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ABSTRACT

Blocking is a major task in entity matching (EM). Numerous block-
ing solutions have been developed, but as far as we can tell, blocking
using the well-known tf/idf measure has received virtually no atten-
tion. Yet, when we experimented with tf/idf blocking using Lucene,
we found it does quite well. So in this paper we examine tf/idf block-
ing in depth. We develop Sparkly, which uses Lucene to perform
top-k tf/idf blocking in a distributed share-nothing fashion on a
Spark cluster. We develop techniques to identify good attributes
and tokenizers that can be used to block on, making Sparkly com-
pletely automatic. We perform extensive experiments showing that
Sparkly outperforms 8 state-of-the-art blockers. Finally, we pro-
vide an in-depth analysis of Sparkly’s performance, regarding both
recall/output size and runtime. Our findings suggest that (a) tf/idf
blocking needs more attention, (b) Sparkly forms a strong baseline
that future blocking work should compare against, and (c) future
blocking work should seriously consider top-k blocking, which
helps improve recall, and a distributed share-nothing architecture,
which helps improve scalability, predictability, and extensibility.
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1 INTRODUCTION

Entity matching (EM) finds data instances that refer to the same
real-world entity, such as (David Smith, Univ of Wisc) and (D. Smith,
UW-Madison). Most EM solutions proceed in two steps: blocking
and matching. Given two tables A and B to match, the blocking step
uses heuristics to quickly remove tuple pairs (a € A, b € B) judged
unlikely to match. The matching step then applies a matcher to the
remaining tuple pairs to predict match/no-match.

Both the blocking and matching steps have received significant
attention (e.g., [2, 6-8, 13, 15, 28, 30, 31, 33] ). In this paper we focus
on the blocking step. Over the past 30 years, numerous blocking
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solutions have been developed. The goal is to maximize recall (the
fraction of true matches in the blocking output) while minimizing
the output size and the runtime. Earlier blocking solutions include
sorted neighborhood, attribute equivalence, and hash-based solu-
tions. Later solutions use similarity measures such as edit distance,
Jaccard, and cosine. Recent work has developed more sophisticated
solutions, such as meta blocking, rule-based, and deep learning
based blocking (see Section 2).

In the past few years, as a part of the Magellan project at UW-
Madison, which develops an open-source EM platform [20], we
have implemented many blocker types, develop new blocker types
[40], and applied them to real-world EM tasks in domain sciences
and industry [17]. While doing this, we found that a relatively
simple blocking solution that uses the tf/idf similarity measure, as
implemented in the open-source Apache Lucene library, seems to
work quite well.

This is rather surprising because as far as we can tell, tf/idf based
blocking has received very little attention. For example, the book
“Data Matching” [7] and several recent EM surveys [6, 15, 30, 33]
briefly discuss only a single tf/idf solution proposed 20 years ago
[26]. This solution runs on a single machine, is difficult to scale
(see Section 6), and is shown experimentally to perform worse than
other solutions [6]. Since then we are not aware of any work that
examines tf/idf blocking. Yet, not only that we found tf/idf blocking
promising, we have also heard anecdotes of its being used at several
companies.

As a result, in this paper we perform an in-depth examination
of tf/idf blocking. We begin by developing a solution called Sparkly
Manual, which takes as input two tables A and B with the same
schema, and outputs tuple pairs (a € A, b € B) judged likely to
match. There are two key ideas underlying Sparkly Manual. First,
it performs top-k blocking. For each tuple t of the larger table, say B,
it finds the top k tuples in A with the highest tf/idf scores (where
k is pre-specified), then pairs these tuples with ¢ and outputs the
pairs.

The second idea underlying Sparkly Manual is that it performs
the above top-k computations in a distributed shared-nothing fashion,
using Lucene on a Spark cluster (hence the name Sparkly, which
stands for Spark + Lucene + Python). Specifically, it uses Lucene
to build an inverted index I for table A on the driver node of the
Spark cluster, ships the index I to all worker nodes, distributes the
tuples of table B to the worker nodes, then uses Lucene to perform
top-k computations for the tuples at the worker nodes. Thus, the
worker nodes operate in parallel and share no dependencies. Each
node processes a subset of tuples in B.

We compare Sparkly Manual with 8 state-of-the-art (SOTA)
blockers on 15 datasets that have been extensively used in recent
EM work [27, 36, 40]. The 8 blockers are: 2 deep learning (DL)
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blockers [40], 1 blocker combining a DL blocker and a rule-based
blocker [40], 3 token-based blockers from the well-known Jed Al
open-source EM platform [32, 34], 1 kNN blocker identified as
highly promising by a recent work [36], and a variation of this KNN
blocker. Surprisingly, Sparkly Manual outperforms all of the above
blockers. It achieves higher or comparable recall at a much smaller
output size, and the performance gap is quite significant in several
cases (see the experiment section).

While appealing, Sparkly Manual has a limitation. It requires
the user to manually identify the attributes to be blocked on, e.g.,
product title, or name and phone (hence the word “Manual” in its
name). Then it computes the tf/idf score between any two tuples
a € A, b € B using only these attributes, after 3-gram tokenization.

It can be difficult for users to identify good blocking attributes.
So we develop Sparkly Auto, which automatically identifies a set of
good blocking attributes, together with an appropriate tokenizer for
each attribute (e.g., 3-gram, word-level). Our key observation is that
a good blocking attribute helps to discriminate between matches and
non-matches. We propose techniques to quantify discriminativeness,
then to effectively search a large space for the optimal combination
of attributes and tokenizers that maximizes this quantity.

We show that Sparkly Auto achieves comparable or higher recall
than Sparkly Manual, yet runs much faster (Section 4 explains why).
In particular, Sparkly Auto can block large datasets at reasonable
time and cost, e.g., blocking tables of 10M tuples under 100 minutes
on an AWS cluster of 10 commodity nodes, costing only $12.5.
This suggests that Sparkly Auto can already be practical for many
real-world EM problems.

We conclude by discussing questions that arise in light of Sparkly’s
strong performance. First, we speculate why tf/idf blocking has
received little attention so far. Second, we analyze factors leading
to high recall for Sparkly, demonstrating that this is due to top-k
blocking and use of tf/idf measure. We also analyze possible rea-
sons for why deep learning blockers underperform Sparkly. Third,
we analyze factors leading to fast runtime for Sparkly. We argue
that this is due to the distributed share-nothing architecture, which
allows Sparkly to scale out, and the recently developed block-max
WAND technique [4, 11, 12], which allows Lucene to perform top-k
search very fast [19]. Fourth, we discuss cases where Sparkly may
fail to achieve high recall. Finally, we identify promising future
research directions. In summary, the contributions and takeaways
of this paper are as follows:

o We develop Sparkly, a tf/idf blocker that uses Lucene to per-
form top-k blocking in a distributed share-nothing fashion
on a Spark cluster. We develop techniques to identify good
attributes and tokenizers to block on.

e We perform extensive experiments showing that Sparkly out-
performs 8 state-of-the-art blockers. This is rather surprising
because tf/idf blocking has received very little attention. The
takeaway is that tf/idf blocking needs more attention, and
that Sparkly forms a strong baseline that future blocking work
should compare against.

e We provide an in-depth analysis of Sparkly’s performance,
regarding both recall/output size and runtime. The takeaway
is that future blocking work should consider top-k blocking,
which helps improve recall, and a distributed share-nothing

Table A
Name City State

a, Dave Smith | Madison Wi
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Table B state = state (a;, b,) (as, by)
Name City |State (a, by) (a, by)

b, | David D. Smith | Madison | WI

b, Daniel W.
Smith

Middleton | WI

Figure 1: The blocking and matching steps of EM.

architecture, which helps improve scalability, predictability,
and extensibility.

o Based on the above analysis, we identify promising research
directions for blocking.

The page [35] provides the Sparkly code and all experiment datasets
(except Hospital, which is private).

2 BLOCKING FOR ENTITY MATCHING

In this section we introduce the problem of blocking for EM, discuss
existing solutions, and ways to evaluate blocking solutions.

EM, Blocking, Matching: Many EM variations exist [7, 13]. A
common EM variation [40], which we consider in this paper, is as
follows: given two tables A and B with the same schema, find all
tuple pairs (a € A, b € B) that refer to the same real-world entity.
We call these pairs matches.

Considering all pairs in AX B takes too long for large tables. So EM
is typically performed in two steps: blocking and matching [7, 13].
The blocking step uses heuristics to quickly remove a large number
of pairs judged unlikely to match. The matching step applies a rule-
or ML-based matcher to each remaining pair, to predict match or
non-match. Figure 1 illustrates these steps. Here blocking keeps
only those pairs that share the same state. In this paper we focus
on the blocking step.

Existing Blocker Types, Threshold vs. Top-k Blocking: Over
the past 50 years numerous blocking solutions have been developed
(see [6, 15, 30, 33] for surveys). They fall roughly into five types:
sort, hash, similarity-based, rule-based, and composite. Sorted neigh-
borhood computes for each tuple a key, sorts tuples based on keys,
then outputs a pair of tuples if their keys are within a pre-defined
distance.

Hash-based methods compute for each tuple one or multiple
hash values (a.k.a. keys), groups all tuples sharing the same hash
value into a block, then outputs a pair of tuples if they belong
to the same block. Examples of such methods include attribute
equivalence, phonetic blocking, suffix array, etc. [6, 30, 33]. Most
existing blocking methods are hash-based.

Similarity-based methods output only those tuple pairs where the
similarity score between the tuples exceeds a pre-specified thresh-
old, or one tuple is within the kNN (k-nearest) neighborhood of the
other tuple [36]. We refer to these options as threshold blocking and
top-k blocking, respectively. Sparkly uses top-k blocking, which we
show experimentally to be critical to achieve high recall.



Similarity scores that have been considered for blocking include
syntactic scores such as Jaccard, cosine, edit distance [13], and se-
mantic scores such as those computed using word embedding/deep
learning (DL) techniques [40].

Rule-based methods employ multiple blocking rules, where each
rule can employ multiple predicates (e.g., if the Jaccard score of the
titles is below 0.6 and the years are not equivalent, then the two
papers do not match) [16]. Given a set of rules, the blocker figures
out the best way to create a workflow and execute it using indexes
[16]. Finally, composite methods generalizes rule-based blocking and
can combine multiple blocking methods in a complex pre-specified
pipeline. Examples include canopy blocking [13] and the union of
a DL method with a rule-based method in [40].

Recent Research Directions: In recent years researchers have
pursued several directions regarding the above five blocker types
[30, 33]. They have examined how to scale blocking methods (e.g.,
using Hadoop/Spark) [10] and how to apply DL (e.g., to develop
novel hash-based [14] and similarity-based blockers [40]).

As discussed earlier, hash-based methods generate blocks of tu-
ples, then output pairs whose tuples belong to the same block.
A novel recent direction, called meta-blocking, examines how to
manage these blocks (e.g., remove/prune blocks) [33]. A related di-
rection is token blocking, in which each block contains all tuples that
share a particular token. These blocks can be managed using meta
blocking. Another interesting direction, called schema-agnostic,
does not assume that tables A and B share the same schema. The
well-known JedAI EM platform implements many meta-blocking,
token-blocking, and schema-agnostic techniques [32, 34]. Other
important directions include learning blockers (e.g., rule-based ones
using tuple pairs labeled match/no-match [16]), using the feedback
from the matcher to improve the blocker, and explaining blockers
[6, 30, 33].

Evaluating Blockers: Most existing works evaluate blockers in
three aspects: recall, output size, and runtime. Let G C A X B be the
set of (unknown) gold matches, and C C A X B be the set of tuple
pairs output by a blocker Q. Then the recall of Q is |C N G|/|G|, the
fraction of gold matches in the output of Q. The output size is |C|,
and the runtime is measured from when the blocker receives the
two tables A and B until when it outputs C.

Other aspects considered important, especially in industry, in-
clude the ease of tuning, the ability to block on arbitrarily large
tables (e.g., those with billions of tuples) without crashing, extensi-
bility (e.g., with more blocking methods/rules), the ability to esti-
mate the total blocking time, explainability, and the ability to run
the blocker easily in a variety of environments (e.g., a single laptop,
a Spark cluster, a Kubernetes cluster), among others.

