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Features and Model: RNN - GRU
An individual unit of a GRU is governed by the following 
functions, where hj

(t)  is the jth output and xj
(t) the jth input at time t:

We modified an open-source Tensorflow script for the RNN 
implementations. Included is a word embedding, which maps the 
one-hot vector of a word to a different vector, where similar 
words are clustered together. The output of the GRU is affinely 
mapped to a dimension equal to the vocabulary size and softmax 
is performed to estimate probability. Training is performed in 
mini-batches of sequences of words via gradient descent. The 
GRU uses the same parameters as LSTM. 

Features and Model: RNN - LSTM
The LSTM relies a similar recurrent network model as the 
GRU, but with a cell state cj

(t)  separate from output of the 
model hj

(t). Specifically, the gating functions of the LSTM 
are the following:

From the gating functions, the next cell states and current 
outputs can be calculated.

From performing a parameters search, we find that the 
hyperparameters that led the best results are:
● RNN layers = 1
● learning rate = 1.0 with a decay factor of 0.8
● max gradient norm = 5
● mini-batch size = 20
● backpropagation steps = 35
● dropout keep probability = 0.35
● embedding vector size = 650

Features and Model: HMM 
We define the hidden states using the part-of-speech (pos) 
tagger in NLTK toolkit. The parameters {transition 
distribution, emission distribution, initial state distribution}, 
are initialized empirically. Laplacian smoothing is applied 
on the parameters, and we then use the Baum Welch 
algorithm to train the model. After the model is trained, we 
utilize Matlab’s hmmdecode for perplexity computations. 
The basic equations that govern hidden markov models 
are as follows:

Abstract
The 2016 Presidential Elections had proved to be very contentious, 
with heated language and attacks from both sides. We train language 
models to better understand the structure of the candidate’s spoken 
words. Specifically, we utilize two types of recurrent neural networks: 
the Gated Recurrent Unit (GRU) and Long Short-Term Unit (LSTM), 
and a Hidden Markov Model (HMM). Results indicate the LSTM is the 
best in terms of perplexity and author classification on the test set, with 
test perplexity of 37.476 and classification test error of 0.1039.

Dataset

Results
Perplexity for dataset v1 (debates only)

Perplexity for dataset v2 (debates + tweets)

Discussion
● RNN models perform better than HMM in terms of perplexity, and 

LSTM is slightly better than GRU. This might be due to RNN 
models making decisions based on longer histories of words 
preceding the current word.

● In the author classification task, RNN models perform better than 
HMM, Naive Bayes, and SVM. Again, LSTM has the lowest test 
error, but GRU comes in a close second.

● Using pre-trained embedding does not give good results, 
probably because it is trained using a different dataset (Penn 
Tree Bank corpus) and isn’t improved during training.

● Across all models, perplexity and classification error is better on 
the dataset with punctuation than on the dataset without 
punctuation.

Sentence Generation and Classification + 
Naive Bayes and SVM 
Sentence generation is performed by doing multinomial sampling 
using the output probabilities as the probability distribution.

Classification for RNNs and HMM is performed by calculating:

In RNN models (LSTM and GRU), P(next word|previous words) 
comes from the output probabilities of the model, whereas in the HMM, 
P(sentence|author) is calculated using the forward algorithm. 
P(author) is calculated by counting the number of sentences authored 
divided by total number of sentences in the training set.

The Naive Bayes uses the multinomial event model with Laplacian 
smoothing and the SVM uses the Gaussian kernel with a similar event 
model (we use the same overall specifications as demonstrated in 
Problem Set #2).
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Web UI: 
http://tiny.cc/cs229-pclm

Model with punctuation w/o punct.

v1 v2 v1 v2

LSTM 0.1253 0.1039 0.1279 0.1252

GRU 0.1325 0.1093 0.1403 0.1228

Naive 
Bayes

0.1436 0.1515 0.1495 0.1755

HMM 0.2898 0.1881 0.3153 0.1833

SVM 0.2931 0.3282 0.3035 0.3591

Model With punctuation Without punctuation

Trump Clinton Trump Clinton

Train Test Train Test Train Test Train Test

LSTM 29.235 51.444 30.923 56.245 40.788 79.275 41.257 84.494

GRU 28.370 55.833 30.142 60.337 40.115 85.277 39.962 89.426

HMM 93.243 151.390 104.816 165.186 136.888 231.379 151.323 242.429

Model With punctuation Without punctuation

Trump Clinton Trump Clinton

Train Test Train Test Train Test Train Test

LSTM 20.063 37.476 27.037 53.893 28.598 60.724 35.349 80.860

GRU 19.263 41.304 25.128 58.388 28.019 68.633 33.362 87.740

HMM 56.039 98.970 80.485 143.695 86.330 175.518 114.718 229.559

Future Work
● Continue to add to the Clinton and Trump datasets.
● Try different types of LSTM (e.g. LSTM with peephole)
● Further hyperparameter (embedding vector size, dropout keep 

probability, etc) tuning.
● Improve the web user interface (e.g. add HMM).

Perplexity =

Our project uses two distinct datasets: the v1 dataset are the transcripts 
from the primary and presidential debates from Clinton and Trump, and 
the v2 dataset is created by adding tweets from the two candidates to the 
v1 dataset. Both debates and tweets data are taken from kaggle.com. 
Lastly, a supplementary Penn Tree Bank corpus of words to is used to 
generate a pretrained embedding (results not shown in poster). Each 
dataset is split into 80% for the training set, 5% for validation, and 15% for 
the test set. The least frequent words are replaced with unknown-token.

Number of 
Sentences

v1 v2

Clinton 4110 10182

Trump 5330 12066

Total 9440 22248

Number of 
Words with 

Punct.

v1 v2

Clinton 86719 163633

Trump 77125 154714

Total 163844 318347

v1 v2

Number of 
Unique Words  

with Punct.

5848 11555

Vocabulary 
Size

5500 9000

Classification Error = 
         #correct_prediction / #sentences

Number of Hidden States v1 v2

With Punct. 42 44

w/o Punct. 35 35

Word 1 Embedding RNN cell Output Probs 1

Word 2 Embedding RNN cell Output Probs 2

Author Classification Test Error

Sentence Generation
Using LSTM and Dataset v2 with punctuation
Clinton: “we are also going to vote for the global 
economy again …”
Trump: “we will make america great again.”
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