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fGx) maps to f(x) wheni < = j
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“Doors and corners, kid. That’s where they get you.”
ZUT 120Uy (DUwT3) BAEIHATY.

“You walk into a room too fast, the room eats you.”

Clip 1 | Doorsand corners, kid. Clip 2

That’s where they get you. [v1]

Doorsand corners, kid.
That’s where they get you. [v2]

» 0:00/0:06 = o) » 0:00/0:08 = o)

Clip 3 | You walk into a room too fast, Clip 4

the room eats you.

Doorsand corners, kid.
That’s where they get you. [v3]
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Clip 1 | Doorsand corners, kid. Clip 2 | Doors and corners, kid.
That’s where they get you. [v1] That’s where they get you. [v2]

Clip 3 | Youwalk into a room too fast, Clip 4 | Doorsand corners, kid.
the room eats you. That’s where they get you. [v3]
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O—RAIRY ML TFITRUET,

from scipy.io import wavfile
from matplotlib import pyplot as plt
from matplotlib.pyplot import figure

# Read stored audio files for comparison
fs, data = wavfile.read(“/dbfs/folder/clipl.wav”)

# Set plot style
plt.style.use(‘seaborn-whitegrid’)

# Create subplots
ax = plt.subplot(2, 2, 1)
ax.plot(datal, color="#67A0DA’)

# Display created figure
fig=plt.show() display(fig)
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fastdtw ZED & T, BRDFRIEIDIEMZzRE<FTTE TEZET,

from fastdtw import fastdtw

# Distance between clip 1 and clip 2
distance = fastdtw(data_clipl, data_clip2)[0]
print(“The distance between the two clips is %s” % distance)

SEE/RO— RAR—X(E. Notebook [Dynamic Time Warping Background| =S8 L
TLEE0N,

N—2R o1Y EERE
Clip1 Clip 2 480148446.0
Clip 3 310038909.0
Clip 4 293547478.0
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Optimal Weekly Product Sales
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HLODIRTET —IY bMEHRAHAD

UCIT—Ftwv RURS MU (CHBEXRTEEIEREIT—Fty hEFRLT, KL
ENR—ADERTDHZEITVNED, (HE : James Tan, jamestansc@suss.edu.sg.
SO HR—ILEERIEKRE)

import pandas as pd

# Use Pandas to read this data
sales_pdf = pd.read_csv(sales_dbfspath, header="infer')

# Review data
display(spark.createDataFrame(sales_pdf))

Product_Code wo w1 w2 w3 w4 W5 we w7 Wa we Wwio w11 w12 Wiz
P1 11 12 10 8 13 12 14 21 6 14 1 14 16 9
P2 7 6 3 2 7 1 6 3 3 3 2 2 6 2
P3 7 n 8 9 10 8 7 13 12 6 14 9 4 T
P4 12 8 13 5 2] 6 9 13 13 11 8 4 5 4
P5 8 5 13 1" 6 T 9 14 9 ] 1 18 B8 4
P& 3 3 2 7 6 3 8 6 6 3 1 1 5 4
P7 E 8 3 T ] 7 2 3 10 3 5 2 3 4
P8 8 6 10 9 6 8 7 5 10 10 8 8 15 ]

BHREFIATTREIN, ERIDOZBFFITREINE T, BEFEAC E(CRFEINTEEZR
OB ERLUTVET, T—Ftv MIESNEORRENGDET,
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70470 bO— RTHRERFRIIFE TDIERZ5TE

# Calculate distance via dynamic time warping between product code and
optimal time series

import numpy as np

import _ucrdtw

def get_keyed_values(s):
return(s[0], s[1:])

def compute_distance(row) :
return(row[0], _ucrdtw.ucrdtw(list(row[1][0:52]),
Tist(optimal_pattern), 0.05, True)[1])

ts_values = pd.DataFrame(np.apply_along_axis(get_keyed_values, 1,
sales_pdf.values))

distances = pd.DataFrame(np.apply_along_axis(compute_distance, 1,
ts_values.values))

distances.columns = [‘pcode’, ‘dtw_dist’]

SHEENEBNERD—T 0 (et 512fERAITdE. EX NI SATDTW EEREED
DERZZENTEFT.

DTW Distances For Each Pairwise Product Sales Comparison
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ZChHh'5, FERIRGEER(ICEGAVERI— R GtESN/ DTW B SEE/N &
WED) ZHEEITDTENTEET, Databricks ZFEARAL TLDBI=&, SOLITY
THRBIGERTEEY.,. BEEVWVBDZRRUTHELLD.

%sql

-- Top 10 product codes closest to the optimal sales trend
cast(dtw_dist as float) as dtw_dist from
cast(dtw_dist as float) 1limit 10

select pcode,
distances order by
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2.0
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0.00
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5 Comparing Optimal Sales Trends With P675 and P716
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REQ M RICIER(CEEICBRLUTNET,

# Review P202 weekly sales
y_p202 = sales_pdf[sales_pdf['Product_Code'] == 'P202'].values[0][1:53]

Comparing Optimal Sales Trends With Weekly Sales for P2
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MLflow Z{ER U TV —5+4 J7 O hEEBIINRA S - D—X hDH
T =17 e I

MLflow (&, 3EB&. BIRM. ERZESOEWEEDOS 1 YA 0L EEIRT BIzHD
dA—TF>NV—RDTS5w T A—/TY ., Databricks D Notebook (&, FTLEICHES

iz MLflow BIEZIZEUTED . REROIER. IN\SAIPA NI OIZDOD.

EROREREZITOICENTEET . MLflow BEVBDHDZHDOFMMICDNTI(E.
REI XS RETELLZEU,

MLflow DFEETDHILE, ERERDA>TY FEFDRTY hD2TZ. HRATH
REDHIHETRBETERIZLICHDET ., T —YZBBI DU, "Run” &L
THIENS. EROOTZEFRI D ENTEFY.

« J)\S A4S (parameter) : EF/LADAS
« AMUOR (metrics) : EFI/ILDOEN. FEGEFTILORINIORE

o P—F4I7PB (artifact) : EFILICEL> TSNS TD I 7 A )L -
PNG ZOw M2 CSVF—A IR E

« BT (model) : EFI/ILEDEDTHD., #(CUO—RUTTFAMEZIRET
BIEDICFERTDENTEFT,
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https://mlflow.org/
https://mlflow.org/
https://www.mlflow.org/docs/latest/index.html
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WeBDBEF. CNZFERALT. BRIT—Y(CEATEIRADT—TETH
2 [ ANLYFIF7O5—] ZZESERMNS., BNRBED-T 7L TV L%
F—A L THERITIDZENTEEY . MLflow DEERZRFIEL.
mlflow.log_param(). mIflow.Tog_metric(). mlflow.log_artifact().
m1flow.log_model1() ZfF> CRHE(COF> I TETRLDICTREDIC. X1
RS EUTDRSCSVIUET,

with mlflow.start_run() as run:

AE(CRIEO— RaErULET.
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import mlflow

def run_DTw(ts_stretch_factor):
# calculate DTW distance and z-score for each product
with mlflow.start_run() as run:

# Log Model using Custom Flavor

dtw_model = {'stretch_factor' : float(ts_stretch_factor),
'pattern' : optimal_pattern}

m1flow_custom_flavor.log_model (dtw_model, artifact_path="model")

# Log our stretch factor parameter to MLflow
mlflow.Tog_param("stretch_factor", ts_stretch_factor)

# Log the median DTW distance for this run
m1flow.log_metric("Median Distance", distance_median)

# Log artifacts - csv file and PNG plot - to MLflow
m1flow.log_artifact('zscore_outliers_' + str(ts_stretch_factor) +
'.csv')
m1flow.Tog_artifact('DTw_dist_histogram.png')

return run.info

stretch_factors_to_test = [0.0, 0.01, 0.025, 0.05, 0.1, 0.25, 0.5]
for n in stretch_factors_to_test:
run_bTw(n)

F—ABEEFTIIIECC. FRID (ALY FIF7O5—] )\SASTDOT &,
DTWEEBEA R Uw ODZR ATV (CEDVWTHMUEES U THELEEROOT Z/ERK
UEURE. =5(C. DTWEEBEDERX M SLADBEY (TJ71)L) ZRIFFEETEE
Uiz, TNSDRERDEITHER(L Databricks ElCO—HILICEREFEESNTSD, #8
TE7IEAVPITLBRDOTVET,
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U THELUL D,

BLZETRERBOFRAN. [RELYF - Tro5—] ZIBPT &, BEPAERE
(I UFET, BRICIE NUFRCHIRD TVWET . ZILTYUXAICKREER
ZRIAFRBREECO-TSEIZFRMEEXDE. T—HITEVWT v bZERD
ITBTENTETT ., REH(CIE A FDEIDIZH TV < DD/ A 77 R 72 3
LizmTY,

MLflow TOOF>TETIL

MLflow (&, SEER/\SAFWOARIUTR, pERY) (TOw M2CSV I 71ILDL DR
BO) Z#OJ(CERT DT TRL, WHFEEET /L 20O (CHiRT D=
TWET, MLflow DEFTILIEZ. —BUEAPIHTES T DLD (TSN T AL
SFTHD., D MLflow Y —)LOMEE EDEREZHR LU TULET. COEEERME
(FIEFE(CHIT. EDRKDIEPythonEFILTH D TE. L<DERDEY A TDARE
RIBICILRICEHE IR CENTEFET,

MLflow (C(Z. scikit-learn. Spark MLlib. PyTorch. TensorFlow I &EEZT. RHMR
E1S—B#MEE S TS UDEZL (CHBOETILIL—/—-ATUO—-Ran
TWFET., INBDEFILIL—/\—(F COITOTERETEIRSNTLDLDIC,
EFINBRAICEBEINZRICOTZERUED. BO-RUEDITBZZEZES
(CLTNZET, HIZIE MLflow % scikit-learn TERY 2HZE. EF)LOOF>

D&, EBROPHSUTOI-REETIDIDOEFULLSWVEETT,

m1flow.sklearn.log_model(model=sk_model, artifact_path="sk_model_path")

< databricks

CDOERHIMMRENRS AT ATEERLIZEDTY

chlckb, Y—RI\—F1s D515V (XGBoost > spaCyir&) = >TILia
Python B8ZIZDEDH SDEFILE. MLflow EFIVEUTRET IS ENTEE
T, Python BT L —N\EERAUTERESNEZESTIIVE. BUIISAFTLARICE
T£U. Inference API %3 U Tt MLflow W —)LEHEFAT B EMNTEET,
PTCHDIL—AT—XRICHIET D EFARBIEETI M, Python BEEFILIL —/\—
(FETHEIRPR D E B TEZEEDBNVEDICRB LD IR SN TNET, BRI A
WIB»™OD Y IR C L. ETLZ U —S 3> (CEFTY, B850 D%
<D AR] EFIWDIL—IN—WA>ZSA (T2 TH. TR w73 Python
RIS L —/\—FEER [FrvFA—IL] EUTOREZRZL. HSWDIERE
@ Python J— R & MLflow DERFRIR hSwF IV —)LFw hEDRIDIEELZ U
T<nxE4vd,

Python MBAE T L —/\—%&(E> TEFI/LE2OJ (CERERT DD(EHERTIOTR T,
EARETICEBTEETINE UVTRETZZENTEXTH, 1D0&MH4HHBD
F£9, ®hld pandas DDataFrame Z A& UL TEIFHD., DataFrame F£/z(d
NumPy BEFIEBERIFNERDFEA. COEHFNBIZENZS. BEZ MLflow
EFILEUTRF I BIT(E. PythonModel Zff& LTz Python VS A EEEL. 2O
THBATBDLSCHRILBEET .predict () AVY REA—/I\—S1 RT3
ENHDET,
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https://databricks.com/blog/2018/09/21/how-to-use-mlflow-to-reproduce-results-and-retrain-saved-keras-ml-models.html
https://www.mlflow.org/docs/latest/python_api/mlflow.pyfunc.html#creating-custom-pyfunc-models
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HdFRITHhSOJ ([CEfRENIZEST )L 20— R3S

WD DERBANYF I 705 —ZBNTT—FERITUEDT. MDA
FYIIHADZ ERNS, HBREMREL. OJ(CERFEUTEA NI TH
([CEBNEETILEFEIT CECRRDET, MLflow ZES EOJEFIVEERL. TN
ZEALTHULWT—ITOFRHNERITSICIE. ROFIEZEALET .

1. EF)LZO—-RUEWVWruinDYU> O IUw I L TLEE0),
2. [=f7ID] ZOE—-UZEY,

3. EFILMMRESNTVBR IAIISYDEZEIZEATELUTHEET, eBEDHE
(&, BE(CT'model” EWWDEZREITY,

4 LTFOESCEFTILIAILIFEGE unIDEADLTLIESUN,

import custom_flavor as mlflow_custom flavor
Toaded_model =

mlflow_custom_flavor.load_model (artifact_path="model’,
run_id="e26961b25c4d4402a9a5a7a679fc80527)

< databricks
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EFILNERULEESDICBEL TR EERITEHIC. EF)ILZO-RU, &
£ new_sales_units TYERK U1z 2 DDOFFEGRD DTW EEREZBITE I DI=DICFEHTD
CENTEET,

# use the model to evaluate new products found in
‘new_sales_units’ output = loaded_model.predict(new_sales_units)
print(output)

RDAF YT

LD K S(C. FafeBD MLflow EFILIEFTULMEYRIZZ EDIRMEE B S (C T
UTWET, F/z. Inference API [CEMLL TULDzsh. FROY—ETTSw b
J#—/x (Microsoft Azure MLY¥2Amazon Sagemaker 72 &) (CEFILZFT IO U
D, O—=AJLDRESTAPI T> RRA> bEULTT IO UIED. Spark-SOLTHREE
(CERTE3 15 —FEME (UDF) ZERULIED TR ENTEET,

Databricks DIEET = DT S b T+ —/\ (Databricks Unified Data Analytics
Platform) Z&EA U TEINS 1 AD—TICLDIRFGEBEZEFAT D5 EZBMTL
F UTJz. Databricks DEMFERAS > 5+ 1\ fEMA U7z Notebook [Using Dynamic
Time Warping and MLflow to Predict Sales Trends]  (E1#45 -+ AT —F & MLflow (C
FBFLEBEDFA) ZEo>TL<BRHLLTIZEN,
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https://mlflow.org/docs/latest/models.html#deploy-a-python-function-model-on-microsoft-azure-ml
https://mlflow.org/docs/latest/models.html#deploy-a-python-function-model-on-amazon-sagemaker
https://mlflow.org/docs/latest/models.html#deploy-a-python-function-model-as-a-local-rest-api-endpoint
https://mlflow.org/docs/latest/models.html#export-a-python-function-model-as-an-apache-spark-udf
https://databricks.com/jp/product/unified-analytics-platform
https://databricks.com/blog/2018/06/05/distributed-deep-learning-made-simple.html
https://pages.databricks.com/rs/094-YMS-629/images/dtw-mlflow-sales.zip
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EIE
Facebook Prophet & Apache Spark™ (C
KD ERE TARHUERIFRY T

RE

Bilal Obeidat
Bryan Smith
Brenner Heintz

2020 1A 27H

5325138l Notebooks % Databricks it g

< databricks

CDOERHIMMRENRS AT ATEERLIZEDTY

RERBIFA - DIFRMOER(CKD . NERELCSITIRETFAOEEEEImLELTVET. LML, KDIEHE

RANRY NUBBZERULVWREICEDO T, FHOBEETAZINRELRDODTUVET, ROV

U1 —>3 > (CHBWTITREMCIEREEOmE CHIKIN G D E UTzMY. Apache Spark™ & Facebook Prophet 0Di&
RICE>TINSDREZRRI DEREMEX TETNET,

CDEETIE. BRIFROEEE, BFRIIT—IDH > FILDREIL. Facebook Prophet &>z > )L
REFRIIFRET)ILOBECDWTHENUES ., B—EF)LOBECIBN/Z#(E. Prophet (C Apache Spark™
D70 )OS —=BAHFENDE T, MEREODETILEZE—EIC L —Z2 0335 EEBNULET. CNICKD.
CNETIFEAEERSINN D IEHMIFIE T, SKU EIESHDAHFENET EDE#RTRIER TEET,

FIFITEE(CIRDBETRDEREEE D 7ILYA AL

B — EXDREFTRADIEREZMNET D2HD. FERIIDITORE EFEE DR L (/N FEREDRRINCR
BIRTY. EHNERIDHEENEITET DL REAR-ADEEEROMRINASEC, AR MJD
BRCZLDBEAZIRAEEDZERIBDET., =50 TORIPRANRESND & FEmOTA
HEB/ (I —>2DZAEICEEBRIIFZER T CE(CERDMNRFRA. —7. EEOBmMMRITENE. R
MREEL. BREOBBEHMASNKONDZE(CRDFET, FRATS—(RNEEECEO> TEEDIERERDEN
DT, HEENRNBZIE K KSPRRAHIT(E, Hmeftt(CBREEEONDENEELET.