In this paper, we will evaluate blockers using the above three
popular aspects: recall, output size, and runtime. We will briefly dis-
cuss Sparkly regarding additional aspects in Section 5, but deferring
a thorough evaluation of these aspects to future work.

3 THE SPARKLY SOLUTION

In this section we describe the tf/idf measure used in keyword
search (KWS), the open-source KWS library Lucene, then Sparkly,
which uses Lucene to perform blocking for EM.

3.1 The TF/IDF Family of Scoring Functions

TF/IDF is a well-known family of scoring functions for ranking
documents in KWS [25]. To explain, consider a set of documents
D ={Dy,...,DnN}, where each document D; is a string (e.g., arti-
cle, email). Given a user query Q, which is also a string, we want
to find documents in P that are most relevant to Q. To do so, we
compute a score s(D, Q) for each document D, then return the
documents ranked in decreasing score.

A well-known scoring function [13] is as follows. First we to-
kenize each document D into a bag of tokens, also called terms.
For example, “cat chases mouse” can be tokenized into a bag of
word-level tokens {“cat”, “chases”, “mouse”}, or a bag of 3-grams
{“##c”, “#ca”, “cat’, ..., “e##”}.

Next, we convert document D into a vector Vp of weights, one
weight per term, where the weight for term ¢ is Vp(t) = ¢t f(¢,D) -
idf(t). Here t f(t, D) is the frequency of term t in document D, i.e.,
the number of times it occurs in D. The quantity id f (t) is the inverse
document frequency of term t, defined as log(N/df(t)), where N
is the number of documents in D, and df(t) is the number of
documents that contain term ¢.

We tokenize and convert query Q into a vector of weights Vg in
a similar fashion. Finally, we compute score s(D, Q) to be the cosine
of the angle between the two vectors Vp and Vp:

5(0,0) = [ V(o) vQ<t)]/[\/Z V(2 \/Z Vo2l ()
t t t

where t ranges over all terms in D and Q.

The above tf/idf definition captures the intuition that if a term
t of query Q occurs often in a document D, then D is likely to be
relevant to Q and score s(D, Q) should be high. This is reflected
in the use of the term frequency ¢ f(t, D). A higher ¢t f(¢, D) leads
to a higher weight for t in Vp, and consequently a higher s(D, Q).
But this should not be true if term ¢ also occurs in many other
documents (e.g., common words such as “and”, “the”, “inc”, “str”). In
such cases term t should be discounted, i.e., its weight in Vp should
be low, and this is accomplished by multiplying the term frequency
t f(t, D) with the inverse document frequency id f(¢).

Over the years, many tf/idf scoring functions have been pro-
posed. Among them, the following function, called Okapi BM25,
has become most popular, and is the default scoring function used
by Lucene [38]:

«(D.0) = Z tf(t,D) - (k1 +1) B, @)
teQ tf¢,D)+ki-(1-b+b- avgdl)

where idf(t) = log(% + 1), and kq and b are free param-

eters, often set as k1 € [1.2,2.0] and b = 0.75.

In the above scoring function, each term ¢ in query Q has a
score, and the BM25 score is the sum over the scores of all terms
in Q. The score of each term ¢ is designed to capture the following
intuition. First, once a document D already has a high number of
occurrences of term ¢, more occurrences should not significantly
raise the score of t. This is accomplished by dividing t f(¢, D) by
tf(t,D)+k;-(1-b+b- %gldl) (see Equation 2). Here parameter
k1 controls how much additional occurrences of term ¢ should raise
its score.




Second, for the same number of occurrences of term ¢ in docu-
ment D, longer D should be penalized, because it is less likely to
be about t. For example, if D mentions “cats” once and is really
short, then it is likely to be about cats, but if D is really long, then
it is unlikely to be about cats. This is accomplished by the quantity

(1-b+b- D] ) in Equation 2. Here parameter b controls how
avgdl

much the longer document should be penalized. The article [38]

provides a detailed explanation of the intuition behind BM25, which

has been shown to work quite well for KWS [19, 25].

3.2 The Lucene KWS Library

Over the years, many open-source software for KWS have been
developed. Among them Apache Lucene, first released in 1999, has
become most popular [19]. The latest releases of Lucene, since 2015,
have used state-of-the-art techniques in KWS to be both accurate
and fast [19].

Specifically, Lucene uses BM25 as the default scoring function,
ensuring highly accurate KWS results. It has also been extensively
optimized, to be very fast for top-k querying, i.e., given a query Q
and a set of documents D, find the top k documents in D that have
the highest BM25 score with Q, for a pre-specified k (typically up to
a few hundreds). To do this, naively we can use an inverted index
to find all documents in D that share at least one term with Q,
compute BM25 scores for all of them, then sort and return the top
k documents. This however would be very slow, because the set of
documents sharing at least one term with Q is often very large.

To solve this problem, Lucene uses a recently developed KWS
technique called block-max WAND [4, 11, 12]. Briefly, an inverted
index consists of multiple postings, one per term. The posting
t: (id1, f1), . . ., (idyn, fn) lists the IDs of all documents in D that
contain term ¢, together with the frequency of ¢ in each document
(in practice postings often contain additional information). During
the indexing process, when creating this posting, Lucene partitions
the list of IDs into blocks, and assigns to each block a max number,
which is an upper bound on the score that term t can contribute to
the BM25 score of any document in the block. Thus, a block with
two documents id; and idy and a max number 3 means that term ¢
contributes at most an amount of 3 to the BM25 score of id; and
ids.

At query time, Lucene performs a branch-and-bound search to
find the top k. It maintains a list of top-k documents found so far. It
uses the max number of a block B to derive an upper bound on the
BM25 score of any document in B. If this upper bound shows that
none of the documents in B can make it into the top k, then Lucene
will skip computing the BM25 scores for all documents in B. This
way, Lucene avoids examining a huge number of documents, and
can generally find the top-k documents very fast, as we will see in
the experiment section.

Lucene has become the library of choice for a wide variety of
KWS applications. Two other popular open-source KWS systems,
Solr and ElasticSearch, build on Lucene. As a library, Lucene provides
two key API functions: indexing and querying. Solr (started in 2004)
and ElasticSearch (started in 2010) use these API functions, but
provide extensive support for indexing and querying a large number
of documents on a cluster of machines.
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Figure 2: Sparkly’s execution on a 3-node cluster.

3.3 The Sparkly Solution

We now describe Sparkly, which takes as input two tables A and
B with the same schema, and outputs a table C consisting of tuple
pairs (a € A b € B) judged likely to match. (The Appendix dis-
cusses how Sparkly can handle two tables with differing schemas
or deduplication.)

To do so, Sparkly uses two key ideas. First, it performs top-k
blocking. Specifically, it builds an inverted index I for the smaller
table, say table A. Then for each tuple b in table B, it probes I to
find the top k tuples in A with the highest tf/idf scores (where k is
pre-specified), then pairs these tuples with b and outputs the pairs.

Second, Sparkly executes the above steps in a distributed share-
nothing fashion, using Lucene on a Spark cluster. We now describe
the execution in detail, using the 3-node Spark cluster in Figure 2.
(Later we discuss the rationales behind the design decisions.)

Build the inverted index I of table A: Suppose that tables A and B
reside on the primary node N; (see Figure 2), and that A is the
smaller table, i.e., having fewer tuples than B. Sparkly chops table A
horizontally into multiple chunks, each containing multiple tuples,
starts multiple threads on the entire Spark cluster, sends each chunk
to a thread, which calls Lucene’s indexing procedure to create an
inverted index for that chunk. Sparkly then combines these inverted
indexes into a single inverted index I for table A, and writes I to
the local disk of node Nj.

Ship index I and tuples of table B to the secondary nodes: ~Sparkly
then ships index I to the local disks of the secondary nodes Ny and
N3 (see Figure 2). Next, it chops table B (on primary node Njp) into
chunks, each containing multiple tuples (currently set to 500), send
each chunk to a secondary node and assign to a thread on that
node. Figure 2 shows that a chunk B; of table B consisting of tuples
U1, ug, us is sent to a thread on node Ny, and that another chunk By
consisting of tuples uy, us, ug is sent to a thread on node N3.

Find top-k tuples in table A for each tuple of table B: Each thread
now goes through the tuples in the assigned chunk. For each tuple,
it probes index I to find the top k tuples in table A with the highest
tf/idf scores, pair these tuples with the probing tuple, then sends
the pairs back to the primary node Nj. (The thread only sends back
the IDs, not the full tuples.)

Consider again the thread for chunk B; with tuples uq, ua, u3
(under “Node N;” in Figure 2). Suppose k = 2. This thread first
processes tuple u;: it probes index I to find the top 2 tuples in table
A with the highest tf/idf scores with u;. Suppose these are tuples
v1, U2. Then the thread creates the pairs (u1, v1), (u1, v2) and send




them back to node Nj (see the figure). Next, the thread processes
tuple uz, then tuple u3. Similarly, Figure 2 shows how a thread on
node N3 processes chunk By = {u4, us, ug}.

When Sparkly has processed all chunks of table B, and all pairs
sent back from the secondary nodes have been collected into a
table C on primary node Ny, Sparkly terminates, returning C as the
blocking output.

The tf/idf scoring function: All that is left is to describe the scor-
ing function used by Sparkly. First, we ask that the user manually
identify a set of attributes to block on (later we discuss how to auto-
matically identify this set). Typically these are “identity” attributes,
such as name, phone, address, product title, brand, etc.

Next, for each tuple (in table A or B), we concatenate the values
of these attributes into a single string s, lowercase all characters
in s, tokenize s into a bag of 3-gram tokens, and remove all non-
alphanumeric tokens. For example, if the string s for a tuple is
“David Smith 457-6983”, then we convert it into the bag of 3-grams
{##d, #da, dav, ..., 457, ..., 83#, 3##}, then remove non-alphanumeric
3-grams such as “57-", “7-6”.

Let B; be the bag of 3-grams for a tuple t. When indexing table
A, for each tuple t € A, we index only By, not the entire tuple ¢.
Finally, when querying, we compute the BM25 score between two
tuples u, v to be the BM25 score between By, and By,.

Discussion: We now discuss the rationales behind the design deci-
sions of Sparkly.

Use top-k instead of thresholding: This is the most important deci-
sion that we made. As discussed earlier, existing similarity-based
blocking works output a tuple pair using one of the two condi-
tions: (1) the similarity score between the two tuples exceeds a
pre-specified threshold a, or (2) one tuple is among the top k tu-
ples with the highest similarity scores with the other tuple, for a
pre-specified k.

We use top-k instead of thresholding for the following reasons.
First, it is often easier to select a value for k than a value for thresh-
old a. Given a value for k, we know precisely how big the blocking
output will be, and the rule of thumb is to select k that produces the
largest blocking output that the matching step can handle, because
the larger the blocking output, the higher the recall. On the other
hand, we often do not have any guidances on how to select a good
threshold a.

Second, we observe that real-world data is often so noisy that
the similarity scores of many matching tuple pairs can be quite
low (see Section 5). This makes it difficult to set threshold a. A
high threshold kills off many matches, producing low recall. A low
threshold often blows up the blocking output size in unpredictable
ways. In contrast, in such cases we observe that the matching tuples
are often still within the top-k “distance” of each other, making
top-k retrieval still effective, as we show in Section 4.

Finally, Lucene and many other KWS systems are highly opti-
mized runtime-wise for top-k search, but not for threshold search.

Do top-k on just one side instead of both sides: Currently we do top-
k only from table B into table A, i.e., for each tuple in B find the k
tuples in A with the highest tf/idf scores. Another option is to do
top-k on both sides: from B into A and from A into B, then return
the union of the two outputs. We experimented with this option but

found that it can significantly increase runtime yet improve recall
only minimally. It also complicates coding (e.g., we have to write
code to remove duplicate pairs from the outputs of both sides).

Do top-k from the larger table: We index the smaller table, say table
A, then do top-k probing from the larger table B because indexing
the smaller table takes less time and produces a smaller inverted
index I. Shipping this smaller index I to the secondary Spark nodes
takes less time. Finally, probing from the larger table rather than
the smaller one tends to produce higher recall, given the same k
value.

