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Abstract

:

In this paper, we tackle the problem of predicting the affective responses of movie viewers, based on the content of the movies. Current studies on this topic focus on video representation learning and fusion techniques to combine the extracted features for predicting affect. Yet, these typically, while ignoring the correlation between multiple modality inputs, ignore the correlation between temporal inputs (i.e., sequential features). To explore these correlations, a neural network architecture—namely AttendAffectNet (AAN)—uses the self-attention mechanism for predicting the emotions of movie viewers from different input modalities. Particularly, visual, audio, and text features are considered for predicting emotions (and expressed in terms of valence and arousal). We analyze three variants of our proposed AAN: Feature AAN, Temporal AAN, and Mixed AAN. The Feature AAN applies the self-attention mechanism in an innovative way on the features extracted from the different modalities (including video, audio, and movie subtitles) of a whole movie to, thereby, capture the relationships between them. The Temporal AAN takes the time domain of the movies and the sequential dependency of affective responses into account. In the Temporal AAN, self-attention is applied on the concatenated (multimodal) feature vectors representing different subsequent movie segments. In the Mixed AAN, we combine the strong points of the Feature AAN and the Temporal AAN, by applying self-attention first on vectors of features obtained from different modalities in each movie segment and then on the feature representations of all subsequent (temporal) movie segments. We extensively trained and validated our proposed AAN on both the MediaEval 2016 dataset for the Emotional Impact of Movies Task and the extended COGNIMUSE dataset. Our experiments demonstrate that audio features play a more influential role than those extracted from video and movie subtitles when predicting the emotions of movie viewers on these datasets. The models that use all visual, audio, and text features simultaneously as their inputs performed better than those using features extracted from each modality separately. In addition, the Feature AAN outperformed other AAN variants on the above-mentioned datasets, highlighting the importance of taking different features as context to one another when fusing them. The Feature AAN also performed better than the baseline models when predicting the valence dimension.
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1. Introduction


Emotions influence our well-being, how we interact with each other, our actions and our judgments [1]. Much of the media we encounter in our daily life, such as music and movies, is specifically designed to evoke an emotional reaction. The emotional influence of movies on viewers has been investigated in many psychology studies [1,2,3,4,5]. According to [6], scenes, music, as well as sounds in movies can elicit different emotions in viewers.



Developing an automatic system for predicting the emotions evoked in viewers is not only useful for psychologists, but also for producers in the film and advertising industries.



Many existing methods have been built to recognize the emotions of humans in videos [7,8,9,10,11,12,13,14]. These methods, however, do not predict the emotions that a person experiences when watching movies. Fewer studies [15,16,17,18] have focused on the latter, i.e., predicting the emotions of viewers based on movies themselves. This is the main goal of this work. More specifically, we propose a model for movie viewer emotion prediction using features extracted from video, audio, and movie subtitles.



Many studies on predicting the affective responses of movie viewers typically use extracted features from video and audio streams [15,18,19,20,21]. Those features are then fused by applying either early fusion or late fusion techniques without explicitly taking the relationship among these modalities into account. To tackle this problem, we previously proposed a preliminary model based on a deep-learning architecture with self-attention, called the AttendAffectNet model [22]. This network predicts the emotions of movie viewers by making use of the self-attention mechanism introduced in the Transformer model [23].



In natural language processing (NLP), we often see that, instead of using convolution or recurrence, the self-attention mechanism in the Transformer architecture is used to compute representations of the input and output of the model [23]. Since then, this mechanism has been applied to other tasks, including speech emotion recognition [24], music generation [25], and human action recognition [26]. Interestingly, this mechanism can take both temporal and spatial dependencies [23,27] of a sequence of inputs into account.



In our preliminary work [22], this mechanism was used to predict the emotions of movie viewers, in terms of arousal and valence as defined by the Circumplex model of affect developed by Russell [28]. In [22], two versions of the AttendAffectNet, including Feature AttendAffectNet and Temporal AttendAffectNet, were proposed. The former applies the self-attention mechanism to visual and audio features representing a whole movie excerpt, while the latter applies self-attention on the time domain. More specifically, in the Temporal AttendAffectNet, each movie excerpt is cut into equal parts. Visual and audio features are extracted from each movie part and fused before they are used as the model input.



The current paper is an extended version of our previous model [22]. In addition to visual and audio features, we also consider the text features extracted from movie subtitles. A combination of the Feature and Temporal AttendAffectNet models is also explored by applying the self-attention mechanism on both the extracted features as well as the time domain.



To have a comparable baseline, we also train and validate models using the long short-term memory structure (LSTM) and fully connected layers only from [21] using exactly the same inputs as those used for the proposed AttendAffectNet. We then compare their performance on two standard datasets, namely the MediaEval 2016 dataset for the Emotional Impact of Movies Task (EIMT16) [29] and extended COGNIMUSE [30,31].



Our self-attention-based approach is visualized in Figure 1. The input of our proposed AttendAffectNet includes visual, audio, and text features extracted by making use of pretrained deep convolutional neural network architectures (CNN) and other toolkits. More specifically, appearance features are extracted using the ResNet-50 network [32] as well as the RGB-stream I3D network [33].



The FlowNet Simple network (FlowNetS) [34] is used to extract motion features while VGGish [35] and the OpenSMILE toolkit [36] are used for audio feature extraction. In addition, the Bidirectional Encoder Representations from the Transformers model (BERT) [37] pretrained on Wikipedia & BookCorpus [38] is used to extract features from movie subtitles. All of these features are then passed to our AttendAffectNet model to predict the emotions of movie viewers.



Extensive experiments were conducted on the EIMT16 [29] and the extended COGNIMUSE dataset [30,31]. Note that, for the extended COGNIMUSE, the clips are cut into 5-s segments as in [19]. A careful analysis of the impact of video, audio, and movie subtitles on the accuracy of the emotion prediction task is performed.



We also investigate whether a combination of visual, audio, and text features could improve the performance of the proposed emotion prediction models. Our results show that audio features have a significant effect on driving the emotions of movie viewers, while movie subtitles are not as important as video and audio streams.



Additionally, we compare the performance of our AttendAffectNet model to the performance with only fully connected layers and LSTM as described in [21]. Overall, our proposed approach with self-attention performs better than the fully connected neural network and the LSTM when using the same feature vectors as the model inputs. The Feature AttendAffectNet model obtains higher accuracy compared with both the Temporal AttendAffectNet and Mixed AttendAffectNet on both datasets.



A possible explanation for this phenomenon could be that the duration of movie excerpts in these datasets is sufficient to deliver emotional content. Finally, the Feature AttendAffectNet also outperforms other baseline models for valence prediction. The source code of the AttendAffectNet together with pretrained models is available at https://github.com/ivyha010/AttendAffectNet (accessed on 7 December 2021).



An overview of the existing literature related to the self-attention mechanism and multimodal emotion prediction is given in the next section. In Section 3, we describe feature extraction techniques in detail. In Section 4, our proposed architecture is presented. Our experimental setup, together with the obtained results, is shown in Section 5 and Section 6, followed by our conclusions in Section 7.




2. Literature Review


Predicting emotional expressions of humans in videos has been studied by many researchers [39,40,41,42,43,44]. Some other research studies [15,21,30,45] have used videos to predict the affective responses of the viewers. Generally, however, this task has attracted little attention. Knowing which emotions are induced from videos has many applications, both in a commercial setting as well as in a research setting. Below, we offer an overview of the existing approaches for representing emotions, then we focus on multimodal representations, and finally we zoom in on multimodal emotion prediction models.



2.1. Emotion Representation Models


When it comes to representing emotions, many models have been proposed. In general, there are two major groups: dimensional (continuous) [46,47], and categorical (discrete) models [48,49]. The categorical approach [48] represents emotions as different discrete categories. For example, Ekman et al. [50] conducted research across multiple cultures and finally proposed a list of six basic emotions (including sadness, surprise, fear, disgust, anger, and happiness). More categories (such as amusement, contempt, and embarrassment.) [48] were later added to this list. In [51], 27 categories of emotion were identified based on 2185 short videos, which were used to induce specific emotions.



In [52], the Geneva Emotional Music Scales (GEMS) model was proposed to measure emotions driven by music. There are many versions of GEMS, such as the GEMS-9 and the GEMS-25. Notably, the GEMS-45 consists of 45 emotion terms, which can be divided into nine different categories. According to the dimensional approach, emotions are represented in a continuous way. Famous models that take this approach are the Vector model [53], the Positive Activation–Negative Activation model [54,55], and the Circumplex model [28,56].



In many affective computing studies [30,57,58,59,60,61,62], Russell’s Circumplex model of affect [28] is applied to represent human affective responses. According to this model, we can map human emotions into a space, which includes valence and arousal dimensions. The x-axis (valence) specifies how negative or positive the emotion is, while the y-axis measures the arousal of emotions from passive to active.



In addition to arousal and valence, there is also a third dimension called dominance in the circumplex model of affect [28]. This dimension indicates the degree of “attention” or “control” [63,64]. According to [31], however, dominance is often omitted due to being difficult to annotate. In this work, we use Russell’s Circumplex model with valence and arousal dimensions.




2.2. Multimodal Representations for Emotion Prediction


In movie analysis, it is common to consider different modalities including video, audio, and text [65]. In what follows, we discuss the existing research on models that incorporate one or more of these modalities into their affective response prediction.



2.2.1. Video Modality


Many research papers [13,66] leverage the representational power of deep CNNs to extract visual features from the video stream to recognize the emotions of humans appearing in videos. To extract features from human faces appearing in videos, the VGG16-Face model, which is the VGG16 network [67] fine-tuned on the FER2013 face emotion dataset [68], is utilized in [13]. In addition to the VGG16-Face network, the 3-dimensional convolutional network (C3D) has also been applied to simultaneously model the appearance and motion of objects in videos [13].



Typically, CNNs are used to extract features from video frames to predict the emotions of movie viewers [16,17,21,45,69,70]. Apart from the appearance features obtained from still frames, motion features extracted from optical flow [71] are also important in many tasks including action recognition [72,73,74], facial expression recognition [75,76,77], as well as emotion prediction of movie viewers [21,45,69].



In many studies on action recognition, the appearance and action information can either be extracted simultaneously using C3D [78,79,80], or it can be processed separately, for instance as two-stream CNNs [72,81], or as the two-stream inflated 3D CNN (I3D) [33]. These approaches are employed in models for emotion prediction of video viewers (C3D in [17,18], I3D in [45]) and emotion recognition (C3D in [13]).



In our previous work [22] on predicting the emotions of movie viewers, we applied the pretrained ResNet-50 [32] and RGB-stream I3D [33] networks on still RGB frames to extract appearance features of objects. Although combining optical flow with RGB increases the accuracy of models for action recognition [33,72] and emotion prediction [21], the cost of estimating the optical flow is high.



To balance the cost and efficiency, we therefore use the pretrained I3D model with only its RGB input stream (i.e., RGB-stream I3D) to extract appearance features from successive frames. The simultaneous use of both ResNet-50 and RGB-stream I3D networks was also explored in [82] for action detection. According to [21], motion features are also important for emotion prediction. However, rather than extracting motion features from optical flow as done in [21,82], we make use of the FlowNetS network pretrained on the Flying Chairs dataset [34] to directly extract motion features.




2.2.2. Audio Modality


According to many studies [52,83,84,85,86], emotions are highly influenced by music/speech; hence, it is important not to exclusively focus on video frames when doing emotion prediction. The emotional content of a dialogue is determined by both the tone and the content of spoken words as well as the semantic context of the movie scene and possible background music [87].



In addition to neural network architectures, such as SoundNet [88], VGGish, Inception, ResNet and AlexNet [35], we can use toolkits, such as OpenSMILE [36] and YAAFE [89] for audio feature extraction. Audio features obtained by using the OpenSMILE toolkit, are proven to be effective for the emotion prediction task [18,21,61]. In [90] models using VGGish-extracted features outperform those that use features extracted by applying SoundNet, and the OpenSMILE toolkit. A combination of audio features obtained by using both OpenSMILE and VGGish provided good prediction accuracy in our previous work [22]. Therefore, these features are also utilized in this work.




