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Abstract

Thanks to the efforts of organizations like
GovTrack (Tauberer, 2012), a tremendous
amount of roll-call and bill-text data has be-
come available over the past few years. At the
same time, most analyses are based on ideal-
point models that use only the votes them-
selves in modelling voting decisions, and ig-
nore bill text. We analyze a variety of models
for predicting the outcomes of roll-call votes
given vote text. We arrive at a neural net-
work classifier which takes counts of words in
bill texts as input and achieves state-of-the-
art accuracy in predicting vote outcomes.

1. Introduction

Academic interest and economic pressures have cre-
ated an entire field of quantitative political science that
seeks to understand how governments behave. These
researchers frequently use the rich dataset of legislative
roll calls, which are a history of how congress mem-
bers vote on legislation. In the name of transparency,
this data and many pieces of legislation are readily
available on the internet from sources like GovTrack
(Tauberer, 2012). In previous work, this data has been
mined to find underlying structure like partisan affil-
iation, evidence of polarization, and even predict fu-
ture voting outcomes (Clinton et al., 2004; Gerrish &
Blei, 2011). These approaches typically involve com-
plex models, such as ideal point modeling that explic-
itly map legislators to a point along a political line.
These models have the benefits that they make ana-
lyzing polarization and party affiliation very easy, but
they can be difficult to implement and suffer from the-
oretical deficiencies (Clinton et al., 2004).

Given a large and accessible dataset, and a field that is
historically reliant on complex modelling, we decided
to use simple bag-of-words models, a topic-modelling
based classifier, and a neural network to address the
problem of predicting roll calls from the text of bills.
These approaches have the benefits that they are eas-
ier to implement and understand, and make fewer com-

plex modelling decisions that are open for questioning.
Additionally, it is interesting to analyze the inferred
topic models and neural network weights and node re-
sponses to see what kind of structure is learned auto-
matically.

First, we introduce a number of simple baseline ar-
chitectures which use word counts as direct inputs to
classifiers. We attempt to solve deficiencies with these
baselines by using topic modelling to distill semanti-
cally relevant information from the large number of
input word counts. Finally, we use a neural network
whose hidden layer does this similar distillation, but is
guided by the output votes in a way that simple topic
modelling approaches cannot be. We take the result-
ing neural network scheme and document its perfor-
mance as we modify various hyperparameters and use
dropout as a regularization scheme.

2. Baselines

To begin, we trained models for each voter separately.
We took seven members of congress and trained six
different models on two-thirds of their voting record,
for a total of forty-two models. The training set and
testing set were randomly shuffled and split. Our input
features were the top 4000 most common words, with
a binary feature of whether or not they existed. We
then tested on the remaining third of the dataset. We
chose senators by being active and recognizable, like
the senate and house leaders and former presidential
candidates. We used 3 Republicans and 4 Democrats.
All of the classifers except the neural net were taken
from Matlab libraries. (MATLAB, 2010)

The biggest challenge faced by classifiers is handling
the fact that there is very little data with high di-
mensional features. Some senators have as few as six-
hundred bills, and each bill has 4000 features. This
creates a challenge for algorithms like SVMs that can-
not find a reasonably good decision boundary in this
high dimensional space. For instance, we cross vali-
dated and tuned the SVM parameters to surprisingly
have a polynomial decision boundary of degree 3. This
struck us as high, but we were not surprised to find
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Binary Classifier Accuracy

SVM 0.7661
Random Forest 0.8343
Naive Bayes 0.7457
Regression NN 0.8222
Logistic NN 0.8169
Always ’Yea’ 0.7659

Table 1. Classification Test Accuracies. Classifiers were
trained on seven senators, and we report above the
weighted average of their accuracies. The SVM was cross
validated and tuned to use a polynomial decision boundary
of degree 3. Both Neural Nets used a logistic function for
their hidden units, but the regression used a linear output
layer, whereas the logistic used a logistic output layer.

performance generalizing poorly to the test set. On
the other hand, the neural nets generalized much bet-
ter. This is likely because they are first compressing
the data into an intermediate representation. We hy-
pothesize that the creation of an intermediate repre-
sentation prevented the gross overfitting problems that
SVMs had.

Another result that we saw in this baseline experi-
ment that held true for the rest of our analysis was
that a linear output layer was better than a logistic
layer. This may seem strange for the task of binary
classification but it can possibly be explained by the
steeper derivative function on the output layer that
allows more error to back-propagate.

