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Abstract

Mapping linguistic to visual representations is
a central objective in vision-language model
(VLM) development. Consequently, current
VLM benchmarks and training objectives pre-
dominantly optimize for literal, descriptive cor-
respondence between modalities. However, in
real-world multimedia contexts, text and im-
ages are rarely strictly redundant; they are of-
ten loosely coupled, interacting at higher nar-
rative levels. To capture this dynamic, we in-
troduce Visual Narrative Freedom (VNF): the
degree to which a generative system can pro-
duce multiple plausible visual realizations from
an underdetermined textual input. In this paper,
we systematically evaluate text-to-image (T2I)
generation across a continuum of linguistic con-
straints, conditioning models on visual descrip-
tions, captions, and full news articles. Using
perceptual, structural, and semantic metrics,
we first demonstrate that as textual constraints
loosen (and VNF increases), T2I models pro-
duce images that are significantly more diverse
from ground-truth reference photographs. Hu-
man evaluation further reveals that providing
generation models with greater visual narrative
freedom significantly increases the likelihood
that their outputs are preferred over authentic
news photographs, despite the known stylistic
limitations of AI imagery. Ultimately, these
findings suggest that the creation of persuasive
multimodal misinformation is more imminent
than evaluations of T2I systems based solely on
text descriptions may indicate. This highlights
the need for VLM evaluation frameworks that
better capture the underdetermined nature of
real-world image-text alignment.

1 Introduction

Mapping linguistic representations to visual repre-
sentations and integrating the two modalities has
been at the forefront of recent vision–language
model (VLM) development (Zong et al., 2023; Li
et al., 2021). Many existing approaches align im-

ages and text through shared embeddings or cross-
modal supervision (Li and Tang, 2026; Fei et al.,
2022), often optimizing for literal correspondence
between textual descriptions and visual content
(Radford et al., 2021). However, such formula-
tions overlook a fundamental aspect of multimodal
communication: images and text do not merely
translate information but interact at higher narra-
tive and symbolic levels (Zwaan, 2014; Cheema
et al., 2023; Barthes, 1977).

While image-to-text (ITT) and text-to-image
(TTI) systems are typically studied separately due
to differences in architectures and training objec-
tives, both aim to model relationships between vi-
sual and linguistic modalities (Zhang et al., 2024).
In this work, we use the term VLMs broadly to refer
to models that connect visual and textual modali-
ties, including image captioning, image generation,
and cross-modal retrieval. This grouping shifts
the focus from architectural distinctions to how
image–text relationships are structured and op-
erationalized in current VLMs, making our anal-
ysis relevant across the broader spectrum of vision–
language applications.

In many multimedia contexts, images do not
function as literal visual translations of text (Zwaan,
2014; Lommatzsch et al., 2022). Across domains
such as journalism, advertising, and social media,
images often complement or symbolically repre-
sent textual narratives rather than redundantly mir-
roring them (Cheema et al., 2023). As a result,
the relationship between a text and an image may
be loosely coupled: a single textual narrative can
plausibly correspond to multiple visual realizations.
Generative systems can exploit this flexibility be-
cause, unlike real-world photography, they are not
constrained by physical access, timing, or the avail-
ability of real-world scenes (Ciammaichella, 2023).

We refer to this generative property as Visual
Narrative Freedom (VNF): the degree to which a
system can produce multiple plausible visual real-



izations for the same textual context. VNF emerges
when the mapping from text to image is underde-
termined, allowing generative models to instantiate
different visualizations of the same narrative. In
practice, loosely coupled inputs such as full articles
afford greater VNF than tightly specified descrip-
tions.

Visual journalism provides a particularly high-
stakes context in which these dynamics become vis-
ible (Strikovic and Cools, 2025; Paik et al., 2023).
Images accompanying news articles often serve nar-
rative or framing functions rather than strictly doc-
umenting the events, locations, or figures described
in the text. At the same time, news photographs
carry evidentiary authority and are often perceived
as eyewitness records of reality (Banks, 2013; Ris-
tovska, 2020; Rubinstein and Sluis, 2008). These
characteristics make news media an informative
setting for studying the downstream impact of gen-
erative systems when image–text relationships are
loosely constrained. Even when generated images
achieve high perceptual fidelity, they may retain
stylistic cues that distinguish them from traditional
photojournalism (Strikovic and Cools, 2025; Thom-
son et al., 2025), potentially resulting in an inherent
dispreference in journalistic contexts.

