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Abstract
The purpose of entity resolution is to identify the matched records, which correspond
to the same real-word objects. It is an important operation for data integration and
widely used in many application areas. In the last few decades, entity resolution is
well-studied and not limited by the simple similarity-based approaches. For instance,
machine learning is used to train classifiers for solving entity resolution problems. In
recent years, the idea of active learning is integrated into training classifiers in order to
reduce the human labeling effort in the learning process. In this thesis, we present our
own designed committee-based active learning entity resolution system CALER, which
is able to select a high quality initial training dataset and analyze the training data using
multi classification algorithms during the committee generation. Our experiments show
that CALER system can train an output entity resolution classifier with higher accuracy,
while reducing the labeling effort, comparing with the state-of-the-art approaches.
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1. Introduction
Entity resolution identifies records that correspond to the same real-world objects in
one database or cross multiple databases [Dun46]. In some literatures, entity resolution
may be called data matching, record linkage or duplicate detection.
This topic is in the last few decades well-studied, and it is already applied in many
areas, such as population census, detection of terrorist for government departments and
healthy data study for medical research [Chr12]. With the development of information
technique and digitization, entity resolution is widely used in diversified areas, such as
spam identification and business intelligence. Entity resolution is an important step for
data integration and data warehousing.
Entity resolution can be treated as a binary classification problem. Each pair of records
needs to be classified as match or non-match. The classification is based on the similarity
of record pairs. The most direct way is the threshold-based classification, which sums
up all the attribute similarity scores together as a total similarity score and classifies
record pairs based on their total similarity scores [Win95].
For entity resolution using machine learning, a necessary input is training data. Training
data consists of record pairs, which are previously labeled as match or non-match.
Each record pair has its features. Usually, attribute similarity scores between each
record pair are calculated using different domain-specific similarity functions and serve
as the features of record pairs. A learning-based algorithm trains a classification model
according to the features and the labels of training data, then the model also uses the
features to predict, whether an unlabeled record pair is a match or a non-match. In
some literatures the classification model is often called a mapping rule or a duplicate
rule.
Entity resolution is an unbalanced classification problem, because the proportion of
non-matches among the whole data is much higher than the proportion of matches.
A training dataset must consist of both matches and non-matches. Hence, a large
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amount of instances need to be labeled as training data to guaranty that there are
enough matches in the training dataset. But the labeling effort is an expensive cost.
Additionally, training data should be informative. In order to reduce the labeling effort
and increase the informativeness of training data, the idea of active learning has been
applied for entity resolution.
Unlike a regular learning-based approach, whose training dataset is all at once confirmed
and labeled, an active learning approach starts with a very small initial training dataset.
In the learning process, the most informative record pairs are selected by the learning
system and labeled by domain experts. Then the selected instances are added into the
training dataset iteratively to improve the training of classifiers [CAL94]. Using active
learning, a satisfied classifier could be learned, although the training dataset could be
very small at last.

1.1

Our Contribution

There are many existing active learning approaches for entity resolution, which have
some drawbacks and can be improved. In this thesis, we propose an active learning
entity resolution system CALER, which could overcome the drawbacks of the stateof-the-art approaches and reach high accuracy with less labeling effort. During the
components design of CALER system, our main challenge is to answer the following
five research questions:
1 How to select a small set of data as initial training data, which is usable and
informative?
2 How to generate the committee of classifiers with satisfied performance in the
learning process?
3 How to select new training data, which brings the most information gain?
4 How to define a reasonable termination for the learning process?
5 Is the active learning system feasible to label new training data by the committee
votes instead of human labeling to reduce the labeling effort?
In the digital age, the amount of data is increasing faster and faster. In order to
improve the speed of computing, the technique of cluster-computing is applied for data
processing. In this thesis, we implement our active learning entity resolution approach
on the cluster-computing framework Apache Spark locally, which is efficient and scalable
for processing big data [ZCF+ 10]. In addition, the library MLlib of Apache Spark
provides many learning-based classification algorithms, which we can use directly and
comfortably for training classifiers. Using experiments, we compare the classification
results of CALER system with previous work.

1.2. Structure of the Thesis

1.2

3

Structure of the Thesis

This thesis is structured as follows:
Chapter 2: we introduce the basic concept of entity resolution, some background knowledge of the pairwise entity resolution process and the clustering computing system
Apache Spark.
Chapter 3: we introduce some typical state-of-the-art active learning entity resolution
approaches and analyze their advantages and disadvantages.
Chapter 4: we demonstrate our own designed system CALER and the study of each
components. Besides, we discuss the usability of labeling using committee votes.
Chapter 5: we evaluate our CALER approach comprehensively and compare it with
two other committee-based approaches ATLAS and ALIAS.
Chapter 6: at last, we conclude this thesis and outline future work.
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2. Background
In this chapter, we explain some background knowledge. First we introduce the concept
of entity resolution and its applications. Then we formalize the workflow of the pairwise
entity resolution and introduce the steps separately. At last, we introduce the clustercomputing framework Apache Spark, which we resort to implement our CALER system
and conduct all the experiments.

2.1

Basic Concept of Entity Resolution

Entity resolution solves the problem of identifying records within one data source or
from different data sources, which correspond to the same real-word entity. Entity
resolution is applied widespreadly in many areas. It is an important topic for data
management and data analysis. For example, a data warehouse integrates data from
different sources into one uniform system. In its ETL (exact, transform, load) process,
entity resolution is applied for the transforming task. The duplicates of the data should
be identified and removed. Many data in databases are often falsely or in different formats recorded, like product informations from different on-line portals or bibliographic
data from different data sources. It is quite common that for bibliographic data from
multi sources, authors can be differently ordered, missed, falsely spelled and abbreviated. The titles of the literatures could be not fully recorded, for example the book
Data Matching: Concepts and Techniques for Record Linkage, Entity Resolution, and
Duplicate Detection [Chr12] can be simplified and recorded as Data Matching.
Not only for data integration, the found matching data are also very valuable for data
research and analysis. Information and relationships can be inferred from the matching
data. In social science, the matching data could be used for analyzing historical data,
like census records [Jar89]. Security departments could use the matching data to detect
terrorist and criminals [Chr12]. Medical institutions could use the matching data of
patients to study the factors of diseases [RWYG07]. Entity resolution is nowadays used
in more and more areas.
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2.2

Typical Pairwise Entity Resolution Workflow

The most typical and straightforward solution for entity resolution is pairwise entity
resolution. And it has five major steps [Chr12]: preprocessing, blocking, comparison,
classification, and evaluation. The procedure is shown in Figure 2.1.

Data

Pairing with

Record Pair

Preprocessing

Blocking

Comparison

Classiﬁcation

Evaluation

Figure 2.1: The five major steps of pairwise entity resolution [Chr12]
Data preprocessing transforms data in an uniform format and ensures the data comparability. A blocking technique avoids the enumeration of all record pairs by cross product,
so that the computational cost could be extremely reduced. In the comparison step,
the similarity of record pairs are calculated using suitable similarity metrics. After the
comparison of similarity, record pairs are classified as matches or non-matches. At last,
measurements should be taken to evaluate the accuracy of the classification result.

2.2.1

Preprocessing

Entity resolution is domain dependent. A lot of data, which are extracted from different
sources, are recorded irregularly. Some data are complex, like long descriptions of products or personal information by dictation. Some data even have no explicit attributes.
Hence, in the first step a domain expert is needed to confirm the data transformation
and ensure that the data is clean and comparable.

2.2.2

Blocking

For entity resolution, it is quite time-consuming, if all the record pairs from the cross
product of databases are listed, because the proportion of non-matches among all the
record pairs by cross product is extremely high, which are not our target. We use a
simple example to illustrate this. We assume two non-redundant databases, and each
database contains ten thousand records. In an extreme case, both of the databases
are totally covered. That means each record in the first database can find a match in
the other database. Using cross product, 108 record pairs would be generated. The
proportion of matches among all the record pairs by cross product is only 0.01%. In
practice, when computing with big data, the proportion would be even much lower.
This problem is handled by blocking, which is also called indexing or windowing. A
good blocking algorithm eliminates non-matches and keeps matches as many as possible.
Using blocking, the record pairs would be kept, only when they satisfy the defined
blocking conditions. For example using blocking key method, a blocking key is generated
for each record and only the records with the same blocking key would be paired. There
are many blocking methods, which can be applied for entity resolution. More details
about blocking could be found in [BKM06], [HCKS08] and [AGS11].

2.2. Typical Pairwise Entity Resolution Workflow

2.2.3

7

Pairwise Comparison

In the comparison step of the pairwise entity resolution, attribute similarity scores of
record pairs are calculated using suitable similarity functions. Usually, the textual similarity between the paired records is the basic for prediction, whether they correspond
to the same object or not [EIV07]. Generally, in computer programs, the number one
represents for match, while the number zero represents for non-match.
There are many metrics for measuring attribute similarity or distance. For example,
Levenshtein-Distance calculates the edit distance from one sting to another [Lev66],
Cosine-Similarity or Jaccard-Similarity-Coefficient analyzes, how similar two strings in
terms of their subject matter could be [MDP+ 11]. Since different metrics analyze the
textual similarity or distance in different insights, the similarity of paired records for
one attribute could be measured using different metric functions. Attribute similarity
scores make up a vector of features, which serve for training classifiers.
The open source info.debatty contains a string similarity library java-string-similarity
[deb], which provides many common string similarity functions. Many string similarity
functions in java-string-similarity are normalized that return similarity scores between
zero and one. The normalized similarity scores are more convenient to calculate the total
record similarity scores. The class Levenshtein calculates edit distance of two strings
and returns an integer as edit distance. The class NormalizedLevenshtein calculates the
distance as edit distance divided by the length of the longer string and the similarity is
defined as one minus the distance. Both the distance and similarity are between zero
and one. More details about the similarity functions could be found in the document
for info.debatty [deb].
distance = Levenshtein(s1, s2)/max(|s1|, |s2|)

similarity = 1 − distance
In the learning process of many active learning entity resolution approaches, a total
similarity score for each record pair is needed [TKM01] [SB02] [QPS17]. The total
similarity score presents the overall similarity between a record pair. Normally, total
similarity scores are calculated using weighted attribute similarity scores. Since entity
resolution is a domain dependent problem, the weights for attribute similarity scores
should be confirmed by domain experts. In our experiments, we do not analyze the
weights and simplify that, all the weights of attribute similarity scores are the same.
The total similarity score of a record pair is simply calculated by adding all the attribute
similarity scores.

