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ABSTRACT

For decades, data management systems have relied on syntactic,
structural, and statistical representations of data, leaving semantic
understanding largely to human users. This division has become
increasingly problematic as users analyze data disconnected from
their original collection context, and yet must determine whether
datasets are relevant, compatible, and trustworthy. Large language
models (LLMs) introduce a new computational capability: the abil-
ity to reason about the meaning of data and leverage accumulated
background knowledge. I argue that semantic understanding should
be viewed as a new systems primitive for data management, en-
abling a new class of semantic data systems in which understanding
becomes a first-class computational capability that complements
syntactic and statistical representations of data.

Drawing on our recent work spanning dataset discovery, se-
mantic type discovery, schema matching, data harmonization, and
agentic workflows, I show that LLMs alone do not solve data man-
agement problems: the central challenge is no longer enabling
machines to understand data, but designing systems that can rep-
resent, maintain, evaluate, and exploit that understanding. These
systems should externalize semantic knowledge into reusable arti-
facts, combine semantic reasoning with algorithms through struc-
tured workflows, subject decisions to human validation, and expose
specialized capabilities as composable primitives that agents can or-
chestrate. This perspective suggests a research agenda for semantic
data systems that extends beyond data discovery and integration
toward a broader transformation of data management.
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1 INTRODUCTION

Data management systems have long excelled at manipulating data.
They efficiently process queries, integrate heterogeneous sources,
discover relevant datasets, and support increasingly sophisticated
analytical workflows. Over the past decades, the database commu-
nity has developed elegant algorithms and scalable systems that
operate on syntactic, structural, and statistical representations of
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data, including schemas, metadata, indexes, summaries, and learned
representations.

Yet these systems have historically relied on a fundamental di-
vision of labor: systems manipulate data, while humans provide
semantic understanding. People interpret the meaning of attributes,
recognize that different values refer to the same entity, determine
whether two datasets are compatible, assess the relevance of dis-
covered data, and ultimately decide whether analytical results are
trustworthy. Semantic understanding, the ability to reason about
the meaning of data and relate it to background knowledge, has
largely remained outside the computational system.

This division became increasingly problematic as the scale and
diversity of data grew. The emergence of open data repositories,
scientific data commons, enterprise data lakes, and large-scale ob-
servational datasets created unprecedented opportunities for data
reuse. At the same time, it fundamentally changed how data are
consumed. Data are now routinely analyzed by people who were
not involved in their collection and who may have limited knowl-
edge of the assumptions, conventions, and context underlying the
data. As a consequence, finding relevant datasets, integrating het-
erogeneous sources, and drawing reliable conclusions increasingly
depend on semantic understanding rather than computational effi-
ciency alone. The bottleneck has shifted from processing data to
understanding it.

Large language models (LLMs) fundamentally change this land-
scape. Beyond their impressive generative capabilities, they intro-
duce something largely absent from data management systems: a
computational mechanism capable of reasoning about semantics
while leveraging broad accumulated knowledge. For the first time,
this reasoning can be performed dynamically, without pre-specified
schemas or ontologies, making semantic understanding a first-class
computational capability rather than remaining exclusively in the
minds of human experts.

However, semantic understanding alone does not solve data man-
agement problems. Like previous attempts to externalize knowledge
through ontologies and knowledge graphs [16, 28], LLMs provide a
way to represent and reason about meaning. Unlike these earlier
approaches, they can dynamically construct semantic knowledge
for new datasets and domains. Yet, without algorithms that make
reasoning scalable and robust, without systems that transform se-
mantic reasoning into reusable artifacts, and without humans who
validate and refine the results, LLMs alone are insufficient for reli-
able data discovery, integration, and analytics.

