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Abstract—Neural networks have emerged as a pivotal machine
learning paradigm within contemporary artificial intelligence
research, particularly for their adeptness at modeling complex
input-output relationships. This paper addresses the training of
shallow neural networks, focusing on optimizing the widely used
Levenberg-Marquardt (LM) algorithm. While the LM algorithm
facilitates faster convergence through adaptive learning rates
and the use of Jacobian matrices, it also presents challenges in
computational complexity and memory usage due to the growth
of Jacobian matrices with network and dataset dimensions. To
mitigate issues such as catastrophic forgetting and computational
complexity and memory usage due to the growth of Jacobian
matrices, this study proposes a Federated Multiple Dataset
Levenberg-Marquardt (fmLM) algorithm. By employing distinct
mask vectors for each dataset, the fmLLM enables selective
activation of network weights, allowing simultaneous training
across multiple datasets while maintaining performance. Exper-
imental results demonstrate that the fmLM algorithm achieves
a promising error levels after training, effectively managing the
balance between weight sharing and retention of prior learning.
This approach not only enhances the efficiency of neural network
training but also contributes a novel solution to catastrophic
forgetting, underscoring the potential for improved generalization
in neural networks.

Index Terms—Neural Network, Levenberg Marquardt, Multi-
ple Data Learning, Federated Learning.

I. INTRODUCTION

The field of neural networks is a prominent machine learn-
ing paradigm that play a crucial role in contemporary arti-
ficial intelligence research and applications. These networks,
particularly in deep architectures, stand out for their ability
to model and generalize complex input-output relationships
[1]-[3]. In the learning processes of neural networks, it is es-
sential to adjust the network’s parameters, weights and biases,
using appropriate optimization techniques [1], [2], [4], [5]. In
neural networks, gradient descent and error backpropagation
are commonly used. These algorithms are first-order methods
that typically lead to long learning processes. In addition to
these, there are faster second-order algorithms. Levenberg-
Marquardt (LM) algorithm, as a second-order method, is a
widely used optimization technique for training neural net-
works. The LM algorithm combines the advantages of the
Gauss-Newton method and gradient descent, offering a faster
and more stable convergence process [4]-[8]. LM algorithm
dynamically adjusts the learning rate according to the structure
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of the error surface, thereby enhancing the efficiency of
the training process [1], [5], [8]-[10]. The LM algorithm
uses a Jacobian matrix in its computations to achieve rapid
convergence. During the computation process, this matrix
must be stored, transposed, and inverted. The use of Jacobian
matrix, which grows in size proportionally to the cardinality
of the parameter space and the number of network outputs,
enables discovering the best path towards the global minimum;
however, this also introduces high computational complexity
and significant memory requirements as a disadvantage [1],
[6]-[9]. Due to the speed and stability of the LM algorithm,
various studies have been conducted in the literature to en-
hance the algorithm’s efficiency by reducing its disadvantages.
These studies include optimization of matrix operations [7],
reduction of the dimensions of Jacobian matrices [6], [11],
parallelization of computations in LM using vector operations
available in processors [9], and optimization of momentum
calculations to avoid local minima [5].

In addition to optimization efforts in the training processes
of neural networks, there are also various studies focused on
the development of multifunctional neural networks [1], [2],
[12]. Training multiple datasets on the same neural network
can be considered important for enhancing the network’s
generalization capabilities, efficiency, and effective utilization
of resources [1], [2], [6], [10], [12]. Sequentially processing
of the available data leads to a problem known in the literature
as catastrophic forgetting. Catastrophic forgetting causes a
decline in the network’s performance on previous tasks and
a reduction in its generalization ability [1]-[3], [10]-[12]. As
a solution to catastrophic forgetting, the literature includes
studies focused on masking certain parts of the network and
preventing their modification [1], [2], [10]-[12].

As observed in studies addressing catastrophic forgetting,
it can be stated that certain parts of the neural network are
sufficient to prevent the forgetting of previous learning, while
a portion of the network can be utilized for new learning. This
study proposes a novel method to enhance the efficiency of the
LM algorithm by masking specific parts of the neural network
for different datasets, based on methods identified to address
catastrophic forgetting.

