Actively Probing and Modeling Users
In Interactive co-Evolution

Michael D. Schmidt

Computational Synthesis Laboratory
School of Electrical and Computer Engineering
Cornell University, Ithaca NY 14853, USA

mds47@cornell.edu

ABSTRACT

A major challenge in interactive evolution is exting user
preferences with minimal probing. We introduce ateractive
multi-objective co-evolutionary algorithm that aetly selects the
most informative probes: We simultaneously co-egola

population of candidate models that explain useetéction so
far, and a population of candidate probes thatedhs most
divergence among model predictions, thereby elticigamodel

uncertainties (divergence). As progress is made, hegin

selecting for probes with the highest expected mut averaged
among different models, thereby exploiting modettaiaties

(consensus). In the evolution of pen stroke drasimge find this
technique to be highly effective at extracting prehce models
from very limited human interaction. Using only paise

preference questions, strategy and preference m gieoke

drawings are extracted in fewer than ten user [oder results
show that the optimal questions to probe the usedmot include
drawings similar to the target drawing. Instead tiser models
converge on trends in the user responses, thendbgpelating

strong preference for target drawings which the ef®dre never
actually trained to prefer.
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1. INTRODUCTION

Interactive evolution is a powerful explorative s#atechnique
that utilizes human input to make subjective decisi on

potential problem solutions [6, 19]. The fitnessdacape in each
domain is thereby determined explicitty by the humaser.

Reliance on human input however, induces two majatlenges:

First, the time cost to collect human input greattphibits the

discovery of complex solutions. Second, the qualitg accuracy
of human input greatly degrades with repeated ptstiigo input.

In this paper, we introduce a co-evolutionary altpon to
maximize the information obtained from the user amdimize
the necessary interaction. We co-evolve a populaifandividual
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solutions with a population of models that predice user’s
preference. Co-evolved solutions are used bothawimize user
preference, and also to probe the user in orderrefine
uncertainty in the user models, two objectives tha¢ not
necessarily aligned.

Our primary hypothesis is that intelligently probithe user for
input based on their co-evolutionary behavior canegate more
accurate user models than conventional modelingn freery

limited user interaction. New user probes must lenge and
refine uncertainty and ambiguity in the model papioh.. We

claim that — like the game d¥0 questions- the co-evolved
individual solutions provide invaluable informatitm select these
new user probes and find optimal user questions basanswers
to previous probes.

To further simplify the interaction with the used] probes for
input ask the user for a single preference decibietween two
individual solutions (e.g. drawings). Correspondimngur user
model encoding is a comparator which predicts pesfee
between pairs of solutions. This is also a veryratdesign for a
human'’s preference. Decisions about how preferabladividual

is must be made in the context of another individA#though

this mechanism cannot assign fithess values, gégalgan utilize
it effectively in selection and ranking.

The key goal in this paper is to extract accurater unodels
through minimal user interaction. Human users aay answer a
small number of questions before becoming “numbptompts
[10]. Therefore, we perform experiments which eeoben stroke
drawings using ten or fewer user prompts. The awyuris
evaluated based on the user’s preferred targetimgaw

We then compare our results with the interactivetcomf a
random search and a perfect local search algoriftita.random
search comparison shows how effectively the expialetomain
can be narrowed through co-evolution. The perfectll search
comparison, where the user essentially draws thedact
preference explicitly, shows how the interactiveesolution of
user models and probes algorithm can extract afgppreferred
drawing from the user with fewer user probes and¢hmsimpler
binary preference questions.

2. RELATED WORK

In this work we utilize genetic programming wher@a@pulation
of potential problem solutions is evolved in a Darian fashion
[12]. We also utilize co-evolution, where two or magopulations
are evolved which directly or indirectly impact tkegolution of
each other in order to improve final solutions [920]. In



traditional interactive evolution, a human useipissented with
one or more candidate individuals being evolved delection.
The human user directly performs selection and rivo
individuals are selected for propagation of offsgrinto the next
generation [6, 17, 19].

A new area of research involves partial human auéon. In
these algorithms, the user provides constrainttherproblem to
narrow traditional evolutionary search [18]. A vepyomising
area in interactive evolution research is agenedasodeling. In
this research, many user models are learned thrimtigtaction in
order to study their collective behavior [2, 7]. this paper, we
investigate how to discover the most optimal usedets with the
minimal amount of user interaction through co-etiolu

In user preference modeling research, a candiddtque agent
(CCA) is trained to estimate the favor for singledividual
solutions. The CCA learns weights on individual graeters to
give exact fitness values [1, 14]. The weights ddtrce
constraints on individuals and hence the CCA ig/ &milar to
partial interaction techniques.

