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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
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0| EMIIEES SHMO|AL REX0l ™S HEY £ U= HES LICE ofoff w2t LHEY = O ' F719t
SHO|Lt FHOZ O EA FHS O|X[=XE HTHMO=E TAFY HRIF ULt
CI2 E0ll= NASDAQ 22| 10CH 7|Hol CHet 28 +~F2 24H 2M0| HEE= Lt J&L|CH
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Beg e
x

2HH 10.13% 18.06%  8.69% 5.24% 9.07% 12.08% 11.44% 13.25% 6.23%

=2 87.17% 79.02% 88.82% 91.87% 88.42% 86.50% 84.65% 83.77% 92.44%
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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.extradavaOptions="-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

sys4m4d6.173s
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Spark NLP Sentiment Analysis End-toEnd Workflow Runtime

(Lower is better)
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Ch2 TS HAsHH J0f 1707t ZehEl 160702 AT U= T OrAE L ES AFE310] Spark 22{AE{0[A
2HEIR] FHEQt =1 mpo | HYE[JSLICE M2 2= 927} LMSIX| 2E = F executor HIE2|7} 5GBE
MStE|ASLC MES E= Of*'AIQ "2 &8 MHEE Python A3EE™

'keras_spark_horovod_rossmann_estlmator.py’°| Hlo|Ef M2|, 22 =2 gl I3 Mate A Aof| et XiAlst LI

(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
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reald4d3m34.608s
userl2m22.057s
sys2m30.127s
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23 H|0|E{E M2|6t1, DNN 22 S uKst, M- E
IS H45h= Ol 432 0| 40| ZRELIC

b IStASLICH &M= HEA22 2
=g 2F0t7| 2l th7f 10022 2E =0 ASL U2

Epoch =01 H|2{|5t0{ =t ELICt.

L2 2 S2{AH0M AFEE 4= U= 4712 ZUXF =S AHE5tD HDFSO| A H|O|E{ 2 B4 'YARN' ZEZ S2ot
ATEES HAHMSLIC

(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

21 HEFY 2 ChS 2 20| JHM = AS LT

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

Spark2| Horovod 221} H|O|E HHIE Soll 102 WS EpochE "HAet "2ZA" ZEo| M3 £ 7} 5 20

= | MM=QI HDFS2t Local2 EA|EIL|C} 7|2 TensorFlow DNN 22 ng8
GPUE A2t O 7t&3E 4 JAESLICH NetApp2 O| HIAEE 86t Z1tE o= 7|s EIM0| AAIE
A<l L|ct.

CHS HIAEO|AM = NFSOI| 4 ot= @12 C|0|E{2F HDFSE H|wsto] A3 A|ZHS H| w3 ELICH AFF A8002| NFS
EE52 Spark 22{AHQ| 57 = =(0rAE 17H, ZHA X} 4H)0l| 24 '/Spkdemo/horovod of Ot EE|AELICEH NFS
OrREE 712|7|= "--data-dir' 0H7] 5 ALZ510] O| ™ HIAEQ} H| X0 HH S HAYSLICH

(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 file:///sparkdemo/horovod
--local-submission-csv /tmp/submission 2.csv
--local-checkpoint-file /tmp/checkpoint/

> /tmp/keras spark horovod rossmann estimator nfs.log 2>&1
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NFse| 21 BELY2 ChZa 2L Ct.

real 5m46.229s
user 5m35.693s
sys 1mb.615s

Cts 2ot 20| £ =7t 1.430 O SME[R/}SLICEH 2t 022 S AEN| HZ El NetApp All-Flash 2AE2[X|E
E4ll Horovod Spark Y2 EZ 0| A tHE H|0|E M& Sl O] O|™M S F2|1n T L EoAM M= 20| H|sH
7.550 O W E £ 5 SAe & JUSL|CH

Horovod Spark Workflow Runtime
(Lower is better)

Seconds
0 500 1000 1500 2000 2500 3000

Input data location

NF'S 346.229

CTROIZ 458 93t € 2l 2

CTRE Z|CHISIEE HAIEl FH AAHIS 22 X2 =M0M =2 =ME £SO R Albte 2 =

Flofl st 7|5 4= 282 StEolof gL X2 &M 7St £2 M9 7|5 4= 82 & FSILE
HEFSHR| o1 240t H 21'd ZEo| £20] ZQELICE Q1= J[A 7|8 MZF HE 2! Deep
Factorization Machine)2 MZ2 AL O [HIXOM 7|5 S&S flet HE Argtat H 2/d2 2Tt 2
7| #|(factorization Machine)S Z&tetLICt.

