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Abstract

This paper presents a structured framework for WordNet synset selection applied to Ancient Greek lexical material.
Starting from synonym definitions extracted from the Liddell–Scott–Jones (LSJ) lexicon, we compare two strategies:
hierarchy-driven aggregation via bounded hypernym trees and LLM-based definitional matching with pairwise
ranking. Graded human evaluation shows that structure-aware methods provide a robust baseline, particularly
for nouns and verbs, while LLM-based reranking does not consistently improve performance, especially for highly
ploysemous groups of synonyms. Beyond supporting the development of an Ancient Greek WordNet, the study
highlights the methodological portability of the framework to other languages and lexical resources.

Keywords: WordNet, synset selection, Ancient Greek, LLMs

1. Introduction

Lexical-semantic resources such as WordNet
(Miller, 1992; Fellbaum, 1998), FrameNet (Baker
et al., 1998), and multilingual initiatives such as Ba-
belNet (Navigli and Ponzetto, 2010) and Concep-
ticon (List et al., 2025) provide structured invento-
ries of senses organized into semantic networks
or hierarchical taxonomies. These resources are
widely used in linguistic research and natural lan-
guage processing, where tasks often require link-
ing lexical material to an appropriate sense. De-
spite the apparent simplicity of this objective, se-
lecting a representative sense for a set of semanti-
cally related lexical items remains challenging, es-
pecially when the items reflect subtle sense dis-
tinctions or span multiple regions of the semantic
hierarchy. The present work addresses this prob-
lem in the context of synonym groups derived from
Ancient Greek lexical material, using definitions ex-
tracted from the Liddell–Scott–Jones (LSJ) lexicon
as the basis for alignment to WordNet synsets.

A central difficulty arises from polysemy and se-
mantic dispersion. Groups of near-synonymous
words may correspond to closely related but dis-
tinct synsets, or they may cluster around differ-
ent abstraction levels within the WordNet hierar-
chy. As a result, identifying a single synset that
best captures the intended sense involves balanc-
ing structural coherence within the taxonomy and
semantic similarity at the level of glosses.

In this work, we investigate two complementary
strategies for synset selection. The former lever-
ages the hierarchical organization of WordNet by

constructing bounded hypernym trees and ranking
candidate roots according to the portion of the re-
trieved semantic space they organize. The latter
relies on semantic comparison between candidate
glosses and a derived metadefinition, using large
language models (LLMs) to perform pairwise pref-
erence judgments aggregated through an Elo rank-
ing scheme.

We evaluate these strategies across multiple ex-
perimental conditions, including different parts of
speech and both monosemous and polysemous
synonym groups. Using graded human annotation
and position-weighted scoring, we compare the ef-
fectiveness of structure-based and LLM-based ap-
proaches.

The paper is structured as follows. Section 2
situates the study within existing approaches to
lexical-semantic alignment and synset selection.
Section 3 presents the methodological framework,
including the construction of synonym groups, def-
inition extraction, Bag of Definitions (BoD) repre-
sentation, synset retrieval, hypernym-tree structur-
ing, and the two candidate selection strategies, to-
gether with the human evaluation protocol. Sec-
tion 4 reports quantitative results, and Section 5
discusses their implications. Section 6 concludes
and outlines directions for future research.

2. Related Work

Research on synset selection and lexical align-
ment has developed at the intersection of lexi-
cal semantics and natural language processing.
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In linguistic theory, questions of sense granular-
ity, polysemy, and semantic field structure have
long shaped debates about how lexical meaning
should be partitioned and organized (Geeraerts,
2001, 2007; Taylor, 2003). In computational set-
tings, these issues surface in tasks such as word
sense disambiguation, gloss matching, and taxon-
omy alignment, where the goal is to associate lex-
ical material with entries in structured semantic in-
ventories such as WordNet. Selecting an appropri-
ate synset for a group of near-synonymous forms
requires reconciling fine-grained lexicographic dis-
tinctions with higher-level taxonomic abstraction.

Within natural language processing, this prob-
lem has been studied primarily under the umbrella
of word sense disambiguation and gloss-based
matching. Early approaches relied on lexical over-
lap between context and glosses, most notably
variants of the Lesk algorithm (Lesk, 1986; Baner-
jee and Pedersen, 2002). Subsequent work in-
corporated distributional semantics, enabling sim-
ilarity comparison between contextual or defini-
tional representations in vector space (Mikolov
et al., 2013; Pennington et al., 2014). More re-
cently, contextualized encoders have been em-
ployed to model interactions between glosses and
lexical contexts (Huang et al., 2019), further refin-
ing sense selection mechanisms.

Beyond local similarity, several studies have em-
phasized the importance of taxonomic structure in
guiding sense choice. The hierarchical organiza-
tion of WordNet has been used to constrain disam-
biguation, promote semantic coherence, and sup-
port alignment across resources (Navigli, 2009;
Ponzetto and Navigli, 2009). From a linguistic
standpoint, hierarchical relations provide a prin-
cipled means of balancing abstraction and speci-
ficity, though care must be taken to avoid system-
atic preference for overly general synsets.

