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Abstract

Multi-variate Time-Series (MTS) forecasting is the prediction of future
for a sequence of data. The process of analysing obtained data can
benefit the community financially and securely, for instance observing
stock exchange trends and predicting malicious attacks whenabout. MTS
forecasting models faces many problems including data and model com-
plexity, energy constraints and computational cost. These problems could
affect budget allocation, latency and carbon emission. Recurrent neural
networks are one of these models, which are knowns for their compu-
tational complexity due to slow learning process which requires more
energy to train. Contributing to green Al, in this paper, we propose a
competitive and energy-efficient light-weight recurrent neural network
based on a hybrid neural architecture that combines Random Neu-
ral Network (RaNN) and Simple Recurrent Network (SRN), namely
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Random Simple Recurrent Network (RSRN). We consider RaNN for
its distinctive probabilistic properties and SRN for adding light-weight
recurrent ability to the RaNN to process sequential data. The paper
shows how RSRN is trained using adapted and optimised versions of
back propagation (BP), back propagation through time (BPTT) and
truncated BPTT (TBPTT). The latter two algorithms use penalised
gradient descent to prevent gradient explosion problems by employing
the average of total gradient over time. Evaluated on several datasets,
RSRN achieves best performance when using TBPTT. Moreover, we
performed a comparative study against well-known recurrent models
showing its superiority compared to the state-of-the-art models, while
requiring much less computational time and training parameters. In
addition, we investigated the multi-layer architecture and its properties.

Keywords: Random Neural Network (RaNN), Simple Recurrent Network
(SRN), Random Simple Recurrent Network (RSRN), Time-series data

1 Introduction

Time-series(TS) forecasting is the process of predicting the future for a
sequence of data like fuel prices, weather forecasting and power consumption.
This prediction helps specialists to take proactive or precautionary actions
such as stocks exchange and monitoring packet traffics from malicious attacks.
Various models have been proposed to address this kind of prediction. Each
one of those models has its advantages and limitations. Recurrent Neural Net-
works(RNNs) is a dedicated model for handling sequential data; but they
suffer from gradient vanishing/explosion problem especially in long sequences.
Gated Recurrent Units(GRU) and Long Short-Term Memory (LSTM) are other
variants of RNN that have been applied to TS forecasting and solved the
RNN problems. Although LSTM/GRU has a remarkable performance; they
are complex model, slow to train and draw a lot of energy. The complexity also
increases for long sequence multi-variate data. These problems affect in limited-
power devices with low computational capabilities, low budget project with
complex data or energy concern criteria. To address those difficulties, certain
norms must be met such as energy efficiency, low computational cost, ability
to handle multi-variate sequential data and high performance. Accordingly,
we suggest an energy-efficient lightweight recurrent model based on hybrid of
Random Neural Network (RaNN) and Simple Recurrent Network (SRN) with
an adapted and penalised gradient descent (GD) algorithms.

RaNN is a model inspired from the biological behaviour of spiking neu-
rons. It was proposed by Gelenbe [1] to simulate the excitation and inhibition
signals of neurons in the form of positive and negative signals. Regardless the
stochastic behaviour of RaNN, it has a significant property that in steady
state, the probability distribution of the network has an easy ”"Product Form”
solution. Also, RaNN shows universal approximator’s properties under certain
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conditions. G-network [2] is a mathematical model inspired from RaNN and
has been applied to several optimisation problems like the work of authors
in [3, 4, 5]. RaNN was used to monitor network packet [6] and detect DoS
attacks [7]. Also, it was used in high video compression [8] and task assign-
ment in distributed systems [9]. Reinforcement learning approach was utilised
for QoS improvement [10] and a generalized reinforcement learning scheme
for RaNN[11]. Interestingly, several RaNN-based deep learning models, such
as the non-negative auto-encoders with simplified RaNN [12] and convolution
RaNN [13], have been proposed in [14] to serve as tools for extracting high-level
abstract features from raw data. One of those extensions are used as hybrid
deep RaNN with sheep flock optimization approach to enhance video transmis-
sion quality[15]. Also, an accurate business management decision model based
on deep RaNN with genetic algorithms[16].

