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from flask import Flask
app = Flask(__name__)

@app.route('/")
def hello_world():
return 'Hello, World!'
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(A Machine Learning Model Management System at Uber =)

Listing 1: Model Selection Rule Example

{
"team": "forecasting",
"uuid": "316b3ab4-2509-4ea7-8025-ca879dac61",
"rule": {

"GIVEN": modelName ==

"linear_regression"

AND model domain == "lUberX"
"WHEN": "metrics["mae"] <= 5",
"ENVIRUONMENI": "production”,
"MODEL_SELECTION":
"a.created_time > b.created_time"



https://openproceedings.org/2020/conf/edbt/paper_217.pdf

MLOps Component - Experiment, Model Management
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MLOps Component - Feature Store
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MLOps Component - Data Validation
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https://towardsdatascience.com/how-to-detect-model-drift-in-mlops-monitoring-7a039c22eaf9
https://databricks.com/blog/2019/09/18/productionizing-machine-learning-from-deployment-to-drift-detection.html
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MLOps Component - Continuous Training

Deployment Action Rule 0l Al
(A Machine Learning Model Management System at Uber)

Listing 2: Action Rule Example

i
"team": "forecasting",
"uuid": "43057544-92b0-4421-a1b0-d7d87f77a",
"rule": {
"GIVEN": "model_domain == "UberX"
AND model_name == "Random Forest",
"WHEN": "metrics.bias <= 0.1
AND metrics.bias > -0.1",
"CALLBACK_ACTIONS": [

{
"action":"forecasting_deployment"”
}
1
"ENVIRONMENT": "production"

}



https://openproceedings.org/2020/conf/edbt/paper_217.pdf
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-1) HE R S = 2| Machine Learning Engineering for Porudction(MLOps) S35t Ut &

2) Full Stack Deep Learning

3) [0l K S 2 &] MLOps 101

+”Spring 2021 Online Course;”

About this course

There are many great courses to learn how to train deep neural networks. However, training the model is just one part of shipping a
deep learning project. This course teaches full-stack production deep learning:

HBxt:

®@DeepLearning.

Data Science > Machine Learning

Machine Learning Engineering for

Production (MLOps) S} 2t [Lstioing oL Prfcs ) Qg This course

Become a Machine Learning expert. Productionize your machine learning knowledge and expand your

production engineering capabilities.
* %ok ko k4.8 199712 7} Tralnlng DL Models . - @
(i; Andrew Ng +3%0| 2HA EpT

DL Theory /Math /CS ~

LEER ’
6% 42 A 0 . « Formulating the problem and estimating project cost

« Finding, cleaning, labeling, and augmenting data

6,712%0| 0|0| SEAHELICH
« Picking the right framework and compute infrastructure

« Troubleshooting training and ensuring reproducibility

« Deploying the model at scale


https://www.coursera.org/specializations/machine-learning-engineering-for-production-mlops#courses
https://fullstackdeeplearning.com/
https://www.youtube.com/watch?v=DeOEuDosH2s&list=PLDZRZwFT9Wku509LgbJviEcHxX4AYj3QP
https://www.inflearn.com/course/%EB%A8%B8%EC%8B%A0%EB%9F%AC%EB%8B%9D-%EC%97%94%EC%A7%80%EB%8B%88%EC%96%B4-%EC%8B%A4%EB%AC%B4
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Awesome production machine learning

This repository contains a curated list of awesome open source libraries that will help you deploy, monitor, version,

scale, and secure your production machine learning.
Quick links to sections in this page

Q Explaining predictions & models Z Privacy preserving ML

) [l Model Serving and
#2& Model Training Orchestration s

Monitoring
ﬁl Reproducible Notebooks il Visualisation frameworks
¥ Data pipelines & ETL ¢ Data Labelling
;" Functions as a service # Computation distribution

E Optimized computation

& Data Stream Processing
frameworks

© Feature engineering ﬁ Feature Stores

@& Commercial Platforms ﬁ Data Storage Layer

™ Model & data versioning
& Neural Architecture Search

@ Industry-strength NLP
Metadata Management
= Model serialisation

e Outlier and Anomaly
Detection

}4 Adversarial Robustness


https://github.com/EthicalML/awesome-production-machine-learning

Haldld

ANAE CIAe! I El

Haldd AIAE CIAC IHE S 210 O

https://mercari.qithub.io/ml-system-design-pattern/README ko.html

Serving patterns
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Web single pattern

Synchronous pattern

Asynchronous pattern .