In the proposed new method, the optimization of train-
ing processes for multiple datasets and the prevention of



catastrophic forgetting are achieved by utilizing federated
learning techniques. Federated learning is an approach that
allows multiple clients to collaboratively train a machine
learning model without sharing their local data [13]-[16].
In federated learning, raw data is stored on local devices or
within organizations, and only model updates are shared via a
central server or coordinator [13], [14], [17]. Model training
is conducted on distributed datasets, which may be located
in different organizations, devices, or locations [13], [14],
[16]-[18]. Furthermore, federated learning can be effectively
utilized in environments where data is heterogeneous [14],
[17], [18].

In the method developed in this study, the ability of
federated learning to be used in training multiple different
datasets has been combined with masking technique used for
optimizing different section of a neural networks for multiple
tasks. The study presented in [1] is the most closely related
work to the current research. Similar to the present study, the
work in [1] also utilizes a masking technique combined with
the LM algorithm to facilitate the training of multiple datasets
on a shared network architecture. In the study [1], the network
was trained using a single Jacobian matrix that incorporated
all data from the datasets. Therefore, the size of the Jacobian
matrix increases proportionally with the number of datasets
and the amount of data associated with each dataset. In con-
trast to study [1], the proposed novel method herein employs
the dataset-specific masking mechanism not only to manage
multiple datasets but also to reduce the dimensionality of the
Jacobian matrix by by excluding the deactivated weights from
its columns. In the developed method, the masked segments
of the neural network are treated as distinct clients, analogous
to those in federated learning, and are trained independently.
Following training on separate datasets, the resulting weights
are combined using the federated averaging technique com-
monly adopted in federated learning frameworks [13], [15],
and the global network weights are updated. The detailed
explanation of the weight update procedure is provided in the
second section.

The organization of this paper is as follows. Section 2
explains the proposed federated multiple dataset LM algo-
rithm, Section 3 illustrates the proposed multiple dataset LM
algorithm through an example problem, and Section 4 presents
the results of the study.

II. FEDERATED MULTIPLE DATASET
LEVENBERG-MARQUARDT ALGORITHM (FMLM)

The fmLLM developed within this study uses separate mask
vectors for each dataset to be trained. The weights of the
network for each dataset are either enabled or disabled with the
created mask vectors (algorithm 1). The algorithm developed
for generating the mask vectors includes parameters that allow
for targeted control, enabling the allocation of varying propor-
tions to different section of the network. Observations from
the experiments conducted during training with the fmLM
algorithm (algorithm 2) revealed that mask vectors, designed to
progressively reduce the shared use of weights across datasets

from the input layer to the output layer, have a positive impact
on the training speed. An example network structure created
with the developed algorithm is shown in the Fig. 1.

Dataset 1

Dataset 2

Fig. 1. Three datasets and preselected three subnetworks. Inactive parameters
are shown dashed and the weight values are frozen throughout the NN

The figure is generated for three datasets. Solid lines denote
weights that are active during model computation for related
datasets, while dashed lines correspond to weights that are
inactive from the learning process for related datasets in this
context. As can be seen from the figure, the number of weights
commonly used from the input to the output decreases. The
mask creation algorithm ensures that each parameter is active
for at least one dataset and guarantees that every input is
connected to the output.

When training the neural network, after the mask vectors
(mgq) are created, each dataset’s mask vector is multiplied
with the weight vector in sequence. The weights corresponding
to zero in the mask vector are deactivated for training. A
forward propagation is then performed on the network using
the masked weight values, and the error values (eg)(l) for
each output of each dataset (d) were calculated by subtracting
the neural network’s outputs (yfi) from the target outputs (’Té).
Error vector (eq)(2) is generated for each dataset by using
error values (1).
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Algorithm 1 Creating Network Weight Masking Algorithm

: Get mask percentage value (percent)

Get max value

Get min value

{The max and min values represent the maximum and
minimum number of datasets that are allowed to share
weights within the network. }

5. if a layer has only 1 weight then

6:  Set mask value of one to all data set

7

8
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. else
Generate a permutation vector(per|[]) with the same
dimensionality as the parameter vector
9:  for a in permutation_vector do

10: if perfa] < percent then

11: Randomly select a dataset and assign the corre-
sponding mask value at index a to 1.

12: else

13: Select a random number within the range of the
minimum and maximum values.

14: Randomly choose that many datasets, and assign

the corresponding mask value at index a to 1 for
each selected dataset.

