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In a quiet office, the man gathers his courage and reveals a ring, opening the box with a gentle, deliberate motion. The woman realizes what is happening, 
her eyes softening as emotion rises into a tearful smile. Overwhelmed by the moment, she steps toward him, and the two share a warm embrace, completing 
the proposal with a sincere and intimate resolution.

Figure 1. Illustration of our proposed STAGE workflow for multi-shot video generation. Given a user-provided story description, existing
end-to-end [53] and keyframe-based [18] methods often suffer from incoherent inter-shot transitions (e.g., motion discontinuities and
appearance inconsistencies) that disrupt the narrative flow. We address this by explicitly predicting a structural storyboard composed of
start-end frame pairs, which serve as visual anchors to ensure superior long-range shot consistency.

Abstract

While recent advancements in generative models have
achieved remarkable visual fidelity in video synthesis, cre-
ating coherent multi-shot narratives remains a significant
challenge. To address this, keyframe-based approaches
have emerged as a promising alternative to computation-
ally intensive end-to-end methods, offering the advantages
of fine-grained control and greater efficiency. However,
these methods often fail to maintain cross-shot consistency
and capture cinematic language. In this paper, we intro-
duce STAGE, a SToryboard-Anchored GEneration work-
flow to reformulate the keyframe-based multi-shot video
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generation task. Instead of using sparse keyframes, we pro-
pose STEP2 to predict a structural storyboard composed
of start-end frame pairs for each shot. We introduce the
multi-shot memory pack to ensure long-range entity consis-
tency, the dual-encoding strategy for intra-shot coherence,
and the two-stage training scheme to learn cinematic inter-
shot transition. We also contribute the large-scale ConSto-
ryBoard dataset, including high-quality movie clips with
fine-grained annotations for story progression, cinematic
attributes, and human preferences. Extensive experiments
demonstrate that STAGE achieves superior performance in
structured narrative control and cross-shot coherence. Our
code will be available at this url.

https://github.com/escapistmost/Storyboard-Anchored-Generation


1. Introduction
Recent advancements in generative models have dramati-
cally improved the visual quality of synthesized videos, fu-
eling their adoption on short-clip content platforms [1, 2, 4].
To further unlock their potential for more sophisticated ap-
plications (e.g., filmmaking), recent models are evolving
to enhance storytelling ability [31, 57, 63]. However, this
narrative ability typically requires composing a long video
from multiple distinct shots depicting different stages or
perspectives of a story, which still poses significant chal-
lenges for existing models.

While directly generating an entire multi-shot video in
an end-to-end manner [14, 20, 45, 53] is an intuitive ap-
proach, it is computationally expensive and runs in an “all-
or-nothing” paradigm, leading to an inefficient trial-and-
error process with limited user control. To provide fine-
grained user control, keyframe-based approaches [13, 52,
61, 62] first generate several keyframes to establish the
video’s narrative structure, and subsequently employ exter-
nal I2V models [3, 8, 55] to synthesize each shot accord-
ingly. However, these methods suffer from disrupted cross-
shot coherence and struggle to capture cinematic language
(Fig. 1 (a), the close-up reveals motion discontinuity when
opening the ring box).

In this paper, we reformulate the keyframe-based
approach, proposing a structural storyboard composed
of Start-End frame pairs defining each shot (i.e.,
(F S

1 , F
E
1 ), (F S

2 , F
E
2 ), ...), instead of a sparse keyframe se-

quence. This formulation offers three advantages: (i) Struc-
tured narrative control: These start-end frame pairs form a
robust narrative scaffold, ensuring long-range consistency
of entities (e.g., character appearance) and settings (e.g.,
scene background) throughout the entire video. (ii) Intra-
shot coherence: The intra-shot pair (F S

i , F
E
i ) explicitly an-

chors visual content (e.g., character) and the intended pro-
gression within the shot (e.g., camera movements). (iii)
Inter-shot transitions: The inter-shot pair (FE

i , F S
i+1) ex-

plicitly models the shot transition, effectively conveying
complex cinematic language (e.g., shot/reverse shot). How-
ever, realizing these intra-, inter-, and global advantages is
non-trivial, demanding both a tailored model and a struc-
turally annotated dataset.

To address this challenge, we introduce STAGE, a work-
flow for SToryboard-Anchored GEneration for cinematic
multi-shot narrative. The technical core of this workflow
is our STart-End frame-Pair Prediction model (STEP2),
which iteratively visualizes the text-based storyboard into
(F S

i , F
E
i ) pairs. To further enable STEP2 to visualize the

storyboard of each shot effectively, we propose: (i) a multi-
shot memory pack to compress the history and ensure long-
range entity consistency; (ii) a dual-encoding strategy to en-
force intra-shot coherence and logical correlation; and (iii)
a two-stage training scheme to understand the complex cin-

ematic language of inter-shot transitions. In the complete
STAGE workflow, a director agent first augments the user-
provided story theme into a text-based storyboard. Our
fully-trained STEP2 model then iteratively generates the
(F S

i , F
E
i ) pairs. These pairs are finally fed into an off-the-

shelf video generation model (e.g., WanX [44], Veo3.1 [5])
to generate video clips, which are then concatenated into
the final multi-shot video.

To facilitate the training of STEP2, we collect open-
sourced movie clips [7] and construct the ConStoryBoard
dataset1. It consists of 100K video clips with start-end
frame pairs, along with structural storyboard annotations
(e.g., story progress of each shot) and diverse cinematic lan-
guage attributes (e.g., shot scale, shot length, camera angle,
and camera movement). Building on this, we further curate
the ConStoryBoard-HP by manually selecting high-quality
frame pairs and constructing preference tuples for human-
preference alignment post-training.

We conclude our contributions as follows:
• We reformulate the keyframe-based approach by intro-

ducing STEP2, which predicts structural start-end frame
pairs to enable controllable multi-shot video generation.

• We design a dual-encoding strategy to ensure logical cor-
relation within each shot, and a multi-shot memory pack
to provide long-range consistency of entities.

• We construct the ConStoryBoard dataset with fine-
grained annotations, including a manually selected pref-
erence subset to optimize inter-shot cinematic language.

2. Related work
2.1. Single-Shot video generation

The field of single-shot video generation has seen remark-
able progress. Building on the success of image diffusion
models [9, 35, 38, 49, 59, 60], early methods [15, 16, 40, 50]
adapt pre-trained models by incorporating temporal layers.
However, these approaches often result in limited tempo-
ral coherence. To address these limitations, research has
shifted towards Diffusion Transformer architectures [32].
While state-of-the-art video foundation models [22, 44, 58]
are able to generate high-fidelity videos with a single shot,
they typically lack a native mechanism for multi-shot nar-
ratives. Consequently, naively applying them shot-by-shot
results in jarring visual discontinuities that disrupt the nar-
rative flow, marking the key challenge our work addresses.