B2 = —AUTHIES SRR RIIPAFELETIL

CNETONFTERTE, MERRER (ERP) SAFLAPY—RN—FrVYU1—-2>3>(CLD. 2>2TIL
IREFRINEFTIVICEDVWERETFUS AT LAMRASNTEE UL UM L. KiltBYRES EERICHIT D5
SO EBERIC. ZLORENCNETOREETIVOTILTVXALEDDH UWFEZLELTDLD
([CIxDFE U,

) BREDODTINETORBRINFHETILICHLT, T—FHAIORABEFTCEEZINE
PR O.P HET @ FacebookProphet 7R EDH LV IHFBFELETILE. RRICEATEZTEAR
H5NTWVWET,
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https://databricks.com/jp/spark/about
https://facebook.github.io/prophet/
https://pages.databricks.com/rs/094-YMS-629/images/Fine-Grained-Time-Series-Forecasting.html?_ga=2.220205147.2112692442.1591844546-225663068.1585060489
https://facebook.github.io/prophet/
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BEANTTOUEHULWLWEETAYV Y 1 -2 3 > \ORITZ2EDD(CE. FETH
DEME (AT BIET TR, HRNEDEUERISZAT LT, HTHN5E
BACHET IR FBEET I ZEFRSERTEDILDICIDIBVENSHDFT .
Spark (F. CODEETILML—Z2TZRRITBYV1—-23>THD. BER®
H—EXR2HRDBELIT TR, BULRCH T 2BREML TORETFREITAET.

BRI — 5 CHITDEMEBTEDODRE

CCTl&. Prophet (CLBEL DIEEFHEERENRE ULBRBREREETFRICDNT
RTWEEI, T=F1v blEKaggle D—HENFHAT—4T. 50 mEBIICDULTIONE
HoOHRTE LRIz BDZEFERUET,

FY 2TCOBREEHICDONT, FREFTLORMMEZEERLELLD. TDIS
ITNBHONBDLSIC, BmDist LB EASMERERBFBMLTNET.
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< databricks

CDOERHIMMRENRS AT ATEERLIZEDTY

RIS, BUT—9ZAEMTRTHELL D, DI D&, FEHADMERE(FEL.
RIESHIMENTIFRL . BICERADR(ICTFAD EWSEENR/I ST —> (FEHE
&) MEo>EDEMERTEEI ., Databricks DISARL—=3 > Notebook ([CdpD
F—HFREEEERFERT DL, IS TICRIARA I AZENEZITETEAD
F—HENRRESNET,

W sals
FA
100 0\ AN
A \ / 5 s
AN '
~ N /

/- Y /
00K AN / \ i hs /
S el / \
500Kk [ \ { o/ —

201% 2015 2017

BEEATE SEEOE—UNBER (weekday0) (CdD. AR (weekday1) (C
AREEBIAATER. BRODFHICHRL [CEET BEENHFSNET,

year
30k
2013
20k 2014
2015
2016
10 2017
0.00
0 1 5 6

3
WEEKDAY

19


https://www.kaggle.com/c/demand-forecasting-kernels-only/data
https://databricks.com/product/collaborative-notebooks
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Prophet D= > F)UIRBERFIFRID I b DT ES )L

FDTSTHEONBESC, FTLEFT—INS(FEEMOBIMERCINZ. Z=EHE

DI\F—> (EEEE) SERICKD/I\F—NRHEEET ., Facebook Prophet (&,

CDRDBEHDMEANEE LT —F (CEMELTNET.

Prophet (& scikit-learn API (CEEBLL TH D, ETEHRIE(Csklearn ZE I 2N TE
F£9, SEIDY>TILTHNIE. 25D pandas DataFrame Z APIANDA I E UL TE
UET. 15IB(CE. 2FIBICFRTSME (CCTEEL) Zi8ELET. 7—4F
ERCEENRIINE. BRCETILIMERTEET,

import pandas as pd
from fbprophet import Prophet

# instantiate the model and set parameters
model = Prophet(
interval_width=0.95,
growth="Tinear’,
daily_seasonality=False,
weekly_seasonality=True,
yearly_seasonality=True,
seasonality_mode="multiplicative’

# fit the model to historical data
model.fitChistory_pd)

< databricks
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INT. T—HICERUZETILIMERTEE Uz, COEFILZMED TIOBSFD
FRIZEITOTHELLD, FDI—RTIE Prophetd make_future_dataframe
AVw REFERALUT. T—Ftv MCHBDRRGIT—4 & ZDEDIEDFEIZE
SHDRDIEELET,

future_pd = model.make_future_dataframe(
periods=90,
freq="d’,
include_history=True

# predict over the dataset
forecast_pd = model.predict(future_pd)

CNIZIFTY, ST, Prophet® .plot XV RZFES T, FHROFAMEICINZ T
BT A EHHEOmAZENE TCRRTCETILICADET, TOITSTIDLDS
[C. FTITRUEBAEAM S EMBAORE/\Y - FHERICERMRENET.

predict_fig = model.plot(forecast_pd, xlabel='date',
ylabel="sales') display(fig)
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DTS TDORAICDNTIE. D USBARNRENS LNEEA. Bartosz Mikulski K
POMDYWIT <EHRUTVNET, HHNICWZIE. BORNEROERZ. BLEED
AN FEMEZR U TWET, BULEEDID (L 5% OREREE RIEHH T,

< databricks
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https://www.mikulskibartosz.name/prophet-plot-explained/
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Prophet & Spark [C R DEBEDRERIIFRET)LOWMF S —=22

CCETT. H—OBERIIFRIFTETILOVER A EZRUE UJE, Apache Spark
ZERATDIET, SHCEDMEZEDDIZENTEFT., EANCE. Ban
EmEERHENRE UCET IV EHEEA CTERT DT ENEFETT ., BE—EFI)L
DiFE. 7=ty hEARZIERIVET D /R DEE (CEEAMNDE T,

HBEEMOETINZRETDILET, LEREF ANy FIT—-2TH
L #IFT EDFEDENVCEDNT, BIEH THRITINESLEILDE IR EZIERHE
(CFRDATEDLDCRDFT.

Spark DataFrames Z £/ U 2BFR515 — 5 D3 EULE

BRIGEDETILZE SL—=>2 9 BIC(&. BH. Apache Spark 7R EDHET —4
WIBT > SO MERSNE T, Spartk USRAIZEERITBDET. EFI/ILOYT
Y b ML= ON IS AINDERDDT—— ) — RTUHFTBLIEEN, FR
BETILERD L ——> T ERE<HIRTEET,

DSRIDIT—H—/)—RThL—Z2T0F3HBE6. HEDISORAZTSX
ESOFPHRET, TORDIXSMNDET, UL, 95D RUY—-X%Z
AZTRURTEBICHATENLE, BERVY -RZR(CTOESI =TT
TFET. Fe. EFILDO ML —Z2TWUY - XORMEMEMEIICITR. MIBERE
ZRIBRIFT S 2L RT—SEUT s ZRE<AMLESEZTENTEET,

< databricks
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1385, Spark DDET —FUIBEFKIRT DS X TEEREEI ZRIZL TV DN
Spark DataFrame T3, DataFrame ([CT—A&FHHADET, ISRIDEZT—
H—(CTF—=INFENFET. TNTNDDIT—H—TTF—FDH Tty ~EiiFINL
BU., 2R TOETE™BZRS T ENTETDDIE. D DataFrame DEIE(C KD
BEDTY,

BID—H—MUBEEEITTBICE. BBRT—IDT Ty NMCFOTCITED
BN DEI, DataFrame Tl F—/\U1—ERTT—HZTIL—TLIdD&
T, BeDT—H—)—RICT—FEELET. SEDT—XTlE. ETOERT
AT Y 27 — Y Z s L mmOEsFEahE THER ENZF—/\U1—-&0LT
II—=TILLTVET,

store_item_history
.groupBy('store', 'item’)

# ...

CCTld. groupBy d— REMAULT. EEEFTIL L —Z2J DRIEN
IRAATAIB(CDWTERSR L CULE T, 122U, ERICEMESEBCE. K
DR THAIBUDF 2/ ELTT —H BRI INENHDET,

22


https://databricks.com/jp/spark/about
https://docs.databricks.com/clusters/index.html?_ga=2.92550174.2091689691.1591215417-566957636.1584739382&_gac=1.182965076.1589579628.Cj0KCQjw-_j1BRDkARIsAJcfmTFmZ1FrPnLWn4a6NsA_7M8Sc8-1KbOXqjgUhC_B7LqzO78jU8PyzusaAlt2EALw_wcB
https://databricks.com/jp/glossary/what-are-dataframes
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pandas D1—HY EZEKREE (UDF) DiEFR

BRI —SZEHEBmCECIIL—TETEES, JIL-TTE(CE—FEFT
DL —=20%1TVWET, FL—=27J(C(F. pandas DI1—H EZEEE
(UDF) =R UZEY. UDF (L. DataFrame DF—5T)L— T EICHRY LEER
ZHEATEEY,

BEETILD L —Z2 TR TR FRBROER CBERTEEFT. L—22
JXoF8(% DataFrame D)L —TZ E (LRI (CEITENEITH. KDIL—Th5H
NENBDFERIFTZ(CEM SN DE—D DataFrame (CEEHSNET, TDESRR
fHHH 12D TVBD(E. FRINME < DIEH EfEm - FEEIC DN TITON DX
UT. DITPEEORCEE—DOF -5ty hEUTHRERZHRNTEDRLDCTS
z&T9Y,

T DPython d— RIF—EPEBLIZEDTEHNDEITH. UDF DEHIFZNFEEHL
WBDTIEHDEFA. UDF TlE IBDBEDFT—HFRF—I EZITED T —F 5T
T % pandas_udf XV RTHEUET ., €DEICHITT. UDF TERITI DUIER
BCOWCHA#BZEELET,

UFoRETIE. EFILOERERTE. JITHDT —4F EOBEICDVWTEERSN
TWEY, £z, EFIILTOFANETSN,. BEHDSDOHEHELTT —FIHIRE
nx9d,

< databricks
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@pandas_udf(result_schema, PandasUDFType.GROUPED_MAP)
def forecast_store_item(history_pd):

# instantiate the model, configure the parameters
model = Prophet(
interval_width=0.95,
growth="Tinear’,
daily_seasonality=False,
weekly_seasonality=True,
yearly_seasonality=True,
seasonality_mode="multiplicative’

)

# fit the model
model.fitChistory_pd)

# configure predictions

future_pd = model.make_future_dataframe(
periods=90,
freq="d’,
include_history=True

)

# make predictions
results_pd = model.predict(future_pd)

# ...

# return predictions
return results_pd
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UDF OABENTEES., T4ty hMEHEERTEY(CTIL—TE T B=8(C.
SE(CHBIT UTzgroupBy ONX > RZEFERUE I, HE(E. UDF %Z DataFrame (C
apply 3L, EFILICEDE TUDF T —HJIL—TFZ EDFRZITVET,

BOWN—TCH U TEENEITSN, Tty MiREND & AR 2T
T HERNRIRENFE T, CDRDIIMEEHCKD . EHRORERIIBTETIL
MEERSNBT—FID RS YF2 IO, BERANOERN IR E/RDFT,

from pyspark.sql.functions import current_date

results = (
store_item_history
.groupBy('store', 'item')
.apply(forecast_store_item)
.withcolumn('training_date', current_date())

)

< databricks
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NOY.SIPA

COTOTTIE. EHEBROEHFENDEENIRE U THRIITOREFRDIZH
DFFETILEBEUE U, SOLOITURERINE. ERORR (TR I=F8
ERERRIEDCEETEES, TOISTTE BR#1(CDVTIOEHTD
EEFAERNREINTOET, [EHC EICHEEDOHBIIER > TOLWEIN, £T
DIEHC—BULR/F—2RRTEN., BEESDDERELBRO>TWVET,
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FUWELET—FICEDWTHRRICFAZITIHED. B5(CFlZEERL CEF
DF—TIVBEICEBINTEFY . BFERBEOENMCOODE TREERZER LHTEH]
AECY,

E5(CFLWVBIRICDVWTE. A5 Y> RdD Web =7 — [How Starbucks
Forecasts Demand at Scale With Facebook Prophet and Azure Databricks| (X5 —
I\ O RCHIFBDYI) 1 —>3 2541 : Facebook Prophet & Azure Databricks Z ¥l
AURKHRRBETR) CHABIZS,
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https://databricks.com/jp/p/webinar/starbucks-forecast-demand-at-scale-facebook-prophet-azure-databricks
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< databricks
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RS F A SR F B DEERDEF CTI .. BRI —HIDHEE L. [EHRETILOEENRE#HMIZEN DD F
T, FBDZ1—SILRY NT—DDEICKD . ERDRERTIFRI” T 0—F T (EHIN D U FEEE
THOIEETFSFREEZATETDRLDICIRADFE Uz, CTDEEETIE. Keras DERKTH D Long Short-Term
Memory (LSTM) ZEERFIFRIC, MLfLowZ hSYF 2 IETILOETICHERT D HEZBMTUET .

LSTM&E(E?

LSTMIIRIEZ2—3I)L - XY D=2 (RNN) O—HETHD. Ry bDI—IHLRIDS < DIA LRXFTYTH
SPREDRE (CRNIMKFUZRIF T 22 Z0EE(CLEFT . RNN (G T—FDHAS—T >IN AID—
DEUTHREI D -1 —O>DIedDEMIR T« — R\ O7TO—-F&FERALT. TOMNRZRF/DILDICH
steniz. UL, EEMRMEFIE. BRAEBEDZOHICRY ND—JZFBREEICT DasEEN DD E
T LSTMIIC DB ZIEHE(CARR T DL DICHETSNTLE T,

EHERIFRIIFRE. SV - EREDT—IDEADE Y ROEAEDRITEKEFLTVD T ENHDFT.
=5 F ATSERINSHZRRN(CFE URITNEIRSRVN ZBINREST —HDEENRVIDIE LN
RS EZZ T ANVRFTNUSIRSIR . LSTM (FEHE/R DNN 77 —FF O F v EIFWIR AN Z X L &EHEDE
T, BRDOLEDEDZ [5EI8] U, EDENZE [TENd] REMNeRMBICHDIEODTHFET D, R\ —T>
RO TT—IDI\I—>Z2FBF D LSTMDEEN (G, BERFIFAICEL TLET.

