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Abstract

This paper investigates the creation of a Word2Vec word embedding model using
Wikipedia data and TensorFlow 2.0+. Word embeddings, which represent words as dense,
lower-dimensional vectors, are crucial for various natural language processing tasks, including
semantic parsing, sentiment analysis, part-of-speech tagging, and named-entity recognition. The
paper focuses on the skip-gram negative-sampling model of the Word2Vec algorithm, a scalable
and efficient method for generating high-quality word embeddings. Using TensorFlow 2.0+ and
a Wikipedia dataset, the model is trained through unsupervised learning techniques,
demonstrating the potential applications in the author's chatbot development project. The paper
concludes with suggestions for enhancing the model and its dataset, highlighting the significance

of word embeddings in natural language processing tasks.
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I Command Prompt - python
Microsoft Windows [Version 10.0.19042.1165]
(c) Microsoft cCorporation. A1l rights reserved.

C:\Users\Scott>python

Python 3.9.4 (tags/v3.9.4:1f2e308, Apr 6 2021, 13:40:21) [MSC v.1928 64 bit (AMD64)] on wi
Type "help", "copyright", "credits" or "license" for more information.

>>> import tensorflow as tf

>>> print('Num GPUs Available: ', len(tf.config.list_physical_devices('GPU"')))

Num GPUs Available: 1

>>> tf.test.is_built_with_cuda()

True

>>> tf.config.list_ph cal_devices('GPU")

[PhysicalDevice(name="/physical_device:GPU:0"', device_type='GPU')]

Figure 1. Python output showing GPU support for TensorFlow installed

#!/usr/bin/env python
# coding: utf-8

# word2Vec (Word Embedding)

3

Implement Word2Vec algorithm to compute vector representations of words, with TensorFlow 2.8. This example is using a small chunk of Wikipedia articles to train from.

More info: [Mikolov, Tomas et al. "Efficient Estimation of Word Representations in Vector Space.", 2013](https://arxiv.org/pdf/1361.3781.pdf)

Author: Aymeric Damien
Project: https://github.com/aymericdamien/TensorFlow-Examples

ETRETIE TR

13 # # Import
15 from _ future__ import division, print_function, absolute_import

1] import collections

18 import os

1 import random

26 import urllib.request|
21 import zipfile

23 import numpy as np
24 import tensorflow as tf

2¢€ # # Set Parameters

# Training Parameters.
learning_rate = 0.1
batch_size = 128
num_steps = 3000000
display_step = 10000
eval_step = 200000

# Evaluation Parameters.
36 eval_words = [b'five', b'of', b'going', b'hardware', b'american', b'britain']

8 # Word2Vec Parameters.
embedding_size = 200 # Dimension of the embedding vector.
max_vocabulary_size = 50000 # Total number of different words in the vocabulary.
41 min_occurrence = 10 # Remove all words that does not appears at least n times
42 skip_window = 3 # How many words to consider left and right.
43 num_skips = 2 # How many times to reuse an input to generate a label.
num_sampled = 64 # Number of negative examples to sample

# # Download File
4 # Download a small chunk of Wikipedia articles collection
url = "http://mattmahoney.net/dc/text8.zip"
19 data_path = 'text8.zip'
6 -if not os.path.exists(data_path):
51 print("Downloading the dataset... (It may take some time)")

Figure 2. Code screenshot (part 1)
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filename, _ = urllib.request.urlretrieve(url, data_path)
print("Done!™)
# Unzip the dataset file. Text has already been processed.
with zipfile.zipFile(data_path) as f:
text_words = f.read(f.namelist()[0]).lower().split()

# Build the dictionary and replace rare words with UNK token.
count = [('UNK', -1)]
count.extend(collections.Counter(text_words).most_common(max_vocabulary_size - 1))

# Remove samples with less than 'min_occurrence' occurrences.
ffor i in range(len(count) - 1, -1, -1):
if count[i][1] < min_occurrence:
count.pop(i)
else:
# The collection is ordered, so stop when 'min_occurrence' is reached.
break
# Compute the vocabulary size.
vocabulary _size = len(count)