Cross-lingual lexicoraphic alignment, especially
when involving historical languages, introduces ad-
ditional complexity. Mapping definitions from clas-
sical or non-English lexica to English-based re-
sources such as WordNet requires mediating be-
tween distinct lexicographic traditions and poten-
tially divergent sense inventories. Prior work on
multilingual WordNets and lexical alignment (Bond
and Foster, 2013) highlights both the potential
and the challenges of projecting sense distinctions
across languages.

More recently, large language models (LLMs)
have been applied to definitional comparison
and semantic matching tasks, including gloss-
based word sense disambiguation and definition
ranking. Work on contextualized sense embed-
dings has shown that transformer models can
align lexical items with WordNet glosses, induc-
ing sense-specific representations through similar-

ity between distributional and definitional embed-
dings (Loureiro et al., 2022; Scarlini et al., 2020).
In these approaches, synset selection is typically
framed as direct similarity scoring or comparative
ranking of glosses. While such methods effectively
capture semantic relatedness at the level of defini-
tional content, they generally abstract away from
the explicit hierarchical organization of the lexical
taxonomy. The interaction between hierarchical
structure and LLM-driven semantic comparison re-
mains comparatively underexplored.

The present study contributes to this line of
research by explicitly contrasting structure-based
aggregation within the WordNet hierarchy with
LLM-based semantic matching, evaluated through
graded human annotation in the context of Ancient
Greek lexical material aligned to WordNet.

3. Methodology

Our methodology addresses the problem of map-
ping synonym groups to WordNet synsets by re-
lying on definitional evidence rather than on lex-
ical items alone. Starting from dictionary defini-
tions associated with the lemmas in each group,
we construct an intermediate representation that
captures the semantic content of the group as a
whole. This representation is then used to identify
and organize candidate synsets from the target in-
ventory. The following subsections describe the
construction of the data representation, the pro-
cedures used to retrieve and structure candidate
synsets, and the methods adopted to select and
evaluate final candidates.

3.1. Synonym groups
We start from 16 synonym groups previously ex-
tracted by Marchesi et al. (2025)1. The dataset
(Appendix A) is balanced by part of speech, com-
prising four groups for each of the following cat-
egories: verbs, nouns, adjectives, and adverbs.
The 16 groups are further balanced with respect
to lexical ambiguity, with eight groups populated by
predominantly monosemous lemmas and eight by
predominantly polysemous lemmas. Each group
contains a set of Ancient Greek lemmas intended
to be near-synonymous in at least one sense.
Throughout the paper, the unit of analysis is the
group rather than individual lemmas, since the fi-
nal target is a synset-level mapping for the group
as a whole. Groups are constructed based on
shared definitional content rather than strict syn-
onymy. They should therefore be interpreted as

1The dataset was created by extracting data
from back-translation dictionaries and it is available
at https://github.com/unipv-larl/llms-ag/
tree/main/Data%20for%20fine%20tuning.

https://github.com/unipv-larl/llms-ag/tree/main/Data%20for%20fine%20tuning
https://github.com/unipv-larl/llms-ag/tree/main/Data%20for%20fine%20tuning
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semantically coherent clusters reflecting overlap-
ping regions of meaning, rather than sets of fully
interchangeable lexical items. This perspective
aligns with a relatively shallow notion of synonymy,
whereby lexical items are grouped based on partial
substitutability or shared semantic content rather
than full equivalence, as is also the case in Word-
Net synsets (Fellbaum, 1998).

3.2. Definition extraction from LSJ
For each lemma in a synonym group, we extract
all definitional material available in the correspond-
ing entry of the online version of the LSJ (Liddell
et al., 1996). LSJ entries are provided in a struc-
tured XML format, where definitions are organized
into senses (and potentially nested subsenses).
For each lemma, we collect the list of English
definition fragments associated with every sense
and subsense, without attempting prior lemma-
level sense disambiguation. This choice is deliber-
ate: LSJ definitions are often highly granular and
fragmentary, and synonym groups frequently con-
flate multiple closely-related senses, making pre-
disambiguation both costly and error-prone at this
stage.

The output of this step is a multiset of short En-
glish definition strings per lemma. These are sub-
sequently merged at the group level (Section 3.3).

3.3. Bag of Definitions representation
We represent each synonym group via a Bag of
Definitions (BoD), defined as the multiset union of
the LSJ definitions extracted for all lemmas in the
group:

BoD = {d1, d2, . . . , dn}

where each di is an English LSJ definition. Intu-
itively, the BoD acts as a semantic fingerprint for
the synonym group, aggregating definitional evi-
dence across lemmas while remaining agnostic to
within-lemma sense boundaries.

