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Abstract

Quality control is a crucial issue of label data collection by
crowdsourcing. Typically, aggregation methods to redundant
crowd labels are proposed for estimating high-quality labels
from noisy crowd labels. Most of the existing works concen-
trate on the label aggregation for Single Crowd Tasks (SCTs)
which have a single object set with homogeneous question
types. However, it is useful for a requester to combine multi-
ple relevant but different crowd tasks into a Composite Crowd
Task (CCT) which have heterogeneous question types and
(or) multiple object sets for diverse purposes. Instead of the
label aggregation on each crowd task respectively, label ag-
gregation methods by bridging multiple SCTs in CCTs can
potentially improve the label quality of all tasks. In this pa-
per, we propose a general label aggregation approach for such
CCTs by worker ability constraint satisfaction and relaxed
optimization. We collected real crowd datasets of CCTs with
diverse task settings based on heterogeneous question types,
including categorization, pairwise preference comparisons,
and pairwise similarity comparisons. The results demonstrate
that our approach can effectively bridge the worker informa-
tion of CCTs to improve the quality of aggregated labels and
outperforms the baselines proposed for SCTs.

Introduction

Crowdsourcing has been widely used for collecting diverse
label data. The quality of crowd labels is critical due to the
ability or diligence of the crowd workers. One method for
improving label quality is label aggregation, which is pro-
posed for estimating high-quality labels from noisy crowd
labels. Most of the existing works on this topic concentrate
on the homogeneous types of questions for a single set of
objects. For example, for some classification tasks, workers
are asked to provide categorical labels to the objects (Snow
et al. 2008; Whitehill et al. 2009; Venanzi et al. 2014; Li
and de Rijke 2023; Li, Jiang, and Xue 2023; Yang et al.
2024), e.g., which category should be assigned to an object.
For some ranking tasks, workers are asked to provide pair-
wise preference labels, e.g., whether one object is preferred
to another (Bradley and Terry 1952; Chen et al. 2013; Jin
et al. 2020; Liu, Fang, and Lu 2023; Ferrara et al. 2024). For
some clustering and representation learning tasks, workers
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Object Question Type
Set Homogeneous { Q1 } Heterogeneous {Q1, Q2 }
Single {01, 1} @ {{O01, 21}, {01, Q2}}
{01} (SCT) (Our, CCT)
Multiple | @ {{O1,Q1},{02,21}} | ® {{O01,Q1},{02,Q2}}
{O01,05} (Our, CCT) (Our, CCT)

Table 1: Settings of our CCTs. Existing works of SCTs focus
on homogeneous questions to single object sets. We concen-
trate on the cases with multiple object sets or (and) hetero-
geneous question types.

are asked to provide pairwise similarity labels, i.e., whether
two objects are similar or not (Gomes et al. 2011; Yi et al.
2012; Nguyen, Ibrahim, and Fu 2023; Ariu et al. 2024).
There are also methods for triplet similarity labels (van der
Maaten and Weinberger 2012), numerical data (Li et al.
2014), complex data such as bounding boxes and taxonomy
paths (Meir et al. 2024), and so on. When deploying crowd
tasks on the web and gathering labels, typically, a single type
of question is employed, and only one type of label is col-
lected. In this study, we call such crowdsourcing tasks as
Single Crowd Tasks (SCTs).

However, in real applications, it is useful for a requester
to combine multiple relevant but different crowd tasks into
a Composite Crowd Task (CCT) which have heterogeneous
question types and (or) multiple object sets for diverse pur-
poses. We use the categorization task, ranking tasks with
pairwise preference comparisons, and clustering tasks with
pairwise similarity comparisons to raise three examples.
First, Case (I) in Table 1 consists of two tasks with two dif-
ferent question types, Q1 and Qo, for the same object set O .
Table 2 provides an example with the objects, two hetero-
geneous types of pairwise comparison questions and labels,
and aggregated results. Given a pair of opinions from a set of
crowd opinions O collected to solve an issue, a worker can
answer two heterogeneous types of questions: “Which of the
two opinions do you prefer?” (Q;: pairwise preference ) and
“Are two opinions similar or not?” (Qs: pairwise similarity),
rather than only answering single question type. During la-
bel aggregation, one question type and its labels can provide
auxiliary information to another question type and its labels.

Second, Case (2 in Table 1 consists of two tasks with the
same question type, Q1, for two different object sets, O



Objects O :: Crowd Opinions for Solving an Issue. Issue: How to support foreign tourists with language barrier?
o1: Write signs with their explanations in English; o2: Make signs into easily understood logos for foreigners; oz: Develop OCR and translation smartphone app; o4: Provide

information in as many languages as possible; o5: Provide interpreters who are always with them.

Crowd Task 1: Pairwise Preference Comparison Q1
Estimated Ranking

01 »,1 02: worker al prefers 01 t0 02; 02 > 2 03; 03 > ,2 04} 01 > ,1 04; ...
Pairwise preference aggregation result: 01 > o2 > 03 > 04 > 05

Crowd Task 2: Pairwise Similarity Comparison Q2
Estimated Clusters

01 ~,1 02: worker al judges o1 and oz similar; 03 7#,1 04;01 ~,2 03; 02 #, 2 05; ...
Pairwise similarity label aggregation result: 01 ~ 02 ~ 03, 04 ~ 05

Table 2: First example of CCTs: pairwise preference and pairwise similarity comparison tasks for the same object set, Case (D).