3. Data Cleaning

One problem we identified was the low-quality of to-
kens we trained on. Many of the most common words
in the corpus were low-content ones which did not im-
part significant insight into the meaning of a docu-
ment. We adopted a number of strategies to increase
the quality of our input features. These improvements
to the source text increased the accuracy of our final
classifiers by a few percent.

As a first cleaning pass, we eliminated as many of the
formatting effects as we could. The bill texts con-
tain line and page numbers, section headings, non-
ascii characters, and numerous other characteristics
that undermine the effectiveness of our classifiers. We
therefore strip out any digits or non-ascii characters
from our token stream, and then try to join words
which have been split across lines or pages. This con-
verts sequences of tokens like “this appears at a page
boun- 8 9 §6.3 dary” into “this appears at a page
boundary”.

We began using n-grams rather than single word to-
kens in computing features for a given document. This

let us capture phrases such as “homeland security”,
which have some semantic meaning that cannot be
inferred from either word in isolation. We addition-
ally switched to using the term frequency-inverse doc-
ument frequency (tf-idf) scoring (Jurafsky & Martin,
2000). This increases the score of an n-gram that ap-
pears frequently in a document, but decreases it the
more documents it appears in, so that words receive
higher scores for being distinctive to a document. We
removed short words (words of length 3 or less), which
tend to be low content, and which furthermore hurt
some of the significance of our n-grams (consider “De-
partment of Education” in a bigram model; then “de-
partment of” and “of education” are both relatively
unrelated to the meaning of the phrase, whereas “de-
partment education” maps more directly to the origi-
nal meaning). We exclude certain stop words which do
not convey any significant insight into a bill’s purpose
(such as “then” or “so”). Lastly, we lemmatized the
stream of tokens so that each token is canonicalized,
making the version of a word viewed by our learning
algorithms independent of the tense or declension of
its appearance.

4. Topic Modelling

We still had two problems. First, despite the cleanup
discussed above, our features tended to be rather low
quality. Second, our classifiers had the ability to overfit
to the data available. The low-quality of our features
stems from the lack of semantic information available
from simple n-gram-counts models. For example, some
of the top 100 n-grams we choose (if picking n-grams
of length in between 1 and 3) include “house”, “de-
scribed”, “project”, “within”, “entity”, and “autho-
rized”. These do not give us any information that
might be useful in determining whether or not a given
representative will vote for a given bill. Is the named
project being expanded or reduced? What changes in
the US code are being described? These facts dramat-
ically change the nature and meaning of legislation,
and thus the likelihood that representatives will vote
for them.

The problem of overfitting is even more severe. For us
to be able to get even a gist of what most pieces of leg-
islation concern, we need to pick a few thousand rep-
resentative n-grams. However, in the 10-session span
we consider, most members of congress will vote on at
most a few thousand pieces of legislation (and many
will vote on far fewer - 400 voters out of the 1,207 in
our corpus vote on less than one thousand pieces of
legislation. 4 vote on fewer than 5). This sort of data
makes it very difficult to fit models with low test error.
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Figure 1. Random Forest performance

To address these deficiencies, we tried to adopt strate-
gies to convert our large number of weak features into
a smaller number of stronger ones. To achieve this, we
assume that the documents are generated from some
fixed number of topics, and attempt to infer these top-
ics from the documents. To be specific, we ran an
online Latent Dirichlet Allocation algorithm (Řeh̊uřek
& Sojka, 2010) on the tf-idf scores of cleaned 1-grams
(theoretically, we should have used raw word counts
rather than td-idf scores, but in practice this approach
gave better results), making 20 passes over the entire
corpus (at which point the topics seemed to have con-
verged). We then used the resulting output topic dis-
tributions as the inputs to our classifiers. We ran ex-
periments with 10, 30, 60, and 100 topics, using both
Random Forests and Support Vector Machines (imple-
mented in (Pedregosa et al., 2011) as our classifiers. In
the Random Forest classifiers, we tried maximum tree
depths of 5, 10, 20, and 50, and in the SVM classifiers,
we tried linear, degree-3 polynomial, and sigmoid ker-
nels. Because of the computational cost of training
SVMs on the 100-topic model, we only trained on 100
randomly selected representatives, rather than on ev-
ery member of Congress. The test accuracy is reported
via 3-fold cross-validation performance. As a baseline
measurement, the classifier that assumes representa-
tives will always vote “yea” has an accuracy of 0.692
on the corpus of all votes. Note that this differs from
the baseline experiments, but this is because we used
a slightly different metric of trying to predict ’Yea’ vs
’Nay’, ’Abstain’, and ’Not Voting’, whereas our base-
line experiments just ignored ’Abstain’ and ’Not Vot-
ing’ (we did this because it was particularly easy for

