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1 DMotion Data

As stated in the main manuscript, we mostly follow the setting in the original
paper of TMR [9]. For pose representation, we converted each frame of J joints
the in the motion sequence M into a 263 dimensional vector consisting of (rv%,
% Y% oy, 38,30, 37, f), where rV) r*, r¥% and 1y, are the angular velocity
around y axis, velocity in x direction, velocity in z direction and height of the root
on the XZ-plane, respectively. j» € R3/=1D j” € R3/ indicate the positions and
velocities of the J joints. j© € R(/~1) denotes the six-dimensional representation
of rotation for each joint. f € R* are the contact state of the feet.

For chronological event shuffling, we select sequences that contain multiple
events. In HumanML3D dataset, multiple events are detected in 13,044 out of
23,384 sequences, 811 out of 1,460 sequences, 2,677 out of 4,380 sequences in the
training, validation, and test sets, respectively.

2 Text-Motion Retrieval

2.1 TMR with Different Language Models

As the original method of TMR is equipped with DistilBERT language model to
encode texts, we first observe how TMR behaves when combined with different
language models. We trained each variation of TMR in a similar manner as the
original model only using the original texts. Table [I| shows the results. As can be

Table 1: Retrieval results of TMR with different language models.

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

R@1 1 R@3 1 R@Q5 1t MedR ||R@1 T R@Q3 1 R@51 MedR |

DistilIBERT| 5.82 14.85 21.33 25.00 | 9.76 18.13 24.13 23.50
CLIP 4.22 10.58 15.92 39.00 | 6.52 13.37 17.91 37.50
t5-base 5.75 14.83 20.99 28.00 | 8.67 16.61 22.83 26.50
th-large 5.25 13.71 19.48 29.50 | 9.06 16.67 21.10 28.00

Models
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Table 2: Comparison of retrieval results from training TMR with DistilBERT as
language model using negative chronological samples under different batch size.

“orig — event”
. Text-to-motion retrieval | Motion-to-text retrieval
Batch Size | pa14 R@s5+ MedR | |R@1+ R@57T MedR | | OAF
16 6.27 22.29 24.00 10.10 24.43 23.50 99.70
32 5.75 20.69 25.00 10.45 24.29  25.50 |99.59
64 5.73 22.01 25.00 9.15 22,99 24.00 |99.07
128 6.04 21.67 25.00 9.49 24.68 23.50 |98.73
256 6.07  22.60 25.00 9.88 2491 24.00 |98.36

seen, without training with the hard negative samples, all the variants perform
similarly, showing no preference towards larger models. It is interesting to note
that the CLIP encoder, which is a popular choice in motion analysis, performs
the worst among all the models.

2.2 Training with Negative Descriptions: Configuration

We describe how our models are fine-tuned using the shuffled events as hard
negative samples. As stated in the main manuscript, the model used in this
paper follows that of TMR [9] for fairness of comparison. The model consists
of two Transformer encoders, each corresponding to text and motion. Following
ACTOR [g], each Transformer is equipped with additional learnable parameters
corresponding to p and o that determine the Gaussian distribution from which
the latent vectors are sampled. The dimension d of the latent vectors is set at
256. The motion decoder is the same as in ACTOR.

For the experiment in Fig 3 and Table 1 in the main manuscript, we followed
the original method of TMR by using all the token embeddings from the textual
descriptions. That is, we preprocess the text by feeding the texts into the lan-
guage models, DistilIBERT [12]|, CLIP [10], t5-base, and t5-large [11]. We then
attach the two learnable parameters to the preprocessed token embeddings from
each model and conduct the training.

For training, the same loss from TMR [9] is used. In other words, the loss is
LTMR = ARLR+H ALk +AELE+Ac Lo, where Lg, Lk, LE, and Lo are re-
construction loss, KL divergence loss, embedding similarity loss, and contrastive
loss, respectively. TMR employs InfoNCE |7] in eq.(1) for the contrastive loss
L, whereas our training with chronologically negative samples uses eq.(3) for
L. The balancing weights Ag, Axr, Ag, Ac are set to 1, 1072, 1075, and 0.1,
respectively in the experiments.

