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Problem Our Approach _____ Resuts

* Crowd-labeling: Non-expert humans » A Bayesian approach to crowd-labeling inspired by IRT.
. . . . Table I. : Synthetic D I -
labeling a large dataset — tedious,  New parameters and refined the usual IRT parameters to fit e e B Dataset A Dataset B
£ : g ve if _ _ eters and estimated parameters for the label- ™™ "o e cmess™ | (0.89, 0.90, 089, 0.95) | (0.98, 0.98, 0.85, 0.80)
Ime-consuming and expensive | the crowd-labeling scenario. e;S,iitFy?’ the fal; °{hpfes°“““gteﬂ‘e lat:lei % [ True Logodds | (207,2.18,2.12,301) | (3.89,3.89,1.74,1.39)
- . . . T ability impact, the other parameters are kept | : -
accomplished by experts alone. « Crowd Labeling Using Bayesian Statistics (CLUBS) fxed that instance diffculty B ~ A0, 2), ——romacd Logrodds | (142,084,142, 249 | (111,0.64,0.00,0.20)
G) ! G) nsance quesion iy § ~ N0,079) | 3 | TR 4 117 T 048,209,099 109
] o L 1)1 < — . 1) __A. _ rue Log- 18, 1.58,4.23, 1. 48,2.09,0.99, 1.
 Crowd-labelers are non-experts =2 multiple labels per Plek|yij = Cky Veys Bi 01, el | = [logit™ " (0i (Ve 7" —Bi))] and prevalence of class y = 0.5. O [ Estimated Log-odds | (242, 1.00,2.00,2.00) | (1.19,1.50, 0.86,151)
instance for quality assurance =2 labels combined to get one where Simulated data:
final label. k class/ categor}.', | L O + Generated using fixed values of
- Many research papers [4,5,8] but still unresolved challenges. yi; : Label provided by labeler j to instance ¢, all the parameters except the
 Challenges: w{) : per-class ability of labeler 7, labeler log-odds T (Table I). Dataset | , | o
= Getting accurate final label when crowd is of P B; : difficulty of instance i, . I5,l(:))0|0 |nst§nc:es, fou; (c):rowd ) xc\:;hod i
, i . . . . abels per instance, 20 expert- ' '
v E heter_og_eneous quality. d; : clarity of question asked about instance ¢, abel dp' t P D &S 086 | 0.79
¢ ldentifying best ways to evaluate labelers. .. : prevalence of class c abeled Instances. EM | 0.77 | 0.76
= Choosing per-class labeler ability or over all labeler Ck ' * Accuracy (Table I1.) ?dl;%nﬁf:nifgr)) 082 | 083
ability. - Parameters estimation: RTE dataset: KOS 0.75 | 0.76
* Can quantifying prevalence of the class and/or Clg ity = Since true labels are unknown, expert-labeled instances - Five crowd labels per Our approach 089 | 0%
of a labeling task/question [9] improve accuracy? (ground truth) used for a small percentage of data instance, 20 expert-labeled  Table II. : Performance on Synthetic Data. Each
(usually 0.1% -1 O%) for parameter estimation. Instances. dataset consists of 5,000 instances labeled by four
. » Estimated parameters used for aggregation of multiple  Labeler error rate (Table Ill) labelers. Ground truth for 20 instances was taken as
Our HVpOthESlS - expert-labels
_ . crowd- labels for the rest of the dataset with no ground * Accuracy (Table IV.) |
’ Crowd-labelmg = Test takmg' N truth available. Table III. : Labeler performance for RTE Data.
* |[tem Besponse Theory (|RT) [12] used to model student ablllty m D|ff|Cu|ty (BI) and discrimination level (6|) of the instances e 'g Labeler O in 13 4 s
(e.8., in GRE and GMAT.) without expert-labels are calculated as follows: % Error
. IRT model: , ; Overall 19.60 | 5228 | 47.71 | 50.32 | 53.59
e B; ~ normal(mean.estimated-beta, sd.estimated-beta) Class] 17.10 | 65.78 | 78.94 | 81.57 | 77.63
e 3 al timated-delta. sd.estimated-delta) Class 2 2207 | 38.96 | 16.88 | 19.48 | 29.87
L ;. ~ Nnormai(mean.cstumatca-acita, Sa.csuumatca-ac
P[A;|a;, 63, 8;] = [logit™ (6;(c; — ;)] { z
VERRE J i Table IV. : Accuracy of final label for RTE Data.
L  Label aggregation: s
A; : Correct answer to question ¢, ) Method ——_ | LI-L5 | L1-L4 | LI-L3 | LI-L2 | L2-L5 | L2-L4 | [2-L3
o : ability of student j, Final label = F; = &gn[Z(P Ck|Yi; = € Yer» Bis 05, 5| % 135 )] MV 055 | 052 | 061 | 057 | 047 | 050 | 050
. . . L : D &S 041 | 046 | 047 | 080 | 046 | 047 | 0.48
fi : difficulty of question 7,  0; : clarity of question ¢ where EM 050 | 049 | 048 | 062 | 050 | 050 | 045
. , _ o A R ()] — Meeie—=1( 58 G)_ A BP (uniform prior) 050 | 050 | 052 | 030 | 049 | 050 | 0.51
* |IRT modelis a compelling framework for crowd labeling. Pleklyij = ¢k Yers Bis 0i, mey’ | = [logit™ (di(vey, +mey’ —Bi))] MF (uniform prior) 050 | 050 | 048 | 059 | 050 | 050 | 051
* Similarity: KOS 050 | 050 | 048 | 080 | 050 | 051 | 048

nd pr ility of correctn f answers. . - .
and probability of correctness of answers  Implementation: Stan programming language [12]. Conclusion
°
Crowd labeling process infers labeler and data instance . State-of-the-art Methods: We compared our method to - " abel  detailed t
ili C : - : o : ° ramework 10r crowd-iapeling wi etalle dramelters.
related parameters, and probability of correctness of Maijority voting, Dawid and Skene [3], Expectation Maximization esults show bett ot b% p P ) ;
- - - ° eSullS SNoOw petter ana stable perrormance wnen compare
labels. (EM), Karger’s lterative method (KOS) [7], Mean Field algorithm ettt oo P P
i . : : O Stale-ot1-the-art.
* Difference: (MF) and Belief Propagation (BP) [10]. Slan 1 . . ¢ od by addi
. : ‘i ° n m I I more 1ine-grain N
* For IRT model correct answers are known. . Datasets: (a) Simulated dataset (b) Recognizing Textual dn (o make our approach more fine-grained by adding
* For crowd labeling ground truth is to be inferred. Entailment (RTE) variability in labeler ability [1,2,13].
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