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SA-RGLP: Syntax-Aware Residual Graph Label

Propagation with LLM Soft Priors for Metaphor

Detection

Abstract

Metaphor detection aims to identify semantic mappings across conceptual
domains in text and is fundamental to deep semantic understanding in natu-
ral language processing. Previous studies typically treat each target-word usage
as an isolated instance and model lexical, syntactic, and conceptual-domain
incongruity only within individual sentences. Consequently, they struggle to orga-
nize dispersed high-dimensional instance representations into a global semantic
structure across samples, limiting their ability to capture systematic conceptual
mappings. Moreover, existing methods rely mainly on contextual semantic evi-
dence without sufficiently integrating class-level regularities revealed by labeled
examples with open-domain conceptual priors provided by large language mod-
els, hindering the fine-grained discrimination of complex metaphorical usages
with ambiguous semantic boundaries. To address these limitations, we propose a
Syntax-Aware Residual Graph Label Propagation (SA-RGLP) framework with
LLM-derived soft priors for metaphor detection. The framework first learns
instance representations and initial predictions through syntax-aware conceptual-
domain incongruity modeling. It then constructs a global semantic graph over
the instances, incorporates continuous soft priors generated by an large lan-
guage models (LLM), and jointly models local semantics, class-level regularities,
and open-domain conceptual knowledge through residual graph label propaga-
tion (RGLP). In this way, SA-RGLP extends metaphor detection from isolated
instance classification to cross-sample relational reasoning. Experiments on
MOH-X, TroFi, and VUA Verb show that SA-RGLP achieves competitive overall
performance and state-of-the-art results on TroFi and VUA Verb.

Keywords: Metaphor Detection, Graph Label Propagation, Syntax-Aware Modeling,
Large Language Models, Global Semantic Graph

1 Introduction

Metaphor is a pervasive linguistic phenomenon and a fundamental cognitive mech-
anism through which abstract concepts are understood in terms of more concrete
conceptual domains. Automatic metaphor detection determines whether a target word
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expresses a semantic mapping across conceptual domains in a given context. It sup-
ports deep natural language understanding and downstream tasks such as machine
translation [1], sentiment analysis [2–4], information extraction [5, 6], and dialogue
understanding [7].

Early approaches relied on handcrafted features derived from lexical resources,
abstractness, selectional preferences, and syntactic patterns. Although interpretable,
they depended heavily on expert knowledge and external resources. With the devel-
opment of pretrained language models, methods such as MelBERT [8], MrBERT [9],
and MisNet [10] improved local semantic modeling [11, 12] by comparing the basic
and contextual meanings of target words and capturing their syntactic and seman-
tic interactions. More recent methods, including BasicBERT [13] and WPDM [14],
further incorporate linguistic theories such as MIP [15–17], SPV [18, 19], and CMT
[20] through basic-meaning comparison, word-pair interaction, and conceptual-domain
mining.

Despite this progress, existing methods still largely follow an isolated instance-level
inference paradigm [14], in which each target-word usage is encoded and classified
independently. Metaphor, however, is a systematic conceptual mapping phenomenon
rather than a random semantic anomaly. Usages with similar target words, argument
structures, or source–target domain combinations often exhibit recurring metaphor-
ical patterns. Relying only on local context makes it difficult to organize dispersed
instance-level representations into a global semantic topology or exploit related usages
as complementary evidence for ambiguous cases. Consequently, existing methods
struggle to capture systematic conceptual mappings across samples and to leverage
cross-sample relational evidence for disambiguating metaphorical usages.

Meanwhile, LLMs [21–24] encode extensive knowledge of word senses, common-
sense, and conceptual relations from open-domain corpora, providing useful conceptual
priors for metaphor understanding. Existing studies have prompted LLMs with lin-
guistic procedures such as MIPVU [16] for metaphor identification and explanation.
However, these approaches typically convert LLM outputs into discrete predictions or
hard pseudo-labels, discarding the relative confidence between literal and metaphorical
interpretations and limiting their integration with local semantics and class-level reg-
ularities learned from task data. As a result, LLM-derived knowledge remains largely
isolated from task-specific representations and cross-sample semantic structures, fail-
ing to provide soft guidance that preserves the inherent gradience of metaphorical
language.

These limitations share a common root: existing paradigms treat metaphor detec-
tion as independent per-instance classification and lack a unified framework that
jointly models local semantics, external conceptual knowledge, and cross-sample
semantic relations. Such integration is essential for leveraging complementary evi-
dence across instances and for preserving the semantic gradience that characterizes
metaphorical language. However, no prior work has successfully combined these com-
plementary information sources in a coherent manner for target-word-level metaphor
detection.

GLPN-LLM [25] demonstrates that LLM judgments can be organized together
with instance representations and human annotations in a graph and used as relational
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evidence for global label propagation. Nevertheless, directly transferring this paradigm
to target-word-level metaphor detection is challenging. Graph nodes must represent
specific target-word usages rather than entire sentences, metaphor gradience is better
represented by continuous soft priors than hard pseudo-labels, and global propagation
should refine strong local predictions rather than replace them.

Inspired by the above observations, we propose SA-RGLP, a metaphor detection
framework that integrates LLM soft priors. In the first stage, SA-RGLP jointly mod-
els sentence context [26], target-word semantics [14], conceptual-domain-incongruent
word pairs [27], and syntactic category information [28, 29] to produce task-specific
instance-level representations and initial predictions. In the second stage, these rep-
resentations are organized into a global semantic instance graph over target-word
usages, while structured adversarial prompting generates continuous LLM soft pri-
ors. RGLP then integrates local semantic representations, partially visible labels,
and open-domain conceptual priors to incrementally refine local predictions through
cross-sample relations.

In summary, the main contributions of this work are as follows:
(1) We propose SA-RGLP, a two-stage metaphor detection framework that

integrates syntax-aware conceptual-domain incongruity modeling with RGLP. It
extends metaphor detection from local semantic judgments over isolated instances to
local–global joint reasoning that incorporates cross-sample semantic relations.

(2) We introduce, for the first time in metaphor detection, an LLM-assisted global
label propagation paradigm and adapt it to target-word-level metaphor detection using
continuous soft priors instead of hard pseudo-labels.

(3) Extensive experiments on three widely used benchmark datasets, MOH-X,
TroFi, and VUA-Verb, demonstrate that SA-RGLP achieves competitive performance
across all three datasets and state-of-the-art results on TroFi and VUA-Verb.

2 Related Work

2.1 Large Language Models for Metaphor Detection

The development of large language models (LLMs) has introduced a new source
of semantic and conceptual knowledge for metaphor detection. Unlike conventional
supervised detectors that primarily learn decision boundaries from task-specific anno-
tations, LLMs acquire broad knowledge of lexical meanings, commonsense relations,
and conceptual associations from large-scale open-domain corpora, enabling them
to explicitly reason about the basic meaning, contextual meaning, and potential
conceptual mappings of a target word.

Early studies mainly investigated whether established linguistic procedures for
metaphor identification could be directly implemented through LLM prompting.
Reimann and Scheffler [30] reformulated MIPVU as a structured prompting procedure
that guides an LLM to identify the contextual meaning of a target word, determine
its basic meaning, and compare the two before producing a metaphor judgment. This
approach demonstrates that linguistically motivated identification procedures can be
partially transformed into natural-language reasoning steps performed by an LLM.
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However, direct zero-shot or few-shot prediction remains sensitive to the knowledge
encoded by the LLM and to the way the reasoning process is elicited.

