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Letter from the Editor-in-Chief

Across industries – healthcare, law, finance, government, and beyond – vast troves of critical information
remain locked inside unstructured documents. Hospitals, insurers, and public-health agencies, for
example, are awash in paperwork yet struggle to answer even the simplest questions: How many hip
replacements did we reimburse last year? Which clinics drove the sharp rise in imaging cost? These
queries sound like ordinary SQL, but the source material is a welter of discharge notes, scanned claim
forms, physician dictations, and radiology narratives that know no tables, keys, or datatypes.

For a time, Retrieval-Augmented Generation or RAG seemed like a salvation: extract a handful of
relevant pages, feed them to a large language model, and let it produce answers. This method excels
at generating summaries, but it falters when accuracy, completeness, and traceability are critical. In
analytical contexts, we need to aggregate information with precision. Aggregation cannot tolerate
overlooked notes, duplicated charges, or fabricated procedure codes. To move beyond these limitations,
we must look deeper than surface-level retrieval and summarization. Within every clinical document lies
an implicit structure: a latent schema that organizes the apparent chaos of narrative text. Diagnoses,
drugs, quantities, prices, insurance plan codes, and many other details are embedded in free-form
language, each following recurring patterns. The challenge is to automatically surface this hidden schema,
promote each relevant fragment to a well-typed attribute, and keep the catalogue up to date as templates
evolve, organizations merge, or reimbursement rules shift.

Once these attributes are identified, they must be connected to broader systems. For example,
provider identifiers need to be cross-referenced with national registries to determine specialty and
location. Drug names must be matched against external drug databases to obtain standardized codes
and strengths. Procedure terms require mapping to official vocabularies to ensure that records from
different sources can be meaningfully joined. Only by linking the discovered schema to external reference
databases can we create a coherent, queryable view that spans institutions, payers, and time. Even
with today’s best language models, the journey from narrative text to structured, meaningful data is
fraught with challenges. It is not simply about extracting numbers; it is about uncovering the underlying
structure and semantics within unstructured language, transforming free-form narratives into well-typed
fields and relationships. Only then can we aggregate, analyze, and ultimately derive actionable insights
from the data. The sheer volume of information is a major hurdle, as billions of tokens must be processed
to ensure that answers are both complete and reliable. The inferred schema is constantly shifting as
forms evolve, new abbreviations appear, and vocabularies are updated. Record linkage remains fragile,
with even minor variations in provider names disrupting connections. Economic constraints add further
complexity, making it impractical to process every document with the largest models on a nightly basis.
To address these issues, we need intelligent filtering, cascaded models, and planning systems that reserve
costly inference for the most ambiguous or critical fragments, ensuring that the path from narrative to
structure, through aggregation and analysis, leads to trustworthy insights.

The papers in this issue converge on those very gaps. One team describes a full software stack in
which conversational agents design pipelines, cost-based optimisers decide which model cascade to run,
and a serving layer keeps GPU memory from thrashing. Another argues that data discovery is as much
social as technical—human analysts must express what they seek before any system can find it, and
that expression itself hints at the latent schema waiting in the text. We meet databases that embed
small language models in their storage engines, skimming over irrelevant paragraphs to slash I/O; a
model-context protocol that lets billing notes, clinical narratives, and national registries live behind their
own specialised servers, coordinated at query time; join-aware indices that pre-compute cross-database
linkages so the model never attempts a billion-row match at runtime; and log-augmented inference that
remembers last week’s successful entity mappings instead of rediscovering them tomorrow. Individually
these contributions advance extraction, schema induction, external linkage, storage, optimisation, and
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serving; together they sketch a railway from raw narrative to verifiable totals.
Yet challenges remain. We still lack benchmarks that score faithful counting as rigorously as they

score fluent summaries, and open-source ontologies that expose every revision of every code set. Privacy-
preserving hosts are needed so models can train on protected health information without exfiltrating it.
Above all, schema discovery and external linkage must be treated as first-class steps in the analytics
stack. If we mis-type a field or mis-join a record, no brilliance in downstream analytics will salvage
the insight. Should we succeed, the next time a policymaker asks, “What did we spend on lung-cancer
imaging last quarter?” the answer will arrive in seconds, backed by measurable recall, transparent lineage,
and a reproducible chain from prose to number. I invite you to read the pages that follow, challenge the
ideas, and help turn narrative chaos into structured, dependable insight.

Haixun Wang
EvenUp

2



Letter from the Special Issue Editor

The ever-growing abundance of data in diverse formats–tables, text, images, audio, video–has led to
the rise of multimodal data lakes, which promise unified storage and querying capabilities across
heterogeneous modalities. With the advent of large language models (LLMs), new opportunities and
challenges emerge in managing, understanding, and extracting value from such multimodal ecosystems.

This special issue brings together a collection of papers that address these challenges from multiple
angles: foundational architectures, LLM-powered querying, optimized storage, agent-based orchestration,
and socio-technical integration.

We begin with the article by Castro Fernandez from University of Chicago, which frames data
discovery as a socio-technical process. He presents a reference architecture that separates data
identification and retrieval and argues for a broader agenda called data ecology to bridge organizational
knowledge and automated systems. Next, Binnig et al. from the Technical University of Darmstadt
introduce LLM-augmented databases , extending the relational model with natural language interfaces,
multimodal query plans, and RAG-style execution pipelines. Their systems, CAESURA and ELEET ,
showcase how traditional DBMS optimizations can coexist with AI-native capabilities. Complementing
system-level design, Sirin et al. from Harvard University propose the Image Calculator , a novel
storage system that automatically tailors image storage formats to inference and training workloads. By
breaking images into frequency components, they achieve substantial improvements in performance and
space efficiency for image AI tasks. The MIT Data Systems and AI Lab’s contribution articulates a vision
for AI-enabled data-to-insights systems, covering interactive pipeline orchestration, model routing,
metadata-aware retrieval, and explainability. Their Sunroom prototype and KRAMABENCH
benchmark push the boundaries of collaborative human-AI systems for data analysis. The system Taiji ,
presented by Zhang et al. from Renmin University, adopts a Model Context Protocol (MCP) to
orchestrate multimodal queries across specialized servers. This architecture supports query decomposition,
feedback-driven refinement, and machine unlearning to keep both data and LLMs fresh and trustworthy.
Finally, Sun et al. from Tsinghua University propose the concept of the Data Agent , a holistic
multi-agent architecture for orchestrating Data+AI pipelines. Their system, iDataScience , dynamically
selects agents using data skill embeddings and benchmark profiling, enabling robust and extensible
analytics over complex tasks.

Together, these papers represent the state of the art in building scalable, intelligent, and trustworthy
systems for multimodal data lakes. We hope this special issue will inspire further research in creating
AI-native infrastructures for data-centric discovery.

Nan Tang, Yuyu Luo
The Hong Kong University of Science and Technology (Guangzhou)
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Data Discovery is a Socio-Technical Problem:
the Path from Document Identification and Retrieval

to Data Ecology

Raul Castro Fernandez
Department of Computer Science, The University of Chicago

raulcf@uchicago.edu

Abstract

Data discovery is the task of identifying and retrieving documents that satisfy an information
need—a need that may support decision-making, scientific inquiry, or operational insight. While
the problem has existed since data began to be recorded, its complexity has grown with the scale
and diversity of data, particularly tabular data in databases, spreadsheets, and cloud stores. Unlike
well-defined tasks in data management, data discovery is ambiguous and socio-technical in nature,
requiring both algorithmic and human-centered solutions. In this perspective, we conceptualize
data discovery as distinct from but related to data search, introduce a reference architecture
that separates identification from retrieval, and situate recent developments—including LLMs and
retrieval-augmented generation—within this framework. We argue that solving data discovery
demands embracing its socio-technical character and outline an emerging research direction, data
ecology, that addresses this broader challenge.

1 Introduction

Data discovery is the process of identifying and retrieving documents that satisfy a specific information
need. An information need refers to any data that supports a task—for example, a paragraph that
answers a question, a row in a spreadsheet that informs a decision, or a feature that improves a predictor’s
performance beyond a given threshold. The task of identifying involves articulating the information
need in a way that makes it possible to find relevant data. The task of retrieval involves gathering
documents that fulfill this need. Defined broadly, the data discovery problem has existed since humans
first began representing knowledge in the form of documents. Library science—concerned with how to
organize and retrieve documents based on information needs—emerged after the printing press made
books widely available. Later, database and information systems developed rapidly as organizations
accumulated large document collections in the postwar era. Information retrieval and web search arose
in response to the explosion of online (web) documents. Today, prompt engineering serves as a heuristic
for retrieving relevant outputs from large language models (LLMs), given an information need expressed
as a prompt. In this way, data discovery has evolved in step with both the scale of the problem and the
technologies available to address it.

Data discovery is a critical problem in the context of tabular data. A significant portion of high-value
data1 is stored in tabular formats across databases, spreadsheets, and cloud storage systems. Data
discovery for tabular data has been explored by the data management community and, more recently,

1We use high-value data informally to refer to documents that directly relate to an organization’s operations, including
those that contribute to value creation such as revenue, user engagement, and similar metrics.
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by the machine learning community. It is also closely connected to fields like information retrieval and
human-computer interaction (HCI), reflecting the diverse challenges involved in tackling this complex
problem. Data discovery over tabular data has numerous applications. It supports scientific advancement
by identifying documents that either validate a hypothesis or help formulate new ones (hypothesis-driven
discovery). It also assists organizations in data-intensive tasks such as decision-making, product and
service development, and more.

Some problems in data management resist precise definitions and are inherently ambiguous. This
class includes tasks such as data cleaning, data wrangling, and data integration; data discovery belongs to
this group too. When SQL is viewed as a language for retrieving documents that satisfy an information
need—as specified by a query—the results are typically unambiguous, thanks to the closed-world
assumption that enables clear and well-scoped data processing. However, once we acknowledge that
relevant documents may span multiple databases and repositories—as is often the case in practice—the
problem becomes more difficult to define and, consequently, more challenging to solve.

In this perspective article, we conceptualize the problem of data discovery, situating it in relation to
data search and related tasks, and explain how it contributes to unlocking value from data (Section 2).
We then present a landscape of solutions for data discovery over tabular data (Section 3), structured
around a reference architecture that highlights the distinction between identification and retrieval. This
architecture also serves as a framework to introduce key contributions from our group. Building on
this foundation, we examine the emerging role of large language models (LLMs) and the evolving
architectures for retrieval-augmented generation (RAG) and agentic systems in shaping the future of
data discovery (Section 4). This discussion sets the stage for one of the paper’s central claims: data
discovery is fundamentally a socio-technical challenge. As such, no purely technical solution—not even
those based on LLMs—can fully address it. Instead, we advocate for socio-technical approaches and
introduce an emerging line of research, data ecology, that explores this broader framing (Section 5). We
conclude with a discussion of the current state of the problem and outline what is needed to advance
future solutions.

2 Conceptualizing Data Discovery

In this section, we introduce a set of definitions to support the discussions that follow (Section 2.1) and
examine the role of data discovery in enabling value extraction from data (Section 2.2).

2.1 Basic Definitions

Data and Documents. We draw a clear distinction between data and documents [6]. Data refers to
an abstract representation of some aspect or condition of reality, while a document is a representation of
data. The same data may be represented in different documents. For instance, consider the concept of
“room temperature”: the data corresponds to the measured value itself, whereas a document might be a
handwritten note recording the temperature, a value in a CSV file, or a row in a database table.

