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Abstract

Semi-structured documents contain both hierarchical structure and field-level semantics.
This makes similarity measurement difficult for methods that focus only on structure or
only on global semantic representations. To address this problem, we propose a framework
for schema-level semantic–structural similarity of semi-structured documents. We first
introduce Semantic Tree Edit Distance (STED), which combines semantic node matching
with hierarchical tree alignment. We then generate training pairs through controlled
perturbations of real JSON documents and use their STED scores as automatic supervision.
Based on this supervision, STED–GNN learns an efficient approximation of STED for
repeated similarity computation. Experiments on MixedJSONBench-Doc show that STED–
GNN achieves a mean ARI of 0.9799 for clustering, an accuracy of 0.9967 in the primary
inductive classification evaluation, and a mean Recall@76 of 0.7289 on the low-similarity
evaluation. After document representations are cached, STED–GNN reduces repeated
pairwise scoring time by approximately 183.47 times relative to STED. These results show
that jointly modeling semantic and structural information is effective for semi-structured
document similarity, while learned approximation substantially reduces the cost of repeated
pairwise comparison.

Keywords: semi-structured data similarity; semantic tree edit distance; graph neural
network; automatic supervision

1. Introduction
Semi-structured data are widely used in modern data management systems because

they combine flexible schemas with hierarchical organization [1,2]. JSON is one of the
most common semi-structured formats and is extensively used in document databases,
information integration pipelines, and scientific data processing workflows [3,4]. Measur-
ing similarity between JSON documents is, therefore, important for tasks such as schema
matching, data integration, retrieval, clustering, and repository organization [5].

Unlike plain text or tabular data, semi-structured documents encode information
through both field semantics and hierarchical organization. Two JSON documents may
describe the same concept while using different field names, nesting patterns, or container
structures [6]. Purely structural comparison may fail to recognize semantically related fields
with different names, whereas global text representations may overlook where these fields
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occur in the document hierarchy. Similarity measurement for semi-structured data, there-
fore, requires the joint consideration of semantic correspondence and structural context.

Existing approaches address different aspects of this problem. Structure-based meth-
ods preserve hierarchical information through tree or graph edit operations, but they have
limited ability to capture semantic correspondence between differently named fields [7,8].
Schema- and embedding-based methods represent attributes or documents as dense vec-
tors, but explicit structural alignment is generally absent during similarity computation [5].
Learned similarity models provide flexible representations, yet the resulting similarity is
usually defined implicitly through training supervision [9,10]. More broadly, recent stud-
ies have explored combining explicit computational formulations with neural models in
other domains [11,12]. These studies suggest a general direction in which an interpretable
formulation can provide supervision for an efficient learned approximation.

Figure 1 illustrates the representation heterogeneity considered in this work. The
two JSON documents describe the same movie but organize their schemas differently.
Semantically related fields use different names, such as title and name, or duration and
running time. Their hierarchical contexts also differ: title and duration appear under basic_info
in one document but at the top level in the other, resulting in different root-to-node paths. In
addition, cast is represented using different container structures. These differences motivate
a schema-level semantic–structural similarity measure that jointly considers field semantics
and hierarchical context.

(a) (b)

{
    "basic_info": {
        "title": "The Wandering Earth",
        "duration": 125
    },
    "cast": {
        "Wu Jing": "Liu Peiqiang",
        "Zhao Jinmai": "Han Duoduo",
        "Wu Mengda": "Han Zi'ang"
    },
    "genre": [
        "science fiction",
        "adventure",
        "disaster"
    ]
}

object

{
    "name": "The Wandering Earth",
    "running time": 125,
    "cast": [
        {
            "actor": "Wu Jing",
            "role": "Liu Peiqiang"
        },
        {
            "actor": "Zhao Jinmai",
            "role": "Han Duoduo"
        },
        {
            "actor": "Wu Mengda",
            "role": "Han Zi'ang"
        }
    ],
    "type": [
        "science fiction",
        "adventure",
        "disaster"
    ]
}

semantically related keys

array of objects

Figure 1. Two JSON documents describing the same movie: (a) the first JSON representation; and
(b) the second JSON representation. The two documents differ in field names, hierarchical contexts,
and container structures.

These observations lead to three main requirements. First, similarity measurement
should jointly model node semantics and hierarchical structure rather than relying only
on global document representations or structure-oriented edit rules. Second, manually
annotating pairwise similarity for large collections of semi-structured documents is expen-
sive and subjective, which motivates an automatic supervision mechanism. Third, explicit
structural alignment can be computationally expensive when many document pairs must
be compared, motivating an efficient learned approximation.
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To address these requirements, we propose a framework based on Semantic Tree
Edit Distance (STED) and STED–GNN. STED defines schema-level semantic–structural
similarity by incorporating semantic node matching into hierarchical alignment. We further
construct training pairs through controlled perturbations of real JSON documents and use
their STED scores as automatic supervision. Based on this supervision, STED–GNN learns
an efficient approximation of STED for repeated similarity computation. The framework is
evaluated through direct approximation, clustering, classification, low-similarity detection,
cross-source validation, and computational efficiency analysis.

The main contributions of this work are summarized as follows:

• We propose STED, a schema-level semantic–structural similarity measure for semi-
structured documents that jointly models node semantics and hierarchical structure.

• We develop an automatic supervision strategy that constructs training pairs from real
JSON documents through controlled perturbations and uses STED similarity scores
as supervision.

• We develop STED–GNN as an efficient learned approximation of STED and systemati-
cally evaluate its approximation quality, downstream effectiveness, and computational
efficiency under source-disjoint document and cross-source settings.

2. Related Work
Research on similarity measurement for semi-structured data can be broadly catego-

rized into three directions: structure-based similarity methods, semantic and schema-level
embedding methods, and learned similarity models. We review representative approaches
in each category and discuss how our work differs from existing studies.

2.1. Structure-Based Similarity Methods

Tree edit distance (TED) is a classical approach for measuring similarity between
hierarchical data structures [13,14]. It quantifies the difference between two trees through
edit operations such as node insertion, deletion, and substitution. For XML documents,
X-Diff provides an efficient mechanism for detecting structural changes in unordered
XML trees [7], while Cobéna et al. proposed tree comparison techniques for XML version
management and change detection [15]. From an algorithmic perspective, ordered tree edit
distance can be computed in polynomial time, and RTED is a representative algorithm that
improves robustness across different ordered tree structures while maintaining practical
computational performance [16]. In contrast, computing tree edit distance for unordered
trees has been shown to be NP-hard. This distinction is particularly relevant to JSON
data, where arrays are ordered sequences whereas objects consist of unordered key-value
pairs. To address these characteristics, JEDI extends the edit-distance paradigm to JSON
documents by explicitly distinguishing ordered and unordered subtrees and defining edit
operations tailored to JSON structures [8].