Our co-evolutionary design is based on an estimatiploration

algorithm (EEA) setup. Unlike classical evolutioan EEA

consists of three components: A population of estims, a
population of exploratory solutions, and a targetdbn system
[13, 20]. In this case the evolving problem solosi@omprise the
exploratory population, the ensemble of comparatodels are
the estimation population, and the abstract fithasdscape of the
user’s preference is the target hidden system.

3. FITNESSBY COMPARISON

3.1 Comparison vs. Fitness

In this paper, we utilize a pair-wise preferenceleias the basic
element to define the complex fitness domains erploin
interactive evolution domains. Subjective selectiomst be done
in the context of one or more other individualshave meaning.
We claim that the decision between two individudds a
fundamentally easier and more natural decision thssigning
precise preference values to single individuals.

Which drawing is more interesting?

Figure 1. Example comparision between two pen drawings.
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Figure 2. The user interface presented to the user.

Prompting the user to make individual comparisos peoven
very effective in other interactive evolution tedures such as
incorporating human comparison into tournamentcsiele [18].

In paper, we use the comparisons indirectly by \auvéng

comparator models. The model population is usecdevolve

individuals and the user's input does not performplieit

selection.

3.2 User Interaction

3.2.1 User Interface

The user interface presents two individuals touber, and asks to
click which one is more preferable, or optionakyest them to be
equally preferable, or for debugging purposes, @stja new pair.
An example of the screen shown to the user dunimgime is
shown in Figure 2.

The right-most panel displays performance and dgingg
information for expert users. The bottom-most pastedws the
current best individuals in the population produced the
comparator model of the user.

3.3 Collecting Comparisons

3.3.1 Relation Graphs

Comparator models define a fitness landscape thr@agcading
many comparisons. For example, if in better than ingland
indc is better than ingd it follows logically that ind is also better
than ing. Therefore, relations between each individual ban
thought of as a directed graph.

It is important to note that comparison relations @arone to
cyclical reasoning. For example, jpdould be better than igd
indg better than ingl and ing better than ingd We avoid this by
storing all comparisons as an acyclic tree.

v

Inds Ind,

Ind; Ind,

Inds Indg

Figure 3. Example comparison relational graph of six
individuals.

This tree in Figure 3 contains six individuals stbrafter five
prompts to the user, where arrows indicate eachertan
response. Note that there are nine relations thatbe derived
from this graph. The first five are the arrows showhe next two
are Ind better than Ingand Ind better than Ingl The last two are
Ind, better than Ingand Ing better than Ingl

To continue growing the relation tree, each promapthe user
contains one individual already in the tree, an@ amdividual
from the current population. The main advantagiisftechnique
is it provides the potential for the number of kmovelations to
grow at a binomial rate with user prompts in theaidcase, and a
linear rate in the worse case.

3.3.2 Minimizing User Prompts
A large problem in interactive evolution we addrasshis paper
is the user becoming over worked. A user often bE=“numb”



to new prompts after a while, meaning they beginptt less
thought into their selections and produce noisyadd®]. To
reduce this effect, we take large strides to min@tthe necessary
interaction with the user. We apply active learniogmaximize
the potential information gained in each new protopthe user.
The goal when presenting a new prompt is for ttepoase to
refine the current comparator model and refine rtaogies and
generality.

In the co-evolutionary setup, we train an enserobleser models.
The average of the ensemble then performs all ttmben the

individual population evolution [11]. We examinesithseperate
predictions to measure their uncertainty and anityigu-or

example, different models in the ensemble may hstvengly

disagreeing predictions for different pairs. Oneynsrongly

predict a greater-than, while others may weaklydjgtea less-
than. This is a case where feedback on a high naiaelation
will greatly improve the generality of the ensemble

To select a new comparison prompt to the user, amsider two
factors: the variance of the pair in the enseméng the strength
of their predictions. In other words, we are ing¢ed pairs that
have highly different predictions that are verysty and perhaps
overfit in the model. These two parameters fornaef front for
prompt selection [8].

The prompt selection is done by generating allgpairindividuals
with one from the current relation tree and onerfriie current
population. These pairs are then considered orvariate graph
defined by their variances and prediction strengths
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Figure 4. Example Pareto front plot of eight potential
comparison pairs.

