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Abstract

Metaphorical language remains a major chal-
lenge for multilingual natural language pro-
cessing because successful interpretation and
translation require reasoning beyond literal lex-
ical meaning. Existing research has largely
investigated metaphor detection, machine trans-
lation, and translation evaluation as separate
tasks, while little work has explored how these
components can be integrated into a unified
computational framework. This PhD proposal
aims to develop an end-to-end framework for
multilingual metaphor processing consisting of
three complementary research directions: (1)
robust metaphor detection across languages,
(2) metaphor-oriented translation evaluation for
both human assessment and automatic qual-
ity estimation, and (3) joint modelling that
connects metaphor detection with translation
evaluation. The proposed research will com-
bine linguistic theory with recent advances in
large language models to develop new datasets,
annotation methodologies, evaluation bench-
marks, and automatic evaluation approaches
for metaphor-aware machine translation. The
expected outcome is a unified framework that
improves both the development and evaluation
of multilingual NLP systems when processing
figurative language.

1 Introduction

Metaphors are widespread in our daily usage and
play a central role in human cognition and commu-
nication. Rather than being merely a rhetorical de-
vice used for stylistic effect, metaphor is regarded
as a fundamental mechanism through which peo-
ple conceptualise and understand the world (Lakoff
and Johnson, 1980; Kovecses, 2010b). Specifi-
cally, the process is realized by conceptualising
the abstract target domain through mappings from
the concrete source domain (Lakoff and Johnson,
1980). For example, in the typical conceptual
metaphor TIME IS MONEY, time is understood as
a valuable resource.

These conceptual mappings are grounded in em-
bodied physical and cultural experiences (Lakoff
and Johnson, 1980; Gibbs, 2008), while their inter-
pretation often depends on contextual information
(Li and Chen, 2025a) and shared cultural knowl-
edge (Lakoff and Johnson, 1980). Because embod-
ied experiences and conceptualizations may differ
across individuals and cultures (Kdvecses, 2010b),
metaphorical meaning is often non-compositional
and cannot be derived from the literal meanings
of individual words alone. Instead, it requires the
integration of linguistic, conceptual, contextual,
and cultural information. These challenges have
motivated increasing research on computational
metaphor processing, including metaphor detec-
tion, interpretation, generation and translation (Rai
and Chakraverty, 2020; Ge et al., 2023). Among
these tasks, metaphor detection and metaphor
translation have developed largely as independent
research directions (Liang et al., 2025; Liang and
Han, 2026). Metaphor detection aims to distin-
guish metaphorical from literal language and serves
as a prerequisite for many downstream applica-
tions (Shutova, 2010), whereas metaphor transla-
tion focuses on conveying metaphorical meaning
across languages while accounting for linguistic
and cultural differences (Karakanta et al., 2025).
Despite substantial advances in neural language
models, both tasks remain challenging. Successful
metaphor detection requires models to recognize
non-literal meaning beyond surface lexical patterns,
while metaphor translation must further address
variations in linguistic form, communicative func-
tion, and cultural embeddedness across languages
(Karakanta et al., 2025). However, relatively [liz-
tle work has connected these two areas. Existing
translation evaluation methods generally assume
that metaphor instances have already been identi-
fied manually, while advances in metaphor detec-
tion have rarely been incorporated into translation
evaluation or quality estimation.



Recent evidence also suggests that large lan-
guage models may rely more heavily on superficial
lexical cues than on genuine metaphor understand-
ing, indicating that figurative language remains dif-
ficult even for state-of-the-art systems (Sanchez-
Bayona and Agerri, 2025). Furthermore, progress
in metaphor translation is constrained by the lim-
ited availability of high-quality parallel metaphor
corpora and systematic evaluation resources (Wang
et al., 2024; Han et al., 2026b).

Recent work has also highlighted shortcomings
in current evaluation practice. General-purpose
MT metrics, such as BLEU (Banerjee and Lavie,
2005) or COMET (Rei et al., 2020), are not
designed to capture metaphor-specific phenom-
ena, and human evaluation protocols rarely dis-
tinguish different types of metaphor translation
errors. Emerging resources, including MMTE
(Wang et al., 2024), have begun addressing this
gap, while our MetaHOPE framework extends the
human-oriented HOPE evaluation framework with
metaphor-specific error categories and annotation
guidelines (Liang and Han, 2026). Nevertheless,
reliable metaphor-oriented evaluation and its inte-
gration with automatic metaphor processing remain
open research problems.

