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for ID in wsers: #forming an entry
for line in datalID]:

ext = "v

clock = time[ID][datalID].index(1line)]

USER = vk.method("users.get", {"user_ids":ID})[08] # getting user’

—

w

USER = "%s %s" % (USER['first_name'], USER['last_name'])

line = line.split(" ")

matter_left = how_much_left[base[line[0]][:base[line[0]].index("(")]]

line[2] = 1line[2].upper()
if len(line[2]) == 1:
if line[2] == "n":

else:
if line[2][6] == "n":

sight = "nPuxon"

if line[2][1:].isdigit():

sight
else:
sight = line[2]

"NIABOPATOPHAS W%s" % line[2]1[1:]

Fig. 1. Part of the code, which is forming an entry for logging

for which this reagent was taken, or adding newly
arrived reagents as a result of a purchase, transfer,
or exchange.
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Introduction

With the continuous development of commu-
nication, computer, automation and other technol-
ogies, machine learning algorithms represented by
deep learning have been widely used in image rec-
ognition, speech recognition, natural language pro-
cessing, and other fields. The chemical information
contained in scientific literature and network plays
an important role in molecular structure retrieval
and new drugs design.

Researchers use ChemDraw, ChemSketch, and
other chemical mapping software to manually draw
chemical structure images in the literature. On the
other side, deep learning algorithms are used to au-
tomatically convert chemical structure images in
the literature into InChl, SDF, which can be recog-
nized by computers.

Unfortunately, a lot of data sets provided to
the public are very small. This does not allow ma-
chine models to interpret them. In addition, images
from the past do have a lot of corruption that leads
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to a negligible performance by machines. Hence,
development efforts by researchers will be slowed
because of the necessity of manual work. Based on
this, this project established an algorithm to inter-
pret old chemical images to help chemists.

Recognition method of chemical structure
diagram based on deep learning

The overall framework of the Bahdanau Atten-
tion Mechanism[ 1 Jmethod proposed in this paper is
shown in Figure 1., which is divided into encoding
and decoding parts. The encoder uses a pretrained
Convolutional Neural Network (CNN) to encode
chemical structure images into fixed-length high-di-
mensional feature vectors. In order to support CNN,
Bahdanau Attention Mechanism is added to the back
end of it, which translates InChl to binary, and can
then process variable-length information sequenc-
es. The decoding side also uses Bahdanau Attention
Mechanism to decode it into InChl.

Old images of chemicals in this project were
provided and generated by the Bristol-Myers Squibb
company. The images were synthetic but different in
multiple sections, from distinct angles, various res-
olutions, and unalike noise levels. Each image was
provided with its respective International Chemical

Identifier (InChl). Four million pictures were used
as data. 2.4 million of them were utilized as a learn-
ing data set to train the algorithm while the other 1,6
million were used for testing the data resulting from
the algorithm.

The output of the data used as the testing set
for the algorithm is considered the results of the ex-
periment right after it is decoded to InChl. These
results were compared to original data using a string
metric named Levenshtein distance [2]. This string
metric is a measurement to identify how different
two strings are. The higher the Levenshtein distance
number gets, the bigger the difference is between
the strings. Consequently, the data results were
5.2 % different than the original data set. Specifical-
ly, the algorithm predicted and translated to InChl
correctly 94.8 % of the given input.

Conclusion

In this paper, an end-to-end chemical image
interpretation method by deep learning methods is
proposed. This method does not need manual work;
it directly identifies the old images gone through
corruption. The algorithm is effective and needs to
be developed furthermore.
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Fig. 1. Chemical structure interpretation framework based on Bahdanau Attention Mechanism
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