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Abstract

Understanding multimodal metaphors represents a crucial
pathway for machines to comprehend human cognition.
However, current research remains constrained by superfi-
cial dataset annotations, insufficient systematic evaluation
of large language models, and fragmented task frameworks.
To bridge these gaps, the paper proposes a systematic solu-
tion featuring: (I) We present the largest fine-grained Multi-
task Multimodal Metaphor Understanding Challenge Dataset
(M2UCD) built via multi-perspective collaborative annota-
tion. It contains 15,345 samples, each annotated with 12 man-
ual attribute labels. (II) Systematic benchmarking of LLMs’
capacity boundaries in metaphor understanding. Evaluation
results reveal the persistent challenges LLMs face in this do-
main while validating M3UCD’s effectiveness and potential.
(IIT) A concise and unified multi-task baseline framework was
developed and demonstrated its effectiveness in enhancing
the metaphor understanding capabilities of MLLMs.

Datasets — https://github.com/DragonReed/M3UCD

Introduction

Metaphor, as a cognitive cornerstone of human thought
expression, pervasively manifests in daily communication
(Riggs 2024), artistic works (Dimova 2024), and multimodal
scenarios (Jahameh and Zibin 2023). It operates through sys-
tematic mappings from source domains (vehicles) to target
domains (tenors) (Lakoff and Johnson 2020, 2008), essen-
tially enabling the concretization of abstract concepts via
cross-domain conceptual projections. Traditional metaphor
studies (Song et al. 2021; Zhang and Liu 2022; Tian et al.
2023; Reimann and Scheffler 2024) predominantly focus on
unimodal textual paradigms, where linguistic symbols solely
mediate conceptual mappings. However, the proliferation of
multimodal metaphors constructed through the synergy of
visual and linguistic symbols on digital platforms not only
amplifies the rhetorical impact of information delivery but
also introduces novel challenges for machines in compre-
hending human cognition.

Recent years have witnessed a paradigm shift in metaphor
understanding research from unimodal to multimodal ap-
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Text: If there's so much similarity, why is there
| so little care?
/é « Metaphor Occurrence: True
W < Metaphor Categories: Image
2 Source Domain: Leaves of trees
¢ Source Modality: Image
«» Target Domain: Hair
< Target Modality: Image

IF THERE'S
S0 MUCH;
SIMILARITY,

WHY IS THERE
$0 LITTLE CARE?

» Humor: False
» Sarcasm: True
> Hyperbole: True

Figure 1: Samples from the M3UCD with 12 manual labels.

proaches. A series of multimodal metaphor detection
datasets such as MultiMET (Zhang et al. 2021b), MET-
Meme (Xu et al. 2022), and FigMemes (Liu et al. 2022)
have been successively constructed, accompanied by corre-
sponding cross-modal metaphor detection models (Su et al.
2021; He et al. 2024b,a; Zhang et al. 2024, 2025b; Yang
et al. 2025a), achieving substantial progress in both data
construction and algorithmic innovation. Nevertheless, cur-
rent research still confronts multiple bottlenecks:

(1) Datasets with limited annotation dimensions, lacking
deep semantic orientation and pragmatic figurativeness an-
notations related to metaphors, which hinders fine-grained
metaphor analysis.

(2) Absence of systematic evaluation on LLMs’ per-
formance in multimodal metaphor understanding (MMU)
tasks, coupled with the lack of fine-grained evaluation
benchmarks for assessing LLMs in this domain.

(3) Imperfect task construction for MMU, where current
research remains confined to basic detection tasks with-
out delving into semantic orientation and pragmatic figura-
tiveness in metaphorical mapping processes, nor establish-
ing standardized paradigms for critical subtasks like target/-
source domain extraction (tenor/vehicle extraction).

To tackle the aforementioned issues, this paper intro-
duces a Multi-task Multimodal Metaphor Understanding
Challenge Dataset' (M2UCD), with sample illustrations
presented in Figure 1. We systematically evaluate the per-
formance of LLMs on fine-grained MMU, while extending

'Disclaimer: M®UCD contains samples with potentially sensi-
tive content (e.g., sarcasm, offensiveness, fake news, cultural refer-
ences).



Metaphor Dataset ~ Sample Size (%eMetaphor) Modality Data Source Annotation Language

TroFi [D1] 3,737 (43.5%) Text Wall Street Journal Corpus Metaphor English

VUA All [D2] 10,488 (11.6%) Text VU Amsterdam Metaphor Corpus Metaphor English

MOH-X [D3] 647 (48.7%) Text WordNet Metaphor English
CMDAG [D4] 27,989 (100%) Text Chinese literary sources Metaphor Chinese
META-ZH [D5] 5,491 (92.8%) Text Conference on Computational Linguistics Metaphor Chinese

VMCD [D6] 2,115 (33.3%) Video Adv Metaphor English

Ring That Bell [D7] 27 (6%) Video & Audio Social media Metaphor English
MetaCLUE [D8] 5,061 (100%) Image Adv Metaphor English
MultiMET [D9] 10,437 (58%) Text, Image Social media, Adv Metaphor, Semantic English
MET-Meme [D10] 10,045 (34%) Text, Image Social media Metaphor, Semantic Chinese, English
MultiCMET [D11] 13,820 (45.6%) Text, Image Search engine, Adv Metaphor Chinese
FigMemes [D12] 5,141 (20.4%) Text, Image 4chan Figurative English

CM3D [D13] 6,108 (100%) Text, Image Search engine, Adv Metaphor Chinese
CII-Bench [D14] 698 (80.5%) Text, Image Illustration web Rhetorical Chinese
MultiMM [D15] 8461 (56.4%) Text, Image Adv Metaphor, Semantic Chinese, English
EmoMeta [D16] 5000 (100%) Text, Image Search engine, Adv Metaphor, Semantic Chinese
M3UCD (Ours) 15,345 (61.9%) Text, Image Social media, Search engine, Adv, Artwork Metaphor, Semantic, Figurative Chinese, English

Table 1: A comparison between the M3UCD and existing metaphor datasets. Dataset references: [D1] (Birke and Sarkar
2006, 2007); [D2] (Steen et al. 2010); [D3] (Mohammad, Shutova, and Turney 2016); [D4] (Shao et al. 2024); [D5] (Zheng
et al. 2025b); [D6] (Rajakumar Kalarani, Bhattacharyya, and Shekhar 2024); [D7] (Alnajjar, Himéldinen, and Zhang 2022);
[D8] (Akula et al. 2023); [D9] (Zhang et al. 2021b); [D10] (Xu et al. 2022); [D11] (Zhang et al. 2023); [D12] (Liu et al. 2022);
[D13] (Zhang et al. 2025c); [D14] (Zhang et al. 2025a); [D15] (Yang et al. 2025b); [D16] (Lu et al. 2025).

the research scope to metaphor-rich semantic orientation (in-
cluding emotion analysis, offensiveness detection, and in-
tention recognition), pragmatic figurativeness analysis (in-
cluding humor, sarcasm, and hyperbole detection) and gen-
erative tasks such as tenor/vehicle extraction. Furthermore,
we developed a concise and unified multi-task baseline that
effectively enhances the metaphor understanding capabili-
ties of multimodal large language models (MLLMs). The
principal contributions are threefold:

(1) Dataset: We present the largest and most richly an-
notated fine-grained multi-task MMU dataset, as illustrated
in Table 1, featuring manual annotations across multiple di-
mensions: metaphor occurrence/categories, semantic orien-
tation, pragmatic figurativeness, and tenors/vehicles. Rigor-
ous quality control through annotation guidelines and inter-
annotator agreement analysis ensures dataset reliability.