# Assign an id to each word.

word2id = dict()

for i, (word, _)in enumerate(count):
word2id[word] = i

data = list()
-for word in text_words:
# Retrieve a word id, or assign it index © ('UNK') if not in dictionary.
index = word2id.get(word, ©)
if index == 0:
unk_count += 1
data.append(index)
count[@] = ('UNK', unk_count)
id2word = dict(zip(word2id.values(), word2id.keys()))

print("Words count:", len(text_words))
print("Unique words:", len(set(text_words)))
print("Vocabulary size:", vocabulary_size)
print("Most common words:", count[:10])

data_index = 9

# Generate training batch for the skip-gram model.

-def next_batch(batch_size, num_skips, skip_window):
global data_index
assert batch_size % num_skips ==
assert num_skips <= 2 * skip_window
batch = np.ndarray(shape=(batch_size), dtype=np.int32)
labels = np.ndarray(shape=(batch_size, 1), dtype=np.int32)
# get window size (words left and right + current one).
span = 2 * skip _window + 1

Figure 3. Code screenshot (part 2)
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buffer = collections.deque(maxlen=span)

if data_index + span > len(data):
data_index = 0

buffer.extend(data[data_index:data_index + span])

data_index += span

for i in range(batch_size // num_skips):
context_words = [w for w in range(span) if w != skip window]
words_to_use = random.sample(context_words, num_skips)

for j, context_word in enumerate(words_to_use):

batch[i * num_skips + j] = buffer[skip_window]
labels[i * num_skips + j, @] = buffer[context_word]

if data_index == len(data):

buffer.extend(data[@:span])

data_index = span
else:
buffer.append(data[data_index])
data_index += 1
# Backtrack a little bit to avoid skipping words in the end of a batch.
data_index = (data_index + len(data) - span) % len(data)

|

return batch, labels

# Ensure the following ops & var are assigned on CPU
# (some ops are not compatible on GPU).
-with tf.device('/cpu:0'):

sdef

=def

# Create the embedding variable (each row represent a word embedding vector).
embedding = tf.variable(tf.random.normal([vocabulary size, embedding_size]))

# Construct the variables for the NCE loss.

nce_weights = tf.variable(tf.random.normal([vocabulary_size, embedding size]))
nce_biases = tf.variable(tf.zeros([vocabulary_size]))

get _embedding(x):

with tf.device('/cpu:0'):
# Lookup the corresponding embedding vectors for each sample in X.
x_embed = tf.nn.embedding_lookup(embedding, x)
return x_embed

nce_loss(x_embed, y):
with tf.device('/cpu:0'):
# Compute the average NCE loss for the batch.
y = tf.cast(y, tf.inte4)
loss = tf.reduce_mean(
tf.nn.nce_loss(weights=nce_weights,
biases=nce_biases,
labels=y,
inputs=x_embed,
num_sampled=num_sampled,
num_classes=vocabulary size))
return loss

# Evaluation.

-def

evaluate(x_embed):

Figure 4. Code screenshot (part 3)
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# Evaluation.
-def evaluate(x_embed):
with tf.device('/cpu:0'):
# Compute the cosine similarity between input data embedding and every embedding vectors
x_embed = tf.cast(x_embed, tf.float32)
x_embed_norm = x_embed / tf.sqrt(tf.reduce_sum(tf.square(x_embed)))

embedding_norm = embedding / tf.sqrt(tf.reduce_sum(tf.square(embedding), 1, keepdims=True), tf.float32)

cosine_sim_op = tf.matmul(x_embed_norm, embedding _norm, transpose_b=True)
return cosine_sim_op

# Define the optimizer.
optimizer = tf.optimizers.SGD(learning_rate)

# Optimization process.
-def run_optimization(x, y):
with tf.device('/cpu:0'):
# Wrap computation inside a GradientTape for automatic differentiation.
with tf.GradientTape() as g:
emb = get_embedding(x)
loss = nce_loss(emb, y)

# Compute gradients.
gradients = g.gradient(loss, [embedding, nce weights, nce_biases])

# Update W and b following gradients.
optimizer.apply_gradients(zip(gradients, [embedding, nce weights, nce biases]))

# Words for testing.
x_test = np.array([word2id[w] for w in eval words])|

# Run training for the given number of steps.

{for step in range(1, num_steps + 1):|

batch_x, batch_y = next_batch(batch_size, num_skips, skip_window)
run_optimization(batch_x, batch_y)|

if step % display_step == @ or step == 1ﬂ
loss = nce_loss(get_embedding(batch_x), batch_yﬂ
print("step: %i, loss: %f" % (step, loss))

