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ABSTRACT

We present TransClean, a method for detecting false positive predictions of entity matching algorithms
under real-world conditions characterized by large-scale, noisy, and unlabeled multi-source datasets that
undergo distributional shifts. TransClean is explicitly designed to operate with multiple data sources in an
efficient, robust and fast manner while accounting for edge cases and requiring limited manual labeling.
TransClean leverages the Transitive Consistency, a measure that we propose, aimed to detect the lack of
consistency of a pairwise matching model fy on the graph Gy, implied by its predicted pairwise matches.
The Transitive Consistency is calculated via all the predictions of fy on the pairs of records belonging
to the same connected components in G¢,. TransClean iteratively modifies a matching through gradually
removing false positive matches while removing as few true positive matches as possible. In each of these
steps, the estimation of the Transitive Consistency is exclusively done through model inference and produces
indicators that can be used as proxies of the amounts of true and false positives in the matching while not
requiring any manual labeling. These indicators produce estimates of the quality of the matching and point
out which record groups are likely to contain false positives. In our experiments, we compare combining
TransClean with a naively trained pairwise matching model (DistilBERT) and with a state-of-the-art end-to-
end matching method (CLER) and illustrate the flexibility of TransClean in being able to detect most of the
false positives of either setup across a variety of datasets. Our experiments show that TransClean induces
an average +24.42 F1 score improvement for entity matching in a multi-source setting when compared to

traditional pair-wise matching algorithms.

l. INTRODUCTION

Entity Matching (EM) describes the process in which data
records originating from different sources are compared to
find those that refer to the same real-world entities. EM
is a vital part of any Extract-Transform-Load (ETL)/data
integration process, as it enables the joint use of all available
data items relating to each real-world entity when such items
originate from different sources. Successful EM systems
allow for the merging of different data sources into unified
repositories and prevent inaccuracies caused by duplicate
records. EM, itself ironically referred to via multiple names
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such as Record Linkage (RL), Entity Resolution (ER) and
Data Integration/Deduplication, has been studied since the
1940s [13]], [15] and has been classically tackled via rule-
based algorithms and heuristics [9], [20], [25]], [36]l. In recent
years, however, most state-of-the-art EM methods rely on
machine learning (ML), most notably Transformer models

(61, (291 (301, [53].-

ML-based methods frame EM as a binary classification
problem by classifying pairs of records as either Match or
NoMat ch and are usually compared to each other based ex-
clusively on their performance on this task. However, based
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on individual pairwise predictions, entity matching models
also implicitly define groupings of records through transitive
(implicit) links. These transitive relationships play a crucial
role in multi-source settings, yet they have been overlooked
by previous methods since they are not reflected in scores
based only on pairwise binary predictions. We will discuss
them in detail in Section[[V]
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FIGURE 1. Example of a matching involving three records from three different
data sources. The matches (r41, r42) and (rx2, r43) imply also the
transitive match (r41, r43) even if r; and r43 have not been directly
paired.

Consider, for instance, the matching of records ruq, 742
and r43 from three different data sources as shown in Figure
E} If an EM method predicts pairs (741,742) and (ru2,743)
as matches, then it is implying the match (rui,ru3) as
well (see dotting line in Figure [T). Such matches have been
referred to as transitive matches [|12] and can be present in
any matching setting - empheven in the standard setting of
matching records from only two different sources. Transitive
matches are, however, most problematic in the multi-source
matching case, due to the greater numbers of candidate pairs
being considered and the propagating effect of false positive
predictions when wrongly linking different record groups.
This is because two wrongly linked record groups lead to
large numbers of false positive transitive matches since each
implied transitive match between records of different groups
will be a false positive.

In the real-world, EM tasks involve numerous large un-
labeled datasets which make evaluating the performance of
different EM methods and comparisons among them unfea-
sible in practice, as verifying the faithfulness of a given set
of pairwise matches requires manually labeling them one by
one, which is extremely time consuming when dealing with
millions of record pairs. Effectively, the evaluation of a given
matching across unlabeled data sources is in itself as chal-
lenging as producing the matching itself, if not even more so.
Comparisons between different matchings can be attempted
via analyzing, for example, statistics of the produced record
groups such as the size distribution, the number of pairwise
predictions per group, etc. Such comparisons, however, are
not conclusive and cannot alone pinpoint the strengths and
weaknesses of each EM method unless extensive manual
labeling is also involved.

2

This difficulty has created a significant gap between EM
research and real-world projects. On one hand, EM research
is focused on improving state-of-the-art black box pairwise
prediction models where ground truth matches are available.
On the other hand, in real-world projects, EM tasks are
usually tackled through heuristics on a case-by-case basis [2],
[52], where ground truth matches are typically not available
or very expensive to get. The narrowing of this gap can only
be achieved through developing EM methods that account for
several criteria such as:

« Manual labeling: Only a reduced number of candidate
record pairs can be expected to be manually labeled
by human annotators. As a task, manual labeling is in-
herently labor-intensive and monotonous, often leading
to annotator fatigue, which negatively impacts labeling
accuracy over time [35]).

« Run time: EM methods need to produce matchings in a
reasonable time, the complexity of every step of an EM
pipeline needs to be carefully accounted for.

o Correctness assurance: Black box EM methods should
provide some form of additional evidence on the cor-
rectness of the matching produced beyond the predic-
tions themselves, so that extensive manual labeling can
be avoided.

Our aim is to add to this line of research by presenting the
concept of Transitive Consistency, a measure of the consis-
tency of a pairwise matching model fy based on its predic-
tions on the transitive matches of its produced matching G ¢,.
We also introduce TransClean, a technique that leverages the
Transitive Consistency to identify and remove false positive
predictions through a series of iterative steps and accounts
for all the criteria listed previously. Our main contributions
are as follows:

1) We introduce the concept of Transitive Consistency
and TransClean, a method that can be combined with
any pairwise matching model and aims to detect the
false positive predictions of a given matching. Tran-
sClean is inspired by a large real-world use case where
entities of multiple sources need to be matched. Hence,
TransClean is explicitly designed for the matching of
multiple, large and unlabeled datasets in an efficient,
robust and fast manner while accounting for edge cases
and requiring little manual labeling.

2) In our experiments, we combine TransClean both with
a naively trained pairwise matching model (Distil-
BERT) and a state-of-the-art EM method (CLER [53]])
across a variety of datasets and illustrate TransClean’s
ability to detect large proportions of the false positives
produced by both models.

3) We illustrate the advantages of using TransClean over
using exclusively traditional pairwise matching algo-
rithms. Specifically, we show how the Transitive Con-
sistency, calculated via the predictions on transitive
matches, can be used as an observable proxy of the
quality of a matching and how its evolution during

VOLUME 1, 2023

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



This article has been accepted for publication in IEEE Access. This is the author's version which has not been fully edited and

content may change prior to final publication. Citation information: DOI 10.1109/ACCESS.2025.3632400

IEEE Access

the different steps of TransClean indicates a gradual
improvement of the matching, eliminating the need to
perform extensive manual labeling. Our experiments
show that TransClean induces an average +24.42 F1
score improvement for entity matching in a multi-
source setting when compared to traditional pair-wise
matching algorithms.