Serrano [17] proposed a RaNN model to predict the price of fuel at time ¢ with
an input window of k previous input [t — k, ¢t — 1]. Such method works only on
uni-variate time series and the window is fixed and cannot be changed unless
we change the structure of the network. On the contrast, our proposed hybrid
model, Random Simple Recurrent Network (RSRN), is designed to work on
multi-variate time series with flexible windows. Most of the proposed RaNN
models deal with discrete data achieving excellent results [5, 14, 6, 7, 8, 10, 9].
However, there has not been much research regarding time-series forecasting
data using RaNN, hence the present research.

RaNN has two topologies: feed-forward topology for casual data and recur-
rent topology for sequential data. The problem with recurrent topology is that
most of the effective learning algorithms depend on second order terms and
the Hessian matrix approximation, making them computationally demanding.
For this reason we will use the feed-forward topology with GD and adapt it to
be able to process time-series data.

On the other hand, Simple Recurrent Network(SRN - also called Elman
net) is a simple lightweight recurrent network with a context layer for capturing
temporal dependencies. It is commonly used to forecast sequential data. The
main reason for choosing SRN instead of another Recurrent NN variant is due
to the fact that in RaNN, the probability of a neuron i firing a signal to itself is
P(i,i) = 0. We overcome this issue by using a context layer that holds a copy
of the hidden layer, this copy is used next iteration as temporal dependencies
like SRN do. In the beginning of this work, we relied on SRN instead of LSTM
and GRU nets as recurrent model to merge with RaNN because these nets
are more demanding and combining either LSTM or GRU with RaNN is not
straightforward due to their different logic.

The proposed RSRN model is a combination of feed-forward RaNN and
SRN. We have a three layered feed-forward RaNN and add a context layer to
the hidden layer as shown is Fig. 3. The output of the hidden layer will be
copied to the context layer and used as temporal dependencies for the next
step. To train such a network, we adapt Back Propagation (BP), Back Prop-
agation Through Time (BPTT) and Truncated Back Propagation Through
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Time (TBPTT). We solve the problem of gradient explosion by adopting in
particular penalised GD, where the update of the weights uses the average of
the gradient over time instead of the total gradient. This makes the learning
process slower but stable. RSRN is able to process multi-variate sequential
data with less trainable parameters than state-of-the-art models. RaNN has
proved to be energy-efficient [14] than existing methods making the RSRN
also energy-efficient.

In a nutshell, the paper presents an introduction of a new recurrent neural
architecture, RSRN, that lightweight in terms of complexity leading to energy
efficiency that supports its deployment on limited power platforms. It is capa-
ble to accommodate multi-variate data with flexible windows compared to the
previous studies. Also, the adaptation of GD using the average gradient in back
propagation through time (BPTT) and truncated BPTT (TBPTT) in training
RSRN to prevent gradient explosion. Finally, a reduction of general calcu-
lation complexity of BPTT/TBPTT from O(N?/2) to O(2N). A thorough
evaluation on a number of datasets to show the performance of RSRN.

In the rest of this paper, we will provide a brief description of RaNN and
SRN (Section 2). In Section 3, we describe the proposed RSRN model, covering
both the architecture and the learning algorithms. In Section 4, we present
and discuss the performance results of various experiments.

2 Overview of the neural models

2.1 Random NN

RaNN is a mathematical model derived from the spiking behaviour of neurons
in the brain cortex and the queuing system making it the closest model to
the neurological connectivity. The spiking behaviour appears in the signalling
activity of the network. Even thought those spikes occur in stochastic random
manner, studies shows that the probability distribution of each neuron comes
from the sum of positive signal divided by the sum of negative signals(see Eq.
1). Another important study indicate that in steady state, the joint probability
distribution of very large system is the multiplication of individual proba-
bilities(cell or neurons)[18]. Those properties makes RaNN helpful in various
applications such as cyber-security, optimal routing and tumor detection.

