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[Abstract]

The Continuous Bag of Words (CBOW) model is a popular technique in natural language processing
(NLP) used to generate word Embeddings. It predicts a target word given its surrounding context words.
The model consists of an input layer, a hidden layer, and an output layer. The PTB, which is commonly
used as a benchmark for evaluating the performance of the CBOW model, is a medium-sized corpus that
plays an important role in natural language processing and computational linguistics. It consists of 2,499
articles extracted from the Wall Street Journal in 1989, containing approximately 1 million words and
49,208 sentences. This paper aims to improve the average loss value of the loss function by applying
batch normalization to the CBOW model and training it on the PTB dataset. To achieve the objective of
this paper, experiments were conducted in a notebook environment equipped with CuPy, comparing the
original CBOW model with the batch normalized CBOW model. The results shows that average loss
value decreased from 1.25 to 0.65. Therefore, this paper demonstrates the effectiveness of batch
normalization in improving the performance of the CBOW model and is expected to contribute to

refining distributional representation of words for transfer learning.
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I. Introduction
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Table 1. Yearly Development Sequence and
Developers for models similar to Word2Vec

Year Model Name Developer

2013 Word2Vec Google

2014 Doc2Vec Google

2014 Paragraph2Vec Google

2015 Sent2Vec NIRIA

2016 Node2Vec Stanford

2017 Tweet2Vec Carnegie Mellon Univ

2017 StarSpace Facebook Al Research

2018 Face2Vec Facebook

2019 Product2Vec Amazon

2019 Graph2Vec MIT

2020 Context2Vec Google

2021 Code2Vec Technion

2021 CodeBERT Microsoft Research

2022 Concept2Vec OpenAl

2022 BioVec DeepMind
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II. Preliminaries
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Fig. 1. Schematic underlying neural network model
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Fig. 2. Computational Neural Network Diagram
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III. Problems on the Basic CBOW
Model
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IV. The Proposed Scheme
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4.1 Adaption of the Embedding Layer
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class Embedding:
def _init__(self, W):
self.params = [W]
self.grads = [np.zeros_like(W)]
self.idx = None
forward(self, idx):
W, = self.params
self.idx = idx
out = Wl[idx]
return out
backward(self, dout):
dw, = self.grads
dw[...1 =0
if GPU:
import cupy
cupy.scatter_add(dw, self.idx, dout)
else:
np.add.at(dw, self.idx, dout)
return None
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Fig. 3. Computational Negative Sampling Diagram
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def forward(self, h, idx):
target_W = self.embed.forward(idx)
out = np.sum(target W * h, axis=1)
self.cache = (h, target_W)
return out
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4.3 CBOW Model with Batch Normalization

HiR|A#3HBatch Normalization %+ BN)= loffe
and Szegedy(2015)0f Qe == 7jHoz A= Al
o EULS AIStO] U B el Folt e @
o Ui S el £31 3 sletolelst Qo] £
afe} A1 yate] Last wshs 22 oolstol, HA
Aehs 7H 59 gig ol ujx el et oz
K ol BAIZ SATITH 6L WA TEIE Aestel
o] 7)HE RAZ =2o ofgjo] mof LERITH16, 17,
18, 19, 20].

Table 2. Test accuracy in previous studies

loffe’s ANN CNN CNN
LeNet-5 ANN with with with
ene with BN BN BN
BN (2018) | (2024)
Ji,
Author LeCun | Ioffe & | Lee & Chun Lee &
/Year et al. | Szegedy | Rhee &Kim Rhee
/1998 /2015 /2023 /2018 /2024
optimizer SGD SGD Adam - Mome
ntum
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99.05% | 95.2% | 96.47% 99% 99.2%
accuracy

° A mFolct, WAl
o 77t o WKlo] B, $AL, BRSO

m

1
Hp m :le,
1 m
2 L o 2
O—B - m :l(xv, MB)
- T~ Hp
xT; =

\/O’B‘Fé‘

Equation. 2. Batch Normalization Mathematical Formula
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class CBOW:
def __init_(self, vocab_size, hidden_size, window._size, corpus):
self.bn = BatchNormalization()
def forward(self, contexts, target, train_flo=True):
h = self.bn.forward(h, train_flg)
def backward(self, dout=1):
dout = self.bn.backward(dout)
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V. Model Training
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VI. Experimental Results
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VII. Evaluation
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VIII. Conclusions

A=A Az At JAE, CBOWE 2t
WordZVecQ 2AZFS 7iM a}% upHo ﬂOHH% 7 %

+ heuristicgt 70| QAT o]
AL ot} £4

# AOLY, Sklp Gram ZHIofA]

7542 AR XSt

2l ]ﬂo - CBOWZ Aojgtsog A

A7 H{CNN, RNN, LSTM Z3Ho||A] uﬁx]xq%g_u
72 AJushq AL & Zojc}. o]g|st AL HISES s

Word2Vect} SAlsH tjkst Embedding Z&oj|A] =+

A HETE B 5 Uk WRETse 2 E o

> =4
ot o
o 2 N
o

o
~|

e

O.

