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ABSTRACT

Large Language Models (LLMs) are being increasingly used within
data systems to process large datasets with text fields. A broad
class of such tasks involves a semantic join—joining two tables
based on a natural language predicate per pair of tuples, evalu-
ated using an LLM. Semantic joins generalize tasks such as entity
matching and record categorization, as well as more complex text
understanding tasks. A naive implementation is expensive as it re-
quires invoking an LLM for every pair of rows in the cross product.
Existing approaches mitigate this cost by first applying embedding-
based semantic similarity to filter candidate pairs, deferring to an
LLM only when similarity scores are deemed inconclusive. How-
ever, these methods yield limited gains in practice, since semantic
similarity may not reliably predict the join outcome. We propose
Featurized-Decomposition Join (FDJ for short), a novel approach
for performing semantic joins that significantly reduces cost while
preserving quality. FDJ automatically extracts features and com-
bines them into a logical expression in conjunctive normal form
that we call a featurized decomposition to effectively prune out
non-matching pairs. A featurized decomposition extracts key infor-
mation from text records and performs inexpensive comparisons on
the extracted features. We show how to use LLMs to automatically
extract reliable features and compose them into logical expressions
while providing statistical guarantees on the output—an inherently
challenging problem due to dependencies among features. Experi-
ments show up to 10 times reduction in cost compared to the
state-of-the-art while providing the same guarantees.
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1 INTRODUCTION

A semantic join between two tables applies a user-specified natu-
ral language filter to their cross product using a Large Language
Model (LLM). This operation is now supported by many indus-
trial [16, 20, 56, 68] and open-source ones [4, 18, 49, 55]. Semantic
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joins enable a wide range of downstream applications. These in-
clude entity matching tasks [39, 47, 55] such as identifying when
two marketplace listings describe the same product [34, 45]; large-
scale multi-label classification, such as matching doctors’ notes
for patients to a long list of medical reactions [15, 49]; and cross-
referencing complex documents based on entities they refer to [1,
41, 50]. A real-world instance of the last category that we use as
our running example is the police record matching task from the
Police Records Access Project, a collaborative effort that we are
involved in with journalists and public defenders [1]. Here, different
police and legal documents (e.g., eyewitness reports, testimonials,
court filings, investigation reports) that refer to the same incident
need to be matched—a semantic self-join that requires the LLM
to determine whether two documents refer to the same incident.
Such documents are long and complex, and identifying matching
documents requires understanding the incidents they describe, e.g.,
knowing their date, location, type of police activity, and people
involved. This entity matching is useful for journalists analyzing
police accountability, e.g., to analyze the outcome of court cases
for incidents involving police use of force—without semantic joins,
this matching had been done by hand by journalists [1].
Although highly valuable, performing semantic joins is compu-
tationally expensive. A naive approach requires invoking an LLM
on every record pair in the cross product to determine whether
each pair satisfies the join condition. However, making Q(n%) LLM
calls for n data records is prohibitive. LOTUS [49] instead leverages
a model cascade approach, by first computing the cosine similarity
between the vector embedding of the two records as a proxy score
for matching. Record pairs with low similarity are discarded as
non-matches, those with high similarity are accepted as matches,
and pairs with inconclusive scores are evaluated by an LLM. This
decision is made by setting cascade thresholds on proxy scores to
determine when to defer to an LLM. To avoid accuracy loss com-
pared to using an LLM on all record pairs, cascade thresholds are
set to statistically guarantee the output quality is close to that of
using an LLM on every record pair. More recently, BARGAIN [72]
refines model cascades by improving when to defer to an LLM (i.e.,
how to set cascade thresholds), thereby reducing LLM calls.
However, the effectiveness of such model cascade solutions de-
pends on the quality of the embedding vectors. When proxy scores
derived from the embeddings closely approximate LLM outputs,
they can reduce cost; however, if embeddings poorly encode the
join criteria, proxy scores become unreliable and most join deci-
sions will need to be made by an LLM. In practice, text records are
often lengthy and contain both relevant and irrelevant information
for the join. In police records, each document may include multiple
names, locations, dates, and incident descriptions, as well as irrele-
vant boilerplate. Embedding this information into a single vector
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“8:45 on Jan 7, 2025,the
witness observed a
vehicle collision at
intersection of Bay and
Adam St. car appeared to
run a red light”

“Court convened on
30/10/2025, to hear case
2-CR-4187 ... collision
occurred on 1/7/2025 at
Bay and Adam St. reported
by Officer Smith "

Example record from right col.

Join predicate:
Do records refer to the same incident?

Featurized decomposition:
((semunlic similarity between incident location 0A7))
OR (.

AND (incident dates differ by < 2
Example record from left col. ( ffer by <2)

Figure 1: Example of a Featurized Decomposition

fails to capture relevant details with sufficient fidelity (as is theoret-
ically suggested by [67]). Thus, semantic similarity becomes a poor
indicator of the join, and methods that rely on it end up using the
LLM on most record pairs, providing limited savings. In our police
records example, BARGAIN defers to the LLM on around 80% of
all record pairs, thus costing close to that of naively comparing all
pairs. We see similar results on other real-world datasets.

We present Featurized Decomposition Join (FDJ), a novel method
for optimizing semantic joins. Our key insight for reducing join cost
is to logically rewrite the join condition into inexpensive predicates
that extract features from text records and use the features to per-
form the join. Extracting features can be done cheaply—it requires
only a linear pass over the records with an LLM—relative to per-
forming a quadratic number of pairwise comparisons with an LLM
to obtain the join result. Thus, a logical expression that accurately
represents the join condition using feature-based predicates can
significantly reduce the join cost. We call such a logical expression
a featurized decomposition: a conjunctive normal form (CNF) ex-
pression consisting of predicates that extract and compare features
using inexpensive distance functions (e.g., lexical, arithmetic, or
embedding-based). Fig. 1 illustrates a featurized decomposition for
our example which combines predicates on three features—date,
location, and police officer—to decide if two records refer to the
same incident. Featurized decompositions can be complex, since
the join condition may depend on multiple features and the de-
composition must be robust to variations, incorrect extractions, or
missing feature values.

An accurate featurized decompositions can perform a semantic
join with low cost, but automatically constructing one is challeng-
ing for two reasons. First, finding relevant features and extracting
them correctly is difficult. A naive approach is to ask an LLM to
produce all relevant features. However, LLMs often miss important
features or produce redundant ones, and may not extract the fea-
ture values correctly. Meanwhile, applying LLMs to extract features
incurs cost and must be done judiciously. Second, even after finding
a set of relevant features and extracting them correctly, designing
a featurized decomposition using such features while providing
theoretical guarantees on output quality is non-trivial. In fact, we
show that constructing the lowest cost decomposition with guar-
antees is NP-hard. Quality guarantees are particularly important to
ensure reliability given that features are automatically identified
and extracted by LLMs which inevitably introduces errors. Mean-
while, guaranteeing quality is challenging as it requires an in-depth
analysis of the quality of the featurized decomposition when con-
structing it. Existing model cascades approaches provide statistical
guarantees for the simpler setting of finding a single threshold on
the proxy score [29, 49, 72].

To automatically construct a reliable featurized decomposition,
FD]J begins by extracting a comprehensive set of candidate features
through an iterative process. At each iteration, it evaluates a run-
ning set of features using a sample of results labeled by the LLM,
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identifies records where the features fail to accurately estimate the
join outcome and generates new features to address these gaps.
Next, FDJ uses these features to form the decomposition. This con-
struction phase is also guided by labeled samples: FDJ evaluates
alternative decompositions, estimates their join costs, and selects
the one with the lowest cost that is estimated to meet the desired
quality targets. A crucial part of this step is ensuring that the cho-
sen decomposition satisfies quality guarantees. We theoretically
guarantee output quality by appropriately choosing the thresh-
old parameters in our predicates—recall that each predicate in a
featurized decomposition evaluates whether the distance between
extracted features is below a certain threshold (e.g., whether ex-
tracted dates are within two days, see Fig. 1). We provide a tight
theoretical analysis of our threshold selection procedure, gener-
alizing existing bounds in the model cascade literature that set
one-dimensional thresholds [29, 49, 72] to high dimensions.

Using the above methodology, FDJ automatically constructs a
featurized decomposition and uses it to perform the join. Our ex-
perimental evaluation across 7 different real-world datasets show
FD]J provides significant cost savings. Over BARGAIN applied to
semantic joins, FDJ has about half the cost on average, but
reduces the cost up to 10 times on some datasets.