(2) LLMs Benchmarking: We conduct systematic evalua-
tion of LLMs’ capabilities on fine-grained metaphor under-
standing. Benchmark results across various LLMs demon-
strate M3UCD’s potential and generalizability, establishing
valuable references for future MMU research.

(3) Task and Framework Formulation: Beyond extend-
ing semantic orientation and pragmatic figurativeness anal-
ysis tasks inherent to metaphor-rich, we formalize the novel
task of tenor/vehicle extraction in MMU and introduce a uni-
fied Multi-task Collaborative Learning Framework (MCLF)
to enhance the metaphor understanding of MLLMs.

M3UCD Overview
Data Collection and Filter

The construction of M?UCD rigorously adheres to mul-
tiple principles including multi-source collection, privacy-
first governance, and quality control protocols, aiming to
establish a high-quality benchmark for systematically eval-
uating MMU capabilities of LLMs across diverse tasks.
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Publicly available data were collected from social me-
dia platforms (e.g., rednote), advertising repositories (e.g.,
ZCOOL), search engines (e.g., Bing, Baidu), and artistic
competition archives (e.g., National Public Service Adver-
tising Competition). To ensure textual accuracy and image
quality, WeChat optical character recognition (OCR) was
employed to extract textual elements from images for multi-
modal source text integration, complemented by manual cor-
rection of erroneous/repetitive texts and removal of blurred
images. Throughout this process, strict privacy preservation
protocols were enforced, with real-time anonymization of
personally identifiable information (PII) including user IDs,
pseudonyms, and geolocation data, while abstaining from
persistent storage of any private user data. The statistical
profile of M?3UCD is summarized in Table 2, with the data
split into Train, Valid, and Test sets at a ratio of 7:1:2.

Item Train Valid Test Total
Metaphorical Samples 6,612 953 1,937 9,502
Literal Samples 4,129 582 1,132 5,843
Total Samples 10,741 1,535 3,069 15,345
Metaphorical Words 123,179 17,980 36,155 177,314
Literal Words 81,487 11,757 22,514 115,758
Total Words 204,666 29,737 58,669 293,072
Metaphorical Avg Words 18.63 18.87 18.67 18.66
Literal Avg Words 19.74 20.20 19.89 19.81
Total Avg Words 19.05 19.37 19.12 19.10

Table 2: The statistical profile of M2UCD.

Data Annotation and Quality Control

To ensure the quality of dataset annotation, we implemented
a rigorous annotation protocol. Prior to annotation, all anno-
tators (carefully selected Natural Language Processing grad-
uate students) underwent systematic training and assess-
ment on metaphor cognitive theory and multimodal annota-
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Figure 2: The annotation pipeline with the M3UCD.

tion guidelines. The annotation process employed a multi-
annotator, multi-group approach with kappa score, k, in
Fleiss’ Kappa Tests (Fleiss 1971) to evaluate quality control.
As illustrated in Figure 2, the annotation pipeline comprises
three core components: (I) Metaphor annotation (metaphor
occurrence, source/target domain & modality, metaphor cat-
egories); (II) Semantic orientation annotation (emotion anal-
ysis, offensiveness level, intention recognition); (III) Prag-
matic figurativeness annotation (humor, sarcasm, hyperbole
detection). Comprehensive annotation guidelines (see Sup-
plementary Material in Datasets URL) were established with
strict definitions and selection criteria for each annotation
category, including detailed explanations and exemplars.
During pilot annotation, we iteratively refined the guide-
lines to ensure clarity and comprehensiveness before full-
scale deployment. Discrepancies in annotations were re-
solved through multiple rounds of adjudication discussions,
with majority voting employed when consensus remained
unattainable, thereby enhancing annotation congruity and
accuracy. All annotators received fair market-rate compen-
sation throughout the process. The Fleiss’ Kappa scores pre-
sented in Table 3 (k € [0.695, 0.965]) demonstrate satisfac-
tory inter-group agreement, indicating reliable annotation
procedures.

Hyper-  ¢... pu. Inten- Offen-  Emo- Meta-

Item bole casm  mor tion  siveness tion  phor
Group 1&2  0.841 0934 0.794 0.729 0870 0.795 0.859
Group 2&3  0.881 0.964 0871 0.767 0.882  0.965 0.845
Group 1&3  0.876  0.934 0.783  0.695 0.867  0.761 0.847

Table 3: Fleiss’ Kappa score(k) on different annotation tasks.
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Dataset Analysis

The statistical distribution of multi-task labels in M2UCD is
visualized in Figure 3, revealing the label distribution pat-
terns across different tasks in MMU.

Metaphor Analysis To further investigate the distribu-
tional characteristics of multimodal metaphors, we con-
ducted a meticulous analysis of textual and visual modality
functions in metaphor understanding. As shown in Figure
3(a), the distribution of metaphor categories, source domain
modality, and target domain modality exhibits two key pat-
terns: (I) complementary metaphors (58.36%), where both
modalities collaboratively contribute, dominate the distribu-
tion; (II) visually dominant (26.67%) and textually domi-
nant (14.98%) metaphors follow in prevalence. This hier-
archy suggests MMU relies on synergistic interactions be-
tween textual and visual information. Notably, significant
discrepancies exist in modality distributions between source
and target domains: visual modality dominates in the source
domain (54.34%), while complementary patterns remain
predominant in the target domain (42.83%). This distribu-
tion pattern reflects inherent cognitive preferences in human
metaphor expression - a propensity for employing visual
modality to convey vehicles, whereas understanding tenors
requires multimodal information integration.

Semantic Orientation Analysis The metaphor-rich se-
mantic orientation analysis comprises three core compo-
nents: emotion analysis, offensiveness detection, and inten-
tion recognition. As shown in Figure 3(b), the semantic
orientation distribution of M3UCD is imbalanced. Specifi-
cally, in the emotion dimension, negative emotions (Sorrow
3.94%, Fear 5.97%, Hate 4.21%) are less prevalent than pos-
itive and neutral emotions; in the intent dimension, Expres-
sive (27.03%) and Entertaining (37.45%) intents dominate;
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Figure 3: The distribution of labels for M®UCD in the ring diagram.

and in the offensiveness dimension, No_offensive samples
account for the majority (80.23%). This pattern mainly re-
flects the effective content moderation mechanisms in on-
line communities and is considered a faithful representation
of the real world online (Wang et al. 2023), indirectly vali-
dating M3UCD as a robust simulation of practical scenarios.

Pragmatic Figurativeness Analysis The metaphor-rich
pragmatic figurativeness analysis primarily encompasses
humor, sarcasm, and hyperbole detection. As shown in Fig-
ure 3(c), the sarcasm distribution in the M3UCD pragmatic
figurativeness resembles the offensiveness dimension. Sim-
ilarly to the metaphor dimension, Humor (58.53%) and Hy-
perbole (59.88%) categories have higher proportions than
Non_humor (41.47%) and Non_hyperbole (40.12%). This
correlational pattern suggests the co-occurrence tendency
between metaphor expressions and humor/hyperbole figura-
tiveness, indicating that metaphors often compound multiple
pragmatic functions during information transmission. These
findings provide empirical support for developing a multi-
modal collaborative learning framework.