Subsequent studies therefore began to introduce more explicit linguistic and con-
ceptual knowledge into LLM-based metaphor reasoning. Yang et al. [31] use ChatGPT
to generate literal collocations for a target verb and combine them with subject–object
information from the current context, mapping these semantic units into a shared topic
space to determine whether the verb exhibits cross-domain usage. TSI [32] further
organizes metaphor theories, including SPV, MIP, and CMT, into a metaphor knowl-
edge graph and derives a sequence of scaffolding questions that guide the LLM through
an incremental reasoning process. When a reasoning step exceeds the estimated capa-
bility of the LLM, relevant metaphor knowledge is supplied as additional scaffolding
support, making the metaphor judgment more explicitly grounded in linguistic the-
ory. DMD [33] extends theory-guided LLM reasoning from both implicit and explicit
perspectives. Its implicit component retrieves annotated examples according to theory-
related representations, while its explicit component combines dictionary knowledge
with metaphor-theory-guided multi-step reasoning; the resulting responses are subse-
quently evaluated through a self-judgment mechanism to obtain a more reliable final
prediction.

Recent work has also considered the semantic gradience of metaphorical interpre-
tation. The boundaries among literal usage, conventional polysemous extension, and
cross-domain metaphor are not always categorical, and reducing an LLM judgment to
a single binary label may discard useful information about competing interpretations.
Prompting Metaphoricity [34] therefore represents metaphoricity through continuous
LLM-generated probabilities, preserving the model’s uncertainty between literal and
metaphorical readings.

Overall, LLM-based metaphor detection has progressed from direct prompting
toward theory-guided reasoning, external knowledge augmentation, structured multi-
step inference, and graded metaphor judgments. These developments demonstrate
the potential of LLMs to provide open-domain conceptual evidence that is dif-
ficult to obtain solely from task-specific annotations. Nevertheless, most existing
approaches still process each target-word instance independently and use the LLM out-
put directly as a prediction or reasoning result. Consequently, LLM-derived knowledge
remains largely separated from the task-specific representations learned by super-
vised metaphor detectors and from semantic regularities distributed across different
samples. Moreover, because LLM judgments can be affected by prompting strategies,
knowledge coverage, and semantic ambiguity, directly treating them as final labels
may introduce unreliable supervision.

Inspired by these studies, SA-RGLP repositions the LLM from a stand-alone
metaphor classifier to an auxiliary source of conceptual knowledge. Structured adver-
sarial prompting encourages the LLM to consider competing cross-domain metaphor-
ical and literal polysemous interpretations, and the resulting continuous probability
is retained as a soft prior rather than converted into a hard decision. This formula-
tion preserves both open-domain conceptual knowledge and uncertainty information
while providing a more suitable signal for subsequent integration with task-specific
local representations and cross-sample relational evidence.
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2.2 Graph Label Propagation and Relational Reasoning

Graph Label Propagation (GLP) provides a basic mechanism for exploiting relations
between labeled and unlabeled samples beyond independent instance-level classifi-
cation. Zhu and Ghahramani [35] introduced the classical Label Propagation (LP)
method, which iteratively propagates observed labels over a data graph under the
smoothness assumption that neighboring nodes tend to share similar labels. Zhou et
al. [36] subsequently proposed Local and Global Consistency (LGC), which further
balances local neighborhood smoothness with global consistency to the initial supervi-
sion. In natural language processing, Niu et al. [37] applied label propagation to word
sense disambiguation, allowing sense information to diffuse among semantically related
usages and demonstrating the value of cross-sample relations for context-dependent
semantic classification.

With the development of deep representation learning and graph neural net-
works, label propagation has increasingly been combined with task-specific features
and model predictions. Iscen et al. [38] proposed a deep semi-supervised framework
that constructs a nearest-neighbor graph from learned embeddings and uses prop-
agated labels as pseudo-supervision for unlabeled samples. Wang and Leskovec [39]
proposed GCN-LPA, which unifies Graph Convolutional Networks and Label Propa-
gation by relating feature smoothing to label smoothing and uses label information to
learn more task-oriented graph connections. Huang et al. [40] further proposed Cor-
rect and Smooth (C&S), which first obtains predictions from a base classifier and
then propagates correlated prediction errors and smooths the corrected outputs. These
methods show that graph propagation can complement rather than replace informative
instance-level predictions.

Recent studies have further developed task-specific label propagation frameworks.
Zhao et al. [41] proposed FCN-LP for multimodal fake news detection, constructing
a cross-modal tweet graph from text–image representations and exploiting relations
among news instances to refine predictions. Hu et al. [25] proposed GLPN-LLM, which
integrates task representations, human annotations, and LLM-generated pseudo-labels
into a global graph and employs mask-based label propagation to utilize cross-sample
relations while reducing label leakage. More recently, Chen et al. [42] proposed TR-
GLP, where Residual Graph Label Propagation incorporates global cross-video context
while preserving the discriminative information learned by the instance-level detector.
These developments extend conventional label diffusion toward relational reasoning
that coordinates local predictions, external supervision, and global sample structure.

This paradigm is highly relevant to metaphor detection but cannot be directly
transferred to the target-word-level setting. Metaphoricity is associated with a par-
ticular target-word usage in context rather than an entire sentence or document,
requiring graph nodes and similarities to be defined at the sentence–target-word usage
level. Moreover, reliable propagation requires task-specific representations capable
of distinguishing contextual, syntactic, and conceptual differences among metaphor
instances. Existing LLM-assisted propagation methods also mainly rely on discrete
pseudo-labels, whereas metaphorical interpretation is semantically graded, and strong
supervised metaphor detectors already provide informative local predictions that
should be refined rather than discarded.
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Motivated by these observations, SA-RGLP adapts relational label propagation to
metaphor detection by constructing a graph over sentence–target-word usages with
task-specific representations, incorporating continuous LLM probabilities as soft pri-
ors, and using residual graph label propagation to learn incremental corrections to the
Stage-1 local logits. This design jointly exploits local metaphor evidence, LLM-derived
conceptual knowledge, and global cross-sample relations.

3 Methodology

3.1 Problem Formulation

Formally, let D = Dtr ∪ Dval ∪ Dte denote the complete metaphor detection dataset,
where Dtr, Dval, and Dte represent the training, validation, and test sets, respectively.

Each metaphor detection instance is represented as a triplet (S,wt, y), where

S = (w1, w2, . . . , wn) (1)

denotes a contextual sentence consisting of n tokens, wt ∈ S denotes the target word
whose metaphoricity is to be determined, and y ∈ {0, 1} denotes the correspond-
ing ground-truth label. Specifically, y = 1 indicates that the target word is used
metaphorically in the given context, whereas y = 0 indicates a literal usage.

Accordingly, the objective of target-word-level metaphor detection is to learn a
mapping function

F : (S,wt) → y, (2)

which predicts the metaphorical label of the target word according to its usage in the
contextual sentence.

In the proposed SA-RGLP framework, the mapping function F is instantiated
as a two-stage graph-based model. The first stage learns syntax-aware contextual
representations and initial instance-level predictions by modeling the semantics of
the target word, its sentence-level context, and conceptual-domain incongruity. The
second stage constructs a global semantic graph over metaphor instances and jointly
exploits cross-sample semantic relations and LLM-derived soft priors to refine the
initial predictions. Therefore, the overall mapping can be further expressed as

FSA-RGLP

(
S,wt,G, p

llm
)
→ ŷ (3)

where G denotes the global semantic graph constructed over metaphor instances, pllm ∈
[0, 1] denotes the LLM-derived soft prior for the current instance, and ŷ ∈ {0, 1}
denotes the final predicted label.

3.2 Framework Overview

We propose SA-RGLP, a metaphor detection framework that integrates LLM soft
priors, as illustrated in Figure 1. SA-RGLP adopts a two-stage learning paradigm
following the reasoning path of local semantic modeling [11, 12], open-domain prior
augmentation [43], and global relational refinement [44]. In addition to capturing
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Stage 1: Syntax-Aware Explainable Domain Modeling Stage 2: Residual Graph Label Propagation with LLM Soft Priors

Sample Graph Construction

Input sentence

The students grasped the 

concept quickly.