Documents exist in many forms. This heterogeneity is a core challenge of data integration and by
extension data discovery.

Definition 2.1 (Information Need) The data necessary to address a task.

We refer to it as an information need rather than a data need because the ideal data is not always
directly accessible; instead, we often rely on data that indirectly reveals information about the target.
For example, if the goal is to predict whether a loan application should be approved, the ideal data
would be whether the customer will default. However, that data may not be directly available. Instead,
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we might have access to related data—such as credit history or financial status—that provides indirect
evidence about the likelihood of default. In such cases, an analyst may articulate their information need
as the set of attributes (data) that relate to a customer’s probability of default.

A key aspect of information needs is that they are articulated by an agent—human or bot—as part
of pursuing a task. For example, the scenario illustrated in Figure 1 depicts multiple agents within an
organization, each facing a data discovery problem. The information need expressed by the decision
maker (bubble 1) may be high-level—for instance, “we need to project sales for this new product for
next quarter.” This initial request triggers several subtasks, such as reporting on past sales, assembling
features for a predictive model, and ultimately compiling these derived data products into a report to
support decision-making. The key point is that, when expressed by humans, information needs are
typically formulated so that the next person in the workflow can interpret and act on them. Regardless
of how an information need is expressed, the central challenge of data discovery is to identify which
documents satisfy it.

Definition 2.2 (Data Discovery) The problem of identifying and retrieving documents that satisfy
an information need.

Figure 1: Simplified diagram of an organization
where multiple stakeholders with information needs
(indicated by the red numbered circles) interact with
data systems and among themselves to solve a data
task

In data discovery, the solution is a document.
In some cases, this document already exists, and
the task is simply to locate and retrieve it. This
is typical of web search, information retrieval, or
dataset search, where the goal is to identify exist-
ing webpages, documents, or tables. In other cases,
however, the document does not exist in a ready-
made form and must be constructed—through
integration or fusion—as part of the discovery pro-
cess. For example, multiple documents may need
to be combined and transformed to produce a
new document that satisfies the user’s information
need. Similarly, large language models (LLMs)
combined with search can synthesize a document
from information scattered across multiple sources,
as seen in systems like Google’s Deep Dive Search,
Perplexity.ai, and ChatGPT with retrieval.
Identify and Retrieve. Two key terms in the
definition of data discovery are identify and retrieve. Retrieving refers to the mechanistic process of
delivering a document to the user so they can proceed with their task. Identifying, by contrast, involves
determining which document satisfies an information need—that is, which document represents data that
matches the articulated need. Identifying and retrieving are related to the separation between cognitive-
viewpoint and document-based view of the “anomalous states of knowledge” theory of information
retrieval [3]. Successfully solving this process entails several challenges:
1. it requires a precise and unambiguous articulation of the information need, which in turn depends on

the user’s understanding of the task they are trying to accomplish;
2. the information need must be expressed in a form that the discovery system can use to match against

available data—for example, by explaining a request to a librarian, entering keywords into a search
engine, or writing a natural language query to an LLM;

3. the discovery system must be capable of interpreting the information need and searching across large
volumes of data to find relevant matches.
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We distinguish between content and context information needs [2]. Content information needs can be
addressed by examining the contents of documents themselves. However, identifying a relevant document
is not always possible through content alone. Context information needs require metadata about the
document—such as who created it, how it has been processed, and other provenance—related attributes.

A critical piece of metadata in data discovery is a document’s provenance. Provenance is essential for
verifying the origin of a document and the chain of agents who created or modified it. In a world flooded
with data—much of it of questionable quality—provenance becomes increasingly valuable, often serving
as the primary means of distinguishing reliable information from noise. We emphasize provenance
because, in manual discovery processes, it is typically maintained informally by the people involved, who
can explain how a document was produced if asked. As discovery processes become more automated,
however, preserving provenance requires deliberate effort to capture the tribal knowledge that resides
in the minds of those humans. A central goal of data discovery is to encode this implicit knowledge into
documents so they can be used more effectively to satisfy information needs—a topic we expand on
later in the paper.

2.2 The Role of Data Discovery in the Data Value Chain

To understand the value of data discovery solutions, it is useful to situate them within the broader
process of deriving value from data. Data has instrumental value—that is, it generates value when used
to perform a specific task. However, data is not accessed directly; it is accessed through documents.
The utility of a document for a given task depends both on the value of the data it represents and the
cost of using that document [6]. We conceptualize the process of deriving value from data as a sequence
of the following steps:
1. Formulate the information need associated with the task.
2. Discover a document that satisfies the information need. This document may already exist within the

organization or may need to be assembled from multiple existing documents.
3. Analyze and process the document to produce a solution to the data task.

Data discovery plays a central role in the second step of the process, and—as we will argue later—it
must also support the first step by helping agents articulate their information needs. The cost of
data discovery reflects the time, effort, and resources required to identify documents that satisfy an
information need. Because this cost is nonzero, it reduces the overall utility of the data. Therefore, the
purpose of data discovery solutions is to minimize these costs, thereby increasing the utility that can be
derived from data.

Most data management technologies function as instruments for reducing costs, and data discovery
fits this role too. But data discovery is more than a cost reduction technique.
Beyond Cost Reduction. In the conceptual model outlined above, the first step is to formulate an
information need arising from a data task. However, selecting which data task to pursue—among many
possibilities—is itself a critical decision that shapes the value derived from data. Data discovery can play
a generative role in this process by helping to surface new questions (as in hypothesis-driven discovery)
that lead to the formulation of new tasks. At its best, data discovery does more than reduce costs: it
can help define entirely new use cases, opening up fresh avenues for value creation.
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3 Landscape of Data Discovery Solutions for Tabular Data

We present an overview of solutions for tabular data discovery. Our goal is not to provide a comprehensive
survey of the literature2, as such a review would exceed the scope of this paper. Instead, we focus on
highlighting key ideas proposed in this area and clarifying how they relate to one another. This technical
foundation will serve as the sca�olding for our central argument in the next section: that data discovery
is a socio-technical problem.

The literature on data discovery can be categorized based on the emphasis and objectives of each
contribution. Some work focuses on identi�cation interfaces, while others emphasize retrieval mechanisms.
A substantial portion of the research centers on foundational building blocks�techniques designed
to support navigation through large repositories of tables. In Section 3.1, we introduce a reference
architecture that we have recently used to illustrate how the challenges of tabular data discovery are
interconnected. We then provide an overview of our group's work in this area and relate it to other
relevant e�orts to contextualize our main contributions (Section 3.2).

3.1 Applying Separation of Concerns to Data Discovery

A reference architecture embodies aseparation of concernsstrategy, which breaks down complex
engineering problems into more narrowly de�ned, and thus more manageable, subproblems. Such
architectures describe a set of components and their interactions, re�ecting our current understanding
of the problem space. In prior technical work, we have presented detailed reference architectures [16].
Here, we focus on highlighting the separation of concerns among three key components to help structure
this brief overview.

First, an identi�cation module that processes users' questions (Section 3.1.1). Second, a retrieval
engine that accesses relevant documents (Section 3.1.2). Third, a discovery engine that orchestrates a
strategy involving:

1. applying identi�cation techniques to derive search criteria;
2. combining these criteria into a plan that leverages available indices; and
3. answering the question�often with user involvement.

We conclude the section with a set of examples that illustrate how these three components work in
practice (Section 3.1.3).

3.1.1 Identi�cation Interfaces

Data discovery solutions must o�er a means for agents to express their information needs. For tabular
data, identi�cation interfaces include:

Keyword Search. Soon after keyword search became the standard interface for expressing information
needs on the web, it was adapted to relational database management systems through early prototypes
that had signi�cant academic impact in the years that followed.

Query-by-Example (QBE). QBE interfaces were originally proposed as an alternative to SQL for
querying relational databases [28]. The same idea�where agents provide examples of the desired
output�has since been adapted for use in data discovery systems.

Task-Oriented. Instead of explicitly articulating the information need induced by a task, agents
provide a direct speci�cation of the task itself. When an evaluation function for the task is available, it
can be supplied to the system, which then assumes responsibility for discovering data that satis�es the

2See, for example, [23] for surveys that summarize techniques used in discovery systems

8



task requirements. This approach was formalized for tabular data in Metam [13], with an earlier version
for supervised machine learning tasks introduced in ARDA [4] and later applied in Kibana [20].

Personalization. When agent demand is high, systems can capture signals about what agents request
and how satis�ed they are with the results. These signals can then be used to build personalized models
that better align with individual information needs. In web search, Google pioneered this approach,
which has since become standard practice. In the context of tabular data discovery, certain data catalogs
that capture behavior�the �B� in the ABCs of metadata [ 18]�lay the groundwork for more sophisticated
personalization strategies.

3.1.2 Retrieval Strategies: Indices

It is useful to conceptualize the solution to the identi�cation problem as producing a concrete search
criterion. A retrieval strategy then takes this search criterion�such as a keyword, question, range, or
spatial polygon�and uses an index to return matching documents. We de�ne an index broadly as any
data structure that facilitates the e�cient location of documents that match a given search criterion.

Table Representation. Indices used in data discovery represent tables in ways that facilitate matching
them against search criteria�and in doing so, they induce speci�c representations of the tables themselves.
Several types of indices are commonly used. Full-text search indices represent each column of a table
as a sparse vector within a vector space model. Vector indices use embedding models to encode entire
tables or their components as dense vectors [1, 9, 24]. The design space for such vector representations
is large and rapidly evolving, particularly with the emergence of retrieval-augmented generation (RAG)
systems for tabular data, as we discuss later. Another approach is to represent data using graphs, which
is common in knowledge bases that encode relationships between terms in the data.3

Data catalogs, or �databases of metadata,� are widely used in industry. When discovery questions
can be answered using metadata alone, these systems are e�ective in identifying relevant tables. Many
data catalogs also incorporate behavioral signals derived from user interactions�corresponding to the
�B� in the ABCs of metadata [18]�which further enhance their ability to support discovery.

The indices described above are compatible and often complementary. Many data discovery systems
combine multiple indexing strategies to expand their ability to answer diverse queries. For example,
modern data catalogs increasingly incorporate vector-based and graph-based techniques alongside
traditional metadata indexing.

Building Blocks. When discovery questions require combining multiple documents, simple retrieval of
individual tables is insu�cient. To support more complex queries, a range of techniques�referred to here
as building blocks�can be integrated with the indexing methods described above. Notable examples
include indices that facilitate table joins, unions, and augmentations (conceptually, a combination of
joining and unioning). Additionally, other building blocks enrich the metadata available to discovery
systems by annotating columns and tables or by generating descriptive summaries.4

3.1.3 Examples

We present a representative, though not exhaustive, set of systems to illustrate the identi�cation, retrieval,
and discovery engine components discussed above.

Discover [ 19]. Discover accepts keywords as input�serving as its identi�cation strategy�and returns
a combination of tables from a given relational schema that contain those keywords (retrieval). The

3This is a vast design space, and a comprehensive treatment of knowledge bases for data discovery is beyond the scope
of this paper.

4This task is referred in the literature as semantic annotation.
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discovery engine constructs a compact answer by identifying a Steiner tree of join operations connecting
the relevant tables.

