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Abstract

Illustrating figurative language remains chal-
lenging due to its non-literal semantics, and
existing text-to-image frameworks rely heavily
on proprietary models or human supervision
to achieve adequate alignment. We introduce
CaRVE, a lightweight and fully open-source
critique-driven framework that employs VLM
feedback to refine visual elaborations for fig-
urative image generation. CaRVE bridges the
semantic alignment gap even in sub-4B models
by correcting visual and conceptual misalign-
ments, reducing over-literalization, and improv-
ing robustness to complex figurative expres-
sions. Using only open-source models, CaRVE
achieves a 6.49% improvement over prior base-
lines on intrinsic automatic evaluations and a
+0.37 average rank gain in human preference.
We further release MetaCaRVE, an enhanced
figurative image dataset constructed by refining
HAIVMet using CaRVE1.

1 Introduction

Illustrating figurative language poses unique chal-
lenges due to its non-literal and multi-layered se-
mantics. Prior text-to-image frameworks for fig-
urative illustration (Shahmohammadi et al., 2023;
Chakrabarty et al., 2023; Zhang et al., 2024) ad-
dress this by generating intermediate visual elabo-
rations, typically via chain-of-thought prompting,
to guide image synthesis. However, these elabo-
rations frequently remain underspecified or overly
literal, resulting in semantic drift and misaligned
generations.

Prior works rely heavily on closed, proprietary
models or human verification to minimise such
errors, limiting scalability and accessibility. As
a result, no lightweight and fully open solution
currently exists, largely due to the significant gap
in reasoning capability between proprietary large

1
https://github.com/manishitkundu/CaRVE_ACL_

2026

language models and smaller, open-source LLMs.
We posit that this semantic gap can be effectively
bridged in smaller models through a VLM-critique-
driven feedback mechanism.

In this work, we introduce Critiquing-and-
Refining Visual Elaborations (CaRVE), a
VLM-feedback-driven framework for figurative
text-to-image generation. CaRVE employs
VLM-based critique to iteratively refine visual
elaborations for image generation, yielding
significantly improved semantic alignment even
with smaller sub-4B models. Our contributions are:

1. CaRVE: a novel, lightweight, open-source,
critique-driven framework for illustrating fig-
urative language that outperforms existing
figurative text-to-image generation pipelines,
achieving a 6.49% improvement on intrinsic
automatic evaluations and a +0.37 rank gain
in human preference using only open-source
sub-4B models. This demonstrates its effec-
tiveness in aligning generated images with the
intended meaning of figurative text.

2. MetaCaRVE: An enhanced multimodal fig-
urative dataset constructed by refining the
HAIVMet dataset (Chakrabarty et al., 2023)
using our proposed framework. The dataset
comprises 1100 instances, each consisting of a
linguistic metaphor paired with a synthetically
generated image.

2 Methodology

Following prior work, we adopt a two-stage figura-
tive text-to-image pipeline consisting of (i) gener-
ating a literal visual elaboration from figurative
input and (ii) rendering the elaboration into an
image using an off-the-shelf text-to-image (T2I)
model. We extend this pipeline with a third stage,
Critiquing-and-Refining Visual Elaborations
(CaRVE), which introduces image-conditioned
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Zero-shot without CaRVE with CaRVE

She's drowning in the sea of love

Figure 1: An example illustrating the role of CaRVE’s visual feedback in enhancing semantic alignment.

feedback to improve the visual elaboration and con-
sequently, image-text semantic alignment.

Stage I–II: Vanilla Baseline. Given a figurative
input, an LLM first produces a grounded literal
interpretation and a corresponding visual elabora-
tion, which is then rendered into an image by a
pretrained T2I model. Prompt details are provided
in Appendix J.

Stage III: Critiquing and Refining (CaRVE).
CaRVE employs a VLM as a semantic critic that
evaluates the generated image in the context of the
figurative input and its interpretation. The VLM
identifies conceptual, visual, and communicative
misalignments and produces targeted refinement
suggestions.

The critique is structured around three key
semiotic dimensions of visual metaphor expres-
sion (Bolognesi et al., 2018): Conceptualisa-
tion, Expression, and Communication. It evalu-
ates whether the primary and secondary concepts
and their associated attributes are correctly iden-
tified (Conceptualisation), how abstract and con-
crete elements are visually grounded in the gener-
ated image (Expression), and whether metaphori-
cal elements are meaningfully integrated without
over-literalization in a manner consistent with the
grounded interpretation (Communication). Based
on these analyses, the VLM produces a set of tar-
geted suggestions, which are then passed to the
LLM to generate a refined elaboration. This re-
vised elaboration is subsequently fed to the T2I
model to produce the final image.

3 Results and Analysis

We generate images from HAIVMet (Chakrabarty
et al., 2023), GOME (Zhang et al., 2024), and

T2I Model VE Model TT ↑ TI ↑ Overall ↑
DALL-E HAIVMet 0.722 0.386 0.554
SD 1.4 GOME 0.710 0.400 0.555

Vanilla 0.681 0.384 0.533
HAIVMet 0.722 0.384 0.553

Pixart-α GOME 0.710 0.384 0.547
CaRVE 0.785 0.385 0.585
Vanilla 0.681 0.386 0.534
HAIVMet 0.722 0.386 0.555

Lumina GOME 0.710 0.386 0.548
CaRVE 0.788 0.388 0.588

Table 1: Intrinsic evaluation of models using our com-
posite metric. TT denotes the Text-to-Text component,
TI denotes the Text-to-Image component, and Overall is
their mean. All scores range from 0 to 1. Yellow high-
lights baseline methods as reported in their respective
papers, while Green indicates our proposed methods.
Vanilla indicates the two-stage pipeline with the same
backbone without CaRVE. T2I indicates the Text-to-
Image and VE indicates Visual Elaboration.