Agglomerative AffinityPropagation

2
o

DBSCAN MiniBatchKMeans MeanShift

o1 (MOON: Mo0) o] 1

Spectral Ward

g it

02 (CIRCLE: CI)

03 (CLASS2: CL2)

04 (CLASS3: CL3) 05 (BLOB3: BL3)

Figure 1: Third example of CCTs: categorization and pairwise preference tasks for different object sets, Case 3), Part 1.

Crowd Task 1: Categorization Q1
Object set Oq: {01, 02, 03, 04, 05}
Estimated Category

How many clusters in a point set by checking the original visualization?
yf = 2: worker a® judges o1 having two clusters; yg =2 yé =1 y;‘: =2;..
Categorical label aggregation: y1 = 2;y2 = 2;y3 = 2;y4 = 3;y5 = 3

Crowd Task 2: Pairwise Preference Comparisons Qo
e g1 2 3 4 5 6 7 8
Object set O2: {07, 07, 07, 07, 07,07, 07,07 }

Estimated Ranking

‘Which cluster visualization for point set o1 is better?

3. 5
ol a1 0$: worker a' prefers o to 0$; o} al 03; 0% a2 0% ...

Wi : cons ol 4 7 3 s 5 6 2

Pairwise preference label aggregation: 0] & 07 & 07 > 0] ® 0] > 0] X 0] > 07

Table 3: Third example of CCTs: categorization and pairwise preference tasks for different object sets, Case (3), Part 2.

and O,. For a set of opinions O; for solving the “cheat” is-
sue of “how to effectively prevent students from cheating in
exams” and a set of opinions O for solving the “meeting”
issue of “how to reduce the number of latecomers for team
meetings,” a requester wants to obtain two separate rank-
ing lists on the same type of pairwise preference comparison
question Q; for the “cheat” opinion and “meeting” opinion
sets, respectively. One crowdsourcing HIT with a batch of
opinion pairs can contain two homogeneous types of ques-
tions: “Which of the two opinions do you prefer?” to both
the “cheat” and “meeting” opinion sets, rather than only con-
taining the questions to a single set of opinions. The labels
of one set of objects can provide auxiliary information on
the worker abilities to labels of other set of objects.

Third, for Case 3) in Table 1, Figure 1 and Table 3 provide
an example with a categorization task (“How many clusters
in a point set?”) and pairwise preference comparison tasks
(“Which cluster visualization is better?”).

Instead of the label aggregation on each crowd task re-
spectively, label aggregation methods by bridging the multi-
ple SCTs in CCTs can potentially improve the label quality
of all tasks. CCTs raise a research issue, i.e., how to effec-
tively leverage additional information among SCTs in CCTs
to improve the performance of label aggregation for each
SCT. In this paper, we propose a general label aggregation
approach for CCTs by worker ability constraint satisfaction
and relaxed optimization. We assume that the multiple SCTs
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in CCTs are closely related and have similar difficulties, and
thus the workers have similar abilities on them (this is en-
sured by the CCT design policies introduced in the supple-
mentary material). Our approach has a general formulation
and can utilize diverse backbone label aggregation models
proposed for SCTs. This study is based on heterogeneous
question types, including categorization, pairwise similarity
and preference comparisons. In addition, datasets containing
the composite crowd labels in CCTs are crucial for investi-
gating this topic. Due to the lack of datasets available, we
created novel real crowdsourcing datasets with diverse task
settings, including Cases (), @), and ) in Table 1.

The contributions of this paper are as follows: (1) We pro-
pose a novel label aggregation method that can effectively
leverage the shared information of worker ability in the com-
posite crowd labels of CCTs to improve the quality of esti-
mated labels of SCTs. (2) Each model for SCT from exist-
ing work has its own formulation and may not be compatible
with other models. We reformulate the existing models for
SCTs into backbone models with a unified format so that
they can be merged into a unified CCT model with a multi-
task objective function in our approach. (3) We create real
crowd datasets on CCTs that can be used in the research on
this topic, and utilize them in the experiments to verify our
approach. Our approach can improve performance in scenar-
ios where either when multiple SCTs in a CCT have compa-
rable levels of difficulty, or worker abilities of one SCT in a



CCT can be easily estimated by label aggregation models.

Related Work

We review the existing work on each type of SCT. The ap-
proaches for the categorization task include the expectation-
maximization (EM) algorithm (Dawid and Skene 1979), bi-
partite models (Karger, Oh, and Shah 2011), the maximum
entropy principle (Zhou et al. 2012), and Bayesian inference
(Liu, Peng, and Ihler 2012; Venanzi et al. 2014) to simul-
taneously evaluate worker ability and true answers. More
sophisticated models incorporate task difficulty (Whitehill
et al. 2009), worker-task affinity (Welinder et al. 2010),
and its Bayesian treatments (Wauthier and Jordan 2011;
Bachrach et al. 2012). There are also other recent works, and
we just list some of them (Li and Kashima 2017; Li, Baba,
and Kashima 2018a; Kawase, Kuroki, and Miyauchi 2019;
Li 2019; Li et al. 2020; Li and de Rijke 2023; Li, Jiang, and
Xue 2023; Yang et al. 2024; Li 2024a; Zhang, Jiang, and
Li 2024b,a). Besides answer aggregation approaches, there
is another type of approach that directly trains the classifi-
cation models with the noisy crowd labels (Rodrigues and
Pereira 2018; Li, Sun, and Li 2022).