2.2.3. Text Modality


In addition to audio and video, it has been shown that text data is useful when creating a good emotion and sentiment analysis model [91]. According to [92,93], the semantic analysis of movie subtitles can improve affect classification. Video subtitles have been used to develop an emotion recognition model for soap opera episodes [94], for the emotional analysis of movies [95], as well as to detect emotional scenes from movies [87]. Many of the current studies on multimodal emotion prediction [15,19,30,45], however, have focused on using visual and audio features without including the subtitles. In this study, in addition to video and audio streams, we explore the potential of using movie subtitles to build an affective representation of movies, which is then utilized to predict the emotions of movie viewers.



Word embeddings were first introduced in [96]. They are also referred to as distributed word representations [97], in which words are represented as low-dimensional vectors that contain semantic and syntactic information [98]. Syntactic information refers to the structural role of words, while semantic information refers to the meaning of words [98]. Word embeddings are generally grouped into two categories: frequency-based embeddings and pretrained embeddings [99,100]. Some popular frequency-based embedding techniques include Bag-of-Words, and Term Frequency–Inverse Document Frequency (TF-IDF) [101].



Common pretrained word embedding techniques include Word2Vec [102,103], GloVE [104], and fastText [105]. Word embedding representations are often used as input to models that tackle NLP tasks, such as sentiment analysis (e.g., a CNN with Word2vec and GloVE in [106], a CNN with Word2Vec in [107]), text classification (e.g., Support Vector Machines (SVM) [108] accompanied with Word2Vec, TF-IDF in [109]), question answering (e.g., a dependency-tree recurrent neural network with Word2Vec in [110]), text generation (e.g., Generative Adversarial Networks with Word2Vec in [111]).



Instead of using pretrained word embedding techniques to represent individual words, context-based representations can be used to create vectors that represent whole sentences. Context-based representations take the order of words as well as the set of co-occurring words into account and compute a vector for the whole sentence.



There are many papers offering pretrained contextual representations, such as Semi-supervised Sequence Learning [112], Generative Pretrained Transformer (OpenAI GPT) [113], ELMo (Embeddings for Language models) [114], Universal Language Model Fine-tuning (ULMFiT) [115], and BERT [37]. In these models, word and sentence representations are learned such that they best capture underlying meanings and relationships.



The Semi-Supervised Sequence Learning model in [112] and OpenAI GPT [113], however, are unidirectional (i.e., only words to the left or right are used to contextualize each word). In both ELMo and BERT, the text representations are learned by using a bidirectional language model. A concatenation of both left-to-right, as well as right-to-left language models trained independently is utilized in ELMo.



The BERT model, on the other hand, uses a deep neural network. Inspired by the idea of the Transformer [23], the BERT model is considered as one of the notable achievements in NLP. In the BERT model, masked language models are applied to obtain pretrained deep bidirectional representations from unlabelled text, in which the left context is joined with the right one in all layers.



According to [37], the pretrained BERT model can be fine-tuned to tackle many other tasks, simply by adding the appropriate output layer. We can also utilize the BERT model for feature extraction, and thus, the pretrained BERT model can be applied to obtain contextual embeddings, which are then passed to models performing other tasks. The BERT model is applied and performs well in sentiment analysis [116,117,118]. In this study, we use BERT [37] pretrained on Wikipedia & BookCorpus [38] to extract contextualized word embeddings from movie subtitles and use them as the input to our proposed AttendAffectNet.





2.3. Multimodal Emotion Prediction Models


When implementing a multimodal fusion approach, features are extracted from various modalities (such as audio, video, text) and fused to perform a task. This approach is used in many research problems including semantic video analysis [65], emotion recognition [119], visual question answering [120], cross-modal retrieval task [121], etc. It is also a common approach in recent studies on emotion recognition of humans in videos [66,122,123] and on evoked emotion prediction from movies [15,19,21], in which features extracted from video and audio are used.



Often, features extracted from different modalities are combined by applying multimodal fusion schemes, such as early or late fusion [65]. In particular, early fusion is used when modalities are fused in the feature space, i.e., unimodal features are combined before being used to learn concepts. In late fusion, modalities are combined in the semantic space, i.e., unimodal features are first transformed to separately learned concept scores, which are then combined to learn concepts [65]. Aside from these two fusion techniques, we can also consider collaborative fusion [124,125,126], which is used to encourage collaboration among multiple modalities.



Many unsupervised and supervised approaches have been developed to build multimodal models for emotion prediction. Support vector regression models (SVR) have been applied to the task of emotion prediction of movie viewers on the Discrete LIRIS-ACCEDE dataset [60]. In the SVR models, various visual and audio features are used to separately predict valence and arousal values. Hidden Markov models (HMMs) are trained using low-level features obtained from audio and video to predict valence and arousal values in frames on the extended COGNIMUSE in [30,31].



A follow-up study in [21] further improved the emotion prediction accuracy, in which a neural network consisting of fully connected layers only was used instead of HMMs. In [21], features carrying the information on the appearance and motion of objects appearing in the video, as well as audio features are obtained by using the pretrained ResNet-50, ResNet-101 networks, and the OpenSMILE toolkit, respectively.



The prediction accuracy of the fully connected network is compared to a two-layer LSTM model that uses the same feature sets. The former model outperforms the latter on the extended COGNIMUSE dataset. In other studies [15,19] on this dataset, the authors cut movie clips into 5-s excerpts. The values of valence and arousal are then averaged across all frames in each excerpt.



In [19], these average arousal and valence values are predicted for every 5-s excerpt by using a simple linear regression together with fusion schemes involving early fusion, late fusion, and the mixture of experts (MoE) fusion. The MoE fusion performs better than the two previous ones. A follow-up study in [15] uses an LSTM network and correlation-based feature selection [127].



This model obtains a higher prediction accuracy compared to the previous model proposed in [19]. In [45], an adaptive fusion recurrent network is built based on an LSTM. This approach obtains higher performance than the Random Forest model [17], SVR [17,18] as well as the LSTM and Bidirectional-LSTM [20], and the arousal-valence discriminant preserving embedding algorithm [16] on the EIMT16 dataset [29].



While LSTM models take the long-term dependencies into account when modeling sequential data, they do not capture the spatial dependencies among inputs. The recently developed Transformer model [23], on the other hand, could overcome this disadvantage by using the self-attention mechanism. The Transformer model outperforms the LSTM in various tasks involving speech emotion recognition [24] and text translation [128]. It also achieves good performance in the human action recognition task [26].



Inspired by these findings, we use the Transformer structure in this study for the task of evoked emotion prediction from movies. This mechanism may capture the correlation among multiple modalities as well as between temporal inputs. In addition, the performance of our proposed models is compared to that of the LSTM model and the fully connected network proposed in [21]. We use the EIMT16 as well as the extended COGNIMUSE dataset to train and validate our proposed models.



Our multimodal approach for emotion prediction of movie viewers will be discussed in detail in the next section. The techniques that are applied to obtain the representation of movies will be described first. Then we move on to a description of our proposed self-attention based architecture.





3. Multimodal Feature Extraction


Our proposed emotion prediction models include three modalities: video, audio, and text (movie subtitles). In the following subsections, we provide details on how the features from each of these modalities are extracted.



3.1. Visual Features


The appearance of objects and their motion in each video scene can induce different kinds and degrees of emotion in viewers [6]. We obtain the information on the appearance of objects by applying pretrained networks (as discussed below) on RGB frames. In addition, we also extract motion features from successive frames. Since videos might have different length and frame rates, prior to extracting visual features, a fixed number of frames (denoted as T) are extracted from each video. Particularly, for every    t i  T   seconds, only one frame is extracted, whereby   t i   is the length (in seconds) of the i-th clip. Extracting a predetermined number of frames from clips is also performed in [26,82].



Appearance features The ResNet-50 network [32] pretrained on the ImageNet dataset [129] is first used to obtain the static appearance features of objects. In particular, we pass every RGB frame through the pretrained ResNet-50 network (with the exception of its final fully connected layer) to obtain a 2048-feature vector from each frame. Element-wise averaging is then performed on the extracted features across all T frames (from each movie excerpt) to finally obtain a vector of 2048 features.



In the RGB-stream I3D network [33], the spatio-temporal features are learned directly from a stack of successive RGB frames by employing 3D convolutions and 3D pooling operations. This also forms a solid baseline for the human action recognition task. Therefore, we use the Inception-v1-based I3D model [130], which is pretrained on the Kinetics dataset [131], to obtain spatio-temporal features. Particularly, we pass T frames from each clip to the RGB input stream of the pretrained Inception-v1-based I3D network, except for the layers after its “mixed-5c” one. This provides a feature map of size   1024 ×  T 8  ×  H 32  ×  W 32   , where H, W are the frame height and width, respectively. Average pooling with a kernel size of    T 8  ×  H 32  ×  W 32    is then applied on this feature map to finally obtain a 1024- dimensional feature vector.



Motion features Due to the high computational cost in optical flow estimation, instead of estimating optical flows and extracting motion features from them, we make use of the FlowNetS network [34] to obtain low-level motion features. This network is pretrained on the Flying Chairs dataset [34], and its structure includes two parts: contracting and expanding. The contracting part is applied as the motion feature extractor in this study. In particular, each pair of successive frames is fed to the contracting part to obtain a 1024-feature vector. The motion features extracted from all   ( T − 1 )   pairs of frames (from each movie excerpt) are element-wise averaged to finally obtain a vector of 1024 features.




3.2. Audio Features


The OpenSMILE-extracted features as well as those obtained by using the pretrained VGGish neural network [35] have shown to provide meaningful input for the emotion prediction task [21,90]. We therefore chose to include those audio features as part of our proposed model inputs.



VGGish model The VGGish neural network with parameters pretrained on the AudioSet dataset [132] for sound classification is used to extract audio features. In the preprocessing step, the audio from each movie clip is first split into non-overlapping 0.96-s frames. Then, a spectrogram is computed using the short-time Fourier transform for each 0.96-s frame, whereby the window size and the hop size are 25 and 10 ms, respectively. After that, each spectrogram is mapped to 64 Mel bins to compute a Mel spectrogram before a logarithmic operation is applied to obtain the log Mel spectrogram of size 96 × 64 for each segment. The log Mel spectrogram is then passed to the pretrained VGGish model, which includes six convolutional layers followed by two fully connected layers. This results in a 128-dimensional audio feature vector for each 0.96-s audio segment. The 128-feature vectors extracted from all audio segments (from each movie excerpt) are element-wise averaged to obtain a 128-dimensional vector of features.



OpenSMILE-extracted features A 1582 feature vector (including low-level descriptors, such as intensity, pitch, loudness, MFCCs, as mentioned in [133]) is extracted by using the “emobase2010” configuration file proposed in the INTERSPEECH 2010 paralinguistics challenge [134]. Note that the used audio frame and the hop size are 320 and 40 ms, respectively. We then compute an element-wise averaging of those feature vectors across all 320 audio frames (from each movie excerpt) to obtain a 1582-dimensional feature vector.




3.3. Text Features


The BERT-Base network (including 12 encoder layers, 12 attention heads with a feed-forward network of 768 hidden units each) [37] pretrained on Wikipedia & BookCorpus [38] is used to extract contextual embeddings. During the pretraining process, the last encoder layer of the model is customized for the masked language model and the next sentence prediction task in [37], we therefore remove it from the pretrained BERT model when applying it to our task. As a result, we obtain a vector of 768 features from each token. Average pooling is then applied across all contextual embeddings (from each excerpt) to obtain a 768-feature vector.





4. Proposed AttendAffectNet Model


Inspired by the Transformer model [23], we propose the AttendAffectNet (AAN) model–a multimodal neural network that integrates the self-attention mechanism [23] to predict the emotions of movie viewers represented in valence and arousal dimensions using features extracted from video, audio, and subtitles. We implement and evaluate three variants of our proposed model. In the first variant, called Feature AAN, the self-attention mechanism is applied to the features obtained from different modalities. The second one is the Temporal AAN, in which the self-attention mechanism is applied to the movie time domain. The third one is the Mixed AAN, which is a combination of the previously proposed two variants. Before describing our proposed models in detail, we first take a quick look at the Transformer architecture.



Transformer architecture In the Transformer architecture, the positions of a sequence are related using the self-attention mechanism [23]. This is efficiently performed, not by using the original inputs directly, but by first projecting the inputs to queries, keys, and values, which are denoted as  Q ,  K , and  V , respectively. Their dimensions are   d q  ,   d k  , and   d v  , respectively, whereby   d k   is equal to   d q  . This is done by applying fully connected layers many times (h times, which is also known as h heads).