CaRVE visual elaborations using two text-to-image
models: PixArt-α (Chen et al., 2024) and Lumina
(Qin et al., 2025). We additionally evaluate the
same two-stage backbone without the critique pass,
referred to as Vanilla. For context, we also in-
clude the original generations from HAIVMet and
GOME using their respective models. All experi-
ments use figurative texts from the HAIVMet-Data
(also used in GOME-Data) for standardised com-
parison.

3.1 Intrinsic Automatic Evaluation

We introduce a composite metric for evaluating
figurative text-to-image pipelines that separately
scores the elaboration and image stages and aggre-
gates them into a final score in the range [0,1].

(1) Figurative Text to Visual Elaboration (TT).
TT measures elaboration quality as the mean of
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three sub-metrics: Flesch Readability (Flesch,
1948), Literality, and Faithfulness, each nor-
malised to [0,1]. Literality and Faithfulness are
scored by an LLM (Qwen2.5-7B) acting as a se-
mantic evaluator, while Flesch Readability is com-
puted automatically. Additional evaluations using
two other LLMs are reported in Appendix G.

(2) Visual Elaboration to Image (TI). TI evalu-
ates image–elaboration alignment using DA-Score
(Singh and Zheng, 2023), which decomposes elab-
orations into assertions and computes their BLIP
similarity to the image. The final TI score is the
mean similarity, normalised to [0,1].

(3) Overall. The final score is the mean of
TT and TI, providing an end-to-end measure of
image–text semantic alignment.

CaRVE substantially improves elaboration qual-
ity while relying solely on lightweight, fully
open models. CaRVE improves the TT metric
by 15.27% over the Vanilla pipeline and by an av-
erage of 9.85% over corresponding prior baselines,
directly supporting our claim that critique-based re-
finement bridges the semantic gap in figurative text-
to-image generation. Notably, while HAIVMet
employs DALL·E 2 (Ramesh et al., 2021) (3.5B pa-
rameters) together with GPT-generated and human-
verified elaborations, and GOME relies on GPT-4
(OpenAI, 2023) with a scenario visualisation mech-
anism, CaRVE operates entirely with small, fully
open-source models (a 4B LLM, a 4B VLM, and
a 0.6B T2I model), eliminating reliance on propri-
etary systems and human supervision while deliv-
ering competitive, and often superior, performance.
This establishes CaRVE as a lightweight, repro-
ducible, and scalable alternative for high-quality
figurative image generation in low-resource set-
tings. For further fine-grained analysis of the TT
metric and illustrative examples of intermediate
visual elaborations, see Section D.

Variations due to T2I models are limited.
CaRVE achieves an average TI improvement of
0.36% over the baselines, indicating minimal
variation. This marginal gain is expected, as the
underlying T2I backbone remains unchanged,
the visual elaborations are already literal scene
descriptions, and off-the-shelf T2I models are of
sufficiently high quality. Any residual variation is
likely attributable to linguistic differences and the
degree of specification in the elaborations. We also
note that the original GOME framework employs

an attention-based alignment mechanism during
image generation, contributing to its comparatively
higher TI score in the reported configuration.

Small TI gains do not imply small semantic
changes. CaRVE introduces subtle but meaning-
ful modifications, such as adding, removing, or
refining elements, that significantly affect the gen-
erated image while producing only minor numeri-
cal changes in the TI metric. This behavior arises
because DA-Score averages alignment across mul-
tiple assertions, diluting the impact of any single
change; as the number of assertions increases, the
contribution of individual improvements becomes
less pronounced. Consequently, even clear visual
enhancements often yield only marginal gains in
TI, especially when compared to improvements in
TT.

CaRVE introduces significant change

Input: The ripples wimple on the rills,
like sparkling little lasses.

Vanilla: A narrow forest stream flows
through a clearing. Small glowing girls
appear to dance across the rippling water.
Their shimmering dresses catch the light
as they skip and play, as if the stream itself
has transformed into tiny, sparkling lasses.

CaRVE: A small stream flows slowly
through a forest clearing. Water moves in
gentle ripples, reflecting the soft light of
early morning. The ripples are clear and
bright.

The above example demonstrates a change induced
by CaRVE. In the Vanilla case, figurative elements
(e.g., “small glowing girls”) are explicitly realized
in the text and consequently, in the generated im-
age, whereas CaRVE removes such abstractions
in both text and image, producing a more semanti-
cally aligned depiction. Despite this clear semantic
shift, both (elaboration, image) pairs remain inter-
nally consistent: the Vanilla output includes the
figurative elements in both modalities, while the
CaRVE output consistently omits them. As a re-
sult, although CaRVE is semantically closer to the
intended metaphor, the elaboration–image align-
ment remains similar across both cases, resulting
in comparable DA-Scores. This indicates that TI
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Setting Mean Rank ↓
Zero-shot 3.26
HAIVMet 2.75
GOME 2.18
CaRVE 1.81

Table 2: Human ranking of outputs generated by
PixArt-α in the zeroshot setting and with elabora-
tions from HAIVMet, GOME, and CaRVE. Results
indicate that CaRVE outputs are most preferred by hu-
mans, achieving a +0.37 average rank improvement.

primarily reflects the T2I model’s ability to align
text and image, rather than true semantic grounding.
This is further supported by Table 1, where larger
T2I models achieve higher absolute scores, while
the relative improvement of CaRVE over Vanilla
remains consistent across model sizes. Thus, TI
is best understood as a sanity check: it ensures
that text–image alignment is preserved and that
no degradation in visual coherence occurs due to
critiques.