2.2. Multi-Shot video generation

Generating multi-shot videos requires maintaining both
content consistency and narrative coherence across shots.
Existing methods extend single-shot models to generate full
sequences, either via end-to-end visual conditioning [28,
61] or by modifying attention mechanisms [20, 29, 53].

1We will publish the dataset once the paper is accepted.



These approaches are computationally expensive and of-
fer limited user control. To address these limitations, an
alternative approach [34, 52, 57, 63] first generates sparse
keyframes and then synthesizes the full video clips based on
them. Despite their advances in text fidelity and story coher-
ence, they largely neglect the cinematic language for inter-
shot transitions, leading to abrupt cuts and logical discon-
nects that break the narrative flow. In contrast, our STAGE
explicitly reformulates the keyframe-based approach as a
start-end frame pair prediction problem, thereby directly
modeling these inter-shot transitions.

2.3. Reinforcement learning for visual generation

Inspired by the success of Reinforcement Learning from
Human Feedback (RLHF) in language models, aligning
visual models with human preferences is a promising re-
search area. Initial efforts involve directly fine-tuning mod-
els with scalar reward signals [10, 56] or employing reward
weighted regression [24, 33]. Subsequently, policy gradi-
ent algorithms (e.g., PPO [39]) are integrated into diffu-
sion models, demonstrating notable efficacy in visual qual-
ity improvement [12, 30]. To avoid significant computa-
tional overhead and training instability, Direct Preference
Optimization (DPO) [37] emerges and demonstrates its ef-
fectiveness in aligning visual models with human prefer-
ences for static image properties, such as text-image fi-
delity [43, 46] and aesthetic quality [25]. Building on this,
we extend this technique to optimize for the complex tem-
poral relationships (e.g., cinematic language) that define co-
herent storytelling in multi-shot videos.

3. Dataset

Current keyframe-based video datasets [34, 53, 54] offer a
single keyframe for each shot, primarily focusing on text-
to-shot alignment while neglecting the start and end frames
for modeling inter-shot transitions. This motivates us to
construct the ConStoryBoard dataset, tailored to train our
start-end frame pair prediction model.

The construction of ConStoryBoard begins with multi-
shot videos collected from the Condensed Movies
dataset [7], which we filter for high-resolution (over 1080p)
and high aesthetic scores [23] (over 5.5). These filtered
videos are then segmented into individual video clips for
each shot using TransNetV2 [41]. For each resulting clip (i-
th shot in the original video), we employ InternVL-3.5 [47]
to generate a detailed text description Di of the story pro-
gression, and structured cinematic attributes Ci (e.g., shot
scale and camera movement). We then extract the ground-
truth start-end frame pair (F S

i , F
E
i ) from these annotated

clips, and post-process them by cropping black bars and
removing watermarks. Finally, the ConStoryBoard dataset
comprises 100K training pairs and 1K testing pairs, where

Shot Type: Medium Full Shot

Shooting Method: Static

Current Shot Description: In a warm, wood-paneled hotel lobby, a blond man in a black zip-up 
jacket and blue shirt lifts a Black man in a teal hoodie and dark jeans horizontally above his 
head, his arms fully extended. The man in the teal hoodie is completely off the ground, his 
body stretched out in mid-air, legs and sneakers pointing toward the right side of the frame. 
With a powerful motion, the blond man swings and releases him, hurling him across the lobby 
so that he flies forward through the air, passing over the head of another blond man in a 
dark jacket who stands in the foreground. The camera remains static in a wide eye-level shot, 
clearly capturing the full arc of the man in teal as he is thrown out of the frame.
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Figure 2. An example of the ConStoryBoard dataset.

each sample consists of a ground-truth pair (F S
i , F

E
i ) and

its corresponding annotations (Di, Ci).
To facilitate model alignment with human preferences,

we further curate ConStoryBoard-HP (Human-Preferred)
by manually selecting the most high-quality and cinemat-
ically significant pairs from our dataset. To construct the
preference tuples, we define the ground-truth pair (F S

i , F
E
i )

as the positive sample yw. Observing that internal frames
from the same video clip typically represent a mismatched
cinematic language (e.g., an incomplete camera movement),
we randomly sample two internal frames from the same clip
as the corresponding negative sample yl. These preference
tuples (yw, yl) are used for the alignment post-training.

4. Method
This section begins with an introduction to the Start-End
frame-pair prediction model (STEP2) to iteratively gener-
ate start-end frame pairs (Sec. 4.1). Then, we design the
two-stage training scheme to train the STEP2 model for
understanding cinematic language (Sec. 4.2). Finally, we
present the STAGE workflow to demonstrate the approach
of STEP2 applied for multi-shot video generation (Sec. 4.3).

4.1. Start-end frame pair prediction model

Multi-shot memory pack. To enable iterative generation
of start-end frame pairs with long-term temporal consis-
tency of entities, the STEP2 requires a memory mechanism
for preceding shots. Since referring to all previous shots
will bring a remarkable computational burden, we propose
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Figure 3. Overview of our proposed STAGE workflow. The core component of STAGE is the Start-End frame-pair prediction model
(STEP2), which iteratively generates start-end frame pairs for each shot. To ensure long-term consistency, STEP2 is equipped with
the (a) multi-shot memory pack that compresses preceding visual context into a compact token. The (b) dual-encoding strategy is
adopted to maintain intra-shot coherence by jointly encoding the start and end frames of the current shot. By integrating (c) multi-modal
understanding and generation models into a unified architecture, STEP2 performs robust reasoning from diverse contexts to ensure inter-
shot coherence (Sec. 4.1). STEP2 is optimized via a (d) two-stage training scheme: an initial supervised fine-tuning stage establishes
a strong generative foundation, followed by a preference alignment stage to align outputs with human preferences (Sec. 4.2). During
inference, STEP2 is integrated into the STAGE workflow. A Director Agent first generates a structured storyboard from a user’s theme.
Then, STEP2 produces the corresponding start-end frame pairs for each shot. Finally, a Refiner Agent uses these frames to create enhanced
prompts that guide an off-the-shelf video model to synthesize the final multi-shot video (Sec. 4.3).

the multi-shot memory pack to compress these shots into a
compact context.

