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Abstract
Large language models (LLMs) and AI agents have demonstrated strong potential for data integration
in zero-shot and few-shot settings. However, they continue to face significant accuracy and cost chal-
lenges in enterprise environments due to a persistent knowledge gap. This paper envisions trustworthy,
scalable, and cost-efficient integration through knowledge-grounded LLMs and agents operating within
a retrieval-augmented generation (RAG) workflow. Here, trustworthiness refers to evidence-grounded,
verifiable reasoning, where integration decisions are transparently supported by retrieved knowledge,
robust against hallucination, and consistent across tasks. We trace the evolution from classic RAG
to GraphRAG and KG-RAG (knowledge graph-based RAG), highlighting how these paradigms bridge
parametric and contextual knowledge. Building on this trajectory, we explore the shift toward Agentic
RAG, where autonomous multi-agent systems adaptively plan, retrieve, refine, and reason for complex
integration tasks. We examine optimization strategies for cost-efficient integration, addressing compu-
tational bottlenecks in large-scale enterprise settings. Finally, we outline open challenges and future
directions toward building reliable, explainable, and scalable knowledge-grounded integration systems.

1 Introduction
Data integration addresses heterogeneity by reconciling inconsistencies and conflicts across multiple sources
to provide a unified view for data analytics and machine learning [1], making it a fundamental task in modern
data engineering and management. Integration is typically decomposed into subtasks such as schema matching,
entity matching, entity resolution, column type annotation, and column property annotation, etc. However,
semantic heterogeneity across sources poses substantial obstacles to establishing correspondences and resolving
conflicts [2]. In particular, domain-specific abbreviations and acronyms in table, entity, and column names,
combined with diverse naming conventions, create significant challenges for reliable integration.
Example 1: In medical and healthcare data integration, systems must reconcile heterogeneous representations
across sources. A schema matcher must recognize that abbreviations and acronyms denote patient identifiers,
such as MRN (Medical Record Number) in an electronic health record (EHR) system and Pat ID in a laboratory
information system. An entity matcher must determine that J. Smith, DOB 1985-03-12” in the EHR and
John A. Smith, 03/12/85” in the lab system refer to the same individual. A column type annotation
(CTA) system must annotate the ICD10 code column as Medical Code rather than Product Code.

To address heterogeneity across data sources, data integration has been studied through rule-based heuris-
tics [3], supervised machine learning [4], and pre-trained language models (PLMs) [5]. Rule-based methods
rely heavily on domain expertise to design and maintain rules, while machine learning and PLM approaches de-
mand large labeled datasets and incur substantial computational cost. Recent advances in LLMs and AI agents
have driven a paradigm shift from supervised learning to in-context learning [6, 7]. LLMs now demonstrate
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competitive performance on core integration tasks including schema matching [8], entity matching [9], entity
resolution [10], and column type annotation [11] under in-context learning and fine-tuning settings.

Nevertheless, LLMs face systemic limitations that hinder their effectiveness for enterprise-scale data integra-
tion. They suffer from both false negatives and false positives, reflecting two sides of the same knowledge gap.
(1) Enterprise integration is inherently difficult: evolving schemas, heterogeneous sources, and domain-specific
conventions demand continuous adaptation. LLMs and Agents make matching decisions primarily on static
parametric knowledge and lack access to domain-specific and up-to-date contextual information, leading to
missed matches (false negatives). (2) Severe class imbalance and hallucination tendencies undermine accuracy:
datasets dominated by non-matching pairs amplify inherent biases, while superficial lexical cues mislead models
into spurious matches (false positives). Limited reasoning capabilities exacerbate both error types. (3) The sub-
stantial scale of enterprise tables and entities, coupled with diverse column types (e.g., abbreviations, numeric
values), imposes prohibitive computational overhead due to the large number of comparisons required. As a
result, LLM-based integration often suffers from performance degradation and high cost [12, 13]. Beyond ac-
curacy and efficiency, a critical missing dimension is trustworthiness, defined as evidence-grounded, verifiable
reasoning. Trustworthiness ensures that integration decisions are transparently supported by retrieved knowl-
edge, robust against hallucination, and logically consistent across tasks. Unlike traditional evaluation focused
solely on matching accuracy, it emphasizes validation and explainability, making integration reliable for enter-
prise deployment. These limitations arise from the prevailing paradigm in which LLMs act as matchmaker [14],
generating outputs solely from internal knowledge. Without grounding in structured and contextual evidence,
such out-of-the-box models fail to deliver robust integration in complex enterprise settings [15].

We argue that LLM-based data integration must shift from fine-tuned and in-context learning approaches
to knowledge-grounded paradigms that ground LLMs with precise external knowledge for complex reasoning.
The central question motivating this work is: How can we ground LLMs and Agents with external knowledge to
make data integration trustworthy, scalable, and cost-efficient? This paper outlines a vision for trustworthy and
cost-efficient data integration from naı̈ve RAG to agentic RAG. We summarize our contributions below:
• We present a systematic analysis of the challenges and knowledge gaps in LLM-based data integration, along

with the technical limitations of knowledge-grounded approaches, tracing their evolution from naı̈ve RAG to
GraphRAG and KG-RAG.

