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ABSTRACT OF THE DISSERTATION

Generative Models for Novel Views and Video Synthesis
by

Hsin-Ping Huang

Doctor of Philosophy in Electrical Engineering and Computer Science
University of California Merced, 2025

Professor Ming-Hsuan Yang, Chair

Content creation aims to empower users to visualize complex ideas and generate rich
media content with minimal manual effort. Recent advancements in generative models
have significantly automated the creative process, producing increasingly realistic and
high-quality outputs. These developments lower the barrier for non-professional users
to create compelling artistic content without requiring extensive domain expertise.

In particular, techniques such as Neural Radiance Fields (NeRF), 3D Gaussian Splat-
ting, and recent text-to-video generation models have shown great promise in facilitating
3D content creation and synthesizing high-fidelity videos from natural language prompts.
Despite these impressive results, several key challenges remain. Existing models often
struggle with: 1) maintaining temporal and spatial consistency across multiple views and
video frames; 2) offering fine-grained controllability over individual subjects; and 3) gen-
erating complex content involving articulated subjects.

This thesis proposes several solutions to address these challenges. First, we introduce
a point cloud-based method for consistent and efficient 3D scene stylization. Next, we
present a video generation model that enables fine-grained control over object appearance
and spatial placement. We further design a human motion generation framework to support

video synthesis involving complex and articulated human actions. Finally, we propose a

XVi



long-take video generation model capable of producing temporally coherent content over
extended durations.

First, we propose a 3D scene stylization framework that generates consistent, stylized
novel views. Our method back-projects image features into 3D space and modulates the
scene using a learnable linear transformation matrix. The stylized scene is then projected
back into 2D space to render novel views with consistent style and geometry.

Second, we present a controllable video generation framework that provides an intu-
itive interface for manipulating the trajectory and appearance of individual objects. To
achieve this, we integrate control signals into text-to-video models through a multimodal
conditioning module that incorporates a joint encoder and control-attention layers.

Third, we propose an image-conditioned human motion generation method to improve
the quality of human motion in video synthesis tasks. Specifically, we employ a diffusion
transformer model trained on our collected video dataset with annotated human motion to
generate motion sequences that are semantically and spatially aligned with a given scene
image.

Finally, we introduce a framework to generate long-take videos containing multiple co-
herent events. Specifically, we decouple video generation into two stages. The keyframe
generation stage focuses on creating multiple coherent events, while the frame interpola-

tion stage generates smooth intermediate frames to ensure temporal continuity.
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Chapter 1

Introduction

1.1 Overview

Recent advances in content creation have led to remarkable progress across a wide
range of applications, significantly supporting the creative process and enabling users to
visualize their imagination with increasing fidelity. While image generation has achieved
impressive quality and flexibility, several challenges remain in the areas of novel view
synthesis and video generation.

In the field of novel view synthesis, methods such as Neural Radiance Fields (NeRF)
and 3D Gaussian Splatting have demonstrated strong capabilities in modeling fine scene
details with improved training efficiency. However, difficulties arise when applying these
models to visual editing tasks such as object removal, scene extrapolation, and style trans-
fer, where maintaining consistency across multiple synthesized views remains a significant
challenge. In the area of video generation, researchers have developed powerful base mod-
els in recent years. Despite these advances, limitations persist in enabling controllability
and coherence during generation. These limitations include achieving user-defined tra-
jectory control, camera control, customization of appearances across multiple subjects,

maintaining scene and object consistency across multiple shots, and generating long and



complex motions for articulated subjects.

To address these limitations, we propose effective and efficient solutions that enhance
the capabilities of generative models for novel view synthesis and video generation. Our
methods aim to achieve the following goals: 1) consistency across multiple views and
video frames, 2) fine-grained controllability at the subject level, and 3) the ability to gen-

erate complex and coherent content involving articulated subjects.

1.2 Organization

In Chapter 2, we tackle a 3D scene stylization problem — generating stylized images of
a scene from arbitrary novel views given a set of images of the same scene and a reference
image of the desired style as inputs. Direct solution of combining novel view synthesis
and stylization approaches lead to results that are blurry or not consistent across differ-
ent views. We propose a point cloud-based method for consistent 3D scene stylization.
First, we construct the point cloud by back-projecting the image features to the 3D space.
Second, we develop point cloud aggregation modules to gather the style information of
the 3D scene, and then modulate the features in the point cloud with a linear transforma-
tion matrix. Finally, we project the transformed features to 2D space to obtain the novel
views. Experimental results on two diverse datasets of real-world scenes validate that our
method generates consistent stylized novel view synthesis results against other alternative
approaches.

In Chapter 3, we present FACTOR for fine-grained controllable video generation.
While text-to-video generation shows state-of-the-art results, fine-grained output control
remains challenging for users relying solely on natural language prompts. FACTOR pro-
vides an intuitive interface where users can manipulate the trajectory and appearance of
individual objects in conjunction with a text prompt. We propose a unified framework to
integrate these control signals into an existing text-to-video model. Our approach involves

a multimodal condition module with a joint encoder, control-attention layers, and an ap-



pearance augmentation mechanism. This design enables FACTOR to generate videos that
closely align with detailed user specifications. Extensive experiments on standard bench-
marks and user-provided inputs demonstrate a notable improvement in controllability by
FACTOR over competitive baselines.

In Chapter 4, we propose Move-in-2D, a novel approach to generate human motion se-
quences conditioned on a scene image, allowing for diverse motion that adapts to different
scenes. Our approach utilizes a diffusion model that accepts both a scene image and text
prompt as inputs, producing a motion sequence tailored to the scene. To train this model,
we collect a large-scale video dataset featuring single-human activities, annotating each
video with the corresponding human motion as the target output. Experiments demon-
strate that our method effectively predicts human motion that aligns with the scene image
after projection. Furthermore, we show that the generated motion sequence improves hu-
man motion quality in video synthesis tasks.

In Chapter 5, 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 generation. The main idea of our approach is to decouple video generation into
keyframe generation and frame interpolation. In this process, keyframe generation fo-
cuses on creating multiple coherent events, while the frame interpolation stage generates
smooth intermediate frames between keyframes using existing video generation models.
A novel mask attention module is further introduced to improve coherence and efficiency.
Experiments on challenging real-world videos demonstrate that the proposed method out-
performs prior methods by up to 9.5% in objective metrics.

In Chapter 6, we summarize the main contributions of this thesis and discuss several
potential directions for future research, including 1) real-time style transfer for dynamic

scenes and 2) learning to generate human-scene interactions from videos.



Chapter 2

Learning to Stylize Novel Views

We tackle a 3D scene stylization problem — generating stylized images of a scene from
arbitrary novel views given a set of images of the same scene and a reference image of the
desired style as inputs. Direct solution of combining novel view synthesis and stylization
approaches lead to results that are blurry or not consistent across different views. We
propose a point cloud-based method for consistent 3D scene stylization. First, we construct
the point cloud by back-projecting the image features to the 3D space. Second, we develop
point cloud aggregation modules to gather the style information of the 3D scene, and then
modulate the features in the point cloud with a linear transformation matrix. Finally, we
project the transformed features to 2D space to obtain the novel views. Experimental
results on two diverse datasets of real-world scenes validate that our method generates

consistent stylized novel view synthesis results against other alternative approaches.

2.1 Introduction

Visual content creation in 3D space has recently attracted increasing attention. Driven
by the success of 3D scene representation approaches [141, 166, 249], recent methods

have made significant progress on various content creation tasks for 3D scenes, such as
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Figure 2.1: 3D scene stylization. Given a set of images of a 3D scene (left) as well as
a reference image of the desired style (middle), our method is able to modify the style
of the 3D scene, and synthesize images of arbitrary novel views (right). The novel view
synthesis results 1) contain the desired style and 2) are consistent across various novel

views, e.g., the texture in the yellow boxes.

semantic view synthesis [71, 87] and scene extrapolation [127]. In this work, we focus
on the 3D scene stylization problem. As shown in Figure 2.1, given a set of images of
a target scene and a reference image of the desired style, our goal is to render stylized
images of the scene from arbitrary novel views. 3D scene stylization enables a variety of
interesting virtual reality (VR) and augmented reality (AR) applications, e.g., augment the
street scene at user locations to the Cafe Terrace at Night style by van Gogh.

Learning to modify the style of an existing 3D scene is challenging for two reasons.
First, the synthesized novel views (i.e., 2D images) of the stylized 3D scene must contain
the desired style provided by the reference image. Second, since our goal is to stylize
the holistic 3D scene, the generated novel views need to be consistent across different
viewpoints for the same scene, such as the texture in the yellow boxes shown in Figure 2.1.

To handle these challenges, one plausible solution is to combine existing novel view

synthesis [166, 249] and image stylization approaches [116, 184]. However, such straight-
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Figure 2.2: Motivation. While the existing methods can be used for the 3D scene styliza-
tion task, these methods either produce blurry (image stylization — novel view synthesis),
short-range inconsistent (novel view synthesis — image stylization), or long-range incon-

sistent (novel view synthesis — video stylization) results.

forward approaches lead to problematic results since image stylization schemes are not
designed to consider the consistency issue across different views for the same scene. We
present the examples in Figure 2.2 where the results may be blurry if the input images of
the target scene are stylized before conducting novel view synthesis. On the other hand,
if we apply image stylization after novel view synthesis, the results are not consistent
across different views. Another possible solution is to treat a series of novel view syn-
thesis results as a video, and use the video stylization frameworks [43, 55, 202] to obtain
temporally consistent results. However, as shown in Figure 2.2, these approaches are not
able to enforce long-range consistency (i.e., between two far-away views) as the video
stylization schemes only guarantee the short-term consistency.

In this work, we propose a point cloud-based method for consistent 3D scene styliza-
tion. To synthesize novel views that 1) match arbitrary style images and 2) render images
with consistent appearance across different views, the core idea is to operate on the 3D
scene representation, i.e., point cloud, of the target scene. Given a set of input images of
the target scene, we first construct the point cloud by back-projecting the image features
to the 3D space according to the pre-computed 3D proxy geometry. To transfer the style
of the holistic 3D scene, we develop a point cloud transformation module. Specifically,

we use a series of point cloud aggregation modules to gather the style information of the



3D scene. We then modulate the features in the point cloud with a linear transformation
matrix [116] computed according to the style information of the point cloud and reference
image. Finally, we project the transformed features from the point cloud to the 2D space to
obtain the novel view synthesis results. Since our method synthesizes novel view images
from the same stylized point cloud, the rendered results not only demonstrate the desired
style, but also are consistent across different viewpoints.

We evaluate the proposed 3D scene stylization method through extensive qualitative
and quantitative studies. The experiments are conducted on two diverse datasets of real-
world scenes: Tanks and Temples [108] and FVS [165]. We conduct a user preference
study to evaluate the stylization quality, i.e., whether the novel view synthesis results
match the style of the reference image. In addition, we use the Learned Perceptual Image
Patch Similarity (LPIPS) [254] metric to measure the consistency of the results synthe-
sized across different novel views.

We make the following contributions in this work:

e We propose a point cloud-based framework for the 3D scene stylization task.

e We design a point cloud transformation module that learns to transfer the style from

an arbitrary 2D reference image to the point cloud of a 3D scene.

e We validate that our method produces high-quality and consistent stylized novel

view synthesis results on the Tanks and Temples as well as FVS datasets.

2.2 Related Work

2.2.1 Novel View Synthesis

Given a set of images for a scene, novel view synthesis aims to generate high-quality
images at arbitrary viewpoints. It can be categorized by the number of input images that
cover the scene. One line of work takes as input a single image or stereo images. These

methods use multi-plane images [182, 187, 211, 263], layer depth image [111, 174], or



point cloud [146, 210] representations to synthesize images at novel views near the in-
put views, e.g., 3D photo. To enable the image synthesis at arbitrary novel views, sev-
eral recent frameworks take hundreds of input images of a scene as the input. These
frameworks leverage different 3D representations to accomplish the task. Image-based
rendering approaches [165, 166] compute 3D proxy geometry of the scene, and gener-
ate images by warping the input frames to the desired novel views. Neural radiance field
schemes [128, 141, 240, 249] use multi-layer perceptrons to implicitly encode the scene
for novel view synthesis. Point cloud-based methods [140, 2] solve different optimization
problems to construct the point cloud for a specific 3D scene. Different from these frame-
works, our goal is to generate stylized novel view images of the 3D scene. As shown in
Figure 2.2, while existing algorithms can be used for the 3D scene stylization task, they

fail to generate high-quality novel view synthesis results with the desired style.

2.2.2 Image and Video Stylization

Image stylization [56] aims to transfer the style of a reference image to the single in-
put image. Existing methods [24, 98, 118, 173, 189] are designed based on feed-forward
networks for transferring a set of pre-defined styles. For arbitrary image style transfer,
Huang and Belongie [91] use first-order statistics to encode the style information, and
transform the image style via the AdaIN normalization layers. The WCT [119] approach
uses whitening and coloring transformation to match the second-order statistics of the in-
put image to those of the reference image. In addition, the LST [116] scheme leverages
the convolutional neural networks to reduce the computational cost of solving the trans-
formation matrix in the WCT method for real-time universal style transfer. Most recently,
the TPFR method [184] proposes a regularization layer to facilitate the generalization of
image stylization models.

Video stylization aims to transfer the style of a reference image to a sequence of video

frames. To address the temporal flickering issue produced by the image stylization ap-



proaches, numerous approaches [23, 31, 54, 69, 86] incorporate optical flow modules to
train feed-forward networks for transferring a particular style to the videos. Several recent
frameworks [43, 55, 202] enable the video style transfer to arbitrary styles. Although sig-
nificant advances have been made, existing methods are designed specifically for transfer-
ring the style of 2D images or video sequences. As shown in Figure 2.2, simply applying
these schemes for the 3D scene stylization task leads to problematic results, such as blurry
or short/long-range inconsistent images across different novel views.

Several efforts have been made to perform the stylization in 3D space. However, these
approaches are only applicable to single objects [102], narrow-baseline stereo images [25,
63], or light field images [73]. In contrast, our method stylizes complex 3D scenes, and

produces consistent results at arbitrary viewpoints.