For the pairwise preference comparison task (Cat-
telan 2012), a typical solution is the Bradley-Terry
model (Bradley and Terry 1952) and its various extensions
or generalizations to diverse settings (Causeur and Husson
2005; Chen and Joachims 2016a,b; Chen et al. 2013; Raman
and Joachims 2014; Li, Baba, and Kashima 2018b; Li 2022;
Jin et al. 2020; Zuo et al. 2020; Zhang, Li, and Kashima
2022; Liu, Fang, and Lu 2023; Ferrara et al. 2024). There
are also other methods, such as matrix completion (Yi et al.
2013; Oh, Thekumparampil, and Xu 2015), and so on.

For the pairwise similarity comparison task, the object
embeddings are learned from high-dimensional feature rep-
resentations or pairwise similarity comparison labels by pre-
serving the neighborhoods or pairwise similarities (Hinton
and Roweis 2002; van der Maaten and Hinton 2008; Gomes
et al. 2011; Yi et al. 2012; Nguyen, Ibrahim, and Fu 2023;
Ariu et al. 2024).

There are also methods for triplet similarity labels
(van der Maaten and Weinberger 2012; Li, Endo, and
Kashima 2021; Lu et al. 2023), numerical data (Li et al.
2014), complex data such as bounding boxes and taxonomy
paths (Meir et al. 2024), text data (Li and Fukumoto 2019;
Li 2020, 2024b), and so on. We share our crowdsourcing
datasets at https://github.com/garfieldpigljy/ljycrowd. Nu-
merous works exist for various SCTs, and while we do not
provide an exhaustive list here, they serve as potential back-
bone models in our approach. To integrate them seamlessly
into our methodology, they need to be adapted into the uni-
fied format with worker ability we introduce, allowing for
their combination into a multi-task objective function.

There are a few existing works titled multiple tasks for
crowds. Zhou, Ying, and He (2019) proposed an optimiza-
tion framework for dual learning from task and worker.
However, it only merged multiple datasets on the homoge-
neous tasks (e.g., text classification on a Computer News
dataset and a Science News dataset are two tasks), and the
worker sets are separate for each task. It does not consider
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our CCTs in which the workers provide labels across tasks.
It also does not consider our Cases (I) and 3 in Table 1 with
heterogeneous tasks.

Label Aggregation for Multi-Crowd-Tasks

In this study, we illustrate CCTs by focusing on the cases
involving two object sets or two question types. Note that
constructing CCTs is not limited to these examples; it is fea-
sible to create CCTs by combining more than two SCTs.

Definitions and Notations

We have three types of SCTs, i.e., categorization, pairwise
preference (ranking), and similarity (clustering) comparison
tasks. We denote the set of objects O = {o;}7; and the
set of crowd workers A = {a'} . We assume that no fea-
ture representations of the objects are available, which is the
common setting for crowdsourced label aggregation.

The goal of the categorization task is to assign categories
to an object set. The crowd labels Y = {y!};; for categories
are collected. The questions for the workers can be: “Which
category should be assigned to an object?” y! = ¢, ¢ € C,
and |C| = K, where C contains the candidate categories. The
outputs are the estimated aggregation labels ) = {7},
from the categorical labels collected.

The goal of the preference task is to obtain a ranking
list reflecting the relative preference among the objects. The
crowd labels P = {péj }i.5.1 of pairwise preference compar-
isons are collected. The binary questions for the workers can
be: “Which of the two objects is preferred to the other one?”
péj 1 if o; is preferred to o; by worker al; otherwise,
pﬁ»j 0. The collected preference labels are aggregated
into a single ranking list through the estimation of statistical
models. The outputs are the preference scores = {w; }7.

The goal of the similarity task is to obtain proximity re-
lations among the objects. The crowd labels S = {s};}; ;.
of pairwise similarity comparisons are collected. The binary
questions for the workers can be “Are these two objects simi-
lar?”. s}, = 1if worker a' judges that o; is similar to o;; oth-

erwise, s ; = 0. The collected similarity labels are first used

to seek for an d-dimensional embedding x; € R? of each ob-
ject o;. The outputs are the embeddings X = {x;} ;. The
embeddings can be utilized for clustering the objects using
any existing clustering algorithm.

Because the number of all candidate object pairs is huge
for both pairwise comparisons, only a small subset of labels
is required; each object pair is annotated by multiple work-
ers; each worker only annotates a small subset. The target is
to obtain accurate ranking and (or) clustering results using a
limited number of pairwise comparison labels.