• We propose a vision for trustworthy and cost-efficient data integration with agentic RAG, and design a
roadmap and architecture that incorporate adaptive retrieval, batch processing, and graph-based memory.

• We highlight key research gaps and opportunities for advancing trustworthy and cost-efficient agentic RAG-
based data integration.

The remainder of this paper is organized as follows. In §2, we examine the challenges of LLM-based
data integration and the underlying knowledge gap that hinders trustworthiness. In §3, we review emerging
knowledge-grounded integration systems and highlight their technical limitations. Building on these insights,
§4 outlines our vision and roadmap for trustworthy and cost-efficient agentic RAG-based integration. Finally,
§5 summarizes the key research gaps and opportunities for advancing agentic RAG in data integration.

2 Bridging the Knowledge Gap for LLM-based Data Integration
This section examines the systemic challenges of LLM-based data integration and highlights the knowledge gap
that underlies them, motivating the shift toward knowledge-grounded approaches.

2.1 Challenges of LLM for Data Integration
LLMs have been applied to schema matching, entity matching, and column type annotation using paradigms
such as zero-shot learning [14, 16] with chain-of-thought (CoT) reasoning [17], few-shot learning with in-
struction tuning [18], and supervised fine-tuning (SFT) with low-rank adaptation (LoRA) [19], as depicted in
Figure 1. Despite their strong reasoning capabilities, LLM-based integration suffers from three interrelated
limitations, all rooted in reliance on closed-world parametric knowledge.
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Figure 1: LLM for Data Integration.

Hallucination and Class Imbalance. LLMs fre-
quently generate incorrect correspondences when re-
lying solely on internal parametric knowledge. In
some cases, they miss true matches (false nega-
tives) due to a lack of domain-specific or contextual
knowledge. In other cases, they hallucinate spurious
matches (false positives), misled by superficial lex-
ical or syntactic cues [12]. This dual vulnerability
is amplified by extreme class imbalance: candidate
pairs generated via Cartesian product are dominated
by non-matching pairs, making true matches rare [2]. As a result, LLMs struggle to learn the sparse target
distribution, undermining accuracy.
Dependence on Labeled Data. While LLMs reduce the need for task-specific labeled data compared to tra-
ditional PLMs and machine learning approaches, fine-tuning, few-shot learning, and reward-based agent op-
timization still require curated examples with labeled data. For instance, fine-tuning even small models for
entity matching demands thousands of labeled pairs [4]. In practice, such labeled data is often unavailable in
enterprise-scale data integration scenarios, limiting applicability.
High Computational and Inference Costs. LLM-based integration incurs prohibitive costs in fine-tuning,
inference, and token consumption. Without external knowledge grounding, models must rely on parametric
memory for complex reasoning, leading to long inference chains and quadratic scaling of API calls due to pair-
wise matching. Recent works show that fine-tuning Jellyfish-8B requires multiple GPUs and hours of training,
while fine-tuning GPT-4o for entity matching costs tens to hundreds of dollars even with small datasets [12, 13].
Such overheads make LLM-based integration impractical for large-scale enterprise data engineering.

Together, these challenges illustrate that LLMs, when treated as probabilistic “black box” matchmaker [14],
fail to deliver trustworthy and cost-efficient integration. Their reliance on static parametric knowledge leaves
them unable to adapt to evolving schemas, heterogeneous sources, and domain-specific conventions [15].

2.2 Knowledge-Grounded LLMs and AI Agents for Trustworthy Data Integration
The fundamental limitation of current LLM-based and agent-based integration paradigms is the absence of
contextual knowledge for verifiable, fact-based reasoning. RAG addresses this gap by augmenting inference
with factual evidence retrieved from external sources. Applied to schema and entity matching, RAG enables
decisions grounded in curated knowledge bases (e.g., Wikidata, DBpedia, domain-specific KGs).
Contextual Knowledge Mitigates Hallucination. By anchoring inference with the retrieved evidence, RAG
reduces hallucination and improves accuracy [20, 12]. For example, rather than misinterpreting “MRN” as
“Machine Registration Number,” a knowledge-grounded system retrieves the relevant subgraph from healthcare
KGs (e.g., UMLS), where “MRN” is explicitly defined as “Medical Record Number”. This evidence guides the
agent to the correct decision and provides a reasoning chain for verification.
Reducing Labeled Data Requirements. Knowledge grounding alleviates dependence on curated examples.
By supplying explicit contextual evidence, RAG reduces the need for fine-tuning and few-shot demonstrations,
enabling integration tasks to be performed without extensive labeled datasets.
Lowering Computational Costs. Grounded inference reduces token consumption and API calls by replacing
long parametric reasoning chains with concise, evidence-based decisions. Batch retrieval and batch inference
further optimize costs by reusing shared context across queries, avoiding redundant retrieval and inference.

