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Abstract

In corpus creation man annotatio is expensiveAnnotation costs can
be minimized through machine learning and active learning, howbeee aire
many complexinteractions amonghe machine learnerthe active learning
technique the annotation costhuman annotation accuracy, the annotauser
interface, and several other elements of the prodessexample, we show that
changing the way in which annotators are paid can drastically change the
performanceof active learning techniques. To daltese interactions have been
poorly undersbod. We introduce aecisiontheoreticmodel of the annotation
process suitable for ancient corpus annotation that clarifies these interactions
and can guide the development of a corpus creation project.

1. Introduction:

The ideas in this paper aroserfraa project to develop an electronic
corpus and concordancef ancient Syriac literature. We will use this project to
illustrate many of the ideas in this paper. The Syriac project at Brigham Young
University involves many individuals from several depamits including
Linguistics, Computer Science, and the Center for the Preservation of Ancient
Religious Texts. The project team also includes scholars from Oxford and
PrincetonUniversities. Syriac texts have been transcribed manually by teams of
Maronite, West Syrian and East Syrian Christians and Monks located in
Lebanon, Rome, Iraq, Chicago and Oxford. The proximate goal of this project is
to produce a corpus tagged with part of speech data for the writings of the fourth
century Syriac poetheologian Eptem the Syrian (d373). This initial corpus is
approximately half a million words in size. A further four milligrords have
been added to the corpus in draft format. These texts originate from the third to
the thirteenth century. However the majoritytlé texts are from the fourth to
the seveth centuries, the soalled Classical period of Syriac literature. It is the
long-term aim of the project to build a comprehensive corpus of Syriac
literature, working diachronically through the available textscMof Syriac
literature has already been published, and these published texts are used in the
corpus. However, a great deal of Syriac literature is available only in



manuscripts. It is impossible to precisely estimate the size ofcdngus;
however, it imnot improbat# thatthe corpus extends to over 30,000,000 words

We do not have the resources to fudlynotatea corpus of this sizeith
morphological tagsWe are taking a pragmatic approachatmotatingtexts for
the corpus. The first stage is toepare a draft transcriptiowith machine
annotation Texts will then be proofreadnd annotated by harak scholarly
interest is raised to a sufficiently high leveldompletethe work. Many texts in
the corpus may never be fully proofread annotatedSome text collections,
beginning with Ephrem, will, however, be thoroughly proofed and tagged,
sufficient to produce a full print concordanéehigher level of accuracy will be
required for the print portion of the corpus than for the remainder of tipaicor
which will be published on the internet

The production of electronic corpora for ancient languages involves
sever al ffannot at i omofhologca larsdpart of spaatts cr i pt i on,
tagging, grammatical parsing, and semantic tagging can all beaseemotation
tasks. For example, in transcription the usgtes an image and labels (or
annotates) the image with transcribed text. In-phdpeech tagging the user
takes a transcribed text and annotates the text with parts of speech etc. Thus
annotaibn is central to each step in the creation of a useful electronic corpus.
The goal of our part of the Syriddterature project is to reduce human
annotation cost as much as possible through the appropriate use of machine
learning and active learning tethues. We also seek to achieve lower error
rates than could be achieved through human annotation alone and to
appropriately balance thealue of annotator time on the print corpus with the
value of annotator time on the internet corpus.

1.1 Issues in Copus Creation:

Human annotation can be very expensive, and this expense is often the
limiting factor in the creation of electrontorpora Since ancient languages are
generally less well know, their annotation requires more specialized language
knowledge, which can make human annotation even more expensive.

One solution to this problem is to use machine learning to automatically
annotate the data. Machine learning approaches are available for transcription
(OCR or Optical Character Recognition), paftspeech tagging, parsing and
semantic role labeling Unfortunately, machine learning appcbas to
annotation often havkigher error ratethan human annotation and they often
require a | arge set of previously | abel ed
learning model. Typically the larger the initial training set the better the



algorithm will perform. Often, when dealing with ancient languages this initial
training set is either nonexistent or extremely small.

