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import torch
import torch.nn as nn
class SkipGram(nn.Module):
def _init__(self, Vv: int, embedding_dim=100):

:param V: the size of vocabulary
:param embedding_dim: the number of dimensions of word vector

super(SkipGram, self).__init_(Q)
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self.embedding_dim = embedding_dim

self.in_embeddings = nn.Embedding(v, embedding_dim, sparse=True)
self.out_embeddings = nn.Embedding(v, embedding_dim, sparse=True)
self.reset_parameters()

def reset_parameters(self):
upper = 0.5 / self.embedding_dim
self.in_embeddings.weight.data.uniform_(-upper, upper)
self.out_embeddings.weight.data.zero_()

def forward(self, inputs, contexts, negatives):
:param inputs: (#mini_batches, 1)
:param contexts: (#mini_batches, 1)
:param negatives: (#mini_batches, #negatives)
ireturn:
in_vectors = self.in_embeddings(inputs)
pos_context_vectors = self.out_embeddings(contexts)
neg_context_vectors = self.out_embeddings(negatives)
torch.sum(in_vectors *
torch.sum(in_vectors

pos_context_vectors, dim=(1, 2))
neg_context_vectors, dim=2)

pos
neg

*

return pos, neg

=, GREF

EAAES BT, HIRTEMERERE— EFXGA (context) SEARA (target) , MRE—
Xf, MREEAR, MRAE—X, WRAHEAR, REEE— LT OaM— 1 BRaE, £R— 1M EFR
(positive example) , ZER—PMAFA (negative example) , NZMSIEFAERIILETIGE, B
FEFHAREIERE— AR, XHERRE (negative sampling) .

REFRAEMGHFARBEFAEIINE, ARFSRIL—NIGFERNMYNEFT—/INBoRINE, X
MEFEHE NIRRT RE.

import numpy as np
class NegativeSampler(object):
def _init__(
self, frequency: np.ndarray, negative_alpha=0.,
table_length=int(1e8), is_neg_loss=True,
):
if negative_alpha == 0:
self.table_length = len(frequency)
self.negative_table = np.arange(self.table_length, dtype=np.int32)
else:
self.table_length = table_length
z = np.sum(np.power(frequency, negative_alpha))
negative_table = np.zeros(table_length, dtype=np.int32)
begin_index = 0
for index, freq in enumerate(frequency):
c = np.power(freq, negative_alpha)
end_index = begin_index + int(c * table_length / z) + 1
negative_table[begin_index:end_index] = index
begin_index = end_index
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self.negative_table = negative_table
if not is_neg_loss:
self.noise_dist = np.power(frequency, negative_alpha)

def sample(self, k, rnd: np.random.RandomState, exclude_words=None):
:param k: number of negative samplings
:param rnd: np.random.RandomState
:param exclude_words: numpy array contains context words
:return: negative words (#context_words, #negatives)
size = (len(exclude_words), k)
if exclude_words 1is None:
return self.negative_table[rnd.randint(low=0,
high=self.table_length, size=size)]
else:
negs = np.zeros(size, np.int32)
for i, word in enumerate(exclude_words):
negs_for_word = self.negative_table[rnd.randint(low=0,
high=self.table_length, size=k)]
while word in negs_for_word:
negs_for_word = self.negative_table[rnd.randint(low=0,
high=self.table_length, size=k)]
negs[i] = negs_for_word
return negs
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import torch
from torch.nn.functional import logsigmoid

def nce_loss(pos_dot, neg_dot, pos_log_k_negative_prob, neg_log_k_negative_prob,
size_average=True, reduce=True):
s_pos = pos_dot - pos_log_k_negative_prob
s_neg = neg_dot - neg_log_k_negative_prob
loss = - (torch.mean(logsigmoid(s_pos) + torch.sum(logsigmoid(-s_neg),
dim=1)))
if not reduce:
return loss
if size_average:
return torch.mean(loss)
return torch.sum(loss)

def negative_sampling_loss(pos_dot, neg_dot, size_average=True, reduce=True):
loss = - (
Togsigmoid(pos_dot) + torch.sum(logsigmoid(-neg_dot), dim=1)

