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Entity matching is a fundamental task in data management, supporting applications such as product matching
in e-commerce, linking scholarly records, unifying location data, and cross-source fact-checking. Its generalized
form, known as generalized entity matching (GEM), extends the challenge to heterogeneous sources across
structured, semi-structured, and unstructured data, where schema mismatch, structural variation, and domain
drift often make supervision costly or infeasible. Existing approaches either rely heavily on labeled data or
fail to generalize across domains, lacking the ability to use both structural and content information at scale.
We present GLEAM, an end-to-end generalized entity matching framework that dynamically adapts to data
structure and domain characteristics without requiring labeled pairs. GLEAM integrates (i) a structure- and
content-aware blocking module that constructs a weighted heterogeneous graph encoding schema context
and semantic similarity, guided by a lightweight LLM-based attribute importance estimator, (ii) an adaptive
connector that models candidate score distributions via a two-component GMM and performs Bayesian updates
using online feedback from matching, enabling entity-specific early stopping, and (iii) a hierarchical reasoning
matching module that infers domain and attribute hierarchies from a few examples and performs comparative
selection over candidate sets with domain-aware prompts. Across a diverse set of heterogeneous datasets,
GLEAM consistently achieves strong end-to-end F1 while reducing unnecessary LLM calls. It outperforms
leading unsupervised and LLM-based baselines and remains competitive with supervised methods, while
achieving up to a 25.7% improvement in F1. We further provide probabilistic analyses of the connector’s
thresholding behavior and update rules, along with ablation studies on graph weighting, adaptivity, and
hierarchical prompting.
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1 Introduction

Entity matching aims to identify pairs of data entities that refer to the same real-world object. As
a fundamental task in data management, entity matching supports applications such as product
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matching in e-commerce, linking scholarly records, unifying location data, and cross-source fact-
checking [2, 10, 23, 24]. However, many existing entity matching approaches assume homogeneous
schemas, where entities share comparable attribute structures and semantics [12, 14, 15]. Recent
schema-agnostic entity matching methods relax explicit schema alignment assumptions by relying
on schema-free similarity modeling or implicit field correspondence [19]. These methods, however,
typically operate on structured tables and do not explicitly address cross-structure or hierarchical
heterogeneity. This limits their applicability in many practical settings. In practice, data are often
heterogeneous, collected from diverse sources with varying formats and schema designs.
Consider a fact-checking scenario: when a rumor circulates online, fact-checking organizations
aim to retrieve relevant debunks from multiple sources. Yet, the associated data may appear in
diverse textual forms. The same rumor, along with its rephrased variants, may appear as text across
heterogeneous data representations, such as a row in a relational table, a field in a JSON record, a
fragment extracted from a web page, a summarized snippet on social media, or a user-generated
message in instant messaging platforms. In essence, these heterogeneous textual records may
encode the same underlying factual statement despite differences in structure, granularity, and
schema organization. Traditional schema matching is infeasible in this setting because it requires
costly manual alignment and fails on semi-structured or unstructured text. Likewise, conventional
entity matching methods assume structural consistency between entities and thus struggle with
cross-structure or cross-schema matching. These challenges call for a generalized framework
capable of integrating structure, content, and reasoning across heterogeneous textual data sources.
Following recent studies [2, 23, 24], we focus on generalized entity matching (GEM), which
identifies corresponding entities across heterogeneous representations, such as relational, semi-
structured, and textual data types. In this work, we consider a fully unsupervised setting, where
no labeled matching pairs are used at any stage of the pipeline. This setting differs from many
methods evaluated under benchmarks such as Machamp [23] (e.g., PromptEM [24]), which rely on
labeled seed pairs or other training signals for adaptation.
Limitations of Existing Solutions. Many existing solutions for GEM remain learning-centric
and depend on some form of supervision for adaptation or calibration. This dependency becomes a
major obstacle in low-resource or cross-domain settings. PromptEM [24] represents an important
step toward low-resource GEM by formulating entity matching as a prompt-tuning task on pre-
trained language models (LMs). By aligning LMs with the prompt-tuning objective, PromptEM
bridges the adaptation gap and leverages the knowledge embedded in LMs. It also incorporates
uncertainty-aware self-training and data pruning to improve pseudo-label quality and training
efficiency. Despite these advantages, PromptEM remains a supervised method at its core, as it
requires labeled seed pairs to guide prompt design and pseudo-label calibration. Its reliance on
handcrafted prompts and domain-specific annotations limits its adaptability to unseen schemas and
modalities. While it mitigates data scarcity to some extent, it still struggles in fully unsupervised or
cross-domain scenarios, motivating the need for more adaptive and label-efficient GEM frameworks.
In contrast, TDmatch [2] takes an unsupervised approach to GEM by representing relational
tuples, semi-structured records, and text documents within a unified heterogeneous graph. Through
random walks, it learns joint embeddings that capture semantic relations between entities in
different formats, enabling schema-free matching without labeled data. However, TDmatch has
two key limitations. First, its graph construction lacks matching guidance, making performance
unstable and sensitive to data distribution and construction heuristics. Second, the random-walk
embedding process suffers from poor scalability, requiring large memory and long computation
even on moderate-sized datasets. As a result, TDmatch serves as a valuable proof of concept but
remains limited in both efficiency and robustness.
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Meanwhile, ComEM [27] explores the potential of large language models (LLMs) for entity
matching under homogeneous settings. It systematically examines several prompting strategies
such as matching, comparing, and selecting, to capture relationships between records, showing
that LLMs can achieve high accuracy and cost efficiency. However, ComEM assumes well-aligned
schemas and structured tabular inputs, which restricts its ability to generalize to heterogeneous
data. Nevertheless, its insight that LLMs can act as oracles for entity equivalence motivates us to
extend this reasoning capability to more diverse GEM scenarios.

Challenges. To address the limitations of prior work and build an effective and efficient solution
for GEM that operates directly on raw data, we identify three main challenges.

First, exhaustively comparing all entity pairs across datasets is computationally prohibitive,
which makes blocking a necessary step in entity matching. Existing blocking techniques are
mainly developed for homogeneous data and seldom consider schema heterogeneity or variation
in data formats. Token based approaches such as Sparkly [17] and semantic approaches such
as DeepBlocker [20] achieve strong results in traditional entity matching tasks but rely on the
assumption of aligned schemas and consistent attribute meanings. At present, there is no blocking
framework designed specifically for generalized entity matching, where jointly using structural
and content information remains an open problem.

Second, recent advances in LLMs create new opportunities for unsupervised entity alignment,
yet it remains difficult to guide LLMs to reason across heterogeneous schemas and hierarchical data.
Designing prompts that help LLMs capture structural dependencies rather than shallow similarity
requires further exploration.

Finally, many entity matching systems such as Magellan [10] treat blocking and matching as two
independent stages, passing only candidate identifiers between them. This separation discards useful
information such as similarity distributions from the blocking process, and forces practitioners to
manually tune parameters like candidate counts or thresholds. A unified framework that transfers
signals from blocking to matching and adapts termination decisions dynamically is essential for
scalable and low-resource GEM.

Overview of Our Approach. To address these challenges, we present GeneraLized Entity matching
with Adaptivity via large language Models (GLEAM). Given two raw datasets, relational, semi-
structured, or textual, with potentially heterogeneous schemas, GLEAM first applies a graph-
based blocking strategy that jointly models structure and content under the guidance of an LLM.
The LLM determines the exploration depth for each entity to generate proximity signals that
represent potential candidate matches. An adaptive connector then transforms these proximity
signals into entity-specific thresholds and decides, using feedback from the matching process,
whether to continue or stop matching. This adaptive design reduces unnecessary computation
while maintaining accuracy. Finally, hierarchical reasoning driven by an LLM performs detailed
matching through a two-phase prompting procedure: triage, which organizes domain and attribute
hierarchies, and selection, performing comparative reasoning among candidates.
Contributions. Our main contributions are as follows:

e We introduce GLEAM, an unsupervised, end-to-end framework for generalized entity matching
that requires no labeled pairs, integrating graph-based blocking, adaptive control, and reasoning-
driven LLM matching.

e We design an LLM-guided structural weighting scheme that incorporates priors on attribute
importance into a heterogeneous graph to weight candidate entities during blocking.

e We propose an adaptive connector that maps proximity signals from blocking into entity-specific
thresholds, with theoretical support for its update and convergence behavior in matching.
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e We develop a two-stage hierarchical reasoning strategy for matching, triage (domain and attribute
hierarchy) followed by selection, to effectively address schema heterogeneity.

e Extensive experiments on heterogeneous datasets demonstrate that GLEAM consistently sur-
passes representative unsupervised and LLM-based baselines, achieving up to 25.7% F1 im-
provement over the state-of-the-art supervised method, including comprehensive ablation and
efficiency analyses.