These problems with machine learning ¢cenovercome by combining
machine learning with human annotation. The goal of such a combination is to
use the expensivbut more accuratbuman annotation in the most beneficial
way to lower the error rate of thantire annotatedorpus asnexpensivelyas
possible. Typically the computer selects the examples to be annotated by the
human that it believes wild.l be the most ben
l earni ng. 0 Aiovaluablewhénahare are insgfficiens resources to
use a human awoiator over the entire corpuBven when there are sufficient
resources to annotate the entire corpus by hand, many errors likely remain.
Active learning can focus human attention on the most problematic sections and
can result in higher accuracy than hunaanotation alone.

Several complex and poorly understood interactiomsise when
attempting tointegrate human annotation with machine learning and active
learning in the creation of large annotated corpu¥hese interactions arise
amongthe followingcomponents of the system

The expense of human annotation

The machine learner

The ative learningechnique

How annotators are paid

The wser interface

Human annotation erroates

Variability in error significance for print vs. internet portions of the
corpus

NooprwNE

In order to effectively integrate all these elements it is important to
understandwvhich elemens affect other elements of the system. For example,
how we pay our annotators affects the cost of annotating a sentence and can
affect the sentence set®n of the active learner. User interface design can also
affect the cost of annotating a sentence as well as theaagafrthe annotations
gained. Since dman annotationare not 100% accurate, their accuranyst be
modeled in order to determine wiveg believe and how sure we are about what
we believe given a set of human annotatidthsman annotations compose the
machi ne l earner 6s training set, therefore
accuracy should affect the behavior of the machine learner.

Undesstanding these interactions is important in order to answer several
important questions. ¢Wv oftenshould weemploy a second annotator and where



wouldt h at annotat or 6 divem it Bettebfer thengesand e f f e c
annotator to annotate a completelysaen example, or to verify the work of an
annotator whose answer di sagrees with the
Should we attempt to learn the abilities of each annotator separately? Should we

give the annotators sentences where we already know teerairs order to

determine their abilities? If so, how many should we give them? How should we

effectively deal with the fact that errors in one portion of the corpus are more

important than errors in another portion?

1.2 Modeling the Corpus Annotation Pocess:

In this paper we propose a Bayesidrcisiontheoretic,model of the
corpws creation process he modelhelps to answer the above questions and
clarifies theaboveinteractionsGiven the model of the process we can construct
the theoretically ofimal techniques for answering many of the above questions.
The optimal solution to these questions can be computatioirdiasible;
however, the model provides a clear way of thinking about the probhéth
the optimal solution in mindbetter heurisis can be developed which
approximate the optimal solutiofhis approachdeveloping an optimal model
and then approximating it to achieve a computationally tractable sglutém
guided several advances in the annotation process in the Syriac langpjege p
as well as iimanyother machine learningrojects.

In section 2 we present a Bayesian, decisitveoretic model of the
machine learning process itsalfiddescribe how that model can be extended to
deal with the sequential data of natural langudg section 3 we show how this
model also accommodates active learning. In section 4 we describe how utility
in the model can be used to deal with situations where errors in one part of the
corpus are more important than errors in another part (aséasgbdn our Syriac
project). In section 5 we use the model to illuminate how annotation costs affect
the active learning technique. In section 6 we discuss the interaction between the
user interface, and the annotation cost, and illustrate this with tanmmel
obtained from a user study. In section 7 we extend the model to incorporate
human annotation error rates. In

section 8 we conclude by providing Bias
recommendations for the corpus
creation projects. Features

2. Modeling the Machine
Learning Process: Tags

Figurel. A simple graphical model for the
We believe that the best wayclassification problem in machine learning.



to think about the machine learnifiylL) problem is as a
graphical model (orBayesian Network (See Figure 1).
(Carroll and Seppi,2007 Carroll, et al., 2007; Buntine
1992. We will first discuss the implicationsf this simple
model and then explore the additions that must be made
the model to represent the more complex sequential
problems often encountered in NLP.

In machine learning there are features x, classes y (in
the case of our projedhe part of peechtags), and an
unknown functionf, that maps< to y. This network models
the standaralassificationmachine learningroblem.The F
node represents a distribution over possible functipasd
incorporates the ideas of a bias. This node can be represent
in many differentways. For example, the distribution over

pos_sib-le fl_Jnctions could. be representeglacing Figure2. A decision network for

a distribution ovethe weights of a neural networl. | ssificationd is a decision
(Freitas et al., 1998)If a distribution is placedwhich results in @ outcome

over the parameters of most traditiomahcine “ith agivenutility.

learning (ML) representations then the result 1s

often a distribution over possible functioasd can be used to represent f
(Carall, et al., 2007)Baye® law optimally dictates how the parameters should
be updated in the presence of data (a sdalnfled features and classes). An
actual distribution over possible classesan be produced by integrating over
the parameters of F.

