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The project



Dataset



Natural language processing
Before: Convolutional Neural Networks 
(CNN) and Recurrent Neural Networks 
(RNN) e.g. LSTMs

Now: Transformers: 
Sequence-to-Sequence architecture 
NN consisting of an encoder and a 
decoder. Supported with an 
attention-mechanism.



Metric
Jaccard index



Exploratory Data Analysis ( EDA )
Training data shape:  (27481, 4)  

Testing data shape:  (3534, 3)
First few rows of the testing dataset:

First few rows of the training dataset:



Examples of each sentiment:

Neutral: 11117  Positive: 8582  Negative: 7781   

Separation in 3 categories:

Neutral: 1430  Positive: 1103  Negative: 1001
  



Analyzing text statistics

Negative Text length DistributionPositive Text length Distribution

Negative Word Count DistributionPositive Word Count Distribution



Extracting the most common words from text  

Positive text                                         Negative text                                        Neutral text
Wordclouds for the selected text column

Positive text Unigram                                        Negative text Bigram                                    



Preprocessing - Cleaning & Tokenization
1. Split data: neutral vs. positive & negative tweets

- Selecting whole tweet for neutral tweets gives Jaccard score of 0.97+
2. Clean from train.text, train.selected_text, test.text:

- URLs
- E-mail addresses
- Emojis 😥
- @-mentions
- Numbers
- Leading white-spaces
- And put everything to lower-case

3. Prepare data to feed into transformer Data



1. Encode text into vocabulary numbers
- Step 1: Tokenize       <that>         <’>   <s>  <very> <funny>  <.>    <cute>  <kids>  <.>
- Step 2: Encode          <14> <12905> <29>  <182>  <6269> <4> <11962> <1159> <4>

2. Encode sentiment into vocabulary numbers
- <positive> = <1313> or <negative> = <2430>

3. Combine & add separator tokens
- <s> = <0> start token, </s> = <2> separator token, <p> = <1> padding token
- Combine to input_ids vector:

<0> <14> <12905> <29> <182> <6269> <4> <11962> <1159> <4> <2> <2> <1313> <1> <1> <1> ... 

RoBERTa Model



● Create input layers for IDs, Attention 
Mask.

● Initialize Roberta and create layers 
of convolutional layers.

● Optimizer: Adam (learning rate 3e-5)
● Loss function: KSLoss

Model

Dropout: rate 0.2

Conv 1D: 128 filters, size 3

Leaky ReLU

Conv 1D: 64 filters, size 3

Conv 1D: 32 filters, size 3

Dense: 1 neuron

Flatten

Softmax activation

Conv 1D: 128 filters, size 3

Dropout: rate 0.2

Leaky ReLU

Conv 1D: 64 filters, size 3

Conv 1D: 32 filters, size 3

Dense: 1 neuron

Flatten

Softmax activation

start pos.prob. (Bs x NT) end pos.prob. (Bs x NT)

Tweet + Sentiment embeddings (Bs x NT x 768)

RoBERTa

input_ids, attention_mask (Bs x NT)

NT = number of tokens, Bs = batch size



Hyperparameter Optimization

Optimized 4 hyperparameters with Grid Search:                             Best values:          

1. Number of Convolutional Layers                                                     3
(e.g. 128,64,32 for 3 layers in decreasing order)                  

2. Kernel size in each Convolutional layer                                           3
(same for all layers)

3. Dropout rate                                                                                   0.2
(randomly set values to zero, prevents overfitting)

4. Distance weight in loss function                                                     0.1
(penalizes distributed values more)



Challenges & what didn’t work
● Inconsistent labelling/Noise
● Training/CV non-deterministic
● Jaccard is strict



Results

Bad Jaccard Score:

sentiment:  negative
text:  really hopes her car`s illness is not 
terminal...
selected_text:  illness
prediction:   really hopes

sentiment:  positive
text:  jonas brothers - live to party. it`s 
rocking so hard i love the song,
selected_text:  jonas brothers - live to party. 
it`s rocking so hard
prediction:   i love the song,

sentiment: negative
text:  im soo bored...im deffo missing my music 
channels
selected_text:  bored..
prediction:   im soo bored...

Medium Jaccard Score:

sentiment:  negative
text:  my sharpie is running dangerously low on ink
selected_text:  dangerously
prediction:   running dangerously low

Perfect Jaccard Score:

sentiment:  positive
text:  juss came backk from berkeleyy ; omg its madd 
fun out there  havent been out there in a minute . 
whassqoodd ?
selected_text:  fun
prediction:   fun

sentiment:  negative
text:   why are you sad?
selected_text:  sad?
prediction:   sad?

Best Kaggle Jaccard score: 0.704
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Appendix



NN architecture
LSTM Architecture Transformer architecture



Preprocessing & Tokenization
Preprocessing Sentimental Tweets
● Firstly we found special cases (URLs, Emojis, Punctuation, Numbers, etc)

● Secondly we  removed non relevant special cases (URLs, Emojis, Punctuation, etc) 
Numbers)

*Neutral Preprocessing investigated separately  



● Firstly, we initialized matrices which we used for the tokenization, overlapping of text & selected_text

● Lastly, we found offsets for each word in the text (start, end indices) and positions of the overlapping tokens 

● Secondly, we tokenized each text & selected_text and we we begun the overlapping procedure



Building the model
Firstly, we need to load the RoBERTa transformer

Secondly, we create the embedding layers for the model and compile it for the 
unpadded model, it runs faster. Afterwards, we create a model with padded 
variables, it is essential for prediction.



Building the model
We used a Loss function that focuses in penalising how far is out prediction for the 
actual position:

We use the Adam optimization function



Training the model
We fit the un padded model with a Cross Validation. As a callback we implement a 
function to save the weights. The weights are used later to run the padded model.



Training the model
We load the weights from the padded model to give them to the unpadded one for 
predicting. The prediction gives us the starting and ending positions of the 
selected text over the given tweets.



Training the model
We transform back the predicted values obtain and calculate the average Jaccard 
index.



Hyperparameter Optimization
Code snippet for optimizing Number of convolutional Layers and Kernel Size.



Hyperparameter Optimization
Code snippet for hyperparameter optimization on distance weight.

The same was repeated for the Dropout rate.