2.2.3 Deep Neural Networks for Point Clouds

Various deep neural network (DNN)-based models [107, 114, 115, 117, 157, 158, 215,
218, 257] that take point clouds as input are widely studied for vision recognition tasks in-
cluding 3D semantic segmentation [5], 3D shape classification or normal estimation [216],
and 3D object part segmentation [236]. Recently, Mallya et al. [137] proposes a point
cloud colorization approach for the video-to-video synthesis task. In this work, we pro-
pose a DNN-based point cloud transformation model for the 3D scene stylization task. We
note that the PSNet [19] model aims to transfer the style of the point cloud. Nevertheless,
there are two issues for the PSNet method to be applied to the 3D scene stylization task.
First, it does not support synthesizing high-quality stylized images at novel views, which
makes the PSNet framework limited for real-world (e.g., AR) applications. Second, since
the PSNet scheme requires the optimization process for each specific scene, it is time-
consuming, and fails to handle large-scale scenes in the real-world with more than 60M
points, such as those in the Tanks and Temples dataset [108]. In contrast, we propose a

feed-forward point cloud model that is efficient, capable of handling large-scale 3D scenes,
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Figure 2.3: Algorithmic overview. The proposed method consists of three steps: 1) con-

N

structing the 3D point cloud from the set of input images {L.},_,,

2) transforming the point
cloud according to the reference image S with the desired style, and 3) synthesizing the
stylized image O, at arbitrary novel view v. The coloring of the point clouds is for visual-
ization purposes only. In our approach, the point clouds store the features rather than RGB

values.

and generating images with arbitrary styles at various novel views.

2.3 Methodology

We present the overview of the proposed 3D scene stylization framework in Figure 2.3.
Given a set of N input images {I,,}nN:1 of a static scene, and a reference image S with
the desired style, our goal is to synthesize the image O, at the novel view v with the
camera pose (R,,#,) and intrinsic K. Specifically, the generated novel view image O,
needs to 1) match the style of the reference image S and 2) be consistent for different
viewpoints v. To handle such (especially the consistency) requirements, our core idea is
to 1) construct a single 3D representation, i.e., point cloud, for the holistic scene, and 2)
transform the representation to produce not only stylized but also consistent novel view

synthesis results. The proposed approach consists of three steps: point cloud creation,
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point cloud transformation, and novel view synthesis, described in the following sections.

2.3.1 Point Cloud Construction

Pre-processing. Our method leverages camera pose and proxy geometry to construct the

3D point cloud. Given the input images {I,}"_,, we first use a structure-from-motion al-

n=1°

N
n=1

and intrinsic parameters {Kn}nNzl.

gorithm [171] to estimate the camera poses {R,, t,,}
For each image I,, we use the COLMAP [171, 172] and Delaunay-based reconstruc-
tion [95, 110] schemes to obtain the depth map D, that can appropriately back-project

the points from the image plane to the 3D space.

Feature extraction and back-projection. Since our goal is to transform the point cloud
representation for the 3D scene stylization purpose, we need the point cloud representation
to encode the style information. Therefore, we use the VGG-19 model [177] pre-trained
on the ImageNet [42] dataset to extract the relu3_1 feature maps {F¢}"_ of the input images

{L}_,. The width and height of each feature map is H and W. According to the depth

N
n=1’

map {D,}_,, we back-project all the points in each feature map to build the 3D point cloud

{ f;’};’ _» where P = NHW is the total number of points in the constructed point cloud.

2.3.2 Point Cloud Transformation

We model the 3D scene stylization process as a linear transformation [116] between
the constructed and stylized point clouds. Intuitively, the goal is to match the covariance
statistics of the stylized point clouds and those of the reference image S. To achieve

this, we use the pre-trained VGG-19 network to extract the relu3_1 feature map from the

P
p=0

we use a predicted linear transformation matrix T to compute the modulated point cloud

reference image S as the style feature map F*. Given the constructed point cloud {f}

{f;)r_,, namely

=T -f)+f Vpell,--- Pl (2.1)
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Figure 2.4: Point cloud transformation. We model the 3D scene stylization process as
the linear transformation between the constructed and stylized point clouds. Specifically,
the constructed point cloud is modulated using the predicted linear transformation matrix
T, as described in (2.1). We use a series of point cloud aggregation modules to gather the
point cloud information, and the convolution layers to process the reference image feature

F* to compute the matrix T.

P

r_1»and f* is the mean of the

where f¢ is the mean of the features in the point cloud { ol

style feature map F°.

Linear transformation matrix T. The transformation matrix T is computed from the
style feature map F* and constructed point cloud {f; }5 _,- As shown in Figure 2.4, we adopt
the strategy similar to the LST [116] method that uses the convolution layers, covariance
computation, and fully-connected layers to compute the matrix T* from the style feature
map F*. On the other hand, we develop a series of point cloud aggregation modules to

process the point cloud {f,, };’ and use the covariance computation followed by the fully-

—1»
connected layers to calculate the matrix T¢. Finally, we obtain the transformation matrix
T =T°Te.

Point cloud aggregation. It is challenging to gather the information contained in the
constructed point cloud {f; };’:1 due to the sparsity and non-uniformity. We note that the

constructed point cloud is non-uniform if the input images cover a particular region of the
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3D scene. In this work, we leverage the set abstraction [158] concept to aggregate the
point cloud. The input {f; }1’7’ _, to a point cloud aggregation module is a set of P points
with feature dimension ¢, and the output { f;"}l’: ", is a set of P’ points with dimension ¢’
We first sample a subset of P’ points {f] }5 ;1 using the iterative farthest point sampling
algorithm [64, 142]. Viewing the sampled points as the centroids in the 3D space, we use
a radius parameter r to find the nearby points to form a point group. By using the MLP
layers and the max pooling operator to map each point group to a vector, we obtain the
aggregated point cloud {f¢ ) _,. The output {f¢ JP_, is then used as the input for the next

module. We use three point cloud aggregation modules sequentially in our pipeline.

2.3.3 Novel View Synthesis and Model Training

We aim to synthesize stylized image O, at an arbitrary novel view v. Given the target
camera pose (R,,,) and intrinsic K,, we use Pytorch3D [163, 210] to render the trans-
formed 2D feature map F¢. We then use a decoder network to generate the stylized novel

view image O, from the 2D feature map F¢.

Model training. We keep the pre-trained VGG-19 feature extractor fixed during the whole
training phase. We first train the decoder network to perform the non-stylized novel view
synthesis. Since the ground-truth (non-stylized) novel view image is available in the train-
ing sets, we use the £1 reconstruction loss to optimize the decoder network. We then keep
the decoder network fixed, and train the proposed point cloud transformation module with
the following loss functions:
e Content loss L. ensures the preservation of the content information by measuring
the distance between the pre-trained VGG-19 features of the generated stylized im-
age O, and the ground-truth (non-stylized) image I,.
e Style loss L encourages the synthesized image O, to match the style of the refer-
ence image S. Similar to recent style transfer approaches [98, 116], we extract the

features at different layers of the pre-trained VGG-19 model, and compute the gram
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matrix differences.

The overall loss function for training the point cloud transformation module is
L=L(0,1)+1L,(0,,8), 2.2)

where A controls the importance of each loss term.

2.4 Experimental Results

We conduct extensive experiments on two real-world datasets to validate the efficacy

of the proposed 3D scene stylization model.

Datasets. We use the Tanks and Temples [108] dataset for quantitative evaluation. Similar
to the setting in FVS [165], we use 17 out of the 21 scenes for the training. The four
remaining scenes (Truck, Train, M60 and Playground) are used for testing. We also present
qualitative results on the FVS [165] dataset, which consists of 6 scenes: Bike, Flowers,
Pirate, Digger, Sandbox and Soccertable. Note that both datasets are collected by handheld

cameras in un-constraint motions.

Evaluated methods. As the 3D scene stylization task is a relatively new problem, we
evaluate our method against alternative approaches built upon the state-of-the-art novel
view synthesis NeRF++ [249], SVS [166], and image/video stylization schemes:

o Image stylization — novel view synthesis: We first use image stylization schemes
LST [116] or TPFR [184] to transfer the style to the input images {In}nN:1 , then per-
form novel view synthesis.

e Novel view synthesis — image stylization: We apply image stylization to the novel
view synthesis results.

e Novel view synthesis — video stylization: We use a series of novel view synthesis
results to create a video, then apply video stylization methods Compound [202],

FMVST [55], or MCC [43].
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Figure 2.5: Visual comparisons to image stylization-based approaches. We com-
pare the stylized novel view images generated by the three image stylization alternative

schemes and our model on Tanks and Temples dataset [108].
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Figure 2.6: Visual comparisons to video stylization-based approaches. We compare the

stylized novel view images generated by the three video stylization alternative schemes

and our model on Tanks and Temples dataset [108].
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2.4.1 Qualitative Results

Image stylization. Figure 2.5 presents the qualitative comparison between the stylized
novel view images generated by the three image stylization alternative schemes and the
proposed method. Since the images are stylized independently without considering the
consistency issue across different viewpoints, we observe two issues in the image stylization-
based methods. First, LST — SVS generally produces blurry novel view images. Since the
stylized input images are not consistent, the novel view synthesis approach tends to blend
such inconsistency, which leads to blurry results. Second, the novel view synthesis results
are not consistent if we operate in the reverse order, i.e., SVS — LST. We highlight the
inconsistency using yellow boxes in Figure 2.5. Note that we observe the same problem if

we replace SVS with NeRF++.

Video stylization. We qualitatively evaluate the results by the proposed method and three
video stylization alternative approaches in Figure 2.6. Specifically, we create the videos
using a series of novel view synthesis results. All the alternative approaches generate
inconsistent results between two relatively far-away viewpoints since the video stylization
methods only guarantee short-term consistency in the video. Although SVS—Compound
generates less inconsistent results, the style of the novel view images is bland and not
aligned with that of the reference image. On the other hand, SVS—FMVST creates images
that better match the desired style, but fails to preserve the content of the original scene.
In contrast to the image and video stylization alternative approaches, our method 1)
generates sharp novel view images with correct scene contents and the desired style, and
2) guarantees the short/long-range consistency. Furthermore, we demonstrate the general-
ization of the proposed framework in Figure 2.7 , where we use the model trained on the

Tanks and Temples dataset to perform the 3D scene stylization task on the FVS dataset.
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Figure 2.7: Qualitative results on the FVS dataset. We demonstrate the generalization

of the proposed approach by training on the Tanks and Temples dataset, then testing on

the FVS dataset.

2.4.2 Quantitative Results

Stylization quality. We conduct a user study to understand the user preference between
the proposed and the alternative approaches. For each testing scene in the Tanks and
Temples dataset, we create a video using a series of stylized novel view synthesis re-
sults. By presenting two videos generated by different methods for the same scene, we
ask the participants to select the one that (1) has more consistent contents across different
video frames (e.g., less flickering), and (2) better matches the style of the reference image.

As the results shown in Figure 2.8, the synthesized images by the proposed method are
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Figure 2.8: User preference study. We conduct a user study and ask subjects to select
the results that (a) have more consistent contents across different video frames (e.g., less
flickering), (b) better match the style of the example image. The number indicates the

percentage of preference.

consistent and close to the reference style. We observe that the users slightly prefer the
style generated by SVS—FMVST. However, as illustrated in Section 2.4.1 and Figure 2.6,
SVS—FMVST fails to preserve the content of the original scene.

Short-range consistency. We use the warped LPIPS metric [254] to measure the consis-
tency of the results across different viewpoints. Given a stylized image at a novel view v,
we warp the results generated at another novel view V' to the view v according to the 3D

proxy geometry described in Section 2.3.1. We then compute the score by

Eyarp(0y, O)) = LPIPS(O,, W(0;), M,,), (2.3)
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Table 2.1: Short-range consistency. We compare the long-range consistency using the
warping error (|) between the viewpoints of (¢ — 1)-th and #-th testing video frames in the
Tanks and Temples dataset [108]. We report the average errors of 15 diverse styles. The

best performance is in bold and the second best is underscored.

Method Truck Playground Train M60 | Average
NeRF++—LST 0.215 0.168 0.250 0.274 | 0.231
SVS—LST 0.192 0.159 0.220 0.241 | 0.206
NeRF++—TPFR 0.216 0.214 0.299 0.279 | 0.258
SVS—-TPFR 0.235 0.237 0.291 0.276 | 0.264

NeRF++—Compound | 0.188 0.169 0.229 0.208 | 0.202

SVS—Compound 0.166 0.156 0.199 0.160 | 0.172
NeRF++—FMVST 0.342 0.300 0.405 0.348 | 0.354
SVS—-FMVST 0.343 0.304 0.412 0337 | 0.354
NeRF++—-MCC 0.250 0.201 0.269 0.255 | 0.246
SVS—MCC 0.242 0.198 0.260 0.224 | 0.232
Ours 0.184 0.158 0.170 0.172 | 0.170

where W is the warping function and M,,, is the mask of valid pixels warped from the
views V' to v. Note that we only use the values of valid pixels in the mask for the “spatial
average” operation in [254]. For each of the testing scenes in the Tanks and Temples
dataset, we use 15 style images [55] to compute the average warping error.

We first present the short-range consistency comparison in Table 2.1. In this experi-
ment, we use the nearby view for a specific novel view to compute the warping error.! In
general, the image stylization alternative methods produce short-range inconsistent results

as they process each novel view independently. In contrast, the proposed method performs

"We use the viewpoints of (f — 1)-th and #-th testing video frames as the views v’ and v, respectively.
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Table 2.2: Long-range consistency. We compare the long-range consistency using the
warping error (|) between the viewpoints of (¢ — 7)-th and #-th testing video frames in the
Tanks and Temples dataset [108]. We report the average errors of 15 diverse styles. The

best performance is in bold and the second best is underscored.

