BERT (Bidirectional Encoder Representations from Transformers)

(https://arxiv.org/pdf/1810.04805.pdf)
(https://towardsdatascience.com/text-classification-with-bert-in-pytorch-887965e5820f)
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question-answering £9] tasko] A&
% [Jim]person bought 300 shares of [Acme Corp.Jorganization i [2006]Time.

@ st&oolglo st bidirectional training 3} WordPiece Tokenizer A&

_|OI'
|:|>
op

® EX 90]9] ‘language model’ & = Pre-trainingwt, 7o]st5(Transfer learning)<
0] &3t EA taskE 345l Fine-tuningC 2 1A

T oo

=) ()
BERT
[s=le]  [Ellm=]l=]- [

O oo & 5. EaEE. 5
K “mji:::;um :r:::*m_a/ \ \\ mumﬂ“mm:m P:W /

Pre-training Fine-Tuning

Figure 1: Overall pre-training and fine-tuning procedures for BERT. Apart from output lavers, the same architec-
tres are used in both pre-traiming and fine-tumng. The same pre-trained model parameters are used o mtalize
models Tor different down-stream fasks. Duning fine-tuning, all parameters are fine-tuned. [CL51 18 a specal
symbol added in front of every input example, and [SEP] is a special separator token (e.g. separuling ques-
Hons/answers ),



® Bert’l 7153t Tasks
(https://arxiv.org/pdf/1810.04805.pdf)

=] LR )lem )] [%) o | ot || Tma
I__I_I L_I_l l
|
Santence 1 Senmtence 2 Single Sentence
(a) Sentence Pair Classification Tasks: (b} Single Sentence Classification Tasks:
MHNLI, QOP, QNLI, STS-B, MRPC, 85T-2, ColA
ATE, SWAG
StartEnd Span ] B-PER L]
- G- G )
BERT BERT

[ede]- [B]l=ll=]- [&]
on, R0 D EEE

Faragraph Single Senbence
{c) Question Answering Tasks: {d) Single Sentence Tagging Tasks:
S0uAD v1.1 CoNLL-2003 NER

@® Bert 4%(2018)
(https://arxiv.org/pdf/1810.04805.pdf)

System MNLI-(m/mm) QOQP OQNLI S5T2 ColLA STS-B MRPC RTE  Average
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1. It is pre-trained on unlabeled data extracted from BooksCorpus, which has 800M
words, and from Wikipedia, which has 2,500M words.

% BookCorpus is a large collection of free novel books written by unpublished
authors, which contains 11,038 books (around 74M sentences and 1G words) of 16 different
sub-genres (e.g., Romance, Historical, Adventure, etc.)

2. As the name suggests, it is pre-trained by utilizing the bidirectional nature of the

encoder stacks. This means that BERT learns information from a sequence of words not only

from left to right, but also from right to left.
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® Special Tokens in Input Representation of BERT

- [CLS] classification EZ : @& sentence?] A Hx EZ

“The cat is walking. The dog is barking”
--> “[CLS] the cat is walking [SEP] the dog is barking”
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Before feeding word sequences into BERT, randommnly chosen 15% of the words

the whole texts are replaced with a [MASK] token, first
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The model then attempts to predict the original value of the masked words,
based on the context provided by the other, non-masked, words in the sequence.
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ex) I am [MASK] boy (80 %), [IMASK]Z ofjA]
She is at [MASK]. I just texted him.
She loved and with chocolate like (10 %), random words
She is at home. [ just texted him. (10 %), no mask

maahkad } | 5':_!'!'i'-|'r‘ Iy = o
.
oo ) () () @D ()
o+ o | | T

I T I I I

Lo ) (o ) (o ) (o ] (o ]

_T T I I T

Transformer encoder




(8r& A2k 2) Next Sentence Prediction (NSP)
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ex) I am [MASK] boy (80 %), one mask
She is at [MASK]. I just texted him.

She loved [MASK] with chocolate [MASK] (10 %), random masks
She is at home. [ just texted him. (10 %), no mask
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(https://github.com/google-research/bert)
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2. pytorchS 0]£3l BERT IMDB Sentence Classification

2.1 Source Code
(https://towardsdatascience.com/text-classification-with-bert-in-pytorch-887965e5820f)

# Huggingface transformersE ©]&%F Bert 2 & 7*& [3F ]
# pip install transformers[torch] datasets torch
importtorch,sys

fromdatasets importload_dataset

fromtransformers importTrainer,TrainingArguments
fromtransformers importBertForSequenceClassification
fromtransformers importBertTokenizer
fromtransformers importpipeline

