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Abstract
Metonymy, often considered as a figurative trope, is a frequently occurring linguistic phenomenon in which an entity
is replaced by a semantically related entity. Named entities are commonly used to refer to associated concepts. For
instance, in the sentence India signed a treaty, the geographical name India stands metonymically for the govern-
ment rather than the physical location. This study develops a hybrid architecture to classify literal and metonymic
usages of named entities in Marathi language using small data. The approach integrates Pustejovsky’s Generative
Lexicon framework with linguistic features, including part-of-speech tags, named entity labels, and lemmas. The
model is evaluated on 890 sentences and achieved F1 scores of 66.98% and 71.97% for literal and metonymic in-
stances, respectively. The study highlights the effectiveness of the features in capturing metonymic contexts, though
precision remains a target for improvement. Ablation results confirm that the Formal and Constitutive Qualia roles
are the most critical components for detecting metonymic shifts, while the Telic role introduces modest noise in the
present corpus. This experiment shows the scope for developing hybrid models for learning non-literal language
using small data, which could be beneficial for less-explored and low-resource languages.
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1. Introduction mental results and analysis of the proposed small-
data approach. The fifth section discusses the lim-
itations of the present study and finally the paper

Named entity recognition models often classify en- concludes with potential scope for future research.

tities as flat and surface level entities. While this
helps in classifying NEs, not all entities convey
their literal sense. Metonymy, a semantic phe- 2. Related works

nomenon where an entity refers to something as-

sociated with it in the real world, occurs frequently ~ Metonymy has been studied in various fields in-
in everyday language. Surface level classifica- cluding rhetorics, cognitive linguistics and NLP.
tion overlooks metonymy, which is crucial for var-  In natural language processing, understanding
ious NLP tasks. A location might represent an or- metonymy is critical for tasks such as informa-
ganization or an event, shifting its semantic role  tion extraction and named entity recognition, of-
based heavily on the surrounding context. For ten framed as a classification problem where a
example, in the sentence India won the match, system identifies metonymic usage of a target
India is referring to a sports team rather than a  word within a sentence (Ghosh and Jiang, 2025).
physical location. This is a metonymic instance.  Historically, approaches to metonymy resolution
The present study examines metonymic senses  have largely depended on manually curated lex-
in NEs using Marathi language data. Marathi ical resources, including parsers, taggers, and
is an Indo-Aryan language spoken in the central-  dictionaries (Gritta et al., 2017). Fass (Fass,
western region of India. Although several NLP  1988; Fass et al., 1997) proposed a method for
studies have addressed this language, metonymy  identifying metonymy based on selectional restric-
detection remains under-explored. The limited tions, while later research introduced more so-
availability of annotated datasets for metonymy de-  phisticated statistical and machine learning tech-
tection in low-resource languages such as Marathi,  niques. Some researchers have worked on un-
necessitates approaches that perform effectively  conventional metonymy (Ghosh and Jiang, 2025)
with small data. while, some researchers have focused on con-
This paper evaluates and explores the effective- ventional metonymy detection which accounts
ness of detecting metonymic shifts in Named Enti- for metonymic interpretations of named entities
ties using a small dataset. By maintaining a highly ~ (Poibeau, 2006). Early work in metonymy res-
controlled annotation environment, we investigate  olution often focused on selectional preferences,
the extent to which a model can accurately learn  yet this approach frequently overlooked a sig-
to distinguish between literal and metonymic read-  nificant number of metonymic readings (Meguel-
ings of NEs. The next section briefly overviews lati et al.,, 2022). Few scholars have studied
metonymy detection studies. The third section dis- metonymy as a classification task (Markert and
cusses the methodology employed in the present  Nissim, 2002a,b, 2007). Markert & Hahn (Markert
study, while the fourth section presents the experi-  and Hahn, 2002) reported 17% of metonymic in-
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stances in German magazines. Hence, metonymy
is prevalent and is a crucial linguistic phenomenon
for natural language understanding. (Gritta et al.,
2017) introduced a novel dataset, RelocaR, specif-
ically designed to address metonymy in geograph-
ical named entities, aiming to improve upon prior
annotations.  Additionally, they used a novel
predicate window approach which used only a
small, focused segment of the sentence surround-
ing the entity’'s head dependency for classifica-
tion, thereby enhancing accuracy by minimizing
irrelevant input. (Kupelioglu et al., 2016) used
named entities, argument structures and wordnet
for metonymy resolution. Their approach inte-
grated these diverse linguistic features to capture
the nuances of metonymic expressions, demon-
strating a significant advancement in automated
metonymy detection. The literature suggests that
while extensive resources and sophisticated mod-
els have been developed for metonymy detection,
there remains a critical need for effective strate-
gies in low-resource settings.

