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Abstract— There are many attempts to analyze the relationship
between functional magnetic resonance imaging (fMRI) data and
text stimuli representation in cognitive neuroscience research.
Because programming codes are exemplary text stimuli,
appropriate code representation for neuroscience research has
been actively studied. In this paper, we focus on representing
python code for fMRI research through natural language
processing (NLP) techniques. We collect 7,893 python codes of 23
question types from a code competition website and build three
different models based on sequence-to-sequence, bag-of-words,
and bigram representation. The model is evaluated to classify the
types of questions. Finally, the model is applied to classify 108
python codes which were used for a cognitive neuroscience study
of fMRI. We are looking forward to analyzing fMRI data with
the proposed code representation for understanding how the
human brain is active.

Keywords— natural language processing, computer code
representation, sequence-to-sequence, bag-of-words, bigram,
Functional magnetic resonance imaging, cognitive neuroscience.

L

A large amount of data and high-performance hardware
have accelerated the development of deep learning in various
research areas. Image and text data are mainly used in deep
learning research. For instance, image generation [1], super-
resolution [2], missing data imputation [3], and object
detection [4] research have been actively studied. In the case
of text data analysis, several NLP models are used to do
keyword extraction [5], sentimental analysis [6], document
classification, and summarization [7-8].

INTRODUCTION

Recently, deep learning has also been used in cognitive
neuroscience to find out the relationship between fMRI data
and stimuli representation, called brain decoding. fMRI can
measure different brain activity levels in different brain
regions while people perform diverse cognitive tasks [9-12].
We can predict that the highly activated brain region might
differ when solving logical math problems and reading
sentences. Some kinds of research suggest methods to match
fMRI activities with the meanings of stimuli. Stimuli can be
diverse. It can be pictures, videos, natural language sentences,
or computer codes. Vodrahalli et al. (2018) collected fMRI
data from subjects while watching an episode of the BBCs
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Sherlock and mappings between fMRI brain activities and
natural language representation [13]. Floyd, Santander, &
Weimer (2017) examined code comprehension. They found
out that the representation of the program and natural language
are different [14]. Liu et al. (2020) looked more deeply at
program structure and logic presentation [15].

In this paper, we are interested in representing python
codes that can help analyze how the human brain is active
while they read python codes. Furthermore, this research
would be helpful to do brain decoding by investigating the
relationship between fMRI data and code representation. We
are inspired by the research done by Ivanova et al., 2020 and
used the same 108 python code stimuli, which can be obtained
from https://github.com/ALFA-group/neural-program-
comprehension [16].

Our purpose is to train NLP models to represent 108
python codes. We have simple python codes, which have two
types of problem (math and string manipulation), and three
types of problem structure (sequential statements, for loops,
and if statements). However, 108 data are not enough to train
models. We downloaded 23 question types of 8305 python
codes from the code competition website ‘CodeChef’ through
web crawling to handle this problem. With this data, we
trained three models. Seq2Seq, BOW, and Bigram model. We
measured the performance of the models through the
classification problem, which predicts the question types.
Seq2Seq test accuracy is 0.64, BOW is 0.68, and Bigram is
0.71. Considering there are 23 question types, the accuracy
score is reasonable. After that, we infer those models with 108
python codes to get representations. At this point, we trained
logistic regression (LR), support vector classifier (SVC), and
random forest (RF) to classify the type of the code (Math vs.
String and Seq vs. For vs. If) using representation which came
from Seq2Seq, BOW, and Bigram. In the case of math and
string classification, Seq2Seq has the highest accuracy score in
LR, SVC, and RF. The accuracy was 0.88, 0.89, and 0.84,
respectively. For problem structure classification, Seq2Seq has
the highest accuracy in LR and SVC. The accuracy was 0.58
and 0.61, respectively. Bigram shows the highest accuracy,
0.57 in RF.
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II. METHODS

A. Data collection through web crawling

108 python codes are simple, so we collected the most
uncomplicated codes on the Codechef website. However, it
was still complicated than the 108 stimuli. Table 1 and Table 2
show the statistics of the data. On average, CodeChef data is
twice as long as 108 python codes. The number of tokens,
loops, and operators is also almost double. Therefore, we
excluded python codes that have more than 25 lines. As a
result, we only used 95.02% of the data (7893 codes).

TABLE L STATISTICS OF 108 PYTHON CODES
Data ( Python 3.6) Total # : 108
# line Mean : 5.42 Std:1.79
# token Mean : 23.08 Std: 9.18
#loop(for,while) Mean : 0.33 Std:0.47
# operator Mean : 5.37 Std:2.29
TABLE IL STATISTICS OF CODECHEF DATA
Data ( Python 3.6) Total # : 8305
# line Mean : 12.00 Std:7.08
# token Mean : 58.85 Std: 32.50
#loop(for,while) Mean : 1.63 Std:1.14
# operator Mean : 12.03 Std: 8.33

B.  Model training and inference

Figure 1 is a diagram that shows the process of model
training and inference. First, we did web crawling to collect
the data from the CodeChef, tokenize python codes and make
a token dictionary for each model. Then, after training the
models, we also tokenized the original dataset (108 python
codes) and use the model to get representations. As a result,
we could obtain 108 representations as a vector.