Infogather [ 26]. Infogather takes an input table and returns an augmented version of it�adding rows
or columns sourced from a collection of other tables. Its primary technical contribution is a retrieval
index speci�cally designed to support such augmentation operations. The discovery engine implements
algorithms to search this index and produce the �nal result.

Goods [ 17]. Goods takes keywords as input and returns relevant tables based on those keywords
(identi�cation). Its retrieval index encodes both the content of tables and rich metadata, including
references from code (e.g., ETL and transformation pipelines) and user annotations. The discovery
engine uses traditional information retrieval techniques to rank the results.

Aurum [ 7]. Aurum accepts programs written in a domain-speci�c language (DSL) that allows users to
describe their information needs (identi�cation). It uses a graph-based index to determine which subset
of documents satis�es the DSL query. The discovery engine orchestrates the execution and combination
of results as speci�ed by the program.

LlamaIndex [ 22]. When equipped with the table reader plugin, LlamaIndex creates a vector repre-
sentation for each row in the input tables (retrieval) and uses a vectorized form of a natural language
question (identi�cation) to �nd relevant tables. The discovery engine matches these vectors against the
table representations and uses a large language model (LLM) to further re�ne the results.

3.2 My Group's Work

The diagram in Figure 2 presents our group's technical contributions to the area of data discovery and
serves as a reference throughout this section to summarize key lessons learned. Before introducing the
diagram, I o�er a brief summary of the vision that has guided my work in this area from the outset.

Figure 2: Portfolio of data discovery work

Vision. There are countless compelling problems in data
discovery. Working on any of them presents opportunities
to contribute solutions that others can build upon, grad-
ually advancing toward more complete systems. However,
my philosophy has been that this piecemeal approach risks
getting stuck in a kind of local optima�focusing on techni-
cally interesting subproblems that, while valuable, may not
signi�cantly advance the broader goal: helping people �nd
the data they need.

Over the past few years, I have prioritized an end-to-end
approach to data discovery. This strategy comes with both
drawbacks and advantages. One drawback is that building
full prototypes takes considerable e�ort. Often, the resulting
systems are not immediately deployable or impactful outside
the lab�bridging that gap requires even more work. The
longer development cycles also mean feedback loops can be slower.

The bene�t, however, is substantial: pursuing end-to-end solutions reveals where the real bottlenecks
lie. I use the term bottleneck informally to refer to two things i) technically interesting problems for
which we lack good solutions, and ii) engineering challenges that di�er in kind from those tackled by
existing systems. Through this approach, I believe we have developed a strong sense of both.
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3.2.1 Overview of the Group's Data Discovery Work

Our group's work is summarized in the diagram shown in Figure 2. Each node represents a technical
paper, and edges indicate that one work builds upon another. While no summary can fully capture the
richness and detail of these contributions, the diagram helps surface the main themes. We highlight
those themes next, organized according to the reference architecture introduced earlier.

A Spectrum of Identi�cation Techniques. When users have a clear idea of what they want, they
can articulate their query using a domain-speci�c language (DSL) with systems like Aurum [7] or
specify a utility function with Metam [ 13], the latter having introduced the concept of goal-driven data
discovery. In situations where users cannot precisely de�ne their information needs, alternative methods
are available. For example, Aurum supports keyword search; Termite [9] o�ers vector search over tables
and columns; and Ver [16] enables users to specify the desired table via a QBE-style interface. Finally,
in systems such as Solo [25] and Pneuma [2], users express their information needs through natural
language questions.

Table Representation. Supporting the identi�cation strategies described above are a variety of table
representation methods developed across our work. Seeping Semantics [10] was one of the �rst e�orts to
use distributed representations (embeddings) to capture the semantics of data in the context of data
discovery. Termite extends this approach by embedding all values in a document, and Leva [27] advances
the line further by exploring more e�ective techniques for computing embeddings at the table, column,
row, and cell levels. Many of the insights from these e�orts are incorporated into Solo and, more recently,
Pneuma [2].

Complementing these vector-based approaches, systems such as Aurum [7], Nexus [14, 15], Xtruc-
ture [21], Metam [13], and Ver [5, 16] rely on sets of pro�les to represent the underlying documents,
o�ering a structured alternative to embedding-based representations.

Indices. Table representations are indexed using a variety of structures, depending on the system.
Graph-based indices are used in Aurum, Ver, Metam, and ARDA [4]; vector databases are employed
by Leva, Solo, and Pneuma; Lazo [11] uses hash-based indices; and Xtructure [21] relies on regular
expression (regex) indices.

Broad Applications. Aurum, Seeping, and Ver support general-purpose discovery queries and o�er the
broadest interfaces among our systems, accommodating a wide range of information needs. In contrast,
ARDA [ 4], Saibot [20], and Metam [13] focus on data augmentation. While ARDA and Saibot are
tailored to supervised machine learning tasks, Metam generalizes this approach to any task for which a
user can de�ne a utility function.

Beginning with Leva, and continuing with Solo and Pneuma, we introduced RAG-like architectures
that accept natural language questions and return relevant tables (i.e., table search). However, these
systems do not support on-the-�y table assembly. Finally, Nexus targets hypothesis generation, where
the hypothesis space is de�ned in terms of correlations among variables.

3.2.2 Tenets and Lessons Learned

Re�ecting during and after the work described above has led to a number of insights that may be
valuable to others working in this area.

Tenet 1: The North Star Is Satisfying Information Needs Directly. The overarching goal
remains constant: help users �nd data that advances their work. This principle has guided many
disciplines, though the techniques evolve. As systems improve, user expectations rise�pushing the
target forward. This is a healthy dynamic, as long as we continue to learn how people want to access
and use information, and we engineer systems that serve those real-world needs.
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Tenet 2: Separate Identi�cation from Retrieval. Clearly distinguishing between identi�cation
(understanding what data is needed) and retrieval (locating and delivering documents representing that
data) is essential. This separation, rooted in software engineering principles like separation of concerns,
helps both system design and research progress. Variants of this distinction have long existed in �elds
such as library science and information retrieval, albeit under di�erent terminology. Adopting this lens
helps bring conceptual clarity and makes it easier to incorporate insights from adjacent disciplines.

Tenet 3: Engineer for Evolving Signals. Data discovery does not have exact solutions; it resembles
information retrieval more than deterministic SQL processing. As a result, systems must be engineered
to �exibly incorporate new signals�reference datasets, human input, LLM prompts, knowledge graphs,
and more. A guiding principle: avoid discarding documents early. Instead, cast a wide net, rank based
on available signals, and update the ranking as new signals emerge. Always expose the basis for ranking
to the user, and let them decide how to weigh or �lter results.

Tenet 4: Favor End-to-End Solutions. As discussed earlier, pursuing end-to-end systems�rather
than isolated point solutions�yields deeper insight into what actually limits progress. While point
solutions are valuable (and abundant in the literature), end-to-end approaches reveal both technical
and practical bottlenecks, and thus o�er a clearer path toward usable systems. These e�orts are more
demanding, but ultimately more impactful.

Tenet 5: Be Cautious with Benchmarks. When benchmarks accurately re�ect real-world problems,
they are invaluable�they support reproducibility, enable progress tracking, and foster community
alignment. But when a benchmark simpli�es or misrepresents a problem, it can be misleading. In
such cases, it encourages over-optimization on arti�cial targets, diverting attention from what actually
matters in practice. Reproducibility is important, but not at the cost of chasing the wrong goals.

4 How do LLMs Change the Game?

Addressing data discovery requires solving both the identi�cation and retrieval problems. Each involves
a range of technical challenges�some of which remain especially di�cult and unresolved.
ˆ Multiple Document Formats. Understanding a table often requires access to contextual information�

metadata that describes or quali�es the table's content�which is frequently not stored in tabular form.
Much of this context resides in heterogeneous formats, including spreadsheets, PDFs, code, and other
unstructured or semi-structured documents. If, as argued in Tenet 2 (Engineer for Evolving Signals),
e�ective discovery depends on leveraging all available signals, then robust support for manipulating
multiple document formats�or multimodal data�is essential.

ˆ Semantic Ambiguity. Even with robust support for multiple document formats, resolving semantic
ambiguity remains a core challenge. It requires determining which signals to prioritize in order to
disambiguate meaning in speci�c contexts. Semantic ambiguity is pervasive in data discovery�from
interpreting the unit of a value in a cell, to selecting an appropriate join key, to inferring a user's intent.
These ambiguities often lack a single correct resolution, making adaptive, context-aware reasoning
essential.

ˆ Scalability. The value of data discovery increases as the volume of data grows�especially when
manual exploration becomes impractical. At the same time, the imperative to incorporate new signals
(as discussed in Tenet 2) continuously expands the set of documents under consideration. Processing
large volumes of data�often requiring complex computations�poses signi�cant scalability challenges,
both in terms of system performance and engineering e�ort.
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4.1 The Promise of LLMs

Large Language Models (LLMs) play a central role in many current research e�orts. When conceptualized
as vast repositories of documents equipped with natural language interfaces�and as systems capable
of adapting their responses to speci�c information needs�they o�er a compelling solution to the
identi�cation problem in data discovery. This makes LLMs a particularly interesting artifact to consider
in the broader landscape of data discovery systems.

First, they readily provide approaches to tackle the �rst two problems above:

Querying Multimodal Data. Internally, LLMs represent all input, regardless of its original format,
as vectors. These vector representations can be accessed and manipulated through natural language,
e�ectively turning language into a Rosetta Stone-like interface for querying multimodal data. This makes
LLMs a promising tool for addressing the challenge of working across heterogeneous document formats.

Addressing Semantic Ambiguity. LLMs encode knowledge from vast collections of documents and
can be leveraged to resolve many forms of semantic ambiguity. While individual instances, such as
interpreting a value's unit or understanding user intent, are often trivial for humans, the variety and
unpredictability of such cases make it di�cult to formalize a comprehensive set of rules. LLMs o�er a
compelling alternative: they can empirically address this long tail of ambiguities through contextual
inference, without requiring explicit rule speci�cation.

Second, LLMs can be leveraged both to help users articulate their information needs and to interpret
those needs in ways that guide the system toward meaningful answers.

4.2 Challenges Ahead

Despite the promise, LLMs also introduce challenges: i) how to incorporate external data; ii) scalability.

Incorporating External Data. There are three broad approaches to incorporating external data,
such as the document collections over which discovery queries are run, into LLM-based systems. First,
external data can be incorporated during the training process, embedding the information directly into
the model's parameters. Second, it can be provided as part of the input context at inference time. Third,
external data can be accessed dynamically using a Retrieval-Augmented Generation (RAG) architecture,
in which relevant documents are retrieved and passed to the model alongside the user's query.

Incorporating data during the training process, even through �ne-tuning, is costly and raises concerns
about data leakage, which may con�ict with organizational priorities around privacy, compliance, and
intellectual property. In contrast, in-context learning, RAG architectures, and self-play environments,
where agents interact dynamically with data, o�er more �exible and privacy-preserving alternatives.
While these approaches have primarily been developed for unstructured data, our group and others are
now extending them to tabular data with promising results, which we summarize next.

RAG and agentic architectures combine traditional systems for solving the retrieval problem with an
LLM that receives both the question and partial retrieval results to generate an answer. This is where
LLMs o�er a distinct advantage: they help address the identi�cation problem by interpreting the user's
intent and connecting it to relevant data.

