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E-Series E-Series Storage Array

10GbE
o 10GbE Links
-TH Links o
12Ghps SAS [ 1) 3 |[——
connections, LA Six Hadoop Data Nodes
L = Name Node
one per node | ]
] =
Standby Node
Resource Manager
SG6060
StorageGRID STORAGEGRID
<
12Gbps SAS | =
connections, E Name Node
one per node
i Standby Node

Resource Manager

AFF AFF-AB00
Architecture

Links

Six Hadoop Data Nodes

]

10GbE
Links

7
B —»
Rty

Name Node

Standby Node

— T

Resource Manager

M ZE R

FANVER TeraGen EENIX T EARY TeraSort 1 TeraValidate fiiZ<3;ME2 E5760
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. E5724 FIAFF-A800 ECERY Spark 148ESIE, Lb5h, EMHX T =NFZERMB: Spark
NLP & 3i&#0 TensorFlow 3% TLilIZR. Horovod 23t IIZR U {E A Keras #1T DeepFM
CTR FILNHNZ TREF S,

XF E &5 StorageGRIDIGIE, FK{1EA T Hadoop EFRIEF 2o WFAFFIRIE, FHIMER—MEIEIR.
TRIIHT Spark 4REWIERVEMECE.

it Hadoop TfFTim  IRzhagsksy B TAMIREhEE  FETHIEE

SG6060 4 SAS 12 BAZE AN (HA)
X

E5760 4 SAS 60 AN HA ¥

E5724 4 SAS 24 A HA ¥

AFF800 4 SSD 6 A HA %

TRIETHREER,

L/ G hiZs

RHEL 7.9

OpenJDK B1TIf R 1.8.0

OpenJDK 64 {ii iR 528 EE 1M1 25.302

Git 2.24.1

GCC/G++ 11.2.1

KTE 3.2.1

PySpark 3.1.2

SparkNLP 34.2

TensorFlow 29.0

IE2 Vg ] 2.9.0

ETRE 0.24.3

ERIBEE D

H1&RT"TR-4910: F|HANetApp Al X EF /DB HITBELE DM, HA{ERA "NetApp DataOps TEE". AFF
ZHEFINVIDIA DGX R45, iZEiEH] A DataOps Toolkit HITH ESZ IS IR, BENESFIRTI (ASR). THEF
S)FIBLES M, "NVIDIARiva SDK" , UK "BHEZR", BIBLEoTAG BEIEmMRSTIL, FITHET
SparkNLP T{EFAZE, RS NLP £ (flalssBLAiR5)) MET =4 BERT {22!, HRETHINLT+K
REIZEWGEEIES NN FRIBEE,

LU B4 “sentiment_analysis_spark. py' {8 FInBERT #2408 HDFS AVFERZA, H=4Em. R MEMAm
BLEITEL, WITERFIR:
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-bash-4.2$ time ~/anaconda3/bin/spark-submit
--packages com.johnsnowlabs.nlp:spark-nlp 2.12:3.4.3
—--master yarn

-—-executor-memory 5g

-—executor-cores 1

-—-num-executors 160

-—-conf spark.driver.extraJdJavaOptions="-Xssl0m -XX:MaxPermSize=1024M"
-—-conf spark.executor.extradavaOptions="-XsslOm -XX:MaxPermSize=512M"

/sparkusecase/tr-4570-nlp/sentiment analysis spark.py
hdfs:///datal/Transcripts/

> ./sentiment analysis hdfs.log 2>&l1

reall3ml4.300s

user557mll.319s

sysd4m4d7.676s

TRIILT 2016 F£XF 2020 FMHER T A QB HINmBIEZ WA FRBELE Do

iBEITER 2810 ¥R AMD o B 2E EFREE 5

MBEDt RAF ==}y
Eitsy 7447 1567 743 290 682 826 824
thiritey 64067 6856 7596 5086 6650 5914 6099
sk 1787 253 213 84 189 97 282
KHHH 196 0 0 76 0 0 0
T

(s%k) 73497 8676 8552 5536 7521 6837 7205

RN

904
5715
202

6822

NVDA

417
6189
89

6695

MERLEFRE, BRHTENEREMSEMRNASHAFEHRRESE, RItHEPRIELE, ERmEIERIN
8], IR LR A R R L ATRIRBUERIELSE. ERE—P EEMRMENEEBENAZINRS SR

RERREZENIE.
TRIIE T HEER + R ABTNDFRER DT, UEREERT.

1BERD =810 R AMD ToH B e EFREE 5%
nd EYN Bty

foimey  10.13%  18.06% 8.69%  5.24%  9.07%  12.08%  11.44%

thitfy  87.17%  79.02%  88.82% 91.87%  88.42%  86.50%  84.65%
MIRRy  243%  2.92%  249%  152%  251%  1.42%  3.91%
k9% 027% 0% 0% 1.37% 0% 0% 0%

(REA

13.25%

83.77%
2.96%
0.01%

NVDA

6.23%

92.44%
1.33%
0%

FEILERETRAE, HIERTEEZEN 4.78 E28# "local tRILE] HDFS RS HIIFER, FHEIFIA NFS

# ﬂ%$EI_J 014%0
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-bash-4.2$ time ~/anaconda3/bin/spark-submit

--packages com.johnsnowlabs.nlp:spark-nlp 2.12:3.4.3

—--master yarn

-—-executor-memory 5g

-—executor-cores 1

--num-executors 160

-—-conf spark.driver.extraJdJavaOptions="-Xssl0m -XX:MaxPermSize=1024M"
-—-conf spark.executor.extradavaOptions="-XsslOm -XX:MaxPermSize=512M"
/sparkusecase/tr-4570-nlp/sentiment analysis spark.py
file:///sparkdemo/sparknlp/Transcripts/

> ./sentiment analysis nfs.log 2>&l

reall3ml3.149s

user537m50.148s

sysd4md6.173s

INTEFR, BUBMIREHITIES THIBRIEM S TensorFlow EAMEIRARE, NFS RREIBUES~E
THMEFRIETTRIE, EHATERRMETNFREA T H. WRBAVENMMSREIEERA/], NFS B
B EMAE,

Spark NLP Sentiment Analysis End-toEnd Workflow Runtime
(Lower is better)

-

Data Location

HDFS 0:13:14.300

0:00:00 0:07:12 0:14:24 0:21:36 0:28:48 0:36:00 0:43:12 0:50:24 0:57:36 1:04:48 1:12:00
hh:mm:ss.sss

Horovod 48ERY

T EREN naster BB 160 MUTHITR, SMUTHEEE—TMal. HITHRREFREN 58,
LUBRREARRHIR. FSR e T TZ2AMY python M7 AXEIERE, REYIFMEREHRITE
NEZIFMER, ES IFﬂ "keras_spark horovod rossmann_ estimator.pye
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(base) [root@nl38 horovod]# time spark-submit

--master local

-—executor-memory 5g

-—executor-cores 1

-—-num-executors 160
/sparkusecase/horovod/keras spark horovod rossmann estimator.py
-—epochs 10

--data-dir file:///sparkusecase/horovod
--local-submission-csv /tmp/submission 0.csv
--local-checkpoint-file /tmp/checkpoint/