Ship the index and tuples of table B to the secondary nodes: This is
the second most important decision that we made. The challenge here
is to find an efficient way to do distributed top-k probing on a Spark
cluster. Toward this goal, recall that we create the inverted index I
for table A on the primary node Nj. Table B also resides on Nj. So
the simplest solution is to do all top-k probings there, using only
the cores of Ni. However, N; has a limited number of cores (e.g.,
16, 32), so it can run only a limited number of threads, severely
limiting how much top-k probing we can do in parallel.

The next solution is to send the tuples of B to the secondary
Spark nodes, then do top-k probing from the secondary nodes into
the index I on primary node Nj. This way, the secondary nodes can
run a much larger number of threads. Unfortunately, when these
threads contact primary node Nj to do top-k probing, they would
need to rely on the threads running on the cores of Nj to do the
actual probing into index I. So once again, the limited number of
threads on N; becomes the bottleneck for scaling.

As a result, we decided to ship the index I and the tuples of B
to the secondary nodes. Each secondary node then runs multiple
threads, each doing top-k probing using the copy of I on that node.
So we can do as many top-k probings in parallel as the number of
threads on the secondary nodes. This produces a distributed share-
nothing solution that is highly modular and can scale horizontally
as we add more secondary Spark nodes. In particular, given n worker
nodes, m threads on each node (worker or driver), and p tuples in
each chunk processed by a thread, the runtime of Sparkly can be
estimated as

|A]

|B|
t(Sparkly) = ;tindex + tshipr pn_m(tquery + tshipR)7 ®3)

where t;,, 4 is the average time to index a tuple in A, tgyery is the
average time to perform top-k querying for all tuples in a chunk,
and tgp;pR is the average time to ship the results of top-k querying
(for a chunk) back to the driver node.

Partitioning very large tables A and B: A major concern is whether
shipping index I would take too long, because it can be very large.
This turned out not to be the case. For example, in our experiments,
indexing a table of 10M tuples produces indexes of size 1.3-2GB,
and shipping these takes 21-32 seconds (see Section 4).

Still, one may ask what if the tables have 500M or 5B tuples?
Would the indexes become too big to fit on the disks of Spark
nodes? Our solution is to break table A (the smaller table, to be
indexed) into partitions of say 50M tuples, then process the partitions
sequentially. For example, if table A has 100M tuples, then we break
A into partitions A; and A each having 50M tuples, then run two
blocking tasks: A vs. B and Ay vs. B. Finally, we combine the top-k




results produced by these tasks. This guarantees that Sparkly never
has to build and ship indexes for more than 50M tuples. We have used
this solution to successfully block tables of hundreds of millions
of tuples (details omitted for confidentiality reasons). In practice,
most EM needs that we have seen involve tables of fewer than 50M
tuples and does not even require partitioning.

Use Lucene instead of ElasticSearch or Solr: We use Lucene because

it provides highly effective procedures to index a table and do top-k
probing, which are exactly what we need. ElasticSearch (ES) and
Solr build on top of Lucene and provide a lot more capabilities that
we do not need (e.g., sharding) yet can cause complications.

For example, when we first built Sparkly, we used ES. The sim-
plest way to use ES is to run an ES cluster, i.e., ES will control all
nodes in the cluster and decide where to place data and perform
processing. However, it is difficult to extend this solution, e.g., by
adding pre-processing and post-processing steps. As a result, we
decided to run a Spark cluster, in which ES is installed in each
worker node. This makes it much easier to extend the solution.

But then we found that it was difficult to run this solution in
a Kubernetes cluster (a common setting in the industry). This is
because Kubernetes controls how and where data is sent, and when
we perform a top-k query, we have no way to guarantee that this
query will go to the ES instance installed on the same node. It
is possible that this query will be sent via the network to an ES
instance installed on some other node. In other words, we cannot
guarantee data locality, and this can seriously slow down top-k
querying. In addition, it takes much longer (and more pain) to
install Sparkly, because we had to install ES as a part of the process.
So we switched to Lucene, which addresses the above problems.

3.4 Selecting Attributes and Tokenizers

So far we ask an expert user to manually select a set of attributes.
Then we concatenate the values of these attributes into a string,
tokenize it using a default (3-gram) tokenizer, then index and search
on the tokenized string. We call this solution Sparkly Manual.

Sparkly Manual works well, but in certain cases it suffers from
three problems. First, it can be difficult even for expert users to
select good blocking attributes, e.g., when matching people, an
attribute named “phone” may seem good for blocking. But closer
inspection shows otherwise, because this attribute stores office
phones, not personal phones. Second, concatenating the attributes
is problematic because the importance of a token depends on which
attribute it appears in, e.g., token “ave” in an address attribute is
a stop word because it appears in many addresses, but “ave” in a
person-name attribute is informative because it is an uncommon
name. Finally, using a single tokenizer is also problematic because
different attributes may best benefit from different tokenizers, e.g.,
using a 3-gram tokenizer for brand names, but a word-level tok-
enizer for product descriptions.

To address the above problems, we will automatically select
blocking attributes and associated tokenizers, as elaborated below.

Problem Definition: First we formally define this selection prob-
lem. Let the attributes of tables A and B be F = {fi,..., fn}
Let T = {t1,...,tm} be a set of tokenizers (e.g., 3-gram, word-
level). We define a configuration L (or config L for short) as a set

of (attribute, tokenizer) pairs L = {(fi1,ti1), ..., (fip, tip)}, where
fij € F,tjj € T,j =1...p. Thus, in a config L different attributes
can use different tokenizers.

Let L be the set of all configs. Our goal is to find the config L € £
that maximizes the recall. To define recall, we begin by defining
the similarity score. Given two tuples b € B, a € A, we define their
similarity score with respect to config L as the sum of the BM25
scores of the individual attributes in the config (tokenized using
the assigned tokenizers). Formally, we have

p
s(boa, L) = Y siltij (b fip), tij(a.fip)].

Jj=1

Here t;j(b.fij) applies the tokenizer t;; to the value of attribute
fij of tuple b, producing a bag of tokens, and t;;(a. f;j) produces
another bag of tokens. Then s;[t;;(b.fi;), tij(a.fij)] computes the
BM25 score between these two bags of tokens. Note that Lucene
uses the above similarity score.

Next, we define the blocking output for when the above similarity
score s(b, a, L) is used. For any tuple b € B:

o Let Q(b, Ak, L) be the list of top-k tuples from A that has
the highest tf/idf scores, as defined by s(b, a, L), with b, and

o Let C(b, A k, L) be the set of all pairs (b, v) where we have
ve Qb AKk,L).

Then the blocking output is C(B, A, k, L) = Upep C(b, A k, L). Fi-
nally, let recall(C(B, A, k, L)) be the fraction of true matches in
C(B, A, k, L). Then our problem is to find a config L € £ that maxi-
mizes recall(C(B, A, k, L)) for a given k.

The above problem raises two challenges: how to estimate the
recall of a config and how to find the config with the highest recall
in a large space of configs. We now address these challenges.

Estimating the Recall of a Config: Given a config L, it is not
possible to estimate recall(C(B, A, k, L)) because we do not know
the true matches. To address this problem, we make the key ob-
servation that it is possible to estimate the discriminative power
of a config L, which captures its ability to tell apart the matches
from the non-matches. We can then search for the config with the
maximal discriminativeness, on the heuristic assumption that this
config is likely to achieve high recall.

Example 3.1. To motivate the notion of discriminativeness, con-
sider a tuple b € B and three singleton configs L1, L2, L3 involving
attributes fi, f2, f3, respectively. Let ry, ra, r3 be the top-k lists for b,
produced by querying the inverted index I of table A using the above
3 configs, respectively.

Figure 3.a shows the top-k lists r1, ry, r3. Note that each top-k list
contains tuple IDs in A, already sorted in decreasing BM25 scores.
For each list, the figure shows the scores, plotted against the ranks of
where they appear in the list.

Figure 3.a suggests that for the above tuple b € B, r3 is quite
“discriminative”, because it “slopes down” steeply (i.e., the top few
tuples of r3 have very high scores while the rest of the tuples have
much lower scores). In fact, the curve r3 appears more discriminative
than ry and ry, which do not “slope down” as much.

It may appear that we can measure this discriminativeness as the
area under the curve (AUC): smaller AUC means higher discrimina-
tiveness. In Figure 3.a, this is indeed true for r3 and ri: AUC(r3) <
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Figure 3: Illustrating the discriminativeness of configs.

AUC(r1) andrs is more discriminative than r1. But it is not true for r3
andry, because AUC(ry) < AUC(r3), yet ry is not more discriminative
than rs.

The problem is that the BM25 scores of the curves (generated by
using different configs) are not comparable, and hence the AUCs are
also not comparable. To address this, we normalize the BM25 scores
of each curve to be between [0,1] (by dividing the original scores in
each curve by the maximum score of that curve). Figure 3.b shows the
normalized curves. Now it is indeed the case that smaller AUC means
higher discriminativeness.

Thus, we can define the discriminativeness of a config L for a
table B (given a table A and an inverted index I) as the average dis-
criminativeness of config L for each tuple in B: meanAUC(B, L, k) =
ﬁ Y pep AUC(D, L, k).

In turn, we can define AUC(b, L, k), the discriminativeness of
config L for a tuple b € B, as the normalized AUC. Let r(b, L, k) =
((v1, 1), ...(Vgr, sgr)) be the top-k tuple list retrieved from index I,
for record b € B, scored according to config L, sorted in decreasing
order of score si, . .., spr (k” < k because only tuples with positive
score can be in the list). Then we can compute the area under the
curve as AUC(b, L, k) = k%l Zﬁ;l Siv1 + si*;"“ . The Appendix
explains how we arrive at this formula.

In practice, computing meanAUC(B, L, k) for a config L is too
expensive, as we have to query index I with all tuples in B. So
we approximate it using meanAUC(B’, L, k), where B’ is a random
sample of 10K tuples of B (and we set k to 250).

Searching for a Good Config: Our goal now is to find the con-
fig L that maximizes meanAUC(B’, L, k). The number of configs
can be huge (e.g., in the millions). So we adopt a greedy search
approach. First, we score all singleton configs (each using a single
attribute/tokenizer pair) and find the top 10 configs with the lowest
meanAUC scores. Next, we combine these configs to create “com-
posite” configs, where each config has up to 3 attributes. We do not
consider configs of more than 3 attributes because in our experience
these configs take much longer to run yet only minimally improve
recall, if at all. Finally, we score all configs and return the one with
the lowest meanAUC score.

Since we use at most 10 singleton configs to create configs of size
up to 3 attributes, the total number of configs to score is at most
175, making exhaustive scoring of all configs possible, especially
because we score the configs in parallel using the Spark cluster.

We further speed up the above search using a technique called
early pruning. To illustrate, consider again the problem of scoring
all singleton configs to find the top 10 configs. Scoring a config

means querying the inverted index I with all tuples b € B’. Even
though B’ is small (currently set to 10K), this still takes time. So
we score the configs using a sample B”” which is a small subset of
B’, use a statistical test to remove all configs for which we can say
with high confidence that they will not make it into the top 10, then
expand B’ with more tuples, re-score the remaining configs, and so
on. Specifically:

(1) Initialize the subsample B”” = 0 and S to be the set of all
configs from which we have to compute the top 10 configs.

(2) Expand the subsample B” by adding to it a small random
sample of h tuples from B’ \ B”.

(3) Compute the meanAUC for all configs in S using B” and
finding the set R of the top-10 configs.

(4) For each config L € S\ R, use the Wilcoxon signed-rank
test [41] to determine (with high confidence) if its meanAUC
score is greater than those of the configs in R. If yes, then L
is unlikely to ever be in the top 10. Remove L from S.

(5) If S = Ror B” = B, return R as the top-10 configs, otherwise
go back to Step 2.

We also use the above early pruning procedure to search the space
of the larger configs, but we search for top-1 insead of top-10.
This means that R is a singleton set (as opposed to containing 10
configs) and during Step 4 we drop any config which has estimated
meanAUC greater than that of the current top-1in R.