This motivates a paradigm shift from purely parametric LLM-based integration toward knowledge-grounded
approaches. By grounding inference with the retrieved contextual knowledge, RAG and its extensions (GraphRAG,
KG-RAG, and Agentic RAG) provide a pathway to trustworthy, scalable, and cost-efficient data integration.
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3 Data Integration with RAG, GraphRAG, and KG-RAG
This section traces the evolution of knowledge-grounded data integration, beginning with vector-based RAG, ad-
vancing through structure-aware GraphRAG, extending to KG-RAG with curated large-scale knowledge graphs,
and culminating in hybrid semantic retrieval. As depicted in Figure 2, these advances illustrate the progression
from flat textual evidence to structured, multi-hop, and adaptive knowledge grounding.

3.1 Data Integration with RAG
Retrieval-Augmented Generation (RAG) provides a principled approach to data integration by reducing the risk
of hallucinations in large language model (LLM)-based systems. Instead of relying solely on the generative ca-
pabilities of the LLM, RAG grounds both the model and its agentic workflow in contextual knowledge retrieved
from authoritative sources. In practice, this contextual knowledge is often drawn from internal metadata such as
database design documents. These documents capture the logical structure of the system, including data tables,
attributes, and textual descriptions that explain how tables and attributes are connected.
Example 2: Consider the database design document of the e-MedSolution data model [21]. Each table
and attribute is accompanied by a textual description that clarifies its meaning and relationships. For example:

• MRN: The hospital patient identifier assigned upon admission that acts as a foreign key in the hun patient
table, linking each record to the corresponding patient.

• person id: A unique identifier for each patient, used to track individuals who are at risk and to record
their clinical observations in the source system.

By retrieving and grounding such metadata, RAG ensures that integration tasks such as schema matching are
guided by the actual design logic of the database rather than by potentially unreliable model inferences.

Knowledge Source Retrieval Method Knowledge Types

Data
Integration

Query
(SM · EM ·

CTA)

Knowledge
Grounded
Reasoning

Decision

Internal
Metadata

Tables, Schemas, Attribute,
Descriptions

Vector / Similarity
Search

Dense Retrieval,
Similarity Search + Ranking

Flat Text
Chunks

Textual Chunks 

Self-built
Graph

LLM-based Entity 
Extraction, Relation Mapping

Community
Detection /

Graph Query
Hierarchical Grouping /
Graph Query + Ranking

Topology-aware
Context

Tree / Graph/
Hypergraphs

External
Large KGs

Commonsense KGs
 (Wikidata, Dbpeida)

Hybrid
Retrieval

Vector Retrieval + BFS /
Graph Query + Ranking

Structural
Knowledge

Factual Paths, Multi-hop
Evidence Chains

RAG

GraphRAG

KG-RAG

Figure 2: Data Integration with RAG, GraphRAG, and KG-RAG.

Early work demonstrates that
RAG mitigates hallucinations in
LLM-based integration without re-
quiring task-specific labeled data,
grounding inference in contextual
evidence rather than relying solely
on parametric memory. For in-
stance, ReMatch transforms schema
attribute metadata into structured
documents and retrieves candidate
attributes via dense search, with top-
ranked results semantically ranked by an LLM, thereby eliminating the need for labeled training data in schema
matching [22]. While naı̈ve RAG approaches reduce hallucination and bypass training requirements, they remain
shallow for trustworthy integration. Their reliance on retrieved flat textual contexts limits the ability of LLMs to
leverage structural knowledge, constraining robust grounding in complex data integration scenarios [20, 12, 23].

3.2 Data Integration with GraphRAG
GraphRAG extends RAG by grounding LLMs in structured, topology-aware knowledge such as graph con-
texts [24], context trees, and hypergraphs [25], rather than relying on flat textual chunks. This structural knowl-
edge is typically built from task-specific metadata through LLM-based entity extraction and relationship map-
ping. The resulting graph of interconnected nodes is organized via community-based hierarchical clustering [26]
and then summarized by LLMs to provide richer context for knowledge augmentation.

Traditional similarity-based approaches often fail in multi-table schema matching because embeddings
across different contexts exhibit low similarity. To address this, RACT [24] augments column representations
with relational schema graphs and inter-table paths, replacing unstructured text retrieval with structured rela-
tional evidence. ConstruM [25] advances this further by introducing multi-level context retrieval: lightweight
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context trees capture local structure, while global similarity hypergraphs provide broader relational grounding.
Together, these methods enable more accurate candidate grouping and disambiguation.

Despite these advances, current RAG and GraphRAG frameworks remain constrained by limited knowledge
coverage. Self-constructed graphs often capture only basic schema metadata such as table names, entities,
attributes, key constraints, and short textual descriptions, while deeper relationships and factual connections
across data sources are missing. Moreover, graph construction and indexing are computationally expensive, with
clustering and summary overheads growing linearly with corpus size. In enterprise scenarios, internal metadata
and design documents are frequently unavailable [13], leaving hallucinations unresolved when grounding lacks
sufficient structural context.

3.3 Data Integration with KG-RAG
To address the limitations of RAG and GraphRAG, recent work has shifted toward KG-RAG-based data inte-
gration [23, 20, 27]. KG-RAG grounds LLMs in richer contextual knowledge from external knowledge bases,
enabling multi-hop reasoning across curated graphs. Unlike GraphRAG, which augments LLMs with small,
self-constructed graphs derived from textual metadata, KG-RAG retrieves relevant subgraphs from large-scale
knowledge graphs, providing broader factual coverage and stronger semantic grounding.
Example 3: Consider schema matching in clinical databases. Using only metadata, an LLM incorrectly matches
measurement time in measurement table to perfac date in hun case c i interventions ta-
ble, due to superficial textual similarity. In contrast, KG-RAG [20] retrieves an external subgraph contain-
ing multi-hop evidence from Wikidata: “beneficiary (Q2596417) → subclass of (Q21514624) → customer
(Q852835) → subclass of (Q21514624) → patient (Q181600).” This retrieved structured evidence chain in
KG-RAG shows that the beneficiary is a superclass of patient, which helps LLMs to distinguish clinical focus
measurement from administrative and operational focus intervention. By leveraging curated external
KG, KG-RAG mitigates hallucinations and improves integration accuracy in complex, multi-table scenarios.

KG-RAG has been applied to key integration tasks such as schema matching [20], entity matching [12],
and column type annotation [23] by leveraging external factual knowledge graphs. For example, RACOON [23]
improves column type annotation in domain-specific queries by augmenting LLMs with structural factual knowl-
edge retrieved from Wikidata via a KG Linker, thereby reducing factual inaccuracies. KG-RAG4SM [20] inte-
grates vector-based retrieval, graph traversal, and ranking-based refinement in a hybrid pipeline. This approach
retrieves and prunes subgraphs from large commonsense KGs, enabling LLMs to resolve complex semantic con-
flicts in schema matching. For entity matching, CE-RAG4EM [12] combines dense retrieval with graph-based
expansion and traversal to extract structural evidence from Wikidata.

The use of large-scale external KGs provides richer factual grounding than self-built graphs, supporting
deeper evidence chains for complex integration scenarios, particularly when internal metadata or background
knowledge is unavailable. However, retrieving and exploring relevant subgraphs from large external KGs re-
mains costly and time-consuming [23, 12]. Moreover, current RAG and GraphRAG systems often rely on uni-
form retrieval strategies across queries, regardless of complexity or ambiguity. This lack of adaptivity introduces
unnecessary overhead and latency, limiting scalability in large-scale data integration.

4 Advancing Data Integration with Agentic RAG
In this section, we outline the vision and design a roadmap for building trustworthy and cost-efficient data
integration with agentic RAG.

4.1 Roadmap and Vision
Despite the advances of the static RAG, GraphRAG, and KG-RAG pipelines in data integration, they suffer
from fundamental scalability and efficiency bottlenecks rooted in their static and per-query retrieval design.
Agentic RAG [28] aims to address the above limitation of static RAG by dynamically retrieving the contextual
knowledge on demand and adaptively selecting the optimal retrieval granularity for knowledge grounding.
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To address the above limitations of data integration with naı̈ve RAG, GraphRAG, and KG-RAG, we design
a roadmap and vision for building trustworthy and cost-efficient data integration with agentic RAG.

Cost-efficiency Agentic RAG
Batch Retrieval & InferencePer-query Retrieval & Inference

Flat Context Caching Persistent Graph-based Agent Memory

Static Per-query Retrieval

Chain-of-Thought (CoT) Reasoning

Adaptive On-demand Retrieval

 Iterative Reasoning

Adaptive Retrieval and Iterative Reasoning

Naïve Vector RAG

GraphRAG with Internal Knowledge

Dense Retrieval

Structure-aware GraphRAG

 KG-RAG with External Knowledge 

Hybrid Retrieval

RAG, GraphRAG, and KG-RAG 

Trustworthy and Cost-efficient Data Integration with Agentic RAG
schema matching, entity matching, column type annotation ...

Figure 3: Vision Towards Trustworthy and Cost-
Efficient Data Integration with Agentic RAG.

As shown in Figure 3, it presents a vision and
roadmap of next-generation trustworthy and cost-
efficient data integration with agentic RAG, illus-
trating the key components and paradigm shifts in
building trustworthy and cost-efficient data integra-
tion with Agentic RAG. First, architectural advances
in different RAG directly address hallucination and
trustworthiness gaps by grounding LLMs with pre-
cise evidence chains for complex reasoning. Sec-
ond, adaptive retrieval and iterative reasoning enable
systems to invoke retrieval only when necessary and
to refine decisions across retrieved evidence, rather
than relying on single-pass CoT inference. Third,
efficiency-oriented strategies preserve trustworthiness
while reducing cost by exploiting shared contexts
across queries and eliminating retrieval cold-starts
through graph-based persistent agentic memory.

