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Abstract

We introduce a new language representa-
tion model called BERT, which stands for
Bidirectional Encoder Representations from
Transformers. Unlike recent language repre-
sentation models (Peters et al., 2018a; Rad-
ford et al., 2018), BERT is designed to pre-
train deep bidirectional representations from
unlabeled text by jointly conditioning on both
left and right context in all layers. As a re-
sult, the pre-trained BERT model can be fine-
tuned with just one additional output layer
to create state-of-the-art models for a wide
range of tasks, such as question answering and
language inference, without substantial task-
specific architecture modifications.

BERT is conceptually simple and empirically
powerful. It obtains new state-of-the-art re-
sults on eleven natural language processing
tasks, including pushing the GLUE score to
80.5% (7.7% point absolute improvement),
MultiNLI accuracy to 86.7% (4.6% absolute
improvement), SQuAD vl1.1 question answer-
ing Test F1 to 93.2 (1.5 point absolute im-
provement) and SQuAD v2.0 Test F1 to 83.1
(5.1 point absolute improvement).

1 Introduction

There are two existing strategies for apply-
ing pre-trained language representations to down-
stream tasks: feature-based and fine-tuning. The
feature-based approach, such as ELMo (Peters
et al., 2018a), uses task-specific architectures that
include the pre-trained representations as addi-
tional features. The fine-tuning approach, such as
the Generative Pre-trained Transformer (OpenAl
GPT) (Radford et al., 2018), introduces minimal
task-specific parameters, and is trained on the
downstream tasks by simply fine-tuning all pre-
trained parameters. The two approaches share the
same objective function during pre-training, where
they use unidirectional language models to learn
general language representations.

We argue that current techniques restrict the
power of the pre-trained representations, espe-
cially for the fine-tuning approaches. The ma-
jor limitation is that standard language models are
unidirectional, and this limits the choice of archi-
tectures that can be used during pre-training. For
example, in OpenAl GPT, the authors use a left-to-
right architecture, where every token can only at-
tend to previous tokens in the self-attention layers
of the Transformer (Vaswani etal., 2017). Such re-
strictions are sub-optimal for sentence-level tasks,
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https://paddlepedia.readthedocs.io/en/latest/tutorials/pretrain_model/bert.html#transformer-encoder
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X RRE T —MEMART:

GELU(z) = 0(1.7017449256323682x)
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https://core.ac.uk/download/pdf/41787448.pdf
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2 class BertIntermediate(nn.Module):

3 def __init__(self, config):

4 super () .__init__()

5 self.dense = nn.Linear (config.hidden_size, config.intermediate_size)
6 self.intermediate_act_fn = nn.GELU()

-

8 def forward(self, hidden_states):

9 hidden_states = self.dense(hidden_states)
10 hidden_states = self.intermediate_act_fn(hidden_states)
11 return hidden_states
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o MLMZEIETEiIERBHEREED MERNIEFR Emaskis—LE 35, ARSI _ETXFMiZE
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ALBERT. spanBERT#B# % T NSPES,

BERTTUI4RE R % R BEMIANS121ME, XZEENEBERTH, Token, Position, Segment
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import torch
import torch.nn as nn

import torch.nn.functional as F
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(d) Single Sentence Tagging Tasks:
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# BERTHIABNIE, E#EToken. PositionfllSegmentiiA

class BertEmbedding(nn.Module) :

def __init__(self, vocab_size, embed_size, max_len, type_vocab_size):

mnrrn

AL BERTERN

:param vocab_size: iaiZ&A/
:param embed_size: HRNEZE
:param max_len: RAFFIKE

:param type_vocab_size: ZEEIFFKA/ (WX EFAHIB)

mnirrn

super (BertEmbedding, self).__init__()

self.token_embeddings = nn.Embedding(vocab_size, embed_size)

A

self.position_embeddings =

nn.Embedding(max_len, embed_size)

