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Abstract—Active learning algorithms automatically identify
the most informative samples from large amounts of unlabeled
data and tremendously reduce human annotation effort in induc-
ing a machine learning model. In a conventional active learning
setup, the labeling oracles are assumed to be infallible, that is,
they always provide correct answers (in terms of class labels)
to the queried unlabeled instances, which cannot be guaranteed
in real-world applications. To this end, a body of research has
focused on the development of active learning algorithms in
the presence of imperfect / noisy oracles. Existing research on
active learning with noisy oracles typically simulate the oracles
using machine learning models; however, real-world situations
are much more challenging, and using ML models to simulate the
annotation patterns may not appropriately capture the nuances
of real-world annotation challenges. In this research, we first
collect annotations of text samples (from 3 benchmark text
classification datasets) from crowd-sourced workers through a
crowd-sourcing platform. We then conduct extensive empirical
studies of 8 commonly used active learning techniques (in
conjunction with deep neural networks) using the obtained
annotations. Our analyses sheds light on the performance of these
techniques under real-world challenges, where annotators can
provide incorrect labels, and can also refuse to provide labels.
We hope this research will provide valuable insights that will be
useful for the deployment of deep active learning systems in real-
world applications. The obtained annotations can be accessed at
https://github.com/varuntotakura/al rcta/.

Index Terms—Active Learning, Crowd-Source annotations,
Text mining

I. INTRODUCTION

The unprecedented growth of digital data in today’s world

has expanded the possibilities of solving a variety of real-world

problems using computational learning frameworks. However,

annotating data with class labels to induce a reliable deep

neural network (DNN) model has remained a fundamental

bottleneck. Active Learning (AL) algorithms alleviate this

challenge by intelligently querying the labels of the most

informative samples [1]. This drastically reduces the human

annotation effort, as only a few unlabeled samples that are

selected by the algorithm need to be labeled by the oracles 1.

This research was supported in part by the National Science Foundation
under Grant Number: 2143424 (NSF CAREER Award)

1we use the terms oracles, labelers, annotators and users interchangeably
in this paper

AL has been extensively studied in text mining [2], computer

vision [3], bioinformatics [4], anomaly detection [5] and a

variety of other applications, with promising empirical results.

Conventional AL algorithms assume that the labeling or-

acles always provide the correct class labels to the queried

unlabeled samples. This assumption may not hold for several

real-world applications, where we usually have multiple label-

ers providing different qualities of annotation. For instance, in

a crowdsourcing platform like the Amazon Mechanical Turk

(AMT), hundreds of annotators are available who provide

varying degrees of noisy annotations. This has motivated the

development of AL algorithms which operate in the presence

of imperfect / noisy annotators [6]–[8]. However, existing

techniques typically simulate the imperfect annotators using

classification models, such as random forests, SVMs etc.

The models are trained on a subset of the training data and

their prediction for a queried unlabeled sample is interpreted

as the response of an imperfect oracle for that unlabeled

sample [6], [9]. Another approach is to cluster the data into

k clusters using the k-means algorithm, and to assume that

each annotator is an expert on a particular cluster, where their

labeling coincides with the ground truth; for samples in other

clusters, they commit a fixed percentage of labeling errors

[10]. While these methods offer a more practical solution to

AL than the conventional assumption of noise-free annotators,

using machine learning algorithms to model the imperfect

annotators may not appropriately capture the nuances of real-

world annotation challenges. Human annotation behavior is

complex, and it may be a challenge to model it using simple

machine learning techniques. Further, AL algorithms are most

relevant in the training of data-hungry deep neural networks

(DNNs), which have depicted commendable performance in a

variety of real-world applications. This necessitates a thorough

validation of AL algorithms, in conjunction with deep neural

networks (deep active learning), using annotations collected

from actual human oracles. In this paper, we attempt to address

this relevant problem. Our contributions in this work can be

summarized as follows:

• We collect crowd-sourced annotations for three bench-



mark text classification datasets through a crowd-sourcing

platform, where annotators can provide incorrect anno-

tations, and can also refuse to provide annotations. The

obtained annotations are made publicly available to foster

further research on this important topic.