> /tmp/keras spark horovod rossmann estimator local. log 2>&l

23 10 MR ARE, RAREITHRENT:

reald43m34.608s
userl2m22.057s
sys2m30.127s

Rb3BINERHE. I)IIZK DNN 1REY, I+ REME LR AR TensorFlow & S MFUNZE R CSV XHEE T 8
43 %, ARG EERELIREIA 10, EKBPBEEIREN 100, USRS NASIMREDERE, I)IZRE &8
BEIFRBE LS X R

B, RIVEAERPRIANNANTIESS, HE yam HDFS FESHRET :

(base) [root@nl38 horovod]# time spark-submit

-—-master yarn

-—executor-memory 5g

-—executor-cores 1 —--num-executors 160
/sparkusecase/horovod/keras_ spark horovod rossmann estimator.py
—-—epochs 10

-—-data-dir hdfs:///user/hdfs/tr-4570/experiments/horovod
--local-submission-csv /tmp/submission 1.csv
--local-checkpoint-file /tmp/checkpoint/

> /tmp/keras spark horovod rossmann estimator yarn.log 2>&l

ARG TR B0

real8ml3.728s
user/m48.421s
syslm26.063s

f&Bh Horovod #22YF0 Spark EF'E’J*&?E#’_L&L HNBZIETRERS Y 5.29 & yarn #8¥ “local BEE+HM
WM ERRIER, TERIFEFIERTIX—s "HDFS M “Localo. SNRAIAEMNE, AILIER GPU #H—F Nk
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J&/E TensorFlow DNN #RE3JlIZk, BTt RIHITIBUNIA HERKAIRA R EF LHBLER,

MBI T —NIRELER T NFS 1 HDFS AV N EHER)Z1TREl, AFF AB00_ERY NFS HE R
‘/sparkdemo/horovod' 73 F Spark EBMNE M TR (—METR, OMNIENR) L. BITB1T7T 5285

HEMBE <L,

(base)

“--data- dir S IMTEIEM NFS .

[root@nl38 horovod]# time spark-submit

—-—-master yarn

-—-executor-memory 5g

-—executor-cores 1

-—-num-executors 160

/sparkusecase/horovod/keras_ spark horovod rossmann_ estimator.py

-—epochs 10

--data-dir file:///sparkdemo/horovod

--local-submission-csv /tmp/submission 2.csv

--local-checkpoint-file /tmp/checkpoint/

> /tmp/keras spark horovod rossmann estimator nfs.log 2>&l

fiEF NFS BUiZ1T4 R T

real 5m46.229s
user 5m35.693s
Im5.615s

Sys

HEXREST 14313, NTEFT. Eib, BIRENetApp2NFEFHEERTIEHER, EFJLUER Horovod
Spark TIERBREHIEF MM D LZME, SERENTRLZTTAELL, AISKIL 7.55 FHIINE,

Input data location

Local

HDF'S

NE'S

500

Horovod Spark Workflow Runtime
(Lower is better)

Seconds
1000 1500 2000 2500 3000

I <o

346.229
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CTRIERERVREF SIHREY

HFEERAURERNEEFERS, UNFIAPTHERERNIERE, XERERERILUEIHFETTM
RN EIEMITE. X TFRENREFZIRIEKN, RMASHMSEXXNZEFER, MANREEPEA—
T30 REDEN (DeepFM) B—METDAENBHENG, ©RBTHENIEINABTHIEFEINREFS
HEETE—THBHREREIRH,

BAEGEN RN BRI SRR N EZ BIRE M EAR, HFEEE EAILUBREMER, BEKK
B, NMEFIMLEBERER_MFIERX, RAHENFEERERS. REMZMETE, FNaIiE "
[TESFRERI'S—FHE, BIEALMREENRERE, HRENBEHHFIERIFIERE,

X Wide & Deep IREERWMaN, —TRATREN EEE, 5—ATRERE, RENATETXNSE
ETHE, FbERATKERTFHMIEN, 57 EREEREARE, DeepFM B LUERRIBFIEHITARIL
, MAEFBEAFETIE, RAEs ESoMRESRSHZMERMABRARE.

EITEELET Criteo train.txt (11GB) XHHEIRAE A “ctr_train.csv 7ZETE NFS HHH
‘/sparkdemol/tr-4570-data’ {3 “run_classification_criteo_spark.py SR B E 92" E = ZHHIH Python 7, "1
LteRi AR, BREL process_input_file 1T LN F R B 75 ERMBRBIRFTHIEN | EADBRETF \n" ERIRTT

B, FEE, BRELIEFELE train.txt —X, XERBRG®ERIER.

AT IAEH DL AREGHTUUTMIR, BAVER ctr train.csv ERBAXHS. EREMNIRIETH, BN
B9 csv XHH#IEN Spark DataFrame, HRWRBELUTFE 'label', BHEERE (11, '12',
"I3', .., 'I13'] FMFEEREFE c['c1', 'c2', 'C3', .., 'C26']l. K%l spark-submit EFIEZHIAN
CSV, Ll 20% HLLMi)II4k DeepFM #R2ELHITRNRIGIE, FHE+HMIGBEEE REREE R ITENHE a9
MR

(base) [root@nl38 ~]# time spark-submit --master yarn --executor-memory 5g
-—executor-cores 1 --num-executors 160
/sparkusecase/DeepCTR/examples/run classification criteo spark.py --data
-dir file:///sparkdemo/tr-4570-data >

/tmp/run classification criteo spark local.log 2>&l

BAR, ATFHIEXH ctr_train.csv'il@id 11GB, NHIMIRE B “spark.driver.maxResultSize K F#iEEE
KINLUB R EEIR
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spark = SparkSession.builder \
.master ("yarn") \
.appName ("deep ctr classification") \
.config("spark.jars.packages", "io.github.ravwojdyla:spark-schema-
utils 2.12:0.1.0") \

.config("spark.executor.cores", "1") \
.config('spark.executor.memory', '5gb') \
.config('spark.executor.memoryOverhead', '1500"') \
.config('spark.driver.memoryOverhead', '1500'"') \
.config("spark.sgl.shuffle.partitions", "480") \
.config("spark.sqgl.execution.arrow.enabled", "true") \
.config("spark.driver.maxResultSize", "50gb") \
.getOrCreate ()

7£ L3R "SparkSession.builder EEEFKNTESA T "FIHZET", 1§ Spark DataFrame 3179 Pandas DataFrame
, “df.toPandas() /%o

22/06/17 15:56:21 INFO scheduler.DAGScheduler: Job 2 finished: toPandas at
/sparkusecase/DeepCTR/examples/run classification criteo spark.py:96, took
627.126487 s

Obtained Spark DF and transformed to Pandas DF using Arrow.

FEN D EIS, VGEIREREIET 3600 H17, MIXEFE 900 HMEEZ:

Training dataset size = 36672493
Testing dataset size = 9168124

AFARARIREE EFAREREM GPU B9 CPU Mk, FEbAERIE S RiFsnEME TensorFlow, b
BSEEGRIARER GPU INiEE, FH7E9FHE TensorFlow BNEREET B (AVX) 1 AVX2 18%, XLEAFMER Nk
MABOTEMIITRY, GIINKEME. FIRPEERRAS R EERE DNN j)ll4k, AVX2 1289 S’ (FMA)
&S fER 256 I = (FP) 1728, IFREESBIHLIIMEUIERE, AL EX 2 ZNE, XF FP REF1%K
A, AVX2 Eb AVX SCIR T 8% BYNNIE,

2022-06-18 07:19:20.101478: T
tensorflow/core/platform/cpu feature guard.cc:151] This TensorFlow binary
is optimized with oneAPI Deep Neural Network Library (oneDNN) to use the
following CPU instructions in performance-critical operations: AVX2 FMA
To enable them in other operations, rebuild TensorFlow with the
appropriate compiler flags.

