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Abstract

Images can powerfully strengthen arguments,
conveying ideas more immediately and com-
pellingly than text alone. With the rise of text-
to-image models, a broad audience can now
generate custom visuals to illustrate their ar-
guments. Yet a fundamental mismatch under-
mines this potential: these models are trained
on concrete scene descriptions, while argu-
ments operate at the level of general, abstract
principles. Naively prompting such a model
with an argumentative text therefore rarely pro-
duces images that genuinely illustrate the argu-
ment. To address this challenge, we propose
an aspect-aware image generation approach.
Given an argument, our method first identifies
the key aspects that an illustrative image should
convey, then constructs a detailed scene descrip-
tion grounded in both the argument and those
aspects, and finally generates an image using
that scene description as the prompt. A human-
assessment evaluation demonstrates that this
approach yields images that illustrate argu-
ments significantly better than those produced
by naive prompting.

1 Introduction

Images are ubiquitous in contemporary life. From
social media and news feeds to advertising bill-
boards and political campaigns, images have be-
come a prominent mode of communication and
argumentation (Groarke, 2024). Images can help to
understand and retain complex information (Clark
and Paivio, 1991). Moreover, images can evoke
strong emotional responses—both positive and
negative—and suggest or motivate particular ac-
tions (Freedberg, 1989; Dunaway, 2018). In adver-

tising, political campaigns, and public discourse,
images are frequently used to support judgments,
justify positions, and motivate action. In this sense,
they serve as visual arguments that can be as persua-
sive as their verbal counterparts (Groarke, 1996).
However, until recently, most people could not il-
lustrate their arguments with specially tailored im-
ages due to the high costs of generating images.1

Despite recent advances in text-to-image gen-
eration, the generation of images that effectively
convey arguments remains a challenge. Whereas ar-
guments are typically expressed at an abstract and
conceptual level, text-to-image models are trained
on concrete descriptions of scenes involving iden-
tifiable objects, actions, and settings. As a result
of this mismatch, images generated with text-to-
image models using an argument as a literal prompt
are incomplete, inconsistent, or unrelated to the in-
tended claim. The columns “Argument as literal
prompt” in Table 1 (on the right-hand side) exem-
plify this problem: key aspects of the arguments
are missing in the respective images.

To address this challenge, we propose aspect-
aware prompt generation for generating images that
illustrate arguments. The proposed approach com-
prises three steps from an argument to the image:
(1) identify the argument’s key aspects—visually
interpretable words and phrases that capture the
key ideas of an argument; (2) generate a descrip-
tive scene-level prompt from the argument and the
identified aspects; and (3) generate the image us-
ing the generated prompt. Column “Aspect-aware

1Internet memes are somewhat of an exception, as they –
to put it simply – allow a generic visual pattern to be adapted
to a specific argument. But memes cannot cover all arguments.
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Argument Aspect-aware prompt Argument as literal prompt

Sugar makes food more
enjoyable.

Dogs require regular
outdoor activity which
promotes a healthier

lifestyle for their owners.

Risk of crime is higher in
public transport.

Stable Diffusion 1.0 XL Stable Diffusion 1.0 XL Stable Diffusion 3.5 Medium

Table 1: Turning an argument into an image: Using the literal argument (first column) as an image prompt results in
images that do not reflect the essence of the argument (third and fourth columns), while the second column shows
the generated images for which the prompt was created using our aspect-aware approach to prompt generation.
Table 2 (third column) shows the prompts that were generated. The image generation models are Stable Diffusion
1.0 XL (second and third columns) and Stable Diffusion 3.5 Medium (fourth column).

prompt” in Table 1 exemplifies the images created
for the different arguments mentioned above, show-
ing a clear improvement over the images generated
with naive prompting.2

This paper is structured as follows: Section 3
discusses the task and challenges of image gener-
ation to illustrate arguments in detail. Section 4
presents a new dataset of arguments and associated
images for evaluating image generation algorithms.
Section 5 introduces seven automatic quality in-
dicators capturing different properties of prompts
and generated images—such as imageability—and
uses them alongside human assessment to com-
pare images generated from literal prompts against
those generated with aspect-aware prompts. The
section further evaluates whether the automatically
identified aspects align with those identified by hu-
mans. Section 6 then discusses the results of the
experiments. Our experiments show that prompts

2Code and data available at:
https://github.com/webis-de/ArgMining-26

derived from argument aspects produce images that
convey the argument more effectively than prompts
generated directly from the literal argument text.