# Token

# (UEfR



18

19
20
21
22
23
24
25
26
27
28
29

30

31
32
33
34
35
36

37
38
39
40
41
42
43
44
45
46
a7
48
49
50
51
52
53
54
55
56
57
58
59
60

def

self.segment_embeddings = nn.Embedding(type_vocab_size, embed_size)
# Segmentfi A\

self.layer_norm = nn.LayerNorm(embed_size) # Z/7—1L
self.dropout = nn.Dropout(0.1) # DropoutfhlEiTE

forward(self, input_ids, segment_ids):

mnirrnn

BllEI £

:param input_ids: BIABVIEIDIKE, K77 (batch_size, seq_len)
:param segment_ids: Segment IDKEZE, X7 aFAFHIEFB

mnirrnn

seq_len = dinput_ids.size(1l) # FEFFIKE

position_ids = torch.arange(seq_len, dtype=torch.long,

device=input_ids.device) # ZA{EID

position_ids = position_ids.unsqueeze(0).expand_as(input_ids)

BN EEIBI2E/E

/I

token_embeds = self.token_embeddings(input_ids) # Tokenii A\

# EE

position_embeds = self.position_embeddings(position_ids) # 1/ E#A

segment_embeds = self.segment_embeddings(segment_ids) # Segmentii\

embeddings token_embeds + position_embeds + segment_embeds

embeddings = self.layer_norm(embeddings) # /Z=/7—1k
embeddings

self.dropout(embeddings) # Dropout
return embeddings

# ZLEFZF
class MultiHeadSelfAttention(nn.Module):

def

def

__init__(self, embed_size, num_heads):

mnirrnn

a1 2L E 2R #

:param embed_size: HNEE

:param num_heads: ;EELA9EE

mnirrnn

super (MultiHeadSelfAttention, self).__init__()

assert embed_size % num_heads == 0, "HRNHEENMEEW SLEREERR, "

self.num_heads = num_heads # ;75 /7°L%

self.head_dim = embed_size // num_heads # &7 LA/
self.query = nn.Linear(embed_size, embed_size) # QueryZt|tZ}i
self.key = nn.Linear(embed_size, embed_size) # KeyZf|tZ /i
self.value = nn.Linear(embed_size, embed_size) # ValueZf|tZ /i
self.fc_out = nn.Linear(embed_size, embed_size) # #it/=

forward(self, value, key, query, mask):

mrrn

# ERAE
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:param value: ValueiEfF

:param key: Key#Bf%

:param query: QueryiEfE

:param mask: FEEBAE[%E, FHFRERRLNE

mrin

N, seqg_len, embed_size = query.size() # AAVGENBIFIA

# 18 Query, Key, ValueH 53t

Q = self.query(query).view(N, seq_len, self.num_heads,
self.head_dim).transpose(1l, 2)

K = self.key(key).view(N, seq_len, self.num_heads,
self.head_dim).transpose(1l, 2)

V = self.value(value).view(N, seq_len, self.num_heads,
self.head_dim).transpose(1l, 2)

# ITEFR7%
energy = torch.matmul(Q, K.transpose(-1, -2)) / (self.head_dim **x 0.5)
if mask is not None:
energy = energy.masked_fill(mask == 0, float("-1e20")) # X//&i5(U
ERARIME

attention = torch.softmax(energy, dim=-1) # /[I—#FZFEHINE

out = torch.matmul(attention, V).transpose(l, 2).contiguous().view(N,
seq_len, embed_size) # &%t

out = self.fc_out(out) # ZMTHHEML

return out

# Transformeri#
class TransformerBlock(nn.Module):
def __init__(self, embed_size, num_heads, forward_expansion, dropout):
46 E Trans formertk
:param embed_size: HNEE
:param num_heads: ;EE LA E
:param forward_expansion: BU{GEMEEY RISEL
:param dropout: DropoutlfE
i
super (TransformerBlock, self).__init__()
self.attention = MultiHeadSelfAttention(embed_size, num_heads) # Z=
HEFEN

self.norml

nn.LayerNorm(embed_size) # /Z/9—1L
nn.LayerNorm(embed_size) # E/7—1L

self.norm2

# BIGRTHELZZE (1EFHGELUBLEIREL)
self.feed_forward = nn.Sequential(

nn.Linear (embed_size, forward_expansion * embed_size),
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nn.GELU(),
nn.Linear (forward_expansion * embed_size, embed_size)

self.dropout = nn.Dropout(dropout) # Dropout/=

def forward(self, value, key, query, mask):

mnrrn

UGS

mrin

attention = self.attention(value, key, query, mask) # A L5774

x = self.dropout(self.norml(attention + query)) # ZZ=%/Z + F)7—1k

forward = self.feed_forward(x) # Filafi4
out = self.dropout(self.norm2(forward + x)) # /=% + FZ/H—1
return out

# BERTIZZY
class BERT(nn.Module):

def __init__(self, vocab_size, embed_size, num_layers, num_heads,

forward_expansion, max_len, type_vocab_size, dropout):

mnrrn

AL BERTIREY

:param vocab_size: iaiZ&A/

:param embed_size: HNEE

:param num_layers: Transformer/Z#{
:param num_heads: ;EELH9EE

:param forward_expansion: BRIy [EIZEK
:param max_len: RASFFIKE

:param type_vocab_size: SegmentfiAigZA /)
:param dropout: Dropout#fE

o

super (BERT, self).__init__()

self.embedding = BertEmbedding(vocab_size, embed_size, max_len,

type_vocab_size) # #N\/E

self.layers = nn.ModulelList(
[

TransformerBlock(
embed_size,
num_heads,
forward_expansion,
dropout

) for _ in range(num_layers) # &2 Transformeri®

def forward(self, dinput_ids, segment_ids, mask):

mrrn
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BUAIZ#E
out = self.embedding(input_ids, segment_ids) # # /=%
for layer in self.layers:
out = layer(out, out, out, mask) # BI&H—/ZTransformeri#

return out

# TEIEH
vocab_size = 1000
embed_size = 768

num_layers = 12

num_heads = 12
forward_expansion = 4
max_len = 512
type_vocab_size = 2
dropout = 0.1

model = BERT(vocab_size, embed_size, num_layers, num_heads,
forward_expansion, max_len, type_vocab_size, dropout)

input_ids = torch.randint(0, vocab_size, (2, 512)) # #tA/)2, FFKE512
segment_ids = torch.zeros_like(input_ids)

mask = None

output = model(input_ids, segment_ids, mask)
print(output.shape) # BAZHMLIEIL: (2, 512, 768)

Xt F—AgiREY, #eIlTEHuggingfaceik®|, X TFiREISEL, AILUE conifg.json X

© 0o N o b W N R
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"architectures": [
"BertForMaskedLM"
1,
"attention_probs_dropout_prob": 0.1,
"gradient_checkpointing": false,
"hidden_act": "gelu",
"hidden_dropout_prob": 0.1,
"hidden_size": 768,
"initializer_range": 0.02,
"intermediate_size": 3072,
"layer_norm_eps": le-12,
"max_position_embeddings": 512,
"model_type": "bert",
"num_attention_heads": 12,
"num_hidden_layers": 12,
"pad_token_id": 0,



18 "position_embedding_type'": "absolute'",

19 "transformers_version": "4.6.0.dev0",
20 "type_vocab_size": 2,

21 "use_cache": true,

22 "vocab_size": 30522

23}

FERAFIIZBERTEMR KagglefEss:
SRR EHSA

import pandas as pd

import torch

import torch.nn as nn

import torch.optim as optim

from sklearn.metrics import accuracy_score, classification_report

from torch.utils.data import DatalLoader

from datasets import Dataset as HFDataset # 5/ A Hugging Face BY Dataset

from transformers import BertTokenizer

© 0o N o b~ W N R

from tqdm import tqdm

=
(o}

from transformers import BertTokenizer, BertForSequenceClassification

import matplotlib.pyplot as plt
# BEERIHESE
data = pd.read_csv("dsaa-6100-movie-review-sentiment-

classification/movie_reviews/movie_reviews.csv") # EHAIFAIHIEERIF

# NIEBERTS 1528

tokenizer = BertTokenizer.from_pretrained('bert-base-uncased')

