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Abstract

Crowdsourced annotators and Large Language
Models (LLMs) offer complementary, cost-
effective ways to obtain labeled data, yet en-
suring high label quality remains challenging.
We observe that task features influence the ac-
curacy of humans and LLMs, while real-world
constraints, such as per-annotator assignment
limits, further complicate allocation. Prior
work typically addresses either task features
or constraints, but not both. We present an inte-
grated framework that (i) estimates per-task ac-
curacy from task features using a learning from
crowds model and (ii) incorporates these esti-
mations into a linear programming formulation
that assigns tasks under practical constraints.
Experimental results demonstrate that the pro-
posed method achieves accuracy comparable to
that of baseline methods while satisfying given
constraints.1

1 Introduction

Labeled data is indispensable for training and eval-
uating NLP models. Obtaining such data remains
labor-intensive and time-consuming. To scale an-
notation, researchers rely on two sources: crowd-
sourced human annotators and Large Language
Models (LLMs) (Brown et al., 2020; Touvron et al.,
2023). Crowdsourcing provides a cost-effective
way to engage diverse workers, while recent studies
show that LLMs can generate high-quality labels
for various tasks (Kim et al., 2024; Pavlovic and
Poesio, 2024; Dai et al., 2023; Ding et al., 2023).

Human annotators from crowdsourcing and
LLMs have their own strengths and weaknesses.
Although LLMs can achieve human-level perfor-
mance at a lower cost (Ding et al., 2023), they
are prone to errors on tasks that require nuanced,
domain-specific judgments, such as identifying dis-
crimination or subtle social biases (Felkner et al.,

1Source code is available at https://github.com/
babalablab/task-assignment

2024), or labeling data for computational social sci-
ence (Zhu et al., 2023; Ziems et al., 2024). In con-
trast, human annotators perform well within their
expertise but struggle outside it, sometimes making
trivial mistakes when commonsense is lacking.

Given these complementary strengths, hu-
man–LLM collaborative annotation can increase
annotation accuracy. To determine who annotates
which task, prediction of the annotator’s strengths
is required. We refer to this prediction as annotator
modeling. In addition, assignment constraints exist
in practice, such as per-annotator assignment limits.
By integrating prediction of annotator strength and
assignment constraints, we obtain annotations that
are simultaneously efficient and accurate.

Existing studies address either annotator mod-
eling or constraints. Various methods have been
proposed for annotator modeling. For example,
Learning to Defer (Mozannar and Sontag, 2020)
uses a neural network and iCrowd (Fan et al., 2015)
uses a similarity graph of task features. These meth-
ods cannot handle assignment constraints because
they assign tasks to the annotator estimated to be
the most accurate. In contrast, assignment methods
that consider constraints utilize historical annota-
tion accuracy. They address the assignment prob-
lem using various algorithms, such as linear pro-
gramming (Dickerson et al., 2018). These methods
preserve constraints; however, they do not consider
the relationship between tasks and annotators.

In this paper, we propose to integrate annota-
tor modeling into annotation task assignment with
constraints. We apply confusion matrix-based ap-
proaches (Rodrigues and Pereira, 2017) for anno-
tator modeling. This approach models the annota-
tion process for each annotator using a linear layer
called confusion matrix. We focus on the proba-
bilistic interpretation of this approach to estimate
annotation accuracy. For new tasks, our method
(1) estimates annotation accuracy for all annotators,
(2) builds a bipartite graph between annotators and
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tasks, weighted by the estimated accuracy, and (3)
assigns tasks using linear programming to satisfy
all constraints.

For evaluation, we created an annotated dataset
called TweetEval-Annotated (TE-A)2 from the
emoji classification task (Mohammad et al., 2018)
in TweetEval (Barbieri et al., 2020) because exist-
ing datasets are not suitable for evaluation. Anno-
tations are collected from crowdsourced annotators
and an LLM. The evaluation is conducted with
three practical experimental settings and two con-
straints. The first setting assumes a large amount
of data and annotation, the second setting changes
the amount of data, and the third setting varies the
annotation rate. We set a maximum-assignment
constraint and a cost constraint in our experiments.
In most experimental settings, our method achieves
accuracy comparable to baseline methods under
given constraints regardless of data amount and
annotation sparsity. Results show the effectiveness
of combining annotator modeling and task assign-
ment. Moreover, an experiment on the large-scale
synthetic dataset shows that the runtime of linear
programming is within an acceptable range.