4.2 Adaptive Retrieval and Iterative Reasoning
Recent advances have witnessed the strengths of adaptive retrieval and iterative reasoning in Agentic RAG
enabled by multi-agent collaboration, which motivates a vision toward agentic RAG-based data integration.
Figure 4 outlines a paradigm shift and a vision toward agentic RAG-based data integration, where multi-agent
collaboration enables adaptive retrieval and iterative reasoning to overcome these limitations. To make this
actionable, we demonstrate how an agentic RAG with adaptive retrieval, iterative reasoning, and task planning
mitigates the hallucination and cost issues inherent in naı̈ve LLM and RAG-based data integration.

Static RAG / 
GraphRAG / KG-RAG

Query 

Compulsory
Retrieval

Single-pass
CoT Reasoning

Decision

✗ Retrieves for every query
✗ Fixed single-pass reasoning

Adaptive 
Retrieval 

Data Integration Query
(SM · EM · CTA)

Plan Agent: Retreival Routing
 based on Query Complexity

Retrieval Agent: Adaptive Retrieval
(Text · Node ·Triple · Subgraphs)

Decision Agent:
Reasoning

Yes

Decision

✓ On-demand retrieval
✓ Adaptive retreival
✓ Iterative reasoning

Agentic 
RAG

Iterative
reasoning

R
et

rie
va

l i
s 

no
t 

ne
ed

ed

Assess Agent:
Correctness No

Iterative 
Reasoning

Compulsory  

Conditional  

Figure 4: Toward Agentic RAG-based Data Integration.

From Static Retrieval to Adaptive Retrieval. In
standard RAG, GraphRAG, and KG-RAG, retrieval
is executed for every query, even when the model’s
parametric knowledge is sufficient to resolve the
task. Recent advances in Agentic RAG [29, 30],
Graph-RAG [31, 32], and KG-RAG [33] shift away
from static retrieval pipelines toward dynamic and
adaptive retrieval. For instance, A-RAG [30] se-
lectively determines whether retrieval is necessary,
thereby leveraging pre-trained parametric knowledge
while adapting retrieval behavior to task complexity.
Data integration typically involves a mix of straight-
forward queries with clear lexical similarity and a
smaller set of ambiguous cases requiring multi-hop
inference and external knowledge grounding. In such
scenarios, retrieval is often only needed for the latter, yet static RAG systems unconditionally perform retrieval
for every query, incurring unnecessary cost at scale. Agentic RAG-based integration [34] addresses this ineffi-
ciency by orchestrating dynamic retrieval through autonomous agents. These agents plan retrieval on demand,
deciding whether retrieval is required, iteratively retrieving and reasoning when necessary, and assessing the
sufficiency of contextual knowledge based on the complexity and uncertainty of each query. To address the
challenges of data heterogeneity in financial decision-making, Agentic GraphRAG [32] integrates a data in-
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gestion and an entity resolution pipeline into a collaborative agentic GraphRAG framework where a zero-shot
intent routing and agent reflection loop are designed to identify the candidate entities and classify queries with
disambiguated entities for adaptive graph exploration.
From Chain-of-Thought Reasoning to Iterative Reasoning. Standard RAG and GraphRAG ground LLM
inference through a single-pass chain-of- thought (CoT), executing fixed reasoning in one call. To overcome
this limitation, recent work has advanced iterative retrieval and reasoning, marking a shift from static CoT to
agent-based iterative reasoning. For example, MCTS-RAG [35] integrates structured reasoning with adaptive
retrieval, dynamically refining reasoning paths via Monte Carlo tree search. MA-RAG [36] extends this ap-
proach with multi-agent orchestration, enabling agents to collaborate through iterative retrieval and intermediate
reasoning with CoT prompting. In data integration, ambiguous matching cases often demand multi-hop iterative
reasoning rather than a single-pass inference. SMoG [27] adapts this paradigm by iteratively uncovering explicit
evidence through entity propagation, chain aggregation, and reasoning to identify optimal paths for schema
matching. Multi-Agent RAG [34] extends agentic RAG to entity resolution, coordinating specialized agents for
task decomposition across linkage identification, record clustering, grouping, and relocation detection.

These advances define the frontier of agentic RAG for data integration: dynamic retrieval of evidence on
demand, adaptive retrieval based on query complexity, and reasoning iteratively across it, rather than relying on
static single-pass CoT inference.

