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& B is a new type of "open source"
campus community that is rapidly becoming
popular among college students and is self-
managed and self-served by students. We focus
on local users centered on each college and
university, and are committed to providing an
efficient and easy-to-use mutual welfare platform
and a harmonious social media to help teachers

and students solve the difficulties in study, life

and work.
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BERT
1. What 1s BERT?

* BERT (Bidirectional Encoder Representations from Transformers) is awesome research in Natural Language
Processing (NLP) published by researchers at Google AI Language in 2018.

It has caused a stir in the Machine Learning community by presenting state-of-the-art results in a wide variety of
NLP tasks, including Neural Machine Translation, Question Answering (SQuAD v1.1), Sentence Pair
Classification task (MNLI), Sentiment Analysis, Text Summarization and others.

@ It is Bi-directional
@ It uses an Encoder Representation

(® It has a Transformer based architecture

« —BERT’s key technical innovation is applying the bidirectional training of Transformer, a popular
attention model, to language modeling. This is in contrast to previous efforts which looked at a text sequence
either from left to right or combined left-to-right and right-to-left training.

* A language model that is bi-directionally trained can have a deeper sense of language context and flow than
single-direction language models.

* In the paper, the researchers detail a novel technique named Masked Language Modelling (MLM) which
allows bidirectional training in models in which it was previously impossible.



Model Comparison

——How BERT comes and why it becomes so popular ?

BERT (Ours)
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1. From Word to Vectors

Tokenization is the task of chopping it up into pieces, called tokens, perhaps at the same time throwing away certain

characters, such as punctuation.

1.Using wordpieces (e.g. playing -> play + ##ing) instead of words.

2.Numericalization aims at mapping each token to a unique integer in
the corpus’ vocabulary.

3.Token embedding is the task of get the embedding (i.e. a vector of
real numbers) for each word in the sequence. Each word of the sequence
is mapped to a emb_dim dimensional vector that the model will learn
during training.

4.Padding was used to make the input sequences in a batch have the
same length.

5.Positional encoding is designed to help the model learn some notion
of sequences and relative positioning of tokens.

6.Sentence embedding techniques represent entire sentences and their
semantic information as vectors.

Tokenization

DistilBertTokenizer

101

[CLS]

1037 17453 14726 19379 12758 2006 2293 102
3) substitute tokens with their ids
a visually stunning rum ##ination on love [SEP]
2) Add [CLS] and [SEP] tokens
a visually stunning rum ##ination on love
1) Break words into tokens
Tokenize

“a visually stunning rumination on love”




2. The Encoders from the transformer

e The transformer architecture 1s based on encoder-

decoder form.

e The encoder consists of four parts ( self attention,
multi-head attention, residual connections and
normalization and feed forward network ). The
encoder of the transformer architecture looks like :

e multi head attention--measure the self attention score
multiple times

® Add and Norm--Add means the residual connection and
norm mean the layer normalization. It also use dropout
in this layer to reduce overfitting.
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3. Masked Language Modeling (MLM)

e One of the greatest feature of BERT 1is the
Masked Language Modeling (MLM).

0.1% = Aardvark
Possible classes: | - -

Use the output of the
masked word’s position

e MLM randomly masks some of the pradictsrEskad worg R owers ) mprovsalin
tokens from the input, and the objective i
is to predict the original vocabulary id [ _rrwesotmar
of the masked word based only on its 2 I i
context. Unlike left-to-right language
model pre-training, the MLM objective BERT
allows the representation to fuse the left Randomly mask [L T i T [Mjm T T T T =

and the right context, which allows us to

pre-train a deep bidirectional Transformer. Py LI

[CLS] Lets  stick to improvisation in this
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3. Masked Language Modeling (MLM)

1 - Semi-supervised training on large amounts
of text (books, wikipedia..etc).

The model is trained on a certain task that enables it to grasp
patterns in language. By the end of the training process,

BERT has language-processing abilities capable of empowering
many models we later need to build and train in a supervised way.

Semi-supervised Learning Step
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2 - Supervised training on a specific task with a
labeled dataset.
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4. Next Sentence Prediction (NSP)

In the BERT training process, the model receives pairs of sentences as input and learns to predict if the
second sentence in the pair is the subsequent sentence in the original document. To help the model
distinguish between the two sentences in training, the input is processed in the following way before entering
the model:

A [CLS] token is inserted at the beginning of the first sentence and a [SEP] token i1s inserted at the end of
each sentence.

e A sentence embedding indicating Sentence A or Sentence B i1s added to each token. Sentence embeddings
are similar in concept to token embeddings with a vocabulary of 2.