The manuscript is organized as follows. Section [l discusses
the related work on EM with ML methods. Section
presents a discussion on the challenges that arise in real-
world EM tasks and the issues associated with using exclu-
sively pairwise matching models. Section [[V] presents the
definition of Transitive Consistency and the different steps
that make up TransClean. Section |V|discusses the setup and
results of the different entity matching experiments we run
across multiple datasets. Finally, Section presents our
conclusions along with an outlook on future work.

Il. RELATED WORK

Current state-of-the-art EM methods employ ML models
based on variations of the Transformer architecture [48]].
Classical EM methods based on combinations of hand-
crafted heuristics [25], [36] have been overtaken by ML-
based ones due to the ability of the former at overcoming
common EM challenges such as noisy and heterogeneous
records (e.g. with missing data, misplaced attributes etc.)
by treating them as instances of textual data. Through fine-
tuning, pre-trained Transformer models are able to learn
complex mappings from sets of manually labeled pairs.

Following this line of thought, multiple works present
different training optimizations, such as pseudo-labeling,
data augmentation and contrastive learning, that aim to im-
prove the performance of pairwise pre-trained Transformer
classifiers [6], [18], 1291, [32], [37], [40], [49], [54]], often
paired with Active Learning techniques [2], [S]], [14]], [16]],
[17], [19], [24]], [28]], [47], [57] and Large Language Models
(LLMs) [33]], [39], (501, [56ﬂ More recently, even quantum
neural networks have been used for entity matching [4]].

These methods are usually compared based on their perfor-
mance on multiple benchmarks consisting of 2 data sources
such as those published by the Database Group of the Uni-
versity of Leipzig [26] and the Magellan datasets [[11] which
have fixed train/val/test splits of record pairs. This evaluation
methodology contributes to the research/real-world gap since
in the former, no fixed sets of candidate pairs are available for
matching, instead one has to select which subset of pairs to be
evaluated by the pairwise matching model, a step commonly
referred to as blocking.

Blocking is a key part of EM as the set of all possible
pairs grows quadratically w.r.t. the number of records being
matched, which makes the evaluation of all possible pairs
unfeasible for large datasets. This is, however, ignored when

'LLM-based works however present concerns regarding test data leakage
during pre-training (as EM benchmark datasets are public and thus likely
part of pre-training corpora) which question reported scores and generaliza-
tion capabilities
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using fixed splits of record pairs to evaluate the performance
of different EM methods. There are works that focus exclu-
sively on blocking, also framing it as a ML problem [46],
[55]]. Other works such as Sudowoodo [49] and CLER [53]]
perform both blocking and matching while also considering
labeling budgets, which make them more applicable to real-
world scenarios.

All of the previous methods consider only the pairwise
model predictions in their evaluations but, as we previously
discussed, matching involves producing record groups which
contain both the explicit and the implicit/transitive matches
produced by a model. Previous works which also consider
records groups and carry out matching in an agglomerative
fashion include techniques such as Clustering [20], [34],
[41]]-[43]] and Progressive ER/EM [1], [31]], [45]], [S1]. Other
works focus on model mistakes and propose methods to rank
the most important model predictions for manual labeling
[7]1, [8]l, [21]]. Such rankings, however, are of limited practical
use in the matching of multiple large unlabeled datasets,
since the amount of selected pairs to label may still be
overwhelming to inspect. In addition, earlier approaches such
as collective matching using relational constraints ( [3]], [22]],
[27]), aimed to enforce consistency across record groups
using joint inference. While less scalable, these methods
inspired consistency-based ideas such as our Transitive Con-
sistency framework.

We add to these previous lines of work by presenting
TransClean, a technique that explicitly aims to discover false
positive predictions present in a matching with a limited
labeling effort and provides information of the quality of a
matching without any human intervention.

lll. REAL-WORLD MATCHING CONDITIONS

In most real-world scenarios, a standard way to attempt to
match several data sources with a pairwise matching model
would be as follows:

1) Initially, a portion of matches would be selected to be
manually labeled.

2) One may divide this set of labeled pairs into
train/val/test splits, fine-tune with the train
split and select a set of model weights based on the
performance on the val split.

3) Finally, evaluate the pairs of the test split to estimate
the performance of the model on unseen pairs.

However, when using the selected model to match the entire
dataset (via evaluating the candidate pairs resulting from
applying a blocking to all unlabeled records), the size of
the matching produced can be expected to be of magnitudes
higher than that of the labeled subset of pairs previously
used for fine-tuning. This effectively makes evaluating the
matching unfeasible, as doing so requires manually checking
all of its matches. This is especially problematic in real-world
scenarios where significant distributional shifts can lead to
large numbers of erroneously predicted matches, either due
to the difficulty inherent to the records themselves, or to data
artifacts that lead to edge cases.
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Some characteristics of the matching produced, such as the
number of records per group, can be used to detect which
record groups are likely to have false positive predictions,
which tend to be the biggest produced groups due to the ag-
glutinative effect of false positive matches [12]]. This would,
however, be quite a rudimentary methodology to detect
false positives, since it requires manually inspecting all the
matches of record groups in descending order, saving little in
terms of manual labeling effort, and provides no information
about the quality of smaller record groups which are likely
the most numerous. The challenge is then to develop a
technique capable of effectively identifying a majority of
the false positive predictions of a given matching, which
preserves the largest amount of rrue positive predictions.
Moreover, the technique should operate with a limited
manual labeling budget and provide some sort of assurance
on the correctness of the unchecked record groups.

IV. METHODOLOGY

Entity Matching requires considering not only the explicitly
predicted matches produced by a matching method, but also
the implied matches i.e. all the non-adjacent pairs of records
belonging to the same componenﬂ of the matching graph
Gy, = (V, Ey,) whose nodes and edges represent records
and predicted matches respectivelyﬂ This is because all
records belonging to the same component of G ¢, are implied
to represent the same real-world entity. The actual output of a
matching is a series of clique even if not all pairs of vertices
of Gy, belonging to the same component are adjacent. That is
to say, a set of pairwise predictions implicitly leads to a label
propagation step in which all transitively connected records
are assigned to the same group/entity.

Our focus is the detection of false positives of pairwise
classifiers applied to the problem of multi-source Entity
Matching. We aim to do this by analyzing the consistency
of each classifier/matching model f, with regards to its
implicit/transitive matches which emanate from its own ex-
plicitly predicted matches (i.e. from G,).

In this section we illustrate how this consistency property
can be leveraged by a graph cleanup method that efficiently
detects false positives. Additionally, we show how the cal-
culations involved in estimating this property produce quan-
tities that indicate the quality of a given matching without
having access to the ground truth.

A. TRANSITIVE CONSISTENCY
Definition. Transitive Match: Let Gy, = (V,Ey,) be a
matching graph where V' is the set of records to be matched

2A component of an undirected graph is a connected subgraph that is
not part of any larger connected subgraph. Here, and throughout the whole
manuscript, we use the term components to refer to the produced record
groups of the matching given by Gy, .

3Throughout the manuscript we will refer to records as nodes and edges
as matches, pairs or predictions interchangeably.

4A clique is a subset of vertices of an undirected graph such that every
two distinct vertices in the clique are adjacent. Throughout the manuscript
we refer to cliques as record groups and vice versa.

