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The automatic synthesis of realistic gestures has the ability to change the fields of animation, avatars, and communication agents.
Although speech-driven synthetic gesture generation methods have been proposed and optimized, the evaluation system of
synthetic gestures is still lacking. The current evaluation method still needs manual participation, but it is inefficient in the
industry of synthetic gestures and has the interference of human factors. So we need a model that can construct an automatic
and objective quantitative quality assessment of the synthesized gesture video. We noticed that recurrent neural networks
(RNN) have advantages in modeling advanced spatiotemporal feature sequences, which are very suitable for use in the
processing of synthetic gesture video data. Therefore, to build an automatic quality assessment system, we propose in our work
a model based on Bi-LSTM and make a little adjustment on the attention mechanism in it. Also, the evaluation method is
proposed and experiments are designed to prove that the improved model of the algorithm can complete the quantitative
evaluation of synthetic gestures. At the same time, in terms of performance, the model has an improvement of about 20%
compared to before the algorithm adjustment.

1. Introduction

Speech-driven synthetic gestures play an important role in
the modern film industry and 3D virtual games and have a
decisive influence on the construction and expression of
virtual characters. Studies have shown that a gesture-
synchronized animation can effectively attract people’s
attention [1]. Due to the large demand in the fields of anima-
tion, avatars, and communicative agents, a variety of
methods for speech synthesized gestures have been pro-
posed, such as the style-controllable speech-driven gesture
synthesis [2] and speech driven HMM-based body anima-
tion synthesis [3]. These technologies have achieved quickly
synthesizing speech-driven gestures, but relevant systems for
evaluating the quality of synthesized gestures have not been
proposed. In fact, most gesture evaluations are based on ges-
ture recognition systems [2, 4, 5]. These systems only pay
attention to the feature similarity of the gestures in evalua-
tion. For example, a letter Y with a deformed bottom may
be misjudged as a “victory” gesture, then get a high score,
which is not accepted. Evaluation based on several other

indicators such as human-likeness, appropriateness, and
style-control conditions can avoid misjudgment [2], cause
these indicators are more closer to the human’s acceptance
to the synthesized gestures. But the currently known syn-
thetic gesture evaluations based on these indicators are done
manually, this is undoubtedly interfered with huge subjec-
tive factors, such as personal preference or observer atten-
tion, which makes this evaluation method neither accurate
nor objective. At the same time, manually watching syn-
thetic gesture videos and collecting evaluation results will
consume a lot of human resources and time. Such low effi-
ciency is unacceptable. Thus, the quality assessment of
speech synthesized gestures requires an automatic and
objective assessment method. In this paper, we aim to intro-
duce a system based on neural networks to learn data fea-
tures from synthetic gestures and generate a quantitative
score to quantify the synthesis quality of speech synthesized
gestures. Here, we will only pay attention to the motion
characteristics of some joints of the synthesized gesture data,
because they have a larger proportion change of vector coor-
dinates with time, so they are more representative of the
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overall motion characteristics of the gesture data. The sys-
tem is trained on the speech & text synthesized Mo-Cap data
set of KTH Royal Institute of Technology and the subjective
judgment data set of GENEA challenge [2, 6]: body move-
ment data, speech, text, and a set of scores for different syn-
thesized videos given by 125 participants. We use the
synthesized gestures as the input of our system, and the out-
put is a quantitative score of the synthesized quality.

We treat synthesized gesture evaluation as a nonlinear
regression task and plan to implement a network based on
the combination of long short-term memory (LSTM) and
linear layers. The LSTM network is selected to extract fea-
tures from the motion data and encode them into high-
dimensional vectors. The linear layer processes the output
from the LSTM and then gradually generates prediction
scores. Based on the baseline model, we will upgrade the
model by adding network layers and improving calculation
algorithms. Through comparative evaluation, we hope to
explore the performance of the model in evaluating synthetic
gestures and select the best evaluation model.

In addition, we will also study the impact of using differ-
ent regularization and data enhancement methods on model
prediction accuracy. After completing the parameter tuning
and model optimization, the final model performance will
be evaluated. The next section will introduce the related
work and basic knowledge; the third section will introduce
the experimental methods, including data processing, sys-
tem structure, and evaluation method. Section 4 will con-
centrate on the experiments on the baseline and improved
models, as well as model optimization and evaluation. Sec-
tion 5 will summarize the work and make some comments
on future work.

The experimental codes of the projects introduced in this
article are uploaded to OneDrive: https://1drv.ms/u/s!Ahud_
qK07whbkxbxlqwXVeZtL7Q5?e=eyhxhz.

In summary, the main contributions of this paper are as
follows:

(i) Propose new evaluation indicator to assess the
system

(ii) Propose a single LSTM layer model as baseline sys-
tem to evaluate the synthesized gestures and
improve the model structurally by adding a atten-
tion layer

(iii) A novel and simple attention enhancement algo-
rithm is proposed, and the evaluation results of
the models are compared

2. Related Works

2.1. Current Assessment. Evaluation on indicators such as
human-likeness, appropriateness, and style-control condi-
tions mentioned above is proposed by Simon Alexanderson
[2], which is based on the extensive subjective assessment of
the MoGlow-based system baseline [2]. Here, the human-
likeness, appropriateness, and style-control conditions were
evaluated in the different user studies with the full-body syn-
thesis, which will enable a meaningful cross-comparison.

All perceptual studies of the quality assessment were car-
ried out using online experiments in the Figure Eight crowd-
worker platform, only the most accurate contributors are
allowed to provide subjective evaluation data, and the coun-
try/region origin is set to English-speaking countries (United
States, Canada, United Kingdom, Ireland, Australia, and
New Zealand) in order to minimize the subjective interfer-
ence caused by language errors. In all experiments, the eval-
uator was asked to watch and listen to the 18-second video
clips of the speech synthesis gesture generated by 8 different
gesture synthesis systems and to evaluate them on a 5-point
scale according to the given scoring standard [2]. The evalu-
ation criteria include human body similarity, appropriate-
ness, style control human body similarity, and body
posture similarity [2]. The evaluation results are comprehen-
sively considered, in the calculation, and different criteria are
given different weights, and the final score is calculated to
find the best synthesis system. This score is the correspond-
ing quantitative score of synthetic gestures after manual
evaluation.

2.2. Long Short-Term Memory Model. Long short-term
memory (LSTM) is a special kind of RNN that adds net-
work storage to solve the problem that RNN is difficult to
learn and store information for a long time [7–9]. LSTM
is an excellent variant of RNN that inherits most of the
characteristics of the RNN model and at the same time
solves the gradient backpropagation process due to the
gradual reduction, vanishing gradient problem that arises.
It is especially useful for many tasks that require “long-
term memory”. Thus, it is very useful in dealing with the
time series motion data of our project.

As mentioned earlier, we treat the project as a regression
task, and that the output is a single-dimensional quantitative
score (0 to 100). Therefore, we need to build a model that
can process the input which is multidimensional time-
series data and output a corresponding single-dimensional
scalar. Due to the need to perform feature learning on time
series data, LSTM is chosen to encode the data into high-
dimensional vectors [10]. However, the output of the LSTM
network is not a single scalar, but a multidimensional vector,
and the dimension is determined by the number of LSTM
hidden layers. Therefore, we consider adding a linear layer
to the output of the LSTM network to convert the vector
into a single scalar. The overall architecture of the baseline
model can be shown in Figure 1(a).

2.3. Attention. The attention algorithm is very similar to the
logic of human viewing pictures. When we look at a picture,
we do not see all the content of the picture but focus on the
focus of the picture [10–13]. In the calculation of long
sequence data, the attention algorithm focuses limited atten-
tion on key information, thereby saving resources and
quickly obtaining the most effective information. Even if
the text is relatively long, the key points can be grasped from
the middle without losing important information. Com-
pared with CNN and RNN, the model complexity is smaller
and the parameters are also fewer. Therefore, the require-
ment for computing power is even smaller [10–13]. In a
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typical encoder to decoder model, the attention algorithm is
actually a series of attention distribution coefficients, that is,
a series of weight parameters. Therefore, it is very useful
when assigning weights to key motion data in a project.

3. Method

3.1. Data Preprocessing

3.1.1. Data Overview. The system will be established based
on MoCap data set of KTH Royal Institute of Technology
and the subjective judgment data set of GENEA challenge
[2, 6] which is used as data and labels, respectively. The
MoCap data was obtained by analyzing the generated syn-
thetic gesture video, which are motions of full body and
head, generated from 8 different gesture synthesis systems.
The sampling rates are respectively 60Hz for grand truth

and 20Hz for synthetic gestures. Labels contain 10000 scores
given by 125 participants for 80 video clips of synthesize ges-
tures based on two criteria: appropriateness and anthropo-
morphism, corresponding video segments, and participant
information, etc. These two types of data will be recorded
as the objective data and subjective data which require extra
works of preprocessing and dataset making. The specific
data processing and analysis will be discussed in this chapter.

3.1.2. Objective Data. The objective data are the files gener-
ated after human movement is captured of the synthesized
gesture video in the form of .bvh. This is a typed dataset that
contains the motion feature data of 57 human motion joints
(from head to toe), that is, the three-dimensional position
and the three-dimensional rotation angle in different frames.
All data types are three-dimensional floating point coordi-
nates [14, 15]. Use the built-in function to extract the data

Linear layer

Output layer

Hidden layer

Embedding layer

Update
weight

Predict scores Output

Loss function MSE

Target scores

Regularization and coefficient

Dataset Motion analysis
data from bvh files

Scores

LSTM networkBaseline
model

(a)

Linear layer

Attention layerOutput layer

Hidden layer

Embedding layer

Update
weight

Predict
scores Output

Loss function
MSE

Target
scores

Regularization and coefficient

Dataset Motion analysis
data from bvh files

Scores

LSTM network
Proposed
model

(b)

Figure 1: (a) The architecture of the baseline model. (b) The architecture of the proposed model.
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contained in the file. Observing the position and rotation
coordinates, it can be found that the coordinates of some
joints have not changed over time (or changed very slightly).
So, first use the filtering method to extract the features. We
calculate the standard deviation of the movement for all
joints over time. We found that the maximum change in
coordinates of all data whose average movement standard
deviation is less than 0.01 over time is less than 10%. By set-
ting the std threshold as 0.01, that is, deleting all joints
whose motion standard deviation is less than 0.01, 174 joints
containing effective information can be obtained. These joint
data are exactly all the joints of the upper body of the human
body in the synthesized gesture video.

After cutting out the “unimportant” joints, the data
needs to be divided according to time. This is because the
subjective score is not to score the complete synthetic ges-
ture video but to score the video segment. Therefore, it is
necessary to divide the objective data according to the timing
segmentation of the video in the GENEA data [6], that is, to
divide the data according to the frames, so that the 10 syn-
thetic gesture data files generated by each of the eight sys-
tems will be divide into 320 segments, which will be used
as the input sample.

3.1.3. Subjective Data. The subjective data contains the infor-
mation of the participants, scored video segments, and the
corresponding score, including the interaction log. The
information needed in our system is the score corresponding
to the video segments. To analyze the data, we introduce the
matlab-based subjective data reading method [6] to gather
the dataset of scores as the label of our input sample. Due
to the lack of text and speech materials for synthesizing ges-
tures, we only consider the evaluation scores for human-
likeness of every synthesized gestures.

The figure that plots the human-likeness scores to every
gesture synthesis systems ais shown in Figure 2. It can be
observed that the score for each system is distributed in an
interval, the distribution of the scores is all larger than
0.995 in calculation, and most scores are distributed near
the average score. Thus, we just consider excluding the out-
liers and use the remaining scores as labels. After the same
step of dividing the subjective data according to the timing
segmentation of the video in the GENEA data [6], we got a
total of 8375 scores on 320 different files, each with a num-
ber of scores ranging from 17 to 34.

While the scores are used as the label for model training,
it cannot be in the form of an array. Thus, a special value is
required to replace the overall scores. In order to verify
whether the mean value can be used to represent the overall
scoring situation, we continue to analyze the distribution of
scores. The figure that plots the standard deviation of scores
given to all video segments is shown in figure 3. It can be
seen from the figure that the variance of the scores given
by the participants to any video segment is around 20
(±5), and the mean value is 21.398, which means that the
degree of dispersion of the scores set is relatively high.
Therefore, any single score or median value in the score set
of any video segment cannot represent the overall score set
given by the participants. In order to obtain a single quanti-

tative score to represent the synthesis quality of video seg-
ments, we need to clarify the data distribution to find a
suitable alternative scalar. We perform the Kolmogorov-
Smirnov (KS) test on the set of scores corresponding to all
video segments [6] to check which distribution that the data
conforms to. Here, we set the distribution model as the nor-
mal distribution and calculate the mean and standard devia-
tion of each score set. By setting the P value threshold of 0.05
(P > 0:05 corresponds to the normal distribution), the KS
test is performed [15, 16]. The test result shows that, except
for the score set of the second segment of the ninth gesture
video file given by the grand truth, the rest of the score sets
conform to the normal distribution. Therefore, the average

Human-likeness scores
100

80

A
pp

ro
pr

ia
te

ne
ss

 ra
tin

g

60

40

20

GT SD SC BT SB SE BA SA
0

Figure 2: Human-likeness scores to every gesture synthesis
systems. Here, the red line segment is the confidence intervals,
Red line is the median value, yellow x represents outiler symbol,
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value of the score set can be used to represent the overall
score set. Extract the average value of each score set, a total
of 320 quantitative scores to form a new dataset, this dataset
will be used as the label of the input sample.

Except being used as the label, the subjective data is also
used to evaluate the accuracy of human evaluation. Here, we
define a value Em to represent the average of the mean error
between the artificial evaluation score and mean score, and a
value Es to represent the standard deviation of the mean
error between the artificial evaluation score and mean score.
The calculation of Em is shown as Equation (1).

Em =
∑n

i=0 ∑m
j=0 Xij − �Xi

� �
/m

� �

n
: ð1Þ

The calculation of Es is shown as Equation (2).

Es =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

∑n
i=0 ∑m

j=0 Xij − �Xi

� �
/m − Em

� �2

n

vuut
: ð2Þ

Among this, Xij represents the value of artificial evalua-
tion scores given to every video segments and �Xi is the mean
value to every video segments, and n is the number of video
segments andm is the scores given to every segments. Calcu-
late these two values separately, Em is 8.739 and Es is 7.614.
This will be used to evaluate the prediction level of the
model by comparing with the mean value and standard devi-
ation of model prediction error.

3.2. Structure Improved: Bi-LSTM(Attention). Considering
the characteristics of learning multidimensional tensor form
data, model learning can determine the accuracy of the sys-
tem’s prediction, and a single LSTM with a linear regression
layer may not have good regression performance. In order to
improve model learning ability, we introduce a structure
improvement on the base-line model, which is based on a
bidirectional LSTM network and a linear regression layer,
adding an attention layer [11–13, 17, 18] between the two
layers, and the architecture of the proposed model based
on Bi-LSTM, RNN, and linear layers can be shown in
Figure 1 (b).

In our model, Bi-LSTM needs to learn the joint coordi-
nates in all previous frames. Therefore, the cell state may
contain some key motion joint coordinates of the current
frame for correct weighting. When inputting to a new frame,
the repeated unit of Bi-LSTM forgets the useless joint coor-
dinate information of the old frame. The key motion joint
coordinates of the new frame are added to the cell state to
replace the useless joint coordinate information it forgot.
The output dimension of each repeated unit in each direc-
tion is [xi, mi, and hn], where the hn is the number of the
hidden layer and xi is the number of input sample X. For
every single sample, the output processed by Bi-LSTM in
every direction has the dimension of [1, mi, and hn]. So,
the final output combining two direction will be the size of
[1, mi, and 2hn ]. Due to the characteristics of LSTM, the
output of the last unit refers to the key joint motion of the

data in every previous units (frames). So, we just take the
output of the last unit as the input of the linear layer, with
dimension [xi, 1, 2hn], and for every single sample, the
dimension we need is [1, 1, 2hn] that has two times of fea-
tures than the output of single direction LSTM which has
the size of [1, 1, hn]. Therefore, the output of the Bi-LSTM
layer will be a vector with the size of [batch size, n step, n
hidden∗ num of directions (=2)], which will be input into
the attention layer. In the attention layer, the output from
LSTM will first perform the addition of corresponding ele-
ments. After being transformed by the fully connected layer,
the hidden layer vector will be used to calculate the similarity
with the neighboring vector and converted into the impor-
tance of each batch data through softmax. The transforma-
tion steps are shown in Equation (3)

α = sof tmax wTM
� �

: ð3Þ

Among the equation, wT represents the parameters that
need to be learned andM represents the hidden layer vector.
α is used as the global weighted summation of hidden layer
vector to obtain the vector that expresses the motion. After
the iteration, this will be used by us as the evaluation score.

3.2.1. Algorithm Adjustment in Improved Model. When
building the model, we mentioned the data importance cal-
culation of the attention layer. In the calculation, the learn-
ing parameters and the hidden layer vector are directly
matrix multiplied. This will inevitably cause some low
importance weights to be increased in the calculation. In
order to reduce the impact of this situation, we consider
optimizing the algorithm. In the two-dimensional convolu-
tion of the image, the convolution of the input image and
the edge detector convolution kernel can highlight the con-
tour of the image [19]. We apply this idea to the calculation
of data importance and propose the alternative calculation,
Equation (4):

α = sof tmax wT ∗G1
� �

· M ∗G2ð Þ� �
: ð4Þ

Among them, ∗ represents convolution and G1 and G2
represent two different edge detector convolution kernels,
respectively, The size of the convolution kernel is deter-
mined by the size of the matrix of wT and M. After convo-
lution filtering, the two two-dimensional matrices wT and
M are filtered out of weights other than the important
weights. The result of the dot product is more prominent
for important weights, while the impact of nonessential parts
is minimized.

3.2.2. Superiority. Obviously, Bi-LSTM has one more back-
ward layer than LSTM, that is, the input is also calculated
from the reverse order. It can be seen that the forward layer
and the backward layer are connected to the output layer,
which contains 6 shared weights. In the forward layer, the
forward calculation is performed from time 1 to time t,
and the output of the forward hidden layer at each time is
obtained and saved. In the backward layer, the backward cal-
culation is performed from time t to time 1, and the output
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of the backward hidden layer at each time is obtained and
saved. Finally, at each moment, combine the output results
of the forward layer and the backward layer at the corre-
sponding time to obtain the final output [17, 18]. This shows
that the data characteristics learned by Bi-LSTM are twice
that of LSTM. After the output is folded, the weight of the
same feature is twice the original, so the important informa-
tion of the data can be more prominent.

