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Abstract

In the field of artificial intelligence, the generation of human-like motion from natural language de-
scriptions has garnered increasing attention across various research domains. Computer vision focuses
on understanding and replicating visual cues for motion, while computer graphics aims to create and edit
visually realistic animations. Similarly, multimedia research explores the intersection of data modalities,
such as text, motion, and image, to enhance user experiences. Robotics and human-computer interac-
tion are pivotal areas where language-driven motion systems improve the autonomy and responsiveness
of machines, facilitating more efficient and meaningful human-robot interactions. Despite its signifi-
cance, existing approaches still encounter significant difficulties, particularly when generating motions
from unseen or novel text descriptions. These models often lack the ability to fully capture intricate,
low-level motion nuances that go beyond basic action labels. This limitation arises from the reliance on
brief and simplistic textual descriptions, which fail to convey the complex and fine-grained characteris-
tics of human motion, resulting in less diverse and realistic outputs. As a result, the generated motions
frequently lack the subtlety and depth required for more dynamic and context-specific applications.

This thesis introduces two key contributions to overcome these limitations and advance text-conditioned
human motion generation. First, we present Action-GPT, a novel framework aimed at significantly
enhancing text-based action generation models by incorporating Large Language Models (LLMs). Tra-
ditional motion capture datasets tend to provide action descriptions that are brief and minimalistic, often
failing to convey the full range of complexities involved in human movement. Such sparse descriptions
limit the ability of models to generate diverse and nuanced motion sequences. Action-GPT leverages
LLMs to create richer, more detailed descriptions of actions, capturing finer aspects of movement. By
doing so, it improves the alignment between text and motion spaces, enabling models to generate more
precise and contextually accurate motion sequences. This framework is designed to work with both
stochastic models (e.g., VAE-based) and deterministic models offering flexibility across different types
of motion generation architectures. Experimental results demonstrate that Action-GPT not only en-
hances the quality of synthesized motions—both in terms of realism and diversity—but also excels in
zero-shot generation, effectively handling previously unseen text descriptions.

Second, we introduce MoRAG, a sophisticated retrieval-augmented generation strategy tailored to
enhance the performance of motion diffusion models. MoRAG adopts a multi-part fusion retrieval
mechanism that allows for improved generalization of motion retrieval across a wide range of language
inputs, addressing the limitations of current retrieval methods that struggle with unseen or atypical de-
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scriptions. By incorporating low-level, part-specific motion details into the retrieval process, MoRAG
constructs more accurate and varied motion sequences. The retrieval process is refined by prompting
LLMs to handle issues like spelling errors, rephrasing, and ambiguous language, ensuring that the re-
trieved motions are contextually relevant and diverse. These augmented motion samples are then used as
additional knowledge within the motion generation pipeline, enhancing the system’s ability to generate
complex and realistic motions from diverse textual inputs. This retrieval-augmented approach increases
both the robustness and generalization capacity of the motion generation models, making them more
adaptable to complex and unseen scenarios.

Together, these contributions represent a substantial advancement in text-conditioned human mo-
tion generation. By refining both the action description process and the motion retrieval strategy, this
work enhances the ability of models to generate diverse, realistic motions from natural language inputs,
particularly in zero-shot settings and when handling detailed, complex descriptions.
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Chapter 1

Introduction

Recent advancements in computer vision have unlocked a variety of new applications in fields such
as virtual reality, human-robot interaction, gaming, and entertainment. One of the emerging challenges
in this space is the generation of human-like motion from text descriptions, which has the potential to
impact industries ranging from fashion to entertainment and beyond. However, this task is far from
straightforward due to the complexity and variability of natural language descriptions, the limited avail-
ability of motion capture datasets with text annotations, and the challenge of consistently translating
diverse text inputs into accurate motion outputs. In this chapter, we discuss our motivation for delving
into this problem domain, outline the specific problem statements, and highlight the associated research
challenges. We also provide an overview of the existing literature, noting its limitations, and conclude
with a summary of our major contributions to this area.

1.1 Motivation

“Language shapes the way we think, and determines what we can think about.” — Benjamin Lee
Whorf. This insight emphasizes the fundamental connection between language and human behavior.
Humans naturally translate verbal instructions into actions, and conversely, use language to interpret
and describe observed behaviors. This seamless integration of language and action is central to human
interaction and communication.

In the field of artificial intelligence, the generation of human-like motion from natural language de-
scriptions has attracted significant attention from diverse research domains. These include computer
vision [1, 18, 38, 4, 25], which focuses on understanding and replicating visual cues for motion, and
computer graphics [9, 3, 57, 40, 6], which aims to create and edit visually realistic and dynamic anima-
tions. Similarly, multimedia research [49, 55] explores the intersection of various data modalities, like
text, motion and image, to enhance user experiences. Robotics [60] and human-computer interaction
[13, 32, 23] are also pivotal areas where language-driven motion systems aim to improve the autonomy
and responsiveness of machines, enabling more efficient and meaningful interactions between humans
and robots.
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The ultimate goal of human motion generation is to create natural, realistic, and diverse motions
that can be applied across a wide range of industries. As shown in Figure 1.1, this technology holds
significant potential in various fields. Augmented and virtual reality (AR/VR) can greatly benefit from
text-conditioned motion, as illustrated in (A), where user actions in virtual environments are simulated in
real-time. In video games, motion generation based on textual descriptions enhances the flexibility and
creativity of character animations, such as the fighting sequences depicted in (B). In film production,
text-driven motion can streamline animation workflows, enabling more efficient creation of complex
scenes.

Moreover, digital humans (C) can be animated to perform various tasks in 3D environments, such as
sitting or grabbing objects, adding depth to simulations and virtual experiences. Full-body motion se-
quences, like the example in (D) where, a man picks up an object with a horrified expression, showcase
the ability to generate highly expressive and context-aware animations from descriptive text. Finally,
robotics applications (E) allow humanoid robots to perform human-like actions, such as exaggerated
movements while eating popcorn, enabling more natural human-robot interactions. These examples
illustrate the broad potential of text-driven human motion generation across entertainment, virtual envi-
ronments, and robotics.

By empowering machines to comprehend and execute actions based on language instructions, these
technological advancements pave the way for more intuitive, seamless, and human-like behaviors in
both virtual and physical environments. This progress effectively bridges the gap between language,
cognition, and action, broadening the scope and impact of artificial intelligence across multiple fields,
thus pushing forward the frontiers of human-machine collaboration.

1.2 Problem Statement

The focus of this thesis is to address the limitations of existing text-conditioned human motion gen-
eration systems in their ability to produce accurate, diverse, and contextually relevant human motions
based on textual descriptions. While these systems can generate motions from text inputs, they often
lack precision, resulting in outputs that do not adequately align with the specific details or nuances of
the input text. This misalignment leads to motions that are either too generic or inaccurate, which poses
significant challenges in scenarios requiring fine-grained control to capture the subtleties of human ac-
tions.

In addition to enhancing motion generation, this research also tackles the sub-task of text-to-human
motion retrieval. This involves developing methods to retrieve the most relevant motion samples from a
dataset in response to a given textual description.
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[1] The One-Man-Crowd: Single User Generation of Crowd Motions Using Virtual Reality
[2] AnimationGPT : An AIGC tool for generating game combat motion assets
[3] Generating Continual Human Motion in Diverse 3D Scenes
[4] T2M-X: Learning Expressive Text-to-Motion Generation from Partially Annotated Data
[5] From Text To Motion: Grounding GPT-4 In A Humanoid Robot “ALTER3”

Real World
Situation

VR
Situation

(A) Immerse one user in VR and generate a crowd by himself/herself [1]
(B) Features a fighting style in action games, where 

the animation is generated based on text [2]

(C) Synthesizing a diverse animator guided human motion such 
as sitting and grabbing in diverse 3D scenes. [3]

(D) Whole body motion generation for 
text - “a man picks up something with 

a horrible face expression” [4]

(E) Humanoid robot motion 
generation for text - “action of holding 

and eating popcorn with wide, 
exaggerated movements” [5]

Figure 1.1 Examples of diverse domains where text-conditioned motion generation is beneficial in-

clude: (A) A virtual reality situation which is being simulated by a real world user; (B) An action video

game featuring fighting animations generated from text descriptions; (C) A digital human performing

tasks such as sitting and grabbing in diverse 3D environments; (D) A full-body motion sequence gen-

erated for the text - “a man picks up something with horrible face expression”. (E) A humanoid robot

executing actions based on text, such as - “action of holding and eating popcorn with wide, exaggerated

movements”.
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1.3 Research Challenges

Both of the aforementioned problem statements present a wide variety of research challenges, de-
tailed as follows:

• Complexity in Human Motion: Human motion is a complex process made up of various patterns
and behaviors influenced by physical, biomechanical, and neurological factors [17, 52]. A key
characteristic of human movement is its non-linearity, which means that even minor changes can
result in significant differences in how we move. This complexity is further compounded by the
articulated nature of human anatomy, where multiple joints and segments work in coordination to
produce a wide range of motions. [68]

• Semantic Coherence: Generating semantically correct human motion is challenging because
models must capture not just the physical action, but the underlying meaning—such as emotions,
intentions, and cultural context. Small variations in motion can change the meaning entirely,
making it difficult to align the generated motion with both the text and its implied nuances.

• Temporal Coherence: Human motion sequences require maintaining temporal consistency across
frames to ensure realistic and plausible movements. Achieving this is challenging due to the com-
plexity of human motion, making it difficult to seamlessly integrate information across multiple
frames. As a result, ensuring smooth and coherent transitions in generated motion is a key chal-
lenge.

• Text Interpretation Challenges: Textual descriptions can encode rich information about actions,
movement dynamics, and directions with varying levels of clarity. This variability and ambiguity,
makes it challenging for motion generation models to accurately interpret and translate these
descriptions into coherent, realistic human motions.

• Stochasticity: Actions can be executed in various ways, making it important for the model to
incorporate stochasticity to reflect this variability. This allows for a more diverse range of gen-
erated motions, enhancing realism and adaptability in dynamic scenarios. By accounting for this
randomness, the model can better mimic the unpredictability inherent in human behavior.

• Scarcity in text-annotated datasets: The vastness of the language space contrasts with the lim-
ited availability of text-annotated datasets for human motion. This scarcity restricts models from
learning diverse and varied descriptions, making it difficult to generalize well to unseen or com-
plex text inputs. As a result, generating accurate and contextually rich motions becomes a chal-
lenge.

• Zero-shot: Given the limited availability of datasets, it is crucial for the model to possess zero-
shot capabilities. This allows it to effectively handle and generalize to unseen text conditions. By
developing this ability, the model can generate appropriate motions even with unfamiliar input
descriptions.
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1.4 Research Landscape

Human motion generation focuses on producing sequences of human poses in response to a given
input signal. Early research in this domain primarily concentrated on “action-class” conditioned motion
generation, where predefined action categories like walking, running, or sitting were used as inputs.
Datasets such as NTU-RGBD-120 [28], HumanAct12 [69], and UESTC [22] provided extensive
pose sequences corresponding to a wide variety of action categories, serving as critical resources for
advancing research in this area. However, this approach was limited by the finite set of predefined
action labels, which restricted the diversity and granularity of the generated motions.

The introduction of AMASS [34], a large and varied motion capture dataset, marked a significant
shift in the field. With the availability of text annotations from datasets like BABEL [42] and Hu-
manML3D [18], researchers began exploring text-conditioned motion generation, which allows for a
more dynamic and versatile approach. This method opens up new possibilities by enabling models to
generate human motion based on detailed and natural language descriptions, far beyond the constraints
of fixed action categories, thus leading to richer, more nuanced, and context-specific motion sequences.
However, the task of text-to-motion is quite challenging, requiring a deep understanding of both linguis-
tic subtleties and the dynamics of physical motion.

Early research in text-to-motion primarily focused on GAN and GRU-based models [1, 2, 16], which
aimed to learn a joint embedding space for language and motion. Subsequently, VAE-based approaches
[18, 38, 4] were introduced to generate natural and diverse motion sequences. However, these methods
are limited to generating motions based on the texts within their training datasets and struggle to produce
results for unseen text inputs, known as the zero-shot setting. To address this limitation, recent works
[49, 21] have focused on aligning the motion latent space with the text and image spaces of the pre-
trained vision-language model CLIP [44]. It is important to note that while these methods incorporate
text as input, they primarily rely on brief descriptions that mostly consist of action class names. Such
brief descriptions fail to adequately capture the complexities of motion characteristics. Therefore, there
is a significant necessity to improve how these text descriptions are handled, aiming to provide more
detailed, low-level motion descriptions. This enhancement would enable the models to perform better
and generalize more effectively.

Recent advancements in VQ-VAE and diffusion models within the text and image domains have
sparked interest in applying similar techniques to text-to-motion generation. Rather than simply pre-
dicting noise, these models focus on generating motion samples, which allows for the application of ge-
ometric losses as training constraints [62, 63, 11]. However, these models often struggle with unusual
or atypical inputs. To address this limitation, motion generation approaches have begun to adopt re-
trieval augmentation techniques, incorporating additional knowledge through retrieval strategies within
the training pipeline [64]. This integration not only enhances the models’ ability to handle a wider
range of inputs but also improves the overall robustness and versatility of motion generation systems.