4

and Ey, are the predicted matches (r;,r;) of a pairwise
matching model fg. Two nodes r;, and 7, are said to form
an implicit or transitive match (1;4,7;+) of Gy, if they are
non-adjacent while belonging to the same component of G, .

Let us reconsider the example matching graph shown in
Figurem In this case, the nodes rx; and 743 are a transitive
match since they are non-adjacent, i.e. there is no direct edge
between them.

Definition. Transitive Consistency: Let Gy, = (V, Ey,)
be a matching graph where V' is the set of records to be
matched and E is the set of predicted matches (r;,r;) by
a pairwise matching model fy. We say that fy is transitively
consistent in Gy, if for every transitive match (r;.,r;.) of
Gy,

fg((’l’i*7 ’l‘j*)) = Match

In the example of records rui, 742 and r43 shown in
Figure [I] a given pairwise matching model fy is transi-
tively consistent if given that fp((r41,742)) = Match and
fo((r42,743)) = Match then fo((rg1,743)) = Match
as well. Intuitively, the Transitive Consistency is a check of
whether a pairwise matching model fy fully agrees on all the
possible pairs in each component it has produced and if it
does not, it points out in which record group/component the
discrepancy arises.

Figure 2] illustrates an example record group implied by
a set of pairwise predictions with some of its transitive
matches. The records are from five different sources (in-
dicated by different colors of the nodes). The transitive
match (rx1, rx4) is a true match because it involves records
transitively connected by a path made up exclusively of
true positive predictions (shown as black edges). In turn,
(r45, T#10) and (146, r49) are non-matches because all the
paths between said records include false positive predictions
(shown as orange edges). In order for fy to be transitively
consistent it would have to predict all possible pairs between
records of the component as a Mat ch.

Note that not all transitive matches (r;.,7;) of each com-
ponent need to be evaluated in order to check for the Transi-
tive Consistency of a model since a single NoMat ch predic-
tion suffices. Nonetheless, evaluating all transitive matches
provides an estimation on the number of inconsistencies per
record group and overall in the matching. We will refer to the
transitive matches predicted as Match as positive transitive
predictions and those predicted as NoMatch as negative
transitive predictions.

Contrary to the true and false positives of a matching
Gy, = (V,Ejy,), the calculation of the Transitive Consis-
tency of a model fy depends only on model predictions and
does not require any manual labeling since, by definition,
it is independent of the ground truth. Negative transitive
predictions are very likely in components/record groups with
false positive matches, both because false positive predictions
link unrelated records and because they tend to create larger
record groups than true positives and thus produce more
transitive matches to be evaluated. Because of this, positive
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FIGURE 2. Example record group implied by a set of pairwise predictions
between records {r;}}L, originating from 5 different data sources. Black
edges illustrate true positive predictions, orange edges false positive
predictions, red dotted edges denote two of the transitive matches (not all
possible transitive matches are drawn) between wrongly linked records (due to
the false positive predictions) and the green dotted edge denotes a transitive
match between correctly linked records.

and negative transitive predictions can be used as a proxy of
true and false positives of a matching, as we will show in the
experiments of Section[V]

The Transitive Consistency becomes more informative
as more data sources are introduced, since each additional
source contributes candidate pairs that, when predicted as
matches, generate new transitive matches. The more transi-
tive matches in a given record group, the more informative
the Transitive Consistency of said group becomes, as it
requires the agreement of the pairwise matching model on
a bigger number of record pairs. This turns the matching of
additional data sources, which has classically been a chal-
lenge due to the increased likelihood of erroneous pairwise
predictions, into an advantage.

B. TRANSCLEAN

In this section we present TransClean, a cleanup tech-
nique that leverages the Transitive Consistency of a pairwise
matching model fy to identify false positives in a given
matching graph Gy, = (V, Ey,).

1) Introductory Description

TransClean consists of three different steps which can be
described as follows:

o First Step (/nitial Step with Finetuning): In the initial
step the goal is to detect the most easily identifiable false
positive pairwise predictions. We do this through select-
ing and labeling records from the components with the
biggest numbers of false positive transitive predictions
since they indicate the most flagrant violations of the
Transitive Consistency. Additionally, we use the labeled
pairs to further finetune fy.
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o Second Step (Post Finetuning Cleanup & Checks): The
second step aims to remove from the matching as many
false positives as possible. We do this by removing
records from all components that violate the Transitive
Consistency through a series of checks (which involve
labeling) and a removal heuristic (which does not label
removed pairs).

o Final Step (Edge Recovery): The final step considers
adding back some of the removed pairs (edges) while
maintaining the Transitive Consistency of the result-
ing matching. This is done by evaluating the transitive
matches that would be created if removed edges were to
be added back to the matching.

TransClean is designed to operate within a predefined
labeling budget LB7°!*  The labeling can be done either
manually or using pseudo-labels. In the experiments we will
illustrate the performance difference between using an LLM
to label pairs and manually labeling them.

We now give detailed descriptions with pseudo-code of
each of the steps of TransClean. See Figure 3] visual flowchart
of the entire cleanup procedure and Figure [6] for an illus-
tration of how TransClean would process the component of

Figure 2]
2) Initial Steps with Finetuning

In the initial stages of TransClean, our primary goal is to
detect the false positives that have the biggest effect in terms
of wrongly linking different record groups in Gy, (such as
the pairs (72, ra0)/ (144, Tw9) and (743, 746)/(r 44, T46) Of
Figure[2). Detecting such matches and labeling them will also
allow us to further fine-tune the pairwise matching model,
potentially making it able to detect similar mistakes in other
record groups.

To start off, we evaluate with fy all the transitive matches
of G feE] and sort its components by their number of negative
transitive predictions. Next, we select from each component:

« Edges belonging to a Minimum Edge Cut. Edges be-
longing to a Minimum Edge Cut make up a set of
minimum cardinality that if removed would disconnect
the component. Minimum Edge Cuts of components
with large numbers of negatively predicted transitive
edges are likely to contain false positives. Calculating
the Minimum Edge cut of large components can be
costly since its complexity is O(V,2E..) for a component
¢ = (V., E.) [23]. However, keep in mind that we only
calculate minimum edge cuts for specific components
so naturally |V,| << |V|, |E.| << |Ey,| where the
notation |- | denotes the size of a set and (V, Ey,) are the
sets’ nodes and edges of the entire matching graph G ¢,.
Nonetheless, to prevent the calculation of the Minimum

SIf a component has more nodes than the threshold S, we only evaluate a
subset of its transitive matches to avoid long running times, as the number
of transitive matches grows quadratically with the number of nodes of the
component.
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FIGURE 3. Visual flowchart illustrating the application of TransClean to a matching graph G, = (V, Ey,) with true positive edges (colored in green) and false

positive edges (colored in red). In the Initial Step with Finetuning a negative tral

nsitive prediction (dotted red line) leads to the manual labeling of false positive edge

1. In the Post Finetuning Cleanup & Checks edges 2 and 3 are manually checked (because of another negative transitive prediction, again depicted as a dotted red

line), leading to the removal of false positive edge 2, while true positive edge 4

is removed due to a cleanup step. Finally, the Edge Recovery step recovers removed

true positive edge 4. The flowchart illustrates TransClean’s objective: Finding and removing false positive edges of a matching graph, under a limited labeling budget

and removing as few true positives as possible.

