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Welcome

TO THE
WHICHPLM
REPORT

/TH EDITION.

n these pages you'll nd the most accurate snapshot

of the PLM and extended-PLM technology market for

retail, footwear, and apparel for the nancial year
2016/17.

As well as our exclusive, up-to-the minute market
intelligence, this publication also includes PLM insights from
the latest generation of customers and end users, exhaustive
vendor and consultant pro les and thought leadership
articles, and the latest in our series of editorial examinations
of the industry’s hottest technology topics.

Although we only began numbering these reports with
2015’s 5th Edition (prior publications were named after the
years they were released), | want to take this opportunity to
look back at how far our industry, and WhichPLM itself,
has come in the seven years since our rst print-exclusive
content was released.

We began producing these reports, in 2010, on a much
smaller scale. With the help of a few friendly brands, retailers,
and PLM vendors, that year saw us release the WhichPLM
Customer Survey report. It was, by our own admission, a
simpler publication; it carried WhichPLM’s old logo, and was
con ned to assessing overall customer satisfaction with what
was then the cutting edge of PLM technology through the
lens of a select few implementations.

Our rstdetailed examination of the broader PLM market
came in 2013, when, to counter claims put out by less-
informed analysts, we assessed the total size of the RFA
PLM industry to date. That year, we estimated that the
market as a whole (from the inception of modern PLM)
was made up of around 800 sales to named customers,
who were concentrated in proven international markets.
To put that number into context, just four years on the
industry has grown by 266 new sales in the last twelve
months alone, with software, services, and maintenance
revenues making it a market worth close to $114 million
US dollars in the same period.

In 2010, our rst publication painted a picture of an industry
where small numbers of big businesses were buying — and
extensively customising — expensive solutions, largely in
established markets like the United States and Europe, and
installing them on their own servers.




Today, more than a third of PLM sales are
on the cloud (which covers managed services,
SaaS, and other off-premise implementation
methods), and a huge majority of the same
sales are to small businesses in a range of
different global markets. (For further insights
into the market in 2016/17, or to understand the
method behind our calculations, please turn
to the Market Analysis section of this
publication.) And the composition of the market
has not been the only major change in the last
seven years. WhichPLM itself is now busier
than ever; our website is host to more visitors
than ever, our wide range of expert contributors,
and our scienti ¢ software and supplier
evaluations now cover most of the major PLM
vendors. | am also prouder than ever of the
number of participants our print publications
now engage: every key technology vendor,
senior gures within the world’s biggest brands
and retailers, CEOs of exciting startups, and
the brains behind some of fashion's most
innovative technology and service businesses.

Most importantly, over the past year | have
personally been asked to travel the world on a
series of trips we called WhichPLM On Tour,
taking the apparel technology message to
audiences on every continent. On those trips,
my message was consistent: the world is
changing at an incredible pace, and the fashion
industry must change just as quickly. And like
our 5th and 6th Editions, this publication opens
with a series of special editorial features
designed to bring readers up to speed on the
most signi cant change facing fashion today:
its transformation into a digital industry, driven
by digital intelligence.

In our 6th Edition, we wrote that the Internet
of Things (or 10T) was “undoubtedly going to
change the world,” and while that remains the
case, ayear on few truly compelling use cases
have emerged. Like a lot of world-changing
technology, tangible results from the IoT —
including the holy grail of fully connected,
smart, automated production and distribution
— will take time to realise.

But while this year’s special subjectis every
bit as all-encompassing as the IoT, the role of
information, data, and digital intelligence in
transforming design, development, and
marketing is much easier to visualise — because
it's already taking place.

At the time | write this introduction, | believe
that every brand and retailer that expects to

remain in business in the near future has a
well-established digital strategy. | believe, too,
that every brand, retailer, or manufacturer will
come, sooner rather than later, to rely on digital
intelligence for most of its day-to-day decision
making. Whether it's aggregating and
interpreting information on trends and buying
behaviours to make better-informed style
predictions, or connecting their supply chains
to achieve greater transparency and operational
ef ciency, data — and the intelligence that we
can glean from it — is already essential to the
short and long-term visions of the world’s

leading apparel businesses.

| believe that
every brand,
retailer, and
manufacturer will
come, sooner
rather than later,
to rely on digital
intelligence for
most of its day-
to-day decision 73
making.

There’s a difference, of course, between
information (raw data) and intelligence, and
our opening editorials are dedicated to
examining how far human beings are capable
of translating one into the other, and how soon
machine learning and arti cial intelligence (Al)
are likely to become essential for generating
meaningful, actionable insights from a tsunami
of raw relational and transactional data.

Unlike the 10T, which remains slightly
abstract (at least in fashion), our move to the
intelligence era is already well underway.
Whether we realise it or not, deep learning
algorithms, neural networks and conversational
interfaces already underpin the product
recommendations we see when we shop
online, and the interactions we have with rst-
line consumer support. It may be tempting to
dismiss the Al acronym as science ction, but
as our opening editorials explain, it has current,
compelling applications that anchor its longer-
term transformative power in real world results.

To deliver these results, though, businesses
must have technologies and processes that
support an end-to-end digital workflow,
otherwise the intelligence they will be able to
obtain will be limited. Practically speaking, this
means connecting and integrating software
and hardware from headquarters to overseas

of ces —and this is something WhichPLM has
advocated for far longer than the seven years
we have produced print publications.

In aworld where products have long digital
lives, and where brands cannot afford to be
out of touch, even momentarily, with consumers,
satellite of ces, and supply chain partners, |
believe the true potential of PLM will soon be
realised. The industry’s so-called “digital
transformation,” will hinge on brands and
retailers having a single, centralised location
where raw information from every stage of the
product lifecycle can be captured, consolidated,
and analysed. And while many prospective
customers of PLM today still see its primary
utility as a better way of generating and
managing tech packs, its value as the backbone
of amodern, data-driven enterprise is about to
become even more obvious.

This is, of course, wonderful news for me,
since | have dedicated my entire career to
explaining the value of PLM as an ideology —an
umbrella to integrate and support new
technology and best practices throughout the
product lifecycle.

Fortunately, as our latest customer survey
results demonstrate, PLM’s place in the data-
driven future seems secure. Even with an
ongoing move to cloud and subscription-based
solutions (and the introduction of even more
integrated solutions and sources of raw
information) this year was the second in which
brands, retailers, and manufacturers using PLM
reported total satisfaction with their solutions.

I'm also thrilled that we are able to close this
year's editorial features with a PLM story that
captures that potential. Following on from last
year’s exclusive interview with UK-based SRG
Apparel, this year WhichPLM spoke with a close
friend of mine, Pam Buckingham, to discover
how essential PLM was to delivering her
business's total transformation.

As always, our editorials are followed by the
latest customer survey — which contains
detailed insights beyond the industry’s steady
move towards the cloud, and includes real,
inspirational quotes from businesses of all
shapes and sizes who have successfully
embarked on a PLM project. From there, our
largest-ever list of PLM vendors appears next,
with exclusive insights into the customer bases,
resource pools, and priorities of all the market's
major players. Finally, our industry-leading

market analysis looks at PLM’s latest banner
year — with further growth at both the top and
bottom ends of the customer spectrum — and
examines the geopolitical and technological
trends that are in uencing the future of our
industry.

It might have become cliché for me to say
that I'm excited for the future of the RFA PLM
market and the fashion business in general —it's
something I've said in all six previous publications
— but the truth is that both keep nding ways to
surprise me. Evenas I've own around Europe,
the USA, and Asia for WhichPLM On Tour, | have
found myself constantly having to update my
presentation to take account of new innovations.
In one case it was improvements in consumer-
grade body scanning; in another it was the
migration of blockchain technology into our
industry, where the applications for transparency,
tracking, smart contract execution, and
counterfeit protection are almost limitless.

So while | began this introduction by looking
backwards, it was more than just an arbitrary
history lesson. With each passing week |
become more convinced than ever that we live
in a dramatically different world than we did less
than a decade ago, and while “disruptive” is the
word that’s deployed most often to label new
technologies like machine learning, | prefer a
more positive slant. I'm thankful every day that
| get the chance to live through such a signi cant
change in our industry and society as a whole,
and I'm thrilled that PLM remains such an
essential part of fashion’s future.

l invite you to turn the page and begin learning
about that future from academics, technology
leaders, brand and retail executives, and our
own team of expert analysts and writers. From
PLM to Al and predictive analytics, the tools are
there to help you take con dent next steps into
the era of intelligence.

Thanks for reading.
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Human capacity, and coping in the information age

ashion has always been a complicated
industry to pin down in the moment.

From modest frocks to miniskirts,
bowler hats to Snapbacks, the big shifts are
obvious in hindsight, while micro-trends that occur
in-season can take a team of experts to spot.

From cottage craftsmanship to mass offshore
manufacture, the way our clothing, footwear, and
textiles are made has clearly changed in the last
century. But keeping track of the year-on-year
swings in the socio-political landscape of sourcing
hotspots is now a full-time job for armies of on-the-
ground manufacturing coordinators and agents.

From a concrete seasonal calendar of durable
key pieces, to regular “drops” that see fast fashion
and skatewear devotees snaking around the
block, persuaded into line by rapid product
refreshes and planned scarcity. Everyone agrees
that consumer demand for new styles is
quickening, but the right path from catwalk to
sidewalk is still the subject of erce debate.

From regional success stories to cutthroat
competition in a single borderless, seasonless,
global mega-market. From bricks and mortar to
multi-channel. From print and outdoor advertising,

to billions of dollars spent on digital and social
media every year. The retail, footwear, and
apparel industry has transcended almost every
boundary that was once imposed on it. In the
process, though, the volume of information (the
raw data output of simply doing business) it
generates and consumes has increased
exponentially —to the extent that, in 2017, keeping
tabs on it all has become impossible using
traditional means.

First, let's consider our audience in the
information age. Facebook, by its own admission,
has more than 2 billion users?, and a conservative
in-house estimate from four years ago suggested
that upwards of 5 billion pieces of content are
shared via the social network every day. With
user acquisition having accelerated since then,
that gure is likely much higher today. For an
apparel brand or retailer, understanding their
target market is vital, and Facebook is a key
anchor in almost every market leader’s
intelligence-gathering and customer outreach
strategies. If we assume that even 1% of the total
content volume on Facebook is directly relevant
to the apparel industry, and that only 1% of that
falls under the umbrella of a particular brand’s
target demographic, that company would still
have to sift through 500,000 posts every single
day in order to remain current.

10
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to realise that this
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We then have the other pillars of social media and online
advertising: YouTube (1.5 billion users,) Instagram (arou nd 700
million,) Twitter (roughly 330 million), and Snapchat (255 million) .
Some blend of these platforms — along with region-speci ¢
services like WeChat in Asia, and WhatsApp in the UK and
Europe - will also be essential for capturing the voice of the
consumer, adding further complexity to the challenge
of understanding the market as a whole in anything
approaching real-time.

And it's not just receiving information, of course: brands
and retailers use some or all of these channels to push their
messages out, conduct targeted campaigns, or provide
secondary (or even primary) touchpoints for customer support.

This, of course, is also only one side of the equation.
A smaller but no less complex volume of information can be
generated by the average design, development, production
and distribution process.

First, we may have put a pin in social media, but for trend
analysis purposes we must also add information skimmed
from physical fashion shows, street style websites, online
communities, dedicated prediction services and, of course,
ongoing analysis of the competition.

With that information in-hand, we have some idea of what
we want to make (and who for,) and merchandising and
planning give way to design, development and production.
Suddenly every style and every SKU across a sprawling range
of product categories is being talked about, collaborated on,
sourced, and then tracked through the supply chain.
And there’s likely to be a different system for every step of
the journey.

In WhichPLM’s experience, it is not uncommon for a large,
multinational brand to have between 50 and 100 different
software solutions and data streams covering its product
design and development processes - each with their own
stores of vital information. Mood boards, materials
characteristics, supplier scorecards, sample and tapprovals,
design sketches, points of measure, line plans — the list goes
on. And this is before we even consider the data output of the
connected hardware and smart products that will arrive with
further roll-out of the Internet of Things.

Anyone who feels, at this point, as though he or she is
drowning in an ocean of data need only look at their neighbours
to realise that this is a common challenge — and not just in the
RFA market. The need for businesses in every sector to make
sense of their ows of information is the reason the so-called
“big data” industry is predicted to be worth more than $200
billion in the next three years, according to IDC 2.

To be blunt, there’s big money to be made in helping brands
and retailers generate meaningful insights and actionable
intelligence from raw data. Joint research conducted by
venerable UK publication Drapers and Apptus (providers of

automated, predictive merchandising
solutions) reveals that, unsurprisingly,
most fashion businesses want to make
better use of the data available to them
for a range of common purposes. The
majority, for instance, would like to take
these two tributaries of information —
between themselves and the consumer,
and between themselves and their supply
chains —and use the intelligence gleaned
from them to improve their approach to
merchandising®.

But desire is not equal to delivery. By
turning to partners who deal in big data
solutions, predictive analytics, and similar
tools, businesses are acknowledging a
fundamental change in the relationship
that fashion has with its own data —
namely that brands, retailers, and
manufacturers cannot make effective use
of this volume and variety of information
without external help.

This is what | will refer to throughout
the features that follow as the gap
between information and intelligence.
Broadly speaking, brands and retailers
understand that there are things they
should know — about their customers,
their competition, and their own internal
processes - but recognise that they are
not capable of uncovering these things
within a meaningful timeframe.

No brand or retail representative
reading this should feel inadequate,
though. In light of the sheer quantity of
information coursing through the veins
of today’s fashion business, it is
fundamentally impossible for any human
being — or even the best-paid, best-
quali ed group of human beings — to
derive all the right intelligence in anything
approaching real-time.

This is where Atrtificial Intelligence, or

A.l., comesin.

A loaded, umbrella term that
encompasses machine learning, deep
learning, neural networks, computer
vision, natural language processing, and
other subsets of research and technology,

A.l. has already transformed other
industries that faced similar challenges
around the scope and scale of information.
It may sound like science ction, but A.l.

of some kind is already managing hedge
funds, underwriting insurance, identifying
pets and people in your family photos,

beating world champions at complex
games, and serving up the perfect
product recommendations when we
shop online.

In other sectors, big data or predictive
analytics providers — the kind who help
businesses overcome the information to
intelligence gap - are almost invariably
using some sort of machine learning or
A.l. in their solutions and services.
And in apparel the underlying
technologies are now beginning to take
the leap from scienti c interest into real-
world applications. In fact, readers may
already have been approached by
someone looking to sell them A.l. in one
form or another.