Task and Framework Formulation
Task Formulation

For the systematic evaluation of metaphor understanding
and reasoning capabilities in LLMs, our research establishes
12 metaphor-related tasks through M3UCD, primarily cate-
gorized into three types: metaphor reasoning, metaphor-rich
semantic orientation, and metaphor-rich pragmatic figura-
tiveness tasks.

The metaphor reasoning tasks comprise six subtasks:
metaphor detection (2-class), source/target domain detection
(3-class), metaphor classification (3-class), and tenor/vehi-
cle extraction. Notably, the extraction of tenor/vehicle pairs
adopts a generative approach evaluated using BERTScore
(Zhang et al. 2019). The metaphor-rich semantic orienta-
tion tasks involve three subtasks: emotion analysis (7-class),
offensiveness detection (3-class), and intention recogni-
tion (5-class), designed to assess LLMs’ understanding
of metaphorical semantics. The metaphor-rich pragmatic
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figurativeness tasks consist of three binary classification
tasks: humor detection, sarcasm detection, and hyperbole
detection, focusing on evaluating LLMs’ understanding of
metaphors with specific pragmatic functions.

Multi-task Collaborative Learning Framework (MCLF)
Furthermore, to enhance MLLMs’ metaphor understanding,
this study proposes a concise and unified baseline frame-
work—MCLEF, as illustrated in Figure 4.

Specifically, we define a multi-task learning setup
comprising 7 metaphor-related tasks. Let D®)

{(xi,pgt),ygt))}f\gl be the data corresponding to task ¢,
where z; = (I;,T;) denotes a multimodal input consisting
(t)

is its corresponding label or target.

of an image-text pair, p
()
Each task uses a head f(gfz Ap On top of a frozen base MLLM
with parameters 6; only the low-rank adaptation parameters
A6 (LoRA; (Hu et al. 2021)) are trainable.

The training objective aggregates task-wise expected
losses with equal weights (\; = 1):

)]

T
Etotal = Z)\t E(w“p‘ ,y(”)
t=1
(D

~D®)
where £(*) denotes the loss function associated with task ¢.
We adopt per-task losses with a piecewise definition; clas-
sification tasks use cross-entropy and generation tasks use a
masked autoregressive language-model loss.

The MCLEF is trained by optimizing the total loss with re-
spect to the LoRA parameters, i.e., minag Lo, While keep-
ing the base model parameters 6 frozen. The framework sup-
ports a unified optimization strategy for both classification
and generation-based MMU tasks across multi-task setting.

is the natural language prompt
guiding task ¢, and y

®

(24, P’ (t)

[ﬁ(t)(féi)ae )s Y;

Experiments

Benchmarking research evaluates both advanced open-
source and closed-source LLMs. The open-source
LLMs (Parameter size: 1B-76B) primarily include
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Figure 4: The multi-task collaborative learning framework.

InternVL2-1B/2B/4B/8B/26B/40B (Chen et al. 2024),
ChatGLM3-6B-Base (Du et al. 2022), InternLMZ2.5-
7B-Chat, LLaMA3-8B-Instruct, LLaMA3.1-8B-Instruct,
Llama-3.2-11B-Vision-Instruct (AI@Meta 2024; Grattafiori
et al. 2024), MiniCPM3-4B-Chat (Hu et al. 2024),
LLaVA1.5-7B-Chat, LLaVA1.5-13B-Chat (Liu et al.
2024a), Qwen2-VL-7B-Instruct (Wang et al. 2024b),
LLaVA-NeXT-7B-Chat, LLaVA-NeXT-13B-Chat (Li et al.
2024), Qwen2.5-VL-3B-Instruct, Qwen2.5-VL-7B-Instruct
(Bai et al. 2025), Qwen2-VL-72B-Instruct (Wang et al.
2024b), and InternVL2-Llama3-76B (Chen et al. 2024). The
closed-source LLMs encompass GPT-3.5-turbo (Achiam
et al. 2023), GLM-4V-Plus (GLM et al. 2024), GPT-40
(Hurst et al. 2024), Gemini-1.5 Pro (Team et al. 2023),
Claude-3.5-Sonnet (Anthropic 2024), o03-mini (OpenAl
2025b), and Claude-3-7-Sonnet-Thinking (Anthropic 2025),
GPT-4.1 (OpenAI 2025a), and Gemini-2.5-flash-preview
(Google DeepMind 2025). Furthermore, we have addi-
tionally conducted training and evaluation experiments
on traditional Pre-trained Models (PTMs). These baseline
models include Bi-LSTM (Yu et al. 2019), BERT (Devlin
et al. 2018), ResNet50 (He et al. 2016), ViT (Dosovitskiy
et al. 2020), MAE (He et al. 2022), DeiT (Touvron et al.
2021), SwinT (Liu et al. 2021), CLIP (Radford et al. 2021)
and FLAVA (Singh et al. 2022) architectures. LoRA and
MCLF were trained using the LLamaFactory (Zheng et al.
2024) framework under identical settings on 8x NVIDIA
A100-80GB GPUs: 10 epochs, batch size 4, maximum
sequence length 8192, learning rate Se-5 with a cosine-
annealing scheduler, maximum gradient norm 1, low-rank
matrix dimension 8, and a weight-update ratio of 16.

Metaphor Understanding Explorations

To systematically delineate the capability boundaries of
LLMs in MMU tasks, our metaphor understanding explo-
rations encompasses the following research questions and
experimental investigations:
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Question I: To what extent are LLMs capable of metaphor
detection and understanding (No LoRA and MCLF)?

Answer I: As evidenced in Tables 4 and 5, no one
LLM demonstrates overall dominant superiority in MMU
task. For metaphor detection, GPT-40 and 03-mini achieve
optimal performance with accuracy and macro-F1 scores
of 71.27% and 63.34% respectively. In tenor/vehicle ex-
traction, GPT-40 and Gemini-1.5 Pro attain the highest
BERTScore F1 values of 60.91% and 61.85%. Regard-
ing source/target domain detection, although InternVL2-
40B (Acc. 49.48%/44.84%), Gemini-1.5 Pro (macro-F1
42.24%), and 03-mini (macro-F1 36.62%) achieve the best
performance, our analysis reveals that LLMs struggle to
accurately identify the modality of tenors/vehicles. Addi-
tionally, the extraction task results in Table 5 demonstrate
that dual extraction of both tenor and vehicle yields higher
BERTScore F1 values compared to individual extraction,
suggesting that LLMs tend to confuse these components
during detection processes.

Question II: Do LoRA fine-tuning LLMs exhibit superior
performance over traditional PTMs in MMU tasks?

Answer II: Not necessarily. As evidenced by Table
4, LoRA fine-tuning LLMs exhibit superior performance
compared to traditional PTMs son metaphor detection,
metaphor-rich emotion analysis, offensiveness detection,
and pragmatic figurativeness tasks. However, PTMs out-
perform LoRA fine-tuning LLMs in MMU tasks including
metaphor-rich intention recognition, source/target domain
detection, and metaphor classification.

Question III: Does LoRA fine-tuning lead to substantial
improvements in downstream MMU tasks for MLLMs?