News articles serve as an especially useful re-
source to investigate the effects of VNF, since they
inherently provide naturalistic examples of text that
vary across three VNF levels for each individual
image: descriptions (which can be generated from
the image directly when absent), captions, and full
news articles. This allows us to examine how differ-
ent levels of textual constraint influence the diver-
sity of generated images and how these differences
interact with audience preferences for VNF align-
ment when images are presented alongside their
corresponding articles.

In summary, our main contributions are: (1) We
show that loosely coupled image–text relationships
is not solely an image-to-text (I2T) problem but
generalizes to evaluating text-to-image (T2I) sys-
tems, making it a bidirectional Vision-Language
alignment issue. (2) We introduce VNF, a mea-
surable generative property that characterizes the
range of plausible visual realizations from a given
textual context. (3) Through pre-registered exper-
iments in news media, we demonstrate that VNF
increases audience preference for images presented
alongside articles, even when AI-generated im-
agery carries stylistic disadvantages.

2 Related Work

Our work connects two strands of literature on im-
age–text relationships. The first examines how
VLMs operationalize relationships between im-
ages and text, typically assuming tightly aligned
descriptive correspondence. The second comes
from multimedia communication and journalism,
where images and text often interact more loosely
in real-world settings. Building on these perspec-
tives, we introduce VNF as a property that emerges
when generative models operate under loosely con-
strained textual inputs.

2.1 Image–Text Relationships in
Vision–Language Models

Across VLM tasks, the dominant paradigm as-
sumes relatively tight semantic alignment between
images and text (Fei et al., 2022). Image caption-
ing datasets typically describe visible entities, at-
tributes, and actions within an image (Kreiss et al.,
2022a), and many TTI benchmarks similarly rely
on prompts that explicitly specify the visual scene
to be generated (Baraheem et al., 2023). This as-
sumption is reflected in both training objectives and
dataset construction. Large-scale contrastive frame-
works such as CLIP (Radford et al., 2021), ALIGN
(Jia et al., 2021), CLOOB (Shin et al., 2022), and
DeCLIP (Li et al., 2022) learn multimodal rep-
resentations by maximizing correspondence be-
tween paired images and captions. Widely used
benchmarks, including MSCOCO (Lin et al., 2014),
Flickr30K (Young et al., 2014), Visual Genome
(Krishna et al., 2017), and Conceptual Captions
(Sharma et al., 2018), similarly pair images with
text that directly describes visible content.

Recent work has begun to explore richer forms
of cross-modal interaction. For example, the Visual
Commonsense Reasoning dataset (Zellers et al.,
2018) evaluates models’ ability to infer motivations
and social context from images, while Concadia
(Kreiss et al., 2022b) distinguishes between de-
scriptions, which substitute for images by focusing
on visible features, and captions, which accompany
images to provide contextual information. Simi-
larly, BriVL (Huo et al., 2021) introduces a weakly
correlated vision–language pretraining framework,
relaxing the assumption that paired image–text data
must exhibit strict semantic correspondence.

At the same time, modern multimodal architec-
tures increasingly support extended textual con-
ditioning beyond short captions (Liu et al., 2024;



Zhang et al., 2024). However, evaluation frame-
works still emphasize literal correspondence be-
tween textual descriptions and visual content (Lom-
matzsch et al., 2022). This paradigm underrepre-
sents the broader range of relationships found in
real-world multimedia communication, where im-
ages and text may interact through complementary,
loosely aligned, or even contrasting narrative roles.

2.2 Image–Text Relationships in Multimedia
Communication

In many real-world multimedia contexts, images
and text interact through relationships that extend
beyond literal description. For example, social me-
dia posts frequently pair images with captions that
frame interpretation rather than strictly describe vi-
sual content (Mehmet and Clarke, 2016). In news
media, images accompanying an article may illus-
trate broader themes, frame particular actors, or
evoke emotional responses without depicting the
specific events described in the text (Lommatzsch
et al., 2022; Oostdijk et al., 2020). In such con-
texts, audiences do not simply evaluate whether
images correspond with text; instead, they inter-
pret how the two modalities interact by drawing on
contextual knowledge and narrative cues.