Edge Cuts of exceedingly large components, we initially
remove from the matching all edges of components
bigger than a threshold S.

« Edges constituting shortest paths between the records
of negatively predicted transitive matches in the
component. If a transitive edge is predicted negatively
then it is likely to be a true negative pair. Since there
cannot be an edge path of only true positives connecting
the two records of a true negative pair, selecting edges
in this manner will likely yield false positives.

We carry out this edge selection and labeling process,
removing from Gy, the edges labeled as false positives,
until we reach a given labeling budget. Once the budget has
been reached, we fine-tune fy with the edges that have been
labeled (either manually or with pseudo-labels).

Additionally, we want to start leveraging the Transitive
Consistency of fy in order to detect the inconsistent com-
ponents of Gy, and break them up. To do this, we evaluate
all the current transitive matches of Gy, with the fine-tuned
model fprc and remove all the edges belonging to the
Minimum Edge Cuts of components with more negative than
positive transitive predictions. This pruning logic naturally
decreases the number of negative transitive predictions, since

6

the removal of Minimum Edge Cuts disconnects the sets of
nodes which previously were creating the transitive matches.
We expect to remove significantly more false positives than
true positives with this logic, but the removal of some true
positives is the price to pay for not labeling all the pairs
considered this way. We repeat all of these steps n times,
accumulating the newly labeled pairs at every step.

See Algorithm [I] for the pseudo-code description of this
Lst step and Figure [] for an illustration of the edge selection
process. All successive steps carry out the same steps but
starting out with the fine-tuned model fyrc, the modified
matching graph GTC  and the labeled pairs I}y instead.

3) Post Finetuning Cleanup & Checks

After completing the initial TransClean stages, we expect to
have removed most of the easily detectable false positives of
the matching. At this point we have a model fyrc that has
been repeatedly fine-tuned and a modified matching graph
GT¢ which has had the labeled false positive edges removed.
Even though we have repeatedly removed Minimum Edge
Cuts from the components with more negative transitive
predictions than positive ones, there might still be compo-
nents that fulfill this criterion, i.e. components with more
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FIGURE 4. The component in this figure has two true positive matches (black
edges) and a single false positive match between records 7413 and 7414
(orange edge). If any of the transitive edges (ru12, r#14), (r#12, T#15) and
(r#13, T#15) (red dotting edges) is predicted as a NoMat ch, then the model
will not be transitively consistent in the component. In this case, all edges may
be selected during Algorithm[] Either for fine-tuning, as a Minimum Edge Cut
or part of a shortest path, or to be pruned without being labeled, also as a
Minimum Edge Cut.

Algorithm 1 Ist Initial TransClean Step with Finetuning
Input: Pairwise matching model fy, matching graph

Gy, = (V, Ey,), labeling budget LB, component size
threshold S

Output: Finetuned model fyrc, modified

GTC

C ={e1,ca, ..., cp } components of G, sorted by size
C + LargeSubgraphBreakdown(C, S)
GTC « C #Initialize the matching graph
forc < fo #Initialize the matching model
LBgpent < 0 #Initialize the labeling budget
FTyairs < 0 #Initialize the set of finetuning pairs
10
while LB;,c,s < LB do and i < n:

FErinewr < MinEdgeCut(c;) #Select the Minimum
Edge Cut pairs
10: Eshortest Paths
shortest paths pairs

11: FTpairs — FTpairs U Emincut U EShortestPaths
#Accumulate the finetuning pairs

12: GTC « Label(GTY, FTpuirs)

13: LBspent — LBspent + ‘Emincut U EShortestPaths‘

14: t+1+1

15: forc < FineTune(fgrc, Flpeirs) #Finetune forc
with the current finetuning pairs

16: GTC  «  Pruneminpagecut(GTC, forc) # Prune
edges of the components with negatively predicted tran-
sitive matches

17: Return: fyrc, GTC

R AN A R o e

< ShortestPaths(c;) #Select the

negative transitive predictions than positive ones. To make
sure we break up these components, we iteratively remove
from G7¢ the Minimum Edge Cuts of components with
more negative transitive predictions than positive ones. We
repeat this process until all the remaining components have
more positive transitive predictions than negative ones.

At this point, we want to exploit the Transitive Consistency
to its fullest in order to find the remaining false positives of
GTC. First, we check and label all the edges belonging to
components with more nodes than the threshold S mentioned
in the previous section. Following the size check, we check
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whether any of the current transitive matches has been at any
point labeled as a false positive. If any such match is currently
implied by the remaining edges in G7, then there will be at
least one false positive among the edges of its correspondent
component, so we check and label all edges of components
implying such matches and remove any labeled false positive
edge.

Finally, in order to impose the Transitive Consistency of
forc in the current matching graph, we evaluate all remain-
ing transitive matches and label all edges of components with
any negative transitive predictions. We expect the labeling
requirement in this step LBT?%*"'T to be manageable, due
to the extensive pruning we have previously performed in
the initial steps. The amount of pairs left to check will be
dependent on fyrc and the current state of G, unlike the
labeling requirement of the initial steps which can be chosen
instead. See Algorithm [2| for a pseudo-code description of
this stage.

4) Edge Recovery

After carrying out all the Post Finetuning Cleanup & Checks
we are left with a matching G in which fyrc is transitively
Consistentﬂ To achieve this, we have removed edges from our
original matching Gy, in multiple instances. We expect most
of these matches to be correctly removed false positives, but
some might be true positives, specially those removed during
the initial stages, since the initial focus is to break up large
components.

We can once again leverage the Transitive Consistency of
ferc in order to recover some of the true positive matches we
have removed. We do this by evaluating the additional transi-
tive matches that G7¢ would present if we added back each
of the removed unlabeled edges that fyrc currently predicts
as a Match. If all of the transitive matches that the removed
edge would create if added back are predicted as a Match,
then adding the removed edge would preserve the Transitive
Consistency of fyrc in GTC, so we indeed add it back. If any
of the transitive matches are predicted as a NoMat ch then we
manually check the removed pair if the remaining labeling
budget LBEdgeRecouery _ LBTotal _ LBmzt _ LBPostFT
allows for it, otherwise we ignore it. If the removed edge
connects two records with no other matches, it will not
create any new transitive match in G7¢ but adding it back
would still respect the Transitive Consistency of fyrc in
G7¢, so we choose to label these records as well. Repeating
this logic for every removed edge, we can add back to the
matching difficult matches. See Algorithm [3] for a pseudo-

6With the exception of pairs whose predictions might have changed due
to the finetuning of fyrc (but whose transitive matches are all predicted as
positives) and components that have been fully labeled. We could choose to
remove all pairs whose predictions become NoMatch at any point during
the finetuning process, but this will likely remove numerous true positive
pairs.
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Algorithm 2 Post Finetuning Cleanup & Checks

Input: Pairwise matching model fgrc, matching graph
GTC, component size threshold S
Output: Modified GT¢, labeling requirement L BFostFT

