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Abstract. We introduce a novel diffusion-based video generation method,
generating a video showing multiple events given multiple individual sen-
tences from the user. Our method does not require a large-scale video
dataset since our method uses a pre-trained diffusion-based text-to-video
generative model without a fine-tuning process. Specifically, we propose
a last frame-aware diffusion process to preserve visual coherence between
consecutive videos where each video consists of different events by ini-
tializing the latent and simultaneously adjusting noise in the latent to
enhance the motion dynamic in a generated video. Furthermore, we find
that the iterative update of latent vectors by referring to all the pre-
ceding frames maintains the global appearance across the frames in a
video clip. To handle dynamic text input for video generation, we utilize
a novel prompt generator that transfers course text messages from the
user into the multiple optimal prompts for the text-to-video diffusion
model. Extensive experiments and user studies show that our proposed
method is superior to other video-generative models in terms of temporal
coherency of content and semantics. Video examples are available on our
project page: https://kuai-lab.github.io/eccv2024mevg.
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1 Introduction

Deep generative models in the computer vision community gain a significant
spotlight due to their unprecedented performance. Especially, text-to-image gen-
eration model (T2I) [7, 13, 23, 31–33] has successfully produced high-quality im-
ages with complex text descriptions. However, the complexity of spatial-temporal
relations for modeling motion dynamics, light conditions, and scene transitions
for video generation with deep generative models requires huge computational
resources and large-scale text-video paired datasets. Despite these challenges,
recent methods [2, 15, 20–22, 24, 34] for text-to-video generation achieve data
and cost-efficient training by leveraging the pre-trained text-to-image genera-
tive models [7, 32]. Although spatial-temporal modeling aided by prior knowl-
edge from text-image pairs helps to generate high-quality frames and capture
semantically complex descriptions, it falls short in addressing real-world video
comprehensively.
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“Santa Claus goes snowboarding on a snowy mountain.”
→ “Santa Claus rides his sleigh through the snow in the mountain.”

“Santa Claus rides his sleigh through the snow in the mountain.”
→ “Santa Claus walks through the forest to a frozen lake.”

“Santa Claus walks through the forest to a frozen lake.” → “Santa Claus has fun skating on the ice.”

Fig. 1: An example of multi-event video generation. MEVG produces impressive output
that corresponds to the given prompts and consists of chronologically continuous events.

In essence, videos in the wild consist of consecutive events with dynamic
movements, backgrounds, objects, and viewpoint changes over time. However,
existing approaches mainly generate a video with a single prompt that disregards
semantic transitions from event to event and restrictively expresses the entire
story when the story consists of multiple events. Multi-event-based video gener-
ation requires three significant criteria: 1) smooth transition between each video
clip, 2) semantic alignment between the prompt from the user and the generated
video, and 3) ensuring diversity of the content and motion in the video.

Recently, some studies [10, 38] have made progress in embracing the multi-
ple descriptions that contain chronological sequence events. Despite this break-
through, substantial training efforts are necessary using extensive text-video
datasets because they present the additional networks to make multi-prompt
video generation. The concurrent work [41] leverages the pre-trained text-to-
video generation model (T2V). However, the overlapped denoised process on the
consecutive distinct prompts induces visual degradation and significant inconsis-
tency between the background and objects. Moreover, traditional long-term T2V
methods [2,10,21,34,50] hierarchically generate a video by bridging the gap be-
tween each keyframe, followed by generating keyframes given a single description.
This hierarchical video generation process makes it challenging to incorporate
the multiple-time variant prompts since it comprehensively generates the global
video content in the beginning.

Our method, multi-event video generation method (MEVG), is delicately
designed to generate a video clip consisting of multiple events without any
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video data nor fine-tuning process. MEVG successively enforces the temporal
coherence between independently generated video clips given multiple event de-
scriptions. By building upon the publicly released diffusion-based video genera-
tion model, we effectively utilize the pre-trained single-prompt T2V generative
model1 to generate complex scenario videos. Specifically, to preserve the visual
coherence between time variable prompts in video generation while producing re-
alistic and diverse motion, we introduce two novel techniques: a last frame-aware
latent vector initialization method and a structure-guided sampling strategy for
the diffusion-based generative model. First, the last frame-aware latent vector
initialization stage includes (i) dynamic noise, which diversifies motion across
frames, and (ii) last frame-aware inversion, which guides to generate consistent
contents between prompts. Structure-guided sampling further improves the vi-
sual consistency by progressively updating the latent code during the sampling
process. In addition, to incorporate sequentially structured prompts, we lever-
age the Large Language Model (LLM) as a prompt generator. Since a single
story has sequentially incorporated events within one sentence, LLM separates
a complex story into multiple prompts, each having only one event.

