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Self Introduction

新納 浩幸（SHINNOU Hiroyuki）

Ibaraki University  (Professor)

I've been researching NLP ever since 
I graduated from the university.
Recently, I study about transfer learning 
of pretraining model like BERT, and  
object detection in CV domain.

hiroyuki.shinnou.0828@vc.ibaraki.ac.jp



Last week,  my book was published.
Please buy it if you can read Japanese. 



Agenda

1. Introduction of BERT

2. Input/Output of BERT

3. Use of BERT through transformers

4. Downsizing of BERT model
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Introduction of BERT



BERT

Main technique  is multi-head attention used 
in the Transformer.

https://arxiv.org/abs/1810.04805
Oct.  2018.

May. 2018.

Surpassed ELMo by far

Biggest impact on NLP world  since  word2vec !

Vaswani, Ashish, et al. "Attention is all you need."
Advances in neural information processing systems. 2017.



Image of Input/Output of BERT
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[SEP]
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Contextual word embeddings 

私は犬が好き 奴は警察の犬だ

犬
Emb.・・・ ・・・ 犬

Emb,・・・ ・・・

BERT BERT

Not  same

In word2vec, two embeddings are same.

He‘s a police dog. I love a dog. 



Multi-head Attention



Self-Attention

Multi-head Attention Self-Attention≈

Multi-head Attention is not
self-attention.
But they are similar, and
same input/output form.



Query, Key, Value
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feature-based and fine-tuning

Learning of these two parts is
fine-tuning use.

Learning of only this part  is
feature-based use.



Difficulty of Fine-tuning

made in TensorFlow

We must make this part 
in TensorFlow.

Programing of Fine-Tuning
was difficult. 



Appearance of Hugging Face

made in PyTorch

We can make this part 
in PyTorch.

Programing of Fine-Tuning
gets easy. 
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Input/Output of BERT



https://github.com/huggingface/transformers

We can download all codes of transformers
from this site.



https://huggingface.co/transformers/

Documentation is in 

Current version is 3.1.0 



Four important classes on BERT
BertConfig
BertTokenizer
BertModel
BertForMaskedLM

If we only know these four classes, 
we don't need the rest.

There are some classes for specific tasks.  
However, it is more applicable to make it 
by yourself.   
It is easy because we can use PyTorch.



Pretrained models
https://huggingface.co/transformers/pretrained_models.html

If the model is registered in above site,
we can use that model by its name 



Required files to use BERT

(1) Model file

(2) Configuration file

(3) Vocabulary file

pytorch_model.bin

config.json

vocab.txt

Standard file names



Tokenizer

Sentence

Input of BERT is sequences of word IDs

Sequence of word IDs

Tokenizer does this transform 

If you use Japanese BERT, it is better
to choose the tokenizer used in learning 
BERT.



Not use of Tokenizer
Get word IDs  from  ‘vocab.txt’

Attend to special tokens

[CLS] put the beginning of the sentence
[SEP]      put the end of the sentence
[PAD]      padding 
[UNK]     unknown word
[MASK]   mask



#!/usr/bin/python
# -*- coding: sjis -*-

text = ['[CLS]', '私', 'は', '犬', 'が', '好き', '。', '[SEP]']
ln = 0
dic = {}
with open('tohoku/vocab.txt','r',encoding="utf-8") as f:

word = f.readline()
while word:

word = word.rstrip()
dic[word] = ln
ln += 1
word = f.readline()

ids = [ dic[w] for w in text ]
print(ids)

$ python dic.py
[2, 1325, 9, 2928, 14, 3596, 8, 3]

dic.py



Try BERT

from transformers import BertModel, BertConfig
import torch

config = BertConfig.from_json_file('config.json')
model = BertModel.from_pretrained('pytorch_model.bin’,

config=config)

ids = [2, 1325, 9, 2928, 14, 3596, 8, 3]  # 私は犬が好き。

ids = torch.tensor(ids).unsqueeze(0)
a = model(ids)



Output of BERT
Output a is tuple. Size is various.
a[0]  main output content

torchSize( [batch size, # of words, dim. of word ] ) 

a[0][0]   output of BERT for 0-th sentence 
>>> a[0][0].shape
torch.Size([8, 768])    # 8 words, 768 dim.