2 Related Work

The persuasive and cognitive impact of visuals has
been documented across numerous domains. A
historical overview of the influence of images on
human emotions and societal practices is provided
by Freedberg (1989). For comprehensive surveys
of text-to-image generation methods, we refer the
reader to Alhabeeb and Al-Shargabi (2024); Bie
et al. (2025). The capability of generative models
to respond to and interpret different prompts has
been systematically investigated by Liu and Chilton
(2022), who analyze how prompt design influences
the quality and characteristics of generated images.

Beyond standard generation tasks, image genera-
tion has also been employed as an intermediate rea-
soning step for language models solving complex
inferential problems (Chern et al., 2025). Related
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work further investigates to what extent models can
identify visual elements that are relevant to an argu-
ment. For instance, Chung et al. (2024) introduce a
benchmark for visual argument understanding that
reveals selective vision—identifying which visual
elements are relevant to an argument—as a key
challenge for current models.

At the intersection of argumentation and visual-
ization, one line of research focuses on detecting
persuasive techniques in multimodal content such
as memes (Dimitrov et al., 2021). Another thread
concerns the visual representation of argumentative
structures: Khartabil et al. (2021) design visualiza-
tion techniques for exploring individual argument
structures, while Kiesel (2025) develops visual an-
alytics approaches for argumentation at the corpus
level. A related direction addresses the generation
of complex statistical infographics from unstruc-
tured text, requiring models to plan chart types,
layouts, and visual structure from textual content
alone (Ghosh et al., 2025).

The most direct precedent for our work is the
Touché Shared Task on Argument Image Retrieval
and Generation (Kiesel et al., 2025, 2024; Bon-
darenko et al., 2023, 2022), which asks participants
to retrieve or generate images that effectively con-
vey a given argument. Existing approaches focus
almost exclusively on retrieval from a predefined
image pool, with generative models playing only
an auxiliary role — for instance, to support ranking
via comparison with generated images (Moebius
et al., 2023) or to produce synthetic training data
for retrieval models (Janusko et al., 2024). We par-
ticipated in the most recent edition of this shared
task with the aspect-aware generation approach pre-
sented in this paper (Kiesel et al., 2025; Anand and
Heinrich, 2025). However, our shared-task contri-
bution is limited to a system description and does
not include a systematic evaluation of the approach
— a gap that the present paper addresses.

3 From Arguments to Image Prompts

This section discusses the conceptual foundations
of generating images for arguments, first examin-
ing the relationship between images and arguments,
and then contrasting abstract argumentative state-
ments with concrete scene descriptions.

Images and Arguments It is a fundamental char-
acteristic of images that they are ambiguous yet
rich in information (Kjeldsen, 2015). Consider a
person standing on a ladder. An image of this situa-

tion conveys far more details than a verbal descrip-
tion, such as the person’s appearance, the surround-
ing environment, or the color and material of the
ladder. While visual richness provides extensive in-
formation, it also introduces ambiguity: it may be
unclear whether the person is climbing up or down
the ladder, leaving the situation open to interpreta-
tion. Another challenge concerns the interpretation
of symbolic elements in images. Understanding
such symbols often depends on cultural and contex-
tual knowledge that is not explicitly represented in
the image itself. Because images are rich in detail
yet ambiguous, their meaning is often guided by
accompanying textual elements that help anchor
the viewer’s interpretation and direct attention to-
ward the intended message (Kjeldsen, 2015). The
ambiguity of images raises the question of whether
visuals can function as arguments at all. Critics ar-
gue that identifying argument structures in visuals—
such as premise-conclusion relations—depends on
background knowledge and interpretive processes
that are fundamentally verbal in nature (Johnson,
2003). Others argue that similar ambiguity is also
present in textual arguments (Groarke, 1996), and
therefore visual arguments can also exist. Still oth-
ers contend that visual representations can function
as evidence supporting a claim (Dove, 2012).

