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Abstract

We tackle the challenge of generating long-take videos
encompassing multiple non-repetitive yet coherent events.
Existing approaches generate long videos conditioned on
single input guidance, often leading to repetitive content.
To address this problem, we develop a framework that uses
multiple guidance sources to enhance long video genera-
tion. The main idea of our approach is to decouple video
generation into keyframe generation and frame interpola-
tion. In this process, keyframe generation focuses on cre-
ating multiple coherent events, while the frame interpola-
tion stage generates smooth intermediate frames between
keyframes using existing video generation models. A novel
mask attention module is further introduced to improve co-
herence and efficiency. Experiments on challenging real-
world videos demonstrate that the proposed method outper-
forms prior methods by up to 9.5% in objective metrics.

1. Introduction

Recent advancements in text-to-video generation have
shown significant progress in enhancing visual fidelity, in-
cluding improvements in resolution, frame rate, and video
length [3,9, 10, 26, 28, 29, 38,46, 71-73,75, 80,90]. These
models excel in generating impressive visuals within a
scene but face challenges when it comes to constructing
complex sequences involving multiple events, due to several
limitations. First, they produce video clips of a predefined
fixed length, which is significantly shorter than real-world
videos due to substantial computational and memory over-
head. Second, the input conditions, such as a class label [13,
22,49,51,53,54,61,63,64,69] or a text prompt describing
the entire video [4,25,31,32,34,39,56,66,77,78,92], often
lack complexity and richness. However, real-world videos
encompass diverse content that surpasses the capability of
encoding within such simplistic conditions. Thus, optimiz-
ing the video generation model alone cannot resolve these
limitations and close the gap between generated and real-
world videos. For example, generating a real-world video
as shown in Fig. 1 requires creating a meaningful storyline
with different events, such as cutting food, moving a plate,

and putting it into the fridge. To achieve this goal, it is nec-
essary to develop a video generation system that creates the
high-level contents of multiple events and employs existing
models to create detailed frames for each event.

Several methods address the challenge of generating
long videos. Autoregressive approaches [24, 85] create
video clips sequentially, with each frame building upon pre-
viously generated ones. Latent-based methods [57,91] uti-
lize a shared latent content vector across all frames. While
successfully generating lengthy videos, these techniques of-
ten produce homogeneous content featuring natural scenes
and recurring human actions. Video generation conditioned
on multiple guidance sources [2, 24,30, 84, 89] generate di-
verse events but are typically limited to synthetic environ-
ments and cartoons. Text-to-video models successfully han-
dle transitions within videos [11,52], but efficiently prompt-
ing the model to generate long videos across multiple clips
remains an open problem, often requiring extensive trial-
and-error and manual post-processing. Recently, multi-shot
video generation [43,44,93] has been introduced to synthe-
size videos consisting of multiple distinct snippets lacking
direct temporal continuity between shots. However, gen-
erating a long-take single-shot video featuring multiple se-
mantically different events, as illustrated in Fig. 1, remains
a challenging problem that requires further exploration.

We tackle the challenges of generating long-take videos
encompassing multiple real-world events. To achieve this,
guidance signals provided at multiple timesteps are essen-
tial for effectively controlling the generation process. We
utilize various levels of guidance, including object labels
as high-level guidance that describe objects in the gener-
ated video and image layouts as low-level guidance. The
core concept of our approach is to divide the video genera-
tion process into keyframe generation and frame interpola-
tion. Keyframe generation focuses on creating multiple co-
herent frames with varied video content, each representing
key events specified by the guidance. The frame interpo-
lation stage then generates smooth intermediate frames to
connect these keyframes using existing video models. Our
method is orthogonal to existing efforts to optimize the gen-
eration quality of video models and is compatible with dif-
ferent video generation models by incorporating them into
our system. To ensure temporal consistency in the gener-
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Figure 1. Existing schemes [24] generate long videos by iteratively extending the generated frames, often leading to videos with repetitive
patterns. In contrast, we generate long-take videos encompassing multiple non-repetitive yet coherent events using multiple guidances.

ated videos, we introduce a novel masked attention module
to enhance efficiency and object coherence during long-take
video generation. We conduct extensive experiments on
real-world datasets, demonstrating that our approach out-
performs state-of-the-art video generation models by 9.5%
on the FVD metric. Our main contributions are as follows:
* We address the problem of generating long-take videos
with multiple non-repetitive yet coherent events.
* We propose a multi-stage approach involving the gen-
eration and the connection of keyframes.
e We introduce a masked attention module to enhance
continuity and efficiency for long-take videos.

2. Related Work

Video Generation. GAN-based methods [6, 13, 53, 54,
58, 62, 63, 69] have demonstrated early success in gener-
ating short video clips, while the generation quality de-
creases significantly when applied to long videos. Re-
cently, diffusion models [33, 68, 83] have shown promis-
ing visual quality in video generation. Auto-regressive
models [1, 36, 76] have benefited from developments in
vector quantization [21, 65] and transformer [17] mod-
els, allowing them to predict discrete tokens in the latent
space [8,24, 41,50, 82, 87] with impressive visual quality.
Despite the recent success in video generation, these models
mostly focus on generating videos with a predefined length,
often shorter than real videos, or are limited to synthesizing
long videos with repetitive contents [24,67], such as human
actions [5, 55, 60] and sky timelapse [81] under the setting
of unconditional video generation [6,57,85,91]. Few works
explore video generation conditioned on input guidance at
multiple timesteps [2, 24, 30, 84, 89], but they are limited to
synthetic environments. In contrast, our work aims to gen-
erate real-world videos. Most recently, text-to-video mod-
els [3,4,9,10,26,28,28,29,31,32,34,38,46,56,71-73,75,75,
77,79,80,90] have been developed to generate videos given

natural language inputs. However, the generated videos are
limited in length and complexity due to computation con-
straints and limitations in text description. Instead of trying
to increase the capacity of existing models, we focus on an
alternative approach to improving video generation, namely
generating videos with multiple events. Our approach is
generic, and off-the-shelf video generation models can be
adopted as a component in our pipeline. Concurrent video
generation works address different topics such as video-to-
video translation [14,27,70, 86], generating style or static-
dynamic transitions [52], and creating artificial transitions
between distinct scenes [11]. In contrast, we focus on long-
take video generation from high-level guidance, connecting
keyframes by natural transitions to model semantic changes
(e.g., moving to different rooms, picking up objects) in real
videos.

Story visualization. Story visualization [42,47,48,59] aims
to synthesize a sequence of images that depict a story com-
posed of multiple sentences. GeNeVA [15, 19, 23,45] is
a conditional text-to-image generation task developed on
the CoDraw [40] dataset, which addresses the problem of
constructing a scene iteratively based on a sequence of de-
scriptions. However, this line of work primarily focuses on
experiments conducted with synthetic data and targets the
generation of images. In contrast, our focus lies in generat-
ing videos using real-world data.

3. Method
3.1. Overview

We first provide an overview of our long-take video gen-
eration system and then describe the three stages in detail.
Given a series of N guidance signals and a reference frame
Iy as input, our objective is to synthesize a video V' that
encompasses the content specified by the guidance, starting
from the initial frame Iy. The input guidance consists of
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Figure 2. Approach overview. The proposed method consists of three stages: 1) Layout generation predicts a series of layouts from the
object label sets. 2) Keyframe generation predicts a sequence of keyframes for the video using the layout sequences and the reference
frame as inputs. 3) Frame interpolation synthesizes intermediate frames based on the keyframe sequence to obtain the complete video.

object labels z1, 2, -- ,xn. Each set x,, contains k™ ob-
ject labels, which may vary across timesteps n, indicating
the objects appearing in the video. To address the chal-
lenge of generating videos covering multiple events, our
approach decouples the video generation process into lay-
out generation, keyframe generation, and frame interpola-
tion, as shown in Fig. 2. Layout generation explicitly pre-
dicts the structures of keyframes from object labels, ad-
dressing the deterioration of structure prediction over time
during long video generation. This layout can also be pro-
vided and edited by users. Keyframe generation focuses
on jointly modeling the entire video to create multiple co-
herent events, with each keyframe representing core events
specified by the guidance. Using existing video models, the
frame interpolation stage then synthesizes smooth interme-
diate frames between keyframes. Specifically, our system
produces a series of N keyframes in the video based on the
object label sets. Each keyframe serves as the initial and
final frames of short video clips. An existing video genera-
tion model predicts intermediate frames between keyframes
to complete the video.

Our approach offers several advantages: First, it simpli-
fies generating long videos by predicting keyframes that en-
capsulate high-level event concepts. Second, it leverages
advanced video generation models to generate intermedi-
ate frames, enhancing flexibility in video synthesis. We
utilize generative transformer models capable of handling
various modalities by converting them into a unified vocab-
ulary. This capability allows for incorporating different lev-
els of input guidance (e.g., labels and layouts) in our task.
Transformers are adept at tasks such as interpolation and
frame prediction, making them versatile across our multi-
stage approach. They also offer significant speed advan-
tages and achieve competitive output quality compared to
diffusion models [88].

3.2. Layout Generation

We first generate a series of layouts from the object la-
bel sets to explicitly constrain the structures of keyframes.
Given a series of N object label sets {z,,} and a reference
frame I, we synthesize a series of layouts {L,, } represent-
ing the layouts of the NV keyframes in the video. Since the
reference first frame [ is given, we assume L is known
and can be used as a reference layout. We define the layout
L as a set of bounding boxes with a variable length k7, i.e.,
{b1,b2,- -+ ,bgn}. The bounding box attributes include its
object label, x-coordinate, y-coordinate, width, and height,
ie, b= {c, z,y,w, h}. We apply tokenization to encode
the layouts {L,, } and the object label set {x,, } into discrete
token sequences, where the values of the bounding box at-
tributes are discretized by uniform quantization.

Given the tokens of the reference layout L and the ob-
ject labels c as inputs, we replace the other attributes of the
bounding boxes {z, y, w, h} witha [MASK] token and train
the model to predict the masked bounding box attributes
in the layout series. Our layout generation module pre-
dicts multiple layouts jointly to preserve the temporal con-
sistency of the generated layout sequence. Although few
datasets contain annotations of labels and layouts, we utilize
an off-the-shelf segmentation model to obtain annotations
through an automatic pipeline, which is readily scalable to
general-domain real-world datasets.

3.3. Keyframe Generation

Next, we generate a sequence of keyframes from the
predicted layout sequences. Given a reference first frame
I and a series of layouts {L,} either provided by users
or synthesized in the previous stage, our goal is to gen-
erate a sequence of keyframes {I,}. Specifically, the
keyframe sequence {I,,} is encoded into visual tokens,
{en}, by a VQVAE [21] model. During training, the to-
kens of layouts and keyframes are concatenated as s =
{Lo, L1, -+ ,Ln,e0,€1, -+ ,en} in dataset D. We ran-
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Figure 3. Keyframe generation. Our key ideas are: 1) Holistic keyframe modeling: the model predicts multiple keyframes jointly to
maintain coherence, using the layouts and the reference frame as inputs. 2) Masked attention: the attention mask between irrelevant
keyframe and layout tokens is set to zero, encouraging the model to focus on relevant tokens, thus improving coherence and efficiency.
Tokens of a specific color in a bounding box are associated with layout tokens of the same color, indicating they represent the same object.

domly replace tokens in the sequence with the [MASK] to-
ken, obtaining the masked sequence sp;. The generative
transformer model is trained to predict the masked tokens
of the target keyframes s;,t¢ € M, by minimizing the nega-
tive log-likelihood:

L=—E > logp(s:|su) (1)
SGDtEM

At test time, given the tokens of the layout sequence and
the first frame {L,,} and eg, the model predicts the tokens
of the subsequent keyframes {é, }, which are then recon-
structed into raw images {I,,} by the decoder of VQVAE,
as depicted in Fig. 3. Our keyframe generator predicts all
frames holistically throughout the entire video, enhancing
consistency across keyframes and the final long video.

Masked attention. We further propose a novel masked
attention module to improve the efficiency and coherence
of keyframe generation. Since our input to the keyframe
generator is a concatenation of layout and keyframe tokens,
each token attends to every other token without considering
the relationship between the layout and the keyframe. How-
ever, this approach may be redundant because the visual to-
kens within a specific bounding box in the keyframe (é,,)
are highly related to the layout tokens of the corresponding
bounding box in L.,,. Moreover, since we generate a series
of keyframes jointly, the tokens of each bounding box in a
single layout L, are correlated with every relevant visual
token in all the keyframes {e,}, as long as the bounding
box represents the same instance in the sequence. We en-
code this prior knowledge into our model through the atten-
tion mask, setting irrelevant attention to zero to guide the
model to focus on relevant tokens. This prior knowledge
helps the model respect the relationship between layout and

keyframe to improve their alignment and temporal coher-
ence for the same instance. Additionally, masked attention
reduces computational costs and improves efficiency in han-
dling long keyframe sequences, as shown in Tab. 4.

3.4. Frame Interpolation

Finally, given the reference frame Iy and a sequence of
generated keyframes {I,}, we input the keyframes into an
existing video generation model [4, 24, 87] trained for in-
filling tasks to generate intermediate frames between the
keyframes. Specifically, we use a model that predicts inter-
mediate frames based on the initial and final keyframes as
input. We first convert the video into discrete tokens using a
3D-VQVAE model. Then, a transformer model is employed
to predict masked video tokens for the intermediate frames.
Finally, the interpolated video tokens are decoded back into
raw videos by the 3D-VQVAE decoder.

During inference, given two consecutive keyframes Iy
and I,,, the model predicts video token sequences that con-
nect these keyframes, denoted as Z,,. N clips of video to-
kens {2, } are predicted and concatenated into a sequence
to generate the long video using the 3D decoder. Since our
keyframe generation module has already generated consis-
tent objects over a longer duration, it facilitates the frame
interpolation stage to maintain object consistency and tem-
poral coherence when predicting intermediate frames. Our
frame interpolation module can also be adapted to models
trained on open-domain data, such as [4,28,32], to enhance
the quality and diversity of generated videos.

4. Experiments

Dataset. We experiment with two real-world video
datasets: 1) EPIC Kitchen [16] comprises egocentric



Table 1. Quantitative results of video generation. Metrics are
averaged across frames. Our method consistently outperforms
state-of-the-art video generation models.

(a) EPIC Kitchen

Methods FVvD| LPIPS | AP T CLIP 1  Cons. T
TATS 737.6 0.615 0.072  0.2452 0.9971
StyleGAN-V 581.8 0.550 0.074  0.2257 0.9960

MAGVIT (frame pred.) 291.4 0.475 0.133  0.2785 0.9965
MAGVIT (class cond.) 285.6 0.469 0.140  0.2788 0.9968

Ours 258.4 0.421 0.192  0.2855 0.9973
Ours (GT layouts) 214.7 0.346 0.390  0.2866 0.9970
Ours (GT keyframes) 174.1 0.242 0.451 0.2865 0.9972

(b) nuScenes

Methods FVD| LPIPS| AP?T
MAGVIT (frame pred.) 171.1 0.478 0.044
Ours 158.9 0.448 0.059
Ours (GT layouts) 106.0 0.384 0.137
Ours (GT keyframes) 84.5 0.306 0.219

videos of kitchen activities. Unlike commonly used datasets
such as [18,37,60], EPIC Kitchen videos feature complex
and dynamic scenes. Foreground objects move in and out
of the camera’s field of view, while background scenes and
camera viewpoints frequently change, including transitions
between different rooms. To synthesize such videos, the
video generation model needs to generate multiple non-
repetitive events within a short time window, such as var-
ious actions performed by the subject. 2) nuScenes [7]
consists of driving videos that capture both object motion
(e.g., moving cars) and dynamics caused by egocentric mo-
tion, where background scenes change over time.

Evaluation metrics. We evaluate the generated videos us-
ing the following metrics: 1) FVD and FID assess the qual-
ity of generated videos by measuring the feature distribution
compared to real videos. 2) LPIPS assesses the similar-
ity between the generated and ground truth video frames.
3) AP measures the semantic correctness by comparing the
detected objects between the generated and ground truth
frames. 4) CLIP computes the CLIP similarity of the gener-
ated frame and a text prompt constructed from the input la-
bels. 5) Cons . assesses frame consistency using the CLIP
image similarity between two frames [20, 74].

Implementation details. @ We utilize a segmentation
model [12], not specifically trained on our datasets, to au-
tomatically extract sparse labels without human effort. The
model covers common objects and is readily extendable to
various real-world video datasets in general domains. These
labels describe both foreground objects and dynamic back-
ground scenes (e.g., walls, tables, floors). We set the max-
imum number of objects to 14 and pad sequences if fewer
than 14 objects are detected. We sample one keyframe every
16 frames, resulting in 16 XN frames per video. Our quan-
titative evaluation uses 64-frame videos at 128 x 128 reso-
lution, with longer videos of up to 512 frames included in
visual results. Inference costs are 0.01 seconds for layout
generation, 1.5 seconds for keyframe generation, and 37 fps
for frame interpolation, achieving an inference speed of 25
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Figure 4. Per-frame results. The results of MAGVIT degrade
over time, while our method shows slower quality degradation.

Table 2. User study. We report the percentage of raters who prefer
our method based on video quality and fidelity to the ground truth.

Methods Quality  Reproduction
Ours vs. MAGVIT (frame pred.) 76.3% 82.1%
Ours vs. MAGVIT (class cond.) 68.4% 66.7%

fps, which is 10 times faster [87] than autoregressive and
diffusion models.

4.1. Video Generation

We evaluate video generation results to verify the effec-
tiveness of additional guidance and the capability of gener-
ating multiple coherent events in the videos.

Baselines. @ We compare with the following state-of-
the-art video generation methods: 1) MAGVIT (frame
pred.) [87]: given the reference frame as input, we ap-
ply MAGVIT to generate a 16-frame clip. We then use
the last predicted frames iteratively to generate the entire
video. This follows the sliding window approach for long-
take video generation. 2) MAGVIT (class cond.):
we condition MAGVIT on the reference frame and the ob-
ject label. This extends the sliding window approach to in-
corporate additional guidance, similar to our method. 3)
StyleGAN-V [57]: we train their unconditional model to
generate a 64-frame video and apply the GAN projection
method to condition on the reference frame. 4) TATS [24]:
similar to MAGVIT, we generate a 16-frame clip and use a
sliding window approach. 5) Ours (GT layouts) and
Ours (GT keyframes): to understand how the qual-
ity of layout and keyframe generation affects video results,
we compare two variants of our method that use the ground
truth layouts and keyframes as inputs.

Quantitative results. Tab. 1 shows our method achieves
substantial improvements of 9.5% and 7.6% over base-
lines in FVD. The videos closely resemble ground truth,
confirmed by LPIPS. AP and CLIP scores validate our
model’s success in generating videos with specified object
inputs. Consistency scores verify maintained coherency,
demonstrating our approach’s efficacy. MAGVIT (class
cond.) outperforms MAGVIT (frame pred.), high-
lighting the benefits of additional guidance. Further, our
approach surpasses MAGVIT (class cond.), show-
ing the combined effectiveness of additional guidance
and our system, which generates videos by predicting
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Figure 5. Video generation on EPIC Kitchen (top) and nuScenes (bottom). TATS, StyleGAN-V, and MAGVIT predict relatively static
videos with repetitive patterns and quality degradation when inferring videos beyond the model’s output length. In contrast, our method
generates videos with non-recurrent events, including scene changes, object insertion, and deletion, maintaining meaningful content.

keyframes and infilling the intermediate frames. Ours
(GT layouts) and Ours (GT keyframes) signifi-
cantly enhance video quality, suggesting room for improve-
ment in long-take video generation despite using the same
video generation model. This underscores the importance
of developing video generation systems alongside enhanc-
ing base model quality. Our multi-stage approach, generat-
ing videos via keyframes and guidance, complements exist-
ing efforts and improves addressing real-world video gener-
ation challenges. Our method also enables user refinement
of intermediate representations, like detailed layouts, to en-
hance generated videos interactively.

The per-frame LPIPS scores are shown in Fig. 4. The
X-axis represents the frame number, ranging from 0 to 64,

while the Y-axis shows the LPIPS score averaged across all
test videos for a specific frame. Image quality degrades
rapidly in MAGVIT, particularly when generating videos
beyond the length of the training clip (i.e., 16 frames). In
contrast, our approach exhibits slower quality degradation,
highlighting its effectiveness in generating videos covering
diverse content.

User study. We conduct a user study to complement
the quantitative evaluation. In this study, participants are
presented with two videos generated by different meth-
ods alongside the ground truth video. They are then
asked to evaluate the videos based on two criteria: 1)
Quality: which video has better visual quality, and 2)
Reproduction: which video better reproduces the con-
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Figure 6. Comparison to concurrent works. Our method generates a single-shot long-take video with multiple non-recurrent events, such
as cooking, obtaining condiments, and opening drawers. Video frames are presented sequentially from left to right and top to bottom. In
contrast, multi-scene video generation VLOGGER and LVD [43,44, 93], creates multiple snippets without direct temporal continuity.

tent of the ground truth video. The study includes 40 videos
and 11 participants using the EPIC Kitchen dataset. The
results, presented in Tab. 2, align with the quantitative find-
ings and further validate the significant performance gain of
our method compared to the baselines.

Qualitative results. In Fig. 5, TATS, StyleGAN-V, and
MAGVIT tend to produce videos with homogeneous con-
tent, with quality deteriorating for long sequences. In con-
trast, our method generates videos featuring scene changes
(e.g., from wall to table), object deletions (e.g., plate at the
bottom), and object insertions (e.g., left/right hand), demon-
strating the model’s ability to generate videos with multi-
ple events. Additionally, Ours generates videos that match
the label sets but with different layouts than Ours (GT
layouts), validating our model’s capability to generate
videos satisfying different levels of input guidance, i.e., ob-
ject label sets or (more constrained) layouts. Overall, we
achieve satisfying results for the challenging video gener-
ation problem, where objects move in and out of camera
views with significant motion and changing scenes.

Comparison to concurrent works. T2V and controllable
T2V models create impressive visuals within a scene but
typically produce short clips (e.g., 32 frames) and struggle
with complex sequences. VLOGGER [93] and VideoDirec-
torGPT [44] extend T2V models to generate longer videos,
but focus on generating multiple snippets without direct
temporal continuity in the adjacent shots. We address
the challenge of generating single-shot, long-take videos
up to 512 frames. By applying LVD [43] and VLOG-
GER [93], we generate long videos using a series of text

Table 3. Quantitative results of keyframe generation. Metrics
are averaged across the keyframes. Our method consistently out-
performs alternative approaches.

Methods FID| LPIPS |
MaskGIT 769 0.633
HCSS 50.2 0.653
Ours 29.9 0.548
Ours (GT) 242 0416

Ours single (GT) 27.5 0.480

prompts. In Fig. 6, LVD and VLOGGER create multiple
distinct shots, while our model produces a long-take video
with non-recurrent events (e.g., cooking, fetching condi-
ments, opening drawers). Our method complements multi-
scene T2V models and can be integrated into VLOGGER’s
pipeline to create long takes as part of multiple snippets.

Limitations. The maximum video length our system gen-
erates is constrained by the number of keyframes, and the
output length of the interpolation model. To generate longer
videos, our approach can be integrated with multi-step in-
ference processes to iteratively generate keyframes condi-
tioned on preceding keyframes. As shown in Fig. 6, up
to 512 frames are generated using 32 keyframes. In addi-
tion, the video tokenizer from MAGVIT limits the proposed
method, and using a better tokenizer such as MAGVITv2
could reduce flickering artifacts. We plan to train our mod-
els on caption-video data and swap the backbone to T2V
models to generate videos in broader domains.
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Figure 7. Qualitative results of keyframe generation. MaskGIT
predicts similar content, while HCSS fails to generate consistent
frames. Our superior results validate the importance of providing
additional input guidance and modeling the keyframes holistically.

4.2. Keyframes Generation

We evaluate our keyframe generation model to assess the
importance of jointly generating all keyframes and the ef-
fectiveness of masked attention and layout generation.

Baselines. We compare the following methods: 1)
MaskGIT [8]: the model takes the reference as input and it-
eratively predicts the next keyframe, representing keyframe
generation without input guidance. 2) HCSS [35]: the
model takes a single layout as input and generates a sin-
gle keyframe, representing independent keyframe genera-
tion without full video modeling. 3) Ours: our keyframe
generation given the predicted layouts as inputs. 4) Ours
(GT) : our keyframe generation using the ground truth lay-
outs (upper bound). 5) Ours single (GT): an itera-
tive approach that predicts each keyframe conditioned on
the previous keyframe and the ground truth layout, repre-
senting generation without full video modeling.

Quantitative results. In Tab. 3, our method consistently
outperforms HCSS, confirming the importance of joint pre-
diction for all keyframes. MaskGIT tends to predict repet-
itive keyframes with minimal changes across frames, sug-
gesting that the resulting video may appear static and un-
suitable for video generation, highlighting the importance
of guidance. We also compare different variants of our
method. The superior performance of Ours (GT) over
Ours single (GT) further verifies that a model con-
sidering the entire video jointly leads to better keyframe
generation.

Qualitative results. Fig. 7 shows that MaskGIT tends to
generate keyframes with similar content, validating the im-
portance of providing input guidance at multiple timesteps.

Table 4. Ablation study. We validate the effectiveness of the
proposed masked attention module and layout generation stage in

synthesizing high-quality and accurate keyframes.
(a) Masked attention

5 objects 14 objects
Methods FID|, LPIPS| APt | FID|] [LPIPS| APt

Ours w/o mask 33.6 0.584 0.183 34.8 0.575 0.216
Ours 31.3 0.565 0.192 29.9 0.548 0.223

(b) Layout generation

Methods | FID] LPIPS|, APt
Ours w/o layout 60.3 0.672 0.095
Ours 29.9 0.548 0.223

In contrast, HCSS fails to generate consistent results across
keyframes, as evidenced by variations in sink styles. Sim-
ilarly, the iterative approach Ours single (GT) ex-
hibits inconsistencies compared to Ours (GT) . These ex-
amples emphasize the significance of joint modeling for the
entire video.

Ablation study. We conduct ablation studies on the masked
attention module and the layout generation process. The
proposed masked attention module enhances coherence and
efficiency in generating long videos. We analyze the mod-
ule’s impact using different numbers of input objects. As
shown in Tab. 4 (a), removing the masked attention module
and allowing each layout token to attend to every keyframe
token leads to a decrease in performance. With masked at-
tention, our model scales effectively to videos with up to
14 objects, generating keyframes that better align with the
reference frame and contain more details, resulting in im-
proved FID and LPIPS scores. The improvements in AP
score further confirm its effectiveness in concentrating gen-
eration within specific bounding box areas.

The layout generation process helps preserve the 2D
frame structure, which can easily deteriorate over time dur-
ing long video generation. In Tab. 4 (b), we conduct an
ablation study using object labels instead of the generated
layouts as inputs to the keyframe generator. The FID and
LPIPS scores increase without the layouts, validating the
importance of the layout generation process.

5. Conclusions

This work addresses the challenge of generating long-
take videos that encompass multiple events. We introduce
a video generation system that utilizes multiple guidance
inputs to control the generation process. A multi-stage ap-
proach has been developed to generate core events through
keyframes and connect these events using existing video
generation models. Empirical results validate the effective-
ness of our approach, emphasizing the importance of guid-
ance in improving video generation quality.
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