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Abstract

Integrating heterogeneous relational databases into a centralized ontology remains a persistent challenge in
enterprise knowledge representation, primarily due to discrepancies in schema structures, semantic interpreta-
tions, entity naming conventions, and incomplete/noisy schema or ontology. Performing database-to-ontology
mapping manually is slow, error-prone and cognitively taxing at scale. Applying LLMs through direct prompting
to generate complete end-to-end mappings often yields poor results. We introduce MONTAGE, an LLM-driven,
human-in-the-loop mapper that adopts a neuro-symbolic design to decompose the mapping problem into cas-
caded sub-tasks and leverage self-generated demonstrations guided by domain-agnostic patterns to supervise
each sub-task. The system blends automation with guided user feedback to refine and validate outputs, thereby
enhancing mapping accuracy, reducing cognitive effort, and substantially accelerating the integration. The demo
lets users upload schema - ontology pair, review and refine intermediate outputs such as ontology—database
alignments and SQL views, and finally generate and validate the complete RZRML mappings.
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1. Introduction
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Figure 1: R2RML Generation (DB-to-Ontology Mapping) Example

Enterprises seek to represent organizational knowledge using unified ontologies to ensure semantic
consistency across systems [1]. However, enterprise data is typically distributed across heterogeneous
relational databases. Mapping these databases to a centralized ontology is essential for effective querying
but is time-consuming, error-prone, and cognitively demanding at enterprise scale, where ontologies
may include hundreds of entities and databases hundreds of tables and thousands of columns. Traditional
automated approaches and tools [2, 3, 4, 5] rely largely on surface-level string matching, which fails
to capture deeper semantic relationships, domain-specific correspondences, and cryptically named
schema elements. Large Language Models (LLMs) offer stronger semantic understanding, but direct
prompting to generate complete database-to-ontology mappings yield poor results. Full automation is
rarely feasible, as enterprise schemas embed implicit enterprise-specific domain knowledge that is not
explicitly stated yet crucial for correct alignment. Expert oversight is therefore indispensable, making a
expert-in-the-loop paradigm the right fit.
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We introduce MONTAGE, a database-to-ontology mapping tool that combines LLM-driven automated
mapping generation with expert guidance. MONTAGE follows an interactive, feedback-driven workflow
that reduces effort while improving mapping accuracy and cost-effectiveness. Mappings are expressed
in R2RML , where logical tables defined over SQL views enable the transformation of relational data
into RDF triples in the target ontology (Figure 1 illustrates an example). Since database—ontology
mapping is a one-time, infrequent activity whose outputs are reused across many downstream queries,
the upfront expert-in-the-loop effort is justified; we therefore prioritize accuracy over compute cost to
ensure high-quality mappings.

The key components of MONTAGE are as follows:

Neuro-symbolic task decomposition: A two-stage pipeline consisting of Matching and Mapping. On-
tology concepts are aligned with database tables and columns using a top-down process with symbolic
pruning, followed by SQL view and R2ZRML generation. LLMs are invoked at scoped sub-stages, and
intermediate results are presented for expert verification to reduce cognitive load and error propagation.
Pattern-based self-demonstrations: To improve LLM performance via in-context learning, MONTAGE
automatically generates few-shot exemplars using pre-defined, domain-agnostic matching and mapping
patterns, eliminating the need for manual demonstration curation.

Pattern induction from expert feedback: MONTAGE learns novel patterns from user-corrected
instances and adds them to the pattern repository, increasing the diversity of auto-generated demon-
strations and improving sub-task performance.

Confidence-based adaptive LLM invocations: For each ontology concept, candidate database en-
tities are ranked with confidence scores aggregated from multiple LLM calls. The number of LLM
invocations is adaptively adjusted, fewer for high-confidence cases and more for uncertain ones, to
balance robustness and cost.

