






INTRODUCTION

Machine learning (ML) is frequently the 
catalyst that turns business data into accurate 
predictions and actionable information. For 
many companies, however, the barriers to 
entry seem daunting:
 
•���¿�Ö�é�Ö���ã�Ú�Ú�Ù�è���é�ä���×�Ú���Ù�Þ�è�Ø�ä�ë�Ú�ç�Ú�Ù�����ä�ç�Ü�Ö�ã�Þ�ï�Ú�Ù����

�Ö�ã�Ù���è�é�Ö�ã�Ù�Ö�ç�Ù�Þ�ï�Ú�Ù��

•���¾�ä�â�å�ê�é�Ú���ç�Ú�è�ä�ê�ç�Ø�Ú�è���ã�Ú�Ú�Ù���é�ä���×�Ú���è�ä�ê�ç�Ø�Ú�Ù��
to handle ML workloads

•���È�ä�Ù�Ú�á�è���ã�Ú�Ú�Ù���é�ä���×�Ú���×�ê�Þ�á�é���Ö�ã�Ù���é�ç�Ö�Þ�ã�Ú�Ù���×�î��
data scientists

•���Ê�ê�é�å�ê�é�è���ã�Ú�Ú�Ù���é�ä���×�Ú���Þ�ã�é�Ú�Ü�ç�Ö�é�Ú�Ù���Þ�ã�é�ä��
business processes

When faced with requirements that are hard 
to scope out and goals that require 
imagination, companies need expert help. 
�Ç�Ö�ç�ç�î���Ë�Þ�ï�Ú�é�é�Ú�����è�Ú�ã�Þ�ä�ç���â�Ö�ã�Ö�Ü�Ú�ç���Ö�ã�Ù���á�Ú�Ö�Ù�Ú�ç���ä�Û��
the Machine Learning (ML) Solution Lab at 
�¼�â�Ö�ï�ä�ã���Ò�Ú�×���Î�Ú�ç�ë�Þ�Ø�Ú�è�����à�ã�ä�ì�è���Ö���á�ä�é���Ö�×�ä�ê�é��
overcoming ML barriers. He meets with 
customers from diverse industries, helping 
them plan and implement their ML initiatives 
across a wide range of use cases.

We had the opportunity to sit down with Larry 
and pose 10 questions, eliciting his insights for 
business leaders who want to understand ML 
trends, how to get a project started, and how 
to move from proof-of-concept to production.  

APPROACHING ML

What’s driving interest in 
machine learning today?

�Ò�Ú���ç�Ú���Ö�é���Ö�ã���Þ�ã���Ú�Ø�é�Þ�ä�ã���å�ä�Þ�ã�é�����ì�Ý�Ú�ç�Ú���â�Ö�Ø�Ý�Þ�ã�Ú��
learning has hit the common consciousness.  
�Ï�Ý�Ú�ç�Ú���Ö�ç�Ú���ç�Ú�Û�Ú�ç�Ú�ã�Ø�Ú�è���é�ä���Ö�ç�é�Þ���Ø�Þ�Ö�á���Þ�ã�é�Ú�á�á�Þ�Ü�Ú�ã�Ø�Ú��
�Ö�ã�Ù���â�Ö�Ø�Ý�Þ�ã�Ú���á�Ú�Ö�ç�ã�Þ�ã�Ü���ä�ã���é�Ú�á�Ú�ë�Þ�è�Þ�ä�ã�����â�Ö�Ü�Ö�ï�Þ�ã�Ú�è����
websites, and product announcements – it’s 
�Ú�ë�Ú�ç�î�ì�Ý�Ú�ç�Ú�������¾�ê�è�é�ä�â�Ú�ç�è���Ö�ç�Ú���á�ä�ä�à�Þ�ã�Ü���Ö�é���È�Ç���Û�ä�ç���Ö��
�ë�Ö�ç�Þ�Ú�é�î���ä�Û���Ù�Þ���Ú�ç�Ú�ã�é���ç�Ú�Ö�è�ä�ã�è�����×�ê�é���Þ�é���é�Ú�ã�Ù�è���é�ä���×�Ú��
around the same goals: better experiences and 
outcomes for their customers, improved 
operations, and, for commercial customers, 
�×�Ú�é�é�Ú�ç�����ã�Ö�ã�Ø�Þ�Ö�á���ç�Ú�è�ê�á�é�è�����½�ê�è�Þ�ã�Ú�è�è���ä�ì�ã�Ú�ç�è���ì�Ö�ã�é��
to unlock the potential of their data.  It’s hard 
not to pay attention to machine learning. 
 