As the industry marketing machine
begins to spin up its latest acronym, the
special editorial features that make up
the remainder of this section are designed
as a detailed executive brie ng on the
state of A.l. in the retail, footwear and
apparel industry. Justas WhichPLM has
done for 3D and the Internet of Things
previously, these features were
commissioned to make readers familiar
with the nature and history of A.l., to help
them to understand the technologies that
drive it, and to encourage them to
visualise how it might be used to help
their businesses stay a oat in an ocean
of information.

To assemble these features,
WhichPLM and | spent months
interviewing the following: academics
who are tackling the high-concept
problems of specific and general
intelligence, and how a non-human
intellect might perceive abstract concepts
like fashionability; technology leaders
who spend their days elbow-deep in the
algorithms that will drive tomorrow’s

shopping experiences; senior
representatives of leaders in cross-
industry A.l. research like IBM and
Microsoft; and retailers who are already
making use of A.l. umbrella technologies
to measurably improve their performance
and bridge the intelligence gap.

These exclusive interviews — around
thirty in number — inform the four extensive
features that follow this page:

What We Talk About When We
Talk About Intelligence,” examines
the difference between science ction
and fact, and looks at what A.l. is and,
approximately, how it works.

“Intelligence, Applied,” talks
about how A.l. is already being used in
fashion and retail today, and how it is likely
to be used in the near and longer-term
future.

“Trust, and the Science of
Subjectivity” explores the dif culties
inherent in teaching machines to
recognise subjective concepts like style,
and tackles the question of how an
industry that is often sceptical of new
technologies can learn to trust A.l.

“Get Smart: From Theory to
Practice, to the Future of A.L.”
provides practical examples and food for
thought for businesses looking to
embrace A.l. sooner rather than later.

At the close of the publication, our
latest“Future of PLM”  feature explores
the ‘blockchain’ buzzword, introducing
the concept of integrity of information,
and exploring how a distributed ledger
might just transform the way we think
about transparency.

For now, though, you are invited to
turn the page to nd a detailed primer on
some of the core concepts of A.l., and an
introduction to how the technology is
poised to deliver on the promise of real
intelligence in the information age.

1. https://lnewsroom.fb.com/news/2017/06/two-billion-peopl e-coming-together-on-facebook/
2. https://lwww.idc.com/getdoc.jsp?containerld=pruS418261 16
3. https://lwww.drapersonline.com/business-operations/special- reports/unleash-the-power-of-arti cial-intelligence/702354 0.article
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sk someone to name a science ction concept, and the odds are good that they will come
back with either domestic and industrial robots that are indistinguishable from humans,
or a benevolent (or malevolent) supercomputer that comes to rule the world. These

themes have recurred in future-set tales for more than a hundred years. They are popular

WE

because, as with all good speculative storytelling, they ask us to consider what our place,
as thinking, breathing humans, is likely to be in a world where either our physical or mental
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The upshot of having such a body of sci- dedicated
to these subjects is that some of the smartest people in
the world have spent a great deal of time considering their
implications. Some putting pen to paper; others toiling
away in laboratories and research centres to bring the
ideas to life; each spurring the other on with fresh ideas.

Given how well the workings of our bodies are
understood, compared to the almost complete opacity
that shrouds the way we think, you might expect science
to have made the most progress on the physical robots.
In practice, the opposite is true.

There is a name for this subversion of expectations:
Moravec's Paradox. Outlined by roboticist and futurist
Hans Moravec in the 1980s, the paradox is expressed like
this: “it is comparatively easy to make computers exhibit
adult-level performance on intelligence tests or playing
checkers, and dif cult orimpossible to give them the skills
of a one-year-old when it comes to perception and
mobility.” In brief, what Moravec meant is that our me ntal
processes and actions — the results of a consciousness,
individualism, and autonomism that generations of
scientists and faith scholars have been unable to
adequately de ne — have proved far easier to replicate
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than the coordinated motions of our bones,
tendons and muscles, which entry-level biology
has long since explained away.

The mobility side of Moravec's paradox is still
a challenge. Even the best contemporary
attempts at having robots mimic human face and
body movements come off as unsettling, and
companies have, by and large, paused — if not
abandoned — their attempts to make robots that
look and move the way we do. While people might
make good models for thinking and problem-
solving, it transpires that there are far more
practical examples to follow for picking things up
and moving them, navigating through warzones,
or conducting ne-grain assembly tasks.

We have, however, made considerable
progress on having machines pass common (and
even complex) intelligence tests, as well as on
introducing techniques that allow for computers
to perceive and recognise the world around them.
These advances all fall under the broader umbrella
of Arti cial Intelligence (A.l). And that’s an
umbrella you have more than likely seen pop up
in the news a lot lately.

‘Japanese company replaces of ce workers
with arti cial intelligence,” reads a typical A.l.
headline from The Guardian at the beginning of
2017 In isolation, it may sound alarmist or
unbelievable, but it is accurate: Fukoku Mutual
Life Insurance in Japan made 30 experienced
staff redundant because their jobs, calculating
policy payouts, could be done cheaper and better
by an A.l. Fukoku expects this to increase
productivity by 30%, and to become a pro table
investment in less than two years.

Maybe it's because automation and the
resulting mass layoffs are happening on a much
grander and more pressing scale in manufacturing,
but | nd it remarkable how unremarkable these
kinds of stories have become. They hit the
headlines and fade quickly, inspiring fear in other
insurance workers, perhaps, but not registering
on the tectonic scale you might expect given that
A.l. programs are now putting even white collars
out of work. To put this into context, Moravec’s
Paradox talks about the likelihood of replicating
the intelligence of a one-year-old; | have a baby
in the house as | write this, and I'm not expecting
him to be performing any insurance calculations
or underwriting policies for a while yet. Seems
as though we’ve moved rather rapidly from crawl
to walk to run there, doesn’t it?

Perhaps that aforementioned wealth of sci-
literature has made these kinds of things feel
mundane. Or perhaps it's because we all already
interact with A.l. of one form or another almost
every day — whether we realise it or not.

Self-driving cars are, of course, the most
obvious example. Hugely complex arrays of
hardware sensors and interpretation and analysis
algorithms, autonomous vehicles are a sci- trope
writ large, and will soon be hitting streets near
you if they haven't already. Less obvious but no
less valid as applications of A.l. are chatbots (that
initial gateway of interaction you sometimes
encounter on a company’s support or sales
channels before reaching a human advisor) and
visual recognition platforms like Google Photos,
which uses algorithms to tag your photographs
with their locations, subjects, settings, and a host
of other information so you can later search for a
sunset or a smile.

Each of these examples, however, has
something in common. All, to my mind and the
minds of many actual experts, fall short of the
de nition of intelligence. In fact, these and other
examples like them are only really categorised
as A.l. because, for the 99% of us who are not
intelligence programmers or philosophers of
mind, a catchy acronym is needed to capture the
potential of a raft of different technologies.

“When I'm talking to a business audience, |
use A.l. as an umbrella term, and under that
umbrella are speci c applications of Al like
cognitive services, machine learning, deep
learning, neural networks and so on,” said ShiSh
Shridhar, Director of Business Development, Data,
Analytics and loT for Microsoft, during our
interview in the summer of 2017. “For a business
audience, that's a confusing set of terms, and to
complicate things even further, a lot of people
use them interchangeably. As a result, | stick to
the top-level term rather than having a brand or
retailer worrying about the small nuances that
separate individual components like neural
networks and deep learning. | realise it's a big
umbrella, but it's an appropriate one.”

While ShiSh’'s advice is sound, we are,
however, going to have to talk about these
components individually at least to begin with,
as foundations for the visible outcomes of A.l. It
is only by understanding the essential building
blocks of machine intelligence that we can assess
where and why it exceeds, equals, or falls short

of human intelligence - and why, in many cases,
a machine not being truly smart does not
necessarily matter in the open market.

“I think machine learning is the preferable
term for what we're talking about today,” said
Julian McAuley, an Assistant Professor at
University College San Diego, who has spoken
about A.l. in fashion previously, and whose
research into behavioural models and visual
recognition caught my attention as | and
WhichPLM were gathering material for these
features. “The research | do would probably
be called A.l. by the public, and even by our
department here at the University, but | think
that term is overused. We are not speci cally
trying to build up a general intelligence; we're
taking a data-driven approach to solving a
speci ¢ problem —nothing more. When people
shop online and are shown product
recommendations or adverts that they feel are
uncanny, they tend to assume that an A.l.
recommendation system is truly intelligent and
knows something intimate about them. The
truth is less exciting: all the typical algorithm
needs to know to do its job is that one person
performed an action that was similar to another
person’s action, like buying a product, and it
can recommend them both similar other
products as a consequence.”

McAuley’s example, as well as the others |
referred to before — photo categorisation, self-
driving vehicles, and chatbots — are good
examples of the state of commercial A.l. today.
They seem intelligent at rst glance, but their
smarts are actually con ned to very small, very
speci c areas. To choose the right pre-canned
responses, a chatbot need only concern itself

with the customer’s immediate concerns.
To recognise a mountain range in a photograph,
Google Photos will look for indicators that a
mountain is present, but it cannot be said to
actually know what a mountain is, and neither
does it need this additional context to achieve
its purpose. Generally intelligent these things
are not.

Let us shed a little more light on why this is
the case, and why the distinction matters.
To recognise that mountain, Google Photos (or
an equivalent, although Google leads the pack
in this area) uses neural networks, which are
algorithms arranged in an approximation of the
way we believe our brains work, designed to
allow machines to look at things, and then to
remember and learn from them. These are
arranged in a way that permits what is called
deep learning, which means that the results the
end user receives are arrived at from the
separate or sequential input of several — or
hundreds — of layers of hyper-focused neural
networks. One such network layer might detect
naturally-occurring edges and nothing else;
one might look for the texture of a rock face;
another might scan the top portion of every
image for sky, and the portions below that for
peaks and snow. At the top level, yet another
neural network will take the composite output
of the nets below it and conclude, with 90%
certainty, that there is a mountain in the
photograph at hand. If the algorithm has a
library of other mountain images to compare
this one to, perhaps it will also go away and try
to match its peaks and valleys to other
photographs, before inferring that this picture
was taken in Yosemite.
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Make no mistake, this is an exciting, road-
tested application of a class of technologies with
massive potential to change the way we live our
lives — particularly when we realise that its use
need not be con ned to static photographs.
Recently, Microsoft unveiled a research project
it calls “Seeing Al,” which uses the same principles
as other photo recognition software, but applies
them to both pre-recorded and real-time moving
video as well as still images. In use, a deep
learning solution evaluates the real world through
a smartphone camera, and turns this hugely
complex data feed into synthesised voice narration
designed to help blind and partially-sighted
people to navigate their environment, recognise
people, read mail, and discover products.

Let me be unambiguous about this: | nd the
Seeing Al application incredibly impressive. |am
only 35 years old, but this is one of several
occasions where | have been reminded of just
how much has been achieved in my lifetime.
Using a handheld computer more powerful than
the mainframe that used to occupy almost the
entirety of my father’s business premises, and a
camera sensor the size of a ngernail, a partially-
sighted person can now have an A.l. in the cloud
on the other side of the planet describe the world
to them in real-time.
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But while machine learning systems like these
are terri c at the tasks they are assigned — looking
for recognisable things in pictures or moving video
— a signi cant amount of work has gone into
achieving this level of recognition. As the name
suggests, machine learning systems are not
created with intelligence and understanding built
in, but rather acquire it through the same
processes that human beings do.

“To understand how machine learning works,
we only have to look at the way humans learn,”

T@)Iains Ganesh Subramanian, Founder & CEO
)

of real-time fashion analytics platform Stylumia.
“Point to a chair and ask a young child to identify

it, and unless they have previously been told what
itis, they will not instinctively know its name. Ifa
parent or guardian reinforces the label the next
few times the child sees a chair, the child will very
quickly pick up that this object remains a chair

every time he or she sees it, and that when they
see similar-looking objects, they are also likely to

IRJEchairs. Machine learning is very similar,

because the machine does not inherently know
Ewhat a dress, a top, or a pair of jeans looks like
— we have to keep throwing example images at
omputer vision portion to train it. We steadily
reinforce that this is what a dress looks like, for
instance, and then the program will later be able
toinfer that other styles and shapes like it are also
probably dresses. The major difference is that
machines nd things easy that humans do not,
and vice versa. Ask a person to add up twenty
different, twelve-digit numbers, for instance, and
you can expect to wait a while for an answer. A
machine can perform that calculation in
nanoseconds. But pointto ared curtain and ask
a person what that object is and what colour it is,
and you will get a quick answer; a computer that
hasn’'t been properly trained will not be able to
respond at all.”

While the rest of this feature series is given
over to the applications and impact of A.l. on the
retail, footwear, and apparel industry, the
differences in the inherent capabilities of humans
and machines raise an issue that no real
examination of arti cial intelligence can overlook:
is there something that makes us special? More
speci cally, for our purposes, is there a natural
aptitude for context and creativity that makes
humans capable of recognising and responding
to art or style? And if so, can that, too, be taught
to a machine?

To brie y address this thorny philosophical
line of thinking, we're going to revert to Google
Photos as a case study. Inthe interests of building
an image recognition engine that can spot a
mountain in a photograph, Google’s engineers
will have focused on only what counts: the visual
elements of amountain. Given accessto Google’'s
vast repositories of data, the machine may also
be able to call up the temperature at the mountain’s
peak, or list the mineral composition of its rocks.
What it will not — and some will say cannot - have
access to are the feelings that a photograph of a
mountain can conjure up in the mind of a human
being: freedom, exploration, openness, vertigo.
All of these contain an element of what
philosophers call ‘qualia’ — discrete instances of
subjective experience that, arguably, serve as
evidence that humans, and only humans, are
conscious and self-aware.

As an example, were | to look at a photograph
of amountain, | could imagine myself onits slopes,
free from responsibility. | could, also, picture

myself at its peak, gazing at the vista spread out
below, and considering my life choices. | could
pretend | was on the edge of that mountain,
worried about my mortality if | should fall.

These thoughts and experiences all come
naturally to you and I, and almost everyone would
agree that they are what separates people from
machines. And while not everyone will know the
philosophical term for their stance, most people
would equally argue that a machine could not
have that kind of conscious experience and
understanding, no matter how good it becomes
at performing outwardly visible tasks like
recognising shapes.

Entire careers have been dedicated to tackling
this issue, so | cannot hope to address it here.
| did, however, reach out to Susan Schneider, an
author, TED Talk alumnus, and Associate
Professor in the Department of Philosophy at
the University of Connecticut, for her
expert perspective.