In news image–article pairings, this loosely cou-
pled relationship is often described as the depiction
gap: the difference between what an image literally
depicts and why it is connected to the accompany-
ing text (Lommatzsch et al., 2022). Depiction gaps
arise because news images may be selected for the-
matic relevance, narrative framing, or practical con-
straints such as image availability and newsroom
sourcing limitations (Cheema et al., 2023; Oost-
dijk et al., 2020). When such gaps are substantial,
multiple distinct visual realizations may plausibly
accompany the same narrative context, creating
interpretive latitude in how textual narratives are
visually represented. This flexibility motivates our
investigation of VNF in TTI generation.

3 Characterizing Visual Narrative
Freedom

To characterize VNF in TTI systems, we analyze
generated images under three prompting conditions
that share the same underlying context: description,
caption, and article. These prompts vary systemat-
ically in the degree of semantic constraint imposed
by the textual input.

3.1 VNF Latitude across TTI Tasks

These three common TTI prompting forms vary in
visual specification, forming a continuum of textual
constraint—from tightly specified descriptions to
broader narrative context—and enabling us to ex-
amine how prompt scope shapes VNF in generative
systems.

Descriptions represent the most restrictive condi-
tion, explicitly specifying visual attributes such as
subjects, environment, and scene composition, leav-
ing relatively little ambiguity about the intended
image.

Captions provide moderate constraint, summa-
rizing the depicted event while omitting many vi-
sual details and allowing for multiple plausible re-
alizations.

Articles introduce the least restrictive condition
and represent the novel condition introduced in
our study. This condition is enabled by recent ad-
vances in TTI generators capable of processing
longer textual inputs. Full articles provide rich nar-
rative context but rarely specify the precise visual
scene accompanying the story, affording greater
interpretive latitude for image generation.

3.2 Measuring VNF

Because VNF concerns the range of visual interpre-
tations arising from the same textual context, we
measure variation directly in generated images. Us-
ing computational similarity metrics, we quantify
this variation by comparing plausible generated im-
age candidates from the same textual input to one
another (Intra-Prompt Diversity) or to a reference
photograph representing the ground-truth image
pairing instance (Reference Deviation).

Across these measurements, if the VNF prop-
erty holds, the diversity of generated images across
candidates and their visual deviation from the
original image should increase progressively from
description- to caption- to article-based generation.

Intra-Prompt Diversity measures the diversity
of visual realizations produced from the same
prompt. For each textual input, multiple candidate
images are generated and compared using pairwise
similarity. Higher scores indicates greater diver-
sity in visual interpretations and thus greater VNF.
Formally, diversity is computed as the average pair-
wise distance (i.e., 1− sim) across generated can-
didates:
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N(N − 1)

∑
i ̸=j

(1− sim(Ii, Ij))

where N is the number of generated images for
a given prompt, and Ii, Ij denote generated images
from the same prompt.

Reference Deviation measures how far gener-
ated images deviate from the original photograph
paired with each news instance, which serves
as one possible visual realization of the narra-
tive. Formally, we compute deviation as 1 −
sim(Igenerated, Ireference), where higher scores in-
dicate greater divergence from the original depic-
tion and thus greater VNF.

Similarity Metrics To capture visual similarity
across different levels of representation, from low-
level perceptual features to high-level semantic con-
cepts, we consider four complementary similarity
metrics across perceptual, structure, semantics and
conceptual:

• LPIPS (Learned Perceptual Image Patch
Similarity) computes distances between in-
termediate feature activations from a pre-
trained AlexNet network, calibrated to cor-
relate with human perceptual similarity judg-
ments (Zhang et al., 2018).

• DISTS (Deep Image Structure and Tex-
ture Similarity) compares structural corre-
lations and texture statistics derived from fea-
ture maps of a pretrained VGG network, cap-
turing both spatial layout and texture similar-
ity (Ding et al., 2022).

• VGG Feature Similarity measures similarity
between deep visual representations extracted
from a pretrained VGG network. Feature
maps are globally pooled via adaptive average
pooling and compared using cosine similarity
to produce image-level embeddings capturing
high-level visual structure (Simonyan and Zis-
serman, 2015).