In addition, for all tasks, worker abilities © = {¢'}m,
are estimated. In our approach, because each worker pro-
vides labels to multiple SCTs, © is used to bridge the in-
formation among multiple SCTs. In summary, for exam-
ples, in Case (D), the input can be {O;,P;,S;} for one
preference task and one similarity task on the same ob-
ject set Oy, the output can be {1, 0q,, X, Ox, }. In Case
@), the input can be {01, Py, O, P2} for two preference



tasks or {O01,81, 02,82} for two similarity tasks on two
different object sets O and Os, and the outputs can be
{Q1,0q,,92,0q,} or {Xi,0x,,Xs,0x,}, respectively.
In Case (), the input and output for a categorization task
and a preference task on two different object sets can be

{01, 1,05, P2} and {)71, Oy,, 82, Oq, }, respectively.

Backbone Models and Reformulations

First, we introduce the backbone models that adapt the ex-
isting label aggregation methods of SCTs for diverse types
of labels. Each of them has its own formulation and may
not be compatible with other methods. Thus, we need to re-
formulate these methods so that the objective functions of
multiple SCTs have unified formats, and can be merged into
a unified CCT model with a multi-task objective function in
our approach. Because our approach bridges the backbone
models of multiple SCTs by the workers who provide labels
to multiple SCTs, worker ability modeling is mandatory in
the selected backbone models.

For the categorization task based on categorical labels,
we utilize one of the most typical label aggregation methods,
GLAD (Whitehill et al. 2009), because it has worker ability
parameters and can be reformulated into our unified formats.
The original GLAD method utilizes an Expectation Maxi-
mization approach (EM) to obtain maximum likelihood es-
timates of the potential parameters, i.e., estimated labels 37,
worker abilities O, and task easiness I' = {~;}7,. We re-
formulate it into one objective function. The probability ¢!
that a worker a' assigns the correct label to an object o;

can be formulated as ¢} = 1/ (1 + (K — 1)6_91%) . We as-

sume that a worker assigns an incorrect answer uniformly
at random. We reformulate the crowd labels y! into a K-
dimensional one-hot binary vector, only one of its elements
is1,y. =(0,...,0,1,0,...,0)T € {0,1}*, and reformu-
late the estimated labels ¢; into a XC-dimensional one-hot bi-
nary vector y, = (0,...,0,1,0,...,0)T € {0,1}F. y!Ty,
can compute the correctness of label y! by worker a' to ob-
ject o;. The objective function based on log-likelihood of the
crowd labels can be reformulated as follows.

Lotaa =) (yﬁi logg; + (1 =" 3;) log (
(1)

il

For the ranking task based on pairwise preference
comparisons, because we need to bridge multiple SCTs by
modeling worker abilities, one typical model is CROWDBT
(Chen et al. 2013), which extends Bradley-Terry (BT) model
(Bradley and Terry 1952) in the crowdsourced setting. The
probability g;; that o; is preferred over o; can be defined
based on the latent variables of the preference scores g¢;;
Pr(o; >~ 0j) = 1/ (1 + exp(—(w; —wj))), and the objec-
tive function of CrowdBT in our formulation is as follows.

Lo ==~ 32 {pl;108 (00 + (1 =001~ ai)))

n.
Pl
Py €Y

1— g
K—1

+(1—p)log (0'(1 = qi3) + (1 = 0)ai) ) } @

A
-2 (log qo: + log qio)-
0, €0
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We modify the original CROWDBT model by incorporating
the term for negative labels into the objective function. The
third term with an auxiliary score wg (wo ¢ €2) is used to
address the scale-invariant problem in the objective function
and make the scores in the objective identifiable. We set A
as a general value, i.e., \y = 1.

There is also a recent model HBTL (Jin et al. 2020), which
extends the BT model by modeling the scale factor of judg-
ment noise for each evaluator that can be regarded as the
individual worker abilities © in our model. The probability
model is ¢}; = 1/ (1 + exp(—0'(w; — w;))) , and objective
function of HBTL is as follows.

1
Lhpt = ——
77’])

lz: {pij logqﬁj+(1—P§j)log(1—Q§j)}- -
vl EP

The model also addresses the identifiable objective problem
of the scores by setting a constraint ) |, ., w; = 0.

For the clustering task based on pairwise similarity
comparisons, we utilize and verify two backbone models
for estimating the object similarities (béj based on embed-
ding X, by using Gaussian kernel and heavy-tailed Student-
t kernel with o degrees of freedom, respectively. We add
worker ability parameters into these SCT models so that they

can be merged into our CCT model.
> —ofd

T [1x: . [Ix;
¢ij = exp 5 0r¢ij =1+

1
Lsim =— — Z {Séj log ¢ﬁj
Tts les

- x;°
Ola

- x|
0[

(C))

@)
A
1 ! s 2
+(1 = 5;) log(1 — ¢3;) } + *ndHXHza

Proposed Label Aggregation Method

The proposed general label aggregation model of a CCT is
based on the backbone models of the SCTs contained in
the CCT. We denote the loss function of a backbone model
as F(W,0), where © contains the parameters related to
worker abilities; W denotes the other parameters in the spe-
cific task, e.g., the object easiness I for a categorization task,
the preference scores €2 for a ranking task, or the embed-
dings X for a clustering task.

