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Abstract characters, environments, and object states—that

Long-form visual storytelling requires main-
taining continuity across shots, including con-
sistent characters, stable environments, and
smooth scene transitions. While existing gen-
erative models can produce strong individual
frames, they fail to preserve such continuity,
leading to appearance changes, inconsistent
backgrounds, and abrupt scene shifts. We intro-
duce CANVAS (Continuity-Aware Narratives
via Visual Agentic Storyboarding), a multi-
agent framework that explicitly plans visual
continuity in multi-shot narratives. CANVAS en-
forces coherence through character continuity,
persistent background anchors, and location-
aware scene planning for smooth transitions
within the same setting We evaluate CANVAS
on two storyboard generation benchmarks ST-
BENCH and ViStoryBench and introduce a
new challenging benchmark Hard Continuity-
Bench for long-range narrative consistency.
CANVAS consistently outperforms the best-
performing baseline, improving background
continuity by 21.6%, character consistency by
9.6% and props consistency by 7.6%.

1 Introduction

Long-form visual storytelling requires generating
a sequence of images that together form a coher-
ent narrative world (Li et al., 2026; Natangelo,
2025). Unlike single-image generation, storyboard
generation must preserve long-range consistency
across multiple shots: characters should retain sta-
ble visual identities, environments should remain
consistent when locations reappear, and objects
should evolve logically as narrative events unfold.
A natural way to enforce such coherence is through
world-state modeling for visual generation (Xiao
et al.; Ha and Schmidhuber, 2018). In this formula-
tion, the generation process maintains an explicit
representation of the narrative world—including
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evolves over time. Image generation at each step
is conditioned on this evolving narrative represen-
tation, enabling the system to maintain long-range
visual consistency while faithfully reflecting narra-
tive state changes.

Most existing approaches generate story frames
sequentially, conditioning each new image on pre-
viously generated frames or reference images (Sec-
tion 2). Auto-regressive methods generate frames
one-by-one from earlier frames, while reference-
based approaches maintain subject identity through
latent anchor or diffusion-based techniques us-
ing a few reference images (Table 1). More re-
cent iterative methods (Mao et al., 2026) refine
frames by repeatedly conditioning on previously
generated story frames to improve global visual
similarity. However, these methods primarily en-
force short-range consistency and do not explicitly
model the evolving narrative world. As a result,
inconsistencies accumulate over time, leading to
common failure modes such as character appear-
ance drift, unstable environments when locations
reappear, and incorrect object states after narrative
events (Figure 1). These issues arise because the
story world itself is never explicitly represented.
In coherent narratives, characters maintain identity
unless the plot changes their appearance, environ-
ments preserve spatial structure when revisited, and
objects follow causal state transitions (e.g., present
— stolen — absent).

We formulate storyboard generation as explicit
world-state modeling, maintaining structured rep-
resentations of characters, locations, and object
states as the narrative evolves. We introduce CAN-
VAS, a multi-agent framework that enforces conti-
nuity through world-state transitions via iterative
planning, generation, and memory updates (Sec-
tion 3). The system first constructs a global conti-
nuity plan, then generates each shot by retrieving
visual anchors from memory or initializing new
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Figure 1: Visual storyboards generated by AutoStudio (Cheng et al., 2025), Gemini (Team et al., 2025), and CANVAS
on a multi-shot museum heist story from our HardContinuityBench. Prior approaches show character appearance
drift, unstable scene geometry across consecutive shots, and logical inconsistencies such as artifact state changes,
room layout drift across non-consecutive shots. In contrast, CANVAS preserves character identity, stable room
layout, artifact state consistency, and object persistence across shots. We use similar colors in the shot descriptions
highlighting that those should maintain identical appearance throughout the entire storyline.

ones when needed (e.g., rendering a fireplace in
the first Santa Claus scene in Fig 8 (a) enables
smooth transitions to later shot (b), whereas with-
out this, the background must change abruptly to
accommodate future events, as seen from (c) to
(d)). Memory is updated after every generation of
each frame, ensuring consistency across long-range
narrative dependencies.

Another challenge in studying narrative consis-
tency is evaluation. Existing storyboard bench-
marks (Zhuang et al., 2025; Zhang et al., 2025a)
rarely require long-range reasoning: recurring loca-
tions are uncommon, character appearance changes
are limited, and object state transitions seldom in-
fluence future scenes. Hence, they barely capture
subtle forms of narrative drift that occur in longer
sequences. To address this limitation, we introduce
HardContinuityBench (Section 4), a benchmark
specifically designed to stress-test long-range nar-
rative continuity (Details in Appendix A.1).

We evaluate CANVAS against several state-of-
the-art story visualization baselines on multiple
storyboard generation benchmarks like ViStory-
Bench (Zhuang et al., 2025), ST-Bench (Zhang
et al., 2025a) and our new benchmark Hard Conti-

nuityBench. We propose ContinuityEval, a VLM-
based fine-grained metric on assessing character,
background and props continuity. CANVAS con-
sistently outperforms the best-performing baseline
on ContinuityEval, improving background continu-
ity by 21.6%, character consistency by 9.6% and
props consistency by 7.6% (Section 5). In addition,
CANVAS outperforms all the existing training-free
storyboard generation methods on standard ViSto-
ryBench metrics (Table 5) and video generation per-
formances on standard FilmEval metrics (Huang
et al., 2025) (Table 21). Although the generated
outputs are visual, the core reasoning problem in
CANVAS is language-grounded narrative state mod-
eling. From textual shot descriptions, the system
parses characters, locations, and object states, con-
structs a discourse-level plan over their evolution,
and uses this language-derived state to make gen-
eration and retrieval decisions across distant shots.
We therefore view this as an instance of narrative
state tracking and long-context reasoning grounded
in visual generation.

Our contributions are threefold: (1) We intro-
duce CANVAS, a training-free multi-agent frame-
work that storyboard generation as language-



Method Char Consist BG Consist Future Cond Multi-Agent Training Free
StoryGen (Zhang et al., 2025b) v X X X X
StoryDiffusion (Zhou et al., 2024) v X X X X
Story2Board (Dinkevich et al., 2025) v X X X v
Story-Iter (Mao et al., 2026) v Partial X X v
AutoStudio (Cheng et al., 2025) v X X v v
CANVAS (Ours) v v v v v

Table 1: Comparison of existing story visualization methods. Most prior methods focus on preserving character
consistency across frames using reference images or attention mechanisms, but do not explicitly maintain recurring
location representations or future-conditioned scene planning. CANVAS addresses all these challenges.

grounded world-state tracking, using global nar-
rative planning, memory-guided retrieval, and se-
quential state updates. (2) We propose HardConti-
nuityBench, a benchmark designed to stress-test
long-range narrative consistency, capturing subtle
drift in character identity, environment structure,
and object state transitions. (3) Extensive experi-
ments show that CANVAS significantly improves
character, background, and prop consistency across
multiple storyboard benchmarks.

2 Related Work

Story Visualization and Storyboard Generation.
Story visualization generates image sequences
from textual narratives. Early methods produce
frames sequentially conditioned on text and prior
images. For example, StoryGen (Zhang et al.,
2025b) uses an autoregressive process that im-
proves short-term coherence but accumulates errors
over long sequences. Diffusion-based approaches
improve semantic alignment and identity consis-
tency. StoryDiffusion (Zhou et al., 2024) prop-
agates features across frames using cross-image
attention, but consistency emerges implicitly rather
than through explicit narrative modeling.

Recent work explores storyboard-style genera-
tion. Story2Board (Dinkevich et al., 2025) uses
latent panel anchoring to maintain character iden-
tity, while Story-Iter (Mao et al., 2026) improves
coherence through iterative reference-based refine-
ment. However, these methods mainly rely on atten-
tion or reference propagation and do not explicitly
model persistent environments. This limitation is
crucial because long-form stories frequently revisit
the same locations and objects, requiring systems
to remember and reconstruct consistent scene struc-
ture across distant parts of the narrative.

Memory Management in Visual Storytelling.
Another line of work studies memory management
in visual storytelling literature, aiming to produce

temporally coherent videos across different scenes.
StoryMem (Zhang et al., 2025a) introduces mem-
ory banks that store keyframes from earlier shots to
guide later generation. OneStory (An et al., 2025)
predicts the next shot by retrieving relevant frames
from previous shots, while STAGE (Zhang et al.,
2025b) uses storyboard anchors such as start—end
frames to guide synthesis. A contemporary work
VideoMemory (Zhou et al., 2026) introduces an
entity-centric Dynamic Memory Bank that stores
reference images for characters, props, and back-
grounds, its memory primarily functions as a visual
retrieval mechanism to stabilize entity appearance
across shots. In contrast, CANVAS models nar-
rative evolution explicitly through a global conti-
nuity plan that tracks character appearance states,
location identities, and object state transitions over
time which allows CANVAS to reason about scene
geometry and object state changes (e.g., stolen
or removed objects), which cannot be enforced
through appearance-based memory retrieval alone.
More detailed comparisons regarding architectural
challenges are found in detailed related work (Ap-
pendix A.6).

3 CANVAS

Visual storyboard generation requires maintain-
ing long-range consistency across characters, en-
vironments, and objects throughout a sequence of
shots. However, existing approaches often generate
frames independently, leading to character appear-
ance drift, unstable environments when locations
reappear, and incorrect object states after narrative
events. We illustrate this phenomenon with a run-
ning example in Fig. 2. The story follows Ethan
and Lena across five shots. They first examine a
golden artifact in a museum gallery, later move to
a security room where Lena changes into a security
jacket, and eventually return to the gallery where
the artifact is stolen. In the final shot, Lena reap-
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Figure 2: Overview of CANVAS Pipeline. This framework generates a sequence of visually coherent cinematic
keyframes from a story script through global planning (Stage 1) and sequential generation (Stage 2).

pears in her original blue dress while the display
case remains empty. This example requires preserv-
ing character identity, maintain stable environments
across recurring locations, and correctly updating
object states as the narrative unfolds. To address
these challenges, we propose CANVAS, a frame-
work that enforces narrative consistency through
three components: global story planning to model
character, location, and object evolution; memory-
guided sequential generation to retrieve relevant
visual anchors across shots; and QA-based can-
didate selection to ensure that generated frames
satisfy continuity constraints (Algorithm 1).

Formally, the narrative is represented as a se-
quence of shot descriptions S = {s1,...,sr}, and
the goal is to generate a sequence of storyboard
images I = {Iy,...,Ip} that faithfully depict
each shot while remaining consistent with previ-
ously generated frames. CANVAS does this through
global story planning followed by sequential gen-
eration with retrieval and memory updates.

The running example in Figure 2 illustrates this
process. In shot s1, the museum gallery appears
for the first time, so generation proceeds without a
background anchor and the resulting frame /7 ini-
tializes the gallery and character anchors in mem-
ory. In shot s, the system retrieves the previous
frame and character anchors to preserve the gallery
layout. In shot s3, Lena enters a new location (the
security room), so the scene is generated without a
location anchor and the new environment is stored
afterward. In shot s4, Lena returns to the gallery
wearing the security jacket; the system retrieves

the gallery background and her updated appear-
ance anchor. Because the artifact is stolen, the
gallery background anchor is updated to reflect the
empty display case. Finally, in shot s5, the system
retrieves the updated gallery anchor together with
Lena’s blue-dress appearance anchor. Through this
sequential cycle of retrieval, generation, and mem-
ory update, CANVAS preserves character identity,
maintains consistent environments across recur-
ring locations, and correctly reflects object state
changes throughout the story.

3.1 Global Story Planning

Independent frame generation cannot ensure narra-
tive consistency across long sequences because the
model is unaware about how characters, environ-
ments, and objects evolve over time. The planning
stage therefore constructs a global representation
of these narrative dependencies before image gener-
ation begins. The input to the planner is a sequence
of shot descriptions S = {sy, ..., s7}. It produces
a global continuity plan P = (C, L, O), where C
specifies character appearance states, L assigns per-
sistent location identities, and O tracks object-state
transitions across the story (Prompt 28). In our
running example, C records Lena’s blue-dress —
security-jacket — blue-dress trajectory; L assigns
81, 82, 84, S5 to the same museum-gallery identity
and s3 to the security room; and O records the
artifact’s transition from present to stolen/absent.
Thus, P explicitly specifies which narrative proper-
ties should persist and which are allowed to change
before generation begins. The plan P constrains



how characters, environments, and objects evolve
throughout the narrative and provides structured
guidance for the next sequential generation stage
(Section 3.2).

Character. Characters must maintain consistent
visual identities—face, hairstyle, and clothing—
unless the narrative dictates a change. To pre-
vent identity drift, the planner defines a mapping
C(c,t) — k (Prompt 27), specifying the appear-
ance state k£ for character c¢ at shot ¢. In our run-
ning example, while Ethan remains in a trench
coat, Lena’s timeline tracks her shift from a blue
dress (s1, s2) to a security jacket (s3, s4) and back
(s5). Because s5 returns to the earlier blue-dress
state, the same appearance-state identifier can be
reused rather than creating a new character rep-
resentation. These explicit constraints guide the
generation stage in retrieving and updating charac-
ter appearance anchors to ensure coherence.

Location. Stories frequently revisit locations, but
without explicit modeling, generators often recon-
struct environments inconsistently. To ensure spa-
tial consistency, our planner clusters shots by lo-
cation identity [ using the mapping L(s;) —
(Clustering details in 25). It further reasons about
narrative events to pre-arrange key props that must
persist across future scenes (Prompt 26). In our
museum example, the shared museum identity al-
lows later shots to retrieve the previously estab-
lished gallery geometry—e.g., the display-case
placement, sculpture alcoves, and overall room
layout—rather than reconstructing a new museum
from scratch whenever the location reappears.

Object State. Objects often change state, altering
the visual environment when moved or removed.
Without explicit tracking, generators may produce
“ghost” objects or outdated scene elements. The
planner models this evolution through the mapping
O(o,t) — state (Prompt in 28), specifying an ob-
ject o’s status at shot £. In our museum example, the
golden artifact’s transition from “present” (s1—s3)
to “stolen” (s4) and “absent (s5) signals the gen-
erator to update the scene configuration, ensuring
long-range logical consistency.

Importantly, continuity is not defined by a fixed
temporal window. Entity states are tracked by se-
mantic identity, so a character, object, or location
can be retrieved after an arbitrary number of inter-
vening shots. The global plan also allows inten-
tional state changes: continuity is enforced only

while the narrative state remains unchanged. Con-
sequently, plot-driven off-camera transitions, for
example, an artifact becoming stolen even when
theft itself is not depicted—can be represented in
the object-state trajectory and propagated to subse-
quent shots.

3.2 Sequential Generation with Memory

The global plan specifies which narrative state
should hold at each shot; the sequential generation
stage must then recover the corresponding visual
realization of that state. CANVAS therefore gener-
ates shots sequentially while maintaining persistent
visual memory.

Visual State Memory. CANVAS maintains an
image-based persistent memory

M = (Mca Mla MO, Mf)a

where M. stores cropped visual anchors for char-
acter appearance states, M, stores background im-
ages representing persistent locations, M, stores
visual anchors for props in their current narrative
states, and M stores complete previously gener-
ated storyboard frames. Thus, the symbolic plan
P specifies the required narrative state, while M
stores its corresponding visual evidence.

Anchor Retrieval. For each shot s;, the sys-
tem first reads the required character appearances
C(c, t), location identity L(s;), and object states
O(o, t) from the global plan (Algorithm 2). These
symbolic identities directly index the correspond-
ing visual memories to construct the conditioning
set A;. We deliberately use plan-indexed retrieval
rather than performing an open-ended similarity
search over all previously generated frames: vi-
sually similar frames may correspond to differ-
ent locations or outdated object/appearance states,
whereas P identifies the narrative state required by
the current shot.

If the shot directly continues the previous scene
without structural changes, the system retrieves the
previous frame together with the required character
anchors using A; = {[;_1} U {M.(¢,C(c,t))}.
This preserves spatial layout, camera orientation,
and character placement across consecutive shots.

If the shot revisits an existing location but in-
troduces a different camera viewpoint, the sys-
tem retrieves the stored location anchor together
with the required character anchors using A; =

{Mi(L(s1))} U {Mc(c,C(e, 1))}



If the location appears for the first time and no
background anchor is available in memory, gen-
eration proceeds using only the relevant character
anchors.

Candidate Generation and Selection. Given the
retrieved anchors A; and the shot description s, the
image generator produces a set of candidate frames
{1}, 12,...,IN} (Prompt in 30). To select the
most consistent frame, CANVAS uses a QA-based
selector that evaluates each candidate through a set
of targeted visual questions derived from the global
continuity plan (Algorithm 3). These questions ver-
ify whether character appearances match C(c, t),
object states follow O(o, t), and the environment
structure corresponds to the location assignment
L(s¢) and the shot-description alignment. Each
candidate is scored based on its answers to these
consistency checks, and the final frame is selected
as I} = argmax; Score(I} | s;,P), where the
scoring function aggregates QA-based evaluations
to measure narrative alignment and consistency.

Memory Update. After selecting the final frame
I}, the system extracts updated anchors from the
generated image and updates the memory before
proceeding to the next shot (Algorithm 4). If a
character c is clearly visible in the frame, the sys-
tem extracts the appearance anchor and updates
M(¢,C(c,t)). If the visual structure of a loca-
tion changes due to an object state transition spec-
ified by O(o,t), the system extracts a new back-
ground anchor and updates M;(L(s;)). For ob-
jects that appear in the frame, the system also ex-
tracts visual anchors and updates the prop memory
M, (0,0(o,t)), storing the current visual state of
the object. This update allows later shots to retrieve
the correct object appearance when the object reap-
pears or when the scene must reflect a changed
object state. Finally, the selected frame I} is stored
in M so that the next shot can reuse the frame
when the scene continues.

4 Experimental Setup

Datasets. We evaluate CANVAS on two existing
storyboard generation benchmarks: ViStoryBench-
Lite (Zhuang et al., 2025) (20 stories) and ST-
Bench, derived from StoryMem (Zhang et al.,
2025a) (30 stories). However, these datasets pro-
vide limited challenges : recurring locations rarely
reappear after long gaps, character appearance
changes are uncommon, and spatial dependencies

across future events are seldom required. To better
evaluate long-range continuity reasoning, we intro-
duce HardContinuityBench, a dataset generated
through GPT-5.2 prompting to create storyboard
narratives with deliberately challenging continu-
ity conditions. The dataset emphasizes recurring
locations, long-range scene reappearances, char-
acter appearance changes, and occlusion across
cinematic shot transitions (e.g., wide shots fol-
lowed by close-ups), requiring models to preserve
spatial layouts and character identity even when
elements temporarily disappear. HardContinuity-
Bench, though small, contains structured narratives
and is intended to stress-test world-state consis-
tency across extended shot sequences (Details in
Appendix 6).

Baselines and Implementation. We implement
CANVAS using Gemini-3-pro-image as the back-
bone image generation model. Since CANVAS is
training-free, we compare it against recent state-
of-the-art methods that operate under a similar
inference-time setting from Table 1). Specifi-
cally, we select all training-free baselines from
Table 1 and, for fair comparison, re-implement
AutoStudio (Cheng et al., 2025), Story-Iter (Mao
et al., 2026), and Story2Board (Dinkevich et al.,
2025) using the same Gemini backbone. Apart
from this, we also consider Gemini-Contextual
(Gemini-CT) as a baseline where we prompt the
model to generate the image per shot with the
previous keyframe and character anchor image as
the context. We choose this baseline since it de-
livers the best prompt-following performance on
ViStoryBench-Lite (Zhuang et al., 2025).

All methods take the shot-level textual descrip-
tions of a story as input, along with canonical ref-
erence images for each character when available.
For datasets such as ViStoryBench-Lite (Zhuang
et al., 2025), these canonical character images are
provided as part of the benchmark. However, for
ST-Bench (Zhang et al., 2025a) and our proposed
HardContinuityBench, such references are not
available. In these cases, we first generate canoni-
cal character images from their textual descriptions
and use them as identity anchors to guide the gen-
eration of continuous keyframes across shots.

Comparison with Recent Memory-Based Meth-
ods. We additionally compare CANVAS with re-
cent long-form visual generation systems that ex-
plicitly incorporate memory, including VideoMem-
ory (Zhou et al., 2026), StoryMem (Zhang et al.,



Dataset Method | Background Consistency | Props | Character | Char Avg
| Consecutive ~Non-Consecutive | PropCons | FaceCons ~ClothCons  BodyCons |
AutoStudio (Cheng et al., 2025) 3.42 3.68 3.51 3.70 3.50 3.80 3.67
(Zhuang et al., 2025)  Story-Iter (Mao et al., 2026) 3.66 3.85 3.60 3.80 3.60 3.90 3.77
ViStoryBench Story2Board (Dinkevich et al., 2025) 3.20 343 3.18 3.60 3.40 3.60 3.53
Gemini-CT (Team et al., 2025) 452 4.00 4.56 4.05 4.12 3.98 4.05
CANVAS (Ours) 4.83 4.83 4.88 4.25 4.52 4.12 4.30
AutoStudio (Cheng et al., 2025) 3.33 3.58 3.38 3.60 3.40 3.70 3.57
(Zhang et al., 2025a)  Story-Iter (Mao et al., 2026) 3.70 3.85 3.78 3.80 3.60 3.90 3.77
ST-Bench Story2Board (Dinkevich et al., 2025) 3.22 3.50 2.89 3.70 3.50 3.80 3.67
Gemini-CT (Team et al., 2025) 4.62 3.99 4.41 4.05 3.92 3.98 3.98
CANVAS (Ours) 4.94 4.73 4.73 4.18 4.45 4.08 4.24
AutoStudio (Cheng et al., 2025) 3.45 3.48 2.86 3.17 3.35 3.44 3.32
Story-Iter (Mao et al., 2026) 3.49 3.74 2.19 4.33 4.01 4.65 4.33
HardContinuity Story2Board (Dinkevich et al., 2025) 3.36 3.73 2.67 4.18 3.98 4.16 4.10
Gemini-CT (Team et al., 2025) 4.15 3.83 4.06 4.32 4.61 4.45 4.46
CANVAS (Ours) 4.86 4.81 4.69 4.89 4.95 4.77 4.87

Table 2: Comparison of storyboard generation systems under ContinuityEval, using Gemini-2.5-Flash as judge.
We report background consistency for consecutive transitions and non-consecutive scene reappearances, PropCons
for movable-object identity, and character continuity across appearance cues. GPT-5 judge results are reported
in Table 19. CANVAS shows larger gains as continuity dependencies become more distant, with the strongest
improvements when locations reappear after intervening shots.

2025a), and HoloCine (Meng et al., 2025). Be-
cause several of these methods target video gen-
eration rather than storyboard generation and do
not provide fully reproducible implementations, we
distinguish controlled comparisons from protocol-
aligned comparisons based on the best available im-
plementations or published results (Appendix A.3).

Automatic Evaluation Metrics. We evaluate
CANVAS using two complementary settings target-
ing different aspects of storyboard quality. First,
we introduce ContinuityEval, a fine-grained con-
tinuity evaluator that measures whether generated
shots maintain a coherent visual world across cam-
era cuts. Storyboard generation models often in-
troduce inconsistencies such as character appear-
ance drift, environment layout changes, or objects
appearing/disappearing across shots. ContinuityE-
val is model-agnostic and shows strong agreement
with human judgments (0.74 Fleiss’ k). We select
the two VLM-as-Judge evaluators with the highest
Pearson correlation with human ratings (details in
Appendix A.9, Table 18). Unlike prior embedding-
based metrics, ContinuityEval evaluates three di-
mensions: character consistency (face, clothing,
body identity), background consistency (geomet-
ric stability of environments), and prop consis-
tency (identity and placement of movable objects
across shots) (Appendix 10, 12, 14, 33, 34). Sec-
ond, we conduct a benchmark-based evaluation
on ViStoryBench (Zhuang et al., 2025) to assess
prompt alignment and frame quality using the
benchmark’s standard metrics (Table 5).

Method FaceCons  ClothCons  BodyCons  Char Avg
CANVAS (Full) 4.18 4.45 4.08 4.24
w/o Canonical Character Anchor 2.55 2.76 2.47 2.59
w/o Character Anchor Retrieval 4.10 4.08 3.96 4.05
w/o Character Memory Update 4.09 4.12 3.89 4.03

Table 3: Character-memory ablation for CANVAS. Re-
moving canonical anchors causes the largest degradation
in identity consistency, while disabling retrieval or mem-
ory updates leads to moderate drops.

Human Preference User Study. In addition to
VLM-based automatic scoring, we conduct a hu-
man preference study to evaluate narrative consis-
tency. We randomly sample 20 stories (60 scenes)
from the benchmark datasets and construct pair-
wise comparisons between the stories generated by
CANVAS and four baselines (Gemini, Story2Board,
Storylter, AutoStudio), resulting in 240 comparison
pairs. Fifteen annotators evaluate randomly sam-
pled pairs across four dimensions: background
consistency, prop consistency, character consis-
tency, and overall preference (Human Annotation
Instructions in Appendix A.8). To assess annota-
tion reliability, we annotated 120 pairwise compar-
isons, with each comparison independently labeled
by two annotators. Agreement was high across di-
mensions (Krippendorff’s o = 0.68-0.89), with
o = 0.80 and Cohen’s k = 0.83 for overall prefer-
ence. Full per-dimension agreement statistics are
reported in Appendix A.8.

5 Main Results

We evaluate CANVAS on multiple storyboard gener-
ation benchmarks to measure its ability to maintain
long-range visual consistency across shots.
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Figure 3: Human preferences mirror the automatic con-
tinuity results: CANVAS is preferred over every baseline
across all four dimensions, with win rates consistently
above chance. The largest margins occur against Au-
toStudio, while Gemini-CT is the strongest competitor.

Method Consecutive ~ Non-Consecutive  Prop Cons

CANVAS (Full) 4.94 4.73 4.73
w/o Location Grouping 245 3.34 4.45
w/o Future Planning 4.76 4.11 3.55
w/o Background Reuse 2.12 2.44 4.54
w/o Prop State Update 4.34 4.33 3.76

Table 4: Ablation analysis of CANVAS background and
prop-state memory components. Removing location
grouping and background reuse degrades scene consis-
tency across shots, while disabling prop planning or
state updates reduces object state consistency.

Evaluation on ContinuityEval. Table 2 re-
ports results using our ContinuityEval framework.
Across all datasets, CANVAS consistently outper-
forms the strongest baseline (Gemini-CT) in back-
ground and prop consistency while also improving
character identity. On ViStoryBench-Lite (Zhuang
et al., 2025) and ST-Bench (Zhang et al., 2025a),
CANVAS improves consecutive background consis-
tency by about 6-7% and non-consecutive scene
reappearances by about 12%, while prop and char-
acter consistency improve by 6-7%. On Hard-
ContinuityBench, which stresses long-range nar-
rative reasoning, improvements are larger, reach-
ing +8.9% for consecutive backgrounds, +14.0%
for long-range scene reappearances, and +11.8%
for character consistency. Overall, CANVAS yields
6-9% gains in consecutive and 12—-14% improve-
ments in non-consecutive scene consistency.

Evaluation on Standard ViStoryBench Met-
rics. Table 5 compares CANVAS with recent
training-free storyboard generation methods on
ViStoryBench-Lite (Zhuang et al., 2025). CANVAS
delivers the best overall performance across most
metrics, improving consistency while maintaining
strong prompt alignment and visual quality. The
proposed planning and memory mechanisms pre-
serve narrative coherence without losing visual fi-
delity.

User Study Results. Figure 7 reports human pair-
wise preference win-rates of CANVAS against base-

Method CSD 1 CIDST  PAT CM7 Inct Aes?

Cross  Self Cross Self Avg

Story-Iter 048 0.67 060 071 339 5734 1433 4.55
Story2Board  0.23 045 035 039 292 4444 1193 456
AutoStudio 034 063 044 046 339 5622 1434 345
Gemini-CT 038 062 058 065 361 35997 1250 5.54

CANVAS 049 072 0.61 071 360 6034 13.89 5.60

Table 5: Comparison on ViStoryBench-Lite. Metrics
include Style Diversity (CSD), Character Identity Simi-
larity (CIDS), Prompt Alignment (PA), OCCM (CM),
Inception (Inc), and Aesthetic score (Aes). CANVAS
delivers the strongest or tied-strongest performance on
most consistency-oriented metrics.

line methods across four dimensions: background
continuity, prop consistency, character identity, and
overall coherence. Across all dimensions, CANVAS
is consistently preferred by annotators, achieving
win-rates up to 90.9% for background and prop
consistency, 86.7 % for character consistency, and
86.7% overall when compared against AutoStudio,
and 68.3% against our strongest baseline. Human
evaluators strongly prefer CANVAS-generated sto-
ryboards on all criteria.

6 Further Analysis

We ablate three main continuity mechanisms in
CANVAS: character memory, background mem-
ory, and prop-state memory, on 20 sampled stories
(including HardContinuityBench). Each variant re-
moves one module while keeping the rest of the
pipeline unchanged and is evaluated using Conti-
nuityEval. Besides, we also ablate by removing
QA selection techniques (Table 15).

Character Memory. Removing the canonical
character anchors causes the largest degradation
across all character consistency metrics, since the
generator no longer has a fixed visual reference
to preserve identity cues such as facial structure,
clothing style, and body appearance. As a re-
sult, Face, Cloth, and Body similarity drop by
39.0% (4.18—2.55), 38.0% (4.45—2.76), and
39.5% (4.08—2.47). In contrast, disabling anchor
retrieval leads to smaller declines—1.9% (Face),
8.3% (Cloth), and 2.9% (Body)—since anchors ex-
ist but are not used during generation, while remov-
ing memory updates results in moderate drops of
2.2%,7.4%, and 4.7%.

Background and Prop Memory. Background
memory is critical for scene continuity: remov-
ing location grouping or background reuse reduces
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Figure 4: Qualitative Examples of Train Story from HardContinuityBench along with ablation showing the
importance of Background and Character Memory Update. CANVAS best preserves character and scene continuity
across shots; removing either background or character memory causes clear consistency failures, highlighting the

importance of both memory components.

background consistency by up to 50-57%. Re-
moving future planning mainly affects long-range
scene and prop consistency, while disabling prop-
state updates reduces object consistency by about
20% . Overall, these results confirm that CANVAS’s
memory mechanisms are essential for maintaining
coherent environments and object states.

Effect of Candidate Variants. Increasing the
number of generated variants mainly improves
character consistency, as the selection step can
choose candidates best aligned with character an-
chors. Background and prop consistency remain
largely stable due to memory constraints (Figure 6).
Performance saturates at /N = 3, providing the best
balance between quality and computation.

7 Qualitative Analysis

Across the train-station storyline (Fig. 4), prior ap-
proaches fail to preserve recurring environments
and stable character identity. Story2Board alters
station layout and signage across shots, CANVAS
maintains consistent platform geometry, signage,
and lighting while preserving the protagonist’s ap-
pearance. In the laboratory storyline (Fig. 9), Au-
toStudio and Story-Iter fail to maintain object and
environment persistence, with robot design, lab

equipment, and corridor layouts changing across
shots. CANVAS preserves consistency.

Ablation. Removing background mem-
ory/planning causes location drift across shots,
while removing character memory leads to identity
changes in facial features and clothing (Fig. 4).
Removing prop updates breaks object-state
continuity in the museum heist example (Fig. 6).

8 Conclusion and Future Work

We introduce CANVAS, a training-free framework
for generating coherent multi-shot visual story-
boards from textual narratives. The framework
maintains three key dimensions of narrative coher-
ence: character identity consistency, background
continuity, and prop-state persistence. In future, we
plan to study interactive human-in-the-loop visual
storytelling, where users provide natural-language
feedback or directly revise individual scenes and
characters. A key challenge is to update the af-
fected parts of the story while preserving global
constraints—for example, maintaining a charac-
ter’s appearance after an outfit change, propagating
changes in objects or locations to later scenes, and
revising downstream events when an earlier plot
action is modified.
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Limitations

Despite promising results, CANVAS has a few lim-
itations. First, the framework now relies on large
image generation models, making generation com-
putationally expensive when producing multiple
candidate shots for QA-based selection. Second,
although CANVAS improves continuity across char-
acters, backgrounds, and props, it does not yet fully
model fine-grained physical interactions or com-
plex motion dynamics across shots. Third, the sys-
tem assumes that narrative entities such as char-
acters, locations, and objects can be reliably ex-
tracted from text, which may be challenging for
ambiguous or highly abstract narratives. Finally,
the dataset size of HardContinuityBench is small,
though we have used to stress-test our model, we
plan to augment with more samples.

CANVAS now uses manually specified retrieval
and memory-update policies. Although these pro-
vide interpretable structural priors, performance
may be sensitive to prompt formulation, policy or-
dering, and narrative complexity. Learning these
decisions from data or feedback—for example
through planning or reinforcement learning—is an
important direction for future work. Our conti-
nuity objectives primarily capture semantic and
structural properties—character identity, scene ge-
ometry, and object state—and do not explicitly
model photometric continuity such as illumination,
weather, or color tone. Consequently, visually co-
herent layouts may still show lighting or appear-
ance shifts across shots.

Use of Al assistants. The authors used Al tools
(OpenATI’s ChatGPT, Google Gemini, Anthropic’s
Claude) for coding assistance during data analysis
and visualization, and as a writing assistant limited
to paraphrasing for conciseness. All substantive
content, analysis, and conclusions are the authors’
own work.

Ethical Considerations

The data collection did not involve any crowdsourc-
ing platforms. The study protocol was reviewed
and approved by the institutional Ethics Review
Board following a detailed assessment of the data
collection procedures.

Potential Risks and Harms. While improving
long-range visual consistency enhances narrative
coherence, it may also enable the creation of more
realistic synthetic content, raising concerns about
misuse for misinformation, deepfakes, and fabri-
cated visual evidence.
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A Appendix Organization

We organize the appendix section to provide addi-
tional details to reproduce our pipeline:

* ContinuityEval Implementation Details (Ap-
pendix A.4)

* Failure Case Analysis of CANVAS (Ap-
pendix A.2)



* Computational Efficiency Analysis in Ap-
pendix A.5

¢ Detailed Related Work in Appendix A.6

* Human Evaluation (User Study Instructions)
in Appendix A.8

* Effect of Storyboard Quality on Video Gener-
ation using FilMaster Continuity and Expres-
siveness Measures (Appendix A.10)

* CANVAS Prompts and Implementation Algo-
rithms and Case Study (Appendix A.11)

* HardContinuityBench Creation Prompt, addi-
tional statistics of the dataset

* ContinuityEval Validation (Correlation with
Human Judgement and Inter-Model Judge-
ment Agreement) in Appendix 18

* More Ablation Analysis (without QA) in Ta-
ble 15

A.1 Why HardContinuityBench is Hard?

Table 6 highlights the structural differences be-
tween HardContinuityBench and existing story-
board benchmarks. Compared to ViStoryBench-
Lite and ST-Bench, HardContinuityBench in-
creases the likelihood of long-range dependencies
such as recurring locations and delayed character
reappearances by introducing significantly larger
temporal gaps between scene reappearances, often
requiring models to reconstruct environments after
multiple intervening shots such as close-ups where
the background is not visible. The dataset also in-
cludes more frequent character appearance changes
and object state transitions, forcing systems to track
evolving world states across the narrative. These
characteristics make HardContinuityBench a sub-
stantially more challenging benchmark for evalu-
ating long-range visual continuity in storyboard
generation.

A.2 Failure Case Analysis

Despite improving long-range continuity, CANVAS
shows three main failure modes.

Fine-grained interactions. CANVAS may pre-
serve the correct characters and objects while pro-
ducing inaccurate physical interactions, such as
unnatural hand—object contact or pose alignment.
This occurs because the framework primarily tracks

high-level narrative states rather than detailed spa-
tial relations.

Ambiguous entity extraction. CANVAS assumes
that characters, locations, and objects can be reli-
ably identified from text. Ambiguous references or
complex coreference can result in incorrect entity
identities, causing inappropriate memory retrieval
and propagating errors to later shots.

Photometric inconsistency. CANVAS focuses on
semantic and structural continuity—character iden-
tity, environment geometry, and object states—but
does not explicitly model lighting, weather, or color
tone. Thus, structurally consistent scenes may still
show noticeable photometric changes across shots.
Overall, these cases highlight that CANVAS pri-
marily addresses semantic and structural narrative
continuity; modeling fine-grained interactions and
photometric consistency remains future work.

A.3 Comparison with Recent Memory-Based
Baselines

Several recent systems have explored long-range
visual generation using explicit memory mecha-
nisms, including StoryMem (Zhang et al., 2025a),
VideoMemory (Zhou et al., 2026), OneStory (An
et al., 2025), and HoloCine (Meng et al., 2025).
These methods are closely related to CANVAS be-
cause they attempt to preserve information across
multiple shots. However, they differ in both task
formulation and evaluation setting.

Most of these approaches are designed primarily
as video-generation pipelines, where intermediate
keyframes or memory states are used to support
final video synthesis. In contrast, CANVAS treats
continuity-preserving storyboard generation as the
primary task and explicitly represents the evolution
of characters, locations, and object states across a
narrative. Thus, our main evaluation directly mea-
sures storyboard-level character identity, recurring-
environment consistency, and prop-state continuity.

Reproducibility and Comparison Protocol. A
fully controlled comparison with every recent
method is difficult because several contempora-
neous approaches do not release complete code,
prompts, or generation artifacts. We therefore
use two complementary comparison settings: (1)
when enough implementation details are available,
we reproduce the method using the best available
prompts and settings under our ContinuityEval pro-
tocol; and (2) when reproduction is not feasible,



Statistic ViStoryBench-Lite =~ ST-Bench = HardContinuityBench
Stories 20 30 20
Recurring Location Reappearances Rare Occasional Frequent

Avg. Gap Between Location Reappearances (shots) 1.4 2.3 5.6
Character Appearance Changes Rare Limited Common

Prop State Transitions (per story) 0.8 1.2 3.6
Long-Range Scene Reconstruction Required Low Moderate High

Table 6: Dataset statistics comparing HardContinuityBench with existing storyboard benchmarks. HardContinuity-
Bench contains longer narratives, more recurring environments, larger temporal gaps between scene reappearances,
and more object state transitions. These properties require models to maintain persistent world representations of
characters, locations, and objects rather than relying only on short-range frame conditioning.

Method Release Time  Code / Artifacts

HoloCine (Meng et al., 2025) Oct. 2025 No
StoryMem 2025a) Dec. 2025 No
OneStory (An et al., 2025) Dec. 2025 No
VideoMemory (Zhou et al., 2026)  Jan. 2026 Partial
CANVAS (Ours) - -

Table 7: Positioning and reproducibility of recent
memory-based visual generation methods considered
in our extended comparison. Several methods are con-
temporaneous with CANVAS and do not provide com-
plete reproducible implementations; we therefore dis-
tinguish controlled evaluations from comparisons using
best-available settings or published results.

we compare against published results on a shared
benchmark and evaluation protocol. We therefore
interpret these comparisons specifically as evidence
of performance under the available storyboard-
level evaluation protocols rather than as a univer-
sal comparison of long-form video-generation sys-
tems.

A.3.1 Comparison with VideoMemory

VideoMemory (Zhou et al., 2026) introduces an
entity-centric dynamic memory bank that stores
visual representations of characters, props, and
backgrounds and retrieves them across shots. This
provides a particularly relevant comparison to
CANVAS because both methods maintain persistent
information across a narrative.

The key distinction is that VideoMemory pri-
marily uses memory as a mechanism for retrieving
visual entity representations, whereas CANVAS ad-
ditionally constructs a global continuity plan that
explicitly tracks character appearance states, recur-
ring location identities, and narrative object-state
transitions. This enables CANVAS to reason not
only about whether an entity should visually reap-
pear, but also about whether its state or surrounding
environment should change because of previous
narrative events.

Using the best available VideoMemory prompts
and settings, we evaluate the method under the

same ContinuityEval protocol used for CANVAS.
Table 8 reports the results.

A.3.2 Comparison with StoryMem and
HoloCine

StoryMem (Zhang et al.,, 2025a) and
HoloCine (Meng et al., 2025) are training-
based long-form generation systems for which
a controlled reimplementation using the same
CANVAS image-generation backbone is not
available. However, both report results on ST-
Bench, allowing us to provide a protocol-aligned
comparison using their published numbers.

We therefore evaluate CANVAS using the corre-
sponding ST-Bench metrics and compare against
the reported StoryMem and HoloCine results in
Table 9. Because these numbers do not arise from
a fully controlled reproduction, we use this experi-
ment as an additional reference rather than as the
basis for an unrestricted state-of-the-art claim.

These results reinforce the distinction between
visual memory and explicit narrative state model-
ing. While memory-based generation methods sub-
stantially improve cross-shot persistence, CANVAS
additionally reasons over when entities should re-
main unchanged and when their states should inten-
tionally transition according to the narrative. The
largest advantage is therefore observed for long-
range scene reappearances and state-dependent con-
tinuity, which are central to our work.

A.4 Character Consistency Evaluation

To measure whether characters remain visually con-
sistent across a generated storyboard, we design a
Character Consistency Evaluator as part of the Con-
tinuityEval framework. The goal of this evaluator is
to measure how well a character preserves identity
attributes across multiple appearances throughout
the narrative.

Given a sequence of generated storyboard frames



Dataset Method Background Consistency Prop Cons. Face Cons. Cloth Cons. Body Cons. Char. Avg.
Consec.  Non-Consec.
Gemini-CT 4.52 4.00 4.56 4.05 4.12 3.98 4.05
ViStoryBench-Lite VideoMemory 4.60 3.55 4.62 4.10 4.05 4.00 4.05
CANVAS 4.83 4.83 4.88 4.25 4.52 4.12 4.30
Gemini-CT 4.62 3.99 4.41 4.05 3.92 3.98 3.98
ST-Bench VideoMemory 4.70 3.48 4.48 4.08 3.95 3.92 3.98
CANVAS 4.94 4.73 4.73 4.18 445 4.08 4.24
Gemini-CT 448 3.83 4.06 4.63 4.27 4.27 4.39
HardContinuityBench ~ VideoMemory 4.55 3.20 4.12 4.70 4.30 4.25 4.42
CANVAS 4.88 4.88 4.19 4.95 4.91 4.87 4.91

Table 8: Comparison with VideoMemory using the best available implementation under the ContinuityEval protocol.
CANVAS delivers stronger non-consecutive background consistency and character consistency across all three
benchmarks, highlighting the benefit of explicitly modeling narrative world-state evolution in addition to visual

memory retrieval.

Method Aecsthetic?  Prompt1 Prompt? Consistency T  Consistency T

(Global)  (Single) (Overall) (Top-10)
HoloCine (Meng et al., 2025) 0.5653 0.2199 0.2125 0.4628 0.5005

StoryMem (Zhang et al., 2025a) 0.6133 0.2289 0.2313 0.5065 0.5337
CANVAS (Ours) 0.6099 0.2322 0.2389 0.5622 0.5887

Table 9: Protocol-aligned comparison with StoryMem
and HoloCine on ST-Bench. StoryMem and HoloCine
numbers are taken from their reported benchmark re-
sults, while CANVAS is evaluated using the correspond-
ing protocol. CANVAS obtains the strongest prompt-
alignment and consistency scores, while StoryMem at-
tains a slightly higher aesthetic score.

1y, I, ..., IT and corresponding shot descriptions
S1,89, ..., S, we first extract all characters men-
tioned in the shot descriptions using a language
model. Character mentions referring to the same
individual are canonicalized into a unified iden-
tity representation. For each character c, we then
construct a temporal appearance sequence

TC = (Itlaltw '-'7Itk)

where I;, denotes the i-th frame in which charac-
ter ¢ appears. The sequence represents the chrono-
logical timeline of that character’s appearances
across the storyboard.

Character continuity is evaluated by comparing
consecutive appearances of the same character in
the timeline unless appearance change is required.
For each pair of adjacent frames (Iy,, I, , ), a Vi-
sion—Language Model evaluates identity consis-
tency using three attribute groups: facial identity,
clothing attributes, and hair/body appearance. Each
attribute is evaluated independently using dedicated
prompts and scored on a Likert scale from 1 to 5.

The facial identity evaluator compares structural
facial features including facial shape, eye configu-
ration, nose structure, jawline, facial proportions,
and facial hair when visible. Differences caused by

viewpoint, expression, lighting, or partial occlusion
are ignored (Prompt in Table 10). The clothing eval-
uator measures consistency of garment category,
clothing structure, layering, dominant color palette,
and fabric appearance. Minor changes caused by
lighting or folds are ignored (Prompt in Table 12).
The hair and body evaluator measures consistency
of hairstyle, hair length, hair color, body silhouette,
and wearable accessories such as glasses, hats, or
backpacks (Prompt in Table 14).

For each frame transition (I;,, Iy, ) the evalua-
tor produces three attribute scores:

fi = FaceScore(Iy,, I, ., )
cl; = ClothingScore(/y,, I, ,, ¢)

hb; = HairBodyScore(1y,, I3, ,, c)

If an attribute cannot be evaluated due to severe
occlusion or cropping, the evaluator returns a null
value and that attribute is excluded from aggrega-
tion. The transition identity score is then computed
as the mean of the available attribute scores:

score; = mean( f;, cl;, hb;)

For a character appearing in k frames, the over-
all character consistency score is computed as the
average of the transition scores across the timeline:

k—1
1
CIDS(c) = 71 Z score;
i=1

where k — 1 represents the number of temporal
transitions for the character.



Face Identity Evaluation Prompt.

You are given two storyboard frames, Frame A and Frame B. The same character is expected to
appear in both frames. Determine whether the faces correspond to the same individual.

Focus only on the specified character. Ignore other people and background objects.

Compare the following facial attributes: facial shape, eye shape and spacing, nose structure, jawline
and chin structure, facial proportions, skin tone, and facial hair if present.

Ignore changes caused by camera angle, facial expression, lighting conditions, or partial occlusion.
Assign a score using the following rules:

5 — All visible facial features match. Facial structure, proportions, and distinctive features are
consistent across both frames.

4 — All major facial features match. Minor variations appear only in rendering detail.

3 — At least half of the visible facial attributes match, but other attributes differ or are unclear.

2 — Fewer than half of the facial attributes match.

1 — Most visible facial attributes do not match.

If the face of the character is not visible in one or both frames, return null.

Table 10: Prompt used for Calculating Facial Identity Consistency.

Clothing Consistency Evaluation Prompt.

You are given two storyboard frames containing the same character. Evaluate whether the clothing
worn by the character is consistent across the frames.

Focus only on the clothing worn by the character.

Compare the following attributes: garment category (coat, jacket, shirt, dress, uniform), clothing
structure (sleeve length, coat length, collar type), clothing layers (for example jacket over shirt),
dominant colors, patterns or logos, and fabric appearance.

Ignore differences caused only by lighting changes or cloth wrinkles.

Assign a score using the following rules:

5 — Garment type, structure, color palette, and patterns are identical.

4 — Garment type and structure are identical, and color palette differs only slightly.

3 — Garment type matches but structural details or colors differ.

2 — Garment type differs but some colors or patterns match.

1 — Garment type, structure, and colors are completely different.

Table 11: Prompt used for Calculating Clothing Similarity Consistency.

Finally, the overall Character Identity Consis-

tency Score for the story is obtained by averaging Effect of Candidate Variants

. . in TOptimal N=3
across all characters appearing in the narrative: A
2 .
1 S 4.5 ~ i
T
CharacterConsistency = @ Z CIDS(c) U; i
ceC g 1
40_), 4.0 1 : -@- Face
where C' denotes the set of characters present in 5 i Clothing
c 1 =@~ Background
the storyboard. S i -@- Prop
The resulting score lies in the range [1, 5], where 3.3 1 2 3 4 5

higher values indicate stronger visual identity
preservation across shots and lower values indicate
character appearance drift or identity inconsistency.

A.5 Computational Efficiency

All evaluated pipelines operate in a training-free
inference setting where the heavy computation (im-

Number of Variants (N)

Figure 5: Effect of generating N candidates on the Con-
tinuityEval metrics.
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Figure 6: Qualitative Ablation showing the importance of Prop-State Tracking in CANVAS.

age generation and reasoning) is performed through
hosted multimodal APIs. As a result, the local
system only performs lightweight orchestration
such as prompt construction, memory updates, and
image I/O, allowing all methods to run on stan-
dard CPU-only machines without requiring local
GPUs.

Story2Board. Story2Board generates one image
per shot using a single API call, resulting in linear
complexity O(.S) where S is the number of shots.
The method has minimal overhead since it performs
no additional reasoning or verification.

Storylter. Storylter performs iterative refinement
of frames across multiple passes. If I refinement
iterations are used, the pipeline requires S(I + 1)
image-generation API calls. While the method
includes local CLIP-based similarity computation
for reference selection, this step is lightweight and
can run on CPU.

CANVAS. CANVAS introduces additional reason-
ing and verification steps to enforce visual continu-
ity. Each shot involves prop-state reasoning, multi-
candidate image generation, and VLM-based candi-
date evaluation. With K generated candidates per
shot, the total number of API calls is approximately
14+ C+ S(1+ 3K), where C denotes the number
of characters requiring canonical initialization. Al-
though CANVAS incurs higher inference-time API
usage, it maintains low local computational over-
head and still runs efficiently on CPU-only systems.

Overall, the runtime of all pipelines is dominated
by API latency rather than local computation, and
all methods remain computationally lightweight
compared to training-based approaches.

A.6 Positioning of CANVAS

A.6.1 Visual Story Generation from Text.

Early work on visual storytelling focused on gener-
ating sequences of images from textual narratives
using generative models. One representative ap-
proach is StoryGen (Liu et al., 2024), which in-
troduces an autoregressive diffusion-based frame-
work for open-ended visual storytelling. The model
generates each frame conditioned on the text de-
scription and preceding image-caption pairs using
a vision—language context module integrated into
Stable Diffusion. During generation, features ex-
tracted from earlier frames are injected into the
diffusion denoising process, allowing the model to
maintain visual continuity across frames.

While StoryGen improves over independent
text-to-image generation by conditioning on pre-
vious frames, its architecture primarily focuses on
appearance-level consistency rather than explicit
modeling of narrative state. Because generation is
conditioned only on preceding frames, the system
lacks a structured representation of characters, lo-
cations, or object states. Consequently, errors can
accumulate over long sequences, and recurring en-
vironments or props are not guaranteed to remain
stable across distant shots. In contrast, CANVAS
introduces explicit world-state modeling with per-
sistent character, background, and prop anchors, en-
abling reasoning about how entities evolve across
the story.

Another line of work explores architectural mod-
ifications to diffusion models to improve cross-
frame consistency. StoryDiffusion (Zhou et al.,
2024) introduces a consistent self-attention mech-
anism that injects reference tokens from previous
frames into the attention computation of the diffu-
sion model. This mechanism allows the model to
maintain subject identity across generated frames



while preserving the controllability of text prompts.
However, StoryDiffusion (Zhou et al., 2024) fo-
cuses primarily on subject identity preservation,
particularly character appearance and attire. The
method does not attempt to model narrative struc-
ture, scene persistence, or object state evolution
across the story. Moreover, because consistency
is enforced through attention correlations rather
than explicit memory structures, the model lacks
a mechanism for reasoning about long-range nar-
rative constraints, such as ensuring that objects
change state only when story specifies such events.

More recent work explores training-free story-
board generation pipelines. Story2Board (Dinke-
vich et al., 2025) proposes a lightweight consis-
tency mechanism combining latent panel anchoring
and reciprocal attention value mixing to maintain
subject identity across storyboard panels. The sys-
tem uses a language model to convert a story into
panel-level prompts and then generates panels se-
quentially using diffusion models.

Although Story2Board (Dinkevich et al., 2025)
improves panel-level coherence and allows dy-
namic pose and spatial variation, its design pri-
oritizes visual expressiveness and layout diversity
rather than strict narrative continuity. The frame-
work does not maintain persistent representations
of characters, locations, or props across panels, and
therefore cannot explicitly enforce logical consis-
tency when scenes reappear later in the story.

In contrast, CANVAS models story generation
as an evolving narrative world state, enabling per-
sistent tracking of characters, environments, and
objects throughout the story timeline.

A.6.2 Multi-Turn Image Generation and
Interactive Story Creation

Another research direction focuses on interactive
image generation, where images are generated iter-
atively through multi-turn user instructions.
AutoStudio (Cheng et al., 2025) proposes a
multi-agent framework for interactive image gen-
eration, combining large language models with
diffusion models to maintain subject consistency
across multiple turns. The architecture consists of
a subject manager that interprets user instructions,
a layout generator that predicts bounding boxes
for subjects, a supervisor that refines layouts, and
a diffusion-based image generator that produces
the final image. This design allows AutoStudio to
maintain consistency for multiple subjects while
responding to user instructions such as adding ob-

jects or modifying scene elements. Despite these
strengths, AutoStudio primarily addresses interac-
tive editing and layout control rather than long-
form narrative consistency. The system focuses on
maintaining subject identity within short interactive
sessions and does not explicitly model persistent
environments or object states across a structured
story. As a result, the framework does not address
challenges such as maintaining stable environments
when scenes reappear or ensuring that object states
evolve logically according to narrative events.

Similarly, TheaterGen (Cheng et al., 2024) intro-
duces a framework for multi-turn image generation
in which a large language model acts as a “screen-
writer” that generates a structured prompt book de-
scribing characters and layouts. Character prompts
are used to generate reference images during a re-
hearsal stage, and these references guide the final
image generation during the diffusion process. The
key idea in TheaterGen is character management
through prompt planning, which improves seman-
tic consistency in multi-turn generation tasks. How-
ever, TheaterGen primarily focuses on character-
level consistency, and its architecture generates
subjects individually before merging them into the
final image. This design can lead to unnatural in-
teractions between characters or inconsistencies
in spatial relationships. Moreover, the framework
does not maintain persistent representations of en-
vironments or objects across a story timeline.

Compared to these approaches, CANVAS focuses
on story-level coherence rather than interactive edit-
ing, introducing explicit mechanisms to maintain
background continuity, object persistence, and log-
ical state transitions across narrative events.

A.6.3 Memory-Based Narrative Generation

Several recent works attempt to address long-
range consistency using memory mechanisms. Sto-
ryMem (Zhang et al., 2025a) reformulates visual
storytelling as iterative shot synthesis conditioned
on a memory bank of keyframes from previously
generated shots. The framework injects these
keyframes into a single-shot video diffusion model
using a Memory-to-Video architecture, enabling
the model to preserve visual context across shots.
StoryMem improves cross-shot consistency by stor-
ing selected keyframes and using them as condi-
tioning signals during generation. However, the
stored memory primarily functions as visual con-
text for conditioning, rather than as an explicit rep-
resentation of narrative entities. The system does



not separately model characters, environments, and
objects or reason about how these entities evolve
across the story. As a result, the memory acts as a
passive reference rather than an interpretable narra-
tive representation.

Very recently, VideoMemory (Zhou et al., 2026)
introduces an entity-centric dynamic memory bank
that stores representations of characters, props, and
backgrounds. A multi-agent system retrieves these
representations before generating each shot and
updates the memory after generation.This archi-
tecture improves long-range entity consistency by
maintaining persistent visual descriptors of story
entities. Nevertheless, VideoMemory primarily
focuses on video-level entity persistence rather
than storyboard-level reasoning about scene struc-
ture. The system retrieves stored representations
but does not explicitly plan narrative continuity or
enforce constraints such as maintaining stable envi-
ronment geometry across recurring scenes. Further-
more, generation remains largely conditioned on
visual descriptors rather than structured narrative
reasoning.

Against Narrative Weaver (Yao et al., 2026)
and OneStory (An et al., 2025), HoloCine (Meng
et al., 2025) which bake long-range context or
planning into the generator, CANVAS’s advantage
is its architecture-agnostic, training-free deploy-
ment. However, these training-based methods re-
port strong long-range coherence and could serve
as upper-bound references.

Comparison Criteria. We compare methods
along several dimensions capturing the key require-
ments of coherent visual storytelling in Table 16.

Generation Paradigm. The primary archi-
tectural strategy used by the method to generate
story images, such as autoregressive generation,
attention-based consistency mechanisms, layout-
guided generation, memory-conditioned genera-
tion, or explicit world-state modeling.

Character Consistency. Whether the method
explicitly preserves the visual identity of charac-
ters (e.g., face, clothing, body appearance) across
multiple frames or shots.

Environment Persistence. Whether the method
ensures that recurring locations maintain stable spa-
tial structure and visual layout when the scene reap-
pears later in the story.

Object State Tracking. Whether the system
maintains and updates the state of narrative objects
(e.g., a broken display case, a stolen artifact) across

frames according to the story events.

Interactive Editing. Whether the system sup-
ports multi-turn interaction where users iteratively
modify previously generated images through dia-
logue or instructions.

Explicit Narrative Modeling. Whether the
framework maintains an explicit representation of
the evolving narrative world (e.g., characters, en-
vironments, and object states) rather than relying
only on visual similarity between generated frames.

Long-Range Continuity. Whether the method
can maintain consistency across distant frames or
shots in long narratives where characters, environ-
ments, or objects reappear after several intermedi-
ate scenes.

A.6.4 Narrative Continuity in Film and
Sequential Visual Media

Long before computational visual storytelling, film
theory studied how sequences of discontinuous
shots are organized into coherent narrative worlds.
Cognitive studies show that viewers construct
persistent event representations that bridge even
substantial visual and spatiotemporal discontinu-
ities (Magliano and Zacks, 2011). Related work
on comics characterizes closure as the process by
which readers infer events omitted between pan-
els. Iyyer et al. (2016) operationalizes this prob-
lem computationally and show that understanding
comic narratives requires multimodal reasoning
across panels. Cohn (2018) further argues that
sequential images show structured narrative orga-
nization analogous to discourse. CANVAS builds
on these perspectives by treating storyboard gen-
eration as explicit state tracking over characters,
locations, and objects rather than as independent
image synthesis.

A.7 Human Evaluation Setup

While automatic metrics can measure certain as-
pects of visual similarity and prompt alignment,
they often fail to capture more subtle narrative prop-
erties such as scene continuity, object persistence,
and overall perceptual coherence across a story-
board. Therefore, we conduct a human evaluation
study to assess whether generated storyboards pre-
serve consistent environments, object states, and
narrative structure from the perspective of human
observers.

Annotators. We have asked fifteen annotators,
consisting of members of our research group who



have prior experience evaluating outputs of gener-
ative models. Participation in the study was vol-
untary. Before the study begins, we provide them
with detailed guidance and example evaluations to
ensure consistent interpretation of the evaluation
criteria (Instructions in Section A.8 and their inter-
face is in Figure 7). The annotators were blinded
to the method identity and the order of sequences
was randomized per trial.

A.8 Human Annotation Instructions.

In this study, annotators compare two storyboard
sequences generated by different methods (denoted
as Scene A and Scene B) as shown in Figure 7.
Each storyboard contains a sequence of keyframes
depicting the same narrative. The goal of the evalu-
ation is to determine which method better preserves
visual and narrative consistency. This is completely
voluntary, and you can opt out if you do not want
to help. All the data will be used for research pur-
poses.

For each comparison, annotators are shown the
full storyboard sequences for both methods. How-
ever, the evaluation focuses on a specific target
scene (e.g., Sceney). The remaining scenes are
provided only as context for judging continuity.

Annotators must select one of the following op-
tions for each question:

* Scene A: Scene A performs better according
to the criterion.

* Scene B: Scene B performs better according
to the criterion.

* Tie: Both scenes are equally good.

Annotators should evaluate only the target scene
while using earlier scenes to assess consistency.

Background Consistency. This criterion evalu-
ates whether the environment or location remains
visually consistent with earlier scenes. Annotators
should check whether the scene maintains consis-
tent spatial layout, stable environmental structure,
persistent background elements (e.g., walls, win-
dows, control panels, furniture), consistent light-
ing and overall scene configuration If the story
revisits a previously seen location, the environment
should maintain the same overall layout and struc-
ture. Major changes such as disappearing walls,
altered room geometry, or entirely different envi-
ronments indicate poor background consistency.

Annotators should select the scene that better pre-
serves the visual structure of the location across
shots.

Prop Consistency. This criterion evaluates

whether important objects (props) maintain the

correct presence and state throughout the story.
Props include narrative-relevant objects such as

tools, artifacts, equipment, documents, or other

objects that appear repeatedly in the scene.
Annotators should verify that:

* objects that appear earlier remain present un-
less explicitly removed

* objects that were removed or stolen do not
reappear

* objects maintain consistent visual appearance

Examples of inconsistencies include objects sud-
denly disappearing, reappearing after being re-
moved, or changing form without narrative jus-
tification.

Annotators should select the scene that better
preserves the correct object states.

Character Consistency. This criterion evaluates
whether character identity and appearance re-
main consistent across scenes.

Annotators should examine whether characters
maintain: consistent facial identity, stable hairstyle
and facial features, consistent clothing and acces-
sories, consistent body appearance

Changes in appearance are acceptable only if
they are explicitly described by the narrative (e.g.,
a character changing clothes). Otherwise, unex-
pected appearance changes should be considered
inconsistencies. Annotators should select the scene
that better preserves character identity.

Overall Preference. This criterion measures the
overall quality of the target scene, considering all
aspects of visual storytelling.

Annotators should consider:

* alignment with the scene description
* character identity preservation

* background continuity

* object state correctness

* overall realism and coherence

Annotators should select the scene that provides
the best overall visual depiction of the story.



Annotation Guidance. When performing the
evaluation, annotators should follow this guidance:

» Evaluate only the target scene indicated in
the interface.

* Use the rest of the storyboard only to judge
continuity.

* Focus on major inconsistencies rather than
minor stylistic differences.

* Select Tie if both scenes are equally consis-
tent.

A.8.1 Human Annotation Instructions and
Agreement

Annotation Task. Annotators compare two sto-
ryboard sequences generated by different methods,
denoted as Scene A and Scene B. Both storyboards
correspond to the same underlying narrative. Anno-
tators are shown the complete storyboard sequences
for context, while evaluation focuses on a specified
target scene. For each criterion, annotators select
whether Scene A is better, Scene B is better, or the
two scenes are tied.

Annotators evaluate the following four dimen-
sions:

* Background Consistency: whether recur-
ring environments preserve their spatial lay-
out, structural elements, and overall scene con-
figuration across shots.

* Prop Consistency: whether narrative-
relevant objects maintain the correct identity,
appearance, presence, and state across the
story.

¢ Character Consistency: whether characters
preserve facial identity, hairstyle, clothing, ac-
cessories, and body-level appearance unless a
change is explicitly required by the narrative.

* Overall Preference: the overall quality and
coherence of the target scene, considering
prompt alignment, character identity, back-
ground continuity, prop-state correctness, and
visual realism.

Annotators were blinded to method identity, and
the ordering of the two storyboard sequences was
randomized for each comparison.

Inter-Annotator Agreement. To assess the reli-
ability of the human evaluation, we collected over-
lapping annotations for 120 pairwise comparisons,
with each comparison independently labeled by
two annotators. Because the task consists of cate-
gorical preference judgments, we report Krippen-
dorff’s o (nominal) as our primary agreement mea-
sure and Cohen’s x as a complementary pairwise
measure. Both metrics account for agreement ex-
pected by chance.

Agreement is substantial to near-perfect across
all evaluated dimensions. Background consistency
shows the highest agreement (o = 0.89), followed
by prop consistency (o = 0.82). Character con-
sistency is comparatively more subjective but still
shows substantial agreement (o« = 0.68). For the
overall preference judgment, annotators achieve
o = 0.80 and Cohen’s k = 0.83, indicating strong
reliability of the human preference evaluations.

A.9 ContinuityEval Validation

To verify that automated evaluations align with
human judgments, we collect expert annotations
from three evaluators experienced in image gener-
ation and visual evaluation. Annotators indepen-
dently score storyboard frame pairs using the same
rubrics as the autoraters, achieving an average inter-
annotator agreement of (.74 Fleiss’ Kappa.

We then evaluate three multimodal mod-
els—Gemini-2.5-Flash, Gemini-CT, and GPT-
5—using identical prompts. Pearson correlations
between human and model scores are computed
on 100 randomly sampled storyboard transitions
from ViStoryBench and ST-Bench. As shown in
Table 18, automated evaluators show strong agree-
ment with human judgments across all continuity
dimensions, with Gemini-2.5-Flash achieving the
highest correlation.

Multi-shot storyboards require models to main-
tain a coherent visual world across camera cuts.
However, generative models often introduce incon-
sistencies such as characters changing appearance,
scene layouts shifting, or objects appearing and
disappearing across shots. To obtain detailed and
scalable measurements of narrative visual coher-
ence, we design a ContinuityEval-based evalua-
tion framework that provides fine-grained judg-
ments of character and background consistency
across generated storyboard sequences. The au-
torater evaluates each storyboard and assigns scores
on a 1-5 Likert scale, where 1 indicates severe in-
consistency and 5 indicates perfect continuity.



ContinuityEval measures visual coherence
through several structured dimensions.
[1] Character Consistency (CharCons). Char-
acters are the central entities of most narratives,
and maintaining stable identity across shots is crit-
ical for visual storytelling. We therefore evalu-
ate whether characters preserve consistent identity
cues when they reappear in different frames. This
dimension is decomposed into three components:
Facial Consistency (FaceCons), which measures
whether facial structure and identity remain stable;
Clothing Consistency (ClothCons), which evalu-
ates whether clothing attributes persist across shots;
and Body Appearance Consistency (BodyCons),
which captures body-level cues such as hairstyle,
body shape, and other global appearance attributes.
[2] Non-Movable Object Consistency (Geom-
Cons). Even when characters remain consistent,
storyboard frames may violate the physical struc-
ture of the environment—for example, walls, win-
dows, or pillars may suddenly appear or disappear
between shots. To capture such spatial errors, we
evaluate whether the non-movable architectural
elements of the environment remain geometri-
cally coherent across shots. The prompt identifies
structural elements such as walls, doors, windows,
and pillars in both frames and detects violations
including newly appearing structures, disappearing
structures, or elements shifting to physically im-
plausible positions without a plausible camera shift.
A geometry consistency percentage is computed
from the number of such violations out of the total
number of architectural elements and is converted
into a 1-5 score.
[3] Movable Object Consistency (PropCons).
Storyboard continuity also requires maintaining the
identity and placement of movable objects within
the scene. Generative models often introduce incon-
sistencies where props suddenly appear, disappear,
or change across shots. To measure this effect, we
evaluate whether movable objects (props) remain
consistent across frames without sudden appear-
ance or disappearance that cannot be explained
by a plausible camera shift. The prompt identifies
visible props in both frames and determines which
objects can be correctly matched based on identical
shape, color, and texture. A prop recoverability
percentage is computed based on how many props
can be matched across frames, and this percentage
is converted into a 1-5 PropCons score.

A.10 Storyboard Quality on Video
Generation

While recent text-to-video systems have made sig-
nificant progress in generating short clips, produc-
ing long-form videos that remain faithful to the
intended narrative remains challenging. In practice,
many pipelines rely on storyboard-based genera-
tion, where an image or keyframe guides the initial-
ization of each video segment. However, the qual-
ity of these keyframes directly affects the coherence
and consistency of the resulting video. If the story-
board fails to preserve character identity, scene lay-
out, or object states across shots, the downstream
image-to-video model may amplify these inconsis-
tencies, leading to narrative drift, identity changes,
and visually incoherent sequences.

To study the effect of storyboard quality on
downstream video generation, we compare differ-
ent storyboard generation methods by using their
keyframes to seed the same image-to-video model.
Specifically, we use the Veo-3.1-preview image-to-
video model to generate short clips conditioned on
the first keyframe produced by each method. All
systems use identical prompts, ensuring that the
only varying factor is the storyboard initialization.
The generated clips are concatenated to produce
videos of approximately 1.5 minutes, allowing us
to evaluate long-range narrative continuity.

Table 21 reports results across eight cinematic
evaluation metrics proposed by FilMaster (Huang
et al., 2025), with Gemini-2.5-Flash acting as the
automatic judge. Storyboard generation plays
a critical role in determining final video quality.
Methods that fail to preserve character identity
or scene structure lead to reduced narrative co-
herence and character consistency in the gener-
ated videos. In contrast, CANVAS significantly im-
proves performance across most metrics, achieving
the highest overall score and showing particularly
strong gains in narrative coherence, character con-
sistency, cinematic techniques, and compelling sto-
rytelling. These results highlight the importance of
continuity-aware storyboard generation for produc-
ing coherent long-form videos.

A.11 Prompts and Implementation Details for
CANVAS



Story: harbour

Target scene for evaluation: Scene_4

Shown below are the full storyboard keyframes for Scene A and Scene B, constructed from all entries

Evaluation Instructions
You can see the entire storyboard for both methods above.

Please rate only Scene_4 when answering the questions below.

matching story=harbou
Use the rest of the storyboard only as context for continuity.
Scene A Scene B Which is better for BACKGROUND consistency in Scene_4?
O sceneA
Scene_1 Scene_1 Scene B
Tie
Shot_1 Shot_1

Which is better for PROP consistency in Scene_4?
O SceneA

SceneB

Tie

Rampn

%, Which s better for CHARACTER consistency in Scene_4?
© SceneA

Scene B

Tie

Overall preference for Scene_4?
Shot_2 Shot_2

Figure 7: Streamlit-Based Interface to Collect Human Preference on the Stories (Shown Side-by-Side) Generated
by CANVAS and Other Baselines.

© SceneA
Scene B
Tie

Submit Annotation

Previous Next

Progress: 18/ 20

Algorithm 1 CANVAS (Simplified)

Input: Shots S = {s1,...,s7}

Output: Frames [ = {I1,..., It}

1. Global Plan: Extract characters, locations, objects —
define states (C, £, ©O). Initialize memory M (characters,
locations, frames).

2. Sequential Generation: for t = 170 T do

Retrieve required states from plan.

Construct anchor set A; from: character anchors, previ-
ous frame, or location memory.

Generate candidates {I} }.

Score each using: prompt alignment + character + back-
ground + prop consistency.

Select I} = arg max; Score(I}).

| Update memory M with I}.

return [ = {I7,...,I7}




Shot 1. Inside a warmly lit wooden workshop at  Shet 2. Close-up of Santa gently polishing a small
the North Pole, Santa Claus—an elderly man with  wooden toy train, smiling as he tests its wheels in
a white beard and red suit—sits at a sturdy table the cozy workshop environment.

writing names in a large leather-bound book. Toys

and tools fill the background.

