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Abstract

Metaphorical text encodes cross-domain mean-001
ing beyond its literal surface, posing a chal-002
lenge for text-to-image models to produce se-003
mantically faithful visual metaphors. We pro-004
pose CMIG, a structured prompting frame-005
work inspired by Conceptual Metaphor The-006
ory (CMT), which decomposes metaphors into007
source–target mappings and selects visual re-008
alization strategies in a reproducible reasoning009
workflow. Experiments on DALL·E 3, Ima-010
gen 2, and FLUX-1 show that CMIG consis-011
tently improves semantic alignment and human-012
rated metaphor quality over prior prompting013
baselines. We additionally release a 3,500-014
instance visual metaphor benchmark to support015
unified evaluation.016

1 Introduction017

Metaphor is pervasive in natural language and is of-018

ten used to convey meanings that go beyond literal019

descriptions. Generating images from metaphorical020

text is therefore a challenging form of text-to-image021

generation: a system must infer the intended figu-022

rative meaning and translate it into visual content,023

rather than rendering the surface semantics. In prac-024

tice, current text-to-image models tend to produce025

literal scenes (Rombach et al., 2022; Betker et al.,026

2023), which are visually plausible but semanti-027

cally inconsistent with the metaphor’s implication028

(e.g., depicting “a crowd by a river” instead of ex-029

pressing a dense, fast-moving crowd suggested by030

“The crowd was a roaring river”).031

This problem matters for applications such032

as creative design and education (Phillips and033

McQuarrie, 2004; Forceville, 2002; Scott, 1994;034

Forceville and Urios-Aparisi, 2009), and it also035

offers a diagnostic setting for evaluating whether036

generative models capture meaning beyond literal037

text. Prior work reports that even strong systems038

such as Imagen (Saharia et al., 2022), Stable Dif-039

fusion (Rombach et al., 2022), and FLUX.1 (Labs,040
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Figure 1: Qualitative comparison on the metaphor “The
crowd was a roaring river” (intended meaning: a dense,
fast-moving crowd). (a) Direct prompting with the
metaphor tends to produce a literal river-related scene.
(b) Chain-of-thought prompting partially improves in-
terpretation but remains semantically inconsistent. (c)
CMIG generates a prompt that better preserves the figu-
rative meaning while maintaining visual coherence.

2024) often drift toward literal interpretations or 041

produce visually misaligned outputs on metaphori- 042

cal inputs (Akula et al., 2023; Yosef et al., 2023). 043

Figure 1 shows a representative example. 044

A natural starting point for modeling metaphors 045

is Conceptual Metaphor Theory (CMT) (Lakoff 046

and Johnson, 2008), which describes metaphor un- 047

derstanding as selectively projecting attributes from 048

a source domain onto a target domain. However, 049

directly turning CMT into a computational proce- 050

dure is difficult: cross-domain correspondences 051

are rarely explicit, attribute salience depends on 052

context, and multiple visual realizations can be 053

valid. We take an alternative approach: instead of 054

learning CMT end-to-end, we use it to structure a 055

controllable reasoning workflow for large language 056

models (LLMs). Concretely, we operationalize 057

CMT via prompt engineering by decomposing 058

metaphor understanding into explicit steps for (i) 059

identifying source/target domains, (ii) enumerating 060

candidate projectable attributes, and (iii) selecting 061

visually expressible attributes while avoiding literal 062

distractors. 063
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Existing prompting-based approaches, includ-064