BMREARBE TensorFlow, NetAppiZiXfER "EiER" FWFHEHITIFE, FKNIE shell IR /F FHRITLA TR
SRZE dnf, dnf-plugins, LK Bazelo
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yum install dnf

dnf install 'dnf-command (copr)'
dnf copr enable vbatts/bazel
dnf install bazelb

S TE A GCC 5 S E#hkA A RETE iR I F2h R C++17 IHAE, %IhEEH RHEL @i 4&E & (SCL) 1=
i, ISR E devtoolset LA RHEL 7.9 ££8% EAY GCC 11.2.1:

subscription-manager repos --enable rhel-server-rhscl-7-rpms
yum install devtoolset-1ll-toolchain
yum install devtoolset-1ll-gcc-c++
yum update
scl enable devtoolset-11 bash
/opt/rh/devtoolset-11/enable

IR, R LEH devtoolset-11, M /opt/rh/devtoolset-11/root/usr/bin/gcc
(GCC 11.2.1) o L4, EHRFRER git lkd=mTF 1.8.3 (B RHEL 7.9 121f) . SEXD "YE"BFEH it
F 2241,

HIMBRIRE B L =E T &xBY TensorFlow £, RAREEIE— ‘workspace' BR5 "WORKSPACE X {4/
AVX. AVX2 #1 FMA MIR{LESHa%E TensorFlow, 1T “configure’ XHHIEE IEFARY Python Z#HHI(IE,
"CUDA"HFEANTEEER GPU, FLLERNBNIXAPIEER. —1 .bazelrc XHRIBEINZEEM. L5,
FAREE T XEFHIEE “build --define=no_hdfs_support=false' B HDFS %i¥, £% " bazelrc EATH" &1
FERBIE Python i, "BERSTEEIIZEMITETIR.

./configure
bazel build -c opt --copt=-mavx --copt=-mavx2 --copt=-mfma --copt=
-mfpmath=both -k //tensorflow/tools/pip package:build pip package

fEFR EMIATEME TensorFlow [, 17U TRIZSSRALIE Criteo Display Ads #(#E5, jlll4k DeepFM #8Y,
RIBFUN 9 E+ B E 12 EASE 4 T EA2 (ROC AUC),

(base) [root@nl38 examples]# ~/anaconda3/bin/spark-submit
-—-master yarn

-—executor-memory 15g

-—executor-cores 1

-—-num-executors 160
/sparkusecase/DeepCTR/examples/run classification criteo spark.py
-—data-dir file:///sparkdemo/tr-4570-data

> . /run _classification criteo spark nfs.log 2>&l

SRS, BAIRE T WRSIRE FH AUC 3
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Epoch 1/10

125/125 - 7s - loss: 0.4976 - binary crossentropy: 0.4974 - val loss:
0.4629 - val binary crossentropy: 0.4624

Epoch 2/10

125/125 - 1s - loss: 0.3281 - binary crossentropy: 0.3271 - val loss:
0.5146 - val binary crossentropy: 0.5130

Epoch 3/10

125/125 - 1s - loss: 0.1948 - binary crossentropy: 0.1928 - val loss:
0.6166 - val binary crossentropy: 0.6144

Epoch 4/10

125/125 - 1s - loss: 0.1408 - binary crossentropy: 0.1383 - val loss:
0.7261 - val binary crossentropy: 0.7235

Epoch 5/10

125/125 - 1s - loss: 0.1129 - binary crossentropy: 0.1102 - val loss:
0.7961 - val binary crossentropy: 0.7934

Epoch 6/10

125/125 - 1s - loss: 0.0949 - binary crossentropy: 0.0921 - val loss:
0.9502 - val binary crossentropy: 0.9474

Epoch 7/10

125/125 - 1s - loss: 0.0778 - binary crossentropy: 0.0750 - val loss:
1.1329 - val binary crossentropy: 1.1301

Epoch 8/10

125/125 - 1s - loss: 0.0651 - binary crossentropy: 0.0622 - val loss:
1.3794 - val binary crossentropy: 1.3766

Epoch 9/10

125/125 - 1s - loss: 0.0555 - binary crossentropy: 0.0527 - val loss:
1.6115 - val binary crossentropy: 1.6087

Epoch 10/10

125/125 - 1s - loss: 0.0470 - binary crossentropy: 0.0442 - val loss:
1.6768 - val binary crossentropy: 1.6740

test AUC 0.6337

U5 LRIRAGIZEMR AT, &I Spark TEREITR AT AR BNEEHIT TR, TEETT Spark
TERIBTTIRESFS] CTR HUMAYELE,
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Scala Spark Aggregation - Throughput MB/Sec
(Higher is better)

200

180

160

140

120
8
6
4
2

mJBOD mE-Series mEF-Series ®mAFF_NFS

MBps
=)
o o (@] o o

o

BETRRL R

AL HEROE—ESS, ©BIAE —BURFRIFESIEESE T EmEAMA/
HENAHEZHERS I HERNEMIGHIMNE. W TRAVARE S, BRI
MZ IR Z BITEBohEE, MAFHITERRIER RSN BREFEW,

BRET, IITHRE 2R G AR —RFEIR I TiRA THRERIFSAN, HERAREENST
EtE (SR FAR2FFH & DevOps) EEEI R, AEMITERMEEEEZNTE. Web HIRNAE

&. DevOps MINAEFHL. HiEE. DMMNERUNAREFERINERESTIFAH. Bl Al B/
S, AHIXLAHRER Al MSRIEF R E ML o

EBINetAPPBE LA R, EFAAMBIE—TFHEREREMINT 2. WELENSHMETIR, BTE

AHEARENSIEN TEREE, FANRELEERBRNECSERENE. TER— RS SENHNREIRE
RARE, REFUHATAZTFBRBESTERHES &R,

24



Sensors '
R — Everis + amazon

Via
; Srark 1 Hadoop Chssine & Rest API g ECZVPC Sp'qrrg‘{ g BS Microsoft
: MatAnp in-Place Anslysics Moduls | ] Sﬁﬁm{} ] ’ | HDinsight
; A A A A ﬂ T Kafka JOB Oﬁ. : NFS ] NES Vohmo
H |
i
i

!
Direct Cennect Express Route
e |

Snaphirror®
p— iz =
On-Premises llm_ﬂl

NetApp Private Storage /
EQUINIX | Keysione j

EXMERT, AWS MARERIFREULEY loT BUEFHETENetAppTAE ZiE (NPS) UM E, NPS FAEERE]
I F AWS # Azure FBY Spark B( Hadoop 5£8%, £EZ T aHIEITRIAKIE SN BIERF SR EERIER
#Eo LLRBIMEEZZRMBRENEFE:

* ERHRZEEAZ N EREBIREIETT A EL.
DIVEI NEN R RSEMELBMRRRER (a4t ZIFE) ZW R,
* BERRTS RIS E BB A o
* TERMERBNE—NEFENNBRERE, ERENREBENSHRZ BREES DRSS,

BAHEBE RPN S RERBRD RERTBS TNBANRIT BTN TN AEFIER. WLEEFR, K
B ERkEEMEIEIET Kafka MIUERFHBNE] AWS Spark S£8¥HH, #UIRZAETE NPS ) NFS H=ZH, NPS
I F Equinix BIEFORANTREE 25

HFNetApp NPS 93 5!3&:Z Direct Connect #1 Express Route ZE#%i%1%%!I Amazon AWS #1 Microsoft Azure,
FttE P AT LAFI A In-Place Analytics Module 3518)38 B Amazon 1 AWS i SE8#RVEIE, Att, AT AHiFaE
I}E NPS 7Zf&ERZITONTAPE S, "SnapMirror"a] LUSNPSEIRIRIG EIAth LR, BB MNZ RS S S

NTIRSREMRE, NetApp@EEEINERZ I MNBZEOMNBEEEESIRREARIFR LG EE, FITEE
HthEUEBARR AR, 81 "XCP'Hl "BlueXPEFIFES "SR FAFWENARKIM. 2L EES S
Spark £&%,

T ETEERBIEY Python flZs
LUF =4 Python BIZAX REMIABI =N EZERF. Bk

sentiment analysis sparknlp.pye

# TR-4570 Refresh NLP testing by Rick Huang
from sys import argv

import os

import sparknlp

import pyspark.sqgl.functions as F

from sparknlp import Finisher
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from pyspark.ml import Pipeline

from sparknlp.base import *

from sparknlp.annotator import *

from sparknlp.pretrained import PretrainedPipeline
from sparknlp import Finisher

# Start Spark Session with Spark NLP

spark = sparknlp.start()

print ("Spark NLP version:")

print (sparknlp.version())

print ("Apache Spark version:")

(
(
(
print (spark.version)
spark = sparknlp.SparkSession.builder \
.master ("yarn") \
.appName ("test hdfs read write") \
.config("spark.executor.cores", "1") \
.config("spark.jars.packages", "com.johnsnowlabs.nlp:spark-
nlp 2.12:3.4.3")\
.config('spark.executor.memory', '5gb') \
.config('spark.executor.memoryOverhead', '1000")\
.config('spark.driver.memoryOverhead', '1000")\
.config("spark.sgl.shuffle.partitions™, "480")\
.getOrCreate ()
sc = spark.sparkContext
from pyspark.sgl import SQLContext
sgl = SQLContext (sc)
sglContext = SQLContext (sc)
# Download pre-trained pipelines & sequence classifier
explain pipeline model = PretrainedPipeline ('explain document dl',
lang='en') .model#pipeline sa =
PretrainedPipeline ("classifierdl bertwiki finance sentiment pipeline",
lang="en")
# pipeline finbert =
BertForSequenceClassification.loadSavedModel ('/sparkusecase/bert sequence
classifier finbert en 3', spark)
sequenceClassifier = BertForSequenceClassification \
.pretrained('bert sequence classifier finbert', 'en') \
.setInputCols (['token', 'document']) \
.setOutputCol ('class') \
.setCaseSensitive (True) \
.setMaxSentencelLength (512)
def process sentence df (data):
# Pre-process: begin
print ("1. Begin DataFrame pre-processing...\n")
print (£"\n\t2. Attaching DocumentAssembler Transformer to the
pipeline™)
documentAssembler = DocumentAssembler () \



.setInputCol ("text") \
.setOutputCol ("document") \
.setCleanupMode ("inplace full")
#.setCleanupMode ("shrink", "inplace full")
doc df = documentAssembler.transform(data)
doc_df.printSchema ()
doc_df.show (truncate=50)
# Pre-process: get rid of blank lines
clean df = doc_df.withColumn ("tmp", F.explode ("document")) \
.select ("tmp.result") .where("tmp.end !=
-1") .withColumnRenamed ("result", "text") .dropna ()
print ("[OK!] DataFrame after initial cleanup:\n")
clean df.printSchema ()
clean df.show(truncate=80)
# for FinBERT
tokenizer = Tokenizer () \
.setInputCols (['document']) \
.setOutputCol ('token')
print (f"\n\t3. Attaching Tokenizer Annotator to the pipeline")
pipeline finbert = Pipeline (stages=]|
documentAssembler,
tokenizer,
sequenceClassifier
1)
# Use Finisher() & construct PySpark ML pipeline
finisher = Finisher () .setInputCols(["token", "lemma", "pos",
"entities"])
print (f"\n\t4. Attaching Finisher Transformer to the pipeline")
pipeline ex = Pipeline() \
.setStages ([
explain pipeline model,
finisher
1)
print ("\n\t\t\t ---- Pipeline Built Successfully ----")
# Loading pipelines to annotate
#result ex df = pipeline ex.transform(clean df)
ex model = pipeline ex.fit(clean df)
annotations finished ex df = ex model.transform(clean df)
# result sa df = pipeline sa.transform(clean df)
result finbert df = pipeline finbert.fit(clean df) .transform(clean df)
print ("\n\t\t\t ----Document Explain, Sentiment Analysis & FinBERT
Pipeline Fitted Successfully ----")
# Check the result entities
print ("[OK!] Simple explain ML pipeline result:\n")
annotations finished ex df.printSchema ()
annotations finished ex df.select('text',
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'finished entities').show(truncate=False)
# Check the result sentiment from FinBERT
print ("[OK!] Sentiment Analysis FinBERT pipeline result:\n")
result finbert df.printSchema()
result finbert df.select('text', 'class.result').show(80, False)
sentiment stats (result finbert df)

return
def sentiment stats(finbert df):

result df = finbert df.select('text', 'class.result')

sa df = result df.select('result')

sa df.groupBy ('result') .count () .show ()

# total lines = result clean df.count ()

# num neutral = result clean df.where(result clean df.result ==
['neutral']) .count ()

# num positive = result clean df.where(result clean df.result ==
['positive']) .count ()

# num negative = result clean df.where(result clean df.result ==
['negative']) .count ()

# print (f"\nRatio of neutral sentiment = {num neutral/total lines}")

# print (f"Ratio of positive sentiment {num positive / total lines}")

# print (f"Ratio of negative sentiment
total lines}\n")

return

{num negative /

def process input file(file name) :
# Turn input file to Spark DataFrame
print ("START processing input file...")
data df = spark.read.text (file name)
data df.show ()
# rename first column 'text' for sparknlp
output df = data df.withColumnRenamed("value", "text") .dropna/()
output df.printSchema ()
return output dfdef process local dir(directory):
filelist = []
for subdir, dirs, files in os.walk(directory):
for filename in files:
filepath = subdir + os.sep + filename
print ("[OK!] Will process the following files:")
if filepath.endswith(".txt"):
print (filepath)
filelist.append(filepath)
return filelist
def process local dir or file(dir or file):
numfiles = 0
if os.path.isfile(dir or file):
input df = process input file(dir or file)
print ("Obtained input df.")