Specifically, as illustrated in Fig. 3 (a), given preced-
ing shot start-end frame pairs {(F S

j , F
E
j )}i−1

j=1 for i-th shot,
we disorderly collect all frames in these pairs into a mem-
ory bank {FM

j }2i−2
j=1 , and encode all these frames into the

latent space {mj}2i−2
j=1 = {Evae(FM

j )}2i−2
j=1 using a pre-

trained VAE encoder Evae. To guide the iterative genera-
tion with semantically relevant memory cues, we rank these
preceding latent codes based on their CLIP similarity [36]
as {m′

j}
2i−2
j=1 = Sort

(
{mj}2i−2

j=1

)
. After that, this ranked

memory bank is further compressed into a packed memory
token via a progressive spatial tiling mechanism:

Mi = SpatialTilej∈{1,...,2i−2}
(
P(m′

j , Aj)
)
, (1)

where P(m′
j , Aj) is the downsample function that com-

presses the latent code m′
j based on the compression rate

Aj = 1
2j to ensure the total area for Mi is mathemati-

cally converged (i.e.,
∑∞

j=1 Aj=1). These packed memory

tokens Mi are then fed into the generation model Egen to
present a potentially infinite generation history.
Dual-encoding strategy. To ensure the predicted start-end
frame pair maintains intra-shot story coherence (e.g., scenes
remain visually consistent) and temporal dynamics (e.g., a
zoom-in cinematic language), we propose a dual-encoding
strategy to enable the implicit visual context sharing be-
tween the start and end frames.

Specifically, as shown in Fig. 3 (b), we encode the
ground truth start-end frame pair (F S

i , F
E
i ) separately us-

ing a pre-trained VAE encoder Evae, and then concatenate
them along the sequence dimension to construct a single
joint shot tensor xi =

[
Evae(F S

i ); Evae(FE
i )

]
. As the com-

mon practice of flow matching [26], this shot tensor is then
linearly interpolated with a Gaussian noise as:

xt
i = t · x1

i + (1− t) · x0
i , (2)

where t ∈ [0, 1] is the continuous time step, x1
i = xi is the

clean shot tensor, and x0
i ∼ N (0, I) is Gaussian noise.



Multi-modal understanding and generation. To reason
about shot semantics from diverse context, our STEP2 first
adopts a multi-modal large language model to understand
the story progress and character performance of each shot.
Specifically, as illustrated in Fig. 3 (c), the understanding
model Emu is built upon Qwen2.5-VL [6], which leverages
the end frame of the previous shot FE

i−1, the i-th shot cor-
responding text description Di, and cinematic attributes Ci

to generate unified context tokens Ui = Emu(F
E
i−1, Di, Ci)

for the i-th shot.
With the aforementioned memory tokens Mi and in-

terpolated joint shot tensor xt
i, these unified context to-

kens Ui are fed into the generation model Egen to gen-
erate the corresponding start-end frame pair (F S

i , F
E
i ).

Specifically, the generation model Egen is implemented as
a diffusion Transformer architecture, comprising multiple
MMDiT blocks [11] that includes the self-attention layers
for global context interaction. This enables our STEP2 to
generate clean start-end frame pairs referring all integrated
and compression semantics by solving the ODE:

dxt
i/dt = Egen(Ui, t, x

t
i,Mi), (3)

from t = 0 to t = 1 using a numerical solver.

4.2. Two-stage training scheme

Supervised fine-tuning. We first conduct a supervised fine-
tuning (SFT) on our ConStoryBoard dataset to pre-train the
STEP2 model, establishing a strong foundation for inter-
shot transitions. Specifically, we employ the Low-Rank
Adaptation (LoRA) technique [17] on both the understand-
ing model Emu (for high-level semantic understanding) and
the generation model Egen (for low-level frame generation).
Following the flow matching formulation [27], our training
target is the constant velocity vector field vt = x1

i − x0
i ,

pointing from the noise x0
i ∼ N (0, I) to the ground-truth

latent pair x1
i :

LSFT = Ex1
i ,x

0
i ,Ci,t∥vθ(x

t
i, t, Ci)− vt∥2, (4)

where Ci = [Di, Ci, {(F S
j , F

E
j )}i−1

j=1] represents the text de-
scription, the cinematic attribute, and all the preceding start-
end frame pairs and vθ is our entire STEP2 model.
Preference alignment. To further align our STEP2 model
with human preferences, we perform the post-training us-
ing Direct Preference Optimization (DPO) [37]. Using the
SFT-trained model as the reference model vref and extract-
ing preference tuple (yw, yl) from the ConStoryBoard-HP
subset, this process aims to maximize the likelihood of pol-
icy model vθ prefers yw over yl:

LDPO = −E(yw,yl),Ci,t [log σ (β(Dθ − Dref))] , (5)

where σ(·) is the sigmoid function and β is a scaling param-
eter. The preference differences for the policy and reference

models are defined as:

Dk=∥vk(x̂t
i, t, Ci)− v̂t∥2 − ∥vk(x̌t

i, t, Ci)− v̌t∥2, (6)

where k ∈ {θ, ref}, x̂t
i and x̌t

i are noisy latent codes from
the negative yl and positive sample yw, respectively. The
v̂t and v̌t are their corresponding ground-truth velocity vec-
tors, defined as v̂t = x1

i,l−x0
i,l and v̌t = x1

i,w −x0
i,w. Here,

x1
i,l and x1

i,w are the VAE-encoded latents for yl and yw.

4.3. STAGE workflow

We propose the STAGE workflow to generate coherent
multi-shot videos V = [V1, . . . , VN ] based on a story de-
scription Tdesc, where our well-trained STEP2 model is in-
tegrated to predict start-end frame pairs for each shot. This
workflow is organized into three main stages:

1) User’s Inputs and Storyboard Generation: Given a
user-provided text-based story theme Tdesc, we design a Di-
rector Agent Gdire with chain-of-thought [48] pre-defined
prompts to generate a structured storyboard S:

S = Gdire(Tdesc), (7)

where S = {Di, Ci}Ni=1 is a sequence of N shot specifi-
cations Si = (Di, Ci), each one details the shot of story
progress with a text description Di and a set of cinematic
attributes Ci.

2) Iterative Start-End Frame Generation: Leveraging
the well-trained Start-End frame-Pair Prediction model (i.e.,
STEP2), the abstract storyboard for each shot is iteratively
translated into concrete visual anchors (i.e., a start-end
frame pair (F S

i , F
E
i )):

(F S
i , F

E
i ) = STEP2(Di, Ci, {(F S

j , F
E
j )}i−1

j=1). (8)

Since the first shot (i = 1) has no preceding context, the
model is conditioned solely on its specification (Di, Ci).
This process iteratively generates a complete sequence of
frame pairs to the last shot (i = N ).

