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Abstract  Multi-classifier System, a branch technology of Hybrid Intelligent System, integrates
many classifiers to approach higher accuracy. Because of the limitation of computing resource and
the quality of classifiers, classifiers fusion is an important problem in Multi-classifier System.
Better fusion strategy can reach higher performance of whole Multi-classifier System under the
same well-trained classifier members. The traditional methods had tried many fusion strategies
such as normal voting, weighted voting and fusion function. As the models developed, the
classification accuracy went higher. But these models only paid attention to classification accuracy
and paid little attention to interpretability which is an inevitable problem when safety of model
was concerned. This paper takes a view of human decision making and presents a new multi-
classifier ensemble algorithm named knowledge-line ensemble which based on knowledge-line

memory theory describing the process of human decision making with memory. In order to get the
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interpretability like human decision making, knowledge-line ensemble algorithm imitates the
learning and inference processes of human according to the psychological theory description. In
training, the model tries to create memory called knowledge-line like human to store memory
about solving different problems and forget memory like human in order to avoid sinking into special
bad cases. Knowledge-line and training sample are one-to-one correspondence. Knowledge-line
is a subset of given well-trained classifiers which can result in right classification on the
corresponding sample. Different samples result in creating different knowledge-lines, so after
training, the model stores varied knowledge-lines. These knowledge-lines create a set of
mappings which are used to map feature space to answer space. In inference, the model chooses a
subset of existing knowledge-lines to activate depending on heuristics rules. These active
knowledge-lines will work, and vote to get a result. Knowledge-line ensemble algorithm is a
kind of sample driven method, when inferring a new case, only the knowledge-lines born with
familiar samples will be activated. It seems that human beings think of solution in memory when
suffering from troubles. So knowledge-line ensemble algorithm is using sampled data to make
decisions. Specially, because the process that the knowledge-line memory theory uses computing
units to construct knowledge lines is similar to adding elements to sets, in order to describe the
calculation process of the algorithm better, this paper uses matrices to model this process. The
connection relationship between the knowledge-lines and the computing units can be represented
by an adjacency matrix, the results of different classifiers can be stored by a classification matrix,
and the activation of the knowledge-lines can be completed in the form of the inner product of the
results of all knowledge-lines and the activation vectors. So the final classification result can be
expressed in the form of matrix multiplication. On this basis, the goal and convergence of the
algorithm are explained. In the experiments, this paper used decision trees as the given classifiers.
Under the same given classifiers, experiments showed that knowledge-line ensemble algorithm
had comparable accuracy with random forest which uses normal voting as its coordinating strategy.
More importantly, knowledge-line ensemble algorithm can discriminate the difficulty of inference
cases according to the active situation of knowledge-lines and give specific training cases to
support the inference which makes its results more convinced.
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Background

Ensemble learning has always been an important branch
of machine learning. Just as under the cooperation of multiple
organs, human beings can survive. Agents who are good at
different tasks can form a reasonable system to solve more
diverse problems. For classification problems, the multi-
classifier system focuses on the “divide and conquer” concept.
It decomposes the complex classification problem into multi-
ple simple sub-problems, and uses a single model to break
them one by one, and then reasonably combines these models
to obtain a solution to the original problem.

Nowadays, multi-classifier ensemble algorithms play an
important role in various tasks and are important methods to
improve performance in machine learning competitions.
However, in financial, security and some other tasks, the
inference result is not convincing only by relying on the
incomplete description like accuracy. The reason for the
models decision cannot be ignored.

The ensemble strategy used by the existing multi-classifier
system cannot give specific reasons for decision-making
during inference, and cannot explicitly give training samples
that are effective in inference like K-nearest neighbors,

collaborative filtering [ and other models]. In fact, in the

research of psychology, the knowledge-line memory theory

explains that people will activate the memory generated by
past data when making decisions, and use old examples as a
basis to guess the answers to new questions. This paper
explores this psychological process, and proposes a new
multi-classifier ensemble strategy based on the knowledge-
line memory theory, called the knowledge-line ensemble
algorithm.

This algorithm has better interpretability than K-nearest
neighbor algorithm on the basis of guaranteeing the classification
evaluation accuracy. In inference, the model can provide
similar samples in training as the basis for this inference. Not
only that, during the training of the model, the process of
increasing complexity and the changes in various aspects of
capabilities are all explicitly displayed. In the training
process, the model can extract the difficult points of the
problem, such as a certain class of sample that is difficult to
do right, and some subsets of categories that are easy to be
confused. Due to the introduction of the knowledge-line,
these difficult quantification is now available to be described
by the activation, forgetting, and creation frequency of the
knowledge-lines. These indicators improve the interpretability

of the model, allowing users to conduct a more specific

analysis of the problem.





