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Abstract

Long Short-Term Memory (LSTM) neural networks are important for processing sequential data in various applications, from natural
language processing to time series analysis. Their interpretability is limited due to intricate internal mechanisms. This paper addresses
these limiblack boxesenhancing LSTMs interpretability through the Discrete Event System Specification (DEVS) formalism. We model
each LSTM component as distinct DEVS models, creating a modular and hierarchical framework that allows detailed visualizations of
data flow and memory updates to support step-by-step simulation and analysis of LSTM operations over time. We developed a
DEVS-based LSTM library in the DEVSimPy environment for modular testing and simulation. We demonstrate the effectiveness of our
DEVS-based framework through a proof of concept, where the library’s capability to replicate known LSTM behaviors is validated
against manually computed outcomes. This case study elucidates the operations within LSTM and enhances their interpretability,
bridging the gap between complex LSTM operations and user comprehensibility.

Keywords: Long Short-Term Memory; Discrete Event System Specification; Explainable AI; Interpretability.

1. Introduction

LSTM networks are sophisticated recurrent neural net-
works (RNNs) designed to process and model sequential
data (Sherstinsky, 2020). Developed in the 1990s, LSTMs
address the critical challenges faced by traditional RNNs,
particularly their inability to capture long-range depen-
dencies due to the vanishing gradient problem (Louis,
2024). This enhancement allows LSTMs to perform ex-
ceptionally well in applications such as natural language
processing, speech recognition, and time series forecast-
ing, where understanding extended sequences is crucial
(Torres etal., 2021).

However, despite their performance, LSTMs often op-
erate as black boxes, with limited transparency regarding
how they process inputs to produce outputs (Buhrmester
etal., 2021). This lack of interpretability poses significant

challenges, particularly in domains where understanding
the decision-making process is essential, such as in regu-
latory and safety-critical environments (Saraswat et al.,
2022).

In the context of the growing demand for explainable
artificial intelligence (XAI), enhancing the transparency of
LSTM models is more than just a technical improvement -
it’s a necessary improvement to meet regulatory and ethi-
cal standards. XAI seeks to make machine learning mod-
els accessible and understandable to human stakehold-
ers, thus promoting trust and facilitating more informed
decision-making (Islam et al., 2022). As Al systems be-
come more integrated into critical decision processes in
industries, such as healthcare, finance, and legal systems,
the ability to interpret and verify the reasoning behind
Al decisions becomes imperative. By integrating Discrete
Event System Specification (DEVS) formalism into LSTM
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Figure 1. Three-module chain of LSTM networks.

networks, this work contributes to the field of XAI by
providing a methodological framework that explains how
these models process data and simplifies their complexity
into interpretable components. This advancement aids
stakeholders in assessing the reliability and fairness of
Al-driven decisions, aligning LSTM applications with the
principles of responsible Al usage.

To address these challenges, this paper introduces the
application of the DEVS formalism to LSTM networks.
DEVS offers a structured, modular approach that enhances
the transparency and comprehensibility of complex sys-
tems (Alshareefetal., 2022). By modeling each LSTM com-
ponent through the DEVS framework, we aim to provide a
clear, step-by-step visualization of the internal dynamics
of LSTM operations, thereby demystifying their function-
ality and making these powerful models more accessible
and understandable.

2. Preliminaries

2.1. Long Short-Term Memory

LSTM networks are designed to address the vanishing
gradient problem commonly encountered in training
neural networks to learn long-term dependencies (An-
bil Parthipan, 2020). The architecture features a constant
error carousel (CEC) that stabilizes the error signal within
each cell, effectively preventing gradient issues (Kisvari
et al., 2021). Each LSTM cell incorporates components
such as input, output, and forget gates that manage the
flow of information (Kisvari et al., 2021).

Architecture. As shown in Figure 1, the LSTM architecture
comprises multiple recurrently linked memory blocks,
each designed to maintain its state over time and control
information flow through nonlinear gating mechanisms
(Van Houdt et al., 2020). Figure 2 displays the structure
of a typical LSTM memory cell, which includes the gates
and activation functions that facilitate the processing of
inputs and generation of outputs.

Operational Dynamics. The operational dynamics of a
LSTM network involve several key stages, each defined
by specific equations, to update the state of the network.