ﬂ

o2
O
(0]
[©)

©

ISl B o1 7|7l & 19 715 U S 7| 1ol FAH Mefol U HEOR DU O EHOR e
SN HES WA £ K|S AR O{M 2fd AR 52 AN A AE2|X| BRHOE QIS UHHHOR 21} Il
Ao T80t ALSBILICE Googled} 22 & 72 UEYT MY "210[= ¢ & DH i, M ofo|= Dt g
Deg Zerelof slo|Hals HEYD TEN Kt 7ls A H8S s

0| Wide & Deep Model0|= 7|2 2to|= EE 0t T ZH0f| et & 7kX] (=0 QIeH, O & A= oHs| HEHQ
O AXILIHE S BRZ S22 CHE FHo)| Choh 2tstat = gl= 7|a 3 HC Lot 2 S

DeepFM2 H2 f21 #2 F=20| 3L &= 5! Zat HIHE SRot7| W20 7|5 AX|L 0 810 RAW
J|ISCR BE8XoE NKS We & YSLCL

HX Criteo '7|ALixt'(11GB) LY S NFS 02 E0| K& E CTR_E2[Ql.csvEti= CSV YU Z XMLt
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https://arxiv.org/abs/1606.07792
https://arxiv.org/abs/1606.07792
https://arxiv.org/abs/1606.07792
https://arxiv.org/abs/1606.07792
https://arxiv.org/abs/1606.07792
https://arxiv.org/abs/1606.07792
https://arxiv.org/abs/1606.07792
https://arxiv.org/abs/1606.07792
https://arxiv.org/abs/1606.07792

Ispclassification_criteo_spark.py2t= A4S ALE8H0] /spkdemo/TR-4570-dataZ A2 ELICH “2f =2 =&
Ared[of] CHEE Python AT ZIE™ O] AT RIEO|A &4 "process_input_file"2 042 EXIE HAEE £3sto] B2
HAHSHD 2 7|22 "), E HHECE "\n"'E MUYLICL ZE SE0| FHOE HAFEE 2l 7|Xt txtTh H2|5tH
ELIC

CHS DL 22 E|AEES 9ol 3 I Z CTR_E|Ql.csvE AEHELICH T4 HAE Mo 213 cSv ot
o], ¥ U J|s TIM,'12', 3., M3 "HETL EE AF|Okt Q= Spark DataFrame2 2 A5 H&L|CH
J2|1 AnfA I|K "['C1','C2','C3',...,'C26']". C}2 'park-submit' B2 221 CSVOA 338t Wit HASE 2
20% 282 DeepFM ZHE WSt 1089 WK Epoch $0f| X|Xo| RHIS MEHSIH HIAE MEQ| 0% HELE
Al ArtL|CE.

(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

HiolE I 'CTR_E2|Ql.csv'7t 11GBE X 1totEE QRS WX|st2{H H0o|E ME 37|20t S&5t
spark.driver. maxResultSizeS X sl{0f tL|C}.

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.sqgl.execution.arrow.enabled", "true") \
.config("spark.driver.maxResultSize", "50gb") \
.getOrCreate ()

2| 'parkSession.builder' A H| M = ZMSIUCE "Apache SHEHE"0|= Df. toPandas() HA =S AF23510] Spark
DataFrame2 Pandas DataFrame2 2 HEtStL|LCL.