Answer III: Yes. As quantitatively demonstrated in Ta-
bles 4 and 5, LoRA fine-tuning substantially enhances
MLLMs’ downstream metaphor understanding capabilities.
In the tenor/vehicle extraction tasks, LoRA fine-tuning
MLLMs with 3B-11B parameters outperform advanced
closed-source MLLMs. This performance superiority ex-



Metaphor-rich Semantic
Orientation Tasks

Metaphor-rich Pragmatic
Figurativeness Tasks

Metaphor Reasoning
Tasks (Detection Subtasks)

Type  |Model EA OD IR HumorD SD HyperD MD SDD TDD MC
Acc. FIl. |Acc. Fl. |Acc. FI. |Acc. FI. |Acc. FI. |Acc. Fl. |Acc. FIl. |Acc. FI. |Acc. FI. |Acc. FI.
Random 14.04 11.30|33.52 25.39{19.35 17.33]50.85 50.79{50.98 44.99|50.29 49.89|50.49 49.56|30.65 29.15|31.79 31.59(34.98 32.42
Bi-LSTM 48.53 41.97|82.80 47.67(53.03 46.04|72.64 70.09(87.88 77.60|76.29 74.91|74.14 69.83|63.73 56.38|53.35 52.57|65.17 58.14
BERT 51.07 43.92|84.63 59.46|57.46 51.34|76.38 75.60(88.57 80.79|79.09 77.68|78.47 76.99|68.63 61.28|58.88 57.87|67.49 63.81
ResNet50 40.39 28.94|75.34 48.43|40.26 34.77|69.32 67.79(80.46 71.18|77.49 76.15|69.77 67.08|53.30 47.85|47.01 44.92|56.50 47.23
ViT 37.79 20.10(81.14 42.15|41.40 29.11{70.55 67.07|80.91 68.69|74.40 73.89|70.68 68.38|57.07 45.90|45.36 42.76|58.31 49.33
PTMs |[MAE 37.39 24.96|70.09 43.52|42.21 28.82{69.54 65.27|80.62 66.79(73.71 72.79|70.29 65.56|56.86 48.67|46.39 43.12|60.63 43.84
DeiT 41.34 30.97|80.26 51.65|45.18 35.06|70.98 70.25|84.63 68.52(74.04 73.81|72.31 69.16|55.37 49.00|50.00 47.89|60.22 49.95
SwinT 40.20 26.19|80.94 48.33|44.07 32.78|71.73 70.42{82.54 73.14|76.09 75.42|70.52 69.74|60.58 49.60|50.05 43.19(62.28 49.73
CLIP 53.49 44.69|84.98 60.45[59.77 54.20|76.78 75.97(89.64 82.78|79.58 78.66|77.20 75.29|66.77 62.44/58.93 58.77|67.65 63.15
FLAVA 38.53 23.11(82.67 43.10|46.22 29.01{67.59 66.24(83.94 69.38|70.68 68.26(69.87 66.75|56.19 36.65|47.47 42.63|59.55 24.88
ChatGLM3-6B-Base 30.39 11.57|73.88 35.67|16.19 12.83]60.00 52.64[47.46 44.64|55.57 50.32|61.92 46.05|20.59 14.49|32.30 19.85[17.65 14.16
LLaMA3-8B-Instruct 22.38 15.97|69.54 40.20{28.66 11.67|60.33 54.84(54.69 49.79|53.97 52.10/60.52 50.81|21.21 20.02|34.93 28.26|33.28 25.86
LLMs InternLM2.5-7B-Chat 35.21 19.95|79.28 41.50(26.84 21.06|57.23 56.80(67.04 56.29|53.45 53.02|58.66 54.28|18.68 12.08]32.97 18.74/15.94 10.02
LLaMA3.1-8B-Instruct 30.62 10.59|71.07 33.73|14.95 7.83 |58.89 42.36|21.89 20.48|58.60 41.93|61.76 42.91|19.56 14.60|33.38 21.78|18.94 13.64
MiniCPM3-4B-Chat 31.43 15.84|76.51 45.38|27.23 23.90(49.38 48.26|78.93 60.43|48.11 45.44|57.39 54.89|18.68 11.55|32.97 17.43|15.58 9.48
GPT-3.5-turbo 37.07 27.57|70.29 39.98|24.20 21.68|57.17 56.95[63.19 52.09|48.73 45.55|59.74 57.44|18.47 11.52|33.13 17.53|15.38 8.96
InternVL2-1B 32.77 19.09(79.22 34.48|14.36 11.13|38.79 31.12{81.34 44.85|40.26 28.20|36.84 33.02|27.30 14.80(25.28 13.53|25.44 14.12
InternVL2-2B 33.62 21.14{35.80 29.43|33.00 25.49|58.11 50.59|81.89 54.03(49.87 45.91|52.87 52.25|51.29 31.49|25.44 13.59|51.96 31.94
InternVL2-4B 35.21 23.43|79.54 45.47|33.71 22.50{59.35 59.31|23.29 22.01(58.96 49.47|63.42 39.88|54.08 26.18|40.20 22.30{58.46 27.26
LLaVA1.5-7B-Chat 17.98 11.78|46.58 32.11]29.09 19.09(58.37 41.11{36.22 35.83|52.44 50.50|60.65 43.07|18.68 14.75|35.29 24.09{20.95 15.86
Qwen2-VL-7B-Instruct 29.80 17.85|72.44 37.95|37.23 18.19|54.07 53.59|75.73 59.24|47.17 44.64|52.25 51.85|39.22 33.24|39.16 34.28|46.13 35.54
InternVL2-8B 38.86 27.41(80.72 30.40|39.25 28.60(61.24 61.20|76.86 69.17|57.72 56.94|63.39 50.69(52.53 30.81|26.16 17.27|38.85 34.53
Llama-3.2-11B-Vision-Instruct 31.60 21.09|75.02 47.48|35.90 23.58|51.99 51.18{64.95 56.85|54.10 54.03|63.16 39.29|35.91 31.78|37.41 33.01{54.54 30.05
InternVL2-26B 39.71 30.50{81.07 35.09|34.46 28.84|70.13 67.66|77.82 70.22{66.94 65.98|66.32 49.94|34.98 25.24|42.26 32.62{59.13 29.36
InternVL2-40B 39.61 30.78|80.23 43.61|38.60 27.15|70.39 69.78|71.07 66.33|60.00 58.93|65.96 48.93|49.48 34.37|44.84 31.73/58.00 35.51
MLLMs|Qwen2-VL-72B-Instruct 37.70 25.32{80.84 41.76|42.03 21.25|67.74 67.06|82.70 58.57|55.29 54.56|66.89 53.64|34.59 30.37|33.76 32.62|59.27 26.89
InternVL2-Llama3-76B 37.56 27.04|65.83 42.28|34.40 25.91(59.15 38.04|50.62 48.71(59.22 37.71|61.50 48.82(34.11 24.09|43.45 31.29|53.87 32.45
GLM-4V-Plus 35.86 20.36|82.21 47.80|34.04 26.36|61.43 59.73|75.73 67.81|55.31 55.21|63.13 38.78|19.31 12.39|32.58 25.69|24.88 19.26
GPT-40 37.65 26.65(82.18 48.74(37.72 19.56|71.01 70.78|81.92 72.72{67.30 58.30|71.27 62.32|30.08 21.76|42.52 24.43|58.77 26.49
Gemini-1.5 Pro 39.54 29.44(81.04 35.52|41.14 21.16|64.43 64.21|84.50 77.33|64.85 55.97|66.94 51.42|48.56 42.24|39.63 35.44|59.34 28.29