Moreover, visualizing an argument does not nec-
essarily mean producing a single image. Argu-
ments may naturally evoke a sequence of mental
images — for example, the claim “Jack missed the
shot on goal because he was blinded by sunlight”
is most readily understood as a dynamic situation
unfolding across multiple moments. While Cham-
pagne and Pietarinen (2020) suggest tackling this
with a sequence of visual steps that together convey
premises and conclusions, in this work we focus
on the single-image approach.

Abstract Statements versus Scene Descriptions
Modern text-to-image models are trained on large
datasets of image-caption pairs. Captions describe
the visible content of an image, i.e., concrete
scenes. Consequently, the models primarily learn
a mapping between scene descriptions and visual
representations (Radford et al., 2021; Segalis et al.,
2023). A scene depicts a specific situation, as-
sembled from an actor, an action, specific objects,
and visible emotions. An argument, on the other
hand, is not a scene description but often a rule,
a proverb, or an abstract statement; it is therefore
generic (timeless), does not describe a specific situ-
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Argument Identified aspects Aspect-aware prompt

Sugar makes food more
enjoyable.

sugar,
enjoyment,

eating

A young child is happily eating a bowl of ice cream, savoring every delicious
bite. The child’s eyes light up with joy as they taste the sweet, creamy
goodness of the ice cream, enjoying the sweet, sugary taste that brings them
pleasure and happiness.

Dogs require regular
outdoor activity which
promotes a healthier

lifestyle for their owners.

outdoor activity,
owner,

healthy lifestyle

A playful dog and its owner are enjoying a brisk walk through a park on a
sunny day, both of them smiling and full of energy. The dog is wearing a
colorful bandana and the owner has a water bottle in their hand. The park is
filled with people enjoying the beautiful weather, and there are benches and
picnic tables throughout the park for people to relax.

Risk of crime is higher in
public transport.

crime,
public transport,

risk

A crime scene where a violent crime has taken place in a public transport,
with police officers investigating the area and taking statements from
witnesses.

Table 2: From left to right: The original argument, the identified aspects, and the aspect-aware prompt describing a
scene. Aspect identification and prompt generation are performed using LLaMA-3.2-3B-Instruct and Mistral-7B-
v0.1, respectively. Using the aspect-aware prompts, the images in Table 1 (second column) were generated.

ation, and lacks identifiable actors.
This difference has direct implications for the

concept of “visualizability”, which can be defined
as follows:

Visualizability is the degree to which a lin-
guistic description can be directly translated
into a concrete visual scene. It depends on
referentiality, concreteness, event structure,
actor-object relationships, and spatial infor-
mation.

In our approach we increase the visualizability of
the original argument by reducing its ambiguity and
subjectivity. For this purpose we identify a small
number of aspects (4–8) for a given argument and,
based on the two most salient aspects, formulate
a scene description as a prompt that conveys the
essence of the argument. We refer to our approach
as “aspect-aware image generation”. Table 2 gives
examples for arguments, the identified aspects, and
the generated prompts with which the images in
Table 1 were generated.

The fact that more concrete descriptions lead
to clearer and more coherent visual results is also
confirmed by Liu and Chilton (2022).

4 Dataset Construction

To evaluate argumentative image generation, we
construct a dataset of generated images for argu-
mentative claims. The claims are sourced from an
existing dataset by Heinrich et al. (2025). Each
claim is a standalone assertion without supporting
premises (we therefore use claim and argument in-
terchangeably throughout), making it well suited
for representation in a single image. The claims are
argumentative in that they function as enthymemes:

arguments whose supporting premises are implicit
and reconstructable by the audience from common
knowledge (Walton, 2008).

For instance, the claim “Sugar makes food more
enjoyable” rests on unstated premises such as
sugar makes food sweeter and sweeter food is
more enjoyable. This enthymematic structure is
characteristic of nearly all claims in our dataset,
which range from causal assertions (“Automation
increases work efficiency”) to evaluative judgments
(“Street art beautifies urban areas”). It is also what
makes image generation challenging: rather than
depicting a literal scene description, the generated
image must visually convey the implicit reason-
ing behind the claim—precisely the gap that our
aspect-aware approach addresses.