We use the AdamW optimizer [6] with a learning rate of 10~%, as in TMR. We
set the batch size at 32, and are trained for 200 epochs for optimal performance.
We show the effect of batch size for the “orig — event” scenario in Table
As can be seen, despite some fluctuations, there is little difference among the
results. For a fair comparison between language models, we set the maximum
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Table 3: Comparison of CAR and Motion-to-text retrieval with corrupted texts with
different conventional models. The language model is fixed in this setting.

Motion-to-text retrieval with corrupted text
Models CAR | p@14 R@2+ R@3+ R@5F RG101 MedR |
Guo et al. [13] 29.32 | 0.41 0.62 0.75 1.25 2.24 559.25
TEMOS [30] 62.16 | 3.31 4.24 6.52 8.80 13.98 167.00
TMR [31] 62.23 | 7.07 9.65 1296 18.09 26.60 37.50
Ours 99.07 | 9.03 11.45 17.11 22.76 33.14 24.50

number of tokens to 77, which is the limit of the CLIP language encoder. Other
hyperparameters are set to be exactly the same as in TMR. The models are
implemented in PyTorch, and are trained using a single Tesla A100 GPU.

2.3 Comparison to Prior Methods

Although TMR is the most advanced method available, we enlist the CAR metric
and the corrupted motion-to-text retrieval results in “orig — event” setting, from
methods with publicly available pretrained models, in Table [3] For fairness, we
list the results from DistilBERT for “Ours”. We note that the language model is
kept fixed in this experiment.

2.4 Fine-tuning Language Models

When fine-tuning the language models to conduct experiments shown in Table
2 in the main manuscript, some modifications to TMR are required to enable
the training.

Disabling VAE functionality requires text token embeddings to be com-
pressed into a single vector. To conduct this, we simply use the first token
embedding for outputs from DistilBERT, t5-base, and t5-large. For CLIP, we
extract the feature corresponding to the EoT token embedding. Instead of us-
ing these feature vectors as input to the original Transformer-based encoder of
ACTOR, we instead use this as input to a simple projection head, consisting
of 2 linear layers with GELU |[4] activation and layer normalization |2]. Motion
encoder is kept the same but used without the VAE functionality. The weights
for losses Ag, Ag, Ac are kept the same. However, as the method no longer solves
for the distributions, we omit the KL loss.

Disabling reconstruction loss removes the necessity of the motion decoder.
We therefore remove the component. As the weight for the reconstruction loss Ag
is dominant in the other settings, we instead raise the weight of the contrastive
loss A¢ to 1.0. If VAE is also disabled, we also remove the KL loss, as it is
unnecessary. We set the learning rate 10~° for optimizing the language models
to enable refinement of text embeddings, and maintain 10~ to optimize the rest
of the model. To enable conducting experiments in the same setting we use a
batch size of 32, as t5 models require larger memory space. To also observe the
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capabilities of each language model, the maximum number of tokens is raised to
128 to enable better expression for DistilBERT, t5-base, and t5-large.

We note that to avoid providing additional hints regarding the chronology
of events, we unified the articles “a, the” to “The” in the event descriptions, as
these tend to appear at the start of a description.

2.5 Evaluation

We use the same evaluation metric as TMR [9]: Recall at various ranks (RQI,
R@2, ...) and median rank (MedR). Recall at rank k indicates the percentage
of cases where correct answers are returned within the top k results. We select
the weights from the epoch that provided the best R@1 motion-to-text retrieval
accuracy on the validation set. We follow the same evaluation protocols in TMR
to evaluate the performance of the models:

(a) All: The entire test set is used for the retrieval task without any mod-
ification. Slight changes in the text affect this metric (e.g., person/human,
walk /walking). We rely on this metric in most of the tests.

— (b) All w/ Threshold: The entire test set is used for this retrieval task as
well, except, if the text is similar to the query text above a threshold, the
retrieval results are accepted as correct. The threshold is set to 0.95 in order
to remove very similar expressions.

— (c) Dissimilar subset: From the entire test set, we select 100 motion-text
pairs that are far apart from each other, determined by using an approxi-
mation of the quadratic knapsack problem [1].

— (d) Small batches: Proposed by Guo et al., [3], this scenario selects random

batches of 32 motion-text pairs, and reports the average performance of the

batches.

2.6 Full Results: Proposed Fine-tuning

Motion-to-Text Retrieval Including Corrupted Texts As the main paper
only contained results from cases where language models were kept fixed in Table
1, we tested the fine-tuned language models trained through our proposal in
the task of motion-to-text retrieval including the corrupted texts as retrieval
candidates. We also conduct the CAR test using our fine-tuned models. Tables ]
and [5] show the results in the “orig — event” and “event — event” scenarios,
respectively. For the last four rows in each table indicating models fine-tuned
through our method, we select the variation that disables the VAE loss, which
performs best for most models. We also enlist the numbers from TMR [9] trained
with the same data (excluding the negative samples) for reference.

As can be seen from the tables, fine-tuning the language models achieves
higher performance than the non-tuned results from Table 1 in the main manuscript.
The negative samples reinforce the models to differentiate accurate descriptions
from the corrupted ones, even in the difficult setting of “event — event”, where
all the descriptions consist of concatenated events. A similar tendency can be
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Table 4: Motion-to-text retrieval results with both the original and corrupted texts,
and CAR accuracy in “orig — event” scenario. Here, the model is asked to to distinguish
the original text from the corrupted text obtained by shuffling events.

Motion-to-text retrieval w/ corrupted events
R@l1+ R@271 R@31 R@571T R@IOT MedR |

TMR [9] 7.76  10.01 14.51 20.14  28.54 33.50 | 65.45
DistilBERT | 10.26 12.77 18.43 23.54  33.42 24.00 |99.59
CLIP 8.07 9.97 1430 19.80 28.44 33.50 | 99.07
t5-base 10.90 13.82 19.v3 27.35  38.02 19.50 | 98.73
thb-large 11.70 15.19 21.65 28.15 39.23 17.50 | 98.36

Model CAR?T

Table 5: Motion-to-text retrieval results with both the original and corrupted texts,
and CAR accuracy in “event — event” scenario. Here, the model is asked to to distin-
guish the event descriptions concatenated in the original order from the corrupted text
obtained by shuffling events.

Motion-to-text retrieval w/ corrupted events
R@11 R@21 R@31 R@571T RQ101T MedR |

TMR [9] 6.61 8.92 1273 1788  26.53 35.00 | 64.29
DistilBERT | 8.05 10.56 15.65 20.89  31.98 27.00 | 93.69
CLIP 6.98 858 12.84 18.04  26.30 44.25 | 92.53
t5-base 10.13  12.82 1843 24.73  35.63 20.50 | 93.50
th-large 10.70 13.57 19.32 26.07 36.88 20.50 | 94.51

Model CAR?

seen in the CAR accuracy as well, slightly improving from the non-tuned re-
sults shown in Fig 3 in the main manuscript. As differentiating similar text with
different chronological order requires richer textual representation, the larger
language models perform better overall, with the best retrieval results attained
with the tuned t5-large model.

Conventional Text-Motion Retrieval We then demonstrate the perfor-
mance of the models fine-tuned by our proposal in the conventional retrieval
task, where shuffled event descriptions do not exist in the test data.