The added attention layer is a weight parameter alloca-
tion mechanism, and the goal is to assist the model to cap-
ture important information. Given a set of <key, value>
and a target vector query, the attention mechanism is to
obtain the weight coefficient of each key by calculating the
similarity between the query and each set of keys and then
obtain the final attention by weighting and summing the
value. This attention will be used to determine the data seg-
ment that the network focuses on learning.

The algorithm adjustment in the attention layer makes
the weight coefficient distribution of important keys larger.
Therefore, the attention to important joint motion features
in gestures will be greater, which undoubtedly strengthens
the model’s learning of important features.

Theoretically, the proposed model has better learning
ability and predicts and evaluates scores more accurately.

3.3. Evaluation. Because we treat this project as a sequence
regression task, we choose mean square error as the evalua-
tion metric to measure the similarity between the output and
original scores [20]. MSE is the most direct measurement to
calculate the difference between two sequences. The smaller
MSE means two sequences are closer. However, this requires
strict alignment of the two sequences. If the prediction is lag-
ging or leading to the target, even if their scores are the same,
it will cause large errors.

For this reason, we introduce our evaluation metric,
which is to calculate the errors between the original scores
and the corresponding predict score and find out the stan-
dard deviation and the maximum value of the errors. The
model with the smaller maximum error value and standard
deviation has the better predicted performance. We record
this metric as the prediction evaluation.

Since the output scores and the actual scores are both a
one-dimensional array, the Pearson correlation coefficient
[21] and significance level P value [22] can also be intro-
duced as the metrics to evaluate the performance of model’s
prediction. The Pearson’s correlation coefficient is widely
used to measure the degree of correlation between two vari-
ables. The larger its value, the more significant the correla-
tion between two variables.

To discuss whether the two variables are related, the sig-
nificance level must be discussed. It is meaningless to talk
about the correlation coefficient regardless of the P value.
The correlation between the two may only be caused by acci-
dental factors, so we need to analyze the correlation between
the two variables. The significance level of the relationship is
judged. The P value is another basis for making inspection
decisions. It is the probability which reflects the probability
of occurrence of an event. Statistics according to the P value
obtained by the significance test method, generally P < 0:05

is significant, P < 0:01 is very significant, which means that
the probability of the difference between samples due to
sampling error is less than 0.05 or 0.01.

Theoretically, the closer the predicted scores of the
model are to the actual scores, the larger the Pearson corre-
lation coefficient of the two sets of scores and the smaller the
P value of the two sets of scores. Therefore, these two can
also be used as a metric to evaluate the performance of the
model. After the model is trained, the model will be evalu-
ated with reference to the four evaluation metrics.

4. Experiments

4.1. Baseline LSTM Model. The implementation of the base-
line model follows the architecture in Figure 1(a). Here,
dataset of position was selected as the input sample X of
the training model. To prevent the model from failing to
learn the characteristics of all system synthetic data, when
building the model, the 320 input sample X needs to be
divided into eight data stacks according to the gesture gener-
ation system, and the eight data stacks are randomly divided
into training set, validation set, and test set at a same ratio of
6 : 2 : 2; here, the random state was set to 1. Gather all train-
ing set data into a data set with a total of 192 samples as the
input to train the model. By default, the hyperparameter set
is shown in Table 1: The loss on training and validation sets
of each epoch is recorded, being drawn in Figure 4(a).

By viewing the relationship between the loss values of
the training set and the validation set with the epoch, we
can find the larger the epoch, the greater the fluctuation of
the loss value instead of convergence. The phenomenon
may be caused by a high learning rate. The optimal number
of iterations for the model without overfitting can be
obtained in this figure, and at this stage, the lowest verifica-
tion loss is 0.918, which is located at 59th epoch that means
the model reaches its best generalization performance. So,
we take the network at this epoch as our best baseline model
for subsequent evaluation. The training loss at this epoch is
0.888, which is at the same level as the validation set. Input
the test set data into the model, we get the other evaluation
result as shown in Table 2, first row. The comparison
between the predicted score and the actual score is shown
in Figure 4(b). Obviously, in the result of evaluation, the test
loss of the baseline model reached 0.694, which is in the
same order of magnitude as the training loss and verification
loss and is slightly smaller, indicating that the baseline
model has good generalization. The Pearson correlation
coefficient is between 0.4-0.6, and the small P value indicates
that the predicted score of the model has a middle correla-
tion with the actual score. The standard deviation of the pre-
diction error is 5.128, and the average error is 6.569. It is a
little less than the value in manual evaluation which are
7.614 and 8.739, respectively. The variance of 18.717 is also

Table 1: Hyperparameter in model.

Regularization Iteration Hidden size LR

L2 200 128 0.001
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less than that in manual evaluation. We believe that the
overall performance of the model prediction has reached a
level similar to the artificial evaluation, but the average error
is still large. This means that the prediction score is not accu-
rate enough. It can be seen from the prediction result figure
that, except for the prediction score of grand truth, the other
prediction scores all fall in the range of 50-60, and the pre-
diction scores of video segments in different systems are
close. This prediction trend is obviously inconsistent with
the actual situation. That means the model needs to be
improved. Therefore, the proposed model was established
for evaluation.

