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Introduction

The rise of big data, a term that refers to the rapid explosion of available
information, brings both remarkable opportunities to modern society and difficult challenges to data scientists (Fan et al., 2014). Massive amounts of highdimensional data are continuously generated and stored through various outlets
such as social media. Vagata & Wilfong (2014) reported that Facebook’s data
warehouse receives 600 terabytes of data each day, and has seen a threefold increase in growth since the previous year. This example indicates the magnitude
of the data as well as the trajectory and speed of the growth. The size and
dimensionality of the data have proved to be a challenge to machine learning
algorithms as they need to continuously adapt to the new observations. This
report explores various forms of continuous learning, such as online learning and
incremental learning, that utilise the parameters that have been learned using
the original dataset for new observations. It then examines the differences between the continuous learning methods and standard methods where the models
are retrained from scratch.
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Background

Gradient descent is an optimisation algorithm used in machine learning to find
the most optimal weights or parameters of various algorithms, such as logistic
regression and artificial neural networks. The aim of the algorithm is to find the
weights that minimise the prediction error of the model measured on the training
and test dataset. It continuously updates the parameters of the model, as it
takes steps proportional to the negative gradient until it finds a local minimum
(Ruder, 2016). The initial weights are usually randomly generated; however, the
optimal weights found during training can be saved. The saved weights that
achieved local minimum can then be reused when retraining the model when
necessary. This dramatically improves the training performance as the gradient

1

descent algorithm will start with weights that are close to the local minimum,
reducing the time needed to converge (Ruder, 2016). There are three variants of
gradient descent: stochastic gradient descent, batch gradient descent and minibatch gradient descent. Mini-batch gradient descent is the most commonly used
variant due to its performance compared to the other variants.
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3.1

Continuous Learning Methods
Online Learning

Online learning algorithms utilise learned parameters and retrain the model on
new observations in the data as they become available. This allows the model
to learn in a sequential manner and adapt to recent observations (Blum, 1996).
Online learning is commonly used in cases where it may not be computationally
feasible to retrain the model over the entirety of the dataset due to its size,
dimensionality and scarcity of resources. Stochastic gradient descent (SGD) is
a variant of the gradient descent algorithm that is often described as an online
learning algorithm. This variant uses individual observations from the dataset
to update the parameters of the model (Bottou, 1998).
Online algorithms are beneficial in situations where it is essential for the model
to dynamically adapt to new patterns in the data, such as collaborative filtering in recommender systems. However, one of the disadvantages of these
algorithms is that they are more influenced by recent observations and tend to
forget previously learned information, this is sometimes referred to as catastrophic interference (McCloskey & J. Cohen, 1989).

3.2

Incremental Learning

Incremental learning is a variation of online machine learning which aims to address the catastrophic interference problem. Gepperth & Hammer (2016, p. 1)
define incremental learning as a method of ‘learning from streaming data, which
arrive over time, with limited memory resources and, ideally, without sacrificing model accuracy’. The goal of incremental learning is to allow the model to
adapt to new data while maintaining its prior knowledge without retraining the
model from scratch. There are various implementations of incremental learning
where some incremental models rely on learning compact representations of the
observed data, and others utilise parameters to control the relevancy of older
data. Depending on the implementation used, there are still some disadvantages in terms of either configuring additional parameters for data relevancy or
relying on compact learning representations (Gepperth & Hammer, 2016).
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3.3

Transfer Learning

Machine learning methods commonly work under the assumption that both
the training and test data belong to the same feature space and statistical
distribution, and when changes occur the models need to be rebuilt from scratch.
However, this is impractical in many real-world applications where it is not
feasible to recollect a large amount of data or retrain the model from scratch
(Pan & Yang, 2010). Transfer learning can use the knowledge for related tasks
on either the same or similar datasets, which can be achieved through using the
pre-trained weights on a different dataset. An illustrative example of transfer
learning is recognising cars, then applying the trained model to a related task
such as recognising trucks. It can also be used to recognise different aspects in
the same dataset, for example, recognising petals instead of leaves on a dataset
containing images of plants.
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Standard Learning Methods

The standard approach in machine learning is to learn in order to accomplish
a specific task that is associated with a dataset. Models are trained using a
dataset and are only capable of performing that particular task. Similar to
online algorithms, most standard learning algorithms use variants of gradient
descent such as batch and mini-batch gradient descent algorithms (Ruder, 2016).
Unlike stochastic gradient descent, the batch gradient descent only updates the
model parameters after evaluating all the training examples which results in a
more stable error gradient and better convergence in some problems. However,
this requires the entire dataset to be loaded in memory which substantially affects the training speed and may not be feasible for big datasets (Ruder, 2016).
Mini-batch gradient descent aims to address the performance issues by instead
taking smaller batches from the training dataset, and updating the model parameters after each epoch this leads to better convergence and improved performance. One of the downsides of mini-batch is the addition of another hyperparameter, the batch size, that needs to be configured to achieve optimal
performance (Li et al., 2014).
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Discussion

Standard machine learning approaches can lead to better representations of
data, and more stable error gradients and better convergence when using gradient descent algorithms. Batch learning can also utilise parallel processing
to compute multiple gradients simultaneously to improve the performance on
larger datasets (Li et al., 2014). However, with the increase in data generated
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each day and the high dimensionality of big datasets, it may not be practical to
frequently retrain models on big datasets from scratch using these methods.
In the era of big data, new data observations are constantly being made available. Continuous learning methods aim to address the need to keep a model up
to date without retraining from scratch. Online and incremental learning techniques can be used in areas where data is continuously being generated and the
model needs to frequently update itself, such as stock predictions and recommender systems (Gepperth & Hammer, 2016). Transfer learning techniques can
be used to periodically retrain models using the learned weights of an existing
model and utilise them on new observations to improve the training performance
(Pan & Yang, 2010). These techniques are much more computationally efficient
for big datasets and streaming data. They also allow the models to stay up to
date and adapt to new patterns in data without major sacrifices in terms of
accuracy. There is a notable lack of research in this area compared to standard
machine learning methods. Online and incremental learning in particular can
benefit from further research to improve their performance as they are some of
the essential techniques in dealing with big data and streaming data.
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