LSTM DT —FF O F v DIBHIRER(CDNTIE. =55 (B4E) #8RBL TS,

FULWBEEEELWST =5ty ha#IRT D

RO T 7 > RMItEZEIC UTeR— b T A4 UADER N S EAMHEHROZEFRET. FRIIDICH FEEIC
»Dd. LSTMDffifER <RI Tzed(ClE. FITIELLVEE, SSICEBRDFIELWT—FY MIRETY, 4l
Z(E. KOFOEEDREZSFICTFALT. AXN— M2 U—ATr77O> ZBmN (CEEISE D LDIC LT
WEET, [EROEBEEEZN D EWEEIC(E. JX MIBREBIEN(CITD 2 ENTEET, BEDEY
H—ERET—YDBMRZENBICE. BEDTC Y- EREFT—FREIFTTHATIN. LSTMARIIBEET,
COEMDEDIC. BIRILF—EILTORBRBOIRIILFT—FERHICEITIRRT —F=FEALET.
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https://en.wikipedia.org/wiki/Long_short-term_memory
https://en.wikipedia.org/wiki/Vanishing_gradient_problem
http://www.cs.toronto.edu/%7Egraves/preprint.pdf
https://pages.databricks.com/rs/094-YMS-629/images/Blog_%20A%20Multivariate%20Time%20Series%20Forecasting%20Appliance%20Energy%20Usage.html?_ga=2.157627769.2112692442.1591844546-225663068.1585060489
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[CERETY ., ROBEEIREZR ZigBee Btz Y —RY NDJO—OTEZF—-UFL
fz. ¥45AB. VDRRTT. TRILF—FT—F(EM-Bus DA—SF—TEERL
FUlz. BEDDZEE (RNILF—DFITILRZEE) O[IKREHSO[KIERL.

NHT—Hty hMEFIBULFE U, E@Etos0nTJ04 /-2 X (RP5.RU) MMSD
F—5%, BfFEEEOBZEERALU TERT -y Y- UFELE, T7—F

Ty MIUCIHRFBDURD RUNSH T2 O—-RTEFET,

INZFEALTROHOREDHETIRILF—FRETI/ILZE L—ZTUFET.

F—HEFUSD

Za1—3II)LRY D=0 ZINE T BEIC. Ry ND—INBEO—EDENSFE
TEBLICT—HEEFTIVET DRENSHDET ., $F(C. LSTMTIE. AH

ToA —FvDRICEDT. IMLATY I EDTA NI TILTA XDFED 3D
FOVIKRDAAT —IWEENE T, BEfGdEFEE7O0-F &L T, LSTM
(FEBIDEDIHFHHEESNILOMAZNEET D, BRIIFRDARTIE. i@
EDEERFHEE UT. REDEEZSNILEUTRBI BT ENEETHD. TN
[CRDTLSTM(ERFEFAT I HEEFBTEEI. ULIEh> T BRAIIT—4
Z 2DBEH X (CHFRUET . 2T, ANT—FE. NNYFADETA LRTY TDFR
PO TEE T DFHEBETHERINTVNET, ANT1—FrDETD/I\WFI(C
DWTFAULRDS ELTVNDINILEE(IFERDEDHN 514D 1D ECH y ZHRK L
F9, Fle. ANT—HICERBEEEYy ZS5HDIRENHDET. TNICKD.

TV NI=DESNILDBEDBNSEFETEXT,

FUWGRRIIAELDEHRZSRU T IES,
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0pm u w0 w0 x u) w0

T30 ) e iRl ) ) W
120pm xi(t42)  x(t42)  x(t42)  xlt42)  x(te2)  y(te2)
1:30 pm x;(t+3)  x(t43)  xaft+3)  xu(t+3)  xeft+3)  y(t+3)

230 pm x(t49)  x{t49)  x{t49)  x(t49)  xs(teS)  y(te9)

v

Create Feature and Label arrays
v
x(t) n(t) x{t) xt) wlt) x(t) gt}
X=X = B .
xften-1) xy{ten-1) xpften-1) wften-1) x(ten-1) xelten-1)

X(ten-1)

Y = Vi) vl viva) vied) | KR
v
TimeSeriesGenerator (length = 3)
v
1:00=1:20 pm 1:10- 1:30 pm 1:20 - 1:40 pm 2:10-2:30 pm
..................... ¢+ time slices [t through t+9]
1 ER
i [ data®
24 T H overlapping
- X(t+1) m H windaws of
s 1 ength = 3)
X(t+2) X(t+2) |
.l e i * predicts
X(t+3) X(e+3) e =
5 4 X(t+4) - torget**
(Target
H Ly variable)
s * In our experiment, we use
H X[t+8) 864 timesteps and 28 features.
104 We aiso include our label
X(t+9) column y as one of the
features in X as x,,
timesteps
! N 4 Il ** target arroy storts with the
= i volue of the target variable
i3 itw) vivs) I viee10) ool
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https://archive.ics.uci.edu/ml/machine-learning-databases/00374/
https://archive.ics.uci.edu/ml/machine-learning-databases/00374/
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FaDT -ty MIODDBTILTT, EOEERTIE. BT =3%ERLTWN
FIN. NlE. ETDOS—F5> R (100[R) TIORDT—INHDI 2Bk
LEY., CORETIE. FHE X (HMEDT>VIL [X(H), X(t+1), X(t+2)]. [X(t+2),
X(t+3), X(t+4)]. [X(t+3), X(t+4), X(t+5)]... R ETRIFNUERD EF B A, Ffe. 1 LR
FYITOEPREEEIICELLDT, BEZE Y (F[y(t+3) y(t+4), y(t+5)...y(t+10)] & L
x9, Fle. 95 T2RDE. FBATNTICDONT, [ FROMBEZFALTHNDDIE1
DREFTHDZEMDMDET, UM, KDIRENRSFUATIE. UTDHFID
KIOC. FHRDESS(CHEDFR. ITRO5. y(t+n+l) BBIRIT D ENTEET,

Keras API (C (& TimeSeriesGenerator KIE(ENDAAHAFD IS IANG D, FETD
BT DN\ FEERUET. CDISXRIE. LUTOBFATIRESNIE—ED
FT=IMRA> hEZITERDET, EMRBT. A NS R BEORIREDIFRT
INSAFEEBIC. ML—Z27 - REEHD/\Y FZEER UET

ZZT. SEINDI—-RT—XTlE. 6 AEZOBEDT—INSFRHZEZ L. 1%

KDHZHEE. FIXE1BROEEFRUZWEULET. CDHE. K864 (C

Z0U<. CNE6 D10 3DIA LRTYVIDETT (24x6x6x6) » BEHRKIC. &
E. BE. SEREDBEDENSEEBUEVWEEZITVWEYS, DT IV

NCIEEET 28 EDYFHEN S DET . —BFNRS -0 > X Z4EMT IR, TR —
AEEE 6 HDDT —IMNSRBD/I\YFERT LDICRESNTNET, LDIRE

KRS FUACTDIHC. 1BEDFEREZFATDICEZERLET (RDI10

DORFEIMRE & (EXBIIC) . FUL<(E. J— b 28 ERELTT -5ty

he#lmdD] 28R LTIEE,
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Aty RORR(IE. (samples, timesteps, input_dim) [https://keras.io/
layers/recurrent/]1& UET . &\ FICDVT, 6 BDDT—FEZL2THFO>TNDBCZ
ECIRD, 8641T(CIADFET, Ny FHAX(E, 57— 3 >EHMATHNDAE]
DY TV RELE T,

# Create overlapping windows of lagged values for training and
testing datasets

timesteps = 864

train_generator = TimeseriesGenerator(trainX, trainy,
Tength=timesteps, sampling_rate=1, batch_size=timesteps)
test_generator = TimeseriesGenerator(testX, testy,
Tength=timesteps, sampling_rate=1, batch_size=timesteps)

F1—Z2DINSAIDEVRMIZESZSRUTIZE,

EFILbL—Z>2

LSTM (&. Backpropogation throughtime (BPTT) &UTHISNTWBEEZANT,
—a—3I)LRy ND—ODORKEFEHOBEICERDBO N TEET, BPTTICD
WTCOsERICBESZELTZE0N,

LSTM R R D —O%3E T DHIC. RV NI—IDMEZRE T D Keras TR
NTVWBWVWK DD DEERRR/ NS AIZIBERET INENSDET,

1. epoch: =AM -1—SILRY ND—T(CEEINBEE

2. stepsperepoch : IR TRY IO T Ufc EAH RSN BHEID) v FRIEEIEL
3. activation : £ activation B ERI Mk Lzl 17—

4. optimizer : Keras (J#IHAFDAT T4 IA Y ZIRBUET,
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https://keras.io/layers/recurrent/
https://keras.io/preprocessing/sequence/
https://en.wikipedia.org/wiki/Backpropagation_through_time
http://ir.hit.edu.cn/%7Ejguo/docs/notes/bptt.pdf
https://keras.io/activations/
https://www.tensorflow.org/api_docs/python/tf/keras/optimizers
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units = 128
num_epoch = 5000
Tearning_rate = 0.00144

with mlflow.start_run(experiment_id=3133492, nested=True):

model = Sequential()

model.add (CUuDNNLSTM(units, input_shape=(train_x.shape[1l],
train_X.shape[2])))

model.add(LeakyReLU(alpha=0.5))

model.add(Dropout(0.1))

model.add(Dense (1))

adam = Adam(lr=learning_rate)

# Stop training when a monitored quantity has stopped improving.
callback = [EarlyStopping(monitor="loss”, min_delta = 0.00001,
patience = 50, mode = ‘auto’, restore_best_weights=True),
tensorboard]

# Using regression loss function ‘Mean Standard Error’ and
validation metric ‘Mean Absolute Error’
model.compile(loss="mse”, optimizer=adam, metrics=[‘mae’])

GPU DIRE EMREZIEN T I2sD(C. LSTM D cuDNN EEZFER L TWLET, /.
IRy VHRFFARICBEVEDZRVE UZ, CNE. T—INREDETILEEZ
RBDOIF3zh(C. TEIRITELDORDBULZEITOLDCLIEVLWNSTY, Bz
([CDWTI(E 28 EDRHHIENHDEI DT, 2ENSIEDHET . FIEMRDIELT
FHDE. 128EFESCETEHEBRERNESNDZENOMDE U,

< databricks
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IRy TEDFRICDVNT(E. P2 =T« v 2 IZBFDIzHICHEVEIEZ
BRI DONEBWNITO—-FTY, A—/\—T o v bOBBEZLR T D/zHI(C.
Keras API (CHEFAFENTZO—=J)L/\W . $F(C EarlyStopping ZERTEET,
EarlyStopping (. EZH—SNTVREDWENEF S L& FICETILDEZZE
IEUET, CofiTE BEREEL L TELZHEAL. 50 T/RY JT le-5 DFANR
WEE(E. EFIILIEEBZELELUET ., Keras (T(E. EDRALA—XIXISABYDTY
MZEWRT DIEHICRY NI—DIIRFIVTa 25X DEAULEE (BEHTE. R
OvZ7IR) MEFHFHAFENTNDDT, Ry NI—(FHEMM TESINDRIC
HEDKFLUELA. XY NI—DODLAT7—(CDWTIE. UToEH=ESELT
<IZELN,

139845845427368

\

input: [ (None, 864, 28)
output: (None, 128)

cu_dnnlstm_1: CuDNNLSTM

input: [ (None, 128)
output: | (None, 128)

leaky_re_lu_l: LeakyReLU

input: | (None, 128)
output: [ (None, 128)

dropout_1: Dropout

input: | (None, 128)

dense_l: Dense
output: (None, 1)
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https://developer.nvidia.com/cudnn
https://keras.io/callbacks/
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—HADLAY—DENEMSF XD ZHICE. SEHEEHANETT ., CDIHFA.
LeakyRel UZBRALET . LeakyRelu (&, ZDHIE TS Rectifier Linear Unit (E&
a1 w ) FzERelu (BELUTRelu) OXDRVWIUI-23>TY,

Kerasld, BEZRBS L. ITRYVIZREDRUEHRIDIEODIETIERATT 4T
AHZIBHLUTWET, AT IAHTDORERVIANICTESESRBUTLLES
Vo CTCTlE. BRNAFE T DTS LREFERUET,

ATF A RATDEERI\SAHS(Elearning rate T. CHUFEFTILDREZEK
ELRAETRCENTEET, FBX(CDVWTOFHIFISESZIELZE0,
0.001 (IAJLE) | 0.0l 0.VRESHSF/METEERUHER. 0.00144 HNFH
BE CBRORIMEEVWDATREDOETIVEEZIRELTINBZ 2 EMDMNDF
U7z, LearningRateSchedular 1—)L/\wOZFERL T, REREICEZXE
AEITDZZLEETEFXY . MLflow ZERAL T, BHOETILOEITHERZIBHL.
e UF U,

MLflow ZFHWVEET )L EOF >

CEDLDC, TSRADLSTMDERET(E. MMRDDEDI\AI\—)\SAFZ=HEHL
TWFET., REDEFIILEESZRDIFTDEDICE. SFIFR/\A/I=/SAS,
FROBEA, TRV IREEERT DIHNENGDFT., Fio. BEDETILET
ZHEE U, BRERBOT —SDZCICHESETILOESZAELIEWVWEBRSTUL
S, MLflow (& EEDLDIRTENTEDIMNOT UV UIERIIZRES LW —
JLTY, TTTIE. KerasTensorFlow Z{E > /=fF. MLflow DE{TOOYT, BRI
BB (CHEDSERDEBMARE, MLflow Z{E > TOMNCEE(CHERE TEINZITEL
£,
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_Usage_|

Filter Params: Filter Metrics: Clear

2019-08-0515:2538  vedant B Applia. Actual Epochs: 516
MAE: 0.04647461324.

0.00632995134.

2019-08-0515:17:59  vedant B Applia. chs: 79

MAE: 0.04557743668

T—HFYAIT2FT 1 A NI MLflow ZER LT, SEXSFRETILOA MJTRA>,
ENMOEFEPORRNZEI L. EOET IV EARERIBICEA IS HDHII(CHE
UTCTRTENTEFY. 2 DULDEFTILDRITZELERLUT, SFZF/\A/(—
ISR DFEZBRL. RERERETIVERELEY.

FT=ATITZTE ABOHUWT—F(ICTTOA4IDHD ML —Z>T(CfE
BUESAISUDN=23> 8610 BIRUEETIVEBHEICBISETED LD
([CIXADFET, BEIRET /LI python_function JL—/\—TkFUt I DN
TEZEYI, CNZEApache Spark UDF EUTERT B ENTE, —E Spark IS5 X
BICT7yvITO-RIDE FFROFT—HFZRX AT DIeHIBRAEINET,
MLflow THR— hENTVBIEFILIL—/\—DE2U I NIZES #EB LTL
Z=0N,
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https://keras.io/layers/advanced-activations/
https://keras.io/optimizers/
https://arxiv.org/abs/1412.6980
https://en.wikipedia.org/wiki/Learning_rate
https://towardsdatascience.com/understanding-learning-rates-and-how-it-improves-performance-in-deep-learning-d0d4059c1c10
https://www.tensorflow.org/api_docs/python/tf/keras/callbacks/LearningRateScheduler
https://www.mlflow.org/docs/latest/models.html#python-function-python-function
https://www.mlflow.org/docs/latest/models.html#built-in-model-flavors
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FEoH .« MOMIF B T O—F EEKRC, LSTME T« wT+« > DBE([CREBEN IR
WDT. Keras [CldEarlyStoppingd—)L/\wONGBDET, HIEEDE
BEBNRO—)ILINY OIS AIRSNUE, I\ —)I\SGAYDF1——2T
[CHZEANRLTE, FEEREFTIVHEZEDICENTEET,

LSTM (&, JHROFEEZ TR T DIEH(C. BEDENSEZ T DIHICER

FRTENTETEY, BRIIDESHD LSTM (., HEMWR7Z7TO—-FTITH
NBESRHIEDIRTERE ULIRVLD T, BRIIBBEDOESTILEREZ(CIRAD.
EBHOADEOIHSAREEE SBT3 N aEEC N ET, * RNN. $(CLSTM(E. REDFT—INEZSNEESICRBICEMELES., ©

LSTM Ry RO — (B AT BEICANRY ~DS— > R T BB Dz, FAEFEERT —INDRVEEIE. W DHIDENL 1 T7—EF DL
LSTMER Y R A DS — S SEETE S LS (. A DS SAILE DINERRY ND— I BIAHD T EMFELL. Fie. KDNSRF—F(E,
BESEZCENEETY . KerasD TimeSeriesGenerator 75X &% A=IDLORER Y FOF = IEDRY I EIHRRT S ERTREI L.
TBE. HALSHTUEF -ty M1 —SILRY ND—(IBATS FORVEREBSZENTEFT.