In the main manuscript, we only listed the results from “(a) All” for the “orig
— event” scenario due to the limitation of space. Table [9] shows the complete
results of the fine-tuning experiment with different language models for the “orig
— event” scenario, and Table [10] the results of the “event — event” scenario.
As with the prior experiments, we unified the articles “a, the” to “The” in the
event descriptions. This means that models in “orig — event” are tested with
these rectified events, and “event — event” models are trained and tested with
these events. As can be seen from the results, most of the cases perform better
as the components are removed when fine-tuning the language models. Simi-
lar to the previous results, larger models such as t5-base and tb-large tend to
perform better overall in comparison to other models. Although there are some
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Table 6: Retrieval results from “event — event” limited to sequences with multiple
events. between the original TMR model and its variations equipped with different
language models, which are fine-tuned with chronological negative samples. All the
models are trained including single-event sequences.

Text-to-motion retrieval Motion-to-text retrieval
R@1 1 R@2 1 R@3 1 R@5 1 R@10 1 MedR | |R@1 T R@2 1+ R@3 1 R@5T RQ10 1 MedR |
TMR |9] 8.33 16.77 22.86 30.74 42.32 15.00 |13.90 17.93 24.54 31.57 43.29 14.50
DistilBERT| 9.15 16.40 21.63 29.29 42.73 15.00 | 12.10 15.88 22.34 29.25 41.05 15.50

CLIP 6.43 11.92 15.50 21.59 32.01 27.00 | 9.64 11.88 16.88 22.08 30.59  38.50
t5-base 10.16 18.98 24.62 32.98 47.14 12.00 |14.23 18.27 26.04 33.10 45.05 13.50
t5-large 9.94 19.20 25.14 34.14 48.60 11.00 |15.69 19.50 27.12 35.34 47.67 12.00

Table 7: Motion-to-text retrieval results with both the original and corrupted texts in
“event — event” scenario limited to sequences with multiple events. Here, the model is
asked to to distinguish the event descriptions concatenated in the original order from
the corrupted text obtained by shuffling events.

Model Motion-to-text retrieval w/ corrupted events
R@1 1+ R@21 R@31 R@51 R@I0OT MedR |
TMR [9] 8.44 11.62 16.59 22.23 32.95 26.00
DistilBERT | 10.65 14.42 20.32 27.19  38.40 20.50
CLIP 8.93 1098 15.69 20.84 28.88 42.50
t5-base 13.11 16.77 23.98 31.12  43.00 15.00
t5-large 14.49 18.38 25.18 33.10 44.94 14.00

fluctuations, these two models perform best when the VAE loss is removed and
the reconstruction loss is kept in the model. Despite performing slightly worse
in most cases, as it is a more difficult scenario, the same trend can be observed
from the results of “event — event” scenario.

Test Results Limited to Multiple Events We further investigate the effec-
tiveness of our proposal by focusing on the retrieval results of the 2677 sequences
with multiple events in the test set. Table [f]shows the retrieval results from TMR
and the models fine-tuned with our strategy for “(a) All” evaluation protocol,
and Table [[l demonstrates the results from the task of motion-to-text retrieval
including the corrupted texts as retrieval candidates. The bottom 4 rows from
our strategy are the variant that does not use the VAE loss for fine-tuning the
language model. Similar to other experiments, the proposed method improves
the larger language models in terms of retrieval accuracy. The margin of improve-
ment of the proposal becomes larger when the task is more demanding in terms
of chronological understanding, as can be seen in the results from Table[7] where
chronological information is required to distinguish correct texts from corrupted
ones.
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Table 8: Comparison of baseline classifier accuracy and CAR of fine-tuned language
models under different variations in “event — event” scenario. Baseline is trained to
distinguish event descriptions concatenated in the original order from the shuffled ones,
only from features of the corresponding encoded event descriptions.

