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Abstract—Recurrent Neural Network (RNN) have been used
for sequence-related learning tasks, such as language and action,
in the field of cognitive robotics. Gated mechanisms used in
LSTM and GRU perform well in remembering long-term
dependency. But to better mimic the neural dynamics in
cognitive processes, the Multiple Time-scales (MT) RNN uses a
hierarchical organization of memory updates which is similar to
human cognition. Since the MT feature is typically used with a
vanilla RNN or different gated mechanisms, its effect on the
updates and training is still not fully uncovered. Therefore, we
conduct a comparative experiment on two MT recurrent neural
network models, i.e. the Multiple Time-Scale Recurrent Neural
Network (MTRNN) and the Multiple Time-Scale Gated
Recurrent Unit (MTGRU), for action sequence learning in
robotics. The experiment shows that the MTRNN model can be
used in learning tasks with low requirements for learning of
long-term dependency due to its low computation. On the other
hand, the MTGRU model is appropriate for learning the longterm dependency. Furthermore, because of the duplicated
feature of the MT and the GRU feature, we also propose a
simplified MTGRU model, named Multiple Time-scale SingleGate Recurrent Unit (MTSRU) which could reduce
computational cost while it achieves the similar performance as
the original version.
Keywords—cognitive robotics, Neural Network, Multiple
Time-scale, MTSRU

I. INTRODUCTION
Time is important in both generating behaviour and action
patterns [1-2] and in the neuro-dynamics to represent
different levels of cognitive functions for intelligent agents
[3]. Recurrent Neural Networks (RNNs) have been widely
used to learn temporal sequences of data. The performance of
vanilla RNN can be degraded dramatically when the learning
tasks involve long-term dependency [4]. This is attributed to
the optimisation process of back-propagation through time
(BPTT). The BPTT process is based on the calculation of
gradients of the errors, which, however, involves consecutive
multiplication through time resulting to the gradient to be too
small to affect the updates.
To solve this problem, the gated mechanism within the
recurrent units have been proposed. For instance, the Long

Short-Term Memory (LSTM) [5] and the Gated Recurrent
Unit (GRU) [6] are two of the most common RNN
architectures adopting the gated-mechanism. In the tasks of
language modelling, motor control etc, they have proven to
be able to alleviate the vanishing gradient problem of RNNs
[7-9].
Nevertheless, the development of RNNs without
vanishing gradients is not sufficient to build biologically- and
cognitively-inspired neural systems. To build a bio-inspired
intelligent agent, the critical mechanisms of the neurodynamics of the brain should be also modelled. For example,
when we use humanoid robots to model cognitive agents, one
of key goals and standards for testing neural mechanism
modelling (neuro-robotics) is to simulate not only the human
behaviours, but also the neural dynamics arisen from the
stimuli perceived by the robotic sensors. Specifically, in the
field of neuro-robotics models of language, one of the key
research questions is how the neural dynamics facilitate the
emergence of language in the forms of pre-symbolic
representation while the agent is interacting with the world.
To study this, the Multiple Timescale (MT) recurrent
neural network (MTRNN) [10] model was proposed as a
functional hierarchical architecture to mimic the hierarchical
information processing in neural systems [11-14]. Having
different time-scales in different neurons allows the robots to
learn the primitive units from both perception and action and
to compose these for higher-level pre-symbolic
representation, such as the language learning. The timescale
feature is realised by the updating of neural activities, using
different time-scale constants representing different dynamic
properties. Using a similar concept, combined with the gating
mechanism of GRUs, the Multiple Timescale Gated
Recurrent Unit (MTGRU) model was recently proposed [15].
In [16], a language learning model employing MTGRU
was used in a robot language grounding experiment. This
study reports that MTGRUs can slightly outperform
MTRNNs, although the computation cost was almost double.
However, the learning task in [16] does not have a real longterm dependency, as it consists of a one-step ahead prediction.
To better examine the MT feature in a neuro-robotic
experiment with long-term dependencies, in this paper we

