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ABSTRACT

The FAIR Data Principles, which emphasize Findability, Accessibility, Interoperability, and

Reusability of scholarly data, have garnered substantial attention for their pivotal role in

advancing open science. We consider these principles not only applicable but also critical

for managing modern data stores such as data lakes. While the principles provide a valuable

guide, operationalizing them remains a significant challenge due to a lack of concrete designs,

especially as data volume and complexity continue to grow.

This dissertation addresses this gap by focusing on enhancing the findability and reusabil-

ity of relational tables. We contribute a suite of novel techniques that leverage Artificial In-

telligence (AI)–spanning representation learning, probabilistic models, and Large Language

Models–to make data in large-scale stores more findable and reusable.

A primary barrier to data reuse is finding the right data. To address this findability chal-

lenge, we developed systems that discover semantically related tables for data integration

and augmentation. Our framework began with Pylon, a system for semantic table union

search using learned data representations, and its extension WarpGate, which discovers

joinable tables in cloud data warehouses. Addressing the need for discovery without requir-

ing direct data access, a common constraint in enterprise environments, we then proposed

Nexus, a novel algorithm that infers complex join graphs using metadata alone. By leverag-

ing low-rank matrix completion and Large Language Models, Nexus automatically detects

join relationships in data-restricted settings.

Beyond discovery, making data reusable also requires consistent metadata and a deep

understanding of the AI models used in the process. To enhance metadata interoperability,

a key component of reusing data, we introduce OpenForge, a probabilistic solution that

automatically standardizes open-domain metadata. It induces a coherent taxonomy by re-

solving various relationships between metadata concepts, ensuring consistent usage over time.

To facilitate the efficient reuse of the AI models themselves, we developed Observatory, a

framework that systematically characterizes embedding representations of relational tables.

Observatory provides crucial insights into the strengths and weaknesses of different table

embedding models, enabling users to better anticipate model behaviors and select appropri-

ate models for their downstream tasks.
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CHAPTER 1

Introduction

The exponential proliferation of digital information has created a global datasphere of un-

precedented scale. A report by International Data Corporation(IDC) [140] forecasts that the

world will create and replicate 163 zettabytes of data by 2025. This is a trillion gigabytes

and represents a staggering increase of more than ten-fold since 2016, when the total volume

was 16.1 zettabytes. This growth is propelled by the expansion of the Internet of Things,

the computational demands of artificial intelligence (AI) systems, and the ceaseless digital

interactions of a globally connected populace. A defining characteristic of this data deluge is

its composition; an estimated 80% to 90% of all data is unstructured (information that does

not have a predefined format or organized model for direct machine processing and analysis),

including text, images, videos, and sensor readings.

This explosion in data generation presents a profound paradox, which can be conceptu-

alized as a vast data iceberg. The visible tip represents the small fraction of data that is

actively managed, analyzed, and leveraged for decision-making. The immense, submerged

bulk of this iceberg, however, constitutes “dark data”—the vast repositories of informa-

tion that organizations collect and store but fail to utilize for analytical insight. Empirical

studies quantify this disparity: a significant 68% of all data available to enterprises remains

untapped, while a global survey by Splunk found that 55% of an organization’s data is “dark”

while being considered very or extremely valuable to business success [153]. The problem is

particularly acute in certain domains; for instance, IBM estimates that approximately 90%

of data generated by sensors is never used [139]. An IDC 2012 study by highlighted this

systemic underutilization, finding that while nearly a quarter of the global datasphere held

potential analytical value, less than 1% was actually being analyzed [155].

This enormous, submerged mass of unused data underpins the contemporary data

reusability challenge. It represents not only a significant unrealized asset but also a sub-

stantial cost in terms of storage and potential legal liability. Data remains “dark” not due

to an intrinsic lack of value, but because of systemic barriers: it is frequently trapped in

functional silos, is inadequately documented with metadata, exists in heterogeneous and
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incompatible formats, or is simply unknown to potential users within an organization. To

unlock the potential concealed within this digital iceberg, a fundamental paradigm shift

in data stewardship is required—one that moves beyond mere collection and storage to a

strategic focus on making data findable, accessible, interoperable, and, ultimately, reusable.

The FAIR data principles—a conceptual framework designed to make data Findable,

Accessible, Interoperable, and Reusable—offer a strategic and globally recognized response

to this crisis. Established in 2016, FAIR is not a rigid standard but a set of high-level

principles that emphasize machine-actionability, aiming to create a data ecosystem where

computational systems can autonomously discover, evaluate, and integrate data with min-

imal human intervention [171]. The principles are initially proposed to promote the use of

persistent identifiers, rich metadata, standardized protocols, shared vocabularies, and clear

usage licenses for sharing scholarly data and advancing open science. Within the open sci-

ence ecosystem, FAIR is becoming a cornerstone of policy, driven by funder mandates from

institutes like the NIH [125] and the European Commission. Such top-down mandates have

become one of the most significant drivers of FAIR adoption in the academic world. A key

mechanism for enforcing this is the requirement for researchers to submit detailed Data Man-

agement Plans as part of their grant proposals, which must explicitly outline the strategies

for making their data FAIR.

While the FAIR principles originated in the academic research community, their applica-

bility extends far beyond it. In the corporate world, FAIR is rapidly being recognized not

as a matter of compliance or open-access ideology, but as a core component of modern data

strategy and a critical enabler of digital transformation (Companies such as Splunk1 and

TileDB2 are leaders on this front). The enterprise value proposition for FAIR is rooted in

its ability to convert chaotic, siloed data into a coherent, reusable, and machine-actionable

asset that drives efficiency, innovation, and competitive advantage. The business case is even

more compelling in the AI era, especially due to the rise of Large Language Models (LLMs)

that are trained on the whole internet of data while seeking more. FAIR data is “AI-ready,”

capable of fueling AI models. The ultimate “reuser” of FAIR data is increasingly not a

human analyst, but an automated process or an AI algorithm.

In this dissertation, we propose algorithms that make data, particularly tabular data,

more findable and reusable in both open data stores and enterprise environments. We

leverage AI techniques including representation learning, probabilistic models and LLMs,

which are key enablers of our designs. Below we discuss specific challenges we address for

reusing data in Section 1.1 and give an overview of our contributions in Section 1.2.

1https://www.splunk.com
2https://www.tiledb.com
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1.1 Technical Challenges

1.1.1 Discoverability Issues

A primary and foundational barrier to data reuse is that a significant volume of data is

simply not discoverable by standard search mechanisms like keyword search. Before any

assessment of quality or usability can occur, a potential reuser must first be aware that a

dataset exists. However, a substantial portion of data remains isolated on individuals’ hard

drives, local servers, or within institutional file systems that are not indexed for search. Even

when data is deposited into a repository, discoverability is frequently compromised by poor

data quality and documentation.

Search engines, whether for general web content or specialized data catalogs, rely on rich,

machine-readable metadata to index resources and determine their relevance to a query.

When metadata is not detailed, incomplete, or uses non-standard terminology, it severely

limits the ability of both human users and automated systems to find the data and assess

its utility. Furthermore, the requirements of modern scientific inquiry often transcend the

capabilities of simple keyword-based searches. Researchers increasingly need to discover data

based on complex conceptual relationships, a process known as semantic search. This re-

quires a more sophisticated approach to metadata, one that utilizes standardized, controlled

vocabularies and ontologies that are shared within and across disciplines. Such semanti-

cally enriched metadata allows a search engine to understand the meaning behind the terms,

enabling it to find datasets based on related concepts rather than exact keyword matches.

1.1.2 Data Heterogeneity and Lack of Standardization

Data is rarely born interoperable and reusable. It is created using a vast array of instruments,

software, and methodologies, resulting in a chaotic landscape of heterogeneous data formats,

inconsistent terminologies, and non-standardized data structures. Many of these formats are

proprietary, locking data into specific software ecosystems and creating immediate barriers

to access for those without the requisite tools. This lack of a common language makes

integrating data from different sources a labor-intensive and error-prone process of data

wrangling and transformation.

Beyond the technical issues, it is worth noting that a powerful set of social and cultural

norms in both academia and enterprise actively discourages data sharing and reuse including

but not limited to sociocultural inertia, legal and ethical complexity, and economic and

resource constraints. These barriers complicate the data reuse landscape while they are

outside the scope of this dissertation.
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1.2 Contributions Overview

The overarching contribution of this dissertation is a suite of AI-driven techniques that au-

tomate critical “sense-making” tasks, such as data discovery and metadata standardization,

which are essential for data usability but currently require manual, non-scalable human effort.

By automating these bottlenecks, this work significantly enhances the machine actionability

of data, paving the way for systems that can autonomously discover, integrate, and utilize

data with minimal human intervention–a core goal of the FAIR principles.

To support reproducibility and encourage future research, the non-proprietary research

artifacts from this dissertation have been made open-source.

Pylon (Chapter 3) The large size and fast growth of data repositories, such as data

lakes, has spurred the need for data discovery to help analysts find related data. The

problem has become challenging as (i) a user typically does not know what datasets exist

in an enormous data repository; and (ii) there is usually a lack of a unified data model to

capture the interrelationships between heterogeneous datasets from disparate sources. In

this work, we address one important class of discovery needs: finding union-able tables.

The task is to find tables in a data lake that can be unioned with a given query table.

The challenge is to recognize union-able columns even if they are represented differently. In

this paper, we propose a data-driven learning approach: specifically, an unsupervised repre-

sentation learning and embedding retrieval task. Our key idea is to exploit self-supervised

contrastive learning to learn an embedding model that takes into account the indexing/search

data structure and produces embeddings close by for columns with semantically similar val-

ues while pushing apart columns with semantically dissimilar values. We then find union-able

tables based on similarities between their constituent columns in embedding space.

WarpGate (Chapter 4) Data discovery is a major challenge in enterprise data analysis:

users often struggle to find data relevant to their analysis goals or even to navigate through

data across data sources, each of which may easily contain thousands of tables. One common

user need is to discover tables joinable with a given table. This need is particularly critical

because join is a ubiquitous operation in data analysis, and join paths are mostly obscure

to users, especially across databases. Furthermore, users are typically interested in finding

“semantically” joinable tables: with columns that can be transformed to become joinable

even if they are not joinable as currently represented in the data store.

We present WarpGate, a system prototype for data discovery over cloud data ware-

houses. WarpGate implements an embedding-based solution to semantic join discovery,

which encodes columns into high-dimensional vector space such that joinable columns map

to points that are near each other. Through experiments on several table corpora, we show
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that WarpGate (i) captures semantic relationships between tables, especially those across

databases, and (ii) is sample efficient and thus scalable to very large tables of millions of

rows. We also showcase an application of WarpGate within an enterprise product for cloud

data analytics.

Nexus (Chapter 5) Automatically inferring join relationships is a critical task for ef-

fective data discovery, integration, querying and reuse. However, accurately and efficiently

identifying these relationships in large and complex schemas can be challenging, especially

in enterprise settings where access to data values is constrained. In this paper, we intro-

duce the problem of join graph inference when only metadata is available. We conduct an

empirical study on a large number of real-world schemas and observe that join graphs when

represented as adjacency matrices exhibit two key properties: high sparsity and low-rank

structure. Based on these novel observations, we formulate join graph inference as a low-rank

matrix completion problem and propose Nexus, an end-to-end solution using only meta-

data. To further enhance accuracy, we propose a novel Expectation-Maximization algorithm

that alternates between low-rank matrix completion and refining join candidate probabilities

by leveraging Large Language Models.

OpenForge (Chapter 6) Modern data stores increasingly rely on metadata to enable

diverse activities such as data cataloging and search. However, metadata curation remains

a labor-intensive task, and the broader challenge of metadata maintenance—ensuring its

consistency and usefulness—has been largely overlooked. In this work, we tackle the problem

of resolving relationships among metadata concepts from disparate sources. Inferring these

relationships are critical for creating clean and consistent metadata repositories, and a central

challenge for metadata integration.

We proposeOpenForge, a two-stage prior-posterior framework for metadata integration.

In the first stage, OpenForge exploits multiple methods including fine-tuned large language

models to obtain prior beliefs about concept relationships. In the second stage, OpenForge

refines these predictions using the Markov Random Field, a probabilistic graphical model.

We formalize metadata integration as an optimization problem, where the objective is to

identify the relationship assignments that maximize the joint probability of assignments.

The MRF formulation allows OpenForge to capture prior beliefs while encoding critical

relationship properties, such as transitivity, in probabilistic inference.

Observatory (Chapter 7) Language models and specialized table embedding mod-

els have recently demonstrated strong performance on many tasks over tabular data. Re-

searchers and practitioners are keen to leverage these models in many new application con-

texts; but limited understanding of the strengths and weaknesses of these models, and the

table representations they generate, makes the process of finding a suitable model for a given
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task reliant on trial and error. There is an urgent need to gain a comprehensive understand-

ing of these models to minimize inefficiency and failures in downstream usage.

To address this need, we propose Observatory, a formal framework to systematically

analyze embedding representations of relational tables. Motivated both by invariants of the

relational data model and by statistical considerations regarding data distributions, we de-

fine eight primitive properties, and corresponding measures to quantitatively characterize

table embeddings for these properties. Based on these properties, we define an extensible

framework to evaluate language and table embedding models. We collect and synthesize a

suite of datasets and use Observatory to analyze nine such models. Our analysis provides

insights into the strengths and weaknesses of learned representations over tables. We find, for

example, that some models are sensitive to table structure such as column order, that func-

tional dependencies are rarely reflected in embeddings, and that specialized table embedding

models have relatively lower sample fidelity. Such insights help researchers and practitioners

better anticipate model behaviors and select appropriate models for their downstream tasks,

while guiding researchers in the development of new models.
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CHAPTER 2

Background

Data often becomes “dark” or underutilized for a myriad of reasons, including but not

limited to being unaware of its existence, being trapped in organizational silos or suffering

incomplete data integration [139]. Such issues, in combination with the rising demand for

advanced analytics and machine learning on unstructured data, have promoted the adoption

of data lakes. Built upon distributed file systems like HDFS [150] or cloud object stores like

Amazon S3, data lakes offer a low-cost, highly scalable solution for storing vast quantities

of structured, semi-structureed, and unstructured data in its raw format. Ideally, data lakes

are envisioned to provide a single, unified source of truth for diverse use cases.

Despite the flexibility of data lakes, many promises of data lakes have not been realized.

Many organizations find their data lakes degrading into “data swamps” due to persistent

issues with data quality, slow query performance, and inadequate data governance. Conse-

quently, it remains challenging for users, from data scientists to analysts, to efficiently find,

understand, and reuse their orgalization’s valuable data assets.

2.1 Data Discovery

Data lakes, viewed simply, are massive collections of files. Much of the academic effort

to rescue these data lakes from becoming swamps falls under the umbrella of data discov-

ery: the process of identifying and retrieving relevant datasets or files to satisfy a user’s

information need. Due to the variety of these information needs and the ambiguity in-

herent in expressing them, researchers have investigated numerous tasks targeting differ-

ent forms of user queries [116, 32, 185, 64], including keyword-based search [25, 74, 184],

table-based search [144, 124, 60, 191, 187, 17, 43, 91, 54, 42], and natural language

queries [177, 76, 167, 86].

Given the ubiquitous existence of tabular data, table-based search has been a long-

standing problem attracting significant interest from the data management, information
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Figure 2.1: Examples of dataset metadata from two dataset hosting platforms: data.gov
(left) and ICPSR (right).

retrieval, and natural language processing communities. Rooted from the semantic web era,

which focused on direct matching of schema or table content [25, 174, 144]. table-based

search has evolved considerably for table retrieval, data augmentation and repository ex-

ploratory purposes with more semantic and scalability requirements. In Chapter 3 and

Chapter 4 of this dissertation, we contribute to enhancing the findability and reusability of

tabular data in data lakes. We focus on two primary tasks of table-based search: unionable

table search and joinable table search. The goal of unionable table search is to find relevant

tables that can be unioned (vertically combined) with a query table, thereby augmenting it

with more tuples. Similarly, the goal of joinable table search aims to find tables that can be

joined (horizontally combined) with a query table to augment it with more attributes. Such

tasks are critical for data integration pipelines and as a preparation step for machine learn-

ing applications. To achieve relevant and scalable search, datasets or tables are commonly

transformed into one or multiple types of more compact representations, such as statistical

profiles, hashes, and embeddings and indexed in a data structure for fast retrieval. Readers

can refer to Section 3.5 and Section 4.6 for a detailed overview of related work.

It is also worth noting that data discovery is not a purely technical problem as many

have pointed out [69, 80, 59]. Social factors—including user practices, how individuals make

sense of data, undocumented domain knowledge—profoundly influence the ultimate success

and adoption of any data discovery system.
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2.2 Metadata

Major dataset hosting platforms, such as Google Dataset Search [74], the United States

Government’s open data site [162] and ICPSR (maintaining the world’s largest social and

political data archive) [82], employ a keyword-based search model and rely heavily on meta-

data to help users find and reuse datasets. As shown in Figure 2.1, common metadata

includes dataset identifiers, descriptions, and annotations at various granularities, from the

dataset level (e.g., subject terms, geographic coverage) to the column level (e.g, column de-

scriptions, data types). When a user submits a query, these systems attempt to syntactically

match query terms against the metadata fields.

This query model, despite simple and straightforward, suffers from three significant limi-

tations. First, keywords cannot fully express the user’s intent. Second, the model’s effective-

ness is entirely dependent on the existence of comprehensive, high-quality metadata catalogs.

Third, the lack of semantic matching means a semantically relevant dataset can be easily

missed if its metadata does not contain the exact query keywords. Additionally, curating

high-quality metadata requires thorough examination and processing of human experts with

domain knowledge [163]. Given the sheer volume of deposited datasets, it is infeasible for

curators to go through each dataset and annotate every metadata field. Consequently, many

datasets are deposited “as-is” with only a few required metadata fields filled out by dataset

depositors, severely limiting their findability and reusability.

As metadata may be missing, inconsistent, or incomplete, a large body of recent work in

data discovery has proposed data-driven approaches. These methods extract and leverage

signals (e.g., statistical profiles, hashes and embeddings) directly from the data content

itself [124, 191, 187, 43, 54, 91]. While data-driven approaches can often capture richer signals

and demonstrate promising result quality for specific tasks, we emphasize several factors

that prevent their widespread adoption in real-world data search systems: (1) Data-driven

approaches are often computational heavy, requiring at least one full data pass to compute

their signals, which is costly to compute and maintain for large repositories. (2) They lack

the mature system support that full-text search engines like Elasticsearch 1 or traditional

relational databases like PostgreSQL 2 provide for keyowrd search. (3) Abandoning existing

catalogs is impractical, as metadata-based search remains an intuitive and useful paradigm

for general-purpose use. (4) Many scenarios, particularly in enterprise settings, have strict

governance and privacy policies that constrain or forbid direct access to raw data values.

While the development and promotion of novel, data-driven discovery systems continues,

1https://www.elastic.co/elasticsearch
2https://www.postgresql.org/docs/current/textsearch.html
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comparatively little work has investigated how to mitigate metadata “pain points” (e.g.,

inconsistency) for existing systems, or how much value can be unlocked by leveraging exist-

ing metadata. This dissertation attempts to fill that gap. In Chapter 6, we contribute an

approach that integrates metadata and improve its consistency by resolving various relation-

ships between metadata concepts from disparate sources. Ensuring metadata consistency is

critical for interconnecting siloed datasets that are semantically relevant but annotated with

different vocabularies or catalogs. In Chapter 5, we further investigate how to recover join

graphs of relational tables in enterprise data lakes using only metadata. This problem of

inferring join relationships between relational tables is typically approached with methods

that assume direct access to the data. We demonstrate that by leveraging metadata com-

monly collected by data services for query optimization, along with the structural properties

of these join graphs, we can achieve comparable or even better result quality compared to

approaches that rely on accessing data values.

2.3 Representation Learning

Learning representations of raw data that make it easier to extract useful information when

building classifiers or other predictors has been a long-standing and foundational topic in the

machine learning community [14]. The advance of representation learning has profoundly

impacted data management research, particularly in the data discovery domain that is central

to this dissertation, from table understanding [79, 181, 157] to table-based search [60, 43, 54],

from task-specific models to multi-task models [47, 161, 164].

The primary artifacts of representation learning are embeddings–dense vector representa-

tions of raw data. In the learned vector space, proximity between embeddings should ideally

approximate some similarity notion determined by task semantics, enabling efficient pairwise

comparisons or cluster-based analysis of the original objects. For tabular data, embeddings

can be generated at multiple granularities, representing an individual cell, a row, a column,

or even an entire table. These embeddings, once trained or fine-tuned, facilitate a wide range

of downstream tasks. These include classification tasks like entity matching [117, 103] and

column type annotation [79, 181, 157]; table question answering [177, 76, 106]; and retrieval

tasks such as unionable table search [124, 43] and joinable table search [60, 42, 54].

Depending on the availability of labeled data, the choice of learning techniques falls

broadly into supervised or unsupervised learning. A particularly relevant sub-category of

unsupervised learning is self-supervised learning, which has received significant interest. The

learning models are trained on unlabeled data by creating supervisory signals from the data

itself [49, 34, 12], thereby bypassing the need for expensive, manual labeling. This approach is
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exceptionally valuable in the data lake context, which is often characterized by vast quantities

of unlabeled data.

This dissertation engages with representation learning on multiple aspects. In Chap-

ter 3, we introduce a novel self-supervised learning technique to learn column representa-

tions specifically for unionable table search, a method that is also applicable to joinable

table search. In Chapter 6, we leverage supervised learning by fine-tuning billion-parameter

language models with labeled data for metadata relationship classification. In Chapter 7,

we contribute a critical analysis of relational table embeddings, providing new insights into

the strengths and weaknesses of learned representations for tabular data.

2.4 Large Language Models

Representing a new apex in representation learning, Large Language Models (LLMs) are AI

models trained on a vast amount of text data for natural language processing tasks, e.g.,

understanding, generating and translating human language. Recent LLMs, consisting of

billions to trillions of parameters, exhibit emergent capabilities for generating, summarizing,

translating, and reasoning over text and other modalities [126, 6]. The rise of LLMs, driven

by their out-of-the-box general-purpose capabilities, has begun to reshape numerous research

fields, including data management.

Historically, finding and reusing data has been impeded by significant challenges, primarily

context ambiguity and the lack of a true general-purpose model. Data values are often

ambiguous, especially when crucial metadata is missing. This issue is pervasive in data

integration tasks like entity matching–a long-standing problem that seeks to determine if

two entity mentions refer to the same real-world entity. Prior efforts to capture semantics

and mitigate ambiguity have relied on training task-specific models with costly, manually-

labeled data [117, 103, 47, 157, 54, 164]. A fundamental limitation of this approach is that

these specialized models lack the broad transferability and general-world knowledge inherent

to LLMs.

In this dissertation, we made early-stage attempts of applying LLMs to tackle these chal-

lenges. In Chapter 6, we use LLMs–through both prompting and efficient fine-tuning with

small amounts of labeled data–to provide prior information within a probabilistic framework

for resolving relationships between metadata concepts. Similarly, in Chapter 5, we employ

LLMs to generate prior predictions for recovering relational join graphs. Furthermore, we

utilize LLMs to perform open-domain semantic column type annotation and equivalence

checking. This constitutes a critical departure from previous work, which typically relies

on fixed vocabularies to annotate the semantic types of columns [79, 181, 157]. Prior ap-
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proaches cannot generalize to the diverse and evolving semantics of data lakes, as any fixed

vocabulary lacks the comprehensiveness required for such an environment. LLMs, due to

their strong semantic understanding capacity, can effectively mitigate this limitation, acting

as true open-domain predictors.
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CHAPTER 3

Pylon: Semantic Table Union Search in Data

Lakes

3.1 Introduction

Recent years have witnessed a vast growth in the amount of data available to the public,

particularly from data markets, open data portals, and data communities (e.g., Wikidata

and Kaggle) [32]. To benefit from the many new opportunities for data analytics and data

science, the user first usually has to find related datasets in a large repository (e.g., data lake).

Common practice in production is to provide a keyword search interface over the metadata

of datasets [23] but users often have discovery needs that cannot be precisely expressed by

keywords. The challenge for a system is to support users with varying discovery needs,

without the help of a unified data model capturing the interrelationships between datasets.

In response to the challenge, there are many ongoing efforts under the umbrella of data

discovery. One task of interest in data discovery is to find unionable tables [26, 144, 124, 17]

with the aim of adding additional relevant rows to a user-provided table. Figure 3.1 shows

an example of two tables unionable over four pairs of attributes. In general, the literature

considers two tables unionable if they share attributes from the same domain and assumes

the unionability of two attributes can be implied by some notion of similarity. We refer to

the problem of finding unionable tables as table union search (as termed in [124]) in the rest

of the paper.

The typical solution path is to first identify unionable attributes (or columns in the ta-

bles) with the aid of an indexing/search data structure (e.g., locality sensitive hashing) and

then aggregate column-level results to obtain candidate unionable tables. To uncover the

unionability of attributes, both syntactic and semantic methods have been exploited. Syn-

tactic methods are the easiest, and have been used the longest. While they are robust at

catching small changes, such as capitalization or the use of a hyphen, they are unable to

address even the use of common synonyms. Semantic methods offer the possibility of finding
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Figure 3.1: An example of two tables unionable over four pairs of attributes: title - Title,
authors - Authors, venue - Platform, and year - Year.

unionable columns of semantically similar values despite their syntactic dissimilarity (e.g.,

“venue” column and “platform” column in figure 3.1). Sarma et al. [144] and Nargesian et

al. [124] link cell values to entity classes in an external ontology and compare similarity of

entity sets. Nargesian et al. [124] and Bogatu et al. [17] use off-the-shelf word embeddings

to measure semantics. Both methods have notable limitations. Nargesian et al. [124] ob-

served that only 13% of attribute values of their collected Open Data tables can be mapped

to entities in YAGO [156], one of the largest and publicly available ontologies. Although

word embeddings can provide more semantic coverage of attributes, they are subject to the

training text corpus and may not generalize well to textual data in tables [72, 98]. Recent

advance in tabular embeddings [47, 161] may mitigate the issue, however, we argue that

these models in training do not take into account the indexing/search data structure, which

is a core component of any efficient solution to table union search. In particular, [124, 17]

rely on the correlation between column unionability and cosine similarity of their embed-

dings. Nevertheless, the embeddings they use and recent more advanced tabular models

are not optimized in training for approximate cosine similarity search so the performance of

indexing/search data structure is suboptimal.

Instead of relying on low-coverage ontologies or pre-trained embeddings that are unaware

of required data structure in table union search, we propose a data-driven learning approach

to capture data semantics and model characteristics of the essential indexing/search data

structure. We also argue that the popular classification formulation in the literature [47,

103, 161] is less feasible for table union search. On one hand, there is no large-scale labeled

dataset for table union search. The only publicly available benchmark [124] with table- and

column-level ground truth contains a limited number of tables synthesized from only 32 base

tables, which is far from being enough for training purposes. On the other hand, even if the

training data problem were resolved, we would only be able to determine column matches

pairwise. Unlike tasks (e.g., semantic column type annotation and entity matching) that

can be formulated as a classification problem, finding unionable tables is a search problem.
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It would be very inefficient to exhaustively consider every query column and every column

in the data lake pairwise to predict unionability. In short, the inherent search nature of

the problem makes the supervised classification formulation infeasible and it is important to

jointly consider representation learning and the indexing/search data structure.

In this work, we overcome the aforementioned difficulties by casting table union search as

an unsupervised representation learning and embedding retrieval task. Our goal is to learn

column-level embeddings into a high-dimensional feature space that also models character-

istics of the indexing/search data structure. Locality search in this feature space can then

directly be used for unionable table search. To achieve this goal, our key idea is to exploit

self-supervised contrastive learning to learn an embedding model that produces embeddings

with high similarity measure (which is used in indexing/search data structure) for columns

with semantically similar values and pushes away columns with semantically dissimilar val-

ues. We propose Pylon, a novel self-supervised contrastive learning framework that learns

column representations and serves table union search without relying on labeled data.

There are two main challenges in the development of Pylon:

1. How to learn embeddings that capture both data semantics and model characteristics

of indexing/search data structure? Existing embedding models may capture semantics

from a large training corpus but they are ignorant of additional data structure necessary

in table union search. In other words, the potential of locality search is not fully realized

with existing embeddings.

2. How to create training data without human labeling? The self-supervised contrastive

learning technique requires constructing positive and negative examples from data

themselves. In the field of computer vision where contrastive learning first took off,

[34] applies a series of random data augmentation of crop, flip, color jitter, and grayscale

to generate stochastic views of an image. These views preserve the semantic class label

of the image and so make positive examples for training. They further consider any

two views not from the same image as a negative example. However, the tabular data

modality is dramatically different from images and it remains unclear how to create

different views of tables while keeping the semantics.

In summary, we make the following contributions:

• We formulate semantic table union search as an unsupervised representation learn-

ing and embedding retrieval problem, and propose to use self-supervised contrastive

learning to model both data semantics and indexing/search data structure.
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• We present Pylon, a contrastive learning framework for learning semantic column

representations from large collections of tables without using labels. In particular, we

propose two simple yet effective strategies to construct training data in an unsupervised

manner.

• We empirically show that our approach is both more effective and efficient than existing

embedding methods on a real-world data lake of GitHub tables and a synthetic public

benchmark of open data tables. On the GitHub data lake, two of our model variants

outperform their corresponding baseline version by 14% and 6% respectively on both

precision and recall. We also observe that they speed up the query response time by

2.7x and 9x respectively. We (plan to) open-source our new benchmark of GitHub

tables for future research study.

• We demonstrate that our embedding approach can be further augmented by syntactic

measures and that our best ensemble model has significant advantages over the state-

of-the-art (namely, D3L [17]), more than 15% improvement in precision and recall, and

7x faster in query response time.

We give a formal problem setup and background about embedding models in Section 3.2.

We describe our framework Pylon including embedding training and search in Section 3.3.

Section 3.4 reports experiments that validate our approach. We discuss related work in

Section 3.5 and conclude in Section 3.6.

3.2 Problem Definition & Background

In this section, we start by describing the formal problem setup in 3.2.1, and then provide

an overview of how table union search is different from a well-established data management

problem, namely schema matching, and a related problem of join discovery in 3.2.2. We

finally elaborate on the challenges of applying representation learning for table union search

in 3.2.3.

3.2.1 Table Union Search

The table union search problem [124] is motivated by the need to augment a (target) table

at hand with additional data from other tables containing similar information. For example,

starting with a table about traffic accidents in one state for a particular year, an analyst

may wish to find similar traffic accident data for other states and years. Ideally, these tables

would have the same schema (e.g., data from the same state agency for two different years)
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so that we could simply union the row-sets. However, this is typically not the case for data

recorded independently (e.g., data from different states). We consider two tables unionable

if they share attributes from the same domain. Also, as in prior work on this topic, we

assume the unionability of attributes can be quantified by some notion of similarity.

Definition 1 (Attribute Unionability). Given two attributes A and B, the attribute union-

ability Uattr(A,B) is defined as

Uattr(A,B) =M(T (A), T (B))

where T (·) is a feature extraction technique that transforms raw columns (attribute names,

attribute values, or both) to a feature space andM(·, ·) is a similarity measure between two

instances in the feature space.

With the definition of attribute unionability, we can define table unionability as a bipartite

graph matching problem where the disjoint sets of vertices are attributes of the target table

and the source table respectively, and edges can be defined by attribute unionability. In

this paper, we restrict ourselves to the class of greedy solutions. Therefore, we formalize the

definition table unionability as a greedy matching problem as follows:

Definition 2 (Unionable Tables). A source table S with attributes B = {Bj}nj=1 is unionable

to a target table T with attributes A = {Ai}mi=1 if there exists a one-to-one mapping g : A′(̸=

∅) ⊆ A → B′ ⊆ B such that

1. |A′| = |B′|;

2. ∀Ai ∈ A′, Uattr(Ai, g(Ai)) ≥ τ where

g(Ai) = argmax
Bj

{Uattr(Ai, Bj) : 1 ≤ j ≤ n}

and τ is a pre-defined similarity threshold.

Definition 3 (Table unionability). Following notations in Definition 2, the table unionability

U(S, T ) is defined as

U(S, T ) =
∑l

i=1wi · Uattr(Ai, g(Ai))∑l
i=1wi

where l is the number of unionable attribute pairs between the target table T and a source

table S, and wi weights the contribution of the attribute pair (Ai, g(Ai)) to the table union-

ability.
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Considering the scale of the dataset repository, we also follow the common practice [144,

124, 17] of performing top-k search. The table union search problem is formally defined as

below.

Definition 4 (Top-k Table Union Search). Given a table corpus S, a target table T , and

a constant k, find up to k candidate tables S1, S2, ..., Sk ∈ S in descending order of table

unionability with respect to the query table T such that S1, S2, ..., Sk are most likely to be

unionable with T .

3.2.2 How Table Union Search Differs from Schema Matching and

Join Discovery?