(c) CANVAS (w/o Background Planning) (d) CANVAS (w/o Background Planning)

Figure 8: Qualitative comparison of cross-shot continuity with and without background Planning. The first row
shows outputs from CANVAS with structured planning, which performs location canonicalization and prop
forecasting before shot generation. The second row shows results without background planning. While both
depict the same narrative interaction, in the first shot, the fireplace remains occluded and also the toy was present at
the background. Hence, the next shot just looks like a zoomed-in version of Santa, maintaining higher narrative
continuity.



Background Architecture Consistency Evaluation Prompt.

You are an expert evaluator for cinematic storyboard continuity.

You are given **two consecutive storyboard frames from the same scene in a narrative sequence™**.

Your task is to evaluate **Background Geometry Consistency (GeomCons)** between the two frames.

GeomCons measures whether the **architectural structure of the environment remains logically coherent across shots**.
Your evaluation must focus **only on architectural elements** and determine whether the spatial layout of the environment remains consistent between the two frames.
Important Instructions

Do **NOT** evaluate the following:

- characters - character pose or movement - facial expression - lighting differences - color shifts - camera blur - small objects or movable props - decorations
These elements are **irrelevant to this evaluation**.

Your focus must be **only architectural elements that define the physical structure of the environment**.

Definition of Architectural Elements

Architectural elements are **fixed structural components of the environment** that define the geometry of the scene.
Examples include:

- walls - doorways - doors - windows - pillars - columns - arches - staircases - floors - ceilings - railings - architectural partitions - built-in counters - permanent architectural installations
These elements define the **structural layout and geometry of the environment**.

Do **NOT** include movable objects such as chairs, books, tools, decorations, or equipment.

Step 1 — Identify Architectural Elements in Frame A

Inspect **Frame A** (the earlier frame).

List all architectural elements visible in the scene.

Examples:

- left wall - right wall - doorway - window - pillar - staircase - railing - floor boundary - ceiling beam

Let the number of architectural elements be:

Step 2 — Identify Architectural Elements in Frame B

Inspect **Frame B** (the later frame).

List all architectural elements visible in the scene.

Let the number of elements be:

Step 3 — Match Corresponding Architectural Elements

Match architectural elements that appear in *#*both frames**.

Example:

| Frame A | Frame B | |———|——1 | left wall | left wall | | doorway | doorway | | pillar | pillar |

Let the number of matched elements be:

Step 4 — Detect Structural Violations

Evaluate the following violations.

Appearance Violations

Architectural elements appearing in Frame B that were **not visible or implied in Frame A**.

Count the number of such cases:

Disappearance Violations

Architectural elements visible in Frame A that **disappear in Frame B** without plausible explanation.

Count the number of such cases:

Layout Violations

Architectural elements that **shift position or orientation in physically impossible ways**.

Count the number of such cases:

Step 5 — Evaluate Camera Motion Plausibility

Camera movement may explain some changes.

Acceptable explanations include:

- camera pan - camera zoom - camera reframing - camera moving closer - camera moving sideways

If the change **cannot be explained by camera motion**, it should be counted as a violation.

Geometry Consistency Percentage

First compute the total number of violations: Total Violations = N ppear + Ngisappear + Njayout

Normalize by the total number of architectural elements:

Max Elements = max(N 4, Np)

Compute the **Geometry Consistency Percentage™*:

GeomCons = 100 x (1 minus Total Violations / Max Elements)

Clamp the result between **0 and 100%*.

— Score Conversion (Percentage — Rubric)

Convert the percentage to a **GeomCons score from 1-5%*.

| Percentage Range | Score | Interpretation | | | | |1 #%90-100%** | 5 | Perfect architectural consistency | | *#75-89%%** | 4 | Minor geometric differences |
| #*55-74%%** | 3 | Moderate inconsistencies | | ##30-54%%** | 2 | Major structural inconsistencies | | #¥0-29%** | 1 | Severe spatial inconsistency |

Table 12: Prompt for Background Geometry Consistency Evaluation (In Consecutive and Non-Consecutive Shots).



Component

Description

Evaluation Goal

Evaluation Scope

Visible Prop Constraint

Matching Criteria
Ignored Factors

Definition of Props

Evaluate Prop Consistency (PropCons) between two storyboard frames by measuring
how many props visible in one frame can be correctly recovered in the other frame with
identical visual identity.

The evaluation must rely only on visually observable information. Objects that are not
visible in one of the frames must not be considered.

If a prop is hidden due to camera angle, cropping, or occlusion, it must not be assumed
to exist in the other frame. Only props that are clearly visible in both frames can be
evaluated.

Two props are considered identical only if the following attributes match: shape, color,
and texture/material appearance.

The evaluation ignores character identity, character motion, lighting differences, motion
blur, and architectural structures.

Props are movable non-structural objects present in the scene. Examples include chairs,
tables, lamps, books, tools, decorations, statues, paintings, containers, and equipment.

Excluded Objects Structural elements such as walls, doors, windows, floors, pillars, and architectural
structures must not be included in the prop evaluation.

Step 1 Identify all props clearly visible in Frame A. Let the number of visible props be N 4.

Step 2 Identify all props clearly visible in Frame B. Let the number of visible props be Ng.

Step 3 Determine which props can be correctly matched across both frames. A prop is consid-
ered recoverable only if its shape, color, and texture are identical in both frames. Let the
number of matched props be Nonatch-

Step 4 Compute prop recoverability using the smaller visible prop set:

ReferenceProps = min(Na, Np)

Nmatch

R bility =100 X ————————
ceoverabinty ReferenceProps

Clamp the value between 0 and 100.

Table 13: Prop Consistency (PropCons) evaluation protocol used in ContinuityEval. The evaluator measures the
recoverability of movable scene props between two frames based strictly on visible object identity.

Hair and Body Appearance Evaluation Prompt.

You are given two storyboard frames containing the same character. Evaluate whether the character’s
hairstyle and body-level appearance are consistent.

Compare the following attributes: hairstyle, hair length, hair color, hair texture, body silhouette or
build, and wearable accessories such as glasses, hats, helmets, or backpacks.

Ignore differences caused by body pose, camera viewpoint, or partial occlusion.

Assign a score using the following rules:

5 — Hairstyle, hair color, body silhouette, and accessories are identical.

4 — Hairstyle and body silhouette are identical, with only minor accessory or lighting differences.
3 — Either hairstyle or body silhouette matches, but the other differs.

2 — Both hairstyle and body silhouette differ but one accessory matches.

1 — Hairstyle, body silhouette, and accessories are all different.

Table 14: Prompt used for Calculating HairStyle and Body Cues Consistency.



Dataset Method | Background Consistency | Props | Character | Char Avg

| Consecutive ~ Non-Consecutive | PropCons | FaceCons ClothCons  BodyCons |

AutoStudio (Cheng et al., 2025) 342 3.68 3.51 3.70 3.50 3.80 3.67
(Zhuang et al., 2025)  Story-Iter (Mao et al., 2026) 3.66 3.85 3.60 3.80 3.60 3.90 3.77
ViStoryBench Story2Board (Dinkevich et al., 2025) 3.20 343 3.18 3.60 3.40 3.60 3.53
Gemini-CT (Team et al., 2025) 4.52 4.00 4.56 4.05 4.12 3.98 4.05
CANVAS w/o QA 4.79 4.78 4.84 4.12 4.30 4.01 4.14
CANVAS (Ours) 4.83 4.83 4.88 4.25 4.52 4.12 4.30
AutoStudio (Cheng et al., 2025) 333 3.58 3.38 3.60 3.40 3.70 3.57
(Zhang et al., 2025a)  Story-Iter (Mao et al., 2026) 3.70 3.85 3.78 3.80 3.60 3.90 3.77
ST-Bench Story2Board (Dinkevich et al., 2025) 322 3.50 2.89 3.70 3.50 3.80 3.67
Gemini-CT (Team et al., 2025) 4.62 3.99 441 4.05 3.92 3.98 3.98
CANVAS w/o QA 4.89 4.70 4.69 4.08 424 3.98 4.10
CANVAS (Ours) 4.94 4.73 4.73 4.18 4.45 4.08 4.24
AutoStudio (Cheng et al., 2025) 3.05 3.18 2.90 3.90 3.05 3.30 342
Story-Iter (Mao et al., 2026) 3.65 3.65 2.56 4.78 3.81 427 4.29
HardContinuity Story2Board (Dinkevich et al., 2025) 333 3.33 2.23 4.39 3.78 4.02 4.06
Gemini-CT (Team et al., 2025) 4.48 3.83 4.06 4.63 427 427 4.39
CANVAS w/o QA 4.84 4.83 4.16 4.72 4.61 4.55 4.63
CANVAS (Ours) 4.88 4.88 4.19 4.95 491 4.87 491

Table 15: Comparison of storyboard generation systems under the ContinuityEval framework using gemini-2.5-
Flash as Judge. Background consistency is reported separately for consecutive shot transitions and non-consecutive
scene reappearances. PropCons measures identity consistency of movable objects. Character continuity evaluates
identity preservation using facial appearance, clothing attributes, and hair/body cues. The final column reports the
average character consistency. We additionally report CANVAS w/o QA, which removes the candidate verification
module. Even without QA-based selection, CANVAS remains competitive with or stronger than prior baselines,
indicating that the gains largely arise from the continuity planning and memory mechanisms.

Method ‘ Generation Paradigm ‘ CharacterCons ‘ Environment ‘ Object State Tracking | Interactive Editing ‘ Explicit Narrative ‘ Long-Range
StoryGen Autoregressive diffusion v X X X X X
StoryDiffusion Attention-based diffusion consistency v X X X X X
AutoStory Layout-guided story generation v AN X X X X
Story2Board Training-free storyboard prompting v AN X X X X
Story-Iter Iterative reference refinement v AN X X X v
TheaterGen LLM prompt-book + diffusion v X X v X X
AutoStudio Multi-agent interactive generation v AN X v X AN
StoryMem Keyframe memory conditioning v AN AN X X '
VideoMemory Entity-centric memory bank v AN AN X X AN
CANVAS (Ours) | World-state narrative modeling | v | v | v | X | v | v

Table 16: Positioning of CANVAS compared to prior visual storytelling and multi-turn image generation frameworks.
Most existing approaches enforce consistency through reference images or attention mechanisms, focusing primarily
on character identity. In contrast, CANVAS explicitly models the evolving narrative world state, maintaining
persistent representations of characters, environments, and object states across shots to enable long-range story
continuity. A indicates partial or implicit support.

Dimension Agreement Krippendorff’s «  Cohen’s x
Background Consistency 95.3% 0.89 0.91
Character Consistency 76.0% 0.68 0.71
Prop Consistency 88.5% 0.82 0.85
Overall Preference - 0.80 0.83

Table 17: Inter-annotator agreement for the human preference study. Agreement is computed over 120 overlapping
pairwise comparisons, each independently annotated by two evaluators. Krippendorff’s o and Cohen’s x measure
agreement beyond chance.
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Figure 9: The figure compares visual storyboards generated by several recent training-free systems—Story2Board,
AutoStudio, Story-Iter, Gemini-CT, and our proposed CANVAS—for the same multi-shot narrative involving a
robotics laboratory and adjacent hallway scenes. Each row corresponds to a different method, and each column
shows a successive shot in the story, illustrating how characters, environments, and objects evolve across the
sequence. The narrative depicts a robotics researcher working with a humanoid robot in a laboratory, interacting
with a colleague in the hallway, and returning to the lab, requiring the model to maintain consistent character
identity, stable environments, and coherent object states across multiple shots. The top rows illustrate common
failure modes of existing methods. Story2Board produces stylized frames but shows noticeable inconsistencies in
character appearance and scene layout across shots, with variations in character design and environmental details
that break narrative continuity. AutoStudio generates photorealistic images but struggles with maintaining stable
character identity and spatial layout when the scene transitions between the laboratory and hallway, leading to
inconsistencies in robot design, character clothing, and laboratory configuration. Story-Iter partially preserves scene
style but shows drift in character appearance and environmental structure, particularly when locations reappear
after intervening shots. Gemini-CT improves visual quality and prompt alignment but still shows identity drift and
background layout changes across frames, indicating that conditioning on previous images alone is insufficient
for maintaining long-range narrative coherence. In contrast, the bottom row shows the outputs of CANVAS, which
consistently preserves character identity, background layout, and object state transitions across the entire sequence.
The humanoid robot retains a stable appearance across laboratory shots, the researcher’s clothing and facial identity
remain consistent, and the hallway environment maintains the same spatial layout when revisited. Additionally,
interactions between characters and objects evolve coherently according to the narrative events, demonstrating
that CANVAS’s global continuity planning and memory-based world-state tracking effectively maintain long-range
visual consistency across shots while preserving high visual quality. Overall, the figure highlights that while
existing approaches can produce visually plausible individual frames, they frequently suffer from identity drift and
environment inconsistency across sequences. By explicitly modeling characters, locations, and object states as part
of a persistent narrative world, CANVAS generates storyboards that remain visually and logically coherent across the
entire multi-shot narrative.



