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Abstract
In the field of machine learning, obtaining an algorithmic model with stable high
computational accuracy on small-scale training datasets has long been a chal-
lenging and formidable problem. From the perspective of algorithmic models, a
parallel ensemble learning method based on Resource Allocating Networks with
Extended Kalman Filter is proposed. The ensemble system comprises multiple
Resource Allocating Networks with Extended Kalman Filter (RANEKF), where
the input of each RANEKF subnet is derived from the inputs of the original
dataset modified by random weights. Through experimental comparison with
ensemble learning algorithms composed of other neural networks, the proposed
method is found to possess higher computational accuracy and stability on small
training sets.
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Abstract: Designing a training model with stable computational performance
and high accuracy on small-scale datasets has long been a difficult and chal-
lenging problem in machine learning. This paper proposes a parallel ensem-
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ble learning algorithm based on Resource Allocating Networks with Extended
Kalman Filter (RANEKF). The learning system comprises multiple RANEKF
units, where each unit’s inputs are generated by modifying the original dataset
inputs with random weights. Experimental comparisons with ensemble learning
algorithms constructed from other neural networks demonstrate that the pro-
posed method achieves higher computational accuracy and stability on small
training sets.

Keywords: resource allocating network; parallel ensemble learning; incremen-
tal learning; extended Kalman filter

0 Introduction
In recent years, artificial intelligence, particularly machine learning, has gar-
nered widespread attention from both academia and industry. Machine learning
training refers to the dynamic adaptive adjustment of free parameters in an algo-
rithmic model within a certain data environment, thereby enabling the model to
exhibit new input-output computational behaviors—this constitutes the essence
of“learning.”Consequently, the quantity and quality of training data profoundly
influence model performance, making data collection and processing critically
important. However, in many practical engineering applications, data collection
is extremely time-consuming and labor-intensive, making it difficult to acquire
sufficient data volume or sample values that meet required precision levels. For
instance, disease data and aero-engine fault data are particularly challenging to
collect due to their inherently low occurrence rates. Nevertheless, even small
datasets possess inherent value and learnability, much like how humans can
learn new concepts without requiring massive amounts of sample data.

Currently, there is no explicit definition for “small-scale”datasets. Typically,
adequacy of dataset size is evaluated from two perspectives: the relationship
between data volume and feature dimensionality, and the relationship between
data volume and noise level. If the data volume is not substantially larger
than—or is even smaller than—the feature dimensionality, or if the noise level
is relatively high while the data volume is not sufficiently large, these scenarios
can be considered as having small data scale.

Against this backdrop of small datasets, how to leverage limited data to obtain
a high-precision, stable machine learning model has become a research focus.
Existing approaches to address model training on small datasets primarily fall
into three categories: first, manipulating the training dataset itself through
oversampling or undersampling techniques [1,2]; second, algorithmic approaches
such as semi-supervised learning [3,4] and input feature preprocessing [5,6]; and
third, learning strategy-based methods like transfer learning [7,8] and ensemble
learning [9].

Ensemble learning methods based on weak learner integration can ensure good
generalization capability for the entire model system while avoiding overfitting
phenomena caused by small training sample sizes. Consequently, ensemble learn-

chinarxiv.org/items/chinaxiv-201805.00051 Machine Translation

https://chinarxiv.org/items/chinaxiv-201805.00051


ing has become a popular research direction, particularly achieving numerous
research 成果 when using neural networks as weak learners in ensemble units [10–
14]. For these small-scale neural network ensemble units, network structure and
model complexity significantly impact the final system’s computational accu-
racy. However, no definitive method currently exists to determine the optimal
neural network scale for a given training set size that maximizes computational
performance, generalization, and overfitting avoidance. Beyond empirical val-
ues, designing an optimal network model based on training sample quantity and
complexity remains challenging. Therefore, incremental learning methods capa-
ble of dynamically adjusting model structure and parameters as the training set
expands and complexity increases have been proposed [15–17].

1 Related Work
1.1 Ensemble Learning

Ensemble learning leverages collaboration among multiple weak learners to solve
the same problem, with system output determined collectively by these weak
learners’outputs on current samples. Ensemble learning can significantly im-
prove computational accuracy and robustness of learning systems on small train-
ing sets. Currently, common ensemble learning methods include Boosting and
Bagging [23].

