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e Recognizing emotions 1s an ambiguous process with high
dependence on the contextual information both on the ut-
terance and dialog level.

e State-of-the-art approaches exploit whole dialog knowl-
edge and have difficulties capturing temporal dependen-
cies over long horizons.

e Accurate real time emotion recognition 1s paramount 1m-
portance for early identification of cyberbullying and sui-
cidal ideation in Online Social Networks (OSNs).

Dataset

e We utilize a well-known benchmark for emotion recogni-
tion, namely the IEMOCAP dataset.

e The dataset has been collected by emulating conversa-
tions 1n a controlled environment 1n order to study ex-
pressive human behaviors.

e The conversations have been performed by ten unique
speakers over five dyadic sessions 1n both a scripted but
also an improvisation manner with various audio-visual
modalities being recorded.

e Each utterance 1n the dataset i1s labeled by three human
annotators using categorical labels; these include angry,
sad, happy, frustrated, excited, neutral as well as other
categories which we omit 1n this study.

e The available annotation has been performed by three an-
notators who assess the emotional states of the speakers
taking into consideration dialog context.

e We only utilize the textual modality (prevalent form in
OSNs) and the label information derived by performing
majority voting.

e The dataset contains 151 conversations with a total num-

ber of 10,039 utterances. However, only 7,380 utterances
contain the six types of emotions we retain in this study.
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Experimental Evaluation
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