Despite promising early results, it remains too soon to determine the right RAG architecture for
data discovery. However, we expect that the growing interest in this space will soon lead to practical
and usable solutions�particularly if the scalability challenge, which we explain next, is addressed.

Scalability Challenge. While data discovery already faced scalability challenges before the advent of
LLMs, those challenges are ampli�ed by the use of LLMs and RAG architectures [25]. The primary
source of this increased burden is the reliance on vector representations, which are both computationally
expensive to generate�requiring resource-intensive model inference�and large in size, often spanning
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hundreds or thousands of dimensions. This makes it di�cult not only to index data e�ciently, but also
to keep vector representations incrementally updated as the underlying data evolves. Despite these
challenges, the substantial research activity and industry investment in this area suggest that practical
solutions are likely to emerge.

Overall, LLMs represent an exciting and promising direction for data discovery. Given the substantial
research and industry resources dedicated to overcoming their limitations, it is reasonable to expect
signi�cant progress in the coming years. However, the precise architectures and scalability mechanisms
that will ultimately enable robust, real-world data discovery systems remain uncertain, highlighting the
richness and complexity of the research landscape. Even once these technical challenges are addressed,
the question of how fully they will resolve the broader data discovery problem remains open. In the next
section, we o�er some perspectives on what may still be missing.

5 Data Discovery is a Socio-Technical Problem

We believe that LLM-augmented data discovery architectures will, in the near future, meaningfully
assist humans in identifying and retrieving documents that satisfy their information needs [8]. Yet, these
systems will not fully resolve the data discovery problem. The stronger claim we make in this section is
that no technical solution alone�regardless of how advanced�can fully solve data discovery.

The reason is subtle. For a technical solution to e�ectively help a user, two conditions must be met:
the necessary information needs to be stored as documents, and the discovery tool they use must be
able to locate those documents.

Up to now, data discovery research has mainly dealt with the second problem: �nding and retrieving
documents that satisfy a user's information need, often taking for granted that the necessary data is
already in document format. We anticipate that near-future systems, like RAG and agentic systems,
will begin to tackle this assumption. But the main takeaway from this section is that solving the
�rst condition�getting the data represented as documents�is a tougher nut to crack without fully
recognizing that data discovery is a socio-technical issue.

5.1 Data Discovery as a Socio-Technical Problem

The ultimate success of technical solutions hinges on the extent to which necessary data is captured in
accessible documents. Often, much of the vital context needed to interpret, transform, and leverage these
documents resides solely with data employees. Although these employees occasionally document datasets
and processes, thereby generating valuable resources for technical systems, much of this knowledge
remains undocumented. This is frequently due to the high cost of documentation, a lack of incentives
(as it's often not considered part of their core responsibilities), or simply because the information is too
recent to have been recorded.

To achieve data discovery in such scenarios, it's crucial to fully acknowledge the social component.
This involves extracting the necessary data from the minds of data employees so that it can be converted
into documents and then utilized by technical solutions. However, a number of reasons make this
challenging:
ˆ While we've characterized the identi�cation process as something a single user undertakes, it's often

the case that the "user" actually represents a team of individuals who must collectively decide what
information is most important.

ˆ Although human cognition is crucial to the identi�cation process, our understanding of how these
cognitive functions operate is currently insu�cient to in�uence them bene�cially.
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Simply put, we need to make an e�ort to pinpoint what information users (or teams) actually need,
and a separate e�ort to get the necessary documents from data employees who often store that data in
their minds. Data discovery can't be solved without successfully connecting this supply of information
with the demand. This realization was central to an article we wrote a few years back, where we
introduced data markets as a solution for data discovery within organizations [12]. Since then, we've
been building on these concepts through our research agenda, Data Ecology.

5.2 Data Ecology

Data ecology examines how documents are created and shared within data ecosystems, which are made
up of di�erent agents working to complete data-related tasks. This �eld proposes that by identifying all
existing data�ows (the transfers of documents between agents), we can determine several things: which
positive data�ows are already present and should be maintained; which bene�cial data�ows are missing
and should be encouraged; which negative data�ows exist and should be stopped; and which harmful
data�ows don't yet exist and should be prevented from ever forming.

To achieve this control over data�ows, data ecology introduces tools for developing and evaluating
interventions. These interventions are changes to the ecosystem designed to produce the desired data�ow
e�ects. They can be technical (like the data escrow system we developed to manage data release and
prevent leakage), but also economic (suchives as incentives), legal, and social (like establishing norms).

Understanding data discovery as a socio-technical issue and an organization as a data ecosystem to
be analyzed via the data�ows that occur changes the game. A designer's objective then is to implement
interventions that establish productive data�ows. This means encouraging data employees to document
their tribal knowledgeand helping data users articulate their information needs. Only when these pieces
are in place can future data discovery systems e�ectively bridge the gap between data supply and
demand.

The core idea is to foster an internal data ecosystem where data experts contribute their knowledge
as documents to assist those who need to consume that data. In our previous paper, we explored
mechanisms to encourage these data�ows within organizations, including gami�cation strategies like
bonuses and monetization. We believe such internal data markets hold signi�cant promise for addressing
information needs at various levels, as previously illustrated in Figure 1. However, the design possibilities
for these ecosystems are vast, and this remains an open problem. Our research e�orts in recent years
have primarily focused on developing the foundational concepts of Data Ecology.

6 Conclusions

Solving data discovery will signi�cantly enhance data utility by lowering the costs associated with
identifying and retrieving relevant documents, thereby accelerating progress in both science and industry.
Historically, data discovery has been hampered by persistent challenges like semantic ambiguity and
scalability, which are inherently di�cult to overcome. However, with the rapid commoditization of
large language models (LLMs) and our growing understanding of how to e�ectively integrate them
with architectures like RAG, we now have access to a technology that could dramatically speed up our
progress in data discovery. We are optimistic that the technical hurdles of data discovery will be largely
resolved in the near future.

At the same time, we recognize that data discovery is fundamentally a socio-technical problem.
Even if we had a perfect technical solution, we'd still face hurdles: helping users clearly de�ne their
information needs and convincing data providers to document the valuable knowledge they hold in their
heads. To bridge this gap between data supply and demand, our Data Ecology research agenda has been
exploring various data ecosystems, including internal data markets. While the technical challenges are
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still signi�cant, we believe that highlighting the socio-technical dimension of this problem can greatly
enhance the e�ectiveness of future solutions.
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Towards LLM-Augmented Database Systems OR
The Relational Model is dead! Long live the Relational Model!

Carsten Binnig
Technical University of Darmstadt & DFKI

Abstract

Relational databases have powered critical systems for decades. Yet, despite their promises of
a simple data model and an easy-to-use query language, relational systems impose high overheads
of using them, which are inherently rooted in the relational model. In this paper, we coin these
overheadsRelational Taxes as users not only face highquery taxesdue to SQL's complexity and
schema dependence, but alsodata taxes from the need to manually extract data into tables before
being able to query them. In this paper, we present the e�orts that we have spent over the last
years to build what we call LLM-augmented databases�a new class of systems that integrates large
language models with relational principles to cut the relational taxes to enable intuitive and e�cient
querying over diverse data modalities. Rather than replacing the relational model, we extend it to
cut the relational taxes as long-standing overheads while preserving its foundational strengths in
terms of performance.

1 Introduction
Relational Databases: A Success Story. Relational databases are the foundation of nearly
every modern application. As Bruce Lindsay once famously stated,"Relational databases are the
foundation of Western civilization". This sentiment re�ects the reality that critical infrastructure
across banking, government, healthcare, supply chains, e-commerce, and scienti�c research depends on
relational database systems. Moreover, the relational model has empowered the development of highly
sophisticated techniques for data management, including powerful query optimization strategies, e�cient
query execution engines, and data access methods. These advances have enabled relational systems
to scale to massive workloads, and they even continue to thrive in the era of cloud computing. As a
community, we have made remarkable progress in advancing relational systems to handle increasing
volumes of data and complex analytical workloads with high performance and reliability.

The Promise of the Relational Model. The invention of the relational model, along with the
emergence of SQL as a standard query language, o�ered signi�cant advantages over previous paradigms
such as the hierarchical and network models. Two core promises of the relational model stood out, which
promised to simplify data management in contrast to prior approaches:

1. An Easy-to-Use Data Model. The relational model organizes data into simple, tabular structures
known as relations (or tables). An important aspect of the relational model was that it decoupled
logical representation from physical storage and thus enabled users to interact with data without
needing to understand the underlying implementation. In contrast to earlier models that required
explicit navigation through linked records, the relational model thus o�ers a declarative way of
expressing information needs.

2. Simple and Intuitive Querying. Along with the relational model came SQL. Originally, SQL was
meant as a Structured English Query Language to enable querying of data by non-technical users.
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Instead of specifying how to retrieve data, users state what they want in a language that is close
to natural language but with clear semantics. This was a profound shift away from imperative
query interfaces required by hierarchical or network models.

Did the Relational Model ful�ll its Promise? Despite its original promises, however, in this paper
we argue that the relational model has not delivered on its original promises. Over the past 50 years, the
accumulated experience of using relational databases has revealed signi�cant overheads inherent in the
relational model itself. These ine�ciencies are deeply rooted in the design principles of the relational
paradigm. We refer to these ine�ciencies asRelational Taxes. In this paper, we identify two primary
forms of relational taxes:

1. Query Taxes of the Relational Model. Despite its declarative nature, SQL has become a complex
and verbose language. Writing non-trivial SQL queries often requires tens or even hundreds of
lines of code, making queries hard to write, read, and maintain. Furthermore, users must have
in-depth knowledge of the database schema, including table names, attribute names, and how
literals are represented in the database, which are often driven by technical aspects and not
meant to be understandable by users. For example, to query medical data, users often need
to understand technical codes like ICD-10 rather than using intuitive terms like "fever". This
disconnect signi�cantly raises the barrier to entry and limits usability.

2. Data Taxes of the Relational Model. Real-world relational databases often feature complex
database schemas with hundreds of interrelated tables. As such, identifying the correct tables
and relationships can be a daunting task for users. Moreover, not all data originates in tabular
form. Instead images, text documents, sensor logs, and other modalities are increasingly common
as native data formats. Yet, relational systems require such non-tabular data to be manually
transformed and integrated into tables before it can be queried, resulting in substantial manual
overhead in data preparation and ingestion.

Cutting the Relational Taxes. As such, a natural question that arises is how to cut these taxes. In
fact, one might ask if relational databases are still required in the age of AI and, in particular, LLMs.
Recent advancements in LLMs, such as GPT-4, demonstrate promising capabilities in understanding
and answering natural language queries over diverse modalities, including text and images, without the
need to �rst extract structured information. In fact, the recent generation of LLMs can even support
complex reasoning tasks, which allows these models to answer multi-hop queries that resemble relational
joins across multi-modal data sources. However, we argue that a purely LLM-driven approach for query
answering�where the LLM acts as a black-box engine for query answering�falls short due to several
inherent drawbacks: hallucinations stemming from the generative nature of LLMs, a lack of transparency
in reasoning processes, and most importantly ine�ciencies in processing even medium-sized datasets.