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.

e 2 =, 1 HOIE MEo| 36M 0| H11 H|AE MEO| oM HE0]| JASLICE
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https://arrow.apache.org/
https://arrow.apache.org/
https://arrow.apache.org/

Training dataset size = 36672493
Testing dataset size = 9168124

0| 7|= E11M= GPUE AFESHX| @t CPU HIAEO HEEEE MAESH At E2f1E AHE35IK TensorFlowE
TE5H= A0| ZQELICE O] HHAl= GPU 7t% 2H0|HE|2|E = ESHX| 211 TensorFlow2| AVX(Advanced Vector
Extensions) % AVX2 H&E S Z[Ciet ZESLICE 0|2{%t 7|52 WESHE 7t OE X E iR A CHES} E=
HHMI DNN S 22 MH C AlLtof] SHA| BA=[JASLICE 256H|E B8 AH(FP) HIXAHE AH8St=
AVX20{| M AT & = FMA(Fused Multiply Add) 82 M4 3 E 5l |0 YAl0f MetstH x|Cf 2812 £EE
H2EL|Ct FP 2= 3 O|0|E K829 B AVX2E= AVXO]| HISH 8% 2 £ =2 H|ZTHL|Ct.

2022-06-18 07:19:20.101478: I
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.

AAO|M TensorFlowS WESHYH AL S HESIL|CH Bazel'. RE|= Sixf| S0 Chel & TEXE0||M OIS HHYS
M5O df, df-plugins, BazelS A X[EHL|CL,

yum install dnf

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

9C TZNA S0 C++ 17 7|52 AFR3I2{H GCC 5 0| A2 2HAsl8lof EHL|Ct. 0] 7|52 RHELOA
SCL(Software Collections Library)zt &1 MS&L|Ct CHS BE2 RHEL 7.9 22{AE0]| devtE4! 3! GCC
11.2.12 SX[&LCt.

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

Opx|e} & HHE Jopt/rh/devEAll -11/root/usr/bin/gcc(GCC 11.2.1
git 0] 1.8.3 O| &QIX| ZQIStA|2(RHEL 7.92+ &1 S ).
AO|0|ESte B2

)E ME3tE devaAl -112 EM3tgtL|Ct T3t
O|E &ZSIMAIR "7| Al gitE 2.24.12

%4l TensorFlow OFAE XMZA £ 0|0| MLt 7PFetL|C O~ CHg "2 37t A2 ALEste] "2 3
CIHEZ|E IS0 AVX, AVX2 S FMAE AH25t0{ 2 A0 M TensorFlowS 7EELICH "MA MU S Adlist
ZHIZ Python HIO|{2| $|X[E X|™EILICE "CUDA" GPUE AM2SHX| 4%47| 20| E|AE| AFEE 4 QlEL

MHEo| w2t bazelrc' TFY 0| MM EILICH E3E IS MESED "build—define=no_hdfs_support=false"S X s}0q

pa]
1%


https://bazel.build/
https://travis.media/how-to-upgrade-git-on-rhel7-and-centos7/
https://travis.media/how-to-upgrade-git-on-rhel7-and-centos7/
https://travis.media/how-to-upgrade-git-on-rhel7-and-centos7/
https://developer.nvidia.com/cuda-toolkit

AE'II-I al

HDFS XIS SASIIELIC HO| bazelrc'S MESHIAIR “58 28 M2 Python ATZE " 4H Y
A

=g
SS9 M S =S BAIFLIC

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

ZHIE ZM I E AH8510 TensorFlowE LESH = Lt AR EE MASHY Critio Display Ads H|O|E MEE
X2[std DeepFM 222 W Kst1 0| & 42| Receiver Operating Characteristic Curve(ROC AUC) Of2H0]| /U=
IS AlbketL|ot,

(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

10819] W Epoch <0i| E|AE H|O|E MEO| AUC E+E HUASLICL.
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Epoch 1/10

125/125 - 7s - loss:
0.4629 - val binary

Epoch 2/10

125/125 - 1s - loss:
0.5146 - val binary

Epoch 3/10

125/125 - 1s - loss:
0.6166 - val binary

Epoch 4/10

125/125 - 1s - loss:
0.7261 - val binary

Epoch 5/10

125/125 - 1s - loss:
0.7961 - val binary

Epoch 6/10

125/125 - 1s - loss:
0.9502 - val binary

Epoch 7/10

125/125 - 1s - loss:
1.1329 - val binary

Epoch 8/10

125/125 - 1ls - loss:
1.3794 - val binary

Epoch 9/10

125/125 - 1ls - loss:
1.6115 - val binary

Epoch 10/10

125/125 - 1s - loss:
1.6768 - val binary

test AUC 0.6337

O AME At2f|et H|zoh EA

crossentropy: 0.4624

crossentropy: 0.5130

crossentropy: 0.6144

crossentropy: 0.7235

crossentropy: 0.7934

crossentropy: 0.9474

crossentropy: 1.1301

crossentropy: 1.3766

crossentropy: 1.6087

crossentropy: 1.6740

Spark $2AE 22 HEIYS CHE 2|X|0f L= HIO|E{2F ]