3.2 Human Evaluation

We conduct human evaluations to assess the quality
of generated images and visual elaborations, focus-
ing on semantic alignment with the input metaphor
and overall perceptual quality. Across multiple
comparative settings, annotators consistently pre-
fer CaRVE over prior baselines, demonstrating the
effectiveness of critique-based refinement beyond
what is captured by automatic metrics.

3.2.1 Image Comparison with Prior Baselines
We evaluate four settings: Pixart-α in a zero-shot
setting, and, along with elaborations generated us-
ing HAIVMet, GOME, and CaRVE. We randomly
sampled 100 figurative sentences and split them
into five equal sets of 20 instances. Each instance
comprised a figurative sentence and its correspond-
ing image outputs from all four models. Five hu-
man evaluators were recruited, and each was as-
signed two disjoint sets, ensuring that every set
was evaluated independently by two different anno-
tators. Annotation details in Appendix I.

For each instance, annotators were asked to rank
the four images based on how effectively they con-
veyed the intended meaning, with ties allowed. On
average, CaRVE received a higher rank than all
baselines by 0.37, reflecting consistent annotator
preference. Furthermore, our model was ranked
highest (including joint-firsts) in 64.43% of all

comparisons.
Given the subjective nature of metaphor inter-

pretation, we measured inter-annotator agreement
using Spearman’s ρ and observed a mean correla-
tion of 0.59, indicating moderate-to-strong consis-
tency among human preferences and reinforcing
the reliability of our human annotations. The corre-
lation between automatic scores and human rank-
ings was 0.48, suggesting a moderate alignment.
Importantly, this corresponds to 81.4% of the hu-
man–human agreement level, which is reasonable
given the inherent subjectivity of the task.

3.2.2 Visual Elaboration Comparison with
Prior Baselines

We conduct a 5-point Likert-scale evaluation of vi-
sual elaborations generated by Vanilla, HAIVMet,
GOME, and CaRVE based on faithfulness to the
input metaphor and quality. Human annotators con-
sistently prefer CaRVE, which attains the highest
average score of 4.27 compared to 4.16 for GOME,
which was a close second. This validates our au-
tomated critique-based framework and alleviates
concerns regarding the absence of human supervi-
sion.

3.2.3 Effect of Critique-based Refinement
We further evaluate CaRVE against the Vanilla
pipeline using the same LLM and T2I backbone.
Human annotators are asked to select the better
image between the two methods, with ties permit-
ted. We observe a clear preference for CaRVE-
generated images, indicating that critique-based
refinement substantially improves semantic align-
ment. Ties account for only 35% of the instances,
suggesting that in the majority of cases the critique
pass is necessary to achieve optimal visual repre-
sentations. See examples in Appendices D and
E.

3.3 CaRVE as an Alternative to Model Scaling

We analyze the effect of model scale on the rela-
tive benefit of the critique-based feedback loop by
varying the size of the underlying language model
in the vanilla two-stage pipeline and evaluating
performance with and without the critique pass.

As shown in Table 3, increasing model size im-
proves the performance of the Vanilla pipeline
while reducing the relative gains from critique-
based refinement, as larger models already pro-
duce stronger initial elaborations with less room
for improvement. Nevertheless, CaRVE consis-
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Figurative
Text

GOME

CaRVE

Home is a shell

✅ Better semantic alignment

The ripples wimple on the
rills, like sparkling

little lasses

She is drowning in
the sea of love

✅ Reduced Overliteralization

I have absolutely no control
over my life, and yet I'm
like a fish in deep water

Figure 2: Examples illustrating improved semantic alignment and reduced overliteralization in CaRVE
outputs. CaRVE goes beyond surface-level interpretation, capturing the underlying meaning with careful attention
to conceptual representation.

Figure 3: Humans prefer CaRVE outputs over the
Vanilla two-stage pipeline outputs.

Model Size Vanilla Score CaRVE Score
4B 0.532 0.585 (+9.75%)
8B 0.548 0.591 (+7.85%)

14B 0.561 0.596 (+6.23%)

Table 3: Effect of model size on Vanilla and CaRVE
performance. Percentages indicate relative gains over
corresponding Vanilla configurations.

tently enhances performance across all scales, with
the largest gains observed in low-resource settings.
Notably, CaRVE with a 4B backbone (0.585)

outperforms the Vanilla pipeline even at

14B (0.561). These results demonstrate that
critique-based refinement can be more effective
than brute-force model scaling, positioning CaRVE
as a compute-efficient alternative, particularly in
lightweight and deployment-constrained settings.
A detailed analysis of CaRVE’s computational over-
head is provided in Appendix B.

