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Abstract. With the release of large-scale motion datasets with textual
annotations, the task of establishing a robust latent space for language
and 3D human motion has recently witnessed a surge of interest. Meth-
ods have been proposed to convert human motion and texts into features
to achieve accurate correspondence between them. Despite these efforts
to align language and motion representations, we claim that the temporal
element is often overlooked, especially for compound actions, resulting
in chronological inaccuracies. To shed light on the temporal alignment in
motion-language latent spaces, we propose Chronologically Accurate Re-
trieval (CAR) to evaluate the chronological understanding of the models.
We decompose textual descriptions into events, and prepare negative text
samples by shuffling the order of events in compound action descriptions.
We then design a simple task for motion-language models to retrieve the
more likely text from the ground truth and its chronologically shuffied
version. CAR reveals many cases where current motion-language models
fail to distinguish the event chronology of human motion, despite their
impressive performance in terms of conventional evaluation metrics. To
achieve better temporal alignment between text and motion, we further
propose to use these texts with shuffled sequence of events as negative
samples during training to reinforce the motion-language models. We
conduct experiments on text-motion retrieval and text-to-motion gener-
ation using the reinforced motion-language models, which demonstrate
improved performance over conventional approaches, indicating the ne-
cessity to consider temporal elements in motion-language alignment.

Keywords: Human motion analysis - Motion-language model - Text-
motion retrieval - Text-motion generation - Motion chronology

1 Introduction

Modeling human motion has become an important task in computer vision, es-
pecially with the emergence of applications for animating gaming characters and
online avatars. To deal with the complex nature of human motion, natural lan-
guage is gaining popularity as a medium to describe skeletal human motion,
leading to 3D human skeletal motion datasets annotated with textual descrip-
tions. This has led to proposals of novel tasks that attempt to establish a joint
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Fig. 1: Overview of Chronologically Accurate Retrieval test. Given a motion sequence,
motion-language models trained on text-motion datasets are asked to retrieve the more
relevant text from the ground truth and its shuffled version. Original texts are decom-
posed into events by off-the-shelf Large Language Models, which are randomly shuffled.

latent space for motion and language, including motion-text retrieval [27][38/[43],
and motion generation from texts @@

Although various methods demonstrate impressive performance in
this field, we claim that the temporal element is not fully considered in most of
the motion-language models. Establishing temporal alignment between motion
and text becomes important when there are multiple events in a motion sequence,
especially in motion recognition and generation, where the order of events needs
to be accurate. However, there is currently no method that explicitly evaluates
whether temporal alignment between motion and text is achieved or not.

To reveal the performance of the current state-of-the-art motion-language
model in terms of understanding the chronology of events, we propose a simple
test, which we call Chronologically Accurate Retrieval (CAR). This test assesses
whether the motion-language model is capable of recognizing the order of events.
We decompose the original motion descriptions into events, which are then shuf-
fled to create chronologically inaccurate descriptions. We test the model to see
whether it can retrieve the chronologically accurate description. The overview
of CAR is shown in Fig. [l CAR reveals that the current model falls short
of understanding the temporal component of motion and descriptions. We also
combine the state-of-the-art model with various language models to observe the
tendencies among language models when used in motion-language models.

To address the issue of temporal alignment between motion and text, we fur-
ther propose a simple strategy to refine the motion-language model. We enhance
the current contrastive learning framework with the chronologically negative text
samples. We employ the description derived from shuffled events as an incorrect
description of the original motion, and append these shuffled descriptions as neg-
ative text samples. Using these negative samples, the motion-language model is
trained to differentiate chronologically accurate descriptions from the incorrect
ones, to achieve stronger temporal alignment between the two modalities.
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We evaluate the refined motion-language model through text-motion retrieval
and motion generation from texts. The results reveal that our proposal enhances
the performance of the motion-language model in both of these tasks.

The contributions of our research are as follows:

— We propose to evaluate the temporal alignment between motion and lan-
guage through Chronologically Accurate Retrieval (CAR), a novel test that
measures how accurate models can differentiate original motion descriptions
from chronologically incorrect ones given a motion.

— We reveal that current motion-language models fail to fully comprehend the
temporal component of motion and language through CAR, even when larger
language models are introduced to the motion-language model.

— We propose a simple solution to achieve better temporal correspondence be-
tween language and motion, where shuffled event descriptions are used as
negative text samples to train and refine a motion-language model through
contrastive learning. The resulting motion-language model achieves high per-
formance in both text-motion retrieval and motion generation from text.

2 Related Work

2.1 Motion-Language Models

With the recent progress in cross-modal representation and the success of recent
language models, language now plays a significant role in computer vision tasks.
A vast amount of image data annotated with textual descriptions is employed in
tasks such as image captioning [18L|19], segmentation |15], and recognition |30].
The development of diffusion models |7,32] has also led to an explosion of interest
in attempting to generate images from textual descriptions [32].