2 PRELIMINARIES

Semantic Joins. We are given two sets of strings (text columns,
documents) and a natural language predicate. Our goal is to find
the subset of the cross product of the two sets on which the natural
language predicate evaluates to true, where the evaluation is done
by an LLM. We let & be a user-specified LLM, L and R be two
sets of strings and let p be the natural language predicate, called
the join condition. p is a parameterized string (or a langex [49])
with parameters r € Rand 1 € L as input, e.g., “Do {1} and {r}
describe the same incident?”. We define Z, : LXR — {0,1} to
be a function that determines whether the join condition is satisfied
for a pair from L X R. Specifically, given (1,r) € L X R, &, first
substitutes 1 and r in p and then passes the resulting string as
a prompt to the LLM Z to obtain a boolean output. We say two
records, (1,r) € L X R match for a join condition p if Z,(1,r) = 1.
Finally, the true semantic join answer is defined as [49]
Y={(1,r);(1,r) eLxR Z(Lr) =1}.
We define Y = (L X R) \ Y as the set of non-matches. We refer to the
pairs in Y (in Y) as positive (negative) pairs, to any (1,r) € L XR as
a pair, and to the value of Z,(1,r) as the label for a pair (1,r).
Approximate Semantic Joins. Evaluating the true semantic
join exactly is expensive, as it requires invoking an LLM on every
pair of rows from L and R. To support low-cost processing while still
producing answers similar to that of the true answer, we allow the
users to specify quality requirements on the recall and precision of
the result. For any result set ¥ C L XR, we define its precision, P(\?),

% and R(Y) = %.We
consider the setting where user specifies a recall requirement Tg and
a precision requirement Tp, and requires a result whose precision
and recall are at least Tp and Tg, respectively, with high probability.
To formalize this, let § be a user-provided probability of failure
and let A(L, R, p) be any (randomized) algorithm that outputs a join
result ¥. We say the algorithm performs an approximate semantic

and recall, R(Y), respectively, as P(¥) =
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Figure 2: FDJ Example Workflow
join with statistical guarantees if it satisfies
Py awrp (PY) < Tpor R(Y) < Tg) <6,
where the probability is over random runs of the algorithm. Our
goal is to design an algorithm with statistical guarantees while
minimizing total cost, as we discuss next.

Embedding Models. To reduce costs, we use embedding models
that provide low-cost high-dimensional semantic representations of
the data. Formally, an embedding model &, which produces embed-
ding vectors, that is, for a string s, & (s) is a high-dimensional vector.
For two strings s; and sy, their semantic similarity is defined as the
cosine similarity between the embeddings, &(s;) and &(s;). For
consistency with other distance metrics, we use semantic distance
for two strings s; and s; to refer to (1-semantic similarity).

Cost Model. We focus on the cost of using LLMs and embedding
models; the cost of non-LLM operations are negligible in compari-
son. We define the cost of an algorithm A, denoted by C(A(L, R, p)),
as the monetary cost it incurs using LLM Z and embedding model
&, determined using the total number of input and output tokens.

Problem Definition. Putting everything together, our goal is

to solve the following problem:
Definition 2.1 (Approximate Semantic Joins with Guarantees).

Given two datasets L and R, a recall target Tg, a precision target Tp,

a probability of failure §, an LLM %, and an embedding model &,

design an algorithm A to perform approximate join with statistical

guarantees on precision and recall while minimizing the cost A:
mAin C(A(L,R,p))

st Py s pp (POY) < Tpor R(Y) < Tg) <8

Note that we focus on the setting that a user would like to per-
form an LLM-powered join with a specific LLM. Our goal is to
reduce the cost of this join while providing guarantees to ensure
that the cost reduction optimizations do not incur a regression in
quality when performing this user-specified join.

3 FDJ OVERVIEW & FEATURIZED
DECOMPOSITIONS

We present Featurized-Decomposition Join (FDJ), our method for
performing approximate semantic joins at low cost. FDJ uses a
technique we call featurized decomposition to reduce join costs by
estimating the join outcome based on features extracted from text
records. In this section, we first provide an overview of how FDJ
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intersection of Bay and Adam St. car appeared to run a red light”

works and present the necessary terminology in Sec. 3.1. Then,
we discuss the challenges in performing joins using featurized
decomposition and provide an outline for the rest of this paper in
Sec. 3.2. For now, we consider the case that Tp = 1 and Ty < 1, that
is, we must provide 100% precision but recall can be imperfect, and
we use T = Ty to simplify notation. We extend this approach to a
more relaxed precision requirement, i.e., Tp < 1and Tz < 1,in Sec. 7.
Tp =1 is important for many real-world applications; for example,
incorrectly showing non-matching police records (i.e., those that
refer to different incidents) to users can corrupt analysis, leading
to wrong conclusions with severe consequences. While having
recall target Tg = 1 may also be important for some applications, it
unfortunately would require evaluating all pairs in the cross product
(because any pair not evaluated risks having recall<1). Relaxing the
recall requirement, as done by FDJ, makes performing such joins
feasible—on our largest dataset it would cost about US$13.5M to
compare all pairs, while FDJ costs about US$54 with T = 0.9.

3.1 Overview and Terminology

We next provide a high-level workflow of FDJ using Fig. 2. The
figure shows the workflow for our running example where our goal
is to join different police records based on whether they refer to the
same incident (Fig. 2 shows two toy examples of such text records).

(D) Creating Featurized Decomposition. FDJ first samples a subset
of L X R and labels them using the LLM, Z. It then uses these la-
beled samples to automatically create a featurized decomposition: a
Boolean function designed to estimate whether the join condition
holds for a pair (1, r) using features extracted. A featurized decom-
position consists of (1) functions to extract features from records
in L and R, (2) logical predicates that check whether extracted fea-
tures from 1 € L and r € R are similar based on a feature-specific
distance function; and (3) a logical expression that combines the
logical predicates to estimate whether the join condition holds in
conjunctive normal form (CNF). In Fig. 2, Step (1), the function
II(1,r) is a featurized decomposition; it takes (1,r) € L X R as
input and produces a binary output to estimate if the join condition
holds for (1, r). The function II is a logical combination of three
logical predicates (each in a different color). The predicate in yel-
low checks whether police officer names are similar. It leverages
functions that extract names of police officers from 1 and r and
checks whether the semantic distance between extracted names
are within threshold 0.3. Predicates in green and blue are similarly
defined for location and date features.

(2) Using Featurized Decomposition to Produce Estimates. After
constructing the featurized decomposition, we use it to estimate
whether each record pair satisfies the join condition. This estima-
tion process first applies the feature extraction functions to obtain
the relevant features, and then evaluates the logical expression
over these features to produce the final estimate. Step (2) in Fig. 2
shows an example of how the estimates are obtained. First, the
feature extraction functions are applied independently to all rows
in L and R. Step (2a) shows the output of this step for 2 records in
L and 4 records in R. The values under the location column for L
are obtained by applying extract-location-from-L function to
every record in L, while the values for R are obtained by applying
extract-location-from-R to every record in R. After obtaining
feature values, Step , shows the result of each of the three predi-
cates for each pair of records, and finally Step 2c) shows the final
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Figure 3: Terminology Summary

result of the expression for every pair of records from L X R, where
three record pairs are estimated to satisfy the join condition.

(3) Refinement. Finally, we remove any false positives introduced,
by applying the LLM . to any pair from (2c) estimated to satisfy the
join condition. In our example, we find one false positive. The final
join result output by FD] is the set of pairs estimated to be positive
by the featurized decomposition and confirmed as such by the LLM.
Our approach guarantees perfect precision (since every estimated
pair is evaluated by an LLM), but depending on the featurized
decomposition may have imperfect recall.