2.2.4

Classification

In the step of classification of pairwise entity resolution, the record pairs need to be
classified as matches or non-matches. The classification approaches can be divided into
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two categories [Chr12]: unsupervised classification approaches and supervised classification approaches. The unsupervised classification approaches for entity resolution,
like threshold-based classification, focus on the similarity between record pairs. A set
of previously labeled training data is not required. The supervised approaches need
a training dataset, which is a set of record pairs with feature vectors and classification labels, match or non-match. Many learning-based classification methods belong to
supervised approaches, like Decision Tree [Qui86] and Support Vector Machine [CV95].
Threshold-based classification
The threshold-based classification is the simplest way to classify record pairs as matches
or non-matches. It sums the attribute similarity scores of a record pair into a single
total similarity score. A similarity threshold is needed to serve as a boundary of matches
and non-matches. With the threshold t, a record pair (rm , rn ) could be classified using
following conditions:
total similarity score(rm , rn ) ≥ t ⇒ (rm , rn ) ∈ M atch

total similarity score(rm , rn ) < t ⇒ (rm , rn ) ∈ N on M atch
The threshold is usually set manually. If the threshold is set too high, many true
matches would be classified as non-matches. Otherwise, if the threshold is set too low,
many non-matches would be classified as matches. There is another drawback for the
threshold-based classification approach that the importance of the attributes are not
considered. Using attribute weights, this drawback could be overcome. But this leads
to another question, how to set the weights.
Probabilistic classification [NK62] considers not only the weights for different attributes,
but also the weights for concrete attribute values. For example, two personal records
in the record pair p1 have the common surname value Miller and other two personal
records in the record pair p2 have the common surname value Shangguan. The weight
for the surname value Shangguan should be higher than the weight for Miller, because
the number of people with the surname Shangguan is much smaller than the number of
Miller s and the likelihood that two records with the surname Shangguan correspond to
the same person is much higher than the likelihood that two records with the surname
Miller correspond to the same person.
There are two types of classification errors that matches could be classified as nonmatches and inversely non-matches could be classified as matches. The cost of the
two types of errors in many different application scenarios is different. Cost-based
classification [GB06] considers the cost for the different types of the classification errors.
Besides threshold-based classification, there is also rule-based classification [Nav01],
which consists of some test terms. The test terms are combined with conjunctions and
disjunctions.

2.2. Typical Pairwise Entity Resolution Workflow
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Learning-based classification
Since manually to figure out classification rules or models need lots of professional knowledge and practical experience, learning-based classification algorithms could be applied
to train classification models. The learning-based approaches for entity resolution are
supervised and summarized in the Figure 2.2.

Formating

Evaluation
Blocking
&
Pairing

Classiﬁcation
Comparision

Learning Process

Training
Data

Learning
Algorithm

Classiﬁer

Machine Learning

Figure 2.2: Idea of learning-based entity resolution
Before the learning process starts, data records are formated and paired using blocking
method. The attribute similarity scores of record pairs are calculated and serve as
features. Then a subset of record pairs, which are called training data, is labeled as
matches or non-matches by human labeler. The learning algorithm analyzes the training
data and outputs a classifier, which is able to classify the unlabeled record pairs.
The trained classifiers can be classified in two categories [dFPdS+ 10]: threshold-based
rules, such as a Decision Tree [Qui86], and linear classifiers, such as classifiers, which
are trained by Support Vector Machine [CV95].
A threshold-based rule can be transformed into a formula of logic relationship, which
consists of logic AND and logic OR. Figure 2.3 shows a decision tree classifier for
bibliographic record pairs.
P
Usually, a linear classifier is presented into a mathematic form, like ni=0 (wi × fi ) =
0.2 × f1 + 0.5 × f2 + ... + 0.3 × fn , where wi is a parameter and fi is a feature value.
The
the condition
Pn classification condition can be formed as, if a record pairPsatisfies
n
(w
×
f
)
≥
1,
the
record
pair
is
a
match,
otherwise
if
(w
×
fi ) < 1, the
i
i
i
i=0
i=0
record pair is a non-match.

10

2. Background

true

equal (year1, year2)
false

jaccard (title1, title2) > 0.3
true
match

non-match

false
editDistance(author1,author2) < 5
true
match

false
non-match

Figure 2.3: An example of the decision tree classifier
We prefer to use a threshold-based rule, like decision tree, as the end output classifier,
because the form is understandable and analyzable. The tree structure of the classifier can be also easily formed into a logic formula or a condition form of if-then-else.
In addition, the threshold-based form can potentially provides a better blocking rule.
In the example of Figure 2.3, the condition equal(year1, year2) = true might be an
alternative blocking rule.
There are many learning-based classification algorithms, which could be applied for
entity resolution. Since the point of our study is not on the design of the classification
algorithms, we do not develop new classification algorithms. We use the classification
algorithms, which are provided in the machine learning library MLlib of Apache Spark.
Active learning approaches
Since the proportion of non-matches among the total record pairs is extremely high,
for regular learning-based approaches of entity resolution, a big amount of record pairs
need to be labeled as training data. To minimize the cost of the labeling, the idea of
active learning has been introduced. Instead of random selection of a big amount of
training data, active learning approaches need only a small set of informative training
data [CAL94]. An active learning system is able to query a human labeler to label
informative instances actively and iteratively [Set14]. Comparing with normal learningbased approaches, active learning systems save a lot of labeling effort. The greatest
challenge for active learning approach is the selection of informative instances, which
need to be labeled and added into the training dataset.
There are many query strategies for active learning [Set14]. Expected Model Change
requests the labeler to label the instances, which would furthest change the current
model [SCR08]. Expected Error Reduction asks for labeler to label the instances, which
would most likely reduce the generalization error of the model [RM01]. Uncertainty
Sampling would like to know the labels of instances, which the current model is most
uncertain [LG94]. Query-By-Committee trains a set of classifiers using the current
labeled data and the classifiers vote their classification results on the unlabeled data.
Then the human labeler is asked to label the data with the greatest disagreement

2.2. Typical Pairwise Entity Resolution Workflow
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according to the votes [SOS92]. There are also query strategies for specific scenarios,
like Membership Query Synthesis. This strategy can generate to be labeled instances.
For example, the data consists of human photos and dog photos. The trained classifier
need to predict, whether an instance is a human photo or a dog photo. The algorithm
could generate a picture of a particular section, like a head, and ask the labeler to label
that the head is a human head or a dog head [WHYL15].
We formalize the process of entity resolution using active learning roughly in Figure 2.4.
In the beginning, active learning algorithm started with a very small set of labeled
instances. Then in the learning process, the algorithm selects instances with the highest
information gain from the unlabeled data and ask the human labeler to label them and
add them into the training data. When the learning process is ended, a classifier is
outputted.

Formating

Evaluation
Blocking
&
Pairing

Classiﬁcation
Comparision

Active Learning Process

Training
Data

Learning
Algorithm

Classiﬁer

Active Learning

Figure 2.4: Entity resolution using active learning

2.2.5

Evaluation

At last, the result of classification should be evaluated. Two commonly used metrics
for the classification quality are precision and recall [BM03]. Before we introduce the
metrics, we need to clear four types of predicted record pairs: True Positives (TPs),
False Positives (FPs), True Negatives (TNs) and False Negatives (FNs). TPs are
true matches, which are also predicted as matches, while FPs are non-matches, which
are falsely predicted as matches. TNs are true non-matches, which are also correctly
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classified as non-matches, while F N s are matches, which are falsely classified as nonmatches. Table 2.1 presents the relationship of the four types of the predicted record
pairs.

Predicted match
Predicted non-match

Actual match Actual non-match
TPs
FPs
FNs
TNs

Table 2.1: Relationship of the four types of predicted record pairs
Precision is the fraction of the correctly detected matches among all the record pairs,
which are predicted as matches. Recall presents the fraction of the correctly detected
matches among all the actual matches. We use |T P |, |F P |, |T N | and |F N | to denote
the number of the four different types of the predicted record pairs. The formulas of
precision and recall are presented as follows [QPS17]:
P recision =

Recall =

|T P |
|T P | + |F P |

|T P |
|T P | + |F N |

We hope to get a classification result with both maximal precision and maximal recall,
but the two goals contradict each other. In an extreme case, a classifier predicts only
the very similar record pairs as matches to ensure that no non-matches are classified
as matches. In this case, the precision will be very high, but there must be many
actual matches, which are classified as non-matches, so that the recall should be very
low. Inversely, if a classifier predicts all record pairs as matches, there is no FN s in
this case, so that the recall will be a hundred percent. But there must be many nonmatches, which are classified as matches, so that the precision is very low. So we need
a middle measurement to evaluate the quality of the classification results. A famous
metric, which considers both precision and recall harmoniously, is called F-measure and
defined as
F =

2.3

1
0.5 ×

1
( precision

+

1
)
recall

=

2 × precision × recall
precision + recall

Cluster Computing - Apache Spark

Nowadays, massive data are generated everyday and the speed of the data increasing
is faster and faster. Computing with big data is time-consuming. Hence, efficient computing techniques are required to reduce the computing time. Cluster-computing is
a solution for big data processing. It is a computing technique, which links a group
of computers in one network and lets them work parallel [VLK+ 13]. One of the most
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popular cluster-computing frameworks is Apache Spark [ZCF+ 10]. The greatest advantage of Apache Spark is its high speed. Users can use a variety of APIs (Scala, Java,
Python) to deal with different works of data processing. The foundation of Apache
Spark is Spark Core. Spark Core provides all the basic operations, like task scheduling,
memory management and basic I/O functionalities, and defines the API of Dataset. For
Apache Spark, Dataset is the main operated object, which is a collection of elements
across the nodes of the cluster. Apache Spark has some other important components.
Spark SQL is a component for processing of structured data, for example, we can use
Spark SQL for SQL query operations. Spark SQL supports a variety of file formates,
like .csv, .json and .parquet. Spark Streaming is a component to perform processing
of live data stream. GraphX is a component for parallel graph computing. MLlib is a
machine learning library, which provides a lot of machine learning algorithms for solving problems, like classification, regression and clustering [KKWZ15]. In this thesis we
build our approach on Apache Spark and use the classification algorithms in MLlib.
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3. Related Work
There are different types of active learning approaches, which have been already successfully applied for entity resolution [TKM01] [SB02] [dFPdS+ 10] [AGK10] [QPS17].
The active learning approach ALGP [AGK10] learns a classification rule as the classifier.
The learned classification rule is a conjunction of the attribute similarity thresholds.
The algorithm assumes that precision is monotonically increasing according to the
similarity of each attribute.
In the beginning, a predefined minimum of precision τ and a granularity k need to be
given as inputs. ALGP takes all record pairs as points in a d-dimensional space, that d is
the number of features. Among all the points in the space, ALGP tries to find a point as
the classifier, which can cover as much as possible matches, while the precision is at least
equal to τ . If the point (θ1 , θ2 , ..., θd ) in the d-dimensional space is confirmed as classifier,
the matching rule can be transformed as (f1 ≥ θ1 ) ∧ (f2 ≥ θ2 ) ∧ ... ∧ (fd ≥ θd ). Since the
number of points in a space is infinite, granularity k serves as an approximation trick
and the classification point would be only searched from the points at the granularity.
In the learning process, precision is estimated by labeling a set of randomly selected
instances.
The example in Figure 3.1 shows the idea of ALGP in a simple two-dimensional space.
The measurement of similarity in each dimension is scaled between zero and one. The
granularity k is equal to ten. The dotted curve is the precision ≥ τ boundary. All
the points above the curve satisfy that if any one of them is used as the classifier, the
precision is equal ot or higher than τ , while the points below are with precision <
τ . The red point (0.5, 0.4) at the granularity above the curve meets the condition
precision ≥ τ . Besides, it has the maximal coverage of matches. So the point would
be outputted as the classification point, which presents the classification rule with
(f1 ≥ 0.5) ∧ (f2 ≥ 0.4).
The algorithm assumes that precision is monotonically increasing according to each
attribute similarity. Actually, the monotonicity is not overall valid. In the beginning,
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similarity of dimention 2
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similarity of dimention 1

