Machine Translation in Clinical
Trial Development



Data as the New Core Capability of
Digital Business

People

Technology Process Technology

Gartner defines data literacy as: The ability to read, write and communicate data in
context, including an understanding of data sources and constructs, analytical methods
and techniques applied, and the ability to describe the use case application and resulting
value.



4 Stages of Data Analytics Maturity

VALUE
Optimization

How can we make it happen?

Decision /"

What will happen?

Prescriptive

Why did it happen? Predictive Analytics

Analyftics

Diagnostic

Information Analytics

What Happened?

Descriptive
Analytics

Hindsight Insight Foresight




Use machine learning to solve a variety of
business challenges
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Booking.com

Translation Service

Google’s Neural Machine Translation System: Bridging the Gap
between Human and Machine Translation
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Machine Translation at Booking.com:

Journey and Lessons Learned
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Deep Visual-Semantic Alignments for Generating Image Descriptions

Abstract

We prasent a model that genemtes natuml language descrptions of Images and they egions. Our approach lermages datasets of mages and their sensance
descriptions to lsarn about the Intermodal comespondences batween language and visusl date, Our signment model 13 based on a nowvel comblnation of
Comnvolgional Neurl Networks over ymage regions, bidvectonal Recurrent Newrsl Networks Over sentences, and 8 structured objeciive that aligns the two
modalities through & multimody emdedaing. We then describe 8 Mutimodsl Recurment Neursl Network architecsure that uses the infered alignments to leemn 10
gerergle rove cescriplions of image ragiong, We demangtrate that cur alignment modsl produces s1ate of e Brl rasulls 0 retieval experiments on Fhckrik
Flickr30x and MESCOCD datasets. We then show that the generated descriptions significantly outberform retrieval baseines on both full images and on 8 new
datapst of regon-leves areictations
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Seq2Seq (Recurrent Neural Network)
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FairSeq (Convolutional Neural Network)

Embeddings

Caonvolutions

Dot products

Gated
Linear
Units
Convolutional Sequence to Sequence Learning
Attention
Jonas Gehring, Michael Auli, David Grangier, Denis Yarats, Yann N. Dauphin 2
(Submitted on 8 May 2017 (v1), last revised 25 Jul 2017 (this version, v3))
The prevalent approach to sequence to sequence leaming maps an input sequencetoav
recurrent models, computations over all elements can be fully parallelized during training a
and we equip each decoder layer with a separate attention module. We outperform the acc
speed, both on GPU and CPU.
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Performance Community Monitoring Visualization
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Mercury

» Business Scenario
 Clinical Study Report (hybrid)
* Audit report (For documentation, non-official)

* Drug Product

» Best Scenario
e Repeat, Urgent, Multilingual



Technology Exploration

» Tokenize
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» NER(Named-entity recognition)
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Figure 1: An example of NER application on an example text



Technology Exploration

» Memory

;|

elasticsearch
» Synonym mapping

"united states, u s a, united states of america => usa"



Challenge

B> Hardware utlllzatlon rate

» Data Quality
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Run the model with could

») Launch blec-image 4.
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Challenge

» Hyperparameter tuning

» Continuous model Training



Challenge

» Leverage Pre-training word vectors
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Abstract

Concrete

Combine Design Thinking, Lean Startup and
Agile to Raise our Game in Digital Business

Sprint Planning

Customer Solution

LEAN STARTUP AGILE



Q&A

» Thanks