Terminology. We next introduce necessary terminology to for-
malize the above workflow. Fig. 3. shows a summary of the ter-
minology along with the example from Fig. 2. We use the term
feature extraction function to refer to functions designed to extract
features (e.g., extract-location-from-L in Fig. 3). We typically
denote a feature extraction function for extracting features from L
(R) by &1, (X, resp.)—these function can include LLM invocations
and have any output signatures. We allow 27, to be different from
IR to enable dataset-specific functions. We use feature distance
function (or distance functions) to refer to real-valued functions
designed to compute distances between features, denoted by d (e.g.,
semantic-dist in Fig. 3). A distance function does not perform
any LLM invocations and only performs lightweight comparisons
on features (e.g., semantic distance, lexical difference, arithmetic op-
erations). We use extraction and distance functions to define logical
predicates which we refer to as featurized predicates: Boolean func-
tions of the form 7 (1,r) = I[d(21(1), ZL(r)) < 6], consisting of
feature extraction functions 27 and 2, a distance function d, and
a threshold, 8 € R. When presenting our solution, we often discuss
the functions d, 21, Zr separately from 0, so for convenience we
refer to the triplet (d, 21, Zr) as a featurization and 6 as a predicate
threshold. For a featurization ¢ = (d, 21, Zr) we denote its infer-
ence function by ¢(1,r) = d(XL(1), Lr(r)). We abuse notation and
refer to the featurization and its inference function interchangeably.
The three logical predicates in Fig. 3 are featurized predicates.

To estimate whether the join condition holds, we combine featur-
ized predicates into logical expressions in CNF form. Formally, we
define a featurized clause x : L X R — {0, 1} as a Boolean function
that is a disjunction of featurized predicates, that is, of the form
k(L,R) = m(L,r) vV .. V m(1,r) for some integer k and featur-
ized predicates 7, ..., 1. Then, a featurized decomposition, 11, is a
Boolean function IT : L X R — {0, 1} defined as a conjunction of
featurized clauses, that is, IT1(1,r) = k;(1,r) A ... A ks (1, 1), for
some integer k’ and featurized clauses «1, ..., k. We abuse notation
and for any S C L X R, define TI(S) = {(1,r) € $;II(1,r) = 1}.

3.2 Challenges and Roadmap

Using the above terminology, to perform joins using featurized
decomposition, we first create a featurized decomposition II (Step
(D in Fig. 2), then create a candidate join result ¥ = II(L x R) using
the decomposition (Step (2) in Fig. 2) and finally use the LLM &

3051

to obtain our final join result as {(1,r) € ¥; Zo(1,r) = 1}. Recall
that we want 100% precision and recall at least T. Steps (1) and
(2) guarantees the latter, while Step (3) (where each (1,r) € Vis
checked by £) guarantees the former.

Challeges. The main challenge in the above workflow is Step
(1), wherein we automatically construct a featurized decomposition.
The recall of FDJ is equivalent to the recall of its featurized decom-
position, so Step (1) must theoretically guarantee that the featurized
decomposition found meets the recall target. Moreover, the cost
of FDJ depends on the precision of the featurized decomposition—
false positive pairs introduced incur additional cost of LLM calls
during refinement in Step (3)—in addition to the cost of finding the
featurized decomposition (Step (1)) and using it to produce esti-
mates (Step (2)). The rest of this paper focuses on finding featurized
decompositions that minimize cost and guarantee high recall.

Roadmap. We formalize the problem of creating minimum cost
featurized decompositions in Sec. 4 and provide an overview of
how we construct featurized decompositions; we present the details
of the construction procedure in Secs. 5-6. Finally, we present the
final FDJ algorithm in Sec. 7, discuss its guarantees and extensions
when relaxing the precision requirement. Proofs of our theoretical
results are presented in our technical report [71].

4 MIN. COST FEATURIZED DECOMPOSITIONS

In this section, we formalize the problem of finding minimum cost
featurized decomposition, show its NP-Hardness and present an
overview of our solution for creating the featurized decomposition.

4.1 Problem Statement and NP-Hardness

Finding a minimum-cost featurized decomposition involves search-
ing over all possible decompositions and selecting the one that
achieves the lowest cost while meeting the recall target. The search
space depends on possible featurizations that can be used to cre-
ate the decompositions. Let F denote the set of possible featuriza-
tions where each element is a triplet (d, 21, Zr) such that for any
(L,r) e LXR, d(ZL(1), Xr(r)) € R.In principle, F could include
any valid combination of feature extraction functions (e.g., func-
tions over string inputs) and distance functions (e.g., real-valued
functions over two inputs). In practice, as discussed later, we restrict
F to featurizations automatically generated by an LLM. Given F, the
space of possible featurized decompositions consists of all logical ex-
pressions in CNF whose predicates are derived from featurizations
in F paired with threshold parameters § € R. Our goal is to find a
decomposition with minimum cost among such decompositions.

Definition 4.1. [Minimum Cost Featurized Decomposition (MCFD)]
Given a set of possible featurizations F, two sets L and R and a pred-
icate function Z, : L X R — {0, 1}, find a featurized decomposition
with recall at least T while minimizing total cost.
Unfortunately, solving MCFD optimally is computationally difficult:

THEOREM 4.2. MCFD is NP-hard.

Thm. 4.2 is shown by a reduction from the Set Cover problem.
Proof is available in our technical report [71].

4.2 Constructing Featurized Decompositions

We next describe how we solve MCFD. At a high level, we use LLMs
to obtain useful features from which we create our decomposition.
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Figure 4: Finding Featurized Decompositions

LLMs help us prune the space of possible featurizations to a few
relevant ones that we then algorithmically combine to create de-
compositions. Nonetheless, obtaining reliable featurizations from
LLMs is challenging. As our experiments show, a single-attempt
prompting strategy often overlooks important features or creates er-
roneous extraction functions. Feature omissions often happens for
features that are useful only for a small subset of the join matches.
The LLM fails to identify such features from a random sample of the
data, because the few records for which those features are useful
are often either not present in a small random sample, or, if taken a
larger sample, become overshadowed by other records. Erroneous
extraction functions often occur due to missing values and inconsis-
tencies in the data. For example, to extract a date and time feature
in a dataset where time may not be present in some records, the
distance function must be designed to correctly calculate distance
between dates even when time is not present. Moreover, our goal
is to guarantee that the recall of the resulting decomposition meets
a user-specified target—a non-trivial statistical estimation task.

To address these challenges, we design a multi-step pipeline
that leverages LLMs to generate featurizations and uses labeled
samples to iteratively refine them, ensuring both reliability. We
then use this set of candidate featurizations to construct a featurized
decomposition with tight theoretical guarantees on recall. As such,
we follow a two-step procedure, where we (1) first generate a set
of candidate featurizations, from which (2) we choose a subset to
create the featurized decomposition. We provide an overview of
our approach below with the aid of Fig. 4. Details of the two steps
(1) and (2) are presented in Secs. 5 and 6, respectively.

Candidate Generation. We begin by constructing a compre-
hensive set of featurizations. As shown in Fig. 4 (top half), this
process proceeds iteratively: we (1a) select a set of examples as
demonstrations for the LLM; (1b) use an LLM to generate new fea-
turizations or refine existing ones; and (1c) evaluate the resulting
set of featurizations. If the current set is deemed sufficient to per-
form the join, (1d) we return it as the final output, or we otherwise
repeat the process. Fig. 4 illustrates several candidate featurizations.
At each iteration, we select positive examples on which the current
featurizations performs worst—measured by the number of false
positives that must be introduced to correctly classify the positive
example using the current featurizations. These examples are then
fed back to the LLM to generate featurizations suitable for those ex-
amples or to correct errors in feature extraction, forming a feedback
loop to iteratively improve the quality of the featurizations.
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Algorithm 1 get-candidate-featurizations(p, S, Ys)

: C, Yo « A sample of ff elements from S and their labels
P —0
: for i « 0 to max_iter do
® — ® U get-featurization-from-examples(C, Y, p)
C, Yo « evaluate-and-pick-examples(S, Ys, @)
if C = 0 then
return ¢

1
2
3
4
5:
6
7
8: return ¢

Logical Expression Formulation. Next, we use the set of can-
didate featurizations obtained from the previous step to construct
a featurized decomposition that minimizes cost and meets the re-
call requirement. At a high-level, we evaluate possible decompo-
sitions, estimating for each whether it satisfies the recall target,
and selecting the lowest-cost one among those that do. However,
guaranteeing that the recall target is met is challenging, as testing
multiple decompositions introduces a multiple hypothesis testing
problem. A naive analysis using union bound across each test leads
to loose bounds, and consequently limited cost savings. To obtain
tight bounds, we divide the process of constructing the featurized
decomposition into two steps. First, we build a logical scaffold that
specifies which featurizations to include and how to combine them,
without specifying threshold parameters. Fig. 4 illustrates this scaf-
fold in our running example. Second, we set the thresholds to ensure
the final decomposition meets the target recall. Theoretical analysis
of recall is only needed in the latter step, where it is more tractable.