Batch pattern

Prep-pred pattern

Microservice vertical pattern

QA patterns

Ol F Meet 2 Wotst| 2let S LIC

Shadow AB-testing pattern
Online AB-testing pattern
Loading test pattern
Antipatterns

o Offline-only pattern

Training patterns

Microservice horizontal pattern

o5 mo|Z2tols Fdsty| /gt EHSALICE

Prediction cache pattern

Data cache pattern

Prediction circuit break pattern

Multiple stage prediction pattern

Edge prediction pattern: To do

Antipatterns
o Online bigsize pattern

o All-in-one pattern

Batch training pattern
Pipeline training pattern
Parameter and architecture search pattern
Antipatterns
o Only-me pattern
o Training code in serving pattern

o Too many pipes pattern

Operation patterns

ML 3t AARIO| MEjnt 22, BUIEY, 22 AIAHS 93t BE| L 2% TES

* Model-in-image pattern

Model-load pattern

Data model versioning pattern

Prediction log pattern

.

Prediction monitoring pattern

.

Parameter-based serving pattern

.

Condition-based-serving pattern

.

Antipatterns
o No logging pattern

o Nobody knows pattern

Lifecycle patterns
Al 22 I8t ML AIAH THIE Y51 I8l oz HESS ZEs iiHEY
¢ Train-then-serve pattern

¢ Training-to-serving pattern


https://mercari.github.io/ml-system-design-pattern/README_ko.html
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Airbnb 2| Bighead (2 A A X)
Lyftel Flyte (224 A)
Doordash®| ML Platform
Facebook®| FBLearner

AWS 2| SageMaker
GCPZ2| Vertex Al
Azure 2| Machine Learning
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https://github.com/Netflix/metaflow
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https://www.slideshare.net/databricks/bighead-airbnbs-endtoend-machine-learning-platform-with-krishna-puttaswamy-and-andrew-hoh
https://github.com/flyteorg/flyte
https://doordash.engineering/2020/04/23/doordash-ml-platform-the-beginning/
https://engineering.fb.com/2016/05/09/core-data/introducing-fblearner-flow-facebook-s-ai-backbone/
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https://cloud.google.com/resources/mlops-whitepaper
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You will learn for what to use Machine Learn-

Motivation for MLOps

ing, about various scenarios of change that
need to be managed and the iterative nature
of ML-based software development. Finally,
we provide the MLOps definition and show the
evolution of MLOps.

Read more

Three Levels of ML-based %
Software

You will learn about three core elements of
ML-based software — Data, ML models, and
Code. In particular, we will talk about

—> Data Engineering Pipelines
—> ML Pipelines and ML workflows.

—> Model Serving Patterns and Deployment

Strategies

Read more

Designing ML-powered &
Software

This part is devoted to one of the most impor-
tant phase in any software project — under-
standing the business problem and require-
ments. As these equally apply to ML-based
software you need to make sure to have a
good understanding before setting out design-
ing things.

Read more

MLOps Principles @
In this part, we describe principles and estab-

lished practices to test, deploy, manage, and
monitor ML models in production.

Read more

End-to-End ML Workflow C:)
Lifecycle
In this section, we provide a high-level overview

of a typical workflow for machine learning-
based software development.

State of MLOps (Tools & %
Frameworks)

This part presents an overview of software
tools and frameworks that manage ML arti-
facts, and cover the whole machine learning
cycle.

Read more

AOIE

=

4L

XMNOF AF X
o=2 =2 o

2l & Of

0[O

o
JUN

MLOps Books

N

Lo O B V)

0

10

mn

12

Burkov, 2020
"ML Ops: Operationalizing Data Science” by David Sweenor, Steven Hillion, Dan Rope, Dev Kannabiran
Thomas Hill, Michael O'Connell
"Building_Machine Learning_ Powered Applications” by Emmanuel Ameisen
“Building_ Machine Learning Pipelines” by Hannes Hapke, Catherine Nelson, 2020, O'Reilly.