AlO
o
Spark {2 =2 HEtYO Cist © 21'd CTR o= HI_'_BJ LT},

0.4976 - binary crossentropy:

0.3281 - binary crossentropy:

0.1948 - binary crossentropy:

0.1408 - binary crossentropy:

0.1129 - binary crossentropy:

0.0949 - binary crossentropy:

0.0778 - binary crossentropy:

0.0651 - binary crossentropy:

0.0555 - binary crossentropy:

0.0470 - binary crossentropy:

.4974

.3271

.1928

.1383

.1102

.0921

.0750

.0622

.0527

.0442

val loss:

val loss:

val loss:

val loss:

val loss:

val loss:

val loss:

val loss:

val loss:

val loss:

AsLICt o 282
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Scala Spark Aggregation - Throughput MB/Sec
(Higher is better)
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HZSIo 2m|0|A Q/EE HE| HER! S2IRE0 YHE 2

SR EYLICH ol0| 22| = 22t EE A[tieh 2 E5t2{H H[0|E Het EEE OH% | 70|

.|0 mjo

of of2f =&k Qlzey 9._*%'2
= 'IC')I'

= - =20 — -

2| HEZ QO] At 2tFut HE| S2tRE 2F ZHof| Clo|E{ & AEsHA 0lsE = U0{oF
eLCt.

T2 2Kt AEZ|X|E S22 EE 0|S5t0] HIO|H B2t 22 A2 Al2|E Z&3t7Lt ofE2|3|0]M 7Y, DevOps
SH Z2 H|ELA F2|E|Z YIAZEE SERER o[ =N Sto|HE[E FERE HEE AI”EH:H'_ YELIC.
JHCS M 5%t IAZEE O|SEL|CH ¢ 3 2EIX SAE DevOps X OiE2|A|0|M JHEL, HIO|E{H|O| A, B,
g0l ff SO| 7HE 17| A= Sto|EE|= Ef C o|32C Z SILIQILIC} SlE{ Tat0|X Al T2 E 0| =

HIE, 212 7|Z0| Al KHEH 2 ’.é-_'?:.4 T 2 BHAIZ Fo{RtE ALICt.

NetApp OPOIHEI': S2RE £RMS A8%tE 12 SE 2k HIoIH AHAA, 7

shz0 A GlO|E I IZ 2SS £ Hofhol A 2| 4 YO, A0 T2 5 % HIES 2| Hstet o
AgLICH ChZ 272 0749 8lH|0|E 24 HI0|HE fIg 2E| 22tRE HES

ol Llct.
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O] AlLt2| 20| ME o2 AAN M AWSZE A= |oT H|0|E{7F NPS(NetApp Z2t0[8l AEZ|X])2] Z2 2[X|of
MZHEILICE NPS AE2|X|[= AWSEt Azured| 2 X[t Spark EE= Hadoop S2{AE0| HZAL|0] 62 220N
M| = HIG|o|E 24 ofE2(H|0|M0| St HIO|E0]] HMAL = YEZE X|BILICE O] ZHE Al =R
QAR 0HH| = CHS ot Z2&LICE

* D2 o 2EHREE A S HIO|Eoff CHet 24 2P S Mt 1 BfL|Ct.

* Ctefet diMet S5IEE Sall Al 2, 22t 28t 22 thet 2 A2 8E H|0[E{E 2otof BfL|Ct.