Method Truck Playground Train M60 | Average
NeRF++—LST 0.570 0.349 0.520 0.639 | 0.521
SVS—LST 0.567 0.327 0.470 0.603 | 0.489
NeRF++—TPFR 0.579 0.436 0.503 0.655 | 0.541
SVS—TPFR 0.605 0.430 0.470 0.581 | 0.513

NeRF++—Compound | 0.586 0.398 0.477 0.557 | 0.498

SVS—Compound 0.573 0.388 0.422 0.460 | 0.449
NeRF++—=FMVST 0.742 0.525 0.636 0.695 | 0.644
SVS—FMVST 0.732 0.519 0.620 0.662 | 0.626
NeRF++—-MCC 0.691 0.450 0.535 0.646 | 0.571
SVS—-MCC 0.693 0.447 0.516 0.584 | 0.548
Ours 0.559 0.337 0.412 0.458 | 0.431

comparably against the video stylization-based approach SVS—Compound that considers
the short-term consistency in videos. Nevertheless, SVS—Compound synthesizes bland
styles that do not match the desired styles, as the results demonstrated in Figure 2.6 and

Figure 2.8.

Long-range consistency. We also consider the long-range consistency issue in our ex-
periments. In this experiment, we compute the warping error between the results of two
(relatively) far-away views.? As demonstrated in Table 2.2, the proposed method performs

favorably against the alternative approaches. Despite the capability of ensuring short-range

2We use the viewpoints of (¢ — 7)-th and ¢-th testing video frames as the views v’ and v, respectively.
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Figure 2.9: Ablation study on the number of point cloud aggregation modules. We
compare the visual results of using 0/1/3/5 modules. We empirically decide to use 3 mod-

ules for better visual quality.
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Figure 2.10: Role of point aggregation. We visualize the point distribution before
and after the point aggregation. Our point aggregation module obtains a more uniform-
distributed point set to fairly estimate the transformation matrix T that achieves better 3D

scene stylization results.

consistency, video stylization-based schemes fail to maintain the long-range consistency.

Number of point cloud aggregation modules. We conduct an ablation study to decide
the number of point cloud aggregation modules described in Section 2.3.2. The results
are presented in Figure 2.9. We empirically choose to use three modules for better visual

quality. Moreover, we visualize the point distributions before and after the aggregation in
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Figure 2.10 to understand the role of the aggregation module. The point density before
the aggregation is higher around the regions of the 3D scene where more input images
cover. As a result, the prediction of the transformation matrix T is dominated by such
regions, which leads to low-quality stylization results (2nd column in Figure 2.9). By
using the point cloud aggregation modules, we obtain a more uniform-distributed point set

that fairly estimates the matrix T for the 3D scene stylization task.

2.5 Conclusions

In this work, we introduce a 3D scene stylization problem that aims to modify the
style of the 3D scene and synthesize images at arbitrary novel views. We construct a
single 3D representation, i.e., point cloud, for the holistic scene, and design a point cloud
transformation module to transfer the style of the reference image to the 3D representation.
Qualitative and quantitative evaluations validate that our method synthesizes images that

1) contain the desired style and 2) are consistent across various novel views.



Chapter 3

Fine-grained Controllable Video
Generation via Object Appearance and

Context

While text-to-video generation shows state-of-the-art results, fine-grained output con-
trol remains challenging for users relying solely on natural language prompts. In this
work, we present FACTOR for fine-grained controllable video generation. FACTOR pro-
vides an intuitive interface where users can manipulate the trajectory and appearance of
individual objects in conjunction with a text prompt. We propose a unified framework to
integrate these control signals into an existing text-to-video model. Our approach involves
a multimodal condition module with a joint encoder, control-attention layers, and an ap-
pearance augmentation mechanism. This design enables FACTOR to generate videos that
closely align with detailed user specifications. Extensive experiments on standard bench-
marks and user-provided inputs demonstrate a notable improvement in controllability by

FACTOR over competitive baselines.

23
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Text-to-Video Generation

Prompt+Trajectory: “A car driving in Paris from right to left.”
Text-to-Video + ControlNet
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Figure 3.1: Text-to-video generation [192] has limited controllable ability through user-
provided prompts. Text-to-video+ControlNet [255] requires dense control signals ex-
tracted from a reference video. To enable controllability through user-friendly inputs,
FACTOR controls precise subject movements through hand-drawn trajectories and their

visual appearance using reference examples.

3.1 Introduction

Recent text-to-video models [83, 213, 212, 80, 178, 14, 104, 198, 58, 192, 262] allow
users to translate their creative ideas into video content easily. However, achieving pre-
cise control over the composition of these videos remains a challenge. Specifying detailed
object movements and appearances through text alone is often difficult and requires iter-
ative revisions. Even when users provide additional descriptions like “from right to left”
or “yellow and black trim,” models can still struggle to generate the desired output, as
shown in Figure 3.1 top. It is highly desirable to have a user-friendly system that enables
fine-grained control over the appearance and motion of individual objects.

Recent advances such as ControlNet [250] offer potential solutions, integrating struc-

tural controls (e.g., optical flow, depth) into text-to-video generation [214, 104, 255, 28].



25

Similar techniques have been developed in video editing [201, 129, 159, 59], where natu-
ral language guides the manipulation of a video’s content and style. While these methods
offer promising results, they rely on dense control inputs for every frame — typically ex-
tracted from a reference video (Figure 3.1 middle). This limits the generation of novel
videos with structures different from the reference and makes the process impractical for
manual user input.

On the appearance control front, methods like DreamBooth and its extensions [104,
261, 214, 168, 68, 14] allow for subject customization in video generation. However,
these methods are limited to adjusting the appearance of individual subjects and cannot
manipulate their appearances and locations simultaneously. VideoComposer [204] takes a
step forward by integrating text with spatial and temporal controls. However, it requires
dense motion information from a reference video and applies these controls globally to the
entire video. A method for generating videos composed of multiple entities, with precise
control over appearance and motion, remains an exciting and open problem.

In this work, we introduce FACTOR, a framework for fine-grained controllable video
generation. We demonstrate that for precise control, users should be able to easily manip-
ulate individual entities when generating videos with multiple objects. FACTOR priori-
tizes user-friendliness by accepting sparse and intuitive inputs: a text prompt, user-drawn
bounding boxes, and user-provided reference images. To this end, we build FACTOR
upon an off-the-shelf text-to-video model [192]. We use a joint encoder to integrate the
multimodal input control signals and insert control-attention layers into the model’s trans-
former blocks. Training involves only these newly inserted layers, with the pre-trained
model’s weights frozen. This design ensures high-quality video generation while intro-
ducing object-level control mechanisms. We further enhance the diversity of reference
appearance images through color and geometric transformations to improve appearance
control. Experiments on the MSR-VTT benchmark [222] demonstrate that FACTOR sig-
nificantly improves generation quality, trajectory, and appearance control compared to the

alternative approaches. A user study further validates the effectiveness of the proposed
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method.

The main contributions of this work are:

o We target the new form of fine-grained controllable video generation that aims to
synthesize videos via multimodal context (text, appearance, and trajectory) of indi-
vidual objects from easy-to-give user inputs.

e We propose a unified framework to achieve multimodal control within a single train-
ing process. This is achieved by injecting control signals with control-attention and
appearance augmentation.

e We validate that our method offers fine controllability of multiple objects compared
to existing works and shows the additional benefit of creating interactions, which is

challenging for existing text-to-video models.

3.2 Related Work

3.2.1 Text-to-video Generation

Text-to-video models have made impressive progress. Token-based methods [212, 213,
83] utilize an auto-regressive model to predict videos in the latent space. Diffusion-based
models [178, 82, 80] extend the 2D diffusion model [167] to generate videos [104, 198,
262, 14, 58,247, 205, 26, 13, 198, 58, 132, 203, 27, 70, 68, 104, 200, 220] by incorporating
temporal layers. Although these models produce promising results, they have limited con-
trol over the generated videos since text prompts cannot accurately convey precise control
signals. In this work, we develop a fine-grained video generation framework that controls
the location and appearance of objects. We adopt a generative transformer model [192] as

our base model, and our approach can be adapted to diffusion-based models.
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3.2.2 Controllable Text-to-image Generation

Various models have been proposed to enhance the controllability of text-to-image
models, particularly in terms of structure and appearance. ControlNet [250, 145, 260,
223, 234, 121], structure-guided generation [7, 225, 232, 246, 72], and training-free ap-
proaches [11, 242, 217, 106, 47] incorporate various spatial control signals such as edges,
depth, segmentation, and human pose into pre-trained diffusion models. However, the
dense structure inputs these models require can be challenging for users to provide when
generating videos. Fine-tuning on reference images [52, 168, 113] and encoder-based
methods [53, 208] are employed to control the appearance of subjects. However, these
methods do not control the locations of subjects. In contrast, we propose a fine-tuning-
free method to jointly control the appearance and location of subjects for video generation.
ControlNet is extended to control global appearance and style [223, 234], while FACTOR

focuses on individual subject appearance control.

3.2.3 Controllable Text-to-video Generation

Structural control for video generation [204, 214, 104, 133, 255, 219, 28, 124, 33, 35,
48] focuses on producing temporally consistent videos using a temporal attention layer
integrated with ControlNet. Video editing approaches [201, 231, 21, 175, 129, 159, 85,
195, 59, 220, 150, 89, 160] aim to alter the appearance and style of videos based on text
prompts. They typically require dense structural inputs extracted from reference videos. In
contrast, our work focuses on controllable T2V generation using sparse and user-friendly
control signals. Video customization through fine-tuning [214, 104, 78, 261] still relies on
dense structural inputs and often lacks control over subject location [68, 14]. VideoCom-
poser [204] employs a reference image for global appearance control and a dense motion
sequence for spatial control. In contrast, FACTOR focuses on controlling the generation

of individual subjects using sparse inputs.
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3.3 Method

Our main goal is to develop a user-friendly system allowing entity-level motion and
appearance control for video generation. To this end, we enable users to provide mul-
timodal inputs: a text prompt, user-drawn bounding box trajectories, and user-provided
reference images. By breaking down the video into manageable entities, users can create
the desired video content by adjusting the properties of individual elements. Our intuitive
control interface facilitates users to gradually design their videos by adding entities with
reference images in one frame and adjusting their positions across multiple frames. We
first briefly review the base T2V model and provide an overview of our approach. Then,

we introduce each component in detail.

3.3.1 Preliminaries: Text-to-video Generation

Our base T2V model [192] consists of an encoder-decoder model that encodes the
video into discrete tokens and a bidirectional transformer model that predicts the video
tokens conditioned on the embedding of text prompts. During training, the tokens are
replaced with a special token [MASK], and the transformer model is optimized to predict
the tokens at [MASK] locations based on the text embedding. We minimize the negative
log-likelihood of predicting the masked tokens v,,t € M, where M denotes the subset of
video tokens that are masked, v denotes the video token sequence, and v,, denotes the

masked version of v.

L=— VQE@Z 1og p(v,vas, p)- (3.1)

teM

The transformer model contains a series of attention layers that condition the video token
prediction on the text embeddings. At inference time, all tokens are replaced with [MASK],
and the model iteratively predicts the tokens. We use a token-based generative transformer
model for its fast inference and inherent flexibility in modeling various control signals

directly within the same architecture.
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Figure 3.2: Overview. a) Multimodal condition: a joint encoder is learned to encode
the prompt and control to capture their interaction. Control-attention layers are inserted
into the transformer blocks of the text-to-video model to incorporate multimodal control
signals. Only the inserted layers are optimized to generate videos satisfying the fine-
grained control. b) Entity control encoding: given T time steps, the embedding of control
¢, 1s formed by the control for N entities, e, where padding tokens replace the embedding
of the non-existing entity. The control for entity n at time ¢ is formed by embeddings of

the description, location, and reference appearance.

3.3.2 Overview

We present a novel approach for fine-grained video generation that allows for precise
control of individual objects using user-friendly inputs. The problem is defined as follows:
given a text prompt p and fine-grained control ¢ as inputs, our model aims to generate a
video that satisfies both input conditions. Specifically, users provide multimodal control
c by 1) describing the desired entities in the video, 2) drawing their trajectories, and 3)
providing a reference appearance image for each entity. This pipeline helps users create
videos intuitively. The input control signal is given at 7' timesteps. Assuming there are
N entities in the video, we define our control as ¢ = {c,}thl. At a single timestep z, the
embeddings ¢, are formed by a sequence of entity controls, i.e., the embeddings of the
N entities ¢; = {e"}nN: ,- The embeddings e} encode the desired conditions to generate the

t

entity indexed by n at time ¢, as shown in Figure 3.2.
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3.3.3 Multimodal Condition

We introduce an effective multimodal condition method for generating videos that sat-
isfy fine control of different modalities within a single training pipeline. Our method

includes a joint encoder and a control-attention module.

Joint encoder. Existing text-to-image models (e.g., , [250, 121]) use a separate encoder for
each input condition and directly input the independent embeddings into the model, which
is less effective (see Table 3.1 GLIGEN [121], VideoComposer [204]) as the encoder needs
to be trained for new conditions and the interaction between the controls is ignored. In
contrast, we use a joint encoder that simultaneously encodes the text prompt p and the fine-
grained control ¢ of different modalities within the same encoder. This design facilitates
the learning of interactions between multimodal inputs, captured in the contextualized

embeddings.

Control-attention. The next task is to incorporate the sequence of control embeddings
into the base T2V model. A natural design choice is to include the control embeddings in
the original cross-attention module. However, this poses difficulties in generating videos
aligned with the new control because the cross-attention layers are optimized for the text
prompt, weakening their flexibility for new inputs (see Table 3.1 ELITE [208]). Instead,
we insert a new control-attention layer in each transformer block to accommodate addi-
tional control. During training, we freeze the weights of the pre-trained model and train the
joint encoder and the new control-attention layer. This allows the T2V model to generate
videos aligned with both text and the new multimodal condition. By fixing the pre-trained
weights, we preserve the capability to generate high-quality videos while updating only
23% of the parameters.

Our control-attention has less computational overhead (19%) compared to gated-
attention [121], which struggles to converge with the increasing length of tokens in videos.
While we use a generative transformer model, our control-attention layers can be extended

to other T2V models, like diffusion models, which have similar attention blocks [167, 14].
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This module can also handle other control signals, such as camera poses. We achieve
this by transforming the control into tokens and inputting them into our joint encoder and
control-attention layers. Our unified training process conditions the model on multimodal
control signals in a single pipeline, avoiding the need for multiple condition-specific meth-

ods.