We generate images for each claim
using three approaches: Stable Diffu-
sion XL Base 1.0 (Rombach et al., 2022),
Stable Diffusion 3.5 Medium (Esser et al., 2024),
both of which take the claim directly as input,
and our aspect-aware generation approach, which
proceeds in three stages. First, five candidate
aspects are automatically identified from each argu-
ment using LLaMA 3.2 (3B-Instruct) (Grattafiori
et al., 2024). Next, a human annotator selects the
three aspects that best correspond to the claim.
These selected aspects are then passed to Mistral
(7B-v0.1) (Jiang et al., 2023) to generate a detailed
image prompt, which Stable Diffusion XL Base 1.0
subsequently uses to produce the final image. The
choice of models for each stage was guided by
preliminary experiments during development. The
prompts used for identification and generation are
provided in Appendix A. After generation, 127
claims covering 27 topics remain in our dataset.
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Human assessment

Interval Aspects Images

[0.0; 0.5) 429 (11%) 68 (4%)
[0.5; 1.0) 314 (8%) 141 (7%)
[1.0; 1.5) 631 (17%) 582 (31%)
[1.5; 2.0] 2,436 (64%) 1,114 (58%)

Σ 3,810 (100%) 1,905 (100%)

Table 3: Distribution of the human assessment scores
across 1,905 images (127 claims × 3 systems × 5 im-
ages). Each image was rated by two annotators on two
aspects using a three-point scale (0 = not depicted, 1 =
partial, 2 = clear). The two ratings per aspect and the
four ratings per image were averaged and assigned to
the corresponding interval (first column).

For each argument–generation-approach pair, five
images are generated, yielding 1,905 images in
total3.

For each argument, we define two ground-truth
aspects that should be identifiable in a generated
image to convey the underlying argument. Each im-
age is then checked for the presence of both aspects:
every aspect is independently annotated by two an-
notators using a three-point scale (0–2), where 0
denotes no coverage, 1 denotes partial coverage,
and 2 denotes full coverage, resulting in 7,620 an-
notation points. The final aspect score for an image
is computed as the mean of the two annotators’
scores, and the final image score is obtained by
averaging across the two aspects. Dataset statistics
are summarized in Table 3.

Inter-annotator agreement, measured via Co-
hen’s κ at the aspect level, yields κ = 0.34 — a
moderate score that reflects the task’s inherent sub-
jectivity. Judging how strongly an image conveys
a given argumentative aspect requires interpreting
the visual scene in light of the broader claim, rather
than applying purely perceptual criteria. Repre-
sentative annotation examples illustrating this chal-
lenge are provided in Appendix B.

5 Experimental Analysis

We conduct two experiments. First, we evaluate our
aspect-aware image generation approach against
baselines that use the raw argument as a prompt,
measuring image quality through human assess-
ment and automated quality indicators. Second,
we assess whether the aspects required for aspect-

3The images and data were generated during our partici-
pation in, and organization of, the Touché shared task (Kiesel
et al., 2025; Anand and Heinrich, 2025).

aware generation can be automatically extracted
from a given argument.

5.1 Aspect-Aware Image Generation
We evaluate our aspect-aware image generation
method against the two Stable Diffusion baselines
on our dataset. Representative outputs from all
three approaches are shown in Table 1. For each
approach, quality indicators are computed per gen-
erated image, averaged across the five images gen-
erated per argument, and then aggregated across
all arguments to obtain the overall score. Results
are reported in Table 4. Beyond human assess-
ments, we evaluate image quality using the indica-
tors described below. Since prompt quality directly
influences the generated image, two indicators —
concreteness and imageability — target the prompt
itself; the remaining indicators operate on the gen-
erated image. Several of the latter require textual
image descriptions, for which we sample five de-
scriptions per image using LLaVA (7B) (Liu et al.,
2023) (temperature 0.3) to account for variability
in model outputs.

