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Abstract. The recurrent neural network (RNN) can be used to detect cyber attacks.
However, during training, vanishing and exploding gradients are encountered. Thus, in
this study, an RNN model with an advanced weight initialization is proposed to alleviate
possible gradient problems. We considered attack detection as a classification task and
adopted hierarchical RNN and multilayer perceptron (MLP) model to identify attacks.
Thereafter, the causes of vanishing or exploding gradients are analyzed. Based on the
distribution of cyberspace data, derivations are conducted and an improved weight ini-
tialization approach facing RNN was employed. There are two formats for RNN outputs:
last step only and all steps available. Accordingly, initializations for these different for-
mats are fine-tuned. Based on a public dataset, various learning convergences of the
state-of-the-art initialization schemes, suggested for use for the past three years, are
compared, and the influence of different embedding methods is discussed as well. Finally,
experiments are conducted. Results show that our proposed initialization method has a
lower error rate (about 9% relative decrease) than other initializations have.
Keywords: Cyberspace attack detection, Recurrent neural network, Weight initializa-
tion

1. Introduction. Present day cyber attacks are increasingly becoming diversified and
complex, posing serious threats to network infrastructures. The recurrent network is
widely used for cyber attack detection because it has excellent effects on nonlinearity and
temporality, such as the simple-RNN [1] and long short-term memory (LSTM) [2]. Buczak
and Guven [3] used the RNN model for attack detection. Kim et al. [4] used LSTM for
attack detection and Wang et al. [5] employed the LSTM and convolution neural network
(CNN) model for intrusion detection based on network flows. All of the above studies
did not consider limited computing resources and tended to use complex models such as
LSTM.

In many scenarios, the cyber attack detection is employed in edge network and de-
vices, such as intelligent switches, routers and gateways [6,7]. There are also some studies
about adaptive attack detection in cloud computing [8]. The throughput of network data
is considerably huge to the extent that a network device often accommodates 100-Gbps
traffic or larger. Most network devices, whose computing resources are scarce, use dedi-
cated network chips. Therefore, we anticipate the use of the lighter simple-RNN model
for cyber-attack detection.
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The simple-RNN model was proposed and considered able to express any nonlinear
characteristic but it got an inferior training performance which is a result of vanishing
and exploding gradients. The cause of the gradient problem in the simple-RNN model
is that at each time step, the hidden layer receives a new input that causes gradients to
increase. There are three kinds of methods to alleviate the gradient problem: modifying
the model structures, improving training methods and weight initialization methods. For
modifying the structures, such as LSTM and gate recurrent unit [9] began to be pro-
posed, threshold structures were used, RNN models were improved, and convergence was
optimized. New training methods, such as the Hessian-free (HF) [10] method, have also
yielded advantageous contributions. However, the foregoing methods, whether for im-
proving the model structure or changing the training method, all increase the complexity
and amount of calculation involved. Evidently, as the LSTM model replaces the neural
function with a threshold structure, more complex calculations are involved. In a follow
up study on the recurrent neural network [11], it is discovered that HF is significantly
unstable for the model and requires extra damping on the hidden state, making it further
complicated. The third suitable method to alleviate the gradient problem is a weight
initialization scheme which can sufficiently make the model converge faster without more
computing resources. Previously, there have been studies on the weight initialization. For
example, Glorot and Bengio [12] proposed an initialization method for MLP using Tanh
and sigmoid as activation functions to avoid the gradient problem of when the model
extremely deep. He et al. [13] also proposed an initialization method based on the CNN
model with ReLU and obtained good optimization results. All of the above methods do
not work in the simple-RNN model. Based on the simple-RNN network, Graves used a
normal distribution initialization scheme with a standard deviation of 0.1 [14], but the
possibility of encountering vanishing and exploding gradients remains when such a scheme
is used.
The motivation of our research is to alleviate the gradient problems and to design an ad-

vanced initialization for the simple-RNN model, so we propose a new weight initialization
method for the simple-RNN to optimize training models for cyber attacks. Two active
functions (Tanh and ReLU) and two types of output layers (the last step only and all steps
available) are involved and discussed. To confirm the initialization and the RNN-MLP
model, some state-of-the-art initialization methods are involved and compared with. The
experiments are based on DARPA 1998 public datasets. According to the convergence
curves, the gradient problems using the proposed initialization are alleviated compared
with using other methods. The experimental results show that the proposed initialization
gets a 4.05% absolute decreased (Equivalent to about 9% relative reduction) error rate
compared with other initialization.
The paper is organized as follows. In the second section relevant research on the RNN

for cyber-attack detection and work pertaining to weight initialization are introduced. In
the third section, a new scheme for weight initialization based on the simple-RNN network
is proposed and the advanced weight initialization is illustrated. In the fourth section,
experimental setup and results, and various influencing factors are discussed. Conclusions
and future work are described in the fifth section.