“For me the mark of the mental is conscious
experience, and | care an awful lot about whether
an arti cial system can be said to have an actual
experience”, Schneider told me. “From that point
of view, | think we can eventually have a super
smart A.l. that outthinks us and outperforms us,
but without it being what I'd de ne as conscious.
There are reasons why | don't think information
processing and consciousness necessarily go
hand in hand. For example, consciousness in
humans is recognised through our ability to
perform novel learning tasks, reasoning and so

— things that an arti cial intelligence could
theoretically replicate. So building a machine
that can also reason would get us to the point
where that A.l. would technically qualify as
intelligent, without the need to have the same
kind of conscious experience that we have. |
think in the long runit’s likely to be an empirical
matter: what kind of architecture a machine has
will determine whether or notiit's conscious. Our

Oll%logy has given rise to consciousness and

information processing, but other substrates
may not be able to host consciousness even

Tthough they're as good as we are at information

processing — or better.”
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This does not mean, though, that there is a
hard limit on the capabilities of machine learning,
or that A.l. programs are forever constrained to
following rules - with no chance to translate their
unique way of learning into some kind of
creativity - as Schneider explained:

“I think A.l. is already more than up to the
tasks of visual recognition, logic, and even
extremely complex games, where an A.l. has
already exhibited the ability to think outside the
box to some extent. The team behind AlphaGo,
[a recent milestone in A.l. research, where a
machine beat a grandmaster at the ancient,
incredibly complex game of Go,] speci cally
chose the game because it's extremely
combinatorically dif cultand is therefore a great
proving ground for whether an A.l. can break
its boundaries, so to speak. And if you look at
the transcripts of the people who are analysing
the A.l's moves, they do describe some of them
as creative and intuitive. And that's mind-
blowing even to the people who developed the
program. One move was even referred to as
the “bathroom move” because the opponent
disappeared into the bathroom for fteen
minutes because of how perplexing itwas. The

same goes for IBM’s Watson A.l. playing
Jeopardy; in a way you can say that the rules
of that game are known, but what the A.l. did
with natural language processing involved
making what | would call novel judgments. And
as A.l. gets more sophisticated and goes from
being intelligent in only speci ¢ domains — like

Go or Jeopardy —to being intelligent in a variety
of ways, we're going to potentially see genuine
arti cial creativity emerge, with or without
consciousness to go along with it.”

The key word in Schneider’s second answer
is “speci c”. Today, there is an accepted
delineation between two kinds of A.l. and
intelligence research: general A.l., which is an
attempt to either replicate total human
intelligence or create an entirely new kind of
supreme machine intelligence, and speci c or
“narrow” Al, which is also referred to as Arti cial
Narrow Intelligence, or ANI.

As you may have guessed from the
autonomous vehicles, chatbots, and visual
recognition examples | referred to earlier, we
already live in a world of narrow A.l. Today,

‘o

algorithmic traders deal in more than half of all

equity shares traded in the US, while game-
playing ANI programs hold the world champion

titlesin chess, checkers, Scrabble, Backgammon
and more. Everything else from email spam
Iters to machine translation services is yet
another manifestation of ANI — and more and
more products and services are being optimised

or revitalised through the use of narrow A.l. by
the day. As grandmaster Gary Kasparov, who
famously lost his chess rematch againstan A.l.,
puts it in his book Deep Thinking: Where
Machine Intelligence Ends and Human Creativity
Begins, “Arti cial Intelligence is on a path to

transforming every part of our lives in a way not
seen since the creation of the Internet, perhaps
even since we harnessed electricity.”

Akey point to understand here is that narrow
A.l. is not to be considered a poor version of
general intelligence. It is, rather, a way of
translating the fundamental principles of
machine intelligence into manageable use
cases. And after all, in an industry like fashion,
where craftsmanship and experience count for
a great deal, since when was specialisation
considered a bad thing?

“All the current applications of A.l. in our
industry are narrow,” | was told by Courtney
Connell, Marketing Manager for lingerie brand
and retailer Cosabella, which recently used an
A.l. platform to completely rede ne the way it
markets and sells its products online. “l wrote a
piece for Womenswear Daily about A.l. in general,
and afterwards someone contacted me to say
that | was wrong to be discussing limitations,
because an A.l. had recently beaten a professional
poker player by bluf ng, so that meant the sky
was the limit. The person who contacted me
wasn't technically incorrect, but he was repeating
a widely-held misunderstanding about the value
of specialisation. If an A.l. can read facial micro-
movements and tone of voice more accurately
than any human being can, then of course it's
going to beat people at poker. The problem is
that people look at these narrow applications and
conclude that results from a single hyper-focused
program mean that every A.l. everywhere is now
able to achieve the same results. It's important
to remember that commercial A.l. is a tool, built
for a particular purpose, and is not necessarily
all that useful outside its particular focus.”

While specialisation is valuable in its own right,
where extensive domain expertise counts the

most is in specialist markets. In these industries
— and fashion is unquestionably one - the ability
to understand minor variations between
thousands or millions of different products
is essential.

“Take the automotive industry,” explained Eric
Brassard, a former executive at Saks Fifth Avenue,
and now CEO of Propulse Analytics, which is
using deep learning to reinvent product
recommendations. “When it rst started, 120
years or so ago, any vehicle with four wheels
and a steering wheel was a car. Today there’s a
signi cant difference between an SUV, a Ferrari,
and a regular sedan in most people’s eyes. In
fact, there’'s an equally signi cant difference
between a sports sedan and a comfort sedan.
As any industry evolves, specialism breeds
complexity and subjectivity, and making sense
of those, at scale, requires the appropriate,
specialised solution. We started from the belief
that A.l. is the right solution to the problems of
complexity and subjectivity in highly specic
industries, and our position has not changed
since. Right now no A.l. is omnipotent, and the
ones that are highly potent are only potent in their
highly specialised elds.”

Specialisation in A.l. also has compounded
bene ts. As an algorithm becomes better able
to spot micro-scale variations in t, component
placement, hem length, grading rules and so on,
it gains the ability to plot these changes as trends
over time, and to then refer back to its own
research and conclusions in order to draw further
conclusions. “True Al systems are self-learning,
which goes a step beyond machine learning,”
explained Andy Narayanan, VP of Intelligent
Commerce at Silicon Valley A.l. company Sentient.
“Looking at it computer vision exclusively as a
way of using an algorithm to conclude that this is
a blouse, that’s a belt, and so on, is limiting its
potential. Being self-learning means that the
algorithms should be capable of adding another
dimension, taking a view of how blouses and belts
are changing over time, and determining what
kinds of each are likely to be in fashion today - and
why. This is where | think the true promise of A.l.
is: understanding what features, facets, colours
and textures a product category has now that it
didn’t have before, and adapting its
recommendations to that evolution in real-time,
with no human intervention.”

Another corollary bene t of specialisation, of
course, is trustworthiness. Generally speaking,
we tend to put our con dence in people who we

believe know what they are talking about. This
is, of course, also particularly true in specialised
industries, where a new entrant has little choice
but to rely on the experience and expertise of
long-serving specialists. And just as we have
faith in human beings who exhibit that kind of
specialisation, the same is already proving to be
the case in other industries like financial
technology (or “ ntech”) where account holders
in WhichPLM'’s native UK are trusting consumer-
facing A.l. platforms to analyse and advise on
their monthly spending.

The most interesting of these platforms is Cleo
(currently available in the UK only at www.
meetcleo.com), which marries a friendly
conversational interface with deep learning that
identi es spending patterns, trend lines, savings
opportunities and other insights that the account
holder would be either unlikely to research on
their own, or would perhaps not even be capable
of analysing. | road-tested Cleo as part of the
research that went into this publication, and that
test revealed two insights that surprised even me:
rst, | am willing to accept a lot more intrusion
froman A.l. than | would a human; second, | trust
what Cleo says implicitly. The application may
not have the best user experience in the world,
but when it shows me a trend line of my savings
over the last quarter, my instinct is not to argue,
like | might with a person providing the same
information, but to accept that her (for Cleo is
a she) specialist knowledge trumps my own
arms-length acquaintance with my own income

and expenditure.

Drawing these kinds of parallels between A.l.
and human experts does, however, raise the
guestion of how — and how transparently and
reliably - both acquire their experience and
expertise. After all, conclusions reached on the
basis of inaccurate data, however intelligent the
analysis, are still incorrect conclusions.

We are all familiar with the way this process
works in humans — we work diligently to build a
career, collecting experience as we progress, and
eventually narrowing down our specialisms until
our knowledge of a chosen domain is deeper
than others’. For a machine, the spirit is similar,
but the speed and the method differ dramatically.
For some purposes, specialism to the requisite
degree can be achieved by letting one or more
algorithms loose on a large data pool, or
presenting them with regularly-repeated images
on a similar theme until they demonstrate the
ability to distinguish their contents.
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THE MESSAGE IS
CLEAR: AFTER SEVERAL
GENERATIONS OF BEING
CONFINED TO STORIES AND
RESEARCH LABS, A.l. CAN
NO LONGER BE IGNORED.
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Out of the hands of research scientists, ready to start delivering new reven ue streams
and optimising existing ones, A.l. is currently in a tricky transitional pha se between
promise and proven deployment. Much like the Internet of Things (which was t he
subject of WhichPLM'’s 6th Edition publication,) A.l. is not widely unders tood — even by
some less-than-scrupulous companies who are trying to package and sel | it. As a
result, with limited grasp of what this class of technologies can do and even h ow it all
works, the market at large is unlikely to unite behind the promise of A.l. until it se es
demonstrable, repeatable results. This leaves software companies and their early-
adopter clients to forge ahead alone, anchoring the sheer, world-chan ging clout of A.l.

to smaller, more speci ¢, more achievable aims. No small task.

INTELLIGE |
APPLIED




Already, though, real-world applications of A.l.
in the retail, footwear, and apparel industry are

beginning to coalesce around two major themes:
a cycle of heightened customer insight leading
to an improved customer experience and back
again; and a better-informed (or even partly-
automated) design and development process
that increases the likelihood of the best possible
products, perfectly positioned, reaching the
market and selling at their target price.

Building on the A.l. primer of the previous
feature, the following pages will examine different
subdivisions of these top-level themes, looking
for concrete examples of where retailers, brands,
and technology suppliers have been able to
translate theory into results.

Before analysing those speci cs, however, |
want to build a better picture of how A.l. —in the
umbrella sense — is currently treated from a
commercial and investment perspective at the
highest possible level: the global economy.

While much of the potential of A.I. technologies
remains unproven (but no longer speculative)
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leading nations have already begun to stake their
claims to being either A.l. hubs, with strong startup
cultures and tax incentives, or sources of the next
generation of technology talent. Or both. These
are not investments to be made lightly, so as you
might expect, these countries are banking on the
emergence of multi-million-dollar industries (at
the very least) centred around A.I. in the very near
future. As an example, The Vector Institute is an
initiative part-funded by the Canadian government
and backed by big names like Google, Accenture,
Uber, Deloitte and Shopify. Its stated aim is to
make its native country (and its home city of
Toronto) the de facto destination for A.l. leadership.
The Vector Institute is already operational, working
to retain homegrown talent in-country, and to
attractinternational assets away from the constant
tech-drain of Silicon Valley, in the hope that the
next big A.l. company will be Canadian.

Interestingly, though, countries may not have
to actively participate in creating a welcoming
home for A.l. for the technology to have a net
positive impact on their futures. By dint of its
ability to automate both repetitive and complex
manual and mental tasks, Accenture predicts that
A.l. will add up to two full percentage points to

the economic growth rates of the USA, UK, China,
the Nordic countries and many more by 2035
The report containing this research also estimates
that labour productivity across these countries’
entire economies could rise by anywhere from
25% to 37% when compared to non-A.l. baselines.

From a sovereign perspective, then, the case
forinvesting in A.l. and the culture that surrounds
it seems cutand dry. A.l. applications are all but
guaranteed to be a part of your country’s future.
But is the same also true for businesses? Among
the biggest and brightest, who is betting big on
arti cial intelligence, and why? The answer is
essentially every internet company above a certain
size, irrespective of industry, and for a huge range
of different reasons. We have already established
that Google Photos serves as a strong example
of slightly secretive, narrow A.l. at work, but
attached to this is the larger idea that Google is
now, for allintents and purposes, an A.l. company.
As well as its Photos application, the company’s
entire search and advertising business relies on
deep learning in very narrow niches. Atthe same
time, its marquee mobile messaging client, Allo,
is actively advertised on the fact that it invites an
A.l. assistant into your chats — one who can

translate messages on the y, recommend places
to eat, locate your friends on a map, and even
auto-suggest replies for when you need to send
a shappy rejoinder on the go.

And it certainly is not just Google betting the
farmon A.l. Sotoo are Apple and Amazon, who,
together with Google, occupy the top three spots
in Internet market capitalization, with a combined
value of almost $2 trillion in early 2017. Tellingly,
as well as their core online services and
applications, these companies all sell devices
that serve as Trojan horses to carry their A.l.
assistants into our daily lives. On the surface,
Siri, Alexa and Google Assistant want to get better
acquainted with us in order to serve us better, but
in a world where simple CAPTCHA forms are
already being used to collect training data, it is
naive to expect these assistants’ parent companies
to have totally altruistic motives. Isita coincidence
that Amazon, arguably the world’s biggest retailer,
with a vested interested in knowing as much about
us as possible, now has an ANI interface sat on
the kitchen countertops and nightstands of more
than 10 million homes in the US alone, according
to a report on the Amazon Echo installed base
issued in May of this year??

But interest in A.l. is not exclusively coming
from big businesses; deep learning and other
umbrella technologies are also the driving forces
behind one of the technology industry’s most
feverish startup races in recent memory. In
WhichPLM’s home country of the UK, where
government funding to the tune of almost £300
million ($395 million) was just announced to fund
new research into disruptive technologies, the
two-year period from 2014 to 2016 saw a new A.l.
company founded every single week, according
to research conducted by MMC Ventures 3. These
startups are all working to develop real-world use
cases for A.l. that run the gamut from the
predictable to the outlandish, and while some —
maybe many — will fail, a single successful idea,
pitched at the proper market, is often all it takes
for a new technology to suddenly become
elevated to the next big thing.

