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Abstract: The paper presents a comprehensive survey of Broad Learning System (BLS)
in data mining and machine learning. BLS is characterized as a lightweight, single-
layer neural network that leverages a pseudo-inverse-based weight-update mechanism.
BLS supports dynamic training through incremental learning and pruning strategies.
In recent years, BLS has garnered increasing attention and given rise to numerous
variants. To enhance BLS performance and robustness, researchers have integrated
kernel methods, manifold learning, and ensemble learning techniques into the BLS
framework. Finally, the paper outlines prospective directions for future BLS research.

Keywords: Broad Learning System; dynamic system; incremental learning; kernel
learning; manifold learning; ensemble learning; data mining; machine learning

1. Introduction

Deep learning is a kind of popular neural network in data mining [1]. However, due to the characteristics of
the backpropagation gradient update method and the trend to deepen the number of layers, Deep Neural Networks
(DNN) [2] have several inevitable problems. The most serious problem is the complexity of the network. Due to the
large number of hyperparameters and complex structures, the training of DNN requires a large amount of time and
powerful hardware accelerators, which suffer from great computational power consumption. Secondly, to achieve
better performance, DNN tends to increase the depth of the model and the number of parameters, which is prone to
problems such as gradient disappearance, gradient explosion, slow convergence speed, and falling into local optimal
solutions. When training data are updated or the number of network layers is deepened, deep learning methods such
as generative adversarial network (GAN) [3], transformer [4] and convolutional neural networks [5] need to retrain
the whole model to adapt to new data and improve performance, which is also expensive.

Due to the above problems, Broad Learning System (BLS) [6,7] with a simple structure, fast training speed,
incremental characteristics, and strong function-fitting ability, can be used as an alternative to deep learning in data
mining and machine learning. BLS is a single-hidden-layer neural network, which is different from multilayer
DNN. Broad Learning System does not increase the number of network layers, but expands the network in a broad
direction, as its name indicates, and extracts abstract and rich features by adding hidden-layer nodes.

In DNN, the network iteratively updates the weights layer by layer by gradient descent, while BLS directly
obtains the weights through the pseudo-inverse calculation [8]. Therefore, BLS avoids the above DNN problems.
The pseudo-inverse weight update method also enables the incremental characteristic of BLS, so there is no need
to retrain the whole BLS model like DNN when new data arrive. BLS has also been proven to have a strong
function-fitting ability [9].

Nowadays, BLS and its variants are widely applied in different fields such as data mining [10–14], industry
[15–18], visual recognition [19,20], data stream [21–24], domain adaptation [25,26], bioinformatics [27,28], and
different types of data such as noisy data [29–31] and imbalanced data [22,32–34]. Except for classification tasks,
BLS variants can be used in clustering [35–37], and semi-supervised tasks [38–40].

The rest of the paper is divided into 5 sections. Section 2 introduces the structure and various objective
functions of BLS in detail. Section 3 focuses on the dynamic system of BLS, including incremental learning and
pruning methods. Section 4 presents several BLS variants in data mining and machine learning, including kernel
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BLS, manifold BLS, and ensemble BLS. Section 5 looks at the future development of BLS. The last section gives
the conclusion of the paper.

2. Broad Learning System

Broad Learning System is a single hidden-layer neural network that randomly generates weights and biases
for hidden nodes and uses pseudo-inverse to calculate output weights, achieving fast incremental learning and
high-precision modeling. This section introduces the network structure and training process of Broad Learning
System. Different objective functions are also present in this section.

2.1. Network Structure

Broad Learning System is proposed based on Random Vector Functional Link Neural Network (RVFLNN) [41].
RVFLNN is a type of single hidden layer feedforward neural network, which randomly generates fixed weights and
biases from input data to the hidden layer, known as the enhancement layer.

Based on RVFLNN, BLS adds feature nodes in the hidden layer. As shown in Figure 1, the hidden layer
of BLS consists of two parts: feature nodes and enhancement nodes. Original data is linearly mapped to obtain
feature nodes, which are then transformed into enhancement nodes through nonlinear activation functions. This
enables BLS to have both linear and nonlinear mappings, enhancing the network’s expression ability. Finally, the
pseudo-inverse operation is used for weight updating, which requires only a single calculation and leads to an
efficient training process.

Figure 1. Broad Learning System structure.

2.1.1. Feature Nodes Generation

BLS improves the hidden layer of RVFLNN [42] by adding feature nodes. The original data are not directly
mapped into enhancement nodes, but through a linear feature transformation. Assume that there are n sets of feature
nodes, each with i feature nodes. The calculation method for each feature mapping Z is as follows:

Zk = ϕ
(
XW k

e + βk
e

)
, k = 1, 2, ..., n (1)

where X denotes the input data, ϕ is the linear activation function, We and βe are random-generated weight matrices
and biases, which speed up the BLS training process. To overcome the randomness of the model and accelerate
convergence, a sparse autoencoder (SAE) [43] is generally used for feature extraction. SAE fine-tuned We and βe

to reduce redundant features, making the representation of the feature layer more compact. By concatenating n sets
of feature nodes, we can obtain the feature node matrix ZN .

ZN = [Z1|Z2|...|Zn] (2)

2.1.2. Enhancement Nodes Generation

The second step is to generate enhancement nodes. The calculation process for the enhancement nodes and the
feature nodes is similar. The difference is that the enhancement nodes are generated based on all the feature nodes
Z. Assume that the enhancement layer has m sets of nodes, each with j enhancement nodes. The calculation of
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enhancement nodes is:

El = ξ
(
ZW l

h + βl
h

)
, l = 1, 2, ...,m (3)

where ξ is the nonlinear activation function, which brings the nonlinear expression ability to BLS. Wh and βh

are random-generated weight matrices and biases. The weight matrix Wh is an orthogonally normalized random
matrix, which can map the feature nodes to a subspace of higher dimension, since there may be linearly correlated
terms in the randomly generated matrix. After orthogonal normalization, each term in the matrix is linearly
independent, further improving the nonlinear expression ability of the enhancement nodes. By concatenating m sets
of enhancement nodes, the enhancement node matrix can be obtained as E.

EM = [E1|E2|...|Em] (4)

Concatenate all feature nodes and enhancement nodes to obtain the hidden-layer matrix H of BLS.

H = [ZN |EM ] (5)

2.1.3. Weight Update

For general linear regression, the objective function of BLS is to minimize the classification error:

f(x) = argminWn
m
(||Y − Ŷ ||22) (6)

where Y denotes the data label and Ŷ is the output of BLS. By setting the partial derivative of Equation (6) to
0, the pseudo-inverse can be calculated to update the output weight Wn

m of BLS with n feature nodes and m

enhancement nodes:

Wn
m =

(
H⊤H + λI

)−1
H⊤Y (7)

where H is the hidden-layer node matrix. When encountering a pathological matrix, where H⊤H is non-invertible,
it is impossible to calculate Wn

m, and if H⊤H tends towards 0, it will cause Wm to infinity. Therefore, the objective
function of BLS uses a ridge regression model and introduces an L2 norm penalty term, where λ is the ridge
regression coefficient. Therefore, the calculation formula for Wn

m becomes this, where I is the identity matrix and
(H⊤H + λI)H⊤ is the pseudo inverse of H , which we denote as H†. The addition of the penalty term for the L2

norm makes the estimation of the weight matrix Wn
m no longer unbiased, which may cause a certain loss in the

training accuracy of BLS, but also avoids the problem of overfitting and improves the generalization ability of BLS.
Finally, we can infer the output Ŷ with the output weight Wn

m:

Ŷ = HWn
m (8)

The pseudo-code of BLS is as depicted in Algorithm 1.

2.2. Objective Function

Broad learning system uses pseudo-inverse to solve the least squares problem, which is limited by noise and outliers.
In order to solve these problems, some researchers proposed different objective functions and optimization methods.

Jin et al. [19] proposed Discriminative Group-sparsity constrained BLS (DG-BLS), whose objective function
is (9). DG-BLS applies group sparsity constraints to class-specific features C in Equation (10) to enlarge inter-class
distances and ensure that the same class mapping features have the same sparse structure. Apply group sparsity
constraints L to the label error term in Equation (11), so that the mapping features have a sparse structure similar to
the label space, better identify the label space, and improve the discriminative ability of the projection matrix.

f(x) = minW,E(||Y + E −HW ||2F + λ1C + λ2L+ λ3||W ||2F ) (9)

C =

N∑
i=1

||Ei||2,1 (10)
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L =

N∑
i=1

||HiW ||2,1 (11)

where E represents the label error term.

