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      《人工智能》上机报告
	学  号
	
	姓  名
	
	专业班级
	计算机科学与技术zsb250x班

	上机地点
	
	指导教师
	骆爽
	时  间
	2026.6.xx

	上机内容
	上机2  自然语言处理

	一、实验目的及要求
1. 掌握Python语言的编程方法和基于Keras的人工智能编程方法                                                                                                                                                                                                                                                                                  

2. 熟悉Word2Vec模型及词向量
3. 掌握数据预处理方法、自然语言NLP处理方法
4. 掌握建模的流程、对模型结果的分析及优化

	二、实验设备（环境）及要求
Anaconda、Jupyter Notebook、keras。
注：可以自带电脑或提前完成上机，保证上机课内时间完成并提交上机报告即可

	三、实验内容与步骤

1. 读取停用词
[image: image2.png]™ [8]:

with open(”data\stop_words. txt”, ‘", encoding="utf-8") as £_stopwords:
for line in f_stopwords

Line=line. replace iz,
stop_words. append (Line)

print (len(stop_vords))

stop_words=set (stop_words)

print (len(stop_vords))

print (len(stop_vords))

~zeplace (“\n”, ). strip ()

1910
1909
1909




2. 文本预处理
[image: image3.png]m 71

raw_word_list=[]
rules=u” ([\ute00-\udfa5]+)
pattern=re. conpile (rules)
£_writer=open (“data/Seg_The_Sniling Proud Wanderer. txt”, “w”, encoding="utf-8")
with open(“data/The_Sniling Proud Vanderer. txt”, 'r”, encoding="utf-8") as f_reader:
Lines = £_reader. readlines()
for line in lines:
Line = line.replace("\z”, “*).zeplace (", “*).strip()

if line or line is Hone:

continue
line = “ “.join(jieba. cut (line))
seg_list = pattern. findall(line)
word_list = []
for vord in seg_list:
if vord not in stop_vords:
word_list. append (word)
if len(word list) > 0:
raw_word_list. extend (vord_list)
Line = * . join(word_list)
fowmiter.write (line + “\n”)
£_writer. flush()
£writer. close ()
print (len(raw_word_list))
print (len(set (rav_vord_list)))
vocabulary_size=len(set (rav_vord_list))

272481
41043




3. 定义Word2Vec模型并训练
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import collections
import oy as
import randon

import tensorlor as tf

vocabulars_size - Len(sst (xs
woxds - ram_sord lizt
comt - [P0, 1]

count. extand (cal lections. Counter (sards). most_coamon (vocsbulary._size — 1))
print ("count”, Len(count))

dictionary - gi0t0)

:_rord_1ist))

for vord, _ in count
dictionarlrord] - len(dictionars)

dsta = 1ist0
s_count - 0

for word in words
3 sord in dictionary:
index = dictionsry [sord]
alze:
index = 0
_count  usk_count + 1
data. ppend(index)

coumt[0][1] = unk_soust
zeverse_dictionary - dict(zip (dictionary. valuss(), dictionars. keys())
dal woris

print (ravarse_dictionar[1000])

orint (datal:200))

P

index = 0

def gensrate bazch(batch_size, mum skips, skip_sindow)
alobal ata_indsx
bateh = mp. darray (shape~(hatch_size), dtspemp. intd2)
Labels - np. ndsrray (shape~(batch_size, 1), dtrpe-mp. ine32)
span = 2 % skip_vindor + 1
batfer = colLections. dsqus (saxlen-span)
for _ in ranse(spax)
bufter. sppend (dataldata_index])
data_index - (data_index + 1) % Lon(date)
for 5 in rangs (batch_size // mum skips)

hile tergst in tarssts_to_svoid:
Sarsst - rasdon rendint (0, sen — 1)
targsts_to_svoid. ppend(targst)
batehli % mun_skips + 5] - butfer[skip_sindos]
Labels[ % num skips + 3, 0] = buffer[iarget]
buffer. sppend (data data_index])
data_index - (data_index + 1) % Lon(date)
roturn batch, labels
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bateh, labels - generats_bstch(batch_size~128, num skips~4, skip_vindos-2)

for 1 in range(10):
srint (atchli], reverse_dictionar[batchlil], -, labalsli, 0], reverse dictionarsllabelsli, 011

bsteh_size - 128
enbsdding_sizs - 300
skip_sindow -
rum_skips - 4
velid sisdor - 100
rum_samle - 64
Learning_rate - 0.01

validsord - [ 4U0F, CEAW, CRFZ, CERE, CHEL]
valid sramle - [dictionars[ii] far i in valid_vord]