2. Detecting Attacks Based on Recurrent Neural Network. As for network data,
especially for microflows, it is suggested that CNN or MLP be used for capturing packet
features, and thereafter employ the recurrent model (e.g., simple-RNN, LSTM, and GNU)
to capture flow features. Finally, a classifier is employed for discrimination and detec-
tion. These similar structures have also been mentioned in [5]. In general, the process of
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generating packet features is called packet representation; the process of generating flow
features is called flow representation.

An RNN-MLP model structure is employed here as a demonstration for attack detec-
tion. The weight initialization is also based on this model. Figure 1 shows the structure of
RNN-MLP. The first layer from the bottom is the packet representation, while the second
layer is RNN, which is the flow representation. The third layer is a softmax classifier.

Figure 1. Simple-RNN-MLP model structure

2.1. Packet representation. The packet representation refers to the whole MLP be-
cause raw data are recommended as inputs in the deep neural network commonly. The
packets of byte-level data are directly considered as model inputs. The output of MLP is
presented as follows:

omlp = θ (Wm o · θ(Wm h · x+ bm h) + bm o) , (1)

where x refers to input data; Wm o and Wm h are the weights of the output and hid-
den layers, respectively; bm h and bm o are the biases of the hidden and output layers,
respectively; the function θ(·) is the activation function; omlp is the packet feature vector.

2.2. Flow representation. The flow representation refers to the entire recurrent neural
network [16]. There are two aspects of the inputs to a recurrent model. One part is the
output of MLP, omlp, and the other is the output of the recurrent layer from the last time
step. The recurrent network is presented as follows:

ornn,t = θ (Wr i · omlp +Wr h · or,t−1 + b) , (2)

where Wr i and Wr h are the weights of the input layer and the recurrent layer, and the
symbol b is the bias; or,t is the output of the recurrent layer at the tth step.

3. Weight Initialization.

3.1. A review of weight initialization. The RNN model currently employs a common
distribution initialization scheme with a variance of 0.1. Direct schemes could also be
used using the initialization methods of either Glorot and Bengio or He et al. However,
the above methods can still cause the gradient problem. We will analyze the main reasons
for this and propose a new initialization method, as follows.

Any two-layer neural connection of a multilayer neural network can be expressed simply
as

xl+1 = θ(yl) and yl = wlxl, (3)
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where xl is the output of layer l, wl is the weight of l, and yl is the input of layer l + 1.
Here, the bias is ignored because its initialization is always zero, which cannot change the
mean and variance of yl. Then, in order to avoid the gradient problem, it is necessary to
let Var [xl+1] = Var [xl]. For the above goal, the gradient problem can be avoided only if
the initialization range of wl is set properly.
However, for the hidden layer (recurrent layer) of RNN, the input has two parts: the in-

put at each time step and output of the recurrent layer from the previous step. Therefore,
the hidden layer is completely different from DNN (deep neural network) model in the
case of forward propagation. Similarly, the output of the RNN layer has two parts. One
is connected to the classifier, and the other is passed to the recurrent layer of the previous
step as input. According to the chain rule if the BGD (batch gradient descent) method
is used for optimization, the gradient will consist of these two parts. We will analyze the
influence of the weight initialization in the forward case and backward case.

3.2. Weight initialization derivation based on Tanh function. Our derivation
mainly follows those of [12,13]. The central concept is to balance the variance of the
response at each time step. The Tanh function is an activation function proposed in
2009, expressed as follows:

tanhx =
ex − e−x

ex + e−x
. (4)

3.2.1. Forward propagation case based on Tanh. The extended form of the recurrent layer
in the forward case can be seen in Figure 2.