RaNN [19] is a feed-forward network (see Fig. 2) where neurons exchange pos-
itive and negative signals as shown in Figure 1. A Random Neuron (RN) is the
main component of RaNN. It may receive a positive or negative signals from
previous neurons. Each RN ¢ has a positive parameter called potential k;. It
increases by 1 when a RN i receives a positive signal, k; < k;+1, and decreases
by 1 when it receives a negative signal until it reaches 0, k; < maz(k; — 1,0).
A RN i has a probability of sending a positive or negative signal to other
neurons. Another parameter is the firing rate r;, which controls the frequency
of signal firing. Positive/Negative signals in RaNN are expressed as positive
weights (W* /W= > 0). The stationary probability distribution ¢ (could be
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A

Fig. 1: Internal structure of a random neuron: A; and \; are excitatory and
inhibitory input signals and d; is the outgoing signal to environment.

described as an activation function) of each neuron 7 is defined as follows:

J
T+ _ A+ Zj ij;:i

?

Ti+T; B TZ+AZ+Z;]QJU};7

(1)

0i =

where T;" and T, are the total arrival of positive/negative signals from the
environment and other neurons. r; is the firing rate, which is the total of
the outgoing weights from neuron i (r; = 7 WZ‘; +W;;). A; and ); are
the excitatory and inhibitory signals from the environment(expressed as input
data), associated with neuron i. For each data input z;:

z; tfr; >0 ;| ifr; <0
0  otherwise 0 otherwise
The quantities wjl and w;; are the positive and negative connection

weights between neuron j and i. If the neurons keep firing positive signals, the
next neurons will saturate [19]. To prevent such a saturation, a limit of firing
is set as:

0; = min(g;, 1) (4)
where min(a,b) produces the minimum between the quantities a and b. In a
feed-forward network with N neurons, an input layer with I nodes, a hidden
layer with H nodes and an output layer with O nodes, the excitation probabil-
ity of neurons in each layer can be calculated using Egs. 1 and 4. To train this
network, connection pairs (w;f > Wy,,) of nodes u and v are updated using GD
rule, which update the weight by computing the gradient of the loss function
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Fig. 2: The structure of a feed-forward RaNN: I,, H, and O, are input, hidden
and output nodes respectively.

with respect to the weight and subtract it from the old value of the weight
with a controlled step:

OF
t t—1
Wy = Wy 5 — N 5
u,v u,v awt 1 ( )
where w!l denotes the previous value of the connection between u and v,

FE is the loss function and 7 is the learning rate. In this paper, we will use
the Mean Squared Error (MSE) as a loss function E, which is the average
quadratic difference between the network output and the desired results:

E=5> (e~ d) (6

where g, and d, are the computed output and the desired output of node o in
the output layer. By applying Eq. 5 and Eq. 6, we get the following GD update:
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(7)
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The update of the weights is done through Eq. 7 to Eq. 10.

2.2 Simple Recurrent Network (SRN)

Elman Network, known as Simple Recurrent Network, is a recurrent neural
network [20], encompassing a context layer that captures the temporal/order
dependencies in sequential data. Figure 3a shows the structure of SRN for
processing discrete-time sequences. As shown in the figure, SRN is a simple
network with additional layer(context layer) to add a recurrent behaviour. This
layer serves as pocket holding past memory/information for next sequence.
As we can see, we have an input layer I, a hidden layer H, and an output
layer O,. The context layer C, receives a copy of the hidden layer infor-
mation(unweighted connection) and resend it to the hidden layer H, next
iteration with weighted connection. SRN considered as unrolled version of
recurrent neural network where the context layer does not exist.

During training, at each time step ¢, when an input is presented, a feed-
forward pass to the output layer and a copy of hidden layer’s firing values is
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saved in the context layer and used in the next time step £+ 1. The calculation
of this process is as follows:

hi = o(Winai + Wenhe—1 -+ by,) (11)

0t = O(W}Loht + bo) (12)

where W;; is the connection weight between neuron 7 and j. The index ¢
refers to the context nodes, by,b, are the biases of the hidden and output
layers and o is an activation function. SRN can be trained using the standard
back-propagation (BP) [21, 22] using the update rule expressed by Eq. 5.

3 Proposed Random Simple Recurrent
Network (RSRN)

The purpose of this paper is to build an efficient light-weight recurrent model to
process time-series data. This process is power consuming and computationally
expensive using state-of-art models such as LSTM and GRU. Hence, RSRN is
an energy-efficient model that is able to solve time-series problems with less
complexity. This will allow the deployment of RSRN in a power limited devices
and achieving better results with minimum consumed energy. The proposed
RSRN brings Elman’s SRN and Gelenbe’s RaNN together. RSRN combines the
architecture of SRN with the connectivity and learning properties of RaNN,
resulting in a new neural architecture. In order to develop this model, we tweak
the RaNN’s architecture in the form of SRN to preserve RaNN’s properties and
add the recurrence capability. We use the SRN structure instead of a general
recurrent network because we cannot add internal loop explicitly. This is due
to the fact that internal loops in RaNN p(i,7) = 0 are disallowed [19]. SRN
has a context layer that serves as an internal loop implicitly and saves the
temporal dependencies (see Fig. 3b). To build the proposed model RSRN, we
consider a 3-layer SRN that has a context layer and augment the individual
weight connections with the random behaviour to result in pairs of positive and
negative signals or weights as shown in Figure 3b. The context layer behaves
like the input layer but receives its input from the previous time step. RSRN’s
probability distribution of the nodes is derived by combining the probability
distribution equation (Eq. 1) and the activation function of SRN (Eq. 11) to
result in following :

J + C +
T;r Ai + Zj:l 05w ; + Dot W, ;

oo T i — W
ri +1; ri+ A + Zj:1 ojw; ; + Zg:l OcWe

0; = min(g;,1) (14)
where Tf and T, are the total arrival of positive and negative signals from
the environment and the previous neurons (input and context layers). r; is
the firing rate calculated as the total of the outgoing weights from neuron
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i to other neurons S, r; = Zf (Wfs +W;,). Ai and A; are the excitatory
+

and inhibitory signal from the environment. wi; and w;,; are the positive

and negative connection weights between neuron j and . w:i and w,; are
the positive and negative connection weights between nodes in the context
layer (denoted as index ¢ = 1...C) and other nodes (i = 1...7). A limit for
probability distribution is set to prevent it from saturating the next neurons.
This change in the structure will require a learning algorithm that is
adapted to RSRN. An offline GD-based algorithm is used to train the net-
work. Here, we use BP, BPTT and TBPTT. The last two algorithms are used
in recurrent networks calculating the gradient loss with respect to each time
step. If we consider the context layer as part of the input layer and use the
BP algorithm, we can apply the same update rule of RaNN while adding con-
nections between the hidden layer and the context layer W, . Specifically, we
apply Eq. 5 and Eq. 6 to update the positive and negative weights. The con-
nections W;ro and W, are updated using the Egs.7 and 8 respectively. The
connection Wi, W, W and W, can be concluded from Egs.9 and 10 and
taking the probability distribution of Eq. 13 into consideration as follows:

OF OFE 0o, Oon

aw:fh 000 Oon aw:fh

o + - (15)
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(18)

where o, = ngl.

For a start, we consider a forecasting case. Given a sequential dataset: u; =
{ug,u1,...,ur} where the outcome of step t + 1 results from the previous
time step t. RSRN will try to map f(u;) — usy1. The training process for
the adapted GD-based back propagation algorithm is fully described in Alg. 1.
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Data is normalised in the unit interval [0, 1] because the output of the network
is bounded between 0 and 1. The weights are kept positive after each update.

Algorithm 1 Training RSRN using BP

Inputs:Dataset u; = {ug, u1,...,ur}, learning rate n
Updated parameters: WZI, Wi, W,j'o, Wi WC‘;, W,
Normalize the data u; between 0 and 1
Initialize weights W+, W~ > 0
while not stopping criterion do
Calculate r; for all s € I, H and O
for all time-step ¢ in [0,1,...,7 — 1] do
A=,y =upp1
Calculate p; using Eq.13 for ¢ € [I, H, O]
Calculate error F:(0,,y) using Eq.6
Oc = Oh
end for
Calculate the gradient of W+, W~ using Egs.7, 8, 15, 16, 17 and 18
Update the weight using Eq.5
W = maz(0, W)
end while

penalised BPTT and Truncated BPTT

These algorithms are adapted versions of back propagation used in recurrent
networks. This algorithm unrolls the network and back propagates the gradi-
ent error through the previous time steps. BPTT [23] calculates the gradient
error with respect to each time step from T back to 0. In the following, we
reformulate the previous equations to obtain BPTT.

Likewise, we apply the Truncated BPTT which behaves the same way as BPTT
but does not roll back to beginning of the series. Instead, we divide the dataset
into batches of k instances and treat each batch k as separate dataset. Then,
we feed the state of batch k to the next batch k£ 4+ 1. Algorithm 2 describes
the full steps of BPTT (and TBPTT) algorithm. During the training process
of BPTT, the gradient of the current time-step ¢ is dependent on the previ-
ous one t — 1. Accordingly, we employ the dynamic programming concept to
optimize the training process. In normal cases, the calculation of the gradient
using BPTT occur at the end of sequence, which unrolls the data to recalculate
every gradient in the sequence whereas for our case, the gradient is calculated
during the feed-forward process therefore a and S(for the weights W;L/ ~ and

th/ "~ respectively). Those variables preserve the temporal dependencies from
the beginning of the series ¢t = 0 to the current time step T' by adding the gra-
dient each time the data is presented, hence we do not need to calculate it at
the end of sequence. The use of the latter variables reduces the complexity of
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Algorithm 2 BPTT algorithm for RSRN model

Inputs:Dataset u; = {ug, u1,...,ur}, learning rate n
Updated parameters: WZZ, W, W,jo7 W, WCJ,Q, W,
Normalize the data u; between 0 and 1
Initialize weights W+, W~ > 0
while not stopping criterion do
+ O‘_u6+7ﬁ_7gc =0
// For TBPTT we add a loop of batches here
for all time-step t in [0,1,...,T] do
Calculate r; for all i € I, H and O
A=up,y=up
Calculate p; using Eq.13 for ¢ € [I, H, O]
Calculate error E(g,,y) using Eq.6
Calculate the gradient of tho, W, , using Eqs.7, 8

OE Oopt  Oopt  Oopt do,t  Oopt
Calculate terms Do’ GWE oW, oW, oW_, Do

+ _ Oopt dont +\ OE __ OE ot
@ = aw +(8g cat), W+h = o
— _ Oopt 8ght __ OE
@ = oW, (69 -t ) B agh’f
+ _ Oopt 6Qh — +
ﬁ - BW:rh (89 t ) + - 8Qh 5
— _ Oopt 8th E _ _
pm= oW, (89 ¢ )’ Wo, th’/j
Oc = On
end for
Update the weight using Eq.24
W = max(0, W)
end while

BPTT (and TBPTT) algorithm from O(%- ) to O(2N), where N is the total
number of time-steps.

OEr :ZaET 8@0 thT th’ (19)
8W:h 000 89}17" Oont aW;—h
OEr :ZaET 890 thT aght (20)
8Wz,_h 00, Oopr Oopt 8Wz h
8-ET ZaET 890 8QhT 8th (21)
oW}, 900 dopr Dot OW,
aE:C _ZaET 00, Oopr Oopt (22)
oW, 900 Dot Dont OW .,

‘Z,Qg’:f is the partial derivative of the hidden layer at the current time T with

respect to its previous states t. We can get the previous formulas using the



Springer Nature 2021 BETEX template

12 RSRN
following equation:

a@ht _ 8th
agh‘—l 8Qc

(&) C

I — C —
(rh + Zi QiWi,h + Zc chc,h)

W, — Woon (23)

The problem with BPTT (and some situations with TBPTT) is that it tends to
reach infinite and large values (gradient explosion) due to the additive process
of multiple gradient. To solve this issue, we use the average of the gradient
total over time to limit the gradient from reaching to infinite or large values.
Therefore, instead of using Eq. 5 as an update rule, we use the following
equation to tackle the explosion problem:

1 OF

fw = wqt;ul - me (24)
where T is the length of the sequence. This update rule makes the learning
process slower than the original one, but it is stable and less prone to the weight
explosion problem. The term % could be considered as part of the learning
rate 7, where (7' > 1) all the time which makes & < 1, hence minimize the
learning rate n and made the learning process slow compared to the update
rule in Egs.5. Apart from this, the term % will divide the total gradient and
prevent it from reaching to large values.