4 Dataset Enhancement via CaRVE

We enhance 1100 instances common to GOME-
Data and HAIVMet-Data by regenerating their vi-
sual elaborations and images using CaRVE. For

dataset construction, we employ Qwen3-4B as the
LLM, Gemma3-4B as the VLM, and PixArt-α as
the T2I model.

The resulting dataset, denoted as MetaCaRVE,
contains refined visual elaborations and corre-
sponding images that exhibit higher literality, im-
proved semantic faithfulness, and reduced over-
literalization (Figure 2) compared to the original re-
leases, as evidenced by our evaluations in Tables 1
and 2. By providing systematically refined super-
vision, MetaCaRVE offers a stronger benchmark
for training and evaluating figurative text-to-image
systems. We additionally release the Vanilla elab-
orations prior to CaRVE refinement, which may
serve as useful negative examples for preference-
based optimization and contrastive training settings.
Additional examples in Appendix E.

5 Summary and Conclusion

We introduced CaRVE, a lightweight and fully
open-source, critique-driven framework for figu-
rative text-to-image generation, enabling sub-4B
models to achieve strong semantic alignment with-
out reliance on proprietary systems or human su-
pervision. Through comprehensive automatic and
human evaluations, we demonstrate that critique-
based refinement consistently improves visual elab-
oration quality and overall alignment, allowing
smaller models to compete with and even surpass
substantially larger baselines. We further release
MetaCaRVE, an enhanced figurative image dataset
constructed using CaRVE.
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Limitations

While our approach strengthens figurative language
elaboration, there are several avenues that fall out-
side the scope of the current work and merit explo-
ration in future studies.

1. Use of Off-the-Shelf Text-to-Image Models.
We use pretrained text-to-image (T2I) models
without any task-specific fine-tuning or adap-
tation. While this allows for modularity and
fair comparison, it also means we do not opti-
mize the image generation component of the
pipeline. Integrating feedback-driven tuning
for the T2I stage could potentially yield even
stronger results, especially for metaphors re-
quiring fine-grained visual composition.

2. Single-Pass Refinement. CaRVE applies a
single critique-and-refine pass. Although this
improves efficiency, more complex or layered
figurative expressions may benefit from iter-
ative refinement. Implementing such loops
would likely improve output quality, but at
the cost of increased inference time and com-
pute, raising scalability concerns in real-world
applications.

3. Language and Resource Limitations. Our
experiments are conducted exclusively in En-
glish, a high-resource language with relatively
simple morphology. The effectiveness of
CaRVE in languages with richer morpholog-
ical structures, or in low-resource settings
where metaphorical constructs vary signifi-
cantly, remains unexplored. Extending the
method to such languages may require ad-
ditional linguistic adaptation and culturally
grounded training data.

Ethics Statement

Our work builds upon large pretrained models, in-
cluding text-to-image (T2I) models, language mod-
els (LLMs), and vision-language models (VLMs),
all of which may carry inherent biases learned from
their training data. These biases can manifest in
the generated elaborations and images, particularly
in the depiction of social roles, gender, race, or
cultural symbols, potentially leading to stereotyp-
ical or inappropriate representations in figurative
contexts.
While our primary focus is on improving the se-
mantic alignment and figurative depth of visual

outputs, we acknowledge the risk of bias propa-
gation through the pipeline. We ensure that no
harmful or derogatory generations are included in
our final qualitative or human evaluation results.
Furthermore, no personally identifiable or sensi-
tive data is used or produced in our pipeline. All
datasets used are publicly available or synthetically
generated without referencing real individuals.

All models used in this study are publicly re-
leased and used under their respective licenses.
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human–AI collaboration. VIPE (Shahmohammadi
et al., 2023) proposed a lyric-based elaboration
pipeline that uses LLMs to generate abstract tex-
tual prompts, improving image expressiveness and
symbolic coherence.

More recently, GOME (Zhang et al., 2024) intro-
duced a grounding-aware chain-of-thought (CoT)
elaboration pipeline that explicitly aligns metaphor-
ical attributes with visual entities. This reduces
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over-literalization and enhances visual relevance
for abstract prompts.

Critique and Self-Refinement Frameworks:
Our method, CARVE, situates itself in the broader
class of post-hoc critique and iterative refinement
frameworks, where generative outputs are analyzed
and improved through model-guided feedback.

In language generation, SELF-RAG (Asai et al.,
2024) introduced a retrieve–generate–critique loop
for improving factual correctness. Krishna et al.
(2023) showed that post-hoc explanations of lan-
guage model predictions can enhance downstream
performance through self-rationalization. Simi-
larly, Zhong et al. (2024) demonstrated how LLMs
can be harnessed as post-hoc correctors to revise
flawed generations using targeted critique.

While prior elaboration pipelines provide
valuable abstractions for metaphorical prompts,
they remain vulnerable to semantic drift, over-
literalization, and incomplete grounding. These
limitations motivate our approach which uses a
vision–language model to identify representational
gaps and guide an LLM in refining the visual elab-
oration accordingly.

To the best of our knowledge, CaRVE is the first
critique-based figurative text-to-image generation
framework.

B Practicality, Efficiency, and
Computational Overhead Analysis

We analyze the runtime latency, GPU-hour cost,
and memory footprint of CaRVE relative to the
vanilla two-stage pipeline to quantify the practical-
ity and deployability of our framework.

