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Bring Al to Bl: Project Kensho - the road to automated business incident monitoring and diagnostics in Microsoft
Zoie A TEEE (Implementing Al)

Tony Xing (Micrasoft), Bixiong Xu (Microsoft)

Introducing project Kensho, the one stop shop for business incident monitoring and auto insights within
Microsoft, our path of infuse Al into the Bl to serve different Microsoft teams. Our lesson learnt, the technology

evolution, the good and bad, the architecture, the algorithms. And engineering + data science solved a comman
need which is applicable not only for Microsoft but the industry.

Bringing Al into the Enterprise
EL#HE (Presented in English)

Kristian Hammond (Narrative Science)
—EEE  EESEFIS TR SE=EFEEE,

Even as Al technologies move into common use, many enterprise decision makers remain baffled about what

the different technologies actually do and how they can be integrated into their businesses. Rather than

focusing on the technologies alone, this workshop provides a practical framework for understanding their role
in problem-solving and decision-making.



Building Commercial Natural Language Understanding System
soiie A TE8E (Implementing All), ZZ30H3E (Presented in English)

Sangkeun Jung (5K telecom)

Natural language understanding is a core technology for building natural interface such as Al speaker, chatbot
and smartphone. Our team has developed spoken dialog system more than 10 years, and recently launched Al
speaker called NUGU successfully. We will share the lessons and experiences of building commercially efficient
and sustainable natural language understanding system.

Building Deep Reinforcement Learning applications on BigDL/Spark
2HEA TEEE (Implementing Al), Z=30iE (Presented in English)

Arsenii Mustafin (Fudan university)
Deep Reinforcement Learning is a thriving area and has widely use in industry. In this talk we are going to share
our experience on developing Deep Reinforcement learning applications on BigDL/Spark. that's enough

Chatbots! How Business Leaders can avoid Pitfalls and Control Al
AT EaEHEWEH A0 (Impact of Al on Business and Society), {40 A TESE (Al in the Enterprise)

Yi Zhang (University of California Santa Cruz & Rulai)

This talk will provide business leaders a comprehensive overview of the technology landscape of chatbot. You'll
learn best practices with regards to evaluating technologies, how to assemble the right team to manage the

process, user centered bot design principles and risk management. Bot use cases within several industry (travel,
020, etc.) will be presented and discussed.

Conducting Machine Learning Research within Custom-made 3D Game Environments
ERS75E (Models and Methods), Z50#iE (Presented in English)

Danny Lange (Unity Technologies)
In this session, Danny will demonstrate the role games can play in driving the development of Reinforcement
Learning algorithms. He will use the Unity Engine with the ML-Agents toolkit as an example of how dynamic 3D

game environments can be utilized for Machine Learning research.

Crossing the Enterprise Al Chasm
BV A TEEE (Al in the Enterprise), ZITiHE (Presented in English)

Simon Chan (Salesforce)

Building an end-to-end A.l. application on production is tremendously more complicated than simply doing
algorithm modeling in a lab. Many companies, despite having invested heavily in A.l. research, face the
challenge of bringing seemingly great research results into reality. This talk addresses the gap between

multiple steps to bring A.l. fantasy into real world, i.e. Crossing the A.l. Chasm.

Databases: the past, the present, and the future in cognitive computing
ERS757% (Models and Methods), ZZR0#iE (Presented in English)

Haikal Pribadi (GRAKN.AD

The relational database enabled the rise of Bl systems, and MoSQL databases enabled web scale applications.
Now, the future is cognitive computing. However, these systems process data that is more complex than
before. In this talk we will review the evolution of databases and discuss how knowledge graphs/bases sit in this
evolution. Could they serve as the next generation of databases?

Deep Learning for Autonomous Vehicles
oie A TE8E (Implementing Al), #E5757% (Models and Methods)

Bichen Wu (UC Berkeley)

| Success of deep learning research has greatly boosted the progress for autonomous driving, but remaining
issues include : 1) deep learning models require large amount of training data 2) deep learning models can't

achieve 100% accuracy 3) Deep learning models are too computationally expensive for embedded processors.
This talk will focus on solutions for above issues.

Deep Learning for speech recognition and profiling
2HEA TEEE (Implementing Al), Z30E (Presented in English)

Vishay Carmiel (IntelligentWire | Spoken Labs)
Over the past few years neural models have made outstanding achievements in speech recognition and

profiling. Today, we see a variety of applications that use speech recognition and analyze speech. This session
will review how neural models serve as core technique in speech applications, what are the dominated

- -



technmiques, wnich problems still remain and Now Tar are we Trom solving the problem.