4 EMPIRICAL EVALUATION

Datasets: We use 15 datasets described in Table 1, which come
from diverse domains and sizes, and have been extensively used
in recent EM work [24, 27, 36, 40] (except Hospital, which is pri-
vate). Structured datasets have short atomic attributes such as name,
age, city. Textual datasets have only 2-3 attributes that are textual
blobs (e.g., title, description). For dirty EM, we focus on one type of
dirtiness, which is widespread in practice [27] mainly due to infor-
mation extraction glitches, where attribute values are “moved” into
other attributes (e.g., the value of “brand” is missing and appears
in attribute “title”). Textual and dirty datasets are derived from the
corresponding structured datasets (e.g., the textual dataset Amazon-
Google; is derived from the structured dataset Amazon-Googley).

Later we use 6 additional datasets for certain experiments, as
discussed in Section 4.5 and Section 5.

Methods: We compare Sparkly to 8 state-of-the-art (SOTA) EM
blockers.



Type Dataset Table A | Table B | #Matches | #Attr
Amazon-Google; 1,363 3,226 1,300 4
Structured Walmart-Amazon; | 2,554 22,074 1,154 6
DBLP-Google; 2,616 64,263 5,347 4
DBLP-ACM; 2,616 2,294 2,224 4
Hospitaly 1,786 1,786 3,949 7
Songs-Songs; 1,000,000 | 1,000,000 | 1,292,023 5
Amazon-Google, 1363 3,226 1,300 2
Textual Walmart-Amazony | 2,554 22,074 1,154 2
Abt-Buy 1,081 1,092 1,097 3
Amazon-Googles 1,363 3,226 1,300 4
Dirty Walmart-Amazon;z | 2,554 22,074 1,154 6
DBLP-Google, 2,616 64,263 5,347 1
DBLP-ACM, 2,616 2,294 2,224 1
Hospitaly 1,786 1,786 3,949 7
Songs-Songs; 1,000,000 | 1,000,000 | 1,292,023 |5

Table 1: Datasets for our experiments.

Autoencoder, Hybrid, Union(DL,RBB): A recent work [40] shows
that deep learning (DL) based blockers significantly outperform
many other blockers. So we compare Sparkly to the two best DL
blockers: Autoencoder and Hybrid [40]. The work [40] also shows
that combining the best DL blocker and RBB, a SOTA industrial
blocker, produces even better recall at a minimal increase of block-
ing output size. As a result, we also compare Sparkly with that
blocker, henceforth called Union(DL,RBB).

PBW, DBW, jD: Hash blockers have been very popular, and recent
EM work has developed highly effective hash blockers, as captured
in the pioneering JedAI open-source EM platform [32, 34]. These
blockers hash each tuple to be matched into multiple blocks, one
per each unique token in the tuple, then employ sophisticated
methods to remove/clean blocks, among others. Based on personal
communications with the JedAI authors, we compare Sparkly to 3
SOTA blockers in JedAI: PBW, DBW, and JD (the Appendix describe
these methods).

kNN-cosine, kNN-jaccard: Finally, a recent work [36] shows that a
kNN blocker outperforms many other blockers. This blocker finds
all tuple pairs where a tuple is among the k nearest, i.e., most similar,
neighbors of the other tuple, where the similarity measure is cosine
over 5-gram tokenization. So we compare Sparkly with this blocker,
denoted KNN-cosine. We also compare Sparkly to kNN-blockers
where the similarity measure is cosine over 3-gram tokenization
and Jaccard over 3-gram and 5-gram tokenization.

4.1 Recall and Output Size

We begin by comparing Sparkly to existing methods in terms of
recall and output size. To keep the comparison manage-able, we first
compare SM, the Sparkly version where the user manually selects
the attributes to be blocked on (i.e., Sparkly Manual), with all SOTA
blockers. Then we compare SM with SA, the Sparkly version that
automatically selects blocking attributes (i.e., Sparkly Auto).

Comparing SM to DL Methods: Figure 4 compares SM with the
two best DL blockers, Autoencoder and Hybrid [40]. The figure
shows 15 plots, one per dataset. Consider the first plot, which is
for the structured Amazon-Google dataset. Here the x-axis shows

the recall R = |C N G|/|G|, where C is the blocking output and G
is the set of all gold matches. The y-axis shows the candidate set
size ratio CSSR = |C|/|A X B|. Both axes show values in percentage.
So a value of 85 on the x-axis means recall of 85%, and a value of
5 on the y-axis means CSSR of 5%. Like SM, the two DL blockers
Autoencoder and Hybrid are also top-k. So we vary the value of k
to generate the above plot. We generate the remaining 14 plots in a
similar way. Note that the y-axes of the 15 plots vary significantly
in scale. This is necessary so that we can show the difference among
the curves.

All 15 plots show that SM significantly outperforms the two DL
blockers: for each recall value, SM achieves a much lower CSSR,
and this gap widens dramatically as recall approaches 100%. These
gaps are bigger for textual datasets, suggesting that SM can better
handle textual data than the DL blockers. The gaps are smaller but
still quite significant on all dirty datasets.

The above two DL methods concatenate all attributes and then
block on the concatenation. In the next experiment, we modified
them to block on the concatenation of only those attributes that SM
blocks on. Figure 5 shows the results. Even in this case, SM still
outperforms both DL methods on 14 datasets (sometimes by very
large margins) and is comparable on 1 dataset.

Comparing SM to Union(DL,RBB) and JedAI Methods: Next
we compare SM with Union(DL,RBB), which combines the best DL
blocker and RBB (a SOTA industrial blocker), and the three JedAI
methods: PBW, DBW, and JD. It is very difficult to vary the param-
eters of these methods in such a way that generates meaningful
recall-CSSR curves, because they do not have a top-k parameter
that we can adjust. So we compare them with SM at k = 10, 20, 50,
as shown in Table 2.

This table shows that SM is very predictable: it achieves high
recall for all datasets (92.5-100% for k = 10, 96.4-100% for k = 20,
98.7-100% for k = 50), and its output size is capped as k * |B|.
In contrast, the remaining four methods are unpredictable. For
example, PBW’s recall can be perfect (100%) but also can be as low
as 74.5%, and its output size can be small but can also be as high as
4.2 billions for the structured dataset Songs. (We report no results
for “S - D” because PBW was out of memory on this dataset, on a
machine with more than 100G of RAM). Similarly, DBW’s recall
can be as low as 84.7% and output size as high as 454.5M.

JD produces much more reasonable output size across all datasets,
but at the cost of lower recall 35.4-96.4%. Similar to JD, Union(DL,RBB)
also produces reasonable output sizes (larger than those of JD), but
varying recalls 83-99.9%.

Comparing SM to kNN Methods: Finally, we compare SM with
the kNN methods. As mentioned earlier, a recent paper [36] finds
that kNN-cosine using 5-gram tokenization outperforms many
SOTA blockers. So we compare SM with this method. We also
compare SM with kNN using Jaccard (with 3-gram tokenization).

Figure 6 shows the recall and blocking output size of these meth-
ods. Note that we also evaluated kNN-cosine with 3-gram tok-
enization, but will not discuss it any further because we found its
performance to be comparable to kNN-cosine with 5-gram tok-
enization).
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Figure 4: SM vs. the two best DL methods in terms of recall and blocking output size.

Dataset | PBW DBW JD Union (DL,RBB) Sparkly K=10 Sparkly K=20 Sparkly K=50
IC| | Recall | €] | Recall | [C| | Recall | [C] | Recall [|C| | Recall | [C] | Recall | |C| | Recall |
AG-S | 245k 921 |159k |892 |59k |805 |77.7k | 988 33.3k | 968 | 665k | 97.8 | 165.9k | 99.2
WA-S | 15m [ 997 |159.8c | 938 | 883k | 950 |21m | 989 220.7k | 984 | 4414k | 99.0 | Llm | 99.5
DG-S | 4305k [ 91.0 | 7793k | 99.6 | 53.1k | 79.7 [ 7.6m | 99.6 6411k | 99.9 [ 1.3m [ 100.0 [3.2m [ 100.0
DA-S |81k [837 |[351k |999 |23k |80.3 |198.4k | 99.9 229k | 998 [ 459k | 100.0 | 114.7k | 100.0
H-S [11.9k | 100.0 |40k [847 |14k | 354 | 209.8k | 99.9 17.8k | 100.0 | 35.4k | 100.0 | 85.4k | 100.0
S-S |42v | 1000 |379.4m | 99.8 | 25m | 820 |50m | 98.7 10.0m | 963 | 20.0m | 97.9 | 50.0m | 99.3
AG-T [245k | 921 [159k [89.2 |59k |805 |[33.6k |850 333k | 968 | 665k | 97.8 | 165.9k | 99.2
WA-T [ 15m | 997 [159.8c | 938 |88.3k | 950 [7.9m | 83.0 220.7k | 984 [ 4414k [ 990 [ L1.lm | 99.5
AB-T [47k | 745 |60k [886 |12k |652 [d44.6k | 957 109k | 981 [21.8k [989 | 545k | 99.2
AG-D [388k |941 [187k |913 |64k | 795 | 360.0k | 99.3 33.3k | 966 | 665k | 982 | 166.0k | 99.0
WA-D | Lim | 995 [2252k | 974 |88.1k | 959 | 935.9k | 97.9 220.7k | 99.1 [ 4415k | 99.7 | 1lm | 99.8
DG-D [ 40m |99.7 [9255k | 988 | 180.5k | 96.4 | 47.6m | 99.8 6422k | 999 [ 1.3m [ 100.0 [3.2m [ 100.0
DA-D [ 125k | 866 |420k [97.2 |47k |824 [10m | 998 229k | 99.3 [ 459k |99.8 | 114.7k | 100.0
H-D [225k | 1000 |312k |879 |24k |561 |136.8k | 98.5 179k [ 940 [356k |97.1 | 884k | 987
s-D | — — 4545m | 962 | 3.dm | 683 | 50m | 95.2 10.0m | 925 | 20.0m | 964 | 50.0m | 98.8

Table 2: SM vs. the three JedAI methods and Union(DL,RBB) in terms of recall and blocking output size.

When comparing kNN-Jaccard to SM, Figure 6 shows that there For the textual datasets, SM is consistently better than kNN-Jaccard
are four datasets where kNN-Jaccard achieves comparable results to by a small margin, achieving lower CSSR for the same recall at all
SM: DBLP-ACM, Hospital, Songs, and DBLP-Google (all structured). points on the curve. The story is very different when we examine the
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Figure 5: Comparing SM to DL methods which use the same attributes as SM to block; here “DB - autoenc” and “DB - hybrid”
refer to the Autoencoder and Hybrid methods of the DeepBlocker paper [40], respectively.

dirty datasets, where SM consistently out performs kNN-Jaccard,
in some cases by a very large margin.

For structured datasets, KNN-cosine achieves comparable results
to SM on Songs, DBLP-Google, and DBLP-ACM, while underper-
forming on Hospital structured. For textual datasets, kNN-cosine
achieves similar results to kNN-Jaccard overall, doing better on
Amazon-Google but worse on Abt-Buy, making SM overall the best
on the textual datasets. For dirty datasets, SM does much better
than kNN-cosine, in some cases by a large margin.

For the structured and textual datasets, the attributes used for
blocking are “information dense” and have relatively small variance
in terms of length. These characteristics are important for two
reasons. First, since the attributes were information dense they
contained few if any repeated tokens. This implies that the term
frequency information used by BM25 is unlikely to play a significant
role in SM’s superior performance over kNN-Jaccard and kNN-
cosine. Second, since most attributes within a dataset have similar
length, the document length normalization is also unlikely to play
a significant role in SM’s performance. Together these two points
suggest that the IDF weighting is an important factor for SM’s
outperforming kNN-Jaccard and kNN-cosine on the structured and
textual datasets.

Turning our attention to the dirty datasets, we see that the per-
formance gap between SM and the kNN methods is much larger.
We attribute this to two factors. First, the dirty datasets contain sig-
nificantly more noise in the attributes used for blocking. It is likely
that the IDF weighting used by BM25 is an effective means of down
weighting the noisy tokens present in the dirty datasets. Second, the
length of the attributes, and hence the sizes of the bags of tokens,
varies far more in the dirty datasets than in the structured or textual
datasets. This suggests that the length normalization of BM25 is far
more effective at dealing with these kinds of variations as opposed
to the length normalization of kNN-cosine and kNN-Jaccard.