• CLIP Embedding Similarity measures se-
mantic similarity using cosine distances be-
tween image embeddings produced by the
LongCLIP ViT-L/14 model in a joint vi-
sion–language representation space aligned
with textual concepts (Radford et al., 2021).

4 Model Experiments

To characterize the latitude of VNF in real-world
applications, we construct a balanced set of 108
news instances drawn from five major outlets for
both model experiment and human evaluation in
a naturalistic context. The dataset is intentionally
kept small, as the same stimuli are reused for hu-
man experiments and each instance is generated
under multiple conditions, resulting in 324 unique
text-image pairs.

4.1 Dataset

To assess the effect of VNF on TTI systems, we
curated a dataset from two established multimodal
news corpora: VisualNews (Liu et al., 2021), in-
cluding four major outlets (BBC, The Guardian,
USA Today, and The Washington Post), and VOA
News from M2E2 (Li et al., 2020). Each selected
item contained a news image, caption, and full arti-
cle. To ensure experimental consistency, account
for LongCLIP context window limitations (i.e., 248
tokens), and control participant engagement time,
we restricted articles to 100–200 words, required
captions to contain at least five words to avoid un-
derspecified prompts, and conducted sampling to
roughly reflect the underlying distribution of out-
lets and major news topics. After filtering and bal-
ancing, the final stimulus set contained 108 news
instances. Topic distributions and token counts are
reported in Appendix A.

Generating Image Descriptions For each in-
stance, we derived an additional tightly constrained
condition by generating a highly detailed image de-
scription using GPT-5 (note that GPT-4o was used
for the human experiment in Section 5.1, as GPT-5
had not yet been released at that time). Unlike stan-
dard short alt-text descriptions commonly found
online, these descriptions were deliberately con-
structed to be maximally specific, explicitly spec-
ifying subjects, environment, lighting, mood, and
camera perspective. This condition creates the most
constrained setting. The exact prompt is provided
in the Appendix B.

4.2 Experiment Setup

For each news instance, we generated images un-
der three conditions using prompts derived from
the same underlying content: a description-based
condition, a caption-based condition, and an article-
based condition.



The generated image aspect ratio was selected
to approximate the original photograph whenever
possible (e.g., 16:9 or 4:3 → 1,536×1,024; 9:16 or
3:4 → 1,024×1,536), based on the closest available
aspect-ratio options provided by the TTI systems.
Each prompt generates 5 candidates per model,
yielding an expected total of 108 instances ×
3 conditions × 5 candidates × 3 models =
4,860 images. In total, we generated 4,771 im-
ages, due to Nano-Banana-2 refusals and the open-
source model occasionally generating news article
layouts rather than images under the article-based
condition.

4.3 Model Selection

For this analysis, we prioritized generation
speed and high-level compositional and se-
mantic variation over perceptual fidelity. We
considered three models: Nano-Banana-2,
Realistic-Vision-V3.0, and Qwen-Image.
Nano-Banana-2 is a proprietary T2I model
from the Imagen family (used for high-
fidelity generation in human evaluations).
Realistic-Vision-V3.0 is a Stable Diffu-
sion–based model fine-tuned for photorealistic
generation; we used 50 inference steps and replace
its CLIP backbone with LongCLIP (ViT-L/14) to
support longer textual inputs (up to 248 tokens).
Qwen-Image is an open-weight T2I model; we used
the DFloat11/Qwen-Image-DF11 checkpoint, a
quantized variant optimized for memory-efficient
deployment via CPU offloading, with 30 inference
steps and a true_cfg_scale of 3.0. All other
configurations used model defaults.

4.4 Results

Similarity metrics (LPIPS, DISTS, VGG, and
CLIP) introduced in Section 3.2 are used for both
intra-prompt diversity and reference deviation mea-
surements, capturing variation across perceptual,
structural, semantic, and conceptual dimensions.

Intra-Prompt Diversity According to Figure 1,
at the aggregated level (i.e., diversity computed
across image candidates for each prompt across
all three models), the three generation condi-
tions exhibit a clear trend: similarity decreases
from description to caption to article, indicat-
ing increasing generation diversity under less
constrained prompts. When examining individ-
ual models, this pattern is most consistent in
Qwen-Image, which shows a strong monotonic

decrease across all metrics. Nano-Banana-2 fol-
lows a similar but more moderate trend. In con-
trast, Realistic-Vision-V3.0 exhibits a partial
deviation: caption-based generations show slightly
higher similarity than description-based genera-
tions, indicating lower diversity under caption
prompts. Nevertheless, its article-based generation
still produces the lowest similarity (i.e., highest di-
versity). These patterns are consistently observed
across all similarity measures.