From our extensive experiments and user studies, we demonstrate that our
proposed methods generate realistic videos that include three representative
types of change: object motion, background, and complex content changes. More-
over, we examine the effectiveness and legitimacy of each proposed method by
conducting ablation studies. To summarize, our main contributions are as fol-
lows:

– Our proposed diffusion-based video generation method generates a video
consisting of multiple events without requiring any training or additional
video data.

– We present a last-frame aware initialization method and dynamic noise ad-
justment strategy for the latent vector that enhances temporal and semantic
consistency between individual videos where each video shows a different
event.

– We present a novel prompt generator that transforms course text inputs
into optimal text instructions for a text-to-video generative model, ensuring
coherence of semantic transitions in the generated video.

– We show that our proposed video generation method outperforms the other
zero-shot video generation methods in reflecting multiple events while main-
taining visually coherent content for video generation.

2 Related Work

Text-to-Video Generation. Text-to-video (T2V) generation has shown re-
markable progress. Three primary methodologies are utilized in the field of com-
puter vision. A Generative Adversarial Network (GAN) [3, 35, 37, 40, 42, 49] is
1 We used [15]. From our experiments, our proposed method can be applied to any

kind of diffusion-based T2V pre-trained model.
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a well-known algorithm to generate diverse video from a noise vector utilizing
a generator and discriminator. Another approach is auto-regressive transform-
ers [10, 21, 43–45, 48] that leverage discrete representation to depict the motion
dynamics. Recently, diffusion-based methods [1, 2, 5, 9, 11, 15, 17, 19, 34, 39, 51]
have shown significant progress in learning data distribution while iteratively
removing noise from the initial gaussian noise.

Long-term video generation has recently been a popular topic in the computer
vision community. Auto-regressive approaches [10,21,26] leveraging transformer
architecture show plausible results in long-term video generation. However, they
require massive training costs and datasets. Furthermore, although TATS [10]
and Phenaki [38] can generate videos driven by a sequence of prompts, accumu-
lated errors over time cause drastic changes in video content and visual qual-
ity degradation due to the auto-regressive property. Several works [2, 11, 34, 39,
50] based on the diffusion model leverage temporal interpolation networks and
masked strategies for generating smoother videos. VidRD [12] directly utilizes
the previous initial latent code to expand the video.

Note that most previous works focused on video generation from a single
prompt or an event. However, in this work, we tackle the multi-event video gen-
eration task, which consists of consecutive events in a long-term video. Animate-
A-Story [14] utilizes abundant real-world video corresponding to each story for
natural motion. Moreover, SEINE [6] focuses on the transition from short to
long video generation models by utilizing millions of datasets. Gen-L-Video [41],
another approach, uses overlapped frames between two successive prompts. Al-
though this strategy makes the outcomes more realistic, undesirable contents
occur due to the overlapping denoising process.

Zero-shot approach. FateZero [29] and INFUSION [25] edit video by leverag-
ing the pre-trained image diffusion models while ensuring temporal consistency.
These methods utilize attention maps and spatial features to preserve the struc-
ture and temporal coherence over the frame. In the generation field, Text2Video-
Zero [24] synthesizes the video to keep the global structure across the sequence
of frames without video data while encoding the motion dynamics to provide
diverse movement. To encode the movement, latent codes enclose the motion
dynamics with direction parameters. Free-bloom [22] and DirecT2V [20] are
distinct approaches employing the text-to-image models while sharing a similar
conceptual framework. Both utilize the Large Language Model (LLM) in order to
maintain the semantic information for each generated frame. DirecT2V leverages
self-attention to preserve the appearance of the video; in addition, Free-bloom
leverages joint distribution to sample the initial code for consistent frames.

