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Textual Analysis
[bookmark: _GoBack]Once a descriptive caption has been generated, we need to generate an expressive caption, which provides the same meaning but also expresses the same emotion that is conveyed by the image. We will train a model called a caption converter, which inputs a descriptive caption and a desired emotion, and outputs an expressive caption.

Approach
Data Set Compilation
In order to train the caption converter, a data set of descriptive captions, desired emotions, and corresponding expressive captions is required. A corpus like this is not publicly available, so we compiled a new one using the MPII Movie Description data set [1], which includes a collection of movie clips and their corresponding audio descriptions for blind people. Since the audio descriptions are designed to express the emotions conveyed by the movie, we use these descriptions as our corpus of expressive captions.
We classify these expressive captions into nine categories, one for each of the eight emotions (anger, anticipation, disgust, fear, joy, sadness, surprise, and trust) and one labeled “no emotion.” This set of emotions is based on Plutchik’s Wheel of Emotions [7]. We classify the captions using the caption emotion classifier described in the next section, and these classifications will be the desired emotions in our data set.
Now we need corresponding descriptive captions with no emotion. Based on analysis of the expressive captions, we concluded that most of the emotional aspects of a sentence are determined by the adjectives and adverbs in the sentence. Therefore, we generate new descriptive captions by removing the adjectives and adverbs from the expressive captions, using Stanford CoreNLP [6].
The data set is now complete, with descriptive captions, desired emotions, and corresponding expressive captions. In the future, we will use quadratic programming to develop a model to learn to map from the descriptive captions to the expressive captions.

Caption Emotion Classifier
Given an input caption, we classify its emotion using multinomial logistic regression on the eight emotion categories.
To train the emotion classifier, a dataset is needed with examples, features, and ground truths. Unfortunately, no data set exists for sentences and their corresponding emotions. Therefore, we create our own data set based on the MPII Movie Description data set, which includes a set of movie clips and their corresponding audio descriptions for blind people. This data set is very useful for our purposes, since the audio descriptions were designed to express the same emotions conveyed by the movie clips. Therefore, we use Deep Sentibank [2] to classify the emotion of the movie clip and use this classification as the ground truth for our logistic regression model. The details of the movie clip emotion classifier are described in the next section.
The features extracted from the sentence are based on the method of [3]. For each sentence, the following features are extracted from each word:
Prior emotion of the word (from the NRC Lexicon [4])
Prior sentiment of the word (from the Prior Polarity Lexicon [5]
Part of speech (obtained using Stanford CoreNLP)
Dependency tree features (obtained using Stanford CoreNLP), including:
“neg”: if the word is modified by a negation word
“amod”: if the word is a noun modified by an adjective or vice versa
“advmod”: if the word is a verb modified by an adverb or vice versa

The logistic regression model is trained on these features and the ground truths obtained using the movie clip emotion classifier.

Movie Clip Emotion Classifier
Deep Sentibank (Borth, et al.) uses a convolutional neural network to detect the presence of certain adjective noun pairs (ANPs), such as “happy child” or “abandoned cemetery”. It inputs an image and outputs an approximately 3000-length vector of values between 0 and 1, containing the confidence scores that those ANPs are present in the image. This is called the image-to-ANP vector. Their code is publicly available.
Borth, et al. also made publicly available a web interface containing emotional information about the ANPs. Each ANP has a 24-length vector of values between 0 and 1, containing the confidence scores that those 24 emotions are expressed by the ANP. Combining all of these 3000 vectors produces the 3000x24-sized matrix, called the ANP-to-emotion matrix.
For the given image, we take the 10 ANPs with the highest scores in the image-to-ANP vector. We take the corresponding rows from the ANP-to-emotion matrix to get the emotion scores for the top 10 ANPs. Then, these scores are weighted by the confidence scores that the ANPs exist in the image. By taking the sum of these 10 vectors, we achieve the 24-length image-to-emotion vector.
Deep Sentibank’s 24 emotions are based on Plutchik’s Wheel of Emotions. Plutchik actually categorizes emotions into a model of 8 categories, each one with 3 levels of intensity to make 24. Therefore, we combine the 24 emotion scores into the 8 categories to achieve an 8-length vector. The emotion with the highest score is chosen as the ground truth for the caption emotion classifier. A minimum threshold is set, and if the highest score does not exceed the threshold, the clip and corresponding caption are classified into the “no emotion” category.

Results and Analysis
The caption emotion classifier categorized 19.81% of the captions correctly. Based on analysis of the caption emotion classifier results, it appears that the classifier based its classification greatly on the distribution of ground truth (from the movie clip emotion classifier). For example, the surprise category had the largest number of captions in the ground truth, so the classifier categorized 55% of the captions to be in the “surprise” category. The ground truth had only 0.78% of captions labeled for anger, so the classifier did not categorize any captions into the “anger” category.
These results suggest that the caption emotion classifier finds little or no correlation between the features of the captions and their corresponding ground truth categories. Therefore, different approaches should be tested on both of these fronts. The features may be insufficient to describe the sentences, so the use of n-grams, syntactic n-grams [8], or skip-thought vectors [9] may improve results. Also, the movie clip emotion classifier might not be accurate, because the emotions detected in the image may not directly correlate with the emotions detected in the audio descriptions. The captions themselves should probably be annotated instead.

Caption emotion classifier
	
	Anger
	Antic.
	Disgust
	Fear
	Joy
	Sadness
	Surprise
	Trust
	No emotion

	Number of captions
	0
	0
	0
	1
	0
	17
	1335
	0
	1075

	% of captions
	0%
	0%
	0%
	0.04%
	0%
	0.70%
	55.00%
	0%
	44.28%



Movie clip emotion classifier
	
	Anger
	Antic.
	Disgust
	Fear
	Joy
	Sadness
	Surprise
	Trust
	No emotion

	Number of clips
	19
	0
	144
	74
	107
	494
	804
	0
	786

	% of clips
	0.78%
	0%
	5.93%
	3.04%
	4.41%
	20.35%
	33.11%
	0%
	32.37%
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