Reference Deviation According to Figure 2,
at the aggregated level (i.e., deviation computed
across image candidates for each prompt across
all three models), the three generation condi-
tions exhibit a clear trend: the average simi-
larity between generated images and reference
images decreases from description- to caption-
to article-based generation. Examining individ-
ual models, this pattern is most consistent in
Qwen-Image and Nano-Banana-2, both of which
show a strong monotonic decrease across all met-
rics. Realistic-Vision-V3.0, however, exhibits
a slightly inconsistent pattern across metrics, with
only DISTS and VGG showing a monotonic de-
crease. Nevertheless, similar to the intra-prompt
diversity results, its article-based generations show
the largest reference deviation. These patterns are
largely consistent across similarity measures.

Overall Results Across all representation lev-
els, we observe a consistent increase in both intra-
prompt diversity and reference deviation as the gen-
eration prompt expands from description to caption
to article. This pattern suggests that increasingly
loose image–text coupling affords greater VNF
within the same TTI model. This VNF property
emerges across the full spectrum of visual represen-
tations, spanning perceptual, structural, semantic,
and conceptual dimensions, thereby enabling the
generator to produce progressively more diverse
visual interpretations of the underlying event.

5 Human Evaluation

We recruit human participants to assess preferences
for images generated under the three conditions,
each compared against the journalist-selected ref-
erence. These evaluations reveal the audience-end
implications of modern TTI systems for loosely
coupled image–text tasks: as models achieve high
visual fidelity in photorealistic images, they can
effectively leverage VNF, shaping how audiences
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Figure 1: Intra-Prompt Diversity (lower similarity = greater diversity). Metrics are z-scored across 108 instances per
condition; ribbons denote 95% CIs; results are shown per model and in aggregate (across candidates and models).
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Figure 2: Reference Deviation ((lower similarity = greater devaition). Metrics are z-scored across 108 instances per
condition; ribbons denote 95% CIs; results shown per model and aggregated (across candidates and models).

perceive and prefer generated imagery.
All procedures were approved by the

SCHOOL_NAME Institutional Review Board
(IRB Protocol #24-0019-AM-001; May 28, 2025).
Experiments were preregistered on AsPredicted
(https://aspredicted.org/8kd9ss.pdf).

5.1 Preferences Across the VNF Latitude

For this experiment, we switch to a state-of-the-art
proprietary TTI system to generate high-fidelity,
photorealistic news images. This allows us to mea-
sure participant preferences across TTI tasks with
increasing VNF latitude in an ecologically valid
news context, while minimizing reliance on low-
level stylistic artifacts that weaker generators may
introduce.

Stimuli and Model Selection All image descrip-
tions were generated via gpt-4o, following the
same process documented in Section 4.1. We se-
lected Imagen 3 for its strong ability to produce
high-fidelity, photorealistic images of coherent hu-
man figures and naturalistic scenes. We further
conducted extensive controls and validation, en-

suring balanced image fidelity (see Appendix D)
and confirming that reference deviation increases
from description- to article-based generation under
Imagen 3 as textual constraints are relaxed (see
Appendix C).

Procedure We employed a within-subject de-
sign comparing description-, caption-, and article-
based generation conditions using a two-alternative
forced choice paradigm. On each trial, participants
were shown a news article alongside two images:
one original journalist-selected image and one gen-
erated by a TTI model. Participants selected the im-
age they would publish as a journalist for the given
article. The forced-choice design enables direct
comparison between TTI-generated and original
images under a shared article context, yielding a
relative news image preference measure that can be
directly interpreted against the 50% chance level.

Each participant viewed images generated un-
der all three conditions but saw each article only
once. Participants completed 108 randomized trials
(i.e., 36 per condition), with stimuli fully balanced
across the three conditions. To encourage adequate

https://aspredicted.org/8kd9ss.pdf


Article
Police have sniffed out one of Merseyside's biggest cannabis farms being 

grown in a Liverpool tower block. Candia Towers in Everton was raided on 

Wednesday after a passing patrol noticed a strong smell of cannabis. 

