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ABSTRACT

Data practitioners often sample their datasets to produce repre-
sentative subsets for their downstream tasks. When entities in a
dataset can be partitioned into multiple groups, stratified sampling
is commonly used to produce subsets that match a target group
distribution, e.g., to select a balanced subset for training a machine
learning model. However, real-world data frequently contains du-
plicates — multiple representations of the same real-world entity —
that can bias sampling, necessitating deduplication.

We define deduplicated sampling as the task of producing a clean
sample of a dirty dataset according to a target group distribution.
The naive approach to deduplicated sampling would first dedu-
plicate the entire dataset upfront, then perform sampling ex post.
However, that approach might be prohibitively expensive for large
datasets and time/resource constraints. Deduplicated sampling on-
demand with RADLER is a novel approach to produce a clean sample
by focusing the cleaning effort only on entities required to appear
in that sample. Our experimental evaluation, performed on multiple
datasets from different domains, demonstrates that RADLER consis-
tently outperforms baseline approaches, providing data scientists
with an efficient solution to quickly produce a clean sample of a
dirty dataset according to a target group distribution.
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1 SAMPLING DATA WITH DUPLICATES

Data practitioners often need to select representative data subsets
to support their tasks, for instance to focus on exemplary instances
when performing data visualization and exploration on a large
dataset [36, 50], or to prepare a balanced subset that adheres to a
desired distribution for training a machine learning model [7] (e.g.,
balanced class labels for a classifier). This subset selection task is
commonly known as sampling [76], a statistical process that aims
to produce a representative subset of a given population.
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_id organization address year source amount
rn Big Apple Seeds 527 East 12th Street 2012 | youth 4000.00
r, Man Up! 821 Van Siclen Avenue 2011 | local 69000.00
ry Per Scholas, Inc. 804 East 138th Street 2013 | local 30000.00
Iy Man Up Inc. 821B Van Scilen Avenue | 2012 | local 50000.00
rs Man Up!, Inc. 821b Van Siclen Av. 2012 | local 20000.00
rs St. Francis College | 180 Remsen Street 2011 | aging 9000.00

Figure 1: Excerpt inspired by the NYC funding dataset.

When a population can be considered as the combination of
multiple distinct subpopulations (i.e., groups), defined on the basis
of one or more features presented by its individuals (e.g., gender
and ethnic group for people, brand for commercial products, etc.),
stratified sampling, which performs sampling independently for
each group, is widely used to guarantee that the produced sample
follows a target distribution of individuals from the different groups.
Typical target distributions are based on the proportions of each
group in a reference population, as in the case of demographic parity
or statistical parity [14, 22], or on fixed proportions [84], as in the
case of equal representation [25], where each group is represented
in the sample by the same number of individuals.

Being able to control the distribution of the various groups plays
a key role in many real-world use cases. For instance, a proper
representation of the different groups in the data is fundamental to
prevent the insurgence of bias [49, 66] in analytics or in machine
learning models trained on it, which might discriminate sensitive
groups [59]. Balance or representativeness might also be enforced
by external factors, such as laws or regulations [18, 45, 77].

ExampLE 1.1. Ellen, a data scientist, is doing a follow-up study
on how organizations allocate discretionary New York City Council
funding across different types of initiatives. She has a time constraint
to prepare a report and the funding information can be found as open
data in the NYC funding dataset, where initiatives are categorized by a
source attribute (an excerpt is shown in Figure 1). The analysis of every
initiative requires acquiring financial reports from organizations and
significant work to prepare the data, hence she cannot use the entire
dataset. She opts therefore for limiting the analysis to 100 initiatives
from distinct organizations, selected with stratified sampling on the
source (e.g., 15% youth, 5% aging, 20% local, etc.).

Unfortunately, real data often presents quality issues [26], one
of the most common being the presence of duplicates, i.e., multi-
ple representations of the same real-world entity [54]. Duplicates
frequently emerge when a dataset is generated by combining data
acquired from multiple sources. Further, different representations
of an entity can be inconsistent, presenting missing or conflicting
values for their features. The presence of duplicates, especially if
inconsistent, can impact the outcome of downstream tasks signifi-
cantly. For instance, it can alter the correctness of data analytics,
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potentially leading to poor data-driven business decisions that may
cause additional undesired costs [33].

In the case of sampling, the negative effect of duplicates is
twofold. Firstly, the produced sample inherits quality issues present
in the original dataset. Secondly, duplicates distort the sampling
process itself by introducing a bias in favor of entities described
by multiple records, whose probability of appearing in the sample
becomes consistently higher [27]. The presence of duplicates in
the sample reduces its diversity and at the same time it can even
amplify quality issues present in the original data, as the bias favors
entities described by potentially inconsistent records.

ExAMPLE 1.2. The NYC funding dataset, introduced in Example 1.1
and described in detail in Section 4, contains duplicates: most organi-
zations are represented by multiple records (e.g., records ro, r4, and
r5 in Figure 1). For instance, some organizations are described by up
to 18 records each, while others have no duplicates at all. If Ellen
performs stratified sampling over the dirty dataset, entities with more
duplicates will likely be over-represented, as they appear up to 18
times more frequently than others, i.e., their chance to be picked is
higher thanks to their duplicates.

The detection of duplicates and their subsequent reconciliation
represent the goal of deduplication [12]. Also known under the
names of record linkage, entity resolution, and duplicate detection,
this task is recognized as one of the longstanding challenges in data
integration [21] and cleaning [35]. Given a dirty dataset — a dataset
containing duplicates — as input, deduplication aims to produce
the corresponding clean dataset, where each entity is described by
a single consolidated record [19], obtained through the fusion of all
duplicates describing that entity in the dirty dataset.

To prevent the issues caused by the presence of duplicates, a
practitioner is required to produce a clean sample, i.e., a sample
composed of consolidated records. We define the task of producing
a clean sample of a dirty dataset according to a target distribution
as deduplicated sampling. The naive approach to deduplicated sam-
pling — we denote it as batch [72] — requires to run deduplication
on the entire dirty dataset upfront, then to perform sampling on
the obtained clean dataset.

Yet, performing accurate detection of duplicates is often not
trivial. State-of-the-art solutions rely on complex deep learning
models [6] — including large language models [61] — to compare
many records, and they may require the additional contribution
of a domain expert to validate the results [41]. Thus, deduplica-
tion can be an expensive process in terms of time, computational
resources, and therefore money, e.g., for using cloud resources or
performing calls through the API of some large language model.
Often, practitioners operate under time constraints and/or with
limited resources [72], which makes the batch approach prohibitive,
especially when dealing with large datasets.

For instance, in real-time fraud detection, swift analysis of user
activity logs is essential. Cleaning entire logs increases response
time, while duplicates may trigger false positives or mask anomalies.
Thus, quickly extracting a clean sample allows timely and reliable
detection. Similarly, in financial markets, immediate insights, news,
and reports are crucial. Duplicates can obscure key trends, but a
fast clean sampling enables prompt and accurate decisions. Also,
in emergency response systems, rapidly extracting a clean sample
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Figure 2: Deduplicated sampling on-demand with RaApLER.

from noisy sensor data can be helpful for accurate real-time sit-
uational awareness. Further, even when affordable, cleaning the
entire dataset to only use a (small) subset is extremely inefficient. A
different approach, which limits the cleaning effort to the entities
actually appearing in the sample, would allow to prevent addi-
tional costs and reduce the environmental impact of the exploited
technologies [74].

ExAMPLE 1.3. Ellen cannot just sample 100 initiatives from the
dirty dataset, as she would introduce bias (see Example 1.2). Thus, she
needs to run deduplication. First, she exploits a blocking framework
to detect candidate pairs of duplicate organizations. From the 16.3k
records of the dataset, she ends up with 500k candidates to check —
without blocking, she would need to check more than 144M candidates.
Then, she exploits a popular large language model API to process the
candidates: she instructs the prompt with some external knowledge
about the organizations involved and asks to detect whether a candi-
date is an actual duplicate or not. Yet, with the pay-per-token model,
processing each candidate costs approximately $0.001, which leads
to an overall cost of $500 for deduplicating the entire dataset — even
though Ellen just wants to sample 100 initiatives out of it.