Literal Example Sentences

  He grasped the toolwith both hands.·

  She grasped the handle tightly.·

  The child grasped the rope firmly.·

Target domains (for input sentence)
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Source domains (for literal examples)
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Final Output
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(Stage-1 embedding)

d-dimensional embedding

......
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LLM
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(Lit.,Met.)

Global context 
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Boundary sample 

refinement

Preserve instance-level 

discrimination

t=0 (init) t=1 t=T 
High

Low

grasped

Met.

Classifier (MLP)

Sentence Representation hi

(Stage-1 embedding)

Sentence Representation hi

(Stage-1 embedding)

Logits zi

(Stage-1 logits)

Logits zi

(Stage-1 logits)

S5S5

S4S4
S3S3S1S1

S6S6

S8S8
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S4
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S6

S8

S7

S1

Masked label training

Observed label

Masked

Unknown (test)

Continuous feature value

Train (labeled)

Train (masked)

Test

· Core word pair: grasped — concept

· Target domains: IDEA, KNOWLEDGE

· Source domains: OBJECT, TOOL

· Inconsistency score: 0.79 (high)

Explainable Clues

(Interpretability Output)

Sample λ ~ Beta(a, a)

λ ∈ (0, 1)

h`

hi hjhi hj

Node Augmentation(MixUp)

h` = λ·hi + (1−λ)·hj

Node Feature Augmentation·

Sample λ ~ Beta(a, a)

λ ∈ (0, 1)

h`

hi hj

Node Augmentation(MixUp)

h` = λ·hi + (1−λ)·hj

Node Feature Augmentation·

Residual Update

Z 
graph

 = RGLP(X' , G)

Z 
final= Z 

graph + Logits zi

Edges represent semantic 

similarity among sentencesin 

embeddingspace

NODE

EDGE

Global

Embedding

Global

Embedding

focus verb: graspedfocus verb: grasped

Semantie KB (WordNet)
+

+

Fig. 1 Overall architecture of SA-RGLP. Stage 1 learns task-specific instance representations and
initial metaphor predictions through literal-example construction, conceptual-domain mining, syntax-
aware word-pair modeling, and local semantic fusion. Stage 2 generates continuous LLM soft priors,
augments the graph nodes in the feature space, constructs a global semantic graph over target-word
usages, and performs residual GLP. The graph-derived correction is added to the local logits to refine
target-word-level metaphor predictions using cross-sample semantic relations.

semantic and syntactic cues within individual sentences [45], it explicitly models cross-
sample relations among different target-word usages by constructing a global semantic
instance graph. Specifically, the first stage operates on individual sentence–target-word
instances and jointly models the global sentence context, contextualized target-word
semantics, conceptual-domain-incongruent word pairs, and the syntactic category of
the target word, producing high-dimensional instance-level representations and initial
metaphor predictions. In the second stage, structured adversarial prompting guides
the LLM to compare cross-domain metaphorical and literal polysemous interpretations
and generate continuous soft priors. A global semantic instance graph is then con-
structed from the Stage-1 representations. The local high-dimensional representations,
partially visible hard labels, and LLM soft priors are jointly encoded as node features,
and residual GLP aggregates cross-sample relational information to incrementally
refine the Stage-1 predictions.

3.2.1 Syntax-Aware Local Domain Modeling

The first stage aims to characterize the semantic state of a target word in its current
context and to produce task-specific representations suitable for subsequent graph con-
struction and relational propagation. For the i-th instance, let Si = (wi1, wi2, . . . , wini

)
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denote the contextual sentence and wt
i the corresponding target word. A pretrained

language model [46, 47] encodes the input sequence as

Hi = Encoder(Si) (4)

where Hi ∈ R
Li×de , Li is the tokenized sequence length, and de is the encoder hidden

dimension.
The hidden state associated with the special classification token is used as the

global sentence representation:
h
g
i = Hi[0] (5)

When the target word is split into multiple subword units, their hidden states are
averaged to obtain its contextualized representation:

ht
i =

1

|Ii|

∑

j∈Ii

Hi[j] (6)

where Ii denotes the set of subword positions corresponding to wt
i .

To explicitly model the incongruity between the literal usage domain of the tar-
get word and the conceptual domain activated in the current context, we construct
literal examples for the target word and identify candidate context words according
to semantic-role relations. The target word and each candidate context word form a
candidate word pair. Let hc

ij denote the representation of the j-th candidate context
word. Its interaction with the target word is modeled through cross-attention:

h
p
ij = CrossAtt

(
ht
i,h

c
ij

)
(7)

Let qij denote the conceptual-domain incongruity score of the j-th candidate pair.
For an instance containing Mi candidate pairs, the normalized pair weight is defined as

αij =
qij∑Mi

k=1 qik
j = 1, 2, . . . ,Mi (8)

The conceptual-domain-incongruent word-pair representation is then obtained
through weighted aggregation:

h
p
i =

Mi∑

j=1

αijh
p
ij (9)

This aggregation emphasizes contextual components that provide stronger evidence
of cross-domain usage, instead of treating all context words as equally informative.

In addition to semantic evidence, SA-RGLP incorporates the syntactic category
of the target word. Let ri denote its part-of-speech index. The corresponding syntax-
aware representation is obtained from a learnable embedding matrix:

e
pos
i = Epos[ri] (10)

8



The global sentence representation, contextualized target-word representation,
conceptual-domain-incongruent word-pair representation, and POS embedding are
concatenated:

ui =
[
h
g
i ;h

t
i;h

p
i ; e

pos
i

]
(11)

An instance-level representation and the corresponding local classification logits are
subsequently computed as

hi = MLP(ui) (12)

zloci = Wchi + bc (13)

Let yi = [yi0, yi1]
⊤ denote the one-hot label vector of the i-th training instance.

The first-stage model is optimized using the average cross-entropy loss:

Lloc = −
1

Ntr

∑

i∈Dtr

1∑

c=0

yic log
[
Softmax

(
zloci

)]
c

(14)

After Stage 1 training, hi provides the task-specific semantic basis for graph
construction, while zloci serves as the initial prediction to be refined in Stage 2.

3.2.2 LLM Soft Prior Generation via Structured Adversarial

Prompting

The local model learns metaphor-discriminative evidence from task-specific labeled
data, whereas an LLM provides complementary open-domain knowledge about word
senses, polysemy, commonsense, and conceptual relations. To preserve this complemen-
tary information, we design a structured adversarial prompting strategy that requires
the LLM to compare two competing semantic hypotheses for each instance.

To improve reproducibility, the prompt templates used in the structured adversar-
ial prompting procedure are summarized in Table 1.

The metaphorical hypothesis Hmet
i assumes that the target-word usage involves a

mapping across distinct conceptual domains. The literal hypothesis Hlit
i assumes that

the usage remains within its conventional conceptual scope and corresponds to either
a literal meaning or a conventional polysemous extension. Given the sentence and the
target word, the LLM estimates the probability of the metaphorical interpretation:

pmet
i = fLLM

(
Si, w

t
i ,H

met
i ,Hlit

i

)
pmet
i ∈ [0, 1] (15)

Instead of converting this value into a hard pseudo-label, SA-RGLP retains the
complete binary probability distribution:

pLLM
i =

[
1− pmet

i , pmet
i

]
(16)

The two components represent the LLM’s relative preference for the literal and
metaphorical interpretations, respectively. This continuous representation distin-
guishes confident cases from usages near the literal–metaphorical decision boundary
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Table 1 Prompt templates used in the structured adversarial prompting procedure.

Prompt Type Prompt Content

Moderator [Input]: Sentence: “{sentence}”; Target Word:
“{core word}”; Target Word Index: “{core position}”.
[User Prompt]: You are an expert linguistic judge
evaluating a deep semantic debate. Your task is to
determine whether the target word in a sentence is used
metaphorically or literally.
[Output Format]: Final Probability: ⟨0.0 ∼ 1.0⟩.