* ERU2 28H0[1 H|E 2EH0[0{of fL|Ct

* 2l A= M2 CHE At 8 22FRE 8 ZH] 5o 22| = B4 MH|AS H|Sotes HIE 22X0|1 225
£2HS F=5h= AYLIT

NetApp2| HIO|E E3 5l HE| S2t2E HZE £ 2 62 SI0|H A 220 22RE &4 oS 2(7H|0[H0] UAtt=
EHE oZgLict. ¢ 22t 20| MMl Ho|E 7t AE2|YE|0] KafkaE S3ll AWS Spark 22 AE 2 +Z LT,
Of H|0|E{ = Equinix El|O|E| HIE] Lo| 22tRE Gt 2/F0f A= NPSOf| A= NFS 70| MZELICt

Hn

NetApp NPS= ZtZt Direct Connect2t Express Route 2 S £3ll Amazon AWS % Microsoft Azure0i|

HZE B2, D42 H0|E 0|5 gl= &M 2ES 28510 Amazon X AWS 24 22{AE E5F0fA H|O|E{0f
HMNAE 4= QELICE mhatA AL AEZ|X|QF NPS AEZ|X| Z5E ONTAP 2T EQ{E MeHsty| w20
"SnapMirrors & Z0HA| 2" NPS H0|E{E AtLf S2{AEO| O|2{&5t0] ALLH 91 042 22tRE Mt sto|E2|=
222E BN 7|52 HSE = JUSLICH

| Ho| 452 floh LUHMO =2 o] HER I QIEH0|A 3 &Y HE =

QIAEIAO| H|O|E{0f| HM|ASH= Z10] ZEELICE NetApp2 CH2 S H|Z$t CHE Data Mover 2282 HQ38I1
USLICH"xCP" & "BlueXP SAt B! S7(=t nZHo| of Z2|A|0|M QI HOt Bl H| 28Xl sto|Ee|E 22t
AoS SHAHE 2&5Y 5 JYTE X[AGLICH

E ZZE Ao 22RE

2 =28 A EE Python A3 EE

CtS Ml 7FX| Python ASZE = EHIAEE AHZ M| 71X =2 A AR2|ofl SHEHELICEH & H
'sentiment_analysis_sparklp.py’ &L|C}.

rr

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

import os
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https://docs.netapp.com/us-en/ontap/data-protection/snapmirror-replication-concept.html
https://docs.netapp.com/us-en/ontap/data-protection/snapmirror-replication-concept.html
https://docs.netapp.com/us-en/ontap/data-protection/snapmirror-replication-concept.html
https://docs.netapp.com/us-en/ontap/data-protection/snapmirror-replication-concept.html
https://docs.netapp.com/us-en/ontap/data-protection/snapmirror-replication-concept.html
https://mysupport.netapp.com/documentation/docweb/index.html?productID=63942&language=en-US
https://cloud.netapp.com/cloud-sync-service
https://cloud.netapp.com/cloud-sync-service
https://cloud.netapp.com/cloud-sync-service
https://cloud.netapp.com/cloud-sync-service
https://cloud.netapp.com/cloud-sync-service
https://cloud.netapp.com/cloud-sync-service
https://cloud.netapp.com/cloud-sync-service

import sparknlp

import pyspark.sqgl.functions as F

from sparknlp import Finisher

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',

'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 = {num negative /
total lines}\n")

return

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



def

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
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) == 2:
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('/")
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print (input parse list)

if input parse list[-2:-1] == ['Transcripts']:
print ("Start processing HDFS directory: ", str(argv[1l]))
process hdfs dir(str(argv([1l]))

print (f" [OK!] All done. Number of files processed = {numfiles}")

I AIEIE = keras_spark_horovod_rossmann_estimator.py®! L|Ct.

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= FH H HF 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.sgl.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)
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 ':

args = parser.parse_args()

i mEmmmmem—ee———
# DATA PREPARATION #
f =mmmmmmmmmm————=
e e

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") \
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.set ('spark.executor.memory', '5gb') \
.set ('spark.executor.memoryOverhead', '1000")\
.set ('spark.driver.memoryOverhead', '1000")
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',
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F.coalesce (df.CompetitionOpenSinceYear, F.1it (1900))) \
.withColumn ('CompetitionOpenSinceMonth',
F.coalesce (df.CompetitionOpenSinceMonth, F.lit(1l))) \
.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.1lit (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')
PRIt ('S
train df.show ()
categorical cols = [
'Store', 'State', 'DayOfWeek', 'Year', 'Month', 'Day', 'Week',
'CompetitionMonthsOpen', 'Promo2Weeks', 'StoreType',
'Assortment’', 'PromoInterval', 'CompetitionOpenSinceYear',
'"Promo2SinceYear', 'Events', 'Promo',
'StateHoliday', 'SchoolHoliday'
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continuous cols = |
'CompetitionDistance', 'Max TemperatureC', 'Mean TemperatureC',
'Min TemperatureC', 'Max Humidity',
'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']l)) .cache()