Claude-3.5-Sonnet 37.92 28.26(80.78 38.48|40.00 25.54|63.55 63.43(83.81 76.97|66.35 64.92|65.57 47.13|47.24 39.50{40.22 35.27|56.93 36.23
03-mini 40.29 29.71|80.72 32.79(36.35 26.26|58.86 57.30(83.13 58.65|59.74 59.64|67.65 63.34|46.96 41.97|39.63 36.62|55.26 41.44
Claude-3-7-Sonnet-Thinking 39.09 28.75[80.78 38.27|40.59 24.46|63.16 62.67|83.65 76.59(67.72 65.63|67.26 52.26|46.54 36.44|40.71 33.00|58.15 34.04
GPT-4.1 38.37 25.74|81.89 40.48|29.54 11.30[66.55 66.54|78.24 64.26/66.51 55.29|66.68 49.43|39.83 31.10(42.47 26.55]59.29 28.10
Gemini-2.5-flash-preview 40.52 26.25|80.55 30.81|37.56 23.17|68.01 67.97|83.68 67.05|72.41 70.35|68.93 57.53|39.32 37.63|42.11 33.24|60.06 31.73
ChatGLM3-6B-Base (LoRA) 42.28 35.53|84.14 57.92{53.00 46.22|68.14 66.44(88.27 80.34|70.78 69.01|76.06 74.12|55.57 45.93|43.29 40.63|55.01 44.57
LLMs LLaMA3-8B-Instruct (LoRA) 46.12 38.82(84.10 57.33|53.32 46.02|75.47 74.53|89.38 82.12|74.01 72.52|73.68 71.56|60.22 51.76|46.85 45.46|57.84 47.91
InternLM2.5-7B-Chat (LoRA) 42.38 35.02|83.65 52.51|48.34 39.26(67.30 65.46|88.83 81.07|70.85 69.47|70.20 67.75|45.30 42.40|45.30 42.40|54.54 44.31
(LORAY I} | aMA3.1-8B-Instruct (LoRA) 43.26 37.26|83.36 53.35]46.64 39.15|71.37 69.99(89.15 81.52(69.09 67.42|68.31 65.72|53.77 39.45|42.83 40.25|51.50 40.05
MiniCPM3-4B-Chat (LoRA) 39.84 32.71|82.90 51.51|46.03 38.57|68.11 65.54(87.98 79.72|69.41 67.49|67.52 63.75|52.63 41.32|42.47 39.85|54.23 41.78
LLaVA1.5-7B-Chat (LoRA) 42.54 36.49|84.27 55.34(47.95 39.95|74.20 72.90{90.07 82.98|77.23 76.02|74.66 72.43|56.97 48.00|43.70 42.54|54.33 44.58
LLaVA-1.5-13B-Chat (LoRA) 53.42 46.61|86.51 63.80{60.07 54.26|80.39 79.69(91.17 85.59|80.94 80.24|79.15 77.48|62.80 56.13|52.68 51.79|61.40 56.06
LLaVA-NeXT-7B-Chat (LoRA) 45.44 38.97|84.30 56.14|49.25 44.19|78.70 77.87(91.04 85.02|79.51 78.40|76.25 74.27|57.12 49.58|43.55 41.67|59.34 51.99
MLLMs|LLaVA-NeXT-13B-Chat (LoRA) 54.01 47.49|86.22 64.70(57.65 52.35|80.23 79.46|91.37 85.79(81.82 81.11(80.26 78.72|64.04 57.60|51.75 51.05|61.82 55.74
(LoRA) |Qwen2-VL-7B-Instruct (LoRA) 42.15 36.32|84.07 57.73|52.35 44.86|78.99 78.34(91.40 85.88|81.14 80.17|80.13 78.25(62.69 55.36|49.07 46.56|61.51 54.44
Qwen2.5-VL-3B-Instruct (LoRA) 43.55 36.65|84.01 57.29(51.82 45.00|76.91 75.99{90.85 85.17|82.31 81.59|79.67 78.20|64.96 59.00|53.51 52.57|62.95 56.72
Qwen2.5-VL-7B-Instruct (LoRA) 53.62 48.60/86.45 64.69(59.48 53.96|81.60 80.92(92.35 87.27(82.74 82.04/80.98 79.68|63.05 56.61|50.05 48.60(60.63 53.03
Llama-3.2-11B-Vision-Instruct (LoRA) (48.44 42.21|85.08 59.63|54.36 48.99|79.80 79.09(90.49 84.70|80.26 79.56|76.78 75.48|64.81 58.18|49.95 48.33|64.50 55.36
LLaVA1.5-7B-Chat (MCLF) 54.14 47.57|83.45 61.47|58.01 52.22|80.42 79.60{90.78 84.93|80.36 79.55|78.31 76.60|68.01 62.51|54.02 53.70{66.15 61.61
LLaVA-1.5-13B-Chat (MCLF) 53.94 47.71|85.44 60.10(59.38 53.84|80.39 79.60(90.68 84.58/81.37 80.48|78.86 77.15|68.32 62.93|55.16 54.87|67.91 63.49
LLaVA-NeXT-7B-Chat (MCLF) 52.80 45.52|85.21 61.07|57.49 51.66|79.41 78.51{90.36 84.01|81.34 80.59|77.75 76.04|68.11 63.33|53.72 53.24|67.29 62.78
MLLMs|LLaVA-NeXT-13B-Chat (MCLF) 54.98 47.77|86.61 64.13]60.16 54.79|79.90 78.87(91.27 85.64|81.56 80.75|80.16 78.52|68.42 63.32|55.37 55.12|66.41 62.00
(MCLF)|Qwen2-VL-7B-Instruct (MCLF) 54.36 48.29/86.74 63.99(58.86 52.63|81.63 80.90(92.28 87.30(83.49 82.73|80.94 79.45|68.73 64.73|56.55 55.92|66.20 62.64
Qwen2.5-VL-3B-Instruct (MCLF) 51.92 45.56|85.90 62.11{56.42 51.49|81.01 80.31{90.75 84.91|80.65 79.94|77.17 75.48|65.89 60.28|52.48 51.68|63.98 59.33
Qwen2.5-VL-7B-Instruct (MCLF) 53.97 46.08|86.48 63.99(59.22 53.31|82.28 81.55(91.79 86.70|82.57 81.78|80.07 78.50(69.09 64.45|56.09 55.34|66.31 61.96
Llama-3.2-11B-Vision-Instruct (MCLF) [54.63 48.09|86.25 62.84|59.64 53.09|80.72 79.83|91.76 86.36(81.56 80.80|79.45 77.99|67.08 61.74|59.49 58.60|68.73 63.87
Avg. Improvement of MCLF over LoRA [+5.95 +5.41|+0.65 +2.55|+4.53 +4.93|+1.87 +1.86|+0.12 +0.25/+0.87 +0.94|+0.60 +0.65|+5.90 +7.85|+6.08 +6.92|+5.81 +8.72

Table 4: Experimental results (Part 1) of PTMs, LLMs, and MLLMs on metaphor-rich
pragmatic figurativeness, and metaphor reasoning tasks (detection subtasks).

best.
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semantic orientation, metaphor-rich
Purple means the
Task abbreviations are as follows: Emotion Analysis (EA),
Offensiveness Detection (OD), Intention Recognition (IR), Humor Detection (HumorD), Sarcasm Detection (SD), Hyperbole
Detection (HyperD), Metaphor Detection (MD), Source Domain Detection (SDD), Target Domain Detection (TDD), Metaphor
Classification (MC). macro-Prec. and macro-Rec. are detailed in the Supplementary Material.