# XEF—FRITIH# T tokentb H 4411 tokenBJH E
data['token_length'] = data['text'].apply(lambda x: len(tokenizer.encode(x)))

# 2fltokentf<ERI A

plt.figure(figsize=(10, 6))

plt.hist(datal['token_length'], bins=50, color="skyblue', edgecolor="black")
plt.title('Token Length Distribution in Movie Reviews')

plt.xlabel('Token Length')

plt.ylabel('Frequency')

plt.grid(True)

plt.show()

© o N o b~ W N R
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Token Length Distribution in Mov

hf_dataset = HFDataset.from_pandas(data)

max_len = 512

def tokenize_function(example):

return tokenizer(

O© 0o N O U1 A W N P

example["text"],

10 max_length=max_len,
11 truncation=True,

12 padding="max_length"
13 )

print("wIEXZAF...")
tokenized_dataset = hf_dataset.map(tokenize_function, batched=True,

desc="Tokenizing dataset")

RPN ER. ..

Tokenizing dataset 100% 40000/40000 [01:41<00:00, 398.47 examples/s]

1 print(tokenized_dataset)
2 print(tokenized_dataset['text'][0])
3 print(tokenized_dataset['input_ids'][0])



Dataset({
features: ['text', 'label’, 'input_ids', 'token_type_ids', 'attention_mask'],
num_rows: 40000
H
If you havent seen this movie thanm you need to It rocks and you have to watch it It is so funny and will make you
laugh your guts out so you have to watch it and i saw it about a billion and a half times and still think it is
funny so you have to yes i have memorized the whole movie and could quote it to you from start to finish you must
see this move it is also cute because it is half a chick flick if you dont watch it then you are really missing
outthis movie even has cute guys in it and that is always a bonus so in summary watch the movie now and trust me you
will not be making a mistake did i mention the music is good teoo So you should 1ike it if you enjoy music This is a
movie that they rated correctly and it will work for anyone
[191, 2065, 2017, 4033, 2102, 2464, 2023, 3185, 2084, 2017, 2342, 2008, 2009, 5749, 1998, 2017, 2031, 2000, 3422,
2009, 2009, 2083, 2861, 6057, 1998, 2097, 2191, 2017, 4756, 2115, 18453, 2041, 2061, 20817, 2031, 2000, 3422, 2009,
1998, 1045, 2387, 2809, 2055, 1837, 4551, 1998, 1037, 2431, 2335, 1998, 2145, 2228, 2009, 2083, 6057, 2061, 2017,
2031, 2008, 2748, 1845, 2031, 24443, 18425, 1996, 2878, 3185, 1998, 2071, 14686, 2009, 2000, 2017, 20813, 2707, 2080,
3926, 2017, 2442, 2156, 2023, 2693, 2009, 2003, 2036, 10140, 2138, 2009, 2003, 2431, 1837, 14556, 17312, 2065,
2017, 2123, 2182, 3422, 2009, 2059, 2017, 2024, 2428, 4394, 2041, 15222, 2015, 3185, 2130, 2038, 101408, 4364, 1999,
2009, 1998, 2088, 2803, 2467, 1037, 6781, 2061, 1999, 12654, 3422, 1996, 3185, 2085, 1998, 3404, 2033, 2017, 2097,
2025, 2022, 2437, 1837, 6707, 2106, 1045, 5254, 1996, 2189, 2083, 22084, 2205, 2061, 2017, 2323, 20866, 2009, 2065,

# 38 PyTorch K&
tokenized_dataset.set_format(type="torch", columns=["1input_ids",
"attention_mask", "label"])

3 tokenized_dataset

out 7~ Dataset({
features: ['text', 'label', 'input_ids', 'token_type_ids', 'attention_mask'],
num_rows: 40000

i3]

1 # XISIIGERtEE
2 print("XIoEIEEH...")
3 train_test_split = tokenized_dataset.train_test_split(test_size=0.2, seed=42)
4  train_dataset = train_test_split["train"]
5 test_dataset = train_test_split["test']
6 train_dataset
Dataset({

features: ['text', 'label’', 'input_ids', 'token_type_ids', 'attention_mask'],
num_rows: 32008

b

1 # &M Dataloader NZZIE
2  train_loader = DatalLoader(train_dataset, batch_size=16, shuffle=True)
3 test_loader = Dataloader (test_dataset, batch_size=16)
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# FENX BERT 5 EiEH/
class BertClassifier(nn.Module):
def __init__(self, model_name, output_dim):
super (BertClassifier, self).__init__()
self.bert = BertForSequenceClassification.from_pretrained(model_name,
num_Tlabels=output_dim)

def forward(self, +dinput_ids, attention_mask):
outputs = self.bert(input_ids, attention_mask=attention_mask)
return outputs.logits # W7 EFSD