To improve label aggregation performance of each SCT
by effectively leveraging the additional information among
multiple SCTs, we consider the overlaps and relations
among the workers for these SCTs. Based on the design poli-
cies of the CCTs, we assume that workers in different SCT's
have similar abilities. When estimating the worker abilities
for an SCT, we can utilize the estimated abilities of the same
workers of another SCT as auxiliary information.

Our idea is represented as a worker ability constraint sat-
isfaction problem to find worker abilities ©! and ©? that
satisfy the following constraint. Here, A; and A, are the
two worker sets for two SCTs; we utilize superscript to the

symbols of parameters for representing the index of a task.
= 92l, Val €A1 NAs.

oLl )



In practice, there might be neither an exact solution nor a
unique solution satisfying Eq. (6). Worker abilities in differ-
ent SCTs are also not exactly the same. Thus, we convert the
constraint to a relaxed optimization problem,

g(et,e?).

arg min
ol e2,alcAainAy

@

where G computes the distances among the abilities of the
same workers in different SCTs. We provide three options.
One is based on the square of Euclidean norm, one uses the
KL-divergence, and one utilizes the L1 norm.

Gewe(01,0%) = [1H(OY) — H(©)]]3. ®

|.A1 ﬂ.A2|
. 1
0',0%) =————  (H(0") log H(0*
Gra( ) |AmA2|( (©7)log H(O7) ©
+ H(0%) log H(OY)).
G (0',0%) = ——||H(8') — H(0%)||1. 10
1 ) \AmA2|H (Ch! (©9) (10)

‘H selects the parameters of the workers who provide la-
bels in both SCTs. There is a risk that the worker ability
constraint becomes harmful when the worker abilities in dif-
ferent SCTs are not consistent. Another option is that, in-
stead of using the constraint based on the distance, we relax
the constraint by the relative order of worker abilities. If a
worker a'' has higher ability than another worker a'? in one
SCT, we impose the constraint that a’* has higher ability
than a'? in another SCT. We implement this idea as another
relaxed constraint.

Grank(©,0%) =

>

ol e2alcAainAy

11y 11y —r (0211 —g2l2)
(Z(0 >60"2)log(l+e ) (11

1 1
F T2 > 0%22) log(1 4 e~ 7O 1012y

where 7 is the indicator function. The constant 7 > 0 con-
trols how strict the constraint is. The computation cost of
Grank 1s higher than the distance based constraints Gy, Gi;
and G;1, but it does not give a significant impact on the scal-
ability of the entire optimization.

We combine this constraint with the models of SCTs, as
a regularization term. When there are two SCTs, the general
formulation of the loss function £ of our model is

L=AFW, e+ FW e? +rge!,e?). (12)

In Case O, W' = Q;, ©! = Qq,, W? X;, and
©? = O, for one preference task and one similarity task
on the same object set. In Case (2), w! =0, 0! = Oq,,
W2 = Q,, and ©2 Oq, for two preference tasks;
W = X, 0! = Ox,, W? = Xy, and ©2 = O, for
two similarity tasks on two different object sets. In Case
@, W1 = {371,1‘1}, @1 = {@3}1,@[‘1}, W2 = QQ, and
©? = O, for one categorization task and one preference
task on two different object sets. All the above objective
functions are convex. The optimal solutions are found by it-
erative updating W and © based on gradients. Furthermore,
the formulations can also be generalized for more than two
tasks, by denoting I/ as the set of SCTs, i.e.,
U]

L= AL +AG(H(O), ..., H(©M)).

u=1

13)

14287

Experiments
Dataset Creation

To investigate the performance of the label aggregation ap-
proaches in the scenario of CCTs, we require real datasets
that contain crowd labels. Thus, we create two groups of real
crowd datasets. The first group has two SCTs with compa-
rable difficulty; the second group has an SCT in which the
worker abilities can be easily estimated by label aggregation
models. We use these two groups to illustrate the proper sce-
narios of our approach.

The first group contains the CCTs with pairwise prefer-
ence and pairwise similarity tasks for Case () and Case 2.
We select two datasets from (Baba, Li, and Kashima 2020),
“cheat” and “meeting” datasets, that contain crowd opinions
for solving real-life issues in society. For example, the is-
sue of the “cheat” dataset is “How to effectively prevent stu-
dents from cheating in exams?” A crowd opinion in the text
can be “use different orders for the problems of different
students.” The issue of the “meeting” dataset is “How can
we reduce the number of latecomers for team meetings?”. A
crowd opinion in the text can be “increase the number of ad-
vance reminders”. We utilize the subsets of crowd opinions
in these two datasets as two object sets.

For fair evaluations, we do not use the crowd pairwise
preference labels in (Baba, Li, and Kashima 2020) and rec-
ollect new pairwise crowd labels for the CCTs using the se-
lected opinion subsets, so that the same workers annotate in
both two SCTs. We collect four crowd datasets. For Case
(D (one preference task and one similarity task on the same
object set), we create dataset @ based on “cheat” opinions
and dataset (6) based on “meeting” opinions. For Case 2
(two preference tasks or two similarity tasks on two differ-
ent object sets), based on two object sets of “cheat” opinions
and “meeting” opinions, we create dataset (C) with two pref-
erence tasks, and dataset () with two similarity tasks. The
examples of labels and descriptions of the preference and
similarity tasks can be found in Table 2 and Section “Defi-
nitions and Notations”. Table 4 shows the datasets statistics.