The scaled dot-product attention (i.e., the dot-product attention scaled at   1   d k    ) [23] is then conducted to obtain   d v  -dimensional output vectors. Note that in the Transformer, the order of elements in a sequence is taken into consideration, whereby, the positional encodings are added to the embedding inputs as well as the previous outputs.



Similar to sequence translation models [135,136,137], the Transformer has an encoder–decoder structure. The input sequence is encoded into a sequence of continuous representations by a stack of encoders. The sequence of outputs is then generated by a stack of decoders, whereby, at each time step, only one output is created. The outputs generated at the previous steps are also used as part of the model input to create the subsequent one. For more information, we refer readers to the original paper [23].



Motivated by the self-attention mechanism in the Transformer architecture, we propose three variants of the self-attention-based model for emotion prediction of movie viewers.



4.1. Feature AttendAffectNet Model


Previous studies [21,30,66,92,93] have shown that the use of different features is critical for achieving high accuracy in emotion prediction and emotion classification tasks; and that each feature plays a distinctive and important role in emotion prediction. Motivated by these findings, we propose the Feature AAN model (illustrated in Figure 2), in which the self-attention mechanism is applied to the visual, audio, and text features of the entire movie.



In this model, each feature vector    v →  f   extracted from the movie excerpt (where   f ∈ F  — a set of all feature types mentioned in Section 3) is fed to an eight-neuron fully connected layer so as to obtain a dimension-reduced feature vector     v ^  →  f  . The sets of extracted feature vectors and the corresponding dimension-reduced ones are denoted as  V  and   V ^  , respectively. We then feed the set   V ^   to N identical layers, whereby each of them includes two sub-layers: a multi-head self-attention followed by a feed-forward layer. Each of these sub-layers is enclosed by a residual connection [32] accompanied with a layer normalization [138]. The number of layers and heads used in this work is discussed in Section 5.2. Note that the order of vectors     v ^  →  f    ( f ∈ F )   is not considered in this model. The output of these N identical layers is a set Ṽ of encoded feature vectors    ṽ →  f    ( f ∈ F )  , each of them includes eight elements. We then obtain an eight-dimensional vector by applying an average pooling to these encoded feature vectors. We also perform dropout along with a fully connected layer on this vector to obtain the final output.




4.2. Temporal AttendAffectNet Model


In this model, the time domain of movie excerpts is considered. For doing so, we first cut each movie excerpt into n equal parts (i.e., segments), from which visual, audio, and text feature vectors are extracted. The feature vector of type f (  f ∈ F  ) extracted from the s-th movie part (  s ∈ S = { 1 , . . . , n }  ) is denoted as    v →   s  f  .



We pass feature vectors    {   v →   s  f  }   s ∈ S   f ∈ F    to fully connected layers consisting of eight neurons each. This allows us to obtain the corresponding feature vectors    {    v ^  →   s  f  }   s ∈ S   f ∈ F   . All of the feature vectors that are obtained from the same s-th movie part are then concatenated together to obtain a representation vector     u →  s  = concat  (   {    v ^  →   s  f  }   f ∈ F   )   . Note that vector    u →  s   consists of   8 × | F |   elements (where the size of the set  F  is denoted as   | F |  ).



We denote the position of the s-th part as     PE →  s  ∈   R  d   , which is encoded by using Equation (1).


   PE  s   i   =      sin   ω k  . s      if   i = 2 k       cos   ω k  . s      if   i = 2 k + 1 ,       



(1)




in which    ω k  =  1   10 , 000   2 k / d     ; d is the size of vector    u →  s  ;   i = 0 , ⋯ , d  . To take the order of movie parts into account, we add vectors    PE →  s   to vectors    u →  s   to obtain a sequence of vectors     u →  s  +   PE →  s    (  s ∈ S  ). This sequence is then fed to N identical layers, in which each layer contains a masked multi-head attention accompanied with a multi-head attention, and a feed-forward layer.



Using the masked multi-head attention, the current positions are kept from interacting with the future ones. In this model, the multi-head attention plays the same role as the one described in the Feature AAN model, except for the fact that its queries Q comes from the previous sub-layer (We refer the readers to Section 3.2.3 in [23] for more details). In both the Feature AAN and Temporal AAN, each feed-forward layer includes a ReLU activation accompanied with a fully connected layer of eight neurons. Similar to the Feature AAN, this model also uses the residual connection as well as the layer normalization [138].



We also include dropout and a fully connected layer consisting of only one neuron like in the Feature AAN to obtain a scalar model output (i.e., predicted valence/arousal value) corresponding to each movie part. Note that    |    u →  s   |    is   8 × | F |  , therefore, each previous scalar output is duplicated   8 × | F |   times to match the size of    u →  s  . We also tried a fully-connected layer of   8 × | F |   neurons instead of duplication, however, the model with duplication performs better. The positional encoding vectors are added to the previously duplicated outputs, which are then used as part of the model input to predict the next output as illustrated in Figure 3.




4.3. Mixed AttendAffectNet Model


Combing the ideas from the two previous discussed model variants, a third variant, namely Mixed AAN (illustrated in Figure 4), is also explored in this work. In the Mixed ANN, self-attention is first used for feature vectors, which are obtained from the same movie part as described in the Feature AAN. Then, we also apply it on the time domain as described in the Temporal AAN.



Each movie clip is cut into n equal parts, from which visual, audio, and text features are extracted. We denote these extracted vectors as    {   v →   s  f  }   s ∈ S   f ∈ F    as mentioned in Section 4.2, which describes the Temporal AAN. Feature vectors    {   v →   s  f  }   f ∈ F    (extracted from the same s-th movie part) are fed to fully connected layers of eight neurons each (to obtain vectors    {    v ^  →   s  f  }   f ∈ F   ), followed by N identical layers (as described in Section 4.1 for the Feature AAN) to obtain the encoded feature vectors    {   ṽ →   s  f  }   f ∈ F    of eight elements each. This is followed by average pooling to obtain an eight-element output vector    ṽ s  →  . The positional encoding vector    PE →  s   is also added to every eight-element output vector    ṽ s  →   before being fed to N identical layers as described in the Section 4.2 on the Temporal AAN.



Similar to the Temporal AAN, the previous outputs together with their corresponding positional encoding vectors are then used as an additional input to this model to predict the subsequent output. We also adopt the dropout and a one-neuron fully connected layer in this model to obtain the predicted arousal/valence.



Note that, in the Mixed AAN, the previous outputs are scalar (i.e., valence/arousal values); therefore, each of them is also duplicated eight times (instead of   8 × | F |   as proposed in the Temporal AAN) to force them to have the same size as the eight-element output vector resulting from the average pooling layer.





5. Experimental Set-Up


The performance of our proposed multimodal models on the task of predicting movie viewers’ emotions is assessed in a set of experiments. The experimental setup andh the datasets used are described below.



5.1. Datasets


We use two datasets, including the extended COGNIMUSE [30,31] and the EIMT16 dataset [29], to evaluate our proposed models.



5.1.1. Extended COGNIMUSE Dataset


The extended version of the COGNIMUSE dataset [30] includes twelve movie clips with a duration of 30 min each and a frame rate of 25 frames per second. Seven of these movie clips belong to the COGNIMUSE dataset [31]. Emotion, represented in terms of arousal and valence, is annotated for each frame. The values of valence and arousal vary between −1 and 1.



This dataset provides both intended as well as experienced emotions, which are annotated by expert and non-expert movie viewers, respectively. The former represents the intention of the filmmakers, while the latter describes the emotion of viewers while watching movies. Since the inter-annotator agreement in the experienced emotion annotations is low [31], only the intended emotion annotations are used in studies [15,19,30].



Since arousal and valence values do not significantly change between successive frames in this dataset, in [15,19], the authors cut the movie clips into 5-s excerpts. The intended emotion corresponding to each excerpt consists of a pair of averaged valence and arousal values computed across all frames, i.e., only one pair of resulting valence and arousal values is obtained for each 5-s movie excerpt. Those intended emotion annotations are also used in this work.




5.1.2. EIMT16 Dataset


The EIMT16 is part of the LIRIS-ACCEDE database (https://liris-accede.ec-lyon.fr/, accessed on 10 January 2019). It consists of two subsets: Global EIMT16 and Continuous EIMT16. The former was created for the task of predicting the emotion (valence/arousal) of movie viewers while watching short movie excerpts, whereby only one pair of arousal and valence values is annotated for each movie excerpt.



The latter is for predicting arousal/valence continuously on each second of the long movie clips. The aim of creating the extended COGNIMUSE dataset was similar to that of the Continuous EIMT16 dataset. In addition, compared to other datasets in the LIRIS-ACCEDE database, the number of movie excerpts in the Global EIMT16 is the highest. For those reasons, the Global EIMT16 is considered as a complement to the extended COGNIMUSE, and both of them are used in this study.



According to [29], there are 11,000 movie excerpts in the Global EIMT16. Each of them lasts between 8 to 12 s and is annotated with a pair of arousal/valence values, which vary between 0 and 5. The emotion in this dataset represents the expected values of the invoked emotion annotated by movie viewers.





5.2. Implementation Details


5.2.1. Data Preprocessing


For the Global EIMT16 dataset, movie excerpts have various frame rates and durations; hence, a fixed number of frames (64 frames) are obtained from each excerpt by using the FFMPEG tool (https://www.ffmpeg.org/, accessed on 02 February 2020), wherein we set the frame rate to   ⌈  64  t i   ⌉   (  t i   is the i-th clip’s length). The extracted frames are then center-cropped to the size of   224 × 224   each.



We also apply this technique on the extended COGNIMUSE dataset, except for the fact that instead of extracting 64 frames, we use the entire set of frames obtained from each 5-s movie excerpt (i.e., 125 frames). Note that all 5-s movie excerpts in this dataset have the same frame rate (25 frames per second). The subtitles are only available for the extended COGNIMUSE dataset and they are not provided in the Global EIMT16 dataset, therefore, experiments on text features are conducted on the extended COGNIMUSE dataset only.



In the extended COGNIMUSE dataset, 5-s movie excerpts cut from each movie clip are provided in temporal order, therefore, each of them is considered as a component in the input sequence of the Temporal AAN as well as the Mixed AAN model. As the Global EIMT16 includes excerpts cut from various movies, and they are not consecutive. We therefore split each of them (with a length varying between 8 and 12 s) into 4 smaller parts, which are non-overlapping and annotated with the same arousal/valence values when conducting experiments for the Temporal AAN and Mixed AAN models.



Due to their relatively short length (2–3 s), we extract only 16 frames from each of them using the FFMPEG tool, instead of 64 frames like in the whole movie excerpt.




5.2.2. Training Details


In this study, arousal and valence values are predicted using separate models. The Adam optimizer together with the following loss function L is used in the training phase:


  L = MSE +  1 − PCC  ,  



(2)




where MSE is the mean squared error between the predicted arousal/valence values and their ground truth, and the PCC is their Pearson correlation coefficient.



In this study, in addition to the OpenSMILE toolkit, we use pretrained deep neural networks (ResNet-50, RGB-stream I3D, FlowNetS, VGGish, and BERT) as feature extractors. Each extractor allows the input (i.e., image, audio, and movie subtitles) to propagate forward and to stop at a predetermined layer, whereby its output forms our extracted feature vector. One of the advantages of this approach is that we can obtain the robust and discriminative feature vectors learned by these deep neural networks without concerns about the memory usage and computational time, as is the case when fine-tuning or training these entire networks or some of their layers together with the self-attention layers.



Training the whole model, including the layers of these networks together with self-attention layers, is extremely computationally expensive due to the high number of trainable parameters, and might be prone to overfitting. For these reasons, we first apply the aforementioned deep neural networks as feature extractors, and then train the rest of our proposed AttendAffectNet model only. The computational complexity of the multi-head attention with linear transformations is   O (  n 2  × d + n ×  d 2  )  , where n is the length of the input sequence, and    d q  =  d k  =  d v  = d / h   for each of the h heads.



In our experiments, to extract features, the average running time on each 5-s movie excerpt from the extended COGNIMUSE dataset is 0.01183 s for the pretrained ResNet-50 used to extract appearance features, 0.05449 s for extracting features from the RGB stream of the I3D network, 0.89369 s for FlowNetS, 0.12213 s for VGGish, and 9.20296 × 10−7 s for BERT, when performed on an NVIDIA GTX 1070 card with a 48 GB RAM. Note that the feature extraction can be done in parallel.



