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def sent_to_matched words_boundaries(sent, lexicon tree, max_word num=None) :
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Args:
sent: 4 AR, —DFRYECAH
lexicon _tree: fi] HLA%
max_word _num: fix £ VC g 19 18] 1Y 808
Args:
sent_words: /) F HP RS 5 I J 1 ) 20
sent_boundaries: ] F H &4~ TR R ) 31 S 2R
sent_length = len(sent)
sent_words = [[ ] for _ in range(sent_length) ]

sent_boundaries = [[ ] for _ in range(sent_length) | # &N F 7 HAE — 1 A

for idx in range(sent_length) :
sub_sent = sent[idx:idx -+ lexicon_tree. max_depth]

words = lexicon _tree. enumerateMatch(sub_sent)

if len(words) == 0 and len(sent_boundaries[idx]) == 0:

sent_boundaries[idx ]. append(3) # S—

else:
if len(words) == 1 and len(words[0]) == 1:
if len(sent_words[idx]) == 0.
sent_ words[ idx ]. extend (words)
sent_boundaries[ idx ]. append(3) # S—
else:

if max_word _num:
need num = max_word num — len(sent_words[idx])
words = words| :need num |
sent_words[ idx ]. extend (words)
for word in words:
if 0 not in sent_boundaries[ idx ] :
sent_boundaries[idx ]. append(0) & S—
start_pos = idx + 1
end_pos = idx + len(word) — 1
for tmp_j in range(start_pos, end_pos) :
if 1 not in sent_boundaries| tmp _j]:
sent_boundaries[ tmp_j]. append(1) # M—
sent_words[ tmp_j]. append (word)
if 2 not in sent_boundaries| end _pos]:
sent_boundaries| end _pos]. append(2) # E—

sent_words[ end_pos]. append(word)
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assert len(sent_words) == len(sent_boundaries)

new _sent_boundaries = [ |
dx =0
for boundary in sent_boundaries:
if len(boundary) == 0:
print("Error")
new_sent_boundaries. append(0)
elif len(boundary) == 1:
new _sent_boundaries. append (boundary[0])
elif len(boundary) == 2.
total_num = sum(boundary)
new _sent_boundaries. append (3 + total_num)
elif len(boundary) ==
new _sent_boundaries. append(7)
else:
print(boundary )
print("Error")
new_sent_boundaries. append(8)
assert len(sent_words) == len(new _sent_boundaries)
return sent_words, new _sent_boundaries
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Research on Named Entity Recognition of Data Structure Text
Based on Domain Word Vector Fusion

HOU Min, GAO Mao, ZHANG Liping, YAN Sheng, ZHAO Yubo

(College of Computer Science and Technology, Inner Mongolia Normal University, Hohhot 010022, China)

Abstract: The BERT pre training model, which uses words as segmentation units, performs well in
entity recognition tasks, but it ignores coarse-grained domain vocabulary as the overall semantic representation
information, is not effective for recognizing a large number of nested entities in educational curriculum texts. To
address the above issues, a dynamic fusion word and word level word vectors for LEBERT -CRF education
domain course text entity recognition method is proposed. In the method, the dictionary adapter is used to
efficiently integrate domain dictionary features into the BERT model and thereby improving the recognition
effect of the BERT model on entity word boundaries and better adapting to course knowledge extraction tasks.
The experimental results indicate that the LEBERT-CRF model performs better than other mainstream entity
recognition models do, with an F1 of 95.47%.

Key words: entity recognition; LEBERT; domain word vector; word fusion
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