Algorithm 1 Broad Learning System

Input: the dataset X;
the number of feature nodes n;
the number of enhancement nodes m;
the regularization coefficient λ;

1: for k in 1, ..., n do
2: Randomly generate the weight W k

e and bias βk
e of the feature nodes;

3: Calculate the feature nodes Zk from Equation (1);
4: end for
5: Concatenate all feature nodes ZN from Equation (2);
6:
7: for l in 1, ...,m do
8: Randomly generate the weight W l

h and bias βl
h of the enhancement nodes;

9: Calculate enhancement nodes El from Equation (3);
10:
11: end for
12: Concate all the enhancement nodes EM from Equation (4);
13: Get the hidden layer matrix H from Equation (5);
14: Calculate the weight between the hidden layer and the output Wm from Equation (7);
15: Calculate the output Ŷ from Equation (8);

Output: the output Ŷ .

In addition, some researchers used correlation entropy to suppress non-Gaussian noise. For example,
Zheng et al. [44] proposed Correntropy BLS (CBLS), which dealt with outliers and noise to improve the robustness
of BLS. CBLS uses the maximum entropy criterion to train the output weights and derives three incremental
learning methods from the weighted regularized least-squares solution. Zhang et al. [45] proposed Information
entropy to deal with non-Gaussian noise. A quantized minimum error entropy criterion is proposed to improve BLS
discriminability and robustness with little computational cost. The loss function is as Equation (12):

L(w) = −ÎQ2 (e) + λ ∥w∥22 = − 1

N2

N∑
i=1

 L∑
j=1

sj ·Gσ(ei − cj)

+ λ ∥w∥22 (12)

where Î2(e) indicates the empirical version of the quadratic information potential, Q is the quantization operation,
N is the number of error samples, sj is N quantized to the code cj , and λ denotes the regularization coefficient.

ei = yi − aiw

cj = ycj − acjw
(13)

where ei is the collection of error samples, ai denotes the ith row of hidden nodes H , acj and ycj denotes a and y

corresponding to the quantization code cj in Equation (13).
The weight w can be calculated as Equation (14):

w = [R+ 2λN2σ2I]−1P (14)

P =
∑N

i=1

(∑L
j=1 sj ·Gσ(ei − cj)(yi − ycj )[ai − acj ]

T
)

R =
∑N

i=1

(∑L
j=1 sj ·Gσ(ei − cj)[ai − acj ]

T[ai − acj ]
) (15)

where P and R in Equation (15) are related to w, and σ denotes the bandwidth of the Gaussian kernel function, I is
the identity matrix.
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3. Dynamic System

The incremental learning mechanism enables Broad Learning System to have a natural dynamic structure,
which can avoid network reconstruction and resource waste by adjusting the structure and parameters. Unlike
static neural networks, dynamic neural networks [46] can adapt their structure and parameters based on input data
during training or inference, improving the performance and efficiency of the model, enhancing interpretability and
generality in data mining.

3.1. Incremental Learning

When faced with the continuous increase in data, BLS can dynamically increase the number of nodes, retain
old knowledge while learning new data information, thus improving model performance. Incremental learning
includes four types: input data, feature nodes, enhancement nodes [47], and output categories [48]. When faced
with poor performance with static data, it is possible to use only incremental node augmentation to improve the
performance of BLS. However, the 4 kinds of incremental learning can be interconnected. For example, when new
data arrive, the number of feature nodes and corresponding enhancement nodes can be increased, thereby enhancing
BLS’s ability to extract and express data features. And if the new data contains new categories, adding new output
category nodes is necessary. Figure 2 shows the incremental learning of BLS.

Figure 2. Incremental learning of Feature Nodes.

