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Abstract

The interaction between large language models (LLMs) and data management systems (DMSs)
has emerged as one of the most consequential intersections in contemporary computer science. This
interaction is bidirectional. In one direction (LLM4DB), LLMs assist, augment, or replace components
of a DMS. Cooperation with LLMs facilitates tasks such as natural language querying, data cleaning
and transformation, source integration, and semantic annotation. In the other direction (DB4LLM),
DMS architectures and techniques support the management and preparation of managing large-scale
multimodal training datasets for LLMs. They enable low-latency approximate nearest neighbour
search over high-dimensional vector data for retrieval-augmented generation at inference time. These
two directions exhibit a duality in which advances on one side create demand and opportunity on the
other. In this paper, we report on research on both sides of this duality. In this paper, we discuss
two projects in this space that we are engaged in, one in each direction.

1 Introduction

There is significant interest, both in academia and in industry, in investigating the alignment between
large language models (LLMs) and data management systems (DMS)'. Some share the view that LLMs
call into question the very reasons for the existence of the DMSs that centre around how to answer
questions over data accurately and efficiently [17]. Others argue that LLMs can address the limitations of
“traditional” machine learning (ML) models in data management and claim that LLMs offer opportunities
throughout the data pipeline [71]. These discussions are addressing one direction of the interaction:
LLMs for DMSs (LLM4DB), but the interaction is bidirectional, and there is a strong case to be made
for data management technology assisting LLMs (DB4LLM). These two directions exhibit a duality
where each strengthens (or can strengthen) the other.

The first direction (DB4LLM) addresses how DMS architectures and techniques can be used for the
training, serving, and retrieval requirements of the LLMs. Modern LLMs are data-intensive systems,
and their performance (in terms of quality) is tightly bound by the training dataset. The quality,
coverage, and organization of this dataset are, therefore, a significant concern. Data engineering provides
a systematic way of ensuring that the dataset is of appropriate quality through appropriate data
management techniques and the data preparation pipeline. The datasets that LLMs use are large-scale,
multimodal data, and the management of this data is what the data management community has
expertise in. The argument is not to use the existing technologies (e.g., relational DBMSs) but the
technologies that have been developed over the years (e.g., parallel data management, geo-distributed
data management, NoSQL system technologies, and stream data processing). The second component of
this direction is data preparation, which is the process of data acquisition, data integration, dataset

1We use the term “data management system" (DMS) to include systems that may not have full database management
system (DBMS) functionality, such as the NoSQL systems
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selection, and data quality enforcement. Data preparation ensures that the training datasets that LLMs
use are of high quality [3]. A recent challenge in this direction is the incorporation into the training
dataset of very high-dimensional vector data through embeddings with a new workload: approximate
nearest neighbour (ANN) search. On the serving side, retrieval-augmented generation (RAG) combines
LLM inference with an external knowledge store that is queried at runtime|31]. More specifically, for
reasonable latency, RAG systems demand low-latency approximate nearest neighbour (ANN) search
over billions of indexed vectors from multimodal data|16]. The quality of LLM-generated responses is
fundamentally determined by the performance characteristics of this retrieval layer.

The second direction (LLM4DB) reverses the connection: it concerns the use of LLMs to assist,
augment, or replace components of a DMS. The central point of this direction is that LLMs can assist
across a wide range of DMS tasks: translating natural language into executable queries, cleaning and
transforming messy data, integrating heterogeneous sources, generating semantic annotations, and
supporting decision-making. In these ways, they lower the expertise barrier for interacting with complex
DMSs. One of these tasks, namely the access of databases in natural language, is a long-term ambition
of the database community, with early work going back to Codd [11] and with repeated attempts
subsequently (e.g., [21, 32, 50, 63, 70]). This objective proved generally elusive until LLMs arrived with
sufficient language understanding to make it practically viable. Today, LLM4DB initiatives are broader,
and a number of major vendors embed LLM-based operators directly within SQL. This allows queries to
invoke model inference on data as a first-class query operation [2].

These two directions represent the duality between them. This paper reports on our research situated
on both sides. In DB4LLM direction, we describe our project that targets designing a data management
stack that can support Al workloads. In LLM4DB direction, the project involves developing a multi-agent
system to support natural language access to federated data sources.

2 Designing an AI-Native Data Management Stack

Providing a tighter integration of LLMs and database systems represents a new frontier in data
infrastructure, one that requires solving problems beyond the scope of traditional database research.
LLMs are trained on large amounts of data and are highly adaptable across downstream data management
tasks such as natural language to SQL translation [58], data cleaning and integration [12], and semantic
data processing [12, 25, 36, 17, 54], thereby enabling capabilities that are difficult or impossible to realize
with conventional methods alone. This adaptability has already motivated direct integration of LLMs
into SQL queries, also known as AI-SQL, as seen in PostgreSQL and DuckDB extensions [15, (1], as
well as in offerings from major data platforms such as Google [18], Snowflake [35], and Databricks [13].
Another increasingly important use case is the emergence of LLM-based data agents that autonomously
query and interact with data systems to automate complex, multi-step workflows [11]. This marks a
shift from using LLMs merely as components within data processing pipelines to treating LLM agents
as users of data systems [38].