As we can conclude from the training process, Algo. 1 is the standard
version of GD hence less complex and fast during training so it is suitable
for small sequences data and where the training time is crucial factor. Mean-
while, Algo. 2 is an adapted and optimized version of BPTT strategy but it is
more complex and memory dependent. This algorithm is designed for longer
sequences of data with downside of more training time. Both algorithms are
less complex than second order approaches designed to train RaNN such as
the Gauss-Newton based methods and Levenberg-Marquardt algorithm [24].

4 Evaluation

To evaluate the proposed neural architecture, RSRN, a number of time-series
datasets are used. Moreover, a comparative study is presented involving some
state-of-the-art recurrent NNs such as LSTM and GRU. Before delving into
the experiments, we introduce the three datasets used: Britain’s power grid
sources [25], Global Land Temperature [26] and Weekly fuel prices [27]. The
Britain’s power grid dataset consists of 10 features and covers 196453 time-
step. This dataset describes the output electricity power generated by each
power source like coal, wind and nuclear as well as the demand and supply
changes from 2012 to 2020. The Global Land Temperature dataset, known
as Global Climate Change Data contains monthly recorded land and ocean
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temperatures and other measurements about climate change from 1750 to
2015. It consists of 3180 samples and 8 features. The third dataset, weekly fuel
prices, describes the price of the fuel (petrol and diesel) each week and their
changes since 2013. It has 881 samples and 10 features.

In all experiments, these datasets are split into training (75%) and testing
(25%) sets. Note that RSRN was implemented and trained on a laptop (i5-
8300H 2.30 GHz, 8GB of RAM, GTX 1050 4GB) and Kaggle platform (cloud
computing system for training deep-learning models). During our experiments,
we found out that the large datasets prefer small learning rate, so we set
the learning rate 1 to 1072, 1073 and 10~ for the fuel, temperature and
GridWatch datasets respectively. The models were trained on 100 epoch, this
choice is due to the fact that generally the performance is stable after 100-th
epoch for all models and increasing the number of epochs will yield the same
results. While for the batch-size of data in TBPTT method, the empirical
experiments proved that the batch size of 100 is the best choice for these data.

4.1 Evaluation of the RSRN learning algorithms

The goal of this experiment is to evaluate the proposed training algorithms: BP,
BPTT and TBPTT for different datasets. Tables 1 and 2 show the MSE testing
results and the training time (in seconds) by setting the number of hidden
neurons to various values using different training algorithms. The simulations
show that the best results are obtained by TBPTT, highlighting its ability to
cope better with the temporal dependencies in the data without suffering the
gradient explosion problem. On the other hand, BP achieves lower performance
than that of BPTT and TBPTT. A general observation indicate that the
performance (MSE) of TBPTT is twice than BPTT/BP, which proves the
effectiveness of TBPTT in training this model. We notice that the best results
are achieved by the model having the smallest number of neurons in the hidden
layer (in this case 5 neurons). It seems that RSRN with less neurons performs
better for these dataset recall that each neuron has two weights and increasing
the number of neurons in hidden layer potentially leading to overfitting.

In terms of computational time, Tab. 2 shows that the training time
increases as the size of the hidden layer increases. Also, BP has the lowest
training time by far compared to BPTT and TBPTT as expected, because
in the updating process we consider only the last gradient, whereas TBPTT
seems a bit slower than BPTT due to the weight update at each batch k while
this happens once in BPTT. In conclusion, for best accuracy we recommend
TBPTT at the cost of more training time, whereas BP offers an acceptable
performance in short period if the training time were a crucial factor. When
building an RSRN model, it is advisable to choose the lesser complex model
as it saves time while obtaining good results.
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Table 1: Mean Squared Error (MSE) of RSRN model under different datasets
and configurations, H is the number of neurons in hidden layer

Dataset Fuel Temp GridWatch
Configurations BP BPTT | TBPTT BP BPTT | TBPTT BP BPTT | TBPTT
H=5 0,087 | 0,106 0,036 0,114 | 0,104 0,059 0,103 | 0,096 0,029
H=10 0,119 | 0,115 0,037 0,122 | 0,121 0,079 0,109 | 0,117 0,066
H=15 0,17 0,127 0,049 0,97 0,222 0,109 0,118 | 0,12 0,075

Table 2: Training time (in seconds) of RSRN using different datasets and
configurations, H is the number of hidden neurons.

