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Abstract

With the development of diffusion models, text-to-video generation has recently received significant attention and achieved
remarkable success. However, existing text-to-video approaches suffer from the following weaknesses: 1) they fail to control
the trajectory of the subject as well as the process of scene transformations; ii) they can only generate videos with limited
frames, failing to capture the whole transformation process. To address these issues, we propose the model named ScenarioDiff,
which is able to generate longer videos with scene transformations. Specifically, we employ a spatial layout fuser to control the
positions of subjects and the scenes of each frame. To effectively present the process of scene transformation, we introduce
mixed frequency controlnet, which utilizes several frames of the generated videos to extend them to long videos chunk
by chunk in an auto-regressive manner. Additionally, to ensure consistency between different video chunks, we propose a
cross-chunk scheduling mechanism during inference. Experimental results demonstrate the effectiveness of our approach in
generating videos with dynamic scene transformations. Our project page is available at https://scenariodiff2024.github.io/.

Keywords Text-to-video generation - Diffusion - Controllable generation - AIGC

1 Introduction

With the advancement of the diffusion methods [15, 22, 38],
text-to-image generation has achieved significant success in
recent years [6, 33, 35]. Boosted by the success of image
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the text prompt “a dog is running from grass to the wheat
field” as an example. An expected result requires that most
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A dog is running from left to right

Fig.1 Some cases with the dynamic scene or subject trajectory changes
generated by existing wildly used methods. [29] changes the scene with
a transparent gradient manner, which is unnatural. [40] fails to change
the scene and makes the background all the same during the entire video.
[14] makes the trajectory of the dog unordered and is different from the
description of the prompt. [12] generates a running dog but without any
position change

of the background should be grass at the beginning of the
video. As time moves on, wheat fields gradually appear at
the edges of the video. By the end of the video, the back-
ground has changed almost entirely to a wheat field, and the
dog should be completely in the wheat field. However, exist-
ing methods struggle to control the process at this level. The
generated videos may exhibit unnatural transformations from
grass to the wheat field as shown in the first row of Fig. 1 or
the scene changes a little with the background is a mixture of
grass and the wheat field shown in the second row of Fig. 1.
Similarly, when generating a video with the prompt “a dog
is running from left to right”, existing methods may produce
videos with unordered motion patterns shown in the third
row. In some cases, the dog even appears to be stationary
presented in the last row.

To tackle the weakness of existing works, in this paper, we
focus on generating videos with controllable dynamic scene
transformations and object trajectories, which faces the fol-
lowing challenges. On the one hand, generating videos with
scene transformations requires identifying suitable condition
information that enables precise control over object trajecto-
ries and dynamic scene transformations. On the other hand, it
is hard to incorporate the motion of subjects and the transfor-
mations of scenes within short videos. Most of the existing
methods [11, 14] try to generate long videos in an auto-
regressive manner. However, they ignore the information
gap between different scenes, which causes color distortion
and results in temporal inconsistency. Thus, presenting these
dynamic changes of both scene and object while maintain-
ing video consistency and coherence becomes another big
challenge.

@ Springer

To address these challenges, we propose the Dynamic
Scene Transformation Text-to-Video Generation model (Sce-
narioDiff). We utilize a pre-trained text-to-image model,
Stable Diffusion, and introduce a temporal module to ensure
consistency as the base video generator. To enable the
controllable generation of object trajectories and scene
transitions, we introduce bounding boxes as the condition
information. It is inspired by the practice of previsualization
in real-world video production, where simple storyboards
are initially created. In order to generate long videos, we
propose the mixed frequency controlnet module and use an
auto-regressive manner that divides the entire video into sev-
eral video chunks. To generate each chunk, we utilize the last
O frames from the previous chunk as a reference. Addition-
ally, we propose a cross-chunk scheduling mechanism during
inference to keep the consistency and smoothness between
chunks. Extensive experiments are conducted to show the
efficiency of our proposed ScenarioDiff method.

Our contributions are summarized as follows:

e To the best of our knowledge, this work is the first to
consider controlling both object motion trajectories and
scene transformations in text-to-video generation tasks,
making them more consistent with textual descriptions
and real-world variations.

e We propose the ScenarioDiff method, which can generate
long videos in an auto-regressive manner while maintain-
ing the consistence of the generated videos and satisfying
the requirements of conditions.

e Extensive experiments are conducted to demonstrate the
superiority of our proposed ScenarioDiff method over
existing baselines.

2 Related Works
2.1 Text-to-Image Generation

In recent years, with the development of diffusion models,
text-to-image generation has received significant attention
and success. Based on large-scale image-text pairs, these
models can generate high-quality images that satisfy the text
prompts given by the users. [27], as one of the pioneers in
diffusion-based text-to-image generation model, introduces
classifier-free guidance to achieve better control over text-
conditioned image generation. While GLIDE trains a text
encoder, [36] utilizes a pre-trained text encoder, allowing it
to leverage a wider range of textual data and achieve a deeper
understanding of semantics, resulting in improved genera-
tion performance. DALL-E [32] also employs a pre-trained
text encoder and has subsequently enhanced data quality and
improved generation quality by employing higher-quality
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captions in their subsequent works [3, 31]. The Stable Diffu-
sion series [28, 33] represents a milestone in diffusion-based
text-to-image generation models, as it extends the diffusion
process to the latent space, ensuring high-quality image out-
puts while improving the efficiency.