Thi s formul ati on clarifies h&sues deal
(Wolpert, 2001; Carroll and Seppi, 2007When this proedure is
computationally intense, heuristics can often be ubémhy currentparameter
update techniquesan be seen as approximations to this network with specific
distributional and simplifyingasssumptionsfor example backpropgationcan be
thought of as anaximum likelihoodestimation of the more correct Bayesian
approachto updating the weights (Freitas et al., 1998)us we can think of
many machine learning techniques as heuristics to the more mathematically
correct formulationThinking of traditionatechniques in this way can often help
us tobetter understand their behavior.

Perhaps the most important reason to think about machine leanning
terms of a Bayesian network is the connection between Baysai#sticsand
Utility Theory. The princiges of decisiofutility theory provide a technique for
maximizing expected utility using probabilities, but these techniques are only
guaranteed to be optimal whemobabilities are determined by the laws of



Bayesian Statistic6SeeFigure 2). All machine learning involves decisions. If
utility is not included explicitly then hidden implicit utility assumptions are
being made that may or may not correspond to reality. For exasipkse
Artificial Neural Networls approximatemaximum likelihoodsolutions forthe
weights, they therefore correspond to a utility function based on
misclassification erroron the weights This is not always correctThe
misclassification error utility assumptiamill fail wheneverone tyge of error is

more important than another, or wherecision and recall are not exactly
balancedFor example, in our case we care more about errors in one part of the
corpus than we do in another.

By thinking about the problem in terms of a Bayesian iflec
Network utility is handled explicitly and we can see the theoretically optimal
solution tocomputing the probability of a class p(y) that will maximibe
expected utility(Carroll and Seppi, 2007)hen if this optimal solution is too
computatiomlly intenseto computewe canat leastdesign heuristics in a more
principled way.

2.1 NLP Extensions to the ML Model

In many naturklanguage processing (NLR)¥oblems the network is
much more complex than in the above examples. Primarily this @ibedata
in NLP is inherently sequentialn machine learninghere are many x and y
pairs that have been observed (the training set) and a set of x and y pairs where
the y node is unobserved (the test set). In the sequentiahdagmpblem there
are sequences of words (sentences) in the training and teSihéetseans that
the label at one time step is actually part of the feature set for the next time step
(see Figure 3). Common apprdimations for computing the probability of a
class/tag in this network include techniques such as Maximum Entropy Markov
Models (MEMMs).A Maximum Entropy (MaxEnt) model is a ldiear model
whose parameters are those that create the distribution of omax@mtropy that
still satisfiesthe constraints imposed by the evidence found in the training data
(Ratnaparkhi, 19967outanova & Manning, 2000; Toutanova et 2003. A
gradient descent optimization procedure, such as LBFGS, is used to find the
paramegrs during training.



Figure3. A sequential classification network.

An MEMM is a Conditional Markov Model (CMM) in which a

Maximum Entropy KaxEnj classifier is employed to estimate the distribution
N b, Wo1  MoolWd)eletdn:,Wo?)

over postble labelsw for each element in the sequedde this case, for each
word U oin a sentence . The model also has access to any predefined attributes
(represented here by tleellection -9 of the entire word sequence and to the
labels & previous words ) .o, trained from labeled data. Our implementation
employs an ordetwo Markov assumption so the classifier has access only to the
two previous tagsig 1, Gao. We refer to the feature®) '@0q1,0q2) from
which the <classifier predicts the distribu
contexd (Ringger et al., 2007)Stateof-the-art Partof-Speechtagging results
have been achieved with MEMMs (Ratnaparkhi, 1996; Toutanova & Manning,
2000; Toutanova et al., 2003). Paf the success of MEMMs can be attributed
to the absence of independence assumptions among predictive features and the
resulting ease of feature engineering.