Our Vision: LLM-Augmented Databases. To address these limitations, we present our vision
of LLM-augmented databases�a new class of database systems that integrates large language models
(LLMs) tightly with the relational database stack to cut the relational taxes. First, instead of using SQL
as the query interface, LLM-augmented databases provide more intuitive query interfaces, including
natural language querying and SQL-inspired abstractions that alleviate the need for users to know and
understand complex schemas or precise data encodings. At the core, these query interfaces empower users
to query data using high-level semantics concepts, while the underlying system handles the translation
of the user query, as well as data discovery and binding of data to the query. Moreover, LLM-augmented
databases remove the burden of manual data extraction by allowing direct querying of other data sources,
such as images and text, that can be used as complex data types.
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(a) Example Scenario (b) LLM-based Question Answering
Figure 1: Multi-modal Question Answering: (a) Example scenario on an artwork dataset composed of a
table (artwork metadata), images of the artwork, and a text collection (artwork descriptions). (b) Using
LLMs for multi-modal question answering using Reasoning and Retrieval-Augmented Generation.

Contributions and Outline. In this paper, we present our comprehensive vision for LLM-augmented
databases, grounded in our group's recent work and research contributions. In Section 2, we outline the
architectural principles of how we envision LLM-augmented databases, showing how they can be built
on the foundational strengths of relational systems while avoiding the relational taxes. In this section,
we also introduce key abstractions and design patterns that enable seamless multi-modal querying,
many of which have already in�uenced emerging systems in this space. Sections 3�5 then present three
concrete case studies demonstrating LLM-augmented databases in action, which span di�erent layers of
the database stack from query compilation and optimization, over query execution, to data storage in
LLM-augmented databases. Finally, in Section 6, we discuss the future challenges and opportunities of
LLM-augmented databases before we conclude in Section 6.

2 Our Vision: LLM-augmented Database Systems

As discussed before, an LLM-augmented database system enhances classical relational database systems
with LLMs to enable the combination of the following two new functionalities: (1) multi-modal input
data to cut data taxes and (2) new query interfaces (e.g., natural language or SQL-inspired abstractions)
that alleviate the need for users to know and understand complex schemas or precise data encodings.
In the sequel, we more precisely de�ne which data and queries are in the scope of an LLM-augmented
database system as we envision in this paper. To make more clear what type of scenarios we envision to
support in our �rst version of LLM-augmented databases, we present a scenario that can be supported
by such system. Figure �g:example shows a user querying a multi-modal dataset of a museum that
stores both metadata (available as a table) and pictures of artworks (stored as images) exhibited in the
museum.

2.1 Why LLMs are not enough!

One could now raise the question of why modern LLMs are not enough, as multi-modal question
answering is already supported by recent LLMs such as GPT-4o. To understand the downsides of
such question answering approaches, let us look at Figure 1b, which shows how a RAG-based question
answering approach can be used to answer questions over multi-modal datasets. The main idea is that
the user question is forwarded as part of the input to the LLM, together with the relevant data sources
that are retrieved from a vector database based on the user question. Based on this input prompt, the
LLM then reasons over the user's question and data and generates its output, which is forwarded to
the user as a response. However, this LLM-based approach for query answering comes with signi�cant
downsides:
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Figure 2: Sketch of an LLM-Augmented DBMS for Multi-modal Question Answering. The idea of an
LLM-augmented DBMS is centered around a multi-modal relational data model where relations can
include complex types such as images and text. Building on this model, the system supports several
query interfaces that abstract away the exact schema, enabling users to query data using natural or
imprecise language. For execution, queries are compiled into multi-modal query plans composed of
classical and multi-modal operators, facilitating e�cient query processing and optimization across diverse
data modalities. LLMs are used in several places in LLM-Augmented DBMS, including query planning
and execution, as well as data grounding and augmentation.

1. Limited Query Complexity: While question answering approaches with LLMs are able to handle
more and more complex queries, which also stems from the fact of recent developments such
as reasoning, they are still limited in various dimensions. For example, LLMs are known to be
notoriously �bad in math. As such, queries that involve arithmetic or aggregations (e.g., counting
as in our example) often fail.

2. Limited Scalability of Query Answering: In the LLM-based approach, query answering is mapped
to inference passes through the LLM parameters (which could be trillions) to generate the query
response. This notion of query answering, however, introduces high latencies and costs even for
small data sets, and aggregating over large datasets at the scale of PetaBytes that databases can
handle today easily is far from being tangible with LLMs.

3. Hallucination & Black Box Answers: Query answering using LLMs is purelygenerative using the
LLM as a black-box; i.e., the output (query result) is generated in a probabilistic manner based on
the input and it is not clear how the LLM came up with the answer. As such, LLMs can come up
with query answers that are not grounded in the input data at all (also known as hallucination).

2.2 A Sketch of an LLM-augmented DBMS

In the following, we sketch our vision of LLM-augmented DBMS as shown in Figure 2. The sketch we
present in this section builds on key concepts of our prior work (e.g., CAESURA, ELEET, OmniscientDB)
that pioneered ideas in this �eld. Many of these ideas have also been proposed in parallel by other
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systems such as ThalamusDB, Palimpzest, Lotus, and Galois that rely on similar notions. We refer to
the parallel ideas and put them in context.

Data Model & Query Interfaces. At the core, as adata model an LLM-augmented DBMS uses
multi-modal relations for storing and processing data, while multi-modal data is represented as complex
data types (image, text) for columns of a table. For example, as shown in Figure 2 (bottom), the images
are stored in theart_img column of the ArtImages table. Using the concept of relations as a core
data model allows an LLM-augmented DBMS to build and extend on the e�cient techniques for query
execution (e.g., hash joins) and query plans for optimization over multi-modal relations, as we discuss
below.

As query interfaces, we envision that LLM-augmented DBMSs support various alternatives. Similar
to the LLM-based approach, we believe that natural language queries are one important option as they
allow users to query data without knowing the exact representation of data in the database. However,
understanding natural language queries and mapping them into an executable format comes with its
own challenges, as natural language queries can be ambiguous or incomplete. As such, we envision that
users can also use alternative query interfaces. One interesting direction that we are currently working
on is a variant of SQL (which we call Sloppy SQL) that allows users to formulate �imprecise� SQL
queries without knowing the exact data representation. For example, Figure 2 (left) shows a Sloppy SQL
statement where tables and attribute names are used in the query that have no direct correspondence
in the schema. Similarly, a natural-language predicate is used for �ltering, which does not specify an
attribute at all. For such queries, the task of the LLM-augmented DBMSs is to ground the query into
the actual representation of the database, which is part of the query translation as we discuss next.
Finally, users who know the schema can also use precise SQL extended with LLM UDFs. This direction
is also what current database vendors integrate into their products. While that way, users can precisely
formulate queries, it also demands that the user know the schema in detail (i.e., it comes with high
query taxes).

Query Execution using Multi-Modal Plans. For execution, an LLM-augmented DBMS translates
user queries into what we call a multi-modal query plan � an idea we have pioneered in our work around
CAESURA. A multi-modal query plan resembles a query processing pipeline � containing processing
steps (i.e., operators) that can deal with multi-modal relations as input (i.e., tables that can but must
not contain image and text columns).

As shown in Figure 2 (center), such a multi-modal query plan contains classical operators (light
green) that operate on columns without images and text, as well as multi-modal operators (dark green),
which are applied to image and text columns. For instance, the multi-modal query plan in the example
contains a classical operator (UDFProject) that scans over theArtwork table and uses a classical
UDF to compute the century column from the year attribute according to the user query. Moreover,
the plan also contains a multi-modal operator for selecting individual images from an image collection
(seeart_img column of ArtImages table). In particular, in the example, the multi-modal operator
(ImageFilter) is used to �lter out pictures that depict Madonna & Child.

An important property of a multi-modal plan is that the output of every operator is yet another
multi-modal relation that can be processed by upstream operators. In our case, we apply joins and
aggregates known from classical databases to compute the aggregate result (i.e., count by century).
Moreover, the �nal result is then rendered again by a multi-modal operator that creates a visualization
from the query result, which is, in fact, again a multi-modal relation with one row that contains the
visualization of the aggregate result as a bar chart.
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2.3 Bene�ts of using Multi-Modal Plans

Using the notion of query plans to answer multi-modal queries comes with many bene�ts that alleviate
the limitations of a pure LLM-based approach discussed before.

1. Execution outside LLM (if possible): First, di�erent from a pure LLM-based approach, we do not
map the full query execution into an inference pass of an LLM, but we use e�cient and scalable
algorithms such as hash-joins and hash-aggregates for query answering when possible and only
rely on LLMs when needed (e.g., to realize an image �lter using an LLM-UDF).

2. Plan Optimizations: Second, an even more important bene�t is that using plans for query
execution allows us to optimize such plans by extending well-known approaches known from
relational databases to multi-modal relations. For example, one important technique in classical
databases is join ordering to decide on which order to �lter and join data sources, which might
even have a higher impact on multi-modal relations if we can thus reduce the number of calls to
an LLM (which are typically highly expensive).

3. Separating Logical & Physical Operations: An idea we have pioneered in CAESURA before others
used this separation is the use of logical and physical plans for multi-modal query answering,
which is a well-known technique in classical databases to select an algorithm for executing a
logical operator (e.g., using a hash-join to execute a classical join). In multi-modal databases, this
separation also allows us to reason about which algorithm to use. For example, an image or a text
�lter can be realized using an expensive LLM-UDF but also more lightweight (smaller) models
(e.g., BLIB or our own ELEET model) that are faster but potentially less accurate.

4. Plans are Explanations: A major issue of a pure LLM-based approach for query answering, as
shown in Figure 1b, is that it is a black-box, which is, in particular, problematic if the result is a
hallucination; i.e., it is not clear how the LLM generated its output. When using plans for query
answering as shown in Figure 2 (center) instead, this is di�erent as the user can inspect the plan
and reason about whether the steps of the plan operations in fact answer the user query. Moreover,
users can inspect intermediate results and thus �nd out which operation (e.g., an image �lter)
produced a potentially wrong answer.

2.4 Where LLMs can be used in an LLM-augmented DBMS?

In the following, we outline how LLMs can enable the core functionalities of an LLM-augmented DBMS
in various components of the system.

LLM for Query Planning. To answer queries over multi-modal relations, the system �rst translates
user input into an executable multi-modal query plan. For natural language queries, this involves
decomposing the query into a sequence of high-level reasoning steps that map to a �xed set of supported
operators (i.e., tools). Our CAESURA system pioneered a robust approach that incrementally constructs
and executes such plans, tolerating ambiguity and partial understanding. For Sloppy SQL, where users
issue vague or underspeci�ed SQL-like queries, the LLM is used to identify and resolve references to
tables and attributes based on semantic similarity, context, and schema hints.

LLM for Data Grounding. A critical step in query translation is data grounding, where the LLM
determines which data sources and columns are relevant to a given query. This is especially important
for complex data types such as images and text, which may not have clear structural indicators. We
provide the LLM with representative samples from the data to support this decision-making process
during query planning. This capability enables the system to intelligently select appropriate tables
and columns even in the absence of explicit schema references, an idea explored in our earlier work on
CAESURA.
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LLM for Tool Instantiation. Once a plan is generated, the individual operators within a multi-modal
query plan need to be instantiated with speci�c parameters, which is done in the transition from logical
to physical plan. This includes generating prompts for LLM UDFs (e.g., determining whether an image
depicts "Madonna and Child"), constructing Python code for classical UDFs (e.g., converting a year
to a century), or con�guring visualization tools (e.g., specifying Gnuplot parameters for a bar chart).
LLMs are used in this step to synthesize these components based on the query intent and available
data, enabling dynamic and context-aware operator instantiation. These ideas are a key part of the
CAESURA framework.