15: end if
16:  end for
17: end if

By using the generated error vector (1) and the masked
weight vector (3) for parameters (p), the Jacobian matrix (Jg)
(4) is formed for each dataset (d) separately. Mask vector
contains 0 and 1 values. When 0 values are multiplied by
the corresponding parameter, that corresponding parameter is
deactivated for the corresponding dataset d.
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To reduce the size of the Jacobian matrix, columns corre-
sponding to the deactivated weights are discarded and they
are not included as in (5), so the reduced Jacobian (Jg.)
which calculated for each corresponding dataset d has fewer
columns.
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Algorithm 2 Federated Multiple Dataset LM Algorithm

1:
: Get target vector

: Create mask vector for each dataset
: Set weight and bias vector randomly

22:
23:
24:
25:

26:
27:
28:
29:
30:
31:

32:
33:
34:
35:
36:
37:

38:
39:
40:
41:
42:
43:
44:
45:
46:
47:
48:
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Get input vector

for 1 to epoch do
for 1 to number_of dataset do
Mask the weight vector with mask vector
for 1 to input_size do
Perform forward propagation with the masked
weights
end for
Calculate error value
Calculate MSE (Mean Squared Error)
Calculate Jacobian matrix with masked weights
end for
while True do
for 1 to number_of data do
Perform forward propagation with the masked
weights
end for
Remove the zero value colunms from jacobian
Calculate Aw = (J di TJdir + MI)
{Calculate the temporary w values to test the perfor-
mance. }
calculate w11 = wy — Aw
for 1 to number_of data do
{to check new weights performance}
Perform forward propagation with the masked
weights
end for
Calculate error value
Calculate MSE
Add new delta value to federated delta vector
for 1 to number_of data do
Perform forward propagation with the masked
weights
end for
Calculate error value
Calculate MSE
for d=1 to number_of_dataset do
if eq >= previous eq then
{Compare error for each data set with their
previous error}
Increase lambda value
{Only increase the errors of the worse data }
else
break While loop
end if
end for
end while
Decrease lambda value of all data set
Display the min error
Update weight parameter with Awyg
end for
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With the reduced Jacobian, delta values (Awyg) in (6) are
computed, and only the active weights are updated for the
corresponding dataset for testing the new weights (7).

-1
Awg = (JdrTJdr + MdI) Ja, eq (6)

Wd(test) = Wd(t) — AWd (7)

After the updates for all datasets, a second forward propaga-
tion is performed to check whether the error value of the new
weights has decreased. This process is repeated sequentially
for all datasets. If the error value for a dataset is equal to or
greater than its previous value, the p4 values for those datasets
are increased; otherwise, they remain unchanged. This process
is repeated until the error values for all datasets is smaller than
their previous values. Once the error values of all datasets
are smaller than their previous values, the pg value for each
dataset is reduced. The delta values for the weights are then
summed up to create the federated weight delta vector (AWy)

®). §
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When constructing the federated delta weight vector, each
dataset adds only the active weights corresponding to itself.
Additionally, the number of datasets that contribute to each
weight is stored in the federated mask vector (My) (9).

Mf = Z mgqg (9)
d=1

Each weight in the federated delta weight vector (10) is
divided by the corresponding value in the federated mask
vector, and the weights of the entire network are updated
accordingly (11).

AWy

w(t+1) =w(t) — AWy

(10)

Y

The training of the network continues until the specified
performance value is reached or until a predefined stopping
condition is met. The method applied here is based on feder-
ated averaging [19] and distributed training strategies [3]. This
approach allows the proposed algorithm to train the network
with datasets of varying sizes. Additionally, it prevents the
size of the Jacobian matrix from growing proportionally as
the number of datasets increases. As in federated learning,
averaging the weights of the datasets in each iteration also
provides a solution to the catastrophic forgetting problem.

III. SIMULATION STUDY

In the studied application, to test the developed fmLM
algorithm, three function, sinc function (12), the Gaussian
function (13), and the cosine function (14), were chosen
and made orthogonal to each other using the Gram-Schmidt
orthogonalization technique.

fi(x1, zo) = sinc(zq)sinc(z2) (12)
falar, x2) = e~ (@ited) (13)
fa(x1,me) = cos(mway) cos(mas) (14)

The function set is orthogonal in the range (z1,z2) €
[-1,+1] x [-1,+1]. The goal of using orthogonal functions
is to test the performance of the developed fmLM algorithm
on data sets that may show considerable differences in a
realistic scenario. For testing, a neural network with a 2-
300-1 structure was used. The input vector has two input
values [z, x2]|. Hidden layer has neurons having hyperbolic
tangent activation function, while the output layer has a linear
activation function. For each function, a total of 900 data sets
were generated, with 30 data points per axis linearly. The same
dataset was used as input for each function. Each function
produces different outputs with the same dataset. To test the
performance of the developed fmLLM algorithm, a very low
error rate (9.0e —6) was set as the performance target, and the
error value reached by the algorithm after 2000 iterations was
observed. The minimum mean squared error (M SFE) value
used for the error calculation is shown in equation 15 (M is
the number of input in each dataset).

