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Abstract - A phenomenal increase in computational power made deep learning possible for real-time applications in recent years. Non-
linearity, external disturbances, and robustness are significant challenges in robotics. To overcome these challenges, robust adaptive
control is needed, which requires manipulator inverse dynamics. Deep Learning can be used to construct the inverse dynamic of a
manipulator. In this paper, robust adaptive motion control is developed by effectively combining existing adaptive sliding mode
controller (ASMC) with Recurrent Neural Network such as Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU). A
supervised learning approach is applied to train the LSTM and GRU model, which replaced the inverse dynamic model of a manipulator
in model-based control design. The LSTM-based inverse dynamic model constructed using input-output data obtained from a simulation
of a dynamic model of the two-links robot. The deep-learning-based controller applied for trajectory tracking control, and the results of
the proposed Deep Learning-based controller are compared in three different scenarios: ASMC only, LSTM or GRU only, and LSTM or
GRU with ASMC (with and without disturbance) scenario. The primary strategy of designing a controller with LSTM or GRU is to get
better generalization, accuracy enhancement, compensate for fast time-varying parameters and disturbances. The experimental results

depict that without tuning parameters proposed controller performs satisfactorily on unknown trajectories and disturbances.

Keywords: Robot Learning Control, Deep Learning, Recurrent Neural Network, Long Short-Term Memory, Gated Recurrent Unit,
Adaptive Sliding Mode Control

1. Introduction

Artificial Intelligence and Deep Learning are becoming the key to modern robotics. Deep Learning has demonstrated
incredible success in image and video processing, object detection, recommender systems, and natural language processing.
Deep Learning is a part of a more comprehensive class of machine learning techniques in which the model learns from the
data. Each layer extracts new features where a type of learning includes supervised, unsupervised, and semi-supervised. In a
deep neural network, top layers learn higher-level features where the last layers learn lower-level features. Yann LeCunn et
al. [1] used the back-propagation technique to recognize hand-written digits taken from the US Mail. Krizhevsky, Sutskever
and Hinton, proposed a deep convolutional neural network in [2] that made a significant impact on image recognition. H. Su
et al. applied the Deep Convolutional Neural Network approach to managing redundancy control [3].

On the other hand, from simulation in the lab to real-world work, robots face extreme challenges. Increasing Human-
Robot Interaction requires higher perception and precision for the robot to ensure the safety of human life. Human behaviour
interpretation is a highly complicated task, for which human-made solutions are tough to formulate [4]. As the industry
grows, robots need to handle various work, which is difficult for many learning algorithms. In such a scenario, a system
having the ability to learn from data plays a significant role. In the robotics and control field, numerous researchers have
conducted extensive research on intelligent control, adaptive sliding mode control, adaptive control, and chattering-free
SMC using fuzzy-logic-based dynamic model of a robot [5]-[9].

The adaptive controller has a problem in handling the unmodelled dynamic and parameter convergence. The well-known
variable structure control method, SMC, has been proposed to satisfy robust tracking but the chattering problem still arises,
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leading to actuator break down or inefficient control performance. M. Zeinali proposed a chattering free SMC using a fuzzy
model combined with Adaptive Sliding Mode Control [10].

In the last decade, the Neural Network-based approach has increased due to its ability to approximate any function. The
combination of classical control and advancement in deep learning-based methods began the development of new techniques
for research. A Neural Network-based approach to learn the flexible manipulator's inverse dynamics presented in Zeinali and
Wang [11]. The Neural Network-based approach needs higher computational power compared to a classical controller. B.
Ozyer introduced an Adaptive Fast Sliding Controller combined with Neural Network and Global Fast sliding Mode
Controller [12]. S. Bansal, et al. used Neural Network in learning quadrotor dynamics for flight control [13]. S. Edhah et al.
used a new greedy Layer-wise approach in which they separated hidden layers to train separately [14]. After training, they
merged all hidden layers as a single network. However, application of deep learning techniques to estimate the inverse
dynamic of the manipulator and build a robust controller is fairly new and needs more investigation, in particular,
combination of ASMC with deep learning-based model needs more research and have not been fully investigated in the
literature.