will introduce challenging learning tasks with long-term
dependency to examine the performances of the MT feature
in both MTGRU and MTRNN units. Moreover, as in the
MTGRU the functions for the time constants and updating
gates are similar, we also propose a simplified version of
MTGRU, which we call Multiple Time-Scale Single-Gate
Recurrent Unit (MTSRU). This simplified version is
examined in comparison to MTRNN and the original
MTGRU in the robot learning setting.
To sum up, this paper has the following contributions:
1) The performance of MTRNN and MTGRU are
analysed in both simple and challenging long-term
dependency tasks, with which we can further investigate the
role of the multiple time-scale feature in these hierarchical
architectures.
2) Based on the finding of (1), a simplified MTGRU
architecture, MTSRU is presented, resulting in a lower
computational cost without dramatic degradation in the
learning performance.
II. MODELS

input signal for the slow context layer, if it is on the topmost
layer, is the output of the fast layer, ℎ𝑓,𝑡 . The calculation is as
below:
ℎ̃𝑠,𝑡 = 𝜎(𝑊𝑠 ℎ𝑓,𝑡 + 𝑈𝑠 ℎ𝑠,𝑡−1 + 𝑏𝑠 )
(3)
1 ̃
1
ℎ𝑠,𝑡 = 𝜏 ℎ𝑠,𝑡 + (1 − 𝜏 ) ℎ𝑠,𝑡−1
(4)
The overall architecture of MTRNN is as below:

In this section, the two existing Multiple Time-scale
neural networks are introduced, with which we will
investigate the property and performance of the MT feature.
The new MTSRU model is then presented.

During training, the output state of the fast context layer
is passed to the slow context layer, as well as the output layer.
The two context layers have different time constants: With
the large time constant, it indicates that the neural states on
the slow context layer are largely determined by the previous
own states as well as the states of the neurons on the lower
level; and vice versa. The time constants also control how the
previous signal influences the current state. Without the timeconstants, the vanilla RNN can only store a short range of
temporal sequences. On the other hand, with the differences
of time constants, the MTRNN model is able to extract the
temporal sequences in terms of their temporal features and
store those with the proportional summation of the historical
trace determined by the time constants. Furthermore, this
long-term information store on the slow context layer is the
primitive information of the input sequences, e.g. the
sensorimotor status.

A. Multiple Time-Scale Recurrent Neural Network
(MTRNN)
MTRNN stores the temporal information of the learned
sequences in the recurrent connections on different layers by
introducing the Multiple Time-scale concept to RNNs, and
organizing the neurons with the same time-scale on the same
layer in a hierarchical architecture. Specifically, in an
MTRNN, the hidden layer is composed of several context
layers with different time-scale constants. The constants
determine the fast and the slow context layers: the fast context
layer has a smaller time constant, causing the cells’ states in
this context layer to change fast, while the larger time
constant of the slow context layer allows the corresponding
cell’s state to update slowly. This way the network can make
use of previous temporal information and control the decay
of neural states [17]. Usually, the fast context layer is located
between the input and the slow context layers, and it is fully
connected with these. Via these connections, the computation
of the fast context layer at 𝑡 time step is determined by the
input signal 𝑥𝑡 , the previous neural activity ℎ𝑓 (𝑡 − 1) and
the inputs from the connecting slow context layer ℎ𝑠 . The
computation for the fast context layer is as below.
ℎ̃𝑓,𝑡 = 𝜎(𝑊𝑓 𝑥𝑡 + 𝑈𝑓 ℎ𝑓,𝑡−1 + 𝑈𝑠𝑓 ℎ𝑠,𝑡−1 + 𝑏𝑓 )
(1)
1 ̃
1
ℎ𝑓,𝑡 = 𝜏 ℎ𝑓,𝑡 + (1 − 𝜏 ) ℎ𝑓,𝑡−1
(2)
where 𝑊𝑓 , 𝑈𝑓 and 𝑈𝑠𝑓 are weight matrices, 𝑏𝑓 is the bias
parameter, and ℎ𝑓,𝑡−1 and ℎ𝑠,𝑡−1 are the hidden state of both context
layers at 𝑡 − 1 time step. The non-linear function 𝜎 is tanh

here and 𝜏 is the time constant for this layer.
As for the slow context layer, this is usually located on
top of the fast context layer, and it only has connections with
the fast layer. The computation process is the same as for the
common RNN, except for the use of the time constant. The