Initially, suppose that the original data {X,Y } with the original classes k are trained in the original BLS with
n feature nodes ZN and m enhancement nodes EM . When q new data {X ′, Y ′} that belong to the k + 1 class
come. The new output can be denoted as:

Y ′ =

[
Y 0k×q

01×q 11×q

]
(16)

where 1 is the unit matrix, and 0 is the 0 matrix. New n + 1 feature nodes that generated from {X ′, Y ′} are
represented as:

Zn+1 = ϕ(X ′Wn+1
e + βn+1

e ) (17)

Since feature nodes are then mapped to enhancement nodes, the corresponding enhancement nodes will also
increase during the process of incremental learning of feature nodes. The new enhancement nodes Em+1 can be
denoted as:

Em+1 = ξ
(
Zn+1W

m+1
h + βm+1

h

)
(18)

BLS employs random generated Wm+1
h and βm+1

h to calculate the new enhancement nodes. The new hidden
layer can be represented as Hn+1

m+1 = [Hn
m|Zn+1|Em+1]. On this basis, the pseudo-inverse matrix can be calculated

as follows:

Hn+1
m+1 = [(Hn

m)
† −AC⊤|A] (19)

A =

{
(B)† if B ̸= 0

(Hn
m)

†
C
(
1 + C⊤C

)−1
if B = 0

(20)

B = [Zn+1|Em+1]− C⊤Hn
m

C⊤ = [Zn+1|Em+1](H
n+1
m+1)

† (21)
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where B† in Equation (20) is the pseudo-inverse of B in Equation (21).
Similarly, we can use the following formula to calculate the new weight of incremental feature nodes:

Wn+1
m+1 =

[
Wn

m − CA⊤Y

11×qA
⊤Y

]
(22)

From the above formulas, we can see that the incremental algorithms do not recalculate the whole model, but
calculate a new pseudo-inverse of the hidden layer to reconstruct BLS.

The incremental BLS is suitable for stream learning. Stream learning is a learning paradigm that updates
models online with infinite and real-time stream data. The goal of streaming learning is to continuously maintain
the model performance under concept drift, data imbalance, and resource constraints. Concept Drift refers to
the phenomenon in which the statistical relationship between target variables or features and labels undergoes
systematic changes over time, resulting in a decline in the performance of the trained model. Researchers utilized
the incremental nature of BLS to address the issue of online updates in streaming learning.

To address the issues of data distribution changes, low training efficiency, and model instability caused by
concept drift, Bakhshi et al. [49] designed a novel ensemble method based on BLS. BELS uses mini blocks for
incremental updates and employs the output layer ensemble to address the limitations of BLS and handle drift.
Experiments demonstrated the adaptability of BELS to various types of drift. Zhong et al. [50] proposed the
Robust Incremental BLS (RI-BLS) to address the issues of low accuracy and long training time in handling unstable
data streams in BLS incremental learning. In incremental learning, RI-BLS updates two memory matrices storing
information and effectively updates weights through pre-calculated ridge regression. RI-BLS improves the stability
of the original BLS time complexity and reduces space complexity. The proposed weight update strategy is also
applicable to other random neural networks.

Some researchers designed novel update rules for incremental BLS. Lin et al. [22] designed a new incremental
update method using Gaussian kernel mapping to generate feature nodes to improve the robustness and performance
of BLS. The experiments on drift datasets validated the advanced robustness and accuracy of eBLS-W. Dealing with
data streams with concept drift, Lei et al. [51] proposed online BLS to address the issues of reduced accuracy and
expensive update costs of the existing incremental BLS in online learning tasks. The weight estimation algorithm was
designed to effectively improve performance by using Cholesky decomposition and forward-backward substitution.
In addition, the proposed efficient online update strategy effectively speeds up the online update time. To address
the problem of concept drift caused by auxiliary training data under semi-supervised tasks, Guo et al. [38] proposed
a robust semi-supervised BLS guided by ensemble self-training, which recursively updates its data, structure, and
parameters using a data-driven dynamic node mechanism guided by label purity and dynamic network structure
adjustment. Guo et al. [39] also proposed semi-supervised incremental self-training BLS, and designed a dynamic
neuron incremental mechanism based on the precision of the labeled data to effectively guide self-updating of
network structures.

3.2. Pruning Method

Broad learning system tends to grow wider to improve its generalization ability. However, too many hidden
nodes will cause redundancy and longer processing time. In order to solve node redundancy, some researchers used
pruning strategies to avoid redundant nodes. The hidden nodes with small contributions to BLS are considered to
have little correlation with the result. Thus, deleting unnecessary nodes is beneficial for BLS simplification.

