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Abstract

Current video generation models perform well at single-shot
synthesis but struggle with multi-shot videos, facing critical
challenges in maintaining character and background consis-
tency across shots and flexibly generating videos of arbitrary
length and shot count. To address these limitations, we in-
troduce FilmWeaver, a novel framework designed to gen-
erate consistent, multi-shot videos of arbitrary length. First,
it employs an autoregressive diffusion paradigm to achieve
arbitrary-length video generation. To address the challenge
of consistency, our key insight is to decouple the prob-
lem into inter-shot consistency and intra-shot coherence. We
achieve this through a dual-level cache mechanism: a shot
memory caches keyframes from preceding shots to main-
tain character and scene identity, while a temporal mem-
ory retains a history of frames from the current shot to en-
sure smooth, continuous motion. The proposed framework al-
lows for flexible, multi-round user interaction to create multi-
shot videos. Furthermore, due to this decoupled design, our
method demonstrates high versatility by supporting down-
stream tasks such as multi-concept injection and video ex-
tension. To facilitate the training of our consistency-aware
method, we also developed a comprehensive pipeline to con-
struct a high-quality multi-shot video dataset. Extensive ex-
perimental results demonstrate that our method surpasses ex-
isting approaches on metrics for both consistency and aes-
thetic quality, opening up new possibilities for creating more
consistent, controllable, and narrative-driven video content.
Project Page: https://filmweaver.github.io

Introduction

With the continuous advancement of video diffusion mod-
els (Blattmann et al. 2023; Kong et al. 2024; Wan et al.
2025), video generation systems have demonstrated remark-
able capabilities and found applications across various do-
mains (Xue et al. 2024). However, these models are pri-
marily designed for single video generation. Compared to
conventional single-shot video generation, multi-shot videos
offer significantly higher practical value in filmmaking, sto-
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rytelling, and other creative fields, as they enable the con-
struction of more complex narratives. Nevertheless, this
task presents greater challenges, primarily in two aspects:
1) maintaining consistency of the same subjects or back-
grounds across different shots, and ii) managing shot dura-
tion and the number of shots. These requirements cannot be
directly addressed by traditional video generation models.

The most straightforward approach to multi-shot gen-
eration involves using multiple prompts to generate each
shot independently and then concatenating them. However,
the coarse-grained textual representations struggle to en-
sure consistency between shots. To address the consis-
tency problem in multi-shot generation, early methods typ-
ically employed complex pipelines involving multiple mod-
els (Lin et al. 2023; Long et al. 2024; Yuan et al. 2024;
Xiao et al. 2025), decomposing multi-shot video genera-
tion into keyframe generation and image-to-video synthesis.
These approaches achieved multi-shot consistency through
object insertion techniques or attention reference mecha-
nisms (Zhou et al. 2024) during keyframe generation. How-
ever, such methods rely heavily on complex pipeline designs
and, due to the independent generation of individual seg-
ments without considering global temporal coherence, often
result in visual discontinuities and abrupt scene transitions.

Recent work has proposed simultaneous multi-shot gener-
ation methods that partition the video generated by a video
generation model into multiple segments (Kara et al. 2025;
Qi et al. 2025; Guo et al. 2025), with each segment cor-
responding to a shot. These methods are trained on corre-
sponding multi-shot datasets and achieve improved inter-
shot consistency. However, since multiple shots share a sin-
gle sequence, the duration of individual shots is severely
constrained. TTT (Dalal et al. 2025) introduces RNN-like
mechanisms in the intermediate layers of DiT (Peebles and
Xie 2023) to maintain shot consistency, but these lack long-
term memory, have fixed shot durations, and incur substan-
tial training costs. LCT (Guo et al. 2025) employs additional
positional encoding to achieve multi-shot generation and
shot extension, but it requires two-stage training and only
supports the MM-DiT (Yang et al. 2024) architecture.

To address these limitations, we introduce a novel cache-
guided autoregressive framework for multi-shot video gen-
eration. Our approach is founded on a key insight: the ex-



New Shot: An older man walks toward a bookshelf...

Figure 1: Our framework supports interactive creation of
multi-shot sequences. Users can generate new shots or ex-
tend existing ones to build a coherent narrative.

plicit decoupling of inter-shot consistency and intra-shot co-
herence. To this end, we design a dual-level cache system
composed of a Shot Cache and a Temporal Cache. The Shot
Cache is responsible for maintaining inter-shot consistencys;
it stores identifying visual features of subjects and back-
grounds from preceding shots. When generating a new shot,
it allows the model to retrieve relevant context based on the
prompt, ensuring character and style continuity across narra-
tive breaks. In parallel, the Temporal Cache manages intra-
shot coherence by retaining a memory of the immediately
preceding frames within the current shot, guaranteeing fluid
motion and preventing visual flickering.

Our framework integrates this dual-level cache system
using in-context injection, a mechanism that avoids archi-
tectural modifications and thus ensures broad compatibility
with existing pre-trained text-to-video models. As shown in
Figure 1, this approach provides intuitive interactive con-
trol over the narrative flow. This core flexibility is the key
that unlocks not only the generation of videos with an ar-
bitrary number of shots and durations but also a range of
challenging downstream tasks, such as multi-concept injec-
tion (Huang et al. 2025; Luo et al. 2025b) and interactive
video extension.

Training this model requires constructing high-quality
consistent multi-shot video datasets, which are currently
scarce. We propose a data collection pipeline for building
high-quality multi-shot datasets, incorporating shot-to-scene
shot collection and scene-to-shot multi-level annotation re-
finement to ensure high-quality consistent caption construc-
tion. Given the lack of multi-shot video evaluation methods,
we propose evaluation metrics and several baselines based
on identity consistency, background consistency, and video
quality. In summary, our contributions are as follows:

* We introduce a novel cache-guided autoregressive frame-
work for multi-shot video generation. This architecture
uniquely integrates a dual-level cache into the autore-
gressive flow, enabling the synthesis of coherent videos
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of arbitrary length by explicitly managing intra and inter
shot consistency.

* The proposed framework exhibits remarkable flexibil-
ity, supporting a range of challenging downstream tasks
including multi-concept character injection, interactive
video extension, showcasing its broad applicability.

* We propose a high-quality consistent shot collection
pipeline that includes shot segmentation and clustering,
and through multi-level agent annotation, we collect a
high-quality multi-shot dataset.

» Extensive experiments demonstrate that our framework
surpasses existing methods in video quality and charac-
ter/background consistency.

Related Works
Single-shot Video Generation

Video Diffusion Video diffusion models (Blattmann et al.
2023; Kong et al. 2024; Wan et al. 2025; Yang et al. 2024)
have evolved from their successful applications in image
synthesis, with the core challenge being modeling tempo-
ral consistency. Early methods (Blattmann et al. 2023; Guo
et al. 2023) leverage image generation model priors by in-
serting additional temporal attention modules to learn mo-
tion dynamics, but the video quality is limited. Some ap-
proaches (Voleti et al. 2024; Wan et al. 2024) partition the
image into a grid of patches to achieve consistent multi-view
or video generation. Current video generation models (Kong
et al. 2024; Wan et al. 2025) typically employ a 3D-DiT ar-
chitecture that flatten video height, width, and temporal di-
mensions into a single dimension for attention computation,
further improving generated video quality.

Long Video Generation Extending video generation be-
yond short clips remains a significant challenge. Early works
employ various strategies, such as leveraging latent diffusion
models (Rombach et al. 2022), generating variable-length
videos from text sequences, and implementing coarse-to-
fine architectures (Jin et al. 2024). Other efforts focus on
achieving temporal consistency through distributed genera-
tion or extending pre-trained models via noise rescheduling
techniques (Cai et al. 2025). Recently, research focus has
shifted toward long-context video modeling to better utilize
historical information (Chen et al. 2024a, 2025). FAR (Gu,
Mao, and Shou 2025) proposed a framework conditioned
on both long-term and short-term context windows, while
FramePack (Zhang and Agrawala 2025) introduces hierar-
chical compression of context frames. These methods high-
light the critical role of context as a form of memory in
achieving scene-consistent long video generation. Unlike
these approaches, in multi-shot scenarios, we propose a two-
level cache system to simultaneously achieve inter-shot con-
sistency and intra-shot coherence.

Multi-shot Generation

Multi-shot generation, particularly in narrative contexts,
faces challenges in maintaining consistency. Early works in
story visualization center on image generation. To this end,



various techniques are developed; for instance, AutoStu-
dio (Cheng et al. 2024) employ IP-Adapter (Ye et al. 2023)
for character identity injection, while StoryDiffusion (Zhou
et al. 2024) and Consistory (Tewel et al. 2024) utilizes at-
tention concatenation mechanisms (Luo et al. 2025a) for
visual consistency. Early multi-shot video generation meth-
ods adopt a two-stage paradigm of keyframe generation fol-
lowed by 12V video generation. Mora (Yuan et al. 2024) and
MovieAgent (Wu, Zhu, and Shou 2025) adopt multi-agent
frameworks, while VideodirectorGPT (Lin et al. 2023) in-
troduces layout-to-video generation and VideoStudio (Long
et al. 2024) distinguish foreground and background with
action information. However, these complex, multi-model
paradigms generate segments independently, which often
leads to visual discontinuities.

Recent methods enhance inter-shot consistency through
simultaneous multi-shot generation by decomposing the
generated sequence into multiple shots (Qi et al. 2025; Kara
et al. 2025). However, splitting the original video length
results in very short duration per shot, reducing practical
applicability. TTT (Dalal et al. 2025) introduces RNNs at
intermediate DiT layers but lacks long-range dependencies
and incurs high training costs. LCT (Guo et al. 2025) and
EchoShot (Wang et al. 2025) employ complex positional en-
coding to distinguish shots. In contrast, we adopt simple po-
sitional encoding with a two-level cache system to simulta-
neously ensure inter-shot consistency and intra-shot coher-
ence through autoregressive single-step training.

Method

Our proposed framework, FilmWeaver, introduces an au-
toregressive video generation paradigm capable of produc-
ing multi-shot videos of arbitrary length and shot count.
The core of our method is a novel dual-level cache mech-
anism designed to maintain both intra-shot coherence and
inter-shot consistency. This is complemented by a strategic
two-stage training process and a meticulous data curation
pipeline to enable robust learning.

Autoregressive Generation with Dual-Level Cache

As illustrated in Figure 2, our framework’s central inno-
vation is a dual-level cache that provides contextual infor-
mation to the diffusion model. This framework comprises
two key components: a Temporal Cache, which serves as a
short-term memory to ensure the fluid coherence of gener-
ated content within a single shot, and a Shot Cache, which
provides long-term memory to maintain the consistency of
core concepts, such as characters and backgrounds across
different shots. Both caches are injected into the model via
in-context learning. This modifies the conditioning of the de-
noiser, which now takes the text prompt cy, the Temporal
Cache Ciemp, and the Shot Cache Cypo as input. The model
is thus trained with the following objective:

L= Evo,clm,e,t He - EG(Vh t, Ciext, Ctempa Cshot)||2 . (D)

This approach conditions the generation process on relevant
past information without altering the model architecture.
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_ Prompt 4: In a warmly lit coffee shop, a young woman in a
yellow sweater animatedly tells a story.
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Figure 2: The framework of FilmWeaver. New video frames
are generated autoregressively and consistency is enforced
via a dual-level cache mechanism: a Shot Cache for long-
term concept memory, populated through prompt-based key-
frames retrieval from past shots, and a Temporal Cache for
intra-shot coherence.

Temporal Cache for Intra-Shot Coherence. To ensure
seamless continuity within a single shot, we employ a Tem-
poral Cache. This cache functions as a sliding window, stor-
ing conditioning frames from the immediate past of the cur-
rent generation chunk. As new frames are generated, they are
added to the cache, while the oldest frames are discarded.
Given the high temporal redundancy in videos, storing all
past frames is computationally prohibitive. Therefore, in-
spired by recent works (Gu, Mao, and Shou 2025; Zhang and
Agrawala 2025), we implement a differential compression
strategy. Frames closer to the current generation window are
preserved with higher fidelity, while frames further in the
past are progressively compressed. This approach efficiently
retains essential motion and content information while min-
imizing computational overhead.

