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Learning Goals

o Understand how to build a system that can
put the power of machine learning to use.

o Understand how to incorporate ML-based
components into a larger system.

o Understand the principles that govern
these systems, both as software and as
predictive systems,




Learning Goals

o Understand challenges of building
ML systems.

o Understand strateqgies of malking ML
systems reactive.
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Reackive ML

o Reactive ML = using strategies for
building Reactive Systems + to solve
unique challenges of ML systems




But wail, how
a reactive
svs%&ms Llooles
Lile?
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Case s&mv

o A startup that tries to build o
machine learning system from the
ground up and finds ik very, very
hard!




Sitfable

o Snitfable is the Instagram for dogs.

o Dog owners post pictures of their
dogs,

o and other doq owners (sniffers!)
Lilke, share, and comment on those
pic&ures.




A New Feature for
Swiffable

o Sniffers want to promote their
specific dog

o Sniffers want their dogs ko become a
celebrity!

o So, %k@j waink a hew ool ko malke
their pupda&es, more viral.




Pooch Predictor

o A new feature to fiqure out which
picture would get the biqgqest
response on Sniffable

o A new feature to predict the number
of Likes a given pupdate might get,
based on the hashtaqgs used.




ka did the s&armp come
up with Pooch Predictor?

o It would engage the doqg owners,
o ketp thema create viral content,

o and grow the Sniffable networik as a
whole




Pooch Predictkor 1.0
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What kind of architectural style is this?




How does pipes and
tlters style Llooke Like?
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Pipes and filkers
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Pipes and filkers

o Filter: component that transforms data
o Filkers can be executed concurrently

o Pipe: Takes output data from one
filker to the input of another filter

o Properties: buffer size, data formal,
interaction protocol




Benefits of pipes
and filkers:

o Each component is c:{eaaupted from
one ancther and can be mainkained
imdepemdavxﬁv«

o Each component can also be tested i
tsolakion,

o You con re—~use cmmpumemﬁs to ereate
different chains.




Whak kappamed ok the
organizational level
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Something seems
wWToNng,

o Issue: Predictions werent changing
much over a period of time despite
adding wmore data to the sstem




Misunderstanding
bebween stakeholders

Daka Software
Scienkist Engineer



Pooch Predictor 1.1
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Svs%@.m Lssues
appeamd

o Pooch Predictor wasnt very reliable

o Change in the database -> the queries
would fail

o High load own the server -> the modeling
Jjob would fail

o More and wmore as the size of the social
network increased




Fatlures were hard
to deteck

o Failures were hard to debect without
bu,ii.cii,s»\g) up more sophis&i&a&ed
monitoring infrastructure,

o There wasnt much that could be
done other than restarting the job.




Modeling issues

o Daka scienkist realized that some of
the features werent being correctly
extracted from the raw data.

o It was also reau.v hard to
understand how a change to the
features would impact modeling
performance.




A majar Lssue
hagpemed

o For a couple of weeks, their interaction
rates steadily trended down.,

o For users oulside of the US, Pooch
Predictor would always predict a
neqative humber of Likes!!

o Ik was a probtam with the modeling
Sjs&am’s Llocation-based features.




How they fix ib?

o Dabta scienkist sktarted impiemem&ing
more feature-extraction functionality
A al a&&emy& to improve modeling
per‘farmavxca.

o To do that, she qot the engineer’s help
to send more data from the user app
back to the application database.




Things went from
bad to worse!

o The app slowed dowi clrama&aauj.



What was the
reason?

o Sending the data from the app back to server
took way too long ko maintain reasonable
resrmmsi,vehess.

o The server would throw an ex&e.p&ion any Eimme
the prediction functionality saw any of the
new features.

o The predic&om fumc&icmaii&v within the server
Ehak sugpor%&d the app didint handle bthe new
features properly,
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So whak H\@.ﬁj ALA??

o After understanding where things
had qone wrong, the team quickly
rolled back all of the new
ﬂfwfu:&mv\auiv and restored the app
to a normal operational state.

o They held a retrospective to build a
belber system...




Building a better
system (op@.raﬁmm)

o Sniffle must remain responsive, regardless
of any problems with the predictive system.

o The predw%we component needs ko be less
tightly coupled to the rest of the systems.

o The predictive system needs to behave
predictably regardless of high load or
errors in the system itself.




Building a better
system (d@.vempmev\%)

o It should be easier for different
developers to malke changes to the
predictive system.

o The code needs to use different
programming idioms that ensure
better performance.




Building a better
system (ML)

The Farecii,r:&éve s-jsEem must measure its modeling
performance better.

