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Abstract

Introduction. Entity matching is a fundamental operation in a wide range of
information management applications and a tremendous number of methods have
been proposed to address the problem. Human-in-the-loop entity matching is a
human-AI collaborative approach which is effective when the data for entity
matching is incomplete or requires domain knowledge. A typical human-in-the-
loop approach is to allow a machine-learning-based matcher to ask humans to
match entities when it cannot match them with high confidence. However, ML-
based matchers cannot avoid the unknown-unknown problem, i.e., they can resolve
the entities incorrectly with high confidence.

Method. This paper addresses an inconsistency-based method to deal with this
problem. The method asks humans to resolve the entities when we find
inconsistency in the transitivity property behind entity matching. For example, if a
matcher returns a positive result only for two combinations among three entities,
the result is inconsistent.

Analysis. This paper shows an implementation of our idea in similarity-based
blocking method and Bayesian inference and explains the result of an extensive set
of experiments that reveals how and when the method is effective.

Results. The result showed that the inconsistency-based sampling selects very
different entity pairs compared to other sampling strategies and that a simple
hybrid strategy performs well in many practical situations.

Conclusion. The results indicate our approach complements any existing matcher
that can cause the unknown-unknown problem in entity matching.

Information Research, Vol. 30 No. iConf (2025)

1024


https://doi.org/10.47989/ir30iConf47140

Introduction

Entity matching is a fundamental operation for objects in information management applications,
such as bibliographic records, names (Cohen, et al., 2003), entities that appear in ontology (Xu, et
al,, 2008), texts and other data collections (Jaro, 1989). Therefore, a tremendous number of
methods have been proposed to address the problem (Christophides, et al., 2020), (Mudgal, et al.,
2018), (Jaro, 1989), and implemented services are often available (Govind, 2018). Machine-learning-
based matchers (Eraheem, et al., 2014), (Li, et al., 2020), (Yao, et al., 2022) are widely used for many
other problems in digital libraries (Nielsen, 2018).

Human-in-the-loop entity matching (Osawa, et al., 2021), (Gokhale, et al., 2014), (Das, et al., 2017) is
a human-AlI collaborative approach to the problem and known as being effective when the data set
isincomplete, or the matching requires domain knowledge (Trabelsi, et al., 2022). A typical human-
in-the-loop ML matching is to allow an ML matcher to ask humans to match entities when it cannot
match them with high confidence.

However, ML-based matchers cannot avoid the unknown-unknown problem, i.e., they can match
the entities incorrectly with high confidence (Chung, et al., 2019). This is an inherent weakness of
the ML-based matchers, because typical human-in-the-loop approaches choose a pair when the
matching result is uncertain, or multiple matchers disagree on the result (Settles, 2010), but such
procedures do not guarantee that the matching decisions on the remaining pairs are correct.

This paper addresses an inconsistency-driven method that addresses this problem, which can be
used with any matchers that output matching probabilities for a pair of entities. The method
chooses the entity pairs it asks humans to match, by an inconsistency-based “sampling”; when it
finds inconsistency in the equivalence relation behind entity matching, it picks up the pair of
entities that cause the inconsistency and asks humans to fix the matches. For example, if a matcher
returns a negative result only for a particular pair (e.g., s; and s3) among three entities s;, s, and s;
(Fig 1), the result is inconsistent because it violates the transitive law of the equivalence
relationship.
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Figure 1. Inconsistency-driven human-in-the-loop entity matching: if the ML matcher outputs the results
that are inconsistent with each other, humans correct the result, and the feedback is given to the matcher
to improve the results

We implemented the inconsistency-driven sampling in a simple framework combining Bayesian
inference and similarity-based blocking method, to highlight the effects of the sampling. In the
framework, we assume that we have a certain amount of training data with known labels in advance
for the blocking and Bayesian inference. Then, we conducted an extensive set of experiments with
different accuracies of matchers, expecting that the result reveals how and when the method is
effective. Therefore, we focus on the quality improvement relative to the performance (in terms of
f1values (We use the fl value instead of accuracy because of the imbalance of the numbers between
matched and unmatched pairs)) of the original matcher.
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Our research questions are as follows: (RQ1) What is the characteristic of the inconsistency-driven
approach as an entity matching strategy? (RQ2) In what situation the approach is effective?