Dataset Fuel Temp GridWatch
Configurations | BP | BPTT | TBPTT | BP | BPTT | TBPTT | BP | BPTT | TBPTT
H=5 1,32 6,26 7,33 5,18 | 25,07 25,21 348 1482 1586
H=10 1,7 6,47 7,35 6,53 | 25,79 25,5 413 1613 2001
H=15 1,96 | 7,95 7.95 8,26 | 28,33 27,46 | 495 | 3426 3087

4.2 Comparative study

In this section, we aim to validate our model against state-of-art recurrent
models. The goal of this study is to highlight its properties and address its lim-
itations. Based on empirical results and general observation as far as we know,
we assembled the Table 3. This tables describe the performance of LSTM/-
GRU and RSRN from different perspective. As shown in Tab. 3, the criteria

Table 3: model comparison according to multiple criteria

Criteria classification | forecasting | framework | training energy mobility
time consumption usage

LSTM/GRU high high high slow high low

RSRN low high low fast low high

presented are the classification and forecasting performance, framework avail-
ability, training time, energy consumption and mobility usage(availability for
limited-power devices). We notice that LSTM/GRU has great performance
and there is plenty of dedicated libraries while it suffer from slow training time,
high energy consumption and low mobility usage for its heavy architecture.
On the contrary, RSRN covers the limitation of LSTM/GRU with fast train-
ing time, low energy consumption and high mobility usage with drawback of
misclassification and lack of reusable code.

On this part, we focus on empirical results. In this experiment, RSRN,
trained with TBPTT, is compared against well known recurrent models such
as LSTM and GRU using the Kaggle platform. In each model, the hidden layer
consists of 5 neurons. For the sake of comparison, we use the same structure in
each model even thought that each model has its own optimal structure/mech-
anism. The purpose of this experiment is to determine the performance and
training time of RSRN against other models under the same conditions and
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parameters. We trained the three models over 100 epoch and measured the
MSE and training time (in seconds).

Table 4 shows the MSE testing results and the training time on three
datasets. The major observation is that RSRN outperforms LSTM and GRU
in the case of small datasets, Fuel and Temperature with a wide gap. On
the other hand, RSRN achieved better and comparable performance on the
GridWatch dataset against LSTM/GRU. This indicate that RSRN is able to
extract meaningful patterns faster from relatively small sequences, while this
performance decreases a little bit for large data when compared against other
models. It appears that this is due to forgetting of temporal dependencies over
longer sequences. In terms of training time, RSRN requires less training time
compared to the other models, this is due to the use of less trainable parameters
than other models (see table 5) and the optimization of the training process.
As presented in table 5, RSRN has less weights than LSTM and GRU which
mean less arithmetic operations, hence RSRN is able to perform the same task
with less consumed energy than other models. This shows in particular the
energy-efficient lightweight nature of RSRN.

Specifically, we notice that RSRN performs better than LSTM and GRU
on small datasets while it acquires comparable results against them on large
datasets with less training time and fast convergence.

Table 4: RSRN vs. LSTM and GRU: MSE results and training time (seconds)

Dataset [ MSE [ Time(seconds) ‘
(# of time-steps)

LSTM | GRU RSRN | LSTM | GRU | RSRN
Fuel(881) 0.0874 | 0.0931 | 0.0338 18 30 5
Temp(3180) 0.0696 | 0.0692 | 0.0339 40 78 19
GridWatch(196453) | 0.0272 | 0.0282 | 0.0232 2295 5081 1183

Table 5: Number of trainable parameters(weights) in each model

[ Dataset [ # of trainable parameters ‘
(# of features)