The success of the cross-modal analysis in the image domain has recently
garnered interest in establishing a cross-modal model connecting language and
3D human motion. Earlier research used 3D human motion datasets solely for
computer vision tasks, such as action recognition |35|, pose estimation |12], and
motion prediction |21]. However, there has also been some interest in trying to
annotate human motion with textual descriptions, as text is a convenient medium
to describe the complex and varying nature of human motion. KIT-ML [29] is one
of the first datasets to add textual description to 3D human motion data captured
using motion capture devices. It is a collection of human motions consisting
mainly of locomotion-related actions. Recently, HumanML3D [10| was released
with textual annotations added to a large collection of motion data consisting of
AMASS 23] and HumanAct12 [11] datasets. There are other small-scale motion
datasets focusing on specific tasks, such as hand-object manipulation [37]. There
are also attempts to enhance these datasets by capturing 3D human motion from
videos and annotating the descriptions [20].

With the release of these larger-scale, motion-language datasets, there are
various ongoing research efforts that attempt to capitalize on such datasets, as
well as the capability of recent large language models (LLMs) |3}140]. As skeletal
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human motion data focuses solely on human motion without any background
information, motion recognition [8}/36,/41] is one of the most popular research
topics. There are tasks that attempt to classify what the motion is representing,
which has recently evolved into retrieval tasks [27], where given a text or motion,
the task is to find the most appropriate counterpart. Similar to the image domain,
generating novel motion from semantic description [261394/46,47] has also become
a popular task. Beginning from action labels |25], the models have evolved to
generate appropriate motions corresponding to given textual descriptions.

All of these tasks require establishing a robust motion-language latent space,
where similar descriptions are located close to its corresponding motion repre-
sentations. Despite the recent advances, there has been relatively little interest in
exploring the temporal aspect of motions. Some methods [24L|42] attempt to lo-
calize the weakly assigned action labels to segments within the motion sequence
to discover what actions are taking place where. Other attempts [2834] have pro-
posed to generate compound motions by connecting different actions smoothly.
However, this does not lead to a common motion-language latent space, which is
capable of representing the temporal component between language and motion.
In this paper, we focus on the temporal alignment between text and motion,
and demonstrate how the current motion-language models either misinterpret
or overlook the temporal component of motion and language.

2.2 Alignment of Cross-Modality Latent Space

As previously stated, it is crucial for cross-modal models to establish accurate re-
lationships between different representations. Achieving alignment between lan-
guage and other modalities has become one of the major focal points of ongoing
research. For example, in the image domain, some research has attempted to
align text with images [5] so that accurate correspondence is achieved between
the given caption and the generated image. These models are used for various
downstream tasks such as segmentation, as the attention corresponding to the
text input in the generation process can be interpreted as the region of inter-
est [4]. Some studies also tried to discover misalignment between the modalities.
One work of research [44] identified flaws in the popular CLIP model [30], where
shuffling subject and object or other various elements in the texts did not lead
to a substantial decline in the performance of the model.

There are also attempts to align text with sequential data. For example, in
the field of video analysis, where certain events are localized within videos, some
methods [13[|16}/45] attempt to identify the proper chronological correspondence
between textual descriptions of events and videos. In the field of audio data
analysis, there are also attempts to use language models to provide accurate
descriptions to generate the corresponding sound sequences [2}/17]. In the field of
human motion, as there is a lack of data that has frame-wise annotations indi-
cating what actions are taking place at each moment, the temporal component
of motions is currently being overlooked. Inspired by the recent research in these
related fields, we uncover the deficiencies of the current motion-language models,
and propose a simple solution to alleviating the temporal alignment issue.
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3 Temporal Element in Motion-Language Latent Space

We first focus on analyzing the temporal element in motion-language latent
space established by the state-of-the-art motion-language model. We choose the
task of text-to-motion/motion-to-text retrieval to assess the alignment of the
two modalities. We employ TMR [27], which is a recently proposed text-motion
retrieval model that uses contrastive learning and a generative model to establish
the correspondence between features of texts and human motion sequences.

3.1 Text-Motion Retrieval

Given a text description 7', the goal of text-to-motion retrieval is to find a
3D skeletal motion sequence M that most closely resembles the provided text.
Motion-to-text retrieval conducts the opposite task, where the closest textual
description is retrieved when given a motion sequence.