HIC, SESERNSAITHRIFT -y MU TEBRTEET,

LSTM (C(E. IR %2/ \y FH+ i ED—EDORAEERIEER/ \ 1 /) —/)(S

AIRNHD. CNSIEFFRDREERET DIEHICAARTY . FHEL,

ESINDEHDEFHHEEETIDFBREZHIHIT IEER/ /=)

ASTY, REDETIVHEEEBD(CIE. FBRORBEERET D EN

BECY., FBPXRZHE(LT B/ZHIC. LearingRateschedular 1—JL

INWONSAIEFAIT D EZRETUTLEE0N,

Keras (&, HRIENEVWTWVWBEEDI A TICEU T, BRB3ATT4 A
H—EBIRUTERTRICENTEET., —HMNICIE. Adam AR ME®(C
HDFET, MLilowUI EFERAL T, 1—H—(FETILDOETEALNRTHE L.,
REREFIZBIRT D ENTEFT,

BRI TIE. LSTMRY RDO—INELWVWARY bDES—5 > XI5 )5 —
EFETEDLIC, T—HORMUGZ#IFTDICENEETYT., €D
H. TR MY MNRUF—2 3>ty MEERTIED. EFILDT 1w
FTAOEITIRICIE. T—FZS v IILURWTENEETT,
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FELE
REARE MLflow ZHWVWEDIRIC KD
ERFFRREI DX IRIZER

e diE=IN
Elena Boiarskaia
Navin Albert

Denny Lee
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ATHEE (AD) Z5EA ULEMAERMOARIERERE. WHRDI—AT—XICBNWTEBRRTETIED
DEBA. WADEBET —YDEUEEIR, X IELT DIHRFE SREFBRIMDEM S, REITRDZEM
DPIRSIREN, RE/ -2 DOMZE#CLTVET, ST —EXERCHVTE. gFa VT~ (CH
TDIERDOBEDYD, RENEDK S (HHFESNTEHZHRBT DT EDEEMENINNDD, BHIANETS(TEX
LTWFET,

% Rules to Identify Known Fraud-based &&@
df = df. w1LhC0'L mﬂ( 1abe'l
F.when (
(
(df.oldbalanceOrg <= 56908) & (df.type == “TRANSFER™) & df.newbalanceDest <= 185)) |
— < —
(df.oldbalanceOrg > 563980) & (df.newbalanceOrig <= 12)) | 0101
(

i N (df.oldbalanceOrg > 56500) & (df.newbalanceOrig > 12) & (df.amount > 1160800)
Financial Data ), 1

)}.otherwise{8))

Rules to Tdentify Known Fraud-based @ &
df = df. w1tm‘.o'len( 'lahe'l

F.whe ;
(
(df.oldbalancedrg <= sea08) & (df.type == “TRansrer”) & [ |
H {
{df.oldbalanceOrg > 56900) & (df.newbalanceOrig <= 12)) | DIOI

(
(df.oldbalanceOrg > 562008) & (df.newbalanceOrig > 12) & (df.amount > 1160808)

Financial Data )y 1
).otherwise{@))

WA\ — >R T DIeDIC. £ RAA D ITF)\— MIREBEBMNMTOTHADITHBZIEEL T—ED
=V UET . D—0TJO— ([CERFIRAIDBFfIRESH T, FEDEMEICREITIEMHEFEEDHDIH
GBEHDFET, TR, T—IPA LT« ANIFIBARERT —FDBT B> TILZEEL. CNSDOEHF
& BEICE O TEBEFEOEMALESAZSRUT. FE - #mFEZ7)IL IV L0ty hEERUET., R
(C. T—=AIZTN. OIS — > AEBRETHEATILHIC, BREVTEUDIETILZLEN
B (ZHDIEDEE 0D E) ZHFDIL—ILy MCEBRUET ., NICIFES. SOLZFERALET,

31


https://pages.databricks.com/rs/094-YMS-629/images/financial-fraud-detection-decision-tree.html?_ga=2.261331150.2112692442.1591844546-225663068.1585060489
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COFTO—FICKD. SRMEREIE—HT —FRERA] (GDPR) (CHEHLUJZAIEER
B ZIFET DM RIRRT D ENTEET., UM L. CO7TO-FICHE
W DOEEEN'S D ET ., 9. /\— RIO—REenfaL—JLty MEERUEARE
RS AT ADEREISIFE(CHEIBTY ., RE/ Y- (CEEZENMZDE. BHICHE
BICEHBAMMN D TUE D). IRIEDOHIHZ TR I D TOBIRETADE(LIZIEL)
DWT, METBZENRETT,

Data Engineer

Data Analyst Data Scientist

ETB5IC. LRBDOTD—0T7O0-DS AT AFEL2MYrOt (i) sndcen

< RAAVIF =~ F=HIYAT2TA AN T=ITOZTTHET ZDI O TIE. Databricks Z5EA LT, RERKMDF—TLAT7—TdHD RAA
XAMEENTWET, T—FILOZ—FOEBRGEE. BRREDT —F=EIR STEZI— R, F—HAPHAI2FTA AN F=HAII=THEES L. IL—)L
U BAAZIFR/ = MOF =Y T2 7« A hOFRZEARELANLOI— K NR—ZDHNL— A4 — 2% Databricks TS5 w NI A — A OMHFEB 1 — X —
(CEMIDIETT, HBOTSY hIA—LDRBRVNES. RAAZTFR/)(—-hH RCEMIBHEEBNUET . BEANIICIE. AMERT -ty MBSES
ET—HHYAT T4 AN DRDEDHICE—DIYS U (CEET DY T S HMEEEERTIIL —ATD—I%FALT. MRS E TRERMNT—4)1
NI FT—HICFEDUNHDERA. CORDIBRTAOLESNERETIE, SASHEERL. UTILIA LTI —SEEEN - DT IHE. /=, SRELR
HEVOIZ1ZT =23 2HHU <D, OSRL =232 ORMEDBHDEF (433> - WU—) A Apache Spark MLIib 23 U CREZRN T B755% -
ER AUy s - BEERFUET. TDE. MLflow ZEA LU TETILDORENIE - R

ZiTUV\ BEZELESEXT.
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https://en.wikipedia.org/wiki/General_Data_Protection_Regulation
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HmFECLBdVYIU1—->3>

SRERTE, WM EETET)LOERICLERISEEN BN S 0 FET., TN,
BESNEARERT —AZIEHETERN TSV ORI YU1—-23>&
EZBNTNBEHTY, GDPREMEEAMAGICT —FU1 T ADEEHEER
FRZEF—RATETT . UL, WD DRI UEI1—XT—XTIE, #im
FRZEALU CARRICAEZIRANITDICET, ERUEE < DOMEZFRTETD
CENRESNTVET,

,—O The Databricks Lakehouse Platform

Financial Data

Data Engineering Data Analytics Machine Learning

& Integration With
S Data Sources

1 o - - R,
EBRCHER SNIEARETADSHNDRNZD, SRMAREEIRITD [3Ehd D%
WEBETIL] ZRL—Z209BEEREHETT . UH U, FEDRIETEZ
BT BEADIL—IL Y RDFTEF. BkSINLTY NERFBE0VEItTY NEE
BRI BDDICEIIBEET, Fle. CODHFDRAA > TFHR)\— VBT UTeigil/
S—>0t A, BUREARTOCRER CAERECERASINTWLBET T,
TNE FRESNBAREITSIZERT DDT. WHFEETILE NL—=07F
BIEODEFREUVTERITICENTEET . CNITKD. RD I DOEENE
BFCERSENZET .
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1. bL—Z>03N)LDRIN
2. {ERT DHFHEDRE
3. BEFILCSEULIZRFI—TDEHR

IL—=IIR—=ZADRIET SO =BT DR FZETILZE NL——209 3 &, BE
TEN U CRFERESNIE D EEEIER TEE T, ERMNNL—ILR—XD1&F/
A2 EBELTOWNE. COFPTO-FICKDT. REBLIECHRFEZHRAT
BCENDEREEBDCENTEET., £lz. COEFTILOHEDOEFEIRIIIES (CFE
BTz sh. TR\ — > E B U TR E DO F R SN DRFRN S FRMR A DEAR
BYR5ER (LRI DB LNEE A

HARFBET)LOBRIRDHE LWV EWSERR(E, PHIOBIRFEETILE U TRER
EFIINZERAIT D LTHRTEDINELNFERA. RERETILE—EDIL—IL
(CRO>ThL—Z2TENTVB . REKMEDHIRFEZBETILLDBENT
WET, RERETI/IZERITDIETSBDAVY ;- FHELTE EFIILDORK
PROBBEETY . COETIVEEANCAREOBRBAETOCRERLEIN. A
FDNAR, L= UEMED/\— RO—F 4 I ZAREICLET. EEBA.

EFIILOFERORIEBIZTIE, RADBECT DTHICRRDT7IVIT U LZFIA
I DO IR T IRENDDET . 77ILTUXAICHMFHAENTRFH IR L

RN BENRETIVERIRTESTRVNSTY . RIREIEERIFHER DI LT,

fRIREIRE CHIEEIREIR EST I LORBRMESNET .

WRFE 7 TO—FZHAIDIHRADAYY MI. FHIDET Y IEEDE(S.
TPRORENEZ 1 —IUESN. SN FHE. HDIVEETILIITOEY

NEB(CS—ALR(CEHN. ERFTTORMMMEGHEINDRTY . COEEIR

Databricks D& TS W R I A —LDBRBATES(ICHIRILLET, CDTSwY
NIA—ATIE. RAAZIFRIC—K T—HAPYAI2FTA AN T—HI>
T =5ty hEHE L. Notebook BIE CHEIEHE/EENTEET.
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T —5 DEDIAFH EIRFR

COFITIE. BT -ty hMEERULEY., -y MBS TO—-RIIIC
(&, KaggleMB5O—IILYS—2(CFT>2O0—RU. Azure Y2 AWSHERHTT —45%
A2R—=bULTLIZE0N,

PaySimT—4 (&, 7IUHDHBETEMINTZE/NAILIRZ—F—EZXDIFBHD
RO 5t Uiz, EEOEEIOY > TILICE DK E/N\AILIYR—E5E1Z>
Zal—323>ULiEEDTY, ROEKE. T—4Ftv MRETIBERERL TN
x99,

Column Name Description

step maps a unit of time in the real world. In this case 1 step is 1 hour of time. Total steps 744 (30 days simulation).
type CASH-IN, CASH-OUT, DEBIT, PAYMENT and TRANSFER.

amount amount of the transaction in local currency.

nameQrig customer who started the transaction

oldbalanceQOrg initial balance before the transaction

newbalanceOrig new balance after the transaction

nameDest customer who is the recipient of the transaction

oldbalanceDest  initial balance recipient before the transaction. Note that there is not information for customers that start with M (Merchants).
newbalanceDest new balance recipient after the transaction. Note that there is not information for customers that start with M (Merchants).

T — 5 DIRFR

DataFrames Z{ERk L9, Databricks 77 1JL> X5/ (DBFS) ([CTF—H%&TW
JO—RUEDT, Spark SOL Z{#> T DataFrames HiRERN DBEB(CIER TEE Y,

# Create df DataFrame which contains our simulated financial fraud
detection dataset

df = spark.sql(“select step, type, amount, nameOrig,
oldbalanceOrg, newbalanceOrig, nameDest, oldbalanceDest,
newbalanceDest from sim_fin_fraud_detection”)

< databricks
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DataFrame Z{ER U/ T. AF—ERAID 1000172 BT —I=HERLET,

# Review the schema of your data
df.printschema()

root

|-- step: integer (nullable = true)

|-- type: string (nullable = true)

|-- amount: double (nullable = true)

|-- nameorig: string (nullable = true)

|-- oldbalanceorg: double (nullable = true)
|-- newbalanceorig: double (nullable = true)
|-- nameDest: string (nullable = true)

|-- oldbalancebest: double (nullable = true)
|-- newbalancebDest: double (nullable = true)
step type amount nameOrig oldbalanceOrg newbalanceOrig nameDest oldbalanceDest
1 PAYMENT 9839.64 C1231006815 170136 160296.36 M1979787155 0
1 PAYMENT 1864.28 C1666544295 21249 18384.72 M2044282225 0
1 TRANSFER 181 C1305486145 181 0 C553264065 0
1 CASH_OUT 181 840083671 181 0 C38997010 21182
1 PAYMENT 11668.14 C2048537720 41554 20885.86 M1230701703 0
1 PAYMENT 7817.711 €90045638 53860 46042.29 M573487274 0
1 PAYMENT 7107.77 154088899 183195 176087.23 M408069119 0
1 PAYMENT 7861.64 €1912850431 176087.23 168225.59 MB33326333 0
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HY5| DIEHE

T—IEDMDPTVNLS(CREALT, T—IMHEXCEBIDEE LS. £ADE
SHFEICH I BEIGZHTHEILL D,

%sql
-- Organize by Type
select type, count(l) from financials group by type

1%

type

I TRANSFER

[ CASH_IN

I cAsH_ouT

Il PAYMENT
DEBIT

Ffe. CTTTHRD EFTWBT—HFDEEEN ED L SVHVEIBfRET BTz (C. B
DFEfEE, WEOFE(CEDWVET—4 (HBESIe%E) #H1E(LLLET.

%sql
select type, sum(amount) from financials group by type

< databricks
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TRANSFER CASH_IN CASH_OUT PAYMENT DEBIT

JL—=ILR—=ZDEFIL

EFILDRL—Z20%FBHC. BHFORESHOARRIRT -5ty bafE
RAY3CEBEEAESDERA. ZLDOERBNRT7TVT—232TE RXAA
> TFR)= MK THIZSNTZ—ED)L— )L TARIEIMRHN) Y — > 2585 UF
9. ZITlE ZOURIL—ILICED LS SNILEEIN BT 2R LET .