Concreteness Concreteness reflects the degree
to which a word refers to a perceptible, physical
entity (e.g., dog scores high, justice scores low),
with ratings from 1 (very abstract) to 5 (very con-
crete). We measure prompt concreteness using the
psycholinguistic lexicon of Brysbaert et al. (2014).
Since concreteness is defined at the word level, ex-
tending it to multi-word prompts is non-trivial (Wu
and Smith, 2023). Rather than averaging over all
words, we instead aggregate over the five highest-
scoring tokens per prompt, focusing the measure on
the most content-bearing terms. This is particularly
important for aspect-aware prompts, which tend to
be longer and thus contain more low-scoring func-
tion words (e.g., prepositions) that would otherwise
dilute the score.

Imageability Imageability measures how read-
ily a word evokes a mental image (Coltheart,
1981; Wilson, 1988), operationalized by looking up
words in a dedicated psycholinguistic lexicon.4 Al-
though closely related to concreteness, the two con-
structs can diverge: infinity, for instance, may read-
ily evoke a mental image (e.g., of endless space)
yet receives a low concreteness score, as it lacks
a tangible physical referent. Ratings range from

4Dataset available at
https://huggingface.co/datasets/StephanAkkerman/
MRC-psycholinguistic-database
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Human
assessment

Prompt quality Image quality (SBERT) Image quality (CLIP)

System

Concreteness Imageability Interpret-
ability

Prompt
fidelity

Aspect
coverage

Prompt
fidelity

Aspect
coverage

Ours 0.800
±0.15

0.924
±0.04

0.796
±0.04

0.924
±0.01

0.774
±0.05

0.670
±0.04

0.658
±0.01

0.619
±0.01

SD 1.0 0.668
±0.20

0.594
±0.12

0.558
±0.08

0.922
±0.01

0.668
±0.05

0.675
±0.04

0.644
±0.01

0.620
±0.01

SD 3.5 0.671
±0.22

0.594
±0.12

0.558
±0.08

0.918
±0.01

0.676
±0.05

0.679
±0.03

0.645
±0.01

0.618
±0.01

Table 4: Comparison of our image generation approach using aspect-aware prompts (row “Ours”) with Stable
Diffusion 1.0 XL and 3.5 Medium using literal argument prompts (rows “SD 1.0” and “SD 3.5”). The second
column (Human assessment) shows the achieved ground-truth scores (cf. the overall distribution in Table 3, third
column). Columns 3–9 show algorithmically measured quality indicators for both the prompts and the images. For
better readability, all scores have been scaled to a range between 0 and 1. The computation of the quality indicators
is explained in the text.

1 (low imageability) to 7 (high imageability). As
with concreteness, this measure is defined at the
word level; to obtain a single imageability score
for a prompt, we aggregate over the five highest-
scoring tokens.

Interpretability Interpretability measures how
consistently an image is described, estimated via
a caption-consistency score inspired by Wu and
Smith (2023). We compute pairwise cosine sim-
ilarity over the five generated image descriptions
using Sentence-BERT (SBERT, all-MiniLM-L6-
v2) (Reimers and Gurevych, 2019), then average
the resulting scores. Values range from -1 to 1,
where higher scores indicate that independently
generated descriptions converge on similar content,
suggesting the depicted image is clear and unam-
biguous.

SBERT Prompt Fidelity Prompt fidelity mea-
sures how well the generated image reflects its
prompt. Using SBERT, we compute the cosine
similarity between the prompt and each of the five
image descriptions and average the resulting scores.
Values range from -1 to 1, with higher scores indi-
cating closer alignment.

SBERT Aspect Coverage To evaluate whether
the image descriptions capture the underlying
ground-truth aspects, we compute the cosine sim-
ilarity between each aspect and every sentence in
the description using SBERT, retaining the maxi-
mum similarity across sentences. This ensures that
an aspect is credited if any single sentence reflects
it, rather than diluting the score by averaging over
all words. The per-aspect scores are then averaged
across both ground-truth aspects and all five im-

age descriptions to yield a single score per image,
ranging from -1 to 1.

CLIP Prompt Fidelity and Aspect Coverage
Analogous to their SBERT counterparts, these mea-
sures use CLIP (ViT-B/32) embeddings (Radford
et al., 2021) and cosine similarity, but operate di-
rectly on images rather than on textual descriptions,
eliminating the need for an intermediate captioning
step. Prompt fidelity is computed as the cosine sim-
ilarity between the generated image embedding and
the prompt embedding, following the image–text
alignment paradigm of Hessel et al. (2021). Since
CLIP truncates text inputs exceeding 77 tokens,
longer aspect-aware prompts are partially cut off,
which may reduce the measured prompt fidelity for
these prompts. Aspect coverage is computed anal-
ogously, as the average cosine similarity between
the image embedding and the embeddings of each
ground-truth aspect.

