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ABSTRACT

Metaphor annotation is useful for linguistics, discourse analysis, digital humanities, 

and Natural Language Processing (NLP), but manual identification requires specialized 

knowledge and does not scale easily to large corpora. This thesis presents metaphoriq-

detector, a dual-stage metaphor detection pipeline that combines Large Language 

Model (LLM) based proposal generation with deterministic linguistic verification. The 

proposal stage identifies candidate metaphorical spans and produces structured MIP/

SPV-based explanations. The verification stage checks those proposals using lexical, 

syntactic, and semantic evidence, including part-of-speech analysis, WordNet-derived 

basic-contextual contrast proxies, and semantic-preference signals. The detector was 

evaluated on VUA20, TroFi, and MOH-X against XLM-R, CreativeLang RoBERTa, 

FrameBERT, and MelBERT. In this benchmark, metaphoriq-detector did not surpass 

the strongest academic baseline, but it showed a high-recall profile with lower precision 

after an uncertainty-triggered retry step. The results indicate that separating LLM 

proposal generation from external verification yields an inspectable candidate-gener

ation pipeline, while also exposing the precision limits of the implemented adjudication 

strategy.

Keywords: Metaphor annotation; Metaphor identification; Large language mod

els; Linguistic annotation; Natural language processing; Semantic preference violation.
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RESUMO

A anotação de metáforas é relevante para linguística, análise do discurso, humani

dades digitais e NLP, mas a identificação manual exige conhecimento especializado 

e não escala facilmente para grandes corpora. Este trabalho apresenta metaphoriq-

detector, um pipeline de detecção de metáforas em duas etapas que combina geração 

de propostas baseada em LLM com verificação linguística determinística. A etapa de 

proposta identifica possíveis trechos metafóricos e produz explicações estruturadas 

baseadas em MIP/SPV. A etapa de verificação avalia essas propostas por meio de 

evidências lexicais, sintáticas e semânticas, incluindo análise de classes gramaticais, 

proxies de contraste entre sentido básico e contextual derivados da WordNet e sinais 

de violação de preferência semântica. O detector foi avaliado nos conjuntos VUA20, 

TroFi e MOH-X em comparação com XLM-R, CreativeLang RoBERTa, FrameBERT 

e MelBERT. Nesse benchmark, metaphoriq-detector não superou o melhor baseline 

acadêmico, mas apresentou alta revocação e menor precisão após uma etapa de 

retentativa acionada por incerteza. Os resultados indicam que separar a geração de 

propostas por LLM da verificação externa produz um pipeline inspecionável de geração 

de candidatos, ao mesmo tempo em que expõe os limites de precisão da estratégia 

atual de adjudicação.

Palavras-chave: Anotação de metáforas; Identificação de metáforas; Modelos 

de linguagem de grande porte; Anotação linguística; Processamento de linguagem 

natural; Violação de preferência semântica.
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1 INTRODUCTION

Metaphor annotation supports research in linguistics, discourse analysis, digital 

humanities, and NLP, but it remains difficult to scale. Manual procedures such as 

Metaphor Identification Procedure (MIP) and Extended Metaphor Identification Proce

dure (MIPVU) provide explicit criteria for deciding whether a lexical unit is metaphorical, 

yet they require specialized knowledge and sustained human effort (The Pragglejaz 

Group, 2007); (Steen et al., 2010). This limitation becomes more visible in historical 

corpora, where meanings may shift over time and annotation decisions must remain 

interpretable for later expert review (Tahmasebi; Borin; Jatowt, 2021).

Recent neural and LLM based approaches have improved automatic metaphor 

detection, but they do not fully solve the transparency problem. Systems such as Mel

BERT (Choi et al., 2021) and dual-perspective LLM frameworks (Lin et al., 2024) show 

that metaphor-theoretic signals can improve detection, while also revealing a remaining 

tension between predictive performance and auditability. In particular, approaches that 

depend on direct model judgment or self-verification may produce plausible decisions 

without exposing enough independent evidence for why a candidate expression should 

be accepted or rejected (Stechly; Valmeekam; Kambhampati, 2025).

This thesis addresses that gap through metaphoriq-detector, a dual-stage 

metaphor detection pipeline developed for annotation workflows in digital humanities 

and NLP. The system separates candidate generation from verification: an LLM pro

poses metaphorical spans and structured explanations (Chen; Yang; Huang, 2024), 

while a deterministic verification layer evaluates those proposals using lexical, syntactic, 

and semantic evidence inspired by MIP and semantic preference violation (Shutova; 

Teufel; Korhonen, 2013). This separation is intended to preserve the interpretive flexi

bility of LLMs without delegating the final decision entirely to model self-assessment.

The work is motivated by the activities of (Universidade Federal de Santa Cata

rina. IA e História: Grupo de Estudos e Pesquisa Interdisciplinar, 2025), which studies 

historical corpora and requires scalable support for identifying metaphorical language. 

Similar digital-humanities projects often need computational tools that adapt to corpus-

specific characteristics while keeping the annotation process inspectable (Hengchen 

et al., 2024); (Herrmann; Reiter; Petris, 2023). For that reason, the thesis focuses not 

only on detection performance, but also on the structure of the decision process and 

the metadata produced during annotation.

The main contribution of this work is the design, implementation, and empirical 

evaluation of metaphoriq-detector. The evaluation compares the proposed pipeline 

with selected metaphor-detection baselines and analyzes its predictive performance.
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Objectives

General Objective

Develop and evaluate a dual-stage pipeline for metaphor detection that combines 

LLM based proposal generation with linguistically informed verification, aiming to 

produce inspectable metaphor annotations for digital-humanities and NLP workflows.

Specific Objectives

• Establish the linguistic and computational criteria used by the detector, especially 

MIP, Semantic Preference Violation (SPV), span-level annotation, and the need 

for auditable evidence.

• Specify a detection architecture that separates LLM proposal generation, deter

ministic verification, and threshold-based adjudication.

• Implement metaphoriq-detector with structured JSON proposals, span saniti

zation, Part-of-Speech (POS)/dependency analysis, WordNet-based contrast 

proxies (Miller, 1995), and semantic-preference signals (Shutova; Teufel; Korho

nen, 2013).

• Compare detector profiles through versioned benchmark experiments in order to 

select and analyze an operating point for academic evaluation.

• Evaluate the selected detector against XLM-R (Conneau et al., 2020), Cre

ativeLang RoBERTa (CreativeLang, 2025), FrameBERT (Li et al., 2023), and 

MelBERT (Choi et al., 2021) using precision, recall, F1, accuracy, and confusion-

matrix counts.

Organization of the Work

The thesis is organized as follows. Section 1.1 presents the linguistic and com

putational concepts that support the detector. Section 1.2 discusses prior metaphor-

detection systems and positions this work in relation to neural, LLM based, and verifi

cation-oriented approaches. Chapter 2 describes the architecture and implementation 

of metaphoriq-detector. Chapter 3 presents the benchmark setup and quantitative 

results. Finally, Chapter 4 summarizes the findings, limitations, and future work.

