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Abstract —Due to the inherent characteristics of the visualization process, most of the problems in this field have strong ties with human
cognition and perception. This makes the human brain and sensory system the only appropriate platform for evaluating and fine-tuning a new
visualization method or paradigm. However, getting humans to volunteer for these purposes has always been a significant obstacle, and thus
this phase of the development process has traditionally formed a bottleneck, slowing down progress in visualization research. We propose to
take advantage of the newly emerging field of Human Computation (HC) to overcome these challenges. HC promotes the idea that rather
than considering humans as users of the computational system, they can be made part of a hybrid computational loop consisting of traditional
computation resources and the human brain and sensory system. This approach is particularly successful in cases where part of the
computational problem is considered intractable using known computer algorithms but is trivial to common sense human knowledge. In this
paper, we focus on HC from the perspective of solving visualization problems and also outline a framework by which humans can be easily
seduced to volunteer their HC resources. We introduce a purpose-driven game entitled “Disguise” which serves as a prototypical example for
how the evaluation of visualization algorithms can be mapped into a fun and addictive activity, allowing this task to be accomplished in an
extensive yet cost effective way. Finally, we sketch out a framework that transcends from the pure evaluation of existing visualization methods
to the design of new ones.

Index Terms — Human Computation, perception, evaluation, color blending.
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“A picture is worth a thousand words”. The humamibrand its
visual sensory system are constructed in such athatythey work
like a broad pathway between the information arelhtbiman mind.
The process of visualization capitalizes on thigl-weown idea and
provides a way of having deeper insight into thia dey transforming
them into a visual representation. Success of suethods thus
depends greatly on how well they are able to corthkeymessage to
the viewer. Over the years we have seen many eiffelechniques
and methods that try to conform to the knowledge haee about
human perception to derive better visualizatioroatms [32, 35].
Due to the limitation of silicon-based computerd aiso the fact that
we are still far away from actually building a cdetp analytical
model of the human brain’'s working process, trulgtimizing
visualization to capture its full potential seenacto achieve. But,
the recent growth in the field of human computati@s opened up
new ways to look at the problem from a completeiffetent
perspective. The possibility that the human braid sensory system
can be brought into the loop for computation presién opportunity
of revisiting the entire process of design, evatumand generation of
visualization.

In a sense, computing with humans is an age oldepinBefore
modern day computers were invented to ease thesypeeson
mankind, all sorts of computations were done bytwha may call
“human computers” [20]. But, the human brain wagenevery good
at crunching numbers in a fast and accurate marSwrcomputing
machines were invented and their power is growwegrye day. For
long, we have been only a user to such systemstltanddea has
grown on us so much that a simple truth gets oftearlooked —
silicon-based computers are definitely extremelst,fédut they are
only good at a limited type of problems. There ar@ny functions
that are much better suited for human brains teesaven though
brains have much slower compute cycles. So, idealé/would want
to solve a problem on a platform that is best sufte its type. This
brings about the scenario of hybrid computationdtfprms
comprised of CPU, GPU and Human brain (HPU) [18}jclv can
achieve success in solving a much wider varietyprablems than
silicon-only systems. Of course this will requirb@mework that can
efficiently distribute and organize the tasks amathg human
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computers. Fortunately, with the advancement in eriet
technologies and services specifically targetingwe-sourcing,
bringing in the collaborative power of the globapplation and
building a working systems is quite feasible.

In this paper, we discuss in detail how the fiefdvisualization
can greatly benefit from bringing humans into thmmputational
loop. We revisit the pipeline for visualization fno a human
computation point of view and look for possible nmypements in
different stages of the pipeline. One very stromgl ammediate
candidate for improvement is the process of evianatin
visualization. Quantititative evaluation of visumtions has always
been a challenge, because in most cases a welbtadcenetric is
hard to find, leaving user evaluation as the omlyeated method for
this task. Generally in visualization, the problparameter space is
tremendous, requiring an unrealistically large nandf datapoints to
be collected for a comprehensive evaluation. Ariregnghat many
people is hard, costly and time consuming. To titate how human
computation can help solve such evaluation problenespresent a
purpose-driven game called “Disguise”. As an exanple consider
the problem of evaluating color blending algorithwith respect to
their performance to enable transparency perceptdéa do so by
formulating the evaluation function into a gamevdri human
algorithm. With the help of this game, we show heg/can collect a
sufficient number of data points to perform a dethevaluation of 4
blending algorithms. We show that data collectiorsiich manner is
faster, cheaper than other existing methods and etgnparably
reliable. We also discuss on how to build on sucbtoacept and
extend the process into the design phase of alidatian.

Our paper is structured as follows. Section 2 prisseelated
work. Section 3 provides background on the conceptéluman
Computation. Section 4 revisits the visualizatioipepne and
discusses in general how we can benefit from haWfgy) based
computation in it. Section 5 gives an illustratisrample of game
based human computation algorithm, from design valuation.
Section 6 discusses how to extend the same metitodther steps
of the pipeline and gives pointers to possible reituesearch
directions. Section 7 ends with conclusion.