1.0

Figure 3.1: An example of ALGP in a two-dimensional space

the setting of k brings a trade-off problem of the complexity of the algorithm and
the recall increasing. Although the approach ensures precision in a way, a mass of
labeling work need to be done to check precision in the learning process. The greatest
disadvantage of ALGP is its low recall, because many matches can not be covered with
one simple rule with a conjunction of constraints.
Comparing with ALGP, which learns a single rule with low recall, the active learning
entity resolution approach ERLEARN [QPS17] outputs multiple matching rules as the
classifier. Each rule covers a different proportion of matches, so that recall of ERLEARN
could be higher than ALGP, while the minimum of precision τ is ensured. The approach
ERLEARN identifies the roles of False Positives and False Negatives: False Positives
help to refine matching rules and False Negatives help to form new rules. The output
classifier is presented as a disjunction of conjunctions of predicates, R1 ∨ R2 ∨ ... ∨ Rn ,
where Ri is a rule with the form of p1 ∧ p2 ∧ ... ∧ pm .
In the beginning, a fixed set of predicates p1 , p2 , ..., ps need to be given. Each predicate
is a boolean condition, like editDistance(name) < 5. The granularities of predicate
thresholds need to be predefined. The learning system is presented in Figure 3.2 and
consists of following main components: Single Rule Learning Module (SRLM), Rule
Repository (RR), Example Selection Module (ESM).
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Figure 3.2: ERLEARN System
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At first, a small set of instances are chosen and labeled as training dataset. SRLM
learns a candidate matching rule R using the current training data. The Minus Rules
of R are derived from the candidate rule R by deleting a part of predicates. After the
prediction using R and its corresponding Minus Rules, ESMs select both likely False
Positives and likely False Negatives, which need to be labeled by a human labeler. The
likely False Positives are the record pairs with low similarity, which are predicted as
matches by R. The False Negatives are the record pairs with high similarity, which
are predicated as non-matches by the corresponding Minus Rules. Both likely False
Positives and likely False Negatives are labeled and added to the training data. If the
fraction of real true matches among the likely False Positives is more than τ , the rule
R would be accepted and stored in RR. Otherwise, the rule R is rejected. If the rule R
is accepted, the instances in the training dataset, which could be predicted as matches
by R, need to be removed, so that the new learned rules could be different from the
previously learned rules in RR. The learning process would be terminated, until no
more new rules could be learned by SRLM.
For the boolean form of predicates, the determination of the threshold granularity brings
a trade-off problem of the prediction quality and the algorithm complexity. The likely
False Positives and the likely False Negatives are detected based on the total similarity
scores of the record pairs. To define an accurate function to calculate the total similarity
scores, domain-exporters are need to analyze the data. Many labeled instances in the
training dataset, which cost a lot of labeling effort, are in the learning process removed,
in order to learn new rules in next learning iterations. The approach ERLEARN is not
able to take full advantage of all the labeled data.
Both ALGP and ERLEARN learn one or multiple classification rules in conjunction
forms. Another approach AGP [dFPdS+ 10] using genetic programming, which incorporates active learning, provides a thought to evolve a classifier for solving entity resolution problems. The classifier of AGP is a committee and the committee is a subset
of the actual generation, which includes all the actual multi-attribute functions. The
generations are evolved in the learning process. Each multi-attribute function can be
taken as an individual classifier. The majority votes of multi-attribute functions in the
committee decides the classification result. A human labeler is needed to label record
pairs manually, when the number of votes for match and non-match is equal.
The multi-attribute functions are randomly generated similarity functions with predefined thresholds. Each multi-attribute function can predicate record pairs independently. A multi-attribute function is a randomly combination of the basic operators
(+, −, ∗, /), the integers one to nine and the attribute similarities. They can be expressed in a tree format. Figure 3.3 presents an example for the multi-attribute function
(EditDistance(titel) + (Jaccard(venue)/3) + N Gram(author).
Initially, attribute similarity scores and a total similarity score for each record pair need
to be calculated. Then a small subset of record pairs are labeled. In the learning process
of AGP, the record pairs and the multi-attribute functions have their own weights and
the weights are always updated. The weights of functions are positive real numbers,
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Figure 3.3: Example of an multi-attribute function
which present the fitness of the functions. The weights of record pairs are in the interval
[−1, 1], which 1 indicates match and −1 indicates non-match. A fixed number of multiattribute functions with highest weights from the generation are chosen to make up a
committee. The function weights are calculated based on the pair weights. The record
pairs are labeled by the majority voting of the actual committee. If the voting number
for match and the voting number for non-match is equal, a human labeler is called to
solve this disagreement. During the learning process, the pair weights tend towards
to 1 or −1. The multi-attribute functions are evolved by crossover and mutation.
Generations are evolved, until the limitation of generation number is reached.
The approach of AGP needs to generate a lot of random multi-attribute functions and
their thresholds previously. The randomly generated multi-attribute functions could be
very bad individual classifiers. In order to force the human effect in the learning process,
the committee size must be an even number. After the voting, the number of record
pairs with equal voting number for match and non-match could be large, so that a hard
work of labeling is needed. Besides, the accuracy of labeling using committee voting is
not high. In the Section 4.5 we discuss this topic in detail. The output classifier is a
set of multi-attribute functions, which are not meaningful and difficult for the further
analysis.
The approaches ATLAS [TKM01] and ALIAS [SB02] provide a committee-based active
learning way for entity resolution. Both approaches learn a set of classifiers based
on their actual training data in the learning process and use the disagreement of the
prediction by the committee classifiers to discover the most informative data, which
should be labeled and added to the training dataset. Figure 3.4 illustrates the idea of
committee-based active learning.
At first, a committee-based active learning approach selects and labels a small set
of record pairs as initial training data. Then a committee of classifiers is trained.
Each classifier in the committee predicates the unlabeled record pairs and votes its
classification result. According to the disagreement of the votes, the most informative
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Figure 3.4: Idea of committee-based active learning
record pairs are chosen. A human labeler is asked to label the selected record pairs and
the new labeled pairs are added into the training dataset. The learning process iterates,
until the termination conditions are satisfied. The committee-based approaches ATLAS
and ALIAS are different from the selection of initial training data, the generation of
committee members and the selection of new training data.
ATLAS ranks record pairs according to their total similarity scores and roughly separate
them in several groups with the same size. Then, an equal number of record pairs are
randomly chosen from each group as initial training data. For committee generation, the
subsets of the whole training dataset are randomly sampled and committee classifiers
are trained by a chosen classification algorithm using the different subsets of training
dataset. After committee voting, the instances with the greatest total similarity scores
among the record pairs with the greatest voting disagreement would be selected and
added to the training dataset.
ALIAS does not introduce, how to select its initial training data and it simply begins
with an equal number of matches and non-matches. The committee classifiers are generated by changing the training parameter setting. After committee voting, unlabeled
record pairs are weighted according to the disagreement of the voting result and ranked
according to the weights. Instances are selected randomly from the top n record pairs
with the most disagreement.
The state-of-the-art committee-based active learning approaches ATLAS and ALIAS
could be still improved. Their selection method for initial training data is not satisfied
for entity resolution problem. Their committee generation methods reduce the performance of the trained committee classifiers. Using only a single classification algorithm
is the perspective of the analysis of training data limited. In Chapter 4, we design
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our own committee-based active learning system. We would analyze the disadvantages
of the previous work and overcome them. In order to improve the persuasion of the
experiment, we isolate a part of data only as test data, instate of testing on the whole
unlabeled data.
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4. Committee-Based Active
Learning Entity Resolution
System CALER
In this chapter, we demonstrate our own designed committee-based active leaning system CALER. The structure of CALER system is showed in Figure 4.1.
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Figure 4.1: Structure of CALER system
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The initial inputs are the two data files DB1 and DB2 with raw data. The transforming component cleans the data and transforms the data in an uniform format. The
blocking and pairing component pairs the records from the two data files, while using
a blocking method to reduce the number of record pairs. After data pairing, attribute
similarity scores of all the record pairs are calculated using a set of similarity metrics.
The component ITD Selector selects a small set of instances from the paired records.
A human labeler labels them as initial training data. The component Committee Generator trains several classifiers using the current training data. The trained classifiers
classify the unlabeled record pairs and vote their classification results. According to
the votes of the classifiers, the component Sample Selector selects the most informative
record pairs and lets the human labeler label them. The new labeled record pairs are
added into the training data. Then, using the updated training data, new committee
classifiers are trained and the learning process iterates, until the termination conditions
are satisfied.
The three core components of our system are ITD Selector for the initial training data
selection, Committee Generator for the generation of classifier committees and Sample
Selector for the selection of the new training data. Our study focuses on the three core
components. This chapter is organized as follows:
Section 4.1: we study, how to pick high quality initial training data, which is informative and usable, when the size of the training dataset is small.
Section 4.2: we use multi classification algorithms to generate committee classifiers and
analyze the advantages comparing with using one single classification algorithm.
Section 4.3: we discuss, how to select informative record pairs, which should be labeled
and added into the training dataset.
Section 4.4: we enumerate the factors, which should be considered for defining a termination of the learning process.
Section 4.5: we attempt to label record pairs using the votes of committee classifiers
and analyze the feasibility.

