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ABSTRACT

Entity matching — the task of clustering duplicated database
records to underlying entities — has become an increasingly
critical component in modern data integration management.
Amperity provides a platform for businesses to manage cus-
tomer data that utilizes a machine-learning approach to en-
tity matching, resolving billions of customer records on a
daily basis. We face several challenges in deploying entity
matching to industrial applications at scale, and they are
less prominent in the literature. These challenges include:
(1) Providing not just a single entity clustering, but support-
ing clusterings at multiple confidence levels to enable down-
stream applications with varying precision/recall trade-off
needs. (2) Many customer record attributes may be system-
atically missing from different sources of data, creating many
pairs of records in a cluster that appear to not match due
to incomplete, rather than conflicting information. Allow-
ing these records to connect transitively without introduc-
ing conflicts is invaluable to businesses because they can ac-
quire a more comprehensive profile of their customers with-
out incorrect entity merges. (3) How to cluster records over
time and assign persistent cluster IDs that can be used for
downstream use cases such as A/B tests or predictive model
training; this is made more challenging by the fact that we
receive new customer data every day and clusters naturally
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evolving over time still require persistent IDs that refer to
the same entity. In this work, we describe Amperity’s entity
matching framework, Fusion, and how its design provides
solutions to these challenges. In particular, we describe our
pairwise matching model based on ordinal regression that
permits a well-defined way to produce entity clusterings at
different confidence levels, a novel clustering algorithm that
separates conflicting record pairs in clusters while allowing
for pairs that may appear dissimilar due to missing data, and
a persistent ID generation algorithm which balances stabil-
ity of the identifier with ever-evolving entities.
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1 INTRODUCTION

Entity matching is a fundamental operation that occurs in
virtually all modern data management tasks: in information
extraction [6], in knowledge base construction [24], in data
integration [7], in big data analysis [11], and in machine
learning [23]. As businesses and organizations seek to better
leverage a growing amount of data, the importance of entity
matching, and data integration systems more broadly, have
grown substantially to become mission-critical components.
In particular, such systems have become a key part of how
consumer businesses use their customer data to drive deci-
sions in products, customer service, and marketing.

Entity matching is a straightforward problem to define:
given a large collection of records, cluster these records so
that the records in each cluster all refer to the same underly-
ing entity. While this definition captures the core substance
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PK | DS | Fname | Lname | Suff | Birthdate | Email Address City | State | Zip
rn | A | John Smith jsmith12@gmail.com 123 W Elm Street Seattle | WA 98109
r, | A | John Smith 123 West Elm Street | Seattle | WA 98109
rs | B |]J Smith | Jr jsmith12@gmail.com Seattle | WA | 98109
T4 C | John Smith 1980-01-12 | jsmith12@hotmail.com Seattle | WA 98109
rs C | John Smith 1980-01-12

Ts C | John Smith Sr 1955-12-22 123 West Elm Street | Seattle | WA 98109

Table 1: A toy example of a group of inter-related records. The records are collected from different data sources
and thus have different levels of completeness. The DS (data source) attribute refers to the source table of the
record, and the PK (primary key) is the record identifier within the dataset; the tuple (DS, PK) uniquely identifies

each customer record in the database.

of the problem, deploying systems that use entity match-
ing typically face challenges not encapsulated by this defi-
nition. In this work, we’ll examine some of the real-world
challenges faced by entity matching systems in the wild.
Specifically, challenges commonly encountered by customer
data platforms (CDP)!, such as Amperity, which aim to pro-
duce unified customer profile records from customer data. In
the CDP setting, duplicate customer records typically come
from different business data feeds that store customer infor-
mation. For example, a typical retail business will have web
traffic on their eCommerce site associated with a customer,
in-store transactions with a loyalty card, customer service
interactions, and many other sources.

Amperity ? is a Seattle-based software startup, launched
in 2017, with the mission of building an intelligent customer
data platform to help businesses unify their customer data
and drive better actions and insights. Faced with many ap-
plication challenges for these businesses, we have developed
FusioN, a unique entity matching system that clusters cus-
tomer records into their underlying entities. The FUsIoN sys-
tem has been utilized by over 25 businesses to process over
two billion customer records, representing more than a bil-
lion customer relationships; these customer entities are in
turn merged with hundreds of billions of behavioral, con-
textual, and transactional data to form unified customer pro-
files. A report we recently published [14] has shown that be-
fore using FusioN businesses misidentified on average 23%
of their customer base. This misidentification is a result of
under-clustering or over-clustering customer identities and
has the downstream effect of misattributing lifetime spend
amongst customers. Furthermore, the customers that are eas-
iest to under- or over-cluster are usually the most valuable
customers, interacting with a business through many chan-
nels, and account for over half of the overall revenue. By cor-
recting this misidentification, a business can develop more
accurate business KPIs, including total customer counts and
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customer lifetime values, and their customers will receive
fewer wrong offers, messages and targeting.

In this paper, we describe Amperity’s FusioN system by
first providing an overview of the system in Section 2. The
focus of this work is on how this system addresses the fol-
lowing application challenges. We use a small toy example
described in Table 1 throughout the paper to explain the
problem in a consistent way.

1.1 Multi-Confidence Clusterings

Although entity matching is a well-defined problem, there
is a large degree of uncertainty about whether records re-
fer to the same entity. For example in Table 1, most annota-
tors would agree that r; and r; represent the same person.
However, that question becomes much more difficult when
evaluating the record pair r; and r5, with the decision poten-
tially changing depending on the commonness of the name
in a given geographical area. This uncertainty should affect
how we consider using the output of entity matching for
downstream applications.

If our goal is to use this information for direct customer
interaction (e.g, an email survey asking "How was your pur-
chase last week?"), we typically require high confidence in
our matches since being wrong will create a negative cus-
tomer experience. In contrast, if the email content is less
specific, the cost of a precision error can be lower and we
may be willing to trade lower precision for increased recall..

Given the scale of the data (in the billions of records for
Amperity), it is expensive and prohibitive to run entity match-
ing end-to-end multiple times for each application and its
preferred precision/recall trade-off. In Section 3, we propose
the use of ordinal regression to model the pairwise similar-
ity which assigns a discrete ordinal match level between two
records; this in turn permits us to produce multiple clusters
at different match levels while paying the full cost of entity
matching only once. The match levels used by our ordinal
regression approach are also understandable to annotators
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Figure 1: Illustration of multiple different entities
merged into one connected component through tran-
sitive closure. Although each edge connects similar
records, the transitive closure contains highly dissim-
ilar entities.

and have a strong agreement among them, suggesting an op-
erator can make informed choices about what level to use
for a given application. In Section 6, we empirically compare
our ordinal regression approach to a binary logistic regres-
sion approach and show significantly reduced classification
errors.