3. Active Learning:
The sequential classification network calsobe used to model active
learning.The active learning task inlwes selecting an unobserved node (know
as the test) and observing it.the sequential classification netwotkis is done
by selecting anun-annotatedsentencewhich istheniobser vedd by having
human annotatet.i The goal is to select a tedtat will provide the greatest
i mprovement to the c o mpoltheaunladbaed elasges mat es ove
To select the test that will achieve tigeeatest improvemenhe sequential
classification networks expandedrito a decision network by adding decision
nodes and utility measuréseeFigure4) as was don@reviously inFigure 2.
The decision to be made is what paftspeech taghould be applied to each
word. Since the objective of the annotation process is to correctly annotate the
corpus. We use accuracy as our measure of the utility of a choice.
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Figure4. Utility in sequential learning for active learning.

In this decision theoretic contexictive learning is selecting ther
amotateddata tobe annotated whicimaximizes the expectedyain in utility.
This value isknown as EVSI, or the Expected Value of Sample Information
(Raiffa and Schlaiffer,1967) ‘Qu'Yginvolves the computation of the expected
improvement in utility that would result from revealing the value in a particular
hidden noddin our case a specifi@) in a Bayesian networénd is computed as
follows:

Qu'Yer 0y n G max 0 @ Gy, Y oGy 6
o o wd Qp ,
ax Oy wgd' Qs ' G,
n Go Mmax N Qg Y GGy, G
g, T Vg

where D represents the domain of variouariables a is an actionU is the
utility, «y, is the annotation of the testand ), is the annotation in locatiok
Intuitively we are taking the expectation over every possible result of theytest
and computing the expected utility of making the decision if we had that
information minus the expected utility of making the decision without any extra
information. The net expected value of a noitethe networkis: Q) O¥%=
WYy G Ywhere' G Y(The Expected Cost of Sample Information}hs
expectectost of gathering the information about node

Unfortunately the computation &NET is computationally difficult and
awkward. If, for examplethe utility for EVSI is computed in termsf expected
improvement in classification accuracy, while ECSI is measured in hours spent
by the human annotator, then the differelid¢ET= EVSFECS only makes
sense when both EVSI and ECSI are converted into the same scale (units). Since
it is awkward toconvert the number of hours of annotation to an increase in



model accuracy, and it is likewise awkward to convert accuracy to hours, we
could convert to both to some other measure. In other decision theory problems
it is possible to convert all measuressbome common measure, like money. In
annotation, such a conversion would be very much a function of the particular
project.

Note also that the computation af single step ofENET alone is
insufficient in annotationlf the active learner could only germ a single test
then the optimal policy would be to sample thest with the highestENET
value.However, if the learner can perform multiple tests it is possible for two
tests taken together to have a higher net value than any one single test alone.
EVSI could be performed over every possible combination of tests, but this
would make an already intractaldemputationworse(Carvalho andPuterman
2003)

An intuitive heuristiccan be used to solve bothe scaling and the
combination of tests problenTests can be selectegteedily based upon the
guotientEVSI/ECSI. This can be thought of as selecting the test with the most
fExpectedBangper B u c (EBPB) rather than the test with the high&NET
value.Geometrically this can be thought of as selecling segments with the
highest slope rather than line segments with the higimepbint Several shorter
line segments with higher slope camentually lead to a higher gmaint with
less cost.

The relative orderingof Qw™Yg Q™Y will be the same as QY
‘05" for all positivel . If EVSI and ECSI can be placed in the same units by a
linear transformation then théexpectedbangperbuck ¢ t ec hoti que
force us to define EVSI and ECSI in the sanmits. For our Syriac problem
cost/hour is linear and it is reasonable to assume that the usefulness of the corpus
is a linear function of its accuracy.

Unfortunately computing the EV§and thusEBPB) of a node even in
this oversimplified network is far tocomputationally intense. Things only get
worse when we begin tadd the additional complexity imposed by the
sequential nature of NLP problemEherefore we need an approximation to
EVSI.

Several common techniques for performing active learning include
Query by UncertaintyQBU) and Query by Committe¢éQBC). QBU is a
technique that selects the next sample as the node with the maximum uncertainty
concerning its valueQBC trains multiple learners and selects the node with
maximum disagreement between tlearners.It can be shown that these

does



techniques actually approximate EVSI given some simplify@sgumptions.
Under those assumptions EVSI of a node will be proportional to the uncertainty
in that node, or to the disagreement between learners for that fAde
existence of these hestics can make the approximatiari EVSI tractable
inasmuch as the simplifying assumptions are metditionally these techniques

are useddirectly to perform the active learning selection. For our purposes
however, they wilbe used as a proportional approximation to EVSI, which will
allow the EBPB calculation. If ECSI is uniform then this will be equivalent to
the standardctive learningechniquesFor example, if we are paying annotators
by the word, we could computeBPB=EVSI/ECSI QBU/N where N is the
number of words in the sentence to be annotated. We call this approximation of
EBPBANQBUO (or Normali zed QBU)

4. Variability in Error Importance:

For our Syriac corpugie have part of the corpus that will be published
to print and on the inteet and part that will be published only on the internet.
We will refer to these two portions of the corpus as the print and internet
portions respectively. Errors in the print portion of the corpus are more
significant than errors in the internet portion

A simple, if typical, solution to this problem is to have two annotators
annotate the print corpus, with a third annotating whenever they disagree, and
then to spend any remaining money on the internet portion. However, given our
utility model, this approach isuboptimal. Do we really want to spend the cost
of a human annotator (especially of the second human annotator) on portions of
the print corpuseven though they haven&xtremely high degree of certainty?

The implicit utility implication of demanding theesond annotator regardless of
how certain we are is to assume that there is infinite utility in the print corpus
with finite or zero utility in the internet corpus. Furthermore, do we really want
to be spending money on the internet corpus when theresdrens of the print
corpus that have low certainty even when the two human annotators agree? This
can happen when the computer disagrees with both human annotators. In this
case would it not be worthwhile to use a third annotator in such locations? Thus
the typical policy assumes either that we are certain of the correct annotation
after two annotators (which we are not) or that the utility of errors goes down
after two annotators (which it does NotThis combination of behavior is
therefore irrational foall utility models.

In order tocorrectly balance annotation costs on the print and internet
portions of the corpus it is necessary to be explicit in the cost of an error in the
print and internetorpora A reasonable approximation might be to assuhat



QAuYY ™Y 6% "Yowhere Yqis inverselyproportional to thecostof a mistake

in that part of the corpusherei is found Of course this is not strictly the case,
since sample information in one part of the corpus could aid in the othef part
the corpus. However, this could be a reasonable approximation if we assume that
the data provides the most information in the section where it is foOtiger

more accurate (but more computationally intense) approximations could be
imagined however, ay approximation will require an explicit measure of
utility. Specifically we must be explicit abothte importance of errors in each
portion of the corpus in order tnake reasonable decisions abthé allocation

of annotator effort

5. Annotation Cost;

Annotated Words Annotated Sentences

o821 — Random I — Random
081{f | BT i —Ls
os0 | -- NQBU ol - Nasu
i 0.79 “l-
5,000 10,000 15,000 20,000 25,000 30,00 250 500 750 1,000 1,250 1,500 1,750 2,000
Annotated Words Annotated Sentences

Figure5. A comparison of three possible active learning techniques, random, longest
sentence and NQB{(the uncertainty divided by the sentence length). Notice that if you a
paying your annotators by the word then NQBU is the best approach, but if you are pay
by the sentence then longest sentence is the best active learning approach.

Many active learning techniques (including QBU and QBC) ignore
ECSI, yet it plays an important part in actiearning 0 0= Q'Y 05"V
an éxpdtteb ang p €0H0O b IDSYPI®O YQ For either technique ECSI
is central to the calculatiorQBU and QBC both approximate EV3®lut
completely ignoreECSL In corpusannotation it is often the case that some
samples will cost more than other samples depending on the user interface
involved. This can make a huge diffarce for active learning-or example,
three reasonable ways that annotators could be graitly the word, by the
sentence, or by the houbifferent active learning techniques perform better
depending on which cosetric is applied.Figure 5 indicates that when
annotators are paid by the sentence a rather simple active learning technique
(select the longesteatence) performs well, while NQBperforms worse than



random. On the other hand, if our annotatorspaid by the wordthen longest
sentence performs worse than random, wR@U performs well. Not only did
the method of payment affect the resuttssinfluence was dramatic.

