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1. [bookmark: _Toc78924449]Abstract
One area receiving increased attention within the field of machine learning is that of forecasting predictions [1]. With each new stride made in machine learning technology, researchers focus efforts towards applying these new techniques to various scopes of context to achieve stable and reliable results that push the field further [2], [3], [4], [5]. An analysis based on available literature is reviewed highlighting the common problems recurrent and convolutional neural networks face when applied to forecasting and classification problems where time series is concerned. A review of deep learning methods and their effectiveness in natural language processing is also discussed to evaluate the various architectures commonly used to solve translation, sentiment analysis and language generation.
1. [bookmark: _Toc78924450]Time Series Data
Data is the driving force behind any machine learning model. With the interest of making accurate predictions through forecasting, time is an important factor which directs the course of data [6]. Correctly collecting data over time is crucial for reliable and meaningful observations. Ordered and equal intervals of time provide temporal stability that meets the criterion of a time series [7]. Data points articulate values that correspond to points in time revealing trends and seasonality across the data when analysed.
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[bookmark: _Toc78924511]Figure 1 - Carbon dioxide concentration of Mauna Loa over several decades
Source: Adapted from [8]
Time series data leverages the construct of time to accommodate change in features of the data providing historic analytics to observe from. With research discussing the complexities of time series data [9], [10], techniques have been developed to moderate the validity of data when in the format of a time series [11], [12].
1. [bookmark: _Toc78924451]Characteristics of a Time Series
Ordered and equally spaced data over time are the defining attributes of a time series. When analysing time series data certain characteristics are considered to gauge the statistical properties and underlying patterns the data consists of.
0. [bookmark: _Toc78924452]Autocorrelation
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[bookmark: _Toc78924512]Figure 2 - Autocorrelation of a sine wave function
Source: Adapted from [13]
One common analysis of data in the field of probability theory is statistical independence [14]. An interesting observation of time series data is that it often displays serial dependence which demonstrates statistical dependence of one observation with another prior observation in time [15], [16]. In terms of forecasting, autocorrelation is a healthy exploit that can reveal reoccurring patterns within the data, hinting towards seasonality [15], [17].
0. [bookmark: _Toc78924453]Seasonality
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[bookmark: _Toc78924513]Figure 3 - Seasonality, displaying periodic fluctuations within data
Source: Adapted from [13]
Through use of autocorrelation involving observations of lagged data points within a time series, seasonality can be explored. With the properties of a time series inherently revealing indexed data points through time, seasonality displays regular patterns in data at reoccurring intervals [18]. Seasonality not only shows the spread of regular patterns in the data but also correlates towards exploring the locality of reoccurring patterns that can be found within time series data [19].
0. [bookmark: _Toc78924454]Trend
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[bookmark: _Toc78924514]Figure 4 - Deterministic and stochastic trend
Source: Adapted from [20]
Trend describes global change across time series data which could be in the form of an overall long-term increase or decrease. Visualization of the data can provide an intuitive awareness of trend which can capture if it is deterministic or stochastic [21].
0. [bookmark: _Toc78924455]Stationarity/Non-stationarity
An important characteristic of time series data is the concept of stationarity or non-stationarity. In terms of auto-regressive models which utilise a moving average [22], a non-stationary process may lead to misleading results. Stationarity describes the statistical properties of data such as the mean, variance, covariance, etc, remaining constant over time [23]. Analysing data where the presence of trend is visible would reveal non-stationarity as the statistical properties of the data would vary over time.
1. [bookmark: _Toc78924456]Recurrent Neural Networks
Traditional feedforward neural networks consist of varying hidden layers, where each hidden layer is comprised of a set of neurons connected via weights. Recurrent neural networks are a form of neural network targeted towards modelling sequence data [24]. Unlike traditional network architectures, recurrent neural networks consist of a feedback loop with hidden states which represent data from previous inputs each time step.
Recurrent neural networks consist of three weight matrices, one for input, another for the hidden state, and for output. The weight matrices are parameters of the network that are shared across all timesteps [25], similar to convolutional neural networks [26]. To retain previous information that has passed through the network the initial hidden state’s input is multiplied by the hidden state’s weight matrix with the addition of some bias. Similarly, the input at time t and the input’s weight matrix is multiplied with the addition of a new input bias. With the sum of both results passed to an activation function, typically a tanh [27], the hidden state at time t is then further multiplied by the output weight matrix with the addition of an output bias. The above operations are performed recursively within a finite number of time steps, the hidden states of the network maintain the temporal structure of data by passing a weighted sum at each timestep through the network simulating an artificial form of sequential memory.