Of these A.l.-focused startups, the same
research shows that nine out of every ten were
serving a B2B audience, which should come as
little surprise given the money and mindshare
needed to launch a B2C product. While large,
pre-existing technology companies have been
able to overcome these hurdles, most also
established their A.l. capabilities through
acquisitions. Google’s parent group, Alphabet,

acquired DeepMind in 2014; Apple bought Siri in
2010; and Amazon has just this summer
announced the acquisition of Graphiq Inc., whose
A.l. products will be used to improve Alexa’s data
analysis capabilities.

The B2B nature of the A.l. market should also
seem logical when we stop thinking of the
technology as an intellectual curio or wild
invention, and instead begin to consider it —
correctly — as a new and extremely powerful
entrant into the enterprise technology market.

As with PLM, ERP, and other big business
solutions that began their lives in the aerospace,
defence, and automotive industries, the bulk of
the B2B A.l. market will not be retail to begin with.
But this is likely to change —just as it did with PLM,
where fashion and consumer packaged goods
are now considered key verticals for most vendors
— in very short order. Recent research by UK
institution Drapers and A.l.-powered eSales
platform Apptus* revealed that more than 90% of
retailers — from a panel of 80 senior executives
surveyed - are already excited about the potential
of A.l. solutions to deliver real, measurable value
in merchandising, customer acquisition and
engagement, supply chain ef ciency, and a raft
of other business functions.

As readers of a PLM publication will know,
though, an appetite for new technology does not
always translate into adoption — particularly where
that technology is industry-agnostic rather than
being designed from the ground up to meet the
demands of fashion and retail. Like any other
enterprise solution, prospective customers of A.l.
products and services will be looking at the market
through their own unique lenses. First, they will
want to identify the broad areas of their business
that an A.l. initiative could impact, looking for a
technology partner who understands the industry.
Only then will they further Iter the solutions and
services on offer with shortlists of functionality
and expectations of results calibrated by the most
pressing challenges their businesses face.

Just like any other category of solutions, to
succeed, A.l. products must be designed to ful |
both general market needs, and to pass through
these smaller funnels of more speci c demand.
So, before we delve too deeply into how A.l.
vendors are addressing those narrower business
challenges, let us examine how a technology with
virtually limitless cross-vertical potential is being
tailored to address the top-level concerns
common to essentially every retailer.
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“A hundred years ago, retail was a
neighbourhood business, where the retailer
typically owned his or her own store, knew their
customers by name, and could make very
personalised recommendations,” explained ShiSh
Shridhar from Microsoft, when | asked where that
particular technology giant saw the primary value
of A.l. for our industry. “Because of the scale at
which many retailers are now running, though,
it's anything but a neighbourhood business today,
and they realise that they can't possibly know
their customers with that level of intimacy any
more. To reclaim it, retailers need to work with
data analytics and machine learning to identify
the patterns that people are not capable of
spotting in today’s sea of data, and use that to
bring back the personal relationships that de ned
the old-fashioned village store — scaled to meet
the needs of a much larger-scale, modern
operation.”

“As a store manager today,” ShiSh continued,
“| still want to be able to make personalised,
relevant offers to you, but the difference is that
now I'm doing it because | have a wealth of data
about you behind the scenes, and a machine
learning program has analysed that data. So
while I don't know you rst-hand, | know from my
intelligence that, based on your demographic

and segmentation, buying patterns, and purchase
history, | can recommend something that's
uniquely tailored to your personal tastes, and that
will be relevant to you in the moment.”

This desire to reclaim the insight enjoyed by
the single-destination retailers of old is not a new
one. WhichPLM wrote about it as a key theme of
the NRF Retail Show several years ago, and it has
likely been on the mind of every retailer ever since
the combination of offshore production and online
retail and marketing made the bulk of apparel
production, sales, and marketing happen atarm’s
length, out of direct sight. Until recently, however,
it has been dif cult to conceive of a practical way
to recapture what was lost in the shift to
international manufacturing and eCommerce.
The critical data required were either scattered
between different, disconnected silos, or were
simply too overwhelming in volume or velocity to
begin to make sense of — particularly in the case
of larger retailers operating across different
continents and channels.

“The opportunity for brands to collect the right
consumer data, incorporate it into their decision-
making processes, and then to act on it has, until
recently, simply not existed at the scale we
needed,” said Matt Field, Founder and President
of MakerSights, a machine-learning platform that
provides what the company calls ‘actionable

product intelligence’ to brands like True Religion
and Ralph Lauren. “Before machine learning and
A.l, businesses would instead have had to rely
on much limited and time-consuming exercises
like focus groups or in-store testing to gather that
kind of insight. Using these approaches, they
may have been able to engage with tens or
hundreds of customers at most, over a period of
several weeks. From that limited sample size,
they would then have tried to form conclusions
about why things were trending, and what
customers thought about key products and lines.

Today, brands and retailers can leverage machine
learning to do the same things, but on a much

larger scale, and in a window of time that actually
ts with their production cycles.”

This, | believe, is where the potential of A.l. for
fashion at a broad level really begins to crystallise.
Time to market remains one of the major
challenges for brands and retailers who need to
capture consumer demand and react to it with
almost no margin of error. This problem is by no
means unique to fashion, but it is perhaps at its
most acute in our industry; in the process of
creating footwear, accessories, and clothing that
consumers want to buy, when they want to buy
it, every minute counts. If machine learning can
deliver critical market insights more quickly, it has
the potential to make a signi cant difference not
only to initial merchandising, planning, and design
processes, but every other subsequent stage of

the product lifecycle — culminating in a measurable
improvement to a business’s bottom line.

“Retailers now have the chance to engage
with thousands of customers in a matter of hours,
on channels like social media that they already
use on a regular basis,” continued Field. “With
the help of A.l., they are then presented with a far
more detailed, far more representative of their
chosen market segment on the same day, and
they can then incorporate those insights into their
decision-making without delay.”

With this critical common element in place —the
ability to move quickly and comprehensively
understand a complex market — A.l. has, for me
and likely many others, passed that initial barrier
of fashion suitability, and concrete results will
follow. From here, brands and retailers will begin
to turn to more speci c applications and specialist
A.l. suppliers. The remainder of this feature is
given over to examining a selection of these
individual use cases — beginning with initial market
research and trend analysis, and proceeding
through to transforming the customer experience
at the point of sale and beyond.

Identifying looming trends or anticipating entire
new ones is something the industry tends to think

of as being instinctive. Good buyers and
merchandisers are able to distil the essence of
catwalk and trade shows into perfectly-pitched
collections, and good designers can create styles
that just seem to naturally tap into the zeitgeist.
Over time, though, as the volume of information
involved in identifying and tracking trends has
ballooned, businesses have begun to recognise
the importance of marrying the art of these
processes with the science of data analysis.

In this sense, market analysis and strategic
trend service EDITED is an exemplar of the new
face of fashion technology, employing experts
from both sides of that art/ science divide to tackle
broad and speci c industry challenges.

“Our company is unique in that we have world-
class computer scientists working side by side
with industry-experience retail professionals to
build a powerful piece of technology, which
solves fashion retail problems in intuitive ways,”
said Julia Fowler, EDITED’s Co-Founder, and a
regular xture in WhichPLM interviews. “To
accomplish what we've set out to do — help
retailers see every product launch, price shift,
and market event online as it happens — you
need both sets of experts working together.
There’s no way around it.”

As an established business, EDITED already
boasts an imposing client base comprised of
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brands and retailers who otherwise may not have
a de ned A.I. strategy, meaning its solutions and

services will be among the earliest experiences
that many companies will have with the power of
machine learning. “Using machine learning, A.l.,
and image recognition technologies built into our

software, retailers can take advantage of customer’s
shifts ininterests to stock and sell the right products
atthe righttime,” added Fowler. “For example, we
saw huge success in the massively popular
activewear category, where our technology is
helping global retailers quantify the importance of
trend and offer the exact activewear products that
their customers want. By providing that degree of
accuracy, we see A.l. as the winning ingredient
that will allow our clients to gain a competitive
advantage in a crowded retail space.”

EDITED also provides what might be termed
a soft introduction to A.l. There is nothing,
technologically-speaking, that prevents another
algorithm from taking that quanti ed trend actually
creating the beginnings of an activewear category
by itself, but advertising this kind of functionality
at an early stage of A.l. adoption may be ill-
advised. While Fowler is keen to talk about the
technology that underpins its recommendations,
EDITED is not overtly an A.l. company, and its
solution leaves critical decision-making rmly in
the hands of the retailer or brand. This is
understandable because, for many customers,
trusting an A.l. to actually make automated
decisions during what remains a creatively-led
process is currently a step too far — and may
remain so for some time.

This is not, however, an opinion that every
business shares, and Cosabella’s Courtney Connell
believes that delegating at least some limited
decision-making to A.l. will be essential to truly
carving out a competitive advantage in the longer
term. “Working with A.l. is going to require a shift
in mindset from many people,” she explained.
“Today, when you mention A.l., someone will
inevitably say “that’s going to give me so much
more information that | can use to make better
decisions,” and while that's true, they’re overlooking
the fact that A.l. can, and in some cases should,
be making those decisions on their behalf. To put
it bluntly, if you keep thinking of A.l. as just a really
awesome analytics platform, you haven't
understood its full potential yet.”

A big part of having the right product in the
right place at the right time is starting from a strong
impression of what that product should be.
Obviously, broad trend prediction and market
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analysis are critical, but A.l. technologies also
present the opportunity for retailers and brands
to go beyond the broad strokes and engage with
their customers, collecting invaluable information
that will directly inform design and development.

On the surface, though, this seems to run
counter to what we're often told are the de ning
characteristics of today’s shoppers: ckle, disloyal,
dif cultto please, and willing to drop their passion
for your brand in a heartbeat when a better price
exists elsewhere. You could be forgiven for
thinking that these were not sensible targets for
any kind of collaboration, but Matt Field of
MakerSights disagreed, calling this a
misrepresentation of what loyalty actually means
in 2017. Where previously a retailer could expect
to create loyal customers by having great products
and good service, he said, today they must seek
active engagement with the customers or risk
losing them to competitors who make them feel
more valued.

“Analysts who talk about disloyal consumers
aren’'t necessarily incorrect, but they are talking
about a world where brands are either incapable
of differentiating themselves on engagement and
experience, or are choosing not to do so,” Field
said. “In that situation, customers will indeed go
where they nd the most obvious points of
differentiation, and apart from in the luxury industry,
the rst and most prominent point is generally
price. Where I'd strongly disagree with those
analysts, though, is that | believe there is a
signi cant opportunity, with A.l., for brands to re-
engage customers in new ways that re-engender
loyalty. It's not that customers are inherently non-
loyal; they just have not been engaged in a way
that in uences their behaviour away from price
sensitivity. Our research shows that more than
50% of millennials — and even more from older
generations — do actively want to co-create with
brands if the opportunity is presented to them.”

Like the desire to achieve a more intimate
knowledge of a customer base, this kind of co-
creation also has some strong historical analogues.
“To see this ethos in action, look back to the early
2000s, when Nike ran their Nike ID program, asking
consumers to create their own versions of shoes,”
adds Field. “It was wildly successful, and people
lined up around the block to participate. That's an
example from more than fteen years ago of how
to thoughtfully engage customers in a loyalty-
building exercise, and the tools we have today in
machine learning and A.l. are so much more
capable than the ones Nike had at their disposal
then. And what's maybe even more important is
that Nike didn't just attract new customers and
strengthen their relationship with existing ones;

they also collected millions of data points on
customers’ preferences at very speci c item levels
like material, colour, print design and so on. That
has no doubt proven incredibly useful for powering
broader design activities in their standard
categories in the years since.”

Where customers are not invited into the
design and development process, the major
in uence on what products brands and retailers
actually bring to market remains in-house
merchandising processes. As Ganesh
Subramanian from Stylumia explained, though,
these are often informed more by intuition than
by true intelligence, with merchandising teams
working from small pools of historical information,
making them a prime candidate for A.l.-driven
improvement.

“Most design and buying decisions in fashion
are largely based on a very small amount of data
about what the brand or retailer has done in the
past, and what parts of that worked or did not
work,” Subramanian told me. “That's the
intelligence base that most businesses have to
work from, which they supplement by either
recruiting or contracting third party experts whose
job it is to help them make better bets on the
future, based on a combination of that small data
pool and their own experience and intuition. That
always seemed to me like a very speculative way
to run a business, and when we looked at what
proportion of those brands’ and retailers’ products
sell at full price, we discovered that gure has
held at around 50% for decades. There are
obviously exceptions, but across the overall
industry, that means one out of every two products
is sold at a discount. So, designing and
merchandising the traditional way, what's the
chance of any individual fashion product
selling without a markdown? It's very close
to a coin toss.”

Like many of the other solution vendors we
interviewed for this Report, Stylumia was founded
on the principle that both a wider data collection
net and a more intelligent approach to analysis
were the keys to improving on processes that had
historically been something of a bottleneck in the
product lifecycle — not replacing them. “We
recognise that forecasting remains an important
part of the apparel business, and we are certainly
not saying that intuition is a bad thing,”
Subramanian clari ed. “A decade ago, small data
pools like these were all retailers and brands had;
it was dif cult to get to know your customer and
understand their preferences. Today, though,
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new things in a digital age. “Creating standout

experiences also creates an explosion of what
we call unstructured data. While structured data
fits into spreadsheet columns and rows,

unstructured data is more like a mass of images,
video, text, social media entries and so on. Now,
that data is lled with valuable insight and

information, but you have to be able to unlock it.

That's why investing in A.l. —our version of it being
cognitive computing and Watson —is so important.

A.l. can digest that unstructured data, make sense
of it, and create use cases that can really
transform the way brands and retailers interact
with their consumers, helping them to stand out

from the competition.”

“If I put myself in a brand’s shoes,” Laughlin
continued, “I can now have customers query my
product catalogue using natural language —
asking the A.l. to suggest a red dress for a summer
cocktail party. Or | can even allow them to upload
a photo they snapped from a magazine with a
smartphone, and the A.l. can then suggest the
closest match from my complete catalogue.”

What | found especially interesting from my
conversation with Laughlin and other senior
technology gures was that A.l. is credited with
being simultaneously responsible for improving
existing processes and experiences, as well as
creating entirely new, hitherto impossible, ones.
This, | believe, will make technologies like machine
learning especially attractive to fashion retailers.
The market has become so homogenised, and
so cutthroat, that when it comes to responding
to competition, retailers often have to choose one
or the other — and doing existing things more
ef ciently usually wins out.