Contributions. For the first time in literature, we define the prob-
lem of deduplicated sampling, and we propose a novel on-demand
approach to it, which enables practitioners to produce clean sam-
ples without cleaning the entire dirty data upfront. We implement
deduplicated sampling on-demand through RaApLER! (Figure 2), a
dedicated solution that produces the clean sample incrementally
by focusing the cleaning process on a single entity at a time.

For each of the specified groups, RADLER tracks all records that
might describe an entity belonging to that group. Each record is
assigned an updatable weight, computed as the tradeoff between the
cost of obtaining the corresponding consolidated record — propor-
tional to the number of comparisons with other records required
to detect all of its duplicates — and its benefit, i.e., the probability
that the described entity actually belongs to that group, based on
the features of the record itself and its potential duplicates.

As the cleaning process focuses on a single entity at a time,
RADLER performs deduplication in an iterative fashion. At the be-
ginning of each iteration, it detects the group to which the next
entity should belong to satisfy the target distribution required for
the clean sample. Then, it picks a record among the ones tracked
for that group through a weighted random selection and performs
deduplication to produce the corresponding consolidated record.
The use of weights makes the generation of the clean sample signifi-
cantly cheaper, favoring the selection of records that require a small
number of comparisons — hence correcting the bias introduced by
1Radler is a beverage obtained as a mix of beer and lemonade in variable proportions.

Similarly, RADLER (with ER standing for entity resolution) produces samples by mixing
different groups of entities according to the distribution required by the user.



the presence of duplicates — and whose entity is more likely to
belong to the desired group.

ExAMPLE 1.4. Ellen has designed the blocking strategy, which iden-
tifies 500k candidate pairs of duplicate organizations, and the match-
ing function, based on a large language model (see Example 1.3). Now,
instead of deduplicating the entire dataset, she employs RADLER to
sample 100 clean entities on-demand, as depicted in Figure 2. RADLER
requires only 5k comparisons to produce the clean sample. Thus, the
total cost is just about $5 with RADLER, two orders of magnitude less
than the clean-then-sample (batch) strategy from Example 1.3.

We evaluate RADLER on multiple datasets with heterogeneous
features covering different domains. The results of our experiments
confirm that RADLER requires far fewer comparisons to produce
clean samples from a dirty dataset than the batch approach (which
requires deduplicating the entire data upfront), saving a significant
amount of time and resources.

Outline. The remaining sections of the paper are structured as fol-
lows. In Section 2, we recall some key notions about deduplication
and introduce the problem of deduplicated sampling, from which
we consequently move to define deduplicated sampling on-demand.
Then, we extensively describe RADLER in Section 3 and report the
results of its experimental evaluation in Section 4. After discussing
related literature in Section 5, we present future directions for our
research and conclude the paper with Section 6.

2 DEDUPLICATED SAMPLING ON-DEMAND

In this section, we first recall some key notions about deduplication
in Section 2.1. Then, we provide the reader with a formal definition
of deduplicated sampling in Section 2.2, from which we move to
define deduplicated sampling on-demand in Section 2.3.

2.1 Deduplication

Deduplication [54] considers as input a dirty dataset D with schema
Agp ={A1, ..., Am} composed of |D| records. Each record r € D
can be represented as a tuple r = (id, r[A1], ..., r[Am]), where idis
a unique record identifier and r[A;] is the (potentially null) value
that record r assumes for attribute A;. Deduplication aims to detect
the disjoint clusters of matching records (or simply matches) in D,
each describing a distinct real-world entity. Then, it produces from
every cluster of matches M, a single representative record for the
described entity ¢ = (id, €[A1], ..., e[Am]), denoted as consolidated
record [19] or, through a metonymy, directly as (cleaned) entity. We
say therefore that each record r € M, describes the entity ¢ or refers
to €. The produced set of consolidated records D€ is a clean version
of the dirty dataset O and constitutes the output of deduplication.
In this paper, we consider the traditional deduplication process for
big data [13], which is composed of three major stages: blocking,
entity matching, and data fusion.

To detect all duplicates, in principle every pair of records in D
must be compared to determine whether they refer to the same real-
world entity (i.e., whether they match). As comparing all pairs of
records is often infeasible due to its inherently quadratic complexity,
blocking [57] is used to make deduplication scalable. Blocking deter-
mines a set B of blocks, i.e., possibly overlapping sets of records, and
is performed through a cheap blocking function (or simply blocker)
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B D — P(B), based on some similarity criterion (e.g., sharing a
token). Comparisons are then limited to the pairs of records that
appear together in at least one block in B. These pairs are denoted
as candidate matches (or simply candidates) and compose a candi-
date set C of size |C| < |D X D). Post-processing techniques can
be used to further reduce the number of candidates included in C,
acting at the block level, such as block filtering and purging, or at
the comparison level, such as meta-blocking [56]. By discarding
obvious non-matches, blocking significantly reduces the number of
comparisons while maintaining high recall. Approaches presented
in the literature range from naive rule-based and overlap-based
techniques [37] to state-of-the-art solutions built on TF/IDF [60],
deep learning [9, 75], and meta-blocking [24, 29].

The entity matching stage [12] operates through a binary match-
ing function (or simply matcher) u: D X D — {True, False}. For a
pair of records in C, the matcher determines whether they match or
not. Thus, entity matching detects the clusters of matching records
in O. Many different approaches to entity matching have been
presented in the literature, such as rule-based matchers [73], solu-
tions based on active learning [48] relying for instance on a human
acting as an oracle [28] or on crowdsourcing [16, 32], and machine
learning [37] or deep learning binary classifiers [23, 51], includ-
ing state-of-the-art methods based on pre-trained language models
such as BERT [43, 55] or large language models [52, 61, 63].

Finally, the generation of the consolidated record for the de-
scribed entity ¢ from a cluster of matches M, is achieved through
data fusion [8]. Data fusion relies on a conflict resolution function ®,
which associates to each attribute A; € A an aggregation function
@4, that takes as input a list of values [r[A;], Vr € M,] and returns
a single value £[A;]. In other words, the aggregation function ¢4,
specifies how to resolve the possible inconsistencies of matching
records for the attribute A;. For instance, popular strategies involve
majority voting (i.e., selecting the most frequent value), the choice
of the maximum/minimum/average value, or a selection based on
the record provenance, e.g., preferring values acquired from sources
considered to be more reliable or updated.

2.2 Deduplicated Sampling

Sampling [76] is a statistical process that aims to produce a represen-
tative subset of a given population. A basic example of a sampling
technique is simple random sampling, which produces a sample of
size n from a population by randomly picking n individuals out of it.
In many cases, a population can be considered as the combination of
multiple distinct subpopulations (i.e., groups), defined on the basis
of one or more features presented by its individuals. In this scenario,
stratified sampling is widely used to guarantee that all groups are
properly represented in the produced sample according to a target
distribution (e.g., demographic parity). This technique first requires
to partition the individuals into multiple disjoint groups (i.e., strata)
in a process known as stratification, then sampling is performed
independently for each stratum.

In the presence of duplicates, stratified sampling needs to con-
sider: (i) a set of disjoint groups I', which partitions the entities de-
scribed by the dirty dataset O based on a set of categorical sampling
attributes Ar C Aqp (e.g., I' = {{gender: "female”, status: "single"},
..., {gender: "male", status: "married"}} for Ar = {gender, status});



(ii) a target distribution d = [p(y), ¥y € I'l, with 3, (y)ea P(¥) = 1,
which defines as a probability p(y) the number of entities from each
group y € I' required to appear in the produced sample S. If no
group is specified (i.e., I' = 0), a single wildcard group comprising
all possible entities is considered, hence performing simple random
sampling on the entire dataset.