Our contributions are summarized as follows:

• We introduce annotator modeling into annota-
tion task assignment with constraints to cap-
ture the strengths of different annotators (e.g.,
humans and LLMs) for specific tasks.

• We propose a framework that combines anno-
tator modeling with task assignment strategies,
estimating each annotator’s confusion matrix
and using it to calculate accuracy.

• We created and released a real-world dataset
to simulate the task assignment scenario. Ex-
perimental results with LLM and human anno-
tators demonstrate that our method achieves
competitive accuracy compared to baseline
methods without violating constraints.

2 Related Work

2.1 Task Assignment in Crowdsourcing

Crowdsourcing enables the annotation of large-
scale data with low cost and high efficiency. Task
assignment is a key problem in crowdsourcing for
the quality of the annotations. The objectives of
this problem are varied, such as to find reliable

2The dataset is available at https://huggingface.co/
datasets/keimoriyama/TweetEval_Annotated

annotators (Joglekar et al., 2015; Qiu et al., 2016;
Miao et al., 2020), and minimize the cost to achieve
the target accuracy (Ho et al., 2013; Tu et al., 2019;
Ho and Vaughan, 2021). The gold standard test,
which collects the annotation for a small subset
of data with known correct labels, is often used
to estimate workers’ abilities (Khan and Garcia-
Molina, 2017; Zheng et al., 2015). Constraints are
introduced not only to meet the objective, but also
to reflect the problem settings (Zheng et al., 2015;
Dickerson et al., 2018; Miao et al., 2020; Bhatti
et al., 2021). Several algorithms, such as dynamic
programming and linear programming, are utilized
to assign tasks while satisfying constraints (Chen
et al., 2013; Mo et al., 2013; Ho et al., 2013).

These methods are less focused on the estimation
of the worker’s ability. We address this gap by
using learning from crowds (Raykar et al., 2010;
Rodrigues and Pereira, 2017; Tanno et al., 2019;
Chu et al., 2021) to estimate the ability of workers.

2.2 Collaboration of Human and Machine
Learning Models

LLMs have shown impressive performance in a
wide range of NLP tasks. In the context of anno-
tation, leveraging LLMs can enhance annotation
quality while reducing costs (Wang et al., 2021;
Ding et al., 2023; Uchendu et al., 2023; Rastogi
et al., 2023; Kim et al., 2024; Sharma et al., 2024;
Wang et al., 2024). Their capability for annota-
tion support has been confirmed in many problem
settings, such as NLI (Liu et al., 2022), speech
processing (Jahan et al., 2024), and thematic analy-
sis (Dai et al., 2023).

Collaboration between humans and machine
learning models has been explored in the classifi-
cation problem in safety-critical scenarios (Madras
et al., 2017). To ensure safety, some studies pro-
posed training models to defer its prediction to
humans when models have low confidence (Mozan-
nar and Sontag, 2020; Verma and Nalisnick, 2022;
Hemmer et al., 2022; Narasimhan et al., 2022; Cao
et al., 2024; Wei et al., 2024).

3 Problem Setting

We address the problem of assigning unannotated
tasks T̂ = {t̂1, . . . , t̂N ′} to annotators R =
{r1, . . . , rR} while satisfying specific constraints.
Let N ′ and R be the number of unannotated tasks
and annotators, respectively. Fig.1 provides an
overview of the problem setting, where the con-
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Figure 1: Overview of our problem setting with
maximum-assignment constraints. The assignment
model receives the set of annotation tasks and the con-
straints (upper box). For each task, the assignment
model selects an annotator who can provide the correct
annotation without violating the constraint (lower box).

straint limits the maximum number of assignments
per annotator. Eq.(1) formalizes this constraint.

N ′∑

i=1

eij ≤ Nj ∀j ∈ {1, . . . , R} (1)

where Nj is the maximum number of assignments
allowed for rj , and eij is the indicator variable that
equals 1 if task t̂i is assigned to rj , and 0 otherwise.

