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Abstract

Human motion synthesis involves generating videos of a human performing specified actions

from a reference image through pose inputs. Applications such as fitness and dance training

apps, e-commerce virtual try-ons, and social media content creation would greatly benefit

from human motion video synthesis that supports view changes and accepts motion directives

through textual inputs. Current models are typically restricted to generating videos with

a fixed camera view and require precise pose inputs to be given by users, limiting their

applicability in various 3D application scenarios.

Traditionally, producing human action videos with view changes requires generating

clothed 3D mesh models and rigging them to pre-scripted actions. While this process allows

for full 3D view changes, it is complex, time-consuming, and not user-friendly. Moreover,

many use cases do not require fully-fledged view changes; minor viewpoint adjustments from

the front view often suffice to create the illusion of dynamic 3D videos.

This thesis presents a novel pipeline for generating human action videos from text with mi-

nor viewpoint changes. By leveraging a single reference image and textual pose instructions,

our approach bypasses the need for manual 3D animation. Instead, we utilize a combination

of off-the-shelf generation models to synthesize human action videos from given text instruc-

tions and employ depth-based view synthesis techniques to create dynamic, view-changing

videos of moving humans with minimal production time and effort.

Our method offers a more efficient, cost-effective, and accessible alternative to traditional

methods. The simplicity of our pipeline also facilitates further video editing and manipu-

lation, including background modifications. By democratizing the creation of high-quality,

dynamic video content, our solution bridges the gap between complex 3D simulations and

practical content creation, making it accessible to a broader audience.
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Chapter1

Introduction

1.1 What is Human Motion Video Synthesis?

Human Motion Video Synthesis involves generating videos of a human performing speci�ed

actions from a reference image, o�ering a unique approach to content creation. This process

relies heavily on pose inputs to generate the motion video. The pose sequences are extracted

from reference videos of other humans using pose detectors or from motion capture systems.

This heavy reliance on pose inputs gives control over the generation of long and complex

motion but has severe limitations.

For example, the reliance on pose inputs restricts the use of more intuitive methods,

such as text-based instructions for video generation. Additionally, these models typically

lack camera control, operating from a �xed viewpoint due to being trained on datasets that

do not account for changes in perspective or camera angles. These limitations signi�cantly

diminish the dynamic quality of the generated videos.

Previous works, such as those by Kim et al.[1] and Jiang et al. [2], have explored the use

of text-based instructions for action generation. However, these methods do not incorporate

reference-view images, relying instead on text alone to generate the entire video. Other

models, like VideoComposer [3], allow for multimodal inputs, combining both reference

images and text to generate human action videos. However, these models cannot generate

1



INTRODUCTION 2

long and intricate actions and lack full camera control.

Figure 1.1: An example of Human Motion Video Synthesis.

Addressing these limitations by incorporating textual prompts and enabling cam-

era or viewpoint changes within synthesized videos could unlock numerous applications.

For instance, in �tness and dance training apps, users could receive personalized, dynamic

demonstrations of exercises and dance moves from di�erent angles, enhancing their learning

experience. In e-commerce, virtual try-ons could be signi�cantly improved by allowing cus-

tomers to view themselves performing various actions in di�erent out�ts, providing a more

comprehensive understanding of the product.

1.2 Traditional Methodology

Traditional methodology for generating human action videos with view changes is a

highly complicated process. First, a fully clothed, textured 3D model resembling the human

in the reference video is created. This model is then rigged to a skeleton, allowing the user

to manipulate the 3D model using pose inputs. The desired actions are scripted into these

pose inputs, which guide the model's movements frame by frame. Since the �nal product

includes a complete 3D model, it enables full 3D camera view changes while the dynamic

motion is performed.

However, this method has signi�cant drawbacks. Generating 3D mesh models, rigging

them, and scripting actions is complex and time-consuming, requiring substantial technical
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Figure 1.2: The process of Textured Mesh Rigging. [4].

expertise. Each step demands precise attention to detail, from accurately modeling clothing

and body shapes to correctly implementing movement dynamics. Additionally, the need for

specialized software and expertise in 3D modeling makes this approach less accessible to

casual users, limiting its usability for broader applications.

1.3 Our Pipeline

To address the limitations of traditional methodologies, we propose an alternative pipeline

designed to simplify the process of generating human action videos while still achieving

a compelling illusion of full 3D. For many applications, full-
edged 3D view changes are

unnecessary; minor adjustments to the viewpoint, especially from a front-facing perspective,

can be su�cient to create the impression of a dynamic video. This insight forms the basis

of our novel pipeline, which leverages text-based instructions and a single reference image to

produce human action videos with slight viewpoint changes.