The second group contains a CCT with one categorization
task and one pairwise preference task on two different object
sets for Case 3). As shown in Figure 1 and Table 3, in Task
1, the original visualization of a point set 0 (MOON:MO))
is shown to a worker and asks the number of the clusters in
o) ; in Task 2, the cluster visualizations generated by differ-
ent clustering methods are shown in a pairwise manner; the
question of pairwise preference comparison is “Which clus-
ter visualization for point set o} is better?” The categoriza-
tion labels of five point sets consist of the data for the cate-
gorization task; the preference labels for one point set con-
sist of the data for one ranking task; the categorization data
(i.e., categorical labels for all Mo, C1, CL2, CL3, and BL3)
and one ranking data (e.g., preference labels for MO) con-
sist of one dataset (e.g., named MO). There are five datasets
in total in this group. Examples of labels and descriptions
of the categorization and preference tasks can be found in
Figure 1, Table 3 and Section “Definitions and Notations.”
Table 7 lists datasets statistics. We share the data and code
at https://github.com/garfieldpigljy/CompositeCrowdTasks.



Datasets

‘|A1‘2|A2‘ O1(|01])  |P1]or|S1] Oz (|02]) |P2]or|Sz]

@ Case (D: One Pairwise Preference Task and One Pairwise Similarity Task
® Case (D: One Pairwise Preference Task and One Pairwise Similarity Task
© Case (@: Two Pairwise Preferences Tasks
@ Case @: Two Pairwise Similarities Tasks

189 cheat (40) 7438 cheat (40) 7438
189 meeting (40) 7424 meeting (40) 7465
99 cheat (26) 3222 meeting (26) 3225
94 cheat (26) 3217 meeting (26) 3219

Table 4: Statistics of the two pairwise comparison dataset group (Case (D) and @). For Case (I), Task 1 is the preference task.

Our CCTs

KL

L1

Rank

0.6932 £ 0.0170*
0.6932 £ 0.0172*
0.6893 £ 0.0180*
0.6894 £ 0.0181*

0.6942 £ 0.0183*
0.6939 £ 0.0184*
0.6895 £ 0.0184*
0.6894 £ 0.0181*

0.6941 £ 0.0178*
0.6945 + 0.0179*
0.6895 £ 0.0180*
0.6893 £ 0.0183*

0.6768 £ 0.0212*
0.6771 £ 0.0205*
0.6710 £ 0.0230*
0.6711 £ 0.0230*

0.6787 £ 0.0223*
0.6778 £ 0.0213*
0.6719 £ 0.0230*
0.6711 £ 0.0230*

0.6772 £ 0.0207*
0.6766 + 0.0206*
0.6709 =+ 0.0229*
0.6711 +£ 0.0230*

0.7025 £ 0.0372*
0.7027 £ 0.0371*
0.6988 £ 0.0363*
0.6988 £ 0.0363*

0.7022 £ 0.0360*
0.7024 £ 0.0347*
0.6991 =+ 0.0352*
0.6985 £ 0.0360*

0.7028 £ 0.0364*
0.7036 £ 0.0372*
0.6998 + 0.0366*
0.6989 + 0.0363*

Baseline

Task 1 Single EUC
@ Case O HBTL 0.6906 £ 0.0180 | 0.6953 + 0.0178*
cheat HBTL 0.6906 £ 0.0180 | 0.6945 + 0.0181*
One Preference | CROWDBT 0.6885 £ 0.0185 | 0.6897 + 0.0183*
One Similarity | CROWDBT 0.6885 + 0.0185 | 0.6892 + 0.0181*
® Case O HBTL 0.6737 £ 0.221 | 0.6772 £ 0.0219*
meeting HBTL 0.6737 £ 0.0221 | 0.6781 + 0.0215*
One Preference | CROWDBT 0.6693 £ 0.0230 | 0.6714 £ 0.0226*
One Similarity | CROWDBT 0.6693 + 0.0230 | 0.6711 + 0.0228*
© Case @ HBTL 0.6953 £ 0.0334 | 0.7027 4= 0.0384*
cheat HBTL 0.6953 £ 0.0334 | 0.7016 £ 0.0358*
meeting CROWDBT 0.6959 =+ 0.0353 | 0.6989 =+ 0.0356*
Two Preference | CROWDBT 0.6959 + 0.0353 | 0.6985 =+ 0.0362*
@ Case @ Student-t  0.5259 4 0.0292 | 0.5333 + 0.0293*
cheat Student-t  0.5259 £ 0.0292 | 0.5343 + 0.0297*
meeting Gaussian  0.5266 % 0.0292 | 0.5340 + 0.0284*
Two Similarity | Gaussian  0.5266 £ 0.0292 | 0.5340 + 0.0287*