Figure 2. SVM performance. The poly-3 line matches the
sigmoid line closely, and is covered up by it

these classifier implementations, whereas our baseline
model and later approaches would have required more
redesign).

We see in figure 4 that the Random Forest classifiers
tend to overfit as the forest depth is allowed to grow.
This makes sense - even with relatively few features,
the expressive power of the forest quickly grows to be
able to exactly match any test set data. Limiting for-
est depth therefore functions as regularization of the
model. We suspect that with more data, this problem
could be eliminated. Another promising avenue would
be to adopt some sort of feature selection strategy such
as mutual information between topics and the output
vote variable.

With SVM-approaches, we see in figure 4 an opposite
effect; the SVM training and test accuracies match al-
most exactly, and improve as more features are added.
The problem is that despite this, we have relatively
poor results. This points to a need for more or bet-
ter features. Unfortunately, we seem to have levelled
out at 100 topics; our experiments with higher topic
counts did not improve the test or training error of any
of our SVM classifiers.

5. Neural Network Model

Given the failure of topic modelling approaches, mod-
els that more directly use vote outcomes in distilling
counts seemed like a promising approach. Our goal
is to map a feature vector for a document to a vec-
tor of length N with the predicted votes for voters
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i ∈ 1 . . . N . We use a neural network with layers
j ∈ 1 . . . J , each with a response of Cj composed of Aj

neurons. That is, at each layer j, we have responses
Ca

j ∈ 1 . . . Aj . To calculate the responses, the neural
net uses the standard non-linear function:

Ca
j = σ(W a

j Ċj−1 + bj) (1)

We use the sigmoid function, σ(x) = 1
1+e−x . We did

some experiments with σ(x) = tanh(x) but found no
significant difference.

The highest level of the network is composed of a lin-
ear regression layer, that only differs from the previ-
ous layers in that there is no sigmoid function. We
also tried an additional logistic layer but with little
improvement, as in the baseline experiments. The out-
put layer uses tied weights, in that we are predicting
all the congress members’ votes in the same model.
So we pass a bag-of-words bill representation of di-
mensionality 4,000 through some arbitrary number of
hidden layers that eventually map to 1,207 vote out-
comes for each member of congress in our corpus. It
predicts ’1’ if the representative voted ’Yea’ and ’0’ if
the representative voted ’Nay’. During training, we
ignore ’Not Voting’, ’Abstain’ and the case where the
voter was not in that house of congress at that time
by not back-propagating any error. This has the effect
of ’turning off’ that output node. We have two ways
of justifying this change. First, if we were not using
tied weights, then turning off back propagation would
clearly work, and tied weights is just sharing hidden
layers. Secondly, as a sanity check, we still passed nu-
merical gradient checks after modifying the objective
function.

Whereas our baseline models required us to train dif-
ferent models for each voter, this model combines all
those models into one with shared parameters. This
has two major advantages. First, the shared param-
eters mean that training a model was much quicker:
training 1,207 different models is a daunting task. Sec-
ond, the shared parameters help prevent overfitting by
learning structure common to all voters. Later, in the
experiments section, we will explain how we found this
shared structure learned to distill bills by how recep-
tive they are to different parties and general topics.

6. Experiments

We have 6,280 bills spread over nearly 20 years, and
split them into a training set of size 5,000, a test set
of size 800, and a validation set made of the rest. We
shuffled the bills, so they did not appear in any partic-
ular order. Then we trained a number of tied-weight
neural networks on the data using different features

Figure 3. Features. We ran the same single layer network
with 32 hidden units on several different document repre-
sentations. ’Counts’ is a bag-of-words of raw counts. ’Bi-
nary’ is a bag-of-words with only ’1’ for present and ’0’
otherwise. ’Baseline’ is the result of always guessing ’Yea’.

and parameters.

