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Chatbots to learn about, with, and from

Illustrated by a project between IBM CAS and the Mauritshuis

Zoltan Szlavik

IBM BeneluX center for Advanced Studies
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For context, where I'm from:

IBM Benelux Center for Advanced Studies (CAS)

Research

Innovation Education

April 2018




CAS:

Collaboration
with Academia

Clients in the Benelux

get challenges addressed
in innovative ways by

- Academia VU e

CENTER FOR
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Where CAS Research fits

R (A S
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File Edit Options Buffers Tools Help
CPx 0B +0UEQRS V9

re CI latbOtS I IeW - '\ I am the psychotherapist. Please, describe your problems. @

§Each time
vou are finished talking, type RET twice.

I have a terrible headache.

Maybe you should consult a doctor of medicine, I am a psychi®
§atrist.

User: My head hurts Okay, I'll do that then.

Can you elaborate on that?

That are vou talking about? NNo annot elabora _ 1 1@
“"Thank you, that will be $150. Have a good day!"1],

Eliza: Why do you say your head

[ "Please tell me more.",
"Let's change focus a bit... Tell me about your family.",
1;) "Can you elaborate on that?",
u S "Why do you say that %1?",
o "I see.",
"Very interesting.",
II961.Il'
"I see. And what does that tell you?",

"How does that make you feel?",
"How do you feel when you say that?"]]

v def command_interface():
print('Therapist\n——————
print('Talk to the program by typing in plain English, using normal upper-
print('and lower-case letters and punctuation. Enter "quit" when done.')

ELIZA; the psychoterapist e N —
Joseph Weizenbaum — MIT - 1966 e e

s = input('s ')
EOFError:
S 'quit’
print(s)
s[-1] Bt
s = s[:-1]
print(therapist.respond(s))

__name__ " main__":
command_interface()



“| went to the races.” When PARRY Met ELIZA: A
esegoon Ridiculous Chatbot
e oo Conversation From 1972

_ _ They might not have passed the Turing Test, but they won the battle for
“Do you know anything about bookies®” wackiness.

What makes you think | know anything about bookies?

Network Working Group V. Cerf
Request for Comments: 439 SU-ERL
» _ _ : . NIC: 13771 21 Januvary 1973
A bookie didn't pay me off once.
What does that suggest to you? PARRY Encounters the DOCTOR
The session recorded below actually happened on 18 September 1972 and
‘| beat up the bookie who did not pay off, and | thought he s herewith zeproduced for your entertainneat.
might use his friends in the underworld to get even with Good Evening.
rT]EB.” Tell me your problems. Please terminate input with a period or a
question mark.
PARRY *People get on my nerves sometimes,
Kenneth COIby, Stanford 1972 I am not sure I understand you fully.

*You should pay more attention.
Suppose you should pay more attention.

*You're entitled to your own opinion.




Cleverbots (video from 2011)

https://www.youtube.com/watch?v=WnzlbyTZsQY
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Chatbot vs. Conversational Assistant

April 2018



Customer Support Use Case Types

Virtual Agent

- Virtual Agent scenarios are often good candidates for the NLClassifier

Agent Assist (call center)

— Human Agent can concentrate more complex and infrequently asked question and
Retrieve and Rank Service can assist the Agent can find answers for unknown questions
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Should a chatbot be conversational?

o

When you do need conversation:
*Differentiation from competition
*Humanising a brand

o! 3‘ o! 3‘

When you don’t need conversation:
*User error leading to failed transaction
*|f your competitive advantage is

simplicity
*|f you cannot handle unbounded input

o! 3

Please select an option above.

Let me see main menu

Please select an option above.

See original options

Please select an option above.

Go back to all choices

Please select an option above.

This bot is stupid
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Should a chatbot be conversational?

Considerations for chatbots:

*How are you setting user expectations?
*|s your chatbot utilitarian or entertainment- Trump?

' ?
d riven: , . ... Helsavery successful
*Does your chatbot reflect your brand’s voice? @2 businessman from the Usa.