process sentence df (input df)
print ("Processed input df")
numfiles += 1
else:
filelist = process local dir(dir or file)
for file in filelist:
input df = process input file(file)
process sentence df (input df)
numfiles += 1
return numfiles
def process hdfs dir(dir name) :
# Turn input files to Spark DataFrame
print ("START processing input HDFS directory...")

data df = spark.read.option("recursiveFileLookup",
"true") .text (dir name)

data df.show ()

print (" [DEBUG] total lines in data df = ", data df.count())

# rename first column 'text' for sparknlp

output df = data df.withColumnRenamed("value", "text") .dropna/()
print (" [DEBUG] output df looks like: \n")

output df.show (40, False)

print (" [DEBUG] HDFS dir resulting data df schema: \n")

output df.printSchema ()

process sentence df (output df)

print ("Processed HDFS directory: ", dir name)
returnif name == "' main ':
try:

if len(argv) ==
print ("Start processing input...\n")
except:
print (" [ERROR] Please enter input text file or path to
process!\n")
exit (1)
# This is for local file, not hdfs:
numfiles = process local dir or file(str(argv[l]))
# For HDFS single file & directory:
input df = process input file(str(argv([1l]))
print ("Obtained input df.")
process sentence df (input df)
print ("Processed input df")
numfiles += 1
# For HDFS directory of subdirectories of files:
input parse list = str(argv[l]).split('/")
print (input parse list)
if input parse list[-2:-1] == ['Transcripts']:

"

print ("Start processing HDFS directory: ", str(argv([1l]))
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process hdfs dir(str(argv[1l]))
print (f"[OK!] All done. Number of files processed = {numfiles}")

iy —

FEZPMHIARE keras spark horovod rossmann estimator.pyo

Copyright 2022 NetApp, Inc.
Authored by Rick Huang

Licensed under the Apache License, Version 2.0 (the "License");
you may not use this file except in compliance with the License.
You may obtain a copy of the License at

http://www.apache.org/licenses/LICENSE-2.0

Unless required by applicable law or agreed to in writing, software
distributed under the License is distributed on an "AS IS" BASIS,
WITHOUT WARRANTIES OR CONDITIONS OF ANY KIND, either express or implied.
See the License for the specific language governing permissions and
limitations under the License.

H H= H H H FH H H H H H H H= H H

# The below code was modified from: https://www.kaggle.com/c/rossmann-—
store-sales

import argparse

import datetime

import os

import sys

from distutils.version import LooseVersion

import pyspark.sqgl.types as T

import pyspark.sgl.functions as F

from pyspark import SparkConf, Row

from pyspark.sgl import SparkSession

import tensorflow as tf

import tensorflow.keras.backend as K

from tensorflow.keras.layers import Input, Embedding, Concatenate, Dense,
Flatten, Reshape, BatchNormalization, Dropout

import horovod.spark.keras as hvd

from horovod.spark.common.backend import SparkBackend

from horovod.spark.common.store import Store

from horovod.tensorflow.keras.callbacks import BestModelCheckpoint
parser = argparse.ArgumentParser (description="'Horovod Keras Spark Rossmann
Estimator Example',

formatter class=argparse.ArgumentDefaultsHelpFormatter)
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parser.add argument ('--master',
help='spark cluster to use for training. If set to
None, uses current default cluster. Cluster'
'should be set up to provide a Spark task per
multiple CPU cores, or per GPU, e.g. by'
'supplying "-c <NUM GPUS>" in Spark Standalone
mode ")
parser.add argument ('--num-proc', type=int,
help="'number of worker processes for training,
default: “spark.default.parallelism ')
parser.add argument ('--learning rate', type=float, default=0.0001,
help='initial learning rate')
parser.add argument ('--batch-size', type=int, default=100,
help='batch size')
parser.add argument ('--epochs', type=int, default=100,
help="'number of epochs to train')
parser.add argument ('--sample-rate', type=float,
help='desired sampling rate. Useful to set to low
number (e.g. 0.01) to make sure that '
'end-to-end process works')
parser.add argument ('--data-dir', default='file://' + os.getcwd(),
help='location of data on local filesystem (prefixed
with file://) or on HDFS')
parser.add argument ('--local-submission-csv', default='submission.csv',
help='output submission predictions CSV')
parser.add argument ('--local-checkpoint-file', default='checkpoint’,
help='model checkpoint')
parser.add argument ('--work-dir', default='/tmp',
help="'temporary working directory to write
intermediate files (prefix with hdfs:// to use HDFS)')

if name == ' main U g

f mmmmmmmm———— §
# DATA PREPARATION #
$ mmmmmmmmeeeee ¢
print ('================")

print ('Data preparation')

print ('================"')

# Create Spark session for data preparation.
conf = SparkConf () \

.setAppName ('Keras Spark Rossmann Estimator Example') \
.set ('spark.sgl.shuffle.partitions', '480"') \
.set ("spark.executor.cores", "1") \
.set ('spark.executor.memory', '5gb') \
.set ('spark.executor.memoryOverhead', '1000")\
(

.set ('spark.driver.memoryOverhead', '1000")
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if args.master:
conf.setMaster (args.master)
elif args.num proc:
conf.setMaster ('local[{}]'.format (args.num proc))
spark = SparkSession.builder.config(conf=conf) .getOrCreate ()
train csv = spark.read.csv('%$s/train.csv' % args.data dir,
header=True)
test csv = spark.read.csv('$s/test.csv' % args.data dir, header=True)
store csv = spark.read.csv('%s/store.csv' % args.data dir,
header=True)
store states csv = spark.read.csv('%s/store states.csv' %
args.data dir, header=True)
state names csv = spark.read.csv('%s/state names.csv' % args.data dir,
header=True)
google trend csv = spark.read.csv('$s/googletrend.csv' %
args.data dir, header=True)
weather csv = spark.read.csv ('%s/weather.csv' % args.data dir,
header=True)
def expand date (df) :
df = df.withColumn ('Date', df.Date.cast (T.DateType()))
return df \
.withColumn ('Year', F.year(df.Date)) \
.withColumn ('Month', F.month (df.Date)) \
.withColumn ('Week', F.weekofyear (df.Date)) \
.withColumn ('Day', F.dayofmonth (df.Date))
def prepare google trend() :
# Extract week start date and state.
google trend all = google trend csv \
.withColumn ('Date', F.regexp extract (google trend csv.week,
"(.*2) =, 1)) N
.withColumn ('State', F.regexp extract(google trend csv.file,
'Rossmann DE (.*)', 1))
# Map state NI -> HB,NI to align with other data sources.
google trend all = google trend all \
.withColumn ('State', F.when(google trend all.State == 'NI',
'"HB,NI') .otherwise(google trend all.State))
# Expand dates.
return expand date (google trend all)
def add elapsed(df, cols):
def add elapsed column(col, asc):
def fn (rows):
last store, last date = None, None
for r in rows:
if last store != r.Store:
last store = r.Store

last date = r.Date



if rlcol]:
last date = r.Date
fields = r.asDict () .copy ()
fields[ ('After' if asc else 'Before') + col] = (r.Date
- last date) .days
yield Row (**fields)
return fn
df = df.repartition(df.Store)
for asc in [False, True]:
sort col = df.Date.asc() if asc else df.Date.desc()
rdd df.sortWithinPartitions (df.Store.asc(), sort col) .rdd
for col in cols:

rdd = rdd.mapPartitions(add elapsed column(col, asc))
df = rdd.toDF ()
return df
def prepare df (df):
num_ rows = df.count ()
# Expand dates.
df = expand date (df)

df = df \
.withColumn ('Open', df.Open != '0') \
.withColumn ('Promo', df.Promo != '0") \
.withColumn ('StateHoliday', df.StateHoliday != '0') \
.withColumn ('SchoolHoliday', df.SchoolHoliday != '0")