1.1 THEORETICAL FOUNDATION

Automatic metaphor detection depends on a small set of linguistic and computa

tional assumptions. This chapter introduces those assumptions: metaphor as a relation 

between domains (Lakoff; Johnson, 1980), the contrast between basic and contextual 

meaning (The Pragglejaz Group, 2007); (Steen et al., 2010), lexical resources for 

approximating word senses (Miller, 1995), and computational signals that can make 

detection decisions inspectable (Shutova; Teufel; Korhonen, 2013); (Choi et al., 2021).
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1.1.1 Metaphor and Meaning

1.1.1.1 Conceptual Metaphor

The contemporary study of metaphor is strongly shaped by the cognitive account 

proposed by (Lakoff; Johnson, 1980). In this view, metaphor is not merely an ornamen

tal use of language. It is a way of structuring one domain of experience through another. 

A concrete or familiar source domain is used to reason about a more abstract target 

domain.

Classic examples include ARGUMENT IS WAR and TIME IS MONEY. Expres

sions such as “defend your point” or “waste time” do not describe literal combat or 

financial exchange, but they borrow structure from those domains to organize abstract 

experience (Lakoff; Johnson, 1980). For annotation, this matters because the surface 

phrase alone is not enough: the annotator must ask how the expression is being used 

in context.

1.1.1.2 Basic and Contextual Meaning

Metaphor identification often starts from a contrast between a word’s basic 

meaning and its contextual meaning. The basic meaning is usually more concrete, 

bodily, historically earlier, or more directly tied to physical experience. The contextual 

meaning is the sense required by the sentence in which the word appears.

The verb “grasp” illustrates the distinction. In “grasp the handle”, the verb denotes 

physical holding. In “grasp the concept”, the physical action is no longer literal, but the 

abstract act of understanding is interpreted through it. This kind of contrast is central to 

Metaphor Identification Procedure (The Pragglejaz Group, 2007).

1.1.1.3 Lexical Senses

Computational systems need an approximation of those meanings. Lexical 

resources such as WordNet represent senses through synsets, grouping near-synony

mous words and attaching glosses to each sense (Miller, 1995). These glosses can be 

used as reference points when comparing a word’s contextual use with a more basic 

or conventional sense.

This is only an approximation. The first WordNet synset of a lemma, for example, 

is often used as a proxy for a frequent or default sense, but it does not always corre

spond to the exact basic meaning an annotator would select. Still, lexical resources 

provide a reproducible source of evidence, which is useful when the goal is not only to 

classify a sentence but also to explain why the decision was made.
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1.1.2 Linguistic Identification Procedures

1.1.2.1 The Metaphor Identification Procedure

The MIP gives annotators a step-by-step procedure for deciding whether lexical 

units are used metaphorically in discourse (The Pragglejaz Group, 2007). The anno

tator identifies the lexical unit, determines its contextual meaning, checks whether it has 

a more basic meaning, and then decides whether the contextual use can be understood 

through comparison with that basic sense.

If such a contrast exists and the contextual meaning can be related to the basic 

one by comparison, the use is marked as metaphorical. If the contextual meaning 

matches the basic meaning, or if no meaningful contrast is present, the use is treated 

as literal. The value of MIP is not that it removes judgment completely, but that it makes 

the judgment explicit.

1.1.2.2 The Extended Metaphor Identification Procedure Extension

MIPVU extends MIP with more detailed rules for multiword expressions, idiomatic 

uses, and dictionary consultation (Steen et al., 2010). These details are important 

because metaphor annotation often fails at the boundaries: deciding what counts as 

the unit under analysis can change the final label.

For this thesis, MIPVU is relevant mainly as a reminder that detection is a span-

level task. A system should not only say whether a sentence is metaphorical; it should 

also preserve which expression triggered the decision.

1.1.2.3 Semantic Preference Violation

Semantic preference describes the tendency of words, especially verbs, to occur 

with arguments of certain semantic types. The verb “eat” normally selects something 

edible; “die” normally selects something living. When those expectations are violated, 

figurative interpretation becomes more likely.

In “the idea died”, the verb selects an abstract noun rather than a living entity. The 

mismatch does not prove metaphor by itself, but it is useful evidence. Computational 

metaphor research has used this kind of signal to identify semantic anomalies in verb-

argument structures (Shutova; Teufel; Korhonen, 2013).

1.1.3 Computational Detection

Early computational approaches used hand-crafted linguistic features: POS tags, 

dependency patterns, concreteness measures, and animacy-like cues. These features 

attempted to operationalize the same contrasts that human procedures describe, espe

cially mismatches between expected and observed usage.
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Neural models changed the representation of meaning. Contextual embeddings 

allow the same word to receive different representations in different sentences, which 

helps capture sense shifts and non-literal uses. Architectures such as MelBERT use this 

contextual behavior while incorporating metaphor-identification theory into the model 

design (Choi et al., 2021).

LLMs add another possibility: they can produce structured explanations of a 

candidate metaphor when prompted with linguistic criteria. They can identify a span, 

describe a possible contextual meaning, and articulate a comparison with a basic sense 

(Lin et al., 2024); (Chen; Yang; Huang, 2024). This makes them useful for proposal 

generation, especially when the system needs an interpretable hypothesis rather than 

only a label.

However, generation and verification are different tasks. LLMs may reject their 

own correct outputs or accept weak explanations when asked to evaluate themselves, 

a limitation observed in broader studies of LLM self-verification (Stechly; Valmeekam; 

Kambhampati, 2025). For metaphor detection, this is especially relevant because the 

decision often depends on checking a proposed interpretation against external lexical 

or contextual evidence.

The theoretical position adopted in this thesis follows from that limitation: the 

LLM proposes, but the final decision should be constrained by independent verification 

signals. Basic-contextual contrast, lexical-sense evidence, dependency structure, and 

semantic preference violations provide the linguistic basis for that separation.

1.2 RELATED WORK

This chapter reviews work that directly shaped the design of metaphoriq-

detector: contextual support for metaphor detection, metaphor-theoretic prompting, 

limits of LLM self-verification, and explanation generation (Hayashi; Sasaki, 2025); (Lin 

et al., 2024); (Stechly; Valmeekam; Kambhampati, 2025); (Chen; Yang; Huang, 2024). 

As stated in the Declaration of AI Use, ChatGPT with web search supported the initial 

mapping of terminology, recent candidate papers, and adjacent research directions. 

The final selection of references was made through manual searches in Google Scholar, 

arXiv, and the ACL Anthology.

