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from sklearn.ensemble import GradientBoostingClassifier
features = train_twol[[ ’ ’ ’ ’
target = train| ] .values

forest GradientBoostingClassifier/n_estimators=55, random_state: )

forest = forest.fit(features, target)
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o —T 52D 5 RE
SREER
UCI Machine Leraning Repositroy : Human Activity Recognition Using Smartphones Data Set (*)

- X
e & https://archive.ics.uci.edu/ml/datasets/Smartphone+Dataset+for+H. 0 v & & U Machine Learning Repo... * NIRARR: “'

About Citation Policy Donate a Data Set Contact iFy
oale®

O Repository ® web

Machine Learning Repository

Center for Machine Learning and Intelligent Systems

View ALL Data Sets

Smartphone Dataset for Human Activity Recognition (HAR) in Ambient Assisted Living (AAL) Data Set

Download- Data Folder, Data Set Description

Abstract: This data is an addition to an existing dataset on UCI. We collected more data to improve the accuracy of our human activity recognition algorithms applied in the domain of Ambient Assisted Living.

Data Set Characteristics: || Time-Series || Number of Instances: || 5744 || Area: Computer
Attribute Characteristics: || Real Number of Attributes: || 561 || Date Donated 2016-03-09
Associated Tasks: Classification || Missing Values? N/A || Number of Web Hits: || 28317

(*) https://archive.ics.uci.edu/ml/datasets/Human+Activity+Recognition+Using+Smartphones
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convolution + pooling + convolution + pooling + dense + dense + dense + output
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3. FAYTF7OrEER,
3 57T —2A(LI A tutorial for using deep learning for activity recognition | %5 &
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TA—T—=U T AR EEHT=LY
BEZBFE T3 FENSGA—REEZHETHER (BEOLEEER. VY—XE
EVMEDISIZEDHBM

VLST™M

BEDAEEDEEE (BRIIT—)ET R —C —@

ISREDOBEDTFA I g
-LSTM (Long short-term memory)&LNIET | % ©

JLZEERFAL . Keras TR

-LSTMIE. RNND#LEEEL TE G, BRI ® ' ——0
T—RIZELKETIL

Inputs: outputs: Nonlinearities: Vector operations:



2. QANFFRI (HE TR (REKRE))

60D A NZETTIZ, SHERDEE T A (J:75§%>75‘/-F7£%>75‘)  BFRUERIBZEEXHETRIR

64.6
64.4
64.2
64.0
63.8
63.6
63.4

63.2

BEDABOEHET—2(1BET—2) EA B
60RTED T (BEFFI%EERELTHAD) ?222 K Eg}:ﬁ

20160128 00:00:00
20160128 00:00:01,118.4815
20160128 00:00:02,118.6315
20160128 00:00:03,118.6304
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ik 317 ~ ; \ . .
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FH A X1000TEETHIHE
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_ FX GrideME[En 4 —T 0T —5%ER
fEfL—F JUSD/JPY (https://www.truefx.com)
KAty | TRV TAYT1H LB TR RBY RS
INYTFH AR /\YFH 4 2X100, 1000 (2[@)




2. QNFFRI (HETRI(FER1))

model accuracy

- $>EI 7_-\\_9 1 ﬁFﬁﬂ 0.19525 -
IRy Y2
NYFHAZ1000 |

VEEWERLTWEWESICHZDS

E 0:19425 1
vﬁ% 49% 0.13400 1 model loss
%5&“1@\ %iﬂ'lﬁls Eﬁ@%& 0.19375 1 — bain acc 3.10 4
0.19350 1 — vl
0.0,34123,17020 ) oz 04 o6 os 10 305

epoch

-0.1,5749,2829 0.1,7782,3987
'0216131323 02,60,26
-0.3,55,15 0.3,0,0

-0.4,0,0 - . _

0400 03~03KBVDEEDEICEED
-0.5,0,0 0.5,0,0
'0.6,0,0 0.6’0’0 2857 —— train_loss

—— val_loss

3.00 A

loss

-0.7,0,0 0.7,0,0 0.0 02 0.4 0.6 0.8 10

epoch
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-TRyo2

B A1 AR

- INyFHALX100

VR 47%

FARIME. FRI%. IEAZRL

0.0,17078,8417
-0.1,421,188
-0.2,46,24
-0.3,4,1
-0.4,0,0,0
-0.5,0,0,0
-0.6,0,0
-0.7,0,0