Using the extracted feature vectors as the input to our proposed AttendAffectNet, we only train the AttendAffectNet part of the model. To optimize the model, different experiments were performed to set the hyperparameters. From these experiments, we noticed that the computational cost rises and overfitting occurs when a larger number of heads are used. The proposed models obtain the highest performance when we use two heads.



The maximum number of epochs is 500, and the learning rate and the dropout rate are 0.0005 and 0.1, respectively, when training the Feature AAN. These hyperparameters are set to 1000, 0.001, and 0.5, respectively, for the Temporal AAN model. For the Mixed AAN, the maximum number of epochs is 500, the dropout rate is set to 0.5, and the learning rate is 0.01. For both the Temporal AAN and Mixed AAN models, the sequence length is fixed to 5 for the extended COGNIMUSE, and 4 for the Global EIMT16. For each of the three models, the batch size is set to 30, and the “patience” argument for the early stopping is set to 30 epochs.



The training time of our proposed AttendAffectNet is arguably fast. The average running time for each epoch is 6.64224 s, 7.81317 s, and 9.57832 s for the Feature AAN, Temporal AAN, and Mixed AAN, respectively. This is for a model that uses all visual, audio, and text features are used as input, a batch size of 30 and when the early stopping procedure is applied. All experiments are carried out using Python 3.6 on an NVIDIA GTX 1070 card with 48 GB RAM.



For the Temporal AAN and Mixed AAN models, the training is parallelized. During the training process, the previous outputs are available and they are used as an additional part of the model input to predict the subsequent ones. However, at the beginning of the evaluation phase, the whole model outputs are not provided, hence we must predict outputs step-by-step and use them as an additional input of the model to predict the next one. The details of this phase are as follows:



Step 1: In addition to the extracted feature vectors accompanied with the corresponding positional encoding vectors, a mostly ‘empty’ sequence  Seq  with only a mark for the “start-of-sequence” ( Start ) is given as an additional part of the model input (i.e.,   Seq = { Start }  ). As a result, the model will predict the first output (i.e., arousal/valence value), which is denoted as   O u t p u  t 1   . The element   O u t p u  t 1    is then appended to  Seq , hence, now we have   Seq = { Start , O u t p u  t 1  }  .



Step 2: The extracted feature vectors, accompanied with the corresponding positional encoding vectors and the updated sequence  Seq , are used as the model input. As a result, the model predicts the next output   O u t p u  t 2    and then updates the output sequence  Seq , i.e.,   Seq = { Start , O u t p u  t 1  , O u t p u  t 2  }  .



Step 3: Repeat Step 2 until the “end-of-sequence” is reached, and this means the prediction is complete. In practice, we may set “start-of-sequence” and “end-of-sequence” to values outside of the ranges [−1, 1] and [0, 5] for the extended COGNIMUSE and Global EIMT16, respectively.






6. Experimental Results


Experiments are conducted on the expected emotion annotations in the Global EIMT16 dataset and the intended emotion annotations in the extended COGNIMUSE dataset. We compare our models’ performance based on typical evaluation metrics, namely MSE and PCC. We performed leave-one-out cross-validation for the extended COGNIMUSE dataset as mentioned in [15].



6.1. Proposed Model Performance and Influence of Modalities


We analyze the impact of each modality on the affective response prediction of movie viewers by using visual, audio, and text features separately as the inputs to our proposed models. The resulting MSE and PCC values on the Global EIMT16 dataset and the extended COGNIMUSE dataset are represented in Table 1, Table 2 and Table 3. We observe that the proposed models that use only audio features perform better than those using only features extracted from either the video stream or movie subtitles.



Looking at these results in more detail, for the extended COGNIMUSE dataset, the MSE and PCC of the Feature AAN are   0.125   and   0.621  , respectively, for arousal, and   0.185   and   0.543  , respectively, for valence, when the model input includes only audio features. Using the same Feature AAN model, the prediction accuracy is slightly worse, when the model input consists of visual features only. In particular, for arousal, the MSE and PCC are   0.152   and   0.518  , respectively. These values for predicting valence are   0.204   and   0.483  , respectively, for MSE and PCC.



The prediction accuracy in this case, however, is still better than when using only text features extracted from movie subtitles as the model input. The same observation can be made about Temporal AAN and Mixed AAN models. We see similar results for the extended COGNIMUSE dataset: using only audio features, our proposed models also reach higher accuracy than those with only visual features. This same observation was also observed in [21].



The higher influence of audio features may be explained by the fact that audio in movies is intentionally selected with the goal of setting an emotional context for the user. Specifically, music is useful in eliciting emotions of audiences as mentioned in [83]. Therefore, audio may have a higher impact on elicited emotions compared to video and subtitles.



We also analyze the impact of using a combination of different modalities on the performance of our proposed models. Since movie subtitles are not available in the Global EIMT16 dataset, we only examine the effect of using both visual and audio features on the models’ performance on this dataset. When visual and audio features are simultaneously used as the model input, our models perform better for both valence and arousal prediction on both datasets.



As shown in Table 4, for the Global EIMT16 dataset, the MSE and PCC of the Feature AAN for arousal are   0.742   and   0.503  , respectively, and   0.185   and   0.467  , respectively, for valence. For the extended COGNIMUSE dataset, these values are   0.124   and   0.630  , respectively, for arousal, and   0.178   and   0.572  , respectively, for valence prediction. On this dataset, our models perform best when all visual, audio, and text features are simultaneously used as shown in Table 5.



According to the results shown in Table 1, Table 2, Table 3, Table 4 and Table 5, whether the model input consists of visual, audio, or text features separately or a combination of all of them, we observe that the Feature AAN outperforms our other proposed models. When features extracted from all modalities are combined and used as the model input, the Feature AAN obtains the best MSE and PCC on the extended COGNIMUSE dataset (Table 5). Particularly, for arousal, these values are   0.177   and   0.655  , respectively. For valence, they are   0.170   and   0.575  , respectively. On the Global EIMT16 dataset, when using the Feature AAN for arousal prediction, we obtain   0.742   and   0.503   as MSE and PCC, respectively. These values are   0.185   and   0.467  , respectively, for valence prediction (Table 4).




6.2. Comparison with State-of-the-Art Models


6.2.1. Comparison with Baseline Models


The baseline models for the extended COGNIMUSE dataset use visual and audio features, and do not consider the movie subtitles (Table 4). When the input to the Feature AAN model includes both visual and audio features, our MSE and PCC for valence prediction are   0.178   and   0.572  , respectively. These values are much better than those obtained by using the LSTM approach in [15], which was the best performing baseline model.



Notably, in [15], the authors not only use the correlation-based feature selection [127] but also apply the late fusion technique to obtain the predicted arousal and valence values. We also carried out experiments using the late fusion technique when building our models; however, our experimental results did not improve, while the training cost increased considerably.



The performance of our models is also compared with that of other baseline models [16,17,18,45,69] on the Global EIMT16 dataset. The Feature AAN with both visual and audio feature inputs outperforms the top three existing models [16,17,18] in predicting both valence and arousal values on this dataset. In particular, the MSE and PCC for arousal are   0.742   and   0.503  , respectively. The values when predicting valence are   0.185   and   0.467  , respectively.



Our prediction accuracy is much better than that reported in [69], and nearly equal to the one shown in [45], except for the MSE for arousal prediction. The feature vectors as well as the approach proposed in [45] are different from ours. Yi et al. [45] apply mean and standard deviation on feature vectors obtained from each movie part, and these vectors are then used as the model input, while only element-wise averaging is used in our approach.




6.2.2. Comparison to Previously Proposed Models


The performance of our AAN is compared to that of our earlier models proposed in [21]. These models consist of either only fully connected layer or a two-layer LSTM structure. The same input features are used as previously mentioned in Section 3. Each of the aforementioned feature vectors is fed to each fully connected layer (of 128 neurons) of the model (with only fully connected layers) in [21]. Then, we concatenate the outputs of these layers before passing them to another two fully connected layers, whereby each layer consists of 64 neurons. According to Malandrakis’ approach [30], these layers are followed by a seven-neuron fully connected layer and a softmax layer.



The model outputs are the probabilities corresponding to the seven binned emotion responses. These discrete outputs are converted into continuous values using a low pass filter as well as the Savitzky–Golay filter [139]. These values are then rescaled into the original interval of valence and arousal values (i.e., [−1, 1] for the extended COGNIMUSE and [0, 5] for the Global EIMT16 dataset).



The LSTM structure in [21] is similar to the above described model with only fully connected layers, except that a two-layer LSTM with 64 hidden units in each layer is used instead of the two 64-neuron fully connected layers. The sequence length is also set to 5 and 4 (as mentioned in the Section 4.2 about the Temporal AAN) for the extended COGNIMUSE and the Global EIMT16 dataset, respectively.



Whether the model input consists of feature vectors extracted from video, audio, or movie subtitles separately or a combination of them (as shown in Table 1, Table 2, Table 3, Table 4 and Table 5), on both datasets, the structure with only fully connected layers performs better than the two-layer LSTM model. However, it performs worse than our proposed Feature AAN and Temporal AAN. Particularly, for the extended COGNIMUSE, when we feed all visual, audio, and text features simultaneously to the model with only fully connected layers, the MSE and PCC for arousal prediction are   0.289   and   0.229  , respectively.



For the valence dimension, these values are   0.283   and   0.227  , respectively, as shown in Table 5. Using both visual and audio features, the MSE and PCC for arousal are   0.989   and   0.500  , respectively, for the Global EIMT16 dataset. These values for valence are   0.276   and   0.372  , respectively, as mentioned in Table 4.



An ablation study is also carried out in this work, in which instead of following Malandrakis’ approach, we modify the fully connected model and the two-layer LSTM network mentioned above by replacing their last fully connected layer consisting of seven neurons by a layer consisting of only one neuron. By doing so, we now directly predict continuous values of arousal and valence.



The batch size is set to 20 for both models while the learning rate is set to   0.0001   for the two-layer LSTM network, and   0.005   for the model with only fully connected layers. We also use the loss function explained in Equation (2). The experimental results for this ablation study are shown in Table 6 and Table 7.



According to the obtained PCC and MSE, we could infer that when doing emotion prediction on the Global EIMT16 and the extended COGNIMUSE datasets, the audio features are still more influential than those extracted from other modalities. In general, the fully connected model obtains higher prediction accuracy than the two-layer LSTM. Both models outperform Malandrakis’ approach when using the visual, audio, and text features separately or their combination as the model input. However, comparison to our proposed Feature AAN, the prediction accuracy of these models is not higher.





6.3. Illustration of the Predicted Values


We plot the predicted outputs of the Feature AAN together with the corresponding ground truth in Figure 5 and Figure 6 for a movie clip from “Shakespeare in Love” and an animated one from “Ratatouille”, respectively. The predicted arousal values and their ground truth are close to each other for both movie clips. In general, for the valence dimension, these values are less correlated. For the “Shakespeare in Love” movie, the MSE is   0.174   and   0.048   for valence and arousal, respectively. The PCC for these two dimensions is   0.649   and   0.790  , respectively. For the “Ratatouille” movie clip, the MSE for valence and arousal is   0.137   and   0.068  , respectively; while the PCC is   0.533   and   0.795  , respectively, for valence and arousal.





7. Conclusions


In this work, we proposed a multimodal architecture called AttendAffectNet to predict the emotions elicited in movie viewers. Our proposed multimodal architecture was inspired by the self-attention mechanism, which was applied on both features as well as the movie’s time domain. Compared to many other studies, in which only visual and audio features are applied to predict the emotions of video viewers, in this study, we proposed a holistic approach that uses a large set of features extracted from different modalities (i.e., video, audio, and text subtitles) as the model input.



In order to obtain these features, many state-of-the-art pretrained deep neural networks and toolkits were leveraged. For the video modality, we applied the ResNet-50, RGB-stream I3D, and FlowNetS networks with parameters pretrained on the ImageNet, Kinetics, and the Flying Chairs datasets, respectively. For the audio modality, we used the OpenSMILE toolkit and the VGGish network pretrained on AudioSet. For the text modality, we applied the BERT network pretrained on Wikipedia & BookCorpus.



We proposed two methods of combining these features: self-attention across features (Feature ANN) and temporal segments (Temporal ANN). In addition, a combined approach (Mixed ANN) was also explored in this work. We performed detailed experiments on two datasets, including Global EIMT16 (for evoked emotion prediction) and the extended COGNIMUSE dataset (for intended emotion prediction). Our experiments revealed that the Feature AAN performed the best, while the Temporal AAN performed only slightly worse.