# Evaluation.
if step % eval_step == @ or step == 11
print("Evaluation...")|
sim = evaluate(get_embedding(x_test)).numpy()
for i in range(len(eval_words)):
top_k = 8 # number of nearest neighbors.
nearest = (-sim[i, :]).argsort()[1:top k + 1]
log str = ""%s" nearest neighbors:' % eval words[i]
for k in range(top_k):
log_str = '%s %s," % (log_str, id2word[nearest[k]])
print(log str)

Figure 5. Code screenshot (part 5)
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Figure 6. The CBOW and SG models. Adapted from “Efficient Estimation of Word Representations in Vector Space,” by Mikolov et
al., 2013, ArXiv:1301.3781 [Cs], p. 5.
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Figure 7. Program output (part 1)
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= C:\WINDOWS\system32\cmd.exe
1290000, loss:
1300000, Tloss:
1310000, Tloss:
1320000, Tloss:
1330000, Tloss:
1340000, loss:
1350000, Tloss:
1360000, loss:
1370000, Tloss:
1380000, Tloss:
1390000, Toss:
Toss:

.651454
.284832
.849676
.777591
.379488
.535251
.068232
.723305
.249540
.458923
.594061
.149514

NuounnwoooAhunNn

i ' nearest neighbors: b'four', b'three', b'six', b'two', b'eight', b'seven', b'zero', b'or
"b'of'" nearest neighbors: b'and', b'the', b'both', b'in', b'its', b"including', b'among', b'with',
"b'going'" nearest neighbors: b'man', b'only', b'i"', b'men', b'each', b'however', b'while', b'like',
"b'hardware'" nearest neighbors: b'another', b'special', b'free', b'which', b'all', b'line', b'has', b'long"',
"b'american'" nearest neighbors: b'french', b'english', b'german’, b'born', b'british’', b'film', b'john', b’ mer',
"b'britain'" nearest neighbors: b'major', b'present’', b'following’, b'last’, b'england’, b'great', b'control', b'during’,

1410000, loss: 6.904771

1420000, loss: 4.486112

1430000, loss: 5.140195

1440000, loss: 6.613288

1450000, loss: 5.170435

1460000, loss: 5.771801

1470000, loss: 7.209929

1480000, loss: 6.426055

1490000, loss: 5.400958

1500000, Toss: .017876

1510000, loss: 6.136062

1520000, loss: 6.193460

1530000, loss: 5.122378

1540000, loss: 7.789756

1550000, loss: 6.852715

1560000, loss: 5.489448

1570000, loss: 5.911392

1580000, loss: 5.124493

1590000, Toss: .164716

1600000, Tloss: 6.050113

4
5
6
5
5
7
6
5
5
6
6
5
il
6
5
5
)
6
6

' nearest neighbors: b'three', b'four', b'six', b'two', b'seven', b'eight', b'zero', b'one’,

' nearest neighbors: b'and', b'the', b’ , b'its', b'modern', b'most', b'especially', b'incl Yy
"b'going'" nearest neighbors: b'with', b'i", again', b'but’', b'man', b'while', b'men', b'each
"b'hardware'" nearest neighbors: b'free', b'another', b'original’, b'like', b'further', b'traditional’, b'off', b'through’
"b'american nearest neighbors: b'born', b'english', b'british', b'french', b'john', b'german’', b'b"', b'william',
"b'britain'" nearest neighbors: b'during’, b'last', b'government’', b'great', b'england', b'present’', b'under', b'following"',

1610000, loss: 6.811279

1620000, loss: 5.096116

1630000, loss: 6.100141

1640000, loss: 5.075856

1650000, loss: 7.754670

1660000, loss: 6.805923

1670000, loss: 4.914710

1680000, loss: 6.602691

1690000, loss: 5.566845

1700000, loss: 6.544322

1710000, loss: 5.625483

1720000, loss: 5.405638

1730000, loss: 5.143667

1740000, loss: 5.485419

1750000, loss: .430068

1760000, loss: 10.197885

1770000, loss: 4.800542

1780000, Tloss: 5.