* A positional embedding is added to each token to indicate its position in the sequence.

7 /7 B A4 D A4 N 4 B A4 N 7 4 N
Input [cLs) ] my dog is [ cute ] [SEP] he [ likes ][ play ] ##ing 1 [SEP]
Token
Embeddings E[CLS] Emy Edog Eis Ecute E[SEP] Ehe EIikes Eplay E"ing E[SEP]
+ -+ -+ + + + L + + + +
Segment
Embeddings EA EA EA EA EA EA EB EB EB EB EB
+ + + + + + + + + + +
Position
Embeddings E0 E1 Ez I-:—3 E4 ES E6 E7 E8 E9 E10




3/4: BERT pre-training method

When the BERT model is pre-trained, it is

based on 2 types of tasks:

® Masked language modeling (language
model with mask)

® Next sentence prediction

When training the BERT model, Masked

LM and Next Sentence Prediction are

trained together, with the goal of

minimizing the combined loss function of

the two strategies. Now, the whole BERT

model in this looks like:

Predict likelihood
that sentence B
belongs after

1% | IsNext

99% NotNext

sentence A
FFNN + Softmax
L N N ]
BERT
Tokenized ® oie
In pUt [CLS] [MASK]
Input [CLS) [MASK] [MASK]

]
Sentence A Sentence B
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S. BERT as Transfer Learning in NLP

Language Model Adapted model to solve NLP task
(e.g., BERT or GPT) (e.g., fine-tuning output for Q&A)
Ve NP MaskLM Mask LM -.._\‘.‘ StartEnd Span
> o o o] GO ()]
B aeE OE BEEE B
Document e = et
Corpus, e.qg., retraining BERT | aptauon
Wikipedia BERT
[eal e .. [& [ &m][e]- [i
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computationally . Urtstoted ST s A B Pat / computationally (=1 I ] I [ J I M]Liy_LrJ
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APPLICATIONS

A different variation of BERT is now using in different real-life projects. Models trained on
domain/application-specific corpus are Pre-trained models. Training on domain-specific corpus has shown to
yield better performance when fine-tuning them on downstream NLP tasks like NER etc. for those domains, in
comparison to fine tuning BERT. Some of the variations are listed below that are using different real-world
NLP problem

* RoBERta (robustly optimized BERT for solving different tasks)

* Bi0oBERT (use for biomedical text)

* SciBERT (use for scientific publications)

* Clinical BERT (use for clinical notes)

* G-BERT (use for medical/diagnostic code representation and recommendation)

 M-BERT from 104 languages for zero-shot cross-lingual model transfer (task-specific annotations in one
language is used to fine-tune a model for evaluation in another language)

* ERNIE (knowledge graph) + ERNIE (2) incorporates knowledge into pre-training but by masking entities
and phrases using KG.

* TransBERT — unsupervised, followed by two supervised steps, for a story ending prediction task

* videoBERT (a model that jointly learns video and language representation learning) by representing video
frames as special descriptor tokens along with text for pretraining.
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Finetuning

O input (428.87 MB)
’ a duoduo-data
¥ huggingface-transformers-bert-base-chinese

3 output (439MB / 19.6GB)
~ [ /kaggle/working &)

Specifically, we will take the pre-trained BERT model, add an
untrained layer of neurons on the end, and train the new model
for our classification task.

M predict_bert.xlsx
1. Setup [ best_model_state.bin

1.1. Using kaggle GPU for Training
Settings A

We will train a large neural network, so we need hardware
acceleration, otherwise the training will take a long time.

Kaggle offers 36 hours a week’s GPU for free, so we chose to Environment  Preferences
program on the Kaggle platform.