# Merge in store information.

store = store csv.join(store states csv, 'Store')

df = df.join(store, 'Store')

# Merge in Google Trend information.

google trend all = prepare google trend()

df = df.join(google trend all, ['State', 'Year',
'Week']) .select (df['*'], google trend all.trend)

# Merge in Google Trend for whole Germany.

google trend de = google trend all[google trend all.file ==
'Rossmann DE'].withColumnRenamed ('trend', 'trend de')

df = df.join(google trend de, ['Year',K 'Week']).select(df['*'],
google trend de.trend de)

# Merge in weather.

weather = weather csv.join(state names csv, weather csv.file ==
state names csv.StateName)

df = df.join(weather, ['State', 'Date'])

# Fix null values.

df = df \

.withColumn ('CompetitionOpenSinceYear',
F.coalesce (df.CompetitionOpenSinceYear, F.1it (1900))) \
.withColumn ('CompetitionOpenSinceMonth',

F.coalesce (df.CompetitionOpenSinceMonth, F.1it(1))) \
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.withColumn ('Promo2SinceYear', F.coalesce (df.Promo2SinceYear,
F.1it(1900))) \
.withColumn ('Promo2SinceWeek', F.coalesce (df.Promo2SinceWeek,
F.lit(1)))
# Days & months competition was open, cap to 2 years.
df = df.withColumn ('CompetitionOpenSince’,
F.to date(F.format string('%s-%s-15'",
df.CompetitionOpenSinceYear,

df.CompetitionOpenSinceMonth)))
df = df.withColumn ('CompetitionDaysOpen',
F.when (df.CompetitionOpenSinceYear > 1900,
F.greatest (F.1it (0), F.least(F.lit (360 *
2), F.datediff (df.Date, df.CompetitionOpenSince))))
.otherwise (0))
df = df.withColumn ('CompetitionMonthsOpen',
(df .CompetitionDaysOpen / 30) .cast(T.IntegerType()))
# Days & weeks of promotion, cap to 25 weeks.
df = df.withColumn ('Promo2Since’',
F.expr('date add(format string("%s-01-01",
Promo2SinceYear), (cast (Promo2SinceWeek as int) - 1) * 7)"'))
df = df.withColumn ('Promo2Days',
F.when (df.Promo2SinceYear > 1900,
F.greatest (F.1it (0), F.least(F.lit (25 *
7), F.datediff (df.Date, df.Promo2Since))))
.otherwise (0))
df = df.withColumn ('Promo2Weeks', (df.Promo2Days /
7) .cast (T.IntegerType()))
# Check that we did not lose any rows through inner joins.
assert num rows == df.count(), 'lost rows in joins'
return df
def build vocabulary(df, cols):
vocab = {}
for col in cols:
values = [r[0] for r in df.select(col) .distinct () .collect ()]
col type = type([x for x in values if x is not None] [0])
default value = col type ()
vocab[col] = sorted(values, key=lambda x: x or default value)
return vocab
def cast columns (df, cols):
for col in cols:
df = df.withColumn (col,
F.coalesce(df[col].cast(T.FloatType()), F.1it(0.0)))
return df
def lookup columns (df, vocab):
def lookup (mapping) :



def fn(v) :
return mapping.index (v)
return F.udf (fn, returnType=T.IntegerType ())
for col, mapping in vocab.items () :
df = df.withColumn (col, lookup (mapping) (df[col]))
return df
if args.sample rate:
train csv = train csv.sample (withReplacement=False,
fraction=args.sample rate)
test csv = test csv.sample (withReplacement=False,
fraction=args.sample rate)
# Prepare data frames from CSV files.
train df = prepare df(train csv) .cache ()
test df = prepare df (test csv).cache ()
# Add elapsed times from holidays & promos, the data spanning training
& test datasets.
elapsed cols = ['Promo', 'StateHoliday', 'SchoolHoliday']
elapsed = add elapsed(train df.select('Date', 'Store', *elapsed cols)
.unionAll (test df.select ('Date', 'Store',
*elapsed cols)),
elapsed cols)
# Join with elapsed times.
train df = train df \

.jJoin (elapsed, ['Date', 'Store']l) \
.select(train df['*'], *[prefix + col for prefix in ['Before',
'"After'] for col in elapsed cols])
test df = test df \
.join(elapsed, ['Date', 'Store']) \

.select (test df['*'], *[prefix + col for prefix in ['Before',
'After'] for col in elapsed cols])
# Filter out zero sales.
train df = train df.filter(train df.Sales > 0)

print ('Prepared data frame')
print ('==s=================")
train df.show ()
categorical cols = [
'Store', 'State', 'DayOfWeek', 'Year', 'Month', 'Day', 'Week',
'CompetitionMonthsOpen', 'Promo2Weeks', 'StoreType',
'Assortment', 'PromoInterval', 'CompetitionOpenSinceYear',
'"Promo2SinceYear', 'Events', 'Promo',
'StateHoliday', 'SchoolHoliday'
]
continuous cols = |
'CompetitionDistance', 'Max TemperatureC',6 'Mean TemperatureC',
'Min TemperatureC', 'Max Humidity',
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'Mean Humidity', 'Min Humidity', 'Max Wind SpeedKm h',

'Mean Wind SpeedKm h', 'CloudCover', 'trend', 'trend de',

'BeforePromo', 'AfterPromo', 'AfterStateHoliday',

'BeforeStateHoliday', 'BeforeSchoolHoliday', 'AfterSchoolHoliday'

]

all cols = categorical cols + continuous cols

# Select features.

train df = train df.select(*(all cols + ['Sales', 'Date'])).cache()
test df = test df.select(*(all cols + ['Id', 'Date'])) .cache()

# Build vocabulary of categorical columns.
vocab = build vocabulary(train df.select (*categorical cols)

.unionAll (test df.select (*categorical cols)) .cache(),

set

one

categorical cols)
# Cast continuous columns to float & lookup categorical columns.

train df = cast columns(train df, continuous cols + ['Sales'])
train df = lookup columns (train df, vocab)
test df = cast columns(test df, continuous cols)

test df = lookup columns (test df, vocab)

# Split into training & validation.

# Test set is in 2015, use the same period in 2014 from the training
as a validation set.

test min date = test df.agg(F.min(test df.Date)).collect () [0][0]
test max date = test df.agg(F.max(test df.Date)).collect() [0][0]

one year = datetime.timedelta (365)

train df = train df.withColumn('Validation',
(train df.Date > test min date -
year) & (train df.Date <= test max date - one year))

# Determine max Sales number.
max sales = train df.agg(F.max(train df.Sales)).collect () [0][O]
# Convert Sales to log domain
train df = train df.withColumn('Sales', F.log(train df.Sales))

print ('Data frame with transformed columns')
prj_nt ( ! e | )
train df.show ()

print ('================")

print ('Data frame sizes')

print ('================")

train rows = train df.filter (~train df.Validation) .count ()
val rows = train df.filter(train df.Validation) .count ()
test rows = test df.count ()

print ('Training: %d' % train rows)
o

print ('Validation: %d' % val rows)
print ('Test: %d' % test rows)