# IR TLIREY

print("#IGHARER. .. ")

output_dim = 2 # ZHEMFS

model = BertClassifier('bert-base-uncased', output_dim) # 1@FHBERTIENFIIEIE
U

# IRKEFLFL 1L S

criterion = nn.CrossEntropyloss() # @HXMERA%
optimizer = optim.Adam(model.parameters(), lr=2e-5) # BERTHIZ SJFE—fZi/

mode'l



BertClassifier(

© 0o N oo b~ W N
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11
12

13
14
15
16
17
18

1
2
3

(bert): BertForSequenceClassification(
(bert): BertModel(
(embeddings): BertEmbeddings(
(word_embeddings): Embedding(308522, 768, padding_idx=0)
(position_embeddings): Embedding(512, 768)
(token_type_embeddings): Embedding(2, 768)
(LayerNorm) : LayerNorm((768,), eps=le-12, elementwise_affine=True)
(dropout): Dropout(p=8.1, inplace=False)
)
(encoder) : BertEncoder(
(layer): Modulelist(
(6-11): 12 x BertlLayer(
(attention): BertAttention(
(self): BertSelfAttention(

(query): Linear(in_features=768, out_features=768, bias=True)

(key): Linear(in_features=768, out_features=768, bias=True)

(value): Linear(in_features=768, out_features=768, bias=True)

(dropout): Dropout(p=8.1, inplace=False)

# IFEIRE
def evaluate_model(model, test_loader):
print ("I HREA, ..M
model.eval() # IREEZ IR
all_preds = []
all_labels = []
with torch.no_grad(): # ZFEFEEITELIESFRENE
for batch in tqdm(test_loader, desc="iF{LE"):
input_ids = batch['input_ids'].to(device) # AV NID
attention_mask = batch['attention_mask'].to(device) # ZFEY
attention mask
labels = batch['label'].to(device) # FAVfiE
outputs = model(input_ids, attention_mask).argmax(dim=-1)
YUEZ)
all_preds.extend(outputs.cpu().tolist()) # U&7z 5
all_labels.extend(labels.cpu().tolist()) # WEEHLIreE
accuracy = accuracy_score(all_labels, all_preds) # i/ &%
print("/EHRZE:", accuracy)
print(classification_report(all_labels, all_preds)) # FJHI7ERE

return accuracy

# IREIRE
device = torch.device('"cuda" if torch.cuda.is_available() else "cpu")

model. to(device)

# IRERFT



# GARE

epochs = 5 # 3%

def train_and_evaluate(model, train_loader, test_loader):
print ("FRIIGRER. .. ")
global_step = 0 # AFICREHFIEINGEE (batch)

for epoch in range(epochs):

O 0o N O U b W N

10
11
12
13
14

15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32

33

model.train() # IRERE I ED
total_loss = 0 # ZFif%5/ epoch BIHI%E

for batch in tqdm(train_loader, desc=f"jll#% {epoch+1} #"):
optimizer.zero_grad() # /2=12/=
input_ids = batch['input_ids'].to(device) # FAVHAID
attention_mask = batch['attention_mask'].to(device) # ZFEY

attention mask

labels = batch['label'].to(device) # FFAVf7&s

outputs = model(input_ids, attention_mask) # AFi/af&7%
loss = criterion(outputs, labels) # 117&/i%
loss.backward() # KR/EEHE

optimizer.step() # E#FEY

total_loss += loss.item() # Zj#i%

# FTEI&FT epoch HYE 7%
print(f"% {epoch+1}/{epochs} #, #i%k: {total_loss:.4f}")

# BRI EHTTIFIL
accuracy = evaluate_model(model, test_loader)

# FAREF—RIRE

torch.save(model.state_dict(),

f'"bert_text_classifier_epoch_{epoch+1}.pth") # (RFIZZIVE

print (f"HBEIB{RTE: bert_text_classifier_epoch_{epoch+1}.pth")

train_and_evaluate(model, train_loader, test_loader)