• We study the performance of 8 different AL techniques

(conventional, as well as those designed to operate with

imperfect oracles) with DNNs, using the collected anno-

tations. Our analysis provides valuable insights into the

performance of AL algorithms under real-world annota-

tion constraints, which will hopefully be helpful for their

deployment in practical applications.

II. RELATED WORK

We present a brief survey of active learning algorithms in

general, followed by a survey of AL in the presence of noisy

oracles.

Active Learning: Active Learning (AL) is a well-researched

problem in the machine learning literature [1]. With the

popularity of data-hungry deep neural networks, researchers

have studied the problem of deep active learning (DAL), where

the goal is to automatically select the informative samples

for manual annotation and simultaneously learn discriminating

feature representations using a deep neural network [11]–[14].

Common DAL techniques include a task agnostic scheme

which learns a loss prediction function to predict the loss

value of an unlabeled sample and queries samples accordingly

[3], a greedy technique to query a Coreset of samples that

represent the whole dataset [15], a sampling technique based

on diverse gradient embeddings (BADGE) [16], a strategy

based on temporal output discrepancy that queries samples

based on the discrepancy of outputs given by the models at

different optimization steps during training [17] and an AL

framework that queries unlabeled samples that can provide the

most positive influence on model performance [18]. Methods

based on adversarial training have particularly shown promis-

ing performance for deep AL [19]–[21].

AL with Imperfect Oracles: A body of research has focused

on the development of AL algorithms in the presence of noisy

annotators, where the goal is to select informative samples,

as well as the best annotators for labeling them [22]. A few

works have assumed a very simplistic setting, such as a single

oracle which can provide incorrect labels and can also abstain

from labeling [8], or two labeling oracles, one of which always

returns the correct label and the other returns incorrect labels

with a fixed probability [7], [23].

For multiple noisy annotators, a common approach is to use

relabeling, where an actively queried sample is relabeled mul-

tiple times, and the final label is obtained using majority voting

[24]–[26]. Zhao et al. [27] proposed an incremental relabeling

strategy that identified the unlabeled instances that are most

informative to label, and also samples that might benefit from

relabeling, because their initial labels may be incorrect. The

ActiveLab algorithm [28] is also based on a similar rationale,

and balances between relabeling already labeled samples vs.

labeling completely new samples. Another strategy to deal

with multiple imperfect annotators is to estimate the single

best oracle to annotate every queried sample. Yan et al. [10],

[29] proposed a probabilistic multi-labeler model to compute

the accuracy of each labeler and select the most confident

labeler for each queried unlabeled sample. Huang et al. [6]

proposed a cost effective active learning (CEAL) framework

for active sample selection in the presence of multiple noisy

oracles. Chakraborty [9] proposed an LP based formulation to

identify the uncertain and diverse samples for annotation, and

the optimal oracle to annotate each queried sample.

While these methods have depicted promising empirical

results, the imperfect annotators in all these techniques were

simulated using machine learning models, which may not be

able to appropriately capture the complex nature of human

annotation behavior. Yan et al. [10], [29] analyzed the per-

formance of AL algorithms on scientific text data annotated

by human experts. However, their experimental studies have

the following limitations: (i) They only addressed binary

classification problems, whereas real-world datasets typically

involve multiple classes; studying the AL performance on

binary problems may not appropriately reflect the challenges

and complexities associated with multiple noisy annotators,

who may provide incorrect class labels. (ii) They assumed that

an annotator will always provide a label for a queried sam-

ple. Our collected annotations do not make this assumption,

and annotators can even refuse to provide labels to queried

instances, which is a very plausible scenario in real-world

applications. (iii) These methods do not use deep learning.

In today’s deep learning era, a study of AL algorithms with

noisy annotators, in conjunction with deep neural networks, is

necessary, but lacking.

In this paper, we conduct a thorough analysis of the perfor-

mance of different active learning algorithms, in conjunction

with deep neural networks, with crowd-sourced annotations,

on three multi-class textual datasets, where annotators can

provide incorrect annotations and can even refuse to provide

annotations. To the best of our knowledge, this has not been

studied in the literature. We hope the insights gained from this

research will enable AL to reach practical applications.