2 RELATED WORK

Even though the world of visualization is yet t&kdaadvantage of
having humans as a computational resource, theeporitself is not
particularly new. In the past two decades, the gnoof the internet
has opened up the opportunity of bringing the dlgogulation into



a common platform for large scale collaboratiorofte who realized

function between two images is nowhere near peridt the human

the potential of such efforts created systemsdhatbe considered to brain can comprehend the content of an image veigkty and

be first true step towards social computing. OnangXe of such
work is “The Open Mind Initiative” [44], which waslependent
largely on volunteer-provided data for constructimefter software
solutions. In 2004, Luis von Ahn came up with apgmse driven
game called “ESP” [7] that utilized human obsevatfor labelling
digital images, showing the power of computing withmans in
solving an important problem in computer visionisTtvas followed
by a series of similar works [8-10, 30], which eteily led to the
formalization of the term Human Computation (HC9]J[2HC started
off with purpose-driven games, but with the introtlon of micro
task-based crowd-sourcing platforms like Amazon Mexcal Turk
(MTurk), integrating the human processor into tloevfof an actual
computational process became feasible. “VizWiz"[i8] a great
example of such a system. It gives a near-real amaver to any
question related to a picture taken on a cell-phopémmediately
creating a task on MTurk. “Soylent” [11] is anothetever
application where computationally hard word-progegsunctions
are handled by MTurk workers. Such systems inspiesdarchers to
consider the HPU (Human Processing Unit) [18] amtagral part of

easily. So, we can replace the existamgnpare function with a call
to the human processdruman_compare.As long as this function
returns a valid comparison, we have a sorting fonahat will baffle

a great many of artificial intelligence algorithimg performance. The
function human_compareis a call to the human computer, which
means a person will judge the two pictures and @vmphem. One
possible way of implementing the function is to gnammatically
produce micro tasks in a crowd sourcing platforike liAmazon
Mechanical Turk using an API like TurKit[31].

There are three common techniques used to comjgaethms
using humans: use of crowd-sourcing, purpose drigames and
recruiting people by providing mutually beneficsarvice.

Crowd-sourcing: Presence of a strong web-service driven SDK
from services like Amazon Mechanical Turk allowpragrammer to
view the workers on MTurk as some computationabuwese that can
magically execute complex human functions with edsediscussed
earlier, examples of such techniques are [11, TB¢ advantage of
using this technique is the simplicity of mappinige tproblem
instance into an executable program. But, thisrieumonetary cost

the computing architecture and in the past twos/@ar have seen its on computational power because of the remuneratidime workers.

application in many different fields of computeiese [19, 23, 28,
33]. In all these examples, the problems considevere generally

Purpose driven gamesin this approach, the problem instance is
mapped into an entertaining gaming activity. Playefay these

simple in formulation and the games, in most chsekthe advantage games for fun and help compute the function foe.frAn early

of finding simple mapping between problem statemam game
parameters. In 2010, another multiplayer gamedtittiold.it"[16]
showed how even very complex scientific problems dae
formulated as a multiplayer online game. Such psamgi results of
HC inspired us to tap its power into visualizatfaeid.

In visualization, the concept of bringing crowdsoirthe loop of

example system of this kind is the “ESP” [7] ganidis game
mapped the computer vision problem of producinggenkabels into
a fun multiplayer gaming activity. The advantagectdating such a
game is that it can compute the function with cdesible amounts
of reliability and volume, and at very minimal rimé cost. But,
creating such games is not easy and making a gam@gr enough

computation is a relatively new trend. With theemgicsuccess of cost to produce useful amounts of data is more of sasecigineering task

effective crowd-sourcing through MTurk, we haversstudies done
on the viability of using MTurk for large scale usgudies [15, 22,
25, 26]. These works provide in-depth discussioosut pros and
cons of crowdsourcing as a platform for doing useadies but their
analysis is only limited to that scope. As suclesthefforts can only
be considered as crowd-sourced user studies retharcomputing
with humans. Hence, we are yet to see a true amopfi HC based
techniques to visualization research. This makes dbntributions
from this paper the first of its kind in this field

Our example system, “Disguise” shows a human coatjount
way of evaluating visualization algorithms. Evalogta visualization
technique has always been considered to be a ot task [36].
With the lack of quantifiable intrinsic quality meaes [13], the only
acceptable solution towards measuring success afgamithm is to
do a user evaluation. In this paper, we evaluatasparency
perception of color blending algorithms. Of thealthms we take
into consideration [14][31][33][37], only one of @m [32] has
provided a detailed user evaluation. Even then, tduthe fact that
arranging people to do a user study is always @ timnsuming,
costly and difficult job, the scale is rather ligdtto an order of a
thousand data points. Compared to that, our metitodlides the
opportunity of performing evaluations based on ioils of data
points, with comparable reliability, speed and lowest.

3 HumMAN COMPUTATION: CONCEPTS AND BACKGROUND

In simple words, “Computation” is the process aingforming input
into a desired output following a predefined pragedor algorithm.
Human computation thus means a method of compbiragssigning
partial/complete tasks to humans. To illustrate itlea clearly,
consider the algorithngquicksort. As input quicksort needs two
items — 1) An array of objects to be sorted and &)nction that can
compare two elements in the given array. We carnthisealgorithm
to sort an array of any type of object as long ahave a valid
compare function. There are known fast algorithinag tan compare
two numbers or even some other complex programrogrgstructs
quickly. But, what if we asked this algorithm tortsan array of
images taken from a surveillance camera based wrshspicious the
activities are. Even with the vast modern day adearents in the
fields of Artificial Intelligence and Computer V@i, this comparison

than exact science.

Recruitment by mutually beneficial service:These systems are
somewhat similar to purpose driven games, but ratten providing
entertainment toward the users, it provides servadae. A famous
example system of such kind is reCaptcha [6]. is $iystem, people
type in deformed scanned words to prove that theyraleed human.
In the meantime, they help digitize books and tlugsking as a
human OCR system. Just like purpose-driven ganhesy, provide
very a high productivity/cost ratio, but are harttedesign.

In this paper, we show a desigh example of a perposen game
to solve visualization problems. According to [28je design of a
good human algorithm-based game should have ttoaioly:

Function Mapping: The player is presented with a challenge (the
problem), an objective function that he/she is neglito optimize
(score, experience etc.) and a set of actions tmsgh from. The
challenge has to be designed in such a way thagfis the target
function task indirectly. That is, we should nanply ask the player
to provide their perceived ordering of the laye@therwise it
becomes a crowd-sourced task, not a game.