2.2 Text-to-Video Generation

There has been an increasing focus on generative video mod-
els due to the success of text-to-image generation models. On
the one hand, some approaches [1, 16, 39, 42, 46] directly
train on large-scale multi-modal datasets and have achieved
promising results. On the other hand, leveraging the suc-
cess of stable diffusion, some works [5, 12, 13, 18, 20, 23,
37, 40, 45, 49] utilize pre-trained text-to-image generation
models and introduce temporal information using differ-
ent methods, such as cross-frame attention [20] or using an
additional temporal module [12], to obtain text-to-video gen-
eration models. Notably, OpenAI’s Sora [4], which employed
transformer architecture to latent diffusion model, can even
generate high-quality video with more than 1min. Despite
this progress, general text-to-video methods often fail to
faithfully generate the trajectories of the subject described
in the text prompt and are struggling to follow the logic of
reality and change the background of the video based on the
prompt.

2.3 Controllable Generation

Controllable generation aims to generate images or videos
with specific conditions. With the development of diffu-
sion methods, more controllable generation methods have
been proposed around diffusion. Some methods [11, 17, 48]
propose to train a controlnet-branch by duplicating certain
parameters of the U-Net architecture to extract conditional
information for assisting generation. [10, 26, 47] utilized a
new module called adapter to achieve similar effects with a
small number of parameters. [21] learns new parameters in
attention layers to blend conditions with hidden states for
controllable generation. Besides, [44] uses certain gradients
of the condition during generation to solve the problem. In
addition to controlling the overall image or video, some cus-
tomization methods [6, 35, 41] employ techniques like Lora
to fine-tune specific parameters, allow for localized control
and generation of specific aspects of the content, such as the
attributes of the subject.

However, existing controllable generation methods for
videos are not suitable for the task of this paper since the
limitation that most of the methods require correspond-
ing continuous condition information for each frame. This
indicates that these methods are more suitable for editing
than generating. Besides, obtaining this information becomes
inconvenient and difficult as there are serious problems with

trying to search for videos of arbitrary object trajectories or
scene transformations as required.

3 Methodology

In this section, we will introduce our proposed ScenarioDiff
method. The overall framework is shown in Fig. 2, which
is built upon the pre-trained AnimateDiff model with Stable
Diffusion and GLIGEN as the base model. Thus, in the pre-
liminary, we will provide an overview of Stable Diffusion
[12, 33], and [21].

3.1 Preliminary

Stable Diffusion Stable Diffusion has learned relevant knowl-
edge on a large-scale dataset of text-image pairs {(x, p)},
where x is the image and p is the description of x, enabling
it to generate high-quality images based on provided text
prompts. The key advantage of Stable Diffusion lies in
extending the diffusion process from the pixel level to the
latent space utilizing an encoder £(-) and a decoder D(-) of
[8]. The encoder transforms the image x into the latent code
z0 = £(x), while the decoder reconstructs the image based
on the latent code x ~ D(zq). This extension improves effi-
ciency while keeping the quality of the generated images.
Specifically, during the diffusion forward process, the Gaus-
sian noise is iteratively added to the latent code as follows:

q(Z[|ZI—l) :N(Ztv vV 1 - ﬁle—la /3[1)9t = 17 21 T9

where T is a large number of iterative steps, and the pur-
pose is to transform zg into a standard Gaussian noise.

During the diffusion backward stage, Stable Diffusion
denoises the Gaussian noise z7 to the latent code zo step
by step and utilizes a U-Net €9 (-) [34] to predict the noise at
each step. At each iteration, the U-Net takes the time step ¢,
the noisy latent z;, and the encoded text prompt embedding
7(p) as inputs to predict the noise of the current step, where
7(-) represents a pre-trained text encoder of [9, 30]. Once the
predicted noise is obtained, the diffusion solver is applied to
clean the noisy latent. To ensure that the noisy latent still has
the information of the text condition during the denoising
process, Stable Diffusion employs a cross-attention module
as follows:

. QKT
Attention(Q, K, V) = Softmax(

Jd

)V,

K=W-t(p),V =Wy t(p),
0=Wg- ¢z,

where ¢ (z;) is the representation of noisy latent z; in the
attention layers.
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Fig.2 The framework of ScenarioDiff. Our proposed method contains
three main stages. The first stage is tuning the UNet with simulated
videos which aims to learn the knowledge of how to change the scenes.
The second stage is training the mixed frequency controlnet which

The optimization objective of Stable Diffusion is defined
as follows:

min By 5 eillle — €a(zs, t, T(p))I13]

where € is a randomly sampled Gaussian noise during the
training process, which is added to the latent code through
the diffusion forward pass before inputting it into the U-Net.
This objective has been widely employed in diffusion-related
works.

AnimateDiff AnimateDiff is a text-to-video generation
model based on Stable Diffusion. It proposed a Motion Mod-
ule into the original model to facilitate the transition from
images to videos. Specifically, to leverage the capabilities
of the existing text-to-image model, AnimateDiff combines
the dimension of the length of video frames into the batch
size to assist the model in generating high-quality images for
each frame. To guarantee the temporal consistency among the
generated frames, AnimateDiff introduces a 3D transformer
as the Motion Module to learn dynamic information from
videos. AnimateDiff is trained on the WebVid dataset and,
relying on the prior knowledge from Stable Diffusion, it can
generate high-quality and consistent videos. In this paper,
we build our ScenarioDiff video generation model based on
AnimateDiff.

GLIGEN GLIGEN is a method that tries to control the lay-
out of the image with various grounding information such as
bounding box. It is derived from the pre-trained Stable Dif-

@ Springer

allows our method to generate long videos. During the inference stage,
we propose a cross-chunk scheduling mechanism that utilizes the infor-
mation from the previous chunk to make the video more consistent

fusion with a novel grounding token mechanism and gated
self-attention. Suppose there is an object e you want to control
and the bounding box of the objectis bbox = [x1, y1, X2, ¥21,
which is the left-top and the right-bottom point of the object
and e is the phrase description or image of the object. GLI-
GEN utilizes a grounding token mechanism to fuse the
information as follows:

g°= MLP(t(e), Fourier(bbox)),

where MLP(-,-) is a multi-layer perceptron and Fourier
is the Fourier embedding [25]. To incorporate grounding
information into Stable Diffusion, GLIGEN employs a gated
self-attention to integrate the obtained grounding token into
the hidden states as follows:

h=h+B-tanh(y) - TS(Self Attn([h, g°])),

where T S(-) is the operation that selects the dimension of
hidden states only, and y is a learnable scalar that is ini-
tialized to 0. Thus, GLIGEN can generate images with the
desired layout based on the provided grounding information
of objects. In our ScenarioDiff model, we utilize the prior of
GLIGEN to control the trajectories of the object.

Task In summary, assuming we have text prompt p and
corresponding layout information of each frames L =
(L', L2, ..., LT}, where F is the length of video we want
to generate. L/ = {E/, B} is the layout of the f-th
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frame, where E/ = {e‘lf, e'zf, s e;{,} is the set of NV descrip-
tions of objects or backgrounds to be localized and B/ =
{bbox , bbox] , ..., bbox]} is their bounding boxes. The
purpose of this paper is to generate videos of length F that sat-
isfy the conditions of the text prompt and layout information
using the random sampling noise of z!'F' € RoxexFxhxw
where b is the batch size, c is the channel of the latent space,
F' is the number of frames, and &, w are the scaled height
and width of the latent space.

3.2 ScenarioDiff

In this section, we provide a detailed description of the com-
ponents of our proposed ScenarioDiff method. Firstly, we add
the spatial layout fuser to the pre-trained AnimateDiff(our
base video generator) and train it on a simulated dataset at the
first stage. Subsequently, to better generate videos that have
the transitions of subject position and scenes, we introduce
the mixed frequency controlnet, which assists in generating
longer videos in an auto-regressive manner. Lastly, to guar-
antee the consistency of the videos, we present a cross-chunk
scheduling mechanism during inference.

3.2.1 Spatial Layout Fuser

To control the trajectories of the object in each frame of
video, we utilize GLIGEN’s grounded token mechanism and
gated self-attention as the spatial layout fuser and extend it to
generate videos. For each block of the Unet in AnimateDiff,
we add the spatial layout fuser at the beginning of the cross-
attention module.

Before feeding the hidden states into the spatial layout
fuser, we reshape the hidden states and combine the tempo-
ral dimension of frames with the batch size. This reshaping
process enables us to fuse the dynamically changing lay-
out information into the corresponding frames, allowing for
controlling the positions of subjects and backgrounds in the
video, as described in the preliminary. However, directly
applying the GLIGEN modules to the video generator faces
the following problem.

As the lack of video datasets that pay attention to dynamic
scene transformations during the pretraining of AnimateDiff,
even if the input bounding box conditions vary greatly from
frame to frame, the resulting scene change is relatively small.
To solve the problem, we generate a simulated dataset before
we train the model. The process is shown in Fig. 3.

Firstly, we collect a list of common scenes and subjects
and randomly pair them up to generate some images that have
different scenes on the left and right sides with bounding
boxes as conditions. The prompt we used is “a subject is
doing something in a beautiful scene between scene A and
scene B, masterpiece, 8K, 4K, high quality, best quality”.

(a) Generate Image (b) Crop the Image ||(c) Get Simulated Video

“a bear 1is walking,
the scene is moving
from the grass to the
river, moving scenes,

“a bear 1is walking || Select a direction
in a beautiful scene || gng use sliding

between the river || window to crop the

and the grass” image low quality, static

subject”

Fig. 3 The process to get simulated videos. We first generate images
with bounding boxes as the condition. After that, we use a sliding win-
dow to crop the image and give the caption according to the direction

After that, we choose a direction and utilize a sliding window
to crop the image as the frames of the video and thus we
get a simulated video. However, we acknowledge that the
generation process we currently employ is relatively simple.
As a result, the simulated data primarily consists of panning
movements, lacking dynamic elements, and falling short in
terms of data quality.

However, our objective is to capture the knowledge of
the transformation of scenes, and we have identified several
techniques to mitigate the impact of low-quality data.

e Instead of using a simple prompt like “A subject is doing
something, the scene is moving from scene A to scene
B” as the caption of the video, we enhance it by adding
a suffix “moving scenes, low quality, static subject” to
the prompt. During the inference stage, we just need to
describe the scenes we want to change and add the phrase
“moving scenes” to the prompt.

e Asthe simulated dataset is low quality and has biases, it is
better not to predict the noise € strictly. Thus, we propose
a hyperparameter A, to introduce a slight intervention as
€ = € + Ae€g, where € is an additional noise sampled
from Gaussian distribution which has the same shape
with €.

e To achieve improved performance, we mixed the sim-
ulated dataset with a video segmentation dataset that
contains temporal layout information.

The final optimization objective for this tine-tuning pro-
cess is as follows:

~ 1I:F 1.F 2
Lo =E,ir 1r i lllé —eo(z 1, 7(p "), D),

where pI:F is the text embedding of F frames, etle is the
noise sampled for F frames, z!'*" is the noisy latents of F
frames at time step .

Using bounding boxes as conditions for controlling the
video generation process offers two key advantages. The first

advantage is the ability to conveniently apply conditions to

@ Springer

Journal: 11263 MS: 2413 [ ] TYPESET [_|DISK [_]LE [_]CP Disp.:2025/3/14 Pages: 14 Layout: Large

304

305

306

307

308

309

310

311

312

313

314

315

316

317

318

319

320

321

322

323

324

325

326

327

328

329

330

331

332

333

334

335

336

337

338



339

340

34

342

343

344

345

346

347

348

349

350

351

352

353

354

355

356

357

358

359

360

361

362

363

364

365

366

367

368

369

370

371

372

373

374

375

376

377

378

379

380

381

382

383

384

385

386

387

388

389

International Journal of Computer Vision

each frame of the generated video, ensuring temporal con-
sistency among the control conditions. This is challenging to
achieve with other methods such as canny edge or skeleton
when it comes to image generation without a pre-existing
video. For instance, to get such bounding box conditions, the
user can manually select key points in the motion trajectory
and use linear interpolation to obtain the bounding box for
each frame. Alternatively, a GUI-based drawing tool can be
employed to generate the bounding boxes, or you can even
obtain the layout information with the assistance of LLMs.
These approaches eliminate the need to search for videos
with similar trajectories or scene transformations and extract
their canny edges or skeletons. The second advantage lies in
the ability to control the layout of the background and set
the description or image to the target background, providing
greater flexibility.

Thus, we have been able to perform simple control over
the trajectories of subjects and the transformations of scenes.
However, the current methods are limited to generating short
videos of only 16 frames and cannot produce videos with
complex position or background transformations that sat-
isfy real-world logic. To address the limitation, we introduce
the mixed frequency controlnet to assist in generating longer
videos.

3.2.2 Mixed Frequency ControlNet

Due to the limitations in memory and the constraints of the
base generator, it is not possible to generate arbitrarily long
videos. To generate long videos with F' frames, we employ
an auto-regressive approach by dividing the entire video into
short video chunks as Vi, Va, ..., V;, where each V; is a
video chunk which has F,. frames. For each chunk, there
are O frames of overlapping with the previous chunk and we
utilize the overlapping O frames of the previous chunk as
reference frames to aid in generating the current chunk. It is
evident that O < F, and only a subset of frames are used
as reference frames. However, the controlnet approach only
accepts the input with the same shape of the noisy latents
as b x ¢ x F, x h x w. Therefore, the first challenge lies
in processing the reference information to ensure that the
overlapping frames are nearly identical between adjacent
chunks while maintaining temporal consistency for the non-
overlapping frames.

To generate the i-th chunk, a naive approach which has
been shown in Fig. 4 is to pad frames of zero tensors after
the latent code z(l)v(“l.__(l)H:F‘ € RO*exOxhxw of the overlap-
ping frames in the (i — 1)-th chunk and use the padded code
as the conditional input. However, this approach leads to a
information gap between the overlapping frames and non-
overlapping frames, resulting in a noticeable color distortion
at the O-th frame of the final output video chunk and causing
inconsistency within the chunk. Besides, for the new chunk

@ Springer

Reference of
_ Chunki—1

l Padding

Zero Zero
Tensor Tensor

Inconsm Eﬂtrowet
Bemeemﬁ )
b e

Inconsistency
Within
The Chunk

Chunk i

Fig.4 Naive approach. The first row of images is the reference frames
from chunk i — 1. The second row of images is the reference frames
padded with zero tensors. We input the padded information into the
model and generate the i-th chunk. However, there are two kinds
of inconsistency. The first inconsistency occurs between two chunks,
which we mark with a red box. We can find that the generated frames
in chunk i are darker than in reference frames. The second inconsis-
tency occurs between the frames with and without reference in chunk
i, which we mark with a yellow box. The dog becomes different and
the background is brighter

i, the overlapping part generated also exhibits subtle differ-
ences, which we have named inconsistency between chunks.
We will solve the first inconsistency issue in this section and
the second inconsistency issue in the next section.