1.2 Resolving Conflicts in Clustering

The goal of entity matching systems is not just to detect
pairs of records associated with the same entity, but rather
to produce coherent clusters. A common approach in entity
matching systems [20], is to create entity clusters by form-
ing connected components (e.g, transitive closure) over de-
tected pairs of similar records. The transitive closure can
lead to the formation of long chains of records, where indi-
vidual pairs are classified as matches, but multiple records in
the chain can be quite different from each other; see Figure 1
for an illustrated example.

In the entity matching literature, this problem has been
deemed as the "bad-triplet” problem [1]. A bad-triplet rela-
tionship can be defined as a graph between three records
where two edges are positive (meaning a pairwise classifier
predicts that the record pair represents the same entity) and
the third is negative (an edge where the connected records
do not appear pairwise similar).

Most existing approaches resolve the bad-triplet problem
by performing some form of graph pruning over the transi-
tive closure to split the clusters that contain negative edges.
Crucially, many of these approaches assume that the bad-
triplet problem occurs exclusively because of conflicting in-
formation, whereas in many practical settings, they arise
due to information systematically missing from a source of
data; for instance, birthdates are typically not in transaction

() PK: I

Name: Amy Brown
Birthdate: 1997-01-02
Email: amyl@yahoo.com
Address: 123 W. Elm St.

0.98 (+) 0.9 (+)

PK: 12 036 PK: 13
Name: Amy Brown i Name: Amy Brown
Birthdate: 1997-01-02 Birthdate: null
Email: amyl@yahoo.com Email: Null
Address: 456 Main St. Address: 123 W. Elm St.
(b) PK: 14

Name: Amy Brown

SSN: Null

Email: amybrown_1@yahoo.com
Address: 123 W. Elm St.

0.95 (+) 0.9 (+)

PK: Ts

Name: Amy Brown

SSN: XXX-XX-7090

Email: amybrownl@yahoo.com
Address: 123 W. Elm St.

PK: T

Name: Amy Brown
SSN: XXX-XX-1960
Email: null

Address: 123 W. Elm St.

020

Figure 2: Example of two types of bad-triplets, where
+ and — represent the match and non-match relation-
ships of record pairs. (a) is an agreeable triplet because
there is no conflicting information among the records.
The negative edge between r; and r; is caused by the
lack of information; (b) is a disagreeable triplet be-
cause there is a hard conflict in the cluster - the con-
flicting SSNs between 5 and r¢. Because r4 has the miss-
ing SSN, it transitively connects rs and r; without sur-
facing the conflict. The conflicting values are high-
lighted in red while the critical missing information
is highlighted in green. The difference between SSNs
is used as an example of a hard conflict.

data feeds. In this paper, we use disagreeable-triplet to de-
note the first scenario and use agreeable-triplet to denote
the second one. Figure 2 (a) shows an agreeable-triplet ex-
ample where the edge is negative primarily because of a
lack of information rather than conflicting information as in
Figure 2 (b), which presents a disagreeable-triplet example.
These two types of negative edges should be treated differ-
ently, with the former being admissible in a cluster and the
latter typically pruned. In Section 4 we describe our hier-
archical clustering approach that does exactly this. In Sec-
tion 6, we also compare our approach empirically to corre-
lation clustering [1] and a few commonly used hierarchi-
cal clustering approaches [12, 13] to demonstrate improved
clustering results.



1.3 Cluster Identifiers Over Time

Most industrial applications of entity matching require a
persistent "primary key" or identifier for an entity cluster
in order to track and aggregate information about this en-
tity over time. For instance, if we perform an A/B test over
customers, we typically want to split customers into multi-
ple groups and track response variables at the level of in-
dividual customers using a stable customer identifier. This
requirement is trivial to satisfy if records are static and en-
tity matching is performed just once since each unique clus-
ter can be assigned a unique key based on the records in it.
However, customer data is seldom static, and the underly-
ing data being matched grows and changes over time. As
such, we must also re-run or update clustering in order to
have customer entities reflect changes in source data. Entity
clusters may change for several reasons such as adding or
removing records, merging records with other clusters, or
splitting records into different clusters. For instance, each
new transaction by a customer will add a new element to
the entity cluster. With this context, assigning a persistent
identifier to clusters is challenging since clusters can and do
change over time. In Section 5, we describe Amperity’s per-
sistent ID assignment algorithm that maintains persistent
and stable cluster identifiers in the face of changes to clus-
tering.

The rest of the paper is organized as follows. Section 2
provides a system overview of FUsioN. Section 3 reviews a
threshold-based ordinal regression algorithm and explains
why it is important to our applications. Section 4 introduces
a hierarchical clustering-based algorithm for cluster-level
conflict resolution. Section 5 presents a special algorithm
that generates persistent cluster identifiers that follow the
entities even if entity clusters change over time. Section 6
shares experimental results, showing improved performance
using ordinal regression to solve the entity-matching prob-
lem, the efficacy of using the proposed clustering algorithm
to resolve clustering conflicts, and the extent to which clus-
ter ID reassignments can be avoided using our persistent ID
assignment algorithm. Section 7 concludes our discussion.

2 FUSION SYSTEM OVERVIEW

In this section, we first provide an overview of Amperity’s
entity matching framework, Fusion, and discuss how Fu-
SION solves many real-world challenges that are not tackled
by existing solutions. To make our discussion more concrete,
we present a toy example (see Table 1) and use it throughout
the rest of the paper.

The Fusion architecture runs in the cloud atop infrastruc-
ture as a service (IAAS), such as Amazon AWS or Microsoft

Azure. Customers drop periodic (generally daily) data up-
dates which trigger FusioN pipeline. Data is ingested and ag-
gregated with existing records in a versioned and immutable
manner. Storing the data in this manner enables longitu-
dinal analysis of the data over time including the calcula-
tion of persistent identifiers (see Section 5). The newly in-
gested version of the data initially lacks resolved entities.
The entity matching pipeline groups the raw data, and cre-
ates a complete view for each entity. The data is further aug-
mented with a persistent entity identifier using our persistent-
ID assignment algorithm. This process also generates change
data capture (CDC) outputs as well as alerts in the event
of issues. The output of FusioN is delivered to downstream
"identity-oriented” systems enabling market segmentation
or customer relationship management (CRM). The entire en-
tity matching pipeline is implemented on Apache Spark [27]
for high throughput and scalability.

At a very high-level, Fusion follows the standard work-
flow as other common entity matching systems with the fol-
lowing major components: 1) preprocessing; 2) blocking; 3)
pairwise comparison/classification; 4) computing connected
components; and 5) clustering (see Figure 3 for the architec-
ture overview of the Fusion pipeline).

Given a collection of raw datasets, we first preprocess all
records in each table to normalize the data to an approxi-
mately common representation, with invalid values removed.
For example, in the toy example in Table 1, records r; and
ro have null birthdates because the birthdate information is
systematically unavailable in their data source (see the data
source ("DS") column in Table 1).