Our pipeline is divided into three key sections, each playing a speci�c role in the video

generation process. The �rst section focuses on synthesizing pose sequences directly from

text instructions. By translating textual descriptions into a sequence of poses, this section

eliminates the need for pre-scripted inputs, o�ering a more intuitive and 
exible approach
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to guiding human motion.

The second section is responsible for generating forward-facing human action videos.

Using the synthesized pose sequences and the reference image, this section creates videos

that capture the speci�ed human motion sequence from a front-view camera.

Finally, the third section converts the forward-facing videos into view-changing videos.

By applying subtle adjustments to the camera angle or perspective, this section creates the

impression of a more dynamic 3D experience. While these viewpoint changes are minor,

they are signi�cant enough to provide a sense of depth and movement, making the videos

more immersive without the need for complex 3D modeling.

Through this streamlined approach, our proposed pipeline o�ers a practical and e�cient

alternative to traditional methods, making the creation of dynamic human action videos

more accessible and less time-consuming while still delivering high-quality results suitable

for a wide range of applications.



Chapter2

Related Work

2.1 3D Avatar Generation Models

3D avatar generation models build on advanced 3D reconstruction techniques to create fully

textured human assets from text or image inputs. These frameworks are capable of gener-

ating detailed full-body avatars in a short amount of time, but they typically require mesh

rigging and pose inputs to animate the avatars. Moreover, they often lack the ability to

model the background or other elements of the scene. For example, Kolotouros et al. [5]

generates front and back views of an avatar, which are then combined into a textured mesh

using pixel-aligned 3D reconstruction. Huang et al. [6] take a di�erent approach by pro-

gressively optimizing a 3D model and its textures with texture guidance extracted through

visual query models. Chen et al. [7] starts by estimating the mesh structure and then build

the textures using IPAdapter, showcasing another method of integrating texture generation

into the 3D reconstruction process.

2.2 Pose parameterized Volumetric Avatar Models

Pose-parameterized volumetric avatar models o�er an alternative approach by eliminating

the need for explicit mesh rigging. These models internally parameterize the avatar based

on poses, making them more adaptable for dynamic animations. However, they typically

5



RELATED WORK 6

require monocular video input for training. Jiang et al. [8] introduce a method that divides

the full scene into a scene NeRF (Neural Radiance Field) model and a human NeRF model,

which are jointly trained on a video to reconstruct both the scene and the avatar. Kocabas

et al. [9] propose a Gaussian-based model that uses MLP networks to parameterize Gaussian

splats in canonical space, simplifying the avatar generation process. Similarly, Hu et al. [10]

improve upon this by employing an encoder model with an optimizable tensor to better

capture pose-based variations in the avatar.

2.3 2.5 D Generation

2.5D generation models provide another layer of depth to image-based representations, of-

fering potential for more realistic and dynamic visuals. These models typically operate on

image data, making them simpler yet e�ective for certain applications. Shih et al. [11]

introduce a method that uses Layered Depth Images (LDIs) instead of traditional meshes,

leveraging their simplicity to predict edge and mesh inpainting for occlusion handling in

nearby views. However, this approach is limited to still images and is not suitable for videos.

Tucker et al. [12] take a di�erent approach by using Multi-Plane Images (MPIs) to achieve

similar 2.5D e�ects, o�ering a more robust solution for single-view view synthesis.

2.4 Image to 3D di�usion models

Image-to-3D di�usion models represent a cutting-edge approach to conditional generation

tasks, where 3D assets are created from a single reference image using di�usion models.

These models have even evolved to convert video sequences into 4D assets, but they often

struggle with human generation due to their training on object-centric datasets and lack

of input control. The advancements in this area are built upon foundational work such

as Liu et al. [13], which pioneered zero-shot image-to-3D generation. Subsequent models,

including Lin et al. [14], Sargent et al. [15], and Liu et al. [16], have focused on improving
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consistency in 3D generation. Ren et al. [17] push the boundaries further by extending

3D mesh generation to 4D for short video sequences, building upon the work of Tang et al.

[18], who introduced the concept of score distillation sampling for Gaussian splatting for 3D

models.



Chapter3

Methodology

3.1 Overview

Our proposed pipeline is structured into three distinct sections, each designed to leverage

existing tools and models to streamline the process of generating human action videos from

text instructions and a reference image. As depicted in Figure 2.1, the entire pipeline is

built upon o�-the-shelf generators and estimators, ensuring that the implementation is both

practical and e�cient.

The �rst section of the pipeline focuses on generating pose sequences directly from textual

descriptions. This is followed by the second section, which uses these sequences to create

forward-facing human action videos. Finally, the third section applies minor viewpoint

changes to enhance the dynamic quality of the generated videos. Each stage plays a crucial

role in ensuring that the �nal output is both visually appealing and functionally e�ective for

a variety of applications.