To summarize, we find that on 10 datasets SM outperforms kNN-
cosine-5gram, sometimes by huge margins. On 1 dataset SM is
comparable, and on the remaining 4 datasets SM is worse than kNN-
cosine-5gram, but the performance gap is very small. We also find
that kNN-cosine using 3grams is comparable to kNN-cosine using
5grams, and both outperform kNN using Jaccard (either 3grams or
5grams).

Comparing SM to SA: Figure 7 shows that SA outperforms SM
on 10 datasets in terms of recall and output size, sometimes by a
large margin. SA is worse than SM on the remaining 5 datasets, but
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Figure 6: SM vs. kNN-Cosine (5-gram) and kNN-Jaccard (3-gram) in terms of recall and blocking output size.

the performance gap is very small. For example, at 98% recall, SA’s
output size is at most 0.7% larger than that of SM.

We are still examining why SA is worse than SM on some
datasets. But as far as we can tell, it appears that in some cases
SA adds a new attribute X to the set of blocking attributes, and
X has many missing values. This negatively affects SA’s accuracy.
Overall, we found that dealing with missing values has been diffi-
cult, and more work is needed in this aspect (for both blocking and
matching).

4.2 Runtime of Sparkly

We now examine the runtime of Sparkly. We ran all experiments on
an AWS cluster of 10 nodes. Each node is an m5.4xlarge instance
with 16 cores, 64G RAM, costing $0.75/hour (as of July 2022).

Figure 8.a shows the runtime of SM (the solid lines) and SA (the
dotted lines), as we vary the size of two datasets: WDC and Songs.
WDC has 26M tuples [37] and Songs has 1M tuples (we cannot
use WDC for recall experiments because it does not have all gold
matches). A point n on the x-axis reports the runtimes measured on
a sample of n millions tuples randomly obtained from WDC, and
on a sample of n millions tuples obtained by replicating Songs n
times.

The above figure shows that both SM and SA scale (slightly su-
perlinearly) as we increase the dataset size, and that SA is much
faster than SM. This is because SA scores the attributes individu-
ally, instead of scoring their concatenation as SM. Concatenation
produces long attributes, and performing top-k search on long at-
tributes takes more time than on short attributes. Further, SA can
use word tokenizers on some attributes, whereas SM only uses
3gram tokenizers. This produces fewer tokens, which often leads
to faster top-k search.

It is noteworthy that SA can block datasets of size 10M under
100 minutes, incurring an AWS cost of only $12.5.

Figure 8.b shows the runtime of Sparkly on the 10M WDC and
10M Songs datasets, as we vary the size of the AWS cluster. As the
number of nodes goes from 3 to 15, runtime decreases significantly,
as expected. As we increase the cluster size, eventually the overhead
time (indexing, shipping, attribute/tokenizer selection, etc.) will
dominate (compared to the top-k probing time).

We discuss the runtime of existing SOTA methods in Section 4.5.

4.3 Performance of Sparkly’s Components

We find the indexing time to be minimal. For example, on the same
AWS cluster described above, indexing Songs at size 5M and 10M
takes 76 and 115 seconds, respectively. The resulting index sizes
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Figure 8: Runtime for (a) varying dataset sizes, and (b) vary-
ing cluster sizes, using datasets of 10M tuples each.

are also reasonable. For Songs and WDC at size 1M, 5M, and 10M,
the sizes are 137, 664, 1318 MB, and 214, 1034, and 2042 MB, respec-
tively. Shipping these indexes to the Spark nodes takes minimal
time. For example, for Songs and WDC at 1M, 5M, and 10M, ship-
ping the indexes takes 2.2, 7.2, 21 seconds, and 2.5, 11, 32 seconds,
respectively.

Finally, recall that SA performs a search for a good set of at-
tributes/tokenizers (to block on). On Songs and WDC 1M, 5M, and
10M, without early pruning, this search takes 4, 9.2, 15.6 mins and
4.6, 10.1, 17.2 mins, respectively. Early pruning cuts these times by
up to 70%, to 1.2, 3.2, 6 mins, and 2, 5.3, 14 mins, respectively.

The greedy method used by the searcher was quite effective. We
performed exhaustive search on 11 datasets to find the optimal
configs, and found that the greedy method found a config with a
score within 0-0.8% of the optimal score on 10 datasets and within
10% on 1 dataset.

We now vary the parameters of the major components to examine
the sensitivity of Sparkly.

Blocking Attributes: Recall that in SM, the user manually selects a
set of attributes S to block on. Figure 9 examines varying S. Consider
the first plot, Amazon-Google. Here SM blocks on attribute “title”,
producing the curve in red. Then the plot also shows the curves
where SM blocks on “title” plus another attribute. The remaining 14
plots are structured similarly. (Some curves are under other curves
and thus are not visible.)

Figure 9 shows that varying the set of blocking attributes does
impact the performance of SM, minimally by 0-1.5% CSSR in 11
datasets, and moderately by 2-5% CSSR in 4 datasets. This suggests
that while manually selecting blocking attributes is a reasonable
strategy, there is still room to improve, e.g., by automatically finding
such attributes, as done in SA.

Tokenizers: Recall that SM uses a 3gram tokenizer. Next we exam-
ine replacing this tokenizer with a 2gram, 4gram, and word-based
tokenizer, respectively. Figure 10 shows the results. We find that
changing the tokenizer can significantly impact the performance
(e.g., by up to 11.5% CSSR in the first plot). Overall, the 3gram
tokenizer (used by SM) is a good choice as it has reasonable perfor-
mance on most datasets. The 2gram and 4gram tokenizers perform
worst, with the 2gram tokenizer also incurring the longest runtime.
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Figure 10: Performance of SM for different tokenizers.

BM25’s Parameters: BM25 has two parameters: k; (default value
1.2) and b (default value 0.75), to handle term saturation and docu-
ment length. Varying k; from 1 to 2 does not significantly change
SM’s performance. This may be because in our setting blocking
attributes do not have many terms, and they do not have high term
frequency, so term saturation is not a major issue. Varying b from
0.5 to 1 changes SM’s performance more, by up to 2% CSSR. But
we also find that b = 0.75 provides a good default value for SM, as
its curve is either the best curve or very close to the best curve on
most datasets. See the Appendix for details.

Config Searcher’s Parameters: Recall that SA uses a searcher
to find a good blocking config. This searcher has four major pa-
rameters: (1) the size of B’, a sample of table B on which to score
the configs (set to 10K), (2) the number of tuples returned in each
querying k = 250, (3) the number of initial configs selected (set to
10), and (4) the max number of attributes considered in a config (set
to 3).

Varying (1) from 5K to 15K changes SA minimally. Varying (2)
from 200 to 300 again changes SA minimally (only up to 0.2% CSSR
on 1 dataset). Similarly, varying (3) from 8 to 12 and varying (4)

from 2 to 4 show minimal changes. In all cases, the default values
for (1)-(4) provide a good curve, which is either the best or very
near the best (see the Appendix for details).

4.5 Additional Experiments

We now examine how Sparkly performs on very large datasets, how
it compares runtime-wise to DL methods, and whether DL methods
can achieve higher accuracy, given larger datasets (to train on).

It is very difficult to find very large public datasets with com-
plete gold, i.e., all true matches (without which we cannot compute
the blocking recall). After an extensive search, we settle on three
datasets: BC, MB, and WDC. BC (Big Citations) blocks two tables of
2.5M and 1.8M paper citations. MB (Music Brainz) blocks a table of
20M songs (against itself), and WDC blocks a table of 26M product
descriptions [37]. BC and MB have complete gold, but WDC does
not (see the Appendix for a description of these datasets).

Table 11 shows the results. First, we deployed an AWS cluster
of 30 m5.4xlarge nodes (16 cores, 64G RAM, $0.75/hour, per node),
then ran Sparkly on all three datasets (see the first three rows of
the table). Each row lists the results of SM and SA separated by “/”.



Method Dataset ‘ Time ‘ Recall @ 10 ‘ Recall @ 25 ‘ Recall @ 50 ‘
WDC 26M | 603/130 - - -
MB 20M 449/168 79/95 87/97 91/98
Sparkly BC 2.5M 44/11 99/79 100/89 100/94
MB 10M 132/61 85/96 91/98 94/98
WDC 10M | 925 B B -
Autoencoder | MB 10M 691 30 35 40
BC 2.5M 146 81 84 85
Hybrid BC 2.5M 2719 73 76 78

Figure 11: Applying Sparkly and DL methods to large
datasets.

Column “Time” shows the total time in minutes, while the next
three columns show the recall at k = 10, 25, 50. We cannot compute
recall for WDC as it does not have the complete gold.

The first three rows show that Sparkly scales to very large datasets,
and that SA is much faster than SM, taking only 130 and 168 mins
to block WDC 26M and MB 20M, respectively, at k = 50 and at a
reasonable cost of less than $67.5 on AWS. Sparkly achieves high
recall on these datasets at k = 50.

Skipping the 4th row of Table 11 (which we discuss later), we
now consider the DL method Autoencoder. Unfortunately we had
tremendous difficulties scaling Autoencoder to large datasets. Au-
toencoder is a prototype code used in the paper [40], for datasets
of up to 1M tuples. It runs on a single GPU and uses many Python
libraries that are not well suited to large datasets (e.g., the SVD
implementation of Sklearn). So when applied to large datasets, Au-
toencoder quickly exhausts all memory and crashes, and there is
no easy way to modify it to run in a distributed setting (where it
can use a lot more GPU memory).

After intensive optimization efforts, we managed to apply Au-
toencoder to BC, WDC 10M, and MB 10M, on a SOTA hardware
available to us (32t/16c CPU with 64G RAM coupled with RTX
2080ti GPU with 11G RAM). Table 11 shows the results. While it
is not entirely fair to compare the runtimes of Autoencoder and
Sparkly, because they run on different hardware, it is still interesting
to note that Autoencoder takes much more time than Sparkly, e.g.,
691 vs 132/61 mins (for SM/SA) on MB 10M, and 146 vs 44/11 mins
on BC 2.5M. Autoencoder spent most time in preprocessing and
self-supervised training.

Hybrid is far more complex than Autoencoder, and we only
managed to run it on BC 2.5M (it ran out of memory on WDC 5M
and MB 5M). Even on BC, its runtime is already very high (2719
mins). This suggests that existing prototype DL blockers do not scale
to large datasets, requiring a lot more future work on this topic.

Both Autoencoder and Hybrid achieve far lower recall at k = 50
than Sparkly (see the rows for BC 2.5M and MB 10M), suggest-
ing that these methods still cannot exploit larger datasets to achieve
higher accuracy than Sparkly. In the Appendix we discuss how the
remaining SOTA methods also do not scale to these large datasets.

5 DISCUSSION & FUTURE WORK

We now discuss questions that may arise in light of Sparkly’s strong
blocking performance.

Why little attention so far? TF/IDF measures have long been stud-

ied in the matching step of EM [9]. It is not clear why they have
received no attention in the blocking step (except several works

as discussed in Section 6). A possible reason is that so far EM re-
searchers have preferred to focus on hash-based blocking, which
is conceptually simple and easy to scale [6, 30, 33]. Even when
considering similarity-based blocking, researchers have preferred
similarity measures that seem simpler and more amenable to scal-
ing, e.g., edit distance, Jaccard, overlap, cosine [6, 30, 33]. TF/IDF
appears difficult to scale. A straightforward application of inverted
indexes is slow, and it was not obvious how to do much better.

Up until 2015, Lucene was also slow, making tf/idf blocking
using Lucene impractical. Then it adopted the block-max WAND
indexing technique and became much faster [19]. As this paper has
shown, a combination of the “new” Lucene and Spark has now made
tf/idf blocking very competitive, and suggests that going forward
it should receive more attention.

Top-k vs Thresholding: We believe doing top-k search is critical.
To see this, we compute the similarity scores of all gold matches on
each dataset, for tf/idf, Jaccard, and cosine measures.

Figure 12 shows the kernel density estimation (KDE) curves of
these scores, on all 15 datasets. They can be read like smoothed
histograms (we do not show the traditional histograms of these
scores as there are too many to show per plot).