6.1. Interaction with Features

In addition to the tf-idf features we explored in previ-
ous sections we also tried a number of other features.
First of all, we tried just using the raw binary-word
features (1 if the word exists in the document, 0 oth-
erwise) and raw counts. In addition, we tried more
complex features like Latent Semantic Analysis which
is a form of dimensionality reduction of the tf-idf ma-
trix (Dumais, 2005). Since logistic classifiers are not
very effective with sparse data in practice, we thought
dimensionality reduction may help. Furthermore, we
tried hashing the counts of all our words into a fea-
ture vector. That is, for every word in the document,
we hash it to find its position in a feature vector and
increment that feature. Since the number of occur-
rences of our words have a long tail, and many of these
tail words are likely good differentiators (like ’Kodiak’
may indicate an environmental bill), we hoped hashing
would save the long-tail words in a way that would not
overfit and keep our feature dimensions small enough
for training.

Figure 3 shows the results of different features. Our
first experiment with different features showed us that
our document representation did not have a major im-
pact. We tried different numbers of features between
2,000 and 4,000 in our bag-of-word models, but found
little difference and eventually settled on 4,000. As for
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Figure 4. Train/Test Error over 250 iterations of l-bfgs.
We ran the same single layer network with 32 hidden units
on the ’Counts’ bag-of-words different document represen-
tations.

representation, using counts was approximately as ef-
fective as more complex features like LSA and bigram
counts. Using raw counts turned out to give us the
best results on our validation set so we continued our
development on those. We suspect this has to do with
the fact that we had trouble fitting the massive amount
of features. Our training matrix was square with 4,000
samples and 4,000 features, and the features are only
very weakly tied to output, so it was was difficult for
the algorithm to settle on confident weights for a given
word. For instance, the word ’war’ does not necessar-
ily mean that all Republicans voted for it. With the
dearth of training data and many weak features, it is
not surprising that more refined values like tf-idf did
not improve results.

However, binary features did not perform very well.
We believe that binary features are more discriminat-
ing for less common words, which were cut out for
practical issues like CPU memory and time to train.
Additionally, there is a much smaller fraction of bi-
nary features that can be used to discriminate between
’Yea’s and ’Nay’s. This quickly leads to overfitting.
For instance, in figure 3, the training error for binary
features which is not shown fell below .05 while testing
error rose closer to the naive baseline of .20.

6.2. Model Structure

Next, we tried different neural network models by tun-
ing the number of hidden layers and the number of
hidden units in each layer. Once again, we found that
simpler did better. Multi-layer neural nets depressed

results below the naive baseline of always voting ’Yea’
and any a single layer network with above 10 units
did about equally as well. We were limited by ma-
chine memory, and had trouble extending beyond 400
hidden units as a consequence of our high feature di-
mension, time to train, and computer memory.

Figure 4 has the results of the best system we tuned. It
uses 32 hidden units using ’Counts’ bag-of-words and
performs 85.12% accuracy on the 800 held-out test set
bills. This is 5% below the baseline of 20% error rate
of always voting ’Yea’. Additionally, it does not show
signs of enormous overfitting or underfitting. Without
tied weights, the training error dropped below 5% and
the testing error spiked well above the naive baseline,
so we concluded that this behavior was a positive side
effect of using tied weights.

6.3. Regularization

Even though tied weights seemed to provide a reason-
able amount of regularization, we did further experi-
ments with dropout and adding a weight decay term to
the objective function to regularize the weights. These
experiments were reasonably successful for binary-
word features where we were clearly overfitting, but
only hurt results for word-count features.

For dropout, we switched from using l-bfgs as our opti-
mization algorithm to batched stochastic gradient de-
scent. Then, at each iteration of the algorithm we
’turn off’ the each node with probability .5 by masking
their output during forward-propagation and masking
their error during back-propagation. Additionally, if
the incoming weights for an individual hidden unit be-
comes too large, we renormalize the weights. This was
suggested by the Hinton paper as a way to start with
very large learning rates and allowing us to explore the
search space better (Hinton et al., 2012). In practice,
it allowed us to increase our learning rate by several
orders of magnitude, and made a noticeable improve-
ment on results. Finally, at test time we halve the
outgoing hidden unit weights to account for the fact
that they were tuned in a situation where half as many
were active. The desired effect is to create model av-
eraging within a neural network (Hinton et al., 2012).