Metaphor Reasoning Tasks (Extraction Subtasks)

Model Tenor Extraction |Vehicle Extraction| Dual Extraction
F1. Prec. Rec.| Fl. Prec. Rec. | Fl. Prec. Rec.
LLMs

ChatGLM3-6B-Base
LLaMA3-8B-Instruct
InternLM2.5-7B-Chat
LLaMA3.1-8B-Instruct
MiniCPM3-4B-Chat
GPT-3.5-turbo

56.32 56.55 58.26
50.06 46.55 55.56
54.31 50.73 59.89
45.48 39.31 55.90
57.82 62.04 55.36
57.35 58.41 57.49

MLLMs
53.08 48.80 59.72
55.80 53.36 60.18
53.98 49.54 60.77
55.27 54.38 57.92
59.40 61.78 58.68
56.00 52.98 60.84

54.68 55.32 56.23

57.02 54.50 61.27
58.73 56.83 62.15
60.19 61.61 60.14
57.54 57.71 59.50
58.48 60.05 58.67
60.91 62.49 60.70
60.67 61.49 61.28
58.00 56.97 60.46

54.28 54.29 56.35
51.63 49.50 55.26
52.54 49.40 57.61
45.73 39.85 55.79
57.72 62.82 54.78
54.66 55.24 55.39

60.57 60.75 61.14
56.80 54.48 59.76
59.94 57.53 63.13
53.53 48.76 59.93
61.12 64.68 58.31
60.77 62.57 59.51

InternVL2-1B
InternVL2-2B
InternVL2-4B
LLaVA1.5-7B-Chat
Qwen2-VL-7B-Instruct
InternVL2-8B
Llama-3.2-11B-
Vision-Instruct
InternVL2-26B
InternVL2-40B
Qwen2-VL-72B-Instruct
InternVL2-Llama3-76B
GLM-4V-Plus

GPT-40

Gemini-1.5 Pro
Claude-3.5-Sonnet

53.68 50.67 58.83
55.00 53.72 58.14
52.64 48.95 58.43
55.61 64.36 50.99
58.77 63.12 56.54
54.01 51.96 57.69

53.72 49.05 61.24

55.85 54.09 59.22
59.15 59.99 59.75
59.01 60.56 59.00
54.48 55.63 55.37
55.55 58.10 54.76
60.05 62.77 58.81
61.85 62.16 62.94
57.50 56.71 59.79

60.60 57.89 64.10
61.38 61.09 62.31
60.13 58.39 62.47
61.11 62.09 60.74
63.57 66.65 61.32
61.33 60.78 62.44

61.46 58.27 65.70

62.92 62.24 64.23
64.40 64.87 64.49
66.44 67.63 65.84
61.17 62.69 60.47
62.56 64.09 61.66
66.30 68.28 64.92
66.71 67.00 66.93
63.97 63.21 65.23

03-mini 59.70 60.35 60.43|60.39 62.03 60.32[65.35 66.29 64.98
Claude-3-7-Sonnet-

Thinking 57.78 57.18 59.72|58.22 57.87 60.05 [64.25 63.88 65.09
GPT-4.1 58.83 58.57 60.40(60.14 60.53 61.14 [66.36 66.61 66.63
Gemini-2.5-flash-preview {60.60 60.00 62.62(60.16 60.06 61.70|66.62 66.25 67.53

LLMs (LoRA)

ChatGLM3-6B-Base
LLaMA3-8B-Instruct
InternLM2.5-7B-Chat
LLaMA3.1-8B-Instruct
MiniCPM3-4B-Chat

60.55 62.94 59.83
61.31 64.26 60.26
61.09 63.68 60.38

59.69 62.82 58.39
60.14 63.49 58.80
59.54 62.28 58.77
60.47 62.98 59.79|59.32 62.40 58.27
61.20 64.31 59.70(58.95 62.62 57.28
MLLMs (LoRA)
59.83 62.47 58.96]59.35 62.65 58.05
64.46 66.22 64.27(62.99 65.14 62.59
61.76 64.13 61.01|60.24 63.11 59.30
65.15 67.10 64.80(63.49 65.84 62.87
65.14 67.66 64.34|64.62 68.08 63.06
65.34 67.61 64.83(65.33 68.07 64.47
65.83 68.22 65.12[65.83 69.01 64.50

64.14 66.78 63.26|64.53 67.58 63.37

MLLMs (MCLF)
64.87 66.31 64.97|64.12 65.96 63.88
66.05 67.34 66.18|64.75 66.15 64.89
64.59 66.22 64.51(64.23 66.02 64.02
66.73 68.00 66.88|64.90 66.35 64.90
68.33 69.86 68.38(67.18 68.75 67.14
66.23 67.98 66.12|65.66 67.78 65.23
67.28 68.51 67.59|66.94 68.53 66.99

67.32 69.00 67.20(66.39 68.14 66.26

63.93 66.00 62.47
64.52 66.77 62.97
64.27 66.29 62.95
64.03 66.03 62.67
64.15 66.92 62.07

LLaVA1.5-7B-Chat
LLaVA-1.5-13B-Chat
LLaVA-NeXT-7B-Chat
LLaVA-NeXT-13B-Chat
Qwen2-VL-7B-Instruct
Qwen2.5-VL-3B-Instruct

Qwen2.5-VL-7B-Instruct
Llama-3.2-11B-
Vision-Instruct

64.08 66.11 62.67
67.75 68.92 67.13
65.01 66.79 63.90
68.21 69.51 67.50
68.62 70.94 67.03
69.26 70.92 68.25
69.63 71.69 68.24

68.3270.12 67.19

LLaVA1.5-7B-Chat
LLaVA-1.5-13B-Chat
LLaVA-NeXT-7B-Chat
LLaVA-NeXT-13B-Chat
Qwen2-VL-7B-Instruct
Qwen2.5-VL-3B-Instruct

Qwen2.5-VL-7B-Instruct
Llama-3.2-11B-
Vision-Instruct

Avg. Tmprovement of

MCLF over LoRA

68.26 69.31 67.76
69.06 69.88 68.80
68.34 69.36 67.87
69.49 70.19 69.49
71.13 72.06 70.81
69.86 71.12 69.22
70.66 71.42 70.49

70.44 71.40 70.05

+2.47 +1.63 +3.16(+2.22 +1.03 +3.14 |+2.05 +1.22 +2.82

Table 5: Experimental results (Part 2) of LLMs and MLLMs
on metaphor reasoning extraction tasks: tenor, vehicle, and
dual extraction. Purple means
the best.

macro-Prec. and macro-Rec. are detailed in the
Supplementary Material.
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tends comprehensively to MMU tasks.