Encoder Method | No Edit Article Pronoun

Baseline | 87.22 76.91 72.77
Ours 93.54 93.69 85.51

Baseline | 83.08 72.10 70.94

DistilBERT

CLIP Ours 92.15 92.53 82.11
t5-base Baseline | 85.84 73.70 67.46
Ours 93.50 93.50 84.58
Baseline | 85.58 72.10 69.51

th5-large

Ours 94.62 94.51 81.21

2.7 Effect of Articles and Pronouns

In the main manuscript, we noted that the pronouns and articles may provide
additional hints with regards to the chronology of events. To observe whether
these elements are sufficient to determine if the order of events is correct or not,
we design a simple test by training a binary classifier that learns to separate
event descriptions concatenated in the original order and the shuffled descrip-
tions. In other words, we examine whether the chronology can be determined
solely from texts. We design the classifier to first encode the features from the
language models in the same manner as TMR [9] without the VAE loss to achieve
maximal descriptiveness. We then place a layer that receives the embedded text
features and outputs the likelihood of two classes, whether they are accurate or
corrupt. We train this baseline classifier under the same aforementioned proto-
col in Section [2.2] using the events concatenated in the correct order, and the
shuffled ones as corrupt versions of the training set.

We prepare 3 cases to determine the effect of such articles and pronouns. “No
Edit”: This is the case where the decomposed events are used as they are. In other
words, events concatenated in the correct order are used as the positive samples,
and those shuffled as negatives. No other editing is applied to the texts. “Article”:
This indicates cases where indefinite articles are converted to definite one, as
indefinite articles tend to appear at the initial event. After replacing “A” with
“The”, the events are treated the same as in the previous case. “Pronoun”: This
is the case where variations of pronouns addressing a person, such as “a figure,
a person” is unified to “The person”. The rectified events are then processed in
the same manner as the prior cases. All models are trained with data processed
under the same protocol, and tested with the similarly processed data. During
testing, baseline models are randomly provided with texts of either events in the
original order or shuffled events, and are asked to classify whether it is shuffled.

Table [§] shows the results from the analysis. The results from “Baseline-No
Edit” demonstrate that there do definitely exist some leakage of chronological
information solely from textual descriptions, as the baseline classifier is able to
distinguish correct descriptions in approximately 85% of the cases, regardless of
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the language model. However, our method is able to outperform the baseline in
all the cases, demonstrating the ability of the proposal to extract chronological
information from not only textual information, but from motion as well.

Our strategy to stop the leakage by replacing indefinite articles with definite
ones has a remarkable impact on the baseline classifier, as the accuracy drops
by more than 10%, despite being trained with the same rectification. However,
models trained through our strategy tend to perform similarly to the unedited
version, displaying the power of training with negative samples.

The most difficult case was observed when replacing pronouns indicating the
actor in the sequence as “The person”. The baseline model deteriorated further,
while the model refined by our method also regressed. However, the proposed
method still outperforms the baseline with all the language models.

We note that all these cases, including the baseline, still outperform the CAR
results from TMR [9] in Fig. 3 in the main manuscript. This demonstrates that
the prior methods are not able to take full advantage of the hints existing in the
texts, indicating the necessity to delve further into the language-based aspects
of motion-language models.

There are also possibilities of other leakages of chronological information.
For example, objects that a person in the sequence is interacting with, can be
mentioned with a pronoun such as “it” as well. These could be functioning as
additional information. However, as covering all such criteria requires additional
analysis from the linguistics perspective, as a recent research [5] has done in the
image domain, we leave this as future work.

2.8 Additional Qualitative Results

We further introduce visualizations of examples from the experimental results.
Fig.[I] presents examples from TMR and results from our hard negative training.
As in the main manuscript, we select these examples from the motion-to-text
retrieval experiment including the shuffled texts. The setting is therefore identical
to Table 3 and Fig. 6 in the main manuscript.

In the first example, all three texts retrieved with our method describe a sim-
ilar event of the person going backward and then turning to go backward again.
However, TMR fails to capture the chronology as well as the direction of the
movement, indicating forward movement in some captions. The second exam-
ple contains an ambiguous motion of picking objects as if the person is cooking
something. The proposed training scheme is able to capture the characteristics
of the motion and retrieve the correct answer at the third rank. On the con-
trary, TMR is only capable of capturing the feature for the movement of picking
something up, therefore retrieves various activities that include the motion of
picking. The third case is where TMR has a better result than the proposed
scheme. TMR is able to retrieve the correct text at rank 1, while the proposal is
only able to pick the correct text as the third most likely text. However, all the
texts in the results from the proposal resemble similar activity, whereas TMR
returns a different activity that involves lifting something up as the third most
similar text.
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TMR

Query

-

. "The person faces the opposite direction
The person does a full turn. The person
moves forward two steps."