Despite of overlapping elements, we emphasize the complexity of table union search over

related problems of schema matching and join discovery. As a long-standing and well-studied

problem in data integration, schema matching takes a pair of schemas as input and returns a

mapping between columns of two schemas that semantically correspond to each other [138].

Conceptually, table union search can be viewed as an extreme extension of schema matching.

Instead of having two schemas as inputs, table union search only has one while having to

search another (partially) matching schema in a large corpus (e.g., data lakes) in the first

place. Essentially, aside from the matching component, table union search needs to address

the additional problem of identifying matching candidates among many non-matching ones,

which is a significantly more challenging setup. Similarly, fuzzy join [36, 160] assumes a

restrictive setup with a pair of input datasets. In their experiments, the second dataset in

the pair is usually a syntactically perturbed variant of the first dataset and thus cannot

mimic the complexity of data lakes consisting of heterogeneous datasets across domains.

A problem more related to table union search is join discovery [60, 191, 17], which targets

at finding joinable tables in data lakes. Both are search problems, nevertheless, table union

search needs to ideally identify a matching between blocks of columns in two tables as

opposed to identifying a pair of join keys between two tables in join discovery. This difference

poses higher demand for embedding quality in table union search because moderately high

similarity between every pair of columns makes it harder to match unionable pairs.

3.2.3 General Challenges

Representation learning for tables has achieved excellent results for many table-centric tasks.

We hypothesize that the table union search problem can also benefit from advances in table

modeling. However, several challenges remain to be addressed.
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1. To the best of our knowledge, no prior work has taken the learning approach for table

union search. We argue that this is mainly because neither the supervised learning

setting nor the popular pre-training and fine-tuning paradigm is directly applicable for

the problem. It is inefficient to formulate the underlying search of unionable columns

as a classification problem. In a supervised learning setting, one can attempt to train

a classifier to predict whether two columns are unionable, but it will quickly become

computationally prohibitive in the search phase to classify every pair of target column

in a query table with every column in a large corpus.

2. The scarcity of table union search datasets is another severe bottleneck of applying a

learning approach and studying the problem in general. The only publicly available

benchmark [124] with table- and column-level ground truth is synthesized from only

32 base tables, which is barely enough for evaluation. It is also very laborious and time

consuming to label such datasets, as curators need to examine every pair of columns

for every pair of tables in a collection.

3. Efficient solutions to table union search involve two stages: profiling (e.g., embed

columns into a feature space) and index-based search. Taking off-the-shelf embedding

models or training a new model without considering the indexing/search data structure

indispensable in table union search is suboptimal. We argue that aligning represen-

tation learning with indexing/search data structure can further improve effectiveness

and efficiency of a solution to table union search.

In the next section, we present our design that contributes a representation learning

approach to table union search while effectively addressing the challenges we point out here.

3.3 Pylon: A Self-Supervised Contrastive Learning

Framework for Tabular Data

Our key idea is to exploit self-supervised contrastive learning that can provide a feasible

training objective for learning effective column representations for the table union search

problem while not requiring any labeled data and taking into account the indexing/search

data structure (corresponding to challenge 1 and 3). Within the framework of contrastive

learning, we propose two strategies that arithmetically construct training data from unla-

beled data to tackle challenge 2.
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Figure 3.2: Training workflow of Pylon (with online training data construction).

3.3.1 Contrastive Learning

The high-level goal of contrastive learning is to learn to distinguish (so called ”contrast”)

between pairs of similar and dissimilar instances. Ideally, in the learned representation space,

similar instances stay close to each other whereas dissimilar ones are pushed far away. A pair

of instances is considered similar and labeled a positive example in training if it comprises

different views of the same object; otherwise, they are considered dissimilar and make a

negative example. Contrastive learning has been used extensively in computer vision [34],

where a positive example consists of a pair of augmented images transformed from the same

image (e.g., by applying cropping or color distortion).

We introduce, Pylon, our self-supervised contrastive learning framework for table union

search. As table union search begins by finding unionable columns, Pylon is designed to

generate a vector representation for each column of input tables where columns containing

semantically similar values have embeddings closer to one another.

3.3.2 Pylon Workflow

Figure 3.2 shows the training workflow of the framework that consists of the following major

components.

Training Data Construction. Without labeled data, the success of contrastive learning

hinges on the construction of positive and negative examples from data themselves. To

make positive examples, it requires an operation to transform a data instance in a way

that introduces variations while preserving the semantics. As table union search builds
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on unionable column search, we propose two strategies to construct positive and negative

examples at the column level.

1. Online sampling strategy. Consider a training batch of N tables {Ti}Ni=1 where each

table Ti has mi columns {Ci
j}

mi
j=1, giving M =

∑N
i=1mi columns in total. We obtain

a positive example of column pairs (xk, xk+M) (1 ≤ k ≤ M) by randomly sampling

values from each column Ci
j of each table Ti. Since both xk and xk+M are samples from

the same column, we consider they share semantics and make a positive example. The

sampling process yields 2M column instances, and we treat the other 2(M−1) samples

as negatives with respect to xk. In other words, considering (xk, xk+M) and (xk+M , xk)

as distinct positive examples, we construct 2M positive examples and 2M(M − 1)

negative examples from each training batch.

2. Offline approximate matching strategy. An alternative is to construct positive exam-

ples ahead of training. Instead of relying on ad-hoc sampling, we can leverage existing

approaches to find a unionable candidate for each column, which in turn makes positive

examples in training. Based on the observation that top-k unionable column search of

existing techniques is reasonably precise when k = 1, we are able to use this approx-

imate matching without human involvement. We find it produces valid results and

models do not deteriorate due to potential false positives in training data.

Base Encoder & Projection Head. We pass column instances {xk}2Mk=1 through a base

encoder f(·) to get initial column embeddings {ek}2Mk=1. Note that our contrastive learning

framework is flexible about the choice of the base encoder. The encoder can give embeddings

at token/cell/column level, and if necessary, we can apply aggregation (e.g, average) to obtain

column-level embeddings. Our framework has the flexibility to benefit from the advance of

modeling techniques over time without being tied to a specific model. We describe the

choices of f(·) we experiment with in subsection 3.3.3.

Following the encoder, a small multi-layer neural network g(·), called projection head,

maps the representations from the encoder to a latent space through linear transformations

and non-linear activation in between. Note that unlike the practice in CV which discards

projection head in inference and uses encoder outputs for downstream tasks, we preserve

projection head and use projected embeddings for table union search. This is because we

found projected embeddings yield better performance in initial experiments, and for encoders

like word embedding models, only projection head is trainable and has to be preserved for

inference. For simplicity, we keep using the notations {ek}2Mk=1 for projection outputs.

Contrastive Loss. The training objective is a core component in the framework, which

drives the learned representations towards the characteristics of the indexing/search data
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structure in table union search. For example, considering an indexing/search data structure

that approximates cosine similarity of vectors, the model should ideally learn to produce

embeddings with high cosine similarity for unionable columns in our case.

One common setting of contrastive learning defines a prediction task of identifying positive

examples from the training batch. Given embedded columns {ek}2Mk=1, the model learns to

predict ek+M as the most similar one to ek and vice versa for each ek(1 ≤ k ≤M). Here, one

can choose a similarity measure that aligns with locality search. In other words, depending

on what similarity measure for which the indexing/search data structure is designed, we can

push that similarity measure into model learning. As an illustration, the similarity between

any two instances ei and ej can be measured by their cosine similarity as

sim(i, j) =
eTi ej
∥ei∥∥ej∥

and the loss is calculated as

l(k, k +M) = − log
exp (sim(k, k +M) / τ)∑2M
l=1,l ̸=k exp (sim(k, l) / τ)

where τ > 0 is a scaling hyper-parameter called temperature. Minimizing l(k, k + M) is

equivalent to maximizing the probability of ek+M being the most similar to ek in terms of

cosine similarity among all the embedded columns except ek itself. In this way, the learned

column representations are more feasible to be used with the indexing/search data structure

that approximates cosine similarity compared to embeddings given by any other models that

are not trained to optimize for this purpose (e.g., tabular language models that are trained

with the objective to recover masked tokens or entities [47]).

Finally, the loss over all the 2M positive column pairs in a training batch is computed as

L =
1

2M

M∑
k=1

[l(k, k +M), l(k +M,k)].

Algorithm 1 summarizes the training process of contrastive learning in Pylon.

3.3.3 Choices of the Base Encoder

Although we expect the input to the contrastive loss function to be column embeddings, the

base encoder does not necessarily need to give column embeddings directly. It is possible for

the encoder model to generate embeddings at different granularity (i.e., token/cell/column)

because we can apply aggregation if necessary. We describe the basic encoding process of
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embedding models we experimented with in section 3.4.

Word Embedding Models (WEM). As a WEM assigns a fix representation to a token,

WEM-based encoders treat each column independently as a document where a standard text

parser tokenizes data values in a column. With a fastText embedding model, we first get cell

embeddings by averaging token embeddings in each cell and then aggregate cell embeddings

to get a column embedding. More interestingly, web table embedding models [72] consider

each cell as a single token (they concatenate tokens in a cell with underscores) and output

embeddings at cell level. Nevertheless, we aggregate cell embeddings to derive the column

embedding.

Language Models (LM). Since a table is a cohesive structure for storing data, consid-

ering values in neighboring columns could integrate context into the embeddings and help

mitigate ambiguity in unionable column search. For example, encoding column ”year” in

figure 3.1 individually loses the context that this column refers to the publication year of

research papers. In this case, the embeddings of ”Year” columns in the corpus are less dis-

tinguishable (in terms of cosine similarity) even though they may refer to different concepts

of year such as the birth year of people or the release year of movies. With context provided

by other columns like ”Title” and ”Venue”, it is more likely that ”Year” columns appearing

in tables about papers are more close to each other than ”Year” columns in tables about

other topics, which helps find more related tables.

We leverage LMs to derive contextual column embeddings. We first serialize each row in

Ti as a sequence by concatenating tokenized cell values. For example, the first row of the

table at the top in Figure 3.1 will be linearized as follows

[CLS] title | A Database . . . [SEP] authors | Jerry . . . [SEP] . . . [END]

The sequence is annotated with special tokens in the LM where [CLS] token indicates the

beginning of the sequence, [END] token indicates the end, and [SEP] tokens separate cell

values in different columns. Then the LM takes in each sequence and generates a contextual

representation for each token in the sequence (essentially taking into account the relation

between values in the same row). We apply mean pooling to tokens in the same cell and

get cell embeddings. To consider the relation of values in the same column, we adopt the

vertical attention mechanism in [177] to have weighted column embeddings by attending to

all of the sampled cells in the same column.

Word embedding models have previously been used to find unionable tables. Two state-

of-the-art choices are fastText and WTE (web table embeddings [72]). Language models

have not thus far been used for the unionability problem. BERT [49] is a leading language
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Algorithm 1: Pylon Contrastive Learning

Input : S, a corpus of tables;
N , batch size;
p, training hyper-parameters.

Output: g ◦ f , a Pylon model.

1 g ◦ f ← initialize model();
2 for mini-batch of N tables {Ci

j}Ni=1 from S do
3 {xk, xk+M}Mk=1 ← construct training data({Ci

j}Ni=1) ;

4 {ek}2Mk=1 ← g ◦ f.encode and embed({xk, xk+M}Mk=1) ;

5 /* Define l(k, k +M) = − log exp (sim(k,k+M) / τ)∑2M
l=1,l ̸=k exp (sim(k,l) / τ)

and sim(i, j) =
eTi ej

∥ei∥∥ej∥ */

6 L ← 1
2M

M∑
k=1

[l(k, k +M), l(k +M,k)] ;

7 g ◦ f ← L.backpropagate(p) ;
8 end
9 return g ◦ f ;

model used for many purposes today. We develop three versions of Pylon, one for each of

these three encoder choices: fastText, WTE, and a BERT-based language model, and refer to

the derived models as Pylon-fastText, Pylon-WTE, Pylon-LM respectively. We evaluate the

effect of encoder choices in subsection 3.4.5.

3.3.4 Embedding Indexing and Search

To avoid exhaustive comparisons of column embeddings over a large corpus at query time,

we use locality-sensitive hashing (LSH) [83] for approximate nearest neighbor search and

treat unionable column search as an LSH-index lookup task [124, 17]. Note that the specific

choice of indexing/search data structure is flexible (one can use a more advanced technique

like Hierarchical Navigable Small World [109]). The key is that the similarity measure

approximated by the indexing/search data structure should align with the similarity measure

employed in the training objective of contrastive learning so that the learned embeddings

are optimized for the indexing/search data structure.

LSH utilizes a family of hash functions that maximize collisions for similar inputs. The

result of LSH indexing is that similar inputs produce the same hash value and are bucketed

together whereas dissimilar inputs are ideally placed in different buckets. For approximate

search relative to the cosine similarity, we index all column embeddings in a random pro-

jection LSH index [33]. The idea of random projection is to separate data points in a high-

dimensional vector space by inserting hyper-planes. Embeddings with high cosine similarity
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Algorithm 2: Top-k Table Union Search

Input : I, a populated LSH index;
Q, a query table;
k, a constant.

Output: top-k unionable tables.

1 column candidates← {};
2 column scores← {};
3 for c ∈ Q.columns do
4 c candidates, c scores← I.lookup(c);
5 column candidates[c].add(c candidates);
6 column scores[c].add(c scores);

7 end
8 table candidates← group by(column candidates);
9 ranked table candidates← cmpt table unionability(table candidates, column scores);

10 return ranked table candidates[: k];

tend to lie on the same side of many hyper-planes.

Algorithm 2 summarizes the top-k table union search. Following Definition 1, we in-

stantiate the unionability of two attributes as the cosine similarity of their embeddings

(c scores in line 4 of Algorithm 2). Line 8 groups retrieved column candidates across

query columns by their table sources. To decide on the table unionability from Definition 3

(cmpt table unionability in line 9), we use the same weighting strategy as [17] over query

attributes and corresponding matching attributes in candidate tables. For a target attribute

A, let RA denote the distribution of all similarity (unionability) scores between A and any

attribute B returned by the LSH index. The weight w of a similarity score Uattr(A,B) is

given by the cumulative distribution function of RA evaluated at Uattr(A,B):

w = Pr(Uattr(A,B′) ≤ Uattr(A,B)), ∀ Uattr(A,B′) ∈ RA

In other words, a similarity score is weighted by its percentile in the distribution. This

weighting scheme helps balance between a candidate table with a few unionable attributes

of high similarity scores and another candidate table with more unionable attributes but of

lower similarity scores.

Using the same index and search structure as previous works makes it transparent to

compare our embedding approach with theirs in effectiveness and efficiency.
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Table 3.1: Basic statistics of evaluation datasets.

# Tables # Base Tables Avg. # Rows Avg. # Columns # Queries Avg. # Answers

Pylon 1,746 1,746 115 10 124 42

TUS-Small 1,530 10 4,466 10 1,327 174

TUS-Large 5,043 32 1,915 11 4,296 280

3.3.5 Integrating Syntactic Methods

Thus far, we have focused purely on semantic methods to unify similar attributes. It makes

sense to prefer semantic methods to syntactic ones because of their potential robustness to

many different types of variation. However, we note that syntactic methods are based on

measures of similarity very different from semantic methods. Intuitively, one should expect

to be able to do better if we can integrate the two.

Indeed, some previous work [124, 17] has made this observation as well, and shown that

an ensemble of semantic and syntactic methods can do better than either on its own. The

Pylon semantic method permits the use of an additional complementary syntactic method.

As in [17], we independently obtain scores from the two methods and then use the average

of the two as our final score.

3.4 Experiments

We first evaluate the effectiveness and efficiency of three model variants from our contrastive

learning framework and compare them with their corresponding base encoders. We then

demonstrate that our embedding approach is orthogonal to existing syntactic measures,

which can further improve the results. We finally compare our best model with the state-of-

the-art D3L [17].

3.4.1 Datasets and Metrics

TUS Benchmark. Nargesian et al. [124] compiles the first benchmark with ground truth

out of Canadian and UK open data lakes. They synthesize around 5, 000 tables from 32

base tables by performing random projection and selection. They also generate a smaller

benchmark consisting of around 1, 500 tables from 10 base tables in the same manner. We

refer to them as TUS-Large and TUS-Small respectively.

Pylon Benchmark. We create a new dataset from GitTables [78], a data lake of 1.7M
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tables extracted from CSV files on GitHub. The benchmark comprises 1,746 tables including

unionable table subsets under topics selected from Schema.org [71]: scholarly article, job

posting, and music playlist. We end up with these three topics since we can find a fair

number of unionable tables of them from diverse sources in the corpus (we can easily find

unionable tables from a single source but they are less interesting for table union search as

simple syntactic methods can identify all of them because of the same schema and consistent

value representations).

Cleaning and Construction. We download three largest subsets of GitTables (“ob-

ject”, “thing”, and “whole”) and preprocess them by removing HTML files, tables without

headers, rows with foreign languages, and finally small tables with fewer than four rows or

four columns. We cluster the resulting tables by their schema and perform a keyword search

over schema with keywords related to three topics. We manually select 35 unionable tables

of topic scholarly article, 41 tables of topic job posting, and 48 tables of topic music playlist.

We then randomly sample 100,000 tables for training, 5,000 tables for validation, and put

the rest of tables as negatives1 in a pool with selected unionable table subsets for the search

evaluation.

Table 3.1 provides an overview of basic table statistics of each evaluation benchmark.

Metrics. For effectiveness, we report both precision and recall of top-k search with

varying k. At each value of k, we average the precision and recall numbers over all the

queries. We consider a table candidate a true positive with respect to the target table if it

is in labeled ground truth. We do not require perfect attribute pair matching as it is a more

challenging setting and requires laborious column-level labeling.

As to efficiency, we report indexing time (i.e., total amount of time in minutes to index

all columns in a dataset) and query response time (i.e., average amount of time in seconds

for the LSH index to return results over all queries in a dataset2).

In evaluation, we randomly sample 1000 queries from TUS-Large for efficient experiment

purposes. The query subset has an average answer size of 277, which is very close to that of

the full query set (i.e., 280). We use all the queries in Pylon and TUS-Small datasets.

3.4.2 Baselines

We consider two embedding methods and one full approach as baselines for comparison.

fastText. Many data management tasks not limited to table union search [62, 124, 28]

have adopted fastText in their approach, which is a popular word embedding model trained

1we filtered these tables using their schema to reduce the chance of them being unionable to selected
tables in the unionable subsets.

2Current implementations include data loading and logging time as well.
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Figure 3.3: Top-k precision and recall of em-
bedding measures on the Pylon dataset.
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Figure 3.4: Indexing time and query re-
sponse time on the Pylon dataset.

on Wikipedia documents.

WTE. Gunther et al. [72] devises a word embedding-based technique to represent text values

in Web tables. They generate text sequences from tables for training by serializing tables in

two different ways that capture row-wise relations and relations between schema and data

values respectively. It is reported that the model using both serialization obtained the best

performance in a task of ranking unionable columns.

D3L. Bogatu et al. [17] proposed a distance-based framework D3L that uses five types of

evidence to decide on column unionability: (i) attribute name similarity; (ii) attribute extent

overlap; (iii) word-embedding similarity; (iv) format representation similarity; (v) domain

distribution similarity for numerical attributes. Their aggregated approach is shown to be

more effective and efficient than previous work [124, 60] on the TUS benchmark and another

self-curated dataset of open data tables.

3.4.3 Comparisons of Interest

We have 5 variants of Pylon to compare against baseline systems for both effectiveness and

efficiency in identifying unionable tables using semantic similarity methods: 3 variants from

the online training data construction strategy and 2 variants from the offline data construc-

tion strategy. In addition, we have 3 syntactic similarity measures that could be used to

augment each of these 5 variants. Finally, we have 3 baselines, two of which are semantic

word embedding based, and hence could also be augmented with the syntactic similarity mea-

sures. The third baseline (D3L) already integrates both syntactic and semantic similarity,

and hence does not benefit from additional augmentation with syntactic techniques.

28



0 20 40 60 80 100
k

0.0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1.0

Pr
ec

isi
on

Pylon-fastText
Pylon-fastText-NVF
Pylon-fastText-NV

0 20 40 60 80 100
k

0.0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1.0

Pr
ec

isi
on

Pylon-WTE
Pylon-WTE-NVF
Pylon-WTE-NV

0 20 40 60 80 100
k

0.0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1.0

Pr
ec

isi
on

Pylon-LM
Pylon-LM-NVF
Pylon-LM-NV

0 20 40 60 80 100
k

0.0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1.0

Re
ca

ll

0 20 40 60 80 100
k

0.0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1.0

Re
ca

ll

0 20 40 60 80 100
k

0.0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1.0

Re
ca

ll

(a) Pylon dataset

10 50 9013
0
17

0
21

0
25

0
29

0

k

0.0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1.0

Pr
ec

isi
on

Pylon-fastText
Pylon-fastText-NVF
Pylon-fastText-NV

10 50 9013
0
17

0
21

0
25

0
29

0

k

0.0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1.0

Pr
ec

isi
on

Pylon-WTE
Pylon-WTE-NVF
Pylon-WTE-NV

10 50 9013
0
17

0
21

0
25

0
29

0

k

0.0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1.0

Pr
ec

isi
on

Pylon-LM
Pylon-LM-NVF
Pylon-LM-NV

10 50 9013
0
17

0
21

0
25

0
29

0

k

0.0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1.0

Re
ca

ll

10 50 9013
0
17

0
21

0
25

0
29

0

k

0.0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1.0

Re
ca

ll

10 50 9013
0
17

0
21

0
25

0
29

0

k

0.0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1.0

Re
ca

ll

(b) TUS-Small dataset

Figure 3.5: Precision and recall (with respect to varying k) of the ensemble of Pylon
embedding models and syntactic measures.

Since there are a very large number of alternatives to compare, we break up the compar-

isons into four sets, as follows, and present the results for each set separately. For the first

three sets, we restrict ourselves to the online training data construction strategy for Pylon.

We refer to the derived models as Pylon-fastText, Pylon-WTE, Pylon-LM respectively based

on the corresponding encoder choice. Results for the offline data construction strategy show

generally similar trends, and the most interesting are shown in the fourth set.

The first set of comparisons look purely at semantic methods, considering the 3 variants

of Pylon and comparing them to the first two baselines. We leave out D3L because it

already incorporates syntactic methods as well. The second set of comparisons look purely

at the benefit obtained when semantic methods are enhanced with syntactic measures. We

do so for all methods evaluated in the first set. Finally, we bring everything together by

comparing the best methods of the second set with the best integrated baseline, D3L. This

is the final top line “take away” from the experiments, eliding details from the first two sets

of comparisons.

3.4.4 Experiment Details

As to model training, we train Pylon-fastText for 50 epochs with a batch size of 16 on

2 NVIDIA GeForce RTX 2080 Ti GPUs; Pylon-WTE for 20 epochs with a batch size of

32 on a single NVIDIA Tesla P100 GPU; Pylon-LM for 20 epochs with a batch size of 8

on 4 NVIDIA Tesla P100 GPUs from Google Cloud Platform. As seen in table 3.2, the
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Table 3.2: Model training time (min / epoch) where each model is defined by the encoder
choice and the training data construction strategy.

Online Sampling Offline Approximate Matching

Pylon-fastText 6.5 0.42

Pylon-WTE 0.99 0.13

Pylon-LM 33 -

training is especially efficient for simple word embedding encoders (as only parameters in

projection head are updated) and the offline data construction strategy (as embeddings are

pre-computed before training). We save the models with the smallest validation loss. The

model training is implemented in PyTorch [131] and PyTorch Lightning.

For evaluation of table union search, we set the similarity threshold of LSH index to

0.7 in all experiments and use the same hash size as D3L. We run all evaluation on a

Ubuntu 20.04.4 LTS machine with 128 GiB RAM and Intel(R) Xeon(R) Bronze 3106 CPU

@ 1.70GHz.

3.4.5 Results

As Pylon is an embedding-based approach, we first evaluate Pylon model variants against

embedding baselines fastText and WTE, and inspect the effects of contrastive learning on

them.

Experiment 1(a): Comparison of effectiveness between Pylon model variants

and their corresponding base encoders. Figure 3.3 shows the precision and recall of each

embedding measure on the Pylon benchmark. Both Pylon-WTE and Pylon-fastText out-

perform their corresponding base models with a notable margin. When k = 40, around the

average answer size, Pylon-WTE is 6% better than WTE on both metrics, and Pylon-fastText

performs better than fastText by 15% on precision and 14% on recall.

Overall, our Pylon-WTE model consistently achieves the highest precision and recall as k

increases. We also note that Pylon-LM has strong performance up until k = 30 but degrades

after that. This is because Pylon-LM only samples 10 rows from each table to construct

embeddings (for indexing and query efficiency) while other word-embedding methods can

afford to encode the entire table at low indexing time, which we demonstrate in experiment

1(b).

Experiment 1(b): Comparison of efficiency between Pylon model variants and
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their corresponding base encoders. In figure 3.4, we see both embedding baselines are

very efficient in index construction and it takes less than 2 minutes to index the entire Pylon

dataset. Unlike fixed embeddings, our models need to infer embeddings at runtime. For

Pylon-fastText and Pylon-WTE, since the encoder is fixed, the inference cost is exclusively

from projection head. It takes both less than 3.5 minutes to build the index. In contrast,

the runtime inference cost of Pylon-LM is more expensive as the language model has much

more complex architecture and has 130M parameters versus 35.8K parameters in projection

head. We also acknowledge the less efficient implementation of embedding inference at this

point (e.g., run inference for each column without batch predictions). Nevertheless, indexing

time, as a one-time overhead, can be amortized among queries.

On the other hand, all of our models are considerably more efficient in query response

time. Pylon-fastText is 2.7x faster than fastText and Pylon-WTE is 9x faster than WTE.

The significant speedup of query response time is attributed to contrastive learning where

embeddings of attribute values occurring in the same context are pushed close to each other

and to have high cosine similarity whereas embeddings of two random columns are pushed

apart and to have low cosine similarity. As the embedding similarity between two random

columns is suppressed, this dramatically reduces the chance of two random columns sharing

many LSH buckets. In other words, our column embeddings are trained in a specific way

that aligns with the similarity measure LSH index approximates and LSH index can process

much fewer candidates at the configured similarity threshold.

To illustrate the suppression effect of contrastive learning, we compare heatmaps of pair-

wise cosine similarity of column embeddings encoded by WTE and Pylon-WTE respectively.

Consider the three text columns of the first table in Figure 3.1. As shown in Figure 3.6(a),

the pairwise cosine similarity of WTE embeddings is mostly above 0.5. There is a very high

similarity (0.87) between the “title” column and the “venue” column and they will be mis-

takenly viewed as unionable. But this is not an issue for Pylon-WTE embeddings as shown in

Figure 3.6(b) where the pairwise similarity between different columns are much lower (below

0.51) and the LSH index will not return the “venue” column as a unionable candidate of the

“title” column.

In the next set of experiments, we consider three syntactic measures used by D3L and

evaluate how much they can augment our embedding measures.

1. Name (N): Jaccard similarity between q-gram sets of attribute names.

2. Value (V ): Jaccard similarity between the TF-IDF sets of attribute values.

3. Format (F ): Jaccard similarity between regular expression sets of attribute values.
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Figure 3.6: Pairwise cosine similarity of column embeddings: (a) WTE embeddings; (b)
Pylon-WTE embeddings.

Experiment 2: Effectiveness of the ensemble of Pylon model variants and

syntactic measures. Figure 3.5(a) and (b) show the precision and recall of the ensemble

of Pylon embedding models and syntactic measures on Pylon and TUS-Small datasets

respectively. We consistently observe from both datasets that adding syntactic measures can

further enhance the performance. In particular, name (N) and value (V ) similarity are most

effective syntactic measures. Around the average answer size of the Pylon dataset (k = 40),

N and V together raise up the precision and recall of Pylon-fastText by nearly 20%, of

Pylon-WTE by 10%, and of Pylon-LM by over 5%. Similarly, around the average answer size

of the TUS-Small dataset (k = 170), there is an increase of about 10% in both precision and

recall for Pylon-fastText, about 5% for Pylon-WTE, and more than 10% for Pylon-LM.

We also observe that adding additional format measure (F ) hurts the performance (no-

tably on the Pylon dataset and slightly on TUS-small). This is because tables in the Pylon

dataset are mostly from disparate sources and so the value format tends to be inconsistent

across tables whereas tables in TUS-Small are synthesized from only 8 base tables and it is

much more likely for many tables to share format similarity. Even worse, including format

index imposes non-trivial runtime cost (see figure 3.7). For example, compared to model

Pylon-WTE-NV, the query response time of Pylon-WTE-NVF (with the extra format

measure) surges by 66.7% on the Pylon dataset and by 32.2% on TUS-Small.

Finally, we compare our best-performing model Pylon-WTE-NV with the state-of-the-

art D3L. As Pylon-WTE-NV does not use format and domain measures in D3L, for fair

comparison, we consider three versions of D3L. We refer to the full version of D3L as D3L-
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Figure 3.7: Comparison of query response time between including and excluding the format
measure.

5, the one without the format measure as D3L-4, and the one without format and domain

measures as D3L-3.

Experiment 3: Comparison of effectiveness and efficiency between our best

model and D3L. Figure 3.8 shows the performance of Pylon-WTE-NV and three D3L

variants on Pylon, TUS-Small, TUS-Large datasets respectively. Around the average an-

swer size (k = 40) of the Pylon dataset, Pylon-WTE-NV is around 15% better than the

strongest D3L instance (i.e., D3L-3) in both precision and recall. Pylon-WTE-NV per-

forms much better than D3L in this case because our embedding model using contrastive

learning is optimized for indexing/search data structure and is trained on a dataset of a dis-

tribution similar to the test set and thus can capture more semantics than the off-the-shelf

fastText embedding model used in D3L.

On TUS-Small and TUS-Large, we observe all instances have relatively competitive per-

formance while Pylon-WTE-NV performs marginally better compared to all D3L variants.

On TUS-Small, around the average answer size (k = 170), Pylon-WTE-NV is 2% better

than D3L-3 and 5% better than D3L-5 in both precision and recall. On TUS-Large, around

the average answer size (k = 290), Pylon-WTE-NV is more than 2% better than D3L

variants in both metrics. The smaller performance gap is due to the synthetic nature of

TUS benchmark where most of unionable tables are generated from the same base table and

share common attribute names and many attribute values. So syntactic measures (N and

V ) can capture most of similarity signals and obtain high precision and recall even without

support of semantic evidence.
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Figure 3.8: Comparison of precision and recall between D3L instances and our best model
Pylon-WTE-NV.
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Figure 3.9: Comparison of query response time between D3L instances and Pylon-WTE-
NV.

Additional to the performance gain, the biggest advantage of Pylon-WTE-NV is the

fast query response time. On the Pylon dataset, our model is nearly 9x faster than the

full version D3L-5 and 7x faster than D3L-3. Even on TUS-Small and TUS-Large, which

are datasets of a different data distribution (open data tables), we still save runtime by 44%

and 32% respectively compared to D3L-5, and by 35.5% and 21.9% respectively compared

to D3L-3.

Experiment 4: Effectiveness and efficiency of Pylon model variants from the

offline training data construction strategy. Figure 3.10 shows the precision and re-

call of 4 Pylon variants from two training data construction strategies and their baselines.

On the Pylon dataset, around the average answer size (k = 40), two Pylon models from

the alternative data construction strategy, Pylon-WTE-offline and Pylon-fastText-offline,

retain strong performance and outperform the corresponding baseline by 3% and 9% respec-

tively. Note that Pylon models derived from the sampling data construction strategy have
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Figure 3.10: Top-k precision and recall of 6
embedding measures on the Pylon dataset.
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Figure 3.11: Indexing time and query re-
sponse time on the Pylon dataset.

consistently better performance as k increases. We also observe a similar trend on the TUS

benchmark while the performance gap of all instances is smaller.

As shown in figure 3.11, both new models are efficient in indexing time and query re-

sponse time. Compared to the corresponding baseline, Pylon-WTE-offline is 12x faster

and Pylon-fastText-offline is 14.5x faster in query response time. Again, this significant

speedup demonstrates the value of considering characteristics of indexing/search data struc-

ture in the training of embedding models and the distinguishing power of contrastive learning,

which enables the LSH index to work more effectively with embeddings.

3.4.6 Discussion

We also leave and discuss a few clues for future extensions.

Alternative Contrastive Loss. While the loss function used in this project is an

effective one, it is not the only feasible training objective for self-supervised contrastive

learning. For example, triplet loss [145] considers a triplet (x, x+, x−) as a training example

where x is an input, x+ is a positive sample (belonging to the same class as x or semantically

similar to x) and x− is a negative sample. Additionally, what considers as negative examples

and “hardness” of negative examples are also interesting aspects to explore.

Verification of Column unionability. Besides quantitative evaluation, we also manu-

ally inspect results of a few queries for each dataset. We observe that in some correct table

matches, there are misalignment of unionable columns. To mitigate this issue, we consider

that progress in semantic column type prediction [181, 157] can be beneficial for verifying

the unionability of columns as a post-processing step.
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3.5 Related Work

Our work is most related to data integration on the web and data discovery in enterprise

and open data lakes.

Web Table Search. Cafarella et al. [25] presents OCTOPUS that integrate relevant

data tables from relational sources on the web. OCTOPUS includes operators that perform

a search-style keyword query over extracted relations and their context, and cluster results

into groups of unionable tables using multiple measures like TF-IDF cosine similarity. [174]

defines three information gathering tasks on Web tables. The task of augmentation by exam-

ple essentially involves finding unionable tables that can be used to fill in the missing values

in a given table. Their Infogather system leverages indirectly matching tables in addition to

directly matching ones to augment a user input. Sarma et al. [144] formalizes the problem

of detecting related Web tables. At the logical level, the work considers two tables related

to each other if they can be viewed as results to queries over the same (possibly hypotheti-

cal) original table. In particular, one type of relatedness they define is Entity Complement

where two tables with coherent and complementary subject entities can be unioned over the

common attributes. This definition requires each table to have a subject column of entities

indicating what the table is about and that the subject column can be detected. Following

the definition, the work captures entity consistency and expansion by measuring the related-

ness of detected sets of entities with signals mined from external ontology sources. Finally,

they perform schema mapping of two complement tables by computing a schema consistency

score made up of the similarity in attribute names, data types, and values.

Data Discovery in the Enterprise. Fernandez et al. [61] identifies data discovery chal-

lenges in the enterprise environment. The position paper describes a data discovery system

including enrichment primitives that allow a user to perform entity and schema complement

operations. Building on top of this vision, Fernandez et al. presents AURUM [60], a sys-

tem that models syntactic relationships between datasets in a graph data structure. With

a two-step process of profiling and indexing data, AURUM constructs a graph with nodes

representing column signatures and weighted edges indicating the similarity between two

nodes (e.g., content and schema similarity). By framing queries as graph traverse problems,

AURUM can support varied discovery needs of a user such as keyword search and similar

content search (which can be used for finding unionable columns and tables). Fernandez et

al. [62] further employs word embeddings in AURUM to identify semantically related objects

in the graph.

Data Discovery in Open Data Lakes. Nargesian et al. [124] defines the table union

search problem on open data and decomposes it as finding unionable attributes. They
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propose three statistical tests to determine the attribute unionability: (1) set unionabil-

ity measure based on value overlap; (2) semantic unionability measure based on ontology

class overlap; and (3) natural language unionability measure based on word embeddings. A

synthesized benchmark consisting of tables from Canadian and UK open data shows that

natural language unionability works best for larger k in top-k search. In the meantime, set

unionability is decent when k = 1 for each query but vulnerable to value overlap in attributes

of non-unionable tables, and semantic unionability stays competitive to find some unionable

tables for most queries despite incomplete coverage of external ontologies. The ensemble of

three measures further improves the evaluation metrics. [17] adopts more types of similarity

measures based on schema- and instance-level fine-grained features. Without relying on any

external sources, their D3L framework is shown effective and efficient on open data lakes.

EMBDI [28] proposes a graph model to capture relationships across relational tables and

derives training sequences from random walks over the graph. They further take advantage

of embedding training algorithms like fastText to construct embedding models. Their rela-

tional embeddings demonstrate promising results for data integration tasks such as schema

matching and entity resolution. SANTOS [91], a very recent work, leverages the relationship

of pairs of attributes for table union search. However, it relies on the existence of a rela-

tionship and the coverage of the relationships in a knowledge base. Although SANTOS also

draws on the data lake itself to discover new relationships using the co-occurrence frequency

of attribute pairs, it particularly misses rare yet important relationships.

For a broader overview of the literature, we refer readers to the survey of dataset

search [32].

3.6 Conclusion

In this work, we formulate the table union search problem as an unsupervised representation

learning and embedding retrieval task. We present Pylon, a self-supervised contrastive

learning framework that models both data semantics and characteristics of indexing/search

data structure. We also demonstrate that our approach is both more effective and efficient

compared to the state-of-the-art.
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CHAPTER 4

WarpGate: A Semantic Join Discovery

System for Cloud Data Warehouses

4.1 Introduction

Three major correlated forces act on enterprise data analysis today. First, more and more

enterprise data are stored on the cloud. Second, the size and the diversity of data available to

enterprises increase faster than ever as a growing number of data sources feed into enterprises’

cloud data warehouses (CDWs). Third, the number of users in enterprises who would like

direct access to cloud data for decision-making is also rapidly growing, boosting the demand

for easy-to-use cloud data analysis systems such as Sigma Workbooks [65]. Hence enabling

easy and effective data discovery is increasingly more valuable. However, existing commercial

solutions such as data catalogs are typically inaccessible from business intelligence tools,

inadequate for surfacing relationships unknown to users, and inflexible in capturing data

semantics.

Not surprisingly, recent years have seen a rising interest in data discovery, especially for

Open Data [116, 124, 191, 17]. This is a challenging problem due to the unstructured/semi-

structured nature of Open Data and the lack of high-quality metadata. However, we observe

that modern organizations also face data discovery challenges when dealing with structured

data (i.e., databases in CDWs) for similar reasons: (i) in large CDWs, few people have a good

understanding of data and their relationships; (ii) data is added in a much less modeled state

as cloud computing power and storage become easily accessible; and (iii) business users who

do not have comprehensive knowledge of underlying schema designs, are usually unaware

of relationships between datasets (e.g., PK/FK relationship between two tables). There is

a need for surfacing such relationships to help users connect related datasets within and

across databases. We also observe that CDW data tends to have more structure than Open

Data, sometimes has high update rates, and usually has far more stringent requirements for

completeness of discovery results.
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Figure 4.1: The interface of Sigma Workbooks connecting to a CDW. Consider a business
user Joey who is interested in launching a sales campaign and identifying ideal customers.
She first opens up the ACCOUNT table in their SALESFORCE database, which lists all customer
companies. Next, she wants to augment the table with relevant columns to help make
customer selections.

Consider a business user Joey who has access to a CDW that comprises hundreds of

databases and thousands of tables (Figure 4.1). In the interest of launching a sales campaign

and finding potential customers, she starts with the ACCOUNT table in their SALESFORCE

database, which contains member and billing data of their customer companies. To select

ideal customers for the campaign, she wants to augment the ACCOUNT table with additional

information such as sectors in which companies are engaged in their business activities. Now

she has two options to find that complementary information: either she manually browses

tables in the same database (even wanders through the entire data warehouse), or she can

ask internal data teams for support. Either way, her workflow is significantly delayed. There

is also a fair chance that she cannot go through all databases as it is a tedious and laborious

process, and the data team does not have that particular piece of knowledge.

Despite efforts in prototyping data discovery for real-world applications [60, 16, 18], as-

pects of data discovery pertaining to enterprise settings are overlooked. For example, previ-

ous works assume a full pass of underlying data in the indexing/profiling phase. However,

it is computationally and monetarily expensive to pull all data out of CDWs. In addition,

existing solutions, including those for Open Data, focus on improving index lookup time for

the scale of Open Data lakes or Web table corpora, which usually consist of a very large

number (million scale) of small tables. In contrast, we observe that Sigma customers’ CDWs
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have several thousand tables on average but can have billions of rows. Due to the relatively

smaller number of tables but larger table sizes, index lookup time becomes less dominant

compared to data loading time and profiling time, both of which can now bottleneck end-

to-end query response time in the pipeline. So, the main challenge in the Sigma scenario

shifts in part from searching over a massive number of small tables to optimizing the entire

pipeline for a fair number of very large tables (e.g., reducing data loading time and using

efficient profiling methods).

In this work, we introduce a data discovery system WarpGate and share our progress.

WarpGate prototypes semantic join discovery in Sigma, an enterprise platform for cloud

data analytics. Specifically, we make the following contributions:

• We present WarpGate, a semantic join discovery system, which demonstrates a real-

world usage scenario of data discovery within an enterprise product.

• We identify unique challenges in Sigma and propose an embedding-based solution to

capture semantic relationships between tables, especially those across databases.

• We evaluate WarpGate on three cross-domain table corpora, including one collected

from a CDW, and show our embedding-based approach is effective and robust to sam-

pling. We also discuss further optimization opportunities for deployment and larger-

scale discovery.

4.2 Problem Definition

In this section, we first briefly introduce Sigma and describe the data discovery needs of

Sigma users. Then we formally define our problem.

4.2.1 Data Discovery Need in Sigma

Sigma is a web-based SaaS platform for cloud data analytics and business intelligence. It

features Sigma Workbooks, which provides a spreadsheet-like interface for business users to

perform interactive visual analysis of data in CDWs.

Among many features familiar to business users who are more skilled in spreadsheet

functions than SQL, Lookup enables users to write a spreadsheet formula and add a column

from another data source (i.e., another table) to enrich the dataset at hand. Under the

hood, Workbooks translates spreadsheet formulas into SQL queries required to fetch data

from cloud databases and performs cardinality-preserving joins on related tables.
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A major limitation of Lookup is that users have to specify the join path in formulas. In

other words, it requires users to have prior knowledge about relationships between datasets.

However, users often lack such knowledge and have to rely on their data teams for help or

manually browse tables in databases to find a clue. This limitation has become a bottleneck

in fully utilizing the Lookup functionality, significantly delaying their data exploration and

analysis workflows. We believe this sort of data discovery will be a challenge for all cloud

analytics products and hence has to be addressed.

4.2.2 Semantic Join Discovery

Problem Statement (Top-k Semantic Join Discovery). Given a corpus of tables S, a query

column cq from a table Q, and a constant k, find up to k candidate columns from S such

that they are most likely to be joinable with cq.

Traditionally, joinable tables have been discovered through syntactic analysis, which can

miss many join opportunities, particularly when data are independently sourced. High di-

mensional embeddings have recently been shown to capture semantics effectively in many

domains [47, 181]. We expect that the semantic similarity of two columns can be quantified

by some similarity measure between their embeddings, which we expect can serve as a proxy

for their join-ability as well.

Definition 5 (Semantic Column Join-ability). Given two columns A and B, we define

semantic column join-ability J (A,B) as

J (A,B) =M(T (A), T (B))

where T (·) is an embedding function that projects a given column into a vector space and

M(·, ·) is a similarity measure between two embeddings in the vector space.

Based on this metric, we can attempt to solve the semantic join discovery problem by

returning candidate tables in descending order of semantic column join-ability J relative to

the query column cq. How to do this effectively is the central challenge addressed in this

paper.

4.3 WarpGate Overview

We discuss key challenges to implementing an embedding-based approach to the semantic

join discovery problem, along with our solutions to these challenges in Section 4.3.1. Then

we describe our system prototype WarpGate incorporating these ideas in Section 4.3.2.
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Figure 4.2: WarpGate pipeline.

4.3.1 Embedding-Based Solution

Figure 4.2 gives an overview of the WarpGate architecture, which consists of two main

pipelines: indexing and search, which we consider in turn below. But first, we discuss the

embedding step common to both pipelines.

4.3.1.1 Column Embeddings

We consider embeddings at the column level an effective encapsulation of semantics for

join discovery. Intuitively, embeddings can capture semantic relationships between columns

across databases where value formatting may vary widely despite semantic proximity.

However, the effectiveness of embeddings depends on the embedding model. We consider

several factors in choosing an embedding model:

(i) Whether the model is (pre-)trained over tabular data;

(ii) The size of the training corpus;

(iii) The efficiency of model inference.

We observe two primary paradigms in applying embeddings for data management tasks.

Early work [20] leverages off-the-shelf embedding models from the natural language process-

ing (NLP) field. Recent work [47, 72] adapts NLP model architectures and training algo-

rithms for tabular data. As demonstrated in their work, embeddings from models trained
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on tabular data manifest better performance in downstream tasks. For instance, using the

same training algorithm, [72] shows that models trained on sequences extracted from ta-

bles outperform the model trained on an unstructured text corpus. The performance uplift

is attributed to the serialization of tabular data, which considers the table structure in the

embedding process. With this observation, we prefer embedding models designed for tabular

data.

Empirically, more training data usually lead to better model performance and generaliz-

ability, given enough model capacity. In the database community, Web table corpora [57, 102]

extracted from the Common Crawl contribute the largest publicly accessible relational table

datasets. Efforts exploring representation learning for relational tables [47, 72] have trained

embeddings on various Web table corpus, which also exhibits the impact of Web tables be-

yond Web applications. Thus, we favor embedding models derived from those large table

corpora.

The embedding process for tabular data generally involves table serialization, input en-

coding (e.g., tokenization and transformation), and model inference. It is worth noting that

although more complex models (in terms of the number of parameters) give embeddings that

tend to yield better results in the downstream tasks, they also carry a larger inference cost

(i.e., longer inference time, which directly affects query response time) compared to simple

models. For interactive applications such as join discovery and recommendation in Sigma,

we need to choose models that balance the embedding quality and model inference time.

4.3.1.2 Indexing

We employ locality-sensitive hashing (LSH) [67, 33] to turn the high-dimensional embedding

similarity search problem into nearest neighbor search in a low-dimensional space. The basic

idea of LSH is to maximize hash collisions for similar inputs. With respect to a similarity

measure, LSH applies a specific family of hash functions that assign two similar inputs to

the same “buckets” with high probability that is equal to the similarity score between them.

In our case, we consider the semantic join-ability of two columns to be the cosine similarity

of their embeddings. To approximate the cosine similarity of two vectors, we rely on SimHash

(also known as random projection) [33] that essentially uses hyperplanes in the vector space

as hash functions. We hash all column embeddings from the table corpus into a SimHash LSH

index. When a query comes in, the LSH index hashes the query embedding and only searches

within the sub-universe of embedding vectors (much smaller than the entire universe) that

share the same hash as the query, hence reducing the search time.
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Figure 4.3: WarpGate is integrated into a functionality called Add column via lookup in
Sigma Workbooks.

4.3.1.3 Sampling

Existing data discovery systems [60, 17, 18] run a one-pass data scanning step to read all

datasets once and retrieve profiling information (e.g., MinHash for each column). Reading

full tables of millions of rows or even billions of rows from CDWs is expensive in terms of

both computation time and monetary cost because CDW vendors that adopt a usage-based

pricing model (i.e., pay-as-you-go) charge per GB of data scanned. It is then intuitive to

use sampling to reduce the cost. But one side effect of sampling is potential disruptions to

column profiles. For instance, profiling methods like MinHash are shown to be sensitive to

the sample size [35]. It also remains unclear what a good sample size is for embeddings to

preserve the similarity for data discovery.

4.3.2 WarpGate Interface

We have implemented the ideas described above in a prototype system we call WarpGate.

As shown in Figure 4.3, we integrate WarpGate into Sigma Workbooks as a functionality

called Add column via lookup.

Continuing the example of a business user Joey who wants to identify customers for a

sales campaign, she opens up the Account table and sees a full list of companies (the Name

column highlighted in Step 1 of Figure 4.3). To help make the decision, she wants to augment

the table with additional information so that she can know which companies fall into the
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scope of the sale campaign. In the current interface, she right-clicks on the Name column and

chooses the Add column via lookup option in the menu. A window shows up (Step 2 in

Figure 4.3) and displays top-k join path recommendations. Each recommendation gives the

candidate join column, the table, and the database from which the candidate column comes,

as well as a similarity score relative to the Name column (i.e., the query column). Although

recommendations are ranked in descending order of the similarity score, Joey can pick one

that fits her interest most. Once she chooses a candidate, the window will display a list

of all the columns from the candidate table. Joey can browse and select the most relevant

columns. For now, the interface will add user-selected columns to the Account table right at

the side of the Name column for information complement and also load the candidate table

into Sigma Workbooks for further inspection. In Step 3, we simply add and show the first

recommended column, which is a foreign key in the same database.

The current interface design is based on the consideration that it is less desirable to simply

join two wide tables with many columns and overwhelm users with a display of an even wider

table that does not really help users with their information needs. In this case, Joey can first

add the most relevant columns at first glance based on her domain knowledge while having

the flexibility to see the entire candidate table for more careful examination.

4.4 Experiments

We evaluate WarpGate on effectiveness and efficiency in comparison with two existing

data discovery systems that support enterprise use cases. We obtain promising results of our

embedding-based approach and show that it is sample-efficient and scales well to tables of

millions of rows.

4.4.1 Datasets

We use three repositories for evaluation. Table 4.1 gives a summary of dataset characteristics.

NextiaJD. Flores et al. [63] composes four testbeds of datasets from open repositories

such as Kaggle and OpenML. Datasets are divided into testbeds according to their file size.

For instance, NextiaJD-XS contains datasets of size smaller than 1 MB while NextiaJD-L

consists of datasets of size larger than 1 GB. They also label the join quality of pairs of

attributes based on a measure that considers both containment and cardinality proportion

with empirically determined thresholds. In experiments, we use attribute pairs with quality

labeled as Good and High by [63].

Spider. Released as a large-scale semantic parsing and text-to-SQL dataset, Spider [178]
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Table 4.1: Basic statistics of evaluation datasets. XS is shorthand for testbedXS in the
NextiaJD repository, similarly for S, M, and L.

# Tables # Columns Avg. # Rows # Queries Avg. # Answers

XS 28 257 1,938 35 2.8

S 46 2,553 209,646 177 3.6

M 46 1,067 3,175,904 188 4.4

L 19 541 12,288,165 92 3.6

Spider 70 429 7632 60 1.1

Sigma 98 1,343 2,243,932 N/A N/A

includes 5,693 SQL queries on 200 databases across domains. We parse schema SQL files

and retrieve join paths between primary keys and foreign keys as ground truth. Spider has

both the training set and the development set, and we currently use join paths from the

development set for evaluation.

Sigma. The Sigma Sample Database is a collection of schema and tables that are acces-

sible to all Sigma Computing accounts for exploration. It is stored in a Snowflake account

managed by Sigma Computing and changes over time. The datasets in this database vary in

origin; some are real, publicly accessible data, some are real data that has been obfuscated,

and some are completely auto-generated data. The domain of the data ranges includes retail

(transactions, products and stores), financial (daily attributes of many securities), demo-

graphic (census, restaurants and bikes) and usage (cloud application usage and metering,

server logs).

4.4.2 Baselines & Metrics

For comparison, we consider as baselines two system prototypes Aurum [60] and D3L [17]

that report on real-world data discovery (see Section 4.6 for more information). Note that

Aurum stores detected relationships in a graph data structure and does not support top-k

search.

When ground truth is available, we report top-k precision and recall with varying k. At

each value of k, we average the precision and recall numbers over all the queries. We also

limit k to a small range since the average number of answers to a query is small in evaluation

datasets, and we don’t want to overwhelm users with too many recommendations.

Besides effectiveness, we consider index lookup time and end-to-end query response time
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Figure 4.4: Top-k precision and recall.

for efficiency measurement. Index lookup time refers to the time for the index data structure

to return top-k candidates, whereas end-to-end query response time is the total amount of

time for a discovery system to respond to a query, which includes data loading and embedding

inference time in our case. We report both metrics in seconds averaged over all queries in

a dataset. It is crucial in our application scenario that the system responds to queries at

interactive speed.

4.4.3 Experiment Results

Based on considerations in Section 4.3.1, we choose to use Web Table Embeddings [72] as our

underlying embedding model. We set the similarity threshold of the SimHash LSH index

to 0.7 and run baselines with their default setting. All experiments are conducted on an

Amazon EC2 p3.8xlarge instance.

4.4.3.1 Join Discovery on nextiaJD Testbeds

We present discovery results on NextiaJD testbedS and testbedM in Figure 4.4(a) and 4.4(b)

respectively (results on four testbeds have similar trends while these two testbeds contain

more tables and queries than the other two). As shown, WarpGate consistently obtains

higher precision and recall compared with two baselines as k increases.

Table 4.2 shows end-to-end query response time. Aurum is significantly faster because

it indexes detected relationships in another graph data structure for result retrieval. In

contrast, D3L is the slowest since it uses an ensemble approach and aggregating multiple

types of signals takes longer. As we can also see here, given the equal number of tables

in two testbeds, when the average number of rows increases by an order of magnitude,

query response time increases linearly and becomes unacceptable for interactive purposes.
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Table 4.2: End-to-end query response time in seconds/query (for k = 10) along with index
lookup time reported in parentheses for WarpGate.

Aurum D3L WarpGate

testbedS 0.18 4.77 3.12 (1.04)

testbedM 0.03 57.69 38.73 (8.39)

Moreover, index lookup time accounts for less than 25% of query response time on testbedS

and less than 13% on testbedM. This suggests that there are other bottlenecks in the pipeline

and improving only index lookup time (as many earlier works focus on) is not enough to

reduce overall query response time. Upon inspection, we found loading large datasets from

disk to memory and embedding inference take most of the time besides index lookup. We

show in Section 4.4.4 that sampling is an effective mitigation and our embedding approach

is robust to sample size.

4.4.3.2 PK/FK Detection on Spider

Figure 4.4(c) shows the top-k precision and recall of three systems on the Spider dataset. We

use this dataset mainly to demonstrate that for PK/FK detection within each independent

database, the embedding measure alone (WarpGate) can compare favorably against the

ensemble approach (D3L) and outperform the syntactic-only approach (Aurum) by a large

margin. As to D3L, the jump of recall from k = 5 to k = 10 is attributed to the column

name similarity measure in D3L, and we indeed observe in Spider that many PK/FKs share

syntactically similar column names. Since Spider has a small number of tables that contain

thousands of rows on average, the search time is fast for all three systems, which is no more

than 2 seconds for running all the queries.

4.4.3.3 Ad-Hoc Discovery in Sigma

Since Sigma Sample Database is a corpus without ground truth, we ask four colleagues to

pick columns of interest as queries. Here we describe one of the most interesting discoveries.

In future work, we plan to conduct a user study to evaluate the value of WarpGate in a

principled manner.

Continuing our running example of the business user Joey, who is interested in looking for

additional information to help make the decision of customer selection. Figure 4.3 displays

the top-3 recommendations from WarpGate. The first candidate is the Company column

of the LEAD table from the same database as the query column, which contains information

48



on contact points in each company (e.g., name, title, and address of each contact point).

Upon browsing columns in the LEAD table, Joey does not find auxiliary information for her

need. She moves to inspect the second candidate, which is the Company Name column of the

INDUSTRIES table from the STOCKS database. In the same table, the Industry Group column

has sector information of US public companies, which can (partially) enrich the query table.

Joey then acts on her customer selection by filtering companies with their sectors. Even

more interestingly, she can add to the query table the TICKER column from the INDUSTRIES

table, which can be further used as the join key to add columns of stock prices from the same

STOCKS database. This way, Joey can track down high-performing companies in targeted

sectors as her sales campaign customers.

4.4.4 Sample Efficiency

We run WarpGate over NextiaJD-S and NextiaJD-M with sample size 10, 100, and 1000.

For all sample sizes, the embedding approach remains as effective as using full values with

±1%/2% variation at different k values. In the meanwhile, index lookup time is reduced

by up to two orders of magnitude (e.g., from about 1 second to about 10 milliseconds on

NextiaJD-S), and end-to-end query response time also comes down to interactive speed (under

35 milliseconds per query on NextiaJD-S and under 65 milliseconds per query on NextiaJD-M).

We discuss further optimization opportunities in Section 4.5.

To see if sample efficiency is unique to Web Table Embeddings, we also evaluate BERT [49]

as our underlying embedding model. We observe that the effectiveness of BERT Embeddings

is robust to sample size as well. Although BERT is a significantly more complex model, we

do not see much improvement in effectiveness (mostly on par with Web Table Embeddings).

Nevertheless, index lookup time and query response time are 10x slower without sampling

due to more expensive embedding inference costs.

4.5 Discussion

4.5.1 Sigma Customer Data Scale

The scale of enterprise CDWs is a challenge for any deployment of join discovery. The

median Sigma customer warehouse has 450 tables for analysis, but the average is over 12,700

tables with an average of 25.7 columns per table. The size of enterprise tables is also a

challenge. The median table in these warehouses has just 7,700 rows, but the average is 1.7

billion rows. Actively sampling this large number of tables incurs usage costs in CDWs, so
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a passive sampling of user queries is beneficial. Likewise, samples can be shared across ML

applications in Sigma to amortize their cost.

4.5.2 Optimization Opportunities

4.5.2.1 Contextual Embeddings.

Existing approaches generally follow a two-step process: they first build profiles for each

column independently and then determine join-ability of two columns based on some notion

of similarity between their profiles (e.g., containment or Jaccard similarity). Typically, the

context of a column is not taken into account when building those profiles. However, context

(e.g., other columns in the same table, user activities, query logs) can potentially provide

auxiliary information that is critical to find semantically related candidates. We plan to

explore the option of incorporating context information into the underlying embedding model

of WarpGate.

4.5.2.2 Data Management for Data Discovery.

CSV is a common file format for tabular data in Open Data Lakes and table repositories

on the Web. Despite the flexibility and human readability of CSV files, the flat-file format

is not ideal for storage and query purposes. We note that (1) loading giant CSV files and

running embedding inference can incur heavy memory usage and crash programs on small

machines; (2) operations in join discovery like embedding inference are column-oriented; (3)

what is unique in our scenario is that our data are pulled from CDWs, thus more structured

and much better data quality than those in the wild. (1) and (2) make us think it is more

memory and storage efficient to take advantage of (in-memory) column stores for data pulled

out of CDWs, and (3) can make the process easier. This change will also have significant

implications for deployment as we need to provision CPU and memory usage in Sigma’s

Kubernetes cluster.

4.5.2.3 Efficient Search.

To further improve query response time for Sigma customers with a massive number of tables

in their CDWs, we are considering two directions: (1) a block-and-verify strategy in [53],

which employs pivot-based filtering to prune dissimilar vectors; (2) fine-tune off-the-shelf

embedding models in a self-supervised way that pushes embeddings of joinable columns to

have higher cosine similarity so that an index data structure like SimHash can be better

utilized [43].
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4.6 Related Work

WarpGate builds on earlier work on data discovery for enterprise data systems and Open

Data, which we summarize below. We distinguish WarpGate from this earlier work mainly

in two aspects: (i) we recognize and showcase the value of data discovery for structured data

in enterprise CDWs; (ii) we do not assume a full pass of data in the indexing/profiling phase

and show that the embedding-based approach is effective and robust to data samples.

Data Discovery Systems for Enterprise. Aurum [60] models syntactic relationships

between datasets in a graph data structure to support data discovery. In a two-step process

of profiling data and computing the relationship between data signatures, Aurum builds up

a graph with nodes representing column profiles and weighted edges indicating syntactic

relationships between two nodes (e.g., content similarity). With an in-memory index of

the graph, Aurum can efficiently support various discovery needs, such as how similar two

columns are, which can be used to find joinable datasets. SemProp [62] extends Aurum by

using word embeddings to surface semantically related objects in the graph.

Voyager [18] built on top of D3L [17] formalizes and supports three tasks routinely per-

formed by data scientists using their platform. It profiles data with a full scan and indexes

columns with MinHash. Voyager also drops the embedding measure in D3L and relies only

on syntactic measures.

Join Discovery over Open Data. JOSIE [191] considers the problem of finding joinable

tables in modern data lakes. It formulates the problem as a top-k overlap set similarity search

problem where columns are treated as sets and matching values as intersections between sets.

By using a cost model for estimating the reading costs of data structures, JOSIE contributes

an exact overlap set similarity search algorithm that can adapt to different data distributions.

Juneu [187] aims to help users find semantically related datasets in data lakes to augment

data analytics tasks, including finding joinable tables in interactive data science environments

(e.g., Jupyter Notebook). It combines multiple table-relatedness measures such as column

and row overlap, provenance, and user context and intent for related-table search. In a

similar vein, D3L [17] uses five types of evidence to determine column proximity: (i) column

name similarity; (ii) column extent overlap; (iii) word-embedding similarity; (iv) format

representation similarity; and (v) domain distribution similarity for numerical attributes.

This ensemble approach is shown to be more effective and efficient than Aurum on table

union search, which is a problem that has significant overlap with join path discovery.

In contrast to the search paradigm, Nargesian et al. [122] propose building a navigation

graph over data lakes. By leveraging a probabilistic model, they show that navigation can

help users find relevant tables that cannot be found by keyword search.
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4.7 Conclusion

We presentWarpGate, a system prototype for semantic join discovery in SigmaWorkbooks.

In future work, we expect to share our experience and lessons of deploying WarpGate in

the production environment and conduct a user study to further evaluate its value for end

users.
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CHAPTER 5

Nexus: Inferring Join Graphs from Metadata

Alone via Iterative Low-Rank Matrix

Completion

5.1 Introduction

Detecting join relationships within a collection of tables is essential for tasks such as

identifying primary and foreign keys (PK/FKs) in relational databases [143, 182, 35, 87],

constructing Business Intelligence (BI) models for analytical workloads [16, 104], and

finding related data in diverse sources like Web corpora [26, 25, 144, 135] and data

lakes [192, 60, 191, 187, 53, 42, 54, 48].

This capability is particularly important for modern lakehouse platforms, which face

unique challenges including minimal metadata (e.g., PK/FK relationships are not declared),

data heterogeneity, and decentralized data ingestion and consumption. Uncovering all join

relationships, collectively forming what we term the join graph, within a set of tables, is a

foundational capability that enables key functionalities in these architectures, including au-

tomated data cataloging and governance, improved data search and exploration, machine

learning (ML) feature engineering, knowledge graph construction, and natural language

query support.

In this work, each node in a join graph represents a table column and each edge indicates a

join relationship between two columns. Given a collection of tables, we address the problem of

join graph inference where our objective is to infer the adjacency matrix of the corresponding

join graph by uncovering all meaningful join relationships among the tables.

Existing approaches for join graph inference broadly fall into four categories. Traditional

non-ML methods [114, 35] leverage heuristics like column name similarity, data type compati-

bility, and value-based overlap measures to detect joinable columns. However, these methods

often miss semantically related columns with different names, and value overlap tests are
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computationally expensive, especially for large tables. Embedding-based approaches [54, 42]

enhance traditional methods by representing table names, column names, and column values

as embeddings in a vector space. They then use approximate nearest neighbor search to iden-

tify joinable columns. Although these approaches can uncover joins beyond exact matches,

embeddings provide fuzzy similarity rather than guaranteed correctness, yielding many false

positives [110]. ML-based methods [143, 16] train models to predict join relationships using

features such as value overlap, embedding similarity, and column statistics. However, feature

computation and model training are costly, and pretrained models often generalize poorly to

unseen datasets. For instance, in BI contexts, Lin et al. [104] observed that even ML models

trained on over 100,000 real BI models with PK/FK definitions can still fall short in accu-

racy. Recognizing that BI models mostly follow arborescence (snowflake or multi-snowflake)

structures, they proposed Auto-BI, which applies a graph-based global optimization (k-Min-

Cost-Arborescence) on top of ML predictions, significantly improving accuracy over pure ML

models. However, Auto-BI’s reliance on arborescence structures makes it too restrictive for

non-BI contexts, particularly for lakehouses, where schemas are typically more loosely struc-

tured. More recently, Large Language Models (LLMs) have been explored for join prediction

by prompting them with metadata and, optionally, sample data [51]. While promising,

LLMs are prone to hallucination and incur high computational costs, especially compared

to traditional methods.

Importantly, most existing approaches rely on both metadata and actual data values to

detect join relationships, with very few methods exclusively using metadata. Utilizing data

values—whether for direct value overlap detection, embedding generation, or feature com-

putation for ML models—is computationally expensive, especially when dealing with large

datasets containing numerous and sizable tables. Moreover, the assumption that join detec-

tion algorithms can freely access data values is often unrealistic. Data service providers, for

example, operate under strict privacy and security constraints that limit access to customer

data, even if such access could improve service usability. Therefore, in this work, we only

assume access to metadata, excluding any column data values. Specifically, the metadata we

consider includes only schema information and basic column statistics, which are typically

available in standard catalog services for data platforms. Results presented in [16] show that

ML models trained on metadata-based features can achieve adequate precision and recall for

join detection in the context of Microsoft Cosmos, a large-scale analytics platform (although

workloads on Cosmos are known to be highly recurrent [88]). These findings suggest that

accurate join graph inference is feasible without accessing data values.

Additionally, without assuming that query logs are always available, they should be lever-

aged to improve join graph inference when accessible. Although the use of query logs for
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Figure 5.1: CDF of density and normalized rank of the curated real-world schemas.

discovering join relationships is rare in academic research, largely because such logs are

proprietary, they are frequently available in industry settings, especially within cloud envi-

ronments.

In this paper, we develop Nexus, an efficient and accurate end-to-end solution for join

graph inference. Nexus leverages only metadata information and, when available, incorpo-

rates query logs to further improve its accuracy.

The design of Nexus is guided by two key insights derived from analyzing 5,957 real-

world schemas. When represented as adjacency matrices, real-world join graphs are (1)

highly sparse, and (2) exhibit a low-rank structure. As shown by the empirical results in

Figure 5.1, approximately 98% of these schemas have a density below 0.02, and over 95% have

a normalized rank1 less than 0.3. A more detailed analysis will be presented in Section 5.2.3.