As the first inconsistency is due to the information gap,
one solution is to add some relevant information to the
padding tensors. Inspired by [43], the low-frequency compo-
nents of the latents contain sufficient semantic information
and substantial spatio-temporal correlations. Besides, the
video generated by the low-frequency latents still keeps high
consistency and maintains the style and color. The high-
frequency latents pay attention to the motion degree of the
video. To keep the consistency of the video while prevent-
ing the video from being static suddenly, a more effective
approach is to utilize the low-frequency information from the
overlapping frames while extracting high-frequency infor-
mation through the noisy latents of the current timestep.
Thus, we proposed a method named Mixed Init, which is
illustrated in Fig. 5.

Considering the inherent continuity in videos, we can
assume that the latents of non-overlapping frames, denoted
as zg(i), f €10 + 1, F.], have similar low-frequency infor-
mation as the latent of the last frame of the overlapping parts
zg("if]). Therefore, we repeat the latent zgf'if]) to serve as an
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Mixed Init

-

Padding ngi_l)l

N 3 ") N
N 1 v )

Add noise l—

_1:F
Zo(i)

_1:F,
70)

1:F,
FFT (i)

/

Fig. 5 The process of Mixed Init. The Mixed Init first pads the last
frame of reference latents, and then add noise to it. After that, it utilizes
a Gaussian low pass filter to mix the information

approximation that make

o zg(,,?;f /el ol

Z
00 2y f €10+ 1, Fel.

To obtain the reference information of each timestep ¢, we
begin by performing a mixed initialization which uses the fast
Fourier transform (FFT) and the Gaussian low pass filter G
to mix the low-frequency and high-frequency information.

ch = ]:fT?:D(Zt(,) ) O g,
Zt(x)

1y = FFTap(zf) © (1= 9).

Zt(t)
sliFe

,() —ZFFT3D(F1FC+F1FC)

t(z) t(t)

where ztl(F) is the noisy latents of timestep 7, and zt(l)
the latents extracted from the 7-step diffusion forward process
performed by z zo( . After that, to keep all the orlgmal refer-

ence information, foreach f € [1, O], we make Z zt(l.) = Z({(i)'

Thus, we get the reference latent Etl (IF)” of timestep .
Since we approximate the low-frequency information of
Z()O(i) in place of the ground truth low-frequency information

of the subsequent frames, the obtained reference Etl (tF)” is not
perfect. To better improve the result, we add a slight pertur-
bation AEIJ;.) to each frame in the non-overlapping part. We
propose a network called mixed frequency refiner to learn
Aﬁtf(l-) and the framework is shown as Fig. 6.

The mixed frequency refiner takes the reference informa-
tion 2 (5‘ and the noisy latent ztl(g‘ of the current timestep

Mixed Frequency Refiner
, [ ResNet3D KV
Block
Spatial 3D g
EaHeto-o-
1, | ResNet3D
\ Block

Q

1:F, .
t(L)C © Concatenation

(® Hadamard @ Addition

Fig.6 The framework of proposed mixed frequency refiner module

as inputs. To distinguish between the overlapping and non-
overlapping parts, we introduce a mask m € RP*1xFexhxw,
where it takes the value of 1 for the overlapping frames
and O for the non-overlapping frames. We concatenate this

mask with the reference latent and get zl(lF) = [2}(5 ,m] €

RbOx(c+DxFexhxw Then we use a ResNet block with learn-

able time embedding to obtain hidden states of reference
~1F, .

href (Zl(i) 5 t) as follows:

h = conv(silu(norm(ftl(:gc))),
temb = Ty (silu(t)),

h = conv(silu(norm(h + temb))),

Al F,
l(l) + hs

ref(Z[(l) 1) =
where silu is SiLU function [7] and 7g(-) is a learn-
able time embedding. We use another ResNet block with
the same architecture to get the hidden states of noisy latents
hzyiy ot
Subsequently, we treat the hidden states of reference
latents as key and value, while the hidden states of noisy
latents serve as query. By employing attention mechanisms,
we aim to capture the relationship between the current latents
and reference information, expecting to obtain correspond-
ing slight perturbations Aétf(l.) as

N K"
i) = Softmax( Wi ).V,
K = Wi - hyey Gy 1),
Vo= Wy hyer Gty 1),
0 =Wo - hiz{).

As we only need to add slight perturbations to the non-
overlapping frames, we utilize the previously mentioned
mask to obtain a masked input w = 2}(5‘ + ({1 —m) -

conv(A%tl (:1;") which is then fed into the controlnet branch.

Since there is no ground truth of Az )c treating the infor-
mation of overlapping frames and the processed reference
equally would result in a decline in quality. Hence, we apply
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weighting to the optimization objective to address this issue
as follows:

F,
1 c
== D By Ml — et (p IR
C .
f=1

where Ay = 1for f < O and Ay :I—Wfor

f> 0. Ael0,1]isa hyperparameter of minimum weight.

Simultaneously, when memory is limited, it is recom-
mended to employ the strategy of continuous batch training
instead of using simply b different video crops as a data batch.
Specifically, for the training samples, a video exceeding F
frames is collected, which is then divided into b chunks with
overlapping segments, forming a batch for training. It can
better alleviate the potential possibility of color distortion
issues when utilizing controlnet for auto-regressive genera-
tion.

3.2.3 Cross-chunk Scheduling

After training, the continuity within each chunk is highly
guaranteed. However, the introduction of reference informa-
tion has led to slight distributional changes, and the continuity
between chunks still needs to be addressed. Directly select-
ing results from a single chunk would lead to overall video
discontinuity. Therefore, we address the continuity of the
whole video by scheduling the latents from two aspects dur-
ing inference.