This PhD proposes an end-to-end computa-
tional framework for multilingual metaphor pro-
cessing that unifies three complementary research
directions: (1) metaphor detection, (2) metaphor-
oriented translation evaluation integrating Meta-
HOPE, and (3) joint modelling of metaphor detec-
tion and translation evaluation. Rather than treating
these components as isolated tasks, the proposed
research investigates how they can mutually rein-
force one another to improve both the evaluation
and the development of MT and LLM systems. The
long-term objective is to establish reliable method-
ologies, resources and benchmarks for metaphor-
aware multilingual NLP.

2 Background and Related Work

2.1 Cognitive Metaphor

Metaphor has traditionally been regarded as a
rhetorical device used to enrich literary expression.
However, this view was fundamentally challenged
by Conceptual Metaphor Theory (CMT), which
argues that metaphor is not merely a property of
language but a fundamental mechanism of human
thought and cognition (Lakoff and Johnson, 1980).
According to CMT, abstract concepts are system-

atically understood through more concrete source
domains, giving rise to conceptual mappings such
as ARGUMENT IS WAR and TIME IS MONEY.
Linguistic metaphorical expressions are therefore
surface manifestations of deeper conceptual struc-
tures rather than isolated stylistic devices.

Subsequent research has further demonstrated
that metaphor is a multidimensional phenomenon
involving cognition, language, communication, and
culture. While conceptual mappings provide the
cognitive basis for metaphorical expressions, their
linguistic realisations are influenced by discourse
context and communicative intention (Semino,
2008). Deliberate Metaphor Theory (DMT), for
example, distinguishes between metaphors that are
intentionally employed to direct readers’ attention
towards the source domain and those that have
become conventionalised in everyday language
(Steen, 2017). This distinction is particularly rele-
vant for computational processing because not all
metaphorical expressions require the same level of
semantic interpretation.

Metaphor is especially prevalent in news dis-
course, political communication and other public-
facing genres, where it serves multiple commu-
nicative functions beyond stylistic ornamentation.
Previous studies have shown that metaphor can sim-
plify complex events, frame public opinion, evoke
emotional responses, and communicate ideologi-
cal positions (Steen et al., 2010b). Consequently,
successful metaphor processing requires models to
capture not only lexical meaning but also discourse-
level and pragmatic information.

Cross-linguistic variation further increases the
complexity of metaphor processing. Although
some conceptual metaphors appear to be widely
shared across cultures, their linguistic realisations
often differ considerably because of language-
specific conventions, cultural experiences, and
socio-historical backgrounds (Kdvecses, 2010b).
As a result, multilingual NLP systems must ac-
count for both universal conceptual mappings
and culture-specific metaphorical expressions (Han
et al., 2026a). These challenges motivate the
need for computational approaches capable of
recognising, interpreting, translating and evaluat-
ing metaphorical language across languages.

2.2 Computational Metaphor Detection

Automatic metaphor detection has become one
of the most active research topics in figurative
language processing (Shutova, 2015; Rai and



Chakraverty, 2020; Han et al., 2026a). Early com-
putational approaches mainly relied on hand-coded
knowledge, lexical resources, and selectional pref-
erences to distinguish metaphorical from literal lan-
guage (Shutova, 2015). However, these rule-based
methods were often difficult to scale and gener-
alise across domains and languages, motivating the
development of data-driven approaches.

With the development of corpus-based metaphor
research, manual metaphor identification proce-
dures also became increasingly standardised. The
Metaphor Identification Procedure (MIP) (Group,
2007) and its extended version, MIPVU (Steen
et al., 2010b), provide systematic dictionary-based
guidelines for determining whether a lexical unit
is used metaphorically by comparing its contextual
meaning with a more basic meaning . Based on this
procedure, the VU Amsterdam Metaphor Corpus
(VUAMC) (Steen et al., 2010a) was constructed
as one of the largest manually annotated metaphor
corpora and has since become a widely adopted
benchmark for metaphor detection research. The
availability of MIPVU-annotated corpora has en-
abled the development and evaluation of supervised
metaphor detection models under consistent anno-
tation standards.