Data processing permits common hyperparameters such as batch size and number of features with the added hyperparameter of time steps. Depending on the selected batch size during training the network adjusts its error rate with a modified variant of the backpropagation algorithm, backpropagation-through-time [28].
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[bookmark: _Toc78924515]Figure 5 - Left: Top-level view of RNN. Right: Unrolled view of RNN
Source: Adapted from [29]
In terms of time series forecasting, RNN’s have been widely accepted as a good fit with research proving conducive results on a variety of complex time series datasets [30], [31], [32]. One particular paper compares two feedforward architectures against two popular recurrent network architectures concluding that the ELMAN recurrent neural network out-performed traditional feedforward network architectures in the context of time series forecasting [33]. Further work towards utilising RNN’s where long-term dependencies in data are prevalent has shown negative results revealing a common issue with vanishing gradients during the backpropagation procedure [34], [35], [36].
1. [bookmark: _Toc78924457]Vanishing/Exploding Gradients
Similar to most neural networks with deep architectures vanishing gradients are a common and well-researched area with proposed solutions aiming to resolve the risk of growing or shrinking gradients during training [37], [38]. In the context of RNN’s the premise of a network’s parameters receiving a small or large shift in respect to its loss function remains true. Backpropagation-through-time reflects changes to a network’s parameters at each time step giving the effect of earlier inputs not contributing to the learning process. Short-term dependencies in data are unlikely to suffer from this problem whereas long-term dependencies are, this is due to earlier and later time steps potentially having a strong dependence between each other.
Further work towards solving the issue of vanishing and exploding gradients brought development of gated recurrent units commonly referred to as GRU’s [39]. GRU’s are an extension of RNN’s and are comprised of two gates, an update gate and relevance gate. In contrast to other variants of RNN’s, such as LSTM’s [40], GRU’s are more computationally efficient at solving less complex sequences in comparison to LSTM’s and traditional RNN’s [41], [42].
1. [bookmark: _Toc78924458]Convolutional Neural Networks
The process of convolution involves sliding a fixed-size kernel over an input. The kernel represents a table of numerical values where each value is the product of element-wise multiplication, further summing the products results in a single value [43]. Traditionally, convolutional neural networks perform tasks on input images, convolving over the entire input image resolves to a new output image known as a feature map [44] which represents extracted features from the input image. The convolutional layers of the network are the learnable parameters which perform a forward pass of the image, akin to weight matrices in traditional feed-forward neural networks.
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[bookmark: _Toc78924516]Figure 6 - Convolution example of Sobel operator
Source: Adapted from [45]
Whilst traditional convolutional neural networks working exceedingly well with image data [46], [47], [48] input data passed to a convolutional neural network can be of different dimensions [49], [50] permitting application to a variety of deep learning tasks.
2. [bookmark: _Toc78924459]Receptive Fields
As previously mentioned, filters are one of the core components of a CNN architecture. The receptive field of a filter refers to its size and dimensionality, as CNN’s are able to deal with higher dimensional data efficiently. This approach comes with a fall back when dealing with temporal data such as time series. Recurrent neural networks have the ability to look back through temporal data using sequential memory, whilst convolutional neural networks are limited by the amount and size of their receptive fields. This introduces locality of feature extraction based on the defined region of the filter. In contrast to traditional fully connected neural networks where all layers are connected, this does not translate to traditional convolutional neural networks.
TCN’s or temporal convolutional networks aim to solve this issue through modifications of traditional CNN’s using techniques such as dilation [51] and casual convolutions [52] to adapt to sequential data. Much research surrounding TCN’s prove findings that offer great results in contrast to RNN’s and LSTM’s [53], [54], [55].
1. [bookmark: _Toc78924460]Comparison of Convolutional & Recurrent Neural Networks
Whilst convolutional neural networks form the backbone of deep learning for computer vision their benefits generalise to other areas of deep learning [56]. Parameter sharing [57] through data transformations that occur within a CNN offer a reduction in weights across each layer of the network. With a reduction in the learnable parameters of the network. This leads to quicker training sessions as the computation of less weights during the backpropagation procedure is much more efficient. Down sampling of data through pooling layers furthers optimization by giving the opportunity to compress the data as it traverses deeper through the network at varying layers. A large benefit of convolutional networks in comparison to recurrent neural networks is the ability to perform training in a parallelised manner, this provides a considerable boost in time spent training a model allowing models to run on specialized hardware such as GPU’s.
It is this parallelization that makes convolutional neural networks more attractive than recurrent neural networks and their variants as recurrent neural networks sequentially process data with heavy dependence on previous outputs.
