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# encoding = utf8

import io

import os

import sys

import requests

from collections import OrderedDict
import math

import random

import numpy as np

import paddle



from paddle. nn import Embedding
import paddle.nn. functional as F

# iR H R I 45 word2vec

def download() :

= Al LA JE & Ik 55 A% K 2 — 28 I P A 45 4 (dataset. bj. beebos. com)

corpus_url =

"https://dataset. bj. bcebos. com/word2vec/text8. txt"

# {fi ] Python [ requests £ | ZR H 4 4E 21 7%

web_request =

requests. get(corpus_url)

corpus = web_request.content
# BT HUR B SO R TE 2T F SR text8. txt SCHEN
with open(". /text8. txt", "wb") as f:

f.write(corpus)

f.close()
download( )

N AT R O B R AT EDHIT 500 T4

= L text8 KU

def load text8():

with open("./text8. txt", "r") as f:

corpus =
f.close()

return corpus

f.read().strip("\n")

corpus = load text8()

£ FTEDR 500 45
print(corpus[ :500]

i 45RO

anarchism originated as a term of abuse first used against early working class radicals
including the diggers of the english revolution and the sans culottes of the french revolution
whilst the term is still used in a pejorative way to describe any act that used violent means to
destroy the organization of society it has also been taken up as a positive label by self defined

anarchists the word anarchism is derived from the greek without archons ruler chief king

i, B — T XA R R
)

anarchism as a political philoso

— BRI, AR FARE S AL B R, 5 2 X TR AT VIR . X T e SOR A, aT LA LG R

b B AP S M AT U A AR S BN T

= ORI AT FUAL B (533 )

def data preprocess(corpus) :

TSR AR A N RS, B LU T A SO AR R e i o N

= DU XTI 4T H — b 4L P (Apple vs apple 4%)
corpus = corpus. strip(). lower()
corpus = corpus.split(" ")

return corpus

corpus = data_ preprocess(corpus)

print(corpus[ :50])



TEZ R VYRS 75 ZE R AT Ge it O AN A S 1D, — Bk Ui w] LARR 435 454 1 1
R LA AR 1 TD BRI /0N o 37 0 ) St g A7 4 B AU SE BN T

= M A M, GE Tt S TR B AR, O AR I A R A ) A Sy — SR id
def build dict(corpus):
® E GRS [RGB AR (B U, A — A 1A i SR
word freq dict = dict()
for word in corpus:
if word not in word_freq dict:
word_freq dict[word] = 0
word freq dict[word] += 1

£ B A T e ] 5 R B BCHE B O 0 HE B R
# kU, H BRI AR AR & 1, the, you IR AR IR], 1T HE BRATR AR (4 1A, AR fE R — L
214, 40 nlp

word freq dict = sorted(word freq dict.items(), key = lambda x:x[1], reverse = True)

£ M 3 AR R L, 4350 47,

£ B E] id BT OC R sword2id_dict
£ B id ISR cword2id_freq

= fA> id F]3A] A9 5 ¢ & - id2word dict
word2id dict = dict()

dict()

dict()

word2id_freq
id2word dict

i BRI 1= B, TF ik gl g A~ B R], O S kAN BRI A i — A — T8 1 id
for word, freq in word freq dict:

curr_id = len(word2id dict)

word2id dict[word] = curr id

word2id freq[word2id dict[word]] = freq

id2word dict[curr id] = word

return word2id freq, word2id dict, id2word dict

word2id freq, word2id dict, id2word dict = build dict(corpus)
vocab _size = len(word2id freq)
print("there are totoally % d different words in the corpus" % vocab size)
for , (word, word id) in zip(range(50), word2id dict. items()):
print("word % s, its id % d, its word freq $d" % (word, word id, word2id freq[word id]))