The blocking step groups records by multiple blocking in-
dices in order to determine which record pairs should be
considered by the matching classifier as potential matched
record pairs. The blocking index can be constructed by a sin-
gle attribute, such as last name or email alias, or a combina-
tion of multiple attributes, such as the name initials. Many
blocking methods have been developed to scale up entity
matching systems. In Fusion, we applied an algorithm pro-
posed in [4] to learn a set of DNF (disjunctive normal form)
based blocking indices. Record pairs that share any of the
blocking indices are evaluated in the next pairwise compar-
ison step. In our toy example, all pairs of records share at
least one of the blocking indices, composed by the initial of
the first name and the full last name, so we would consider
all (g):15 candidate record pairs. In practice, blocking re-
duces the O(n?) space of all possible record pairs to a much
smaller space of candidate record pairs.

The next pairwise comparison step uses a learned ordinal
regression model to assign a discrete ordered label to each
candidate pair (see details in Section 3). The possible ordi-
nal labels ordered from least-likely to most-likely to indicate
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Figure 3: The architecture overview of Fusion together with its upstream and downstream data integration flow.

a match are: hard-conflict, non-conflict, weak-match,
moderate-match, and strong-match. These match levels
are defined by an annotation guideline that is comprehen-
sible to a system operator who can select a threshold most
appropriate to their downstream application. We validated
our annotation guideline by measuring internal annotations
agreeing over 95% of the time. Beyond ease-of-use, we also
show in Section 6.1 that this formulation has superior per-
formance in predicting ordinal match levels versus a logistic
regression approach.

The clustering step first groups record pairs into connected
components. A special hierarchical clustering algorithm is
applied to separate these components into sub-components
(or final clusters in the pipeline) to resolve any detected
hard conflicts (formally defined in Section 4). Hence, at the
end of the entity matching process, the system has parti-
tioned the input records into a hierarchy of disjoint clusters,
with the clustering on each level associated with an ordi-
nal match threshold. Depending on the business use case,
different ordinal thresholds can be selected and therefore
different versions of entity clusters can be created. Figure 4
illustrates three possible clustering outcomes of the toy ex-
ample based on different thresholds. More specifically, when
weak-match (represented by green dotted lines) is config-
ured as the threshold, any record pair with a match-level
equal to or stronger than weak-match is grouped into the
same cluster, unless a hard-conflict (represented by black

dashed lines) is identified, in which case the clustering algo-
rithm will partition record pairs with hard-conflict into
separate clusters. When a higher (or more conservative) thresh-
old is selected, more entity clusters are generated, while a
lower (or more liberal) threshold usually results in fewer en-
tity clusters; compare the difference between Figure 4 (b1)
and (b3).

Although the traditional entity matching task ends with
entity clusters, Fusion has an additional step of assigning
each entity a persistent entity identifier. The entity iden-
tifier is persistent in the sense that it remains in the sys-
tem as long as the entity still exists, even if the actual clus-
ter composition changes over time. An existing identifier
is removed when all the records associated with the entity
are deleted completely. Similarly, a new identifier is created
when records that represent a new entity appear. We call
the process of generating and maintaining the entity identi-
fier "Persistent ID Assignment" (see Section 5). Underlying
the FusioN framework is an immutable information model
which maintains source data records in full and computes
entity resolution results as the derivative of those source
data records, as well as prior generations of entity resolu-
tion; this is distinct from many industrial systems which col-
lapse (merge) source data in a lossy manner. By storing gen-
erations of entity matching results, FusioN is able to main-
tain a persistent ID for each entity over time and also en-
ables lateral analysis for generations of clustering results.
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Figure 4: (a) [llustration of the connected component and record pairs with predicted ordinal match levels for the
toy example in Table 1; (b) three different clustering outcomes based on three different ordinal match thresholds

(b1-b3), which together form a hierarchy of clusterings.

3 FRAMING ENTITY-MATCHING AS AN
ORDINAL REGRESSION PROBLEM

Entity-matching systems that leverage machine learning most
commonly treat pairwise record matching as a supervised
binary classification problem [8, 10], although there are also
ternary formulations that add a "potential” match category
[26]. As discussed in Section 1.1, many downstream applica-
tions benefit from being able to produce clusters with differ-
ent ordinal match levels.

One way to approach this problem is to use a probabilistic
binary classifier, such as logistic regression, and then tune
the threshold to achieve the desired precision/recall trade-
off. However, this approach has many problems in practice,
the foremost being that an operator of the entity match-
ing system needs to be able to tune thresholds for desired
outcomes. This can be very challenging for a probabilistic

model since the semantics of a pairwise match probability
depend heavily on the underlying training data.

In FusioN, we instead use a threshold-based ordinal re-
gression formulation [21] with several pre-defined match
levels such as hard-conflict,non-conflict,weak-match,
moderate-match, and strong-match (see Section 3.1). In
this approach, the thresholds between match levels are learned,
rather than manually tuned or linearly spaced. We also re-
vised the loss function described in [21] to allow for cost
sensitivity between match levels to reflect the varying busi-
ness cost for precision or recall errors.

3.1 Threshold-Based Ordinal Regression

Threshold-based ordinal regression can be viewed as a gen-
eralization of binary regression where only two ordinal la-
bels are available. Just like binary regression, we are given
a training set (x?), yV),_; .. n, where each x) is a feature



vector describing a record pair and y?) is the target match
level for the record pair. The goal is to learn a mapping
z(x) = wlx that minimizes the loss function, loss(z(x), ),
on the target ordinal level y. Different than binary regres-
sion, not only the feature weight vector w is learned, the
thresholds associated with boundaries of the ordinal labels
are also learned. Here, we use 0; to represent each threshold,
where 0; < 0, < --- < O with 6y = —inf, 67,1 = +inf. The
predicted level is given by which two thresholds the score
falls in between, i.e., a score z(x) satisfying 0y < z(x) < 41
predicts the label k.

The cost function for a single sample is given by summing
up the loss across all ordinal levels [21]:

T
C(x,y) = Zloss (s(Z,y)(6; - z(x)) , (1)
=1
where
-1 ifi<j,
s(i,jy=40  ifi=j, )
1 ifi>j.

Common choices of the loss function include hinge loss, least
squared loss, logistic loss, etc., and the different outcomes
of them are studied in [21]. In practice, we notice that the
choice of the loss function does not have a significant im-
pact on the performance of the classifier, and logistic loss is
chosen due to its slightly better performance. Logistic loss
is defined as follows:

loss(z) = log(1 +e77). (3)

The loss function when augmented with L2 regulariza-
tion becomes:

A
J(w,0) = C(xi, yi) + EIIWII2 4)
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where 1) is the predicted ordinal level for the i-th example,
and A is the regularization parameter.

We note that compared to multi-class classification where
all mistakes are treated equal and there is no incentive to
prefer one incorrectlabel over another, in ordinal regression,
there is a distinct ordering to the labels, and therefore the
solutions are encouraged to minimize the number of crossed
thresholds. This is a desirable behavior for our multi-level
entity matching problem.