B.1 Latency

Table 4 reports the average per-instance inference
latency. The vanilla two-stage pipeline requires
46.55 seconds per instance, while CaRVE incurs a
latency of 97.75 seconds, corresponding to a 2.1×
increase due to the additional critique pass. This be-
havior is expected, as the text-to-image generation
stage (executed for 50 diffusion steps) constitutes
the dominant contributor to inference latency; since
CaRVE performs image generation twice, once in
the initial stage and once after the critique pass, the
resulting latency is approximately doubled relative
to the vanilla pipeline.

Method Latency (Seconds / Instance)
Vanilla 46.55
CaRVE 97.75

Table 4: CaRVE takes roughly double the amount of
inference time compared to the Vanilla pipeline.

B.2 GPU Cost

We also measure computational cost in GPU-hours
with the amount of time required to generate
1100 instances using the Vanilla method and using
CaRVE. Over 1100 instances, the vanilla pipeline
consumes 14.22 GPU-hours, while CaRVE con-
sumes 29.86 GPU-hours, reflecting a bounded and
linear overhead.

Method Total GPU-hours
Vanilla 14.22
CaRVE 29.85

Table 5: Total GPU-hours over 1100 instances.

B.3 GPU Memory Footprint

Table 6 summarizes the peak GPU memory usage
of both pipelines. The vanilla pipeline requires
23 GB of VRAM, consisting of 13 GB for the
language model and 10 GB for the text-to-image
model. CaRVE introduces an additive 14 GB foot-
print for the critique VLM, resulting in a total of
37 GB VRAM.

Method Peak VRAM Usage
Vanilla 23 GB
CaRVE 37 GB

Table 6: Peak VRAM Usage while generating 1100
instances with a batch size of 1.

B.4 Practicality

Although CaRVE incurs a 2.1× latency overhead
and an additive +14 GB VRAM footprint, it re-
mains fully deployable and scalable. All compo-
nents of CaRVE are open-source and rely exclu-
sively on sub-4B models, without any proprietary
APIs or human-in-the-loop verification. As a result,
the computational cost scales linearly with dataset
size, enabling predictable and cost-efficient large-
scale deployment while delivering substantial per-
formance improvements over the vanilla pipeline
as demonstrated in Table 1 and Figure 3.
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# Critique Passes Performance Score ↑ Latency (s/inst) ↓
0 (Vanilla) 0.522 46.55
1 (CaRVE) 0.585 97.75
2 0.587 148.90
3 0.550 199.80

Table 7: Effect of increasing the number of critique passes on performance and latency.

C Ablations

C.1 Number of Critique Passes
We analyze the effect of increasing the number of
critique passes on performance and computational
cost. In addition to the default single critique pass
used in CaRVE, we evaluate variants employing
two and three successive critique passes. Each
additional pass introduces an extra round of critique
generation followed by a subsequent text-to-image
generation stage, thereby increasing both latency
and GPU cost.

As shown in Table 7, the introduction of a single
critique pass yields a substantial improvement over
the vanilla pipeline. However, additional critique
passes provide only marginal gains while incur-
ring near-linear increases in inference latency. This
diminishing return indicates that a single critique
pass offers the best trade-off between performance
improvement and computational overhead, moti-
vating our design choice in CaRVE.

We also observe that increasing the number of
critique–generation passes leads to a degradation
in output quality. This degradation arises primarily
from errors compounding across successive itera-
tions, as well as from the tendency of later passes
to over-adjust already satisfactory visual elements,
thereby introducing unnecessary details or unin-
tended artifacts.

C.2 VLM Critic Size
We analyze the effect of VLM critic capacity on
the performance of the critique-based feedback
loop. Our primary setup employs a 4B-scale critic;
increasing the critic size can yield more precise
and semantically grounded feedback, leading to
improved refinements. However, this comes at
the cost of additional computational overhead. In
particular, configurations combining a lightweight
base model with a significantly larger critic (e.g.,
4B LLM + 12B VLM) may approach or exceed the
resource requirements of larger standalone models
(e.g., 14B Vanilla). These observations highlight
a trade-off between critic capacity and efficiency,

suggesting that the most favorable regime lies in
pairing smaller base models and critics to achieve
the best performance–efficiency trade-off.

D Improvements due to CaRVE

D.1 Sub-metric Analysis for Automatic
Evaluation

Our text-to-text automatic evaluation relies on three
complementary sub-metrics: Flesch Readability,
Literality, and Faithfulness. We analyze the im-
provements induced by CaRVE across these sub-
metrics to identify which aspects of the generated
visual elaborations are explicitly enhanced by the
critique-based feedback mechanism.

As shown in Table 8, CaRVE consistently out-
performs the Vanilla pipeline across all three sub-
metrics, yielding absolute improvements of +0.09
in Flesch Readability, +0.10 in Literality, and
+0.12 in Faithfulness. These gains indicate that
the critique-based feedback loop enhances multi-
ple complementary aspects of visual elaboration
quality. The improvement in readability reflects
increased linguistic clarity and concreteness, result-
ing in more visually executable descriptions, while
the gains in literality and faithfulness demonstrate
reduced over-literalization and improved preserva-
tion of the intended metaphorical meaning. Collec-
tively, these results suggest that CaRVE functions
as a general semantic alignment mechanism rather
than merely improving surface-level fluency.