Past annotations from each annotator are pro-
vided to estimate the annotator’s expertise. Let
{(xi, yi, ŷi)}Ni=1 be the dataset, where N is the
number of the training dataset, xi is the feature
representation of i-th task, yi is its ground truth,
which belongs to one of C classes. Each task is
annotated by up to R annotators, and their annota-
tions are represented as ŷi = {ŷij}Rj=1. Since not
all annotators necessarily label every task, an addi-
tional label is introduced to indicate cases where
annotation is not provided. If an annotator provides
a label, it is represented as a class c ∈ {1, . . . , C};
otherwise, it is assigned −1 to indicate the absence
of an annotation.

The assignment model estimates the annotation
characteristics from past annotations. It receives
unannotated tasks and constraints, then assigns
tasks to annotators while satisfying the constraints.

4 Method

4.1 Overview of the Assignment Strategy

We treat the task assignment problem as a con-
strained matching problem on a weighted bipartite
graph (T̂ ∪R, E), where E is a set of indicators eij .
This graph has a weight wij representing the accu-
racy of the j-th annotator for the i-th task. Fig.2
shows the overview of our method.

Our method assigns tasks to annotators using
linear programming. Task assignment with con-
straints is known to be NP-hard (Miao et al., 2020;
Fan et al., 2015). Linear programming is com-
monly used to find a feasible solution (Bhatti et al.,
2021; Dickerson et al., 2018). Additionally, this
approach allows us to specify various constraints
related to task assignment.

The objective function of our method aims to
find values of eij that maximize the sum of esti-
mated assignment accuracy. The assignment by lin-
ear programming is formulated as shown in Eq.(2).

maximize
N ′∑

i=1

R∑

j=1

wijeij

s.t. Const(E) ≤ A

(2)

where Const(E) is a function for the constraint
calculation and A is the set of constraints.

4.2 Estimation of Annotation Accuracy

To find the optimal solution in Eq.(2), it is neces-
sary to estimate the accuracy for the given task.
We use CrowdLayer (CL) (Rodrigues and Pereira,
2017) to estimate annotation accuracy. CL is a
method to train the classifier directly from annota-
tions, rather than using ground truth. It introduces
a linear layer called confusion matrix, which maps
the classifier’s output to the annotation distribution.
Confusion matrices absorb noise in the annotations
during backpropagation and propagate the infor-
mation about ground truth to the classifier. Eq.(3)
shows the annotation distribution of the j-th anno-
tator.

p(ŷij |xi) = W jfθ(xi) (3)

fθ(xi) is the classifier parameterized by θ, and W j

is the confusion matrix for the j-th annotator.
The parameters of the confusion matrix can be

considered as the probability of the annotation
given the ground truth label. Therefore, the cal-
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Figure 2: Overview of our method. First, our method estimates the accuracy of the annotators (left square). Second,
we assign tasks using the bipartite graph weighted by the estimated accuracy (right square).

culation of Eq.(3) can be interpreted as Eq.(4):

p(ŷij = k|xi) =

C∑

l=1

W j
klfθ(xi)l

=
C∑

l=1

p(ŷij = k|yi = l,xi)p(yi = l|xi) (4)

where fθ(xi)l is the l-th value of fθ(xi). Eq.(4)
indicates that the (k, l)-th element of the confusion
matrix represents the probability that the annotation
is k given the ground truth label is l.

The confusion matrices of all annotators W =
{W j}Rj=1 and the classifier fθ(xi) are trained us-
ing the loss function shown in Eq.(5).

Lconf(θ,W ) =

− 1

N

N∑

i=1

R∑

j=1

C∑

k=1

1[ŷij = k] log p(ŷij = k|xi)

(5)

where 1[·] is an indicator function.
We use the agreement rate between the annota-

tion and the ground truth label as the edge weight
of the bipartite graph. The calculation of the agree-
ment rate is shown in Eq.(6).

p(ŷij = yi|xi)

=

C∑

k=1

p(ŷij = k|yi = k,xi)p(yi = k|xi)

=
C∑

k=1

W j
kkfθ(xi)k (6)

Finally, Eq.(7) shows the loss function to train
the classifier and the confusion matrix.

L(θ,W ) = Lcls(θ) + αLconf(θ,W ) (7)

Experimental Settings
Case 1 Case 2 Case 3

Data Full Sampled Full
Annotation Large Large Partial

Table 1: Overview of experimental settings. The first
row indicates the number of annotated data, Full uses
all data and Sampled uses partial data for the accuracy
estimation. The second row indicates the given annota-
tions: Large denotes that all data are annotated, while
Partial denotes that the data are randomly annotated.

where α is a hyperparameter that balances the two
losses. Since the ground truth label is available
in the problem setting, we use cross-entropy loss
Lcls(θ) as the additional loss function.