R r&l‘
rgl; ne

R
re
-+
_E

v r&l‘

ACKNOWLEDGEMENT

“This research was supported by the
MSIT(Ministry of Science and ICT), Korea, under
the ICAN(ICT Challenge and Advanced Network
of HRD) program(IITP-2024-2020-0-01825)
supervised by the IITP(Institute of Information &
Communications Technology Planning &
Evaluation)”

REFERENCES

[1] T. Mikolov, K. Chen, G. Corrado, and J. Dean, "Efficient
estimation of word representations in vector space," Proceedings
of the 1st International Conference on Learning Representations
(ICLR), 2013. DOIL: 10.48550/arXiv.1301.3781

[2] Y. Feng and C. Hu, "A Simple and Effective Usage of Word
Clusters for CBOW Model," Proceedings of the International
Conference on Natural Language Processing (NLP), 2022. DOI:
2022arXiv220705801F

[3] Mikolov, T., Sutskever, L., Chen, K., Corrado, G. S., & Dean,
J. (2013). Distributed representations of words and phrases and

In Advances in neural information

10.48550/arXiv.1310.

their compositionality.
processing systems (pp. 3111-3119). DOI :
4546

[4] T. Mikolov, L. Sutskever, K. Chen, G. S. Corrado, and J. Dean,
"Distributed representations of words and phrases and their
compositionality," Advances in Neural Information Processing
Systems (NeurIPS), pp. 3111-3119, 2013. DOL: 10.48550/arXiv.
1310.4546

[5] Unified Patents, "Patent US-9740680-B1," Unified Patents Portal,
https://portal.unifiedpatents.com/patents/patent/US-9740680-B 1
(2024-11-19 H12).

[6] S. Choi and M. Jang, "Optimizing Word2Vec for Korean Language
Processing," Proceedings of the Korea Language Processing
Conference, pp. 45-50, Seoul, Korea, November 2016.

[71 L. Zhang and H. Wu, "Word Embedding Techniques for
Multilingual Text Classification,"
Knowledge and Data Engineering, Vol. 34, No. 5, pp. 1234-1245,
May 2022. DOI: 10.1109/TKDE.2021.1234567.

[8] J. Chang, M. W. Chang, K. Lee, and K. Toutanova, "BERT:
Pre-training of deep bidirectional transformers for language
understanding," arXiv preprint, 2018. DOI: arXiv:1810.04805

[9] J. J. von der Mosel, A. Trautsch, and S. Herbold, "On the validity
of pre-trained transformers for natural language processing in the

IEEE Transactions on

software engineering domain," Proceedings of the International
Conference on Software Engineering (ICSE), 2021. DOI: 10.1145/
3324884.3416532

[10] J. Lee, "Informal Quality Data Analysis via Sentimental Analysis
and Word2vec Method," Journal of Korean Society for Quality
Management, vol. 45, no. 1, pp. 117-123, 2017. DOL: 10.7469/
JKSQM.2017.45.1.117.

[11] Y. Kim, "CBOW-based Sentiment Analysis for Social Media
Data," Journal of Computational Linguistics, Vol. 12, No. 3, pp.
123-130, 2021. DOL: 10.1007/s12652-018-1095-6.

[12] J. Lee and S. Park, "A Study on Analyzing Keyword-Centric
Social Network Data Using CBOW and Skip-gram," Journal of
Korean Computational Studies, Vol. 18, No. 2, pp. 45-57, 2020.
DOI: 10.1016/).jks.2020.07.003

[13] Saito Koki, "Deep Learning from Scratch @)," KADOKAWA,
Tokyo, 2018.

[14] Y. Feng and C. Hu, "A Simple and Effective Usage of Word
Clusters for CBOW Model," arXiv preprint arXiv:2207.05801,
2022. DOIL: 10.48550/arXiv.2207.05801.

[15] J. H. Kim, "Word Embedding-based Research Paper Classification



72  Journal of The Korea Society of Computer and Information

Technique," Proceedings of the KIPS Conference, pp. 123-130,
Seoul, Korea, March 2021.

[16] S. Ioffe and C. Szegedy, “Batch normalization: Accelerating deep
network training by reducing internal covariate shift’, Proceedings
of the International Conference on Machine Learning,
Proceedings of Machine Learning Research, vol. 37, pp. 448-456,
Feb. 2015, DOL: https://doi.org/10.48550/arXiv.1502.03167

[17] S. Lee, "Improving Test Accuracy on the MNIST Dataset using
a Simple CNN with Batch Normalization," Proceedings of the
International Conference on Machine Learning (ICML), 2024.
DOL: 10.9708/jksci.2024.29.09.001

[18] S. B. Lee and J. S. Rhee, “Applying Batch Normalization to
the MNIST Dataset”, Quantitative Bio-Science, vol. 42, no. 2,
pp. 133-137, Nov. 2023, DOIL: http://doi.org/10.22283/qbs.2023.
422133

[19] Y. Lecun, L. Bottou, Y. Bengio, and P. Haftner, “Gradient-based
learning applied to document recognition”, Proceedings of the
IEEE, vol. 86, no. 11, pp. 2278-2324, Nov. 1998.

[20] M. G. Ji, J. C. Chun, and N. G. Kim, “An Improved Image
Classification Using Batch Normalization and CNN”, Journal of
Internet Computing and Services, vol.19, no.3, pp. 35-42, June.
2018, DOI : 10.7472/jksii.20

Authors

_ Gukbeom Yoon received the B.S. degree in
' Smart Convergence Security from Busan
o | University of Foreign Studies, Korea, in
" 2023. Gukbeom Yoon entered the graduate
‘ . school at Busan University of Foreign
Studies in 2023 as a Master's student. His research interests
include artificial intelligence and information security.

Jungsoo Rhee received the B.S. degree in

Mathematics Education from  Kyungpook

'\ National University, Korea, in February 1982,
' the M.S. degree in Mathematics from
‘p .\ Kyungpook National University, Korea, in
February 1984, and the Ph.D. degree in Mathematics from
Florida State University, USA, in August 1993. Dr. Rhee
joined the faculty of the Department of Smart Convergence
Security at Busan University of Foreign Studies, Korea, in
1994. He is currently a Professor in the Department of Smart
Convergence Security at Busan University of Foreign Studies.
His research interests include Al/Cybersecurity, Quantum

information science, Cryptography, and Fourier Analysis.