0.5319 £ 0.0292*
0.5320 £ 0.0293*
0.5322 £ 0.0287*
0.5322 £ 0.0287*

0.5336 £ 0.0281*
0.5340 £ 0.0293*
0.5338 £ 0.0296*
0.5334 £ 0.0298*

0.5266 £ 0.0292*
0.5330 £ 0.0289*
0.5328 £ 0.0293*
0.5329 £ 0.0291*

Our CCTs

KL

L1

Rank

0.5449 £ 0.0204*
0.5427 £+ 0.0191
0.5455 £ 0.0186*
0.5426 £ 0.0186

0.5453 £ 0.0199*
0.5424 £ 0.0196*
0.5446 £ 0.0187*
0.5429 + 0.0195*

0.5438 £ 0.0201*
0.5426 £ 0.0195*
0.5449 £ 0.0185*
0.5429 + 0.0184*

0.5294 £ 0.0161
0.5288 £ 0.0172
0.5301 £ 0.0149
0.5290 £ 0.0148

0.5294 £ 0.0166
0.5293 £ 0.0167
0.5320 £ 0.0151
0.5286 £ 0.0147

0.5297 £ 0.0157
0.5292 £ 0.0169
0.5304 £ 0.0146
0.5290 £ 0.0148

0.6694 £ 0.0319*
0.6712 £ 0.0296*
0.6693 £ 0.0324*
0.6712 £ 0.0296*

0.6700 £ 0.0342*
0.6712 £ 0.0309*
0.6713 £ 0.0324*
0.6711 £ 0.0298*

0.6686 £ 0.0329*
0.6712 £ 0.0299*
0.6709 £ 0.0324*
0.6712 +£ 0.0296*

Baseline

Task 2 Single EUC
@ Case O Student-t  0.5410 £ 0.0217 | 0.5455 + 0.0202*
cheat Gaussian  0.5406 £ 0.0214 | 0.5425 £+ 0.0197
One Preference | Student-t 0.5410 4 0.0217 | 0.5451 £ 0.0183*
One Similarity | Gaussian 0.5406 £ 0.0214 | 0.5427 4 0.0194
® Case O Student-t  0.5307 £ 0.0154 | 0.5297 £ 0.0165
meeting Gaussian ~ 0.5302 + 0.0151 | 0.5291 4 0.0166
One Preference | Student-t 0.5307 & 0.0154 | 0.5319 4 0.0151
One Similarity | Gaussian  0.5302 &£ 0.0151 | 0.5288 £ 0.0149
© Case @ HBTL 0.6655 £ 0.0320 | 0.6691 + 0.0334*
cheat CROWDBT 0.6678 £ 0.0310 | 0.6718 £ 0.0305*
meeting HBTL 0.6655 £ 0.0320 | 0.6699 + 0.0327*
Two Preference | CROWDBT 0.6678 £ 0.0310 | 0.6711 % 0.0295*
@ Case @ Student-t  0.5458 £ 0.0372 | 0.5507 £ 0.0337*
cheat Gaussian  0.5456 £ 0.0369 | 0.5507 £ 0.0359*
meeting Student-t  0.5458 £ 0.0372 | 0.5524 + 0.0348*
Two Similarity | Gaussian 0.5456 % 0.0369 | 0.5518 + 0.0368*

0.5479 =+ 0.0359*
0.5486 £ 0.0363*
0.5489 £ 0.0352*
0.5492 £ 0.0352

0.5520 £ 0.0355*
0.5513 £ 0.0349*
0.5499 =+ 0.0356*
0.5502 £ 0.0346*

0.5498 =+ 0.0358
0.5494 £ 0.0339
0.5489 £ 0.0364
0.5493 £ 0.0349

Table 5: Main results for the two pairwise comparison dataset group. “*” mark indicates the cases that the our CCT models are
statistically significantly better than the corresponding baseline SCT models in a Wilcoxon signed-rank test (p < 0.05).

Table 6: Main results for the two pairwise comparison dataset group. The format of the results is the same with Table 5.

Experimental Settings

We set common values to the hyperparameters to verify the
capability of our approach without heavy hyperparameter
tuning. Crowdsourcing requesters can thus use our approach
conveniently. The weight hyperparameters in the loss func-

14288

tion Eq.(12) of our approach are setto A' = A2 = X\ = 1.

We utilize the backbone models as the baseline models
of the SCTs, i.e., GLAD for categorization task, CROWDBT
and HBTL for pairwise preference task, and Gaussian ker-
nel and Student-t kernel based models for pairwise similar-



‘MOON CIRCLE CLASS2 CLASS3 BLOB3

|P2| ‘ 381 390 436 327 371

Table 7: Statistics of the categorization and preference
dataset group (Case (3)). For other statistics, |O1] = 5; |.41]
=113; |Y1]| =113; |O2| =8. | A3 = 113.

