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Abstract: This paper has highlighted the advancements made within the deep learning approached through the evolution of
attention and memory algorithms. There has been a gradual replacement of the traditional approaches in deep learning through
the inclusion of these algorithms that helps in capturing the data based on time and sequence. The model performance is greatly
enhanced through the usage of RNNs that uses these algorithms for developing sequential modelling of data. This paper has
performed a peer review to understand the different mechanisms that include GRUs, MANN, LSTM and self-attention
mechanisms. Memory mechanism assists in capturing the past sequence of datasets for analysing the hidden state within the
datasets. Attention mechanisms help in capturing a particular location within a video dataset to understand the patterns of a data.
There is an accurate recognition of human actions in the datasets through the implementation of attention mechanisms. This
helps in increasing the model performance by enhancing the prediction accuracy and visibility within a particular dataset.
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1. Introduction

The two fundamental components of deep learning are
considered as attention and memory mechanisms. Data
complexity is clearly diagnosed through the implementation
of these mechanisms and helps in increasing prediction
accuracy on a large scale. The performance of “deep learning
models” are greatly enhanced through the implementation of
attention and memory mechanisms. Cognition guidance is
considered to be a necessary aspect in the development of
focus over a particular aspect by ignoring others. This aspect
is provided through these mechanisms in deep learning that
helps in picking salient information that are available within
noisy data. This is effective in memorizing one particular
event at a time and increases the model performance by
analyzing the dataset features. This paper has identified an
issue within the “traditional deep learning approaches” in
processing and analyzing massive three-dimensional volumes
by achieving fine-grained details and spatial context. This
indicates the generation of false positives and missed
detections through the formation of “suboptimal model
performance” leading to the decline in prediction accuracy
and reliability. Based on this issue, this paper has conducted
a research on attention and memory mechanisms to
understand their contributions made in enhancing the
suboptimal performance of deep learning techniques. This
paper has made a detailed investigation about different
attention and memory mechanisms used in increasing the
quality and prediction accuracy. Further, this paper has
elaborated the methods that are used for conducting this
research and has provided a peer review from different
journals to make a proper investigation about attention and
memory mechanisms.

2. Background

Neural networks help in the representation of deep learning
through the usage of artificial intelligence [23] (Smys, Chen
and Shakya 2020). These networks possess interconnected
nodes referred to as neurons that help in transmitting
information in a particular direction. Traditional “neural”
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networks consist of more than one hidden layer, output layer
and input layer. There is availability of connection within
different nodes by having thresholds and associated weights.
Multiplied versions of random weights and inputs are
received by neurons. There has been addition of activated
functions and a “static bias value” that helps in the formation
of a final outcome. The performance of “traditional neural
networks” are getting beyond scope and heavy to handle some
typical application scenarios (for example, medical
diagnosis)[22] (Salehi et al. 2023). There is a limitation
within “traditional neural networks” in handling sequential
data. This is because these networks help in the independent
processing of inputs without having any presence of past
memories [1](Alzubaidi et al. 2021)[1]. As a result, it is
unable to capture the dependencies and relationships with
respect to time and thereby leading to the decline in the model
performance. This has led to the generation of attention and
memory mechanisms within deep learning that helps in the
sequential handling of data. Memory mechanisms help in
increasing the capability for retaining data in models that are
available within a particular input sequence[27] (Xi et al.
2023). The tasks containing massive datasets are retrieved
and stored by memory mechanisms for understanding the
tasks minutely. Attention mechanisms help in developing the
model capability by developing focus over a specific portion
of a dataset [3](Dai et al. 2021). This is effective in the
complete elimination of large background data and thereby
leading to the decline in the irrelevant data within a dataset.
Attention mechanisms help in understanding the sequence
through the acquisition of dependencies available within
input data weights. The aim of this paper is to determine the
different attention and memory mechanisms that have helped
in increasing the accuracy, reliability and model performance
of “deep learning models”.

2.1. Methods

Linking with the aim of this research, it is suggested that
this research is accomplished through the consideration of
secondary data for gathering detailed information about
different attention and memory mechanisms used in deep
learning. Peer review is done in this research through the



consideration of different journals and articles. Qualitative
research is done through the use of secondary data that is
available in different journals [15](Nassaji 2020). There is
accumulation of qualitative information based on different
models used in attention and memory mechanisms within
deep learning. This research has made a selection of journals
that are available within the last 6 years and have accessed
them from Google Scholar database. Appropriate descriptions
are provided on different attention and memory mechanisms
to elaborate the contribution made by them in deep learning
models.