In this paper a robust adaptive motion control is proposed by effectively combining of existing adaptive sliding mode
controller (ASMC) [10-11] with Recurrent Neural Network such as Long Short-Term Memory (LSTM) and Gated Recurrent
Unit (GRU). A supervised learning approach is applied to train the LSTM and GRU model, which replaces the approximately
known inverse dynamic model of a manipulator in model-based control design. As an increasing Neural Network layer gets
an accurate and generalized model, the loss function gradient diminishes to zero, making it hard to train, resulting in the
vanishing gradient problem. The main reason for the vanishing gradient is transforming a large variation in input data into a
small variation input (e.g., 0 to 1, -1 to 1), which means a large change in input data results in a minimal change and the
derivative of that becomes close to zero [15].

Humans have biological intelligence which processes information incrementally while keeping an internal model of what
it is processing, built from prior knowledge and continuously updated as new knowledge comes in [16]. Recurrent Neural
Network uses the same idea, keep the information in a cell. RNN-based models have a problem remembering Long Term
dependencies [17], which is solved by the advanced versions of RNN called Long short-term memory [18]. N. Liu et al. used
an LSTM-based deep learning algorithm to model robot inverse dynamics for Smart Cities and Factories [19]. This paper
organized as follows: Section 2 illustrates problem formulation and the Adaptive Sliding Mode Controller structure. Section
3 includes a brief description of LSTM and the proposed deep learning structure. Simulation results and comparison of
different models included in Section 4. Section 5 concludes the paper and future work.

2. Problem Definition

The n-link manipulator's general dynamic model can be defined by following a second-order system equation in joint space
angles [10].
T=M(q)§+C(q,9)q+F(q,9) +G(q) +d(t) 1)

where ¢, ¢, and ¢ are the joint position, velocity, and acceleration vectors, respectively. M(q) € R™", C(q,q) € R™",
F(g) € R, G € R, d(t) € R™?, and 7 refers to inertia matrix, which is positive definite, Coriolis terms, Viscus and
Coulomb friction coefficient, gravitational term, bounded disturbances, and torque, respectively. Viscus (F,) and Coulomb
(F,) friction term defined as the following equation:

F(q,9) = F,q+F 2)

Assuming h(q,q) = C(q,q)q + F(q,q) + G(q), the equation (1) can be defined in the following way:
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t=M(q)g +h(q,q) +d(®) ©)

Due to the presence of external disturbance, payload variation, and friction terms, it is extremely difficult to model the exact
dynamic of the robot mathematically, therefore, dynamic model is an approximation of actual robot and the components
defined in (1) can be rewritten as follows:

r=(M@+2M@)i+(Cad+ac@d)i+ (F@d)+aF@))+(G@+a6@)+dn) @
And
M(q) = M(q) +AM(q); C(@) = C(q.q)+AC(q,9); F(@) = Flq@+AF(@qq); G@=G@+26@q ()

Here, M, C, F, and G are estimated values of inertia matrix, Coriolis terms, friction terms, and gravity terms whereas A M,
AC, AF, and A G are an unknown portion of these terms. In this work, it is assumed that the friction term F(q) is
completely unknown without the loss of gravity. Therefore, equation (1) can be written as follows:

T=1(q,4,4,t) +5(q.9,4,t) (6)
2(q,4.4,) = M(@)j+ C(q.4,)¢ + G(q) (7)

Here, 6(q, q,q; t) is an unknown function that combines various uncertain terms into one lumped uncertainty term, and
defined as follows

6(q,9,4,t) =AM(q)G+ A C(q,q,t) g+ AG(q) + AF(q,q,t) +d(t) (8)

Equation (7) is the nominal dynamics of the robot. In this paper, first, the goal is to construct the nominal dynamics of the
manipulator, using deep-learning techniques, and drive a formulation for the controller using this deep learning—based model
instead of the components given in (7), and then use the learning capability of this Al-based dynamic model and capture the
unknown dynamic of the robot over time true off-line and online training To design the controller and analyze the closed-
loop system's stability, it is assumed that the following assumption holds.

Assumption: The uncertainty vector §(q, g, g, t) and its partial derivatives are bounded in Euclidian norm as:

16(9,4,4,Oll < p(q,4,4,t)
9)

where p(q, g, g, t) is the unknown bounding function of the uncertainties, || . || is Euclidian norm. For the detailed information
about the stability, the reader is recommended to refer [10-11].