We can now introduce the concepts of clean sample and undis-
torted sample, then build on them to define deduplicated sampling.

Definition 2.1 (Clean Sample). Given a dirty dataset D, a sam-
ple S generated by deduplicating a set of records Dg € D is a
clean sample of D if it is only composed of consolidated records.
Namely, (i) every record r € S describes a unique entity, i.e.,
u(r,r’) — False,Yr,r’ € S | r # 1/, and (ii) every record r € S is
obtained through the fusion of all records describing that entity
in D, i.e., u(r, p) — False,Vr € S,Vp € D\ Dg.

Definition 2.2 (Undistorted Sample). Given a target distribution d
defined for a set of disjoint groups I', a sample S is undistorted
with respect to d if the distribution dg of its records over I'" has the
minimum divergence from d among all samples of size |S|, where

divergence(d,d’) = 3\ 1d; — dJ].

Definition 2.3 (Deduplicated Sampling). Given a dirty dataset D
and a target distribution d defined for a set of disjoint groups T,
deduplicated sampling is the task of deduplicating D to produce a
clean sample S of D that is undistorted with respect to d.

Deduplicated sampling is agnostic towards all deduplication func-
tions defined in Section 2.1, i.e., the blocking function f, the match-
ing function y, and the conflict resolution function ®, as it can
operate with any function selected or defined by the user [72].

The naive solution to deduplicated sampling, which we call batch,
first performs deduplication on the entire dirty dataset O to obtain
its clean version D¢, then samples the consolidated records in D¢
according to the target distribution d to produce an undistorted
clean sample S. The number of performed comparisons represents
the cost k of deduplicated sampling.

2.3 Deduplicated Sampling On-Demand

We can now define deduplicated sampling on-demand, our novel
approach to run deduplicated sampling without cleaning the entire
dirty data upfront, focusing instead the cleaning effort on the enti-
ties appearing in the clean sample S, while retaining all properties
of the sample as if it were taken from the clean dataset.

Definition 2.4 (Deduplicated Sampling On-Demand). Given a dirty
dataset O and a target distribution d defined for a set of disjoint
groups I', deduplicated sampling on-demand performs deduplicated
sampling on D so to: (i) produce a clean sample S of D undistorted
with respect to d, incrementally; (ii) cost K,_demand < Kbatch-

Deduplicated sampling on-demand focuses the cleaning effort
on a single entity at a time to build the clean sample S incremen-
tally. Thus, it performs deduplication according to the on-demand
paradigm [72]. Note the difference to traditional progressive dedupli-
cation algorithms [58, 71, 81], which aim instead at prioritizing the
evaluation of candidates that are most likely to match, regardless
of the entities to which the records refer.
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As the produced clean sample S is required to be undistorted
at any time ¢t of the process, deduplicated sampling on-demand
inherently supports early stopping and stop-and-resume execution.
If not stopped early, the process would generate the largest possible
clean sample S undistorted with respect to the target distribution d,
terminating when no more entities can be cleaned while maintain-
ing the sample distribution dg undistorted. However, deduplicated
sampling on-demand can be stopped arbitrarily at any moment
by the user, who can even define a stopping criterion expressed a
priori with respect to a budget 0. In particular, depending on time
constraints or available resources, users might require the process
to stop as soon as it reaches the maximum cost Ky (i-€., the max-
imum number of performed comparisons) that they are willing
to spend to produce the clean sample S. Further, additional early
stopping techniques may require to terminate the process as soon
as a defined number of cleaned entities |S| 4y is inserted into S or
its running time exceeds a timeout tpgy-

For each matching function employed, it is possible to store (e.g.,
in a database) the detected matching and non-matching records
for every record r € D. This avoids re-comparing candidates if
multiple sampling operations are executed on D. Alternatively, it is
possible to directly store the produced consolidated records, which
can replace their clusters of matches in © when using the same
deduplication functions, hence cleaning D incrementally [80].

3 RADLER

In this section, we describe how RADLER performs deduplicated
sampling on-demand. In particular, we provide a complete overview
of the algorithm in Section 3.1, while Section 3.2 presents the
adopted weighting scheme. Then, Sections 3.3-3.5 delve into the
details of three specific steps of the presented algorithm.

3.1 Algorithm Overview

To produce an undistorted clean sample S, RADLER (Algorithm 1)
receives as input: (i) a dirty dataset D; (ii) a hash table N, associat-
ing each record to the set of its neighbors, i.e., its candidate matches
previously obtained through a blocking function f (towards which
the algorithm is agnostic); (iii) a set of disjoint groups TI', partition-
ing entities based on the values of the sampling attributes Ar; (iv) a
target distribution d for the groups in I'; (v) optionally, a budget 0
and/or a maximum sample size |S|uqx, to perform early stopping
as soon as 0 comparisons have been performed or |S|max cleaned
entities have been inserted into S, respectively. Note that the hash
table N can be made available in a key-value store, such as Redis
or RocksDB, to efficiently address memory constraints. Figure 3
depicts RADLER operating on an example dataset about people.
An excerpt from the dataset O and the hash table N is shown
in Figure 3a. Here, gender and status are considered as sampling
attributes, while equal representation is the target distribution.

3.1.1 Setup. At the beginning of the algorithm, the clean sample S
is initialized as an empty set and the consumed budget 0’ (i.e., the
number of performed comparisons) is set to 0 (Line 1). In accordance
with Definition 2.4, RADLER focuses the cleaning effort on a single
entity at a time to populate S incrementally. Thus, deduplicated
sampling on-demand can be seen as an iterative process, which
cleans at each iteration 7 a randomly selected entity ¢, belonging



Algorithm 1: RADLER algorithm

Input: Dataset D, neighbors N, groups I, target distribution d,
budget 0 (default o), max sample size |S|max (default co)

Output: Undistorted clean sample S

1 S—0,0 <0

2 R, G« setup(D, N,I') // record sketches and group records

3 while |S| < |S|mnax do

4 ¥, < selectTargetGroup(S, G,d,T")

5 if y,_ = None then

6 L break

7 pr.id — weightedRandom (G[y,])

8 Sp, — R[pr.id]

// clean sample and consumed budget

// target group

// prevent distortion

// pivot record ID
// pivot record sketch
// Clean the entity described by the pivot record
9 | K0, M0
if not s, .clean then
spr-M, K, 0" — match(p.id, sp, .M, K, D, N, 6,0")
if 0’ > 6 then
L break

M~ getRecordlds (%K) \ sp,. M

Sp,-clean « True

R, G, sp, — update(R, G,sp,, M, D, N,7,,T)
if sp,.y =y, then

L S — SU{sp,.e}

// comparisons and non-matches
10
1
12

13 // budget exceeded

14

15 // entity matching done

16
17

18 // insert into the clean sample

19 return S

to a group y € I that allows to maintain the sample undistorted
with respect to the target distribution d. This group is therefore
denoted as the target group y, for iteration 7.

The selection of the entity ¢; to clean at iteration 7 has to be
performed on the original records in . Thus, to focus the cleaning
effort on an entity that actually belongs to §,, we need to know for
each record r € D to which groups the described entity ¢, might
belong. Further, we would like to favor the selection of cheaper
entities (i.e., requiring fewer comparisons) over more expensive
ones, to mitigate the bias caused by duplicates, which would favor
the selection of entities represented by more records.