4.1

Selection of Initial Training Data

The initial training data for a committee-based entity resolution system is a small set
of record pairs, which are labeled as matches or non-matches. Satisfied initial training
data should be balanced and informative. For any classification algorithm, a training
dataset must contain both matches and non-matches. Otherwise, a classifier would not
be trained. The size of the training dataset indicates the cost of the labeling effort
and our design goal is to reduce the labeling effort as far as possible. Since the size of
the initial training dataset should be small, the balance of selected matches and nonmatches need to be high, in order to ensure the usability of the initial training dataset.
If the selected matches and non-matches are well balanced, the initial training dataset
could be usable, even when the number of instances in the initial training dataset is
very few. Another quality indicator for initial training data is the informativeness of
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the selected instances. In order to train classifiers with high accuracy at the start of
the learning process, the informativeness of the initial training data is more important
than their amount. The selecting of a balanced and informative initial training dataset
is a good beginning for the learning process.
For entity resolution problems, the majority of the record pairs are non-matches. Hence,
a randomly selection of initial training data is not reasonable. Before we introduce the
initial training data selection methods of previous work, we use a dataset of previously
labeled bibliographic record pairs ACM-DBLP [dat] to see the relationship between the
record pair similarity and the probability of sampling matches.
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Figure 4.2: The percentage of matches according to the similarity limitation
Figure 4.2 shows the percentage of matches according to different limitation of total similarity scores. As the similarity limitation increases, the percentage of matches grows.
That means, a record pair with a high total similarity score has a high probability, that
the record pair is a match. Otherwise, a record pair with a low total similarity score has
a low probability, that the record pair is a match. We can also find that the growth of
the percentage is not linear according to increasing of the similarity limitation. When
the total similarity threshold is less than four, the percentage of matches almost does
not change. When the similarity threshold rises from four to seven, the percentage of
matches goes up from less than 20% to more than 80%. And after that, the increasing
of matches proportion is no more obvious.
Since the recored pairs with higher similarity are more likely to be matches, some
previous approaches select initial training data considering the similarity of record pairs.
The approach ATLAS [TKM01] ranks record pairs based on their total similarity scores.
The ranked record pairs are roughly separated in several groups with the same size.
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From each group, an equal number of instances are randomly selected as initial training
data. The approach AGP [dFPdS+ 10] also ranks all record pairs according to their
total similarity scores and takes the top n and bottom n record pairs as initial training
data, here n is a positive integer. Using the initial training data selection method of
AGP, the informativeness of the selected non-matches from the bottom n could be very
low.
In order to select more informative instances for initial training data, we design our own
initial training data selection method. We rank all record pairs according to their total
similarity scores. Then we sample an equal number of record pairs separately from the
top n instances and the following n instances of the ranked record pairs. From the top
n instances, we would like to select matches. Unlike the initial training data selection
method from AGP, we does not select non-matches from the bottom n, because the
instances in the bottom n is extreme and their informativeness would be low. The
maximum number of the matched record pairs could be at most the minimum size of
the two original data files. We set n is the minimum size of the two original data files.
We use an example to illustrate our initial training data selection method. The original
databases, DB1 has 10000 records and DB2 has 8000 records. The minimum size of the
databases is 8000. After paring using a blocking method, we get 90000 record pairs in
total. We rank the 90000 record pairs based on their total similarity scores. If we want
to select ten record pairs as initial training data, we would sample five record pairs from
the first 8000 instances and sample five record pairs from the following 8000 instances
randomly.

4.2

Committee Generation with Multi Classification Algorithms

The core strategy of the committee-based active learning entity resolution approaches
is query-by-committee [SOS92] [FSST97]. In the learning process using this strategy,
several classifiers are trained in each learning iteration. The trained classifiers classify
the unlabeled record pairs and vote for their classification results respectively. According to the classification votes, some informative record pairs are chosen to be labeled,
which could probably help to improve the training of the classifiers. The new labeled
record pairs are added into the training dataset and used to train classifiers in the next
learning iterations.
We illustrate this strategy using a simple example in Figure 4.3. In one-dimensional
space, a boundary need to be confirmed to separate the green squares and the red circles.
In the learning process, two classifiers C1 and C2 are trained as committee classifiers.
The points, which are differently classified by C1 and C2, are confused points. The
confused points are worth to be labeled and added into the training dataset, so that
the newly trained classifiers using the updated training data could get closer to the real
boundary.
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Figure 4.3: An example for the query-by-committee strategy [SB02]
In the state-of-the-art committee-based active learning entity resolution approaches,
committee classifiers are generated using only one single classification algorithm. In
order to train diversified classifiers in a committee, the classifiers are trained either
with different subsets of the whole training data or with different training parameter
settings [SB02]. Using the committee generation method of ATLAS [TKM01], the subsets of the whole training data are sampled randomly and the committee classifiers are
trained using the randomly sampled different subsets of the whole training data. Using
the committee generation method of ALIAS [SB02], diversified committee classifiers
are generated using different training parameter settings. Both of the state-of-the-art
approaches have two disadvantages. First, using one single classification algorithm, the
analyzing perspective on the training data is not broad enough. Second, the trained
committee classifiers, which are generated using any of the two mentioned committee
generation methods, might be worse than the classifier, which is trained using the best
training parameter setting and the whole training dataset.
We use experiments to demonstrate the disadvantages of the committee generation
method using one single classification algorithm. We randomly separate the dataset of
previously labeled bibliographic record pairs Scholar-DBLP [dat] into two parts without overlapping, Experiment Dataset and Test Dataset. We sample four matches and
four non-matches from Experiment Dataset as training data. Because of the well performance of SVM for entity resolution problem (Figure 4.7), SVM is chosen as the single
classification algorithm for training classifiers. Test Dataset is only used to evaluate
the classification results.
First we evaluate the committee generation method, which train classifiers using a single
classification algorithm and different subsets of the whole training data [TKM01]. In the
experiment, each subset of the training data consist of randomly chosen seven instances
from the training dataset, which is consist of eight labeled record pairs. Figure 4.4 shows
the average F-measure of the classification results using the subsets of the training data
and the F-measure of the classification results using the whole training data.
Three differently sampled training datasets are used in the experiment. Whichever the
training dataset is used, the F-measure of the classification using subsets of the training
data is lower than the F-measure of the classification using the whole training data.
The accuracy of the classification would be reduced, when a subset of the training data
is used to train classifiers, comparing with using the whole training data, because the
training does not take full advantage of the whole training data.
We also test the quality of the diversified classifiers, which are generated by varying the
training parameters of the classification algorithm [SB02]. In the experiment, we set
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Figure 4.4: F-Measure is reduced using the subset of the training data

F-measure

the parameter maxIter of the classification algorithm SVM respectively with the value
two, five and ten. Ten is the default setting for maxIter. Figure 4.5 shows the changing
of F-measure by varying the training parameter maxIter.
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Figure 4.5: F-Measure is reduced by changing training parameters
For all the three experiments with different training data, the F-measure is changed,
when the training parameter is changed. The performance of the trained classifiers
would be reduced, when the training parameter is set with an unsuitable value. Changing parameter setting is not a satisfactory method to generate diversified committee
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classifiers, because the training does not take full advantage of the classification algorithm itself.
Using any of the two committee generation methods, the generated committees consist
of unsatisfactory classifiers, so that the whole performance of the learning system would
be reduced. The committee generation method using multi classification algorithms
could be a better choice. We use experiments to analyze the benefits of using multi
classification algorithms.

F-measure

We choose three common classification algorithms: Decision Tree (DT), Support Vector
Machine (SVM) and Logistic Regression (LR) to train classifiers. Figure 4.6 shows the
F-measure of the classification results using multi classification algorithms.
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Figure 4.6: The F-Measure of the classification results using multi classification algorithms
Using the first training data, the LR classifier performs best. The F-measure of DT
classifier and SVM classifier is a little lower than the F-measure of LR classifier. Using
the second training data, the classifier of SVM performs a little better than the classifier
of LR. Using the third training data, the F-measure of LR classifier is the highest
again. We can find that the same classification algorithm performs differently, when
they train classifiers using different training data. Therefore, it is difficult to say, which
classification algorithm is the best for entity resolution. Each classification algorithm
only provides a particular perspective to analyze the training data and trains classifier
in its way.
In order to generate satisfactory committees, we design our own committee generation
method with multi classification algorithms for our CALER system in order to avoid
the disadvantages of the previous work. Using our committee generation method, the
committees of classifiers are trained using multi classification algorithms. All the chosen
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classification algorithms train classifiers with the whole training data and with their
optimal or default training parameter settings. Each classification algorithm could
analyze the training data from a particular perspective. The committee classifiers,
which are trained by multi classification algorithms, could classify the unlabeled record
pairs with multi perspectives.
Next, we need to think about two questions. One is the number of the committee
classifiers. The other is to confirm the classification algorithms.
According to the previous study in [SB02], the performance of a learning system is not
sensitive to the number of classifiers in a committee, when only a single classification
algorithm is used to train committee classifiers. That means for committee-based active learning approaches using a single classification algorithm, when the number of the
committee classifiers reaches a certain number, if the number of the committee members
increases, the learning quality would not be improved. According to the experiment
results in [SB02], the number of the committee classifiers should be more than one
and less than five. In our CALER system, we use multi classification algorithms for
committee generation. The committee classifiers are trained using different classification algorithms in each learning iteration. Since the different classification algorithms
analyze the training data from different perspectives, the used classification algorithms
should be as many as possible, as long as they are suitable for the entity resolution
problem.
In order to confirm the usability of the classification algorithms for entity resolution, we
need to evaluate the performance of the classification algorithms. There are a lot of existing classification algorithms and more and more new algorithms are developed. Since
our system is deployed on Apache Spark, in order to bound the range of the classification
algorithm selection, we only evaluate the binomial classification algorithms, which are
provided in MLlib. There are seven binomial classification algorithms in our installed
MLlib of Apache Spark 2.3.0. They are Logistic Regression (LR), Decision Tree (DT),
Random Forest (RF), Gradient-Boosted Tree (GBT), Support Vector Machine (SVM),
One-vs-Rest (OVR) and Naive Bayes (NB).
We use the dataset ACM-DBLP with 20826 record pairs and separate all the record
pairs randomly into two parts without overlapping, Experiment Dataset with 10000
instances and Test Dataset with the rest 10826 instances. First, We sample a small
number of record pairs from the Experiment Dataset as training data. Then we increase the number of record pairs, which are sampled from Experiment Dataset, as
training data. Each classification algorithm trains a classifier using the training data
with different amount of record pairs. Concretely, in order to let the change of Fmeasure obvious, we sample respectively two, four, ten, twenty and forty record pairs
as training data and observe the change of the F-measure of the classification results.
The proportion of matches and non-matches in the training data is alway equal. The
F-measure of the classification results is showed in Figure 4.7.
The F-measure of the classification results using the algorithms RF and NB is alway
below 20%. Both of the two classification algorithms can not be used for entity resolu-
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Figure 4.7: F-Measure comparison of classification algorithms in MLlib
tion because of their unsatisfied performance. The classification algorithms SVM, OVR
and LR are the three best. Even when the training data only consists of one match
and one non-match, their classification results could still reach a high F-measure. The
performance of the classification algorithms DT and GBT is in the middle and they
can not train classifiers, if there are only two instances in the training dataset. Their
F-measures are increasing, as the size of the training dataset is increased. The performance of DT is better than GBT. When the number of the instances in the training
dataset is four, the F-measure of DT could reach 70%. When the number of instances in
training data is ten, using GBT, the F-measure is still lower than 50%. The evaluation
results using the matrices precision and recall are showed in the appendix.
According to the performance comparison of the classification algorithms in MLlib, we
choose LR, DT, SVM and OVR as the classification algorithms in our CALER system
for training committee classifiers and we decide to use DT as the output classifier.
Although the F-measure of DT is lower than the other three classification algorithms,
when the size of training dataset is few, DT has the best F-measure, when the number
of instances in the training dataset is more than twenty. Another reason for the choice
of DT as the output classifier is that the readability of DT is high. A decision tree
classifier is understandable and analyzable.
Our committee generation method using multi classification algorithms not only takes
full advantage of the whole training data, but also takes full advantage of the classification algorithms. For our committee generation method, the more suitable classification
algorithms are used, the more comprehensive the training data would be analyzed. In
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Section 5.3, we compare the overall performance of our committee generation method
with the methods from the state-of-the-art approaches ATLAS and ALIAS.