Human MLIMs1 | MLLMs2 | MLLMs 3
Task Acc. Fl. | Acc. FIl. | Acc. FI. | Acc. FI.
EA 77.00 75.43|37.00 23.22(42.00 27.09 [39.00 24.20
OD 90.50 75.37(80.00 37.94(80.05 29.73 84.00 47.61
IR 77.50 75.85|47.50 29.16(35.50 20.90 [33.00 12.86
HumorD 89.00 90.18|67.50 66.47|74.00 73.68 |74.50 74.36
SD 93.50 81.69|87.50 80.28 83.00 63.61|80.50 65.04
HyperD 88.50 87.96|66.50 66.26 |66.50 66.13 60.50 54.43
MD 93.00 93.97|64.50 52.98(66.00 57.37|62.50 48.96
SDD 79.31 77.73|40.50 34.07(41.00 39.53(39.50 32.76
TDD 68.97 69.66|38.00 27.83(42.50 30.45(46.00 28.83
MC 83.62 80.60|60.50 36.65|63.00 32.16|62.00 29.91
Tenor Extraction - 7551 - 5791 - 6198| - 59.68
Vehicle Extraction| - 76.58| - 56.78| - 61.71| - 59.99
Dual Extraction - 7627 - 63.76| - 6729| - 66.63

Table 6: Comparison results between MLLMs and human
baselines. MLLMs 1/2/3 correspond to Claude-3-7-Sonnet-
Thinking, Gemini-2.5-flash-preview, and GPT-4.1.

Question IV: Are LLMs capable of discerning both
semantic orientation and pragmatic figurativeness in
metaphors?

Answer IV: Not necessarily. As evidenced in Table 4,
LLMs demonstrate competent understanding of metaphor-
laden offensive semantic orientation and sarcastic pragmatic
figurativeness, yet exhibit limitations in handling other se-
mantic and pragmatic tasks. This phenomenon is primarily
attributed to the safety alignment process where the anno-
tation and filtering of offensive/sarcastic content constitute
core training objectives (Gong et al. 2025). Through expo-
sure to massive violation cases, LLMs develop acute sen-
sitivity to metaphorical expressions frequently employed as
covert attack vectors for circumventing sensitive content de-
tection mechanisms.

Question V: Does parameter scaling in LLMs lead to im-
proved performance in MMU tasks?

Answer V: Not necessarily. In general, parameter scal-
ing of LLMs typically enhances both accuracy and macro-
F1 in MMU tasks. The expanded parameter space strength-
ens the model’s capacity to encode implicit semantic fea-
tures of complex metaphors. However, this relationship is
not strictly linear or universally applicable. For instance,
as shown in Tables 4 and 5, the InternVL2-26B/40B mod-

Performance @ Multimodal Metaphor Understanding Task

Figure 5: The performance @ multimodal metaphor under-
standing task.



binary-average

Model HumorD SD

Prec. Rec. Fl. |Prec. Rec. FI.
InternVL2-2B 60.81 82.10 69.87 |57.41 10.84 18.24
InternVL2-4B 71.04 52.81 60.58 |19.16 96.85 32.00
LLaVA-NeXT-7B-Chat 59.22 95.10 72.99 |19.31 76.22 30.81
Qwen2-VL-7B-Instruct 66.74 48.56 56.21 |71.55 37.11 48.88
InternVL2-8B 77.12 49.01 59.93 |42.81 72.38 53.80
Llama-3.2-11B-Vision-Instruct 69.88 33.09 44.92 |28.42 58.04 38.16
InternVL2-26B 71.37 82.65 76.60 |44.24 73.25 55.17
InternVL2-40B 76.85 71.48 74.07 |38.26 90.03 53.70
Qwen2-VL-72B-Instruct 7435 69.44 71.81 |63.23 17.13 26.96
InternVL2-Llama3-76B 59.23 99.34 74.21 |25.24 84.09 38.82
GLM-4V-Plus 66.76 69.33 68.02 |41.13 70.10 51.84
GPT-40 80.30 67.57 73.39 [51.19 63.99 56.88
Gemini-1.5 Pro 85.77 47.80 61.39 [56.22 75.87 64.58
Claude-3.5-Sonnet 82.24 4895 61.37 |54.55 78.67 64.42
03-mini 91.45 33.59 49.13 |69.85 16.61 26.84
Claude-3-7-Sonnet-Thinking 87.93 43.72 58.40 |54.31 77.10 63.73
GPT-4.1 85.58 55.07 66.07 [41.70 42.13 4191
Gemini-2.5-flash-preview 86.39 54.52 66.85 [61.20 33.92 43.64
LLaVA-NeXT-7B-Chat (LoRA) 81.47 82.82 82.14 |77.15 73.78 75.42
LLaVA-NeXT-13B-Chat (LoRA) 82.73 84.14 83.43 |76.70 77.10 76.90
Qwen2-VL-7B-Instruct (LoRA) 82.76 81.44 82.10 |76.64 77.45 77.04
Qwen2.5-VL-7B-Instruct (LoRA) 84.12 84.91 84.52 [80.14 78.32 79.22
Llama-3.2-11B-Vision-Instruct (LoRA) | 82.86 83.04 82.95 [72.95 77.80 75.30
LLaVA-NeXT-7B-Chat (MCLF) 81.46 84.42 8291 |74.47 73.43 73.94
LLaVA-NeXT-13B-Chat (MCLF) 81.05 86.18 83.53 |76.39 76.92 76.66
Qwen2-VL-7B-Instruct (MCLF) 83.76 85.52 84.63 |79.13 79.55 79.34
Qwen2.5-VL-7B-Instruct (MCLF) 84.08 86.40 85.23 |76.76 80.24 78.46
Llama-3.2-11B-Vision-Instruct (MCLF) | 82.28 85.90 84.05 |78.13 77.45 77.79

HyperD MD

Prec. Rec. Fl. | Prec. Rec. FI.
InternVL2-2B 57.14 64.39 60.55 |66.58 50.88 57.68
InternVL2-4B 61.18 85.61 71.36 |63.35 99.79 77.50
LLaVA-NeXT-7B-Chat 60.14 60.47 60.30 [62.86 92.05 74.71
Qwen2-VL-7B-Instruct 34.13 32.52 33.30 |68.28 21.59 32.81
InternVL2-8B 66.26 59.54 62.72 |65.13 90.40 75.71
Llama-3.2-11B-Vision-Instruct 69.16 41.82 52.12 |63.20 99.69 77.36
InternVL2-26B 73.39 70.07 71.69 |65.65 97.83 78.57
InternVL2-40B 67.49 63.74 65.56 |65.37 97.99 78.42
Qwen2-VL-72B-Instruct 77.30 35.66 48.81 [66.63 9530 78.43
InternVL2-Llama3-76B 59.57 98.75 74.31 |64.21 88.13 74.29
GLM-4V-Plus 71.15 42.37 53.11 |63.14 99.95 77.39
GPT-40 65.59 9520 77.67 |70.09 95.05 80.68
Gemini-1.5 Pro 64.44 91.88 75.75 |66.10 97.78 78.88
Claude-3.5-Sonnet 71.57 72.46 72.701|64.96 98.71 78.35
03-mini 71.54 54.14 61.64 |71.62 80.75 75.92
Claude-3-7-Sonnet-Thinking 71.15 77.32 74.11 | 66.35 97.68 79.02
GPT-4.1 64.53 97.60 77.69 [65.64 99.07 78.96
Gemini-2.5-flash-preview 74.13 82.66 78.16 |68.07 95.61 79.53
LLaVA-NeXT-7B-Chat (LoRA) 81.17 85.55 83.30 [80.30 82.66 81.46
LLaVA-NeXT-13B-Chat (LoRA) 84.79 84.79 84.79 |84.01 84.88 84.45
Qwen2-VL-7B-Instruct (LoRA) 82.77 86.42 84.56 |82.65 86.74 84.64
Qwen2.5-VL-7B-Instruct (LoRA) 85.43 85.71 85.57 |85.48 84.16 84.82
Llama-3.2-11B-Vision-Instruct (LoRA) | 84.04 82.66 83.34 |83.34 79.00 81.11
LLaVA-NeXT-7B-Chat (MCLF) 84.32 84.46 84.39 |82.13 82.77 82.45
LLaVA-NeXT-13B-Chat (MCLF) 83.98 85.44 84.70 |83.54 85.40 84.46
Qwen2-VL-7B-Instruct (MCLF) 85.31 87.40 86.35 |84.53 85.45 84.99
Qwen2.5-VL-7B-Instruct (MCLF) 84.60 86.59 85.58 |83.83 84.78 84.30
Llama-3.2-11B-Vision-Instruct (MCLF) | 84.31 84.95 84.63 |84.02 83.28 83.65