To this end, we maintain a hash table G to track for each group
y € I all records that might describe an entity belonging to y,
whose identifiers are stored in an inner hash table G[y]. Within
Gly], each record r is associated to an updatable weight 7, used to
perform the weighted random selection of the entity to clean. The
weight w}, represents the tradeoff between the estimated probability
that &, belongs to y (i.e., the benefit of cleaning ¢,) and the estimated
number of comparisons required for cleaning it (i.e., its cost). The
weight (u,’, can assume a value in [0, 1]. If w)r, = 0, itis impossible that
¢ belongs to y, hence r is not represented in G[y]. If ], = 1, then &,
certainly belongs to y and does not require further comparisons to
detect the matches, hence r is associated to the maximum weight as
the cheapest possible selection. We describe the weighting scheme
in detail in Section 3.2. In the example, record ry has r; and r3 as
neighbors, as shown in Figure 3a. As two records belong to group 0
(married females) and one to group 1 (single females), entity &,
might belong to either of those groups, hence ry appears in both
G[0] (with greater weight) and G[1] in Figure 3b. Record r4, which
has no neighbors, is inserted only into G[0] with weight 1.
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In addition to G, a hash table R is used to associate to each record
r € D a sketch sy, i.e., an object that stores relevant information
about r, namely: (i) the represented cluster of matching records
M (initialized with r.id itself and updated when running entity
matching)?; (ii) a flag (clean) to determine whether all matches
of r have already been identified or entity matching is needed;
(iii) a hash table Q,, which stores the weight w)’, associated to r
for each group y € I'; (iv) the cleaned entity ¢, and its group y,
both initialized to None and updated when running data fusion. For
instance, the sketch for record ry is shown in Figure 3c. R and G
are initialized at the beginning of the algorithm (Line 2) through
the setup() function (Function 1), described in Section 3.3.

3.1.2  lteration. After initializing data structures, RADLER starts
its iterations to populate the clean sample S incrementally, until
the maximum sample size |S|uqx is reached (Line 3). If no value
is specified for the size (hence |S|mqx = o), RADLER produces the
largest possible clean sample S that is undistorted with respect
to the target distribution d. The selection of the target group ,
for iteration 7 (Line 4) is performed in two steps. First, we detect
the groups that allow to maintain S undistorted with respect to d.
If d;—1 is the current distribution of the entities in S and d;/ the
one obtained by adding to S an entity from group y, we select the
subset I' = {j € I | divergence(d’,d) < divergence(d’,d),¥y € T'}.
Then, we filter out the groups for which G|[y] is empty (i.e., no
more entities to clean). Thus, we obtain I= {y e ' 1GIy]l > o}.
If I" contains multiple groups, different tie-breaking strategies can
be used to pick j, out of T, e.g., selecting a random group or the
one with the maximum average weight in G[y]. If I'=0, it is not
possible to add further entities while maintaining S undistorted,
hence 7, is set to None and the iterations terminate (Lines 5-6).

The entity to be cleaned is determined by picking a record
through a weighted random selection out of G[y,]. For instance,
in Figure 3b the target group j, is group 0, hence a weighted ran-
dom selection is performed on G[0], picking rz. As this record
guides the cleaning process for iteration 7, it is denoted as the pivot
record p; (Line 7). Its sketch sy, is then retrieved from R (Line 8).
Two cases are possible for p;: (i) it presents candidate matches in
N (i.e., IN[pr.id]| > 0) to verify through entity matching; (ii) the
cluster of matches to which it belongs has already been discov-
ered completely (i.e., |V [pz.id]| = 0), hence entity matching is not
needed. The sketch flag clean, which is set to True if entity matching
is not needed, discriminates between the two cases (Line 10).

If the pivot record p; requires entity matching, its matches are
detected among its neighbors through the match() function (Func-
tion 2), described in detail in Section 3.4, and their identifiers are
added to M, (Line 11), which was previously populated by p;.id
only. In Figure 3d, r3 is a match of r;, hence r3 is added to Mpr~
The performed comparisons are stored into the set %, previously
initialized as empty (Line 9), to avoid presenting the same pair of
records to the matcher multiple times. Further, % is then used to
retrieve the identifiers of those records that were compared to p;
but turned out to describe a different entity, i.e., the non-matches
of pr. Non-matches are stored in a dedicated set M (Line 14), which

2Note that in the object attribute notation (as for instance in Algorithm 1) we consider
the subscript implicit to avoid redundancy, e.g., M, is equivalent to s,. M.
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Figure 3: RADLER in action on an example dataset about people, with gender and status as sampling attributes and equal

representation as the target distribution.

was also previously initialized as empty (Line 9). If the number of
performed comparisons exceeds the budget 6, entity matching is
stopped immediately (see Function 2 for more details) and the iter-
ations terminate (Lines 12-13). After performing entity matching,
the sketch flag clean is set to True (Line 15).

At this point, the sketch s, and the hash tables R and G are
updated (Line 16) through the dedicated update() function (Func-
tion 3). First, for each non-match in M, its neighbors are updated
by removing p; and its matches, hence its weights are recomputed
and its representations in R and G are updated accordingly. The
consolidated record for the entity ¢ is produced from the matches
in Mp, through data fusion, and the group yp, to which it actually
belongs is finally detected. If ¢, does not belong to any of the
groups in I, yp,_ is set to None. Then, ¢,_and y,, are stored into the
dedicated attributes of the sketch s, . Further, the matches in M,,_
are removed from R and G, as they should not be considered as in-
dependent records anymore. If y,_ corresponds to the target group
V4> then £p, is inserted into S (Lines 17-18); otherwise, the updated
sketch sp_ is reinserted into R and its identifier into G[yp, | with a
weight equal to 1, where it is available to be selected in one of the
following iterations. In Figure 3, as ¢, (produced from r; and r3)
belongs to ¥, it is inserted into S (Figure 3d). r and r3 are therefore
removed from G, while ri — whose set of neighbors is now empty,
as shown in Figure 3d — is maintained only in G[1] with weight
1 (Figure 3e). All details about the update operations are provided
in Section 3.5. Finally, when its generation is completed, RADLER
returns the undistorted clean sample S (Line 19).

Considering the memory overhead introduced by data struc-
tures, the hash table R is initially composed of |D| sketches, each
dominated by the hash table Q, of size |I'|, for a space complex-
ity of O(|D] - |I'|). Updates to M, and &, can increase the sketch
size. However, consolidated records can be easily maintained in a
database and accessed through an identifier, avoiding their direct
storage in ¢&,. Further, when M, increases, some other sketches are
set to None. Thus, the memory occupation of R decreases through-
out the process. Regarding the hash table G, if every record initially
appears in each of the |I'| inner hash tables, its space complexity
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is O(|D| - |T']). Note that in our experiments (Section 4) a record
appears on average in only about 1/3 of the inner hash tables.

3.2 Weighting Scheme

The weight @}, associated to the record r for the group y € I', is
computed by taking into account all records that might contribute
to determine the values assumed by the entity ¢,, hence the records
whose identifier appears in the set N} = {r.id} U N[r.id], i.e,, r
itself and its potential duplicates.

The cost of cleaning ¢, is directly proportional to the size of NV;.
As weights aim to favor records that determine fewer comparisons,
mitigating the bias introduced by duplicates, the cost contributes
to wy, with a factor 1/|N/|, whose value is equal to 1 when N/
only contains the identifier of r (i.e., no comparisons needed). The
benefit of cleaning ¢, is aimed to reflect the probability that &,
belongs to y, which is equal to 1 when all records in N/ assume the
values that determine membership in y for the sampling attributes
Ar. In particular, we can evaluate this probability independently
for each attribute @ € Ar. We denote as o, (N/) the subset of
records in A/ that satisfy the condition required on the attribute «
to belong to y. We can estimate this probability for the attribute
a as |og(N))|/IN/|. Note that records for which « is null can be
ignored when computing |A;|. Considering the contribution of the
cost and the probability for every attribute & € Ar, the weight w},
can be therefore computed as follows:

1 1_[ |oa (N7)]

r_ _ - 19aUNr )1
ac€Ar

@y

A A7) W

For instance, record ry in Figure 3 has two neighbors: r; and r3.
Thus, its cost is 1/3 = 0.33. As rz and r3 belong to group 0 and r;
to group 1 based on the status attribute, the benefitis 1-2/3 = 0.67
for group 0, for a weight of 0.33 - 0.67 = 0.22, and 1 - 1/3 = 0.33 for
group 1, for a weight of 0.33 - 0.33 = 0.11.