Metaphor The target word “{core word}” induces a cognitive structural
projection from a concrete, physical source domain to an
abstract target domain. Its presence dynamizes cross-domain
mapping, meaning that the semantic baseline has shifted
fundamentally away from its literal physical definition.

Literal The target word “{core word}” remains strictly within its
native domain. This specific usage is merely a standard
polysemous extension, abstract generalization, or a result of
semantic fuzzy matching for structural alignment. No
conceptual leap across distinct domains has occurred.

and therefore preserves the semantic gradience of metaphor. The LLM soft priors are
generated offline and subsequently used as independent node features in Stage 2.

3.2.3 Feature-Space Node Augmentation and Global Semantic

Graph Construction

The Stage-1 representations describe individual target-word usages but do not explic-
itly organize semantic relations across samples. To capture recurring conceptual
mapping patterns, we construct a global semantic instance graph

G = (V, E ,A) (17)

where each node represents a specific sentence–target-word usage rather than a
context-independent lexical type. Consequently, two occurrences of the same target
word are treated as distinct nodes when they appear in different contexts.

Because metaphor detection datasets are typically small, we augment the training-
node distribution through within-class interpolation in the feature space. For two
training instances i and j satisfying yi = yj , an interpolation coefficient λ ∈ [0, 1] is
sampled and an augmented representation is generated as

h
aug
ij = λhi + (1− λ)hj (18)
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To preserve consistency across the multi-source node information, the local logits and
LLM soft priors are interpolated using the same coefficient:

z
aug
ij = λzloci + (1− λ)zlocj (19)

p
aug
ij = λpLLM

i + (1− λ)pLLM
j (20)

After combining the original and augmented nodes, semantic affinity is computed
using cosine similarity:

sij =
h⊤
i hj

∥hi∥2∥hj∥2
(21)

To suppress weak or noisy relations, an edge is retained only when the node pair
satisfies both the similarity-threshold constraint and the k-nearest-neighbor constraint:

Aij =

{
sij sij > τ and j ∈ Nk(i)

0 otherwise
(22)

where Nk(i) denotes the set of the k nearest semantic neighbors of node i, and τ is
the similarity threshold.

The resulting adjacency matrix is symmetrized to obtain Asym. Self-loops are then
introduced:

Ã = Asym + I (23)

Let D̃ be the degree matrix of Ã. Symmetric normalization gives

Â = D̃− 1

2 ÃD̃− 1

2 (24)

The normalized matrix Â determines the strength with which information is aggre-
gated from neighboring nodes during graph propagation.

3.2.4 Residual Graph Label Propagation

The final module jointly models three complementary information sources: local task-
specific semantics, class-level regularities provided by human annotations, and open-
domain conceptual priors generated by the LLM. For each training node i, the binary
label is converted into a one-hot vector:

yi = OneHot(yi) ∈ {0, 1}2 (25)

During each graph-training iteration, the hard-label features of a randomly selected
subset of training nodes are masked. Let mi ∈ {0, 1} indicate whether the label feature
of node i is visible. The label input is defined as

ỹi = miyi (26)
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where mi = 1 retains the hard-label feature and mi = 0 replaces it with the zero
vector. Labels of validation and test nodes are never exposed to the graph model:

ỹi = 0 i ∈ Dval ∪ Dte (27)

This masking mechanism prevents a node from trivially copying its own label and
encourages inference from its semantic representation, LLM soft prior, and labeled
semantic neighborhood.

The multi-source input feature of node i is constructed as

xi =
[
hi; ỹi;p

LLM
i

]
(28)

Stacking all node features yields the graph input matrix X.
A two-layer graph convolutional network propagates information over the normal-

ized semantic graph. The first layer computes

H(1) = ReLU
(
ÂXW1 + b1

)
(29)

The second layer produces a graph-based correction to the local classification logits:

∆Zgraph = ÂDropout
(
H(1)

)
W2 + b2 (30)

Instead of treating graph propagation as an independent classifier, SA-RGLP inter-
prets the graph output as an incremental correction contributed by cross-sample
relations. The final logits are obtained through residual fusion:

Zfinal = Zloc +∆Zgraph (31)

For node i, the corresponding expression is

zfinali = zloci +∆z
graph
i (32)

The predicted label is

ŷi = argmax
c∈C

[
Softmax

(
zfinali

)]
c

C = {0, 1} (33)

Let Mmask denote the set of training nodes whose hard-label features are masked
in the current iteration. For each masked node, the classification loss is

ℓi = −
∑

c∈C

yic log
[
Softmax

(
zfinali

)]
c

(34)
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The graph-stage objective is defined as

Lgraph =
1

|Mmask|

∑

i∈Mmask

ℓi. (35)

By computing supervision only over masked training nodes, the graph model learns to
recover target labels from local semantics, LLM-derived soft priors, and class informa-
tion propagated through the semantic neighborhood. The residual formulation further
preserves the discriminative capability of the Stage-1 classifier while allowing global
relational evidence to correct locally ambiguous predictions.

3.3 Prevention of Label Leakage

In graph-based representation learning, label leakage is a critical issue where a node
inappropriately utilizes its own ground-truth label during the neighborhood aggrega-
tion phase to predict itself. To strictly prevent this in our SA-RGLP framework, we
implement a decoupled topological masking mechanism:

• Feature-Only Topology Construction: The graph adjacency matrix A is con-
structed exclusively based on high-order semantic feature similarities (e.g., cosine
similarity of embeddings). It is completely isolated from any label-space information
or external soft labels, preventing structural shortcut learning.

• Masked Node Aggregation: To avoid self-label leakage during message passing,
we apply a stochastic masking strategy during training. Specifically, for training
nodes, a portion of their ground-truth label components in the input feature rep-
resentation is randomly zeroed out or masked according to a predefined ratio. This
forces the model to predict target labels by aggregating neighborhood structural
context and semantic features, while unmasked nodes retain sufficient supervision
signals for parameter optimization via cross-entropy loss.

• Independent LLM Prior Generation: The continuous LLM priors are generated
in a separate inference stage using only the input sentence and the designated target
word, without access to ground-truth labels. Rather than serving as pseudo-labels or
direct supervision targets, these probability distributions are introduced as auxiliary
node features during graph reasoning. For instances without valid LLM outputs, a
label-independent neutral prior is used, thereby preventing gold-label information
from entering the prior-generation process.

3.4 Training Algorithm

The preceding subsections describe the individual components of SA-RGLP, including
local representation learning, LLM soft-prior generation, semantic graph construction,
and residual graph label propagation. To clarify how these components are coor-
dinated during model optimization, Algorithm 1 summarizes the complete training
procedure. Specifically, SA-RGLP follows a sequential two-stage optimization strat-
egy: the first stage learns metaphor-discriminative local representations and initial
predictions, which subsequently provide the semantic basis for graph construction and
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Algorithm 1 Training Procedure of SA-RGLP

Require: Training set Dtr, evaluation set Dev, neighbor number k, similarity threshold τ ,
masking ratio ρ

Ensure: Predicted labels Ŷev

Stage 1: Syntax-Aware Explainable Domain Modeling
1: Initialize the pretrained encoder, POS embeddings, feature-fusion module, and local

classifier
2: while Stage 1 has not converged do
3: Encode each sentence–target-word instance
4: Obtain global, target-word, and word-pair representations hg

i , h
t
i, and hp

i

5: Obtain the POS embedding eposi

6: Fuse hg
i , h

t
i, h

p
i , and eposi to obtain hi

7: Compute local logits zloci

8: Update Stage-1 parameters using Lloc

9: end while

Stage 2: Residual Graph Label Propagation with LLM Soft Priors
10: Freeze the trained Stage-1 representation module
11: Extract hi and zloci for all graph nodes
12: Generate LLM soft priors pLLM

i via structured adversarial prompting
13: Perform within-class feature-space node augmentation
14: Construct the global semantic graph using cosine similarity, k-NN connectivity, and

threshold τ

15: Normalize the graph adjacency matrix to obtain Â
16: while Stage 2 has not converged do
17: Randomly mask a proportion ρ of training-node hard-label features
18: Construct node features xi = [hi; ỹi;p