33 word2id TR S5, i 75 EE G — A0 b BERURR TR R 4 A A T B O B A 1D, T
2 W 4 AT AL B AR S B AN

£ iR id 751

def convert corpus to id(corpus, word2id dict):
Ol AE IR, A TE R e A A G A XS Y i, DA TR 2R I 4 AT Ak
corpus = [word2id dict[word] for word in corpus]

return corpus

corpus = convert corpus to id(corpus, word2id dict)
print(" % d tokens in the corpus" % len(corpus))

print(corpus[ :50])



R R E ] UCRRRIE AL BRI SOA . UCRAE I  3E EE REARUR IR s i 7
e A AU AR B 7 0 S AL e A0 ) T AR TR R R L A AR R B g L AR
AR o 4 410 7 P40 ABE SRl AR SR A AR5 O ) X R 1 i ) 2 B A L AT A
A~ TR A AR A NGRS S B T

# B R RE SIS A B R R, SR AR I SRR
def subsampling(corpus, word2id freq):

# discard PRATIRE T — A0l S A S R 4k, XA pRBUR B A BELPE B9, B 0 R 25 R A A
£ AR — A IR R, IR 4 B B st 3 A R AR K
def discard(word_id) :
return random. uniform(0, 1) <1 — math. sqrt(
le— 4 / word2id freqg[word id] * len(corpus))

corpus = [word for word in corpus if not discard(word) ]
return corpus

corpus = subsampling(corpus, word2id freq)

print(" % d tokens in the corpus" % len(corpus))

print(corpus[ :50])

S8 IR T A LR AL U Rkt . MR AT SC A 3 L T B R — A T B AT
XTI ZE B0 A 0 AR 0 A G A R 20 E B BT S, IR R 2R

TESE PR ol TR RAEAEAR R 0 R ] 3% 1 — L85 P2 5 (U1 Softmas) 5 ZIHFE R
REGGEIR L AT DL 3 B3 R A 1 07 SR Softmax A945 2R AU SEBLANT .

@ 455 —A> o i A — AN 5 ZE 0N A4 LT S L XA B TR SCHEAE S IEREAR

© i iR R FEALR AR A9 T5 30 s T TR

© A RMUARE 73 (8] JIU% A o — A =73 2 ()L, 38 3 3 A 5 s A T 358

4 1 i, A A LI 25

max_window size U T fix K11 window size [ K/, B 2R 4§ max window size M\ /2 45 F 4
s

negative_sample_num f{3& T X & > IE #E AR 75 22 Bl AL R AE 2 > A A B I 25,

— & Kt negative sample num f{E#E K, Il ZRR0ER AR R, (R 2 I 25 ok 3 1

def build data(corpus, word2id dict, word2id freq, max window size = 3, negative sample num = 4):

L R S

A List f7 40 b BT 19 Eodh
dataset = []

# MR AT, IR A A D s A
for center word idx in range(len(corpus)) :
# D) max _window size 24 [ R, BHLRAE —> window_size, 3 FF 2 {5 I 25 MIAR E
window size = random.randint(l, max window size)
# HHTH O RS center _word idx fif 4 8] (45
center word = corpus[center word idx]

£ DL ET O Sy Fl, 28 A PIAE window_size P 48] &S W] LA W IE AR AS
positive word range = (max(0, center word idx — window size), min(len(corpus) -
1, center word idx + window size))



positive word candidates = [corpus[idx] for idx in range(positive word range[O0],

positive word range[l] + 1) if idx != center word idx]

# X TR IEREAS UL, FEHL R FE negative sample num 4> 1 AL A F )l 25
for positive word in positive word candidates:
# OE (P, IEREAS, label = 1) B = LA B A dataset Hr,
# XA label = 1 RARX DA ZA EHA

dataset. append( (center word, positive word, 1))