TMR proposes to achieve this by following CLIP [30], training a model to
learn a function f(z7,2M) that provides the similarity between the outputs of
motion and textual encoders. Here, 27 is a language feature obtained from a
textual encoder, and z™ is the motion feature from a motion encoder. To train
this model, given N samples of text-motion feature pairs (21, 2)... (2L, 23,
the method calculates cosine similarities between all the combinations, S;; =
(2T, 2M), to establish a similarity matrix of features S € RV*¥. The similarity
matrix is used to optimize the contrastive loss:

1 exp Sii/T exp Sii/T
- S [ 1 1
£ 2N§:<0g EjexpSij/T+ o8 > expSji/T ) L)

where 7 is a temperature parameter. With the support of additional constraints,
the model learns to bring together motions and texts that correspond to each
other, while returning low similarity values to the wrong pairs.

i

3.2 Chronologically Accurate Retrieval

TMR demonstrates robust performance in text-motion retrieval tasks. However,
the analysis does not reveal whether the model is capable of understanding the
temporal relationships between language and motion. This is due to the scale of
the dataset, where the variety in the motion sequences does not necessarily con-
sider chronological variations. Although motion datasets are usually augmented
by mirroring the human body pose, motion augmentation by changing the order
of actions is a challenging task, likely resulting in undesirable noise.

To analyze the chronological understanding of motion-language models, we
focus on language and propose a simple task that tests whether the models
understand the temporal element of the motion-language relationship. For this
task, we propose to decompose the original textual descriptions provided for
the motions into events contained in the description. We conduct the event
decomposition using an off-the-shelf LLM, GPT3.5. The command prompt to
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'Please describe the events in the input sentence in the

Please do not use indicators or pronouns in sentences.
Please include simultaneous actions into one sentence.
Please limit the number of sentences to no more than the
number of verbs. The examples are as follows

Input: A person bends over, using the right leg to bear
weight while kicking back his left leg, and picks something
up with his right hand.

## Examples

Output:

1. A person bends over, using the right leg to bear weight
while kicking back his left leg.

2. The person picks something up with his right hand

Input: A person slowly walked forward

Output:
1. A person slowly walked forward

Input: Walking forward and then stopping

Output:
1. The person begins walking forward
2. The person stops walking.

Input: a person walks slowly while he waves his hands and
then jumps forward.

Output:
1. A person walks slowly while he waves his hands
2. The person jumps forward

order in which they occur without omitting any explanations.

Original caption

a person gets on his
hands and knees and
crawls to the left
then turns around and
crawls back to the
right and stands back
up on his feet.

a person crouching
forward then leaps
over something.

a person rotates both
wrists, wiggles their
right foot, wiggles
their left foot,
bends their knees,
then finally sticks

Decomposed Events

“A person gets on his
hands and knees."
"The person crawls to
the left.”

"The person turns
around.”

“The person crawls
back to the right."
"The person stands
back up on his feet."

“A person crouches
forward."
"The person leaps
over something."

"A person rotates
both wrists.”
"The person wiggles
their right foot."
“The person wiggles
their left foot."
"The person bends
their knees."

their arms out to the

side. Finally, the person

sticks their arms out

Input: {} to the side."

(2) (b)

Fig.2: (a) Command prompt used to decompose motion captions into events. We
provide the prompt as input to a Large Language Model, GPT3.5, and add the captions
in the dataset to decompose descriptions into events. (b) Examples of original motion
captions and decomposed events. Corresponding motions are shown on the left.

generate the decomposed events is shown in Fig. 2a] By presenting exemplar
decompositions in the prompt, the LLM is able to decompose textual descriptions
of motions into sequences of events, as presented in Fig.

We then form a pair of descriptions, consisting of the ground truth text and a
chronologically incorrect description. The incorrect text is obtained by shuffling
the events, if more than one, to generate a new description with a different
chronological order. We then provide the motion-language model with a motion
and calculate the similarity between the motion feature and the two descriptions,
and choose the one with the higher likelihood to be the likely description for the
motion. We call this task, Chronologically Accurate Retrieval (CAR) test.

3.3 Analysis

We conduct the Chronologically Accurate Retrieval test on the HumanML3D
dataset . The dataset consists of motions from AMASS and Human-
Actl2 motion datasets, and textual descriptions assigned to each of the
motion sequences. Following prior works, we also augment the dataset by mir-
roring the human body pose and assigning them with the adjusted descriptions.
The official dataset split consists of 23,384, 1,460, and 4,380 motion sequences
for training, validation, and test sets, respectively. As each motion contains 3.0
descriptions on average, we select one random description during training and
the first one for testing. For each description corresponding to each motion se-
quence, we apply the decomposition using LLM to obtain the event descriptions.
Out of 4,380 test set motions, multiple events are found in 2,677 sequences. In
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this section, we only use this test subset of multiple event sequences to conduct
CAR. For this test, we prepare the chronologically inaccurate sample for each
sequence in the test subset by shuffling the order of the events, and concatenat-
ing them as a single text input. Given the original texts {T},...Tk} and the
chronologically inaccurate samples {C1,...Ck}, CAR is calculated as

K
C’ARz%Zg(f(zf72y)’f(zfjvzy)) : @)

where 2¢ is the feature of the chronologically inaccurate text, and the function
g returns 1 if f(2I', 2M) is larger, and 0 otherwise.