However, current data systems are not yet designed for emerging LLM-agent users. The existing
DMS stack, from query languages and optimizers to indexes and resource managers, continues to assume
a predictable user in the background, whereas LLMs and LLM-based data agents often exhibit longer
and more variable execution times, irregular invocation patterns, and inherently non-deterministic
behaviour. This is important because the mismatch is fundamental rather than incidental: it challenges
the assumptions under which existing data systems expose abstractions, optimize execution, allocate
resources, and maintain correctness. If data systems continue to be built around assumptions that no
longer hold, they risk becoming a bottleneck for emerging Al-native applications, leading to inefficiency,
higher cost, increased latency, and weaker reliability. Addressing this mismatch is therefore necessary to
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ensure that data systems remain an effective foundation for LLM-agent workloads. We therefore aim to
redesign data systems to better support the workloads generated by LLM agents.

The problem with most of the existing LLM-database integrations is that they use the existing DMS
backends and make the optimizations to accommodate LLM or LLM-based agent workloads, which
leads to further issues later on. In practice, this means current solutions use existing DMS and build
scaffolding around the models of the moment through carefully engineered prompts, model-specific
retrieval strategies, and pipeline configurations tuned to the strengths and weaknesses of a particular
LLM. Yet such scaffolding can be fragile, and its optimizations do not reliably transfer across model
upgrades or even across model families. Empirical studies on prompt robustness show that even meaning-
preserving changes such as prompt formatting, instruction paraphrases, or the presentation of few-shot
examples that can induce large performance swings, and prompt variants that work best for one model
may correlate only weakly with those that work best for another [53]. Overall, model-tailored workflows
face even greater generalization risks when the underlying model is replaced by a newer, stronger, or
higher-reasoning one.

By contrast, the literature increasingly suggests that improvements in the systems layer and in the
design of tools for LLMs [(4] are more likely to remain useful as new models emerge. Recent work has
explored large-scale tool-use infrastructure [15]|, context management and validation mechanisms for
agentic workflows [3]. These contributions do not depend on a single prompt format or on compensating
for the weaknesses of one particular model; instead, they provide better interfaces, better execution
strategies, and better mechanisms for supplying and organizing information. When such tools are
available, LLMs can reason about which tool is most appropriate for the task at hand. As a result,
building better DMSs and tools for LLMs and LLM agents is more likely to complement stronger future
models rather than be invalidated by them. This distinction motivates our focus: rather than investing
primarily in better scaffolding around today’s models, we argue for building better systems and tools
for LLMs and LLM agents, so that the infrastructure becomes more valuable as the underlying models
improve.

2.1 Workload Characteristics

Modern use cases increasingly require querying across heterogeneous systems and data sources [29]. A
single workflow may need to access both structured and unstructured stores, such as relational databases,
document stores, APIs, knowledge graphs, and unstructured file collections.

2.1.1 Read Operations

Read and write operations expose the mismatch between traditional data-system assumptions and
LLM-agent behaviour in fundamentally different ways. On the read side, the mismatch lies between
the exact structural assumptions of traditional data systems and the greater tolerance of LLM agents
for ambiguity. In conventional systems, schema serves two main purposes: to preserve integrity under
update (cf. normal forms), and to support efficient query processing and integrity enforcement. When the
consumer is an LLM performing read-and-synthesize workloads, rather than executing precise analytical
queries or maintaining referential integrity, both justifications weaken. LLMs are trained over enormous
corpora of messy, weakly aligned, and heterogeneous data, and thus have strong priors for resolving
ambiguity across loosely structured sources. This resembles classical schema integration, but with a
key difference: the consumer itself is semantically flexible, shifting part of the reconciliation burden
from middleware to the model. As a result, systems may be able to relax some conventional schema
assumptions for read operations. At the same time, this flexibility complicates optimization, since
cost models must account not only for data access cost, but also for semantic interpretation, token
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expenditure, and the reliability of model-mediated retrieval.

2.1.2 Write Operations

Write operations are less forgiving. When multiple LLM agents operate concurrently over shared mutable
state, coordination and consistency cannot be left to the agents themselves. Unlike read-side ambiguity,
where the model can often recover a plausible interpretation, concurrent writes expose the system to
classical anomalies: lost updates when two agents overwrite the same artifact without awareness of one
another, stale or dirty reads when one agent acts on partially updated state, and violations of causal
ordering when logically dependent actions execute against inconsistent snapshots. These are familiar
problems in database systems, but they become novel in agentic settings because agent outputs are
non-deterministic, write intentions are harder to predict in advance, and multi-step actions may span
both structured and unstructured states.