To the best of our knowledge, our discovery of high sparsity and low-rank structure in real-

world join graphs is novel. High sparsity means that only a small fraction of all possible

joins actually occur. Low-rankness suggests that much of the variability in the join graph

matrix can be captured by a small number of latent factors. This redundancy means that a

significant portion of the matrix can be approximated using a low-dimensional representation,

revealing the inherent structure and dependencies among columns.

Based on the above insights, we formulate join graph inference as a low-rank matrix

completion problem. Low-rank matrix completion aims to recover unknown or latent entries

from a small number of observed entries, while ensuring that the recovered matrix has a low

rank. In our context, the join graph is represented as an adjacency matrix. Before running

the inference algorithm, entries that are pruned as invalid join candidates are set to 0 (known

1The normalized rank of an m× n matrix A is defined as rank(A)
min(m,n) .
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zeros). If join relationships are observed in the query logs, the corresponding entries can be

set to 1 (known ones). Although our approach does not require knowledge of existing joins

from query logs, such information can be naturally incorporated to further improve matrix

completion. For the remaining candidate entries, we leverage pretrained ML models or LLMs

to score their likelihood of being true joins. We then augment the standard low-rank matrix

completion objective with an additional loss term that encourages the recovered latent entries

to align with these probability scores. This allows us to effectively leverage prior predictions

from the pretrained models. Moreover, we introduce a regularization loss term to promote

sparsity in the matrix, reflecting the observed sparsity of real-world join graphs.

In practice, pretrained models often struggle to generalize to new or unseen datasets, and

forcing latent entries to conform to inaccurate predictions from these models can signifi-

cantly degrade the quality of the inferred join graph. To address this challenge, we propose

an Expectation-Maximization (EM) algorithm that iteratively refines the low-rank matrix

completion by incorporating semantic guidance from LLMs. The algorithm alternates be-

tween two steps: (1) performing low-rank matrix completion, and (2) adjusting the prior

probability estimates of join candidates using an LLM. A key aspect of our approach is

leveraging an LLM to assess the semantic compatibility between column entity types, which

is a prerequisite for a valid join. We define a column entity type as a free-text annotation

that encapsulates the semantic meaning of a column’s values within the context of its table.

For instance, an ID column in a Users table would be annotated as “user ID”.

Unlike traditional methods that depend on a fixed set of entity types, our approach

does not require predefined vocabularies. This is because column semantics can vary widely

across different tables and databases, and existing vocabularies fail to provide comprehensive

coverage of column semantics. LLMs are particularly well-suited for this task due to their

strong semantic understanding and ability to generalize across diverse contexts. We leverage

the generative capabilities of LLMs to both annotate entity types on the fly and determine

the semantic equivalence between column entity types. In our algorithm, when the LLM

determines a strong semantic match between the entity types of two columns, we promote

the corresponding latent entry by increasing its probability score. Conversely, if the LLM

finds a semantic mismatch, we demote the entry by decreasing its probability score. This

iterative refinement process allows Nexus to effectively correct poor initial predictions from

pretrained models and adapt to the unique semantics of unseen datasets.

To summarize, this paper makes the following contributions:

• We propose Nexus, an efficient and accurate end-to-end solution for join graph infer-

ence, tailored for enterprise environments where data privacy is a high priority. By

relying on metadata only, and optionally leveraging query logs when available, Nexus
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operates effectively without requiring direct access to data values.

• Our extensive empirical analysis of nearly 6K real-world schemas reveals a novel insight:

join graphs, represented as adjacency matrices, are not only sparse but also consistently

low-rank. This new discovery forms the foundation for our novel join graph inference

algorithm.

• Building on our discovery, we formulate join graph inference as a low-rank matrix

completion problem, leveraging pretrained models to score the likelihood of potential

joins. We then introduce a novel optimization objective that incorporates both the

observed sparsity and low-rank properties of real-world join graphs.

• To overcome the challenge of poor prior predictions from pretrained models, we propose

a novel Expectation-Maximization algorithm that alternates between performing low-

rank matrix completion and leveraging an LLM to iteratively refine the probability

scores of join candidates based on their semantic compatibility.

• We demonstrate the effectiveness and efficiency of Nexus on three datasets includ-

ing a real production dataset. Our metadata-only approach significantly outperforms

baselines and compares favorably to methods using data values.

The rest of the paper is organized as follows: Section 5.2 introduces preliminaries and

provides a detailed analysis on the structures of real-world schemas. Section 5.3 describes the

overall architecture and the various components ofNexus. Section 5.4 presents our extensive

experimental study, while Section 5.5 reviews the related work. And finally, Section 5.6

concludes this paper.

5.2 Preliminaries and Observations

This section establishes the foundation for our join graph inference solution. We will start by

introducing key concepts and formally defining the problem. Following that, we will present

findings from an empirical study on a large number of real-world database schemas, which

directly motivate the design of our algorithm.

5.2.1 Join Graphs

We first give the definitions of join graphs, join graph matrices, and join graph probability

matrices.
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Definition 6 (Join Graph). Given a set of tables T , a join graph is an undirected graph

G(T ) = (V,E) where:

• V = {c1, c2, ..., cn} represents the set of all columns from the tables in T .

• E is the set of join relationships. An edge (ci, cj) exists between two columns ci and

cj, if and only if a join relationship exists between them.

When the context is clear, we will refer to the join graph G(T ) simply as G.

Definition 7 (Join Graph Matrix). Let G = (V,E) be the join graph for a set of tables T .

The join graph matrix A(T ) ∈ {0, 1}n×n, or simply denoted as A when there is no ambiguity,

is the adjacency matrix of the join graph G:

Ai,j =

1 if (ci, cj) ∈ E

0 otherwise
(5.1)

Since we consider the join graph undirected, the resulting matrix A is symmetric (Ai,j =

Aj,i) with a zero diagonal (Ai,i = 0).

Definition 8 (Join Graph Probability Matrix). Let G = (V,E) be the join graph for a set

of tables T . The join graph probability matrix S(T ) ∈ [0, 1]n×n, or simply denoted as S in

case of no ambiguity, is an n× n matrix, where each entry Si,j denotes the probability that

column ci and column cj are joinable.

S is also a symmetric matrix (Si,j = Sj,i) with a zero diagonal (Si,i = 0) due to the

undirected nature of join graphs.

5.2.2 Problem Statement

In this work, the problem of Join Graph Inference is to reconstruct the join graph matrix

A for a given set of tables T , using only metadata. Automatically inferring missing join

relationships between relational tables is crucial for efficient data onboarding and reuse in

enterprise environments. Users frequently rely on these relationships to effectively navigate

and query their data. Join relationships are often missing or undeclared for various rea-

sons, such as the intentional removal of primary/foreign key constraints to improve ingestion

performance or data loss during migration processes. This challenge is amplified in enter-

prises adopting modern lakehouse architecture, where schemas are typically minimal and

loosely structured. In such environments, the sheer volume of tables—often numbering in
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Table 5.1: Statistical summary of the curated schemas.

Metric Min Max Mean Median

# of tables 4 977 15 9

# of columns 17 4572 108 56

Avg. columns / table 4 37 7 6

Density 1.6× 10−7 0.032 0.005 0.003

Normalized rank 5.6× 10−4 0.49 0.12 0.10

the hundreds or thousands—renders manual exploration for discovering these relationships

both impractical and ineffective.

We focus on a metadata-only setup for two main reasons. First, assuming access to the

underlying data is often untenable in enterprise settings due to privacy restrictions. Second,

even when data access is granted, current approaches that calculate Jaccard similarity or

containment between columns require full data scans. These operations become computa-

tionally prohibitive for tables with millions, let alone billions, of rows.

The metadata we consider in this work includes table names, column names, column

data types, and simple column statistics (total number of values, number of distinct values,

number of nulls, and minimum and maximum values). These basic statistics are commonly

available in the catalog service of a lakehouse platform for the purpose of query optimization.

We simply reuse them for join graph inference. Critically, and in line with enterprise privacy

and security requirements, our approach assumes no access to the actual data values within

the columns.

Our primary goal is to detect one-to-one (1:1) and many-to-one (N:1) relationships, which

typically correspond to PK/FK joins. If needed, many-to-many (N:N) relationships can

subsequently be derived in a post-processing step via the transitive closure of the initially

detected joins. In addition, while this paper focuses on single-column joins, our solution can

be extended to multi-column (composite key) joins, as discussed further in Section 5.3.7.

5.2.3 Empirical Analysis and Observations

To inform the design of our join graph inference algorithm, we conducted an extensive

empirical study to understand the characteristics of real-world join graphs.

Our analysis used the SchemaPile-Perm dataset [51], which contains over 22,989 relational

schemas from public GitHub repositories. However, this dataset required significant filtering
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before analysis. We found that over 49% of the schemas lacked join relationship information.

Many remaining schemas were also trivial; for example, nearly 29% had three or fewer tables,

and over 30% averaged four or fewer columns per table. To focus on realistic, non-trivial

databases, we filtered for schemas with more than three tables and an average of over four

columns per table. Additionally, we excluded the 7.5% of schemas with multi-column joins

to focus on single-column joins. This curation process resulted in a dataset of 5,957 schemas,

which served as the basis for our empirical study.

Table 5.1 presents a statistical summary of our curated dataset. Besides basic statistics,

our analysis focused on two critical properties of the join graph matrix for each schema:

sparsity and rank, leading to the discovery of the following two key insights.

• High Sparsity: We measured sparsity using matrix density, defined as # nonzeros
n2 for an

n × n matrix. The results confirm that real-world join graphs are extremely sparse,

with an average density below 0.005 and a median density under 0.003. As shown in

Figure 5.1, approximately 98% of schemas having a density less than 0.02.

• Low-Rank Structure: We assessed the low-rankness of join graphs using the normalized

rank, which is defined as rank(A)
n

for an n×n matrix A. This metric indicates how close

a matrix is to being full-rank. We found that the average and median normalized

ranks were only 0.12 and 0.10, respectively. As Figure 5.1 illustrates, over 95% of the

schemas have a normalized rank below 0.3.

These two key observations, high sparsity and low-rankness of join graphs, imply that most

columns in a schema are not directly joinable and that the overall join structure contains

significant redundancy, allowing it to be represented compactly.

These empirical observations are also intuitive. Columns in a schema that exhibit similar

joinability patterns with a subset of other columns are likely governed by shared underlying

semantics or schema characteristics. As a result, their joinability behavior tends to generalize

across the matrix, implying that much of the variability in the join graph matrix can be

captured by a small number of latent factors. Specifically, this redundancy suggests that the

join graph matrix can be approximated using a low-dimensional representation, revealing the

inherent structure and dependencies among columns. In the following section, we describe

our novel join graph inference algorithm based on these two key observations.

5.3 Nexus Design

In this section, we provide an architecture overview of our join graph inference solution,

Nexus, and provide details on each core system components.
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Figure 5.2: Overview of Nexus pipeline that infers join graphs from only metadata.

5.3.1 Overview

Figure 5.2 illustrates the overall workflow ofNexus. The process begins by retrieving schema

information and column-level metadata for a given collection of tables from the metadata

store. These metadata are then used to prune unlikely join column pairs, significantly

reducing the number of potential join candidates. Next, each candidate is scored using a

pre-trained model, which can be either an ML model or an LLM. These scored candidates,

optionally supplemented with known joins extracted from query logs, form a join graph

probability matrix. In this matrix, non-candidate pairs are assigned a probability of 0,

known joins from query logs are given a probability of 1.0, and the remaining entries are

populated with scores from the pre-trained model. The probability matrix is subsequently fed

into a matrix completion algorithm, which is based on our observations of high sparsity and

low-rank structure within the join graph matrix. This algorithm is further enhanced by an

iterative Expectation-Maximization (EM) procedure designed to mitigate any inaccuracies

from the pre-trained model. The output is the final inferred join graph matrix, which

identifies the detected join relationships.

5.3.2 Metadata and Join Candidates Pruning

Exhaustively evaluating every pair of columns as a potential join candidate incurs a quadratic

cost relative to the number of columns, making it impractical for large datasets with thou-

sands of columns. To address this, we collect column-level metadata from the metadata

stores and apply cheap filters to eliminate a large number of unlikely join candidates early
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on.

We begin by discarding columns that are unlikely to serve as join keys, such as nested

types (e.g., JSON, ARRAY, MAP), measure types (e.g., FLOAT, DOUBLE, DECIMAL), as well as

BLOB and BOOLEAN types. For the remaining columns, we leverage the data type and the

basic statistics from the metadata store, including cardinality (number of unique values),

null value ratio, and min/max values. These statistics are typically maintained in metadata

stores for query optimization purposes. Column pairs with incompatible data types (e.g.,

INTEGER vs. VARCHAR) are pruned immediately. Additionally, when inferring N:1 or

1:1 joins, we apply further pruning criteria, including ensuring uniqueness on the ”1” side,

verifying that the cardinality on the ”N” side does not exceed that of the ”1” side, and

confirming that the value domain of the ”N” side is a subset of the ”1” side. These pruning

criteria can be implemented in SQL syntax and executed efficiently in database systems.

While more sophisticated profiling and pruning techniques exist [99, 87, 89], they typically

incur higher computational costs. We opt for these simpler, more efficient metadata-only

filters because they effectively eliminate a large proportion of true negatives with minimal

overhead.

5.3.3 Scoring Join Candidates

The join candidates produced by the initial pruning step may still contain many false posi-

tives. For instance, a user ID column and a product ID column may share compatible data

types and value ranges, yet they are not semantically joinable. Prior works [143, 16, 104] have

typically employed ML models that combine multiple signals, such as embedding similari-

ties of column names and Jaccard similarities of column values, to predict join relationships

and estimate the associated probability scores. However, prior works rely on computing ML

features that require access to the actual data values. Such computations are expensive and

become prohibitive for large tables, often containing millions or billions of rows in enterprise

environments. In contrast to most prior work, we assume no access to data values. We

employ two metadata-based strategies to estimate the probability scores of join candidates:

• Pre-trained ML Model: We pre-train an ML model exclusively on metadata-derived fea-

tures. These include pairwise features derived from column names (max containment,

Jaccard similarity, the ratio of edit distance to max length, Jaro-Winkler similarity,

and the cosine similarity of weighted embeddings), and column-wise features (data

type encodings, cardinality ratios, and null-value number ratios).

• LLM: We can leverage an LLM as a pre-trained model, prompting it directly for both

predictions and associated confidence levels, categorized as low, medium, and high.

62



These qualitative confidence levels are then mapped to predefined probability scores

(e.g., low→ 0.1, medium→ 0.6, and high→ 0.9). This indirect elicitation of confidence

is motivated by the known limitations of LLMs in generating reliable, well-calibrated

confidence scores [108, 44, 132].

After this step, we construct a join graph probability matrix using the predicted scores

from the pre-trained ML or LLM model, optionally augmented with confirmed join column

pairs extracted from query logs, if available.

Despite the usefulness of pretrained models, they face two significant limitations: (1) their

predictions are inherently local, considering only the features of individual column pairs and

ignoring the global structure of the join graph, and (2) models trained on one dataset may

not generalize effectively to others, and their confidence scores can be misleading. We address

these critical challenges in Sections 5.3.4 and 5.3.5, respectively.

5.3.4 Join Graph Inference through Low-Rank Matrix Comple-

tion

After initial pruning and scoring, we obtain a join graph probability matrix, S. This matrix

is partially observed: some entries are considered certain, having probabilities fixed at 0

(pruned) or 1 (from query logs), while the rest hold uncertain confidence scores from the

pre-trained model. Let Ω = {(i, j) | Si,j ∈ {0, 1}, 0 ≤ i, j < n} denote the set of positions

of certain entries in S.

The objective of join graph inference is to recover a matrix M ∈ [0, 1]n×n that is a faithful

approximation of the unknown ground truth join graph matrix A. This recovery process

only affects the uncertain entries of S. Drawing from our key observations that real-world

join graphs are highly sparse and low-rank, we formulate this inference task as a low-rank

matrix completion problem.

The standard formulation of low-rank matrix completion seeks to minimize the rank of

M while preserving the observed values. Formally, the optimization objective can be written

as:
minimize rank(M)

subject to Mi,j = Ai,j for (i, j) ∈ Ω
(5.2)

where rank(·) gives the rank of a matrix.

This is a non-convex optimization problem due to the rank function and is known to be

NP-hard [37]. A well-established convex relaxation approximates the rank function with the
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nuclear norm of the matrix [27], resulting in the following optimization objective:

minimize ||M ||∗ =
n∑

k=1

σk(M)

subject to Mi,j = Ai,j for (i, j) ∈ Ω

(5.3)

where σk(·) denotes the k-th largest singular value of a matrix and the nuclear norm || · ||∗
is the sum of all singular values.

While alternative approaches to low-rank matrix completion exist, such as matrix factor-

ization [94, 85], they require pre-specifying the rank of the matrix to be recovered. Such

prior knowledge of the matrix rank is not readily available in our setting. On the other

hand, nuclear norm relaxation is generally considered less scalable than matrix factoriza-

tion, as it needs to estimate all the parameters corresponding to the latent entries, which

increase quadratically with respect to the matrix dimension. However, this concern is largely

mitigated in our context due to a crucial observation: real-world join graphs are extremely

sparse. Specifically, we observed that the detected join candidates (after pruning) constitute

less than 5% of the entries in the matrix we need to recover. Consequently, the number of

parameters in our optimization is dramatically reduced, making the nuclear norm approach

both feasible and efficient. This key insight not only addresses the scalability issue but

also motivates us to explicitly incorporate a sparsity-inducing constraint into our recovery

objective, ensuring the final solution reflects this fundamental property of join graphs.

Additionally, we have access to the confidence scores for join candidates in the join graph

probability matrix S, provided by the pre-trained model. These scores serve as prior infor-

mation to guide the recovery of the latent entries in M .

Let Ω̄ denote the complement of Ω, which contains the set of positions for the uncertain

entries in our probability matrix S. To integrate the observed sparsity and the prior beliefs,

we propose the following optimization objective:

minimize ||PΩ̄(S −M)||2F + λ1 ||M ||∗ + λ2 ||M ||1
subject to Mi,j = Ai,j for (i, j) ∈ Ω

(5.4)

Here, PΩ̄ is a projection operator that preserves the entries with positions in Ω̄ while

zeroing out all others. || · ||F and || · ||1 denote the Frobenius norm and the 1-norm of a

matrix, respectively.

The above object function can be broken down into the following three components:

• Confidence Score Regularization: The term ||PΩ̄(S−M)||2F encourages the final matrix

M to align with the confidence scores from the pre-trained model, but only for the
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uncertain entries in Ω̄.

• Low-Rank Regularization: The term λ1 ||M ||∗ uses the nuclear norm to encourages the

solution M to be low-rank, aligning with our key observation.

• Sparsity Regularization: The term λ2 ||M ||1 uses the L1 norm to promote sparsity in

M , effectively pushing the probabilities of unlikely joins towards zero.

λ1 and λ2 are hyperparameters weighting the regularization power of the low-rank term

and the sparsity term, respectively.

Note that the recovered matrix M contains real values in [0, 1], rather than binary indi-

cators. To produce the final binary decisions, we apply a threshold θ to the latent entries of

M . The resulting decision matrix M̂ ∈ {0, 1}n×n is defined as:

M̂i,j =

Mi,j if (i, j) ∈ Ω

1(Mi,j ≥ θ) otherwise
(5.5)

where 1(·) is the indicator function.

5.3.5 Iterative Join Graph Inference via Expectation-

Maximization Algorithm

As shown in Equation 5.4, we (partially) align the recovered matrix with the probability

matrix determined by a pre-trained ML/LLM model. This approach assumes that the model

accurately estimates the probability scores of join candidates. However, this assumption

may not hold when applying a pretrained model to unseen datasets with very different

distributions from the training datasets. Consequently, forcing latent entries in the recovered

matrix to match potentially inaccurate estimates can degrade result quality. To address

this issue, we propose an Expectation-Maximization (EM) algorithm (Algorithm 3), which

iteratively improves the quality of low-rank matrix completion using guidance from an LLM.

EM is a widely adopted approach in ML for computing maximum likelihood estimates

in models with incomplete or latent variables [45]. The algorithm, outlined in Algorithm 3,

operates iteratively in two main steps. The Expectation step (E-step) involves low-rank

matrix completion to estimate the values of latent entries. This estimation is based on the

observed data Ω and the probability scores S(t) given by an ML/LLM model. This E-step

can be interpreted as determining the posterior probabilities of the latent entries given the

observed data and the prior knowledge from the ML/LLM model. Subsequently, in the

Maximization step (M-step), we refine the probability matrix by incorporating a semantic
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Algorithm 3: Expectation-Maximization Algorithm for Iterative Join Graph In-

ference

Input : S(0), initial probability matrix;

Ω(0), initial set of known certain entries in S(0);

Γ, max number of iterations;

ϵ, tolerance for early stopping

Output: M , recovered matrix

/* Map from column to its entity type (cache) */

1 col entity type = {};
2 for t = 0, 1, . . . ,Γ− 1 do

/* E-step: Recover the latent matrix M (t+1) */

3 M (t+1) = low rank matrix completion(S(t),Ω(t));

/* Check for convergence */

4 if t > 0 then

/* No candidates left or last iteration */

5 if Ω̄(t) == ∅ or t == Γ− 1 then

6 break;

7 end

8 if ∥M (t+1) −M (t)∥F ≤ ϵ then

9 break;

10 end

11 end

/* M-step: Update the probability matrix */

12 S(t+1),Ω(t+1), col entity type =

update prob matrix(M (t+1),Ω(t), col entity type)
13 end

14 return M (t+1)

compatibility assessment of column entity types using an LLM. Specifically, we harness the

semantic power of LLMs to enforce a key condition for valid joins: two columns that can be

joined must have semantically equivalent entity types.

We define a column entity type as a free-text annotation that captures the specific seman-

tics which a column represents within its relational table. For instance, an ID column in a

table of food orders should ideally be annotated as “food order ID”, whereas an ID column

in a table of users should be annotated as “user ID”. Leveraging the advanced semantic

understanding capabilities of LLMs, we employ an LLM to annotate column entity types

and to determine the semantic equivalence between two entity types. The match of entity

types constitutes a necessary condition for valid joins and substantially reduces the number
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Algorithm 4: Update the Probability Matrix (update prob matrix)

Input : S, the probability matrix;
Ω, the set of known certain entries in S;
col entity type, column to entity type map;
low threshold, the threshold to prompt LLM for

entity types and type match check;
high threshold, the threshold to promote a latent

entry to be a hard positive;
δ, the penalty factor for entity type mismatch

Output: updated S, Ω, and col entity type

1 join candidates = {(i, j) | (i, j) ∈ Ω̄ and i < j};
/* Loop through join candidates */

2 for (i, j) ∈ join candidates do
3 if S[i][j] < low threshold then
4 continue;
5 end
6 if i /∈ col entity type then
7 col entity type[i] = prompt llm for entity type(col i);
8 end
9 if j /∈ col entity type then

10 col entity type[j] = prompt llm for entity type(col j);
11 end

/* Boost probability of type-matched entry */

12 if col entity type[i] == col entity type[j] or
prompt llm for soft type match(col i, col j) then

13 if S[i][j] ≥ high threshold then
14 S[i][j] = S[j][i] = 1.0;

/* Add new known entries */

15 Ω.add({(i, j), (j, i)});
16 else
17 S[i][j] = S[j][i] = high threshold;
18 end

19 else
/* Decay probability of unmatched entry */

20 S[i][j] ∗= δ; S[j][i] ∗= δ;

21 end

22 end
23 return S,Ω, col entity type

of spurious join candidates (e.g., two ID columns have coincidental value overlap but refer

to distinct types of entities). Critically, our approach does not rely on a fixed vocabulary

of entity types, as column semantics can vary across different tables and databases, and no
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1 # System prompt:

2 "You are a data management expert that only replies with JSON."

3

4

5 # Prompt for entity type inference:

6 "--- Column 1 ---

7 Table: {table_name}

8 Column: {col_name}

9 --- Column 2 ---

10 Table: {table_name}

11 Column: {col_name}

12 . . .
13 ------

14 What is the most likely entity type for each of these columns?

15 Give me a short label for each in the order they were provided.

16 Respond in a JSON format like {'entity_types ': ['label1 ', 'label2 ',
'label3 ']}"

17

18

19 # Prompt for soft entity type matching:

20 "--- Pair 1 ---

21 Left table: {table name}

22 Left column: {column name}

23 Left column entity type: {entity type}

24 Right table: {table name}

25 Right column: {column name}

26 Right column entity type: {entity type}

27 --- Pair 2 ---

28 Left table: {table name}

29 Left column: {column name}

30 Left column entity type: {entity type}

31 Right table: {table name}

32 Right column: {column name}

33 Right column entity type: {entity type}

34 . . .
35 ------

36 For each pair listed above , do the two entity types match?

37 Provide your answers ('yes' or 'no ') in a JSON format like

{'match_results ': ['yes ', 'no', 'yes ']}
38 **It is crucial that the order of the answers in the list matches

exactly the order of the pairs as they were given in this prompt .**"

39

Figure 5.3: LLM prompts for column entity type inference and soft type matching.

existing entity type vocabularies have a comprehensive coverage of the nuanced spectrum of

column semantics.

As detailed in Algorithm 4, the M-step iterates through latent entries (join candidates)

and prompts an LLM to identify the entity types of columns based on column and corre-

sponding table names (see Figure 5.3 for our prompts). For each candidate pair with a score

exceeding a predefined low threshold, we prompt an LLM to infer their entity types if they

do not have one. To reduce the computational and monetary cost of LLM calls, we cache

the identified entity types. Subsequently, we conduct a character-wise comparison of their

entity types. If this comparison fails, we further prompt the LLM for a soft check of whether

the entity types match semantically (see Figure 5.3 for our prompts). The alignment of

entity types is a prerequisite for a valid join. We have observed LLMs to be particularly

effective in performing such nuanced semantic comparisons. If the entity types align and the
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associated probability score exceeds a predefined high threshold, we promote the pair to be a

hard positive, setting its probability score to 1 and removing it from the set of latent entries.

If the types match but the probability score falls below the high threshold, we boost the

probability score to this threshold value, ensuring the pair undergoes another LLM check in

the next EM iteration. This design accounts for the low initial probability estimate of the

pair from the pre-trained model and the inherent stochasticity of LLM outputs. If the entity

type check fails, we penalize the pair by reducing its probability score by a specific factor δ,

which we set to 0.5 for all experiments. In the implementation, to further reduce the latency

of LLM calls, we batch multiple requests in one prompt with a batch size of 24.

The iterative process of the EM algorithm continues until either a predefined maximum

number of iterations, Γ, is reached or convergence is achieved. The convergence is determined

by the change in the recovered matrix (quantified by the Frobenius norm) falling below a

specified tolerance, ϵ. We set ϵ to 1e−5 in all experiments.

For latency-sensitive scenarios, our system can be configured to perform a single itera-

tion of the EM algorithm (only low-rank matrix completion). This fast mode, which we

call Nexus-Fast, is particularly useful when pre-trained models provide strong priors. It

bypasses all LLM calls in the EM algorithm, ensuring maximum inference speed while still

improving over the pretrained models and achieving competitive results compared to our full

EM algorithm. In the following text, we refer to our full EM algorithm as Nexus-EM to

distinguish from Nexus-Fast.

5.3.6 Optimization via Core Submatrix Reduction

The procedure described above recovers a matrixM of size n×n, where n is the total number

of columns in the table collection. For a large table collection, n can be very big. However,

since our primary goal is to infer latent entries determined by join candidates that typically

involve only a small subset of all columns, we can instead recover a smaller matrix, which

we call the core submatrix :

Definition 9 (Core Submatrix). Given a symmetric n×n matrix M , the core submatrix M ′

is defined as the submatrix obtained by removing all rows and columns from M that contain

only zero entries. Formally, let I = {i | ∃j,Mi,j ̸= 0} be the set of indices corresponding to

non-zero rows (and equivalently columns, since M is symmetric). Then, the core submatrix

can be denoted as M ′ = M [I, I]. The dimension of M ′ is n′ × n′, where n′ = |I|.

Since most columns are not join keys, especially those measure-oriented columns ubiq-

uitous in analytical workloads, typically the core submatrix M ′ is much smaller than M

(i.e. n′ << n). Importantly, our approach based on low-rank matrix completion remains
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applicable, as we found that M ′ also exhibits high sparsity and a low-rank structure akin to

the full adjacency matrix.

Recovering a smaller core submatrix M ′ offers significant practical benefits. Empirically,

its dimension is often less than half the size of M , resulting in faster runtime and reduced

memory usage. The main caveat is that the component of pruning join candidates is not

perfect, and some relevant join keys may be excluded from M ′ and not recovered. Through

experiments, we observe that this optimization gives almost 25% speedup when only running

low-rank matrix completion (i.e., Nexus-Fast), so we enable this optimization by default for

Nexus-Fast. For Nexus-EM, this optimization is less significant as the main performance

bottleneck lies in LLM calls (from a remote service). Hence, we choose to recover the full

matrix without losing any relevant join keys.

5.3.7 Extension to Multi-Column Joins

While we have discussed our approach in the context of single-column joins, it’s easily adapt-

able for multi-column join scenarios. The core idea remains the same: we treat every set of

k columns within a table as a single conceptual unit. These units are then subject to the

same pruning rules outlined in Section 5.3.2. This extension leads to a larger probability

matrix for the low-rank matrix completion task. Specifically, for a set of tables T , the matrix

dimension becomes m×m, where m =
∑

τ∈T
(
nτ

k

)
and nτ is the number of columns in table

τ . Each entry in this matrix represents the join probability of a pair of k-column units.

Crucially, this expanded matrix also exhibits high sparsity and a low-rank structure. This

allows us to directly apply the same matrix completion and EM algorithms (Section 5.3.4

and Section 5.3.5) to detect multi-column joins. In fact, the presence of multiple columns in

a unit increases the matrix size while the overall number of multi-column joins is typically

smaller. This often leads to an even higher sparsity and lower rank in the join graph matrix,

which can benefit our algorithms. Additionally, the core submatrix reduction optimization

from Section 5.3.6 is also applicable and can be employed to further improve the efficiency.

Despite this capability, our analysis of the SchemaPile-Perm dataset shows that multi-

column joins constitute only a small fraction (7.5%) of real-world schemas. Consequently,

our experimental evaluation focuses on the more prevalent single-column joins.

5.4 Experiments

We report experimental results in this section.
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Table 5.2: Summary of experimental dataset statistics.

Datasets # Tables # Columns Density Rank Normalized Rank

TPC-DS 24 425 0.001 34 0.08

TPC-H 8 61 0.004 12 0.20

REAL 30 1156 0.001 19 0.02

5.4.1 Experiment Setup

Datasets. We evaluate our approach using two synthetic datasets, TPC-DS and TPC-

H, and a commercial production dataset which we call REAL. Table 5.2 summarizes their

statistics. For the TPC benchmarks, we establish ground truth from PK/FK relationships

declared in data definition files and join relationships present in the benchmark queries. For

the REAL dataset, we derive ground truth from join relationships observed in query logs.

Baselines. We consider four baselines for comparison, which we briefly describe below.

• SemPy. As an integral component of Microsoft Fabric’s semantic link feature, the

SemPy Python library [114] offers many functionalities, including a production-level

classical method for detecting join relationships.

• XGBoost. Many prior works have employed ML models in their approaches to detect

join relationships [143, 16, 104]. Notably, [16] evaluated various ML models (e.g. lo-

gistic regression, gradient boost, and random forests) on metadata features and found

their performance to be comparable, while Auto-BI [104] employs an XGBoost model

on both metadata and value features to initialize its graph-based optimization. Follow-

ing this precedent, we train an XGBoost classifier using an expanded set of metadata

features that encompasses those employed in [16], on the BIRD-SQL dataset (ensuring

no overlap with our evaluation datasets) as a baseline. Additionally, we use this model

as a pre-trained ML model to set the probability scores in Nexus.

• Auto-BI. Lin et al. [104] propose Auto-BI for predicting join relationships in BI models

within data warehouses. They observe that the join graphs in BI environments often

follow a snowflake structure, and frame join detection as a graph-based optimization

problem using join candidates scored by an ML model. Auto-BI represents the current

state-of-the-art in join detection.

• GPT-4o. We also assess GPT-4o [127], OpenAI’s latest LLM, for its ability to predict

join relationships. We leverage GPT-4o in two additional ways: as a pre-trained model

71



Table 5.3: Quality comparison of all approaches on TPC-DS, TPC-H and REAL datasets,
using metadata only.

TPC-DS TPC-H REAL

F1 Precision Recall F1 Precision Recall F1 Precision Recall

SemPy 0.43 0.50 0.38 0.41 0.26 1.0 0.26 0.29 0.23
XGBoost 0.02 0.01 0.22 0.11 0.06 1.0 0.20 0.11 0.70
Auto-BI 0.03 0.13 0.02 0.55 0.40 0.86 0 0 0
GPT-4o 0.81 0.68 0.99 0.78 0.64 1.0 0.49 0.34 0.88
Nexus-XGBoost 0.56 0.65 0.50 0.74 0.58 1.0 0.40 0.41 0.39
Nexus-GPT-4o 0.89 0.87 0.90 0.93 0.88 1.0 0.58 0.45 0.81

to provide priors for our approach, and within the EM process to mitigate the impact

of a poorly performing pre-trained model. All interactions with GPT-4o use the Azure

OpenAI API, version 2025-01-01-preview.

