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[bookmark: _Toc70857431]Abstract
This report contains an evaluation of forecasting and classification which are two common problems associated with time-series data. This includes the different neural networks that can be applied to time-series data and what they are currently used for. Also described are some of the issues with using the different deep neural networks and how these can be overcome. Along with time-series data, the report also covers the use of deep neural network sequence processing to solve problems for natural language processing along with exploring the different aspects. 
[bookmark: _Toc70857432]Introduction
In the last decades, there have been several developments in machine learning and deep learning methodologies that can be used for predicting future events. Time-series forecasting and classification and natural language processing are two methods for processing sequential and distributed data.  
[bookmark: _Toc70857433]1 - Time-series Data 
Time series data takes recent data and predicts what will happen next. This can be a challenging process as there are problems associated with it that have to be solved. There are many different types of time-series data. In this report, forecasting and classification are looked at with the deep learning methods, like convolutional and recurrent neural networks, which are used to solve them. Time series data is a sequence of data points that measures the same thing over time. Recording data series point over time allows us to analyse how something has changed in the past and monitor how something is changing in the present. With this data, the algorithms could even predict something in the future. Examples of these times series data can happen in many different types of fields such as Economics, social science, Medicine and physical science. [1]

[bookmark: _Toc70857434]1.1 - Forecasting 
For all types of forecasting, the data has to first have some pre-processing and analysis performed on it. The amount needed depends on the forecasting model used. Forecasting problems can be separated into short, medium and long term depending on the time scale required. Short term forecast is for activities that happen in days, weeks or months in the future. The medium-term is for 1 – 2 years. Short and medium-term problems cover a wide range of activities, including research and development projects and financial budgets.  The long term is for many years and is usually strategic issues. [2]   This is also known as Long Short Term Model (LSTM). Many real-world applications often combine both long term and short term patterns. Guokan Lai et al. [3] looked at using a novel deep learning framework called Long-and Short-term Time-series network (LSTNet ) to address this. LSTNet uses both CNN and RNN to extract the different types of patterns. It also incorporates a traditional autoregressive model to resolve the insensitivity to scale of the neural network model.  
Forecasting methods are split into two different methods qualitative and quantitative. Qualitative forecasting is used when there is no data available that is relevant. Quantitative forecasting is when there is numerical information about the past that is available, and you can assume that is a pattern that could continue into the future. [4] In time-series data for some methods of forecasting, the time series data needs to be stationary.  The analysis of this type of data is easier as the statistical properties such as mean and variance remain the same or similar over time. This data will need to be pre-processed to achieve this.  A stationary series is one that the values are not a function of time. This can be achieved in a few ways, including differencing the series, taking the log of the series or the nth root or a combination of all these. One method that uses this technique is the Auto Regressive Moving Average(ARMA) model [5]. When using a data series, there are methods for determining whether the series is stationary or not. One commonly used method is the augmented Dickey-Fuller test.[6] This tests using a unit root test which checks if the series is non-stationary and possesses a unit root. 
When recording data time series, there are often missing values. These values need to be accounted for as it is important to maintain the time series so they cannot be set to zero or just deleted. There are several methods to account for them, including forward fill, backward fill, linear interpolation, quadratic interpolation and mean of nearest neighbours can be used in the algorithms. [4] 
Quantitive approaches include the Naive approach, Moving averages and Exponential smoothing. The qualitative approach can also include Executive opinion, Delphi method and  Salesforce estimates.  
[bookmark: _Toc70857435]1.2 - Classification 
Classification and segmentation are important methods used for time series for data mining and astronomy. Time series classification can be used in astronomy for finding the brightest star in space and for classifying exoplanets. With segmentation, you are splitting a time series into a series of segments that can be used by the classification model as a continuous set of points. Classification can also be used for speech recognition and signature verification [1]. 
One classification method that can be used is the Hidden Markov Models that are hidden graph-like models looking at the strength of the edge moving from node to node. Every node is referenced to a word or part of a word. time series are always increasing and decreasing of data. HMM does have some downfalls that the time series need to be symbolic [1]. This method has advantages in that it allows more sequences to be found because it has a larger number of nodes, but it is expensive due to the amount of memory and computation time needed. The training for the model requires many iterations of the algorithm, which can take time
Classification looks at aiming to predict the future class. While forecasting looks at predicting the value of future values. Classification is catering for the projection of a certain set of outcomes for the data set.
[bookmark: _Toc70857436]1.3 - Convolutional Neural Networks (CNN)
Traditional neural networks are great for classification. CNN is usually used for image recognition and detecting edges where two-dimensional data is used. For time series models, one-dimensional data can be used  in CNNs 
In relation to time series forecasting using CNN after each iteration of training, the network starts fresh without remembering the previous iteration. This is an issue with time-series data that is sequential as the historical data is needed for the forecasting.  A combination of LSTM and CNN is a more popular model as it utilises more accurate predictions. Data is often pre-processed before it is fed into the network. Convolutional neural networks are the preferred method for interpreting visual data as it takes into account the adjacent pixels and processes them [7]. 