Note that Equation 1 assumes all records in A/ to be equally
relevant to r. Nevertheless, in some cases it is possible to determine
a relevance score A, with respect to r for each record p € N,
such as the matching probability returned by meta-blocking for



Function 1: setup() function

Function 2: match() function

Input: Dataset D, neighbors N, groups I'

Output: Record sketches R, group records G
1 R—0,G«0 // empty data structures
2 forall r in O do
// Generate the record sketch s,
sp.id — r.id, sy M« {r.id} // ID and cluster of matches
sy.clean «— len(N[r.id]) =0
sy.€ < None, s,.y < None // clean entity and its group
sr.Q « computeWeights(N[r.id] U {r.id}, D,T")
R[r.id] « s,
// Insert the record ID into the relevant hash tables in G

// no further matches

// store record sketch

forall y in I" do
if 5,.Q[y] > 0 then
| Glyliridl — s,.Qly]
11 return R, G

10

the candidate (r, p). In this case, each record contributes to the
probability depending on its relevance score, hence the numerator
of the latter term is computed as . ¢4, (A7) Ap-

3.3 Initializing Data Structures

The setup() function (Function 1) illustrates the initialization and
the population of the hash tables R and G. The function receives as
input the dirty dataset D, the hash table N, which associates each
record to the set of its neighbors, and the set of disjoint groups I,
while it produces as output R and G. As pointed out in Section 3.1,
R contains a sketch s, for every record r € D, while G tracks for
each group y € I' all records that might describe an entity that
belongs to y, whose identifiers are stored in an inner hash table
Gly]- R and G are initialized as empty hash tables (Line 1).

For every record r € D, Function 1 produces a sketch s,, which
stores the information about r used throughout Algorithm 1. First,
sr stores the identifier of r and the represented cluster of matches
M, initialized with r.id itself (Line 3). If the set of its neighbors
N [r.id] is empty, only r itself describes the entity ¢,. Thus, entity
matching is not needed and the flag clean is set to True (Line 4).
The attributes &, and yy, respectively used to store the consolidated
record for the described entity and its actual group, are both initial-
ized to None (Line 5). Finally, the weight }, associated to r for each
group y € I' is computed as described in Section 3.2 and stored into
the hash table Q, (Line 6). Once created, the sketch s, is stored into
R, where it can be accessed through its identifier (Line 7). Further,
its identifier is inserted into the hash table G[y] (associated to its
weight Q[y]) for every group y € I to which the entity ¢, might
belong, i.e., for which Q,[y] > 0 (Lines 8-10). Finally, Function 1
returns the populated hash tables R and G (Line 11).

3.4 Performing Entity Matching

The match() function (Function 2) shows how RADLER performs
entity matching. Given a record r, the function aims to detect its
matches by comparing r to its neighbors. Pairs of records are com-
pared through the matcher y, towards which RADLER is agnostic.
The function receives as input the identifier of the consider record
r.id, the sets M and %, respectively tracking the detected matches
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Input: Record identifier r.id, matches M, comparison tracker %K,
dataset D, neighbors N, budget 0, consumed budget 6’
Output: Updated versions of M, K, 6’
1 forall n.id in N[r.id] do
if n.id in M then
L continue // neighbor already identified as a match

if (r.id, n.id) in K or (n.id, r.id) in K then
L continue // comparison already performed

6 0 — 6 +1 // increment consumed budget
7 if 6/ > 6 then
8 L break // budget exceeded

// Perform the comparison
K — KU {(r.id n.id) }
if p(r.id n.id, D) then
M — MU {n.id} // update matches
L M, K, 0" — match(n.id M, K, D, N,0,0")
return M, K, 6’

// update comparison tracker
10
1

12

o

3

and the performed comparisons, the dirty dataset D (used by the
matcher to access the attribute values), the hash table N associat-
ing each record to its neighbors, the budget 6, and the consumed
budget ¢’, incremented every time a comparison is performed and
returned as output together with the updated sets M and K.

Function 2 iterates on the identifiers of the neighbors (Line 1).
For each neighbor n, we first check whether it is actually needed to
compare it to . A comparison can be skipped if: (i) n was already
identified as a match of r (Lines 2-3); (ii) r and n were already com-
pared and turned out not to match (Lines 4-5). Further, if performing
the comparison would exceed the budget 0, the iterations termi-
nate (Lines 6-8) and Algorithm 1 consequently stops the cleaning
process, as described in Section 3.1.

When a comparison has to be performed, the pair of identifiers
(r.id, n.id) is added to K (Line 9) and the matcher y is used to deter-
mine if r and n describe or not the same real-world entity (Line 10).
If they are considered to match (i.e., the matcher returns True as the
result of their comparison), the identifier of n is inserted into the
set of matches M (Line 11), while the match() function is called
recursively for n to detect further matches among its neighbors
(Line 12). This is required to ensure the discovery of all matches
of r, as — depending on the blocking function § — some neighbors
of n might not appear among the ones of r. Finally, the updated
sets M and K are returned together with the consumed budget ¢’,
incremented to track all performed comparisons (Line 13).

3.5 Updating Data Structures

The update() function (Function 3) shows how the hash tables R
and G and the pivot record sketch s;,_ are updated at the end of
each iteration of Algorithm 1. Beyond R, G, and s, , which are then
returned as output in their updated versions, the function receives
as input the set of non-matches M, the dirty dataset D, the hash
table NV associating each record to its neighbors, the target group
7> and the set of disjoint groups I".

First, for every non-match m € M (Line 1), its neighbors are
updated by removing records appearing in M, as they certainly



Function 3: update() function

Input: Sketches R, group records G, sketch s, , non-matches M,
dataset O, neighbors N, target group ., groups I'
Output: Updated versions of R, G, sp,
// Update neighbors and weights for non-matching records
1 forall .id in M do
2 Ny — Nlm.id] \ sp, .M, N[m.id] « Ny
R[m.id].Q « computeWeights( Ny U {m.id}, D,T")
G « setWeights(G, m.id, R[m.id].Q)

// Produce the clean entity and replace matching records

3

4

5 if sp,.€ = None then
Spp £ — P(sp,. M, D)
Sp,.y < checkGroup(sy, .€)
Sp,-Q < updateWeights(s,,.y,I")
forall m.id in sp.. M do
N[m.id] < 0

L R([m.id] < None, G «— dropWeights(G, m.id)

if sp, .y # 7, then

L Rlsp,-id] «— sp,, G < setWeights(G, s, .id, sp,.Q)

6 // clean entity (data fusion)
// entity group

// weights

7
8
9
10

11

12
13

14 else

15 if sp,.y =7, then

L R[sp,.id] < None, G < dropWeights(G, s, .id)

16

17 return R, G, sp,

do not describe the same entity ¢y (Line 2). Weights are therefore
recomputed and stored into the corresponding sketch (Line 3). Fur-
ther, in every hash table G[y] where m is present, the associated
weight is updated accordingly — if the new weight w,’,h =0, thenm
is dropped from G[y] (Line 4).

If the consolidated record for the entity described by the pivot
record p; has not been generated yet® (Line 5), &p, is obtained
from the matches in M, through the defined conflict resolution
function @, towards which RADLER is agnostic (Line 6). Thus, it is
finally possible to detect the group yp, to which ¢,_ actually belongs
(Line 7), then set a weight in Q,_ equal to 1 for the group y,, — if
not None — and to 0 for all other groups in I" (Line 8). The matches
in Mp, are considered from now on as a single entity, represented
through the updated pivot record p;. Thus, their sets of neighbors
are emptied and they are removed from R and G (Lines 9-11).

If the entity ¢, does not belong to the target group j,, the
updated sketch s, is reinserted into R and its identifier is added
to Glyp,] — if yp, is not None — to allow its selection in one of
the next iterations (Lines 12-13). Otherwise, it is added to the clean
sample S by Algorithm 1 as soon as Function 3 terminates, and p,
is removed from R and G if it is present there (Lines 15-16). Finally,
the updated versions of the sketch sp,, and the hash tables R and G
are returned as output by Function 3 (Line 17).

