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Abstract

Schema matching, or aligning semantically related elements across
schemas, is a foundational task in data integration and interoper-
ability. In this short paper, we report on a year-long effort to align
attributes in XML documents to a fine-grained concept vocabulary.
This problem is especially important in insurance, where organiza-
tions exchange policy and claims data through legacy, proprietary,
and product-specific XML schemas that must be reconciled for in-
teroperability. This setting is understudied and differs from existing
schema matching benchmarks: source schemas contain local con-
ventions and custom business logic, while the target vocabulary
has been built up over decades by many contributors, leading to
inconsistencies. Building on recent work that combines smaller
fine-tuned language models with larger frontier models, we pro-
pose an agent-based architecture for schema matching. This paper
discusses the industrial constraints that shaped the system, failure
modes of retrieval-and-re-ranking systems, and practical lessons
for schema matching in the wild.
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1 Introduction

Aligning schemas remains a major challenge in enterprise data sys-
tems, including business-to-business (B2B) integrations, interoper-
ability, and database migration. Classical schema matching systems
combine lexical, structural, and instance-level signals to identify
correspondences between schemas [5-7], and modern benchmarks
have made these methods easier to compare [3]. More recently,
LLMs and Al agents have renewed interest in automating schema
matching and related data integration tasks [2, 8, 9], yet current
methods still lack granular evaluation in real-world applications [2].

Several recent LLM-based schema matching approaches decom-
pose the problem into candidate retrieval followed by LLM-based
selection or re-ranking. Most related to our work is Liu et al. [4],
who use fine-tuned Small Language Models (SLMs)—such as models
from the BERT family [1]—for candidate retrieval, followed by a
Large Language Model (LLM) for re-ranking. We initially deployed
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Figure 1: Pipeline for matching XPaths to concepts using ML
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this approach but found that it decreased performance relative
to our baseline, highlighting the need to test schema matching
methods in realistic enterprise settings.

2 Setting

We study a setting encountered in a production deployment with a
large enterprise company in which an integration engineer must
match attributes from XML documents® to a canonical concept
vocabulary: a list of fields representing semantic business ideas.

We explore this problem in insurance using ACORD, an organi-
zation that defines common data formats for insurance information
exchange used by over 36,000 organizations worldwide. Although
ACORD standardizes insurance data, organizations still vary in
their schemas, naming conventions, and product-specific exten-
sions. This makes insurance a natural stress test: the same con-
struct can appear across workflows with different names, nesting
structures, and interpretations.

Since we cannot release proprietary business data, we synthesize
49 XML documents reflecting field observations. The task is to align
these heterogeneous schemas to a shared, fine-grained concept
vocabulary containing over 2,000 possible semantic fields.

IXML documents represent data as a tree of nested attributes, forming a schema.



Formalization. Let X be the space of XML documents, C the
concept vocabulary, and M the space of match sets. We define
schema matching as X X C — M, where each M € M consists of
tuples (x;, ¢;): x; is an XPath? and c; € C is a concept. Each XPath
is matched to at most one concept. For example:

AcordDocument/PolicyBind/Classification/Code/Value
— RISK_SUBJECT_NAICS CD (1)

Challenges. This setting is deceptively simple. We identify three
sources of difficulty: (1) some correct matches have little seman-
tic overlap and depend entirely on custom business logic; (2) the
vocabulary contains “false friends,” where the semantic and busi-
ness meanings are different; and (3) the fine-grained vocabulary
has been built over decades by multiple engineers, leaving some
concepts poorly delineated.

3 Methodology

Following Liu et al. [4], we decompose schema matching into candi-
date retrieval and re-ranking; Figure 1 shows the full architecture.?
Given an XML document, our system extracts XPaths x; and maps
each to one concept ¢; € C. Supervised XPath—concept training cap-
tures recurring mappings, while an agentic re-ranker uses context
and historical usage to resolve ambiguous cases.

Our synthetic dataset assigns each XPath a ground-truth con-
cept and hand-labeled masks over XPath segments: x; ; denotes
the j-th /‘-delimited segment of XPath x;, and m; ; € {0, 1} indi-
cates whether that segment is important for identifying the correct
concept.

Deterministic Candidate Generation. We train a matcher p that
maps XPaths and concepts into a shared embedding space using an
encoder f trained with Multiple Negatives Ranking Loss [10]. At
inference, we score each XPath—concept pair by cosine similarity,

p(xis ¢j) = sim(f(xi), f(¢))), @
and retrieve the top-k concepts for each XPath. We then train a
supervised masking model g to identify informative XPath segments
and construct a masked representation s(x;). The final deterministic
score combines full- and masked-XPath evidence:

z(xi,¢j) = ap(x;,¢;) + (1 = a)p(s(x;), cj), 3)
where a € [0, 1] weights the full-XPath score. Sorting candidates
by z gives the top-k list passed to the agent.

Agentic Teaching and Re-Ranking. We found that at k = 10, the
deterministic stage often retrieves the correct concept but fails to
rank it first, motivating an agentic re-ranker over a small candidate
set. An agent is well suited to re-ranking because it can make com-
plex, non-linear decisions resembling human review. The re-ranker
agent has three tools: one for inspecting document-level structure,
one for comparing candidates against prior labeled examples, and
one for querying aggregate concept usage patterns before selecting
a final match. We further introduce a teacher-curriculum paradigm:
during training, a teacher evaluates the re-ranker’s decisions and
corrects mistakes on labeled training documents, then converts

2An XPath is a path expression that identifies a node in an XML document tree.
3 An open-source implementation of our approach and the synthetic data can be found
at https://github.com/L2- Al/schema-concept-alignment
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Table 1: Accuracy over all XML documents. ML top-10 is the
recoverable ceiling; A columns are relative to ML top-1.

ML top-1 ML top-10 Magneto A Agent A

64.59% 93.19%  —8.22pp +4.78pp

feedback into a curriculum that is provided as context during vali-
dation inference. This loop gives the agent reusable context to solve
for specific conventions, false friends, and custom business logic.

4 Experiments

We evaluate on the 49-document synthetic corpus using leave-one-
out validation: for each held-out document, the deterministic model
is trained on the remaining documents, and the agent receives
curriculum feedback only from labeled training documents.

Table 1 reports top-1 accuracy for the ML baseline, a Magneto-
style single-call LLM re-ranker, and our agentic re-ranker; ML top-
10 is the recoverable ceiling. The ML model retrieves the correct
concept in its top-10 candidates 93.19% of the time, but ranks it
first only 64.59% of the time. Magneto decreases top-1 accuracy by
8.22 points relative to the ML baseline, while our agent improves it
by 4.78 points, suggesting that structured context and curriculum
feedback are more effective than one-shot re-ranking. Overall we
find that enterprise schema matching is not just a retrieval prob-
lem; when candidate recall is high but top-1 accuracy is low, the
bottleneck becomes context-aware decision-making.
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