Game Feedback: Performing any of the available actions
changes the state of the game. Each such actioprodnce one of
the following three outcomes — positive, negativeneutral. In an
ideal gaming scenario, the player only tries toimjze his/her
objective function. Hence, the player will prefarsfiive actions over
negative ones and occasionally choose neutral @orestrategic
purposes. We can control the behaviour of the wsercarefully
designing the actions and their outcomes. We detfign set of
actions and outcomes to ensure that actions sdldxgtethe player
helps compute our function.

Entertainment Value: The game has to be fun to play with. To
ensure maximum throughput, it should ensure feattinat brings
people back. But, at the same time, these feaslresld not by any
means affect the computation.

Exclusive to humans:A true human computation game should
not be playable by a programmed bot. Otherwisepraptiter can
compute the function by playing the game by itsaifd thus
nullifying the whole need of having a human driagorithm.
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Figure 1. (a) Visualization pipeline [4]. (b) Visualization design workflow.
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4 VISUALIZATION WITH HUMAN COMPUTATIONS

We discuss the possible inclusion of human basedpuatation in
visualization from two different perspectives: Thmocess of
rendering a visual representation and the procedssigning a new
visualization scheme.

41 Rendering a visualization

Figure 1(a) shows the steps in the most accepted of the
visualization pipeline [4] as inspired by [21]. Wrake a quick
review of the steps involved with respect to Hur@amputation.
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v
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the process of visualization itself can benefinfrbaving human in
the loop. (One possible example is given in Sediyn

Evaluate: Any design of a visualization method requires
evaluation for verification. This evaluation stegher quantitatively
or qualitatively judges if the method under consitien produces
satisfactory performance. Depending on the reduth® evaluation,
the method is either revised or finalized. A gowdleation method is
considered crucial in designing a good visualizatstheme. As
discussed earlier, visualization being a percepbased process, the
only true evaluator of a produced image is the hurkiéde argue that
the process of evaluation can be improved greaglycdnsidering
human computation based methods. Since this part thef

“raw || Design/Select ) = Finalized
(b) Emaj’[ Concidate | *| Visualize Datm = _ggtge_ Method

Not Satisfactory

Data Analysis: Raw data generally require processing before thejsualization design has the most obvious connectidth the

can be ready for visualization. This involves aafatomputer centric
methods, such as the application of smoothingrdijtenterpolation
for missing data, corrections for erroneous damaval of noise etc.
In the case of scientific visualization, this phagmerally involves
handling huge amounts of numeric data, which idebetuited for
computers. Information visualization on the othandh, might benefit
from human computers in cases where the data sdisel€ is too
abstract to be handled by computers directly.

Filtering: Filtering involves selection of the data to be wai&zed.
This phase is mostly user centric and is heavilpedeent on a

human; we present a detailed example of such donatien method.

5 DisGUISE: A GAME TO EVALUATE ALGORITHMS

As an example of how human computation can be usefu
evaluating algorithms in visualization, we creategurpose-driven
game entitled “Disguise”. The game helps evaluhageperformance
of four algorithms designed to compute the colantding between
semi-transparent layers for perception of layereand). We devote
this section to discuss how to design the gamenamplementation

suitable user interaction tool. In a sense, thiasphis already being ©f @ human computation algorithm.

processed with the help of the human brain.

Mapping: Once the target data points are identified, thép st>1

maps the focus data to geometric primitives (eaints, lines) and
their attributes (e.g. color, position, size). Meqgpis considered to
be the most critical in terms of achieving sucdasgsualization and
contains many open problems in this research fielhe
transformation from data points to geometric intetg@tion is driven
by a set of parameters (e.g. transfer functiomdeeing an effective
and expressive image representation requires tsterayto find an
optimal set of values for such parameters. Thus,ctimputation in
this phase can be thought of as an optimizatiorblpno over the
whole parameter space to find the best possiblgemepresentation.
The commonly practiced method either involves compguided
interactive tools [17, 46] or automated computevedr optimization
[35, 40]. We argue that such optimizations gengrailolve steps
that are better suited for the human brain. In i8ec8 we discuss
some of the possible ways of achieving such feat.

Rendering: Rendering of an image from geometric data
predominantly a heavy numerical process best séotecbmputers.

We note that the process of visual analytics phitsgipeline into
an iterative loop where the analysis etc. is driignsome need
specified by the user who becomes part of this.loop

4.2 Designing a visualization

Designing a new visualization is more of an opeeative and an on-
demand process. Trying to find a common framewark guch
process is challenging. But, we can think of theldflow in such
case as an iterative process looping between dasidmevaluation, as
shown in Figure 1(b) [45]. In this figure the blotkisualize Data”
contains the Analysis, Filtering, Mapping, and Renintg steps of
Figure 2(a).

Design: In necessity, this step covers almost anythingtedldo
coming up with a process of visualization once \w&ehdata in our
hand. It is generally handled by an expert in Jigation with
domain knowledge in the data. It starts with dewdihe type of
visualization that might be applicable for the giveata. Then,
following the pipeline shown in Figure 1(a), a sdenpet of images
are generated which need to be evaluated to see dood the
technique was. The design phase can be aided bgrhaamputers if

Problem statement

First, we need to define what function we intendctanpute using
humans. We begin by exactly defining the transpargerception in
color blending. Let us assume, there are two seansparent layers
on top of each other. Each of the layers has acpéat color and an
alpha value associated with it to represent itaspparency. Hence,
their color state can be represented by an RGBAmpée. Let layer
A and layer B be represented by the quadruples

and respectively. Also, it
is given that layer A is on top of layer B. Thelme tlending between
these two layers would be a composite color repteseby the
following function,

blend

Figure 2 shows an example of blending between two semi-
transparent layers. Layer A and B has the coloreGrand Blue
isespectively with an alpha value of 0.7. The conitpasolor is
produced by following the Porter and Duff over aper [37].
Among many other things, an important desired feain such color
blending is the ability to perceive the orderingtloé layer from the
composite color. This property is defined as pergapiransparency
[34]. Transparency perception is affected by many diffeespects,
including luminance, chromaticity, parallax motiostereo depth,

