Human Computation and Crowdsourcing: Works in Progress and Demonstration Abstracts
AAAI Technical Report CR-13-01

A Ground Truth Inference Model for Ordinal Crowd-Sourced Labels

Using Hard Assignment Expectation Maximization

Siamak Faridani, Georg Buscher

Microsoft
One Microsoft Way
Redmond, WA

Abstract

In this paper we propose an iterative approach for inferring
a ground truth value of an item from judgments collected
form online workers. The method is specifically designed
for cases in which the collected labels are ordinal. Our al-
gorithm works by iteratively solving a hard-assignment EM
model and later calculating one final expected value after
the convergence of the EM procedure.

Introduction

We focus on the problem of inferring the ground truth
when ordinal labels are collected from online judges (also
known as Turkers). Traditionally, when the labels do not
have an order, the EM model by Dawid and Skene (1979) is
used for inferring the ground truth. When labels are ordinal,
various ad-hoc methods like median, mean, or robust mean
or median are used by practitioners. Our algorithm can be
considered as an extension of the model by Smyth et al.
(1995) for ordinal labels.

Problem Statement

We assume m items are classified into n different ordi-
nal categories by online judges. The number of judgments
that we collect on each item can vary from item to item and
is not fixed. Additionally, we assume that each item can be
assigned to one and only one of the categories. However the
true label of the item might be in between two labels. For
example, in the case of measuring the relevance of a ma-
chine-generated caption to a document, the inputs might be
on the scale of [“very good”, “good”, “neutral”, “bad”,
“very bad”]. The final inferred ground truth by our algo-
rithm, instead of “good” or “very good” can be
“0.7good+0.3very good” suggesting the actual latent label
is closer to “good” than “very good”.

* This work was done when the author was at Microsoft.
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We assume for item i we collect a judgment from judge
j and the judge indicates that the item is from category .
Denote X,-k(’) as the indicator function that captures this
judgment and is defined as 1 if item i is classified as class &
by judge j and 0 otherwise. Let’s consider another identity
variable Ty that is 1 if ground truth value for 7 is closest to
category & and O otherwise. So for each item 7 and class &
we want to calculate P(Ty | data;). In which data; is the
collection of judgments that we have collected for item i.
After finding all the values of P(Ty | data;) by fixing i
and varying k we perform our final round of inference by
calculating the expected value of the label E (P (Ty | data;)).

L CALCULATING THE POSTERIOR

For calculating the values of P(Ty | data; ) we can use
the Bayes’ rule
Bayes' Rule P(data; | Ty )P(Tix)
P(data;)

P(Ty | data;)

P(data;) is easy to find knowing that it is the joint prob-
ability of individual judgments that can be separated if we
assume that judges are not influenced by each other.

j
P(data;)
j={judges that judged i}

P(data;) =

data{ is the judgment from judge j on item i. This is the
bias for each judge and easy to calculate from historical da-
ta. Any implementation of a naive Bayes’ model needs to
use a Laplace smoothing to prevent divergence. Similarly,
P(data; | Ty, ) can be broken into the following

P(dataﬂTik)

j={judges that judged i}

This is a conditional probability for each judge and can be
found by conditioning on the ground truth. These are the
elements of the confusion matrix. The MLE of P(Tj) is in
fact done by counting. See Manning et al. (2008) for more.
P (T ) is the number of judgments on i that are from label
k over the total number of judgments on i regardless of £.

P( datal- | Tik) =



We need to add 1 to the numerator and add length(k) to the
denominator for Laplace smoothing.

#of judges that labeled itemi to be label k+1

total number of judgments on item i+length(k)

P(Ty ) =

So at this point we can calculate the value of
P (T | data;) for any i and k as below:

P(data{ |70

P(T; | data;) = P(T; -
ik 1) ( lk) P(datai’)

j={judges that judged i}

From this point on we can remove the denominator and
solve the following argmax on the log likelihood if we only
had categorical labels without any order.

k = argmax, [m (P(Ty)) In (P(datal|T,))

j={judges that judged i}

II.  CALCULATING THE EXPECTED VALUE

The expected score is easy to calculate from the likelihood
E(P(Ty | data;)) =
P(data{|Tik)

k.P(T; -
(T ) P(data))

k €{categories} j={judges that judged i}

Algorithm

We propose the following algorithm for the cases in which

the collected labels are ordinal:

Step 1. Find an initial approximation of
P(Tik| data;) by using mean, median, or mean
and median after outlier removal

Step 2. Update P(data{ |Tl-k)

Step 3. For every i find P(Ty, | data;)

Step 4. 1f any of Ty values changed, go to step 2

Step 5. Calculate E(P(Ty, | data;))

Evaluation

Here, we provide a preliminary evaluation of the model,
but we are planning to run larger experiments in the near
future. For this model we ran two small blind experiments.
For the first experiment, we took 5000 documents, each of
which with one machine-generated title. For each title, 5
judges had provided relevance labels from the set of [“ex-
cellent”, “good”, “fair”, “poor”, “embarrassing”]. We ran
both GLAD (Whitehill et al. 2009) and our algorithm on
this set. Since GLAD only provides the most likely label,
for a fair comparison we round the output of our algorithm
to the closest label on the number line (assuming the dis-
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tance between each two consecutive label is 1). We ran-
domly took 30 items for which our algorithm and GLAD
disagreed. The results of the two algorithms were anony-
mized and sent to a summarization expert to evaluate
which one is closer to the expert label. The outcome of this
was 18 to 12 in favor of our algorithm. We also noted that
GLAD sometimes comes up with labels that are very far
from the collected judgments. In an additional short exper-
iment we asked 3 experts to compare 18 pairs of search
engine result pages for 18 different queries and label them
as [“Left Much Better”, “Left Better”, “Right Better”,
“Right Much Better”’]. We later compared their results with
the results of our algorithm, GLAD, and median. In 12
cases (67%) our algorithm was the closest to the expert la-
bel, in 10 cases (55%) median was the closest model and in
7 cases (38%) GLAD produced the closest label.

Conclusion and Future Work

This paper extends the previous work on aggregating cate-
gorical judgments to ordinal labels. Our algorithm does not
require any parameter tuning and can serve as turnkey al-
gorithm for aggregating categorical and ordinal judgments.
It works by iteratively solving a hard-assignment EM mod-
el which is reduced to solving a set of naive Bayes’ steps.
At the end we calculate the expected wvalue of
E(P(T;, | data;)) which can be looked at as a weighted
mean of judgments where the weight of each judgment is
represented by the reputation of the corresponding judge.
This reputation is taken from the error rates (confusion ma-
trix) for each judge on each label. The next step for us is to
compare this algorithm with mean, median and GLAD on a
larger set of data and characterize their behavior based on
the type of task, number of judgments on each item, and
the number of allowable labels.

References

Dawid, A. P., & Skene, A. M. (1979). Maximum likelihood esti-
mation of observer error-rates using the EM algorithm. Applied
Statistics, 20-28.

Smyth, Padhraic, et al. "Inferring ground truth from subjective
labelling of venus images." Advances in neural information pro-
cessing systems (1995): 1085-1092.

Whitehill, J., Wu, T. F., Bergsma, J., Movellan, J. R., & Ruvolo,
P. L. (2009). Whose vote should count more: Optimal integration
of labels from labelers of unknown expertise. In Advances in neu-
ral information processing systems (pp. 2035-2043).

Manning, C. D., Raghavan, P., & Schiitze, H. (2008). In-
troduction to information retrieval (Vol. 1). Cambridge:
Cambridge University Press.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice




