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“On a cold rainy night, Darya, a
girlwith windswept red hair,
looked out at the mging sea...”

-
“...gazing at a stormy sea...”

“T] hey called her Dr. Elira Voss,
though no one had used her title

in years. She was the last...”

“...witnessing a meteor shower...”

“Rami, the desert nomad, held his
glowing lantern high beside his
_patient camel, the twi[igﬁt,“"

“...holding a glowing lantern
beside his patient camel...”

“...a message in a bottle...”

“...carefully charting
constellations...”

“...caravaw of cavmel-riders
beneath a Lightning storm...”

“...a washed-up treasure chest...”

“...peering through a dusty
telescope at a distant galaxy...”

“...clutehing a faded
photograph...”

“...sitting beneath a stone

“... tower of bones said to
outerop, staring at a...”

wark the edge of the world...”

Figure 1: Story2Board generates coherent multi-panel storyboards from a natural language prompt, maintaining subject identity while allowing dynamic
changes in character pose, size, and position. Unlike prior work, it introduces a lightweight consistency mechanism that preserves the model’s generative
prior, supporting rich, expressive storytelling without fine-tuning or architectural changes. Full story texts are available in the appendix (Section A.6).

We present Story2Board, a training-free framework for expres-
sive storyboard generation from natural language. Existing meth-
ods narrowly focus on subject identity, overlooking key aspects of
visual storytelling such as spatial composition, background evo-
lution, and narrative pacing. To address this, we introduce a
lightweight consistency framework composed of two components:
Latent Panel Anchoring, which preserves a shared character refer-
ence across panels, and Reciprocal Attention Value Mixing, which
softly blends visual features between token pairs with strong re-
ciprocal attention. Together, these mechanisms enhance coher-
ence without architectural changes or fine-tuning, enabling state-
of-the-art diffusion models to generate visually diverse yet con-
sistent storyboards. To structure generation, we use an off-the-
shelf language model to convert free-form stories into grounded
panel-level prompts. To evaluate, we propose the Rich Storyboard
Benchmark, a suite of open-domain narratives designed to assess
layout diversity and background-grounded storytelling, in addition
to consistency. We also introduce a new Scene Diversity metric that
quantifies spatial and pose variation across storyboards. Our qual-
itative and quantitative results, as well as a user study, show that
Story2Board produces more dynamic, coherent, and narratively en-
gaging storyboards than existing baselines.

1 Introduction

Text-to-image (T2I) diffusion models [14, 26, 27, 28, 25] have
rapidly transformed visual content creation, producing photore-
alistic and coherent images from natural language prompts with
increasing reliability. Thanks to advances in open-source archi-
tectures and accelerated inference [27, 28], these models have
moved beyond research labs into creative workflows—illustrating
children’s books, powering social media campaigns, and support-
ing early-stage animation pipelines [21, 39]. As these models be-
come more accessible, they are increasingly adopted not just as
tools for static image generation, but also as engines for visual sto-
rytelling [37, 13].

Storyboards represent a natural next step in visual storytelling.
More than just sequences of snapshots, they are structured visual
narratives—compositions that evolve across time, depicting charac-
ters, environments, and emotional beats in a spatially and semanti-
cally coherent manner. Effective visual storytelling relies not only
on visual fidelity, but also on principles of cinematic composition:
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scale, perspective, framing, and environmental grounding [0], as
exemplified in Figure 1. Scenes such as a nomad dwarfed by a
mount of bones, an empty beach under a stormy sky, or a girl
illuminated by the glow of a treasure chest communicate narra-
tive meaning through spatial arrangement and atmosphere—not just
subject appearance. Capturing this expressive diversity requires
T2I models to move beyond static character rendering and embrace
dynamic scene construction. This includes varying viewpoint and
depth, emphasizing background storytelling, and adapting charac-
ter presentation to reflect the evolving arc of the narrative [9, 2].

Despite growing interest in automatic storyboard generation,
current methods remain limited in their ability to produce visu-
ally compelling and narratively coherent image sequences. Sev-
eral approaches focus narrowly on preserving character identity
across frames—whether via reference-guided generation [30, 38,
36], diffusion-based consistency [32, 12, 40], or autoregressive
modeling [20]-but often do so at the expense of compositional di-
versity. As illustrated in Figure 2, generated characters are typi-
cally centered, scenes may lack spatial depth, and prompts tend to
follow rigid templates such as “a photo of [character] in [setting].”
As a result, these storyboards resemble slideshows rather than ex-
pressive visual narratives.

To address these limitations, we propose a novel, training-free
consistency framework that combines Latent Panel Anchoring
and Reciprocal Attention Value Mixing to guide modern T2I
models toward generating coherent and expressive storyboards.
Crucially, our method does not constrain the model’s inherent gen-
erative capacity. Instead, it amplifies the in-context strengths of
diffusion transformer (DiT) architectures by preserving a shared
reference during denoising and softly blending appearance features
between semantically aligned token pairs. This reinforces char-
acter identity and inter-panel coherence, while preserving the full
compositional flexibility and visual richness of the base model.
Importantly, our approach introduces no architectural changes or
fine-tuning—offering token-level guidance that unlocks consistency
without sacrificing diversity.

To interface with user input, we include a lightweight prompt de-
composition step that converts natural-language stories into scene-
level prompts using an off-the-shelf language model. This helps
bridge freeform storytelling and visual generation, without requir-
ing prompt engineering. The resulting method is compatible with
state-of-the-art DiT-based models such as Stable Diffusion 3 and
Flux [29, 5], and examples of our outputs are shown in Figure 1.

While prior work has largely focused on character consistency
and prompt alignment, little attention has been paid to evaluating a
model’s ability to convey story through composition, atmosphere,
and scene dynamics. Existing benchmarks [40, 12] are typically
composed of short, templated prompts with minimal environmental
detail and limited narrative variation. They do not assess whether a
model can depict a character seated on a mossy log, silhouetted be-
neath a starry sky, or dwarfed by a looming structure. Nor do they
challenge the model to vary a character’s size, pose, or placement
across panels, or to omit the character entirely when appropriate.
To fill this gap, we introduce the Rich Storyboard Benchmark, a
curated collection of open-ended stories designed to probe layout
flexibility, background storytelling, and expressive visual compo-
sition across a range of narrative settings.

To complement the benchmark, we propose a new Scene Diver-
sity metric, which quantifies variation in a character’s appearance
across a storyboard sequence. Specifically, it captures changes in
scale, pose, position, and visibility, reflecting how fluidly a model
adapts character presentation to serve evolving narrative demands.

Ours

StoryDiffusion

IC-LoRA
(Movie Shots)

Figure 2: Comparative storyboard outputs from our method and two leading
baselines, using the same input narrative. While baseline methods tend to
center the character in every frame with limited variation in framing or en-
vironment, our method leverages cinematic principles—such as exaggerated
scale, dynamic perspective, and environmental context—to convey narrative
progression more expressively. Note, for instance, how the small scale of
the character in the third panel of the top row enhances the sense of vastness
of the tower of bones, reinforcing the emotional arc of the story.

Unlike identity-focused metrics that reward visual repetition, Scene
Diversity encourages expressive variation while maintaining rec-
ognizability, aligning more closely with the goals of cinematic sto-
rytelling. By explicitly measuring how a character is framed, in-
tegrated into the scene, or de-emphasized when appropriate, this
metric offers a novel lens on visual narrative flexibility.

In summary, our contributions are threefold:

1. We introduce a novel training-free consistency framework
that combines Latent Panel Anchoring and Reciprocal Atten-
tion Value Mixing to enhance in-context coherence in diffu-
sion transformer models. This enables expressive storyboards
with consistent characters, dynamic layouts, and rich environ-
mental composition—without compromising diversity or re-
quiring model fine-tuning.

2. We present the Rich Storyboard Benchmark, a suite of open-
ended, visually grounded stories designed to evaluate lay-
out flexibility, background detail, and narrative expressivity—
dimensions underexplored in existing datasets.

3. We propose a new metric, Scene Diversity, which quantifies
variation in character pose, scale, and framing across panels,
offering a more nuanced assessment of visual storytelling be-
yond identity preservation.

2 Related Work

Text-to-image (T2I) diffusion models [14, 26,27, 28, 25] have rev-
olutionized visual content generation, enabling high-quality syn-
thesis from natural language prompts. Prominent recent models
such as Flux [5] and Stable Diffusion 3 [8] exemplify the capa-
bilities of large-scale transformer-based [35] architectures in gen-
erating expressive, semantically grounded imagery. These models
serve as a foundation for numerous methods for both consistent
character synthesis and storyboard generation, two related but fun-
damentally distinct problem spaces.

Storyboard generation aims to produce sequences of images that
together convey a narrative arc. The focus here is not solely on



maintaining character identity, but on supporting dynamic compo-
sitions, evolving background elements, and expressive visual story-
telling. In this space, StoryDiffusion [40] introduces a consistency-
aware attention module and a semantic motion predictor to guide
narrative flow across frames. StoryGen [20] introduces a learning-
based autoregressive image generation model equipped with a
vision-language context module, enabling coherent storyboard syn-
thesis from freeform narrative input. DreamStory [12] similarly
leverages a language model for prompt decomposition and employs
a multi-subject diffusion architecture to preserve inter-character re-
lationships across scenes. Other related efforts, such as IC-LoRA
[15], explore lightweight adaptation techniques to improve gener-
ation coherence across time steps, while OminiControl [30] intro-
duces image-based conditioning to guide spatial layout and stylistic
coherence throughout a narrative.

In contrast, consistent character generation [4, 33] focuses on
preserving the visual identity of a specific subject across multi-
ple images. In this task, the character is typically the visual and
semantic anchor of the composition, with background or narrative
context playing a secondary role. Recent methods such as The Cho-
sen One [4], ConsiStory [33], and IP-Adapter [38] manipulate in-
ternal representations—either through iterative prompt-based refine-
ment, cross-image feature sharing, or external adapters—to maintain
consistency across scenes. While some of these methods include
the term “story” in their titles or describe sequential results, their
primary concern remains identity fidelity. For example, in Con-
siStory [33], consistency is measured almost exclusively through
identity features, with little emphasis on narrative variation, lay-
out dynamics, or background richness. This distinction is criti-
cal: consistent character generation centers the image around the
character, whereas storyboard generation requires a broader rep-
resentational range, where characters may appear small, partially
occluded, shared with side actors, or absent altogether.

Our work targets storyboard generation, but diverges from ex-
isting approaches in three key ways. First, unlike methods that
rely on training or model-specific finetuning, our pipeline is en-
tirely training-free, and can be applied directly to pre-trained
transformer-based diffusion models such as Flux and Stable Dif-
fusion 3 [8]. Second, our method is character-agnostic: we do not
require character masks (e.g., via SAM [17]) or reference tokens
to locate or track characters across panels. Instead, we operate di-
rectly on token-level features, enabling a more flexible and gen-
eral mechanism for maintaining consistency. Third, while some
recent approaches rely on extended attention mechanisms to en-
able cross-image token sharing, we instead work within the origi-
nal transformer architecture—intervening only at the level of value
vector mixing between attended tokens. This allows us to retain the
model’s compositional expressiveness and architectural simplicity,
while still achieving strong identity and layout coherence across
storyboard panels.

3 Method

Our goal is to generate coherent storyboard panels from freeform
text while preserving character identity across diverse composi-
tions. An overview of our method is shown in Figure 3. Given
a natural language narrative, a large language model (LLM)-GPT-
40 in our implementation—decomposes it into a shared reference
panel prompt and n scene-specific panel prompts, which are then
jointly rendered using a pre-trained diffusion model. To ensure
consistency without retraining, we introduce two complementary

mechanisms, Latent Panel Anchoring (LPA) and Reciprocal Atten-
tion Value Mixing (RAVM). LPA pairs each panel with a shared ref-
erence, thereby leveraging the model’s self-attention mechanism to
promote visual consistency between panels (Section 3.1). While
prompt-guided anchoring provides a useful bias, it alone is insuf-
ficient in scenes with complex layouts or ambiguous references.
RAVM further enhances consistency by softly blending visual fea-
tures between corresponding tokens across panels based on bidirec-
tional attention cues (Section 3.2). This blending preserves the ex-
pressive diversity of the model while reinforcing consistency with
the reference panel. Together, LPA and RAVM enable coherent
character synthesis and expressive scene composition without mod-
ifying the model or training procedure.

3.1 Latent Panel Anchoring

Our method generates a sequence of storyboard panels from a nar-
rative text input, with consistent character identity and layout diver-
sity across scenes. We begin by using an LLM [22] to decompose
the input into a single reference prompt—which describes all recur-
ring characters or objects—and a sequence of n scene-level prompts,
one per panel. These prompts are then paired as described below
and fed into a pre-trained text-to-image diffusion model.

For each panel in the storyboard, we generate a composite
prompt that combines a shared reference prompt with a scene-
specific prompt. The reference prompt is designed to depict all re-
curring characters or objects in the story, while each scene prompt
describes a distinct moment in the narrative. We structure each
composite prompt as: “A storyboard of [reference prompt] (top)
and [scene prompt] (bottom),” encouraging the model to depict a
consistent character in varying contexts across stacked sub-panels.

Each composite prompt conditions the model to generate a two-
part latent grid: the top half R evolves into the reference sub-panel,
and the bottom half p; into the target scene sub-panel, see Fig-
ure 3. We construct a batch of n such latent grids, one for each
scene, so that all target sub-panels are conditioned on the same ref-
erence prompt. To maintain consistency, we jointly denoise the
batch and, after each transformer block, overwrite the (now differ-
ent) top halves R; of each latent, with that from the first batch item
(R}). This ensures that every scene evolves relative to a shared,
synchronized depiction of the main character(s). After generation,
we discard the reference sub-panels and retain only the n target
sub-panels as the final storyboard.

As illustrated in Figure 9, transformer-based diffusion models
exhibit structured attention behavior: tokens corresponding to the
same object—such as a character’s hair, clothing, or limbs—tend
to form tight clusters in key-space. These internal “cliques” fa-
cilitate soft feature sharing between semantically aligned tokens,
even when they are spatially distant in the image. This behav-
ior was previously demonstrated in the previous UNet-based mod-
els [34, 11, 3, 32].

This consistency mechanism enables the model to propagate tex-
ture and style within and across panels. Latent Panel Anchoring
leverages this emergent structure by placing a reference depiction
of the character in every latent grid, allowing attention layers to
align and blend visual features between the top and bottom sub-
panels.

While prompt-guided anchoring and shared attention provide
a strong inductive bias toward consistency, they are not always
sufficient—particularly in scenes involving large pose variation,
complex spatial layouts, or ambiguous references. To further re-
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Figure 3: Overview of our training-free storyboard generation pipeline. Given a natural language narrative (e.g., “Once upon a time, a boy set off on an
adventure...”), our method proceeds in three stages: (1) An LLM-based “Director” decomposes the story into a shared reference panel prompt and a sequence
of scene-level prompts; (2) A batch of n two-panel images is generated, with the top half of each image conditioned on the (same) reference prompt and the
bottom half on one of the scene prompts. During denoising, we apply Latent Panel Anchoring (LPA): after each transformer block, the latent representations
[R, pi] evolve to [RY, p}], and the top half of each latent is replaced with the version from the first batch element, denoted R’ = R}, to ensure a synchronized
anchor across scenes. Inside each transformer block, we also apply Reciprocal Attention Value Mixing (RAVM) following the self-attention computation. (3)
The final denoised latents are decoded into two-panel images and cropped to retain only the bottom sub-panels as the final storyboard.

Generated Top Panel (Reference) Top Panel (Latent)

Bottom Panel (Latent)

Generated Bottom Panel (Target)

Figure 4: Visualization of Reciprocal Attention Value Mixing (RAVM) in ac-
tion. Left: A generated 2-panel output from our method, with the top panel
serving as the shared reference. The red and green circles mark semanti-
cally corresponding character features (the hand) in the reference and target
panels, respectively. Right: Heatmaps showing reciprocal attention scores
at denoising step 12 of 28. Top-right: for each token in the top panel, we
compute its reciprocal attention with the green-circled token in the bottom
panel. Bottom-right: the reverse—each token in the bottom panel is scored
based on reciprocal attention with the red-circled token in the top panel. In
both cases, the hand token in the opposite panel receives the strongest recip-
rocal attention, validating that RAVM successfully identifies semantically
aligned token pairs for value mixing. This reinforces visual consistency
without altering spatial composition.

inforce token-level alignment across panels, we introduce a com-
plementary mechanism in the next section.

3.2 Reciprocal Attention Value

(RAVM)

While Latent Panel Anchoring encourages high-level visual consis-
tency across storyboard panels, it may fail to preserve fine-grained
identity—particularly when characters appear in different poses or
spatial arrangements. Reciprocal Attention Value Mixing (RAVM)
addresses this by reinforcing cross-panel correspondences between
semantically aligned tokens through soft feature blending.

Mixing

In attention-based diffusion models, each token’s representation

is updated using three components: keys, queries, and values. Prior
works [31, 18] have established that keys and queries influence
spatial layout and attention weighting, while values encode fine-
grained visual detail such as texture, color, and appearance. RAVM
operates solely on the value vectors—modifying a token’s appear-
ance without affecting its layout-making it a natural mechanism
for preserving identity while retaining scene diversity.

To decide which value vectors to mix, we identify pairs of to-
kens that attend strongly to each other across stacked panels. These
reciprocal relationships frequently emerge between semantically
aligned regions—such as a character’s face or clothing—and are a key
reason Latent Panel Anchoring works effectively (see Figure 9).
We make this structure explicit by interpreting the two-panel la-
tent as a directed bipartite attention graph: one set of nodes cor-
responds to tokens in the reference sub-panel, the other to tokens
in the target sub-panel, and edge weights are given by attention
values. We define a reciprocal attention score for each cross-panel
token pair as the minimum of the attention in both directions, and
selectively blend value vectors for those with the highest mutual
connectivity.

This approach allows RAVM to softly propagate texture and
style between corresponding regions, reinforcing visual consis-
tency without overriding spatial variation or requiring explicit su-
pervision.

Formally, let x € R2P*4 denote the concatenated tokens of the
reference and target sub-panels. The model computes:

Q=zWq, K=zWkg, A:softmax(Q\/I;r)E]RQPX2P7
k
(H

where A[, j] is the attention from token 4 to token j. We extract
the cross-panel blocks:

Aw = A[1:P, P:2P],
Ay = A[P:2P, 1:P],

@3
3)
corresponding to top-to-bottom and bottom-to-top attention.

We define the reciprocal attention score between a top token u
and bottom token v as:

RA(u,v) := min(Agw[u, v], Ape[v, ul), “)



yielding a symmetric matrix M € R”*" of bidirectional scores,

which during inference can be efficiently computed for all tokens
by:
M := min(Ap, AL)

We maintain an exponential moving average M of M across trans-
former layers and diffusion steps.

To extract high-confidence correspondences, we analyze the
weights on the edges crossing the bipartite graph cut. We apply
Otsu’s thresholding method [24] to the reciprocal attention matrix
M and use morphological filtering to clean the resulting binary
mask. For each selected bottom token v, we identify the top-panel
token ™ with the highest reciprocal score:

(elementwise) 5)

u* = arg max M[u, v], (6)

and apply a soft value update:
V= AV + (1= A\)Var, (7

where V; is the value vector of token 4, and A is a mixing weight.
Since keys and queries remain unchanged, the spatial layout and
attention dynamics of the scene are preserved.

By reinforcing only the strongest reciprocal connections across
the attention graph, RAVM enhances character consistency with-
out suppressing scene diversity or altering the model’s generative
flexibility.

4 Experiments

We evaluate our method both qualitatively and quantitatively, fo-
cusing on three core dimensions: prompt alignment, character con-
sistency, and scene diversity. To support this, we introduce the Rich
Storyboard Benchmark, designed to test narrative and composi-
tional expressiveness beyond the scope of existing identity-focused
datasets (see Appendix Section A.1). We also evaluate on the DS-
500 benchmark [12] to demonstrate generalizability, (see Appendix
Section A.4 for results).

Section 4.1 outlines the methods compared; Section 4.2 details
our benchmark and metrics. Results are reported in Sections 4.3
and 4.4, with human preference scores in Section 4.5.

4.1 Baselines and Comparison Setup

We compare against story-centric models: StoryDiffusion [40],
which introduces Consistent Self-Attention; IC-LoRA [15], eval-
uated in storyboard and movie-shot finetuned variants; and Sto-
ryGen [20], an autoregressive generator driven by scene prompts.
We also include OminiControl [30], which leverages a trained im-
age encoder and a reference image to guide layout and style, out-
performing prior encoder-based methods.

For ablations, we evaluate the Flux base model (no consistency
mechanisms), and a version with Latent Panel Anchoring (LPA)
only, isolating the contribution of Reciprocal Attention Value Mix-
ing (RAVM). We also experiment with varying the value mixing
coefficient A to assess its effect on consistency and expressiveness.

4.2 Benchmark and Evaluation Metrics

Rich Storyboard Benchmark. Existing benchmarks focus
primarily on identity preservation and do not reflect the composi-
tional or cinematic demands of visual storytelling. To address this

The Gleaming Trail of the Fox

Scene 1 Scene 2 Scene 3 Scene 4

ICLoRA ICLoRA
(Storyboards) StoryDiffusion OminiControl Ours

(Movie Shots)

StoryGen

Figure 5: A four-panel storyboard featuring Blackpaw, a shimmering fox
of the ancient celestial forest. Each scene is grounded in a specific narrative
beat from a longer story (full text in the supplementary). Our method pre-
serves character consistency while supporting expressive spatial framing
and richly atmospheric environments. Even as Blackpaw varies in pose,
size, and placement across panels, the evolving backgrounds remain narra-
tively grounded and visually coherent. For reference, the key visual mo-
ments are drawn from the following excerpts: ““... With a flick of his glow-
ing tail, he bounded across a fallen tree stretched precariously over a mist-
shrouded ravine that gleamed faintly ... Perched atop a broken archway of
ancient stone, vines and silver moss hanging around him, Blackpaw gazed

out over the glowing forest as twilight deepened. ...From the edge of a
luminous lake mirroring the heavens perfectly, he watched a meteor shower
ignite the sky, each fiery streak mirrored twice over. ...Curling beside a

pulsing crystal monolith, he dreamed...” See the Appendix (Section A.6)
for the full story text.

gap, we introduce the Rich Storyboard Benchmark, a set of 100
open-domain story prompts, each decomposed into seven richly
detailed scene-level descriptions. The benchmark emphasizes dy-
namic layout, spatial diversity, and character-scene interaction—all
critical for assessing visual narrative quality beyond identity fi-
delity.

Metrics. We evaluate prompt alignment using VQAScore [19],
character consistency using DreamSim [10], and scene diversity
using our novel metric, which quantifies variation in the charac-
ter’s size, position, and pose across panels—capturing how flexibly
the model composes the subject within the scene. Implementation
details can be found in the Appendix (Section A.3).
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Figure 6: Left: Character Consistency vs. Prompt Alignment. Story2Board achieves the best tradeoff, outperforming all baselines and ablations. Prompt
alignment (x-axis) is measured via VQAScore and character consistency (y-axis) via DreamSim. The Flux baseline exhibits unusually high consistency due
to its collapsed behavior-rendering similar characters across panels with minimal pose or appearance variation—yet struggles with prompt grounding. Right:
Scene Diversity vs. Character Consistency. Our method maintains high identity fidelity while enabling significantly more layout variation than competing
methods. Scene Diversity (x-axis) is our proposed metric (details in supplementary), while character consistency (y-axis) is again measured via DreamSim.
Note that IC-LoRA baselines (Movie Shots and Storyboards) operate only on 4-panel sequences and are not applicable to longer formats.

4.3 Qualitative Evaluation

Full Storyboard Comparison. We present 4-panel story-
board sequences for two representative stories rendered by each
method (Figures 5 and 10). Our method achieves a stronger bal-
ance across prompt alignment, character consistency, and scene di-
versity. It supports varied framing and character positioning while
maintaining coherent, visually rich environments. Baselines tend
to overfit one aspect: StoryDiffusion favors centered subjects; IC-
LoRA repeats compositional templates; and OminiControl often
omits off-center characters. Our method accommodates these chal-
lenges, yielding coherent, expressive storyboards.

4.4 Quantitative Evaluation

We evaluate on both the Rich Storyboard Benchmark and DS-
500 [12]. Metrics are computed per storyboard and averaged.

Figure 6 shows that our method dominates the Pareto front in
prompt alignment and character consistency. We visualize met-
rics pairwise to better expose tradeoffs: for instance, models with
high character consistency often achieve it by sacrificing prompt
alignment or layout flexibility. The Flux baseline exemplifies this
pattern—it attains strong consistency scores by rendering nearly
identical characters across panels, but lacks sensitivity to prompt-
specific content, resulting in lower alignment and limited scene
variation.

DS-500 Evaluation. To assess generalization beyond our
benchmark, we also evaluate on DS-500 [13], a storyboard dataset
with shorter prompts and minimal scene evolution. While not de-
signed to test layout or narrative expressivity, DS-500 remains a
useful baseline for identity coherence. Our method performs com-
petitively on this benchmark, despite its focus on richer visual sto-
rytelling. Full results and comparisons are provided in the Ap-
pendix (Section A.4).

Story2Board
IC-LoRA (Storyboards)
IC-LoRA (Movie Shots)
OminiControl
StoryDiffusion
StoryGen

50% Win Rate

Overall Prompt Character  Background Scene
Preference Alignment  Consistency  Richness Diversity

Figure 7: User Study Results. Participants compared Story2Board to
competing systems across five evaluation dimensions. Our method is pre-
ferred overall, and achieves strong performance across all categories. While
some baselines edge ahead in isolated metrics, Story2Board strikes the
best balance between character consistency, visual richness, and narrative
alignment—a key strength for storyboard generation.

Ablation Study. All figures include two ablations of our
method: a vanilla Flux baseline (no consistency mechanisms), and
Flux with Latent Panel Anchoring (LPA) only. Our full method
outperforms both, highlighting the complementary roles of LPA
and Reciprocal Attention Value Mixing (RAVM). While LPA alone
improves layout coherence, RAVM significantly boosts character
consistency without harming layout diversity.

We further analyze the effect of the mixing parameter X in the
RAVM update. Increasing A leads to a clear improvement in char-
acter consistency, as stronger blending amplifies the influence of
semantically aligned reference tokens. Interestingly, we also ob-
serve gains in prompt alignment and scene diversity. While RAVM
only modifies the value vectors—which capture texture and fine ap-
pearance details—we hypothesize that stabilizing the character’s ap-
pearance helps the model more clearly separate and render back-
ground elements across panels, resulting in richer scenes and im-
proved prompt fidelity.



Flux two-panel Storyboard With

Original Flux two-panel Storyboard Mutual Attention

Figure 8: Attention Entanglement in Flux. Left: A two-panel storyboard
generated by Flux without our method. Attention entanglement causes the
fairy to erroneously inherit the raccoon’s tail in the top panel, while in the
bottom panel the raccoon adopts the fairy’s wings. Right: With our Mutual
Attention (MA) mechanism, these misattributions persist, but their visual
appearance becomes consistent across panels. MA also improves the con-
sistency of other visual elements—such as the raccoon’s tail and the lantern—
demonstrating the broader stabilizing influence of token-level value mixing.
When entangled representations are already present in the base model, our
method propagates rather than corrects them.

4.5 User Study

To supplement our quantitative evaluation, we conducted a large-
scale user study via the Amazon Mechanical Turk (AMT) platform,
using all 100 stories from our Rich Storyboard Benchmark. For
each story, we generated 4-panel storyboards using our method
and each of the competing baselines. Each worker task consisted
of a pairwise comparison between two storyboards (one from our
method and one from a baseline), with each comparison focused on
one of five criteria: overall preference, prompt alignment, charac-
ter consistency, background richness, and scene diversity. In total,
500 such tasks were created, and each was completed by three in-
dependent workers. Figure 7 summarizes the results, showing in
green the preference rate of our method over each baseline for each
of the five criteria.

Our method was the most preferred overall, winning the major-
ity of pairwise comparisons in the “Overall Preference” category.
This suggests that when users evaluated storyboards holistically,
they consistently favored our approach over all baselines.

However, the results reveal more nuanced trade-offs in some of
the other dimensions. OminiControl outperformed our method in
prompt alignment, background richness, and scene diversity—likely
due to its strong compositional control via encoder-based condi-
tioning. IC-LoRA (Storyboards) and StoryDiffusion were pre-
ferred for character consistency, reflecting their explicit focus on
preserving visual identity across frames. In contrast, our method
favors soft guidance mechanisms that support dynamic layouts and
flexible character framing, which may explain its advantage in
overall appeal despite lower scores in some of the narrower aspects.

4.6 Limitations

Our method builds directly on the internal attention dynamics of
modern text-to-image diffusion models such as Flux and Stable
Diffusion. While this enables us to enhance cross-panel consis-
tency without additional training or architectural changes, it also
means we inherit certain limitations of the underlying models. One
well-documented issue is attention entanglement—including phe-

PCA of Attention Key Matrix
(3 components as RGB)

Figure 9: Semantic key clustering within a two-panel Flux-generated sto-
ryboard (left). We visualize the key vectors for each token at a mid-layer
transformer block during diffusion step 12/28, by reducing them to three
principal components, and displaying them as RGB values (right). To-
kens corresponding to the character (e.g., hair, clothing) form tight clusters
across panels, enabling consistent texture and style propagation via self-
attention. In contrast, background tokens remain dispersed, reflecting lim-
ited cross-panel alignment.

nomena such as incorrect attribute binding, object fusion, and se-
mantic misassignment—where separate concepts or entities inter-
fere with one another during generation [7]. Since our approach
reinforces token-level correspondences based on mutual attention,
it may inadvertently propagate these entanglements if they persist
across the denoising trajectory. Importantly, our method does not
exacerbate these effects; it simply cannot prevent them when they
are already embedded in the model’s native attention structure. An
example of such entanglement is shown in Figure 8.

5 Summary and Discussion

We introduced Story2Board, a training-free framework for generat-
ing visually consistent and compositionally rich storyboards from
text. By leveraging reciprocal attention patterns between tokens
across panels, our method reinforces character identity while pre-
serving layout diversity. Through extensive experiments on our
proposed benchmark and a standard existing dataset, we demon-
strate that Story2Board enables more dynamic, expressive visual
storytelling than prior approaches.



IC-LoRA IC-LoRA
Ours StoryDiffusion OminiControl (Storyboards) (Movie Shots) StoryGen

“The SEy Temple had slept for centuries, its doors fused shut by heat and time, until the girl’s dust-scarred hands found the
ancient seam. With a groan qf stone and a billow of golden powder, the slab yawned inward. . Shafts of sunlight spilled...”

“In one, a cracked mtwo;fmmecf by runic S‘Lg1[5 cau ht a shaft of light; at its base lay a shard that glowed with a qmet
inner ember. She cupped it gently, and the mirror mgﬂtenef rgﬁgtmg not her face but a starlit map. Guided by...”

“Farther on, a colossal mural waited: faded ﬁgures of star-priests, their gilded halos cracked but still gleaming. She raised a
tentative hand toward them, half expecting warmth to radiate from the painted, gogf »

“At dawn’s rim, she discovered the sundial—an enormous disc of black stone and bronze pointers. With the shard yressed mto
its central socket, the dial igm’tedf S}n’m(ing beams climbed shattered walls, weaving a lattice of ﬁgﬁt across the ruin. @s...