Advances in deep learning have substantially
improved metaphor detection performance. Con-
textual language models, including BERT and sub-
sequent Transformer architectures, enable richer
semantic representations by modelling contextual
information surrounding metaphorical expressions.
These models consistently outperform earlier sta-
tistical approaches on standard benchmark datasets
and demonstrate improved robustness across mul-
tiple domains. This transition was reflected in the
VUA Metaphor Detection Shared Tasks. While
the top-performing systems in 2018 were mainly
based on recurrent neural networks and feature en-
gineering, the 2020 shared task was dominated by
BERT-based models, with the best F1 score im-
proving from 0.651 to 0.769 (Leong et al., 2018,
2020).

More recently, researchers have begun to ex-
plore large language models (LLMs) for automatic
metaphor detection. Instead of relying exclusively
on task-specific supervised training, LLLMs can
identify metaphorical expressions through zero-
shot and few-shot prompting. Recent studies have
investigated the use of Llama, Qwen, Mistral,
DeepSeek, Gemma, GPT-4, and other LLMs for
metaphor identification, demonstrating their poten-

tial for detecting conventional metaphorical expres-
sions while also revealing limitations in achiev-
ing robust metaphor understanding (Liang et al.,
2025; Reimann and Scheffler, 2025; Han et al.,
2026a). Building on these advances, recent work
has explored task-specific prompt design, MIPVU-
inspired reasoning, chain-of-thought prompting,
and retrieval-augmented generation (RAG) to fur-
ther improve metaphor detection (Reimann and
Scheffler, 2025; Fuoli et al., 2026). Related stud-
ies have also extended these approaches to multi-
lingual, cross-lingual, and multimodal metaphor
detection (Lai et al., 2023; Hiilsing and Im Walde,
2024; Xu et al., 2024). Nevertheless, current results
remain mixed, with the effectiveness of LLM-based
approaches depending strongly on the task, prompt-
ing strategy, and evaluation dataset (Reimann and
Scheffler, 2025; Fuoli et al., 2026; Han et al.,
2026a).

Despite these advances, several challenges re-
main. Current systems often struggle with conven-
tional metaphors, culturally specific metaphorical
expressions, and implicit figurative meanings that
require discourse-level reasoning or common-sense
knowledge. Moreover, most existing work evalu-
ates metaphor detection as an isolated classifica-
tion task, while relatively little attention has been
paid to how detected metaphorical expressions can
support downstream applications such as machine
translation and translation quality evaluation.

Building upon our previous work on GPT-4-
based metaphor detection in English news texts
(Liang et al., 2025), this limitation motivates the
first work package of this PhD, which extends
metaphor identification towards multilingual set-
tings, improved prompting strategies, and more
robust detection methods that can support down-
stream translation and evaluation.

2.3 Metaphor Translation

Metaphor translation has long been recognised as
one of the most challenging problems in transla-
tion studies because metaphorical expressions often
convey meaning beyond their literal lexical con-
tent. Unlike literal translation, successful metaphor
translation requires preserving not only semantic
equivalence but also conceptual mappings, com-
municative functions, stylistic effects, and cul-
tural connotations. Classical translation scholars
have therefore argued that metaphor translation
should be viewed as a process of conceptual trans-
fer rather than simple lexical substitution. New-



mark (1988), for example, proposed a taxonomy of
metaphor translation procedures ranging from re-
producing the same metaphor in the target language
to replacing or paraphrasing metaphorical expres-
sions according to communicative needs. Similarly,
van den Broeck (1981) and Schéffner (2004) em-
phasised that translation strategies should consider
both linguistic form and underlying conceptual
structures, highlighting the importance of cultural
adaptation in cross-linguistic metaphor transfer.

The rapid development of neural machine trans-
lation (NMT) has substantially improved trans-
lation quality for general-purpose texts (Johnson
et al., 2017; Kocmi et al., 2025). Transformer-
based systems and multilingual large language
models (LLMs) are increasingly capable of gen-
erating fluent and contextually appropriate trans-
lations without explicit linguistic rules. Never-
theless, metaphorical language remains a persis-
tent challenge because successful translation of-
ten requires pragmatic reasoning, cultural knowl-
edge, and an understanding of implicit conceptual
mappings (Han et al., 2026b). Existing MT sys-
tems may produce literal translations that distort
metaphorical meaning, omit metaphorical imagery,
or replace metaphors with more conventional ex-
pressions, thereby reducing their communicative
impact (Liang and Han, 2026).

