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Abstract
As one of the most widely used data storage and exchange formats, tabular data can be challenging to be
integrated, interpreted, and reused when they lacks accurate semantic annotations, particularly when data come
from heterogeneous sources. However, the annotation process is often time-consuming and requires a deep
understanding of the internal structure of the target ontology. Therefore, developing efficient and accurate
semi-automatic or fully automatic annotation tools is very important. Most existing approaches often rely on
textual similarity to match column headers to ontology terms, and fail to effectively leverage the rich relational
semantics representation within the ontology. To address this issue, we propose a reranking approach that
combines semantic similarity with ontology structure. Specifically, we first generate a set of candidate ontology
terms based on semantic similarity. For each source table header and its candidate ontology terms, we construct
subgraphs and train a lightweight Graph Neural Network (GNN) model on these graphs to learn structure-aware
representations. These representations are then used to improve the ranking of candidate ontology terms. To
validate our approach, we performe experiments on the OAEI dataset. The results demonstrate that our approach
improves Hit@1 by 4% compared to a baseline model that only relies on lexical similarity. This result shows that
learning on local subgraphs is a promising direction for ontology alignment and schema matching.
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1. Introduction

Interoperability and knowledge integration between heterogeneous data sources have always been key
challenges in the semantic web domain. A large amount of tabular data are often generated and stored in
separate databases across different infrastructures. The semantics of such data are always ambiguous and
non-standardized, which impedes the implementation of the FAIR principles [1]. However, annotating
tabular data is not a simple task. It is time-consuming, error-prone, and requires a deep understanding
of the target ontology. The task of mapping table headers to ontology terms can be treated as a data
matching problem [2]. Previous research has proposed various approaches, such as [3, 4, 5]. Recently,
Large Language Models (LLMs) and Pre-trained Language Models (PLMs) like Sentence-Bidirectional
Encoder Representation Transformer (SBERT) [6] have been widely used for data matching tasks. These
models can capture contextual meaning and have shown promising results [7, 8]. However, most
of them rely only on lexical or contextual similarity and are therefore incapable of reasoning about
complex relationships defined in OWL axioms, such as hierarchies, subclass relations, and property
dependencies. This limitation becomes more significant in domain-specific tasks. In addition, some
LLM-based methods [9, 10] have demonstrated strong performance in zero-shot annotation tasks, but
their decision-making processes are difficult to explain due to their black-box nature [8].

Inspired by recent research in the application of Graph Neural Networks (GNNs) to knowledge graph
completion and reranking tasks [11, 12, 13], we propose a lightweight reranking approach that integrates
ontology structure into the matching process. We construct a subgraph for each source table header
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and its candidate ontology terms, and train a GNN model on these graphs. By passing and aggregating
messages among nodes, the model evaluates both the semantic and structural similarity and generates
the final ranking of candidate terms. The proposed approach significantly reduces computational cost
and improves annotation accuracy. The main contributions of this paper are as follows:

• We propose an approach for dynamically constructing context graphs for semantic annotation and
reranking tasks, which improves the matching accuracy and enhances computational efficiency;

• We perform our approach on several real-world datasets, the approach achieves significant
performance gains over the baseline model and is able to generate higher quality semantic
annotations.

The remainder of this paper is structured as follows: Section 2 shows related work on graph-
based reranking techniques. Section 3 introduces the proposed methodology. Section 4 describes the
experimental setup and results. Section 5 concludes the paper with future work.

2. Related Work

Previous work [12] shows that graph-learning methods can be effectively used for reranking and Re-
trieval Augmented Generation (RAG) tasks. In graph-based reranking approaches, candidate documents
are modeled as nodes, and candidate-candidate edges are constructed from semantic similarity and
external knowledge. Then, the message passing or aggregation will be used for structured reasoning
within the candidate set to generate more reliable candidates. The training methods of graph-based
reranking models can be categorized into three types [14], they are point-wise [15, 16], pair-wise [17, 18],
and list-wise [19]. Motivated by these works, we adapt this idea to Column Type Annotation (CTA) tasks.
We construct subgraphs for each table header, where nodes of the subgraph are the top-K candidate
ontology terms, and edges are derived from semantic similarity between candidates and structural
relations in the target ontology (such as subClassOf, part_Of, has_quality). A graph-based reranking
model then scores the nodes on this subgraph to get the final ranking.

3. Methodology

In this section, we provide a brief description of our approach and its implementation details. As shown
in Figure 1, the proposed approach can be divided into two stages. In the first stage, we use an SBERT
to retrieve the top-K candidate ontology terms based on semantic similarity. In the second stage, we
construct a local subgraph for each table header and its candidate ontology terms. These subgraphs are
then used as input to a GNN, which learns structure-aware representations to rerank the candidate
ontology terms. In the following, we first define the problem formally and then describe in detail how
the subgraphs are constructed.