1.2.1 Context and Metaphor Detection

Metaphor detection often depends on information that is not fully contained in 

a single sentence. (Hayashi; Sasaki, 2025) study this problem by adding short LLM-

generated auxiliary sentences around the input. Their results show that even limited 

synthetic context can improve detection accuracy across benchmark datasets, espe

cially in ambiguous or low-information cases.

metaphoriq-detector also treats context as useful, but it uses it differently. Instead 

of generating extra text to enrich the input representation, it retrieves neighboring 
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sentences from the source document when they are available. A small context window 

supports the first proposal, and an explicit disambiguation retry is used when the first 

adjudication remains uncertain, with a larger neighboring context window added when 

available.

1.2.2 Theory-Guided LLM Detection

(Lin et al., 2024) introduce Dual-Perspective Metaphor Detection system (DMD), 

a framework that combines implicit representation-level signals with explicit MIP and 

SPV instructions. The paper is relevant here because it shows that metaphor-theoretic 

reasoning can be surfaced directly in LLM prompts and can improve interpretability 

when compared with purely implicit neural baselines.

The main difference is where reliability is placed. (Lin et al., 2024) includes 

a self-judgment mechanism in which the LLM validates or revises its own output. In 

metaphoriq-detector, the LLM produces the initial hypothesis, while the verification step 

is external to the model and relies on dependency analysis, Masked Language Model 

(MLM) probabilities, WordNet evidence, and proxies inspired by MIP and SPV.

Recent evaluations make this separation more important. (Sanchez-Bayona; 

Agerri, 2025) show that LLM performance on metaphor interpretation can be driven 

by surface features such as lexical overlap and sentence length rather than by deep 

metaphorical understanding. (Reimann; Scheffler, 2025) report similar fragility in zero- 

and few-shot metaphor detection, including overgeneralization in extended metaphor 

settings. These findings support treating direct LLM outputs as hypotheses that need 

external checks.

1.2.3 Self-Verification and Explanations

The decision to separate proposal from verification is also motivated by work on 

LLM self-critique. (Stechly; Valmeekam; Kambhampati, 2025) show that iterative self-

verification can degrade performance in reasoning and planning tasks, partly because 

LLM-based verifiers produce high false-negative rates. Although their study is not about 

metaphor detection, the result matters here: verifying a generated interpretation is not 

automatically easier than generating it.

Metaphor detection has also moved toward explanation-oriented outputs. (Chen; 

Yang; Huang, 2024) introduce a task in which models generate natural-language 

reasons for metaphor usage. These explanations can be useful to humans, but they 

remain free-form and are not independently checked. metaphoriq-detector keeps the 

benefit of explanation by asking for structured proposals, then evaluates them with 

separate linguistic evidence.

Recent work also questions whether ordinary detection scores are enough to 

establish metaphor understanding. (Yang et al., 2026) argue for aptness judgments as 

a cognitive probe for language models, showing that binary metaphor labels capture 
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only part of the phenomenon. This does not replace the benchmark used in this thesis, 

but it motivates interpreting F1 as a task-specific measure rather than as a complete 

account of metaphor comprehension.

Taken together, these works show that recent metaphor detection has moved 

in three useful directions: adding context, incorporating metaphor-identification theory, 

and producing explanations. The remaining gap is methodological rather than only pre

dictive. Explanations and self-judgments are useful, but they are weaker for annotation 

workflows when they are produced and validated by the same model, or when they are 

not connected to explicit linguistic evidence.

metaphoriq-detector is positioned as an inspectable candidate-generation 

pipeline for that setting. It uses surrounding document context when available, treats 

the LLM output as a hypothesis, and then checks the proposed spans with separate 

lexical, syntactic, and semantic signals. This does not remove the need for benchmark 

evaluation, but it makes the decision process more suitable for later review than a single 

end-to-end label or an unchecked free-form explanation.
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2 DEVELOPMENT METHODOLOGY

This chapter describes metaphoriq-detector, the metaphor-detection component 

evaluated in this work. The detector is organized around three stages: proposal gener

ation, verification, and adjudication. The chapter focuses on those stages because they 

define the method evaluated in the following chapter.

2.1 SYSTEM OVERVIEW

metaphoriq-detector receives a sentence and builds a small neighboring context 

from the surrounding sentence on each side, when those neighbors are available. It 

asks an LLM to produce a structured metaphor proposal for the target sentence, using 

that context only for disambiguation. The proposal is then sanitized, optionally verified 

with linguistic evidence, and passed to an adjudication function that assigns the final 

label. When adjudication remains uncertain, the detector runs a second proposal pass 

with an explicit disambiguation instruction for the unresolved usage, using a larger 

neighboring context window when that context is available. The detector output contains 

the label, spans, explanation, verifier metrics, raw proposal, raw verification output, and 

decision metadata.
Figure 1: Dual-stage detection workflow

Source: Author

The workflow in Figure 1 describes the decision path inside the detector. The 

structural boundary of the implementation is shown in Figure 2. The detector package 

is kept separate from the benchmark package: benchmark code can call the detector 
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to produce predictions, but the detector does not depend on stored benchmark reports, 

historical experiment folders, or external baseline model environments. Those elements 

are part of the evaluation infrastructure rather than the detector itself.
Figure 2: UML-style standalone detector component diagram

Source: Author

2.2 PROPOSAL GENERATION

The proposal stage uses a structured prompt template rendered with the target 

sentence and, when available, disambiguating context or target information. On the 

retry path, the same proposal mechanism receives an additional instruction stating 

that the previous adjudication was inconclusive and asking the model to re-analyze 

the target usage as a binary metaphor/literal decision. The LLM call is routed through 

the project’s JSON generation service using OpenAI’s gpt-5-nano in the evaluated 

experiments.

The prompt instructs the model to follow MIP and SPV cues and to return strict 

JSON. The schema requires:

• label: either metaphor or literal;

• spans: copied from the sentence with text, start, and end offsets;

• reason: a structured object containing mip, spv, and paraphrase_literal fields.

Context is used only for disambiguation. The prompt explicitly requires all 

returned spans to come from the sentence itself, not from the auxiliary context. After 

the LLM returns a proposal, the implementation sanitizes spans by checking whether 

their offsets match the sentence text. If the offsets are wrong but the span text appears 

in the sentence, the detector repairs the offsets by text search; if the span cannot be 

found, it is dropped.

2.3 VERIFICATION

Verification is applied only when the sentence language is English and when the 

proposal needs verifier evidence. Literal proposals without spans skip the verifier and 
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receive zeroed verification metrics. Non-English sentences also skip the verifier and 

are handled through proposal-only adjudication.

For English sentences, verification combines three kinds of evidence. First, a 

syntactic analysis component is used for tokenization, part-of-speech tagging, and 

dependency analysis. Proposed spans are enriched with POS information from the 

parsed sentence.

Second, the detector computes a semantic-preference signal. It identifies candi

date mask spans from dependency patterns such as verbs with subjects or objects, 

copular complements, nouns in “of” constructions, and nouns modified by adjectival 

or compound dependents. Each candidate is masked and scored with a masked 

language model (Devlin et al., 2019); low probability for the original token is treated as 

stronger anomaly evidence. The final SPV score is the maximum anomaly score across 

candidates.