2 Preliminaries
2.1 Problem Statement

Generalized Entity Matching Setting. We consider generalized entity matching, where the goal
is to identify records referring to the same real-world entity across heterogeneous data sources.
These sources exhibit heterogeneous structures and schemas.

To unify these heterogeneous inputs, we abstract each data source as a collection of entity records.
Each record corresponds to an entity representation extracted from the source, such as a relational
tuple, a JSON object, or a free-text passage. This canonical entity view serves as an intermediate
abstraction for problem formulation.

Based on this abstraction, we adopt a two-table notation for formalization, where a “table” denotes
a finite collection of entity records. Let 77 and 7; denote two such collections extracted from two
heterogeneous sources. The goal is to identify entity pairs (e;, e}), where ¢; € 71 and €] € 7, that
refer to the same real-world entity. A typical entity matching pipeline [10] comprises two main
steps: blocking and matching. The blocking step [20] reduces the quadratic search space from
ny X ny possible pairs by filtering out unlikely candidate pairs, thereby avoiding the computational
cost of exhaustive pairwise comparisons. The matching step [15] then determines whether each
remaining candidate pair is indeed a true match.

This generalized setting has been formalized in prior work such as Machamp [23]. It extends
traditional entity matching beyond the scope of relational tables with identical schemas [10, 15, 20],
to accommodate schema heterogeneity, enabling matching across structured, semi-structured, or
unstructured tables.

Formally, let A be a set of d attributes representing the top-level keys in the schema. Each entity
e in a table 7 is represented as a collection of key-value pairs, where each key belongs to A and
each value is either a primitive type (e.g., a string or number) or a nested key-value structure [23].
Nested keys are not included in A and are handled recursively during downstream processing.

Based on the structure of values associated with keys in A, we categorize tables as follows:

o If all values are primitive and d > 1, then 7 is a structured (relational) table.
o If one or more values are nested, then 7 is a semi-structured table, such as in JSON-style data.
e If d = 1 and the single attribute contains unstructured free text, then 7~ is an unstructured table.

While the unsupervised setting has been extensively studied in traditional entity matching [25,

27, 29], it remains underexplored in the context of generalized entity matching. We formally define
the task as follows:
Unsupervised Generalized Entity Matching. Given two tables 77 and 7; with potentially
different structures (structured, semi-structured, or unstructured) and schemas (homogeneous or
heterogeneous), the goal is to identify all entity pairs (e;, €}) such that e; € 71, €} € 75, and ¢; and
e} refer to the same real-world entity without access to any labeled matching pairs.

Running Example. Fig. 1 illustrates the generalized entity matching task using the factual claim
“COVID-19 vaccines cause infertility”, which serves as a real-world entity in this generalized setting.
The same claim appears across heterogeneous representations, including a semi-structured JSON
record, relational fact-checking tuples, and unstructured free-text records. In this example, we use
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{
"claim": "COVID-19 vaccines cause infertility", ... Several social media posts claim that
"context": { COVID-19 vaccines may negatively affect
"topic": "public health", female fertility. However, current medical
"keywords": ["COVID-19", "vaccine", "fertility"]}, studies indicate that there is no scientific
"metadata": { evidence linking COVID-19 vaccination to
"date": "2021-03", |@mp| infertility. Health authorities emphasize
"platform"; "social_media", that vaccination is safe for people
"country": "US"} planning pregnancy ...
}
Semi-Structured t ‘ Unstructured
title assessment | evidence_summary published_at | source
QOV!I;)-19 vaccines cause | 0o No SC|ent_|f|c eyl_dence 2021-03 cbe
infertility supports infertility
COVID-19 infection affects mixed Infection may aff_ect 2021-02 WHO
pregnancy outcomes pregnancy, vaccines safe
Structured

Fig. 1. An example of generalized entity matching.

the JSON record as one anchor entity for illustration, and the task is to identify all corresponding
records across sources that refer to the same underlying claim. Despite referring to the same entity,
these records differ substantially in structure and schema, making direct comparison non-trivial [2].

2.2 Existing Solutions

This subsection reviews existing solutions for generalized entity matching, with a particular focus
on unsupervised approaches and their limitations.
Supervised Generalized Entity Matching. A wide range of entity matching methods originally
developed for structured tables have been extended to the generalized setting [23]. These approaches
typically featurize each entity using various models and then apply a binary classifier to predict
whether a candidate pair represents a match or non-match. The models used for featurization and
classification span a spectrum of techniques, including traditional machine learning algorithms such
as support vector machines (SVMs) and random forests, deep neural networks such as bidirectional
long short-term memory networks (BiLSTMs) [6] and recurrent neural networks (RNNs) [15].

Despite their success, these approaches exhibit several limitations when applied to generalized
entity matching. Most rely on heuristic serialization techniques—such as linearizing entity fields or
adding special delimiter tokens—to accommodate generalized inputs. Such methods fail to capture
rich structural dependencies and contextual relationships inherent in complex or hierarchical data
formats. Additionally, many methods assume schema homogeneity across tables and apply the
same encoder architecture independently to both sides of a candidate pair. This design makes it
difficult to reconcile semantic mismatches arising from heterogeneous schemas, particularly in the
low-resource setting where labeled data is limited.

PromptEM [24] represents a recent supervised advance that reformulates the entity matching task
as prompt-based masked language modeling. Each candidate pair is encoded into a prompt template,
and a masked language model is trained to predict match-relevant tokens. While PromptEM shows
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improved adaptability under schema variation, it remains inherently dependent on labeled training
data. Collecting and annotating such data is expensive, especially when dealing with highly domain-
specific or structurally diverse records that require expert knowledge to label. These challenges
highlight the need for unsupervised alternatives that eliminate the reliance on manual supervision.
Unsupervised Entity Matching Solutions. The limitations of supervised approaches have
prompted the development of several unsupervised solutions, each built upon distinct theoretical
insights and methodological frameworks.

A plethora of work builds on the observation that match and non-match pairs exhibit different
distributions in the feature space. These approaches vary in how they represent and separate these
distributions. For instance, ZeroER [29] optionally applies blocking based on informative attributes
(e.g., titles), generates feature vectors for candidate pairs using a set of handcrafted similarity func-
tions, and models the resulting feature space with Gaussian Mixture Models (GMMs) to distinguish
between matches and non-matches. Related ideas have also been explored in other settings, e.g.,
attribute recommendation [4]. Although effective for structured data, ZeroER’s dependence on
manually designed features and similarity functions limits its adaptability to heterogeneous or
unstructured data. Sudowoodo [25] takes a self-supervised approach by employing contrastive
learning to produce similarity-aware embeddings of entity records from both tables. Blocking is
performed using approximate nearest neighbor search to retrieve top-k similar candidates, followed
by automatic label generation: positive pairs are created through data augmentation, while negative
pairs are sampled via clustering-based techniques. Despite its self-supervised nature, Sudowoodo’s
performance is sensitive to the quality of clustering and struggles in scenarios involving highly
heterogeneous data where forming semantically meaningful clusters is nontrivial.

Another line of work formulates the matching problem as a graph-based neighborhood discovery
task, often treating entities in one table as anchors and identifying corresponding matches in the
other table through clustering or proximity. TDmatch [2], for example, constructs a heterogeneous
graph where nodes represent either raw data values (e.g., strings, numbers) or metadata elements
(e.g., structured attributes or unstructured entity identifiers). Edges connect metadata nodes to
their respective data nodes, forming an undirected and unweighted graph. Random walks are
conducted to capture contextual neighborhood information, and Word2Vec is used to derive
embeddings for metadata nodes. Matching decisions are made by computing cosine similarity
between embeddings and selecting the top-k most similar neighbors. While this method effectively
incorporates structural signals, it suffers from scalability issues: random walks over large graphs
are computationally expensive [22], and the unweighted graph design fails to capture the relative
importance of connections, treating all relationships equally and leading to unstable performance.

More recently, ComEM [27] explores the use of large language models (LLMs) for unsupervised
entity matching by systematically evaluating three prompting strategies: matching, comparing, and
selecting. Among these, the selecting strategy—where an LLM is prompted to choose the correct
match for a given record from a candidate set—stands out for its effectiveness and efficiency. While
ComEM showcases the potential of LLMs in entity matching, it treats entity matching as a generic
task and does not explicitly account for the unique challenges of generalized entity matching,
such as schema heterogeneity, structural variation, and domain-specific contextual nuances. As a
result, its applicability in more complex generalized scenarios remains limited, overlooking the
rich structural and semantic signals that are often critical for accurate alignment across diverse
data sources.

The limitations of existing unsupervised methods motivate the need for an end-to-end framework
for generalized entity matching that directly maps input tables to matching results. Frequently
used notations are summarized in Tab. 1.
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Table 1. Frequently used notations.

Notation | Description

T 1T Input anchor/candidate table for entity matching

ny/ ny Number of entities in 77 / 75

G Weighted heterogeneous graph used in the blocking module
Ui /Uy Entity nodes in G representing anchor / candidate entities
\%4 Content node set in G, representing semantic units

E,/ E, Edges from U; / U, to Vin G

@ Structure- and Content- » Adaptive Con
Aware Blocking S

Input: Heterogeneous Data

Graph Construction

G—y=
LLM Attribute
Weighting

Output: Candidate Pairs and

Groximity Scores

=
JSON

Stage 1
LLM for
Threshold e ° =
. Domain and |
Adaptatlon> () Attribute
Scored Hierarchy ood
Candidates - iti
| Candidates| J\ _GMM Based Initial
Thresholding Stage 2
“Discrete
p(0]o) x p(ol®)p(©) Scores2 ] e LLM for Domain-Aware
aadd Adaptive m Candidate Selection
_/\ Feedback ,
~ - -
- Slope-Cluster ) ‘ :
|Bayesian Update Matched Pair:
Bay PAa Eallback atched Pairs

J

Fig. 2. Overview of the proposed adaptive framework for generalized entity matching.

3 Solution

3.1 Overview

We propose an end-to-end framework for unsupervised generalized entity matching that system-

189:7

atically addresses the fundamental challenges inherent in heterogeneous data structures, diverse
schema configurations, and varying syntactic and semantic representations. The framework consists

of three key modules:

e Structure- and Content-Aware Blocking: A graph-based blocking strategy with entity prox-
imity that simultaneously leverages the natural structural dependencies inherent in data sources
and content similarity measures, where the LLM is used to produce coarse attribute importance
signals for edge weighting. It produces high-confidence candidate pairs and entity proximity
scores that serve as informative signals for the matching.

e Adaptive Connector: A lightweight control module that analyzes entity proximity score distri-

butions to adaptively guide matching, reducing unnecessary comparisons and computational

overhead. It incorporates feedback from intermediate matching results to decide whether to
continue or terminate, allowing the process to evolve from proximity-based prioritization to
result-driven iterative refinement.

Hierarchical Reasoning Matching: An LLM-powered hierarchical reasoning matching ap-

proach that first samples records to infer domain characteristics and attribute hierarchies, then

performs contextually and semantically informed entity comparisons using domain-adaptive
prompts weighted by component importance. Matching outcomes provide continuous feedback
to the connector for dynamic process optimization.
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Together, these modules form a unified and adaptive pipeline that transforms raw input tables
into final match predictions in a fully unsupervised manner. Starting from raw tables with diverse
schemas and heterogeneous structures, the structure- and content-aware blocking module generates
candidate pairs with initial entity proximity scores. The adaptive connector uses these scores along
with real-time feedback from the matching module to determine how extensively to proceed. Finally,
the LLM-based hierarchical reasoning matching module automatically adapts to domain-specific
characteristics and attribute hierarchies, producing final matched pairs. Fig. 2 provides an overview
of the proposed framework. The following subsections describe each module and the complete
pipeline in detail. Due to space limitations, we provide all detailed LLM prompts and examples in
our technical report [1].

Role of LLMs. LLMs are used in two places in our pipeline: (i) in blocking, to infer coarse attribute
importance signals that guide edge weighting; and (ii) in matching, as the main component for
domain summarization and candidate selection. All remaining components, including graph con-
struction, proximity computation, and connector updates, are implemented as non-LLM procedures.

We illustrate the behavior of each module using the running example introduced in Fig. 1, tracing

the anchor entity through blocking, adaptive control, and final matching decisions.

3.2 Structure- and Content-Aware Blocking

We propose a structure- and content-aware blocking module that adopts a graph-based framework to
prioritize promising entity pairs across tables. The core idea is to construct a weighted heterogeneous
graph that captures both the structural relationships defined by the schema and the semantic
similarities in the content. We apply multi-hop proximity to propagate match likelihood scores
across the graph, effectively filtering out unlikely matches while retaining high-recall candidates.
Overview of Weighting. Rather than assigning weights directly to entity pairs, our blocking graph
assigns weights to entity-content edges, in particular, where content nodes correspond to semantic
units, including anchor-to-content and candidate-to-content edges, so that entity proximity emerges
through shared content during information propagation.

To enhance robustness under schema heterogeneity, we incorporate lightweight LLM guidance
in the form of coarse attribute importance signals inferred from a small sampled subset of records.
These signals are used to set anchor-to-content edge weights during candidate generation.

Existing token-based blocking methods face challenges in such scenarios. For instance, Sparkly [17]
uses token frequency scores based on trigram statistics, which work well when schema alignments
are available. However, in the presence of diverse and unaligned schemas, such methods often
degrade into string similarity and fail to reflect the relative importance of different attributes. Simi-
larly, recent deep learning approaches [21] improve token representations through self-supervised
learning, but they often ignore the structural context in which tokens appear. As a result, these
approaches miss higher-level signals that help differentiate relevant from irrelevant candidates.

Our method takes a different approach by combining schema-based structural cues that reflect
the origin and role of tokens with semantic similarity signals derived from the content itself. This
unified design enables the graph to represent richer relationships and consider both local semantic
features and global structural patterns when generating candidate matches.

Edge Weighting for Information Propagation. In this graph, edge weights modulate how
semantic and structural signals propagate across shared content nodes. These weights determine
the relative contribution of different content units when aggregating proximity scores between
entities during candidate generation.

Asymmetric Roles of Anchor and Candidate Entities. We adopt asymmetric weighting schemes
for anchor and candidate entities to reflect their different roles in blocking. Anchor-to-content
weights emphasize how representative a content unit is for describing the anchor entity, while
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candidate-to-content weights emphasize how discriminative the content is across different can-
didates. This asymmetry allows the graph to better prioritize informative shared content when
generating candidate pairs.

Running Example (Blocking). For the running example in Fig. 1, the anchor entity is represented
by the JSON record describing the claim “COVID-19 vaccines cause infertility”. Content nodes corre-
spond to semantic units such as COVID-19, COVID-19 vaccines, and infertility, extracted from both
the anchor and candidate records. Lightweight LLM guidance provides coarse attribute-importance
signals that influence how anchor-to-content edge weights emphasize the representativeness of
semantic units for the anchor, while candidate-to-content weights emphasize how discriminative
the same units are across candidates. Through propagation over shared content nodes, the blocking
graph assigns higher proximity scores to candidates that share informative semantic units with the
anchor, yielding a ranked list of candidate entities.

To support efficient and accurate candidate generation, we generate a weighted heterogeneous
graph G = (U, U, V, Eq, E) for the blocking process. The graph consists of two types of nodes:
(1) Entity nodes, where U; and U, represent anchor and candidate entities from tables 77 and 73,
respectively; and (2) Content nodes V, which encode semantic units at multiple levels of granu-
larity. We define a semantic unit as a meaningful contiguous token sequence obtained via [-gram
tokenization with | € {1, 2,3} over primitive textual values. For example, “coffee,” “coffee bean,”
and “coffee bean shop” are all semantic units of the textual value “coffee bean shop” Using multiple
values of [ captures phrases at different granularities, from finer to coarser, yielding increasingly
specific semantic signals. We cap [ at 3 to avoid overly long and noisy segments. Semantic units
are extracted using a rule-based tokenization strategy, and each semantic unit is constructed as a
content node in G.

Edges connect each entity to its associated content, with E; € U; X V and E; € U; X V denoting
the edge sets from anchor and candidate entities to content nodes, respectively. These edges
encode both structural dependencies and semantic associations, allowing the graph to propagate
informative signals through shared content during candidate selection.

A key component of the graph is its edge weighting scheme, represented by weight matrices W
and W, corresponding to edge sets E; and E,. We adopt asymmetric weighting strategies to reflect
the distinct roles of anchor and candidate entities. Anchor-to-content edges are weighted based on
how well the content reflects the structure and semantics of the anchor entity. Candidate-to-content
edges are weighted by the discriminative power or rarity of the content, enabling the graph to
emphasize informative features that help distinguish true matches from non-matches.

We begin by describing the weighting strategy for anchor-to-content edges. To estimate attribute
importance in a data-driven and adaptive manner, we leverage LLM-guided weighting. Specifically,
we sample a small batch of anchor entities (e.g., 10) in 77, along with an equal number of candidate
entities from 73, and prompt a large language model to generate a normalized attribute weight
vector wipm € Rio’ where d is the number of top-level attributes in 77, and Z?:l wim (i) = 1.
Each component wry (i) reflects the relative discriminative utility of the i-th attribute for entity
matching. In addition, the LLM outputs a distribution strategy vector wj,,, € {0, 1}4, where each
bit wi, (i) determines how the weight wipy (i) should be distributed:

o If wi;,,(i) = 1, the full attribute weight is assigned to each of its sub-elements (e.g., identifiers
or atomic values).

o If wi;,,(i) = 0, the weight is instead divided proportionally across sub-elements (e.g., lists or
key-value structures).