5.2 Identification of Argument Aspects
We evaluate whether LLMs can automatically re-
cover the ground-truth aspects for a given argumen-
tative claim. To this end, each model is prompted
to generate five candidate aspects per claim, and
we run each model five times per claim to ac-
count for output variability. We experiment with
LLaMA 3.2 (3B-Instruct) and GPT-5-Nano (2025-
04-07) (Singh et al., 2025). LLaMA is run at tem-
perature 0.3; GPT-5-Nano at its default of 1.0, as
the parameter is not user-adjustable. Since a model
may return semantically redundant aspects within
a single output, we deduplicate the five generated
aspects before matching. We report recall over
ground-truth aspects — the fraction of the two
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Model Aspect
selection τ=.40 τ=.50 τ=.60 τ=.70

LLaMA 3.2 All 0.909 0.852 0.728 0.595
Top-2 0.797 0.715 0.607 0.490

GPT-5-Nano All 0.976 0.964 0.881 0.757
Top-2 0.859 0.821 0.743 0.617

Table 5: Recall over ground-truth aspects under Hun-
garian 1-to-1 assignment with SBERT cosine similarity
≥ τ , where recall is defined as the fraction of the two
ground-truth aspects matched by at least one generated
aspect. Results are shown for LLaMA 3.2 (3B-Instruct)
and GPT-5-Nano across two aspect selection strategies:
“All” considers all five generated aspects, “Top-2” re-
tains only the two most similar to the claim by SBERT
cosine similarity. Averaged over five runs.

ground-truth aspects matched by at least one gener-
ated aspect — using Hungarian assignment (Kuhn,
1955) to enforce strict one-to-one correspondence
between generated and ground-truth aspects. A
match is established when SBERT cosine similar-
ity exceeds a threshold. We compare two aspect
selection strategies. The first applies Hungarian
matching directly against all deduplicated aspects,
discarding unmatched ones. The second first re-
duces the candidate set to the two aspects most
similar to the claim by SBERT cosine similarity
before matching, constituting a fully automatic set-
ting that requires no human input. Recall across
varying thresholds is reported in Table 5.

6 Results and Discussion

Human assessments in Table 4 confirm that the
aspect-aware generation approach consistently out-
performs both baselines, with Figure 1 providing
a holistic view across all quality dimensions. The
comparatively high standard deviation of the hu-
man scores underscores the subjectivity inherent in
evaluating argumentative images, consistent with
the moderate inter-annotator agreement reported in
Section 4—even though predefined aspects serve
as an explicit reference frame for the annotators.
Concreteness and imageability scores are notably
higher for the aspect-aware approach, suggesting
that its prompts more effectively evoke concrete,
visually grounded scenes. Regarding interpretabil-
ity, differences between systems are small, as all
three approaches generally produce coherent and
interpretable images. This aligns with annotators’
qualitative observations: while baseline images are
typically understandable, they tend to highlight
only a single argumentative aspect while neglect-

Human
Score

Concreteness
(top-k)

Imageability
(top-k)

SBERT
Interpretability

SBERT
Prompt
Fidelity

SBERT
Aspect

Coverage

CLIP
Prompt
Fidelity

CLIP
Aspect

Coverage

0.25

0.5

0.75

1.0

Ours SD 1.0 SD 3.5

Figure 1: Radar chart comparing aspect-aware genera-
tion (“Ours”) against Stable Diffusion XL 1.0 (“SD 1.0”)
and Stable Diffusion 3.5 Medium (“SD 3.5”) across
eight quality indicators. All scores have been scaled to
a range between 0 and 1.

ing others, reducing their overall relevance to the
underlying claim.