To ensure a fair comparison, all methods in our evaluation, including Nexus and all

baselines, operate on metadata only by default. The XGBoost model is trained exclusively

on metadata features, and GPT-4o is prompted using only metadata. We also created

metadata-only variants of SemPy and Auto-BI to contrast with their standard methods that

require full data access. For the Auto-BI metadata-only variant, we configured its graph-

based optimization to run on predictions from the metadata-only XGBoost model. For the

SemPy metadata-only version, we disabled the value-based overlap check. Unless otherwise

specified (as in Section 5.4.6), all of our experiments use these metadata-only versions.

Metrics. Due to the class imbalance in detected join candidates, we evaluate the quality of

all approaches using F1 score, precision, and recall. The reported numbers represent the best

results for each method after we performed best-effort tuning on each dataset. For efficiency

comparison, we report runtime in seconds.

Hardware. All experiments were conducted on an Azure virtual machine (standard NC12s

v3) with 12 vCPUs and 224 GiB of RAM.

5.4.2 Quality Comparison

Table 5.3 presents the F1 score, precision and recall for all evaluated approaches on the TPC-

DS, TPC-H, and REAL datasets, under a metadata-only configuration, without leveraging

any query logs. For Nexus, we report results on Nexus-EM using two distinct pre-trained

models as priors: XGBoost (Nexus-XGBoost) and GPT-4o (Nexus-GPT-4o).

Nexus consistently outperforms all baselines by a significant margin. For instance,

Nexus with GPT-4o priors (Nexus-GPT-4o) surpasses Auto-BI, the previous SOTA, by
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Figure 5.4: F1 score of Nexus-EM w.r.t the percentage of ground truth joins available
(assuming the availability of query logs) on TPC-DS, TPC-H, and REAL datasets.

86, 38, and 58 F1 points on the TPC-DS, TPC-H and REAL datasets, respectively. The

classical solution, SemPy, also lags behind Nexus-GPT-4o by 46, 52, and 32 F1 points on

these three datasets.

XGBoost, since pretrained on the BIRD-SQL dataset, does not generalize well to any

of the test datasets, yielding the lowest F1 scores on TPC-DS and TPC-H. In contrast,

even with the weak priors from XGBoost, Nexus-XGBoost significantly improves the F1

score by 54 points on TPC-DS, 63 points on TPC-H, and 20 points on the REAL dataset.

The substantial improvement is attributed to Nexus’s iterative optimization based on the

low-rank structure of join graphs and column entity type checks via LLMs.

Similarly, Nexus further improves on GPT-4o priors, even when GPT-4o shows strong

results out of the box. GPT-4o’s strong result quality on the public TPC-DS and TPC-H

benchmarks is expected, as it has likely learned their join ground truth during training.

While it also achieves high recall on the unseen REAL dataset, demonstrating a robust

ability to understand join semantics from schema, it nevertheless makes mistakes by giving

a non-trivial number of false positives.

The pre-trained model is a modular component of Nexus. While we use GPT-4o as

an example of a strong prior in Nexus-GPT-4o, any advanced ML model could be substi-

tuted. The results of Nexus-XGBoost and Nexus-GPT-4o highlight the robustness of our

framework. Although a more accurate prior will naturally yield strong result quality, Nexus

proves capable of delivering adequate quality even when initialized with a significantly weaker

model, as demonstrated by the XGBoost variant.

Auto-BI and SemPy underperform on all datasets. This outcome is not surprising, as

both methods were originally designed with the assumption of data access. The lack of

data access disables inclusion dependency check in join candidates pruning, leading to more

false positives for both methods. Additionally, Auto-BI’s performance relies on a reasonably
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Figure 5.5: F1 score comparison of base models, Nexus-Fast, and Nexus-EM on TPC-DS,
TPC-H, and REAL datasets.

effective base model, and its results are significantly compromised by the absence of features

derived from data values. As we will show in Section 5.4.6, both methods demonstrate much-

improved results when granted full data access. However, for the specific task of inferring a

join graph from metadata alone, neither Auto-BI nor SemPy is competitive.

5.4.3 When Query Logs are Available

In practice, query logs are commonly available and can provide partial, if not complete, sets

of true join relationships. We evaluate Nexus’s result quality under varying percentages of

available joins, which are randomly sampled from the ground truth. Figure 5.4 shows the F1

score of Nexus-EM as the proportion of known joins increases across the TPC-DS, TPC-H,

and REAL datasets.

Overall, increased availability of true joins via query logs leads to improved result quality

for Nexus. This is because sampled true joins offer valuable information about the structure

and connectivity of the underlying ground truth adjacency matrix. For instance, on the TPC-

DS dataset, Nexus-GPT-4o achieves an F1 score of 0.91 and Nexus-XGBoost reaches an

F1 score of 0.72, when 40% of true joins are available. When the availability of true joins

increases to 80%, Nexus-GPT-4o’s F1 score rises to 0.95, and Nexus-XGBoost’s F1 score

reaches 0.88. On TPC-H, Nexus-XGBoost achieves a perfect F1 score when just 10% of

ground truth joins are available. The benefits of known joins are even more significant on

the REAL dataset, where F1 scores increase by 30 points for both Nexus-XGBoost and

Nexus-GPT-4o when 80% of true joins are known.

5.4.4 Fast Mode Inference

By default, Nexus leverages LLMs within its EM algorithm to infer semantic entity types

of columns and perform soft type matching. While powerful, these LLM API calls can incur
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Figure 5.6: Efficiency comparison on TPC-DS, TPC-H, and REAL datasets. Auto-BI shares
Nexus’s implementations of metadata preparation, join candidates pruning and join candi-
dates scoring.

increased latency and considerable monetary costs. For latency- or budget-sensitive scenar-

ios, we offer Nexus-Fast, a fast mode of Nexus that exclusively employs low-rank matrix

completion (no iterative EM algorithm) on the core submatrix (as discussed in Section 5.3.6).

In Figure 5.5, we compare the result quality (F1 score) of Nexus-Fast and Nexus-EM,

using XGBoost and GPT-4o as base models for scoring join candidates. Overall, Nexus-

Fast can improve result quality of both base models across three datasets while Nexus-EM

achieves the best results.

When a weak base model is used, or one that demonstrates poor generalization like

XGBoost pretrained on the BIRD-SQL dataset, Nexus-EM empowered by the LLM delivers

stronger results than Nexus-Fast, despite its longer runtime (as shown in the next section).

Specifically, Nexus-EM outperformsNexus-Fast by 54, 38, and 7 F1 points on the TPC-DS,

TPC-H, and REAL datasets, respectively. When the weak model provides a useless prior, as

seen with TPC-DS, Nexus-Fast does not improve the result quality. Nevertheless, when the

same base model has some predictive value as with TPC-H and REAL, Nexus-Fast achieves

a boost of 5 and 13 F1 points, respectively.

In contrast, when a strong base model like GPT-4o is employed, Nexus-Fast yields result

quality comparable to Nexus-EM. The quality gap significantly shrinks, narrowing to only

1 F1 point on TPC-DS, 5 F1 points on TPC-H, and no difference on REAL. Compared to

the base model alone, Nexus-Fast yields improvements of 7, 10, and 9 F1 points on these

three datasets. The subsequent section will elaborate on the latency advantages offered by

Nexus-Fast.
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5.4.5 Efficiency Comparison

Figure 5.6 shows the efficiency comparison of four methods across all three datasets. We

report the runtime of Nexus-Fast and Nexus-EM using the XGBoost base model here.

We categorize the end-to-end latency into four key components including metadata prepa-

ration, join candidates pruning, join candidates scoring, and join graph inference, as illus-

trated in our pipeline (Figure 5.2). Auto-BI, Nexus-Fast and Nexus-EM incorporate all

four components, whereas SemPy only involves metadata preparation and join candidates

pruning.

Note that we replaced the metadata preparation, join candidate pruning, and join can-

didates scoring components of Auto-BI with the more efficient implementation from Nexus

for a fair comparison due to our metadata-only adaption. Among all methods, Nexus-EM,

which relies on LLM API calls, exhibits the highest latency, with join graph inference being

the dominant factor although we have batched multiple requests in a single LLM prompt.

The reported latency for Nexus-EM also depends on the number of iterations we run the al-

gorithm and here we report the latency of Nexus-EM when it achieves the best result on each

dataset. In contrast, Nexus-Fast, by exclusively performing low-rank matrix completion on

the core submatrix, achieves a significant speed-up: it is nearly 25 times faster on TPC-DS,

3 times faster on TPC-H and 14 times faster on REAL than Nexus-EM. As demonstrated

in Section 5.3.6, when we substitute the base model with a stronger model, Nexus-Fast can

also deliver comparable result quality.

5.4.6 When Data Values are Available

Although Nexus is designed for enterprise settings where data access is restricted, it can be

applied when data values are available. In fact, Nexus remains highly effective in this setup.

We compare Nexus (referring to Nexus-EM) against XGBoost, Auto-BI, and SemPy on

the TPC-DS and TPC-H datasets. The REAL dataset is excluded from this experiment

due to restricted access to the data values. With full data access, we switch to an XGBoost

model trained on additional data-value features used in Auto-BI to score join candidates

across all relevant methods, replacing the metadata-only models in previous experiments.

Figure 5.7 shows the F1 score comparison across all four methods. Unlike the metadata-

only setting, all methods except SemPy now perform competitively, highlighting how heavily

these existing approaches rely on data values. This also re-emphasizes the critical role

of considering join graph structure when metadata alone provides limited signals of the

joinability of individual column pairs. Nevertheless, Nexus remains the top performer on

both TPC-DS and TPC-H. Even though the TPC-DS and TPC-H datasets conform to the
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Figure 5.7: Comparison of F1 score on TPC-DS and TPC-H when data values are available.

strict snowflake schema that Auto-BI is optimized for, Nexus still outperforms it. Nexus’s

more flexible assumptions about the join graph (i.e., high sparsity and low-rank structure)

lead to a 4-point F1 score advantage over Auto-BI and a 6-point advantage over XGBoost

on TPC-DS. SemPy trails behind all other methods as it simply relies on the column name

similarity for pruning and value overlap to determine joins. Such heuristics can yield a

significant number of false positives and/or false negatives.

In addition to better ML predictions using value-based features, access to data values

enables inclusion dependency tests, an effective technique for pruning join candidates. This

test effectively eliminates many false positives that might otherwise appear highly joinable

based on metadata alone. On TPC-DS, the number of join candidates drops from 3351 to

1232. On TPC-H, the reduction is even more dramatic, from 183 candidates to just 30. This

aggressive pruning is a key reason why XGBoost, Auto-BI, and Nexus all achieve perfect

F1 scores on TPC-H.

5.5 Related Work

Join detection has been studied extensively in the literature, in the context of PK/FK

detection in relational databases [143, 182, 35, 87], BI model construction for analytical

workloads [16, 104], and related table search in Web corpora [26, 25, 144, 135] and data

lakes [192, 60, 191, 187, 53, 63, 54, 48, 110]. Two main scenarios are commonly studied:
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(1) joinable table search, which finds tables joinable with a given input table, and (2) join

graph inference, which discovers all join relationships within a collection of tables. This work

focuses on the latter, which is more computationally demanding. While both scenarios share

similar solution strategies, join graph inference places greater emphasis on computational

efficiency due to its increased complexity.

Traditional methods on join detection rely on heuristics like name similarity and value

overlap [114, 35]. For example, Chen et al. [35] combine signals from table and column

names with data values to distinguish true relationships from spurious candidates, using

containment and other constraints to prune unlikely join candidates. Similarly, Jiang et

al. [87] jointly detect primary and foreign keys using a comprehensive set of pruning rules.

However, these methods are often computationally expensive and miss semantic matches.

Zhang et al. [182] detect PK/FK relationships by measuring distributional similarity between

columns with the Earth Mover’s Distance, but this approach does not scale well, requiring

over 2.5 hours to process 10 GB of data [35].

Embedding-based approaches represent table and column metadata as vectors and use

approximate nearest neighbor (ANN) search to find join candidates [54, 42]. While these

methods can uncover non-obvious semantic joins, their similarity metrics do not guarantee

correctness, often leading to a high rate of false positives.

Recent work has shifted toward ML-based methods. Rostin et al. [143] propose learn-

ing PK/FK relationships from known foreign keys using various ML models. However,

subsequent work has shown that such pretrained models often fail to generalize to unseen

datasets [35, 104]. In Nexus, we address this limitation, by adopting an EM algorithm

that iteratively improve the predictions from the pretrained ML model with the guidance of

LLMs.

Our work is most closely related to recent approaches by [16] and [104], which aim to

automatically and efficiently construct complete join graphs with minimal user input. Sim-

ilar to earlier work [143], the method from [16] relies on ML models trained on large-scale

data. While effective on in-distribution datasets, their approach does not address out-of-

distribution generalization and overlooks the global structure of the join graph. Auto-BI [104]

target a specific BI setting, where it constructs a join graph by applying a k-Min-Cost-

Arborescence optimization on top of ML predictions. However, its enforcement of a snowflake

schema is overly restrictive for general workloads, particularly those found in modern lake-

houses. In contrast, our approach is more general and makes no assumptions about workload

characteristics. We base our method on the key observations that join graphs in real-world

scenarios are highly sparse and exhibit a low-rank structure. By leveraging this insight, we

demonstrate that our approach performs robustly across a diverse range of datasets and
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workload types.

Finally, most prior work, except [16], assumes access to data values, but value-based

feature computation on large tables is computationally expensive and often impractical in

enterprise settings due to compliance and audit requirements [16]. In contrast, Nexus

is designed to operate solely on metadata, while still providing high-quality results in an

efficient manner.

5.6 Conclusion

In this work, we introduce Nexus, a novel, metadata-only solution for join graph infer-

ence designed specifically for enterprise environments with stringent data privacy require-

ments. Our approach is founded on key insights derived from analyzing numerous real-world

database schemas: join graphs are not only highly sparse but also consistently exhibit a

low-rank structure. We exploit these properties by formulating join graph inference as a

low-rank matrix completion problem. To overcome the poor generalization of existing pre-

trained models, we propose a novel EM algorithm that iteratively refines join probabilities by

incorporating semantic compatibility assessments from LLMs. Extensive evaluations, includ-

ing on a real production dataset, demonstrate that Nexus achieves significant improvements

in both effectiveness and efficiency.
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CHAPTER 6

OpenForge: Probabilistic Metadata

Integration

6.1 Introduction

Clean and consistent metadata is pivotal in enabling the FAIR Data Principles–findability,

accessibility, interoperability and reusability–in data repositories [171, 116, 123]. While

significant progress has been made in data discovery through techniques that leverage data

values [74, 124, 23, 17, 29, 121, 42], real-world dataset search engines [162, 23, 82] rely

heavily on metadata (e.g., keywords) for indexing and retrieval. However, the practice

of metadata curation, for dataset publishing and indexing, remains labor-intensive [163].

Ensuring metadata consistency across disparate dataset sources is an ongoing challenge,

especially as datasets grow in scale and diversity [163].

Metadata Granularity and Vocabulary Mismatch Most repositories rely heavily

on metadata, on which they place significant requirements, including the vocabulary used.

For example, Google dataset search engine [23] requires data publishers to annotate their

datasets using the schema.org vocabulary; otherwise, their datasets would not be well in-

dexed for search. Web Data Commons [41], a longstanding effort in curating web tables,

publishes benchmarks [97] annotated with both Schema.org types and DBpedia classes [101].

In contrast, open data portals like CKAN [38] and Socrata [152] allow metadata to be provided

in JSON format with open vocabulary fields (e.g., description, publisher, theme). As a

result, metadata granularity and vocabulary–ranging from controlled schemas to open-ended

terms–vary widely across datasets, organizations, and repositories.

Practice of Metadata Curation A close examination of curatorial work at ICPSR,

the world’s largest social science data archive [82], reveals that (meta)data curation involves

domain expertise and subjective judgments to resolve inconsistencies and ensure standard-

ization [163]. Curators revise dataset descriptions and create metadata records, such as

subject terms and geographic coverage, to improve dataset search. Such tasks are often
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Figure 6.1: Illustration of metadata integration problem.

guided by metadata standards, like a manually curated vocabulary or thesaurus. However,

experienced curators view such standards as flexible rather than rigid [163]. To remain

relevant, curated vocabularies—and the metadata based on them—must evolve alongside

changing data landscapes. Similarly, curators of platforms like data.gov must reconcile di-

verse metadata standards, as individual states and cities independently collect and manage

their datasets.

Maintaining consistent and useful metadata, both within and across repositories, requires

developing techniques to (1) unify and standardize metadata elements, (2) refine their gran-

ularity, and (3) perform holistic maintenance at scale. Motivated by these challenges, we

study the problem of integrating metadata from disparate sources to build a consistent and

granular view of metadata, by unifying equivalent metadata elements and defining meta-

data semantic hierarchies. Such hierarchies can be constructed using two primary types

of relationships between metadata elements–equivalence and parent-child–as established in

knowledge base literature. As illustrated in Figure 6.1, given a collection of potentially noisy

metadata elements and associated data from various sources (optionally including dataset

contents and descriptions), our goal is to identify all equivalence and parent-child relation-

ships among element pairs.
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We propose OpenForge, a data-driven framework that integrates and resolves incon-

sistencies among a collection of metadata elements. Conceptually, OpenForge’s output

can be modeled as a graph of metadata elements (concepts) linked with two types of re-

lationships. We call this graph, a relationship assignment graph. Since the relationship

instantiations are not known apriori, we cast the problem of constructing this graph as a

probabilistic inference problem. At the core of our approach lies a unified probabilistic for-

mulation based on Markov Random Field (MRF), an undirected graphical model, which can

integrate various types of relationships within a single framework. This formulation enables

us to (1) incorporate diverse methods that leverage metadata elements and accompanying

data (if available) to computing prior probabilities, (2) encode relationship axioms, such as

transitivity, to prevent conflicting relationship instantiations and infer the most probable

relationship assignment.

Our model represents relationships between elements as random variables within a MRF,

framing relationship assignment as a joint probability distribution over these variables. The

optimal relationship graph is then the assignment that maximizes this joint probability.

By definition, MRFs decompose the joint probability into a product of factors which are

non-negative functions defined over cliques of the graph. In particular, we leverage ternary

factors (factors defined over ternary cliques of random variables) to encode transitivity where

invalid configurations of random variables are assigned a probability of zero. This structural

enforcement of transitivity is a key reason for adopting the MRF framework, alongside

its principled handling of joint dependencies. However, the challenge lies in tuning the

relative probabilities among valid (transitive) configurations, which critically influence model

behavior. Manually setting these parameters risks poor generalization across datasets. To

address this, we employ Bayesian optimization to learn optimal parameters in a data-driven

manner, as described in Section 6.5.2. OpenForge also flexibly integrates a wide range

of prior models–including prompting and fine-tuning large language models (LLMs), as well

as traditional machine learning models–allowing the MRF to combine learned priors with

structured inference.

Another key challenge in applying probabilistic graphical models to real-world data is

inference scalability [166, 4, 190]. This challenge is exacerbated for OpenForge when

operating on large datasets with sparse relationships. OpenForge addresses this challenge

through an embedding-based strategy that decomposes the MRF into smaller, independent

subgraphs based on metadata semantics, enabling efficient parallelized inference over these

subgraphs.

In summary, we make the following contributions:

• We introduce the metadata integration problem as crucial for unification and integrity
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maintenance of metadata repositories, identifying equivalence and parent-child relation-

ship determination as central tasks to address this problem (Section 6.2.1).

• We propose a probabilistic formulation for resolving equivalence and parent-child relation-

ships among metadata elements (Section 6.2.2), framing the task as maximum a posteriori

inference in a Markov Random Field (Section 6.3.2).

• We develop OpenForge, a data-driven technique that integrates various prior models,

including LLMs, and refines their predictions through probabilistic inference (Section 6.3).

• To address the scalability challenge of probabilistic inference on large sparse MRFs, we de-

sign an embedding-based strategy that decomposes sparse MRFs into smaller independent

subgraphs, enabling parallelized inference for large datasets (Section 6.4).

• Experiments on four real-world datasets show that OpenForge outperforms task-specific

baselines and the latest LLMs (including GPT-4) significantly. We also demonstrate effi-

cient MRF inference completes efficiently on the largest dataset and scalability to synthetic

graphs with millions of random variables (Section 6.6).

6.2 Metadata Integration Problem

6.2.1 Problem Statement

A metadata repository is the union of the metadata of a collection of datasets. To formalize

a metadata repository, we consider metadata elements and their relationships as the building

blocks of a metadata repository. Suppose a set of elements V = {c1, c2, . . . , cn}, where each

element represents a unit of metadata information for integration such as column annota-

tions, keywords, entity mentions, or dataset metadata attributes. We call each element in V a

metadata element or concept, interchangeably. Consider the relationship R : V ×V → {0, 1}
that can hold between any pair of concepts, e.g., equivalence or parent-child. Our con-

crete goal is to enrich the metadata of a data repository with a given relationship R. More

specifically, we want to infer the presence or absence of R between each pair of concepts in

V . The concepts in V are raw metadata units extracted from metadata and dataset files.

However, discovering equivalence relationships between pairs of concepts will allow us to

unify and standardize these raw concepts. Note that data repositories may contain various

types of metadata (e.g., keyword, theme, column annotation). A data curator can choose

to integrate specific types or include all metadata, defining V accordingly. In addition to

metadata elements in V , data repositories may also include accompanying data content or
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Figure 6.2: Illustration of the relationship transitivity (left) and inconsistent relationship as-
signments that violate the transitivity (right). Green solid edges indicate correct predictions
and red dashed edges indicate conflicting predictions.

descriptions. We refer to this accompanying information, if present, as evidence, as described

in Section 6.2.2.

In this paper, we focus on two types of relationships: equivalence and parent-child relation-

ships. We note that identifying equivalent elements and parent-child elements is similar to

tasks in data matching [164] and taxonomy induction [151], respectively. Although these two

relationships are typically addressed with task-specific methods [50, 183, 142, 103, 164, 180],

we demonstrate below that they can be effectively modeled within the same probabilistic

formulation. This unified approach reduces complexity and maintenance overhead compared

to using separate methods, and our experiments on four tasks empirically validate our ap-

proach’s ability to handle both relationship types.

6.2.2 Probabilistic Formulation

We first define a relationship assignment graph for relationship R, namely GR, where each

node represents a metadata concept in V . The edges in GR encode whether and how R holds

between pairs of concepts. Specifically, for any two distinct concepts ci and cj, we define a

random variable rij that characterizes the relationship:

• If R is bi-directional, like equivalence, rij is a binary random variable taking values in

{0, 1} where rij = 1 indicates that the relationship is present in both directions and

rij = 0 means that no relationship exists.

• If R is uni-directional, like parent-child, rij is a categorical random variable taking values

in {0, 1, 2} where rij = 1 indicates that the relationship is directed from ci to cj, rij = 2

indicates that the relationship is directed from cj to ci, and rij = 0 means that there is no

relationship.
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The relationship assignment graph GR can therefore be undirected or directed, depending

on the nature of R. In both cases, each random variable follows a discrete probability

distribution. When it is clear from the context, we refer to GR simply as G.

Our goal is to find the most probable relationship assignment graph G defined over V . We

define the probability of any given relationship assignment graph G as the joint probability

of all random variables rij formed for V of G, capturing both the presence and, if applicable,

the directionality of relationships.

Definition 10 (Probability of a Relationship Assignment Graph).

P (G) = P ( { rij | (ci, cj) ∈ V × V , i < j } ).

We consider only one ordering of concept pairs, meaning that for a pair of concepts (ci, cj),

we model only (ci, cj) as a random variable and not both (ci, cj) and (cj, ci) as indicated in

Definition 10.

Prior Beliefs. Although probabilities P (rij) are not known a priori, we assume that for

each rij, there exists evidence eij, consisting of features that can be observed (computed) to

infer the probability of the concept pair (ci, cj) having the relationship R. This allows us

to compute a prior for P (rij | eij). We denote the set of observed evidence over all random

variables of G as E and the prior prediction of rij as fij where fij = argmaxr∈dom(rij)
P (rij =

r). We defer the discussion of obtaining these prior beliefs to Section 6.3.1.

Transitivity: Axiom on Relationships. In addition to the evidence used as priors for

relationships, the considered types of relationships in our problem setting, equivalence and

parent-child, impose additional structural properties, which can be leveraged for improving

relationship predictions. Let us focus on transitivity which introduces dependencies among

pairwise relationships. For example, the transitivity condition requires that if an equivalence

relationship exists between concept pairs (ci, cj) and (cj, ck), then it must also exist between

(ci, ck). Formally, considering equivalence or parent-child, for given predictions fij, fik, and

fjk evaluated for three concepts ci, cj, and ck, if fij = fjk = 1, transitivity requires that fik

must also be 1. However, if these predictions are made independently, it is possible for fik to

be erroneously predicted, violating the transitivity constraint. The transitivity property of

the relationship further implies that certain relationship assignments are inherently incon-

sistent. Specifically, if we aim to infer fij and fjk while knowing fik = 0, transitivity dictates

that fij and fjk cannot both be 1, as illustrated in Figure 6.2. This restriction prevents

certain relationship assignments from coexisting.

Conflicting predictions can arise if pairwise decisions are made independently and it re-

quires resolution of inconsistencies to maintain transitivity. For example, flipping either fij
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Figure 6.3: Overview of the proposed two-stage prior-posterior framework for integrating
metadata concepts.

or fjk would resolve the conflict by ensuring that the assignments align with the transitivity

constraint. Yet, determining which prediction to alter is a non-trivial task, as it may require

additional context. To address these challenges, we introduce a probabilistic formulation

and a dependency-aware solution below.

Provided that prior beliefs for each rij, namely P (rij | eij), are available and we are given

some axiom A on the relationships, the problem of metadata integration can be cast as an

optimization problem. More specifically, we consider the common and intuitive transitivity

axiom discussed above for our setting. The optimization objective is to find the relationship

graph assignment G̃ with the maximum probability, conditioned on observed evidence E ,
while satisfying the constraints implied by the relationship axiom A.

Definition 11 (Optimal Relationship Graph). Given a relationship R, a set of concepts V ,
and axiom A, the optimal relationship assignment graph G̃ is the graph with the maximum

joint probability of random variables {rij}i<j, conditioned on evidence E and being subject

to axiom A.

G̃ = argmax
G

P (G | E ,A ) = argmax
{rij}i<j

P ( {rij}i<j | E ,A )

This formulation permits a theoretically optimal solution by exploiting a probabilistic

graphical model called Markov Random Field, which also allows for incorporating the re-

lationship transitivity and dependencies during the probabilistic inference. We give a brief

introduction to Markov Random Field in Section 6.3.2.
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6.3 OpenForge Framework

As illustrated in Figure 6.3, we introduce OpenForge, a prior-posterior framework for in-

tegrating metadata concepts. Given a set of concepts and a relationship, the framework

operates in two stages. In the first stage, local predictions are generated as prior beliefs for

each pair of concepts. Various methods may be used to obtain these prior predictions (Sec-

tion 6.3.1). In the second stage, we address the relationship transitivity and dependencies

between prior predictions through a probabilistic modeling approach using Markov Random

Field (Section 6.3.2). This graphical model encodes the transitivity constraints and lever-

ages labeled data to learn dependencies in a data-driven manner, effectively capturing the

underlying relationship structures and refining the prior predictions.

6.3.1 Obtaining Prior Beliefs

Our probabilistic formulation requires a probability distribution for each random variable.

We explore three different methods for obtaining these prior beliefs.

6.3.1.1 Prompting Large Language Models

Recent advances in large language models (LLMs) have shown human-expert performance

on a broad array of natural language processing and multi-modality tasks [126, 6, 55]. These

models are pre-trained on a vast amount of curated data and can be applied out-of-the-box

to new contexts following a text-to-text paradigm with instruction tuning or prompting [137,

24]. Motivated by such success, we supply an LLM with a task description and prompt the

model for predictions and confidence scores of concept pairs. Besides being straightforward,

this method requires no labeled data or only few labeled data for demonstration (i.e., few-

shot learning), making it feasible for scenarios where labeled data are scarce or there are not

enough data for training/fine-tuning a model.

6.3.1.2 Fine-Tuning Large Language Models

Since LLMs are primarily pre-trained for generation tasks, we also experiment with fine-

tuning them for domain-specific classification tasks if training data are available. Due to

the large size of LLMs and the hardware constraints, we choose to fine-tune open-source

models that have fewer than 10 billions of parameters. In particular, We employ Low-Rank

Adaptation (LoRA) [77], a parameter-efficient fine-tuning technique that introduces a small

set of trainable parameters (known as adapters) while leaving most of the model’s original

parameters unchanged. This method enables effective and efficient adaptation of an LLM to
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a specific relationship classification task with a single GPU. Additionally, LoRA allows for

task flexibility: different tasks can share the base LLM, requiring only a switch in adapters

rather than maintaining a fully fine-tuned model for each task.

6.3.1.3 Training Machine Learning Models

As compared to the previous methods based on LLMs, we also manually design task-specific

features and train a machine learning model, such as Random Forest, to make predictions.

This method serves as a baseline to evaluate the LLMs’ effectiveness in capturing dataset

semantics.

Note that we fine-tune LLMs or train traditional machine learning models to obtain prior

beliefs when training data are available. Nevertheless, all these methods treat each pair of

concepts independently and make individual predictions ignoring relationship dependencies.

There is no guarantee of avoiding conflicting predictions. Further details on the models and

adaptations used in our experiments are provided in Section 6.5.1.

6.3.2 MRF Modeling of Metadata Integration

6.3.2.1 Markov Random Field Primer

Markov Random Field (MRF), also referred to as Markov Network in the literature, is a

specific type of undirected graphical model for representing the joint probability distribution

of a set of random variables [133].

Specifically, an MRF is defined by an undirected graph M = (N ,L) where N denotes

the set of nodes representing random variables and L denotes the set of edges representing

the statistical dependencies between the random variables.

In MRFs, the joint probability distribution of random variables is factorized as a product

of potential functions, each of which is associated with a clique in the graph. The potential

function, also known as factor, is a function that assigns a non-negative value to each possible

configuration of the random variables in the clique. Here, a configuration of random variables

is an assignment of values to random variables. The joint probability of random variables

is then proportional to the product of the potential functions over all cliques in the graph,

defined as follows.

P (x1, ..., xn) =
1

Z

∏
c∈C

ϕc(xc) (6.1)

where xi denotes a random variable in N , C denotes the set of cliques in G, while ϕc denotes

a factor defined over a set of variables xc in a clique c ∈ C, and Z is a normalizing constant.
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Figure 6.4: The plot on the left demonstrates an instance of our proposed MRF model
containing six nodes/random variables and their dependencies; the plot on the right, known
as a factor graph, visualizes the correspondence between factors and random variables in the
MRF.

Note that clique set C and potential functions ϕ(c) need to be specified per application

context.

An MRF can also be represented by a factor graph which explicitly shows the correspon-

dence between random variables and factors. Specifically, a factor graph is a bipartite graph

where the nodes are divided into two disjoint sets, one for the random variables and the

other for the factors. An edge exists between a factor node and a variable node if the factor

depends on that variable. This representation simplifies the computation of probability dis-

tributions in MRFs, such as Maximum a Posteriori (MAP) inference, which determines the

most likely assignment of values to the variables in the MRF. We introduce our MRF design

below and discuss MAP inference in Section 6.4.1.

6.3.2.2 Our MRF Design

MRFs are powerful models for capturing prior beliefs about and the dependencies between

random variables. This makes MRFs a natural fit for our problem formulation, which require

modeling existing knowledge about concepts and their relationships including encoding the

transitivity axiom.

Let us first describe how the relationship assignment graph, its probability of Definition 10,

as well as the transitivity axiom are modeled as a discrete MRF described in Section 6.3.2.1.

We treat the presence of a specified relationship between a pair of concepts (ci, cj), an

edge between nodes ci and cj (directed if applicable) in a relationship graph, as a categorical

random variable rij. We consider two types of potential functions, or factors, in our problem.

The first type is unary cliques Cu to capture prior beliefs, each of which contains an individual

89



random variable rij. The second type is ternary cliques Ct to capture the relationship

transitivity and dependencies, each of which consists of three random variables (rij, rjk, rik)

for i < j < k. Note that ternary cliques are the cliques of the smallest size on which we can

encode the relationship transitivity. Although encoding the transitivity with higher-order

cliques is possible, it will make the model more complex (e.g., the total number of possible

configurations of a factor grows exponentially with respect to the size of a clique) and incur

additional computational cost (we show that the time complexity of inference over unary and

ternary cliques is already quartic with respect to the number of concepts in Section 6.4.1).

Admittedly, the design choice of using ternary cliques instead of higher-order cliques weighs

the efficiency over the potential benefit of having a more complex while expressive model.