A combination of both temporal and feature components did not improve the prediction accuracy of the Mixed AAN. This might be because movie parts are long enough to deliver emotional messages, and the combined weighted effect of different modalities taken as contextual information is more relevant than the longer temporal sequence. Most importantly, all proposed AttendAffectNet variants still performed better than previous work that used the two-layer LSTM structure and a model with fully connected layers with the same features [21].



Our Feature AAN obtained a higher prediction accuracy than many other approaches in the literature and is competitive with the state-of-the-art [45]), except for a relatively higher MSE for arousal prediction. The mean and standard deviation of the extracted features obtained from each movie part were used as the model input in [45]), while only the element-wise average of feature vectors was used in our study. In future research, our approach may be further improved by using the standard deviation of the extracted features as an additional part of the model input.



A thorough analysis of the importance of different features extracted from different modalities on the resulting accuracy for emotion prediction of movie viewers was also conducted. Notably, variants of the AAN trained on audio features performed better than those trained on either visual features or text features. The reason for this might be due to the more influential impact of audio/music on evoked emotions compared with video and movie subtitles. A combination of audio, visual, and text features delivered the highest level of performance.



In this study, a wide range of features was extracted from multiple modalities. These features carry information that might be relevant for predicting the emotions of movie viewers. However, the use of many features together as the model input might also contain some redundant information. In future work, we could improve our proposed model by exploring feature selection techniques to remove the redundant features without losing much information, in addition to developing other neural network architectures.







Author Contributions


Conceptualization, H.T.P.T., B.T.B., G.R. and D.H.; Data curation, H.T.P.T.; Formal analysis, H.T.P.T.; Funding acquisition, G.R. and D.H.; Investigation, H.T.P.T.; Methodology, H.T.P.T., B.T.B., G.R. and D.H.; Project administration, G.R. and D.H.; Resources, H.T.P.T., B.T.B., G.R. and D.H.; Software, H.T.P.T.; Validation, H.T.P.T.; Visualization, H.T.P.T.; Writing—original draft, H.T.P.T., B.T.B., G.R. and D.H.; Writing—review and editing, H.T.P.T., B.T.B., G.R. and D.H. All authors have read and agreed to the published version of the manuscript.




Funding


This research was funded by MOE Tier 2 grant number MOE2018-T2-2-161, and the SUTD President’s Graduate International Fellowship.




Institutional Review Board Statement


Not applicable.




Informed Consent Statement


Not applicable.




Data Availability Statement


All data supporting reported results are included in this article.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Chambel, T.; Oliveira, E.; Martins, P. Being happy, healthy and whole watching movies that affect our emotions. In Proceedings of the International Conference on Affective Computing and Intelligent Interaction, Memphis, TN, USA, 9–12 October 2011; Springer: Berlin/Heidelberg, Germany, 2011; pp. 35–45. [Google Scholar]

	



Gross, J.J.; Levenson, R.W. Emotion elicitation using films. Cogn. Emot. 1995, 9, 87–108. [Google Scholar] [CrossRef]

	



Bartsch, A.; Appel, M.; Storch, D. Predicting emotions and meta-emotions at the movies: The role of the need for affect in audiences’ experience of horror and drama. Commun. Res. 2010, 37, 167–190. [Google Scholar] [CrossRef]

	



Visch, V.T.; Tan, E.S.; Molenaar, D. The emotional and cognitive effect of immersion in film viewing. Cogn. Emot. 2010, 24, 1439–1445. [Google Scholar] [CrossRef]

	



Fernández-Aguilar, L.; Navarro-Bravo, B.; Ricarte, J.; Ros, L.; Latorre, J.M. How effective are films in inducing positive and negative emotional states? A meta-analysis. PLoS ONE 2019, 14, e0225040. [Google Scholar] [CrossRef]

	



Jaquet, L.; Danuser, B.; Gomez, P. Music and felt emotions: How systematic pitch level variations affect the experience of pleasantness and arousal. Psychol. Music 2014, 42, 51–70. [Google Scholar] [CrossRef]

	



Hu, P.; Cai, D.; Wang, S.; Yao, A.; Chen, Y. Learning supervised scoring ensemble for emotion recognition in the wild. In Proceedings of the 19th ACM International Conference on Multimodal Interaction, Glasgow, UK, 13–17 November 2017; pp. 553–560. [Google Scholar]

	



Ebrahimi Kahou, S.; Michalski, V.; Konda, K.; Memisevic, R.; Pal, C. Recurrent neural networks for emotion recognition in video. In Proceedings of the 2015 ACM on International Conference on Multimodal Interaction, Seattle, WA, USA, 9–13 November 2015; pp. 467–474. [Google Scholar]

	



Kahou, S.E.; Bouthillier, X.; Lamblin, P.; Gulcehre, C.; Michalski, V.; Konda, K.; Jean, S.; Froumenty, P.; Dauphin, Y.; Boulanger-Lewandowski, N.; et al. Emonets: Multimodal deep learning approaches for emotion recognition in video. J. Multimodal User Interfaces 2016, 10, 99–111. [Google Scholar] [CrossRef]

	



Kahou, S.E.; Pal, C.; Bouthillier, X.; Froumenty, P.; Gülçehre, Ç.; Memisevic, R.; Vincent, P.; Courville, A.; Bengio, Y.; Ferrari, R.C.; et al. Combining modality specific deep neural networks for emotion recognition in video. In Proceedings of the 15th ACM on International Conference on Multimodal Interaction, Sydney, Australia, 9–13 December 2013; pp. 543–550. [Google Scholar]

	



Noroozi, F.; Marjanovic, M.; Njegus, A.; Escalera, S.; Anbarjafari, G. Audio-visual emotion recognition in video clips. IEEE Trans. Affect. Comput. 2017, 10, 60–75. [Google Scholar] [CrossRef]

	



Khorrami, P.; Le Paine, T.; Brady, K.; Dagli, C.; Huang, T.S. How deep neural networks can improve emotion recognition on video data. In Proceedings of the 2016 IEEE International Conference on Image Processing (ICIP), Phoenix, AZ, USA, 25–28 September 2016; pp. 619–623. [Google Scholar]

	



Fan, Y.; Lu, X.; Li, D.; Liu, Y. Video-based emotion recognition using CNN-RNN and C3D hybrid networks. In Proceedings of the 18th ACM International Conference on Multimodal Interaction, Tokyo, Japan, 12–16 November 2016; pp. 445–450. [Google Scholar]

	



Liu, C.; Tang, T.; Lv, K.; Wang, M. Multi-feature based emotion recognition for video clips. In Proceedings of the 20th ACM International Conference on Multimodal Interaction, Boulder, CO, USA, 16–20 October 2018; pp. 630–634. [Google Scholar]

	



Sivaprasad, S.; Joshi, T.; Agrawal, R.; Pedanekar, N. Multimodal continuous prediction of emotions in movies using long short-term memory networks. In Proceedings of the 2018 ACM on International Conference on Multimedia Retrieval, Yokohama, Japan, 11–14 June 2018; pp. 413–419. [Google Scholar]

	



Liu, Y.; Gu, Z.; Zhang, Y.; Liu, Y. Mining Emotional Features of Movies. In Proceedings of the MediaEval, Hilversum, The Netherlands, 20–21 October 2016. [Google Scholar]

	



Chen, S.; Jin, Q. RUC at MediaEval 2016 Emotional Impact of Movies Task: Fusion of Multimodal Features. In Proceedings of the MediaEval, Hilversum, The Netherlands, 20–21 October 2016. [Google Scholar]

	



Yi, Y.; Wang, H. Multi-modal learning for affective content analysis in movies. Multimed. Tools Appl. 2019, 78, 13331–13350. [Google Scholar] [CrossRef]

	



Goyal, A.; Kumar, N.; Guha, T.; Narayanan, S.S. A multimodal mixture-of-experts model for dynamic emotion prediction in movies. In Proceedings of the 2016 IEEE International Conference on Acoustics, Speech and Signal Processing (ICASSP), Shanghai, China, 20–25 March 2016; pp. 2822–2826. [Google Scholar]

	



Ma, Y.; Ye, Z.; Xu, M. THU-HCSI at MediaEval 2016: Emotional Impact of Movies Task. In Proceedings of the MediaEval, Hilversum, The Netherlands, 20–21 October 2016. [Google Scholar]

	



Thi Phuong Thao, H.; Herremans, D.; Roig, G. Multimodal Deep Models for Predicting Affective Responses Evoked by Movies. In Proceedings of the IEEE International Conference on Computer Vision Workshops, Seoul, Korea, 27 October–2 November 2019. [Google Scholar]

	



Thao, H.T.P.; Balamurali, B.; Herremans, D.; Roig, G. AttendAffectNet: Self-Attention based Networks for Predicting Affective Responses from Movies. In Proceedings of the 2020 25th International Conference on Pattern Recognition (ICPR), Milan, Italy, 10–15 January 2021; pp. 8719–8726. [Google Scholar]

	



Vaswani, A.; Shazeer, N.; Parmar, N.; Uszkoreit, J.; Jones, L.; Gomez, A.N.; Kaiser, Ł.; Polosukhin, I. Attention is all you need. In Proceedings of the Advances in Neural Information Processing Systems, Long Beach, CA, USA, 4–9 December 2017; pp. 5998–6008. [Google Scholar]

	



Lian, Z.; Li, Y.; Tao, J.; Huang, J. Improving speech emotion recognition via transformer-based predictive coding through transfer learning. arXiv 2018, arXiv:1811.07691. [Google Scholar]

	



Makris, D.; Agres, K.R.; Herremans, D. Generating lead sheets with affect: A novel conditional seq2seq framework. In Proceedings of the International Joint Conference on Neural Networks (IJCNN), Online, 18–22 July 2021. [Google Scholar]

	



Girdhar, R.; Carreira, J.; Doersch, C.; Zisserman, A. Video action transformer network. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Long Beach, CA, USA, 15–20 June 2019; pp. 244–253. [Google Scholar]

	



Fu, X.; Gao, F.; Wu, J.; Wei, X.; Duan, F. Spatiotemporal Attention Networks for Wind Power Forecasting. In Proceedings of the 2019 International Conference on Data Mining Workshops (ICDMW), Beijing, China, 8–11 November 2019; pp. 149–154. [Google Scholar]

	



Russell, J.A. A circumplex model of affect. J. Personal. Soc. Psychol. 1980, 39, 1161. [Google Scholar] [CrossRef]

	



Dellandréa, E.; Huigsloot, M.; Chen, L.; Baveye, Y.; Sjöberg, M. The MediaEval 2016 Emotional Impact of Movies Task. In Proceedings of the MediaEval, Hilversum, The Netherlands, 20–21 October 2016. [Google Scholar]

	



Malandrakis, N.; Potamianos, A.; Evangelopoulos, G.; Zlatintsi, A. A supervised approach to movie emotion tracking. In Proceedings of the 2011 IEEE International Conference on Acoustics, Speech and Signal Processing (ICASSP), Prague, Czech Republic, 22–23 May 2011; pp. 2376–2379. [Google Scholar]

	



Zlatintsi, A.; Koutras, P.; Evangelopoulos, G.; Malandrakis, N.; Efthymiou, N.; Pastra, K.; Potamianos, A.; Maragos, P. COGNIMUSE: A multimodal video database annotated with saliency, events, semantics and emotion with application to summarization. EURASIP J. Image Video Process. 2017, 2017, 54. [Google Scholar] [CrossRef]

	



He, K.; Zhang, X.; Ren, S.; Sun, J. Deep residual learning for image recognition. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Las Vegas, NV, USA, 27–30 June 2016; pp. 770–778. [Google Scholar]

	



Carreira, J.; Zisserman, A. Quo vadis, action recognition? A new model and the kinetics dataset. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Honolulu, HI, USA, 21–26 July 2017; pp. 6299–6308. [Google Scholar]

	



Dosovitskiy, A.; Fischer, P.; Ilg, E.; Hausser, P.; Hazirbas, C.; Golkov, V.; Van Der Smagt, P.; Cremers, D.; Brox, T. Flownet: Learning optical flow with convolutional networks. In Proceedings of the IEEE International Conference on Computer Vision, Santiago, Chile, 7–13 December 2015; pp. 2758–2766. [Google Scholar]

	



Hershey, S.; Chaudhuri, S.; Ellis, D.P.; Gemmeke, J.F.; Jansen, A.; Moore, R.C.; Plakal, M.; Platt, D.; Saurous, R.A.; Seybold, B.; et al. CNN architectures for large-scale audio classification. In Proceedings of the 2017 IEEE International Conference on Acoustics, Speech and Signal processing (ICASSP), New Orleans, LA, USA, 5–9 March 2017; pp. 131–135. [Google Scholar]

	



Eyben, F. Real-Time Speech and Music Classification by Large Audio Feature Space Extraction; Springer: Berlin/Heidelberg, Germany, 2015. [Google Scholar]

	



Devlin, J.; Chang, M.W.; Lee, K.; Toutanova, K. Bert: Pre-training of deep bidirectional transformers for language understanding. arXiv 2018, arXiv:1810.04805. [Google Scholar]

	



Zhu, Y.; Kiros, R.; Zemel, R.; Salakhutdinov, R.; Urtasun, R.; Torralba, A.; Fidler, S. Aligning books and movies: Towards story-like visual explanations by watching movies and reading books. In Proceedings of the IEEE International Conference on Computer Vision, Santiago, Chile, 7–13 December 2015; pp. 19–27. [Google Scholar]

	



Kanade, T. Facial Expression Analysis. In Proceedings of the Second International Conference on Analysis and Modelling of Faces and Gestures, Beijing, China, 16 October 2005; Springer: Berlin/Heidelberg, Germany, 2005; p. 1. [Google Scholar] [CrossRef]

	



Cohn, J.F.; Torre, F.D.L. Automated Face Analysis for Affective Computing. In The Oxford Handbook of Affective Computing; Calvo, R.A., D’Mello, S.K., Gratch, J., Kappas, A., Eds.; Oxford University Press: Oxford, UK, 2014. [Google Scholar]

	



Sikka, K.; Sharma, G.; Bartlett, M. Lomo: Latent ordinal model for facial analysis in videos. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Las Vegas, NV, USA, 27–30 June 2016; pp. 5580–5589. [Google Scholar]

	



Fan, Y.; Lam, J.C.; Li, V.O. Multi-region ensemble convolutional neural network for facial expression recognition. In Proceedings of the International Conference on Artificial Neural Networks, Rhodes, Greece, 4–7 October 2018; Springer: Berlin/Heidelberg, Germany, 2018; pp. 84–94. [Google Scholar]

	



Valstar, M.F.; Jiang, B.; Mehu, M.; Pantic, M.; Scherer, K. The first facial expression recognition and analysis challenge. In Proceedings of the 2011 IEEE International Conference on Automatic Face & Gesture Recognition (FG), Santa Barbara, CA, USA, 21–25 March 2011; pp. 921–926. [Google Scholar]

	



Baddar, W.J.; Lee, S.; Ro, Y.M. On-the-fly facial expression prediction using lstm encoded appearance-suppressed dynamics. IEEE Trans. Affect. Comput. 2019. [Google Scholar] [CrossRef]

	



Yi, Y.; Wang, H.; Li, Q. Affective Video Content Analysis with Adaptive Fusion Recurrent Network. IEEE Trans. Multimed. 2019, 22, 2454–2466. [Google Scholar] [CrossRef]

	



Osgood, C.E.; May, W.H.; Miron, M.S.; Miron, M.S. Cross-Cultural Universals of Affective Meaning; University of Illinois Press: Urbana, IL, USA, 1975; Volume 1. [Google Scholar]

	



Lang, P.J. Cognition in emotion: Concept and action. Emot. Cogn. Behav. 1984, 191, 228. [Google Scholar]

	



Ekman, P. Basic emotions. Handb. Cogn. Emot. 1999, 98, 16. [Google Scholar]

	



Colombetti, G. From affect programs to dynamical discrete emotions. Philos. Psychol. 2009, 22, 407–425. [Google Scholar] [CrossRef]

	



Ekman, P.; Sorenson, E.R.; Friesen, W.V. Pan-cultural elements in facial displays of emotion. Science 1969, 164, 86–88. [Google Scholar] [CrossRef]

	



Cowen, A.S.; Keltner, D. Self-report captures 27 distinct categories of emotion bridged by continuous gradients. Proc. Natl. Acad. Sci. USA 2017, 114, E7900–E7909. [Google Scholar] [CrossRef]

	



Zentner, M.; Grandjean, D.; Scherer, K.R. Emotions evoked by the sound of music: Characterization, classification, and measurement. Emotion 2008, 8, 494. [Google Scholar] [CrossRef] [PubMed]

	



Bradley, M.M.; Greenwald, M.K.; Petry, M.C.; Lang, P.J. Remembering pictures: Pleasure and arousal in memory. J. Exp. Psychol. Learn. Mem. Cogn. 1992, 18, 379. [Google Scholar] [CrossRef]

	



Watson, D.; Tellegen, A. Toward a consensual structure of mood. Psychol. Bull. 1985, 98, 219. [Google Scholar] [CrossRef]

	



Watson, D.; Wiese, D.; Vaidya, J.; Tellegen, A. The two general activation systems of affect: Structural findings, evolutionary considerations, and psychobiological evidence. J. Personal. Soc. Psychol. 1999, 76, 820. [Google Scholar] [CrossRef]

	



Feldman Barrett, L.; Russell, J.A. Independence and bipolarity in the structure of current affect. J. Personal. Soc. Psychol. 1998, 74, 967. [Google Scholar] [CrossRef]

	



Greenwald, M.K.; Cook, E.W.; Lang, P.J. Affective judgment and psychophysiological response: Dimensional covariation in the evaluation of pictorial stimuli. J. Psychophysiol. 1989, 3, 51–64. [Google Scholar]

	



Hanjalic, A.; Xu, L.Q. Affective video content representation and modeling. IEEE Trans. Multimed. 2005, 7, 143–154. [Google Scholar] [CrossRef]

	



Hanjalic, A. Extracting moods from pictures and sounds: Towards truly personalized TV. IEEE Signal Process. Mag. 2006, 23, 90–100. [Google Scholar] [CrossRef]

	



Baveye, Y.; Dellandrea, E.; Chamaret, C.; Chen, L. Liris-accede: A video database for affective content analysis. IEEE Trans. Affect. Comput. 2015, 6, 43–55. [Google Scholar] [CrossRef]

	



Cheuk, K.W.; Luo, Y.J.; Balamurali, B.; Roig, G.; Herremans, D. Regression-based music emotion prediction using triplet neural networks. In Proceedings of the 2020 International Joint Conference on Neural Networks (IJCNN), Glasgow, UK, 19–24 July 2020; pp. 1–7. [Google Scholar]

	



Herremans, D.; Yang, S.; Chuan, C.H.; Barthet, M.; Chew, E. Imma-emo: A multimodal interface for visualising score-and audio-synchronised emotion annotations. In Proceedings of the 12th International Audio Mostly Conference on Augmented and Participatory Sound and Music Experiences, London, UK, 23–26 August 2017; pp. 1–8. [Google Scholar]

	



Carvalho, S.; Leite, J.; Galdo-Álvarez, S.; Gonçalves, Ó.F. The emotional movie database (EMDB): A self-report and psychophysiological study. Appl. Psychophysiol. Biofeedback 2012, 37, 279–294. [Google Scholar] [CrossRef] [PubMed]

	



Correa, J.A.M.; Abadi, M.K.; Sebe, N.; Patras, I. Amigos: A dataset for affect, personality and mood research on individuals and groups. IEEE Trans. Affect. Comput. 2018, 12, 479–493. [Google Scholar] [CrossRef]

	



Snoek, C.G.; Worring, M.; Smeulders, A.W. Early versus late fusion in semantic video analysis. In Proceedings of the 13th Annual ACM International Conference on Multimedia, Singapore, 6–11 November 2005; pp. 399–402. [Google Scholar]

	



Zheng, Z.; Cao, C.; Chen, X.; Xu, G. Multimodal Emotion Recognition for One-Minute-Gradual Emotion Challenge. arXiv 2018, arXiv:1805.01060. [Google Scholar]

	



Simonyan, K.; Zisserman, A. Very deep convolutional networks for large-scale image recognition. arXiv 2014, arXiv:1409.1556. [Google Scholar]

	



Carrier, P.L.; Courville, A.; Goodfellow, I.J.; Mirza, M.; Bengio, Y. FER-2013 Face Database; Universit de Montral: Montréal, QC, Canada, 2013. [Google Scholar]

	



Guo, X.; Zhong, W.; Ye, L.; Fang, L.; Heng, Y.; Zhang, Q. Global Affective Video Content Regression Based on Complementary Audio-Visual Features. In Proceedings of the International Conference on Multimedia Modeling, Daejeon, Korea, 5–8 January 2020; Springer: Berlin/Heidelberg, Germany, 2020; pp. 540–550. [Google Scholar]

	



Baveye, Y.; Dellandréa, E.; Chamaret, C.; Chen, L. Deep learning vs. kernel methods: Performance for emotion prediction in videos. In Proceedings of the 2015 International Conference on Affective Computing and Intelligent Interaction (ACII), Xi’an, China, 21–24 September 2015; pp. 77–83. [Google Scholar]

	



Horn, B.K.; Schunck, B.G. Determining optical flow. In Techniques and Applications of Image Understanding; International Society for Optics and Photonics: Washington, DC, USA, 1981; Volume 281, pp. 319–331. [Google Scholar]

	



Simonyan, K.; Zisserman, A. Two-stream convolutional networks for action recognition in videos. In Proceedings of the Advances in Neural Information Processing Systems, Montreal, QC, USA, 8–13 December 2014; pp. 568–576. [Google Scholar]

	



Liu, L.; Shao, L.; Li, X.; Lu, K. Learning spatio-temporal representations for action recognition: A genetic programming approach. IEEE Trans. Cybern. 2015, 46, 158–170. [Google Scholar] [CrossRef]

	



Wang, J.; Cherian, A.; Porikli, F. Ordered pooling of optical flow sequences for action recognition. In Proceedings of the 2017 IEEE Winter Conference on Applications of Computer Vision (WACV), Santa Rosa, CA, USA, 24–31 March 2017; pp. 168–176. [Google Scholar]

	



Mase, K. Recognition of facial expression from optical flow. IEICE Trans. Inf. Syst. 1991, 74, 3474–3483. [Google Scholar]

	



Tariq, U.; Lin, K.H.; Li, Z.; Zhou, X.; Wang, Z.; Le, V.; Huang, T.S.; Lv, X.; Han, T.X. Emotion recognition from an ensemble of features. In Proceedings of the Face and Gesture 2011, Santa Barbara, CA, USA, 21–25 March 2011; pp. 872–877. [Google Scholar]

	



Anderson, K.; McOwan, P.W. A real-time automated system for the recognition of human facial expressions. IEEE Trans. Syst. Man Cybern. Part B Cybern. 2006, 36, 96–105. [Google Scholar] [CrossRef]

	



Ji, S.; Xu, W.; Yang, M.; Yu, K. 3D convolutional neural networks for human action recognition. IEEE Trans. Pattern Anal. Mach. Intell. 2012, 35, 221–231. [Google Scholar] [CrossRef]

	



Tran, D.; Bourdev, L.; Fergus, R.; Torresani, L.; Paluri, M. Learning spatiotemporal features with 3d convolutional networks. In Proceedings of the IEEE International Conference on Computer Vision, Santiago, Chile, 7–13 December 2015; pp. 4489–4497. [Google Scholar]

	



Taylor, G.W.; Fergus, R.; LeCun, Y.; Bregler, C. Convolutional learning of spatio-temporal features. In Proceedings of the European Conference on Computer Vision, Crete, Greece, 5–11 September 2010; Springer: Berlin/Heidelberg, Germany, 2010; pp. 140–153. [Google Scholar]

	



Wang, L.; Xiong, Y.; Wang, Z.; Qiao, Y. Towards good practices for very deep two-stream convnets. arXiv 2015, arXiv:1507.02159. [Google Scholar]

	



Gu, C.; Sun, C.; Ross, D.A.; Vondrick, C.; Pantofaru, C.; Li, Y.; Vijayanarasimhan, S.; Toderici, G.; Ricco, S.; Sukthankar, R.; et al. Ava: A video dataset of spatio-temporally localized atomic visual actions. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Salt Lake City, UT, USA, 18–23 June 2018; pp. 6047–6056. [Google Scholar]

	



Meyer, B.L. Emotion and Meaning in Music. J. Music. Theory 2008, 16. [Google Scholar] [CrossRef]