3. Methodology

For this study, a dataset of 890 sentences (13807
tokens) was manually annotated for lemmas, part-
of-speech, named entities, and senses. Person,
Location, Organization, and Miscellaneous tags
were used to annotate named entities. The data
was sourced from Marathi news articles cover-
ing politics, sports, finance, and current affairs
domains. Annotation was performed solely by
the author, following guidelines from the larger
dataset under development. NEs were tagged us-
ing BILOU encoding, with each assigned a literal
or metonymic sense. The dataset contained ap-
proximately 11.9% of NE tokens, of which 54.4%
were literal and 45.5% metonymic.

Qualia roles from the Generative Lexicon
(Pustejovsky, 1991) were mapped to NEs via a
4-bit binary vector to encode additional potential
meanings beyond literal senses. Qualia roles con-
sist of Formal, Constitutive, Telic, and Agentive
roles. These roles capture distinct aspects of
an entity’s semantic structure and help the model
search for potential novel meanings a named en-
tity may carry in a given context. Qualia roles were
implemented as deterministic, rule-based feature
functions rather than learned parameters. For
each named entity token, a fixed 4-bit binary vec-
tor was computed at preprocessing stage. For
example, a LOCATION entity receives Formal=1
(it has a definitional physical boundary), Consti-
tutive=0 (it is not inherently part of a containing
structure), Telic=0 (it has no canonical functional
purpose), and Agentive=0 (it is not the result of a
deliberate causal process). Table 1 summarises
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Qualia Bit | Encodes Example rule for
Role Marathi NEs
Formal 1 What the LOCATION —
entity is physical boundary
(type/category)| entity
Constitutive 2 | Whatitis ORGANIZATION
made of or — comprises
part of people and roles
Telic 3 Its purpose or | ORGANIZATION
function — has
institutional goal
Agentive |4 |lts PERSON —
causal/agentive agent of volitional
origin action

Table 1: Qualia role encoding
Semantic Label
(Literal/Metonymic)
BilLSTM Layer
(Sequence Modeling)

Feature Fusion Layer
(Concatenation)

Contextual Encoder
(MahaBERT)

Linguistic Features Generatlve Lexicon
(POS, Lemma, NE) (Qualia Roles)

Annotated Marathi Input

Figure 1: System architecture

the full role-to-bit mapping used in this study. The
proposed system employs a BiLSTM-CRF archi-
tecture utilizing MahaBERT (Joshi, 2022) contex-
tual embeddings, and was implemented using the
PyTorch (Paszke et al., 2019) framework. figure
1 illustrates the system architecture. The anno-
tated data is processed through the feature engi-
neering where linguistic features and embeddings
are used. Since Marathi uses a free word or-
der, these features are important cues in detecting
metonymy. The BiLSTM layer reads the data for-
ward and backward before assigning labels such
as literal or metonymic.

4. Results and Discussion

To evaluate the hybrid architecture, we examined
token-level predictions. The model achieved a
Literal F1 of 66.88 % (Precision: 52.99, Recall:
91.03) and a Metonymic F1 of 71.97% (Precision:
58.50, Recall: 93.48), yielding a Macro F1 of
69.42% across 170 NE instances. Table 2 shows
the results. The recall is very high for both classes,



Table 2: Performance metrics of the model

while precision is comparatively low. This asym-
metry indicates that the model is broadly inclu-
sive. It successfully recovered the vast majority
of metonymic and literal instances, but overpre-
dicted both labels. Of the NE instances evaluated,
86 were correctly identified as metonymic (true
positives) and 71 as literal (true negatives), with
only 3 false positives and 5 false negatives at the
NE level. Notably, 114 non-NE tokens were pre-
dicted as either metonymic or literal by the model
contributing to the low overall precision. Figure 2
shows the performance of the model.

4.1. Ablation Study

To assess the individual contribution of each fea-
ture, a systematic ablation study was conducted.
Each feature was removed independently and the
model was retrained; Macro F1 was compared
against the full model baseline (Macro F1 = 61.4).
Table 3 summarises the results. Several patterns
can be seen from this test. Among the Qualia
roles, the Formal role had the largest detrimental
effect when removed (Metonymic F1 dropped by
0.063), followed by the Constitutive role (-0.053).
Removing POS tags and lemmas produced only
modest drops (-0.018 and —-0.019, respectively),
suggesting that surface morphological features
play a secondary supporting role relative to the
Qualia-based semantic features. The most no-
table finding is the behaviour of the Named En-
tity feature: its removal increased Metonymic F1
by 0.054. This counter-intuitive result suggests
that NE labels may introduce a classification bias,
causing the model to rely on entity type rather than
contextual semantic cues. Metonymy in Marathi
appears to be more reliably signalled by the sur-
rounding morpho-syntactic and semantic features
than by entity category alone.