4.3

Sample Selection According to the Committee
Confusion

In the committee-based learning process, committee classifiers vote their classification
results. According to the votes, the most informative record pairs need to be selected
and a human labeler is asked to label them. Then the chosen record pairs are added
into the training dataset, so that the next trained classifiers could be improved.
The goal of sample selection is to find out the instances, which would be most helpful
for improving the current classifiers. Usually, for a committee-based approach, the
most informative instances are the most confused instances. The confusion is caused
by the classification disagreement of the committee classifiers. That means, the most
informative instances should be chosen from the record pairs, which are classified with
the most disagreement by the committee classifiers. In order to show this intuitively,
we use the example in Figure 4.8.
C1
P1

P2

C3

C2

P3

P4

P5

P6

P7

Q7

Q6

Q5

C4

Q4

Q3

Q2

Q1

the most confusion region
the confusion region

Figure 4.8: An example for the confusion region
In one-dimensional space, a boundary needs to be confirmed to separate the green
squares P1 to P7 and the red circles Q1 to Q7. In the learning process, a committee
of classifiers C1, C2, C3 and C4 are trained using the same current training data. The
classifiers consider all the points on its left as green squares and all the points on its
right as red circles. The region between C1 and C4 is the confusion region, because the
classification results of the points in this region are with disagreement.
If we label P1, P2, Q1 or Q2 as new training data, the next trained committee classifiers
would be not improved, because all the four current committee classifiers could classify
the four instances certainly. If the instances in the confusion region are chosen, the
new trained committee classifiers would be improved. According to the degree of the
committee confusion, different instances have different effects on the improvement of
the classifiers training. If P3 or P4 is labeled, only C1 would be improved. If Q3 or Q4
is chosen, only C4 would get closer to the real boundary. The region between C2 and
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C3 is the most confusion region, because the instances in this region are most confused
for the committee. If we select an instance from this region, two classifiers would be
improved and the confusion region would be reduced rapidly, so that the next trained
committee classifiers could get closer to the real boundary.
This example shows us that the instances, which have the most committee classification
disagreement, would help to improve the training for committee classifiers and reduce
the confusion region most effectively. A satisfactory sample selection method should be
able to sample the instances with the most disagreement to reduce the confusion region
for as far as possible.
In a committee-based active learning entity resolution system, the classification disagreement is presented by the classification votes of the committee classifiers. The
sample selection method from the approach ATLAS considers not only the committee
classification disagreement, but also the total similarity scores. Using the sample selection method of ATLAS, the instances with the greatest total object similarity score
among the record pairs with the greatest committee classification disagreement would
be selected. Because of the low quality of the initial training data and the low accuracy
of the committee classifiers in ATLAS approach, its confusion region is large and the
proportion of matches in the confusion region is small. Hence, ATLAS would like to increase the probability for selection of matches from the instances in the most confusion
region. In our CALER system, because of the balanced and informative initial training
data as well as the high performance of the committee classifiers, it is not necessary to
consider the total similarity scores of instances for sample selection.
A simple and satisfactory sample selection method is introduced in the approach ALIAS
[SB02]. Using this method, each unlabeled record pair is weighted according to the
disagreement of the committee classification. Then all the unlabeled record pairs are
ranked according to their weights and the instances are selected randomly from the top
n record pairs with the most disagreement. In our CALER system, we directly import
this method for the selection of new training data in the learning process. The number of
the learning iterations and the number of the selected samples in each learning iteration
could be confirmed by the user. In our system, we set a voting disagreement value for
each record pair in each learning iteration. The disagreement values are calculated
using following formulas, where Ci , Cj are two different committee classifiers.
X

disagreement(record pair) =

dif (vote(Ci ), vote(Cj ))

Ci ,Cj ∈CG

(
dif (vote1, vote2) =

0
1

if vote1 = vote2
otherwise

In general, the performance of the committee classifiers would be improved after each
learning iteration and the total learning time is highly related to the number of learning
iterations. That means, more learning iterations implement, more running time would
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be taken. If the number for labeled record pairs is limited, in order to increase the
number of the learning iterations, fewer number of instances should be selected in each
learning iteration. If the total learning time is limited, the number of the learning
iterations would be restricted. In this case, the number of the selected instances in
each iteration should be increased to improve the training. Hence, in order to confirm
the number of the selected instances in each iteration, both the run time and the
labeling effort should be considered. Usually, for the entity resolution problem the cost
of the labeling effort is more expensive than the run time. The run time of learning
process could be reduced by more advanced hardwares and more efficient computing
techniques, such as cluster computing. For another reason, if the number of selected
instances in each learning iteration is increased, the probability of outliers selection
would be increased as well.
Real life data is often noisy and the instances in the most confusion region could probably include outliers [SB02]. For entity resolution problem, an outlier is an extreme
record pair, which is not representative for the majority of the record pairs. Figure 4.9
shows us an example in two-dimensional space. The classifier C1 is trained using the
representative training data R1, R2, G1 and G2. The accuracy of C1 is high and it can
classify the most points correctly. If outliers are added into the training dataset, the
accuracy of the trained classifier would be hardly damaged. In our example, the points
A and B are the typical outliers. If they are added to training data, the new trained
classifier is C2. Comparing with the classifier C1, the accuracy of C2 is much lower.

R2
C2

R1

B

G2
A
G1

C1

Figure 4.9: Outliers for classification problem
However, outlier is a relative concept. A record pair could be considered as an outlier
for classification, when the classifiers are trained using a small set of training data.
The same record pair may be considered as an informative instance and could help to
improve the training, when the size of the training data gets bigger. In the example in
Figure 4.10, many points are labeled and added into the training dataset. Using the
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big amount of training data, the classifier C3 is trained. At this time, the points A and
B are no more considered as outliers. In contrast, they are informative and can help
to refine the classifier further. In the example, after adding A and B into the training
dataset, an improved classifier C4 is trained.
C4
C3

B

A

Figure 4.10: Outliers are no more outliers
Because of the existence of the outliers in practice, the accuracy of the trained classifiers
is difficult to reach 100%. Unfortunately, it is not avoidable to select outliers in the
learning process. Hence, the accuracy of the newly trained classifiers could not be
always improved in the learning process.

4.4

Termination Definition

For an active learning system, the learning process should be terminated, until the termination conditions are satisfied. But no previous work of the committee-based active
learning entity resolution approach discusses clearly about, how to define a reasonable
termination for the learning process. In this section, we enumerate some conditions,
which should be considered for the termination of a committee-based entity resolution
active learning process.
For an active learning approach, many chosen record pairs need to be labeled by human labelers. Usually, the labeling effort is the most expensive cost. Hence, the first
consideration for the termination of the learning process is the maximum number of the
labeling. When the maximum number of the labeling is reached, the learning process
would be terminated.
The run time is the second consideration for the termination. The run time threshold
could be defined as a total run time limitation or a total number of learning iterations,
if the time restriction does not need to be defined exactly.
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The labeling limitation and the run time limitation are the two most basic factors
for the termination of the learning process. For committee-based active learning approaches, when all the record pairs or the majority of the record pairs are classified
by the committee classifiers without disagreement, there would be no confused record
pairs or the number of the confused record pairs would be very few. In this case, the
improvement of the committee classifiers would be very slight, if the learning process
continues. Hence, the third consideration for learning process termination should be
the minimum number of the confused record pairs or the minimum proportion of the
confused record pairs.
The purpose for using active learning process is to train an accurate classifier to solve the
entity resolution problem. If the accuracy of the trained classifier is already satisfactory,
it is not necessary to continue the learning process. Hence, the last consideration for
the learning process termination is a satisfactory accuracy measurement value. It could
be precision, recall, F-Measure or the percentage of the correctly classified record pairs.
When the trained classifier reaches the satisfactory accuracy value already, the learning
process could be terminated. In practice, it is almost imposable to know the accuracy
of the classification exactly. But in order to figure it out roughly, we could sample and
label a set of record pairs as indicators to estimate the accuracy.

4.5

Labeling Using Committee Votes

In order to design a satisfactory learning system for entity resolution, we need to consider about both the satisfaction of the trained classifier and the cost for the training.
Like we mentioned before, the labeling effort is the most expensive cost. If we could
use the committee votes to label the selected record pairs, the learning process could
execute automatically without the human interaction. That means, only initial training data need to be labeled by a human labeler and all the effort of the labeling in
the learning process could be saved. But the huge weakness is that the new training
data could be falsely labeled by the committee votes. For example, if a real match
is unfortunately voted as a non-match by the majority of the committee classifiers, it
would be added into the training dataset as a non-match and its negative effect would
influence the later training. The question, whether the labeling using committee votes
is acceptable, depends on the trade-off between the quality of the trained classifier and
the saving of the labeling effort.
Now we use a simplified example to show the usability of the committee votes labeling.
We assume that there are four classifiers C1 , C2 , C3 , C4 in a committee. Their accuracy
are the same and their votes are same weighted. The probability, that any of the
classifiers correctly votes a record pair, is α. For a confused record pair, if three votes
for match and one vote for non-match, the record pair is temporarily labeled as match.
If three votes for non-match and one vote for match, the record pair is temporarily
labeled as non-match. When the number of the match-votes and the number of the
non-match-votes is equal, the record pair is temporarily labeled as unknown. We use M
to denote the event that in the learning process a selected record pair is a real match,