The central argument of this paper is that semantic understanding
should be viewed as a new systems primitive for data management.
My research has explored this perspective across a sequence of
problems, including dataset and semantic type discovery, schema
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Figure 1: Semantic Data Systems. Semantic understanding be-
comes a first-class systems primitive that produces reusable
representations that algorithms, humans, and agents can all
build upon.

matching, data harmonization, and agentic workflows. The com-
munity demonstrated that LLMs could be applied to data manage-
ment problems (see e.g., [25]). We then asked what assumptions
remained and redesigned the problem around semantic understand-
ing. While we addressed different problems, our approaches follow
the same design philosophy: LLMs provide semantic understanding
and background knowledge; algorithms and systems make it effec-
tive, scalable, and robust; humans provide oversight and judgment;
and together they externalize semantic knowledge into reusable
artifacts that improve data discovery, integration, and analytics.
As illustrated in Figure 1, this primitive opens the opportunity to
redesign data management systems by adding a semantic layer
(highlighted in blue), making it possible to push semantic under-
standing into the computational system. I refer to systems designed
around this new capability as semantic data systems: systems in
which semantic understanding becomes a first-class computational
capability that complements syntactic and statistical representa-
tions of data.

The remainder of this paper develops this perspective through a
series of examples drawn from our research that progressively build
semantic understanding at different levels of abstraction: under-
standing datasets, understanding attributes, understanding corre-
spondences among data, and ultimately constructing agentic work-
flows that orchestrate semantic reasoning, algorithmic methods,
and human expertise. Rather than providing a comprehensive sur-
vey of recent work, we discuss these examples to illustrate our
perspective on how semantic understanding can be incorporated
into the design of future data management systems.
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2 UNDERSTANDING DATASETS

Dataset discovery is a prerequisite for data integration and analytics.
Before data can be integrated or analyzed, users must determine
whether relevant datasets exist and whether they are suitable for the
task at hand. This requires understanding what a dataset contains,
how it was collected, its spatial and temporal coverage, and how it
relates to other datasets.

Most existing dataset search systems inherited their design from
document search engines. They index textual metadata, such as
dataset titles, descriptions, and tags, and retrieve datasets by match-
ing keyword or natural language queries against these descrip-
tions [2, 4, 5, 32]. While this approach is effective when metadata
are complete and informative, it is often inadequate for structured
data. Dataset descriptions are frequently incomplete, inconsistent,
or simply absent, and many important characteristics of datasets,
including their schema, value distributions, and relationships to
other datasets, are not captured in textual metadata [18, 39]. This
makes a significant fraction of datasets effectively invisible through
search over repositories and data lakes.

Our first step toward addressing this limitation was to reconsider
the representation of datasets used for search. Rather than relying
solely on metadata, Auctus [3] constructs richer dataset representa-
tions by combining metadata with automatically generated profiles
that summarize important dataset characteristics, including spatial
and temporal coverage, value distributions, and relationships to
other datasets. These representations support queries that cannot
be answered through metadata alone, such as finding datasets that
are joinable or unionable with a given dataset [10, 26, 27, 40], or
identifying datasets covering a particular geographic region or time
period [3].

Although richer profiling substantially improves dataset discov-
ery, it does not fully address the semantic gap. Profiles summarize
structural properties of datasets but provide only limited infor-
mation about their meaning. Users and search systems still rely
heavily on textual descriptions to assess whether a dataset is rel-
evant, and many datasets lack descriptions that accurately reflect
their contents.

This observation motivated AutoDDG [39]. Instead of asking
users to document datasets manually, AutoDDG combines algorith-
mic profiling with LLM-based semantic reasoning to automatically
generate textual dataset descriptions. The profiling stage extracts
structural characteristics that would be difficult for an LLM to infer
directly from raw tables or row samples. At the same time, LLMs
serve two roles: uncovering the underlying semantics of the dataset
and synthesizing these signals into coherent descriptions. These au-
tomatically generated descriptions significantly improve retrieval
effectiveness, particularly for datasets with sparse or low-quality
metadata.

This progression illustrates a recurring theme that will appear
throughout this paper. Semantic understanding does not replace
algorithmic methods. Profiling remains essential for characterizing
datasets efficiently and systematically. LLMs contribute the ability
to interpret these profiles and relate them to broader semantic
concepts. Together, they produce richer dataset representations
that improve discovery.



A key consequence of this approach is that these descriptions
become reusable semantic artifacts across both human and machine
reasoning. Once generated, they can support multiple downstream
tasks without having to reinterpret the underlying data. They can
be used both by human users searching for relevant datasets and
by AI systems that reason about available data sources. Recent
deep-research agents [1, 13] primarily operate over textual docu-
ments because structured datasets rarely provide comparable se-
mantic descriptions. By automatically generating such descriptions,
datasets become first-class information resources that can be in-
dexed, retrieved, and incorporated into agentic workflows alongside
scientific publications.