This is a view shared by Raj De Datta, CEO of
BloomReach, which has created what it calls “the
rst open and intelligent Digital Experience
Platform” targeted at improving customer
experiences and personalisation, and which
counts names like Neiman Marcus, Nordstrom,
Williams-Sonoma, and Forever 21 among its
clients. “I've sat with a lot of large retailers, and
| believe that most of them are still struggling to
identify the true source of their competitive
advantage,” De Datta told me. “Because how
can they not ask that question when Amazon sells
many of the same products they do, delivers them
faster, with a great shopping experience, and isn’t
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saddled with the same costly real estate footprint
that they are?”

“Realistically,” De Datta went on, “I think there
are only a couple of possible answers to that
question. Either these retailers create a product
selection that nobody else in the world has, which
is easier for speciality retailers. Or they try to
create customer experiences that are
fundamentally unique. The dif culty is that neither
of those differentiators is easy to deliver at scale;
retailers simply cannot hire enough human beings
to achieve them, so much of the customer journey
is fragmented across mobile apps, websites,
stores, and social media, while retailers typically
also have disconnected technologies, different
data silos, and different teams working in isolation.”

“This is where machine learning and data
science come in,” De Datta concluded. “A digital
experience platform can power every interaction
between a brand or retailer and their customer —
from informing merchandising , to building
marketing campaigns, to supporting the experience
ashopper has in-store. Forus and our clients, A.l.
is going to be absolutely essential to delivering
competitive advantage in a crowded market.”

With all of the preceding elements taken care
of — on-trend product, perfectly mixed and
properly priced, with a shopper experience that
catches people’s attentions — we can begin to
look at far more measurable metrics.

“Alot of retailers’ attitudes to eCommerce have
focused on driving more people to their websites,
rather than actually improving conversion rates,”
Andy Narayana of Sentient told me, referring to
the proportion of website visitors who actually go
on to engage with the company or make a
purchase. “The biggest barrier to converting a
visitor into a buyer is that people are often not
able to nd the products they actually want; their
experience is being constrained by the database-
centric way we built web applications in the late
1990s and early 2000s. We believe one of the
bestways that A.l. can deliver additional revenue
for retailers and brands is to improve the
experience of online storefronts with a paradigm
shift; instead of the retailers dropping products
into their channels and hoping that someone will
click on and buy them, we want shoppers to

interact with the A.l., and for the A.l. to pull the
products it knows they’re likely to want, with
context taken into account. We know from
experience that conversion rates among shoppers
who engaged with the A.l. in Sentient Aware and
Sentient Ascend are around 30% higher, and that
average dollar values of shoppers who interact
with the A.l. are up to 15% higher.”

Another noteworthy change, powered by
improvements to online shopping experiences
and the deployment of Internet of Things
technologies like beacons and trackers into
physical stores, is the ability for retailers to see a
blended view of past customer behaviour, and
foran A.l. to recommend —and even take —actions
based on that intelligence.

“There is a huge amount of data that
businesses have only recently gained access to
because of beacons and other |oT technologies,”
explained ShiSh Shridhar from Microsoft. “We
can now collect behavioural patterns and traf ¢
information to see where people dwell in physical
stores as well as online storefronts. And on the
opposite side, we can also achieve some level of
insight into abandoned baskets —what was picked
but never made it to the point of sale — in bricks
and mortar locations.”

“Machine learning is what will allow us to nd
patterns that cross the barriers between the two,
and allow us to actually make use of that
information to try and in uence behaviours,”
Shridhar added. “With the right insights, how can
we, the retailer, convince you, the shopper, to
revisit the display you dwelled at? How can we
get you to the next stage of the customer journey?
In both cases, A.l. can help suggest or take action.
For instance, our purchase history data tells us
that you bought a certain product a few weeks
ago, and our in-store sensors are now telling us
you're standing in front of a product that matches
it. Machine learning can infer from that that you're
likely looking for a matching product — consciously
or subconsciously — and our recommendation
engine knows that the product you're now near
ranks highly on the list of possible matches.
Based on those patterns, the A.l. tells us that
you have a 90% af nity to buy that product, so
we can push you an offer for 20% off and see if
you'll convert.”

Of course, convincing customers to buy
something they are already considering is only
the beginning. In amarket suffused by collections,
complementary pieces, and even more capsule
collections, the RFA industry thrives on cross-
selling and up-selling. Unfortunately, both of
these promotional methods are most effective
when aretailer has a large, diverse, product range
to draw related recommendations from — which
places them rmly in the category of things
Amazon is able to do better by sheer brute force.

Unable to compete by having product
catalogues anywhere near as large, though,
apparel retailers have a chance to do things
differently and more personally, using machine
learning and computer vision to examine
behavioural patterns and product characteristics,
and then making recommendations that are
informed by current context.

“There have been many different approaches
to create the perfect eCommerce
recommendations systems, but historically they
have all started with hard-coded algorithms that
simply identi ed similar products based on their
colour, tor material —or they have simply looked
up where previous customers have bought one
product and then another,” explained Daryn
Nakhuda of Mighty Al. “With machine learning,
though, you're able to pull in so much more signal,
and take advantage of a much fuller range of
data and context. For example, a simpler
recommendation system might serve up a few
tops that match a particular black skirt, but it will
not take account of the context in which the
customer is shopping. Has she just nished
browsing blazers and other workwear? If so, then
the top you recommend should not be a summer
tank; it should be something more formal,
recommended within the context of the customer’s
current browsing experience.”

“There’s a classic cautionary example from
the consumer electronics industry that works
equally well in fashion,” continued Nakhuda,
expanding on the reasons that traditional
recommendations systems have fallen short. “A
customer has previously bought some batteries,
so the next time they visit, a simple system
recommends more batteries for them. An ALl
system, on the other hand, would understand that
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those previous batteries were bought to support
atoy or some other device, and would be able to
identify an appropriate direction to steer
recommendations towards as a result. And
context also extends to appropriate price: if a
customer has only previously bought some $5
socks from your web shop, you're unlikely to get
an up-sell to a $2,000 suit that just happens to go
with the socks.”

This is an approach that Eric Brassard of
Propulse endorses, but he places greater
emphasis on the distinction between archival data
and real-time information — the latter of which he
believes is the key to making automated product
recommendations that align with personal taste,
not just purchase history.

“Product recommendation engines are not
new,” Brassard explained. “But until now they
have all worked on the same simple premise: that
by analysing big data we can see patterns of
purchase and, from them, make predictions about
what someone is likely to buy in the future. The
fundamental assumption here is that past
behaviour is all you need to predict the future.
We set out to build a different kind of
recommendation engine, because we believe
that the past is not enough of a base from which
to make appropriate recommendations in the
present — certainly not when it comes to visual
products like fashion, furniture, art, and

accessories.”

At this point, Brassard’s model for better
product recommendations begins to sound very
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familiar, relying as it does on replicating the role
of a real human being with on-the-ground
knowledge of their customers and products.
“Instead of purely historical data, we use A.l. to
try and mimic the performance of outstanding
salespeople —the kind who intimately understand
what you want even as you're picking clothes off
the rack,” he added. “Our approach is to use
visual recognition to build a model of personal
taste informed by history, but not totally reliant on

it. Rather than looking for exact matches between
products, our Al looks for common elements that
suggest an appeal to certain tastes. That's what
you might call a human-like aspect to A.l, or a
soft skill, which is only possible to deliver at this
scale with the help of A.l."

Even with the best possible products, in the
optimum mix, priced according to bulletproof
machine intelligence, and recommended to the
most relevant market segments, a nal hurdle
remains before a collection can really capture
consumers’ attentions: marketing. Easily the
equal of its impact on actual shopping behaviours,
the rise of eCommerce has had a tremendous
effect on the way that brands and retailers
advertise. According to the Wall Street Journal,
luxury brands increased their online marketing
budgets by more than 60% in the three years

from 2013 to 2016°%, and a similar shift in
promotional spend was also likely to apply to

other market segments.

Like other key stages of the product lifecycle,
however, much of modern marketing — even
cutting-edge digital content creation — is still
directed by human intuition. To improve on the
performance of their online marketing, lingerie
brand Cosabella turned to Albert. Billed as “the

rst Arti cial intelligence marketing platform for

the enterprise,” Albert (formerly known as
Adgorithms) was given access to Cosabella’s
existing campaigns, and was, according to
Courtney Connell, able to deliver results in social
media that far exceeded those the company had
been able to achieve through traditional methods.

“Now we have Albert, I'm not sure I'll ever have
another human manage my Google AdWords or
Facebook campaigns again,” Connell told me.
“Give it access to your campaigns and the A.l.
ingests everything you've done to date, spends
some time optimising that, and once he’s nished
xing your current content, he begins to create
his own campaigns — adding keywords, taking
keywords away, creating new micro-segments
and so on. And then, with even more time, Albert
starts making real recommendations like “your
competitors are running promotions and you aren't,”
or “social ads are fatiguing at a rate of two weeks,

so we need to produce new content
every fortnight.” Every piece of this
is new, actionable insight, and it's
had a dramaticimpact on our KPIs.”

As important a metric as full-
price sell-through s,
understanding retail performance
and consumer satisfaction does
not end at the point of sale — at
least not the rst time. Every
sector of the RFA industry is
plagued by returns, with online
customers routinely ordering
multiple sizes of a single product
and returning the ones that do
not t. Similarly, consumers also
have clear expectations of
consistency in t, and one of the
holy grails of consumer
satisfaction is a shopper with total
con dence that whatever he or
she buys, itwill tthe same way as the last product
they bought from the same company.

Footwear t may seem, on the surface, to be
less subjective than apparel t. Shoe sizes are
clearly graded for different markets, and none of
the vagaries of small, medium, and large apply.
Nevertheless, as Timo Steitz, CEO and Co-
Founder of ShoeSize.Me explained, machine
learning has the potential to permanently solve
what has become a major problem — with return
rates higher than fashion in many cases - in his
native Germany and beyond.

“Worldwide, we see footwear return rates from
10% up to 70%,” Steitz told me. “In German-
speaking countries, returns for both fashion and
footwear average out at 50%, and our research
tells us that the latter is a lot higher. A recent
survey revealed that as many as 80% of all
Germans are wearing the wrong shoe size if foot
length is used as the sole measurement. We also
know that between different styles and different
brands, actual sizes can vary by as much as three
full sizes for the same kind of product. Footwear
sizing also differs dramatically from country to
country, brand to brand, and style to style, and
the combination of all those variances can be
extreme. We call the result ‘sizing and t chaos’,
and we believe that data holds the key to
solving it forever.”

As for how ShoeSize.Me uses machine
learning? “We collect data from three elds:
product data, user data, and production and sales
data,” said Steitz. “Product data encompasses
material, form, category and so on. User data
refers to information about the customer, such as

their age, gender, body metrics, and whether they
consider their foot to be small, medium, or wide.
Then we look at how people buy: what articles
they purchase, what they keep, what they return,
and why. By uniting those three worlds into a
single dataset and allowing our algorithms to run
on it, we can really begin to make sense of how
shoes t, give customers the con dence to shop,
and provide brands with the insight they need to
create better products.”

Today, as we have seen from previous
examples, shoppers can be convinced to look
beyond pure value if they leave a retail experience
feeling as though they have been personally
valued. The majority of retailers currently try to
create this feeling of reciprocity by offering
incentives for repeat spending (the loyalty card
model), but these can often feel impersonal. Only
rarely do retailers have the level of insight and
segmentation required to present consumers with
offers or rewards based on their own personal
spending or behaviour patterns. Butwith the help
of A.l. technologies, this level of personalisation
could be readily achievable, helping retailers to
increase their chances of retaining customers
without resorting to bulk discounting.

“With A.l. and cognitive computing, the
opportunity exists to personalise relationships
with consumers — not through a points card, but
through relevance,” explained Steve Laughlin of
IBM. “Because you, as a brand or retailer, better
understand your customers, you understand their
past interactions with you, you understand their
personalities, and you can therefore shape your

1. https://lwww.accenture.com/gb-en/insight-arti cial-i ntelligence-future-growth

2. http:// les.constantcontact.com/150f9af2201/ac5db202-a 413-42da-ab8b-fee61flacc6e.pdf

3. medium.com/mmc-writes/arti cial-intelligence-in-the-u k-landscape-and-learnings-from-226-startups-70b9551f3e4c

4. https://lwww.drapersonline.com/business-operations/special-re ports/unleash-the-power-of-arti cial-intelligence/702354 0.article
5. https://lwww.wsj.com/articles/fashion-ads-a-last-bastion- of-print-are-going-digital-1497000602

communications in a way that's going to
resonate the most with small groups of people
—or even individuals. That sort of relationship is
sticky, and it fosters a different kind of loyalty that
should endure.”

Retailers and brands who do obtain that level
of insight into individual customers will also have
the opportunity to use it in other areas, to deliver
a consistent level of personalisation (or at least
familiarity) across channels, as Daryn Nakhuda
from Mighty Al explained. “Fashion and retail are
thie perfect stages for conversational bots and
A.l. assistants, equipped with real insights into
consumer behaviours, to ourish. In real life, a
personal shopper is only as good as how well
they know you; the same will go for an A.l.
assistant, but with the key difference that they
can get to know you a lot faster and a lot better if
you give it access to the right personal information.”

While one of the major applications for
chatbots is in customer support, Nakhuda also
pictures a near future where — just as IBM and
The North Face have done with Watson —
conversational interfaces come to the foreground
of eCommerce. “I think this will completely
change the entire online shopping experience,”
he said. “Rather than going to a retailers web
store and browsing for evening gowns or a
wedding out t, we'll simply tell the chatbot our
names, and it will know enough about our personal
preferences to ask a few situational questions
before recommending a product based entirely
on what it thinks we — as individuals, not as a
market segment — will want. In the future, our
calendars may even be linked, so the underlying
A.l. will already know that the wedding is in Dallas,
in August, so it's going to be hot — or that the
couple’s wedding website has some suggested
colours. Either way, the A.l. can then apply that
information against a retailer's product catalogue
and make recommendations that will be so much
more compelling than just showing a sidebar ad
for something that’s similar to things we've
looked at before.”

Turn the page to read a short feature discussing
some of the potential concerns that might arise
from using A.l. to evaluate abstract concepts like
style, followed by the conclusion of our exclusive
A.l. coverage setting out suggestions for how
readers might begin embarking on an A.l. initiative
of their own today, and the outlook for umbrella
technologies in the longer term.
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TRUST, AND
THE SCIENCE
OF SUBJECTIVITY

Most of the applications of A.l. we have examined so far deal in

concrete, measurable results. While deep learning systems

can analyse hyper-granular instances of consumer behaviour, for example, the outcomes they predict are essentially binary.