4.5. Labeling Using Committee Votes

37

and use N to denote the event, that in the learning process the chosen record pair
is a real non-match. We assume the probability, that a chosen record pair from the
confusion region is a match or an non-match, is the same. so that:
P (M ) = P (N ) = 0.5
The event A is that a confused record pair is labeled as match by committee votes.
That means, one of the committee classifier votes for non-match and the other three
committee classifiers vote for match for the record pair. The likelihood P (M |A) means
that the chosen confused record pair is a real match occurring given that the votes of
the four committee classifiers for match and non-match is 3 : 1. The likelihood P (M |A)
is equal to the likelihood P (M |A0 ), that A0 represents the event, that in the committee
C1 votes for non-match and C2 , C3 , C4 vote for match.
P (M |A) = P (M |A0 )
Using the following calculation steps, we could present P (M |A0 ) using the likelihood of
the correct classification by a committee classifier α.
P (A0 |M ) × P (M )
P (A0 )
P (A0 |M ) × P (M )
=
P (A0 |M ) × P (M ) + P (A0 |N ) × P (N )
α3 (1 − α) × 0.5
=
α3 (1 − α) × 0.5 + α(1 − α)3 × 0.5
α2
=
α2 + (1 − α)2

P (M |A0 ) =

P (M |A) = P (M |A0 ) =

α2
α2 + (1 − α)2

For the likelihood P (N |A):
P (N |A) = P (N |A0 )
P (A0 |N ) × P (N )
=
P (A0 )
P (A0 |N ) × P (N )
=
P (A0 |N ) × P (N ) + P (A0 |M ) × P (M )
α(1 − α)3 × 0.5
=
α(1 − α)3 × 0.5 + α3 (1 − α) × 0.5
(1 − α)2
=
α2 + (1 − α)2
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To test the correctness of the calculation:
P (M |A) + P (N |A) =

α2
(1 − α)2
+
=1
α2 + (1 − α)2 α2 + (1 − α)2

Similarly, for the event B, that one of the committee classifier votes for match and the
other three committee classifiers vote for non-match for a record pair. In this case, the
record pair would be labeled as a non-match.
P (N |B) =

α2
α2 + (1 − α)2

α2
P (M |B) = 2
α + (1 − α)2
Table 4.1 lists the change of the likelihoods of P (M |A), P (N |A), P (N |B) and P (M |B)
according to the different committee classifier accuracy α. This could be summarized
using Table 4.2. The accuracy of the committee classifiers has great influence on the
likelihood for correctly labeling. In general, because of the low accuracy of the committee classifiers in the beginning of the learning process, theoretically the usability of
committee votes labeling in the learning system is problematical. In Section 5.5, we use
experiments to check the performance of training using committee votes labeling.
α
P(M|A) P(N|A) P(N|B) P(M|B)
10%
1%
99%
1%
99%
20%
6%
94%
6%
94%
30%
16%
84%
16%
84%
40%
31%
69%
31%
69%
50%
50%
50%
50%
50%
60%
69%
31%
69%
31%
70%
84%
16%
84%
16%
80%
94%
6%
94%
6%
90%
99%
1%
99%
1%
Table 4.1: The change of the likelihoods according to α
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α
Correctly labeling
10%
1%
20%
6%
30%
16%
40%
31%
50%
50%
60%
69%
70%
84%
80%
94%
90%
99%
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Falsely labeling
99%
94%
84%
69%
50%
31%
16%
6%
1%

Table 4.2: Likelihood for correctly and falsely labeling according to the accuracy of the
committee classifier
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5. Evaluation
In this chapter, we evaluate our CALER system, which is presented in Chapter 4. In
practice, an entity resolution system needs to be able to deal with massive data. Our
experiments are implemented on the popular cluster-computing frameworks Apache
Spark with the programming language Scala. Apache Spark provides a machine learning
library MLlib, which provides abundant learning-based algorithms for classification,
regression and clustering [KKWZ15]. The classification algorithms in our experiments
are selected from the library MLlib. The experiments are organized as following:
Section 5.1: we introduce our experiment data and the overall experiment design, including the used blocking method, similarity metrics, the calculation of total similarity
scores and the test principles.
Section 5.2: we compare our initial training data selection method with previous work
ATLAS and AGP.
Section 5.3: we compare our committee generation method with two state-of-the-art
committee-based approaches ATLAS and ALIAS.
Section 5.4: we compare our CALER approach overall with ATLAS and ALIAS, as well
as the passive learning approach.
Section 5.5: we evaluate the acceptance of the attempt, which labels record pairs automatically by means of committee voting results.

5.1

Data and Experiment Design

In the experiments, we use four bibliographic .csv format data files, ACM, DBLP1,
DBLP2 and Scholar [dat]. Their record numbers are showed in Table 5.1. The ground
truth of matching for ACM&DBLP2 and Scholar&(DBLP1+DBLP2) is known.
Our databases are well organized relational databases. We can load them easily and
do not need complex transformation operations. Each of them has the same attributes,
namely id, title, authors, venue, year. Because of the provided ground truth, we pair
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Database
Number of Records
ACM
2294
DBLP2
2616
DBLP1+DBLP2
5231
Scholar
64263
Table 5.1: Record numbers of the data files

ACM and DBLP2 as the dataset ACM-DBLP and pair Scholar and DBLP1+DBLP2
as the dataset Scholar-DBLP. We set a blocking key for each record, which consists
of the first five letters of title. Two records would be paired, only when they have the
same blocking key. Using this blocking method, we lose only about 2% matches, but we
filter out more than 99% non-matches. After paring and blocking, we get two datasets
for the later experiments. The detailed information about the datasets is summarized
in Table 5.2.
Dataset
ACM-DBLP
Scholar-DBLP

Size
Number of Items Number of Matches
1223 KB
20826
2177
2318 KB
45683
4660
Table 5.2: The size of datasets

In the experiments, we choose a variety of similarity functions from the string similarity
library java-string-similarity [deb], which returns normalized similarity scores between
zero and one. We choose seven similarity functions to calculate the attribute similarity
scores for title and authors. Their class names are Cosine, Jaccard, JaroWinkler, MetricLCS, NGram, NormalizedLevenshtein and SorensenDice. The attribute similarity
for venue is calculated using Jaccard. A similarity score near to one indicates a high
similarity between two strings, inversely if a similarity score tends to zero, the similarity
is low. For the attribute year, we define a simple function. If year of the paired records
is the same, the attribute similarity score is one, otherwise it is zero. Totally we get 16
attribute similarities, which serve as features for training classifiers.
In our CALER system, total similarity scores for record pairs are needed to present a
rough similarity of record pairs. Normally total similarity scores are calculated using
weighted attribute similarity scores. Since entity resolution is domain depended, the
weights for the attribute similarity scores should be confirmed by domain experts. In
our experiments, we do not analyze the weights and simplify that, all the weights of
attribute similarity scores are the same. We define the total similarity score of a record
pair as the sum of all the 16 attribute similarity scores of the record pair.
In the experiments of some research work, the whole datasets are used both for the
learning process and for evaluation. This could lead to the overfitting problem and
reduce the stringency of the evaluation results. In order to avoid this situation, we
separate the whole dataset randomly into two parts, namely Experiment Dataset and
Test Dataset and ensure, that there is no overlapping between the two parts. All
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the experiment results are obtained by calculating the average over three runs. More
experiment results and experiment details could be found in appendix and CD.

5.2

Initialization of Training Data

In this section, we evaluate the performance of the initial training data, which are
selected using different initial training data selection methods from ATLAS [TKM01],
AGP [dFPdS+ 10] and our own method CALER. The random section method and the
balanced case are also added into the comparison. Separately, we compare the usability
and the informativeness of the initial training data.

5.2.1

Balance of Initial Taining Data

Training data must contain both matches and non-matches. For usability, we compare
the balance of matches and non-matches among the initial training data, because the
balance is an indicator for the usability of the initial training data. For entity resolution
problem, if the initial training data is small and the balance of matches and non-matches
is not satisfied, the initial training data could only include non-matches and it is not
usable.
Experiment Design
In order to observe the balance of initial training data with different sizes, for different
initial training data methods, we respectively select forty, twenty, ten and five record
pairs from the whole dataset of ACM-DBLP. The first selection method is randomly
sampling, which select forty, twenty, ten and five instances randomly. Second, we use
the ITD selection method in the approach ATLAS, which ranks record pairs based on
total similarity scores and separates record pairs into several groups with the same size,
then randomly sample an equal number of record pairs in each group. When we select
forty, twenty or ten instances, we separate all record pairs into ten groups and sample
four, two or one instances from each group respectively. When we select five instances,
we separate all record pairs in five groups and sample one instance from each group.
Third we use the ITD selection method in the approach AGP, which ranks all record
pairs according to their total similarity scores and takes the same number of top instances and bottom instances. When we select forty, twenty or ten instances, we select
the corresponding equal number of tops and bottoms. When we select five instances,
we select the top three instances and the bottom two instances. Then, we use our own
ITD selection method for CALER system to select initial training data. We also rank
all record pairs according to their total similarity score, like in the approaches ATLAS
and AGP. After the ranking, we sample an equal number of instances from the first top
n and the second top n from the ranked record pairs. n is the minimum of the two original data files sizes. According to the data information in Table 5.1, n is equal to 2294.
When we select forty, twenty or ten instances, we select the corresponding equal number
from the first top n instances and the second top n instances respectively. When we
select five instances, we select three instances from the first top n and two instances
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from the second tops n. At last, in the comparison we also add the balanced case. The
experiment setting for balance comparison of initial training data using different initial
training data selection methods is summarized in Table 5.3. The comparison result is
showed in Figure 5.1.

ITD Methods
l
40
RANDOM
Total number
40
Number of groups
10
ATLAS
Number of selected instances per group
4
Number of tops
20
AGP
Number of bottoms
20
Number of selected instances from top 2294
20
CALER
Number of selected instances from following 2294 20
Number of matches
20
OPTIMAL
Number of non-matches
20

Size
20 10 5
20 10 5
10 10 5
2
1
1
10 5
3
10 5
2
10 5
3
10 5
2
10 5
3
10 5
2

Table 5.3: Experiment setting for balance of initial training data
Experiment Results and Discussion
As Figure 5.1 shows, the balance of the selected initial training data using the ITD
selection method of the approach AGP and our CALER approach is almost as good as
the totally balanced cases. That means, when the number of instances in the initial
training data is very few, the usability of initial training data could still be very well.
The balance of initial training data of the approach ATLAS is much worse than using
AGP and CALER. ATLAS ranks record pairs according to the similarity and separates
them in several groups. Then an equal number of instances from each group are selected.
For entity resolution problem, the proportion of matches among all the record pairs is
small. In our experiment, matches can be obtained with a much higher possibility
from the first and the second groups. Otherwise, when the number of instances in
the initial training data is small, the selected record pairs could contain probably only
non-matches and a classifier would not be trained. Even when the number of initial
training data is increased, the usability of the ATLAS ITD selection method cannot be
guaranteed.