. "The person walks backwards again. A
person walks backwards. The person turns
around."

. "The person moves forward two steps. The
person faces the opposite direction. The
person does a full turn."

~

w

Ours

"a person wa then turns
around the ckwards again."

2. "a person walk kwards to the right,

then turns around and walks backward to the

right."

3. "a person walks backwards to the left, then
turns around and walks backward to the
left."

GT: a person walks backwards, then turns around then walks
backwards again.

.

. " The person moves their left hand to the
right side in a grabbing motion. The
person takes a step lower. A person takes
a step."

. "The person picks up the bottle of
shampoo. The person washes the dog."

. " The man picks up a brush. The man
brushes someone's hair. The man puts the
brush back down."

N

e{_ |

1. "person bends to pick up something
approximately knee high on left side with
left hand. he rotates to the right and
takes that object and rubs it against
something before returning it ."

2. "person bends to pick up something
approximately knee high on right side with
right hand. he rotates to the left and
takes that object and rubs it against
something before returning it."

3. "a person bent slightly over and picked

h left hand and turned to

ng item, looks as if is

a pot o

adding items t

hand and turned to left and shaking item, looks as if is cooking
and adding items to a pot of water

es into a duck
e shielding tF

hing.

2. " The person squats down. From @ seconds
to 3 seconds, a person dodges something
to his left."

. "a person squats to lift something up
then struggles to carry and put it down."

w

1. "the person bent down and dodge something
towards the right."

2. "the person bent down and dodge something

towards the left."

on like

ducking pos
. from

selves

something.

GT: a person goes into a ducking position like they are shielding
themselves from something.

Fig. 1: Additional retrieval results with corrupted texts using TMR and the proposed
training scheme. Pink texts indicate the successfully retrieved ground truth text.

3 Generation

3.1 Evaluation

Following the prior works on human motion generation, we evaluated the gen-

eration models using the following criteria:

— (1) Top 1-3 retrieval precision (R-Precision): For each generated mo-
tion, its ground truth and 31 random descriptions are selected to form a pool
These are ranked by the distance between the generated motion feature and
the text features. The average accuracy at rank 1, 2, and 3 are measured.
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(2) Frechet Inception Distance (FID): The distance between the feature

distribution of the generated motions and that of the actual motions. The

identical pretrained model as prior methods is used to extract the features.

— (3) Multi-modal Distance (MM-Dist): Multi-modal distance measures
the average distance between the generated motion features and their corre-
sponding text features.

— (4) Diversity: Diversity is the variance of generated motion features across
all the samples.

— (5) Multi-modality (MModality): For each text, 10 pairs of motions are

generated, and the average value of the mean distance of the pairs is recorded

as Multi-modality.

4 Motion Visualization

As motion can be difficult to observe in still images, we attach a demonstration
video including some of the results from the motion-to-text retrieval including
the corrupted texts, and the results from motion generation on HumanML3D
dataset. The examples show the event chronology is accurately reflected in the
results obtained through models tuned by the proposed strategy.

5 Sample Code

The code will be released at https://github.com /kentfuji/ChronAccRet. We pro-
vide the training codes for building the motion-language model, and test codes
to measure CAR, as well as the conventional evaluation metrics. We refer the
readers to the README file in the code to run the experiments.
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Table 9: Comparison of “orig — even

”

retrieval results between the original TMR

model and its variations with different language models, which are fine-tuned with
chronological negative samples. “Tune” indicates whether the language model is fine-
tuned, “VAE” whether VAE feature is used, and “Recon.” whether a decoder recon-

structs the poses.

