Chapter 1: Evaluating Machine Learning Models

N

A

Y

Test data

¥

G  Training data

€ All data

eretion 1 [0 000 0/000000000000000
Iteration 2 ".“‘.”‘.‘.‘
Iteration 3 > ““""““‘.

teration k2> 00 000000000000000000

>




Iteration 1 Train

Iteration 2 Train
Iteration 3 Train
Iteration 4 Train
Iteration 10 Train

OCOO0O00OO0O00O00O0O0

Test
Cross-Validation Data Test Data
Iteration 1 Train Validation
Iteration 2 Train Validation
Iteration 3 Train Validation
Iteration 4 Train Validation
Iteration 5 Train Validation

-
time




Chapter 2: Introducing Hyperparameter Tuning
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Chapter 3: Exploring Exhaustive Search




Chapter 4: Exploring Bayesian Optimization
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Chapter 5: Exploring Heuristic Search
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Chapter 6: Exploring Multi-Fidelity Optimization
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Chapter 7: Hyperparameter Tuning via Scikit
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Chapter 8: Hyperparameter Tuning via Hyperopt
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Chapter 9: Hyperparameter Tuning via Optuna
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Chapter 10: Advanced Hyperparameter Tuning with DEAP
and Microsoft NNI
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Chapter 11: Understanding Hyperparameters of Popular
Algorithms
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Chapter 12: Introducing Hyperparameter Tuning Decision
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Chapter 13: Tracking Hyperparameter Tuning Experiments

C @ app.neptune.ai/

W ¥
Projects € People Subscription Settings
Search Sort by

Recently visited ~

Private
example-project-tensorflow-keras

© New project Example project using TensorFlow / Keras.

wd o 1,%@ :

Create new project

Project name
hpo-test-1

© To log runs to this project, you need to pass project name into your Python code.
run = neptune.init(project=' /hpo-test-1')[0]

See docs to learn more.

Project key
HPOT

Project color

| R4

Project privacy
@ Private - Only you can see this project.
O Public - Anyone on the Internet will be able to find and see this project.

Description

Hyperparameter tuning experiment example 1.




Step 1: Install the client library

pip install neptune-client neptune-optuna

Step 2: Create a run, then log whatever model building metadata you care about.

train_optuna.py .

import optuna

import neptune.new as neptune
import neptune.new.integrations.optuna as optuna_utils

run = neptune.init(
project=" /test",
api_token="eyJhcGLfYWRkcmVzcyI6Imh@dHBzOi8vYXBwLm51cHR1bmUuYWkiLCIhcG1lfdXJ
) # your credentials

params = {"direction": "minimize", "n_trials": 20}
run["parameters"] = params

def objective(trial):

param = {
L |

Step 3: Runit

python train_optuna.py

Step 4: See your metadata displayed here in Neptune!

@ hpo-test-1 - L runs © Models Project metadata [@ Notebooks @ % Settings @ Trash @

Customview X Allruns ~

Search or filter runs.

Start typing to search or build a query... Recent searches « [+]

Runs table

PINNED COLUMNS () SUGGESTED COLUMNS
A o A = {a} ' m 1
[ Creation Time w| Owner Monitering Time Tags ...ropout ...jepochs ...ng_rate

O = ®HpPOT2 2022/06/26 13:55:57 | (5 295 0.600857 10 0.0000347..

O w ®HPOT1 2022/06/26 13:50:46 | () a2 0.233026 10 0.000010832



. hpo-test-1 v

<Backtoruns 4
HPOT-1 @

Untitled

@ Details

Last modified: 2022/06/26 13:51:28
Running time: 19s

& All metadata

Charts

Images

= B 2

Monitoring

~
b ]
o

Source code

Artifacts

N

Create your own dashboard!

© Add new dashboard



. hpo-test-1 -

Runstable

Horizontal split

Compare runs @

Compare runs

2 outof2 runs

el

Charts

Images

Parallel coordinates
Side-by-side

Artifacts

Create your own dashboard!

@ Add new dashboard

& Runs @

Models

D Rows with diff only

Project metadata

@ Notebooks @

Q Set

C) show cell changes (O HPOT-2 %k @ HPOT-1
Creation Time 2022/06/26 13:55:57 2022/06/26 13:50:46
Owner

Monitoring Time 29 42
best/params/dropout 0.600857 0.233026
best/params/epochs 10 10
...params/learning_rate | 0.0000347923 0.000010832
...0/datetime_complete | 2022/06/26 13:55:58 2022/06/26 13:50:47
...rials/0/datetime_start | 2022/06/26 13:55:58 2022/06/26 13:50:47

...distributions/dropout

.../distributions/epochs

...butions/learning_rate

best/trials/0/duration

...Is/0/params/dropout

UniformDistribution(...

IntUniformDistributio...

LogUniformDistributi...

0:00:00.000566

0.226547

UniformDistribution(h. ..

IntUniformDistributio...

LogUniformDistributi...

0:00:00.000769

0.472201



minf(x) after n calls
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Optimization History Plot
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Trials detail

refresh

About

@ Experiment

Top trials

#7 Max ‘ “u Min ‘ Display top 10

Name Status Start time:
nni_sklearn_random_search RUNNING 6/28/2022, 11:11:54 AM Default metic )
057 o
I Best metric End time o
vsn976wl 0.568944 N/A
055
0.54 -
053
@ Duration 0.52 . . .
. Max duration 051 * . .
05 Trial
1m 85 /60 m 60 min¢” ) 12 15 21 17 7 13 18 6
Trial No. o] Duration Status. Default metric
#t Trial numbers > o xoovr B 36 SUCCFFDED 0568024
I > 12 sdiu @ 295 SUCCEEDED 0342671
/00 > Rvahic By 17 SUCCLIDED 0521505
Running Succeeded Stopped Max trial No. > oa xeweG By 5 SUCCFFDED 052215
9 22 0 100 &
> 1 muspa @ 9 SUCCEEDED 0317828
Failed Waiting Concurency > 7 MiGIm ) 215 SUCCEEDED 0516005
0 10 &
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Chapter 14: Conclusions and Next Steps
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