5.2.2

Performance of Initial Taining Data

Experiment Design
The informativeness of initial training data is very important for the first classification
in the start phase of the learning process. Next, we compare the informativeness of the
initial training data, which is selected using different ITD selection methods from ATLAS, AGP and CALER. In addition, we also add the random selection approach and a
balance approach, which randomly sample an equal number of matches and non-matches
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Figure 5.1: The balance of matches and non-matches in initial training data
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based on the ground truth. We use the dataset ACM-DBLP and randomly separate
it into two parts without overlapping, Experiment Dataset with 10000 instances and
Test Dataset with the rest 10826 instances. Using different ITD selection method, 10
record pairs are chosen from the Experiment Dataset. The corresponding n for CALER
is 1102. Then, we use two common classification algorithms Decision Tree [Qui86] and
Support Vector Machine [CV95] to train classifiers with the selected training data and
use the trained classifiers to classify the record pairs in Test Dataset. The F-measure of
the classification results presents a middle measurement of the precision and Recall. It
could indicate the informativeness for the selected initial training data. The experiment
setting are summarized in Table 5.4 and Table 5.5.

Size of
Size of
Size of
Experiment Dataset Test Dataset
ITD
10000

10826

10

Classification
Metric
algorithms
Desision Tree
F-Measure
SVM

Table 5.4: Dataset information and common setting
RANDOM

Total number
10
Number of groups
5
ATLAS
Number of seleted instances per group
2
Number of tops
5
AGP
Number of bottoms
5
Number of selected instances from top 1102
5
CALER
Number of selected instances from following 1102 5
Number of matches
5
OPTIMAL
Number of non-matches
5
Table 5.5: Experiment setting for informativeness of initial training data
Experiment Results and Discussion
The F-measure of the classification results are presented in Figure 5.2. Obviously, the
classification result using our ITD selection method performs the best. Its informativeness of the selected initial training data is even better than the absolutely balanced
initial training data. The randomly selection for initial training data performs at worst.
The ITD selection method of ATLAS is an advanced randomly sampling. It is better
than a simple overall random selection, but it is not satisfied for the entity resolution
problem. Using the ITD selection method of AGP, a certain number of matches and
non-matches could be selected and the initial training data could be very balanced.
However, its informativeness could be relatively low, because the selected instances are
too far away from the real classification boundary. The comparison of precision and
recall could be found in the appendix.
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Figure 5.2: Classification comparison using different ITD selection methods

5.3

Evaluation on the Generated Committee

In this section, we compare our committee generation method of CALER system with
the methods, which are used in the two state-of-the-art committee-based approaches
ATLAS and ALIAS. Both of them generate committees of classifiers using only one
single classification algorithm. In order to get diversified classifiers in a committee,
with the committee generation method of ATLAS, classifiers are trained using different
subsets of the actual training data. With the committee generation method of ALIAS,
classifiers are trained using different training parameter setting. In our CALER system, committee classifiers are trained by multi classification algorithms with the whole
training data as well as the optimal or default parameter setting.
Experiment Design
In the experiment, we use both of the two datasets, ACM-DBLP and Scholar-DBLP.
Each dataset is separated evenly into two parts without overlapping, Experiment Dataset
and Test Dataset. A set of record pairs are randomly sampled from the Experiment
Dataset as initial training data. The initial training data from the Experiment Dataset
of ACM-DBLP consists of randomly sampled five instances. The initial training data
from the Experiment Dataset of Scholar-DBLP consists of randomly sampled ten instances. In order to compare the different committee generation methods fairly, the
approaches with different committee generation methods begin with the same initial
training dataset. The output classification result is the classification result by the decision tree classifier using the Test Dataset.
In each learning iteration, a committee consists of four classifiers. We chosen SVM as
the classification algorithm for the committee generation of the approaches ATLAS and
ALIAS. In the experiment using the dataset ACM-DBLP, each classifier of ATLAS is
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trained by randomly sampling 80% instances from the actual training data, so that in
the first learning iteration always four of the five instances in the initial training dataset
are used to training committee classifiers. In the experiment using Scholar-DBLP, each
classifier of ATLAS is trained by randomly sampling 90% instances from the actual
training data, so that in the first learning iteration always nine of the ten instances
in the initial training dataset are used to training committee classifiers. For the committee generation of the approach ALIAS, we separately set the parameter maxIter
of SVM classification algorithm with the values four, six, eight and ten respectively.
The default value for the parameter maxIter is ten. The committee generation method
of our CALER approach uses multi classification algorithms. According to the performance comparison of the classification algorithms in the machine learning library
MLlib of Apache Spark, four classification algorithms are chosen in our CALER system
for training committee classifiers. They are Logistic Regression (LR), Decision Tree
(DT), Support Vector Machine (SVM) and One-vs-Rest (OVR). In the learning process, we use the default training parameter settings of classification algorithms and the
classifiers are trained always using the whole actual training data.
In order to compare the committee generation methods fairly, we also uniform the
sample selection method for all the three approaches. In the experiments, for each
learning iteration only one record pair would be selected from the Experiment Dataset
and added into the training dataset. Concretely, after classification by the committee
classifiers, a value of voting disagreement is set for each record pair in the Experiment
Dataset according to the classification disagreement of the committee classifiers. The
record pairs in the Experiment Dataset are ranked according to their disagreement
values. Then one instance is randomly sampled from the top twenty record pairs with
the highest disagreement values. In the experiment for each approach, the total number
of the learning iterations is set for twenty. After the twentieth learning iteration, the
learning process would be terminated automatically. The dataset information and the
concrete experiment design are summarized in Table 5.6, Table 5.7 and Table 5.8.
Size of the
Size of
Size of
Size of
whole dataset Experiment Dataset Test Dataset
ITD
ACM-DBLP
20826
10000
10826
5
Scholar-DBLP
45683
20000
25683
10
Table 5.6: Dataset information and number of ITD instances
Experiment Results and Discussion
Figure 5.3 and Figure 5.4 show the comparison of the three different committee generation methods of ATLAS, ALIAS and CALER using the datasets ACM-DBLP and
Scholar-DBLP respectively. Because all the three approaches with different committee
generation methods begin with the same initial training data, the first F-measure for
all the three approaches is the same. The comparison of precision and recall could be
found in the appendix.

5.3. Evaluation on the Generated Committee

Use of
training data
Classification
algorithms
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ATLAS
ACM-DBLP: 80%
Scholar-DBLP: 90%

ALIAS

CALER

whole

whole

SVM

SVM

LR, DT, SVM, OVR

default

maxIter = 4
maxIter = 6
maxIter = 8
maxIter = 10

default

Training parameter
setting

Table 5.7: Experiment setting for generation of committee classifiers

Sample selection
Output classifier
Termination

one randomly chosen instance from the top twenty record pairs
with the highest disagreement in each iteration
decision tree
twenty learning iterations in total

Table 5.8: Common experiment setting for committee generation
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Figure 5.3: Comparison of committee generation methods using dataset ACM-DBLP
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Figure 5.4: Comparison of committee generation methods using dataset Scholar-DBLP
The main goal of our committee generation method is to train better committee classifiers in the learning process, which are more suitable for entity resolution problem
comparing with the previous work. According to the classification results of the committee classifiers, the most informative record pairs could be chosen and added to the
training data, so that the performance of the next trained classifiers could be improved
greatly.
In the two diagrams, the F-measure of CALER committee generation method increases
fastest. In the experiment using the dataset ACM-DBLP, the F-measure of CALER
committee generation method reaches 95% after the fifth learning iteration. In order to
reach the same high F-measure, ALIAS committee generation method needs twelve iterations. And after twelve learning iterations of ATLAS committee generation method,
its F-measure is only arrives 90%. In the experiment using the dataset Scholar-DBLP,
the F-measure of CALER reaches 90% only after three learning iterations. In order
to reach a F-measure, which is more than 90%, ALIAS needs nine learning iterations.
And after twenty learning iterations of ATLAS, its F-measure arrives 90% finally.
On the whole, in both diagrams, our own designed committee generation method using
the multi classification algorithms in CALER system performs the best. The performance of the committee generation method of ATLAS, which trains committee classifiers with subsets of the training data, is the worst. The performance of the committee
generation method of ALIAS, which trains committee classifiers with different training
parameter settings, is in the middle. The comparison of precision and recall is shown
in the appendix.
Using the committee generation methods of our CALER approach, the new chosen
samples for training data are more informative than using the committee generation
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methods from the previous work. Because of using multi classification algorithms, the
analysis of the training data is more comprehensive. Comparing with the committee
generation methods from the approaches ATLAS and ALIAS, the difference between
the committee classifiers in our CALER system are not generated by reducing the size
of the training data or reducing the performance of the used training algorithm. Hence,
our committee classifiers are more accurate. Using our multi classification algorithms
committee generation method, the performance of classification could increase fast in
the learning precess. In order to reach a satisfactory classification accuracy for entity
resolution problem, our committee generation method could help to save much time
and much labeling effort.

5.4

General Comparison of Active and Passive Learning Approaches

In this section, we compare our active learning system CALER overall with other two
committee-based active learning approaches ATLAS and ALIAS, as well as the normal
machine learning approach, which is called here as the passive learning approach. Our
main study in this thesis focuses on the selection of the initial training data and the
generation of the committee classifiers. Hence, we combine the initial training data
selection method and the committee generation method for each approach. Then we
compare the performance of the combinations globally.
Experiment Design
Like the experiments in Section 5.3, we use both datasets, ACM-DBLP and ScholarDBLP. The dataset information could be found in Table 5.6. Test data is independent
of experiment data. The classification results by decision tree are taken as the final
results. In each active learning approach, a committee consists of four classifiers. SVM is
chosen as the classification algorithm for ATLAS and ALIAS. The committee classifiers
of CALER are trained by four different classification algorithms.
In order to eliminate the effects of sample selection methods from different approaches,
we use an uniform sample selection method for ATLAS, ALIAS and CALER. Using the
uniform sample selection method, in each learning iteration only one record pair would
be selected and added into the training dataset. After the committee classification, the
record pairs are ranked according to their confusion values. An instance is randomly
sampled from the most confused twenty record pairs. For each active learning approach,
we select the initial training data as small as possible using its ITD selection method.
If a total number of the labeling reaches 25, the learning process would be terminated.
For the approach ATLAS, we ranks the record pairs in the experiment dataset based on
their total similarity scores. In order to get a match with minimum number of instances
in the initial training data, we select initial training data from the first 10000 record
pairs, which are separated into eight groups with the same size, and one instance is
randomly sampled from each group. In the learning process, each committee classifier
of ATLAS is trained by randomly sampling 90% instances from the actual training data.
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Since the approach ALIAS does not have its own initial training data selection method,
we randomly sample two matches and two non-matches based on the ground truth as
the initial training data. For the committee generation, we set the parameter maxIter
of SVM classification algorithm respectively with the values four, six, eight and ten.
For our CALER system, we use our own designed ITD selection method and committee
generation method. First, we rank all record pairs according to their total similarity
scores. Then we sample two instances from the first top n and two instances from the
second top n. Corresponding to the datasets, for the Experiment Dataset of the dataset
ACM-DBLP, n is 1145 and for the Experiment Dataset of the dataset Scholar-DBLP, n
is 1108. The committee generation method of CALER system uses multi classification
algorithms DT, SVM, LR, OVR. In the learning process, we use the default training
parameter setting of classification algorithms and the committee classifiers are trained
using the whole training data.
In addition, we also implement an passive learning approach using decision tree and
compare it with the active learning approaches, which are introduced above. For the
passive learning approach, we randomly sample 3 to 25 instances respectively as the
training data from the experiment data. Every time, the training data is newly sampled.
Using the training data, a decision tree classifier is trained and classifies the test dataset.
The concrete experiment setting for active learning approaches is summarized in Table 5.9 and Table 5.10