A C B

Figure 2. Color blending and transparency perception. Composite
color C is produced from the blending between A (green) and B (blue).
The human eye perceives A to be on top of B.
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Figure 3. (Left) lllustration of how an intruder moves randomly over a collector before self-explosion. (Right) A side-view of the game environment
showing the three layers. The collectors are always in the middle layer while intruders can float around either on the top or the bottom layer. The
markers A, B, C show three possible action scenarios from the player. Case A: The intruder is a layer below the collector. Striking here hits the
collector and damages it. Case B: The intruder is a layer above the collector. Striking here disables the intruder keeping the collector intact. Also,
since it is on top of the collector, the player scores a point. Case C: The intruder is in either layer but outside the collector radius. Striking here
disables the intruder but no points are scored or damage is done to the collector.

organization of figures, subjective contours eterd] we put aside
every property other than low level per pixel cosifion of color.
We want to evaluate the performance of a givenditenalgorithm
by its ability of exposing transparency perceptiwshen the only
information we have is the perceived color of thdividual layers

and their compositiorHence, the function we intend to compute witqun

a human processor is,

evaluateblend
Where,
a blending algorithm
performance of algorithm in transparency perception

In this example, we evaluate the following algarith

Algorithm 1
most well-known algorithm for compositing two setransparent
color. The blend function in this respect is defirzes,

Algorithm 2
algorithm, to avoid the generation of false coldise composite
between front and back color is confined withirheit of these two
hues.

Algorithm 3 Local color blending method [32]In this
technique, the color of the background is de-s&tdray a constant
factor keeping its lightness constant. The new rc@dhen blended
with the foreground using algorithm 1.

de-saturate (
I"# $ I"#

Algorithm 4 A variation of Algorithm 3, with the back layer
blurred using a Gaussian filter before passingoitttte blending
process. We included this algorithm for a very ipatar reason. The
perception of transparency is governed by sevarbfs. One is due
to the so-called episcotister model [34] which azhtes that
luminance differences play a major role. Anothectda is the
Michelson contrast [42] which states that the casttiof detail on a
surface is lowered when a semi-transparent laypersmposes it.
Finally, the blurring of detail on the back surface another
perceptual clue [41], but one which does not necdgseduce the
Michelson contrast. Hence, this algorithm providestrong visual
cue or layer ordering on top of mere color blendige added this
algorithm to the list to verify that our game cactually evaluate
transparency perception truthfully.

5.2 Algorithm design

Let us first consider a simplified caseenfaluate_blend,which asks
us to evaluate a blending algorithm given a paircofors as
foreground and background.
% evaluate_blend_simple &
Where,
a blending algorithm

& = foreground color
= background color
can() human*

color

perceive colo& on top of
when compositing is done using algorithm b

Crucial to our work is the question if we can conepthis
ction using present day computers. The answeif isourse no,
because this would require an algorithm that camulksite human
perception. However, we can always create a vemnplsi test just
like Figure 2 and ask a human to judge which ldashe perceives
to be on top. We can replicate the test for margpfgeand judging
by their correctness in response, we can assigora.s

A complete evaluation of our original objective @ion can now
be done if we can computvaluate_blend_simplefor all possible

The Porter and Duff over operator [37]. It is thdoreground and background color pairs. The totamioer of

combinations generated in this way is a massivebmurand might
seem to be overkill, but for simplicity and cormeess, for now we
would like to define it like the following. Let uassume, we can
actually arrange for this huge number of human adgatnal

Hue preserving color blending [14]. In thisresources to gather scores over the whole colatrgpe. Once we

havethis, we can then compute the functiewaluate_blendon any
computational platform of our choice, given an eaibn metric that
depends on the scores received. In our implementatather than
finding all possible foreground and background corations, we
choose a stochastic approach. We select a foregroand
background color by randomly picking their RGBA quonent
values from a uniform distribution over 0.0~1.0. VBase our
computation on the data received and provide anroappate
computation of the functioevaluate_blend We argue that as we
make more  successful calls towards the  function
evaluate_blend_simple we increase our accuracy in approximating
evaluate_blend.

5.3

5.3.1 A general description of the gameplay

“Disguise” is made following the footsteps of siagblayer classic
arcade games that duel on the player’s skill of@etion and reflex.
The game introduces a story about a distant plawteth is sadly
under attack from notorious disc shaped “Intrudetstruders are
small semi-transparent circles with a single coldrey fly into the
screen, move around randomly and then after some, thlow up.
When they blow up, they cause some damage. Tovaeyrtyie player
needs to disable them. To help the player catchetli@truders, the
game provides five defense elements, called “Cumlist. Collectors
are larger circles that stay still, distributeddamly over the playing
area. They are also single colored and are semsfigent. Intruders
and collectors are arranged in layers. All theexdtirs are placed in
the middle layer. The intruders, on the other haad be either a
layer above or below the collectors. Since bothlectdrs and
intruders are semi-transparent, the player alwaysgives a blended
view of discs moving around. This in some sense dike a

Game Design



camouflage for the intruders, and hence the tileth® game
“Disguise”.