LLM
i ]

19: Compute graph-based residual corrections ∆Zgraph

20: Compute final logits Zfinal = Zloc +∆Zgraph

21: Update graph parameters using Lgraph on the masked training nodes
22: end while
23: Set all training-node labels as visible and keep evaluation-node label features zero
24: Predict Ŷev = argmax(Zfinal

ev )
25: return Ŷev

relational reasoning in the second stage. The second-stage graph module is optimized
while preserving the learned local representations, allowing global relational evidence
and LLM-derived priors to refine rather than overwrite the local predictions. This pro-
cedure provides a compact algorithmic view of the information flow and parameter
optimization throughout SA-RGLP.
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Table 2 Statistics of the metaphor detection datasets. #Sent. denotes the number of sentences;
#Verb denotes the number of target-verb instances; %Met. denotes the percentage of
metaphorical instances; and Avg. Len. denotes the average sentence length.

Dataset Split #Sent. #Verb %Met. Avg. Len.

MOH-X – 647 647 48.69 8.0

TroFi – 3,737 3,737 43.54 28.3

VUA Verb Train 7,479 15,516 27.90 20.2

VUA Verb Validation 1,541 1,724 26.91 25.0

VUA Verb Test 2,694 5,873 29.98 18.6

4 Experiments

4.1 Datasets and Experimental Settings

4.1.1 Datasets

To comprehensively evaluate the metaphor detection capability of SA-RGLP across
different data scales and corpus settings, we conduct experiments on three widely
used benchmark datasets for English verb metaphor detection: MOH-X, TroFi, and
VUA Verb. These datasets differ substantially in corpus size, sentence length, and
metaphor-class distribution, and their statistics are summarized in Table 2.

MOH-X is derived from the MOH corpus introduced by Mohammad et al. [48],
which annotates metaphoricity for 1,639 WordNet[49] example sentences covering 440
verbs. We adopt its 647-instance subset widely used in subsequent metaphor detec-
tion studies. Given its relatively small size and nearly balanced class distribution,
MOH-X provides a useful benchmark for evaluating model robustness under limited
supervision.

TroFi was introduced by Birke and Sarkar [50] and collects literal and nonliteral
usages of 50 English verbs from the 1987–1989 Wall Street Journal Corpus. Compared
with MOH-X, its instances have considerably longer sentences and richer sentential
contexts, making TroFi suitable for evaluating whether the model can exploit both
local contextual evidence and cross-sample semantic relations.

VUA Verb is the verb-only subset of the VU Amsterdam Metaphor Corpus, cov-
ering multiple registers such as academic writing, news, fiction, and conversation.
The corpus was manually annotated following the MIPVU procedure [16] and used
in the VUA metaphor detection shared task [51]. Compared with MOH-X and TroFi,
VUA Verb is substantially larger and exhibits a more imbalanced class distribution,
thereby providing a more challenging large-scale benchmark for evaluating metaphor
detection under realistic class imbalance.

Data Splitting Protocol. For MOH-X and TroFi, we follow the commonly used
10-fold cross-validation protocol. Each dataset is divided into ten stratified folds. In
each run, nine folds are used for model training and the remaining fold is held out
for evaluation. This process is repeated until every fold has been used once as the
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test fold, and the final performance is reported as the average over all ten runs. For
VUA Verb, we follow its predefined corpus partition. The original test set is retained
for final evaluation, while 10% of the original training data is held out as the validation
set. The resulting training, validation, and test partitions are reported in Table 2. To
ensure reproducibility, the random seeds used for data preprocessing, sampling, and
graph-related stochastic operations are fixed across all experimental runs.

4.1.2 Evaluation Metrics

Evaluation Metrics.

Following widely adopted evaluation protocols in metaphor detection [9, 13, 14], we
evaluate SA-RGLP using Accuracy (Acc.) and the F1-score (F1) as the main perfor-
mance measures, while Precision (P ) and Recall (R) are additionally reported in the
ablation experiments. Accuracy reflects the overall correctness of metaphor and lit-
eral classification, whereas Precision measures the reliability of metaphor predictions
by indicating how many instances predicted as metaphorical are truly metaphorical.
Recall evaluates the model’s ability to recover metaphorical usages and is particu-
larly useful for revealing missed metaphors, while F1 jointly considers Precision and
Recall and therefore provides a more balanced assessment of metaphor recognition
performance.

We regard F1 as the primary evaluation metric, consistent with common practice
in metaphor detection and the VUA metaphor detection shared tasks [51]. This is
particularly important for datasets such as VUA Verb, where metaphorical instances
constitute only a minority of the data, because a model may achieve relatively high
Accuracy by favoring the dominant literal class while still failing to identify many
metaphors. Accordingly, F1 better reflects the balance between false metaphor detec-
tions and missed metaphorical usages, while Precision and Recall are further examined
in the ablation study to clarify how individual components affect these two types of
prediction errors.

4.1.3 Implementation Details

SA-RGLP is implemented using PyTorch v2.9.1 and the Transformers v4.57.3 library.
All experiments are conducted on a computing cluster equipped with eight NVIDIA
A40 GPUs. The overall training schedule contains 15 epochs.

In Stage 1, RoBERTa-base is employed as the pretrained text encoder. The syntax-
aware local metaphor detection model is optimized using AdamW. To balance stable
transfer of pretrained linguistic knowledge with sufficient adaptation of the newly
introduced task-specific components, different learning rates are assigned to the pre-
trained encoder and the task-specific modules. Specifically, the encoder learning rate is
set to 3×10−5, whereas the learning rate of the task-specific modules is set to 3×10−3.

In Stage 2, the instance representations and local classification logits produced by
Stage 1 are used to construct the global semantic graph and initialize RGLP. The
LLM soft priors are generated offline using GLM-4-Flash and remain fixed during
subsequent model training. The number of semantic neighbors is set to k = 5, and
the cosine-similarity threshold for graph construction is set to τ = 0.80. Following the
analysis in Section 4.5, the hard-label masking ratio is fixed at ρ = 0.5.

16



Table 3 Main hyperparameter settings of SA-RGLP.

Configuration or parameter Value

General experimental settings

Deep learning framework PyTorch v2.9.1

Transformer library Transformers v4.57.3

Computing hardware 8 NVIDIA A40 GPUs

Training epochs 15

MOH-X and TroFi evaluation 10-fold cross-validation

VUA Verb evaluation Official data split

LLM for soft-prior generation GLM-4-Flash

Soft-prior generation mode Offline and fixed

Stage 1: Syntax-Aware Local Domain Modeling

Pretrained text encoder RoBERTa-base

Maximum sequence length 160

Batch size 32

Encoder learning rate 3× 10−5

Task-module learning rate 3× 10−3

Optimizer AdamW

Dropout rate 0.5

POS embedding dimension 64

Stage 2: Residual Graph Label Propagation with LLM Soft Priors

with LLM Soft Priors

Number of graph neighbors k 5

Graph similarity threshold τ 0.80

Graph hidden dimension 128

Hard-label masking ratio ρ 0.5

Graph learning rate 0.01

For MOH-X and TroFi, we employ 10-fold cross-validation and report the aver-
age performance across the ten folds. For VUA Verb, we follow the official training,
validation, and test splits. The principal hyperparameter settings are summarized in
Table 3.

4.2 Baseline Models

To comprehensively evaluate SA-RGLP, we compare it with representative metaphor
detection methods covering multi-task learning, linguistically informed pretrained
models, conceptual-domain modeling, and LLM-based reasoning.

