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Learning to behave adaptively

e Adaptive user interfaces adapt themselves to the user by reasoning
about the user and refining their internal model of the user’'s needs.

e By observing examples from a sample, a learning algorithm tries to
induce a hypothesis which approximates the teacher signal and
allows to explain unknown cases.

[...] user modeling appears to be a prime candidate for
straightforward application of standard machine learning
techniques.

[Webb et al.2001]
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Machine Learning and User Adaptive Systems
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Problems and Likely Pitfalls

Demands on adaptive

systems:

rapid adaption
high accuracy
unobtrusive
scrutable

simple
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See 11.
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The problem ...

The problem with adaptive systems is, that the system tries to
adapt itself to what it thinks the user might approve.

e What does the user want or need? — How can | help?
e What does the user do?

— Anticipate what the user will do next!

— Anticipate what the user will do in a similar situation!

e Why does he do what he does?
— What the user does # What the user wants/needs

At first blush, user modeling appears to be a prime candidate

for straightforward application of standard machine learning
techniques.
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The trapdoors ...

1. Requirements
e Data availability

e Algorithmic complexity

2. Restrictions
e Data (Domain) complexity
e Hypothesis expressiveness
3. Reliability
e Data quality

e Learning convergence

l

l

l

l

l

l

sample size

adaptation latency

domain description

accuracy and triviality

noise

adaptation accuracy

Example: Emotion Recognition from speech, [Murray and Arnott1993, André and Miiller2003]
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Example: A motivational Tutoring system
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[Stern and Woolf2000, André and Miiller2003]
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Example: Learning to play...

.. TRON, [Sklar2002].

e Fully connected 3—-layer MLP with standard BP.
Input: 8 obstacle sensors, Output: Right, Straight, Left

e Learning target: Play performance similar to human player

WINS ' A, WINSqy,
Y
Games Games

Performance measure: winrate =

e Teacher signal: Player log

Clones, Peers and Instructors simulate the target player against an opponent.
e Result: for clones rather poor
— The clone learns a myopic method to mimmick a player's moves.

— performance, (win rate) also depends on the strategy and deeper
knowledge of game situation and game run.
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Example: Learning to play Tron
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[Sklar2002]

PLAYER competence # Play behavior
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Back to slide 5
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Abandon all hope?

e Where do causal relationships come from?
— Requires empirical studies!

e Where do net topologies come from?
— Observables? Complexity? Recurrent networks?

e Where do similarity measures come from?
— are near neccessarily similar concepts?

e |s there truly no noise?
— |s the user goal—oriented, rational and flawless?

e Where do plans come from?
— From clicks to intentions and goals?

v many promising solutions and approaches!
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A checklist...

Do we want to learn a high—level model of the user’'s needs or do we
rather want to predict a user’'s behavior?
Do we have appropriate data to achieve that goal?

Is the data noisy? How many examples do we have?

What kind of domain restrictions are implied by biases and are they
satisfied?

Do we need background knowledge and if so, do we have the right
one?

Is a quick training needed? Is offline learning sufficient?

Is quick learning required or shall we rather wait a bit longer instead
of a quick wild guess that might go wrong?

Shall the inferred hypothesis be scrutable to the user?
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Summary

e [ here is no one—size—fits—all solution!

e [ here is no solution out of the box!

But there are:

e many machine learners, data miners and knowledge discoverers
e many knowledge managers and workflow analysts
e many psychologists and HcI—specialists

. right here, right now.
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Never surrender!

The big advantage of the domain of user adaptive systems, is that we
usually can draw a rough picture of what a user may want—and we are

also able to anticipate to a certain degree what might go wrong.

e If there are real restrictions, we have a good reason for bias.

e If there is a domain theory, we have good background knowledge.

e |f we have an idea of what can go wrong, we can denoisify samples.
— Huge, monolithic systems & ad-hoc solutions for off—topic add—ons

We might get a (hybrid) system, that avoids noise, learns what the user
needs and anticipates a goal, adapts to the user and thus makes
interaction action easier — if we keep it small, simple and sound.
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