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An Example: Digits Recognition with MNist G ¢rpna oy

fit.add_fit_args(parser)
parser.set_defaults(

)
args = parser.parse_args()

importlib import import_module
net = import_module('symbols.'+args.network)

sym = net.get_symbol(**vars(args))

fit.fit(args, sym, get_mnist_iter)

Source: https://github.com/apache/incubator-mxnet/blob/master/example/image-classification/train_mnist.py



https://github.com/apache/incubator-mxnet/blob/master/example/image-classification/train_mnist.py

& o

ubeCon | CloudNativeCon

What is Hyperparameter Tuning? G oren sousce surmr

China 2019

e Hyperparameters: Configuration variables that are external to the model, set before the training
process begins
o Ex:Batchsize, learning rate
e Setting the right hyperparameters can significantly improve your model performance
e ...butonlyifdone correctly, which is hard
e Hyperparameter Tuning: Finding values for hyperparameters that optimizes an objective function
o Ex:Finding the optimal batch size and learning rate to maximize prediction accuracy
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Why is Hyperparameter Tuning Hard? G ora souncy s

More hyperparameters -> exponential search space growth
Tuning by hand is inefficient and error-prone

Need to tracking metrics across multiple jobs

Managing resources and infrastructure for lots of jobs is hard
Variety of frameworks and algorithms to support
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How does Kubernetes Help? SLadasanuui
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Microservice architecture -> simple to build self-contained, lightweight services

Containerization -> increased resilience and scalability

Declarative API -> straightforward to describe the desired state, makes managing resources simple
Flexible API -> custom resource definition allows users to interact with objects using standard REST
APIs and kubectl

Portability -> go from local development to on-prem hosting to cloud
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e A Kubernetes-native ML platform for developing, orchestrating, deploying, and running scalable
end-to-end ML workloads
e Make deployments of ML simple, portable, and scalable

Machine
. Monitoring

Resource

Verification
Management

Configuration Data Collection

Serving

Infrastructure
Analysis Tools

Feature Extraction

Process Management
Tools

Source: hitps://papers.nips.cc/paper/5656-hidden-technical-debt-in-machine-learning-systems.pdf



https://papers.nips.cc/paper/5656-hidden-technical-debt-in-machine-learning-systems.pdf
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Katib: Hyperparameter Tuning in Kubeflow Gort e

e Inspired by Google Vizier(*)
e Fully open-source: https://github.com/kubeflow/katib
e Framework agnostic

o TensorFlow

o PyTorch

o MxNet
e Customizable algorithms

o Random search

o Grid search

o Bayesian optimization

o Hyperband

* https://static.googleusercontent.com/media/research.google.com/en//pubs/archive/46180.pdf



https://github.com/kubeflow/katib
https://static.googleusercontent.com/media/research.google.com/en//pubs/archive/46180.pdf

Concepts: Experiment

Experiment: an end-to-end process for HP optimization. E.g.:

O

Finding hyperparameter values for a digits recognition model

An Experiment has...

(@)

(@)

O

Objective: What we are trying to optimize
Search Space: Constraints for configurations
Search Algorithm: How to find the optimal configurations

Experiment is a Custom Resource

(@)

o O O

Allows standard k8s APIs

Can use kubectl to interact

State is stored in etcd

Lifecycle managed by controllers
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Concepts: Suggestion

Suggestion: a proposed solution to the optimization problem
o E.g.oneset of hyperparameter values
Each suggestion algorithm is a standalone microservice
o Allows users to create customized suggestion algorithms
Experiment controller contacts Suggestion service to get new configurations for Trials
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Concepts: Trial

Trial: one iteration of the optimization process.

o E.g. one instance of a training job, using one set of HPs
A Trial has:

o A set of specific parameter assignments

o A“worker” process that runs the trial in a container

o  Observation metrics - how did we do?
Trial is an internal Custom Resource

o Experiment controller spawns/manages Trials

o Each Trial runs in a Docker container

o Can scale up for distributed training
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Workflow for Hyperparameter Tuning “Eivineanul

# Initialize search space
# Initialize model

while not objective reached and not budget exhausted:
# Obtain the next set of hyperparameters
hyperparameters = GetSuggestions()