For the weight decay term, the objective function is
augmented with a term θ2 for every parameter θ in the
model. This has the effect of decreasing the magnitude
of the weights to hopefully prevent overfitting.

As Figure 5 and Figure 6 shows, we have much bet-
ter performance when we use regularization on binary-
word features which were we wereoverfitting. We had
trouble picking a λ term to compete with dropout. Al-
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Figure 5. Word-Count Features. Test error over 250 iter-
ations of l-bfgs or stochastic gradient descent. We ran the
same single single layer network with 100 hidden units on
the word-count bag-of-words document representation. We
used a weight decay term, λ of 0.1.

though one may exist, we ran several experiments and
could not find one. On the other hand, word-count
features suffered from any form of additional regular-
ization.

Also, throughout our experiments, we found that
dropout only has any improvement if there are over
16 hidden units in our first layer, even though models
of this size were effective. This is the result of having
degenerate models that are half the size of the origi-
nal model (i.e. 8 hidden units do not work). To use
dropout effectively, we found that your overall network
size needs to be larger than without dropout.

6.4. Comparison with Gerrish & Blei

To compare with Gerrish and Blei’s paper, we re-
created an experiment where they partitioned six 2-
year congresses into 6 folds each for a total of 36 folds.
They then performed k-fold cross validation on each
congress separately. With this technique, their base-
line accuracy of always voting ’Yea’ had an accuracy of
85%, and their model had an accuracy of 90%. (Ger-
rish & Blei, 2011)

When re-creating this experiment, we found that the
baseline was not 85%, but 83.3%. From that baseline,
using count-features and parameters tuned on our val-
idation set, we found we had 90.6% accuracy. Using a
neural net to learn the structure that Gerrish & Blei
explicitly modelled was at least equally as effective.

Figure 6. Binary-Word Features. Test error over 170 iter-
ations of l-bfgs or stochastic gradient descent. We ran the
same single single layer network with 100 hidden units on
the binary bag-of-words document representation. We used
a weight decay term, λ of 0.1.

6.5. Error Analysis

Although it is difficult to backtrack through neural
networks to explain mistakes, we found some patterns
in our errors. For instance, we were the most accu-
rate and least accurate with members of congress who
had very few votes. In fact, when we sorted the 1,207
voters by their accuracies, the 200 least accurate vot-
ers had only voted on an average of 784 of the 6,280
bills, the 200 most accurate had only voted on an av-
erage of 1,212 bills, and the region between had voted
on an average of 2,578 bills. One explanation is that
low voting members of congress either have very pre-
dictable weights that do not need to backpropagate er-
ror through the hidden units (for instance, if they vote
along party lines), or have very complex patterns and
there is not enough training data to back-propagate
that error and learn that structure. This is backed up
when we examined the states that congressmen came
from. The top 3 hardest to predict voters were dele-
gates from Puerto Rico and Guam. These individuals
do not seem to have strong party alignments, and try-
ing to reason about their voting record was difficult
for us. On the other hand, the most predictable vot-
ers were all from the House of Representatives and are
therefore less experienced politicians and more parti-
san. 198 out of 200 of our most predictable voters
were from the House of Representatives and picking a
few random voters showed the same pattern of highly
partisan representatives from very predictable regions
(like the representative for Santa Clara County, which
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Figure 7. Sander Levin’s Votes. We took the neural net
response and colored them by how Sander Levin voted on
them. We used t-SNE to visualize the high-dimensional
features.

we predicted with 100% accuracy).

7. Network Analysis

Having achieved performance competitive with tradi-
tional approaches, we set out to see if the neural net-
work learned structure like party lines and topics that
Gerrish & Blei explicitly modelled. All the following
experiments were done on a network that used word-
count features with a single layer of 16 hidden units.