0.1,44,24
0.2,1,1
0.3,0,0
0.4,0,0
0.5,0,0
0.6,0,0
0.7,0,0

model accuracy
0.1945

0.1940 -

0.1935 A

0.1930 -

accuracy

0.1925 A

0.1920 -

—— ftrain_acc

0.1915 - — valacc

VEEIELTWEWESISHZD

0.0 0.2 0.4 0.6 0.8 1.0
epoch

—0.3~03<BLVDEFHDIEIZEES

model loss
2.921
2.901
w
3 2.88 4
2.86 4
—— train_loss
2.84 + —— val_loss
T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0

epoch




2. QAR (HETRI(FER3))

-THRw910

FEF—51:80H

0.1950 4

-/{\\Ja’—"j'/rx\“l OOO g0.1940-

S 0.1935 -
V2 50% .
FRME. TR, EFER 01920

0.0,43917,21970
-0.1,374,201
-0.2,38,21
-0.3,5,5

-0.4,0,0

-0.5,0,0

-0.6,0,0

-0.7,0,0

0.1,46,29
0.2,6,4
0.3,0,0

model accuracy

—— train_acc
—— val_acc

VIRvI4, Hi=YhsInE

0.4,0,0 —0.3~03KL\DEHFHDEIZEBES

0.5,0,0
0.6,0,0
0.7,0,0

model accuracy

0.1955

0.1950
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0.1940
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BLRETHETA

FiRlE 1/28 1/29 2/1 2/2 2/3 11/9 11/10 11/11 11/14 11/15
Feys E — /)'l 1 ﬁ 2% 45.8% 41.3% 42.7% 46.0% 47.9% 48.0% 45.7% 46.5% 45.7%
[ - —
3 T r 2% 46.6% 41.0% 42.3% 44.9% 47.5% 47.5% 45.9% 44.4% 44.9%
[0}
« T TI'\ V) 7 10 9% 48.7% 41.0% 41.1% 43.9% 45.6% 46.5% 46.0% 44.3% 44.1%
. (“J 9—_ _U_ /r -/-(* 100 8% 47.5% 42.2% 39.7% 39.1% 44.7% 47.0% 44.1% 45.6% 43.2%
1% 48.3% 44.6% 41.5% 39.9% 45.0% 45.8% 43.9% 42.7% 40.8%
x>0.6 36.5% 54.8% 43.3% 42.9% 40.7% 43.8% 49.6% 43.0% 41.5% 38.5%
x>0.7 36.5% 47.5% 46.8% 45.2% 36.6% 47.5% 49.1% 38.9% 38.9% 41.9%
513— N 2 =2 [+ = 4=
—0.7~0.7D & H BTEITLHEFH - FETIEOIEITLO TS ? ?
<322 - ¥ BlE 1/28 1/29 2/1 2/2 2/3 11/9 11/10 11/11 11/14 11/15
TRATHLIIS [T
x<-0.1 55.7% 53.4% 59.4% 57.4% 54.2% 51.5% 52.1% 53.5% 54.9% 54.5%
x<-0.2 56.3% 53.9% 61.2% 58.9% 55.1% 52.3% 52.5% 53.9% 55.4% 55.3%
T Kﬁ | :§§ LY. b A x<-0.3 57.2% 54.2% 63.0% 59.6% 55.9% 54.0% 53.6% 53.8% 53.5% 54.9%
SHEHEEFEIEA-T x<-0.4 59.2% 54.1% 62.0% 58.1% 52.9% 54.0% 56.6% 52.7% 51.1% 53.9%
= 73 x<-0.5 63.3% 54.7% 65.0% 62.7% 53.1% 54.2% 59.4% 54.1% 58.8% 57.2%
TILINTET-
x<-0.6 68.8% 57.3% 73.8% 67.5% 60.0% 57.8% 55.2% 54.6% 58.1% 58.1%
x<-0.7 75.4% 58.3% 69.7% 71.4% 61.5% 47.4% 52.9% 45.7% 86.7% 53.6%
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I20F ERETREZER

