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Abstract

Directly Optimizing Evaluation Metrics to Improve Text to
Motion

Yili Wang, MS
The University of Texas at Austin, 2023

SUPERVISOR: Raymond Mooney

There is a long-existing discrepancy between training and testing process of
most generative models including both text-to-text models like machine translation
(MT), and multi-modal models like image captioning and text-to-motion generation.
These models are usually trained to optimize a speci ¢ objective like log-likelihood
(MLE) in the Seq2Seq models or the KL-divergence in the variational autoencoder
(VAE) models. However, they are tested using di erent evaluation metrics such as
the BLEU score and Fechet Inception Distance (FID). Our paper aims to address
such discrepancy in text-to-motion generation models by developing algorithms to
directly optimize the target metric during training time. We explore three major
techniques: reinforcement learning, contrastive learning methods, and di erentiable
metrics that are originally applied to natural language processing elds and adapt

them to the language-and-motion domain.
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Chapter 1: Introduction

Text-to-motion generation task recently draws more and more attention to-
gether with the rapid development of other multi-modal generative models like text-
to-image and text-to-video. The goal of text-to-motion is to take as input a textual
prompt that describes a motion and output realistic enough motions that re ect the
input description. Various deep learning methods have been applied to the text-
to-motion task ranging from RNN-based Seq2Seq model Plappert et al. (2018); Lin
et al. (2018), transformer Tevet et al. (2022a) to the latest di usion models Tevet
et al. (2022b); Zhang et al. (2022). However, fewer e orts focus on the evaluation of
the generated motions. Our project tries to approach the text-to-motion task from

the perspective of evaluation.

The evaluation has long been a challenge for the text-to-motion task. On the
one hand, most of the metrics including the average positional error (APE) and Fechet
Inception Distance (FID) Heusel et al. (2017) are inherited from other multi-modal
generative tasks like text-to-image. It is still guestionable whether they can e ectively
measure the quality of generated motions in terms of naturalness (whether the motion
looks real) and faithfulness (whether the motion corresponds to the text prompt). In
our recent work Voas et al. (2022), we analyze the e ectiveness of di erent evaluation
metrics for text-to-motion by measuring their correlation with human judgment in

these two dimensions collected on the Amazon Mechanical Turk (AMT).

Our project extends previous work further to re-consider the training process
based on the ndings in the evaluation aspect. One of the biggest problems with
many multi-modal generative models is that they often su er from the discrepancy
between training and testing. More speci cally, these models are trained on objectives
like log-likelihood probability (MLE) but tested on a di erent metric like FID. As a
result, the training performance is not directly related to the nal evaluation results.

Moreover, many metrics are not di erentiable with respect to the model parameters
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and we are unable to incorporate them directly into the training loss. Therefore, we
see a large gap in this eld and attempt to initiate e orts to address the discrepancy

problem in our project.

1.1 Research Statement

In our project, our ultimate goal is to directly optimize the evaluation metrics
during training to address the problem of discrepancy between training and testing
of text-to-motion generation models. We adopt existing ideas from the text-to-text
generation domain including contrastive learning Liu et al. (2022) and di erentiable
metric Wang et al. (2019) to our text-to-motion task to directly optimize the metrics
we examined in Voas et al. (2022) during training. The motivation for this project is
that if we can optimize the metric that best correlates with human judgment during

training, our model should achieve a better performance in terms of human evaluation

1.2 Contributions

Our main contributions are:

~ A review of di erent machine learning methods in the text generation domain

that aim to directly optimize evaluation metrics during the training process.

The development of algorithms including contrastive learning approach and
di erentiable metrics approach by adapting techniques in the text generation

domain to text-to-motion generation task.

Thorough experiments and analysis to show the e ectiveness of our proposed
algorithms to improve text-to-motion generation performance by directly opti-

mizing evaluation metrics during training.
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Chapter 2: Related Work

In this section, we provide a background literature review of the three research
areas that are the most related to our project: Text-to-motion Generation, Training

methods and Evaluation metrics.

2.1 Text-to-Motion Generation

Text-to-motion as a speci ¢ multi-modal generation task develops rapidly with
the progress in deep generative models. At the early stage, most models follow the
sequence-to-sequence manner. Plappert et al. (2018) and Lin et al. (2018) applied
RNN-based text encoder and motion decoder to generate pose distribution and raw
joint values respectively. To mitigate the large gap between the modality of language
and motion, JL2P Ahuja and Morency (2019) added an additional RNN-based motion
encoder to train an autoencoder for motion modality and then map text features to
learn a joint embedding space. Ghosh et al. (2021) extended the work in JL2P by
applying hierarchically learn representations for di erent body parts and involving
an additional motion discriminator for training which enable the GAN-like training

process.