*|s your chatbot a familiar service or product?

What do you think of Donald

Should he be president of the

*Does your chatbot need to differentiate itself USA?
. . N
ina COmpe“_tlve market: . __ Maybe you should ask someone

*How strong is your technical team and Al €2 olcer o
platform?

*How strong is your writing team?
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The Mauritshuis seeks to innovate

Mauritshuis heeft primeur met HoloLens tijdens Museumnacht

19 oktober 2017

New App Reveals Secrets of Girl with a Pearl Earring.

09 November 2016

Mauritshuis Rediscovers Jan Steen Painting

‘As if it’s fresh from Jan Steen’s studio’
09 February 2018
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How to get to learning?

» Good data and Al models lead to a good system
* A good system leads to good user experience

» Good experience leads to engagement

* Engagement leads to Learning

April 2018



An chatbot as starting
point tor exploration

The system answers questions,
we do our research on It
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The Application

o

Chat with Watson Discover the Painting
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Visual d iSCOve I‘y (no Al in here...yet)

Close

Both Dr Tulp and the students depicted in the painting paid
Rembrandt to be portrayed in this painting.

Yes, that is correct. Dr Tulp was born as Claes Pieterszoon,
but later in life changed his name into Nicolaes and
adopted the surname Tulp, which translates as tulip in
Dutch.

The man with the hat is doctor Nicolaes Tulp.

Dr. Tulp taught nine anatomy lessons during his career.

M
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Answering people’s questions
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Watson (2011) Question-Answering on unconstrained domains

More of aT Broale_pen
challenge Domain

Complex
Language

High
Precision

Accurate
Confidence

High
Speed

Humans Machines
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Cognitive Computing: Three elements

EXPANDS

EXPANDS human cognition, makes the jobs we do easier, like a
cognitive prosthesis, especially when dealing with processing
massive data, or data that requires human interpretation

LEARNS as you use 1t — most machine errors are easy for
a human to detect, and we can instrument usage of systems I E AR | \l S

to better understand the system and the problem 1t solves

INTERACTS naturally. We need to bring machines
closer to their users, we have adapted ourselves enough

I TERA C T S to them, they should understand natural language, spoken

N or written, be able to process 1mages and videos. These
simple human problems are extremely complex for
machines, but are hallmarks of a new computing era.
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The StOry Of WatSOn (very high level, not all aspects covered)

Create something specific (Jeopardy, 2011)
- Try to use framework on other domains (WEA, ~2013)
- Break it apart (Developer Cloud, ~2015-) — you do the assembling

- Address specific use cases (Watson for Oncology, etc., ~2015-) — IBM does the assembling
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Infrastructure

Compute

Build your virtual environments.

Bare Metal Server

et
| o= Bare metal servers provide the raw horsepower you
domand for your processor-intensive and d

Dedicated Virtual Server (Hourly)
Ty
BM

Qur virtual servers deliver a higher degree of
customization, transparency, predictabiiity,
1BM

. Dedicated Virtual Server (Monthiy)

[ N

Ii Qur virtual servers deliver a higher degree of
. Public Virtual Server (Hourly)

customization, transparency, predictably

18M
- Public Virtual Server (Monthly)
Ty
| 9] Our virtual servers deliver a higher degree of o Our virtual servers deliver a higher degree of
customization, transparency, predictabiity, customization, transparency, predictability,
BM 1BM
Storage
Order storage.
& Block Storage ('\l Cloud Object Storage s Content Delivery Network
- - ses
NENF  Persistent iISCSI based storage with high-powered \..5 Provides flexible, cost-effective, and scalable cloud \", The Content Delivery Network service distributes content
performance and capacity up to 1278. storage for unstructured data, where it is needed. The first time content
BV 1B\ IBM
% File Storage
‘< - Fast and flexidie NFS-based file storage with capacity
options from 20GB to 12T8.
B\
Network
Order network.
Citrix NetScaler VPX Dedicated Load Balancer r Direct Link Cloud Exchange r Direct Link Colocation
cin Industry-leading appiication delivery controller with : Establish unparalieled network performance to and from -
superior 4-7 load balancing and applicatio your IBM laaS platform.
IBM 1BM