Our first experiment was visualizing the hidden unit
activations for all the documents in a high dimensional
space to see if partisan clusters are obvious. Fig-
ure 7 and 8 show our results with t-SNE for visual-
izing in two dimensions (Van der Maaten & Hinton,
2008). The votes are colored by Sander Levin and
Roy Blunt’s vote outcome on each bill to see party di-
vides. We chose these two senators because they were
to the far left and far right of Gerrish & Blei’s ideal
point model, so we believed we could see party sepa-
ration clearly. We were pleased to see the two figures
have a few clear clusters that change from green (vot-
ing ’Nay’) to blue (voting ’Yea’) between the senators.
For good measure, we also tried a few other representa-
tives who had long voting records and found that they
colored the nodes about as predictably. Our model
seems to be learning party separation clearly by pro-
jecting bills into a space where they are easily differen-
tiated by partisan biases. There is also a larger cluster
farther away that encompasses bills that are univer-
sally agreed upon. Also, we can see that ’Not Voting’

Figure 8. Roy Blunt’s Votes. We took the neural net re-
sponse and colored them by how Roy Blunt voted on them.
We used t-SNE to visualize the high-dimensional features.

bills are very evenly distributed amongst the clusters,
showing that our objective function is ignoring them
well.

We tried to analyze the clusters from the titles of the
bills in each cluster and had some trouble coming up
with very obvious similarities between the bills. How-
ever, there were some patterns, like the large area of
all blue seems to take many inconsequential bills like a
bill to designate the square dance as the national folk
dance.

Next, to see if the neural network was learning topic
structure as well, we printed out the highest weighted
words for different hidden units in our network. This
proved more difficult to visualize or quantify, but we
found a few clear clusters, like a hidden unit whose
top 10 words included ”beneficiary”, ”medicare”, ”pre-
scription”, ”drug”, ”enrollment”, ”plan”, ”transmit-
ted”, and ”benefit.” On the other hand, we also had
murkier hidden units, like one that seemed to garbage
collect words like ”except”, ”therefore”, and ”tues-
day.” It is difficult to speculate as to why it was learn-
ing this structure, but learning topics seemed to be a
mixed bag. Of the 16 hidden units in our network,
about 3 of them had very clear themes like health
care, veterans benefits, and resources. Another 6 were
vaguely related to a topic, like one that had mention
of ’Israel’ and ’international’ but also had many other
words that made less sense. We could not make heads
or tails of the remaining 7. The neural network seemed
to picking up a great deal of noise (or structure we can-
not understand) as well as a few easily recognizable
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topics.

8. Comparing Topic Modelling and
Neural networks

We saw that the neural network approach significantly
outperformed topic-modelling for this end (this is not
totally a fair comparison; topic modelling faced a
slightly different version of the problem because it was
capable of handling “abstain” votes, unlike the neural
net. In fact, topic modelling still under-performs on
the simplified problem). On the face of it, this seems
non-intuitive: both approaches learn models of essen-
tially the same structure:

1. Start with word counts as the initial input fea-
tures.

2. Compress the word counts down to some small
number of intermediate features

3. Use the resulting features to train a classifier

The most significant difference between the two mod-
els is in the second step, where our first model uses
LDA and the second uses the hidden layer of a neural
net. It seems bizarre that the worse-performing model
was the one that was specifically designed to analyze
underlying topics in text.

The key distinction is the way in which the topics were
learned. In LDA, we try to learn topics to describe
the text via a generative model. This is therefore best
suited to applications that wish to compare documents
to one another, like information retrieval. Here, we
wish to learn not a set of topics that are useful for
describing the document contents, but a set of top-
ics that are useful for predicting output votes. Neural
networks are able to make information about vote out-
comes available to the nodes doing topic modelling at
the time the topic modelling occurs, which pushes the
topics selected to be the ones most predictive of vote
outcomes.

9. Conclusion

We introduced a neural network architecture for pre-
dicting the outcomes of votes in the United States
congress and analyzed the performance of different
feature representations and regularization techniques.
We also explored topic modelling, which turned out to
be a less effective approach. Our results show that neu-
ral networks have similar performance to more com-
plex models, while revealing structure about which
topics affect voters in which ways.

10. Notes

This was a joint project between CS 229 and CS 224n
for David, and a CS 224n project for Tyler. David
is taking both classes, but Tyler is only taking CS
224n (staff in both classes have confirmed that this ar-
rangement is OK). David was in charge of most of the
data acquisition, and the data cleaning and topic mod-
elling code. Tyler was in charge of the neural network
code, and ran most of the baseline experiments. We
borrowed the ICML style template for this writeup.
We also used neural network code written by Andrew
Maas for a project that Tyler is working on separately.
This code served as a starting point before extending
it to use different output layers, dropout, and gradient
descent.
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