Algorithm 2 Candidate Anchor Retrieval and Prompt Construction

Input: Current shot s, previous frame I _ 1, global plan P, character memory M ., location memory M, prop memory M,
Output: Candidate generation prompt IT; and anchor set A

1. Initialize anchor set: Ay <— @

2. Retrieve shot plan from global planner:
pt = P(st)

3. Continuation Reasoning
Determine whether the current shot is a direct continuation of the previous shot.

(a) If the planner determines that spatial dependencies from the previous frame must be preserved:
i.  Add most recent frame anchor:
Ay A U{T 1}

ii. Proceed to character anchor retrieval

4. Character Anchor Retrieval

For each character ¢ appearing in shot s¢:

(a) Retrieve appearance state from global plan:

ko

= Cf(e, t)

(b) If appearance state changed from the previous shot:
i. Retrieve canonical anchor from canonical memory
I, = Mccanonzcal (¢, k)

Else if appearance state remains unchanged:

(c

i. Retrieve most recent anchor for the character
I ppTecent (c)
c = .

c

ii. If no recent anchor exists: ical
I = peanonical (o gy

c

(d) Add character anchor to anchor set:
At — Ay U{Ic}

5. Background Anchor Retrieval

(a) Retrieve location identifier:
£ = L(st)
(b) Use prop-state reasoning O (o, t) and background reasoning to determine which background anchor should be retrieved.
(c¢) Iflocation £ exists in location memory:
i. Retrieve stored background anchor:
Ip = M;(€)

ii. Add to anchor set:
At +— Ay U {Ip}

(d) Else (first occurrence of the location):
i.  No background anchor is retrieved
ii. Scene will be generated using the shot description and prop reasoning

6. Prop Anchor Retrieval

For each prop o appearing in shot s¢:

(a) Retrieve prop state from global plan:
s = O0(o,t)
(b) If prop has appeared previously in the story:
i. Retrieve stored prop anchor:

I, = My (o)

ii. Add to anchor set:
Ay Ay U{lo}
7. Candidate Prompt Construction

Construct the candidate generation prompt IT¢ using:

(a) Shot description s¢

(b) Retrieved anchors Ay

(c) Character appearance states C (¢, t)
(d) Prop states O (o, t)

(e) Background reasoning from location plan L (s¢)

8. Return (A¢, IT;)




Algorithm 3 VLM-Based QA Candidate Selection with Scoring Prompt

Input: Shot s;, candidate frames {Itm, e It(N)}, global plan P, previous frame [;_1
Output: Best frame I}

1. Retrieve shot plan from global planner:
pr = P(st)

2. Extract continuity constraints from the global plan:

* Character appearance states C'(c, t)
* Location identity L(s:)
* Prop states O(o, t)

3. Construct the VLM evaluation prompt that includes:

* Shot description s;

* Character appearance states C'(c, t)

* Prop states O(o, t)

* Location identifier L(s;)

¢ Previous frame I;_; (if continuation)

4. Initialize scores:
score; =0 Vie{l,..,N}

5. Evaluate candidate frames
For each candidate image It(”:

(a) Provide the candidate image and the evaluation prompt to the VLM

(b) The VLM evaluates the frame using the scoring rubric and returns:
* Shot alignment score
* Character consistency score
* Background continuity score
* Prop state correctness score

(c) Compute the overall score:
Salign + Schar + Sbg + Sp'rop

score; =

4

6. Select best candidate:
I = arg max score;
K

7. Return selected frame I}




Algorithm 4 Visual Memory Update with Anchor Extraction

Input: Selected frame I}, shot description s, global plan P, memory M
Output: Updated memory M

1. Query the global plan to obtain:

¢ Character appearance states C(c, t)
* Location identity £(s¢)
* Object states O(o, t)

2. Provide the selected frame I; together with the shot description and entity descriptions to a VLM-based extractor (prompt
in Table ??).

3. The VLM identifies visible entities and produces clean visual anchors:

¢ Character anchors
* Location/background anchor
* Prop anchors

4. Update Character Memory

For each detected character c:

Mc(c,C(c,t)) « anchor,
where anchor. is the extracted character image representing the current appearance.

5. Update Location Memory
Letl = E(St).

M, (1) < anchor,

where anchor; represents the updated visual environment of the location.

6. Update Prop Memory

For each object o appearing in the frame:

Mo (0,0(o,t)) < anchor,
where anchor, is the extracted visual anchor of the object in its current state.

7. Update Frame Memory
Append the selected frame:

My My U{L}

8. Return updated memory M.




Model Background Character  Props

Gemini-2.5-Flash 0.71 0.68 0.67
Gemini-3-Pro-Image 0.65 0.61 0.62
GPT-5 0.70 0.66 0.68

Table 18: Pearson correlation between human expert
ratings and VLM-based autoraters across three evalua-
tion dimensions. Scores are computed on 50 randomly
sampled storyboard transitions from ViStoryBench and
ST-Bench.



Method ‘ Background Consistency ‘ Props ‘ Character Consistency ‘ Char Avg

‘ Consec ~ Non-Consec ‘ PropCons ‘ FaceCons  ClothCons  BodyCons ‘

AutoStudio (Cheng et al., 2025) 3.28 3.48 3.36 3.58 3.38 3.68 3.55
Story-Iter (Mao et al., 2026) 3.58 3.73 3.48 3.78 3.52 3.82 3.71
Story2Board (Dinkevich et al., 2025) 3.12 3.32 3.02 3.50 3.28 3.52 343
Gemini-CT (Team et al., 2025) 4.30 3.80 4.20 3.92 3.67 3.88 3.82
CANVAS (Ours) 4.60 4.60 4.52 4.11 4.39 4.02 4.18

Table 19: ContinuityEval results using GPT-5 as the judge (To avoid the risk of circularity/bias of generation and
evaluation using same model). Using GPT-5 as an independent evaluator, CANVAS consistently improves continuity
across all dimensions compared to the strongest baseline (Gemini-CT). Background continuity improves from 4.30
— 4.60 (+7.0%) for consecutive scenes and from 3.80 — 4.60 (+21.1%) for non-consecutive scene reappearances,
indicating substantially stronger long-range environment consistency. Prop persistence also improves from 4.20
— 4.52 (+7.6%), suggesting that CANVAS better maintains object states across shots. Character consistency also
improves substantially, with the average character score increasing from 3.82 — 4.18 (+9.4%), indicating more
stable identity preservation across shots. Overall, CANVAS provides the largest gains in non-consecutive background
consistency, highlighting its ability to maintain coherent environments across distant shots—one of the most
challenging aspects of long-range visual storytelling.

Method | CSDt | CIDSt |  PromptAlignment (PA)+ |CM1 | Inc?t | Aes?t | CP1
| Cross Self | Cross Self | Scene Shot CI IA  Avg | | | |

Story-Iter 048 0.67| 0.60 0.71| 350 3.67 331 3.11 3.39| 5734|1433 | 455 | 0.30
Story2Board | 0.23 045| 035 039 | 3.12 234 3.0 323 292 (4444|1193 | 456 | 0.24
AutoStudio | 034 0.63| 044 046 | 3.34 355 3.56 3.11 3.39|56.22 | 1434 | 3.45 | 0.235
Gemini-CT | 038 0.62| 058 0.65| 346 3.82 396 3.20 3.61|59.97 | 1250 | 5.54 | 0.244

CANVAS | 049 0.72| 0.61 0.71| 3.50 375 323 3.9 3.60|60.34 | 14.89 | 5.60 |0.312

Table 20: Comparison on ViStoryBench-Lite across story-image and multimodal generation methods. Metrics
include Cross-Shot Diversity (CSD), Cross-Image Dependency Score (CIDS), Prompt Alignment (PA), Consistency
Metric (CM), Inconsistency (Inc), Aesthetic score (Aes), and Character Preservation (CP). Gemini-CT results are
taken directly from the benchmark evaluation, and CANVAS uses the same evaluation protocol.

Method SF NC VQ CC PLC CTr CD OQ | Avg
Storylter (Mao et al., 2026) + Veo-3.1 320 260 340 1.80 440 280 4.00 2.80 | 3.13
AutoStudio (Cheng et al., 2025) + Veo-3.1 3.00 280 320 200 350 3.00 350 320 | 3.03
Gemini-CT (Zhang et al., 2025a) + Veo-3.1 3.00 220 360 220 380 3.60 3.80 440 | 333
Story2Board (Dinkevich et al., 2025) + Veo-3.1 3.60 220 180 1.00 3.60 220 340 3.20 | 2.63
CANVAS (Ours) + Veo-3.1 340 4.00 380 4.00 380 4.00 4.40 4.80 | 4.03

Table 21: Comparison of the videos generated by each of the baselines and CANVAS paired with a standard 12V
model across eight evaluation metrics proposed by FilMaster (Huang et al., 2025) using Gemini-2.5-Flash as the
judge. We evaluate videos generated using the Veo-3.1-preview Image-to-Video (I2V) model, where the first frame is
initialized with the keyframe produced by each storyboard generation baseline. To ensure fair comparison, we keep
the video prompt identical across methods, varying only the keyframe input. We use each prompt—keyframe pair to
generate a short clip, and the clips are then concatenated to produce a final video of approximately 1.5 minutes.
Metrics are abbreviated as follows: SF (Script Faithfulness), NC (Narrative Coherence), VQ (Visual Quality),
CC (Character Consistency), PLC (Physical Law Compliance), CT (Cinematic Techniques), CD (Compelling
Degree), and OQ (Overall Quality). CANVAS delivers the strongest overall performance, particularly in narrative
coherence, character consistency, cinematic techniques, and compelling storytelling, demonstrating the benefits of
continuity-aware generation that maintains consistent characters, environments, and object states across shots.



Method | SF NC VQ CC PL CT CD OQ
Story2Board (Dinkevich et al., 2025) + Veo-3.1 | 2.25 1.75 1.75 1.00 3.00 2.75 2.75 225

Story-Iter (Mao et al., 2026) + Veo-3.1 375 225 3775 2.00 3.775 450 425 425
Gemini-CT + Veo-3.1 375 225 425 250 350 425 4.00 4.00
CANVAS (Ours) + Veo-3.1 4.00 3.00 4.75 4.00 3.25 5.00 4.75 4.75

Table 22: Comparison of the videos generated by each of the baselines and CANVAS paired with a standard 12V
model across eight evaluation metrics proposed by FilMaster (Huang et al., 2025) using Gemini-2.5-Pro as the judge.
We evaluate videos generated using the Veo-3.1-preview Image-to-Video (I2V) model, where the first frame is
initialized with the keyframe produced by each storyboard generation baseline. To ensure fair comparison, we keep
the video prompt identical across methods, varying only the keyframe input. We use each prompt—keyframe pair to
generate a short clip, and the clips are then concatenated to produce a final video of approximately 1.5 minutes.
Metrics are abbreviated as follows: SF (Script Faithfulness), NC (Narrative Coherence), VQ (Visual Quality),
CC (Character Consistency), PL.C (Physical Law Compliance), CT (Cinematic Techniques), CD (Compelling
Degree), and OQ (Overall Quality). CANVAS delivers the strongest overall performance, particularly in narrative
coherence, character consistency, cinematic techniques, and compelling storytelling, demonstrating the benefits of
continuity-aware generation that maintains consistent characters, environments, and object states across shots.

Method Model | CSDT CIDST PAT CM?T Inct Aest CP

‘ Cross  Self  Cross  Self ‘ Scene  Shot CI 1A Avg. ‘

Copy-Paste Baseline - | 0735 0770 0911 0.993 | 0.62 2.08 087 1.55 128 | 9276 546 439 0550
Story Image Method
StoryGen (Liu et al., 2024) SD1.5 0.405 0.562 0.405 0.591 1.05 2.32 1.43 1.75 1.64 | 5298 7.15 409 0277
StoryGen (Liu et al., 2024) SD1.5 0396 0.551 0396 0.602 | 1.18 2.25 1.49 1.50 1.60 | 52.53 7.67 409 0224
StoryGen (Liu et al., 2024) SD1.5 0316 0.617 0316 0.610 | 0.89 2.41 139 2.05 1.68 | 40.13 625 386 0.240
TheaterGen (Cheng et al., 2024) SD1.5 0.221 0411 0354 0.537 | 2.85 1.94 1.02 1.15 1.74 | 5493 13.60 494 0.204
StoryDiffusion (Zhou et al., 2024) SDXL 0.293 0.680 0.409 0.641 | 3.21 3.00 1.92 1.95 252 | 67.07 1299 583 0.186
StoryDiffusion (Zhou et al., 2024) SDXL 0.409 0.611 0460 0.575 | 191 3.41 264 275 268 | 6248 818 521 0.251
SEED-Story (Yang et al., 2024) SDXL 0258 0.763 0.559 0.656 | 2.17 1.93 149 2389 1.87 | 6433 490 381 0.306
Story-Adapter (Mao et al., 2026) SD1.5 0.518 0.609 0.490 0.605 | 1.91 344 256 270 265 | 7034 1149 489 0.250
Story-Adapter (Mao et al., 2026) SD1.5 0371 0.758 0.425 0.619 | 1.80 320 238 230 242 | 61.39 1203 480 0.217
Story-Adapter (Mao et al., 2026) SD1.5 0343 0.515 0430 0.547 1.97 342 274 265 269 | 6532 1272 512  0.203
Story-Adapter (Mao et al., 2026) SD1.5 0353 0.752 0416 0.634 | 1.85 323 248 230 246 | 6157 1059 485 0.220
UNO (?) FLUX1 0425 0.648 0512 0.630 | 3.54 2.98 354 255 306 | 7088 1050 5.13  0.287
OmniGen2 (Wu et al., 2025b) DiT 0491 0.648 0576 0.668 | 3.49 329 349 255 307 | 7344 821 521 0.298
CharaConsist (Wang et al., 2025) FLUX1 0.333  0.646 0347 0.539 | 3.69 3.61 286 221 3.09 | 62.10 10.84 578 0.216
QwenlImageEdit-2509 (Wu et al., 2025a) ~ DiT 0.404 0.614 0482 0.541 | 3.89 3.53 389 260 325 | 6127 1056 546  0.249
Multi-modal Large Model (Language, Image and Video)
GPT-40* - 0.481 0.680 0.420 0.522 | 3.649 3.781 3.907 2.684 3.505 | 69.33 9.02 549  0.209
Gemini-2.0* - 0361 0.573 0573 0.677 | 3.261 3565 3.198 3.294 3329 | 7482 10.12 491  0.266
Gemini-2.5% - 0447 0.657 0553  0.642 | 3319 3709 3.991 3250 3.567 | 6486 1054 5.61 0.255
Gemini-3.0 Pro* - 0385 0.622 0581 0.653 | 3458 3.828 3.969 3200 3.614 | 59.97 1250 554 0244
Our Method
CANVAS Gemini-3-pro | 0491 072 0.61 071 | 35 3.75 3.23 3.9 3.6 | 6034 1489 560 0312

Table 23: Benchmark comparison across story image and multimodal large models on ViStoryBench-Lite (Zhuang
et al., 2025). We copy the table from the paper to report numbers of the existing baselines (Only Story-Image and
Open-source Models excluding the StoryVideo methods and Commercial Platforms) and compare CANVAS using
the same evaluation suite released by the paper.