The left plot of Figure 6.4 demonstrates an instance of MRF consisting of six nodes/ran-

dom variables {rij | 1 ≤ i < j ≤ 4} induced by four concepts {c1, c2, c3, c4}. The MRF is

densely connected but not fully connected where there is an edge between a pair of nodes if

they involve a common concept. For instance, there is an edge between r12 and r13 because

they both involve concept c1 whereas there is no edge between r12 and r34. Under the hood,

the edge connectivity is attributed to ternary cliques we consider in the MRF. We do not in-

clude all ternary cliques of three random variables in the MRF (e.g., the clique of r12, r13 and

r34) but ternary cliques that involve exactly three concepts for the purpose of modeling the

relationship transitivity. The right plot of Figure 6.4 shows the factor graph representation

of the MRF that visualizes the correspondence between factors and random variables. This

factor graph consists of six random variables and ten factors. Each variable is associated

with three factors while each unary factor is associated with one random variable and each

ternary factor is associated with a clique of three variables.

Since an MRF computes the joint probability of the graph based on cliques in the graph,

now we can decompose the probability of our relationship assignment graph following Equa-

tion 6.1 as below.

P (G | E ,A) = P ({rij}i<j | E ,A ) =
1

Z

∏
c∈C

ϕc({rij}i<j,rij∈c | E ,A)

=
1

Z

∏
c∈Cu

ϕc( rij | E ) ·
∏
c∈Ct

ϕc( rij, rjk, rik | A )
(6.2)

The potential function for each unary clique ϕc( rij | E ) is defined as the conditional prob-

ability of the relationship’s presence given the observed evidence of the concept pair, allowing

us to capture the prior belief of each individual random variable.

While each unary clique has its own potential function, all ternary cliques share a common

potential function, which is parameterized to capture relationship dependencies. Specifically,
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configurations that violate transitivity (i.e., invalid configurations) are assigned a potential

value of zero, while each valid configuration is parameterized to represent its likelihood.

Higher parameter values indicate a greater probability for the corresponding assignment

within the ternary clique. Table 6.1 gives an example of the parameterized potential function

for ternary cliques of binary random variables, where 0 represents no relationship and 1

represents an equivalence relationship. Among the eight possible configurations of three

binary variables, three configurations (i.e., [0, 1, 1], [1, 0, 1], and [1, 1, 0]) are invalid and

thus set to zero. The remaining configurations are parameterized to determine their potential

function values. Although it is technically feasible to assign unique potential functions to each

ternary clique, this would result in a model with a linear increase in parameters relative to

the number of ternary factors, making the model more complex. To maintain simplicity and

prevent over-parametrization, we instead use a shared potential function across all ternary

cliques. Hence, Equation 6.2 can be written as follows.

P (G | E ,A) = 1

Z

∏
rij∈G

P ( rij | eij ) ·
∏
c∈Ct

ϕ( rij, rjk, rik | A) (6.3)

where probabilities P (rij | eij) are given by some prior model and ϕ denotes the shared

parameterized potential function for ternary cliques, which is independent of prior beliefs.

The parametrization of the shared potential function for ternary cliques enables us to learn

relationship dependencies such as the label distributions in the dataset. In practice, datasets

often exhibit skewed class proportions. For example, in an entity matching dataset, there

are typically far more non-equivalent pairs of entities than equivalent ones. This imbalance

affects the configuration of random variables in ternary cliques. In the parameterized poten-

tial function example in Table 6.1, the configuration [0, 0, 0] is expected to have a higher

potential value than other configurations, reflecting the larger number of concept pairs with

no relationship. To learn the parameters in the shared potential function, we treat it as a

hyperparameter tuning problem. Rather than manually setting these parameters, we search

for well-performing parameters on a labeled validation set using a Bayesian Optimization

technique [105]. We discuss automatic parameter tuning in Section 6.5.2.

Provided the learned potential function for ternary cliques, performing Maximum a Pos-

teriori inference over this MRF gives us posterior predictions, an assignment to random

variables yielding the maximum joint probability. Algorithm 5 summarizes our MRF model-

ing approach. Line 1-2 initialize the MRF with random variables. Lines 3-7 utilize methods,

from Section 6.3.1, to estimate the conditional probabilities of random variables, and add

unary factors to the MRF. In lines 8-14, we enumerate ternary cliques to create the ternary

factors and line 15 executes the inference algorithm.
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Table 6.1: Example of the parameterized potential function ϕ for ternary cliques of binary
random variables rij, rjk and rik where 0 represents no relationship and 1 represents an
equivalence relationship. The potential values {θi}5i=1 are learnable parameters.

rij 0 0 0 0 1 1 1 1
rjk 0 0 1 1 0 0 1 1
rik 0 1 0 1 0 1 0 1
ϕ(rij, rjk, rik) θ1 θ2 θ3 0 θ4 0 0 θ5

We remark that for a set of n concepts, the MRF we propose consists of
(
n
2

)
= n(n−1)

2
nodes

and O(n3) factors (more precisely,
(
n
3

)
factors for ternary cliques plus

(
n
2

)
factors for unary

cliques). Section 6.4.1 describes MRF inference and presents an analysis on the time and

space complexity of running inference on our proposed MRF model. Section 6.4.2 discusses

how we scale our MRF modeling for large and sparse datasets.

6.4 Scalable Metadata Integration

6.4.1 Inference in Markov Random Field

In our problem, we are interested in finding the most probable relationship graph or equiva-

lently, the most probable assignment to random variables given the observed evidence, i.e.,

Maximum a Posteriori (MAP) inference. Performing exact MAP inference on complex non-

tree structured MRFs is known to be NP-hard and computationally intractable when the

graph is large and contains many loops [93, 58]. For example, a dataset containing 1000 con-

cepts results in half a million of random variables and over 166 millions of factors. We thus

resort to approximate inference algorithms, which mainly fall into three categories: linear

programming-based inference, sampling-based inference, and variational inference [58].

6.4.1.1 Approximate MAP inference.

To find the most efficient existing inference algorithms, we evaluated various implementations

from each category of approximate inference algorithms (more details in Section 6.5.2). We

found that Loopy Belief Propagation (LBP) [119, 93], a special case of variational inference

algorithms, is most efficient and scalable for our MRF model design. Our finding is consistent

with the literature where variational inference methods often scale better and are more

amenable to optimizations such as parallelization over multiple processors and hardware

92



Algorithm 5: MRF Modeling

Input : V , a set of concepts; f , a model that gives prior beliefs; ϕ, a shared

potential function for ternary cliques; g, a MRF inference algorithm

Output: G, a relationship assignment graph

1 mrf ← init mrf( ) ;

/* Create random variables for each ordered pair of concepts from the

initial vocabulary */

2 rvs← V ;

/* Add nodes and factors for unary cliques */

3 foreach var ∈ rvs do

4 mrf.add node(var), prior prob← f(var) ;

5 unary factor ← init factor([var], prior prob) ;

6 mrf.add factor(unary factor) ;

7 end

/* Add edges and factors for ternary cliques */

8 ternary cliques← generate ternary cliques(rvs) ;

9 foreach (var1, var2, var3) ∈ ternary cliques do

10 mrf.add edges from(

11 [(var1, var2), (var2, var3), (var1, var3)]) ;

12 ternary factor ← init factor([var1, var2, var3], ϕ) ;

13 mrf.add factor(ternary factor) ;

14 end

15 G← g(mrf); /* Run MRF inference algorithm */

16 return G

acceleration using GPUs [190, 58].

LBP is a message-passing algorithm on a loopy graph that iteratively updates the belief

of each random variable based on the beliefs of its neighbors in the graph. More precisely,

we use the max-product LBP algorithm on factor graphs to perform MAP inference and

handle high-order potentials (i.e., potentials of ternary cliques). With respect to the factor

graph, LBP computes the message mx→w(xi) from a variable node x to a factor node w (here

factor w contains variable x so there is an edge between the two nodes for message passing)

as mx→w(xi) =
∏

y∈Nb(x)\w my→x(xi), where Nb(x) denotes the set of neighbors of node x,

and xi is a value that x can take. Conversely, the message mw→x(xi) from factor node w to

variable node x is computed as mw→x(xi) = maxI,Ix=xi
(ϕ(I)

∏
y∈Nb(w)\x my→w(yi)), where I

is a valid assignment to all variables in factor w, tuple (I, Ix = xi) denotes a valid assignment

with x = xi, and ϕ is the potential function corresponding to w. Once a variable x receives

messages from all its neighbors in an iteration, the maximal belief of x can be computed as

x∗ = argmaxxi

∏
y∈Nb(x) my→x(xi).
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6.4.1.2 Time Complexity Analysis.

Having described the MRF approximate inference algorithm we apply for finding the optimal

relationship assignment graph, let us describe its complexity. Let s and d be the number

of possible states and degree of variable x, respectively. Computing a variable-to-factor

message mx→w(xi) requires combining all incoming messages from neighboring factor nodes

excluding w for each state of x. Then the cost of computing a single variable-to-factor

message is O(s · (d− 1)). It follows that the time complexity for computing all variable-to-

factor messages in one iteration is O(
∑

x d · s · (d − 1)) = O(|V | · s · d2) where |V | denotes
the number of variable nodes in the factor graph.

Let dw be the degree of factor node w. Computing a factor-to-variable message mw→x(xi)

requires maximizing over the values of all variables connected to w excluding x. Then,

the cost of computing a single factor-to-variable message is O(sdw−1) as there are sdw−1

configurations of connected variables excluding x. It follows that the time complexity for

computing all factor-to-variable messages in one iteration is O(
∑

w dw · sdw). Combining the

complexities for both types of messages, the time complexity of running max-product LBP

for l iterations is O(l · (|V | · s · d2 +
∑

w dw · sdw)).
In our proposed MRF model, there are

(
n
2

)
binary variable nodes with degree n− 1,

(
n
2

)
unary factors with degree 1 and

(
n
3

)
ternary factors with degree 3 given a set of n concepts.

By plugging in these numbers, the time complexity above can be simplified to O(l · n4).

6.4.1.3 Space Complexity Analysis

Recall from Figure 6.4 that factors are modeled as bipartite graphs between variables and

factors. Each edge in the factor graph requires two messages—one message from the variable

node to the factor node and another from the factor node to the variable node. Storing a

message requires space proportional to the number of states of a variable. Then, the space

complexity of storing messages is O(|E| · s), where |E| denotes the number of edges in

the factor graph. Additionally, for each variable node, we store a belief over its possible

states, which requires O(s) space per variable. For |V | variable nodes, the space required

for storing beliefs is O(|V | · s). Thus, the overall space complexity for max-product LBP is

O(|E| · s+ |V | · s) which translates to O(n3) in our proposed MRF model.

The quartic time complexity and cubic space complexity is forbidding for large datasets

with thousands of concepts. Next, we introduce a solution to scale up the MRF inference.
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Figure 6.5: Creating independent MRFs for concept pairs in large datasets with sparse
relationships. Ordered pairs are first grouped by the left concept and top-k neighbors (rep-
resented by the purple semi-circles) are retrieved for the left concept to construct a local
MRF of random variables. Inference over independent MRFs is parallelized on available
CPUs and posterior predictions of test pairs are collected.

6.4.2 Scaling MRF Modeling

The high time and space complexity stems from the densely connected graph we construct.

For a set of n concepts, each node in the resulting factor graph connects to n− 1 neighbors

including one unary and n − 2 ternary factors. This dense connectivity leads to significant

computational demands and memory consumption.

However, we empirically observe that many connections in the dense graph are unneces-

sary for ensuring relationship transitivity and learning dependencies. Specifically, numerous

connections are either redundant or represent weak dependencies that do not significantly

impact inference accuracy. We propose to systematically reduce the connections for each

node. By reducing the connections from n− 1 to a constant k, where k << n, we effectively

decrease the number of message-passing operations required by the LBP algorithm, enabling

faster execution and significantly lower memory usage. Our intuition is that concepts with

more similar embeddings are more likely to share strong relationship dependencies. There-

fore, to select these k neighbors for each concept, we employ a text embedding model,

NV-Embed-v2 [100] to represent concepts in embedding space and search for k-nearest neigh-

bors based on Cosine similarity. By focusing only on the top-k neighbors, we maintain the

essential relationship dependencies while disregarding redundant connections that contribute

little to inference quality.

Reducing the number of connections for each node has the advantage of dividing the

MRF into disconnected local graphs. Our solution first groups ordered concept pairs by
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the left concept and constructs a local MRF for each group. This ensures that the same

concept pair does not appear in multiple MRFs and local MRFs are independent of each

other. The inference for each local MRF can then be performed independently in constant

time. Furthermore, we can parallelize the inference for local MRFs across the available

CPUs, which significantly reduce the inference time. Figure 6.5 provides an illustration of

the idea.

6.5 Implementation

6.5.1 Prior Models

6.5.1.1 Large Language Models

We employ two open-source LLMs as prior models for prompting and fine-tuning:

gemma-2-9b-it from Google [113] and Qwen2.5-7B-Instruct from Alibaba [175]. Both

models can be accessed from Hugging Face’s model hub. We choose these two models as we

are able to deploy them locally and they can closely follow our straightforward prompts to

generate both predictions and confidence scores. We refer to both models as gemma-2 and

qwen2.5 respectively for convenience below.

Due to the space limitation, we have made our prompts and fine-tuning hyperparameters

publicly available in our GitHub repository. Both models can be fine-tuned efficiently under

an hour (for 20 epochs). One noteworthy issue we encountered when fine-tuning gemma-2

and qwen2.5 is that both models tend to exhibit excessive confidence in their predictions,

with most predictions yielding a probability score above 0.99. This overconfidence hinders

the message-passing process in MRF inference, as only information from the dominant class

gets propagated. To mitigate the issue, we incorporate three techniques for calibrating model

confidence. Specifically, we use a weighted loss function (with weights inversely proportional

to the frequency of the respective classes) when fine-tuning models on imbalanced datasets

and enable label smoothing [118] in the loss calculation, which assigns a small probability

to incorrect classes to reduce overfitting. Additionally, we apply temperature scaling [73]

to adjust the sharpness of the output logits during inference, which involves dividing the

logits by a temperature value greater than 1 before applying the softmax function, thereby

softening the resulting probabilities.
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6.5.1.2 Machine Learning Models

We train multi-class classifiers on a predefined set of features to predict the presence of a

relationship for each concept pair. We employ three classifiers including Ridge classifier,

Random Forest, and Gradient-Boosted Decision Tree from scikit-learn [134]. These models

were chosen for their built-in regularization mechanisms, which help reduce overfitting and

improve generalization on class imbalanced datasets. We define features using concept names

and associated data values if available. These features include string similarities (Q-gram,

Jaccard, and edit distance), embedding similarities (fastText [19]), word and character count

ratios between concept names, and Jaccard and embedding similarities between column

values.

6.5.2 MRF Inference and Parameter Tuning

We evaluated five implementations of MAP inference for MRFs from three libraries: Shafer-

Shenoy [147] from pyAgrum [56], Belief Propagation [133], Max-Product Linear Program-

ming (MPLP) [68], and Gibbs Sampling [66] from pgmpy [7], and Loopy Belief Propagation

(LBP) [119] from PGMax [190]. LBP from PGMax proved the most efficient and scalable

due to their flat array-based implementation which leverages just-in-time compilation and

parallelization for optimized execution on multi-processors and GPUs.

There are two sources of parameters we tune for our problem: those in the potential

function of ternary cliques and those for LBP inference (e.g., the damping factor used to

improve the convergence of LBP). In particular, we tune the parameters using SMAC [105],

a robust and flexible Bayesian Optimization framework for hyperparameter optimization.

SMAC treats MRF inference as a black-box function and iteratively searches for parameter

configurations that maximize a target function which gives accuracy or F1 score for example.

Internally, SMAC employs a surrogate model to approximate the target function and in each

iteration proposes a configuration with the maximum expected improvement (which is com-

puted using the surrogate model) for evaluation. The optimization process balances between

exploration (i.e., search an unknown region in the parameter space) and exploitation (i.e.,

search for configurations near the best-so-far configuration), and stops after a fixed number

of iterations. SMAC is known to be effective and efficient for AutoML applications [105] and

under active maintenance.
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Table 6.2: Summary of dataset statistics in the training, validation and test splits. All four
datasets exhibit class imbalance.

Datasets SOTAB Walmart-Amazon ICPSR-Detection ICPSR-Direction

Relationship Type Equivalence Equivalence Parent-Child Parent-Child

Number of Concepts 46 / - / 46 5126 / 2507 / 2484 140 / 54 / 54 79 / 46 / 46

Number of Pairs 1035 / - / 1035 6144 / 2049 / 2049 9730 / 1431 / 1431 3081 / 1035 / 1035

% of Minority Class 1.26% / - / 1.26% 9.38% / 9.42% / 9.42% 1.63% / 4.05% / 3.98% 2.08% / 3.29% / 3.29%

6.6 Experiments

6.6.1 Experimental Setup

6.6.1.1 Datasets

We evaluate OpenForge on four datasets involving two relationship types: equivalence

(SOTAB dataset for column types matching and Walmart-Amazon dataset for entity match-

ing) and parent-child (ICPSR-Detection and ICPSR-Direction datasets for taxonomy induc-

tion). We have sourced SOTAB and ICPSR datasets particularly for metadata integration

tasks.

SOTAB Dataset. The Schema.org Table Annotation Benchmark (SOTAB) [97, 96]

provides manually verified column type annotation using two vocabularies, schema.org [70]

and DBPedia [101]. We merge concepts from both vocabularies to form an initial collection of

concepts. If a table column is annotated with concepts from both vocabularies, we consider

the two concepts equivalent. The many-to-many correspondences from columns to concepts

can challenge the priors. This allows us to test how the proposed MRF formulation can

identify conflicting relationships. Given the limited vocabulary size, we split it evenly into

training and test sets.

Walmart-Amazon Dataset. This dataset has been widely used to evaluate entity

matching algorithms [117, 164]. It provides a challenging setting (e.g., noisy attributes and

missing data) for matching product entities between two major e-commerce platforms. We

use the same training, validation, and test splits as prior work.

ICPSR-Detection and ICPSR-Direction Datasets. ICPSR, the institute maintain-

ing the world’s largest social science data archive [82], makes their controlled vocabularies

publicly available. We create two datasets of parent-child relationships from ICPSR’s Sub-

ject Thesaurus [81]. Following the task definitions in [142], the ICPSR-Detection dataset

is for hypernymy detection where one predicts whether the hypernymy relationship exists

between a pair of concepts (i.e., binary classification) while for the ICPSR-Direction dataset,
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one needs to identify which concept is broader in a given pair of concepts if the relationship

exists (i.e., multi-class classification). The dataset comprises social science terms from vari-

ous disciplines such as political science and economics. We manually identify concepts with

transitive parent-child relationships (e.g., credentials → academic degrees → doctoral

degrees) and divide the collection of transitive concept tuples into training, validation,

and test sets at ratio of 0.6:0.2:0.2. The ICPSR datasets have no column data associated

with each concept as ICPSR does not use subject terms to annotate table elements. The

prior beliefs of these two datasets can only be learned from concept names, which is a more

challenging setting.

Table 6.2 summarizes dataset statistics. Notably, all datasets exhibit highly imbalanced

class distributions, with minority class proportions in test splits ranging from 1.26% to 9.42%,

which poses a significant challenge for any solution.

6.6.1.2 Baselines.

For each task defined by a relationship, we compare our approach with the previous state-

of-the-art (SOTA) methods as well as latest LLMs, GPT-3.5 and GPT-4, from OpenAI.

Unicorn. Unicorn [164] is a unified multi-task model for data integration tasks like

entity and schema matching. It leverages multi-task learning and a Mixture-of-Experts

architecture to enable knowledge sharing across tasks and datasets. Additionally, Unicorn

claims to support zero-shot prediction for new tasks without requiring labeled data. We

compare OpenForge with Unicorn on datasets involving equivalence relationships.

COMA. COMA [50] combines multiple match algorithms to improve the schema match-

ing accuracy. Later extensions of COMA offer ontology matching among other features.

ADA. [183] propose a data-driven solution for automatically discovering attributes in

relational databases, which we refer to as ADA for convenience. ADA clusters columns into

attributes based on data distribution similarities where each attribute represents a unique

semantic concept (e.g., telephone numbers).

Ditto. Ditto [103] casts entity matching as a sequence-pair classification task and fine-

tunes pre-trained language models with labeled data and optimizations to achieve strong

performance.

COMA and ADA, recognized as strong schema matching baselines [98], are compared

with OpenForge on the SOTAB dataset, where the setup is most aligned with schema

matching. We include Ditto for comparison on the Walmart-Amazon dataset as it is the

task-specific SOTA method for entity matching.

Chain-of-Layer. [180] propose Chain-of-Layer for automatic taxonomy induction from

a given set of entities. It heavily relies on prompting a LLM to construct a taxonomy from
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top to bottom in an iterative manner and uses another smaller language model to remove

hallucinated entities and relationships.

HypernymySuite. [142] investigates hypernymy detection through two primary ap-

proaches: pattern-based methods, which utilize predefined lexico-syntactic patterns to iden-

tify hierarchical relationships between words, and distributional methods, which leverage

word co-occurrence statistics in large corpora.

We compare OpenForge with Chain-of-Layer and HypernymySuite on datasets involv-

ing parent-child relationships.

GPT-3.5/4. We prompt GPT-3.5 and GPT-4 [24, 126] to predict relationships between

concept pairs using task descriptions and few-shot learning. We use OpenAI APIs to interact

with the models identified as gpt-3.5-turbo-0125 and gpt-4-turbo-2024-04-09.

Due to class imbalance in the datasets, we evaluate the quality of all approaches using F1

score (macro F1 for multi-class classification) and report the best results of each approach.

For example, LLMs can obtain higher scores without few-shot learning in some cases. Addi-

tionally, we report the runtime of our MRF modeling in seconds for efficiency and scalability

analysis.

6.6.1.3 Hardware

Experiments involving GPU-accelerated MRF inference, fine-tuning and inference of open-

source LLMs, and runtime measurement are done on a node with a NVIDIA A40 40GB GPU,

16 cores of Intel Xeon Gold 6226R processors and 256 GB of RAM on a shared computing

cluster. The rest of experiments are conducted on a local server with 16 cores of Intel Xeon

Bronze 3106 processors and 256 GB of RAM.

6.6.2 Quality Comparison

RQ1: How does OpenForge compare with baselines for various metadata inte-

gration tasks? As shown in Table 6.3, Open-

Forge consistently outperforms the baselines by significant margins in F1 score across all

datasets (e.g., 4-36 F1 points improvement over the second-best baselines). These results

highlight OpenForge’s flexibility and robustness in capturing different relationship types,

outperforming both specialized and general-purpose baselines. We attribute the superior

performance to three key factors:

1. Joint Probability Modeling: MRF effectively models the joint probability over random

variables, especially with strong priors given by fine-tuned LLMs, enabling more accurate

predictions.
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Table 6.3: Comparison of F1 score across methods and datasets.

Datasets Methods

Unicorn COMA ADA GPT-3.5 GPT-4 OpenForge

SOTAB 0.48 0.59 0.10 0.73 0.75 1.00

Unicorn Ditto GPT-3.5 GPT-4 OpenForge

Walmart-Amazon 0.87 0.87 0.67 0.84 0.91

Chain-of-Layer HypernymySuite GPT-3.5 GPT-4 OpenForge

ICPSR-Detection 0.37 0.21 0.58 0.79 0.91

ICPSR-Direction 0.01 0.34 0.41 0.45 0.81

2. Preservation of Transitivity: By incorporating potential functions for ternary cliques,

OpenForge ensures that invalid assignments violating relationship transitivity are

avoided.

3. Dependency Learning: Fine-tuning hyperparameters of MRF modeling and inference on

a validation dataset with a class distribution similar to the test set allows OpenForge

to capture relationship dependencies more effectively.

We discuss some highlighted results on each dataset below.

6.6.2.1 SOTAB dataset

OpenForge achieves a perfect F1 score of 1.0 even though the prior beliefs used as inputs

to MRF modeling are far from perfect. We report a detailed comparison of prior models and

OpenForge (prior beliefs + MRF-based modeling) in Section 6.5.1. These results provide

strong evidence for the advantage of modeling relationship transitivity and dependencies

using MRFs. Among the baselines, GPT-4 is the second-most effective method but trails

OpenForge by 25 F1 points. COMA employing multiple matching strategies exhibits de-

cent F1 score of 0.59 while another traditional method ADA using only the Earth Mover’s

Distance as the similarity measure appears to be the least effective. Unicorn, the SOTA for

data matching tasks, performs less competitively on this dataset. The suboptimal perfor-

mance suggests that Unicorn, despite leveraging multi-task learning, finds it challenging to

generalize to the metadata integration tasks and datasets. This is most likely due to two

reasons: (1) the SOTAB dataset is not seen in pretraining of Unicorn, and (2) equivalent

pairs in Unicorn datasets often share common parts whereas column values associated with

equivalent types in SOTAB are heterogeneous and may have no overlap.
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Figure 6.6: Comparison of F1 score between prior models and OpenForge on (a) SOTAB,
(b) Walmart-Amazon, (c) ICPSR-Detection and (d) ICPSR-Direction datasets. We omit
gemma-2-lora and qwen2.5-lora on SOTAB due to insufficient training data.

6.6.2.2 Walmart-Amazon dataset

OpenForge achieves an F1 score of 0.91, outperforming Unicorn, the second-best method,

by 4 F1 points. The performance gap is smaller on this dataset as Unicorn was pre-trained

on multiple entity matching datasets including the Walmart-Amazon dataset, making it a

strong baseline. Additionally, the sparsity characteristic of this dataset (i.e., many entities

appear only once in the test set and the predictions of many entity pairs are independent of

others) diminishes the advantage of explicitly modeling relationship transitivity and depen-

dencies. Ditto, the SOTA task-specific approach for entity matching, performs comparably

to Unicorn due to its use of supervised learning. Among other baselines, GPT-4 falls behind

OpenForge by 7 F1 points, while GPT-3.5 lags even further, trailing by 24 F1 points.

6.6.2.3 ICPSR-Detection and ICPSR-Direction datasets

OpenForge outperforms GPT-4 by 12 F1 points and GPT-3.5 by 33 F1 points on the

ICPSR-Detection dataset, and by 36 F1 points and 40 F1 points, respectively, on ICPSR-

Direction. The specialized approach, Chain-of-Layer, performs poorly in both tasks due to

its assumption that all concepts belong to the same domain and fit within a single structured

hierarchy, which does not hold for these datasets. The pattern-based approach, Hypernymy-

Suite, performs the worst on ICPSR-Detection, as many concepts in the dataset are absent

from the corpus it relies on for pattern extraction and it has limited capability in handling

out-of-vocabulary concepts. While HypernymySuite obtains a moderate score on ICPSR-

Direction, it still falls behind due to its reliance on extracted patterns, which struggle with

directionality inference, particularly for unseen concepts.
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6.6.3 Prior Models

RQ2: Can MRF modeling improve on various prior beliefs and by how much?

Figure 6.6 illustrates the impact of prior models on the result quality of OpenForge for

the SOTAB, Walmart-Amazon, and ICPSR datasets. To save space, we present results for

up to five prior models: the Ridge classifier (the top-performing ML model among three

tested), gemma-2, qwen2.5, and their LoRA fine-tuned classifier variants, i.e., gemma-2-lora

and qwen2.5-lora. On all datasets, our MRF modeling significantly improves the results

quality over the prior models, with gains ranging from 2 to 70 F1 points. These results

demonstrate the effectiveness of MRF modeling in enhancing prior predictions and correcting

mispredictions that violate relationship transitivity.

We observe that overall LoRA fine-tuned LLMs outperform vanilla LLMs with few-shot

learning by a large margin. For instance, the LoRA fine-tuned gemma-2 model achieves

an F1 improvement of 52 points over the vanilla gemma-2 model, while the corresponding

improvement on the Walmart-Amazon dataset is 45 F1 points. This highlights the potential

of fine-tuning vanilla LLMs to obtain strong performance for classification tasks. Notably,

on the Walmart-Amazon dataset, MRF modeling does not provide additional improvements

for the gemma-2-lora and qwen2.5-lora models. This can be attributed to two factors: (1)

the dataset’s sparsity, where many entity pairs in the test set are independent, reducing the

occurrence of relationship transitivity violations; and (2) fine-tuned LLMs serving as strong

priors, with manual checks confirming that none of their mispredictions violate relationship

transitivity. Nevertheless, applying MRF modeling does not degrade the quality of the

results, preserving the performance of these strong prior models. On the ICPSR-Direction

dataset, the regularization effect of MRF modeling is diminished. This is because the ternary

factor table has 27 configurations, only four of which violate transitivity, whereas in the

binary classification setting, two out of eight configurations are invalid.

Guide for Practitioners. When sufficient training data (e.g., thousands of examples)

are available, fine-tuning LLMs using parameter efficient fine-tuning techniques for domain-

specific tasks yields very strong results and is highly recommended. In cases where training

data are lacking, prompting a LLM to obtain prior beliefs offers a viable alternative.

6.6.4 Efficiency of MRF Modeling

RQ3: How efficient are MRF construction and inference? Figure 6.7 shows the

MRF construction and inference time of different inference algorithms (i.e., pgmpy-MPLP,

PGMax-CPU-LBP, and PGMax-GPU-LBP) on four datasets. All runtime numbers are

reported using either a single CPU or GPU. We exclude the Shafer-Shenoy algorithm (im-
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Figure 6.7: MRF construction and inference time of three inference algorithms using a single
CPU or GPU. WA, I-Det, and I-Dir are shorthands for Walmart-Amazon, ICPSR-Detection,
and ICPSR-Direction datasets, respectively.

Figure 6.8: Scalability of MRF inference w.r.t. the number of concepts and connectivity k.
k = 12 scales up to 4000 concepts (nearly 8 millions of random variables) and k = 16 scales
up to 3000 concepts (about 4.5 millions of random variables).

plemented in pyAgrum) and Gibbs sampling (implemented in pgmpy) from the comparison

as they do not complete execution within an hour on our smallest dataset.

The three algorithms under consideration exhibit efficient factor graph construction, with
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completion time of a few seconds across all datasets. The primary distinction between these

algorithms lie in their inference time. GPU-accelerated LBP (i.e., PGMax-GPU-LBP) is

overall the most efficient, achieving more than 2x speedup compared to CPU-based LBP

(i.e., PGMax-CPU-LBP) and over two orders of magnitude speedup compared to pgmpy-

MPLP on CPU. The speedup is particularly significant on ICPSR datasets, which have over

a thousand of random variables and more than twenty thousands of factors in the constructed

graph. On ICPSR-Detection, pgmpy-MPLP does not complete running within two and a

half hours. In contrast, PGMax-GPU-LBP finishes the inference in just 33.4 seconds and

PGMax-CPU-LBP completes in 72.1 seconds. The superior performance of PGMax-GPU-

LBP can be attributed to their flat array-based implementation of LBP in JAX [22] which

leverages just-in-time compilation and parallelized array operations to optimize performance

on hardware accelerators. However, for smaller graphs, such as the local MRFs in the

Walmart-Amazon dataset, each of which has tens of random variables due to the dataset’s

sparsity, pgmpy-MPLP appears to be more efficient while PGMax-GPU-LBP remains 1.3x

faster than PGMax-CPU-LBP.

Although PGMax-LBP inference is slower on a single CPU compared to GPU, we can

batch process independent local MRFs in the Walmart-Amazon dataset across multiple

CPUs. When we use all 16 CPUs on the computing node, the runtime of PGMax-CPU-

LBP can be reduced from nearly 1000 seconds to under 70 seconds.

6.6.5 Scalability

RQ4: How does MRF inference scale as MRF grows in size with a fixed amount

of memory? Given that MRF inference is often the most time- and memory-intensive

component of the solution, we evaluate its scalability under fixed resources: a single GPU

(NVIDIA A40, 40 GB) and 256 GB of RAM. We synthesize sparse factor graphs with

varying numbers of concepts (up to 5,000, translating to over 12 million random variables)

and connectivity levels k (up to 16) as discussed in Section 6.4.2. These factor graphs

consist of binary random variables with fixed prior probabilities and ternary factors with

predefined potential values. We execute the PGMax-GPU-LBP algorithm using its default

hyperparameters for 200 iterations.

Figure 6.8 illustrates the relationship between inference time and the number of concepts

for varying connectivity levels. As expected, the inference time grows with both the number

of concepts and the connectivity k. The inference times for all completed runs remain within

40 minutes. For connectivity levels k = 4 and k = 8, the algorithm completes inference on

graphs with 5,000 concepts in under 30 minutes. At higher connectivity levels (k = 12 and
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k = 16), the algorithm can handle graphs with up to 4,000 and 3,000 concepts, respectively,

before exceeding the memory limits. Notably, a graph with 3,000 concepts corresponds to

approximately 4.5 million pairs of concepts or random variables for prediction—significantly

larger than the test set size of any existing public dataset for data matching or taxonomy

induction. Hence, we consider the inference algorithm good enough for handling many use

cases.