3.4. Synset retrieval via BoD–gloss
matching

The mapping task is formulated as a retrieval prob-
lem: given a BoD query representing a synonym
group, we rank all candidate synsets in Open En-
glish WordNet (OEWN) by semantic similarity be-
tween the BoD text and a synset textual represen-
tation.

Synset representations. For each OEWN
synset, we build a short document consisting of its
gloss. This choice aligns the target representation
with the definitional nature of the BoD.

POS filtering. Since synonym groups are POS-
homogeneous, we restrict retrieval to synsets with
the corresponding POS (verb, noun, adjective, ad-
verb). This reduces the search space and miti-
gates systematic errors due to cross-POS ambigu-
ity.

Bi-encoder models. We compute BoD–synset
similarity using four sentence embedding models:

• all-mpnet-base-v2 (Song et al., 2020;
Reimers and Gurevych, 2019),

• e5-base-v2 (Wang et al., 2022),

• bge-base-en-v1.5 (Xiao et al., 2023),

• all-MiniLM-L6-v2 (Wang et al., 2020;
Reimers and Gurevych, 2019).

Each model independently encodes the BoD
query and the synset document into a fixed-
dimensional vector; synsets are ranked by cosine
similarity. For each group we obtain a complete
ranking over the POS-filtered synset inventory.

3.5. Hypernym-tree structuring of
top-ranked synsets

Retrieval produces a ranked list, but the highest-
ranked region may still contain semantically het-
erogeneous candidates, especially when BoDs
mix multiple related senses. To introduce struc-
ture, we compute hypernym trees for synsets in
the top region of the ranking and use these trees
as an abstraction mechanism.

All WordNet access and hierarchical traversals
were implemented using the wn Python library
(Goodman and Bond, 2021), which provides pro-
grammatic access to synsets and lexical relations.

Hypernym trees can be constructed only for
nouns and verbs, since in WordNet these parts of
speech are organized into well-formed hierarchical
taxonomies. Adjectives and adverbs, by contrast,
lack a comparable hypernym–hyponym structure
in WordNet and are instead connected primarily
through non-taxonomic relations (e.g. similar-to,
pertains-to). For this reason, the procedure de-
scribed in this section applies exclusively to nomi-
nal and verbal synsets.

For the purposes of this work, a hypernym tree
is defined as the subgraph induced by taking a
synset as the root and iteratively following the hy-
ponym relation in the target inventory. Starting
from an individual synset, its hypernym tree there-
fore consists of the synset itself and the set of more
specific synsets that fall under it in the WordNet hi-
erarchy, organized as a rooted structure in which
lower nodes correspond to increasingly specific se-
mantic categories. In this sense, hypernym trees
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capture the semantic scope covered by a synset,
rather than its ancestry, and provide a way to
characterize how broadly or narrowly a candidate
synset organizes the retrieved semantic space.

Root synset
(candidate)

Hyponym1Hyponym2

Hyponym2aHyponym2b

Hyponym3

Figure 1: Schematic hypernym tree used as an ab-
straction device. A candidate synset is treated as a
root, and the tree expands downward by iteratively
following hyponym relations, capturing the seman-
tic scope organized by the root.

By projecting retrieved synsets onto the hyper-
nym trees rooted at candidate synsets, we move
from a flat ranked list to a structured representa-
tion in which candidates can be compared in terms
of the portion of the hierarchy they subsume. This
abstraction makes it possible to reason about can-
didate synsets not only in terms of individual simi-
larity scores, but also in terms of their capacity to
organize related candidates within the lexical hier-
archy. To avoid selecting candidates with exces-
sively broad semantic scope, we restrict the pro-
cedure to hypernym trees rooted at synsets that
have at least one hypernym; synsets without hyper-
nyms are therefore excluded from consideration as
roots. Concretely, given the top-100 synsets re-
trieved for a synonym group, we construct all possi-
ble three-level hypernym trees in which these can-
didates participate; that is, for each synset we con-
sider (i) the tree rooted at the synset itself, (ii) the
tree rooted at its direct hypernym, and (iii) the tree
rooted at the hypernym of that hypernym. With
reference to the schematic representation in Fig-
ure 1, synsets from the top-100 retrieved set may
occupy different positions within the constructed
trees: they can serve as roots, appear at inter-
mediate levels, or occur among the lower-level hy-
ponyms.

Because trees are constructed independently
for each eligible root, partial structural overlap be-
tween trees may arise (e.g., when a synset and
its hypernym both generate trees). We deliber-
ately do not merge such overlapping subtrees into
deeper composite structures. Merging would sys-
tematically favor higher-level synsets in the hierar-
chy, as they would inherit coverage from multiple
lower-level trees and thus accumulate artificially in-
flated scope. By keeping trees distinct and limiting
their depth, we ensure that each candidate is eval-
uated on the basis of how much of the top-100 re-

trieved set is locally organized within at most two
hyponymic levels, rather than along arbitrarily long
hypernym chains.