The central design question is therefore not whether coordination is necessary, but when it is necessary
and what form it should take. Some classes of agent-written state admit coordination-free operation:
append-only logs, monotonically growing sets, or last-writer-wins registers for non-critical metadata
may tolerate weak consistency or well-defined merge semantics. Other classes of state require stronger
guarantees, but the required strength depends on the property of interest: local constraint preservation,
causal consistency, or full transactional isolation. This suggests that agent-oriented systems should
expose a richer space of write semantics than the traditional binary choice between strict transactions
and weak eventual consistency.

One promising point in this design space is optimistic concurrency control (OCC). Rather than
synchronizing all agent actions eagerly, the system may allow speculative progress and validate updates
at commit time. This is attractive in agentic settings because many concurrent actions will not conflict,
while eager coordination may impose unnecessary latency and serialization. Yet OCC alone may be
insufficient when writes are uncertain, semantically ambiguous, or difficult to validate automatically.
In such cases, branching becomes a useful generalization of optimism: instead of forcing uncertain or
potentially conflicting updates directly into shared state, the system can isolate them into separate
branches for later validation, comparison, merging, or approval. In this sense, branching can be viewed
as an extension of OCC for agentic environments, one that accommodates not only conflict detection,
but also deferred semantic reconciliation and human oversight where needed.

For state that does not require strict isolation, but for which coordination-free convergence is too
weak, probabilistic consistency models offer a principled middle ground. Probabilistically Bounded
Staleness (PBS) [5] showed that eventually consistent partial-quorum systems often return consistent
data within milliseconds of a write, and that staleness can be quantified continuously along both version
and time axes rather than treated as a binary property. This perspective is especially appealing for
agentic workloads, where some reads—for example, over context summaries, cached tool outputs, or
non-critical metadata—may tolerate bounded staleness in exchange for lower latency. PBS therefore
provides a useful foundation for reasoning about freshness-latency trade-offs in LLM-facing systems.
However, the original PBS analysis focused on single-key staleness. Extending such reasoning to the
multi-key, multi-agent setting required by agentic architectures, where causal relationships and atomicity
requirements span multiple objects and actions, remains an open problem.

2.2 Deep Dive into the Stack

Redesigning data systems for LLM-agent users brings challenges with little precedent in traditional
database research and calls for a fundamental rethinking of the data stack. This requires not only
revisiting existing components, but also introducing new ones tailored to the demands of these emerging
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Figure 1: AI Native Stack Architecture.

workloads. Across these design choices, three key dimensions are worth optimizing for: accuracy, cost,
and system efficiency. Figure 1 illustrates our overall architecture. In this section, we discuss the key
aspects of workload characteristics, system’s querying interface, the adaptations needed in the existing
DMS architecture, and the new components required to support the LLM-agent workload.

2.2.1 Querying Interface

Heterogeneous querying naturally raises the question of how query interfaces should be reconsidered
for the new system. A structured declarative interface is particularly helpful when large or complex
queries are difficult to express reliably in natural language alone. At the same time, even as workloads
change, much of the world’s valuable data remains stored in relational DBMSs. For that reason, we
emphasize that nearly any system developed in this space should continue to support SQL, given its
longevity and central role in data management [59]. A natural direction, then, is to build on top of SQL
rather than discard it entirely. AI-SQL syntax can be viewed in this light, as a more expressive interface
that extends SQL to better support LLM functionality, heterogeneous data access, and agent-driven
workloads while preserving a declarative style. However, the implications of these new workloads for
query languages and interfaces go beyond simply extending SQL. Prior critiques have already pointed
out that SQL’s irregular syntax, implicit ordering between clauses, and limited abstraction mechanisms
create usability challenges even for human users [13]. For LLM agents, these issues become even more
pronounced: irregular grammar increases the error surface for query generation, verbosity inflates token
costs at scale, and fragmentation into incompatible dialects across systems makes querying heterogeneous
sources especially fragile. This suggests value not only in supporting SQL and exploring extensions such
as AI-SQL, but also in investigating alternative representations and interfaces that may reduce token
cost, improve robustness, and better fit multi-source, agent-oriented workloads.

2.2.2 Rethinking Existing Components and Building New Ones

Building views, caching, and indexing will remain central, but they need to be reconsidered for LLM-
agent workloads. Classical work has already shown how powerful views can be for query answering,
source integration, and reusing expensive computation across queries [20]; in the same spirit, an
Al-native stack should revisit these mechanisms under the assumptions of semantic, multi-step, and
heterogeneous workloads. A view may no longer be just a stored relational subquery, but also a reusable
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intermediate result such as a filtered context set, an extracted schema summary, or a semantically
enriched representation prepared for downstream reasoning. Caching similarly extends beyond tuples and
pages to model responses, prompt-conditioned retrieval results, and intermediate outputs whose reuse
depends not only on key equality, but also on task context, approximation tolerance, and model choice.
Indexing, in turn, must support not only exact predicate evaluation, but also semantic access paths over
embeddings, metadata, and cross-source references. The point is that the role of traditional components
expands: they must now help the system reduce repeated model calls, control token and compute cost,
and support more efficient and reliable execution over heterogeneous data and agent-driven workflows.