Establish unparalieled network performance to and from
your I1BM [aaS platform.
Direct Link Network Service Provider

18M
.._-. Domain Name Service
Establish unparalicled network performance o and from “ 1IBM Cloud offers domain reqQistration services complete

V IPSec VPN

VPN access is doesianed 10 allow users to remotely
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Language

Analyze text and extract meta-
data from unstructured
content.

Conversation

Integrate diverse conversation
technology into your
application.

Speech

Convert text and speech with
the ability to customize models.

[ —— ]

— ) -
P Y —

Translate text from one language to another.
Interpret and classify natural language with confidence.

Retrieve and Rank features are now available in Watson Discovery.

Quickly build a chatbot with easy tooling and dialog trees.

Create a bot for customer service.
Easily convert audio and voice into written text.

Convert written text into natural-sounding audio.

Knowledge

Get insights through
accelerated data optimization
capabilities.

Empathy

Understand tone, personality,
and emotional state.

Vision

Identify and tag content then
analyze and extract detailed
information found in an image.

5%

Unlock hidden value in data to find answers, monitor trends and surface
patterns.

Access pre-enriched news content in real-time.
Natural language processing for advanced text analysis.
Teach Watson to discover meaningful insights in unstructured text.

Document Conversion features are now available in Watson Discovery.
GE)
Predict personality characteristics through text.

Understand emotions and communication style in text.

O ©
©
©@ O

Tag and classify visual content using machine learning.



What kind of Al?

/ \

* Driven by Scientists o s * Driven by Industry

» Multiple tasks General Narrow - One task

 Understanding » Practical

Narrow - General Super
' Intelligence Intelligence
Artificial General Intelligence Artificial super-intelligence is an

Is Al that speciz one area. It refers to a computer thatis as intellect that is much smarter
is machine intel\g¥ice that equals smart as a human across the than the best human brains in
or exceeds human intelligence or board and that can perform any practically every field, including
efficiency, but in one specific intellectual task that a human scientific creativity, general
area. Smartphone apps, spam being can. wisdom and social skills. Artificial
filters, Google translate and Super-intelligence ranges from a
Google search are all examples of computer that's just a little
ANI, smarter than a human to one that

is trillions of times smarter —
across the board.

Progression of Artificial Intelligence (Al)
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Back to the Mauritshuis app — what's in it?

Input Answer Retrieval Output

NO:
For the otherintents
‘ rhere is a pre-defined reaction
inside Watson Conversation

User
‘ Output
gene ratEd Watson Conversation Found
Question Answer
Qu € ry Classifier of query intent and about
conversation handler painting?
Context is needed
/-v’/— T l d ,/”_‘ > \
" Conversation ™ ‘ To not loose touch i 1 il ’< Conversation )
\_ Context ) YES With the conversation Context
\\\‘ __—/-’/'
s
Question Co>ngie5r;ce Output
Answer (FAQ) G Found ]
Answer NO:
Output
Back-off
NO Message

v
Retrieve&Rank

Confidence
>0.35?

Question

Answer
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Who learns?

» Users learn about the painting

« Curators/Museum Researchers learn about user behaviour and
Interest

 Computer Scientists learn about application of their algorithms
In the cultural heritage domain

* The system learns as people use it, provide feedback to it.
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Questions on top of a QA system

Can it go bad if users How do you establish a How do we c.hange the
don’t give the right connection between - user experience to
feedback? questions, answers, and Incorporate emotional
parts of the painting? states?
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e g

People can indicate B

if they like/approve, S

r than the left. with \Bkad

accept an answer

What if they don’t do it ‘right’?