ata_index = 0

def next batch (batch size, mum_skips, skip_vindos)
alobal data_indsx
assart batch_sizs % num_skips — 0
assart mus_skips - 2 * skip_vindor
bateh = np_ nésrray (shape~(hateh_size), dtspemp. intd2)
Labels - np. ndsrray (shape~(batch_size, 1), dtrpe-mp. ine32)
span = 2 % skip_vindor + 1
batfer = col Lections. dequs (maxlen=span)
3 dste_index + span > lea(dste)
e
butfer. extend(data data_index:dsta_indsx + spas])
dsta_index - spen
for T in rangs (batch_size // mum skips)
context_sords = [+ for v in rangs(span) if = I= skip_vindos]
wozds_to_use = randon. sexple (context_sords, mum_skips)
for 3, context_sord in snuserate(vords_to_use)
batehli % aum_skips + 5] - butfer[skip_sindos]
Labels[i % num_skips + 3, 0] - butfer [context_sord]
if data_index — len(éste)
butfer. extend(datal0: spanl)
data_indsx - span
alze:
butfer. append(dataldata_index)
date_index - 1
data_index = (data_index + len(data) — span) % lon(date)
xotumm batch, labels

with <€, dovies( /epu:0’)
embedding - t£. Varisble (t2. randon. norual ([vocabulary_sizs, ssbedding_sizs]))
nce_vsights = +f. Varisble (tf. randon. normal ([vocabulars._size, eabedding_size]))
nes biases - ¢, Varibla(:Z. zeros ([vocabulary_size]))
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dof gt _sebedding(x)
with 12, device( /opu:0').
x_eabed = £.m cubedding_lookup (ssbedding, ©)
atum x_ssbed

def nce_loss(x_ssbed, 1)
with 12 dvice( /opu:0').
7 -t cast(s, ¢ int6d)
Toss = t£. educe_msan(
+£.mn nce_Loss (ssishts ncs_seights,

biasesmos bissas,
Labele,
e
nun_sanpled-rum_sazple,
nun_classes-vocabulary_size))

atum loss

def svalusta(x_sabed)
with 12, device( fopu:0').
x_eabed = £, cast (x_embsd, ¢ flostd2)
enibed_nors - x_embed / t2. sart (t£. reduce _sun(:£. squara(x_ssbsd)))
mbsdding norn  embedding / <£. sort (¢ reduce_sum(1£. square (subedding), 1, kespdins~Trus), if. floatdd)
_siz_op - +£.natmul (x_embed_nor, subedding_nors, transposs_b-True)
eturn cosine_sin_op

optinizer = ¢f. optinizers. SD(learning_rate)

def run_opsimization(s, 7)
with 12 device( /opu:0')
with 52 CradientTaps ) as g
b - get_ubsdding (x)
Loss - nos_loss (smb, )
sradients - g gradiont (loss, [smbsdding, nes_veights, nos biases])
optisizer. apply_sradisnts (sis(sradionts, [embedding, nce weishts, nos bisses]))

coust 41083
"

(1953, 13891, 20225, 20228, 20230, 7412, 4195, 13892, 20231, 2073, 20233, 13893, 13894, 478, 1810, 10701, 5698, 20234, 5700, 20235, 427, 24
3, 10701, 906, 2023, 713, 20237, 2023, 20239, 333, 278L, 739, 251, 2954, 20240, STAD, 7414, 2093, TAIS, 10702, 4615, 2434, 1954, 1389
5, 2094, 3361, 10703, 7416, 13596, 13897, 598, 10703, G741, 20241, 10703, 508, 1260, 1030, 4615, 2434, 20242, 20243, 132, 20244, 2434, 367,

203, 510, 20245, 13695, 13899, 13000, 4196, 13901, TAIT, 839, 5701, 2186, 2435, 20246, 7418, 20247, 10704, 20245, 36T, 203, 510, 20243, 218
7, 20250, 20251, 105, 6485, 20252, 20053, 5702, 2054, 1623, 10705, ST42, 100, 693, 1390, 13303, 6436, 435, 20255, 2619, T4, 7419, 1559, 58
7 l622, 100, 330, 4, 10706, 839, 36, 203, 10707, 4616, 3333, 181, 20256, 533, 200, 2782, 60, 213, 283, 2025V, 20258, 3334, 4617, 20758,
501, sh1, 335, 8743, 324 13, 3335 10705, 1954, 13904, 1119, 2184 2785, 4618, 13905, 3565, 2436, 2436, 215, 2955, 434, 1881, 10709, 20
260, 10710, 3566, 20261, 1003, 20362, 203, 1812, 1622, 100, 1227, 37L, 195, 1985, 5703, 551, 1%, 4197, 2319, 320, 2786, 20763, 7420, 5704,

L0714, 5744, 5705, 1386, 255, 100, 1560, 3567, 1913, 5092, 453, 503, 10732, 5B, 434, 285, 26207

20208 £% o> 1983 ZHTH

20208 2% -> 20230 RE

20208 2% -> 20028 X[

20208 2% > 13891 [5F

20209 7 > 1412

20209 7 > 20230 RE

20209 37 > 13891 5

20209 X7 > 20228 £

20220 RE > 20225 2%

2020 RE > 4195 B
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14]: |x_test - m. array(valid_srample)
num_steps ~ 200000
ava_loss - 0

for step in range (num steps)
bateh_irputs, batch_labsls ~ generate_batch(batch_size, mum_skips, skip_sindow)
run_optisization (bereh_inputs, batch_lsbals)
Loss - ncs_Loss (gst_embedding (oatch_inputs), batch_labsls)
evtoss ~ aveloss ¢ lozs