8



METHODOLOGY 9

Figure 3.1: The overview of our pipeline.
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Figure 3.2: Demo 1 of the full pipeline.
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Figure 3.3: Demo 2 of the full pipeline.
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Figure 3.4: Demo 3 of the full pipeline.
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3.1.1 Section 1: Pose Sequence Generation from Text

Figure 3.5: Pipeline of ATOM.

The initial stage of the pipeline is dedicated to generating pose sequences based on

given textual instructions. To achieve this, we employ o�-the-shelf language-guided motion

synthesis models that are speci�cally designed for this task. This process signi�cantly reduces

the need for manual pose scripting, making the generation of human action sequences more

accessible and less labor-intensive. In our experiments, we utilize the ATOM [19] model for

this task.

ATOM, or ATomic mOtion Modeling, is a state-of-the-art model for generating motion

sequences from text. Given a dataset of text-motion pairsf (yi ; M i )g, where yi represents

text and M i is a motion representationM i = [ p1; : : : ; pT ] of SMPL body poses at each time

step t, the model utilizes a Conditional Transformer VAE (Variational Autoencoder) to align

motion representations with text. The encoder captures the structure of the motion sequence

and transforms it into a compact latent representation, while the decoder generates motion

sequences from this latent representation and the corresponding text embeddings.

The learning objective of ATOM is consistent with standard CVAEs, including recon-
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struction loss and Kullback-Leibler (KL) divergence.

L rec =
1
T

TX

t=1

kpt � p̂tk2
2

LCVAE = L rec + wKL LKL

A distinctive feature of ATOM is the integration of an atomic action codebook into

the decoder as a key-value pair. The underlying principle is that motion sequences can be

decomposed into a series of smaller, atomic actions. These actions are stored in a learnable

matrix A 2 RN � D , whereN represents the number of atomic actions, andD is the hidden

dimension corresponding to the latent space of each action.

To ensure the e�ectiveness of this decomposition, ATOM introduces two additional loss

functions: Ldiv , a diversity constraint that ensures the uniqueness of atomic actions.

Ldiv = kAA T � I kF

k:kF is the Frobenius norm. This objective forces the atomic action codebook matrix to

be orthogonal, i.e, Unique from each other.

Another added constraint is,

L spa = �
X

l

X

h

max(H l;h )

H l;h is the attention map. This encourages sparsity by maximizing the attention weights in

the cross-attention layer. This approach prevents over-segmentation of actions and ensures

that the atomic actions relating to a sequence are unique and distinct.

ATOM is particularly well-suited for our needs because it works solely on text prompting,

allowing it to generate nuanced and contextually appropriate pose sequences. Moreover, its

new additions like atomic action codebook, allows model to produce smoother motion and

motion transitions.
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The output poses of ATOM are SMPL[20] poses. The Skinned Multi-Person Linear

Model (SMPL) is a 3D human body model derived from body scans encompassing a wide

range of poses. This model is represented by meshes containing approximately 7,000 3D

points.

SMPL[20] parameterizes these points in terms of pose� , shape/identity � , and soft tissue

dynamics � . To manage the high-dimensional shape parameters� , Principal Component

Analysis (PCA) [21] is employed to obtain a lower-dimensional representation for each mesh

identity.

Figure 3.6: RGB Image, joints, skeleton, SMPL and SMPL-X [22]

The mesh is reconstructed using Linear Blended Skinning (LBS), which involves blending

a template meshT using joints J 2 R3K , pose parameters~� 2 R3K , blend weightsW 2

RN � K , and a templateT 2 R3N . LBS works by linearly combining the transformed vertices

of the template mesh based on their proximity to joints and the associated blend weights.

The formula for this operation is:
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W(T; J; W;~� ) ! Vertices

While SMPL uses LBS, it incorporates a more complex model where the templateTF is

a function of both ~� and ~� . Additionally, the joints J are parameterized as a function of the

shape� .

For 3D representation, SMPL is the most commonly used pose. These poses are low

dimensional representation of the full mesh. An alternative for basic SMPL is SMPL-X [22]

or expressive which includes detailed face and hand models in it. Number of joints in SMPL

can vary based on datasets. HumanML3D has 22 joints and KIT-ML has 21 joints.

Once the pose sequences are generated, they need to be formatted for use in the sub-

sequent stages of the pipeline. Human action video generation models in Section 2 typi-

cally accept pose data using 2D poses. Since most of these models were trained on static

non changing cameras, they wernt built using 3D poses. Most commonly used 2D poses

are OpenPose [23], DensePose [24] or DWPose [25], three widely-used 2D pose estimation

frameworks.

