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Motivation

1.

Metaphors structure how people reason about

abstract concepts.
In NLP, metaphor detection has improved, but

most approaches remain static.
Current methods often treat metaphors as

word-level units.
As a result, they miss how metaphors shift in

discourse.



Dynamic Metaphor Theory (YYDM)

metaphors shift between
Yin = less active states

Key message Yang = more active states

YYDM This shift is triggered by

Metaphoricity is not fixed: it metaphoricity cues

can become more or less

active in discourse. Static approaches
detect metaphor

YYDM explains how
metaphor becomes
dynamically activated



Example

”We can’t lose almost $800 billion on the start of the trade
dispute, like has been done for many years.”

— single metaphorical use
— TRADE = COMPETITION

”We were losing all our cases in the World Trade Organization.
Almost every case, we were lost, lost, lost.”

— repetition intensifies the metaphor
— Metaphor becomes more active



Contributions

01
Theory

Operationalizes YYDM for
computational analysis

04

Benchmarking

Validates metaphor detection
on MOH-X and TroFi

02

Cues

Detects five metaphoricity
cues at phrase level

05
Models

Evaluates GPT O-series
models on VUTMC

03
Prompting

Develops theory-informed
prompts for cue detection

06

Transfer

Includes an initial follow-up
with open models



Research Questions

1 Main research question

How well do GPT O-series models (GPT O3, GPT O4-mini, and GPT O4-mini-high)
detect metaphoricity cues at the phrase level in the VUTMC corpus?

2 ) | Sub-research question 1

How well do GPT O-series models detect metaphors at the phrase-level compared
to the leading models MelBERT, MisNet, and AdMul, on standard benchmarks?

3 Sub-research question 2

How well do GPT O-series models detect metaphors at the phrase-level in the
VUTMC corpus, which is annotated for dynamic metaphor cues?
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Dataset & Annotation

Dataset

VUTMC (Tan & Cienki, 2023): U.S.
governmental trade discourse on
U.S—China relations
Genres: statements, press briefings,
directives, fact sheets, manifestos,
debates, White House news
Two administrations:
Clinton (1993-1997): 573,569 tokens
Trump (2017-2021): 1,470,409 tokens
High density of political metaphor
Cross-administration design helps reduce
ideological bias

Process

Q

Build Sentence
Clusters | 2

Group neighbouring sentences with
shared source/target domains.

Intercoder agreement: Cohen’s
Kappa =.73 (substantial)

Identify Trade
1 | Metaphors

Annotate trade metaphors in
concordance sentences.

&

Code Metaphoricity
35 Cues

Code metaphoricity cues using Tan &
Cienki's (2024) scheme.



Metaphoricity Cue: Repetition

Definition of Repetition

recurrent use of a metaphorical
expression

Increases metaphor salience

Strengthens the underlying source
domain

Example: “.. robbed communities... and

robbed our people...” -> UNFAIR TRADE

PRACTICE IS THEFT

Scope of Repetition Detection

Detect metaphorical verb repetition

Includes:
identical forms (robbed ... robbed)
inflectional variants (rob, robbing)
same-root nominalisations (sing, song)

Ignore rhetorical repetition without
metaphorical function

Excluded example: “year after year,
decade after decade, trade deficit upon
trade deficit”



Metaphoricity Cue: Novelisation

Definition of Novelisation Scope of Novelisation Detection

Introduces an unusual metaphorical
expression

Uses a new source domain for a
familiar target domain

Unlike repetition, it does not reinforce
an existing metaphor, but changes the
framing

Example: “This trade deal is a fly on
China’s face...” — TRADE is framed
through an unusual source domain

A metaphorical word is is classified as
novel if:
A metaphorical word is is classified as

novel if:
its primary meaning is concrete/literal
its contextual meaning is rare and creative

Example: trade pie — pie is novel
because it departs from its literal
meaning of a baked dish



Metaphoricity Cue: Marking

Definition of Marking Scope of Marking Detection
e Lexical or grammatical devices that
signal metaphorical use e The prompt detects marking devices
that indicate metaphorical use
e They are not metaphorical themselves e Includes:

lexical markers: like, as, so to speak, almost

e They increase the recognisability of a e structural markers: colons, dashes

metaphor

: ® The list is not exhaustive
e Examples of markers: like, as, so to

speak, almost, could be e Colon rule: valid only if followed by a
noun functioning as a metaphorical

e Example: “..areas including agricultural _
source domain

trade...” — areas frames policy topics as

spaces
P 10



Metaphoricity Cue: Emphasis

Definition of Emphasis Scope of Emphasis Detection
* Emphasis makes an existing e Detection is based on a closed list of
metaphorical word or mapping more emphasis devices

salient e The prompt recognises:
_ _ _ e quotation marks
e Uses syntactic or typographic devices S
. . e Itis Xthat...
e Common devices:quotation marks, e do/does
italics, CAPITALS, not... but..., It is X e only
that... e emphasize (+ inflections)
e capitalization / italics of metaphorical terms

e Example: “Itis not... Itis...” —contrastive

structure foregrounds the key ® A sentence is labelled positive only if

metaphorical framing one or more of these devices is present
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Metaphoricity Cue: Explicit Mapping