The contributions of this paper are twofold: First, we show a principled framework for an
inconsistency-driven approach for human-in-the-loop entity matching. Our approach
complements any existing matcher that can cause the unknown-unknown problem. This paper
shows an implementation of our approach in a simple framework to address the effects of the
approach.

Second, we show the result of an extensive set of experiments with three real-world datasets with
different characteristics. We then conducted a detailed analysis of the results. Consequently, we
observed the effects of our approach in different situations, revealing how and when the approach
is effective.

Note that our research question is not about the performance of a particular matcher. Our findings
are summarized as follows.

1. The inconsistency-driven sampling chooses data items that are completely different from
those chosen by uncertainty-based and random sampling.

2. Theinconsistency-driven sampling has advantages even if human answers are not completely
correct as long as the performance of the matcher is relatively high. This is because the
inconsistency-based check works well in finding incorrect responses from humans as long as
the performance of the matcher is relatively high.

3. A simple hybrid strategy broadens the sweet spot of the inconsistency-driven approach; it
lowers the f1 value threshold for which inconsistency-driven sampling is effective.

Related works
In this section, we introduce the studies related to this research and describe their methods and
the position of this research.

Rule-based or ML-based entity matching

Many solutions have been proposed for the entity matching problem. The classic example is a rule-
based approach. The method clusters those that contain full or partial matches of attribute values
or identical tokens that have been segmented into words (Jaro, 1989), (Cohen, et al., 2003),
(Benjelloun, et al., 2009). Recently, a machine learning approach has been proposed. They use
random forests (Gokhale, et al., 2014), (Das, et al., 2017), and metric learning (Peeters, et al., 2022),
(Osawa, et al., 2021) to judge whether an entity pair is a match by calculating its similarity. These
methods are simple and inexpensive but are vulnerable to orthographical variants of data.

Human-in-the-loop entity matching

Several studies have pointed out the limitations of entity matching using only computers without
human intervention. (Takashi et al. 2019) identified low-precision results based on similarity using
Okapi BM25 (Robertson, et al., 1995) and proposed a crowdsourcing-based method that allows for
human interaction. (Das, et al., 2017) proposed the framework, Falcon. This method assumes that
there is no training data, and a small portion of the target data is labelled by a human to prepare
the training data. Other methods using human-in-the-loop have been proposed (Li, 2017),
(Gokhale, et al., 2014), (Osawa, et al., 2021), (Eraheem, et al., 2014). Any methods are used to generate
or modify data for quality of results and training of the computer, and the other methods are used
in much the same way. In this study, we propose a human task from the perspective of obtaining
efficient training data.
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Methods using transitivity law and domain knowledge

(Zhu et al., 2020) proposed a method using the transitivity of equivalence class. The method tries
to find two matched pairs that share the same entity so that it can infer another match between
other two entities, because the matching is done by crowdsourcing and requires a huge monetary
cost. Our work is different from it in the way to use the transitivity of equivalence because we use
it to detect errors in Al decisions assuming Al is the main matcher. Other methods (Li, et al., 2020),
(Trabelsi, et al., 2022) use domain knowledge to improve accuracy in entity matching. Their
approach is completely different from ours and complementary to each other.

Problem definition
In this section, we define the problem. Table 1 shows definitions of symbols in this paper.