LLM for Query Execution. During query execution, LLMs are used to evaluate user-de�ned
functions on multi-modal content. For instance, an LLM UDF may be used to �lter image columns
based on whether they depict a particular scene, extract semantic information from text, or de�ne join
conditions over similar images or between related images and texts. Such operations go beyond traditional
relational processing and require careful optimization of LLM invocation to maintain performance. To
this end, we developed ELEET, a technique for e�cient execution using smaller, specialized LLMs
tailored for multi-modal query workloads, as discussed in more detail in Section 4.

LLM for Data Augmentation. Traditional databases operate under a closed-world assumption�they
can only answer questions using stored data. To overcome this limitation, LLMs enable open-world
querying by augmenting existing data with external sources. For example, when a user query involves
information not present in the database (e.g., background details about Pablo Picasso), the LLM can
retrieve and integrate relevant facts from external corpora, such as data lakes, or use the parametric
knowledge of LLMs as a data source as demonstrated in our OmniscientDB system [1].

2.5 The Landscape of LLM-augmented Data Systems

Integrating non-tabular data into relational work�ows is a key challenge that di�erent systems approach
[2� 5]. In this paper, we present a holistic vision of an LLM-augmented Data Systems that provides a
holistic view of how we think such a system should look in the future, which combines several of our
seminal results which we explain in Sections 3 to 5. First, with CAESURA [6], we have pioneered the
idea of using multi-modal query plans that were created from a natural language query. By contrast,
Palimpzest [3] and DocETL [5] handle unstructured data through similar ideas using also pipelines that
are very close to what we called multi-modal plans in CAESURA, however, they suggest alternative
query interfaces: Palimpzest lets users write declarative queries over document collections, and DocETL
provides a YAML-based pipeline language for complex document-processing tasks. These pipeline
systems complement the SQL-centric approaches above. Moreover, ELEET enables fast and e�cient
multi-modal operators (e.g., for implementing �lter operations on text documents) using a targeted
small language model to extract structured �elds from text, achieving up to 575� speedups over LLM
baselines [7]. In contrast, ThalamusDB similarly allows SQL queries to directly reference visual and
audio content, using a pool of zero-shot classi�ers and an approximate query optimizer to minimize label
requests for predicates [2]. LOTUS also targets integration of unstructured content via its semantic
operators over tables of text [4]. Finally, OmniscientDB implicitly uses an LLM to augment relational
tables via simple SQL commands [1]. Again, other similar work has been suggested. The most relevant
work for this is Galois, a system for querying pre-trained LLMs with SQL [8]. This approach exploits
the automatic generation of a logical query plan from a SQL script that serves as a structured chain of
thought, guiding the LLM in processing complex queries e�ectively.
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Figure 3: Query Planning in CAESURA. CAESURA transforms the query into a multi-modal query-plan
using a series of prompts using an LLM. In theDiscovery Phase, the LLM is prompted to identify data
items relevant for the query, such as relevant columns and datasets. In thePlanning Phase, the LLM is
prompted to construct a sequence of steps to satisfy the user request (Logical Plan). The �nalMapping
Phase is interleaved with Execution: a physical operator is chosen for each of the logical steps and
executed incrementally. That allows the LLM to take the output of previous executions into account
when choosing the physical operator and operator arguments (e.g., �lter conditions as depicted in the
�gure) to enhance plan correctness.

3 CAESURA - LLMs for Query Planning

In essence, as discussed before, in CAESURA we orient ourselves on the phases of traditional query
planning and �rst generate a logical plan, which is afterwards translated to a physical plan. In the
following, we summarize the query planning process and the use of LLMs for the planning as shown in .

3.1 Phases of Query Planning

Splitting the process of query planning into several phases allows us to tailor the prompts for query
planning to the speci�c decisions of each phase. See Figure 3 for an overview of the three phases, which
we elaborate in more detail in the following. In a nutshell, we �rst identify the relevant data sources,
then in the planning phase we let the LLM generate the logical plan, and �nally, in the mapping phase
we let the LLM select the operators to obtain a physical plan.

Discovery Phase. In the �rst phase, we decide which data sources (e.g., in a data lake) provide
relevant information for the current query. We only brie�y describe this phase, because the focus of
this paper is on query planning. In essence, CAESURA �rst narrows down the relevant tables, image
collections, etc., using dense retrieval (similar to Symphony [9]). Afterwards, for tabular data sources,
we prompt the LLM to decide which columns of the retrieved data are relevant to the user query.

Planning Phase. In the planning phase, which is at the core of CAESURA, the LLM is prompted to
come up with a logical query plan that contains a natural language description of all steps necessary
to satisfy the user's request. The prompt consists of several parts: (1) a description of the data, (2)
the capabilities of CAESURA, (3) an output format description, and (4) �nally, the user query and an
instruction telling the model to come up with a plan. Notice how the multi-modal data is presented
to the LLM: it is modeled as a special two-columned table where one column has the special datatype
IMAGE. The capabilities of CAESURA describe the logical actions that CAESURA can take with the
help of the available operators, as can be seen in the example. Using this prompt, the LLM generates a
stepwise (textual) plan that describes the logical plan in the output format speci�ed in the input prompt.
The generated stepwise plan is then parsed by CAESURA into a logical plan.

Mapping (Tool Instantiation) and Interleaved Execution. In the last phase, each previously
determined logical step is mapped to a physical operator (and its input arguments) using a prompt
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similar to the one in Figure 3 (right). The prompt for this phase contains a short summary of the
operators and what they can be used for. Moreover, we do not decide on all the physical operators for
all logical steps at once. Instead, we incrementally decide for each step and then execute it directly.

3.2 Experimental Results: Planning Quality

In our experiments reported in [6], we were primarily interested in whether CAESURA is able to
construct correct query plans. Below, we report the most interesting �ndings from these experiments.

Datasets and Workloads. Since there does not yet exist a benchmark for the scenarios we envision
for CAESURA, we constructed two multi-modal datasets. (1) The artwork dataset (with tables and
images) resembles the example from Figures 1. The dataset contains a table about painting metadata as
well as an image collection containing images of the artworks. We use Wikidata to construct both the
metadata table and the image corpus: for the metadata table, we extract title, inception, movement,
etc., for all Wikidata entities that are instances of 'painting'. (2) The second dataset is therotowire
dataset (with tables and text) [10], which consists of textual game reports of basketball games, containing
important statistics (e.g., the number of scored points) of players and teams that participated in each
game.

Models ChatGPT-3.5 GPT-4
Plan type logical physical logical physical

Artwork overall 79.2% 70.8% 100% 100%
Rotowire overall 50.0% 41.7% 87.5% 75.0%
Single modality 79.2% 75.0% 100% 92.7%

Multiple modalities 50.0% 37.5% 87.5% 83.3%
All 64.6% 56.2% 93.8% 87.5%

Table 1: CAESURA Planning Quality. The table shows the
fraction of correctly translated plans for the di�erent datasets,
modalities, and output formats. We show the percentage of
correctly generated logical plans, as well as physical plans.

Our Results. For this experiment,
we are interested in the query planning
abilities of LLMs. Hence, we skip the
data discovery step and assume perfect
retrieval (to not measure retrieval per-
formance). The results that show the
quality of the planning � how often
CAESURA created a correct plan � are
shown in Table 1. The queries used in
this experiment are clustered along sev-
eral aspects. Importantly, these queries
were not used for tuning the prompts
during the development. We see that
CAESURA using GPT-4 is better than ChatGPT-3.5 and is even able to correctly translate 87.5% of
queries despite never being �ne-tuned on the queries. The approach works especially well on the artwork
dataset, where CAESURA is able to translate all queries to correct query plans. However, we also see
that there is still room for improvement. In particular, on the Rotowire dataset, which consists of more
tables and contains texts instead of images, fewer queries are translated correctly.

4 ELEET - LLMs for Query Execution

In this section, we introduce ELEET, a query execution engine designed to support so-called multi-modal
operators (MMOps), which operate over structured tables and text collections. While general-purpose
LLMs such as GPT-4 o�er the potential to perform such operations, their high computational cost
makes them impractical for query execution. Instead, ELEET centers around a compact and e�cient
language model � the ELEET model � speci�cally trained to execute operations like joins and �lters
over multi-modal input. ELEET achieves this by combining pointer-based extraction with targeted
pre-training and �ne-tuning strategies, enabling fast and accurate execution of relational-style queries
directly over text.
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Figure 5: Overview of ELEET. In an o�ine phase, the ELEET-model can be �ne-tuned for unseen
domains 1O . Fine-tuning the ELEET model for an unseen domain is a one-time e�ort and requires a
small sample of a few labeled texts. 2O For query execution, ELEET uses multi-modal query plans
that contain traditional (white) and multi-modal database operators (purple). To compute the result of
a multi-modal operation such as a join over texts, the ELEET-model is used (seeaO to cO ): During
the execution of a multi-modal operation, the ELEET model �rst computes embeddings of the query
attributes, texts, and table input aO , using its encoder bO . Afterwards, the ELEET-model matches text
token embeddings to query attribute embeddings to extract the output table from the text using its
extractive decoder cO , which decides which tokens qualify for a given query attribute.

4.1 The ELEET Model

Figure 4: ELEET Example. A query that executes
a multi-modal join between a patient table and ex-
amination reports. ELEET analyzes the texts and
extracts values for the diagnosis from each examina-
tion report.

A Simple Example. Figure 4 illustrates the us-
age of ELEET in a practical scenario. Consider a
medical database that stores structured patient at-
tributes alongside textual diagnostic reports. If all
data were tabular, querying correlations (e.g., be-
tween age and diagnosis) would be straightforward
using standard SQL. However, when crucial infor-
mation like diagnoses is embedded in unstructured
text, extracting it for analysis becomes a labor-
intensive task involving custom NLP pipelines.
ELEET eliminates this barrier: it enables query-
ing over the text by treating it as a latent table.
Instead of manually coding extract-transform-load (ETL) routines, users can issue queries that include
text attributes as if they were columns in a regular table, and ELEET retrieves the necessary information
from the text during query execution.

The Model. At the heart of ELEET is a compact model with only 140M parameters, trained speci�cally
for extractive query operations over multi-modal data. Given a structured tuple, a textual document,
and a latent attribute (e.g., diagnosis), the model identi�es relevant spans in the text that match the
semantics of the operator. Unlike autoregressive LLMs, ELEET avoids decoding token-by-token; instead,
it uses pointer-based supervision to select answer spans in a single forward pass.

During pre-training, ELEET learns to extract latent attributes from weakly structured documents.
This training procedure enables generalization to diverse linguistic styles and schemas. At inference time,
ELEET can perform operations such as �ltering, joining, and projection by extracting values conditioned
on structured context. Importantly, the model is adaptable: only a handful of labeled examples are
needed to �ne-tune ELEET for high-accuracy performance on previously unseen domains.