Figure 10: Qualitative comparison of multi-panel storyboards. Our method (STORY2BOARD, left column) achieves a three-way balance: scene diversity
(varying viewpoints, scale, and richly grounded backgrounds), character consistency (stable appearance and silhouette), and tight prompt alignment. Baseline
systems each miss at least one of these axes: STORYDIFFUSION varies layouts but allows the heroine’s features to drift; OMINICONTROL creates atmospheric
backdrops yet occasionally omits the protagonist; IC-LORA STORYBOARDS fixes the camera and produces stylised cartoon frames, limiting narrative
variety; IC-LORA MOVIE SHOTS shows wider layouts but often mis-matches prompt details; STORYGEN produces stylized frames, but struggles with
narrative continuity and compositional coherence across panels. By maintaining identity while continuously re-contextualising the scene, STORY2BOARD
delivers the most faithful and visually engaging storyboard among current approaches.



“..clutehing her wounded “finding a blemish in the “.touching a withered “.whispering wrgently to the
knee...” sacred tree...” leat...green glow emanating...” leaves...”

“unrolling a map under a “Lexamining strange ‘.. discovering a cave with “L.sealing a mossy hill to
canopy of ancient trees...”  symbols carved into bark...” glowing blue gems...” capture a better vantage...”

“Lowriting a letter in his “..spotting a ship in distress “Leanying a lantern ‘..standing on the
Jowrnal by candlelight...” through a brass telescope...” through the lighthouse...”  lighthouse balcony, wind...”

“..a robed alchemist “..contraption to activate a ‘..examining glowing “..standing before a cirewlar
elimbing a narvow cliff..” levitating bridge...” inscriptions carved into...”  stone portal inscribed with...”

‘..standing in a ‘. bounding across a silver “L.pausing near a grove of  “..drinking frome a glowing
glinumering glade filled...”  river under a pale dawn...” whispering willow trees...” spring nestled between...”

‘..standing in a ‘. bounding across a silver ‘.pausing near a grove of  “..to wateh the first snow veil

glimmering glade filled...” river under a pale dawn...” whispering willow trees...” the distant mountains...”

Figure 11: Additional storyboards generated by our method.



Figure 12: Characters and Strangers. Each row shows a storyboard from the Rich Storyboard Benchmark where the main character encounters unfamiliar
figures, testing the model’s ability to maintain character identity while integrating diverse background elements. Additional storyboards and prompts for each
panel are provided in the supplementary material.

“Lfrantically highlighting “...staring blankly at a computer .. Library, survounded by “L.exeitedly printing out a
text in a journal article...” screen, writer's block...” stacks of books...” thick stack of papers...”

“meadow, surrounded by “.dwarted by a massive “..ancient stones marked “L.walking beside a crystal-
Auttering petals...” waterfall cascading down...” with glowing runes...” clear stream lined with blue...”

“..colling around an ancient  “..rising from the dunes, its “..lts massive head “. burrowing beneath the
0asts, the palm trees bending  sandy scales shinumering...”  emerging from a sandstorm, sands, leaving only a
in its sandy embrace...” obsidian eyes fixed on...” swirling vortex...”

Figure 13: Additional storyboards generated by our method.
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A Appendix
A.1 Rich Storyboard Benchmark

To evaluate expressive visual storytelling, we introduce the Rich
Storyboard Benchmark, a collection of 100 richly detailed and
narratively structured story prompts. Each entry consists of a short,
original story accompanied by a 7-panel storyboard breakdown.
Prompts were generated using GPT-40 [22], guided by instructions
emphasizing narrative progression, visual diversity, and character
continuity.

Unlike prior benchmarks that rely on templated prompts or static
characters, our benchmark features dynamic compositions: charac-
ters move through environments that change over time, with evolv-
ing lighting, weather, architecture, and emotional tone.

GPT-40 Prompt (used to generate benchmark entries)

You are a storyboard designer helping to create cine-
matic, visually expressive storyboards. Your task is to:

(1) Invent a short fantasy or human-centric story with a
clear and exciting story arc.

(2) Make sure the story contains not only a memo-
rable character, but also richly described background
elements that evolve across scenes. These might in-
clude weather, lighting, ruins, architecture, mountains,
oceans, caves, temples, streets, or crowds. Do not focus
only on the character.

(3) Break down the story into seven distinct storyboard
scene descriptions. Each should describe one key visual
moment—something worth illustrating in a single panel.
Replace names with a description of the character (e.g.
instead of ”Tom went to the store”, say ”A man went to
the store”).

Return:
- The full story

- A list of 7 storyboard panel prompts that visually rep-
resent the story

Example Output (from GPT-40)

Story: Elias, the lone sailor in a battered wool cap and
dark coat, stood calmly at the bow of his wooden ship,
its prow cutting through the golden morning fog. The
endless sea stretched around him, a liquid desert be-
neath a flickering sky. Later, Elias sat on a weathered
crate beneath heavy coils of rope, gulls circling over-
head, the ship creaking with age. He gazed outward,
where the vastness made even the towering masts seem
like toys adrift in a dream. At dusk, he leaned against
the rail, lanterns swinging from the rigging above him as
he stared at the glowing horizon, where the sky burned
into the water. A massive arch of stone rose from the
ocean ahead, so gigantic that Elias felt as small as a
pebble beside it, looking up in awe. When night fell, he
rested beside the ship’s wheel, moonlight painting sil-
ver paths across the undulating waves. Eventually, only
a quiet harbor awaited him, ropes swaying in the wind,
the ship itself nowhere to be seen—as if it had drifted into
legend.

14

Storyboard panel prompts:

1. A lone sailor in a wool cap and dark coat standing calmly at
the bow of a wooden ship in golden morning fog

2. A lone sailor in a wool cap and dark coat sitting on a crate
beneath coiled ropes as gulls circle overhead

3. A lone sailor in a wool cap and dark coat gazing at the open
sea, with lanterns swaying gently from the rigging

4. A lone sailor in a wool cap and dark coat standing on the deck
smiling as the ship approaches a massive arch of stone rising
from the water

5. A lone sailor in a wool cap and dark coat resting beside the
ship’s steering wheel, moonlight shimmering on the sea

6. A lone sailor in a wool cap and dark coat guiding the
ship through towering jade waves as bioluminescent whales
breach alongside

7. A lone sailor in a wool cap and dark coat playing a low whis-
tle tune on the bow beneath a sky ablaze with meteoric shards

This structured prompt ensures that GPT-40 generates visually
grounded, narratively coherent storyboards—each with a central
character, evolving setting, and cinematic composition. The Rich
Storyboard Benchmark allows us to systematically test a model’s
ability to maintain identity while navigating scene transitions and
visual storytelling demands.