The predia&we svsﬁem should sugpor& evolukion
and change.

The F?recii,ct&ive SjsEem should su.ppor& online
experimem&a&mm.

Easy for developers to supervise the predictive
system and rapidly correct any rogue behavior.



Sniffable team missed
something big, right?

o They builk what initially looked Llike a useful ML
svsﬁem Ehat added value to their core Prociu,«c&.

o Production issues with their ML system
ﬂfrequemﬂv Fu.tied the team away from work on
improvements to the capability of the system,

o Even though they had a bunch of smart people
to develop model to predict the dynamics of
dog-based social networking, their system
repeatedly failed at its mission,



Building ML
systems is hard!

o The daka scienkist knew how bo do ML.

o Pooch Predictor Eo&au.v worked on his
La\p&op
o Bubk the data scientist was not thinking

of ML as a system - but as a Eeakmique!

o Pooch Predictor was a failure both as a
predictive system and as a software.




To build it right:
Reactive ML

o Reactive ML = ML as a svs&em
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Starting from the
b@.gi;mm;»\g

o A ML system must collect data from the
oubside world.

o In the Pooch Predictor example, the team
was trying to skip this concern bj using the
data Ehat Eheir application ad.r&adv had.

o Obviously, this approach was quick, but it
tightly couples the Sniffable application data
model to the Pooch Predictor data model.



Derived representations of
the raw data = tnstances
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What is “ﬂf@.aﬁure"?

o Feotures are meaningful data points
derived from raw data related to
the entity being er@.dit&ed on,

o A Sniffable example of o “feature”
would be ??




What is the feature
vector?

o The feature values for a given
tnstance are totte&&veiv called
a feature vector.



Whab s a co»m::ep%?

o A concept is the thing that the system is
trying ko predict.

o In the context of Pooch Predictor, a
concept would be the number of Likes a
glven post receives,

o When a concept is Aiscrete (l.e. not
continuous), it can be called a class Label.




Types c;wf learning

internal state ?l.reward
i 0. 0!
o % o o 10,80.0! environment ooo ooo
e 0o 'o0'0 00! ; i“% 0’0o 0’0
.. fe) : (e} ° ! by action %ﬁ/ﬁ (o) o
.......... - »
. . . observation .
Supervised Semi-Supervised Unsupervised
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Learning

Supervised: given data, predict label

Unsupervised: given data, learn about
Ehabt daka

RL: given data, choose action to
maximize expe&&eci Long-term reward



What s a “wmodel”?

o A program that maps from features to
predicted concepts.

o For the Pooch Predictor, a program
that takes as input the feature
representation of the hashtag data and
returins the predw&ec{ number of Likes
that a given pupdate might receive.




What s model
F?ubtisk£Mg?

o Model publishing means making the
nmodel program available outside of
the context it was learned in,

o so bthal itk can malee Fmdicﬁoms on
data it hasnt seen before.
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Remember any issue
regarding model publishing
in shiffable?

o Sniffable team Largely skipped it in their
original implementation.

o They Aidnt even sek up their system to
retrain the model on a reqular basis.

o Their next approach at implementing
model retraining also ran into difficulty,
causing their models to be out of sync
with their feature extractors.




ML szs&ems are different
from Eransactional systems

o Some of the pooch predictor system problems
stemmed from treating their predictive system
like a transaction business application.

o Al apprcmah that relies upon sktrong
consistency guarantees just doesnt work for
modern distributed systems,

o It is out of sync with the pervasive and
tnkrinsie uuaer&am&j i a machine learning
ssjsEem.



ML apps are
dfjv\amu: svséems

o Other problems the Swiffable team
experienced had to do with not
thinking about their system in
dyhamic terms,

o ML systems must evolve, and they
must support parallel tracks for that
evolution through experimentation.




ML Quality Attributes
for Reactive ML ‘Svs%ems
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[Most of these fiqures are taken from Jeff Smith’s slides and boolk]



Qesgomsive




Qesyomsive

o If a system doesnt respond to its
users, then it’s useless.

o Think of the Snitfable team causing
a massive slowdown in the Sniffable
app due to the responsiveness of
their ML system.




Resilienk
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Resilienk

o Whether the cause is hardware, human
error, or design flaws, software always
breais.

o Providing some sort of acceptable
response even when things dont 9o as
F?Lo\mv\eci is a key part of ensuring thak
users view a system as being responsive.




Elaskic
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Elaskic

o Elaskie sstems should resyomd ko
necreases or decreases i Load.,

o The Sniffable team saw this when
their traffic ramped up and the
Pooch Predictor system couldnt
leep up with the Lload.




