ylim((-7, 7))
plt.subplots_adjust(©.04, 0.1, ©.96, ©.94, 0.1, ©.26)

plt.show()

Outlier detection Outlier detection

= = |earned decision function - learned decision function
000 true inliers ©%0 true inliers
e®e true outliers e®e true outliers

-6 -4 -2 0 2
1. One-Class SVM (errors: 4) 2. robust covariance estimator (errors: 0)

Outlier detection Outlier detection

= = |earned decision function - |learned decision function |
000 true inliers 000 true inliers
e®e true outliers e®e true outliers




How the project report
should looks like?

TPIyl: Notebook GDP_CO2_Example Lastsaved: Feb 26 12:33 PM
File Edit View Inset Cell Kemel Help
pe ’ h - ~ " ' ° » - Code —

Andy Wikon has a nice mom tightly intemmation of d3. g and python notebook Sea
hitps fgqthub comiwisayipythonftmadSpots

some other examples (mostly experimental, need various different le+2
setups.)

hitps fqthub comicachin/Python-Notaboo k-« .3 s -mas hup fe+d

Why?

The whole ecsarcie hem 2 mostly on explonng the possibilty o have mally dynamic frontend for developing
veulzatons ordemostmtions . The ipython notebook provides a mally nise way to integmte web
technolbgwe with the powerful backend python poceeses . The will maks dynamic data explomtory m*ﬁc 1e-1
with python eazirin the furtume using mostly open-soumce softwam. Wa can sventually integmts a btz of
othercool web technobgike (e.9. webQL, htmb vidso, canvas) togsther.

What's next

In thz2 sccampls, | ves bam-bone python functions / gvas cnpt functions for the work | think the mazonabk
next =tep = to ses what & the nght kind of fmmework for mapping the javasocnpt objects and python objots le+ Re+l le+2e+2 le+2e+3 le+®e+d
(2.g9. somsathing like hitps //github com/mikedewardSpy foripython notebookor Andy Wikon's dipbts
appmoach.) Eventually, we may develope a standard =et of widgets or integmte some concept of the
‘Qrammarof Qraphee” (http.Awvww amazon.comQmmmarQmphice -Leland -Wilkingonfdp/O38 7987 740)

Te+0

2e-2
1e-2

and ggpht2-like featums (hitp:i/had.co.n2/ggpbi2/) as python notebook libmnss, 1965 | 1970 | 1975 | 1980 | 1985 | 1990 | 1995 | 2000 | 2005 |
--Jazon Chin, Feb 28, 2012

In [35): # Here we show we can re-define the function and have the javascript calls
# the re-~defined function imssmediately
# The code below plots the circles vsing the sizes propotional to the log o
# population of each country
#H Mes womsr svrmmsdsa Sha - ~A~T717 worr mav e Phe Ahaveses e AT Al e hadkd e~
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Course Projects

Project 1: LLM Serving: Batching, Scheduling, Eviction Policy, Prefetching
Project 2: ML Pipelines: Configuration Tuning, Runtime Resource Adaptation
Project 3: Robotics: Multi-Modal Learning and Navigation

Project 4: Any Relevant Topic to ML Systems

271



Project Proposal

What is the problem that you will be investigating? Why is it interesting?
What reading will you examine to provide context and background?
What data will you use? If you are collecting new data, how will you do it?

What method or algorithm are you proposing? If there are existing
implementations, will you use them and how? How do you plan to improve
or modify such implementations? You don't have to have an exact answer at
this point, but you should have a general sense of how you will approach the
problem you are working on.

How will you evaluate your results? Qualitatively, what kind of results do you
expect (e.g. plots or figures)? Quantitatively, what kind of analysis will you

use to evaluate and/or compare your results (e.g. what performance metrics
or statistical tests)?



Checkout

CSCE 585 as LECTURES & PROJECTS E RESOURCES B POLICIES ®aPIAZZA O &

Projects

Submission

For submitting your homework and project deliverables, please use the
instructions and template in the course resources repository.

Topics

The course project is an opportunity to apply what you have learned in class to a
problem of your interest. Potential projects must have these two components:

- Machine Learning algorithm: Any ML model class including neural networks
or any good old-fashioned ML/AI.

- Computer Systems . The project should have at least one computer systems
component: (i) Platform: Embedded, Realtime, Cloud, 10T, Edge; (ii) Systems
issues such as scalability, performance, reliability; (iii) On-device ML: e.g.,
TinyML, Al on Edge,; (iv) Trustworthy Al: Bias, Fairness, Robustness, Privacy,
Security, Explainability, Interpretability, Interoperability; (v) Robot Learning, any
project that makes robots more intelligent!

THIS 1S YOUR MACHINE LEARNING SYSTETM?

YUP! YOU POUR THE DATA INTO THIS BIG
PILE OF LINEAR ALGEBRA, THEN (OLLECT
THE ANSLIERS ON THE OTHER SIDE.

WHAT IF THE ANSWERS ARE LJRONG? )

JUST STIR THE PILE UNTIL
THEY START LOOKING RIGHT.

The following categories also fit within the scope, and | highly encourage students to consider such projects:

- There are lots of resources that you can read, review, and study to find a specific project idea with a clear scope. For example,
you Can use blog posts from engineering teams at high-tech companies: Uber Engineering, The Netflix Tech Blog, Spotify

Labs, Meta, and many more.