3.6. Candidate selection strategies

We compare two strategies for selecting final
candidate synsets from the retrieved set. The
applicability of these strategies depends on the
part of speech, reflecting structural differences in
the organization of WordNet. In particular, the
hypernym-based strategy 3.6.1 applies only to
nouns and verbs, for which hypernym–hyponym hi-
erarchies are available.

3.6.1. Strategy A: hypernym-tree coverage

Strategy A is applied exclusively to nominal and
verbal synsets. Rather than operating directly on
the initially retrieved synsets, this strategy derives
candidate synsets from the roots of the hypernym
trees constructed over the retrieved set.

Starting from the top-ranked retrieved synsets,
we construct a forest of eligible hypernym trees (cf.
Section 3.5). Each distinct root of these trees –
whether or not it appears in the original retrieved
list – is treated as a candidate synset. Candi-
date synsets are ranked by the cardinality of the
intersection between the original top-100 retrieved
synsets and the set of nodes in their correspond-
ing hypernym trees. Roots whose trees cover
more retrieved synsets are preferred, as they pro-
vide broader yet structured abstraction over the re-
trieved semantic space.

3.6.2. Strategy B: LLM-based metadefinition
matching

Strategy B selects and ranks candidate synsets by
directly comparing their glosses to a metadefinition
derived from the corresponding BoD, using pair-
wise judgments produced by LLMs.

Metadefinition construction. For each syn-
onym group, the associated BoD is first trans-
formed into a single metadefinition. This step
is carried out by prompting three different
LLMs, namely Qwen2.5-3B-Instruct-GGUF
(Yang et al., 2024, 2025), gemma-2b-it-GGUF
(Mesnard et al., 2024), and
Mistral-7B-Instruct-v0.2-GGUF (Jiang
et al., 2023) with identical instructions, in order
to reduce model-specific biases and increase
robustness (see Appendix B for the prompt text
and parameters). The resulting metadefinitions
provide an abstract semantic target against which
candidate synsets are evaluated.
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Candidate set. The set of candidate synsets de-
pends on the part of speech. For nouns and
verbs, candidates consist of all synsets that serve
as roots of hypernym trees covering at least two
synsets from the original top-100 cosine-similarity
retrieval set (cf. Sections 3.4 and 3.5). This con-
straint ensures that only roots with a minimal de-
gree of semantic support in the retrieved set are
considered. For adjectives and adverbs, which
lack a hypernym–hyponym hierarchy in WordNet,
candidates are defined as the top-50 synsets
ranked by cosine similarity.

Pairwise comparison. Candidate synsets are
ranked via a sequence of pairwise comparisons.
At each step, two candidates are sampled at ran-
dom from the candidate set. The LLM is prompted
with the metadefinition and the glosses of the two
synsets, and asked to determine which gloss is
semantically closer to the metadefinition (see Ap-
pendix C for the prompt text and parameters). The
model is required to output a binary preference,
without justification.

Elo-based ranking. The outcomes of the pair-
wise comparisons are aggregated using an Elo rat-
ing system (Elo, 1978). For each synonym group,
the number of pairwise comparisons is set to five
times the number of candidate synsets, resulting
in a total of 5 × |C| Elo matches, where |C| de-
notes the size of the candidate set. Each candi-
date synset i is assigned an initial Elo score Ri,
which is updated after each comparison. Given
two candidates i and j, the expected score of i is
computed as

Ei =
1

1 + 10(Rj−Ri)/400
.

After observing the outcome of the comparison,
the rating of i is updated according to

R′
i = Ri +K(Si − Ei),

where Si ∈ {0, 1} indicates whether i is preferred
by the LLM, and K is a scaling factor, set to K = 24
in our experiments. The rating of j is updated anal-
ogously. Over successive comparisons, synsets
that are consistently preferred with respect to the
metadefinition accrue higher Elo scores, resulting
in a global ranking of candidates. An Elo-based
ranking is preferred over direct similarity scoring
because it aggregates relative judgments across
many local comparisons, reducing sensitivity to
score calibration and allowing a stable global or-
dering to emerge from noisy pairwise preferences.

3.7. Human annotation for evaluation
The outputs of all candidate selection strategies
– hypernym-tree coverage for nouns and verbs

(Strategy A), output of the bi-encoder models for
adjectives and adverbs and LLM-based matching
(Strategy B) – were evaluated through manual an-
notation.

For each embedding model and for each syn-
onym group, we extracted the top-5 synsets pro-
duced by each strategy. Two independent annota-
tors assessed the degree to which each proposed
synset adheres to the semantic content of the cor-
responding synonym group. Annotations were as-
signed on a four-level ordinal scale reflecting in-
creasing degrees of semantic relatedness: strong
adherence (3), partial adherence (2), marginal ad-
herence (1), and no adherence (0).

