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ABSTRACT

A novel approach to generating 3D human motions from textual descriptions using a two-stage framework
that incorporates a temporal variational autoencoder (VAE). The first stage, text-to-length sampling,
predicts the length of the motion sequence by approximating a probability distribution conditioned on the
input text. This step enables the generation of variable-length motions that align naturally with diverse
textual inputs. In the second stage, text-to-motion generation, the model synthesizes human motions
consistent with the sampled lengths and input descriptions. At its core, the approach utilizes a temporal
VAE, featuring a triplet structure of prior, posterior, and generator networks to learn the mapping between
textual semantics and motion dynamics. To further enhance motion fidelity, a motion snippet code
representation is proposed as an internal format, encapsulating localized temporal semantics to ensure
smooth and realistic motions faithful to the input text. The framework’s flexibility accommodates a range
of textual complexities, from simple commands to detailed narratives, ensuring both diversity and
naturalness in the output. This approach is evaluated on a new large-scale dataset, HumanML3D, which
includes 14,616 motion clips and 44,970 text descriptions, as well as on the KIT Motion-Language dataset.
Quantitative metrics and user studies demonstrate significant advancements over baseline methods in terms
of motion quality, diversity, and alignment with textual input. By addressing the challenges of variable
sequence lengths, semantic diversity, and textual complexity, this two-stage VAE-based framework sets a
new benchmark for text-driven 3D motion generation, with applications spanning animation, gaming, and
human-computer interaction.

Keywords: text-to-motion generation, diffusion models, HumanML3D dataset, 3D human motion, natural
language processing, motion synthesis.

1. Introduction

This work explores a two-stage framework for generating 3D human motions from textual descriptions using a
temporal variational autoencoder (VAE), addressing the challenges of motion diversity, textual complexity, and
variable-length sequence generation. The first stage, text-to-length sampling, predicts the motion sequence length
by learning a probability distribution conditioned on the input text. This stage ensures flexibility in generating
motions of varying durations, essential for aligning with diverse textual inputs. Specifically, a neural network-
based approach, such as pixel CNN, is employed to model the length distribution, allowing the system to handle
a wide range of input scenarios, from simple commands to complex narratives. The second stage, text-to-motion
generation, synthesizes motion sequences based on the sampled lengths and input text. This stage leverages the
capabilities of a temporal VAE with a triplet structure consisting of prior, posterior, and generator networks. The
VAE framework facilitates the generation of stochastic, realistic, and semantically faithful motions, ensuring
diversity and coherence in the output.

A key innovation in this framework is the introduction of motion snippet codes, a compact and semantic
representation of local motion dynamics. By encoding motion sequences into snippets, the model captures
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meaningful temporal dependencies, ensuring the smoothness and naturalness of the generated motions. The text
encoder, realized using bidirectional GRUs, processes textual descriptions to extract both word-level and
sentence-level features, further refined with part-of- speech tags and custom word categorizations. These features
are integrated into the VAE to guide motion generation effectively. Additionally, the framework in- corporates
local word attention mechanisms to align motion dynamics with critical textual elements, enhancing the semantic
accuracy of generated motions.

The approach is evaluated on the new large-scale HumanML3D dataset, which contains over 14,000 motion clips
paired with nearly 45,000 textual descriptions, as well as the KIT Motion-Language dataset. HumanML3D
represents a diverse collection of human actions, including locomotion, sports, and artistic movements, providing
a robust benchmark for motion generation tasks. Empirical evaluations demonstrate that the proposed framework
outperforms state-of-the-art baselines across multiple metrics, including motion fidelity, diversity, and alignment
with text descriptions. The use of the text-to-length module enables the generation of motions with natural
temporal variations, while the temporal VAE ensures rich and diverse motion outputs.

User studies validate the visual realism and semantic coherence of the generated motions, with a significant
portion of outputs rated highly by evaluators. Ablation studies further highlight the importance of key
components, such as motion snippet codes and local word attention, in achieving optimal performance. This two-
stage approach effectively addresses the limitations of existing deterministic sequence- to-sequence models,
offering a more robust solution for text-driven 3D motion synthesis.