Design Principle. Reusable Semantic Artifacts

Algorithmic methods characterize datasets efficiently, but se-
mantic understanding is needed to interpret them. By com-
bining profiling with LLM-based reasoning, systems can con-
struct reusable semantic artifacts—in this case, dataset descrip-
tions—that improve discovery and can be consumed by both
humans and Al agents.

3 UNDERSTANDING ATTRIBUTE SEMANTICS

Understanding the semantics of individual attributes is a prereq-
uisite for many data management tasks, including dataset discov-
ery, schema matching, join discovery, and data integration. While
dataset descriptions characterize datasets as a whole, semantic
types capture the concepts represented by individual attributes.
For example, an attribute named Location may contain New York
City boroughs, public schools, or hospitals. Distinguishing among
these possibilities is essential for determining whether datasets are
related and how they should be integrated.

Type Annotation. Column Type Annotation (CTA) has addressed
this problem by assigning semantic types to attributes. Early ap-
proaches relied on manually curated ontologies and knowledge
bases, while more recent methods use supervised learning or pre-
trained language models to classify attributes into a predefined
vocabulary of semantic types [6, 15, 33, 38]. These methods have
improved annotation quality, but they share an important limita-
tion: they assume that the relevant semantic types are known a
priori. This assumption is often violated in large, heterogeneous
dataset collections, particularly in specialized domains where many
concepts are domain-specific and absent from existing ontologies.

Large language models provide a natural mechanism for rea-
soning about attribute semantics without requiring task-specific
training. Following the emergence of LLMs, several approaches ex-
plored their use for Column Type Annotation (CTA) by prompting
models to classify attributes into predefined semantic types [17, 19].
These methods demonstrated that LLMs could substantially im-
prove annotation quality while avoiding the need for task-specific
training data. Our work on ArcheType [11] took a systems per-
spective. Rather than treating CTA as a prompting task, it models
CTA as a classification problem and develops a multi-stage work-
flow that combines algorithmic methods with LLM reasoning. The
system first selects representative examples from an attribute, con-
structs token-efficient prompts, queries the LLM, and finally maps
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the generated output back to the predefined semantic vocabulary
when necessary. By combining algorithmic components with LLM
inference, ArcheType achieves both robustness and cost efficiency
while establishing a new state of the art for CTA.

ArcheType illustrates a design principle that recurs throughout
this paper: LLMs are most effective when embedded within algo-
rithmic workflows, rather than invoked as standalone solutions.
This is a pattern we return to below and revisit again in Sections 4
and 5.

However, ArcheType still relies on users to provide the can-
didate semantic types from which the model selects. While this
assumption is reasonable for well-defined benchmarks, it becomes
increasingly difficult to satisfy in large dataset collections where
neither the complete set of semantic types nor the appropriate level
of abstraction is known in advance. This observation motivated a
shift from type annotation to type discovery.

Type Discovery. Rather than asking an LLM to assign one of a
predefined set of labels, StraTyper automatically discovers seman-
tic types that are specific to the target dataset collection [20]. The
system combines clustering algorithms, controlled LLM prompt-
ing, and iterative propagation to construct a consistent vocabulary
of semantic types while minimizing redundant or inconsistent la-
bels. It further supports attributes containing values from multiple
semantic categories, a common occurrence in real-world datasets.

Similar to dataset understanding (Section 2), the contribution of
the LLM here extends beyond producing an immediate answer. The
discovered semantic types become reusable semantic artifacts that
support multiple downstream tasks. They improve join discovery
and schema matching by providing explicit semantic representa-
tions that complement value- and schema-based similarity. More
broadly, they provide a semantic vocabulary tailored to a dataset
collection that can be reused by both human users and Al systems to
reason about the data. Rather than relying exclusively on manually
constructed ontologies or knowledge graphs, semantic vocabularies
can be constructed dynamically, adapted as collections evolve, and
refined through continued interaction between algorithms, LLMs,
and human experts.

Design Principle. Structured Workflows Combine Algorithms
and Semantic Reasoning

LLMs provide semantic reasoning, but robust systems require
carefully designed workflows that determine what information
is presented to the model, constrain the reasoning task, inter-
pret the model’s outputs, and integrate them with algorithmic
methods.