1790000, loss: 4.807629

1800000, loss: 8.283819
Evaluation...

"b'five'" nearest neighbors: b'three', b'four', b'six', b'seven', b'eight', b'two', b'nine', b'zero',
' nearest neighbors: b'the', b'first', b'following', b'from', b'and', b'in', b'second’, b'became’,

‘going'" nearest neighbors: b'this', b'men', b'but', b’ in', b'man', b'each', b'about', b'even'
"b'hardware'" nearest neighbors: b'free', b'special’, b'ori ', b'further', b'another', b'into', b'traditional', b'off’
"b'american nearest neighbors: b'b', b'born', b'actor', b'd , b'english', b'robert’, b'french’
"b'britain'" nearest neighbors: b'great', b'following', b'during’', b'last’, b'from', b'england', b'government', b'under’
step: 1810000, loss: 5.183093
step: 1820000, loss: 5.946138

oo ANV UVNO

Figure 8. Program output (part 2)
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BEa \WINDOWS\system!Z\cmd exe
2480000,
2490000,
2500000,
2510000,
2520000,
2530000,
2540000,
2550000,
2560000,
2570000,
2580000,
2590000,
2600000,

Eva]uat1on

"b'five'" nearest neighbors: b'three', b'six', b'four', b'seven', b'eight’ b nine', b two', b' one'.

"b'of"" nearest neighbors: b'the', b'and', b'including’, b'from', b’ f1r5t ith' 0110w1ng , b'in’

"b'going’" nearest neighbors: b'your’, b'our', b'this’, b'man’, b'so’, b’ agawn b'men b'out’

bt hardwave " nearest neighbors: b'separate', b'mostly’', b'text' X ‘b7 further , b'free', b'available', b'reference’,

’b amev1can " nearest neighbors: b'actor', b'born', b' h b'd>, 'b" s1nger' b'writer', b'english',

"b'britain'" nearest neighbors: b'great', b'england b’ ; rance', b' estab115hed', b'germany’, b'from', b'following’,

: 2610000,

2620000,
2630000,
2640000,
2650000,
2660000,
2670000,
2680000,
2690000,
2700000,
2710000,
2720000,

.524732
.945109
.649315
.317198
380219
544545
472301
876979
209338
.545942
.574148
22171939
.171564

ooV AL

i
5
5
4.
5
6.
6
5
55
5
5=
6.
5%
4.
5
5=
6.
4.
)

2800000
Evaluation.
”b five'" nearest neighbors: b'four', b'three', b'six', b'seven', b'eight', b'two', b’ nine', b'one’,

'b'of'" nearest neighbors: b'in', b'the', b'following', b'and', b’ 1nc]ud1ng . b'from' . b" part', b'under’

‘going'" nearest neighbors: b'your', b'men', b'again’, b'that , b'only', b'this", b'when', b'almost’,

‘hardware'" nearest neighbors: b'separate', b'based', b'each’', b'text’, b’ ava11ab1e b'mostly', b'free', b'industry’,
"b'american'" nearest neighbors: b'actor', b'author', b'singer', b'born', b'writer', b actress', b'canadian', b'italian',
"b'britain'" nearest neighbors: b'england', b'great', b'france', b'established', b'europe', b'germany', b'government', b'india'

2810000, 5.576437

2820000,

2830000,

2840000,

2850000,

2860000,

2870000,

2880000,

2890000,

2900000,

2910000,

2920000,

2930000,

2940000,

2950000,

2960000,

2970000,

2980000,

2990000, .661077

: 300000 : .437140

uation...
"b'five'" nearest neighbors: b'four', b'three', b'six", b'seven', b'eig b'zero', b'one',
i nearest neighbors: b'the' ‘and', b'in', i , b'from', b'its’ includes’, b'with'
"b'going'" nearest neighbors: b'y ', b'again', b'only', b'men', b'put’, b'them', b'almost', b'witho

‘hardware'" nearest neighbor b'separate', b'software’, b'text', b'free’, b'available', b'using’', b'computer', b'memory’,