4.2. Improved Model. The implementation of the proposed
model follows the architecture in Figure 1(b). We use the
same dataset to train the model and use the same model
parameters in the subsection 4.1 for setting. It should be
noted that the Bi-LSTM needs to be activated here, that is,
set bidirectional = True. The loss on training and validation
sets of each epoch is recorded, being drawn in Figure 4(a).

It can be observed that the MSE loss of the model on
train set in the first 25 epoch iterations is slightly higher than
the baseline, and the loss after multiple iterations is signifi-
cantly lower than the baseline. The validation loss has the
similar trend compared with the baseline. The validation
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Figure 4: (a) Loss curve to every epoch, Bi-LSTM(attention adj) represent the proposed model with algorithm adjustment in attention layer.
(b)Predict scores/original scores/errors to each files in test set(baseline).(c)Predict scores/original scores/errors to each files in test
set(proposed). (d)Predict scores/original scores/errors to each files in test set(algorithm adjustment proposed).

Table 2: Evaluation of 3 models.

Model MSEtest PCC P value Error max Error mean Error std

Baseline 0.694 0.575 6:864 ∗ 10−7 18.717 6.569 5.128

Structure improved 0.592 0.659 2:999 ∗ 10−9 18.019 6.017 4.801

Algorithm adjustment 0.604 0.642 1:012 ∗ 10−8 20.953 5.975 5.266
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loss that the best iteration of the proposed model is 47th

epoch. At this epoch, both the train loss and the validation
loss of the proposed model are smaller than the correspond-
ing value of the baseline model. The other evaluation result
of proposed model is shown in Table 2, second row.

Obviously, the MSE on test set 0.592 is smaller than the
baseline, and the larger PCC 0.659 and smaller P value
2:999 ∗ 10−9 indicate that the score predicted by the pro-
posed model is more correlated with the actual score. More-
over, lower average error 6.017 and error standard deviation
4.801 also indicate better prediction accuracy. This confirms
part of our idea, that is, using Bi-LSTM to replace the LSTM
layer and adding the attention layer can indeed make the
model have better learning capabilities. The weight multipli-
cation and attention of important motion data enable the
model to evaluate synthetic gestures more accurately.

But from Figure 4(c), we found the trend of the predic-
tion scores almost be a straight line in SA to SE system, this
is very strange, we know that the video segments of these dif-
ferent systems are different, and it is obviously undesirable
for the proposed model to predict almost the same scores
for these segments. This phenomenon is due to relatively
similar synthetic gestures in these video segments, and the
model assigns these features data to the same weight, thus
causing a misjudgment.

In theory, our algorithm adjustment can make the pro-
posed model avoid this mistake in weight assignment as
much as possible. So we use the same parameter in section
4.1 to test the proposed model with algorithm adjustment.
The figure of loss to epoch is also in Figure 4(a). It can be
observed that the MSE loss of the model on train set and val-
idation set has the similar trend to the original proposed
model. But we can find the best epoch of this model is at
181th epoch, much larger than that in the baseline and orig-
inal proposed model. But the MSE on every set is lower than
original baseline. At this epoch, the other evaluation result of
proposed model is shown in Table 2, third row. It can be
observed that, except for the average error 5.975, which is
better, the other evaluations are not as good as the second
model. Of course, all indicators are better than the baseline.
But this does not mean that the algorithm adjustment is not
effective. Combined with Figure 4(d), the trend of the pre-
diction value is much closer to the actual value. This shows
that the adjustment of the algorithm can indeed enable the
model to learn more about the important motion features
in the video segment. In the calculation, the weight assign-
ment to the important target is more in place, although the
cost is greater error dispersion, resulting in larger local pre-
diction errors, but the average error will be reduced as much
as possible. Therefore, we can believe that the algorithm

adjustment is acceptable and can partially improve the pre-
diction performance of the model.

4.3. Model Optimization

4.3.1. Data Regularization. Regularization is a method to
improve model generalization to prevent overfitting [23,
24]. This experiment involves two regularization methods,
L1 and L2.

The main idea of L2 regularization is to reduce parame-
ter values, thereby reducing variance. This technique intro-
duces an additional penalty term in the original loss
function (L) and increases the sum of the square parameter
(ω). But this penalty term may be too large that the network
will try to minimize the loss function by making its param-
eters very close to zero, which is inconvenient. This is why
we multiply this number by a small constant (λ), the value
of which can be chosen arbitrarily. The loss function for-
mula is Equation (5).