A shopper either buys the product or doesn’t; a shoe either ts or does not, no mat ter how many data points are used to arrive

at that answer; and even loyalty, which sounds ephemeral, manifests i tself in clear and measurable hooks like continued

engagement and repeat purchases, or the absence thereof.

But what happens when we want an A.l. to start evaluating things that
are less easy to pin down, and potentially dif cult for us to even describe?
Things like style, that in uence all the aforementioned outcomes inind irect,
potentially uncertain ways. In data science parlance, these are what we
might refer to as soft factors, or subjective elements, as Timo Steitz from
ShoeSize.Me explained.

“l think the fashion industry’s biggest challenge right now is full y
understanding human behaviour and taking account of that element of
subjectivity,” Steitz said. “This is the biggest pain point the industr y has to
solve because, unlike other industries, where in uences are far more con crete,
fashion runs on trends and opinions. Calling them soft factors makes them
sound insigni cant, but they really in uence the way that consumers r each
a decision on whether or not to buy. Popular colours can change week by
week depending on weather, celebrities, and a host of other factors that,

when they combine, can be extremely dif cult to understand.”

To be clear, trend analysis services already thrive on tackling
precisely these kinds of uncertainties. Not only do they weigh
up huge volumes of market indicators to identify trends or
determine whether a product will appeal to a certain
demographic, but they also take into account soft, social
variables that are likely to in uence or disrupt those

predictions. More often than not, though, these
subjective elements are being analysed by human
beings who have built their careers on judging
and predicting the actions of other, slightly
unpredictable, human beings. To arrive at

their conclusions and edits, they rely to at

least some degree on their own

subjective tastes, honed over time

spent immersed in a particular

category.

What happens when
we want an A.l. to start

- evaluating things that are
';i- less easy to pin down, and

4 potentially dif cult for us to
even describe?




them with curated information
about millions of stores

Imagine if machine learning could
become the designer’s eyes, trawl
the world, and come back to

and consumers globally.
And imagine if all that
was available right
now, on their
desktops.

So how important is that personal touch? If
we let an A.l. — even a specialised one — loose
on a similar trend analysis task, alone, we may
receive the same broad answers on a bigger
scale, but might we be missing some nuance?
After all, people wear and de ne their outward
identities through clothes, while machines
con ne themselves to inference from past
performance and real-time data streams. A
human will say “I personally like this and it elicits
these feelings in me, so | believe it will sell,” while
an A.ls decision-making is more accurately
characterised as “my dataset tells me that these
characteristics of this garment make it likely to
sell to this target demographic.”

Whether either approach is any more valid
than the other is not a question this publication
can answer — at least not without dragging it
even further into the philosophical quagmire —
but what matters is perception.

As an industry in the midst of a digital
transformation, the frontier of art and science

is forever shifting in fashion. Today, entire PLM
projects succeed or fail on the strength of the
solution’s integration to Adobe lllustrator, which
allows designers and other database-phobic
creatives to work where they’re comfortable —on
a knife edge between subjective artistry and
cold commercial reality. And as compelling as
the results demonstrated by A.l. solutions are
becoming — creating real value from
merchandising to marketing — what sways the
C-Suite will not necessarily do the same for team
members who prefer to deal with soft factors
day in and day out.

“At a business level, there is a real
receptiveness to the general idea that if we, as
brands and retailers, look at and listen to more
data, this will allow us to get smart and to serve
our customers better,” said Daryn Nakhuda from
Mighty Al. “The challenge is now to incorporate
those insights into existing processes, and make
sure that new intelligence does not stay on the
other side of a vacuum, away from the

merchandising and product teams who are

actually making the critical decisions about what
to bring to market.”

PARTNERS IN PRODUCT

Fortunately, a strong case study already
exists of a company that has successfully
overcome what appeatrs, in hindsight, to have
been a false divide.

Stitch Fix, headquartered in San Francisco,
is, in my opinion, one of the greatest success
stories in fashion technology. The company
offers a personal stylist service, online only, to
men and women, which behind the scenes is
run by a close partnership of around 3,000
human stylists and hundreds of different
machine learning algorithms to deliver a
successful, subjective service at scale.

From an A.l. perspective Stitch Fix employs
machine learning for a wide range of different
purposes. The most obvious is matching

products
to clients,
but the
company also
uses A.l. to
match clients to
stylists, gauge
customer satisfaction,
make recommendations
for the company’s buyers
on what inventory to acquire,
and so on. Pointedly, Stitch Fix

even has a dedicated algorithm for
examining a customers’ Pinterest
boards to supplement the sense of style

that he or she describes at the time they
sign up for the service.

Widely tipped to go public in the very near
future, and with a turnover of around $500 million
in 2017, Stitch Fix is quietly rede ning not just the
way that people shop, but the way that in-house
creative teams can work in concert with A.l.
technologies to everyone’s bene t. Talking to
the magazine Computer World?, a lead Stitch Fix
stylist summed up the relationship that she has
with the company’s various algorithms.

“I quickly realised the tool was my new BFF
[best friend forever],” she explained. “It gives me
con dence when my creative eye is saying this
is a match and the science is saying the same
thing. How they come together is the magic.
When a client lls out a pro le and is ready to be
styled, we are able to see what the algorithm is
suggesting based on the data collected from her
pro le — everything from sizing to location,
geography, body type, fabric preferences,
colours, and pattern preferences. It helps to not
have to worry about the broad strokes of what
the client does not want. Then we can make
creative decisions about what will ther body and
her lifestyle.”

So while creative teams may be concerned
that A.l. solutions are being primed to overtake
their essential creativity, the reality is that a more
symbiotic relationship, with algorithms working
as assistants to designers who are now freed to
be truly creative, is far more likely. And unlike a
human assistant, an algorithm is unlikely to
complain about being tasked with repetitive work,
or assigned to areas where human capacity is far
more of a bottleneck than human creativity.

“Today, how does a designer collect inspiration
and decide what to make for next year's range?”
challenged Ganesh Subramanian of Stylumia.
“Ask one, and they will likely tell you that they
travel once or twice a year, look up other brands,
visit a few stores or shows to buy products and
take photographs. This is because their time is
limited, butin the grand scheme of data collection
and analysis, how much have they actually
contributed by working this way? Compared to
the sheer volume of data that is available across
the entire market, that one designer has managed
to nd a few spare days to research online and
at key destinations. From there, the business will
then place their bets, hoping that potentially
hundreds of thousands of customers in the
EU and USA will buy the products informed by
that research.”

“There is nothing wrong with this approach,”
Subramanian adds, “but imagine if machine
learning could become the designer’s eyes, trawl
the world, and come back to them with curated
information about millions of stores and
consumers globally. If all of that was available
right now, on their desktops, would that not help
designers —and entire businesses for that matter
— make better products and better decisions?”




BETTER DATA IS
IN THE EYE OF THE
BEHOLDER

Implicit in Stitch Fix's use of A.l. to
extrapolate and elaborate on the
information provided by new customers
is the fact that, while we human beings have
very strong subjective opinions about what we
like and dislike, we are not good at putting those
feelings into words. Quite often, we will struggle
to express what we want and why, and groups of
people — even quite homogeneous ones — will
regularly disagree about things that raw data tells
us they should share a common view of.

It may be surprising, but this is considered a
major problem by A.l. researchers — one that
requires a different approach and a different class
of technology to overcome.

“Fashion is a unique industry in several ways,”
explained Edgar Simo-Serra, a researcher at
Waseda University in Tokyo, who | spoke to after
reading his paper on tackling abstract concepts
like fashionability in machine learning models.
“First, you have a lot of potential data for a
machine to work with, but it’s noisy data, without
clear annotations. Machine learning works far
better with sets of clear, supervised data, where
you're training the machine to do a speci c task

that everyone agrees on. Fashion, on the other
hand, is extremely subjective. Designers,
customers, and suppliers may all see and label
different things in the same style, so it's dif cult
to arrive at any consensus. You're talking about
high-level concepts that humans struggle to
agree on.”

Both Simo-Serra and his fellow researcher
Julian McAuley (Assistant Professor at UC San
Diego) are advocates of using computer vision
to supplement subjective information provided
by customers and users. Indeed, McAuley’s
research centres on creating behavioural models
that can predict what a person will do in various
situations, using data that is primarily visual.

“There’s a critical difference between
recommendation systems like the ones Net ix or
Spotify employ and ones that involve a strong
visual component,” McAuley told me. “Our goal
was to understand and build predictive models
of people’s behaviour when the thing being
predicted is visual, as is the case in fashion. As
you know, this is complicated by the fact that the
semantics of why someone likes a certain thing
being incredibly dif cult to describe. Consider
the vocabulary of clothing — the number of
variables of materials, components, and stylistic
elements a shopper could possible like or dislike
— and how much broader and deeper it is than
the vocabulary of movie genres, for instance. We
think the best way to make predictions in these
situations is to use computer vision to learn which
visual characteristics attract which people, track
changes in those characteristics over time, and
then use these insights to predict purchasing
patterns for the future.”

CREATING WITH COMPUTER VISION

Taken even further, the collaboration between
human creatives and computer vision has the
potential to introduce an entirely new kind of

product development—one that uses cutting-edge
data science to provide a jumping-off point for a
designer’s innovation.

“If we think ahead, instead of just predicting
what items, out of the body of existing items, a
person might want to buy, we could begin to
predict what hypothetical item that person would
purchase,” said McAuley. “This is something that
computer vision can already support; we're no
longer just saying that you, the shopper, might
like something that had these features, the model
is actually synthesising images of what that
product would look like. So, if you want a pair of
pants to match a particular shirt, but the retailer
doesn't currently offer one, a generative image
model could present that customer with a view
of a matching pair that is being created on the y,
not drawn from an existing catalogue.”

In fact, this kind of generative image work is
already being used by analysts to distil all the
concepts presented at a single runway show into
one average product. That product did not exist
and was not shown at the event; the image model
produced a picture of it based on different
con gurations and components of the garments
that did appear on the catwalk.

And even more than that, collaborative designs
created by humans and machines working

together have already reached store shelves?.

STITCH FIX

Stitch Fix recently launched a private label called
Hybrid Designs, where each productis born from
a series of algorithms: one that selects several
existing garments to use as a base; another that
presents different attributes and components that
compliment the style of the base garment; and
another that introduces more randomised
elements, with a potential thirty trillion permutations
of components, materials, trims.

From these nine suggestions, Stitch Fix’s in-
house product teams have developed around 20
different products — several of which have sold
as well as even the hottest traditionally-designed
products in the company’s inventory.

“We believe strongly that A.l. cannot be a black
box, and that you have to be transparent about
how you're training it and why,” explains Steve
Laughlin of IBM. “From a client’s point of view,
the data being used have to be well-known and
understood, whether they’re coming from new or
existing sources. And related to that, Al projects
should always be piloted in-house rst, giving
actual users the chance to teach and tune them
further, and giving both the chance to learn from
experience. The purpose here is to establish
familiarity with how the A.l. functions, and instil
con dence thatit's chief purpose is to help make
every employee as good as the best employee
— creating partnerships, not replacing people.”

TRUST THROUGH TRANSPARENCY

AND TRAINING

Finally, the spectre of subjectivity can be
addressed by providing customers and creative
partners with full visibility into the workings of an
A.l. solution and the data that were used to train
it. And unlike other categories of solutions, where
database structures and other internal information
are almost completely impenetrable for non-
technical teams, it is straightforward to explain
to a designer, for example, how a cross-section
of her target demographic were involved in
training the visual recognition portion of her
algorithm-assistant.

With these caveats considered, the nalfeature
in this exclusive series now looks at how retailers
and brands can take their rst steps into the world
of A.l.

STITCH FIX"

1. https://www.computerworld.com/article/3067264/arti cial-intellj
2. https://qz.com/1028624/stitch- x-let-an-algorithm-design-a-|




By now, assuming you read the four features that precede this one, you have wha

of A.l. We have examined how some of the different technologies that fall und

their current limitations are; we have outlined some of the most prominent a

today; and we have tackled the tricky subject of subjectivity, mapping ou

work together to blend the best of deep learning with our own innate creativi

GET SMART:

FROM THEORY, TO PRACTICE,
TO THE FUTURE OF ALl

Just as WhichPLM has done for both of our
previous special editorial examinations (covering
3D in 2015, and the Internet of Things in 2016)
this last exclusive feature is the nal piece of the
puzzle, collecting guidance, food for thought, and
practical recommendations for retailers and
brands who may be looking to lay the long-term
groundwork for their own A.l. initiatives, or to
embark on a particular, more pressing project.

Immediate intelligence?

The clearest question for prospective
customers of A.l. solutions: are these viable
products, with clear return on investment
potential? Broadly speaking, the answer is yes.
While general intelligence — a single machine to
run everything, with mental capacities far in
excess of our own, across essentially all of human
endeavour —remains a pipe dream, more focused
applications of narrow, specialised A.l. are limited
only by customers’ ability to nd the right
technology partner and to gain access to their
own information and broader market data in
suf cient volume to deliver results.

Butevenif A.l. was more limited — its capabilities
con ned to being a better analytics platform or
Business Intelligence tool, for instance — | believe
it would still rank as an essential investment for
many retailers and brands. As the rstfeaturein
this publication explains, the volume of information
now available to us is rapidly beginning to exceed
our ability to comprehend even its outlines — let
alone the sheer volume of raw, real-time data that
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makes up its speci cs. Indeed, many experts
believe that we have already passed the tipping
point after which human capacity will never regain
the ability to interpret the international, cross-
channel ow of information without A.I. assistance.

“We have already passed that point,
absolutely,” said Julia Fowler of EDITED, whose
solution is expressly designed to shrink large sets
of current information down to more digestible
chunks of market insight and competitive analysis.
“Bear in mind that retailers like Zappos and Saks
Fifth Avenue are bringing around 1,800 to 2,500
new products to market each week, and I'd go
as far as to say it's impossible for a human to keep
track of. The purpose of our software is to whittle
that information down into targeted, real-time
insights in seconds — as opposed to having
retailers’ buying and merchandising teams
browsing websites fruitlessly, then periodically
visiting competitor's stores. Working that way,
retailers would have a lot of people spending a
lot of time not accomplishing very much, while
EDITED would instead provide more structured,
objective information — as much as they could
gather in an entire month otherwise.”