ing chain-of-thought prompting and semantic ex-065

pansion (Su et al., 2024; Shahmohammadi et al.,066

2023), remain limited in three ways. First, many067

methods rely on heuristic prompting without an ex-068

plicit semantic structure (Su et al., 2024). Second,069

some pipelines require manual filtering or closed-070

source components, which reduces reproducibility071

and scalability (Chakrabarty et al., 2023). Third,072

generalization to complex metaphors is often weak073

(Su et al., 2024; Chakrabarty et al., 2023; Shah-074

mohammadi et al., 2023). As a result, even when075

the backbone generator is strong, the produced im-076

ages frequently emphasize literal entities from the077

metaphor text rather than the intended implication.078

We propose CMIG (Conceptual Metaphor079

Theory-Inspired Metaphorical Image Genera-080

tion), a structured prompting framework for081

metaphorical image generation. CMIG has two082

modules: metaphor parsing, which identifies do-083

mains and derives projectable attributes, and visual084

strategy selection, which chooses a realization strat-085

egy using a Dependency Test and an Interference086

Test. The resulting prompt integrates figurative087

semantics with explicit visual planning, enabling088

text-to-image models to better preserve metaphor089

meaning while maintaining visual coherence (Fig-090

ure 1c).091

Our contributions are:092

1. We introduce CMIG, a CMT-inspired struc-093

tured prompting framework for metaphori-094

cal image generation that improves seman-095

tic alignment and visual coherence over prior096

methods.097

2. We present a structured design for metaphor098

parsing and visual planning that reduces re-099

liance on manual curation and brittle heuris-100

tics.101

3. We release a dataset of 3,500 visual metaphor102

examples spanning 400 metaphors with multi-103

ple positive and negative samples, providing104

a reproducible benchmark for future research.105

2 Related Work106

2.1 Metaphorical Image Generation107

Recent diffusion models have substantially ad-108

vanced text-to-image generation, outperforming109

traditional approaches such as variational autoen-110

coders (VAEs) (Razavi et al., 2019) and generative111

adversarial networks (GANs) (Bao et al., 2017). 112

Models like DALL·E 2 (Ramesh et al., 2022), Ima- 113

gen (Saharia et al., 2022), Stable Diffusion (Rom- 114

bach et al., 2022), and FLUX.1 (Labs, 2024) can 115

produce high-fidelity and diverse images. How- 116

ever, empirical studies (Yosef et al., 2023; Akula 117

et al., 2023) reveal that these models still strug- 118

gle to interpret metaphorical language, often fail- 119

ing to capture cross-domain semantic relations. 120

To enhance metaphorical image generation, re- 121

cent research leverages prompt engineering and 122

semantic reasoning. ViPE (Shahmohammadi et al., 123

2023) transforms arbitrary text into visual descrip- 124

tions; SPy (Chakrabarty et al., 2023) integrates 125

InstructGPT-3 (Ouyang et al., 2022) and chain-of- 126

thought prompting (Wei et al., 2022) to generate 127

visual interpretations of metaphoric language; and 128

Su et al. (Su et al., 2024) propose a framework 129

that abstracts source-target semantics and employs 130

CLIP (Radford et al., 2021) embeddings to gen- 131

erate metaphor-enhanced prompts. With the inte- 132

gration of large language models (LLMs), text-to- 133

image systems are increasingly coupling linguis- 134

tic reasoning with visual generation. DALL·E 3 135

(OpenAI, 2023), integrated into ChatGPT (Achiam 136

et al., 2023), shows stronger semantic consistency 137

in interpreting metaphorical inputs than earlier 138

models. Nonetheless, existing systems largely de- 139

pend on visual similarity rather than explicit se- 140

mantic mapping between source and target do- 141

mains. As noted by Yosef et al. (2023); Akula 142

et al. (2023), even state-of-the-art diffusion models 143

remain constrained without theory-driven mech- 144

anisms for modeling the cross-domain cognitive 145

mappings underlying metaphor. 146

2.2 Multimodal Metaphor Understanding 147

Metaphor, as a complex cognitive–linguistic phe- 148

nomenon, has long been a central topic in NLP and 149

machine learning. With advances in deep learning, 150

significant progress has been made in metaphor un- 151

derstanding (Ge et al., 2022), detection (Lin et al., 152

2021; Su et al., 2021), and generation (Stowe et al., 153

2021). However, multimodal metaphor understand- 154

ing remains challenging due to the need for cross- 155

modal semantic alignment and abstract concept 156

modeling. Visual metaphors require models not 157

only to interpret linguistic semantics but also to 158

recognize atypical objects, abstract imagery, and 159

artistic composition, demanding deep multimodal 160

fusion. Conventional vision–language retrieval and 161

2



(a) Metaphorical analysis (b) Visual strategy decision

Metaphor: The crowd was a roaring river.

Target Domain: the crowd 
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Final Prompt: A dense crowd surges forward with 
rushing, noisy motion …

Text-to-Image model (e.g., DALL·E)

Visual Prompt Synthesis

(c) Image Generation

Figure 2: Overview of our CMIG framework for metaphorical image generation. (a) Metaphor analysis module:
identifying source and target domains, extracting and filtering source domain attributes; (b) Visual strategy module:
reasoning and selecting the expression strategy for source domain visual information.

alignment systems perform poorly in such settings,162

limiting the construction and utilization of large-163

scale metaphor datasets. To address these issues,164

several multimodal metaphor datasets and bench-165

marks have been introduced. MultiMet (Zhang166

et al., 2021) provides fine-grained annotations such167

as metaphor type, sentiment, and author intent.168

MetaCLUE (Akula et al., 2023) evaluates models’169

abilities in metaphor understanding and generation.170

IRFL (Yosef et al., 2023) covers metaphor, sim-171

ile, and idiom comprehension across modalities,172

while HAIVMet (Chakrabarty et al., 2023) con-173

tains 6,476 metaphorical image samples to support174

language-to-vision metaphor research.175

3 Method176

CMIG is a structured prompting framework in-177

spired by Conceptual Metaphor Theory (CMT),178

designed to convert metaphorical expressions into179

visually realizable metaphorical image descriptions180

in an interpretable, transferable, and stable man-181

ner. Unlike prompts that rely on free-form natu-182

ral language Chain-of-Thought reasoning, CMIG183

operationalizes key principles in CMT—cross-184

domain mapping, salience, and selective projec-185

tion—into a reproducible and compositional in-186

struction template. The framework consists of four187

logical stages: Metaphor Parsing, Attribute Map-188

ping, Strategy Selection, and Visual Prompt Syn-189

thesis. An overview of the pipeline is shown in190

Figure 2.191

3.1 Metaphor Parsing192

This stage aims to extract the cross-domain struc-193

ture of a metaphorical input, including domain194

identification and attribute mapping.195

Domain Extraction Given a metaphorical text 196

x, the LLM identifies its Target Domain (T ) and 197

Source Domain (S): 198

(T, S) = DomainExtraction(x) (1) 199

The target domain denotes the entity being de- 200

scribed metaphorically, while the source domain 201

provides semantic attributes to be projected. This 202

corresponds to the backbone of the cross-domain 203

mapping in CMT. 204

Attribute Mapping To prevent the model from 205

generating overly concrete or semantically irrele- 206

vant content from the source domain, we adopt a 207

two-step attribute processing procedure. 208

(1) Extracting Source Attributes. The LLM 209

enumerates salient attributes of the source domain— 210

typically adjectives or descriptive semantic proper- 211

ties: 212

As = {a1, a2, . . . , an}. (2) 213

(2) Attribute Filtering. To realize the notion of 214

selective projection in CMT, we adopt a lightweight 215

and reproducible text-based rule system to filter 216

attributes that can be projected to the target domain. 217

For each attribute, the LLM determines whether 218

it should be retained according to the following 219

criteria: 220

• If an attribute a can reasonably describe or 221

modify the target domain (i.e., it does not intro- 222

duce semantic contradiction or visual mislead- 223

ing), it is considered semantically compatible. 224

• If applying the attribute to the target domain 225

would introduce semantic conflict, visual mis- 226

interpretation, or conceptual incoherence, it 227

is removed. 228

3



Dependency (d) Interference (i) Strategy

High Low Dominant
Low Low Weakening
Low High Omission
High High Omission

Table 1: Strategy decision table based on dependency
and interference tests.

• The model is required to provide a brief jus-229

tification for each filtering decision to ensure230

transparency and interpretability.231

The final retained and removed sets are:232

Akept = {a ∈ As | Filter(a, T )}. (3)233

234

Aremoved = As \Akept. (4)235

This procedure operationalizes the notion of se-236

lective projection in CMT.237

3.2 Strategy Selection238

CMIG selects a visual realization strategy through239

a rule-based decision system that controls the de-240

gree to which the source domain appears in the241

final prompt. Two independent tests are used: De-242

pendency and Interference. Dependency assesses243

whether the visual depiction of the target domain244

relies on the attributes of the source domain, while245

Interference evaluates whether visual cues from the246

source domain may mislead interpretation:247

d ∈ {High,Low}, i ∈ {High,Low}. (5)248

The dependency–interference pair (d, i) is mapped249

to a visualization strategy following Table 1. This250

rule-based mechanism ensures stability and cross-251

model consistency. Three strategies are defined:252

• Dominant: source-domain elements primar-253

ily drive the visual expression.254

• Weakening: only low-salience and stylized255

elements of the source domain are preserved.256

• Omission: all concrete source-domain ele-257

ments are removed, retaining only abstract258

attributes.259

Template 1: CMIG Structured Prompt

You are a metaphor interpreter.
Follow all steps strictly and produce the output in the
required format.

