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from autogluon.tabular import TabularDataset, TabularPredictor
import pandas as pd

train_data = TabularDataset("./data/train.csv")
test_data = TabularDataset("./data/test.csv")
submit = pd.DataFrame()

submit["uuid"] = test_data["uuid"]

Tabel = "target"

predictor = TabularPredictor(
label=1abel,
problem_type="binary",
eval_metric="f1",
D.fit(
train_data.drop(columns=["uuid"]),

)

submit[f"{T1abel}"] = predictor.predict(test_data.drop(columns=
["uuid"]))

submit.to_csv("submit.csv", index=False)
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AutoML for Image, Text, Time Series, and Tabular Data

B ML : https://auto.gluon.ai/stable/index.html
GithubitBilt: https://qgithub.com/autogluon/autogluon



https://auto.gluon.ai/stable/index.html
https://github.com/autogluon/autogluon
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https://www.bilibili.com/video/BV1rh411m7Hb



https://www.bilibili.com/video/BV1F84y1F7Ps
https://www.bilibili.com/video/BV1rh411m7Hb
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Algorithm 1 AutoGluon-Tabular Training Strategy
(multi-layer stack ensembling + n-repeated k-fold bagging).
Require: data (X, Y'), family of models M, # of layers L
1: Preprocess data to extract features
2: for [ =1 to L do {Stacking}
3:  fori=1tondo{n-repeated}
Randomly split data into & chunks {X7, Y7 };?:1
for j = 1 to k do {k-fold bagging}
for each model type m in M do
Train a type-m model on X S G
Make predictions }}% . on OOF data X7
9: end for ’
10: end for
11:  end for
12:  Average OOF predictions Y, = {£ 3. }A’Tf” ;?:1
13: X < concatenate(X, {Yon bment)
14: end for
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AutoGluon-Tabular: Robust and Accurate AutoML for Structured Data
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https://arxiv.org/abs/2003.06505
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Taking Human out of Learning Applications: A Survey on Automated Machine Learning



https://arxiv.org/abs/1810.13306
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max  performance of learning tools,
configrations

limited (or no) human assistance
limited computational budget =0
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AutoML: computer program
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optimizer: optimization & search

simple search approaches

full scope: general case

. — basic < | optimization from samples | |
; feature engineering | : : ! .
- ! PIIIIIIIIITTTI . ; gradient descent !
D777 777NN . —-‘ model selection : : <% | i )
: bi % : : ;  techiniques —— e
o VRO ST, : . . : e ' evaluator: performance evaluation
o o o A v ! i algorithm selection ; P e e

neural architecture | : ; ﬁ meta-learning
| search | ~— experienced |
| |  SheRCEEE i _+ transfer learning

(a) “What to automate”: by problem setup. (b) “How to automate”: by techniques.



Automated Machine Learning (AutoML) @

+ Automate every step in applying ML to

_ . i THE DATA SCIENTIST'S #1 EXCUSE FOR
solve real-world problems: data cleaning, psasndivibg i
feature extraction, model selection... “THE AUTOML TOOL IS OPTIMIZING MY MODELS!

+ Hyperparameter optimization (HPO):
find a good set of hyperparameters
through search algorithms

HEY! GET BACK

» Neural architecture search (NAS):
construct a good neural network model

Stanford CS 329P (2021 Fall) - https://c.d?l.ai/stanford-cs329p
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Grid Search

Random Search

Black-Box

Optimization Bayesian Optimization

Simulated Annealing

Hyperparameter

Optimization Genetic Algorithms

Modeling Learning ]

S Curve
Multi-Fidelity

Optimization

Successive Having

Bandit Based

Hyper-Band ]

Automated Machine Learning: State-of-The-Art and Open Challenges



https://arxiv.org/abs/1906.02287
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Normal Cell Reduction Cell

Learning Transferable Architectures for Scalable Image Recognition



https://arxiv.org/abs/1707.07012
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