Managing context becomes a first-class systems problem in our setting. Unlike a traditional query
processor, an agent repeatedly invokes an LLM across multiple steps, and each step must decide what
information from prior interactions, retrieved data, tool outputs, and task instructions should be carried
forward into the next call. This makes context construction far more than a prompt-writing issue: it
requires dynamically selecting, compressing, and structuring the right state for the current decision.
Prior work already shows that seemingly small changes in prompt wording or example selection can
materially affect performance |12, 19|, while irrelevant information in the input can degrade quality even
when the relevant information is present |57]. For agentic systems, this implies that context should not
be treated as a raw transcript or a full dump of available state, but as a curated representation of only
the information necessary for the next action. A system that exposes too little context leaves the agent
under-informed; a system that exposes too much increases token cost, dilutes attention, and raises the
likelihood of error.

Metadata management is equally important because agents often rely on auxiliary information to
interpret data, select tools, and decide what to do next. Schema descriptions, data dictionaries, tool
specifications, retrieved examples, execution history, and summaries of prior intermediate results can all
improve performance when they are relevant, but they also introduce overhead and can interfere with
reasoning when included indiscriminately. This tension becomes more severe in multi-step workflows,
where mistakes in early context selection can compound over time. Studies of agentic search, for example,
suggest that once an agent is nudged toward the wrong local path, it may continue refining that path
rather than broadening its search, amplifying early errors across subsequent steps [14]. From this
perspective, metadata is not just supporting information; it is part of the control surface of the system.
The key challenge is therefore not merely to store metadata, but to determine what metadata should be
surfaced, in what form, and at which step, so that the agent remains both well-grounded and efficient.

Tools are equally important in this setting because they shape how agents plan, decompose, and
execute tasks over data systems. Examples include schema inspection tools that reveal available tables
and attributes, query execution tools that allow the agent to test and refine candidate queries, vector
retrieval tools that fetch relevant documents or rows, validation tools that check whether outputs satisfy
constraints, and cost-estimation tools that help compare alternative plans. Consider an agent asked to
“find customers whose recent support tickets mention billing issues and summarize the common causes.”
Without tools, the agent would have to guess the schema, write a query from memory, and reason
about the results entirely within the model. With tools, it can first inspect the schema to discover
the ticket and customer tables, issue a query to retrieve recent billing-related tickets, use retrieval or
semantic filtering to identify relevant text, validate that the join keys and predicates are correct, and
then summarize only the filtered results. In this way, tools do not merely assist execution; they help the
agent form better plans by grounding each step in system feedback, reducing unnecessary reasoning,
and making multi-step interaction with heterogeneous data more reliable.

Taken together, these considerations have direct implications for the design of operators, the query
optimizer, and the execution engine. The system can no longer rely solely on traditional relational
operators and cost assumptions, but must introduce operators that account for semantic retrieval, model
invocation, validation, tool use, and interaction across heterogeneous sources. The optimizer, in turn,

45



must reason not only about compute and I/O, but also about token cost, latency, model selection,
approximation, and the uncertainty introduced by non-deterministic components. The execution engine
must support adaptive, multi-step execution in which later decisions may depend on intermediate model
outputs, tool feedback, and runtime conditions. Supporting LLM-agent workloads is therefore not
simply a matter of attaching models to an existing engine; it requires rethinking the core machinery
that determines what operations are available, how plans are chosen, and how those plans are executed.

2.3 Query Processing and Optimization

For the systems layer beneath Al agents, the central query-processing challenge is not merely supporting
larger datasets, but supporting repeated and expensive interaction with LLM-based users. Each agent
request may trigger multiple rounds of retrieval, reasoning, validation, and tool invocation, making
execution costlier, less regular, and harder to predict than in traditional data systems. As a result,
the system is no longer optimizing only for fast execution of a well-specified query, but for dependable
support of requests that unfold through uncertain and adaptive steps. This tightly couples cost, latency,
and accuracy: improving accuracy may require richer context, additional verification, or stronger models,
each of which increases both response time and system cost. The role of the system, then, is not merely
to execute requests efficiently, but to manage these tradeoffs in a principled way.

A major source of this difficulty is that query processing is increasingly dominated by the Al layer
rather than by conventional database execution. Retrieval, filtering, joins, and other database operations
may still complete relatively quickly, while the surrounding LLM calls dominate end-to-end latency and
monetary cost. One practical observation is that not every interaction requires the same level of reasoning
power: simpler cases may be handled by cheaper models, while only harder cases justify the use of frontier
models. This motivates mechanisms such as model cascades, which have been explored in adjacent
settings and, more recently, in AI-SQL and LLM-powered data processing systems [1, 9, 27, 39, 17].
From the perspective of the underlying system, however, cascades are only one part of the solution.
They reduce the cost of individual model decisions, but do not change the fact that the system may still
need to support too many model invocations overall. Running models locally shifts this burden from
API spending to infrastructure provisioning, but does not eliminate it; the bottleneck simply moves
from the billing layer to the GPU layer [2|. Thus, the core problem is not only where inference runs, but
how the system determines when inference is necessary at all.