5 CANDIDATE GENERATION
As discussed in the previous section (see Fig. 4), we iteratively gener-
ate featurizations, evaluate them, and pick examples as demonstra-
tions to generate new featurizations. This iterative process ensures
the featurizations are reliable—the evaluation phase surfaces errors
in extraction functions that the LLM can fix—and comprehensive—
different examples demonstrate different useful featurizations.

We present this procedure in Alg. 1. The algorithm takes as input
a set, S, containing random samples from L X R together with their
labels, Ys = {Z,(1,r); (1, r) € S}, generated by an LLM. S is used to
guide the generation process. Alg. 1 iteratively calls two subroutines
(detailed later): (1) get-featurization-from-examples to gener-
ate new featurizations using a set of examples as in-context demon-
stration and (2) evaluate-and-pick-examples to evaluate the fea-
turizations using S and find examples where the featurizations can-
not accurately estimate the join outcome. If evaluate-and-pick-
examples decides the featurizations do accurately estimate the join
outcome for the pairs in S, it returns an empty set and the algorithm
terminates, returning the current set of featurizations. Alg. 1 oth-
erwise repeats the process up to a maximum number of iterations.
Note that at each iteration, a subset of size § from S is chosen to be
passed to the LLM as demonstrations, where f is a parameter deter-
mined based on the LLM’s context limit. We illustrate this process in
Fig. 5, where starting with a random sample (Step (1)), we alternate
between generating candidate featurizations (Steps (2) and (4)) and
evaluating them to pick new examples as demonstrations for gener-
ation (Steps (3) and (5)). We next describe featurization generation
in Sec. 5.1 and evaluating and picking examples in Sec. 5.2.

5.1 LLM Pipeline for Featurization Generation

We next describe the subroutine get-featurization-from-examples

to generate factorizations. We use a multi-step pipeline that de-
composes featurization generation into several LLM invocations,
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Figure 5: Candidate Featurization Generation Example

Algorithm 2 Featurization Generation

procedure get-featurization-from-examples(s, Ys, p)
U « get-featurization-descriptions(S, Ys, p)
foru € Udo
2L < get-feature-extractors(S, Ys, p,u, left)
2R < get-feature-extractors(S, Ys, p,u, right)
d « get-distance-func(S, Ys, p, u, 21, Zr)
D —dU{(d, 2L, Tr)}
return ®
9: procedure get-feature-extractors(sS, Ys, p, u, col)

1:
2
3
4:
5:
6:
7
8

10: description « get-feature-description-for-col(S, Ys,p,u, col)
11: if should-use-11m(S, Ys, p, description) then

12: prompt « get-extraction-prompt(S, Ys,p, description)

13: X« create LLM-powered extraction function using prompt

14: else

15: X « get-extraction-code(S, Ys, p, description)

16: return 2

following best practices [11, 32] to improve reliability. Alg. 2 shows
this procedure (functions in blue are LLM-powered; we present
prompts in our technical report [71]). It takes a set of example pairs
and their labels as input that are used as in-context demonstrations
of when the join condition holds and doesn’t hold for generation.

Specifically, to generate featurizations, we first ask the LLM to
provide a set of high-level natural language descriptions for possi-
ble featurizations (Line 2) and then instantiate each (Line 3-7). We
use the description to both generate feature extraction functions
(Lines 4-5) and a distance function (Line 6). The latter is done by ask-
ing the LLM to choose among a set of predefined distance functions
(including semantic or lexical distance, and arithmetic difference)—
we provide the list of predefined distance functions in our technical
report [71]. Designing each feature extraction function 27 and 2x
(Line 10-16) also involves multiple LLM invocations: first to get
a detailed description of the feature extraction function for the
specific column (Line 10), then to decide whether to use LLM or
code for extraction (Line 11), and finally, in each case, another LLM
invocation to either obtain the prompt for LLM-powered extraction
(Line 12) or Python code (Line 15).

5.2 Evaluation and Picking Examples

We next describe evaluate-and-pick-examples for evaluating
featurizations using a set of labeled samples, S. To do so, we define
the notion of cost to cover. Let S, and S, be, respectively, the positive
and negative subsets of S. For any positive pair (1,r) € S, define

co(Lr)=min > T[$(1,r) < p(1,r)], 1)

Ped
(V,r')esp

as the minimum cost to cover a positive pair (1, r) with featurizations
in ®. The summation 31/ ryes, L[¢(1’,r") < ¢(1,r)] represents,
for any ¢, the number of false positives that must be admitted to
correctly classify the positive pair (1,r) if we only used ¢. The
minimum cost to cover a positive pair (1, r) with the featurization
set @ is therefore, the minimum number of false positives that must
be admitted to correctly classify the positive pair using any one of
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the featurizations in ®. If ¢4 (1, r) is high, none of the featurizations
in @ are suitable to distinguish (1, r) from the negative pairs. Thus,
the featurizations should be improved by taking the high cost to
cover pair (1, r) into account. We pick such a pair as an example
to be passed to the LLM during candidate generation to ensure the
LLM generates new featurizations that are suitable for the pair.

Recall that we use the notion of minimum cost to cover to decide
which pairs to use for generating new featurizations. Our goal is to
identify pairs whose correct classification with a CNF employing a
given set of featurizations leads to admitting many false positives.
We then generate new featurizations to enable correctly classifying
such pairs with fewer false positives. Minimum cost to cover to
helps identify such pairs, because it provides an upper bound on
the number of false positives in the best possible CNF that cor-
rectly classifies the pair, i.e., a CNF that introduces the fewest false
positives while correctly classifying the pair. Thus, a pair with the
highest minimum cost to cover is one whose correct classification
(with any CNF) can incur the most false positives in the worst
case. Our algorithm uses this pair to generate new featurizations.
Formally, minimum cost to cover, cs(1,r), for a pair, (1,r) pro-
vides an upper bound on the number of false positives of the best
possible CNF that correctly classifies (1, r) due to the following
existence argument. Taking ¢* as the featurization that achieves
the minimum cost to cover (i.e., in Eq. 1), the CNF consisting of one
predicate (1’,r’") = I[¢*(1’,r") < 6] for 0 = ¢*(1,r) has ce(1,r)
false positives and correctly classifies (1,r).

Examples of cost to cover computation are shown in Fig. 5. In
Step 3 and after generating a single featurization ¢;, we see that 4
positive pairs have non-zero cost to cover. The cost to cover value
is calculated based on number of negative pairs to the left (i.e., with
smaller feature distance values) of the positive pairs. A subset of
these pairs are used to generate a new featurization, ¢, in Step 4.
Then, in Step 5, we again compute cost to cover but now for two
featurizations. We see that the cost to cover improves for some of
the positive pairs when using the featurization, ¢,, added in Step 4.

Alg. 3 specifies this process more formally. We first calculate the
minimum cost to cover for all positive pairs (Lines 2-3). If this cost is
sufficiently small for all the pairs—according to a system parameter
a—we assume the candidate featurizatations are a suitable indicator
of the join result and thus return an empty set (Lines 4-5). Otherwise,
we return f pairs in total (g positives and negatives) to ensure they
fit in the LLM context. To generate a candidate set that enables a
high recall featurized decomposition, we select positive pairs with
the highest cost to cover (Line 6). We select negative pairs that
have smaller feature distances than at least one selected positive
pair (Line 7), randomly selecting g of such pairs if there are more
(Line 8); this choice of negative pairs helps the LLM understand
why the cost to cover for positive pair was high.

6 LOGICAL EXPRESSION FORMULATION

We obtain a set of candidate featurizations, ®, from the previous
step. Here, we use a subset of these featurizations to create a featur-
ized decomposition, IT. As discussed in Sec. 4.2, we construct the
featurized decomposition by first generating a logical scaffold and
then generating the final featurized decomposition by setting its
parameters. We first formally define the notion of a logical scaffold



Algorithm 3 evaluate-and-pick-examples(S, Ys, @)

1: Sp, Sp < negative and positive subsets of S
2: for (1,r) € S, do > Calculate cost to cover for all positives

3: cp(l,r) «—min Y I[H(1,r") <¢p(l,r)]
ped (1'.r")eSn

: if max(,ryes, cop(1,r)<a then

return ()
Cp < % pairs (1,r) € S, with largest cg (1, 1)
Cn—{(1,r") €Sp;3(Lr) €Cp,p € Dst. p(1',r") < Pp(1,r)}
: Cp, <« random subset of size g of Cpp if |Cp| >
: return Cp U Cy, labels for C;, U Cp, from Ys

Algorithm 4 get-logical-scaffold(®, T, S, Ys)

2

1: ﬁ(l, r;®) « True > Initialize I as a function always returning True
2: Crmins Pmin < Cs(I1), 0

3: while [®| > 0 do

4: for ¢ € ® do

5: I'(1L,r0U{0}) —II(1,r0) Al[¢(Lr) < 6]
6: if és(l'[’) < Cmin then

7: Cmins> Pmin < CA‘S (Ir), ¢

8: O — D\ {¢min} .