3.3.4 Entity Control Encoding

Here, we discuss our entity-level fine-grained control. The entity embeddings e} are
constructed by encoding the context of each entity. First, the description of the entity d is
given by text, e.g., a cat, and encoded into embeddings Yy (d). Second, the location of
the entity / is given by the top-left and bottom-right bounding box coordinates of the entity
and encoded as ¥ ooa(/). Finally, the reference appearance r of the entity is given by a
single example image and encoded by a CLIP image encoder as /in,ec(r). The embeddings
el are the concatenation of the description, location, and appearance embeddings of the
entity:

e; = ConcatWeniy(d;), Yeoora(l} ) Yimage (7). (3.2)

We replace the embeddings of e with padding embeddings when the entity of index n is

missing at timestep .

User-friendly inputs. To make our method user-friendly, we assume descriptions and ap-
pearances are fixed throughout the video, and only the location changes over time although
all the conditions can be thoroughly given at 7' timesteps. Our method takes sparse inputs
where the location of the entity is provided by simply drawing a bounding box in the first
frame and dragging it to move to the location in the last frame. We obtain the locations
in middle frames by linear interpolation. Our sparse input is more user-friendly compared
to [204], which is only applicable to dense inputs. In addition, we randomly drop the
description, the location, and the appearance embeddings of the entities 20% of the time

during training. In this case, the model is trained to generate results when one or more
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control signals are absent. At inference time, users can provide partial control signals as

inputs (see Figure 3.11).

Data collection. In practice, very few video datasets include annotations for object tra-
jectories and visual examples. To train our model, we employ an off-the-shelf object
detector [88] and tracking algorithm [12] to extract N entities within a video clip and their
locations across T timesteps. For each entity, we collect a reference visual example r by

cropping the region defined by the detected bounding boxes.

3.3.5 Appearance Augmentation

Unlike image synthesis [168, 113], it is difficult to collect multiple images of the same
subject as training data for videos. Here, we discuss how we create diverse reference im-
ages of the subject. During training, we sample the reference visual example of the subject
from a longer video clip outside our training clip within the same video to obtain reference
images with more diverse appearances. However, these samples still contain limited back-
grounds and poses. To create more diverse references, we apply strong augmentation to the
reference images. Specifically, we use color augmentation to create diverse backgrounds
and geometric augmentation to introduce different subject poses. These operations force
the model to learn the subject’s appearance and exclude irrelevant information such as
backgrounds and poses, thus preventing the model from overfitting the generated results
to the given reference image.

To further enhance the motion of live subjects at inference time, we simulate different
poses of the subject by sampling a sequence of transformed variants of the reference image
using translation and cropping. Specifically, we randomly crop the reference image to an
initial appearance r;. Then, we define a translation vector ¢ to augment the initial appear-
ance. We create a sequence of reference images with enhanced poses, r! = Ts.,(r7)), where
T denotes the translation, as conditions at different timesteps. This strategy greatly im-

proves the motion dynamics of generated live subjects, such as animals (See Table 3.3). In
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Phenaki FACTOR (Ours)

"An elephant walking from the left to the right

- e .
"The camera is moving towards a lion running at the beach with moving clouds in the sky."

=l

Figure 3.3: Trajectory control. We assess FACTOR’s ability to control trajectories com-
pared to the base model Phenaki [192]. The text prompt is augmented with trajectory
descriptions as inputs to Phenaki. While Phenaki fails to accurately generate object move-
ments, FACTOR successfully controls object movements. The blue and green boxes de-

note the positions in the initial and final frames.

addition, the test-time augmentation can be prompt-dependent, such as using a translation

vector spanning downward to customize the target motion of getting up (See Figure 3.10).

3.4 Experiments

Dataset. Our model is trained on a dataset consisting of 10M videos from the WebVid
dataset [9] and a randomly sampled subset of S00M images from the WebLlI dataset [29].

Each training batch comprises 20% images and 80% videos.

Evaluation metrics. 1) FVD assesses video quality. 2) CLIP-T measures the alignment be-
tween prompts and generated videos using CLIP embeddings. 3) AP evaluates alignment
to trajectories by comparing detected bounding boxes in generated videos with ground
truth using an object detector [88]. 4) CLIP-V quantifies alignment to reference images
by comparing image similarity in generated videos with ground truth using CLIP embed-
dings [168].

Implementation details. We implement the base T2V model following the architecture



34

13

“4 motorcyclist high-fiving with a monkey on the shore.”

Figure 3.4: Enhanced subject interaction through trajectory control. By utilizing tra-
jectories of the two main entities as inputs, FACTOR improves the generation of subject

interactions, a challenging task for T2V models.

of Phenaki [192]. The base model and FACTOR are trained for 1M and 500K steps with
batch sizes of 256 and 128, respectively. Videos are generated at a length of 11 and a
resolution of 192x320. The dimension of ¢, is 220x512. The model is trained with a
maximum of four entities. Further implementation details and model architectures are in

the supplementary materials.

3.4.1 Trajectory Control

First, we evaluate FACTOR’s ability to control the trajectories of generated entities.
Since FACTOR is constructed based on Phenaki [192], we first validate that FACTOR
enhances fine controllability compared to its base model without compromising quality.
We design several prompts using descriptions of bounding box trajectories as inputs to
Phenaki [192]. In Figure 3.3, Phenaki fails to generate object movements aligned with the
designed prompts, whereas FACTOR accurately generates the correct movement direction
for the entity by conditioning the generation on hand-drawn trajectories. In Figure 3.4,

we use trajectories of two main entities as inputs. FACTOR generates videos aligned
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Video LDM FACTOR (Ours)

“An astrom-mt feéding duc on ;1 sunny afternoon, reflection from the water.”
VideoComposer FACTOR (Ours)

—

“A bear pushing the shopping cart on the street.”

B

“A cat jumping onto the sofa.”
Reference Videos MotionDirector FACTOR (Ours)

i

FACTOR (Ours)

B

“An elephant lifting a teddy bear on the ﬂoo;; in the room.”

Figure 3.5: Comparison to state-of-the-art. By conditioning video generation on trajec-
tories, FACTOR synthesizes videos with larger motions compared to T2V models. When
using FACTOR’s trajectory inputs, VideoComposer generates fade-out effects, Direct-a-
Video struggles with overlapping boxes, and MotionDirector fails to generate videos with

structures differing from the reference video.

with these trajectories and additionally benefits by generating interactions between enti-
ties, such as “high-fiving”, even though our method is not specifically trained on annotated
interactions.

In Figure 3.5, we demonstrate FACTOR’s advantages by comparing it with state-of-
the-art T2V and controllable T2V models. By conditioning the generation on input tra-
jectories, FACTOR synthesizes videos with enhanced semantic meaning and larger mo-
tion, such as an astronaut stretching their hand to a duck. In contrast, the T2V model
VideoLDM [14], which relies solely on text prompts, generates videos with less dynamic
motion.

We compare FACTOR with controllable T2V models [204, 230, 259] designed to con-
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DreamBooth VideoBooth

FACTOR (Ours)

5 , = LB

“A sks tea pot on top of a building in New York, drone flight, 4k.”

E
s
_—

“A sks car driving in Manhattan.”

===

Figure 3.6: Comparison of subject customization. FACTOR generates subjects with

higher fidelity and larger movements compared to DreamBooth and VideoBooth, which
lack trajectory control. MotionDirector struggles to generate accurate environments (e.g.,
New York).

trol subject movements. VideoComposer requires a reference image and dense motion
sequence, but with FACTOR’s sparse trajectory inputs, it often generates static or fade-out
results due to its reliance on dense inputs. Direct-a-Video, which controls object locations
by amplifying attention maps, struggles with overlapping boxes. FACTOR better aligns
objects to bounding boxes by training on a large-scale video dataset. MotionDirector,
which requires reference videos for motion control, only approximately controls object lo-
cations and cannot generate structures different from the reference (e.g., an elephant lifting

an object).

3.4.2 Appearance Control

We demonstrate FACTOR’s capability of appearance control. For this evaluation, we
use images of subjects from [168, 113]. Each subject’s appearance is conditioned on
a single reference image for FACTOR. In this section, we compare FACTOR to state-of-
the-art subject customization methods. We further evaluate FACTOR’s control injection by
comparing it to the control modules developed for T2I models. We then show FACTOR’s

ability to achieve controllable image animation, a special type of appearance control.
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ELITE GLIGEN FACTOR (Ours)
e R i iz T B% Ee . 2

“A sks teapot and a sks duck toy floating on the ocean.”

“A foot in a sks shoe walking on th rod.

Figure 3.7: Comparison of control modules. FACTOR generates videos that align ac-
curately with input trajectories and appearances. Other control methods, ELITE and GLI-

GEN, often generate inaccurate subject appearances and struggle to control their locations.

“Hot air balloons floating in the sky.”

Figure 3.8: Controllable image animation. FACTOR achieves image animation condi-

tioned on the initial frame and the trajectory.

First, we compare FACTOR with subject customization images and video synthesis
methods including DreamBooth [14], VideoBooth [97], and MotionDirector [259]. No-
tably, these models cannot control entity trajectories or handle multiple entities. Fig-
ure 3.6 shows FACTOR generates high-fidelity customized subjects and exhibits larger
movements by controlling trajectories, outperforming DreamBooth and VideoBooth. Mo-
tionDirector [259] uses separate temporal and spatial LoRA for motion and appearance
controls, resulting in inadequate motion and incorrect environments (e.g., New York).

Next, we evaluate FACTOR’s control module by comparing it to the control modules
of ELITE and GLIGEN [208, 121] implemented on our video backbone. Since no existing
models achieve the same control on videos as FACTOR, we compare methods originally
designed for T2I tasks. In Figure 3.7, we show that FACTOR generates subjects that
closely align with input trajectories and appearances. In contrast, ELITE and GLIGEN
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often generate inaccuracies in subject appearance and struggle to effectively control their
locations. GLIGEN’s use of separate encoders for different controls introduces higher
computational overhead and presents convergence challenges for video models, limiting its
ability to inject precise control signals compared to FACTOR’s unified encoder approach.

Though beyond the scope of this work, we show FACTOR’s capability for appearance
control in image animation, aiming to generate videos conditioned on the first frame. In
Figure 3.8, FACTOR animates the hot air balloon in the initial frame based on the input tra-
jectory. This capability leverages generative transformers adept at various infilling tasks.
FACTOR’s training involves predicting video tokens within random masks, enabling it to
predict subsequent frames from the initial frame and control inputs, thus achieving con-

trollable image animation.

3.4.3 Quantitative Results

We evaluate our models on the MSR-VTT test set [222], comprising 2,990 exam-
ples. We generate one video per example by randomly selecting one prompt from 20
prompts [14]. We use an unseen set of 6,513 videos as the real videos for FVD evaluation
and compare two variants: 1) FACTOR-T: our model with trajectory control. 2) FACTOR:
our model with trajectory and appearance control.

In Table 3.1, we first compare FACTOR and FACTOR-T with the base T2V model
Phenaki, all using the same video backbone but accepting different levels of control in-
puts. To test our control module’s capability, we use inputs automatically extracted from
ground truth videos for FACTOR and FACTOR-T. This allows us to quantitatively evaluate
the alignment between generated and ground truth videos, noting the extracted inputs are
noisier than user-provided ones. FACTOR improves FVD scores with control inputs that
enforce closer alignment to real video distributions in trajectories and appearances. How-
ever, it achieves slightly lower CLIP-T scores than Phenaki, likely due to misalignment

between extracted controls and text prompts in test data. Longer training enhances control



39

Table 3.1: Quantitative results. FACTOR achieves higher AP and CLIP-V scores,
demonstrating its capability to generate videos aligned with trajectory and appearance

control inputs.

Methods FVD| CLIP-TT APT CLIP-V T
T2V models

MagicVideo 1290 — — —
VideoLDM — 0.2929 — —
Make-A-Video — 0.3049 — —
ModelScope 550 0.2930 — —
Controllable T2V models

VideoComposer 342 0.2906  0.126 0.742
Direct-a-Video 360 0.2849  0.144 0.658
GLIGEN 217 0.2817 0.173 0.703
ELITE 130 0.2712  0.137 0.733
Same backbones

Phenaki* 411 0.2870  0.099 0.663
FACTOR-T (Ours) 339 0.2787  0.290 0.683
FACTOR (Ours) 116 0.2721  0.356 0.763

*We implement and train the Phenaki model from scratch using our datasets.

alignment but could reduce prompt alignment, as noted in concurrent works [138]. We also
assess AP scores. While Phenaki is not designed for generating videos with specific ob-
ject trajectories, its AP score reflects chance alignment when prompts sufficiently match
input trajectories. FACTOR’s higher AP score indicates successful alignment with pro-
vided trajectory controls. Additionally, FACTOR outperforms Phenaki in CLIP-V scores,
showing superior alignment with appearance controls. We also present results from other

state-of-the-art T2V models trained on different data and backbones for reference.
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Table 3.2: User study. FACTOR consistently achieves performance gains using inputs
provided solely by users. Average scores on a 0-2 scale are reported based on 16 prompts

and 5 subjects.

Quality T TextT  TrajectoryT Appearance?
Phenaki v.s. FACTOR-T 1.13/1.63 0.72/1.97 0.16/1.96 -
Phenaki v.s. FACTOR  1.25/1.63 1.70/1.75 0.43/1.88 0.38/1.75

Table 3.3: Ablation study. FACTOR consistently outperforms ablated models across

various metrics.

Methods FvD| CLIP-TT APT CLIP-VT
FACTOR 116 0.2721 0356  0.763
w/o joint encoder 133 0.2719 0307  0.726
w/o control-attention 127 0.2720 0.322 0.750
w/0 augmentation 124 0.2723  0.341 0.758

Next, we compare FACTOR’s control injection module with controllable T2V models.
Compared to VideoComposer [204] and Direct-a-Video [230], FACTOR achieves better
FVD, AP, and CLIP-V scores. These results highlight FACTOR’s enhanced controllabil-
ity with user-friendly trajectory inputs. Compared to ELITE and GLIGEN [208, 121],
FACTOR also outperforms in terms of FVD, AP, and CLIP-V scores, highlighting the
effectiveness of FACTOR’s control-attention module.