A notable difference is observed for prompt fi-
delity under both SBERT and CLIP: aspect-aware
prompts align considerably more closely with
the generated descriptions than raw argumenta-
tive claims, confirming that they are more de-
scriptive and yield images that better reflect the
intended content. Additionally, CLIP similarity
scores tend to cluster within a more compressed
range than their SBERT counterparts, a character-
istic attributable to the anisotropic nature of CLIP
representations (Tyshchuk et al., 2023).

The baseline systems score marginally higher
on aspect coverage under SBERT, and under CLIP
only Stable Diffusion XL 1.0 achieves a marginally
higher score. However, higher coverage does not
indicate superior image quality. The reason lies
in how the two approaches depict aspects. The
baseline uses the claim verbatim as a prompt and
tends to depict one concrete aspect literally while
neglecting more abstract ones. Consider the claim

“Sugar makes food more enjoyable” with ground-
truth aspects sugar and enjoyable food: the base-
line generates images of candy and sweets whose
captions contain words like candy, sugar, sweet,
treats, lollipops that overlap directly with the sugar
aspect, yielding high coverage for that aspect, but
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largely ignore enjoyable food. Since the final cov-
erage score averages over both aspects, the high
score on the literally depicted aspect can still out-
weigh the low score on the neglected one. The
aspect-aware approach instead constructs a scene
description that integrates both aspects indirectly
— for instance, a child happily eating ice cream
conveys both sugar and enjoyable food. The result-
ing captions (child, ice cream, bowl, joy, dessert)
are distributionally further from the original aspect
terms, so the individual coverage scores tend to be
lower, and their average falls below that of the base-
line despite arguably conveying the argument more
effectively. This reveals a limitation of the cover-
age metric: it rewards literal depiction of aspect
terms over holistic scene descriptions that integrate
multiple aspects into a coherent visual narrative.

Table 5 shows that the two ground-truth aspects
of each claim are consistently recovered among the
five LLM-generated aspects. This holds even un-
der Top-2 selection, where retaining only the two
aspects most similar to the claim still yields high
recall. Recall increases as the similarity thresh-
old τ becomes more permissive, and across all
conditions, GPT-5-Nano outperforms LLaMA 3.2.
Notably, even at the strictest threshold (τ = .70),
GPT-5-Nano retains strong recall scores of 0.757
(All) and 0.617 (Top-2), while LLaMA 3.2 de-
grades more sharply—suggesting that GPT-5-Nano
produces aspects that align more closely with the
ground truth.

7 Conclusion

Generating images for arguments poses a funda-
mental challenge: arguments are typically abstract
and rarely describe concrete scenes, while images
are inherently ambiguous and open to interpreta-
tion. We address this through aspect-aware im-
age generation, which decomposes the process into
three explicit steps: aspect identification, prompt
construction, and image generation. This grounds
abstract argumentative content in a concrete vi-
sual scene, improving visualizability. Experiments
on a dataset with human relevance assessments
show that aspect-aware image generation consis-
tently outperforms baselines that use raw argument
text as a prompt. We further demonstrate that
aspect-aware prompts are substantially more con-
crete and imageable than raw argument text, and
that LLM-generated aspects can reliably recover
the ground-truth aspects defined in the dataset. In

principle, an argument could be illustrated without
explicitly identifying aspects — for instance, by
directly prompting a language model to generate
a scene description from the argument. However,
the explicit identification of aspects serves two im-
portant functions beyond prompt construction: it
provides a controllable interface for steering the
generation process toward specific argumentative
dimensions, and it establishes interpretable criteria
against which the resulting images can be evalu-
ated. Future work investigating alternative decom-
position strategies or additional aspect types may
yield further insights into how argumentative con-
tent can be most effectively translated into visual
form, while improved evaluation methods could
better capture whether generated images convey ar-
gumentative intent holistically rather than through
literal depiction of individual aspects.

Beyond improving the illustration of arguments,
the explicit modeling of argumentative aspects
opens further possibilities. By selecting aspects
that emphasize specific persuasive goals, images
can be tailored to the characteristics and prefer-
ences of a target audience. Another promising di-
rection is a more thorough investigation of auto-
mated image evaluation. Building on prior work on
argument quality (Wachsmuth et al., 2017), future
approaches could assess whether generated images
effectively convey dimensions such as credibility or
emotional appeal, enabling more systematic anal-
ysis of how well images support argumentative
goals and guiding the optimization of generation
approaches.