5 Experiment

5.1 Experimental Settings

We evaluated our method in the following three
practical settings. The differences in the experi-
mental settings are summarized in Table 1.

Case 1: Full Annotation on Large Dataset
This setting assumes the expansion of an
existing dataset. In this scenario, a large
amount of data and annotations are available
for accuracy estimation. We used the entire
dataset and annotations, without considering
cases where annotations were missing.

Case 2: Full Annotation on Small Dataset
This setting simulates a case where task
assignment is based on the small subset of
data. The sampled dataset is used to estimate
annotation accuracy. Accuracy changes are
evaluated at different sampling rates.
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Case 3: Partial Annotation This setting consid-
ers assigning tasks using partially annotated
data. In crowdsourcing, it is common for
annotators to label only a subset of the data
rather than the entire dataset. To simulate this
situation, partial annotations are provided for
training. We evaluated the accuracy change
based on the annotation rates.

5.2 Evaluation Metrics
The primary evaluation metric is assignment accu-
racy. Eq.(8) shows the calculation of this metric.

1

N ′

N ′∑

i=1

1[y′i = ŷ′ij ]

where j =arg max
k∈{1,...,R}

eik

(8)

where y′i is a ground-truth label of i-th task and
ŷ′ij is an annotation label of j-th annotator. Un-
der the maximum-assignment constraint, we also
evaluate the assignment rate under the specified
limit. Under the cost constraint, violations are as-
sessed using the assignment cost rate. We report
the mean and standard deviation of the accuracy,
and mean constraint violation. In all figures, the er-
ror bar shows the standard deviation. Due to space
limitations, we use the Gini index to visualize the
assignment rate under the maximum-assignment
constraint. The Gini index is a fairness metric, with
higher values indicating greater bias in assignment.
This metric is suitable because the assignment num-
bers for each annotator are set to be nearly equal
under the maximum-assignment constraint.

5.3 Dataset
To evaluate assignment accuracy, annotations from
every annotator are required. Existing datasets can-
not be utilized because they do not satisfy this re-
quirement. Therefore, we created a new dataset
called TweetEval-Annotated (TE-A). This dataset
is created from the emoji prediction task (Moham-
mad et al., 2018) in TweetEval dataset (Barbieri
et al., 2020). This task predicts the emoji that fol-
lows a given text. Since emoji selection reflects
individual preferences, annotations are expected
to vary across annotators. This variability makes
the assignment problem challenging, making it
suitable for evaluation. We selected four labels
( , , , ) for the annotation and randomly sam-
pled 750 texts for each selected class. Annotations
were collected from four human annotators and one

Annotator 1 2 3 4 LLM

Accuracy 0.35 0.33 0.38 0.48 0.44

Table 2: Overall accuracy of each annotator in TE-A.

Methods Constraint Task feature

Random Satisfied ✗

AW Satisfied ✗

iCrowd Not Satisfied ✓
L2D Not Satisfied ✓
Ours Satisfied ✓

Table 3: Summary of differences between baseline meth-
ods and our method. The Constraint column indicates
whether the method ensures that the constraint is sat-
isfied. The Task feature column indicates whether the
method utilizes task features for assignment. ✓ indi-
cates that the method utilizes task features and ✗ indi-
cates that the method does not utilize task features.

LLM. Table 2 shows the accuracy of all annotators.
We use the embedding from BERT (Devlin et al.,
2019) as a task feature.

5.4 Task-Assignment Constraints
We use two types of constraints in our experiments.

Maximum-assignment constraint Eq.(1) formu-
lates this constraint. We set the limit for each
annotator to Nj =

⌈
N ′
R

⌉
, ensuring that the

sum of limits equals the size of the dataset.

Cost constraint Eq.(9) formulates this constraint.

N ′∑

i=1

cjeij ≤ Cj ∀j ∈ {1, . . . , R} (9)

where cj is the assignment cost per task and
Cj is the maximum total cost for the j-th anno-
tator. We derive cj from the actual annotation
cost of each annotator for TE-A.

Eq.(10) shows the one-annotator-per-task con-
straint, which is applied to all experimental settings
and constraints.