4.3 Cost-Efficiency Strategies
Although Agentic RAG reduces retrieval costs relative to static RAG and GraphRAG by adaptively retrieving
contextual knowledge on demand, it still incurs substantial token consumption due to multi-agent interactions
and iterative reasoning [37]. At large-scale data integration, the overall cost remains high, as integration tasks
such as schema matching, entity matching, and column type annotation often involve thousands to millions of
comparisons. In static RAG and KG-RAG pipelines for schema matching [20], each candidate pair triggers
an independent retrieval from a large external knowledge base followed by a separate LLM inference call.
These retrieval cost challenges highlight the need to move beyond vanilla RAG and static GraphRAG toward
cost-efficient RAG paradigms, which introduce new cost optimization strategies on retrieval and inference.
From Per-Query Execution to Batch Processing. To reduce LLM costs and leverage shared structures in data
integration, recent studies have explored batch prompting [38] and batch processing for entity resolution using
in-context learning [39] and in-context clustering [10]. BATCHER [39] and LLM-CER [10] achieve significant
API cost savings over standard prompting by grouping multiple pairwise queries into a single batch with shared
demonstrations. OBP [38] optimizes batch prompting by adaptively grouping questions and selecting demon-
strations, yielding additional reductions in cost. In RAG-based integration, naı̈ve RAG and GraphRAG typically
execute retrieval and inference independently for each query, ignoring structural similarities across tasks such
as schema matching and column type annotation. As shown in Figure 5, these shared structures include: (1)
overlapping or similar attribute names between source and target tables, and (2) rows within the same column
that share similar neighborhood context and column profiles. Building on this insight, CE-RAG4EM [12] intro-
duces a blocking-based batch framework that retrieves contextual knowledge and inference once for a group of
queries via batch retrieval and prompting, further reducing token consumption. Experimental results show that
this strategy maintains or improves matching quality while significantly lowering cost compared to state-of-the-
art baselines. Overall, exploiting shared structures across tables and columns provides a natural foundation for
batch processing in RAG-based data integration, enabling cost optimization without sacrificing performance.
From Context Caching to Graph-Based Agentic Memory. Beyond batch processing, another avenue for
cost optimization in RAG-based data integration is context caching and graph-based agentic memory. Early
work [40] explored simple caching strategies, reusing previously computed key-value (KV) stores or retrieved
text chunks for similar or historical queries, thereby reducing redundant LLM prefill computation for shared
prefixes. Building on this, CACHE-CRAFT [41] introduced a cache management system that identifies reusable
chunks and organizes them for effective reuse without compromising quality. However, these approaches rely on
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flat and unstructured caches that ignore structural relationships across tasks and domains. As a result, their effec-
tiveness is limited to highly similar queries and degrades significantly when applied across domains. Moreover,
cached contexts may not persist throughout RAG due to expiration and override.

title manufacturer price

ClickArt 950,000
Premier Image Pack

(DVD-ROM)
Broderbund NaN

Civilization IV
DVD-ROM (Mac)

Aspyr Media 49.99

Source Table

entity_a1

entity_a2

title manufacturer price

ClickArt 950000
Premier Image Pack

(DVD-ROM)
NaN 48.95

Fallout Collection
(DVD-ROM) NaN 24.49

Target Table

entity_b1

entity_b2

Shared 
Column Profile

Column
Profile

Shared same or Similar
Schema Attribute

Column
Profile

Figure 5: Structural Sharing in Data Integration.

To overcome these limitations, Agentic RAG [42] and
GraphRAG [43] introduce a persistent graph-based mem-
ory mechanism that enables memory search directly from
the graph rather than re-embedding or re-querying ex-
ternal knowledge bases. This structured memory sup-
ports complex multi-hop reasoning and provides stable
knowledge grounding for LLMs. Recent studies highlight
a clear transition from cache-based optimization [41] to
graph-based agentic memory optimization [43]. For exam-
ple, MAGMA [44] introduces multi-graph agentic mem-
ory by organizing memory items across semantic, tempo-
ral, causal, and entity graphs, and formulating retrieval as
policy-guided traversal over these relational views. Mem-
GraphRAG [43] further integrates memory-guided bridging
for graph and memory co-evolution with memory-guided
online retrieval. This enables query-adaptive selection and
structured context construction, retrieving relevant evidence via multi-layer memory filtering and community-
based search from the global context graph.

Motivated by this, Multi-Agent RAG [34] integrates a global and persistent memory into multi-agent RAG
for entity resolution via LangGraph, allowing asynchronous message passing and context sharing, which further
enables efficient multi-agent collaboration without duplicate retrieval and computation. CAIDA [45] introduces
a hybrid routing and retrieval agent for data integration that combines retrieval caches and long-term memory
to balance knowledge grounding and latency. Persistent graph-based memory thus provides direct knowledge
grounding for LLMs in complex reasoning without incurring substantial retrieval or inference costs [34], effec-
tively addressing latency and scalability challenges in agentic RAG systems for large-scale data integration.
From Linear Agent Call to Multi-Agent Orchestration. In agentic RAG with a single agent, subtasks are
often executed sequentially, with each step awaiting the completion of the previous one. This linear workflow
introduces significant latency [46]. A multi-agent RAG framework can overcome such latency and inefficiency
in data integration. By distributing responsibilities across specialized agents, the framework enables paral-
lelism and adaptive coordination, thereby reducing latency while maintaining effectiveness. Through adaptive
retrieval, iterative reasoning, and task planning, multi-agent orchestration mitigates hallucination and lowers
computational cost compared to naı̈ve LLM- and RAG-based integration. This orchestration reduces latency
compared to linear single-LLM workflows, while maintaining lower retrieval costs than naı̈ve RAG pipelines.