OpenPose[23] is a notable 2D pose model that identi�es 135 keypoints, which include

body, face, hand, and foot keypoints. This model utilizes a Convolutional Neural Network

(CNN) designed to detect keypoints in real-time for multiple individuals simultaneously. An

alternative variant, known as the Body-25 model, focuses solely on the 25 body keypoints,

omitting the face, hand, and foot keypoints when such detailed information is not required.

To convert SMPL (Skinned Multi-Person Linear) models to OpenPose format, there are

three main approaches:

Using a Body Model Regressor : A joint regressor can be trained to map SMPL/SMPL-

X joints to OpenPose joints. This method o�ers high accuracy and speed. However, literature

typically provides regressors only for body-18 and body-25 keypoints. While facial keypoints

can be derived from face contours in models like SMPL-X, such conversions are not feasible

for the basic SMPL model. It might be because face, hand and foot keypoints are hard to
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regress due to their close proximity with nearby points.

Matching Corresponding Keypoints Across Conventions : This method involves

mapping keypoints from one convention to another, but it may result in missing values or

inaccuracies, particularly depending on the training speci�cs of the model. While direct

conversion from SMPL to OpenPose 135 keypoints is not feasible, conversion from SMPL-

X to OpenPose 135 keypoints is possible. In our case, we tested SMPL-X to Openpose

using MMHuman3D's [26] inbuilt converter for DNA Rendering dataset with good success.

ATOM's outputs however are SMPL. To get this working, SMPL �rst needs to be converted

into an SMPL-X model that can be mapped to Openpose ( like SMPLify-X[22] version or

MMHuman3D version). This can be done by regressing SMPL mesh with SMPL-X mesh

which is signi�cantly time consuming. For this project we tested converting to Body-25

model this way but full Openpose has not been tested.

Figure 3.7: SMPL converted to openpose and overlayed on RGB image using HumanMM3D
[26]

Rendering the Mesh Per Time Step and Running the Detector Directly : This

approach involves rendering the SMPL mesh for each time step and then applying the de-
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tector. Although this method may not be as accurate as using a model regressor, it can still

yield satisfactory results. However, it may struggle with occlusions.

DWPose [25] is another comprehensive pose estimation framework designed to track

body, hand, and face poses across multiple individuals in images. It employs a two-stage

distillation process to enhance pose detection accuracy. Additionally, DWPose is optimized

for integration with ControlNet models in di�usion-based generation frameworks.

Unlike Openpose, generating DWPose from SMPL pose is not straightforward and con-

tains a di�erent set of challenges. Since there is no direct conversion method available, the

DWPose detector must be applied to SMPL-generated meshes. This involves rendering nor-

mal maps from SMPL using a static camera setup and then feeding these maps into the

DWPose detector. While this approach is faster than the SMPL-to-SMPL-X conversion, it

can introduce artifacts and distortions, necessitating careful handling during the subsequent

video generation phase.

In our experiments, we useOpen3D[27] to generate and render the SMPL meshes. For

the SMPL mesh corresponding to posept at time step t, we employ a static camera with a

large focal length to render the mesh using a normal renderer. Since the models discussed

in Section 2 are designed for static cameras, we opted for this approach. However, SMPL-

generated meshes often exhibit signi�cant movement. Therefore, using a camera with a

large focal length positioned at a greater distance allows us to cover a substantial area and

accommodate the mesh's motion e�ectively.

In the second stage of our pipeline, we focus on generating forward-view videos of human

actions using o�-the-shelf Human Action Video Generators. For this purpose, we utilize

UniAnimate [28].
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Figure 3.8: DWPose Generation Process

3.1.2 Section 2: Human Action Video Generation

UniAnimate is a state-of-the-art model designed speci�cally for generating realistic human

action sequences. The driving pose sequence for UniAnimate is provided by DWPose, as

detailed in the previous section. This integration requires the application of the DWPose

generation process described earlier.

Previous methods in this domain, such as MagicAnimate [29], MagicPose [30], and DisCo

[31], employ separate 3D U-Net networks to encode and retain appearance information. Un-

like these methods, UniAnimate does not use this approach. Instead, UniAnimate proposes

using a uni�ed video di�usion architecture. This architecture encodes all relevant informa-

tion|including the reference image, reference pose, and driving pose|into a single input for

the di�usion models. By concatenating or stacking this information, UniAnimate enables

joint modeling of appearance and motion, improving the cohesiveness of generated sequences.

Speci�cally, reference information is concatenated and broadcasted to the noised input

shape, which is then stacked with noised input which was concatenated with driving pose.

Additionally, UniAnimate introduces a robust technique for generating long video se-

quences. While previous methods often rely on a sliding window approach for generating

long sequences, this can lead to discontinuities between windows. Unianimate shows that
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