Now, the player, being the saviour of that plaiegndowed with
a powerful weapon. Left click on the screen fires tveapon and it
can blast off both intruders and collectors. Tabie an intruder, the
player has to aim and shoot at them. If the player successfully
disable an intruder while they are on top of aemibr, the broken
pieces from the intruder falls into the collectodahe planet gathers
valuable information about the invasion and thengnerhis way the
player scores points. On the other hand, if thgeplanisjudges the
intruder to be on the top-layer when they are digtwalayer below
the collector, the strike from the mighty weapots lthe collector and
damages it. The collectors can only take a limgewunt of damage
before they break down. So, in a nutshell, the galdias the job to
protect the collectors (and thus the planet) byptifigng the intruders
that appear to be on the top layer and disabliegnthbefore either
the explosions or the misjudgements Kkills all tbbectors. The game
play basics are illustrated in Figure 3.

5.3.2 Game feature details

In this section, we describe both game design ales detail Arcade
games are fun and addicting. This generally comms fwo aspects
of the game — the challenge of learning a skill d&nel sense of
progression through the game. Different aspectshef gameplay
rules and their design motivations are explainddvbe

Intruder Entrance Interval:
intruder spawns at defined intervals. Also, evémetan intruder is
disabled, a new one is introduced. Thus, the patieeogame adapts
a little with the skill of the player.

Intruder self-destruction: Each intruder is assigned a lifetime,

the characters more realistic but would not dismmyt experiment.
First, we added a physics driven mass spring mide collectors.
So that every time they are hit by the weapon, tvly wobble,

giving users a visual feedback of the situationcddd, we added
some comic effects that are only introduced wheerethis an
explosion or disappearance. Third, we introducathdeffects. This
is particularly important in keeping the playergesgtained without
interrupting visual perception.

Shuffle: Consider a scenario when the player only has otemr
collectors remaining and they only cover a verylelitpart of the
screen compared to the gaming area. This situatight make the
game a little boring because the intruders might alavays go
through that region. To ensure that the playerahasy around this,
we added a shuffle button that takes the currenofseollectors and
rearranges them in the screen. It also introducesaacolor for them.
So, if the player is not happy with their collectoolor or their
position, they can shuffle them around.

5.3.3 Implementation Details

In implementing the game we had to ensure thathiosen platform
could cope with the following two important requitents. First,
since the game is evaluating per pixel blendingritlgms of colors,
it should have a framework for handling custom Hleg functions.
Second, the platform of choice should be as gersipossible so
that a vast community of players can be reachedctordance with

After the game starts, a newthese two somewhat conflicting requirements, wesetto implement

the game as a web application with HTML5/JavaSdrgridling the
game logic, security, design, and data acquisitibme ability of
having a custom blending function was achievedugihomulti-pass
rendering utilizing WebGL [5] and GLSL [3] fragmeshaders. To

after which they can either dissolve or explodec8iwe want our handle data storage of collected data, we use aQUy8atabase
players to guess only the discs that are on toppmig allow the server. Whenever there is a valid action from theruan entry is
intruders on the top layer to explode. If an inBudxplodes on top of made into the database through the ASP.NET AJAKénaork [1].

a collector, the collector takes some damage. A#,a double Adequate measures were taken to make sure the gwer could
penalty the score is reduced a little. So, theqrlay pushed to judge handle large number of concurrent entries from Haneous
well which intruders are harmless (from bottom Ryand which are gameplay.

going to cause trouble (from top layer). This iedily gives a To keep track of high scores and ensure competitiolong

negative feedback to players who refrain from gjvamy input. players, we had to decide on a player registrati@thanism. We

Score Multipliers: Every collector has a score multipliersolved this issue with facebook integration forhautication [2]. Due
associated with it. Each time the player makesammeect guess, the to the popularity of facebook, a large number afypts from around
multiplier is increased by one. The next correcegpuon the same the world can simply skip the registration phasd get to the game
collector will thus bring a lot more points. A misigement or an quickly. Also, a socially powered discussion enswxenore engaging
explosion on top of collectors will reset the mpiiger. This particular experience. People who have privacy concerns haeeoption of
feature ensures that a person, who is playing allyednd judging playing anonymously using a guest account. The omeécpage for
well, will score much more quickly than one whoreductant to the game introduces everyone to the concept of rgamiith a
distinguish between top and bottom layers. purpose, presents the story and a tutorial forgdme play. Apart

Leveling Up: We provide a sense of progression to the players bym the technical requirements, it also ensurest the person
dividing the game into multiple levels. The gamartst at level 1. playing the game goes through an Ishihara colordbiss test. The
Each of the levels has a predefined barrier ofescbhe player goes game can be accessed by searching for the appticdRisguise” in
into the next level once he goes beyond that scdre.level of the facebook or directly using this URL:
game indicates how hard it is to play. Several etspaf the game are
functions of the current level. The first level-éaplent feature is the
interval of intruder entrance and speed. As thgepldevels up, the
intruders come in at a faster rate and move ar@iral faster pace,
challenging him/her to make decisions more quicKie second
such feature is the transparency of the game elsm@&he alpha
values of the intruders and the collectors are emofom a
distribution that is a function of the current galeeel. This ensures
that at early stages of the game, the player isrgiz task that is
easier to achieve. But later on, once he/she i$ twebd and well
trained, the probability of getting some hard tocpeéese blends will
increase. When the player levels up, he/she ismgivset of five new
collectors, resetting any damages they accumuliatettie previous
level.

Feedbacks: We faced one big challenge in making the gam
Because we needed to maintain a controlled expetahdesign, we
had to keep the character look and feel limitedydalvery simple
looking circles with uniform colors. Players wangame that looks
nice and feels nice. But, we could not use textupEsspective
camera, lighting or any other visual effect that¢ ha impact on color
perception. So, we decided to bring a few feattinas would make Figure 4. A screenshot of the game.

t-" Disguise

LEVEL 04

x1 x1 x1 x1 x1




http://vail.cewit.stonybrook.edu/Projects/HPU/Diggl  Figure
4 shows a screen-shot from the game.