# Rules to Identify Known Fraud-based
df = df.withColumn("Tabel",
F.when(
(
(df.oldbalanceorg <= 56900) & (df.type ==
"TRANSFER") & (df.newbalanceDest <= 105)) | ( (df.oldbalanceorg > 56900)
& (df.newbalanceorig <= 12)) | ( (df.oldbalanceorg > 56900) &
(df.newbalanceorig > 12) & (df.amount > 1160000)
), 1
) .otherwise(0))
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IW=ILCEKD>TISTZITIET—IDEREAL

INSDIL—=IUE. ZL<DIFE. NEDDEDARIERT —RICT ST ZITET.
TSN TENEBIORZR/ELLTHDE IL—ILIE BEID 4% RIL
HWEAD N% ZAREE LTI ST ZI TS ENDNDFT,

%sql
select label, count(l) as ‘Transactions’, sun(amount) as ‘Total
Amount’ from financials_labeled group by Tlabel

Transactions Total Amount
4%
label
[ B
mo

< databricks

CDOERHIMMRENRS AT ATEERLIZEDTY

BT BESTILOER

Z<DBE. TSV IRYOANR T ITO—F TIEARERIMDA TEERA. £
RAA>THFR/)N— K. BBINRIETH D ERFESNICIBREIRERE T ZHEND
NFET, RIC. BENWMSNDIBE(E. SHVEEETIRRI DHVENDDEFT., &
DIA1—RT—ZADMIGIC(E. FRIRUDPTVETILODREAR (decisiontree) H'EiE
T9,
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- L] * L]
L] L]
Ll
. o e o
d2
30| 9 s ¥ e
L . * 'y Y ey
.
. L] . S0 A“
X, 201 = e N
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1.0 vd9" . :. d7 & s * & &
; b (3<04) (204) (%04)
b daje® 4% ¢ " e
% seds® $
.
0.0 0.5 1.0 15 2.0 @@ X,<0.9 X
% [+] L] [
(a) (b)

hL—Z=>Ttwv bDIERK

HARF B ET)LZBE LU TRIEI B(C(E. .randomsplit ZfE> T 80/20 &%
TOWET, CNICKD. STHASERESNET—5D80% ML —Z>THI(C,
DD 20% HFEROIREA (CHERESNE T,

# Split our dataset between training and test datasets
(train, test) = df.randomsplit([0.8, 0.2], seed=12345)
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A FEBETILDI\A T 51 > DI EF)LDEIEAE

EFIDFT =% EHmI DT, FI'. .Stringindexer ZEA L THFT T UL %= AT SA > DREAT - THIREARAET )L display) ZIFOHE T & &
BBECEHUET . RIS, EFILCTHEAIT DMEZETHA I CIRENDHDFT. J— RTERUCAREZSOYEOBEBEET L 2R RUET . INCTKD. 7ILT
REARETIVICIHR T, INSDOFHEDERFIRZST/\A TS > Z/FRk L. DX LPHERDOFACEDK D (CELELTzDONZIBE LY KIRDET,

SFERFRT—HTY NTINSOFIFERDBEBLSICLET. BT/ AT
Sk N —Z 07— 5 CBASE. HOBKTENEED TTANT —5%

R display(dt_model.stages[-1])
ZITDIOTIEFRLTLLIZEN,

from pyspark.ml import Pipeline é?””
from pyspark.ml.feature import StringIndexer
from pyspark.ml.feature import VectorAssembler . ==
from pyspark.ml.classification import DecisionTreeClassifier é.m: {;am!
# Encodes a string column of labels to a column of label indices A e s ety
indexer = StringIndexer(inputCol = “type”, outputCol = “typeIndexed”) o 7 i 1 e
Q @ [ ] . ]
# VectorAssembler is a transformer that combines a given 1ist of columns et e et
into a single vector column 1 e 1 Yotk o b
va = VectorAssembler(inputCols = [“typeIndexed”, “amount”, “oldbalanceorg”, @ @ ® G Q o
“newbalanceorig”, “oldbalanceDest”, “newbalanceDest”, “orgDiff”, A b s Lol o
<l Thwed ol Thwed ek Bl wcud
“destDiff”], outputCol = “features”) — R o —
L | 8 @ L ® g
# Using the DecisionTree classifier model ] s (L shilie=d
i Ml AT AR TRl ad [
dt = DecisionTreeClassifier(labelcol = “label”, featurescCol = “features”,
seed = 54321, maxDepth = 5) Q g Q@ o q Q Q G
# Create our pipeline stages REAETILOEENRIE

pipeline = Pipeline(stages=[indexer, va, dt])

# View the Decision Tree model (prior to Crossvalidator)
dt_model = pipeline.fit(train)

< databricks 5
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EFILDF1 -7

BEY Y —ETIVEHERT DI2HIC. BEDINSAID/I\UIT-23>ZBNTE
FIVEOOXREEILES, T —IN 6% DEDT —R E 4% DIEDT — A THERE
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DFHiiEREERLET .

from pyspark.ml.tuning import Crossvalidator, ParamGridBuilder
# Build the grid of different parameters

paramGrid = ParamGridBuilder() \

.addGrid(dt.maxbepth, [5, 10, 15]) \

.addGrid(dt.maxBins, [10, 20, 30]) \

.build(

# Build out the cross validation

crossval = Crossvalidator(estimator = dt,
estimatorParamMaps = paramGrid,
evaluator = evaluatorPr,
numFolds = 3)

# Build the cv pipeline
pipelinecv = Pipeline(stages=[indexer, va, crossval])

# Train the model using the pipeline, parameter grid, and

preceding BinaryClassificationEvaluator
cvModel_u = pipelinecv.fit(train)

< databricks
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T )LDHRE

EFI)ILESHMIT B(C(E. ML—=Z>Ptwv hEFR MY MOBEEXK - BIERK
(PR) & ROC HEfR FOOMETE (AUC) A RNJUOXZLEEUET ., PR & AUC (FFHICTH
ROBEWVWKDSTY,

# Build the best model (training and test datasets)
train_pred = cvModel_u.transform(train)
test_pred = cvModel_u.transform(test)

# Evaluate the model on training datasets
pr_train = evaluatorPR.evaluate(train_pred)
auc_train = evaluatorAuC.evaluate(train_pred)

# Evaluate the model on test datasets
pr_test = evaluatorPR.evaluate(test_pred)
auc_test = evaluatorAucC.evaluate(test_pred)

# Print out the PR and AUC values
print(“PR train:”, pr_train)
print(“AUC train:”, auc_train)
print(“PR test:”, pr_test)
print(“AUC test:”, auc_test)

# Output:

# PR train: 0.9537894984523128
# AUC train: 0.998647996459481
# PR test: 0.9539170535377599

# AUC test: 0.9984378183482442
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EFI/ILIERZE > THREUEBREEHER I D/28H(C. matplotlib & pandas Z1#H

LT EETINEREELELL S,

Confusion Matrix (Unbalanced Test)

Fraud 50717 58

No Fraud [ 2421 1219030

Fraud No Fraud
Predicted label

DSRADINSG A %ZED

COEFTIUEL FHRISNZTDIL—ILEDE 2,621 2 VWEHlE#EBI L TWD &

MOMDET, KDZOBENRAESHZRINT DI EFRVENE LN
WDT. CORBRICALTZNZFELE T DREHDEFEFA. LML, 7LV
AL K> TSN o Teh. BRISHBI SN TWZSFIN 58 4HDET ., &
CTHIEBIRATNDDE. FoFI—H>2TUIRERUTISADINS R
ZHD., FRZEESSICHEITDIIETT, DFED. ETOARESHIFRFL. AIE
TRWEHIES I T)ILUTEE—BSE. N\SOROENET -5ty hd
BETY. iLLWoT—5ty hERENLTDE. Yes E NoDEFIFHELTHD &

rombFELUE,

< databricks
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CDOERHIMMRENRS AT ATEERLIZEDTY

# Reset the DataFrames for no fraud ("dfn’) and fraud ( dfy’)
dfn train.filter(train.label == 0)
dfy train.filter(train.label == 1)

Calculate summary metrics
train.count()
dfy.count()

y/N

T Z %
o

# Create a more balanced training dataset
train_b = dfn.sample(False, p, seed = 92285).union(dfy)

# Print out metrics
print(“Total count: %s, Fraud cases count: %s, Proportion of fraud cases:

%s” % (N, y, p))
print(“Balanced training dataset count: %s” % train_b.count())

# Output:

# Total count: 5090394, Fraud cases count: 204865, Proportion of fraud
cases: 0.040245411258932016

# Balanced training dataset count: 401898

# Display our more balanced training dataset
display(train_b.groupBy(“Tabel”).count())

label
LB
mo
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< databricks
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# Re-run the same ML pipeline (including parameters grid)
crossval_b = Crossvalidator(estimator = dt,
estimatorParammaps = paramGrid,

evaluator = evaluatorAuc,

numrFolds = 3)

pipelinecv_b = Pipeline(stages=[indexer, va, crossval_b])

# Train the model using the pipeline, parameter grid, and
BinaryClassificationEvaluator using the "train_b  dataset
cvModel_b = pipelinecv_b.fit(train_b)

# Build the best model (balanced training and full test datasets)
train_pred_b = cvModel_b.transform(train_b)
test_pred_b = cvModel_b.transform(test)

# Evaluate the model on the balanced training datasets
pr_train_b = evaluatorPR.evaluate(train_pred_b)
auc_train_b = evaluatorAuC.evaluate(train_pred_b)

# Evaluate the model on full test datasets
pr_test_b = evaluatorPR.evaluate(test_pred_b)
auc_test_b = evaluatorAucC.evaluate(test_pred_b)

# Print out the PR and AUC values
print(“PR train:”, pr_train_b)
print(“AUC train:”, auc_train_b)
print(“PR test:”, pr_test_b)
print(“AUC test:”, auc_test_b)

Output:

PR train: 0.999629161563572
AUC train: 0.9998071389056655
PR test: 0.9904709171789063
AUC test: 0.9997903902204509

H H W H H
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MITOTSAICEBATIROERSRELVTRETHSDZEMMDELUEZ,
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AAR—DN—ZEEHHUIZD T ENTEET, WRFECRBFBDONZERE. HFRDTZHILX
SA REHDTHRI DT ENTESD. NS FRIEEPFT. BRAREE. HFREN D ARRIYEEDZRITA R ZIT
SEROMERME BN ZE LS BB CDDARS IR ZIREUETT .

42


https://databricks.com/notebooks/wsi-image-segmentation-transfer-pandasudf.html

eBook : H#HFE 1 - —RDEVI TV

F2A)L\VO>—0—070—-0ERZIHTD 3 DOLERE

ZLDONIVATTHERVSA THA TR BEGE. ATHEEZ RS REGRESAK(C
WAYT 3 EOBENREERRHUTCVWEITN. BEIXS RERNN\1ATS51>
DERE(IERAE L THEMTY . BRATDOWSI /(TS 2EF BIXNTTSHA
H—-XS54 ROBRIL—Tv hMEHENICAURBTERINERDERA. BFEN
F—HYA T REYR— NUEEEFT SFIVREFE D -0 JO0—-DEEZIHITS
IDDHEBFENRI TEF UL,

1. S—HDWMDRAHEIISZTUINATSAHEETEIRDS :
WSIBR(FIERE. IFECAEL BE. 151 RHIED 0.5~26B) . AR
BERERFHIBDNNE(CIRBIHEN BN ET.

2. FEBFBET S/ MREDEIRICA -\ SE3IBEOME :
HEOWSI ZEALEFREOY A XDT -9ty NTREFBETI/ILZF
BIBICE 12D/ — RTHANSEBEBNNBIZENHDET. CDKDS
IMFEEE (. KRRIAT -5y MTORRQRERZIHITEY . #HD
J—RICFNBREFBDD—oO— RZWINET D ETLAT>S%
WS ZENTEFIN, CNEBELBEIMTH D, HENREYFHT—
FYALT2T A4 AMDFDENINECSICHDET,

3. WSIDD—2oJO—0BERMEDHER :
BET—HICEDVWEHERERZEIHICE. BREBIRTEZEN
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D—0J0—%=RBHIDS5ECDODNTHILET . A5 REDERBDIESZIFE
FTREFREIA ST —2a>EFIVE N —Z20 BT IO (CEAEYT
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import m1flow.pyfunc
class AutoResNet1l50(m1flow.pyfunc.Pythonmodel):

def predict_from_picture(self, img_df):
import cv2 as cv

import numpy as np

import base64

# decoding of base64 encoded image used for transport over http

img = np.frombuffer(base64.b64decode(img_df[0][0]), dtype=np. uint8)

img_res = cv.resize(cv.imdecode(img, flags=1), (224, 224),
cv.IMREAD_UNCHANGED)

rgb_img = np.expand_dims(img_res, 0)

preds = self.keras_model.predict(rgb_img)
prob = np.max(preds)

class_id = np.argmax(preds)
return {“label”: self.class_names[class_id][0][0], “prob”:
“{:.4}” .format(prob)}

def Tload_context(self, context):
import scipy.io

import numpy as np

import h5py

import keras

import cloudpickle

from keras.models import Toad_model

self.results = []

with open(context.artifacts[“cars_meta”], “rb”) as file:
# load the car classes file
cars_meta = scipy.io.loadmat(file)
self.class_names = cars_meta[‘class_names’]
self.class_names = np.transpose(self.class_names)

< databricks

CDOERHIMMRENRS AT ATEERLIZEDTY

with open(context.artifacts[“scale_layer”], “rb”) as file:
self.scale_layer = cloudpickle.load(file)

with open(context.artifacts[“keras_model”], “rb”) as file:
f = hSpy.File(file.name,’r’)
self.keras_model = Toad_model(f, custom_objects={“Scale”:
self.scale_Tlayer})

def predict(self, context, model_input):
return self.predict_from_picture(model_input)

IRDAT Y T TlE. ZD py_model Z{FF L T Azure Container Instances H—/\{—(C
F7O4UFEIH. NI MLflow D Azure MLIEE(C K> TRIRTEET,
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https://azure.microsoft.com/en-us/services/container-instances/
https://www.mlflow.org/docs/latest/python_api/mlflow.azureml.html
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/Shared/Car Classification/03 - Keras Resnet150 for Image Classification

Experiment ID: 552504588436652 Artifact Location : dbfs:/databricks/mliflow/552504588436652

v Notes [
None
Search Runs: @ State: Active v Search Clear
Showing 1 matching run Delete Download CSV &, = | B8 3 Columns
Parameters Metrics
Date RunName | User  Source Version baseline epochs learning_rai acc loss
@ 202( - he. B 03 - Keras Resnet - None 13 0.001 0.98 0.094 0.001

Azure A>T F A 2 XF > A TOBIRIEEEST ILDERH

CNETIC, JIESNZMWFEZESTILATE, 5T REDMLlowTDO—2TX
NR=ZACEFTIEZERUEURE. BEDATYIELT, COEFTILZ WebB—E
Z2EUTAzure AT FA ARG E(CTTIOA UIEVWEBWET,

JTTH—EBEREAA—ZTHD., COBEEDocker A A—TY, XAT7UYT
OV o EETILBGRZATZIUELTWET . COT—XTIE. 73X s MLflow
EFIIERREFERAUTCVET, CNICLKD. XaA7UJ0O02Y I REST IS4

T2 MWBEDTTAA—ZHEEDKDSICERDIADH. ZUTLARIZANEDKS

[CHAESN D EFIHT D ZENTEET,

< databricks

CDOERHIMMRENRS AT ATEERLIZEDTY

# Build an Azure ML Container Image for an MLflow model
azure_image, azure_model = m1flow.azureml.build_image(
model_uri="{}/py_model”
.format(resnetl50_Tlatest_run.info.
artifact_uri),
image_name="car-resnetl150”,
model_name="car-resnetl50”,
workspace=ws,
synchronous=True)

webservice_deployment_config =Aciwebservice.deploy_configuration()

# defining the container specs
aci_config = Aciwebservice.deploy_configuration(cpu_cores=3.0,
memory_gb=12.0)

webservice = Webservice.deploy_from_image(
image=azure_image,
workspace=ws,
name="car-resnet150”,
deployment_config=aci_config,
overwrite=True)

webservice.wait_for_deployment()

A>T FAREIRIE. D—070—-%FANUTIERT DD(CRERY Y 1—
2 3>TY., RT—STILRABEBEADT O (C(E. Azure Kubernetes Service
DEAZERT LU TLIZEV,. TTOACFECDVNTEHELL I Microsoft D&

[ Deploy machine learning models to Azure | ZZ8B UL TZE0N,
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https://docs.microsoft.com/en-us/azure/machine-learning/how-to-deploy-and-where
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CNN BRI 3EZ 168D