R∑

j=1

eij = 1 ∀i ∈ {1, . . . , N ′} (10)

5.5 Baseline Methods
Since this is the first work to introduce annota-
tor modeling into constrained task assignment, we
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Constraint Method Accuracy

Maximum
Assignment
Constraint

Random 0.39 ± 0.01
AW 0.39 ± 0.02

iCrowd 0.47 ± 0.03
L2D 0.48 ± 0.03
Ours 0.42 ± 0.02

Cost
Constraint

Random 0.39 ± 0.02
AW 0.44 ± 0.02

iCrowd 0.47 ± 0.03
L2D 0.48 ± 0.03
Ours 0.45 ± 0.03

Table 4: Assignment accuracy of Case 1 in TE-A. Bold
indicates the highest accuracy.

compared our method with two heuristic weighting
methods for a bipartite graph, as well as two task
assignment methods that use task features but do
not consider constraints. Table 3 summarizes differ-
ences between baseline methods and our method.

Random This method assigns tasks randomly,
while ensuring the constraints. We report the
mean accuracy over multiple assignments.

Accuracy Weighting (AW) This method weights
a bipartite graph with the accuracy of past an-
notations and then assigns tasks by optimizing
the objective in Eq.(2) using linear program-
ming, subject to the constraints.

Learning to Defer (L2D) This is a method to im-
prove human-AI performance in classification
tasks by jointly training a classifier and a re-
jector (Mozannar and Sontag, 2020). We im-
plement the rejector, which predicts the confi-
dence of the annotator, as a baseline. Rejector
assigns tasks to an annotator whose estimated
confidence is the highest.

iCrowd This method estimates the accuracy of the
annotator based on a similarity graph (Fan
et al., 2015). The graph has an edge between
task vertices, when their similarity exceeds a
threshold. Tasks are assigned to an annotator
whose estimated accuracy is the highest.

6 Results

6.1 Case 1: Full Annotation on Large Dataset

Table 4 shows assignment accuracy under the
maximum-assignment and cost constraints. The

Maximum-Assignment Constraint

Annotator iCrowd L2D Ours

1 0.218 0.000 1.000
2 0.022 0.000 1.000
3 0.051 0.000 1.000
4 4.147 5.000 1.000

LLM 0.562 0.000 1.000

Cost Constraint

1 0.194 0.000 0.940
2 0.028 0.000 0.198
3 0.066 0.000 0.086
4 5.474 6.600 1.000

LLM 0.100 0.000 0.528

Table 5: Assignment rate (%) in the maximum assign-
ment and assignment cost rate (%) in the cost constraint
in Case 1. Bold indicates the constraint violation

accuracy of L2D and iCrowd is equal in the two
constraint settings because we use the same data for
training and testing. Table 5 shows the evaluation
of constraint violations. These results show that our
method achieves comparable accuracy to baseline
methods under given constraints. In both constraint
settings, the accuracy of our method is second to
L2D or iCrowd and better than AW. For constraint
evaluation, our method has no constraint violations,
unlike iCrowd and L2D. Baseline methods tend to
assign many tasks to the fourth annotator whose
accuracy in the training dataset is higher than other
annotators. These methods are prone to assigning
high-performance annotators.

The combination of annotator modeling and lin-
ear programming is effective in the constrained task
assignment problem. In this problem setting, as-
signment becomes biased when estimated accuracy
is directly applied, as shown in L2D and iCrowd.
Using the accuracy of past annotations as the edge
weights is insufficient to achieve accurate assign-
ment, as shown by the AW results. Our method
reduces the assignment bias by utilizing the esti-
mated accuracy as the weights on the edges of the
bipartite graph between tasks and annotators.

6.2 Case 2: Full Annotation on Small Dataset
Fig.3 shows the accuracy change under the
maximum-assignment and cost constraints. The
change of the Gini index is in Fig.4. The accuracy
of our method is better than that of heuristic meth-
ods and comparable to iCrowd and L2D without
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Figure 4: Change in the Gini index under the maximum-
assignment constraint in Case 2.

violating the constraints.
Although iCrowd and L2D show higher accuracy

than our method, their Gini index is also higher.
Moreover, the Gini index of baseline methods in-
creases as the amount of training data increases.
As the availability of training data improves the
accuracy estimation of these methods, it conse-
quently amplifies bias in their assignments. Our
method shows comparable accuracy to baseline
methods under the constraint regardless of dataset
size. In addition, the standard deviation of accu-
racy is lower than that of baseline methods across
all sampling rates under both constraints. These
results demonstrate that our approach effectively
balances accuracy and constraints, providing a ro-
bust assignment across varying data scales.

