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Kubeflow:
Bring your ML project into Production
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Software Engineer
OpenSUSE Member
Open-Source Advocator(KYOSS)

Louisville, KY

Interests:

Virtualization

SysML/Distributed ML
Infrastructure build and optimization
ARMG64 board Enthusiast

DevOps

https://xryan.net
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Pic: https://www.creativefaze.com/mobile-web-apps-and-development-toronto




%) Prologue

Flight Delay Predictor:

https://qithub.com/xrlyan/Flight-Delay-Prediction-Based-on-Neural-Networks
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« Depart/Arrive airport

« Depart/Arrive time

« Depart/Arrive city weather
* Flight model

« Flight History delay rate

Pic: https://www.cnn.com/travel/article/what-to-do-flight-canceled-delayed/index.html



https://github.com/xrlyan/Flight-Delay-Prediction-Based-on-Neural-Networks

D Prologue

As a Software Engineer: As a Data Scientist/Engineer:
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Pic: https://www.7wdata.be/big-data/building-the-machine-learning-infrastructure/
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Pic: https://blogs.nvidia.com/blog/2020/09/03/what-is-mlops/
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Eventually, it becomes:

Data
Data Data Data Data
Ingestion ‘ Analysis ‘ Tra-a:t?;c:‘rm . Validation ‘ Splitting ‘

Building
Trainer 573 a
Model

Pic: https://static.sched.com/hosted_files/kccnceul18/d4/Kubeflow_Deep Dive.pdf
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‘ Validation

At Scale




Kubeflow-

’D
¢ Kubeflow

# Home

@ kubeflow-user (Owner) «

Quick shortcuts

Upload a pipeline
4 P pip

Pipelines

+ View all pipeline runs
Pipelines

en

+ Create a new Notebook server

Notebook Servers

+ View Katib Experiments
Katib

tral-dashboar

Dashboard Activity

Recent Notebooks

kale.log
Accessed 10/12/2021, 2:06:43 PM

lost+found
Accessed 10/12/2021, 2:06:00 PM

Recent Pipelines

=

open-vaccine-model
Created 5/6/2021, 12:32:25 PM

[Tutorial] DSL - Control structures
Created 5/6/2021, 1:42:51 AM

[Tutorial] Data passing in python components
Created 5/6/2021, 1:42:49 AM

[Demo] TFX - Taxi tip prediction model trainer
Created 5/6/2021, 1:42:48 AM

[Demol XGBoost - Iterative model trainina

Documentation

Getting Started with Kubeflow

Get your machine-learning workflow up and running on
Kubeflow

MiniKF
A fast and easy way to deploy Kubeflow locally

Microk8s for Kubeflow

Quickly get Kubeflow running locally on native
hypervisors

Minikube for Kubeflow
Quickly get Kubeflow running locally

Kubeflow on GCP

Running Kubeflow on Kubernetes Engine and Google
Cloud Platform

Kubeflow on AWS

Running Kubeflow on Elastic Container Service and
Amazon Web Services

Requirements for Kubeflow

Get more detailed information about using Kubeflow
and its components




9 Kubeflow

Kubeflow is: ‘, Kubeflow is not:

K8S + TensorFlow K8S + TensorFlow
Application Toolkit . Application

Orchestration Scheduler

Cloud Native Ku bEfI Ow

DevOps/MLOps

Machine Learning Algorithm

Machine Learning Framework




~) Kubeflow

Machine Learning Orchestration Platform:

1. Orchestrate pipeline 4 Star History

2. Orchestrate ML task

GitHub Stars
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Great mind think alike!