Fowler’s perspective on the explosion of data
is also supported by IDC forecasts, which suggest
that, by 2025, the aggregate total of data generated
by all industries will reach 163 trillion gigabytes
—atenfold increase on the most recent available

gure, for 2016 *. Among that data, close to 30%
is expected to be classi ed as “critical” or

t I hope is a balanced view
er the umbrella work and what
pplications of the technologies

t how machines and humans can

“hyperecritical” to our daily lives, and while
the RFA industry does not deal in life-or-
death outcomes the way the medical sector
does, we can nevertheless see the vital
importance of having the right information
at hand, and the ability to effectively
analyse it within a meaningful timeframe.

As you will have gathered from the
previous features, however, A.l. is much,
much more than a new iteration of analytics
or Bl. From machine learning serving as
a designer’s information-gathering
assistant, to a computer vision model
generating images of entirely new products
before they physically exist. From
algorithms powering dynamically-adjusted
pricing, responding in real-time to changes
in demand, to A.l. technologies
revolutionising recommendations,
personalisation, and other customer
capture and engagement initiatives.

It is no wonder, then, that one major
school of thought — and it's one that |
subscribe to, with the likes of Vladimir Putin
as company — hold that A.l. is a revolution
on the scale we have not seen since the
invention of the Internet. In that light, A.l.
proponents argue, itis absolute folly to wait

to take action - particularly when we
consider that many retailers’
business models
are already

balanced on a knife edge, and every
individual competitive advantage counts.

“Since retail is typically low-margin, it
requires even more focus on ef ciencies
than other industries,” said Alexander Grey,
who serves as Head of A.l. Research at
Infosys (formerly Skytree,) which offers
‘turnkey predictive insights’ at xed rates,
using machine learning. “On the positive
side, that means that the impact of business
improvements brought about by machine
learning (marketing, personalisation,
customer loyalty, inventory allocation,
hiring, fraud prevention and more) is
probably larger than itis for other industries.
In other words, adopting machine learning
seems especially urgent and critical for
retail —and that is in the context that | don't
believe any industry can afford to wait.”

Then there is the counterpoint—and it's
avalid one, depending on your perspective
and business objectives —that if it has taken
me, a researcher and writer whose job it is
to cover new technologies in fashion, 15,000
words and a raft of expert interviews just to
articulate what it all means, maybe the
smarter money waits until more concrete
ROls are established, or until more
accessible A.l. solutions reach the market.

“A.l. is the latest buzzword, and that’s
led many retailers to explore the different
ways that the technologies can bene ttheir
businesses,” continued Julia Fowler of
EDITED. “However, only a few actually
have the capacity to take advantage of all
the available data and use them to their full
potential by themselves. A.l. algorithms
require large curated datasets, top notch
servers and infrastructure, and a team of
experienced data scientists — all of which
can become extremely costly. Not to
mention the complications of managing
something so different from a retailer’s core
business. Having said that, if applied
effectively, technology can bring many
positive transformations to fashion
businesses.”

Despite my optimism around A.l. in
general, | agree with the contention that
A.l. is so fundamentally different from any
retailer or brand’s business that asking
them to refocus and really understand all
the umbrella technologies would be like
asking them to quit making blouses
and go into running backend banking
systems tomorrow.
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This has been a dif cult subject to analyse and
present. Far more so than 3D working, or even
the Internet of Things, which at least have agreed
de nitions. When it comes to A.l., tenured
professors and technology experts alike are prone
to coming up short in truly explaining core
concepts. Even the famous Turing test — named
after British mathematician, hero codebreaker, and
father of modern computing Alan Turing — stops
short of deciding whether a machine can think,
and instead gauges how well it can fool a human
into believing it is thinking the way they are.

If these experts cannot readily de ne what
intelligence is, | do not believe a brand or retailer
should have to concern themselves with how their
A.l. assistant reached the conclusions it did from
the information it was fed. And neither do | believe
that they should blanket-hire programmers and
data scientists out of a blind need to understand
and adopt the latest technology. Because, like
most enterprise technology before it, A.l. vendors
are already working out how to take the sting out
of its tail.

“Most businesses are not currently staffed to
actually implement machine learning in-house,
so they will need to use third party service
companies to realise their vision,” continues
Alexander Grey of Infosys, who, among others,
offer machine learning as a service, with the need
for customers to invest in infrastructure and large
numbers of in-house resources. “There are
roughly three kinds of human activity needed in
projects like these: starting with translation of the
business problem to machine learning and
evaluating the results, moving on to core data
science work like modelling, and nally the usual
|.T. issues associated with bringing in any new

software. We focus on providing the rst two
pieces, with our expert data scientists, but this
also has the effect of minimising the human time
and skill needed for the actual execution.”

And while governments are clearly investing
in pushing the envelope of A.l. and fostering this
kind of talent, some are also interested in setting
down regulations that will provide brands and
retailers with a better understanding of A.l.
processes without having to investigate them
in-house. From summer 20182, the European
Union may begin to ask companies that create
automated decision-making systems to provide
end users with an explanation for how those
decisions were made.

As for the deeper philosophical questions, for
now we can leave those to the philosophers, while
we instead ponder how to put theory into practice.

Start behind the scenes

Like many other technology trends, the most
immediately compelling applications of A.l. are
the ones that promise to reshape the retail
experience for consumers. But while there may
be clear ROI potential in the likes of personalised
in-store advertising, perhaps the most practical
place for many businesses to begin is with more
mundane use cases that nevertheless offer similar,
if not greater, monetary value.

“The opportunity to make sense of unstructured
data and build use cases from it is tremendous,
but you need to understand which of those use
cases is going to move the needle in your
particular business,” said Steve Laughlin of IBM.
“The customer-facing side of A.l. is the shiny
object with the most obvious appeal, but there’s

a lot going on in other parts of our clients
businesses. They can use A.l. to track attributes
like local events, local weather forecasts, and the
actions of local competitors to accurately preduce

demand for hyper-local markets. Then, if they
know that the retail performance of a particular
SKU is highly affected by temperature and
precipitation, they can better plan their inventory
allocation for different stores based on accurate
forecasting. And for businesses that have a lot
of inventory tied up in supply chains and
distribution, that can represent a signi cant

nancial improvement.”

Address the industry you
have, not the industry
you want

An important thing to remember with any
emerging technology is to remain anchored in
realism, rather than getting too carried away by
less concrete possibilities. As thrilling as the idea
of A.l.-led design no doubt is, at the brass tacks
level shoppers still pay retailers’ salaries, and the
solutions the latter implement should therefore
be targeted atimproving the value they can obtain
from that relationship.

“Today’s shopper is price-sensitive and
technologically savvy,” said Cheryl Sullivan of
Revionics. “It's an entirely different generation,
accustomed to instant grati cation, and a recent
PWC survey revealed that 50% of shoppers will
even buy outside their country if they can obtain
abetter price. Inthat context, it's a huge challenge
for a retailer to know what price to begin with for
a given product, or to properly plan when to take
an initial markdown, how signi cant to make it,
and how many more should follow. We use

machine learning to make optimal price
recommendations that give retailers a good
chance of reclaiming that 50% and more, but what
itcomes down to is them accepting that retail has
been rede ned and is now about art and science,
rather than justart. | believe the retailers who will
remain relevant in the face of Amazon and other
disruptors will be the ones who embrace the
potential of machine learning and use it to their
advantage in the current retail market.”

Supplement your work-
force, but keep them
safe

One of the most prominent reasons that
businesses turn to technology is to avoid increases
in overhead and headcounts as consumer
demand and market pressures place greater
stress on processes and individuals. But A.l. is
a different beast: we know it hits the headlines
when it makes factory workers and nancial
analysts alike redundant, and in theory it has the

potential to do the same for an alarming number
of job functions in the not-too-distant future.

Before we tackle that issue head-on, though,
let's look at an instance where A.l. is being used
to add expert-level capacity to an area of business
where resource constraints can have a direct and
material impact on international success and
pro tability.

“In most teams, the work of merchandising is
done by a handful of people for a global audience,”
said Andy Narayanan of Sentient. “We all know,
though, that people in New York don't dress the
same way as people in Singapore, but there’s an
element of limitations on human decision-making
there. Without increasing our headcount, we, as
brands and retailers, have had to accept that we
simply cannot make localised merchandising
decisions for all our markets at once. With A.l.,
though, we're eliminating that bottleneck and
letting the A.l. make decisions, engage with that
shopper in New York, and understand what they
want. Here, A.l. isn't replacing the job of
merchandisers, but it is decentralising decision-
making in the moment — the same way a local
store manager or business associate would. |
think that’s the huge potential of A.l. in the future
— the idea that we can do this at scale for
merchandising, assortment planning, product
recommendations, returns management and son
on. | believe that every one of these common
business challenges can become an A.l. problem
with an A.l. solution.”

As a senior gure within an A.l. business,
Narayanan is bound to be optimistic. The reverse
side, however, of solving so many business
problems with A.l. is the possibility that human
problem-solvers in these areas may become
obsolete.

We have already discussed the sudden
possibility for white collar workers and assembly
line staff alike to be replaced by A.l. and robotics,
but how far is this egalitarian approach to
automation present in the RFA industry?

While the morbidly curious can investigate for
themselves by visiting the appropriately-named
www.willrobotstakemyjob.com (which pulls its
data from a University of Oxford research
publication written in 20133,) we can say with
some con dence that key creative roles are
currently considered extremely safe occupations.
Indeed, fabric and apparel patternmakers are
predicted to be more in demand than ever by
2024, while roles in apparel and footwear
manufacturing threaten to go the way of
electronics assembly work conducted by
Foxconn, the world’s largest consumer electronics
contractor, which plans to replace 60,000 of its
workers with automation and A.l. within the next
three years.

For people who work on non-routine, cognitive
tasks (which is to say ones that engage our brains
and creative faculties), however, | can only see
A.l. as good news for themselves and their
businesses. Because far from replacing them,
A.l. solutions will instead work to take weight off
their shoulders, and provide them with the best
possible starting point for more creative work.

Unchain creativity

When it comes to repetitive work, humans —
fallible and expensive - are easily replaced by
awless A.l.s that demand nothing more than
electricity and maintenance. For what we’'ll refer
to as “higher order” tasks, though, the evidence
seems to suggest that we will retain our edge for

the foreseeable future.
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Until the time (which may remain distant until
the emphasis of commercial research and
development shifts to a more general approach)
that creative tasks like design fall under the umbrella
of A.l., then, the best applications will be those that
support human beings by taking on the time-
sapping, innovation-light portions of their jobs, and
allowing them to focus on more creative work.
This, in turn, will allow businesses to do more —and
be more creative, on balance —without dramatically
expanding their creative teams.

A strong example of this approach in action
comes from a Harvard Business Review feature
titled “How Companies Are Already Using A.l.#’
Here, the author sets out the case of the centuries-
old Associated Press, whose team of just 65
business reporters were struggling to provide
coverage of even a small percentage of the
quarterly earnings stories their audience
demanded. In 2013, the company contracted an
A.l. provider, and began training the program to
be able to write short earnings stories from data
provided by nancial research systems, without
any human intervention. Two years later, of around
5,300 public companies in the USA, the Associated
Press's A.l. was covering the earnings of 3,700
on a quarterly basis. As a result, the company’s
existing reporters were able to focus on producing
detailed coverage of more complex stories, and
not a single person lost their job.

This is a perfect case study of A.l. in use,
because the program was trained by people who
understood the business at hand, before being
set loose to work on repetitive, low-value tasks
that would otherwise have occupied huge
amounts of human time. As a direct result, that
same pool of human time is now spent on
generating unique value for the business and its
customers. And while the parallels between the
worlds of publishing and apparel are limited, the
same principles already do apply to cases where
A.l. has been used in a similar way in our industry.

“I've seen this happen rst-hand,” Raj De Datta
from BloomReach told me. “Our insights product
is used by visual merchants to lay out their product
assortments on their websites, and before
machine learning they would have to dig through
sales data and Excel sheets to gure out where,
for instance, a particular evening gown should
appear on a page. That involved a considerable
amount of work. Now, they work from actionable
intelligence that tells them what kind of evening
gowns are trending right now, and it’s then up to
the merchandiser to decide whether to promote
something that’s already selling well, or to take
action with something new that may capitalise on
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atrend. These are the sorts of decisions that only
humans can make, so machine learning and A.1.
here are shifting the time humans spend away
from basic work —which computers can accomplish

far more quickly —and towards higher order tasks
that actually harness their creativity.”

This drive for process transformation and
ef ciency in time-consuming manual processes
will be familiar to readers of previous WhichPLM
publications, where, even when they are tempted
by exciting innovations like 3D working, most
customers want PLM to get better at removing
repetitive manual work like data re-entry.

Of course, actually designing or merchandising
products is not the only kind of creativity occurring
within a typical apparel business. The industry
is waking up to the importance of connecting
marketing departments to PLM — sharing common
asset libraries and empowering advertising teams
to better articulate the value of a product — and
A.l. has already begun to support heightened
creativity in this area as well.

“Working with A.l., my team is smarter, more
ef cient, and they're able to spend more time
doing what they love doing,” said Courtney
Connell of Cosabella, whose A.l. marketing
initiative delivered more than justimproved KPIs.
“When | hire someone out of college, I'm not
burying them in busywork the way | would have
done before. Instead, | can use their brains to
their full capacity. | think everyone’s terri ed about
A.l. coming in and taking their jobs, but for me
it's a complete industrial revolution, so it's
obviously going to free up people’s time and
challenge them to nd better ways to use it, but
| can only see that as a positive thing for society.
| think that, as humans, we've become very
machine-like over the past decade or so. There
have always been repetitive tasks, sure, but we
just were not meant to sit in front of a computer
and do those tasks all day. That should be
machine work.”

Even with this relationship whereby A.l.
solutions support humans in their creative
endeavours, it seems inevitable that some roles
will still either disappear or become impossible
for their current occupants to hold as they change.
But this should not mean the overall workforce
will shrink; rather the onus will be on governments
and corporations to ensure that enough people
are trained and hired to t into a greater range
and diversity of new higher-order careers.

“As many other technologies have done in the
past, A.l.is going to take over jobs,” said Alexander
Grey of Infosys. “Butit’s equally going to create

new ones — some that we can't even conceive of
today. The only real risk with A.l. is that it might
progress more quickly than we're able to diversify
the workforce. As a comparison, robots came
into car manufacturing and took over, but a lot of
other job roles — car design, car sales, and
industrial robotics — came into play. And although
robotic automation is not pretty ubiquitous in a
lot of industries, we now have more people on
earth than ever before, and more of them are
working than ever before. I'm not worried about
A.l. itself, rather that our industries and
governments may not be preparing fast enough
to Ilthe new jobs that it will create.”