Deep Learning with Spark on CPU/GPU heterogeneous environment at production scale
e A TEEE (Implementing Al)

Feng Kuan (1BM Canada), Junfeng Liu (TBM)
g Deep learning is a critical capability to build intelligence from large datasets. Spark integration with
= Deep Learning frameworks like caffe or mxnet enables parallel execution to accelerate learning
_% processing. However, it also introduces some more challenges in the industry deployment. This talk

will share GPU and Deep Learning on Spark usage through real world examples in cognitive
computing.

Deep Reinforcement Learning for Autonomous Driving: Recent Advances and Future Challenges

=oiie A TEEE (Implementing Al), #E5757% (Models and Methods)

Erran Li (Uber)

Deep reinforcement learning has enabled artificial agents to achieve human-level performance across many
challenging domains (for example, playing Atari games and Go). Deep reinforcement learning has the potential
to significantly advance autonomous driving. | will present recent advances and discuss future challenges of the
field.

AT

Deep reinforcement learning tutorial
oiie A T EEEE (Implementing Al), #E5757% (Models and Methods), ZE30#E (Presented in English)

Arthur Juliani (Unity Technologies)

- — EE  EEISEFRS T Ra SE=EEESE,
Recently, computers have been able to learn to play Atari games, Go, and first-person shooters at a superhuman
level. Underlying all these accomplishments is deep reinforcement learning. Arthur Juliani offers a deep dive
into reinforcement learning, from the basics using lookup tables and GridWorld all the way to solving complex
3D tasks with deep neural networks.

Deep Reinforcement Learning's Killer App: Intelligent Control in Real-World Systems
1Bl A TE8E (Al in the Enterprise), ZCHE (Presented in English)

Mark Hammond {Bonsar)

Mark Hammond dives into two case studies highlighting how deep reinforcement learning can be applied to

‘: - real-world industrial applications.

Democratizing Deep Reinforcement Learning
FEEH

Danny Lange (Unity Technologies)

This presentation will introduce an exciting new chapter in Al's history that is changing the way we develop and
test learning algorithms that can later be used in real life.

Extending Spark NLP: Training your own deep-learned natural language understanding models
Soiie A TESEE (Implementing Al), R 5757% (Models and Methods)

David Talby (Pacific Al)

Understanding specific languages, jargons, domain-specific documents and writing styles is usually required to
achieve high accuracy when reasoning about text. This talk explains how to train custom word embeddings,
named entity recognition and question-answering models on the NLP library for Apache Spark.

Feature Engineering: the missing link in applying machine learning to deliver business value
2HEA TEEE (Implementing Al), BE S757E (Models and Methods), ZX0HiE (Presented in English)

Hendra Suryanto (Rich Data Corporation )
A case study from a Canadian financial lender that we helped transition from manual to automated credit

. decisioning. We employed Gradient Boosting Machine and Deep Learning to build the model. In addition of
modelling techniques, we would like to highlight that feature engineering plays important role in improving the
model performance.

Get Your Hard Hat: Intelligent Industrial Systems with Deep Reinforcement Learning
BGHHE (Presented in English)

A Mark Hammond (Bonsai)



b Mark will explore a wide breadth of real-world applications of deep reinforcement learning, including robotics,
s manufacturing, energy and supply chain. Mark will also walk through best practices and tips for building and
- ‘ deploying these systems, highlighting the unique requirements and challenges of industrial Al applications.

Getting up and running with TensorFlow
A TEEE (Implementing Al), BREEE (Models and Methods), Z303H4E (Presented in English)

Yufeng Gue (Google)
o AR EENEERERAE SR=E T ESE,

We will walk you through training a machine-learning system using TensorFlow, a popular open source library.

Starting from conceptual overviews, we will build all the way up to complex classifiers. You'll gain insight into

deep learning and how it can apply to complex problems in science and industry.

Introducing Spark NLP: State of the art natural language processing at scale
=hEA T EEE (Implementing Al), BRIEAE (Models and Metheds)

David Talby (Pacific Al)

Natural language processing is a key component in many data science systems that must understand or reason
about text. This talk introduces the NLP library for Apache Spark, which natively extends Spark ML to provide
open source, fully distributed & optimized versions of state of the art NLP algorithms. We'll review the library's
design and working code samples in PySpark.