When looking at time series classification and forecasting, Zhou et al. [8] found that deep learning, although used with great success, image, text and video processing, had not been researched in forecasting and classification techniques. They investigated the use of the temporal convolutional network and the generative adversarial network. Gaussian sliding window weights were used to speed up the training process. The temporal convolutional network reduces the time consumption by 80% but still gives the same accuracy. Tuning the hyperparameters and choosing the appropriate optimiser helps with the training process of the generative adversarial network to give similar accuracy to traditional methods. Convolutional neural networks have been reasonably successful in segmentation in time series data. 
[bookmark: _Toc70857437]1.4 - Recurrent Neural Networks 
Recurrent neural networks (RNN) can be suitable for time series data. Long Short-Term Memory (LSTM ) network is a type of recurrent neural network that can be used. Recurrent neural networks are suitable for handling sequential data or small sequences[9]. RNN is a type of architecture that feeds the results back into the network. With RNN, it relies on the previous state to predict the future with this information. The RNN time series data maintains information over time across a sampled times series.
There are some issues with RNN; one of them is short term memory, where it can only cope with short sequences of data. With speech recognition, the sentences might be long enough that the recurrent neural network cannot remember the sentence as they find it difficult to retain the information. In natural language processing, if an individual is trying to process a paragraph, it can lead to not remembering all the information.  There are some solutions that were created to solve the short term memory issue. These methods are known as the long short term memory (LSTM) and Gated Recurrent Units (GRU). There are some activations functions that are used in RNN to improve the performance of the models. One example of this is a tanh function which scales all the values of the data set from -1 to 1. This prevents a vanishing or exploding gradient, which can occur in RNNs [10]. 
[bookmark: _Toc70857438]1.4.1 - Long Short Term Memory 
LSTM was first suggested in 1997 by Sepp Hochreiter [11].  The LSTM model was proposed to outperform the traditional recurrent neural network. LSTM models can capture more of the sequence architecture design. However, convolutional neural networks may filter out input noise and extract more valuable information [7]. There are many uses for LSTM; one of them is text generation.  LSTM works better when there is a large amount of data and a large amount of training information. LSTM is a preferred RNN method when using time-series predictions. 
[bookmark: _Toc70857439]1.4.2 -  Gated Recurrent Units
GRUs have a similar framework to RNNs. With the standard recurrent neural network, there is a vanishing gradient issue. This means that it is hard to train it when there are long term memory needs. In GRU, there are only two gates, the update and reset gates, compared to LSTM, which has three gates: Input, Forget and Output gates. In a GRU, the input and forget gates have been combined to give the update gate. It uses hidden states that are either updated or reset, whereas, in the LSTM, these states are separate. The GRU tends to perform better and take less time to train as it takes fewer operations. In GRU, the information is passed the next node, so there is no loss of information or vanishing gradients [10]
[bookmark: _Toc70857440]2 - Natural language processing
Natural language processing (NLP) is the part of computer science and artificial intelligence that is used to deal with speech. There has been much commercial success with NLP, such as Alexa and Siri. It can also be used in email filters, spam filters, predictive text and robocalls. There are many different types of integration of NLP. These examples include machine translations, content moderation, social media and sometimes customer service calls. The importance of NLP is its ability to teach computers the spoken language. NLP looks at the linguistics of the language and uses machine learning and deep learning methods to interpret it. With these technologies, the computer can process the human language in either text or voice with the complete meaning and understanding of the speaker. There are many use cases for natural language processing; these examples include spam detection, machine translation, text summarisation and chatbots [12] [13]. Deep Neural Networks have revolutionised the way NLP tasks are handled using CNN and RNNs. NLP problems can be split into five main tasks: classification, matching, translation, structured prediction and sequential decision process. The use of  DNN has improved the performance of NLP tasks compared with conventional methods [14]. There are many advantages to using DNN in NLP. One advantage is end-to-end training which can be used in the model since the amount of data allows it to be automatically constructed with no outside input, whereas in other methods, feature engineering is required. Using DNN also is a gradient-based learning and is good at pattern recognition. It is mainly done with supervised learning methods. 
There are some disadvantages to using Deep Learning methods for NLP. These algorithms require large amounts of data and cannot cope with symbols directly. It does not work as well when the data size is small and so may not be suitable for some applications. The models that are used for NLP use a complex model and are often built for a single task. These methods are not as advantageous for the decision making and inferring part of the NLP as the more conventional methods.
One of the challenges that are more specific to NLP is the problem of dealing with a long tail. This is the problem that the amount of different characters increases as the size of the data increases. Therefore training data will not cover every scenario, and the challenge will not be solved by just using deep learning.  