Messaqge-driven




Message-driven

o A loosely coupled system organized
around message passing can make it easier
to detect failure or issues with Load.,

o Moreover, a desigh with this trait helps
contain any of the effects of errors
isolated, rather than flaming production
issues that needed to be immediately
addressed, as they were i Pooch Predictor.,




Wait, how do you build a
Sjs%em Ehak ac&uatt; has
these quati%ies,f
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ert&aaﬁmm

o Daka, whether at rest or in motion, should
be reduudamﬂv stored or pra»aessed.

o In the Sniffable example, there was a time
when the server that ran the model-
leariing job failed, and no model was
learned,

o two or more model-learning jobs




Al Exampte:
Sparw Architecture
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Cownkathment

Prevent the failure of any single component
of the system from affecting any other
component,

Docker or rkt? no, this strategy isnt about any
one implementation. Containment can be
implemented using many different systems.

The point is to prevent the sort of cascading
failure we saw in Pooch Predictor, and ko do
so at a structural level.



A Cownbkained Model-
Serving Architecture

Mode| A
Jervice Sepr%er

Remember the model and the
features were out of syne, resulking
n exceptions during model
serving??



Sutmrvismv\

o Idem&b‘fv the components that could
fail and some other component is
responsible for their Lifecycles.



A Su,p@.rvi;sorv Architecture

supervisor

Pooth | |9 | Sniffable
.<) predictor | ——2| Server
—_—
The published models are observed by
the model supervisor. Should Etheir
behavior ever deviate from acceptable
bounds, the supervisor would stop

sending them messages requesting
predictions.




Model Supervisor

No olhe
likes dogs

French French French
Bulldog Bulldog




Su[pervi;sorj architecture
allows self-healing

o The model supervisor could even
&ompte&etj des&rc)j a model ik
khows ko be bad, allowing the
system to be self-healing.



ka Turhing ML
svséams to reackive

o U&Lma&etv, a reactive ML sfjsﬁem
gives you the ability to deliver value
through ever better predictions.




Strateqgies to make
ML reactive

Infinite Data Uncertain Datfa

Lazmess Pure | mmutable Possible
Functions Factls — Worlds




Infinite Data

o Ideally, with its new ML capabilities, Sniffable
is going to talke off and see tons of Eraffic.

D

Some posts would have big dogs, others
small ones.

Some posts would use filters, and others
would be more natural.

Some would be rich in hashtags, and some
wouldnt have any annotations.



Strategy 1: Laziness

o Delay of execution, to separate the
composition of functions to execute
from their actual execution.,

o Conceive of the data flow i terms
of infinite streams instead of finite
batches.




Lo\z.v Evaluakion i
Spm%

The execubion will nob skart unkil an
action is triggered



Strateqy 2: Pure
functions

o Evaluating the function must not
result in some sort of side effect,
such as changing the state of some
variable or performing some 1/0.

o Functions can be passed to other
functions as arquments -> Higher
Order Functions




Ummr&a&m&j

o Even before making a prediction, a ML
system must deal with the uncertainty of
the real world outside of the ML system.

o For example, do sniffers using the
hashtag #adorabull mean the same thing
as sniffers using the hashtag #adorable,
or should those be viewed as different
features?




Strateqgy 3:
Inmmubable facts

o Data that can simply be writken once and never
modified

o The use of immutable facts will allow us to
reason about uncertain views of the world ok
specific points in time,

o Having a complete record of all facts that
occurred over the Lifetime of the system will also
enable important machine learning, Like model
experimentation and automatic model validation.



Likes

Strateqy 4: Possible

Worlds

Model Type

Pupdates

Likes/Pupdate

Historical

6,500

Machine-Learne




Sum mMary

o ML offers a powerful toolkit for building
useful prediction systems.

o Building an ML model is only part of a
larger system development process.

o We went through practices in distributed
systems and software engineering in a
pragmatic approach to building real-world
ML systems.




Sum mMary

o ML can be viewed as an application, and
not just as a technique.

o We learned how to incorporate Mi-based
components nto a larger complex system.

o Reackive is a way to build sopkis?:&«ca&ec&
systems, and some ML systems dont need
to be seyhas&t&&ed«




Kesources

o Reading assigiment: Reactive ML
boole, Chap&er 1



Project

o Project3: How you can decrease
Latency of model serving (TF
serving) by changing some of
F&r&ma&evs Like caching, remote
Praﬂedure call protocol, ete,




Model serving
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Model serving
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