As decomposed events could have different structural characteristics from
the original texts, which may lead to an undesirable domain gap, we prepare
two scenarios. The first, “orig — event”, is the case where original HumanML3D
captions are used as is for input. During the test, the model is tasked with dis-
tinguishing the original texts in the test set from the shuffled event descriptions
obtained from decomposing and shuffling the same text. The second, “event —
event”, uses decomposed event descriptions concatenated into one text in the
correct order to train the model. For testing, the model is asked to compare the
correctly concatenated events, and its shuffled version.

As language plays an important component in this test, we also enhance
TMR by employing different textual encoders to see whether textual embedding
has an effect on the resulting motion-language latent space. We compare Distil-
BERT |33], the default language model used in TMR, with CLIP [30], which is a
popular choice in motion analysis. Additionally, we introduce two variants of T5
language models [31], t5-base and t5-large, to observe whether the size of models
has an effect. The token embeddings from the language models are concatenated
with the learnable parameters to be used in the VAE-style encoder.

‘We mostly follow the settings of the original TMR. For motion representation,
we use the representation consisting of relative joint positions and accelerations
employed by Guo et al. [L1], as in the original TMR. We maintain the same
network structure as the original method, using two VAE-based encoders to
derive features for motion sequences and texts. A motion decoder is also used to
decode the original motion from both the features of the corresponding motion
and text. The weights balancing the losses to train TMR are also kept the same
as the original. We set the batch size to 32 in order to achieve better results for
all the patterns using different language models under the same environment,
and employ the AdamW optimizer |22 with the learning rate set at 0.0001. The
setting led to more accurate results for the original method as well. Further
details can be found in the supplementary material.

We show the performance in terms of CAR in Table[I} The first 4 rows of the
rightmost column of each scenario show CAR for TMR equipped with different
language models. Despite its success in the retrieval of the HumanML3D dataset,
the model struggles to differentiate the original text from decomposed and shuf-
fled event descriptions, as most models achieve success around 60% of the time,
only marginally above the chance level of 50%. CAR accuracy does not show



8 K. Fujiwara et al.

&
O‘P
&
Q{‘
C. C Text
T 21 Decompose & Shuffle 3 Encoder
a person walks a person walk half
the circle in the
person walks forward, squats then !
backwards in a Jets pushed back, clockise direction
straight line. then he does the same running from the next l l l
again. hatf.
T T T { C
Z- Z; Z: Z; Z:
T T, Ty 1 2 3 2 3

!

> Motion
— | Encoder zy!
z

Fig. 3: Overview of the proposed contrastive learning scheme with chronological nega-
tive samples. We use the texts derived from shuffling the event order and employ them
as negative text samples, corresponding to items indicated in pink.

much change in “event — event” scenario either. This indicates that the current
motion-language models fail to capture the intricate temporal relationship be-
tween language and motion. This issue of temporal alignment must be addressed
to further enhance the performance of future motion-language models.

4 Contrastive Learning with Shuffled Events

In this paper, we take the initiative and propose a simple solution to achiev-
ing better correspondence between textual descriptions and motions in terms
of chronology. Inspired by the recent research that attempts to establish better
correspondence between language and images in contrastive learning , we
propose to reinforce the model by incorporating chronologically incorrect de-
scriptions obtained by shuffling the decomposed events in the previous analysis.

4.1 Shuffled Events as Hard Negative Chronological Samples

Because the event-based shuffled descriptions are accurate in terms of the words
used but not in terms of chronological order, they serve as crucial resource for
motion-language models to recognize the inaccuracies in the chronology of events.
We, therefore, propose to utilize these shuffled event descriptions as the hard
negative samples corresponding to the original motion.

We consider a batch of N texts {T71,...Ty} and motions {M,... My}. Be-
fore encoding them into features and calculating the similarities between them,
we select texts that contain more than one event and decompose them into event
descriptions following the method described in Section [B] Here, we indicate the
number of text-motion pairs that contain multiple events as K. The decom-
posed K texts are then shuffled randomly to obtain chronologically incorrect
descriptions C;, which corresponds to the original text T;.
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Table 1: Comparison of CAR accuracy and motion-to-text retrieval results with both
the original and corrupted texts. We insert chronologically inaccurate texts as candi-
dates for retrieval. Ours indicate models trained with the hard negative samples.