Essentially, each curve can be read like a probability distribution
curve (e.g. a normal curve). For example, consider the area under
the curve for the interval [0.6, 0.8] for Jaccard-3gram in the Amazon-
Google Structured plot (top left). Let this quantity be AUC(0.6, 0.8).
The (estimated) probability that a gold match, taken randomly from
all gold matches, will have a Jaccard-3gram score in the interval [0.6,
0.8] is AUC(0.6,0.8)/AUC(0.0, 1.0), i.e., the area under the curve of
the interval divided by the total area under the curve.

Figure 12 shows that only on 4 datasets would most of these
scores be in a narrow range near 1.0 (e.g., between 0.8 and 1), making
thresholding work well, i.e., achieving high recall. In the remaining
11 datasets, these scores are spread all over the range [0,1]. This
suggests that thresholding (i.e., retain only those tuple pairs whose
similarity score exceeds a pre-specified threshold) cannot achieve
high recall, unless we set the threshold very low, which blows up
the blocking output size.

In contrast, Section 4 shows that doing top-k (as in Sparkly)
achieves high recall without blowing up the output size. Thus, we
believe that future blocking solutions should seriously consider doing
top-k, rather than thresholding.

Do We Need TF/IDF? SM and SA, which use tf/idf, outperforms
methods that do not, such as kNN-consine, kNN-jaccard, etc. This
is most likely because tf/idf can “down weigh” common tokens.
For example, the Hospital Dirty dataset has many names such as
“David Smith MD Physician” and “Julie Smith MD Physician”. When
blocking on these names, tf/idf can “ignore” the common tokens
“MD”, “Physician”, whereas standard Jaccard and cosine measures
cannot.

So it seems that we do need tf/idf. But do we need both for block-
ing? To answer this question, we performed several experiments.
Figure 13 shows the results when we remove IDF from SM (by
dropping “idf(t)” in the BM25 formula of Equation 2 in Section 3).
The figure shows that SM greatly outperforms SM-no-idf.
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Figure 13: The effect of removing IDF from SM and TFIDF-cosine.

Similarly, when we remove idf from TFIDF-cosine, by dropping
“idf(t)” from the formula Vp(t) = tf(¢,D) - idf(t) (see Section 3,
recall that TFIDF-cosine is the well-known tf/idf measure that com-

putes s(D, Q) = [X, Vp(t) Vo(OI/[VE, VD(1)*- [ Vo (t)?]). the
figure shows that TFIDF-cosine greatly outperforms TFIDF-cosine-
no-idf on many datasets. This suggests that IDF is important for
blocking.

Interestingly, when we performed a similar experiment where
we removed TF, we did not see a clear trend. See Figure 14. TFIDF-
cosine and TFIDF-cosine-no-tf perform largely the same. SM is
minimally better than SM-no-tf on some datasets, minimally worse
on some others, and about the same on the remaining datasets.

So TF seems to have minimal effect on the 15 datasets. We believe
this is because the attributes to block on (e.g., product title, person
name) tend to be short, where few tokens repeat multiple times.
To test this hypothesis, we consider Companies, a highly textual
dataset where each tuple is a long document describing a company,
and we need to block using the entire tuple (this dataset was used
in the paper [27] to evaluate DL methods for matching, see the
Appendix for a discussion). Indeed on this dataset where many
tokens repeat multiple times, SM greatly outperforms SM-no-tf,
e.g., achieving 62% vs 33% recall at k = 50. Similarly, TFIDF-cosine
greatly outperforms TFIDF-cosine-no-tf. This result suggests that
TF’s effect on short blocking attributes is minimal, but can be sig-
nificant on long textual blocking attributes.
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Figure 14: The effect of removing TF from SM and TFIDF-cosine.
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Figure 16: Comparing SM+, SA, and SA+.

Which Scoring Functions are Best? The above results suggest
using both TF and IDF. But which scoring function works best? To
explore, we examine four scoring functions: TFIDF-cosine, TFIDF-
jacc, SM, and SM+. TFIDF-cosine is the cosine similarity function

using TF/IDF, described earlier, while TFIDF-jacc is the function
fms?X described in [5], which can be viewed as the Jaccard simi-
larity function using IDF. SM+ is an extension of SM that we will
describe shortly.



Figure 15 shows that TFIDF-jacc is somewhat worse than TFIDF-
cosine. But surprisingly, TFIDF-cosine is better than SM on many
datasets. We found this is because TFIDF-cosine’s scoring function
incorporates the TF and IDF of each term from both the query Q
and the document D sides (see Equation 1 in Section 3), but the
BM25 scoring function used by SM does not. It incorporates only TF
and IDF of each term from the document D’s side. In other words,
TFIDF-cosine treats Q and D uniformly, whereas SM does not. This
makes sense in keyword search, where typically Q has few terms,
each occurring only once and all terms in Q are important. But
these are not true in EM, where Q is a tuple in Table B (and is often
as long as D, which is a tuple in Table A). Here, it makes more sense
to treat Q and D uniformly, like TFIDF-cosine.

Using the above observation, we modify BM25 to incorporate
TF and IDF from Q’s side (see the Appendix for details), producing
the SM+ solution. Figure 15 shows that SM+ performs very well,
being either the best solution or very close to the best solution on
all datasets.

We modified SA similarly to produce the SA+ solution. Figure
16 compares SM+, SA, and SA+. We found that SA+ outperforms
SA: better or equal to SA in 12 datasets, and worse in 3 datasets.
In general, SA+ is either the best solution or very close to the best
solution in 14 datasets.

In general, we believe that a good scoring function should not
just enable high recall, but also other desirable capabilities, such as
fast incremental index updates (as we add/remove tuples, see more
below). In addition, it would be even better if there are already open-
source software implementing the scoring function and enabling
fast blocking on large amounts of data (such software can take
years to build).

We note that BM25 (and the modified BM25 as described earlier)
meets these criteria. They provide high recall and enable fast in-
cremental index update. There is also a ready-to-use open-source
software in the Lucene-based Sparkly system. In contrast, TFIDF-
cosine does not enable fast incremental index update, and we are
not aware of any open-source software using TFIDF-cosine that
can perform fast blocking for large data (e.g., tens of millions of
tuples).

All these results suggest that using tf/idf weighting, and the BM25
scoring function, but modifying it to incorporate TF and IDF from the
query side is a promising future direction to explore.

Qualitative Error Analysis: We have performed a preliminary
qualitative error analysis to gain insights into why Sparkly does
better than SOTA solutions. For example, when examining tuple
pairs that Sparkly correctly declare matches but DL methods do not
(by this we mean Sparkly finds these pairs given low top-k, whereas
DL methods need a much higher k value to find these pairs), we
found that for these tuple pairs, the lengths of the names tend to
differ significantly, and the Jaccard 3gram scores are very low. This
is potentially important because the FastText package used by DL
methods uses q-grams to generate the embeddings.

Another interesting pattern is that these tuple pairs often have a
unique product code. Examples include (sony str-de197 av receiver
100 watts per channel, sony stereo audio receiver strde197) and
(olympus b-90su aa/aaa size battery charger, olympus olympus
ni-mh quick charger and battery set b90su). Note the presence of

product codes such as “str-de197”, “strde197”, “b-90su”. It is likely
that DL methods treat these as out-of-vocabulary words and cannot
handle them as well as Sparkly.

We have also examined correct matches found by Sparkly but
not found by kNN-jaccard. An interesting pattern is the presence of
common tokens. For example, the Hospital Dirty dataset has many
names such as “David Smith MD Physician” and “Julie Smith MD
Physician”. As mentioned earlier, when blocking on these names,
tf/idf-based Sparkly can “ignore” the common tokens “MD”, “Physi-
cian”, whereas standard Jaccard and cosine measures cannot.

Cases of Possible Low Recall: We now analyze cases where
Sparkly may achieve low recall. Consider a match g = (u € B,v €
A). There are three possible reasons why tuple v may not make it
into the top-k list of u (thus excluding g from the blocking output).
First, v may have a low tf/idf score with u. This can happen due to
dirty data, missing values, synonyms, and natural variations (e.g.,
“Robert Smith” vs. “Ben Smith”). Another possibility is that if the
data is highly numeric or textual (such as long documents), the
tf/idf score may also be low, as we discussed below.

Second, v may have a high tf/idf score with u, but there are more
than k true matches for u, so v is excluded.

Finally, many other non-matching tuples in A may have high
tf/idf scores with u, crowding out v. For example, if we block just
on the person name, then the top-k list for a particular “David
Smith” may contain tuples of many other “David Smith”-s, because
David Smith is a very common name. As another example, the non-
match (“iPhone 12 mint condition 32G white with case”, “iPhone 12
mint condition 32G black with case”) may have a high tf/idf score,
because tf/idf fails to locate the colors and realize that if the colors
do not match then the tuples do not match.

To address the above limitations, possible solutions include ways
to clean and standardize the data, using a dynamic k value (e.g.,
if all tf/idf scores in the current top-k list is high, then increase k
then query again), and performing information extraction to isolate
important attributes such as color. Managing synonyms is also
critically important, as synonyms are pervasive in real-world data.

Blocking Numeric and Document Datasets: We have just dis-
cussed the possibility that when the data is highly numeric or
textual (e.g., long documents), the tf/idf score may be low and so
Sparkly may not be as effective. We now examine these possibilities.

We first consider numeric data. It is very difficult to find numeric
public datasets with complete gold. After an extensive search, we
settle on two datasets AW and RE. Each dataset matches the columns
of the tables within a data lake. As such, each dataset consist of a
single table X where each tuple describes a column (listing column
name, table name, the average length of the column’s values, the
average/min/max of the column’s values if it is numeric, etc.). The
goal then is to match X with itself. AW (AdventureWorks) and RE
(Real Estate) have 799 and 451 tuples, respectively.

Here we found that SM is better than SA. On AW and RE, SM
achieves 81% and 94% recall at k = 50 compared to 79% and 67% for
SA. This is because SA was confused by numeric attributes and so
picked up some numeric attributes to block on. SM is comparable
to kNN-jaccard and kNN-cosine, and is much better than the two
DL methods and JedAl



SM however can still be improved. For example, a separate work
on schema matching for data lakes (under preparation, from where
we obtained the above two datasets) extended SM to incorporate
rules such as “if the average values of two numeric columns are too
far apart, e.g., one value is greater than 10 times the other value,
then do not include the columns as a pair in the blocking output”.
This solution achieves recall 99% and 97% at k = 50 for AW and RE.
It turns out that we can naturally incorporate many such rules into
the querying function of Lucene.

Thus, the results suggest that Sparkly still performs better or
comparable to SOTA methods on numeric data. Further, it can signif-
icantly be improved with rules exploiting the properties of numeric
attributes, and many such rules can naturally be incorporated into
Lucene. Future work should explore this direction, and also improve
SA to avoid picking up numeric attributes to block on.

We now consider document data. A prior work [27] has created
Companies, a document dataset, which has two tables A and B,
where each tuple is a long document describing a company (e.g., a
document was obtained by crawling the company’s Website, then
processing to remove all HTML tags).

On Companies, SM obtained recall of 63% at k = 50. In contrast,
Autoencoder and Hybrid obtain recall of 55 and 43%. kNN-jacc and
kNN-cosine obtain recall of 30 and 56%. Thus, on this long document
dataset, Sparkly still outperforms existing SOTA methods. (Note that
here the whole tuple has just one attribute, whose values are long
documents. So we just block on this attribute, and there is no reason
to use SA.)

But it turns out that we can still improve Sparkly. Recall that
SM+ obtained recall of 62%. In contrast, TFIDF-cosince obtained
recall of 74%. All of these methods use the default 3gram tokenizer.

Upon closer inspection, we realize that using the 3gram tokenizer
is not ideal for long textual documents. So we switched to a world-
level tokenizer. This improves the recall significantly at k = 50. The
recall for SM, SM+, and TFIDF-cosine is now 84%, 87%, and 89%.
Note that SM+ is better than SM, and interesting TFIDF-cosine is
still a bit better than SM+, but the difference is small. Thus, Sparkly
can still be improved, e.g., by using a tokenizer better suited for long
documents, and SM+ is still competitive (very close to the best method).
But there is still room for improvement, to reach recall of high 90s.