9: if ¢min # 0 and cpyin < Cs(II) — y then

10: (L r;0U{6}) —II(L,r;0) Al[$min(Lr) < 0]
11: else

12: break

13: for ¢ € ® do

14: for each clause % in IT do

15: K’ (Lr;0U{0}) «k(1,r;0) VI[¢(1l,r) < 0]
16: I’ « II but replace & with &’

17: if Cs(II') < Cs(I1) — y then

18: B s

19: return IT

in Sec. 6.1, before presenting our method for creating the scaffold
in Sec. 6.2 and setting the thresholds in Sec. 6.3.

6.1 Logical Scaffolds

Recall that a featurized decomposition consists of a set of featurized
predicates, with every featurized predicate of the form, ¢(1,r) < 6,
for a featurization, ¢ and a threshold parameter, 8. We define a
predicate scaffold similarly, except that a predicate scaffold takes
the threshold parameter as an input. Thus, a predicate scaffold is
a function of the form 7(1,r;0) = I[#(1,r) < 0] for some ¢ € .
We similarly extend the notion of featurized clauses and featurized
decomposition to take the threshold parameter as input. Formally,
a clause scaffold k with predicate scaffolds 7y, ..., 7k is the function
k(1,r;0) = 41(1,r;01) V...V (L, r;0p), for © € R and ©; its
i-th element. A logical scaffold with clauses 1, ..., K is a function

(L, r;0) = k1 (L,r;0Y) A A kg (1,1;0),
where @ = [0, ..., @k'] is a list of parameters, each a high dimen-
sional vector of threshold parameters for each clause. We abuse
notation and define, for any S € L XR,

I(S;0) = {(1,r); (L) € S,1I(L,r;©) = 1}.

A logical scaffold takes threshold parameters as input, so it does
not on its own specify any predicates. Given a logical scaffold, we
need to find suitable threshold parameters to create a featurized
decomposition. Thus, using the above notation, to find a featurized
decomposition, we first find a logical scaffold fI(l, r; ©); we discuss
how in Sec. 6.2. Then, we create the final featurized decomposition
by finding a suitable set of threshold parameters ©*, so we obtain
In(l,r) = ﬁ(l, r; ®); we discuss how in Sec. 6.3.
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6.2 Creating the Logical Scaffold

We use a greedy approach to construct a logical scaffold using the
candidate featurizations ® (recall that finding an optimal featurized
decomposition is NP-hard). We use a set of pairs S sampled from
L X R together with their labels Ys obtained from an LLM. We build
a logical scaffold to minimize the join cost while satisfying the
recall target on these samples. Starting with an empty scaffold, we
iteratively extend the current scaffold by adding a predicate that
yields the largest reduction in join cost. However, the join cost
depends on the choice of threshold parameters for the scaffold. So,
we optimistically estimate the join cost when using the scaffold
as the minimum achievable join cost across all possible threshold
settings for the scaffold. We next present our solution in detail, first
discussing how we estimate the join cost when using a scaffold
before presenting our algorithm for creating scaffolds.

Cost Estimation. We estimate the join cost for 11 as the lowest
cost achievable when using IT while meeting the recall target on
the samples, S. We use the false positive rate of Masa proxy for
cost. False positive rate determines the cost of refining the join
result with an LLM (i.e., Step 3 in Fig. 2) which in practice domi-
nates the join cost—extensions to more fine-grained cost models
are straightforward but in practice we see limited benefits. More
formally, denote by S, and S,, respectively the positive and negative
subsets of S. Define .

TI(Sp; ©)] _ |(Sn: ©)]

ISp] I11(S; ©)]
respectively, the observed recall and false positive rate of a logical
scaffold IT, when using thresholds ®. We define the cost function

Cs(TD) = min Fs(I1,0) s.t., Re(IL,O) > T, )

where O is the set of all possible thresholds and depends on the log-

Rs(I1, ©) = , Fs(I1,©)

ical scaffold, T1. In practice, we find this minimum in Eq. 2 through
exhaustive search since the set of all possible thresholds is typi-
cally small. Note that all possible thresholds must have recall > T
and among such thresholds we only need to consider thresholds
at which cost changes. For small sample sizes, such a search space
is typically small and can be exhaustively searched efficiently. We
provide further details in our technical report [71].

Scaffold Construction Algorithm. Using this cost function,
creating the logical scaffold follows two steps. First, we create a
logical scaffold only consisting of conjunction of predicates. Then,
we iteratively add disjunctions to each clause if the addition reduces
cost. We present this algorithm formally in Alg. 4. We first create
the conjunctive clauses (Lines 3-12). To do so, we find a new fea-
turization whose addition to the current logical scaffold decreases
the cost the most among all possible featurizations, estimated by
Cs (Lines 4-7). If such a featurization reduces cost sufficiently over
the current logical scaffold, then it is added with a conjunction to
the current scaffold; we check if the reduction in cost is at least
equal to a threshold y to avoid adding featurizations that have a
marginal difference. After obtaining a logical scaffold containing
conjunctions, we iteratively add featurizations to each clause with
disjunctions (Lines 13-18). We iteratively consider each featuriza-
tion and evaluate for the featurization if its addition to a clause
reduces cost by more than y (Lines 15-17), and add it the clause if so
(Line 18)—we consider each featurization and clause pair once. The
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Figure 6: Example of Scaﬂold Constructlon with T =0.8

loop to add featurizations with disjunctions (Line 14) differs from
the loop to add conjunctions (Line 3) where each featurization is
added to one clause when considering conjunctions, while it may
be added to multiple clauses when considering disjunctions. This is
because the loop in Line 3 in Alg. 4 creates clauses while the loop in
Line 14 adds additional featurizations to the clauses. Thus, in Line 3,
adding multiple clauses with the same feature would not improve
the cost. However, in Line 14, adding the same feature to multiple
(already distinct) clauses creates distinct clauses with overlapping
features, which may reduce the cost.

Note that generated featurizations by FDJ may be correlated—
we instruct the LLM to not repeat a feature, but in practice some
features may end up being similar. The CNF construction algorithm,
Alg. 4, avoids picking correlated features in Lines 10 and 18, because
adding a feature correlated with the existing features often leads to
little cost reduction, tested in Lines 9 and 17. Uncorrelated features
often provide more cost reduction and are chosen instead. We
present a case study in our technical report [71] that shows that in
practice correlated features are not selected.

Example. We illustrate this process using Fig. 6. The figure
constructs a scaffold from 4 featurizations ¢y, ..., ¢4 with target
T = 0.8 and using a sample set of 10 pairs, 5 positive (denoted
by A-E) and 5 negative (denoted by U-Z). The figure (left) shows
the distance for each pair for each featurization, e.g., $;(D) = 5.
All distances for all featurizations are integers between 0 to 9. To
construct the scaffold, at Step (1), we find a featurization, ¢;, such
that setting f[(l, r;0) = I[¢;i(1,r) < 6] achieves the lowest cost,
¢ (fI). The table in Step (1) shows this cost computation for all four
¢i, where the first column shows different possible scaffolds, the
second column shows the cost, C‘, of these scaffolds calculated based
on Eq. 2 and the third column shows the best threshold setting for
each scaffold that achieves the minimum in Eq. 2. For example, for
the scaffold H(l r; 0) I[¢1(1,r) < 0] (the first row in the table
in Step (1)), ¢ (H) £ Z and that the threshold, 6;, at which this cost
is achieved is 5. This is because negative pairs Z and U as well as
positive pairs A, B, C, D have ¢, distance at most 5, so that false
positive rate at 8; =5 is %, while recall is 0.8. Based on the table at
Step (1), ¢; yields the lowest cost and is thus added to the scaffold.