Recent research has begun to investigate
metaphor translation from a computational perspec-
tive. Wang et al. (2024) introduced MMTE, a mul-
tilingual benchmark specifically designed for evalu-
ating machine translation of metaphorical language
across several language pairs. Their study demon-
strated that although modern LLM-based systems
outperform earlier neural MT models, substantial
performance gaps remain, particularly for cultur-
ally specific and conceptually complex metaphors.
Other recent studies have similarly compared hu-
man translators with NMT systems and LLMs,
showing that although modern LLMs often pro-
duce fluent and semantically adequate translations,
they remain less reliable in preserving metaphorical
expressions, conceptual mappings, and rhetorical
effects, particularly for culturally specific or novel
metaphors (Wang et al., 2024; Karakanta et al.,
2025; Li and Chen, 2025b). These findings suggest
that improvements in general machine translation
quality do not necessarily translate into reliable
metaphor translation.

Although the quality of MT and LLM systems
continues to improve rapidly, relatively little work

has investigated how metaphor translation errors
should be analysed systematically. Existing stud-
ies typically report overall translation quality or
metaphor preservation rates, providing limited diag-
nostic information about the specific linguistic and
conceptual problems underlying translation fail-
ures. Consequently, metaphor translation research
increasingly requires evaluation frameworks capa-
ble of identifying fine-grained error types beyond
conventional MT quality metrics. This observation
motivates the second work package of this PhD,
which investigates metaphor-oriented translation
evaluation and analysis.

2.4 Translation Evaluation

Automatic evaluation has become an indispensable
component of modern machine translation research.
Traditional corpus-level metrics such as BLEU (Pa-
pineni et al., 2002), METEOR (Banerjee and Lavie,
2005), TER (Snover et al., 2006), and LEPOR (Han
et al., 2012, 2013) primarily measure lexical or n-
gram overlap between system outputs and reference
translations. Although these metrics remain use-
ful for benchmarking general translation quality,
they are often insensitive to semantic equivalence
and perform poorly when evaluating figurative lan-
guage, where multiple valid translations may differ
substantially in lexical realisation.

Recent evaluation methods have increasingly
shifted towards semantic and learned metrics.
COMET (Rei et al., 2020) and BLEURT (Sellam
et al., 2020), for example, employ pretrained lan-
guage models to estimate translation quality based
on semantic similarity rather than surface-form
matching. These approaches generally correlate
more strongly with human judgement than tradi-
tional automatic metrics and have become stan-
dard evaluation tools in contemporary MT research.
Nevertheless, they remain general-purpose metrics
and do not explicitly assess whether metaphori-
cal meaning, conceptual mappings, or rhetorical
effects have been preserved during translation.

To address the limitations of automatic met-
rics, human-centred evaluation frameworks have
received growing attention. The Multidimensional
Quality Metrics (MQM) framework (Lommel et al.,
2024, 2014; Gladkoff et al., 2025) provides a hier-
archical taxonomy for classifying translation errors
according to dimensions such as accuracy, fluency,
terminology, and style. HOPE (Gladkoff and Han,
2022) further simplified human evaluation by in-
troducing a penalty-based annotation scheme that



improves annotation efficiency and inter-annotator
consistency while retaining diagnostic capability.
However, neither MQM nor HOPE explicitly con-
siders metaphor as an independent evaluation di-
mension.

Recent metaphor-specific evaluation research
has therefore begun to bridge this gap. MMTE
(Wang et al., 2024) proposed benchmark datasets
and dedicated evaluation metrics for metaphor
translation, demonstrating that conventional auto-
matic metrics frequently overestimate translation
quality for figurative language. However, MMTE
corpus has isolated sentences without context and
it only contains verbal metaphors. Building upon
these developments, our previous work (Liang and
Han, 2026) introduced MetaHOPE, a metaphor-
oriented extension of the HOPE framework that in-
corporates five fine-grained error categories to cap-
ture different aspects of metaphor translation qual-
ity, including communicative impact (IMP), adapta-
tion to target language (RAM), semantic accuracy
(MIS), stylistic preservation (STL), and natural-
ness (PRF)- MetaHOPE used context-aware trans-
lation before extracting the metaphor-containing
segments for evaluation. It also produces a open-
source parallel corpus during the post-editing phase
that can be useful for future metaphor studies
and benchmarks. Preliminary pilot studies further
showed that refined annotation guidelines substan-
tially improve inter-annotator agreement, support-
ing the feasibility of reliable human evaluation for
metaphor translation.