Lately, the task of text-to-motion retrieval has garnered significant attention, focusing on retrieving
relevant motion sequences from databases based on given text descriptions. Drawing inspiration from
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the CLIP model [44], these motion retrieval methods employ contrastive learning techniques [39, 7]
to enhance their performance. By assessing the similarities between text inputs and motion sequences,
contrastive learning boosts the accuracy of retrieving motions that align with the semantic meaning of
the provided descriptions. As a result, text-to-motion retrieval shows promise in improving the effec-
tiveness and adaptability of motion generation technologies.

However, the current retrieval methods struggle to generalize effectively and fall short in delivering
diverse motion sequences due to the limited availability of text-annotated motion datasets. This limi-
tation hinders the training of Retrieval-Augmented Generation (RAG) architectures in the motion gen-
eration domain. Therefore, it is crucial to develop a more effective retrieval strategy that can construct
relevant and diverse motion sequences while also being capable of handling unseen text descriptions to
some degree.

1.5 Thesis Contributions

As part of this thesis, we present solutions aimed at enhancing the performance of existing text-
conditioned motion generation models through the integration of large language models (LLMs) and
retrieval-augmented strategies. Below, we outline our key contributions associated with these efforts.

1. Action-GPT: Leveraging Large-scale Language Models for Improved and Generalized Ac-
tion Generation: In this work, we propose a plug-and-play framework for incorporating Large
Language Models (LLMs) into text conditioned motion generation methods, where our key con-
tributions are:

a. Usage of LLM-generated detailed body movement descriptions instead of existing concise text
annotations enhances the motion generation pipeline.

b. Novel framework which is compatible with deterministic and stochastic text-to-motion mod-
els.

c. We present a meticulously designed prompt function that facilitates the generation of mean-
ingful descriptions for specific action phrases, along with an assessment of its suitability.

2. MoRAG - Multi-Fusion Retrieval Augmented Generation for Human Motion: In this work,
we propose a novel multi-part fusion based retrieval-augmented generation strategy for text-based
human motion generation, where our key contributions are:

a. We adapt part-wise motion retrieval approach that utilizes generative prompts to construct
motion sequences that align with the provided text description.

b. Motion sequences constructed using our retrieval strategy exhibit enhanced generalization and
diversity, which further improves the performance of motion generation models when condi-
tioned.
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1.6 Organization of the Thesis

In this chapter, we have outlined our target problem domain, our motivation for pursuing it, and
discussed the related research challenges, along with a brief overview of the existing literature and its
limitations.

The remainder of this thesis is organized as follows: Chapter 2 presents the key methods that un-
derpin our work, providing essential background information. Chapter 3 introduces Action-GPT, a
framework designed to incorporate Large Language Models (LLMs) into text-conditioned motion gen-
eration models. This chapter provides a comprehensive description of our methodology, along with
the experimental setups and results. Chapter 4 focuses on MoRAG, a novel multi-part fusion-based
retrieval-augmented generation strategy aimed at enhancing the semantic coherence and diversity of ex-
isting diffusion-based motion generation models. It also presents an augmented retrieval strategy that
surpasses current motion retrieval methods. This chapter concludes with a detailed account of our ap-
proach and its experimental results. Finally, Chapter 5 summarizes our key contributions and discusses
potential future research directions in this domain.
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Chapter 2

Background

In this chapter, we review the foundational literature relevant to this thesis. Specifically, we explore
motion data representation and overview of large language models (LLMs) and prompting mechanism.

2.1 Motion Data Representation

Human motion, when represented through poses, is captured as a series of poses, each of which
defines the structure of the human body’s kinematic chain at a particular moment in time. More specifi-
cally, an action sequence X , spans over T timesteps. This sequence is denoted as X = {[X1, X2, . . . XT ]},
1 ⩽ t ⩽ T indicates the time steps. Each pose, [X]t, captures the joint configuration at time t within a
global coordinate frame. The time steps t can vary depending on the specific activity being performed.
Each pose [X]t can either be represented through 3D joint positions or 3D rotations, which are com-
bined using forward kinematics. However, the latest methods adapt 3D rotation based representation as
it avoids problems such as inconsistent bone lengths.

2.1.1 3D rotation based representation

In this approach, each joint’s rotation is represented in 3D relative to a fixed rest pose. These rota-
tions are then processed through a forward kinematics module to compute the corresponding 3D joint
positions. Current methods, such as [35], do not regress directly on the predicted rotations. Instead,
they apply forward kinematics to generate 3D joint positions and perform regression on these gener-
ated positions. There are various ways to represent rotations for regression tasks, each with its own
strengths and limitations. The following section explores some of the most commonly used rotation
representations in this context.

Rotation Matrix: The simplest way to represent a rotation is through a rotation matrix, which
uniquely defines any rotation. For human pose representation in 3D space, a 3D rotation is described by
a 3× 3 rotation matrix A, a special orthogonal matrix with a determinant always equal to one.
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A =

a11 a12 a13

a21 a22 a23

a31 a32 a33

 (2.1)

where

ATA = AAT = 1, (2.2)

det(A) = 1 (2.3)

6D rotation representation: When using 3 × 3 rotation matrices for regression, it’s necessary to
enforce the orthogonality constraint. This can be achieved by applying the Gram-Schmidt orthogonal-
ization process, which constructs an orthonormal basis from two vectors. During this process, one row
or column of the predicted noisy matrix is discarded. Since three parameters of the rotation matrix be-
come redundant, we can predict only six parameters and reconstruct the full rotation matrix. The key
idea is that, because a rotation matrix is a 3× 3 orthonormal matrix, we can omit the third column and
later recover it by computing the cross product of the first two columns. Thus, by predicting only two
columns of the matrix and applying the Gram-Schmidt orthogonalization, we arrive at a continuous 6D
representation for rotation.

Let a⃗1 and a⃗2 be the two vectors used to derive the 3D rotation matrix. The rotation matrix ’A’ can
be constructed as follows:

c⃗1 =
a⃗1

||a⃗1||
(2.4)

c⃗2 =
b⃗2

||b⃗2||
, b⃗2 = a⃗2 − (c⃗1.a⃗2)c⃗1 (2.5)

A = (c1, c2, c1 × c2) (2.6)

Many recent methods [33, 36] employ a 6D rotation representation for regression. Initially, the
human motion synthesis model generates local human pose sequences using this 6D representation.
These sequences are then converted into a 3 × 3 rotation matrix representation. Subsequently, this
representation is processed through a forward kinematics module to derive the human pose sequences
in the form of 3D joint positions.

Forward Kinematics: This computes 3-D positions of each joint from the 3D rotation based pose
representation. The human pose sequence need to be represented using 3 × 3 rotation matrices, i.e.
X̃l = {[Xl]t} where Xl ∈ RJ×3×3. The forward kinematic function takes X̃l, vertices of rest pose
R̃l (which is constant across the sequence) and the kinematic tree as input. It applies transformation
Ffkt which outputs 3-D positions of joints X̃e = {[Xe]t}, where pose instance Xe ∈ RJ×3. The
transformation Ffkt is given as:
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Figure 2.1 SMPL Representation: This figure demonstrates SMPL base human pose representation.

This is essentially represented by body pose (3D joint rotation of 23 joints) and body shape (beta param-

eters). (Image taken from Loper Matthew, SMPL: A Skinned Multi-Person Linear Model, SIGGRAPH

Asia [30])

Ffkt(X
(c)
l , R̃) =


[0, 0, 0] if root joint.

X
(i)(c)

l · (R̃c − R̃p)

+Ffkt(X
(p)
l , R̃) otherwise.

where X
(c)
l and X

(p)
l indicate 3 × 3 rotation matrix of child and parent joints respectively in the

kinematic tree of pose instance Xl. R̃c and R̃p indicate 3D joint position of child and parent joints
respectively in the kinematic tree of rest pose R̃. Finally, the 3-D joint positions of pose instance
Xe ∈ RJ×3 is given as, Xe = [ffkt(X

(1)
l , R̃), ffkt(X

(2)
l , R̃), ..., ffkt(X

(J)
l , R̃)].

2.1.2 SMPL representation

The Skinned Multi-Person Linear Model (SMPL) is a learned model of human body shape and pose
that integrates seamlessly with existing 3D mesh rendering tools. SMPL separates human body pose
into two components: identity-specific shape and pose-dependent shape. It then employs a vertex-based
skinning method to generate a 3D mesh representation of the human body. This 3D mesh consists
of 6890 vertices and 23 joints. A key innovation of SMPL is that the pose-dependent blend shapes are
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formulated as a linear function of pose rotation matrices, which define human body poses. This straight-
forward approach allows the model to be trained on a large dataset of aligned 3D meshes of individuals
in various poses. By providing pose rotations (pose parameters) and body shape (beta parameters), the
model can generate a corresponding SMPL-based 3D human mesh. Additionally, modifying the beta
parameter allows for the creation of 3D meshes with different body shapes.

2.1.3 263 dimension representation

According to 263-dimensional motion representation, as described in [18], each human pose Ci
t is

represented by (ṙa, ṙx, ṙz, ry, jp, jv, jr, cf ), where ṙa ∈ R is root angular velocity along Y-axis; ṙx ∈ R,
ṙz ∈ R are global root velocities in X-Z plane; ṙy ∈ R is root height; jp ∈ R3×n(J), jv ∈ R3×n(J),
jr ∈ R6×n(J) are the local pose positions, velocity and rotation respectively. cf ∈ R4 is the foot contact
features calculated by the heel and toe joint velocity. n(J) is the number of joints and Ti represents the
number of timesteps for motion Ci.

2.2 Prompting Large Language Models

2.2.1 Large Language Models

Large Language Models (LLMs) are advanced types of artificial intelligence designed to process
and generate human language. These models are based on deep learning, particularly using transformer
architectures [54], which allow them to capture patterns in vast amounts of text data. LLMs are capa-
ble of understanding context, reasoning, and even generating text that closely mimics human writing.
Examples of LLMs include OpenAI’s GPT series, Google’s BERT, and Meta’s LLaMA.

LLMs have gained significant attention and importance in recent years due to advancements in sev-
eral areas:

1. Transformer Architecture: The transformer architecture introduced in the work ”Attention Is
All You Need” [54], changed the way models process text. Unlike traditional RNNs (Recurrent
Neural Networks) and CNNs (Convolutional Neural Networks), transformers handle sequences
in parallel, which allows them to process long-range dependencies more effectively. This leads to
better performance in understanding and generating text.

2. Massive Data Availability: The internet provides a vast resource of textual data, including books,
articles, websites, and social media content. This data has been used to train LLMs on diverse
linguistic styles, knowledge domains, and contexts, making them highly adaptable across various
tasks.

3. Increased Computational Power: The rise of high-performance computing resources, such as
GPUs (Graphics Processing Units) and TPUs (Tensor Processing Units), has enabled the training
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Figure 2.2 Illustration of various use cases of Large Language Models (LLMs), including text genera-

tion, summarization, classification, extraction etc. The versatility of LLMs allows them to excel in tasks

ranging from creative writing to complex problem-solving across multiple domains. (Image Credits :

Cohere)

of massive models with billions of parameters. This scale allows LLMs to better understand
complex language patterns and generate more coherent and accurate outputs.

2.2.2 The Versatile Capabilities of Large Language Models (LLMs)

As illustrated in Figure 2.2, LLMs stand out because of their ability to generalize and excel at
multiple tasks, often without needing task-specific training. Some of their most significant advantages
include:

1. Natural Language Understanding (NLU): LLMs excel at interpreting and comprehending hu-
man language, recognizing patterns, and extracting meaning from text. This ability allows them
to understand complex questions and respond in a manner that is contextually appropriate.

2. Text Generation: LLMs can produce coherent and contextually relevant text based on a given
prompt or input. Whether it’s writing essays, summarizing articles, generating reports, or creating
dialogue, LLMs can generate high-quality content across diverse topics.
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3. Question Answering: LLMs can provide answers to factual, technical, and open-ended questions
by leveraging their trained knowledge across a wide variety of domains. This makes them useful
for research, customer support, and general information retrieval.

4. Generalization Across Tasks: Unlike traditional models, which often require specific training
for each task, LLMs are versatile. They can perform a wide range of functions such as question
answering, language translation, text summarization, and more—often with just a few examples
or prompts guiding them.

2.2.3 Prompting

Prompting is the method of creating specific inputs or queries that direct the LLM to generate relevant
and accurate outputs. This process is particularly important for large models like GPT, as it helps the
model grasp the type of response that is expected. By carefully crafting the input to utilize the LLM’s
language comprehension, you can obtain the desired output. This method is especially vital given the
complexity and sensitivity of LLMs to variations in input. For example, when requesting text generation,
the prompt may include detailed instructions, such as asking for a description, summary, or a particular
type of content.