3.2 Cost Sensitivity for Prediction Errors

In the standard threshold-based ordinal regression, although
the algorithm penalizes more when a mistake is made across

multiple thresholds, predicting a record pair non-conflict
when it is hard-conflict has the same cost as predicting
moderate-match when it is a weak-match. However, in real
applications, these types of mistakes often have very differ-
ent business costs. In FusioN, we introduce an additional
weight matrix I, with each entry y, 4 associated with an er-
ror cost for a given (predicted-level, true-level) combination,
(p, q). When T is a matrix of ones, it reduces to Eq. (1). These
error costs weight each term in the summation over all pos-
sibly predicted labels [ in Eq. (1):

T
Cxy) = yiy-loss (L)@ —2x) . (5)

=1
When the cost is high associated with the error to a cer-
tain ordinal level, we can adjust the weight matrix to further
reduce this type of error. For example, if a business needs
the precision of strong-match to be as high as possible
(e.g., when identifying VIP customers), the weight associ-
ated with that level should be raised. As we show in Sec-
tion 6.1, by raising the relevant weight y4 5 from 1.0 to 5.0,
the precision of strong-match is increased from 99.3% to
100%, where 4 and 5 are the level indices associated with
weak-match and strong-match.T is an asymmetric matrix.
As the examples suggested, when p < g, the precision of
the level g can be improved by increasing the weight y, ¢;
the recall of the level p can be improved by increasing the
weight y, ». In practice, it is usually sufficient to only adjust

the weights of adjacent levels such as y4 5 and y3 5.

4 RESOLVING CLUSTERING CONFLICTS

In this section, we provide a formal definition of cluster-
level conflicts (Section 4.1), review a few commonly used
clustering algorithms (Section 4.2), and address their limi-
tations in solving these conflicts. Finally, we introduce our
hierarchical-based clustering algorithm (Section 4.5).

4.1 Problem Statement

The goal of resolving conflicts in the cluster level is to fur-
ther partition a connected component into a set of clusters
so that there are no hard conflicts in each individual cluster;
this is done to ensure a cluster represents a single coherent
entity. To provide a definition of cluster-level hard-conflicts,
we need to define cluster-level attributes first.

A cluster C in the database D is composed by records
ri,--- ,rn. Each record has M attributes, or columns. We
use a = tuple(a, az, -+ ,apm) to denote the set of ordered
attributes; we use r;[a;] to refer to the j-th attribute in the
i-th record. The cluster-level attribute for the attribute field
j can be defined as follows

Aj = Ur,-[aj], Vr;eC. (6)



For example, in Figure 2, the BIRTHDATE attribute for Com-
ponent (a) is {1997-01-02}, and the SSN attribute for Com-
ponent (b) is {XXX-XX-7090, XXX-XX-1960}. Invalid values
including null values are removed.

We use a similarity measure, Sj(a,a’), to denote the sim-
ilarity between two attribute values, a and d’, in the j-th
attribute field. Commons similarity measures include Lev-
enshtein distance, Jaccard distance, Hamming distance, and
many others. This measure can be sensitive to the under-
lying attribute type. For instance, for the EMAIL attribute,
it makes more sense to use Levenshtein distance instead of
Jaccard distance to establish similarity. We note that S;(a, a”)
composes one type of features in the pairwise classifier, as-
sociated with the direct comparison between attribute val-
ues from a single field. Other features such as the closeness
between an email alias and a name, the popularity of a first
name, or the population of a zip code are not covered by it.

We use Spin(A;) to denote the weakest similarity between
any given two values a, and a4 in Aj,

Smin(Aj) =

min Si(a,,ay) . 7
min, S,(ap.a,) 7)
A hard conflict can be defined as, in any given cluster, the
condition where the weakest similarity (or largest dissimi-
larity) in the attribute field j is less than a threshold ¢;, i.e.,

Smin(Aj) > tj. (8)

Depending on the use case, different attribute fields can
be assigned with different tolerances over dissimilarity, rep-
resented by t;. For example, it is common that a business
keeps multiple emails or addresses per customer because
large dissimilarity in those attributes does not indicate dif-
ferent entities. On the other hand, one person should have
only one birthdate and one social security number. Further
tolerances are needed when you consider imprecisely en-
tered information. Allowing for this imprecision, the system
should permit one person to have a pair of birthdates like
"1960-11-10" and "1960-10-11", but recognize that "1960-11-
10" and "1980-02-11" likely come from different individuals.
If we normalize the similarity measure to a range between
0.0 and 1.0, an end user can assign a threshold as low as 0.0
to an attribute like EMAIL, and as high as 1.0 to some other
attribute like SSN (see the example in Figure 2).

The task of conflict resolution is to partition a dataset into
a set of clusters, such that no cluster C has any attribute field
Aj whose most dissimilar value pair exceeds the dissimilar-
ity tolerance for that attribute. More formally, this condition
can be expressed as:

VC, Aj, Smin(Aj) > l'j . (9)

4.2 Solution Overview

Once we have identified matched record pairs using the or-
dinal regression matching model in Section 3, we must pro-
duce clusters from these record pairs.

Clustering can be as simple as constructing connected
components by grouping matched record pairs into entity
clusters such that there is no match status for record pairs
spanning different entity clusters. However, we can have a
situation where two record pairs, (r;,r;) and (rj, r¢) have
been classified as matches, but the record pair (r;, r¢) has
been classified as non-match. Through transitivity, the three
records r;, rj, and r are grouped into one connected com-
ponent, implying the match status of the record pair (r;, rg),
which contradicts the classification result. Without proper
treatment of the transitivity, a connected component can
grow into a long chain or lead to an even more degenerate
phenomenon, black hole clusters [15, 19].

In Fusion, we first combine matched record pairs into
connected components, and then further partition each con-
nected component into smaller clusters to resolve any hard
conflicts. The similar procedure has been adopted by many
entity matching systems [9, 15, 25], and different choices on
the clustering algorithms have been made. For internal com-
pleteness, we first review two classical clustering methods
that are often used in entity matching systems: correlation
clustering [1, 2] and hierarchical clustering [3] as baselines.

However, a non-match record pair can be caused by two
different reasons - 1) missing information; or 2) conflicting
information (e.g., different SSNs). Some approaches can guar-
antee a conflict-free cluster, however, they also tend to falsely
force the connected component to split when there is no real
conflict, which compromises the desirable outcome of tran-
sitive closure. In this work, we propose a variant of hier-
archical clustering-based algorithm to partition connected
components if and only if a hard conflict appears. The al-
gorithm works for both binary classification and ordinal re-
gression. We begin by assuming the similarity measure is
represented by the estimated match probability returned by
a binary classifier, and then we extend the algorithm to an
ordinal regression context.

4.3 Correlation Clustering

In correlation clustering [2], the goal is to find a clustering
solution that minimizes disagreements or maximizes agree-
ments when contradictory pieces of input information are
given. Both objectives are equivalent at the optimum, but
they differ as far as the approximation is concerned. In this
paper, we focus on the minimization version for discussion.



