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1. Seq2Seq(Sequence to Sequence)

Seq2Seq #4313 2014 & » B3 d A B o BT v &L
> 4~ wE_Google Brain B0 (Sequence to Sequence Learning
with Neural Networks) 4= Yoshua Bengio ® fj 1 (Learning Phrase
Representation using RNN Encoder-Decoder for Statistical
Machine Translation) - Seq2Seq f#/4+-F 38 ehi & LB F i i8R A A
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Figure 1: Our model reads an input sentence “ABC™ and produces “WXYZ” as the output sentence. The
model stops making predictions after outputting the end-of-sentence token. Note that the LSTM reads the

input sentence in reverse, because doing so introduces many short term dependencies in the data that make the
optimization problem much easier.
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£ =P o 8 (Long Short-Term Memory, LSTM)

e d - AR RN #3) > # 5% 4 Hochreiter,
Sepp, and Jiirgen Schmidhuber % 1997 & pF3t &1 > i35 RNN fie
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LSTM(Long short-term memory) » i & #x ik 3 12w RNN eh— &= BF 47
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B AT HA PR RS P 203 (Input) frd FE i eh
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with open(data_path, 'r', encoding='utf-8') as f:
lines = f.read().split('\n")

for line in lines[: min(num_samples, len(lines) - 1)]:
input_text, target text = line.split('\t')
# We use "tab" as the "start sequence" character
# for the targets, and "\n" as "end sequence"” character.
target_text = "\t' + target text + '\n’
input_texts.append(input_text)
target texts.append(target text)
# for char in str(input_text).split():
for char in mysplit(input text):

if char not in input_characters:
input_characters.add(char)
# for char in str(target_text).split():
for char in mysplit(target text):

if char not in target characters:
target_characters.add(char)

input_token_index = dict(

[(char, i) for i, char in enumerate(input_characters)])
target token index = dict(

[(char, 1) for i, char in enumerate(target characters)])
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encoder_input data = np.zeros(
(len(input_texts), max_encoder seq_length),
dtype="1nt32")

decoder_input _data = np.zeros(
(len(input_texts), max _decoder seq_ length),
dtype="int32")

decoder_target data = np.zeros(
(len(input_texts), max_decoder seq length,1),
dtype="int32")

B F #0345 dictionary & ## 4 S g a8 > HY () L &
<pad> L3 L & °

for i, (input_text, target text) in enumerate(zip(input_texts, target texts)):
input_text=mysplit(input_text)
target text=mysplit(target_ text)
for t, char in enumerate(input_text):
encoder_input_data[i, t] = input_token_index[char]
for t, char in enumerate(target_text):
# decoder_target data is ahead of decoder_input data by one timestep
index=target_token_index[char]
decoder_input_data[i, t] = index
if t > e:
# decoder_target _data will be ahead by one timestep
# and will not include the start character.
decoder_target data[i, t - 1,0] = index
# Define an input sequence and process it.

Dirty data «hiFiZ : F]Z R AhFTAE P B w2 ahi g
- B T EEEF M > e discuss ~ explain -
mention ‘describe?ééfvabout¥W‘$ °

def data_clean(input_data) :

clean=[]

for data in (input_data):
clean_data=re. sub(r’ discuss about’,r’ discuss’,data)
clean_data=re. sub(r’ explain about’, r’ explain’, clean_data)
clean_data=re. sub(r’mention about’,r mention’,clean_data)
clean_data=re. sub(r’ describe about’,r describe’,clean_data)
clean. append(clean_data)

return clean



Word2vector : * pretrained #F 7 embedding layer #3k = v &

1 * pretrained# srword2vect-3] k ¥ fembedding_layer » ¥ B~
NI AER AP T o BRFRMB G B AKF T EF I
embedding layeri# i = » &

EMBEDDING_DIM=300
## input
embedding matrix = np.zeros((num_encoder_tokens, EMBEDDING DIM))
for word, i in input_token_index.items():#word index.items()
if i >= MAX_NB_WORDS:
continue
embedding_vector = embeddings_index.get(word)
if embedding vector is not None:
# input dataEViE R Eword2veciE@EHI0 » BHJzEHIword2vecHy[EE

embedding matrix[i] = embedding vector

## target
embedding_matrixl = np.zeros((num_decoder_tokens, EMBEDDING DIM))
for word, i in target_token_index.items():#word_index.items():
if i >= MAX_NB_WORDS:
continue
embedding vector = embeddings_index.get(word)
if embedding vector is not None:
# target datadg ‘Eword2veciZ g EH10 * EfYzEEIword2vecHIEE
embeddlng_matrlxl[l] = embedding_vector
"’“”**[embeddlng layer
# tralnable = False » RFFEEDEREFH
embedding_layer = Embedding(num_encoder tokens,
EMBEDDING_DIM,
weights=[embeddink_matrix],
trainable=False)
embedding_layerl = Embedding(num_decoder_tokens,
EMBEDDING_DIM,
weights=[embedding matrix1],
trainable=False)

encoder_inputs = Input(shape=(Mone, ), dtype="int32',)
encoder_embedding = embedding layer(encoder_ inputs)

Encode : #- embedded data £ » encoder(LSTM1)# £ output - B
context vector

* — B LSTM #-embedded data % i% input £ » encoder ¥
encode = — B context vector (encoder states) i# »

decoder -

encoder = (LSTM(latent_dim, return_state=True))
encoder_outputs, state h, state c = encoder(encoder_embedding)
# We discard “encoder outputs™ and only keep the states.
encoder_states = [state_h, state c]

