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Abstract

What is the Best Automated Metric for Text to Motion
Generation?

Jordan Guy Voas, MSCompSci
The University of Texas at Austin, 2023

SUPERVISOR: Raymond Mooney

There is growing interest in generating skeleton-based human motions from
natural language descriptions. While most efforts have focused on developing better
neural architectures for this task, there has been no significant work on determining
the proper evaluation metric. Human evaluation is the ultimate accuracy measure for
this task, and automated metrics should correlate well with human quality judgments.
Since descriptions are compatible with many motions, determining the right metric is
critical for evaluating and designing meaningful training losses for supervising gener-
ative models. This paper systematically studies which metrics best align with human
evaluations and proposes new metrics that align even better. Our findings indicate
that none of the metrics currently used for this task show even a moderate correla-
tion with human judgments on a sample level. However, for assessing average model
performance, commonly used metrics such as R-Precision and rarely used coordinate
errors show strong correlations. Several recently developed metrics are not recom-
mended due to their low correlation compared to alternatives. Additionally, multiple

novel metrics which exhibiting improved correlation and potential for future use.
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Chapter 1: Introduction

High-quality human motion generation in animation has a wide range of ap-
plications, from creating realistic CGI in cinema to enabling context-aware character
movement in video games. The increasing interest in generating human motions from
natural language descriptions (text-to-motion) is evident Lin et al. (2018); Ahuja and
Morency (2019); Punnakkal et al. (2021); Ghosh et al. (2021); Zhang et al. (2022);
Guo et al. (2022b); Delmas et al. (2022). Natural language o ers a convenient and
expressive means for controlling generative models, similar to image Ramesh et al.
(2022) and video Singer et al. (2022) generation. Users can specify the desired ac-
tions or poses they want the motion to exhibit, such as global transitions like running,
jumping, and walking, or localized actions like throwing or kicking. They may also
indicate concurrent sub-motions or sequential motions with uid or distinct transi-
tions. The generated motion sequence should accurately match the prompt while
appearing natural.

Determining the best automated metric for human motion generation from
natural language prompts is crucial for developing e ective models. Although hu-
man judgment is considered the gold standard, comparing large sample sizes is time-
consuming and expensive. Stochasticity in recent models adds to this challenge,

necessitating extensive repetitions for accurate results.

1.1 Research Statement

Our objective is to identify the best automated metric for evaluating language-
conditioned human motion generations, with "best" referring to the metric most
closely correlated with human judgments. While various automated metrics have been
proposed Ahuja and Morency (2019); Ghosh et al. (2021); Guo et al. (2022a) and some
works have conducted comparative human evaluations Guo et al. (2022a); Petrovich
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et al. (2022), none have directly addressed this question. Developing appropriate
automated metrics correlated with human judgments has been vital in elds such as
machine translation Papineni et al. (2002); Zhang et al. (2019), and we believe it is

essential for advancing text-to-motion methods.

To complement existing metrics, we propose novel ones that improve corre-
lation with human judgment. Some of these metrics are di erentiable and could

enhance optimization when integrated into training losses.

Multiple distinct aspects should be considered when assessing the quality of
generated human motions. We evaluate human motion quality by focusing on the

following:

Naturalness : How realistic is the motion to a human viewer? Unnatural
motions exhibit inhuman or improbable poses and transitions or display global

transitions without appropriate actions.

Faithfulness : How well does the generated motion align with the natural lan-
guage prompt? Unfaithful motions will omit key components or include irrele-

vant ones.

1.2 Contributions

Our main contributions are:

A dataset of motion-text pairs with human ratings of Naturalness and Faith-

fulnessfor evaluating automated metrics.

" A critical evaluation of existing text-to-motion automated metrics based on

correlation with human judgments.

" The development of several high-performing automated metrics for future ar-

chitecture comparison and development.
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Chapter 2: Related Work

We review prior research on human motion generation, which includes both
unconditioned and conditioned generation, and discuss the evaluation metrics used

in previous studies.

2.1 Human Motion Generation

Early unconditioned human motion generation approaches employed statis-
tical generative models lkemoto et al. (2009); Mukai and Kuriyama (2005), while
more recent models have adopted deep learning techniques. Some studies have ap-
plied Variational Autoencoder (VAE) models Kingma and Welling (2013) for motion
forecasting based on historical fragments Tulyakov et al. (2017); Aliakbarian et al.
(2020); Ling et al. (2020); Rempe et al. (2021). Others have used Generative Adver-
sarial Networks (GAN) Goodfellow et al. (2014) to enhance the quality of generated
motion Barsoum et al. (2017). Normalization Flow Networks have also been explored
Henter et al. (2020). The majority of these methods employ joint-based frameworks,
utilizing variants of the SMPL Loper et al. (2015b) body model, which represents the

body as a kinematic tree of connected skeletal segments.

2.1.1 Conditioned Human Motion Generation

For conditioned motion generation, various types of conditioning exist. Some
studies have conditioned on xed action categories, which simpli es the task com-
pared to natural language conditioning but limits diversity and controllability. Ac-
tion2Motion Guo et al. (2020) employs a recurrent category conditional VAE, while
ACTOR Petrovich et al. (2021) uses a category-conditioned VAE with Transformers
Vaswani et al. (2017).

Natural language conditioning allows for ne-grained motion control, enabling

14



temporal descriptions and specifying actions for di erent body parts. Early e orts
utilized a Seq2Seq approach Lin et al. (2018). Other studies learned a joint embed-
ding space projection for both modalities Ahuja and Morency (2019); Ghosh et al.
(2021) and generated motions using a decoder. Some research applied auto-regressive
methods Guo et al. (2022a), encoding text and generating motion frames sequentially.
Recent approaches, such as TEMOS Petrovich et al. (2022), use stochastic generation
to produce diverse outputs. The most recent works employed di usion-based models
like FLAME Kim et al. (2022), MotionDi use Zhang et al. (2022), or MDM Tevet

et al. (2022) and achieved top performance on current evaluation metrics.