Officers found more than 2,000 plants growing in three flats on the fifth floor 

and discovered more in five flats on the sixth and 12th floors……

Caption
Officers became suspicious after looking up and seeing sheeting on the 

windows of a fifth floor flat. 

Description
The composite image juxtaposes two distinct scenes, capturing disparate 

aspects of urban life. On the left, a towering high-rise building stands under 

a clear azure sky, its rectangular façade dotted with evenly spaced windows, 

suggesting a densely populated residential structure. The morning light casts 

soft shadows, accentuating the building's height and emphasizing the crisp 

lines of its architecture, viewed from a low-angle perspective that 

underscores its imposing presence……

Original Caption-Based

Article-BasedDescription-Based

Figure 3: Preference experiment across VNF latitude. Left: example description, caption, and article for a news
instance; Middle: real image and generated images under each condition; Right: violin plots of results over 108
stimuli (gray dots), with means and bootstrapped 95% CIs.

engagement with the article content, each trial first
presented the article alone with a suggested min-
imum viewing time of approximately 30 seconds.
Participants then proceeded to a second page dis-
playing both the article and its corresponding im-
age for coherence assessment. Two practice trials
preceded the main task.

Participants and Exclusions 110 participants
were recruited from the SCHOOL_NAME student
subject pool in January 2026, with no overlap with
other studies in this paper. After excluding partic-
ipants who failed more than one attention check
or provided incomplete responses, 98 participants
remained for analysis.

Results Given the forced choice setup (where
0.50 reflects equal preference between TTI-
generated and real images), one-sample t-tests
showed that both the description- (M = 0.441,
p < .001) and caption-based (M = 0.435, p <
.001) conditions were significantly below chance,
indicating a preference for real images. In con-
trast, the article-based condition was significantly
above chance (M = 0.531, t = 2.65, p = .009),
indicating a preference for AI-generated images.

We analyzed differences across generation con-
ditions using a linear mixed-effects model with
condition as a fixed effect and random intercepts
for subjects. The article-based condition was signif-
icantly higher than the description-based condition
(β = 0.091, SE = 0.012, z = 7.60, p < .001),
indicating that images generated from article-based
prompts were more likely to be preferred over real
images. Additionally, the caption-based condition
did not differ from the description-based condi-
tion (β = −0.006, SE = 0.012, z = −0.50,
p = .618), suggesting similar preference levels
under more constrained TTI tasks.

5.2 Preferences for AI Visual Styles

To examine whether observed stylistic regularities
reflect Imagen 3-specific behavior or more general
properties of contemporary TTI systems, we repli-
cated the description-based generation condition
using GPT-5–generated descriptions and additional
TTI models.

Stimuli and Model Selection We synthesized
images with three state-of-the-art TTI models:
Imagen 4, GPT-Image-1, and Qwen-Image. This
design tests whether the stylistic claim persists
across model families with different training
paradigms, architectures, and stylistic priors. These
models are selected to capture diversity across pro-
prietary and open-weight systems. Imagen 4 is
the latest iteration of the Imagen family and serves
as a within-family replication of Imagen 3 (Sa-
haria et al., 2022). GPT-Image-1, OpenAI’s flag-
ship image generation model, represents a distinct
proprietary system with its own learned visual
aesthetics and rendering characteristics, enabling
stylistic comparison beyond the Imagen lineage.
Qwen-Image is implemented following the same
procedure described in Section 4.2, with two modi-
fications: the number of inference steps is increased
to 50, and true_cfg_scale is set to 4.0 to improve
generation fidelity.

Procedure We employed a within-subject design
comparing description-based generation across
three TTI models, Imagen 4, GPT-Image-1,
and Qwen-Image, using the same forced-choice
paradigm. In each trial, participants were shown a
news article alongside two images: the original im-
age and one generated by one of the three models.