This principle recurs in the remainder of the paper. ArcheType
and StraTyper provide the first examples, while MosaicJoin (Sec-
tion 4.1) and Magneto (Section 4.2) demonstrate that it also applies
to semantic correspondence tasks.

4 UNDERSTANDING CORRESPONDENCES

Data discovery and integration ultimately depend on identifying
semantic relationships among data. Whether the goal is augmenting
a machine learning model, integrating heterogeneous datasets, or
harmonizing data with a reference model, systems must determine



when different representations correspond to the same underlying
concept. These correspondences occur at multiple levels, including
values, attributes, schemas, and complete data models.

Traditional approaches infer correspondences using syntactic
similarity, statistical properties, manually engineered similarity
functions, or learned embeddings [12]. These methods have enabled
substantial progress over the past decades, but they remain limited
when semantic equivalence cannot be inferred directly from the
observed data. For example, two values may refer to the same entity
despite having entirely different representations, or two schema
attributes may describe the same concept while sharing neither
names nor value distributions.

4.1 Value Correspondences

Many data discovery tasks rely on identifying value correspon-
dences across datasets. Given a query attribute, join discovery aims
to identify attributes in a data repository whose values can be
joined with it. Such correspondences are particularly important for
data augmentation, where additional datasets are used to enrich
training data for machine learning models. In our earlier work on
join-correlation queries [29, 31], we observed that joinability alone
is not sufficient for effective data augmentation: many datasets
are joinable, but only a small subset contributes information that
improves predictive models. This led to methods that jointly reason
about joinability and predictive utility. However, these methods,
like most existing join discovery systems, assume equi-joins and
therefore fail whenever semantically equivalent values are repre-
sented differently.

Semantic join discovery reframes the problem to address this
limitation directly: instead of reasoning about exact value equality,
the goal is to determine whether two attributes contain values that
refer to the same entities despite differences in their surface repre-
sentations. The availability of modern embedding models, including
those derived from large language models, enables systems to rea-
son about semantic similarity among values rather than relying
on exact string equality. Existing methods, however, force a trade-
off between accuracy and scalability. Value-level approaches com-
pare embeddings for individual values, preserving fine-grained se-
mantic evidence but requiring expensive pairwise comparisons [7].
Column-level approaches represent an entire attribute with a single
embedding, enabling efficient retrieval but often failing to capture
the value-level correspondences that determine whether a join is
actually possible [8, 14].

MosaicJoin [9] addresses this problem by combining semantic
representations with algorithmic techniques for scalable search.
Instead of comparing all value embeddings, MosaicJoin constructs
compact semantic sketches that preserve the semantic coverage of
each attribute while dramatically reducing the cost of comparison.
At query time, these sketches are combined with an efficient simi-
larity measure and query subsampling to estimate joinability with
provable accuracy guarantees. The result is a training-free system
that retains the accuracy of value-level semantic matching while
approaching the efficiency of column-level retrieval.

As in the previous examples, semantic understanding alone is
insufficient. The semantic representations produced by modern em-
bedding models make it possible to reason about value equivalence,
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but algorithms remain essential to organize this information into
compact, searchable representations. By combining semantic rea-
soning with sketching and approximation algorithms, MosaicJoin
demonstrates how systems can make semantic understanding both
accurate and scalable.

4.2 Schema Correspondences

The same challenge arises at a higher level of abstraction. Instead
of determining whether two values refer to the same entity, schema
matching seeks to identify correspondences between attributes
that represent the same concept. These correspondences are a pre-
requisite for data integration and harmonization, particularly in
scientific domains where analyses often require combining datasets
collected by different groups using different conventions.

4.2.1 Automatic Schema Matching. Schema matching has been
studied extensively, and recent work has shown that both small lan-
guage models and large language models improve the ability to iden-
tify semantic matches. Nevertheless, biomedical data exposed an
important limitation of existing approaches [22]. Domain-specific
terminology, heterogeneous attribute names, and ambiguous value
representations often require knowledge that goes beyond the infor-
mation contained in individual columns. At the same time, directly
applying LLMs to all possible attribute pairs is computationally
expensive and does not scale to realistic integration tasks.