Motion-to-text retrieval

Method Encoder Train with i i “orig — event” “event — event”
Negatives | R@1 1 R@57 R@101 MedR | | CAR |R@11 R@5t R@101 MedR || CAR
DistilBERT 7.89 19.82  28.40 33.75 | 64.81 | 6.93 17.08  26.23 36.00 | 65.04
TMR (7] CLIP 6.18 16.54 24.48 43.00 | 63.17 | 6.73 17.63  26.89 40.25 | 62.87
t5-base 6.71 17.63 28.15 35.00 | 66.42 | 6.14 15.58 24.02 36.00 | 63.91
t5-large 7.76  20.12  29.36 34.00 | 66.72 | 5.86 16.40 25.84 35.00 | 66.83
DistilBERT v 9.38 23.31 34.10 24.00 | 99.33 | 8.90 21.49 31.68 27.50 | 92.90
Ours CLIP v 8.19 20.69  30.36 29.50 | 98.88 | 8.01  20.28 29.65 34.00 | 91.37
t5-base v 8.565  23.08 33.10 25.00 |99.74| 7.6 20.14  30.13 30.00 | 91.78
t5-large v 9.65 2288 32.71 25.00 |99.74| 6.91 19.89 29.29 27.50 | 93.09

Once the shuffled texts {C1,...Ck} are obtained, we calculate the similarity
matrix in the same manner as TMR and other CLIP-based contrastive learning
approaches. However, instead of the similarity matrix being S € RY*Y  our mod-
ified similarity matrix is S € RV*(V+K) with additional columns corresponding
to the shuffled text features 2. We calculate the same row-wise and column-wise
cross entropy loss, but exclude the column-wise loss for columns corresponding
to the shuffled texts, as they do not have any corresponding motion. Therefore,
the loss Eq. becomes

L= £t27n + ‘C'mQt 5 (3)
where
N ~
1 exp S;i /T
L = —— log —_—, 4
t2m N Zl: Z;\r exp Sij/T ( )
N N
1 exp Sy /T
£m2t = X Z IOg ~ ) (5)
N p Z;AH'K) exp Sji/T

and 5'1 j is the 7, j-the element in the similarity matrix S. This allows the model
to use the shuffled events as negative samples, and train representations that dif-
ferentiate chronologically corrupted descriptions from the true ones. An overview
of the proposed scheme using shuffled texts as negative samples is shown in Fig. [3]

4.2 Text-Motion Retrieval

To evaluate the effectiveness of our approach, we conduct the text-motion re-
trieval task by including the chronologically inaccurate texts as hard negative
samples. We follow the same protocol as the previous experiment. We employ the
same variations of TMR and train them using the additional negative samples.

CAR Accuracy. Firstly, we show whether the proposed training scheme
achieves robustness in terms of chronological accuracy. The bottom half of the
rightmost column of each scenario in Table [I] shows the CAR accuracy of the
motion-language model trained by our proposed method. In both “orig — event”
and “event — event”, we employ the shuffled event descriptions as hard negative
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samples to train the model in the aforementioned manner. Remarkably, all the
models successfully learned to distinguish original texts from the chronologically
shuffled versions in both of the scenarios at accuracy above 90%. The results
demonstrate that our proposal to use chronologically shuffled events as negative
samples works favorably towards understanding texts in terms of chronology.

Motion-to-text retrieval including shuffied texts. We additionally con-
duct a more challenging task of motion-to-text retrieval using all the texts, in-
cluding the chronologically incorrect versions. Given a motion, the model re-
trieves the most similar text from all the descriptions including those generated
by shuffling the event orders. The same models from the prior experiments are
used in this comparison. We conduct the motion-to-text retrieval in both of the
aforementioned scenarios. Text candidates for retrieval in “orig — event” in-
cludes the original text and the shuffled decomposed events, whereas in “event
— event”, the candidates are the event descriptions concatenated in the correct
order, as well as the wrong order. Table [I] shows the results. The conventional
motion-language model is not capable of distinguishing texts that resemble sim-
ilar events with different chronological order in either of the scenarios. On the
contrary, our training scheme allows all the methods to achieve high retrieval
accuracy despite having more text candidates for retrieval, even when the texts
are identical except for the order, as in “event — event” setting. This further
demonstrates that the negative samples are effective at training the models to
be better aware of the chronology of events in human motion sequences.

Fine-tuning language models. Experiments up to this point in this paper
follow the settings and protocols proposed in TMR, where language embeddings
are preprocessed. As the proposed training scheme involves enhancing the de-
scriptive ability of the motion-language models, especially in terms of language,
we also test whether fine-tuning the language model used to establish the motion-
language latent space in our proposed scheme has any effect on the outcome.