Next, at Step (2), we again consider the cost of adding remaining
featurizations to the scaffold. Adding ¢, now leads to the lowest
C—the table at Step (2) shows C for different scaffolds, with cor-
responding best threshold settings that achieve the cost. Observe
that the best value of 6; (that achieves the cost C) is different for
different logical scaffolds; e.g., compare the best value for 8; for the
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Algorithm 5 FDJ(L,R, p, T, 8)

: S « sample subset of size k from L X R uniformly at random

i Ys — {Z(L,r);(L,r) €S}

: @ « get-candidate-featurizations(p,S, Ys)

ST e get-logical-scaffold(®,T,S, Ys)

: ' « sample a subset of size k” from L X R uniformly at random
:Yor —{Z(Lr);(Lr) es’}

1 @ « argming Fgr (ILO) st. Rgs (ILO) > T”

cI(Lr) « ﬁ(l, r;0*) > define featurized decomposition function
¥~ {(L,r); (L,r) € LXRII(Lr) =1}

: return {(Lr);(Lr) € ¥, % (Lr) =1}

> Ygs used here

S O ® N U WN

-

scaffold consisting of conjunction of ¢; and ¢, (in Step (2)) and the
scaffold only consisting of ¢, (in Step (1)). Next, at Step (3), adding
new featurizations with conjunctions does not reduce the cost any-
more, and thus the algorithm moves on to adding disjunctions. Step
(4) shows the cost of scaffolds when adding disjunctions to the first
clause (Alg. 4 considers adding featurizations to all clauses, which
we omit to simplify the figure), where now the disjunction of ¢,
and ¢3 reduces the cost.

6.3 Setting the Thresholds

The previous step returns a logical scaffold ﬁ(l, r; ©). Next, we find
the threshold parameters ©%, to construct the final featurized de-
composition IT(1,r) = fI(l, r; ©*). We want to find thresholds that
both minimize cost and meet the recall target with high probability.
To do so, we first sample a set, S, uniformly at random from L X R
and label them (S is a new sample set not the same set as previous
sections). We then set the thresholds as

©" € arg min Fs(11,0) s.t. Re(I,©) > T’, 3)
where T’ > T is an adjusted recall target. Eq. 3 finds a threshold that
has a recall higher than T’ on set S while providing the lowest false
positive rate, where, similar to before, we use the false positive rate
as a proxy for cost. To provide guarantees on recall, we show

THEOREM 6.1 (INFORMAL). For a suitable T’ and under realistic
conditions, for any threshold ©* where Rs(I1, 0*) > T’, we have
Ps i xr(Rixr(ILO%) < T) < 6,

where, for simplicity, we have presented an informal theorem
statement—formal statement and proof are available in our tech-
nical report [71]. Thm. 6.1 directly implies a threshold chosen by
Eq. 3 meets the recall target with high probability.

7 FDJ ALGORITHM AND DISCUSSION

7.1 Final FDJ Algorithm

We next present the final FDJ algorithm and how to support preci-
sion target.

Algorithm. Alg. 5 presents the final FDJ algorithm. We first
sample and label a subset of k pairs from L X R. We pass this set
to get-candidate-featurizations defined in Alg. 1 to gener-
ate candidate featurizations, ®. Then, we use ® to create a logical
scaffold—we use the same sample set S in this step. To set the thresh-
old parameters, we sample and label another subset, S’ of size k’,
L X R, and find the threshold with the lowest false positive rate that
has observed recall more than the adjusted target, T’ (Line 7). Using
the threshold parameters, we now have a featurized decomposition
that we use to create a candidate join result, Y. The join result is



then refined using Z, to remove false positives and returned to the
user. The output of Alg. 5 provides the required recall guarantees:

THEOREM 7.1. Let Y be output of Alg. 5. Then, P(R(Y)) < T) < 6.

We provide an analysis of the cost complexity of FDJ as well as
impact of system parameters on cost in our technical report [71]. In
practice, we set k and k’ to ensure a sufficient number of positive
pairs to enable statistically significant estimates. In our experiments,
we see fixed values perform well across datasets and FDJ is not
sensitive to the parameter values.

Considering Precision Target. To take advantage of a re-
laxed precision target (Tp < 1), we introduce a post-processing
step after generating the estimated result ¥. This step identifies
positive pairs in ¥ using the existing featurizations ®, without in-
voking &, thereby reducing the join cost. Specifically, for each
featurization ¢ € ®, we create a high-precision subset of ¥ as
Vs ={(Lr) € V;¢(1,r) < 0} where 0 is a threshold on the feature
distances chosen in order to guarantees ‘P(\?@ > Tp with high
probability. Determining 0 is a a one-dimensional threshold selec-
tion problem given a precision target, for which we directly apply
the solution proposed by Zeighami et al. [72]. We then combine
these subsets to obtain ¥’ = U¢€q>\?¢ and return the final result as
{(Lr);(Lr) eV\Y, % (,r)=1}U Y. To preserve theoretical
guarantees, we account for the cumulative failure probability across
multiple applications of [72] and ensure that the subsets \?¢ do not
overlap. Details are provided in our technical report [71].

7.2 Discussion and Extensions

In this section, we discuss our modeling choices and how they relate
to existing learning paradigms such as weak supervision. We also
discuss other cost optimizations that can be combined with FDJ.

7.2.1  Modeling Choices

FDJ discovers a set of featurizations and learns a CNF to combine
the featurizations to predict the join outcome. The problem of com-
bining featurizations is reminiscent of weak supervision [26, 53],
which combines noisy labeling functions (analogous to our featur-
izations) to generate accurate labels. However, there are two main
differences between FD] and weak supervision: (1) we automati-
cally identify featurizations (instead of humans creating labeling
functions) and (2) we have access to ground-truth labels so we can
learn how to construct and combine the labeling functions from
these labels (instead of only considering the relationships between
the labeling functions as in weak supervision [52, 53]).

Since we have access to ground-truth labels, we instead treat the
problem as one of supervised learning. In fact, any classification
model that takes the featurizations as input and predicts whether
the join condition holds can be used to combine featurizations. We
use CNFs for two reasons. First, we expect the join outcome to
depend on logical relationships between the features, e.g., whether
two police reports refer to the same incident depends on a logical
relationship between the time, location, and the people involved in
the incident. Second, our CNF construction algorithm optimizes the
cost of performing the join at a specific recall, while training off-
the-shelf classifiers minimize training loss (e.g., mean squared loss),
which can lead to suboptimal solutions for a specific recall target.
We empirically evaluate different modeling choices in Sec. 8.4.
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While we focus on constructing CNFs, formulae in disjunctive
normal form (DNF) may provide similar benefits. Theoretically,
CNFs and DNFs are equivalent in that given a CNF we can always
construct an equivalent DNF (and vice versa). However, our the-
oretical analysis for quality guarantees relies on the CNF form.
Specifically, our proof of Thm 6.1 relies on the CNF property that in
a CNF expression that meets a recall target T, all clauses must also
meet the target T . Although we believe—due to theoretical equiv-
alence between CNFs and DNFs—that similar results to Thm ??
should be possible for DNFs, our proof techniques would need to
be adjusted, which we leave to future work.

7.2.2  Cost Discussion. Note that FDJ reduces join cost from the
quadratic cost of pair-wise comparisons to a linear cost of feature
extraction. For large datasets, a linear pass over the dataset with an
expensive LLM can also be infeasible. There are multiple optimiza-
tions that FDJ can support to reduce the cost further. As already
discussed in Alg. 2, FD] may generate code to extract features, in-
stead of performing LLM calls, which significantly reduces the cost.
If code generation is not possible, feature extraction can also be
done with cheaper LLMs. To support the use of smaller models,
when creating the logical scaffold in Alg. 4, in addition to picking
the featurization to add to the scaffold, we can also pick which
model to use for that featurization by estimating the cost of the
join when using each model and picking the model that leads to
the overall lowest cost. We leave a careful consideration of these
optimizations to future work.