The main idea of Boosting is to adjust the influence weight of each sample in
subsequent training rounds based on the current round’s training error. Given
a weak learner h and training dataset < X, Y > = {< x�, y� >, < x�, y� >,
⋯, < x�, y� >} with n training samples, each sample is initially assigned equal
weight 1/n. During R training rounds, samples that are misclassified receive
larger weights, ensuring they receive more attention in subsequent training.

Bagging’s primary concept involves randomly extracting a certain amount of
training data from the dataset < X, Y > = {< x�, y� >, < x�, y� >, ⋯, < x�, y�
>} in each round to train all weak learners in the ensemble. The ensemble’s final
output is determined by voting among weak learners (for regression problems,
by averaging all weak learners’outputs).

1.2 Resource Allocating Networks

Resource Allocating Network (RAN) is an incremental learning model whose
hidden layer node count can dynamically increase according to training sample
complexity, thereby achieving higher computational capability. Consequently,
RAN has found widespread industrial applications, including thermal process
object identification in thermal power unit control [18], text classification in nat-
ural language processing [19], Alzheimer’s disease detection in healthcare [20],
and robot manipulation in industrial production [21]. In academia, improved
RAN models have been continuously proposed, such as Minimal RAN (MRAN)
that prevents rapid hidden node growth [21,22] and RAN with Extended Kalman
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Filter (RANEKF) that incorporates noise and variance estimation [18,19]. The
RANEKF method employs an extended Kalman filter instead of the least mean
squares algorithm for adjusting network free parameters, thereby improving con-
vergence performance and accelerating learning speed—advantageous for quickly
obtaining a stable and usable network model on small datasets.

Literature [24] addresses the poor stability of single RAN networks and their
susceptibility to sample quality and training order by proposing a parallel com-
puting structure composed of multiple minimal RAN network units, where each
RAN network is trained using only single-class (pattern) sample data. This
method effectively avoids overfitting caused by excessively large network scale
due to rapid hidden layer node growth. However, since only a small portion of
sample data is used to train individual RAN networks, the total training data re-
quirement is substantial, making it inapplicable to small-sample datasets. More-
over, its effectiveness significantly decreases for XOR-like problems and cannot
be applied to regression fitting tasks.

Literature [25] proposes a RAN ensemble learning method based on Long-Term
Memory (LTM) using the AdaBoost.M1 algorithm to compute input sample
weights for the next RAN network based on current RAN network output er-
rors. The authors demonstrate that this method achieves higher computational
accuracy than single-classifier algorithms. However, since training subsequent
RAN classifiers requires current RAN output errors, only a single RAN network
can be trained at each time point, preventing parallel training of the entire RAN
ensemble and consequently consuming substantial training time. Additionally,
because RAN networks lack random initial values internally, this method can-
not effectively increase diversity among individual RANs in the ensemble during
early training stages, resulting in low training efficiency.

Literature [26] proposes a RAN network ensemble method based on Bagging
technology. To ensure diversity among integrated RAN networks, each RAN
network is trained using only N−1 class sample data (N being the total number
of sample label categories). For each RAN sub-network, if the distance between
the input sample and the network’s nearest node exceeds a certain threshold, it
indicates that the input sample label does not belong to the network’s training
label space. Selecting this threshold becomes crucial and highly dependent on
the feature value distributions of both the N−1 classes used for training and
the remaining one class. Consequently, threshold selection becomes extremely
difficult and cumbersome, sometimes even impossible.

In summary, existing RAN network ensemble learning methods perform poorly
on small dataset training problems, require excessively long training times, or
suffer from low training efficiency. To address these issues, this paper proposes
the RANEKF-PEL (Parallel Ensemble Learning) algorithm with the following
key characteristics: (a) easy construction and simple training; (b) full dataset
training for ensemble units; (c) dynamic adjustment of network structure com-
plexity; and (d) feasibility of parallel training for ensemble units. These features
largely avoid the aforementioned problems, making our algorithm superior in
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performance and applicability.

2 RANEKF-PEL Method
2.1 Network Model

The RANEKF-based ensemble learning method proposed in this paper is illus-
trated in [Figure 1: see original paper]. The input sample is an M -dimensional
vector x � �^M, and the input weight w_in^(i) � �^M for the i-th (1 � i � p) RAN
classifier is randomly initialized and remains fixed during subsequent training.
The framework’s final output y � �^L is generated by voting among the outputs
y^(i) � �^L (1 � i � p) from each RAN classifier in the ensemble.