	



Panksepp, J.; Bernatzky, G. Emotional sounds and the brain: The neuro-affective foundations of musical appreciation. Behav. Process. 2002, 60, 133–155. [Google Scholar] [CrossRef]

	



Doughty, K.; Duffy, M.; Harada, T. Practices of Emotional and Affective Geographies of Sound; University of Wollongong: Wollongong, Australia, 2016. [Google Scholar]

	



Herremans, D.; Chew, E. Tension ribbons: Quantifying and visualising tonal tension. In Proceedings of the Second International Conference on Technologies for Music Notation and Representation (TENOR), Cambridge, UK, 27–29 May 2016. [Google Scholar]

	



Kalyan, C.; Kim, M.Y. Detecting Emotional Scenes Using Semantic Analysis on Subtitles; Academic Press: Cambridge, MA, USA, 2009. [Google Scholar]

	



Aytar, Y.; Vondrick, C.; Torralba, A. Soundnet: Learning sound representations from unlabeled video. In Proceedings of the Advances in Neural Information Processing Systems, Barcelona, Spain, 5–10 December 2016; pp. 892–900. [Google Scholar]

	



Mathieu, B.; Essid, S.; Fillon, T.; Prado, J.; Richard, G. YAAFE, an Easy to Use and Efficient Audio Feature Extraction Software. In Proceedings of the 11th International Society for Music Information Retrieval Conference (ISMIR), Utrecht, The Netherlands, 9–13 August 2010; pp. 441–446. [Google Scholar]

	



Jiang, W.; Wang, Z.; Jin, J.S.; Han, X.; Li, C. Speech Emotion Recognition with Heterogeneous Feature Unification of Deep Neural Network. Sensors 2019, 19, 2730. [Google Scholar] [CrossRef] [PubMed]

	



Poria, S.; Cambria, E.; Bajpai, R.; Hussain, A. A review of affective computing: From unimodal analysis to multimodal fusion. Inf. Fusion 2017, 37, 98–125. [Google Scholar] [CrossRef]

	



Xu, M.; Chia, L.T.; Yi, H.; Rajan, D. Affective content detection in sitcom using subtitle and audio. In Proceedings of the 2006 12th International Multi-Media Modelling Conference, Beijing, China, 4–6 January 2006. [Google Scholar]

	



Soleymani, M.; Kierkels, J.J.; Chanel, G.; Pun, T. A bayesian framework for video affective representation. In Proceedings of the 2009 3rd International Conference on Affective Computing and Intelligent Interaction and Workshops, Amsterdam, The Netherlands, 10–12 September 2009; pp. 1–7. [Google Scholar]

	



Polyanskaya, L. Multimodal Emotion Recognition for Video Content. Master’s Thesis, Utrecht University, Utrecht, The Netherlands, 2019. [Google Scholar]

	



Kayhani, A.K.; Meziane, F.; Chiky, R. Movies emotional analysis using textual contents. In Proceedings of the International Conference on Applications of Natural Language to Information Systems, Saarbrucken, Germany, 23–25 June 2020; Springer: Berlin/Heidelberg, Germany, 2020; pp. 205–212. [Google Scholar]

	



Hinton, G.E. Learning distributed representations of concepts. In Proceedings of the Eighth Annual Conference of the Cognitive Science Society, Amherst, MA, USA, 15–17 August 1986; Volume 1, p. 12. [Google Scholar]

	



Turian, J.; Ratinov, L.; Bengio, Y. Word representations: A simple and general method for semi-supervised learning. In Proceedings of the 48th Annual Meeting of the Association for Computational Linguistics, Uppsala, Sweden, 11–16 July 2010; pp. 384–394. [Google Scholar]

	



Li, Y.; Yang, T. Word embedding for understanding natural language: A survey. In Guide to Big Data Applications; Springer: Berlin/Heidelberg, Germany, 2018; pp. 83–104. [Google Scholar]

	



Thada, V.; Singh, J. A Primer on Word Embedding. Data Intell. Cogn. Inform. 2021, 525–541. [Google Scholar]

	



Chowdhury, H.A.; Imon, M.A.H.; Islam, M.S. A comparative analysis of word embedding representations in authorship attribution of bengali literature. In Proceedings of the 2018 21st International Conference of Computer and Information Technology (ICCIT), Dhaka, Bangladesh, 21–23 December 2018; pp. 1–6. [Google Scholar]

	



Rajaraman, A.; Ullman, J.D. Mining of Massive Datasets; Cambridge University Press: Cambridge, MA, USA, 2011. [Google Scholar]

	



Mikolov, T.; Chen, K.; Corrado, G.; Dean, J. Efficient estimation of word representations in vector space. arXiv 2013, arXiv:1301.3781. [Google Scholar]

	



Mikolov, T.; Sutskever, I.; Chen, K.; Corrado, G.; Dean, J. Distributed representations of words and phrases and their compositionality. arXiv 2013, arXiv:1310.4546. [Google Scholar]

	



Pennington, J.; Socher, R.; Manning, C.D. Glove: Global vectors for word representation. In Proceedings of the 2014 Conference on Empirical Methods in Natural Language Processing (EMNLP), Doha, Qatar, 25–29 October 2014; pp. 1532–1543. [Google Scholar]

	



Bojanowski, P.; Grave, E.; Joulin, A.; Mikolov, T. Enriching word vectors with subword information. Trans. Assoc. Comput. Linguist. 2017, 5, 135–146. [Google Scholar] [CrossRef]

	



Severyn, A.; Moschitti, A. Twitter sentiment analysis with deep convolutional neural networks. In Proceedings of the 38th International ACM SIGIR Conference on Research and Development in Information Retrieval, Santiago, Chile, 9–13 August 2015; pp. 959–962. [Google Scholar]

	



Kim, Y. Convolutional neural networks for sentence classification. arXiv 2014, arXiv:1408.5882. [Google Scholar]

	



Wang, L. Support Vector Machines: Theory and Applications; Springer Science & Business Media: New York, NY, USA, 2005; Volume 177. [Google Scholar]

	



Lilleberg, J.; Zhu, Y.; Zhang, Y. Support vector machines and word2vec for text classification with semantic features. In Proceedings of the 2015 IEEE 14th International Conference on Cognitive Informatics & Cognitive Computing (ICCI* CC), Beijing, China, 6–8 July 2015; pp. 136–140. [Google Scholar]

	



Iyyer, M.; Boyd-Graber, J.; Claudino, L.; Socher, R.; Daumé III, H. A neural network for factoid question answering over paragraphs. In Proceedings of the 2014 Conference on Empirical Methods in Natural Language Processing (EMNLP), Doha, Qatar, 25–29 October 2014; pp. 633–644. [Google Scholar]

	



Budhkar, A.; Vishnubhotla, K.; Hossain, S.; Rudzicz, F. Generative Adversarial Networks for text using word2vec intermediaries. arXiv 2019, arXiv:1904.02293. [Google Scholar]

	



Dai, A.M.; Le, Q.V. Semi-supervised sequence learning. In Proceedings of the Advances in Neural Information Processing Systems, Montreal, QC, Canada, 7–12 December 2015; pp. 3079–3087. [Google Scholar]

	



Radford, A.; Narasimhan, K.; Salimans, T.; Sutskever, I. Improving Language Understanding with Unsupervised Learning; Technical Report; OpenAI: San Francisco, CA, USA, 2018. [Google Scholar]

	



Peters, M.E.; Neumann, M.; Iyyer, M.; Gardner, M.; Clark, C.; Lee, K.; Zettlemoyer, L. Deep contextualized word representations. arXiv 2018, arXiv:1802.05365. [Google Scholar]

	



Howard, J.; Ruder, S. Universal language model fine-tuning for text classification. arXiv 2018, arXiv:1801.06146. [Google Scholar]

	



Xu, H.; Liu, B.; Shu, L.; Yu, P.S. BERT post-training for review reading comprehension and aspect-based sentiment analysis. arXiv 2019, arXiv:1904.02232. [Google Scholar]

	



Sun, C.; Huang, L.; Qiu, X. Utilizing BERT for aspect-based sentiment analysis via constructing auxiliary sentence. arXiv 2019, arXiv:1903.09588. [Google Scholar]

	



Gao, Z.; Feng, A.; Song, X.; Wu, X. Target-dependent sentiment classification with BERT. IEEE Access 2019, 7, 154290–154299. [Google Scholar] [CrossRef]

	



Poria, S.; Cambria, E.; Hussain, A.; Huang, G.B. Towards an intelligent framework for multimodal affective data analysis. Neural Netw. 2015, 63, 104–116. [Google Scholar] [CrossRef]

	



Yu, Z.; Yu, J.; Fan, J.; Tao, D. Multi-modal factorized bilinear pooling with co-attention learning for visual question answering. In Proceedings of the IEEE International Conference on Computer Vision, Venice, Italy, 22–29 October 2017; pp. 1821–1830. [Google Scholar]

	



Peng, Y.; Qi, J.; Huang, X.; Yuan, Y. CCL: Cross-modal correlation learning with multigrained fusion by hierarchical network. IEEE Trans. Multimed. 2017, 20, 405–420. [Google Scholar] [CrossRef]

	



Levi, G.; Hassner, T. Emotion recognition in the wild via convolutional neural networks and mapped binary patterns. In Proceedings of the 2015 ACM on International Conference on Multimodal Interaction, Seattle, WA, USA, 9–13 November 2015; pp. 503–510. [Google Scholar]

	



Kaya, H.; Gürpınar, F.; Salah, A.A. Video-based emotion recognition in the wild using deep transfer learning and score fusion. Image Vis. Comput. 2017, 65, 66–75. [Google Scholar] [CrossRef]

	



Wang, Y. Survey on deep multi-modal data analytics: Collaboration, rivalry, and fusion. ACM Trans. Multimed. Comput. Commun. Appl. (TOMM) 2021, 17, 1–25. [Google Scholar] [CrossRef]

	



Wang, Y.; Zhang, W.; Wu, L.; Lin, X.; Fang, M.; Pan, S. Iterative views agreement: An iterative low-rank based structured optimization method to multi-view spectral clustering. arXiv 2016, arXiv:1608.05560. [Google Scholar]

	



Wang, Y.; Zhang, W.; Wu, L.; Lin, X.; Zhao, X. Unsupervised metric fusion over multiview data by graph random walk-based cross-view diffusion. IEEE Trans. Neural Netw. Learn. Syst. 2015, 28, 57–70. [Google Scholar] [CrossRef] [PubMed]

	



Witten, I.H.; Frank, E. Data mining: Practical machine learning tools and techniques with Java implementations. ACM Sigmod Rec. 2002, 31, 76–77. [Google Scholar] [CrossRef]

	



Tang, G.; Müller, M.; Rios, A.; Sennrich, R. Why self-attention? A targeted evaluation of neural machine translation architectures. arXiv 2018, arXiv:1808.08946. [Google Scholar]

	



Krizhevsky, A.; Sutskever, I.; Hinton, G.E. Imagenet classification with deep convolutional neural networks. In Proceedings of the Advances in Neural Information Processing Systems, Lake Tahoe, NV, USA, 3–8 December 2012; pp. 1097–1105. [Google Scholar]

	



Ioffe, S.; Szegedy, C. Batch normalization: Accelerating deep network training by reducing internal covariate shift. arXiv 2015, arXiv:1502.03167. [Google Scholar]

	



Kay, W.; Carreira, J.; Simonyan, K.; Zhang, B.; Hillier, C.; Vijayanarasimhan, S.; Viola, F.; Green, T.; Back, T.; Natsev, P.; et al. The kinetics human action video dataset. arXiv 2017, arXiv:1705.06950. [Google Scholar]

	



Gemmeke, J.F.; Ellis, D.P.; Freedman, D.; Jansen, A.; Lawrence, W.; Moore, R.C.; Plakal, M.; Ritter, M. Audio set: An ontology and human-labeled dataset for audio events. In Proceedings of the 2017 IEEE International Conference on Acoustics, Speech and Signal Processing (ICASSP), New Orleans, LA, USA, 5–9 March 2017; pp. 776–780. [Google Scholar]

	



Eyben, F.; Weninger, F.; Wöllmer, M.; Shuller, B. Open-Source Media Interpretation by Large Feature-Space Extraction; TU Munchen, MMK: Munchen, Germany, 2016. [Google Scholar]

	