# Collect metrics
metrics = RunTrial (hyperparameters)

# Report metrics
ReportMetrics(metrics)
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Hyperband
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Classical vs Automated Machine Learning Georprai gy
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e Classical machine learning: human experts...
o Select features
o Choose algorithm
o Configure hyperparameters
o Evaluate performance
o Tune models
e Automated machine learning:
o Aprogram generates the model without human intervention
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Source: https://github.com/hibayesian/awesome-automl-papers



https://github.com/hibayesian/awesome-automl-papers
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Neural Architecture Search G oronsounc surar

e Algorithm may search for an optimal network, or search for optimal cell (subgraph)
e Evolve strategy can be by generation or by modification
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Workflow for Neural Architecture Search Qe
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# Initialize search space
# Initialize neural network

while not objective reached and not budget exhausted:
# Obtain the next set of operations
operations = GetSuggestions()

# Construct model
model = ConstructModel (operations)

# Collect metrics
metrics = RunTrial(model)

# Report metrics
ReportMetrics(metrics)



What's Coming?

Better production support

O

(@)

(@)

Support for customizable database backend
Metadata store integration
Support for long-running experiments

More features for automated machine learning

O

(@)

Model compression
Automated feature engineering
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How to Contribute?

GitHub: https://github.com/kubeflow/katib
o Feedback and feature requests
o “Help Wanted” features
o New algorithms

o Infrastructure and testing improvements
Invitation to our Slack channel
Mailing list: kubeflow-discuss
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https://github.com/kubeflow/katib
https://join.slack.com/t/kubeflow/shared_invite/enQtNDg5MTM4NTQyNjczLWUyZGI1ZmExZWExYWY4YzlkOWI4NjljNjJhZjhjMjEwNGFjNmVkNjg2NTg4M2I0ZTM5NDExZWI5YTIyMzVmNzM
https://groups.google.com/forum/#!forum/kubeflow-discuss
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Demo: Setting Up an Experiment

YAML File

Parameters

Metadata

® Name

® Namespace
Common Parameters
® ParallelTrialCount

® MaxTrialCount

® MaxFailedTrialCount

Objective

@ Type

® Goal

® ObjectiveMetricName

® AdditionalMetricNames

mnist-experiment

kubeflow

10

100

maximize v

0.99

Validation-accuracy

accuracy

KubeCon | CloudNativeCon

S OPEN SOURCE SUMMIT

China 2019



Demo: Configuring Search Space

Algorithm
ADD ALGORITHM SETTING
Algorithm Name
® Algorithm Name bayesianoptimization
Parameters
ADD PARAMETER
Min
Parameter Type
Name 0.01
~r double - @ FeasibleSpace O List N
0.03
M
Name : 2
—num-layers int - @ FeasibleSpace QO st .
5
sgd
\ Parameter Type
Name
--optimizer categorical - (O FeasibleSpace @ List adam
ftrl
Trial Spec
Trial
@ TrialSpec mnist-trial-template

DEPLOY
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Demo: Viewing Experiment Results G oran souscs sur

Experiment Name: mnist-experiment

Validation-accuracy accuracy —ir —num-layers —optimizer
0.981 1.000 0.029 5
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trialName Validation-accuracy accuracy Ir num-ayers -optimizer
mnist-experiment-5p7tvdgn 0979299 0992031 0.01796154198777169 3 sgd
mnist-experiment-ccdgdpsy 0981190 0998906 0.014491188430762471 5 sgd
mnist-experiment-n24h6iwd 0.976712 0.992656 0.02915797314372763 3 sgd
mnist-experiment-lwf8dq49 0.962878 0984062 0.017791967922146663 2 adam
mnist-experiment-2q4mtsf 0.964869 0974688 0.014689376618494194 4 adam
mist-experiment-msdiqrip 0.978603 0.994687 0.01775280397488328 2 sgd
mnist-experiment-pcro2pt2 0.957404 0.967969 0.022601601543350176 3 adam

mnist-experiment-njwhd2tr 0.977309 0.996719 0.029364679387401435 4 sgd
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