[Input Metaphor]
“{METAPHOR_TEXT}”

Step 1: Identify domains
Identify the two conceptual domains involved in the
metaphor:
Target domain (the entity being described):
Source domain (the domain providing attributes):

Step 2: Extract source attributes
List 3–6 salient attributes of the source domain
(adjectives or semantic properties only):
Attributess: [...]

Step 3: Filter attributes
Filter the attributes by keeping only those that can
reasonably describe or modify the target domain
without causing semantic contradiction or visual
misinterpretation.
Briefly justify removals if necessary.
Attributeskept: [...]
Attributesremoved: [...]

Step 4: Choose strategy
Assess the two conditions using the rules below:
Dependency: High if removing the source-domain
attributes would significantly weaken the intended
metaphorical meaning; otherwise Low.
Interference: High if literal visualization of the
source domain is likely to mislead or distort the
intended meaning; otherwise Low.
Dependency: High / Low
Interference: High / Low

Select the strategy using:
If Interference = High → C (Source-Omission)
Else if Dependency = High → A (Source-Dominant)
Else → B (Source-Weakening)
Strategy = {A / B / C}

Step 5: Generate the final visual prompt
Write a concise visual description (60–80 words) that
integrates:
(1) the target domain T as the main visual focus,
(2) the Attributeskept incorporated visually, and
(3) the selected strategy s to control how source-
domain elements appear (dominant, weakened, or
omitted).
Final_Prompt:

260

3.3 Structured Prompt and Example Outputs 261

Building on the above theoretical and rule-based 262

components, we unify the four-stage inference pro- 263

cess of CMIG (domain identification, attribute se- 264

lection, strategy decision, and visual synthesis) into 265

a structured prompting template. The template 266

adopts a slot-filling format, enforcing a fixed out- 267
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put order: target/source domains, extracted source268

attributes, filtering results, strategy choice, and the269

final visual prompt. To demonstrate its applicabil-270

ity across metaphor types, we generate three rep-271

resentative examples using this structured prompt272

(complete outputs are provided in Appendix 11).273

4 Dataset Construction274

We construct a contrastive metaphor–vision bench-275

mark that aligns metaphorical implied meaning276

with visual realizations (Appendix Fig. 4). The277

dataset contains 400 metaphorical expressions col-278

lected from HAIVMet (Chakrabarty et al., 2023),279

IRFL (Yosef et al., 2023), and manually verified280

multi-domain examples. Each entry is annotated281

with a structured schema including implied mean-282

ing, target/source domains, a source-domain han-283

dling category, and the final T2I prompt (Appendix284

Fig. 5). Using DALL·E 3, we generate multiple285

candidate images per metaphor and retain human-286

verified positives that match the annotated figura-287

tive interpretation. To support contrastive evalua-288

tion, we additionally construct two types of neg-289

atives: Literal (surface rendering) and Shallow-290

semantic (partial mapping without deep ground-291

ing). Overall, the benchmark comprises 1,996 pos-292

itive and 1,528 negative samples (>3,500 pairs to-293

tal), enabling evaluation of metaphor understanding294

and metaphorical image generation. Full construc-295

tion details, quality control, and recommended split296

are provided in Appendix §10.1.297

5 Experiments298

5.1 Experiment Design299

We primarily evaluate CMIG on DALL·E 3 (Ope-300

nAI, 2023), and further examine its transferabil-301

ity on Imagen 2 (DeepMind, 2023) and FLUX-302

1 (Labs, 2024). CMIG implements metaphor-303

oriented prompting with an explicit Chain-of-304

Thought (CoT) structure that guides the model to (i)305

identify source–target relations, (ii) construct cross-306

domain semantic mappings, and (iii) choose among307

three generation strategies (source-dominant, weak-308

ening, omission). This design enables zero-shot309

generation of coherent and interpretable visual310

metaphors. Full prompt templates and the CoT311

design are provided in Appendix 11. We compare312

CMIG against four prompting baselines: Vanilla,313

HAICF (Chakrabarty et al., 2023), ViPE (Shahmo-314

hammadi et al., 2023), and SMIG (Su et al., 2024).315

To ensure reproducibility under double-blind re- 316

view, we exclude instruction-following multi-step 317

pipelines (e.g., GPT-4o-driven iterative prompting), 318

whose outcomes may depend on non-deterministic 319

intermediate decisions and are difficult to replicate 320

reliably. 321

5.2 Evaluation Metrics 322

We use both automatic and human evaluations to 323

measure semantic alignment, metaphor expressive- 324

ness, and perceived visual quality. 325

Automatic Metrics We adopt two complemen- 326

tary automatic metrics. LIP computes CLIP-based 327

similarity between each generated image and the in- 328

tended implicit metaphorical meaning. BERT-Sim 329

captions each image using BLIP-2 and measures 330

Sentence-BERT similarity between the caption and 331

the intended meaning to assess semantic alignment. 332

Human Evaluation We conduct a controlled hu- 333

man study with nine trained annotators with back- 334

grounds in linguistics and visual design. Annota- 335

tors evaluate 800 images, each independently rated 336

by three annotators. Following the standardized 337

interface and guidelines in Appendix Figure 7, an- 338

notators assign 1–4 Likert scores (1=Poor, 4=Ex- 339

cellent) along three dimensions: Metaphorical Ap- 340

propriateness, Visual Quality, and Creativity. To 341

improve reliability, large-disagreement cases are 342

flagged for expert adjudication (Appendix 7). Inter- 343

annotator agreement achieves an average pairwise 344

Cohen’s κ = 0.67, indicating substantial consis- 345

tency. 346

5.3 Implementation Details 347

All methods use identical prompt templates, model 348

configurations, and generation parameters. We fix 349

the output resolution to 1024× 1024 and generate 350

three images per metaphor. We use official APIs: 351

GPT-41 (gpt-4-0125) for structured prompt 352

construction; DALL·E 31 as the primary generator; 353

Imagen 22 and FLUX-13 for cross-model evalu- 354

ation. All models are run with default inference 355

settings, without fine-tuning or post-processing. 356

5.4 Experimental Analysis 357

Table 2 reports results on three representative text- 358

to-image (T2I) generators: FLUX-1, DALL·E 3, 359

and Imagen 2. Across all generators and evaluation 360

1https://openai.com
2https://deepmind.google/models/imagen
3https://flux1.ai
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Table 2: Automatic (LIP, BERT) and Human (Met., Vis., Cre.) evaluation across three T2I generators. ∗ denotes
statistical significance vs. Vanilla (paired t-test, p < 0.05). Best results are in bold. ↑: higher is better.