{ £ D3 IREDEBIDEELLD,
! VS AR T A \Eb\iéo
cikit-learnZFIAL=M, ETIREFIVSIVFEOETIREZF AT HET. BHEHEEZS

RO
_)|.
)R,j,;c-

Google ColaboratoryFIFHDsh R
ETRBEOEBEIXNOTEIEIZH#MEE Da—FRTICHBNT-,
EEL=a—FIEF—LATHEL. BEIZ/DN\DEHFTE-,
HEMbytel[TB K SNEE - FHET —2DEREDTTHITA =
GPUAVEEH T{E X DeeplerningRDEE N EETITAT=,

Google Colaborato

DYECFEMIRETRUL CL 2R
o ’Cg %’kﬁ*ﬁbt "t e Driv

) ETp #7IR15 (Jupyter notebook ) HY
a— H DLV TIXGoogle Drivex 9L THE iﬁq THEHTES,
Z% : https://colab.research.google.com/notebooks/welcome.ipynb
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INAIN—INGA—BF 21— 5 DARDIER
EHFEECIXETIVEGRER - SUA LITALAR) DE. FEBICHRRG/INSA—2DZENTTEE,
— A TINGA—RIERDEEINHYAFTORILITIBRANIENREDHELY,

scikit-learn TlXGridSeacrh&EWLND/ 3\ —2 & F->THY ., SHAREMEE R/ N\TA—FDEAEHLEEHITL. &
WL NTGA—FZ5MHAEL TRIATE S,

INTA—4451
RENXK FES(max_depth), TUF LTAL XL #2318 [E]$(n_estimators)
FIADZHER

LT OB TEHREAT L. 18(6x3)/ N 3—U Mo RBEA/NFTA—FEBERE CESOA—FEELRERRDEENTETHY . EHA
TLI=CELHY . TN I HEEMRETE -,

GridSeacrh® F| F 451

parameters = { = ° 2r e - NI -
'n_estimators' : [6, 10, 20, 30, 50, 55], INT A 5’ CE_/\/g /%5”%'@—5 = CE TJL‘@J:_I 7:— LO S

| mex depth (51015} HHEDRERITU R b X 2T DRVVET A2 Ol

HE1T2 5,

gsc = GridSearchCV(XGBClassifier(), parameters, cv = 10, scoring= 'roc_auc',

my_tree_two = gsc.fit(features_two, target)

print(gsc.best_params_) >{‘max_depth’ : 5, n_estimators : 20}DF TRB/INTA—FDRFTELTED,

my_prediction_tree_two = my_tree_two.predict(test_features_2)
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© (romsear importree jupitor notebook T =1 — N5
import pandas s pd I— RETTRLITHFA MR I 7B LT HENTE D

uploaded = files.upload()
uploaded?2 = files.upload)).

D 77 AMR BRREINTVELA Upload widget is only available when the cell has

Saving train.csv to train.csv
FALRR BRENTVELA Upload widget is only available when the cell has

Saving test.csv to test.csv
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def correct_data(titanic_data):
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titanic_data.bge = titanic_data.bege.fillnaltitanic_data.bze.median())
#Sexth —{B{L;
titanic_data.Sex = titanic_data.Sex.replace(['male’, ’female’], [0, 11)
HEmbarked™ KiE(ET IR
titanic_data.Embarked = titanic_data.Embarked.fillna("S")
titanic_data.Embarked = titanic_data.Embarked. replace([’C", 'S", '0°1, [0, 1, 21)
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