4.4 System Architecture
Based on the above paradigm shift, we design the system architecture for trustworthy and cost-efficient data
integration with agentic RAG. As shown in Figure 6, our vision system is organized into three layers: interface
layer, agent layer, and harness layer. Each of the layers and components is tightly coupled to support the efficient
retrieval and knowledge grounding over naı̈ve-RAG-based data integration.

The interface layer provides a user interface for the user to initialize the data integration task with query
generation, knowledge base discovery, and configure the agent skills. Then the generated query and discovered
KGs, as well as the configured agent skills, are passed to the agent layer and the harness layer for task execution.

The agent layer consists of six key agents that are coordinated for task execution with the toolbox.
Analyzer Agent: It first analyzes the complexity of data integration queries using schema and column

profiles (such as table names, column types, attribute diversity, and cell values). It then evaluates the query
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complexity level via LLM-as-judge, distinguishing easy cases with high confidence from ambiguous cases with
lower confidence. This evaluation guides the Planner Agent in creating plans for task composition and agent
scheduling. Finally, it dynamically groups queries into batches by invoking external blocking and clustering
tools for batch processing.

Agent 
Skills

Knowledge Bases 
Discovery

 Analyzer Agent

Complexity Assessment
• Column Profiles Analysis 
• Query Complexity Analysis
• Batch Partitioning

 Planner Agent

Plan & Schedule
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• Retreival Granularity
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Reasoning Agent

LLM Inference
• Direct Inference 
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• Batch Partitioning (Blocking, Clustering ...)
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• Conflict Detection & Handling (TencentDB Agent Memory ...)

Harness Layer:  MCP Server & Toolbox
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Complex
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Decision Gate
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• Approve / Reject Memory  
   Read / Write

Data Integration 
Query Generation

🔧 Data Profiling & Preparation Tools 🔗 Retrieval MCP Server & API

💾 Memory Management Tools

Figure 6: System Architecture of Multi-Agent RAG for Trustwor-
thy and Cost-Efficient Data Integration.

Planner Agent: It creates a plan for
each query by decomposing the overall
integration task into an ordered sequence
of sub-tasks based on the query’s com-
plexity level. For each sub-task, it dy-
namically initializes and invokes agents
equipped with the required skills and tools.
In particular, it schedules retrieval rout-
ing and calls the Retriever Agent to ac-
cess external knowledge at varying levels
of granularity (entity, triple, and multi-hop
subgraph) for ambiguous cases, while di-
rectly invoking the Decision Agent to pro-
duce answers for easy cases through di-
rect inference. It also adjusts batch size
and cost budget for each sub-task to jointly
optimize matching accuracy and cost. Fi-
nally, it recreates plans for failed cases us-
ing feedback from the Decision Agent and
Evaluator Agent.

Retriever Agent: It executes the
retrieval plan generated by the Planner
Agent by dynamically invoking MCP
servers and the toolbox to adaptively access contextual knowledge across knowledge bases at varying levels
of granularity (entity, triple, and multi-hop subgraph). It then engages the Evaluator Agent to assess the rele-
vance and sufficiency of the retrieved knowledge for grounding. Finally, it appends the contextual knowledge to
the decision prompt and calls the Decision Agent for knowledge-grounded inference.

Reasoning Agent: It generates outputs for a given query based on direct or knowledge-grounded inference,
guided by the plan from the Planner Agent and contextual knowledge retrieved by the Retriever Agent.

Decision Agent: It evaluates whether the output answer is acceptable, manages memory operations based
on feedback from the Evaluator Agent, and resolves conflicts between retrieved knowledge and memory by
reinvoking the Planner Agent to generate a new plan for iterative retrieval and reasoning.

Evaluator Agent: It assesses each query by invoking LLM-as-judge to evaluate the confidence score of the
Decision Agent output and the quality and relevance of contextual knowledge retrieved by the Retriever Agent
for knowledge grounding. It monitors decision and retrieval quality, approving or rejecting outputs to ensure
that only verifiable, faithful, and trustworthy results are committed. Rejected cases are returned to the Decision
Agent and the pipeline is reinvoked for iterative retrieval and reasoning with minimal human supervision.

The Harness layer consists of a set of toolboxes including data profiling and preparation tools, retrieval MCP
server and API, and memory management tools. These toolboxes are designed to assist agents to exectue a spefic
taks by dynamically calling different tools via MCP protocol and API on-demand.