8 EXPERIMENTS

We next empirically evaluate FDJ, presenting our setup in Sec. 8.1.
Sec. 8.2 shows results comparing FD]J with baselines, Sec. 8.3 eval-
uates cost/accuracy trade-offs, Sec. 8.4 presents ablation studies
and Sec. 8.5 discusses scalability and sensitivity to parameters. Ad-
ditional results on sensitivity to label quality, sensitivity to other
parameters, impact of data characteristics, and discussion of feature
extraction failure modes are presented in our technical report [71]

8.1 Setup

Datasets and Tasks. We perform experiments on 7 different real-
world datasets and multiple synthetic datasets. We discuss the real
datasets here, and synthetic ones are diferred to our technical re-
port [71]. Our datasets cover various domains and applications.
Reviews is a dataset of movie reviews and the task is to identify
reviews that express the same sentiment about a movie [35]. Cita-
tions [41] is a dataset of legal arguments and the task is to perform
a self-join to find legal arguments that cite each other. Categorize
[43, 62] and BioDEX [15, 49] are multi-label classification tasks; the
former classifying a product given its description into a list of cate-
gories and the latter classifying patient notes into a list of medical
reaction terms. Products is a classic entity resolution dataset from
[34, 45] that contains product descriptions from different online
listings and the task is to match listings that refer to the same prod-
uct. Movies is a dataset of Wikipedia pages of different actors and
movies—we created this dataset by crawling Wikipedia pages of
popular movies and actors in IMDB [23]. The task is to join movie
pages with pages of actors based on whether an actor acts in a
given movie. Finally, Police Records is as discussed in Sec. 1, where



"
Il IRI " Avg. % Failed
Products 973 956 616
BioDEX 8103 3718 20000  LOTUS 754 100
Citations 16,161 16161 20,000 DPARGAIN 911 9
Movies 4,043 4,983 10,475 FDy 912 7
Police Records 2,093 2,093 56,531 Table 2: Observed recall
Categorize 19,101 3,144 20,000 .
Reviews 1375738 1375738 122368284 and failure rate, Tp =

Table 1: Dataset Size 90% 8 = 10%

the task is to join records that belong to the same incident. For all
datasets except BioDEX, Categorize and Citations, we use them as
is; we describe our join prompts in our technical report [71]. For
other datasets, to stay within our budgetary constraints, we sam-
pled 20,000 ground-truth pairs, and used only the column values
from the 20,000 pairs as the columns to be joined. Table 1 shows
data sizes and number of ground-truth pairs, n*.

Baselines. We compare FDJ with BARGAIN [72] the state-of-
the-art model cascade method with statistical guarantees, Optimal
Cascade the provides a lower bound on any model cascade approach,
as well as ThalamusDB [26] and training classifiers on record em-
beddings. BARGAIN is designed for filter and classification tasks,
but can be applied to joins by treating a join as a filter on the cross
product of the columns. We use semantic similarity between the
vector embedding of records as the proxy score for BARGAIN. Ad-
ditionally, to understand the limit of cascade-based approaches that
rely on semantic similarity alone, we consider optimal cascade as a
baseline. This approach chooses the best possible cascade threshold
by looking at all the ground-truth pairs; i.e., it selects the threshold
that prunes the most pairs while satisfying the quality target based
on the ground-truth pairs. We report the cost of performing the join
given the cascade threshold, that is, we ignore the cost of finding
the thresholds. Optimal cascade provides a lower bound on the
cost of any model-cascade approach as it is allowed to find the best
possible cascade threshold for free—this is not possible in practice.

We also considered using LOTUS [49] as a baseline that per-
forms model cascades with some statistical guarantees. However,
as was observed by [72], LOTUS [49] that uses SUPG [29] only
provides guarantees in the limit as data size goes to infinity, and,
in practice, can fail to meet the target on any finite dataset. [72]
reports that SUPG misses the target up to 75% of the time with
a failure probability of only 10%. We observed a similar trend in
our experiments. We report supporting results for BioDEX dataset
in Table 2, where LOTUS fails to meet the target recall of 90% on
every run, and returns average recall of less than 80%, while both
FDJ and BARGAIN meet the recall target. We exclude LOTUS from
experiments since it does not provide statistical guarantees.

We additionally compare FDJ with two methods that do not pro-
vide theoretical guarantees: ThalamusDB [24, 26] and an embedding-
based classifier. ThalamusDB uses batching to reduce join cost.
Embedding-based classifier is an approach that trains an ML model
on top of record embeddings to predict whether the join holds or
not. We used XGBoost [2] as our classifier. We considered an MLP
and a linear model as well, but XBGoost provided the lowest cost.

Metrics. We are primarily concerned with the LLM cost of se-
mantic joins. By default and for all the datasets except Products
(see below), we report the cost ratio of the methods that normalizes
the cost of a method by the cost of a naive all pairs comparison—
normalization enables comparison across datasets and data sizes.
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Formally, for an algorithm A that costs C4 to join dataset L and R,
the cost ratio is %*, where C is the cost of performing the join by
calling an LLM on all the pairs in L XR. We use OpenAI models—GPT-
4.1 for feature extraction and performing join, O3 for generating
candidate featurizations; and text-embedding-large as the embed-
ding model—so the cost ratio is calculated using the corresponding
monetary costs. We note that all the datasets used contain ground-
truth labels. To reduce costs, for every invocation of Z,, instead of
actually performing the LLM call, we simulate it by returning the
known ground-truth and calculate the cost by creating the prompt—
containing text records and join instruction—that would have been
sent to the LLM, counting the number of tokens in the prompt and
computing monetary cost based on OpenAls cost model. Results in
our technical report [71] show the benefits are similar when using
LLMs instead of ground-truth labels.

Our cost evaluation differs for Products dataset in order to main-
tain the original evaluation procedure from [45]. Specifically, [45]
uses training and test pairs for evaluation. We evaluate the join
condition on the test set and use the training set to create the featur-
ized decomposition (for FDJ) and set model cascade thresholds (for
BARGAIN). For this dataset, we calculate the cost of the methods as
the cost of finding the featurized decomposition or model cascade
threshold on the training set plus the cost of using them to perform
the join on the test. Cost ratio is defined as this cost divided by the
cost of only using the LLM to perform the join on the test set.

Parameters. For both BARGAIN and FD], the total number
of samples is set so that we obtain 250 positive pairs for their
offline procedures. For BARGAIN, the samples are used only to
determine the cascade thresholds, for FD]J, they are used both for
generating featurizations, creating the logical scaffold, and setting
the thresholds. Featurizations and logical scaffolds are determined
on a subset using 50 of the positives, and the rest of the samples
are used to set the predicate thresholds. By default we set Tz = 90%,
Tp = 100% and 6 = 10% in our experiments—we saw limited cost
saving from using a more relaxed precision target, Tp, for both
BARGAIN and FDJ and thus we keep Tp = 100% to ensure better
output quality. We use BARGAIN with f = 0 which provides the
same theoretical guarantees as FD]J.

8.2 Baseline Comparisons

Table 3 shows the comparison between FDJ and baselines on the
real-world datasets. FDJ improves over BARGAIN across all
datasets, with gains up to 10 times over BARGAIN, and up to
8 times over the optimal cascade.

The relative performance of FDJ compared with BARGAIN de-
pends on dataset characteristics. In our experiments, the datasets
can be divided into three categories: (1) Movies and Citations have
a feature that is an accurate indicator of the join outcome; FDJ
provides the highest benefits here. In Movies, a featurization that
extracts movie names and actor names from the corresponding
Wikipedia pages represents the join condition accurately. However,
BARGAIN and the optimal cascade perform poorly because the
pages contain a lot of information beyond a single actor or movie
name. (2) In Police Records and Products, relevant features exist but
are a weaker indicator of the join outcome. FD]J provides significant



Citations  Police Records Categorize BioDEX Movies Products
BARGAIN 0.28 0.69 0.28 0.74 0.62 0.36
FDJ 0.068 (0.24x)  0.32 (0.46x)  0.23 (0.83x) 0.74 (0.99x) 0.031(0.04X) 0.25 (0.69X)
optimal cascade 0.19 0.67 0.12 0.73 0.53 0.30

Table 3: Cost ratio at T = 90% (number in parenthesis shows cost reduction factor compared with BARGAIN).
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gains in both, but less so compared to Movies and Citations. In Prod-
ucts, model numbers in product listings is a featurization that can
be used as a join indicator. However, model numbers may not exist
for every record or may be noisy (e.g., one description may have
complete model numbers but another only a few digits) requiring
reliance on other features (e.g., color or brand name) which may
also not conclusively imply a match. (3) Categorize and BioDEX are
classification tasks. In such datasets the join relationship is not eas-
ily decomposable into featurizations—classification may require a
complex mapping across many features. Nonetheless, FD] provides
improvements over BARGAIN by extracting relevant information.