In summary, this framework provides a powerful tool for generating diverse, natural, and text-aligned 3D human
motions, with significant implications for applications in virtual reality, gaming, robotics, and human-computer
interaction. By integrating innovative techniques such as text-to-length sampling, motion snippet codes, and
attention mechanisms, it sets a new standard for the field, enabling ma- chines to produce human-like motion
dynamics that are both visually compelling and semantically accurate.

2. Literature Review

Automated generation of 3D human motions from text is a challenging problem. The generated motions are
expected to be sufficiently diverse to explore the text- grounded motion space, and more importantly, accurately
depicting the content in prescribed text descriptions. Here we tackle this problem with a two-stage approach:
text2length sampling and text2motion generation. Text2length involves sampling from the learned distribution
function of motion lengths conditioned on the input text. This is followed by our text2motion module using
temporal variational autoencoder to synthesize a diverse set of human motions of the sampled lengths. Instead of
directly engaging with pose sequences, we propose motion snippet code as our internal motion representation,
which captures local semantic motion contexts and is empirically shown to facilitate the generation of plausible
motions faithful to the input text. More- over, a large-scale dataset of scripted 3D Human motions, HumanML3D,
is constructed, consisting of 14,616 motion clips and 44,970 text descriptions.

3D Human Motion Generation. There are several prior efforts in synthesizing 2D or 3D human motions
based on action category, or from modalities including audio and text. To be based on action category, an one-
hot condition vector is often engaged in synthesizing pose sequences. In this space, [5, 43] both apply a two-
stage generative adversarial network (GAN) framework to progressively extend the partial motion sequence with
newly generated poses; the work of [45] instead models the spatiotemporal structures of human dynamics with a
GCN- based GAN; mean- while, VAE modelling and transformer architecture are promoted by [11, 12, 29] to
incorporate temporal dependencies. In terms of audio signal input, as audio is temporally aligned with its motion
output, a common strategy is to employ a temporal sliding-window in translating the acoustic feature
representation (e.g. MFCC) to individual human poses using recurrent neural networks (RNNs). In [35], a Bi-
Directional LSTM network is adopted to generate up- per body gestures from speech input. Similar LSTM-type
models are also examined by [34] to predict upper body dynamics from piano and violin recital audios, and in
[36] to capture the music-to-dance mapping. Recent works start to address the stochastic nature of human
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dynamics grounded on audio signals. [17] employs a hybrid model of VAE and GAN to produce non-
deterministic human dancing movements from music. The work of [14] further supports long- term music-to-
dance generation with curriculum training.

Generative models play a crucial role in motion synthesis by generating high- quality human motion. Generative
Adversarial Nets (GAN) [6] use two sub- models: a generator model that produces new samples, and a
discriminator model that attempts to classify samples as either real or fake. These two models compete against
each other during training. However, the interpretability of GAN is poor because the learned data distribution
lacks an explicit expression, resembling a black box mapping function.

Auto-Encoding Variational Bayes (VAE) [13] is a widely used generative model in motion synthesis. Its primary
objective is to generate new samples from the learned distribution of objects by learning latent attributes from the
probability distribution of the latent variable space, thereby con- structing new examples. De- spite its usefulness,
the quality of samples generated by VAE can be improved. Recently proposed diffusion models [10, 18, 26] have
shown immense potential in modeling and present an exciting opportunity to expand into text-driven motion
generation. These models utilize the stochastic diffusion process modeled in thermodynamics, which gradually
adds noise to the samples of the data distribution. The deep learning model then learns the reverse process of
denoising the samples gradually. Diffusion models have the advantage over previous models as they do not
make any assumptions about the target distribution, leading to a more diverse generation and better suitability
for our task. Therefore, we propose a novel fine-grained human motion generation method that employs the
Denoising Diffusion Probability Model [10].