Finally, to argue the concerns about conductindy ©wwdor studies
over the web, we note that web-based color pemepiudies have
been found to provide comparable results to testslected in a lab-
based environment. This was determined by Sproal. ¢43] in the
context of image quality measurements.

data point count

5.4 Correctness: How it computes the target functio n

We ensure the correctness of the collected datayuigiing the
behavior of the player towards our goal. We show Ity explaining
all possible actions a player can take and thebfgeld the game
provides.
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alphatransparency of the front layer

Action: Hit an intruder when it is on top of a collectodanithin
the collector’s boundary.

Response:Positive reinforcement by increasing the scoreoAls
the presence of a multiplier encourages consecuotiveect answers,
making a willing gamer more careful in making clesic

Figure 5. Stacked column graph showing the distribution of collected
data points over different alpha values of the front color.

and of course their satisfaction. Especially thayets, who had high
scores, were particularly ecstatic when they weadt some very
strong high scores. The usage statistics we haeedre very modest
to say the least. But with the horizon of moderly decreational
%ming expanding massively through social platforamartphones
and tablets, reaching a bigger number of player®iyg realistic and
Action: Hit an intruder when it is outside a collector'sundary.  is all about publicizing it properly. So, a purpas@ven game like
Response:Neutral response. No change in score, no changetlis is well expected to capture a significant plapase providing
collector’'s health. But, two new intruders are spaw rather than enough data to serve our purpose.
just one to make the space more crowded. This eamltilessing ora  Data Collection Speed:Our experimental run shows that during
curse depending on the game situation. Availabilifythis action gameplay, on average a player produces 14.6 daitsger minute.
ensures advanced gamers more control over theiegawentually To give an idea how significant this is, just 1,qi)@yers playing the
bringing data at a faster rate. game for 24 hours will already produce the massiwant of 21
million data points! To make a comparison, we pckexample of a
user evaluation also done to investigate colorditepissues [32]. In
their study, they evaluated their method via a mled user study
with 72 subjects, producing just 1,728 data poifsnsidering the
history of user evaluations, this number of tesbjetts was

Action: Hit an intruder when it is below the collector amidhin
the collector’s boundary.

Response:Negative reinforcement by increasing damage on t
collector. No change in the score.

Action: No action.

Response:The game continues. At the end of the lifetimehaf
intruders they either dissolve (from the bottomeldyor explode
(from the top layer). Explosion on top of a coltedboth damages the

collector and causes a negative score. So, the gamely . qqqidered very good because of the difficulty ofually finding
discourages a player who does not do anything. people in such a large number. But, to actually addhorough
Thus, the player is always encouraged to judgettering of the evaluation of the algorithms, we might want to lhady and cover
layers correctly. Most importantly, each click frdhe player (use of the whole color and transparency space, giving cuirement of
the weapon) solely indicates that according tohkisperception, the much more than one million data points! This inntuasks the
intruder color seems to be above the collectorrcdlbus, every time researchers to gather an unrealistic number ofdelsjects — at a
the player tries to disable an intruder, he is wwkingly acting as a magnitude of hundred thousand. On the other hasilicting data in
human computation unit, taking as input a pair ehistransparent millions should be a trivial task for a game duethie large scale
colors in predefined order, a blending algorithnd asomputing collaboration of the internet community. Likewis¢he recent
whether the composite color preserves perceptaasparency. Thus, progress in crowd-sourcing also allows us to retaelh many people
we claim that our human computation algorithm cotepu for an evaluation of millions of color pairs. Buitd collection rate in
evaluate_blend_simplesuccessfully. that case will depend a great deal on worker avidithg handling of
the batches, remuneration offered and a few matera[22].

5.5 Evaluation Data Collection Cost: Once the game design is done, collecting

We evaluate performance and success of the gangaiBésfrom two
different perspectives — as a human computatioarigthgn and as a
tool of evaluating visualization algorithms. Weiniathat as a game,
it is fun to play and effective in producing usedidta. We also claim
that using gurpose-driven game for algorithm evaluation preduc
better results than other competing methods in gesfcost, data
collection speed, quality of results and versatilifo support our
claims, we provide an analysis in the following. \&empare our
results to user studies done in controlled enviremis and also with

data is free. The players are using their humarnbcgcles to

compute for us, as a return they are being paaltiir entertainment.
On their part, they perceive that they are playngame for free; on
our part, we are doing user studies without pagingthing. Again to
compare with other methods, in a traditional cdfgtbuser study
with $20 remuneration per subject, a test like [B&]ducing million

data points would require close to one million dddl If we prefer
crowd-sourcing, again even with the minimal possipayment of
$0.01 per evaluation, a million data points wiljuée $10,000.

Data Quality: A strong argument given in favor of controlled
per-person user studies is quality and reliabdityhe data collected.

Playablity: We made our game public on March, 7 2012. So, Hence, historically this has been the favored mattior this
the time of this writing, the game can be considecebe very young particular reason. Introduction of crowd-sourcings hdefinitely
in age. Yet, within 15 days of its opening we h&d Players playing provided us with a very cost effective solutiordoing the same, but
the game (including guests) generating close t@(Ddata points. we always have to accept the fact that the resudbing to be noisy
Of the 261 players, only 26.7% logged in througttefzook, [22, 24, 38]. The same argument should hold form dallected
justifying the need to having anonymous accessa@mage a player through human computation because of its interresett data
played the game for 298 seconds producing 73 daitdsp Among collection scheme. Surprisingly, we found that sgdike Disguise
the registered users, 67.8% returned again to thlaygame, clearly provides a very high quality source of data. To emsthnd this
indicating its attraction. Besides providing alksie data, we were finding, it is helpful to explore how human subjebehave in each of
also endowed with a lot of encouraging comments @ntbtructive these two data collection mechanisms.
suggestions from the players, signifying their iegt in participation

recently popular crowd-sourcing techniques.