8.3 Cost/Accuracy Trade-offs

We compare the cost/accuracy trade-offs FDJ provides with base-
lines. To do so for FDJ and BARGAIN, we vary the recall target
among {0.7, 0.8, 0.9}, and calculate the observed recall and cost ratio.
We additionally include baselines that do not provide theoretical
guarantees: ThalamusDB and Embedding-Classifier. ThalamusDB
uses batching to reduce join cost without any other optimizations,
performing the join batch by batch with an LLM. The latter ap-
proach, which we call Embedding-Classifier, trains an ML model,
specifically XGBoost [2], on top of record embeddings to predict
whether they join. We considered MLPs and linear models as well,
but XGBoost provided the lowest cost. For ThalamusDB, we vary
the batch size used among {2, 5, 10}. For Embedding-Classifier, we
vary the decision threshold (we evaluate recall at multiple decision
thresholds and pick thresholds that lead to observed recall in the
range [0.7, 1] on the test set).

The results are shown in Fig. 7; FDJ provides the best cost/ac-
curacy trade-offs across methods, while ThalamusDB, which does
not provide quality guarantees, can lead to arbitrarily low recall.

8.4 Ablation Study and Analysis

Study of Modeling Choice. Here, we evaluate possible alterna-
tives to constructing CNFs. Specifically, we train classifiers on the
featurizations to predict the join outcome, where we evaluate XG-
Boost classifiers as well as probabilistic graphical models, referred to
as PGMs (typically used in weak supervision [52]). We furthermore
evaluate the methods when using active learning (AL) to collect the

Movies

Figure 8: Number of predicates
in constructed CNF

3058

PGM 0.89 0.94
XGBoost 0.048 0.39
XGBoost+AL 0.044 0.43
CNF 0.031 0.32

Police Records
Dataset

Table 4: Cost ratio for different classifi-
cation methods

training set [54]. We specifically use uncertainty sampling [37, 54]
to decide which points to label . We iteratively switch between
labeling and training until we reach the labeling budget.

Table 4 shows that CNFs perform better than other approaches.
We also see no benefit in using active learning, which we believe is
due to significant label imbalance (most pairs in the cross product
are negative, so most labeled pairs also end up being negative pairs
with active learning). When training models without active learn-
ing we kept the labels in the training set balanced. Nonetheless,
we believe a more comprehensive study of active learning for both
CNF construction as well as other classifiers can help improve cost
savings, which we leave to future work.

Complexity of Created CNFs. We study the complexity of the
constructed CNFs based on the number of predicates that appear in
the CNF. Fig. 8 shows this result across two datasets, for different
recall targets T. We see that there are at most 3 predicates in the CNF
and sometimes only 1. Note that there are a total of 6 featurizations
generated in both datasets and FDJ uses only a subset of these
featurizations, leading to simple CNF formulae. We provide a case
study of features discovered and used in our technical report [71].
When T = 0.9, for Movies, the three predicates are in a single clause
connected via disjunction, while for Police Report the CNF contains
two clauses, one with a disjunction. This low complexity occurs due
to parameter y in Alg. 4, where a predicate is only added if it can
improve cost by at least y. In practice, this means few predicates are
chosen where each has a significant impact on accuracy, instead of
many predicates each with marginal impact.

8.5 Scalability and Sensitivity Analysis

We next study FDJ’s scalability and sensitivity to parameters.
Scalability Evaluation We evaluate scalability of our method
on the large scale Reviews dataset from [35]. This dataset consists
of reviews of different movies, and the goal is to perform a self-join
based on whether the reviewers express a similar sentiment about
the same movie. We evaluate scalability of FDJ and BARGAIN on
this dataset, both on the full dataset and random subsets of size
{10%, 5% 10%,10°,5x 10°} to observe impact of data size. To evaluate
feasibility of performing the join, we report dollar cost instead of
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cost ratio using gpt-4.1-nano (we estimate cost based on number of
input tokens, as was discussed in Sec. 8.1). The results are shown
in Fig. 9, where we see two orders of magnitude difference in cost
between FDJ and BARGAIN on the full dataset. FDJ costs only
about US$54 on the largest dataset, while BARGAIN costs about
US$28,515, showing that FDJ can make large scale joins feasible.
Sensitivity to max_iter and a. Fig. 10 shows the impact of
max_iter and « for two of our datasets, plotting how the cost ratio
changes with max_iter for different recall targets (results for « and
different precision targets were similar). Overall, the trends are al-
most identical for different recall thresholds, with the best max_iter
value being independent of the threshold. In practice, FDJ’s cost
ratio monotonically decreases with max_iter and increases with
a so that any large max_iter (we set max_iter=4 for all datasets)
and small « (we set a = 10 for all datasets) is suitable. To see why
the best max_iter and & are independent of the quality target, ob-
serve that max_iter and a only impact how many featurizations are
generated—the larger max_iter and the smaller «, the more featur-
izations are generated—but not how they are used which is decided
by our CNF construction algorithm. Although how featurizations
are used does depend on the precision and recall thresholds (see
Fig. 8 which shows that the CNFs created changes based on recall
thresholds), generating more featurizations only provides more
options for CNF generation, without causing quality degradation.

9 RELATED WORK

We next survey the related work, discussing methods that perform
Al-powered data management, semantic joins and entity resolution.
LLM-Powered Data Management. LLMs have now been ap-
plied to a large array of data management problems: data dis-
covery [19, 65], data extraction and cleaning [7, 36, 46, 47, 63],
query planning [60], and text to SQL [51]; while other work have
built systems to flexibly process data with LLMs in open-ended
ways [5, 26, 38, 39, 49, 55, 57, 61, 64, 70]. FDJ reduces costs while
guaranteeing quality, making it applicable to any LLM-based system
that supports semantic joins, including [16, 20, 49, 55, 56].
Cost-Efficient AI-Powered Data Processing. Many techniques
have been used to reduce the cost of ML-powered data processing,
some examples include: optimizing aggregations through approxi-
mation [26, 27], building indexes to reduce online query processing
time [8, 30], performing profiling to estimate model accuracies to
decide which model to use [25], and ensembling various models to
generate the final output [22]. Model cascade, which routes queries
through cheaper proxy models before using expensive oracle mod-
els, has been widely adopted in traditional ML and deep learning,
particularly for video analytics [6, 10, 14, 27, 28, 40]. In particular,
recent work [12, 49, 72] has used this framework for LLM-powered
data processing, specifically for filters. Featurized decomposition
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in FDJ parallels model cascades by using a cheap logical expression
to approximate outputs before invoking an expensive model. We
automatically construct such logical expressions and show they
empirically outperforms existing cascade methods for joins.

Semantic Joins. Joining tables with semantically related columns
[3, 13, 21, 66] pre-dates LLMs. Recently, LLMs have become the
standard solution for joining tables based on a user-specified se-
mantic relationship [4, 16, 18, 20, 49, 55, 56, 68]. Most work does
not optimize such joins, except [49] which uses model cascades. As
discussed above and empirically shown, FDJ outperforms cascade-
based solutions. A recent preprint [59] uses batching to reduce join
costs. Batching is orthogonal to our work, and can be combined
with FDJ to further reduce costs.

Entity Resolution. Entity resolution (ER) is a well-established
problem in data management [9, 17, 31, 42, 44, 48, 58, 69, 73], which
can be seen as a special case of semantic joins. Most related work
on ER focuses on a relational setting and does not support arbi-
trary natural language joins on text data. More specifically, related
work can be categorized into non-deep learning, e.g., [9, 31, 33]
and deep learning work e.g., [17, 58, 69, 73]. The former category
assumes existence of a set of attributes (or features) that can be
used for blocking, different from FDJ that operates on raw text with
any natural language join instruction and thus must automatically
discover and extract attributes. Furthermore, [9, 31, 33] leverage
blocking rules on pre-specified attributes to remove as many false
positive matches without introducing any false negatives, unlike
our setting that allows a more relaxed recall target (and therefore
much lower costs) but requires statistical guarantees on meeting
this user-provided target. Thus, FD] is not comparable to [9, 31, 33].
The latter category trains task-specific models to learn blocking
rules but once again operates on tabular data [17, 58, 69, 73] and de-
signs method to encode such tabular rows, unlike FDJ that operates
on raw text columns with any natural language join instruction.

10 CONCLUSION

We presented featurized decomposition, a new technique for op-
timization semantic joins by defining logical expressions using
feature extraction functions. Using this technique, we developed
FD], a new method for performing semantic joins efficiently and
reliably. FDJ automatically constructs featurized decompositions
that accurately estimate whether the join condition holds, leading
to substantial cost savings. We furthermore performed an in-depth
theoretical analysis of FDJ to provide tight theoretical bounds that
guarantee meeting user-specified quality requirements. Our results
across real-world datasets demonstrate significant cost reductions.
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