Finally, we conduct a user study using input controls provided by users. Raters as-
sess two videos generated by different methods using the same inputs on a 0-2 scale for
the following criteria: quality, text alignment, trajectory alignment, and appearance align-
ment. Average scores from 16 videos and 5 subjects are reported in Table 3.2. FACTOR

consistently achieves higher ratings across all criteria.
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w/o joint encoder w/o control-attention =~ FACTOR (Ours)
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] “Milk poured into a sks vase.”

Figure 3.9: Ablation study. FACTOR achieves better alignment with control inputs com-
pared with ablated models.

“A sks dog jumping on the beach.”

Figure 3.10: Appearance augmentation. We demonstrate fine-tuned augmentation at test
time as a form of control. For instance, adjusting the translation of the reference image

downwards to achieve a desired jumping motion.

3.4.4 Ablation Study

We conduct an ablation study to validate the effectiveness of each proposed module.
In Table 3.3 and Figure 3.9, we compare the following models: 1) w/o joint encoder:
uses separate encoders for prompt and fine control. 2) w/o control-attention: con-
catenates prompt and fine control inputs to the original cross-attention layer. 3) w/o
augmentation: trained without appearance augmentation. FACTOR consistently achieves
higher metrics compared to these alternative models, confirming the importance of the pro-
posed components. Here, our appearance augmentation technique proves effective across
different prompts, with augmentations randomly sampled.

In Figure 3.10, we further demonstrate that appearance augmentation can be dynami-
cally adjusted at test time to better meet user preferences. By applying a translation vector,
such as moving downwards for a jumping motion, we use variations of the reference image
as appearance conditions at different time steps, which enhances the realism of live sub-

jects’ motions. In Figure 3.11, we show that FACTOR handles partial inputs where one or
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1) boat, duck: trajectory, 2) teapot, duck toy: trajectory, appearance

Figure 3.11: Partial and multiple control. FACTOR demonstrates capability with partial

inputs and supports up to four objects.

more controls are absent for the entities. Also, FACTOR supports up to four objects.

3.5 User Interface

Our goal is to provide a user-friendly, controllable video generation framework that
addresses fine-grained control. We present an illustration of the user interface of FACTOR.
In our framework, users first specify the objects in the video and then provide fine-grained
control to generate each object, including their appearance and context. The context to
generate each entity includes 1) a description of the entity, 2) a user-drawn trajectory, and
3) a user-provided reference image to achieve both structural and appearance control. The
control inputs are provided by the users following these steps:

e Step 1: The user types the text prompt.

Step 2: The user types the description of the entity.

Step 3: The user draws the trajectory for the entity by first drawing a bounding box

for its starting location and then dragging the bounding box to its end location.

Step 4: The user uploads a reference appearance image for the entity.

Step 5: The user repeats Steps 2-4 to input the control for all entities.



43

Enter the prompt:

A teapot and a duck toy floating on the ocean

Enter the entity:

Duck toy
Draw the trajectory: Upload image:
==
| 7
| I |
e e e ——
[ Input next entity ] [ Generate video h ]
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Figure 3.12: We present an illustration of the user interface of FACTOR.

3.6 Limitations

First, FACTOR’s performance relies on the capabilities of the base T2V model. In-
tegrating the proposed control module into more advanced models could enhance overall
quality. Second, FACTOR implicitly manages camera poses (Figure 3.6). Explicit con-
trol over camera poses could be achieved by integrating them into FACTOR’s control
sequences. Third, FACTOR faces challenges when text prompts do not align well with
fine-grained control inputs. Lastly, generating subject poses significantly different from a
single reference image is challenging for FACTOR. Training FACTOR on datasets with

multiple references and upgrading the base model could improve its performance.

3.7 Conclusions

We introduce a novel approach for fine-grained, controllable video generation. Our
framework allows users precise control over video creation by specifying entity names,

drawing trajectories, and providing visual appearance examples. Key components include
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a joint encoder for learning interaction among controls, control-attention modules for pre-
cise control injection, and appearance augmentation for diverse subject poses. This ap-
proach enables nuanced control over the appearance and trajectory of multiple objects in

generated videos.



Chapter 4

Move-in-2D: 2D-Conditioned Human

Motion Generation

Generating realistic human videos remains a challenging task, with the most effec-
tive methods currently relying on a human motion sequence as a control signal. Existing
approaches often use existing motion extracted from other videos, which restricts applica-
tions to specific motion types and global scene matching. We propose Move-in-2D, a novel
approach to generate human motion sequences conditioned on a scene image, allowing for
diverse motion that adapts to different scenes. Our approach utilizes a diffusion model
that accepts both a scene image and text prompt as inputs, producing a motion sequence
tailored to the scene. To train this model, we collect a large-scale video dataset featuring
single-human activities, annotating each video with the corresponding human motion as
the target output. Experiments demonstrate that our method effectively predicts human
motion that aligns with the scene image after projection. Furthermore, we show that the

generated motion sequence improves human motion quality in video synthesis tasks.
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A woman is
performing belly
dance.

A man is hitting a
tennis return.

Scene Image Text Prompt Scene Image Text Prompt

2D-conditioned Motion Generation (Move-in-2D)
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Motion-guided Video Generation (e.g., Champ) Motion-guided Video Generation (e.g., commercial models)

Figure 4.1: 2D-conditioned human motion generation. Given an image representing
the target scene and a text prompt describing the desired motion, we generate a motion
sequence that aligns with the text description and projects naturally onto the scene image.
This generated motion then serves as the control signal for the subsequent video generation

tasks.

4.1 Introduction

With the advancement of diffusion models, video generation has made significant
progress. However, generating realistic human motion in a scene remains a nontrivial task
due to the complexity of human movement. The human body is highly structured, and real-
istic motion generation requires models to learn and preserve articulations throughout the
video. Many works [265, 84, 224, 199, 100] have improved the quality of human videos
by incorporating human-specific priors, specifically by adopting motion sequences as con-
trol signals during the generation process. These driving motion sequences are typically
extracted from another video of the same class, with poses mostly aligned with the target
human and minimal global motion. Consequently, although these approaches enhance the
quality of generated human videos, they are still limited to specific motion domains (such
as dancing) and no locomotion.

In this work, we propose to generate a motion sequence based on a 2D background
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rather than relying on pre-existing driving sequences. Formally, we define 2D-conditioned
human motion generation as follows: given an image representing the target scene and
a text prompt describing the desired motion, we generate a motion sequence that aligns
with the text description and can be projected naturally onto the scene image. This ap-
proach enables a two-pass human video generation pipeline, as shown in Figure 4.1. In
the first pass, human poses are positioned using a template prior, preserving body articu-
lation and generating a plausible motion sequence. This generated motion then serves as
the control signal for the subsequent video generation. Compared to methods that rely on
external motion sequences, 2D-conditioned motion generation can produce sequences that
consistently align with the target background and text prompt description, without being
constrained by specific motion types or minimal global movement.

Although human motion generation has been extensively studied, no existing approach
directly addresses this novel setting. Some methods condition motion generation solely on
text prompts [185, 30, 1], which, while straightforward, may not produce motion that
seamlessly integrates into specific target environments, requiring further adjustments for
scene compatibility. Other methods [206, 90] generate human motion based on 3D repre-
sentations of the scene, such as 3D meshes or scanned point clouds. While these methods
ensure scene affordance, obtaining 3D scenes is time-consuming and demands specialized
equipment and manual effort. As a result, 3D scene-aware motion generation approaches
are often limited to simple motion types (walk, sit, etc.) and indoor scenes.

Our 2D-conditioned approach introduces a new modality for human motion generation
by incorporating affordance awareness through the input 2D scene images. This greatly
expands the scope of existing approaches. A single 2D scene image provides semantic and
spatial layout information about the target environment from a 2D perspective, enabling
the generation of affordant human motion without the need for 3D scene reconstruction,
especially for cases, e.g., video generation, when the motion is intended to be finally pro-
jected back onto a 2D plane. Furthermore, conditioning on 2D images allows for greater

diversity in available scenes, as numerous online videos contain human activity in various
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environments. For example, outdoor scenes, which are hard to be used by 3D-aware mo-
tion generation networks, can be easily represented as 2D images and be consumed by the
proposed approach.

On the other side, this novel setup also introduces several key challenges. First, training
the model requires a dataset containing human motion sequences, text prompts describing
the motion, and images representing the background scene. However, no existing dataset
meets these requirements. Second, it remains unclear how to effectively condition the
network on both text and scene image inputs. To address these challenges, we collect a
large video dataset from internal data sources of open-domain internet videos. We filter
the videos to ensure a static background, so that any selected frame can reliably represent
the scene throughout the motion sequence. We further annotate the human motion using
a state-of-the-art 3D pose estimation approach [62]. Leveraging this large-scale human
motion dataset, we train a conditional diffusion model that generates human motion based
on a single scene image and a text prompt. Inspired by in-context learning in large lan-
guage models (LLMs) [3, 207, 152], we employ a similar strategy to convert scene and
text inputs into a shared token space, integrating them within a transformer-based diffusion
model for the output.

Our contributions can be summarized as follows:

e We introduce a novel task of generating human motion with a 2D image and text as
conditions. It provides a more accessible way to motion generation by incorporating

scene conditions without requiring 3D reconstruction.

e We collect a large human video dataset with annotated 3D human motion. The
dataset significantly increases the scale of existing scene-aware motion generation

datasets.

e We propose a diffusion-based network conditioned on both text and input scene
images. We also show that the output motion is able to improve the quality of

human motion when generating videos.
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4.2 Related Work

4.2.1 Human Video Generation

Human-centric video generation typically leverages ControlNet to condition the gen-
eration process on motion guidance signals, such as OpenPose [199, 84], DensePose [224,
100] keypoints, or SMPL mesh sequences [265]. While these approaches deliver visu-
ally plausible results, they depend on predefined motion sequences as guidance, thus re-
stricting their ability to generate diverse motions. In contrast, we address an orthogonal
problem: generating motion guidance sequences conditioned on text prompts and a scene
image. Our generated motion can then be used as guidance within human video generation

frameworks.

4.2.2 Human Motion Datasets

Several datasets have been proposed to facilitate research on human motion under-
standing and generation. Datasets such as CMU Mocap [37], Human3.6M [92], and
MoVi [60] capture human motion but lack textual descriptions of the actions. The KIT
Motion Language Dataset [156] provides both motion sequences and textual prompts, con-
taining approximately 3.9K motion sequences. HumanML3D [65] expands this number to
14.6K by sourcing motion data from HumanAct12 [67] and AMASS [136]. The Motion-
X dataset [126] scales up further to 81K motion sequences, and includes not only body
movement but also facial expressions and hand poses. Despite the increasing scale of
these datasets, none provide scene context aligned with the motion sequences.

Some datasets provide captured 3D scenes alongside motion sequences. Works such
as [164, 226] include SMPL models with global positions in 3D scenes. The PROX
dataset [76] utilizes optimization techniques with RGB-D data to reconstruct human mo-
tions, while others [4, 196] compile synthesized data of human-scene interactions. Ad-

ditionally, datasets like [206, 258] incorporate both scene context and language descrip-
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tions for specific actions. However, these datasets primarily focus on indoor environments
due to the challenges of 3D scene representation. Furthermore, some are oriented toward
global motion prediction, resulting in limited scene diversity and a lack of detailed textual

annotations.

4.2.3 Text-driven Human Motion Generation

With the availability of motion datasets, human motion generation has made notable
progress. Early approaches, such as Text2Action [1], utilized recurrent neural networks
to capture temporal dependencies within motion sequences. Later, transformer-based ar-
chitectures were introduced in works like TM2T [66] and TEACH [6], enabling improved
control and the generation of longer, more coherent sequences. Building on these advance-
ments, models such as MotionGPT [96] leverage large language model (LLM) pretraining
for text-driven motion synthesis.

More recently, many works have applied diffusion models in motion generation tasks.
MotionDiffuse [251] and MDM [185] generate motion sequences aligned with text prompts
from an initial random noise. ReMoDiffuse [252] introduces a retrieval-augmented model,
where knowledge from retrieved samples enhances motion synthesis. MLD [30] performs
motion diffusion in a latent space using a variational autoencoder. EMDM [264] further
reduces the number of sampling steps required during the denoising process. Although
motion can be generated with only a text prompt, these methods often lack contextual
alignment with specific virtual environments, limiting their direct applicability as control

signals in video generation.

4.2.4 Scene-aware Human Motion Generation

Given a 3D indoor scene, prior works [256, 256, 77, 75, 196, 197] have demonstrated
the generation of physically plausible human poses or motion sequences. HUMAN-

ISE [206] aligns captured human motion sequences with various 3D indoor scenes, using
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text prompts as conditioning inputs. LaserHuman [40] incorporates real human motions
within 3D environments, supporting open-form descriptions, and spanning both indoor
and outdoor settings. However, due to the challenges associated with obtaining 3D scenes,
these methods are often trained on limited datasets, which constrains their generalizability

to more diverse, in-the-wild backgrounds.

4.3 Humans-in-Context Motion Dataset

To advance human motion generation in 2D scenes, a large-scale video dataset cap-
turing open-domain human motions in diverse scenes is crucial. Human-centric video
datasets, such as HiC [112, 16, 151], provide millions of video clips but lack motion and
text annotations. Additionally, these datasets are limited by short sequence lengths and
low spatial resolutions. See Section 4.2 and Table 4.1 for more discussions. Inspired by
HiC, we collect Humans-in-Context Motion (HiC-Motion), a large-scale dataset of hu-
man motions capturing rich background scenes and natural language captions. Next, we

describe our data collection and preprocessing pipeline.