Prompting T2I Automatic Eval. Human Eval.

LIP (↑) BERT (↑) Met. (↑) Vis. (↑) Cre. (↑)

Vanilla FLUX-1 24.40 0.862 2.35 2.95 2.45
HAICF FLUX-1 24.65∗ 0.866∗ 2.62∗ 3.08∗ 2.71∗

ViPE FLUX-1 24.55∗ 0.864∗ 2.58∗ 3.00 2.67∗

SMIG FLUX-1 24.90∗ 0.871∗ 3.12∗ 3.07 2.86∗

CMIG FLUX-1 25.02∗ 0.875∗ 3.00∗ 3.14∗ 3.09∗

Vanilla DALL·E 3 24.50 0.864 2.55 3.02 2.58
HAICF DALL·E 3 24.72∗ 0.868∗ 2.72∗ 3.14∗ 2.80∗

ViPE DALL·E 3 24.60∗ 0.867∗ 2.68∗ 3.06 2.72∗

SMIG DALL·E 3 24.88∗ 0.871∗ 3.08∗ 3.12 2.98∗

CMIG DALL·E 3 25.12∗ 0.877∗ 3.18∗ 3.20∗ 3.22∗

Vanilla Imagen 2 24.70 0.866 2.65 3.07 2.70
HAICF Imagen 2 24.82∗ 0.870∗ 2.82∗ 3.15∗ 2.85∗

ViPE Imagen 2 24.78∗ 0.869∗ 2.76∗ 3.08 2.80∗

SMIG Imagen 2 24.95∗ 0.874∗ 3.24∗ 3.13 3.01∗

CMIG Imagen 2 25.10∗ 0.878∗ 3.22∗ 3.18∗ 3.28∗

metrics, CMIG consistently outperforms Vanilla361

prompting and competitive baselines, achieving362

statistically significant improvements (p < 0.05)363

on both automatic semantic-alignment metrics and364

human judgments.365

On automatic metrics, CMIG achieves stable and366

substantial gains across generators. On DALL·E 3,367

CMIG improves LIP from 24.50 to 25.12 and368

BERT-Sim from 0.864 to 0.877, indicating closer369

alignment between generated images and the im-370

plicit semantic structure of metaphorical prompts.371

Similar trends are observed on Imagen 2 (LIP372

+0.40, BERT-Sim +0.012) and FLUX-1 (LIP373

+0.62, BERT-Sim +0.013), demonstrating robust374

generalization across heterogeneous generation375

architectures. While strong baselines such as376

SMIG and HAICF also improve over Vanilla, their377

gains are consistently smaller, suggesting that378

CMIG’s advantage arises from explicit modeling379

of metaphorical mappings rather than generator-380

specific prompt heuristics.381

Human evaluation further corroborates the auto-382

matic results under a standardized annotation pro-383

tocol. CMIG achieves the highest Creativity scores384

across all generators, improving over Vanilla by385

+0.64 on DALL·E 3, +0.58 on Imagen 2, and +0.64386

on FLUX-1, indicating more expressive visual387

realizations without sacrificing semantic fidelity.388

CMIG also improves Visual Quality (e.g., +0.18 389

on DALL·E 3 and +0.19 on Imagen 2), suggesting 390

more coherent compositions with fewer distract- 391

ing artifacts. For Metaphorical Appropriateness, 392

CMIG remains competitive with the strongest base- 393

line SMIG (e.g., 3.18 vs. 3.24 on Imagen 2), while 394

achieving higher Creativity and Visual Quality, re- 395

flecting a better balance between faithful metaphor 396

grounding and expressive realization. 397

Qualitative Analysis. Qualitative comparisons 398

in Figure 3 reveal recurring failure modes of base- 399

line methods, including over-literalization, omis- 400

sion of contextual constraints, and stylistic drift that 401

dilutes semantic focus. In contrast, CMIG trans- 402

lates metaphorical cognition into explicit visual 403

strategies that preserve both conceptual intent and 404

affect while maintaining compositional coherence. 405

For example, it conveys ephemerality in “butterfly 406

in autumn” through subdued tones and wing–leaf 407

blending, captures enclosure in “a blanket of snow” 408

via a snow-cloaked cityscape, and integrates med- 409

ical and taxi cues in “a hospital bed is a parked 410

taxi” to express urgency and cost. Even for abstract 411

metaphors such as “broken heart” or geopolitical 412

“fermenting”, CMIG avoids diffuse symbolism and 413

produces outputs that remain semantically aligned 414

and visually grounded. 415
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Figure 3: Qualitative comparison of metaphorical image generation results on DALLE·3. “Vanilla” denotes direct
generation from the original metaphorical text, while the remaining columns correspond to images generated from
prompts produced by their respective methods.

6 Ablation Studies416

6.1 Experimental Design417

We conduct two ablation studies to analyze CMIG418

components and prompt-generation robustness. We419

perform a component-wise ablation (A1–A6) by420

progressively removing key modules, including421

domain constraints, attribute extraction and fil-422

tering, strategy decision, and structured synthe-423

sis. A6 (Vanilla) removes the structured pipeline424

and uses an unstructured prompt, isolating the ef-425

fect of structured prompting. Then, we evaluate426

different LLM-based prompt generators (LLaMA-427

3.1, GPT-4, DeepSeek R1) under both Vanilla and428

CMIG prompting. All prompts are rendered using429

DALL·E 3, with other settings identical to the main430

experiments.431

6.2 Results and Analysis432

Ablation 1: Module-wise. Relative to A6433

(Vanilla), the full CMIG yields clear gains on434

both automatic semantic-alignment metrics and 435

human ratings (LIP +2.17, BERT-Sim +0.052; 436

Met./Vis./Cre. all increase), validating the effec- 437

tiveness of structured prompting for metaphor visu- 438

alization. Removing Domain Constraint or Struc- 439

tured Synthesis Constraint (A1/A5) causes moder- 440

ate drops, consistent with their role in bounding 441

semantic scope and enforcing composition-level 442

coherence. In contrast, removing Source Attribute 443

Extraction or Attribute Filtering (A2/A3) produces 444

larger degradation across both alignment and hu- 445

man dimensions, suggesting that clean and relevant 446

semantic primitives are crucial for reliable cross- 447

domain projection. The most pronounced failure 448

occurs without Strategy Decision (A4), where both 449

alignment and metaphor clarity collapse (e.g., Met. 450

3.18 → 2.35), indicating that strategy selection is 451

a key mechanism for binding extracted semantics 452

into an executable visual plan. Overall, the trends 453

support a coupled pipeline: extraction/filtering sup- 454

plies usable semantic units, constraints stabilize 455

7



Table 3: Ablation study of CMIG components on DALL·E 3. ↑: higher is better. Vanilla corresponds to removal of
the entire CMIG structured pipeline.

