INTELLIGENT APPLICATION NETWORKS

WITH MULE AND TENSORFLOW



MACHINE LEARNING BASED Al WILL TRANSFORM 80% OF BUSINESSES IN FIVE YEARS
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A MAJOR CHALLENGE IS MANAGING CONNECTIVITY AND CONSTANT CHANGE

Accelerating hyperspecialization of
data, applications, and devices



AVERAGE ENTERPRISE HAS 91 CLOUD SERVICES JUST IN MARKETING GREW FROM 150 TO 6800 SINCE 2011

HYPER SPECIALIZATION IN MARKETING
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THIS TREND IS ACCELERATING IN EVERY INDUSTRY AS THE PACE OF CHANGE INCREASES

COMPANIES DOING “INITIAL COIN OFFERINGS

=I 134 blockchain startups with ICOs

B Closed initial coin offerings greater than or equal to $500K. 2014 - 2017 (09/08/2017)
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TO BUILD A SYSTEM OF INTELLIGENCE, START WITH AN “MINIMUM VIABLE MODEL" AND ITERATE

DATA TEAMS MUST ITERATE QUICKLY

Identify, Refine Problem

Improve Model Collect Data

Collect Feedback Explore Data

Deploy System Prepare training data

Evaluate Model Train Model



MOST TIME-CONSUMING, LEAST ENJOYABLE DATA SCIENCE TASK

COLLECTING AND CLEANING DATA IS 80%
50/0 Other

0
0 reating Iraining Set
C ® T ® ® S

fﬂl 9% Collecting Data

Cleansing and organizing

007

0
B 9/0 Mining for patterns

https://www.forbes.com/sites/gilpress/2016/03/23/data-preparation-most-time-consuming-least-enjoyable-data-science-task-survey-says



WITH HYPERSPECIALIZATION CURRENT PROBLEMS WILL BECOME WORSE

FAILURE TO ITERATE RAPIDLY

» Custom code to get models into As his data lake slowly turned into a
production grade applications data swamp, Carruthers regretted

L o not investing more in data quality...
» Lack tight integration with user

» Long ETL cycles, different update cycles

W W

» Poor discoverability —\‘\ 7 \‘\ 7

» Lack of labeled data

» Data lakes become dumping grounds
» Governance

» Poor metadata



CONNECTIVITY AND ORCHESTRATION MEETS MACHINE LEARNING TO ENABLE RAPID ITERATION

SYSTEMS OF INTELLIGENCE
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CONNECTING APPLICATIONS, DATA, AND DEVICES INTO COMPOSITE APPLICATIONS

APPLICATION NETWORKS

» APls and metadata
» Data types
» Capabilities

» Orchestration

» Composite applications

Ei

https://www.mulesoft.com/resources/api/what-is-an-application-network



RAPIDLY ITERATE PRODUCTION MODELS AS SERVICES

Pipeline Orchestration Composite Application

2. [rain Params

Deploy as Microservice

Update API

Evaluate and Deploy Build App

)

Collect Feedback

Define Model

Connect Real-Time

83%%, ‘.d
4

Engage

Publish API

Connect

Mule Connectors



A CHURN PREDICTION: DESIGN AND IMPLEMENT AN API

churn_prediction.raml

* ChurnPrediction
: vl

» SDSS Demo CloudHub

GET http://churn-predictor.us-w2.cloudhub.io/api/predict?customerld=7590-VHVEG

Headers (3)

Key Value

Content-Type application/json

client_id fc&\\\\\\\\\\\\\\\\\\\\\)bmmcﬁ
client_secret O, 7 £ B8c340

Body (5)
Pretty JSON —
1> {
2 "probability"”: "0.6368237733840942",
3 “churn": "yes"
4 }

B e e e (Lt Bl e ",
probpabpiility : |

Querying the production server in Postman

APl Spec and Type Definitions (RAML)