L2 X, ωð Þ = L X, ωð Þ + λ〠ω2
i : ð5Þ

For L1 regularization, the network parameter in the pen-
alty term is not squared, but its absolute value is used
instead, the loss function formula is the Equation (6).

L1 X, ωð Þ = L X, ωð Þ + λ〠 ωij j: ð6Þ

To test if the regularization will change the performance
of the model, we just change the way of regularization, and
other parameters is same to Section 4.1. Here is the evalua-
tion to every model at L1 regularization (at their best epoch),
shown in Table 3. It can be seen from the table that when
using L1 regularization, the evaluation of the three models
almost all got a lower level. It is worth noting that the eval-
uation of the original proposed model under L1 regulariza-
tion is even worse than the baseline model, and it can
hardly predict the score normally. We think this is because
L1 regularization has the same penalty for all parameters,
which can make some weights become zero, causing some
motion feature data to not be learned by the model. For
the model with algorithm adjustment, although the max
value and variance of error become smaller, the average
error increases, which will lead to nearly the same prediction
scores for the different video segment of different systems
mentioned above.

Therefore, in order to make the model have better pre-
diction performance, the L2 regularization will be used when
training the model.

Table 3: Evaluation of 3 models under L1 regularization.

Model Regularization MSEtest PCC P value Error max Error mean Error std

Model L1 0.755 0.526 8:183 ∗ 10−6 20.470 6.846 5.351

Structure improved L1 1.009 0.342 0.006 27.017 7.805 6.324

Algorithm adjustment L1 0.677 0.591 2:705 ∗ 10−7 17.684 6.847 4.596

8 International Journal of Computer Games Technology



4.3.2. Data Augmentation. Our optimization goal is to pur-
sue the best point of our model with lower loss, which hap-
pens when the parameters are adjusted in the correct way.
Obviously, if there are many parameters, you need to give
the model a sufficient proportion of samples during training.
Similarly, the number of required parameters is proportional
to the complexity of the task. For the multifeature motion
analysis data of this project, the directly trained model may
be inaccurate. Therefore, it is necessary to introduce data
enhancement methods to avoid model errors caused by
insufficient data [25, 26]. The main method of data augmen-
tation compared in this project is data padding, and the
motion analysis data is cropped to 350 frames in the same
time length which is the average number of frames. For data
with less than 350 frames, frame supplementation is
required. The two methods of supplementary frame are
mainly compared. The first is to fill the supplementary frame
with 0 data, and the second is to repeat the last frame of orig-
inal data as the supplementary frame. Two kinds of data
after padding are used to train models which are compared
with the model trained by original data. The training data
dimension after padding becomes [192, 350, and 174], while
the original one is [192, f n, and 174], where f n is the frame
number of each motion file.

The evaluation results of each model at their best epoch
is shown as Table 4. It can be observed that compared with
the model trained on the original data, the model trained
with the data after padding does have a difference in predic-
tion performance. Padding with last frame will result in bet-
ter evaluation results for the trained model. And padding
with zero achieves the opposite effect. Therefore, the best
model can be optimized by using padding with last frame
as the method of data augmentation.

4.4. Model Evaluation. After the above experiments, it can be
observed that the three models have been optimized to
achieve good prediction performance. Compared with the
standard deviation and the average value of the prediction
error, these three models have reached the similar level of
manual evaluation.

The method to optimize the model is padding the data
with its last frame and doing L2 regularization on the data.
Three models all have better prediction performance on
the test dataset after optimization.

The MSE of proposed model with algorithm adjustment
after optimization on the test set is 0.591, the maximum pre-

diction error of the test data set is 20.330, and the standard
deviation is 4.911. The predicted score is highly correlated
with the actual score, which is reflected in the Pearson corre-
lation coefficient close to 0.7 and a very small P value.

Comparing the evaluation of the three models, using the
same test set and model hyperparameter settings, it can be
observed that maximum prediction errors of the baseline
and original proposed model for the test data set are all
around 18, which is very close to the error of human evalu-
ation. But the average prediction error of proposed model
with algorithm adjustment is smaller. The prediction trend
is also more closer to the actual situation when using our
algorithm adjustment. The overall improvement in perfor-
mance is about 20% comparing with the base-line model.

The maximum prediction error of the proposed model
with algorithm adjustment appears in the evaluation of
grand truth gestures. We think this is because the gesture
movement in the grand truth is much smoother without
much obvious transition. This makes it difficult for the
model to learn the feature of key motion data. The model’s
prediction scores for video segments of several other systems
have tended to be similar with the actual scores. Therefore, it
can be considered that the proposed model with algorithm
adjustment can predict scores more accurately.

5. Conclusions

To build an automatic quality assessment system, we estab-
lished baseline model with a single LSTM and linear layer
and make structure and algorithm adjustment on it. Experi-
ments have proved that the baseline can achieve the goal of
predicting scores, but there is still space for improvement in
performance, and the adjustment on model does reduce the
prediction error.