The first aspect pertains to the latents sampling. We adopt
the approach of Mixed Init. The second aspect is scheduling
the latents of the overlapping frames during the denoising
process. To enhance the continuity between different chunks,
we store and reuse the latents for each timestep of the overlap-
ping frames from the previous chunk. When generating the
current chunk, we selectively replace the results of the cur-
rent chunk with the latents from the previous chunk, based
on a specific ratio. Intuitively, to achieve smooth transitions
between the video chunks, frames closer to the previous
chunk should be similar to the stored latents, while frames
closer to the subsequent frames should utilize the latents
obtained by denoising the current noisy latents. Therefore,
we employ a simple interpolation technique to improve the
continuity of the video as

foor f

_(1_ )'Zi(i—l)+ 0 t(l)vvfe[l O]

t(t)

While for non-overlapping frames, we keep the value of

i)

After finishing denoising, we get pixel-level video x1 e ¢
RExexfxHXW by decoding the latents. In order to further
ensure the consistency of the video between different chunks,
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there is an optional operation which we perform pixel-level
normalization on the video after decoding. For each frame f
in the overlapping part, i.e. f € [1, O], we make the mean
l,Lf . and the standard deviation o; ; of each channel j of the
current chunk i the same as the correspondmg frame of the
previous chunk as follows:

0+f+ —0+f

x<’.=—‘>k0 l—l]

For the frame in the non-overlapping part, i.e. f € [O +
1, F,], we take the mean and the standard deviation of the
last frame of the overlapping part as reference.

f I

*0 +'u1—lj

i,j

4 Experiments
4.1 Experiment Settings

The ScenarioDiff method is built upon AnimateDiff v2 and
Stable Diffusion v1.5. Our method consists of two training
stages. In the first stage, we jointly train the spatial layout
fuser and the motion module on the simulated dataset and
the VSPW dataset [24]. During this stage, we use a learning
rate of le-5, the weight A of 0.05, and a batch size of 2.
In the second stage, we train the mixed frequency controlnet
on a subset of WebVid dataset [2]. In this stage, we use a
learning rate of 1le-5, the weight A of 0.8, and a batch size of
2. Throughout all stages, the video data used is sampled into
16 frames. All training was performed on a single NVIDIA
A100 GPU.

For evaluation, we select several common objects such
as dogs, cats, and humans, and some common scenes. We
then provide them with a specified motion direction or some
transformation rules, resulting in prompts such as “a dog is
running from left to right” or “a person is walking from a
beach to a wheat field”. Ultimately, we generated 350 videos
for each method for comparison. For all videos, we set the
length of video chunk F, = 16, with the overlapping length
of O = 8.

Baselines To better evaluate the performance of ScenarioD-
iff, we compared it against various baselines. Their basic
information is provided below:

e [40]. Modelscope introduces spatial-temporal convolu-
tion and attention mechanisms into the [33] framework
enabling the generation of high-quality videos.
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Table 1 The quantitative results

. Methods Consistency Smoothness Dynamic CLIP-sim User-rank

of the baselines and our

proposed ScenarioDiff method.  \144e15c0pe 0.2181 0.9616 0.6809 0.2346 2.7481

The bolded results represent the

optimal results, and the SparseCtrl 0.2161 0.9684 0.6814 0.2262 3.6333

underlined results mean the StreamingT2V 0.2127 0.9622 0.6686 0.2316 3.8000

sub-optimal results FreeNoise 0.2205 0.9690 0.4400 0.2471 3.5519
Ours 0.2293 0.9744 0.6857 0.2346 1.2667

e [11]. SparseCtrl is a controlnet-based method to control
the generation of videos based on several types of condi-
tion information built upon [12].

e [14]. StreamingT2V is a controlnet-based method that
uses an auto-regressive manner to generate long videos.
To get more consistent chunks, StreamingT2V pro-
poses a randomized blending approach to mixture latents
between chunks.

e [29]. FreeNoise is a tuning-free method to generate long
videos while preserving consistency. To achieve this,
FreeNoise reschedules the noises and performs attention
over them by window-based fusion.

Metrics In order to evaluate the performance of the methods
from multiple perspectives, we employed diverse metrics to
assess these approaches as follows:

e [19]. VBench is a benchmark for video generation that
designs several metrics to evaluate the quality of video in
various aspects. We utilize some of these metrics which
have high relations to our setting including overall con-
sistency, motion smoothness, and dynamic degree.

e CLIP-Sim. To measure the alignment between generated
videos and provided text prompts, we utilized CLIP to
compare the similarity of each frame in the generated
videos with the corresponding text and computed the
average of these similarities as the final score.

e User-Rank. In order to evaluate the methods more accu-
rately, we conducted a user study. We presented users
with several prompts and videos generated by the meth-
ods and asked them to rank the videos based on how well
they aligned with the text description.

4.2 Main Results

The scores of different methods are shown in Table 1, and
some visualized generated results are shown in Fig. 7.