Lessons Learned from Singles Day: Using Al to Keep Ecommerce and Internet Business Glitch-Free
BV A TEEE (Al in the Enterprise)

Shyam Sundar (Anodot)
Keeping web sites and mobile apps glitch-free under the stress of massive numbers such as Singles Day can be
‘ achieved with unsupervised machine learning. Pricing errors, conversion problems and business opportunities

can be caught early and resolved, protecting against revenue loss and brand damage.

Scaling Convolutional Neural Networks with Kubernetes and TensorFlow
=oiie A TEEE (Implementing Al), Z30i3E (Presented in English)

Reza Zadeh (Matroid & Stanford)

We present a Kubernetes deployment that provides customized computer vision and stream monitoring to a
large number of users. Reza offers an overview of Matroid's pipeline and demonstrates how to customize
computer vision neural network models in the browser, followed by building, training, and visualizing
TensorFlow models, which are provided at scale to monitor video streams.

Tensor Processing Unit: A processor for neural network designed by Google
=oiie A TE8E (Implementing All), ZE30iH3E (Presented in English)

Kazunari Sato (Google)

Tensor Processing Unit (TPU) is a LSI designed by Google for neural network processing. TPU features a large-
scale systolic array matrix unit that achieves outstanding performance-per-watt ratio. In this session we will
learn how a minimalistic design philosophy and a tight focus on neural network inference use-cases enabled the

high performance neural network accelerator chip.

TensorFlow for Science

FEE

Sherry Moare (Google)

Artificial intelligence isn't the future of technology; it is rapidly becoming a part of all of our lives. In this talk,
Sherry will talk about how machine learning can benefit the world, especially through science. She will discuss
her own work on learning to learn (AutoML) and several fascinating uses of TensorFlow and machine learning in

China and around the world.
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Transfer learning and the future of Al
Bl A TEEE (Al in the Enterprise), Z2HHE (Presented in English)

Ben Lorica (O'Reilly Media), Roger Chen (), Jason (Jinguan) Dai (Intel)

#=H#E=FF Ben Lorica, Roger Chen 5 Jason DaifiETaE—FEEEH,

Dr. Catherine Havasi (Luminosa)
The next frontier in Al is transfer learning, which enables computers to apply what they've learned in one

scenario to new situations. This will make Al-based systems far more powerful, reusable, and flexible. But is it
ready for enterprise deployment, and if so, how can it be applied to solve business problems? Join Dr. Catherine

Havasi to find out.

Turning Machine Learning Research into Products for Industry
BV A TEEE (Al in the Enterprise), . 5757% (Models and Methods)

Reza Zadeh (Matroid & Stanford)

In this talk, Reza will explore and tackle three challenges on the way to building cutting-edge ML products,
with examples, recommendations, and lessons focused on Computer Vision products.

Tutorial on Machine Learning for Autonomous Driving
=oiie A TEEE (Implementing Al), R 5757% (Models and Methods)

Erran Li (Uber)
AR SRR e SR SR,

Machine learning holds the key to solve autonomous driving. Despite recent advances, major problems are far

from solved both in terms of fundamental research and engineering challenges. This tutorial will cover the
4R fundamentals and recent advances.

Using Al To Analyze Financial News Impact
ERS75%E (Models and Methods), ZZR0#iE (Presented in English)

Zhefu 5hi (University of Missouri)
This session presents how to use Al to analyze financial news impact. How to use financial news is critical.

Analyzing these news leads a lot of insights. This session discusses: 1) a financial data pipeline; 2) extract
finance news; 3) analyze the business impact of the corresponding finance news.

Very large-scale image processing with BigDL at JD.com
hEA T EEE (Implementing Al)

b & o Xianyan Jia (Intel)

b

! BigDL (an open source distributed deep learning framework based on Apache Spark) provides rich end-to-end

supports for large-scale image processing. We will introduce how to build end-to-end deep learning
applications with flexibility and scalability using BigDL. We will also share our experience in building large scale

image feature extraction pipeline in JD.

Xiaoice: Learnings from Conversation between Human and Al
5ATEEE5E (Interacting with Al)

775 (Microsoft China)

Xiaoice(s]viK) is a renowned Al product with more than 100 millions users in China, Japan and US since its first
release on May 2014 It builds human-alike conversational interactions with users based on Al's EQ as important
to its 1Q. This talk will share key learnings from the past four years of Xiaoice's technological explorations, and

experiences on how to build better chat-bot experience.
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