For the Bi-LSTM(attention) model with algorithm
adjustment we proposed, the moderate learning rate, data
regularization, and correct type of data can help the model
converge to a better local optimal faster while avoiding pre-
mature overfitting.

From the perspective of the network structure, this
model has larger hidden dimensions and more model
parameters than the baseline, which can make the prediction
performance of the model better. At the same time, the
model also has a good generalization ability, which is
reflected in the model’s test MSE lower than the model’s val-
idation and training MSE.

Table 4: Evaluation of 3 models with data augmentation.

Model Data augmentation MSEtest PCC P value Error max Error mean Error std

Baseline Padding with last frame 0.622 0.580 3:476 ∗ 10−7 18.211 6.676 5.001

Structure improved Padding with last frame 0.574 0.661 9:857 ∗ 10−8 17.846 5.965 4.228

Algorithm adjustment Padding with last frame 0.591 0.657 1:491 ∗ 10−8 20.330 5.745 4.911

Baseline Padding with zero 0.686 0.499 3:412 ∗ 10−6 20.218 7.019 5.976

Structure improved Padding with zero 0.617 0.567 1:61 ∗ 10−6 19.130 6.333 5.494

Algorithm adjustment Padding with zero 0.673 0.544 8:758 ∗ 10−7 23.653 6.131 5.765
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From an algorithm, this model has more reasonable
weight distribution in the calculation process when learn-
ing important motion features comparing to the original
Bi-LSTM(attention) model. This is reflected in the predic-
tion results more similar to manual evaluation except on
grand truth.

What is certain is that the algorithm adjustment we pro-
posed does to some extent solve the problem of insufficient
learning of key motion data features by the Bi-LSTM(atten-
tion) model, making the prediction trend much closer to
reality, and the average prediction error is smaller, but at
the same time, it also caused some negative effects to
increase the prediction error for some video segments, espe-
cially, the model’s scoring error for video segments of grand
truth is relatively large.

However, our proposed model still has some problems.
First of all, although the error variance of the prediction
score is close to the manual evaluation, the model’s evalua-
tion error of the grand truth is significantly higher than that
of other system synthetic gestures, which is unnatural. We
guess that because grand truth gestures are more complex
than synthetic gestures, each joint data in the action analysis
data changes more frequently, resulting in that with the
same number of iterations, and the parameters given by
the model do not fully fit the data characteristics. This leads
to higher error in the evaluation of grand truth gestures
compared to synthetic gestures of other systems.

Secondly, due to the lack of text and speech materials for
synthetic gestures, we only evaluate the human-likeness char-
acteristics of synthetic gestures. However, manual evaluation
will consider the relationship between synthetic gestures and
text/speech materials, that is, the evaluation is based on appro-
priateness. Therefore, the system lacks the ability to automat-
ically evaluate the appropriateness of synthetic gestures.

Also, compared with the baseline model, although the
proposed model effectively improves the generalization
and prediction accuracy on the test set, the computational
complexity in the neural network becomes higher and the
calculation time is greatly increased. This greatly limits the
efficiency of the system in evaluating synthetic gestures.

Although only part of the goal has been achieved, we can
still say that the model meets the established requirements
and achieves the similar evaluation performance to manual
evaluation, and even the error interval of the predicted score
is smaller than that of manual evaluation.

5.1. Future Work. When training the model, we only con-
sider evaluating the human-likeness of synthetic gestures.
However, this is not the only criterion to evaluate the quality
of synthetic gestures. Criteria such as appropriateness and
style-control conditions are also used in manual evaluation.
In future work, in order to make model evaluation as much
as possible to achieve the same performance of manual eval-
uation, the model needs to take other centralized evaluation
criterion into consideration, which requires a redesign of the
program to ensure that the model can learn the data charac-
teristics of other evaluation criterion.

Even if it has got a good evaluation performance on a
single criterion of human-likeness, there are still many

spaces for improvement in the model. From the perspective
of learning ability, the use of CNN +Attention in model the-
oretically will make the model have better learning ability
than single attention layer mentioned in the article. How-
ever, the experience of CNN is partial, and the viewing zone
needs to be enlarged through the eye. However, the convolu-
tional perception field of CNN is partial, and it is necessary
to expand the field of view by superimposing the multilayer
convolution area. Therefore, the model needs to be further
optimized to achieve a balance between higher learning abil-
ity and better learning efficiency.

Regarding the model training results, this article has not
yet solved the model’s abnormal prediction error of grand
truth gestures. If the conjecture is true, we need to redesign
the network structure of the model, because increasing the
number of iterations on this model will cause overfitting to
the synthetic gesture data of other systems, which resulting
in increased prediction errors. This needs to be verified by
subsequent experiments.
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The synthetic gesture analysis data and label data used to
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