In the context of text-to-motion generation, prompting plays a key role in shaping the kind of
motion description or action sequences you need from the model. The more detailed and specific the
prompt is, the better the model can translate that input into coherent and semantically relevant output.
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Chapter 3

Action-GPT: Leveraging Large-scale Language Models for Enhanced

Human Motion Generation

3.1 Introduction

Figure 3.1 BABEL Dataset: Illustration of motion samples in the BABEL dataset [42]. The text

annotations in BABEL often provide minimal descriptions of actions, lacking detailed information about

specific body movements.

Human motion generation plays a critical role in a wide range of applications, from entertainment
industries such as gaming and film production to virtual reality environments and robotics. This tech-
nology is integral to creating lifelike animations and interactions, and has the potential to revolutionize
how virtual characters and robots perform tasks and engage with their environments. Historically, sig-
nificant progress has been made in category-conditioned human motion generation, where motion is
generated based on predefined action categories. Notable works like ACTOR [37] and models such as
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MUGL [33] and DSAG [20] have enabled large-scale motion generation. However, these methods are
limited in scope, as they rely on a finite set of action categories, restricting their generalizability and
flexibility in diverse, real-world scenarios.

In response to these limitations, more recent approaches have shifted focus towards text-conditioned
motion generation, which aligns motion generation with textual descriptions by constraining motion
and language representations in a jointly optimized latent space [38, 49, 4]. These methods offer greater
flexibility by enabling motion generation based on diverse and more descriptive inputs. However, cur-
rent large-scale text-annotated motion capture datasets, such as BABEL [42], often contain minimal and
overly simplistic textual descriptions that lack the detail necessary to fully describe the intricacies of
body movements (Fig. 3.1). This absence of detailed annotations poses a challenge for motion gener-
ation models, as the lack of precise and informative text input hinders the generation of accurate and
contextually relevant motions. Addressing this gap is essential to improving the quality and applicability
of text-conditioned motion generation systems.

The recent development of large-scale language models (LLMs) [47, 8] has triggered a paradigm
shift in the field of Natural Language Processing (NLP). These models, pre-trained on enormous amounts
of text [29], have demonstrated impressive generalization capabilities for challenging zero-shot setting
tasks such as text generation [59]. This exciting advance has also driven progress for various applications
in computer vision [56, 41], including the related task of pose-based human action recognition [56].

The appeal of LLM models lies in their ability to generate task-relevant text when provided a so-
called prompt - a small piece of text - as input. Motivated by this observation and the advances men-
tioned above, we introduce Action-GPT, an approach that utilizes the generative power of LLMs to
improve the quality and generalization capabilities of action generative models. In particular, we demon-
strate that our plug-and-play approach can be used to advance existing state-of-the-art motion generation
architectures in a practical manner.

Our contributions are summarized below:

• To the best of our knowledge, we are the first to incorporate Large Language Models (LLMs) for
text-conditioned motion generation.

• We introduce a carefully crafted prompt function that enables the generation of meaningful de-
scriptions for a given action phrase.

• We introduce Action-GPT, a generic plug-and-play framework which is compatible with stochas-
tic (e.g. VAE-based [4, 38]) and deterministic (e.g. MotionCLIP [49]) text-to-motion models.
In addition, our framework enables multiple generated text descriptions to be utilized for action
generation.

• Via qualitative and quantitative experiments, we demonstrate (i) noticeable improvement in the
quality of synthesized motions, (ii) benefits of utilizing multiple LLM-generated descriptions,
(iii) suitability of the prompt function, and (iv) zero-shot generation capabilities of the proposed
approach.
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Code, pretrained models and sample videos are available at https://actiongpt.github.io.

3.2 Related Works

Figure 3.2 Existing Text-to-Motion Frameworks : In the existing motion generation frameworks, textual

descriptions are directly passed to the motion generation model, leading to suboptimal results. The lack

of detailed language modeling often results in misalignment between the text and the generated motion,

producing outputs that are either too generic or fail to capture the full complexity and nuances of the

described actions.

Early research on text-conditioned human motion generation focused on encoder-decoder models
that employed a multimodal joint embedding space to represent both text and motion domains [1, 2].
Text2Action [1] introduced a GAN-based generative model using an RNN-based text encoder and
an action decoder. JL2P [2] emphasized learning a joint embedding space for language and pose,
targeting motion reconstruction through the integration of text and motion embeddings. Ghosh et al.
[16] improved this approach by developing a hierarchical two-stream model that learned separate motion
representations for the lower and upper body.

To improve generalizability in text-to-motion models, MotionCLIP [49] incorporated image em-
beddings of poses into the training process alongside text embeddings, both of which were generated
using CLIP [44]. TEMOS [38] proposed a transformer-based VAE approach that enhanced the diver-
sity of generated motion sequences by encoding both text and motion. Building on TEMOS, TEACH
[4] introduced an additional past motion encoder, enabling the generation of long motion sequences by
utilizing both text descriptions and prior motion data.

While state-of-the-art (SOTA) text-to-motion models have made significant progress, they still face
notable challenges. These models typically map short action phrases to motion sequences within a latent
space, but as mentioned earlier, such phrases often lack the detailed specification of limb movements or
the sequencing of sub-actions (Fig. 3.2). This omission results in limited generalizability and scalability,
as the models struggle to generate motions that accurately reflect complex or nuanced actions. Moreover,
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these models often fail to capture fine-grained motion details, which are crucial for producing realistic
and contextually appropriate motions. The lack of specificity in textual input also hinders the models’
ability to perform well in zero-shot generation, where the task requires producing unseen actions based
solely on text descriptions. Consequently, these issues restrict the overall performance and applicability
of existing text-to-motion models in more diverse and real-world scenarios.

3.3 Action-GPT

Large-scale 
Language Model

(GPT-3)
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Dk

v1
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D1

ZT

ZM

 (xprompt )

  Describe a person's body 
movements who is 

performing the action 
     stretch arrow on bow

 in details

vaggr

z

Motion 
Encoder Ĥ1

Ĥn ĤN

H1 HNHn

Figure 3.3 Action-GPT Overview: Given an action phrase (x), we first create a suitable prompt using

an engineered prompt function fprompt(x). The result (xprompt) is passed to a large-scale language model

(GPT-3) to obtain multiple action descriptions (Di) containing fine-grained body movement details. The

corresponding deep text representations vi are obtained using Description Embedder. The aggregated

version of these embeddings vaggr is processed by the Text Encoder. During training, the action pose

sequence H1, ...,HN is processed by a Motion Encoder. The encoders are associated with a determin-

istic sampler (autoencoder) [49] or a VAE style generative model [38, 4]. During training (shown with

black), the latent text embedding ZT and the latent motion embedding ZM are aligned. During infer-

ence (shown in green), the sampled text embedding is provided to the Motion Decoder, which outputs

the generated action sequence Ĥ .

Our objective is to generate an actor performing the motion conditioned on the given action phrase.
The input action phrase is a natural language text that gives a high-level description of the action. It
is denoted as a sequence of words x = [w1, w2, ..., wM ]. The action is represented as a sequence of
human poses H = {H1, . . . ,Hn, . . . ,HN} where N represents the number of timesteps. The human
pose Hn ∈ R|J |×6, where J is the number of joints, is the parametric SMPL [30] representation wh ich
encodes the global trajectory and the parent relative joint rotation using the 6D [67] rotation representa-
tion.

Our proposed framework Action-GPT (Fig. 3.3) can be incorporated in an autoencoder [49] or a Vari-
ational Auto Encoder [38, 4] based text-conditioned motion generation model. These motion generation
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models aim to generate a motion sequence conditioned on the text input by learning a joint latent space
between the text and motion modalities. The key components in these models are Text Encoder Tenc,
Motion Encoder Menc and Motion Decoder Mdec. The two text and motion encoders encode the text
sequence and motion sequence to text ZT and motion ZM latent embeddings of the same dimension,
respectively. In the case of autoencoders, the latent embeddings are obtained in a deterministic fashion,
whereas in Variational Auto Encoders, the latent embeddings are sampled from the Gaussian distribu-
tion N (µ,Σ), where (µ,Σ) are the outputs of the encoder. The motion decoder, on the other hand, uses
the latent embedding Z as input to generate a sequence of motion poses Ĥ = {Ĥ1, . . . , Ĥn, . . . , ĤN}

Fig. 3.3 provides an overview of our approach to incorporate LLM (GPT-3 in our case) into the text-
conditioned motion generation models. In contrast to training directly using the action phrase x from
the dataset, our framework uses carefully crafted GPT-3 generated text descriptions Di, which provide
low-level details about the movement of individual body parts. The proposed framework consists of
three steps (1) Constructing a prompt function fprompt, (2) Aggregating multiple GPT-3 generated text
descriptions Di, and finally, (3) utilizing the GPT-3 generated text descriptions Di in T2M models.

3.3.1 Prompt strategy

For a given action phrase x, we generate low-level body movement details using GPT-3 [8]. GPT-3
is an autoregressive transformer model which generates human-like textual descriptions relevant to the
small amount of input text provided. However, directly providing the action phrase as input to GPT-3
fails to output text containing the desired detail body movement information and leads to unrealistic
motion generations (see Fig. 3.4). This necessitates the need for a suitable prompt function [29]. Af-
ter multiple empirical trials, we determine the following prompting function fprompt: Describe a

person’s body movements who is performing the action [x] in detail.
Specifically, adding Describe a person’s to the prompt restricts the description from generic
information to character movement. The phrase body movements forces GPT-3 to explain the mo-
tion of individual body parts. Lastly, in detail forces the descriptions to provide low-level details.
Fig. 3.5 showcases the importance of each component of our prompt function. We provide GPT-3 gen-
erated text description (D) and corresponding generated action sequence Ĥ for the action phrase act
like a dog along with the observations in the rightmost column.

3.3.2 Aggregating multiple descriptions

Given an action prompt xprompt, GPT-3 is capable of generating multiple textual descriptions
D1, . . . , Dk describing the action-specific information. The randomly generated k descriptions contain
common and description-specific text segments, which enhance the overall richness of action descrip-
tion (see Fig. 3.6). Therefore, we utilize multiple descriptions as part of the text-processing pipeline.
The GPT-3 generated k text descriptions D1, . . . , Dk are passed through a Description Embedder Demb

to obtain corresponding description embeddings v1, . . . , vk. These k description embeddings are ag-
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Duck down is an action 
typically used to avoid 

something coming towards 
you such as a ball or 

someone trying to hit you.

The javelin throw is an athletic 
event where the goal is to 
throw a javelin as far as 
possible. The javelin is a 

spear-like object that is thrown 
with the arm and hand.

Javelin throw

Duck down
The person's body movements who is 

performing the action duck down would be 
to lower their body down closer to the 

ground, while bending their knees.

The person stands with their feet 
shoulder-width apart and toes pointing 
forward. They grip the javelin with their 

dominant hand in the middle of the 
shaft and their other hand near the 

point. They bend their elbow and raise 
their arm back behind their head. As 

they throw, they extend their arm, 
release the javelin, and follow through 

with their arm and body.

Action phrase(x) GPT-3(x) output Generated sequence GPT-3(xprompt) output Generated sequence

Figure 3.4 This figure highlights the importance of the prompt function. Observe that directly feeding

the action phrase text (x) to GPT-3 results in poor-quality generations. In contrast, the fine-grained body

movement details in the prompt-based text enable higher fidelity generations (last column). Note that

the coloured text descriptions correspond to different body movement details.

The action of acting like a dog would involve someone imitating the 
behavior of a dog. This could involve barking, wagging their tail, 

playing fetch, or any other number of dog-like behaviors.

Describe the 
action [x]

A person who is acting like a dog might crawl on the ground, bark, and 
wag their tail.

The person would be on all fours  with their palms and feet flat on the 
ground. Their legs would alternate moving forward  and their hips 

would sway from side to side. Their arms would move in rhythm with 
their legs. Their head would be up and their gaze would be forward.

The person would be down on all fours, with their hands and feet 
touching the ground. Their back would be arched and their head would 

be held high. They would be moving their legs and arms in a 
coordinated way, similar to how a dog would move

Describe a person 
performing the action 

[x]

Describe a person’s 
body movements who

is performing the action 
[x]

Describe a person’s 
body movements who

is performing the 
action [x] in detail

Generated text description contains  
generic information of act like a dog 

without any details of body 
movements, resulting in an 

unrealistic action generation.

Generated text description contains 
high-level body movements 

information, resulting in an action 
generation which just captures 

minimal high-level details.

Generated text description contains 
required low-level body movements 

information, resulting in a realistic action 
generation, but suffers in capturing 

fine-grained details.