Despite these advances, metaphor evaluation re-
mains largely dependent on manual annotation,
making large-scale evaluation both expensive and
time-consuming. Furthermore, current automatic
metrics rarely incorporate information obtained
during metaphor detection, and human evaluation
frameworks generally assume that metaphorical
expressions have already been identified. These
limitations motivate the final work package of this
PhD, which investigates automatic metaphor trans-
lation quality estimation by integrating metaphor
detection, human evaluation, and LLM-based eval-
uation into a unified computational framework.

2.5 Research Questions from the Gap

Research Questions

* RQ1: How can metaphorical expressions be
reliably detected across languages?

* RQ2: How should metaphor translation qual-
ity be evaluated?

* RQ3: Can metaphor detection and translation
evaluation be integrated into a unified compu-
tational framework?

3 Proposed Research Framework

We design the thesis framework in Figure 1, which
includes three components 1) metaphor detection,
2) metaphor translation evaluation, and 3) joint
modelling on detection and translation evaluation.

Step I detection task: we plan to investigate rule-
based, simple LLM-prompting with examples and
chain-of-thoughts (CoTs), and RAG.

Step-1I translation and evaluation task: we di-
vide it into reference-free evaluation and reference-
based. The reference-free evaluation includes 1)
automatic quality estimation (QE) using source text
and system output, 2) human native-speaker assess-
ing the translation quality, and 3) post-editing based
metrics. The reference-based evaluation needs cor-
pus with multiple-references for better mapping
between hypothesis translation and the references.
For this, we can use the created references from
post-editing based evaluation from the reference-
free step.

Step-I11 joint task: we investigate the possibil-
ity of joint modelling on both metaphor detection
task and metaphor translation evaluation, which
can be reference-based or reference-free quality
estimation.

4 WPs

WP1 includes Detection, datasets, prompting, fine-
tuning, and multilingual models.

WP2 includes: metaphor translation, MT/LLM,
and Translation Benchmark.

WP3 is on Human Evaluation, Integrating Meta-
HOPE (Liang and Han, 2026), annotation, corpus,
guidelines, and reliability discussion.

WP4 is of Automatic Eval, auto MQE, 1lm-as-
a-judge, and end-to-end Joint framework ( Detec-
tion, Translation, Evaluation /Automatic QE, LLM
judge).

S Methodology

In our earlier work on LLM-based metaphor detec-
tion for English news texts (Liang et al., 2025), we
discovered that GPT-4 achieved substantially lower
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Figure 1: Thesis Proposal Framework on Metaphor Detection, Translation Evaluation, and Joint Modelling.

Multilingual Metaphor Processing

WP1 WP2
Metaphor Detection Metaphor Translation
Detection MT & LLM
Framework Translation

Benchmark

—

AN

WP3 WP4
Human Evaluation Automatic Evaluation
MetaHOPE Automatic MQE
Corpus LLM-as-a-Judge

Guidelines Joint Framework

Figure 2: Overview of the proposed PhD research programme. The four work packages form an end-to-end
framework for multilingual metaphor processing, spanning metaphor detection, translation, human evaluation, and

automatic evaluation.

performance than SOTA supervised metaphor de-
tection models on conventional metaphor detec-
tion. We also observed that model performance was
highly sensitive to prompt formulation. While one-
shot prompting consistently improved performance
over zero-shot prompting, providing additional ex-
amples did not lead to further improvements. Our
error analysis further showed that prepositional
metaphors (e.g., under in under strain) were partic-
ularly difficult to detect, with many prompts fail-
ing to identify such cases in the zero- to five-shot
settings. Although detection improved in the ten-
shot setting, our findings indicate that the observed
gains cannot be straightforwardly interpreted as
improved metaphor understanding and require fur-
ther investigation. These findings motivate further
research on prompt optimization, alternative out-
put formats, fine-tuning open-source LLMs, and
RAG. Building upon our earlier work, the first work
package (WP1) extends metaphor identification
towards multilingual and more robust detection
methods. In particular, we will explore newer and

more diverse open-source LLMs such as GPT -5,
DeepSeek, Huanyuan, and Gemma 4 from 2025
onwards. Furthermore, we will investigate chain
of thoughts (CoTs) and RAG methods on this task,
naming it MetaDetect.