Definition of Explicit
Mapping

Directly links source and target
domains

e Source domain is explicitly named in

the text

e This makes the metaphorical framing

low in ambiguity

e Example: “Ending trade with Chinais a

too sweeping and disruptive remedy ..."
— trade intervention = medical
treatment
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Scope of Explicit Mapping
Detection

e Detects noun-based metaphorical
mappings

e Must appear in the same sentence as
the trade target

e Nouns may be concrete or abstract
(“thing®)

e Verbs and adjectives are excluded



Results: Sub-research question 1

Method MOH-X TroFi
F1 Acc. F1 Acc.

SotA metaphor detection models
MelBERT 77.88 77.89 62.36 62.89

MisNet 77.08 7711 62.01 62.67
AdMul 79.74 79.89 60.54 62.67
OpenAl O-series models

O4-mini 85.21 86.00 68.09 65.00
O4-mini-high 82.13 84.33 69.62 65.67
03 90.26 90.00 71.66 64.67

Table 2: Performance comparison of SotA
metaphor detection models and GPT O-series mod-
els on the MOH-X and TroFi datasets. Best F1 and
accuracy scores are bold and second-best are
underlined in each column.
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Results: Sub-research question 2

Model F1 Accuracy
O4-mini 51.79 63.76
O4-mini-high 56.52 66.44
O3 69.94 67.11

Table 3: Performance of GPT O-series models in
metaphor detection on the VUTMC corpus. Best
F1 and accuracy scores are bold and second-best
are underlined in each column.
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Results: Main research question

Cue Model F1 Accuracy
Explicit O4-mini 78.63 7214
Mapping O4-mini-high  80.44 73.63
03 80.44 73.63
Novelisation ~ O4-mini 55.42 56.98
O4-mini-high  64.62 73.26
03 59.09 58.14
Marking O4-mini 70.59 72.22
O4-mini-high  69.39 66.67
(0K} 73.79 70.00
Emphasis 0O4-mini 81.82 80.00
O4-mini-high  83.33 80.00
03 81.82 80.00
Repetition O4-mini 82.05 83.67
0O4-mini-high  83.56 84.00
08 84.21 85.00

Table 4: Performance of GPT O-series models in
metaphoricity cue detection on the VUTMC corpus.
Best F1 and accuracy scores are bold and sec-
ond-best are underlined in each column.
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Results: Extension to open models

Model F1 Accuracy
MiniMax-M2.5 61.95 71.33
Nemotron 3 Super 81.88 82.00
Big Pickle 66.11 73.00

Table 5: Performance of open LLMs in repetition
cue detection on the VUTMC corpus. Best F1 and
accuracy scores are bold and second-best are
underlined in each column.
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Discussion

O3 overgeneralised noun forms as verb repetition (barriers—bar), showing how

R ition . . : : "
SREHLE excessive reasoning can exceed syntactic constraints and create false positives.

Conventional source domains like disaster were sometimes misclassified as novel

Novelisation because semantic mismatch was mistaken for metaphorical novelty.

List-based and rule-based detection improved coverage, but also produced false

Marking positives and overlooked semantically valid, non-listed markers.
. Transcript formatting, especially capitalised headlines and irregular punctuation,
Emphasis o : . "
often mimicked emphasis, causing all models to produce false positives.
Explicit Compound trade expressions like trade war created ambiguity, causing models to
Mapping confuse target-domain compounds with metaphorical source-domain vehicles.
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Conclusion & Future Work

OpenAl’'s O-series models outperform several
state-of-the-art metaphor detection systems on
benchmark datasets. They also perform strongly

1 Broader Validation

on the metaphoricity cues. However, this Should test open-weight models and
performance depends on carefully designed, extend the method to the Chinese
theory-informed prompts: part of VUTMC. Should also examine

. _ larger discourse spans.
e Zero-shot prompting is often too conservative

e Simple one-shot prompts still miss many cues 2 Integ rated Detection

e Prompt engineering is essential for strong Should combine metaphor

PEENTIDNGEE detection and cue detection in one
e Effective prompts require expertise in guided prompt. This could support
linguistic theory human-in-the-loop annotation of

dynamic metaphors.
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Limitations & Ethical Statement

£t

Cue Coverage

Only five cues tested; composing,
diversification, multivalency, and
domain mixing remain future work.

It

Corpus Bias

The corpus reflects a narrow
U.S. political context and
cannot capture all
ideological perspectives.
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&/
Domain Transfer

Transfer beyond trade discourse
seems plausible, but cross-domain
and genre effects remain untested.

Misuse Risk

Dynamic metaphor detection
could support manipulative
political messaging and strategic
rhetorical monitoring.
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