For each anchor entity e € 77, we define a length vector ¢, € Nio, where £, (i) denotes the length
of the i-th attribute value (e.g., the number of semantic units for primitive types or sub-keys for
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nested structures). Based on £, (i), we construct a per-entity attribute weight vector w, € R‘éoz

we (i) = wim(i) - L, y>0  ifwi (i) =0
¢ WLLM(i) '[e(i) ifWiLM(i) =1

We then re-normalize w, to ensure that the total weight assigned across all attributes for entity u

Zdw‘e—‘:)(j). This step balances global attribute importance (wrpy) with entity-
j=1 Ve

specific structural granularity (¢.), yielding fine-grained adaptive weighting for anchor-to-content
edges. It also standardizes weight scales across entities, thereby improving propagation stability.
Importantly, this strategy generalizes from a small, representative sample, avoiding repeated LLM
queries or deep attribute traversal, and keeping the blocking module lightweight.

The LLM-guided weighting mechanism addresses the challenge of attribute weighting under
schema heterogeneity, traditionally a manual and costly task. For structured data, we distribute

sums to 1: we (i) «—

each attribute weight w, (i) uniformly across its associated content nodes, proportionally to the
attribute value length ¢, (i). The edge weight from anchor entity e to content node ¢ is defined as:
Wi(e,c) = Z?:I (We (i) - f(c,T1(e, 1))/t (i), where T1(e, i) is the i-th attribute value of e in 77, and
f(c, T1(e, i)) denotes the frequency of content node c in that attribute.

For semi-structured data, where schema definitions can be partially nested, we recursively propa-
gate weights to leaf-level attributes. Let d’ be the number of such leaf attributes. After flattening, we
compute: Wy (e, c) = Zil [we(i) - f(c, Ti(e, i)/ (£e(i))], where w, (i) is the recursively propagated
weight for the i-th leaf, and ¢, (i) is its content length.

For unstructured data such as free text, we treat the entire entity as a single attribute 77 (e, 1) and
assign uniform content weights: Wy (e, ¢) = f(c, 71(e, 1)) /£, (1). Throughout all cases, the frequency
term f(c, -) captures the prominence of each content node, allowing the model to integrate semantic
strength, structural cues, and statistical rarity during candidate generation.

To complement the anchor-to-content edge weights, we define the w eighting s trategy for
candidate-to-content edges based on the discriminative power of each content node. Intuitively,
content that appears frequently across candidate entities carries less distinguishing value, while
rarer content is more informative for matching. We adapt the concept of inverse document fre-
quency (IDF) from text retrieval [18] to this context. Let dcang(c) denote the number of candi-
date entities in 75 connected to content node ¢, and recall that n, is the total number of can-
didate entities. The edge weight from a candidate entity e’ to content node c is defined as:
Wy (e’,c) = log(1 + (ny — deand(c) + 0.5)/(dcand(c) + 0.5)), which mirrors the probabilistic IDF
formulation used in the BM25 ranking function. This weighting strategy downweights common or
generic content and upweights rare or distinctive signals, allowing the graph to emphasize features
that are more likely to distinguish true matches. By integrating these asymmetric edge weights, our
blocking graph captures both the structural semantics of anchor entities and the informativeness
of candidate features, enhancing the recall in candidate generation.

Given the anchor-to-content edge weights W; and candidate-to-content edge weights W, we
compute the entity proximity matrix W € R™*™ as W = W, - W1, where each entry W (e, ')
represents the proximity between anchor entity e and candidate entity e’. Since both W; and W,
contain nonzero values only for valid associations between entities and content nodes, the resulting
proximity matrix W remains sparse. This sparsity allows for efficient computation. After computing
the scores, we sort the nonzero proximity values for each anchor entity and return the ranked
candidate pairs.
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3.3 Adaptive Connector

For a given anchor entity, after deriving the proximity scores for all its candidates, we have the
key observation that matched and unmatched candidates typically exhibit two distinct score
distributions. Based on this observation, we propose an early-stop strategy that dynamically guides
the matching process to avoid computational overheads. The main idea is to focus on the high-
confidence candidates in the first distribution and ignore the unlikely candidates in the second. We
initialize the matching procedure with a threshold to distinguish between the two distributions
and begin with the candidates with the highest proximity scores.

During this procedure, we further leverage our matching module, which acts as an oracle to
return binary match/non-match labels for queried pairs (details in the next subsection), to refine
our threshold estimate using posterior updates. As oracle feedback accumulates, the connector
progressively refines its estimate of the score distribution and adjusts the threshold accordingly. The
intuition is that when early queries yield fewer matches, the connector should stop earlier; when
promising matches appear, it should probe further to avoid missing true matches. This adaptive
loop continues until sufficient evidence is collected, enabling entity-specific early stopping without
compromising recall.

This strategy avoids the need to fix a global parameter such as top-k candidates per anchor,
which fails to account for variations across different entities. It also circumvents the difficulty of
setting a static threshold based only on noisy proximity scores, which can lead to suboptimal results.
Prior work [17] shows that setting the threshold too high can eliminate true matches and reduce
recall, while setting it too low can dramatically increase the number of false positives and inflate
computational cost. In contrast, our adaptive framework supports entity-specific early stopping,
improving overall efficiency without sacrificing matching quality.

Running Example (Connector). For the running example in Fig. 1, the blocking module produces a

ranked list of candidate records. The adaptive connector queries candidates in descending score order
and incorporates match/non-match feedback from the LLM-based matching module. For instance,
when a high-scoring candidate discussing COVID-19 infection effects is judged as unmatched, the
posterior estimate of the match ratio is updated accordingly. After such updates no longer change
the estimated decision threshold, the connector terminates early, avoiding further unnecessary
LLM calls.
Initial Threshold via Gaussian Mixture Model. The adaptive connector employs a Gaussian
Mixture Model (GMM) to distinguish between the proximity score distributions of unmatched and
matched entity pairs. These two distributions are modeled as Gaussian components: N (x | po, O'g)
and N (x | p, 0'12), where x denotes the proximity score and (y;, 0']2.) are the mean and variance of
the j-th component for j € {0, 1}, corresponding to unmatched and matched pairs, respectively.
The model is parameterized with mixing coefficients 7y and x; such that 7y + 7; = 1. Given a
sequence of the |z| descending proximity scores from the blocking model, denoted z where z; € z is
the i-th largest proximity score, the GMM assumes the following mixture density: p(x) = m/N (x |
Ho, 02) + mN (x | p1, 07).

The goal of the connector is to estimate an initial threshold r, to differentiate between the two
score distributions, defined as the point where the posterior probabilities of the two components
are equal: moN (x | o, 05) = mN (x | p, 02). To estimate the parameters © = {r;, j1;, 012. }}:0, we
maximize the log-likelihood over the observed entity proximity scores: £(z) = }, l‘.ill log[moN (z; |
Ho, 03) + mN (zi | p1,0)].

This is solved using the Expectation-Maximization algorithm. In E-Step, we compute the re-
7N (zilp,0%)

sponsibility for each score z;: y;; = L which represents the probability

moN (zi|po,03 ) +m N (zilpn,07
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that z; belongs to component j. In M-Step, we update the parameters using the responsibilities:
1 || Z‘-ﬂl YijZi 2 Z\_z:Il vij(zi—p)°
Tj =11 Doy Vi Hj = o and o} = =E_p———
7= T Dimy Vigs i SR j R
in the log-likelihood falls below a convergence tolerance.
Once the initial parameters © = {7}, i, 612. }}ZO are learned, the connector selects an initial
decision threshold 1y as the proximity score z; € z that minimizes the absolute difference between

the two component densities:

. These steps are repeated until the change

n =argmin |2 N (z; | fo, &5) = MmN (zi | i, 67)].
i

This threshold provides an initial estimate of the boundary between likely matches and non-matches,
and serves as the starting point for the connector’s adaptive refinement during querying.
Bayesian Update of Mixing Coeflicients. We then describe how the adaptive connector updates
its proximity score distribution using observed oracle labels. When the matching module returns
binary feedback for a subset of candidate pairs, this feedback provides new evidence for adjusting
the GMM'’s parameters. Given initial parameters © of the Gaussian Mixture Model (GMM), we
aim to derive updated parameters ® conditioned on a set of oracle labels o where each element o;
indicates whether the corresponding score z; is a match or not.

The update procedure is derived via Bayesian inference. In GMM, the component assignment for
each score follows a Bernoulli distribution parameterized by ;. The natural conjugate prior for a
Bernoulli distribution is the Beta distribution. Thus, we place a prior over the mixing coefficient r;,
representing the probability that a score is from the matched component. Specifically, we have:

m ~ Beta(Ay, Ag), and my = 1 — 7y,

where A1, 49 > 0 control the shape of the prior and represent pseudo-counts for matches and
non-matches, respectively. The expectation of 7 is given by B[] = ﬁ

Initially, the prior is constructed from all |z| unobserved scores in z from the blocking model. Let
|o| be the number of observed labels so far. Then the remaining |z|—|o| unobserved scores contribute
to the prior pseudo-counts. We set A; = 71 - (|z| — |o]), Ao = 7% - (|z| — |o|) with initial mixing
coeflicients, which reflects our decreasing reliance on the initial model as more true observations
become available. The following lemma formalizes the posterior distribution after observing match
outcomes. The proofs of all lemmas are deferred to our technical report [1] for brevity.