FiallsEa. ..
sz 1 4 100% ||l 2000/2000 [25:57<60:00, 1.28it/s]

# 1/5 3, iRk 465.3554
WPEESG . ..

wptgeh: 100%| [N 500/500 [02:12<00:00, 3.77it/s]

HIRE: 0.933375

precision recall fl-score support

i 0.92 0.95 0.3 4019

1 8.95 0.92 0.93 398l

accuracy 0.93 8000
macro avdg 0.3 0.3 0.3 8000
weighted avg 0.3 0.3 0.3 8000

EAE{R7F: bert_text_classifier_epoch_1.pth
s 2 40 100%| | 2000/2000 [25:56<00:00, 1.29it/s]

£ 2/5 3, ik 237.5907
TGRSR |,

i 100% | [N 500/500 [02:11<00:00, 3.80it/s]

EIRE: 0.93125
precision recall fl-score support
0 0.96 0.90 0.93 4019
1 0.91 0.6 0.93 3981
accuracy 0.93 g000
macro avg 0.3 0.3 0.3 8000
weighted avg 0.93 0.93 0.93 8000

A2 27F: bert_text_classifier_epoch_2Z.pth

s 3 e exl] | 166/2000 [82:08<23:41, 1.29it/s]



= BERT.ipynb
(7] bert_text_classifier_epoch_1.pth
[7] bert_text_classifier_epoch_2.pth

test_data = pd.read_csv("dsaa-6100-movie-review-sentiment-

classification/test_data.csv")

3

4 hf_test_dataset = HFDataset.from_pandas(test_data)

5

6

7 print("wEMAHBEESR...")

8 tokenized_test_dataset = hf_test_dataset.map(tokenize_function, batched=True,
desc="Tokenizing test_dataset")

9

10

11  tokenized_test_dataset.set_format(type="torch", columns=["1input_1ids",
"attention_mask","Id"])

12

13  test_loader = DatalLoader (tokenized_test_dataset, batch_size=32)

14

15

16 print("FIRHEE...")

17 results = []

18 model.eval()

19 with torch.no_grad():

20 for batch in tgdm(test_loader, desc="#IEF"):

21 input_ids = batch['input_ids'].to(device)

22 attention_mask = batch['attention_mask'].to(device)

23 ids = batch['Id']

24 outputs = model(input_ids, attention_mask)

25 preds = outputs.argmax(dim=-1).cpu().tolist()

26 results.extend(zip(ids.tolist(), preds))

WENTEES . ..

Tokenizing test dataset 100% 10000/10000 [00:25<00:00, 394.45 examples/s]

FinEE. ..

e 100% | [NENENEEIIN| 313/313 [02:44<00:00, 1.91it/s]

2

results[:10]



[(8, 8],

(1, 1),
(2, @),
(3, 1),
(4, 1),
(5, 1),
(6, 1),
(7, 1),
(8, 1),
(9, 1)]

# IRTFLE,

print("REFERP...")

output_df = pd.DataFrame(results, columns=["Id", "Category"]) # BIELZEHIEINE
output_df.to_csv("submission.csv", dindex=False) # (RIFLEFENCSVXIE
print("ERERFEE submission.csv")

a b W N -

FIFERS. ..
B 2{2FF| submission.csv

-~ GRU.ipynb
M+ README.md
= requirements.txt

= submission.csv

o

o

EKaggleZHEIE I

Submission and Description Private Score (O Public Score ©® Selected
submission.csv
(@ 0.94600 0.93988
® Complete (after deadline) - 1m ago

submission.csv 0.83300 0.82533

® Complete (after deadline) - 11d ago - v1

MBEETFGRU, RIFTEERERERA, ABMIAE D HEE0.9445,

BARFOZLER, BRINEREAZESHAZRNFIETIZERE R TREERIFEESoTARN DR, A
JLBERTHE R T IF—RUAR TR = #EE /o
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