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

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

one 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')
print ( == = L )

train df.show ()

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 ()

Q

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



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

B e
# MODEL TRAINING #
B
print ('==============")

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((1, 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',
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kernel regularizer=tf.keras.regularizers.12(0.00005)) (x)

X Dense (500, activation='relu',
kernel regularizer=tf.keras.regularizers.12(0.00005)) (x)
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)
print ('Written checkpoint to %s' % args.local checkpoint file)

G===———————"!
# FINAL PREDICTION #
# S #
print(':=::::::::::::::')

print ('Final prediction')
print('::::::::::::::::')
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 ()

Ml |HIH A ZE = run_classification_criteo_spark.py2iL|C}.

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.sql.functions import udf, split, 1lit

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

from collections import defaultdict
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import pandas as pd
import pyspark.pandas as ps
from sklearn.metrics import log loss, roc_auc score
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 ()
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(1l, 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 ndarrayl[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
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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))

M
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QAMNSE 7|HOE ot M5 AT HIAENA NetApp Spark £2 M2 |4|0|E|E Hadoop
A ARNOf HISH FOjt M52 LEUSLICE of 20| ®ZE 02 AL Atz ! &5 Z20E
xEHst0o] B A8t Spark S2MS MEIE £ QI&LICE

* Apache Spark OF7|EIX % 714 24
"http://spark.apache.org/docs/latest/cluster-overview.html"

* Apache Spark AFS AL
"https://www.qubole.com/blog/big-data/apache-spark-use-cases/"

* Apache & 1t
"http://www.infoworld.com/article/2897287/big-data/5-reasons-to-turn-to-spark-for-big-data-analytics.html"

* AIf3 NLP
"https://www.johnsnowlabs.com/spark-nlp/"

=
"https://arxiv.org/abs/1810.04805"

* Deep and Cross Network for Ad PredictionsS Z2!gtL|C}
"https://arxiv.org/abs/1708.05123"

* FlexGroup
"http://www.netapp.com/us/media/tr-4557 .pdf"

* AEE|IYETL
"https://www.infog.com/articles/apache-spark-streaming"

* Hadoop2 NetApp E-Series &M
"https://www.netapp.com/media/16420-tr-3969.pdf"

* NetApp Al 14 HFL|FHO|HE Sot Z4F 24
"https://docs.netapp.com/us-en/netapp-solutions/pdfs/sidebar/Sentiment_analysis_with_NetApp_Al.pdf"

* NetApp2| 4 C|O|EH 24 &2
"https://docs.netapp.com/us-en/netapp-solutions/data-analytics/index.html"

* SnapMirrorE & ZSHAIL
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https://www.johnsnowlabs.com/spark-nlp/
https://arxiv.org/abs/1810.04805
https://arxiv.org/abs/1708.05123
http://www.netapp.com/us/media/tr-4557.pdf
https://www.infoq.com/articles/apache-spark-streaming
https://www.netapp.com/media/16420-tr-3969.pdf
https://docs.netapp.com/us-en/netapp-solutions/pdfs/sidebar/Sentiment_analysis_with_NetApp_AI.pdf
https://docs.netapp.com/us-en/netapp-solutions/data-analytics/index.html

"https://docs.netapp.com/us-en/ontap/data-protection/snapmirror-replication-concept.html"
* xCP
https://mysupport.netapp.com/documentation/docweb/index.html?productiD=63942&language=en-US
* BlueXP SAF % S713t

"https://cloud.netapp.com/cloud-sync-service"

=

* DataOps €3

"https://github.com/NetApp/netapp-dataops-toolkit"
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