Legend

LSTM block

—— connection

® multiplication

@ sumover all inputs

gate activation function
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input activation function
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Figure 2. Architecture of a typical LSTM block (Van Houdt et al., 2020).

Below are the main operations performed in an LSTM unit:
z(t) = g(Wzx(t) + Rzy(t — 1) + bz) (1)

i(t) = o(Wix(t) + Riy(t —1) + p; - c(t—1) +b;)  (2)
f() = o(Wex(t) + Rey(t — 1) + ps - c(t —=1) +be) ~ (3)

c(t) = z(t) - i(t) + c(t — 1) - f(t) (4)
o(t) = o(Wox(t) + Roy(t — 1) + po - c(t) + bo) (5)
y(t) = g(c(t)) - ot) (6)

Equations 1 to 6 depict how each component of the
LSTM cell interacts with others to process data, comput-
ing the block input, input gate, forget gate, candidate cell
memory, output gate, and the output block. This setup
facilitates understanding LSTM mechanisms and under-
scores the model’s capability in handling sequential data
effectively.

2.2. DEVS and DEVSimPy Environment

The DEVS (Discrete Event System Specification) formalism
offers a modular framework for discrete event systems,
enhancing complex system analysis and design with fea-
tures like completeness and extensibility. It distinguishes
between atomic models, which detail operational dynam-
ics, and coupled models, which integrate multiple models
for complex systems (Kim and Zeigler, 1987).

Atomic models are defined by a 7-tuple indicating in-
puts, outputs, states, and functions, while coupled mod-
els manage interactions and choose between conflicting
events with a SELECT function. Recent tools have built
on DEVS to provide advanced modeling capabilities (The-
RED-Network, 2024).

For our applications, we utilize DEVSimPy, an open-
source platform that extends DEVS into Python, facilitat-
ing complex model integration within a user-friendly en-
vironment (Capocchi et al., 2011). Developed by the Science
pour ’Environnement team at the University of Corsica, DE-
VSimPy supports extensive libraries and provides a unified
platform for discrete event and ANN modeling, ensuring
streamlined model development and simulation.



3. State of the art

Explainability in ANN is a crucial area in Al that aims to
make machine and deep learning systems more under-
standable (Samek et al., 2017). While ANN excel at tasks
such as image recognition or language understanding,
their decision-making processes are often opaque, leading
to their characterization as black boxes. To address this,
researchers have been integrating machine learning with
domain-specific knowledge to create more transparent
models (Roscher et al., 2020; Tiddi and Schlobach, 2022;
Saeed and Omlin, 2023). Despite these efforts, no approach
has fully overcome the challenges posed by the complex
architectures of ANN, which often hinder attempts to en-
hance transparency without degrading performance.

In response, some developers have turned to the DEVS
formalism as a promising solution due to its inherent
transparency, modularity, and capability to decompose
complex systems. This approach could significantly im-
prove understanding and trust in Al systems. For instance,
(Toma et al., 2011) were the first to propose a new model-
ing approach for ANNs using DEVS. This method aims to
simplify the configuration and training phases of ANNs
by making them more modular and comprehensible. By
decomposing the ANN into atomic and coupled models,
the authors effectively manage the inherent complexity
associated with ANN design. Their validation with a non-
linearly separable two-dimensional XOR problem demon-
strates the feasibility and effectiveness of DEVS for ANN
modeling, providing a clear insight into the network’s ar-
chitecture and behavior beyond the typical black-box per-
ception. (Sehili etal., 2015) explore the integration of DEVS
formalism with ANN models to enhance transparency and
modularity in simulations. Their study applies these tech-
niques across several case studies, showcasing how DEVS
can offer a structured, systematic approach to understand-
ing and modifying ANN models. The methodology they
develop for decomposing complex ANN architectures into
simpler, discrete event models makes these systems eas-
ier to analyze and adapt. (Adelani and Traoré, 2016) in-
vestigate using DEVS to optimize ANN training processes.
They propose a hybrid model that combines traditional
ANN training algorithms with discrete event simulation,
enhancing training efficiency and scalability. Their com-
parative analysis illustrates that this approach can sig-
nificantly reduce computational demands and improve
scalability, especially in scenarios involving large datasets
and complex network architectures.

However, to the best of our knowledge, no research has
yet explored applying DEVS to understand LSTM networks.
This gap presents a unique opportunity for our study.

4. LSTM DEVS-based modeling approach

4.1. Overall model structure

As a top-down approach for effective description, we be-
gin by outlining the structure of the proposed DEVS-based
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LSTM model, as depicted in Figure 3a, featuring three
key layers. The Input_layer_AM, an atomic model, pro-
cesses raw inputs are processed into a format suitable for
further analysis. The Hidden_layer_CM, a coupled model,
contains nine interconnected LSTM cells (LSTM_cel1_CM_1
to LSTM_cell_cM_9) that manage temporal dependencies,
updating and maintaining information to capture dy-
namic input attributes. Then, the Output_layer_AM, an-
other atomic model, synthesizing the processed data into
final outputs for predictions or classifications. This archi-
tecture highlights the sequential data management capa-
bilities of LSTM networks through detailed DEVS model-
ing.

This architecture presented in Figure 3a is structured
by the LSTM_Network_cM coupled model, covering the en-
tire LSTM network from data input to output. This model
includes three main components: the Input_layer_AM,
Hidden_layer_CM, and Output_layer_AM, which ensure a
smooth flow of data processing. Data is initially processed
by the Input_layer_AM, managed for temporal dependen-
cies by the Hidden_layer_cM, and finally synthesized into
actionable outputs by the output_layer_aM. The model’s
internal and external couplings facilitate data transfer and
interaction with the environment. A selection function
within the model prioritizes events to manage responses
from multiple sub-models. This LSTM_Network_cM is de-
fined by the following formal specification:

Formal specification of the LSTM_Network_CM:

X = {input}, external sequences for processing

Y = {output}, final decision or prediction

{M;} = {Input_layer_AM, Hidden_layer_CM,

Output_layer_AM}

EIC = {(CM.input, Input_layer_AM.input)}

EOC = {(Output_layer_AM.output, CM.output)}

IC = {(Input_layer_AM.output, Hidden_layer_CM.input),
(Hidden_layer_CM.output, Output_layer_AM.input)}

Select = function prioritizing internal model events

4.2. Input layer atomic model

The Input_layer_aM of an LSTM neural network is cru-
cial for the initial processing of input data sequences. As
an atomic model, it receives raw data, transforming it
into a format suitable for subsequent network layers. The
model’s formal specifications detail its functionality: in-
puts X include any data (sequences or vectors), while out-
puts Y produce processed_data, tailored for the hidden
layers. Operational states of the Input_layer_aM are idle
and processing. Starting in idle, it transitions to processing
upon data reception, as governed by the external tran-
sition function &.;. Data transformation occurs during
this phase, with the duration set by processing_time in
the time advance function ta. After processing, the model
outputs formatted data and reverts to idle via the internal
transition function §;,;. Output generation, controlled by
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LSTM_network_CM

Figure 3. Overall DEVS model structure of: (a) an LSTM neural network, featuring an input layer atomic model, a hidden layer coupled model with nine
single-cell blocks, and an output layer atomic model; and a (b) detailed view of an LSTM cell block.

the output function A, occurs only in processing state, en-
suring efficient data preparation for deeper LSTM network
processing.

Formal specification of the Input_layer_aM:

X = {data}

Y = {processed_data}

S ={"idle", "processing"}

so = "idle"

ta("idle") = o

ta("'processing") = processing_time

Sext("'idle", e, {data}) = "processing"
8int("'processing'") = "idle"

A("processing") = {processed_data}

where processed_data is the transformed input data.

4.3. Hidden layer coupled model

The Hidden_layer_cM coupled model functions as the cen-
tral processing unit of the LSTM network, containing
a series of LSTM memory cells (from LSTM_cell_CM_1
to LSTM_cel1_cM_9) that handle detailed computations of

temporal data. It receives processed inputs from the
Input_layer_AM, which are then sequentially processed by
interconnected LSTM memory cells, each contributing
uniquely to the learning process. Outputs from certain
cells, such as LSTM_ce11_CM_7 to LSTM_cell_CM_9, are des-
ignated as outputs for the entire hidden layer, which are
then forwarded to the output_layer_aM for final process-
ing. The selection function here manages internal con-
flicts and scheduling, ensuring that the most critical pro-
cessing tasks are prioritized.

Formal specification of the Hidden_layer_cM:

X = {processed_input}, data from Input_layer AM

Y = {hidden_output}, data for Output_layer_ AM

{M;} = {LSTM cell CM_1,LSTM cell CM 2, ...,

LSTM_cell CM_9}

EIC = {(CM.processed_input, LSTM_cell_CM_1.input)}

EOC = {(LSTM_cell_CM_7.output, CM.hidden_output)}

IC = {(LSTM_cell_CM_1.output, LSTM_cell CM_4.input),
(LSTM _cell_CM_4.output, LSTM_cell CM_7.input)}

Select = function managing outputs from LSTM cells




4.4,. LSTM memory cell coupled model

As illustrated in Figure 3b, the heart of the LSTM network
is the LSTM_cel1l_block_cM coupled model, which is com-
posed of multiple atomic models including Multiplication
Units (Mult_AM) for critical element-wise multiplications
essential for gate modulation, Summation Units (Sum_AM)
which aggregate various inputs to update the cell’s state,
and Transformation Modules (Transf_AM) that apply nonlin-
ear activations to enable the learning of complex patterns.
Additional Functional Modules such as Than_AM employ hy-
perbolic tangent function for regulating the flow of infor-
mation within the cell.

Formal specification of the LSTM_cell_block_CM:

X = {input_signals}, inputs to the LSTM cell

Y = {output_signals}, outputs from the LSTM cell

{M;} = {Sum_AM1, Transf_AM1, activ_AM1, Mult_ AM1,

Transf AM2, activ._.AM2, Mult AM3, Sum_AM?2,
FM_Thanh_AMa1, Transf AM3, Mult_AM/,
activ_AM3, Transf_AM/, FM_Thanh_AM2}

EIC = {(CM.input_signals, Sum_AM1.input),

(CM.input_signals, Transf AM1.input)}

EOC = {(Mult_AM4.output, CM.output_signals)}

IC = {(Sum_AMz1.output, Mult_ AM1.input),
(Transf_AM1.output, activ_AM1.input),
(activ_AM1.output, Mult_AM1.input),
(Mult_AM1.output, Sum_AM?2.input),
(Transf_AM2.output, activ_AM2.input),
(activ_AM2.output, Mult_ AM3.input),
(Mult_AM3.output, Sum_AM2.input),
(Sum_AM2.output, FM_Thanh_AM1i.input),
(FM_Thanh_AM1.output, Transf AM3.input),
(Transf_AM3.output, Mult_AM4.input),
(Transf_AM4.output, activ_AM3.input),
(activ_AM3.output, FM_Thanh_AM2.input),
(FM_Thanh_AM?2.output, Mult_ AM4.input)}

Select = function managing the prioritization of

simultaneous events

4.4.1. Multiplication atomic model

The atomic model of multiplication, designated as
Mult_AM1, Mult_AM2, and Mult_AM3. Each one of these three
atomic models processes a distinct pair of real numbers
crucial for different phases of the LSTM’s computational
flow:

+ Mult_AM1 multiplies the current state cell C(t) with the
output from the forget gate. This updates the state cell
based on past information, while ensuring that irrele-
vant data is forgotten.

- Mult_AM2 multiplies the candidate state z(t) with the
output of the input gate. This integrates new input in-
formation into the state cell, allowing the LSTM to learn
from new data.

- Mult_AM3 multiplies the updated state cell C(t) by the
output of the output gate to calculate the final hidden
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state output h(t). This last multiplication defines what
the next or output layer of the neural network receives
from the LSTM memory cell.

Inputs X for the multiplication model, Mult_aM1,
Mult_AM2, and Mult_AM3, consist of real number pairs
(v1,v2) to be multiplied. These pairs may originate from
various LSTM operational parameters like activation func-
tion outputs or state cell values. The output Y is a real num-
ber w, the product of the inputs, useful for further com-
putations or feedback mechanisms in larger systems. All
three models share identical operational dynamics within
the DEVS framework. The model alternates between two
primary states: idle and calculate. It remains in idle indefi-
nitely until inputs are received, then instantly transitions
to calculate to perform the multiplication. The time ad-
vance function ta(), external transition function 5.y, and
internal transition function §;,,; govern these state changes
and processing times, ensuring immediate responsive-
ness and rapid return to idle after calculations. The output
function A emits the result instantaneously once the com-
putation is complete.

Formal specification of the Mult_AM:

X = {(v1,v2) | v1 € R,v2 € R}, where for:
Mult_AM1:  X1={(C(t), fg) | C(t) € R,fg € R}
where: C(t) the current state cell value,

and fg the output from the forget gate
Mult_AM2: X2 = {(z(t), ig) | z(t) € R,ig € R}
where: z(t) the candidate state,

ig the output from the input gate
Mult_AM3: X3 = {(C(t), 0g) | C(t) € R,0g € R}
where: C(t) the updated state cell value,

og the output from the output gate

Y = {w | w € R}, where for:

Mult AM1:  Y1={wi|wieR}
Output w1 is the product of C(t) and fg.
Mult AM2: Y2 ={w2| w2 c R}
Output w2 is the product of z(t) and ig.
Mult_AM3:  Y3={w3|w3cR}
Output w3 is the product of C(t) and og.

S = {"calculate", "idle"},
with so = "idle"

ta("calculate") =0, ta("idle")= o

Sext("'idle", e, (v1,v2)) = "calculate",

dext("'calculate", e, (v1,v2)) = "calculate"

8int("calculate") = "idle"

A("calculate") = v1 x v2

4.4.2. Summation atomic model

The summation atomic model (Sum_aM) is designed to per-
form essential summation operations necessary for updat-
ing the LSTM’s internal states. We distinguish two types:

- Sum_AM1: It sums the results obtained by the forget gate
and the input gate with their respective parts of the
state cell. This summation updates the state cell to its
new state C(t), combining both past information and
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new incoming information.

- sum_AM2: This model sums the product of the updated
state cell and the output from the output gate to calcu-
late the final output state h(t).

The Sum_AM atomic models operate in two states: cal-
culate for active processing and idle for waiting. The 8¢yt
function switches the model from idle to calculate upon
receiving inputs, while the §;,; function resets the state to
idle after processing. The A function computes the sum of
the inputs during the calculate state. Time advancement
is immediate in the calculate state and infinite in the idle
state, indicating that the model waits indefinitely until the
next input arrives.

Formal specification of the sun_aM:

X = {(v1,v2) | v1 € R,v2 € R}, where for:
Sum_AM1:  X1={(C(t), fg) | C(t) € R,fg € R}
where: C(t) is the current state cell value,
and fg is the output from the forget gate
Sum_AM2: X2 ={(z(t),ig) | z(t) € R,ig c R}
where: z(t) is the candidate state,
and ig is the output from the input gate
Y = {s | s € R}, where for:
Sum_AM1: Yi={s1]|s1eR}
Output s1 the sum of (C(t) xfg) and (z(t) x ig)
Sum_AM2: Y2={s2]|s2ecR}
Output s2 is the sum of (C(t) xog)
S = {"calculate", "idle"}
with so = "idle"
ta("calculate") = 0, ta("idle") =00
dext("'idle", e, (product)) = "calculate",
dext("'calculate", e, (product)) = "calculate"
dint("'calculate') = "idle"
A("calculate') = sum of inputs

4.4.3. Transfer function atomic model

The Transf_AM atomic model manages the linear trans-
formation of inputs. It operates by applying a predeter-
mined weight matrix and bias to the input data, which
typically originates from previous layers or states within
the LSTM architecture. The model starts inan idle state un-
til it receives input data. Once input is available, the model
switches to the processing state, where it performs the core
operation of matrix multiplication followed by bias addi-
tion. In the processing state, the transformation is executed
instantly. After the transformation operation, the model
outputs the transformed data, which is usually passed
on to an activation function to introduce non-linearity
into the process. The temporal dynamics of the model are
controlled by the time advance function, which is set to
infinity in the idle state, indicating that the model will
wait indefinitely for input. The transition to the processing
state occurs instantaneously upon receiving input, and
similarly, the model returns to the idle state immediately
after processing the input. The 5.4 function dictates the

model’s response to incoming data, prompting a shift from
waiting to active computation. Conversely, the §;,; func-
tion manages the model’s return to readiness, resetting
its state post-computation. The output function precisely
defines the mathematical operation performed during the
processing state, where the input vector is transformed
by the weight matrix and adjusted by the bias, producing
the output vector that is then ready for further processing
stages in the network.