Some researchers designed different evaluation indicators to select important nodes in BLS. Shi et al. [52]
selected hidden-layer neurons based on their importance in classification to reduce errors propagating from lower-
layer neurons to upper-layer neurons. Liu et al. [53] proposed an adaptive evolutionary pruning BLS (ADP-BLS), in
which enhanced nodes are kept based on sensitivity. Chu et al. [54] simplified BLS with complex structures through
the contribution of nodes. Liu et al. [55] proposed an Echo State Network (BPESN), which removes redundant
nodes with low contributions. The permutation is performed on the data row corresponding to the deleted node in
the last row, and a permutation matrix is formed. The permutation matrix is triangulated by block through a unified
transformation.

Other researchers proposed regularization methods to sparsify the BLS network. Li et al. [56] proposed a
dynamic sparse training BLS, which introduces a regularization term to constrain the output weight threshold
in the objective function. An output weight mask is generated based on the importance of the output weights.
Through dynamic training, the performance of the model is improved while maintaining a sparse network structure.
Zhang et al. [57] proposed Elastic-net Robust BLS (GER-BLS) to address the issues of outliers and dense networks.
The regularization method improves robustness by treating all output residuals as a whole, and induces node-level
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sparsity by penalizing output weights connected to a single node, promoting network sparsity. They also designed
DGER-BLS to process distributed data.

4. BLS Variants

This section introduces three types of popular variants of Broad Learning System in data mining and machine
learning, including kernel-based BLS, manifold BLS, and ensemble BLS.

4.1. Kernel-Based BLS

Kernel methods [58] are a class of machine learning algorithms that operate by mapping data into a higher-
dimensional feature space, where linearly inseparable patterns become linearly separable. Typically, kernel
regression [59] is a classical non-parametric regression method that uses the kernel function to locally weight
average samples to fit non-linear relationships and estimate the target value, which is suitable for complex and
non-linear distributed data. Therefore, instead of random projection, some researchers used kernel functions to
generate hidden nodes to improve the nonlinear expression ability of BLS.

Some researchers used the single kernel function in BLS. Chen et al. [60] applied kernel mapping instead of
random weight generalization in feature nodes. After mapping the data to Gaussian kernel space, the uncertainty
caused by noise can be reduced, and the generalization ability of BLS can be improved.

To remove redundancy caused by random projection in BLS, Chen et al. further proposed DKWBLS [61] and
DKCSBLS [62] with Gaussian kernel nodes for binary and multiclass classification tasks. Moreover, the kernel
mapping fixes the number of feature nodes and enhancement nodes, so that the hyperparameter of BLS is reduced.
In kernel-based BLS, authors use the auto-encoder to calculate the weights between data and feature nodes, feature
nodes, and enhancement nodes. Yu et al. designed KBLS [29] to adopt the Gaussian function in enhancement
mapping to improve the robustness of BLS. KBLS is used as the base learner in a progressive boosting framework.
PEKB solves the loss of base learners using gradient and subgradient, and obtains the residual as the training label
for the following base learners.

However, the structure of the feature space mapped by the single kernel method is entirely determined by
the design of the kernel function, and searching for the proper kernel parameters is time-consuming. To solve
these problems, researchers designed multi-kernel methods [63] based on BLS. Liu et al. [64] generated feature
nodes with the multiscale kernel method. MKBLS used the Fourier kernel approximation method to combine the
Gaussian kernel with different parameters. Yun et al. [27] designed multi-kernel fusion at the feature-level and the
decision-level with ensemble BLS for disease diagnosis.

4.2. Manifold BLS

Manifold Learning (ML) [65], also known as Nonlinear Dimensionality Reduction, is a set of methods to
find low-dimensional structures in data. There are many high-dimensional datasets in the real world, and high-
dimensional data are usually located on a low-dimensional manifold. Manifold learning preserves the data’s inherent
geometric structure by mapping it to a low-dimensional space, which helps BLS handle high-dimensional data.

Researchers have applied manifold learning to BLS, including modifying node mapping methods, optimizing
weights, and designing new objective functions, and have widely applied it to various tasks such as classification,
time series prediction, semi-supervised learning, clustering, and domain adaptation.