CDiREL/—RTlF IVRY-IROIT—0TJO-—Z20%KEL.
Azure EDARBETZ1—SILRy ND—0%Z257 TOA S IRICERTDERT I
O%RUTWVWET, U T5ED Notebook DIEZE T, Keras. Databricks Koalas
MLflow. Azure ML7REDY —)LZERAL T, MBED Azure Databricks IRIBERTI N
ZERR T BDIeDICHBIRFIEZ R LU TLET,

< databricks

CDOERHIMMRENRS AT ATEERLIZEDTY

HEERITUY—X
J—KJvo:

» Load Stanford Cars data set into HDF5 files
(Stanford Cars M5 —4 12w % HDOF5 J 7 1 )LIC R H+AFH)

 Use Koalas forimage augmentation (Koalas Z{&EFE U= EHSILAR)

* Trainthe CNN with Keras (Keras [C&®d CNND KL—=>7%)

* Deploy model as REST service to Azure ML
(EF)LERESTH—EXEUT Azure ML ICT O 9 3)

BE|

» Al Car Classification With Deep Convolutional Neural Networks on Databricks
(Databricks LDFEBEMHAF_—1—TILRY NTJ—OZFBVZAlICKDE
Oy )|

GITHUB :
e EvanEames|Cars
A1 RER :

* A Convolutional Neural Network Implementation for Car Classification
(BOBEDIZODEHFHAHF—_1—SI)LRY ND—UDERH)

PDF 27 :

» Convolutional Neural Network Implementation on Databricks
(Databricks L COEMHAHF_—1—TILHRY NT—IDER)
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https://github.com/databricks/koalas
https://mlflow.org/
https://azure.microsoft.com/en-us/services/machine-learning/
https://azure.microsoft.com/en-us/services/databricks/
https://databricks.com/notebooks/cnn-car-class/load-images-in-hdf5.html
https://databricks.com/notebooks/cnn-car-class/koalas-augmentation.html
https://databricks.com/notebooks/cnn-car-class/keras-resnet150-for-image-classification.html
https://databricks.com/notebooks/cnn-car-class/azure-ml-deployment.html
https://www.youtube.com/watch?v=mxEqcIbPqPs
https://www.youtube.com/watch?v=mxEqcIbPqPs
https://github.com/EvanEames/Cars
https://www.slideshare.net/jonbros/deep-learning-with-databricks
https://github.com/EvanEames/Cars/blob/master/CNN_howto.pdf
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F8E

KIURIR IR ZERS — 5 DI & DR

e diE=IN
Nima Razavi
Michael Johns

20194F12H5H

EDEA : HIBZERFIER - AT (CKD
Ry F KERR. BHE - A2FUDTS
R, A2TFBE BEEF-ERRE $<
DRFTERSNTLET.

< databricks

CDOERHIMMRENRS AT ATEERLIZEDTY

HEDT D /O —DEEEREICKD. UTPILE A ATIERSHIBZER)IER - AT —52ERLIEHEH
SEHELTVET . BHRD/\> RAJL RF/UA R0 0T #88. Mz, A\THZECHEHINHETOVE-
b2 22 0T35y hTA—LD5. 1BHZDHEBEITIY) o MIROIBZERER - AT —IhEREN
TWET ., COKXSRMIBERE Y JF—SDILK(C, ITFEOHRFEDERNIIND, ERTEINZER
UTeHEm Y — EXADRFENMES SN TNET .

FRAUD AND ABUSE RETAIL FINANCIAL SERVICES HEALTH CARE
= I s s e i T —_
| :..-\ 3 = . - )
. x 5 Ses % J £50 ° o
w _;‘_G___,):f-‘--f r® B == % :
» N AN ary Zodts : voia et
- S ¥4 - .
{ . S— . - PR 4, 1L .
Detect patterns of fraud and Site selection, urban planning, Economic distribution, loan risk Identifying disease epicenters,
collusion (e.g., claims fraud, foot traffic analysis analysis, predicting sales at environmental impacton
credit card fraud) retail, investments health, planning care

DEFENSE AND INTEL INFRASTRUCTURE ENERGY

Flood surveys, earthquake Reconnaissance, threat Transportation planning, Climate change analysis, energy
mapping, response planning detection, damage assessment agriculture management, assetinspection, oil discovery
housing development

BECH T DMIBERIBFR - AT —HDFERAKRLH LT, FO—2ZFALETY ETPRARLRE
DY—EXRENH0DFET., (BF: [A2FTUSIPMNISOREAZTUSIRIVEORRE] ) . it
BT Y OERATRRBERZERIT TVDEIIDDELESE. BENEHRETY. X5— 7y IRECHX.
PFTEESERT U —NS5EERTTHFANMEREEALKEDHIEZEM ST —FWZER 1 > 5 v I XZIR
£LU. REROBMEBELRMOFEFICROLELTVET (BF: [T=FTUVIRX. Weo DEEUFAFT—
HATIASRTLIELEZE] ) o INTEEDTEEE TS, HIBERER - AT —YDEAMNMERZNTUL
FT. HMTEORBEZNNIT D LT, FREHOIIMBABEDITIIC L DEHETBEOMEICENT ZENT
ETFY (BF: [HMIEREBERT Iy COEE] ) . COLSCELOERTERZHEFEINTL\DIH
IR - AT - TIN. REBFELEI.

56


https://databricks.com/jp/session/azure-databricks
https://databricks.com/jp/company/newsroom/press-releases/databricks-fuels-wejos-ambition-to-create-a-mobility-data-ecosystem
https://databricks.com/jp/blog/2019/08/25/building-foot-traffic-insights-dataset.html
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ARURIIHIBZE B IRDDIT(CH 1T DERE

F—DRAL. AN —Z2TBLN\NYF 7TV -3 >R -0 TT,
BT —ADRE S, EEA TV IRAREDT TV -3 > B ET S
SLA (CW U T, ERDRA ML —AUIES X7 ADEES TIEKRIIFTETEIRVVRR
[CIRDTVWEY, BT —HIE. 7—F2. &E. AML—20OX b XAF—TA
> b (Schemaon Write) DEAEIRERREDEM(CKD. TIHEFE. BEEAM
[CRT=ILUTEBIFEDS AT —IR=INS, T—HFLAINERHUTNET,
HIIRZEREIR - AT —F(CIRE T DREEHDEDD., KFETEMBRCNSD
F—=aty hEF I N — AOBRICERT B Iz DBt 7 —F+72
FraFOTVWDRIT—XRIFEFEAEDDFEA. 5IC. BERI—RT—XTIE
ABERT - =B LT DIHBENE L. AIFEDTOS T U hDAEE. /o
0w MR SAERADBITICRBUTWET,

EZOREL, HIBZEMT S (CHITDT—IRROERIETT ., COHTEDRH
(S FROKDICHHOMIBERFAN. AUEBHRZIETET I TRNT -5V —
ANMENZNUTHHEUTDIREE CTHRRE SN TS D, BMSZIELTVET,

< databricks
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+ GeoJSON, KML. Shapefile, WKTIREDRT ML (RO5—) FT—5H
+ ESRIGrid. GeoTIFF. JPEG2000. NITF I2EDS XA —F—4SH
« AIST2GPS F/\A XA CHERAINBIMES R T LEE

- JDBC/ODBC #&##t%Z 7T L C. PostgreSQL./PostCGIS & U CFIAT & DHIRIFER
F—HIN—=2

* Hyperspectral, Multispectral. Lidar. Radar 75w hJA—ATOHOUE— Itz
H—-ER

< WCS. WFS. WMS, WMTS7X&ED 0GC Web 123
- (IEFERYIMINZOY, BE, gE, V- vILAT 1T
- fAISHhDAIEZ RS FFBEILT—4
ARFEETIE, AFNRRMIRZERYIEIR - 7 —F DD PR (CEET IO —-X

E—3 & LT, Databricks DItET —I DTS I A —LZfERLT. Lo 2

DOFEREEMRT D—MIR7 TO—FOMEBZRFHRLUET.

57


https://en.wikipedia.org/wiki/GIS_file_formats
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IR D —oO0— RORT—U> D

F—ATUY O, HROOBTFHOBERC. EvIT -9 HmFEA
DHET —IDH TSy FIA— L (UDAP) ZIBHEELTULVET ., UDAP (£, Apache
Spark™. Delta Lake. MLflow MS#BRESNTH D, [LEIRY— R/\—F TR
FLARSATSYUEHESNTULET, Databricks theT —I 9IS Y b TJA—
ALlF. EEAD—IO-RIC. IAA-—TSAXO0ZRADOEF1UF74. BR— K
S8, MREEARRCIRHIZV I 1—>3>TY, HMIBERER - AT —5
NR=RDT—T0O— RIFEH T, 2TCHOIL—AT—R=ZEEDSATSUTES
JN\—TE7/2\/z8b, Apache Spark THHIEZRI DT —4 B (FEFE(C(HIRE=NTLY
FtA. U A—T2V—-RAOAZT 27 PEPECBNT, EHFT 5=
SSATSTUDHRENMEDSNTH D, TORER, L<ORRBEMNMFIBETEILDS
(CIRDTLET,

ZERFEA PRI BIRRG EDMIBZERT — FRIEIC DV TRT— U2 I ZITIHE
(C(E. —MERIC 3 DDFFEN B DEFT,

< databricks

CDOERHIMMRENRS AT ATEERLIZEDTY

. Apache Spark DIIRZER(ER - AT —SF DD EIRT DERAS1TSU

ZAFEF9 3 : Databricks D1—H—MMERITZS1TSUELTIE.
GeoSpark. GeoMesa. GeoTrellis. Rasterframes /dENZEIFBSNET ., BE.
CNSDTL—LADT—ITIFEREBD/\1A > F« IOMREENTE D,
RSN TORWNEEICHAR TR —U >IP0I TA - AB[EELT
WET, IZi2U. BRAITIETICZADDEBEANNDET,

. FROESIBEIIIIV —RSA4TS V%I —EHME (UDF) ZE>

THEES W E>Z U, SparkDataFrame ZfEA U THEIRE TUIET S :
GeoPandas
Geospatial Data Abstraction Library (GDAL)

Java Topology Service(JTS)

ZO77O—-FFO— ROENMPEENFEAERET. BiFOT—o0—
REXT—U2TFBEEICHREMETY . £ZL. YT R RIT B
123 NITA - ADETERIAFRINERDEREA.

. OVY REAFLZFERULTT 971> TV IRMEL. Eleniz1>

TV OREFER U THIBZERIER - SAFT—IN—AZIEETSD : TNIIIE
BICARBERD—00—- ROV E1—FT0 20UV —-XICHEING 2T —
00— RERSRIC—RRMNIRT7TO—FTI . U RS XFLADBIC(E,
S2. GeoHex. Uber D H3IXENEITENET, JUw RS XFATIE, HIE
toREgE., A—oRUIT> (ZEFE) PRA> b (R) OfFEHEICEK
BINYRAE (JUwR) (SR> AMMETRIALET ., €59 ET, g
EHFT—HFZZTDEFWET D ECLDERDIERZE T, KDZEMR
AT —USO=RNFET, BEANKRERELUTIE. JUw ROEEZ 1DIC
BEIDCET. BTORERTEHFELU TN T AN REEBRT DHE
s EBROT )Y REBEZEAL TN\ ITA - ADKTZHFEI /00
[CHEEEME I D HENSDET,
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https://databricks.com/jp/glossary/big-data-analytics
https://databricks.com/jp/product/data-lakehouse
https://sedona.apache.org/
https://github.com/locationtech/geomesa
https://geotrellis.io/
https://rasterframes.io/
https://geopandas.org/en/stable/
https://gdal.org/
https://github.com/locationtech/jts
https://s2geometry.io/
https://eng.uber.com/h3/
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UFoplE, —a—I—0mDFIS—DERDEDICDNWTEEDHSNTET—F
v T, Ffe. Z21—T UMD TE—XiEDFT—5%, RUT TERS
NB3ZAARNIEUTERAULTWET, Z21—IJ—TMHD 5 DDITHX & EDiafH
XIGH I ERTI . 7t CSV T 71 )L% Delta Lake T— TILICEHE T BIzsbD#Efw &
D)= DFIECDNTIE. ZBESD Notebook ZEBB L TLIZE0), Delta
Lake T—TJILICEMMT B ET. KADEHTHERIKI/A DT —HFYV—RERDE
ER

NR—2 & 72D DataFramelZ. Delta Lake =—JJLH'S Databricks ZfEE L TiHdnA
AIED DS —DEET - TY,

%scala

val dfRaw =
spark.read.format("delta").load("/m1/blogs/geospatial/delta/nyc-
green")

display(dfraw) // showing first 10 columns

vendor_id | pickup_datetime = dropoff_datetime ~ store_and_forward ~ rate_code_id ~ | pickup_longitude ~  pickup_latitude ~ dropoff_longitude ~ dropoff_latitude | passener_count
2 2017-09-30 2017-09-30 23:57:43 N 1 82 7 2 189 9
23:48:04
2017-09-
23:50:24
2 2017-09-30
23:28:29

2017-09-30 23:37:20 N 1 @ 159 1 228 9

2 2017-09-30
23:46:44

2017-09-30 23:54:59 N 1 42 @ 1 1.09 7

{5 : Databricks ZF|F L T Delta Lake =— JILH SindHAATEMIEEZER T — 4

< databricks
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Apache Spark DHIRZER S+ TS UZRER UTc7— - IR(E

C THEE T, Apache Spark OHIIBZERIIBIRODITHERE X HLER I DEHDS 1 TS
MHREENTVET, I—F—F&RZE (UDT) P1—H—F&HMBE (UDF) ZE5I
([CEER U CHMBZEMZT — 2 ([CEAAEEIC T DICE. TDEE. EHMFT—5Z0IET
dlzbDO>Y OZABTDIRENDDET. INSDOTL—LAD—D%FEHAIN
(FMERI DU ZE S DIRE(FAIE L. BIEZEB CETET., B, RSB THERD
ERT—F I —LT—DOZFRALUTVEITN. TNSESETIFTRMEECDNT
BRI D EZERE U GERSNIZEDTI . Databricks TZEET—o0O— K%z
SRS BIRIC(E. ERUSNDTL—ADT—IOREL TWDIHEEEHDET,

RIS, R=ZAF—HF EUTHHRMAATE DataFrame =, #BE - FEBMECEDVTR
A BRSAANIICERUE T, DEERIE CTDEITDIZH(C UDF ZERALET, 5%
U FARFEEFXRE(CH D Notebook ZEIB LT IZEW. TL—LAD—DTDISR
SADIENN. UDF/UDT ZEIR T DI DHERLIFUE LD EZE S L TULET,
FIRHIC, NT NLFT—FDUIR (L UTe T L — LD —7J GeoMesa &I SR
BIIUEURE. T—4DEDIAFEEIC JTS & Spark SOL ZFHEE L TITWLWET ., &
S3FBIET, BIFRBEHDITS AR NI DTS IANDEBEE KOFIBENBER TR0
FI. RABISAARNIAT ST ME. st_makePoint BIENICIERE - BEZEL
TR UET . CNIFUDFBEET. 7 —FA(CEHEBATEEY,

%scala val df = dfRaw

.withcolumn("pickup_point", st_makePoint(col("pickup_Tongitude"),
col("pickup_Tlatitude")))

.withcolumn("dropoff_point",
st_makePoint(col("dropoff_longitude"),col("dropoff_latitude™)))
display(df.select("dropoff_point","dropoff_datetime"))

59


https://www1.nyc.gov/site/tlc/about/tlc-trip-record-data.page
https://data.cityofnewyork.us/Transportation/NYC-Taxi-Zones/d3c5-ddgc
https://databricks.com/notebooks/prep-nyc-taxi-geospatial-data.html
https://docs.databricks.com/delta/index.html
https://docs.databricks.com/libraries/index.html
https://spark.apache.org/docs/latest/sql-programming-guide.html
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POINT (-73.98411560058594 40.695980072021484) 2016-04-01 00:05:53