4 EXPERIMENTAL EVALUATION

In this section, we perform an extensive experimental evaluation
to answer the following research questions:

Q1. Why does sampling need deduplication? (Section 4.2)

3The condition is always True, unless p, was selected as the pivot record in a previous
iteration but not inserted into the clean sample S as it did not match the target group.
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Table 1: Features of the selected datasets.

Dataset |D| | | D€ (Avg Size) | |Ap]| As
alaska_cameras | 29.8k 9.0k (3.3) 10 {brand}
nc_voters 14.2k 6.7k (2.1) 14 {sex, race}
nyc_funding 16.3k 3.1k (5.2) 9 {source}
nc_voters_10M | 10M 6.6M (1.5) 5 {suburb}

How efficient is RADLER to perform deduplicated sampling com-
pared to the traditional batch approach? (Section 4.3)

What are the benefits of RADLER in terms of runtime and costs
compared to the traditional batch approach? (Section 4.4)
What is the impact of the weighting scheme? (Section 4.5)

Q2.
03.
04.

4.1 Experimental Setup

4.1.1 Datasets. We consider three real-world datasets and a syn-
thetic one with heterogeneous features, whose main characteristics
are highlighted in Table 1. In particular, the table reports the num-
ber of records | D], the number of described entities | D¢| with the
average number of records describing each of them, the number
of attributes |Ap|, and the default sampling attributes Ag. All
datasets are available in the RADLER GitHub repository.

As part of the Alaska benchmark [15], alaska_cameras is a
dataset of 29.8k records generated from advertisement about cam-
eras published on e-commerce websites. Since the ground truth
is incomplete, we consider the output of a finalist solution [82]
of the SIGMOD 2020 Programming Contest [17] as the gold stan-
dard. Cameras are partitioned into groups based on their brand.
nc_voters? contains demographic information about 14.2k regis-
tered voters from North Carolina [38], which are grouped based on
the sex and race attributes. nyc_funding® contains 16.3k records
about financing requests addressed to the NYC Council Discre-
tionary Funding. We perform deduplication on the organizations
presenting the requests [19] and create groups based on the source
attribute, denoting the type of initiatives. Finally, nc_voters_10M®
contains 10M records generated synthetically from nc_voters [68].
As we are interested in scalability rather than blocking/matching
challenges, we consider duplicate records in their original form.

The candidate sets were generated using SPARKER [29] meta-
blocking techniques for alaska_cameras and nyc_funding, similar-
ity joins [5] for nc_voters, and Soundex [78] for nc_voters_10M.
The produced candidate sets are composed of 780k record pairs
(with a recall of 0.89) for alaska_cameras, 198k (0.99) for nc_voters,
231k (0.95) for nyc_funding, 27M (1) for nc_voters_10M, respec-
tively. Unless otherwise specified, we use the ground truth — acting
as an oracle [28] — as our default matching function.

4.1.2  Sampling. Considering the default sampling attributes spec-
ified in Table 1, for each dataset we initialized the set of disjoint
groups I" automatically with the most represented groups in the
clean version of the dataset, obtained through its ground truth.
Further, we set the maximum number of groups to 10 and defined

*https://hpi.de/naumann/projects/repeatability/datasets/ncvoters- dataset.html
Shttps://raw.githubusercontent.com/qcri/data_civilizer_system/master/grecord
service/gr/data/address/address.csv
Chttps://dbs.uni-leipzig.de/research/projects/benchmark- datasets-for-entity-
resolution


https://hpi.de/naumann/projects/repeatability/datasets/ncvoters-dataset.html
https://raw.githubusercontent.com/qcri/data_civilizer_system/master/grecord_service/gr/data/address/address.csv
https://raw.githubusercontent.com/qcri/data_civilizer_system/master/grecord_service/gr/data/address/address.csv
https://dbs.uni-leipzig.de/research/projects/benchmark-datasets-for-entity-resolution
https://dbs.uni-leipzig.de/research/projects/benchmark-datasets-for-entity-resolution
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Figure 4: Average measures computed on a random sample of

size x produced from alaska_cameras without deduplication.

a minimum support of 0.01 (i.e., filtering out groups covering less
than 1% of the cleaned entities). As the target distribution d, we
used equal representation, i.e., d = [1/|T'|,V y € I']. The maximum
sample size for an undistorted clean sample is equal to about 1100
entities for alaska_cameras, 500 for nc_voters, 400 for nyc_funding,
and 912k for nc_voters_10M. Note that we also ran the experiments
using demographic parity as the target distribution, reflecting the
distribution of the groups in the clean dataset, without spotting
significant differences in the number of comparisons and runtime.

4.1.3 Baselines. We compare RADLER against two baselines de-
signed to perform deduplicated sampling. The first baseline, de-
noted as batch, represents the traditional approach requiring to
clean the entire data upfront (i.e., to compare all candidates through
the matcher), then to sample the produced clean dataset. The second
baseline, denoted instead as random, represents a naive solution
that we designed to perform deduplicated sampling on-demand.
Similarly to RADLER, it maintains a set of records for each group
and proceeds iteratively by picking a record to clean from the set
of the target group. Nevertheless, the selection is performed ran-
domly, without any weighting scheme. Finally, to assess the impact
of the weighting scheme illustrated in Section 3.2, we also take
into account two variants of RADLER, each considering only the
cost or only the benefit component of the weighting scheme, hence
denoted as cost and benefit, respectively.

4.14 Configuration. RADLER has been implemented in Python 3.7.
Our experiments were performed on a server equipped with 4 Intel
Xeon E5-2697 @ 2.40 GHz (72 cores) processors and 216 GB of RAM,
running Ubuntu 18.04.

4.2 Sampling Data with Duplicates

To assess the negative impact of undetected duplicates on sampling,
hence the need for deduplication, we provide an intuitive example
by performing simple random sampling on alaska_cameras (results
are similar for nc_voters and nyc_funding). The measures shown
in Figure 4 are computed (averaging over 10 runs) on samples of 10
different sizes ranging from 100 to 1000 records — reported on the
x-axis normalized by the maximum sample size.

Figure 4a shows the number of distinct entities described by
the records in the sample (normalized by the sample size). This
quantity is close to 1 for a sample of 100 records, i.e., there are
almost no duplicates among them, but it quickly decreases inversely
to the sample size, e.g., a sample of 1000 records represents only
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Figure 5: Average number of comparisons performed to pro-

duce a clean sample of size x.

~700 different real-world entities. Figure 4b shows the number of
distinct entities that present further duplicates outside the sample
(normalized by the number of distinct entities). This quantity is
very high (~70%) across all sample sizes. Entities generated from
partial clusters of matches can present missing or incorrect values.
Further, the presence of duplicates introduces a bias in favor of
entities described by more records, whose probability of being
represented in the sample is substantially higher. Figure 4c shows
the average number of records describing in the original dataset the
entities represented in the sample. While this value is on average
~3 considering all dataset entities (as reported in Table 1), it rises
up to ~33 for the ones represented in the sample.

A naive method to obtain a clean sample of size |S| might be to
sample a larger quantity of records (e.g., 2 X |S]), then directly run
deduplication on them. However, this approach presents multiple
shortcomings. First, as the sampling process was biased (Figure 4c),
the distribution of the cleaned entities in the sample would be sig-
nificantly distorted, over-representing groups whose entities are
described by more records in the original data — hence requiring
many more comparisons to produce the clean sample. RADLER in-
troduces a weighting scheme precisely to mitigate this bias and
enhance efficiency. Further, considering the trend depicted in Fig-
ure 4a, it is not even guaranteed that the sample contains enough
distinct entities (e.g., a sample of 10k records only describes ~4k
distinct entities). Finally, for records in the sample, as most clusters
of matches are incomplete (Figure 4b), deduplication should also
consider all of their neighbors from the original dataset.