1: C + {c1,¢2,...,c, } components of GT¢
2: Stopfiag < False
3: while NOT Stopyi.g do: # Keep on pruning edges

until the positive transitive predictions outnumber the

negatives
4 Stopfiag < True
5: for ¢; € C do:
6: Posy(¢;) < {(ris,1j5) € c70ms
7 |f9TC((TZ‘*,Tj*)) :Match}
8 Negir(ci) < {(rie, 7jx) € 7
9: | fore ((ris,rj+)) = NoMatch}
10: if | Pos,(¢;)| > |Negir(c;)| then
11: GTC Prunenrinedgecut (¢;)
12: Stopiag — False
13: Update C + {ci, ca, ..., ¢, } components of GT¢

14: GTY LB%C « SizeCheck(GTY,9)

15: GTY LBETC  +  LabeledTransCheck(GTC) #
Manually check all the components with negatively la-
beled transitive matches

16: LBFmalTransCheck o 4 [nitialize the final check
labeling effort

17: for ¢; € C do: # Check all components with remaining
negative transitive predictions

18: NegtT(ci) = {(Ti*ﬂ"j*) c Cﬁra"s

19: | forc ((rix,Tj+)) = NoMatch}
20: if |[Negs(c;)| > 0 then

21 GTC LBMC « Label(c;) # Update the match-

ing graph based on assigned labels and record size of

checked component
27: LBanalTransCheck — LBanalTransCheck 4

LBMC
23. [ BPostFT LBSC +LBLTC +LBFinalTransCheck
24: Return: GTC, [ BPostF'T

code description of the process and Figure [5] for a visual
illustration of an instance of the edge recovery process.

FIGURE 5. If we consider to recover the edge between records r47 and
r419 (predicted as a match by f,rc ), we will evaluate as new transitive
matches the record pairs (1416, r#19) and (rx1s, r#19). If both are
predicted as matches then we add the edge (r417, rx19) to the matching,
enlarging the component. If instead at least one of the record pairs is predicted
as a NoMatch, we will label the edge (r417, r#10) if the labeling budget
allows for it, otherwise we will ignore it.
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Algorithm 3| requires separate evaluations of different sets
of transitive matches with the pairwise model fyrc. All of
the potential transitive matches we may need to evaluate
can be determined at the beginning of the process, since
they are the transitive matches of the components resulting
from adding back to the matching all deleted edges. For
speed considerations all of these evaluations can be carried
out in batches, which is the setup most ML hardware is
optimized for, but doing so requires carefully considering
the size of the considered connected components. In our
actual implementation, we use the component size threshold
S, used in previous steps, to only evaluate the transitive
matches of components smaller than S. We manually check
the deleted edges that would lead to bigger components if the
labeling budget L BFd9¢Recovery allows for it or ignore them
otherwise.

Note that adding a true positive edge to G7¢ may lead to
an increase in the number of negative transitive predictions
of fgrc in GTC. This is because the model may wrongly
predict true positive transitive matches, as is particularly
likely in record groups with edge cases. Negative transitive
predictions can be ignored as long as they are caused by
manually labeled matches, as the manual inspection consti-
tutes stronger evidence than model predictions. It is only
in unchecked components where the sign of the transitive
predictions provides us with additional evidence, beyond the
predictions of the pairwise matching model fyrc, of the
correctness of the component.

Finally, note that TransClean may not consume all of the
initially predefined labeling budget LB7°!* if the amount
of unlabeled removed edges predicted as a Match that
create new negative transitive predictions is smaller than
LBFdgeRecovery Thjg is most likely when combining Tran-
sClean with robust pairwise matching models that easily
reach Transitive Consistency on the initial stages of Tran-
sClean and do not flip their predictions on many removed
unlabeled candidate edges after being finetuned.

5) LLM Labeling

When running TransClean, several steps of Algorithms
and [3] involve the labeling of record pairs. This can be done
either manually or using the pseudo-labels produced by a
different model than the one used to produce the matching.
In the experiments, we use an LLM for the labeling involved
in the Initial TransClean Steps with Finetuning and the Post
Finetuning Cleanup & Checks (Algorithms [I] [2) but not in
the Edge Recovery step (Algorithm [3) due to the slower
inference time of LLMs and the large number of record pairs
requiring labels in this final step.

A drop in performance can be expected from using pseudo-
labels since some true positives may be wrongly labeled
as non matches and equivalently with false positives being
labeled as true matches. In the experiments we compare
the performance of TransClean using LLM pseudo-labels vs
manual labeling and illustrate its robustness in effectively
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Algorithm 3 Edge Recovery

Input: Pairwise matching model fyrc, matching graph
GTC, removed matches

R = {(ri,7j)rem|forc (i, 7j)rem) = Match}, labeling
budget LBEdgeRecovery
Output: Final matching

GTC

1: for (r;,7;)rem € R do # Check for each removed edge,
which component it would belong to/create if added back

2: c; < getComponent(r;, GTC) #
3: cj + getComponent(rj, GTC) #
4: if c; == Cj then
5: Continue # This edge is already in the matching
(as a transitive match) since both records already belong
to the same component
else
Preds < EvalNewTransMatches((r;,r;),
GTC fyrc) # Evaluate the transitive
matches that adding this record back would create
9: if Preds = () and LBPd9¢Recovery 5 () then
10: # Edge connects only a pair of records
11 GTC « ManualCheck((r;,r;),GTC) #
Manually check the pair. If it is a match, add it back to
the matching
12: LBEdgeRecovery — LBEdgeRecovery -1
13: else if pred == Match V pred € Preds then:
14: # This edge connects two different compo-
nents into a transitively consistent component
15: GTC « AddBack((r;,r;),GTC) # Add
the pair back to the matching
16: else if [ BFdgeliecovery 5 () then:
17: # This edge produces a connected compo-
nent that is not transitively consistent
18: GTC « ManualCheck((r;,r;),GTC) #

Manually check the pair. If it is a match, add it back to

the matching
19: LBEdgeRecovery — LBEdgeRecovery -1

20: Return: GT¢

detecting false positives even when the LLM produces the
wrong labels.

6) TransClean Visual Example

Figure [6] provides a visualization of all the steps of Tran-
sClean involved in cleaning up the component presented in
Figure 2] TransClean starts off by applying three Initial Steps
with Finetuning with the goal to detect false positive edges
via Minimum Edge Cuts and shortest paths (see edges (13,
T46), (T4, T4¢) in Finetuning Iter 1 and edges (rx2, 749),
(r44, T#9) in Finetuning Iter 2 with orange dotted lines)
to further finetune the pairwise matching model. Each of
these edges is labeled, consuming the labeling budget, and
consequently removed from the component (since they are
false positives). Additionally, the Finetuning Iter 3 pruning
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step, which is done without labeling, removes 2 true positive
edges (see the edges rua, 744) and (ru3, T44)), since they
form a minimum edge cut of the component. This is an
example of removing a true positive match which needs to
be recovered in the final edge recovery stage. These steps
iteratively break up the component.

The last false positive edges (ru1, ru5) and (ru2, T45)
are pruned from the component during the Post Finetuning
Cleanup and Checks and the removed true positive edges
{(rgi,r44)}3_, are recovered during the Edge Recovery
step.