This has important implications for jointly considering logical and physical optimizations [1]|. Existing
work has explored physical optimizations such as batching, prefix caching, KV-cache compression, and
model selection [37, 52, 55], as well as logical optimizations such as semantic operators and rewrite
strategies that alter what computation is performed and in what order |15, 25, 17, 541]. However, these
examples are largely drawn from AI-SQL and LLM-powered data-processing systems rather than from
systems designed natively around Al-agent users. For a system serving Al agents, these two levels
cannot be treated independently. Decisions about rewriting, decomposition, or tool selection affect how
many model calls are made and what physical optimization opportunities remain; conversely, knowledge
of model cost, cacheability, and latency should influence which logical alternatives the system prefers.
Query optimization therefore becomes inherently multi-objective: the system must balance monetary
cost, end-to-end latency, and overall system efficiency, while also accounting for approximation and
uncertainty. The rewrite space becomes correspondingly richer. Optimization is no longer limited
to algebraic equivalences inside a query plan, but may involve rewriting an entire execution pipeline,
changing the order of retrieval and filtering, deciding when to rely on symbolic execution instead of a
model, selecting among cascades of different cost and capability, or replacing repeated reasoning with
cached or precomputed results. In this sense, the design challenge is broader than extending an existing
engine with LLM support. It requires a system that can jointly reason about logical and physical choices
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for Al-agent workloads. To our knowledge, this agent-native systems perspective remains largely open
in the current literature.

3 A Multi-Agent System for Analytics over Heterogeneous Federated
Systems

The preceding section addresses the cost of invoking LLMs at the granularity of individual data points.
A complementary problem arises in analytical workloads: complex queries that combine evidence from
multiple autonomous data sources to support decision-making. We define this problem, characterize what
makes it hard, explain why existing approaches do not solve it, and present a multi-agent architecture
that addresses the gap.

3.1 Problem Definition

Modern data science projects involve multimodal data from many different sources. Structured facts
reside in relational DBMSs, entities and relationships required for linkage and reasoning are maintained
in knowledge graphs, and narrative context and business details are recorded in document corpora.
These data are held and managed by autonomous systems, each retaining its own data model, query
interface, and operational semantics. In the database literature, such a setting is a heterogeneous
federated system: a collection of autonomous data sources that must be queried together without
physical centralization [15, 56]. The defining properties are source autonomy, heterogeneity, and virtual
rather than materialized integration [56|. Traditionally, such federations are accessed through dedicated
wrappers that expose each source’s capabilities, coordinated by a mediator that decomposes queries
across them [15, 66]. We extend that model beyond database sources to include knowledge graphs and
document collections alongside relational DBMSs. Two structural features of this federated setting are
central. First, the data is multimodal. Second, the federation is heterogeneous not only across modalities
but within them: two relational DBMSs may expose different SQL dialects and schemas; two document
collections may differ in whether layout information is indexed. No global schema governs the federation,
and the system must discover what each source can do at query time [15].

We consider analytical workloads: mostly read-only, decision-support queries over historical data that
combine operators such as filtering, aggregation, comparison, and linkage to identify trends, generate
reports, and derive insights. We extend traditional relational OLAP workloads to those that may draw on
semi-structured and unstructured data and require reasoning that spans modality boundaries. Consider
the query: “Assess the credit risk exposure across our top 20 suppliers over the past fiscal year: correlate
payment delays and outstanding receivables with corporate ownership structures to identify concentrated
risk, and flag any supplier whose audited financial statements show deteriorating liquidity ratios or
covenant breaches.” Answering this requires relational aggregation over procurement and accounts-payable
records (payment timeliness, invoice aging, outstanding receivables); graph traversal over corporate
ownership and cross-guarantee relationships, discovering, for instance, that three apparently independent
suppliers are subsidiaries of the same parent entity, which concentrates risk; and layout-aware extraction
from audited financial statements and credit rating reports, visually complex PDF documents containing
multi-column financial tables and trend charts whose liquidity ratios, debt-to-equity figures, and auditor
qualification notes are not available in any structured source.

No single source or modality suffices, and the difficulty is not merely additive. Four properties
distinguish such complex analytical tasks from simpler cross-source lookups:

1. Source involvement is query-dependent: which sources are relevant cannot be determined
before the query is issued, i.e., data localization is required for each query. In the example, the
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supplier ownership graph becomes necessary only after the relational aggregation reveals which
suppliers qualify.