Regarding Metaphor Translation and Evaluation
(WP2 and WP3), we are conducting the roll-out of
larger size testing set annotation based on the Meta-
HOPE framework (Liang and Han, 2026) using
200+ segments with their context using 5 anno-
tators for both translation directions on English-
Chinese. The resulting outputs from this will be
a statistically robust analysis of the current state-
of-the-art LLMs regarding metaphor-related word
translations. In addition, it will create a bilin-
gual corpus to be shared publicly for research
on English-Chinese pairs with multiple references
(from multiple annotations). We believe the multi-
reference parallel corpus will also serve as an valu-
able resource to the metaphor study field.

For WP4 on automatic evaluation, we are at-



tending the WMT2026 shared task on Test Suites',
where we used the AlphaMWE (Han et al., 2026b,
2020) multilingual parallel corpus with MWE anno-
tations including metaphors and idioms. We have
received 30+ MT system submissions on the trans-
lation of this corpus that are being analysed using
both automatic metrics and human evaluations. The
automatic metrics being deployed include BLEU,
CharF++, LEPOR, and BERTscore, covering both
lexical-based and word-embedding metrics.

Our next step on the thesis moving forward is
about end-to-end metaphor detection and transla-
tion evaluation modelling, i.e., part of WP4. For
the end-to-end models, we will investigate “LLMs
as Agents” (Plaat et al., 2025), applying different
LLMs for detection and translation evaluation from
two joint phases in a collective manner. LLM-as-a-
judge will also be explored as the evaluation phase
with human-in-the-loop, as suggested from the lit-
erature (Wit et al., 2026).

Overall, the four WPs are coherently connected:
outputs of WP1 feed into WP2; WP2 provides re-
sources for WP3; and WP3 supervises WP4.

6 Research Plans

The Thesis Research Plan is listed in Figure 3.

7 Expected Contributions

Expected outputs include:

¢ Resources

— multilingual corpus
— benchmark

— annotation guidelines

¢ Methods

— MetaHOPE
— automatic evaluator

— joint framework

¢ Scientific contributions

— end-to-end
paradigm

metaphor  processing

8 Conclusion

This PhD proposal presents a research agenda to-
wards end-to-end multilingual metaphor processing

1h'ctps 1/ /www2.statmt.org/wmt26/
testsuite-subtask.html

by integrating metaphor detection, metaphor trans-
lation, human evaluation, and automatic translation
evaluation into a unified computational framework.
While these research areas have each advanced con-
siderably in recent years, they have largely been
investigated independently. As a result, current
multilingual NLP systems still face substantial chal-
lenges when processing metaphorical language,
particularly across languages and cultures.

The proposed research addresses this gap
through four complementary work packages. The
first investigates robust multilingual metaphor de-
tection using both linguistic knowledge and re-
cent large language models. The second exam-
ines metaphor translation and develops benchmark
resources for analysing metaphor translation strate-
gies across machine translation and LLM systems.
The third develops a reliable human evaluation
methodology for metaphor translation, including
annotation guidelines, corpora, and empirical stud-
ies of annotation reliability. Finally, the fourth
explores automatic metaphor translation evaluation
by integrating metaphor detection, human evalu-
ation, and LL.M-based quality estimation into a
unified framework.

Beyond developing individual methods and
datasets, this research aims to establish stronger
connections between metaphor detection and trans-
lation evaluation. Information produced during
metaphor detection has the potential to support
more accurate translation quality estimation, while
human evaluation can provide supervision for
developing metaphor-aware automatic evaluation
models. By investigating these interactions, the
proposed research seeks to move beyond isolated
task-specific solutions towards a coherent frame-
work for multilingual metaphor processing.

The expected outcomes include new multilingual
resources, reproducible annotation methodologies,
benchmark datasets, and automatic evaluation tech-
niques that facilitate future research on figurative
language processing. More broadly, the proposed
work contributes to the development of multilin-
gual NLP systems that better capture the linguistic,
conceptual, and cultural dimensions of metaphor,
thereby supporting more reliable machine transla-
tion and evaluation of figurative language.

Current Progress

* Completed: GPT-4 metaphor detection study;
MetaHOPE framework.
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Figure 3: Proposed research timeline and milestones for the PhD project.

* In progress: Large-scale MetaHOPE annota-
tion; WMT 2026 Test Suites evaluation.

* Planned: Joint metaphor detection and evalua-
tion models; LLM-as-a-judge framework.
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