LEMMA 1. Given the prior m; ~ Beta(A1, Ag) and a set of |o| observations o, where N is the number
of matches in o and Ny = |o| — Ny is the number of non-matches, the posterior distribution of m; is:

7 | 0 ~ Beta(A; + Ny, Ay + Ny). The corresponding posterior expectation is B[ | o] = Aﬁ'jﬂl‘:—NIV:‘FM)
andB[my | o] = %

This posterior distribution reflects an updated confidence in the mixing coefficients for the

matched component, allowing the connector to refine its estimate of the proximity score distribution
using observed matches and non-matches.
Bayesian Update of Component Means and Variances. We describe how the connector updates
the mean and variance parameters of each Gaussian component in the GMM after receiving feedback
from the matching module. This update is performed in a Bayesian manner, leveraging the conjugacy
between the Gaussian likelihood (for scores given a component) and the Normal-Inverse-Gamma
prior over (y;, cr]"?). The NIG prior is well-suited here because it jointly models uncertainty in the
mean and variance while admitting closed-form posterior updates. For each component j € {0, 1}
(unmatched/matched), the prior is specified as:

Hil ojz- ~ N(fj, 012-//11-), csz- ~ InverseGamma(aj, b;).

Proc. ACM Manag. Data, Vol. 4, No. 3 (SIGMOD), Article 189. Publication date: June 2026.



Generalized Entity Matching with Adaptivity via Large Language Models 189:13

where /i; and 6'}2. are the initial estimates from the first Expectation-Maximization fitting, A; reflects
the prior effective sample size, a; plays the role of prior degrees of freedom, and b; is the prior sum
of squares. We set a; = A; and b; = (A; — 1)6?, which yields E[UJZ.] =b;/(a;j-1) = 612. as desired.

LEMMA 2. Given the initial estimates j1; = [i; and crjz. = Er]z. for Gaussian component j € {0, 1} in the
GMM, and a set o of |o| labeled observations with N; assigned to component j, let the sample mean
and variance of the observed scores in component j be:

- 1 1 -
ijﬁ Zli, SJZAZNA_l Z(Zi—zj)z,
. i .

J i0;=j i:0;=j

and define the sum of squares ss; = (N; — 1)5}2.. Then the posterior distribution of (y;, 0}2.) is

NIG(jij, /1;., a}, b}), with updated parameters:

Ajitj + Njzj
}.j + Nj

No=A;+ N, ji; = L= N
j_j+ s Hj = ,aj—aj+?

’ . SSj Aij(Ej—ﬁj)z
and b} = bj + 5 + AN

E[c? | o] =¥/(d} - 1).

. Consequently, the posterior expectations are E[y; | o] = fi; and

Iterative Refinement. After each feedback batch, the connector updates {7}, y1;, ojz.}}zo via Lem-
mas 1 and 2, recomputes the threshold n = argmin, ¢, |7~r0N(z,- | fo, &3) - mN(z; | i1, 512)| and
stops when 7 stabilizes. This process blends prior knowledge from initial scores with posterior
updates from oracle feedback, yielding an adaptive and entity-specific matching policy. In practice,
we observe that the Gaussian assumption may break down when similarity scores are highly
discrete, requiring a separate treatment for such cases.

Handling Discrete Similarity Distributions. Although the adaptive connector relies on a GMM
to separate the score distributions of matched and unmatched candidates, this assumption fails
when the feature space is highly discrete. In such cases, the similarity scores take only a few
distinct values, often due to limited token overlap, making the likelihood surface spiky rather
than continuous. As a result, no smooth Gaussian can represent the data effectively, and the two
components of the GMM may collapse into one [7].

To detect such cases, we define a distinct-value ratio, computed as the number of distinct similarity
scores divided by the total number of candidate records for an anchor entity. A low ratio indicates
that the scores are highly discrete and unsuitable for GMM-based modeling. When this ratio falls
below a threshold 7 (validated in our technical report [1]), the adaptive connector switches to a
lightweight slope-cluster fallback strategy.

In this fallback mode, the connector identifies the maximum falling slope, that is, the largest
score drop between adjacent candidates in the list z of descending proximity scores:

p=arg max |z -zl
zi€z\zp
Candidates with scores greater than or equal to  form the initial cluster for matching. The matching
module then queries this cluster and receives feedback: if no candidate in the cluster is matched,
the process stops; otherwise, the connector proceeds to the next cluster (the next score segment
with the same proximity score) and repeats the procedure until no further matches appear.

This slope-based threshold approximates the point of maximal density change in the discrete sim-
ilarity distribution, analogous to the intersection between Gaussian components in the continuous
case. It provides a principled boundary between likely matches and non-matches when the GMM
assumption is invalid. Overall, this alternative strategy complements the GMM-based connector,
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Algorithm 1: Adaptive Connector for Anchor Entity e

Input: Proximity scores z for candidates of e
Output: Matched candidate set M,

1 Fit a GMM on z to estimate parameters © = {1}, /1;, 6} ico
2 Compute intersection threshold 5y where the two component densities intersect
3 Initialize candidate set C «— {e’ | z,» > 1o}, match set M, « 0, and threshold bounds

TThigh <= Mo, Nlow <— Mo
while C # 0 do
Query matching module: M « LLM;(e, C)
Update matched set: M, «— M, U M
Update cumulative observations o based on M

e N G e

Update GMM © = {7}, j1j, 07} _, via Bayesian posterior;
9 Recompute new threshold 7oy from updated GMM

10 Update candidate set: C <— {e’ | flhigh = Zer = Miow }

11 Update upper bound: nhigh < 7iow

12 if distinct value ratio < 7 then
13 L Apply slope-cluster fallback strategy to estimate 5

14 return matched candidate set M,

maintaining efficiency and accuracy even under discrete or sparse similarity distributions. The
complete pipeline of the adaptive connector is detailed in Algorithm 1.

3.4 Hierarchical Reasoning Matching

The hierarchical reasoning matching module operates in two coordinated stages, leveraging large
language models with specialized prompting roles to achieve precise entity matching through
intelligent domain adaptation and attribute prioritization. The first stage is a triage LLM that
infers the domain of the current matching task and assigns a hierarchical importance triage to
attributes. The second stage is a domain expert LLM that, guided by this domain-specific knowledge
and attribute hierarchy, performs fine-grained selection of true matches from candidate sets. We
decompose the matching process into these two steps to enforce an explicit and consistent LLM
reasoning workflow: we must first identify “what to look at”, and then make the decision. With the
triage LLM’s inferred task domain and highlighted attributes, the second-stage matcher operates
on a cleaner, more focused representation. For example, when matching products across two
distinct online shopping platforms, the triage stage can infer an “e-commerce” domain, downweight
platform-specific IDs and volatile price fields, and highlight category and description as high-
importance attributes before the selection stage compares candidates.

Stage 1: Domain and Attribute Hierarchy Identification. We begin with small representative
subsets Ty € 71 and T, C 7; sampled from the anchor and candidate tables, respectively. Let
A; and A, denote their attribute sets. For structured tables, these are the schema attributes; for
semi-structured tables, they include all hierarchical keys extracted from records. From (T3, T»), the
triage LLM produces: the inferred domain dom(T;, T;) for the matching task, a high-importance
attribute subset Ay, € A; U A,, and a low-importance attribute subset A; € A; U A;. Irrelevant
attributes are excluded from both Ay and A,. Formally, the triage LLM is:

LLMtZ {Tla Tz} — {dom(Tl, Tz), Ah, A[}

Proc. ACM Manag. Data, Vol. 4, No. 3 (SIGMOD), Article 189. Publication date: June 2026.



Generalized Entity Matching with Adaptivity via Large Language Models 189:15

Table 2. Summary of datasets

Left Table Right Table | Labeled Pairs
#entity | #attr | #entity | #attr | #eval | %pos
ReL-HETER 534 6.00 332 7.00 946 11.63%
SEmMI-HOMO 2,616 | 8.65 | 64,263 | 7.34 | 17,223 | 18.63%
SEMI-HETER | 22,133 | 12.28 | 23,264 | 12.03 | 2,068 | 38.20%
SEMI-REL 29,179 | 8.00 | 32,823 | 13.81 | 2,183 | 41.64%
SEMI-TEXT-W | 9,234 | 10.00 | 9,234 | 1.00 | 9,234 | 11.80%
SEmI-TEXT-C | 20,897 | 10.00 | 20,897 | 1.00 | 20,897 | 14.07%
ReL-TEXT 2,616 | 1.00 | 2,294 | 6.00 | 12,363 | 17.96%

Dataset

Stage 2: Domain-Aware Candidate Selection. The adaptive connector (Section 3.3) produces,
for each anchor entity e, a candidate set C = {e], e}, ..., e, }, where n is the number of candidates.
The second-stage LLM acts as a domain expert that leverages (dom(T, T3), Ap, Ar) to decide which
candidates are true matches. Formally, we define:

LLM; : {e,C,dom(Ty, ), Ap, A} — M C{1,2,...,n} U0,

where M is the index set of candidates selected as matches.