Generated text description contains 
required low-level fine-grained body 

movements information, resulting in a 
realistic action generation. (Additional 
details, legs would alternate moving 

forward enabled in better generation)

Prompt Function
(fprompt)

GPT-3 generated text description
(D)

Generated Action Sequence
(Ĥ)

Observations

Figure 3.5 The table showcases the descriptions generated by GPT-3 (D), generated action sequences

(Ĥ) for the action phrase (x =) act like a dog using different prompt strategies along with the observa-

tions (right most column). Notice that our prompt function (bottom row) generates the highest amount

of required body movement descriptions, generating the most realistic action sequence. Note that the

coloured text descriptions correspond to the body movement details.

gregated into a single embedding vaggr using an Embedding Aggregator Eaggr. We consider average
operation as our Embedding Aggregator unless stated otherwise.
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3.3.3 Utilizing GPT-3 generated text descriptions in T2M models

The text encoder Tenc inputs the aggregated embedding vaggr, and the outputs are sampled to gen-
erate text latent embeddings ZT . In a similar fashion, motion encoder Menc inputs the sequence of
motion poses H = {H1, . . . ,HN}, where Hn ∈ R|J |×6 and samples motion latent embeddings ZM . In
a deterministic approach [49], the latent embeddings are generated directly as outputs of the encoder,
whereas in a VAE-based approach [38, 4], the encoders generate distribution parameters µ and Σ. The
latent embeddings are then sampled from the Gaussian distributions N(µ, Σ). On the other hand, the
generated text and motion embeddings are provided to the motion decoder, which generates the human
motion sequence Ĥ = {Ĥ1, . . . , ĤN}, where Ĥi ∈ R|J |×6 which is passed through forward kinematics
to generate corresponding 3D mesh sequence.

+

Action phrase : Stomach ache 

(a) (b)

The person's body movements who is 
performing the action stomach ache 
may include holding their stomach with 
one or both hands, moaning, groaning, 
crying, and possibly curling up into a 
fetal position.

D1

The person's body movements who is 
performing the action stomach ache 
may include holding their stomach 
with one or both hands, moaning, 
groaning, crying, and possibly curling 
up into a fetal position.

The person may bend over 
double at the waist and 
hold their stomach. 
There may be involuntary 
muscle spasms in the 
stomach area.

The person is doubled over, 
clutching their stomach with 
one hand while the other 
hand rubs circles on their 
lower abdomen. They may be 
moaning or crying out in pain.

The person's body 
movements would be 
them clutching their 
stomach in pain, 
bending over, maybe 
pacing back and forth.

D2 D3

D4

D1

Figure 3.6 This figure highlights the importance of using multiple GPT-3 generated descriptions

(D1, ..., Dk), k = 4 for each action phrase in Action-GPT framework for TEACH [4]. Notice the visibly

improved generation quality when multiple prompted descriptions are used (right column). Body move-

ment text common across descriptions is highlighted in blue. Movements unique to each description are

highlighted in pink.

3.4 Experiments

BABEL [42] is a large dataset with language labels describing the actions being performed in mo-
tion capture sequences. It contains about 43 hours of mocap sequences, comprising over 65k textual
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labels which belong to over 250 unique action categories. We primarily focus our results on BABEL,
considering its vast and diverse set of motion sequences assigned to short text sequences, which contain
an average of 3-4 words. The action phrases of the BABEL dataset are to the point and precise about
the action information without any additional details about the actor.

3.4.1 Models

We demonstrate our framework on state-of-the-art text conditioned motion generation models - Mo-
tionCLIP [49], TEMOS [42] and TEACH [4], all trained on BABEL [42]. We name their LLM (i.e.
GPT here) based variants as Action-GPT-[model].

Action 
Phrase 

(x)

CLIP
Text Encoder

v1
v2

fprompt

xprompt

vk

Embedding 
Aggregator

LLM

D1D2
Dk

vaggr zM

H1 H2 H3 HN

Ĥ1 Ĥ2 Ĥ3 Ĥ4 ĤN

N

(zT)

Figure 3.7 Action-GPT-MotionCLIP Overview: We extend MotionCLIP [49] by incorporating LLM

(i.e. GPT-3). The box highlighted in green showcases the generation of k text descriptions Di as the

output of LLM on input xprompt, which is constructed using the prompt function fprompt and action

phrase x. The box highlighted in blue showcases the aggregation of description embeddings vi, outputs

of the CLIP text encoder. The aggregated embedding vaggr is considered as the latent text embedding

ZT , on which the text loss Ltext is computed. All the other components apart from the highlighted

boxes represent the original architecture of MotionCLIP [49].

Action-GPT-MotionCLIP: In MotionCLIP [49], for a given action phrase x, the CLIP text embedding
of the phrase x is considered as its corresponding latent text embedding ZT , whereas in our Action-
GPT framework the aggregated vector embedding vaggr ∈ Rc, where c is the CLIP text embedding
dimesnion, constructed for the action phrase x is considered as its latent text embedding ZT . In detail,
we first construct xprompt using the action phrase x and prompt function fprompt. The xprompt is then
input to LLM (i.e. GPT-3) to generate k textual descriptions Di. Using the CLIP text encoder, we
then construct k corresponding CLIP text embeddings vi. These k CLIP text embeddings vi are then
aggregated into a single embedding vaggr using an Embedding aggregator (average operation here). The
constructed vaggr is the corresponding latent text embedding ZT for the action phrase x. (see Fig. 3.7)
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We trained this model using the same training configurations as mentioned in MotionCLIP [49] and
provided the results on the test split. We generated the metrics for the baseline MotionCLIP [49] using
the pre-trained model provided.

Embedding 
Aggregator

vaggr1 vaggrg vaggrG

fprompt

xprompt

(x)

LLM D1D2

DistilBERT

v1 vi vk

Dk

HN

ZM ZT

ĤN

Nn

Ĥn

Hn

Figure 3.8 Action-GPT-TEMOS Overview: We extend TEMOS [38] by incorporating LLM (i.e. GPT-

3). The box highlighted in green showcases the generation of k text descriptions Di using LLM on

input xprompt, which is constructed using the prompt function fprompt and action phrase x. The k text

descriptions Di are input to DistilBERT to generate corresponding description embeddings vi. The box

highlighted in blue showcases the aggregation of description embeddings vi to v1:Gaggr using an embedding

aggregator. All the other components apart from the highlighted boxes represent the original architecture

of TEMOS [38].

Action-GPT-TEMOS: Instead of providing the action phrase x, directly to DistilBERT [45] as that
in TEMOS [38], we first construct xprompt and generate k textual descriptions Di using LLM (i.e.
GPT-3). These k textual descriptions are then input to DistilBERT [45] to obtain k corresponding
description embeddings vi ∈ Rni×e, where ni is the number of words in description Di and e is the
DistilBERT embedding dimension. The k description embeddings are aggregated to a single embedding
vaggr ∈ RG×e, where G = max(ni) using the average operation. This aggregated embedding vaggr is
then used as input to Text Encoder along with the text distribution tokens µT

token and
∑T

token. The later
training and inference process is carried out the same as that of in TEMOS [38]. (see Fig. 3.8)

We trained this model on a 4 GPU setup with a batch size of 4 on each GPU, keeping rest all the
parameters same as provided in TEMOS [38]. We trained the baseline model of TEMOS [38] and its
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Figure 3.9 Action-GPT-TEACH Overview: We extend TEACH [4] by incorporating LLM (i.e. GPT-3).

As TEACH can generate an action sequence for a series of action phrases, we use xi to denote the ith

phrase. The box highlighted in green showcases the k generated text descriptions Di
j using LLM on

input xiprompt, which is constructed using the prompt function fprompt and action phrase xi. The k text

descriptions Di
j are input to DistilBERT to generate corresponding sentence embeddings vij , which are

aggregated into a single embedding vi,1:Gaggr using an embedding aggregator. All the other components

apart from the highlighted boxes represent the original architecture of TEACH [4].

LLM-based variant on BABEL [42] using the single action data segments provided by TEACH [4] and
generated the metrics on the corresponding test set.

Action-GPT-TEACH: Since TEACH [4] is an extension of TEMOS [38] the process of generating
aggregated description embedding vaggr is same as that of Action-GPT-TEMOS. In addition, TEACH
can generate an action sequence for a series of action phrases as input x = {x1, . . . , xi, . . . , xs}. So,
we compute vaggr s number of times, once for each phrase xi. In detail, for an action phrase xi we gen-
erate k text descriptions Di

1, .., D
i
j , .., D

i
k. The k text descriptions are input to DistilBERT to generate

corresponding description embeddings vi1, .., v
i
j , .., v

i
k, where vij ∈ Rni

j×e, where ni
j is the number of

words in description Di
j and e is the DistilBERT embedding dimension. The k description embeddings

vij are aggregated to a single embedding viaggr ∈ RG×e, where G = max(ni
j) using the average oper-

ation. The aggregated embedding viaggr is input to Past-conditioned Text Encoder Tenc along with the
learnable tokens µtoken,

∑
token, SEP token and Ii−1

Ni−1−P :Ni−1
, the motion features generated using Past
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Encoder, corresponding to the last P frames of previous generated action sequence Ĥ i−1
Ni−1−P :Ni−1

. The
later training and inference process followed is the same as that of TEACH.(see Fig. 3.9)

Similar to Action-GPT-TEMOS, we trained this model on a 4 GPU setup with a batch size of 4 on
each GPU, keeping rest all the parameters same as provided in TEACH [4]. We generated the metrics
for the baseline TEACH [4] using the pre-trained model provided.

3.4.2 Implementation details

We access GPT-3 via OpenAI API Beta Access program. Unless stated otherwise, we use the largest
GPT-3 model available, davinci-002. The Action-GPT prompt strategy consumes a maximum of
140 tokens together for prompt and generation. We use the completions API endpoint with the param-
eters temperature and top-p set to 0.5 and 1, ensuring we have well-defined diverse descriptions. All
the other parameters are set to default. We conduct all our experiments on cluster machines with Intel
Xenon E5 2640 v4 and Nvidia GeForce GTX Ti 12GB GPUs with Ubuntu 16.04 OS.

3.5 Results

3.5.1 Quantitative analysis

We follow the metrics employed in TEACH [4] for quantitative evaluation, namely Average Posi-
tional Error (APE) and Average Variational Error (AVE), measured on the root joint and the rest of
the body joints separately. Mean local correspond to the joint position in the local coordinate system
(with respect to the root), whereas mean global corresponds to the joint position in the global coordinate
system. For all the metrics, the smaller the score, the better the generative quality.
Average Positional Error (APE) : For a joint j, APE is calculated as the average of the L2 distances
between the generated and ground truth joint positions over the timesteps (N) and the number of test
samples (S).

APE[j] =
1

SN

∑
s∈S

∑
n∈N ∥Ĥs,n[j]−Hs,n[j]∥2

Average Variational Error (AVE) : For a joint j, AVE is calculated as the average of the L2 distances
between the generated and ground truth variances.

AVE[j] =
1

S

∑
s∈S ∥σ̂s[j]− σs[j]∥2

where σ[j] denotes the variance of the joint j,

σ[j] =
1

N − 1

∑
n∈N (H̃[j]−Hn[j])

2

H̃[j] is calculated as the mean of the joint j over N timesteps.
We calculate four variants of errors for both APE and AVE,
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Average Positional Error ↓ Average Variance Error ↓

Model Method root joint global traj mean local mean global root joint global traj mean local mean global

MotionCLIP
Default - - 0.556 0.541 - - 0.056 0.02

Action-GPT - - 0.590 0.571 - - 0.042 0.019

TEMOS
Default 0.597 0.574 0.162 0.644 0.113 0.112 0.010 0.122

Action-GPT 0.561 0.540 0.151 0.605 0.101 0.100 0.010 0.109

TEACH
Default 0.674 0.654 0.159 0.717 0.222 0.220 0.014 0.234

Action-GPT 0.606 0.586 0.159 0.650 0.204 0.202 0.014 0.216

Table 3.1 Quantitative Results: We evaluate text-to-motion generation performance by comparing our

method with baseline approaches on the BABEL [42] test set. The results demonstrate that integrating

our method enhances the performance of baseline models in both APE and AVE metrics.

• root joint error is calculated on the root joint using all the 3 coordinates X,Y and Z.

• global traj error is calculated on the root joint using only the 2 coordinates X and Y .

• mean local error is calculated as the average of all the joint errors in the local coordinate system
with respect to the root joint.

• mean global error is calculated as the average of all the joint errors in the global coordinate
system.

Tab. 3.1 summarizes the results of using our framework in comparison with the default setup for
each model. Incorporating detailed descriptions using GPT-3 shows an improvement over all the APE
(except for MotionCLIP) and AVE metrics. The metrics of root joints for MotionCLIP are empty since
it generates only local pose without any locomotion.

3.5.2 Qualitative analysis

In Fig. 3.10, we provide qualitative comparisons of the model generations. We observe that the
generations from our framework are more realistic and well-aligned with the semantic information of
the action phrases compared to the default approach. The generations are able to capture the low-level
fine-grained details of the action suggested by the original text phrase input.

3.5.2.1 Diverse Generations

Our Action-GPT framework can generate diverse action sequences for a given action phrase x, uti-
lizing the capability of LLMs to generate diverse text descriptions for a given prompt. We generate
multiple text descriptions Di for an action phrase x, and using them as input, multiple action sequences
Ĥi are generated.
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Figure 3.10 Visual comparison of generated motion sequences across models trained on Action-GPT

framework on BABEL [42] dataset. Note that the generations using Action-GPT are well-aligned with

the semantic information of action phrases. The example in the bottom right row shows latent space

editing. Action-GPT is better able to transfer the drink from mug style from standing to sitting pose.