A.2 Scene Diversity Metric

To quantify layout variation in a storyboard, we introduce the
Scene Diversity metric. It captures how dynamically a subject is
presented across panels—accounting for changes in framing, posi-
tion, and pose.

Given a storyboard of n panels and a text description identifying
the subject, we locate the subject in each image using Grounding
DINO [23]. For each panel, we extract a bounding box around
the subject and normalize it by the image dimensions. We then
compute the per-coordinate standard deviation of these normalized
bounding boxes across the n panels, and average the result. This
yields the bounding box std score, which reflects variation in sub-
ject placement and scale.

For stories with human characters, we additionally compute 17
pose keypoints per panel using ViTPose. We calculate the per-
keypoint variance across all panels and average them to obtain a
pose variance score, representing variation in articulation and body
posture.

Each score is then min-max normalized across all stories in the
benchmark. We denote the normalized bounding box and pose
Scores as Sphox and spose respectively. The final scene diversity score
is computed as:

1 .
g(sbbox + Spose), if human

Sbbox s otherwise

Scene Diversity = {

This metric enables us to evaluate a model’s ability to vary sub-
ject framing and presentation across narrative beats, a core require-
ment for expressive visual storytelling.

A.3 Implementation Details

We implement our method using the open-source Flux diffusion
model [5]. All experiments are conducted on the pre-trained
Flux.1-dev model without additional training or finetuning.



Reference Panel Selection. As described in the main paper,
our pipeline requires a single reference panel to serve as the source
of character identity features. In practice, we reuse one of the story-
board panels that already includes all the main characters—typically
the first or second scene in the sequence. We found that this ap-
proach produces results as good as or better than using a sepa-
rately rendered reference panel, while also saving inference time
and VRAM.

RAVM Details. We apply Reciprocal Attention Value Mixing
(RAVM) at inference time using the following configuration:

* We run inference with classifier-free guidance of 3.5 and 28
denoising steps.

* RAVM is applied to all 38 dual-stream transformer blocks in
Flux’s denoising network.

¢ We use a mixing parameter A = 0.5 to control the blend
between source and target token values.

* The reciprocal attention maps are smoothed using exponen-
tial decay with a momentum of 0.8.

Our full pipeline is training-free, fast to run, and requires no
architectural modification to the underlying diffusion transformer.
All interventions are performed at the attention value level during
sampling.

A.4 DS-500 Evaluation

To assess generalization beyond our benchmark, we also evaluate
on DS-500 [12], a storyboard dataset with shorter prompts and min-
imal scene evolution. While not designed to test layout or narrative
expressivity, DS-500 serves as a useful baseline for identity coher-
ence and basic prompt alignment.

Method CLIP-T (1) DreamSim (1)
DreamStory [13] 0.3779 0.6714
Story2Board (ours) 0.3723 0.7018

Table A.1: DS-500 evaluation results. DreamStory’s scores are re-

ported directly from their paper [13]. Our method achieves competitive
CLIP-T alignment while outperforming DreamStory in identity consistency
(DreamSim).

As shown in Table A.1, our method achieves comparable prompt
alignment (CLIP-T) [16] and higher identity consistency (Dream-
Sim [10]) relative to DreamStory [12]. This supports the broader
applicability of our approach across datasets with varying narrative
complexity.

A.5 User Study Details

To evaluate the perceived quality of generated storyboards, we
conducted a large-scale user study on Amazon Mechanical Turk
(MTurk) [1] using all 100 stories from our Rich Storyboard Bench-
mark. We used the first four storyboard panels from each story as
rendered by our method and one competing baseline. The resulting
pairs were shown to participants side-by-side.
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Study Design. We ran five separate studies, each targeting a
specific evaluation criterion:

1. Overall Preference

2. Prompt Alignment

3. Character Consistency
4. Background Richness
5. Scene Diversity

To ensure consistent comparison coverage across baselines, we
divided the 100 stories into five disjoint groups of 20 stories. Each
group was assigned to a different baseline, resulting in one set of
storyboards per competitor for evaluation against Story2Board.

Participant Selection. To ensure high-quality responses, we
restricted participation to workers located in English-speaking
countries—specifically the United States, United Kingdom, Canada,
and Australia. We further filtered for workers with a lifetime task
approval rate above 98%, prioritizing reliable and experienced an-
notators.

Interface and Task. For each evaluation criterion, participants
were shown a sequence of trials. Each trial displayed two story-
boards (A and B) generated from the same story prompt—one from
Story2Board and one from a competing model. Participants were
asked to select the storyboard that best satisfied the target criterion.
Model names and ordering were not shown.

Each trial presented all four storyboard panels per model, along
with their associated captions. Image layouts were standardized
and left-right positioning was randomized. Each trial was rated by
3 unique workers.

Instructions to Participants. Participants were given the fol-
lowing instructions at the start of each task. The only variation
across studies was the criterion description, shown in bold.

For other criteria, the bolded instruction was replaced accord-
ingly. For instance, for Prompt Alignment, participants were asked
to choose the version that more accurately matched the text descrip-
tions; for Scene Diversity, they were asked to consider how much
variety was present across the panels in terms of framing, layout,
and setting. Screenshots are presented in Figure A.1.

For criteria that required more subjective interpretation—such as
Scene Diversity and Background Richness—participants were also
shown example pairs of good and poor storyboards illustrating the
concept, drawn from baseline methods and distinct stories not used
in the evaluation.

Result Aggregation. Participant responses were aggregated
across all trials per criterion to compute win rates. These results are
summarized in Figure 7 in the main paper. Our method received the
highest overall preference scores, winning the majority of pairwise
comparisons in the “Overall Preference” category. This indicates
that when participants considered the storyboards as a whole, they
consistently favored our approach over all competitors.