3) Storyboard Refinement and Video Generation: To
bridge the gap between static keyframes and dynamic video,
we employ a Shot Refiner Agent Grefiner. This agent in-
tegrates the original storyboard specification (Di, Ci) with
the generated visual anchors (F S

i , F
E
i ) to produce a com-

prehensive text description Ri for each shot:

Ri = Grefiner(Di, Ci, F
S
i , F

E
i ). (9)

Subsequently, this refined description Ri and the start-end
frame pair (F S

i , F
E
i ) are fed into an off-the-shelf video gen-

eration model Gvideo (e.g., WanX [44], Veo3.1 [5]) to guide
the generation process of the video clip Vi of the i-th shot:

Vi = Gvideo(Ri, F
S
i , F

E
i ). (10)

Finally, the multi-shot narrative video V = [V1, . . . , VN ] is
produced by concatenating all individual clips.
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A woman with dark, shoulder-length hair, wearing a bright blue cardigan over a black top, was sitting on a train. She received an incoming call from 'Bryan'. Her hand, detailed with dark 

blue nail polish, hesitated over the screen before she ultimately answered. Almost immediately, her expression turned grim, her brow furrowing as she looked worried and deeply uneasy.
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Figure 4. Visual quality comparisons with multi-shot video generation methods.

5. Experiment
5.1. Training details

Our implementation is based on Qwen-Image [51] where
VAE is frozen. The rank of LoRA weight is set to 64.
Training is performed on 8 A800 GPUs using the Adam
optimizer [21] at a learning rate of 1 × 10−4. Our two-
stage training scheme consists of an initial 100K iterations
of supervised fine-tuning, followed by an additional 20K it-
erations of preference alignment.

5.2. Quantitative evaluation metrics

We comprehensively evaluate STAGE across five aspects2:
(i) Overall video quality. We assess the perceptual qual-
ity of generated videos using the Aesthetic Quality (AQ)
and Image Quality (IQ) metrics from VBench [19]. (ii)
Text video consistency. To measure the alignment be-
tween the generated video and the input text description,
we employ the Overall Consistency (OC) metric from
VBench [19]. (iii) Intra-shot coherence. We evaluate the
temporal consistency within individual shots using Sub-
ject Consistency (SC) and Background Consistency (BC)

2Metric details are provided in the supplementary materials.

from VBench [19]. (iv) Inter-shot coherence. We extend
VBench’s intra-shot metrics for inter-shot evaluation, defin-
ing Subject Consistency-Extra (SC-E) and Background
Consistency-Extra (BC-E) metrics. (v) Inter-shot transi-
tion. We introduce Transition Vector Similarity (TVS) to
measure cinematic transition quality. To further evaluate
the quality of multi-shot video, we employ the VLM [42]
to rate Overall Video Quality (OVQ), Video Text Consis-
tency (VTC), Inter-Shot Consistency (ISC), Shot Tran-
sition Smoothness (STS) on a scale of 0 to 1 score.

5.3. Comparison with State-of-the-art Methods

We compare our approach with state-of-the-art multi-
shot video generation methods, including end-to-end ap-
proaches (i.e., CineTrans [53]) and key-frame-based ap-
proaches (i.e., IC-LoRA [18] + WanX [44], StoryDiffu-
sion [63] + WanX [44], MovieAgent [52], and VideoGen-
of-Thought [62]).
Qualitative comparisons. In Fig. 4, we present visual
quality comparison results with aforementioned methods.
Both CineTrans [53] and IC-LoRA [18] + WanX [44] fail
to maintain consistency across multiple shots (e.g., Fig. 4
first and second row, the appearance of the train car win-



Table 1. Quantitative experiment results of comparison and ablation. ↑ (↓) means higher (lower) is better. Throughout the paper, the best
performances are highlighted in bold.

Method Quantitative metrics evaluation LLM evaluation
AQ ↑ IQ ↑ OC ↑ SC ↑ BC ↑ SC-E ↑ BC-E ↑ TVS ↑ OVQ ↑ VTC ↑ ISC ↑ STS ↑

Comparison with state-of-the-art methods

CineTrans [53] 0.5652 0.6120 0.2018 0.9437 0.9504 0.6197 0.7428 0.0455 0.7972 0.3551 0.5585 0.4931
IC-LoRA [18] + WanX [44] 0.6333 0.6951 0.2140 0.9567 0.9615 0.5319 0.7438 0.2090 0.7597 0.3897 0.4901 0.4696
StoryDiffusion [63] + WanX [44] 0.6941 0.7018 0.2087 0.9456 0.9640 0.5780 0.7988 0.1441 0.5343 0.2069 0.4813 0.4575
VideoGen-of-Thought [62] 0.7210 0.6630 0.1689 0.9599 0.9554 0.6278 0.7830 0.0966 0.8106 0.1120 0.5086 0.4507
MovieAgent [52] 0.5742 0.7069 0.0711 0.9664 0.9384 0.4993 0.6473 0.0079 0.4895 0.1931 0.4511 0.4182
Ours (STAGE) 0.7689 0.7305 0.2713 0.9695 0.9685 0.6917 0.8207 0.2732 0.8929 0.6069 0.6985 0.6255

Ablation study

W/o MMP 0.7344 0.7220 0.2143 0.9631 0.9592 0.6088 0.7311 0.2370 0.8835 0.3642 0.5466 0.5228
W/o DES 0.7217 0.7145 0.2488 0.9542 0.9476 0.6803 0.8124 0.2680 0.7803 0.5063 0.6552 0.5167
W/o TTS 0.7476 0.7240 0.2635 0.9613 0.9633 0.6636 0.8037 0.2195 0.8733 0.5766 0.6614 0.5111
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towers. His expression shifts to mesmerized awe as he watches the dazzling spectacle unfold in the night sky.
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Figure 5. Ablation study results with different variants of our STAGE framework.

dow and the surrounding environment in the first shot are
inconsistent with those in the third, leading to a disjointed
narrative). StoryDiffusion [63] + WanX [44] produces an
overly cartoonish style and lower overall quality (e.g., Fig. 4
third row, the entire sequence exhibits a stylized aesthetic
that is unsuitable for cinematic applications). VideoGen-
of-Thought [62] suffers from poor temporal coherence in
its action sequences (e.g., Fig. 4 fourth row, the woman’s
hands are on her arm in the first shot but abruptly holds
a phone with hands in the second, breaking the continu-
ity of motion). MovieAgent [52] exhibits low text fidelity
(e.g., Fig. 4 fifth row, despite the prompt is sitting on a
train, the generated video depicts a woman beside the train,
failing to accurately reflect the user’s intent). In contrast,
our STAGE workflow successfully maintains high inter-
shot consistency while ensuring shot smooth transitions, re-
sulting in a coherent and visually superior cinematic result.

Quantitative comparisons. We present quantitative com-

Table 2. Percentage (%) of user ratings in the four experiments of
human evaluation for the results.

