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[bookmark: _Toc70543928]Abstract

The purpose of this report is to identify the most useful algorithms for time series analysis and natural language processing. This takes place through a review of literature, comparing multiple neural network models and algorithms. It is found that Recurrent Neural Networks (RNNs) are highly performant for both time series analysis and natural language processing. However, several issues have been identified and solved throughout the years relating to RNNs. This paper will show how and why these changes have taken place.

1. [bookmark: _Toc70543929]Introduction

This report will investigate the use of neural networks for time series analysis and natural language processing. Many different types of neural networks and machine learning algorithms have been used for both time series, and natural language processing, this report seeks to find which are the most optimal. A review of literature, looking at key papers and findings will take place inside this report to identify which are the most useful algorithms. It will also investigate how these algorithms have been adapted over time to become the best in class for their individual problems.

2. [bookmark: _Toc70543930]Time Series Forecasting and Classification

A time series is a sequence of data from a single entity, plotted over a period of equally spaced intervals. The data could be recorded yearly, monthly, weekly, hourly, by season, or in any other unit of time. Time series can use a single value, known as a univariate time series, or multiple values, known as a multivariate times series. [1]A good example of where time series are used in everyday use are electrocardiograms (ECGs), which is a recording of the voltage produced by one's heart over a period of time.
Time series are often used for plotting data such as the daily amount of rainfall, the number of road accidents, or even the quantity of goods being transported from a factory. They are commonly used in several fields, such as business, economics, engineering, medicine, and natural sciences such as geophysics and meteorology. Time series can be used in any area where the recording of data happens at an interval. [2] Time series are often used for predicting trends, trends exist when there are long-term increases or decreases in the data. Trends are not always linear and can often change. Seasonality is another pattern that time series can be used to predict, during certain seasons or days of the week, a pattern may occur. A good example of this would be around Christmas time, shop sales both online and in-store tend to increase. [3]
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[bookmark: _Toc70538860][bookmark: _Toc70543320][bookmark: _Toc70544505]Figure 1 - A labeled example of a time series, being used for ECG

Time series forecasting is predicting or forecasting the future value of a time series, it is one of the most common time series analysis methods that are carried out. There are several approaches to forecasting time series, the most traditional is Autoregressive Integrated Moving Average (ARIMA), but in recent years deep learning has been used, using RNNs (Recurrent Neural Networks) and CNNs (Convolutional Neural Networks) [4]
Forecasting is not the only task that can be carried out on time series data, classification of data in time series can also be carried out. Classification is the act of identifying what set or class an object belongs to. Classification of time series data is much less common than forecasting but is still incredibly useful. A good example of time series classification is the FordA dataset, this dataset contains a time series of engine sound recordings, with labeled data for specific issues. Classification can be used with this dataset to identify those issues from engine noises with up to 95% accuracy. [5] Segmentation is another time series analysis method, which is like classification. Segmentation of time series data is often used for speaker diarisation, which is used to partition an audio input into segments, based on who is speaking. Speaker diarisation identifies who is speaking at each part of an audio recording, giving the timestamps in the series where they start and end speaking. [6] An example of labeling a time series for classification can be seen in Figure 1, where the ECG data is labeled as “Normal”. Using these labels, along with labels for abnormal data could allow you to detect heart issues in an ECG. Classification and segmentation of time series are normally carried out using RNNs or CNNs. 

[bookmark: _Toc70543931]2.1. Recurrent Neural Networks
Recurrent Neural Networks (RNNs) have both been successfully used for time series forecasting and classification/segmentation. RNNs are a type of feed-forward neural network, they are used to produce predictive results in sequential data. Within RNNs, the data cycles through a loop, being passed back into the original input. This means that when an RNN makes a decision, it can consider the current input, and what has been learned from previous inputs. Feed-forward networks do not allow this as the information moves straight through the network, from input to output without touching a node more than once. This memory allows RNNs to keep track of what happened earlier in the data, allowing them to gain context and identify correlations and patterns. [7]
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[bookmark: _Toc70538861][bookmark: _Toc70543321][bookmark: _Toc70544506]Figure 2 - A comparison of Recurrent Neural Networks and Feed Forward Networks

RNNs have been shown to be incredibly powerful for time series forecasting and classification, being the go-to model. This is for one simple reason: RNNs produce predictive results that simply cannot be achieved with other algorithms. There are several difficulties with RNNs that have been solved using various methods over the years. The first has been the issue of ReLU (Rectified Linear Unit) as an activation function. In CNNs and other neural networks, ReLU is often the most preferred activation function. However, for RNNs it does not achieve a good result. Instead, the hyperbolic tangent (tanh) function is often preferred. [8] There are two big issues that can arise with long sequences of data. The first of these is the unstable gradients problem, caused by an accumulation of gradients due to backpropagation. [9] Another common issue is the short-term memory problem.