Minimum Edge Cut

() Z ¢ ) 3
> i
. = ()  — Label Finetuning
@.@ dges
Pairwise Matching Finetuning Iter 1

&

Minimum Edge Cut —
Finetuning Iter 2 Label Finetuning

edges /
@ Pruned during check

#2

' 4 Recovered
@ -, A deleted edge
Post Finetuning
Cleanup & Checks

Evaluated transitive edges

Edge Recovery

FIGURE 6. Evolution of the component of Figure[2over the different steps of
TransClean. Black edges illustrate true positive edges, orange edges false
positive edges and dotted edges denote the selected edges, either for labeling
or pruning, during a specific TransClean step.

V. EXPERIMENTS

In this section we perform several end-to-end matching ex-
periments with TransClean to address the following research
questions:

o How can TransClean be leveraged to provide an estima-
tion of the quality of a given matching?

e Is TransClean able to improve matchings by detecting
most of their false positive matches?

o How dependent is the performance of TransClean on the
quality of the pairwise matching model it is combined
with?

o What is the performance gap between manually labeling
the candidate pairs selected by TransClean and pseudo-
labelling them with an LLM ?
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All our experiments were run on an Ubuntu machine with a
single Nvidia Tesla T4 GPU, 16 VCPUs, and 64 GB of RAM.

A. EXPERIMENTS SETUP
1) Datasets
We experiment with the following multi-source datasets:

o Synthetic Companies: Presented in [[12], this is a pro-
cedurally generated benchmark explicitly designed to
mimic real-world matching conditions containing 868K
records To the best of our knowledge, this is currently
the largest entity matching data set used in the literature.
Fixed training, validation, and test splits are provided.
Additionally, it includes a set of 7K positive train pairs
(involving 4K records) obtained via labeling the first
10K pairs through a heuristic blockingﬂ

o MusicBrainz: Presented in [42]], this benchmark is
based on song records from the MusicBrainz database
and uses a data generator to create duplicates with
modified attribute values. We experiment on the 20k
varian’]

o Camera/Monitor: Presented in [[10]], these benchmarks
consist of web-scraped JSON-files, each with different
properties, containing product information from 24 and
26 different websites respectively. For both datasets, we
cast all records into a table format by recording the
page_id and merge all other attributes into a text
attribute.

o WDC Products: Presented in [38]], this benchmark
consists on product data retrieved from 3,259 e-shops.
Multiple variants of the dataset are available, varying
in terms of the amount of corner-cases, unseen entities
and development set size. We experiment on the variant
with 80% corner cases and a test set with 100% unseen
entities. Fixed training, validation, and test splits are
provided.

See Table |l| for the general statistics of each of the
datasets. For the MusicBrainz and Camera/Monitor datasets
we implement our own train/val/test splits. We split based on
a 60/20/20 proportion across the record groups, leading to
differently sized splits (record groups have different numbers
of records). This splitting makes sure that no test records are
used during training. Unpaired records in the ground truth of
the MusicBrainz dataset do not get assigned to any split.

2) Machine Learning Models

We employ 2 different pairwise matching ML models in our
experiments. DistilBERT [44], a distilled version of BERT,
and CLER [53], a largelﬂ state-of-the-art methodology ex-
plicitly developed for EM. We train both models as follows:

7We use this subset of labeled pairs during training, as being able to label
all training pairs would be unrealistic in a real-world setting.

8 All the differently sized variants can be retrieved from https://dbs.uni-
leipzig.de/research/projects/benchmark-datasets-for-entity-resolution

9CLER uses RoBERTa as a classifier, which has 355M parameters com-
pared to the 66M of DistilBERT.

10

« DistilBERT: We fine-tune DistilBERT for 5 epochs and
select the best performing epoch on the validation split.
In case the dataset does not include negative pairs, we
add them randomly in a proportion of 5 to 1.

o« CLER: We train CLER with different labeling bud-
getﬂ As validation sets (used in CLER’s training
logic) we choose 500 randomly selected train pairs, as
done in CLER’s original implementation.

We do not use Large Language Models (LLMs) for pairwise
matching due to their comparatively slower inference times.
Rather, we use DeepSeek LLM 7B Base for labeling the
candidate pairs selected by TransClean in the runs without
manual labeling. We carry out this labeling by prompting the
model with the following prompt:

"Do these two records represent the same
entity? Answer only Yes or No, do not
elaborate further. First record:
[record;] Second Record: [records]

Where |record;| denotes the representation of each record
as a string via concatenating the name/value pairs of its
attributes. We recover the labels from the LLM output via a
regex, where we consider an output to be a Mat ch prediction
if it contains the substring "yes" and a NoMat ch prediction
otherwise.

3) Blocking

Evaluating all possible record pairs in the test sets would
be prohibitiveE] hence we need a blocking approach to re-
duce the amount of records that need to be evaluated. For
DistilBERT we use a simple token overlap heuristic that
pairs each record with the top 10 records ranked by the
number of shared tokens between their token sequences.
On the Synthetic Companies dataset we also use the token
overlap heuristic used in [12]. CLER on the other hand,
produces both an embedding-based blocker and a pairwise
matcher. We use the mat cher to evaluate the top 10 most
similar pairs produced by the blocker. See Table [2| for a
summary of the sets of candidate pairs used for each model
along with their recall scores (the percentage of total true
positives included in each set of pairs).

I0CLER trains via an uncertainty based active learning technique. As
such, it requires an initial labeling budget to determine the number of
training pairs to select. We use 10K for the Synthetic Companies, 5K for
MusicBrainz & Camera, 2K for Monitor and 8K for WDC.

I For the Synthetic Companies dataset the number of records in the test
set is 174K so we would need to evaluate (174K) * (174K - 1)/2 = 1.5 *¥1010
record pairs.

VOLUME 1, 2023

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/


https://dbs.uni-leipzig.de/research/projects/benchmark-datasets-for-entity-resolution
https://dbs.uni-leipzig.de/research/projects/benchmark-datasets-for-entity-resolution

This article has been accepted for publication in IEEE Access. This is the author's version which has not been fully edited and

content may change prior to final publication. Citation information: DOI 10.1109/ACCESS.2025.3632400

IEEE Access

TABLE 1. General dataset statistics. Highlighted in bold are the number of records we use during model training and the matching experiments.

Dataset Synthetic Companies MusicBrainz Camera Monitor WDC Products
# of data sources 5 5 24 26 3,259
# of records 868K 19K 39K 23K 4.8K
# of record groups 200K 10K 103 252 2.2K
# of matches 1.5M 16.25K 157K 13.5K 28.3K
# of records in

train/val/test 520K (4K)/174K/174K 14K/1.8K/456 | 2.5K/696/632 | 1.5K/570/196 2.8K/1K/1K
Attributes nafrieu,nitt) g f‘j‘g;:n’ number, length, artist, multiple multiple brand, title, description,

1bu shcolr ; dre})s;‘r;pti,on year, language (.json format) | (.json format) price, priceCurrency

TABLE 2. Number of test candidate pairs considered by each of the models
and their associated recall score.