)
if not reduce:

return loss
if size_average:

return torch.mean(loss)
return torch.sum(loss)
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import numpy as np
class Dictionary(object):
def _init_(
self,
replace_lower_freq_word=False,
replace_word="<unk>"

self.word2id {}

self.id2word [1]

self.word2freq = {}

self.id2freq = None

self.replace_lower_freq_word = replace_lower_freq_word
self.replace_word = replace_word

def add_word(self, word):
if word not in self.word2id:
self.id2word.append(word)
self.word2id[word] = len(self.id2word) - 1
self.word2freq[word] = 1
else:
self.word2freq[word] += 1

def rebuild(self, min_count=5):
self.id2word = sorted(self.word2freq, key=self.word2freq.get,
reverse=True)
for new_word_id, word in enumerate(self.id2word):
freq = self.word2freq[word]
if freq >= min_count:
self.word2id[word] = new_word_id
else:
if self.replace_lower_freq_word:
self.word2id[self.replace_word] = new_word_id
sum_unk_freq = 0
for word in self.id2word[new_word_id:]:
sum_unk_freq += self.word2freq[word]
del self.word2id[word]
self.word2freq[self.replace_word] = sum_unk_freq
self.id2word = self.id2word[:new_word_id]
self.id2word.append(self.replace_word)
else:
for word in self.id2word[new_word_id:]:
del self.word2id[word]
self.id2word = self.id2word[:new_word_id]
break
self.id2freq = np.array([self.word2freq[word] for word in self.id2word])
del self.word2freq

def __len__(self):
return len(self.id2word)

class Corpus(object):
def __init__(
self,
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min_count=5,
replace_lower_freq_word=False,
replace_word="<unk>",
bos_word="<bos>",
eos_word="<eos>"'

self.dictionary = Dictionary(replace_lower_freq_word, replace_word)
self.min_count = min_count

self.num_words = 0

self.num_vocab = 0

self.num_docs = 0

self.discard_table = None

self.replace_lower_freq_word = replace_lower_freq_word
self.replace_word = replace_word

self.bos_word = bos_word

self.eos_word = eos_word

def tokenize_from_file(self, path):
def _add_special_word(sentence):
return self.bos_word + ' '

+ sentence + + self.eos_word
self.num_words = 0
self.num_docs = 0
with open(path, encoding='utf-8') as f:
for 1 in f:
for word in _add_special_word(1l.strip()).split():
self.dictionary.add_word(word=word)
self.dictionary.rebuild(min_count=self.min_count)
self.num_vocab = len(self.dictionary)

with open(path,encoding="utf-8') as f:
docs = []
for 1 in f:
doc = []
for word in _add_special_word(l.strip()).split():
if word in self.dictionary.word2id:
doc.append(self.dictionary.word2id.get(word))
elif self.replace_lower_freq_word:

doc.append(self.dictionary.word2id.get(self.replace_word))
if len(doc) > 1:
docs.append(np.array(doc))
self.num_words += len(doc)
self.num_docs += 1

return np.array(docs)
def build_discard_table(self, t=le-4):
tf = t / (self.dictionary.id2freq / self.num_words)

self.discard_table = np.sqrt(tf) + tf

def discard(self, word_id, rnd):
return rnd.rand() > self.discard_table[word_id]
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import logging

import numpy as np

import torch

from torch import optim

from loss import negative_sampling_loss, nce_loss
from model import SkipGram

from utils.negative_sampler import NegativeSampler
from utils.vocab import Corpus

NEGATIVE_TABLE_SIZE = int(1le8)

ws = 2
num_negatives = 5
epochs = 20

num_minibatches = 512

starting_Tr = 0.001 * num_minibatches

Tr_update_rate = 1000

embedding_dim = 100

seed = 7

#[E EWIIRBEHURAE, B ORERKIZAT . py SCAFINY, 25 BRI BEATLECRT 2 [ 72 HY
rnd = np.random.RandomState(seed)
torch.manual_seed(seed)

N RYEE

#E T 2 5

def update_lr(starting_lr, num_processed_words, epochs, num_words):

new_1r = starting_1r * (1. - num_processed_words / (epochs *

Jower_1r = starting_lr * 0.0001
return max(new_1r, Tower_Tr)

num_words + 1))

def generate_words_from_doc(doc, num_processed_words, corpus, rnd):

new_doc = []
for word_id in doc:
num_processed_words += 1
if corpus.discard(word_id=word_id, rnd=rnd):
continue
new_doc.append(word_id)
if Ten(new_doc) >= 1000:

yield np.array(new_doc), num_processed_words

new_doc = []
yield np.array(new_doc), num_processed_words

+t. #EEFIIS

def train_on_minibatches(model, optimizer, inputs, contexts, negatives,

is_neg_loss, log_k_prob=None):
num_minibatches = len(contexts)
#inputsize i —F %

inputs = torch.LongTensor(inputs).view(num_minibatches, 1)

optimizer.zero_grad()

if is_neg_loss:

contexts = torch.LongTensor(contexts).view(num_minibatches, 1)
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negatives = torch.LongTensor(negatives)
pos, neg = model.forward(inputs, contexts, negatives)
loss = negative_sampling_loss(pos, neg)
else:
pos_log_k_negative_prob =
torch.FloatTensor(log_k_prob[contexts]).view(num_minibatches, 1)
neg_log_k_negative_prob = torch.FloatTensor(log_k_prob[negatives])
contexts = torch.LongTensor(contexts).view(num_minibatches, 1)
negatives = torch.LongTensor(negatives)
pos, neg = model.forward(inputs, contexts, negatives)
Toss = nce_loss(pos, neg, pos_log_k_negative_prob,
neg_log_k_negative_prob)
loss.backward()
optimizer.step()
return loss.item()