Updates: We now discuss how Sparkly can handle updates. A very
appealing property of BM25 is that it enables very fast incremental
index updates, when we add or remove tuples from the indexed
table. In contrast, TFIDF-cosine requires the entire index to be
rebuilt from scratch (see the Appendix for a discussion).

Fast index update can provide moderate to significant benefits
in many cases. As a case of moderate benefits, consider blocking
two tables A and B. Suppose Sparkly has built an index I on A and
used it to perform blocking. Now suppose we add a new tuple ¢ to
B. Then we do not have to update I. We can just perform blocking
between t and A, by using ¢ to probe I. The case of removing a tuple
t from B can also be easily handled.

Now suppose we add a tuple ¢ to Table A. We can quickly update
index I into I’, which incorporates . However, we need to re-
process all tuples in B, since for each such tuple, its top-k list may
have changed. So our saving is only in the index construction step.

As a case of significant benefits, consider a table X that contains
all customers of a company (typically called Customer 360 in prac-
tice). Users often must perform real-time matching of a new tuple
t into table X (e.g., to find if a particular person is already in X),
and this matching is often done by a blocking step followed by a
matching step. Table X is frequently updated (e.g., adding/removing
customers). It is critical that such updates are processed quickly, so
that real-time matching is always done on the latest version of X.
Sparkly is well suited for such cases, because we can update the
inverted index I on Table X very quickly.

Scalability, Predictability, and Extensibility: We believe Sparkly
scales due to four reasons:

o First, it decomposes blocking into executing a large number of
independent tasks (each querying the inverted index I using
a chunk of tuples in table B).

e Second, it executes these tasks on a Spark cluster in a dis-
tributed share-nothing fashion, by shipping the index I to the
Spark worker nodes, then execute the tasks there.

e Third, it can execute each task fast, by using the block-max
WAND indexing technique of Lucene.

e Finally, when the table A is too big (e.g., 200M tuples), it
breaks A into smaller partitions (e.g., of 50M tuples each)
and blocks each partition against table B (this minimizes
the problem of having the indexes and other intermediate
data structures grow uncontrolled as the table sizes increase,
eventually crashing the cluster).

As such, Sparkly can maximally utilize the entire Spark cluster, and
scale horizontally by adding more nodes. In practice, we have suc-
cessfully used Sparkly to perform blocking for tables of up to 180M
tuples, using Spark clusters of up to 100 nodes.

The above architecture is also predictable. Recall that we chop
table B into chunks of tuples, and execute these chunks (i.e., use
them to query index I) on the worker nodes. After executing a
few hundred chunks, it is possible to use the execution times of
these chunks to estimate with high accuracy how much longer
Sparkly will run (e.g., using Equation 3). We have developed such
an estimator, but will not report here for space reasons.

Finally, the above architecture is also extensible, in that we can
add other kinds of blocking. For example, consider hash blocking.
We can create a hash H of table A and ship it to the worker nodes.
Then given a tuple b € B, we can consult the inverted index I to
obtain a top-k result, consult the hash H to obtain a result, union
or intersect the two results, then send the output back to the driver
node. In general, we can ship all kinds of indexes to each worker
node, then do processing for each tuple b € B using these indexes.

Thus, we believe that future blocking solutions should seriously
consider an architecture similar to Sparkly, which can provide signifi-
cant benefits in scaling, predictability, and extensibility.

Future Research Directions: The current work has shown that
(a) tf/idf is highly promising for blocking, and (b) we can develop
a tf/idf-based system, Sparkly, that is already practical for large
datasets. But a lot more remain to be done.

Based on the discussion so far, we propose to consider the fol-
lowing research directions:



e We should study tf/idf blocking in more depth, improving
Sparkly and similar tf/idf systems. The issue of which scoring
functions (including tokenizers) are the best for which cases
requires more investigation.

e It is important to develop a much bigger benchmark (which
has a lot more datasets of diverse characteristics) for blocking.
The current datasets are too small (or some are large but have
no gold matches, so we cannot evaluate blocking recall), and
do not contain enough variety.

e We should develop effective methods to clean and standard-
ize datasets, as this can significantly improve blocking recall
and minimize the need to use sophisticated but costly block-
ing methods.

e We should study how to improve existing blocking solu-
tions and develop new blocking solutions, using Sparkly as
a benchmark.

o It is likely that an ideal blocking solution will have to use

multiple blocking techniques, including tf/idf and others, to
maximize recall. For example, if a company has developed a
great blocking method specifically designed to block person
names, then when applied to person-name datasets, they
may want to use this blocking method, possibly augmented
with tf/idf blocking. And when applied to other kinds of
datasets, they may just want to use tf/idf blocking. An ideal
blocking solution should allow such flexibility.
The solution must also scale, i.e., block tables of hundreds
of millions of tuples in a reasonable time on a reasonable
hardware at a reasonable cost. Toward this goal, the scalable
share-nothing architecture of Sparkly provides a promising
starting point.

o Related to the last point, a lot of existing blocking work has
focused on algorithmic development, rather than system
aspects. We should devote more effort to system aspects,
such as examining desirable properties for a good blocking
system, develop open-source systems with these properties,
then deploy, evaluate, and improve them. Example questions
include “do we need a spectrum of blocking systems, or just
one system?”, “if we need multiple systems, how do they
relate to each other and where to use what?”, “what should be
the architecture of such systems? the role of a share-nothing
architecture? the role of indexes?”, etc.

6 ADDITIONAL RELATED WORK

We have discussed related work throughout this paper. We now
discuss additional related work. EM has been a long-standing chal-
lenge in data management (see [2, 7, 8, 13, 15, 28, 31] for recent
books and surveys). There has been multiple academic efforts on
building scalable EM systems such as JedAI [32, 34], Magellan [20],
and CloudMatcher [18].

Over the past decades, numerous blocking solutions have been
developed. See [6, 15, 30, 33] for surveys, and see Section 2 for a
discussion of the main blocker categories. However, tf/idf blocking
has received very little attention, as far as we can tell. The only
work we have found (and cited by the above surveys) is the work
[26]. Consider deduplicating a table A, i.e., matching A with A. This
work proposes a tf/idf blocking solution that works as follows:

(1) Take a random tuple x € A then finds the top-k tuples in A
with the highest tf/idf scores, using an inverted index on A.
Pair x with these tuples and output the pairs.

(2) For tuples that are very close to x, where “close” means (a)
within the top-m of x (here m < k and both are pre-specified)
or (b) the similarity score exceeds a threshold, remove these
tuples from A. Also remove tuple x from A.

(3) Repeat Steps 1-2 until A is exhausted.

As described, this solution works on a single machine and is hard
to scale, especially in a share-nothing fashion. A later work [6]
experimentally shows that it does not perform better (in recall,
output size, and runtime) than other blocking solutions.

Since then we are not aware of any other work that examines
tf/idf blocking. The closest work that we have found is the recent
work [29], which performs token blocking, i.e., hashing each tuple
to multiple blocks, each corresponding to a token in the tuple. This
work removes blocks that correspond to tokens of low tf/idf values.
The work [5] develops a scoring function that can be viewed as the
Jaccard similarity function using IDF. We evaluated this function
in Section 5.

The tf/idf measure has long been used in IR and Web search [25].
Lucene, which performs tf/idf search, was released in 1999. For a
long time it was somewhat slow and inaccurate, and was largely
ignored by the academia [19]. In 2015, however, Lucene adopted
cutting-edge techniques such as BM25 and block-max WAND. It is
now viewed as quite accurate and fast, and has attracted attention
from IR researchers [19]. TF/IDF has long been used in the matching
step of EM [9].

Given a set of strings D, a similarity score s, and a query string
q, threshold-based string similarity search is the problem of finding
all strings d € D such that s(d,q) > t, where t is a pre-specified
threshold. Top-k string similarity search is the problem of finding the
top-k strings d € D with the highest similarity score with q. Both
problems have been extensively studied [43]. Top-k string similarity
search is clearly most related to Sparkly. However, most works have
considered only similarity measures such as overlap, Jaccard, cosine,
dice, and edit distance. As far as we can tell, top-k tf/idf search has
been studied intensively by IR researchers (resulting in the block-
max WAND technique), but not by database researchers.

The work [44] develops AutoBlock, a blocking solution which
uses labeled data to find a good blocker. Sparkly does not require
labeled data (i.e., correct matches). The work [40] shows that Au-
toBlock was outperformed by the DL methods Autoencoder and
Hybrid, which in turn are shown in this work to be outperformed
by Sparkly.

The work [23] also addresses blocking. But it maximizes recall
while keeping precision (i.e., the fraction of pairs in the blocking
output that are correct matches) above a threshold. We consider a
fundamentally different problem of maximizing recall for any given
k (i.e., any given blocking output size). As such, it is not yet clear
how to adapt their techniques to our context. In particular, that
work requires estimating the precision of the blocking configs in
their setting, which is not possible for the blocking config space
that we consider, because our configs do not specify a k value.

Given two sets of strings D and E and a similarity score s,
threshold-based string similarity join finds all pairs (d € D, e € E),



where s(d, e) > t, with t being a pre-specified threshold. Similarly,
top-k string similarity join finds the top-k pairs (d, e) with the high-
est similarity score. These two problems have also been extensively
studied (e.g., [42, 43]), but only for overlap, Jaccard, cosine, dice,
and edit distance, as far as we can tell.

The share-nothing architecture of Sparkly is reminiscent of share-
nothing architectures that have traditionally been studied for paral-
lel processing of relational data [39], and our Spark-based probing
method for blocking is reminiscent of distributed/parallel joins for
relational data [21, 22]. But here we consider the novel context
of blocking for EM. Finally, the work [3] describes an industrial
blocking solution at Amazon, which uses meta blocking to manage
token-centric blocks and uses sophisticated techniques to scale.

7 CONCLUSIONS

Despite decades of research, tf/idf blocking has received very lit-
tle attention. Yet anecdotal evidence suggests that it can do very
well. As a result, in this paper we have performed an in-depth
examination of tf/idf blocking.

We developed Sparkly, a novel solution that performs top-k
tf/idf blocking, using Lucene and Spark in a distributed share-
nothing architecture. We developed techniques to select good at-
tribute/tokenizer pairs to block on, making Sparkly completely
automatic. Extensive experiments show that Sparkly outperforms 8
state-of-the-art blocking solutions and scales to large datasets. We
analyzed reasons for Sparkly’s strong performance and identified
promising future research directions.

Overall, our work suggests that tf/idf blocking should receive
more attention, that future blocking work should consider Sparkly
as a baseline, and that the distributed share-nothing architecture
of Sparkly provides a promising starting point to build blocking
solutions that are scalable, predictable, and extensible.
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A BLOCKING FOR DEDUPLICATION AND
TABLES WITH DIFFERENT SCHEMAS

Deduplication: Deduplication means finding tuple pairs (a;, a;)
within the same table A that match. We can also use Sparkly to do
blocking for such cases, by pretending that we are matching table
A with a copy of itself. That is, we will index A and then use it for
search as well. The blocking output then likely contains duplicate
pairs, e.g., (ai, a;) and (aj, ;). These duplicate pairs can then be
removed in multiple ways, the simplest being removing them using
built-in Spark operations.

Tables with Different Schemas: Given two tables A and B with
different schemas, we ask the user to manually identify matching
attributes between the two schemas, e.g., location = address, last-
name = surname, concat(city,state) = address. We use these matches
to transform the two tables into two new tables A” and B’ with the
same schema, then apply Sparkly.