6.3 Case 3: Partial Annotation

Fig.5 shows the accuracy change with the anno-
tation rate for both constraints and Fig.6 presents
the Gini index. Under both constraints, our method
outperforms heuristic methods and achieves compa-
rable performance to iCrowd and L2D. Notably, at
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Figure 5: Accuracy change in Case 3 for both constraint
settings and datasets.
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Figure 6: Change in the Gini index under the maximum-
assignment constraint in Case 3.

low annotation rates, its accuracy remains competi-
tive. Although iCrowd and L2D show higher accu-
racy, their assignments have significant constraint
violations. This result shows that our method
achieves better assignment under given constraints
and learns better weights for the bipartite graph
regardless of assignment rate.

Annotator modeling using CL is particularly ef-
fective when annotations in the training dataset are
sparse. The loss function of CL utilizes informa-
tion from both the ground truth and the annotation
labels, separately. In contrast, baseline methods
rely solely on whether each annotation matches the
ground truth. When annotations from a specific
annotator or ground-truth labels are missing, these
methods cannot utilize the corresponding informa-
tion. In such cases, our method can leverage either
ground truth or annotation information. This dif-
ference makes our method effective under sparse
annotation settings.
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6.4 Running Time of Linear Programming

Because our method relies on linear programming,
a natural question is whether it remains computa-
tionally practical on large-scale datasets. To inves-
tigate this, we constructed an artificial dataset and
prepared ten artificial annotators. The dataset con-
sists of two-dimensional points classified into three
classes. The annotation accuracy of annotators is
determined by the ground truth. Each annotator are
proficient in one class and less accurate in others.
Details of the dataset and annotators are provided
in Appendix B. The other experimental settings,
such as constraints, are the same as Case 1.

We measured the computational time required
to solve the linear programming problem.3 The
evaluation was performed with test datasets of sizes
10k, 30k, 50k, and 100k instances. We report the
mean and standard deviation of the running time
across five different random seeds.

Table 6 presents the runtime of linear program-
ming. For both constraint settings, the runtime
remains low when the dataset size is 10k. However,
when the dataset sizes exceed 30k, the runtime in-
creases. In the 30k setting, the average runtime is
approximately one minute, and in the 100k setting,
it is about five minutes.

Although assignment takes longer when the
dataset is large, runtime remains within an accept-
able range. The task assignment problem is a part
of annotation preprocessing. It takes several days to
complete data annotation on a crowdsourcing plat-
form. Our method receives datasets and constraints
from the user and assigns tasks to annotators. Since
the assignment time is only a few minutes, it does
not pose a practical issue in the overall annotation
process.

7 Discussion

The formulation of our method is limited to classi-
fication settings because CL is designed for these
problems. Therefore, our method can be applied
to complex classification problems, such as multi-
label classification. However, it cannot be applied
directly to non-classification tasks, such as regres-
sion or generation tasks. Non-classification tasks
need to be converted into classification problems
to apply our method. One example is an annotation
validation task, which evaluates whether a given
annotation is valid or not. For a regression task,

3We used the time.process_time function in the time
module of Python library.

Constraint Test size Running Time (s)

Maximum
Assignment
Constraint

10k 19.853 ± 0.93
30k 78.338 ± 1.47
50k 138.602 ± 3.26

100k 279.843 ± 6.30

Cost
Constraint

10k 20.709 ± 0.54
30k 79.142 ± 1.67
50k 136.723 ± 1.54

100k 286.547 ± 7.09

Table 6: Mean and standard deviation of the running
time for linear programming (in seconds).

the validation label is set to 1 if an annotation is
sufficiently close to the ground truth value, and 0
otherwise. Similarly, for a generation task, the la-
bel is set to 1 if a sentence satisfies the predefined
annotation criteria, and 0 otherwise. However, the
calculation of Eq.(6) includes the probability of
invalid annotation. The equation needs to be refor-
mulated as follows:

p(ŷj = 1|xi) = W j
11fθ(xi)1 (11)

Our method can be extended to non-classification
tasks by using this value as edge weights in the
bipartite graph.