The pareto front consists of points that are nomidated. This
pareto front favors pairs that are both high varéaand strong
predictions. In other words, comparators in theeeride have
strong differing opinions on the predicted outcofeints on the
front with low confidence and high variance cor@sp to
ambiguous pairs that are unexplored areas of tlegligiion
domain. The high confidence and low variance ptemis
correspond to pairs that are well defined casesiwitian be
refined to higher detail.

4. PREDICTING COMPARISONS

4.1 Basic Comparator
A simple comparator takes two individuals as infutd outputs
three cases: better-than, equal, and worse-thaen\Wbmparing

individuals however, we are only interested in tthogtter-than or
worse-than outcome. Therefore, the interface ofdtiparison
predictor takes two individuals, and outputs twonfatence
values for better-than and worse than. This strects shown
below in Figure 5.

Individual 1 — ——» Better-than

Comparison

Predictor [ » \worse-than

Individual 2 —

Figure 5. Thebasic structure of an individual comparator user
model.

The two outputs provide confidence values for ezase. Their
difference yields the final outcome in selectiond astrength in
user prompt calculation.

4.2 Neural Net Compar ator

4.2.1 Network Structure

Neural nets are a natural fit for most comparissearumodeling.
They have robust regression power with excelletgrpolation
and extrapolation characteristics [5]. Their clsaiion output
also corresponds to their statistical confidenctheir prediction.
In other words, noisy samples or conflicting samapteduce
prediction confidence but in general maintain pcedn accuracy
[3]. The basic structure of a comparator neuralisethown in
Figure 6.

Individual 1

Better-than
Worse-than

Individual z

Figure 6. The structure of a neural network user model.

We use a network with a single hidden layer. Weosleca number
of hidden units sufficiently large enough for thenthin. We then
utilize early stopping on RMS with a eight-fold ition set to
avoid over-fitting [4].

5. ALGORITHM SUMMARY

The interactive co-evolution of user models andopeoalgorithm
presented in this paper maintains three essemtimponents: the
individual population, the relations graph, and twmparator
model ensemble. The algorithm operations on thesgponents
in five stages: calculating the best comparisom, paguesting the
user's input, generating new relations based on féeelback
received, training the comparator model ensembid, evolving
the individual population using the comparator niode

The algorithm consists of five stages that operate the
individual population, the relations graph, and twmparator



model ensemble. The first stage chooses the bestoppair of
individuals to present to the user as in sectioB.23. The
algorithm then pauses for the user to respond.,Ngixpossible
comparisons derived from the response when addedhéo
relations graph are calculated. Then the comparatmdels are
randomized and re-trained to their early stoppingip Finally,

the individual population is evolved for one thondaenerations
before returning to stage 1.

Relations
Graph
Individual
Population
Backprop t4 Comparatof
Ensemble

Figure 7. The comparator model based interactive evolution
algorithm basic outline.

The algorithm loops until the user is satisfiedhwiite top ranked
individual co-evolved by the comparator ensembleldhg as the
user has a consistent preference, further itemtigifi stabilize

and simply fine tune the preferred result.

6. EVOLVING DRAWINGS
6.1 Drawing Encoding

In this experiment we evolve drawings produced bsedes of
closed pen strokes. Each individual encodes eadhidtmate
drawn to on a 32 by 32 pixel image. In our experiteewe
predefine the number of strokes for each drawing,this could
easily be evolved as well in future work.

The search space for these types of drawings isesea
exponentially with the number of pen strokes. Thenber of
possible individuals foN pen strokes is calculated below.

# of pixes =32(32=1024
# of posdile individuals= 1024V

The large search space makes the discovery of rpbide
individuals an excellent application for an evabutary algorithm.

6.2 Comparator Encoding

The comparison user model is encoded as a neurabrkeas
described in section 4.2. We choose to compare émd;ased
upon their image moments. Specifically, the zerd #rst order
moments plus the first three Hu Invariant Mometyis]ding a
total of twelve inputs to each neural net.

Tablel. Neural Network Training Parameters.

Parameter Value
Hidden Layers 1
Hidden Units 32
Learning Rate 0.001

Momentum 0.5

Cross Validation 8
Folds

The parameters for training the neural nets arensanmed in
Table |. These parameters are chosen empirically toey
perform well for this experiment. Although they canfluence
comparison performance in extreme cases, they gnamly
impact the training time required.