The quantitative comparisons demonstrate that our pro-
posed method achieves better performance than all the
baselines. Our method gets sub-optimal results only in terms
of the CLIP-sim metric while outperforming all other met-
rics. This indicates that our proposed method ensures the
generated videos are semantically consistent while possess-

ing stronger smoothness and dynamics. FreeNoise performs
well in most metrics but does poorly in terms of dynamic
degree. This may be attributed to its reuse of noisy latents
without introducing new dynamic information, constraining
the entire scene within a limited space.

Next, we will analyze the qualitative results. Figure 7
showcases the generated videos based on parts of the
prompts. In the case of the prompt “a dog is running from the
grass to the beach”, requires generating videos with a scene
transition. Most baselines blend the information from both
“the grass” and “the beach” throughout the entire video, lack-
ing noticeable changes in the overall video scene. In contrast,
our generated video begins with a dog standing on the grass,
facing the beach. As the video progresses, the dog gradually
runs towards the beach, and the entire video scene moves
completely to the beach. This is the same as the semantic of
the prompt while satisfying the logic of the real-world scene
changing.

In (b), the objective is to control the trajectory of the sub-
ject from right to left. We observe several issues with the
baselines.

e Random subject orientation. It means the baselines strug-
gle to effectively control the trajectory, sometimes even
resulting in movements in the opposite direction, as seen
in the results generated by StreamingT2V.

e Insufficient object motion. Both Modelscope and
FreeNoise generate videos where the subject is facing
the left, but the relative positions hardly change through-
out the video.

Our result successfully depicts the subject running from the
right side of the video to the left side, satisfying the prompts.

Rather than only controlling the trajectory, there are addi-
tional requirements regarding the background, the trajectory,
and the subject’s interaction with these backgrounds over
time in (c). We observe that only FreeNoise and our method
generate both a pool and the land to accommodate the text
“walks ashore”. However, FreeNoise fails to consider “the
duck is swimming”, resulting in unsatisfactory results.

(d) attempts to control the trajectories of multiple objects.
It can be observed that as the control requirements increase,
other baselines somehow overlook parts of the information.
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(c) A duck is swimming in the pool and then walks ashore.

Fig.7 The prompts and results generated by the baselines and our method

For example, the video generated by Modelscope appears
chaotic and fails to convey logical coherence. SparseCtrl
ignores the prompt of “a boy kicks a ball” and only generates
a dog running over a ball. In contrast, our method achieves
satisfactory results by incorporating scene information.

4.3 Ablation Study

In this section, we conducted a detailed analysis of some of
the hyperparameters and different components of our pro-
posed method.

4.3.1 Tuning with Simulated Dataset

We have experimented to analyze the effectiveness of tun-

ing on the simulated dataset, which is the first stage of our
proposed method. The results are shown in Fig. 8.

@ Springer

(b) A person is riding a horse under the mountain from
right to left.

(d) A boy kicks a ball into a pool of water and a dog runs

over to it.
sla— lgls —48le | gld g
\\0‘\' & | cat 8l 2 ‘ caf ‘ all & |lcat ‘ & cat
@ » = o = » L] =

Fig. 8 Qualitative results when ScenarioDiff with and without tuning
on the simulated dataset. The first row is the layout provided when
generation. The second row is the generated result with tuning on the
simulated dataset. The third row is the generated result without tuning
on the simulated dataset
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Table 2 Ablations about the components of the mixed frequency con-
trolnet

Consistency Smoothness CLIP-sim
w/o both 0.1584 0.9642 0.2190
w/o mixed 0.1540 0.9759 0.2206
w/o refiner 0.1733 0.9842 0.2284
ours 0.1748 0.9837 0.2304

Fig.9 Qualitative results when ScenarioDiff with and without the com-
ponents of mixed frequency controlnet. The video chunk is generated
with the prompt “A dog is running on the park”™. The first two columns of
images are sampled from the reference frames, and the last two columns
are predicted based on the reference

It can be observed that without fine-tuning, the model is
only able to control the motion of subjects but cannot control
scene movement and transformation. This is because the pre-
training data consists mainly of short video clips focused on
the motion of subjects, and lacks sensitivity to background
changes. After introducing the simulated dataset with vary-
ing backgrounds, this issue is greatly alleviated, allowing for
effective control of scene transformations through bounding
boxes.

4.3.2 Mixed Frequency ControlNet

In mixed frequency controlnet, there are two main compo-
nents, mixed init mechanism and mixed frequency refiner. We
have done experiments to evaluate the model without each
of the components to show their effectiveness. The results
are shown in Table 2 and some of the generated videos are
shown in Fig. 9.

Considering the quantitative metrics, the removal of each
of the modules results in a decrease in the overall genera-
tive ability of the model. Specifically, when the mixed init
mechanism is removed, there is a noticeable decline in three

Table 3 Ablations about the influence of the hyperparameter A

Consistency Smoothness CLIP-sim
A =0.00 0.1718 0.9778 0.2225
A =025 0.1739 0.9799 0.2299
% =0.50 0.1765 0.9812 0.2295
A =075 0.1749 0.9821 0.2338
A =1.00 0.1744 0.9828 0.2303

metrics. This suggests that the utilization of the mixed init
to expand and mix the low-frequency information from the
reference video chunk indeed assists the model in generating
smooth video frames while maintaining consistency with the
reference video frames.