[bookmark: _Toc70857441]2.1 - Deep Learning in Natural Language Processing 
There are a number of neural networks that have been used for NLP, including Feed Forward (FNN), Recurrent (RNN), Recursive Auto Encoder (RAE) and Convolutional Neural networks (CNN)[15]. The current deep learning methods for NLP are complex and are often referred to as a black box since there is not a clear way of explaining the capabilities or predicting how to improve them [16]. Some neural networks are better at some aspects of NLP, and therefore a combination of DNN methods can be used to maximise the efficiency of the NLP.  
[bookmark: _Toc70857442]2.1.1 - Machine Translation
Machine  Translation is about converting a body of text into another language using NLP techniques. Machine translation advanced because it was recognised that an improvement was seen by translating groups of words rather than word by word [17].  It uses a coporus which is a large body of text that consists of many sentences. There are different methods that are used in machine translations. Word alignment can use either FNN  or RNN, which is an improvement on FNN. For translation, however, it has been found that by using RAE rather than several FNNs, not only phrases can be captured, but the word order information can also be captured[15]. RNN and LSTM are used to train to convert source translation to the target with great accuracy. RNN works for this type of translation because it has a memory component as the architecture RNN uses maps between the previous and next text [18]. There are also recursive recurrent neural networks that are used for machine translations which is a combination of RNN and RAE. This provides a better result for text processing compared to other neural networks[19]. 
[bookmark: _Toc70857443]2.1.2 - Sentiment analysis 
Sentiment analysis is a system that analyses text by combining NLP with machine learning by using a system of weighted scores to the words within a sentence. The text needs to be processed first so that it can be understood by the machine by a process called tokenisation [20]. This splits the information into strings which takes time and could be a challenge for real-world interactive systems. The strings or tokens can include special characters as well as words. Words can also have different tenses, and these have to be normalised, which helps to group the words together. This can be done by stemming or lemmatisation. Stemming reduces the word down to the simple verb form, whereas lemmatisation is an algorithm that uses vocabulary and morphological analysis to normalise the words. Lemmatisation will produce proper words, whereas stemming may not; therefore, lemmatisation is more sophisticated [21]. 
[bookmark: _Toc70857444]2.1.3 - Language Generation
Natural Language Generation (NLG) and Natural Language Understanding (NLU) are subsections of NLP. NLP focuses on the understanding of how the languages are worded together, and NLU looks at the context of the data in terms of intent and grammar. NLG is about the computer generating text and cannot read the text. NLP, NLU and NLG work together to accomplish  NLG creates text based on a select few words. Over time NLG has been used in machine learning techniques such as Hidden Markov Models and RNN. The Models are used to generate text in real-time. NLG has been used in many systems like chatbots [22]. NLG is mostly used for text generation. 
[bookmark: _Toc70857445]2.1.4 - Pre-processing Text
Text pre-processing is needed in NLP to ensure that the data is in a form that is predictable and analysable for the model. There are several types of pre-processing that can be carried out. All text will need some type of pre-processing, but some will need more than others. The text should all be converted into lower case, and there should be noise removal which is the removal of special characters that would interfere with the text analysis. Another pre-processing step is the removal of stop words. These are the words that are commonly used in a language that, when removed, do not affect the information. In English, these are words like “a” or “is”.
[bookmark: _Toc70857446]2.1.4.1 - Word/Character Embeddings 
Word and character embeddings is an approach used in NLP to attach a numeric vector to a word that can be used when the words are identified in a text.  Simple models such as word vectorisation do not have any semantic meanings attached to the words. Letters in words are separated, and each character is converted into a vector; therefore, they do not contain the same information as the word embedding. Semantic models, however, contain information about the meaning of the words and use a large corpus. Since the corpora is still a finite size, there will be some rarely used words missing, which is always an issue with NLP [23]. 
[bookmark: _Toc70857447]2.1.4.2 - Importance of corpora
Corpus is a set of machine-readable text that has been developed for use with NLP. Computation linguists use corpora to propose rules and then optimise and evaluate them. Researchers have used corpora in anaphora resolution and clause splitting for evaluation and optimisation with promising results [24]. Corpora are used in the training of NLP, and the design needs to be well thought out as it has a finite size, so a wide variety of text types are needed [25]. It is important to design a corpus with balance and representativeness. The balance is so that material has been sampled from many different areas, so the sample is realistic, but this can be hard to achieve as the method for selecting text is often random. Representativeness is also hard to measure but may be easier to specify the area of interest.
[bookmark: _Toc70857448]3 - Conclusion
There are some improvements in the last few years for both Time Series data as well as Natural Language Processing. The best deep learning methods to use for time series is a combination of CNN and RNN to get the most effective use out of the system. In NLP, there are many advances, but there are still many challenges in the areas of semantics and context of the data.  
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