For image classification tasks, Jin et al. [66] incorporated manifold learning into the objective function of BLS,
known as Graph Regularization BLS (GBLS), which assumes that similar images may have similar properties.

argmin
W

LGBLS = ∥Y −HW∥22 + λ1EG + λ2 ∥Wm∥22 (23)

where EG is a graph regularization term used to reflect the local discriminative structure of the data. λ1 and λ2

are trade-off parameters that control the importance of the graph regularization term and the model complexity
regularization term, respectively. The graph regularization term EG is constructed within the graph embedding
framework, treating the training data as a set of vertices in an undirected graph and representing the similarity
between vertices through a weight matrix. Graph regularization helps preserve the geometric structure and
discriminative information of the data. GBLS can learn more discriminative output weights, thereby improving
classification ability. In addition, the objective function of GBLS has a closed-form solution, so its optimization
process is as efficient as standard BLS.

In addition, Wang et al. [26] added manifold regularization to the objective function of BLS to maintain the
manifold structure of the Hyperspectral Image (HSI). Domain Adaptation Broad Learning added domain adaptation
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and manifold regularization to the output layer to reduce distribution differences and maintain the manifold structure.
Chu et al. [67] introduced discriminative information and the local manifold structure of samples to enhance the
discriminative ability of BLS, therefore improving its performance in hyperspectral image classification tasks.
Lei et al. [68] proposed adaptive manifold convolutional BLS for emotion recognition. A label manifold information
exploration module is designed to maintain the consistency of data labels.

Some researchers have designed manifold embedding strategies in BLS to express the intrinsic structure
of chaotic time series, thereby improving the prediction performance of large-scale time series. Han et al. [69]
proposed Structured Manifold-BLS, which introduces structured manifold learning for non-uniform embedding and
unsupervised manifold learning, improving the dynamic discovery and feature extraction capabilities of SM-BLS
for large-scale chaotic time series prediction tasks. Feng et al. [70] proposed robust manifold BLS for large-scale
noisy chaotic time series prediction. RM-BLS uses the random perturbation approximation of manifold feature
selection to remove features unrelated to low-dimensional manifold embedding, which makes the model robust and
well-performed to noise and outliers in dynamic systems.

Traditional BLS is used to classify labeled data, but in reality there is massive unlabeled data. Therefore,
researchers have added manifold regularization terms to BLS and proposed a series of semi-supervised and clustering
BLS algorithms. Zhao et al. [71] improved the classification performance of unlabeled data by constructing
Laplacian matrices and performing label propagation based on manifold assumptions. Liu et al. [72] designed an
Incremental Semi-supervised BLS, which applies manifold regularization to explore the data distribution. ISBL
effectively utilizes unlabeled data and improves the semi-supervised performance. Zhang et al. [73] integrated
feature and sample manifold regularization into the fuzzy BLS, enhancing its ability to utilize potential structural
relationships in data.

min
W

L = ∥Y −D∥22 + λ1Tr((D)TLs(D)) + λ2Tr((D)TLf (D)) + α ∥W∥22 (24)

where Ls stands for the sample Laplacian matrix and Lf is the feature Laplacian matrix, D = HW . DMR-FBLS
improved the prediction accuracy of admission rates to the ICU.

For clustering tasks, Kong et al. [74] designed an unsupervised BLS to deal with unlabeled HSI. UBL
uses the graph regularization sparse autoencoder to fine-tune hidden-layer node weights to maintain the intrinsic
manifold structure of data, and adds the norm of output weights and graph regularization term to the loss function.
Shi et al. [37] designed an ensemble clustering based on the manifold BLS. MBLS is trained to learn better
consensus partitions, comprehensively and efficiently combining information from basic partitions and feature space
to improve clustering performance.

min
W

LMBLS = ∥Y −HW∥22 + λ1Tr((HW )TL(HW )) + λ2 ∥Wm∥22 (25)

4.3. Ensemble BLS

Most of the BLS variants are single machine learning learners. Generally speaking, the aggregated predictions
of multiple models can often outperform a single model, especially when the base learners have high accuracy
and diversity. Ensemble learning [75] is a machine learning technique that involves combining multiple individual
models, known as base learners, to create a stronger and more accurate predictive model. Yun et al. [10] analyzed
the efficiency and advantage of using BLS as base learners in ensemble learning and proposed a selective ensemble
learning method based on incremental BLS. As the base learner, BLS has been applied in ensemble strategies such
as Bagging, Boosting, and Stacking.