Consider a single evaluation of the target functiogquestion. In
case of Mechanical Turk (or controlled study), fierson will be
presented the task of finding the layer orderingverlapping circles
like Figure 2. Irrespective of what his/her answ&rthe person is
going to be paid at the end of the session. Siimceuch setup, the
aim of the workers/subjects is to optimize theirn@ays; they
generally do not have the proper motivation to lgmugh the task
properly. Because of this, a pair of colors that Igtle confusing and
requires careful observation has a very high pritibabf producing
random selection on the part of the test subjespeaally from
Mechanical Turk. On the other hand, in the cas®isfyuise, the
players are giving inputs only because they agtuadint to play the
game, not because they are paid. Their sole obgetito optimize
their place on the high score chart and they carthdd only by
complying with our requirement, hence producingyveigh quality
data points.

Another added advantage is the extent of the delfedata. We
illustrate this point with a chart showing the distition of the
transparency of colors in the collected data poffigure 5). The
chart shows the count of correct and incorrect iptiechs by all the
players for different alpha value ranges of thenfiayer color. The
number of data points collected with higher alphalug (low
transparency) is high because new players taketbneepe with the
challenge of the game and hence spend more tirpéaying lower
levels. But as they progress through the game, tireyprovided
more and more challenging transparencies. Thissgiea unique
opportunity of having highly skilled individualsh@y are among the
top-scorers) judging order perception with lowgrha values. As we
can see from the chart, there are players who immtlevels where
they encountered transparencies in the range @0¥Yet they were
able to judge the ordering with considerable amadrguccess. This
occurs because they are trying their best, usiay gyes and brains
to the fullest to survive every single attack frtime intruder to beat
the highest score. This situation is analogous toesearcher or
analyst trying their best to understand a structuredata from a
scientific visualization. This level of data colien is not easily
possible through traditional user study technigéesery important
point to note here is also that, this argument dmsalways hold. If
the visualization has to be optimized for scenavibgre significant
cognitive resources have to be allocated to tagfereht from very
specific low-level tasks, behavior of the gamensegelly is not a true
evaluator.

levels. This had a two-fold impact, first, the nplayers had a way of
learning the game and so, provided better inputabat slower pace.
Second, as the player got more and more skillexy, pinovided input
of comparable quality but at a faster rate.

Limitations: Our first effort towards creating purpose driven
games for visualization problems exposed some plesimitations
of this approach. First, the demography of onliaengrs is expected
to be highly skewed. Unless the game design is dealéy carefully
to avoid influence of player's background and prefiees on the
game results, this method can only be thought of aas
approximation. Second, until there is a formal giel approach of
converting a problem instance into a gaming algarjtthe design of
a game will be open ended. Correctness and eféewtas of the
gaming algorithm relies very much on the intuitiohthe designer
than on the process itself. Third, designing a game making it
popular takes a considerable amount of time arattetntil we can
find a general technique of mapping any problentaimse into a
parameter of an already existing game with a larger base, this
technique will only be worth pursuing for a limiteét of large scale
problems.

The discussion so far has made the point that, edithmethod, it
is possible to collect an abundance of reliabla gaints cheaply. To
show how this data can be useful in evaluatingalgerithms, we
constructed a series of simple plots as shown gurgi 6. Each of
these plots shows the number of data points celecnd the
correctness for different foreground and backgroaathbinations.
The size of each disk is proportional to the dat@tpcount, and its
color represents the correctness for that particwdanbination (blue
is predominantly correct, red incorrect). The cdoale is linear for
the first column of plots (the alpha plots), butndmear for the
others to bring out small differences in the falgases.

At first glance, we notice that some combinatioasehless point
counts than others. This is simply because thesebic@tions are
more complicated and advanced and hence were nettliaked) by
fewer players — the expert high scorers. This sttatiis in fact
informative on its own as it self-indicates thagdb combinations are
difficult. Next, apart from this more general obsgion, we can
make the following more specific observations:

Observation 1: Irrespective of the algorithm, there is a strong
correlation between the alpha value of the layensl arder
perception. The plots show that an increase inaalpdlue in the
foreground color increases order perception. On dtteer hand,

Impact of Game design parametersThe game we described inincreasing alpha of background color decreasesepton. This

this paper is one of many different possible desigie could have
had for exactly the same problem. The type of thme timing of
different events, type and magnitude of positiveegative
reinforcement for user actions, type of interacta. strongly affect
the effectiveness and efficiency of the solutiom. illustrate this
better, let us consider the impact of a very paldic parameter we
had to decide on for ‘Disguise’ — the trajectonttod intruders in the
game. Of the many choices we could have made, wieletkto use
Bézier curves to simulate smooth motions which mmatkee game
more natural and intriguing to play. The movemepéesl of the
intruders is controlled by how long they remaintbe playing area
before blowing up. Let us call this parameatgruder presence time
With a smaller value, we an expect a faster datkeatmn speed
given that people continue playing at this rate.ttm other hand, a
faster speed means shorter time to decide on tyer lardering,
making the game hard for new comers. Our initigigle of the game
had this time time set this time 5 to secondsspeetive of the level
of the game. After publishing the game, a handfiill ptayers
complained that the speed seemed unreasonablyptasicularly if
they were playing the game using a track-pad réther a mouse or
touch screen. Also, because of the faster padbgatery first level,
people who were not still trained enough to playlwadicked in the
wrong places producing noisy data. To increasect¥feness of data
input, we could have increased the time to somgefaralue. But this
in turn would have reduced the data collection dpeed had made
the game less challenging for people who are gdod. 8As a
solution, we made the speed adaptive to the pkghill, making the
intruders move at a faster pace as they prograssigh different

observation directly complies with observationsifrprevious works
[32, 34].