A Sketch of a Multi-Modal Join Figure 2 depicts a multi-modal join using the ELEET-Model.
The join in Figure 2 needs to extract the diagnosis for each patient tuple coming from the �rst join
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Figure 6: Performance and Accuracy comparison of ELEET with GPT-4 (175B), LLaMA-2 (7B), and T5
(11B) on multi-modal query execution tasks across di�erent datasets. The plot shows F1 score (y-axis)
versus query execution time (x-axis), where lower values of time and higher values of F1 score indicate
better performance.

of the patients and to_reports table (i.e., each patient can have multiple reports). For executing this
query, we feed the attributes into the ELEET-model to extract from text (i.e., diagnosis; called latent
attribute ) together with the patient data from the �rst join and the text documents to be joined into
the ELEET-model. For example, for joining the patient tuple of Bob with his patient report in Figure
2 aO , ELEET feeds the patient tuple (containing name, height, ...), the latent attribute diagnosis,
and the patient report of Bob into the ELEET-model. For extracting the diagnosis, the encoder of
our ELEET-model maps all inputs into a joint latent space bO . Afterwards, the decoder identi�es
spans of texts in the report that qualify as diagnosis, such as the text spansore throat in Figure 2 cO .
Finally, the result row f name7! Bob; diagnosis7! sore throatg with the extracted values from the text
is materialized.

In this section, we present the results of our experimental evaluation, which justi�es the design of
ELEET. We constructed a challenging benchmark containing 70 multi-modal query plans over four data
sets that we used in the original evaluation in [7]. We show that ELEET is more e�cient and accurate
than existing baselines, including �ne-tuned LLM for executing multi-modal queries.

4.2 Experimental Results: Query Performance and Accuracy.

To show how ELEET compares to using state-of-the-art LLMs as operators, we conducted a set of
experiments in the original publication [7]. Below, we report the most interesting �ndings from these
experiments.

Dataset and Benchmark. To validate ELEET's e�ectiveness, we conducted an extensive experimental
study on a new benchmark comprising 70 queries across four diverse multi-modal databases: sports
(Rotowire), Wikipedia-derived data (T-REx), aviation incident reports, and COVID-19 status updates.
These databases include a mix of numeric, categorical, and textual attributes, and span domains that
di�er in style, granularity, and data cleanliness.

The benchmark queries test a range of operators�joins, selections, unions, scans, and aggrega-
tions�all requiring the integration of structured tables with free-text collections. Each query plan
includes between one and three MMOps, simulating real-world analytic tasks.

Our Results. Our results demonstrate that ELEET consistently achieves high F1 scores across all
datasets while maintaining sub-second latency per query. Notably, it outperforms much larger models
such as LLaMA-2 (7B) and GPT-4 (175B) in both speed and accuracy on extractive tasks. This e�ciency
stems from ELEET's lightweight design, optimized decoder, and task-speci�c training. While LLaMA-2
and GPT-4 require few-shot prompting or costly autoregressive decoding, ELEET's architecture allows
direct span extraction in a single pass.
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Figure 6 presents a performance comparison of ELEET with GPT-4 (175B), LLaMA-2 (7B), and
T5 (11B) on the multi-modal query execution tasks. The plot shows a trade-o� between F1 score and
execution time for each model across the benchmark datasets. ELEET consistently achieves higher F1
scores than the other models, while also maintaining signi�cantly lower query execution time. This
highlights ELEET's e�ciency in handling complex multi-modal queries without sacri�cing accuracy.

5 OmniscientDB - LLM for Database Augmentation

Traditionally, databases are required to explicitly capture all relevant facts in order to be queried by the
user. However, this so-called closed-world assumption signi�cantly limits the ways in which a database
can be used. For example, think of a database that stores information about movies. While a breakdown
of the revenue by actor might be a query a user wants to issue, the actor information might not be
stored in the database. Today, the only way to make additional information available for querying is to
explicitly integrate additional data sources into the database, which requires extensive manual e�orts.

Figure 7: OmniscientDB Example. A SQL Query
that joins a movies table stored in the database with
an actors virtual table derived from an LLM (e.g.,
GPT-4). The join operation allows augmenting the
movies table with actor information using a simple
SQL query.

Idea and Simple Example. With Omni-
scientDB [1], we presented our vision of an open-
world DBMS that can automatically augment ex-
isting databases with world knowledge for the ex-
ecution of SQL queries. To do so, OmniscientDB
can not only generate additional tables on-the-
�y but also complete existing tables with user-
requested rows or columns. To enable this, Omni-
scientDB makes use of the world knowledge that
is implicitly stored in LLMs such as GPT-4 etc.

To illustrate the bene�ts of OmniscientDB by
an example, imagine a data scientist trying to an-
alyze the revenues of recent movies, as mentioned
before. For the questions of the data scientist,
important information like the starring actors or directors, however, is not contained in the dataset,
despite their potentially large impact on the movies' revenues. While traditionally, such information
would need to be explicitly integrated �rst, with OmniscientDB, the data scientist could simply use the
knowledge stored in the LLM for augmentation. For instance, OmniscientDB automatically generates
the missing information about the actors starring in the movies, allowing a more extensive analysis.

Virtual Tables. OmniscientDB leverages the knowledge implicitly stored in the parameters of LLMs
for augmentation and makes it available for querying via SQL using so-called virtual tables. Virtual
tables can be treated by users just like traditional tables. However, they are not explicitly stored in the
database but instead act as a proxy for the knowledge stored in LLMs. For instance, in the example
above, the user is able to join the movies table with the virtualactors table to generate additional
information about actors, as shown in Figure 7. The information about actors is materialized on-the-�y
during the execution of the query by prompting the LLM. Furthermore, in addition to virtual tables, we
envision that OmniscientDB also allows adding virtual columns to existing tables. For example, the
movie table might miss a column for the production year, which could also be extracted from a LLM.

Challenges and Vision. A key challenge of OmniscientDB is that the knowledge that OmniscientDB
is able to make available is obviously bound by the parametric knowledge in LLMs. However, LLMs
have been extended by retrieval mechanisms to retrieve external knowledge [11� 13] and are even able
to perform web searches [14] or interact with APIs [ 15]. Hence, our vision is to exploit these rapid
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advancements and make the abilities and knowledge of modern LLMs available for users to easily
augment their datasets with OmniscientDB.

Going forward, we envision OmniscientDB to become a true open-world database, allowing for
arbitrarily complex database operations. This not only includes joins and unions with virtual tables,
to generate missing columns or rows, but also other operations. For instance, existing incomplete
tables could be marked as semi-virtual, meaning that some tuples or values are stored explicitly, but
additional missing tuples can be generated on the �y if needed. Furthermore, we want virtual tables to
be updatable, in case the knowledge in the LLM is outdated, or support that the database itself suggests
information that could be used for augmentation.

6 Research Roadmap

We have seen that using today's state-of-the-art LLMs is an interesting direction to enable a new
generation of database systems to cut query and data taxes by LLM-augmented database systems for
multi-modal question answering as outlined in Section 2. However, there are still an abundance of
interesting open challenges to be solved, as well as many opportunities that have not yet been widely
researched. Below, we discuss some of the major challenges and opportunities we deem interesting for
the community.

6.1 Challenges & Opportunities

Challenge: Query Optimization & Execution. A major future challenge is designing e�ective
optimization strategies for query execution in multi-modal database systems, where queries span
structured data, text, and images. Traditional cost- and rule-based optimization techniques fall short in
this setting, especially when queries involve operators over collections of images or text documents �
and require substantial rethinking: (1) A central challenge is cardinality estimation for multi-modal
data. Unlike structured data, estimating result sizes for queries over images or text requires novel
techniques (e.g., �lter out all images which show Madonna & Child as shown in Figure 1a). One
promising direction is the use of embedding-based histograms, which cluster similar content to enable
approximate count estimates. Such estimates are essential for choosing e�cient join orders in multi-modal
query plans. (2) Another key challenge is physical operator selection when incorporating LLMs into
query plans. Operators applied to unstructured data (e.g., �ltering images or text) can vary widely
in both cost and accuracy depending on the implementation strategy. Query optimizers must learn
to choose between lightweight rule-based methods, traditional operators, and high-cost, high-accuracy
LLM inference�balancing computational e�ciency with the accuracy demands of the query. (3) Finally,
adaptive query optimization must be revisited and extended to accommodate the unpredictable behavior
of LLMs and the nature of multi-modal data. This involves building systems that can adjust execution
strategies on the �y based on the observed performance and accuracy. Reinforcement learning presents
a promising avenue here.
Although some initial work exists in these areas, many open questions remain. Addressing them is critical
to building robust, e�cient multi-modal database systems capable of handling real-world workloads.

Challenge: Towards Community-Standard Benchmarks. A key challenge for the �eld is the lack
of standardized benchmarks to evaluate and compare multi-modal database systems. While individual
areas where LLMs are used in databases, such as Text-to-SQL, bene�t from well-established community
benchmarks like SPIDER and BIRD, no equivalent benchmarks exist for LLM-augmented databases to
realize multi-modal database systems as envisioned in this paper. Instead, current evaluations rely on
small, system-speci�c benchmarks that typically re�ect narrow use cases tailored to the strengths of
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individual systems. A �rst pressing question is: what constitutes a meaningful and comprehensive set
of use cases that can assess the capabilities of multi-modal databases and guide future development?
Addressing this will require selecting diverse application domains and building on existing datasets
to design challenging scenarios that thoroughly test multi-modal functionality. Equally important is
the development of a set of accepted evaluation metrics. These should go beyond accuracy and query
runtime and include aspects such as scalability under high-volume multi-modal workloads, and other
aspects, such as missing data, which require systems to understand when a query can not be answered.
Understanding such aspects will be critical for advancing the �eld. Finally, benchmark suites must
also assess system robustness, including performance under out-of-distribution inputs and degraded or
incomplete data. Such tests are essential for evaluating the reliability and real-world applicability of
multi-modal database systems.

Opportunity: Beyond SQL with Semantic Operations. Various query interfaces have been
proposed for multi-modal database systems, including natural language queries, SQL-like queries with
semantic predicates (e.g., �lters or joins based on natural language), and SQL extended with LLM-based
UDFs. While diverse in form, these interfaces typically follow a common pattern: they translate into
SQL-style query plans extended with multi-modal operators that operate on unstructured data such
as images or text. However, by using LLMs for query planning�as we propose in this paper�query
interfaces can support far more expressive, goal-driven interactions. Consider, for example, a crime-
incident database used by investigators to identify a suspect based on multiple sources: textual witness
reports, police image data, and structured records such as registered weapons. The user's high-level query
might be as simple as: Find the suspect involved in the crime on Jan. 15, 2018 in SQL City. Solving
such a query requires a sequence of interdependent steps: analyzing intermediate results (e.g., matching
details from witness reports), reasoning across modalities, and potentially backtracking if a search path
proves unproductive. This raises the question: can a database system assist users in navigating such
multi-turn, exploratory queries instead of requiring them to manually issue and manage each step?
To address this, we explore the potential for goal-driven query interfaces, where the system plans and
executes a sequence of multi-modal queries to solve a user-de�ned problem, asking for clari�cation only
when necessary (e.g., when the available data is insu�cient). Interestingly, the sequences of generated
queries can directly act as an explanation of how the problem was solved.