For each pair of records in the same cluster, there is a
penalty on the dissimilarity; for each pair of records in dif-
ferent clusters, there is a penalty on the similarity. The ob-
jective is to minimize the sum of the penalties:

CC(L) = Z (1= M(ri, 7)) (10)

CEL,ri,rjEC

+ >, M(ir). (1)
C,C’eL,C#C,rieC,rjeC’

where i and j are any two records in D; M(i, j) represents
the pairwise match function between records i and j; L de-
notes the clustering that partitions D ; C and C’ are any two
clustersin L; .

A special case for correlation clustering is when the sim-
ilarity function between two records is changed to binary,
ie., M(i,j) = 0 (non-match) or 1 (match). It has been proved
that even for this special case, optimal correlation clustering
is NP-complete. The best result for the minimization ver-
sion is the 3-approximation randomized greedy algorithm,
known as CC-Pivot Algorithm [1, 2], and it is used as one of
our baseline algorithms.

With the goal of minimizing disagreements that occur
in a clustering, correlation clustering does not guarantee a
conflict-free result; this can be shown by the examples in
Figure 2. To simplify the discussion, we treat it as a binary
classification problem (i.e., a record pair is a match if and
only if the score is higher than 0.5). For the connected com-
ponent in (a), there is no hard conflict, and the low score
between r; and r3 is the result of lacking information. CC-
PIVOT can successfully keep ry, r2, and r3 together.> How-
ever, for the connected component in (b), the algorithm fails
to separate r4 and rg apart even if there exists a hard conflict
between them.? Since CC-PIVOT is a greedy algorithm, de-
pending on which record is selected as the pivot first, the
algorithm can actually return three different clustering re-
sults - {rq, rs, 16}, {rs, rs }U{rs}, {rs, re } U{rs}, but the chance
to return a conflict-free clustering is only one in three.

4.4 Hierarchical Clustering

Hierarchical clustering groups data over a variety of scales
by creating a cluster tree or dendrogram. The tree is not
a single set of clusters, but rather a multi-level hierarchy,
where clusters at one level are joined with clusters at the
next level. Having a cluster tree allows us to quickly gener-
ate clusterings at different threshold scores without having
to rerun an expensive algorithm.

3The optimal clustering is {1, 72, r3 } because CC({ry, 1, r3}) = 0.02 +
0.1+0.7 = 0.82 < CC({ri, 72} U {r3}) = 0.02+ 0.3+ 0.9 = 1.22 <
CC({ra, r3} U {r1}) =0.1+0.3+0.98 = 1.38.

4The optimal clustering is {ry, 75, ¢ } because CC({ry, rs, r¢}) = 0.05 + 0.1
+0.8=0.95< CC({rs, rs} U {re}) = 0.05 + 0.9 + 0.2 = 1.15.

Algorithm 1: Hierarchical Clustering
Input:
a set of records, D = {ry,ra, - ,rn},
a user-defined match function M(C, C")
a user-defined threshold ¢
Output: a hierarchy of clusterings L

INITIALIZATION(D)
fori=1tondo
L Ci={r}
L={Cy,Cy,---,Cp}
BUILDCLUSTERS(L)
while L.size > 1, max M(C,C’) >= 0 do
C,C’ = argmax el M(C,C7)
remove C and C’ from L
add the new cluster CUC’ to L

Additionally, hierarchical clustering gives us the flexibil-
ity to tailor the algorithm to a specific problem by choos-
ing a similarity function. The commonly used ones include
single-link clustering, complete-link clustering, and group-
average clustering. In single-link clustering, the similarity
between clusters is defined as the highest similarity among
any cluster pairs (ie., the similarity between the nearest
neighbors); in complete-link clustering, it is the lowest sim-
ilarity among the cluster pairs (i.e., the similarity between
the farthest neighbors); in group-average clustering, the sim-
ilarity measure becomes the average similarity among all
cluster pairs. We use Mmax, Mmin, and M;vg to denote the
similarity functions in single-link, complete-link, and group-
average clusterings, respectively, and we use the notation
M(C, C’) to distinguish from the similarity function between
two records, M(r,r’).

Hierarchical clustering works as follows: Given a simi-
larity function, hierarchical clustering initially places every
record in its own singleton cluster. Then, at every step the
two clusters that are most similar are merged until a stop-
ping criterion is satisfied, usually when the highest similar-
ity score drops below a threshold 6 (see Algorithm 1).

However, none of the baseline approaches discussed above
can successfully partition clusters when a conflict is detected
and at the same time maintain the transitive closure when
there is no hard conflict. In correlation clustering, minimiz-
ing the penalty function associated with the global disagree-
ment is not entirely aligned with minimizing hard conflicts.
In hierarchical clustering, single-link clustering exhibits con-
flict ignorance behavior, complete-link clustering focuses
on conflict avoidance, and global-average clustering behaves
somewhere in between. None of them can achieve the con-
flict resolution goal we stated above. The clustering results



of the examples in Figure 2 using different similarity func-
tions are compared in Table 2.

Example | Single-Link | Group-Average | Complete-Link
(Mmax) (Mavg) (Mmin)

(a) {ri,ra, 3} {ri,ra, 3} {ri,r2} U {rs}

(b) {ra s, 16} {ra1s, 16} {ra, rs} U {re}

Table 2: Comparison of the clustering results from
applying three different hierarchical clustering algo-
rithms to the two connected component examples in
Figure 2.

4.5 A Special Hierarchical Clustering with
the Conflict Resolution Property

We propose a novel variant of the hierarchical clustering
framework with a new similarity function denoted as Mgysion,
and defined as follows:

Mfusion(c’ C/) = M(A’ A’) s (12)
where A and A’ are the tuples of cluster-level attributes, i.e.,
A = tuple(A, Az, -+, An), (13)

and each cluster-level attribute is constructed by the union
of record attributes in that cluster (see Eq. (6)). In Fusion the
classifier for record pairs is already generalized to handle
multiple values per attribute field, and is learned to reject
hard conflicts on the pairwise level, s.t.,

3 Smin(A)) < tj = M(r,r") <6, (14)

where 0 is the binary classifier threshold or one of the or-
dinal classifier thresholds, and t; is the minimally required
similarity for the attribute j. By extending the pairwise clas-
sifier M to the cluster level (i.e., scoring A and A’), we can
detect cluster-level conflicts. In each merge operation of hi-
erarchical clustering, M(A, A’) associated with the cluster
pair C and C’ is evaluated. If it is below the classifier thresh-
old 0 for all cluster pairs, the algorithm terminates. There-
fore, we can guarantee that no hard conflict exists in final
clusters, and we can keep records connected as far as the
classifier allows. This way, we also maintain the logical con-
sistency between pairwise matching and clustering.
Computationally, Mfusion is more expensive than Mmax,
M;Vg, and Mmin because a simple operation on the pairwise
classifier scores is not enough, and the evaluation on the
similarity of cluster-level attributes is required. Fortunately,
since the attribute similarity for each record pair has already
been calculated in the pairwise classification step, the min-
imum of the cluster-level attribute similarity can be simpli-
fied to a min operation, i.e.,
Smin(4;j U A;) = min /Sj(r[aj], r'laj]) . (15)

reC,r’'eC

Clustering Algorithm | Example (a) | Example (b)
CcC Succeed Fail
HC with My Succeed Fail
HC with M,ye Succeed Fail
HC with My, Fail Succeed
HC with Mpusion Succeed Succeed

Table 3: The summary of results by applying different
clustering algorithms to the examples in Figure 2.