In addition, a third independent annotator se-
lected one synset per synonym group that best rep-
resents the intended meaning of the group, without
access to the experimental results. This indepen-
dently chosen synset serves as a reference point
for evaluating the alignment between the automat-
ically ranked candidates and a human-identified
representative sense.

4. Results

This section reports the empirical evaluation of
the proposed strategies. We first assess inter-
annotator agreement, then compare performance
using both hit-based and graded score measures
across embedding models, parts of speech, and
monosemous versus polysemous groups. Given
the limited size of the dataset (16 groups), results
should be interpreted as indicative trends rather
than as statistically significant comparisons.

4.1. Inter-annotator agreement
We assessed annotation reliability using Cohen’s
κ. Agreement was computed in two ways: (i)
a binary version collapsing the scale into non-
adherence (0) versus adherence (1–3), and (ii) a
quadratic weighted κ over the full four-level ordinal
scale (0–3), thereby accounting for the graded na-
ture of the judgments.

Table 1 reports agreement per group. Across
groups, binary κ yielded a macro-average of 0.506
(sd = 0.253), with values ranging from 0.109 to
0.820 and a pooled estimate of 0.520. Ordinal κ
produced a slightly higher macro-average of 0.529
(sd = 0.311), with values ranging from 0.019 to
0.899 and a pooled estimate of 0.611.

Overall, agreement can be characterized as
moderate, with substantial variability across
groups. In general, monosemous groups tend
to exhibit higher agreement than polysemous
ones, suggesting that semantic dispersion within
polysemous sets increases annotation difficulty.
The higher pooled value observed for ordinal κ
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polysemous monosemous
group 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16

κ
binary 0.654 0.259 0.707 0.205 0.622 0.534 0.182 0.354 0.820 0.790 0.762 0.724 0.146 0.790 0.109 0.434
ordinal 0.655 0.269 0.889 0.249 0.694 0.770 0.082 0.198 0.744 0.899 0.776 0.810 0.158 0.867 0.019 0.377

Table 1: Inter-annotator agreement (Cohen’s κ) per evaluation group. Binary κ refers to the 0 vs. 1–3
distinction; ordinal κ corresponds to quadratic weighted κ computed over the full 0–3 scale.

indicates that, even where exact level matches
were inconsistent, annotators often agreed on the
relative degree of adherence.

4.2. Hit-based evaluation
We first evaluate performance in terms of hit rate.
A hit is recorded for a given embedding–strategy
combination when at least one synset among the
top-5 candidates is annotated by a human evalua-
tor as showing at least marginal adherence (score
≥ 1) to the synonym group. For each combina-
tion, we report the proportion of groups for which
a hit was observed. Hit rates are computed sep-
arately for each annotator and then averaged, en-
suring that evaluation units remain independent at
the group level.

Table 2 summarizes results across monose-
mous and polysemous groups as well as across
parts of speech.

Overall, the non-LLM baseline (“none”), corre-
sponding to hypernym-tree coverage for nouns
and verbs and direct cosine top-5 selection for
adjectives and adverbs, consistently achieves the
highest hit rates across embeddings. In particu-
lar, the bge-base-en-v1.5 model reaches near-
ceiling performance for verbs and nouns, with hit
rates of 1.00 in the two categories.

By contrast, LLM-based reranking generally re-
duces hit rates across embeddings. Among the
three LLMs, QWEN tends to preserve performance
more effectively than MISTRAL and GEMMA, though
results vary depending on embedding and part of
speech. The drop in performance is particularly
noticeable for polysemous groups, suggesting that
reranking may introduce additional instability in se-
mantically dispersed contexts.

Across parts of speech, nouns and verbs show
higher hit rates overall, reflecting the structural ad-
vantage provided by hypernym-based aggregation.
Adjectives and adverbs exhibit greater variability,
especially under LLM reranking, likely due to the
absence of hierarchical structure and stronger re-
liance on surface semantic matching.

To further assess alignment quality, Table 3 re-
ports the proportion of groups for which the inde-
pendently annotated gold synset – or one of its hy-
pernyms (up to two levels up) or hyponyms (up to
two levels down) – was retrieved among the top-5
candidates. This metric is substantially stricter, as
it requires proximity to a specific reference synset

rather than general semantic acceptability.
Under this criterion, performance decreases

markedly across all embeddings and strate-
gies. Even in the strongest configurations (e.g.,
e5-base without reranking), retrieval rates remain
moderate and vary considerably across parts of
speech. LLM-based reranking does not consis-
tently improve gold retrieval and in several cases
reduces it, particularly for polysemous groups.
These results indicate that while multiple seman-
tically acceptable synsets may be retrieved (as re-
flected in the hit-based evaluation), exact or near-
exact alignment with a single gold synset is consid-
erably more demanding.

Taken together, the hit-based and gold-based
analyses suggest that structural aggregation sup-
ports the retrieval of semantically plausible candi-
dates, but that convergence toward a specific tar-
get synset—especially in polysemous settings—
remains challenging.