Third, the detector computes a WordNet-based MIP proxy (Miller, 1995). For 

each proposed span, it selects a content-word head, retrieves candidate synsets, and 

compares the first synset gloss with the sentence context. Lower overlap between gloss 

words and contextual words increases the proxy score. This is not a full human MIP 

annotation, but a reproducible approximation of basic-contextual contrast.

The verifier returns a confidence score computed as a weighted combination of 

the two numeric proxies:

confidence = 0.55 ⋅ spv + 0.45 ⋅ mip

The verification output preserves the enriched spans, textual reason fields, 

and _metrics containing spv_score, mip_any, mip_score, and confidence.

2.4 ADJUDICATION

The adjudication step combines the proposal label with verifier confidence. In the 

evaluated configuration, English sentences are handled with fixed heuristic threshold 

rules:

• accept a metaphor proposal when confidence is at least 0.4;

• accept a literal proposal when confidence is below 0.3;

• force a metaphor decision when confidence is at least 0.7, even if the proposal 

was literal;

• otherwise return uncertain and trigger the disambiguation retry.

These thresholds, as well as the 0.55 and 0.45 weights used in the confidence 

formula, were not optimized through an exhaustive parameter search or statistically 

calibrated decision procedure. They were arrived at through exploratory pilot runs on 

the 33-item-per-dataset screening setting described below. Candidate configurations 

were compared by their precision-recall behavior, and the retained values were the 

most useful operating point among the tested profiles. The values therefore define the 
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implemented detector behavior and should be treated as tunable design choices rather 

than theoretically derived constants. If the retry pass remains below the threshold rules, 

the detector uses the retry proposal label as the final binary decision. Uncertainty is 

therefore an internal state that triggers retry and is never returned as the detector’s final 

label.

For non-English sentences, adjudication returns the proposal label and spans 

directly with decision mode proposal_only. This behavior avoids applying English-

specific lexical evidence to languages for which the verifier is not designed.

2.5 ITERATIVE DETECTOR DEVELOPMENT

The detector was developed through a sequence of small, versioned benchmark 

experiments rather than through a single final implementation pass. Each experiment 

fixed a detector profile, ran that profile on the same academic benchmark selection, and 

stored the resulting predictions, metrics, detector configuration, and detector changes 

under a separate experiment directory. This made it possible to compare changes 

in prompt design, target-awareness, verification, and adjudication without overwriting 

previous runs.

The first reference point was a baseline snapshot of the existing detector outputs. 

Subsequent profiles changed one or two design choices at a time. The main profile 

families were:

• target-aware proposal generation, where benchmark target words are supplied 

to the prompt so that the model judges the relevant lexical usages rather than 

unrelated figurative language in the same sentence;

• literal-target verification, where target spans are still passed to the verifier even 

when the LLM proposal initially labels the sentence as literal;

• lower or higher metaphor-acceptance thresholds, used to explore the precision-

recall tradeoff of the adjudication step;

• proposal-only and dual-proposal profiles, used to separate the contribution of the 

LLM proposal from the deterministic verifier;

• MIP-heavy and precision-gated profiles, used to test whether stricter lexical 

contrast evidence can reduce false positives;

• disambiguation-retry profiles, used to test whether uncertain adjudications 

should trigger a second prompt whose explicit goal is to resolve the target usage 

into a binary decision.

To keep iteration cost manageable, each candidate profile was screened with 33 

sentences per academic dataset, for 99 benchmark items in total across VUA20 (Leong 

et al., 2020), TroFi (Birke; Sarkar, 2006), and MOH-X (Mohammad; Shutova; Turney, 

2016). This pilot setting was used to choose promising detector profiles and to compare 
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precision-recall behavior across profile variants. Candidate configurations were ranked 

with pooled precision, recall, F1, and per-dataset F1.

The selected configuration was then evaluated with 333 sentences per academic 

dataset. The values 33 and 333 were feasibility-driven limits rather than statistically 

optimized sample sizes: the first allowed repeated profile screening, and the second 

was the largest uniform slice that could be processed for all datasets and baselines 

within the project constraints. Keeping the same number of items per dataset also pre

vented the pooled metrics from being dominated by a single source dataset. This larger 

evaluation produced the detector predictions used for comparison with the academic 

baselines. The two-stage procedure kept prompt and threshold iteration practical while 

still requiring the selected configuration to be evaluated on a larger, shared benchmark 

slice.

The iteration process also exposed an important methodological distinction 

between recall-oriented and precision-oriented detector behavior. Some profiles were 

able to recover nearly all metaphorical cases but also labeled many literal examples 

as metaphorical. Later profiles therefore treated the verifier not only as supporting 

evidence for positive metaphor decisions, but also as a gate that could reject low-

confidence proposals. The evaluated configuration kept the recall-oriented thresholds 

but added an uncertainty-triggered disambiguation retry. The resulting evaluation still 

exposed a substantial false-positive problem.

2.6 CONTEXT RETRY

When context is available, the detector can use neighboring sentences from the 

same source document. A small context window uses one sentence on each side of 

the target sentence. A larger context window uses three sentences on each side.

The first proposal uses the small context window when available. If adjudication 

returns uncertain, and a larger context window is available, the detector retries pro

posal, verification, and adjudication with the larger context. There is no further retry 

after this second pass.

The same retry principle applies when no larger neighboring context is available. 

In that case, the detector keeps the same sentence and available target information, but 

still adds the explicit instruction explaining that the earlier adjudication was inconclusive 

and asking for the strongest binary judgment. If the verifier still leaves the decision 

below the threshold rules, the detector uses the retry proposal as the final binary label.

2.7 IMPLEMENTATION CONSTRAINTS

The main constraint is language support. Although the proposal stage can be 

used with any language supported by the configured LLM, the verifier is English-only in 

the implemented detector. As a result, non-English sentences do not receive WordNet-

based MIP proxy evidence or SPV confidence evidence.



Chapter 2 Development Methodology 27

Another constraint is that the verifier uses proxies rather than full linguistic 

annotation. The MIP score depends on the first WordNet synset and gloss overlap, 

while the SPV score depends on masked-token probabilities over dependency-based 

candidates. These signals are useful for reproducible adjudication, but they are not 

equivalent to expert metaphor analysis.

Finally, the detector can still represent uncertain as an internal adjudication state. 

Uncertainty triggers the retry path, after which the detector returns either metaphor or 

literal; it is not exposed as a final label.

2.8 SOFTWARE ARTIFACT AVAILABILITY

The software artifact associated with this thesis is available in an online 

repository: https://codigos.ufsc.br/avila.g/metaphoriq-detector#. It includes the 

standalone detector, benchmark adapters, experiment scripts, and stored benchmark 

artifacts.

https://codigos.ufsc.br/avila.g/metaphoriq-detector#
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3 EVALUATION AND RESULTS

This chapter presents the empirical evaluation of the proposed metaphor detec

tion pipeline, identified in the benchmark as Metaphoriq detector. The evaluation 

compares the proposed detector with established metaphor-detection baselines and 

reports aggregate benchmark performance. The results show that Metaphoriq detector 

is not the strongest system by pooled F1, but they also reveal a distinctive error profile: 

the detector reaches high recall while still producing many false positives.