Magneto addresses this problem through a two-stage workflow
that combines small language models and LLMs [21]. A small lan-
guage model first retrieves a limited set of candidate matches for
each attribute. These candidates are then examined by an LLM,
which uses its semantic reasoning capabilities to rerank them. This
architecture substantially reduces the number of expensive LLM
calls while preserving high matching accuracy. Magneto also uses
LLMs to automatically generate training data for fine-tuning the
retrieval model, eliminating the need for manually curated training
sets. Experiments on a challenging biomedical benchmark and on
standard schema matching benchmarks show that this combination
of algorithmic retrieval and LLM-based reranking achieves both
high accuracy and good generalization across domains.

Like ArcheType, Magneto treats semantic reasoning as one stage
of a larger workflow rather than as a standalone solution. Algorith-
mic methods identify a small set of plausible matches, allowing the
LLM to focus its reasoning where it is most valuable. The result
is a system that is both more accurate and substantially more effi-
cient than approaches that rely exclusively on traditional matching
methods or direct LLM inference.

4.2.2  Human Validation. Automatic schema matching systems pro-
duce candidate correspondences rather than definitive answers.
This is particularly true in domains such as biomedicine, where
subtle semantic differences can make multiple candidate matches
appear plausible even to domain experts. Incorrect correspondences
may propagate throughout downstream integration and analysis
pipelines, making human validation an essential component of data
harmonization.

BDIViz addresses this challenge: it is an interactive visual analyt-
ics system designed to support the validation of schema correspon-
dences [35, 36]. Rather than replacing human judgment, the system
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Figure 2: BDIViz combines interactive visualization with
LLM-generated explanations to support efficient human val-
idation of schema correspondences. Users inspect candidate
matches, compare evidence, and validate ambiguous cases to
transform candidate correspondences into validated knowl-
edge. Validated correspondences are semantic artifacts that
different tasks can use.

helps users make informed decisions by combining complementary
sources of evidence. It summarizes candidate matches in an inter-
active heatmap that scales to large schemas, provides coordinated
views that compare attribute names, values, and distributions, and
uses LLMs to generate explanations and provide domain-specific
context for ambiguous matches. By combining visualization with
semantic explanations, BDIViz enables users to validate correspon-
dences more efficiently and accurately than traditional curation
workflows.

Beyond supporting data curators, BDIViz also supports the devel-
opment of automated matching methods [35]. The system captures
user validation decisions as reusable ground truth, making it possi-
ble to benchmark different schema matching algorithms, diagnose
their failure modes, and rapidly evaluate new matching strategies.
In this way, human validation not only improves individual in-
tegration tasks but also contributes to the development of better
automated methods over time. An additional benefit is that vali-
dated correspondences become reusable artifacts. They support not
only the current integration task, but also the systematic evaluation
and improvement of automated matching methods.

BDIViz also illustrates a broader lesson for Al-assisted data man-
agement. While conversational interfaces provide a flexible mech-
anism for interacting with LLMs, they are not always the most
effective interface for complex data management tasks. Schema
matching requires users to compare many candidate correspon-
dences, inspect multiple sources of evidence, and identify patterns
across large schemas. Interactive visual representations summarize
this information in ways that are difficult to achieve through conver-
sation alone. In BDIViz, semantic explanations complement these
visual representations rather than replacing them, allowing users
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to efficiently combine algorithmic evidence, semantic reasoning,
and domain expertise.

Design Principle. Humans Remain in the Loop.

Semantic reasoning reduces, but does not eliminate, uncer-
tainty. Effective data management systems should support
efficient human validation, capture expert decisions, and reuse
them to improve future workflows.

5 FROM CORRESPONDENCES TO
WORKFLOWS

The examples discussed so far illustrate that effective data har-
monization requires a diverse collection of semantic capabilities.
Schema matching, value matching, transformation, validation, and
explanation all require different methods, and no single algorithm
performs best across all scenarios. Rather than embedding these
capabilities within monolithic systems, they should be exposed as
reusable primitives that can be composed into task-specific work-
flows.

5.1 Developing Primitives

To address this challenge, we developed BDI-Kit, an open-source
library of composable harmonization primitives [23, 24]. Rather
than providing a monolithic integration solution, BDI-Kit exposes
a diverse collection of schema matching, value matching, trans-
formation, and assessment methods that can be combined into
custom harmonization workflows. The toolkit supports both algo-
rithmic and LLM-based methods, allowing users to select the most
appropriate technique for each task rather than relying on a single
approach.