# of test candidate

Dataset Model pairs & recall
Csy“theq“ DistiIBERT | 1.44M - 96.10%
ompanies
CLER 430K - 98.25%
MusicBrainz | DistilBERT 6.5K - 99.34%
CLER N/AP
Camera DistilBERT 5.9K - 83.38%
CLER 2.1K - 68.74%
Monitor DistilBERT 1.9K-9531%
CLER 519 - 88.02%
PWDC DistilBERT 9.2K - 81.8%
roducts
CLER 3.6K - 62.6%

4) TransClean

We run TransClean on the matchings produced by the
pairwise predictions of both models as illustrated in Figure
[l We set the number of initial steps with finetuning to n = 5
and the component size threshold to S = 50. We allocate

BT ota
2

! to the Initial TransClean steps with finetuning and
the remaining budget to the following steps. See Table [3] for
a description of each of the parameters of TransClean.

TABLE 3. Description of TransClean parameters.

Parameter Notation Explanation
Number of Initial Number of repetitions
Steps with Finetuning " of Algorithmto carry out
Component Size g Maximum size of a component
Threshold to calculate its Minimum Edge Cut
Total labeling budget to distribute
Total Labeli across LBt [ BPostFT 354
otal Labe mng LBTota.l LBEdgeRccove'ry each
Budget . ’
corresponding to a
step of TransClean

B. PAIRWISE MATCHING VS TRANSCLEAN

1) Pairwise Matching

We start off our discussion by highlighting the challenges

120n the MusicBrainz dataset CLERs training failed to conclude after 40

hours of continuous training, so we omit it from our analysis.
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associated with attempting to match the Synthetic Companies
dataset through pairwise matching only. A standard attempt
would start by training CLER with a 10K labeling budget
and the records involved in the labeled pairs described in
Section[V-AT] This will produce 2 models, ablocker and a
matcher. The blocker produces a set of 430K candidate
pairs, as noted in Table El, of which the matcher considers
213K as matches. The question now is how to evaluate the
quality of the produced matching. Blindly trusting the predic-
tions of the matcher is risky, due to the likelihood of false
positive matches. On the other extreme, manually checking
all of the produced matches would require an impossibly
large human effort. It is then natural to consider the transitive
matches, which are implied by the pairwise predictions but
haven not been evaluated by the model yet.

2) Transitive Matches

As depicted in Figure [/] the 213K predicted matching pairs
of CLER lead to 69K transitive matches of which 20.5K are
predicted as matches and 48.5K as non-matches. This high
number of negatively predicted transitive matches indicates
that the matcher is not transitively consistent and that our
matching likely has a considerable number of false positive
matches.

3) Running TransClean

In order to efficiently find the false positive matches, we
execute TransClean with a 10K labelling budget as specified
in Section [V-A4] on the matching produced by the 213K
predicted matching pairs. Figure[§]illustrates the evolution of
the most relevant metrics of the matching during the different
TransClean stages.

We start off labeling 1K record pairs in the first Finetuning
Iteration and iteratively label up to 10K pairs through the
different TransClean steps (see green bars). Notice how the
number of negative transitive predictions (see purple bars)
steadily decrease whereas the number of positive transitive
predictions (see red bars) largely remains constant. These two
quantities indicate the gradual success of TransClean in pro-

13Except for the last Post Edge Recovery step, where the manually labeled
pairs add transitive pairs that are true matches but are incorrectly predicted
by the matcher.
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CLER Pairwise Predictions and Transitive Matches
FIGURE 7. Aggregate pairwise predictions on the Synthetic Companies
dataset produced by CLER trained with a labeling budget of 10K pairs. Even
though the mat cher model has a high precision, the number of negative

transitive matches indicates a lack of Transitive Consistency and thus the likely
presence of false positive matches.

mmm True Positives

BN False Positives

mmm Positive Transitive Matches
mmm Negative Transitive Matches

105 1

Number of Matches (log-scale)

Labeling Budget 10000
Idx

gressively modifying the matching towards being transitively
consistent while not removing too many of the initial true
matches.

Note also the correlations of both quantities with the
amounts of true and false positives, which makes them an
ideal pair of proxies. In other words, positive transitive pre-
dictions are correlated with true positives, and negative tran-
sitive predictions are correlated with false positives. While
the amounts of true and false positives are unobtainable in
practice (since they would require manually labeling the
entire matching), the numbers of positive and negative tran-
sitive predictions can be easily obtained, and are in fact
calculated at each step of TransClean, simply by evaluating
the transitive matches.

C. RESULTS FOR ALL DATASETS

Table [d presents the scores achieved by running TransClean,
with manual labeling and LLM pseudo-labels, on the match-
ing produced by each pairwise matching model for all
datasets. The pairwise matching scores reflect the scores
achieved considering only pairwise predictions. However,
the Pre & Post TransClean scores incorporate the transitive
matches, which makes them a better indicator of the quality

12

of the matchings, as discussed in Sectionll'lr

1) Pairwise Matching Results

We start our discussion with the Pairwise Matching and
Pre TransClean scores. Both DistilBERT & CLER achieve in
the Synthetic Companies dataset high F1 scores for pairwise
matching ranging from 81.54 to 86.61. However, notice that
with the inclusion of transitive matches the F1 score for
DistilBERT drops to 0.04. This is expected, since transitive
matches are true matches if they connect records from the
same ground truth component (which increases the recall
of the matching) but are non matches (i.e. counted as false
positives and thus decrease the precision) otherwise. In the
case of DistilBERT, a high pairwise F1 score of 81.54 hides
the large number of erroneous transitive matches implied
by the false positives the model produceﬂ which make
the Pre TransClean precision drop to 0.02. For CLER the
inclusion of transitive matches has a positive impact on the
Pre TransClean F1 score, which increases from 86.61 to
87.17 since the decrease in precision caused by adding the
transitive matches is counteracted by the increase in recall.
These results indicate that CLER’s matcher is more robust
than DistilBERT.

In the MusicBrainz dataset, DistilBERT achieves again
high precision and recall, this time with a much smaller drop
in terms of precision and F1 scores when adding into the
matching the transitive matches. CLER on the other hand
fails to conclude its training process after 40h of continuous
training.

In the Camera and Monitor datasets both pairwise match-
ing models yield matchings with very low recall. This is
surprising, given the close-to-perfect scores reported in [54]]
and [53]] but both of these works only experiment with a
subset of the records (since no fixed splits are provided). [54]]
only compares records against those of the same category
and uses only 2 data sources out of the 24 included in
the monitor dataset. In turn, we use all labeled records from
both datasets. The low F1 scores achieved by both models
signify that the actual difficulty posed by these datasets has
been largely sidestepped in previous works through down-
sampling.

Finally in the WDC Products dataset, DistilBERT pro-
duces a matching with low pairwise precision and conse-
quently also very low Pre TransClean precision. CLER on
the other hand, produces a model with extremely low recall
but perfect precision, similarly as in the Camera and Monitor
datasets. This signifies that CLER’s uncertainty based train-
ing is not successful in datasets with a lot of diversity and
inherently difficult records as it produces models with very
low recall.

14These false positives lead to far more and far larger connected compo-
nents, which imply the large number of erroneous transitive matches.
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FIGURE 8. Visualization of relevant metrics of a matching on the Synthetic Companies dataset and their evolution over the different steps of TransClean. Each set
of bars illustrates from left to right the number of: 1. False Positives 2. True Positives 3. Labeled Pairs 4. Positive Transitive Predictions 5. Negative Transitive
Predictions with their variations w.r.t to the previous column from the second Finetuning Iteration 2 onward. The amounts of true and false positives include all the

matches present in the matching, both predicted and transitive.