2. Overview of MONTAGE

The design of MONTAGE is motivated by the observation that current LLMs, despite their long-context
capabilities, struggle to accurately generate RZRML mappings through direct prompting (see Table
2). To address this limitation, MONTAGE decomposes the task into two sequential sub-tasks: matching
and mapping. Each sub-task is performed using LLMs with stage-specific in-context examples and
contextualization to capture inter-stage dependencies. Figure 2 presents the overall workflow of
MONTAGE, which begins with users loading the ontology and database files. Intermediate results are
presented at every stage for validation, enabling users to review and edit outputs before proceeding,
thereby preventing error propagation. The matching and mapping stages are executed in batches, with
results displayed after each batch to gather user feedback. MONTAGE incorporates this feedback by
converting expert edits into reusable signals, improving accuracy and reducing user cognitive load in
subsequent batches. The following sections elaborate on the key components of MONTAGE.

2.1. Neuro-Symbolic Decomposition

Data Enrichment: Optionally, MONTAGE infers missing foreign keys in the database and missing
domain or range declarations in the ontology before matching and mapping stages, improving down-
stream alignment quality.

Matching: The matching stage aligns ontology concepts with database entities using LLM-based
ranking over symbolically pruned candidate sets. It proceeds sequentially through class, data property,
and object property matching, guided by predefined rules that ensure coverage while constraining the
search space such as the following: An ontology class is matched to one or more tables via primary key
columns, optionally filtered by categorical values, which define candidates for subsequent stages. Data
properties are matched to columns in class-associated or referencing tables, while object properties are
matched either to relevant columns in domain or range tables or to primary key pairs in junction tables.
Each sub-stage is executed batch-wise over subsets of concepts, and final matches are selected based on
a confidence threshold (Section 2.4).



Mapping: In the mapping stage, matched concepts are converted into SQL views through class, data
property, and object property mapping. Outputs are generated batch-wise and include SQL views with
subject and object column mappings, which are presented to users for validation and refinement. The
refined views are then used to produce R2RML mappings that generate RDF triples to populate the
ontology. MONTAGE supports RZRML mapping verification through natural language queries. LLMs
translate these queries into SQL and SPARQL, enabling users to compare results over the relational
database and the generated RDF data to validate the mappings.

2.2. Pattern based Self-Demonstrations

Zero-shot LLM calls for schema matching
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were semantically homogeneous, limit-
ing coverage of real scenarios. To com-
bine scalability with quality, we introduce a pattern-driven generator for any DB-ontology pair.

At the outset of the matching and mapping, the user is presented with a set of predefined patterns,
which encapsulate a typical matching (Table 1) or mapping behavior and is agnostic to the ontology
domain. The users can select relevant patterns or add missing patterns, after which MoONTAGE auto-
matically generates database and ontology specific demonstrations as instances of the chosen patterns,
which serve few shots, conditioning on outputs from prior stages to improve quality and coverage (e.g.,
data-property and object-property matching few-shots are synthesized using class-matching results as
input). This design prioritizes diversity, ensuring robust coverage across varied cases.

Figure 2: Overview of the MONTAGE workflow with three
stages, Data Enrichment, Matching, and Map-
ping, incorporating user feedback after each
stage.

2.3. Pattern Induction from Expert Feedback

MONTAGE automatically learns novel patterns from user corrected matches, and adds them to the pattern
repository so that subsequent batches include more diverse examples tied to these newly discovered
patterns, improving accuracy over batches.

2.4. Confidence based Adaptive LLM Invocations

During the matching stage of MONTAGE, each sub-stage produces a ranked list of candidate matches
with associated confidence scores. Confidence is estimated by aggregating results from multiple LLM
invocations that vary in prompt phrasing and example selection. We find this consensus-based approach
to be more reliable than relying on confidence signals from a single invocation. Importantly, these
confidence scores are meaningful indicators rather than arbitrary values: we consistently observe that
low-confidence predictions often correspond to incorrect mappings. For instance, for the MainArea
ontology class, the top-ranked candidate license received a low confidence score of 41, while the correct
match was a different entity. To limit overhead, MONTAGE adapts the number of LLM invocations based
on confidence levels. A single invocation is used when the top-ranked candidate has high confidence,
while additional invocations are triggered incrementally, up to a maximum of four, when confidence is
low. The confidence threshold is adjusted batch-wise based on prior outcomes. It is increased when
user edits are frequent and decreased when many concepts yield no database matches.