Structure-based methods preserve hierarchical information and provide interpretable
similarity scores based on structural transformations. However, they generally rely on
explicit label or value matching and have limited ability to capture semantic equivalence
between differently named fields or schema contexts. As a result, documents with simi-
lar schema semantics but different structural representations may receive relatively low
similarity scores. In contrast, our work incorporates semantic node matching into the edit
process while preserving JSON-specific structural characteristics.

2.2. Semantic and Schema-Level Similarity Methods

To incorporate semantic information into semi-structured data analysis, a num-
ber of studies represent schemas, attributes, or entire documents using vector embed-
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dings. SchemaEmbed is a representative schema-level embedding approach that combines
Word2Vec and deep autoencoders to learn context-aware schema representations for JSON
document clustering and similarity analysis [5]. Related studies utilize attribute names,
data types, and schema structures to support schema matching and integration across
heterogeneous data sources [17].

Pre-trained language models can also be used to represent semi-structured documents by
linearizing JSON content into textual sequences and generating document-level embeddings.
Models such as BERT [18] provide strong semantic representations, but this document-level
encoding does not explicitly align hierarchical structures during similarity computation.

Despite differences in representation granularity, schema-level and document-level
embedding methods primarily compare vector representations rather than performing explicit
structural alignment. Consequently, hierarchical context may be only partially preserved,
particularly when semantically similar fields appear at different structural positions.

In contrast, our framework incorporates semantic node representations directly into
hierarchical alignment, so structural correspondence and field-level semantics are jointly
considered during schema-level semantic–structural similarity computation.

2.3. Learned Similarity Models

Neural networks have been widely used to learn similarity functions directly from data.
Existing approaches optimize representations for downstream tasks such as classification,
retrieval, and recommendation [19,20]. Such methods can be implemented using graph
neural networks [21], pre-trained language models, or large language models fine-tuned for
similarity prediction [9,10]. These approaches often achieve good empirical performance
and provide flexible representations for complex data.

However, learned similarity models typically require task-specific labeled or con-
structed supervision, and the resulting similarity function may be difficult to interpret
directly. In contrast, STED-GNN is trained to approximate the explicitly defined STED
similarity measure using automatically generated supervision.

3. Method
We propose a framework to compute the similarity of semi-structured documents

such as JSON objects. The framework consists of three core components in Figure 2:
(1) Semantic Tree Edit Distance (STED), an interpretable similarity measure that jointly
captures structural and semantic information; (2) an automatic generation pipeline for
supervised document pairs and (3) STED-GNN, a graph neural network designed to
efficiently approximate STED similarity scores.

3.1. STED Similarity for Semi-Structured Documents

Semi-structured data represented by JSON contains both hierarchical organization and
node-level textual semantics. To measure similarity between such documents, we define
STED as a semantic–structural similarity measure that extends tree-edit computation with
semantic node matching.

Given a JSON document, we first convert it into a semantic tree T = (V, E), where each
node corresponds to a structural element and edges represent parent-child relationships
derived from JSON hierarchy. In this transformation, JSON objects are treated as unordered
sets of child nodes, while JSON arrays are regarded as ordered sequences. This design
strictly follows the inherent structural characteristics of JSON.
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PHASE 1: Similarity-aware Pairwise Semi-structured Data Generation

PHASE 2: Semi-structured Data Similarity Learning with Siamese GNN
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Figure 2. Overall framework for semi-structured document similarity computation. The framework
consists of two phases: (1) automatic training-pair generation, which produces labeled document
pairs through controlled structural and semantic perturbations and uses STED scores as automatic
supervision and (2) similarity learning with STED-GNN, which learns to approximate STED for
efficient similarity prediction.

To incorporate both node semantics and structural context, we construct a textual
descriptor for each node v by combining its key and the corresponding path from the
root node:

xv = concat
(︁
key(v), path(v)

)︁
. (1)

This formulation mainly focuses on schema-level semantic and structural similarity, rather
than simple matching of raw node values. Raw scalar values are not included in the current
STED definition; incorporating value-aware semantics is left for future work.

We use the frozen bert-base-multilingual-cased encoder to obtain a 768-
dimensional semantic embedding for each node:

hv = Enc(xv), (2)

where Enc(·) denotes the frozen multilingual BERT encoder.
For two semantic trees Ti and Tj, the substitution cost between node v and node u is

defined based on the cosine similarity of their embeddings:

csub(v, u) = 1− cos(hv, hu). (3)

The insertion and deletion costs are both set to unit cost:

cins = cdel = 1. (4)

Because cos(hv, hu) ∈ [−1, 1], the substitution cost satisfies csub(v, u) ∈ [0, 2], whose
maximum equals the combined cost of deleting one node and inserting another.

STED handles object and array nodes differently. Object children are aligned using the
Hungarian algorithm [22], while array elements are aligned in their original order using
dynamic programming. Subtree distances are memoized to avoid repeated computation.
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The accumulated edit cost is defined recursively under the JSON-specific alignment
rules described above. Let ri and rj denote the roots of Ti and Tj. Then

dSTED(Ti, Tj) = δ(ri, rj), (5)

where
δ(v, u) = csub(v, u) + A(Cv, Cu). (6)

Here, A(Cv, Cu) denotes the child-forest alignment cost: ordered dynamic programming is
used for array children, augmented Hungarian matching is used for object children, and
unmatched subtrees are charged by their full insertion or deletion costs. If the two nodes
are not both arrays or both objects, all source child subtrees are deleted and all target child
subtrees are inserted. The detailed recurrence is given in Appendix A. dSTED is used as an
edit-based dissimilarity, while the normalized STED value defined below is used as the
similarity score.

Finally, we normalize the accumulated edit cost to obtain the STED similarity score:

STED(Ti, Tj) = 1−
dSTED(Ti, Tj)

|Vi|+ |Vj|
. (7)

The normalization yields a score in [0, 1]. All edit costs are non-negative, and the
root nodes are kept matched. A valid transformation can always be obtained by deleting
all non-root nodes of Ti, inserting all non-root nodes of Tj, and matching the two roots.
Since the root substitution cost is at most 2, 0 ≤ dSTED(Ti, Tj) ≤ |Vi|+ |Vj|, and, therefore,
0 ≤ STED(Ti, Tj) ≤ 1. A higher STED score indicates greater schema-level semantic–
structural similarity.

3.2. Synthetic Training Data Generation

High-quality labeled similarity pairs of semi-structured documents are generally
scarce and costly to annotate manually. To tackle this issue, we automatically generate
large-scale valid document variants to build the training dataset.

Starting from original JSON documents, we generate multiple variants by performing
random edit operations on their corresponding semantic trees, including node deletion,
node insertion, key renaming, value modification and subtree relocation. These operations
introduce controllable structural and semantic perturbations while guaranteeing valid
JSON syntax and hierarchical structure.