The Telic role condition produced the highest
Macro F1 (69.9%) and Metonymic F1 (70.9%)
across all ablation conditions, indicating that re-
moving the Telic role improves performance. Telic
role encodes the purpose or function of an entity.
This role introduced classification noise among the
metonymic expressions in the current dataset. 114

Class Precision | Recall F1 Features Precision| Recall F1

Literal 52.99 91.03 66.98 Qualia (all) | 59.9 61.2 60.5
Metonymic, 58.50 93.48 71.97 Formal 59.9 59.3 59.6
micro 55.87 92.35 69.62 Constitutive | 66.7 60.3 63.5
avg Telic 68.9 70.9 69.9
macro 55.74 92.25 69.42 Agentive 58.8 62.6 60.7
avg PoS 59.0 63.8 61.8
weighted | 55.97 92.35 69.68 Lemma 64.1 63.7 63.9
avg NE 64.9 71.0 67.9
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Table 3: Feature wise ablation results.

Token NE | POS | Predicted | Contextual
Tag Label Trigger

TrecTe ey (0] NOUN | Literal Trump

(President) (PER)

Tt (By/ | O |PRON /] Literal Trump

Agentive (PER)

marker)

g (This / O | PRON | Metonymic | Zohran

He) (PER)

TR (Cam- | O | NOUN | Metonymic | Republican

paign) Party

(ORG)
EEEl O | NOUN | Metonymic | institutional
(Church’s) context

Table 4: Examples of non-NE marked as literal or
metonymic.

non-NE tokens were tagged as either metonymic
or literal. Table 4 shows five representative ex-
amples of non-NE tokens assigned a literal or
metonymic label by the model, along with the con-
textual NE trigger that likely drove the prediction.

In the first two rows, the presence of a known
Person entity (Trump) in the immediate context
leads the model to assign a Literal label to adja-
cent non-NE tokens. The model correctly recog-
nises that these tokens are functioning in their lit-
eral roles (referring to an actual individual), but
their labelling as non-NE items increases the false
positive count for the Literal class. The last three
rows illustrate that metonymic labels are assigned
to nouns and pronouns that are contextually ad-
jacent to an Organisation or Person entity whose
presence signals an institutional or representa-
tive reading. The pronoun g (this/he) is labelled
Metonymic because it is the pronominal trace of
Zohran, a PER entity used in a representative
context. UdUR (campaign) is marked Metonymic
because it co-occurs with Republican Party, an
ORG entity that conventionally activates the Telic
and Agentive Qualia roles. Finally, <41 (church’s)
is labelled Metonymic in an institutional context
where the genitive marker implies organisational
agency. These examples explain the low preci-



sion. The model’s contextual window for Qualia
feature activation is wide enough to capture gen-
uine metonymic triggers, but it does not apply strict
NE-boundary. Every token inside the influence
zone of a metonymically active NE becomes a can-
didate for labelling, regardless of its PoS category.
This is a feature when it enables the model to
detect metonymic effects that extend beyond the
head entity and a liability when it affects the preci-
sion.

Model Performance — Literal vs. Metonymic
05850
Metonymic - 09348

07197

05299

Literal - 0.9103

Figure 2: Performance of the model on literal and
metonymic categories

5. Limitations

This study has several limitations, which are ad-
dressed in ongoing and future research.

+ Corpus size and single annotator: The
corpus size remains restricted at 890 sen-
tences. Additionally, the dataset was anno-
tated solely by a single domain expert; inter-
annotator agreement metrics have not yet
been established to measure human baseline
performance on Marathi metonymy.

* Noise: The ablation results indicate that the
Telic role introduces noise in the current cor-
pus. Future work will investigate whether
a domain-adaptive role assignment, can re-
cover the expected benefit.

* Integration of case markers and Selec-
tional Preferences: A particularly promising
direction currently under active development
by the author but outside the scope of this pa-
per is to formally integrate case markers and
Selectional Preference (SP) with Qualia role
vectors. Marathi uses several case markers
frequently. Such integration would enable the
model to jointly reason over morphosyntactic
evidence and structured semantic constraints
during inference.

* Named entity label bias:The finding that re-
moving NE labels improves Metonymic F1
suggests that flat NE type categories intro-
duce classification bias. Future work will ex-

plore fine-grained entity tagging and entity-
context interaction modelling to address this.

6. Conclusion

This study showed that metonymy detection in
Marathi named entities is achievable with small
datasets. The hybrid model used deterministic
Qualia role vectors derived from Pustejovsky’s
Generative Lexicon alongside transformer em-
beddings to detect metonymy in Marathi text.
It achieved a high recall for both literal and
metonymic cases. Ablation test confirmed that
all features are influential, while the NE feature
introduced an unexpected classification bias. Al-
though limitations remain, this experiment showed
encouraging results. Future work will expand
the Marathi metonymy corpus, integrate Selec-
tional Preferences and case markers with Qualia-
informed type coercion, and broaden the role as-
signment schema to improve the performance of
the system.
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