1. [bookmark: _Toc78924461]Conclusion
Whilst it may seem that convolutional neural networks offer more benefits in terms of speed, no definitive solution towards which network architectures may be a better fit for time series classification and forecasting exists. The constraints are limited by the type of data and time series problem, making model selection a highly contextual task. Research shows that general cases for recurrent neural networks in the time series domain are suited towards datasets where short-term dependencies are observed [58]. Other RNN architectures provide solutions for long-term dependencies such as LSTMs with the disadvantage of slower training time. For other time series tasks where deep learning is not a requirement, machine learning techniques such as ARIMA are highly favourable. In general, it can be concluded that the analysis of data is the driving force that leads to a successful model selection.
1. [bookmark: _Toc78924462]Natural Language Processing
Natural language processing is a branch of artificial intelligence derived from linguistics, the study of human language [59]. NLP is used in most modern technology in the form of speech-to-text, language translation, and many other language tasks. Many variables take effect when dealing with natural language processing, in the vocal space tonal variation impacts the delivery of a declaration which can display empathy, anger and other emotions. Text also takes many forms with statements potentially written as short-hand or interpreted with ironic or humorous meaning, this task relates to sentiment analysis, inferring the meaning behind a textualized statement. The complexities of language host a wide set of problems where natural language processing is concerned.
2. [bookmark: _Toc78924463]Pre-processing Techniques
Pre-processing is an important step to fulfil when building any model. Without the pre-processing of data, a model’s accuracy can often be negatively affected. Regarding natural language processing, pre-processing data is an incredibly important step as symbols and varying words introduce unwanted discrepancies within the data. Similar to most pre-processing techniques in other domains of machine learning and artificial intelligence, the methods used to clean data are contextual, meaning not all techniques generalise across data sets. Common steps for cleaning datasets comprised of text for tasks such as sentiment analysis, language translation and generation involve restructuring and transforming the data to resolve erroneous behaviour and boost the accuracy of the selected model.
0. [bookmark: _Toc78924464]Tokenization
Humans interpret text efficiently, understanding abstract constructs of how text should be read through a set of rules. The semantics of a body of text can be deduced through understanding of punctuation and grammar. Parsing text can be broken down into a sequence of words, this task is known as tokenization [60] where dividing a body of text into sub-components is achieved by splitting paragraphs into sentences and sentences into words. Tokenization is often referred to as lexical analysis.
0. [bookmark: _Toc78924465]Normalization
Text can be presented in many forms such as upper and lower case, numerical mappings between words and symbolic numbers, as well as punctuation. Normalizing text as a function of pre-processing unifies the data to remove ambiguity. Various techniques for achieving normalization allows different strategies to achieve uniformity for textual data [61]. The most common components of normalization are stemming [62] and lemmatization [63], both techniques aim to remove indirect inflection between related words such as homonym’s, polysemy’s, and other concepts of similarity inherent in language.
0. [bookmark: _Toc78924466]Noise Removal
In some cases, data may contain meta information, whilst noise could be considered an intuitive concept in terms of signal processing, noise in the context of text refers to sub-data within already existing data. By example, pre-processing scraped data from the web may likely contain HTML metadata such as tags, headers, etc. Noise removal targets the elimination of metadata, or unwanted information from the data of interest [64].
2. [bookmark: _Toc78924467]Common Architectures for NLP
Popular neural networks for NLP tasks show progressive results with neural networks that have the ability to model sequence data. It is the modelling of sequence data that describes many of the underlying problems found in natural language processing.
1. [bookmark: _Toc78924468]Transformer Networks
One popular paper which developed a novel architecture to solve the common problems found in sequential modelling such as short-term memory and ambition for parallelization, introduced an encoder, decoder type network which uses attention mechanisms [65]. Attention mechanisms eliminate the need to use sequential information in its entirety. In the context of a common NLP task such as text prediction, each time the model predicts the output of a word, sections of the input which contain the most relevant information is used, attention is paid towards fewer input words with contextual meaning through training.
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[bookmark: _Toc78924517]Figure 7 - Transformer Network Architecture
Source: Adapted from [66]
Popular models which derive from the previously aforementioned work [66] consist of Google’s BERT model [67] and OpenAI’s GPT model [68]. Regarding NLP most literature agrees that transformers surpass previous models such as LSTM, GRU, RNN, etc.
2. [bookmark: _Toc78924469]Conclusion
NLP and its rapid progression of research, which is driving the field forward, demonstrates that technology is progressing towards novel architectures with sophisticated intelligence in a variety of tasks related to natural language processing. With these advanced architectures and their components, parallelization provides absolute efficiency in data processing, providing advantages towards faster training to strive for better models for solving complex natural language processing problems.
1. [bookmark: _Toc78924470]References
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