6.3 Evolution Setup

We use standard genetic programming to evolve iddals in

this experiment with the exception that all selattand fitness
comparisons are performed using the trained cortgraraodel

ensemble. Individuals are not given explicit fitregslues but are
instead ranked using the averaged comparator etesemb

summary of the evolution parameters is shown in€rb

Tablell. Evolution Parameters.

Parameter Value

Population Size 64
Deterministic Crowding
Selection using the comparator
ensemble

Mutation

Probability 0.05

Crossover

Probability 0.75

We use Deterministic Crowding for selection becaitsés a
natural fit for a pair-wise comparator. The Detenrstic
Crowding method maintains population diversity tigb child-
parent elitism and tends to follow multiple divemg@athways to
the final solution [15]. This results in more vayién user prompt
selection and better generalization of the comparditness
landscape.

6.4 Discovering Square Shape Preference

6.4.1 Square Drawings

The first experiment conducted tests the abilityatgforithm to
identify and infer a user’'s preference for “squbke* drawings
from initially random pen drawings. Each individiskencoded as



a series of four pen strokes. In this experimentmage two basic
algorithm comparisons with random search and IazEdrch
techniques. These comparisons gauge how effectiaaly

algorithm reduces the interactive cost with ther tiseliscover the
target drawing.

6.4.2 Random Search Comparison

To quantify the difficulty of this problem we calete the
probability of finding a “square-like” drawing thugh random
search. Note that the square is uniquely determiyetivo of its
vertices. Given that a “square-like” drawing canvéhaany
orientation or size, and we allow th& and 4" vertices to have
some noise of four pixels, the probability and etpd random
individuals observedT, to find such a drawing is calculated
below.

P _ (#locy) [#loc, ) [(#locg) [(#loc,)
SQuUare ™ nixels [# pixels [# pixels [{# pixel9

__(82°)132°) 4 4)
Psquare“‘ 2 2 2 2
(327)032°) 032°) [0327)
44 1
Psquare: g = W%"' 0.02%%

0 E(Tsquare) = 4096

Therefore, the probability randomly generate a sgus 0.39%
and the expected iterations to encounter a squme@ random
search is 256.

6.4.3 Local Search Comparison

An alternative to interactive evolution is an imtetive local
search algorithm. In this technique, the user iemia random
individual and asked to fine tune parameters imtdiglly. In pen
stroke drawing this corresponds to adjusting theand y
coordinates of each pen stroke vertex to desiredtilans. This
technique can be viewed as very simplistic pariidéractive
evolution where the use effectively constrains epehameter
individually.

The local search algorithm we compare with canhioeight of as
a perfect algorithm for transforming a random drayvinto the
target drawing. The user is assumed to be an othatemakes
perfect choices to optimally tweak parameters wlia minimum
number of prompts.

Here we calculate a lower bound on the expectedbeumf local
adjustment steps necessary to shape a randomrp&a dtawing
to a square shape. Recall that a square is detdnby two
vertices. So we begin by calculating the expeciadahal of the
square from two random points on the 32 by 32 pixiel.

31 31
DD =% |
< AX =< Ay o= X1:0X2:0
322

<d >=\/<Ax>2 +<Ay>2 =15

10912

10
322

Next, the expected mean of these two points, ahdaadom
vertices is the center point of the grid (x=15, §»1This means
that the two remaining points are expected to bthetcenter of

the final square. Hence, they must each move halfagonal,
<d>/2.

In the easiest case, these points move only alongdividual
axis. In the worst case, they move diagonally, siep on the
grid. The expected number of steps per vertexl@tzed below.

1 15 \‘ > ZJ
< steps>=— X+| V15 —-x“ |=18
ps>= DD x+|V

x=0

Therefore, the lower bound on the total numberxpieeted local
updates to the x and y coordinates of the two neimgivertices is
approximately 36.

Note that this is a lower bound approximation oa #xpected
minimum number of user prompts required for a merfecal

search algorithm to form a pen stroke drawing sfjaare at any
orientation. An expert user is required to identdy desired
diagonal and then isolate the remaining verticesmatngly.

6.4.4 Results

Figure 8 shows a standard run for a square drawsigg the
comparator user model interactive evolution al¢ponit The user
has a specific strategy to prefer shapes with jghraides and

Prompt Resulting Top Three Guesses
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Figure 8. The prompts given to the user and theresulting top
three guesses over six iterations.

right angles consistent with a square. The useeteped drawing
for each comparison is shown in green, non-prefedeawings
are shown in red, and drawing deemed to be equitvate shown
in dark yellow. This is a very representative rumcs the initial
random prompts do not include any box-like drawintjsby

chance they do, the runs tend to converge on a dhmpe
immediately.