Table 7: Experimental results of MLLMs on metaphor-rich
pragmatic figurativeness, and metaphor detection tasks. Pur-
ple means that MLLMs prefer the Rec.
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els outperform InternVL2-Llama3-76B and GLM-V-Plus
across multiple metaphor-related tasks. Moreover, the small-
parameter models trained with MCLF surpass Claude-3-
7-Sonnet-Thinking and so on. These results indicate that
metaphor understanding in MLLMs is influenced not only
by model scale but also critically depends on architecture,
training methodology, and data.

Question VI: Can MLLMs trained with MCLF signifi-
cantly enhance metaphor understanding?

Answer VI: Yes. As shown in Tables 4, 5 and Fig-
ure 5, compared to LoRA fine-tuning, MLLMs trained
with MCLF consistently achieve improved performance on
MMU tasks. Furthermore, gains in Source/Target Domain
Detection, Emotion Analysis, Intention Recognition, and
Tenor/Vehicle Extraction surpass those in other surface-level
detection tasks, indicating that MCLF effectively strength-
ens MLLMs’ deep metaphor understanding capabilities.

Question VII: Is there a significant gap between MLLMs
and humans in MMU tasks?

Answer VII: Yes. Given the cost of human evaluation we
randomly selected 200 test samples using stratified sam-
pling and had multiple Natural Language Processing re-
searchers independently annotate them. The lowest human
performance is reported in Table 6. It can be observed that
MLLMs achieve Acc. close to the human baseline only in
offensiveness and sarcasm detection, while underperform-
ing on all other MMU tasks.

Question VIII: Do MLLMs exhibit metric preferences in
MMU tasks?

Answer VIII: Yes. Taking the metaphor-rich pragmatic
figurativeness and metaphor detection tasks as examples,
we set the preference threshold as 7 = |Prec. — Rec.| =
30. The binary-average results in Table 7 demonstrate that
MLLMSs generally exhibit metric preferences, which vary
across models and tasks. Furthermore, the experimental re-
sults show that MCLF not only enhances model performance
but also effectively mitigates the metric biases of MLLM:s.

Related Work
Multimodal Metaphor Dataset

Compared to textual metaphor research (Birke and Sarkar
2006, 2007; Steen et al. 2010; Mohammad, Shutova, and
Turney 2016; Shao et al. 2024; Zheng et al. 2025b), the
construction of multimodal metaphor datasets remains in
its nascent stage. Xu et al. (2022) pioneered the first mul-
timodal metaphor detection (MMD) dataset MET-Meme,
followed by Zhang et al. (2021b) who subsequently estab-
lished the currently largest English dataset MultiMET. How-
ever, existing multimodal metaphor datasets commonly suf-
fer from three critical limitations: coarse-grained annota-
tion schemes, insufficient diversity in data sources, and con-
strained scale of metaphorical instances. These shortcom-
ings collectively impede the advancement of downstream
tasks in multimodal metaphor understanding. To address
these challenges, this study introduces M?3UCD, which fea-
tures finer-grained metaphor annotation, broader data source
coverage, and substantially enriched metaphorical samples.



Multimodal Metaphor Understanding

Current research in multimodal metaphor exhibits a
paradigm shift from elementary detection to advanced un-
derstanding. Early studies primarily focused on MMD.
Su et al. (2021) first proposed MMD based on distin-
guishing concreteness, pioneering the field of MMD. He
et al. (2024b) developed a visual-enhanced multi-interactive
cross-modal residual network that significantly improved
inter-modal congruity and complementary fusion. Subse-
quently, He et al. (2024a) drew on linguistic metaphor recog-
nition theories to detect metaphors by mapping features into
different subspaces to capture conflicts. Researchers later
attempted synergistic optimization of metaphor detection
with other multimodal learning tasks. Zhang et al. (2021a)
used facial expression features to analyze metaphoric emo-
tions by examining changes in expressions of subjects ex-
posed to multimodal metaphors, detecting metaphoric emo-
tions. Wang et al. (2024a) introduced cross-modal atten-
tion and multi-interactive encoders to propose a metaphor-
aware fine-grained meme understanding multimodal multi-
task framework. Zhang et al. (2024) addressed metaphor
alignment in multimodal sentiment recognition through con-
ditional generative modeling of metaphorical analogies.
Zheng et al. (2025c¢) proposed the intention-semantic incon-
gruity perception network for MMD.

Recent investigations have progressively shifted fo-
cus toward profound metaphor understanding. Zhang
et al. (2025c¢) established a chain-of-thought (CoT) based
metaphor mapping recognition model simulating human
cognitive processes for interpretable metaphor mapping.
Zheng et al. (2025a) proposed a multi-granular multi-
modal clue fusion model that enhances both fine-grained
metaphor feature extraction and semantic orientation anal-
ysis. Furthermore, preliminary attention has emerged re-
garding MLLMs’ metaphor detection capabilities. Xu et al.
(2024) first employed MLLMs with CoT prompting for
metaphor detection, while Liu et al. (2024b) identified sig-
nificant limitations in MLLMs’ capacity for advanced se-
mantic understanding and image detail capture, demonstrat-
ing that incorporating affective polarity cues in prompts
substantially improves abstract image comprehension. How-
ever, existing studies lack systematic exploration of LLMs’
performance in MMU, particularly in analyzing metaphor-
rich semantic orientation and pragmatic figurativeness.

Conclusion

Our research established the largest fine-grained multi-
task multimodal metaphor understanding dataset (M>UCD)
to date. This dataset comprises 15,345 multi-label anno-
tation instances. Through meticulous annotation of deep
metaphors, it substantially transcends conventional datasets
limited to single-task metaphor detection. We conducted
systematic evaluations of advanced PTMs, LLMs and
MLLMs on this annotated content. Additionally, we devel-
oped a concise and unified multi-task collaborative learn-
ing framework (MCLF) for metaphor understanding. Exper-
imental results reveal that M>UCD’s complexity presents
significant challenges for MMU tasks, with even cutting-
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edge models like GPT-40 and Claude-3-7-Sonnet-Thinking
struggling with metaphor understanding. MCLF effectively
enhances MLLMs’ metaphor understanding. This under-
scores the necessity for developing novel metaphor un-
derstanding paradigms. M2UCD will be released under
an access license agreement as a comprehensive multi-
modal benchmark to drive fundamental progress in LLMs’
metaphor understanding capabilities.
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