"Machine Learning Engineering” by And

"Managing_Data Science"” by Kirill Dubovikov

Eleming
"Evaluating_ Machine Learning_ Models" by Alice Zheng

2020
“Serving_Machine Learning Models: A Guide to Architecture, Stream Processing Engines, and Frameworks

"

Lublinsky
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MLOps Level 0 : Manual Process

MLOps: Continuous delivery and automation pipelines in machine learning

|
y ML | Ops
Offline i
data
Manual experiment steps
Data extraction i Data s Model Model evaluation : Trained ' Model
and analysis ¢ H ? preparation training and validation : model | serving
v
experimentation/development/test
______________________________________________________________________________________________ Model B
staging/preproduction/production registry

Prediction
service


https://cloud.google.com/architecture/mlops-continuous-delivery-and-automation-pipelines-in-machine-learning

MLOps Level 1 : ML pipeline automation

MLOps: Continuous delivery and automation pipelines in machine learning

'
|
Model ML Ops
analysis

T

Orchestrated experiment

Pipeline
Data Data Data Model Model Model Source deployment
i . G "y — Source
analysis validation 7 preparation °  training ° evaluation ~  validation code K e )
epository
~ |
Offline !
extract H
| |
experimentation/development/test 1
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, J 020,20, 20. 20,5020, 20,200, 50. ofl 090,20, 20
staging/preproduction/production
Feature
store
Model Tral;\e:i
registry Bt
| T '
Batch 2 i ¥
fetching  Automated pipeline i
D: D: D Model Model Model €9: Moce!
ata ata ata el odel el T sening
extraction 7 validation preparation = training > evaluation ~ validation
2
v
Trigger ML metadata store
PS
Performance Prediction
monitoring service
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MLOps Level 2 : CI/CD pipeline automation

MLOps: Continuous delivery and automation pipelines in machine learning

Model MLOps
analysis
~L T 1 2
Data Orchestrated Source Cl: Build, test, & package
— — — Source — S —  Packages
analysis experiment code repository pipeline components
I L
experimentation/development/test CD: Pipeline
staging/preproduction/production deployment
| Feature
: store
Trained
Model .- .
registry oce!
»
4 ¥ 5
Automated pipeline
. CD: Model
Data Data Data Model Model Model serving
L ' — — 3
—_— extraction validation preparation training evaluation validation
T
¥
Trigger ML metadata store
6
Performance < Prediction
monitoring service

1


https://cloud.google.com/architecture/mlops-continuous-delivery-and-automation-pipelines-in-machine-learning

MLOps Level 2 : CI/CD pipeline automation

MLOps: Continuous delivery and automation pipelines in machine learning

Development /

R Experiment

d

Pipeline continuous
Source code — P

integration

d

Packages £ Pipeline cqntinuous
delivery

d

Automated pipeline

—

New data

d

Continuous training

d

Trained model

——

Model continuous
delivery

d

Prediction service

—

Menitoring


https://cloud.google.com/architecture/mlops-continuous-delivery-and-automation-pipelines-in-machine-learning

MLOps Component - Model Analysis

TFX - TFMA
https://github.com/tensorflow/model-analysis
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MLOps Component - Model Analysis

Evidently
https://github.com/evidentlyai/evidently
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https://github.com/evidentlyai/evidently

MLOps Component - AutoML

v

10
ICrOSO \/\ Overview Trials detail D Auto refresh v eriment summary About \/  All experiments >

5
Experiment Top trials ‘ 2 Max “» Min | Display top
=5
Name s Start time —
, Default metric
example_mnist DONE 12/24/2020, 11:48:19 AM : i)
B . ~
v etric End time 08 bt
8xWqz04p 0.965500 12/25/2020, 10:54:55 AM
0.6
0.4
@ Duration
02
E———— Max duration o o & * . -
16m 165 /60 m 60 min & 04 . 7 Trial
7 6 4 0 9 1 3 8 5 2
Trial No. D Duration Status Default metric
# Trial numbers > 7 YiLeT 2m 235 SUCCEEDED
5 345 SUCCEEDED 09417
10/10 4 olsy) 2m d6s SUCCEEDED
Max trial No. > ) s SUCCEEDED
10 7 - _——
9 2m 595 SUCCEEDED
Concurrency > 1 jpiv3 355 SUCCEEDED
12 3 IfhYo m 0s SUCCEEDED 0.1028
8 adpme 2m11s SUCCEEDED 0098
5 iAcqH 295 SUCCEEDED
Log directory Training [ .
/home/core/nni-experiments/8xWqz04p local 2 PEER >4 SUCCERDED

python3 mnist.py TPE
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