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Everything is personalized
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Pseudo-Label : The Simple and

Efficient Semi-Supervised Learning

Method for Deep Neural Networks

Dong-Hyun Lee

SAYITTRGGMALL.COM

Nangman Computing, 117D Garden five Tools, Munjeong-dong Songpa-gu, Scoul, Korea

Abstract

We propose the simple and efficient method
of semi-supervised learning for deep neural
networks. Basically, the proposed network is
trained in a supervised fashion with labeled
and unlabeled data simultaneously. For un-
labeled data, Pseudo-Labels, just picking up
the class which has the maximum predicted
probability, are used as if they were true la-
bels. This is in cffect cquivalent to Entropy
Regularization. It favors a low-density sepa-
ration between classes, a commonly assumed
prior for scmi-supervised learning. With De-
noising Auto-Encoder and Dropout, this sim-
ple method outperforms conventional meth-
ods for semi-supervised learning with very
small labeled data on the MNIST handwrit-
ten digit dataset,

and unsupervised tasks using same neural network
simultaneously. In (Ranzato et al., 2008), the weights
of cach layer arc trained by minimizing the combined
loss function of an autocncoder and a classificr. In
(Larochelle ct al., 2008), Discriminative Restricted
Boltzmann Machines model the joint distribution
of an input vector and the target class. In (Weston
et al., 2008), the weights of all layers are trained by
minimizing the combined loss function of a global
supervised task and a Semi-Supervised Embedding as
a regularizer.

In this article we propose the simpler way of training
neural network in a semi-supervised fashion. Basically,
the proposed network is trained in a supervised fash-
ion with labeled and unlabeled data simultaneously.
For unlabeled data, Pseudo-Labels, just picking up the
class which has the maximum predicted probability
every weights update, are used as if they were true la-
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B 28 >E : Sklearn e —

Machine Learning in

PNEBSD | SR IR EEOS—
§37,'§ ( Classification )

IEIEI ( Regression )
2825 ( Clustering )
"‘QTEB‘ZZ’E ( Dimensionality Reduction

1EAYI%HE ( Model Selection ) =R httpy/scikit-leam.org/stable/
HUETALNE ( Preprocessing )

Intel® Al Analytics Toolkit (Al Kit)
Achieve End-to-End Performance for Al Workloads

Intel® Extension for Scikit-learn* variant:
Intel® Al Analytics Toolkit (Al Kit) .



http://scikit-learn.org/stable/
https://www.intel.com/content/www/us/en/developer/tools/oneapi/ai-analytics-toolkit.html
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BARA, BEMIREIEL: F5 30 TERNBE =M (FiHEIHE) KB

JEE, KBE83A/1T, EWMHIET! https://github.com/fengdu78/lihang-code
https://github.com/Dod-o/Statistical-Learning-

Sl e Method Code

2019-11-16 EREF_ 944 PR

0t

EZZORE
25: BiR. —I8, kfE

7 NumPy FEFE ML R, BHEFHEL/E David Bourgin BEFFHET —MEREIS BAELE . (Hag=x=3) KB
MINE. 817 3 A17RE. 30 2 MER, XthiFEEITIE T&8) MNBREIER? httpS.//gIthub.com/datawhalechina/pumpkin_book

NumPy {9 Python A5 RZINUENMFITEE, RBBECLFERTET. ER
Python {RIEZHERNBHELAITE, HRHT —RISFRFERE, HRINTNREERIEE
MEMTERE., ERMERMEMR, NumPy MEIRREZIERYN 188 .

Sklearn)/&fg
REBHIER NumPy SREEZRRER, BXMAEATENRERERRMIRES https://scikit-Iearn,org/stable/index,html
JIRBRIFAE. &, REEMETMN—AIE LA NumPy SETIRUFR B 282 I REL 280
FHR, HRMETHEMAE AN —LE T IMANIEB R .
TMB AL : https://github.com/ddbourgin/numpy-ml sklearn.cluster.KMeans

RN ER 2 ORIMERRMTT, ZIMBEAYNEA 30 TEENBFIRE, INEE 15 TATFHL

_ a class sklearn.cluster.KMeans(n_clusters=8, *, init='k-means++', n_init=10, max_iter=300, t0/=0. 00—
BEATRANTIR, 8oy XHHESR 62123, FHSTRENRBITHE 500 17X verbose=0, random_state=None, copy_x=True, algorithm="'auto’) [source]
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B Jupyter notebooks : XEXIRIE.
m NumPy, SciPy, Pandas : #{BiTH®

B Matplotlib, Seaborn : ##ErRT{I{L

m Scikit-learn : #1285

# The location of the data file

filepath = 'data/Iris Data/Iris Data.csv' >>> | |sepallength| sepal_width| petal_length | petal_width| species
0|5.1 3.5 14 0.2 Iris-setosa
# Import tb e da ta 1/49 3.0 14 0.2 Iris-setosa
data = pd.read csv(filepath) i = L = ——
- 3(486 31 15 0.2 Iris-setosa
4|50 3.6 14 0.2 Iris-setosa