3.5.2.2 Zero-Shot Generations

Our approach enables the generation of action sequences Ĥ for unseen action phrases (zero-shot).
The intuition behind this is that our Action-GPT framework uses low-level detailed body movements
textual information to align text and motion spaces instead of using the action phrase directly. Hence the
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sit,
run, 
kick 

The person's body is upright, and their feet are 
moving forward in a rhythmic pattern. Their arms are 
swinging back and forth, and their head is facing 
forward. They are turning their body in a circular 
motion as they walk.

The person's body movements would include 
bending their knees and jumping into the air, clearing 
the obstacle in front of them.

The person sits down on a chair. The person's back 
would be straight and their feet would be flat on the 
ground. They would then place their hands by their 
sides.

The person's body is moving forward at a quick pace. 
The legs are moving quickly and alternately, propelling 
the body forward. The arms are also moving quickly, 
helping to balance the body.

The person raises their leg up behind them and then 
swing their leg forward, making contact with their foot 
or ankle.

 walk in a circle,
 hop over obstacle

Action 
phrase(x)

 GPT-3 generated text description
(GPT-3(xprompt))

              Generated Action Sequence
                                    (Ĥ)

Figure 3.11 Actions with locomotion generated using Action-GPT-TEACH. The color of the text (col-

umn 2) represents the detailed text generated by GPT-3 and the same color of the mesh represents the

pose sequence generated for the sub-action. The green curve shows the trajectory. The red points show

the starting and end points of the motion. Action-GPT is able to generate diverse examples involving

locomotion such as walk in a circle, run, hop over obstacle and kick.

action phrase might be unseen, but the low-level body movement details in the generated corresponding
text descriptions Di will not be completely unseen.

Results corresponding to comparison of the baseline models to their LLM-based variants, diverse
and zero-shot generations can be found at https://actiongpt.github.io.

3.5.2.3 Locomotion and root movement

Fig. 3.11 shows the diverse actions involving locomotion generated using Action-GPT. Our prompt
strategy provides detailed descriptions which include the direction of the locomotion along with the co-
ordination among relevant body parts. We further verify this by quantitatively evaluating using Average
Positional Error and Average Variance Error of the global trajectory metric – see Table. 3.1. We observe
that the Action-GPT variants are better aligned with root trajectory than the baseline.

3.5.3 Ablations

We perform an ablation study to understand the underlying effects of the Action-GPT framework. All
of the ablation experiments are carried out on the Action-GPT-TEACH model unless stated otherwise,
as it is capable of handling a series of action phrases as input.
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Average Positional Error ↓ Average Variance Error ↓

Architectural Component Ablation Details root joint global traj mean local mean global root joint global traj mean local mean global

number of generated descriptions (K)
k = 1 0.655 0.635 0.159 0.698 0.216 0.214 0.015 0.228

k = 2 0.637 0.617 0.158 0.680 0.211 0.209 0.015 0.223

k = 8 0.632 0.613 0.157 0.674 0.212 0.210 0.015 0.224

GPT-3 Capacity curie 0.642 0.622 0.159 0.680 0.216 0.214 0.015 0.228

Ours (k = 4) davinci 0.606 0.586 0.158 0.650 0.204 0.202 0.014 0.216

Table 3.2 Ablative Variants: We present performance scores for different ablative variants, examining

the impact of (1) the number of GPT-generated descriptions k and (2) the capacity of the language

model.

Number of GPT-3 Text Sequences: We analyzed the influence of number of generated descriptions in
Action-GPT-TEACH framework by varying k in 1, 2, 4 and 8. We observed that for all the values of
k, Action-GPT-TEACH performs better than the default TEACH and the best results are obtained for
k = 4 (see Tab. 3.2). Increasing the value of k up to a certain value improves performance. However,
aggregating too many descriptions can lead to the injection of excessive noise, which dilutes the presence
of text related to body movement details.

Language Model Capacity: Open AI provides GPT-3 in different model capacities, davinci being
the largest. We analyzed the influence of curie, the second largest GPT-3 model, on the motion
sequence generations of the Action-GPT-TEACH (k = 4) framework. Results show that having a larger
model capacity helps in generating more realistic motion sequences, as the generated text descriptions
provide much relevant and detailed information as required.

Model Method Avg. Training Time (secs) Avg. Inference Time (secs)

MotionCLIP
Default 585 - 598 0.32 - 0.34

Action-GPT 700 - 712 0.53 - 0.62

TEMOS
Default 225 - 230 0.8 - 0.96

Action-GPT 255 - 260 1.44 - 1.76

TEACH
Default 234 - 240 1.6 - 2.1

Action-GPT 315 - 320 3.4 - 3.8

Table 3.3 Computation Costs Analysis: Comparison of computation costs between baseline models

and their Action-GPT variants (k = 4).
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3.5.4 Computation cost analysis

There will be no change in the number of parameters of the Action-GPT variants when compared
to the baseline models as we are using the frozen pre-trained text embedding models. Although the
computation time of the models both during training and inference is higher for the Action-GPT (k = 4)
variants when compared with the original baselines as shown in Table. 3.3. For training time, we take the
mean of the time taken for hundred epochs. For inference time, we take a batch-size of 16 and average
over 10 repetitions. The increase in the computation time of the Action-GPT variants is because of the
usage of k GPT-3 text descriptions, each containing around 128 words, whereas, in the baseline models,
a single action phrase is used, which contains around 5− 8 words.

3.5.5 Current limitations

• Finger motion: Current frameworks use SMPL to represent the pose. SMPL does not contain
detailed finger joints. Therefore, GPT-generated descriptions for actions requiring detailed finger
motion such as rock-paper-scissors, pointing fingers cannot be generated satisfactorily by the
current framework.

• Complex Actions: Actions containing complex and vigorous body movements such as yoga and
dance poses cannot be generated by our current framework.

• Long duration action sequences: Due to the limited duration of training data action sequences
(< 10 secs), our method cannot generate long sequences.

3.6 Discussion and Conclusion

The key to good quality and generalizable text-conditioned action generation models lies in improv-
ing the alignment between the text and motion representations. Through our Action-GPT framework,
we show that such alignment can be achieved efficiently by employing Large Language Models whose
operation is guided by a judiciously crafted prompt function. Sentences in GPT-generated descriptions
contain procedural text which corresponds to sub-actions. During training, the regularity and frequency
of such procedural text likely enable better alignment with corresponding motion sequence counter-
parts. We also hypothesize that the diversity of procedural sentences in the descriptions enables better
compositionality for unseen (zero-shot) generation settings.

The plug-and-play nature of our approach is practical for adoption within state-of-the-art text-conditioned
action generation models. Our experimental results demonstrate the generalization capabilities and ac-
tion fidelity improvement for multiple adopted models, qualitatively and quantitatively. In addition,
we also highlight the role of various prompt function components and the benefit of utilizing multiple
prompts for improved generation quality.
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Chapter 4

MoRAG: Multi-Fusion Retrieval Augmented Generation for Human

Motion

4.1 Introduction

a) MoRAG-Diffuse (Generation)

b) MoRAG (Retrieval)

A person is 
skipping in a circle

A person is 
doing moonwalk with 

arms raised
A person performs
yoga sun salutation

A person is balancing on 
one foot with the other 
leg extended behind.

Figure 4.1 MoRAG is a retrieval-augmented framework for generating human motion from text. It

integrates part-specific motion retrieval models with large language models to improve the quality of

generation and retrieval tasks across various text descriptions. The black arrow illustrates motion trans-

lation. In the bottom figures, red, blue, and green represent the retrieved motion for the hands, torso,

and legs. The varying transparency in the figure indicates the progression of time steps.

Text-driven human motion generation has seen unprecedented growth in recent years [68, 64, 65,
63, 50, 24]. Numerous works have been proposed for this task, ranging from encoder-decoder style
architectures [2, 16, 18] to the recent emerging trend of diffusion-based models [63, 11, 65], which
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Motion Retrieval Method Text Robustness Generalizability Diversity Zero-shot setting

TMR[39] ✗ ✗ ✗ ✗

TMR++[7] ✓ ✗ ✗ ✗

Ours ✓ ✓ ✓ ✓

Table 4.1 Comparision of text-to-motion retrieval approaches - Text Robustness (ability to handle di-

verse language inputs), Generalizability (adaptation to similar yet altered data), Diversity (capacity to

produce varied outputs), and Zero-Shot Setting (performance on previously unseen data).

generate fine-grained, realistic motion sequences. While they can generate high-quality motion se-
quences for simple or familiar text descriptions similar to those in the training set, they perform poorly
with complex or unseen text descriptions.

Retrieval-augmented Generation (RAG) has gained significant attention in recent years for its po-
tential to enhance generative models by incorporating additional information through retrieval methods
[14, 66]. By integrating retrieval-based techniques with generative models, RAG produces outputs that
are more accurate, contextually relevant, and reliable. Moreover, this additional information helps en-
hance the model’s generalizability across language space and also improves the stochasticity. However,
the application of RAG in motion generation is underexplored.

A RAG system typically comprises two key components: the retriever and the generator. The re-
triever identifies relevant information from a database based on the input query, while the generator uses
both the input query and the retrieved information to generate the desired content.

Recently proposed text-to-motion retrieval approaches[39, 58] aim to retrieve full-body motion se-
quences from the motion database using a contrastive training strategy between text and motion embed-
dings. However, these retrieval strategies do not perform well when text phrases contain spelling errors,
rephrased text sequences, or substitution of synonymous words. (See Fig. 4.7)

Action-GPT[24], TMR++[7] prompt large-language models (LLMs) to provide detailed descriptions
as input. However, these approaches are limited in their ability to generate or retrieve motion sequences
for text descriptions that are not present in the database, restricting the diversity of output motion se-
quences and reducing generalization to out-of-domain or unseen text descriptions ( Fig. 4.9)

Based on the RAG concept, ReMoDiffuse[64], adopts a hybrid retrieval approach using motion
length and CLIP[44]-based text-to-text similarity, which does not incorporate any motion-specific in-
formation, which can result in inaccurate retrievals (Fig. 4.2) and motion generation. (Fig. 4.10)

To overcome these shortcomings, we propose a multi-part fusion-based augmented motion retrieval
strategy that is capable of constructing diverse and reliable motion sequences. We train part-specific
independent motion retrieval models that retrieve motion sequences with movements corresponding to
each part aligned with the provided text description. The retrieved part-specific motion sequences are
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fused accordingly to construct full body motion sequences, allowing our method to even query unseen
text descriptions.

Our experiments show that incorporating the constructed motion sequences as an additional con-
ditioning to the diffusion based motion generation model improves the alignment with the semantic
information of the text description and diversity of generated sequences.
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 A person is standing on
their hands upside down

(Motion length - 160)

A person balances upside 
down on their hands.
(Motion length - 160)

M
o

R
A

G

A person is standing on 
their hands upside down

(Motion length - 60)

Torso - a man steps forward and does a handstand.
(#002103)

Hands - a person crouches down and moves on their 
hands and feet like an animal. (#004736) 

Legs - a man steps forward and does a handstand. 
(#002103)

Torso - a man steps forward and does a handstand. 
(#002103)

Hands - a man steps forward and does a handstand. 
(#002103) 

Legs - the person does 2 cartwheels 
(#002932)

Torso - a man steps forward and does a handstand. 
(#002103)

Hands - a man steps forward and does a handstand. 
(#002103) 

Legs - a man steps forward and does a handstand.
 (#002103)

a person attempts to 
do a handstand.

(Motion length - 196)

a person stretches their 
arms above their head
(Motion length - 196)

the person is lifting their arms 
above their head stretching

(Motion length - 84)

Input 
text

Figure 4.2 MoRAG utilizes part-specific descriptions to effectively retrieve relevant samples, demon-

strating robustness to variations in motion length and descriptive text. In contrast, ReMoDiffuse [64], a

hybrid approach based on motion length and text similarity, fails to retrieve suitable samples when there

are changes in motion length or text. Each figure of ReMoDiffuse displays the retrieved text at the top

and the corresponding motion length in brackets. For MoRAG, three part-specific retrieved texts, along

with their corresponding HumanML3D [18] ID, are provided using the #. tick and cross to indicate

whether the motion corresponds to the input text.

In summary, our contributions are as follows:

• We propose MoRAG, a novel multi-part fusion-based retrieval augmented human motion genera-
tion framework to enhance the performance of the diffusion based motion generation model.

• We adapt part-wise motion retrieval approach that utilizes generative prompts to construct motion
sequences that align with the provided text description.
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• Motion sequences constructed using our retrieval strategy exhibit superior generalization and di-
versity, as shown by the qualitative and quantitative analysis.