We define a tuple of entities as x = (s;, s;), set of all possible tuple of entities as X = {(s;,s;) € §? |
i <j}, a set of labels Y = {Match, Unmatch}, and a set of all true data as U" = {(x;, y;)}j=; € X X Y,
where n = 5/C;. L7 = {(x;,y;)}{%,; € U"is the labelled training set with m samples(We assume that
humans give answers with the platform such as crowdsourcing) (we give m and m <« n). Our main
goal is to design a query strategy Q: U” — L™ to train an entity matching model (matcher) f € F,
f:X —= Y. The optimization problem can be expressed as follows:

1
argmax— > 8(f(0) =yV () €£™) W
Lmcynr n
(x,y)eun

where § is the indicator function. The intuition of Eq. (1) is that, for all pairs of entities in a dataset,
it is beneficial for the matcher to answer a matching for a pair $x$ correctly, and the dataset L™
contains the correct label for a pair x. We assume the model returns a probability of Match or
Ummatch, and we note the probability of Match that the matching model gives to a tuple (s;,s;) as
P(Match|sl-, Sj).

Symbol Definition

S ={s;} All entities in the dataset.
S An entity.
y € Y = {Match, Unmatch} Labels.
x €X ={(si,5;) €S xS 1i<j} Possible tuples.

U c X xY A set of all possible pairs and their labels.
L™ cur Labeled entity tuples for retraining.

Q:U" > L™ A sampling strategy for labeling.

feEF Model (e.g., Bayesian inference).

Table 1. Symbol definitions

Inconsistency-driven sampling

Basic idea

The inconsistency-driven sampling samples the pairs of the entities asked to the human.
Intuitively, with the current labelled set £ we compute P( Match | s;,s; ) for all pairs in U” — £,
find pairs that cause inconsistency, choose SmS pairs, and re-train the parameters of matching
model.

To find the inconsistent pairs from the inference result by the current matching model, we
consider pairs in a triple of the entities. We call the matching of the three pairs inconsistent if they
constitute impossible patterns under the transitivity of equivalence relation (such as "positive,"
"positive," and "negative," as shown in Fig. 2).

Information Research, Vol. 30 No. iConf (2025)

1027



Using Bayesian inference, we can calculate the probability that each pair is a match. Given a triple
Aijx = (si,5j,51), the probability that these three pairs cause inconsistency can be calculated as in

Eq. (2).
Inconsistency(Aijk) = Z P(Matchl|s,, sp)P(Matchl|s,, s, )P(Unmatch|s.,s,) (2)
(a,b,0)e{(i,j.k),(j.k,0),(k,i,))}

In this study, when the Inconsistency is higher, we assume the matcher is getting more confused,
and we prioritize the triple to ask humans to correct it.

Positive pairsinferred ~ ----- Negative pairs inferred

P(Mateh|(s;, si))

Q P(Match|(s;, 55))

P(Unmatch|(s, s:))

Consistency Inconsistency

L

Figure 2. Inconsistency in focusing on the three data

Inconsistency-driven sampling algorithm

Algorithm 1 implements the idea of inconsistency-driven sampling. It takes a set of entity pairs
with match probabilities D = {((si, sj),p)} c X x [0,1] and outputs m sample pairs taken from the
given set. Note that the matching probability p = P(Match|s;, s;). Note that the given set of entity
pairs forms a graph, and that the triples that may cause the inconsistency in the graph are triangles.
We define a set of triangles as

T ={by €SI ((Si' Sj)’P1)'((Sj'5k)' Pz)’((sk’si)’l’s) € D} 3)

The flow of inconsistency-driven sampling is as follows: First, we apply the blocking method for
the set of entities, then sort the triangles in descending order of Inconsistency, and lastly, sample
the m/3 triangles with the highest Inconsistency to sample m pairs of entities.

Algorithm 1 Inconsistency-driven sampling

Input: ﬁ,m

Output: A set of m pairs of entities
1: T’ « Sort A;jx € T in descending order by Inconsistency(Aijx)
2: return Triangles up to the (m/3)-th of T"

Algorithm 1. Inconsistency-driven sampling
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Experiments
We conducted an extensive set of experiments to address our research questions and evaluated
the impact of sampling strategies on the f1 value of matchers on datasets from different domains.