Using the original model of TMR, we attach the aforementioned language
models and enable fine-tuning of the language models. We then train the model
by removing elements from the original model to observe the changes to the final
retrieval results. We follow the same evaluation protocol in TMR to evaluate the
performance of the models. Here, we rely on “All” criterion to assess the retrieval
performance, where the entire test set is used for the retrieval task without any
modification. We conduct the experiments in the “orig — event” setting. Results
for other metrics, “All with Threshold”, “Dissimilar Subset”, “Small batches”, and
results from “event — event”, are in the supplementary material.

Table [2| shows the results. Quite remarkably, by removing components from
the original method, the proposed training scheme is able to better distinguish
chronological differences in the description. Removing the VAE textual encoder
especially played an important role. As chronologically inaccurate descriptions
include expressions that are very similar in terms of vocabulary used, but dif-
fer significantly in terms of order, representing sentence features as a sample
from a distribution likely has a detrimental effect at recognizing and compre-
hending chronology. We can also observe a trend that larger language models
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Table 2: Comparison of retrieval results between the original TMR model and its
variations equipped with different language encoders, which are further fine-tuned with
our chronological negative samples. “Tune” indicates whether the language model is
fine-tuned, “VAE” whether VAE feature is used, and “Rec.” whether motion decoder is
used to reconstruct the original poses.

Text-to-motion retrieval Motion-to-text retrieval

Method  Encoder Tune VAE " Rec |61 4 Ra5+ R@10 1 MedR {|RG1+ R@5T R@10 1 MedR |
TMR [27] DistilBERT /  / | 582 2133 3276 2500 | 9.76 2413 33.23 23.50
7 /7 | 525 1006 3098 20.00 | 8.60 22.45 3180 28.00

- v v 536 20.32 31.04 28.00 | 9.19 23.11 31.64 28.00
DisiIBERT v | 611 2208 3278 24.00 [10.26 2354 3342 24.00

v 6.55 22.99 34.60 22.00 | 11.18 25.52 36.38  21.50

v /7 | 468 1672 2501 41.00 | 8.05 18.66 27.24 39.50

CLIP v v 3.99 1649 27.44 32.00 | 6.57 1959 28.44 31.50

v v | 458 1791 27.62 3500 | 807 1980 2844 33.50

Ours v 557 2000 30.06 28.00 | 8.69 22.06 31.14  27.50
7 /7 | 639 2281 3463 23.00 | 1056 26.21 36.09 22.50

5 base v v 413 1645 2648 32.00 | 6.98 18.68 27.67  29.50

v v/ | 698 2498 3675 19.00 | 10.90 27.35 38.02 19.50

v 550 21.62 33.42 22.00 | 9.88 24.77 3536  21.50

7 /7 | 657 2207 3302 2400 | 9.74 2562 3659 22.00

¢5-large v v 465 18.84 3175 24.00 | 8.69 23.72 33.85 23.50

v v/ | 8.03 26.73 38.98 17.00 [11.72 28.15 39.23 17.50

v 6.52 24.16 36.50 20.00 |10.56 25.91 36.86 19.50

tend to perform better when performing fine-tuning. The additional textual in-
formation plays an important role for large language models in incorporating
fine-grained details of chronological differences among event descriptions. These
result demonstrate that by allowing both modalities to form better alignment
with each other, the proposed training scheme allows the motion-language model
to establish a more robust motion-language latent space.

Qualitative Analysis. To further analyze the resulting motion-language
model, we visualize some results from the motion-to-text retrieval including the
chronologically inaccurate descriptions to demonstrate the performance of the
original TMR compared to the model trained using the negative samples. Fig. [
shows the query motions along with the retrieval results and the ground truth
captions. These concrete examples demonstrate that understanding the chronol-
ogy of events can also lead to better alignment between text and motion.

4.3 Motion Generation from Textual Descriptions

To further evaluate the effectiveness of our proposal, we utilize the fine-tuned
language model from our proposal in the task of motion generation from texts.

Quantitative Analysis. We first employ multiple human motion genera-
tion models to assess the descriptive capability of the language model fine-tuned
through our proposal. In this analysis, we compare 3 recent models; Motiondif-
fuse [47], T2M-GPT [46], and ReMoDiffuse [48] as the base generative models.
As all of these methods rely on CLIP text encoder to obtain textual features, we
compare 3 variations. The first variant is the original version of each method,
which uses the unaltered CLIP encoder. The second employs a CLIP encoder
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Query TMR Ours

1. “A person walks forward. The person turns around. The
person jumps over the object again. The person jumps over
an object. The person walks back. "

2. "The person jumps back over it. The person jumps over 2. "a man hops on his right leg five times, makes a small
something. The person turns around. A person runs forward.  jump, then steps forward into a strong push with both
" hands. he then returns to the starting position.”