Fig. 1. The Multiple Time-Scale RNN models

B. Multiple Time-Scale Gated Recurrent Unit (MTGRU)
Using a sim ilar concept of multiple time-scale as with the
MTRNN, the MTGRU model shares a similar structure
which contains context layers with different time constants
[15]. Same as the spreading of information in MTRNNs, the
state information of slow context layers is used for the
computation of the cell state of the fast context layer. The
states of the context neurons decay along time, as determined
by the time constants.
At the same time, the MTGRN inherits the gated
mechanism from the GRU model. For the output, the internal
memory of the neurons is composed of the calculations of the
gated mechanism, reset gate, update gate and current cell
state. The reset and update gates are determined only by the
current input signal 𝑥𝑡 and the previous hidden state ℎ𝑓,𝑡 of
the fast context layer.
The reset and update gates are computed by Eq. (5) and
(6) respectively:
𝑧𝑡 = 𝜎(𝑊𝑧 𝑥𝑡 + 𝑈𝑧 ℎ𝑓,𝑡−1 + 𝑏𝑧 )
(5)

𝑟𝑡 = 𝜎(𝑊𝑟 𝑥𝑡 + 𝑈𝑟 ℎ𝑓,𝑡−1 + 𝑏𝑟 )
(6)
The result of the reset gate 𝑟𝑡 will then be used to
calculate the current information representation along with
ℎ𝑓,𝑡−1 and ℎ𝑠,𝑡−1, the hidden cell states of both layers at last
time step:
𝑢𝑓,𝑡 = 𝜎(𝑊𝑢 𝑥𝑡 + 𝑈𝑢 (𝑟𝑡 ⊗ ℎ𝑓,𝑡−1 ) + 𝑈𝑠𝑓 ℎ𝑠,𝑡−1 + 𝑏𝑢 )

(7)

Below is the updating equation for hidden state
involving the time constant [15]:
ℎ̃𝑓,𝑡 = (1 − 𝑧𝑡 ) ⊗ ℎ𝑓,𝑡−1 + 𝑧𝑡 ⊗ 𝑢𝑓,𝑡
1
1
ℎ𝑓,𝑡 = ℎ̃𝑓,𝑡 + (1 − ) ℎ𝑓,𝑡−1

(8)
(9)
𝜏
𝜏
where ⊗ indicates the element-wise computation, other
symbols are the same as the ones of the MTRNN model. As
for the computation of the slow context layer, the definition
of the fast context layer is the same as in MTRNN, in which
the fast context layer is determined by the three input signals
including the one from the slow context layer, while the slow
one only uses the output of last layer and the previous state
of itself.
C. Multiple Time-Scale Single-Gate Recurrent Unit (MTSRU)

We can reconsider the internal structures and training of
the MTGRU model as the similar linear computation between
the Multiple Time-Scale and gate mechanism.
Firstly, we analyse the functionality of the gate
mechanism and how it avoids the gradient vanishing. Similar
as [5], a kind of derivative of the calculation is shown below
for clarification, on how the gradient of the network
parameters in the LSTM model can be computed:
̃𝑡
𝜕𝐸
𝜕𝐸𝑡 𝜕𝑦𝑡∗ 𝜕ℎ𝑡 𝜕ℎ
= ∑𝑡𝑘=1
(10)
∗
̃
𝜕𝑊

𝜕𝑦𝑡 𝜕ℎ𝑡 𝜕ℎ𝑡 𝜕𝑊

where the 𝐸𝑡 is the error at time step 𝑡 , 𝑦𝑡∗ is the
prediction, ℎ𝑡 is the hidden state while ℎ̃𝑡 is the cell state, w
is a parameter of the network, i.e. the weight matrix of the
forget gate. The complex here leading to the gradient
vanishing is

̃𝑡
𝜕ℎ

if explicitly write it as:

𝜕𝑊

̃𝑡
𝜕ℎ
𝜕𝑤

=

̃𝑡
𝜕ℎ
𝜕𝑓𝑡

⋅

𝜕𝑓𝑡
𝜕𝑤

+

̃𝑡
𝜕ℎ
̃𝑡−1
𝜕ℎ

⋅

̃𝑡−1
𝜕ℎ
𝜕𝑓𝑡−1

⋅

𝜕𝑓𝑡−1
𝜕𝑤

𝑡

𝜕ℎ̃ 𝑡 𝜕ℎ̃𝑡−1 𝜕ℎ̃𝑡−2 𝜕𝑓𝑡−2
⋅
⋅
⋅
+⋯+∏
̃ 𝑡−1 𝜕ℎ̃𝑡−2 𝜕𝑓𝑡−2 𝜕𝑤
𝜕ℎ
𝑗=1

+
̃𝑗
𝜕ℎ
̃𝑗−1
𝜕ℎ
(11)