4.3.1 Data Collection

While action recognition datasets [103, 144] inherently include human actions, they
are generally limited to short sequences and close-up shots, often omitting full-body views
and background context. Our dataset is sourced from an internal dataset containing 30M
open-domain internet videos. Despite the large pool, a significant portion of these videos
lack human subjects. We filter for videos containing a single human moving within the
scene using keypoint-based models, including Keypoint R-CNN for person detection [61]
and OpenPose for keypoint prediction [20], following [16]. We retain videos with motion
sequences exceeding 256 frames, resulting in a curated set of 300k videos—approximately

1% of the initial dataset. Our dataset includes high-quality, real-world videos with a range
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Table 4.1: Dataset statistics. HiC-Motion is the largest dataset comprising motions, text,

Dataset Motions Texts Scenes|Scene Representation| Scene Type
KIT [156] 39k 6.2k No No Indoor
HumanML3D [65] 14.6k 449k No No Indoor
HUMANISE [206] 19.6k 19.6k 643 RGBD Indoor
PROX [76] 28k  No 12 RGBD Indoor
LaserHuman [40] 3.5k 123k 11 RGBD Indoor/Outdoor
Motion-X [126] 81.1k 81.1k 81.1k Video Indoor/Outdoor
HiC-Motion 300k 300k 300k Video Indoor/Outdoor

of indoor and outdoor scenes and diverse human activities, spanning daily tasks (e.g.,
drinking coffee, using a laptop) and sports (e.g., playing tennis, performing lunges), across

more than 1k categories.

4.3.2 Data Preprocessing

To obtain human motion annotations from the selected videos, we use the off-the-shelf
method 4D-Humans [62] to extract pseudo ground-truth motions in SMPL format, ensur-
ing high quality and frame-to-frame consistency. Since our objective is to condition human
motion on scene backgrounds, we utilize Mask R-CNN to detect person masks and apply
a basic inpainting model [93] to remove humans from the video frames. During training,
we randomly select an inpainted frame from each video to serve as the background image.
To enhance the model’s generalization to unseen scenes, we apply color adjustments to
simulate diverse lighting conditions in the background images [101] as well as random

cutout augmentations.
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Figure 4.2: Overview. The text prompt and background scene image are encoded by
the CLIP and DINO encoders, and incorporated into the model via in-context condition-
ing. The AdaLN layer receives the diffusion timestep as input. Our multi-conditional
transformer model then generates a human motion sequence through a diffusion denoising

process, aligning the generated motion with both input conditions.

4.4 Approach

Given a text prompt and a background scene image, our objective is to generate a
human motion sequence that aligns with the action described in the text prompt while
maintaining physical compatibility with the background scene. We begin with a pre-
liminary overview of diffusion models in Section 4.4.1. In Section 4.4.2, we propose a
conditional motion diffusion model. We then introduce a multi-conditional transformer
in Section 4.4.3. Finally, in Section 4.4.4, we present our training strategy. Figure 4.2

provides an overview of our approach.

4.4.1 Preliminaries on Diffusion Models

Diffusion models like DDPM [81, 185] approximate the data distribution via a forward

and backward process. In the forward process, Gaussian noise is added to the sample X,
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resulting in X,. The model M learns to reverse this process by denoising X, conditioned on
timestep ¢ and context c. The training minimizes the MSE loss between the predicted clean
sample Xo = M(X,[t, ¢) and the ground truth Xy, i.e., Ly = By, [[Xo — M(x/t, olP. During
sampling, the model iteratively predicts X, at each timestep ¢ over T steps to recover Xo.

Classifier-free guidance (CFG) [79] is applied to enhance alignment with conditions.

4.4.2 Conditional Motion Diffusion

Given input conditions, including a text prompt p and a background scene image s,
we train a conditional motion diffusion model to generate the target human motion x. The
target human motion is represented as a sequence of N human poses, each with a dimen-
sionality of D. Each pose is parameterized by body pose parameters 6, € R**®, which
capture 6D rotations for 23 SMPL joints [131], along with a global orientation parameter
6, € R® that defines the overall human body orientation. Unlike previous motion gen-
eration approaches [185, 30], we aim to generate human motion that projects naturally
onto a 2D background scene image. Therefore, our model predicts an additional camera
translation parameter 7 € R?, assuming a perspective camera with fixed focal length and
intrinsics to project SMPL space points onto the image plane. We train the conditional
diffusion model M by randomly dropping the text prompt p and background scene s con-
ditions by a probability of g where g = 0.1 in our experiments. During sampling, we apply
CFG to both the text and scene conditions jointly to enhance the alignment between the

generated motion and the input conditions, where g is the guidance scale.

Mgy = M(x(|1) + g M(Xilt, p, s) — M(x]1)) . 4.1)

4.4.3 Multi-Conditional Transformer

We inject the text prompt and scene conditions into a diffusion transformer model

to generate a motion sequence that aligns semantically with the input description and is
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physically compatible with the scene after projection to 2D. Our model architecture fol-
lows the diffusion transformer [152, 185]. The motion sequence x € R™*? is projected into
the transformer’s hidden size, with positional embeddings added to the tokens before feed-
ing them into a series of transformer blocks. The output tokens are then linearly projected
back to obtain the motion prediction X.

We now describe the condition encoding and injection process. We encode the diffu-
sion timestep ¢ by a positional embedding layer, the text prompt p by a CLIP encoder [162],
and the background image condition s by a DINO encoder [149] which preserves the spa-
tial relationships across patches. Each condition is then projected to the transformer di-
mension. To guide the diffusion process, we employ simple yet effective methods [152]

for injecting the conditions into the transformer blocks:

¢ In-context conditioning. The conditions are concatenated to the motion sequence
as additional tokens, which are removed from the output sequence without being

calculated the loss.

e Adaptive layer normalization (AdalLN) [153]. A linear layer predicts the scale
and shift parameters from the condition tokens, which are then applied to the motion

sequence.

e Cross-attention layer. A cross-attention layer is inserted after the self-attention

layer to take the input conditions.

We observe that in-context learning for both the text and scene modalities improves the
model’s ability to capture interactions between the inputs by converting them into a shared
token space, leading to better alignment with both conditions. Using AdalLN for the diffu-
sion timestep condition enhances the temporal smoothness of the generated motions. We

thus adopt this configuration as our main framework (see Section 4.5.2).
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4.4.4 Training Strategy

We adopt a two-stage training strategy to generate human motion aligned with text
prompts and backgrounds. It first learns to generate diverse motion sequences and then to

disentangle human motion from camera effects.

Selection of fine-tuning set. Our motion sequences are extracted from internet videos,
which include both human and camera motion. For example, camera movement to the
right can cause the pose sequence to shift left. However, our goal is to represent the scene
using a single image, independent of any camera motion. To achieve this, we calculate the
optical flow of the raw videos and use the median flow value to select videos with minimal
background motion. Additionally, to address data distribution biases where many daily
activities involve limited human movement (e.g., sitting), we select a subset of videos with
significant human motion (exceeding 200 pixels of movement) to encourage the generation

of sequences with large motion dynamics.

Two-stage training. We adopt a two-stage training strategy to generate human motion
aligned with text prompts and backgrounds. In the first stage, the model is trained on
the full 300k video dataset for 600k iterations to learn scene semantics and generate di-
verse motion sequences based on text prompts. In the second stage, we fine-tune the
model on a mixed dataset of 150k videos, consisting of 60% large-motion videos and 40%
fixed-background videos, for an additional 600k iterations. This fine-tuning enhances the
model’s ability to generate human motion that decouples camera-induced movement and

improves the generation of large-motion dynamics.

4.5 Experiments

Evaluation data. To address the lack of benchmarks for evaluating human motion gen-
eration conditioned on 2D scenes, we construct a test set comprising text prompts, scene

images, and ground-truth motion sequences for comprehensive evaluation. Our test set



57

is sampled from a held-out portion of the HiC-Motion dataset. We first curate 100 high-
frequency verb phrases from the data to serve as text prompts (e.g., “A person drinks cof-
fee”). For each text prompt, we sample 10 videos and randomly select one frame, where
the human is removed, as the corresponding scene image. This process results in a total of

957 test samples.

Evaluated methods. To assess the effectiveness of the proposed models in generating
human motions that align with text prompts and are compatible with scene images, we
compare them against state-of-the-art motion generation models conditioned on single or
multiple modalities. Specifically, MDM [185] and MLD [30] generate motion conditioned
solely on text prompts. While no existing methods generate motion conditioned on 2D
scene images, we include models that utilize 3D point clouds to produce affordance-aware
motion. We first employ a pretrained depth prediction model [228] to estimate scene
depth, then back-project our 2D scene images into 3D point clouds as the input conditions
to baselines. We compare to the following scene-conditioned approaches: SceneDiff [90],
which uses 3D point clouds as input, and HUMANISE [206], the closest approach to ours,
which conditions on both text prompts and 3D point clouds. Additionally, we extend
MDM by training it on our HiC-Motion dataset, denoted as MDM+. We also evaluate
two variants of our model: Ours, conditioned on both text prompts and scene images.

Ours-scene, conditioned solely on scene images.

Evaluation metrics. To evaluate the quality and diversity of the generated human motions,
previous works [67, 154] utilize a pre-trained human motion classifier to extract motion
features for evaluation. However, due to the lack of motion feature extractors trained on
open-domain videos, we train our classifier based on STGCN [154, 241] using motion
sequences of length 256, with each pose represented by 21 SMPL joints in 6D rotation
format. To standardize outputs across models, we ignore global orientation and translation.

We evaluate the models using four metrics:

e FID assesses the overall quality of the generated motions by computing the distance
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A persoﬁ staningA A person stretching legs. A person decorating tree. A person surfing. A person petting dog.

Figure 4.3: Affordance-aware human generation. Our model generates human poses
consistent with both text prompts and scene context, such as standing on a cliff. It also

supports complex human-scene interactions, including activities like petting a dog.

between the feature distributions of generated and real motions.

e Accuracy evaluates the alignment between generated motions and input prompts by

calculating the recognition accuracy of the generated motions.

e Diversity quantifies the variation across generated motions by calculating the dis-

tance between two randomly sampled subsets of generated motions from all prompts.

e Multimodality measures variation within identical prompts by computing the dis-

tance between two subsets of motions generated from the same prompts.

Implementation details. Our model generates motion sequences of length N = 256 and
feature dimension D = 147, using an architecture with 8 transformer blocks, 512 hidden
units, feedforward layers of size 2048, and 4 attention heads. It is trained with the Adam
optimizer with a learning rate of 0.0002, batch size 128 for 1.2M iterations, and 1000
diffusion steps with a cosine noise schedule. Scene images with resolution 168 x 280 are
encoded into 240 tokens by DINO-B [149], and text prompts into a single token using
CLIP-B [162], resulting in a sequence of 497 tokens.
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Figure 4.4: Motion generation with large dynamics. Our results show motion sequences
that are accurately placed and move within scenes, such as playing tennis, enabling the

generation of complex human activities that are challenging for video generation models.

4.5.1 Qualitative Results

Affordance-aware human generation. Figure 4.3 shows that our model generates human
poses that are consistent with both the text prompts and the scene context, such as standing
at the edge of a cliff, sitting on a chair, and surfing on a board. In addition, our model
is capable of generating complex human-scene interactions, including activities such as

riding a horse, decorating a tree, and petting a dog.

Motion generation with large dynamics. In Figure 4.4, we present examples with
larger motion dynamics. Our results show strong scene compatibility, with the human
sequence correctly placed and moving in environments like jumping on a trampoline. Our
model generates complex human activities with detailed pose sequences aligned with text
prompts, such as playing tennis, which is challenging for video generation models and is

effectively handled by our approach.
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Figure 4.5: Comparison to state-of-the-art. MDM and SceneDiff produces implausi-
ble poses, MLD generates mismatched motion with the scene, and HUMANISE generates

static poses. Our method generates coherent motion aligned with both the scene and text

prompts.

Comparison to state-of-the-art. As shown in Figure 4.5, the text-conditioned method
MDM fails to generate plausible poses. MLD correctly generates the running action, but
the motion is not compatible with the scene, especially since it fails to generate the person
moving toward the camera. The scene-conditioned method SceneDiff struggles to generate
accurate human poses, while HUMANISE produces static poses throughout the sequence.
These methods, trained on limited synthetic point cloud data, have difficulty adapting to
real-world scene conditions. In contrast, our method generates motion that is both coherent

within the scene and aligned with the text prompts.

4.5.2 Quantitative Results

The evaluation results are shown in Table 4.2. We observe that the scene-conditioned
motion generation models, HUMANISE and SceneDiff, achieve a higher FID and lower
recognition accuracy compared to our methods and the text-conditioned baselines, MDM
and MLD. Since HUMANISE and SceneDiff are trained on limited synthetic 3D point

clouds (e.g., 643 indoor scenes in ScanNet), these models struggle to generalize to real-
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Table 4.2: Quantitative results. Our method achieves better quality and diversity scores
compared to state-of-the-art text-conditioned, scene-conditioned, and multimodal motion

generation models.

Methods FID () Accuracy (T) Diversity (T) Multimodality (T)
MDM [185] 164.595 0.325 24.758 18.924
MLD [30] 85.913 0.322 25.119 19.464
SceneDift [90] 543.769 0.203 4217 3.861
HUMANISE [206] 159.935 0.225 23.287 19.956
MDM+ [185] 46.035 0.620 23.002 17.627
Ours-scene 46.458 0.482 24.968 21.320
Ours 44.639 0.661 26.027 20.130

world point clouds constructed from single images in diverse indoor and outdoor scenes,
leading to lower motion quality. Compared to the models conditioned on text alone, the
advanced model MLD achieves better metrics than MDM. By training on our large-scale
human motion dataset with 300k sequences, MDM+ achieved a 72% lower FID and a 90%
higher accuracy compared to MDM, which is trained on the HumanML3D dataset with
only 14k motion sequences. This result highlights the significant improvement in human
motion generation enabled by training on our large-scale HiC-Motion dataset extracted
from real-world videos.

Among models trained on the same backbone and dataset but with different input con-
ditions (i.e., MDM+, Ours-scene, Ours), Ours achieves the lowest FID score, the highest
accuracy and diversity. Ours achieves 37% higher accuracy compared to Ours-scene, in-
dicating that the in-context conditioning method effectively enables the model to generate
actions aligned with specific prompts. On the other hand, Ours-scene achieves a higher

multimodality score, which measures diversity within the same prompt. As Qurs-scene
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Table 4.3: Automated evaluation. We report average VLM scores (0-5) for generated
motions, assessing alignment with scene, text, and pose quality. Our method outperforms

all evaluated baselines.