Obtaining human motion sequences through traditional soft- ware is a labor- intensive and tedious process, while
motion capture is complex and expensive. Recently, with the advancements in deep learning and computer vision,
learning- based human motion generation has emerged as a solution to this problem, leading to the development
of associated generation methods based on multimodal data. The input multimodal data include music [12, 15,
25, 27], motion categories [4, 9, 20], text [2, 3, 5, 7, 8, 16, 21, 23, 28, 33], others. Text-driven human motion
generation has been a popular research topic, because of its convenience and human-friendliness. In particular,
natural language comprises nouns, verbs, adverbs, etc. The mutual connections among different words in a
sentence establish its semantics. Verbs define the action’s category, while adverbs control the fineness of the
action. The interaction between words in syntax plays a vital role in determining the structure and meaning of a
sentence. Failure to fully incorporate these text features may result in inadequate text modeling, causing the
generated motion sequence to deviate from the intended meaning of the original text. Existing methods can be
divided into two branches, including 1) cross-modal alignment of motion and text [2, 3, 5, 7, 8, 16, 21] conditional
diffusion models [28, 33]. In the first methods, text sequences and motion sequences are mapped onto separate
feature spaces and forcibly aligned, leading to a loss of original information from both domains. In the second
methods, the diffusion model incorporates text information as a conditioning factor to learn the probability
mapping of human motions.

While there is also work on facial motion generation [8, 11, 23, 43], here we focus on articulated human bodies.
Human motion synthesis. While there is a large body of work focusing on future human motion prediction [3, 6,
16,37, 4, 27] and completion [10, 17], here, we give an overview of methods that generate motions from scratch
(i.e., no past or future observations). Generative models of human motion have been designed using GANs [1,
30], VAEs [15, 39], or normalizing flows [18, 15]. In this work, we employ VAE:s in the context of Transformer
neural network architectures. Recent work suggest that VAEs are effective for human motion generation
compared with GANs [15, 39], while being easier to train.

Motion synthesis methods can be broadly divided into two categories: (i) un- constrained generation, which
models the entire space of possible motions [31, 26, 18] and (i1) conditioned synthesis, which aims for
controllability such as using music [26, 27, 28], speech [17, 14], action [15, 39], and text [1, 3, 13, 29, 30,
45] conditioning. Generative models that synthesize unconstrained motions aim, by design, to sample from a
distribution, allowing generation of diverse motions. However, they lack the ability to control the generation
process. On the other hand, the conditioned synthesis can be further divided into two categories: deterministic
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[2, 13, 29] or probabilistic [1, 15, 26, 27, 30, 39]. In this work, we focus on the latter, motivated by the fact that
there are often multiple possible motions for a given condition.

Text-conditioned motion generation. Recent work explores the advances in natural language modeling [9, 36] to
design sequence-to-sequence approaches to cast the text-to-motion task as a machine translation problem [1, 29,
41]. Others build joint cross-modal embedding to map the text and motion to the same space [2, 13, 50], which
has been a success in other research area [5, 42, 26, 33].

Several methods use an impoverished body motion representation. For ex- ample, some do not model the global
trajectory [41, 20], making the motions unrealistic and ignoring the global movement description in the input text.
Text2Action [1] uses a sequence-to-sequence model but only models the up- per body motion. This is because
Text2Action uses a semi-automatic approach to create training data from the MSR-VTT captioned video
dataset [9], which contains frequently occluded lower bodies. They apply 2D pose estimation, lift the joints to
3D, and employ manual cleaning of the input text to make it generic.

Most other work uses 3D motion capture data [2, 13, 29, 30]. DVGANSs [30] adapt the CMU MoCap database
[47] and Human3.6M [21, 22] for the task of motion generation and completion, and they use the action labels as
text- conditioning instead of categorical supervision. More recent works [2, 13, 29] employ the KIT Motion-
Language dataset [40], which is also the focus of our work.

Translating text description to human motion is an emerging topic. Prior efforts such as [10, 21, 32, 44] re- sort
to classical encoder-decoder RNN models, while it is proposed in [1] to learn a joint embedding space between
natural language and 3D human dynamics. [10] considers the hierarchical pose structure as well as utilizing a
pose discriminator. These methods however bear undesirable is- sues, as being deterministic one-to-one
processes with xed motion length. In contrary, aiming at these issues, our learned model is shown capable of
generating stochastic, one-to-many sequence mappings of variable lengths.

Video Generation, and Text-based Video Generation. On generating videos, deep generative models such as
GANs and VAEs have been the most popular choice. For example, a recurrent structured GAN is presented in
MoCo- GAN [38] to separately model stationary pixels and dynamic motions. This is followed by [37] to
incorporate contrastive learning. [8] leverages a VAE with RNN architecture to stochastically predict future
frames based on the historical video sequence, which is further extended in [42] to synthesize videos with
prescribed start and end frames.