We impose structural constraints on the maximum tree depth and total node num-
ber to ensure the generated samples are realistic. Meanwhile, semantic constraints are
applied to maintain data type consistency and container compatibility. By adjusting the
number and types of edit operations, the generated document pairs cover a wide range of
similarity levels.

Raw scalar values are not included in the STED node descriptor. Therefore, value-only
changes do not directly affect the STED score. The STED score of each generated pair is
used as the supervision target for STED-GNN. Detailed generation statistics, filtering rules,
and data-split audits are provided in Appendix B.

3.3. STED-GNN Model

Although STED provides interpretable semantic–structural similarity, its recursive tree
alignment becomes computationally expensive when a large number of document pairs
must be compared. STED-GNN, therefore, learns an efficient approximation of STED by
encoding each JSON document independently into a reusable graph-level representation.
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Each JSON document is converted into a bidirectional graph using the same Key + Path
node representation as STED. Node texts are encoded by the frozen bert model, after which
a shared two-layer GCN and global mean pooling produce a 512-dimensional document
embedding z.

For a document pair (da, db), the two embeddings are combined using the exchange-
invariant representation

pab = [|za − zb| ; za ⊙ zb], (8)

which guarantees pab = pba. The resulting pair representation is passed to an MLP to
predict the similarity score ŝ.

STED-GNN is trained as a regression model using STED scores as supervision, with
mean squared error

L =
1
N

N

∑
k=1

(︁
ŝk − sk

)︁2. (9)

The complete training and inference procedure is provided in Appendix A.

4. Experimental Setup
We evaluate the proposed framework from four perspectives: downstream perfor-

mance on real JSON documents, approximation fidelity to STED, computational efficiency
and scalability, and the contribution of different node representations. Correspondingly,
the experiments include downstream performance comparisons, direct approximation
evaluation, efficiency analysis, and ablation studies.

4.1. Datasets and Evaluation Setting

The main evaluation dataset used in this work is MixedJSONBench-Doc, which con-
tains 120 real JSON documents from six domains, including chemistry, e-commerce, finance,
games, materials, and movies, with 20 documents per domain. The documents are ran-
domly sampled without replacement within each domain using a fixed seed of 42 and are
reserved before generating the synthetic supervision data. The evaluation documents have
no overlap with the source documents used for STED-GNN training according to both
source-document identifiers and SHA-256 hashes of normalized document contents. For
all competing methods, pairwise similarities are computed over the 120 documents and
used for clustering and classification under the same evaluation protocols.

For the low-similarity evaluation, we use a fixed stratified set of 500 real JSON docu-
ment pairs constructed from MixedJSONBench-Doc, covering same-source and cross-source
pairs with different structural-overlap and document-size characteristics. Candidate-pair
construction does not use STED, STED–GNN, JEDI, or any other evaluated similarity score.
Three researchers each provide one independent rating following the same five-point or-
dinal rubric based on field names, field paths, hierarchical and container structure, and
data types, while raw values, source/domain information, and model-generated similarity
scores are excluded. Among the 500 pairs, 76 receive a score of 1 from all three annotators
in their initial ratings and are used as the reference set for Recall@76.

A supplementary cross-source evaluation on independently sourced HL7 FHIR R5
JSON documents is provided in Appendix E.

4.2. Baselines

STED is included as a central reference because STED-GNN is trained to approximate
its similarity scores. We compare STED-GNN with a set of representative baselines covering
different technical paradigms. JEDI [8] is a classic edit-distance-based method specifically
designed for JSON similarity measurement. SchemaEmbed [5] learns contextual embed-
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dings to capture schema-level information. We also incorporate vanilla BERT [18] and
Llama-3.2-3B [23], which convert JSON contents into plain text and calculate similarity via
document-level embeddings. Furthermore, we evaluate their fine-tuned variants, namely
BERT-trained and Llama-3.2-3B-finetuned. All fine-tuned models are optimized on the same
synthetic dataset as STED-GNN. All methods are evaluated using the same downstream
protocols for clustering, classification, and human-annotated low-similarity detection.

4.3. Evaluation Tasks and Metrics

For the clustering task, we take the similarity matrix as the affinity matrix and perform
spectral clustering. The number of clusters is set to six to match the number of predefined
domains in MixedJSONBench-Doc. We adopt four widely used metrics: adjusted Rand
index (ARI), normalized mutual information (NMI), clustering purity and silhouette score.
ARI, NMI, and purity measure agreement between the predicted clusters and the predefined
domain labels, whereas the silhouette score measures cluster compactness and separation in
the induced distance space. For silhouette calculation, the similarity matrix S is converted
into a precomputed distance matrix as D = 1− S.

For the classification task, the precomputed similarity matrix is supplied to a support
vector machine (SVM) using the precomputed-kernel interface. We apply stratified five-fold
cross-validation at the document level. For each fold, the classifier is fitted using only
the training–training submatrix Ktrain,train and the corresponding training labels, while
prediction uses Ktest,train; neither Ktest,test nor test labels are used during model fitting.
Accuracy and Macro-F1 are reported as the averaged classification metrics across the five
folds. Because a learned similarity matrix is not necessarily positive semidefinite, additional
analyses of symmetry, eigenvalue spectra, and PSD correction are provided in Appendix C.
An additional inductive classification evaluation using the frozen 512-dimensional STED–
GNN document embeddings is also reported in Appendix C.

For low-similarity detection, each method ranks the 500 candidate pairs in ascending
order of predicted similarity. Recall@76 measures the fraction of the 76 pairs receiving a
score of 1 from all three annotators in their initial ratings that appear among the 76 lowest-
ranked pairs predicted by each method. Spearman correlation is additionally computed
between the predicted similarity scores and the final five-level reference scores over all
500 pairs. Further details are provided in Appendix F.

For methods involving stochastic training, results are obtained from five independently
trained model seeds. For classification, Accuracy and Macro-F1 are first averaged over the
five fixed cross-validation folds for each seed, and the reported mean and sample standard
deviation are then calculated across the five seed-level averages. For clustering and low-
similarity detection, each model seed produces one complete evaluation result, which is
then summarized across the five seeds. Thus, the reported standard deviation reflects
model-training-seed variability rather than cross-validation-fold variability. Deterministic
methods are reported as single values.

4.4. Training Protocol of STED-GNN

The source collection contains 4350 real JSON documents from six domains. After
reserving the 120 documents used in MixedJSONBench-Doc, the remaining 4230 source
documents are split at the source-document level into 2962 training, 634 validation, and
634 test documents before any synthetic variants or document pairs are generated. Synthetic
variants and document pairs are subsequently generated independently within each subset,
so variants derived from the same source document cannot occur in different splits.