MUL GCN [52] employs multi-task learning to transfer knowledge from word sense
disambiguation to metaphor detection with graph convolutional networks. MelBERT
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[8] incorporates the Metaphor Identification Procedure (MIP) [15–17] and Selectional
Preference Violation (SPV) [18, 19] into contextualized representation learning to
capture semantic discrepancies associated with metaphorical usage. MrBERT [9] for-
mulates verb metaphor detection as a relation classification task and models the
relations between the target verb and its grammatical, sentential, and semantic con-
texts. MisNet [10] introduces a linguistically enhanced Siamese network inspired by
MIP and SPV to model the semantic relations between the target word, its basic mean-
ing, and its contextual usage. AdMul [53] adopts adversarial multi-task learning to
transfer knowledge from basic sense discrimination to metaphor detection. BasicBERT
[13] explicitly models the basic meaning of a target word from literal annotations in
the training data and compares it with its contextual meaning for metaphor identi-
fication. WPDM [14], guided by Conceptual Metaphor Theory (CMT) [20], bridges
word-pair-level and token-level metaphor detection by treating word pairs as explain-
able intermediate clues and identifying core word pairs through conceptual-domain
mining based on source–target domain inconsistency.

We further include representative LLM-based methods to evaluate SA-RGLP
against recent knowledge-driven metaphor reasoning approaches. Yang et al. [31] use
ChatGPT to generate literal collocations and subject–object pairs for target verbs
and detect metaphors by analyzing their relations in a shared topic space. TSI [32]
constructs a metaphor-theory knowledge graph and uses theory-guided scaffolding
questions to progressively guide LLM-based metaphor reasoning. DMD [33] guides
LLMs from both implicit and explicit theory-driven perspectives and integrates the
resulting judgments through a self-judgment mechanism.

4.3 Results and Analysis

Table 4 compares SA-RGLP with representative baseline methods on MOH-X, TroFi,
and VUA Verb. All values are reported as percentages. The average results are macro-
averaged across the three datasets and are calculated only for methods with available
results on all three benchmarks. A dash (“–”) denotes an unavailable or unreliably
reproduced result.

On MOH-X, SA-RGLP achieves an Accuracy of 85.00% and an F1 score of 84.77%.
Although these results are lower than those of the GPT-4o-based DMD model, SA-
RGLP outperforms all reported non-LLM supervised baselines. MOH-X contains only
647 instances, resulting in a relatively sparse cross-sample topology. This limited graph
density constrains the amount of complementary relational evidence available during
propagation and helps explain why the improvement is smaller than on the larger
datasets.

On TroFi, SA-RGLP establishes new state-of-the-art results, achieving 76.85%
Accuracy and a 76.50% F1 score. These results exceed the previous best values by 0.55
and 2.77 percentage points, respectively. TroFi contains more instances and longer
contexts than MOH-X, allowing the global graph to form a more informative semantic
topology. Semantically related target-word usages can consequently provide comple-
mentary evidence for ambiguous instances. This result supports the effectiveness of
extending metaphor detection beyond isolated instance-level inference.
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Table 4 Comparison with baseline methods on MOH-X, TroFi, and VUA Verb. All scores are
reported as percentages. Average scores are macro-averaged across the three datasets and are
reported only for methods with available results on all three datasets. Bold and underlined values
indicate the best and second-best results, respectively. A dash (“–”) indicates unavailable or
unreliably reproduced results.

Model Year
MOH-X TroFi VUA Verb Average

Acc. F1 Acc. F1 Acc. F1 Acc. F1

MUL GCN 2020 78.00 78.70 74.70 71.60 81.80 69.60 78.17 73.30

MrBERT 2021 81.90 82.10 76.00 72.90 84.90 74.40 80.93 76.47

MelBERT 2021 77.89 77.88 62.89 62.36 – – – –

MisNet 2022 77.11 77.08 62.67 62.01 86.00 75.90 75.26 71.66

AdMul 2023 79.89 79.74 62.67 60.54 85.20 74.60 75.92 71.63

BasicBERT 2023 79.20 79.90 69.50 69.40 83.00 72.80 77.23 74.03

TSI 2024 82.93 82.59 66.89 66.07 – – – –

Yang et al. 2024 61.20 70.10 45.80 60.10 45.40 50.00 50.80 60.07

WPDM 2024 84.20 83.80 76.30 73.40 84.40 74.10 81.63 77.10

DMD (GPT-4o) 2025 91.53 91.71 70.78 73.73 – – – –

SA-RGLP (Ours) 2026 85.00 84.77 76.85 76.50 84.86 81.83 82.24 81.03

Table 5 Ablation results of SA-RGLP on MOH-X. All scores are reported as percentages.
Bold and underlined values indicate the best and second-best results, respectively.

Configuration Acc. F1 P R

SA-RGLP (Ours) 85.00 84.77 85.19 84.69

w/o LLM Prior 84.37 84.22 84.59 84.28

w/o RGLP 82.20 83.35 79.82 88.28

w/o Syntax-Aware 84.22 83.88 84.50 83.85

On VUA Verb, SA-RGLP achieves a new state-of-the-art F1 score of 81.83%,
exceeding the previous best result by 5.93 percentage points, while maintaining a com-
petitive Accuracy of 84.86%. The substantial F1 improvement indicates more balanced
recognition of metaphorical instances under class imbalance. It also demonstrates that
partially visible human labels and LLM soft priors provide complementary evidence
when propagated through task-specific semantic neighborhoods.

Overall, the results reveal a consistent relationship between graph structure and
model effectiveness. Small datasets restrict relational reasoning because only sparse
cross-sample connections can be formed, whereas larger datasets support a richer
global topology. By integrating local syntax-aware semantics, cross-sample graph prop-
agation, and LLM-derived soft priors, SA-RGLP extends metaphor detection from
isolated instance classification to local–global joint reasoning.

4.4 Ablation Studies

To evaluate the contribution of the principal components of SA-RGLP, we construct
three variants by removing the LLM soft priors, RGLP, and the syntax-aware module,
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Table 6 Ablation results of SA-RGLP on TroFi. All scores are reported as percentages. Bold
and underlined values indicate the best and second-best results, respectively.

Configuration Acc. F1 P R

SA-RGLP (Ours) 76.85 76.50 76.50 76.67

w/o LLM Prior 76.58 76.32 76.24 76.40

w/o RGLP 76.00 72.98 71.82 74.60

w/o Syntax-Aware 76.75 76.40 76.48 76.63

Table 7 Ablation results of SA-RGLP on VUA Verb. All scores are reported as percentages.
Bold and underlined values indicate the best and second-best results, respectively.

Configuration Acc. F1 P R

SA-RGLP (Ours) 84.86 81.83 82.09 81.59

w/o LLM Prior 84.19 81.79 82.88 80.73

w/o RGLP 84.54 74.77 78.43 71.44

w/o Syntax-Aware 84.65 81.47 82.33 80.63

respectively. The corresponding results on MOH-X, TroFi, and VUA Verb are reported
in Tables 5–7.

Overall, the complete SA-RGLP consistently achieves the highest Accuracy and
F1 scores across all three datasets, demonstrating that the three components provide
complementary information for metaphor detection. Among them, removing RGLP
causes the most substantial degradation, whereas removing the syntax-aware module
or LLM soft priors leads to smaller but generally consistent performance decreases. The
detailed Precision and Recall results further reveal that these components influence
not only overall classification performance but also the balance between correctly
identifying metaphorical instances and avoiding false-positive predictions.