First, notice that none of the comparisons showrth® user
involve a square. Based upon the several non-sgoanparisons,
the comparator model is able to infer that the usdikely to
prefer a square shape. If in fact the user was knowingly

seeking squares but giving feedback on some unknown

preference, the algorithm would predict and idgntiox-like
solutions they are likely to favor.



The algorithm successfully found a square in ifsttree guesses
after four user prompts, and ranked a square dsptguess after
six prompts. This is a vast improvement over thelcan search
which is expected to require 4096 user interactlmfsre finding
an approximate square.

Square Pen Stroke Drawing Comparison

User Model :l
Search
Perfect Local
Search
Random
Search ‘ ‘
1 10 100 1000 10000

Expected User Prompts

Figure 9. The number of user prompts expected between the
compared algorithmsto find a squar e shape.

Figure 9 shows the comparison with the user conparaodel
algorithm with the perfect local search and randsearch
algorithms. The logarithmic scale shows that ther eemparator
model makes significant improvement over the péfec
performing local search and vastly reduces thecheapst over
random search.

6.5 Discovering Star Shape Preference
6.5.1 Star Drawings

In this experiment, the algorithm evolves drawingth six pen
strokes. Here we evaluate the algorithm ability identify a
preference for star-shaped drawings. In this erpent we make
two basic algorithm comparisons with random seaot local
search techniques. These comparisons gauge hoetiedfg our
algorithm reduces the interactive cost with ther tiseliscover the
target drawing.

6.5.2 Random Search Comparison

To quantify the difficulty of this problem we calete the
probability to find an approximate star shape ranigo To
approximate the number of star shapes possiblesplie the
drawing space into six regions: a center whereertioes can be,
and fix surrounding regions for each vertex, allenfual area.
Note that a five point star is uniquely determinbg,region in
this case, but three of its vertices. The probigbdnd expected
random individuals observedl, to find an approximate star
shaped drawing is calculated below.

_ (#logy) [(#locy) [(#locg) [(#locy) [ (#locs)
ST (4 pixelg [# pixel [# pixels [{# pixely

(%322) qu 329) H% 322)2
Fotar = (322) [322) (1322) [1322) (1322)
P = —— = 0.128%
3888

0 E(Tsgy) = 7776

Therefore, the probability to randomly generatetar slrawing

individual is 0.128%, and the expected number aidean

generations to encounter one is 777.6. Note thatighan easier
search than finding a square since we are not niaguspecific

angles, so the acceptable star shapes could eedgfdrmed.

6.5.3 Local Search Comparison

Following the same logic as in section 6.4.3, we approximate
a lower bound on the expected user necessary o dostar pen
stroke drawing.

As found earlier, the expected distance between taraom
vertices on the 32 by 32 pixel grid is approximatéb. To
simplify this calculation we make an approximatitmt the
expected locations of the other three verticesalathe center of
the star. The radius of this star with line lendth is easily
calculated to be approximately 8. The expected raurolb steps,
moving both in x and y is calculated below.

8
<steps>=%DZx+{\/82 —x2J=9
x=0

Therefore, the lower bound on the total numberxpieeted local
updates to the x and y coordinates of the threaireéng vertices
is approximately 27.

Note that this is a lower bound approximation oa #xpected
minimum number of user prompts required for a perfecal
search algorithm to form a pen stroke drawing sfjaare at any
orientation. An expert user is required to identi#fg optimal
starting edge and then isolate the remaining \estacordingly.

6.5.4 Results
Figure 10 shows a standard run to evolve an apmee Star
shaped drawing. The user has a general strategy am@vering
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Figure 10. The prompts given to the user and the
resulting top three guesses over seven iterations.
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comparison prompts to prefer shapes with multiplars pointed
corners such as a star shape has. The user'srprefinawing for
each comparison is shown in green, non-preferresvidgs are
shown in red, and drawings deemed to be equivalenshown in
dark yellow. This is a very representative run eirtbe initial

random prompts are very dissimilar to the targat shape. In the
unusual case, early prompt may resemble the taigape by
random chance, resulting in nearly immediate cayemee to the
star shape.

Notice in Figure 10 that a very well formed stadesived as the
top predicted shape after five user prompts. Narpprompts
required a star shape. Instead the comparator niofdeted the
star shape as an optimum solution given the ussporses
favoring shapes with multiple sharp edges.