& TP SR A

i=0
while 1 < negative sample num:
negative word candidate = random.randint(0, vocab size— 1)

if negative word candidate not in positive_word candidates:
# (i, IEREA, 1abel = 0) 1Y = JC2H B8 LA dataset H7,
# X I label = 0 FIRXMHEAR A AR
dataset. append( (center word, negative word candidate, 0))
i +=1
return dataset
corpus_light = corpus|:int(len(corpus) * 0.2)]
dataset = build data(corpus_light, word2id dict, word2id freq)

, (center word, target word, label) in zip(range(50), dataset):
% (id2word dict[center word],

id2word dict[target word], label))

for _
print("center word % s, target % s, label %d"

IR B 55 1 I AT VI R B AR 4 255 i /N B 500 L O v 4 i A 31 0 2% b gk 47 U1 5
RASLE AT .

£ R N EE oA AR A R A )1

= A [ 288 B Y BB0H0E Tl B A () A i A B, T R I 4 AT Ak

= JPiE i NunPy (1 array B& A 3 S [ B 9K A, JF 4T X 28 9K AR AR 28 9 2% b AT )1 4
def build batch(dataset, batch size, epoch num) :

# center word batch ZEff batch size /> H1.(> {7

center word batch = []

# target_word_batch Z& {7 batch_size 4~ H fpia] (] DA J& 1E #E 7R 5 & kR AR )
target word batch = []

£ label batch ZEf7 T batch size 4 0 8§ 1 JOARZs, F TR Al 25

label batch = []

for epoch in range(epoch num) :

# BIKFF A — > #T epoch Z T, # %5 ECHE AT — R BEHLFT L LB = DIl 2R )
random. shuffle(dataset)

for center word, target word, label in dataset:
£ i JJj dataset M1 AYEEASFEZAS, I 4 3k L B 2% B A [ A ok
center word batch. append( [ center word])
target word batch. append( [ target word])
label batch. append(label)

£ YEEARTIH S| — 4 batch_size J5 , B AL ER IR [ R



# TEX B ] NunPy () array pRECHE list B4 ik &

£ IR Python fy kA AR HLH, K i 7= 4E ik

£ fd Ak A 1 B A 2 T DL A A

if len(center word batch) == batch size:
yield np. array(center word batch).astype("int64"), \
np. array(target word batch).astype("int64"), \
np. array(label batch).astype("float32")

center word batch = []

[]

target word_batch
label batch = []

if len(center word batch) > 0:
yield np. array(center word batch).astype("int64")

\

np. array(target word batch).astype("int64"), \
np. array(label batch).astype("float32")

for , batch in zip(range(10), build batch(dataset, 128, 3)):
print(batch)

5.3.2 MgeEX

%E X Skip-gram MY 25 250 I RIS 25 . A6 CEESNA B b X TAF B M 45 #0552
=AMk [ paddle. nn. layer B8k #5 @t M 45 25 14 . 2 8055 $0Hs 9 75 W, TR B R AE
forward PREL T E XML AT Z B . (A5 T R0 2 AR 228 SO 45 (0 i ) 115 2 5, 6
Kox H Bl o8 R 28 W 48 1 S A

Tr Skip-gram W R 4% 454 %, fif F paddle. nn. Embedding API 2281 Embedding A% M
%z,

paddle. nn. Embedding ( numembeddings, embeddingdim, paddingidx = None, sparse = False,
weightattr = None, name = None)

I T TR B — A 7T T G, HAR i S A b Y TD A5 DR AR B A i X
N AME B IR A B size (num_embedding, embedding dim) B s # #& — 4> — 4E #
ANHFE, ek B IR ETE S A Tensor shape g —4EJ5 RN T emb_size M4ERE,
o B AR ID D200 . 0<<ID<Tsize[ 015 5 W R P24l i 53 338 1

# 7€ X Skip — gram I 25 X 4% 45 #4
class SkipGram(paddle. nn. Layer) :
def  init (self, vocab_size, embedding size, init_scale=0.1):