6.7 Discussion

More Types of Relationships. While OpenForge currently focuses on equivalence

and parent-child relationships, its probabilistic framework can be extended to handle more

diverse relationship types. For instance, directional relationships including part-whole and

causal dependencies can be modeled similarly to parent-child relationships, with adjustments

to the configurations of ternary factors to capture their unique properties.

Beyond Transitivity. While OpenForge primarily enforces transitivity in relationship

inference, we acknowledge that some semantic correlations between concept pairs exist in-

dependently of transitivity. In Section 6.4.2, we leverage embedding similarities to identify

semantically related concept pairs when constructing local MRFs, indirectly capturing such

dependencies. Nevertheless, these semantic correlations are not explicitly modeled within

the MRF model, which could further refine relationship assignments.

Future work could extend the model by incorporating pairwise semantic factors directly

into the MRF to formally represent such dependencies. This would enable OpenForge

to capture richer relational patterns beyond transitivity, further enhancing its expressive-

ness and robustness in complex metadata integration tasks. Meanwhile, it may introduce

additional computational complexity, particularly for large datasets. Balancing model ex-

pressiveness with inference efficiency will be a key challenge to tackle in future work.

6.8 Related Work

We discuss data matching, from the data management community, and taxonomy induction,

from the semantic web community, which are the most relevant to our work. Moreover,

we review applications of probabilistic models in the broader area of data integration and

summarize the role of metadata in dataset discovery.

Data Matching. Research efforts in generalizing matching techniques have primarily fo-

cused on solutions that generalize across domains [149] or tasks [164]. To the best of our

knowledge, Unicorn, a multi-tasking model for data matching [164], represents the SOTA
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in generalization across tasks. It supports matching tasks for data integration, such as en-

tity matching and schema matching, by primarily focusing on equivalence relationships. For

(meta)data integration, OpenForge not only goes beyond equivalence relationships to dis-

cover and resolve parent-child relationships, but also our experiments show that, despite

Unicorn adopting a multi-task learning approach, it is still challenging for Unicorn to gener-

alize to the new matching tasks and datasets of metadata integration. Parallel to multi-task

learning, we demonstrate the promising potential of transfer learning using large language

models with fewer than 10 billion parameters for various tasks. With parameter-efficient

fine-tuning techniques such as LoRA [77], multiple tasks can share the same base model by

incorporating lightweight adapters. These adapters are significantly smaller than the base

model in size yet effectively enhance result quality across downstream tasks, making this

approach highly efficient and scalable.

Taxonomy Induction. The taxonomy induction literature has extensively studied the

problem of extracting parent-child relationships from text documents [75, 142, 148]. Various

traditional frameworks have posed the taxonomy induction problem with a probabilistic for-

mulation [151, 13]. For example, Snow et al. define the objective as finding a parent-child

graph that maximizes the probability of observed evidence [151]. Their formulation relies on

two additional independence assumptions to decompose the joint probability so that they

can solve the problem with a heuristic search algorithm. This inspired us to design a simpler

and more intuitive joint probability formulation, i.e., finding the most probable relation-

ship graph given the existing evidence. This alternative formulation has two advantages.

First, it allows us to incorporate various powerful priors, such as LLMs. Second, it allows

us to cast our problem to MRF to incorporate relationship properties, such as transitivity,

to refine the results. Bansal et al. also propose an MRF formulation for taxonomy induc-

tion [13]. OpenForge not only extends this formulation with an additional relationship

type, it also explores different ways of obtaining prior beliefs and learning parameters for

the MRF formulation. Chain-of-Layer [180], SOTA in the literature, iteratively prompts a

LLM to construct the taxonomy while employing a smaller language model to reduce hal-

lucinations of the LLM. However, our experiments reveal that Chain-of-Layer struggles to

construct taxonomies effectively when working with a diverse set of metadata concepts from

the social science domain. The deficiencies are mainly attributed to the prompts tailored for

taxonomies with simple structures (e.g., country-state hierarchies) and the smaller language

model’s inability to generalize effectively to entities within the social science domain.

Probabilistic Modeling. Due to the prevalence of uncertain and noisy data in mod-

ern applications, probabilistic models have been extensively studied for probabilistic

databases [146], information extraction [166], and data integration [4]. [146] introduce
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graphical models to represent and query correlated tuples (e.g., independence and implication

relationships) efficiently, framing query evaluation as an inference problem over probabilistic

graphical models. However, their approach relies on exact inference, limiting their scala-

bility to smaller graphs with tens of thousands of random variables as opposed to millions

of variables in our case. [166] integrate Conditional Random Fields (CRFs) into relational

query processing, demonstrating how probabilistic inference improves both the accuracy and

efficiency of querying uncertain information extracted from unstructured sources. Their ap-

proach focuses on tasks such as named entity recognition and sequence labeling, where the

linear structure of input text sequences makes linear-chain CRFs a natural fit. In contrast,

our integration problem requires a more general graph structure to model the transitivity of

ternary concept groups. Consequently, their CRF-based techniques and optimizations, de-

signed for linear sequences, do not directly apply to our setting. [4] establish the theoretical

foundations for uncertain data integration within the Local-As-View framework, introduc-

ing novel containment notions—equality-containment and superset-containment—to model

how uncertain data from diverse sources can be consistently merged. While their theoretical

framework is sound, the paper leaves the development of efficient query processing techniques

and real-world applications as open areas for future work.

Metadata and Dataset Discovery. Metadata has been extensively used in facilitating

downstream tasks such as data discovery and data sharing. Google dataset search indexes

the metadata of datasets (published by users in schema.org format) [23]. Auctus, a domain-

specific and open-source dataset search engine, supports spatial and temporal data augmen-

tation through indexing the data summaries describing dataset contents (e.g. grid size for

spatial data) [29]. Raw metadata (e.g., column names and tags) [17, 121], concept annota-

tions [116], and concept hierarchies [91] have been used as data summaries to be indexed for

table union and join search. Besides data cataloging, the hierarchies inferred byOpenForge

can further enhance the results quality of downstream data discovery tasks, particularly for

domain-specific data repositories. For instance, datasets tagged with metadata of varying

granularity could better align with user queries, improving retrieval accuracy [128, 121].

Exploring these applications represents a promising direction for future work.

6.9 Conclusion

We introduce the metadata integration problem and propose OpenForge, a data-driven

solution that unifies metadata concepts for a given relationship. By combining advanced

prior models with probabilistic modeling and inference using Markov Random Fields,

OpenForge effectively resolves relationships between metadata concepts while enforcing
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essential relationship properties such as transitivity. Our approach also demonstrates both

efficiency and scalability across various datasets. A promising direction for future work is

leveraging integrated metadata vocabularies to facilitate the discovery of siloed datasets.
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CHAPTER 7

Observatory: Characterizing Embeddings of

Relational Tables

7.1 Introduction

The advances of pretrained language models for NLP tasks such as summarization and dia-

log have sparked similar interest and progress in embedding relational tables for tasks such

as table question answering [76], entity matching [47, 103], semantic column type annota-

tion [181, 47, 157], and data integration and augmentation [28, 161, 43]. Most of these

models are built on top of language models such as BERT [49] and specialized to take into

account the structure of tables, for example, by leveraging vertical attention to incorporate

information across rows [177].

As these table embedding models have shown strong performance on a variety of tasks,

researchers and practitioners are also interested in using these pretrained models for new

applications and in new domains. However, the process of identifying a suitable model

typically involves trial and error due to a lack of understanding regarding the strengths

and limitations of these models and their learned representations. This knowledge gap can

produce inefficiency and even failures in downstream usage. Moreover, researchers have

little visibility into the behaviors and generalizability of existing table embedding models

beyond their performance on particular downstream tasks. Hence, there is a pressing need

to understand the strengths and weaknesses of these models, especially in terms of the table

embeddings they generate [52, 11].

To address this need, we propose Observatory, a formal framework for systematically

analyzing language- and table embedding models from the perspective of what character-

istics of relational tables these models do and do not capture in their learned embedding

representations. Observatory presents eight primitive properties motivated both by in-

variants in Codd’s relational data model [39, 40] and by statistical considerations regarding

data distributions in downstream tasks: for instance, if embeddings are sensitive to row and
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Figure 7.1: Overview of Observatory and how it solicits understanding of opaque table
embedding models by measuring properties motivated by the relational data model and
data distributions. We illustrate the framework for two out of eight properties: 1) row order
insignificance, and 2) sample fidelity.

column order or sample size. Each of these properties is associated with a measure that

quantitatively characterizes embedding representations over relational tables (see Figure 7.1

for an overview). Analogous to task-agnostic analyses of language models [141, 2], such

data-specific evaluations of embeddings offer valuable insights into model behaviors, which

are connected to various downstream applications (Section 7.6 gives more details). With

Observatory, we 1) consolidate properties of relational tables important to reflect in ta-

ble embeddings, 2) contribute a framework and implementation thereof, enabling researchers

and practitioners to analyze the capabilities of existing and new models with respect to these

properties, and 3) provide insights into the strengths and limitations of nine popular models

through their learned representations over tabular data, which can inform researchers and

practitioners of model selections and novel model designs.

Along with the implementation of Observatory, we collect and synthesize a suite of

datasets for evaluation purposes, and present a comprehensive analysis of nine commonly

used language and specialized table embedding models. Some key insights we surface in our

analysis are that the embeddings of some models are sensitive to the order of rows and, in

particular, the order of columns, while embeddings of some models are robust to uniform

sampling. Moreover, we find that none of the models reflect functional dependencies among

columns in tables. Although we do not aim to, and cannot, analyze all existing models,

our implementation of Observatory is extensible such that researchers and practitioners

can use Observatory for analysis of new models by specifying the procedure of embed-

ding inference following the implemented interface. In summary, we make the following

contributions:

• We propose Observatory, a framework including eight primitive properties and corre-

sponding measures for systematically analyzing embedding representations over relational
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tables.

• We implement and open-source a prototype of Observatory, which covers nine popular

table embedding models while also being extensible for evaluation of new models.

• We present a comprehensive analysis with Observatory and provide novel insights into

the strengths and limitations of evaluated models and their learned table representations.

7.2 Related Work

7.2.1 Language and Table Embedding Models

Language Models. BERT [49] is among the first transformer-based pretrained language

models, generating contextual embeddings by predicting masked tokens. Subsequent opti-

mizations like RoBERTa [107] and expansions in model size and tasks (e.g., T5 [137]) have

driven rapid advancements. Language models soon progress from predictive tasks to se-

quence generation, exemplified by GPT models [136]. Beyond unstructured language tasks,

investigations explore language models’ capabilities for structured inputs like tabular data.

Narayan et al. [120] uses T5 for data wrangling, and recent GPT-based conversational models

directly handle table understanding tasks[95, 90].

Table Embedding Models. TaBERT [177] pioneers extending pretrained language models

to tabular data. It employs token-level embeddings with additional positional embeddings,

incorporating vertical attention for inter-row information and a masked column name pre-

diction objective inspired by BERT. Subsequent models, including TURL [47], TAPAS [76],

and TaPEx [106], facilitate applications like table question answering, table understanding,

and data preparation. For a comprehensive overview, we refer readers to surveys by Dong et

al. [52] and Badaro et al. [11]. The latter emphasizes the need for intrinsic analysis of table

embedding models, which we take a first step towards addressing with Observatory.

7.2.2 Analysis of Embedding Models

Analysis of Language Embedding Models. Efforts to comprehend and evaluate LMs

involve task-specific [165] and task-agnostic analyses [141]. Task-agnostic investigations, ex-

emplified by CheckList [141], explore internal LM behavior and capacities through unit-test-

like assessments (e.g., whether a LM can handle negation). In line with this, Observatory

proposes relational data model-inspired properties, considering practical data distribution
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factors for downstream applications. Recently, Sui et al. [158] introduces a benchmark eval-

uating LMs on seven table tasks (e.g., cell lookup) while varying, among others, prompt

designs and table input formatting. However, it falls short in examining fundamental prop-

erties of relational tables and data distributions, and excluding specialized table embedding

models.

Analysis of Table Embedding Models. Limited analyses exist on table embedding

models. Wang et al. [169] assess the impact of explicitly modeling table structure in trans-

former architectures for table retrieval, revealing the modest contribution of table-specific

model design. However, this evaluation is confined to retrieval tasks and lacks insights into

intrinsic model limitations affecting downstream performance. Dr.Spider [30] benchmarks

text-to-SQL models for perturbation robustness, whileObservatory introduces novel prop-

erties, including perturbation robustness, unexplored until now. Recent work [154] intro-

duces LakeBench, highlighting performance gaps in specialized table embedding models for

data discovery. In contrast, Observatory evaluates embedding representations based on

broader table-specific properties relevant to diverse downstream tasks. Koleva et al. [92]

examines patterns in table-specific attention mechanisms, remaining task-agnostic. Unlike

Observatory, it doesn’t link model analysis with relational and data distribution proper-

ties of tables.

7.3 Observatory

In this section, we present Observatory, our methodology for characterizing embedding

representations over relational tables. Observatory features two sets of properties that

are agnostic to downstream tasks and motivated by the relational model [39, 40] and data

distributions. For each property, Observatory proposes a measure to quantify how well

embedding representations align with the property specification. This allows users to gain

insights into the strengths and weaknesses of different models and to even compare models

through a consistent lens.

7.3.1 Problem Statement

Various downstream applications may need different kinds of embeddings. For example,

semantic column type detection is based on column embeddings whereas entity matching re-

quires entity embeddings. Given that these embeddings look at different levels of aggregation

of the table structure, we refer to these kinds of embeddings as levels of embeddings.

Definition 12 (Table Embedding Characterization). Given a pretrained model f , a corpus
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of tables T ∈ T , and a property P that characterizes a certain level of embeddings EP with

a measure M, table embedding characterization infers EP with f over each T ∈ T and

computesM over the distribution of EP .

A property P can characterize one or more levels of embeddings (e.g., it can apply for

both row- and column-level embeddings). Properties in Observatory span five levels of

embeddings: table, column, row, cell, and entity (so called table embeddings) while many of

them are relevant to column-level embeddings. Observatory also focuses on Transformer-

based embedding models. Technically, any pretrained model f , regardless of the architec-

ture (encoder or encoder-decoder or decoder-only) can be integrated to and evaluated with

Observatory, as long as f either natively exposes certain level of embeddings EP specified

by P or exposes token-level embeddings that can be further aggregated to the level of EP .

7.3.2 Relational Properties

The relational data model specifies both structural invariants and semantics. We first intro-

duce two properties from structural invariants (namely, Row- and Column Order Insignifi-

cance), followed by two properties from structural semantics (namely, Join Relationship and

Functional Dependencies).

Property 1 (Row Order Insignificance). A relational table can be viewed as a set of rows of

which, in principle, the order is insignificant [39]. Tables may be stored in an ordered way,

that is, rows may be ordered by dates, or ascending/descending values of a given column.

Models that explicitly encode the table structure with position embeddings might reflect this

order in the output embeddings. Awareness of the influence of row order on table embeddings

is key to using them in a context of unordered tables. We consider column/row/table-level

embeddings in this property.

Measure 1. Given a table T , let E(D(i)) denote the embedding of column/row/table D in

the i-th row-wise shuffle of T for ≤ i ≤ n (i.e., there are n row-wise permutations). We

define the row order sensitivity as a high-dimensional dispersion measure M of n samples

drawn from the embedding distribution, i.e.,

M( E(D(1)),E(D(2)), . . . ,E(D(n)) ).

The coefficient of variation (CV), the ratio of the standard deviation to the mean in the

univariate setting, is a well-known measure of variability relative to the mean of a population.

It has the merit of allowing for the comparison of random variables with different units or

different means. Thus, we consider multivariate extensions of CV (MCV) that summarize
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Figure 7.2: Illustration of row permutations.

relative variation of a random vector (instead of a random variable) into a scalar quantity.

In particular, we use Albert and Zhang’s MCV [5] to compare row order sensitivity across

models for the reasons that it takes into account correlations between variables and does

not require the covariance matrix to have an inverse [5, 3], which is especially convenient

when the number of observations (number of embeddings) is smaller than the number of

variables (embedding dimensionality). Albert and Zhang’s MCV of embeddings {E(C(i))}ni=1

is computed as

γAZ =

√
µtΣµ

(µtµ)2
(7.1)

where µ is the mean vector and Σ is the covariance matrix.

In practice, the number of possible permutations can be large (i.e., factorial of the number

of rows) for tables with high cardinality. For computational efficiency in the experiments,

we use at most 1000 randomly generated permutations of each table.

Example. Figure 7.2 gives an example of row permutations. Given 6 data rows, there are

in total 6! = 720 possible permutations. Then for each column, we have 720 observations

of embeddings, which is smaller than some embedding dimensionality (e.g., 768 of BERT).

In this case, the covariance matrix derived from observations is singular. Nevertheless,

Albert and Zhang’s MCV can be calculated whereas other MCVs surveyed in [3] can

not.

Property 2 (Column Order Insignificance). Besides row order, some models exploit neigh-

boring columns as context when learning representations based on the intuition that neigh-

boring columns can provide local context [181, 186]. Analogous to row order insignificance,

relational tables usually store data without preserving a particular column order. The

(in)sensitivity of embeddings regarding the column order informs their suitability for tasks
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such as join discovery and table understanding in relational databases with unordered tables

versus views on Web and other media that may present data with related attributes next to

each other. As in Property 1, we assess column/row/table embeddings.

Measure 2. Given a table T , let E(D(i)) be the embedding of column/row/table D in the

i-th column-wise shuffle of T . Similarly, we measure the embedding variance using MCV in

equation 7.1.

Property 3 (Join Relationship). The join operation combining tuples from two or more

relational tables, is one of the essential operations for data analysis. Thus the problem of

finding join candidates in a table repository has been extensively studied [182, 174, 192, 191,

63, 42]. Join candidates are typically identified by some notion of value overlap similarity

such as Jaccard and containment [192, 191, 63] while the embedding approach has also been

explored [42]. Their findings indicate that columns with significant value overlap are also

close to each other in the embedding space. We investigate this postulate by assessing if

there is a monotonic relationship between value overlap and embedding similarity.

Measure 3. Consider pairs of query and candidate columns (Cq, Cc) and their corresponding

embeddings (E(Cq),E(Cc)). Two random variables can be derived, the embedding similarity

measureM(E(Cq),E(Cc)) and the value overlap measure R(Cq, Cc). In experiments, we use

cosine similarity forM and containment for R where R = |Cq∩Cc|
|Cq | and is not biased towards

small sets [192, 191]. For completeness, we also experiment with Jaccard similarity (i.e.,
|Cq∩Cc|
|Cq∪Cc|) and multiset Jaccard similarity (i.e., |Cq∩Cc|

|Cq |+|Cc|) for measuring value overlap.

With embedding similarity measure M and value overlap measure R calculated over n

pairs of query and candidate columns {(M1, R1), (M2, R2), . . . , (Mn, Rn)}, we compute the

Spearman’s

rank correlation coefficient betweenM and R as

ρ =
cov(R(M), R(R))

σR(M)σR(R)

(7.2)

where R(·) denotes the rank of a sample, cov(·, ·) is the covariance of the rank variables, and

σ(·) denotes the standard deviation.

Note that the Spearman coefficient ranges between -1 and 1, and considers the ranking

values of two variables instead of raw variable values. A coefficient of 1 means the rankings

of each variable match up for all data pairs and indicates there is a very strong positive

monotonic relationship between two variables. We adopt the Spearman coefficient since it

does not make any assumption of the underlying variable distributions.
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Property 4 (Functional Dependencies). Let T be a relation with a set of attributes U .

Relation T over U is said to satisfy a functional dependency, denoted T |= X → Y where

X, Y ⊂ U , if for each pair s, t of tuples in T , πX(s) = πX(t) implies πY (s) = πY (t) [1].

Functional dependencies between columns provide a formal mechanism to express semantic

constraints to the stored data, which is useful in many applications such as improving schema

design, data imputation, and query optimization.

This property surfaces if models implicitly capture the relationship of functional depen-

dencies in their representations (we are not aware of any model that explicitly takes func-

tional dependencies into consideration in pretraining). Analogous to relationships between

words [115] and entities in knowledge bases [21], the functional dependency relationship can

be interpreted as a translation in the embedding space. Consider the relation triple (πX(s),

r, πY (s)), where r is the functional dependent relationship between value pair πX(s), πY (s).

As demonstrated in [21], such relationship reflects as a translation between the embeddings

E(πX(s)) and E(πY (s)). The translation vector represents relationship r, which can be

expected to remain equal in direction and magnitude across tuples if the relationship is

preserved [21, 115]. More precisely, consider any pair s, t of tuples in T with a functional

dependency X → Y . We say that this functional dependency is preserved in an embedding

space determined by a model f if

d( E(πX(s)), E(πY (s)) ) = d( E(πX(t)), E(πY (t)) )

given πX(s) = πX(t) where E(·) is the embedding inferred with f and d denotes a distance

metric preserving direction and magnitude.

Example. Consider a table T containing four columns in Figure 7.3. There exists a

functional dependency between non-key attributes country and continent, i.e., country

→
continent. T satisfies this functional dependency because every instance of a specific

value in column country, Netherlands for example, corresponds to the same value, i.e.

Europe, in the corresponding tuples under column continent. By our definition, if

an embedding space preserves functional dependencies, the squared Euclidean distances

between embeddings generated for these specific value pairs will be (approximately)

equal, despite influence of context on the embeddings.

Measure 4. Given a table T with functional dependency X → Y , we refer to the group

of tuples πX∪Y with the same value vX of determinant X as FD-group GvX , to the value

associated with vX in the dependent attribute set Y as vY , and to the embeddings of these
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Figure 7.3: Table with a functional dependency country→ continent. The colors illustrate
different FD groups determined by the unique values in the country column.

values of the i-th entry in the group as E(vX,i) and E(vY,i), respectively. For instance, there

are three FD-groups under the functional dependency country → continent in the table

shown in Figure 7.3, i.e., (Netherlands, Europe), (Canada, North America), (USA, North

America) where the FD-group (Netherlands, Europe) has three entries.

Within each FD-group Gj of size mGj
, we calculate distance metric d for each embedding

pair (E(vX,i), E(vY,i)), denoted as dji.The average group-wise variance over all n FD-groups

is calculated as:

S2 =
1

n

n∑
j=1

∑mGj
i=1 ||dji − dj||22
mGj
− 1

In our experiments, we take as distance metric d the L1- or L2-norm following [21],

while other distance metrics preserving norm direction and magnitude are valid too. S2

approaches 0 if the translation between the group-wise FD value pairs in X (country) and

Y (continent) remains approximately equal for each FD group. We note that this does not

require a strictly injective model. That is, the same value across different table contexts is

not necessarily mapped to exactly the same vector in the embedding space in order for this

measure to approach 0.

In addition, it is expected that this measure shows higher value ranges over column sets

without functional dependencies. We collect a set of functional dependencies over tables

TFD and a set of tables T¬FD in which no table contains functional dependent columns. We

calculate the measure for all tables in the sets TFD and T¬FD. This yields two distributions

of S2 values. If the embeddings preserve functional dependencies, S2 values over TFD will

be close to 0 and in general smaller than those over T¬FD.
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7.3.3 Data Distribution Properties

In practice, many aspects need to be considered when using embeddings including but not

limited to the sample size, domain generalizability, robust representations of semantically

similar values, and context. We introduce four properties involving data distributions that

concern these four aspects.

Property 5 (Sample Fidelity). Large relational tables can easily have millions or even

billions of rows. Embedding an entire table or even a single large column with a model is

often infeasible due to constraints on the input length of models or memory constraints of

computing resources. On the other hand, it may not be necessary to embed the full table

for a downstream task [177, 157, 42]. In practice, existing work resorts to sampling, either

up to the input limit or based on content relevance, as a straightforward workaround. While

sampling provides a feasible solution, it also introduces a trade-off between computational

cost and the fidelity of the embedding inferred from a smaller sample compared to the

embedding that would have been obtained if the entire dataset were used. It is then essential

to understand the fidelity of sample embeddings from a model by evaluating the extent to

which sample embeddings deviate from the embeddings of full values.

Measure 5. Given a full column C and a sample CS , we define sample fidelity as a similarity

measure M between the embedding of the full column E(C) and the sample embedding

E(CS) whereM can be cosine similarity for instance. Similar to [168], we split a full column

into chunks with the shared header and obtain the full embedding by aggregating the chunk

embeddings. This is because a full column may not fit into a single sequence for model

ingestion.

For each column C, we perform uniform random sampling to get n distinct samples

{C1, C2, . . . , Cn} from C and report the average column sample fidelity

1

n

n∑
i=1

M(E(Ci),E(CiS))

as well as the multivariate coefficient of variation over the embedding set

{E(C),E(C1), ...,E(Cn)}. Since tables in a corpus may have various sizes, we experi-

ment with different sampling fractions (e.g., 0.25, 0.5, and 0.75) instead of varying the

absolute number of samples in evaluations.

This simple measure gives a good indication of computing efficiency and monetary cost.

For example, provided that cloud vendors take a pay-as-you-go model, users do not need to

pull out all their data to infer embeddings and pay the full scanning cost.
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Property 6 (Entity Stability). Stability is a notion in NLP [170, 8] that indicates the

variability of word embeddings relative to training data, training algorithms, and other

factors in embedding model training. The idea is to use the overlap between K nearest

neighbors of queries (i.e., words) found in different embedding spaces1 as a proxy of agreement

between embedding spaces. We borrow this notion to explore the (in)stability of entity

embeddings.

Given n embedding spaces determined by embedding models f1, f2, . . . , fn, consider an

entity cell e = (em, emd) in a relational table where em is the entity mention and emd is

associated metadata if exist (such as the entity linked to the cell from a knowledge base,

the column name, and the table caption). Retrieve K nearest neighbor entities of e in each

embedding space. The stability of entity e across n embedding spaces is defined as the

average over all pairwise percent overlap between two embedding spaces.

Example. Take the entity column competition in Figure 7.2 for example.

World Championships is an entity mention that links to a Wikipedia entity

1997 World Championships in Athletics

- Men’s Decathlon. Depending on the context, the same entity mention may link to

another distinct entity, for instance, BWF World Championships.

Measure 6. We consider the case when n = 2 (i.e., two embedding models f1 and f2).

We randomly sample m entities, and for each entity ei, let s i1 and s i2 be the sets of K

nearest neighbors of ei in two embedding spaces, respectively. We compute the average

entity stability as
1

m

m∑
i=1

|s i1 ∩ s i2 |
K

which ranges between 0 and 1. A value of 1 indicates a perfect agreement between two

embedding spaces while 0 indicates a complete disagreement.

For entity-centric downstream tasks, one can run this experiment over a model f1 to first

see if the retrieved sets of K nearest neighbors to entities of interest fit their task domains.

If not, one may want to try a different model f2 with a low entity stability relative to f1.

This is because a model with high entity stability relative to f1 will be more likely to retrieve

a set of entities similar to that of f1 and fail to fit task domains as well.

Property 7 (Perturbation Robustness). Neural model performance has been found vulner-

able to input perturbations. For example, state-of-the-art text-to-SQL models are shown

1An embedding space refers to a vector space that represents an original space of inputs (e.g., words or
table columns).
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to suffer from nuanced perturbations to database tables, natural language questions, and

SQL queries [30]. Such perturbations are designed to preserve semantics and can reveal a

model’s capacity to capture semantics. We hypothesize that preserving semantic similarities

in the embedding space is key, especially, for downstream tasks such as retrieval, text-to-

SQL and question answering. We therefore inspect the impact of input perturbations in the

embedding space by measuring the robustness of column-level embeddings with respect to

semantics-preserving perturbations.

Example. Three database perturbations curated by [30] include schema-synonym,

schema-abbreviation, and column-equivalence. schema-synonym and

schema-abbreviation replace the name of a column with its synonym (”coun-

try” → ”nation”) and abbreviation (”CountryName” → ”cntry name”), respectively.

column-equivalence further perturbs both column names and contents, and may

replace numerical columns with semantic-equivalent ones (”age” → ”birthyear”).

Measure 7. Given a set of original columns {Ci}ni=1, we consider a set of perturbed variants

{C ′
ij}

mi
j=1 for each Ci. The perturbations are semantics-preserving and can be at the schema

level or data level or both. We compute the embedding cosine similarity of (E(Ci),E(C
′
ij))

and average over all mi pairs for each Ci. We draw a distribution plot of average cosine

similarity over {Ci}ni=1 across models and also report a single number of cosine similarity

averaged over all
∑n

i=1 mi pairs for each model.

Property 8 (Heterogeneous Context). Unlike coherent natural language sequences, tables

are typically more heterogeneous comprising various types of data such as numeric, categor-

ical, and datetime. As table embedding models mostly extend the architecture of language

models and by default take context into consideration, it is less clear how much influence

context has on embedding representations, especially for numeric data [79, 157]. With-

out context (e.g., subject columns2 or neighboring columns), non-textual types of data,

especially numerical columns, are typically hard to discriminate. Thus, it is important to

understand the impact of context for many downstream tasks like semantic type prediction

and relation extraction. In this property, we probe into the difference between contextual

column embeddings and single-column embeddings for both textual and non-textual types

of data.

Example. Figure 7.4 shows a table from the SOTAB benchmark [97]. The table does

not have a header and consists of both textual and non-textual data columns. Without

2The subject column of a table, if exists, contains the entities the table pertains to.
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context, column 4 is hard to interpret on its own, which could be percentages, prices

or any metric numbers. However, the neighbor column to the right, namely column 5,

which refers to the currency of Romania, can provide clues to the semantic meanings of

column 4. In this context, it is more likely that column 4 contains price values.

Figure 7.4: A table (without header) comprising textual and non-textual data columns.

Measure 8. To measure the effect of context, we consider four different input settings to

get column embeddings as specified below. We compare embeddings of single columns with

contextual column embeddings using their cosine similarity.

(a) Only the column itself;

(b) Subject column as context (if not exist, use the first textual column from the left of a

table as the proxy);

(c) Immediate neighboring columns on both sides as context;

(d) The entire table as context.

7.4 Experiment Setup

7.4.1 Embedding Models

We consider well-established models and their variants that have been adopted for data man-

agement problems and open-sourced for public access. In particular, we select representative

models from two categories: LMs and specialized table embedding models. Vanilla LMs are

those designed for modeling natural language sequences and thus do not take into account

the structure of tables or tabular data distributions. We include them in Observatory for

comparison as many table embedding models share very similar architectures with weights

initialized from LMs.
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Language Models. We take in BERT [49], RoBERTa [107], and T5 [137]. BERT is a pio-

neer transformer-based model that learns contextual representations from unlabeled text.

RoBERTa builds on top of BERT and systematically studies the impact of key hyperparame-

ters and training data size. Both models are go-to options for a wide range of NLP tasks

and are bases for many tabular language models. T5 is a representative of large language

models whose largest variant has 11 billion parameters. We use base versions of all three

models from the HuggingFace library [172] in the experiments.

Table 7.1: Overview of table embedding models and their design specifications (Column is
abbreviated to Col.).

Model Input Output Embedding Downstream Task

TURL Table + metadata Entity / Col. / Col. pair Table interpretation/augmentation
DODUO Table Col. / Col. pair Column type/relation prediction
TAPAS NL question + table Question / Table Semantic parsing
TaBERT NL question + table Col. / Table Semantic parsing
TaPEx SQL query + table Row / Table Table Question Answering
TapTap Table Row Data augmentation/imputation

Table Embedding Models. We include TURL [47], DODUO [157], TAPAS [76], TaBERT [177],

TaPEx [106], and TapTap [186]. TURL, TAPAS, TaBERT, TaPEx, and TapTap first pretrain

models over tables in an unsupervised manner by, for example, predicting masked column

names or query execution results. The pretrained models are then fine-tuned for particu-

lar downstream tasks. We use pretrained models in the experiments as prescribed in our

problem statement. DODUO directly fine-tunes a BERT-based model with labeled data from

downstream tasks. See Table 7.1 for an overview of model specifications. The models we

assess in experiments cover all levels of output embeddings, i.e., column, row, cell, and table

embeddings.

7.4.2 Datasets

We use both relational database tables and web tables for evaluation.

WikiTables. The WikiTables [15] corpus contains 1.6M HTML tables of relational data

extracted from Wikipedia pages. TURL preprocesses WikiTables and obtains an entity-rich

dataset of 670,171 tables. We use the test partition released by TURL [46].

Spider. Spider [178], a widely-used semantic parsing and text-to-SQL dataset, includes

5,693 SQL queries over 200 databases across domains. We use the development set [179]

and run HyFD [129], a functional dependency discovery algorithm, to create a dataset with
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annotated functional dependencies. To avoid mining a massive number of functional depen-

dencies, we set the size of determinant to 1 and found 713 functional dependencies. We also

collect an equal number of random pairs of columns without the relationship of functional

dependencies for our experiments.

Dr.Spider. Dr.Spider [30] designs perturbations to databases, natural language questions,

and SQL queries in Spider to test the robustness of text-to-SQL models. We take advantage

of database perturbation tests in Dr.Spider [31] to evaluate the property of perturbation

robustness.