4.3. Graded score evaluation

While hit-based evaluation captures whether at
least one acceptable synset is retrieved, it does
not reflect how well relevant synsets are ranked
within the top-5. We therefore compute a graded
relevance score based on the four-level annotation
scheme.

For each synonym group, each synset in the
top-5 receives a relevance value in the range
0–3. Scores are aggregated using a normal-
ized position-weighted scheme, assigning higher
weight to higher-ranked positions and normalizing
the resulting sum to ensure comparability across
models and strategies.

Formally, let rk ∈ {0, 1, 2, 3} denote the rele-
vance score assigned to the synset at rank k, for
k = 1, . . . ,K (with K = 5 in our setting). We adopt
a logarithmic discounting scheme inspired by Dis-
counted Cumulative Gain (DCG), assigning weight

wk =
1

log2(k + 1)
.

The normalized position-weighted score is then
computed as:

S =

∑K
k=1

rk
log2(k+1)∑K

k=1
3

log2(k+1)

.



374

Embedding + LLM poly mono verbs nouns adjs advs

all-MiniLM-L6-v2

none 0.6875 0.8125 0.75 0.75 0.875 0.625
+ mistral 0.4375 0.5625 0.5 0.625 0.375 0.5
+ qwen 0.6875 0.625 0.75 0.875 0.625 0.375
+ gemma 0.4375 0.5 0.5 0.625 0.375 0.375

all-mpnet-base-v2

none 0.6875 0.6875 0.625 0.5 0.875 0.75
+ mistral 0.25 0.5 0.375 0.375 0.375 0.375
+ qwen 0.5625 0.625 0.625 0.375 0.625 0.75
+ gemma 0.3125 0.5 0.5 0.375 0.375 0.375

bge-base-en-v1.5

none 0.8125 0.875 1 1 0.625 0.75
+ mistral 0.5 0.4375 0.625 0.375 0.375 0.5
+ qwen 0.8125 0.6875 0.875 0.75 1 0.375
+ gemma 0.5 0.4375 0.625 0.375 0.375 0.5

e5-base-v2

none 0.875 0.8125 0.75 1 0.75 0.875
+ mistral 0.375 0.4375 0.25 0.625 0.375 0.375
+ qwen 0.6875 0.625 0.75 0.625 0.625 0.625
+ gemma 0.375 0.4375 0.25 0.625 0.375 0.375

Table 2: Proportion groups for which at least one valid synset was identified (per category and part of
speech) across embedding models and reranking strategies. “None” denotes the absence of LLM rerank-
ing, corresponding either to the hypernym-based strategy (when applicable) or to direct top-5 selection
by cosine similarity.

Embedding + LLM poly mono verbs nouns adjs advs

all-MiniLM-L6-v2

none 0.125 0.25 0.5 0 0 0.25
+ mistral 0 0 0 0 0 0
+ qwen 0.125 0.25 0.25 0.5 0 0
+ gemma 0 0 0 0 0 0

all-mpnet-base-v2

none 0 0.25 0.25 0.25 0 0
+ mistral 0 0.25 0 0.25 0 0.25
+ qwen 0.125 0.125 0.25 0 0.25 0
+ gemma 0 0.25 0 0.25 0 0.25

bge-base-en-v1.5

none 0.25 0.375 0.5 0.25 0 0.5
+ mistral 0.25 0 0.25 0.25 0 0
+ qwen 0.125 0 0 0 0.25 0
+ gemma 0.25 0 0.25 0.25 0 0

e5-base-v2

none 0.25 0.5 0.5 0.5 0 0.5
+ mistral 0.125 0.125 0 0.5 0 0
+ qwen 0.25 0.5 0.5 0.25 0.25 0.5
+ gemma 0.125 0.125 0 0.5 0 0

Table 3: Proportion of groups for which the gold synset – or one of its hypernyms (up to two levels
up) or hyponyms (up to two levels down) – was retrieved among the top-5 candidates (polysemous vs.
monosemous targets and by part of speech) across embedding models and reranking strategies. “None”
denotes the absence of LLM reranking, corresponding either to the hypernym-based strategy (when
applicable) or to direct top-5 selection by cosine similarity.

The denominator corresponds to the maximum
attainable score (i.e., when all rk = 3), ensuring
that S ∈ [0, 1]. This formulation prioritizes cor-
rect ranking of highly relevant synsets at top po-
sitions, which is crucial in a manual selection sce-
nario where only a small number of candidates is
retained.

Table 4 reports normalized scores across em-
beddings, distinguishing between polysemous
and monosemous groups as well as parts of
speech.

Across all embeddings, the non-LLM baseline
(“none”) consistently achieves the highest graded
scores. This pattern mirrors the hit-based results
but is even more pronounced, indicating that LLM-
based reranking not only reduces the likelihood of
retrieving at least one acceptable synset, but also
tends to lower the overall concentration of seman-
tically appropriate candidates at higher ranks.