D.2 Qualitative analysis of Visual Elaboration
improvement

We present qualitative examples to illustrate how
CaRVE improves the semantic grounding and ex-
pressiveness of visual elaborations. While the
Vanilla pipeline often exhibits overly literal or
surface-level interpretations of figurative inputs,
CaRVE produces outputs that better capture the in-
tended meaning, tone, and abstraction. Across the
following examples, we highlight three recurring
patterns: reduction of overliteralization, improved
semantic alignment with figurative intent, and more
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Method Readability ↑ Literality ↑ Faithfulness ↑
Vanilla 0.53 0.75 0.76
CaRVE 0.62 0.85 0.88

Table 8: Sub-metric comparison between visual elaborations generated using the Vanilla pipeline and CaRVE.

coherent tonal interpretation. These cases comple-
ment our quantitative results by demonstrating the
nature of improvements that are not fully captured
by automatic metrics.

Example: Reducing Overliteralization

Input: The ripples wimple on the rills, like
sparkling little lasses.

Vanilla: A narrow forest stream flows through
a clearing. Small glowing girls appear to dance
across the rippling water. Their shimmering
dresses catch the light as they skip and play,
as if the stream itself has transformed into tiny,
sparkling lasses.

CaRVE: A small stream flows slowly through
a forest clearing. Water moves in gentle
ripples, reflecting the soft light of early
morning. The ripples are clear and bright.

Example: Semantic Alignment

Input: Home is a shell.

Vanilla: A large seashell sits on a sandy beach.
Inside the shell is a small house with windows
and a door carved into its surface, as waves
roll in behind it.

CaRVE: A quiet house with empty chairs
around a table, sunlight streaming through
dusty windows. The walls are bare, and the air
feels still and cold, with no laughter or voices
to fill the space.

Example: Tonal shift

Input: Love is like Jenga.

Vanilla: A couple sits at a table playing a
game of Jenga. Wooden blocks are stacked in
the center, and one person reaches forward
to pull out a piece while smiling. The scene
looks casual and playful.

CaRVE: A couple sits across from each other
at a kitchen table, staring at a broken vase
between them. One clenches their fists while
the other avoids eye contact. The room is
quiet, lit by a low candle and the faint hum of
a refrigerator, with a dripping faucet adding to
the tense mood.

E Examples from the MetaCaRVE
Dataset

We present additional qualitative examples from
MetaCaRVE alongside corresponding samples
from HAIVMet-Data and GOME-Data. Figure 4 il-
lustrates that CaRVE consistently produces higher-
quality, more semantically aligned visual elabora-
tions and images that better capture the intended
metaphorical meaning.

F Dataset Generation Details

All enhanced elaborations in MetaCaRVE are gen-
erated using a three-stage pipeline composed ex-
clusively of open-source sub-4B models. Given a
metaphorical caption, an initial literal visual elab-
oration is produced using Qwen-3-4B (fp16). A
structured critique identifying over-literalization,
ambiguity, and missing visual details is then gen-
erated using the same model. The final refined
elaboration is obtained by conditioning on this cri-
tique. Image generation is performed using PixArt-
α with 50 diffusion steps at 1024×1024 resolution
and CFG 7.5. Text decoding uses temperature 0.7,
top-p 0.9, and a maximum length of 256 tokens.
The complete pipeline is released to ensure full
reproducibility.
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Figure 4: Examples from the MetaCaRVE dataset.
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Evaluator Human A Human B Qwen 2.5 7B LLaMA 3.1 8B Gemma 2 9B
Human A - 0.59 0.50 0.47 0.49
Human B 0.59 - 0.48 0.47 0.47
Qwen 2.5 7B 0.50 0.48 - 0.82 0.80
LLaMA 3.1 8B 0.47 0.47 0.82 - 0.86
Gemma 2 9B 0.49 0.47 0.80 0.86 -

Table 9: Pairwise Spearman rank correlations between human annotators and automatic evaluators.

G Extended Automatic Evaluations using
multiple LLMs

G.1 Models Used
To ensure that our automatic evaluation is not
biased toward any particular model, we analyze
the agreement between multiple large language
models used as evaluators. All evaluator LLMs
are substantially larger than the models employed
within our framework (all < 4B parameters), and
therefore serve as strong external judges. Specifi-
cally, we use the following LLMs for evaluation:
(i) Qwen 2.5 7B, (ii) LLaMA 3.1 8B, and (iii)
Gemma 2 9B.

G.2 Results
We evaluate the performance of Vanilla and CaRVE
using three different LLM evaluators to mitigate
potential bias toward any single model. As shown
in Table 10, the resulting scores exhibit limited vari-
ation across evaluators, which can be attributed to
the coarse-grained nature of the literality and faith-
fulness scales and the shared training distributions
of modern instruction-tuned LLMs.

Evaluator LLM Vanilla ↑ CaRVE ↑
Qwen 2.5 7B 0.681 0.785
LLaMA 3.1 8B 0.673 0.764
Gemma 2×9B 0.675 0.775

Table 10: Text-to-text (TT) evaluation across multiple
LLM evaluators.

G.3 Inter-LLM Correlation
As shown in Table 9, the evaluator models exhibit
strong mutual agreement, with pairwise Spearman
correlations in the 0.8s. This high level of con-
sistency indicates that the automatic evaluation is
stable across different LLM architectures and pa-
rameter scales, and that the observed improvements
attributed to CaRVE are not artifacts of any single
evaluator. Importantly, since all evaluator mod-
els are substantially larger than the sub-4B models
used within our framework, these results further

validate that the reported gains are consistently
recognised by stronger external judges, support-
ing the robustness and generality of our evaluation
protocol. In Table 1, we report scores obtained
using Qwen 2.5 7B due to its comparatively higher
correlation with human evaluators.