Each participant viewed images generated by
all three models but saw each article only once.
Participants completed 108 randomized trials (i.e.,
36 per model), following the same procedure as in



Original Imagen 4

Qwen-ImageGPT-Image-1

Description
A crowd of about a dozen people presses up against a red metal barricade on 

a tree-lined street as a Burmese woman standing on the back of a truck 

reaches down to accept a bouquet wrapped in crinkled clear plastic, her face 

lifted in a smiling, grateful expression. Several men in white shirts stand beside 

her on the platform, while photographers and supporters below stretch their 

hands and cameras upward; sweat-sheened forearms and open palms fill the 

foreground, catching the light. The setting appears outdoors near a faded 

signboard with local script and a red flag, with dense greenery forming the 

background. The mood is charged and celebratory, with a sense of relief and 

anticipation. Lighting is natural and directional, likely late afternoon, with strong 

sunlight slanting from the right, creating sharp contrasts and elongated 

shadows on faces, hands, and the peeling paint of the barricade. Textures 

include the chipped, rust-flecked rail, the crisp white fabric of shirts, the glossy 

cellophane around red flowers, and the damp sheen on skin in humid air. The 

camera angle is a low, crowd-level perspective with a slightly wide lens, 

emphasizing the upward reach of hands toward the figures on the truck.

Figure 4: Preference experiment for AI visual style. Left: the same description used across all generators; Middle:
real image and model-generated images; Right: violin plots of results over 108 stimuli (gray dots), with means and
bootstrapped 95% CIs.

the previous experiment. All remaining procedures
mirrored the prior study.

Participants and Exclusions A total of
110 participants were recruited from the
SCHOOL_NAME student subject pool between
February and March 2026, with no overlap
with other studies reported in this paper. After
exclusions, 97 participants remained for analysis.

Results One-sample t-tests showed that all mod-
els were significantly below chance (Imagen 4:
M = 0.290, p < .001; GPT-Image-1: M =
0.181, p < .001; Qwen-Image: M = 0.180,
p < .001), indicating a consistent preference for
journalist-selected images over generated images.
This highlights a systematic stylistic disadvantage
of TTI-generated images under tightly constrained
description-based prompts.

Further analyzing model differences using a lin-
ear mixed-effects model with random intercepts
for subjects, both GPT-Image-1 (β = −0.109,
SE = 0.011, z = −10.22, p < .001) and
Qwen-Image (β = −0.110, SE = 0.011, z =
−10.33, p < .001) showed significantly lower pref-
erence than Imagen 4. This indicates that Imagen
4 yields comparatively higher-fidelity visual out-
puts, supporting our use of the Imagen family for
high-fidelity image generation in our study.

6 Conclusion

We argue that the dominant paradigm in modern
VLMs largely assumes tight semantic alignment
between images and text, whereas most real-world
multimodal contexts exhibit image–text relation-
ships at higher narrative and symbolic levels. This
semantic looseness motivates us to examine how
different levels of textual constraint shape the Vi-
sual Narrative Freedom of Text-to-Image systems.
We conduct model experiments across three com-

mon prompting settings (description-, caption-, and
article-based generation) and introduce two met-
rics, Intra-Prompt Diversity and Reference Devia-
tion, to characterize how these conditions reflect
VNF. Our results show a gradual increase in VNF
as input constraints are relaxed from description-
to article-based generation.

Our human evaluation reveals important soci-
etal implications. Loosening Visual Narrative Free-
dom does not only result in generated images that
are more preferred than under tighter VNF con-
straints, it can even lead to these system outputs
being preferred over journalist-selected images in
high-stakes civic contexts. These findings suggest
that the creation of persuasive multimodal misinfor-
mation is closer than evaluations focused on TTI
systems solely prompted with text descriptions may
suggest. These results, therefore, underscore the
need to reconsider how current VLM paradigms
conceptualize image–text alignment, as the loose-
ness of real-world multimodal relationships, com-
bined with current VLM capabilities, can mean-
ingfully shape content production and perceived
persuasiveness.