2. Reasoning trajectories are correlated: each step may condition on the output of previous
steps, so that errors or omissions at any stage compound rather than average out. The ownership
resolution, for instance, depends on the set of suppliers identified by the initial aggregation.

3. Sources may require iterative access: intermediate results may reveal new information needs
that require returning to a previously consulted source, or accessing a source that was not part of the
original plan. The initial graph traversal may surface a parent entity whose financial statements
must then be retrieved, triggering a second round of document extraction not foreseeable at
planning time.

4. Evidence must be synthesized across modalities with provenance: the final answer must
compose results whose representations, semantics, and granularity differ across sources, and present
the composite result with a trace sufficient for a domain expert to verify each claim against its
origin. The credit risk assessment must reconcile a numeric total from a relational table, an
ownership path from a knowledge graph, and an auditor qualification from a PDF, each traceable
to its source.

These properties make it impractical for users to manually formulate and execute such queries.
Domain experts understand what they need to know, but cannot efficiently execute the multi-step,
multi-paradigm procedures their questions require [26, 28|. Analytics teams face backlogs that span
weeks or months, and many questions go unasked because the cost of formulating them exceeds the
perceived payoff.

LLMs offer a path forward: their natural language understanding, code generation, and tool invocation
capabilities make it possible to interact with diverse data sources on the user’s behalf, bridging the gap
between what domain experts can ask and what federated systems can execute. This work falls within
the direction of using LLMs for data management, specifically using LLM-based agents to perform
complex analytical tasks over heterogeneous federated systems that were previously infeasible without
deep technical expertise across multiple query paradigms.

3.2 Why Existing Approaches Fall Short

Several existing approaches address parts of this problem, but none solves it fully.

Single-modality natural language interfaces. Text-to-SQL systems translate natural language into
SQL [23, 40], KGQA systems generate SPARQL queries [30], and RAG systems retrieve passages and
condition a language model on them [19, 31|. Each is confined to its modality: when an analytical task
spans multiple modalities, no single-modality interface can serve as the sole solution.

Polystore and data federation systems. Polystore systems such as BigDAWG [16]| and query frame-
works such as Apache Calcite [6] provide execution infrastructure across multiple storage engines.
However, cross-engine decomposition remains a user responsibility, they require formal query languages
(which do not help domain experts who lack the technical skills to write them), they rely on upfront
schema mediation that contradicts the virtual integration model of federated systems [56], and they
primarily target structured data with limited support for unstructured documents.

LLM-based agents. LLM-based agents [69] can accept natural language and invoke external tools in
sequence, but the four complexity properties expose fundamental limitations. Because sources differ in
what they can do and the relevant sources are not known in advance, the agent must reason about each
source’s characteristics; in practice, single-agent systems treat all APIs as interchangeable [62]. Because
reasoning trajectories are correlated, an error in an early step propagates through all subsequent steps
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with no mechanism for intermediate validation. When combined with RAG, all data access is reduced
to retrieving passages and then generating text, which cannot replace the structured computation that

different sources provide [19]. The agent also typically produces a final answer without maintaining a
record of which source contributed which claim.
General-purpose multi-agent frameworks. AutoGen [68], Camel [33] and MetaGPT [22] allow multiple

agents to collaborate, but they are general-purpose coordination tools, not designed for heterogeneous
data analytics. Agents decide what to do next through conversation without an explicit plan that
can be validated before execution. The frameworks do not model what each data source can do, so
source-level reasoning limitations carry over from single-agent designs. Intermediate results are exchanged
as unstructured text without provenance records.

In sum, none of these approaches fully addresses the problem. To enable complex analytical tasks
over heterogeneous federated systems, we need a dedicated multi-agent architecture in which each
data source is served by a specialized agent that understands that source’s specific characteristics,
coordinated by a planning and execution layer that can reason about what each source can do, validate
intermediate results, and assemble a traceable final answer. We refer to this coordination as compositional
orchestration.

3.3 A Multi-Agent Architecture

The traditional mediator/wrapper approach [15, 66] works when queries are expressed in a formal
language, the relevant sources can be identified from the schema, and decomposition follows deterministic
rewriting rules. The four complexity properties require capabilities beyond static query processing:
interpreting natural language input, determining which sources are relevant as intermediate results reveal
new needs, evaluating partial results to decide whether to proceed or re-plan, and composing evidence
across representations with no shared data model. These decisions depend on the content and quality of
intermediate results at runtime and cannot be specified as rewriting rules before execution begins. What
might work better is an agentic approach: system components that can autonomously perceive their
operating context, reason about what action to take, and adapt based on observed outcomes [67].