It is reasonable to assume ti@b'Yg © 0'Q "BOXE 6, because longer
sentences tend to have more information in theémOd"Ygis constant for
sentences of any length, theli06-q © UG "FOE 6gand selecting the longest
sentence is a reasomalpolicy if you pay by the sentence. On the other hand, if
your annotator charges by the word, tl@YgQdi e © 0" @OXE O, Thus
EVSI will tend to be larger with larger sentences, but so BAIS| and a
measure of the undainty per word (NQBU) is now the preferred measure

When using active learning and paying by the hour it is important to
know approximately how long you expect yannotators to take to annotate a
given sentence, and use this expected time and thailyhate to approximate
ECSI. Then using an apptimation to EVSI you can comput&06 =
QW'Y Q0"Ye This will appropriately penalize longer sentences because it will
take your annotator longer to annotate th&hus, without some model of how
long it will take an annotator to annotate a sentence it is impossibberazTity
determine whether that sentence should be selected by active learning. This
observation motivates the user study which we will present in the next section.

6. User Interface and Modeling ECSI

We have seen that EC& an essential component dftige learning.
After this paper was presented but before the time of this writiagperformed
a user studymotivated bythe above ideas to determine the expected time for
annotating the part of speech of a sentence in English with theTPeabank
tagset(Ringger et al., 2008)The user interface made suggestions based on the
machine | earnerds current mo d e | and
that were annotated incorrectly. Using the data from this study we developed
linear model for part o§peechannotation cost suitable for use as the expected
annotation cost in the context of Active learning algorithii® final rational
cost model isO5"Y@= 3.795 o5+ 5.3870+ 12,57, wheredis the length of the
sentence andis the number of words the user had to chafge resulting
model has an appealing intuitive interpretation: the annotator reads each word
and decides whether or nivtneeds to be corrected (3.795 seconds per word);
correcting a word take€.387 seconds perorrection);finally, there is 12.57
seconds of overhead per sentence.

The model uses only a small subset of the raw statisticsollected.
There are two reass for this:first, someof the statisticavhich we collected

t

he



(for example,i Se | f E v ardggirg Proficiancydowviere not included in

the modelbecause we explicitly wish to assume that tagging will be conducted
by a mix of people with tagging skillsnsilar to the mix of skills tested in the
user study. Second, some variables fail to have a statistically meaningful effect
on the resultant model. We employédéidear regression andhe Bayesian
Information Criterion (as implemented in the LEAPS package in R) to assess
which vaiables should be included in the model.

We intend to repeat this study for Syriac and would expect the results to
be different depending on the language, the tag set, and the user infEnface.
results of the user study provide an expected approximtithe cost of sample
information and will be an essential element to any effective active learning
technique for language annotation. Furthermore, the amouovershead(for
English approximately 12.57 seconds) can have significant impact on the best
way to present data to the annotatotsnhy be better to givehe annotators a
singlemost uncertairword in a sentencand ask them to onlgorrectthat one
word so that they daot waste time on other words in the sentence which the
computer may alreadyalte a good model for, it may be better to let them
annotate the rest of the sentemsagce they have already paid the overhead. A
user study is imperative for making such decisions.

Notice that the cost model implies that there is some overheadding
each sentence. This could imply that the best user interface would ask annotators
to annotate all the words in a sentence while they already have the context in
mind. On the other hand, if fixing a single word in the sentence can drastically
lower the uncertainty in the rest of the sentence such that the rest of the sentence
need not be annotated by a human, then it will be better to annotate a word at a
time.

Notice alsothat for our user interface, the cost model is directly related
to the accurey of the classificationmachinelearning model. The better the
machine learningnodel, the fewer corrections the user has to make. For our user
interface, these corrections accounted for a large proportion of the cost. This
means that improvements in the machiearnirg model allow us to collect
more human annotated data because that human annotated data is now cheaper.

Any other technique for speeding up human annotation will clearly
result in being able to afford more human annotaflidius any active learning
project for corpusannotation should involve the development of the best user
interface possible. Time spiedesigning and evaluatingser interfaces can have
significant benefits latesn. The best interface will likely differ from language to
language. Changen the user interface can affect more than just the speed with



which an annotator annotates data. Different user interfaces can lead the same
annotator to different levels of accuracy. Multiple user interfaces should be
proposed and then evaluated fotthspeed and accuracy.

7. Dealing with Human Annotation Error:
()
020, Co—()

Figure6. The annotator's annotations are observed.

Until now we have assumed thHatman annotation reveals the true tag
y. Unfortunately human annotators are not one hundred percent accurate
Therefore a class/tag/annotation is never algtudifectly observed. Rather an
annotator 6s opinion cis whservechAn regampteh e corr ect
graphical modelthat takes this into accourior three different annotators

shownin Figure6.