POINT (-73.8504409790039 40.724143981933594) 2016-04-01 00:05:55

i : UDF Z{#F U CHBURIE T DataFrame Z3 (L. HMIBZRT -5 DIEE - REREEZ

A2 RSAA R CEBRT D,

DEIREBET COEMIEEHBEEETT ., > TILTIE. GeoMesaigfftd st_contains

UDF ZfEAR LT, FEMK(CHITDERU TS DEEEREEMR L TNET,

%scala

val joinedDF = wktDF.join(df, st_contains($”the_geom”, $”pickup_

point”)

display(joinedDF.select(“zone”,”borough”,”pickup_point”,”pickup_

datetime”))

Fort Greene Brooklyn
Crown Heights North Brooklyn
Brooklyn Heights Brooklyn
Brooklyn Heights Brooklyn
Williamsburg (South Side) Brooklyn
East Harlem North Manhattan
Steinway Queens
Morningside Heights Manhattan

POINT (-73.98096466064453 40.689029693603516)
POINT (-73.95674896240234 40.67413330078125)
POINT (-73.9929428100586 40.69749069213867)
POINT (-73.99117279052734 40.6959114074707)
POINT (-73.96204376220703 40.70991516113281

)
POINT (-73.93933868408203 40.80525207519531)
POINT (-73.9175796508789 40.769954681396484)

)

POINT (-73.96385192871084 40.80808639526367]

5 : GeoMesa H'if#t9 B st_contains UDF ZfER L.
EvoT7vIRA > NMIHTIRRUT > DEESHEEETERK

< databricks

2016-06-09 10:35:08
2016-06-09 10:42:15
2016-06-09 10:47:38
2016-06-09 10:46:09
2016-06-09 10:06:12
2016-06-09 10:58:19
2016-06-09 10:45:41

2016-06-09 10:36:34

CDOERHIMMRENRS AT ATEERLIZEDTY

SO —RSATSURUDF TSV ITD

DataFrame (DIRZERHI S —FREZ DEIRIR TITD (CIE, EROEMIL —LT—
DEESTZAECINZ., BFEDS IV —RSATSUZZOEE UDF TSV E
SOGBBEEEHDET. DAL Scala. Java. Python. R. SQL7X&E. Spark
DETCHEBB/NA>2FT 4 2IJTHRETEFY, BiFOD—oI0— Razs/Rod1—
REBCHERATEIRBEEHR 7 IO—F T, CDS>2JIL)— RTOHEEZEE
T93ICF FI 1 —I—IUMDITBRROFT —FZFHEMHAF. RA> b1 >R
> AR1E%Z1TD find_borough(...) UDFZTEZER LE 9. JR(C geopandas Z{EF L T GPS
MEBEHRETRXCEIDETE T, H. COURENRT N UESNIZUDF TEE
TRIEECT Y, N DA —NXANKDEEUET,

%python

# read the boroughs polygons with geopandas

gdf =
gdp.read_file(*“/dbfs/m1/blogs/geospatial/nyc_boroughs.geojson”)

b_gdf = sc.broadcast(gdf) # broadcast the geopandas dataframe to
all nodes of the cluster
def find_borough(latitude,longitude):

mgdf = b_gdf.value.apply(lambda x: x[“boro_name”] if
x[“geometry”].intersects(Point(longitude, Tatitude))

idx = mgdf.first_valid_index()

return mgdf.loc[idx] if idx is not None else None

find_borough_udf = udf(find_borough, stringType())
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https://en.wikipedia.org/wiki/Point_in_polygon
https://docs.databricks.com/spark/latest/spark-sql/udf-python-pandas.html#pandas-user-defined-functions
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ZMNT. UDF &i#A L T Spark DataFrame (CT—AFEBINTEDLD(CRDEL
feo BEERA D MATHREGHEIDHTESNET,

%python

# read the coordinates from delta

df = spark.read.format(“delta”).load(“/m1/blogs/geospatial/delta/

nyc-green”)

df_with_boroughs = df.withcolumn(“pickup_borough”, find_borough_

udf(col (“pickup_Tatitude”),col(pickup_Tongitude)))

display(df_with_boroughs.select(
“pickup_datetime”,”pickup_latitude”,”pickup_longitude”,”pickup_

borough”))

2016-04-01 00:06:39 40.718135833740234 -73.95951080322266 Manhattan
2016-04-01 00:06:28 40.86066818237305 -73.88964080810547 Manhattan
2016-04-01 00:07:25 40.73863983154297 -73.88591766357422 Manhattan
2016-04-01 00:09:44 40.69947814941406 -73.92366790771484 Manhattan
2016-04-01 00:16:02 40.691192626953125 -73.9872055053711 Mannhattan
2016-04-01 00:14:52 40.761085510253906 -73.92341613769531 Manhattan
2016-04-01 00:11:00 40.686092376708984 -73.97399139404297 Manhattan
2016-04-01 00:17:17 40.79181671142578 -73.944580078125 Manhattan

5. 2>V — REFEARUEBEDH]. Geopandas [C&kD T GPS B (E#R%E
Za -3 IMTRERCEIDHT TS,

< databricks

CDOERHIMMRENRS AT ATEERLIZEDTY

v REXFIACKBZERA > T v I RER

HIBZERFIEIR - AT —IR—ADIEEF. TDHEL, 2<OI>E1-Fa>
TV —RZRBEUET, RA M RUITY ., ERES. ROERR. IL—
RDORFwESTRE, WITNEBEMIMEETT., JUw RIIFAICKDZEMA
TV OZEE. CORDIIMIBEMIBEZ TETIRITEIDCEZBNELTN
9, COEIRTIO—FZHEAT DI ET. EEFONENRAT—U> 0%
FIRUDD., IALUEZRDDIREICRUTESZRI D EEHEEICIRANET, T
(&, H3DFERY > TILERTHELL D,

H3 TOZERHREDR T — 1> (d. BERNIC 2 DOFIEICOITBNES ., RIDF
NET. R > MR DS THEM SN D HIBAIFHC DT, H3A>FT v OR %St
BUFEY, HIBA4FEISL geoToHI(...)UDF TEELTWET, 2 DEHDFIET. H3
A>TV ORZED THIBZTEMIEE R > b2 /RUTY. ERES. KAEER
FRE) BITWET, SEIDOY>T)LTIE. multiPolygonToH3(...) UDF TE&E L TWL)
ESE
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https://en.wikipedia.org/wiki/Grid_(spatial_index)
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%scala
import com.uber.h3core.H3Core
import com.uber.h3core.util.GeoCoord
import scala.collection.JavaConversions._
import scala.collection.JavaConverters._
object H3 extends Serializable {

val instance = H3Core.newInstance()

val geoToH3 = udf{ (latitude: Double, longitude: Double,
resolution: Int) =>
H3.instance.geoToH3(latitude, longitude, resolution)

val polygonToH3 = udf{ (geometry: Geometry, resolution: Int) =>
var points: List[GeoCoord] = List()
var holes: List[java.util.List[GeoCoord]] = List()
if (geometry.getGeometryType == “Polygon”) {
points = List(
geometry
.getCoordinates()
.toList
.map(coord => new GeoCoord(coord.y, coord.x)): _*)
}

H3.instance.polyfill(points, holes.asJava, resolution).toList

< databricks

CDOERHIMMRENRS AT ATEERLIZEDTY

val multiPolygonToH3 = udf{ (geometry: Geometry, resolution: Int)

=>
var points: List[GeoCoord] = List(Q)
var holes: List[java.util.List[GeoCoord]] = List()
if (geometry.getGeometryType == “MultiPolygon”) {
val numGeometries = geometry.getNumGeometries()
if (numGeometries > 0) {
points = List(
geometry
.getGeometryN(0)
.getCoordinates()
.toList

.map(coord => new GeoCoord(coord.y, coord.x)): _*)

3
if (numGeometries > 1) {
holes = (1 to (numGeometries - 1)).toList.map(n => {
List(
geometry
.getGeometryN(n)
.getcCoordinates()
.toList
.map(coord => new GeocCoord(coord.y, coord.x)):
= e
asJava

D)

}

H3.instance.polyfill(points, holes.asJava, resolution).toList
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ZCZT. LERD2DOUDF EZ1—I—IHDIIS—DFT—F(CERALET., = %scala
=, FREAERIRUTCHEEAL. H3IA TV IR EERLUET, val dfwithBoroughH3 = dfH3.join(wktDFH3,”h3index”)

display(df_with_borough_h3.select(“zone”,”borough”,”pickup_

%scala point”,”pickup_datetime”,”h3index™))
val res = 7 //the resolution of the H3 index, 1.2km

val dfH3 = df.withColumn(

“paa »
h3index”,
4 0|
TN - I T 0 ”

geoToH3(col(“pickup_Tlatitude”), col(“pickup_Tongitude”),
Tit(res)) Morningside Heights Manhattan  POINT (-73.952064768271484 40.80758285522461)  2016-06-09 10:14:34 613229523000885247
) Central Harlem Manhattan  POINT (-73.94908905029297 40.80293655395508)  2016-06-09 10:04:08 §13220523028148223
Brooklyn Heights Brookiyn  POINT (-73.99422454833984 40.69488525390625)  2016-06-09 10:52:24 613229551411003391
val wktDFH3 = wktDF Van Nest/Morris Park Bronx POINT (-73.84475708007812 40.847774506615234) 2016-06-09 10:23:52 613229520937287679
. s » . “« ” Astoria Queens POINT (-73.91396331768711 40.76524353027344)  2016-06-00 10:25:38  613229524726841343

.withcolumn(“h3index”, multiPolygonToH3(col(“the_geom”),
Morningside Heights Manhattan  POINT (-73.95944213867188 40.80912399291992)  2016-06-09 10:42:56 613229523000886247
Tit(res))) Park Slope Brooklyn  POINT (-73.98164367675781 40.66694641113281)  2016-06-09 10:29:28 §13220552660905983
.withcolumn(*h3index”, explode($”h3index”)) Park Slope Brooklyn  POINT (-73.97588348388672 40.67307689819336)  2016-06-09 10:53:01 613229552669294501

5l . $BRE - BERA > MEARUIT DDA X MU DZEREE %R UTE DataFrame 7— b,

e=te=d [ — < ~ = I} . — = .
BECREEZRINAS METREORIIVICRKDZARA NIZIBET D & DT Il (R - LI,

h3index 7« —J)L REFEEGZME UL ZRIEENEITTEDRILDICAADET, ZDK
SICERZIBEITDCET, BRUIT > DEERNICEENDNRA > bOBZEEST
BDITEREMTZAFET ., BREE. HTFHSHEEHORUT > EBEURITNERS
RUIRA > MEIEERMSEHESD D, CNICERT—ZTILR7T7O—-FIHnE
EEINFET., COTOJTERD EIFELBAN. IRLUHEDIIEN+D TRUVNEE(C
HIRZERIRIEE ST I DIHC. A>TV IREFRIIFEREEHDET,

< databricks -
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C T AU —DBEMNEZREAUZERZRUET, BEERECKDXSD
DfEEZ 7 (DR 1.22km) [IBEL. BEXDTESINEHRICEDWTEDITLT
WE9,

Bl O —DEEMROMIBRNEIRIEDE]. F0> —DOREUEICEY SBEmERRE{L Uz
B, B - BEICEIBRDDODAEEZ 7 (BR1.22km) [CEEL. FRDDOEHRICEDNT
BRATLTVS.

< databricks

CDOERHIMMRENRS AT ATEERLIZEDTY

Databricks (C KD ZE/FT — A A2 DYULIE

HIRZERYIEIR - AT —F(F BERER EHIK E YIRS EEZ RS
SERE. BEICK > TRASNIHFHH SEBRENET. TNSEZREIDII7
A IVER(C(FERDIEEN S D FIN. S TEREFHRNRNT ML (RTH—)
KSR - EED EIFT. Databricks TDHFAHEDIREICDVWTRUEY,

RO NLF—4

RO NILFT—=FEE XEE (BE) &YEEZE (BE) THIBERMERIRULZBD
TY, BcZBRIDIEEICIE. Z2BZE (S XA— NLEf) BEAENET.
BEANRAT ST O MOBACIE. RA2h (8R) . 50> (185 « RUT>
(ZAE) oD, T—18HEDRZIL & LT Well-known-text (WKT)., GeoJSON,
Shapefile NK<FEAETNFET . LUETITD I DOERICDOVNWTHEHRUET .

WKT ER TRESNESAA NI RFERLT. Z21—3—0MmDIIS—DF7—4
ZEFHRMHAHFET . COTOTATHERSNTUNDMD API POF —5 Y — X A
IRERMZ D26, T—FHEE(C (X DataFrame ZFEAULEY, WKTOFTFI MO
F W d the_geom T =)L RICEFNTHD. st_geomFromWKT(...) UDF ZIF
FET, WIETDITSOZAA NI OSRAICEBICERMTEET,

%scala

val wktDFText = sqlContext.read.format(“csv”)
.option(“header”, “true”)

.option(“inferschema”, “true”)
.Toad(“/m1/bTlogs/geospatial/nyc_taxi_zones.wkt.csv”)

val wktDF = wktDFText.withColumn(“the_geom”,
st_geomFromwKT(col(“the_geom”))) .cache
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https://en.wikipedia.org/wiki/Well-known_text_representation_of_geometry
https://en.wikipedia.org/wiki/GeoJSON
https://en.wikipedia.org/wiki/Shapefile
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GeoJSON (&, ZLDA-—T>Y—-XGIS/\vo—=7T, #3. T0O/\F . ZE/E
FREDTESTRMIBTERMFT —FEEDT > 1— RICFERASNTWET., 2T
ILTIE. Za—3—IMDTRE D ZHFHHAFHF. D—oJO—CahETtrIOo—
FZIBELUET . 7 —F(FISON LR (TEHLL TULVD =&, Databricks [CHHAHIAZE
NTWLWBJSON U —4 —ZfFERATEEY, .option('multiline”,"true”) ZFE X (£, R~
SNERF - ZR DT —FZFHHADET,

%python
json_df =

spark.read.option(“multiline”,”true”).json(“nyc_boroughs.
geojson”)

spark.sgl.dataframe.DataFrame

* features: array
= element: struct
» geometry: struct
= coordinates: array
= element: array
= element: array
= element: array
element: double
type: string

¥ properties: struct

boro_code: string
boro_na string
) ¢ ostring
eng: string
type: string
type: string

shape
o

shape

{51 :  Databricks @ JSON 'J—%/—(C .option(“multiline”,"true”) ZfEA L. KA RSNEAF—I%HFD

FT—HEERHAATH,

< databricks

CDOERHIMMRENRS AT ATEERLIZEDTY

Spark @ explode B ZFERAT D & LEDIRENSERD T 1 —JL REZERU T,
BREUOCETCENTEFET, fIXE ZAX NI, TO/NFv. 91477 L
fIICE L. WKT DFIERRIC, MIETDITSTSRICSAA NI ZFT—HEMT S
CENTIEETY,

%python

from pyspark.sql import functions as F
json_explode_df = ( json_df.select(
“features”,

“type”,
F.explode(F.col(“features.properties”)).alias(“properties”)
).select(“*”,F.explode(F.col(“features.geometry”)).
alias(“geometry”)) .drop(“features”))

display(json_explode_df)

type properties geometry

FeatureCollection object

boro_code: 2 coordinates: [[[[-73.89680883223774,40.79580844515974],[-73.89693872998792,40.79563587285357],