The evaluation tests the complete dual-stage design introduced in the previous 

chapter against direct neural baselines. Unlike systems that return only a model 

prediction, Metaphoriq detector combines LLM proposal generation with deterministic 

linguistic verification, preserving intermediate evidence for later inspection.

3.1 BENCHMARK SETUP

The benchmark aggregates binary metaphor-detection results over three 

datasets: VUA20 (Leong et al., 2020), TroFi (Birke; Sarkar, 2006), and MOH-X 

(Mohammad; Shutova; Turney, 2016). Although some source datasets contain token-

level or span-level annotations, the comparison reported here evaluates whether each 

benchmark item is predicted as metaphorical or literal. This level was chosen because 

it allows metaphoriq-detector and the selected baselines to be compared through the 

same pooled metrics.

These datasets were selected for comparability with the baseline systems rather 

than as a complete representation of metaphor use. They are public metaphor-detection 

resources that appear in the training, fine-tuning, or reported evaluation context of the 

models used in the benchmark, including MelBERT, FrameBERT, and the RoBERTa/

XLM-R token-classification baselines (Choi et al., 2021); (Li et al., 2023); (CreativeLang, 

2025); (Conneau et al., 2020). Using this shared dataset family makes it possible to 

evaluate metaphoriq-detector against models whose expected operating conditions are 

tied to those resources.

The benchmark is therefore composed only of these three public datasets. In this 

evaluation, each benchmark item is represented as a single sentence; no neighboring 

source-document context is provided to the detector.

For each model, the evaluation records dataset-level F1 scores when available, 

pooled accuracy, pooled precision, pooled recall, pooled F1, macro F1, and confusion-

matrix counts. The benchmark output also keeps the number of evaluated rows so that 

systems with non-binary outputs can be audited.

The evaluated systems include Metaphoriq detector and four comparison base

lines: XLM-R (Conneau et al., 2020), CreativeLang RoBERTa (CreativeLang, 2025), 

FrameBERT (Li et al., 2023), and MelBERT (Choi et al., 2021). These baselines repre
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sent different neural approaches to metaphor detection and provide a reference point 

for assessing the strengths and limitations of the proposed dual-stage architecture.

3.2 BENCHMARK EXECUTION

Each evaluated system is connected to the benchmark through an adapter that 

normalizes its output into a shared prediction format: document identifier, model key, 

label, binary is_metaphor value, optional score, spans, and raw output. This normaliza

tion is necessary because the models do not expose predictions in the same way.

The XLM-R and CreativeLang RoBERTa baselines are executed as Hugging 

Face token-classification pipelines. Their token-level outputs are converted to a sen

tence-level metaphor decision: if at least one returned token group is marked with the 

metaphor label, the sentence is counted as metaphorical; otherwise it is counted as 

literal. FrameBERT is executed through its external repository and its tabular token 

output is grouped back into sentence predictions. Rows marked as borderline by 

FrameBERT are treated as uncertain, not as binary decisions. MelBERT is executed 

through its external checkpoint workflow, which requires target-token rows and then 

aggregates target predictions back to the sentence identifier.

metaphoriq-detector is adapted separately. When a benchmark row already 

contains an embedded detector result, that result is used directly. Otherwise, the detec

tor is run on the benchmark sentence and its final label is converted to the same binary 

prediction format. In the evaluated detector configuration, an uncertain adjudication 

triggers a second disambiguation prompt before the benchmark label is produced. If the 

second adjudication remains uncertain, the retry proposal label becomes the detector’s 

final binary decision.

Human-gold rows marked as uncertain are excluded from binary metrics and 

counted as skipped gold rows. When a model returns labels that cannot be mapped to 

metaphor or literal, those rows are kept out of binary precision, recall, and F1. In the 

final metaphoriq-detector run, the disambiguation retry produces a binary decision for 

every eligible item.

3.3 QUANTITATIVE RESULTS

Figure 3: Benchmark F1 comparison

Benchmark F1

metaphoriq-detector 0.6710

xlmr 0.7291

creativelang-roberta 0.7327

framebert 0.6943

melbert 0.7690

Source: Author
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Table 1: Benchmark metrics by evaluated model

Model Preci

sion

Recall F1 Accu

racy

Metaphoriq de

tector

0.5148 0.9630 0.6710 0.5395

XLM-R Hug

ging Face to

ken baseline

0.5882 0.9589 0.7291 0.6527

CreativeLang 

RoBERTa to

ken baseline

0.5905 0.9651 0.7327 0.6567

FrameBERT 0.5877 0.8481 0.6943 0.5903

MelBERT 0.6798 0.8850 0.7690 0.7407

Source: Author

The strongest pooled F1 is obtained by MelBERT, with a pooled F1 of 0.7690, 

precision of 0.6798, and recall of 0.8850. CreativeLang RoBERTa and XLM-R follow 

with pooled F1 scores of 0.7327 and 0.7291, respectively. Metaphoriq detector obtains 

a pooled F1 of 0.6710, below these three baselines and below FrameBERT’s pooled 

F1 of 0.6943, although FrameBERT’s coverage of 0.4324 limits direct comparison with 

full-coverage systems.

The main behavior of Metaphoriq detector is high recall rather than balanced 

classification. It reaches pooled recall of 0.9630, but its precision is only 0.5148. The 

confusion matrix shows 469 true positives and 442 false positives, with only 70 true 

negatives and 18 false negatives. This indicates that the detector is effective at recover

ing metaphorical cases, but remains too permissive when distinguishing literal abstract 

language from metaphorical usage. The disambiguation retry resolves uncertain cases 

into binary decisions, but the benchmark results still show that stricter calibration is 

necessary. The detector’s high recall should therefore be read together with its high 

false-positive count.

3.4 DISCUSSION

The results characterize the evaluated configuration rather than the performance 

ceiling of the architecture. Metaphoriq detector identified 469 of the 487 metaphorical 

items, producing only 18 false negatives, but it also produced 442 false positives. 

MelBERT (Choi et al., 2021), CreativeLang RoBERTa (CreativeLang, 2025), and XLM-

R (Conneau et al., 2020) therefore achieved a better balance between precision and 

recall. FrameBERT (Li et al., 2023) obtained a numerically higher F1, although its 

coverage of 0.4324 limits direct comparison with the full-coverage systems.
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The observed imbalance should not be treated as an intrinsic recall-oriented 

property of the detector. Its confidence weights and adjudication thresholds were 

selected through exploratory experiments on a small screening sample, without system

atic optimization on a separate development set. The current evaluation does not show 

whether the large number of false positives results primarily from weak verifier signals 

or from an inadequate decision boundary. It establishes that the present configuration is 

insufficiently calibrated, but not that the architecture cannot achieve a more competitive 

operating point.