Among reranking strategies, QWEN generally
performs better than MISTRAL and GEMMA, though
it rarely surpasses the baseline. In some
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Embedding + LLM poly mono verbs nouns adjectives adverbs

all-MiniLM-L6-v2

none 0.2018 0.1493 0.1699 0.1164 0.3010 0.114
+ mistral 0.0394 0.0795 0.0510 0.0981 0.0513 0.0372
+ qwen 0.1125 0.1378 0.0774 0.2697 0.1141 0.0395
+ gemma 0.0424 0.0785 0.0510 0.0988 0.0513 0.0407

all-mpnet-base-v2

none 0.1464 0.1476 0.1115 0.1189 0.2865 0.0712
+ mistral 0.0462 0.0779 0.0211 0.0994 0.0392 0.0885
+ qwen 0.0552 0.1016 0.0925 0.0626 0.1037 0.0549
+ gemma 0.0498 0.0779 0.0282 0.0994 0.0392 0.0885

bge-base-en-v1.5

none 0.2288 0.1226 0.1631 0.1746 0.1833 0.1818
+ mistral 0.0598 0.0576 0.0688 0.0485 0.0267 0.0909
+ qwen 0.1702 0.1111 0.1862 0.0943 0.2402 0.0419
+ gemma 0.0598 0.0576 0.0634 0.0485 0.0321 0.0909

e5-base-v2

none 0.1674 0.1599 0.0931 0.1716 0.2157 0.1740
+ mistral 0.0775 0.0752 0.0283 0.1344 0.0925 0.0503
+ qwen 0.1182 0.1073 0.0556 0.1113 0.1442 0.1397
+ gemma 0.0704 0.0697 0.0283 0.1233 0.0784 0.0503

Table 4: Normalized position-weighted scores (polysemous vs. monosemous and by part-of-speech)
across embedding models and reranking strategies. “None” denotes the absence of LLM reranking,
corresponding either to the hypernym-based strategy (when applicable) or to direct top-5 selection by
cosine similarity.

cases, QWEN narrows the gap (e.g., nouns
with all-MiniLM-L6-v2 and adjectives with
bge-base-en-v1.5), but improvements over the
non-LLM strategy are limited and inconsistent.

With respect to monosemy and polysemy, per-
formance differences are relatively small in the
baseline condition, whereas reranking tends to am-
plify variability across groups. Polysemous sets
show greater sensitivity to reranking, suggesting
that pairwise LLM judgments may struggle when
the retrieved candidates span multiple related se-
mantic regions.

Part-of-speech differences remain visible in the
graded scores. Nouns and verbs, which bene-
fit from hypernym-based structural aggregation in
the baseline condition, generally achieve more sta-
ble performance. Adjectives and adverbs exhibit
greater fluctuation under reranking, consistent with
their reliance on direct semantic comparison rather
than hierarchical organization.

Overall, the graded evaluation confirms the ro-
bustness of the structurally grounded baseline and
indicates that LLM-based pairwise reranking does
not consistently improve ranking quality under the
present configuration.

5. Discussion

The results highlight a consistent structural advan-
tage for the hypernym-based strategy. Across
embeddings and evaluation metrics, the non-LLM
baseline – relying on hierarchical aggregation for
nouns and verbs and direct cosine similarity for

adjectives and adverbs – achieves the highest hit
rates and graded scores. For nouns and verbs,
these results suggest that organizing retrieved
synsets through local hypernym structure provides
a robust mechanism for concentrating semanti-
cally coherent candidates near the top of the rank-
ing.

By contrast, LLM-based pairwise reranking
does not consistently improve performance. Al-
though pairwise judgments offer a flexible way to
compare glosses against metadefinitions, they ap-
pear sensitive to semantic dispersion within the
candidate set, particularly in polysemous groups.
The Elo aggregation scheme stabilizes local com-
parisons, but the overall ranking remains depen-
dent on the quality of individual LLM preferences,
which may introduce additional variance.

Differences between monosemous and polyse-
mous groups further reinforce this interpretation.
Polysemous sets tend to fragment across multiple
regions of the lexical hierarchy, reducing the effec-
tiveness of both structural aggregation and seman-
tic comparison. In such contexts, local hierarchical
concentration appears more reliable than iterative
pairwise reranking.

Overall, these findings suggest that explicitly
leveraging lexical hierarchy remains a strong base-
line for synset selection, while LLM-based se-
mantic matching, at least in its current pairwise
configuration, does not systematically outperform
structure-aware methods. This points toward the
potential benefit of hybrid approaches that com-
bine hierarchical constraints with more globally cal-
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ibrated semantic scoring.