Rather than evaluating each candidate independently, LLM; compares the entire batch C in one
pass. This holistic evaluation allows it to exploit inter-candidate relationships, recognizing subtle
similarities between true matches and distinguishing them from close non-matches. The output M
of each iteration are combined as the set of confirmed matches for anchor e.

By explicitly modeling both domain knowledge and attribute importance hierarchy, this two-
stage process enables: domain-adaptive feature prioritization, resilience against noisy attributes,
and more accurate and efficient matching through LLM reasoning. Regarding implementation,
the triage LLM and the domain expert LLM are instantiated via prompt engineering using the
same base large language model, without any fine-tuning. The triage LLM generates a textual
summary describing the inferred task domain and attribute-priority information, which is then
directly embedded into the input prompt of the domain expert LLM. Thus, the two stages interact
solely through explicit textual conditioning, without parameter sharing or model adaptation.

Running Example (Matching). For the running example in Fig. 1, the anchor claim “COVID-19
vaccines cause infertility” and its remaining candidates are processed by the LLM-based matching
module. The triage stage identifies the public health domain and prioritizes attributes related to
scientific evidence. The selection stage then jointly compares candidates and confirms those that
explicitly refer to the same claim, while rejecting records discussing related but distinct topics (e.g.,
COVID-19 infection effects).

4 Experiments

We evaluate the proposed framework against representative baselines to assess its effectiveness,
efficiency, and adaptability across diverse schema types. All experiments are conducted on a Linux
server equipped with an Intel Xeon CPU @2.3GHz and 448GB RAM.

4.1 Experimental Setup

Datasets. We adopt the full Machamp benchmark [23], a real-world data collection covering a
diverse range of table structures. The summary of these datasets is shown in Tab. 2. Dataset names
indicate their structural type: structured (REL), semi-structured (SEmr), and unstructured (TEXT), as
well as table heterogeneity: heterogeneous (HETER) or homogeneous (HOMO). In our unsupervised
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Table 3. End-to-end effectiveness (S denotes supervised methods).
ReL-HETER SEmMI-HOMO SEmI-HETER SEmI-REL SEMI-TEXT-W SEMI-TEXT-C REL-TEXT
P R F P R F P R F P R F P R F P R F P R F
ComEM 0.866 0.936 0.899 | 0.947 0.496 0.651 | 0.824 0.975 0.893 | 0.972 0.794 0.874 | 0.733 0.374 0.495 | 0.957 0.256 0.404 | 0.518 0.144 0.225
TDmatch 0.512  0.991 0.675 | 0.768 0.785 0.776 | 0.812 0.938 0.87 | 0.917 0.951 0.934 | 0.497 0.329 0.396 | 0.619 0.429 0.507 | 0.731 0.572  0.642
ZeroER 0.321 0.973 0.483 | 0.75 0.903 0.819 | 0.726 0.608 0.662 1 0.015 0.303 | 0.245 0.211 0.227 | 0.659 0.15 0.244 | 0.308 0.566 0.399
Sudowoodo 0.7 0573 0.63 | 0.802 0.875 0.837 | 0.382 1 0.553 | 0.887 0.854 0.87 | 0.281 0.325 0.302 | 0.572 0.538 0.555 | 0.428 0.426 0.427
PromptEM (S) 1 1 1 0.934 0.952 0.943 | 0.939 0.579 0.716 | 0.925 0.945 0.935 | 0.449 0.379 0411 | 0.697 0.63 0.662 | 0.592 0.604 0.598
GLEAM 0.954 0.936 0.945 | 0.957 0.742 0.836 | 0.901 0.943 0.922 | 0.98 0.821 0.893 | 0.615 0.73 0.668 | 0.977 0.551 0.704 | 0.816 0.609 0.697

Methods

end-to-end setting, ground-truth labels are used only for evaluation. While our experiments follow
the clean-clean protocol adopted by Machamp, the proposed framework itself does not rely on this
assumption and outputs matched entity pairs without requiring the absence of duplicates within
either collection.

Baseline Methods. We compare our GLEAM framework against five representative entity match-
ing methods. ComEM [27] leverages large language models (LLMs) for candidate pair matching.
TDmatch [2] is an unsupervised approach that aligns textual and structured data through graph con-
struction and random walks. ZeroER [29] generates feature vectors for candidate pairs and applies
a Gaussian Mixture Model to determine a threshold separating matched and non-matched pairs.
Sudowoodo [25] employs contrastive learning with entity transformation and negative sampling to
distinguish entities. In addition, we include PromptEM [24], a state-of-the-art supervised method,
using the same data splits as Machamp to ensure fair comparison. All baseline results are obtained
by re-running the released implementations under a unified evaluation protocol. Hyperparameters
follow the configurations reported in the corresponding baseline papers. Reported metrics are
averaged over ten runs. All methods that use large language models, including our framework,
employ gpt-4o as the underlying model with up to 10 concurrent workers. Unless otherwise noted,
the distinct-value ratio threshold 7 in the adaptive connector of GLEAM is fixed at 0.4, the best
trade-off found in our technical report [1].

4.2 End-to-End Matching Effectiveness

In this subsection, we evaluate our framework against representative baselines on the end-to-end
matching task, measured by precision (P), recall (R), and F1-score (F) between the returned entity
pairs and the ground-truth correspondences for each dataset. In this paper, “end-to-end matching”
refers to the full matching pipeline from raw datasets to returned entity pairs, comprising multiple
stages such as blocking and final matching.

Tab. 3 reports the effectiveness across all datasets and methods, with the best results bolded
and runner-up results italicized. At a glance, GLEAM leads in more than half of the benchmarks,
specifically, on datasets SEMI-HETER, SEMI-TEXT-W, SEMI-TEXT-C, and REL-TEXT, demonstrating
strong adaptability across both structured and text-heavy domains.

On dataset REL-HETER, the supervised method PromptEM achieves perfect performance with
100% F1, while GLEAM ranks second, surpassing all other unsupervised alternatives by 4.6%. For
SEMI-HOMO, PromptEM again attains the highest score, with Sudowoodo leading the unsupervised
group; our GLEAM follows closely, trailing by only 0.1%. On SEMI-HETER, GLEAM attains the
best overall F1, outperforming ComEM by 2.9%. For SEMI-REL, PromptEM achieves the highest
effectiveness, followed by TDmatch, while GLEAM ranks third but remains within a comparable
range. On the SEMI-TEXT-W benchmark, characterized by long text fields and weak schema
alignment, GLEAM delivers the most substantial gain, an F1 improvement of 17.3% over the next
best baseline ComEM. Similarly, on SEMI-TEXT-C, GLEAM achieves the highest F1 among all
methods, exceeding even the supervised PromptEM by 4.2%. On dataset REL-TEXT, GLEAM once
again leads with a margin of 5.5% over the second best baseline TDmatch.
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Fig. 3. End-to-end running time of various algorithms.

Table 4. End-to-end runtime statistics (mean, std, and 95% Cl in seconds).

Methods Rer-HETER SEmMr-HOMO SEmI-HETER SEmI-REL SEMI-TEXT-W SEmI-TEXT-C ReL-TEXT
Mean Std  95% CI | Mean Std  95% CI| Mean Std  95% CI | Mean Std  95% CI | Mean Std 95% CI | Mean Std  95% CI | Mean Std 95% CI
ComEM 98.5 9.6 +6.9 3323 195  £13.9 9854 389.2 +278.4 | 15287.5 313 +223.9 | 42375 140.6  +100.6 | 10203.7 3726 £266.5 | 337.1 11.9 +8.5
TDmatch 186.4 3.7 +2.6 | 15152.5 424.6 +303.8 | 60569.1 2510.7 +1796 | 10676.3 290.4 +207.7 | 2100.6 116.4 +83.2 | 10639.8 299.3 +214.1 | 6669.5 2424 +173.4
ZeroER 4624 157 +11.2 | 1196.1 32.1 +23 39988.1 1238.7 +886.1 | 70784.9 2603 +1862.8 | 60056.2 1740.2 +1244.8 | 82775.5 2586.1 +1850 | 80379.7 2711.1 +1939.4
Sudowoodo | 1863.6 27.2 +19.5 | 6983.9 121.9 +87.2 | 4946.6 1044 747 | 5832.1 150 +107.3 | 9590.6 221.2  +158.2 | 10806.1 243.2 *174 9284.5 4645  £332.3
PromptEM | 3135 194 139 | 8227.1 14 +10 589.9 5 £3.6 625.4 17.1 +12.2 2147.2 33 +23.6 5854.1 15.1 +10.8 | 3319.2 12.1 +8.6
GLEAM 1733 158 +11.3 | 1009.9 70.5 +50.4 | 11784.5 520 +372 | 10480.9 589.4 +421.6 | 7199.6 2769 £198.1 | 154858 404.5 +289.3 | 603.1 25.4 +18.2

From the perspective of precision and recall, different methods exhibit distinct trade-offs across
datasets. Some baselines emphasize recall over precision (e.g., TDMatch and ZeroER on ReL-HETER),
whereas GLEAM achieves a more balanced trade-off between precision and recall, leading to stable
F1 performance across datasets.