2.1 Controller Design
The controller proposed in this paper is built based on adaptive sliding mode control presented in reference [5-6], as:

Tasme = Mg, + €(q,q, )¢, + G(q) —KS— T [Sdt (10)

In above equation it is assumed that the friction component of robot dynamic is included in the lumped uncertainty term and
it is estimated using adaptive term of the controller. In equation (10) K and I' are design parameters and they are symmetric
positive definite diagonal matrix and S(g, t) is the sliding variable which is defined as follows:

S(q,t) = (5 + M2([ edt) = é + 24e + A? [ edt (11)
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And e=q—qq,€ =49 —qq (12)

where A is an nxn symmetric positive definite diagonal constant matrix and e = g — q4, € = ¢ — ¢4 are the tracking error
and the rate of error, respectively. g, and g are the desired and measured joint variables, respectively. The integral of error
is included to ensure zero offset error. Control law given in equation (10) has two component: i) a model-based component,
e,y = l\7l<'1|'r + éqr + G, which can be constructed based on the available knowledge of the dynamic model of the
robot manipulator; and ii) a sliding function-based proportional-integral component 7, =—KS —T'[Sdt, which

replaces the discontinuous term in traditional sliding mode, and is constructed based on dynamic behavior of
sliding function, for detail please refer to [5-6]. In this work the goal is to replace the model-based component:

Tm = |\7|q'r + éqr +G (13)

with the component calculated using deep learning techniques and is called 7,y in this paper. In fact, ,, is the
data-driven parameterized model of the robot constructed using deep leaning techniques and through off-line training based
on data collected from the robot, in which parameters of the model are the weights of the network. Deep learning-based
component is a nonlinear function of joint variables and is as:

wy = f(4,9,4) (14)

Where, the input variables are position, velocity, and acceleration of each joint(g,4,4), and the output of the neural network

is the torque Ty, Of the corresponding joint. Replacing the model-based component with neural network-based component
in equation (10), control law cab be written as:

TASMC = TyN — KS — Fdet (15)

The block diagram of the proposed controller is shown in Figure 1.

l[q 4]
[qa qa Gal LSTM or GRU
Network
Inn
Adaptive
Ganerator () siing-wode Tas ()T Robot
[qd qd qd] U [e é] Control U
lq 4l

Figure 1: Block diagram of the controller
3. Proposed Deep-Learning Methodology

3.1 Recurrent Neural Network

Depends on the problem, there are numerous versions of RNN presented by researchers such as one-to-one, one-to-
many, many-to-many, and many-to-one, whereas some advanced versions include Long Short-Term Memory and Gated
Recurrent Unit. In some exceptional cases like a singular-plural problem in speech recognition, the current cell calculation
also depends on the next cell's upcoming input. A particular version of Recurrent Neural Network known as Bidirectional
Recurrent Neural N plays a significant role in accurate prediction in such cases.
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A. Long Short-Term Memory (LSTM)

Nowadays, there has been incredible success using Recurrent Neural Network in various problems such as speech
recognition, image captioning, language modelling. The traditional neural network-based models have a shortcoming in
remembering older situations. In contrast, Recurrent Neural Network-based models such as LSTM can persist information
to use with sequence datasets, making them unique. Long Short Term Memory networks are a unique kind of recurrent neural
networks introduced by Hochreiter & Schmidhuber [18] in 1997. In theory, classic RNNs can keep track of arbitrary long-
term dependencies in the input sequences. Because of the computations involved in the development of backpropagation
method, which uses finite-precision numbers while training a classic (or "vanilla™) RNN, the gradients which are back-
propagated can "vanish" or "explode".

As shown in Figure 2, a sequence input layer and a LSTM layer are the core component of the LSTM Network. LSTM looks
at the input x and outputs a value h, and a loop allows information to pass from one stage to another. As shown in Figure 3,
the horizontal line running through the top of the diagram is responsible for persisting information over time. With only a
few linear interactions, it runs straight down the entire chain.

O,

A
| LSTM Ij LSTM LSTM —I— LSTM

Figure 2: Sequential nature of LSTM
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Figure 3: Structure of LSTM cell. This figure is revised from [18]

Mathematically LSTM can be represented by the following equations:
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fe = U(Wf [he—1,xe] + bf) (16)

uy = o(wylhe_q,x¢] + by) 17)
¢; = tanh(w,[h_q,x:] + b.) (18)
0 = 0(wolhe_1,x¢] + by) (19)
€t = UpCe + frrCeq (20)
h; = o4 tanh(c;) (21)

Where f;, u;, and o, are forget gate, update gate, and output gate, respectively. x; is the input to the current cell. Here, h;_4
and c;_; are the output from the last LSTM cell. o represents a sigmoid activation function, and tanh stands for tangent
activation function. wg, wy,, w,, and w, are weight matrix, and by, by, b, and b,, refer to bias vectors. f; is multiplied with
ct—1 Which means based on that how much previous information is useful in current prediction. Also, h; is the output of

each LSTM cell (that is the output torque calculated using the network) and h;_ is output from previous cell and used in
the inner computation of LSTM cell.