Figure 3 overviews the overall experiment workflow. First, we apply a blocking technique to each
of the three datasets for the experiment and generate training and evaluation datasets. Then, we
execute human-in-the-loop entity matching iterations with each of the five sampling strategies.
We explain the steps one by one.

Datasets and human settings

Datasets

We used three datasets taken from different domains (Table 2): Persons (Kopcke, et al., 2010),
Bibliorecords (a private dataset supplied by public libraries in Japan), and Music (Képcke, et al.,
2010). Each dataset has a set of entities that has an attribute that stores cluster labels; if two have
the same cluster label, they are matched entities, i.e., they represent the same entity. Persons and
Bibliorecords are relatively clean datasets, while Music has many missing values and contains dirty
attributes, such as having an album name in the (music) title attribute.

Domain (Language) Attributes
Persons (Kopcke, et al., 2010) (English) name, surname, suburb, postcode
Bibliorecords (Japanese) title, author, publisher, date
Music (Kopcke, et al., 2010) (English) artist, title, album, year, length

Table 2. Datasets from three different domains

Human settings

It is unavoidable for humans to make mistakes. In order to see the impact of errors on each
sampling strategy in a systematic way, we took a simulation-based approach by implementing
agents that serve as humans who give labels with a given accuracy; we examined three cases in
terms of the accuracy of human labels: 100%, 95%, and 90%. The accuracy is, in other words, the
percentage of noise labels in active learning, and we investigated the impact of noise labels on
active learning (Wu, et al., 2022), (Younesian, et al., 2021).

Blocking and data preparation
For each of the three original datasets, we generated two data sets we use in the blocking phase
and the human-in-the-loop entity matching iterations:

the training dataset for the blocking phase and the Bayesian inference, and
the evaluation dataset for evaluating sampling strategies to update the Bayesian inference.

The two datasets were constructed as follows and disjointed from each other.

Training dataset D': For each original dataset, we randomly choose a set of 15,000 positive pairs
(the two cluster labels are the same) and 15,000 negative pairs (the labels are different from each
other) from all pairs of entities in the original dataset. Then, every entity pair and their label form
a triple contained in D*.

Evaluation Dataset D¢: First, we randomly select clusters from each of the original datasets until
each dataset contains about 2000 entities in total. Then, we generate a set of entity pairs with
labels from the clusters.

Then, we constructed the dataset by applying a standard blocking technique based on metric
learning to all pairs of the selected entities. The blocking technique chose only pairs of entities
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that were closer than the threshold after metric learning on the distance among entities with the
training dataset.

Table 3 shows the statistics of the evaluation datasets constructed this way. Note that the blocking
does not work in favour of the inconsistency-driven sampling because the blocking is done based
on the metric learning result, and it removed some of the potentially matched pairs that can affect
the inconsistency-based sampling (i.e., the recall of the matches is less than 1).

Domain (Language) #Entities  #Pairs #Matches Recall of matches of the blocking

Persons 2001 48,835 1379 0.848
Bibliorecords 2001 66,911 1594 0.840
Music 2002 196,414 1613 0.739

Table 3. Statistics of the evaluation datasets after blocking

Human-in-the-loop entity matching iterations

Algorithm 2 gives the concrete steps in the human-in-the-loop entity matching iterations in the
experiment workflow. First, we conduct the Bayesian inference with D for D}, Then, in the
iteration, it chooses samples for which it obtains human labels and uses the obtained result to
update the inference. We chose Bayesian inference because it is a simple matcher that satisfies the
requirement for the application of our inconsistency-driven sampling: it outputs a matching
probability for a pair of entities. Note that our research question is not the performance of a
particular matcher, and we can use this Bayesian inference matcher without loss of generality.