3. Results

3.1. Memory mechanisms

3.1.1. Gated Recurrent units

According to [20]Rajamani et al. 2021, there has been wide
usage of gating mechanisms within "neural network models".
These mechanisms permit gradients in backpropagation in a
much easier manner through time and depth. One of the most
prominent features of GRU is the presence of activation
functions. RNNs that include GRU and LSTM help in
capturing the sequential data that possesses temporal
dynamics. "Gated Recurrent Units" are considered to be a
feature of RNN that helps in the implementation of gating
mechanisms. This feature helps in the development of control
over information flow and thereby help in managing cells
available within one neural network. The GRU structure helps
in the quick acquisition of dependencies that are available
within the data sequences of a large dataset, especially
videos[18] (Rafiq, Rafiq and Choi 2023). This helps in
ensuring the data available in the previous sections of a data
sequence. Information regulation is accomplished through the
implementation of gating mechanisms that helps in distorting
or keeping information at different time steps. Therefore, the
argument could be made that there is a gradual increase in the
model performance of deep learning through GRUs as it helps
in the complete elimination of the "vanishing gradient
problem" [30](Zulgarnain ez al. 2020). This is effective in
increasing the speed of model training as that is a considerable
reduction in parameters through the usage of optimization
technique.

According to [8]Jordan et al. 2021, data is written within
the models through the implementation of memory
mechanisms.  This is accomplished through the
implementation of "gated recurrent units" that helps in the
development of RNNs through the inclusion of "specialized
memory elements" [2](Chandra et al. 2021). The RNNs help
in utilizing and capturing the sequential structure that is
available within artificial and natural languages that include
videos, speech and time series sequences [24](Torfi et al.
2020). This is effective in capturing the information flow by
developing influence over the presence state based on the past
data sequence. Park er al. 2021 states that the GRUs
implements two different "internal gating variables" that
include one reset gate and one update gate. A reset gate
permits hidden state overwriting and thereby helps in
developing control over the interactions developed with an
input. An update gate helps in safeguarding the d-dimensional
"hidden state". Through the implementation of this update
gate, there is formation of control over different dimensions
that are available within a "hidden state decay" and thereby
help in the formation of one adaptive "time constant" for
memory. Therefore, the argument could be made that there
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has been a gradual increase in the model performance through
the implementation of differential equations in RNNs. This is
effective in retrieving and storing memory by using numerical
approximation techniques in GRUs.

3.2. Long short-term memory

According to [11]Landi et al. 2021, there has been usage of
LSTMs that implements RNNs for developing gating
mechanisms Figure 1. This is effective in enhancing the
model performance by learning different long-term
dependencies by eliminating vanishing and exploding
gradients available within a dataset. During a forward pass,
the "long-term memory cell" is involved in storing
information and thereby helps in the accomplishment of back
propagation of one error signal through one safe path
[19](Ragab et al. 2020). There has been establishment of
“working memory connections” that helps in enhancing the
gates’ values under the influence of memory cells through
recurrent weights. A constant “error paths are developed
within subsequent time steps” through the implementation of
LSTM networks.

i, = c(W;,x, + W;h,_; + tanh(W;.¢c,_;) + b;)
f, = c(W;x, + Wgh,_;, +tanh(W,.c,_;) + b))
o, = or(W,.x, + W, h,_, + tanh(W,.¢c,) + b,).

Figure 1. Protection mechanism(Source: Baraldi et al.
2021)

Baraldi et al. 2021 highlights that a protection mechanism
is developed through the implementation of LSTM networks.
This helps in the development of a connection within gates
and memory cells through the generation of one “non-linear
activation function”. Information accessibility is raised
through the consideration of one LSTM cell that uses
“Working Memory connections” for developing a suitable
access within a gate structure. The improvements that are
made through the inclusion of WMCs are increase in gate
controls and rise in stability for training function.