10k

5k

(0] 2015 2016 2017 2018 2019 2020 Date

Pic: https://codeantenna.com/a/tSKAKL3Yku




) Kubeflow components

Jupyter Notebooks }

: :: i S [ se,—v;ng Tensorflow
TECening; ¥/ Training Operators } Fytoreh
B +
[ Metadata j—( P Ku beflow -
Workflow Building |—‘\ -

_ensa / =




)  Jupyter-notebook

HTTP &
Websockets
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User

Browser =]
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7) Fairing

Architecture
Trainand Predict i
Preprocessor Builder Deployer

https://whiisper.github.io/2020/09/10/kubeflowFairing/




9 Katib

An implementation for AutoML: tune hyperparameter automatically

K85
Experiment Trial
Suggesti ons Controller Controller

Random Grid
Search Search : I
Bayesian

Optimization

Katib Manager

ModelDB

Three CRDs:

experiment
suggestion
trial

The experiment creates
multiple trials based on different
suggestion algorithms.

https://zhuanlan.zhihu.com/p/133391977




£) Training Operator

Operator = Controller + CRD + Webhook
Tool: kubebuilder

Kubeflow Training Operators

kubeflow/xgboost-

kubeflow/tf-operator operator

kubeflow/pytorch- kubeflow/chainer-

operator operator

kubeflow/mxnet- kubeflow/mpi-
operator operator




TF-Operator

e Chief coordinate training job

Sessior}"“'{-F Cluster job n: Parameter server
tf.train.ClusterSpec
. . . PS server, parameter

w Worker
AW, AW, _
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, - N Evaluator
o888 - aagee

. L Tasks: workers L/ \. Tasks: workers

job 0: Modelreplica0 "‘. jobn-1: Model replica n-1
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TF server
tf.train.Server

tensorflow::Session
RPC
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Worker service




%) KFServing

The last mile!

: | PRE. PROOESSI : | PREDICT . : POST—PROCESSI : EXPLAIN .

L35 =3

L!: — . | Model Assets

TGJEOWPYT(&RCH .a,, XGBoost €) ONNX
%@ KFServing

Kubeflow

0 Knative

’T O st

Compute cluster
GPU, TPU, CPU
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< C (® Not Secure | one-my-k8s-node-public-ip
-~
= f!:.‘ Kubeflow

Experiments > Default

*z Pipelines . o
& @ mnist_pipeline 2019-11-19 02-07-07

« Experiments

Graph Run output Config
«®  Artifacts
kubeflow-launch-... 9
P  Executions
B Archive convert-mnist-ex... 9 modelpve 9

¢ . L r@,/J
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inference (]




Pipeline Web Server

ul
o 0 > Pipeline Pipeline Artifact Run Data
.. Job Job Provenance & Details & Artifact
~— Creation History Metadata Ul Debugging Visualization

~_ N\ AN

N

Orchestration Machine Learning Artifact Storage
System 4 Metadata Service

KFP s son |,
Architecture e

CLI, Python SDK
(Notebook)

Data Artifact
Storage Service for
Kubernetes Watch Pipeline Machine pipeliine packages,
Eted. AP| Server -+ Persistence Learning metrics, views, et
(Kubemetes Agent Metadata (Minio Server,)
key/value store

S ;

/ \ Iy
Core Kubernetes Kubeflow/Pipeline Orchestration Controllers
Controllers
Argo Workflow Scheduled Data Driven
POD Task Driven Workflow Workflow
Controller Workflow Controller Controller
Controller
Distributed HP Tuning Serving
Job Controller Controller
Controller
v
Kubernetes Node (Virtual Machine) Kubernetes Node (Virtual Machine)
POD POD POD POD Store
Container Container Container Container

https://shikanon.com/2019/%E8%BF%90%E7%BB%B4/kubeflow%E4%BB%8B%E7%BB%8D/
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Data
Transfor-
mation
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Trainer S - a < Model
i Bl Validation
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ingestion Analysis

: - — Mofj.e' e 2 =
jupyterhub  J 1 & |
N’ | o‘ SELDOWN = -‘?Serving
Roll-out Serving

Training
at Scale

Pic: https://static.sched.com/hosted_files/kccnceul18/d4/Kubeflow_Deep Dive.pdf




) DEMO

Experiment Platform:

DO-DOKS: kubernetes v1.24
Kubeflow: v16.1
Linux Distro: Debian10

Demo:

while! kustomize build example | kubectl apply -f -; do echo "Retrying to apply resources"”; sleep 10; done
kubectl --kubeconfig=/Users/lyan/kubeflow-kubeconfig.yaml port-forward svc/istio-ingressgateway -nistio-system 8080:80

Local Setup:
Juju + microk8s: kubernetes vi.22
Kubeflow: v1.6.0
Linux Distro: Ubuntu Jammy

https://charmed-kubeflow.io/docs/quickstart



.. ] B eyo n d jgo L4 Pipeline Orchestrator

Data Preprocessing 4 Training : Testing

Distributed Machine Learning(*) 60 Distributed Training Framework

PS All-Reduce

Why?

Scalability, we really do not need it
if it is a small dataset or model or
customer base.

4 Training Job Operator
Wh at’? TF Operator PyTorch Operator MPT Operator
Training Operator Scheduling
Inference Model Optimization 2 Batch Job Scheduler
How? O Node Node
Simulate/predict for scheduler el ks
Model compiler rod ¥ ) bt b

CPU GPU GPU cPU CPU GPU GPU CPU

Nodes

https://zhuanlan.zhihu.com/p/548219786



https://wallpaperaccess.com/to-be-continued

. Beyond

Embedded Model

. Ry y, Ny .
( ) e s l' ';’ @ Optimization
High-Level Differentiable IR

Tensor Expression and Optimization Search Space

Edge Cloud

FPGA  FPGA ASIC Device Fleet

https://tvm.apache.org/




%) Lesson learned

1. Deployment
1. Kubevirt 1.22 + kustomerize
2. Disable TLS
3. Setup/Enable StorageClass

2. Running

1. docker runtime re-size
2. docker repository setup

3. Training model
1. ML training requests a lot resources
2. Need to do alot of experiments
3. Setup environment is time consuming
4. Needs automation/pipeline

4. System Failure / Efficiency
Monitor large scale machine clusters are difficult
Resource Competition




Claim:

All the informationis based on personal using experience,
no preference or commercial advertising. If there are

any conflicts, please refer to the statement from providers.
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() AlbabaCloud ~ AWS ~
g CJ BAIDU Al CLOUD £ Google Cloud

.. Microsoft ORACLE

BN Azure &> Tencent Cloud

7" IBM Cloud

Cloud Infrastructure

% linode NLambda ¥ VULTR

Paperspace

https://www.nvidia.com/en-us/data-center/gpu-cloud-computing/



NVIDIA Data Center Products |

GPU Compute Capability

~) Support Matrix
| [veo[re e [reo fre frmeeeo Jui fro Jaee faeo Jues S .
v v v v

Aliyun \/

NVIDIA A30 8.0

A v v v \/ v N4 NVIDIA A10 .6
Baidu Vv v 4 v NVIDIA A16 8.6
Google v v Vv N4 ~ TPU NVIDIA A2 8.6
BM N v v NVIDIA T4 75
Miorosoft v v v v /' FPGA/AMD R "
o Tesla P100 6.0
v v v Tesla P40 6.1

Tencent v v v v v Tesla P4 6.1
Linode v Tesla M40 5.2
Paperspace v Tesla M40 5.2
Lambda v v Tesla K80 3.7
Vultr \/ vGPU/MIG Tesla K40 35
Tesla K20 35

https://www.nvidia.com/en-us/data-center/gpu-cloud-computing/ Tesla K10 3.0

s vvGacson s N


https://developer.nvidia.com/cuda-gpus

%) Al Cloud Service

/AAS
« ML VM Image

« Container:
« Docker
« NGC

« Conda/pip3
PaaS

Help manage data and model
(paperspace, Colaboratory)

«SaaS

Help consume Al solution
(IBM Watson, Google voice)

https://www.nvidia.com/en-us/data-center/gpu-cloud-computing/