Method LIP (↑) BERT (↑) Met. (↑) Vis. (↑) Cre. (↑)

CMIG (Full) 25.12 0.877 3.18 3.20 3.22

A1: Domain Constraint 24.85 0.870 3.00 3.08 3.15
A2: Source Attribute Extraction 24.20 0.858 2.75 2.92 2.95
A3: Attribute Filtering 24.10 0.857 2.70 2.90 2.90
A4: Strategy Decision 23.65 0.842 2.35 2.75 2.70
A5: Structured Synthesis Constraint 24.70 0.868 2.90 3.00 3.10

A6: Naive Prompt (Vanilla) 22.95 0.825 2.02 2.55 2.32

Table 4: Automatic (LIP, BERT) and human (Met., Vis., Cre.) evaluation on DALL·E 3 using different LLMs for
prompt generation. “-Ours” indicates prompts produced with our metaphor-guided generation framework. GPT-4
(Vanilla) is the provided anchor; GPT-4-Ours corresponds to CMIG-equivalent settings.

LLM / Size Automatic Eval. Human Eval.

LIP (↑) BERT (↑) Met. (↑) Vis. (↑) Cre. (↑)

(a) Comparison Among Different LLMs
GPT-4 24.50 0.864 2.55 3.02 2.58
GPT-4-Ours 25.12 0.877 3.18 3.20 3.22
DeepSeek R1 24.65 0.866 2.60 3.05 2.62
DeepSeek R1-Ours 25.00 0.875 3.15 3.16 3.18
LLaMA3.1 405b 24.30 0.862 2.45 3.00 2.50
LLaMA3.1 405b-Ours 24.95 0.873 3.10 3.12 3.05

(b) Comparison Across LLaMA3.1 with Different Sizes
LLaMA3.1 70b 24.40 0.863 2.50 3.03 2.53
LLaMA3.1 70b-Ours 25.00 0.872 2.95 3.14 2.90
LLaMA3.1 8b 24.10 0.858 2.20 2.95 2.30
LLaMA3.1 8b-Ours 24.60 0.866 2.55 3.05 2.60

coherence, and strategy converts mappings into ef-456

fective synthesis.457

Ablation 2: Prompt Generation. Across all458

evaluated LLMs, CMIG-enhanced prompting con-459

sistently improves LIP/BERT-Sim and raises hu-460

man judgments, especially for Metaphorical Ap-461

propriateness and Creativity (Table 4). Although462

larger models start from stronger Vanilla baselines,463

CMIG delivers stable gains across scales (e.g., for464

LLaMA3.1: 8B +0.50 LIP; 70B +0.60; 405B465

+0.65), suggesting that the structured pipeline466

reduces prompt-generation bottlenecks even for467

high-capacity LLMs. DeepSeek R1 shows rela-468

tively strong metaphor reasoning under Vanilla, yet469

CMIG still substantially improves human scores,470

indicating that the framework benefits diverse LLM471

backbones by making metaphor mappings and con-472

straints explicit and controllable. 473

7 Conclusion 474

We introduce CMIG, a metaphor-guided prompt- 475

ing framework that operationalizes key principles 476

from Conceptual Metaphor Theory as an explicit 477

chain-of-thought workflow for text-to-image gen- 478

eration. By decomposing metaphors into source– 479

target mappings and selecting appropriate strat- 480

egy types (source-dominant, weakening, or omis- 481

sion), CMIG enables zero-shot synthesis of visual 482

metaphors that are more interpretable and less over- 483

literal. Experiments on DALL·E 3, Imagen 2, and 484

FLUX-1 show consistent improvements in auto- 485

matic semantic-alignment metrics and human eval- 486

uations. We further release a 3,500-instance visual 487

metaphor benchmark and a standardized evaluation 488

protocol to facilitate futural research. 489
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8 Limitations490

Our work leaves several directions for further im-491

provement. First, CMIG relies on an upstream492

LLM to produce structured analyses and prompts;493

while the workflow is template-controlled and sta-494

ble in our experiments, stronger or more special-495

ized LLMs may further improve mapping qual-496

ity and strategy selection. Second, the automatic497

metrics we use (LIP and BERT-Sim) are designed498

to approximate semantic alignment, but they can-499

not fully capture all nuanced or highly implicit500

metaphor interpretations; we therefore treat them501

as complementary to controlled human evaluation.502

Third, our evaluation focuses on three widely used503

text-to-image generators under default API settings;504

extending the study to additional generators and505

sampling configurations is a natural next step and506

may further clarify generalization behavior. Finally,507

although our human study follows a standardized508

protocol with trained annotators, metaphor percep-509

tion can vary across cultures and contexts, motivat-510

ing future work on broader rater populations and511

multilingual settings.512

9 Ethics Statement513

Our study uses publicly available metaphor corpora514

and synthetic images generated via commercial515

APIs (DALL·E 3, Imagen 2, FLUX-1), and does516

not involve personal or sensitive user data. Human517

evaluation was conducted under a standardized in-518

terface and guidelines: annotators were recruited519

as domain-informed raters, compensated fairly,520

and could withdraw at any time. Because some521

metaphors may reference geopolitical or emotion-522

ally charged themes, we filtered examples to avoid523

explicit hate or harassment content and to exclude524

identifiable individuals. The released benchmark,525

prompts, and evaluation materials are intended for526

research use; deploying metaphor-generation sys-527

tems in user-facing applications should incorpo-528

rate additional safeguards (e.g., content moderation,529

bias auditing, and misuse prevention) appropriate530

to the target context.531
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10 Appendix 660