L r
MSE = e € (15)

It was observed that the developed fmLLM algorithm reached
an M SFE value of 9.0e — 6 before completing 2000 iterations.
However, repeated trials revealed that the number of itera-
tions required to reach an MSE value of 9.0e — 6 exhibited
significant variability, ranging from 40 to 1900 iterations.
This variability can be attributed to the random selection of
weights when creating the mask vectors. Due to the assignment
of different random weights in each new training cycle, the
distinct characteristics of the datasets may sometimes result
in conflicts.

After training the developed fmLM algorithm, for compari-
son, the outputs of the target functions are represented in Fig.
2 and the outputs of fmLM algorithm with the error surface
between the target values and the model results are represented
in Fig. 3, Fig. 4, and Fig. 5.
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Fig. 3. Left: model results for sinc function. Right: The error surface between
target and model result 7-y

Additionally, to investigate the impact of federated training
on performance, the same datasets were compared with the
non-federated LM algorithm, where all datasets are trained
using a single Jacobian matrix.

Fig. 6 and Fig. 7 illustrate the comparative performance of
the fmLLM and non-federated LM algorithms during training
with varying input sizes (900, 1600, and 2500). Fig. 8 and Fig.
9 present a comparative analysis of the performance of the
fmLM and non-federated LM algorithms during training with
different numbers of neurons (300, 600, and 900). As can be
inferred from Fig. 6 and Fig. 8, the fmLLM algorithm utilizes
less memory compared to the non-federated LM algorithm.
Specifically, as shown in Figure 8, the network’s performance
gain increases with the number of neurons, reaching 50% when
the neuron count reaches 900. Based on Fig. 6 and Fig. 8, it
can be stated that the number of neurons — and consequently
the number of weights associated with them — has a greater
impact on memory gain than the number of inputs.

As depicted in Fig. 7 and Fig. 9, the fmLM algorithm
not only demonstrates improved memory efficiency but also
accelerates neural network training by substantially reducing
the required number of epochs. This can be attributed to the
fact that, in the fmLM algorithm, each dataset independently
attempts to guide the network’s weights toward its own mini-
mum loss, and distinct lambda (u4) values are used for each
dataset during separate training phases. As a result, it may
navigate the loss surface more effectively and reach a lower
overall minimum.

Fig. 10 shows the number of epochs required by the fmLM
and non-federated LM algorithms to reach the same error level
over 10 different training runs. For each training run, both
networks used the same inputs, initial weight values, and mask
vectors; however, in each new run, the mask vectors were
randomly reinitialized. As can be inferred from the Fig. 10,
weight masking has a significant impact on the performance of
the learning processes. Instead of applying masking randomly,
employing methods that dynamically mask weights based
on the characteristics of the datasets is expected to have a
substantial positive effect on performance.

Upon evaluating the observed results, it can be concluded
that the developed fmLM algorithm is capable of learning from
multiple datasets simultaneously and is not affected by the
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Fig. 4. Left: model results for Gaussian function. Right: The error surface
between target and model result 7-y
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Fig. 5. Left: model results for cosine function. Right: The error surface
between target and model result 7-y
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phenomenon of catastrophic forgetting.

IV. CONCLUSION

This study proposes a modification to the Levenberg-
Marquardt algorithm for training a neural network with multi-
ple datasets. The proposed approach enables the simultaneous
training of multiple datasets and prevents the issue of catas-
trophic forgetting. Additionally, the approach allows the train-
ing of datasets with varying sizes with a little modification.
When creating masks for different datasets, the number of
weights shared across datasets is gradually reduced from input
to output layers. This gradual reduction in shared weights has
been observed to positively impact the performance of neural
network training, indicating that the approach introduced for
mask creation offers a novel solution.
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