Overall, these design choices enable the LLM multi-agent system to improve performance iteratively with-
out significantly increasing cost through inference and knowledge grounding supported by dynamic, adaptive
retrieval. Furthermore, integrated dynamic retrieval and persistent memory mechanisms ensure scalability and
efficiency in large-scale data integration while maintaining trustworthiness.
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5 Research Gaps and Opportunities
We outline below the research gaps and opportunities for advancing the vision of trustworthy and cost-efficient
data integration with agentic RAG.
Context and Memory Knowledge Conflict. Graph-based agentic memory systems persist and reuse evidence
across queries, significantly reducing retrieval costs in stable knowledge domains. However, enterprise data
integration tasks such as schema and entity matching, as well as external knowledge bases, evolve over time:
fields and attributes may change, and factual knowledge is periodically updated. Conflicts arise when the agentic
RAG system relies on outdated memory while simultaneously retrieving updated context, leading to incorrect
results due to the default prioritization of memory. Future research should investigate dynamic priority policies
and incremental memory updating to address schema drift, entity evolution, and knowledge base updates.
Batch Retrieval Noise and Adaptive Retrieval Estimation. In RAG-based data integration, batch retrieval
allows shared context across queries, but it can introduce retrieval noise for individual queries. Agentic RAG
mitigates this by adaptively retrieving contextual knowledge only when parametric knowledge is insufficient,
thereby reducing both cost and exposure to noise. However, batch and adaptive retrieval may fail in scenarios
with high query diversity or highly imbalanced ground-truth distributions, since the absence of a default retrieval
policy can prevent necessary evidence from being retrieved. Future work should investigate metrics to formally
define and quantify retrieval noise, assess its impact in batch retrieval, and develop unified adaptive retrieval
policies that estimate per-pair confidence and trigger retrieval based on uncertainty levels.
Parameter Tuning and Agent Initialization. Agentic RAG-based data integration systems with batch process-
ing demand careful parameter configuration, including retrieval granularity, context length, batch size, and agent
models. These must be tuned before deployment, yet labeled ground truth is typically unavailable, complicating
fine-tuning and reward-based training. For instance, executing a new integration task over unseen product cata-
logs requires parameter selection and agent initialization without access to labels, creating a cold-start challenge.
Addressing this issue calls for unsupervised and semi-supervised strategies such as uncertainty-based thresholds
for adaptive retrieval, clustering-based initialization to group similar queries, Bayesian optimization guided by
proxy metrics like consistency or stability, and meta-learning to transfer knowledge from related tasks. Addi-
tionally, high-capacity LLMs can serve as judges over limited datasets, providing weak supervision signals that
enable semi-supervised initialization with reliable guidance.
Autonomous Data Integration with Agentic Tool Orchestrations. Current agentic RAG-based data integra-
tion systems [34, 45] focus on adaptive retrieval and dynamic inference through multi-agent coordination but fall
short of full autonomy. Emerging frameworks [28] highlight the potential for autonomous data integration loops
with minimal human oversight. In these systems, agents independently discover external knowledge sources,
generate queries, construct column profiles via external toolboxes, adaptively retrieve evidence using protocols
such as MCP (Model Context Protocol), and continuously resolve knowledge conflicts while balancing accu-
racy and cost. A central enabler is the tool calling graph [47], which formalizes agent-tool orchestration: nodes
represent specialized agents or external tools, and edges capture invocation dependencies and information flow.
By leveraging this graph, autonomous agentic RAG systems can coordinate analyzer, planner, retriever, deci-
sion, and evaluator agents with their respective tools, ensuring robust execution of complex integration tasks.
This opens opportunities for developing agent-compatible toolboxes and principled orchestration strategies that
advance trustworthy and cost-efficient autonomous data integration.
Cross-Task Enterprise Data Integration Benchmark and Metric. Existing RAG-based data integration sys-
tems are evaluated on public benchmark datasets, which often overestimate performance in enterprise scenar-
ios [13]. Current benchmarks and metrics are largely designed for supervised machine learning approaches,
emphasizing matching accuracy while neglecting dimensions critical to agentic RAG systems. In particular,
they fail to assess trustworthiness, which refers to the reliability of multi-hop reasoning, the grounding of de-
cisions in verifiable evidence, and robustness against hallucination. To advance evaluation, future work should
develop an enterprise-scale benchmark that unifies multiple integration tasks, including schema matching, entity

10



resolution, and column type annotation, while incorporating ambiguous pairs to stress-test reasoning. Comple-
mentary metrics should measure both cross-task accuracy and trustworthiness, capturing whether integration
decisions are not only correct but also transparently supported by evidence and logically consistent across tasks.

6 Conclusion
This paper examined the evolution of RAG-based data integration, tracing the progression from naı̈ve RAG with
dense retrieval, to KG-RAG with hybrid retrieval, to agentic RAG with adaptive retrieval, and finally to cost-
efficient agentic RAG with batch processing. Building on this trajectory, we outlined a vision for trustworthy and
cost-efficient data integration enabled by agentic RAG. We further proposed a multi-agent workflow that coor-
dinates specialized agents through tool orchestration and identified key research gaps, including trustworthiness
evaluation, adaptive retrieval policies, memory management, and benchmark design that must be addressed to
realize fully autonomous, scalable, and reliable agentic RAG-based data integration systems.
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