Opportunity: Open-World Databases A compelling opportunity for LLM-augmented databases
lies in enabling open-world databases�systems capable of answering queries that go beyond the facts
explicitly stored in the database. Our initial work on OmniscientDB takes a step in this direction by
leveraging the parametric knowledge of LLMs to augment tables with additional rows and columns at
query time. However, this is only a starting point. A more ambitious goal is to enrich databases not only
with internal model knowledge but also with external data sources, such as those found in data lakes.
For example, consider the query: �How many pictures show Madonna and Child and are by Leonardo da
Vinci?��where the artist information is not present in the existing database (as shown in Figure 1a). To
answer such queries, relevant external data (e.g., a CSV containing artwork metadata) must be retrieved
and seamlessly integrated with the current schema. LLMs can assist by interpreting retrieved datasets,
reasoning about their relevance, and proposing integration strategies, such as joining external and
internal tables. When mismatches arise (e.g., di�ering artwork titles or formats), semantic joins�based
on natural language predicates and embedding similarity�can help align the data sources e�ectively.
Finally, we envision a future in which these retrieval and integration operations are embedded directly
into the query planning process. A database system could dynamically perform multiple retrievals
to incrementally augment its data and even backtrack or revise earlier augmentations if they fail to
contribute to answering the query.
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6.2 Potential Limitations

One might assume that a key limitation of our vision is the requirement for users to preprocess and load
data into structured, multi-modal relations before querying. This could be seen as a signi�cant barrier
to adoption, particularly in real-world scenarios where data often resides in raw, unstructured form
across diverse sources in data lakes. However, as discussed in our vision, this is not a hard requirement.
Users could also begin with minimal or even no structured data and incrementally augment their data
by retrieving relevant content from data lakes at query time. In this mode, the system constructs
multi-modal relations on-the-�y, guided by the user's query intent. In the most extreme version of this
vision, no schema is de�ned upfront�instead, the schema is synthesized dynamically as part of the
query answering process.

This schema-on-demand approach is a direction we have not yet explored in our work, but it
represents a highly promising avenue for future research. It would enable querying data lakes directly
without prior data curation or integration�essentially inverting the traditional data engineering pipeline.
In such a setting, data retrieval must be tightly coupled with on-the-�y data cleaning and integration.
For example, aligning join keys, resolving type mismatches, or eliminating duplicates may all need
to be performed as part of query execution. This is particularly critical for multi-modal data, where
inconsistencies and redundancies are common, and where traditional schema-based assumptions about
cleanliness and integration no longer hold. As such, developing mechanisms for adaptive, query-driven
data cleaning and integration becomes a central research challenge in realizing this more �exible and
powerful model of multi-modal data interaction.

7 The Relational Model is Dead! Long Live the Relational Model!

In this paper, we have argued that relational databases impose substantial overhead on users, both in
terms of expressing queries and preparing data�particularly in the context of complex, multi-modal
information needs. Despite these limitations, we do not advocate for abandoning the relational model
altogether. Instead, we propose to retain the relational model as an internal abstraction for future
data systems, leveraging its proven strengths in query optimization, physical execution, and scalability.
However, we argue that it should no longer serve as the primary interface exposed to users. To bridge this
gap, we envision data systems that extend the relational model with support for complex data types and
provide more intuitive query interfaces�ranging from natural language to schema-agnostic structured
languages. Central to this vision is the integration of large language models (LLMs), which enable
semantic query interpretation, data discovery, and access to heterogeneous and non-tabular data sources.
We refer to such systems asLLM-augmented databases: systems that preserve the robustness and
e�ciency of relational engines internally while o�ering a more accessible and expressive user experience
externally. In doing so, we reconcile the internal utility of the relational model with the evolving demands
of modern data-centric applications.
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Abstract

Image AI has the potential to improve every aspect of human life. Image AI, however, is very
expensive. We identify that the root cause of the problem is a long-overlooked and largely unexplored
dimension: storage. Most images today are stored as JPEG �les. JPEG is designed for digital
photography. It maximally compresses images with minimal loss in visual quality. We observe that
JPEG is a �xed design. AI problems, however, are diverse; every problem is unique in terms of how
data should be stored and processed. Using a �xed design, such as JPEG, for all problems results in
excessive data movements and costly image AI systems. This paper presents Image Calculator, a
self-designing storage system that �nds the optimal storage for a given image AI task. The Image
Calculator achieves this by identifying design primitives for image storage and creating a design space
comprising thousands of storage formats based on these design primitives, each capable of storing
and representing data di�erently, with varying accuracy, inference and training time, as well as
space consumption trade-o�s. It e�ciently searches within this design space by building performance
models and using locality among its storage formats. It exploits the inherent frequency structure in
image data to e�ciently serve inference and training requests. We evaluate the Image Calculator
across a diverse set of datasets, tasks, models, and hardware. We show that Image Calculator can
generate storage formats that reduce end-to-end inference and training times by up to 14.2x and
consumed space by up to 8.2x with little or no loss in accuracy, compared to state-of-the-art image
storage formats. Its incremental computation and data-sharing schemes over frequency components
allow scalable inference- and training-serving systems.

1 E�cient Image AI Storage

Image AI Has Potential to Improve Every Aspect of Human Life. Image AI has shown great
success in numerous areas, providing more productive and safer services and tools. Medical doctors
now use image AI to support their decision-making process in the early and late detection of diseases.
Companies deploy image AI tools to enhance worker safety conditions. Manufacturing companies use
image AI in their production pipelines to increase productivity. Farmers use image AI to e�ciently
monitor the conditions of their crops and take preventive actions against potential diseases, further
improving their yields [1�3].
Image AI is Prohibitively Expensive. Every year, billions of digital cameras capture trillions of
images. These images consume thousands of petabytes of storage in the cloud. Numerous AI applications
process these massive datasets for various purposes, such as personalized content management, image
reconstruction, and visual captioning. Applications access data over remote storage servers and need
to move and process data in compute nodes using high-end processors. This incurs an immense dollar
cost for cloud vendors and application developers. It costs millions of dollars to train and deploy a
single model, which generates hundreds of thousands of pounds of carbon emissions, making image AI
inaccessible [4, 5].
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Inference and Training are Equally Costly. The lifetime of an AI model includes two main stages:
training and inference. Training is where the model learns how to perform the task. Inference is
where the model is deployed and performs a learned task. Both training and inference are important
cost components. While some applications perform frequent re-trainings by newly arriving data, some
applications are deployed across billions of devices concurrently and continuously performing inference,
and some other applications perform both training and inference equally frequently [6�9].
Where Does Time Go? In Figure 1, we examine the end-to-end inference times of four state-of-the-art
AI models: ResNet, E�cientNet, Shu�eNet, and MobileNet. For this experiment, the server is an
A100 GPU machine. The data resides on disk as JPEG �les. The model resides on the GPU. Each
inference call requires reading the data from disk to main memory, decoding it from the bytes stream
into a human-recognizable image, transferring it from main memory to GPU, and executing the AI
model on the GPU. The graph on the left-hand side presents the normalized number of �oating-point
operations (FLOPs) required to execute each model over an image, and the graph on the right-hand
side presents the end-to-end inference time. The �gure shows that, although models become smaller
and smaller, and the number of FLOPs decreases by as much as 98%, the inference time remains
constant. The reason is that reducing the number of �ops reduces the model execution time, i.e., the

Figure 1: Reducing image AI cost requires improving all cost compo-
nents.

GPU time, but not the other time
components. When the GPU
time is reduced, the other time
components surface up, and the
inference time remains the same1.
This suggests that inference time
is a complex function of multi-
ple time components, and reduc-
ing inference time requires reduc-
ing all time components. We
performed the same experiment
for training time and reached the
same conclusion.
Storage is Key. We observe
that all the time components de-
pend on one main factor: the amount of data moved/processed. This is determined by the storage
format used for images. First, the storage format de�nes how we compress and store the data as well as
how much data we read from the disk or network. Therefore, the storage format de�nes the I/O and
decoding times. Second, PCIe time depends on the amount of data transferred over the PCIe link. PCIe
stands for Peripheral Component Interconnect Express, and it serves as a bridge between the CPU and
GPU. The amount of transferred data over PCIe depends on image size and, hence, storage format.
Third, storage also determines the GPU time. The state-of-the-art AI models for images, i.e., CNNs
and visual transformers, are primarily composed of transformers and convolutions, where inference and
training times heavily depend on the height and width, i.e., the spatial dimensions of the image, which
are part of the storage format.
JPEG is Designed for Digital Photography. Most images today are stored as JPEG �les. JPEG is
designed for digital photography. It lossily compresses images, where lost information minimally distorts
the visual quality of the image. Users capture images for artistic, recreational, and/or communication
purposes and store them using JPEG's algorithm so that stored images consume signi�cantly less space

1E�cientNet has a higher GPU time than ResNet, although it requires only a quarter of FLOPs due to its more
expensive pointwise operations (ReLU & BatchNorm).
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than their raw versions. Thanks to JPEG's compression algorithm, storing and transferring images
became much cheaper, which allowed the proliferation of images across the internet and social media.
AI is Diverse. We observe that JPEG is a �xed design. AI problems, however, are diverse. Every
image AI problem has unique characteristics regarding how data should be stored and processed. We
de�ne an AI problem as a quadruple: dataset, AI model, machine, and performance budget. Any change
in any dimension of an AI problem creates a completely new problem and requires a re-design of the
storage. For example, a storage with �ve milliseconds of inference budget could be completely di�erent
than a storage with a hundred milliseconds inference budget. Therefore, using a �xed design for all
problems is ine�cient and can lead to severe performance issues due to excessive data movement.
Thesis. Our thesis is as follows.

Storage determines end-to-end image AI cost. Using a single storage for all problems results
in ine�cient image AI systems. E�cient systems need to tailor storage to the AI problem.

Solution: Self-Designing Storage for Image AI. We introduce Image Calculator, a self-designing
storage system for image AI. Figure 2 presents an overview of the Image Calculator. Unlike the
current state of the art, which uses �xed storage designed for a single purpose, such as minimizing
interference with the human eye, Image Calculator automatically generates and manages new storage
for every AI task. Image Calculator achieves this by identifying design primitives for image storage
and creating a rich design space of storage formats based on these primitives, each capable of storing
and representing images at a di�erent trade-o� between space, inference/training time, and accuracy.
The Image Calculator determines the optimal storage format for inference and training, given source
data, hardware, and performance budget [12]. It e�ciently searches within its design space based on
performance models and locality among its storage formats. Formats with similar features also have
similar performances. Starting from information-dense formats, Image Calculator quickly identi�es
high-quality storage candidates, allowing for fast and scalable inference and training. It exploits the
inherent frequency structure in image data to e�ciently scale model serving across a large number of
applications. The Image Calculator breaks images into pieces, i.e., frequency components, and stores,
transfers, and processes images frequency by frequency, rather than image by image, as conventionally
done. This dramatically reduces data communication between clients & servers, providing a fast and
scalable inference and training serving [13].

Figure 2: Image Calculator generates new image storage formats as combinations of fundamental design
primitives. It exploits locality among storage formats for e�ciently �nding high-quality candidates. It
stores, transfers, and processes images frequency by frequency instead of �le by �le for e�cient serving of
inference and training requests. Domains represent ID values rather than actual values. Sampling ID 4
means no sampling, for example.M 1 refers to �rst AI model, and F1 refers to �rst frequency component.
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