Methods Scene-Align (T) Text-Align (T) Quality (T) Total (T)
MDM [185] 2.25 1.35 1.50 5.10
MLD [30] 2.85 1.95 1.90 6.70
SceneDift [90] 2.05 1.20 1.20 4.45
HUMANISE [206] 2.20 1.45 1.30 4.95
MDM+ [185] 2.57 1.73 1.94 6.24
Ours-scene 2.90 2.00 1.95 6.85
Ours 3.55 2.70 2.85 9.10

lacks the text constraint, it exhibits greater variation in outputs for identical prompts.

Automated evaluation. Since there is currently no established metric to assess the com-
patibility between generated motion sequences and 2D background images, we employ
the vision-language model (VLM) ChatGPT-40 [148] for automated evaluation. Given
the generated SMPL pose rendered on the background image alongside the input text
prompt, the VLM provides scores on a 0-5 scale for the following criteria: 1) alignment
of the pose with the background, 2) alignment of the pose with the text prompt, and 3)
overall quality of the generated pose. For consistency, we use the middle frame of each
generated sequence for evaluation. Average scores over 20 test set videos are reported
in Table 4.3. Our method consistently outperforms the compared approaches across all
criteria, achieving the highest score of 3.55 for alignment with the scene, demonstrating
that our in-context framework effectively enforces affordance-aware motion generation on

2D scenes.

Ablation study. As discussed in Section 4.4, we train our 2D-conditioned motion diffu-



63

Table 4.4: Ablation study. We study different transformer block designs, and choose
AdaLN for timestep conditioning and In-Context for text and scene conditions as our main

configuration.

Timestep  Text Scene FID () Accuracy (T)

AdaLLN In-Context In-Context | 44.639 0.661
AdalLN In-Context Cross-Attn | 47.656 0.567
In-Context In-Context In-Context | 62.927 0.554
In-Context In-Context Cross-Attn | 66.827 0.519

sion models using various transformer block designs, including AdalLN, in-context, and
cross-attention layers, to condition on the timestep, text, and scene inputs. We evaluate
four models, each with a different combination of these conditioning methods in Table 4.4.
Our results demonstrate that the model incorporating AdaLLN for timestep conditioning
and In-Context conditioning for text and scene inputs achieves the best FID and accuracy.

Thus, we adopt this setup in our main framework.

4.5.3 Motion-guided Human Video Generation

One important downstream application supported by our approach is human video
generation guided by motion sequence. We employ a two-stage approach: first, given a
scene image and text prompt, our model generates a scene-compatible motion sequence.
Next, using this generated motion sequence and a reference human in the scene, we apply
Champ [265] to animate the reference human guided by the generated motion, enabling
the creation of affordance-aware human videos that align with the target background. Ad-
ditionally, we use the commercial model [48] to generate a motion-guided video. Al-
though the commercial model does not preserve the original background, our generated

motion still serves as an effective guidance signal for the human subject, while the scene
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Figure 4.6: Motion-guided human video generation. Our approach generates scene-
compatible motion sequences from a scene image and text prompt, which are then used to
animate a reference human using Champ [265] or the commercial model [48]. The gen-
erated motion ensures accurate human shapes and smooth motion in the resulting videos,

outperforming SVD [13] in preserving human geometry and motion consistency.

image provides the desired background’s layout and semantic information. As shown in
Figure 4.6, the accurate and smooth motion sequences generated by our model allow both
Champ and the commercial model to produce videos with detailed human shapes and clean
motion. Our method generates 256-frame sequences of complex activities such as dancing
and playing tennis (see Figure 4.1). We also include results from Stable Video Diffusion
(SVD) [13] using the same reference frame. Without pose guidance, SVD generates in-
complete human geometry and inconsistent, blurry results, underscoring the advantages of

using our method to generate intermediate pose sequences for video generation.

4.6 Conclusions

We introduced a novel task of generating human motion conditioned on a scene im-

age. Our approach employs a conditional diffusion model enhanced by in-context learning
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techniques. To support this, we collected a large-scale dataset of diverse human activities
and environments for model training. Our method effectively predicts 2D-aligned human
motion and improves motion quality in video generation. Despite these advancements,
our framework does not control camera movement in generated motions, and the two-pass
video generation pipeline has not been jointly optimized. We leave these aspects for future

work.



Chapter 5

Generating Long-take Videos via

Effective Keyframes and Guidance

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 de-
velop a framework that uses multiple guidance sources to enhance long video generation.
The main idea of our approach is to decouple video generation into keyframe generation
and frame interpolation. In this process, keyframe generation focuses on creating multiple
coherent events, while the frame interpolation stage generates smooth intermediate frames
between keyframes using existing video generation models. A novel mask attention mod-
ule is further introduced to improve coherence and efficiency. Experiments on challenging
real-world videos demonstrate that the proposed method outperforms prior methods by up

to 9.5% in objective metrics.

66
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5.1 Introduction

Recent advancements in text-to-video generation have shown significant progress in
enhancing visual fidelity, including improvements in resolution, frame rate, and video
length [247, 205, 26, 13, 198, 58, 132, 203, 27, 70, 68, 104, 200, 220]. 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 overhead. Second,
the input conditions, such as a class label [183, 50, 190, 147, 139, 194, 169, 188, 170, 36]
or a text prompt describing the entire video [83, 213, 212, 80, 178, 14, 104, 58, 192, 262,
78], often lack complexity and richness. However, real-world videos encompass diverse
content that surpasses the capability of encoding within such simplistic conditions. Thus,
optimizing 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 Figure 5.1 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 necessary 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 ap-
proaches [57, 238] create video clips sequentially, with each frame building upon pre-
viously generated ones. Latent-based methods [179, 253] utilize a shared latent content
vector across all frames. While successfully generating lengthy videos, these techniques
often produce homogeneous content featuring natural scenes and recurring human actions.
Video generation conditioned on multiple guidance sources [10, 245, 57, 74, 237] gener-
ate diverse events but are typically limited to synthetic environments and cartoons. Text-
to-video models successfully handle transitions within videos [161, 32], but efficiently

prompting the model to generate long videos across multiple clips remains an open prob-
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Figure 5.1: Existing schemes [57] generate long videos by iteratively extending the gen-
erated 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.

lem, often requiring extensive trial-and-error and manual post-processing. Recently, multi-
shot video generation [125, 266, 122] has been introduced to synthesize videos consisting
of multiple distinct snippets lacking direct temporal continuity between shots. However,
generating a long-take single-shot video featuring multiple semantically different events, as
illustrated in Figure 5.1, 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 essential
for effectively controlling the generation process. We utilize various levels of guidance,
including object labels as high-level guidance that describe objects in the generated video
and image layouts as low-level guidance. The core concept of our approach is to divide
the video generation process into keyframe generation and frame interpolation. Keyframe
generation focuses on creating multiple coherent frames with varied video content, each

representing key events specified by the guidance. The frame interpolation stage then
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generates smooth intermediate frames to connect these keyframes using existing video
models. Our method is orthogonal to existing efforts to optimize the generation quality of
video models and is compatible with different video generation models by incorporating
them into our system. To ensure temporal consistency in the generated videos, we intro-
duce 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 outperforms state-of-the-art video generation models by
9.5% on the FVD metric. Our main contributions are as follows:
e We address the problem of generating long-take videos with multiple non-repetitive
yet coherent events.
e We propose a multi-stage approach involving the generation and the connection of
keyframes.
e We introduce a masked attention module to enhance continuity and efficiency for

long-take videos.

5.2 Related Work

5.2.1 Video Generation

GAN-based methods [194, 169, 188, 36, 170, 179, 186, 17] have demonstrated early
success in generating short video clips, while the generation quality decreases signifi-
cantly when applied to long videos. Recently, diffusion models [193, 229, 82] have shown
promising visual quality in video generation. Auto-regressive models [99, 209, 8] have
benefited from developments in vector quantization [49, 191] and transformer [44] mod-
els, allowing them to predict discrete tokens in the latent space [227, 143, 57, 22, 243, 109]
with impressive visual quality. Despite the recent success in video generation, these mod-
els mostly focus on generating videos with a predefined length, often shorter than real

videos, or are limited to synthesizing long videos with repetitive contents [192, 57], such
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as human actions [181, 176, 15] and sky timelapse [221] under the setting of unconditional
video generation [17, 179, 253, 238]. Few works explore video generation conditioned
on input guidance at multiple timesteps [10, 245, 57, 74, 237], but they are limited to
synthetic environments. In contrast, our work aims to generate real-world videos. Most
recently, text-to-video models [212, 213, 83, 178, 80, 14, 78, 205, 68, 247, 205, 26, 13,
198, 58, 132, 203, 27, 70, 68, 104, 200, 220] have been developed to generate videos given
natural language inputs. However, the generated videos are limited in length and complex-
ity due to computation constraints 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 trans-
lation [195, 59, 239, 38], generating style or static-dynamic transitions [161], and creating
artificial transitions between distinct scenes [32]. 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.

5.2.2 Story Visualization

Story visualization [120, 180, 135, 134] aims to synthesize a sequence of images that
depict a story composed of multiple sentences. GeNeVA [46, 51, 130, 39] is a conditional
text-to-image generation task developed on the CoDraw [105] dataset, which addresses
the problem of constructing a scene iteratively based on a sequence of descriptions. How-
ever, this line of work primarily focuses on experiments conducted with synthetic data and
targets the generation of images. In contrast, our focus lies in generating videos using

real-world data.
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Figure 5.2: 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 refer-
ence frame as inputs. 3) Frame interpolation synthesizes intermediate frames based on the

keyframe sequence to obtain the complete video.

5.3 Method

5.3.1 Overview

We first provide an overview of our long-take video generation system and then de-
scribe the three stages in detail. Given a series of N guidance signals and a reference
frame [j as input, our objective is to synthesize a video V that encompasses the content
specified by the guidance, starting from the initial frame /. The input guidance consists of
object labels xy, x,,- -+, xy. Each set x,, contains k" object labels, which may vary across
timesteps 7, indicating the objects appearing in the video. To address the challenge of
generating videos covering multiple events, our approach decouples the video generation
process into layout generation, keyframe generation, and frame interpolation, as shown in
Figure 5.2. Layout generation explicitly predicts the structures of keyframes from object

labels, addressing the deterioration of structure prediction over time during long video
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generation. This layout can also be provided and edited by users. Keyframe generation
focuses on jointly modeling the entire video to create multiple coherent events, with each
keyframe representing core events specified by the guidance. Using existing video mod-
els, the frame interpolation stage then synthesizes smooth intermediate 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 generation model predicts intermediate frames between
keyframes to complete the video.

Our approach offers several advantages: First, it simplifies generating long videos by
predicting keyframes that encapsulate high-level event concepts. Second, it leverages ad-
vanced video generation models to generate intermediate frames, enhancing flexibility in
video synthesis. We utilize generative transformer models capable of handling various
modalities by converting them into a unified vocabulary. This capability allows for incor-
porating different levels of input guidance (e.g., labels and layouts) in our task. Transform-
ers are adept at tasks such as interpolation and frame prediction, making them versatile
across our multi-stage approach. They also offer significant speed advantages and achieve

competitive output quality compared to diffusion models [244].

5.3.2 Layout Generation

We first generate a series of layouts from the object label sets to explicitly constrain the
structures of keyframes. Given a series of N object label sets {x,} and a reference frame /),
we synthesize a series of layouts {L,} representing the layouts of the N keyframes in the
video. Since the reference first frame /j 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 k", i.e., {b1, by, -+ ,bwn}. The bounding box attributes include its object label, x-
coordinate, y-coordinate, width, and height, i.e., b = {c, x, y, w, h}. We apply tokenization

to encode the layouts {L,} and the object label set {x,} into discrete token sequences, where
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Figure 5.3: 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.

the values of the bounding box attributes are discretized by uniform quantization.

Given the tokens of the reference layout L, and the object labels ¢ as inputs, we replace
the other attributes of the bounding boxes {x,y,w, h} with a [MASK] token and train the
model to predict the masked bounding box attributes in the layout series. Our layout
generation module predicts multiple layouts jointly to preserve the temporal consistency
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.
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5.3.3 Keyframe Generation

Next, we generate a sequence of keyframes from the predicted layout sequences.

A

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 generate a sequence of keyframes {/,}.
Specifically, the keyframe sequence {I,} is encoded into visual tokens, {e,}, by a VQ-
VAE [49] model. During training, the tokens of layouts and keyframes are concatenated
as s ={Ly, Ly, - ,Ly,eo,e1, ey} in dataset D. We randomly replace tokens in the se-
quence with the [MASK] token, obtaining the masked sequence s),. The generative trans-
former model is trained to predict the masked tokens of the target keyframes s, € M, by

minimizing the negative log-likelihood:

L=- XIEEDZEZM; log p(s; | s31) (5.1)

~

At test time, given the tokens of the layout sequence and the first frame {L,} and ey,
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 Figure 5.3. 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 gener-
ator 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. However,
this approach may be redundant because the visual tokens within a specific bounding box
in the keyframe (é,) are highly related to the layout tokens of the corresponding bound-
ing 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 encode this prior knowledge into our model through the attention mask,
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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 coherence for the same instance. Additionally,
masked attention reduces computational costs and improves efficiency in handling long

keyframe sequences, as shown in Table 5.4.

5.3.4 Frame Interpolation

~

Finally, given the reference frame /, and a sequence of generated keyframes {/,}, we
input the keyframes into an existing video generation model [57, 243, 14] trained for in-
filling tasks to generate intermediate frames between the keyframes. Specifically, we use
a model that predicts intermediate 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 trans-
former model is employed to predict masked video tokens for the intermediate frames. Fi-
nally, the interpolated video tokens are decoded back into raw videos by the 3D-VQVAE
decoder.

During inference, given two consecutive keyframes /,_; and I,, the model predicts
video token sequences that connect these keyframes, denoted as Z,. N clips of video to-
kens {Z,} are predicted and concatenated into a sequence to generate the long video using
the 3D decoder. Since our keyframe generation module has already generated consistent
objects over a longer duration, it facilitates the frame interpolation stage to maintain ob-
ject consistency and temporal coherence when predicting intermediate frames. Our frame
interpolation module can also be adapted to models trained on open-domain data, such

as [80, 68, 14], to enhance the quality and diversity of generated videos.
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5.4 Experiments

Dataset. We experiment with two real-world video datasets: 1) EPIC Kitchen [41]
comprises egocentric videos of kitchen activities. Unlike commonly used datasets such
as [181, 103, 45], 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 synthe-
size such videos, the video generation model needs to generate multiple non-repetitive
events within a short time window, such as various actions performed by the subject. 2)
nuScenes [18] consists of driving videos that capture both object motion (e.g., moving
cars) and dynamics caused by egocentric motion, where background scenes change over

time.