Shot Cache for Inter-Shot Consistency. To ensure inter-
shot consistency, we introduce the Shot Cache. When gen-
erating a new shot, this cache is built by selecting the top-K
keyframes from previous shots that are most semantically
relevant to the new text prompt. Relevance is determined by
computing the cosine similarity between the CLIP embed-
dings (Radford et al. 2021) of the prompt and each candidate
keyframe. The resulting cache provides a concise yet highly
relevant visual summary of the narrative history, guiding the
model to maintain consistency. The retrieval process is for-
mulated as:

C’shot = arg tOp'k (Sim(¢T(Ctext)a ¢I(kf))) )

kfEKF

where Cy,o is the resulting Shot Cache, ICF is the set of
all keyframes (kf) from previous shots, and ciy is the
text prompt for the new shot. Furthermore, ¢ and ¢;
are the pretrained CLIP text and image encoders, respec-
tively, sim(-, -) denotes the cosine similarity function, and
the argtop-k operator selects the K keyframes with the
highest similarity scores.

2

Inference Stages and Modes As illustrated in Figure 3,
our multi-shot generation process unfolds across four se-
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Figure 3: The multi-shot generation process involves four distinct scenarios, each corresponding to a different inference mode:
(1) No Cache initializes generation and populates the caches; (2) Temporal Only extends the current shot using temporal context;
(3) Shot Only transitions to a new shot by injecting key frames from previous shots; and (4) Full Cache combines both contexts.

quential stages. Each stage is governed by a distinct infer-
ence mode, determined by the state of our dual-level cache,
enabling versatile and consistent video creation.

¢ First Shot Generation (No Cache). The process begins
with both caches empty (Ciemp = 0, Csnor = 0). The
model operates as a standard text-to-video (T2V) genera-
tor, creating the initial video chunk from the text prompt
and populating the caches for subsequent stages.

* First Shot Extension (Temporal Only). To generate
subsequent chunks within the same shot, the model lever-
ages the populated Temporal Cache (Ciemp 7# 0, Copor =
()). This ensures high temporal coherence and fluid mo-
tion, ideal for applications like video extension or image-
to-video (I2V) generation.

¢ New Shot Generation (Shot Only). To transition to a
new shot, the Temporal Cache is cleared while the Shot
Cache is populated with keyframes from previous shots
(Ciemp = 0, Cspor # ). This mode generates a new scene
that maintains long-term consistency of key elements like
characters and backgrounds. We can also artificially set
reference frames to achieve multiple concept injection.

* New Shot Extension (Full Cache). When extending the
new shot, both caches are active (Ciemp # 0, Cohor # 0).
The generator leverages the Temporal Cache for imme-
diate coherence and the Shot Cache for long-term consis-
tency, seamlessly blending both contexts.

Our training process is designed to accommodate all four
scenarios, ensuring the model operates robustly across the
entire multi-shot generation sequence.

Training Strategy

To simplify the learning task and promote stable conver-
gence, we adopt a two-stage training strategy, coupled with
data augmentation techniques to reduce the model’s over-
reliance on the cache.

Progressive Training Curriculum. Our strategy unfolds
in two progressive stages. The first stage focuses exclusively
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on teaching the model to generate long, coherent single-
shot videos with only text input. During this phase, the Shot
Cache is disabled (i.e., its inputs are zeroed out), and the
model is trained only with the Temporal Cache. This foun-
dational step allows the model to master intra-shot dynam-
ics without the added complexity of cross-shot consistency.
Building on this foundation, the second stage activates the
Shot Cache and fine-tunes the model on a mixed curriculum
that includes all four cache-based scenarios. This progres-
sive approach, where the model is pre-trained on the simpler
long-video task, allows it to tackle the more complex chal-
lenge of multi-shot consistency with greater efficiency and
faster convergence.