Since Sj(r[a;], r’[a;]) is cached in the previous process, ex-
pensive computations such as Levenshtein distance of at-
tribute values can be avoided.

Table 3 shows the comparison of clustering results using
different clustering algorithms based on the same example
in Figure 2. Figure 5 illustrates the procedure and the out-
come of applying our clustering algorithm to the toy exam-
ple in Table 1. The three versions of clusterings can be gen-
erated given three different thresholds, and we can see the
hard-conflicts between (r3, r4), (r4, r6), (s, g) do not exist in
any of the final clusterings.

e strong-match: {rl, ro, r3}, {r4}, {rs}, {ré};
e moderate-match: {ry, rs, rs, 74}, {rs}, {rs},
e weak-match: {ry, ry, 3, 14, 5}, {rs}.

5 ASSIGNING CLUSTER IDENTIFIERS

Entity matching never exists in isolation and most of the
time it needs to be integrated and synchronized with down-
stream data management systems. Typically these systems
will accept new information on a daily or real-time basis
which will in turn trigger the re-clustering or updating of
existing entity clusters. Downstream applications of entity
resolution will typically need ways to "refer" to a canonical
entity even though our beliefs about which records consti-
tute an entity may change over time. This creates several
problems which must be addressed to successfully utilize
entity matching in a practical setting:

e How to create a unique identifier to track each real-
world entity even if the cluster of records associated
with the entity changes over time?

e How to identify if an entity (not a record) is added to
or deleted from the system?

e How to provide a single metric to evaluate the dispar-
ity between two clustering results and, with that, mon-
itor system stability?

In this section, we explain how Amperity’s ID assignment
process works and how it can help to answer the questions
above. First, we provide a definition of the cluster ID assign-
ment problem.



Hard-conflict <€------=-=-=--=------

(threshold: 0.0) ] seore:03

Cluster: {r6}

Name: {John Smith}
Generational Suffix: {Sr}
Address: {123 West Elm Street}
City: {Seattle}

State: {WA}

Postal: {98103}

Cluster: {rl, 12,13, 14,a}

Name: {John Smith}

Generational Suffix: {Jr}

Birthdate: {1980-01-12}

Email: {jsmith12@gmail.com, jsmith12@hotmail.com}
Address: {123 West Elm Street}

City: {Seattle}

State: {WA}

Postal: {98103}

Weak-match <«€--------=
(threshold: 2.0) score: 2.2

Cluster: {r5}
Name: {John Smith}
Birthdate: {1980-01-12}

Cluster: {rl, 12, 13, r4}

Name: {John Smith}

Generational Suffix: {Jr}

Birthdate: {1980-01-12}

Email: {jsmith12@gmail.com, jsmith]12@hotmail.com}
Address: {123 West Elm Street}

City: {Seattle}

State: {WA}

Postal: {98103}

Moderate-match <= --------=
(threshold: 3.0) score: 3.9

[ |
Cluster: {rl, 12, r3} Cluster: {r4}
Name: {John Smith} Name: {John Smith}
Generational Suffix: {Jr} Birthdate: {1980-01-12}
Birthdate: {1980-01-12} Email: {jsmith12@hotmail.com}
Email: {jsmith]12@gmail.com} City: {Seattle}
Address: {123 West Elm Street} State: {WA}
City: {Seattle} Postal: {98103}
State: {WA}
Postal: {98103}

Strong-match «---------=
(threshold: 4.0) score: 4.0
[ |
Cluster: {r2}
Name: {John Smith}
Address: {123 West Elm Street}
City: {Seattle}
State: {WA}
Postal: {98103}

Cluster: {rl, 3}

Name: {John Smith}
Generational Suffix: {Jr}
Birthdate: {1980-01-12}

Email: {jsmith12@gmail.com}
Address: {123 West Elm Street}

City: {Seattle}
State: {WA}
Postal: {98103}
score: 4.5
[ ]
Cluster: {r1} Cluster: {r3}

Name: {John Smith}
Email: {jsmith12@gmail.com}
Address: {123 West Elm Street}

Name: {John Smith}
Generational Suffix: {Jr}
Birthdate: {1980-01-12}

City: {Seattle} Email: {jsmith]2@gmail.com}
State: {WA} City: {Seattle}
Postal: {98103} State: {WA}

Postal: {98103}

Figure 5: Illustration of the clustering process by ap-
plying the proposed clustering algorithm to the toy
example in Table 1. The merged values in each step
are highlighted in red.

5.1 Problem Statement

Cluster ID assignment is a mapping problem between clus-
terings from two generations (e.g., two different timestamps)
of entity matching results.> A clustering L at a given gener-
ation can be defined as a partition of a database D into clus-
ters Cy,Cy, - - - , Ck that form a non-overlapping cover over

>The concepts of assigning cluster IDs and assigning entity IDs are inter-
changeable because at the end of FusioN each entity is represented as a
cluster of records.

D; more formally,

CkNCj=0 and U{_ Ci=D, Vkje{l, - ,K}.
(16)
Let the number of records in D and in cluster Ci be n and
nk, respectively, and we have n = Zle nk. Similarly, we
use L' ={C/,---, C}<,} to denote a clustering from the next
generation, and we have, uf,':lc,;, =D andn’ = I,f,/zl n;c,,
where D’ represents an updated version of D.°
The cluster ID assignment process can be interpreted as
follows: for each cluster in L', deciding which cluster in L
it is most closely related to. Intuitively, we know we want
the number of intersecting records of the two clusters to be
small. Here we use ngy to denote this number

nkk = [Ck NCL| - (17)

An optimal mapping ¢* should maximize the total num-
ber of intersecting records between L and L’ such that

K

o*(k) = argmax, Z N, o(k) » (18)
k=1

where o(k)is a mapping of {1,--- ,K}into {1,--- ,K’, NULL},
where NULL is a special symbol denoting there is no ana-
logue of the input cluster. Assuming L is from an earlier

generation than L’, when assigning cluster IDs for L, we

can use the mapping ¢* to decide which previous cluster

IDs the new clusters should inherit.

With this clustering mapping, we are able to answer some
other important questions such as which customers have
left the system, which have just joined, which are existing
customers, and among the existing customers, which have
their information updated. Each question is associated with
one type of clusters, defined as follows:

o If two clusters Cx € Land C;, € L’ are equal, then we
say that C;, is unchanged.

o Acluster C;, € L’ is an updated cluster if 3 0" (k) =
k', but Cx # C,,.
Here, the mapping between Cy and C}, is established,
but the two clusters are not identical. This can be caused
by the splitting of an old cluster into multiple clusters;
merging an old cluster with other clusters; or both. Be-
cause Cx and C}, are not perfectly aligned, we also call
them partially-aligned clusters.

e A cluster Cy € L is a deleted cluster if o(k) is null.
An entity is only considered as deleted if all the records
associated with that entity are deleted in the database.
As a result, there is no matching cluster in the new
clustering L’.

