Emotion Recognition on Twitter: Comparative Study and Training a Unison Model
Abstract:
Despite recent successes of deep learning in many fields of natural language processing, previous studies of emotion recognition on Twitter mainly focused on the use of lexicons and simple classifiers on bag-of-words models. The central question of our study is whether we can improve their performance using deep learning. To this end, we exploit hashtags to create three large emotion-labeled data sets corresponding to different classifications of emotions. We then compare the performance of several wordand character-based recurrent and convolutional neural networks with the performance on bag-of-words and latent semantic indexing models. We also investigate the transferability of the final hidden state representations between different classifications of emotions, and whether it is possible to build a unison model for predicting all of them using a shared representation. We show that recurrent neural networks, especially character-based ones, can improve over bag-of-words and latent semantic indexing models. Although the transfer capabilities of these models are poor, the newly proposed training heuristic produces a unison model with performance comparable to that of the three single models.
Architecture:
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Introduction:
THE amount of user-generated content on the web grows ever more rapidly, mainly due to the emergence of social networks, blogs, micro-blogging sites and a myriad of other platforms that enable users to share their personal content. Unlike objective and factual professional publishing, user-generated content is richer in opinions, feelings and emotions. These online expressions can have various practical applications. They have been used to predicted stock market fluctuations, book sales, or movie’s financial success. Due to the vast number of texts, manual inspection for emotion classification is infeasible, hence the need for accurate automatic systems. Although in many cases people can easily spot whether the author of a text was angry or happy, the task is quite challenging for a computer — mainly due to the lack of background knowledge that is implicitly considered by humans. Given some text, emotion recognition algorithms detect which emotions the writer wanted to express when composing it. To treat this problem as a special case of text classification, we need to define a set of basic emotions. Although emotions have long been studied by psychologists, there is no single, standard set of basic emotions. Therefore, we decided to work with three classifications that are the most popular, and have also been used before by the researchers from computational linguistics and natural language processing (NLP). Paul Ekman defined six basic emotions by studying facial expressions. Robert Plutchik extended Ekman’s categorization with two additional emotions and presented his categorization in a wheel of emotions. Finally, Profile of Mood States (POMS) is a psychological instrument that defines a six-dimensional mood state representation . Each dimension is defined by a set of emotional adjectives, like bitter, and the individual’s mood is assessed by how strongly (s)he experienced such a feeling in the last month. Majority of previous studies predict either Ekman’s or Plutchiks’s classifications, while POMS’s adjectives had only been used in simple keyword spotting algorithms.We are not aware of any studies that tackle the problem of predicting POMS’s categories from the text. Methodologically, they mainly used simple classification algorithms, like logistic regression or support vector machines, on top of word and n-gram counts, and other custom engineered features (capturing the use of punctuation, the presence or absence of negation, and counts of words from various emotion.
Existing System:
The work on POMS is quite rare, as the test is available only to professional psychologists. Most existing studies were led by Johan Bollen. Common to all is the idea of tracking adjectives defined in the POMS questionnaire and using its structure to obtain six-dimensional mood representation. Bollen investigated how Twitter mood predicts the stock market changes. In a similar study, he correlated emotion time series with records of popular events and showed that such events may have a significant effect on various dimensions of public mood. By analyzing emails submitted to futureme.org, Pepe&Bollen also revealed the long-term optimism of its users, but medium-term confusion. Those studies used POMS questionnaire as a tool for obtaining mood representations but did not study the problem of predicting POMS’s categories from the text. There are several studies that use other categorizations of emotions. Neviarouskaya and colleagues developed two rule-based systems for detecting nine Izard emotions; one works on blogs, another one on personal stories from experience project11 website. Mishne experimented with detecting 40 different mood states on blog posts from the LiveJournal community. He used features related to ngrams, length, semantic orientation of words, PMI, emphasized words and special symbols to train an SVM classifier.
Proposed System:
We proposed an alternative training strategy that samples training instances based on the difference between train and validation accuracy and showed that it improves over alternating strategy. We confirmed that it is possible to train a single model for predicting all three emotion classifications whose performance is comparable to the three separate models. As a first study working on predicting POMS’s categories, we believe they are as predictable as Ekman’s and Plutchik’s. We also showed that searching for tweets containing POMS adjectives and later grouping them according to POMS factor structure yields a coherent data set whose labels can be predicted with the same accuracy as other classifications. We made our character-based trained RNN models publicly available at https://github.com/nikicc/ twitter-emotion-recognition. We worked on probably the largest data set for emotion prediction, using tweets from the last seven years. With the aim of developing a universal emotion detection algorithm, we did not restrict ourselves only to one domain, but rather tested its usefulness for different classifications of emotions. Since the training data was annotated automatically and since we use character-based approaches, our solution is language independent and could easily be adapted for other languages. Past studies of this problem focused on somewhat different goals and used much smaller collections of tweets, which prevented the use of deep learning and resulted in discouragingly low classification performance. Our study, however, shows that, given enough data, emotion prediction may not be such a hard problem after all. We show that recurrent neural networks, especially character-based ones, can improve over bag-of-words and latent semantic indexing models. Although the transfer capabilities of these models are poor, the newly proposed training heuristic produces a unison model with performance comparable to that of the three single models.
Modules:
· Bag-of-Words & Latent Semantic Indexing Models
· Neural Network Models
· Transfer Learning
· Unison Learning