Observation 2: The algorithms that depend only on color for
order perception perform poorly when the hue frameground and
background becomes almost identical. We can obgairsdrom the
diagonal in the hue scatterplots. But in the cadeblurred
background, the player has the additional cue éfrdeed outlines.
This eliminates the trouble with the matching hue.

Observation 3: Hue preserving alpha blending tends to show a
higher percentage of correct guesses than basierPand Duff
blending. But, from the lightness plot of hue presg blending, it is
evident that colors of similar lightness valuesdure confusion for
the players. This behaviour is caused by the fhaet the hue
preserving technique produces greyish shades iesca$ equal
lightness.

Observation 4: The overall performance of hue preserving color
blending (correct guess: 81.6%) and local alphaditey (84.6%) are
comparable. But, the addition of background blgrio local alpha
blending introduces significantly more (92.9%) eatrguesses from
the players.

The analysis presented here is a very partial \Géthe overall
landscape. Dependency between different paramistaraich more
complex and cannot be explained through two dinoeradi
scatterplots of independent parameters. Doing atysis that can
truly judge the success of a blending algorithmuness a system that
can utilize all the data we can collect througts tmethod. This can
be an evaluation metric designed for computers roringéeractive
analysis tool visualizing the high dimensional spé&x help analysis



by a domain expert. Either of them are new resedmdttions by
themselves and their details are beyond the sciofhésmaper.

6 EXTENSIONS

The human computer is a vastly expressive compumaltiplatform.
The possible ways it can be utilized is only lirditby human
creativity. We showed how a game like “Disguiseh ¢eelp evaluate
known visualization algorithms. Here, with some repées, we
briefly discuss how such ideas can be brought iatomore
mainstream computation in the visualization pipeliiVe hope this
will give a better picture of the perspective abthlatform and work
as a source of inspiration for future researchethis track.

6.1  Algorithm design assisted by a learning agent

A purpose driven game like “Disguise” can evaluaegiven

visualization algorithm. Now consider integratingck evaluation
mechanism with a learning agent [39]. This givesaansopportunity
to build an autonomous system that optimizes therdahm by itself.

It produces a new version of the algorithm thatig,its method of
creation, tuned properly for human perception. ukég7 gives the
block diagram of such a learning agent that is madeptimize a
blending algorithm for transparency perception. tEétock in the

diagram shows both the generic elements of a legrsystem and its
counterpart in learning the algorithm. A very chaljing part in
building such a learning agent is to have a goablpm generator
which can produce problem instances (in this case/mothetical

color blender) that are both vast enough to alltw system to
converge to a globally optimal solution and at theme time
restrictive enough to keep the number of computatzycles

minimal. Another approach could be the unificatioh the data
acquisition methods in this paper with the dataeiriapproach of
Kihne et al. [27] which solved a similar visualipatproblem.

6.2 Optimizing parameters during the mapping phase

We explained earlier in Section 4.1 that mappimgnfrabstract data
to a geometric interpretation can be formulatechmsoptimization
problem. Optimization of such properties (e.g. $fan function)

4 AGENT N ( 3\
PERFORMANCE
STANDARD
(Optimize transparency perception)
SENSORS PERCEPTS
(Game Interface) (Player
CRITIC Actions)
(Evaluator) J
FEEDBACK
PERFORMANCE ENVIRONMENT
CHANGES
LEARNING ELEMEN_T (Gamers)
ELEMENT KNOWLEDGE (Game with
blending
LEARNING algorithm)
GOALS
PROBLEM XPERIMENTS J
GENERATOR (color pairs) ACTIONS
EFFECTORS
(Game
Feedback)
_/ . S—

Figure 7. A learning agent to learn a new blending algorithm with the
help of a game based evaluation scheme. The diagram shows the
common learning agent elements in block letters with their concrete
realization within parentheses.

mechanism for this will be the concept of "seasergvery so often
at regular intervals the score board would be tiaiided and the
previous leaders would become champions of thatoseand so on.
Good scorers would then become multi-season charapio

7 CONCLUSIONS

We introduced the concept of computing with humianthe field of
visualization. As a demonstration, we presentedetiléd design,
implementation and evaluation of a purpose drivame that can
help evaluate color blending algorithms. Accordirtg our
experimental data, we found this method to be Righbmising and
effective. We also introduced some possible waysx¢énding such
a method into the actual computation of renderihg wisualization
or designing a new one.

As a future endeavour, we would like to continugcdivering new
methods of harnessing this new source of compuiatipower to

using some local search algorithm (e.g. simulatatkaling, genetic best serve the interest of creating more effectivel expressive
algorithm) requires a scoring function that evadsathe strength of visualizations. Creating such human computed dlyos is a
the current instance (or set of instances). Siheset instances are beautifully creative process and its power is dirlyited to human
almost always image data, rather than using apmatei evaluators, imagination. An algorithm like “Disguise” is jusha@pening to a vast
one can engage human computers by automaticallydesourcing Opportunity of research. We are eagerly waitingsé@ many more

evaluation tasks [28, 31]. Theoretically, such ytsolutions should
provide better performance, but at the cost of io&ractivity and
added expense. The challenge in such a track rermafinding ways
of reusing existing data so that the system evédigtumecomes
sufficiently knowledgeable to drive the visualizatiwithout further
human intervention.

solutions like this in future.
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Figure 6. Visualization to evaluate the performance of different blending algorithms for transparency perception. For each of the algorithms we
produce three scatterplots concerning variation in alpha value, hue and lightness of the colors. Each of the plots shows the number of data
points collected and the correctness for different foreground and background combinations. The size of each circle is proportional to the data
point count. The color of the circle represents the correctness for that particular combination.