BDI-Kit separates semantic capabilities from workflow orches-
tration. It exposes harmonization primitives through multiple inter-
faces, including a Python API for developers and an MCP server!
that allows Al assistants and agents to invoke the same primitives.
This separation enables different interaction modalities while pre-
serving a common set of reusable semantic operations.

5.2 Agentic Workflow Orchestration

While reusable primitives provide the building blocks for data har-
monization, constructing effective workflows still requires deciding
which primitives to invoke, how to compose them, and when human
intervention is needed. These decisions depend on the characteris-
tics of the data, the target schema, and the user’s objectives. Man-
ually assembling these workflows is challenging, but LLM agents
have proven to be effective at planning and executing multi-step,
complex tasks [37].

Unlike traditional workflow systems, which execute predefined
sequences of operations, LLM agents can reason about the workflow
itself. They can select appropriate primitives, determine the order
in which they should be applied, and adapt the workflow based on
the evaluation of intermediate results and user feedback.

Harmonia explores this paradigm for data harmonization [30].
Rather than replacing existing algorithms, it uses LLMs as workflow
orchestrators that coordinate schema matching, value matching,

!https://modelcontextprotocol.io
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transformation, and assessment primitives provided by BDI-Kit [24].
When existing primitives are insufficient, the agent can also gener-
ate custom code to perform specialized transformations.

A key capability of Harmonia is that it reasons not only about
which operations to execute, but also about the quality of their out-
puts. After invoking a primitive, the agent examines the returned
results, assesses whether they are consistent with its semantic
understanding and domain knowledge, and decides whether ad-
ditional actions are needed. These actions may include invoking
complementary primitives, correcting the output, or requesting
clarification from the user. In this way, the agent acts as an addi-
tional layer of semantic validation over existing algorithms rather
than merely executing them. The resulting workflows combine algo-
rithmic methods, semantic reasoning, and human expertise.

Our preliminary evaluation suggests that this additional reason-
ing can substantially improve harmonization workflows [30]. In
several instances, the agent identified incorrect schema and value
matches produced by the underlying primitives, selected alterna-
tive candidates, and recommended corrected mappings to the user.
These examples show that agents can contribute not only by au-
tomating workflow construction, but also by improving the overall
quality of the resulting workflows.

Harmonia illustrates a different role for semantic reasoning than
the examples discussed earlier. In previous sections, LLMs were
used to understand datasets, attributes, and correspondences. Here,
the LLM reasons about the harmonization process itself.

BDI-Kit was designed so that different Al agents can orchestrate
its primitives. Harmonia was our first prototype. More recently,
we have exposed BDI-Kit through MCP, allowing general-purpose
agents such as Claude to invoke the same primitives. This separation
between semantic capabilities and orchestration makes it possible
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to experiment with different agents while preserving a common
set of harmonization primitives. As agent capabilities continue to
improve, this orchestration layer is likely to evolve rapidly, while
the underlying semantic primitives remain reusable across different
agentic systems.

Design Principle. Agents Orchestrate Semantic Workflows
Agents contribute at a higher level of abstraction than individ-
ual semantic tasks. Rather than directly performing schema
or value matching, they orchestrate specialized primitives,
evaluate intermediate results, identify potential errors, recom-
mend corrections, and engage users when additional context
is required. This separation between semantic capabilities and
workflow reasoning enables flexible and adaptive data integra-
tion systems.

6 OPEN PROBLEMS AND FUTURE RESEARCH
DIRECTIONS

The examples presented in this paper illustrate how semantic under-
standing can improve individual data management tasks. Realizing
the broader vision of semantic data systems requires advances in
several directions. Below, we highlight a few particularly important
challenges.

Evolving Semantic Artifacts. The semantic artifacts discussed
throughout this paper - dataset descriptions, semantic types, cor-
respondences, and harmonization specifications — are currently
treated largely as static objects. In practice, they should evolve
as new datasets become available, new evidence is observed, and
users refine previous decisions. Developing methods for continu-
ously maintaining and updating semantic artifacts while preserving
consistency and provenance remains an open problem.