4.2 Related Works

Text-conditioned human motion generation : The early research efforts concentrated on encoder-
decoder models with multimodal joint embedding space spanning both text and motion domains[2, 1].
Text2Action[1] proposed a GAN based generative model constituting RNN based text encoder and
action decoder. JL2P[2] focused on learning a joint embedding space for language and pose on the
motion reconstruction task using text and motion embedding. Ghosh et al.[16] further improved the
joint embedding space using a hierarchical two-stream model where two motion representations are
learned, one for each lower body and upper body.

To enhance the text-to-motion generalizability, MotionCLIP[49] incorporated image embedding of
the poses into the training paradigm alongside text embedding. Both the image and text embedding are
generated using CLIP.[44]. TEMOS[38] proposed a transformer based VAE encoding approach for text
and motions to improve the diversity of generated motion sequences. TEACH[4] extends TEMOS[38]
with an additional past motion encoder to generate long motion sequences using the text description and
previous sequence. T2M-GPT[62] transforms the challenge of text-conditioned motion generation into
a next-index prediction task by encoding motion sequences as discrete tokens and utilizing a transformer
to predict future tokens.

Unlike the above mentioned approaches, we propose a novel multi-part fusion-based augmented mo-
tion retrieval strategy to improve the diversity of retrieved motions and to enhance their generalizability
for unseen text descriptions.

Motion Diffusion Models : With recent advancements in diffusion models for text and image domain
tasks, several works have been proposed in the area of text-to-motion generation. MotionDiffuse[63] in-
corporated efficient DDPM in motion generation tasks to generate diverse, variable-length, fine-grained
motions. MDM[50] is a lightweight diffusion model that utilizes a transformer-encoder backbone. In-
stead of predicting noise, it predicts motion samples, allowing geometric losses to be used as training
constraints. MLD[11] adapted the diffusion process on latent motion space instead of using raw motion
sequences, generating better motions at a reduced computational overhead.

However, these diffusion-based models struggle to generalize across the language space, especially
when dealing with complex or unusual text descriptions. Recent text-to-image generation works intro-
duced retrieval-augmented pipelines in their frameworks [10] to address such issues. ReMoDiffuse[64]
extended MotionDiffuse[63] by integrating a hybrid retrieval mechanism to refine the denoising pro-
cess. We improve the generalizability and diversity of ReMoDiffuse by the inclusion of large language
models (LLMs) and the integration of part-specific retrieval.

Text-to-Motion retrieval : Recently, significant progress has been made by multi-modal retrieval based
systems in the field of text-to-image [27, 43, 61, 44] and text-to-video [15, 12]. However, it has been
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underexplored in the field of text-to-motion due to the lack of large and diverse annotated motion capture
datasets. Recent works such as BABEL[42] and HumanML3D[18] have provided detailed description
annotations for the large-scale motion capture collection AMASS[34]. Following, a few works have
been proposed in the field of text-to-motion retrieval.

Initially, motion generation works[18] used retrieval as a performance metric for evaluation purposes.
TMR[39] is the first work to showcase text-to-motion retrieval as a standalone task. To query motions,
TMR[39] adopted the idea of contrastive learning from CLIP[44] and extended text-to-motion gener-
ation model TEMOS[38]. Although TMR demonstrated impressive results, there is a large scope for
improvement in the generalizability of the model over language space. LAVIMO[58] integrated human-
centric videos as an additional modality in the task of text-to-motion retrieval to effectively bridge the
gap between text and motion. TMR++[7] extended TMR by leveraging LLMs in the motion retrieval
pipeline via label augmentations to increase the robustness and generalizability. However, a significant
gap remains in utilizing these existing retrieval strategies for retrieval-based human motion generation
approaches due to their lack of diversity and generalizability for complex or unseen text descriptions.

Diffusion 
based 

Motion 
generation 

Model

Legs : The legs take turns hopping 
up and down, with one knee bent 
and the other leg extended out in 

a circular movement..

Hands : The hands grip the handles 
of the jump rope, swinging it in a 
circular motion around the body.

Torso : The torso stays upright, 
leaning slightly to follow the 

circular movement.

Multi-part
Fusion

text : A person is 
skipping in a circle

C i

D
Torso

D
Hands

D
Legs

R
Torso
i

R
Hands
i

R
Legs
i

H

Figure 4.3 MoRAG Overview: Given a text description text, we generate part-specific descriptions

corresponding to ”Torso,” ”Hands,” and ”Legs” by prompting an LLM. These generated descriptions

are used as queries to retrieve corresponding part-specific motions: Ri
torso, Ri

hands, and Ri
legs from

the motion databases Dtorso, Dhands, and Dlegs, respectively. The retrieved motions are then fused

to construct a full-body motion sequence Ci that aligns with the input text. The constructed motion

samples are used as additional information in the motion generation pipeline during both training and

inference, alongside the input text, to further improve model performance.

4.3 Our approach (MoRAG)

Fig. 4.3 illustrates our multi-fusion retrieval-augmented human motion generation framework, MoRAG,
which aims to enhance the performance of diffusion based motion generation model by leveraging ad-
ditional motion information constructed using part-specific motion retrieval. Given an input text descrip-
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tion text, we generate N diverse, semantically coherent human motion sequences {H1, . . . ,Hn, . . . ,HN}.
We prompt the input text description to an LLM to generate motion descriptions specific to the ”Torso,”
”Hands,” and ”Legs” (Sec.4.3.2). These descriptions are used for the retrieval of part-specific full-body
motion sequences from pre-computed part-specific motion databases (Sec.4.3.3). The retrieved motion
sequences are then fused to construct full-body motion sequences, which serve as additional knowledge
for the diffusion model (Sec.4.3.4). This methodology enhances the model’s ability to effectively handle
both typical and complex/unseen input conditions (Sec.4.3.5).

4.3.1 Augmented Motion Retrieval Strategy

The key component of the MoRAG framework is the retrieval of diverse and semantically aligned
motion samples from the database based on the given input text query. Existing text-to-motion retrieval
methods [39, 58, 7] typically retrieve full-body motion samples directly from the database. However,
these approaches overlook the fact that actions are frequently characterized by localized dynamics, often
involving only small subsets of joint groups, such as the hands (e.g., ‘eating’) or legs (e.g., ‘sitting’). [51,
20] This results in two significant issues: (i) limited generalizability and (ii) lack of diversity in the
retrieved samples. (See Table 4.1 and Fig. 4.9 (a)) This is due to the limited availability of text-motion
annotated datasets. Although BABEL [42] and HumanML3D [18] provide detailed text annotations for
the large-scale motion capture collection AMASS [34], they are still insufficient to generalize across the
language space. However, the AMASS dataset contains extensive low-level body parts information that
holds the potential to generalize across a significantly broader language space.

Based on this observation, we design independent part-specific motion retrieval models that can
retrieve full-body motion sequences with movements corresponding to specific parts aligned with the
provided text description. This enables dedicated part descriptions for retrieval of actions involving spe-
cific part movement. By composing these motion samples, we can construct full-body motion sequences
that are semantically coherent with the given text input. The composition also improves the expressivity
of motions, since fine-grained motion details are often expressed in text in terms of body parts. The
wide variety of composing combinations provides huge diversity in the constructed motion samples.
Integrating these samples into a motion generation pipeline as additional information can enhance the
model’s performance. We also observe better generations for unseen text descriptions. (See Fig. 4.10
(b))

The objective is to construct a series of motion sequences {C1, . . . , Ci, . . . , Ck} from the motion
database ranked from 1 to k where each motion sequence Ci is represented as a sequence of human poses
{Ci

1, . . . , C
i
t , . . . , C

i
fi
} with fi representing the number of timesteps for motion Ci. The motion retrieval

strategy in MoRAG comprises three steps: (1) generating part-specific body movement descriptions, (2)
retrieving part-specific motion sequences, and (3) composing the retrieved motion sequences. Details
of each are provided in the following section.
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4.3.2 Generation of part-specific descriptions

Given the text description text, we generate part specific body movement descriptions using an
LLM as a knowledge engine. We construct a suitable prompt textprompt, for text using a prompt
function fprompt, comprising of three components:

(i) Task instructions, to specify the details of our task:

”The instructions for this task is to describe the listed body parts’ position and movements in a
sentence using simple language. [’Torso’,’ Hands’, ’Legs’]”

(ii) Few-shot examples, provides a set of examples consisting of diverse action descriptions to de-
termine the format of the output we are expecting.

(iii) Query, to incorporate the input text text to generate part-specific body movement and orien-
tation information.

”Query: Describe the below body parts position and movements involved in the action [text] in a
sentence using simple language. 1) Torso 2) Hands 3) Legs”.

Specifically prompting for the position provides the global orientation of the body parts which results
in better retrieval.

The constructed prompt is then passed through LLM to generate descriptions of the positions and
movements for the specified body parts denoted as texttorso, texthands and textlegs. Training a
retrieval model on these body part descriptions enables the retrieval of motions for rephrased and spell-
error text phrases, thereby having a better generalization over language space. (Fig.4.7)

Table 4.2 presents the LLM outputs for various text descriptions generated using our prompt func-
tion, demonstrating its effectiveness in motion retrieval. We observe that the generated descriptions are
often correlated with other body parts, which led us to train part-specific retrieval models on full-body
motion sequences.

4.3.2.1 Significance of ”position”

To train independent part-specific retrieval models, MoRAGp, for p ∈ {torso, hands, legs}, it is
essential to obtain movement information specific to each part. However, since the framework includes
a composition step that combines the retrieved motions into a single motion sequence, relying solely on
movement information is insufficient. The composition also requires positional information. For exam-
ple, as shown in Fig. 4.4 for the text: ”A person is swimming”, explicitly prompting for the positional
information allows the leg description to reflect its relative position to the ground, thereby retrieving the
correct motion sample. The global orientation of the leg corresponding retrieved sample is important as
it will determine the global orientation of the composed motion sequence.
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Text :

Figure 4.4 Position Significance: Impact of positional information in leg descriptions on motion re-

trieval accuracy and global orientation consistency in composed sequences for the text: ”A person is

swimming”

4.3.2.2 Issue with left/right parts retrieval strategy

In MoRAG, we avoided retrieving left and right hands or legs separately, as their movements risk
becoming asynchronous when composed into a single motion sequence. This challenge is depicted
in Fig. 4.5, which illustrates asynchronous motion composition of hands for the text: ”A person is
clapping his hands.”

4.3.3 Multi-part motion retrieval

As shown in Fig. 4.6, MoRAG uses 3 independently trained TMR[39] models,
MoRAG = {MoRAGtorso,MoRAGhands,MoRAGlegs} corresponding to the respective body part.
We do not train separate left and right body parts models to avoid asynchronous movements in the com-
posed motion. For a part p ∈ {torso, hands, legs}, the retrieval model MoRAGp = {TEnc

p ,MEnc
p ,MDec

p ,DEnc
p }

consists of a text encoder, motion encoder, motion decoder, and motion database respectively. The
model architecture for the encoder and decoder are based on TEMOS[38].

Text Encoders (TEnc
p ) : The LLM-generated part-specific motion descriptions of the text sequence

text are first passed through a pre-trained and frozen DistilBERT[46] to generate features FT
p for

each part-wise text description textp. Along with the features FT
p , two learnable distribution tokens

are passed as input to the text encoders. The outputs corresponding to the distribution tokens passed
are considered as Gaussian distribution parameters (µT

p and σT
p ) from which the latent vector ZT

p is
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Figure 4.5 Asynchronous motion caused by separate retrieval of left and right parts: Illustration

of asynchronous motion composition resulting from separate left and right hand retrievals for the text:

”A person is clapping his hands.”

sampled using reparametrization trick[26].

(µT
p , σ

T
p ) = TEnc

p (FT
p ) (4.1)

ZT
p ∼ N (µT , σT ) (4.2)

Motion Encoders (MEnc
p ) : Similarly, ZM

p is obtained from the motion encoders by inputting the
corresponding full-body motion sequence M1:f associated with the text description text and duration
f .

(µM
p , σM

p ) = MEnc
p (M1:f ) (4.3)

ZM
p ∼ N (µM , σM ) (4.4)

During retrieval, instead of sampling, we directly use the embedding corresponding to the mean
parameter (i.e ZT

p = µT
p and ZM

p = µM
p )

To enhance the effectiveness of motion retrieval, we train all three motion encoders (MEnc
p ) using

full-body motion sequences instead of just the respective body parts. This approach is based on the
observation that LLM-generated part-specific descriptions contain information about the queried body
part about other body parts. Utilizing full-body motion sequences allows us to leverage intra-joint
information, resulting in more coherent and semantically accurate motion retrieval.

Motion Decoders (MDec
p ) : Motion decoders input a latent vector Z and sinusoidal positional en-

coding of the duration f and output a full body motion sequence M̂1:f non-autoregressively. The input
latent vector Z is obtained from one of the two encoders during training. However, since our task is
motion retrieval, the decoder is not used during inference.