# Print a few rows
print(data.iloc[:5])

L

L]

L

L]

I

® ® — Jupyter Cell Magic Demo x

C | @ localhost:8888/notebooks/z_exercises_external/Jupyter%20Cell%20Magic%20... ¥

 Jupyter Jupyter Cell Magic Demo

File Edit View Insert Cell Kernel Widgets Help

In [1]): import numpy as np
import matplotlib.pyplot as plt
import seaborn as sns
tmatplotlib inline

In [2]): X = np.arange(10)
y = x**2
plt.plot(x, y);

3

@
=
4
0
»
10
0
0 2 4 6 -
In [3]: $ttimeit
x = range(10000)
a = max(x)

1000 loops, best of 3: 275 us per loop

i' Logout

‘ Python [conda env:scienv3] O

22
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# ORIV

from sklearn.preprocessing import StandardScaler

# WSS
ss_X = StandardScaler()

# UG | AR SR TV E IR
X_train = ss_X.fit_transform(X_train)
X_test = ss_X.transform(X_test)
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wi 1 N wi
L(w, , wyp) = 2 (}’i - (Wlxll + szzz))

#EITRE F5kk
plt.contour(W1, W2, Js_grid, 30)

#IBE T IF
ws_bgd, Js_bgd = bgd_ols(X_train, y_train, w_start, grad_OLS, Ir = 0.1)

#IBE T FEHNIT

ws_np_bgd = np.mat(ws_bgd)
plt.plot(ws_np_bgd[:0], ws_np_bgd][: 1],
color="r",markerfacecolor="blue',marker="'o")

23




=. LUFS

SRR EE | R EENEEE
B SORREEIME | AL ESH B e MARERS RN

mKaggle : https://www.kaggle.com/competitions
BB . https://tianchi.aliyun.com/competition/gamelList/activelist
mKesci
mDataCastle
mFlyAl SEREH BT !
RS, e, &k, ..

BCCF, PFEATHEF=. WE, B, 7&K, ..
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« @ kaggle.com

i WA B3 Computer vison [EF Machine Learning BHE [3 English @ Google E3 Computer Graphics BF E# B3 %8 Achievement Engli...
= kaggle Q_ search

® Home

Compete 1
@ Comp Competitions
ﬁ Data Grow your data science skills by competing in our exciting competitions.
Find help in the documentation or learn about InClass competitions.

<> Code

© Courses

v More

{J New to Kaggle? Start here!

Our Titanic Competition is a great first challenge to get started.

p Titanic - Machine Learning from Disaster
3 Start here! Predict survival on the Titanic and get familiar with ML basics Knowledge

Getting Started * Ongoing * 38129 Teams

All Competitions

Active  Completed InClass All Categories ¥ Default Sort v

n Coleridge Initiative — Show US the Data 25

Discover how data is used for the public good $90,000
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C @ tianchi.aliyun.com/competition/gameList/activeList

i WA [E3 Computervison [EJ Machine Learning BE [3 English @ Google [E5 Computer Graphics E5 #H E5 % @ AchievementEngli.. B %8

RMKREBIERF

EEMRSREERE, LEFAEERBRME RIS A

Active BERTE BTN AAZE RFIRITAZE ; IR R B2 6

D HIBREMAERTE B2018FERINENE—E, ELEERINENFE, BEITE RE FIBA #FF
AN ETFZNMES N, ERNERREBE TEREABEEHENAT, &XHNBRKRE
AT S5 ¥ 400000 156 2021-06-10

Jmezintel
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Self-Paced Courses

SERIE

1F TensorFlow

Introduction to Al Applied Deep Learning with
Fl

B Intelf2H 7 —EIRSCANRIE | R+ E0E -+

e https://www.intel.com/content/www/us/en/developer/topic-
technology/artificial-intelligence/training/courses.html

B Introduction to Machine Learning

e https://www.intel.com/content/www/us/en/developer/learn/course-machine-
learning.htm|

B Deep Learning :

e https://www.intel.com/content/www/us/en/developer/learn/course-deep-
learning.htm|

28
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SERIE

coursera

Stanford
Machine Learning

Andrew Ng, Associale Professor
LOam atout the mod? effecive madhine Raming WCNNGUes. and pan
pracice mpiementing them and geming them 10 work for yoursel!

= N . =1 X b « SIREF=AT =

SRIX : 28 FES (AN[JR) TR AEFEY (E%)
https://www.coursera.org/learn/machine-learning http://speech.ee.ntu.edu.tw/~tlkagk/courses ML20.html
http://open.163.com/newview/movie/courseintro?newurl https://www.bilibili.com/video/BV1JE41127XF?p=3
=M6SGF6VB4 https://datawhalechina.github.io/leeml-notes/#/

https://github.com/fengdu78/Coursera-ML-AndrewNg-
Notes
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https://www.coursera.org/learn/machine-learning
http://open.163.com/newview/movie/courseintro?newurl=M6SGF6VB4
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