Overall, across diverse structural and textual configurations, GLEAM consistently ranks as
the best unsupervised framework and remains competitive with supervised counterparts such as
PromptEM, highlighting the strength of its adaptive connector and hierarchical reasoning modules.

4.3 Efficiency Analysis

We further evaluate the efficiency of the end-to-end generalized entity matching algorithms, with
results summarized in Fig. 3. For all efficiency experiments, we perform 10 independent runs
and report the mean runtime, standard deviation, and 95% confidence intervals computed using
Student’s t-distribution to ensure statistically sound comparisons across methods. We report
runtime statistics to provide a fair and complete comparison across baselines. For clarity, Fig. 3
visualizes the mean runtime, while detailed numerical statistics are provided in Tab. 4. The runtime
magnitude varies across datasets, reflecting differences in schema complexity and data modality.
As shown, GLEAM achieves competitive performance relative to recent baselines, maintaining a
consistent trade-off between computational cost and matching quality.

On the REL-HETER benchmark, where most methods finish within a few hundred seconds,
GLEAM remains comparable to ComEM and is notably faster than other pipelines. On datasets
SEm1-HOMO, SEMI-HETER, SEMI-REL, SEMI-TEXT-W and SEmI-TEXT-C, all models exhibit longer
processing times due to semi-structured attributes and higher schema variability. In these settings,
GLEAM remains competitive among unsupervised systems. On the REL-TEXT dataset, dominated
by free-text fields, GLEAM runs markedly faster than other methods, trailing only ComEM .

Overall, the measurements indicate that GLEAM achieves competitive efficiency while preserving
its unsupervised and adaptive design. Across all datasets, the relative confidence intervals remain
small and do not affect the comparative efficiency or scalability conclusions. The results further con-
firm that the Bayesian connector and hierarchical prompting introduce manageable computational
overhead, keeping end-to-end runtime within the same order of magnitude as conventional EM
baselines. This demonstrates that the adaptive architecture of GLEAM scales effectively without
incurring excessive overhead, despite its unsupervised nature and LLM-based components.
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4.4 Blocking Module Evaluation

Effectiveness o f Blocking. To assess the effectiveness of our structure- and content-aware
blocking module, we compare GLEAM with two widely used blocking methods: Sparkly [17],
a token-based approach, and DeepBlocker [20], a deep learning—based method. We follow the
parameter settings reported in their original papers for a fair comparison. For each anchor entity,
we vary the number of candidate entities k from 1 to 100, and report recall as well as precision and
F1-score of true matches at k € {1, 2, 5, 10, 20, 50, 100}. We focus on REL-HETER and SEm1-TEXT-W
as representative heterogeneous settings; results on the remaining datasets are deferred to our
technical report [1].

Fig. 4 summarizes the recall results across datasets. Overall, GLEAM outperforms both Sparkly
and DeepBlocker in most settings, particularly on heterogeneous and text-rich datasets, demon-
strating its ability to capture both structural and semantic signals during the blocking procedure.
On ReL-HETER, DeepBlocker attains the highest recall across all k, but GLEAM quickly narrows
the gap, within 2.7% at k = 2, and remains competitive as k increases. On SEMI-TEXT-W, GLEAM re-
mains superior throughout, achieving margins of up to 19% over Sparkly at k = 10 and 46% over
DeepBlocker at k = 20.

Figs. 5 and 6 report blocking precision and F1-score, respectively, as k increases on REL-HETER
and SEMI-TEXT-W. Due to space constraints, results on the remaining datasets are provided in our
technical report [1]. As expected, blocking precision and F1-score decrease rapidly with larger k,
since more candidates are intentionally retained to avoid false negatives. Moreover, the absolute
precision and F1-score values vary across datasets, largely due to differences in the density of true
matching pairs relative to the overall candidate space. This behavior is inherent to recall-oriented
candidate generation and reflects the trade-off between coverage and noise. Importantly, this trade-
off does not affect the end-to-end matching quality, as the downstream matching stage explicitly
filters these candidates and restores precision.
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Fig. 7. Varying k: Running time of various blocking algorithms.

These results validate the effectiveness and robustness of our adaptive blocking strategy, espe-

cially on heterogeneous and text-centric datasets where traditional token-based or neural blocking
methods struggle to preserve both coverage and efficiency.
Efficiency of Blocking. We next evaluate the efficiency of the blocking module in terms of runtime,
as shown in Fig. 7. Overall, GLEAM exhibits substantially lower runtime than DeepBlocker and
comparable runtime to Sparkly, except on the relatively small dataset REL-HETER. On large dataset,
GLEAM is slightly slower than Sparkly but remains consistently more efficient than DeepBlocker.
Results on other datasets are deferred to our technical report [1].

These results demonstrate that our structure- and content-aware blocking module attains high
effectiveness while maintaining competitive efficiency, validating that the design improvements do
not come at the cost of excessive computational overhead.

4.5 Adaptive Matching and Connector Analysis

Effectiveness of Adaptive Matching. To evaluate the effectiveness of our adaptive matching mod-
ule, we conduct an ablation study that isolates the impact of the matching component while keeping
the same blocking module across variants. Specifically, we compare three configurations: (i) GLEAM-
block+ComEMmatch, which uses our blocking module combined with the light prompt-based LLM
matcher of ComEM [27]; (ii) GLEAMblock+GLEAMmatch, which replaces ComEM’s matcher with
our own matching module but disables the adaptive connector; and (iii) GLEAM, the full model
that integrates both our matching module and the adaptive connector. For brevity, we omit the
“GLEAMblock” prefix hereafter. For each anchor entity, we vary the number of candidate entities
k from 1 to 100 and report the F1-score between the predicted and ground-truth entity pairs at
k € {1,2,5,10,20,50,100}. We report results on REL-HETER, SEMI-HOMO, SEMI-TEXT-W, and
REL-TEXT, and defer results on the remaining datasets to our technical report [1].

Fig. 8 presents the results. Overall, GLEAMmatch consistently outperforms ComEMmatch, while
the full GLEAM model achieves comparable or superior F1 across datasets by adaptively determining
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when to stop deepening candidate exploration. This adaptivity avoids blindly fixing the candidate
number k: smaller k risks missing true matches, whereas larger k introduces noisy candidates and
unnecessary computation.

On ReL-HETER, GLEAMmatch achieves a higher F1 at k = 1 with a 2.2% lead, while ComEMmatch
slightly outperforms it for k € [2, 20]. As k increases, GLEAMmatch again surpasses ComEMmatch.
Compared to both GLEAMmatch and ComEMmatch, the full GLEAM model gains up to 8.6% and
10.9%, respectively, at k = 1, and still maintains margins of 2% and 2.9% at k = 100. On SEmI-
HOMO, GLEAMmatch consistently exceeds ComEMmatch by up to 16.9% at k = 5. The full GLEAM
model further improves performance for k < 5 and trails slightly as k grows. On SEMI-TEXT-W,
GLEAMmatch again outperforms ComEMmatch with up to 6.9% improvement at k = 20. The
adaptive connector further boosts effectiveness, achieving a substantial 42.2% gain at k = 1. On
ReL-TEXT, GLEAMmatch improves upon ComEMmatch by up to 6.2% at k = 1. The full GLEAM
model remains superior for k < 20 and maintains competitive performance at larger k.

These results confirm that the adaptive connector effectively balances exploration depth and

matching confidence, while the hierarchical reasoning component ensures robust and schema
agnostic effectiveness across domains.
Efficiency and Token Usage. We next evaluate LLM efficiency by measuring total token consump-
tion, defined as: Overall Tokens = Input Tokens + Output Tokens X 4, following the gpt-4o pricing
ratio of 1:4 between input and output.! We vary candidate sizes per anchor record k € [1,100]
and report overall tokens when k is {1, 2, 5, 10, 20, 50, 100}. We report results on REL-HETER, SEmI-
HOMO, SEM1-TEXT-W, and REL-TEXT as shown in Fig. 9, while the remaining datasets are provided
in our technical report [1].