[Figure 1: see original paper] Parallel ensemble learning framework using RAN
as weak classifiers

[Figure 2: see original paper] Structure diagram of Resource Allocating Network
(RAN)

The three-layer RAN neural network shown in [Figure 2: see original paper] has
input and output dimensions of M and L, respectively. The number of hidden
layer nodes N may increase during training as input sample novelty emerges. For
a training set of T input samples X = {x�, x�, ⋯, x_T} where each sample x_i
contains M features, i.e., x_i = [x_i^(1), x_i^(2), ⋯, x_i^(M)]^T � �^(M×1),
the j-th hidden layer node has center c_j = [c_j^(1), c_j^(2), ⋯, c_j^(M)]^T
� �^(M×1) and center width �_j = [�_j^(1), �_j^(2), ⋯, �_j^(M)]. The output
layer bias is b = [b^(1), b^(2), ⋯, b^(L)]. The network output corresponding to
input x_i is y_i = [y_i^(1), y_i^(2), ⋯, y_i^(L)].

During computation, the state of the j-th hidden layer node is:

Φ_j(x_i) = exp(−‖x_i − c_j‖² / �_j²) = exp(−�_{k=1}^M (x_i^(k) −
c_j^(k))² / (�_j^(k))²)

The output of the l-th output layer node is:

y_i^(l) = f (x_i) = b^(l) + �{j=1}^N w{lj} Φ_j(x_i), l = 1,2,⋯,L

where w_{lj} represents the connection weight between the j-th hidden layer
neuron and the l-th output layer node.

For multi-class classification, the softmax algorithm is applied:

o_i^(l) = exp(y_i^(l)) / �_{j=1}^L exp(y_i^(j)), l = 1,2,⋯,L

The final classification output is:

ŷ_i^(l) = { 1, if o_i^(l) = max_{j=1,2,⋯,L} o_i^(j) 0, otherwise

2.2 Network Training

Initially, the RANEKF network contains zero hidden layer neurons. During
training, each sample pair < x_i, d_i > (1 � i � T, where d_i is the label
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of sample x_i) is input to the RAN network, which first computes the actual
output corresponding to x_i. By comparing with the expected label d_i, the
network determines whether the sample pair satisfies novelty conditions. If
satisfied, a new hidden layer neuron is added to the RAN; otherwise, the RAN’
s connection weights, node centers, and center widths are adjusted.

Since this framework employs the Bagging ensemble method where each
RANEKF learner can be trained in parallel, the entire training process requires
minimal time.

The specific training procedure is:

a) Initialize RAN network parameters.

b) Calculate the nearest neighbor Euclidean distance between sample x_i
and the current N hidden layer neurons:

dist(x_i) = min_{1�j�N} ‖x_i − c_j‖

c) Compute the error between the actual network output and expected label
value d_i for sample x_i:

err(x_i) = |y_i − d_i|

d) If the novelty condition is satisfied, i.e., dist(x_i) � �_{dist} AND err(x_i)
� �_{err}, add a new node to the RAN’s hidden layer and initialize it;
otherwise, adjust network parameters. Here, �_{dist} and �_{err} are
novelty determination thresholds for center distance and output error, re-
spectively.

e) When adding a new hidden node:

Hidden node count: N ← N + 1

New hidden node center: c_N = x_i

Hidden node center width: � ← [� ; � � dist(x_i)]

Network output weights: w_out ← [w_out ; err(x_i)]

where S is the training set size, ensuring uniform distribution of sample cate-
gories in small-scale training sets.

f) When adjusting network parameters, apply the Extended Kalman Filter
method. Let:

� = [b, w_out�, c�^T, ��, �, w_out_N, c_N^T, �_N ]

be the vector of all RAN network parameters requiring adjustment. The param-
eter update formula is:

�(i) = �(i − 1) + k(i) err(i)

where the gain vector k(t) is:

k(i) = P(i − 1) B(i) [R(i) + B^T(i) P(i − 1) B(i)]�¹
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Here, B(i) = �_� f (x_i) is the gradient vector of function f (x_i) with respect
to � at �(i − 1), and R(i) is the measurement noise variance. The covariance
matrix P � �^{z×z} (z = L + N × (M + L + 1)) is updated as:

P_{z×z}(i) = [I_{z×z} − k(i) B^T(i)] P(i − 1) + q� I_{z×z}

where I_{z×z} is the identity matrix, and positive scalar q� determines the
allowable random step size on the gradient vector. Note that when a new hidden
layer node is added, matrix P becomes:

P(i) = ( P(i − 1) 0 0 p� I_{z�×z�} )

where p� estimates initial parameter uncertainty, and z� is the number of param-
eters added by a new hidden layer node, i.e., z� = M + L + 1.

g) Repeat steps b)–f) until i = T, i.e., all samples have been trained.

3 Experimental Results
This study uses the MNIST handwritten digit database as the experimental
dataset. MNIST contains 60,000 training samples and 10,000 test samples of
digits 0–9, with each sample being a 28×28 pixel image. To verify the proposed
method’s effectiveness on small datasets, only a tiny fraction of the training
dataset is used as the experimental training set.

To demonstrate the proposed method’s superior computational accuracy, we
compare it against ensemble learning methods constructed from various weak
classifiers, including feed-forward fully-connected neural networks (FCNs), con-
volutional neural networks (CNNs), deep belief nets (DBN), and sparse auto-
encoders (SAEs). These classifiers have been successfully and widely applied
to MNIST handwritten digit recognition, achieving over 97% classification ac-
curacy on the complete MNIST training set, confirming their strong learning
capabilities and comparative value.

We compare classification accuracies of several ensemble networks across differ-
ent training dataset sizes and different weak learner ensemble scales.

3.1 Training Dataset Scale

We test classification accuracies of several ensemble learning methods with en-
semble size 20 on training sets ranging from 50 to 2000 samples, where each
handwritten digit category (0–9) has a training sample quantity of:

S × i, i = 0,1,2,⋯,9

ensuring uniform distribution of sample categories in small-scale training sets.

Experimental results are shown in [Figure 3: see original paper]. Notably, with
extremely small training sample sizes where each category contains only 5 sam-
ples, among the five model comparison results, only the proposed RANEKF-
PEL achieves accuracy above 50%. As the training dataset increases, the mean
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classification accuracies of all ensemble learning methods gradually improve,
and accuracy fluctuations gradually decrease. The proposed RANEKF ensem-
ble learning method achieves the highest classification accuracy and smaller ac-
curacy fluctuations under equivalent training dataset sizes, demonstrating high
computational stability.

Ensemble size significantly impacts system output accuracy and stability. Typ-
ically, smaller ensemble sizes yield lower accuracy and stability.

We compare classification output accuracy and fluctuations when the training
dataset size is 100 across different ensemble sizes (1, 3, 5, 7, 10, 12, 15, 18, 20).
In [Figure 4: see original paper], the RANEKF-PEL method consistently main-
tains classification accuracy above 50%, indicating that our proposed method
achieves the highest accuracy and very small accuracy fluctuations—i.e., high
computational stability—across various ensemble sizes.

[Figure 4: see original paper] Classification accuracy and fluctuation comparison
of several ensemble learning methods under different ensemble sizes

3.2 Hidden Node Growth During Incremental Training

As shown in [Figure 5: see original paper], during the initial training stage,
the RAN network has very few hidden layer nodes, resulting in poor output
accuracy and consequently rapid hidden node addition. As the RAN network
scale continuously grows and its computational capability for complex patterns
strengthens, fewer new nodes need to be added. When the number of hidden
layer nodes reaches between 50 and 70, the network already possesses good
computational capability, so the hidden layer node count gradually converges
to a fixed value and the network structure gradually reaches a steady state.

[Figure 5: see original paper] Hidden layer node variation during incremental
RAN training

4 Conclusion
To achieve high computational accuracy and stability on small-scale training
datasets, this paper proposes a parallel ensemble learning method based on
Resource Allocating Networks with Extended Kalman Filter (RANEKF-PEL).
In this method, the input signal for each Resource Allocating Network (RAN)
unit is a weighted signal of various dimensions from the original sample data.
Through experimental comparisons with ensemble systems constructed from
multiple types of artificial neural network units, the proposed RANEKF-PEL
method achieves the highest computational accuracy and robustness after train-
ing on small datasets, representing an effective and feasible machine learning
model.
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