Method VQE TAE SCE ITE

CineTrans [53] 13.2 18.4 6.4 16.4
IC-LoRA [18] + WanX [44] 24.4 12.8 13.2 7.2
StoryDiffusion [63] + WanX [44] 1.2 8.0 5.6 3.6
VideoGen-of-Thought [62] 2.8 4.4 0.4 2.0
MovieAgent [52] 0.8 3.2 1.6 1.2
Ours (STAGE) 57.6 53.2 72.8 69.6

parisons in Tab. 1, where our method significantly outper-
forms relevant multi-shot generation approaches across all
eight quantitative metrics and four LLM-based evaluations.
This demonstrates its ability to create multi-shot cinematic
videos with high fidelity to user instructions (OC, VTC),
strong consistency across intra-shot and inter-shot (SC, BC,
SC-E, BC-E, ISC), seamless cinematic transitions (TVS,
STS), and superior overall quality (AQ, IQ, OVQ).
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conversation continues. When the man finally gives her the bouquet, the trio break into cheerful, celebratory reactions.
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Figure 6. A long-range multi-shot video generation result of our STAGE framework, demonstrating high cross-shot consistency.

User study. In addition to qualitative and quantitative com-
parisons, we conduct four user studies to evaluate human
preference: (i) Visual Quality Evaluation (VQE): Partici-
pants are shown the generated results produced by STAGE
and relevant multi-shot video generating methods. They are
asked to select the most visually pleasing video. (ii) Text
Alignment Evaluation (TAE): Given a corresponding text
description, participants are instructed to select the video
from the same set of generating results that best matches
the description. (iii) Shot Consistency Evaluation (SCE):
This study measures intra- and inter-shot visual consistency
in multi-shot videos. Participants evaluate which sequence
maintains stable appearance, motion, and spatial coherence
across frames and shots. (iv) Inter-shot Transition Evalu-
ation (ITE): This evaluation measures perceptual continu-
ity and narrative logic between shots, where participants se-
lect the video with smoother visual transitions and more nat-
ural scene progression. For each experiment, we randomly
select 20 samples from the dataset, and recruit 25 volunteers
from Amazon Mechanical Turk (AMT) to provide indepen-
dent evaluations. As shown in Tab. 2, our model achieves
the highest preference scores in all experiments.

5.4. Ablation study

We discard several modules and establish three baselines to
study the impact of the corresponding modules. The evalu-
ation scores and visual results of the ablation study are pre-
sented in Tab. 1 and Fig. 5, respectively.
W/o Multi-shot Memory Pack (MMP). We discard the
multi-shot memory pack, which causes the model to be un-
able to obtain context from preceding shots. Therefore,
the model struggles to maintain visual consistency across
the generated sequence (lower SC-E and BC-E scores. As
shown in the first row of Fig. 5, the character’s appearance
changes, and the scene illogically shifts from night to day
across the first shot and the third shot).
W/o Dual-Encoding Strategy (DES). We remove the dual-
encoding strategy and generate the first and last frames in-
dependently. Lacking mutual reference, the start and end

frames fail to share context, which leads to degraded intra-
shot consistency (lower SC and BC scores. As shown in the
second row of Fig. 5, the castles generated in the start and
end frames are inconsistent).
W/o Two-stage Training Scheme (TTS). We discard
the two-stage training scheme, training the model solely
through supervised fine-tuning. Lacking exposure to neg-
ative examples, the model struggles to capture valid inter-
shot transitions, leading to motion discontinuities (lower
TVS score. As shown in the third row of Fig. 5, an abrupt
cut where the man is looking down in the first shot, but the
camera is already shooting the sky in the second shot).

5.5. Long multi-shot video generation

As shown in Fig. 6, we demonstrate STAGE’s capability
to generate long multi-shot videos by composing individual
shots into a coherent and extended narrative.

6. Conclusion

In this paper, we introduced STAGE, a novel storyboard-
anchored workflow for generating coherent multi-shot
videos. Our key insight is to reformulate the task as a start-
end frame pair prediction problem. This allows our pro-
posed model (STEP2) to effectively ensure cross-shot con-
sistency and narrative structure using a multi-shot mem-
ory pack and a dual-encoding strategy. To capture nu-
anced cinematic language, we employ a two-stage training
scheme with preference alignment, supported by our newly
constructed ConStoryBoard dataset. Extensive experiments
show that STAGE significantly outperforms state-of-the-art
methods in narrative controllability, consistency, and cin-
ematic quality. We believe STAGE is a significant step
towards practical and user-directable video generation for
long-form storytelling and AI-assisted filmmaking.
Limitations. While multi-shot memory pack ensures long-
range shot consistency with start-end frame pairs, the re-
liance on an off-the-shelf video generator for infilling can
introduce temporal inconsistencies within the clips.
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8. Appendix
8.1. Motivation of start-end frame pairs

While existing video generation models have demonstrated
significant advances in high-fidelity text-to-video align-
ment, they struggle to meet user requirements due to the
inherent ambiguity of text descriptions. This often leads to
inconsistent intra-shot appearance (e.g., identity drift) and
jarring inter-shot transitions (e.g., motion discontinuity).

Recognizing that the visual modality offers richer se-
mantics to guide generation, we reformulate the keyframe-
based approach to predict start-end frame pairs of each
shot. These frame pairs act as powerful visual anchors
to ground the generation process and explicitly define the
scene boundaries of each shot. As a result, this formulation
inherently enables structured narrative control by ensuring
intra-shot coherence and facilitating cinematically plausible
inter-shot transitions. We have illustrated the advantages of
our formulation in Fig. 1 of the main paper.

8.2. STAGE workflow details

As illustrated in Sec. 4.3 of the main paper, the STAGE
workflow begins with the director agent, which generates
an initial storyboard from the user’s input. This storyboard
is then fed to the STEP2 model for iterative start-end frame
generation. Subsequently, we employ a shot refiner agent to
bridge the gap between static frames and dynamic video by
creating enhanced prompts. For better reproducibility, we
provide the specific prompts used for the director and shot
refiner agents in Fig. 7.

8.3. Evaluation metrics details

As illustrated in Sec. 5.2 of the main paper, we utilize eight
quantitative metrics and four VLM-based evaluation scores
to evaluate STAGE’s performance across five key aspects.
We list them as follows:

• Overall video quality. We assess the perceptual quality
of generated videos using two metrics from VBench [3]:
– Aesthetic Quality (AQ) quantifies the artistic appeal

and visual composition of video frames using the
LAION aesthetic predictor [5].

– Imaging Quality (IQ) measures technical fidelity of
video frames by detecting artifacts (e.g., blur, noise,
and distortion) with the MUSIQ model [4].

• Text video consistency. We measure the alignment be-
tween the generated video and the input text using a met-
ric from VBench [3]:
– Overall Consistency (OC) uses ViCLIP [11] to com-

pute a video-text similarity score, reflecting semantic
adherence to the prompt.