This distinction matters because proposal generation, verification, and adjudica

tion are independent components. The decision boundary and verifier evidence can 

be revised without replacing the proposal mechanism. Related systems show that 

metaphor-theoretic information can support competitive detection when it is learned 

or appropriately calibrated (Choi et al., 2021); (Li et al., 2023); (Lin et al., 2024). The 

next evaluation should therefore calibrate weights and thresholds on a disjoint devel

opment set, include stronger negative evidence for abstract literal language, and report 

sensitivity or precision-recall analyses. If these changes reduce false positives while 

preserving most of the current recall, the pipeline may approach or surpass the selected 

baselines. Establishing that result requires a new evaluation on untouched data.
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4 CONCLUSIONS AND FUTURE WORK

4.1 CONCLUSIONS

This work presented metaphoriq-detector, a dual-stage pipeline for metaphor 

detection that combines LLM based proposal generation with deterministic linguistic 

verification. The system was designed to address a central limitation of direct neural 

or prompt-only approaches: they can identify plausible metaphorical uses, but their 

decisions are often difficult to audit and may rely on unstable self-verification (Stechly; 

Valmeekam; Kambhampati, 2025). By separating proposal generation from verification, 

the pipeline uses the interpretive capacity of LLMs while grounding the final decision in 

explicit lexical, syntactic, and semantic evidence. Its output therefore exposes spans, 

explanations, verification signals, and adjudication metadata rather than only a classifier 

score.

The empirical evaluation does not show that metaphoriq-detector outperforms 

the strongest selected baselines. MelBERT (Choi et al., 2021), CreativeLang RoBERTa 

(CreativeLang, 2025), and XLM-R (Conneau et al., 2020) obtain higher pooled F1 

scores on the evaluated benchmark slice. Instead, the results characterize a provision

ally calibrated operating point. They show that the evaluated configuration recovers 

most metaphorical cases but uses a decision boundary that admits too many false 

positives. Because proposal generation, verification, and adjudication are separate 

components, systematic calibration and stronger negative evidence may produce a 

more competitive balance without requiring an architectural redesign. This possibility 

must be tested on untouched evaluation data.

4.2 LIMITATIONS

The main language-support limitation concerns the verifier. The proposal stage 

can be used with any language supported by the configured LLM, but the verification 

stage requires language-specific lexical resources, dependency and POS analysis, 

masked-language-model probabilities, and calibrated thresholds. In the implemented 

detector, this verifier support is available only for English; other languages skip the 

verification evidence and are handled through proposal-only adjudication.

Another limitation concerns benchmark scope. The evaluation establishes the 

relative performance of metaphoriq-detector against the selected baselines on a 

bounded benchmark slice, but further validation is still necessary on larger corpora, 

additional genres, and historically distant texts. This is especially important for digital-

humanities applications, where language use may differ substantially from the data 

distributions represented in common metaphor-detection benchmarks.

The most important empirical limitation is precision. The evaluated 

configuration’s high-recall profile includes many false positives, especially when 

abstract but literal language resembles metaphorical usage. This indicates that the 
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verification and adjudication layers require stronger calibration, but the current exper

iment does not establish whether calibration alone is sufficient to reach the strongest 

baseline results.

4.3 FUTURE WORK

Future work should first expand the verification layer beyond English. This is not 

only a matter of adding more models. The detector would also need language-appropri

ate lexical resources, reliable POS and dependency parsers, masked-language models 

or equivalent probability estimators, and threshold calibration for each language. Multi

lingual support should therefore be treated as a new validation task, not as a direct 

configuration change.

A second direction is reducing false positives. The implemented detector uses 

fixed weights for combining SPV and MIP proxy scores and fixed thresholds for 

accepting metaphor, accepting literal, and forcing metaphor. A future version should 

tune these values on a development set and report sensitivity analyses, with precision 

as an explicit objective. This would require stronger negative evidence for literal abstract 

language, hard-negative examples that resemble metaphor without being metaphorical, 

and adjudication rules that can reject low-confidence proposals instead of treating 

most plausible figurative readings as positive cases. The disambiguation retry reduces 

unresolved outputs, but it does not by itself solve this precision problem.

Finally, the evaluation should be extended with additional datasets, expert anno

tation rounds, and historically distant texts. Larger evaluations would make it possible 

to analyze error types in more detail and to assess whether the structured metadata 

generated by the detector can support future supervised models or diagnostic annota

tion workflows.
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Abstract—Metaphor annotation supports linguistics, discourse 
analysis, digital humanities, and natural language processing, 
but manual identification is difficult to scale and automatic 
predictions are often hard to audit. This paper presents 
metaphoriq-detector, a dual-stage pipeline that separates 
large language model proposal generation from deterministic 
linguistic verification. The proposal stage returns candidate 
spans and structured explanations based on the Metaphor 
Identification Procedure and semantic preference violation. The 
verification stage checks those proposals with part-of-speech and 
dependency analysis, a WordNet-derived proxy for basic-contex
tual meaning contrast, and masked-language-model anomaly 
scores. Fixed rules then adjudicate the evidence and trigger one 
disambiguation retry for uncertain cases. The detector was eval
uated on 999 items drawn uniformly from VUA20, TroFi, and 
MOH-X and compared with XLM-R, CreativeLang RoBERTa, 
FrameBERT, and MelBERT. It obtained 0.9630 recall, 0.5148 
precision, and 0.6710 F1. Although it did not surpass the 
strongest specialized baseline, the pipeline exposes candidate 
spans, explanations, verification metrics, and decision metadata. 
The results characterize a provisionally calibrated operating 
point and identify precision calibration as the principal remain
ing empirical problem.

Index Terms—Metaphor detection, Large language models, 
Linguistic annotation, Natural language processing, Semantic 
preference violation

I. Introduction

Metaphor annotation is relevant to linguistics, discourse 
analysis, digital humanities, and natural language processing 
(NLP), but it remains expensive to scale. Manual procedures 
such as the Metaphor Identification Procedure (MIP) and 
its MIPVU extension provide explicit criteria for deciding 
whether a lexical unit is metaphorical, yet they demand 
sustained work by trained annotators [1]; [2]. The problem 
becomes especially important in historical corpora, where 
meanings can change over time and annotations must remain 
interpretable for later expert review [3].

Neural models have improved automatic metaphor detec
tion. Systems such as MelBERT combine contextual represen
tations with metaphor-identification theory [4], while recent 
large language model (LLM) approaches can produce natural-
language explanations and theory-guided judgments [5]; [6]. 
These capabilities do not eliminate the transparency problem. 

Direct model judgments may be influenced by surface cues, 
and asking a model to verify its own output does not provide 
independent evidence [7]; [8].