2) TransClean Results

TransClean improves the matchings produced by all pair-
wise modelsEl with an average F1 score improvement of
+24.42 between Pre and Post TransClean scores when run
with manual labeling, illustrating the importance of removing
false positives from matchings. Across all datasets, Tran-
sClean manages to consistently remove a substantial propor-
tion of false positives from the matchings produced by both
models. However, when run with DistilBERT it removes a
much higher percentage of true positives than when run with
CLER because the former produces a lot more false positives
and thus needs to remove a lot more pairs from the matchings
in order to reach Transitive Consistency.

When combined with an effective pairwise matching
model, as is the case of both models in the MusicBrainz
dataset, DistilBERT in the WDC products and CLER in
the Synthetic Companies, TransClean removes very few true
positives, leading to a substantial improvement in F1 scores.

I5Except for the CLER on the Musicbrainz dataset where it fails to
conclude its training process and on the Monitor and WDC Products datasets
since the matches it produces have perfect precision but extremely low recall.
Since these matchings have no false positives, TransClean cannot be applied.

VOLUME 1, 2023

This illustrates how TransClean can detect most of the false
positives of well performing models.

When using an LLM to produce pseudo-labels, we can
observe that the percentage of removed true positives in-
creases while that of the removed false positives largely
decreases across all datasets. However the differences in the
datasets where the pairwise matching models achieve good
results (Synthetic Companies and MusicBrainz) are small,
due to both the LLM performance and TransClean’s tolerance
to pseudo-labels. In the other datasets, labeling with the
LLM leads to removing large proportions of the original
true positives, both because the matchings start with very
few matches due to the low recall and because in these
datasets the transitive matches are not a good indication of
the matching’s quality due to the poor performance of the
pairwise matching models.

In terms of running times, training DistilBERT as we
describe in Sectionmis faster than training CLER, whose
uncertainty based active learning training leads to much
longer training times. Inference times are similar for both
models, given that they both have a relatively low number
of parameters for today’s standards, with CLER being slower
than DistilBERT due to its matcher having 5 times more
parameters.TransClean running times when doing manual
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TABLE 4. Scores achieved by each combination of pairwise classifier and TransClean settings (labeling budget vs LLM labeling). Ditto marks indicate the repetition
of the value above in the respective column (experiments that use the same pairwise matching model will have the same Pairwise Matching and Pre TransClean
scores and Training/Inference times). Note that the labeling budget and the LLM generated labeling (see column "TransClean Variant") are only used during the

TransClean phase.

Palrw!se TransClean Pairwise Matching Pre TransClean Post TransClean Running Times
Matching Vari rwi ! . s o s ing 1
Model ariant (pairs from blocking) (including transitive matches) (including transitive matches) hh:mm:ss
% % Training Inference  TransClean
Dataset Precision  Recall F1Score | Precision Recall F1Score | True Positives False Positives  Precision  Recall ~F1 Score T . N
ime Time Time
Removed Removed
&y':g’;ﬂzs DistilBERT | 10K budget | 8586  77.63 8154 0.02 8368 004 36.35% 96.07% 94.7 5485 6947 11:3220  01:09:24  02:36:44
DistilBERT L:ﬁﬂ]g 42.00% 96.67% 9761 4771 6409 275132
CLER 10K budget 97.69 77.79 86.61 87.48 86.87 87.17 1.88% 78.06% 98.54 86.67 9222 14:49:57 01:36:37 01:18:42
CLER LLM " " " " " " 3.52% 72.06% 99.02 82.83 90.2 " " 18:00:15
Labeling
MusicBrainz | DistiiBERT 1K budget 94.74 98.68 96.67 86.04 98.68 91.93 0% 56% 97.61 98.68 98.14 01:16:16 00:00:26 00:00:12
pistigERT | LM " . " " " " 311% 48.0% 969 9583 9636 . " 00:09:15
Labeling
CLER N/A - - - - - - - — - — — Out of time — -
Camera DistilBERT 1K budget 86.00 2.44 4.75 66.88 6.49 11.83 0% 76.19% 96.8 6.49 12.16 11:28:32 00:00:55 00:00:32
DistilBERT L,‘Lﬂi’f]g " " " " " " 87.59% 73.02% 55.81 03 06 " 0027:17
CLER 1K budget 98.5 0.83 1.65 9727 1.12 221 0% 50% 99.44 1.12 222 16:19:32 00:07:30 00:08:07
CLER LLM " " " " " 35.88% 50% 98.84 0.54 1.07 " " 00:10:31
Labeling
Monitor DistilBERT 1K budget 36.12 23.79 28.69 37.98 38.35 38.16 8.16% 57.31% 60.19 31.55 414 00:55:39 00:00:10 00:00:55
DistilBERT L:ublji/:lg " " " " " " 30.61% 13.46% 35.89 27.99 3145 " " 00:38:42
CLER N/A 100 14.72 25.66 100 14.72 25.66 - - - - - 09:46:01 00:02:57 -
P:Zgl(cjls DistilBERT 10K budget 34.52 63.8 44.8 1.13 66.6 222 12.22% 86.77% 75.54 56.2 64.45 02:14:00 00:00:40 00:02:12
DistilBERT LLM 46.7% 77.52% 49.86 34.6 40.85 01:36:32
Labeling
CLER N/A 100 0.2 0.4 100 0.2 0.4 - - - - - 14:39:32 00:10:10 -

labeling are comparable to the inference times across all
datasets. This is because running TransClean involves doing
inference on a similar number of record pairs and finetuning
with very small amount of labeled pairs. However, in these
experiments manual labeling is simulated with a ground
truth lookup and thus is not reflected in the corresponding
times. For a fair comparison between manual and LLM
labeling, an additional labeling time should be considered.
Additionally, the runs with LLM labeling are much slower
due to the additional time it takes to do LLM inference to
produce pseudo-labels as well as the fact that the pseudo-
labels produce comparatively more transitive matches due to
the possibility of labeling false positives as true positives. In
terms of comparing DistilBERT and CLER, the matchings
produced by DistilBERT have a lot more false positives and
thus TransClean takes longer to run.

VI. CONCLUSIONS & FUTURE WORK

In this work, we have presented TransClean, a method that
leverages the Transitive Consistency of a pairwise model to
gradually remove false positive matches while removing few
true matches. We have shown how the proposed method can
be used to remove false positives from matches produced
by pairwise matching methods trained naively (DistilBERT)
as well as state-of-the-art matchers (CLER) and analyzed
the differences in its performance when using an LLM to
produce pseudo-labels compared to doing manual labeling.

We have shown how the positive and negative transitive
predictions calculated during the different stages of Tran-
sClean can be used as proxies for the true and false positives
of a matching as well as leveraged to detect false positives if
the pairwise matching model used to produce the matching is
effective. Our experiments show that, in terms of the actual
record groups produced in multi-source matching settings,
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the effect of even small quantities of false positives should
not be ignored. However, TransClean is able to detect such
model mistakes if it is combined with a well performing
pairwise matching model.

Beyond entity matching, the principles of Transitive Con-
sistency may generalize to domains like knowledge graph
refinement, author disambiguation, or anomaly detection,
where consistency across relational structures is key. We plan
to explore these applications in future work.
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