Inspired by these approaches, we leverage a pre-trained text-to-video (T2V)
generation model to extend a short, monotonous video into an exciting video
containing variable events. To pursue the naturalness of results, challenges exist
in maintaining visual coherence and guaranteeing diversity. Therefore, we adjust
the latent code near the preceding video and grant dynamic changes through
gradual perturbation.
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Fig. 2: MEVG synthesizes the consecutive video clips corresponding to distinct
prompts. The overall pipeline comprises two major components: last frame-aware la-
tent initialization and structure-guided sampling. First, in the last frame-aware latent
initialization, the pre-trained text-to-video generation model adopts the repeated frame
as an input to invert into the initial latent code with two novel techniques: dynamic
noise and last frame-aware inversion. Second,structure-guided sampling enforces con-
tinuity within a video clip by updating the latent code.

3 Method

We propose a novel pipeline to generate a temporally and semantically coherent
video conditioned on multiple event-based prompts. Speci�cally, our goal is to
generate multiple video clips without disturbing the natural �ow and recurrent
video pattern across the semantic transitions in the given prompts. In this sec-
tion, we �rst provide the introductory di�usion model that is the basis for our
research and an overview of our proposed pipeline (see Sec. 3.1 and Sec. 3.2).
Next, we present the technical details of our two main components: (i)last frame-
aware latent initialization , (ii) structure-guided sampling, in Sec. 3.3 and Sec. 3.4.
Finally, we introduce the prompt generator, harnessing the powerful ability of
Large Language Model (LLM) to handle a complex story containing multiple
meaningful events (Sec. 3.5).

3.1 Preliminaries

DDPM. The di�usion probabilistic model [18] has two components: a forward
di�usion process and a backward di�usion process. In the forward process, data
distribution transforms into noise distribution by adding noise iteratively. For
every timestep t, noise � � N (0; I ) di�ract the original data x utilizing the
variance schedule� t as follows:

x t =
p

�� t x +
p

1 � �� t �; (1)
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where � t = 1 � � t and �� t =
Q t

i =0 � i . In training time, the di�usion model
predicts noise during every step to reconstruct the original data distribution.
This reverse processq(x t � 1jx t ) is parameterized as follows:

p� (x t � 1jx t ) := N (x t � 1; � � (x t ; t); � � (x t ; t)) : (2)

DDIM. DDIM [36] is a variant of DDPM that leverages the non-Markovian
manner instead of the Markov chain. DDIM sampling strategy makes the di�u-
sion process to be deterministic, which can be written as follows:

x t � 1 =
p

�� t � 1

�
x t �

p
1 � �� t � � (x t ; t)

p
�� t

�

| {z }
x̂ t

+
q

1 � �� t � 1 � � 2
t �� � (x t ; t)

| {z }
� t

� � t nt ;

(3)

where x̂ t indicates the denoised observation ofx0 at each di�usion step t, � t

denotes the predicted noise at each time stept and � controls whether the
model is stochastic or deterministic. In this paper, we use the modi�ed DDIM
Inversion to strengthen the naturalness of the video, maintaining overall visual
consistency despite the semantic changes along the temporal axis in the given
prompts.

3.2 MEVG pipeline

Fig. 3: Last Frame-aware Latent Initial-
ization Initial latent code is crucial for main-
taining global geometric structure. We apply
two techniques performing di�erent roles: (i)
dynamic noise tailors �exibility di�erentially
across each frame, and (ii) last frame-aware in-
version restricts the model to minimize the di-
vergence of the entire frames from the content
of the preceding video clip.

We outline our proposed MEVG
that utilizes the former video clip
to generate subsequent video clips
considering the given prompts
(see Fig. 2). Our method is built
upon the latent video di�usion
model [15], which leverages the
low-dimensional latent spacex 2
RF � c� h � w , wherec; h; and w de-
note latent space dimension and
F indicates the total number of
frames. The video output V 2
RF � 3� H � W are obtained by pass-
ing the latent code x through the
decoder D, where H � W is the
resolution of the frame.

To get the �nal result V =
fV pgP� 1

p=0 , where P denotes the
number of given prompts, we �rst sample the video conditioned on the �rst
prompt. An initial video clip is created by Gaussian distribution xT � N (0; I )
as well as a static image as conditional guidance to capture the essential visual
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content corresponding to user intention. After generating the initial video clip,
we extend a preceding video in accordance with the semantic context of the
subsequent prompt, driven by two major elements:last frame-aware latent ini-
tialization and structure-guided sampling. Last frame-aware latent initialization
is the initialization process of the noise latent that helps to preserve the spatial
information while generating more diverse contents.Structure-guided sampling
then enforces motion consistency between frames during the backward di�usion
process.

3.3 Last Frame-aware Latent Initialization

The inversion technique, which reconstructs the initial latent code from the visual
input (e.g., image or video), is used in real-world applications [8, 27, 47], where
accurate spatial layout or visual content reconstruction is important. Video gen-
eration should have visual coherence across the entire sequence of frames while
adapting the movement of objects and the background transition. To achieve this
goal, we aim to �nd the optimal latent code that helps preserve global coherence
between the generated videos for the previous and next prompts and maintains
an ability to adapt to the changes. However, the existing approaches [12, 41]
present repetitive video patterns (e.g., similar camera movement and object po-
sition) and awkward scene transition caused by overlapped content in a single
frame.

Algorithm 1: Last Frame-aware Latent Initialization

Input: latent code of the the previous prompt xp� 1
0 ,

denoised observation of the last frame from
the previous prompt f x̂sam p � 1

t [� 1]gT � 1
t =0 , noise

scheduling function F (�), and pre-trained T2V
model T2V (�)

Result: Initial latent code xp
T of next prompt p

// T = Number of diffusion steps
// N = Number of frames
// p = Index of next prompt

1 x inv p
0  REPEAT (x

p � 1

0 [� 1])
2 for t in 0; :::; T � 1 do
3 � inv p

t  T2V (x inv p
t ; t)

// Dynamic Noise
4 for n in 0; :::; N � 1 do
5 � n  F (n)
6 � dyn

t � N (0; 1
1+ � 2

n
I)

7 � inv p
t [n]  � np

1+ � 2
n

� inv p
t [n] + � dyn

t

8 end

9 x̂ inv p
t  (x inv p

t �
p

1 � �� t �
inv p
t )=

p
�� t

// Last Frame-aware Inversion

10 L LFAI = jj x̂sam p � 1
t [� 1] � x̂ inv p

t [0]jj2
2

11 x̂ inv p
t  x̂ inv p

t � � LFAI r x̂ t L LFAI

12 x inv p
t +1  

p
�� t +1 x̂ inv p

t +
p

1 � �� t +1 � inv p
t

13 end

14 xp
T = x inv p

T

To solve these challenges, we
reuse the generated video (essen-
tially the last frame) from the
previous prompt to generate the
frames for the new prompt. Ba-
sically, the last frame of the pre-
viously generated video is copied
over the entire sequence as an ini-
tial conditioning input. We then
propose dynamic noise to enforce
the diversity of the generated
video. This process preserves the
overall visual contents, such as an
object and background across the
video, and also improves the gen-
eration diversity.

Dynamic Noise. To generate di-
verse motion of the object and
smooth transition of the back-
ground given prompts, we add
the video noise prior similar to
[11]. Essentially, the noise vector
� dyn

t � N (0; 1
1+ � 2 I) is added to
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the predicted noise� inv p
t during inversion stage for next prompt p. � regulates

the dynamics and variability of the frames within a single video segment;� ! 0
increases video variations.

Since the beginning of the new video should be similar to the preceding
video clip, and then more changes occur toward the end of the video, we design
a noise scheduling functionF = exp( � x) that monotonically decreases the� .
� n corresponding to the frame indexn is determined by:

� n = F (n); 0 � n < N; (4)

where N is the total number of frames within one video clip. Finally, the pre-
dicted noise � inv p

t is obtained as follows:

� inv p
t [n] =

� np
1 + � 2

n

� inv p
t [n] + � dyn

t ; 0 � n < N; (5)

where [�] denotes the index of frame.
Last Frame-aware Inversion. While dynamic noise helps to generate diverse
video contents, they cause a temporal inconsistency problem between individual
video clips conditioned on consecutive prompts.Last frame-aware inversion co-
erces to maintain a visual correlation between di�erent video clips guided by the
denoised observation̂x t . Since the denoised observation̂x t is the predicted noise-
free latent at di�usion step t (see Eq. 3), it contains a sketchy spatial layout and
video context. We regularize the initial frame of the current video clip x̂ inv p

t [0]
using the denoised observation of the last framêxsam p � 1

t [� 1] from the previous
clip. This process ensures the visual consistency between two video clips. We
minimize the objective L LFAI using L2 loss as follows:

L LFAI = jj x̂sam p � 1
t [� 1] � x̂ inv p

t [0]jj2
2: (6)

It basically aligns the denoised observations between the sampling process for
the previous prompt and the inversion process for the next prompt at each
di�usion step t. After all, we update the x̂ inv p

t , the denoised observation during
the inversion procedure, along the direction that minimizes theL LFAI and � LFAI

controls the guidance strength.
Consequently, through this procedure, we maintain the �exibility allowed by

the dynamic noise and regularize the overall visual content by employing the
denoised observationx̂ t . We present the procedure oflast frame-aware latent
initialization in Alg. 1 to facilitate understanding, and the overall procedure are
illustrated in Fig. 3.

3.4 Structure-guided Sampling

The video clip is generated for the next prompt using the initial latent xp
T pro-

duced at the previous step. Although the video clip for the new prompt should
preserve the appearance of the previous video clip by using the last frame-aware
initial latent, undesirable variation in scene texture and object placement often



MEVG: Multi-event Video Generation with Text-to-Video Models 9

occurs due to the stochastic nature of the sampling process. To improve the
visual consistency within a video clip, we progressively update the predicted
original x̂sam p

t of the current video clip in the sampling process. Speci�cally, we
formulate the objective as follows:

L SGS = jj x̂sam p
t [1 : n] � x̂sam p

t [: n � 1]jj2
2; (7)

where n 2 f 1; :::; Ng. Note that for the �rst frame ( n = 0 ), we compute L SGS

using the denoised observation of the last frame from the previous prompt
f x̂sam p � 1

t [� 1]gT � 1
t =0 . Finally, we update x̂sam p

t as follows:

x̂sam p
t  x̂sam p

t � � SGSr x̂ t L SGS; (8)

where � SGS is responsible for guidance scale. Eq. 7 and Eq. 8 are iteratively
conducted frame-by-frame at each di�usion step. Guidance on the denoised ob-
servation leads to a similar global geometric structure between frames within a
single video clip.

3.5 Prompt Generator

In real-world scenarios, multiple sequential events can be described in one sen-
tence or paragraph. For instance, �The dog runs across the wide �eld, then comes
to a halt, yawns softly, and lies down.". However, existing long-video generation
models [10, 15, 21] are designed to generate only a single event. Therefore, the
generated video does not re�ect the entire text when the prompt contains mul-
tiple events. To address this issue, the Large Language Model (LLM) has been
utilized to generate an appropriate input for the pre-trained T2V models. We
introduce a prompt generator to segment the comprehensive description into the
prescribed textual format. We put the exemplar and guidelines in the supple-
mentary materials.

4 Experiments

4.1 Implementation Details

We directly leverage the released pre-trained text-to-video generation model [15]
to generate a multi-text conditioned video. In our experiments, we generate
multi-text conditioned video, and each video clip consists of 16 frames with
256� 256 resolution. Moreover, we employ ChatGPT [28], which is a Large Lan-
guage Model, to separate the complex scenarios into individual prompts that
comprise the sequence of events. We set each guidance weight� LFAI and � SGS

to 1000 and 7 in our experiments. All experiments are performed on a single
NVIDIA GeForce RTX 3090.
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Fig. 4: Generation results on given prompts by our method and baseline models. T2V-
Zero and DirecT2V build upon the T2I pre-trained model. In contrast, VidRD and
Gen-L-Video leverage the same foundation model utilized in our experiments.