The resulting supervision dataset contains 15,090 document pairs, including 10,563
training pairs, 2263 validation pairs, and 2264 test pairs. Among these pairs, 9052 are

https://doi.org/10.3390/electronics15204813

https://doi.org/10.3390/electronics15204813


Electronics 2026, 15, 4813 9 of 22

constructed from retained perturbed variants of the same source documents and 6038 are
cross-document pairs. Each perturbed variant is generated using 1–8 edit requests drawn
from five operation types: node deletion, node insertion, key renaming, value modification,
and subtree relocation. The five edit operations are initially sampled with equal probability.
After validity and structural filtering, the retained edits consist of approximately 27.6%
deletion, 27.2% value modification, 19.3% subtree relocation, 13.1% insertion, and 12.9%
key renaming.

Generated variants are filtered according to JSON validity, root-type consistency,
nonempty keys and values, effective edits, structural constraints, and normalized-content
deduplication. For every retained pair, the supervision score is calculated using STED,
which serves as the training target for STED-GNN. The training, validation, and test subsets
have zero overlap in source-document identifiers, normalized-content SHA-256 hashes,
and generated document pairs. Detailed source-domain statistics, perturbation counts,
filtering rules, structural constraints, and the resulting similarity-score distribution are
reported in Appendix B.

4.5. Implementation Details

All experiments were conducted using Python 3.11.15, PyTorch 2.13.0, PyTorch Geo-
metric 2.7.0, and scikit-learn 1.9.0. For node semantic encoding in both STED and STED-
GNN, we employ bert-base-multilingual-cased and extract the 768-dimensional [CLS]
embedding as node features.

The default STED-GNN is built upon a shared Siamese graph encoder with two
GCN layers (hidden dimension = 512). Given two graph-level embeddings za and zb, the
commutative pair representation [|za − zb|; za ⊙ zb] is constructed and passed to the MLP
prediction head, thereby enforcing s(A, B) = s(B, A) by design.

The model is trained with mean squared error loss and optimized by the Adam
optimizer. The learning rate is set to 3× 10−4, with a batch size of 4 and a total of 40 training
epochs. A fixed random seed of 42 is used for single-run experiments, while stochastic
results reported over repeated runs are averaged across five random seeds. Experiments
are run on a Linux server equipped with an Intel Xeon Platinum 8260 CPU and a single
NVIDIA Tesla P100 GPU (16 GB memory).

5. Results
5.1. Main Results

Table 1 summarizes the results on clustering and classification using MixedJSONBench-
Doc, together with human-annotated low-similarity detection.

For clustering, STED and STED–GNN show numerically comparable ARI and NMI
results. STED obtains an ARI of 0.9797 and an NMI of 0.9814, while STED–GNN obtains
0.9799± 0.0140 and 0.9827± 0.0110, respectively. Their reported purity values are also
similar, with 0.9917 for STED and 0.9917± 0.0059 for STED–GNN. SchemaEmbed has the
largest mean silhouette score of 0.7475± 0.1167, while its mean ARI, NMI, and purity
are lower than the corresponding values of STED, STED–GNN, and JEDI. This difference
reflects that silhouette evaluates compactness and separation in the induced distance space,
whereas ARI, NMI, and purity measure agreement with the predefined domain labels.

For classification, STED achieves an Accuracy and Macro-F1 of 1.0000, while STED–
GNN obtains 1.0000± 0.0000 for both metrics in the similarity-matrix-based evaluation.
JEDI obtains an Accuracy of 0.9667 and a Macro-F1 of 0.9698. In the inductive feature-
space evaluation, STED–GNN achieves an Accuracy of 0.9967± 0.0046 and a Macro-F1 of
0.9966± 0.0046.
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On the low-similarity task, STED achieves a Recall@76 of 0.7368 and a Spearman corre-
lation of 0.7312, while STED–GNN obtains 0.7289± 0.0072 and 0.7195± 0.0095, respectively.
JEDI obtains a Recall@76 of 0.6316 and a Spearman correlation of 0.6966. The low-similarity
reference provides an evaluation of similarity ordering without using STED scores as target
labels. The numerically close results of STED and STED–GNN indicate that the learned
approximation preserves much of the behavior of STED on this evaluation.

Table 1. Results on clustering, similarity-matrix-based classification, and low-similarity detection.
For methods involving stochastic training, results are reported as mean ± sample standard deviation
across five model seeds; deterministic methods are reported as single values.

(a) Clustering

Method ARI ↑ NMI ↑ Silh. ↑ Purity ↑

STED 0.9797 0.9814 0.6586 0.9917
STED–GNN 0.9799± 0.0140 0.9827± 0.0110 0.6551± 0.0039 0.9917± 0.0059
JEDI 0.9095 0.9446 0.5300 0.9583
SchemaEmbed 0.8273± 0.1004 0.8596± 0.0554 0.7475± 0.1167 0.8583± 0.0607
BERT 0.3289 0.4923 0.3126 0.5167
BERT-trained 0.7410± 0.0192 0.8507± 0.0111 0.5386± 0.0713 0.7750± 0.0186
Llama-3.2-3B 0.4923 0.4309 0.2179 0.5250
Llama-3.2-3B-finetuned 0.8128± 0.0197 0.8774± 0.0139 0.4703± 0.0064 0.8667± 0.0220

(b) Classification

Method Acc. ↑ Macro-F1 ↑

STED 1.0000 1.0000
STED–GNN 1.0000± 0.0000 1.0000± 0.0000
JEDI 0.9667 0.9698
SchemaEmbed 0.8750± 0.0195 0.8810± 0.0197
BERT 0.6833 0.6734
BERT-trained 0.9000± 0.0118 0.9000± 0.0047
Llama-3.2-3B 0.7333 0.7213
Llama-3.2-3B-finetuned 0.9417± 0.0156 0.9385± 0.0161

(c) Low-similarity detection

Method Recall@76 ↑ Spearman ↑

STED 0.7368 0.7312
STED–GNN 0.7289± 0.0072 0.7195± 0.0095
JEDI 0.6316 0.6966
SchemaEmbed 0.1711± 0.0372 0.5423± 0.1088
BERT 0.2632 0.2534
BERT-trained 0.5684± 0.0195 0.6920± 0.0039
Llama-3.2-3B 0.4079 0.3352
Llama-3.2-3B-finetuned 0.6184± 0.0093 0.6205± 0.0346

Note: ↑ indicates that higher values are better.

Among the document-level embedding methods, fine-tuning results in higher
mean Spearman correlations for both BERT and Llama-3.2-3B. BERT-trained obtains
0.6920± 0.0039, compared with 0.2534 for BERT, while Llama-3.2-3B-finetuned obtains
0.6205± 0.0346, compared with 0.3352 for Llama-3.2-3B. Their Recall@76 values also in-
crease from 0.2632 to 0.5684 ± 0.0195 for BERT and from 0.4079 to 0.6184 ± 0.0093 for
Llama-3.2-3B.

5.2. STED Approximation Fidelity

Because STED–GNN is trained using STED scores as supervision, we separately
evaluate its direct approximation fidelity on the source-disjoint synthetic test set containing
2264 document pairs. Table 2 reports the prediction error and correlation between STED–
GNN outputs and STED scores.
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Table 2. Direct approximation fidelity of STED–GNN to STED on the source-disjoint test set. Results
are reported as mean ± sample standard deviation across five model seeds.