III. DATASETS AND ANNOTATIONS

Datasets. We used three benchmark text classification datasets

in this research: (i) AG News [30], which is a collection of

news articles with 4 classes: world, sports, business and sci-

ence / technology; (ii) Consumer Complaints 2, which con-

tains complaints received about financial products and services

and consists of 6 classes: debt collection, prepaid card/debit

card, mortgage, checking/savings account, student loan and

vehicle loan/lease; and (iii) Wikipedia Movie Plots3, con-

taining summary descriptions of movie plots scraped from

Wikipedia, with 4 classes (movie genres): drama, comedy,

horror and action.

Annotator Recruitment. We used the Upwork crowd-

sourcing platform (https://www.upwork.com/) due to its wide

2https://catalog.data.gov/dataset/consumer-complaint-database
3https://www.kaggle.com/datasets/jrobischon/wikipedia-movie-plots



global reach and the flexibility it offers in managing project-

based tasks. The job was made publicly available to eligible

workers worldwide, with the condition that they be comfort-

able reading and understanding English, since the textual data

and the instructions were all written in English. Consent was

obtained from each worker to participate in the study. No

information about the identity of the workers was recorded.

Annotation Protocol. We selected 3, 000 samples from each

of the three datasets at random. The workers were provided

with the list of possible classes for each dataset and were asked

to annotate each sample with at most one label category. If

they were unsure about the label of a sample and wanted to

abstain from labeling, they were asked to enter 0 as the label.

After accepting the job, each worker was given 30 days’ time

to submit their annotations. Once a job was submitted by a

worker, we manually checked the file for errors, in particular,

whether each sample was annotated with one of the valid

class labels or 0. In case of any discrepancies, the worker

was contacted to fix the issue. Upon a successful submission,

each worker was provided with compensation for his / her

efforts. Each set of 3, 000 samples was annotated by different

crowd-sourced workers (10 for AG News and Consumer

Complaints, and 9 for Wikipedia). The data collection protocol

was reviewed and approved by an ethical review committee.

Analysis. Table I depicts an analysis of the obtained anno-

tations. We note that the annotation accuracy varies quite

significantly across different datasets. For the AG News and

Consumer Complaints datasets, it was moderately high (≈

74% and ≈ 78% respectively), whereas for the Wikipedia

dataset, it was much lower (≈ 56%). Table I also demonstrates

that the annotators refused to annotate some of the samples;

however, this percentage is relatively low.

Dataset Ann Acc (%) Not Annotated (%)

AG News 74.13 ± 19.53 3.41 ± 4.27

Consumer Complaint 78.63 ± 10.06 7.90 ± 7.22

Wikipedia 56.50 ± 23.62 3.04 ± 4.03

TABLE I: Crowd-sourced annotation statistics for each dataset.

The values are averaged across all the crowd-sourced annota-

tors for each dataset.

We now study the performance of AL algorithms with the

obtained annotations.

IV. EXPERIMENTS AND RESULTS

Experimental Setup. Each dataset was divided into 3 parts:

(i) an initial training set (500 samples) with clean annotations;

(ii) an unlabeled set (2, 500 samples); and (iii) a test set

(10, 000 samples) with clean annotations. A random subset of

2, 500 samples out of the 3, 000 samples whose annotations

were obtained from crowd-sourcing, constituted the unlabeled

set (the remaining 500 samples were used to compute the

labeling accuracy of each oracle, detailed below). When a

(sample-annotator) query was posed by an algorithm, the label

provided to the corresponding sample, by the corresponding

annotator was retrieved (instead of the ground truth label); the

selected sample, together with the label was appended to the

training set. If the retrieved label was 0 (the annotator refused

to provide a label to this sample), the sample was simply

discarded. After each AL iteration, the model was updated

with the augmented training set and tested on the test set. The

process was continued iteratively until a stopping condition

was satisfied (taken as 10 iterations in this work). The objective

was to study the improvement in performance on the test set

with increasing sizes of the training set.