4.3 Performance Evaluation

Figure 5 illustrates the performance of RADLER in terms of required
comparisons, i.e., the cost of deduplicated sampling. The lines show
the number of comparisons (averaged over 10 runs) required to
produce a sample of a given size, considering increasing sizes up to
the maximum for an undistorted sample with equal representation
(Section 4.1.2) — by which values on the x-axis are normalized.
RADLER significantly outperforms the batch approach to dedupli-
cated sampling, which requires performing all comparisons upfront,
clearly highlighting the effectiveness of the proposed on-demand
approach. For the maximum sample size, the required comparisons
are reduced of about 10 times on alaska_cameras (Figure 5a), 3
on nc_voters (Figure 5b), and 5 on nyc_funding (Figure 5c) — the
reduction is even greater for smaller sample sizes. Further, RADLER



Table 2: Average runtime and monetary costs to produce a clean sample from alaska_cameras and nc_voters_10M.

alaska_cameras

nc_voters_10M

Size RaDLER  RanpoMm  BaTrchH Size RapLER  Ranpom BaTcuH
Setup overhead - 1.18 s 1.18 s - - 41m 41m -
108 (0.1)  0.93s 444 911 (0.001)  26.68s  47.51s
Iteration overhead 540 (0.5) 4.01s 9.54's - 9.1k (0.01) 4.6 m 7.3 m -
1080 (1)  6.67s 11.84s 91.2k (0.1) 1h 12h
Matching runtime 108 (0.1)  2.1m 18.8 m 911(0.001)  11.08 s 5.6 m
with Do 540 (0.5) 9.1 m 39.4m 23h 9.1k (0.01)  19m 48.6 m 38.2h
1080 (1) 144 m 453 m 91.2k (0.1) 20.3 m 36h
Matching runtime 108 (0.1) 1.7h 15h 911 (0.001)  185m 94h
with GP 4o 540 (0.5)  7.3h 31.6h 110 h 9.1k (0.01)  32h 81h 159d
1080 (1) 11.6 h 36.3 h 91.2k (0.1) 33.7h 15d
Total cost 108 (0.1)  $2.89 $25.49 911(0.001)  $0.18 $5.62
with GPT-40 540 (0.5) $12.37 $53.56 $187.25 9.1k (0.01) $1.89 $48.60 $2293.07
1080 (1) $19.60 $61.53 91.2k (0.1) $20.25 $217.57
I RadlER [ Random B RadlER [ Random
— — — 5 ®©
R s - . - o o I
— o o
S S S S o =
29 Sy S Sy =22 o
§ o E o E o E o — = o
: : : : i
o o o o
01 04 07 1 0.1 04 07 1 0.1 04 07 1 1 2 4 8 16
Sample size Sample size Sample size Candidates (x|GT]|)

(a) alaska_cameras (b) nc_voters (c) nyc_funding
Figure 6: Average progressive recall per comparisons to pro-

duce a clean sample of size x.

significantly outperforms even the random baseline, a naive ap-
proach to deduplicated sampling on-demand, reducing the number
of performed comparisons by more than half. This result highlights
the benefits of the weighting scheme described in Section 3.2. Note
that both the cost and the benefit baselines perform better than the
random one, but are consistently outperformed by RADLER. Thus,
even if the two components of the weighting scheme already lead
to some advantages taken individually, their combination produces
a much more effective reduction in the number of comparisons.

Figure 6 compares RADLER to the random baseline in terms of
progressive recall [28, 46, 72]. For a deduplicated sampling process
that generates a clean sample of size |S|, progressive recall at a time
t of the process is computed as |S¢|/|S|, where |S;| is the number of
cleaned entities inserted into S by the time ¢. For each sample size
from Figure 5, we produce a line plot with the number of performed
comparisons on the x-axis (up to the maximum between RADLER
and the random baseline for that sample size) and the progressive
recall achieved after x comparisons on the y-axis. We compute the
(normalized) area under the curve from that plot for both solutions,
then represent it through the corresponding column in Figure 6.
RADLER requires a much smaller number of comparison to achieve
avalue y of progressive recall, constantly maintaining an area under
the curve at least double that of the random baseline.

Finally, for our largest real-world dataset (alaska_cameras) and
its maximum sample size, Figure 7 compares RADLER to the random
baseline in terms of progressive recall on 25 synthetic candidate sets,
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Figure 7: Average progressive recall to produce a clean sample
of the maximum size from alaska_cameras with different
blocking recall (1, 0.95, 0.9, 0.85, 0.8) and candidate set size.

to analyze the impact of blocking. Candidate sets present different
recall (1, 0.95, 0.9, 0.85, 0.8), met by randomly picking a subset of
the ground truth, and cardinality (1, 2, 4, 8, and 16 times the ground
truth size, i.e., 541k record pairs), obtained by randomly merging
clusters of matches to add false positives. Introducing false positives
reduces the number of disjoint neighborhoods and increases their
average size, hence the number of comparisons. Nevertheless, while
progressive recall decreases for both methods over larger candidate
sets, RADLER always significantly outperforms the random baseline.
Further, as highlighted by the first 5 columns, the weighting scheme
adopted by RADLER mitigates the bias introduced by false positives
that favors records with larger neighborhoods, hence recording
more stable performance.

4.4 Runtime and Monetary Cost Analysis

In Table 2, we analyze the impact of RADLER on runtime and mone-
tary costs, comparing it to the batch and random baselines. For this
comparison, we use two datasets: alaska_cameras, our largest real-
world dataset and the one with the highest number of tokens per
record on average, and nc_voters_10M, to study how RADLER scales
over its 10M records and 27M candidates. For every dataset, we con-
sider increasing sample sizes over the maximum for an undistorted
sample with equal representation (Section 4.1.2). In particular, in
addition to the maximum sample size, we consider 0.1 and 0.5 ra-
tios for alaska_cameras, producing samples ranging between 108
and 1080 entities. For nc_voters_10M, the same ratios would range
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Figure 8: Average number of entities (normalized by the sam-

ple size) cleaned to produce a clean sample of size x.

between 91.2k and 912k entities, making results hard to compare
and ignoring sample sizes more suitable to the described use cases.
Thus, we also cover 0.01 (9.1k entities) and 0.001 (911) ratios, re-
porting the three smallest sample sizes in Table 2 and discussing
the cases for 0.5 and 1 ratios in the following.

The first two rows of Table 2 quantify the overhead required by
on-demand methods (i.e., RADLER and the naive random baseline)
to manage data structures and — for RADLER — weights throughout
the setup phase and the subsequent iterations. Then, we report
the actual entity matching runtime, estimated for two different
matchers: (i) DitTo [43], a solution based on pre-trained language
models (e.g., BERT [20]) that represented the state-of-the-art before
large language models (LLMs) [52], and (ii) GPT-40’, the most
advanced GPT model by OpenAl. Despite their accuracy, LLMs are
significantly slower due to their large size and generative nature. In
line with our explorative experiments, Peeters et al. [63] report an
average runtime per comparison of 0.51 s for GPT-40 in the zero-
shot scenario on a product dataset similar to alaska_cameras [62].
For DitTO, We computed instead about 10.6 ms on alaska_cameras
and 5.1 ms on nc_voters_10M using an NVIDIA Tesla T4 GPU.

On alaska_cameras, the overhead introduced by on-demand
solutions is negligible compared to the entity matching runtime.
While RADLER introduces slightly more overhead per iteration
than the random baseline, due to weighted random selection and
weight updates, it requires far fewer iterations, hence its iteration
overhead is lower overall. Even with D1TTO, the cheapest of the two
matchers, RADLER clearly outperforms the batch baseline (which
requires comparing all candidates), being more than 9 times faster,
but also its naive counterpart, showing at least a x3 improvement.
Moving to GPT-40, RADLER would save almost 25 and 100 hours
compared to the random and batch baselines, respectively.