MAE ↓ RMSE ↓ R2 ↑ Pearson ↑ Spearman ↑

0.0076± 0.0005 0.0135± 0.0005 0.9975± 0.0002 0.9988± 0.0000 0.9954± 0.0003
Note: ↑ indicates that higher values are better, whereas ↓ indicates that lower values are better.

STED–GNN achieves a mean MAE of 0.0076 and a mean RMSE of 0.0135, with mean
R2, Pearson correlation, and Spearman correlation values of 0.9975, 0.9988, and 0.9954,
respectively. These results indicate high fidelity to the STED supervision target on document
pairs generated from source-disjoint test sources. This evaluation measures approximation
fidelity and is, therefore, separated from the low-similarity evaluation in Table 1, which
assesses similarity behavior using an independent reference set.

The commutative pair representation also guarantees symmetric predictions, since
both |za − zb| and za ⊙ zb are invariant to input order. Consistent with this design, the
observed symmetry error |s(A, B)− s(B, A)| is zero on the evaluated test pairs.

5.3. Computational Efficiency and Scalability

We compare the computational cost of STED, JEDI, and STED–GNN when constructing
pairwise similarities for the 120 documents in MixedJSONBench-Doc, corresponding to
7140 unordered document pairs in Table 3. To provide a controlled CPU-only comparison,
the efficiency experiment is conducted on a MacBook Air equipped with a 10-core Apple M4
processor and 24 GB of memory. For STED and STED–GNN, runtime is decomposed into
cold-start BERT loading, shared Key + Path node encoding, method-specific preparation
or document encoding, and cached pairwise scoring. Both methods use the same frozen
bert-base-multilingual-cased encoder and identical node-encoding settings. JEDI is
measured using its own preprocessing and scoring pipeline.

Table 3. Efficiency comparison for 7140 document pairs under matched timing boundaries. Times are
reported as mean ± SD over five independent runs.

(a) Representation preparation and encoding

Method
BERT

Load (s)
Node

Encoding (s)
Method-Specific

Prep./Encoding (s)

STED 3.985± 0.353 273.316± 261.790 0.179± 0.346

STED–GNN 3.985± 0.353 273.316± 261.790
Graph: 0.096± 0.146
GCN: 0.112± 0.119

JEDI – – 0.012± 0.005

(b) Pairwise scoring and total runtime

Method Cached Pair Scoring (s) End-to-End Runtime (s)

STED 36.7865± 10.0164 314.2669± 261.0003
STED–GNN 0.2005± 0.2530 277.7505± 261.4123
JEDI 61.148± 40.886 –

Under the matched timing protocol, STED requires 36.7865± 10.0164 s to score all
7140 document pairs after node representations have been cached, whereas STED–GNN
requires 0.2005± 0.2530 s after document embeddings have been cached. This corresponds
to an approximately 183.47× reduction in cached pairwise scoring time. When cold-
start BERT loading, shared node encoding, method-specific preparation or document
encoding, and pairwise scoring are all included, the measured end-to-end runtimes are
314.2669± 261.0003 s for STED and 277.7505± 261.4123 s for STED–GNN. These results
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indicate that the main computational advantage of STED–GNN lies in repeated pairwise
scoring after document representations have been computed.

The scaling experiments further separate the effects of document size and the number
of pairwise comparisons. Increasing document size primarily affects STED tree alignment
and the one-time STED–GNN graph-construction and document-encoding stages, whereas
increasing the number of documents increases the number of pairwise comparisons as
n(n− 1)/2. Detailed scaling results are reported in Appendix D.

5.4. Effect of Node Representation

We examine the contribution of Key, Path, and raw Value information to the node
representation. Seven combinations are evaluated using the same source-disjoint STED
approximation protocol, and MAE is used because this experiment directly measures how
well each representation reproduces the STED supervision target.

As shown in Table 4, Key + Path obtains the lowest mean MAE of 0.007584, compared
with 0.008170 for Path only and 0.008229 for Key only. Representations containing raw
Value information produce higher approximation errors, with mean MAE increasing to
0.010293 for Path + Value, 0.011047 for Key + Path + Value, 0.011195 for Key + Value, and
0.019971 for Value only.

Table 4. Effect of different node representations on STED approximation. MAE is reported as
mean ± sample standard deviation across five model seeds.

Node Representation MAE ↓
Path only 0.008170± 0.000370
Key only 0.008229± 0.000203
Key + Path 0.007584± 0.000450
Path + Value 0.010293± 0.000548
Key + Path + Value 0.011047± 0.000500
Key + Value 0.011195± 0.000424
Value only 0.019971± 0.000984

Note: ↓ indicates that lower values are better.

6. Discussion
The results show that structural alignment and node semantics provide complemen-

tary information for semi-structured document similarity. JEDI performs strongly by
modeling structural edit operations, while STED further incorporates semantic matching
between nodes. SchemaEmbed achieves the largest mean silhouette score, but its agreement
with the predefined domain labels and its performance on the low-similarity evaluation
are lower. The document-level BERT and Llama baselines are less effective without ex-
plicit modeling of JSON hierarchy, although both improve after pairwise supervision.
These results indicate that different methods capture different aspects of similarity, and
that combining hierarchical structure with field-level semantics is useful for schema-level
semantic–structural comparison.

STED and STED–GNN play different roles in the framework. STED provides an
explicit similarity definition, whereas STED–GNN learns an efficient approximation for
repeated pairwise comparison. The source-disjoint evaluation shows that STED–GNN
closely approximates STED scores on document pairs generated from source-disjoint test
sources. However, high approximation fidelity alone does not validate the underlying
similarity definition. For this reason, we also evaluate the methods on the low-similarity
evaluation. STED and STED–GNN obtain numerically close results on this evaluation,
indicating that the learned approximation preserves much of the behavior of STED beyond
the supervision data.
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The current similarity definition is primarily schema-level. Node descriptors contain
Key and Path information but do not include raw scalar values. Therefore, documents
with similar structures and field semantics may still receive high similarity scores even
when their instance values differ substantially. The node-representation experiment also
shows that adding raw values does not improve approximation of the current STED target.
This does not imply that values are unimportant for general document similarity; rather,
value-aware comparison requires an extension of the current similarity definition.

Automatic supervision also introduces a gap between controlled perturbations and
naturally occurring JSON changes. The source documents are real JSON documents, and
the training, validation, and test sets are source-disjoint. However, the supervision pairs
are generated from five predefined edit operations, and 69.39% of them fall in the high-
similarity interval [0.8, 1]. Real-world changes may involve correlated field modifications,
domain-specific constraints, or long-term schema evolution that are not fully represented
by these perturbations. The supplementary FHIR evaluation provides additional evidence
of cross-source applicability, but the lower performance of the frozen STED–GNN relative
to STED also indicates that a cross-source gap remains.