�¼�ç�Ú���é�Ý�Ú�ç�Ú���è�å�Ú�Ø�Þ���Ø���Þ�ã�Ù�ê�è�é�ç�Þ�Ú�è���ä�ç��
�Û�ê�ã�Ø�é�Þ�ä�ã�è���é�Ý�Ö�é���Ö�ç�Ú���è�é�ç�ä�ã�Ü��
candidates for ML?

�Ò�Ú���Ý�Ö�ë�Ú���Ø�ê�è�é�ä�â�Ú�ç�è���Û�ç�ä�â���â�Ö�ã�î���Ù�Þ���Ú�çent 
business areas: oil and gas, healthcare, life 
�è�Ø�Þ�Ú�ã�Ø�Ú�����Þ�ã�è�ê�ç�Ö�ã�Ø�Ú�������ã�Ö�ã�Ø�Þ�Ö�á���è�Ú�ç�ë�Þ�Ø�Ú�è����
restaurants, professional sports, transportation, 
government, and educational institutions. 
�¾�ê�è�é�ä�â�Ú�ç�è���Ö�ç�Ú���Ø�ä�â�Þ�ã�Ü���é�ä���é�Ý�Ú���È�Ç���Î�ä�á�ê�é�Þ�ä�ã�è���Ç�Ö�×��
because they want to get started with ML 
�Ø�Ö�å�Ö�×�Þ�á�Þ�é�Þ�Ú�è���Þ�ã���é�Ý�Ú�Þ�ç���ä�ç�Ü�Ö�ã�Þ�ï�Ö�é�Þ�ä�ã�è�����Ö�ã�Ù���é�Ý�Ú�î���Ù��
like to understand the art of the possible. 

For example, insurance companies want to help 
assess risk better, to better price their products 
�Ö�ã�Ù���â�Ö�Þ�ã�é�Ö�Þ�ã���é�Ý�Ú�Þ�ç���å�ç�ä���é�Ö�×�Þ�á�Þ�é�î�����½�ê�è�Þ�ã�Ú�è�è��
leaders, government leaders, educational 
leaders are all starting to think about how ML 
�Ø�Ö�ã���Þ�â�å�Ö�Ø�é���é�Ý�Ú�Þ�ç���ä�ç�Ü�Ö�ã�Þ�ï�Ö�é�Þ�ä�ã�è�����Ï�Ý�Ú�î���à�ã�ä�ì���é�Ý�Ö�é��
they need to get started; they’re just not 100 
percent sure where to begin. They know that 
�¼�â�Ö�ï�ä�ã���Ý�Ö�è���Ö�ã���Ú�í�é�Ú�ã�è�Þ�ë�Ú���Ý�Þ�è�é�ä�ç�î���ì�Þ�é�Ý���â�Ö�Ø�Ý�Þ�ã�Ú��
learning, so they come to us, and we can help 
them get going. 

IMPLEMENTING ML

What steps do organizations 
need to take when they want 
to get started with ML?

Getting started is really a matter of three 
steps: learning about ML, ideation on use 
cases and approaches for validating the ideas, 
and implementing one or two high-value 
�å�ç�ä�ä�Û���ä�Û���Ø�ä�ã�Ø�Ú�å�é�è���•�Ë�Ê�¾�è�–��

�Ä�Û���î�ä�ê�ç���ä�ç�Ü�Ö�ã�Þ�ï�Ö�é�Þ�ä�ã���Ù�ä�Ú�è�ã���é���Ö�á�ç�Ú�Ö�Ù�î���Ý�Ö�ë�Ú���Ö��
solid foundation of ML knowledge, we 
recommend taking the time to educate 
your business and operational leaders.
When customers come to us needing this 
�à�ã�ä�ì�á�Ú�Ù�Ü�Ú�����ì�Ú�����ç�è�é���Ú�ã�Ü�Ö�Ü�Ú���é�Ý�Ú�â���Þ�ã���Ö��
machine learning discovery session, sitting 
down with our specially trained business 
�Ù�Ú�ë�Ú�á�ä�å�â�Ú�ã�é���ä�ç�Ü�Ö�ã�Þ�ï�Ö�é�Þ�ä�ã�����¼�è���å�Ö�ç�é���ä�Û���é�Ý�Ö�é��
step, we make sure that customers 
understand, at a business level, how ML 
works, and the importance of data to 
�é�Ý�Ú�Þ�ç���ä�ç�Ü�Ö�ã�Þ�ï�Ö�é�Þ�ä�ã�è����

The next step is typically to have an ideation 
�è�Ú�è�è�Þ�ä�ã���Ö�ã�Ù���Þ�Ù�Ú�ã�é�Þ�Û�î���Ë�Ê�¾�è�����Ò�Ú���á�Þ�à�Ú���é�ä���Þ�ã�Ø�á�ê�Ù�Ú��
both business leaders — the business owners 
that are looking for the outcomes that they 
want — and IT folks that can help us identify 
the data to meet the business need. This is the 
point where we start identifying the details of 
�Ö���Ë�Ê�¾���Ö�ã�Ù���é�Ý�Ú���×�ê�è�Þ�ã�Ú�è�è���ä�ê�é�Ø�ä�â�Ú�è������

We also dive into the importance of having an 
understanding of the data, and in many cases, 

having annotated data — that is, having data 
that is tagged with information about the data 
itself.  An example would be an image and a 
�Ù�Ú�è�Ø�ç�Þ�å�é�Þ�ä�ã���ä�Û���é�Ý�Ú���Þ�â�Ö�Ü�Ú�����Ï�Ý�Þ�è���è�é�Ú�å���Þ�è���è�Þ�Ü�ã�Þ���Ø�Ö�ã�é����
�Ö�è���â�Ö�ã�î���ä�ç�Ü�Ö�ã�Þ�ï�Ö�é�Þ�ä�ã�è���Ù�ä�ã���é���à�ã�ä�ì���é�Ý�Ú���Ù�Ö�é�Ö��
that they have or how they’ll access it — and 
data is necessary for training ML models. 

PROVING ML’S WORTH

�Î�ä���é�Ý�Ö�é���×�ç�Þ�ã�Ü�è���ê�è���é�ä���é�Ý�Ú���é�Ý�Þ�ç�Ù��
�è�é�Ú�å�����Ò�Ý�Ö�é���Ù�ä�Ú�è���Ö���è�ê�Ø�Ø�Ú�è�è�Û�ê�á��
proof-of-concept look like?

�Ò�Ú�����ã�Ù���é�Ý�Ö�é���Ø�ê�è�é�ä�â�Ú�ç�è���é�Ý�Ö�é���Ö�ç�Ú���ì�Þ�á�á�Þ�ã�Ü���é�ä��
identify impactful business cases — something 
�Þ�â�å�ä�ç�é�Ö�ã�é���é�Ý�Ö�é���Ø�Ö�ã���ç�Ú�Ö�á�á�î���â�Ö�à�Ú���Ö���Ù�Þ���Ú�ç�Ú�ã�Ø�Ú���é�ä��
�é�Ý�Ú�Þ�ç���ä�ç�Ü�Ö�ã�Þ�ï�Ö�é�Þ�ä�ã���”���Ö�ç�Ú���é�Ý�Ú���ä�ã�Ú�è���é�Ý�Ö�é���Ø�Ö�ã��
demonstrate results quickly with ML. 

It’s really important that customers are willing 
to prototype and do proofs of concept to get 
going. If they try to “boil the ocean” and have a 
multi-year deliverable, it’s much harder to 
demonstrate forward progress.