Table 2
Results on RODI Benchmark with Gemini-2.0-Flash.
Conf: Conference-no-fk; NPD: Npd-Atomic;

Table 1
Matching Patterns for Self Demonstration

Pattern name Pattern definition FS: Few-Shot; #: With programmatic mapping;
Class matching T: No Decomposition
No Match No corresponding table found for a Scenario Conf Mondial NPD Avg
class.
Exact or Syntactic Table name identical or syntactically Traditional Baselines
match derived from the class name.
Semantic match Same meaning between table and class AM40 [3] 0.41 0.44 0.23 0.26
name. Milan [2] 0.46 - 030 031
Domain match Matching requires domain knowledge.
Categorical column Class represents a subset of table data LLM Driven Baselines
match identified by a specific categorical
value. LLM4VKG [8] 0.51 0.18 0.19  0.21
Dara P y Table-to-KG [9]# 0.33 0.10 0.17  0.18
ata Froperty matching Magneto [10]# 0.41 0.28 021  0.23
Column of the matched Match with a column of the domain X X -
table class’s table. LLM Driven Demonstration Based Baselines
Column of the related ~ Match W.lth a column.of a table Matchmaker [6, 7] 056 0.38 0.19 0.24
table referencing the domain table.
Manually Curated FS 0.72 0.82 048  0.53
Object Property matching
- - - - - Our Approach 0.79 0.79 0.51 0.56
Foreign key of domain ~ Match with a foreign key in the
table domain table referencing the range Ablations
table.
Foreign key of range Match with a foreign key in the range - Self-Demonstrations (FS) ~ 0.54 0.46 036  0.38
table table referencing the domain table. - Matching 0.51 0.50 036  0.38
Junction table Match with columns of a junction table - Mapping# 0.62 0.36 0.43 0.44
linking the domain and range tables. - Matching+Mapping+ 0.46 0.08 0.07  0.10

3. Results

We evaluate MONTAGE on three challenging RODI benchmark scenarios from the conference, geo-
graphical, and oil-and-gas domains using the standard local F-measure over semantically equivalent
SPARQL-SQL test query pairs. As shown in Table 2, MONTAGE achieves the best overall performance
with F1 scores of 0.79 on Conference-no-fk, 0.79 on Mondial, and 0.51 on NPD-Atomic, yielding the
highest average score of 0.56. The reported results are based on the top-ranked matches above the
confidence threshold, using a single invocation per concept. It consistently outperforms traditional
systems and prior LLM-based methods, showing that neither schema-driven techniques nor direct
LLM prompting alone suffice for accurate end-to-end mapping. MONTAGE’s strong performance stems
from its staged decomposition into matching and mapping, which reduces search space, improves
contextualization, and integrates symbolic constraints with LLM reasoning. Ablation results confirm
this design choice, as removing stages or collapsing them into a single step causes substantial drops
in performance, with one-shot mapping performing worst. Pattern-guided self-demonstration drives
significant performance gains while eliminating the need for manually curated few-shot examples. Ex-
pert evaluation shows that MONTAGE reduces manual effort by approximately 45-70% while delivering
at-par or better mapping quality.

4. Conclusion

We presented MONTAGE, an LLM-driven, expert-in-the-loop system for database-to-ontology mapping
that combines neuro-symbolic decomposition with pattern-guided self-demonstrations, along with
guided user feedback to improve mapping quality. Through the NPD scenario (with approximately
70 tables and 1,000 columns mapped to an ontology of about 650 entities), the demo demonstrates
how MONTAGE supports users across Matching and Mapping stages via an interactive browser-based
interface. The system enables experts to review intermediate outputs, inspect ranked alternatives
with confidence scores and reasoning, and refine generated SQL views and R2RML mappings. An



accompanying demo video and prompts are available at the provided link’.

The demonstration highlights how structuring the workflow into staged, reviewable steps focuses user
attention on low-confidence cases, thereby reducing cognitive load and improving mapping accuracy.
It also supports validation through natural language queries posed over both the source database and
the mapped RDF data.

As future work, we aim to reduce cost by complementing LLM-based reasoning with programmatic
and template-driven strategies for well-structured and repetitive patterns, while retaining LLM flexibility
for complex cases.

Declaration on Generative Al

During the preparation of this work, Microsoft Copilot was used to paraphrase and reword text. The
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