The qualitative results also support our point. For the
model without mixed init and mixed frequency refiner, it still
can generate videos in an auto-regressive manner. However,
there exists a problem that the color and the quality changes
a lot within the chunk with and without reference. In the first
row, the dogs in the third and the fourth columns are much
different than in the references, and the grass in the back-
ground is not completely as green as in the first columns but
has some yellowing. When we remove only the mixed init,
it is even worse in some cases. This is because the mixed
frequency refiner is used to add perturbations to the part
of the non-overlapping frames to estimate the mixing fre-
quency information of the subsequent frames and to improve
the quality of the generation after the mixed init is done. If
mixed init is missing, the meaning of this module is con-
fusing. When only removing the mixed frequency refiner,
without additional processing, we give the non-overlapping
part almost the same reference information as the last frame
of the overlapping part. It will mislead the model and conflict
with other conditioning information which will finally cause
a decrease in performance.

4.3.3 Hyperparameter

In the previous subsection, we illustrate the effectiveness of
the framework of the mixed frequency controlnet, and in
this subsection, we try to discuss the hyperparameter used
for its training. We conduct experiments on the parameter
. We have trained the model with different values of A and
evaluated the performances on a subset of prompts used in
the main experiment. The results are shown in Table 3 and
Fig. 10.

From the quantitative results, both consistency and CLIP-
sim increase and decrease as A increases. When A = 1, it
degrades to train the controlnet normally, which indicates
that our proposed method is effective.
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Fig. 10 Qualitative results of different i. The video chunk is generated
with the prompt “A cat is running from the grass to the beach”. We have
enlarged the cat of the fourth column in the last column and highlighted
with a red box to point the degradation in quality that may occur when
A is too large or too small

Table 4 Ablations about the cross-chunk scheduling

Consistency Smoothness CLIP-sim
w/o both 0.1727 0.9795 0.2241
w/o mixed 0.1744 0.9843 0.2249
w/o reuse 0.1730 0.9811 0.2291
ours 0.1748 0.9837 0.2304

From the qualitative results, we notice that the quality of
the cats in the non-overlapping part drops severely when A
is small. This may be because the information on the non-
overlapping part estimated by the mixed init and the mixed
frequency refiner is not utilized, and the non-overlapping part
is seldom reconstructed during the training stage. When A is
set to a large value, the stacking of low-frequency informa-
tion from the last frame of the overlapping part may result
in residual artifacts in the generated video, as observed in
the cat’s tail in the last column of the last raw in Fig. 10.
Therefore, it is crucial to appropriately select the value of A

4.3.4 Cross-Chunk Scheduling

In the subsection, we make a discussion about the mixed init
mechanism and the latents reuse mechanism utilized during
cross-chunk scheduling. The quantitative results are shown
in Table 4 and the qualitative videos are shown in Fig. 11.
It can be found that when there is no reuse latents mech-
anism, the video will have color distortion between chunks.
For example, the street’s color will become yellow after
changing chunks in the first row and the fourth column in

@ Springer

Fig. 11 Qualitative results when ScenarioDiff with and without the
components of cross-chunk scheduling. The video chunk is generated
with the prompt “A cat is running from the rock to the street”. The first
three columns are sampled from different video chunks. We highlight
regions that may exhibit inconsistency between different chunks and
mark them with boxes. In the last two columns, we enlarge these regions
and mark them with boxes of the same color

Fig. 11. In the third row, the color of the lines on the street
also varied as we can find in the last column, resulting in
inconsistency. Besides, when not using mixed init, the video
generated will lose information and get a low-quality result.
As shown in the second row of Fig. 11, in the last column,
the generated video forgets the lane lines on the street.

5 Discussion

The limitations of the paper lie in two aspects. The first aspect
lies in the fact that this method inherits from AnimateDiff and
GLIGEN and therefore inherits their limitations. The second
limitation is the scarcity and low quality of video data with
bounding boxes. Because of the difficulty of labeling, the
scales of datasets for video segmentation are currently small.
Besides, the simulated videos generated from images are low
quality.

During this work, we found some biases, conflicts, and
compromises among different conditioning information. For
example, as shown in Fig. 12, we want to generate videos
of “a person is standing on the horseback". The bias of text
conditions lies in that most of the relations of person and
horse in the pre-trained datasets are “riding". As a result,
with only text prompt, the person is always sitting on the
horse. With well-designed layouts, we can generate a per-
son standing on the horse. However, the video quality and
the degree to which the objects match the bounding boxes
are reduced. This implies that there exist conflicts if we use
multiple different condition information.

Therefore, a potential direction for future research is to
learn the relationships among a broader range of condition-
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Fig. 12 The comparison of generated videos of prompt “a person is
standing on the horseback” with and without the layout. The first row
is the video without the layout. The second row is the video with the
layout. The last row is the layout provided

ing information, aiming to discover a balance that leads to
superior controllable generation.

6 Conclusion

In this paper, we present a novel text-to-video generation
framework ScenarioDiff. ScenarioDiff can generate videos
that transfer the scenes satisfying real-world logic, with the
proposed spatial layout fuser, mixed frequency controlnet,
and cross-chunk scheduling mechanism. Extensive experi-
ments on ScenarioDiff demonstrate the effectiveness of the
proposed method.
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