Related tasks have also been investigated, such as Music-to-Dance Li et al.
(2020) and EDGE Tseng et al. (2022), which conditions motion generation on music.
Some models treat the task as reversible, captioning motions and generating them
from language prompts Guo et al. (2022b). Others generate stylized character meshes
to pair with the generated motions, conditioned on language prompt pairs Youwang
et al. (2022); Hong et al. (2022).

2.2 Metrics for Automated Evaluation of Human Motions

Various metrics have been used to evaluate text-to-motion. Language2Pose
Ahuja and Morency (2019) employed Average Position Error (APE) and pioneered the
practice of dividing joints into sub-groups for di erent versions of APE. Ghosh et al.
(2021) introduced Average Variance Error and also considered versions dependent
on which joints (root versus all) are being used and whether global trajectories are
included. TEMOS Petrovich et al. (2022) and FLAME Kim et al. (2022) adopted
similar methods, but recent works have moved away from these metrics despite no

study establishing them as poor performers.

Guo et al. (2022a) developed a series of metrics based on their previous work for
category-conditioned motion generation, advocating for Frechet Inception Distance
(FID) Heusel et al. (2017), which is commonly used in image generation and measures
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output distribution di erences between datasets. Guo et al. (2022a) also included R
Precision, a metric based on retrieval rates of samples from batches using embedded
distances, metrics to evaluate diversity, as well as one measuring the distance of co-
embedding in each modality. These metrics have become standard, used by multiple
works Guo et al. (2022b); Tevet et al. (2022); Kim et al. (2022); Zhang et al. (2022).

The metrics established by Guo et al. (2022a) rely on a text and motion
co-encoder and depend on the quality of the embedding space. Thus, proving the
e ectiveness of the embedding space is crucial for these metrics if they are to be used

for judging competitive model performance.

The GENEA Challenge Kucherenko et al. (2021) provides a collective assess-
ment of co-speech motion generation methods through standardized human evalua-
tions. It divides human judgments into Human-likenessand Appropriateness corre-
sponding to ourNaturalnessand Faithfulness Recent ndings by the challenge Yoon
et al. (2022) indicate that current methods generate natural motions at or above
rates for baseline captures but underperform in faithfulness. While not directly ap-
plicable to text-to-motion, this research provides valuable data for understanding the
performance of current methods and guiding future work in the area, including novel

metrics.
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Chapter 3: Dataset Collection

3.1 Baseline Models Evaluated

We evaluate four implementations to assess a range of motion qualities and
focus on issues relevant to top-performing models: Guo et al. (2022a), TM2T Guo
et al. (2022b), MotionDi use Zhang et al. (2022), and MDM Tevet et al. (2022). These
models, trained on the HumanML3D dataset Guo et al. (2022a), support generating
22 joint SMPL body models Loper et al. (2015a), enabling consistent animation
methods for human ratings. We also include reference motions from HumanML3D as

a baseline for non-reference-based evaluation metrics.

Although our results provide comparative evaluations of these models, drawing
conclusions should be done cautiously, as detailed below. Our aim is not to establish

a state-of-the-art system.

3.1.1 Baseline Model Selection

In selecting the text-conditioned motion generation models to include in our
study, our primary focus was to obtain a diverse sampling of motions, as each model
may be prone to its own distributional di erences. However, we also imposed addi-

tional constraints on the models studied to ensure their relevance.

Although several older models exist that could potentially increase the di-
versity of our motion samples, we excluded them due to their subpar performance,
which renders the diversity less valuable for future models. Studying these less e ec-
tive models might be interesting, but their inclusion could compromise our ndings
by reducing the number of samples we could incorporate for better-performing models

and possibly leading to a false impression of which metric is most suitable for them.

The models included in our study were also required to be compatible with

and have pretrained weights available for motion generation using 22 joint SMPL
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body models. Some models that might have performed well enough to be considered
relevant for our study cannot use 22 joint SMPL body models and would, therefore,
be unsuitable for scoring against 22 joint reference motions or with 22 joint-based

motion encoders.

3.2 Motion Prompt Sample Collection

We sourced motion prompts from the HumanML3D test set. To ensure diverse
and representative prompts, we encoded them using the RoBERTa language model's
CLS outputs Liu et al. (2019), projected the embeddings onto a low-dimensional
space, and randomly sampled from the normal distribution, obtaining 400 unique

sample prompts. We discarded duplicates and very short motions.

These prompts generated a dataset of 2000 motions, with 400 motions for each
of the ve baseline models (including HumanML3D). For models generating xed-
length motions, we used a length of 120 motion frames. All models were generated

at the 20 Hz frequency used in HumanML3D.

3.3 Motion Visualization

Recent studies Guo et al. (2022a); Petrovich et al. (2022) utilized stick g-
ure renderings for evaluation, but this approach has limitations. Evaluating motion
Naturalness using stick gures can be challenging, as they may not be relatable to
human observers. Moreover, they often lacked realistic environments, such as walls,

oors, lighting, and textures.

To address these limitations, we created high-quality renders using Blender
Community (2018), focusing on environmental details and controlled camera move-

ments for smooth and natural motion perception. See Figure 3.1 for examples.

We collected human quality ratings using Amazon Mechanical Turk and a

custom Ul (Figures 3.2, 3.3, 3.4). To ensure quality, we implemented quali cation re-
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