According to Le 2021, there is availability of a
mathematical challenge of RNNs in reading long sequences.
This is because the gradients either explode or vanish while
accomplishing step propagation. Figure 2 The complexity is
developed through the allocation of smaller weights for
accomplishing long-term interactions that are linked with
different long-term dependencies. This issue is resolved
through the inclusion of LSTM that helps in the addition of
one “linear self-loop memory cell” for computing one hidden
unit.
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Le 2021)

Figure 2. LSTM unit [13](Source:

The weight associated with this memory cell is gated and
directly depends over an input. As a result, dynamic



moderation is developed within the network for controlling
the data passing through one hidden unit. Figure 3 shows that
there has been inclusion of different additional parameters to
achieve vector representation.

fe=0(Wphi—y + Uszy + by)

Figure 3. Hidden state computation of forget gate
[13](Source: Le 2021)

The “forget gate” is involved in capturing long-term
dependencies by allowing the network to preserve the
previous memory. As a result, there is formation of
backpropagation for one distant input through the
complement elimination of the “gradient vanishing process”.

3.3. Memory augmented neural networks

According to Park er al. 2018, MANNSs involve external
networks like memory networks and Turing machines that
helps in increasing the performance of cRNNs through the
increase in learning capabilities for long-term dependencies.
There is availability of two components in MANNS that help
in increasing the model performance. These include external
memory and memory controllers. MANNS help in writing and
reading memory by considering the information. The memory
addressing feature plays a critical role in interference and
training.

exp{S(M;.k)}
\:[  exp{S(M;, kn}'

C(M, k)i
Content-based addressing[17](Source: Park et al. 2018)

There has been implementation of content-based
addressing by MANNSs that helps in increasing the
performance of RNNs. This is accomplished through the
consideration of a “similarity measure” that is represented as
S that helps in representing the cosine similarity within one
key vector and a memory element. The normalization is
accomplished through the consideration of one SoftMax
function. Due to the availability of differentiable components
within SoftMax and cosine similarity, the gradient
backpropagation is implemented by MANN for establishing
an end-to-end trainable feature. Kim et al. 2018 states that
binary and fixed-point quantization is done for developing
accountability over the “quantization error”. There has been
implementation of XNORNet and BinaryNet in CNN for
“binary quantization” of activations and parameters
[25](Weng 2021). This is effective in minimizing energy
consumption. BinaryNet has been implemented over CIFAR-
10 and MNIST datasets. Information loss is compensated
through the use of XNOR-Net that helps in the adjustment of
layer positions through the consideration of one scale factor.
This is effective in increasing the error rates by at least 50%

to diagnose the layer positions available within image datasets.

3.4. Attention mechanisms

3.4.1. Temporal and spatial attention mechanisms
According to [S]Guo er al. 2022, there has been a
considerable increase in computer vision through the
consideration of temporal and spatial mechanisms that help in
the appropriate recognition of human actions. Attention
mechanisms help in the enhancement of “computer vision” by
developing imitation over the visual system of humans. These
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mechanisms help in semantic segmentation, multi-video
understanding, object detection and image classification.
Spatial attention helps in the generation of an attention mask
over spatial domains. This is effective in selection of spatial
regions and positions. Temporal attention helps in the
generation of an attention mask within time for the
appropriate selection of key frames. Spatial attention helps in
the establishment of one adaptive spatial region selection
mechanism” for developing focus on a particular region for
human actions. GENet, RAM, Non-local and STN are the
different spatial attention techniques [12](Lau et al. 2024).
Relevant regions are explicitly predicted through the
implementation of one subsequent network by using STN.
Soft Max is implicitly predicted through the implementation
of GENet that uses one subnetwork for choosing important
regions. Visual attention is developed through the use of
reinforcement learning techniques in RAM and thereby help
in developing focus over a particular location [4](de Santana
Correia and Colombini 2022). Xu et al. 2022 stated that
temporal attention helps in the implementation of a “dynamic
time selection mechanism” for selecting a particular time in
paying attention. This technique is effective in video
processing by picking a particular time in analyzing the
information flow sequence. The TAM module is implemented
for developing temporal attention through the consideration
of one adaptive kernel. This helps in capturing the “global
contextual data” for minimizing time complexity.
Computation cost is reduced through the consideration of 1D
convolutions that include ReLU nonlinearity within the
“temporal domain” [29](Zhao et al. 2020). This helps in
generating location-sensitive maps for frame-wise features
enhancement.