Algorithm 2 Human-in-the-loop entity matching iterations for the experiment

Input: Training Data D C 4™, Evaluation Data D¢ C Y™ — D*
Output: (None)
1: for k=1 to 10 do

Conduct the Bayesian inference with D! for D° to output De
Calculate F1 value for D¢ (with D%)
Choose m pairs from D¢ using Algorithm 1
Obtain the human label for m pairs and add the data to D*
Update the matcher with m pairs

end for

Algorithm 2. Human-in-the-loop entity matching iterations for the experiment

Matcher implementation

The workflow implements a Bayesian inference-based matcher. The model infers the matching by
considering the similarity measures between the given two entities. Our model requires the four
similarities, which are the basic similarity measures for texts shown in Table 4.

l Indicator

FastText vector (Bojanowski, et al., 2017)
Jaro-winkler (Winkler, et al., 1990)
Levenshtein (Levenshtein, et al., 1966)
Gestalt Pattern Matching (Virtanen, et al., 2020)

Table 4. Statistics of the evaluation datasets after blocking

Sl =

The probabilities obtained from these probability density functions can be integrated as in Eq. (4)
to estimate the matching probability of the pair.
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Note that z;; = (z,(l) v gz

La( zl.('lj) | Match )P(Match)

l
Class€{Match,Unmatch} H?:l p( Zi(,j) | Class )P(Class)

P(Match | s;s;) = (4)

"

ij».2i; ) is a vector based on the similarity between entities s; and s;. The

parameters for constructing the probability p are obtained by fitting a probability density
function based on the mixed Gaussian distribution (Dempster, et al., 1977), (Pedregosa, et al., 2011)
to the training data (Fig. 4).
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Figure 4. Fitting probability density function

Sampling strategies

We used the following five sampling strategies. Note that uncertainty sampling and query-by-
committee sampling are model-based strategies while diversity sampling and random sampling are
model-free strategies.

1.

Inconsistency-driven sampling. This is the method we proposed in which pairs whose
estimated labels lead to an inconsistency.

Uncertainty sampling (model-based) (Settles, 2010). In Bayesian inference, we compute the
confidence value for each pair and chose those pairs that are not clearly positive or negative.
Specifically, we use Eq. (5) for the confidence value and choose the pair with the least
confidence value.

Priority = 1 — |P(Matchl|s;,s;) — 0.5] 5)

Query-by-committee sampling (model-based) (Settles, 2010). Query-by-committee is a
method of choosing pairs by aggregating the results of multiple indicators. In this experiment,
we used two indicators that computed positive and negative scores for each indicator, which
were calculated and sampled from antagonistic pairs. Specifically, sample in order of
increasing value of Eq. (8).

n
Positive = np(zi(_lj)|Match)P(Match) (6)
=1
n
Negative = 1_[p(zi(’lj)|Unmatch)P(Unmatch) @)
=1
Priority = 1 — (Positive + Negative) €)
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4. Diversity sampling (model-free) (O'Neill, et al., 2017). This method selects distant pairs from
those that have already been labelled by humans. The distance is calculated using the
embedded representation of FastText (Bojanowski, et al., 2017). The first iteration is L™ = @,
so random sampling is executed only in the iteration.

5. Random sampling (model-free). This method randomly selects the candidate pairs. We used
the random function from Python's random module.

Other settings
Prior distribution for Bayesian inference. The prior distribution was set to P(Match) = 0.1 and
P(Unmatch) = 0.9.

Batch sampling. We adopted a batch sampling scheme to reduce the number of inference updates;
in each iteration, we choose SmS$ samples (instead of choosing one sample) and obtain their human
labels before each inference update. We set m = 300. We need to be careful when dealing with
inconsistency-driven sampling in the batch because we may obtain more than one human label for
the same pair if it appears in different sets of inconsistent triangles. We solved the duplication by
majority vote.