NextiaJD. Flores et al. [63] collected 139 datasets from open repositories such as Kaggle

and OpenML for predicting joinable columns. They also divided datasets into four testbeds

based on dataset file size. For example, NextiaJD-XS includes datasets smaller than 1 MB

while NextiaJD-L consists of datasets larger than 1 GB. Candidate pairs of columns are

labeled with the join quality using a measure that takes account of both containment and

cardinality proportion with empirically determined thresholds. For our evaluation, we use

all pairs with join quality greater than 0.

SOTAB. The Schema.org Table Annotation Benchmark [97] provides about 50,000 anno-

tated tables collected from the WDC Schema.org Table Corpus for both column type and

column property annotation tasks. We extract a subset that contains 5,000 tables for 20

semantic data types. The subset is balanced in terms of the number of non-textual and

textual data types. Non-textual types include DATE, ISBN, POSTAL CODES, MONEY

(monetary values), and QUANTITY (measurements as of weight etc.). We use this subset

for measuring the property of Heterogeneous Context.

Note that a dataset may not accommodate all the properties. For example, WikiTables

does not have information of which two columns can be joined, so we do not measure the

property of Join Relationship over WikiTables. On the other hand, properties such as Func-

tional Dependencies and Heterogeneous Context require synthesized datasets for evaluation

purposes. Table 7.2 summarizes the datasets and assessed models for each property. Also

note that TURL, TaBERT, and TapTap are excluded from certain experiments. This is be-

cause TURL is designed and implemented to output embeddings from entity-rich tables like

those in WikiTables; TaBERT yields only column embeddings after the fusion of the vertical

attention mechanism; and TapTap encodes single rows independently using a text template

serialization strategy and only gives row embeddings.
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Table 7.2: Overview of datasets and models for each property.

Property Dataset Models in Scope

Row order insignificance WikiTables Except TapTap
Column order insignificance WikiTables All
Join relationship NextiaJD Except TURL and TapTap

Functional dependencies Spider Except TURL, TaBERT, and TapTap

Sample fidelity WikiTables Except TapTap
Entity stability WikiTables Except TaBERT and TapTap

Perturbation robustness Dr. Spider Except TURL and TapTap

Heterogeneous Context SOTAB Except TURL and TapTap

7.4.3 Implementation

In general, we follow the original papers and their implementations in our evaluation. How-

ever, there are subtleties where extra consideration is needed, such as aligning the input

and output across models for fair comparison. We make (minimal) design decisions in our

implementation as discussed below.

Table Serialization. As Transformer-based models expect to take sequence inputs, a key

input processing step is to serialize two-dimensional tabular data into flattened sequences of

tokens. Table embedding models considered in this analysis generally follow two common

types of serialization methods.

1. Row-wise serialization. Tables are parsed by rows, which are further concatenated with

optional insertions of special tokens as delimiters. TURL, TAPAS, and TaBERT fall under

this category despite the difference that TAPAS uses dedicated positional embeddings to

indicate the row and column in which a token appears while TaBERT explicitly adds [SEP]

tokens to mark boundaries of cells in the sequences.

2. Column-wise serialization. Alternatively, tables can be serialized by column. For DODUO,

[CLS] tokens (as many as the number of columns) are inserted to separate values from

different columns and are effectively used as column representations.

For each table embedding model, we adopt the serialization method as proposed in the

original papers. Since vanilla language models do not have a default serialization method

for tabular data, we experimentally apply row/column-wise serialization as applicable. In

practice, models also enforce a length limit to token sequences (e.g. 512 is a common maxi-

mum). To ensure that all models take in (almost) the same inputs regardless of serialization
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methods, we keep all the columns for each table, if possible, and preserve as many rows as

the length limit permits. We use binary search to find the maximum number of rows that

can fit into the input limit.

Embedding Retrieval. We use the embeddings provided by a model, if they are available.

However, due to designs for particular downstream tasks, a model may not readily expose

certain levels of embeddings needed for measuring a property. For instance, TAPAS does not

give row or column embeddings out of the box. We circumvent this obstacle by observing

that all the models can output token-level embeddings and some table embedding models

have additional mask embeddings or positional embeddings that indicate to which row and

column a token belongs. Therefore, we can aggregate token embeddings (by averaging them

for example) to embeddings on a level (e.g. row or column) as needed. In particular, we

take advantage of different serialization methods and use special tokens to retrieve row or

column or table embeddings. As to cell embeddings needed for the property Functional

Dependencies and entity embeddings as needed for the Entity Stability property, we keep

track of token positions in the table and aggregate them accordingly. We take this alternative

since inserting special tokens for each cell quickly uses up the input limit.

The practice of inserting special tokens and aggregating lower level of embeddings is com-

mon in the literature [47, 103, 157, 43]. As noted in our problem statement (Section 7.3.1),

we consider pretrained models in Observatory, thereby not fine-tuning any model for

downstream tasks. We illustrate in Section 7.6 that the characterization of pretrained mod-

els remain effective for anticipating behaviors of finetuned models on various downstream

tasks.

7.5 Results

In this section, we present the experiment results and our analysis and describe the charac-

teristics of models over the eight properties.

7.5.1 Row Order Insignificance

We calculate cosine similarity and MCV (as defined in Measure 1) measures over column, row,

and table embeddings and plot their distributions in Figure 7.5. Overall, table embedding

models exhibit comparably lower cosine similarity while both language and table embedding

models may exhibit high MCV.

On the top row of Figure 7.5, column embeddings of five models BERT, RoBERTa, T5,

TAPAS, and TaBERT show strong evidence of being robust to row order shuffling in terms of
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Figure 7.5: Cosine similarity and MCV distributions of column (top), row (middle), and
table (bottom) embeddings from row shuffling. Across three levels of embeddings, table
embedding models exhibit comparably lower cosine similarity while both language and table
embedding models may exhibit high MCV.

cosine similarity. In particular, the first quartile (Q1) of these models is above 0.97 and the

minimum (Q1 - 1.5 × interquartile range) is above 0.95 except RoBERTa. TURL follows with

Q1 above 0.92 and the minimum above 0.86. DODUO exhibits the largest spread with the
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Figure 7.6: PCA visualization of high-dimensional column embeddings from a table of six
columns, for BERT and T5. Each subplot draws 6!=720 row-wise permutation variants of a
column. While BERT embeddings are centered around the origin with some variation, the
T5 embeddings are more stretched along the horizontal axis, resulting in the relatively high
cosine similarity as well as high MCV value.

minimum below 0.75 while the median is over 0.91. This implies that DODUO is relatively

sensitive towards row order, given that the content of these rows is not altered. We illustrate

in Section 7.6 how DODUO’s sensitivity to row order shuffling translates to unstable predictions

in a downstream task for which DODUO is proposed.

The MCV measure (the lower the better) indicates the variability of different populations

(i.e., embedding distributions given by different models), especially when they have different

means. It is notable that T5 has the largest third quartile (Q3) and second largest maximum

(Q3 + 1.5 × interquartile range) while T5 embeddings have high cosine similarities. We

hypothesize that this is because T5 embeddings are more dispersed in a specific direction in

high-dimensional space compared to models with low MCVs such as BERT. We verify this

by visualizing the PCA projections of embeddings in two-dimensional space. For demon-
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stration purposes, we use a table in which T5 embeddings of three columns yield high MCV

scores (larger than 0.08, which is higher than Q3). Correspondingly, the projections of T5

embeddings of these three columns (top-right, middle left and middle right) are indeed more

stretched along a specific direction than those of BERT as demonstrated in Figure 7.6.

With regard to row embeddings (the middle row of Figure 7.5), it is noticeable that BERT

obtains high cosine similarity with the minimum above 0.95 and low MCV with Q3 below

0.03. On the other hand, row embeddings of RoBERTa, T5, TAPAS and TaPEx appear to vary

more in MCV than their column embeddings. As seen in the bottom row of Figure 7.5, unlike

column and row embeddings, table embeddings of assessed models manifest exceptionally

high cosine similarity and low MCV. Precisely, the minimum of the cosine similarity of each

model is above 0.94 and the range of MCV is also 5× smaller than that of row embeddings.

These findings also underline the importance of combining the cosine similarity and MCV

for measuring row order insignificance, as a single measure would give a limited perspective.

7.5.2 Column Order Insignificance

The results of column shuffling follow a similar trend as that of row shuffling. Nevertheless,

column shuffling appears to cause more variations in all three levels of embeddings for both

cosine similarity and MCV measures. In the interest of space, we only show column and row

embeddings in Figure 7.7.

Considering, for example, the column embeddings in Figure 7.7, the median cosine sim-

ilarity of RoBERTa embeddings drops by more than 5% and the same statistic of DODUO

embeddings drops by more than 15%. The median MCV of both RoBERTa and T5 also in-

creases by four times. To verify such large variations, we again visualize the PCA projections

of T5 embeddings in Figure 7.8 for the same table as used in Figure 7.6. This figure confirms

that the first principal component of T5 embeddings manifests larger spread, and illustrates

the spread along the horizontal axis across all columns (instead of merely 3, as when rows

are shuffled) indicating a higher sensitivity to column order than row order.

7.5.3 Join Relationship

Table 7.3 presents the Spearman coefficients between a value overlap measure and embedding

cosine similarity over joinable pairs of columns from the NextiaJD-XS dataset. We find that,

among the considered value overlap measures (containment, Jaccard, and multiset Jaccard),

multiset Jaccard similarity is most positively correlated with embedding cosine similarity.

For all models, the coefficient value between multiset Jaccard and embedding cosine similarity

is above 0.5, which indicates a moderate positive correlation (TaBERT has a coefficient value
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Figure 7.7: Cosine similarity and MCV distributions of column (top) and row (bottom) em-
beddings from column shuffling. Both column and row embeddings manifest similar patterns
as in row shuffling.

of 0.72 which indicates a high positive correlation), and is significantly higher than that of

the other two measures (0.08 − 0.43 ↑). This difference can be attributed to the fact that

containment and Jaccard similarity do not take duplicate values into account while we use

all values for embedding inference. In Figure 7.9, we also show scatter plots of embedding

cosine similarity versus multiset Jaccard over pairs of joinable columns from NextiaJD-XS for

each model, which demonstrates the moderate positive correlation between the two variables.

Note that the maximum possible value of multiset Jaccard similarity is 0.5.

Both syntactic and semantic approaches have been employed for data discovery [124,

17, 43]. It is valuable to be aware of what syntactic measure is highly correlated with a

semantic measure based on embeddings so that one can ensemble less correlated syntactic
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Figure 7.8: PCA visualization of high-dimensional column embeddings from the same table
as used in Figure 7.6. Each subplot draws 6!=720 variants of a column from column order
shuffling. The embeddings exhibit similar patterns as in row order shuffling but show larger
spread across all columns.

and embedding measures if they want to find more diverse candidates. For instance, consider

the task of join discovery over NextiaJD-XS. Based on Table 7.3, it is recommended to use

containment as the syntactic similarity measure when BERT embeddings are used to measure

semantic similarities because these two measures show the least correlation. Similarly, it is

recommended to use the Jaccard similarity when TAPAS embeddings are used.

7.5.4 Functional Dependencies

Table 7.4 displays the average variance of the L2 norm of translation embeddings over column

pairs, comparing those with and without functional dependencies. Vanilla language models

exhibit no significant reduction in variance for columns with functional dependencies, as

expected, given their lack of consideration for table structure during pretraining. In contrast,
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Table 7.3: Spearman coefficients between a value overlap measure and embedding cosine
similarity on the NextiaJD-XS dataset. Multiset Jaccard is most positively correlated to
embedding cosine similarity across all models. All coefficient numbers are statistically sig-
nificant (p-value < 0.01).

BERT RoBERTa T5 TAPAS TaBERT DODUO

Containment 0.241 0.412 0.649 0.438 0.506 0.438
Jaccard 0.288 0.339 0.563 0.368 0.553 0.441
Multiset Jaccard 0.670 0.512 0.647 0.655 0.721 0.696

Table 7.4: Average group-wise variances of embedding translations over columns with and
without functional dependencies across five models. Only TAPAS yields S2

FD < S2¬FD with
S2

FD close to 0, while language models and other table embedding models do not follow this
pattern.

BERT RoBERTa T5 TAPAS DODUO

Columns w/ FD 0.87 0.39 1.80 0.88 83.34
Columns w/o FD 0.78 0.34 1.13 1.12 229.77

table embedding models, including DODUO and TAPAS, show variance patterns contrary to

vanilla language models, though the average variance of DODUO is not close to 0. Despite

TAPAS aligning with expected patterns, Figure 7.10 reveals that none of the models distinctly

separate variance distributions for column pairs with and without functional dependencies.

This lack of clear separation provides evidence that none of the models effectively capture

the relationship of functional dependencies in their representations.

7.5.5 Sample Fidelity

Figure 7.11 depicts sample fidelity distributions of models across various sample ratios. As

the ratio increases, sample embeddings tend to align more closely with those from full values

in terms of cosine similarity, evident in the ascending quartile values of embedding cosine

similarity in the box plots.

Vanilla language models consistently show high sample fidelity, reaching a median over 0.9

at a 0.25 sample ratio and exceeding 0.95 at a 0.75 ratio. Notably, T5 demonstrates strong

robustness to sampling, with over 75% of tested pairs having cosine similarity surpassing 0.95

when half of the values are sampled. Table embedding models, excluding TaBERT, exhibit

larger distribution spreads, particularly at a 0.25 sample ratio. TaBERT stands out as the
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Figure 7.9: Scatter plots of embedding cosine similarity vs. multiset Jaccard similarity
derived from pairs of joinable columns in the NextiaJD XS dataset, which illustrate a positive
correlation between the two measures.

most sample-robust model, consistently maintaining cosine similarity over 0.95 across all

sample ratios. This robustness stems from TaBERT’s internal practice of always considering

the first three rows [176], increasing the likelihood of overlapping or identical inputs despite

sampling. While TAPAS emerges as the next sample-robust model, achieving high fidelity

comparable to vanilla language models at a 0.5 sample ratio, DODUO lags behind and proves

more sensitive to sampling across all ratios, consistent with the results of row and column

shuffling.

7.5.6 Entity Stability

We select query entities from five domains and compare their K-nearest neighbors between

two embedding spaces: ten greatest men tennis players (Tennis Players), ten most popular

movies (Movies), ten most essential nutrients for the body (Biochemistry), ten most valuable

technology companies in the U.S., and ten largest countries in the world by area. We plot

pairwise average entity stability using heatmaps in Figure 7.12. Due to space limits, we only
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Figure 7.10: Distributions of the group-wise variances over embedding translations across
column pairs with and without the relationship of functional dependencies. None of the
models show clear separation between the two variance distributions.

Figure 7.11: Distributions of sample fidelity of column embeddings under three sample ratios.
Overall, vanilla LMs exhibit higher sample fidelity compared to table embedding models.

show heatmaps of Tennis Players, Movies, and Biochemistry with K=10. We observe that

domain is a key factor in entity stability. In other words, for different domains, different

pairs of models show high entity stability. For instance, BERT and TURL have the highest

entity stability for movie entities while TAPAS and DODUO have the highest entity stability for

biochemistry entities. This suggests for domain-specific tasks, if one finds model A is not

feasible, they may want to try model B with relatively lower entity stability with respect to

A.

7.5.7 Perturbation Robustness

Figure 7.13 shows distributions of embedding cosine similarities between pairs of an original

column and a corresponding perturbed column. Even though both types of perturbations

are at the schema level and data values remain unchanged, models exhibit different degrees

of robustness, especially in terms of the spread and skewness of the distribution. Vanilla

language models BERT and T5 are most robust to schema-level perturbations with first quar-

tile above 0.97 while entire distributions are above 0.90. Despite being a language model,
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Figure 7.12: Pairwise top-10 entity stability with query entities from three distinct domains.
Different pairs of models show high entity stability for different domains.

Figure 7.13: Distributions of embedding cosine similarities between original columns and
perturbed columns. Perturbations only to schemas cause relatively small changes in cosine
similarity (except for TaBERT).

RoBERTa surprisingly shows a larger spread with outliers down to 0.75 in synonym pertur-

bations and to 0.65 in abbreviation perturbations. On the table model side, TaBERT is least

robust to perturbations with the lowest median and first quartile among all models. In

contrast, TAPAS is more robust with first percentile near 0.95 for both perturbations while it

shows relatively large variance as well. DODUO does not show any variance because DODUO only

takes in data values for representation inference and simply ignores changes to the schema.

Overall, table embedding models in comparison are more sensitive to schema perturbations

as they explicitly model the header component of tables and distinguish between headers

and data values in representation learning.

135



7.5.8 Heterogeneous Context

Table 7.5: Summary statistics (min, median, and max) of cosine similarities between single
column embeddings and contextual embeddings for non-textual and textual data types, on
the first and second row, respectively. Incorporating context, especially the entire table, can
change column embeddings significantly w.r.t cosine similarity (highlighted in bold).

Model Subject Column Neighboring Columns Entire Table

BERT
0.72 / 0.89 / 0.99
0.72 / 0.93 / 1.00

0.62 / 0.86 / 0.99
0.64 / 0.88 / 1.00

0.57 / 0.78 / 0.96
0.51 / 0.79 / 0.99

RoBERTa
0.76 / 0.83 / 0.89
0.76 / 0.83 / 0.90

0.71 / 0.82 / 0.93
0.74 / 0.83 / 0.92

0.75 / 0.84 / 0.92
0.76 / 0.85 / 0.93

T5
0.77 / 0.85 / 0.93
0.75 / 0.83 / 0.92

0.75 / 0.88 / 0.97
0.75 / 0.88 / 0.98

0.74 / 0.83 / 0.92
0.75 / 0.83 / 0.98

TAPAS
0.68 / 0.84 / 0.95
0.52 / 0.83 / 0.98

0.58 / 0.80 / 0.97
0.50 / 0.80 / 0.98

0.35 / 0.64 / 0.92
0.31 / 0.67 / 0.92

TaBERT
0.94 / 0.97 / 1.00
0.90 / 0.98 / 1.00

0.93 / 0.97 / 1.00
0.89 / 0.97 / 1.00

0.89 / 0.95 / 0.99
0.83 / 0.96 / 0.99

DODUO
0.25 / 0.62 / 0.99
0.34 / 0.80 / 0.99

0.14 / 0.59 / 0.99
0.26 / 0.78 / 0.98

0.06 / 0.45 / 0.87
0.01 / 0.61 / 0.98

For both non- and textual data types, we infer from each model column embeddings

using only the columns themselves, and adding 1) subject columns; 2) immediate neighbor

columns; and 3) the entire tables as context respectively. We compute the cosine similarity

between corresponding pairs of single column embeddings and contextual embeddings and

show their three-number summary in Table 7.5. Unsurprisingly, adding different contexts

to the inputs changes the embeddings to various degrees. For non-textual columns, among

three context settings, models except DODUO preserve high cosine similarity when having

subject columns as context (e.g., the median number of TaBERT is above 0.96 and that of

BERT is close to 0.9) while they (except TaBERT) preserve relatively low cosine similarity when

having the entire tables as context (e.g., the median number of TAPAS is below 0.65). We

observe that TaBERT embeddings are insensitive to context (the median number is above 0.95

in all three settings) whereas DODUO embeddings are more sensitive to context (the median

number is below 0.5 when having the entire tables as context and around 0.6 in the other

two settings). We see a consistent trend for textual data. This can have implications that

TaBERT may not be a good choice for context sensitive downstream tasks and a user may
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want to try both single column embeddings and contextual embeddings when using DODUO.

7.6 Connection to Downstream Tasks

From the model characterization through their embedding representations as per the eight

properties P1-8, we deduce below the model behaviors on downstream tasks. We illustrate

three connections with experimental findings.

Column Type Prediction (P1/P2). In the experiments, DODUO is found sensitive to

row/column shuffling and sampling, which are indicators of unstable predictions of DODUO

over shuffled data in downstream tasks. To investigate this hypothesis, we randomly sample

1,000 tables from the WikiTables dataset used in the experiments and employ DODUO to

predict semantic column types for all columns. For each table, we consider at most 1,000

distinct row-wise permutations for computational efficiency and keep track of how many

predictions change per permutation relative to the original order. We find that, over this

subset of tables with 5.8 columns on average, 34.0% of the permutated tables yield at least

1 changed column type prediction (averaged over all permutations). 12.8% of the tables

have at least 2 changed type predictions while 5.4% of tables have at least 3 changed type

predictions.

Join Discovery (P5). T5 exhibits high sample fidelity even when the sample ratio is low,

leading us to anticipate T5 to be sample efficient in downstream tasks. We implement T5

in the task of join discovery following the approach and setup in [42]. Over the NextiaJD

testbeds, sampled T5 embeddings obtain comparable precision and recall as those from full

values while the indexing time and lookup time are significantly faster. For instance, on

NextiaJD-XS with a sample size of 100 (which is about 5% of the average number of rows in

NextiaJD-XS), there is less than ±3% variation in precision and recall between sampled T5

embeddings and full-value T5 embeddings. But the indexing time of using sampled values is

more than 7x faster and the lookup time is more than 2× faster.

Table Question Answering (P7). The task of table question answering (TableQA) refers

to answering natural language questions based on information from given tables. In our

experiments of the Perturbation Robustness property (Section 7.5.7), we found that TAPAS,

among other models, was sensitive to semantics-preserving perturbations to the table schema.

Based on this observation, we hypothesize that TAPAS may suffer performance degradation

on perturbed tables in downstream tasks, such as TableQA, for which it is designed. As

anticipated, the TableQA accuracy of TAPAS under synonym- and abbreviation perturbation

drops by 6.2 and 8.3 points respectively on WikiTableQuestions [130], and 19.0 and 22.2
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points respectively on WikiSQL [189] (see Table 2 and 7 in [188]).

We emphasize that, despite we focus on the characterization of pretrained models (e.g.,

pretrained version of TAPAS), our hypotheses predicated on such characterization propagate

to finetuned models (in this case, TAPAS models fine-tuned for TableQA).

Additional Connections. Beyond the three empirically supported anticipations of model

behaviors on downstream tasks, we also deduce informed expectations listed below as a result

of the characterizations obtained with Observatory for the other properties. This list is

not exhaustive as the connection between model characteristics and downstream tasks is not

a one-to-one relationship.

P3 Low Spearman’s coefficient between containment and embedding cosine similarity (e.g.,

BERT)→ Join discovery: the containment-based method will complement the embedding-

based method in finding join candidates.

P4 Not preserving functional dependencies → Data imputation: imputed values may not

maintain functional dependencies between attributes.

P6 Relative to model A, model B has a lower entity stability than model C→ Entity retrieval:

model B will return fewer entities in common with model A than with model C.

P8 Insensitive to context change (e.g., RoBERTa) → Join discovery: candidates found by

single-column and contextual embeddings will largely overlap.

7.7 Discussion

Impact of Tables with Large Dimensionality. To assess the effect of table dimensions,

we examine BERT and TAPAS regarding row- and column order insignificance on the NextiaJD-

S dataset, averaging over 209k rows and 56 columns. No significant differences emerge

on NextiaJD-S compared to tables from WikiTables. The partitioning of large tables into

smaller ones, with aggregated embeddings, aligns with our practice for smaller tables.

Limitations. While Observatory encompasses crucial properties for various applications,

implementing measures for all properties is unfeasible. For instance, assessing latent topics

in tables, vital for retrieval tasks, lacks established measures and appropriate evaluation

datasets. The challenge of evaluating models’ ability to capture signals across diverse data

types, from numeric to textual, persists. Our model analysis is constrained to a represen-

tative selection, driven by the availability of code and pretrained model weights. However,
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Observatory is extensible and open-sourced for analyzing additional models. We acknowl-

edge the potential for future investigation into relationships between property metrics. Our

analysis, like any empirical work, is subject to the inherent limitations of dataset specificity.

Despite these considerations, we initiate the process of characterizing and understanding

embedding representations across relational tables.

7.8 Conclusion

We introduce Observatory, a downstream-task agnostic analysis framework for table em-

beddings, gauging the alignment of pretrained embeddings with key relational data model

and data distributions properties. Our assessment of nine language- and table embedding

models reveals diverse capabilities of different models. Notably, some properties of the re-

lational model and data distributions are not consistently reflected in table embeddings.

Observatory provides a valuable tool for guiding model selection in various applications,

aiding researchers in model evaluation, and informing future research on novel architectures

for tabular data.
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CHAPTER 8

Conclusion and Future Work

The FAIR Data Principles promise a world where data can be discovered and reused by both

humans and machines. However, operationalizing these principles, particularly in large-scale,

modern data stores, remains a major challenge. Achieving FAIR at scale requires a holistic,

AI-driven automation of the entire data sense-making lifecycle–from finding the data, to

understanding its relationships, to standardizing its description, and even to governing the

tools used in the process. This dissertation has explored the critical intersection of AI and

data management, demonstrating how modern AI techniques can significantly enhance the

findability and reusability of tabular datasets by automating manual, “sense-making” tasks.

This work primarily focused on Findability and Reusability. The principles of Accessibility

(e.g., automated access control and policy enforcement) and deeper Interoperability (e.g.,

querying data from any storage) remain significant open challenges. Our techniques were

also designed for and evaluated on relational tabular data. Extending this automated sense-

making to unstructured data (e.g., text, images) is a major next step. Below we discuss

three promising directions for future research.

8.1 Future Work

8.1.1 Towards a Unified System for Hybrid Search

The current research landscape often treats different search paradigms—such as lexical,

structural, and semantic search—as disparate problems solved by standalone systems. A

promising avenue for future work is the design and implementation of a truly unified data

system that seamlessly integrates different search needs. While this dissertation has proposed

novel standalone algorithms, their integration into a single query processing engine presents a

rich set of open research challenges. The goal is to enable expressive, hybrid queries that can

combine, for example, exact keyword matching with semantic similarity search over vector

embeddings within a single declarative interface.
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Key research questions in this direction include:

• Unified Query Language and API Design: How can we extend existing query

languages like SQL, or design new APIs, to allow users to express complex hybrid

queries intuitively? This includes specifying clauses for keyword matching, vector

similarity, and defining the logic for how results from different search needs should be

combined and weighted.

• Cost-Based Optimization for Hybrid Queries: A unified system demands a so-

phisticated query optimizer. How can an optimizer model the cost and cardinality

of semantic search operators? How would it decide the optimal execution plan? For

instance, should it execute the keyword filter first to reduce the candidate set for a

costly vector search, or should it use vector search to find a neighborhood of candidates

and then apply lexical filters?

• Principled Result Merging and Ranking: Fusing results from different search

paradigms is a non-trivial challenge. Each modality produces its own relevance score

(e.g., BM25 for text, cosine similarity for vectors). Future work could develop princi-

pled fusion algorithms (e.g., based on Reciprocal Rank Fusion or learned ranking mod-

els) that combine these heterogeneous scores into a single, coherent relevance ranking

for the end-user.

8.1.2 Multi-Modality Data Processing Systems

The work in this dissertation mostly focuses on tabular data but the advance of LLMs is shift-

ing the landscape of data processing. Instead of the traditional ETL (Extract, Transform,

Load) process where data is moved out of a database for complex processing (like feature

extraction or inference) and then re-loaded, a new frontier is in-database multi-modal pro-

cessing. Major vendors are already integrating AI functions into SQL (e.g., BigQuery ML,

Snowflake’s Cortex), but this trend is in its infancy and presents deep research questions.

This future direction explores moving beyond pre-processing data into uniform representa-

tions (like embeddings) and instead focuses on building systems that can apply powerful

generative and analytical operators directly to raw, multi-modal data where it resides.

Key research challenges in this area include:

• Designing First-Class AI Primitives: What is the right set of AI/ML opera-

tors to expose within a declarative language like SQL? Beyond simple classification or

summarization, this could include primitives for entity extraction, sentiment analysis,
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question-answering, or even image-to-text generation. The challenge lies in design-

ing these operators to be composable, deterministic (where possible), and seamlessly

integrated with traditional relational operators like FILTER, JOIN, and GROUP BY.

• Performance and Cost Modeling for AI Operators: LLM inference is computa-

tionally expensive and often relies on external API calls, which introduces significant

latency and monetary cost. A critical research area is developing a cost model for these

AI operators within the database’s query optimizer. How can the system estimate the

time and cost of running a SUMMARIZE function on a million text documents? This

is essential for choosing an efficient query plan.

• Novel Execution Strategies: New execution strategies are needed to manage the

high cost of these operators. This includes techniques like:

– Batching: Grouping rows to make fewer, larger calls to a model endpoint.

– Materialization and Caching: Caching the expensive results of AI functions to

avoid re-computation.

– Model-Aware Predicate Pushdown: Using cheaper models or heuristics to filter

out rows that are unlikely to satisfy a condition before applying the expensive pri-

mary model. For example, filtering out reviews with a clearly positive sentiment

before running a more nuanced model to detect specific complaints.

• Handling Diverse and Unstructured Data Types: A truly multi-modal system

must efficiently manage and process various data types (text, images, audio) stored as

BLOBs or in specialized formats. This involves developing mechanisms to route these

different data types to the appropriate models and to integrate the structured output

(e.g., a JSON object from an entity extraction model) back into the relational context

for further querying and analysis.

8.1.3 Lakehouse Movement

Open data formats are the foundation of the modern “Lakehouse” architecture, built on two

distinct layers [10, 112]. The first layer is open file formats, like Apache Parquet 1, which

define a standardized, columnar, and self-describing physical layout for data. This solves

engine-level interoperability, allowing any query engine (e.g., Spark, DuckDB, Trino) to read

the same file, decoupling compute from storage. The second layer is open table formats,

1https://parquet.apache.org
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such as Apache Iceberg 2, Delta Lake [9], and Apache Hudi 3, which act as a “blueprint” or

metadata layer on top. They organize collections of individual files into a single, logical table,

providing database-style ACID transactions, versioning (time-travel), and schema evolution

directly on the data lake.

This architecture’s core promise is ecosystem-level interoperability, eliminating data silos

and enabling analytics and AI workloads on a single, reliable source of truth. However, this

new paradigm introduces significant research and engineering challenges. These include man-

aging the sheer scale of the metadata generated by table formats, efficiently handling real-

time streaming ingestion without creating a “small file problem,” and designing intelligent

compaction services to maintain performance [9, 84]. Furthermore, new query optimization

and processing engines are required that are aware of evolving data and workloads, capable of

processing raw data or complex data of nested types that lack statistics, and capable of han-

dling the complex concurrency models needed for write-heavy workloads [84, 173, 111, 159].

8.2 Final Words

The journey from passive data repositories to active, intelligent, and autonomous data ecosys-

tems is one of the most critical challenges in data management. The contributions in this

dissertation provide the automated building blocks for this transition. By systematically

replacing manual, error-prone human effort with reliable, scalable AI, this work lays the

groundwork for a future where data can finally deliver on its full promise–not just to be

stored, but to be truly found, understood, and reused.

2https://iceberg.apache.org
3https://hudi.apache.org
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[51] Till Döhmen, Radu Geacu, Madelon Hulsebos, and Sebastian Schelter. Schemapile:
A large collection of relational database schemas. Proc. ACM Manag. Data, 2(3):172,
2024.

[52] Haoyu Dong, Zhoujun Cheng, Xinyi He, Mengyu Zhou, Anda Zhou, Fan Zhou, Ao Liu,
Shi Han, and Dongmei Zhang. Table pre-training: A survey on model architectures,
pre-training objectives, and downstream tasks. In Luc De Raedt, editor, Proceedings of
the Thirty-First International Joint Conference on Artificial Intelligence, IJCAI 2022,
Vienna, Austria, 23-29 July 2022, pages 5426–5435. ijcai.org, 2022.

[53] Yuyang Dong, Kunihiro Takeoka, Chuan Xiao, and Masafumi Oyamada. Efficient
joinable table discovery in data lakes: A high-dimensional similarity-based approach.
In ICDE 2021, pages 456–467. IEEE, 2021.

[54] Yuyang Dong, Chuan Xiao, Takuma Nozawa, Masafumi Enomoto, and Masafumi Oya-
mada. Deepjoin: Joinable table discovery with pre-trained language models. Proc.
VLDB Endow., 16(10):2458–2470, 2023.

148

https://github.com/sunlab-osu/TURL#data


[55] Abhimanyu Dubey, Abhinav Jauhri, Abhinav Pandey, Abhishek Kadian, Ahmad Al-
Dahle, Aiesha Letman, Akhil Mathur, Alan Schelten, Amy Yang, Angela Fan, Anirudh
Goyal, Anthony Hartshorn, Aobo Yang, Archi Mitra, Archie Sravankumar, Artem
Korenev, Arthur Hinsvark, Arun Rao, Aston Zhang, Aurélien Rodriguez, Austen
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[78] Madelon Hulsebos, Çagatay Demiralp, and Paul Groth. Gittables: A large-scale corpus
of relational tables. Proc. ACM Manag. Data, 1(1):30:1–30:17, 2023.

[79] Madelon Hulsebos, Kevin Zeng Hu, Michiel A. Bakker, Emanuel Zgraggen, Arvind
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