Table 1: Compared with baseline methods in terms of two primary categories: au-
tomatic metric and human evaluation. Note that we use bold to highlight the best
scores, and underlineindicates the second-best scores.

Automatic Metric Human Evaluation

Method CLIP-Text " CLIP-Image " Temporal " Semantic " Realism " Preference"

T2V-Zero [24] 0.322 0.808 3.61 3.59 3.45 3.47
DirecT2V [20] 0.301 0.898 2.96 3.04 3.01 3.30
Gen-L-Video [41] 0.308 0.953 3.35 3.38 3.37 3.05
VidRD [12] 0.287 0.951 3.40 3.43 3.56 3.14
Ours 0.309 0.957 3.82 3.71 3.68 3.68

4.2 Qualitative Results

We provide qualitative comparisons along with other recent multi-prompts video
generation methods [12,41], including zero-shot video generation methods [20,24]
which leveraging frame-level descriptions. In the supplementary material and the
project page, we provide additional videos for frame-level and video-level com-
parison to show more qualitative examples. As shown in Fig. 4, our proposed
method achieves better video quality, especially in two points: naturalness and
temporal coherence. First, compared with T2V-Zero [24] and DirecT2V [20], we
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observe that only leveraging the image-based model fails to generate reasonable
video �ow in terms of naturalness; thus, utilizing the video-based approaches is
necessary. Second, generated videos by our method show a strong visual relation
between each video segment without the recurrent video pattern. To be more
speci�c, visual examples of VidRD [12] exhibit recurrent video patterns between
two distinct video clips; e.g., the movement pattern of a man within each video
segment mirrors the previous one. Additionally, although Gen-L-Video [41] gen-
erates more diverse movement, they can not preserve the structure coherence of
objects, and the background is not stable across the entire frame. On the other
hand, our method not only smoothly bridges the gap between two individual
video clips but also maintains the overall temporal coherence of the content.

4.3 Quantitative Results

Fig. 5: Generated video clips with and
without proposed our modules. The red ar-
row and yellow box highlight the visual
changes between distinct video clips.

Automatic Metrics. We report the
CLIP-Text score [16, 30] that repre-
sents the alignment between given
prompts and outputs, and CLIP-
Image score [4, 9, 29, 46] that shows
the similarity between two consecu-
tive frames. We measure the met-
rics over the 30 scenarios, each con-
sisting of multiple prompts. For a
fair evaluation, we randomly sampled
20 videos per scenario. As shown in
Tab. 1, our method generally outper-
forms the other state-of-the-art meth-
ods. Among the baseline, the gener-
ated video of Text2Video-Zero (T2V-
Zero) aligns well with the semantics
of given prompts as this approach
yields a single frame corresponding
to a prompt of the same video seg-
ments. However, they fail to generate temporally coherent video. In contrast,
DirecT2V [20], which utilizes the frame-speci�c descriptions sharing high-level
stories, shows a higher CLIP-Image score, whereas we observe a decrease in
performance for the CLIP-Text score. Comparison with text-to-video-based ap-
proaches exhibits a relatively low di�erence in all metrics due to the common
foundation model [15]. The CLIP-Text score of VidRD [12] is notably lower than
the baselines. The visual content is substantially maintained without a signi�-
cant performance drop in CLIP-Image score since the VidRD directly utilizes the
latent code of the previous video clip with minimal deviations from the sampling
step. Gen-L-Video [41] performs well in capturing the meaning of the prompts.
However, the global content variations during the sampling process caused by
overlapping prompts lead to a decrease in similarity between consecutive frames.
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Human Evaluation. We recruited 100 participants through Amazon Mechan-
ical Turk (AMT) to evaluate �ve models: T2V-Zero [24], DirecT2V [20], Gen-L-
Video [41], VidRD [12], and our method. We employ a Likert scale ranging from
1 (low quality) to 5 (high quality). Participants score each method considering
temporal consistency, semantic alignment, realism, and preference over 30 videos
generated by di�erent scenarios. As clearly indicated in Tab. 1, generated videos
from our method signi�cantly outperform other state-of-the-art approaches in
all four criteria, regardless of individual frame quality. In particular, based on
human evaluation results, we observe that preserving the identity of the object
and background is crucial for human preference. When compared with text-to-
video-based methods, temporal inconsistency between each video clip caused
by the semantic transition of given prompts results in lower human evaluation
scores in spite of the same foundation model as ours.