More explicitly, we can further unfold the term
𝜕ℎ̃ 𝑡
𝜕ℎ̃ 𝑡−1

𝜕 ℎ̃ 𝑡
𝜕ℎ̃ 𝑡−1

as:

̃ 𝑡−1 𝜎′ (⋅)𝑊𝑓∗ 𝑜𝑡−1 (ℎ̃ 𝑡−1 ) +
=ℎ

𝑎𝑡 𝜎 ′ (⋅)𝑊𝑖 ∗ 𝑜𝑡−1 (ℎ̃𝑡−1 ) +
𝑖𝑡 𝜎 ′ (⋅)𝑊𝑎∗ 𝑜𝑡−1 (ℎ̃𝑡−1 ) +𝑓𝑡

(12)
where 𝑎𝑡 , 𝑖𝑡 , 𝑓𝑡 are the gate signals of LSTM and they
have three weight matrices at each gate. The value 𝑜𝑡−1 is
the network output at time step 𝑡 − 1. When the time steps
are large, the gradients of weight matrices do not result in
vanishing gradient, since the network can easily set the
value of the forget gate 𝑓𝑡 to bring the gradient closer to 1.

What must be noted is that the recursive derivative for the
forget gate of LSTM cannot totally avoid small values
between 0 and 1 but is highly avoided. Thus, by the forget
gate, the vanishing gradient problem can be significantly
alleviated.
Furthermore, noticing the update equation for the hidden
state for the MTGRU model, the functions of the update
signal and the time constant are similar (both of them are
linear mappings). Hence, (8) and (9) can be combined into a
linear function.
Given the above-mentioned reasons, we propose to
remove the update gate. Thus, the calculation of hidden state
can be written as below (take the fast context as an example):
1
1
ℎ𝑓,𝑡 = 𝑢𝑓,𝑡 + (1 − ) ℎ𝑓,𝑡−1
(13)
𝜏
𝜏
Although the update signal provides more flexible
updating for each neuron, the computation of optimising the
weight matrix for this signal is expensive when the number
of hidden units is large. Moreover, the target for gated
architectures to eliminate the gradient vanishing problems
depends on the forget gate. Therefore, the modification to the
update gate would not destroy the learning ability for longterm dependencies in such models. Therefore, we claim that
MTSRU has the similar functionality of the original version
of MTGRU.
III. EXPERIMENT
This section will first introduce the experiment dataset.
Also, the experimental plan including the prospective
hypotheses and the evaluation standards for the model
performance will be presented. Finally, the experiment
results are discussed.
A. Experiment Dataset
The dataset for this comparative experiment was recorded
by Zhong et al. [18] from the object manipulation experiment
on the iCub robot [19]. The iCub is a robot with the size and
appearance to a 2.5-year old human child and essential open
access hardware and software to develop cognitive modules
[20]. It has a total of 53 degrees of freedom. In the work of
Zhong et al. [18], the iCub was taught to learn the meaning
of natural language commands with the sensorimotor
demonstrations. The dataset includes the angles of the upper
torso joints (35) and of the neck and eyes (6), as described in
[18].
Table 1 is the lexicon for human command translation
which was produced by word embedding techniques.
TABLE 1. Lexicon of 9 verbs (for actions) and 9 nouns (for objects) used
in the commands

The aim of this experiment is to associate a language
command which contains one verb and one noun with the
motor action and the visual feature, respectively. For the
robotic experiment, the spoken language command is the first
input for the iCub robot. The object referred to (noun) in the
command is located by the visual tracking module embedded
in the robot’s open-access software toolbox. The sequence of
the joint angles is used and recorded to produce the
corresponding motor action (verb). The language commands
are composed of two discrete words: The 9 actions and 9
objects were combined to produce 81 possible commands
pairs. The first input, about the language command, uses two
words. The encoding of each word corresponds to a real
number in the range of 0 and 0.9 as shown in Table 1. As the
second input on about the object, the neck and eyes angles
were used to describe the location of the object in the visual
system of this robot, encoding it as 6 real numbers. The third
input about the action of the robot uses a total number of 35
joints, consisting of 3 torso joints, 16 left and 16 right arm
joints. Hence, the total number of dimensions of the input
data is 43, as shown in Table 2. Moreover, the recording of a
complete movement sequence was taken every 5 seconds
with an interval of 50ms. Thus, the whole sequence contains
100 temporal status vectors.