B EXPLAINING THE AUC FORMULA

We now explain how we compute AUC(b, L, k), the discriminative-
ness of config L for a tuple b € B, as the normalized AUC. Let
r(b,L,k) = ((v1,$1), -.-(Vg, sir)) be the top-k tuple list retrieved
from index I, for record b € B, scored according to config L, sorted
in decreasing order of score sy, . .., sgs (k’ < k because only tuples
with positive score can be in the list). Then we can compute the
area under the curve as

kK'-1

1 Si—3i+1)
Sit1 +— .
k"Sl Z(1+1 2

i=1

AUC(b, L, k) =

To understand the above formula, imagine we have plotted the
curve of the scores s, ...sg-, where the score for record i is plotted
at point (i, s;), giving us a curve with discrete segments. To take
the area under the curve, we can divide the area into rectangles
and right triangles, one rectangle and one triangle per segment.
Consider the area under the curve of the first segment for x € [1, 2].
The rectangle in this interval is width 1 and height s; meaning
the area is sp, corresponding to s;4+1 in the formula above. For the
triangle, one leg is length s; — s and the other is length 1, hence
the area is 212°2 corresponding to in the formula above. We
can then repeat this computation for each segment of the curve,
giving us the sum over 1 to k” — 1. Finally, we normalize the area
by dividing by the number of tuples, k’, times the max score, s1,
corresponding to the lead coefficient k+31

Si—Si+1

C THE SIX ADDITIONAL DATASETS FOR
OUR EXPERIMENTS

We now describe the six additional datasets used in our experiments.
BC is Big Citations, which consist of two tables of 2.5M and 1.8M
tuples, respectively. Here each tuple is a paper citation. BC has
been used in the paper [10] and is available in the Magellan dataset
repository.

MB is MusicBrainz, which is a single table of 20M tuples, each
describing a song. A copy of MB is available at [1]. MB comes with
the complete gold, but this gold is synthetic. WDC is a single table
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of 26M tuples, each describing a product. WDC is available at [37].
It comes with some gold matches, but not the complete gold.

The two numeric datasets are AW and RE. Each dataset matches
the columns of the tables within a data lake. As such, each dataset
consist of a single table X where each tuple describes a column (list-
ing column name, table name, the average length of the column’s
values, the average/min/max of the column’s values if it is numeric,
etc.). The goal then is to match X with itself. AW (AdventureWorks)
and RE (Real Estate) have 799 and 451 tuples, respectively. These
datasets come from an ongoing work that matches the schemas of
a data lake. They will be made available on Sparkly’s homepage
shortly.

Companies is a document data set used by a prior work [27]. It
has two tables A and B, where each tuple is a long document de-
scribing a company (e.g., a document was obtained by crawling the
company’s Website, then processing to remove all HTML tags). This
dataset is available at https://github.com/anhaidgroup/deepmatcher.

D JEDAI BLOCKERS IN OUR EXPERIMENTS

JedAl is a well-known open-source software for EM. In JedAI users
can execute a variety of blocking workflows. These workflows
proceed in two stages. First, they create a set of initial blocks, by
tokenizing each tuple to be matched, creating a block per token,
and assigning all tuples containing that token to that block. Then
they apply various methods to prune away blocks or drop pairs
from the final candidate set, based on various weighting schemes.

JedAlI provides many modules for the above stages, such as Car-
dinality Node Pruning (CNP), Weighted Edge Pruning (WEP), Com-
parison Propagation, Standard Blocking, Q-Gram Blocking, and
Blocking Filtering.

Based on personal communications with the JedAI authors, we
compare Sparkly to three state-of-the-art JedAl blocking workflows:
JedAlI Default Blocking (JD), Parameter-free Blocking Workflow
(PBW), and Default Blocking workflow (DBW).

JedAI Default Blocking (JD): JD begins with Standard Blocking,
which creates a block for every unique whitespace-delimited token
in the dataset. Next, JD applies Comparison-based Block Purging,
which removes blocks that generate many pairs (i.e., large blocks).
Then it applies Block Filtering, where each entity is removed from
blocks which are larger than the median size of the blocks which
the entity appears in. For example, if the median block size of the
blocks containing record r is 100, then r would be removed from any
block that has size greater than 100. Finally, JD applies Cardinality
Node Pruning, which retains the top-k pairs for each entity based
on a weighting scheme, in this case the Jaccard index of the blocks
to which the entities belong.

Parameter Free Blocking Workflow (PBW): PBW begins with
Standard Blocking to create a block for every unique whitespace-
delimited token in the dataset. Then it applies Comparison-based
Block Purging to remove blocks that generate many pairs (i.e., large
blocks). Finally, it deduplicates the remaining pairs generated from
the blocks, using Comparison Propagation, to generate the final
candidate set.

Default Blocking (DBW): DBW begins with 6-Gram Blocking to
create a block for every unique 6-gram token in the dataset. Next,



it applies Block Filtering, where each entity is removed from blocks
which are larger than the median size of the blocks to which the
entity appears in. Finally, DBW applies weighted edge pruning
(using the ECBS weighting scheme), which discards pairs that have
weight lower than the average for the current candidate set.

E SENSITIVITY ANALYSIS FOR BM25 AND
THE CONFIG SEARCHER

BM25’s Parameters: BM25 has two parameters: k; (default value
1.2) and b (default value 0.75), to handle term saturation and doc-
ument length. Figures 17-18 show the results of varying these pa-
rameters.

Varying ki from 1 to 2 does not significantly change SM’s perfor-
mance. This may be because in our setting blocking attributes do
not have many terms, and they do not have high term frequency, so
term saturation is not a major issue. Varying b from 0.5 to 1 changes
SM’s performance more, by up to 2% CSSR. But we also find that
b = 0.75 provides a good default value for SM, as its curve is either
the best curve or very close to the best curve on most datasets.

Config Searcher’s Parameters: Recall that SA uses a searcher
to find a good blocking config. This searcher has four major pa-
rameters: (1) the size of B’, a sample of table B on which to score
the configs (set to 10K), (2) the number of tuples returned in each
querying k = 250, (3) the number of initial configs selected (set to
10), and (4) the max number of attributes considered in a config (set
to 3).

Figure 19 to Figure 22 show the results of varying these parame-
ters. Varying (1) from 5K to 15K changes SA minimally. Varying (2)
from 200 to 300 again changes SA minimally (only up to 0.2% CSSR
on 1 dataset). Similarly, varying (3) from 8 to 12 and varying (4)
from 2 to 4 show minimal changes. In all cases, the default values
for (1)-(4) provide a good curve, which is either the best or very
near the best.

F SCALABILITY OF VARIOUS BLOCKING
METHODS

We now discuss potential problems in scaling SOTA blocking meth-
ods considered in this paper.

Deep Learning (DL) Blockers: Recall that we experimented with
two SOTA DL blockers: Autoencoder and Hybrid. There are two
major issues to contend with when trying to scale DL blockers:
model training and top-k computation.

Model Training: The main challenge to scaling training deep learn-
ing models is the amount of data that they require to train on.
In order to train effectively, the data for deep learning models is
typically shuffled each iteration, meaning that the training data
is accessed randomly, rather than sequentially. When the training
data does not fit in DRAM and is swapped on disk, the random I/O
incurred for each training iteration quickly becomes a bottleneck.
In order to scale, either more DRAM needs to be added which is
costly, or the model must be trained in a distributed set up which
greatly increases the complexity of the training procedure.

Training DL models can also take a long time, as we provided
numbers in the experiment section.
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Top-k Computation: Deep learning based blockers perform top-k
search over a set of dense vectors using the cosine of the angles
between the vectors as the scoring metric. We are not currently
aware of any exact algorithms that compute the top-k without
resorting to brute force computation (i.e. computing scores for all
vectors and sorting). That is, all known methods doing the dense
vector search are linear in the number of vectors being searched,
meaning that the overall execution time is quadratic. It is possible of
course to do approximate top-k search, which is much faster. FAISS
is a well-known open-source library for both exact and approximate
top-k search.

It is also possible to use GPUs to perform top-k computations. In
this case we still do brute-force computations, but we can do a very
large number of such computations in parallel on the GPUs, thus
speeding up the search. The downside is the need to use powerful
GPUs.

Rule-Based Blockers: We experimented with RBB, a SOTA indus-
trial blocker. This blocker asks the user to label a few hundreds of
tuple pairs (as match/no-match), then uses the labeled pairs to learn
blocking rules. This labeling step takes time, e.g., 152-177 mins in
our experiments.

The time to apply the learned blocking rules can also be signif-
icant, depending on the size of the tables. For example, applying
the blocking rules to Songs tables of size 1M, 3M, 5M takes 7.45,
23, and 326 mins, respectively, in our experiments. (For the table
of size 5M, the solution learns a different set of blocking rules and
hence incurs longer application time, compared to the case of table
of size 3M.)

Token Blockers: Recall that we experimented with 3 JedAlI block-
ers, which belong to the token blocking family. Token blockers can
have unpredictable time and memory requirements, because we do
not know a priori how large each block can be. For example, the
PBW blocker required more than 100G of RAM to run the Songs
Dirty dataset.

As another example, on the BC (Big Citations) dataset, the DBW
workflow crashed (out of memory on a SOTA hardware setting),
PBW ran in 92 minutes, and the JedAl default workflow ran in 246
minutes. All three JedAI methods crashed on WDC 10M and MB
10M.

kNN Blockers: We experimented with kNN-Jaccard and kNN-
cosine blockers. For kNN-Jaccard, we are not aware of any existing
work to efficiently support top-k search for Jaccard (most existing
top-k search works have considered only edit distance [43]). As dis-
cussed in Section 6, many works have developed solutions for top-k
similarity joins, including support for Jaccard [43]. In principle, we
can use these solutions to perform top-k search, in a share-nothing
fashion on a Spark cluster. But it is unclear how fast such solutions
will be.

Similarly, for kNN-cosine, existing work on top-k similarity
search has not considered cosine, as far as we can tell. Further,
existing work on top-k similarity joins have considered cosine [43]
and can be adapted to perform top-k blocking in a share-nothing
fashion. But it is unclear how fast such solutions will be. Finally, it
is possible to modify the block-max WAND algorithm to evaluate
top-k queries for set cosine. At the time of writing, however, we
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Figure 17: Varying the parameter k; of BM25.

are not aware of any system which has implemented the WAND or
block-max WAND algorithm for set cosine.

G THE MODIFIED BM25 FORMULA FOR SM+
AND SA+

Recall that the original BM25 scoring function is as follows:

tf(t,D)- (k1 + 1)
D, =
Q) tezé)tf(t,D)+k1-(1—b+b-

avgdl)

where idf(t) = log(% + 1), and k; and b are free param-

eters, often set as k1 € [1.2,2.0] and b = 0.75.

We modified the above scoring function to incorporate TF and
IDF on the query Q’s side as follows. We weigh each term in query Q
as we would in TFIDF-cosine. That is, for each term ¢ in Q, we mul-
tiply by (log (¢ f(t, Q) + 1)) * smooth_id f(t), where smooth_idf =
log (%) + 1. This gives us the new scoring function s(D, Q) =
tf(t,D)-(ki +1)

tf (6, D)+ky-(1-b+b- 200

2teQ
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H UPDATING THE INDEX
Given the BM25 scoring function

tf(t,D)- (k1 +1)
D, =
00 te%tf(t,D)+ky(1—b+b-

|D| : ldf(t)’

avgdl)

it is clear that for the inverted index, we need to keep track of
(1) idf(t) for all ¢.
(2) the size of each document D.
(3) avg dl, the average length of documents.
(4) a matrix M that lists documents on one axis and terms on
the other axis, and each cell lists tf(¢, D) for a term t in
document D.

When adding a new document, we need to update idf(¢) for all ¢,
since the total number of documents has changed. But doing this,
as well as Items 2-3, is quick. Similarly, updating the matrix M in
Item 4 is also quick, because we just have to add a new row (or
column) for the new document.

In contrast, in TFIDF-cosine, each document D will be converted
into a vector and we need to keep tracks of these vectors. We do
this using a matrix N, where we list documents on the rows, say,
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Figure 18: Varying the parameter b of BM25.
and the terms on the columns. Each cell of N lists the value ¢ f = id f of documents has increased by 1). This means we also have to
normalized by the document length. Now if we add a new document, update all cells in the matrix N. This is a very expensive operation,

that will change the IDF of all terms (because the total number effectively meaning the entire index must be rebuilt from scratch.
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Figure 19: Config searcher: varying the size of B’, a sample of table B on which to score the configs; default value is 10K.
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Figure 20: Config searcher: varying the number of tuples returned in each querying; default value is k = 250.
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Figure 21: Config searcher: varying the number of initial configs selected for the search; the defaul value is 10.
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Figure 22: Config searcher: varying the max number of attributes considered in a config; the default value is 3.
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