B. Gated Recurrent Unit (GRU)

GRU is another recurrent neural network that learns meaningful representation from sequence data [20]. The GRU is
similar to LSTM without an output gate. GRU cell contains reset gate (), update gate (z,), and candidate gate (h,).

1y = os(Wer X + by + Wiphi_q) (22)
zy = 0s(WyzXe + by + Wyshe_q)
(23)
he = tanh(WypX, + by + Wi (1 © he_y)) (24)
he=(1-2)0h + 20 hey (25)
Vi
.

)
1 A—L_z

R

Figure 4: Structure of GRU cell. This figure is revised from [20]

Where 7, z., and h, are stands for reset gate, update gate, and candidate gate, respectively. Moreover, h, is the output of
each GRU cell (that is the output torque calculated using the network) and h;_, is output from previous cell and used in the
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inner computation of GRU cell. The weight matrix for input gate to reset gate, update gate, and candidate gate are defined
as W, W,.,, and W,,. Here g is sigmoid activation function.

3.2 Proposed Deep Learning Architecture

Input Layer
Y
Fully Connected Layer (50) |
Y
| LSTM or GRU Layer (200) |
|
| LSTM or GRt Layer (200) |
|
Fully Connecfed Layer (50) |
'
Dropout Layer (0.5)
Fully Connected Layer (2)
Regression Layer

Figure 5: Deep Learning Structure.

As shown in Figure 5, the proposed architecture contains a sequence input layer, LSTM layer, fully connected layer, and
dropout layer. Here, the sequence input layer has 6 neurons (position, velocity, and acceleration for Joint 1 and 2), LSTM
with 200 neurons, fully connected layer with 50 neurons. The dropout layer utilized to prevent the overfitting situation with
a dropout ratio of 0.5. The state activation function and gate activation function are tanh and sigmoid, respectively. Glorot
is used as an input weight initializer for recurrent and fully connected layers.

Sigmoid and Hyperbolic tangent activation function can be defined as following:

o) = (26)
tanh(x) = Z: Z: (27)

All inputs are normalized using z-score normalization. In z-score normalization, the input value is normalized based on a
mean and standard deviation of input.

X = (28)

4. Simulation
To evaluate performance, we compared our approach with existing approaches on various uncertainties and disturbances
to measure adaptive capability, error convergence, and robustness of the controller. The exact dynamic model of the

manipulator is not known because of uncertainty and external disturbance. In this context, the dynamic model of a 2-DOF
robot is as follows

[Tl] _ I\ZI11 1\;/712 [Cll] n C:11 C:12 fh] N [9:1] (29)
T2 My, My, 192 Cy1 Cy]l42 92
where, M;; = a; + 2a3 cos(q,) + 2a,sin(qy), M, = a, + az cos(q,) + a, sin(qy),
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My = My, My = a2, Ci1 = —hg, +v1, Ci2 = —h(d1 + 42), Co1 = hqy, Coy = V2,

h = assin(qz) —ascos(qz), g1 = ascos(qy) +agcos(qr + qz),

G2 = ag *cos(qy + qz), a; = I + mllgl + I + melge + mel%r a, = I, + melge
_ _ . _ _ Melceg
az = melylee COS(3O):a4 = Melylee sm(30),a5 - (mllcl + mell)g: s = — v
cos (E)
_ 1400 0 25 0 _ 120000 0 _ _[250 O
Here, K= [ 0 200], (= [0 15]' r= [ 0 10000]’ A= 50, d(t)_'[ 0 100]
Combining LSTM or GRU with ASMC as follows
Trstm = Teru = e (32)
Trstm+ asmc = Trstm —KS — T[S dt (33)
Toru+asmc = Tery — KS— T [Sdt (34)

T2

Figure 6: This figure is revised from [5].