ITD
selection
Use of
training
data
Training
classification
algorithms
Training
parameter
setting

ATLAS

ALIAS

CALER
n = 1145 for
ACM-DBLP
n = 1108 for
Scholar-DBLP

eight groups
random one per group

random two matches
and
two non-matches

90%

whole

whole

SVM

SVM

LR, DT, SVM, OVR

default

maxIter = 4
maxIter = 6
maxIter = 8
maxIter = 10

default

Table 5.9: Experiment setting for active learning approaches
Experiment Results and Discussion
The general comparison results using the dataset ACM-DBLP and Scholar-DBLP are
showed in Figure 5.5 and Figure 5.6 respectively. The comparison of precision and
recall could be found in the appendix.
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one randomly chosen instance from the top twenty record pairs
with the highest disagreement in each iteration
decision tree
25 labeled instances in total

Sample selection
Output classifier
Termination

Table 5.10: Common experiment setting for the comparison of approaches

100%
90%
80%

F-measure

70%
60%

50%
40%

30%
20%
10%

0%
1

2

3

4

5

6

7

8

ATLAS

9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25
Number of the Record Pair Labeling
ALIAS

CALER

PASSIVE

Figure 5.5: General comparison of learning approaches using dataset ACM-DBLP
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Figure 5.6: General comparison of learning approaches using dataset Scholar-DBLP
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The performance of the passive learning approach is the worst. Its F-measure is lower
than the F-measures of the three active learning approaches and the performance is not
stable. Hence, the passive learning approach for entity resolution using a small number
of training data is not reliable.
Using the approach ATLAS, more record pairs need to labeled as initial training data to
ensure its usability, because of its unsatisfactory initial training data selection method
and committee generation method. In the approach ALIAS, the balanced initial training
data are selected based on the ground truth. In practice, its not realizable. In CALER
approach, using four labeled record pairs as initial training data, which are selected using
its ITD selection method, the learning process could begin already, and its beginning
F-Measure is even higher than the beginning F-Measure of ALIAS.
The main goal of an active learning approach for entity resolution is to reach a high
classification accuracy, while the labeling effort should be as little as possible. Generally
in both diagrams, when the number of the labeled record pairs is the same, CALER
performs always the best. The performance of ATLAS, is the worst and its F-measure
is not stable. The performance of ALIAS is in the middle.
By comparison with the state-of-the-art committee-based active learning approaches
from different aspects, our own designed CALER system shows its advantage from
the beginning of the learning process until to the end. CALER system could reach a
satisfactory classification accuracy for solving entity resolution problems, with the least
labeling effort.

5.5

Evaluation of Labeling Quality using Committee Votes

In order to save the labeling effort further, we have discussed the feasibility of labeling
using committee votes in Section 4.5. If the labeling by committee votes is usable and
the trained classifier is satisfactory, the human labelers could be freed from the learning
process. However, the trade-off between the quality of the trained classifiers and the
saving of the labeling effort should be considered.
By analyzing, the likelihood of correctly labeling depends on the accuracy of the actual
committee classifiers. In this section we use experiments to evaluate the feasibility of
the committee votes labeling.
Experiment Design
In the experiments, we use the dataset Scholar-DBLP and the dataset is separated
evenly into Experiment Dataset and Test Dataset without overlapping. We prepare
three sets of initial training data, ITD1, ITD2 and ITD3. They are designedly chosen
as good, medium and bad initial training data and their initial F-Measure is 75%, 52%
and 33% respectively.
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In the learning process, a committee consists of four classifiers, which are trained by
multi classification algorithms Logistic Regression (LR), Decision Tree (DT), Support
Vector Machine (SVM) and One-vs-Rest (OVR). In the learning iterations, committee
classifiers votes their classification results for each unlabeled record pairs in the Experiment Dataset. Each record pair could have different number of match-votes and
non-match-votes. If the number of match-votes is greater than the number of nonmatch-votes, the record pair is temporarily labeled as match. If the number of nonmatch-votes is greater than the number of match-votes, the record pair is temporarily
labeled as non-match. When the number of match-votes and the number of non-matchvotes is equal, the record pair is labeled as unknown. In each learning iteration, two
record pairs are added into the training data. One is randomly chosen from the record
pairs, which have three match-votes and one non-match-vote. The other is randomly
chosen from the record pairs, which have one match-votes and three non-match-vote.
The total number of the iterations for the learning process is twenty. After the twentieth
learning iteration, the learning process would be terminated automatically.
Experiment Results and Discussion
Figure 5.7 shows the three learning processes using the committee votes labeling, which
begin with different quality of initial training data ITD1, ITD2 and ITD3. The output
F-Measures are the average value of the classification F-Measures of the four committee
classifiers using the Test Dataset.
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Figure 5.7: Learning using committee votes labeling beginning with different ITDs
Using the good initial training data ITD1, the average F-Measure of the committee
classifiers begins with 75%. The performance improves fast in the first five iterations
and after that the F-Measure stays stable. In the sixth learning iteration, the F-Measure
reaches 94% and in the following learning iterations, the F-Measure is between 94%
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and 95%. Using the medium initial training data ITD2, the average F-Measure of
committee classifiers begins with 52%. The change of the F-Measure is not stable in
the first half of the learning process. After that the F-Measure is stable between 46%
and 53%. At last, using the bad initial training data ITD3, the average F-Measure of
committee classifiers begins with 33%. In the beginning stage of the learning process,
the F-Measure fluctuates greatly. After that, the F-Measure stays at 30%.
In Section 4.5, Table 4.2 lists the change of the likelihoods of correctly labeling according to different committee classifier accuracy. The correctness of committee labeling
depends on the accuracy of the committee classifiers. That means, the accuracy of the
committee classifiers has great influence on the likelihood of the correct labeling. If
the quality of the initial training data is high, the accuracy of the committee classifiers
would be high, so that the training using committee votes labeling might be acceptable.
In contrast, if the quality of the initial training data cannot be ensured, the accuracy of
the committee classifiers would be also low, so that the likelihood of correctly labeling
would be low and the automatic training is problematical and unusable.

6. Conclusion and Future Work
Comparing with the entity resolution approaches using machine learning, the active
learning-based approaches minimize the cost of the labeling effort. They query human
labelers to label instances with high information gain in the learning process actively
and iteratively.
Among the diversified query strategies of active learning, Query-By-Committee is one of
the most common used active learning approaches. The committee-based active learning
approaches begin with a small set of initial training dataset and train a committee
of classifiers in the learning iterations. The trained classifiers vote their classification
results for unlabeled record pairs. The most informative instances are selected according
to the disagreement of the committee voting and they are added into the training dataset
in order to improve the next trained classifiers.
However, the initial training data selection methods of the state-of-the-art active learning approaches are not satisfied. Moreover, their committees are generated using one
single classification algorithm and the committee classifiers are trained either with different subsets of the whole training dataset or with different parameter settings. The
training does not take full advantage of the training dataset and the classification algorithm.
In this thesis, we design a committee-based active learning entity resolution system
CALER, which can overcome the drawbacks of the previous work. It is able to select
an initial training dataset with high usability and informativeness. In the learning
process the committee classifiers are trained using multi classification algorithms and
the training can take full advantage of the whole training dataset and the classification
algorithm.
Our experiments show that our ITD selection method of CALER can select balanced
instances with high informativeness. Even when the size of the initial training dataset
is very small, the initial training dataset is still usable to train classifiers. Using multi

58

6. Conclusion and Future Work

classification algorithms for committee generation, the selected instances are more informative and the improvement of the trained classifier is faster. In addition, we use
experiments to show that labeling using committee votes is unreliable, because the labeling accuracy is dependent on the quality of the training data and the committee
classifiers.
Comparing with previous work, our CALER system could reach a higher classification
accuracy with less labeling effort.
Future Work:
At last, we introduce some meaningful future work, which could be done in the future,
in order to further improve our CALER system and enrich the evaluation. The future
work is summarized in the following three points:
Outlier recognition using weight of density: Outliers have serious negative influence on the training. If an outlier are added into the training dataset, the accuracy
of the trained classifiers would be declined sharply. At first, we intend to recognize
the possible outliers. The record pairs with low distribution density could have low
informativeness. They might be probability outliers. Hence, we could set a weight of
density for each record pair. New training data should be selected considering both
the disagreement of the committee votes and the density weights of the record pairs, in
order to avoid to select outliers as far as possible.
Weighting of committee classifiers: In our system, the weights of committee classifiers, which are trained using different classification algorithms, are the same. But
the performance of the committee classifiers are different. Second, we could figure out
the performance of the committee classifiers and set different weights for them to improve the training. Besides, the output classifier could also be a committee of weighted
classifiers, in order to improve the accuracy of the classification results.
Evaluation using multi kinds of data: In our experiments, we only use the bibliographic data to evaluate our system. The evaluation is not comprehensive enough. At
last, we could using other kinds of data to enrich our evaluation.
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Since F-Measure considers both precision and recall harmoniously and same weighted,
we use F-Measure to present the quality of the classification result in our thesis. However, in some application scenarios, precision and recall have different importance.
Hence, we also place the comparison results of both precision and recall for some important experiments in the appendix.
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Figure 7.1: Precision and recall comparison of classification algorithms in MLlib
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Figure 7.2: Classification comparison of precision using different ITD selection methods
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Figure 7.4: Precision comparison of committee generation methods using dataset ACMDBLP
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Figure 7.5: Recall comparison of committee generation methods using dataset ACMDBLP
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Figure 7.6: Precision comparison of committee generation methods using dataset
Scholar-DBLP
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Figure 7.7: Recall comparison of committee generation methods using dataset ScholarDBLP
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Figure 7.8: General comparison of learning approaches precision using dataset ACMDBLP
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Figure 7.9: General comparison of learning approaches recall using dataset ACM-DBLP
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Figure 7.10: General comparison of learning approaches precision using dataset ScholarDBLP
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Figure 7.11: General comparison of learning approaches recall using dataset ScholarDBLP
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