[bookmark: _Toc70543932]2.2.1. Unstable Gradients
There are many normalization functions with DNNs (Deep Neural Networks) that can be used to solve the unstable gradients problem, but few of them are applicable to RNNs. Nonsaturating activation functions such as ReLU (Rectified Linear Unit) which are commonly used in CNNs, cannot be used for RNNs. In fact, ReLU can make the RNN even more unstable. This instability can be caused by Gradient Descent updating the weights in such a way that increases the output slightly. If this happens at the first step, and because the same weights are used for each step, it can keep increasing through each step until eventually, the output explodes. Nonsaturating activation functions cannot solve this. The alternative is to either reduce the learning rate or use a saturated activation function. [9] Batch normalization, another commonly used normalization function cannot be used with RNNs either, as it cannot be used between time steps, only between recurrent layers. [10]
[bookmark: _Toc70543933]2.2.2. Short-term Memory Problem

RNNs suffer from what is known as the short-term memory problem. This is a phenomenon that occurs when the RNNs state loses any trace of the first inputs. This is caused by the loss of small amounts of information at each step of the RNN, eventually, no trace is found and it becomes impossible to form a correct sentence
LSTM (Long Term Short Memory) cells are a type of cell that are passed into a feed-forward neural network. This creates an RNN as the information can now be passed back through the network. LSTM cells are often used for segmentation, they have been proven to be especially useful in speaker diarization. [6] Various modern techniques have been added to LSTM cells to help improve their performance. There are two key suggested improvements. The first of these is peephole connections. [11] The second is GRU (Gated Recurrent Unit) cell. [12] LSTMs have been so successful at solving this problem that they have essentially replaced the basic cells that are found in RNNs.

[bookmark: _Toc70543934]2.3. Convolutional Neural Networks

RNNS are not the only types of neural networks that can be used for time series analysis, regular dense networks can be used for small sequences, and CNNs can be very efficient for exceptionally long sequences, such as text or audio samples. Convolutional neural networks (CNNs) have been used for time series forecasting, classification, and segmentation. CNNs were traditionally developed for two-dimensional image data, but they can also be used for time series analysis. Usually, two-dimensional CNNs would slide small kernels across an image to generate feature maps, which could be used for image classification. You may ask, how can this be used to process single-dimensional, sequential data? The simple answer is one-dimensional convolutions. CNNs can be created using a single dimension that slides several kernels across a sequence to produce a one-dimensional feature map. Each individual kernel will learn to detect a single, very short sequential pattern. If you used five kernels, then the output of the layer will be one-dimensional sequences. This allows CNNs to be used for the classification of sequential data like you see in a time series. [9]
[bookmark: _Toc70543935]2.4. Pre-processing
Pre-processing of time series data can aid in increasing the accuracy of the output of RNNs and CNNs. There are several very basic, standard pre-processing techniques that aid in the output of neural networks for time series analysis. The first of these is simply formatting the date/times to a single, unified, numeric value. This could be second or milliseconds, the idea is to normalize any values, and prevent any mixed formats such as DD/MM/YYYY versus MM/DD/YYYY as this could affect the performance of the model.
	Commonly with any approach to machine learning or training of neural networks, you will want to split your dataset into training, validation, and testing sets. With image or object classification you would commonly select a random percentage of the images to use with each. This is not so obvious with time series; instead, the best approach is to split by the date. For example, you could take the years 2002 to 2014 for the training set, 2015 to 2017 for the validation, and 2018 to 2020 for the testing set. The issue with this however is that it assumes that the patterns from the past will exist in the future. This assumption is often reasonable, but there are cases where it is not, such as within financial markets where patterns can disappear as soon as traders spot and exploit them. [9]

3. [bookmark: _Toc70543936]Natural Language Processing

Natural Language Processing (NLP) is the idea of creating computer models that can process language in a human-like way. NLP covers a wide range of topics, one of the most commonly used is machine translation, used by millions of people daily in software such as Google Translate. There are also others such as sentiment analysis, language generation, and language processing. Natural language processing typically requires a large body of linguistic data or text, this is known as a corpus, plurally known as corpora. Corpora, like other datasets you may come across, tend to contain text that relates to specific issues within NLP. [13]

[bookmark: _Toc70543937]3.1. Neural Networks
As with time series, there several different types of neural networks that can be used with NLP. These range from basic DNNs (Deep Neural Networks), to CNNs, and once again RNNs. Just like with time series, RNNs are one of the most widely used types of neural networks for NLP. The emergence of RNNs for NLP allowed the abandoning of the markov assumption that had been prevalent for decades within NLP. As mentioned with time series, RNNs pass each item of the sequence into the input of a feedforward neural network and use the output as the input of the next item. Since text or language data is just a simple sequence, RNNs can be used for natural language processing. The model stores the previously encountered words in its memory and calculates a probability for the next word based on what it has stored. Then, selecting the highest probability word as the output and storing it in the memory for the next pass. 
	