�Ò�Ý�Ú�ç�Ú���Ä���ë�Ú���è�Ú�Ú�ã���Ë�Ê�¾�è���Ü�ä���ç�Ú�Ö�á�á�î���Û�Ö�è�é���Þ�è���ì�Ý�Ú�ã��
customers have the data and are highly 
motivated. With those customers, they get the 
data; they allocate resources to the 
collaboration with us; they get us going with 
access to the data and a clear objective; and we 
�Ø�Ö�ã���è�Ý�ä�ì���Þ�ã�Þ�é�Þ�Ö�á���Ë�Ê�¾���â�ä�Ù�Ú�á�Þ�ã�Ü���ç�Ú�è�ê�á�é�è���Þ�ã���Ö�è��
little as three weeks from when we get access 
to the data. 

Once the POC stage is 
���ã�Þ�è�Ý�Ú�Ù�����Ý�ä�ì���á�ä�ã�Ü���Ù�ä�Ú�è���Þ�é���é�Ö�à�Ú��
to implement an ML solution 
in production?

�Ê�ã�Ø�Ú���î�ä�ê���ë�Ú���å�ç�ä�ë�Ú�ã���é�Ý�Ú���å�ä�é�Ú�ã�é�Þ�Ö�á���ä�Û���È�Ç�����é�Ý�Ú��
next step is to move capability to production, 
which may include integrating the ML 
capability into a larger IT system.

When a customer moves a workload to 
production, it’s typically longer in duration 

�é�Ý�Ö�ã���é�Ý�Ú���Ë�Ê�¾�����Ä�é���ç�Ú�Ö�á�á�î���Ù�Ú�å�Ú�ã�Ù�è���ä�ã���é�Ý�Ú��
complexity, because we are building machine 
learning into the overall system. If it’s a 
standalone type of capability, it can go into 
production very quickly. If it has to be 
integrated with a much larger ecosystem 
of IT systems and business processes, it can 
take several months.  

�½�ê�é���é�Ý�Ú���Ø�ä�ä�á���é�Ý�Þ�ã�Ü���Ö�×�ä�ê�é���Þ�é���Þ�è�����ä�ã�Ø�Ú���î�ä�ê���Ü�Ú�é���ê�å��
and running, you can keep updating your 
models. You're gathering data, you're 
gathering outcomes, and you're improving 
your models over time. As you gather more 
data and information on what “good” looks 
like, it’s critical to iterate by re-training and 
re-evaluating your models — this will help 
you to ensure you’re getting the best 
outcomes possible. 

As there is variability in each custom use case, 
our ML Solutions Lab can help our customers 
�ì�Þ�é�Ý���è�Ø�ä�å�Þ�ã�Ü���Ë�Ê�¾�è���Ö�ã�Ù���å�ç�ä�Ù�ê�Ø�é�Þ�ä�ã���Ù�Ú�å�á�ä�î�â�Ú�ã�é����

What are some examples 
you’re especially proud of?

I’m particularly proud of the really cool work 
that we’ve done with professional sports 
�á�Ú�Ö�Ü�ê�Ú�è���è�ê�Ø�Ý���Ö�è���È�Ö�ß�ä�ç���Ç�Ú�Ö�Ü�ê�Ú���½�Ö�è�Ú�×�Ö�á�á���•�È�Ç�½�–������
�Á�ä�ç���Ú�í�Ö�â�å�á�Ú�����ì�Ú���Þ�Ù�Ú�Ö�é�Ú�Ù���ì�Þ�é�Ý���à�Ú�î���È�Ç�½��
stakeholders on a compelling capability for 
�é�Ý�Ú���é�Ú�á�Ú�ë�Þ�è�Þ�ä�ã���Ö�ê�Ù�Þ�Ú�ã�Ø�Ú�����Ê�ã�Ø�Ú���ì�Ú���Ù�Ú�Ø�Þ�Ù�Ú�Ù��
�ê�å�ä�ã���Ö���â�ä�Ù�Ú�á���é�Ý�Ö�é���Þ�Ù�Ú�ã�é�Þ���Ú�è���Ö���ç�ê�ã�ã�Ú�ç���è��
chance of success for stealing second base, it 
took us three weeks, starting on September 1, 
2018 to prepare the data, train, evaluate and 
deploy the model.  