MOH-X: As shown in Table 5, the complete SA-RGLP achieves an Accuracy
of 85.00% and an F1 score of 84.77%. Removing RGLP reduces Accuracy by 2.80
percentage points and F1 by 1.42 percentage points, representing the largest degra-
dation among the three variants. Interestingly, the Recall increases from 84.69% to
88.28% after removing RGLP, whereas Precision decreases sharply from 85.19% to
79.82%. This result suggests that, without global relational refinement, the local clas-
sifier becomes more inclined to predict instances as metaphorical, recovering more
positive samples at the cost of substantially more false-positive predictions. RGLP
therefore contributes not only to overall performance but also to maintaining a more
balanced trade-off between Precision and Recall through cross-sample relational evi-
dence. Removing the syntax-aware module decreases Accuracy and F1 by 0.78 and 0.89
percentage points, respectively, indicating that syntactic information provides use-
ful local evidence for constructing metaphor-discriminative representations. Removing
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the LLM soft priors results in smaller reductions of 0.63 points in Accuracy and 0.55
points in F1, showing that the external conceptual knowledge provided by the LLM
offers additional complementary information even on this relatively small and nearly
balanced dataset.

TroFi: Table 6 shows a similar pattern on TroFi, where the full model obtains
76.85% Accuracy and 76.50% F1. Removing RGLP decreases F1 by 3.52 percent-
age points, from 76.50% to 72.98%, while Precision and Recall drop from 76.50%
and 76.67% to 71.82% and 74.60%, respectively. The simultaneous degradation of
Precision and Recall indicates that graph propagation contributes robust relational
evidence rather than merely shifting the classification threshold toward one class.
Compared with MOH-X, the larger performance loss after removing RGLP suggests
that TroFi provides a richer cross-sample semantic structure from which global graph
reasoning can benefit. In contrast, removing the syntax-aware module causes only a
0.10-point decrease in F1, while removing the LLM soft priors reduces F1 by 0.18
points. Although these improvements are relatively modest on TroFi, both compo-
nents consistently improve the complete model, indicating that local syntactic cues and
LLM-derived conceptual priors remain complementary to the dominant graph-based
relational signal.

VUA Verb: The effect of RGLP becomes particularly pronounced on the larger
and more imbalanced VUA Verb dataset, as shown in Table 7. The complete model
achieves an F1 score of 81.83%, whereas removing RGLP reduces it to 74.77%, corre-
sponding to a substantial decrease of 7.06 percentage points. Notably, the Accuracy
decreases by only 0.32 percentage points, from 84.86% to 84.54%, while Recall drops
sharply from 81.59% to 71.44%. This discrepancy between Accuracy and F1 is partic-
ularly informative under class imbalance, because a model can preserve relatively high
overall Accuracy by favoring the majority literal class while failing to identify a con-
siderable proportion of metaphorical instances. The large Recall degradation therefore
demonstrates that RGLP plays an important role in recovering metaphorical samples
by propagating information from semantically related target-word usages. Removing
the syntax-aware module decreases F1 by 0.36 percentage points and primarily affects
Recall, which falls from 81.59% to 80.63%, suggesting that syntactic cues help pre-
serve metaphor-sensitive local representations. Removing the LLM soft priors results
in only a 0.04-point decrease in F1; however, its Precision increases from 82.09% to
82.88% while Recall decreases from 81.59% to 80.73%. This behavior suggests that
the LLM soft prior slightly shifts the model toward recovering additional metaphor-
ical instances, improving the Precision–Recall balance rather than simply increasing
one individual metric.

Taken together, the ablation results reveal a clear functional division among the
three components of SA-RGLP. The syntax-aware module strengthens task-specific
local representations by incorporating syntactic evidence, while the LLM soft pri-
ors provide complementary open-domain conceptual knowledge that helps resolve
semantically ambiguous instances. RGLP contributes the largest performance gains by
organizing independently encoded sentence–target-word usages into a global seman-
tic topology and propagating relational evidence across samples. Its contribution
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Fig. 2 Effect of the hard-label masking ratio ρ

on the Accuracy of SA-RGLP on MOH-X. The
highest Accuracy is achieved at ρ = 0.5.

Fig. 3 Effect of the hard-label masking ratio ρ

on the F1 score of SA-RGLP on MOH-X. The
highest F1 score is achieved at ρ = 0.5.

becomes especially evident on VUA Verb, where the substantial F1 and Recall degra-
dation without RGLP indicates that global relational reasoning is particularly valuable
under larger-scale and class-imbalanced settings. The combination of these components
therefore supports the central design of SA-RGLP, in which reliable local semantic rep-
resentations are progressively complemented by external conceptual priors and global
cross-sample relational information.

4.5 Analysis of the Label Masking Ratio

We further investigate the effect of the hard-label masking ratio ρ on the performance
of SA-RGLP. This parameter controls the proportion of training nodes whose hard-
label features are masked during each graph-training iteration. Figures 2 and 3 present
the variations in Accuracy and F1, respectively, on MOH-X as ρ ranges from 0.1 to 0.9.

A similar trend is observed for the F1 score in Fig. 3. SA-RGLP achieves its highest
F1 score of 84.77% at ρ = 0.5. A moderate masking ratio provides a more effective
balance between label-recovery supervision and visible class information. Specifically,
it masks a sufficient number of nodes to encourage the graph model to infer labels from
semantic neighborhoods, while retaining enough labeled nodes to support class-level
information propagation.

Based on these results, we use ρ = 0.5 as the default hard-label masking ratio in
all reported experiments.

4.6 Effect of Different LLM Prior Forms

To evaluate the utility of LLM information and compare continuous distributions with
discrete pseudo-labels, we examine different LLM prior forms on MOH-X. Keeping all
Stage-1 representations, graph structures, and RGLP parameters identical, we vary
only the two-dimensional prior features: No LLM Prior assigns the zero vector [0, 0];
Uniform Prior uses the class-neutral distribution [0.5, 0.5]; Hard Pseudo-Label

thresholds LLM metaphor probabilities into discrete one-hot labels; and Continuous

Soft Prior retains the complete distribution [1−pmet
i , pmet

i ]. The results are presented
in Table 8.
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Table 8 Comparison of different LLM prior forms on MOH-X. All scores are reported as
percentages. Bold and underlined values indicate the best and second-best results, respectively.

LLM Prior Form Acc. F1 P R

No LLM Prior 84.85 84.63 85.02 84.56

Uniform Prior 84.85 84.63 85.02 84.56

Hard Pseudo-Label 83.75 83.56 83.98 83.69

Continuous Soft Prior(ours) 85.00 84.77 85.19 84.69

As shown in Table 8, No LLM Prior and Uniform Prior yield identical results,
both achieving an F1 score of 84.63%. This observation indicates that assigning
the same uniform probability distribution to all samples does not provide effective
sample-specific discriminative information. In other words, model performance does
not improve merely by adding a two-dimensional prior feature; the effectiveness of
LLM priors depends on whether they provide differentiated semantic judgments for
specific target-word usages.

When the continuous probabilities are discretized into Hard Pseudo-Labels, the
F1 score decreases to 83.56%, which is 1.21 percentage points lower than that of Con-

tinuous Soft Prior. Accuracy, Precision, and Recall also decrease by 1.25, 1.21, and
1.00 percentage points, respectively. These results suggest that compressing an LLM
judgment into a single class discards its relative confidence in literal and metaphorical
interpretations and may introduce uncertain or incorrect judgments into graph propa-
gation as deterministic labels. By contrast, Continuous Soft Prior achieves the best
overall performance, exceeding both No LLM Prior and Uniform Prior by 0.14
percentage points in F1. Although the improvement is modest, retaining continuous
probabilities avoids the substantial degradation caused by discrete pseudo-labels. This
finding indicates that treating LLM outputs as soft conceptual preferences, rather than
deterministic class supervision, is more suitable for integration with local semantic
representations and cross-sample graph relations.

Therefore, these results do not imply that LLM priors independently dominate
model predictions. Instead, they demonstrate that continuous soft priors provide exter-
nal conceptual knowledge in a more robust manner, whereas hard pseudo-labels may
amplify noise in LLM judgments and interfere with the original local semantic and
graph relational information.