# MODEL TRAINING #

print ('Model training')
print ('s=s============")
def exp rmspe(y true, y pred):
"""Competition evaluation metric, expects logarithic inputs."""
pct = tf.square((tf.exp(y true) - tf.exp(y pred)) /
tf.exp(y true))
# Compute mean excluding stores with zero denominator.
x = tf.reduce sum(tf.where(y true > 0.001, pct,
tf.zeros like (pct)))
y = tf.reduce sum(tf.where(y true > 0.001, tf.ones like(pct),
tf.zeros like(pct)))
return tf.sqgrt(x / y)
def act sigmoid scaled(x):
"""Sigmoid scaled to logarithm of maximum sales scaled by 20%."""
return tf.nn.sigmoid(x) * tf.math.log(max sales) * 1.2
CUSTOM OBJECTS = {'exp rmspe': exp rmspe,
'act sigmoid scaled': act sigmoid scaled}
# Disable GPUs when building the model to prevent memory leaks
if LooseVersion(tf. version ) >= LooseVersion('2.0.0'):
# See https://github.com/tensorflow/tensorflow/issues/33168
OS.enViron['CUDA_VISIBLE_DEVICES'] = '-1"

else:

K.set session(tf.Session(config=tf.ConfigProto (device count={'GPU': 0})))
# Build the model.
inputs = {col: Input (shape=(1,), name=col) for col in all cols}
embeddings = [Embedding(len(vocab[col]), 10, input length=1,
name='emb ' + col) (inputs[col])

for col in categorical cols]

continuous bn = Concatenate() ([Reshape((l, 1), name='reshape ' +
col) (inputs[col])
for col in continuous cols])

continuous bn = BatchNormalization () (continuous bn)
x = Concatenate () (embeddings + [continuous bn])
x = Flatten () (x)

x = Dense (1000, activation='relu',

kernel regularizer=tf.keras.regularizers.12(0.00005)) (x)
x = Dense (1000, activation='relu',

kernel regularizer=tf.keras.regularizers.12(0.00005)) (x)

x = Dense (1000, activation='relu',

kernel regularizer=tf.keras.regularizers.12(0.00005)) (x)
x = Dense (500, activation='relu',

kernel regularizer=tf.keras.regularizers.12(0.00005)) (x)
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x = Dropout (0.5) (x)
output = Dense(l, activation=act sigmoid scaled) (x)
model = tf.keras.Model ([inputs[f] for f in all cols], output)
model . summary ()
opt = tf.keras.optimizers.Adam(lr=args.learning rate, epsilon=le-3)
# Checkpoint callback to specify options for the returned Keras model
ckpt callback = BestModelCheckpoint (monitor='val loss', mode='auto',
save freg='epoch')
# Horovod: run training.
store = Store.create(args.work dir)
backend = SparkBackend (num proc=args.num proc,
stdout=sys.stdout, stderr=sys.stderr,
prefix output with timestamp=True)
keras estimator = hvd.KerasEstimator (backend=backend,
store=store,
model=model,
optimizer=opt,
loss="'mae',
metrics=[exp rmspe],
custom objects=CUSTOM OBJECTS,
feature cols=all cols,
label cols=['Sales'],
validation='Validation',
batch size=args.batch size,
epochs=args.epochs,

verbose=2,

checkpoint callback=ckpt callback)
keras model =
keras estimator.fit (train df).setOutputCols(['Sales output'])
history = keras model.getHistory ()
best val rmspe = min(history['val exp rmspe'])
print ('Best RMSPE: %f' % best val rmspe)
# Save the trained model.
keras model.save (args.local checkpoint file)

o)

print ('"Written checkpoint to %s' % args.local checkpoint file)

f e
# FINAL PREDICTION #
# S e #
pril’lt ( -~ )

print ('Final prediction')

print ('=====s===========")

pred df=keras model.transform(test df)

pred df.printSchema ()

pred df.show(5)

# Convert from log domain to real Sales numbers



pred df=pred df.withColumn('Sales pred', F.exp(pred df.Sales output))
submission df = pred df.select (pred df.Id.cast(T.IntegerType()),
pred df.Sales pred) .toPandas()
submission df.sort values (by=['Id']).to csv(args.local submission csv,
index=False)

print ('Saved predictions to %s' % args.local submission csv)
spark.stop ()

N —

FE=MHIZAR run classification criteo spark.pyo

import tempfile, string, random, os, uuid

import argparse, datetime, sys, shutil

import csv

import numpy as np

from sklearn.model selection import train test split

from tensorflow.keras.callbacks import EarlyStopping

from pyspark import SparkContext

from pyspark.sqgl import SparkSession, SQLContext, Row, DataFrame
from pyspark.mllib import linalg as mllib linalg

from pyspark.mllib.linalg import SparseVector as mllibSparseVector
from pyspark.mllib.linalg import VectorUDT as mllibVectorUDT

from pyspark.mllib.linalg import Vector as mllibVector, Vectors as
mllibVectors

from pyspark.mllib.regression import LabeledPoint

from pyspark.mllib.classification import LogisticRegressionWithSGD
from pyspark.ml import linalg as ml linalg

from pyspark.ml.linalg import VectorUDT as mlVectorUDT

from pyspark.ml.linalg import SparseVector as mlSparseVector

from pyspark.ml.linalg import Vector as mlVector, Vectors as mlVectors
from pyspark.ml.classification import LogisticRegression

from pyspark.ml.feature import OneHotEncoder

from math import log

from math import exp # exp(-t) = e”-t

from operator import add

from pyspark.sqgl.functions import udf, split, 1lit

from pyspark.sgl.functions import size, sum as sglsum

import pyspark.sqgl.functions as F

import pyspark.sqgl.types as T

from pyspark.sqgl.types import ArrayType, StructType, StructField,
LongType, StringType, IntegerType, FloatType

from pyspark.sqgl.functions import explode, col, log, when

from collections import defaultdict

import pandas as pd

import pyspark.pandas as ps

from sklearn.metrics import log loss, roc auc score
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from sklearn.model selection import train test split
from sklearn.preprocessing import LabelEncoder, MinMaxScaler
from deepctr.models import DeepFM
from deepctr.feature column import SparseFeat, DenseFeat,
get feature names
spark = SparkSession.builder \
.master ("yarn") \
.appName ("deep ctr classification") \
.config("spark.jars.packages", "io.github.ravwojdyla:spark-schema-
utils 2.12:0.1.0") \

.config("spark.executor.cores", "1") \
.config('spark.executor.memory', '5gb') \
.config('spark.executor.memoryOverhead', '1500') \
.config('spark.driver.memoryOverhead', '1500') \
.config("spark.sqgl.shuffle.partitions", "480") \
.config("spark.sgl.execution.arrow.enabled", "true") \
.config("spark.driver.maxResultSize", "50gb") \
.getOrCreate ()

# spark.conf.set ("spark.sqgl.execution.arrow.enabled", "true") # deprecated

print ("Apache Spark version:")

print (spark.version)

sc = spark.sparkContext

sglContext = SQLContext (sc)

parser = argparse.ArgumentParser (description='Spark DCN CTR Prediction

Example',

formatter class=argparse.ArgumentDefaultsHelpFormatter)
parser.add argument ('--data-dir', default='file://' + os.getcwd(),
help='location of data on local filesystem (prefixed

with file://) or on HDFS')
def process input file(file name, sparse feat, dense feat):

# Need this preprocessing to turn Criteo raw file into CSV:

print ("START processing input file...")