�Ò�Ú���á�Ú�ë�Ú�ç�Ö�Ü�Ú�Ù���¼�â�Ö�ï�ä�ã���Î�Ö�Ü�Ú�È�Ö�à�Ú�ç���Ö�è���Ö���à�Ú�î��
�å�Ö�ç�é���ä�Û���é�Ý�Þ�è���Ú���ä�ç�é�����Þ�ã�Ø�á�ê�Ù�Þ�ã�Ü���Ù�Ú�å�á�ä�î�â�Ú�ã�é���Þ�ã�é�ä��

production in the cloud. SageMaker provided 
the requisite sub-second response time for 
making predictions (called inferences), and, 
using an auto-scaling cluster, it provided both 
the high availability and high performance 
�é�Ý�Ö�é���È�Ç�½���ã�Ú�Ú�Ù�Ú�Ù�����Ô�ä�ê���á�á���×�Ú���Ö�×�á�Ú���é�ä���è�Ú�Ú���é�Ý�Þ�è��
�Þ�ã���Ö�Ø�é�Þ�ä�ã���Ö�é���Û�ê�é�ê�ç�Ú���È�Ç�½���Ü�Ö�â�Ú�è�����Þ�ã�Ø�á�ê�Ù�Þ�ã�Ü��
the 2018 World Series.

ML IN PR ACTICE

What advice do you have 
�Û�ä�ç���Ø�ä�â�å�Ö�ã�Þ�Ú�è���á�ä�ä�à�Þ�ã�Ü���é�ä��
embrace ML? 

We recommend focusing on how you can 
deliver a better experience for your customers 
and identifying the business and operational 
outcomes desired — and then leveraging ML to 
meet those needs.

�Ï�ä���Ý�Ú�á�å���ç�Ú�Ö�á�Þ�ï�Ú���é�Ý�Þ�è���å�ä�é�Ú�ã�é�Þ�Ö�á�����Ø�ê�á�é�ê�ç�Ö�á�á�î�����é�Ý�Ú�ç�Ú��
needs to be an acceptance that ML is an 
important part of business and operations. 
�Á�ç�Ú�æ�ê�Ú�ã�é�á�î�����Ú�ã�é�Ú�ç�å�ç�Þ�è�Ú�è���Ý�Ö�ë�Ú���Ù�Þ���Ú�ç�Ú�ã�é���Ä�Ï���Ü�ç�ä�ê�å�è����
each of which has its own area of expertise or 
business units that they support. Some ML 
initiatives may require information from across 
these domains, so it’s important to understand 
�é�Ý�Ú���Ù�Ö�é�Ö���è�é�ç�Ö�é�Ú�Ü�î���Ö�ã�Ù���ì�Ý�Ú�ç�Ú���È�Ç���ì�Þ�á�á�����é���Þ�ã����

What role does cloud 
computing play in ML?

�Ï�Ý�Ú���Ø�á�ä�ê�Ù���Ý�Ö�è���ç�Ú�Ö�á�á�î���Ù�ä�ã�Ú���è�ä�â�Ú���Ö�â�Ö�ï�Þ�ã�Ü���é�Ý�Þ�ã�Ü�è��
for machine learning, because you can try out 
capabilities. You can do proofs of concepts. If 
you run into a problem, no worries. You just 
tried it out. There's no hardware, and you can 
scale up or down. You have the data there, so 

�Ò�Ý�Ö�é���â�Ö�à�Ú�è���È�Ç��
from AWS unique? 

We’re trying to put machine learning 
�Þ�ã�é�ä���é�Ý�Ú���Ý�Ö�ã�Ù�è���ä�Û���Ú�ë�Ú�ç�î���ä�ç�Ü�Ö�ã�Þ�ï�Ö�é�Þ�ä�ã��
and build out services so that we can help 
�ì�Þ�é�Ý���é�Ý�Ú���ê�ã�Ù�Þ���Ú�ç�Ú�ã�é�Þ�Ö�é�Ú�Ù���Ý�Ú�Ö�ë�î���á�Þ�Û�é�Þ�ã�Ü��
of machine learning.