Each oracle was assigned an integer between 1 and 10 in

increasing order of labeling accuracy, which was interpreted

as the labeling cost Ci of oracle Oi for a given dataset, that

is, the price to be paid to get one unlabeled sample from

the dataset labeled by the particular oracle (more accurate

oracles have higher costs). The labeling accuracy of each

oracle was computed on the remaining 500 samples out of

the 3, 000 samples (whose annotations were obtained from

crowd-sourcing) by comparing the obtained annotations with

the ground truth labels. Once a sample was annotated by a

given oracle (be it correct or incorrect) the corresponding

labeling cost of the oracle was deducted from the available

query budget. The query budget B in each AL iteration was

set as 100. All the results were averaged over 3 runs to rule

out the effects of randomness.

Active Learning Baselines. We studied the performance of 8
AL algorithms in this research: (i) Random, where a batch

of unlabeled samples was queried at random; (ii) Entropy

[31] (iii) Coreset [15] (iv) BADGE [16] (v) CEAL [6]

(vi) ActiveLab [28]; (vii) Incremental [27]; and (viii) AL

with Imperfect Oracles (ImpOr) [9]. The baselines CEAL,

ActiveLab, Incremental and ImpOr are designed to operate

with imperfect oracles; they select unlabeled samples, together

with corresponding annotator(s) to annotate those samples.

Among them, ActiveLab and Incremental use a relabeling

strategy where the same sample can be labeled multiple

times by different annotators, while CEAL and ImpOr select

the single best optimal annotator for each queried sample.

The other baselines (Random, Entropy, Badge and Coreset)

merely select a batch of unlabeled samples; for these baselines,

an oracle was selected at random to annotate the selected

samples. They are thus denoted by Random-Random (RR),

Entropy-Random (ER), Badge-Random (BR) and Coreset-

Random (CR) respectively. These baselines were selected to

capture the state-of-the-art methods in conventional AL, as

well as the two most commonly used strategies in AL with

noisy oracles: relabeling and optimal oracle selection. We used

the BERT model [32] as the backbone DNN architecture in

our experiments (for all the methods, for consistency) due to

its popularity in text classification applications.

Implementation Details: The BERT model was trained using

the conventional cross entropy loss; we used a learning rate

of 1e−5 (with cosine annealing), momentum of 0.9, weight

decay of 5e−7, and the Adam optimizer. The experiments

were performed on a workstation with 64 GB RAM and







Method AG News Consumer Complaint Wikipedia

RR 18.68 ± 2.81 (13.26 ± 3.42) 18.8 ± 2.16 (13.53 ± 2.74) 20.06 ± 1.74 (11.43 ± 2.12)

ER 18.20 ± 3.32 (12.10 ± 3.31) 19.20 ± 2.09 (12.90 ± 2.07) 20.30 ± 2.62 (10.12 ± 1.78)

CR 18.26 ± 2.04 (13.66 ± 2.28) 18.26 ± 2.04 (12.77 ± 3.28) 20.46 ± 1.92 (11.1 ± 2.24)

BR 18.6 ± 2.15 (13.23 ± 2.51) 19.26 ± 2.37 (14.03 ± 2.09) 20.5 ± 1.89 (11.66 ± 2.49)

CEAL 16.36 ± 2.72 (7.7 ± 2.45) 10.13 ± 0.44 (8.23 ± 1.28) 17.0 ± 0.0 (13.97 ± 1.85)

ActiveLab 18.43 ± 0.76 (6.56 ± 3.48) 19.02 ± 0.08 (8.03 ± 3.92) 23.33 ± 2.25 (10.16 ± 2.54)

Incremental 4.33 ± 0.53 (3.33 ± 0.53) 4.23 ± 0.49 (3.06 ± 0.68) 4.07 ± 0.25 (3.03 ± 0.73)

ImpOr 10.08 ± 0.46 (2.86 ± 1.82) 14.23 ± 1.09 (4.5 ± 1.65) 27.63 ± 3.76 (13.03 ± 3.37)

TABLE VI: Study of labeling accuracy. Average number of samples queried (average number of samples correctly annotated)

in each AL iteration for each method studied.

