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Abstract

Ancient poetry is the jewel of China's outstanding traditional culture. For two thousand years,
China's outstanding poets have come forth in large numbers, and their poems are full of stars and
stars, rich in content and far-reaching. With the continuous development of computer technology,
the recommendation system is everywhere in our lives, providing convenience for more and more
users. However, at present, there is a lack of personalized intelligent recommendation system for
ancient poetry. Most poetry websites are only a simple display of poetry content, not a recom-
mendation. Therefore, research on ancient poetry recommendation promotes the spread of Chi-
nese excellent traditional culture. It is of great significance. Based on the Word2vec model, this
paper realizes the personalized recommendation of ancient poetry by using the ancient poetry
data crawled on the network.
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Table 1. Main methods and descriptions of Requests

%% 1. Requests FE 755k K i AA

ik i
Requests.request() R —AME R, SCHEDL R & 7 IRl T E
Requests.get() FRELHTML BT FE 5%, WRNT HTTP [ GET
Requests.head() FRELHTML M 53kA5 B 757, %R T HTTP i) HEAD
Requests.post() M HTML M J4258 POST 53K #J7vE, X RT HTTP i) POST
Requests.put() ] HTML W #2758 PUT iR 77i%, X R.F HTTP (9 PUT
Requests.patch() i) HTML W 53822 R e il =k, % RT HTTP /) PATCH
Requests.delete() i) HTML GU 222 MilkRi sk, %3 RiT- HTTP [ DELETE

Table 2. Basic elements of the BeautifulSoup class

%% 2. BeautifulSoup FHIE AR TTE

EETHE i
Tag bragk, BEARNELSAL RIS, I H<SHM<>FRYIT LML R
Name FRERA T, <p>. <p>METR ‘p’, #: <tag>name
Attributes PR EN, FHERALR, K <tag>.attrs
NavigableString WENAEEHEEM R, <. <sHEFH, KR <tag>string
Comment PREZEN FAE R AR R 4, —FIRFR ¥ Comment 287!
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Figure 1. Network structure of CBOW model and Skip-gram model
& 1. CBOW #%AUF0 Skip-gram 1& & Al 4% 454
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Figure 2. A simple example of the HS model
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Figure 3. Module design flow chart
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Figure 4. Ancient poetry crawling flow
chart
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Table 3. Main training parameters of the word2vec model

%% 3. Word2vec #ERBIH F351)|1 458

VgsH ZHEX
size ] ) £ (R 4 4
window IR HRD
alpha ESIpr ¢
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