Data Augmentation. We observe that during training, the
model develops an over-reliance on the provided visual con-
text, leading to a “copy-paste” phenomenon. This behavior
significantly reduces motion dynamism and diminishes the
model’s adherence to the textual prompt. To mitigate this,
we employ several targeted regularization techniques. First,
we apply negative sampling to the Shot Cache by randomly
introducing irrelevant keyframes during training. This com-
pels the model to discriminate between useful and distract-
ing context, guided by the prompt. Furthermore, inspired by
prior strategies, we introduce noise to both caches to dis-
courage exact replication. However, we find that excessive
noise in the Temporal Cache degrades video coherence. We
therefore adopt an asymmetric noising strategy: a substantial
noise level, corresponding to a random diffusion timesteps
between 100 to 400, is applied to the Shot Cache, while a
much milder noise level (0—100 timesteps) is applied to the
Temporal Cache. This dual approach effectively curbs over-
reliance on visual context, thereby enhancing the ability of
prompt following and generative quality.

Multi-Shot Data Curation

A major obstacle in multi-shot video generation is the lack
of high-quality, consistently annotated datasets. To address
this, we developed a comprehensive data curation pipeline
as illustrated in Figure 5. For the initial Shot Splitting stage,
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An athlete on a snowboard glides across snowy
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Figure 4: Examples of FilmWeaver’s downstream applications. Our framework enables multi-concept Injection (Top), generat-
ing dynamic videos from reference images while faithfully preserving subject identity. It also excels at complex video extension
tasks (Bottom), where the narrative is steered mid-sequence by modifying a text prompt. The seamless transition from a “snow-
board” to a “surfboard” scene, while maintaining the athlete’s appearance.

Multi-shot Data Curation Pipeline

Video Shot splittingl
Clip A Clip B Clip C
Shots
Clusteringl
Shot ) ) ) ) )
Scene 1 | [Clip A, clip B, ClipC] | Scene 2 | [Clip D, Clip E]
Clusters
Group Captioningl () Validation
#Char 1: A young man with blond hair, wearing ...
Shot 1. Close-up on #Char 1 standing behind .
Consistent , in a dark blue robe and light blouse, has eyes close
N d as he leans in to speak. Warm golden sunset light glows
Captions on their faces, with ship rigging visible in the soft-focus back

ground against a muted sky.

Shot 2. Wide low-angle view of #Char 1 and at the

ship's bow. Under a dusky sky, he holds her as she steps on
to the railing. The setting sun casts a golden light across the
side of the ship. (More shots...)

Figure 5: The pipeline of Multi-shot data curation, which
first segments videos into shots and clusters them into co-
herent scenes. We then introduce a Group Captioning strat-
egy that jointly describes all shots within a scene, enforcing
consistent attributes for characters and objects. This process,
finalized with a validation step, yields a high-quality dataset
of video-text pairs with strong temporal coherence.

we employ an expert model (Chen et al. 2024b) to segment
the source videos into individual shots. These shots are then
grouped into coherent multi-shot sequences through Scene
Clustering, a process that utilizes a sliding window to evalu-
ate the CLIP similarity between clips. Following clustering,
scenes undergo a rigorous filtering protocol to ensure data
quality, removing clips shorter than one second and scenes
featuring more than three distinct individuals. Our annota-
tion pipeline begins with a Group Captioning strategy. We
provide the entire sequence of shots from a scene to Gem-
ini 2.5 Pro, which generates descriptions for all shots simul-
taneously. This joint-captioning approach is can maintain
consistent descriptions of the same character across differ-
ent shots, while also accurately reflecting cinematic changes
like transitions from a wide shot to a close-up. Subsequently,
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each generated annotation undergoes a Validation step. In
this stage, each individual shot and its corresponding cap-
tion are fed back into the model to verify its accuracy and
refine any ambiguous or generic phrasing.