3 step %5000 —
if step ) 0
‘ava_loss - ave_loss / 5000

Loss = nos_loss (gst_embedding(batch_inputs), batch_labsls)
Drint ("step: %, loss: 42 % (step, loss)

3 step % 10000 — 0:
sin - svalusts (got_smbedding (x_tast)). mumpy ()
for § in rangs (len(valid_sord))
val_vord = reverse_dictionsry[valid sxempleli]]
topk - 10
nsarest = (-siali, :1).argsort() [1:top ket]
Szt -5+ valerd ¢ BESTIOAAT
for k in range(top 10
close_ord - raverse_dictionary[nsarest [k]]
simear - e 8, 8 (simsts, close_werd
print(sin_stz)

Step: 166295, loss: 112550338
Step: 166296, loss: 114765590
step: 166297, loss: 132274078
step: 166295, loss: 115340546
Step: 166298, loss: 13759803
step: 166300, loss: 120974457
Step: 166301, loss: 124538008
step: 168202 loss

Step: 165203, loss
Step: 168204, loss
step: 166305, loss: 143 407501
Step: 166306, loss: 141496603
step: 166307, loss: 135410065
step: 166308, loss: 175 464478
step: 166308, loss: 140426721
step: 166310, loss: 157499348
step: 166311, loss: 110.534424
step: Toss: 58920205
step loss: 66 584984





4.词向量可视化
[image: image8.png]16
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import pandss as pd
from sensin zodsls impert fordlVec

from sensia zodsls. sorddvec imort LinsSentencs
from sklearn sanifold import TSN

import zacplotlih. prplot as plt

import logsing

from matplotlib. fort sanager impert FontPropertiss

5. options. mode. chained_sssigmment = Neme
Zont ~ FontProperties (faames - /vindos/ fonts/simsun. te”, size=1d)

Loaging. basicConfig (fornat= §(asctins)s : S(levelnans)s : S(asssage)s’, level-logsing. INFO)
new_vec = open("data/Ses_The Sailing Prowd fanderer. txt”, *r', sncoding™ utf-g)

mods] = Tord2Veo (LinsSentence (nss_vec), 550, vector_size=200, vindow~10, min_count40, vorkers-6)
orint( REISER)

def tsme plot (aodsl).
Labels - 1]
tokens - ]
2 8211 model. vv. voceb B model. #v kez. &
for word in modsl. ¥v.key_to_index
2 §212: modellvord] B8 sodel.
tokens. append (sodel. w [zord])
Labals. append (rord)
tsne_mode] = TSNE (perplaxity~40, n_components=?, init~
ew_valuss - tsne_sodel. fit_transform (tokens)
-1
7-0
For valus in ne_velues
. sppend(salie[0])
7. sppend (valus[1])
olt. Figurs (Figsize=(16, 16))
for § in rangs (len(x)
St sesver (5], 71i1)
o1t smotate (labelsi],
Zontproparties—tont,
oGl 70D,
oFfset points’,

frard]

e, n_iter-1000, randon,_state=20)

e risat,
e bovies’)
olt. shox()

tsne_plot (model)




[image: image9.png]REVIEER






	四、收获与体会
 【填写自己遇到的问题、困难、解决办法、收获和体会。不少于200字】
遇到的主要问题与困难

在本次Word2Vec实验中，我遇到了多个技术挑战，主要集中在环境配置、API版本兼容性和数据处理三个方面。

环境配置问题是实验初期的最大障碍。在搭建TensorFlow环境后，发现缺少matplotlib、sklearn、pandas、gensim等多个必要库，导致代码无法运行。通过逐个安装依赖包，我学会了使用pip和conda管理Python环境，并认识到完整的环境配置是深度学习项目的基础。

API版本兼容性问题给我带来了深刻教训。在Gensim库的使用中，我先后遇到了参数名称变更（size改为vector_size）和属性移除（model.wv.vocab不再存在）等错误。通过查阅官方迁移文档，我了解到Gensim 4.x版本对API进行了重大重构，需要使用key_to_index和model.wv[word]等新方法。这让我意识到深度学习框架更新迅速，查阅官方文档比盲目搜索更高效。

文本预处理问题同样值得关注。在中文分词过程中，我遇到了jieba库缺失、停用词表未定义等问题。通过安装依赖和构建停用词集合，我学会了如何过滤无意义的词语，提取有效的中文特征。

收获与体会

通过本次实验，我不仅掌握了Word2Vec模型的训练和可视化方法，更重要的是培养了独立解决问题的能力。我深刻体会到：第一，版本管理至关重要，不同版本的API差异可能导致代码完全无法运行；第二，日志信息是最好的调试工具，训练过程中的进度提示能帮助我们及时发现异常；第三，数据预处理的质量直接影响模型效果，合适的min_count和window参数选择需要反复试验；第四，t-SNE可视化能直观展示词向量的语义关系，相似的词在向量空间中会聚集在一起。

这次实验为我后续深入自然语言处理研究打下了坚实基础，也让我对从数据预处理到模型训练再到结果可视化的完整流程有了系统认识。未来我将继续探索更先进的词表示方法，如BERT等预训练模型的应用。