[bookmark: _Toc70543938]3.2. Pre-processing for NLP
Text pre-processing is an incredibly important step for natural language processing. It transforms the input text into a more digestible form to help the machine learn algorithm perform better. Usual steps for this include removing irrelevant characters such as numbers, punctuation, white space, and tabs. All characters are normally converted into lowercase.
	Removing stop words from the text is another key pre-processing technique. Stop words are the most common words in a language, words such as “the”, “me”, “is”, “all”, are all stop words. Stop words do not carry any important meaning in a sentence, therefore they can generally be removed from the text during pre-processing. This aids in performance through the simple fact that the algorithm has less text to process.
Large datasets can consist of millions of characters, these large datasets cannot simply be passed straight into the neural network as the RNN would be equivalent to a deep neural network with millions of layers (one per character). This would significantly increase training time, and in some cases make them impossible to train. These long sequences of characters can be split into smaller windows of text, to make them more manageable for the RNN.

[bookmark: _Toc70543939]3.3. Machine Translation
Machine translation is simply the process of a machine translating text from one language to another. This is commonly seen and used by most people in software such as Google Translate. In machine translation, the input consists of a sequence of symbols in one language (the characters), the computer simply converts this into a sequence of symbols in another language, it could be English to Welsh, or French to Chinese, or any other language. Once again, RNNs are the most common approach to machine translation. To be specific, machine translation uses what is known as Encoder-Decoder RNNs. 
Encoder-Decoder RNNs will read the whole sentence before translating, whereas a plain sequence-to-sequence RNN will start translating after reading the first word. Generally, when translating a sentence one word at a time you can run in to issues. For example, translating the Welsh sentence “Ciciodd y bachgen y bêl” means “The boy kicked the ball” but if you translate it a word at a time, you get “He kicked the boy the ball”. This is simply because the words are translated to their literal meaning, and do not form the sentence correctly. This makes it plainly obvious that translating a whole sentence gives you a better result in machine translation. [9], [12]

[bookmark: _Toc70543940]3.4. Sentiment Analysis
Sentiment analysis is simply the task of deducing one’s sentiment from a piece of text, extracting the negative or positive orientation that the writer may be expressing. A common example of this is within movie, book, or product reviews as reviews express the writer’s sentiment towards the product. The traditional approach to sentiment analysis/classification is to use Naïve Bayes. [14] However, more recent approaches have use DNNs such as RNNs and CNNs. This is simply because modern computers and GPUs (Graphics Processing Unit) have a lot more power, they can run deep learning tasks extremely quickly and in a way that was not possible ten or fifteen years ago. Naïve bayes can be extremely good at small amounts of text but falls short when it comes to larger data sets.	

[bookmark: _Toc70543941]3.5. Natural Language Generation
Natural language generation (NLG) systems are used to generate an output of human languages such as speech or text. NLG is used to generate text based on an input of structured data, in essence, it produces narratives that summarize or explain the data that was originally inputted.  Although different NLG systems take different inputs and offer different outputs, there are some common challenges amongst them all. All NLG systems perform three tasks content selection, surface realization, and production. Content selection is simply deciding what it wants to mention in the text.
	RNNs are incredibly powerful for NLG as the memory used in the model allows it to “remember” the background of the conversation at any time. Standard RNNs are not generally used for NLG as the data sequences are too long and will cause the short-term memory problem. Instead, LSTMs should be used.
	Natural language generation can also be used for image captioning images. Image captioning with NLG is an intersection between computer vision and natural language processing. Natural language sentences can be generated from images, this is a very difficult task that had not been possible until deep learning for image encoding natural language processing emerged. It is an area that has only matured in the five years or so. There are several applications for this, such as semantic visual search, visual intelligence in robots, and aid for the visually impaired to receive audio descriptions of visual content. Figure 3 shows a CNN being used to detect an object within an image, passing them into a visual vector. This vector is then passed into an RNN to generate a caption for the image. As you can see the caption is not 100% accurate, but it is very close to being so. This method is what is known as the end-to-end framework. [15]
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[bookmark: _Toc70543322][bookmark: _Toc70544507]Figure 3 – NLG being used to generate a caption from an image using CNNs and RNNs

4. [bookmark: _Toc70543942]Conclusion

Recurrent Neural Networks have become to go-to for both time series analysis and natural language processing. RNNs have not been without their issues, they have been developed over time to account for several problems. One of the biggest issues with RNNs was the short-term memory problem, which was solved with the use of LSTM allowing RNNs to become the go-to for both time series analysis and natural language processing. This paper showed how CNNs can be adapted from using their usual two-dimensional kernels into one-dimensional to allow them to be used effectively for tasks such as time series classification. RNNs and CNNs can be used in conjunction for natural language generation to caption images effectively; a task that not so long ago was almost impossible.
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