This paper presents metaphoriq-detector, a pipeline 
that treats the LLM output as a proposal rather than a 
final decision. An LLM first identifies candidate metaphorical 
spans and supplies structured MIP- and semantic-preference-
based reasons. A separate deterministic verifier then computes 
lexical, syntactic, and semantic signals. Fixed adjudication 
rules combine the proposal and verifier confidence, with one 
retry for uncertain cases.

The work makes three contributions. First, it defines 
an architecture that separates generative interpretation from 
external verification. Second, it implements an inspectable 
output contract containing spans, explanations, verification 
scores, raw outputs, and decision metadata. Third, it evaluates 
the complete pipeline on uniform slices of VUA20, TroFi, 
and MOH-X against four metaphor-detection baselines. The 
resulting operating point has high recall but low precision. 
Because the configuration was selected through exploratory 
screening rather than systematic calibration, this result does 
not establish the performance ceiling of the architecture.

II. Background and Related Work

A. Linguistic Identification

MIP operationalizes metaphor identification through a con
trast between basic and contextual meaning [1]. An annotator 
identifies a lexical unit, determines its meaning in context, 
checks whether it has a more basic meaning, and decides 
whether the contextual use can be understood by comparison 
with that basic sense. MIPVU expands the procedure with 
rules for lexical-unit boundaries, multiword expressions, and 
dictionary use [2]. This procedural view motivates two prop
erties of the detector: decisions should preserve the relevant 
span, and the evidence should make the proposed basic-
contextual contrast inspectable.

Semantic preference provides a complementary signal. 
Predicates tend to occur with arguments from particular 
semantic categories. A violation, such as an event normally 
associated with living entities being attributed to an abstract 
idea, can suggest a figurative interpretation. Selectional or 
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semantic preference violations have therefore been used in 
computational metaphor identification [9]. Such a violation is 
evidence rather than proof: unusual literal language can also 
be improbable, and conventional metaphors may no longer 
appear anomalous.

WordNet supplies reproducible lexical-sense information 
through synsets and glosses [10]. It cannot replace dictionary-
based human analysis, but it can support an automatic proxy 
for the contrast between a default lexical sense and the word’s 
surrounding context. Similarly, masked language models can 
estimate how expected a token is within a syntactic relation 
[11]. The proposed verifier combines these imperfect but 
external signals instead of asking the generating LLM to 
assess its own explanation.

B. Computational Detection

Contextual encoders made it possible to represent the 
same lexical form differently across usages. MelBERT explic
itly models metaphor-identification perspectives through late 
interaction between representations [4]. FrameBERT incor
porates frame information into metaphor detection [12], while 
multilingual and task-specific transformer encoders provide 
strong direct classification baselines [13]; [14].

Recent LLM work adds explicit reasoning and context. 
The dual-perspective framework of [5] prompts a model with 
MIP and semantic preference cues and includes model self-
judgment. Explanation-oriented work asks models to provide 
reasons rather than only labels [6]. Auxiliary contextual sen
tences can also improve ambiguous metaphor decisions [15]. 
However, evaluations show that LLM metaphor judgments can 
depend strongly on lexical overlap, sentence length, and other 
surface features [7], and can overgeneralize in zero- and few-
shot conditions [16].

The methodological gap addressed here is therefore not 
explanation generation alone. A free-form explanation and 
a self-judgment are still generated within the same model 
boundary. metaphoriq-detector retains the generative 
model’s ability to formulate a hypothesis but evaluates that 
hypothesis using separately implemented linguistic signals.

III. Proposed Pipeline

A. System Overview

The detector receives a target sentence and optional neigh
boring sentences from the same document. It builds a small 
context window, requests a structured proposal from the LLM, 
sanitizes the returned spans, computes verifier evidence, and 
applies threshold-based adjudication. An uncertain decision 
triggers a second proposal with an explicit disambiguation 
instruction and, when available, a larger context window. The 
final output is always binary, but the internal record preserves 
the path used to reach it.

Fig. 1. Dual-stage metaphor detection workflow.

As shown in Figure 1, candidate generation and verification 
are distinct stages. This boundary also exists in the imple
mentation: the detector package does not depend on stored 
benchmark reports, baseline environments, or historical exper
iment directories. Benchmark adapters invoke the detector, but 
evaluation artifacts do not influence its runtime decisions.

B. Proposal Generation

The proposal stage renders a prompt containing the target 
sentence, available context, and optional benchmark target 
information. In the evaluated experiments, the call used 
OpenAI’s gpt-5-nano through the project’s structured 
JSON generation service. The model is instructed to apply 
MIP and semantic preference cues and return strict JSON with 
three elements:

• a metaphor or literal label;
• spans copied from the target sentence, including text 

and character offsets;
• a reason object with MIP, semantic-preference, and 

literal-paraphrase fields.
Context is used only to disambiguate the target sentence. 

Returned spans may not come from neighboring text. The de
tector checks whether every offset matches the corresponding 
substring. If the text occurs in the sentence but the offsets are 
incorrect, it repairs them by exact search; otherwise, it drops 
the invalid span. This sanitization prevents generated locations 
from silently entering downstream annotation metadata.

C. External Verification

Verification is implemented for English sentences. Literal 
proposals without spans skip the expensive verifier and receive 
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zero-valued metrics. Non-English sentences use proposal-
only adjudication because the available lexical and syntactic 
resources are English-specific.

For English proposals, the verifier first parses the sentence 
to obtain tokens, part-of-speech tags, and dependency rela
tions. It then identifies mask candidates from structures 
including verb-subject and verb-object relations, copular 
complements, nouns in of constructions, and nouns with 
adjectival or compound modifiers. Each candidate is masked 
and scored by a masked language model. Low probability 
for the observed token produces a higher semantic-preference 
violation score. The detector retains the maximum anomaly 
score across the candidates.

The MIP proxy selects a content-word head for each pro
posed span, retrieves WordNet synsets, and compares the first 
synset gloss with the sentence context. Lower lexical overlap 
produces a larger proxy score. Selecting the first synset is a 
reproducible approximation, not a claim that it always corre
sponds to the basic meaning selected by a human annotator.

The verifier combines both signals as
𝐶 = 0.55𝑆SPV + 0.45𝑆MIP,

where 𝐶 is verifier confidence and both component scores 
are normalized. The verification record contains the compo
nent scores, combined confidence, enriched spans, and textual 
reason fields.

D. Adjudication and Retry

The evaluated configuration accepts an LLM metaphor 
proposal when verifier confidence is at least 0.4 and accepts a 
literal proposal when confidence is below 0.3. Confidence of 
at least 0.7 forces a metaphor decision even when the proposal 
is literal. All remaining cases become internally uncertain 
and enter the retry path.

The weights and thresholds are implemented design 
choices. They were selected through exploratory screening 
runs rather than through exhaustive search or statistical cali
bration. The screening stage evaluated 33 items from each of 
the three datasets. Candidate profiles varied target awareness, 
literal-target verification, thresholds, proposal-only behavior, 
MIP weighting, precision gating, and retry behavior. The 
retained profile represented a useful precision-recall operating 
point among those trials, but the evaluation below shows that 
it remains too permissive.