LSTM and GRU are trained on 27 trajectories with a sampling time of 0.003 sec for 500 epochs and tested with 0.001 sec
for 10 sec on 3 new trajectories. The initial learning rate and L2 regularization are 0.005 and 0.0005, respectively.
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Joint 1 Trajectory (Deg)

Joint 2 Trajectory (Deg)

Table 2. Model performance with and without external disturbance (in degree)

Model RMSE for Joint 1 RMSE for Joint 2 Average RMSE Disturbance

ASMC 0.0413 0.0616 0.0514 No
LSTM 4.7291 22.6367 13.6829 No
GRU 5.0640 17.4393 11.2516 No
LSTM + ASMC 0.1608 0.1810 0.1709 No
GRU + ASMC 0.1598 0.1790 0.1694 No
ASMC 0.0429 0.0685 0.0557 t=7sec
LSTM 5.3851 49.0522 27.2186 t=7sec
GRU 8.5020 35.4534 21.9777 t=7sec
LSTM + ASMC 0.1613 0.1824 0.1718 t=7sec
GRU + ASMC 0.1603 0.1804 0.1703 t=7sec
150 Joint 1 05 . . . . JoiT\t 1 | | | |
3 o M
g 0.5 B
o I | ‘ ‘ | ‘ ‘ | ‘ . I I I I I I --'"-"I" ASMCIW\lh disiulrbance
0 1 2 3 4 5 6 7 8 9 10 0 1 2 3 4 5 6 7 8 9 10
100 T 1 Joi?t 2
50 o5 I B
g 0 V\/\MM/V\/\MM\_;E“\/W
0 S
S -0.5 4
50 F Desired Trajectory , iT]
ASMC . ]
'''''''' ASMC with disturbance
-100 = - ! ! 150 . . . . . . . . .
0 1 2 3 8 9 10 0 1 2 3 4 5 6 7 8 9 10
Time(sec) Time(sec)
Figure 7(a): ASMC controller Figure 7(b): ASMC controller Tracking
performance with and without disturbance. error with and without disturbance.
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Figure 7(c): ASMC controller Torque

with and without disturbance.

Figure 7 describes the Adaptive Sliding Mode Controller with and without disturbance. The external disturbance T,
applied at t = 7 sec and in 0.1 sec it follows the desired trajectory again, which illustrates that the ASMC controller can
handle external disturbance situation. Figure 8 depicts the comparison of ASMC, LSTM with ASMC, and GRU with ASMC.
Att =7 sec, error increases due to the disturbance for LSTM with a peak value of 0.4 degree and ASMC with 2.5 degree.
Using only the LSTM or GRU model results in higher tracking error. After combining with ASMC, both of the models
precisely following the desired trajectory. Following the disturbance, recurrent neural network-based models have less error

than ASMC, as shown in Figure 8(b).

Joint 1
0.4 ASMC 1
— LSTM + ASMC —
§ 02 GRU +ASMC | 7] § 2000
= a Pl i A A Ji i a A R =
2 O o VA TTAYY L . WV BN, -
(<} e , )
= 0
w -0.2F b Z
k)
04 C 1 1 L 1 1 Il 1 1 ] 2000
1 2 3 4 5 6 7 8 9
Joint 2
2| 1 400
S = 200
> €
o) S SR N \ o -
Q 0 A ot 7 O o g 0
I / I
rl rl
2 » -200
o > 0.2 i >
] 400
=}
0 " 600
4l ‘ | L 689 7, 7 | |
0 1 2 3 4 5 6 7 8 9 10
Time(sec)
Figure 8(b): Comparison of Error (with

disturbance)
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Figure 8(a): Comparison of ASMC, LSTM
with ASMC only, and GRU with ASMC (with
disturbance).
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5. Conclusion

To conclude, to verify and test the proposed controller, the trajectory tracking results of ASMC is compared with a
combination of LSTM or GRU and ASMC. Our experimental results show that without tuning the parameters for the Deep
Learning models, control law combining LSTM or GRU with ASMC generates acceptable results for scenarios with and
without disturbance. The results show that ASMC controller has lower tracking error, but with more fluctuation and a higher
torque value whereas the proposed controller generates torque based on knowledge of dynamic not based on tracking error,
and this ,in turn, reduces the fluctuation and chattering in control torque and tracking error. In this Deep Learning-based
model, it is found that 0.003, and 0.005 learning rate are the optimum values and we also noted that increasing the epoch
rises the training time. Deep learning model construction and data cleaning positively influence the output value of the
network. Using position, velocity, and acceleration data, the deep learning model can precisely estimate the torque value
required to follow the desired trajectory. This study shows that up to 90% of the required torque can be generated with LSTM
or GRU model, instead of using Lgrangian model of the robot.
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