Limitations

Due to computational constraints, we restrict VNF
measurement to fast-inference TTI models; future
work should extend to a broader set of proprietary
and open-source generators. Our dataset can be
expanded to other multimodal domains (e.g., blog
posts (Sharma et al., 2018), Wikipedia (Kreiss et al.,
2022b), though this requires additional data col-
lection of articles and images. Finally, analyzing
factors such as image–article alignment (e.g., CLIP-
Score) and AI detectability may further clarify how
article-based generation leverages VNF to produce
more persuasive content.
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News Topics N Description Caption Article
Politics & International Affairs 56 217.2 28.1 229.0
Science, Technology & Environment 20 200.4 30.6 222.8
Culture & Lifestyle 15 199.7 28.7 215.0
Sports 11 220.0 25.6 210.0
Economy & Business 6 214.7 25.8 226.2
Total/Average 108 210.4 27.8 220.6

Table 1: Distribution of news topics and average token lengths for article text, captions, and generated image
descriptions in the dataset. Token counts follow the LongCLIP tokenizer (CLIP BPE based on the GPT-2 vocabulary;
max context length 248 tokens).

B Generation Prompts

Image Description Generation (GPT-4o/GPT-5)

Describe the image in a way that could
serve as a photorealistic news image
prompt for an AI model. Focus on the
following elements: the subjects (their
appearance, approximate number, and
actions), the environment (location and
background), the mood (emotional tone),
the lighting (source, direction, and in-
tensity), shadows, and realistic details
(textures, clothing, facial expressions).
Provide a realistic estimate of the num-
ber of visible people or subjects, avoid-
ing exaggeration. Also describe the cam-
era angle or perspective (e.g., high angle,
low angle, over-the-shoulder). Write in a
descriptive, journalistic tone as a single
uninterrupted paragraph. Do not include
labels, bullet points, or line breaks.

TTI Prompting Conditions For each news in-
stance, we generated images under three conditions
using aligned prompts derived from the same un-
derlying content:

• Description-based: “Generate a photoreal-
istic news image based on the following de-
scription.”

• Caption-based: “Generate a photorealistic
news image based on the following caption.”

• Article-based: “Generate a photorealistic
news image representing the main subject of
the following article. No text, headlines, or
labels in the image.”

The explicit prohibition of textual overlays in
the article-based condition was necessary because
TTI systems frequently embed article text directly
within images when under-instructed.

C Reference Deviation of Imagen 3

For the high-fidelity image model Imagen 3 used in
the preference experiment across VNF latitude, we
validate that reference deviation increases (i.e., sim-
ilarity decreases) progressively from description- to
caption- to article-based generation across percep-
tual, structural, semantic, and conceptual measures.
This pattern indicates that, as textual constraints
are relaxed, Imagen 3 generates images that in-
creasingly diverge from journalist-selected images
across visual representations, thereby expanding
its capacity to leverage VNF and potentially influ-
encing audience image preferences.

D Additional Details on Balancing Image
Fidelity

To control for perceptual confounds between origi-
nal and TTI-generated images, we apply extensive
preprocessing steps.

First, all images are center-cropped to match
aspect ratios when TTI outputs do not precisely
align with the originals.

Second, because archival news images often ap-
pear at relatively low resolution—a salient cue
of authenticity—we manually retrieve the highest-
resolution publicly available versions via Google
Image Search. We avoid applying any post hoc
resolution enhancement, preserving realistic visual
differences between circulated news images (often
lower resolution) and generated images (typically
higher resolution).

Third, to reduce residual resolution disparities,
we apply controlled JPEG compression to both
original and generated images. Compression is iter-
atively applied (quality = 0.9 per iteration) until file
sizes fall below 200KB, ensuring consistent load-
ing performance in Qualtrics while maintaining
perceptual comparability.

All stimuli are manually inspected by the re-



Figure 5: Reference deviation of Imagen 3-generated images across three generation conditions, spanning lower-
level perceptual to higher-level conceptual similarity. Half-violins show distributions over 108 stimuli (gray dots),
with means and bootstrapped 95% CIs. Lower similarity indicates greater deviation from the original image. The
shuffled baseline (red dashed line) reflects similarity between original images and randomly paired images, serving
as a lower-bound reference. Significance markers (∗∗∗p < .001, ∗∗p < .01, ∗p < .05) denote comparisons to the
original (top) and between conditions (bottom).

search team to ensure no salient resolution differ-
ences remain beyond inherent stylistic variation.
Implausible or nonfactual generations (e.g., a float-
ing truck in the ocean) are excluded or regener-
ated prior to inclusion. These refinements help
minimize superficial perceptual cues that partici-
pants might otherwise rely on when assessing pref-
erences between real and generated images.

The same procedures are applied across both
human experiments in Section 5.
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