Scene

Scene 1

Scene 2

Scene 3

Scene 4

Table 24: Continuous storyboard frames generated by the G-CT model across four scenes. Each row corresponds
to a scene and each column corresponds to a shot within that scene. Critic analysis of the G-CT storyboard
sequence. While G-CT generates visually appealing individual frames, several inconsistencies emerge when the
shots are viewed as a continuous narrative. The central boy remains largely recognizable across scenes, but subtle
shifts in facial structure and the changing appearance of the accompanying adult character introduce ambiguity in
character continuity. Although the boy’s overalls and plaid shirt remain mostly stable, minor clothing variations
and noticeable changes in the adult character’s attire disrupt temporal consistency. The storyboard also transitions
abruptly between environments—such as the farm porch, dirt road, and school bus interior—without strong visual
cues linking the locations, weakening spatial continuity. Overall, the shots resemble a collection of visually coherent
moments rather than a tightly connected narrative sequence with consistent characters, environments, and camera
storytelling.



Prompt: Location Clustering for Background Continuity

You are a narrative continuity planner for visual storytelling. Your goal is to identify and cluster
recurring locations across a sequence of storyboard shots.

Instructions:

1. Identify the physical environment in which each shot occurs.

2. Assign a unique location_id to each distinct location.

3. Cluster shots that occur in the same environment under the same location_id.

4. If a shot returns to a previously seen environment, mark it as location_reappearance.

5. If a shot directly continues the previous scene without changing environment, mark it as
previous_frame_continuation.

6. If the location appears for the first time, mark it as fresh_location.

Return STRICT JSON in the following format:
{

"locations”: {

"museum_gallery"”: [
"Scene_1_Shot_1",
"Scene_1_Shot_2",
"Scene_3_Shot_1"

1,

"security_room”: [
"Scene_2_Shot_1"

]
+
"shots": {
"Scene_1_Shot_1": {
"location_id": "museum_gallery",
"continuity_mode"”: "fresh_location”
}
3
}
Constraints

* Maintain consistent location identities across shots.
* Do not create duplicate location IDs for the same environment.

* When a location reappears later in the story, reuse the original location_id.

Table 25: Prompt used for clustering shots into recurring locations to maintain background continuity across the
storyboard.



Prompt: Future Prop and Geometry Aware Background Planning

You are a story continuity planner responsible for maintaining consistent environments across storyboard shots. Your task
is to reason about how the background scene should evolve based on the current and future states of important props and
architectural geometry of the background location.

Instructions

Given:

¢ The description of the current shot.
¢ The planned metadata for the shot (characters, location, prop states).
¢ The previously known world state of props and environments.

Plan the background scene so that it remains logically consistent with both the current story state and upcoming events.
Reason about the following:

1. Which props should remain visible in the background environment.

2. Which props should disappear because they were taken, destroyed, or moved.

3. Which props are likely to appear in the background due to upcoming story events.

4. Which props are currently carried by characters and therefore should not remain in the environment.

5. Which environmental objects must persist across shots to maintain scene identity (e.g., furniture, structures, display
cases).

6. Whether the camera framing hides some props even though they still exist in the environment.

Return STRICT JSON in the following format:

"background_props"”: [
"display_case”,
"museum_sign”,
"security_camera”

]:

"must_appear"”: [
"golden_artifact”

1,

"must_not_appear": [
"artifact_case_glass"

])

"carried_props”: {

"thief": ["golden_artifact”]

}’

"reasoning”: "The artifact is carried away by the thief,

so it should not remain in the gallery background.

The broken display case should remain visible.”

3

Constraints
¢ Background elements should remain consistent with previously established environments.
* If a prop was present earlier in the same location and nothing removed it, it should persist.
* Props carried by characters must not remain in the background.

* The planned background should support future story events.

Table 26: Prompt used for future prop-aware background planning to ensure that scene environments evolve
consistently with object state transitions.



Prompt: Character Appearance State Planning (Single Character)

You are a narrative continuity planner responsible for tracking the visual appearance of a single
character across a sequence of storyboard shots. Your goal is to determine the appearance state of
the character in each shot and ensure that the appearance evolves consistently with the story.

Input

* The name of the target character.

* A sequence of storyboard shot descriptions.

Instructions

1.
2.

5.

For each shot, determine whether the target character appears in the scene.

If the character appears, determine the character’s visual appearance state (e.g., clothing,
uniform, disguise).

. If the appearance does not change, reuse the same appearance state identifier as the previous

shot.

If the story explicitly changes the character’s clothing or visual style, assign a new appearance
state.

If the character does not appear in a shot, mark the state as not_present.

Return STRICT JSON in the following format:

{
"character”: "Ethan”,
"appearance_timeline": {
"Scene_1_Shot_1": "blue_curator_jacket”,
"Scene_1_Shot_2": "blue_curator_jacket",
"Scene_1_Shot_3": "blue_curator_jacket”,
"Scene_2_Shot_1": "black_security_jacket”,
"Scene_2_Shot_2": "not_present”,
"Scene_3_Shot_1": "black_security_jacket”
}
}
Constraints

* Maintain consistent appearance across shots unless the story explicitly indicates a change.

» Reuse appearance identifiers whenever the clothing or visual style remains the same.

* Ensure that later reappearances match the most recent appearance state.

Table 27: Prompt used during Character Appearance Planning.




Prompt: Prop State Update Planning (Single Object)

You are a narrative continuity planner responsible for tracking the state of a single prop (object) across a sequence
of storyboard shots. Your goal is to determine how the object’s state evolves throughout the story and ensure logical
consistency with the described events.
Input
* The name of the target prop (object).
* A sequence of storyboard shot descriptions.
Instructions
1. For each shot, determine whether the target prop appears in the scene.
2. If the prop appears, determine its state (e.g., intact, broken, inside container, carried by character, missing).
3. If the prop is carried by a character, record which character carries it.
4. If the prop is removed from the scene (e.g., stolen, destroyed, moved), update its state accordingly.
5. If the prop continues unchanged across shots, reuse the same state identifier.

6. If the prop does not appear in a shot but still exists in the story world, mark it as not_visible.

Return STRICT JSON in the following format:

{
"prop”: "golden_artifact”,
"state_timeline": {
"Scene_1_Shot_1": {
"state”: "inside_display_case”,
"carrier”: null
} ’
"Scene_1_Shot_2": {
"state”: "inside_display_case”,
"carrier”: null
:} ’
"Scene_1_Shot_3": {
"state"”: "carried”,
"carrier”: "masked_thief”
1
"Scene_2_Shot_1": {
"state”: "not_visible”,
"carrier”: "masked_thief"”
3,
"Scene_3_Shot_1": {
"state"”: "missing_from_gallery",
"carrier”: "masked_thief”
3
3
}
Constraints

* Maintain consistent prop states across shots unless the story explicitly changes them.
* If a prop is carried by a character, it should not remain in the previous location.
* If a prop disappears from the environment, update its state to reflect the narrative event.

* When the prop reappears later, ensure its state matches the last known world state.

Table 28: Prompt used during global planning to determine the state timeline for a single prop across shots.




Prompt: Previous-Frame Conti ion D

You are a visual continuity planner for storyboard generation. Your task is to decide whether the current shot is a direct continuation of the previous shot, such that the previous frame
should be reused as a visual anchor for generation.

Input

The description of the previous shot.

The description of the current shot.

The location assignment of both shots.

The characters present in both shots.

The prop states in both shots.
Instructions

Determine whether the current shot should be treated as previous_frame_continuation, location_reappearance, or fresh_location.

Mark the current shot as previous_frame_continuation only if the current shot depends on preserving the spatial structure of the immediately previous frame.
Reason about the following:

1. Whether the previous shot and current shot occur in the same physical environment.

2. Whether the current shot is an immediate temporal continuation rather than a later revisit.

3. Whether the spatial arrangement of the scene should remain consistent across the cut.

4. Whether important background geometry must be preserved, such as walls, doors, furniture, display cases, tables, platforms, or room layout.
5. Whether character positions, object placements, or scene composition depend on the previous frame.

6. Whether the current shot is a close-up, zoom-in, alternate camera angle, or tighter crop of the same ongoing scene.

7. Whether there are state changes in the scene that still require maintaining the same base spatial environment.

Use the following rules:

¢ Choose previous_frame_continuation if the scene is still unfolding in the same environment and preserving the exact spatial setup from the previous frame is important.

¢ Choose location_reappearance if the shot returns to a known location after an intervening scene or temporal gap, where the same location identity should be preserved but
not necessarily the exact previous composition.

« Choose fresh_location if the shot occurs in a new environment not previously shown.
« Even if some props or characters change state, still choose previous_frame_continuation when the underlying scene geometry should remain continuous.

Return STRICT JSON in the following format:

{
"continuity_mode”: "previous_frame_continuation”,
"same_location”: true,
"requires_spatial_continuity”: true,
"spatial_dependencies”: [
"display_case remains in same position”,
"same museum gallery layout”,
"artifact remains centered under spotlight”
1,
"reasoning”: "..."
}
Constraints

« Base the decision on scene continuity, not only on shared characters or shared location name.
 Prioritize whether preserving spatial arrangement from the immediately previous frame will improve visual continuity.

« If the current shot is compositionally dependent on the previous frame, prefer previous_frame_continuation.

Table 29: Prompt used to decide whether the current shot should reuse the previous frame as a continuation anchor.



Prompt: Candidate Frame Generation

You are a cinematic storyboard generator. Your task is to generate a candidate frame for the current shot while maintaining
visual continuity with previously generated frames and respecting the global story plan.

Input

* Shot description s¢

* Retrieved visual anchors A, (may include previous frame, character anchors, background anchors, and prop anchors)
* Character appearance states from the global plan

* Prop states and prop reasoning for the current shot

¢ Location identifier and background reasoning

Instructions
Generate a visually coherent frame for the current shot by following these rules:
1. Respect the shot description

Ensure the generated frame faithfully depicts the actions, characters, and environment described in the current shot.

2. Preserve character identity
Characters must maintain the appearance state specified by the global plan. If character anchors are provided, match
the visual identity (face, clothing, body appearance) shown in those anchors.
3. Maintain spatial continuity
If the previous frame is provided as an anchor, treat the current shot as a continuation of the same scene. Preserve
the spatial layout of the environment, including background structure, object placement, and character positions.
4. Use background anchors
If background anchors are provided, maintain the same environment geometry (e.g., walls, furniture, display cases,
room layout).
5. Respect prop states
Ensure that props appear according to the planned prop states:
* Props that must appear should be clearly visible.

* Props carried by characters should move with the corresponding character.
* Props that were removed, destroyed, or taken away should not remain in the environment.

6. Maintain cinematic coherence
The frame should resemble a realistic cinematic shot with consistent lighting, perspective, and scene composition.
Output

Generate a high-quality candidate frame that satisfies the shot description and respects all provided anchors and continuity
constraints.

Table 30: Prompt used to generate candidate storyboard frames using retrieved anchors and global continuity
constraints.



Prompt: VLM-Based Continuity Scoring Prompt

You are a visual continuity evaluator. Your task is to evaluate a candidate storyboard frame and assign scores based on
how well it satisfies the global continuity plan and the current shot description.

Input

» Current shot description s¢

» Candidate image I;

 Character appearance states from the global plan
* Prop states for the current shot

¢ Location identifier for the scene

¢ Previous frame I;_; (if continuation)

Evaluation Criteria
Evaluate the image along the following dimensions and assign a score from 1 to 5.

1. Shot Alignment (1-5)

How well does the image depict the action described in the shot?

2. Character Appearance Consistency (1-5)

Do characters match the planned appearance states?

3. Background Continuity (1-5)

Does the environment match the planned location and maintain spatial continuity with the previous frame?
4. Prop State Correctness (1-5)

Do props appear with the correct state according to the global plan?

Return STRICT JSON

"shot_alignment”: 5,

"character_consistency”: 4,

"background_continuity”: 5,

"prop_state_correctness”: 4,

"overall_score”: 4.5,

"reasoning”: "The frame correctly depicts the museum gallery..."

3

Scoring Guidelines
¢ 5 = perfect match with the plan
* 4 = minor inconsistencies
¢ 3 = moderate inconsistencies
* 2 =major inconsistencies

* 1 = completely incorrect

Table 31: Prompt used by the VLM to score candidate storyboard frames during QA-based candidate selection
(Algorithm 3).



Prompt: Character Anchor Extraction

You are extracting visual anchors for characters from a
storyboard frame.
Input

¢ Frame image I;

* Shot description st

¢ Character appearance states C(c, t)
Task
Identify characters visible in the frame and extract a clean
visual anchor image that captures their current appearance

(face, clothing, hairstyle, and overall identity).
Return STRICT JSON

"characters”: [

{
"name”: "Ethan”,
"appearance_state":"trench_coat”,
"anchor”:"character_anchor_image"
}!
{
"name”:"Lena",
"appearance_state"”:"blue_dress”,
"anchor"”:"character_anchor_image"
}
]
}
Guidelines

» Extract anchors only for characters clearly visible.

* Anchors should capture the full appearance identity.

Table 32: Prompt for extracting character appearance
anchors for updating character memory.

Prompt: Location Background Anchor Extraction

You are extracting the visual environment anchor for a
location from a storyboard frame.
Input

* Frame image I,
* Shot description s;
* Location identity £(s;)

Task

Identify the environment corresponding to the location and
extract a clean background anchor image that represents
the spatial layout of the scene.

Return STRICT JSON

{
"location"”:"museum_gallery”,
"anchor"”: "background_anchor_image"

3

Guidelines
* The anchor should capture the environment layout.

* Avoid including large foreground characters when
possible.

Table 33: Prompt for extracting background anchors
associated with locations.

Prompt: Prop Anchor Extraction

You are extracting visual anchors for important objects
from a storyboard frame.

Input

* Frame image I,

* Shot description s;

* Object state descriptions O(o, t)
Task

Identify objects that appear in the frame and extract visual
anchors representing their current state.

Return STRICT JSON
{
"objects": [
{

n,n

"name":"golden_artifact”,
"state”:"inside_display_case”,
"anchor":"prop_anchor_image"
}
]

}

Guidelines
» Extract anchors only for visible objects.

* Ensure the object state matches the visual evidence.

Table 34: Prompt used to extract prop anchors and up-
date object-state memory.