Text-to-motion retrieval

Motion-to-text retrieval

Protocol Method Tune  VAE  Recon. RG2+ RG31 RG5t ROI0T MedR ||RO1{ RG21 RG31 RG5t RG10t MedR |
TR 9] 7 7 11.02 2500 | 976 12311813 2413 3323 2350
7 7 4 9.92 2000 | 8.60 1100 1651 2245 3189  28.00
) v v 10.83 2800 | 919 1127 1715 2311 3164  28.00
DistilBERT v v 11.25 2400 | 1026 1277 1843 2354 3342 24.00
v 12.25 22.00 | 1118 1357 1937 2552 3638 21.50
4 7 7 378 1100 1446 1866 27.24 3950
cLp v v 814 32.00 1467 1959 2844 3150
v v 867 35.00 1430 1980 2844 33.50
(a) All v 10.61 28.00 2206 3114 27.50
7 7 7 1273 23.00 2621 3600 2250
5 base v v 823 32.00 1868 27.67  29.50
v v 12.82 19.00 2735 3802 19.50
v 10.52 22.00 2477 3536 21.50
7 7 7 12.20 22.00 2562 3650  22.00
5 large v v 9.58 24.00 2372 3385 2350
v v 14.51 17.00 21.65 28.15 39.23 17.50
v 11.98 20.00 19.73 2591 3686 19.50
7 7 16.79 15.00 22472805 3844 __18.00
% 7 7 1432 19.00 2096 27.60 3734 2150
JR— v v 15.67 19.50 2176 27.21 23.00
DistilBERT v v 16.83 16.00 23.08 2842 19.50
v 16.77 15.00 2406 30.34
7 7 7 13.48 28.00
v v 13.46 23.00
CLIP v v 22.00
(b) All w/ threshold v 18.50
7 7 7 15.00
(5-base v v 20.00
v v 11.00 2195 32.62
v 14.00 2188 28.97
4 7 7 15.00 2356 3029
5 g v v 15.00 2126 27.85
v v 11.00 26.07 33.30 44.18
v 12.00 2413 3045 41.20
TMR [9 7 % 2.00
7 7 7 2.00
; v v 1.00
DistilBERT Y , 100
v 1.00
7 7 7 2.00
. v v 150
CLp v v 2.00
issimilar subset v 1.00
4 7 7 1.00
t5-base 4 4 200
v v 1.00
v 2.00
7 7 % 1.00
v v 1.00
th-large Y , 100
v 1.00
TR [9] 7 % .00
7 7 4 T.02
) v v 1.03
DistilBERT Y , Lo
v 101 1.01
4 7 7 112 T07
) v v 101 1.04
CLIE v v 1.06 107
(d) Small batches v 9115 1.02 1.01
7 7 % 92.86 .01 9649 1.00
5base v v 94.71 101 97.99 102
v v 95.92 1.00 98.31  1.00
v 94.50 1.00 9758 1.00
7 7 7 93.07 T.02 96.08 101
5 large v v 1.01 9576 1.00
v v 1.00 9742 1.00
v 1.00 98.13 100
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Table 10: Comparison of “event — event” retrieval results between the original TMR
model and its variations equipped with different language models, which are fine-tuned
with chronological negative samples.