improve the training process. The convergence performance
will be compared. Also, the results of the prediction mode,
which require a higher learning ability to retain long-term
dependency, is presented.
Moreover, the performance of our proposed MTSRU
model is examined in the context of the trajectory generation
task. As a modified version of MTGRU, the emphasis of this
sub-experiment is on the two questions: 1) Would the
modification to the model degrade the learning ability? And
2) How much reduction in the overall computation cost is
achieved? Our hypothesis is that the performance of the
simplified version will be slightly degraded, although it will
remain above an acceptable level. The computation saving
will be analysed in Section 5.

TABLE 2. The structure of data from Zhong et al, 2019

where 𝑆 is the number of time steps which is 99 in the
sequence data. 𝑁 is 43 which is the total number of
dimensions of the data. 𝑦𝑘∗ indicates the predicted vector and
𝑦𝑘 is the real value for the predictions.
The second evaluation term is the time cost of the models.
The elapsed time of each model for each epoch is recorded
and compared as this property is critical for researchers to
select learning algorithms for their tasks when the time cost
should be limited.
Next, although the elapsed time reflects the computation
cost of the models, a more straightforward way to quantify
the number of parameters is needed in the experiments. More
precisely, this evaluation metric should also consider the
dimensionalities of different parameters. Hence, the total
computation complexity of a model is calculated by (9) as
below:

B. Network Training Experiments
We conducted two experiments to examine our
hypotheses of the MT features. We will firstly introduce the
experimental settings, and then the evaluation of these
models will be given.
1) Experiment Outline & Hypotheses The training process
in the work of Zhong et al. [16] is based on the encoderdecoder architecture, where the encoder has inputs from the
current time-step and the decoder has a one-step-ahead
prediction. In our study, although using the same dataset, a
different training task called trajectory generation is defined.
In this training task, only the first sequence vector, which
indicates the language command, object location and the
initial state or the information of physical positions of the
robot, is needed. By processing this starting state information,
the network attempts to generate the whole movement
trajectory for fulfilling the requested action. Compared to the
encoder-decoder training task, the prediction of each step
becomes the next input to the network. As such, this
significantly increases the difficulty of the learning task.
Firstly, based on the two learning situations discussed
above, the performances of MTRNN and MTGRU in both
contexts are compared. Based on the experiments done in
[16], the self-adaptive optimisation algorithm is introduced to

2) Evaluation Method To quantify the performances and
computation complexities of the three models, three
evaluation terms are set.
Firstly, we will examine the accuracy of the model, which
is the most important benchmark for a learning model. This
is evaluated by the root mean square error (RMSE) [21] of
the predictions, which is defined as below:
1

𝑅𝑀𝑆𝐸 = √𝑆∗𝑁 ∑𝑆𝑡=0

𝐶 = ∑𝑁
𝑖=1

∏𝐷𝑗=1

∑𝑁
𝑘=0

𝑑𝑖𝑗

(𝑦𝑘∗ − 𝑦𝑘 )2

(8)

(9)

Where 𝑑𝑖𝑗 represents the length of 𝑖 th parameter on the
dimension 𝑗. 𝑁 is the number of parameters. 𝐷 indicates the
dimensionality of this parameter.
Finally, other issues such as the convergence rate and the
property of stability for models should be also considered
when choosing an appropriate model for machine learning
tasks. These evaluation methods will also be used in the
analyses and discussion of the experiment results and in
Section 5.
C. Experiment Results
Case 1: Comparison of the performances of MTRNN and
MTGRU for the training task in the encoder-decoder model.

