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& Hlot)| #l et Process & & (Deep Learning Process)
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Streaming Data
Data Selection
Data Cleaning

Data Augmentation
Data Pre-Processing
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Pre-Processing(lmage)
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Transfer learning with deep features
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The Perspective of Data Flow

Streaming Data Data Selection Data Cleaning Data Augmentation
Data Pre-Processing

Feature Engineering
Model Generation Model Selection

Hyper parameter optimization

Model Tuning




SYSTEM OVERVIEW
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LAMBDA ARCHITECTURE
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The Perspective of System
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The Perspective of Data Scope
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The Perspective of Data Scope
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Use simple classifier
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Use simple classifier
e.g., logistic regression,
SVMs
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Traditional vs AutoML

Streaming Data
Data Selection
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Model Optimization

Variables ¢

Allocate X# of Y ¢
type of employee
to Z location

Objective

Maximize workforce distribution

Constraints

zation| 2 Cost. supply,

/€ demand. time/
season. site
location

<«

Data Inputs
Employee location, job titles, salary/salary grades,
employee skills and profiles, # employees needed per
site/per season/per hour

Recommended actions

Priontized # employees, skills, job titles, and location
combinations to pursue

\ 4

Implementation
Will we need to hire to fill the gap? Do we need to relocate
resources?

Results Measured/Model Updated

Add relocation costs when quantified




The Perspective of The Automation
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Intent Mapping

- Pattern Generation Pattern Pre-Processing

Entity Mapping

Feature Engineering

Model Generation

Hyper Parameter Tuning

Model Selection Model Tuning

Prediction
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The Perspective of The Automation

Al Data
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Architecture Overview

GPU Train Docker

GPU Server

CPU Server

DB Server
Inference Docker
LB Server Data Docker
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RPA(Robotic Process Automation)
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Data as a Service (DaaS)

1.) Capture & Normalize 2.) Validate & Enrich 3.) Format & Deliver
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