3.1. Problem Formulation

Our task can be defined as: Given a target ontology𝒪 that contains a set of terms 𝑇𝒪 = {𝑡1, 𝑡2, . . . , 𝑡𝑚}
and an input table header ℎ, we first apply an SBERT bi-encoder 𝜑(·) to obtain embeddings 𝑒ℎ = 𝜑(ℎ)
and 𝑒(𝑡𝑖) = 𝜑(𝑡𝑖), compute cosine similarities 𝑠(ℎ, 𝑡𝑖) = ⟨𝑒ℎ, 𝑒(𝑡𝑖)⟩/(‖𝑒ℎ‖ ‖𝑒(𝑡𝑖)‖), and return a
top-𝐾 candidate list 𝐿cand =

[︀
(𝑡𝑐1 , 𝑠𝑐1), . . . , (𝑡𝑐𝐾 , 𝑠𝑐𝐾 )

]︀
sorted by similarity score 𝑠. Then for

each table header ℎ we construct a header-specific candidate subgraph 𝐺ℎ = (𝑁,𝐸,𝑊 ): the
node set 𝑁 = {ℎ𝑖, 𝑡𝑐1 , . . . , 𝑡𝑐𝐾} contains the candidates for that header ℎ, edges and weights
(𝐸,𝑊 ) capture pairwise relatedness, for example, semantic similarity or ontology relations. Each
node has features 𝑥𝑖 =

[︀
𝑒(𝑡𝑐𝑖); 𝑠𝑐𝑖

]︀
and embeddings 𝑒ℎ. Then we define a reranking function

𝑓rerank based on a pre-trained GNN model. This function takes the table header ℎ and the can-
didate list 𝐿𝑐𝑎𝑛𝑑 = {𝑡𝑐𝑎𝑛𝑑1 , 𝑡𝑐𝑎𝑛𝑑2 , ..., 𝑡𝑐𝑎𝑛𝑑𝑘} as input, and outputs final results as 𝐿𝑟𝑒𝑟𝑎𝑛𝑘 =
{𝑡𝑟𝑒𝑟𝑎𝑛𝑘1 , 𝑡𝑟𝑒𝑟𝑎𝑛𝑘2 , ..., 𝑡𝑟𝑒𝑟𝑎𝑛𝑘𝑘}.



Figure 1: Proposed graph-based annotation approach with two stages: Stage 1 generates top-K candidate
ontology terms with SBERT. Stage 2 uses GNN to rerank candidate ontology terms.

3.2. Graph Construction

To enable the reranking process, we construct a subgraph for each source header ℎ𝑖 and its candidate
ontology terms 𝐿𝑐𝑎𝑛𝑑 = {𝑡𝑐𝑎𝑛𝑑1 , 𝑡𝑐𝑎𝑛𝑑2 , ..., 𝑡𝑐𝑎𝑛𝑑𝑘}, which are shown in Algorithm 1. We represent
ℎ𝑖 and 𝐿𝑐𝑎𝑛𝑑 = {𝑡𝑐𝑎𝑛𝑑1 , 𝑡𝑐𝑎𝑛𝑑2 , ..., 𝑡𝑐𝑎𝑛𝑑𝑘} as nodes in a graph. To connect the nodes, we add edges
between the ℎ𝑖 and each candidate 𝑡𝑐𝑎𝑛𝑑. The edge weights are the semantic similarity score calculated
from the first-stage retrieval. In order to include structural information of the target ontology 𝑂,
we search for the relations between candidate terms 𝐿𝑐𝑎𝑛𝑑 = {𝑡𝑐𝑎𝑛𝑑1 , 𝑡𝑐𝑎𝑛𝑑2 , ..., 𝑡𝑐𝑎𝑛𝑑𝑘} in the target
ontology 𝑂 (such as subClassOf, part_Of, has_quality). If the relation 𝑟 exists and (𝑡𝑖, 𝑟, 𝑡𝑗) is
true, we add an edge between 𝑡𝑖 and 𝑡𝑗 . Each edge contains two features: a similarity score and the
binary value of whether it is a structural edge of the ontology. In addition, we add self-loop edges to all
nodes with a fixed weight of 1. These self-loops help preserve their own node features during message
propagation.
Algorithm 1: Graph Construction
Input: Header text ℎ, ontology 𝑂, candidate list 𝐿cand
Output: Graph 𝐺 = (𝑁,𝐸) with node features and edge weights
// Step 1: Graph Nodes
𝑁 ← {ℎ𝑖, 𝑡1, . . . , 𝑡𝐾}, where ℎ𝑖 is the source table header and {𝑡1, ..., 𝑡𝑘} are the candidate
ontology terms.