LSTM | GRU RSRN
Fuel/GridWatch(10) 400 335 250
Temp(8) 344 | 289 210

4.3 Multi-Layer RSRN

In this section, we investigate the development of a multi-layer RSRN architec-
ture. We compare four RSRN networks with different number of parameters
(neurons) and number of hidden layers using MSE as a performance measure.
The first two models correspond to a one-hidden layer RSRN model with 5
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(called RSRN-1-5) and 10 hidden neurons (RSRN-1-10) respectively. The sec-
ond two models correspond to a two-hidden layer RSRN model with 5 and
10 neurons respectively in each hidden layer (called RSRN-2-5 and RSRN-2-
10 respectively). These architectures are selected based on observations of the
last two experiments. The four models are trained using 100 epochs and tested
on the three datasets.

From Tab. 6 it appears that RSRN-1-5 achieves the best result on the Fuel
and GridWatch datasets, while RSRN-2-5 performs best on the Temperature
dataset. Temp dataset is more complex because each feature of the data has
a direct relationship with other features and has an impact on each others
(strong correlation), while the other two datasets each entry is an individual
data (weak correlation); Thus, temperature dataset requires more complex
model (more layers) to extract meaningful features.

If we compare RSRN-1-10 against RSRN-2-5 (having the same number
of parameters, but with different architectures), RSRN-2-5 performs slightly
better than RSRN-1-10. Thus, using the optimal structure with multiple layer
is better for extracting higher level representation of the time-series. The last
model RSRN-2-10 has the lowest performance, likely because it has a sub-
optimal structure for these data and tend to overfit.

In conclusion, when dealing with data having a weak correlation between
features we recommend the use of single layer; whereas for strong correlated
data, one could choose a multi-layer RSRN architecture with small number of
parameters.

Table 6: MSE results using the four RSRN models

ID+# Configuration Fuel Temp GridWatch
RSRN-1-5 H=5 0,0443 | 0,0994 0,027
RSRN-1-10 | H =10 0,0459 0,1044 0,1111

RSRN-25 | H, =5,H; =5 0,0445 | 0,0954 | 0,1045
RSRN-2-10 | H; = 10, H, = 10 | 0,063 0,1205 | 0,1229

5 Conclusion

In this paper, we proposed a light-weight energy-efficient recurrent network,
that is able to solve time-series problems. It combines Gelenbe’s RalNN
behaviour and Elman’s SRN architecture to devise the proposed recurrent
network, RSRN. The model is able to process multi-variate sequential data
fast and accurately. To train such a model, three offline learning algorithms
were adapted and applied, namely BP, BPTT and TBPTT. The latter two
approaches were penalised to prevent gradient explosion problem by using the
average of total gradient over time. The empirical scores showed that TBPTT
produces the best results compared to BPTT and BP as well as some com-
petitors like LSTM and GRU. Another result is that the tested data prefer
the RSRN model with less neurons to achieve better inference. The paper
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investigates also the multi-layer RSRN architecture showing that for highly
dimensional and correlational data it prefers a multi-layer design that may
leads to better results. Even though RSRN had a great performance in forecast-
ing data; it performs poorly on time-series classification. This results came from
an implicit experiments done earlier to test its ability in categorising sequen-
tial data such as activity recognition from body sensors. Interestingly, RSRN
is an energy-efficient model that offers a competitive performance with less
computational time compared to the stat-of-the-art models making it suitable
for devices with energy constraints. RSRN is adequate for proactive models
like traffic monitoring, where it will predict future packet flow and analyse it
for potential threats to take a precautious actions.

In future work, we consider optimizing RSRN with well-known optimizers
such as Adam and RMSProp, applying regularization to avoid over-fitting and
incorporating it with deep learning tools to broaden its application potential.
RSRN was designed to work in offline mode, an online approach is consid-
ered for next work as daily data arrives. Finally, we aim to design a suitable
framework for ease of accessibility and reusability.
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e Global Land Temperature dataset is available at https://data.world/
data-society/global-climate-change-data

® Weekly fuel prices dataset is available at https://data.world/
makeovermonday /2020w 17-weekly-road-fuel-prices
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