%We borrow the notations used in [17] for the clustering definition.



e A cluster C;, € L’ is new if o~ Y(k’) is null, where
o7 1(k’) denotes the inverse of o (k), the mapping from
{1,---,K’} into {1,--- ,K},

Since partially-aligned clusters represent the updated en-
tities, the ratio between them and the total cluster volume
can be used as an indicator for data stability. In Fusion, we
use a metric derived from Eq. (18), named as partition dis-
tance or classification error [17, 22], to monitor this differ-
ence between two clusterings. It is defined as follows

K
1
d(C,C") = 1 - — max Z Nk (k) - (19)
n o
k=1
In the next section we present our algorithm to finding
this optimal mapping between two generations of cluster-
ings in order to solve the clustering ID assignment problem.

5.2 Algorithm

From a computational perspective, it is prohibitive to enu-
merate all possible mappings o(-), ruling out a brute force
search. Fortunately, the problem is identical to finding the
maximum-weight matchings in bipartite graphs, sometimes
also called the assignment problem [5]. In this context, a bi-
partite graph can easily be represented by a confusion ma-
trix, where the entries of the matrix are the number of in-
tersecting records between two clusters, i.e., ngy in Eq. (17).
This assignment problem can be solved using the well-known
Hungarian algorithm with an O(n®) running time. However,
this is still too expensive since n is on the scale of hundreds
of millions of clusters for a given business.

In FusioN, we implement a greedy approximation algo-
rithm to achieve much faster performance (see Step 4 in Al-
gorithm 2). Although an optimal solution is not guaranteed,
the computational complexity is linear, and this approach
has shown to be a good approximation [16]. Through em-
pirical observation in our applications, we find that the ra-
tio between the number of partial-aligned clusters and the
total number of clusters is very small and the greedy algo-
rithm solution is often very close to the optimal solution.
With its linear performance and our distributed algorithm
implementation in Spark, in most cases, the ID assignment
process can complete within ten minutes (see Section 6.3 for
the experimental results).

Our cluster ID assignment algorithm is presented in Al-
gorithm 2. We also use a toy example in Figure 6 to ex-
plain how the algorithm works. Figure 6 (a) compares the
two clusterings from the (i-1)-th and i-th runs. Before the
IDs are assigned to the newer clustering, temporary IDs are
created for easy reference. Between the two clusterings, we
have unchanged clusters a-1 and b-1, a deleted cluster a-5,
a new cluster b-5, and partially-aligned clusters including
a-2, a-3, a-4 from the (i-1)-th run and b-2, b-3, b-4 from i-th

Algorithm 2: Cluster ID Assignment
Input: L = {Cy,--- ,Cx}and L’ = {C}, - -
Output: id(C;,), VC,, € L’

: ’C;C'}

Step 1: Only keep partially-aligned clusters by
removing new-clusters from L', deleted-clusters from L,
and unchanged-clusters from both L and L'.

Step 2: Update the mapping between the
unchanged-clustersin L and L', i.e., V Cy = C,’C,, make
o*(k) =k

Step 3: Build a confusion matrix M for the remaining
partially-aligned clusters in L and L', assigning nyx as
the entry value.

Step 4: Run GREEDY(M)

E =Sort(M) // Sort the entries of M in desc order
while E # null do
Emax = E[0]
(i,7) = LOCATENODE(Emax, M) // Emax = M, ;
(i) =]

DeLETENODEBYROW(E, i) // Delete all entries
in E associated with i-th row in M
DELETENODEBYCOLUMN(E, j) // Delete all
entries in E associated with j-th column in M
Return o*
Step 5: Assign cluster IDs:
1. Unchanged- and updated-clusters:
id(C/, id(Cy).

2. New-cluster:
A new ID is created. ID collision is performed to
ensure there are no duplicated IDs in system.
3. Deleted-cluster:
The ID is removed from the current and
downstream systems.

run. A 3 X 3 confusion matrix is built based on the partially-
aligned clusters. By running the greedy assignment algo-
rithm, the mapping between these partially-aligned clusters
is constructed, i.e., (a-2, b-2), (a-3, b-4), and (a-4, b-3). Finally,
we replace the temporary IDs, b-1, b-2, b-3, and b-4, with
the existing IDs, a-1, a-2, a-4, and a-3, respectively, Since b-
5 is identified as a new cluster, it keeps its newly created
ID. At the end of the ID assignment process, we also gen-
erate a summary of changed data, at both the cluster and
record level. It provides insights and metrics for the busi-
ness, and more importantly, helps the downstream systems
to synchronize with the change and stabilizes the overall
data flow.



(a) Clusterings from two different generations

D Clusters in (i-1)-th run Temp ID | Clusters in i-th run
a-1 {1} b-1 {1}

a2 {2} b-2 12,3}

a-3 {3,4,5,6,7} b-3 {4}

a-4 {8} b-4 {5,6,7,8}

a-5 {9, 10} b-5 {11}

(b) Persistent ID assignment process

Step 1: Remove the unchanged-cluster, new-cluster, and deleted-cluster

a2 | {2} b2 | (2,3}
a3 | 13,4,56,7} vs b3 | {4}
a4 | {8} b-4 | 1{5,6,7,8}

Step 2: Build the map between the unchanged-cluster pair
a-1 <=>b-1

Step 3: Build confusion matrix Step 4: Find the optimal matching

b2 [b-3 | b4 b-2 [b-3 | b-4

a2 |1 0 0 a2 |1 0 0

a3 |1 1 3 a4 |0 0 1

a4 |0 0 1 a3 |1 1 3

Temp ID | Curr ID | Entity Status Record [ PrevID | CurrID | ID Status

b-1 a-1 Unchanged 1 a-1 a-1

b-2 a-2 Updated 2 a-2 a-2

b-3 a-4 Updated 3 a-3 a-2 Changed

b-4 a-3 Updated 4 a-3 a-4 Changed

b-5 b-5 Added 5 a-3 a-3

n/a a-5 Deleted 6 a-3 a-3

Entity-level change 7 a-3 a-3

8 a-4 a-3 Changed
9 a-5 n/a Deleted
10 a-5 n/a Deleted
11 n/a b-5 Added

Record-level change

Figure 6: A toy example for Algorithm 2.

6 EXPERIMENTAL RESULTS
6.1 Classification Results

In this section, we empirically show that ordinal regression
outperforms logistic regression when predicting fixed or-
dinal match levels. In order to compare with binary logis-
tic regression, we discretize the probabilistic output range
(e.g, [0,1]) into multiple intervals matching the number of
match levels; we optimized the thresholds between intervals
by maximizing the F; score for each match level. In other
words, we tried to find the "best" F; partition of the [0, 1]
range to map to match levels.