// Step 2: Add Edges to Graph
1. Add source-to-candidate edges (ℎ𝑖, 𝑡𝑖) with edge feature [𝑠𝑖𝑚𝑖, 0]
2. Add candidate-to-candidate edges (𝑡𝑖, 𝑡𝑗) with feature [𝑠𝑖𝑚, is_ontology]
3. Add self-loops (ℎ𝑖, ℎ𝑖) with feature [1, 0]
return 𝐺 = (𝑁,𝐸) with node features and edge weights

3.3. Model Training

To learn structural representation for re-ranking candidate terms, we train a lightweight Graph Attention
Model (GAT) based on GATv2 [20]. The GAT model consists of two GATv2 convolutional layers, followed
by a linear classifier. In the training process, we use the RankNet loss [21]:

𝐿𝑖𝑗 = log
(︁
1 + 𝑒−𝜎(𝑠𝑖−𝑠𝑗)

)︁
(1)

For each graph, we sample all positive 𝑠𝑖 and negative 𝑠𝑗 candidate pairs and compute the average
pairwise ranking loss. The goal is to rank the correct term as high as possible in the final reranking list
𝐿𝑟𝑒𝑟𝑎𝑛𝑘.



Table 1
Experimental results based on two OAEI datasets

Reranking Model Hit@1 Hit@5 Hit@10 MRR

Baseline (SBERT only) 0.782 0.896 0.921 0.828
Rerank with MMR 0.785 0.899 0.921 0.834
Rerank with CE 0.808 0.905 0.921 0.846
Rerank with GCN 0.629 0.882 0.921 0.734
Rerank with GAT 0.824 0.914 0.921 0.863

4. Experiment and Results

4.1. Experiment Setup

We conduct experiments on the Bio-ML track 1 of the OAEI (Ontology Alignment Evaluation Initiative)
benchmark in 2024, which focuses on ontology alignment tasks in the biomedical domain. The dataset2

used in our experiments consists of three parts:

• Source Header: Each class label in the source ontology is treated as a source header to be
annotated. We use the NCIT ontology as the source ontology in this experiment.

• Target Ontology: The complete target ontology is used for candidate retrieval. We select DOID
as the target ontology.

• Ground Truth Dataset: The official reference alignment file with a unique correct match in the
target ontology for each source header.

We use two standard ranking metrics to evaluate the performance of the model: Hit@K to evaluate top-
K accuracy and Mean Reciprocal Rank (MRR) to evaluate the overall quality of the reranked results [22].
We evaluate all methods on the same candidate set generated by the first-stage SBERT bi-encoder. The
systems compared are as follows: SBERT-only, using the first-stage similarity score as the final score; A
non-graph reranker based on Maximal Marginal Relevance (MMR) that post-processes the SBERT list to
balance relevance and diversity; A lightweight Cross-Encoder (CE) that concatenates the table header
with candidate terms and inputs them into a single transformer and rescoring relevance to generate the
final score; And two graph-based reranking models, Graph Convolutional Neural Network (GCN) and
GAT that operate on the candidate subgraph.

4.2. Results and Analysis

Preliminary experimental results are shown in Table 1. The proposed GAT model achieves the best
overall performance. It reaches a Hit@1 of 0.824, with an accuracy improvement of 4% over the SBERT-
only baseline model (Hit@1 of 0.782), and GCN model (Hit@1 of 0.629). In addition, the GAT model also
achieves the highest MRR score of 0.863. The results demonstrate the effectiveness of incorporating
ontology structure into the reranking process and highlight the significant potential for enhancing
schema matching tasks.

5. Conclusion and Future Works

In this paper, we propose a graph-based reranking approach, which improves the performance of
semantic annotation tasks. By constructing a local subgraph for each table header and its candidate
ontology terms, our method effectively integrates lexical semantic similarities with structural knowledge.
Experiments on the OAEI Bio-ML track dataset show that our approach results in a Hit@1 of 0.824

1https://krr-oxford.github.io/OAEI-Bio-ML/
2https://zenodo.org/records/13119437

https://krr-oxford.github.io/OAEI-Bio-ML/
https://zenodo.org/records/13119437


and a 4% improvement compared to the baseline model. These results provide a new perspective on
performing efficient annotation solutions with reduced computational and cost demands.

For future work, we plan to enrich the representation of the constructed graphs by adding additional
node and edge features beyond simple relations. Furthermore, we aim to extend the model to support
multiple ontologies, enabling it to better support annotation tasks in multi-domain scenarios.
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