8 Conclusion

In this paper, we validate the effectiveness of com-
bining annotator modeling and task assignment.
We have introduced confusion matrix-based anno-
tator modeling into task assignment to consider the
relationship between task features and annotations.
To the best of our knowledge, this is the first work
that combines annotator modeling and task assign-
ment. To simulate the real-world crowdsourcing
settings in the experiment, we constructed a dataset
called TE-A. We evaluated accuracy in three ex-
perimental settings and assignment runtime. For
all experimental settings, our method reduces the
accuracy gap to baseline methods. The running
time of linear programming is modest on the large-
scale dataset. In summary, our method achieves
competitive assignment accuracy with a practical
runtime, even in large-scale settings.

9 Limitations

Our research has several limitations. The first limi-
tation is that each task is assigned to a single anno-
tator in our experiments. It is common for one task
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to be assigned to multiple annotators since majority
voting is often used in crowdsourcing to improve
annotation reliability. We acknowledge that the ef-
fectiveness of our method remains unclear in such
scenarios.

Second, the running time depends on constraints
and computational resources. The set of feasible
solutions is a key factor in determining the runtime
of linear programming. If we apply additional con-
straints that leave a large feasible set, the effect
of such constraints on the running time is unclear.
When the same experiment runs on less powerful
hardware, the running time may be longer. The
computational resources used in our experiment
are provided in Appendix C.
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A Annotation Process of TE-A dataset

For LLM annotation, we used Llama-3.1-8B-
Instruct (Touvron et al., 2023)4. The prompt con-
tains few-shot demonstrations for each category, as
shown in Fig.7. Table 7 shows the amount of the
dataset in the TE-A dataset.

4https://huggingface.co/meta-llama/
Meta-Llama-3.1-8B-Instruct

Predict the emoji that follows the given text.
The list of emoji is " ", " ", " " and " ".
Your answer should be 0 if the following emoji
is " ", 1 if the following emoji is " ", 2
if the following emoji is " ", and 3 if the
following emoji is " ".
These are examples of the given text and an-
swer.
Text: The powerful track "Black Friday" by
Kendrick Lamar
Answer: 0
Text: My weekend adventures. Check out
more pics from this shoot at @user! #canon
#photojunkie
Answer: 1
Text: Star Wars: The Force Awakens with the
fam. Loved it! #starwars #episodevii #movies
#family
Answer: 2
Text: A magical night with moonlight dancing.
Life is good.
Answer: 3
Now, answer the emoji that follows the given
text.
Text: ${target_text}
Emoji:

Figure 7: Prompt for the annotation of TweetEval
dataset. ${target_text} is placeholder that is replaced to
the annotation text.

B Generation Details of Artificial Dataset

Points used in our experiments are generated using
Eq.(12).





x = r sin(θ)

y = r cos(θ)

θ = 4j + 4r + ϵ j ∈ {0, · · · , C}
r = i/Np i ∈ {0, · · · , Np}

(12)

where Np indicates the number of points per class.
We set ϵ = 0.7, the number of classes to C = 3.
Fig.8 shows an example distribution of artificial
data.

Additionally, we generated artificial annotations
based on the ground truth label. We assume each
annotator has a consistent annotation strength. Fol-
lowing this assumption, we set a single annotation
strength for each annotator. We set annotation ac-
curacy for the proficient class to 0.9 and that for
the other classes to 0.1.
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Figure 8: Example of the data distribution in the artifi-
cial dataset.

Train (N ) Validation Test (N ′)

2,100 450 450

Table 7: Amount of training, validation, and test data of
TE-A.

C Hyperparameter

The annotation accuracy of the TE-A dataset is pro-
vided in Table 8. These tables show that annotators
have their own strengths and weaknesses for spe-
cific categories. Table 7 provides the split of this
dataset. We divided 70% of the data into training
and 25% of the data into validation and testing in
TE-A datasets.

Table 9 shows the hyperparameters of the artifi-
cial dataset and TweetEval-Annotated dataset. We
used the same hyperparameters in all experimental
settings. We used Adam (Kingma and Ba, 2015)
optimizer for the training of our method and L2D.
The computational resource in our experiment was
an NVIDIA-A100 with 8GB memory. The system
has 120 GB of RAM and a clock speed of 3 GHz.