Across the reported datasets, GLEAM consistently maintains a flat token cost regardless of the
number of candidates, while ComEMmatch and GLEAMmatch exhibit a steep growth trend as
the number of candidates increases. For example, on SEMI-TEXT-W, GLEAM holds constant at
143M tokens, while ComEMmatch grows from 4.9M to 396M and GLEAMmatch from 7.7M to
419M, saving 3-4X tokens with even higher F1. On REL-TEXT, GLEAM requires only 12M, while

10penAl API Pricing: https://platform.openai.com/docs/pricing
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Table 5. End-to-end matching performance with different LLM backbones (precision, recall, and F1).
ReL-HETER SEMi-HOMO SEmI-HETER SEmI-REL SEMI-TEXT-W SEMI-TEXT-C REL-TEXT
P R F P R F P R F P R F P R F P R F P R F
GPT-40-mini | 0.911 0.836 0.872 | 0.96 0.613 0.748 | 0.835 0.975 0.90 | 0.952 0.824 0.889 | 0.594 0.733 0.656 | 0.86 0.535 0.659 0.85 0417  0.56
GPT-40 0.954 0936 0.945 | 0.957 0.742 0.836 | 0.901 0.943 0.922 0.98 0.821 0.893 | 0.615 0.73 0.668 | 0.977 0.551 0.704 | 0.816 0.609 0.697
Llama-4-17B | 0.823 0.973 0.892 | 0.953 0.573 0.716 | 0.838 0.963 0.896 | 0.965 0.573 0.719 | 0.447 0.235 0.308 | 0.958 0.155 0.267 | 0.735 0.251 0.374
Llama-3.3-70B | 0.92  0.936 0.928 | 0.951 0.631 0.759 | 0.844 0.963 0.90 [ 0.973 0589 0.733 | 0.899 0.41 0563 | 0.939 048 0.636 | 0.768 0.349  0.48
Qwen3-32B | 0.907 0.973 0.939 | 0.972 0.584 0.73 | 0.919 0.933 0.926 | 0.982 0.71 0.824 | 0.667 0.37 0.476 | 0.947 0.534 0.683 | 0.871 0.424 0.57
Qwen3-235B | 0.99 0.936 0.963 | 0.947 0.602 0.736 | 0.871 0.962 0.914 | 0.975 0.821 0.891 | 0.833 0.549 0.662 | 0.925 0.563 0.70 | 0.801 0.587 0.677

Models

ComEMmatch and GLEAMmatch rise from under 1M to over 47M, reducing token consumption by
more than 75%.

These results demonstrate that the adaptive connector effectively regulates LLM usage by
dynamically controlling exploration depth and terminating matching once sufficient confidence is
reached. This design yields large efficiency gains without compromising accuracy, confirming that
GLEAM achieves a strong balance between effectiveness and computational cost.

4.6 Hierarchical Reasoning Matching Analysis

To validate the effectiveness of the proposed two-stage hierarchical reasoning in the matching
module, we conduct an ablation study with three variants: (i) the full module with domain-aware
summarization and the complete selection prompt (GLEAMmatch), (ii) a variant that omits domain
summarization and performs selection directly from raw attributes (GLEAMmatch NoDomain),
and (iii) a variant that retains domain summarization but uses a simplified selection prompt
without explicit reasoning guidance (GLEAMmatch NoReason). We vary the candidate set size
k € {1,2,5,10, 20,50, 100} per anchor record and report F1-score.

Fig. 10 shows consistent trends on REL-HETER and SEmMI-HOMO (results on the remaining
datasets are provided in our technical report [1] due to space constraints). Across all values of k,
GLEAMmatch consistently achieves the highest F1-score, while GLEAMmatch NoReason performs
worst. On REL-HETER, removing explicit reasoning guidance in the selection prompt reduces F1 by
2.7% at the peak k = 2. The effect is larger on SEMI-HOMO: at k = 10, the full model reaches 0.845
F1, compared to 0.816 for GLEAMmatch NoDomain and 0.765 for GLEAMmatch NoReason.

These results support our design of an explicit two-stage reasoning pipeline: domain summariza-
tion provides a consistent performance lift, while a richer selection prompt improves matching
quality. Together, they confirm that separating schema understanding from final selection yields
more robust matching behavior.
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4.7 Backbone Model Analysis

To examine whether the effectiveness of GLEAM depends on a specific LLM, we evaluate the
end-to-end matching performance using multiple backbone models, including GPT-40-mini, GPT-
40, Llama-4-17B, Llama-3.3-70B, Qwen3-32B, and Qwen3-235B, covering both proprietary and
open-source LLMs with varying capacities.

Overall, Tab. 5 shows consistent trends across both proprietary and open-source backbones.
Larger models (e.g., GPT-40 and Qwen3-235B) generally achieve a stronger balance between
precision and recall, while mid-sized models exhibit similar but slightly less stable behavior. Smaller
models tend to struggle more with group-level candidate comparison, particularly on text-heavy
datasets such as SEMI-TEXT-W and ReL-TEXT, where records contain longer textual attributes.

For example, on these datasets, smaller models such as Llama-4-17B show substantially lower
F1 compared with larger models, suggesting greater difficulty in identifying true matches. At
the same time, open-source models such as Qwen3-32B remain competitive on structured and
semi-structured datasets.

These results suggest that GLEAM generalizes well across different LLM families and model
sizes, and that its effectiveness is not tied to any specific backbone.

5 Related Work

Our work is related to several lines of research in entity matching and data management, including
traditional and schema-agnostic entity matching, graph-based entity matching, end-to-end entity
matching pipelines, and the emerging use of large language models (LLMs) in data management.
Traditional and Schema-Agnostic Entity Matching. Entity matching has been extensively
studied in the data management community. Early approaches primarily relied on rule-based
systems or supervised learning models with manually engineered features and schema-specific
similarity functions [5, 10, 26, 28]. To reduce dependence on explicit schema alignment, a series of
schema-agnostic entity matching methods have been proposed, leveraging pre-trained language
models to capture semantic similarity across attributes or records [12, 15, 19]. These methods
substantially improve robustness to schema variation. However, they primarily focus on learning
schema-agnostic similarity functions and typically consider records with relatively similar structural
representations, without explicitly modeling cross-structure or hierarchical heterogeneity.
Graph-Based Entity Matching. A prominent line of work formulates entity matching as a graph-
based learning problem, where entities, attribute values, or tokens are modeled as nodes and edges
encode similarity or contextual relationships [2, 9, 11]. Representative approaches such as GraphER
and FlexER construct heterogeneous or multiplex graphs and apply graph neural networks for
collective inference across records. GraphER employs graph convolutional networks (GCNs) over
entity-attribute-token hierarchies to capture semantic and structural dependencies [11]. FlexER
constructs a candidate-pair graph and performs message passing using GraphSAGE to distinguish
matched and unmatched pairs [9]. While effective, many existing graph-based approaches rely
on labeled record pairs to train matching models or guide representation learning. TDmatch [2]
adopts an unsupervised graph-based formulation that avoids labeled data, but still faces limitations
in providing matching guidance and scaling to large datasets.

End-to-End Entity Matching Pipelines. Beyond individual matching models, entity matching
systems are commonly organized as end-to-end pipelines consisting of blocking and matching
stages [10, 27]. Recent work emphasizes jointly optimizing these stages to reduce error propaga-
tion and improve overall effectiveness. Representative approaches explore supervised contrastive
learning for blocking and candidate selection [3, 16], while other methods adopt probabilistic or
representation-based scoring mechanisms to separate matched and non-matched pairs within an
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end-to-end setting [25, 29]. Our evaluation in Section 4.2 follows this end-to-end paradigm and
compares against representative baselines to assess overall matching effectiveness.

LLMs in Data Management. Large language models are rapidly emerging as general-purpose
reasoning engines for data-centric tasks, spanning schema understanding, query generation (e.g.,
text-to-SQL), data discovery, and knowledge extraction [8, 13, 30]. Our framework aligns with
this evolution by embedding LLM-guided reasoning within an adaptive, unsupervised pipeline,
leveraging language understanding for attribute weighting and comparative selection without
relying on extensive prompting or fine-tuning.

6 Conclusion

We present an end-to-end framework for generalized entity matching powered by large language
models. The proposed approach integrates structure- and content-aware blocking, hierarchical
reasoning for matching, and an adaptive connector that reduces computational overhead. Extensive
experiments show that GLEAM achieves up to 25.7% F1 improvement over the state-of-the-art
supervised method while maintaining consistently high efficiency. As future work, we plan to relax
the static data assumption by extending GLEAM to support temporal and dynamic settings with
insertions, updates, and deletions, enabling continuous entity matching over evolving datasets. In
addition, although GLEAM already scales well on moderately large benchmarks, we aim to further
explore distributed and streaming extensions to support enterprise-scale deployments.
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