H Model Details

This section details the exact model names and
versions used for our experiments:

1. LLM for CaRVE: Qwen/Qwen3-4B (Yang
et al., 2025)

2. VLM for CaRVE: google/gemma-3-4b-it
(Team et al., 2025)

3. Pixart-α: PixArt-alpha/PixArt-XL-2-1024-
MS (Chen et al., 2024)

4. Lumina: Alpha-VLLM/Lumina-Image-2.0
(Qin et al., 2025)

5. LLM as a Judge: Qwen/Qwen2.5-7B-
Instruct (Qwen et al., 2025); google/gemma-
2-9b (Team, 2024); meta-llama/Llama-3.1-8B
(Grattafiori et al., 2024)

I Annotation Details

I.1 Annotator Details

We employed five annotators between the ages of
25 and 30, all of whom were proficient in English
and had prior experience in linguistic annotation.
All annotators were working in the field of compu-
tational linguistics. They were compensated fairly
with a competitive stipend for their time and con-
tributions.
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I.2 Human Evaluation Guidelines
General Instructions

1. You are required to annotate a total of 40
instances.

2. Each instance should take approximately
2 minutes, so the full evaluation will take
around 80–90 minutes.

3. Each instance consists of one text descrip-
tion (Column B) and four images (Columns
C–F), each generated using a different
method.

4. Your task is to rank the images in order of
how well they express the meaning of the
text, and enter your ranking in Column G.

Task Instructions

Step 1: Understand the Text

• The text in Column B contains figurative
language.

• Take a moment to fully grasp the meaning
of the text before evaluating the images.

• Do not proceed to Step 2 until you feel con-
fident in your understanding of the text.

Step 2: Evaluate the Images

• Review the corresponding images in
Columns C–F.

• Analyze how each image attempts to visually
convey the intended meaning of the text.

While ranking the images, please keep in
mind:

A. Do not judge based solely on visual ap-
peal.

B. Focus on how well the image expresses
the core meaning of the text.

B1. Look for meaningful representation
of the text’s concepts. For example,
for “He is a lion,” simply placing a
man and a lion in the image is not
enough. The image should convey
bravery.

B2. Avoid rewarding over-literalization.
For example, “He has a heart of gold”
is about kindness. A literal golden
heart misses the point unless done
creatively and meaningfully.

B3. Not all metaphor components must
be visualized. For “He is a lion,”
there’s no need to show a lion if brav-
ery is well communicated.

C. Use your judgment. These examples are
meant to guide your thinking, but your
final ranking should reflect your interpre-
tation.

D. If you have questions:

• You may reach out to us for technical
clarifications only.

• We cannot help interpret the text or
images.

Step 3: Record Your Preference

• Once you’ve finalized your ranking, enter it
in Column G.

• Image labels:

– Image 1 → Column C
– Image 2 → Column D
– Image 3 → Column E
– Image 4 → Column F

How to write your ranking (no ties): If your
preference is Image 4 > Image 3 > Image 1 >
Image 2, write: 4312 in Column G.
How to indicate ties:

• Use parentheses () to group tied images.

• Example 1: If Image 1 = Image 4 > Image
2 = Image 3 → (14)(23)

• Example 2: If all images are equally
good/bad → (1234)

Please try to avoid excessive use of ties. Only
use them if you genuinely find the images in-
distinguishable in quality.

If anything remains unclear, feel free to reach
out for clarification. Thank you for your par-
ticipation!
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J Prompt details

This section outlines the prompts employed across
different inference setups. There are mainly four
prompts:

1. Prompt for grounded interpretation: Gener-
ates grounded, literal interpretations of figu-
rative text using few-shot examples. (Figure
5)

2. Prompt for Visual Elaboration generation:
Generated visual elaboration from grounded
meaning and original figurative text using few-
shot examples. (Figure 6)

3. Prompt for VLM Chain-of-Thought: Gener-
ates targeted feedback after analysing the im-
age, the figurative text and the grounded in-
terpretation is a step-by-step fashion. (Figure
7)

4. Prompt for LLM as a judge: Generates Literal-
ity and Faithfulness scores for our composite
metric. (Figure 8)

For brevity, we omit some few-shot examples used
across prompts.
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Few-shot prompt for grounded interpretation generation

You are a language model that specialises in understanding figurative expressions. Given a sentence
containing a figurative phenomenon, your task is to identify and explain its core grounded meaning in
simple, literal terms. The grounded meaning should capture what the sentence intends to convey
without figurative language. Respond only with the explanation, without adding extra commentary or
repeating the sentence.

Example 1:
Input Sentence:
"Her words were a soothing balm on his wounded heart."

Output:
She spoke kindly or comfortingly, which made him feel better emotionally.

Example 2:
Input Sentence:
"His mind was a steel trap."

Output:
He was very quick and sharp at remembering or understanding things.

Example 3:
Input Sentence:
"The city was a jungle at night."

Output:
The city was chaotic, dangerous, or unpredictable at night.

Example 4:
Input Sentence:
"She’s the sunshine of my life."

Output:
She makes me very happy and brings joy to my life.

Example 5:
Input Sentence:
"Time is a thief that steals our moments."