• Intra-shot coherence. We evaluate the temporal consis-
tency within individual shots using VBench metrics [3]:
– Subject Consistency (SC) measures the stability of a

subject’s appearance and identity throughout a single
shot via DINO feature similarity [1].

– Background Consistency (BC) assesses scene stabil-
ity using CLIP features [7] to penalize background
flickering or illogical changes.

• Inter-shot coherence. Since standard benchmarks lack
metrics for evaluating long-range coherence in multi-
shot videos, we introduce two metrics by extending
VBench’s [3] intra-shot consistency principles:
– Subject Consistency-Extra (SC-E). We manually an-

notate shot pairs that are expected to share the same
subject. For each annotated pair, we compute the
DINO-based similarity for both their start frames and
their end frames. The final score is the average of sim-
ilarity across all annotated pairs.

– Background Consistency-Extra (BC-E). We man-
ually annotate shot pairs that are expected to share
the same background. For each annotated pair, we
compute the CLIP-based similarity for both their start

1



You are a professional film director. First, carefully analyze the plot or scene 

provided by the user.

Please think through and output following these steps:

1. Core Narrative Identification

   - What is the core conflict or emotion of this scene?

   - Who are the key characters? What are their states and relationships?

   - What is the time, location, and environmental atmosphere of the scene?

2. Narrative Rhythm Analysis

   - How many narrative segments can this scene be divided into?

   - How does the emotional intensity change in each segment?

   - What are the key turning points or emotional climaxes?

3. Visual Storytelling Strategy

   - What overall visual style suits this scene? 

(Realistic/Dreamlike/Oppressive/Bright, etc.)

   - What visual elements need emphasis? (Character expressions/Environmental 

details/Actions/Spatial relationships)

   - How should the audience's perspective be guided? (Objective 

observer/Subjective immersion/God's eye view)

Based on the previous plot analysis, now divide the scene into specific shots.

Please think according to the following principles:

1. Shot Count Control

   - Plan 3-10 shots based on scene complexity

2. Visual Continuity Planning

   - Ensure compliance with the 180-degree rule

   - Plan match cuts between shots (action/eyeline/direction)

   - Design progressive shot size changes (e.g., Wide→Medium→Close or 

Close→Wide)

Now determine the specific technical parameters for each shot.

For each shot, reason through the following logic:

A. Shot Size Selection

Thinking logic:

- Need to show spatial relationships/environment → Extreme Wide Shot/Wide Shot

- Show character full-body actions → Full Shot

- Show character interaction and dialogue → Medium Shot

- Capture facial expressions and emotions → Close-Up/Medium Close-Up

- Emphasize details or emotional peaks → Big Close-Up/Extreme Close-Up

B. Camera Position & Angle

Thinking logic:

- Objective narrative/equal relationship → Eye-level

- Show character vulnerability/oppression → High angle

- Show character dominance/threat → Low angle

- Subjective perspective/dialogue → Over-the-shoulder/Shot-reverse-shot

- Observer perspective → Side angle

C. Camera Movement

Thinking logic:

- Stable, objective narrative → Static shot (Tripod)

- Gradually focus/intensify emotion → Push in

- Reveal information/emotional release → Pull out

- Follow action/maintain continuity → Tracking

- Display space/establish scene → Pan/Aerial

- Tension/chaos/subjective feeling → Handheld

- Smooth spatial transition → Dolly/Crane

Based on all previous analysis and decisions, now generate detailed 

shooting descriptions for each shot.

Each shot description must include:

1. Shot Content Core

   - What happens in this shot? (Specific events, actions, dialogue)

   - Who/what is the main subject of the frame?

   - What is the key narrative information or emotional change?

2. Visual Elements Checklist

   - Foreground: What specific objects/elements are present?

   - Midground: Main visual focus (characters/objects and their states)

   - Background: Environmental details, spatial depth, atmospheric creation

   - Lighting: Light source type (natural/artificial), direction, contrast, color 

temperature, atmospheric feel

3. Character Performance (if characters present)

   - What is the character doing? (Specific actions, precise body language)

   - Facial expressions and emotional state (eyes, micro-expressions, 

muscle tension)

   - Costume, hair, makeup details

   - Character's position in frame and spatial relationships

   - Character's movement trajectory and speed changes

4. Camera Execution Plan

   - Starting position: Location, height, angle, composition

   - Movement type: Static/push-pull/pan-tilt/follow (specific path)

   - Movement speed: Slow/steady/accelerating/rapid

   - Ending position: Final composition and visual focus

   - Focus control: Where is the focus? Is there focus shift?

5. Narrative & Emotional Function

   - What new information does this shot reveal?

   - What part of the plot does it advance?

   - What emotion does it create or reinforce? 

(Tense/warm/oppressive/relaxed, etc.)

   - How does it connect with the previous shot? (Action match/eyeline 

match/spatial continuity)

   - What groundwork does it lay for the next shot?

6. Technical Details Supplement

   - Recommended focal length (16mm/35mm/50mm/85mm/200mm, etc.)

   - Depth of field treatment (shallow DOF blur background/deep DOF all 

sharp)

   - Aperture, shutter speed recommendations (if special needs)

   - Special effects, filters, color grading (if needed)

Description writing principles:

- First clarify "what happens" — this is the shot's core

- Specific and executable (cinematographers can directly understand and 

shoot)

- Avoid vague terms ("some," "certain," "approximately," "maybe," etc.)

- Highlight this shot's unique visual characteristics and narrative function

Now integrate all previous stages of analysis and decisions into a complete 

shot list.

Please ensure:

1. All shots comply with the 180-degree rule

2. Shot size changes are reasonable (avoid jump cuts)

3. Clear match cut points between shots (action/eyeline/direction)

4. Rhythm aligns with narrative needs

You are a professional video storyboard artist. The user will provide the first and last frame images of a shot along with a preliminary description. You need to expand this 

into a complete prompt suitable for video generation models.

Task:

1. Based on the first and last frames, supplement complete visual and action details

2. Clearly describe the motion trajectory and transformation process from start to finish

3. Retain all key elements from the user's original description

Format Requirements:

- Single coherent text block, organized in chronological order

- Use present tense to describe actions

- Output the final prompt directly, without any prefix or explanation

Prompts for Director Agents

Step1: Narrative & Visual Intent Analysis

Step2: Shot-Level Narrative Decomposition

Step3: Technical Cinematography Decision Making

Step4: Detailed Shot Execution Specification

Step5: Final Integrated Shot List Construction

Prompts for Shot Refiner Agent

Figure 7. Specific prompts for the director and shot refiner agents.