‘american'" nearest neighbor b'canadian', b'english', b'french’, b'author', b'russian’, b'german', b'british’, b'spanish’,
"b'britain'" nearest neighbors: b'great', b'england', b'established’, b'europe’, b'british', b'germany', b'france’, b'throughout’
Press any key to continue . :

.404453

VIO ANROVTUTIUIOVTAININ O

Figure 9. Program output (part 3)
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OPTION #1: Build a TensorFlow Demo

This paper explores the process of building a word2vec word embedding (WE) model
using Wikipedia data and TensorFlow (TF) 2.0+. TensorFlow, as defined by Abadi et al. (2016),
is an interface for expressing machine learning algorithms. The installation of TensorFlow,
including GPU support, was successful and without issues, as shown in Figure 1. The researcher
followed a “TensorFlow-Examples” tutorial to build a WE model. After downloading and
running the Jupyter Notebook file, the researcher examined the tutorial more closely using
Visual Studio. Figures 2 — 5 display the demo code, while 7 — 9 illustrate the program’s output.
Some code statements required updates for compatibility with Python 3. This paper overviews
word representations and WEs and delves into the demo’s model and dataset details.
Introduction to Word Representation

Word representation lies at the core of natural language processing (NLP) (Levy &
Goldberg, 2014). However, many contemporary NLP systems treat words as atomic units,
lacking representations that capture the similarities between words (Mikolov et al., 2013a).
Consequently, these systems are often simple and robust but inadequate for numerous tasks and
prone to poor generalization. For example, when employing symbolic representations where
discrete symbols denote each word, it becomes impossible to discern the relationship between
“coffee” and “water.” Furthermore, although “water” represents a strong argument for the verb
“drink,” we cannot infer that “coffee” serves as an equally strong argument.
The Distributional Hypothesis

To address these limitations, researchers aim to develop word representations that convey
semantic and syntactic similarities (Levy et al., 2015). Harris (1954, as cited in Levy et al., 2015)

introduced the distributional hypothesis, which has since become the foundation for numerous
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paradigms designed to acquire such representations. According to this hypothesis, words that
appear in similar contexts share similar meanings.
Word Embeddings and Their Applications

Word embeddings (WESs) represent words as dense, lower-dimensional vectors derived
from neural network-inspired training methods and recent techniques, capturing both semantic
and syntactic relationships between words (Levy & Goldberg, 2014; Rothe & Schiitze, 2015).
Although the dimensions of WESs are considered opaque, making it challenging to attribute
specific meanings (Levy et al., 2015), the geometric distances between these d-dimensional
vectors accurately reflect word relationships (Almeida & Xexéo, 2019; Bamler & Mandt, 2017).

For example, Mikolov et al. (2013a) discovered that simple algebraic operations on WE
vectors, such as vector(“King”) - vector(“Man”) + vector(“Woman”), yield a vector closest to
the word “Queen.” Consequently, WEs prove valuable in various NLP tasks, including semantic
parsing, sentiment analysis (Bamler & Mandt, 2017), part-of-speech tagging, and named-entity
recognition (Wang et al., 2019). These use cases illustrate how the researcher can utilize WESs in
his chatbot development project.
The word2vec Algorithm

Word2vec, an algorithm introduced by Mikolov et al. (2013a), generates word
embeddings (WES) that scale efficiently with large datasets and deliver high-quality results
(Kusner et al., 2015).

Skip Grams and Continuous Bag-of-Words

According to “Stanford University,” word2vec utilizes either skip-grams (SG) or
continuous bag-of-words (CBOW) algorithms to create WEs, along with hierarchical softmax or

negative sampling methods for calculating probability distributions. While CBOW predicts the
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current word based on context words, SG predicts surrounding words using the current word
(Mikolov et al., 2013a).

Hierarchical Softmax and Negative Sampling

This paper focuses on the SG with a negative sampling model, an unsupervised, state-of-
the-art WE technique (Kusner et al., 2015; Levy et al., 2015). Levy et al. (2015) explain that the
unsupervised SG with a negative sampling model associates each target word (w) with a vector
(vw) and each context word (c) with a vector (vc). The model learns to maximize the dot product
(vervw) for “good” word-context pairs by treating each vector entry as a learnable parameter.

The negative sampling objective aims to maximize the log probability of observed word-
context pairs in the data. To avoid a trivial solution of setting vc=vw, the objective includes
word-context pairs with low probabilities. For instance, with training data “The quick brown fox
jumps,” Jordan Boyd-Graber (2019) suggests corrupting the sample by replacing “brown” with a
random word, such as “transparent.” The model aims to set vector values so that the dot product
between focus and context words is high in the former case and low for the corrupted word-
context pairs.

Optimizing with Stochastic Gradient Descent

Surprisingly, optimizing this negative sampling objective with stochastic-gradient
descent (SGD) yields WEs with remarkable similarity for words in similar contexts (Levy et al.,
2015).

Dataset Description

The demo in this paper implements the word2vec algorithm to create word embeddings

(WEs) from a Wikipedia data dump using TensorFlow 2.0+. Mahoney (2011) describes the text8

dataset as a 100 MB cleaned-up version of a Wikipedia data dump from 2006. The lowercase
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dataset comprises English letters and spaces (Tomar, 2019). The demo reports dataset details,
such as the number of words and unique words and the ten most frequently occurring words.
Setting Parameters and Pre-processing Data

Before processing, the program imports necessary libraries and sets various training,
model, and evaluation parameters. It is designed to return the eight nearest neighbors (NNs) of
six test words, with embedding vector dimensions set to 200, a maximum vocabulary size of
50,000, and a minimum word occurrence threshold of 10. Hyperparameter tuning could
potentially improve the model’s performance.

Data Preparation

The program downloads the text8.zip file, processes it, and creates a dictionary object
containing the frequency counts for the 50,000 most frequently occurring words. Infrequent
words are removed, reducing the vocabulary size to 47,135. The program counts “unknown”
words, adds word indices to the data list, and creates two dictionary objects for converting words
between string and numerical representations.

Afterward, the program outputs the dataset information mentioned earlier and ensures
that specific functions are computed on the CPU rather than the GPU, as not all operations are
GPU-compatible. The program creates an embedding variable with randomly generated values,
where each row represents a WE vector. It also generates weight and bias variables for
calculating the Noise Contrastive Estimation (NCE) loss and defines the SGD optimizer, setting
the learning rate parameter to 0.1 (Mikolov et al., 2013b). Additionally, the program creates a
test dataset that converts each testing word to its corresponding index.

Model Training
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Next, the program trains the model for a specified number of steps, set at 3,000,000 in the
demo. Training begins with creating feature (x) and target (y) variables for the data using the
vocabulary. The program employs a context window of size seven, incrementally moving
through each word in the vocabulary. Explanatory and target variables are generated by selecting
the center word from each context window as the model’s input and randomly choosing two
context words from the same window as ground truth target variables. This results in an
unsupervised learning model.

During training, the model applies the SGD optimization process to the data, converting
each word in the focus and context vectors into their distributed representations. It then computes
the average NCE loss for each batch using the weight and bias vectors and randomly sampling
64 negative classes.

Model Evaluation and Results

Subsequently, the model computes gradients for each batch and updates its weights,
biases, and embeddings based on these gradients. The program reports the model’s loss after
every 10,000th step. It evaluates the skip-gram model at every 200,000th step by converting the
six test words to their corresponding embeddings and calculating the cosine similarity between
each test set embedding and all other embeddings. These cosine similarities are ranked in
descending order, and the eight nearest neighbors (NNs) for each test word are output.

Comparing the first evaluation output to the three millionth step (Figures 7 — 9) reveals
the program’s increased accuracy. For example, the NNs for “Britain” at the last training step,
which include “England,” “Europe,” “British,” “Germany,” and “France,” are more semantically
and syntactically related to the target word than the NNs output after step 1.

Conclusion
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In summary, this paper explored the concepts of word representations and word
embeddings (WEs), delving into the word2vec algorithm and its underlying principles. Utilizing
TensorFlow 2.0+ and a Wikipedia dataset, the paper demonstrated the process of constructing
WEs through the unsupervised learning techniques of the skip-gram negative-sampling model.
The paper also highlighted the potential applications of these technigues in the author's chatbot

development project and suggested avenues for enhancing the model and its dataset.
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