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Problem Statement
Given a textual dialogue i.e. a user utterance along with two turns of 
context, classify the emotion of user utterance as one of the 

emotion classes: Happy, Sad, Angry or Others. 

(This is a shared task in ACL 2019 called EmoContext, 

https://competitions.codalab.org/competitions/19790)

Fig – DeepMoji. Felbo et. al (2017) 



Our Contributions

⚫ A novel CNN+LSTM Architecture used for 
sentiment analysis.

⚫ A novel Data Augmentation technique that has 
not been used in augmenting Text data. It results 
in our best performing mode. 



Dataset Description

15k Annotated Dialogues

15k Un-annotated Dialogues

Each dialogues has 3 utterances

Middle Utterance is annotated with – Happy, Sad, Angry, 
Others

Presence of colloquial abbreviations and Emojis



Dataset Snapshot

ID Turn 1 Turn 2 Turn 3 Label

331 Leave 
whom???

leave what? Noooooo I'm 
feeling 
veryyyyyyyyyy
yyyyyy alone
😢😢�

sad

Our task is to detect the emotion of Turn 3, given the context 
window of Turn 1 and Turn 2



Approaches - I 
Naïve Approach - Use simple word vectors (Word2vec or 
GloVe) to get embeddings of words. Apply simple statistical 
classification methods to classify emotions. 

◆ Word Embeddings of more than half the words couldn’t be 
made (As Word2vec is trained on Google News Data, with 
almost no spelling errors)

◆ Cannot handle abbreviations – “have” is written as “hv”. “very” 
is written as “veryyyyyyyyyyyyyyyy”

◆ Emojis cannot be handled
◆ If text is normalised, the semantic context is lost.



Approaches - II 
Using DeepMoji - Use DeepMoji [Felbo et. al (2017)] to 
obtain 2304 dimension embedding of each sentence, which 
incorporates emojis and captures the semantic meanings. 
Feed this embeddings to a vanilla CNN for the classification 
task. 



Approaches - III (Slight Detour)

Using ELMo- Form Embeddings for all utterings in a 
conversation in the following manner - 
⚫     The 2-D word level embeddings are concatenated.
⚫     1-D convolution is used on top of them.
⚫     Every filter of the convolution is then ordered and sent to the LSTM. 
⚫     The output of the LSTM is what we consider as the embedding of the one of the sentences of 

the whole utterance.
⚫     Finally, for all three sentence embeddings, we concatenate them to create the embedding of the 

overall utterance.
⚫     This overall utterance is then sent to the other higher layers, the different variations of which 

we present in the subsequent sections.

These utterance embeddings are sent to a CNN + LSTM 



Approaches - III (Architecture) 



Approach - IV (DeepMoji + Data Augmentation+ 
Vocab Boost) - BEST MODEL

⚫ Augmentation Techniques -
⚫ Word Switch
⚫ Word Removal

Our final experiment involved DeepMoji with an increased vocabulary 
size of 3000 along with an augmented Training Dataset.  This had a 
two-fold advantage:

•DeepMoji  has  extremely  lower  VC  dimension as compared to 
ELMo, and thus, a very lower chance of overfitting.

•Also, an augmented dataset also helps in preventing overfitting.



Baselines

⚫Gupta, Umang, et al. “A 
Sentiment-and-Semantics-Based Approach for 
Emotion Detection in Textual Conversations” 
(Neu-IR’17)



Results

Baseline F1-Score on the leaderboard - 0.52

Our Results - 

F1 Score on the leaderboard - 0.678 (a drastic 
improvement from the mid-review model - 0.602)

Current topper has 0.7679



Thank You!