Text-to-video generation is relatively new. To address such task, GAN frameworks have been recruited in several
efforts including [20] and [25]. This is followed by [6], where an attention mechanism is additionally engaged
to align local video regions with words in text. Moreover, both short-time and long-term cross-domain attentive
vectors are utilized in [24] as the inputs to a VAE framework.

Language and 3D Human Motion Data. KIT Motion- Language Dataset [31] is to date the only available dataset
comprising both 3D human motions and their textual de- scrimptions, which consists of 3,911 motion sequences
6,278 sentences, and is focused on locomotion movements. Moreover, there are a number of existing datasets
of 3D motion captured human motions, such as CMU Mocap [7], Hu- man3.6M [15], MoVi [9] and BABEL [33],
in the form of everyday actions and sports movements. However, none of them possesses language descriptions
of the motions.

3. Methodology

Text-to-3D human motion generation aims to synthesize realistic and diverse human motions driven by natural
language descriptions. A novel two-stage framework utilizing a temporal variational autoencoder (VAE)
addresses this challenge by ensuring flexibility and semantic fidelity. The first stage, text-to-length sampling,
predicts motion sequence lengths based on the input text, accommodating variable temporal durations. The
second stage, text-to-motion generation, synthesizes motions consistent with the sampled lengths and textual
descriptions using the VAE’s stochastic capabilities. This approach introduces motion snippet codes to capture
temporal semantics, enabling natural and smooth motions, with applications in virtual reality, robotics, animation,
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and human-computer interaction.

As a preprocessing step, a dedicated motion autoencoder is trained on our training motion data to encode a motion
sequence into a stream of motion snippet codes, which then could be decoded back into motions. Our training
pipeline. Through text encoder, the attentive word features (watt) are used by VAE networks as illustrated in Fig.
3. The triplet structure of temporal VAE involving the prior, posterior, and generator networks is employed to
process the motion snippet codes (cs) and the reconstructed ones ("cs). This leads to the loss terms evaluating the
reconstructed pose sequence (Lmot rec ) and the reconstructed code sequence (Lcode rec ), respectively. Due to
lack of space, some key ingredients are deferred to be presented in Fig.3.1. Our inference pipeline. From the
input text, text2length module is activated to sample an intended motion length. Text features extracted through
the text encoder are then fed to the prior network, yielding a prior distribution. Generator samples latent vectors
from the prior distribution and produces a series of motion snippet codes (cs). The pose sequence is finally
obtained by decoding the snippet codes from the motion decoder pre-trained.

From a text description of M words, X = (x1, ..., xXM), our goal is to generate a 3D pose sequence, P =(p1,
..., pT ), with its length T determined at test time. As shown in Fig. 2, we start by a preprocessing step to train a
motion autoencoder. As shown in Fig. 2, we start by a preprocessing step to train a motion autoencoder.
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Figure 3.1: Two-Stage Text-to-3D Human Motion Generation Framework
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3.1 Motion Autoencoder

As the preprocessing step described in Fig 3.1, an encoder E transforms the pose sequence P = (p1, ..., pT )to a
motion snippet code sequence, Cs =cls, ..., cTs, achieved by applying 1-D convolutions over temporal line;" P is
then reconstructed with a deconvolutional decoder, D.Mathematically, this process is formulated as Cs = E(P), ~
P = D(Cs).

To avoid foot sliding, our decoder D additionally predict foot contacts at each frame which are not given to the
encoder E. It is also necessary to constrain the snippet code values and the differences of consecutive codes to
encourage sparsity and temporal smoothness. The nal objective function becomes

b3 > =
LF,I) = Iﬁr - p‘| 1 +/\.,,,| Hc:||l + A 'C: = C‘ ]H

¢ f t The autoencoder consists of two-layer convolutions with
Iter size of 4 and stride 2, whose structure is detailed in supplementary le. As a result, a motion snippet code
act s has a 8-frame receptive eld, amounting to around 0.5 second for 20 frame-per-second (fps) pose

streaming; it also leads to a more compact internal code sequence with T Compared to individual
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poses, snippet code captures temporal semantic information that is crucial in smooth and

faithful motion generation.
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3.2 Text2Length Sampling

In order to obtain a discrete time length T at the inference stage by sampling from this learned distribution
function, p(T—x1,..., xM), given an input text, our text2length sampling module aims to approximate the
probability distribution of discrete motion length T conditioned on text. Thus, this module makes it possible
for our method to produce movements of different lengths.