Track down talent

Assuming they do exist in your local market,
you may very soon nd yourself needing to hire
precisely the kind of talent that Grey talks about.
And while | remain convinced that hiring data
scientists en masse is not the right direction for
most brands and retailers, tracking down the right
talent may be a harder-fought battle than many
businesses realise.

In essence, what it means to work in fashion
is changing. A decade ago, a design, marketing,
patternmaking, or similar course would be the
logical on-ramp to a career in RFA; today it is an
equally viable path to study advanced mathematics
and to then specialise after graduation.

“If we take a step back and think about what
we and other businesses are doing in this space,
we're using a new class of technology to reinvent
the entire value chain in retail,” concluded Raj De
Datta from BloomReach. “For us the specic
applications are focused on the digital experience;
for others it might be supply chain optimisation,
store layouts, or trend prediction. Wherever
machine learning and A.l. technologies are
applicable, there are just so many ways for
business processes to be completely transformed.
At the moment there’s a very clear shortage of
technical resources who have fashion industry
experience —and in fact specialised data scientists
are sought-after in every industry. The net effect
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a PHD in machine learning, you may have a
guaranteed job in retail, but you also have a
guaranteed job at the best tech companies in
Silicon Valley, and the best hedge funds in New
York City. That makes machine learning a very
competitive labour market, and retailers are going
to need to partner as much as will need to recruit
their own talent.”

From time saved to total
transformation

Fittingly, for a subject that tackles what it
means to be creative and to be human, there are
no easy answers when itcomesto A.l. There are,
however, two cardinal rules that | feel prospective
customers should attempt to abide by.

First, biding your time to make an investment
in A.l. is perfectly valid, but businesses should
take care not to underestimate the amount of
progress that has already been made in this area.
Anyone waiting for advanced general A.l. before
jumping in is likely to be disappointed, either
because AGl is eventually proven to be impossible,
or because the value of a broad intelligence will
be considerably less than the specialised systems
we already have today.

Second, while it is possible to look at A.l. as
a way of pursuing automation, and increasing
headcounts across the board, ours is a creative
industry where A.l. is currently poorly-equipped
to take over human jobs. Today, a far better
application is to use all the tools under the A.l.
umbrella to automate just those mundane tasks
that are sapping time from your business, and to
retain all or most of your current creative team,
giving them a new opportunity to push their
creativity further without compromise.

At the time we wrote this publication, these
repetitive tasks are in market, retail, and inventory
allocation, but it is unlikely that these will remain
the only stages of the lifecycle where A.I. will make
itself useful.

“l want to make a strong statement here,”
continue Alexander Grey of Infosys. “I believe it's
just a matter of time until machine learning, A.l.,
and automation transform at least half of what
every business does. They have applications in
sales, marketing, merchandising, product
recommendations, loyalty programs, fraud
detection, human resources — the list goes on.
You need only look at the nance industry, where
A.l.is making the future look extremely uncertain
for financial advisors, and consider how

comprehensively Amazon has transformed the
retail industry using technology. Companies that
are not using machine learning in any way will
nd themselves left in the dust shockingly soon.
I rmly believe that's true.”

And let us not forget that while the RFA industry
is forging its own path for A.l., the wider world is
likely to be even more receptive to the technology
and its applications. And some — again, myself
included — see A.l. as an engine for change and
social re-engineering the likes of which our
lifetimes have never seen.

“As far as I'm concerned, A.I. could trigger the
next renaissance in human evolution,” concludes
Courtney Connell of Cosabella. “It's all too easy
to just keep ourselves in that repetitive loop, where
we're just doing the same things we've always
done, and there’s so much work that it's hard to
srop and think about new approaches. As we
use A.l. more and more, though, | see us valuing
the human mind much more - valuing our own
creativity, and valuing the time a human spends
making something. | think that could be a really
interesting shift in society because we don't know
how far our minds can go. And | think that as long
as we keep holding onto menial work because
it's the only work we know, we'll never nd out.”

In the here and now, however, A.l. remains a
tool. Atool with tremendous untapped potential,
but, from a commercial perspective, a tool
nonetheless. Its near-term applications will be
supporting humans to not just keep their heads
above water in the intelligence era, but also to
make information decisions about the direction
they want to swim in, and then to take more
con dent strokes towards their objectives.

“Our aim with A.l. isn't to automate jobs or
dictate creativity — it's simply to give retail
professionals the information they need to do
their jobs to the best of their ability,” adds Julia
Fowler of EDITED. “We're not using A.l. to paint
masterpieces, getting rid of painters in the
process; we're giving painters better paints and
brushes to help them create their own
masterpieces.”

This concludes our special editorial focus on
intelligence. For more on new technologies, turn
to the Future of PLM article at the end of this
publication. Alternatively, to return to the role of
core PLM in enabling business transformation,
turn the page to discover an exclusive PLM story.

1. http://www.seagate.com/ les/www-content/our-story/trends/ les/Seagate-WP-DataAge2025-March-2017.pdf
2. https://www.technologyreview.com/s/604087/the-dark-secret-at-the-heart-of-ai/?set=607864

3. http://www.oxfordmartin.ox.ac.uk/publications/view/1314
4. https://hbr.org/2017/04/how-companies-are-already-using-ai
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PLM STORIES:

The second in a series that began in our 6th Edition, this feature examines
another apparel business’s relationship with technology. Pam
Buckingham, Director of PLM and Product Development at Shoes For
Crews, tells the story of her life in PLM, and highlights a successful
implementation where a high-speed hunt for the right solution was critical
to supporting large-scale business transformation.

Pam Buckingham knows PLM. With at least
four full implementations over the past fteen
years under her belt, she has seen rst-hand the
way the RFA industry has been transformed by
technology. But her immersion in the inner
workings of fashion began before she had even
consciously chosen a career.

“I grew up in and around the apparel industry;
my dad was a patternmaker and marker maker,”
she told me as we convened to talk about her
latest PLM project at practical footwear company
Shoes For Crews. “As a kid | would roller-skate
up and down the oors of his cutting room, or

help him with drill holes and notches when he did
freelance grading out of our basement. My rst
job out of high school started with tracking
samples, and once | graduated they asked if |
wanted to learn to make and grade patterns
myself, so of course | said yes.”

As it turns out, this all happened at a critical
juncture for RFA technology. The rst computer
aided design systems were seeing mass adoption
in the late 1980s and early 1990s, and Pam recalls
herwork on the Gerber AM5 system as being the
catalyst for a long-abiding love of technology.
“As someone who'd seen all the papercuts from

heavy paper, and the callouses on the graders’
hands, | knew that | didn’t necessarily love the
physical part of patternmaking, but | de nitely
loved the digitizer board. | loved using the
computer to straighten lines and create grade
rules, so it was more the digital side of the industry
that captured me.”

Call it a function of being in the right place at
the right time, or a result of her experience in both
physical and digital patternmaking, but Pam
soon became more than just an end user: she
was soon instrumental in implementing
new technologies for one of America’s biggest
outdoor brands.

“l then moved to California to work in
patternmaking and grading on an incredibly
complex product line, and eventually, with some
great mentorship, | found myself managing that
company’s CAD/CAM systems. This was around

the dawn of the Internet, and | remember
approaching my boss at the time and suggesting
that, instead of faxing spec sheets, we could build
a website that allowed our suppliers to log on and
download whatever they needed. | had always
been encouraged to gure out how to put my

ideas into action, so the company sent me to
school over the summer, and when | came back
we built a pre-PLM way of communicating with
our contractors through

the web.”

In a natural progression,
the brand Pam then worked
for soon replaced its home-
grown vendor portal with
one of the rst generations
of fully- edged PLM. And as
an internal champion of
collaborative technologies,
Pam was tapped to explore
the potential of new technologies to not just
optimise but upend and totally rede ne ways of
working. “Being so involved in managing the
ways that CAD/CAM had changed product
development, it was only logical that | ended up
working with data management and PLM when
they came into play. Between the two different

applications, | found that | had a real passion for
process re-engineering — that idea of
deconstructing everything, looking at how people

interact with each other, and really mapping out
how technology can be used to fuel change.”

This is a passion that Pam has carried with
her ever since, and one that the PLM market has
only begun to embrace quite recently. Although

things have changed in the
pastfew years, the perception
remains in some areas that
PLM is simply a piece of
software, rather than a tool
to unlock more
comprehensive business
transformation. And while
most brands, retailers, and
manufacturers now think of
the technology itself as
essential, WhichPLM’s
customer surveys show that PLM selection and
rigorous process re-evaluation still do not always
go hand-in-hand.

“Like a lot of experienced people in this
industry, | believe that you cannot bring a product
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to market effectively today without technology,”

Pam says. “But at the same time, if you're
implementing technology without also changing
your processes, you are not doing the best
possible job. You have to be willing to challenge
and rebuild things - to ask hard questions about
hand-offs and process ownership.”

One company that appears to understand this
attitude completely is Shoes For Crews, which
brought Pam on board when it began looking for
PLM in 2016, and asked her to lead its
implementation project in earnest earlier this year.
Shoes For Crews (hereafter also referred to as
“SFC”) bills itself as “the force behind the
workforce,” and produces durable, slip-resistant
footwear for workers everywhere from catering
to construction — keeping at least 100,000
workplaces safe worldwide. But while the
company has always prided itself on the stability
and safety of its products, its own internal
processes needed to be not just optimised but
overhauled, as Pam explains.

“One of the biggest challenges we faced —and
it's a great one to have — is growth. We acquired
another company in late 2016, expanding our
portfolio. We also have licensing partnerships
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with other brands, where we take their silhouettes
and add our patented non-slip outsoles, so over
time the company has developed a much bigger
product line, and has had to learn to manage
more new products and new brands each year.
And this is on top of a really signi cant new launch

that we were preparing for in April 2017.”

The “new launch” that Pam refers to might
better be described as a whole new Shoes For
Crews. Already unique, in that its patented
outsoles come from a
wholly-owned factory,

SFC, under new

leadership, had also

begun to bring its

product design and

development

processes in-house.

“In 2016 our CEO and

Chief Innovation

Of cer, Stuart Jenkins,

decided that we

needed to bring critical

design and product creation processes in-house
to ensure the best quality for our customers,” Pam
says. “So he set out to build a world-class product
development team who could rebuild a lot of the
company’s product line from the ground up —
designing from new lasts, with new materials and
new outsoles, and working on women'’s shoes as
their own product category, rather than grading
down men'’s styles. He knew that he needed
current technology to support these complex
business processes.”

EANRY
Calling this a comprehensive change would
be underselling it, so it should not be surprising
that Pam saw simultaneous opportunities to
implement new technology, to essentially redesign
SFC's existing processes, and to introduce an
inexperienced team to PLM. “Atthe time, we had
a small number of people who had never worked
in a system like PLM. Most of them had never
had a material library or a last library before, and
if they were going to execute and sustain this
large-scale transformation, they needed that kind
of technological support. So that's how we
approached the market: we started
from ground zero, shortlisted six
vendors, and then narrowed our
selection down to two that we felt
could offer what we needed.”

Pam is keen to remind readers
that this was not a typical
shortlisting and selection project,
however. While it was important
that she not bring any
preconceptions to the table, she

was nevertheless able to rely on knowledge
gleaned from previous implementations to cut to
the quick of what she and her team needed to
see from vendors. “We didn't want to see
Powerpoint presentations; we asked very speci ¢
questions, and we wanted to see how things
worked in the system for real,” she says.

Like Pam, WhichPLM has long advocated this
style of “day in the life” demonstrations, where
real-world data and use cases are evaluated,

rather than pre-prepared presentations based on
dummy data. In part this is because necessary
functionality can be immediately observed — or
its absence noted — but it also has the secondary
effect of showcasing the solution’s unvarnished
user experience (or UX), for better or for worse.
WhichPLM has previously referred to UX as the
next major battleground for

PLM vendors, and this

particular implementation

serves as a case in point.

“The best way to gauge
the usability of a PLM solution
is to compare it to the services
that your end users —
particularly millennials -
interact with every day in their personal and
professional lives,” Pam says. “When you rst
sat down to use Facebook or LinkedIn, did anyone
have to teach you how they worked? No. And |
understand that PLM holds more complex
processes than either of those systems, butitisn’t
rocket science. One of the major reasons we
selected the solution we did was its ease of use.
Our product team were able to get in, navigate,
and do a lot of the essential things without any
guidance whatsoever, while a different system
might have needed three or four days’ training for
each user.”

Like almost a third of PLM customers in
2016/17, nding a cloud-based solution was also
one of Pam and her team’s primary selection
criteria, and she is optimistic that the industry as
a whole is gravitating towards off-premise
solutions. “I think in the long run it’s all going to
be cloud. The burden on the business
implementing it is so much smaller. Everything
is so much lighter, faster, cost-effective and time
ef cient. At Shoes For Crews we went live in 42
business days, and I've been involved in enough
implementations to know that that’s ridiculous in
comparison to traditional deployments. And it’s
not as though we had a small scope; our
expectations were high, and the solution we chose
has delivered even more than we planned.”

And at both the individual user and the broader
business level, PLM has proven essential to
delivering the vision of a new Shoes For Crews,
as Pam explains. “We make important products
with a purpose. Our footwear has to be stylish
and comfortable, but unlike a typical fashion brand
or retailer, safety is our number one priority. With
PLM we have the tools to track materials testing
and certi cation with the click of a button, for
example. And it's not just the obvious things: it

used to be the work of a week to put together a
presentation for a sales meeting, whereas now
it's done in a few clicks. That's the power of having
everything connected, and bringing together
people working in different of ces so they can

share information in real-time and collaborate
more closely.”

But despite these clear

and compelling results,
Pam encourages

prospective customers not
to underestimate the work

involved in truly making the
most of the potential of

modern PLM. “Working
from experience | was able

to do things more quickly, but for people who've
never managed a PLM project, the sheer scope
of what it touches can be so overwhelming,” she
says. “The vendor selection process alone can
take six months if you're starting from scratch,
and you should be thinking about a year-long
project as a bare minimum.”

The survey section of this publication contains
advice from a range of different businesses
(brand, retailer, and manufacturer) who have
undergone their own PLM projects, so we asked
Pam to add her own weight of experience and to
set down some guidelines for how new customers
should begin to approach the market.

“It's important to research and network, rst
of all. Find other people who've done it and talk
tothem. Look up trending PLM topics on LinkedIn.
Look at WhichPLM and other industry publications
and blogs. Second, talk to your business partners
and nd out what the most painful part of their
day is — what takes them the most unnecessary
time? Write this all down. Look at how many
times you've had 