When source context exists, the first proposal uses one 
neighboring sentence on each side and the retry may use three 
on each side. The benchmark items used in this paper contain 
only individual sentences, so no additional document context 
was available. The retry still supplied an explicit instruction 
that the earlier adjudication was inconclusive and requested 
the strongest binary judgment. If threshold rules remain 
inconclusive after that pass, the retry proposal becomes the 
final label. Thus, uncertainty is diagnostic metadata rather 
than an exposed output class.

IV. Evaluation

A. Datasets and Baselines

The evaluation aggregates binary predictions from VUA20 
[17], TroFi [18], and MOH-X [19]. Each dataset contributes 
333 items, for 999 evaluated sentences in total. The equal-
sized slices prevent the pooled metrics from being dominated 
by one dataset. The sample size was constrained by the cost 
and execution requirements of running the proposed detector 
and all baselines; it is not presented as a statistically optimized 
sample.

Although some source resources provide token- or span-
level annotations, the shared task here is sentence-level binary 
detection: an item is metaphorical if the system identifies 
at least one metaphorical target usage. This aggregation 
permits comparison with XLM-R, CreativeLang RoBERTa, 
FrameBERT, and MelBERT under one prediction contract. 
The XLM-R and CreativeLang models run as Hugging Face 
token-classification pipelines. FrameBERT token outputs are 
grouped by sentence, and its borderline outputs remain non-
binary. MelBERT target-token predictions are also aggregated 
to sentence identifiers.

All adapters normalize results into a shared representation 
containing a document identifier, model key, label, binary 
value, optional score, spans, and raw output. Gold items 
marked uncertain are excluded from binary metrics, as are 
model outputs that cannot be mapped to a binary label. The 
selected metaphoriq-detector profile returned a binary 
decision for every eligible row.

B. Results

TABLE I
Pooled binary benchmark metrics across VUA20, TroFi, and MOH-X.

Model Prec. Recall F1 Acc.

Metaphoriq 0.5148 0.9630 0.6710 0.5395

XLM-R 0.5882 0.9589 0.7291 0.6527

CL RoBERTa 0.5905 0.9651 0.7327 0.6567

FrameBERT 0.5877 0.8481 0.6943 0.5903

MelBERT 0.6798 0.8850 0.7690 0.7407

Table  I shows that MelBERT obtains the strongest pooled 
F1 at 0.7690, with precision 0.6798 and recall 0.8850. Cre
ativeLang RoBERTa and XLM-R follow with F1 scores of 
0.7327 and 0.7291. metaphoriq-detector reaches F1 
0.6710, below those three baselines and below FrameBERT’s 
0.6943. FrameBERT’s coverage is only 0.4324 because its 
borderline outputs are not forced into binary labels, so its 
pooled result is not directly equivalent to a full-coverage 
operating point.

The defining behavior of the proposed detector is recall 
0.9630 combined with precision 0.5148. It produces 469 true 
positives and only 18 false negatives, but also 442 false 
positives and only 70 true negatives. It therefore recovers most 
metaphorical items while frequently assigning metaphorical 
readings to literal abstract language.

The dataset-level F1 scores further qualify the aggregate 
result. The detector obtains 0.9333 on VUA20, 0.5890 on 
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TroFi, and 0.3596 on MOH-X. This variation indicates that 
one set of fixed proxy weights and thresholds does not transfer 
uniformly across the three benchmark distributions.

V. Discussion

The evaluation supports a narrower claim than full auto
matic superiority. The pipeline did not outperform MelBERT, 
CreativeLang RoBERTa, or XLM-R by pooled F1, and 
FrameBERT obtained a numerically higher F1 under partial 
coverage. The result therefore characterizes the evaluated 
configuration rather than the performance ceiling of the archi
tecture.

The observed imbalance should not be treated as an intrin
sic recall-oriented property of the detector. The confidence 
weights and adjudication thresholds were selected through 
exploratory experiments on a small screening sample, without 
systematic optimization on a separate development set. The 
current evaluation does not show whether the 442 false posi
tives result primarily from weak verifier signals or from an 
inadequate decision boundary. It establishes that the present 
configuration is insufficiently calibrated, but not that the archi
tecture cannot achieve a more competitive operating point.

This distinction matters because proposal generation, veri
fication, and adjudication are independent components. The 
decision boundary and verifier evidence can be revised with
out replacing the proposal mechanism. Related systems show 
that metaphor-theoretic information can support competitive 
detection when it is learned or appropriately calibrated [4]; 
[12]; [5]. The next evaluation should therefore calibrate 
weights and thresholds on a disjoint development set, include 
stronger negative evidence for abstract literal language, and 
report sensitivity or precision-recall analyses. If these changes 
reduce false positives while preserving most of the current 
recall, the pipeline may approach or surpass the selected 
baselines. Establishing that result requires a new evaluation 
on untouched data.

Several limitations constrain the findings. First, verification 
is English-only; non-English inputs fall back to proposal-only 
decisions. Second, the WordNet score uses the first synset and 
gloss overlap as a proxy rather than implementing full human 
MIP analysis. Third, the semantic-preference score depends 
on masked token probabilities over a selected set of depen
dency patterns. Both signals are reproducible but incomplete. 
Fourth, thresholds were selected through small pilot runs and 
were not calibrated on a dedicated development set. Finally, 
the evaluation uses bounded, sentence-only slices of three 
conventional datasets and does not establish performance on 
historical documents, other genres, or larger corpora.

The immediate technical priority is precision calibration. 
Future experiments should tune weights and thresholds on 
a separate development set, report sensitivity curves, and in
clude hard negative examples of abstract but literal language. 
Learned calibration could be compared with the current 
rules while retaining the external evidence boundary. Verifi
cation should also be expanded with language-specific lexical 
resources, parsers, and probability estimators, rather than 
assuming that the English configuration transfers unchanged.

VI. Conclusion

This paper presented a dual-stage metaphor detection 
pipeline that combines LLM proposal generation with deter
ministic linguistic verification. The design preserves the 
interpretive capability of a generative model while exposing 
candidate spans, structured reasons, WordNet- and semantic-
preference-based signals, and adjudication metadata. On 999 
benchmark items, the detector reached 0.9630 recall, 0.5148 
precision, and 0.6710 F1. It did not surpass the strongest spe
cialized baselines and produced too many false positives for 
unreviewed binary classification. The results instead charac
terize a provisionally calibrated operating point: the modular 
design makes stronger calibration and verifier revision plau
sible without architectural replacement, but that possibility 
must be tested on untouched evaluation data.

The implementation, benchmark adapters, experiment 
scripts, and stored artifacts are available at https://codigos.
ufsc.br/avila.g/metaphoriq-detector.
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