M̂1:f = MDec
p (Z) (4.5)

Z ∈ {ZT
p , Z

M
p } (4.6)

38



MTorso

fprompt
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MoRAGTorso
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a chair, and takes a sip 
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Figure 4.6 MoRAG Training: Our objective is to construct three independent part-specific mo-

tion databases. The training paradigm includes three motion retrieval models: MoRAGtorso,

MoRAGhands, and MoRAGlegs, each corresponding to a specific body part. We train these three mod-

els independently using part-specific body movement descriptions generated by LLMs for text phrases

texti and their corresponding full-body motion sequences motioni. We adopt a contrastive training

objective between part-specific text embeddings (ZT
p,i) generated by text encoders (TEnc

p ) and motion

embeddings (ZM
p,i) generated by the corresponding part-specific motion encoder(MEnc

p ). The diagonal

elements, representing positive pairs (green), are maximized, while the off-diagonal elements, repre-

senting negative pairs with text similarity below a threshold (red), are minimized. For simplicity, we do

not visualize the motion decoder, but we follow a similar training procedure as described in [39].

Loss : Each retrieval model, MoRAGp is trained with the loss Lp [39]:

Lp = LR + λKLLKL + λELE + λNCELNCE (4.7)

LR is the motion reconstruction loss given motion and text embeddings to the decoder. LKL is the
Kullback-Leibler(KL) divergence loss composed of four losses. The first two are for the text and motion
distributions with normal distribution and the other two are between text and motion distributions. LE

is the cross-modal embedding similarity loss between both text and motion latent embeddings ZT
p and

ZM
p .

LNCE is the contrastive loss which is based on InfoNCE[53] formulation, used to better structure the
cross-model latent space. The text and its corresponding motion embedding are considered positive pairs
(ZT

p,i and ZM
p,i), whereas all other combinations are considered to be negative (ZT

p,i and ZM
p,j) with i ̸= j.

Similarity matrix S computes the pairwise cosine similarities for all the pairs, Sij =cos(ZT
p,i, Z

M
p,j).

However, not all negative pairs are involved in the loss computation. Text-motion pairs with text de-
scription similarities above a certain threshold, referred to as ’wrong negatives’, are filtered out from
the loss computation. The threshold to filter negatives is set to 0.8. These text similarities are computed
using MPNet[48].
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LNCE = − 1

2N

∑
i

(
log

eSii/τ∑
j e

Sij/τ
+ log

eSii/τ∑
j e

Sji/τ

)
(4.8)

Motion database (Dp) : Post training, we create a database consisting of three key-value tables
for every body part where each key is a unique identifier for a motion sample from the AMASS[34]
database. The corresponding value is a vector inferred from the motion encoder. During retrieval, the
LLM-generated part description is encoded into a query vector for every text encoder, TEnc

p . We use this
query vector to search the corresponding vector indexes, finding the k-nearest neighbors in the embed-
ding space using cosine similarity. The corresponding k full-body motion sequences {R1

p, . . . , R
i
p, . . . , R

k
p}

are retrieved for each body part p.
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A person is 
performing situps

(a) Spell-error (b) Rephrasing (c) Substitution
A person is 

performing sit-ups

a person does sit-ups for exercise
(# 012409)

A person puts their left hand on their right 
bicep and brings it back down again

(#013860)

Torso -  a man bends down to crawl on his knees 
(#014051)

Hands -this person is sitting on the floor and 
reaches to his head with his left arm. (#M007137)

Legs - the person was laying down 
on their back 
(#M004366)

Torso -  someone with difficulty falls and kneels 
(#M006844) 

Hands -a person is standing with their right arm 
slightly outstretched (#006117)

Legs - the person was laying down
 on their back
(#M004366)

a person puts their left hand up to their 
right shoulder, then puts their right hand 

up to their left shoulder. 
(#013630)

the person is putting his left arm up to 
look at his watch. (#002271)

Torso - a man puts his left hand in front of his 
chest. (#008905)

Hands - a person crosses his arms and then 
drops them to his sides. (#M007862)

Legs - a person raises his right arm and then 
waves at someone. (#002651)

raising arms and then lowering them
(#M004635)

a person positions their hand like they're 
holding motorcycle handlebars.

(#M001511)

Torso -  a person raises his hands above his 
head. (#002315) 

Hands - a person puts both hands up and 
lightly jumps up and down. (#010919)

Legs - a person shakes shoulders on the spot.
(#M006992)

Torso - the person is sitting down eating dinner. 
(#008278)

Hands - a person crosses their arms, then brings 
their arms back down.  (#M007862)

Legs -the right arm scrubbing in big circles on the 
stomach (#008139)

Torso -  moving their hands and do like a 
exercises. (#008131) 

Hands - a man stretches arms raised side to 
side and bends forward. (#010226)

Legs - a person stretching both arms.
(#M000909)

Input
text

Figure 4.7 LLM Importance: Incorporating part-wise descriptions generated by LLMs into text-to-

motion retrieval improves generalization over the language space. (a) Spell Error - MoRAG success-

fully retrieves and constructs the correct motion sequence when ‘sit-ups‘ is replaced with ‘situps‘, unlike

TMR[39]. (b) Rephrasing - MoRAG effectively retrieves the correct motion sequence even when the

voice is changed from active to passive. (c) Substitution - MoRAG accurately retrieves the correct

motion sequence when ‘chest‘ is replaced with its synonym ‘heart‘.

4.3.4 Spatial motion composition

The retrieved motion sequences {R1
p, . . . , R

i
p, . . . , R

k
p} are composed such that the ith sequence

corresponding to each part p is used to construct the ith full-body motion sequence Ci. This results
in k full-body motion sequences {C1, . . . , Ci, . . . , Ck}, which are used as additional guidance for the
motion diffusion model. We followed a rank-by-rank combination approach to generate these top-
k sequences. However, alternative combination methods could be employed to create a significantly
larger number of sequences. Our composition approach is similar to SINC[5] but we do not require the
use of an LLM for mapping joints from the retrieved sequences to the composed sequence.
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text LLM Output MoRAG part-specific retrieval

texttorso texthands textlegs Rtorso Rhands Rlegs

A person is standing
and raising both hands

The person’s torso is upright
and still, while standing

tall and balanced.

The person’s hands are being
lifted up towards the sky, using
their arms to extend upwards.

The legs are steady and stable,
acting as a strong foundation

to support the body as the arms raise up.

a person uses their
hands to clap

(#002573)

a person raises his
hands above his head.

(#002315)

a person raises his
hands above his head.

(#002315)

A person is standing
and raising single hand

The person’s torso is
upright and still, while

their arm raises up.

One hand is lifted up from
the side of the body,

extended upwards and reaching
toward the ceiling.

The legs are supporting the
person’s weight, standing

firmly on the ground.

(person stands still and
lifts right hand to

face and mouth area#000813)

a person raises his
right arm and then lowers it.

(#001179)

a figure claps around
shoulder height

(#007523)

A person is standing on
one leg and raising

both hands

The person’s upper body is
straight and centered while

standing on one leg.

Both hands are lifted
above the head, reaching

towards the sky.

One leg is holding the person’s
weight while the other is slightly

lifted off the ground, balancing the body.

a person grabs their right
foot and places it on
their left thigh, and

balances on one foot and
then does the same
with the other foot.

(#006123)
raising and lowering arms.

(#011583)

a person balances on
their left leg and
then their right.

(#009917)

A person is standing on
one leg and raising

single hand

The person’s body is
upright and balanced on one

leg, with the other leg
lifted off the ground.

One hand is raised up
in the air, reaching toward

the ceiling or sky.

The standing leg is
firmly planted on the ground,
while the other leg is lifted

up and may be slightly
bent or straight.

the person raises their
left foot up to their

knee and then kicks their
foot out, then returns

their foot to their knee.
(#004012)

a person raises his
right arm and then

lowers it.
(#001179)

person balances on left
leg then with arms up

high has arms fully extended
keeping balance on left leg

(#004180)

A person is running with
their arms crossed.

The person’s upper body is
straight and upright, while
their chest and shoulders
may be slightly forward

as they run.

The hands are crossed
over the chest, alternating

in front of the body
as the person runs.

The legs are moving back
and forth in a rhythmic
motion, propelling the

person forward as they run.

a person jogs forward
with arms moving to

his side.
(#002755)

a figure stands in
place, crossing its arms

(#003973)

a person slowly jogs
to the left to right

and the jogs back into place
(#004273)

A person is running with
their arms stretched out

to the sides.

The person’s torso is upright
and slightly leaning forward

as they jog, with
their chest and shoulders

in a relaxed position.

The person’s hands are
held out to the sides

at shoulder level, moving
rhythmically with each step.

The legs are moving in
a bouncing motion, alternating

between the left and right
sides as the person jogs forward.

jogging forward in medium pace.
(#000972)

the person is flying like
a airplane.
(#006433)

a person slowly jogs
to the left to right

and the jogs back into place
(#004273)

A person is walking with
their arms circling around.

As the person runs,
their torso is upright and
facing forward, with their

chest and stomach comfortably relaxed.

The person is moving their
arms back and forth in a

swinging motion, with their
arms stretched out to the sides.

The legs are taking turns
lifting off the ground and

propelling the person forward
in a steady, rhythmic motion.

running from side to side.
(#014305)

this person moves both
arms out to his sides in
a large circular motion

then walks forward.
(#005375)

a person doing a
casual walk
(#004183)

A person is walking with
their arms crossed.

The person’s upper body
remains upright while they

walk with their arms crossed,
with their spine and shoulders

in a stable position.

The person’s hands are placed
on opposite shoulders,

crossing in front of their
torso as they walk.

The legs are alternately
lifting and stepping forward,
propelling the person forward

while they walk.

a person walks on uneven
ground whilst holding

on to handrail.
(#001029)

a person crosses their
arms in front of their

chest, then drops them
back at their sides.

(#001014)

a person walks forward
while holding out their

arms for balance
(#002087)

Table 4.2 Prompt Examples : We illustrate the LLM-generated part-specific outputs for text descrip-

tions alongside their corresponding top-1 retrieval results to demonstrate the effectiveness of our prompt

strategy. The HumanML3D [18] ID for the retrieved motions is indicated with the # symbol.

To construct the composed motion sequence Ci using the corresponding retrieved full-body motion
sequences, {Ri

torso, R
i
hands, R

i
legs}, we follow these steps: (1) Trimming all three retrieved sequences

to the length of the shortest one; fmin = minp(fp), (2) Selecting the respective body part’s joint infor-
mation from the corresponding retrieved motions. We follow the SMPL[30] skeleton structure with the
first 22 joints and partition it into three disjoint sets of joints: J = {jtorso ∪ jhands ∪ jlegs}.

Ci
f [jp] = Ri

p,f [jp] (4.9)

p ∈ {torso, hands, legs}, f ∈ [1, fmin]

(3) Choosing the global orientation and translation from Ri
legs, as leg motion is closely associated with

changes in global translation and orientation. Fig. 4.8 provides an illustration of the spatial motion
composition procedure using retrieved part-specific motion samples for the text: ”A person is standing
on one leg and raising both hands.”

4.3.5 MoRAG-Diffuse

For generation, we extend ReMoDiffuse[64], a diffusion-based model, by incorporating our retrieval
mechanism within the motion generation pipeline. Unlike ReMoDiffuse[64], we adapt our multi-part
composed motion, rather than their motion length and text based similarity retrieval approach.
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Text :

Figure 4.8 Spatial Motion Composition: Illustration of spatial motion composition using retrieved

part-specific motion samples for the text: ”A person is standing on one leg and raising both hands”

For the top-k retrieved motion sequence Ci, we follow the 263 dimension motion representation as
in [18], where each human pose Ci

t is represented by (ṙa, ṙx, ṙz, ry, jp, jv, jr, cf ), where ṙa ∈ R is root
angular velocity along Y-axis; ṙx ∈ R, ṙz ∈ R are global root velocities in X-Z plane; ṙy ∈ R is root
height; jp ∈ R3×n(J), jv ∈ R3×n(J), jr ∈ R6×n(J) are the local pose positions, velocity and rotation
respectively. cf ∈ R4 is the foot contact features calculated by the heel and toe joint velocity. n(J) is
the number of joints and Ti represents the number of timesteps for motion Ci.

To effectively utilize information from retrieved motion samples, we use the Semantics-Modulated
Transformer (SMT) introduced in ReMoDiffuse[64]. It comprises of N identical decoder layers, each
featuring a Semantics-Modulated Attention (SMA) layer and a feed-forward network (FFN) layer. The
SMA layer integrates information from the input description and the retrieved samples, refining the
noised motion sequence throughout the denoising process. The SMA layer consists of a cross-attention
mechanism where the noised motion sequence serves as the query vector Q. The key vector K and
value vector V are derived from three sources of data: (1) the noised motion sequence itself; (2) CLIP’s
text features of the input description text which are further processed by two learnable transformer
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encoder layers; and (3) the retrieved motion and text features Rm, Rt, extracted using transformer-
based encoders from the retrieved samples. As our composed motion samples do not have associated
text sequences for generating text features Rt, we use the features of the input text description text.