D Assignment rate for each annotator
under the maximum-assignment
constraint

D.1 Case 2

Fig.9 shows the assignment rate for each annotator
in Case 2 in the TE-A dataset.

Assignments by baseline methods are influenced
by differences in annotation accuracy regardless of
sampling rate. In the TE-A dataset, the assignment
is biased to the fourth annotator. As shown in Ta-
ble 2, the accuracy of the fourth annotator is the

emoji 1 2 3 4 LLM

0.09 0.26 0.14 0.37 0.14
0.60 0.37 0.38 0.65 0.37
0.50 0.30 0.46 0.27 0.65
0.23 0.41 0.52 0.64 0.58

Table 8: Accuracy of the all category by each annotator
in TweetEval-Annotated dataset.

Hyperparameter Artificial TE-A

α in Eq.(7) 0.01 0.01
Hidden dimension of MLP 4 8

Layer of MLP 3 2
Learning rate 0.01 0.005
Weight decay 0.005 0.005

Training epoch 100 150
Batch size 1024 32

Table 9: Hyperparameters in our experiment. In all
settings, we used the same hyperparameters.

highest among the annotators in the TE-A dataset.
This result highlights that accuracy is an important
factor for baseline methods. Linear programming
is a simple and effective solution to deal with this
problem.

D.2 Case 3

Fig.10 shows the assignment rate for each annota-
tor in the TE-A dataset in Case 3. In Case 3, the
assignment tendency is similar to that of Case 2. In
this case, the assignment of L2D has high variance
in most assignment rates. This result highlights the
instability of L2D in this experimental setting.

E Assignment cost rate under the cost
constraint in Case 2 and Case 3

We visualized assignment cost rate for each anno-
tator to evaluate constraint violation by baselines
and our method.

Fig.11 and Fig.12 show the assignment cost rate
for all annotators in the TE-A dataset in Case 2
and Case 3, respectively. The dashed line in these
figures shows the maximum cost rate.

These figures show that baseline methods have
significant assignment bias regardless of experi-
mental case. In the TE-A dataset, many tasks are
assigned to the fourth annotator.
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Figure 9: Assignment rate for each annotator in TE-A dataset under the assigment constraint in Case 2.
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Figure 10: Assignment rate for each annotator in TE-A dataset under the assigment constraint in Case 3.
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Figure 11: Assignment cost rate for each annotator in TE-A dataset under the cost constraint in Case 2.
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Figure 12: Assignment cost rate for each annotator in TE-A dataset under the cost constraint in Case 3.
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F Implementation Details of the Baseline
Methods

F.1 Details of L2D
We provide the implementation details of the base-
line method L2D. In this method, we implement
a rejector that estimates the confidence of the an-
notator. Let fθ be the rejector parameterized by θ.
Eq.(13) is the loss function for training the rejector.

L(θ) = − 1

N

N∑

i=1

R∑

j=1

αj1[yi = ŷij ]fθ(xi)j (13)

where the αj is a hyperparameter that controls the
assignment priority of the annotator rj and fθ(xi)j
is the j-th output of the rejector.

This loss function corresponds to the multi-label
classification problem, where the target label is
set to 1 if the annotation from the annotator rj is
correct. Therefore, the output of the rejector can
be interpreted as p(yi = ŷij |xi). The assignment
of xi is determined by selecting the most confident
annotator as shown in Eq.(14).

ai = argmaxj∈{0...R}p(yi = ŷij |xi) (14)

where the ai indicates the assigned annotator for xi.
We set αj = 1 for all annotators to ensure equal
task assignment during training.

F.2 Details of iCrowd
We present the implementation details of iCrowd.
iCrowd builds a similarity graph for accuracy esti-
mation. This graph has an edge if the similarity of
the features is larger than the threshold. We set 0.9
as a threshold in all experiments and datasets.

In the TE-A dataset, we used cosine similarity
of text embeddings. For the text embeddings, we
used the output of the last layer corresponding to
the beginning token of BERT5.

G Generative AI Assistance

We used ChatGPT6 and Writefull7 to polish the
sentences of our paper.

5https://huggingface.co/google-bert/
bert-base-uncased

6https://chat.openai.com/
7https://www.writefull.com/

Annotator Cost per task (ci) Total cost (Cj)

1 0.078 8
2 0.067 5
3 0.044 3
4 0.044 3

LLM 0.002 8

Table 10: TweetEval-Anntated cost constraint
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