There are numerous workable solutions for this common density estimation problem, and we

choose to use the pixelCNN neural network approach. Our goal specifically consists of determining the length of
snippet codes because a motion sequence is internally represented in our work as a collection of snippet codes.
Sentence-level characteristics are extracted from the input text by a text encoder and fed into an MLP layer with
softmax activation for inference. This results in a multinomial distribution across discrete length indices 1, 2,...,
Tmax. In this case, one increment is equivalent to four pose frames, and setting Tmax = 50 is equivalent to 200
frames, or 10 seconds for a video at 20 frames per second. The cross entropy loss defines its training goal.

3.3Text2Motion Generation

Our text2motion generator contains a text encoder, and a temporal VAE model consisting of a triplet network of
generator Fg, posterior Fp, and prior Fy. The text encoder extracts both the word-level wi.m and sentence-level s
features from input text; our VAE generates motion snippet codes one by one with a recurrent architecture: at
time t, our posterior network Fy approximates the posterior distribution conditioned on partial code sequence as
well as word and sentence features ¢ = (wim, s, ... ). Instead of relating the posterior distribution to a prior
normal distribution N (0, /) as used in the literature, here it is related to a learned prior distribution which is
obtained by our prior network based on the previous state and conditions. Overall, our VAE is trained

b3
logp(Clz  Ejpos qlogpelc’lc’ 20 —ArunDu (g2 | € L €) pulz | € cl)

The first term is to reduce reconstruction error Lrec, while the second term penal- izes the KL-divergence LKL
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between the posterior and the prior distributions.

3.4 Training Scheme

To address the variable length sequence to- sequence generation task, our training process utilizes both curriculum
learning [3] and scheduled sampling [2] strategies, as follows. Starting from aiming to generate rst Tcur snippet
codes in sequence, we optimize our model on training data that owns snippet code lengths equal or longer than Tcur.
As long as the reconstruction loss on the validation starts raising, then we move on to the next stage by appending
one more snippet code in the target sequence ; the complexity of the task is progressively increased at every stage
till the maximum time step Tmax of prediction is reached (i.e, Tcur = Tmax). In addition, to bridge the gap of training
and inference for sequence prediction, teacher forcing is applied for the entire target snippet code sequence c1:T s
with probability of ptf, which means the ground-truth snippet code is taken as input for the generation at next step.
Accordingly, the generated snippet code will instead serve as the input with probability 1 ptf. As a boundary
condition, c0s is a constant vector that encodes mean poses using motion encoder E.

3.5 HumanML3D Dataset

Motion sequences from two sizable, publicly available datasets of 3D human motion captures, HumanAct12 and
AMASSS, are combined to create the Hu- manML3D dataset. They include motions from a range of human activities,
including sports (like swimming and karate), daily activities (like walking and leaping), acrobatics (like
cartwheeling), and artistic endeavors (like dancing). Sadly, there are no written explanations of the motions in these
datasets. Data normalization involves the following processing processes. After scaling to 20 frames per second,
motions longer than 10 seconds are arbitrarily reduced to 10- second ones, retargeted to a default human skeletal
template, and initially correctly rotated to face Z+. After that, fluent English speakers who have an average work
approval rating of more than 92% are hired and requested to characterize a motion in at least five words as part of a
textual annotation process conducted through Amazon Mechanical Turk (AMT). Each motion clip has three written
descriptions that we gather from different employees. After that, a human postprocessing step is performed to remove
any unusual textual descriptions. With 14,616 motions and 44,970 descriptions made up of 5,371 unique words, our
HumanML3D dataset thus becomes the largest and most varied collection of programmable human motions that
we are aware of. The average duration of the motions is 7.1 seconds, with a total duration of 28.59 hours. The
duration is two seconds at the lowest and ten seconds at the maximum. Their median and average textual description
lengths are 10 and 12, respectively. In Table 1, our HumanML3D is tabulated against the only motion-text dataset
currently available, KIT Motion-Language.