Overall Video Quality
Assesses the overall stability, coherence, and consistency of the video across 

both individual shots and the full sequence. A score of 1 indicates that all 

major consistency dimensions—such as intra-shot stability of subject and 

background, inter-shot continuity of appearance and spatial logic, and 

uniformity of visual style—are maintained without disruptions throughout the 

video. A score of 0 indicates the presence of unstable shot-internal elements, 

mismatched subjects or environments between shots, significant visual style 

inconsistencies, etc., resulting in a viewing experience that lacks any reliable 

or coherent sense of continuity.

Video Text Consistency
Assesses how faithfully the video reflects the narrative content and storyline 

described in the text. A score of 1 indicates that key narrative elements—such 

as the intended plot progression, character actions and interactions, event 

sequencing, and overall story logic—are accurately represented in the video 

without contradictions or omissions. A score of 0 indicates the presence of 

incorrect or missing plot events, misaligned character behavior, altered story 

progression, or other substantial deviations from the described narrative intent, 

resulting in a video that does not reliably correspond to the textual storyline.

Inter-Shot Consistency
Assesses how smoothly the transition between two shots preserves subject 

consistency, background logic, and visual style coherence. A score of 1 

indicates that all key continuity aspects—such as subject appearance and 

motion, spatial relationships in the environment, and overall visual styling—

remain coherent and uninterrupted across the cut. A score of 0 indicates clear 

discontinuities in these elements, such as mismatched subject attributes, 

background inconsistencies, or noticeable shifts in color or lighting that 

disrupt the sense of continuity.

Shot Transition Smoothness
Assesses the smoothness, temporal stability, and motion continuity of the 

video across both individual shots and the full sequence. A score of 1 

indicates that frame timing, subject motion, camera movement, and shot-to-

shot temporal alignment remain consistently smooth without noticeable 

interruptions. A score of 0 indicates the presence of issues such as stuttering, 

frame drops, mismatched motion between shots, and significant temporal 

inconsistencies, resulting in a viewing experience that lacks any reliable sense 

of fluidity.

Prompts for Multi-Shot Video Quality Evaluation

Figure 8. Evaluation prompts for the VLM-based evaluation metrics (OVQ, VTC, ISC, and STS).

frames and their end frames. The final score is the av-
erage of similarity across all annotated pairs.

• Inter-shot transition. We evaluate the quality of inter-
shot transitions about logical narrative and visual coher-
ence in multi-shot video generation.
– Transition Vector Similarity (TVS) assesses the con-

sistency between the semantic trajectory of a gener-
ated transition and that of its ground truth counterpart.
Specifically, inspired by prior research [2, 6, 13] that
the distance in CLIP space corresponds to semantic
shift, we define a transition vector at each shot bound-
ary as the difference between the CLIP embeddings of
the new shot’s first and the previous shot’s last frame.
This TVS score is then calculated as the cosine sim-
ilarity between the generated transition vector and its
corresponding vector from the ground truth video.

As presented in Tab. 1, we employ the Gemini [8] to
complement our quantitative metrics with LLM-based eval-
uations. For better reproducibility, we present the evalua-
tion prompts for Overall Video Quality (OVQ), Video Text
Consistency (VTC), Inter-Shot Consistency (ISC), and Shot
Transition Smoothness (STS) in Fig. 8.

During quantitative comparisons, we adopt Wan2.2-
14B [10] as the video generation backbone to ensure a fair
evaluation against state-of-the-art methods.

8.4. Ranking strategy of multi-shot memory pack

As illustrated in Sec. 4.1 of the main paper, the multi-shot
memory pack is designed to ensure long-term temporal con-
sistency by compressing preceding shots into a compact
context. Instead of prioritize chronological order to high-
light more recent scenes [9, 12], we rank preceding frames

Shot 1

Shot 3

Shot 2

User’s Inputs
In a vintage marketplace setting, two young men watch as a 

middle-aged man in a suit and patterned tie confidently 

presents the bread he is selling to the crowd.

Figure 9. Visualization of failure cases.

based on their CLIP similarity, which prioritizes semantic
relevance. To validate the efficacy of this similarity-based
ranking, we conduct an additional ablation study. As results
reported in Tab. 3, our ranking strategy demonstrates supe-
rior performance for the multi-shot cinematic video gener-
ation task.

Table 3. Ablation study for the multi-shot memory pack.

Methods SC ↑ BC ↑ SC-E ↑ BC-E ↑ ISC ↑
W/o Ranking 0.9649 0.9557 0.6378 0.7792 0.6589
Ours (STAGE) 0.9695 0.9685 0.6917 0.8207 0.6985
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ts The man without glasses, wearing a black hoodie and with short dark hair and a beard, stands at the whiteboard. He writes text on the board and explains actively using 

expressive hand gestures, occasionally turning his head toward the audience. At a nearby desk, the man wearing glasses, with short curly hair and a striped shirt, sits upright 

and watches him closely, maintaining steady eye contact with the presenter and showing a focused, attentive expression as he follows the explanation.
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In a dimly lit room, a young man works on his laptop under a desk lamp. Soft light from the window blinds falls across his tired face. After typing for a while, he pauses, his 

expression tightening, and slowly covers his face with his hands, showing clear signs of stress and exhaustion.

Storyboard 

Input

 (Shots 1-3)

A man wearing a straw hat walks through a dry, barren field toward a small wooden shed. Leafless trees stand in the background as the camera moves from a wide outdoor view to a closer 

rear view of the man. He continues forward steadily and approaches the dark entrance of the shed.

Storyboard 

Input 

(Shots 4–5)

User-Editable 

from Any 

Shot

Narrative Branch 1

Inside the dimly lit shed, a wooden crate filled with 

potatoes sits in the corner. The Black man walks toward 

the crate and lowers his head to inspect the potatoes inside. Shot-4 Shot-5

Narrative Branch 2

He moves to a corner of the shed where a shovel rests 

against the wall next to a metal pail. He bends down low, 

leaning his head forward to peer closely into the bucket. Shot-4 Shot-5

Multi-Branch 

Story 

Generation

a) Personalized multi-shot video generation

b) Editing storyboard to modify narrative

Shot-1 Shot-2 Shot-3

Shot-1 Shot-2 Shot-3

Shot-1 Shot-2 Shot-3

Figure 10. Additional application scenarios of our STAGE.

8.5. Failure case

As illustrated in Sec. 6 of the main paper, STAGE is de-
signed to maintain long-term narrative and entity consis-
tency across multiple shots according to start-end frame
pairs. However, the internal video clip generation is handled
by a pre-trained video generation model, which may intro-
duce temporal inconsistencies within the generated clips in
fine-grained visual details. Specifically, we present a fail-
ure case in Fig. 9. While our framework provides start and
end frames to anchor the main visual appearance, the bread
only appears in intermediate frames. This results in its ap-
pearance being under-specified and prone to changes due to
text ambiguity.