Figure 2. The extended format of the forward propagation

The following definitions apply: zt is the output of one unit from the recurrent layer
at the t step, and at means an input of one neural unit. The recurrent model can be
expressed as follows:

at =

nI∑
i=1

wih · xt +

nH∑
h′

wh′h · zt−1, ∀t, zt = θ(at). (5)

Generally, because the neuron function is active, it can be regarded as a linear function,
such as θ(x) = x and zt = at.
In the case of the forward propagation, at, zt, xt, and w are random variables with

a mean of zero. The sizes of input layer and hidden layer are respectively nI and nH .
Accordingly, we obtain the following:

Var [at] = nIVar [wih]Var [x
t] + nHVar [wh′h]Var

[
zt−1

]
, (6)

where Var is the variance. Set the assumption of Var [xt] = Var [zt−1] = Var [zt] = Var [at].
By considering the weights as a unified labeled with Var [wih] = Var [wh′h] , Var [w], the
following is obtained:

Var [at] = (nI + nH)Var [w]Var
[
at−1

]
. (7)
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Additionally, when t = 1, set wh′h = 0. Then, we have, Var [a1] = nIVar [wih]Var [x
1].

According to the purpose of the variance, with Var [at] = Var [at−1] previously, we have{
(nI + nH)Var [wih] = (nI + nH)Var [wh′h] = 1,

nIVar [wih] = 1.
(8)

3.2.2. Backward propagation case based on Tanh. The gradient descent method is gener-
ally used to train models. For the RNN model, there are two output methods and two
corresponding back propagation modes. One is to use only the last step as output, and
the other is to employ the average of each step as output. The gradient derivation of the
two methods is different. The RNN model structure is shown in Figure 3.

Figure 3. Extended format of the backward propagation

To derive the objective function, we get

∂Cost

∂at
= θ′(at)

∂Cost

∂zt
= θ′(at)

(
nK∑
k=1

whk ·
∂Cost

∂atout
+

nH∑
h′=1

wh′h ·
∂Cost

∂at+1

)
, (9)

where nK is the size of output layer.
To avoid the gradient from disappearing or exploding, we have the following: Var

[
∂Cost
∂at

]
= Var

[
∂Cost
∂at+1

]
= Var

[
∂Cost
∂atout

]
and θ′(at) = 1. From the condition Var [whk] = Var [wh′h] ,

Var [w] and then we obtain

Var

[
∂Cost

∂at

]
= (nK + nH)Var [w]Var

[
∂Cost

∂at+1

]
. (10)

For the output of the RNN model, there are two cases: one is the last step only, and the
other includes all available steps. For the first case, if t = T , then, wh′h = 0 is obtained.
If t = 1, 2, . . . , T − 1, then we obtain whk = 0. Primarily{

nHVar [wh′h] = 1,

nKVar [whk] = 1.
(11)

Combining Equations (8) and (11), we obtain

Var [wh′h] =
3

(2nH + 2nI)
,

Var [wih] =
2

(nH + 2nI)
,

Var [whk] =
1

nK

.

(12)

For the second case, if t = T , then, wh′h = 0. If t = 1, 2, . . . , T − 1, then whk ̸= 0.
Primarily, we have 

(nK + nH)Var [wh′h] = 1,

(nK + nH)Var [whk] = 1,

nKVar [whk] = 1.

(13)



1418 C. LI, Y. SHENG AND J. WANG

Combining Equations (8) and (13), we obtain the following:

Var [wh′h] =
2

(nK + nH + nI)
,

Var [wih] =
2

(nH + 2nI)
,

Var [whk] =
2

(2nK + nH)
.

(14)

3.3. Weight initialization derivation based on ReLU function. The expression for
ReLU is

relu(x) =

{
x, if x > 0,
ax, if x ≤ 0.

(15)

Here, x is the input of the nonlinear activation function relu(·), and a is a coefficient
controlling the slope of the negative part. When a = 0, it becomes ReLU; when a is
a learnable parameter, Equation (15) is referred to as parametric ReLU. However, only
ReLU is discussed in this paper.
Among the most popular activation functions at present it is ReLU. There are two areas

involved: one is the area in (0,+∞), as the positive area, and the other is in (−∞, 0),
as the negative area. Because some have thought that the extremely large output value
of ReLU might make the gradient problem more critical, the use of ReLU has not been
suggested. However, in this study, ReLU was considered as the activation method and
proposed initialization scheme to mitigate the gradient problem.