Dataset #Motions #texts Duration Vocab
HumanML3D 14616 44970 28.59h 35371
KIT-ML 3911 6278 10.33h  1.623

Table 3.1: Comparisons of 3D human motion-language datasets

4. Results and Discussion

Evaluation Metrics include Frechet Inception Distance (FID), diversity and multi- modality. For quantitative
evaluation, a motion feature extractor and text feature extractor is trained under contrastive loss to produce
geometrically close feature vectors for matched text-motion pairs, and vice versa. Further explanations of
aforementioned metrics as well as the specific textual and motion feature extractor are relegated to the supplementary
file due to space limit. In addition, the R-precision and MultiModal distance are proposed in this work as
complementary metrics, as follows. Consider Rprecision: for each generated motion, its ground- truth text description
and 31 randomly selected mismatched descriptions from the test set form a description pool. This is followed by
calculating and ranking the Euclidean distances between the motion feature and the text feature of each de- scription
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in the pool. We then count the average accuracy at top-1, top-2 and top-3 places. The ground truth entry falling into
the top-k candidates is treated as successful retrieval, otherwise it fails. Meanwhile, MultiModal distance is computed
as the average Euclidean distance between the motion feature of each generated motion and the text feature of its
corresponding description in test set.

We compare our work to three state of the-art methods: Seq2Seq, Language2Pose and Text2Gesture. As with all
existing methods, they are deterministic methods. Considering the stochastic nature of our task, we adapt two non-
deterministic methods from related fields for more fair and thorough evaluations: MoCo- GAN and Dance2Music.
The former is widely used for conditioned video synthesis, and the latter produces 2D dancing motion sequences
from audio signals. Proper changes are made to allow these methods generating 3D motions from text.

4.1 Quantitative Evaluation

The quantitative findings for the KIT-ML and HumanML3D datasets are shown in Tables 2 and 3, respectively.
Each experiment is conducted 20 times for fair comparison, and a 95% confidence level statistical interval is presented.
We also examine a variation of our strategy by eliminating the text2length sample module for fair comparison, as all
baseline approaches generate a new motion directly using the ground-truth motion length.

The dependability of the suggested R-precision metric, which establishes a maxi- mum performance limit for all
approaches, is demonstrated by the high R precision of genuine motions. Overall, the findings from Tables 2 and 3
are as follows. First, our strategy performs significantly better than all comparison approaches on both datasets
and across all measures. With their neural machine translation architecture of encoder-decoder and transformer,
Seq2Seq and Text2Gesture immediately translate textual input to human dynamics; yet, they struggle to maintain the
illusion of realistic motions throughout their operations. As a result, FID values are high and motion-based text
retrieval precision is low. By include a co- embedding space, Language2Pose improves generation quality; yet, the
outcomes are far from realistic. Due to their disloyalty to the input text, the motions produced by MoCoGAN and
Dance2Music’s non-deterministic techniques are regrettably of extremely poor quality, as evidenced by their low
diversity and multimodality scores. Conversely, the version of our method that uses real motion length directly (Ours
w/ real length) performs best across nearly all measures. Our de- fault method, which employs text2length sampling
(Ours), performs similarly in R-precision and FID scores, but it is better at synthesizing a variety of motions, as
evidenced particularly in the diversity multimodality scores. Leads to large FID values and poor motion-based text
retrieval precision. By include a co-embedding space, Language2Pose improves generation quality; yet, the outcomes
are far from realistic.
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Methods R Precision? FID | MultiModal Dist| Diversity— MultiModality T
(r)2-4 Top1 Top 2 Top 3
Real motions 051140003 0.70320003 0.797x0002 0-00240.000 2.974 40008 9.503 £0.065 -
Seg2Seq [7] 0.18040002 03002p002 039640002 11.7540033 552940007 622340 061 -
Language?Pose [?7.] 0246200020 0.387x0p02 0486490020 11.0240045 5.296.40.008 767640053 -
Text?Gesture [2.] 0.165+00m 0.267x0003 034520002 7-66x0.0%0 6.030.+0.008 6.409 10071 -
MoCoGAN [?7] 0.037x0002 0.07220p01 0.10640001 9441ls10: 9.643 10006 0462+ 003 00190000
Dance?Music [?2]  0.033:0002 0.065:0001 0.09749001 669840015 81160008 0.725xg.011 0.043 10 001
Ours w/ real length 0-457x0003 0.63%9:9003 0.740xp003  1.067 10,002 3.340 0,008 9.188 40,82 2.09040083
Ours 0.455:0003 0.636:p003 0.73610002 1.087 2001 3.347 10.008 9.17540.083 2.21940074
Table 4.1: Quantitative evaluation on the HumanML3D test set
Methods R Precision? FID | MultiModal Dist| Diversity— MultiModality 1
(Ir)2-4 Top1 Top 2 Top 3
Real motions 042440005 06490006 0.77%x0006 0-0310004 278810012 11.08 40,097 -
Seq2Seq [?7.] 0.10320003 0.17840003 0.241s0002 24.8640343 796010031 6. 744 40 106 -
Language?Pose [2.] 0-221s0905 037410004 048310005 1534400m 5.147 20030 9.073 £0.100 -
Text2Gesture [2.] 0.156x0004 025520003 034210002 22.1240183 6.964 10020 93340079 -
MoCoGAN [?] 0.02240002 0.04240003 0.063:p0035 62.69:1240 10470012 3.09140.043 0.25040.000
Dance2Music [?.]  0.031ipg02 005840002 0.0844pp03 154149240 104040016 024110004 0.062 10 002
Ours w/ real length 0.370xg005 0.569:0007 0.693x0007 0.770x0.100 3.401 40,083 109140110 1.482.0065
Ours 036110006 0.55%20007 0.681sg007 0.022.0107 3.488.40.023 10.72.40,145 2.052 40007