Since the focus of this work is on phenomena more com-
mon in applied settings, we used Amperity internal data

Table 4: Comparison of mean absolute error (MAE)
and zero-one error (ZOE) on a customer dataset using
the discretized binary regression and the threshold-
based ordinal regression (used in this system). For
these metrics, lower is better.

LogReg OrdReg Error Reduction
MAE | 0.781 0.396 49.2%
ZOE 0.473 0.236 51.0%

Table 5: Examples to demonstrate the efficacy of the
weighted adjustment strategy in the ordinal regres-
sion. The Class-5 (strong-match) precision Ps and class-
3 (weak-match) recall (R;) are compared using both the
discretized binary regression and the ordinal regres-
sion with different weight.

LogReg OrdReg
Y=1 y32=10 y45=5 Y32=10, y45=5
Py | 04838 |0.993 0.989 1.00 1.00
R, | 0963 | 0958 0984 0.956 0.985

to train and evaluate our system. The experimental dataset
contains a collection of record pairs sampled from several
of the customer databases of Amperity’s clients. To allevi-
ate the manual labeling effort without compromising the
generality of this approach, we sampled 4,389 record pairs
with each record pair having a distinct feature vector. These
record pairs are manually labeled with one of the five or-
dinal classes. 7 To evaluate the model performance, we use
both mean absolute error (MAE) and zero-one errors (ZOE).8
Table 4 shows that the threshold-based ordinal regression
reduces error by 50% compared to the discretized logistic re-
gression when trained on the same feature representation.
Table 5 compares regular ordinal regression, discretized lo-
gistic regression, and ordinal regression with the weight-
adjustment (see Section 3.2) to demonstrate its capacity to
improve the precision or recall of a certain ordinal class.

6.2 Clustering Results

To evaluate the conflict-resolution property of our cluster-
ing algorithm, we apply it to a dataset constructed by 1M
real customer records, and compare its clustering result to
four other clustering algorithms - correlation clustering, hi-
erarchical clusterings with single-link, group-average, and

"The match level distribution of the samples: 1165 (non-match),
223 (non-conflict), 462 (non-conflict), 831 (moderate-match), 1708
(strong-match) All models were trained and evaluated with the same
60/40 train/test split.

SMAE = Y lyi—zil/n,and ZOE = 37, £o/1(yi, zi)/n, where €1 (y, 2)
equals 1 when y = z, and 0 otherwise.



Table 6: Comparison of clustering results: correla-
tion clustering (CC), hierarchical clustering with the
single-link (HC,x), group-average (HC,yz), complete-
link (HCpin), and our algorithm (HCf¢ygion)- The over-
clustering rate r,. denotes the ratio of clusters that
contain more than one true entity, which is associ-
ated with the failure to resolve cluster conflicts. Simi-
larly, the under-clustering rate is the ratio of clusters
that represent the same true entity but got falsely split
apart. We also evaluate the results using the cluster-
level precision, recall, and F; defined in [18].

Measure CcC HCmax HCmin  HCavg  HCtusion
Toc(%) 14.03% 4.18% 0.97% 0.00% 0.00%
Fuc(%) 27.75% 0.00% 37.44% 41.40% 0.00%
Precision 0.57 0.95 0.45 0.41 1.00
Recall 0.72 0.90 0.62 0.58 1.00
F 0.64 0.93 0.52 0.48 1.00

complete-link settings. The dataset is processed through our
entity-matching pipeline Fusion with weak-match chosen
as the matching threshold. Among the 1M records, 188,512
record pairs are classified as weak-match or higher ordinal
match levels. Based on these matched pairs, 471,644 con-
nected components are established. It is important to note
that the cluster-level conflicts only arise in clusters of size
larger than 2. So to simplify the comparison, we only keep
connected components with the size larger than 2, which
reduces the number of components to 215. These connected
components are manually checked for conflicts, and parti-
tioned into separate clusters when a conflict is detected, with
the final results saved as the ground-truth clustering.
Several metrics were used to evaluate the cluster-level
performance such as the over-clustering rate r,., the under-
clustering rate r,., as well as the cluster-level precision, re-
call and F; [18]. As shown in the toy example, HCy,,x never
demonstrates the under-clustering issue while having the
highest over-clustering rate; HCy,;, takes the most conser-
vative approach because it never over-clusters and has the
highest under-clustering rate. The results of HC,,; and CC
fall somewhere in between. Our algorithm, HCgysion, how-
ever, outputs identical results as the ground truth clustering.

6.3 Cluster ID Assignment Results

The cluster ID assignment algorithm has been applied to
the daily entity matching jobs for over 25 businesses. For
the simplicity of this discussion, we show the results from
five of them across five different industries, with data col-
lected from the last 30 days. We use n, and n_ to denote
the number of total records and the number of total clusters

Table 7: Cluster ID assignment results for five differ-
ent datasets across five different industries, with the
data aggregated from the last 30 days. The cluster ID
churn rate n, will keep going up without cluster ID
assignment algorithm.

Datasets n, n. r t
churn avg
(Industry) (MM) (MM) (%) (min)
A (Restaurant) | 14.50 12.13 0.12 1.71
B (Sports) 395.08 58.33 12.40 4.80
C (Airline) 162.92 8452 1.78  6.63
D (Hospitality) 20591 13149 197 9.37

E (Retail) 364.00 352.70 1.06 9.09

present in the last 30 days, and use r;  to represent the
cluster ID churn rate (or reassignment rate) without our al-
gorithm, aggregated from the data in the last 30 days. We
assume that, without any process to relate the cluster IDs
from previous generations, whenever a cluster composition
changes a new cluster ID has to be created even if the clus-
ter still represent the same underlying entity (new clusters
are excluded from this calculation). t,,,, shows the average
time spent on the cluster ID assignment process. In Table
7, we can see that the reassignment rate varies significantly
across different datasets (ranging from 0.1% to 12%), and it
is usually related to the volume of daily data updates. The
process usually finishes within 10 minutes, and takes longer
with the data volume and reassignment rate increase.

7 CONCLUSION

In this paper, we introduce Amperity’s entity matching frame-
work, Fusion, which formulates the entity matching task
as an ordinal regression problem and, with a single trained
model, can generate different versions of entity clusterings
to fit a variety of business applications. We also design a
novel clustering algorithm that can resolve conflicts and main-
tain consistent data quality at the cluster-level as the pair-
wise predictive model. For each version of the clustering, we
perform a special ID assignment algorithm to assign each
cluster a traceable identifier that continues to track the en-
tity in the presence of data updates. In the experimental re-
sults, we show that ordinal regression cannot be replaced
by binary classification in predicting ordinal variables. We
also show that, compared to several popular clustering al-
gorithms, our clustering algorithm is the only one that can
prevent both over-clustering and under-clustering when re-
solving cluster-level conflicts.
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