The next three prompts answered by the user arevrsho
demonstrate the comparator model is stable andnemst to favor
the consistent star-like shapes with further infiterefore, the
algorithm has likely converged on the star shapéepence.

Star Pen Stroke Drawing Comparison
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Figure 11. The number of user prompts expected between the
compared algorithmsto find the target star shape.

Figure 11 shows the comparison with the user coatpamodel

algorithm with the perfect local search and randsearch

algorithms. The logarithmic scale shows that ther eemparator
model makes significant improvement over the péfec
performing local search and vastly reduces theckeapst over

random search.

7. INFERRING A FITNESLANDSCAPE

7.1 Discovering Clock Drawing Preference

In this experiment we want to visualize the fithéaedscape
being learned by the comparator model. To do tiésmodify our
pen stroke drawing individual to have only a singkn stroke
originating from the center of the drawing areae Hearch space
of the individuals is now only a single coordinateand y. We
can then display relative fitnesses for all possibHividuals in a
3D surface.

For this experiment, the single pen stroke encod@impnsidered
to be a clock hour hand. The user is then askqutdfer clocks
drawn where the time is closer to some time of thet they
prefer. The user for the experiment chooses toeprefock
drawings where the hand points to either 3:00 60.7Therefore,
this experiment has two equally favour global maxsolutions.

7.2 TheFitness Landscape of a Comparator

To determine if the comparator accuracy learngtred solutions
in this experiment we need some way to calculatétress
landscape from a comparator model. Therefore, ved te define
a fitness calculation for a single individual usitige binary
comparator.

For this experiment, the search space for all clhrelwvings is the
total number of pixels, 32 For this small search space, it is
feasible to list all possible drawings and comptmem with a
particular drawing. We calculate an effective figady taking the
average confidence of better-than and worse-th&comes when
compared with all possible 32lock drawings.

1

Fitness= 2 D Better(Ind(x, y)) ~Wors€Ind(x, y))
Xy

In this expression, Better() and Worse() are the tonfidence
outputs of the basic comparator model describesg@tion 4.1.

7.3 Landscape Results

Figure 12 shows four fithess
landscapes of the comparatc e %
model over six user prompts. AI 5 .
zero prompts, the fitness : 4
landscape is entirely flat.

0 Pr

After two  prompts, the
comparator model has identifiec
a single preferred clock time
region, 3:00. It also strongly
disfavors clock times betweer
7:00 and 11:00. After two
further prompts, the comparato
now favors times between 1:0(
and 5:00. This appears to be a
intermediary stage where the
comparator has learned to favc
clock hands of a minimum
length. This is clear by noticing
the fitness landscape shows vel
low fitness for short clock hands
near the center, and high fithes
for hands at the extremities
between 1:00 and 5:00. Finally
after six prompts the comparato
has successfully identified the
two preferred regions near 3:0(
and 7:00.

2 Prompi

4 Promgpts

& Proimgis

-,
sy

Figure 12. The clock time
fitness landscapes calculated
over six user prompts.

Notice that the fitnesses on the

xz-plan resemble an arch which peaks at approxlyndte clock
hand 3:00 position. Correspondingly, the yz-planime§ses
exhibit the same phenomenon although slightly essurately
near the 7:00 clock hand position. This final réagl landscape
shows the comparator has inferred a very friendipes$s
landscape for the evolutionary search. Very gradyradients
exist near the target clock hand locations thatukhde easily
descended.

It's interesting to note that the comparator laagecalso exhibits
a few other medium fitness clock hand areas sucteasthe 9:00
position. This is a weakly favored region that #tgorithm shows



some probability for preference in. Since thesel@cal maxima,
evolution is likely to focus on these areas. Theefma criteria
hence is likely to prompt the user to refine thesgions in
additional iterations.

8. CONCLUSION

Experiments in this paper show the interactive waoltdion of
user models and probes algorithm to be highly #ffecat
extracting preference models and resulting solstilom very
limited human interaction. Using only pair-wise ference
questions, strategy and preference in pen strokevidgs are
extracted in fewer than ten user probes.

In comparison to the perfect local search algorjthwhere the
user essentially draws their exact preference expli the
interactive co-evolution of user models and prolaégorithm
requires roughly ten times fewer total user inputrthermore, the
prompts to the user are presented in much simpiearp
preference questions.

Finally, our results show that the optimal questiom probe the
user need not include drawings similar to the tady@wing.
Instead, the user models converge on trends indBeresponses,
thereby extrapolating strong preference for tadyatvings which
the models are never actually trained to prefer.
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