Output:
Time passes quickly and causes people to lose opportunities or experiences.

Now, given the following:

Input Sentence:
"text"

Output:

Figure 5: Few-shot prompt for grounded interpretation generation
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Few-shot prompt for Visual Elaboration generation

You are a language model that specialises in creating visual descriptions that match a given meaning.
Given a short explanation of a concept or emotion, describe a realistic, concrete visual scene that
would align with and convey that meaning. Use simple, literal language without metaphors or
abstract expressions.

Example 1:
Input Sentence:
"Her words were a soothing balm on his wounded heart."
Meaning:
She spoke kindly or comfortingly, which made him feel better emotionally.

Output:
A young woman sits beside a man on a park bench. She gently touches his shoulder, smiling softly as
he wipes away a tear. They are surrounded by quiet trees and warm sunlight.

Example 2:
Input Sentence:
"His mind was a steel trap."
Meaning:
He was very quick and sharp at remembering or understanding things.

Output:
A boy in a classroom eagerly raises his hand as soon as the teacher finishes asking a question. His
notebook is neatly filled, and his eyes are focused and bright.

Example 3:
Input Sentence:
"The city was a jungle at night."
Meaning:
The city was chaotic, dangerous, or unpredictable at night.

Output:
A busy street filled with honking cars, people rushing in all directions, flashing neon signs, and dark
alleys where shadows move unpredictably.

Now, given the following:
Focus your scene generation primarily on the meaning provided, not the figurative text. The figurative
text is only there for reference and as a sanity check. Your task is to bring the meaning to life through
a concrete visual scene.

Input Sentence: text
Meaning: meaning
Output:

Figure 6: Few-shot prompt for Visual Elaboration generation
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Chain-of-Thought Prompt for Figurative Evaluation

You are a vision-language expert tasked with evaluating how well an image conveys the meaning of a
figurative sentence. Your job is to identify where the image aligns with or diverges from the intended
figurative meaning, and to suggest refinements that could help the image better express the core idea.

The evaluation will be guided by three key semiotic dimensions:

1. Conceptualisation — identifying and mapping the key concepts involved in the figurative
expression.
2. Expression — assessing how abstract and concrete elements are visually represented.
3. Communication — evaluating how effectively the image conveys the intended figurative meaning
to a viewer.

Follow this step-by-step chain-of-thought reasoning process:

1. Conceptualisation
- What is the **primary concept** (the subject of the figurative sentence)?
- What is the **secondary concept** (what it is being compared to)?
- What is the **attribute** that links the two?
- Does the image clearly reflect this figurative mapping?

2. Expression
- Are both **concrete and abstract elements** from the figurative meaning visually represented?
- Is the figurative idea expressed in a **creative and meaningful way**?
- Is there **symbolic or artistic abstraction**, or is the representation overly literal?

3. Communication
- Does the image successfully convey the intended emotional or conceptual message?
- Are there any elements that are distractingly literal, irrelevant, or misleading?
- Would a viewer unfamiliar with the figurative input still grasp the core figurative idea?

Output
Based on your analysis, provide actionable suggestions for improvement as a JSON object with three
fields: ‘modify‘, ‘add‘, and ‘remove‘. Each field should contain natural language suggestions to
improve the image’s alignment with the figurative input.

Format:
“‘json

"modify": ["..."],
"add": ["..."],
"remove": ["..."]

Only include suggestions that are grounded in the analysis above. Be specific and concise.

Figure 7: Chain-of-Thought Prompt for Figurative Evaluation
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LLM as a Judge prompt

You will be given an input text and a visual elaboration generated from that input text. The visual
elaboration is intended for use in a text-to-image model to produce an image. Your task is to evaluate
how well the visual elaboration captures the *intended meaning* of the figurative text. Carefully look
at the text and think about what it really means.

Your evaluation has two parts:

1. **Faithfulness** (0 or 1):
- 1 = The visual elaboration clearly and accurately conveys the intended meaning of the figurative text
- 0 = The elaboration fails to capture the text’s meaning, is too figurative, or directly paraphrases the
metaphor.

2. **Literality** (1 to 3):
- 3 = Fully literal and visualizable; uses no metaphorical or symbolic phrases.
- 2 = Mostly literal with minor metaphorical hints or paraphrasing.
- 1 = Largely non-literal; uses figurative language or reuses metaphorical phrases from the input.

Return your evaluation in JSON format using the following keys:
- ‘"Faithfulness"‘ (0 or 1)
- ‘"Literality"‘ (1, 2, or 3)
- ‘"Justification"‘ (a short explanation of your reasoning)

**Do not include any explanation outside the JSON.**

Example:

Metaphor: Her voice poured like warm honey through the noise.
Visual Elaboration: An opera singer stands in front of a fully packed theatre. The back of the crowd
is standing up and appear to be talking to each other. The front of the crowd is hyptonized by her
singing and look directly at the singer. As her voice, symbolized by staff notes, reaches farther parts
of the audience, they also get mesmerized.
Output:

"Faithfulness": 1,
"Literality": 3,
"Justification": "It aligns with the metaphor’s meaning by showing the calming effect of her voice.
The scene is literal and does not use metaphorical phrasing."

Now, it is your turn to evaluate. Output in the specified JSON format ONLY. No additional text or
explanation is needed. Only the JSON.

Figurative Text: text
Visual Elaboration: ve
Output:

Figure 8: LLM as a Judge prompt
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