Thesechanges to the modedill have implications for active learning.
We are no longer interested in selecting the most important y node, but in
selecting the most important annotation naggg(where a is the annotator
involved and is the instance to be annotateor example, if annotatoumber
1 is willing to annotate another exampiheenthe goal of active learning would
be to select from the&;-g nodes the node that provides tieaximum
improvement in expected utility.

The optimal solution will come fromdirectly solving the EVSI
equationson the annotation nodes of the model, but this is again too
computationally intense and a heuristic is needed. Luckily, if we are using
uncetainty to model the EVSI of sampling a given annotation, and if we assume
t hat our uncertainty about an annotatords
model 6s uncertainty about the <c¢class vy, t hen
nodes.This means that the twe learning technique can remain relatively
unchanged and still accurately model the situation.



Although the changes to the model did not significantly change the
active learning approach, they do significantly affect the machine learning
technique. hee f f ec t of an annth¢ma ohriébrse alnenart rad ri oo
belief about the class shouldbe directly modeled)(0|cg. Typically human
annotations arasedas training examplegsr the machine learnef his approach
ignores the fact that there could be eriarthe humarannotations and relies on
the machine | earning altogcompensatenidinss r obust nes:
shortcoming This can be problematiespecially when combined with active
learning This is becauséoth the actual EVSI calculation and the QBU
approximation are both dependenttba uncertainty of a given word after it has
been anatated by éhumanannotatorAl t hough t he new model di dn
the active learning technique, it will change the values that the active learner will
use to make decisiortarough changes in the machilearner The uncertainty
of an annotation after auman has already annotated itais important piece of
information, especially fodetermining if a second annotator should be ueed
validate the results of the firdtinless we can compute the probability of an error
after an annotator has annotated ardy then the active learnercannot
appropriately make this decisiohhis means that machine learning techniques
that incorporate probabilistically annotated training data are necessarger
to takefull advantage of active learning with multiple aratots

Recent projects like Wikipedia andouTube have illustrated the
promise of user generatecontent on the web. Opening therpuscreation
procesgo user involvement can be beneficial since it could increase the number
of annotatoravailable.Unfortunately, the quality ainnotations obtained in this
way can vary widely. In such situationaverage annotator accuracy is
insufficient, andtisi mpor t ant t o model each annotator 0:¢
we could spot a bad annotator, and approglsisgdapt both our machine learner
and active learning technique hes level ofability, then we could allow anyone
to provide annotations with no fear that they could lower our overall accuracy.

The model inFigure 6is only correct if we assume thall annotators
are equally accurate in their annotation abilities, a simplifying assumption that
may be reasonable f@ome applications. However, in order to model each
annotatorés abiliti esr‘]i‘s(;,,@z%@)),astsrm\lvnyn we need t ¢
Figure 7 whereGy, represents the annotation abilities of annotator



Figure7. Modeling the accuracy of the annotators.

This more complex model also has implications for active learning. Now
there are two possibleeasons why a sample location could énaxalue.Each
annotatiorprovidesinformation about the true value of the class (and thus about
the model f) Each annotation algmrovides information abow}, the anmtation
abilities of annotator.aAgain the optimal solution could be found throute
EVSI equations. Interestingly enough, this optimal solution could ingilieg
an annotator a problem withveell known solution because it teaches us about
t he annot at or 0 sAnactive tetraing ialgorithmantust balahce e s .
the need forinformation about thea n n o t abilitees Witk the need for
information about the clas$hese desiresan sometimes bmutually exclusive
since querying in locations where y is known with some high degree of certainty
often gives more information abouhe quality of the annotator, while sampling
in locations where y is unknovweaften gives more information about y and e
principles of decision theory and EVSI wallitomaticallybalancehese issues

If EVSI in the simple network was intractattieen this is far worse.
Therefore a heuristic is again required. Luckily, it is possible to learn about both
f and ¢ simultaneously, and they are not always mutually exclusive. Even when
we sample a location with high uncertainty we will still learn somgthivout c.
There are at least two reasons for this. Firstgtnaity annotators will produce
annotations thatower the entropy of the modeThe model f imposes some
belief about y, and if an annotator is consistently proposing annotations that are
unlikely given the model fthenthe most likely reason is thatettannotator is
making mistakes. This isspeciallytrueif all the other annotators are proposing
annotations that are consistent with the mod8ketondly,sample locations that