[-73.89723603843939,40.79572003753707],[-73.83796839783742,40.795644839161994],
[-73.89857332665558,40.7960691402596),[-73.8989526 1832527 ,40.796227852579634),
[-73.89919434249981,40.79650245601821],[-73.89852052071471,40.796936 194189776),
[-73.89788253240185,40.79711653214705],[-73.89713149795642,40.79679807772831]
[-73.89678526341234,40.796329166487105).-73.89680883223774,40.73580844515979])]
[[[-73.88885148496334,40.798706328958765),[-73.88860021869873,40.798650985918705),
[-73.8885856250733,40.798706072297094],[-73.88821348851279,40.798665304638554],
[-73.88821415282712,40.79866379621751],[-73.88825230744402,40.7985771803983),
[-73.88837251379924,40.79858745625632] |-73.88839250519693,40.79856629726993),

boro_name: Bronx
shape_area: 1186612476.97
shape_leng: 462958.186921

{5 : Spark @ explode BA#UEER U TIED T« —)L RER EAIL ARJLICFEE) UDataFrame =— )L
ZRRY Do
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BEF D DataFrame&{FF 9 2H\. Python DEMFT—SFL>F U2 DISATSUTH
B FoliumTEET—4v%L >4 U>J LT, Za—3—Imnydos—Xig7—4
% Notebook N CHREILT D EETEFEI, €Df=s(C(E. Databricks File System

(DBFS)#{EALZEJ . DBFSIIDERA ML — LAV TEHRITEN., BFOTI 7L
SRATFINEEDT AR ZMIFUIREE., - REMMESERICENTEET,
C@MDBFSMFEUSENDI > bEMATIET. O—HILDAPIFUH LTI 7))L
DFIHAF EESTIAFHZITADELDCRD. DEIRR(CRAVAPI TEES(CT—4
ERHANT., AT OFT4 T LAY T TEBIRDCRDET, FTod—
RTIE. Python M open(...) INX> RT. BIEDIFCERIC [/dbfs/] ZFIFDZ&ET.
FUSENT> bZBHCLTVNET,

%python
import folium
import json

with open (“/dbfs/ml/blogs/geospatial/nyc_boroughs.geojson”, “r”)
as myfile:
boro_data=myfile.read() # read GeoJSON from DBFS using FuseMount

m = folium.Map(
location=[40.7128, -74.0060],
tiles=’"Stamen Terrain’,
zoom_start=12
)
folium.GeoJson(json.loads(boro_data)).add_to(m)
m # to display, also could use displayHTML(...) variants

< databricks

CDOERHIMMRENRS AT ATEERLIZEDTY

/‘ = Jlrii i b4 / 2 —— L O = - T T 8each,
5] . BEFD DataFrameZ EAT BN\ Python DZEMFT—FL > U051 TS FoliumT
BT —9%L>FUST U, 993 —KigT—4% Notebook N TREILT DT & ETRE.

Shapefile ([$. ESRI ([CKD THRESNEAT NMLFT—SFERTY . ZMIRIE S
B O ICET DR EZIRINUE T, ILETFORRDAGZD I 71ILZE—F+
LD RUICE<SH TR S, *shp, *.shx, *.dbf DZAT 7 A )LICHIR THEERD
T7AINZELZENTEFET, MICKFERHENDIEDELTKML DG DFEIH,
SEFERLET. Z1—I—IMOREWDT — (X L T Shapefile Z#EA L T
#HFE 9. Shapefile DFRAHED (CIEW DOAENRNH D EIH. & Tl GeoSpark
ZERAULET, £9. T IAI NTHETES ShapefileReaderz{ERH L T
rawSpatialDf DataFrame Z4FLFE 9,

%scala

var spatialRDD = new SpatialRDD[Geometry]

spatialRDD = ShapefileReader.readToGeometryRDD(sc, “/ml1/blogs/
geospatial/shapefiles/nyc”)

var rawsSpatialbf = Adapter.toDf(spatialRDD, spark)
rawSpatialDf.createorReplaceTempview(“rawSpatialDf”) //DataFrame
now available to sqQL, Python, and R

display(json_explode_df)
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https://pypi.org/project/folium/
https://docs.databricks.com/data/databricks-file-system.html#databricks-file-system
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rawSpatialDf Z—BFHI/RE 1 — & L TERRT DT E T, Spark SOL DIREDIENL T
DataFrame ZI/ECET DK DICIADE I, UDF ZEA L T Shapefile 2D WKT Z=
SAARNIICT—HERITDEND EIRIENTIEET T,

%sq1

SELECT *,

ST_GeomFromwKT (geometry) AS geometry -- GeoSpark UDF to convert
WKT to Geometry

FROM rawspatialdf

&5(C. Databricks (CHIHAENTZA > S0 DR EICHEECK>T, —1—
J—omosBEILZEVWBICISI{tTdEN e EBTEEY,

%sql
SELECT name,
round(Cast(num_floors AS DOUBLE), 0) AS num_floors --String to
Number
FROM rawspatialdf

WHERE name <>
ORDER BY num_fTloors DESC LIMIT 5

10

8 w
|

E 60
£
H

40

»

o0

Tower 2 World Trade Ctr Tower 1 World Trade Gtr Tower 4 World Trade Ctr WTG Transportation Hub Empire State Building

B .l ~  PlotOptions. &

5 Databricks (CKBD1>T0 >DFI S IbDFl, —1—IF—rHmoOBEBE/ILEEVIBICER.

< databricks

CDOERHIMMRENRS AT ATEERLIZEDTY

SREY—F—4

SAE—T—HE FHIERMT I TER SN ROV (FrzBEEIE
L) ZBRLET ., ERFLEBBUET YL TERMNEY. BEEK. 5
BHIS. XFv HRRERFETS XY —N—XOHEKER (E0) T—~TT,

JRD Python 11— RMDY > )L Tld RasterFrames A L TULVET . RasterFrames
(& DataFrame ZiRX SHIIRZEM DT T L — AT —2 T, GeoTIFF AZRD Landsat 8
B (FREFETRIME) D2 DD/ REGRHAH, IERMEEEEIEE (NDVD) &EHHAH

ABOEFY. UTOHITE. COF—F2FERLTZ1—I—IhOEmELEIRR

Z 5L TU\E T, RasterFrame > 7 Y DIRIEIC (S rf_ipython EZ 21 —)L%&fE

AU 78 (red) . EFRIMR (NIR) . IERMEEREEIEE (NDV) DTNETNOEHR

[IEUTERRMMITZ DKL DICIRD TULET, Databricks M displayHTML(...) AN > K
[CKDT. Notebook HICHEREFRRSEDIIEETEEY,

%python

# construct a CSV "catalog" for RasterFrames "raster reader

# catalogs can also be Spark or Pandas DataFrames

bands = [f'B{b}' for b in [4, 5]]

uris = [f'https://landsat-pds.s3.us-west-
2.amazonaws.com/c1/.8/014/032/LC08_L1TP_014032_20190720_20190731_01_T1/LCO8
_L1TP_014032_20190720_20190731_01_T1_{b}.TIF' for b in bands]
catalog = ','.join(bands) + '\n' + ','.join(Curis)

# read red and NIR bands from Landsat 8 dataset over NYC rf =
spark.read.raster(catalog, bands) \

.withColumnrRenamed('B4', 'red').withColumnRenamed('B5', 'NIR') \
.withColumn('longitude_latitude',
st_reproject(st_centroid(rf_geometry('red')), rf_crs('red'),
Tit("EPSG:4326"'))) \

.withColumn('NDVI', rf_normalized_difference('NIR', 'red')) \
.where(rf_tile_sum('NDVI') > 10000)

results = rf.select('longitude_latitude', rf_tile('red'), rf_tile('NIR"),
rf_tile('NDVI') displayHTML(rf_ipython.spark_df_to_html(results))
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https://en.wikipedia.org/wiki/Multispectral_image
https://en.wikipedia.org/wiki/Normalized_difference_vegetation_index
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RasterFrame Tl&. HXS L Spark 7—FY—X %@ T, GeoTIFF. JP2000.
MRF. HDOFREDETHTFSFRSRY—FT —IERZERDY —EXTHRAAL &
MTEFET., Fz. NI MLUZD GeodSON & WKT/WKB DFRAHAFH ICEI TS L T
W\ZE T, RasterFrame 127 >W(E. 200 A DS RE —BEEARD )L B =8
CT. JaILBUD, B, BS54 X BY>TUS D, SRISAX=ZITA
F£9, EOY>FILTI— RTIE st_reproject(...) X2 st_centroid(...) MEATN TL\E
9, Python. SQL. ScalaFi®D API BIRMEENTH D, Spark ML EDHEEREEIEE
T9Y,

< databricks

CDOERHIMMRENRS AT ATEERLIZEDTY

» B results: pyspark.sql.dataframe.DataFrame = [longitude_latitude: udt, rf_tile(red): udt ... 2 more fields]

Showing only top 5 rows

longitude_|latitude rf_tile(red) rf_tile(NDVI)

rf_tile(NIR)

POINT (-75.64310549921628 41.35507991091221)

POINT (-75.55129747458508 41.35555632722104)

POINT (-75.64242580157753 41.285904858936576)

POINT (-75.45900176161878 41.286782331725604) | &

Screenshot

5 : RasterFrame J>F>W(&E, 200 LEDS R —EIEENRT MUBEIC KD T IILFU T,
Zf YIYSA X BYS TV SRS N0k,
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https://rasterframes.io/raster-read.html
https://rasterframes.io/raster-read.html#uri-formats
https://rasterframes.io/reference.html
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SHAF—HR—R

SHF—HIR—-RE. NHIET—H(CDNWTIE T 7 )LEAL,. REST —45(CDu)
TI(EJDBC/ ODBC #FHea N UIFIANEIAE T I . Databricks ZERAI UL, HSH
CsHARENTLD JDBC/0DBC T—=FY =X THEHD SOL T —HIR—=R(COT U
TEFJ, FITRY PostgreSOL ADIESFE (. IVEDD—o0O— R(CH UL TR LfE
FAEN3EDT. PostGIS DILsRIEEEZEA L TEITESNET . CDORDRETHE
BIBCET, AT —FHFOT—IR—IXDREZEFT I DR, 7otz
REMIETEET,

%scala
display(
sqlcontext.read.format(“jdbc”)
.option(“url1”, jdbcurl)

.option(“driver”, “org.postgresql.Driver”)
.option(“dbtable”,
“””(SELECT * FROM yellow_tripdata_staging

OFFSET 5 LIMIT 10) AS t”””) //predicate pushdown
.option(“user”, jdbcUsername)
.option(“jdbcPassword”, jdbcPassword)

.load)

2 2019-01-06 16:27:40 2019-01-06 16:29:47 5 16 1 N 142 142

2019-01-06 16:38:49 2019-01-06 16:56:05 1 210 1 N 164 163 2

2 2019-01-06 16:42:45 2019-01-06 16:47:05 3 67 1 N 68 234 2

2019-01-06 16:50:21 2019-01-06 16:57:03 2 109 1 N 234 100

@ 4 - s

< databricks

CDOERHIMMRENRS AT ATEERLIZEDTY

Databricks CHIIRZERIBEIRD DT ZIRDH D

% < DIEEDITBHEREN. ZMSRT -5 EhEDT —FY —REHHFENETE
BRERZME L. SESFEFRI—RT—XTAIR=237FR/LEDEL
TWEY., CDTIOJTIE. Databricks DIFET —IDH TS b I A — L% {FEA
UT. HIBEZTERIEHRD—I0— RORT—U I ZBBICL. KFET -5 DUNEE.
&N, PRERREE 205D RODERAECDWTHES LEL.

SHDIDOTTIZ, Databricks Z5EA UIE ARRIIRZERH > — FUIBDE 5 (CHRE
BRABERD EIFRFETY, HIBEHMT—SRDF e, CnIOJTHENML
TEJL—LD—2(CDWTIE. KD Notebook THERTEET .

» Data Prep Notebook

* GeoMesa+H3 Notebook

» GeoSpark Notebook

* GeoPandas Notebook

* Rasterframes Notebook

HIRZE/EIST— 4 (CDUNT (L, Databricks D RF I XS hESEBEFLTCLEET,
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https://docs.databricks.com/data/data-sources/sql-databases.html
https://www.postgresql.org/
https://postgis.net/
https://databricks.com/jp/product/data-lakehouse
https://databricks.com/jp/notebooks/prep-nyc-taxi-geospatial-data.html
https://databricks.com/jp/notebooks/geomesa-h3-notebook.html
https://databricks.com/jp/notebooks/geospark-notebook.html
https://databricks.com/jp/notebooks/geopandas-notebook.html
https://databricks.com/jp/notebooks/rasterframes-notebook.html
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E9E BABH
ALFVY AN I2F=FA2AZ D
KRRz RMH

[Databricks ZEBA LT &T. KDZ L DIEHR
[CEDKEERRENKLODRRICITZDELEDICR
NDFELE. |

JdLFvR ML OS50 SO - ITEIRISEERR
S =75+« L% — JimForsythe K

< databricks

CDOERHIMMRENRS AT ATEERLIZEDTY

KAT 4 FARFOILF A (Comeast) ttiEk. T/ OS—%ERLUTEI00 AOREECHL. =V FST
RENEIOANRUI D RZRHIT D EZBIBLTVELURZ. UL, T—F/1C TS0 > DUIBEEAI N REL T
WBZE, T—AYA IO RCEADIEPIRMOISRL —2 3 >H R THD T EN. BIZEMRDERE SR> TLE
Ufze dAF v A Bt MEDEERER & U T Delta Lake Y2 MLflow A& EH1TL\S Databricks ZE A, /R4 )\
NRIEDT — S DIzDDEMREIRT — )\ A TS5+ > ZEE L. WHFBETIL100BEU DS TH1OILDE
BEERELELUR. TORR. IZT-BFE(CEDRND. EFN TNV IFSAXSNEREETIINRUITY
AEFEHRLUEUE,

1-Ro5—RX

BREOHUWIS A —FTA A MERT(E, UBLEFDCEFBBRERKRLET . LF v A MMEE -5 DE
DIAHNS. BEKRICEINDFHEZRM T DIMBFZETILDORERET. DA77 TO—FZ2EIFA1XID
BENBpDZLCRIEHLUL.

VU1—>3 &R

JLF R BEE. DFRDIZHDRETSY S ITA—LDBAICKD TAIEFRAULEKRRBEI D A—FTA A M
GO U, BEETOIIRUIDAEIDBHNREDICTDIIETIF—AS MMEHIFL. BRREMNEESD
TWET,

c IZ—B(ICE<REEITIARYIR : Databricks DEA(CKD, A>FUSTY MEEFEIVY REFEARAL
FEEFNREEE T ORNRI I AERER, T25 - A MEHdIEChL. I=S-E2%E,

« AYE1—F4 >PDIARXBMZ1/10 [CHIR : DeltaLake DFIAICKD., T—HDEMDIAHZHRBELL. HEexm
LEEBEABICTSI 2 DEZ 640 1V5 64 ([CHIR. 1> ITSBEBABRBCIRD. T—HFDRHTENTES
KDICRo Tz,

s FT=HYAIADEEERL : 1> 5F50F7+« TIRBE—DT—OINR—ATEHDEBFZYR—KTBZET.
20—-)OULICHET DT —FHAIT>FT« A MNEDOASHRL —> 3 > %8, TSI, Deltalake [CLD. T—
BEET—IIN\A TS LEDF—HFICWDTETITCRATEDRLS(CIRD, RRETILOBES ~L—Z
SO AIREC IR D 2.

- EFIVBHDOEEL : EI23TS5Y NI A—ATOETIVERMNFEECRD. EREREINECERN 5285 (CFEHE,

HULRS

70


https://databricks.com/jp/customers/comcast

eBook : #IRFBI1— T —ADEYI TV CDOERHIMMRENRS AT ATEERLIZEDTY
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