3. “a person walks forward and jumps over an object, then 3. "a person hops forward with both legs and after a few hops
turns around to jump over it again and walk back." they hop on top of something then back down left after."

GT: a person hops forward with both legs and after a few hops
they hop on top of something then back down right after.

"The person stretches their arms out straight in front of

y them and parallel to the ground. The person returns their
arms to their sides. A person lowers their arms to their
\a sides. ” 2. "man stands holding both arms up at his sides at a right
‘\ 2. “figure moves hands the times in midsection of figure,” angle for 7 seconds then brings both hands down together
F 3. “A person's arms by sides are crossed in front of chest. to his left side and squeezed an object."
. The person lowers their arms by sides again. " 3. "a man brings his fingers together in front of his chest,

then sweeps them both in the air in front of him at chest
level from his right to his left."

GT: a person lowers their arms to their sides, then stretches
them out straight in front of them and parallel to the ground
before returning them to their sides.

“the person is painting a wall.” 1. "the person is painting a wall.”

"A person lowers the right hand, bending down slightly to

examine something. The person straightens. The person

raises something to his face with the left hand.”

"person bends over to grab something and acts like they 3. “a man is crouching then raises his right hand to his head
are fighting off other people from grabbing the thing." ‘the lowers it back down."

b

GT: a person raises their left arm and then bends to touch the
floor in front of them, they repeat this motion twice.

Fig. 4: Comparison of retrieval results with corrupted texts using TMR and the pro-
posed training scheme. Pink texts indicate the successfully retrieved ground truth text.

that is fine-tuned through TMR by enabling backpropagation to the text en-
coders. We note that the second variant does not use the negative textual sam-
ples to tune the text model. The last utilizes the CLIP text encoder that is
fine-tuned through our proposal, in other words, the encoder is fine-tuned by
also incorporating the negative chronological sample texts. Following the prior
works, we evaluate the models using Frechet Inception Distance (FID), Diver-
sity, multi-modality (MModality), Top 1-3 retrieval precision (R-Precision), and
Multi-modal Distance (MM-Dist). Detailed definitions of these metrics are in-
troduced in the supplementary material. We conduct generation 10 times for
each model, and the statistics of the results are shown in Table [3] As can be
seen from the results, fine-tuning language models has a positive effect on the
outcome of motion generation. Additionally, from the bottom rows of the table,
we can observe that our proposal of using negative chronological text samples
improves the metrics further in all of the generation models in this experiment.

We further analyze the effect of different language models fine-tuned through
our proposal on the generated motions. We select T2M-GPT as the base
generation model, as the method uses a single token from the text encoder as
the initial token for motion generation, which facilitates the customization. We
employ the feature corresponding to the initial textual token to be used for
the initial motion token of T2M-GPT. We compare the performance of different
language models fine-tuned through our proposal by using negative chronological
samples. As can be seen from the results in Table[d] all of the models demonstrate
remarkable improvement in performance over baseline methods, including one
that utilizes a fine-tuned language model without the negative samples.
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Table 3: Comparison of performance of motion generation models and their variants.
“Tune” indicates CLIP text encoders fine-tuned from text-motion retrieval tasks. “Neg”
indicates the usage of negative chronological samples in contrastive learning.

Models Tune  Neg —pr R'P;;‘?f;"“ i To53 FID | MM-Dist | Diversity? MModalityt
Real motion 0.511= 7% (0.703F 7% 0.797% 9% (.002F 77 2.974 %% 9 503F %0 -
Motiondiffuse 0.486F995 0.681F-79% (0.783F:093 0.651F-0% 3.079F 1T 9.466F 110 2.204F 08¢
T2M-GPT 0.489F-004 (,677%:003 (774003 (0 116005 3287+ 013 g 7714104 1 710*06L
ReMoDiffuse 0.489%09 (0, 676%001 (. 7745003 (0140074 3.287F 013 99474101 9 633+101
Motiondiffuse v 0.506= %% 0.697F 7% 0.797% "% 0.414T 7% 29812 9,606 "7 2.582% 7
T2M-GPT v/ 0.498%093 (0,691%:095 (785093 (0107098 30511019 9 679+-076 1 gg7+085
ReMoDiffuse v 0.525%:003 0,719%:002 0.814%:003 0,146%:099 2839012 9.301+09% 2 362%103
Motiondiffuse v v/ 05137797 0.7107°% 0.804= %% 0.367= " 3.115= 10 9.535% %0 2.640% 7"
T2M-GPT v/ v 0.528%004 . 717%:003 (.806%-092 ,070%096 2,918%F017 9 659+145  1.265%-145
ReMoDiffuse v/ v 0525005 0 719%006 g g13%F004 116010 9 8g1*F01L g 948F 121 9 449+125

Table 4: Comparison of performance of motion generation with different language
models using T2M-GPT as the base model. “Tune” indicates fine-tuning language mod-
els through backpropagating TMR, and “Neg” indicates using negative chronological
samples. Note that the original T2M-GPT relies on CLIP encoder for the initial token.