8.6. Application

We show two representative application scenarios with our
STAGE framework to highlight its advanced capability for
controllable and flexible video creation.
Personalized multi-shot video generation. As illustrated
in Fig. 10 (a), our STAGE framework can generate videos
with customized person and scene. Given user-provided
one or more reference images for a specific subject, STAGE
leverages the multi-shot memory pack to ensure the subject

is faithfully rendered with high consistency across varying
contexts and actions. This enables generating personalized
stories featuring user-specified characters.
Editing storyboard to modify narrative. As illustrated
in Fig. 10 (b), our STAGE framework supports an interac-
tive editing workflow. Given a storyboard for each shot,
the user can freely modify text descriptions to edit the story
progress and character performance. Our framework can re-
synthesize the start-end frame pairs and generate the corre-
sponding video clip, enabling seamless narrative branching
while preserving the temporal consistency of entities. This
capability enables fine-grained video design.

8.7. Additional dataset samples

As presented in Sec. 3 of the main paper, we introduce
the ConStoryBoard dataset for training and evaluation. As
showcase the diversity and scope of our data, we visualize
several randomly selected samples in Fig. 11.

8.8. Organization of supplementary video

We provide a supplementary video to dynamically show-
case our cinematic multi-shot video results. The video is
structured as follows:
• Multi-shot video generation: We begin by presenting



qualitative results for our multi-shot video generation task
(corresponding to Fig. 3 in the main paper).

• Long multi-shot video generation: We then demon-
strate our method’s capability in generating a 9-shot long
video with 1080 frames (corresponding to Fig. 6 in the
main paper).

• Qualitative Comparisons: We provide comparisons
against state-of-the-art methods to highlight the advan-
tages of our approach (corresponding to Fig. 1 and Fig. 4
in the main paper).

• Applications: We showcase additional application sce-
narios of our method (corresponding to Fig. 10).

• Ablation Studies: We present our ablation study results
to demonstrate the contribution of each proposed compo-
nent (corresponding to Fig. 5 in the main paper).

• Failure Cases: Finally, we include a failure case to
demonstrate the future improvement (corresponding to
Fig. 9).
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Shot Type: Medium Full Shot

Shooting Method: Static

Current Shot Description: In the scene, two women and one man are present. The man is 
dressed in a pilot's uniform with a white shirt, black tie, and a pilot‘s hat with gold insignia. 
One woman is wearing a traditional airline stewardess uniform, including a white blouse with 
black polka dots, a red scarf, black vest, and a name tag. The other woman is dressed in a 
casual outfit, consisting of a dark blazer and a white blouse. The environment appears to be 
a small, enclosed room, possibly inside an aircraft, given the height of the door and its design. 
The airline stewardess is holding some papers and appears to be interacting with the older 
woman, while the man adjusts his hat, signaling a moment of preparation or departure. The 
camera angle remains consistent, offering a medium shot that captures the upper bodies of 
all three individuals, focusing on their expressions and gestures, highlighting the interaction 
between the stewardess and the older woman, while the man stands attentively. The scene 
suggests a professional setting with subtle social dynamics at play.
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Start-End Frame:
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Frame Num: 54
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Shot Type: Medium Long Shot

Shooting Method: Static-to-Follow

Current Shot Description: In the scene, there is one woman and one man. The woman is 
wearing a long-sleeved, animal print dress with a fitted waist, along with a chunky necklace 
and dangling earrings, and has red hair styled short; the man is wearing a straw hat, blue 
shirt, and glasses. The woman initially points off-screen and appears to be speaking to the 
man out of the frame. As she continues to speak, she gestures with her hands and moves 
closer, then suddenly runs off-screen to the left. Afterward, she crouches on the sidewalk 
and then sits down on the edge, removing her shoe and looking back toward the bench. 
Meanwhile, the man remains mostly stationary, though his general direction and posture 
suggest he is attentively listening. There's interaction between the two as the woman seems 
to be confronting or talking to the man. The setting is an outdoor park-like area with a well-
maintained garden, featuring lush rose bushes and a paved walkway leading towards an ornate 
building with a dome in the background. The camera starts with a medium long shot that 
captures both characters, maintaining a static position, then follows the woman as she moves, 
capturing her actions closely until she sits on the curb; the composition and angle emphasize 
the isolation of the woman in the spacious environment.

Prev Start-End Frame:

Start-End Frame:

Shot Angle: Eye-Level

Frame Num: 83
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Shot Type: Medium Shot

Shooting Method: Static

Current Shot Description: Two men stand in a tense encounter on a boat under a bright blue 
sky with scattered clouds. One man, dressed in a sleeveless shirt and a blue bandana, faces 
the other man who emerges from below deck wearing a patterned short-sleeve shirt. The man 
in the sleeveless shirt remains stationary, while the man in the patterned shirt appears to be 
climbing up and leans on the deck's railing to engage with him, gesturing with his hands. The 
tension suggests a confrontation or intense conversation between the two men. Notable 
objects include the boat's equipment and the deck's railing, which the man in the patterned 
shirt holds. The environment is maritime, with the boat set against a backdrop of clear 
weather. The camera captures the interaction in a static shot, focusing on the upper bodies 
of both men and emphasizing their faces and gestures, creating a feeling of immediacy and 
confrontation. The composition underscores the power dynamic, framing the man on deck as 
more dominant.

Prev Start-End Frame:

Start-End Frame:

Shot Angle: Low Angle

Frame Num: 41

S
ta

rt
 F

ra
m
e

E
nd

  
F
ra

m
e

Motion 
Disruption

Coherent 
Action Flow

Shot ID: 17 Shot ID: 18 Shot ID: 19 Shot ID: 20

…

S
ta

rt F
ra

m
e

E
nd

  F
ra

m
e

pos

pos

neg

neg

Shot Type: Medium Shot

Shooting Method: Static

Current Shot Description: In a lush, vibrant jungle setting, three individuals are positioned 
near a large tree. Two women and one man are present, with the man leaning against the tree 
wearing a beige suit, a blue bandana, a wristwatch, and carrying a backpack, exuding a calm 
demeanor. One woman, in a pink shirt and orange shorts with a blue backpack, appears 
animated and expressive, gesturing with her hands and speaking, while the other woman, 
dressed in a red hoodie over a striped shirt and holding a drink, stands to the right, listening 
attentively. The woman in pink turns her head towards the woman in the red hoodie as she 
speaks. The dense foliage and bright flowers enhance the tropical ambiance. The camera 
captures a static shot that focuses on the trio, with the composition emphasizing their 
interaction. No specific camera movement is noted; the framing remains steady, highlighting 
the dynamics and setting without distraction.

Prev Start-End Frame:

Start-End Frame:

Shot Angle: Eye-Level
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Figure 11. Additional samples presentation of the ConStoryBoard dataset.
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