3.5. Self-attention mechanisms

According to Hafiz et al. 2021, in the current scenario, the
attention-based mechanisms act as transformers for the
accomplishment of “machine vision tasks”. This is done
through the usage of vision transformers that help in object
detection, image recognition and video understanding. The
implementation of a self-attention technique helps in the
formation of one measurable estimate based on data relevance
available within other elements [26](Wilson et al. 2023). This
technique acts like transformers for modeling dependencies
available within a sequence. This helps in enhancing the
prediction accuracy and capability within deep learning
techniques. A value is assigned within an element within a
particular sequence through the use of a “self-attention model
layer”. This helps in the global combination of the
information that is derived from an “input sequence”.
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Determination of output from self-attention
layer[6](Source: Hafiz et al. 2021)

Z = softmax <

Self-attention helps in capturing dependencies by
transforming values and queries [28](Xie ef al. 2020). The
query dot product that is available within a sequence is
diagnosed through the implementation of self-attention
techniques. The normalization of this product is accomplished
through the consideration of a SoftMax function [16](Pan et
al. 2022). As a result, there is achievement of attention-map
scores that helps in determining the “weighted summation” of



all elements available within a sequence. Parah ef al. 2021
stated that recently, this feature has been implemented in
image classification and face recognition for analyzing the
sequence and thereby developing outputs based on the
weighted summation. “Convolution vision transformers” are
used for the establishment of one linear projection for
analyzing the sequence and thereby increasing the prediction
accuracy [21](Ranftl, Bochkovskiy and Koltun 2021).
According to [7]Hernandez ef al. 2021, self-attention helps
in the establishment of relationships within numerous
positions available within a particular sequence. Sequence
transformation is accomplished for developing computation
using queries, keys and values [14](Lin et al. 2020). This
technique helps in the dynamic calculation of weights by
availing direct transformation within inputs. Direct
relationships are established within an output vector and

inputs through the use of this module [10](Kossen et al. 2021).

However, the local interactions are not prioritized through the
use of self-attention techniques.

4. Discussion

Referring to the above findings, it is summarized that there
is accomplishment of sequential modeling through the
consideration of attention and memory mechanisms. Through
the use of these mechanisms, focus is developed over a
particular location and time within an available dataset. This
is effective in the suitable recognition of hidden parameters
and thereby helps in increasing prediction accuracy. There has
been consideration of the state-of-the art approach through the
use of attention and memory mechanisms in deep learning.
Referring to the context of GRUs, the "vanishing gradient
problem" is eliminated through the usage of gating
mechanisms. This is done through the effective consideration
of the dependencies that are diagnosed within a dataset. The
usage of activation functions in GRUs helps in increasing
model performance by developing in-depth investigation over
dataset sequence. Further, numerical approximation is done
through the usage of gate controllers that helps in analyzing
the “hidden state decay” in terms of a time constant. Referring
to the context of LSTM, the usage of “Working memory
connections” helps in the establishment of a protection
mechanism by developing error paths based on time. This
approach helps in increasing the performance of “deep
learning models” by establishing one “non-linear activation
function”. LSTM helps in adding one “linear self-loop
memory cell” and thereby helps in the suitable computation
of hidden units. Referring to the context of MANN:Ss, there has
been formation of content-based addressing that helps in the
effective diagnosis of similar features available within vector
and memory elements. Quantization error is reduced through
the use of LSTM that helps in the implementation of binary
and fixed-point quantization. Referring to the context of
“temporal and spatial mechanisms”, there has been a
considerable enhancement in the visual systems through the
effective diagnosis of spatial regions and positions. These
mechanisms help in the gradual increase in the model
performance by analyzing location and time for capturing the
information flow within a data sequence. There is formation
of location-sensitive maps that helps in understanding the
changes occurring within human actions with respect to time.
Referring to the context of self-attention mechanisms, there
has been formation of weighted summation based on
attention-map scores. This helps in enhancing prediction
accuracy by developing accountability over position vectors
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[9](Kardakis ef al. 2021). The SoftMax function helps in the
development of measurable outcomes by establishing proper
relationships within output vectors and inputs.

5. Conclusion

To summarize, the evolution of attention and memory
mechanisms helped in increasing prediction accuracy in deep
learning. These mechanisms have helped in the
accomplishment of sequential modeling by analyzing vectors
to determine human actions. LSTMs are considered to be an
innovative feature of RNNs as it helps in development of
outcomes based on the changes occurring within a dataset at
a particular time. Time and location are the major aspects that
are considered by LSTMs and MANNs for generating
prediction outcomes. These mechanisms help in the
accomplishment of dynamic moderation by understanding the
accurate event for developing focus. Gate controllers are
deployed by LSTM for increasing control over inputs. This
helps in the significant reduction of errors in the dataset and
thereby helps in increasing prediction accuracy. Further
investigations could be developed in the future concerning the
architectures of each mechanism. This will be effective to
analyze the arithmetic calculations developed by different
models in generating accurate outcomes.
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