Bag-of-Words & Latent Semantic Indexing Models:
To set the baseline performance, we first experimented with common approaches to emotion detection. Within the realm of pure machine learning (as opposed to using, say emotion lexicons), one of the most frequently used approaches is to use simple classifiers on the bag-of-words (BoW) models. We studied two approaches for transforming raw text into BoW model. Vanilla BoW is a model without any normalization of tokens. Normalized BoW reduces the dimensionality of feature space by these transformations. The aim of these normalization techniques is to remove the features that are too specific. For each of these two models, we run experiments on counts of unigrams as well as unigrams and bigrams. Hereafter, we will refer to the combination of unigrams and bigrams simply as bigrams.
Neural Network Models:
Among the most popular neural network (NN) architectures, we decided to use recurrent (RNN) and convolutional (CNN) networks. The former were selected since they can naturally handle texts of variable lengths, and latter since they have already shown to be suitable for text classification [24]. We leave the testing of other neural network architectures, like feed-forward ones, for future work. We experiment with two levels of granularity. In the first approach, we tokenize the tweet’s content and then feed a sequence of tokens into the NN. Here the task of the NN is to learn how to combine words to obtain a tweet representation suitable for predicting emotions. Our second setting is an end-to-end learning approach: instead of preprocessing tweets into tokens, we treat the whole tweet as a sequence of characters and pass characters one by one into the NN. The task of the NN is hence to combine characters into a suitable representation and predict emotions. Note that the NN itself has to learn which sequences of characters form words since space is not treated any differently from any other character.
Transfer Learning:
After selecting the best models and their parameters, we test their transfer capabilities and generality. We investigated whether the final hidden state representation — which can be considered as a projection of the tweet’s content into a lower dimensional space — is suitable only for the task for which it was trained or is it sufficient also for predicting other emotion categorizations. We take a model up to the final hidden layer and then re-train the final softmax or sigmoid layer on another data set. In this way, we re-use the embedding from one data set for making predictions on the other. Note that since we are copying weights of one model to the other, we are also forced to use a common model architecture; i.e. the number of neurons, layers, type of layers, number of feature maps, kernel size, etc. The intuition behind these experiments is that if the final hidden state representation can be considered as a general lower dimensional representation suitable for predicting emotions, then the one trained on Ekman might also suffice for predicting POMS’s categories. However, if the performance of such trained model is drastically worse than that of a model initially trained on POMS, this would indicate that final hidden states representations are specifically tunned for particular categorization of emotions.
Unison Learning:
The final set of experiments tests whether it is possible to develop a common model. We define the unison model as a model able of predicting all three emotion classifications while sharing all the parameters that project the input tweet into a final hidden state representation. The utility of such model is at least threefold. First, sharing parameters will hopefully lead to a model whose final hidden state representations are more general. The existence of such hidden state — that could be used to predict various emotional classification — is an indication that there exists a general emotion representation, which could be the starting point for investigating the interdependence between emotional classifications. Second, as is believed for multitask learning approaches, introducing these additional signals during the training of a model could lead to better performance [29]. Finally, when applying such model, we get predictions for all classifications in approximately the same computation time a single model would require for one classification. To build the unison model we propose the following architecture. We have common embedding, followed by a common NN layer. After the final hidden state representation of the NN, there are three different softmax (for multiclass setting) or sigmoid (for multilabel setting) layers, each predicting one of the three classifications. This architecture, presented in Fig. 3, is learning a low-dimensional embedding that is informative enough for predicting all three categorizations at once.
Algorithm:
Novel algorithm:
A novel algorithm and architecture are described which have specific application to high performance, digital, adaptive beamforming. It is shown how a simple, linearly constrained adaptive combiner forms the basis for a wide range of adaptive antenna subsystems.
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Future Work:
The alternate batches heuristic was introduced by Collobert& Weston and has later been used in many other studies. We improve upon this heuristic in cases where the tasks differ in complexity or data set sizes. Our setting also resembles the multimodal learning approaches; however, we worked with three different data sets and not a single data set containing instances described with multiple modalities. Further, the loss aggregating approaches, like, are not directly applicable since they optimize the similarity between hidden state representations of different modalities while we insist on having a common projection of tweets into the final hidden state for all three emotion classifications. Hence, we choose the training heuristic by Collobert&Weston  since it has already proven successful for NLP.
Conclusion:
            The central aim of the paper was to explore the use of deep learning for emotion detection. We created three large collections of tweets labeled with Ekman’s, Plutchik’s and POMS’s classifications of emotions. Recurrent neural networks indeed outperform the baseline set by the common bag-of-words models. Our experiments suggest that it is better to train RNNs on sequences of characters than on sequences of words. Beside more accurate results, such approach also requires no preprocessing or tokenization. We discovered that transfer capabilities of our models were poor, which led us to the development of single unison model able to predict all three emotion classifications at once. We showed that when training such model, instead of simply alternating over the data sets it is better to sample training instances weighted by the progress of training. We proposed an alternative training strategy that samples training instances based on the difference between train and validation accuracy and showed that it improves over alternating strategy. We confirmed that it is possible to train a single model for predicting all three emotion classifications whose performance is comparable to the three separate models. As a first study working on predicting POMS’s categories, we believe they are as predictable as Ekman’s and Plutchik’s. We also showed that searching for tweets containing POMS adjectives and later grouping them according to POMS factor structure yields a coherent data set whose labels can be predicted with the same accuracy as other classifications.

SYSTEM REQUIREMENTS


➢   H/W System Configuration:-


➢    Processor                      -   Pentium –IV or Later Version

➢   RAM                              - 4 GB (min)
➢   Hard Disk                      -   40 GB
➢   Key Board                     -    Standard Windows Keyboard
➢   Mouse                            -    Two or Three Button Mouse
➢   Monitor                          -   SVGA



Software Requirements:
1. Operating System 		-	Windows XP or Later Version
1. Coding Language		- 	Java/J2EE(JSP,Servlet)
1. Front End			-	J2EE
1. Back End			-	MySQL
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Figure 4: Main chartof the novel aigorthm.