10.1 Dataset Construction Details 661

Data sources and scope. To evaluate whether 662

metaphor-aware prompting improves metaphorical 663

image generation, we construct a contrastive bench- 664

mark that explicitly aligns metaphorical seman- 665

tics with visual realizations. We collect approxi- 666

mately 400 metaphorical expressions from two pub- 667

lic metaphor resources (HAIVMet (Chakrabarty 668

et al., 2023), IRFL (Yosef et al., 2023)), and com- 669

plement them with manually verified metaphorical 670

instances from everyday, political, and technolog- 671

ical discourse to broaden topical diversity. Each 672

metaphorical expression is normalized into a single 673

textual form (removing duplicates, resolving minor 674

lexical variants, and excluding non-metaphorical 675

or highly context-dependent cases). 676

Annotation schema. Each entry is annotated into 677

five structured fields (Figure 5): (i) Metaphor 678

(surface expression), (ii) Implied Meaning (in- 679

tended figurative interpretation in context-neutral 680

form), (iii) Target Domain and (iv) Source Do- 681

main, (v) Strategy Category indicating how the 682

source domain should be handled in visual real- 683

ization (e.g., dominance/weakening/omission), and 684

the final Prompt used for text-to-image (T2I) gen- 685

eration. 686

Annotation protocol and agreement. As shown 687

in Figure 4, the dataset is built through a five-stage 688

pipeline. 689

1. Metaphor collection and screening. We ag- 690

gregate candidate metaphors and screen them to 691

ensure (a) metaphorical authenticity, (b) diver- 692

sity in target/source domains, and (c) sufficient 693

interpretability without requiring long contex- 694

tual passages. 695
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Metaphor 
samples

Manual annotation

Annotated 
samples

Implicit Semantic Interpreter & Generation 

Expert  verification

Positive samples
+

Direct & Literal Generation 

+ Negative samples

Figure 4: Overview of the data annotation and generation workflow, consisting of manual annotation and expert
verification stages. Positive samples are generated via the Implicit Semantic Interpreter & Generation module, while
negative samples are derived through the Direct & Literal Generation module.

Metaphor: The Middle East is 
fermenting
Implied meaning：The situation in the 
Middle East has become unstable
Target domain: the Middle East 
Source domain: ferment
Category: Source domain not use

Prompt:
A dramatic and tense scene depicting 
the Middle East in a moment of rising 
conflict. The image includes desert 
landscapes with vast sandy dunes, 
ancient stone architecture like ruins and 
temples, and distant military vehicles. 
There are fiery skies at sunset, with 
dark clouds and the glow of flames on 
the horizon. A silhouette of a soldier 
holding a rifle is in the foreground, 
adding to the feeling of unease. 

Metaphor: He is a shining star
Implied meaning：He is very 
conspicuous
Target domain: a men
Source domain: a shining star 
Category: Source domain weakening

Prompt:
A confident and radiant man standing on 
a stage, bathed in soft golden light. The 
spotlight focuses on him as his silhouette 
glows, creating a sense of brilliance and 
excellence. His posture and expression 
exude charisma, as subtle beams of light 
subtly evoke the idea of a shining star, 
symbolizing his unique qualities and 
exceptional presence. The background 
fades into a soft blur, emphasizing his 
glowing presence and unmatched aura.

Metaphor: Time is money
Implied meaning：Time is very 
precious
Target domain: Time
Source domain: Money
Category: Source domain dominance

Prompt:
A scene A bustling, fast-paced financial 
trading room, where traders are 
anxiously monitoring stock prices on 
large digital screens. In the foreground, 
a golden stopwatch sits on a desk, 
surrounded by scattered bills and coins, 
subtly highlighting the connection 
between time and money. The room is 
filled with a sense of urgency, with 
people moving quickly, making high-
stakes decisions, and the ticking clock in 
the background emphasizes that every 
moment counts.

Figure 5: Annotation schema and examples from the dataset. Each metaphorical text is labeled with implicit
semantics, target domain, source domain, category, and corresponding prompts. The right panel displays paired
positive and negative image examples: positive samples align with metaphorical meaning, while negative samples
illustrate literal or surface interpretations.

2. Manual annotation. Six trained annota-696

tors independently label implied meaning, tar-697

get/source domains, and strategy category for698

each metaphor. Annotators follow a shared699

guideline that emphasizes: (1) writing implied700

meaning as a literal paraphrase of the intended701

figurative claim; (2) selecting target/source do-702

mains at a consistent granularity; and (3) as-703

signing strategy category based on whether a704

visually explicit source-domain depiction would705

help or distract from the intended metaphorical706

interpretation.707

3. Expert verification and adjudication. A com-708

mittee of three senior researchers adjudicates709

disagreements, harmonizes taxonomy usage,710

and standardizes domain granularity across en-711

tries. Inter-annotator agreement exceeds 0.8712

(Cohen’s κ) after adjudication. We also main-713

tain an adjudication log to document recurrent714

disagreement patterns and resolution rules.715

Positive sample generation (figurative). Posi-716

tive samples are generated via an Implicit Seman-717

tic Interpreter & Generation module (Figure 4).718

For each annotated metaphor, we synthesize a 719

figurative T2I prompt conditioned on the fields 720

in Figure 5, including the implied meaning and 721

the intended target/source-domain mapping. We 722

then generate multiple candidate images using 723

DALL·E 3 and apply a two-step filtering process: 724

(1) semantic fidelity (the image reflects the im- 725

plied meaning and the intended conceptual map- 726

ping), and (2) visual coherence (the image is glob- 727

ally coherent and avoids artifacts that undermine 728

interpretability). This stage yields 1,996 verified 729

positive images. 730

Negative sample design (contrastive). To sup- 731

port contrastive evaluation, we construct two com- 732

plementary negative types (Figure 5) 733

1. Literal negatives: prompts that directly ren- 734

der the surface/literal reading of the metaphor, 735

intentionally ignoring figurative intent. 736

2. Shallow-semantic negatives: prompts that re- 737

tain partial domain elements but omit the deep 738

metaphorical grounding implied by the anno- 739

tated interpretation. 740

Negative samples are validated to remain strictly 741
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non-figurative (literal) or semantically incomplete742