Language Python ~

Accelerator GPU ~

1.2. Download chinese-roberta-wwm
GPU Quota 10:51/ 36 hrs

Internet )




Finetuning
2. Loading DuoDuo Dataset

2.1 Discription of dataset

* Our whole dataset contains data from 2021-09-18 —— 2021-12-16
« Filter : main post + “¥¢f5”
e Our traning set contains data from 2021-11-16 —— 2021-12-16
Amount of data : 7714

The sentiment label Is labelled manually

Data columns (total 17 columns):

=

&)

O NV B WN =

16

dtypes: datetime64[ns](1),

Column Non-Null Count Dtype
comment_count 4379 non-null float64d
text 7714 non-null object
create_time 4379 non-null  datetime64[ns]
like_count 4379 non-null float64d
post_id 4379 non-null float64d
pre_context ® non-null float64
pre_post_id ® non-null float64
pre_user_id ® non-null float64
root_post_id 4379 non-null float64
school 4379 non-null object
shida 4379 non-null float64
topic_1 4379 non-null  object
topic_2 4379 non-null object
user_hot_value 4379 non-null float64d
user_id 4379 non-null  object
user_post_count 4379 non-null float64
sentiment_label 7714 non-null int64

memory usage: 1.0+ MB

float64(10), int64(1), object(5)
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3. Tokenization & Input Formatting | | |
In this section, we’ll transform our dataset into the format that BERT can be trained on.

3.1. BERT Tokenizer

To feed our text to BERT, it must be split into tokens, and then these tokens must be mapped

to their index 1in the tokenizer vocabulary.

tokenizer = BertTokenizer.from_pretrained('../input/huggingface-transformers-bert-base-chinese’)

3.2. Required Formatting

The above code left out a few required formatting steps that we’ll look at here.

We are required to:

1.Add special tokens to the start and end of each sentence.

2.Pad & truncate all sentences to a single constant length.

3.Explicitly differentiate real tokens from padding tokens with the “attention mask”.

encoding=self.tokenizer.encode_plus(
Text,
add_special_tokens=True, # @/ 7JJCLS+text+SEP
max_length=self.max_len, #
return_token_type_ids=True, ##-1"&/ 7.2 [6/57a] 6660111
pad_to_max_length=True, ## =
return_attention_mask=True, # #%Z 1110605 Z=]7#/
return_tensors='pt', #pytorch3£%
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4. Train Our Classification Model
Now that our input data is properly formatted, it’s time to fine tune the BERT model.

class EnterpriseDangerClassifier(nn.Module):
def __init__(self, n_classes):
super (EnterpriseDangerClassifier, self).__init__()
self.bert = BertModel.from_pretrained('../input/huggingface-transformers-bert-base-chinese')
self.drop = nn.Dropout(p=0.3)
self.out = nn.Linear(self.bert.config.hidden_size, n_classes)
def forward(self, input_ids, attention_mask):
_, pooled_output = self.bert(
input_ids=input_ids,
attention_mask=attention_mask,
return_dict = False
)
# max_pooling = max(pooled_output)
# mean_pooling = mean(pooled_output)
#out_put = cat(max_pooling, mean_pooling) #2*768 [frilid#l&
#output = self.drop(out_put)
output = self.drop(pooled_output) # dropout
return self.out(output)
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Finetuning S
4.1. Optimizer & Learning Rate Scheduler

Now that we have our model loaded we need to grab the training hyperparameters from

within the stored model.

optimizer = AdamW

Loss function : CrossEntropyLoss

Epoch =2

Leaning rate = 2e5

Batch size = 6

/e

# e AU T 25
R== Vil =

EPOCHS = 2 # jlj&i##%

optimizer = AdamW(model.parameters(), lr=2e-5, correct_bias=False)
total_steps = len(train_data_loader) * EPOCHS#Z 4

scheduler = get_linear_schedule_with_warmup(
optimizer,
num_warmup_steps=0,

loss_fn = nn.CrossEntropylLoss().to(device)
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history = defaultdict(list) # ZR716# lossfacc
best_accuracy = 0

4.2. Training Loop |
Below is our training loop. There’s a lot going on, but fundamentally for each passﬂirnepoch i

print(f'Epoch {epoch + 1}/{EPOCHS}")

our loop we have a trianing phase and a validation phase. print(*-" * 10)
Training; trair:;ZZi: train_loss = train_epoch(
*Unpack our data inputs and labels heen
*Load data onto the GPU for acceleration g e
*Clear out the gradients calculated in the previous pass. jg:jj:ij;;

* In pytorch the gradients accumulate by default (useful for things like RNNs)’

unless you explicitly clear them out. de i
*Forward pass (feed input data through the network) T T
*Backward pass (backpropagation) e
*Tell the network to update parameters with optimizer.step() e
*Track variables for monitoring progress )
. print(f'val loss {val_loss} accuracy {val_acc}')