The heterogeneity of sources, not just across modalities but within them, means that interacting
with a given source requires understanding that source’s specific interface, schema, and operational
constraints. A single agent cannot maintain this depth across all sources in the federation. This motivates
a multi-agent design in which each source is served by a dedicated specialist. Figure 2 shows the resulting
architecture, which comprises five components and a provenance-by-construction design. The upper
layer contains three general agents (User Agent, Orchestrator, Executor) that handle query refinement,
planning, and execution coordination, all grounded in a shared Metadata Repository (MR). The lower
layer contains Specialized Data Agents (SDAs), each dedicated to a specific data source and interacting
with it via native query execution. Provenance records flow through the entire pipeline, from individual
SDA results back through the Executor to the final answer presented by the User Agent.

Specialized Data Agents (SDAs). Each data source is served by a dedicated agent operating within
a purpose-built execution environment that determines which operations the agent can perform. We call
the complete set of these operations the source’s action space. The action space includes all operations
exposed by the source’s native query interface as well as any prebuilt operations for frequently needed
tasks. For this prototype, we develop an SDA for relational DBMSs whose action space covers the full
SQL interface and schema exploration [34], one for knowledge graphs covering SPARQL and ontology
navigation with tool-augmented entity resolution [24|, and one for document collections covering retrieval
and layout-aware extraction [51]. The execution environment may additionally include higher-level
operations such as parameterized query templates or domain-specific extraction routines that extend
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Figure 2: Multi-agent architecture for analytics over heterogeneous federated systems. The User Agent
refines queries through multi-turn dialogue grounded in MR; the Orchestrator consults MR to produce
an explicit query plan; the ephemeral Executor dispatches subtasks to source-level SDAs via multi-turn
coordination, validates intermediate results, and can request re-planning. Each SDA operates within a
purpose-built execution environment tailored to its source’s native interface. Specialization is at the
source level, not the modality level: Source N illustrates that additional sources of any type (e.g., a
second relational DBMS or a video store) are each served by their own SDA instance.

the action space beyond raw query execution. Although each agent targets a particular modality,
specialization occurs at the source level: two relational DBMSs with different schemas are served by two
distinct agent instances.

Metadata Repository (MR). The system maintains a central record of what each source contains
and what each agent can do, including source-level metadata, an agent registry, and previously successful
query plans. This allows the system to operate without a global schema: it looks up the characteristics
of each source in MR when planning a query. When a source is added or changes, only MR is updated.
As shown in Figure 2, MR is consulted by all components: the UA for user intent clarification, the
Orchestrator for plan-stage metadata lookup, and the Executor for runtime re-routing decisions.

Orchestrator. Given a refined query @’ from the UA (Figure 2), the Orchestrator consults MR and
produces a query plan consisting of subtasks assigned to specific sources with explicit dependencies. It
does not execute the plan itself but passes the plan and @’ to an Executor. Separating planning from
execution prevents any single component from having to both decide what to do and carry it out, which
becomes unmanageable as the number of sources and the depth of reasoning grow. The separation
also enables parallelism: the Orchestrator can continue planning new queries while multiple Executors
concurrently carry out previously issued plans. The explicit plan can be validated before any source is
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queried, catching problems such as assigning a subtask to a source whose action space does not include
the required operation.

Executor. The Executor carries out the plan by dispatching subtasks to SDAs through multi-turn
coordination (Figure 2), managing the flow of intermediate results, and handling parallel and sequential
execution. Fach Executor is spawned per query and discarded afterward. Before passing any result to
the next step, the Executor validates it and can re-route to an alternative source or reformulate the
subtask if something goes wrong. When more fundamental issues arise, it sends a re-plan request back
to the Orchestrator This intermediate validation is the primary mechanism for preventing per-step errors
from compounding through the plan. The Executor’s execution trace and successful patterns can be
recorded in MR as runtime updates for future reuse.

User Agent (UA). A conversational entry point that receives natural language queries and engages
in multi-turn dialogue to clarify ambiguous references, grounded in MR. A reference to “sales data” may
correspond to a CRM database or an analytics warehouse; the UA consults MR to determine which
sources exist and what they contain, enabling disambiguation grounded in the actual data landscape.
On the output side, the UA presents the final answer with provenance information, allowing the user to
verify each claim, and can persist successful query plans and execution traces back to MR as reusable
assets.

Provenance-by-construction. Every intermediate result carries a record of which source produced it
and what evidence supports it. As results are combined across sources, these records are preserved and
composed. The final answer includes a complete trace, binding each claim to its source evidence. When
sources disagree or evidence is insufficient, the system surfaces the conflict rather than silently choosing
one version. We call this provenance-by-construction: claim-evidence bindings are built incrementally as
results flow through the pipeline, rather than attached after the fact.

3.4 Open Challenges

This architecture raises several research challenges that the community has not yet addressed.

Query understanding and disambiguation. The UA receives natural language queries that may
contain ambiguous references, implicit constraints, or domain-specific terminology. Before any planning
can begin, the system must resolve what the user is asking. A reference to “sales data” may correspond
to a CRM database, an analytics warehouse, or both; a request for “recent” results requires a specific
time range. The UA consults MR to determine which sources exist and what they contain, enabling
it to ground the disambiguation in the actual data landscape rather than guessing. When the query
remains ambiguous after one pass, the UA engages in multi-turn dialogue to refine the intent before
forwarding a resolved query to the Orchestrator. This challenge is a prerequisite for all subsequent steps:
an incorrectly interpreted query yields a correct plan for the wrong question.