4.7 Effect of Different LLM Backbones

To examine whether the effectiveness of SA-RGLP depends strongly on the LLM
used for soft-prior generation, we further compare two different LLM backbones
under the same experimental setting. Specifically, we use the locally deployed Llama-
3.1-8B-Instruct and the API-based GLM-4-Flash to generate continuous metaphor
probabilities, while keeping all other components and hyperparameters unchanged.
The results are reported in Table 9.
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Table 9 Performance with different LLMs for soft-prior
generation.

LLM Acc. F1 P R

Llama-3.1-8B-Instruct 84.85 84.63 85.02 84.56

GLM-4-Flash 85.00 84.77 85.19 84.69

As shown in Table 9, both LLMs provide effective soft priors for SA-RGLP, with
only minor differences in downstream performance. GLM-4-Flash achieves the best
results across all four metrics, improving Accuracy and F1 by approximately 0.15 per-
centage points over Llama-3.1-8B-Instruct, together with gains of 0.17 and 0.14 points
in Precision and Recall, respectively. Nevertheless, the relatively small performance
gap indicates that SA-RGLP is not highly sensitive to a particular LLM backbone.
Even the locally deployed Llama-3.1-8B-Instruct produces competitive results, sug-
gesting that the proposed framework can effectively exploit continuous conceptual
priors from LLMs with different deployment settings and capacities. We therefore use
GLM-4-Flash in the main experiments due to its slightly better and more consistent
performance.

4.8 Case Study

To qualitatively demonstrate the internal execution mechanism of our proposed SA-
RGLP framework, we present a step-by-step case study in Table 10. Instead of merely
comparing isolated features, this analysis illustrates how the framework dynami-
cally processes a complex instance through successive reasoning stages, progressively
mitigating semantic ambiguity via its specialized modules.

By tracing a representative target word from its initial ambiguous state to its final
classification, we can observe the distinct contributions of syntax-aware incongruity
modeling, LLM-derived soft priors, and global graph propagation, as well as their
complementary roles in refining the final prediction.

As shown in Table 10, the traditional baseline struggles due to the lack of cross-
sample relational context. However, as the instance progresses through the SA-RGLP
pipeline, local conceptual conflicts are first identified, followed by the injection of
LLM soft priors. Finally, RGLP resolves the remaining ambiguity by situating the
usage within a broader semantic topology, producing a more confident and accurate
prediction.

5 Limitations and Future Work

Although the framework we proposed demonstrated strong performance in the
benchmark tests, there are still some limitations, as follows:
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Table 10 Qualitative case study illustrating the step-by-step reasoning process of SA-RGLP.

Component Content / Action

Input Text “The students grasped the concept quickly.”

Target Element Target Word: grasped Contextual Interaction: grasped ↔ concept

Ground Truth Metaphorical Usage

1. Stage-1
Prediction

Top-1 Prediction: Literal Usage (P = 0.58)
Top-2 Prediction: Metaphorical Usage (P = 0.42)
Status: The local classifier relies solely on contextual evidence and predicts
the instance independently, resulting in an uncertain literal prediction.

2. Syntax-Aware
Modeling

Action: POS-aware contextual modeling identifies the conceptual incongruity
between the physical action expressed by grasped and the abstract object
concept.
Explainable Clue: The core word pair grasped ↔ concept reveals a
source–target conceptual-domain mismatch that provides explicit evidence for
metaphor reasoning.

3. LLM Soft Priors Action: Structured adversarial prompting guides the LLM to distinguish
between a cross-domain metaphorical mapping and a literal or conventional
polysemous interpretation.
Output: The LLM soft prior is

p
LLM

= [0.25, 0.75],

where the two dimensions correspond to literal and metaphorical
interpretations, respectively. The distribution indicates a stronger preference
for the metaphorical interpretation.

4. Global Graph
Propagation

Node Representation: Stage-1 representation + visible label information +
LLM soft prior.
Retrieved Neighbor: “The child grasped the rope firmly.” (Literal;
similarity = 0.12).
Action: RGLP aggregates cross-sample semantic evidence and produces an
incremental correction to the local classification result.

5. Final Fusion Residual Fusion: The graph-derived relational correction is added to the
local prediction, reducing the ambiguity of the original instance-level decision.
Final Output: Metaphorical Usage (correct prediction).

Limitations in Data-Scarce Scenarios.

The SA-RGLP framework is primarily designed to leverage the rich semantic relations
found in adequately sized datasets, where its global topology thrives. Consequently,
a natural limitation arises in highly constrained data-scarce scenarios. As observed
on the smaller MOH-X dataset, when the available instances are highly limited, the
cross-sample semantic relations become inherently sparse. While the model maintains
robust performance and outperforms traditional supervised baselines, this sparsity
restricts the full potential of the GLP module, making it less advantageous compared
to few-shot generative baselines powered by massive LLMs. To extend the framework’s
applicability to extreme low-resource scenarios, future work could explore dynamic
graph densification strategies. For instance, incorporating external structured knowl-
edge graphs or cross-dataset anchor nodes could help bridge isolated instances when
intra-dataset relations are sparse. Additionally, introducing an adaptive weighting
mechanism would allow the framework to dynamically rely more heavily on local
syntax-aware representations and LLM soft priors when global semantic edges are
insufficient.
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Limitations in Cross-Lingual and Cross-Cultural Transfer.

The current experiments are mainly conducted on English benchmark datasets, and
metaphorical expressions in cross-lingual and cross-cultural contexts have not been
sufficiently evaluated. Because metaphors are deeply associated with cultural expe-
rience, social context, and language-specific conventions, the transferability of the
current findings to other linguistic environments requires more fine-grained investi-
gation. Future work may conduct systematic experiments on multilingual datasets
and incorporate language-specific knowledge resources and cultural-semantic align-
ment strategies to progressively improve the generalization ability of SA-RGLP in
cross-lingual metaphor detection.

6 Conclusion

This work presents SA-RGLP, a metaphor detection framework designed to address
the limitations of existing methods in local semantic modeling, cross-sample rela-
tion utilization, and open-domain knowledge integration. SA-RGLP first employs a
syntax-aware local semantic modeling module to jointly capture target-word contex-
tual information, conceptual-domain incongruity, and syntactic features, producing
linguistically interpretable instance-level representations. It then incorporates contin-
uous LLM soft priors and uses RGLP to integrate local semantic representations,
partially visible label information, and open-domain conceptual knowledge within a
unified global semantic space. This design extends metaphor detection from single-
instance classification to cross-sample relational reasoning. Experiments on three
widely used metaphor detection benchmarks, MOH-X, TroFi, and VUA Verb, demon-
strate that SA-RGLP achieves competitive overall performance and state-of-the-art
results on TroFi and VUA Verb. Further ablation studies verify the effectiveness of
the syntax-aware representations, LLM soft priors, and RGLP module. Among these
components, GLP produces the most substantial performance improvements across
multiple datasets, indicating that latent semantic relations among target-word usages
effectively compensate for the limitations of conventional instance-level classifiers that
rely only on local contextual information. Meanwhile, LLM soft priors provide addi-
tional open-domain conceptual knowledge, enabling the model to better handle the
semantic ambiguity prevalent in metaphorical expressions. Overall, this work explores
a new paradigm for metaphor detection by combining task-specific semantic represen-
tations, external knowledge from LLMs, and global relational reasoning. It extends
metaphor identification from local semantic conflict detection to joint reasoning over
multiple sources of cognitive evidence. Future work will investigate more fine-grained
modeling of conceptual-domain relations and explore the application of multimodal
LLMs and dynamic knowledge graph structures to complex metaphor understand-
ing, with the aim of further improving generalization to metaphorical expressions in
open-domain contexts.
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