(shallow), resulting in 1,528 verified negatives.743

Quality control. We apply a three-stage QC744

protocol throughout: (a) annotator self-checking745

against the shared guideline, (b) cross-review to746

detect subjective bias and inconsistent granularity,747

and (c) expert adjudication for disputed items and748

schema enforcement. Additionally, all metaphor–749

image pairs undergo multimodal validation to en-750

sure that positives align with the annotated implied751

meaning, while negatives do not unintentionally752

convey the same figurative interpretation (Figure 5)753

Dataset statistics and recommended split. The754

final benchmark contains over 3,500 metaphor–755

image pairs (1,996 positives and 1,528 negatives),756

covering approximately 400 metaphorical expres-757

sions with diverse target/source domains. To avoid758

leakage, we recommend splitting by metaphor ex-759

pression (group-wise split), ensuring that all im-760

ages derived from the same metaphor belong to the761

same partition (train/validation/test).762

11 Detailed CoT Examples and763

Generated Visual Prompts764

To enable the model to robustly perform metaphor765

interpretation and visual strategy planning under766

zero-shot conditions, we construct a set of struc-767

tured Chain-of-Thought (CoT) examples as seman-768

tic guidance templates. These examples follow769

the four-stage reasoning pipeline of CMIG (do-770

main identification, attribute mapping, interference771

assessment, and strategy selection), helping the772

model establish a consistent paradigm of metaphor773

reasoning in an unsupervised setting and achieve774

interpretable transfer reasoning from metaphorical775

text to visual strategies.776

In the first example, the target domain “Time” is777

a highly abstract concept lacking inherent visual778

structure, whereas the source domain “money” pro-779

vides rich concrete visual symbols such as coins,780

banknotes, and metallic textures that reinforce key781

semantics of “value,” “scarcity,” and “preciousness.”782

Through the CoT demonstration, the model learns783

that when the target domain relies on the source784

domain to construct a visual representation, and785

when the source imagery does not introduce seman-786

tic ambiguity, it should adopt a Source-Dominant787

strategy. The resulting visual prompt renders tem-788

poral imagery (e.g., hourglasses or clocks) using789

money-like materials to highlight the latent seman-790

tic features of the abstract concept of time. 791

The second example illustrates a scenario in 792

which the target domain is intrinsically visualizable. 793

The entity “He” can directly serve as the visual car- 794

rier of the metaphor, while the concrete depiction 795

of the source domain “star” (e.g., astronomical- 796

star icons) may distract from the centrality of the 797

human figure. The CoT example enables the model 798

to learn that when the target domain is readily de- 799

pictable and when concrete source imagery may 800

visually overshadow the target without causing se- 801

mantic confusion, a Source-Weakening strategy is 802

preferred. The resulting prompt retains attributes 803

such as “shine”, “gloss”, and “diffused brightness” 804

from the source domain, but omits the star itself, 805

emphasizing meanings such as “prominence” and 806

“being in the spotlight,” while preserving the human 807

figure as the visual focus. 808

The third example demonstrates a case in which 809

visual symbols from the source domain could lead 810

to misinterpretation. The source domain “ferment- 811

ing” evokes strong physical-process imagery (e.g., 812

bubbling, swelling, liquid transformation), which, 813

if visualized directly, would undermine the se- 814

riousness of the political context and introduce 815

metaphorical misreading. Through the CoT exam- 816

ple, the model learns that when the concrete form 817

of the source domain deviates severely from the 818

target context, it should employ a Source-Omission 819

strategy, removing all concrete source elements and 820

retaining only its abstract tension, such as “grow- 821

ing instability,” “accumulating pressure,” and “ap- 822

proaching a critical point.” The generated visual 823

scene instead uses elements such as smoke, tense 824

atmosphere, crowd dynamics, and regional land- 825

marks to portray the escalating geopolitical situa- 826

tion, without any physical imagery related to fer- 827

mentation. 828

11.1 Human Evaluation Details 829

To improve consistency and reproducibility in sub- 830

jective evaluation, we implement a standardized 831

web-based labeling system (Figure 7). The inter- 832

face contains three modules: (i) a metaphor text 833

panel, (ii) an image preview area, and (iii) a struc- 834

tured rating form. Raters first read the metaphor 835

(e.g., “Time flies”) and then assess the paired gen- 836

erated image (e.g., a clock formed by birds in mo- 837

tion to convey the abstract notion of time passing 838

swiftly). To minimize potential bias, the interface 839

does not reveal method names or polarity labels; im- 840
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Example1: “Time	is	money”

Step	1:	Identify	domains
Target	domain: Time
Source	domain:Money

Step	2:	Extract	source	attributes
Attributes_S:
{precious,	limited,	measurable,	tradable}

Step	3:	Filter	attributes
Attributes_Kept:
{precious,	limited,	measurable}
Attributes_Removed:
{tradable}

Step	4:	Choose	strategy
Dependency:	High
Interference:	Low
Strategy = A (Source-Dominant)

Step	5:	Final	visual	prompt
Final_Prompt:
A	clock	constructed	from	golden	coins,	with	coin	stacks	forming	the	
hour	markers	and	thin	bills	flowing	like	clock	hands.	An	hourglass	
made	of	transparent	currency	shapes	melts	slowly	into	shimmering	
money	fragments.	The	scene	emphasizes	time	as	precious,	limited,	
and	measurable,	blending	temporal	symbols	with	monetary	textures	
to	highlight	its	inherent	value.

Example2: “is	a	shining	star”

Step	1:	Identify	domains
Target	domain: A	man	(the	person)
Source	domain: Shining	star

Step	2:	Extract	source	attributes
Attributes_S:
{outstanding,	exceptional,	radiant,	attention-drawing}

Step	3:	Filter	attributes
Attributes_Kept:
{radiant,	attention-drawing,	exceptional}
Attributes_Removed:
{outstanding}

Step	4:	Choose	strategy
Dependency:	Low
Interference:	Low
Strategy	= Source-Weakening

Step	5:	Final	visual	prompt
Final_Prompt:
A	portrait	of	a	confident,	exceptional	man	standing	under	warm	
ambient	light.	A	subtle	radiant	glow	outlines	his	figure,	with	soft	
star-like	highlights	around	the	shoulders	and	hair.	Light	beams	
gently	emphasize	his	presence	without	overpowering	the	scene,	
conveying	brilliance	an

Example3: “The situation	in	the	Middle	East	is	fermenting”

Step	1:	Identify	domains
Target	domain: Situation	in	the	Middle	East
Source	domain: Fermentation

Step	2:	Extract	source	attributes
Attributes_S:
{escalating,	unstable,	accumulating	tension,	nearing	outbreak}

Step	3:	Filter	attributes
Attributes_Kept:
{escalating,	unstable,	accumulating	tension}
Attributes_Removed:
{nearing	outbreak}

Step	4:	Choose	strategy
Dependency:	High
Interference:	High
Strategy	= Source-Omission

Step	5:	Final	visual	prompt
Final_Prompt:
A	tense	Middle	Eastern	landscape	rendered	with	rising	smoke,	
distant	flashes	of	explosions,	and	dark	clouds	gathering	above	urban	
skylines.	Groups	of	anxious	civilians	and	armed	forces	highlight	
escalating	instability.	The	scene	visually	conveys	mounting	tension	
and	geopolitical	volatility	without	using	any	fermentation	imagery,	
focusing	solely	on	conflict	dynamics.