Text-to-motion retrieval

Motion-to-text retrieval

Pratacol Method Tune £ Recon. | pai4 Ra2t R@3t Ra5t Ra107 MedR | |R@1t Ra2{ Ra31 Ra5t Ra107 MedR |
TMR J9 v 7 554 1049 14012030 3230 2400 | 0.08 1152 16.77 2251 3399 _ 2350
7 7 7 1054 1401 1907 2072 2000 | 880 1081 1588 2099 3004  30.00
DistilBERT v v 896 1204 17.88 284 2000 | 7.07 900 1380 1937 2890  20.50
v v 1193 1537 2137 3198 2500 | 823 1072 1601 2135  32.60
v 1022 14.03  20.89  31.84 2500 | 855 1081 1599 2231  31.93
7 7 7 951 1277 1850 2870 3000 | 812 1008 1471 20.05 2003
cLp v v 753 1056 1590 2607 3500 | 6.71 878 1366 1
v v 885 1184 1690 2596 4000 | 7.05 865 1298 1
(a) All v 1015 1330 1848 2876 32.00 | 814 10.08 1510 20.67
7 7 7 1030 1373 19.14 2077 29.00 | 792 1010 14.69 2051
5 base v v 890 12 3020 27.00 | 712 960 1448 20.64
v v 12,64 16.93 3672 20.00 | 1040 13.05 1886 25.32
v 1020 13.82 3223 23.00 1109 1656 2245
7 7 % 86 951 12.89 3022 28.00 951 1469 20.07
- v v 4. 887 12.20 3020 26.00 9.60 14.83  20.80
v v 7.21 14.26 18.39 38.55  19.00 13.89 19.80 26.44
v 586 1141 1531 3510 21.00 1118 17.22 2345
TMR [9] 7 7 [ 1229 1670 2197 4177 15.00 1199 2110 26.69
7 7 /[ 1186 1499 20.7 3777 20.00 1126 20.23 26.03
) v v 995 1430 1959 37.16  20.00 1127 17.79  23.24
DistilBERT v v 1312 17.20 2226 4069 16.00 14.28 2046 26.16
v 1166 16.61  22.63 4156 16.00 1341 2016 27.33
4 7 7 [ 10.99 1469 2046 312 20.00 1344 1907 2434
cLp v v 892 1161 17.04 24.50 1120 1745 23.18
v v | 1049 1375 1827 25.00 1220 1740 2324
(b) All w/ threshold v 1118 14.46 21.00 1325 19.32 2516
7 7 7 [ 1191 1581 18.00 1316 1946 2521
t5base v v 1184 16.24 18.00 1136 17.15  23.70
v vl 1930 12.00 1679 2352 3025
v 1182 16.33 15.00 13.73  20.05  26.37
7 7 /[ 1159 1540 T7.00 1216 1896 2475
5-large v v 1L.77  15.49 16.00 1202 1875 25.14
v v |14.23 2037 26.30 12.00 17.29 24.68 31.36
v 1286 18.09  23.63 13.00 13.66 20.91  27.62
TR [9] 7 7| 5200 66.00 _74.00 .00 68.00_75.00 _SL00
% 7 7 .50 7500 82.00
R v v 2.00 7500 85.00
DistilBERT v v 1.00 80.00 85.00
v 2.00 79.00 0
7 7 7 2.00 0
v v 150 77.00
CLIP v v 2,00 75.00
(c) Dissimilar subset v 2.00 76.00 2.00
7 7 7 2.00 73.00  82.00
t5base v v 1.00 7500 86.00 1.00
v v 2.00 79.00  88.00 1.00
v 1.00 75.00  83.00 1.50
7 7 7 2.00 80.00 86.00 150
v v 2.00 73.00  85.00 1.00
v v 1.00 79.00  86.00 1.00
v 1.00 76.00_ 86.00 1.00
TMR [9 7 % .00 90.01__93.68 .02
7 7 7 .05 8280 87.03 T.05
; v v 1.03 85.06  89.03 101
DistlBERT v v 101 85.52 90.05 1.03
v 1.00 88.05 91.65 1.01
7 7 7 .03 86.09 9042 T.02
. v v 1.08 8027  84.99 1.08
CLIP v v L14 7892 84.06 117
(d) Small batches v 1.05 80.57  85.61 1.07
4 7 7 T02 014 93.48 T01
5 base v v 101 89.55 9 1.00
v v 101 91.35 94.53 1.00
v 101 8942 92.93 1.02
7 7 7 .02 8906 94.25 T.01
- v v 101 88.85 9277 1.00
v v 1.00 9042 93.82 1.00
v 97.92  1.00 9117 95.07 1.01
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