Extended Applications

The architecture of FilmWeaver enables a versatile range
of downstream applications. As illustrated in Figure 4, our
framework’s can easily handle multi-concept injection and
video extension. First, for multi-concept injection (Top), we
manually populate the Shot Cache with provided concept
images, which denotes the Mode 3 in Figure 3. FilmWeaver
can then generate a coherent, dynamic scene that seamlessly
integrates these multiple subjects while faithfully preserving
their individual identities. Furthermore, the framework ex-
cels at Dynamic Video Extension (Bottom). This is achieved
by modifying the text prompt mid-sequence while preserv-
ing the Temporal Cache to maintain continuity. This pro-
cess corresponds to Mode 2 (Temporal Only) in Figure 3,
allowing the narrative to be steered on the fly. For instance,
it can fluidly transition a video from the context of “an ath-
lete snowboarding on snowy slopes” to “surfing on ocean
waves” in direct response to the new prompt. The model’s
ability to leverage its distinct cache modes for such sophis-
ticated tasks highlights its potential for advanced video edit-
ing and creative narrative exploration.

Experiments
Implementation Details

For our implementation, we adapt the HunyuanVideo (Kong
et al. 2024). The batch size is set to 16. The first stage is
trained for 10K steps, and the second stage is trained for
10K steps.

Comparison with Existing Methods

To evaluate FilmWeaver’s performance, we compare it
against two main categories of existing multi-shot video
generation methods. The first category utilized the full
pipeline to generate multi-shot videos, as represented by
VideoStudio (Long et al. 2024). The second category
denoted key-frames based methods comprises two-stage
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Figure 6: Qualitative comparison of multi-shot video generation. We compare two scenarios where existing methods tend to
confuse character features and fail to maintain background consistency, while our method handles these challenges effectively.
Additionally, we showcase more shots generated by our framework in Scene 2, forming a continuous narrative. For the sixth
shot in Scene 2, we demonstrate our video extension capability by creating a coherent long video using two prompts.

pipelines that first generate keyframes and then animate
them using an 12V model. For these pipelines, we use Sto-
ryDiffusion (Zhou et al. 2024) and IC-LoRA (Huang et al.
2024) for consistent keyframe generation, followed by the
powerful Hunyuan I2V model for the animation step. Since
IC-LoRA generates a limited number of images per run, we
invoke it multiple times to produce the required keyframes.
Given that VideoStudio and IC-LoRA require structured in-
puts, we use Gemini 2.5 Pro (Comanici et al. 2025) to refor-
mat the prompts accordingly.

Qualitative Comparison. We present a comprehensive
qualitative comparison in Figure 6, evaluating our method
against leading approaches across two distinct and challeng-
ing narrative scenarios. In Scene 1, a conversation scene
with alternating wide and close-up shots, competing meth-

7694

ods exhibit severe consistency failures. They struggle with
multi-person identity preservation, leading to feature entan-
glement where attributes like clothing and facial structures
are blended between characters and their backgrounds are
inconsistent. In contrast, our method successfully preserves
the distinct appearance of each individual and maintains a
stable background across all shots. As highlighted by the
red box in the fourth line, details such as the wall art behind
the man in Shot 3 remain perfectly consistent with the Shot
1. Similarly, our method robustly preserves character iden-
tities during the dynamic action in Scene 2, overcoming the
appearance inconsistencies common to competitor models.
Crucially, our framework’s capabilities extend far beyond
short, four-shot sequences. We demonstrate this by generat-
ing a continuous and coherent §-shot narrative for Scene 2,
showcasing its strength in long-form storytelling. Moreover,



we explicitly highlight our video extension capability within
“Extension of Shot 6,” where we use a second prompt to
seamlessly continue the action within a single shot, creating
a longer and more dynamic clip. These results underscore
our model’s superior ability to generate consistent, control-
lable, and lengthy narrative-driven video content. For addi-
tional examples, please refer to the appendix.

Visual Quality Consistency(%) Text Alignment

Method

Aes.T Incep.t Char.t AILT Char. T All 1
VideoStudio  32.02 6.81 73.34 6240 20.88 31.52
StoryDiffusion 35.61 8.30 70.03 67.15 20.21 30.86
IC-LoRA 31.78 695 7247 71.19 22.16 28.74
Ours 33.69 8.57 74.61 75.12 23.07 31.23

Table 1: Quantitative comparison with existing methods.