Evaluation metrics. We evaluate the generated videos using the following metrics: 1) FVD
and FID assess the quality of generated videos by measuring the feature distribution com-
pared to real videos. 2) LPIPS assesses the similarity 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 simi-
larity of the generated frame and a text prompt constructed from the input labels. 5) Cons.

assesses frame consistency using the CLIP image similarity between two frames [204, 48].

Implementation details. We utilize a segmentation model [34], not specifically trained
on our datasets, to automatically 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 background
scenes (e.g., walls, tables, floors). We set the maximum number of objects to 14 and
pad sequences if fewer than 14 objects are detected. We sample one keyframe every 16
frames, resulting in 16XN frames per video. Our quantitative evaluation uses 64-frame
videos at 128x128 resolution, 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
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Table 5.1: 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 FVD| LPIPS| AP7 CLIP7 Cons.?
TATS 737.6 0615 0.072 02452 0.9971
StyleGAN-V 581.8  0.550 0.074 0.2257 0.9960

MAGVIT (frame pred.) 2914 0475 0.133 0.2785 0.9965
MAGVIT (class cond.) 285.6 0469 0.140 0.2788 0.9968
Ours 2584 0421 0.192 0.2855 0.9973
Ours (GT layouts) 2147 0346 0.390 0.2866 0.9970
Ours (GT keyframes) 174.1 0.242 0451 0.2865 0.9972

(b) nuScenes

Methods FVvD| LPIPS| AP?T
MAGVIT (frame pred.) 171.1 0478 0.044
Ours 1589  0.448 0.059
Ours (GT layouts) 106.0 0.384 0.137

Ours (GT keyframes) 84.5 0.306 0.219

generation, and 37 fps for frame interpolation, achieving an inference speed of 25 fps,

which is 10 times faster [243] than autoregressive and diffusion models.

5.4.1 Video Generation

We evaluate video generation results to verify the effectiveness of additional guidance

and the capability of generating multiple coherent events in the videos.

Baselines. We compare with the following state-of-the-art video generation methods: 1)
MAGVIT (frame pred.) [243]: given the reference frame as input, we apply MAGVIT

to generate a 16-frame clip. We then use the last predicted frames iteratively to generate
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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 incorporate additional guidance,
similar to our method. 3) StyleGAN-V [179]: we train their unconditional model to gener-
ate a 64-frame video and apply the GAN projection method to condition on the reference
frame. 4) TATS [57]: 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 quality 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. Table 5.1 shows our method achieves substantial improvements of
9.5% and 7.6% over baselines in FVD. The videos closely resemble ground truth, con-
firmed by LPIPS. AP and CLIP scores validate our model’s success in generating videos
with specified object inputs. Consistency scores verify maintained coherency, demon-
strating our approach’s efficacy. MAGVIT (class cond.) outperforms MAGVIT (frame
pred.), highlighting the benefits of additional guidance. Further, our approach surpasses
MAGVIT (class cond.), showing the combined effectiveness of additional guidance and
our system, which generates videos by predicting keyframes and infilling the intermediate
frames. Ours (GT layouts) and Ours (GT keyframes) significantly enhance video
quality, suggesting room for improvement in long-take video generation despite using the
same video generation model. This underscores the importance of developing video gen-
eration systems alongside enhancing base model quality. Our multi-stage approach, gen-
erating videos via keyframes and guidance, complements existing efforts and improves
addressing real-world video generation challenges. Our method also enables user refine-
ment of intermediate representations, like detailed layouts, to enhance generated videos
interactively.

The per-frame LPIPS scores are shown in Figure 5.4. 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, particu-
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Figure 5.4: Per-frame results. The results of MAGVIT degrade over time, while our

method shows slower quality degradation.

Table 5.2: 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 v.s. MAGVIT (frame pred.) 76.3% 82.1%
Ours v.s. MAGVIT (class cond.)  68.4% 66.7%

larly 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 methods 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 content of the ground truth video. The study includes 40 videos and

11 participants using the EPIC Kitchen dataset. The results, presented in Table 5.2, align

with the quantitative findings and further validate the significant performance gain of our

method compared to the baselines.
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Figure 5.5: 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.
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Figure 5.6: 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 [122, 125, 266],

creates multiple snippets without direct temporal continuity.

Qualitative results. In Figure 5.5, TATS, StyleGAN-V, and MAGVIT tend to produce
videos with homogeneous content, 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),
demonstrating the model’s ability to generate videos with multiple 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., object label sets or (more constrained) layouts. Overall, we achieve
satisfying results for the challenging video generation 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
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Table 5.3: Quantitative results of keyframe generation. Metrics are averaged across the

keyframes. Our method consistently outperforms alternative approaches.

Methods FID | LPIPS |
MaskGIT 46.9 0.633
HCSS 50.2 0.653
Ours 29.9 0.548
Ours (GT) 242 0.416

Ours single (GT) 27.5 0.480

visuals within a scene but typically produce short clips (e.g., 32 frames) and struggle with
complex sequences. VLOGGER [266] and VideoDirectorGPT [125] extend T2V models
to generate longer videos, but focus on generating multiple snippets without direct tem-
poral continuity in the adjacent shots. We address the challenge of generating single-shot,
long-take videos up to 512 frames. By applying LVD [122] and VLOGGER [266], we gen-
erate long videos using a series of text prompts. In Figure 5.6, LVD and VLOGGER cre-
ate multiple distinct shots, while our model produces a long-take video with non-recurrent
events (e.g., cooking, fetching condiments, 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 generates is constrained by the num-
ber of keyframes, and the output length of the interpolation model. To generate longer
videos, our approach can be integrated with multi-step inference processes to iteratively
generate keyframes conditioned on preceding keyframes. As shown in Figure 5.6, up
to 512 frames are generated using 32 keyframes. In addition, 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 models on caption-video data and

swap the backbone to T2V models to generate videos in broader domains.
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Figure 5.7: Qualitative results of keyframe generation. MaskGIT predicts similar con-
tent, while HCSS fails to generate consistent frames. Our superior results validate the
importance of providing additional input guidance and modeling the keyframes holisti-

cally.

5.4.2 Keyframes Generation

We evaluate our keyframe generation model to assess the importance of jointly gener-

ating all keyframes and the effectiveness of masked attention and layout generation.

Baselines. We compare the following methods: 1) MaskGIT [22]: the model takes the
reference as input and iteratively predicts the next keyframe, representing keyframe gen-
eration without input guidance. 2) HCSS [94]: the model takes a single layout as input and
generates a single keyframe, representing independent keyframe generation 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 layouts (upper bound). 5)
Ours single (GT): an iterative approach that predicts each keyframe conditioned on the

previous keyframe and the ground truth layout, representing generation without full video
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Table 5.4: 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| AP?T ‘ FID| LPIPS| AP?
Ours w/o mask | 33.6 0.584  0.183 | 34.8 0.575 0.216
Ours 31.3 0.565 0.192 | 299 0.548  0.223
(b) Layout generation
Methods 'FID| LPIPS| AP1{

60.3 0.672  0.095
29.9 0.548  0.223

Ours w/o layout

Ours

modeling.

Quantitative results. In Table 5.3, our method consistently outperforms HCSS, confirming
the importance of joint prediction for all keyframes. MaskGIT tends to predict repetitive
keyframes with minimal changes across frames, suggesting that the resulting video may
appear static and unsuitable 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 considering the entire video

jointly leads to better keyframe generation.

Qualitative results. Figure 5.7 shows that MaskGIT tends to generate keyframes with sim-
ilar content, validating the importance of providing input guidance at multiple timesteps.
In contrast, HCSS fails to generate consistent results across keyframes, as evidenced by
variations in sink styles. Similarly, the iterative approach Ours single (GT) exhibits
inconsistencies compared to Ours (GT). These examples emphasize the significance of

joint modeling for the entire video.

Ablation study. We conduct ablation studies on the masked attention module and the
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layout generation process. The proposed masked attention module enhances coherence
and efficiency in generating long videos. We analyze the module’s impact using different
numbers of input objects. As shown in Table 5.4 (a), removing the masked attention mod-
ule and allowing each layout token to attend to every keyframe token leads to a decrease
in performance. With masked attention, 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 improved FID and LPIPS scores. The improvements in AP score
further confirm its effectiveness in concentrating generation within specific bounding box
areas.

The layout generation process helps preserve the 2D frame structure, which can easily
deteriorate over time during long video generation. In Table 5.4 (b), we conduct an ab-
lation 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 impor-

tance of the layout generation process.

5.5 Conclusions

This work addresses the challenge of generating long-take videos that encompass mul-
tiple events. We introduce a video generation system that utilizes multiple guidance inputs
to control the generation process. A multi-stage approach has been developed to generate
core events through keyframes and connect these events using existing video generation
models. Empirical results validate the effectiveness of our approach, emphasizing the im-

portance of guidance in improving video generation quality.



Chapter 6

Conclusion and Future Work

6.1 Conclusion

In this thesis, we explore how to improve the effectiveness of generative models in
achieving consistency, controllability, and complexity, with a focus on applications in

novel view and video synthesis. Specifically, we make the following key contributions.

Multiview consistency for novel view synthesis. In Chapter 2, we present a point
cloud-based approach to enforce multiview consistency in 3D scene stylization. We first
construct a point cloud by back-projecting image features into 3D space. We design point
cloud aggregation modules that extract and integrate style information. The features are
then modulated via a linear transformation matrix and projected back into 2D to synthe-
size stylized novel views. By performing stylization on constructed 3D representations,
our method naturally achieves consistent stylization across views without requiring per-

scene finetuning.

Subject-level controllability for video generation. In Chapter 3, we present a video

generation model that enables controllability over both the trajectory and appearance of
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individual subjects. Our approach incorporates a multimodal conditioning module com-
posed of a joint encoder, control-attention layers, and an appearance augmentation mecha-
nism. These design choices enable the model to generate videos that accurately reflect user
inputs across different modalities in a single training pass, while maintaining the quality

of the base model.

Modeling complex human motion for video generation. In Chapter 4, we present a
human motion generation method conditioned on a scene image and a text prompt. The
resulting motion sequences facilitate the synthesis of complex human actions for video
generation. Our approach is built upon a diffusion transformer model with in-context con-
ditioning. The model is trained on a large-scale video dataset that we collected, in which
each video is annotated with its corresponding human motion. The proposed method ef-
fectively generates human motions that align well with the scene background, enabling the

synthesis of long and complex human-centric video content.

Long-take video generation with consistent content. In Chapter 5, we propose a frame-
work that uses multiple guidance signals to generate long-take videos with diverse yet
coherent events. The generation process is divided into two stages: keyframe genera-
tion, which focuses on producing a sequence of semantically consistent events, and frame
interpolation, which synthesizes smooth transitions between keyframes. We introduce a
novel mask attention module to further enhance coherence and computational efficiency.
Experimental results show that our approach effectively produces long-take videos with

consistent content.

6.2 Future Work

We have explored four frameworks that improve different aspects of generative models

for novel view and video synthesis in this thesis. Next, we discuss potential directions for
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future exploration.

6.2.1 Real-time Style Transfer for Dynamic Scenes

In Chapter 2, we explore the task of transferring artistic styles from a reference style
image to multiple novel view images of a static scene. Our results show that the stylized
novel views maintain view consistency in 3D space. However, the model’s performance
heavily relies on the quality of 3D point cloud estimation provided by COLMAP and
is limited to static 3D scenes. In the future, I plan to explore real-time style transfer
for dynamic scenes or space-time videos. Given a set of images captured from different
viewpoints and at different timesteps, along with a reference style image, the goal is to
generate a stylized space-time video with consistent style transfer effects, all in a single
feed-forward pass.

Recently, feed-forward models for real-time static 3D scene reconstruction [233] have
gained increasing attention. These models take multi-view images of a static scene as in-
put and predict 3D Gaussian parameters. At inference time, they can produce real-time
3D Gaussian reconstructions in a single forward pass, which can then be used for novel
view synthesis. Building on this rapid progress, researchers have begun developing feed-
forward frameworks for 4D reconstruction of dynamic scenes [248, 123], which aim to
estimate the geometry of dynamic, deformable scenes across multiple timesteps. By train-
ing on large-scale datasets of static and dynamic scene videos captured from varying poses
and times, these models reconstruct 3D Gaussian splatting or point cloud representations
for each timestep in real time. These methods not only advance scene reconstruction ca-
pabilities but also open up exciting directions for scene editing, manipulation, and visual
effects such as style transfer. I plan to extend 4D reconstruction models to support style

transfer in dynamic scenes.
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6.2.2 Learning to Generate Human-Scene Interactions from Videos

In Chapter 4, we develop a model that learns to generate human motion conditioned on
a text prompt and a background image. Trained on our collected video datasets, the model
produces diverse and complex human motions that are highly compatible with the given
scene. However, the model relies on a fixed 2D image to represent the scene geometry,
limiting its ability to capture dynamic human-scene interactions and the broader 3D envi-
ronment present in videos. In future work, I plan to extend our human motion generation
framework to model explicit human-scene interactions, conditioned on 3D representations
of the environment extracted from monocular videos. This would enable more realistic
and physically grounded motion generation in complex, dynamic environments.

Prior work on scene-aware human motion generation [256, 77, 75, 196, 197] has shown
promising results in generating physically plausible human poses. However, these ap-
proaches are often trained on limited datasets, due to the challenges of acquiring paired 3D
human and scene data at scale. More recently, researchers have started leveraging large-
scale 2D in-the-wild video data to learn human motion [155], but learning human-scene
interactions in 3D directly from video remains underexplored. Given the abundance of 2D
video sources available online, I aim to collect human-scene interaction data in 3D by ap-
plying recent advances in 4D scene reconstruction [248] and human mesh recovery [235].
This data will serve as a foundation for training a motion generation model conditioned
on 3D scene context, allowing us to better understand and synthesize physically plausible

human behavior in realistic 3D environments.
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