Languages and libraries. These algorithms were implemented by Python3, using the modules
Tensorflow (Abadi et al., 2015) for metric learner construction, Cupy (Okuta et al., 2017) and Faiss
(Johnson et al., 2019) for blocking and indexing, and Scipy (Virtanen, et al., 2020) and Scikit-Learn
(Pedregosa, et al., 2011) for Bayesian inference probability density function manipulation.

Results

Difference of sampling distributions

Fig. 5 shows how different the five sampling strategies are from each other in terms of chosen
samples. The horizontal axis represents the match probability determined by the inference, where
the closer the match probability is to 1, the more likely the pair is to be matched, while the closer
itis to 0, the more unlikely. The vertical axis represents the number of chosen pairs in the sampling
strategy (in the log scale). The higher orange intensity means that they are chosen in earlier
iterations.

The result clearly shows that the strategies are remarkably different in terms of chosen samples.
Inconsistency-driven sampling tends to choose pairs that are highly likely or unlikely to be positive,
while uncertainty sampling constantly chooses pairs in the middle. Query-by-committee,
diversity, and random sampling choose pairs from a wide range.
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Figure 5. Analysis: Distribution of match probability for each sampling strategy

Effects on matcher performance
Fig. 6 shows the effects of each sampling strategy on the matcher performance in the iterations.
The X-axis is the number of iterations. The Y-axis is the F1 value for the output of Bayesian

Inference and human labels after each iteration for the evaluation dataset. Each line represents a
sampling strategy.

The aim of seeing the figure is to identify the sweet spots of each sampling strategy. Note that the
performance of matchers (to be used with sampling strategies) for Persons, Bibliorecords, and
Music are very different (very high, moderate, and very low, respectively). The result suggests the
following. First, inconsistency-driven sampling is effective when the f1 value of the matcher is high
(i.e., higher than 0.8), while uncertainty sampling performs the best, especially for lower-quality
matchers. Second, when the f1 value is high, the performance inconsistency-driven is stable, while
other sampling strategies are directly influenced when the accuracy of human labels becomes
lower. The results are reasonable for the following reasons: if the f1 value of matchers is not high,
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it is difficult to identify inconsistency correctly. Third, the inconsistency-driven approach can
identify inconsistencies even for newly obtained human labels, while other strategies take human
inputs as oracles, even if they are incorrect.
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Figure 6. Experiment: Comparison of f1 value for different sampling strategies

Hybrid strategy

The results so far showed that (1) the inconsistency-based sampling works better when the
inference f1 value is high while uncertainty sampling works better otherwise and that (2) the chosen
pairs of the strategies are completely different to each other. They suggest that it is worth
considering a hybrid strategy. Since it is difficult to set the threshold to switch strategies, we
considered a simple hybrid strategy that switches uncertainty and inconsistency-driven strategies
in each iteration.

Fig. 7 shows the results of applying the hybrid strategy to the three datasets with 90%-accurate
human labels. The result shows that the hybrid strategy performs well when the inference f1 value
is moderate or higher, which covers many practical situations. On the other hand, uncertainty
sampling still works better with the inference with an extremely low f1 value.
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Figure 7. Experiment: comparison of f1 value for different sampling strategies
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Conclusion

This paper addressed an inconsistency-based sampling strategy to deal with the unknown-
unknown problem in active learning for entity matching. The method asks humans to resolve the
entities when we find inconsistency in the transitivity property. This paper implemented a human-
in-the-loop entity matching framework with this sampling strategy with similarity-based blocking
method and Bayesian inference. It also explained the result of an extensive set of experiments that
reveals how and when the method is effective. The result showed that the inconsistency-based
sampling selects very different entity pairs compared to other sampling strategies and that a
simple hybrid strategy performs well in many practical situations. Future work includes the
interaction of the sampling strategy and matcher implementations. For example, the sampling
result may suggest switching to other types of matchers.
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