3.3.1. Forward propagation case based on ReLU. Because the mean of ReLU is not zero,
the condition Var [wh′h · zt] = Var [wh′h] · Var [zt] cannot be obtained. Instead, according
to [13], the condition is Var [wh′h · zt] = Var [wh′h]E[(zt)2]. If we let wh′h have a symmetric
distribution around zero and bh = 0, then, at has a zero mean and symmetric distribution
around zero. Then we have as follows:

E
[(
zt
)2]

= E
[
max

(
0, at−1

)2]
=

1

2

{
E
[(
at−1

)2]− 0
}
=

1

2
Var

[
at−1

]
. (16)

Moreover, the derivation of the variance of at is as follows:

Var
[
at
]
= nIVar [wih]Var

[
xt
]
+ nHVar [wh′h]E

[(
zt−1

)2]
= nIVar [wih]Var [x

t] +
1

2
nHVar [wh′h]Var

[
at−1

]
.

(17)

The following derivation is similar to that using Tanh, and we can obtain as follows:
(
nI +

1

2
nH

)
Var [wh′h] =

(
nI +

1

2
nH

)
Var [wih] = 1,

nIVar [wih] = 1.

(18)

3.3.2. Backward propagation case based on ReLU. The derivative of ReLU is zero or one,
with equal probabilities. If we let wh′h and whk have a symmetric distribution around
zero, and combine it to Equation (9), then we obtain

E

[
∂Cost

∂at

]
=

1

2
E

[
∂Cost

∂zt

]
= 0. (19)

Moreover, we have

E

[(
∂Cost

∂at

)2
]
= Var

[
∂Cost

∂at

]
=

1

2
Var

[
∂Cost

∂zt

]
. (20)
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Combining Equations (9) and (20), we obtain

Var

[
∂Cost

∂at

]
=

1

2
(nK + nH)Var [w]Var

[
∂Cost

∂at+1

]
. (21)

Because there are two cases for RNN model outputs, introduced in the previous section,
for the first case, if t = T , then, wh′h = 0; if t = 1, 2, . . . , T − 1, then, whk = 0. Primarily,
we have 

1

2
nHVar [wh′h] = 1,

1

2
nKVar [whk] = 1.

(22)

Combining Equations (18) and (22), we obtain

Var [wh′h] =
3

(nH + 2nI)
,

Var [wih] =
4

(nH + 4nI)
,

Var [whk] =
2

nK

.

(23)

For the second case, if t = T , then, wh′h = 0; if t = 1, 2, . . . , T − 1, then, whk ̸= 0.
Primarily, we have

1

2
(nK + nH)Var [wh′h] =

1

2
(nK + nH)Var [whk] = 1,

1

2
nKVar [whk] = 1.

(24)

Combining Equations (18) and (24), we obtain

Var [wh′h] =
4

(nK + nH + 2nI)
,

Var [wih] =
4

(nH + 4nI)
,

Var [whk] =
4

(2nK + nH)
.

(25)

3.4. Summary of weight initialization. Based on the above derivations, the vari-
ance of weights is obtained by using Tanh and ReLU activation functions. Assuming
that a uniform distribution for initialization is used, then, we have the distribution

w ∼ U
[
−
√

3Var [w],
√

3Var [w]
]
. The specific initialization method is summarized in

Table 1. If a Gaussian distribution is used, then, it can be calculated by simply using the
mean value and variance, which is not described here.

3.5. Network data characteristics and preprocessing methods. The above deriva-
tions are based on two assumptions: one, all inputs are random variables with zero ex-
pectations, and two, the activation is a linear function with the condition Var [xt] =
Var [zt] = Var [at]. The first assumption is achieved by normalization. However, it is
necessary to control the variances of inputs under the second assumption. If the input
range is extremely large, it may cause vanishing and exploding gradients.