The efficiency results reveal a further trade-off. After document representations are
cached, STED–GNN substantially reduces the cost of repeated pairwise scoring, and this
advantage becomes increasingly relevant as the number of pairwise comparisons grows.
Because the STED–GNN scoring stage operates on fixed-length document embeddings, its
scoring complexity does not directly depend on the number of nodes in the original JSON
documents; document-size dependence is instead associated with graph construction and
document encoding. In contrast, STED–GNN requires more memory than STED and JEDI
because of the neural encoder and intermediate representations. STED–GNN is, therefore,
more suitable for repeated or large-scale pairwise comparison, while STED remains useful
when explicit edit-based computation and lower memory usage are more important.

Several directions can extend the current framework. First, value-aware similarity
could incorporate numerical semantics, physical units, categorical constraints, and do-
main knowledge in addition to Key and Path information. Recent studies that combine
explicit computational formulations with neural models provide a related methodological
perspective. A similar strategy could extend STED with numerical and domain-specific
constraints, while STED–GNN could learn an efficient approximation of the resulting simi-
larity measure. Second, supervision could include naturally occurring schema revisions
and independent similarity reference sets to better evaluate robustness under schema evo-
lution and cross-source distribution shift. Third, the JSON-specific treatment of unordered
objects and ordered arrays could be extended to other semi-structured formats. Finally,
lightweight graph encoders, representation compression, and model distillation could
reduce the memory overhead of STED–GNN for resource-constrained deployment.

7. Conclusions
This paper presents a framework for schema-level semantic–structural similarity of

semi-structured documents. STED combines hierarchical tree alignment with semantic
node matching to provide an edit-based similarity measure, while STED–GNN learns an
efficient approximation using automatically generated supervision. Experiments on real
JSON documents show that STED and STED–GNN perform competitively across clustering,
classification, and low-similarity detection. The approximation analysis further shows that
STED–GNN closely reproduces STED scores on source-disjoint test data, while substantially
reducing repeated pairwise scoring time after document representations are cached.

The current framework also has several limitations. STED primarily models Key, Path,
and hierarchical information and does not explicitly capture raw value semantics. STED–
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GNN is supervised by STED and, therefore, inherits the assumptions of the underlying
similarity definition. In addition, synthetic perturbations cannot fully represent naturally
occurring schema evolution and cross-source variation, and the learned approximation
requires higher memory consumption than STED. Future work will, therefore, focus on
value-aware and numerical semantics, naturally occurring schema changes, extension
to additional semi-structured formats, and more lightweight graph representations for
resource-constrained deployment.
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Appendix A. Detailed Computation Procedures
Appendix A.1. STED Computation

STED converts each JSON document into a rooted semantic tree, where each
node is represented by its field key and root-to-node path encoded using the frozen
bert-base-multilingual-cased model. The detailed recursive computation is given
below and summarized in Algorithm A1. With memoization, the conservative worst-case
time complexity is O(nanb∆3) and the main memoization space is O(nanb).

For a subtree rooted at node v, the deletion cost is defined recursively as

D(v) = cdel + ∑
x∈Cv

D(x), (A1)

and the insertion cost for a subtree rooted at node u is

I(u) = cins + ∑
y∈Cu

I(y). (A2)

Thus, deletion or insertion removes or adds the complete subtree without promoting its
children. With unit insertion and deletion costs, D(v) and I(u) equal the numbers of nodes
in the corresponding subtrees.

For a pair of nodes v and u, the recursive distance is

δ(v, u) = csub(v, u) + A(Cv, Cu). (A3)

For ordered child sequences Cv = (v1, . . . , vm) and Cu = (u1, . . . , un), the alignment
cost is computed by dynamic programming:

Fi,j = min

⎧⎪⎪⎨⎪⎪⎩
Fi−1,j + D(vi),

Fi,j−1 + I(uj),

Fi−1,j−1 + δ(vi, uj),

(A4)
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with F0,0 = 0, Fi,0 = Fi−1,0 + D(vi), and F0,j = F0,j−1 + I(uj).
For unordered child sets, an augmented Hungarian cost matrix is constructed. A

real child–child assignment has cost δ(vi, uj), an unmatched source child has cost D(vi),
an unmatched target child has cost I(uj), and dummy–dummy assignments have zero
cost. The minimum assignment cost defines A(Cv, Cu). If the two nodes use different
child-alignment modes,

A(Cv, Cu) = ∑
x∈Cv

D(x) + ∑
y∈Cu

I(y). (A5)

Algorithm A1 STED Similarity Computation

Require: JSON documents da, db
Ensure: Similarity score s

1: Ta, Tb ← BuildTrees(da, db)
2: Encode all nodes by hv ← BERT(KeyPath(v))
3: Set cins = cdel = 1 and csub(v, u) = 1− cos(hv, hu)
4: function DIST(v, u)
5: c← csub(v, u)
6: if v, u are arrays then
7: c← c + OrderedDP(Cv, Cu)
8: else if v, u are objects then
9: c← c + Hungarian(Cv, Cu)

10: else
11: c← c + ∑x∈Cv

D(x) + ∑y∈Cu
I(y)

12: end if
13: return memoized c
14: end function
15: δ← Dist(ra, rb)
16: return s← 1− δ/(|Va|+ |Vb|)

Appendix A.2. STED-GNN Training and Inference

STED-GNN approximates STED by encoding each JSON document with a shared two-
layer GCN using frozen multilingual BERT Key + Path node representations. Global mean
pooling produces a document embedding, and the exchange-invariant pair representation
[|za − zb|; za ⊙ zb] is passed to an MLP to predict the STED score. Document embeddings
can be cached and reused for repeated pairwise inference. The complete training and
inference procedure is summarized in Algorithm A2.

Algorithm A2 STED-GNN Training and Inference

Require: Training pairs P with STED labels s
Ensure: Trained model fθ,ϕ

1: for each document d do
2: Gd ← BuildGraph(d)
3: Xd ← BERT(KeyPath(Gd))
4: end for
5: for each mini-batch (da, db, s) do
6: za ← MeanPool(GCNθ(Ga, Xa))
7: zb ← MeanPool(GCNθ(Gb, Xb))
8: p← [|za − zb|; za ⊙ zb]
9: ŝ← MLPϕ(p)

10: Update θ, ϕ by minimizing (ŝ− s)2

11: end for
12: Cache zi for each document during inference
13: return fθ,ϕ
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Appendix B. Synthetic Supervision Data Construction
The source collection contains 4350 real JSON documents from six domains.