I\, EFHE

def main(Q:
logger = logging.getLogger(__name__)
Tlogger.setLevel (Togging.INFO)
stream_handler = logging.StreamHandler ()
stream_handler.setLevel(logging.INFO)
stream_handler.terminator = "'
logger.addHandler (stream_handler)
logger.info('Loading training corpus...\n')
corpus = Corpus(min_count=5)
docs = corpus.tokenize_from_file("../data/zh.txt") #en.txt
corpus.build_discard_table(t=1e-3)
logger.info('v:{}, #words:{}\n'.format(corpus.num_vocab, corpus.num_words))
is_neg_loss = True
negative_sampler = NegativeSampler(
frequency=corpus.dictionary.id2freq,
negative_alpha=0.75,
is_neg_loss=is_neg_loss,
table_length=NEGATIVE_TABLE_SIZE
)
if is_neg_loss:
Tog_k_prob = None
Togger.info('loss function: Negative Sampling\n')
else:
Tog_k_prob = np.log(num_negatives * negative_sampler.noise_dist)
Togger.info('loss function: NCE\n')
model = SkipGram(v=corpus.num_vocab, embedding_dim=embedding_dim)
optimizer = optim.SGD(model.parameters(), Tr=starting_1r)
model.train()
num_processed_words = last_check = 0
num_words = corpus.num_words
loss_value = 0
num_add_Toss_value = 0
for epoch in range(epochs):
inputs = []
contexts = []
for sentence in docs:
for doc, num_processed_words in generate_words_from_doc(
doc=sentence, num_processed_words=num_processed_words,
corpus=corpus, rnd=rnd
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doclen = len(doc)
dynamic_window_sizes = rnd.randint(low=1, high=ws + 1,
size=doclen)
for (position, (word_id, dynamic_window_size)) in
enumerate(zip(doc, dynamic_window_sizes)):
begin_pos = max(0, position - dynamic_window_size)
end_pos = min(position + dynamic_window_size, doclen - 1) +

1
for context_position in range(begin_pos, end_pos):
if context_position == position:
continue

contexts.append(doc[context_position])
inputs.append(word_id)
if Ten(inputs) >= num_minibatches:
negatives = negative_sampler.sample(k=num_negatives,
rnd=rnd, exclude_words=contexts)
loss_value += train_on_minibatches(
modeT=model,
optimizer=optimizer,
inputs=inputs,
contexts=contexts,
negatives=negatives,
is_neg_loss=1is_neg_1loss,
Tog_k_prob=Tog_k_prob
)
num_add_Toss_value += 1
inputs.clear()
contexts.clear()
if len(inputs) > O:
negatives = negative_sampler.sample(k=num_negatives,
rnd=rnd, exclude_words=contexts)
Toss_value += train_on_minibatches(
modeT=model,
optimizer=optimizer,
inputs=inputs,
contexts=contexts,
negatives=negatives,
is_neg_loss=is_neg_Tloss,
log_k_prob=1og_k_prob
)
num_add_Tloss_value += 1
inputs.clear()
contexts.clear()

# update 1r and print progress
if num_processed_words - last_check > 1r_update_rate:
optimizer.param_groups[0]['Tr'] = Tr =
update_lr(starting_1r,

num_processed_words,
epochs,
num_words)

logger.info('\rprogress: {0:.7f}, 1r={1:.7f}, loss=
{2:.7f}"' . format(
num_processed_words / (num_words * epochs),
1r, loss_value / num_add_Tloss_value),



)

last_check = num_processed_words

with open("zh.vec", 'w') as f: #en.vec
f.write('{} {}\n'.format(corpus.num_vocab, embedding_dim))
embeddings = model.in_embeddings.weight.data.numpy()
for word_id, vec in enumerate(embeddings):
word = corpus.dictionary.id2word[word_id]

vec = ' '.join(list(map(str, vec)))
f.write('{} {}\n'.format(word, vec))
if _name__ == "_main__":

main()
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