SIMULATION

14 DAYS

200 Users/DAY

10 QUESTIONS/
USER

9 SCENARIOS
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One Epoch — One Day

User Profile Simulation — One user

Start

S\imulation

Question-Feedback simulation

Simulated | S |
User Profile Get Random Initial Question AS
- : g Traini > -Svstem
Simulate User Profile Question Rkl Query QA-Sy

+ Simulation
Set

__Simulate Retrieve|Answer
new profile
Simulated
Store U :
Systen DB ser Profile
! Feedback

Database

Retrainll\/lodels

Use retrained System
For evaluation

Evaluation
Set + .
| - e Evaluate Results
Simulation Performance
Set to Evaluate Store Result
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Learning is good, but we need to learn the right
things!

\swhat percentage
of malicious users

will system performance
S £ S0Eecreasingy;




Up to a point the system
still improves

0%

Total Precisions

LL] <

<20% System is Learning S ” 20% 2
<ZE gos 30% =~

Svystem Is Stagnatin = go-“‘ 0 5
Y gnating O — 50% &
E §0.3 %

>30% Performance Decreases 0.2 %

0.1
0 2 4 6 8 10 12 14
Day
TIME
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To wrap up

! figati Simulation
nvesf ;ﬁa on allows for Applicability in
OT thE making other domains

robustness

important utilising user
ol at QA choices before feedback
>yStem deployment
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Fstablishing visual focus
for a QA system

Where should people look when asking
guestions and getting answers?




Connecting data with a painting

Information Visual mapping
about the of the
artwork Information on
(subject, style, the artwork

X

background, etc.)

How to gather
and process
visual data?
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PAINTING

(@)
S
-
| -
qv)
]
—
e
X
)
Z

O-
» .m- | )
Clcget “dog e
Tota g, Of oot OAO t
g OA of <8 ’

CROWDSOURCING

QA SYSTEM

How to gather and process data?



Focus investigation in 4 steps

Question: Who is the man with the hat?
Answer: The man with the hat is Doctor Nicolaes Tulp
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Focus investigation in 4 steps

Question: Who is the man with the hat?
Answer: The man with the hat is Doctor Nicolaes Tulp

1

Collect boxes for
the questions
only

2

Clustering on all
the boxes for one
question

3

Evaluate
relevance of
clusters
considering the
answers only

Next Learning
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Read the following question about the painting:

St e p 1 Who is the man with the hat?

Draw a bounding box on the location that the question is referring to in the painting.

It is possible to draw more than one bounding box, or none in case there are no visual references between the question and the painting.

Collect o = W = W s
bounding
boxes for the
cquestions only
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Read the following question about the painting:

St e p 2 Who is the man with the hat?

Draw a bounding box on the location that the question is referring to in the painting.

It is possible to draw more than one bounding box, or none in case there are no visual references between the question and the painting.

K-Means I Q@ X @ % 9O C O NothingtoBox
Clustering
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St e p 2 Who is the man with the hat?

Each cluster

obtains a score 0.1433
(QCS) from the

question side

applying the

CrowdTruth

metrics

CIOWd 1TUIN

The framework for crowdsourcing ground truth data

Next Learning %’;‘@%‘\. 8



Read the following question about the painting:

St e p 3 The man with the hat 1s Doctor Nicolaes Tulp

Draw a bounding box on the location that the question is referring to in the painting.

It is possible to draw more than one bounding box, or none in case there are no visual references between the question and the painting.

Eval.uate the B Q X @ % O C O NothingtoBox
relevance of
the clusters for

each answer Wn

5

BOX 1 (re |
YES, the text is relevant to this box
NO, the text is not relevant to this box

BOX 2 (rec

YES, the text is relevant to this box
NO, the text is not relevant to this box
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St e p 4 The man with the hat 1s Doctor Nicolaes Tulp

Each cluster

obtains a score 0.1083
(ACS) from the

answer side

applying the

CrowdTruth

metrics

CrowdTruih

The framework for crowdsourcing ground truth data

Next Learning %’;‘@%‘\. 8



Who is the man with the hat?
St e p 4 The man with the hat 1s Doctor Nicolaes Tulp