Baseline Our CCTs
SCTs Euc KL L1 RANK
Mo | 0.435 [0.644 £ 0.127* 0.637 £ 0.130* 0.643 £ 0.127* 0.640 & 0.128*
C1 | 0.364 |0.574 &+ 0.148* 0.580 £ 0.144* 0.586 4 0.142* 0.579 + 0.149*
CL2| 0.261 [0.531 4 0.140* 0.529 &+ 0.130* 0.530 £ 0.136* 0.536 + 0.131*
CL3| 0.462 [0.537 4 0.131* 0.537 + 0.138* 0.534 £ 0.136* 0.535 & 0.137*
BL | 0.455 |0.500 &+ 0.138* 0.496 £ 0.141* 0.502 4 0.133* 0.494 + 0.142*

Table 8: Main results for task 2 of the categorization and
preference dataset group. The category accuracy of Task 1
that is not list in the Table is always perfect (i.e., equal to 1).
“*” mark indicates the cases that our CCT models are sta-
tistically significantly better than the corresponding baseline
SCT models in a Wilcoxon signed-rank test (p < 0.05).

ity task. For the pairwise similarity task, the dimension of
embeddings is assigned to d = 20, the hyperparameters in
Eqgs.(4) and (5) are setto Ay = 0.01, « = d — 1. We evaluate
the approaches on their capability to estimate the pairwise
comparison labels of all object pairs by training the models
with only a small number of labeled object pairs. In detail,
in one experimental trial, we randomly select a subset of all
object pairs for each SCT respectively, with a sampling rate
r = 0.1. We evaluate the average performance of 100 trials.

We use three performance evaluation metrics: category
accuracy, pairwise preference accuracy, and pairwise sim-
ilarity accuracy. The category accuracy is the accuracy of
the estimated labels in the categorization task. The pairwise
preference accuracy is the accuracy of the estimated prefer-
ence. For an object pair o; and oy, if o; is preferred to o;
in the ground truth labels, the estimated preference score
w; should be higher than ;. The pairwise similarity ac-
curacy is the accuracy of the relationships between the es-
timated similarity of two object pairs. Without a similar-
dissimilar threshold, we cannot assign a similarity label to
the estimated similarity 5;;. Instead, for a similar object pair
(04, , 05, ) and a dissimilar object pair (0;,, 0;,) in the ground
truth, if the estimated similarity 3;, ;, is higher than 5;, ;,, we
determine that the relationships between the estimated sim-
ilarities of these two object pairs are correct. The ground
truths of pairwise preference (similarity) labels are obtained
by applying majority voting to all crowd preference (simi-
larity) labels of an object pair in the entire dataset.

Results: Preference and Similarity Datasets

Tables 5 and 6 list the main results for the group of two pair-
wise comparison datasets. Note that because we collect the
datasets for Case (D) and ) separately, the preference (sim-
ilarity) results on the same object set in Table 5 (or 6).(@),
®), (©, and @ are not comparable with each other. Our ap-
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proach statistically significantly outperforms the baselines
in most of the results. It shows that our label aggregation
approach can effectively leverage the additional information
in the labels from CCTs and outperforms the baselines for
the corresponding SCTs. Note that this dataset group is a
combination of two tasks with comparable difficulty. Our
approach is thus proper for this scenario. Furthermore, the
four types of constraints G have comparable results. We do
not exactly have special recommendations from them when
using our approach, but considering the number of times it
can achieve the best results, G, can be selected; consid-
ering the number of times it can reach results better than
the baselines significantly, G;; can be selected; if the worker
abilities on different SCTs are not comparable or a requester
is not so sure about this issue, G4, can be selected.

Results: Categorization and Preference Datasets

For the evaluations in Case (), Table 8 lists the main re-
sults for Task 2 of the categorization and preference dataset
group. The category accuracy of Task 1 is always perfect
because the correct labels as well as worker abilities of this
categorization task are easy to be estimated by the label ag-
gregation model GLAD. In Table 8, our approach promi-
nently improves the pairwise preference accuracy of Task
2. It shows that our approach can effectively enhance the
label aggregation performance by bridging the worker abili-
ties. All four constraints G have comparable results. Our ap-
proach is thus very appropriate for the scenario when worker
abilities of one SCT in a CCT are easy to be estimated by la-
bel aggregation models.

Conclusion

In this paper, in contrast to the traditional SCTs, we propose
a novel paradigm for crowdsourced label collection, i.e.,
CCTs, which is flexible for the requesters to design crowd
tasks. We propose a novel label aggregation method that can
effectively leverage the shared information of worker abil-
ity on the composite crowd labels to improve the quality of
estimated labels. We reformulate existing models into a uni-
fied format so that they can be merged into a unified CCT
model with a multi-task objective function in our approach.
The experimental results demonstrate that our approach can
effectively bridge the worker information of CCTs to im-
prove the quality of aggregated labels and outperform the
baselines proposed for SCTs.

In the experiments, we used the datasets with various
types of data and tasks, including categorical labels, pair-
wise preference comparison labels, and pairwise similarity
comparison labels. We consider the diverse CCT scenarios
including heterogeneous question types and single object
sets (Case (D), homogeneous question types and multiple
object sets (Case (D), and heterogeneous question types and
multiple object sets (Case ), which shows the wide cov-
erage of the CCT scenarios of our work. Our datasets and
experiments provide board testing and verify the generaliz-
ability. In future work, we will consider other domains and
more complex scenarios. The design of CCTs can be free
and more complex.
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