6. Conclusion and Future
Perspectives

This study compared hierarchy-driven aggrega-
tion and LLM-based definitional comparison for
synset selection using Ancient Greek lexical ma-
terial aligned to WordNet. The results indicate
that structure-aware methods provide a strong and
stable baseline, particularly for nouns and verbs,
whereas LLM-based reranking does not consis-
tently yield improvements, especially in polyse-
mous contexts.

Beyond its specific contribution to the devel-
opment of an Ancient Greek WordNet, the main
strength of this work is methodological. The pro-
posed framework – combining definitional extrac-
tion, hierarchical aggregation, and graded evalua-
tion – is portable and applicable to other languages
and lexical resources, offering a principled way to
examine the interaction between synonym group-
ings and lexical hierarchy.

A limitation of the approach is its reliance on
predefined synonym groups. Where curated syn-
onym dictionaries are available, the method can be
directly applied and may help reveal differences
in semantic granularity across resources. In lan-
guages lacking such materials, synonym sets can
be generated automatically with LLMs; although
noisier, they provide a feasible starting point.

Future work will extend the framework cross-
linguistically and explore hybrid pipelines in which
automatically induced synonym sets are refined
through hierarchical validation and human evalu-
ation.
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A. Groups of synonyms

Group 1: ἀποκείρω, ἐπικρύπτω, κατέχω, κα-
ταπαύω, καταλύω, διαλύω, παύω, καταστρέφω,
κλέπτω, κρύπτω, κατεργάζομαι, ὑποστέλλω.

Semantic domain: concealment, suppression,
removal, end

Group 2: τρύχω, βασανίζω, στρεβλόω, παρα-
κρούω, σπάω, ἑλκόω, ἀρταμέω, κνάπτω, δια-
σπάω, διασπαράσσω, σπαράσσω, δάκνω, λυπέω,
ἀλγύνω.

Semantic domain: physical or psychological af-
fliction, damage

Group 3: τύπος, περιγραφή, χαρακτήρ, χά-
ραγμα, ὑπογραφή, στίβος.

Semantic domain: mark, representation, inscrip-
tion

Group 4: αἰθήρ, πόλος, ὄροφος, ὀροφή, οὐρα-
νός, κέραμος, εὐδία, τέγος, ἀήρ, ῥυμός, Διοπετής,
εὐφημία.

Semantic domain: upper space, sky, atmo-
sphere, roof

Group 5: ἀλίγκιος, ἐμφερής, παραπλήσιος,
ἴσος, προσφερής, ὅμοιος, προσόμοιος.

Semantic domain: similarity, equivalence, like-
ness

Group 6: χθόνιος, ὑπόνομος, κατάγειος, νέρτε-
ρος, ὕπουλος

Semantic domain: subterranean, hidden, lower
realm

Group 7: πόθεν, πῃ, ποῖ, τάχα, ἄν.
Semantic domain: indefiniteness, uncertainty

Group 8: τέως, νῦν, τρίς, ἀεί, ἄλλοτε, ἐνίοτε,
πηνίκα, καίριος, πολλάκις, ὁπηνίκα.

Semantic domain: (indefinite) temporal refer-
ence

Group 9: ῥυπάω, αὐχμέω.
Semantic domain: filth, neglect, squalor
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Group 10: προοιμιάζομαι, ὑπαγορεύω.
Semantic domain: discourse initiation

Group 11: εὐθηνία, εὐπραγία.
Semantic domain: prosperity, success, well-

being

Group 12: ὑποθήκη, φραδή, ὑπόνοια.
Semantic domain: suggestion, advice

Group 13: ἄκοπος, ἀκάματος.
Semantic domain: absence of fatigue, tireless-

ness

Group 14: ἀνήλιος, ἀναύγητος.
Semantic domain: absence of sun, darkness

Group 15: κάτωθεν, ἐκεῖσε, ἐκεῖ.
Semantic domain: direction, location

Group 16: ἑτέρωθι, ἀλλαχοῦ, ἄλλοθι, ἄλλος,
ἑτέρωθεν, ἑτέρωσε, ἀλλαχόθεν.

Semantic domain: elsewhere

B. Prompt to generate the
metadefinition from the BoD

Prompt: You are a lexicographer.

Write exactly ONE definition (ONE
sentence) for the dominant sense in
the BoD.
Requirements:

- Start immediately with the
definition.

- No lists, no repetition, no
semicolons.

- KEEP IT SHORT!
- Max 25 words.
- Use ONLY information from the BoD.
- JUST ONE SENTENCE.
- STOP after the definition.

BoD:
{bod_block}

Definition:

Parameters: max_tokens=80,
temperature=0.2, top_p=0.9,
repeat_penalty=1.15

C. Prompt to select between two
candidates

Prompt: Metadefinition:
{metadef}

Gloss A:
{gloss_a}

Gloss B:
{gloss_b}

Which gloss matches the
metadefinition better?
Answer ONLY with ``A'' or ``B''.

Parameters: max_tokens=2,
temperature=0.0
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