Formal specification of the Transf_AM:

X ={x | x € R"}, x the input vector from previous layers
Y = {y | y € R™}, y transformed input ready for activatior
S ={"idle", "processing'"} with so = "idle"
ta("idle") = oo, ta(""processing') = process time
dext(''idle", e, x) = "processing"
8int("'processing") = "idle"
A("processing") = Wx + b

where W the weight matrix and b the bias vector

4.4.4. Activation function atomic model

The activation atomic model (Activ_aM) begins in the idle
state, indicating it is prepared to receive inputs. The in-
put set X consists of vectors that are the output of the
Transf_AM, which has already applied linear transforma-
tions to the data. The activation function, represented in
the model by f(x), is applied when the model is in the active
state, processing the data almost instantaneously to ap-
ply the non-linear transformation. After processing, the
output function A produces the activated output y, which
is then either fed into further processing stages within
the LSTM or used as part of the network’s output. The §¢y;
function handles the receipt of new input data by transi-
tioning the model to the active state for processing. The
dins function ensures the model returns to the idle state
after activation, awaiting new inputs for subsequent acti-
vations. The time advance function confirms the instanta-
neous processing in the active state and indefinite waiting
in the idle state until new data arrives.

L

Formal specification of the Activ_AM:

X={x|xeRM}

the input vector x from the transformation model
Y={ylyeRrR™}

the output vector y is the activated input
S = {"idle", "active"}
so = "idle"
ta("idle") = o, ta("active'") = processing time
Sext(''idle", e, x) = "active"

the transition to active on receiving input
8int(""active") = "idle"

the transition back to ready after activation
A("active") = f(x)

the result of applying the activation function




4.5. Output layer atomic model

The Output_layer_AM in the LSTM network is the termi-
nal stage, synthesizing computations from previous lay-
ers into actionable outcomes. As an atomic model, it
receives arrays of hidden and cell states from the hid-
den layer, which contain the network’s learned features.
These are transformed into final outputs used for predic-
tions—either as a probability distribution for classifica-
tion via a softmax function or as continuous values for
regression through linear transformations and activation
functions.

Initially in an idle state, the Output_layer_AM transi-
tions to a generating_output state upon receiving data.
It processes the data into final outputs during a fixed
generation_time. Once the output is issued, the model
reverts to the idle state, maintaining an efficient data flow
through the network.

Formal specification of the output_layer_aM:

X = {processed_data_from_hidden_layer}

Y = {final_output}

S ={"idle", "generating output"}

So = "idle"

ta("idle") = o

ta("'generating output') = generation_time
dext("'idle", e, {processed_data_from_hidden_layer}) =
"generating output"

int("'generating output') = "idle"

A("generating output") = {final_output}

where final_output is the prediction/classification result

5. Validation of the DEVS-based LSTM model
5.1. Development of the DEVS-based LSTM library

We developed a comprehensive library within the DE-
VSimPy environment to support the modeling and simu-
lation of LSTM networks using the DEVS formalism. This
library, meticulously programmed in Python, features a
variety of atomic models that represent the functions of
both general LSTM networks and specific components of
the LSTM memory cell such as the input, forget, output,
candidate gates, and other components. The library facili-
tates an intuitive simulation experience, allowing users to
simply drag and drop the atomic models into DEVSimPy’s
workspace to construct and simulate complex LSTM mod-
els efficiently.

5.2. Proof-of-concept

To establish a proof of concept for our DEVS-based LSTM
library, we began with a manual calculation of the outputs
of an LSTM memory cell block and each one of its atomic
components. This approach served as a reference to val-
idate the correctness and reliability of the DEVS-based
simulation results obtained using DEVSimPy.
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The LSTM memory cell block was configured with spe-
cific input data (¢; = 2, hy = 1, and x; = 1), and predefined
weights and biases for the gates as specified in Figure 4.
This ensures a controlled environment for our calculations
and subsequent simulations. We detail the manual calcu-
lations below, representing each LSTM gate and memory
update:

Forget gate: f; = c(wfh x hy_q + Wiy X X¢ + bf)
= o0(1x27+1x1.63+1.62) =0.997
Input gate: it = o(Wy, x hi—g + Wiy X X¢ + b;)
=o(1x2+1x165+0.62) = 0.986
Candidate gate: ¢; = tanh(w, x h—1 + Wex X Xt + b¢)
= tanh(1 x 1.41+1 X 0.94 — 0.32) = 0.97
Output gate: of = o(Wy, x hi—1 + Wox X Xt + bo)
= 0(1 x 438 -1 x 0.19 + 0.59) = 0.99
New Long-Term Memory: ¢; = f; X Cr— + it X ¢t
= 0.997 x 2 + 0.986 x 0.967 = 2.94
New Short-Term Memory: h; = tanh(c;) x o; = tanh(2.94) x 0.99
= 0.994 x 0.99 = 0.98

Long-Term New Long-Term

Cypq Memory a Memory C,
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% Long-Torm % Potential Momory % Polential Momory |- Y.y
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S fos ks [ |
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Figure 4. Detailed manual calculations for the LSTM cell proof of concept.

5.3. Application, results and discussion

Here, we detail the construction and simulation of the
LSTM model within the DEVSimPy environment.

Model construction. Asillustrated in Figure 5, the first step
involves selecting the required atomic models from our
DEVS-based library to assemble the LSTM memory cell
coupled model (Figure 5). These atomic models represent
the different functional aspects of the LSTM cell, such as
the input, forget, candidate, and output gates. Each atomic
model is interconnected to simulate the data flow and in-
teractions within the LSTM architecture. We configure the
initial parameters for each model, including input values
¢t =1, hy =1, and x; = 1, as well as the weights and biases
for the gates as depicted in Figures 6 and 7, where the pa-
rameters for each gate are set through the DEVSimPy’s
configuration panels.
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Figure 5. Coupled model of an LSTM memory cell, and its atomic components in DEVSimPy.
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Figure 6. Set the properties of the Input_Data atomic model (c; = 1, h; = 1,
and x; = 1).

Simulation execution. Upon completing the model setup,
the simulation is launched. The DEVSimPy environment
provides various visualization plugins that display the
initial states and state transitions occurring within each
atomic model during the simulation. The visual tools help
trace the data flow and understand the dynamic interac-
tions among the LSTM components in real-time.

Results. Upon completion of the simulation, we meticu-
lously analyzed the final outputs, specifically focusing on
the new long-term and short-term memory values, ¢;
and h;, which were recorded as 2.94 and 0.98 respectively.
These results are in perfect alignment with our manual
calculations, as detailed previously in Section 5.2. Illus-
trated in Figure 10, the correspondence of these values
with those derived manually underscores the high fidelity
of our DEVS-based LSTM simulation library. This con-
sistency confirms the library’s capability to accurately
replicate expected outcomes and demonstrates its effec-
tiveness in reproducing the dynamic behaviors and data
transformations that are fundamental to the operation of
LSTM networks. Additionally, as shown in Figure 9, our
LSTM memory cell coupled model incorporates the Mes-
sageCollector atomic model for each gate to capture and
log output values during the simulation. This setup allows
us to observe the output values from each gate compo-
nent directly, providing a granular view of the operational
dynamics within the LSTM cell (Figure 10).

Discussion. The development and application of the DEVS-
based LSTM library significantly enhance our understand-
ing of LSTM networks, providing deep insights into how
individual components interact and function cohesively
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ent and observable, our DEVS-based LSTM library paves
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the way for developing more interpretable and explainable
models in machine learning. Such advancements are vital
for increasing trustworthiness of ANN models in critical
applications, promoting broader adoption and ethical use
of XAI systems.

6. Conclusion and future work

In this paper, we introduced a novel DEVS-based approach
for simulating LSTM neural networks within the DE-
VSimPy environment, enhancing the understanding of
LSTM operations and contributing to explainable AI (XAI).
This approach, realized through a DEVS-based library,
provides a modular framework for detailed simulation of
LSTM functions. A proof-of-concept case study confirmed
the library’s ability to transparently replicate LSTM be-
haviors and data transformations, essential for elucidating
the internal processes of LSTM networks.

Future work will involve applying the DEVS-based
LSTM library to more complex scenarios with real data
and larger-scale models to assess its robustness and scala-
bility. We also plan to broaden the library’s scope to include
other types of Recurrent Neural Networks (RNNs), thereby
increasing its utility and adaptability for diverse neural
network architectures.
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