The downside of the Seq2Seq models is that they deterministically generate
motions conditioned on input texts which means that texts and motions have a one-
to-one correspondence that is unable to capture the diversity of motions in reality.
More recent works moved to stochastic generative models like variational autoencoder
(VAE) Petrovich et al. (2022); Guo et al. (2022a) which instead of directly generating
the motion sequence, tried to model the latent distribution of motion and sample
generation from it. Other attempts applied tokenized modeling Guo et al. (2022b)
that used CNN to create a codebook of motion tokens and applied Seq2Seq model to
generate the motion token sequence. Although this process is determinate, it involves
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diversity in the decoding process from motion tokens to the nal motion sequence.

Furthermore, Di usion models recently gain much attention because of their
great success in the language-and-vision domain. This group of models learns to
predict the noise at each time step of di using an image to the Gaussian noise so that
the actual generation process is modeled as the denoising process which corresponds
to the reversed di usion. There are also some latest models that apply the di usion
method to the text-to-motion generation task, such as Tevet et al. (2022b); Zhang
et al. (2022) which have achieved state-of-the-art performance.

2.2 Training Methods

Most Seq2Seq models in both text-to-text and multi-modal domains are trained
with respect to the maximum likelihood estimation (MLE) which aims to optimize
the conditional probability of the target word (motion) sequence. However, at testing
time, the generated sequences are evaluated using completely di erent metrics such

as BLEU score (text generation) Papineni et al. (2002) or FID Heusel et al. (2017).

There are more existing works to address the discrepancy in text-to-text gener-
ation tasks like machine translation and text summarization. Reinforcement learning
(RL) methods are the most straightforward ones. Ranzato et al. (2016) was the ear-
liest to model text generation tasks as an RL problem by treating the Seq2Seq model
as the policy and BLEU scores as rewards. At each time step, the policy model out-
puts a word in the vocabulary as taking an action based on the current state which
may involve the input condition, word sequence generated so far and current time
step. There are also related works in the multi-modal domain like image captioning
Qi and Peng (2018); Liu et al. (2017). However, there are two signi cant limitations
of RL methods. As is pointed out in Wu et al. (2018); Choshen et al. (2020), the
training process of RL methods is time-consuming and not data e cient, and the lack
of enough training trials often leads to large variances of results. Secondly, these RL
methods rely on the discrete nature of text generation task and none of them can be
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directly extended to generation in continuous domains such as image and motion.

Other works focus on aligning training loss with the target metrics in a metric-
agnostic manner which means that the evaluation metrics can be included in the train-
ing objectives even if they are not necessarily di erentiable. Minimum risk training
(MRT) Shen et al. (2016) computes the expected loss over a number of candidates
using online sampling methods to allow arbitrary non-di erentiable loss functions. In
recent work, BRIO Liu et al. (2022) adopts contrastive learning and ranking-based
loss over a non-deterministic distribution of candidates so that the model can gen-
erate higher-scoring texts with higher probability. This contrastive learning method

achieves good performance on the text summarization task.

Finally, there are a limited number of works on the di erentiable version of
evaluation metrics like DEBLEU Wang et al. (2019) but their e ectiveness needs
further investigation because the paper did not explicitly show the correlation be-
tween DEBLEU and BLEU and the experiments did not prove whether training with
DEBLEU can directly improve BLEU score.

2.3 Evaluation Metrics for Text-to-motion Generation
2.3.1 Coordinate Error (CE) Metrics

The key idea of CE metrics is to take the sequence of 3D coordinates from
generated motions and the ground truths and compute the distance as the evalua-
tion of generation quality. Ghosh et al. (2021) proposed two categories of average
positional error (APE) which are de ned as the averaged Euclidean distance between
candidates and references, and the average variance error (AVE) is de ned as the

mean Euclidean distance between the motion variance along the temporal dimension.

Voas et al. (2022) further extended the CE metrics to introduce more vari-
ants that take into consideration the di erence between the root joint (Root), body
joints (Joint) and all together (Pose) denoted by pose joints. In addition, coordi-

nates beyond position were also explored including velocity (VEL) and acceleration
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(ACCE) by computing the rst and second-order derivatives of 3D joint coordinates.

By permuting all categories of variants, there are a total of 18 CE metrics.

2.3.2 Fechet Inception Distance

Fechet Inception Distance (FID) is rst proposed in Heusel et al. (2017) and
is widely applied to the evaluation of image generations and is adopted by Guo et al.
(2020) to the motion domain. FID measures the distance between the distributions of
candidates and ground truth motion features extracted by the pre-trained Inception
network Szegedy et al. (2016). For two feature distribution®,;D,, the FID is
computed as:

. . p
FID =jj 1 Sji?+tr( 1+ 2 2 1 2) (2.1)

Where ,; , are the mean feature vectors and ;; , are the covariance matrices
of the two distributions. tr is the matrix trace operation. Because FID measures
the distance between motion features at the distribution level, it can only serve as a

model-level naturalness metric.

2.3.3 Representation-based Metrics

Representation-based metrics rely on pre-trained encoders for the textual de-
scription and motion to map sequential data to vector representations in the embed-
ding space.