Figure 6: Examples of Chain-of-Thought (CoT) prompts designed under the CMIG framework. Each metaphorical
expression is annotated with its target and source domains, recommended visual strategy. These structured prompts
guide the model to reason about metaphor interpretation and visual planning in a cognitively aligned manner.

Figure 7: User interface of the standardized human
evaluation system. The interface includes three sections:
metaphor text display, generated image preview, and a
structured rating form. Raters view the metaphor on the
left (e.g., “Time flies”) and its corresponding generated
image on the right (e.g., a clock formed by a flock of
birds symbolizing the fleeting nature of time). Each
rater is assigned a unique ID to enable deterministic
task allocation and traceable evaluation logs.

ages are anonymized and presented in a determinis-841

tic order. Each rater is assigned a unique identifier842

(e.g., Rater ID 001), which deterministically843

seeds the task assignment and evaluation order for844

traceability.845

Each image is evaluated on a four-point Lik-846

ert scale (1=Poor, 4=Excellent) along three di-847

mensions, with brief on-screen guidelines: (1)848

Metaphorical Appropriateness (a.k.a. Metaphor Ex-849

pression) evaluates whether the image captures the850

intended cross-domain mapping and implicit se-851

mantic relation (e.g., whether it conveys “time” as852

something that can “fly”); (2) Visual Quality as-853

sesses composition, clarity, and aesthetic coher-854

ence, while penalizing obvious artifacts; and (3) 855

Creativity measures the novelty and insightfulness 856

of the visual metaphor beyond conventional depic- 857

tions. The interface additionally supports optional 858

free-text comments to justify ratings. 859

For reliability, each image is independently rated 860

by three raters, and the final score is computed by 861

averaging across raters. We flag large-disagreement 862

cases for secondary review: if any dimension dif- 863

fers by more than one point across raters, expert 864

reviewers conduct adjudication and may revise the 865

final decision. All scores, timestamps, and meta- 866

data are automatically logged and exported as CSV 867

files for subsequent quantitative analysis. 868

11.2 Visualization of Ablation Results 869

To further examine the effectiveness of CMIG in 870

metaphor visualization, we conducted a qualita- 871

tive comparison of different large language mod- 872

els (LLMs) as metaphorical prompt generators. 873

Figure 8 illustrates results for three representa- 874

tive metaphors—“He was like a butterfly in au- 875

tumn,” “She wears different hats to earn a liveli- 876

hood,” and “He has a heart of gold.” Each metaphor 877

was processed by five LLMs (GPT-4, DeepSeek- 878

R1, LLaMA-405B, LLaMA-70B, and LLaMA-8B). 879

For each model, the left column (Original) shows 880

results generated from the unmodified metaphor 881

text, while the right column (Ours) presents images 882

generated using CMIG-structured prompts, high- 883

lighting the framework’s contribution to metaphor 884

grounding and visual abstraction. 885

For “He was like a butterfly in autumn”, GPT-4‘s 886

baseline generates butterflies and autumn leaves but 887
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Figure 8: Metaphorical image generation across different models. For each example, the left column (Vanilla) shows
results generated directly from the original metaphorical text, while the right column presents images generated
using prompts produced by the CMIG framework.

omits the human element, whereas CMIG creates a888

poetic scene of a figure gazing at drifting butterflies,889

enhancing metaphorical depth. DeepSeek-R1’s890

baseline offers a static composition, while CMIG891

merges human and butterfly imagery to express892

transience and introspection. LLaMA-405B transi-893

tions from a literal autumn landscape to a depiction894

rich in emotional nuance, and LLaMA-70B evolves895

from a simple butterfly–leaf pattern to a dynamic896

figure with upward motion, improving aesthetic co-897

herence. Even LLaMA-8B, despite limited capac-898

ity, progresses from a plain close-up of butterflies899

to a creative human–butterfly fusion. These com-900

parisons show that CMIG consistently enhances901

metaphor recognizability and creative abstraction,902

particularly benefiting smaller LLMs with weaker903

semantic reasoning abilities.904

In “She wears different hats to earn a liveli-905

hood”, which conveys professional multiplicity,906

GPT-4’s baseline depicts a single figure balanc-907

ing multiple hats but lacks contextual coherence.908

The CMIG version transforms this into a sym-909

bolic collage integrating varied professions, clocks,910

and monetary motifs, reflecting adaptive labor.911

DeepSeek-R1’s baseline merges disparate symbols,912

while CMIG organizes them into coherent silhou-913

ettes within a dynamic urban setting. LLaMA-914

405B progresses from static stacking to interac- 915

tive multi-role scenes, and LLaMA-70B introduces 916

creative persona blending, such as detective and 917

artisan archetypes. Even for LLaMA-8B, CMIG 918

enhances the original fantasy-like rendering with 919

richer workplace elements. Across all models, 920

CMIG consistently strengthens narrative coherence 921

and metaphorical depth, highlighting its structured 922

support for conceptual reasoning in prompt genera- 923

tion. 924

For “He has a heart of gold”, which expresses 925

kindness and generosity, GPT-4’s baseline gener- 926

ates a glowing heart embedded in the chest, while 927

CMIG enriches the imagery with human interac- 928

tions—such as acts of empathy—amplifying emo- 929

tional resonance. DeepSeek-R1 transitions from 930

abstract heart–flower motifs to luminous gestures 931

conveying compassion. LLaMA-405B enhances 932

a basic golden heart with halo-like radiance and 933

contextual figures, while LLaMA-70B extends the 934

composition into a socially grounded scene empha- 935

sizing moral warmth. Even LLaMA-8B evolves 936

from a static glowing heart to a vivid depiction 937

of a person embracing it, demonstrating tangible 938

metaphor embodiment. Overall, CMIG systemat- 939

ically improves metaphor interpretability and cre- 940

ative fidelity across LLMs of different sizes, vali- 941
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dating its role as a cognitively grounded framework942

for metaphorical image generation.943
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