# vocab_size T X T skipgram & &Y [ {7 F K/
# embedding size 5 X T ik A B 4E 2 £ /b
# init scale & X T Il AW 4R Ak A L, — ek U, Bb A /N 400 e 46 Y8 A B A% 7
# Il %k
super(SkipGram, self). init ()
self.vocab _size = vocab size

self. embedding size = embedding size



£ fifi Jf] embedding pRAAE i — 4> TRl R A S5
£ XS E IR N TE[ - init_scale, init scale] X [A] #4735 R AL
self. embedding = Embedding(

num_embeddings = self.vocab size,

embedding dim = self.embedding size,

weight attr = paddle. ParamAttr(

initializer = paddle. nn. initializer. Uniform(
low= — init scale, high= init scale)))

# 1IFH embedding PR U4 i 55 — > il ik A S5
XS EH K /N K [ self. vocab _size, self.embedding size]
# XAZEI R 2N AE] — init scale, init scale] X [H] #F473 5] Rk
self. embedding out = Embedding(
num_embeddings = self.vocab size,
embedding dim = self.embedding size,
weight attr = paddle.ParamAttr(
initializer = paddle.nn. initializer. Uniform(
low= — init scale, high= init scale)))

W

€ SLI 2% (i ) 15 32

center words f&—* tensor(mlnl — batch), s H1.0 1A

target words & —> tensor (/N E 5 1E), T~ H Frial

# label j&—> tensor(mini — batch), /R X & IEAE A IS 2 AR (H 0 8¢ 1 FRR)
£ TSR T h 5833 A 5K d ok R 3R] 84 [R] S 3R], T 0 A AR g ) 25 0 SR

def forward(self, center words, target words, label):

# B, it self. embedding Z 4, K4 /Nt tk BCHE Y IR 4 Oy Tk A

# X H center words fll eval words_emb A ifi] ) 42— AH [A] A9 Z 5

£ T target words emb £ if] {2 — 1S4

center_words_emb = self.embedding(center words)

it

T

target words emb = self.embedding out(target words)

=l R Ry O o G iR B AR 5 S AR, IR s sigmoid pR UK X AN R 2 IE
# AR R AR A MR

word sim = paddle.multiply(center words emb, target words emb)

word sim = paddle. sum(word sim, axis= — 1)

word _sim = paddle.reshape(word sim, shape=[ -1])

pred = F.sigmoid(word sim)

=3 3 Ah A0 S A SR AR R R R, TR =l 9 & binary cross_entropy with logits

= AL

# % sigmoid ¥ 58 Fl cross entropy & I AL — #1155 ] UL 4 Hb A Ak, BT LS A ) 2 word
# sim, Jfj A& pred

loss = F.binary cross_entropy with logits(word sim, label)

loss = paddle.mean(loss)

£ 3R [ H A 45 5, K243 5 backward BRER [ B H R 45 5

return pred, loss

5.3.3 M

E AR 100 B ATED— UK Loss, L A 245 1l 1Y 09 2% 2 18 % W sng . R, 4R 10000
WML Skip-gram THE 1K (14 7] SCIA] (] embedding (493 £ , AT AL AL 9 2% Il 2R &4CR L AR



M SCET -

A G, e X — LB S AR vp i {8 Y R S
batch size = 512
epoch num = 3
embedding size = 200
step = 0
learning rate = 0.001

# 78 X — i H] word — embedding £ i1 [F] X i8] 1) BRAL, iX 1> PR AX query_token J& AT 1) Y 1], k R/
# LR 8] 2 DA 5 M BL A 1], embed J2& 2% 2 31| () word — embedding Z:%{
’4 38 1 B[] 6] 2Z 8] 1Y) cosine FH S, e 5 & 18) A1 18] %) 4R (DL

BRI, x AR B A 17 ) Enbedding, Embedding 24U B W {43 i A 1A (1) Embedding
:r* Wi% V5T cos 75 HY BT A 1) %ot A5 961 1) (4 A 0L 45 43 1) £, HE 7P B top k A indices %] 3
def get similar tokens(query token, k, embed) :