4.4 Experiments

First, we describe the dataset (Sec. 4.4.1) and implementation details (Sec.4.4.2) used in our experi-
ments. Following that, we analyze the effectiveness of the MoRAG framework, comparing it to previous
research works by providing an analysis of both retrieval and generation results. (Sec.4.5).

4.4.1 Dataset

We chose HumanML3D[18] to evaluate our framework due to its extensive and diverse collection
of motions paired with a wide range of text annotations. It provides annotations for the motions in the
AMASS[34] and HumanAct12[19] datasets. On average, each motion is annotated three times with
different texts, and each annotation contains approximately 12 words. Overall, HumanML3D consists
of 14,616 motions and 44,970 descriptions. The data is augmented by mirroring left and right. We
follow the same splits as TMR[39] and ReMoDiffuse[64] to train the retrieval and generation models
respectively.

4.4.2 Implementation Details

We use OpenAI’s GPT-3.5-turbo-instruct as the large language model (LLM) due to its efficiency
in understanding and executing specific instructions and its ability to provide direct answers to ques-
tions. The proposed prompting strategy consumes a maximum of 256 tokens together for prompt and
generation. We use the completions API endpoint with the default parameters to generate the desired
part-specific descriptions.

For part-specific retrieval models (MoRAGp), we use AdamW [31] optimizer with a learning rate
of 0.0001 and a batch size of 32. The latent dimensionality of the embeddings is 256. We set the
temperature τ to 0.1, and the weight of the contrastive loss term λNCE to 0.1. Other hyperparameter
values are used similarly to those in TMR [39].

For MoRAG-Diffuse, we use similar settings as that of ReMoDiffuse[64] used for HumanML3D[18].
For the diffusion model, the variances βt are spread linearly from 0.0001 to 0.02, and the total number
of diffusion steps is 1000. Adam optimizer with a learning rate of 0.0002 is used to train the model.
MoRAG-Diffuse was trained on an NVIDIA GeForce RTX 2080 Ti, with a batch size of 64, using initial
weights of ReMoDiffuse[64] for 50k steps.
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Methods R Precision ↑ FID ↓ MM Dist ↓ Diversity → MultiModality ↑

Top 1 Top 2 Top 3

Real motions 0.511±0.003 0.703±0.003 0.797±0.002 0.002±0.000 2.974±0.008 9.503±0.065 -

MDM[50] 0.320±0.005 0.498±0.004 0.611±0.007 0.544±0.044 5.566±0.027 9.559±0.086 2.799±0.72

MotionDiffuse[63] 0.491±0.001 0.681±0.001 0.782±0.001 0.630±0.001 3.113±0.001 9.410±0.049 1.553±0.042

MLD[11] 0.481±0.003 0.673±0.003 0.772±0.002 0.473±0.013 3.196±0.010 9.724±0.082 2.413±0.079

ReMoDiffuse[64] 0.510±0.005 0.698±0.006 0.795±0.004 0.103±0.004 2.974±0.016 9.018±0.075 1.795±0.043

FineMoGen[65] 0.504±0.002 0.690±0.002 0.784±0.002 0.151±0.008 2.998±0.008 9.263±0.094 2.696±0.079

MoRAG-Diffuse 0.511±0.003 0.699±0.003 0.792±0.002 0.270±0.010 2.950±0.012 9.536±0.104 2.773±0.114

Table 4.3 Quantitative Results: We compare the results of text-to-motion generation between

ours and the state-of-the-art diffusion based methods on HumanML3D[18] dataset. Our method

achieves better semantic relevance, diversity, and multimodality performances. Indicate best results

, indicates second best results.

4.5 Results

4.5.1 Quantitative Analysis

For quantitative evaluations, we adopt the performance metrics used in ReMoDiffuse[64], which
include R Precision, Frechet Inception Distance (FID), Multi-Modal Distance, Diversity and Multi-
modality. For R Precision and MultiModality, higher scores indicate superior performance. Conversely,
lower scores are preferred for FID and Multi-Modal Distance. For Diversity, performance improves as
the score more closely aligns with the real motions.

(1) R Precision evaluates how well the generated motion sequences semantically match the text de-
scriptions. We calculate Top-1, Top-2, and Top-3 accuracy by measuring the Euclidean distance between
each motion sequence and 32 text descriptions (one ground truth and 31 randomly selected descriptions).
(2) FID calculates the distance between features extracted from real and generated motion sequences.
(3) Multi-modal distance (MM Dist for short) measures the average Euclidean distance between the
feature vectors of text and generated motions. (4) Diversity measures the variability and richness of
the generated sequences. Average euclidean distance is calculated between the two-equal sized subsets
which are randomly sampled from the generated motions from all test texts. (5) Multimodality measures
the diversity of generated motions for a given text. We generate 10 pairs of motions for each text and
compute average distance between the each pair feature vectors.

Table. 4.3 summarizes the results of using our framework in comparison with the existing diffusion-
based motion generation models. Incorporating part-specific motion retrieval models as additional
knowledge in the motion generation pipeline shows an improvement over Diversity, Multi-Modal Dis-
tance, and MultiModality metrics. As observed in MUGL[33], quality scores such as FID based on
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feature representations often fail to capture the key action dynamics of the motion sequences. We em-
pirically observed that these scores correlate poorly with the visual quality of motion generations.

Challenges in Motion Retrieval Metrics: To evaluate text-to-motion retrieval methods such as
TMR[39] and TMR++[7], the similarity between the text corresponding to the retrieved motion sample
and the input text is computed. However, for our approach, which involves the spatial composition of
motion sequences, there is no single corresponding text for the entire composed sequence. As a result,
these metrics cannot be computed in our case.

4.5.2 Qualitative Analysis

Fig. 4.9 presents qualitative comparisons of MoRAG for retrieval task and Fig. 4.10 presents qual-
itative results for generation task. We compare our retrieval results with TMR++[7], a state-of-the-art
motion retrieval model, and our generation results with ReMoDiffuse[64], focusing on generalizability,
zero-shot performance, and diversity.

4.5.2.1 Generalizability

We observe that MoRAG constructed samples, utilizing part-specific retrieved motions, exhibit su-
perior generalizability across the language space and effectively adapt to low-level changes. The richer
and dedicated part-specific descriptions generated by the LLM helped retrieve precise part-specific mo-
tion sequences corresponding to the input text. Multi-part fusion has improved the construction of
motion samples for unseen text descriptions, achieving better semantic alignment with the input text.
Current motion retrieval methods treat the input skeleton in a monolithic manner, processing all joints
in the pose tree as a whole. However, these approaches overlook the significance of sub-parts, which
could enhance generalizability for unseen text descriptions. By dividing each action into sub-actions
corresponding to specific subsets of joints, retrieval from the database can be made more effective. For
example, in Fig. 4.9 (a), the text phrase, ”A person is eating while seated on the ground”, doesn’t exist
in the database which leads to the retrieval of the closest matched sample by TMR++[7], ”this person
is sitting on the floor and reaches to his head with his right arm.”. However, MoRAG searches for the
part-specific sub-actions ”eating” and ”sitting on the ground,” which can be easily retrieved from the
database. When composed, these sub-actions construct a relevant motion sequence.

4.5.2.2 Diversity

MoRAG constructs diverse set of motion samples for a given input text text by utilizing both,
(1) LLMs’ ability to generate diverse text descriptions for a prompt and (2) various combinations of
retrieved part-specific motion samples. The diverse samples produced by MoRAG improve the diversity
of MoRAG-Diffuse.
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4.5.2.3 Zero-Shot Performance

Our approach facilitates the construction of motion sequences for unseen text phrases (zero-shot).
This capability arises from two key aspects of the MoRAG framework: (1) it utilizes LLM-generated
descriptions rather than the input text directly, and (2) it employs part-wise spatial composition. While
the input text may be novel, the LLM-generated part-specific descriptions are not entirely unknown; rel-
evant samples exist where the desired action is performed by specific body parts. Our method retrieves
such samples independently for each body part and integrates them to construct motion sequences for
unseen text descriptions.

Conditioning the samples constructed by MoRAG facilitates the generation of motion sequences for
previously unseen text phrases in MoRAG-Diffuse.

4.5.3 Assumptions and Limitations

• GPT Dependency: Our approach leverages GPT-generated descriptions for motion retrieval, but
its effectiveness depends on the precision of these descriptions. Semantic deviations can occa-
sionally impact retrieval accuracy. Incorporating feedback mechanisms or quality checks could
improve robustness and minimize retrieval discrepancies.

• Limited Dataset: Due to the constrained dataset size, some retrievals may be suboptimal, partic-
ularly for unique or complex inputs where the existing data may not fully represent the needed
diversity. Expanding the dataset or supplementing it with additional sources could improve both
retrieval diversity and precision.

• Composition Alignment: During composition, retrieved motions are trimmed to the shortest se-
quence for alignment, which may cause slight misalignments in semantic or temporal coherence.
Adding a preliminary coherence check could improve alignment with the input text, enhancing
fidelity and consistency.

4.6 Conclusion

In this paper, we enhance the performance of the diffusion-based motion generation model using a
multi-part fusion-based retrieval augmented motion generation framework, MoRAG. Our method in-
corporates additional guidance into the motion generation pipeline using the diverse motion sequences
constructed from the samples retrieved from part-specific motion databases. We propose a simple solu-
tion to construct multiple diverse, semantically coherent motion samples from the database, even for un-
seen descriptions, which is not feasible with existing full-body motion retrieval approaches. This makes
MoRAG a more viable alternative for text-to-human motion generation by combining the strengths of
both retrieval models — rapid motion sample construction and generative models — the ability to create
novel outputs.
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Future work could extend our approach to other architecture-based generative models. Incorporating
additional body part information, such as fingers, head, and lip movements from respective part-specific
databases, would enhance the realism of generated samples and better handle more complex language
descriptions. Furthermore, our approach can be applied to create new data samples, useful for both
training and guiding motion generation models, thereby expanding its potential to handle unusual in-
puts.
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Figure 4.9 Qualitative Results - Retrieval: Comparison of motion retrieval using our multi-part fusion

approach with TMR++ [7], a state-of-the-art motion retrieval method. Top: Our method demonstrates

superior generalization capabilities. Middle: Our approach generates accurate motion sequences for

unseen text descriptions. Bottom: Our setup exhibits increased diversity.
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Figure 4.10 Qualitative Results - Generation: Comparison of motion generation using our multi-

part fusion approach with ReMoDiffuse [64]. Top: Our method demonstrates superior generalization

capabilities. Middle: Our approach generates accurate motion sequences for unseen text descriptions.

Bottom: Our setup exhibits increased diversity.
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Chapter 5

Conclusions

This thesis presents novel methods for incorporating large language models (LLMs) into human mo-
tion generation and retrieval tasks. We began by identifying key limitations in current motion generation
models, particularly their poor performance with complex and unseen text inputs. These models strug-
gle to capture fine-grained details, largely due to the minimalist nature of existing text-annotated motion
datasets. The text descriptions found in these datasets tend to be short and lacking in information about
specific body movements related to the described actions. This scarcity of detail limits the models’
ability to generalize, leading to difficulties in handling complex inputs and in producing detailed motion
representations.

To address these challenges, we introduced Action-GPT, the first method to integrate LLMs into
text-conditioned motion generation. Instead of relying on the minimal text annotations from exist-
ing datasets, Action-GPT uses LLM-generated prompts to enrich the text input within the generation
pipeline. This approach improves the alignment between text and motion latent spaces, resulting in en-
hanced model generalizability. Through prompt analysis, we demonstrated the suitability of our method
for producing more fine-grained motion details. We demonstrated the advantage of using multiple LLM-
generated text descriptions rather than relying on a single one, taking into account the inherent variability
in LLM outputs. The diversity in LLM-generated text descriptions enabled the generation of a wider
variety of motion samples. Additionally, the model exhibited improved performance in zero-shot sce-
narios, a challenge that previous methods were unable to overcome.

With the growing adoption of diffusion models in generative tasks, motion generation has also tran-
sitioned to such frameworks. However, existing diffusion-based models struggle to generate multiple
relevant motion samples from a given text input. Inspired by the rise of retrieval-augmented generation
(RAG) approaches in the text and image domains, we developed MoRAG, a LLM-based Multi-Fusion
Retrieval-Augmented Generation method. Our analysis revealed that traditional motion retrieval meth-
ods treat the skeleton monolithically, retrieving entire motions at once. This approach struggles with
complex or unseen text inputs due to the limited size of current text-annotated motion datasets. How-
ever, these datasets contain extensive low-level information about body parts, which holds potential for
broader generalization across diverse language inputs. Building on this observation, we proposed a part-
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based retrieval method that retrieves specific motion samples for different body parts—torso, hands, and
legs—based on LLM-generated part-specific descriptions. These part-specific motions are then fused
to construct coherent and diverse motion samples relevant to the input text. Incorporating these motion
samples into the diffusion model generation pipeline resulted in the production of more diverse and
precise motion sequences, as demonstrated by both qualitative and quantitative analyses.

Our findings can be found explored at https://actiongpt.github.io/ and https://motion-rag.github.io/.
The websites contains generated motion sequence examples, code and pre-trained models.
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