MixedJSONBench-Doc is first constructed by reserving 20 documents from each domain,
resulting in 120 evaluation documents. The remaining 4230 source documents are split at
the source-document level before any variants or document pairs are generated, as shown
in Table A1. Synthetic variants are produced by applying 1–8 edit requests, where node
deletion, node insertion, key renaming, value modification, and subtree relocation are
initially sampled with equal probability. Generated variants are retained only if they satisfy
JSON validity, root-type consistency, nonempty key/value, effective-edit, structural, and
duplicate-removal constraints.

Table A1. Source-document distribution and source-disjoint data split.

Item Number

Chemistry source documents 119
E-commerce source documents 250
Finance source documents 1000
Games source documents 1000
Materials source documents 1000
Movies source documents 981

Total source documents 4350
MixedJSONBench-Doc holdout 120
Remaining supervision sources 4230
Training sources 2962
Validation sources 634
Test sources 634

Training pairs 10,563
Validation pairs 2263
Test pairs 2264
Total supervision pairs 15,090

The supervision set contains 9052 same-source perturbation pairs and 6038 cross-
document pairs. A total of 9052 unique perturbed variants are retained. Each source
document contributes between one and three retained variants, with an average of approxi-
mately 2.14 variants per source. The statistics of the synthetic perturbation operations are
shown in Table A2.

Table A2. Statistics of synthetic perturbation operations. Each operation has an initial sampling
probability of 20%.

Operation Attempts Retained Retained Proportion

Node deletion 7565 7557 27.6%
Node insertion 7631 3580 13.1%
Key renaming 7524 3530 12.9%
Value modification 7458 7436 27.2%
Subtree relocation 7502 5271 19.3%

The unequal retained frequencies result from operation-specific validity and structural
constraints rather than unequal initial sampling probabilities. To limit unrealistic structural
growth, generated variants satisfy

Nnew ≤ ⌊1.5Nsource⌋+ 1, Dnew ≤ Dsource + 2,
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where N and D denote the number of tree nodes and tree depth, respectively. The largest
retained document contains 334 nodes, and the maximum observed depth is 10.

The distribution of STED supervision scores is shown in Table A3.

Table A3. Distribution of STED supervision scores in the 15,090 generated document pairs.

STED Interval Number of Pairs Proportion

[0.0, 0.2) 1033 6.85%
[0.2, 0.4) 723 4.79%
[0.4, 0.6) 1410 9.34%
[0.6, 0.8) 1453 9.63%
[0.8, 1.0] 10,471 69.39%

All retained JSON documents are normalized and deduplicated using SHA-256 hashes.
The training, validation, and test subsets have zero intersection in source-document identi-
fiers and normalized-content hashes, and no generated document pair is duplicated across
splits. The 120 documents in MixedJSONBench-Doc are also disjoint from all supervi-
sion sources.

We further audit overlap under the STED schema representation, which preserves
hierarchical Key + Path structure while excluding raw scalar values. The training, vali-
dation, source-disjoint test, and MixedJSONBench-Doc sets contain 1545, 398, 395, and
84 distinct schema representations, respectively, with training–validation, training–test, and
validation–test overlaps of 100, 95, and 38. Of the 84 MixedJSONBench-Doc schemas, 37 oc-
cur in the generated training pairs and 47 are unseen, corresponding to 72 and 48 evaluation
documents. Thus, the evaluation is source-disjoint at the document level but not a fully
unseen-schema setting.

Appendix C. Similarity-Matrix Diagnostics
The STED-GNN similarity matrix is symmetric by construction because the pair

representation [|za − zb|; za ⊙ zb] is invariant to input order. The observed symmetry error
is zero on all evaluated pairs. To examine whether the learned similarity matrix also satisfies
the positive-semidefinite (PSD) requirement of a standard Mercer kernel, we analyze its
eigenvalue spectrum over five random seeds, as shown in Table A4. We additionally use
the frozen STED–GNN document features as the primary inductive classification check
and report full-matrix PSD correction separately as a transductive sensitivity analysis.

Table A4. Eigenvalue diagnostics of the STED-GNN similarity matrix across five random seeds.

Seed Minimum Eigenvalue Negative Eigenvalues Negative Spectral Mass

42 −0.016037 1 0.01336%
52 0.000168 0 0
62 −0.004806 1 0.00400%
72 −0.021223 2 0.02181%
82 0.000302 0 0

Three of the five similarity matrices contain small negative eigenvalues, indicating that
the learned similarity is not guaranteed to be strictly PSD. The maximum observed negative
spectral mass is 0.02181%. As a transductive sensitivity analysis, we apply eigenvalue
clipping to the complete 120× 120 similarity matrix,

K+ = Q max(Λ, 0)Q⊤,
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where K = QΛQ⊤ is the eigendecomposition of the complete similarity matrix. Because
this transformation is computed using all 120 evaluation documents before cross-validation,
the PSD-corrected result is used only to assess whether the small negative eigenvalues
materially affect the classification results. Classification after PSD correction uses the same
precomputed-kernel SVM protocol as the similarity-matrix-based evaluation in Table 1.

For the primary inductive check, each document is independently encoded into a
frozen 512-dimensional STED–GNN representation. Within each stratified five-fold split,
the StandardScaler and logistic-regression classifier are fitted only on the training data,
with C = 1.0 fixed in advance. For each independently trained STED–GNN seed, Accuracy
and Macro-F1 are first averaged across the five folds, and the reported mean and sample
standard deviation are then calculated across the five model seeds. This evaluation achieves
an Accuracy of 0.9967± 0.0046 and a Macro-F1 of 0.9966± 0.0046.

The full-matrix PSD-corrected evaluation remains at an Accuracy and Macro-F1 of
1.0000± 0.0000 across the five model seeds. This result is used only as a transductive
sensitivity analysis and indicates that the small negative eigenvalues have little practical
effect in this diagnostic setting. Table A5 summarizes the results of the inductive evaluation
and the transductive PSD sensitivity analysis.

Table A5. Inductive feature-space classification and transductive PSD sensitivity analysis.

Evaluation Setting Accuracy Macro-F1

Full-matrix PSD correction (transductive) 1.0000± 0.0000 1.0000± 0.0000
Frozen STED–GNN document features (inductive) 0.9967± 0.0046 0.9966± 0.0046

Appendix D. Detailed Efficiency and Scalability
We further evaluate scalability with respect to both document size and the number

of document pairs. All efficiency experiments use the same CPU-only environment as the
main efficiency evaluation. Document-size scaling is evaluated using six documents at
each size level, corresponding to 15 unordered pairs, while pair-count scaling measures the
cached pairwise scoring stage after method-specific preprocessing or document encoding.

As shown in Table A6, as document size increases from approximately 16 to 256 nodes,
the median pairwise scoring time of STED increases from 2.8579 ms to 729.4487 ms. For
STED–GNN, document size mainly affects the one-time graph-construction and document-
encoding stages. Once the fixed-length document embeddings have been cached, the
scoring head operates on vectors of fixed dimensionality and, therefore, does not have
computational complexity that depends on the number of nodes in the original JSON docu-
ment. The observed wall-clock variation in the 15-pair cached-scoring measurements is,
therefore, not interpreted as node-size scaling of the scoring head. Its memory consumption
is higher because the neural encoder and intermediate representations must be retained
during inference.