Dynamic decomposition under unknown source requirements. The Orchestrator must decom-
pose a query into subtasks and assign each to a source, but these decisions are interdependent. The best
decomposition depends on which sources are available, and which sources are relevant may only become
clear as intermediate results arrive. In the credit risk example, the supplier ownership graph becomes
necessary only after the relational aggregation identifies qualifying suppliers. This demands iterative or
conditional planning, not just a single upfront decomposition. Existing plan-generation methods do not
account for this kind of dynamic source discovery [62].
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Routing and execution with intermediate validation. Even with a sound plan, executing it
correctly requires matching each subtask to a source whose action space includes the required operation
and validating intermediate results before they are consumed downstream. This matching must account
for differences both across and within modalities: a subtask requiring graph traversal cannot be sent
to a relational DBMS, but equally, a subtask requiring a specific table cannot be sent to an arbitrary
DBMS. Without this intermediate validation, per-step errors compound multiplicatively through the
plan. Designing validation policies that detect subtle type mismatches or incomplete results without
access to ground truth remains an open problem.

Cross-source entity resolution. Entities are represented differently across modalities: a supplier
appears as a row with a vendor ID in a relational table, as a named entity in a knowledge graph,
and as a name mention in a PDF. Before results from different sources can be correctly combined,
these representations must be aligned. This resolution is not a one-time preprocessing step but arises
dynamically during execution, because the entities to be aligned depend on intermediate results produced
by earlier subtasks.

Cross-modality provenance composition. Database provenance [7] and truth discovery [14] are
well-studied individually, but composing provenance across modality boundaries in LLM-based pipelines
is largely open. When a claim depends on a reasoning chain that spans all three modalities, the
provenance record must compose across these boundaries while remaining interpretable to a human
user. The challenge is twofold: reconciling different forms of evidence into a unified trace that a domain
expert can follow, and detecting when sources conflict or when the available evidence is insufficient to
support a claim.

Source registration and metadata evolution. The architecture depends on MR maintaining an
accurate record of each source’s action space, metadata, and access constraints. In practice, these records
are inherently incomplete even for a static federation, because fully exploring every source upfront is
infeasible: a relational DBMS may contain thousands of tables with undocumented columns. The system
must therefore operate under partial knowledge and refine its records incrementally as queries reveal new
information about what each source contains and can do. Beyond this initial incompleteness, sources also
evolve over time: a relational DBMS may add new tables or deprecate old ones, a document collection
may be re-indexed with richer metadata, and a knowledge graph may incorporate a large batch of new
entities. If MR’s records are stale or incomplete, the Orchestrator may route subtasks to sources that
cannot perform the required operation, or miss sources that could have contributed. Bootstrapping
records for new sources, refining them through query experience, and detecting when existing records
have become outdated are all open problems that affect the reliability of planning and routing.

Evaluation gaps. Existing cross-source benchmarks such as HybridQA [10] and MultiModalQA [60]
combine a small number of modalities and do not require source discovery, within-modality routing, or
provenance assembly. More recent efforts such as FDA-Bench [65] expand modality coverage but do not
isolate the contributions of the orchestration layer or evaluate provenance quality. Building benchmarks
that jointly test capability-aware routing, provenance assembly, and adaptive re-planning, including gold
decomposition plans and gold provenance records, is itself a significant research challenge.
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4 Conclusion

In this paper we presented two research projects that are placed on the opposite sides of the LLM-DMS
duality. On the DB4LLM side, the project aims to support LLM-agent workloads that go beyond
attaching a model to an existing infrastructure; it requires a new design of the data stack. The mismatch
between traditional DMS assumptions and the non-deterministic, adaptive behaviour of LLM agents is
structural. Therefore, addressing these workloads requires building systems whose features are designed
to support agent workloads. On the LLM4DB direction, we describe a project that explores a multi-agent
approach for analytical queries over heterogeneous federated systems. In this system specialized data
agents, a metadata repository, and a distinct planning-and-execution layer interact to enable complex,
multi-step queries expressed in natural language. The queries execute over multiple data sources including
relational databases, knowledge graphs and document collections.

Taken together, these two projects illustrate the some of the issues central to the LLM-DMS duality:
advances in data management infrastructure make LLM-based analytical systems more reliable and
efficient, while the demands of LL.M-agent workloads expose limitations in existing DMS designs and
motivate new DMS designs. The challenges highlighted by these projects are largely open problems.
We hope that framing these problems in terms of the broader duality will encourage the community to
engage with both directions together, recognizing that progress on one side creates both demand and
opportunity on the other.
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