Semantic Memory. Current systems typically reason about each
task in isolation. Future semantic data systems should accumu-
late knowledge across tasks, remembering previous integration
decisions, user preferences, discovered semantic types, and har-
monization specifications [34]. Such semantic memory would im-
prove consistency, reduce repeated effort, and allow systems to
continuously improve over time. Realizing this vision requires new
representations for semantic knowledge. Today, semantic artifacts
take many forms, including natural-language descriptions, seman-
tic types, correspondences, and JSON harmonization specifications.
Future systems will require richer, interconnected representations
that can be queried, updated, reasoned over, and shared across tasks.
Developing data models for semantic artifacts may prove to be as
important for semantic data systems as the relational model was
for traditional data management.

Human-AI Collaboration. Although LLMs substantially improve
semantic reasoning, many decisions still require external context
and domain expertise. A central challenge is determining when
systems should act autonomously, when they should seek clarifica-
tion, and how they should present evidence to users. This requires
interaction models that go well beyond conversational interfaces
and effectively combine visualization, explanation, and direct ma-
nipulation.



Autonomous Workflow Construction. Current agents can orches-
trate existing primitives, evaluate intermediate results, and rec-
ommend corrections. Future systems should reason about entire
data management workflows, automatically selecting algorithms,
adapting execution strategies, and optimizing workflows under
multiple objectives, including accuracy, computational cost, and
human effort. Achieving this goal will require advances in both
agent reasoning and data management algorithms.

Trustworthy Semantic Reasoning. As semantic understanding be-
comes part of the data management system, its outputs become
increasingly consequential. Systems should be able to estimate
uncertainty, explain their decisions, detect inconsistencies, and
identify situations where semantic reasoning is likely to fail. Trust-
worthiness should become a first-class design objective rather than
an afterthought.

Evaluation. Evaluating semantic data systems is substantially
more challenging than evaluating traditional data management
algorithms. Many semantic tasks admit multiple valid answers, and
their outputs must often be assessed along multiple dimensions.
For example, in AutoDDG, dataset descriptions were evaluated not
only for correctness, but also for completeness and conciseness
using a combination of existing descriptions, LLM judges, and hu-
man annotations. Similarly, constructing gold standards for schema
matching required months of work by domain experts, while exist-
ing benchmarks have become increasingly saturated and no longer
distinguish among the capabilities of modern LLM-based systems.

As semantic data systems become more complex, evaluation
must also evolve. Beyond measuring the accuracy of individual
tasks, future methodologies should assess the quality of reusable
semantic artifacts, the effectiveness of human-AI collaboration, the
robustness of workflow orchestration, and the ability of systems to
improve over time through accumulated semantic memory.

7 CONCLUSION

For decades, the central challenge in data management was process-
ing data efficiently. Today, the central challenge is understanding
what data mean. This shift requires more than applying LLMs to
existing problems. It calls for rethinking the architecture of data
management systems around a new computational capability: se-
mantic understanding.

The examples discussed in this paper illustrate one possible path
toward this goal. Across problems ranging from dataset discovery
and semantic type discovery to schema matching and data har-
monization, a common pattern emerges. LLMs provide semantic
reasoning and access to accumulated knowledge. Still, they are
most effective when embedded within carefully designed systems
that combine algorithmic methods, reusable workflows, human
expertise, and increasingly, agentic orchestration. Throughout this
process, semantic understanding is externalized into reusable ar-
tifacts—including dataset descriptions, semantic types, correspon-
dences, and harmonization specifications—that support both human
reasoning and automated workflows.

These observations suggest several principles for the design of
future semantic data systems. They should externalize semantic
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understanding into reusable artifacts; combine algorithms and se-
mantic reasoning through structured workflows; support efficient
human validation and refinement of semantic decisions; and expose
semantic capabilities as composable primitives that increasingly
capable agents can orchestrate.

Although this paper has focused on data discovery and integra-
tion, we believe these principles extend well beyond these tasks. As
semantic understanding becomes a first-class systems capability,
it has the potential to reshape many aspects of data management,
from data preparation and analytics to scientific discovery and de-
cision support. The models and agents will continue to evolve. The
enduring challenge for the database community is to design data
management systems that can effectively represent, maintain, rea-
son over, evaluate, and exploit semantic understanding as naturally
as today’s systems manage data itself. Meeting this challenge will
require new representations, architectures, and evaluation method-
ologies that transform this understanding into reliable, reusable,
and trustworthy data infrastructure.
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