On nc_voters_10M, the overhead increases significantly, due to
the very large amount of records to manage. In the case of DiTTO,
the iteration overhead contributes more than entity matching to the
overall runtime. This trend becomes even more relevant for larger
sample sizes, as RADLER records an iteration overhead of 10.1 h and
33.6 h (against an entity matching runtime of 1.7 h and 5.2 h) for
0.5 and 1 ratios (456k and 912k entities), respectively. In the latter
case, on-demand solutions exceed the runtime required by the batch
baseline. Enhancing the scalability of RADLER on very large sample

"https://platform.openai.com/docs/models
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appearing in a clean sample of size x.

sizes might represent an interesting challenge for future work.
However, for sample sizes reported in Table 2, RADLER consistently
outperforms both baselines, reducing the overall runtime by up to
30 and 485 times, respectively.

Regarding the monetary costs introduced by the use of LLMs,
using the most updated API pricing by OpenAl® and the tiktoken
library® to compute the average number of tokens per records,
we can estimate a cost of 0.024 ¢ (almost 100 tokens per prompt)
and 0.0085 ¢ (about 33) per comparison for alaska_cameras and
nc_voters_10M with GPT-40 in the zero-shot scenario, respectively.
RADLER always leads to a relevant cost reduction, being up to 60
(12k) and 8 (30) times cheaper than the batch baseline and its naive
counterpart on alaska_cameras (nc_voters_10M). Note that we
consider zero-shot since it is the cheapest scenario. Best performing
approaches require additional tokens for their prompts [63], hence
monetary costs would increase accordingly.

4.5 Impact of the Weighting Scheme

As highlighted in Sections 4.3 and 4.4, RADLER clearly outperforms
the random baseline thanks to its weighting scheme, integrating a
cost and a benefit component (Section 3.2). Further, RADLER per-
forms consistently better than the cost and benefit baselines, which
consider each component independently (Figure 5). To provide
deeper insights into these results, we analyze how the two compo-
nents contribute to the achieved improvements.

Figures 8 and 9 report the number of cleaned entities and their
average cluster size, respectively — considering the sample sizes
introduced in Figure 5. RADLER clearly stands out as the overall best
performer, consistently with the results shown in Figure 5. Since
the benefit component aims to focus the cleaning effort on entities
that are likely to belong to the target group, the benefit baseline
cleans fewer entities than the cost and random ones (Figure 8).
Nevertheless, as it does not account for neighborhood sizes, it
heavily suffers from the bias introduced by duplicates, picking on
average the entities with the largest cluster size (Figure 9). This
determines many additional comparisons and makes the selection
of entities whose actual group is uncertain more frequent. Thus,
RADLER shows a further reduction in the number of cleaned entities
(up to 5 times compared to the random baseline), with the only

8https://openai.com/api/pricing/
“https://github.com/openai/tiktoken
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exception of alaska_cameras (Figure 8a), where sampling attribute
values within neighborhoods are generally less heterogeneous.
Since the cost component aims to favor entities that require fewer
comparisons, the cost baseline consistently reduces the impact of
bias (Figure 9). However, its average cluster size is comparable to
RADLER, as not accounting for their probability of belonging to
the target group results in cleaning many more entities (Figure 8).
Finally, the distance of RADLER from the ideal scenario where no
entities in excess are cleaned (the line y = 1 in Figure 8) leaves
room for further optimizations to the current weighting scheme.

5 RELATED WORK

Sampling Data with Duplicates. To the best of our knowledge, very
few works study the interaction between deduplication and sam-
pling. SAMPLECLEAN [79] is an approximate method to apply data
cleaning to a small subset of the data, exploiting the outcome to
reduce the impact of dirty data on aggregate query answers, e.g.,
by deduplicating the set of records that impact the most on the
average calculation for a certain attribute. Both SAMPLECLEAN and
its extension ACTIVECLEAN [39] are approximate methods, and
they are not suitable to perform stratified sampling, as they cannot
support a user-specified distribution as input.

Finally, Heidari et al. [34] propose an approximate method with
error-bound guarantees to sample uniformly at random from the
set of entities in the presence of duplicates. That approach relies
on locality sensitive hashing [40] to estimate the frequencies of
all entities, hence it is not blocking-agnostic. RADLER is an exact
method, and it is blocking-agnostic. Thus, it can be seamlessly
integrated into existing deduplication pipelines.

Data Cleaning On-Demand. Multiple solutions have been proposed
in the existing literature to address the shortcomings of the tradi-
tional approach to deduplication, including for instance progres-
sive [30, 46, 58, 71, 81] and query-driven [1-3] approaches.

In particular, BREWER [72, 83] recently proposed an on-demand
approach to deduplication, aiming to produce clean data needed by
the user incrementally, focusing the cleaning effort on one entity
at a time. Nevertheless, the underlying paradigm is substantially
different from RADLER. The cleaning process in BREWER is driven
by a query issued by the user, consolidating the entities that are
likely to appear in the result incrementally, according to a priority
defined through the ORDER BY clause. BREWER only supports SP
queries, which are not sufficient to perform sampling. On the other
hand, RADLER allows defining groups and a target distribution to
drive the incremental building of an undistorted clean sample.

Beyond deduplication, on-demand methods for data imputation
can be integrated into query execution [10, 44, 65], allowing practi-
tioners to handle missing values dynamically, reducing the query
latency and the execution cost. Finally, Giannakopoulou et al. [31]
proposed a probabilistic on-demand repair of denial constraint
violations [64], driven by SP) and aggregate queries.

Deduplication & Fairness. In the wake of extensive studies per-
formed in related contexts [11, 67], bias and fairness recently started
to be tackled even from a data-centric perspective. For instance,
Shahbazi et al. [70] analyzed the problem of representation bias
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in datasets, while solutions were proposed to define diversity con-
straints in queries [42] or to efficiently generate representative
datasets by integrating multiple sources [53].

Nevertheless, only few contributions in the literature focus on
deduplication. In particular, Shahbazi et al. [69] extensively stud-
ied the fairness of existing matchers. This work is orthogonal to
RADLER, which is indeed agnostic towards the choice of the matcher,
but it can support the user in the selection of a proper matching
function for the task and the data at hand.

FAIRER [25] introduced the problem of fairness-aware dedupli-
cation and suggested an instantiation of that problem for equal
representation as the target distribution. FAIRER partitions the
records in a binary fashion through the definition of a protected
group and acts on the priority of the candidate matches (based by
default on the matching probability) to guarantee that protected
and non-protected records are equally represented in the result.
TREATS [4] extended FAIRER to a streaming setting, comparing a
protected group to multiple other groups, in small batches. Unlike
RADLER, FAIRER and TREATS assume that all candidate matches are
compared to compute matching probabilities, similarly to the batch
baseline presented here. Finally, RADLER can take into account any
type of target distribution, whereas the algorithms presented in
FAIRER and TREATS are specifically targeting equal representation
in a record linkage setting (i.e., matching two tables, each of which
does not contain duplicates), without a data fusion step.

6 CONCLUSION AND FUTURE WORK

This paper provides the first definition of deduplicated sampling as
the task of producing a clean sample of a dirty dataset according
to a target distribution of entities for some specified groups. We
introduced RADLER, a novel on-demand approach to this problem
that aims to produce a clean sample without cleaning the entire data
upfront, focusing instead only on the entities required to appear
in that sample. Our experimental evaluation demonstrated that
RADLER consistently outperforms the traditional (batch) approach
to deduplicated sampling.

In the future, we aim to develop our work in multiple direc-
tions. First, we want to study how to further improve the adopted
weighting scheme and enhance scalability for very large datasets.
Moreover, in addition to bias, we plan to investigate methods that
address different data quality dimensions and incorporate them
into RADLER. For instance, we plan to investigate whether data
fusion for sensitive features may require dedicated functions, as
entities belonging to protected groups are more likely to present
missing values [47]. Beyond missing value imputation, data quality
issues that may need special treatment in terms of data fusion in-
clude formatting, noise, and outlier detection, as well as identifying
data inconsistencies. We plan to investigate whether variations and
extensions of the weighting scheme and the target group selection
process can address such additional data quality issues.
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