ONCE YOU DEPLOY AND PUBLISH, YOU'VE ADDED A NOTE TO THE APPLICATION NETWORK

Assets

Assets

organizations

MuleSoft All types V ! churn
Permaling

Showing results for "churn”. Save this search
My applications

Public portal ~ |

Settings

Runtime Manager & Permaling

ChurnPrediction Google Prediction Connector

- @® churn-predictor  Live Console Deployments

Error activating API ChurnPrediction-v1-v1:13198293 (13198293). Reason:
Dashboard com.mulesoft.mule.runtime.gw.client.exception.HttpResponseException: Unable to activate endpoint for
13198293. Server status: 401

0 v 00:13 - Deployment

= System Log
PUbIlSh the API for Other app|ications to use in Insight 01:55':48.857 05/17/2018 | WOrkt‘ar—G agw-api-keep-alive.01l INFO R i
I Logs Applying backoff step #1: delaying polling for 31 seconds.
/ . A 05:51:28.906 05/17/2018 Worker-0 agw-policy-polling.01 ERROR
MUIeSOﬁ S AnypOInt Platform Application Data There was an error retrieving API API ChurnPrediction-v1-v1:13198293 (13198293). Reason:
Queues com.mulesoft.mule.runtime.gw.client.exception.HttpResponseException: Unable to get API information
from API Platform Server status: 401
Schedules
©5:51:28.906 05/17/2018 Worker-0 agw-policy-polling.01 INFO
Applying backoff step #1: delaying polling for 16 seconds.
Settings
A 08:44:57.808 05/17/2018 Worker-0 agw-api-keep-alive.0l ERROR
Error activating API ChurnPrediction-v1l-v1:13198293 (13198293). Reason:
ram muulacafd mala rantaima mu rliant aveantinn HeétnDacnancafvrantinne llinahla +a artbdiuvata andnnint far

Deploy as a micro service to MuleSoft's PaaS (based on Kubernetes)



LOAD KERAS MODEL AND WEIGHTS INTO SPARK AND CALL FROM MULE

var keras_model:

def (): Unit = {
val in = this.getClass.getClasslLoader
tream( )
s.copyInputStreamToFile(in, new File(_tmp _model file))

Keras_model KerasModelImport.importKerasSequentialModelAndWeights(_tmp_model file)

def | . Arrayl ] ) java.util.

1f (keras _model == null) init churn_model

val d: INDArray = Nd4j.create(predictors)
val prob = keras_ ulwl labelProbabilities(d).getDouble(0)

val jmap new util.HashMap |
jmap.putl , 1f (prob > )

anquULh , prob.toString)

jmap




ORCHESTRATING THE ML PIPELINE WITH MULE FLOWS

Fetch

\_

-

salesforce

Postgre SQL

Z
&3 kaifka.

Mule
Connectors

~

J

Preprocess

select(data.frame.a.c)

Mule
e Scheduler
e DataWeave

R Packages
* Recipe

e Dplyr

* Farcats

\_

Train

\_

— - output lzyey

input layer

hidden layar 1 hidden layar 2

Tensorflow

e 35 inputs

e 2 hidden layers
e Binary output

R Packages
o Keras
e Rsampler

_

o 4

Evaluate

-

n-165 NO YES

~
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A
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\_
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Mule
e Scatter-Gather
e Choice

R Packages
e Yardstick

J

Publish

C )

Amazon S3

Mule
Connector

Persist

* Recipe
e Model
e Weights
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BUILDING THE ML PIPELINE IN MULESOFT'S ANYPOINT STUDIO

= — =
W mule-pipeline {4 dev.yam! \X| pam.xml % churn_prediction O = Mule Palette =

Search in palette Clear
¥ ScheduledPipeline Q . a
04 Search in Exchange.. | & Logger (Core)

(+) Add Modules @ Listener (HTTP)
E— - Favorites @ Request (HTTP)
W Core (D Transform Message (C:

Logger {= Amazon S3 QSet Payload (Core)
[ ? | (= Apache Kafka @ Flow Reference (Core)
3 N e Default = i
| - ( Database & Chaice (Core)
- : Chonce  File
Scheduler List . N _—