W = embed. numpy()

x = W[word2id dict[query token] ]

cos = np.dot(W, x) / np.sqrt(np.sum(W * W, axis=1) * np.sum(x * x) + le—9)

flat = cos. flatten()

indices = np.argpartition(flat, —k)[ —k:]

indices = indices[np.argsort( — flat[indices]) ]

for i in indices:

print('for word % s, the similar word is % s' % (query token, str(id2word dict[i])))

# BB E) GPu il R
paddle. set_device('gpu:0')

& Mg LAY SkipGram 2, M3 — 4> Skip — gram 57 R 4%
skip_gram_model = SkipGram(vocab_size, embedding_size)

= I X A W 4 1 AR AL
adam = paddle.optimizer.Adam(learning rate = learning rate, parameters = skip gram model.
parameters())

Z fiiJf] build batch pR&L, LL/INHE B 500 o 507, dh D5 I 2R 85005, I )1 25 ) 4%
for center words, target words, label in build batch(
dataset, batch size, epoch num) :
# {fi ] paddle. to_tensor, ¥ —> NumPy 1 5K i 5% 4t kR A& m] 3153 1) 5k i
center words var = paddle.to_ tensor(center words)
target _words var = paddle.to_ tensor(target words)
label var = paddle.to_tensor(label)

= OB S B SR ELE A KR, SR AT — T 1 AR, JR A B A A R
pred, loss = skip gram model (

center words var, target words var, label var)

= BT H 58U 5

loss. backward()

£ FEJF IR loss, 58 il — 25 X S H0 0 A 4k T B
adam. step()

2 0E S B RE EE, DU R — A/ ik Hodh ot

adam. clear grad()



= g2ead 100 A/NHEE B, T EI— YT loss, H A loss s M 7Efa & T [
step += 1
if step $ 1000 == O0:

print("step %$d, loss % .3f" % (step, loss.numpy()[0]))

LRI E S

step 1000, loss
step 2000, loss
step 3000, loss
step 4000, loss

0.692
0
0
0
step 5000, loss 0.391
0
0
0
0

.684
.620

step 6000, loss
step 7000, loss
step 8000, loss
step 9000, loss
step 10000, loss
step 11000, loss
step 12000, loss
step 13000, loss
step 14000, loss
step 15000, loss

O O O O O O -

step 201000, loss 0.196
step 202000, loss 0.123
step 203000, loss 0.126
step 204000, loss 0.094

MATENZE SR LU B 2858 — 2 LRI 25 Loss B T M8 T A E . IR i o al B
KB Skip-gram FERIAT DL 5z o) 3] — SO R G5 F R, WS who HEUE T A9 1 02 “ who,

he, she, him, himself”,

5.3.4 Q)i AR ADER 3]

TER A e BETE A S BT —Se A R R B . AN Y A5 B R A 1A R A T ik A
Ji XA T A 8 R LA T g 3P 1 T XA ) e 4 A ) s ke B AR R R L B
H—2Efa] i K & . filn

el
5

Top 5 words closest to "beijing" are:
1. newyork

. paris

. tokyo

. berlin

u s W N

. seoul

Top 5 words closest to "apple" are:
1. banana



. pineapple
. huawei
. peach

uaos W N

. orange

BEAN ST 523 e B AT LA N ok ik 5 1 — S8 36 1 55 O 2 AR HfE B . il

Top 1 words closest to "king — man + woman" are
1. queen

Top 1 words closest to "captial — china + america" are
1. Washington

AT B AT 91T RE DA G IS B — R )
filk

(D) e fd R 3528 CBOW &k,
(2) £ B K AR HA W S, an“3EF 7 TE Il i AR, Q4] fgg g A0 IX 49 5 R A]
(3) W F 1E — A~ HARIBE S A TR Es .