Schuller, B.; Steidl, S.; Batliner, A.; Burkhardt, F.; Devillers, L.; Müller, C.; Narayanan, S.S. The Interspeech 2010 paralinguistic challenge. In Proceedings of the Eleventh Annual Conference of the International Speech Communication Association, Chiba, Japan, 26–30 September 2010. [Google Scholar]

	



Bahdanau, D.; Cho, K.; Bengio, Y. Neural machine translation by jointly learning to align and translate. arXiv 2014, arXiv:1409.0473. [Google Scholar]

	



Cho, K.; Van Merriënboer, B.; Gulcehre, C.; Bahdanau, D.; Bougares, F.; Schwenk, H.; Bengio, Y. Learning phrase representations using RNN encoder–decoder for statistical machine translation. arXiv 2014, arXiv:1406.1078. [Google Scholar]

	



Sutskever, I.; Vinyals, O.; Le, Q.V. Sequence to sequence learning with neural networks. In Proceedings of the Advances in Neural Information Processing Systems, Montreal, QC, Canada, 8–13 December 2014; pp. 3104–3112. [Google Scholar]

	



Ba, J.L.; Kiros, J.R.; Hinton, G.E. Layer normalization. arXiv 2016, arXiv:1607.06450. [Google Scholar]

	



Savitzky, A.; Golay, M.J. Smoothing and differentiation of data by simplified least squares procedures. Anal. Chem. 1964, 36, 1627–1639. [Google Scholar] [CrossRef]








[image: Sensors 21 08356 g001 550] 





Figure 1. Overview of the proposed AttendAffectNet (ANN). Feature vectors are extracted from video, audio, and movie subtitles. We reduce their dimensionality before feeding them to the self-attention based models, which predict the affective responses of movie viewers. 
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Figure 2. Our proposed Feature AttendAffectNet. For dimension reduction, the set of feature vectors  V  is fed to fully connected layers with eight neurons each (so as to obtain a set of dimension-reduced feature vectors   V ^  ) before being passed through N identical layers (each layer includes a multi-head self-attention accompanied with a feed-forward layer). The output of such stack is a set of encoded feature vectors Ṽ, which are then fed to an average pooling layer, dropout, and a fully connected layer (consisting of one neuron) to obtain the predicted arousal/valence values. 






Figure 2. Our proposed Feature AttendAffectNet. For dimension reduction, the set of feature vectors  V  is fed to fully connected layers with eight neurons each (so as to obtain a set of dimension-reduced feature vectors   V ^  ) before being passed through N identical layers (each layer includes a multi-head self-attention accompanied with a feed-forward layer). The output of such stack is a set of encoded feature vectors Ṽ, which are then fed to an average pooling layer, dropout, and a fully connected layer (consisting of one neuron) to obtain the predicted arousal/valence values.
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Figure 3. Our proposed Temporal AttendAffectNet: Feature vectors extracted from each movie part are passed to fully connected layers for dimension reduction before being combined together to create a representation vector (for each movie part). A positional encoding vector is added to this representation vector, which is then passed to N identical layers (each of them includes a mask multi-head attention, a multi-head attention accompanied with a feed-forward layer) followed by dropout and a fully connected layer consisting of only one neuron. We also add the positional encoding vectors to the previous outputs before using them as an additional input to the model to predict the subsequent output. 
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Figure 4. Our proposed Mixed AttendAffectNet: Feature vectors extracted from each movie part are first fed to fully connected layers for dimension reduction before being passed to N identical layers. Each of them includes a muli-head attention followed by a feed-forward layer. We apply average pooling to the outputs of those identical layers to obtain representation vectors corresponding to movie parts. We add positional encodings to these representation vectors, which are then fed to another set of N identical layers. These layers are similar to the previous ones, except that each of them includes one more layer called masked multi-head attention. This set of N identical layers is followed by dropout, and a fully connected layer. The previous outputs together with their corresponding positional encodings are used as the additional input to this model. 
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Figure 5. Both the ground truth and the predicted outputs of the Feature AAN model for the “Shakespeare in Love” movie clip are visualized: (a) for arousal and (b) for valence. Each time segment in the graphs corresponds to 5 s, which is also the length of each movie part. 






Figure 5. Both the ground truth and the predicted outputs of the Feature AAN model for the “Shakespeare in Love” movie clip are visualized: (a) for arousal and (b) for valence. Each time segment in the graphs corresponds to 5 s, which is also the length of each movie part.



[image: Sensors 21 08356 g005]







[image: Sensors 21 08356 g006 550] 





Figure 6. Both the ground truth and the predicted outputs of the Feature AAN model for the “Ratatouille” movie clip are visualized: (a) for arousal and (b) for valence. Each time segment in the graphs corresponds to 5 s, which is also the duration of each movie part. 
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Table 1. The performance of the proposed models using only visual features.






Table 1. The performance of the proposed models using only visual features.





	
Models (Only Video)

	
Extended COGNIMUSE

(Intended Emotion)

	
Global EIMT16

(Expected Emotion)




	
Arousal

	
Valence

	
Arousal

	
Valence




	
MSE

	
PCC

	
MSE

	
PCC

	
MSE

	
PCC

	
MSE

	
PCC






	
Feature AAN

	
0.152

	
0.518

	
0.204

	
0.483

	
0.933

	
0.350

	
0.764

	
0.342




	
Temporal AAN

	
0.178

	
0.457

	
0.267

	
0.232

	
1.182

	
0.151

	
0.256

	
0.190




	
Mixed AAN

	
0.225

	
0.199

	
0.269

	
0.151

	
1.653

	
0.152

	
0.234

	
0.146




	
2FC-layer model

	
0.349

	
0.189

	
0.333

	
0.171

	
1.501

	
0.338

	
0.428

	
0.233




	
2-layer LSTM model

	
0.323

	
0.054

	
0.338

	
0.088

	
3.442

	
0.053

	
0.503

	
0.037
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Table 2. The performance of the proposed models using only audio features.
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Models (Only Audio)

	
Extended COGNIMUSE

(Intended Emotion)

	
Global EIMT16

(Expected Emotion)




	
Arousal

	
Valence

	
Arousal

	
Valence




	
MSE

	
PCC

	
MSE

	
PCC

	
MSE

	
PCC

	
MSE

	
PCC






	
Feature AAN

	
0.125

	
0.621

	
0.185

	
0.543

	
1.111

	
0.397

	
0.209

	
0.327




	
Temporal AAN

	
0.162

	
0.472

	
0.247

	
0.254

	
1.159

	
0.185

	
0.225

	
0.285




	
Mixed AAN

	
0.219

	
0.204

	
0.269

	
0.160

	
1.650

	
0.290

	
0.235

	
0.314




	
2FC-layer model

	
0.299

	
0.203

	
0.299

	
0.173

	
1.533

	
0.395

	
0.368

	
0.318




	
2-layer LSTM model

	
0.266

	
0.091

	
0.310

	
0.080

	
2.311

	
0.262

	
0.348

	
0.210
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Table 3. The performance of the proposed models using only text features.
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Models (Only Subtitle)

	
Extended COGNIMUSE

(Intended Emotion)




	
Arousal

	
Valence




	
MSE

	
PCC

	
MSE

	
PCC






	
Feature AAN

	
0.175

	
0.380

	
0.237

	
0.320




	
Temporal AAN

	
0.183

	
0.346

	
0.249

	
0.312




	
Mixed AAN

	
0.218

	
0.147

	
0.286

	
0.173




	
2FC-layer model

	
0.344

	
0.171

	
0.345

	
0.210




	
2-layer LSTM model

	
0.325

	
0.058

	
0.388

	
0.053








Movie subtitles are not available in the Global EIMT16 dataset.
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Table 4. The performance of our models using both visual and audio features. FS denotes feature selection.
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Models (Video and Audio)

	
Extended COGNIMUSE

(Intended Emotion)

	
Global EIMT16

(Expected Emotion)




	
Arousal

	
Valence

	
Arousal

	
Valence




	
MSE

	
PCC

	
MSE

	
PCC

	
MSE

	
PCC

	
MSE

	
PCC






	
Feature AAN

	
0.124

	
0.630

	
0.178

	
0.572

	
0.742

	
0.503

	
0.185

	
0.467




	
Temporal AAN

	
0.153

	
0.551

	
0.238

	
0.319

	
0.854

	
0.210

	
0.218

	
0.415




	
Mixed AAN

	
0.217

	
0.251

	
0.285

	
0.270

	
1.556

	
0.318

	
0.234

	
0.341




	
2FC-layer model

	
0.293

	
0.228

	
0.284

	
0.217

	
0.989

	
0.500

	
0.276

	
0.372




	
2-layer LSTM model

	
0.247

	
0.083

	
0.301

	
0.092

	
2.222

	
0.254

	
0.303

	
0.208




	
Sivaprasad et al. [15]

	

	

	

	

	

	

	

	




	
(audio and video, FS)

	
0.08

	
0.84

	
0.21

	
0.50

	
-

	
-

	
-

	
-




	
Yi et al. [18]

	
-

	
-

	
-

	
-

	
1.173

	
0.446

	
0.198

	
0.399




	
Chen et al. [17]

	
-

	
-

	
-

	
-

	
1.479

	
0.467

	
0.201

	
0.419




	
Liu et al. [16]

	
-

	
-

	
-

	
-

	
1.182

	
0.212

	
0.236

	
0.379




	
Guo et al. [69]

	
-

	
-

	
-

	
-

	
0.543

	
0.459

	
0.209

	
0.326




	
Yi et al. [45]

	
-

	
-

	
-

	
-

	
0.542

	
0.522

	
0.193

	
0.468
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Table 5. The performance of our models using visual, audio, and text features.
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Models (Video, Audio, and Subtitle)

	
Extended COGNIMUSE

(Intended Emotion)




	
Arousal

	
Valence




	
MSE

	
PCC

	
MSE

	
PCC






	
Feature AAN

	
0.117

	
0.655

	
0.170

	
0.575




	
Temporal AAN

	
0.149

	
0.560

	
0.226

	
0.387




	
Mixed AAN

	
0.198

	
0.310

	
0.267

	
0.275




	
2FC-layer model

	
0.289

	
0.229

	
0.283

	
0.227




	
2-layer LSTM model

	
0.223

	
0.080

	
0.277

	
0.119








Movie subtitles are not available in the Global EIMT16 dataset.
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Table 6. Predicting arousal and valence directly (without using Malandrakis’ approach): model including only fully connected (FC) layers.
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Model Including Only FC Layers

	
Extended COGNIMUSE

(Intended Emotion)

	
Global EIMT16

(Expected Emotion)




	
Arousal

	
Valence

	
Arousal

	
Valence




	
MSE

	
PCC

	
MSE

	
PCC

	
MSE

	
PCC

	
MSE

	
PCC






	
Only Video

	
0.186

	
0.426

	
0.247

	
0.372

	
0.999

	
0.308

	
0.477

	
0.207




	
Only Audio

	
0.163

	
0.489

	
0.235

	
0.461

	
0.896

	
0.344

	
0.219

	
0.246




	
Both Video and Audio

	
0.162

	
0.503

	
0.210

	
0.498

	
0.757

	
0.478

	
0.199

	
0.418




	
Only Text

	
0.184

	
0.391

	
0.249

	
0.367

	
-

	
-

	
-

	
-




	
Video, Audio and Text

	
0.154

	
0.574

	
0.183

	
0.560

	
-

	
-

	
-

	
-
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Table 7. Predicting arousal and valence directly: The performance of the two-layer LSTM structure.
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Model with 2-Layer LSTM

	
Extended COGNIMUSE

(Intended Emotion)

	
Global EIMT16

(Expected Emotion)




	
Arousal

	
Valence

	
Arousal

	
Valence




	
MSE

	
PCC

	
MSE

	
PCC

	
MSE

	
PCC

	
MSE

	
PC






	
Only Video

	
0.193

	
0.255

	
0.277

	
0.398

	
1.431

	
0.343

	
0.232

	
0.179




	
Only Audio

	
0.167

	
0.483

	
0.241

	
0.422

	
1.413

	
0.340

	
0.231

	
0.289




	
Both Video and Audio

	
0.231

	
0.531

	
0.285

	
0.492

	
1.354

	
0.420

	
0.228

	
0.322




	
Only Text

	
0.197

	
0.220

	
0.263

	
0.210

	
-

	
-

	
-

	
-




	
Video, Audio and Text

	
0.152

	
0.554

	
0.253

	
0.542

	
-

	
-

	
-

	
-
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