{= Salesforce

AcqunreData CreateModel PublishMadelS3 {= Scripting

{~ Sockets

Logger

» Error handling

¥ AcquireData

R is invoked here

AcquireS3Data AcqmreSaIesforce AcqmreBlIIlngData

¥ AcqguireBillingData

Selec Transform
PostgresSelect Message erteToCSV

w Mviklilakbiladalrn



PROCESSING THE DATA USING RECIPES

Preparing the training and test with R Recipes

rec_obj <- recipe(Churn ~ ., data = train_tbl
step_discretize(tenure, options = list(cuts
step_lLog(TotalCharges
step_dummy(all_nominal(), -all_outcomes(
step_center(all_predictors(), -all_outcomes(
step_scale(all_predictors( all_outcomes
prep(data = train_tbl
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Data Set

x_train_tbl bake(rec_obj, newdata train_tbl select(-Churn
Watson dataset on Telco Churn - - -00]J, _tol |

, x_test_tbl bake(rec_obj, newdata = test_tbl select(-Churn
* 20 predictors of churn

* Demographics from Salesforce
* Products from billing database

, . y_train_vec Lfelse(pull(train_tbl, Churn
* Transactions from 53 flat files y_test_vec 1felse(pull(test_tbl, Churn

Adapted from: https://tensorflow.rstudio.com/blog/keras-customer-churn.html



TRAIN THE MODEL WITH KERAS WITH TENSORFLOW BACKEND

Defining the model in R Keras

model_keras

Layer_dense(
units
kernel_initializer
activation
1nput_shape

Layer_dropout(rate

layer_dense
units
kernel_initializer
activation

Layer_dropout(rate

Layer_dense
units
kernel_initializer
activation

complle
optimizer
Loss
metrics

keras_model_seqguential

3

ncol(x_train_tbl

HIDDEN LAYER 1
(20, 16), RELU

HIDDEN LAYER 2

(16, 16), RELU

HIDDEN LAYER 2
(16, 1), SIGMOID

Training the model in R Keras
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history <- fit(
object
X

Y
batch_size

epochs
validation_split

yhat_keras_class_vec

as.vector(

yhat_keras_prob_vec

as.vector(

™ acc I val_acc

model_keras,
as.matrix{x_train_tbl),
y_train_vec,

)

predict_classes(object =
X = as.matrix{x_test_tbl)’

predict_proba{object

X as.matrix(x_test_tbl)) %

mode L_keras,

mode l_keras,




EVALUATE WITH YARDSTICK, “PUBLISH” UPDATE MODEL IF IT IMPROVES

estimates_keras_tbl <~ tibble(
truth = as.factor(y_test_vec) %% fct_recode(yes = , No
estimate as.factor(yhat_keras_class_vec) %>% fct_recode(yes )
class_prob = vhat_keras_prob_vec 1.00~

estimates_keras_tbl
options(yardstick.event_first

estimates_keras_tbl %% metrics(truth, estimate)

estimates_keras_tbl %% conf_mat(truth, estimate)

true positive fraction

estimates_keras_tbl %% roc_auc(truth, class_prob)

roc_plot <- ggplot(estimates_keras_tbl, aes(d truth, m class_prob)) geom_roc(

tibble(
precision = estimates_keras_tbl %>% precision(truth, estimate),
recall . estimates_keras_tbl %>% recall(truth, estimate)

estimates_keras_tbl %% f_meas(truth, estimate, beta =

1
"N N
'u.-.) \-'

false positive fraction

-
-

- -

()]




ADDING SYSTEMS OF INTELLIGENCE TO THE APPLICATION NETWORK

INTELLIGENT APPLICATION NETWORKS

» Specifications

» Capabilities

» Ontologies

» Orchestration

» Composite applications

» Knowledge Graph

» Systems of Intelligence

» Computational Graphs



LINK TO PRESENTATION, VIDEO OF DEMO, AND CODE FOR EXAMPLE

https://github.com/sharner/sdss-mule

Soren Harner is a principal data scientist with Permaling.

Permaling provides strategy consulting, implementation, and
training for Al in the enterprise.

https://permaling.com

soeren [at] permaling [dot] com Pe r m a | I n g
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