If you look at our ML services stack, you can 
�è�Ú�Ú���é�Ý�Ö�é���é�Ý�Ú�ç�Ú���Ö�ç�Ú���â�Ö�ã�î���Ù�Þ���Ú�ç�Ú�ã�é���á�Ú�ë�Ú�á�è���ì�Ý�Ú�ç�Ú��
you can employ AWS services. At the very 
highest level, we have API-based machine 
learning services such as Rekognition, Lex, 
�Ë�ä�á�á�î�����¾�ä�â�å�ç�Ú�Ý�Ú�ã�Ù�����Ï�ç�Ö�ã�è�á�Ö�é�Ú�����Ö�ã�Ù���Ï�ç�Ö�ã�è�Ø�ç�Þ�×�Ú����
These services are very easy to use and do not 
require a data scientist.

For customers that want to go a layer deeper, 
we have infrastructure services, such as 
SageMaker, that make it easier to build, train, 
and deploy capabilities into the cloud. 
�Î�Ö�Ü�Ú�È�Ö�à�Ú�ç���Þ�è���Ö�ã���Ö�â�Ö�ï�Þ�ã�Ü���Þ�ã�Û�ç�Ö�è�é�ç�ê�Ø�é�ê�ç�Ú��
service that makes it exceptionally easy to run 
widely used framework software such as 
�¼�å�Ö�Ø�Ý�Ú���È�í�É�Ú�é�����Ï�Ú�ã�è�ä�ç�Á�á�ä�ì�����Ë�î�Ï�ä�ç�Ø�Ý�����¾�Ö�Û�Ú������
�Ö�ã�Ù���¾�Ý�Ö�Þ�ã�Ú�ç�����¼�á�è�ä�����Î�Ö�Ü�Ú�È�Ö�à�Ú�ç���Þ�ã�Ø�á�ê�Ù�Ú�è���×�ê�Þ�á�é�’�Þ�ã��
�Ö�á�Ü�ä�ç�Þ�é�Ý�â�è���é�Ý�Ö�é���Ý�Ö�ë�Ú���×�Ú�Ú�ã���ä�å�é�Þ�â�Þ�ï�Ú�Ù���Ö�ã�Ù���Ø�Ö�ã��
improve performance by 10x over what you 
can run elsewhere.  

We work closely with companies like Intel to 
ensure that the hardware powering that 
�Þ�ã�Û�ç�Ö�è�é�ç�ê�Ø�é�ê�ç�Ú���Þ�è���Ø�ê�è�é�ä�â�’�×�ê�Þ�á�é���Ö�ã�Ù���ä�å�é�Þ�â�Þ�ï�Ú�Ù��
for the best performance with the most 
popular frameworks.  Also, SageMaker makes it 
easier for our customers to deploy ML 
capabilities into production. With click of the 
button deployment for scalable, multi- 
�Ö�ë�Ö�Þ�á�Ö�×�Þ�á�Þ�é�î���ï�ä�ã�Ú���Ú�ã�ë�Þ�ç�ä�ã�â�Ú�ã�é�è�����ì�Ú���ë�Ú���é�Ö�à�Ú�ã���é�Ý�Ú��
IT complexity out of deploying to production.

If you were in the shoes 
of business leader just 
�è�é�Ö�ç�é�Þ�ã�Ü���ä�ê�é�����ì�Ý�Ö�é���ì�ä�ê�á�Ù��
your next steps be?