Quantitative Comparison. These visual observations are
substantiated by our quantitative evaluation, summarized in
Table 1. For quantitative assessment, we evaluate perfor-
mance across three key dimensions: Visual Quality, Con-
sistency, and Text Alignment. For Visual Quality, we adopt
the evaluation protocol from MovieBench (Wu et al. 2025),
which contains Aesthetics Score (Aes.) and Inception Score
(Incep.). For Consistency and Text Alignment, we report
metrics for both character-specific (Char.) and overall (All.)
aspects.

Quantitative results in Table 1 validate our method’s su-
periority. We achieve state-of-the-art results in both Consis-
tency metrics and character-level Text Alignment. Crucially,
our method also attains the highest Inception Score, demon-
strating top-tier visual quality, and remains highly competi-
tive across all other metrics. We posit that the visual quality
of our method can be further enhanced through improved
data curation and optimized training strategies.

Method Visual Quality Consistency(%) Text Alignment

Aes.t Incep.t Char{ AllLT Char.t All 1
w/io A 30.04 777 7236 7592 21.88 28.12
w/oS 3392 863 68.11 6544 2241 31.79
wioT 31.61 836 7079 7057 2021 30.70
Ours 33.69 857 7461 7512 23.07 31.23

Table 2: Quantitaive results of ablation study.

Ablation Studies

We conduct ablation studies to validate our core compo-
nents: the Shot Cache (S), the Temporal Cache (T), and the
noise augmentation (A) strategy. As shown in Figure 7, re-
moving the Shot Cache (w/o S) leads to a severe loss of long-
term visual consistency, failing to preserve character appear-
ance and scene style. Removing the Temporal Cache (w/o T)
results in temporally incoherent and disjointed motion. Fur-
thermore, Figure 8 demonstrates that without noise augmen-
tation (w/o A), the model’s over-reliance on visual context
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The shot pulls back to a medium close-up
Reference on the elderly man's face. His brow is
Keyframe furrowed in deep concentration. His head

tilts slightly as his focus breaks...
w/o S l

Y 3
w/oT

Figure 7: Qualitative ablation study of our dual-level cache.
Without the shot cache (w/o S), the model fails to maintain
visual style and the clothes of character. Without the tempo-
ral cache (w/o T), the generated sequence lacks coherence,
resulting in disjointed motion. Our full method successfully
preserves both appearance and motion continuity.

A cinematic, wide-angle shot of SUV, dirT road === snow road

IAKM

Figure 8: Qualitative ablation study on noise augmentation.
Without noise augmentation, the model over-relies on past
frames, hindering the ability of prompt following, which is
crucial in video extension. Applying noise reduces this de-
pendency and improves the ability of prompt following.

from the Temporal Cache hinders its ability to adapt to dy-
namic prompts, thus reducing prompt controllability during
video extension. Table 2 quantitatively corroborates these
findings. The variants without the caches show a signifi-
cant drop in consistency metrics, while the absence of noise
augmentation leads to a notable decrease in text alignment
scores. These results confirm that each component is essen-
tial: the Shot Cache for inter-shot consistency, the Temporal
Cache for intra-shot coherence, and noise augmentation for
robust prompt adherence.

Conclusion

We present FilmWeaver, a novel cache-guided autoregres-
sive framework addressing consistency and duration in
multi-shot video generation. Our key contribution is a dual-
level cache mechanism combining a retrieval-based Shot
Cache for long-term consistency with a Temporal Cache
for intra-shot motion coherence. Supported by noise aug-
mentation for better prompt adherence, this architecture en-
ables generating coherent videos of arbitrary length. Exper-
iments on a curated dataset show FilmWeaver significantly
outperforms existing methods in visual consistency and aes-
thetic quality. Its flexibility allows direct application to tasks
like video extension. FilmWeaver represents a substantial
advance in creating complex, controllable narrative videos,
opening new possibilities for automated storytelling.
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