As shown in Table A7, the total cached scoring time increases with the number of
document pairs. For n documents, the number of unordered comparisons is n(n− 1)/2;
therefore, this increase reflects the growing number of pairwise comparisons rather than
increasing complexity of the fixed-length STED–GNN scoring head. For 7140 pairs, STED–
GNN requires approximately 0.201 s for cached scoring, compared with 36.786 s for STED
and 61.148 s for JEDI.
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Table A6. Scalability with increasing document size.

Nodes Method Prep./Encoding
(s) Pair Scoring (s) Median Time/Pair (ms) Peak RSS (MiB)

16
STED 0.0031 0.0434 2.8579 316.98
JEDI 0.0003 0.0068 0.4733 317.11

STED–GNN 0.3980 0.0067 0.2600 887.09

64
STED 0.0099 0.6628 44.2099 320.78
JEDI 0.0008 0.1019 6.8030 318.80

STED–GNN 1.7133 0.0101 0.6566 928.45

256
STED 0.0403 10.9694 729.4487 592.33
JEDI 0.0028 1.6875 112.8907 501.73

STED–GNN 7.4977 0.0319 1.9850 1016.03

Table A7. Cached pairwise scoring time with increasing numbers of document pairs under the
matched timing protocol.

Number of Pairs STED (s) JEDI (s) STED–GNN (s)

66 1.210 0.865 0.003
276 2.604 2.294 0.003

1128 6.887 6.714 0.013
4560 28.338 31.222 0.162
7140 36.786 61.148 0.201

Appendix E. Cross-Source Validation on FHIR
We conduct a supplementary cross-source evaluation using the official HL7 FHIR

R5 JSON examples [24]. From 2824 parsable files covering 157 resourceType categories,
18 resource types are selected with 12 documents per type, resulting in 216 documents.
The top-level resourceType field is removed from the input and used only as an external
evaluation label. No content overlap is found between the selected FHIR documents and
the data used in the main experiments. All pretrained representation models are kept frozen
without retraining or fine-tuning on FHIR. Accuracy and ARI are reported for classification
and clustering, respectively.

As shown in Table A8, STED achieves the highest Accuracy and ARI on the indepen-
dently sourced FHIR data. The frozen STED-GNN retains part of the learned semantic–
structural information without retraining, although its performance is lower than that of
STED and JEDI. Since FHIR provides resource-category labels rather than independently
annotated pairwise similarity or longitudinal schema-evolution records, this experiment is
used as supplementary evidence of cross-source generalization.

Table A8. External validation on the HL7 FHIR R5 dataset.

Method Accuracy ARI

STED 0.8934 0.5554
STED-GNN 0.6165 0.3695
JEDI 0.7948 0.4490
SchemaEmbed 0.3076 0.3303
BERT 0.0693 0.0446
Llama 0.1549 0.0372
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Appendix F. The Low-Similarity Evaluation Details
The low-similarity evaluation uses a fixed set of 500 document pairs constructed

from the 120 documents in MixedJSONBench-Doc. The set contains 85 same-source close
pairs, 15 same-source distant pairs, 79 cross-source key-overlap pairs, 120 cross-source
size-matched pairs, 90 cross-source unrelated pairs, and 111 size-imbalanced pairs. The
candidate set was constructed using source relationship and schema-level structural char-
acteristics, including Key/Path overlap and document size. No STED, STED–GNN, JEDI,
or other evaluated similarity score was used during candidate-pair construction.

Three researchers each provided one independent rating following the same five-point
ordinal rubric. The ratings considered field names, field paths, hierarchical and container
structure, and data types, while raw values, source/domain labels, and model-generated
similarity scores were excluded. Scores from 1 to 5 represent almost unrelated, low similar-
ity, moderate similarity, high similarity, and nearly identical or minor schema variation,
respectively. Exact three-way agreement was observed for 277 of the 500 pairs (55.4%).
The mean pairwise linearly weighted Cohen’s κ was 0.7488, and ordinal Krippendorff’s α

was 0.7330.
For the reference score used in the Spearman evaluation, the three initial ratings were

first combined by their median. Pairs for which at least two researchers indicated uncer-
tainty were selected for second-pass review. The 37 selected pairs were jointly reassessed
by the three researchers using the same rubric, and the resulting consensus score replaced
the initial median. Spearman correlation is calculated against the resulting final five-level
reference score, with average ranks assigned to tied values. The three initial ratings and
final reference scores for all 500 pairs are publicly available in the project repository.

Recall@76 is based on the 76 pairs that received a score of 1 in all three initial ratings.
LetRref

76 denote these 76 pairs andRpred
76 denote the 76 pairs assigned the lowest predicted

similarities by a method. Recall@76 is defined as

Recall@76 =

⃓⃓⃓
Rpred

76 ∩Rref
76

⃓⃓⃓
76

. (A6)

If predicted similarities are tied at the cutoff, pair_id is used as a deterministic secondary
ordering key. For methods involving stochastic training, the metric is computed inde-
pendently for each model seed and then summarized across seeds. Table A9 reports the
corresponding Hits@76 values for each evaluation run.

Table A9. Hit counts for the low-similarity evaluation. Hits@76 denotes the number of reference
low-similarity pairs retrieved among the 76 lowest-ranked predictions.

Method Seed 42 Seed 52 Seed 62 Seed 72 Seed 82 Mean Hits@76 Recall@76

STED 56 – – – – 56 0.7368
JEDI 48 – – – – 48 0.6316
BERT 20 – – – – 20 0.2632
Llama-3.2-3B 31 – – – – 31 0.4079

STED–GNN 56 56 55 55 55 55.4 0.7289± 0.0072
SchemaEmbed 11 11 15 11 17 13.0 0.1711± 0.0372
BERT-trained 43 43 41 45 44 43.2 0.5684± 0.0195
Llama-3.2-3B-finetuned 47 47 46 48 47 47.0 0.6184± 0.0093

To examine the effect of the second-pass review on the correlation evaluation, we addi-
tionally compute Spearman correlation using the initial median of the three ratings before
second-pass review. Table A10 reports the results under both reference-score definitions.
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Table A10. Spearman correlation using the final reference scores and the initial median scores before
second-pass review.

Method Final Reference Initial Median

STED 0.7312 0.8351
STED–GNN 0.7195± 0.0095 0.7968± 0.0447
JEDI 0.6966 0.8216
SchemaEmbed 0.5423± 0.1088 0.5764± 0.0952
BERT 0.2534 0.2663
BERT-trained 0.6920± 0.0039 0.8177± 0.0038
Llama-3.2-3B 0.3352 0.3483
Llama-3.2-3B-finetuned 0.6205± 0.0346 0.8009± 0.0333
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