Evalution: print()

history['train_acc’].append(train_acc)
history['train_loss'].append(train_loss)
history['val_acc'].append(val_acc)
history['val_loss'].append(val_loss)

if val_acc > best_accuracy:
torch.save(model.state_dict(), 'best_model_state.bin')
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©.5898227646573412
©.5370909252992043

©.4674954005567777
©.6893748238969307

©.4162559777750998
©.8516548585791427

accuracy ©.7136271967732641
accuracy ©.7461139896373057

accuracy ©.8173437049841544
accuracy ©.7487046632124352

accuracy 0.8699222126188418
accuracy ©.7487046632124352

Accuracy

Training history
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Performance——LSTM

Layer (type) Output Shape Param #
embedding_1 (Embedding; _____ (None, 180, 20) _=g;;g0
1stm_1 (LSTM) (None, 100) 48400
dropout_1 (Dropout) (None, 100) 2]
dense_1 (Dense) (None, 2) 202

Total params: 135,282
Trainable params: 135,282
Non-trainable params: @

Epoch 1/5

2021-12-29 ©3:09:58.698097: I tensorflow/compiler/mlir/mlir_graph_optimization_pass.cc:185]

ered 2)
273/273 [ —

]

Epoch 2/5

2737273 [ ]
Epoch 3/5

]

273/273 [ ======
Epoch 4/5

]

273/273 [ ======
Epoch 5/5
273/273 [ =

]
1

- 67s 228ms/step -
- 62s 228ms/step -
- 62s 227ms/step -
- 62s 226ms/step -

- 625 227ms/step

loss: 0.6369 -

loss: ©.5723 -

loss: ©.5325 -

loss: ©.4999 -

loss: ©.4713

accuracy:
accuracy:
accuracy:
accuracy:

2 accuracy:

©.6425

0.7121

©.7441

0.7611

0.7807

embedding 1 input: InputLayer

input: | [(None, 180)]

output: | [(None, 180)]

l

embedding 1: Embedding

input:

(None, 180)

output: | (None, 180, 20)

l

Istm_1: LSTM

input:

(None, 180, 20)

output:

(None, 100)

l

dropout_1: Dropout

input:

(None, 100)

output:

(None, 100)

:

input:

(None, 100)

dense_1: Dense

output:

(None, 2)
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Wordcloud Analysis

cat review cat_id clean_review cut_review
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Wordcloud Analysis
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the analysis of top ten hottest posts

1. sentiment words :

Y e
)

sentiment label counts
1 317
0 302

& i 8iE T =%
social network level words : XX B% BBk A EkK

M 619 data

M Many of the top ten hot posts involve

emotional issues, including roommate
relationships, boyfriend-friend
relationships, personal emotional issues,
etc.

M The three words with the most significant

emotional inclinations when the students
posted are: crying, laughing and funny.
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Wordcloud Analysis
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Many of posts involved conflicts between Q?FE = k
classmates: including the embarrassment , u/_'=' <15
feeling when socialize, the anger of being 'fIEjz & _‘_tﬁ_z
unplugged from the battery car charger, and EII}_IL: A==

the social fear in class speeches and so on.



Wordcloud Analysis

the analysis of the posts iike
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sentiment label count
1 573
0 481
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What if: no need to choose?




Data 0918-1216 (80k+ posts)

1209-1216 (8K)

Model selection

Model construction

Removing Word Word Model
special chars segmentation factorization evaluation

Processing
input

Processing
prediction




Proportions of 6 Topics
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Word Clouds for 6 Topics
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accuracy
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Model Evaluation: Accuracy as Criterion
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Model Evaluation: CPU Time as Criterion
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Model Evaluation: Linear SVC

Modelled using 1-week data
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Model Evaluation: Linear SVC (L2-penalized)

Modelled using 3-month data

precision recall fl-score support
i 0.79 0.90 0.84 10588
RE 0.94 0.85 0.89 2853
A 0.64 0.08 0.14 375
SKBf 0.85 0.78 0.81 986
FREREE 0.91 0.77 0.83 286
SRR 0.76 0.53 0.63 505
WAvg 0.83 0.83 0.83 25322




Application prototype

Built using Gradio and reposited on Huggingface

TEXT
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Clear
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Clear
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Clear
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Screenshot
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Thank you!

Text mining and classifications in an alumni forum

December, 2021