At the same time, the results highlight specific trade-offs across
individual evaluation criteria. OminiControl achieved stronger
scores in prompt alignment, background richness, and scene di-
versity, likely benefiting from its encoder-based layout condition-
ing. Meanwhile, IC-LoRA (Storyboards) and StoryDiffusion were
slightly favored for character consistency, reflecting their targeted
emphasis on identity preservation. In contrast, our method’s use



Overall Preference Instructions X Prompt Alignment Instructions

x Character Consistency Instructions

 across all four panels.

ividual

* You'll see four prompts and two storyboards (4 images each). * You will see two storyboards and four text prompts. * You will see two storyboards, each with four images.
+ Each prompt corresponds to an image in sequence (1st prompt — 1st image, etc.). + Each prompt corresponds to one image in order: the first prompt describes the first image, and so « Yourtaskis to decide shows.
+ Consider the storyboards as a whole — how wellthey follow the prompts, how visually coherent and on. « Pay attention to the character's identity — their face, body type, general appearance, or distinctive
expressive they are, and whether they tell a clear visual story. » Your task s to determine which storyboard better matches the prompts, image by image. features. The character can move or change pose, but they should still clearly be the same ir
+ Select the storyboard that you feel works better as a fulliustrated narrative, given the prompts. + Select the storyboard whose images most accurately and clearly reflect the prompt details. « Do not judge based on how detailed the clothing is, or whether the background looks good — only on
. — . whether the character remains consistent throughout.
+ Select the storyboard that best maintains a clear and consistent visual identity for the character.
Pl —
Stntors 1 U .
L i S e S
pe———
pr—

Scene Diversity Instructions

Each storyboard has four panels showing the same character.

Your task is to assess how varied the scenes are: where the character is located, how big they are,
how they're posed, and how the scene is framed.

Look for changes in position, size, orientation, or composition — not just a repeated layout.

« Select the storyboard that displays the most scene-to-scene visual variety while stil showing the
'same character.

Example

The example below shows The top tr diversity, with the
character appearing in different parts of the frame, at different sizes, and in different poses. The bottom
one uses the same general layout in every panel,
Example Storyboard A (High Scene Diversity)
< (>

Figure A.1: User Study Instructions. We provide the complete instructions
for the user study we conducted using Amazon Mechanical Turk (AMT) to
compare our method with each baseline.

of soft, token-level guidance enables greater flexibility in layout
and framing—traits that may account for its overall appeal despite
falling behind in some focused categories.

16

Background Richness Instructions

Focus only on the background elements behind and around the character — ot the character
themself.

Look for backgrounds that are visually detailed and that help establish a setting that fits the story
(e.9., a temple, forest, lab, city).

Do not choose based on character quality, position, or prompt alignment.

Select the storyboard with the richer, more tailored, and story-driven backgrounds.

Example

Below is an example of two storyboards. The top storyboard has a stronger background design with
detailed, story-specific settings. The bottom storyboard's backgrounds are flatter and less detailed.

Example Storyboard A (Richer Background)




A.6 Full Story Texts

See Table A.2 for examples of complete stories.

Table A.2: Full Story Texts

Storyboard ID

Full Story Text

Rami the Desert Nomad

Blackpaw in the Celestial Forest

The Last Astronomer

Rami, the desert nomad, held his glowing lantern high beside his patient camel, the twilight painting
the dunes in shades of blood and gold. The endless sands stretched away into eternity, broken only
by whispers of ancient paths.

As he pressed forward, Rami passed beneath a ruined sandstone arch, its surface etched by time.
Crimson petals blew past in sudden gusts, swirling around him like lost memories, as if the gate
itself were exhaling the past.

That night, silhouetted against a crescent moon atop a dune ridge, Rami paused. The wind tugged at
his cloak while the cold stars wheeled above, casting long shadows across the rippling sand.
Seeking shelter, he settled beneath a jagged stone outcrop, kneeling on worn rock. By the glow of
his lantern, he unrolled a crumpled map, squinting at the faded lines and markings, unsure of what
was memory and what was myth.

At dawn, a caravan of dune-moth herders emerged from the haze of a violet dust storm. Rami
approached cautiously, negotiating passage through their shifting territory. Strange banners fluttered
from their saddles; their moths blinked with luminous eyes.

By dusk, he reached a tower of bones—an ancient, impossible spire that pierced the desert sky. Rami
climbed its spiraling ramp, each step echoing with forgotten oaths, until he stood at its apex.

There, atop a glassy dune, Rami raised his lantern one final time. Its golden glow danced against the
wind as twin moons rose behind him. In the distance, tiny signals flickered in reply—other wanderers
answering his call across the sands.

Blackpaw, a shimmering fox of the ancient celestial forest, stepped lightly onto a mossy stone path,
the twilight trees arching high above him like a cathedral ceiling.

With a flick of his glowing tail, he bounded across a fallen tree stretched precariously over a mist-
shrouded ravine that gleamed faintly with constellations reflected in the fog below.

Perched atop a broken archway of ancient stone, vines and silver moss hanging around him, Black-
paw gazed out over the glowing forest as twilight deepened. From the edge of a luminous lake mir-
roring the heavens perfectly, he watched a meteor shower ignite the sky, each fiery streak mirrored
twice over.

Curling beside a pulsing crystal monolith, he dreamed in the ancient heartbeat of the forest. By
morning, the grove was silent but for whispering silver leaves shedding light into the wind, and the
fading trace of the fox’s gleaming trail.

They called her Dr. Elira Voss, though no one had used her title in years. She was the last custodian
of the Skyreach Observatory, a rusting dome perched on the cliffs where stars once spoke to science.
Beneath its cracked shutters and wind-scoured walls, Elira still watched the sky—not for data, but for
memory.

A single tear traced her cheek as a meteor shower flared across the heavens, scattering silver sparks
over the dark sea. She stood silently beside a weathered telescope, its brass fittings dulled by time,
and turned back to her hand-drawn sky chart. The map was crowded with inked constellations,
margins lined with notes and dates only she understood.

She moved carefully, peering through the eyepiece and adjusting the scope until a distant galaxy
came into view. Her fingers trembled, not from age, but from the echo of another life. On the desk
nearby sat a faded photograph of a man in an astronaut’s suit-his smile still intact, his absence louder
than ever.

Later that night, she spotted it: a new star, impossibly bright. Her breath caught. She smiled—not
wide, not triumphant, but soft, as if welcoming an old friend. She cranked the observatory’s rusted
gears, pulling open the cracked dome just in time to follow a teal comet slicing across the sky, its fire
washing over ancient machinery like a blessing.

And when her hands could do no more, she stepped onto the rooftop and lit a paper lantern. As it
rose, its glow joined the glinting trail of satellite beacons. A message. A memory. A promise that
she was still watching, still waiting. Still listening.
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