As mentioned earlier, this study mainly considers the initialization scheme for network
data. Road network data is composed of bytes; the range of bytes is an integer value from
0 to 255, which is similar to pixels of images. However, network data is mainly generated
during communication. In this study, an interesting phenomenon was discovered – the
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Table 1. Uniform distribution of Tanh and ReLU

Neural
function

Recurrent output at last step Recurrent outputs at all steps

Tanh



wh′h ∼ U

[
−
√

9

(2nH + 2nI)
,

√
9

(2nH + 2nI)

]

wih ∼ U

[
−
√

6

(nH + 2nI)
,

√
6

(nH + 2nI)

]

whk ∼ U

[
−
√

3

nK
,

√
3

nK

]



wh′h ∼ U

[
−
√

6

(nK + nH + nI)
,

√
6

(nK + nH + nI)

]

wih ∼ U

[
−
√

6

(nH + 2nI)
,

√
6

(nH + 2nI)

]

whk ∼ U

[
−
√

6

(2nK + nH)
,

√
6

(2nK + nH)

]

ReLU



wh′h ∼ U

[
−
√

9

(nH + 2nI)
,

√
9

(nH + 2nI)

]

wih ∼ U

[
−
√

12

(nH + 4nI)
,

√
12

(nH + 4nI)

]

whk ∼ U

[
−
√

6

(2nK + nH)
,

√
6

(2nK + nH)

]



wh′h ∼ U

[
−
√

12

(nK + nH + 2nI)
,

√
12

(nK + nH + 2nI)

]

wih ∼ U

[
−
√

12

(nH + 4nI)
,

√
12

(nH + 4nI)

]

whk ∼ U

[
−
√

12

(2nK + nH)
,

√
12

(2nK + nH)

]

Figure 4. The distribution of network data

distribution of each value of the network data is not uniform. The specific distribution
is shown in Figure 4. Based on statistical results, we found that integers 0 to 9, the
ASCII values of the letters A to z, appear more frequently than other values, indicating
that network data are mainly generated by communication among people. Furthermore,
the frequency of 0 is considerably high. This is because of the extensive use of reserved
fields and zero-value padding in some protocols. The network data distribution can be
abstractly expressed as follows:

P (x) =

 a, x = 0
b, x = [48, 49, . . . , 57] ∪ [65, 66, . . . , 90] ∪ [97, 98, . . . , 122]
c, x = else

, (26)

where a is the probability of the occurrence of 0, b is the probability of the occurrence of
ACSII code values corresponding to the letters A to z, and c is the probability of other
values.
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According to certain real network data (e.g., DARPA 1998 dataset), we used the values
a ≈ 0.033, b ≈ 0.005, and c ≈ 0.003, and the average is 109.3. Based on these coefficients,
the normalization can be designed as x̂ = 2 · x−xmean

xmax
.

Additionally, embedding can be employed to recode the inputs when a deep network
is used for training, such as one-hot embedding and distribution embedding. In network
data, bytes are regarded as tags rather than values, similar to word representations.
Hence, when processing, network data employing one-hot or distributed embedding is
suggested. The specific details of experimental results are discussed in the following
section.

4. Experiments. In this study, sufficient experiments were conducted to evaluate our
proposed method and compare it with other detection approaches: (1) Firstly, datasets
and metrics are illustrated; (2) Secondly, different initialization methods are compared;
(3) Finally, different embedding schemes are analyzed.

4.1. Datasets and metrics. As previously mentioned, only the application of a simple-
RNN structure was considered based on cyberspace data. A network microflow is a se-
quence of packets identified by five tuples. Because of the ability of the recurrent model
to learn temporal information between packets, it is suitably employed for microflows.

As test subjects, public datasets of DARPA 1998 were used. These datasets were spon-
sored by DARPA for the first realistic and systematic evaluation of a research intrusion
detection system, published by MIT Lincoln Laboratory in the United States in 1998 [15].
Datasets contain a seven-week train set and two-week test set. In the dataset, traffic data
contain four types of attacks, including DoS, Probe, U2R, and R2L. The percentage of
attacks in the train set of DARPA 1998 is approximately 65.54%, whereas the proportions
of attacks in DARPA are 63.29%, 1.99%, 0.26%, and 0.01%. The proportion of the test
set is similar to that of the train set.

In order to verify the effectiveness of the initialization scheme, error rates are used.
When training the model, its convergence can be adjudged based on the error rate. The
experiments described as follows are all based on error rates.

4.2. Comparison of different initialization schemes. Currently, mainstream ini-
tialization methods were proposed by He et al., Glorot and Bengio, Hinton et al., and
Graves. These initialization methods were compared with our method in this study.

1) Method by He et al.
The initialization proposed by He et al. [13] is based on the ReLU activation func-

tion. The method was verified and initialized according to the CNN model and Gaussian
distribution, respectively, using a variance of 1

2
nVar [w] = 1.