# Check for GPU availability

device ='cuda'if torch.cuda.is_available()else 'cpu'
print("Using device:",device)

def train_bert(totalEpochs=3):
# Load dataset
dataset =load_dataset('imdb',split=["train’, 'test'])
train_dataset,test_dataset =dataset
# pre-trained tokenizer 4%
tokenizer =BertTokenizer.from_pretrained('bert-base-uncased")
def tokenize_function(examples):
return tokenizer(examples['text'],padding="max_length",truncation=True)
# imdb Go]E AEC] 5% A}E. FHA AFEAI o] L comment E
train_dataset = train_dataset.shuffle(seed=42).select(range(int(0.05 * len(train_dataset))))
test dataset = test dataset.shuffle(seed=42).select(range(int(0.05 * len(test dataset))))
train_dataset =train_dataset.map(tokenize_function,batched=True)
test dataset =test dataset.map(tokenize_function,batched=True)
# BERT pre-trained model 4%
model =BertForSequenceClassification.from_pretrained( 'bert-base-uncased',num_labels=2)
model.to(device)
# 85 e 4%
training_args =TrainingArguments(
output_dir="./results’, # output directory
num_train_epochs=totalEpochs, # number of training epochs
per _device train_batch size=8, # batch size for training
per_device_eval batch size=16, # batch size for evaluation

warmup_steps=500, # number of warmup steps for lLearning rate scheduler
weight decay=0.01, # strength of weight decay

logging dir="./logs"', # directory for storing logs

logging steps=10,

evaluation strategy="epoch", # evaluation is done at the end of each epoch

)

# trainer &%

trainer =Trainer(
model=model,
args=training args,
train_dataset=train_dataset,
eval dataset=test dataset

)

# B4 g5 A17]7]

trainer.train()

# S5d AT

model path ="bert-finetuned-imdb" # 2= </ 32 >r]
model.save pretrained(model path)

tokenizer.save pretrained(model path)




# main, train or predict

fl===============================================================================
showModelFlag =True
if __name__=="_main__ ":

print('\n','="*80)
print('Usage [Training]: python bert_imdb.py train totalEpochNo[<l|:10]")
print('Usage [Prediction]: python bert_imdb.py predict ")

SLA
—————————————————————————————————— or 5

if "train'in sys.argv[l]and int(sys.argv[2])>0:
totalEpochs =int(sys.argv[2])
train_bert(totalEpochs)
# Test prediction using a sentence
elif 'predict'in sys.argv[1]:
print('\n*** Model loading...... ")
modelPath ='bert-finetuned-imdb’
model =BertForSequenceClassification.from_pretrained(modelPath)
model =model.to(device)
tokenizer =BertTokenizer.from_pretrained(modelPath)

classifier =pipeline('text-classification', model=model,tokenizer=tokenizer, \
device=0 if device =='cuda'else -1)
print("*** Model loaded successfully from ",modelPath, ‘'\n")

if showModelFlag :
print(model)

while True:
query_sentence =input("\n*** Type a sentence or 'quit' to stop: ")
if 'quit'in query_sentence :
break
print("===> query sentence:",query_sentence)
predicted output =classifier(query_sentence)
print("===> Predicted output:",predicted_output,'\n")




2.2 ASiA3} (Train)

python train 20
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“layer_notm_eps’ le-12, failing
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"meadel_type™: "bert”, commanding
“nurn_attention_heads™ 12, buddhist
“num_hidden_layers™ 12, 1844
“pad_token_id™: 0 maurics
"position_embedding_type™: "absolute” facusing
"problem_type™ "single_label_classification”, yale
torch_dtype”: “float32" bike
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{
“added tokens decoder™: |
"0
“content™ "[PAD]",
“Istrip": false,
‘normalized”; false,
“rstrip”: false,
"single_word": falzse,
“special™: true
b
et |
“eontent” "[UNK]",
“Istrip”. false,
“normalized”; false,
“rstrip”: false,
“single_word"™ false,
“special”: true
b
i | 5 Bl
“eontent™ "[CLS]",
“lstnip’: falze,
“rnormalized”; false,
“ratrip": false,
“single_word": faize,
“special” true
b
102
“content™: "[SEP]",
“Istrip" false,
“mermalized”: false,
“ratrip”. falze,
“zsingle_waord": false,
“special™ true
b
"1eET
“eontent” "[MASK]",
“Istrip”: false,
“normalized”: false,
“rstrip": false,
1 “single_word": false,
“special” true
}
L
“clean_up_tockenization_spaces™: true,
“els_token™: "[CLS]".
“do_basic_tokenize™: true,
| "do_lowsr_case”: trus,
: “mask_token”: "[MASK]",

"model_max_length™ 512,
“never_split™: null,
“pad_token™ "[PAD],
"sep_token" "|SEP|,
“strip_accents”: null,

' Cunk_token™: "[UMNEK]"

|F

“tokenize_chinese chars’) true,
“tokenizer_class™ "BertTokenizer”,

;_ special_tokens_mapjson - Windows Bf 2 &

OHEF EEE Ao 220 S8

“cls_token": “[CLS]",
“mask_token™: "[MASK]",
“pad_token™: "[PAD]",
"sep_token™: "[SEP]",
"unk_token™ "[UNE]

}

Lr 7, Cod 1 100%
Lm 1, Col 1 100% Windows (CRLF) UTF-B
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