First, I’d look for ways to be data-driven in 
�Ý�Ú�á�å�Þ�ã�Ü���Ø�ê�è�é�ä�â�Ú�ç�è�����ä�å�é�Þ�â�Þ�ï�Þ�ã�Ü���ä�å�Ú�ç�Ö�é�Þ�ä�ã�è���é�ä���×�Ú��
�â�ä�è�é���Ú���Ø�Þ�Ú�ã�é�����Ö�ã�Ù���â�Ö�í�Þ�â�Þ�ï�Þ�ã�Ü�����ã�Ö�ã�Ø�Þ�Ö�á��
outcomes.  Second, I’d make sure that we’re 
building the people capabilities within our 
�ä�ç�Ü�Ö�ã�Þ�ï�Ö�é�Þ�ä�ã���é�ä���á�Ú�ë�Ú�ç�Ö�Ü�Ú���È�Ç�����Þ�ã�Ø�á�ê�Ù�Þ�ã�Ü���Ý�Þ�ç�Þ�ã�Ü���ä�ç��
training data scientists, where needed. Third, I’d 
�á�ä�ä�à���é�ä���Þ�Ù�Ú�ã�é�Þ�Û�î���ä�ç���Ú�è�é�Ö�×�á�Þ�è�Ý���ä�ê�ç���ä�ç�Ü�Ö�ã�Þ�ï�Ö�é�Þ�ä�ã���è��
approach to data, including governance and 
repositories, and scoping the IT to support ML 
in the enterprise. There’s no way for businesses 
to ignore a game-changing technology like ML, 
and I’m very proud to be part of a team that 
helps answer questions and move these 
initiatives forward.

Amazon Web Services + Intel�����Š�����Ã�ä�ì���é�ä���Ü�Ú�é���è�é�Ö�ç�é�Ú�Ù���ì�Þ�é�Ý���È�Ö�Ø�Ý�Þ�ã�Ú���Ç�Ú�Ö�ç�ã�Þ�ã�Ü�����À�í�å�Ú�ç�é���Ö�Ù�ë�Þ�Ø�Ú���Û�ç�ä�â���é�Ý�Ú���Û�ç�ä�ã�é���á�Þ�ã�Ú�è�����Š�����Ê�Ø�é�ä�×�Ú�ç���������%

Intel Innovation 
in ML  

Intel and Amazon have been 
collaborating closely to drive innovation 
in AI and ML, bringing you access to 
high-performing infrastructure, plus 
machine learning model training tools 
and inference engines optimized for 
�è�å�Ú�Ú�Ù���Ö�ã�Ù���Ú���Ø�Þ�Ú�ã�Ø�î����

For example, AWS C5 instances, 
powered by custom Intel Xeon Scalable 
processors, are purpose-built to handle 
the most complex ML workloads.  
Large-scale deployments can run using 
platform services like Amazon 
SageMaker, which is optimized for 
�å�Ú�ç�Û�ä�ç�â�Ö�ã�Ø�Ú���ä�ã���Ä�ã�é�Ú�á�’�×�Ö�è�Ú�Ù���À�¾����
instances.  Deep learning engines from 
AWS with the latest Intel technology 
are increasing machine learning 
performance by over 100x.

To learn more about ML 
from AWS and Intel, 
please visit ml.aws

"We’re trying to put machine 
learning into the hands of every 
�ä�ç�Ü�Ö�ã�Þ�ï�Ö�é�Þ�ä�ã���Ö�ã�Ù���×�ê�Þ�á�Ù���ä�ê�é��
services so that we can help with 
�é�Ý�Ú���ê�ã�Ù�Þ���Ú�ç�Ú�ã�é�Þ�Ö�é�Ú�Ù���Ý�Ú�Ö�ë�î���á�Þ�Û�é�Þ�ã�Ü��
of machine learning."
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you can try other approaches if one doesn’t 
work. �½�Ú�Ø�Ö�ê�è�Ú���î�ä�ê���Ø�Ö�ã���æ�ê�Þ�Ø�à�á�î���è�Ø�Ö�á�Ú���ê�å��
�è�Þ�Ü�ã�Þ���Ø�Ö�ã�é���Ö�â�ä�ê�ã�é�è���ä�Û���Ø�Ö�å�Ö�Ø�Þ�é�î�����ê�è�Þ�ã�Ü��
�È�Ç�’�é�Ö�Þ�á�ä�ç�Ú�Ù���¼�Ø�Ø�Ú�á�Ú�ç�Ö�é�Ú�Ù���¾�ä�â�å�ê�é�Þ�ã�Ü��
instances, you can train vast amounts of 
data in minutes to hours, and that would’ve 
taken days in the past. 