How to establish
the mapping
between the QA
pair and the
painting?
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TWO scores:

Step 4 QCS, ACS

Correlation between QCS and ACS

Who 1s the man with the hat? 1
The man with the hat 1s Doctor Nicolaes Tulp

0.9

0.8

0.7

Answer os

Cluster
Score 05
(ACS)

0.4
0.3
0.2

0.1

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Question Cluster Score (QCS)

Nothing to Box: NO@

Pearson Correlation Index: 0.933
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TWO scores:

Step 4 QCS, ACS

Q3 What iS he doing?? Correlation between QCS and ACS

A: I am afraid I do not understand the question could
you please be more specific? 03 %

ntb

0.8

0.7

Answer os

Cluster
Score 05
(ACS)

0.4
0.3
0.2

0.1

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Question Cluster Score (QCS)

Nothing to Box: NO@ Pearson Correlation Index: 0.933
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To wrap up

New New Research:
methodology annotations and Cognitive
to establish visual smart use of the Computing
focus for a resources in the and

painting based QA
system

Cultural Heritage
Domain

Crowdsourcing
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Moving Forward

A new user experience

(work ongoing)
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Two Goals

1. Shift the focus of the visitor
back to the painting

Next Learning



3-4 Seconds
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3-4 Seconds 15 minutes
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Two Goals

1. Shift the focus of the visitor
back to the painting

2. Generate more questions to
further train the QA system
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Next Learning
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Watson In a museum




A QA based audio tour?

* How can we make this really
interesting (for the researcher), and
engaging (for the user)?




Personalising message delivery

User | L by

Retrieve Q or A from
system based on

retrieval rank in |«

1. AdeStment of delivery similar category/area
System of interest
- _/
* Speed
*  Emotion , .
Q —— A S . QA
2. Adjustment of content , .

. Adjust delivery
 [wo-way conversation v e ?

" ™ A
Measure speech

speed and emotion
\_ /
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How can we engage museum visitors more and
change their way of looking at a painting?

In an audio QA system:
Does matching speed increase user engagement and system satisfaction?
Does emotion matching increase user engagement?

Does matching of speed and emotion create a change in user speaking rate
and/or user voice emotion?
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Why should we all care?

* Adjustment of speed and personalized content creates more responsive and
productive conversations (studies in automated call centres)

* Emotion matching ensures less distraction and less effort to understand the
message (studies with car voices and road safety)
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Emotion matching vs emotional contagion

* In a conversation, you start to (subconsciously) match your mood
and tone of voice to the other’s
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Emotion matching vs emotional contagion

* In a conversation, you start to (subconsciously) match your mood
and tone of voice to the other’s

* Canyou induce a change in user emotion by choosing system
emotion?
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Emotion matching vs emotional contagion

* In a conversation, you start to (subconsciously) match your mood
and tone of voice to the other’s

* Canyou induce a change in user emotion by choosing system
emotion?

* Should you?
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To wrap up

tudyin Applicability in
New way to Studying pplicab y
: . engagement and other domains
Interact with a :
user behaviour for such as

pa'”“f‘g’ using better user customer
audio only . .
experience service bots
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We should consider all three edges when building a (learning) system

Ethics  "Should we do it?
(& Security) How should we do it right?”

Business Tech

"We should do it!” "We can do it!”

Next Learning April 2018




Thank You!

Zoltan Szlavik CAS Benelux
zoltan.szlavik@nl.ibm.com casbnl@nl.ibm.com
@zolley @cas_benelux
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Cognitive Computing tor
Cultural Heritage

A collaboration between the

Mauritshuis, IBM, and the VU
on the various aspects that sars
AI might mean for the Hackability
cultural heritage domain.

User feedback, maliciousness,
machine learning

Visual
Focus Experience

Crowdsourcing, Image processing,
language understanding User experience, affective computing,
adaptive system
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