| Codechef

=P Train
=== :Inference

FIGURE 1. A DIAGRAM OF MODEL TRAINING AND INFERENCE PROCESS

representations
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When we do text analysis, the first thing we need to do is
tokenize. We used the python library to tokenize codes. After
tokenizing, we replace every numeric value with ‘NUM,’
variable with ‘VAR,” and string with ‘String.” This is because
we thought that specific numeric value, variable name, and
string do not significantly affect extracting code features.
Figure 2 is an example of how the Python code is tokenized.
The example code’s problem type is ‘string,” and the problem
structure type is an ‘if” statement.

original = "coyote"
copy = original[3:6]

if len(copy)*2 > len(original):
print{copy)

else:
print{original)

'VAR', '=", 'STRING’,

'VAR', '=', 'VAR', 'NUM', 'NUM’,

'if, 'len’, 'VAR', "*', 'NUM', ">, 'len’, 'VAR',
'print', 'VAR’,

‘else', 'print’, 'VAR'

FIGURE II. TOKENIZING PYTHON CODE

After tokenizing, we made a token dictionary for each
model. We removed some tokens which frequency is belonged
to the lower 5%. In addition, unknown token ‘UNK’ was
added to the token dictionary. The unknown token is used
when we cannot match tokens in the token dictionary during
the model inference. For the Seq2Seq model, we added
‘<sos>’ and ‘<eos>’ tokens. ‘<sos>’ token is a starting token,
and ‘<eos>’ token is an end token.

There are three modules in our Seq2Seq model. Encoder,
Attention, and Decoder. The input is word embedding vectors.
Before getting word embedding vectors, we matched the
sequence length in the batch. Every python code has a
different number of tokens. Thus, we need to set the sequence
length into the maximum tokens for each program. The codes
with fewer tokens than the sequence length would be filled
with padding tokens as they are insufficient. As a result, in the
Seq2Seq model, ‘UNK,’ ‘<sos>,” ‘<eos>,” and padding tokens
were added.

We used bi-directional gated recurrent units (GRUs) in the
encoder and decoder module. GRUs is a gating mechanism in
recurrent neural networks (RNNs) and have fewer parameters
than RNNs due to lack of output gate. The purpose of the
Attention module is masking. The masking matrix is filled
with zero if a token is a padding token and filled with one
otherwise. The multiplication between the encoder’s output
and the attention mask is the program representation that we
want.



Bag-of-word (BOW) and Bigram are simple models. For
the BOW model, it used the frequency of each token. The
Bigram model is almost similar to BOW, but it uses a
sequence of two adjacent elements.

In this section, we showed how do we train the models.
Next section, we explain how we assessed the models’
performance and how well our code representation works for
classification problems.

III.

To evaluate our three models, we made a simple feed-
forward neural network to classify 23 question types. Table 3
shows the accuracy of the classification problem.

EXPERIMENTS AND RESULTS

TABLE III. THE ACCURACY OF 23 QUESTION TYPES CLASSIFICATION

Model Dataset # Data | Accuracy
Train 60% 0.72
BOW Validation 20% 0.68
Test 20% 0.68
Train 60% 0.79
Bigram Validation 20% 0.70
Test 20% 0.71
Train 60% 0.70
Seq2Seq Validation 20% 0.63
Test 20% 0.64

We split the dataset into a train, validation, and test set
(60%/20%/20%). The BOW accuracy is 0.68, Bigram is 0.71,
and Seq2Seq is 0.64. We suspected that the Seq2Seq model
has the lowest test accuracy because we do not have enough
data to train the complicated deep learning model. However,
considering there are 23 question types, the accuracy score is
reasonable.

By using those three models, we get 108 python code
representations. To estimate code representations, we classify
problem type and problem structure type. There are two types
of problem (math and string) and three types of problem
structure (sequence, for, and if). We reduced the
representation dimension using principal component analysis
(accounted for about 90%) and then trained LR, SVC, and RF
for each classification task. Table 4 shows the accuracy of
math and string classification. As we can see, the Seq2Seq
representation performs the best. Its accuracy score is 0.88,
0.89, and 0.84 in LR, SVC, and RF. Bigram accuracy is also
0.84, which is the same as Seq2Seq. Table 5 shows the
accuracy of sequential statements, for loops, and if statements
classification. In this case, Seq2Seq has the highest accuracy
in both LR and SVC. The accuracy is 0.58 and 0.61,
respectively. However, Bigram works the best in RF.
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TABLE IV. THE ACCURACY OF MATH AND STRING CLASSIFICATION

LR SvVC RF

BOW 0.80 0.80 0.82

Bigram 0.79 0.82 0.84

Seq2Seq 0.88 0.89 0.84

TABLE V. THE ACCURACY OF SEQUENCIAL, FOR AND IF CLASSIFICATION

LR SvVC RF

BOW 0.50 0.53 0.55

Bigram 0.54 0.58 0.57

Seq2Seq 0.58 0.61 0.55

The random chance for the two-class classification is 0.5,
and the three-class is 0.33. Compared to this, our highest
accuracy is 0.89 and 0.61. It means our representation works
well with the test dataset (108 python codes).

IV. CONCLUSION

In this paper, we focused on representing python codes.
We trained three NLP models. Seq2Seq, BOW, and bigram.
We evaluate models’ classification performance, and the
highest accuracy is 0.71. Considering random chance for 23
class classification is 0.04, 0.71 is a relatively high score. In
addition, predicting problem and structure type works well
with our model’s representation. Even we did not use the
original test dataset (108 python codes) while training models,
the models could extract features well with the test dataset.
Thus, we are convinced that our research would contribute to
cognitive neuroscience studies, such as analyzing Functional
magnetic resonance imaging (fMRI) data with code
representation to understand how the human brain is active.
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