Stacking is an ensemble learning technique that combines predictions from multiple base models by training
a meta-model to make the final prediction. Stacking allows the strengths of different base models to be captured,
potentially improving overall predictive performance. In addition, to increase the diversity of base learners,
resampling techniques such as Boostrap are often used in ensemble learning methods. Yan et al. [76] used BLS as
the base learner in Bagging and Stacking to improve accuracy and stability. Wu et al. [77] created a subset of base
BLS with Bootstrap, and integrated the results of primary learners by Stacking. Fan et al. [78] used base BLS to
obtain diverse features in the lncRNA-protein pair, and to output the relationship between protein features with the
stacking method.

Boosting is an ensemble learning technique that combines multiple base models to create a strong predictive
model. Unlike other ensemble methods that focus on combining models in parallel, boosting emphasizes sequentially
improving the performance of the base models by paying more attention to misclassified instances. Boosting
algorithms iteratively train base models, with each subsequent model focusing on the samples that were misclassified
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by the previous models. In response to the challenge of outliers and noise in imbalanced samples, Yang et al. [47]
presented a weighted BLS to assign and augment the weight of minority samples. To obtain the primary distribution
of samples, AWBLS was proposed to incorporate a density-based weight generation mechanism, considering both
inter-class and intra-class distances. Finally, IWEB is utilized to enhance the stability and robustness of AWBLS
using a progressive Boosting method.

Some researchers applied the ensemble BLS in anomaly detection tasks. For example, Zhao et al. [79] proposed
an AdaBoost Weighted BLS for transformer fault diagnosis, which uses a cost-sensitive matrix to deal with the
imbalanced data. Lin et al. [80] proposed SMC-OCBLS with a boosting framework for imbalanced network traffic
data. SMC-OCBLS constructs different feature spaces by randomly selected features to train multiple OCBLS,
which improves the performance and generalization ability of BLS.

Besides using BLS as the base learner, some research used ensemble learning methods such as Bootstrap
and Stacking in BLS. Gao et al. [81] used the Bootstrap and decision tree methods in generating feature nodes.
Xie et al. [82] used the Boostrap strategy to generate enhancement nodes, which lightens BLS structure while
improving its performance. By integrating the residuals, D&BLS stacks several lightweight BLS subsystems to
ensure stronger feature representation capabilities and better classification performance. In [83], Xie et al. used a
simple linear model to transmit shared feature nodes between adjacent BLS subsystems. Then, RST&BLS integrates
these subsystems in a double stacking manner, which can make BLS subsystems more diverse through residual.
Liu et al. [84] stacked several BLS blocks to form a multilayer BLS. Stacked BLS built the higher BLS block by
fixing the lower block, and used the residual as its label.

5. Future Development

BLS has a simple structure, a fast training speed, an incremental characteristic, and a strong function-fitting
ability. In addition to its advantages, BLS also has some limitations. As a single hidden-layer neural network with
random generation weight mechanism, BLS has limited feature extraction ability and unstable performance. The
feature extraction ability of BLS is not as good as DNN with deep structures, making it difficult to extract complex
data features, especially image data. Therefore, how to combine the advantages of feature extraction in DNN with
efficient training methods in BLS becomes a topic worthy of further research.

The incremental advantages of BLS have been widely utilized in stream data. However, computational
efficiency and error accumulation problems exist in BLS incremental learning, making the model unstable. Novel
BLS incremental learning algorithms can be studied in the future. Many people think that the wider the BLS,
the better the performance. However, when the amount of data and hidden nodes is too large, the pseudo-inverse
calculation may have problems such as excessive computational overhead, time-consuming, and insufficient memory,
which makes it difficult to train. In the future, parallel BLS algorithms can be designed to deal with big data.

In addition, combining the idea of BLS and semi-supervised learning, with manifold learning or other methods,
BLS can learn from both tagged and unlabeled data, which is of great significance for practical applications. In
general, more novel BLS network architectures can be further researched in order to optimize the performance of
BLS on different types of data and in different fields in the future.

6. Conclusions

The paper offers a systematic exposition of the Broad Learning System in the contexts of data mining and
machine learning. We first elaborate on its architectural design and training paradigm, emphasizing the closed-
form pseudo-inverse solution that underpins dynamic incremental learning. Subsequently, we survey BLS variants,
including kernelized, manifold-regularized, and ensemble BLS, highlighting their respective theoretical contributions
and empirical advances. The exposition ends with a forward-looking discussion of prospective research for BLS.
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