R-Precision 1 . L M .
Top-1 Top-2 Top3 FID | MM-Dist | Diversity? MModalityt

Real motion 0.511F99% 0.703F-093 (.797500Z (,002F 900 2,974F008 9 503% 065 -
CLIP 0.489i'004 0.677i'003 0.7741.003 0.116i'005 3.287i'013 9.7711.104 1.7101.001

Encoder Tune Neg

v 0.498%9%% 0.691+0%° 0.785%-09% 0.107+:%%% 3,051 9.679% 070 1,687+ 0%
DistilBERT v / 0.528= 797 0.71757%% 0.810 70 0.0747 77 2.915= 720 9.499T 7 1599577
CLIP v v 0.528%:004 ( 717%:003 ( gp6+-002 (,070% 00 2.918%017 9659145 1 265% 145
t5base v/ v/ 0.530%90% 0,719%:902 0,810%:003 0,087F099 28961010 9.716%240  1.536+156
t5large v v 0.5201:007 (. 718%:005 ( g12%:006 () 074008 9 90a+-029 g 681112 1,670%077

To evaluate the chronological accuracy of motion generation, we take advan-
tage of the autoregressive characteristics of T2M-GPT and compare the cumu-
lative likelihood of returning the ground truth motion tokens when using true
texts and shuffled ones as input of T2M-GPT. In this experiment, we used the
CLIP model for the text encoder, with ours fine-tuned by disabling the VAE
loss using the negative events. The original model returned a better likelihood
for the true text inputs in only 61.9% of test set motions compared to the shuf-
fled inputs. However, the figure was 89.9% for the model tuned by our method,
indicating the effectiveness of considering chronology also during generation.

Qualitative Analysis To qualitatively assess the generated motions, we
present some of the example motions generated by the models. Fig [f] shows the
generated results. We base the comparison on the same model T2M-GPT [46].
The top row shows the motions generated by the original T2M-GPT, and the
bottom row the motions generated using T2M-GPT with the fine-tuned text-
encoder trained with our proposal. When the prompt demands a sequence of
compound actions, the model fails to fully capture all the events, for example,
the person is not picking anything in the first case, and is not descending in the
fourth example. There are also cases where chronology is wrong, as in the second
example. On the other hand, the fine-tuned language model trained using our
proposal is able to capture each event in the prompt in many of the cases.
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A person walks forwards, picks A person walks in a circle and A person walks forwards and A person is ascending a A person jumps forwards and
Prompt something up, and then runs then sits down. then turns to the right, and goes staircase and then descending kicks something.
back. rwards again.

T2M-GPT

T2M-GPT+Ours

Fig. 5: Comparison of generated motions. Top: T2M-GPT. Bottom: T2M-GPT with
our fine-tuned t5-large encoder. Texts at the top represent the input prompts.

5 Limitations

Although we achieved better correspondence between motion and language with
our proposal in terms of chronology, we noticed that the existence of pronouns
and articles in texts may provide implicit hints regarding the chronology of the
events, as the original texts use definitive articles and avoid repetitive pronouns
if a certain subject appears more than once in the text.

To observe the effect of these elements, we compared the CAR metric under
different settings. The CAR metric for the best fine-tuned model t5-large in the
original experiment was at 94.62%. First, we unified the articles ‘a, an, the’ at the
start of sentences and events to ‘The’ in order to conceal the implicit information
regarding when the event is taking place. This led to the CAR of 94.51% for the
same fine-tuned model. There are also words that points to the person in the
sequence, such as ‘she’ and ‘he’. When additionally replacing them with ‘The
person’ in the test set, the CAR metric for the same model fell to 81.21%. We
discuss this issue in detail in the supplementary material.

Also, correspondence between individual words and motion is yet to be
achieved, as sentences are compressed to a single feature. Exploring methods
to localize the correspondence between texts and the frames of the motions is
one of future works. As the proposal mainly focused on manipulating textual
descriptions, we would also like to reinforce the current proposal by augmenting
motion sequences so that motion event orders can also be manipulated.

6 Conclusion

We focused on the temporal element of motion and language, and uncovered
that current approaches mostly overlook the factor of chronological alignment
between text and motion, through a novel metric assessing event chronology. We
proposed a simple solution to achieve better correspondence between language
and motion, demonstrating the importance of chronology through various exper-
iments. We hope to inspire other research to focus more on compound actions to
establish a better representation for human motion, a complex medium of data.
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