- Topicsrelatedto AI in Robotics Or Autonomy in Robotics are great for this course. You can use simulators such as
Gazebo or Bullet or use cloud services such as Amazon RoboMaker for your project and do not need to have it on a physical
robot, but if you want to do a project with physical robots, you can do it in our robotics lab, come and talk with me. | have
several project ideas related to Autonomy and Robotics. We have also a robotics team, called Gamecock Robotics. You can
define your project to make the robot autonomous. You can also read blog posts to formulate a well-scoped project.

- Building on top of an open source ML system thatyou can find on GitHub, e.g., you can develop a tracking algorithm and

develop a plugin for DeepStream



- AI competitions are great projectideas for non-CS students, e.g., EvalAl hosts many interesting competitions with prizes
suitable for students from all backgrounds, e.g., (i) Open Catalyst Challenge for Chemical Engineering students; (ii) Neural
Latents Benchmark for Neuroscience students; (iii) The Robotic Vision Challenges for students interested in robotics.

C hec ko Ut - Hackathons : e.g., PyTorch Annual Hackathon 2021, AWS BugBust, Kaggle

- Systematic study of open source ML Systems Via (i) interview study (please make sure you design the interview study
correctly before conducting the interviews) and/or (ii) Formulating interesting research questions about building ML systems,
for example, contrasting testing practices for ML systems vs. traditional software systems, collecting data from software
repositories, and systematically extracting info from these repositories that answers your research questions.

- TinyML projects: You can find many ideas on GitHub and TinyML community forum

- AI for Social Good : There are massive opportunities to define your project on Al for Social Good, just google it and listen
to podcasts for ideas, e.g., In Machines We Trust or The TWIML Al Podcast.

- Topicsrelated to systems for ML Or ML for Systems . There are many opportunities to develop an infrastructure to
make the ML workflow faster, more efficient, reliable, dependable, etc. Please check out some of the work at AlSys lab.

- AI and Music : Topics related to music synthesis, music perception, music ranking, music experience, and many more.
Please check out some cool works: (i) OpenAl Jukebox, (ii) Deep Learning Could Bring the Concert Experience Home.

- And, in general, for any interesting ML systems project ideas, try GitHub, or Reddit.

If you are unsure whether the project you have defined fits within the scope, please talk with me after class. If you believe that
might be helpful for other students, please ask your question on Piazza or during class hours.



Learning Materials




Course Textbook

O'REILLY"

Designing
Machine Learning
Systems

An lterative Process
for Production-Ready
Applications

Chip Huyen



Learning Materials

* | earn one of these frameworks: TensorFlow, PyTorch, JAX

* There are many good tutorials for each framework on their website
* [ry to build some very simple models with available benchmarks

e Search for the LeNet model and train it with the MNIST dataset

* [ry to feed some input data and get the prediction and print it on the
console

* Then try to measure basic performance metrics such as Accuracy or
Inference time



Using Machine Learning to Predict Value of

Case I Homes On Airbnb

by Robert Chang

Amazing view from a Airbnb Home in Imerovigli, Egeo, Greece


https://medium.com/airbnb-engineering/using-machine-learning-to-predict-value-of-homes-on-airbnb-9272d3d4739d

Using Machine Learning to Predict Value of Homes On Airbnb

* Airbnb used machine learning to predict a vital business metric: the value of
homes on Airbnb.

* |t walks you through the entire workflow: feature engineering, model selection,
prototyping, and moving prototypes to production.

e |t's completed with lessons learned, tools used, and code snippets too.



Netflix Technology Blog E\T
Mar 22,2018 - 7minread - @ Listen

Using Machine Learning to Improve Streaming
Quality at Netflix

by Chaitanya Ekanadham

One of the common questions we get asked is: “Why do we need machine
learning to improve streaming quality?” This is a really important question,
especially given the recent hype around machine learning and Al which can lead
to instances where we have a “solution in search of a problem.” In this blog post,
we describe some of the technical challenges we face for video streaming at
Netflix and how statistical models and machine learning techniques can help

overcome these challenges.


https://netflixtechblog.com/using-machine-learning-to-improve-streaming-quality-at-netflix-9651263ef09f

Using Machine Learning to Improve Streaming Quality at Netflix

e As of 2018, Netflix streams to over 117M members worldwide, half of those
living outside the US.

* This blog post describes some of their technical challenges and how they use
machine learning to overcome these challenges, including:

» predicting the network quality,
» detect device anomaly,

» and allocate resources for predictive caching.



150 successful machine learning models: 6
Case lll lessons learned at Booking.com

OCTOBER 7, 2019 ~ ADRIAN COLYER

150 successful machine learning models: 6 lessons learned at Booking.com
Bernadi et al., KDD'I9

Here's a paper that will reward careful study for many organisations. We've
previously looked at the deep penetration of machine learning models in the
product stacks of leading companies, and also some of the pre-requisites for
being successful with it. Today's paper choice 1s a wonderful summary of
lessons learned integrating around 150 successful customer facing
applications of machine learning at Booking.com. Oddly enough given the
paper title, the six lessons are never explicitly listed or enumerated in the
body of the paper, but they can be inferred from the division into sections. My

Interpretation of them is as follows:


https://blog.acolyer.org/2019/10/07/150-successful-machine-learning-models/

150 Successful Machine Learning Models: 6 Lessons Learned at booking.com

* As of 2019, Booking.com has around 150 machine learning models in production.
* Predicting users’ travel preferences and how many people they travel with
* Optimizing the background images and reviews to show for each user.
* Lessons Learned:
 Machine-learned models deliver strong business value.
 Model performance is not the same as business performance.
* Be clear about the problem you’re trying to solve.
* Prediction serving latency matters.
* Get early feedback on model quality.

» Test the business impact of your models using randomized controlled trials.


http://booking.com