2) Method by Glorot and Bengio
The initialization proposed by Glorot and Bengio [12] is based on the Tanh activation

function. The method was verified and initialized according to the common DNN model
and uniform distribution with a variance of (nin + nout)Var [w] = 2, respectively.

3) Method by Hinton et al.
Hinton at el. [11] presented the initialization using an identity matrix scaled by 0.01

for the recurrent matrix.
4) Method by Graves
Graves [14] made the initialization based on a flat random distribution in the range

(−0.1, 0.1), or a Gaussian distribution with a mean of 0 and standard deviation of 0.1.
Because the initialization method proposed by Glorot and Bengio is based on the Tanh

activation function, and that proposed by He et al. is based on the ReLU function, we
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designed two sets of experiments. The methods of Hinton et al. and Graves do not limit
the type of activation.
In the experiments, the current layer contains 512 units. The structure of the whole

model is listed in Table 2. The training is terminated when the curve has converged or
there is an excess of 500,000 mini-batch iterations. The experimental results are shown
in Figure 5.
It can be observed in Figure 5(a) that the curve of the proposed method performed

better than others did. Even curves using the initializations of Graves and Hinton et al.
did not converge as well. The curve of Glorot and Bengio did converge but encountered
a vanishing gradient after 80 iterations. The experimental setup of the all-step output
format using the Tanh function is shown in Figure 5(b). Our curve converged faster than
did all the others. In Figure 5(c), our curve and that of He et al. converged. However,
the former curve is smoother than the latter is. Moreover, the other two curves could
not converge. In Figure 5(d), although our curve converged, that of He et al. converged

Table 2. Comparison with other methods by error rate (%)

Tanh + all Tanh + last ReLU + all ReLU + last
He et al. − − 7.71 6.29

Glorot and Bengio 12.19 20.62 − −
Hinton et al. 50.36 88.65 88.65 88.65

Graves 55.46 88.65 88.65 84.90
Ours 8.89 16.57 5.66 5.72

Figure 5. Convergence with Tanh and ReLU in different output formats
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faster. Nevertheless, at approximately 170 iterations, vanishing gradients occurred and
continued converging up to 300 iterations. The other two methods did not converge.

The final best two-category accuracies of each method are presented in Table 2. Note
that the accuracies with Tanh are based on the test set with 100 iterations training and
the accuracies with ReLU are with 300 iterations training. It is obvious that under all
of the situations, our initialization did a better job than other methods. The lowest
error rate is under the situation of Tanh and last step only, which exceed 4.05% absolute
reduction than the second best method (Glorot and Bengio’s). The absolute reductions of
the error rates are 3.30%, 4.05%, 2.06% and 0.57% (the corresponding relative reductions
are 27.07%, 19.64%, 26.71% and 9.06%) compared with the second best method at the
different situations, respectively.

In conclusion, because vanishing or exploding gradients practically never occurred in
our curve, our initialization is stable and available. However, occasionally, convergence is
difficult because layer sizes are malformed (e.g., the recurrent size is significantly smaller
than input and output sizes).

In previous discussion, the byte representation in embedding is introduced. However,
there are practically no studies involved in the coding method for inputs. Consequently,
we do not have conclusive knowledge to identify the best type of embedding. In this
study, we investigated distributed embedding and one-hot embedding, and analyzed the
performances of these two encoding methods.

In Figure 6, it is evident that the distributed embedding curve has a better convergence
than the other two types have. The one-hot embedding curve also converges fast. Actu-
ally, the distributed embedding structure corresponds to adding a layer at the bottom of
the model that is deeper than other methods are. Additionally, the one-hot embedding
technique has spare inputs suitable for deep networks. In several literature, such as [5],
the one-hot method is generally employed and has proved to be advanced.

Figure 6. Convergence of different embedding methods
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5. Conclusion and Future Work. The advanced initialization we proposed for the
simple-RNN model is effective and the motivation, alleviating the gradient problems dur-
ing training, has been achieved. We got a great converged curve compared with other
state-of-the-art methods. Results have shown that our proposed initialization method has
a lower error rate (about 9% relative decrease) than other initializations have. In future
work, we aim to investigate other new initialization methods for simple-RNN based on
new neural functions such as SeLU and ELU. Also, we aim to investigate other simple
and light cyber attack detecting models facing limited computing resources.
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