Table 4.2: Quantitative evaluation on the KIT-ML test set

Methods R Precisiont FID |
(Ir)2-4 Top 1 Top 2 Top 3

Ours ”-455il]_ﬂ|}3 “.63610_303 [L736;t|].[||]2 1.1}87i|]_|]21
Wm/b SnC 0.3705;0_002 0.5381;0_003 0.64210_003 1.2005;0_02?
WWJ{O Att 0.396+0002 0.57010002 0.674+0003 1.83310032
m PoS 0.443410003 0.62210003 0.72310003 1.157 10016
Mg PoE 0444415005 0.62710003 0.729+0002 1.229+0020

Table 4.3: Performance Comparison

4.2 Qualitative Evaluation

Qualitative comparisons between our method and the top-performing baseline, Language2Pose, are shown in Fig.
4. The SMPL human shapes cannot render motions from other comparison methods because they are too deformed.
Partial concepts, such ’sit down,” are occasionally captured by Language2Pose in the input text. Nevertheless, it
is unable to comprehend the global textual information. Furthermore, after a short time, the motions that are
produced usually become fixed. Our method, on the other hand, can produce aesthetically pleasing motions
that faithfully capture the specifics of written descriptions, including gesture, actions, body parts, and time.
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Additionally, our generated motions are sufficiently varied from the same input text. Additional findings are shown
in the appendix.
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Figure4.1 Quantitative evaluation of user preference among the generated motions

5. Conclusion

the proposed two-stage framework for text-to-3D human motion generation, combining text-to-length sampling
and text-to-motion generation with a temporal variational autoencoder (VAE), effectively addresses the challenges
of generating realistic, diverse, and text-aligned motions. By introducing the innovative text-to-length module, the
framework accommodates variable-length motion sequences, ensuring temporal alignment with textual inputs of
varying complexity. The text-to-motion generation stage, driven by the VAE’s stochastic capabilities, enables the
synthesis of natural and semantically faithful human motions, capturing the inherent variability of human
dynamics. The use of motion snippet codes further enhances the coherence and smoothness of the generated
motions, ensuring they align accurately with described actions.

This approach outperforms traditional deterministic methods by offering greater diversity, semantic fidelity, and
adaptability, as demonstrated through extensive evaluations on the HumanML3D and KIT-ML datasets. The
framework’s ability to handle complex textual descriptions and generate lifelike motions has significant
implications for applications in virtual reality, animation, robotics, and human- computer interaction. With its
flexible and scalable design, this method sets a new benchmark in text-driven 3D motion synthesis, paving the
way for future advancements in creating expressive and context-aware human motions across a wide range of
industries.
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