A further research direction concerns the illus-
tration of more complex arguments — ones that
consist of premises and conclusions rather than a
single claim, and that therefore require multiple
coordinated images. As discussed in Section 3,
Champagne and Pietarinen (2020) suggest that un-
derstanding certain arguments requires a sequence
of visual steps that together convey premises and
conclusions. Generating such image sequences in-
troduces the challenge of maintaining semantic and
stylistic consistency across images. Techniques
for personalization and concept preservation (Ruiz
et al., 2023; Gal et al., 2023) may help ensure cross-
image coherence, enabling richer forms of visual
argumentation. In such settings, the generation pro-
cess could be decomposed into a sequence of sub-
goals, with intermediate visual outputs combined
post hoc to construct a coherent argumentative nar-
rative (Chern et al., 2025).
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8 Limitations and Ethical Considerations

The subjective nature of images makes standard-
ized evaluation inherently difficult, and our annota-
tion does not assess dimensions such as emotional
impact, perceived realism, or persuasive power —
all of which are highly relevant to images used in ar-
gumentative contexts. Furthermore, the evaluation
considers aspects in isolation rather than examin-
ing whether multiple aspects are coherently inte-
grated within a single image. Additionally, while
our pipeline uses specific models for each stage
based on preliminary experiments, a systematic
evaluation of how different language and image
generation models affect each stage of the pipeline
— from aspect identification to prompt construction
to image generation — remains an open question.

Regarding image generation, potential biases in
generated images must also be acknowledged: gen-
erative models are trained on large-scale datasets
that reflect cultural and societal influences, and are
therefore far from neutral (Morales et al., 2025).
More broadly, images function as powerful com-
municative tools: they are often perceived as direct
reflections of reality, lending them an appearance of
inherent truth and credibility (Grancea, 2017). Syn-
thetic or manipulated images can therefore desta-
bilize established notions of visual evidence and
trust (Momeni, 2025), particularly when deployed
to frame events or reinforce specific interpreta-
tions of complex issues. As generative models
make the production of persuasive visual content
increasingly accessible, the generation and use of
argument-supporting images demand careful and
responsible application.
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A Prompts

List exactly 5 unique aspects (as single words or short phrases) from the following text.
Format them as a numbered list:

“{text}”

Only output the aspect names. Do not include explanations or sentences.

Figure 2: Aspect Generation Prompt to identify aspects out of argumentative claim (used with LLaMA 3.2
3B-Instruct).

You are a creative assistant tasked with generating descriptive prompts for image generation.
Given an argument and its aspects, craft a detailed, vivid prompt that combines them into a
single, cohesive description suitable for generating an image. The prompt should be rich in
detail, incorporating the argument and all aspects naturally.

Argument: {argument}
Aspects: {aspects}

Figure 3: Image-Prompt Generation Prompt to combine Arguments and Aspects into a descriptive prompt (used
with Mistral 7B-v0.1).
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B Annotation Examples

Argument Aspect-aware prompt Argument as literal prompt

Violent video games
promote aggression.

Aspect: gaming (2,2) (0,2) (2,2)
Aspect: aggression (2,2) (2,2) (2,2)

Cultural traditions often
rely on the use of

animals.

Aspect: animal (2,2) (2,2) (1,0)
Aspect: tradition (2,2) (2,2) (2,2)

Stable Diffusion 1.0 XL Stable Diffusion 1.0 XL Stable Diffusion 3.5 Medium

Table 6: Examples of image generation for argumentative prompts. The left column lists an argument and the
aspects that should be visually depicted. Images are generated either using an aspect-aware prompt or by using the
argument itself as the prompt. Below each image, tuples denote the ratings assigned by Annotator 1 and Annotator 2
for the corresponding aspect, on a three-point scale (0 = not depicted, 1 = partially depicted, 2 = clearly depicted).
Using the argument as a literal prompt can lead to ambiguous interpretations. For example, the Stable Diffusion 1.0
image for Violent video games promote aggression received scores of (0,2) for the gaming aspect, since the scene
can be interpreted as real-world violence rather than a video game context.
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