4.4 Ablation Studies

E�ectiveness of Proposed Methods. We qualitatively show the e�ectiveness
of last frame-aware inversion (LFAI), dynamic noise (DN), and structure-guided
sampling (SGS), as shown in Fig. 5. We utilize the basic inversion strategy [36]
as a base model. Although basic DDIM inversion somewhat preserves the over-
all structure of visual content between each video clip, the detailed texture and
background show severe changes. DN model relaxes this problem but shows
the disconnection between two video clips since the DN module gives �exibil-
ity to the model by using the i.i.d noise in the inversion procedure. Combining
two modules, LFAI and DN, generates natural-looking videos since LFAI mod-
ule preserves the structure of the content in the previous frame. However, we
�nd that the stochastic characteristics of the sampling process introduce slight
�uctuations in the videos, and iterative update of latent code (SGS) during the
sampling process is bene�cial in enhancing the realism of video content, as shown
in the �fth row at Fig. 5. Moreover, as re�ected in Tab. 2, we provide an ad-
ditional human evaluation to validate the impact of our proposed module by
human judges.

Table 2: We report user study results on
ablation studies using four di�erent criteria:
Temporal, Semantics, Realism, and Prefer-
ence. Note that we use bold to highlight
the best scores, and underlineindicates the
second-best scores.

Method Human Evaluation

LFAI DN SGS Temporal " Semantics" Realism " Preference"

- - - 3.42 3.40 3.45 2.89
X - - 3.48 3.40 3.50 2.93
- X - 3.53 3.46 3.63 2.51
X X - 3.61 3.58 3.58 2.78
X X X 3.70 3.47 3.69 3.27

Analysis on Dynamic Noise.
Fig. 6 indicates that � controls the
�exibility of the frame sequence. We
modify the noise scheduling function
F into the static value to validate
the e�ectiveness of our method. When
� applies to the entire frames as a
smaller value, we �gure out that the
latter frames can not preserve the
geometric structure. However, frozen
video is observed whenkappa is set to
a high value. As a result, we achieve
the smooth transition and �exibility
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Fig. 6: Ablation study for validating the
noise schedule. Note that the �rst and
second-row leverage constant value over
the entire frames.

Fig. 7: E�ectiveness of adjusting the
number of in�uenced frames.

between consecutive video clips by adopting the scheduling functionF , which
decrease steadily.
Analysis on Last Frame-aware Inversion. We introduce the last frame-
aware inversion to prevent the visual inconsistency in terms of object spatial
location and scene texture driven by the Dynamic Noise. In the LFAI process,
we guide the �rst frame to adjust the initial latent code that is correlated to
the geometric structure of the previous video clip. Here, we explore the in�uence
of the number of frames that o�er guidance by the last frame of the previous
video clip. As shown in Fig. 7, we observe that only the �rst frame is su�cient
to maintain the visual structure at the beginning of the frames. On the contrary,
the increase in the number of a�ected frames makes the stationary movement in
objects; e.g., the shark only moves on the right side. Conversely, the restriction of
the a�ected frame as only a single one gives increased �exibility to the subsequent
frames. This �exibility enhances their ability to e�ectively convey the meaning
of the subsequent prompts and generate a diverse range of movement.

4.5 Applications

Video Generation with Large Language Model (LLM). In real-world
scenarios, more intricate descriptions are generally used, which have the time-
variant events in a single narrative. Prompt generator (see Sec. 3.5) to separate
into the individual prompts for handling the consecutive events. As shown in
Fig. 8 (left), the visual examples indicate the entire frame ensures temporal
consistency while re�ecting the overall storyline.
Image and Multi-event-based Video Generation. Our proposed MEVG is
capable of generating video with a given image and multi-text, multi-text-image-
to-video generation (MTI2V). For generating video, we �rst encode the seeding
image using the encoder into the latent vector and duplicate it as the number
of frames. Then, we follow MEVG pipeline. Fig. 8 (right) demonstrates that the
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