Dataset RR ER CR BR CEAL ActiveLab Incremental ImpOr

AG News 4.23± 1.38 12.79± 3.21 35.62± 4.91 25.53± 3.09 1465.93± 83.12 106.59± 41.39 30.07± 9.26 1338.19± 45.26

Consumer Complaint 5.62± 3.02 17.57± 1.09 35.66± 5.23 28.08± 2.51 1304.86± 298.05 92.34± 31.20 32.86± 8.67 1390.40± 169.31

Wikipedia 2.27± 1.82 18.69± 1.27 37.06± 4.45 23.54± 3.01 809.49± 300.97 80.72± 24.54 27.23± 9.49 2248.11± 1891.68

TABLE VII: Computation time analysis. Average time required (in seconds) to query a batch of unlabeled samples (one AL

iteration) for each method studied.

outperform querying larger batches with noisier annota-

tions, particularly for datasets like Wikipedia, where the

annotation accuracy is low (Table I).

C. Computation Time Analysis

Table VII reports the average time required to query a batch

of unlabeled samples (one AL iteration) for each method.

RR has the least computation time, as it performs random

selection of samples and annotators and does not involve any

computations. CEAL evaluates all possible (sample-annotator)

pairs and selects the optimal pair iteratively, and thus has a

high computation time. ImpOr solves an LP problem over a

large matrix, which increases the computation time. ActiveLab

and Incremental employ an uncertainty based active sampling

criterion together with multiple random oracle assignments

and thus have much lower computation time. ER involves an

entropy computation for each unlabeled sample and also has a

low computation time. BADGE performs a gradient embedding

and a sampling computation, followed by k-means++ for

sample selection; Coreset solves a mixed integer programming

problem for sample selection. These operations also require

moderate computation time, as reflected in Table VII.

D. Study of Labeling Budget

In this experiment, we studied the effect of the query budget

per AL iteration. The results on the AG News dataset, for bud-

gets 50, 200 and 300, are depicted in Figure 3 (the budget for

the results in Figure 1a was 100); the corresponding p-value

matrices are depicted in Tables VIII, IX and X respectively.

We notice a similar trend as in Figure 1a, where ActiveLab,

Incremental and ImpOr outperform the other baselines. The

improvement in performance achieved by these methods over

RR ER CR BR CEAL ActiveLab Incremental ImpOr

RR

ER 0.01

CR 0.16 0.02

BR 0.27 0.00 0.35

CEAL 0.26 0.01 0.41 0.46

ActiveLab 0.03 0.00 0.01 0.02 0.01

Incremental 0.01 0.01 0.01 0.01 0.00 0.31

ImpOr 0.04 0.01 0.01 0.02 0.01 0.41 0.37

TABLE VIII: P-value matrix: AG News: Budget 50.

RR ER CR BR CEAL ActiveLab Incremental ImpOr

RR

ER 0.00

CR 0.00 0.00

BR 0.19 0.00 0.00

CEAL 0.01 0.00 0.27 0.04

ActiveLab 0.00 0.00 0.00 0.00 0.00

Incremental 0.00 0.00 0.05 0.00 0.04 0.01

ImpOr 0.00 0.00 0.00 0.00 0.00 0.21 0.00

TABLE IX: P-value matrix: AG News: Budget 200

RR, ER, CR, BR and CEAL is statistically significant across

all the budgets (p < 0.05). Among these three methods, there

is no significant difference in performance for budgets 50 and

300, although ActiveLab and ImpOr outperform Incremental

at a significant level for budget 200. These results reinforce

our finding that AL methods designed to query informative

samples in the presence of noisy annotators depict better

performance than methods designed to query informative

samples only. Further, AL methods which relabel a queried





classification problems, with real-world crowd-sourced anno-

tations. We hope this research will be a step toward bridging

the gap between AL and real-world annotation challenges, and

the insights gained will be useful for the deployment of AL

systems in real-world applications.
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