The performances of these models are shown in Table 3,
and their time costs are shown in Table 4, and the common
training curves of these three models in this task is illustrated
in Figure 2.
TABLE 3. Performances of three models in the encoder-decoder task with
three repetitive experiments within the same context
experiment
1

experiment
2

experiment
3

average

MTRNN

2.91E-05

2.80E-05

2.94E-05

2.88E-05

MTGRU

1.06E-05

1.15E-05

1.12E-05

1.11E-05

TABLE 4. The time costs of three models in the encoder-decoder task (Run
by Tensorflow with GPU-NVIDIA GeForce MX150 2GB)

Time Cost (s) / epoch
MTRNN

15.62

MTGRU

38.92

Fig. 2. The training curves of two models in the encoder-decoder task

Fig. 2a shows the training curve of the MTRNN model
and Fig. 2b shows that of the MTGRU model. In the above
experiment on the encoder-decoder task, the performance of
the MTGRU is better, while both models generate a low error.
Although the accuracy of the MTRNN model is lower, the
time cost of the MTGRU model is significantly higher, more
than double the time cost of the MTRNN model. Furthermore,
the convergence curve of the MTGRU model is very smooth,
while that of the MTRNN model has sudden spikes.
Meanwhile, the convergence rate shown by the training curve
of the MTGRU is higher than the MTRNN model. The
MTGRU model converges at around the 100th epoch, while
the convergence point for the MTRNN model is after 200
epochs. In addition, compared to the training performance in
[16], the adaptive optimisation generates much more smooth
curves and better convergence trends.
Case 2: Comparison of MTRNN, MTGRU and MTSRU for
the trajectory generation task.
The performances of these three models for trajectory
generation task are shown in Table 5, the time costs in Table
6, and the training curves of the three models is illustrated in
Figure 3.
TABLE 5. Performances of three models in the trajectory generation task

MTRNN

experiment
1
6.39E-03

experiment
2
6.46E-03

experiment
3
6.48E-03

6.44E-03

MTGRU

1.14E-05

1.11E-05

1.15E-05

1.13E-05

MTSRU

1.61E-05

1.78E-05

1.69E-05

1.69E-05

average

TABLE 6. The time costs of three models in the trajectory generation task
Time Cost (s) / epoch

Fig. 2a. MTRNN curve

Fig. 2b. MTGRU curve

MTRNN

15.15

MTGRU

39.05

MTSRU

37.36

Fig. 3a. MTRNN curve
TABLE 7. The computational complexity of three models
MTRNN

MTGRU

MTSRU

212649

583849

398249

For clarification, while calculating the computational
complexity of these models, the biases are ignored since their
computations are trivial to the training process. As shown, the
MTRNN model is the simplest one while the MTGRU model
contains the most parameters expected to be well trained. The
MTSRU model reduces the computation workload much
lower than the original model.
IV. CONCLUSION AND FUTURE WORK

Fig. 3b. MTGRU curve

Fig. 3c. MTSRU curve
Fig. 3. The training curves of three models in the trajectory generation task

The second curve, for the MTGRU model, keeps its good
learning ability as in the encoder-decoder task, while the
performance of the MTRNN model (the first curve)
dramatically degrades. As for the time cost, there is no
obvious difference amongst them. However, the training
curves show that the fluctuation of the MTRNN model is
remarkable. On the contrary, the training curve of the
MTGRU model remains stable and smooth as in the first case
experiment. When it comes to the last curve of the MTSRU
model, this shows almost all the distinctions of its original
version. Noticeably, the slightly degraded accuracy is
acceptable and stays at a satisfactory level. The time cost for
each Gradient Descent epoch is also reduced.
The computational complexity of the models is also
compared, especially to quantify the computation saving of
the MTSRU model. This term is calculated as introduced in
(9) and the comparison is shown in Table 7.

In this study, in addition to the encoder prediction task in
[16], the new generation task is conducted to compare the
performances of the MTRNN and MTGRU models. A
simplified version of the MTGRU model named MTSRU is
also proposed. Through the experiment, the following
conclusions can be drawn:
1. In the context without a high requirement for learning
long-term dependency, the MTRNN model should be
preferred for its low requirements of the computational effort.
2. While doing challenging work involving prediction, the
MTGRU model is preferred as it can retain its learning
accuracy and stability of its convergence. although it requires
higher computation effort.
3. The MTSRU model also has its advantage over the
original model in terms of its comparable accuracy and lower
computation requirement in the robot manipulation setting.
The idea of Multiple Time-Scale is appreciable as its
ability to model the information with time effect. However,
there are no rules in stone helping us assert a method to be
the best. The situation in development is usually of a tradeoff between accuracy and cost. From this point, this work of
MTSRU should shed light on the adaptation of cutting-edge
approaches for the performance requirements in specific
tasks.
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