# only convert the file ONCE

# sample = open(file name)

# sample = '\n'.join([str(x.replace('\n', '').replace('\t', ','")) for
X 1in sample])

# # Add header in data file and save as CSV

# header = ','.join(str(x) for x in (['label'] + dense feat +
sparse feat))

# with open('/sparkdemo/tr-4570-data/ctr train.csv', mode='w',

encoding="utf-8") as f:
# f.write (header + '\n' + sample)
# f.close ()
# print ("Raw training file processed and saved as CSV: ", f.name)
raw df = sglContext.read.option("header", True).csv(file name)



raw_df.show (5, False)

raw_df.printSchema ()

# convert columns Il to I1l3 from string to integers

conv_df = raw df.select(col('label') .cast ("double"),

*(col (i) .cast("float") .alias (i) for i in
raw _df.columns if i in dense feat),
*(col(c) for c in raw df.columns if c¢ in

sparse feat))

print ("Schema of raw df with integer columns type changed:")

conv_df.printSchema ()

# result pdf = conv df.select("*").toPandas ()

tmp df = conv _df.na.fill (0, dense feat)

result df = tmp df.na.fill('-1', sparse feat)

result df.show ()

return result df
if name == " main ":

args = parser.parse_args ()

# Pandas read CSV

# data = pd.read csv('$s/criteo sample.txt' % args.data dir)

# print ("Obtained Pandas df.")

dense features = ['I' + str(i) for i in range(l, 14)]

sparse features = ['C' + str(i) for 1 in range(l, 27)]

# Spark read CSV

# process input file('%s/train.txt' % args.data dir, sparse features,
dense features) # run only ONCE

spark df = process input file('%s/data.txt' % args.data dir,
sparse features, dense features) # sample data

# spark df = process input file('$s/ctr train.csv' % args.data dir,
sparse features, dense features)

print ("Obtained Spark df and filled in missing features.")

data = spark df

# Pandas

#data[sparse features] = data[sparse features].fillna('-1"', )
#data[dense features] = data[dense features].fillna(0, )

target = ['label']

label npa = data.select ("label") .toPandas () .to numpy ()

print ("label numPy array has length = ", len(label npa)) # 45,840,617

w/ 11GB dataset

label npa.ravel ()

label npa.reshape (len(label npa), )

# 1.Label Encoding for sparse features,and do simple Transformation
for dense features

print ("Before LabelEncoder () :")

data.printSchema () # label: float (nullable = true)

for feat in sparse features:

lbe = LabelEncoder ()
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tmp pdf = data.select (feat) .toPandas () .to numpy ()
tmp ndarray = lbe.fit transform(tmp pdf)
print ("After LabelEncoder (), tmp ndarray[0] =", tmp ndarrayl[0])
# print ("Data tmp PDF after lbe transformation, the output ndarray
has length = ", len(tmp ndarray)) # 45,840,617 for 11GB dataset
tmp ndarray.ravel ()
tmp ndarray.reshape (len(tmp ndarray), )
out ndarray = np.column stack([label npa, tmp ndarray])
pdf = pd.DataFrame (out ndarray, columns=['label',6 feat])
s _df = spark.createDataFrame (pdf)
s _df.printSchema () # label: double (nullable = true)
print ("Before joining data df with s df, s df example rows:")
s _df.show(l, False)
data = data.drop(feat).join(s df, 'label').drop('label')
print ("After LabelEncoder (), data df example rows:")
data.show(l, False)
print ("Finished processing sparse features: ", feat)
print ("Data DF after label encoding: ")
data.show ()
data.printSchema ()
mms = MinMaxScaler (feature range=(0, 1))

# data[dense features] = mms.fit transform(datal[dense features]) # for
Pandas df
tmp pdf = data.select (dense features) .toPandas () .to numpy ()

tmp ndarray = mms.fit transform(tmp pdf)

tmp ndarray.ravel ()

tmp ndarray.reshape (len (tmp ndarray), len(tmp ndarray[0]))
out ndarray = np.column stack([label npa, tmp ndarray])

pdf = pd.DataFrame (out ndarray, columns=['label'] + dense features)
s _df = spark.createDataFrame (pdf)

s_df.printSchema ()

data.drop (*dense features) .join(s_df, 'label').drop('label')
print ("Finished processing dense features: ", dense features)
print ("Data DF after MinMaxScaler: ")

data.show ()

# 2.count #unique features for each sparse field,and record dense
feature field name

fixlen feature columns = [SparseFeat (feat,
vocabulary size=data.select (feat) .distinct().count() + 1, embedding dim=4)
for i, feat in enumerate (sparse features)] +
\
[DenseFeat (feat, 1, ) for feat in

dense features]
dnn feature columns = fixlen feature columns

linear feature columns = fixlen feature columns



feature names = get feature names(linear feature columns +
dnn feature columns)

# 3.generate input data for model

# train, test = train test split(data.toPandas(), test size=0.2,
random state=2020) # Pandas; might hang for 11GB data

train, test = data.randomSplit (weights=[0.8, 0.2], seed=200)

print ("Training dataset size = ", train.count())

print ("Testing dataset size = ", test.count())

# Pandas:

# train model input = {name: train[name] for name in feature names}
# test model input = {name: test[name] for name in feature names}

# Spark DF:

train model input = {}

test model input = {}
for name in feature names:

if name.startswith('I"'):

tr pdf = train.select (name) .toPandas ()
train model input[name] = pd.to numeric(tr pdf[name])
ts pdf = test.select (name) .toPandas ()
test model input[name] = pd.to numeric(ts pdf [name])

# 4.Define Model, train,predict and evaluate

model = DeepFM(linear feature columns, dnn feature columns,
task="'binary"')

model.compile ("adam", "binary crossentropy",

metrics=['binary crossentropy'], )

lb pdf = train.select (target) .toPandas ()

history = model.fit (train model input,
pd.to numeric(lb pdf['label']) .values,

batch size=256, epochs=10, verbose=2,

validation split=0.2, )

pred ans = model.predict (test model input, batch size=256)

print ("test LogLoss",
round (log loss(pd.to numeric (test.select (target) .toPandas()) .values,
pred ans), 4))

print ("test AUC",
round (roc_auc_ score (pd.to numeric(test.select (target) .toPandas()) .values,
pred ans), 4))

ZER1E

AR, FH11NTILT Apache Spark 2213, BEF RAGIURSKEEE. WS, Al

« ML 1 DL #HXBINetAppfFfEr=me s, EHRNEFITIARNEREENX TAMERES
B BEIRUENIXE, NetApp Spark fERARFRINE 7YX FIRE Hadoop RGEEYE L4
BB, ZNIREHIRMHME F BEAIFIMRELS RAVA S vl LIFEBNE NSRS EIEIR SIER Spark
fRIRTT R,
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