Decode : #- context vector ¥ » decoder(LSTM2) decode 3!
target sentence




#¥-encoder A # #hcontext vector % ¥ decoder hidden layer
“1initial state o decoder #%4 &' RpF € -+ - B cell
decode F¥erhidden layer @& »~ § % cell I ¥ fe target input %
decode #!' F o fpredict FFRIE_¢ #-+ — B cell output % i*
iz=x & target input k A& 2 output °

# Set up the decoder, using “encoder_states™ as initial state.
decoder_inputs = Input(shape=(None, ), dtype='int32',)

# We set up our decoder to return full output sequences,

# and to return internal states as well. We don't use the

# return states in the training model, but we will use them in inference.
decoder_embedding = embedding layeri(decoder_inputs)

decoder lstm = (LSTM(latent dim, return_sequences=True, return_state=True))
decoder_outputs, _, _ = decoder_lstm(decoder_embedding,

initial state=encoder_states)
decoder_dense = (Dense(num_decoder_tokens, activation='softmax'))

# decoder_dense = TimeDistributed(Dense(num words, activation='softmax'))
decoder_outputs = decoder_dense(decoder_outputs)

B2 2 4

B3] % 5 S & Input layer » % & Embedding layer » & & LSTM >
- & Dense

Encoder : input_1 ~ embedding 1 ~ 1stm_1

Decoder : input_2 ~ embedding 2 ~ Istm_2 ~ dense_1

Model: "model_2”

Layer (type) Output Shape Param # Connected to
input_1 (InputlLaver) [(None, None)] 0 ]
input_2 (InputlLaver) [(None, None)] 0 []
embedding 1 (Embedding) (None, None, 300) 12580800 ["input_1[0][0]" ]
embedding_2 (Embedding) (None, None, 300) 12513900 ["input_2[0][0]" ]
Istm_1 (LSTM) [ (None, 300), 721200 [" embedding_1[01[0]" ]
(None, 300),
(None, 300)]
1stm 2 (LSTM) [(None, None, 300), 721200 [' embedding_2[0][0]"
(None, 300), "1stm_1[0][1]",
(None, 300)] "lstm_1[0][2]"]
dense_1 (Dense) (None, None, 41713) 12555613 ["1stm_2[01[0]"]

Total params: 39,092,713
Trainable params: 13,998, 013
Non-trainable params: 25,094, 700
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Input sentence: I really like wear jeans and t - shirts .
Decoded sentence: I really like to wear jeans and T - shirts .

Input sentence: Many people like play golf .
Decoded sentence: Many people like to play volleyball .

Input sentence: I 'm working on my office .
Decoded sentence: I’ m working in my office .

Input sentence: Also you should n’t yell in the street .
Decoded sentence: Also you should n’ t yell at the street .

Input sentence: I also like play a guitar .
Decoded sentence: I also like to play a guitar .

Input sentence: Let me tell you why you should apply this job .
Decoded sentence:

Let me tell you why you should apply for this job .

Input sentence: I am sending out invitations on 30 of my friends .
Decoded sentence: I am sending out invitations to 30 of my friends .

Input sentence: Welcome my home .
Decoded sentence: Welcome to my home .

Input sentence: Sometimes I talk phone and send emails .
Decoded sentence: Sometimes I talk on the phone and send emails .

Input sentence: I am good shape .
Decoded sentence: I am in good shape .

Input sentence: I worked with him 5 years in Metis company .
Decoded sentence: I worked with him for § years at a company .

Input sentence: It will be in Rio de Janeiro and I will arrive there about 6 pn.
Decoded sentence: It will be on July, , I will go there and and I will go there .
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Input sentence: I think our future is positive and colowrful ;
Decoded sentence:

every day we have nev chances working on the quality of owr thoughts and words .
I think the future is very good and and have a better vork in the market and the quality of the people will be more careful with you .

Input sentence: Before the age of laptops we used note books to take notes of everything , but nov ve can use the laptops also on the neetings .

Decoded sentence: Before the online catalog they have to spend tine on the intexnet , I

vill send 1t to the people to the people in the vorld and s nore .

Input sentence: In my opinion the TV channels should show the violent movies and TV shows in night , not in the afternoon .

Decoded sentence: In my opinion the TV chamnels should show the violence and sex and The movie is to go to the movies .
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o0 T ouer g ant E {4 attention 4 0 EF B FRAL - B
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https://gau820827.medium.com/%E6%95%99%E9%9B%BB%ES%85%A6%ES%AF%AB

%EA4%BD%I9C-ai%E7%90%83%E8%A9%95-
5e02seq%E6%A8%A1%ES%IENEBREEY%87%8I%ET7%I4%A8%ET7%AD%E6%ES%A8%9

8-pytorch-python3-31e853573dd0

https://ithelp.ithome.com.tw/articles/10194403?fbclid=IwAR1PegT2qp7KBMalusY6Y
ANhEsmbmHFS9PFGIOCBkHI7k38-JRBbKnAPOFc

https://ithelp.ithome.com.tw/articles/10223055

https://dataxujing.github.io/seq2seqlearn/chapterl/
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https://ithelp.ithome.com.tw/articles/10194403?fbclid=IwAR1PegT2qp7KBMaIusY6YANhEsmbmHFS9PFGl0CBkHI7k38-JRBbKnAPOFc
https://ithelp.ithome.com.tw/articles/10194403?fbclid=IwAR1PegT2qp7KBMaIusY6YANhEsmbmHFS9PFGl0CBkHI7k38-JRBbKnAPOFc
https://ithelp.ithome.com.tw/articles/10223055
https://dataxujing.github.io/seq2seqlearn/chapter1/