Guo et al. (2022a) proposed two representation-based metrics: R-precision and
MultiModal distance as complementary metrics to evaluate faithfulness. R-precision
is de ned by the average accuracy at top-1 to top-3 places where the ground truth tex-
tual description is correctly retrieved from 31 randomly selected texts using Euclidean
distance between the generated motion features and text features. MultiModal dis-
tance is computed as the average Euclidean distance between features of the generated

motion and the corresponding textual description.

15



Voas et al. (2022) proposed a novel representation-based metric called Nearest
Neighbor Captioning (NNC) method. Firstly, the generated motion is mapped to
the feature space using the motion encoder. Then, all the motions in the selected
reference set are also mapped to the same embedding space. The nearest neighbors
with the smallest distance from the generated motion are retrieved as candidates.
Finally, the quality of the motion generation is measured by comparing the original

texts with the corresponding texts of the neighbor motions.

2.4 Background Work

As our project can be regarded as the following work of Voas et al. (2022). In
this section, we will review some important ndings from the previous work which

our project is mostly based on.

This paper collected generated motion candidates using four existing models:
T2M Guo et al. (2022a), TM2T Guo et al. (2022b), MDM Tevet et al. (2022b) and
MotionDi use Zhang et al. (2022) and conduct human study to score faithfulness
and naturalness of the candidate motions together with the ground truths from Hu-
manML3D dataset Guo et al. (2022a). Surprisingly, even though di usion models
start to dominate text-to-image and text-to-video areas, human evaluation reveals
that di usion models lack faithfulness and the encoder-decoder-based models can
achieve better faithfulness while still presenting natural enough motions. Among
these models, T2M model Guo et al. (2022a) receives the highest faithfulness scores
and the second highest naturalness score which is only slightly less than MDM Tevet
et al. (2022b).

Besides model evaluation, this paper also provides a thorough analysis of ex-
isting automated evaluation metrics for text-to-motion generation task ranging from
Coordinate Error (CE) metrics which simply compute the distance between the 3D
coordinates including joint positions, velocities and accelerations of generated motions

and ground truths, representation-based metrics such as FID Heusel et al. (2017) and
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others that proposed in Guo et al. (2020) including multi-modal distance, R-precision
and multi-modality. Although most of the current works prefer representation-based
metrics over CE metrics possibly because they capture more sequence-level seman-
tics, by computing the correlation with human judgment both at model level and
sample level, the paper shows that the CE metrics can still outperform metrics like
FID and R-precision. According to the paper, among di erent variants of CE metrics,

the pose position error (Pose POS APE) has the highest Pearson's correlation with

human scores at the sample level while the velocity position error (Pose VEL APE).

Finally, the paper proposes a novel automated text-to-motion evaluation met-
ric called Nearest Neighbor Captioning (NNC) Method. Given the generated motion
and the textual description, the NNC method relies on the pre-trained encoder to rst
map the motion to the embedding space and retrieves the nearest neighbor motion
representations with the smallest Euclidean distance and also their corresponding
from a reference dataset. The measurement of the generated motion quality can be
transferred to the evaluation of their corresponding textual descriptions. There are
several existing and mature tools in the text domain including BLEU score Papineni
et al. (2002), BERTScore Zhang et al. (2019) and BLEURT Sellam et al. (2020).
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Chapter 3: Text-to-Motion Generation

In this section, we will introduce and provide the general de nitions for the
important concepts and terminologies that we use throughout out the remaining sec-
tions. To keep consistency between di erent algorithms and simplicity of discussion,
we also use the same set of mathematical symbols as de ned in this section.

3.1 Problem Formulation

We give some general notations for the text-to-motion generation task. Given
the textual description of totally L wordsX = fxq;:::; X, g as input, wherex; is a word
in the vocabulary, we want to train a text-to-motion generation model to generate 3D
motion sequenceP = fpy;:::; prg of total length T wherep, 2 R’ 2 is the 3D pose
with totally J joints at time t.

3.2 Dataset

We use the HumanML3D dataset Guo et al. (2022a) which provides ;616
motions and 44970 textual descriptions. Each motion has at least three descriptions.
To augment the data and improve motion diversity in the dataset, each motion has
its mirrored version by ipping the keyword such as 'left' to 'right'. For the skeleton
structure, the total number of joints is 22 and the pose is represented by the 3D
coordinatesp 2 R’ 3. Besides the skeleton representation, the HumanML3D dataset
also de nes a vector (;r*;r?;r¥;j";jv;j"; c") of 263 dimensions to represent the pose
at each timestep. The components include root angular velocity along Y-axi8 2 R,
root linear velocity on the XZ-planer*;r* 2 R, root height r¥ 2 R, and local joints
positions P 2 R¥, velocities } 2 R¥, rotations in the root space | 2 R® where
] = J 1 =21 s the total number of body joints, and the nal binary features

indicating foot ground contacts ¢ 2 R*. The two representations are equivalent and
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