a = model(ids)

Embedding of [CLS] in 0-th sentence
>>> a[0][0][0].shape
torch.Size([768])



Use of BertJapaneseTokenizer

from transformers import BertJapaneseTokenizer

tknz = BertJapaneseTokenizer.from_pretrained(
'cl-tohoku/bert-base-japanese')

ids = tknz.encode('私は犬が好き。’)
print(ids)

#   [2, 1325, 9, 2928, 14, 3596, 8, 3]

We don’t need segment an input sentence
Into words.



Not use of model name
If the model is registered in Hugging Face site,
the tokenizer can be set by its model name.
If the model is not in Hugging Face site,
tokenizer of the model can be used as follows:

from transformers import BertJapaneseTokenizer
from transformers import tokenization_bert_japanese

tknz = BertJapaneseTokenizer('tohoku/vocab.txt',
do_lower_case=False,do_basic_tokenize=False)

tknz.word_tokenizer = tokenization_bert_japanese.MecabTokenizer()



Length of sentence

Limitation of length of sentence (number of words)
is set in the ‘config.json’.

"max_position_embeddings": 512

If the input is over this limitation,
errors come in putting it into the model.

This number can be changed



Note on sentence length

Sentence length is limited, but the tokenizer
is not suffered from this limitation.

You must remove the overed part 
in output of the tokenizer in yourself.
Auto remove may not be set in a system.

When input is a single sentence,
[CLS] and [SEP] are added, that +2.

When input is a double sentences,
[CLS], [SEP] and [SEP] are added, that +3.



max_position_embeddings
This variable means the limitation 
on sentence length.  
This number can be changed.

No problem if we set a big number to this ?

No good!
・Speed gets slow.

・No sense if the number is bigger
than the number used in learning.

・Need much memory.



How do we get middle layer output ?
config.output_hidden_states=True



a[2][-1]   seq. of embeddings of 12th layer 
a[2][-2]   seq. of embeddings of 11th layer
・・・
a[2][-12]  seq. of embeddings of first layer 
a[2][-13]  seq. of input embeddings of BERT

a = model(ids)

a[2] is a tuple, the size is 13.
Each element of a[2] means each layer output.

Note:  a[0][0] == a[2][-1]

If output_hidden_states=True,
size of tuple a is 3.



BertForMaskedLM
BERT can be used as Masked Language Model.

BertForMaskedLM can predict  the [MASK] word.

私 は [MASK]  が 好き

BERT can predict the masked word.
BERT outputs the probability p(w) that 
the masked word is the word w.

( I love [MASK]. )



>>> import torch
>>> from transformers import BertConfig, BertForMaskedLM
>>> from transformers import BertTokenizer
>>> config = BertConfig.from_json_file('config.json')
>>> model = BertForMaskedLM.from_pretrained('pytorch_model.bin’,

config=config)
>>> tknz = BertTokenizer('vocab.txt’, do_lower_case=False,

do_basic_tokenize=False)
>>> ids = tknz.encode("私 は [MASK] が 好き 。")

>>>ids
[2, 1325, 9, 4, 14, 3596, 8, 3]

ID of [MASK] is 4, so ids[3]  is [MASK]



>>> ids = torch.tensor(ids).unsqueeze(0)
>>> a = model(ids)

a is a tuple, its size is 1.

>>> a[0].shape
torch.Size([1, 8, 32000])

a[0][0][k][m] means the probability that
k-th word in input is m-th word in ‘vocab.txt’
whose size is 32000.



>>> b = torch.topk(a[0][0][3],k=5)

3rd-word in input is [MASK]

b is tuple, and its size is 2.
b[0] is  a value, and b[1] is  the index.

>>> ans = tknz.convert_ids_to_tokens(b[1])
>>> ans
['サッカー', '野球', '音楽', 'あなた', '映画’]

( soccer, baseball, music, you, movie )
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Use of BERT 

through transformers



Document classification
Data set: 「livedoor news corpus」
https://www.rondhuit.com/download.html#ldcc

・pick up 100 training data and 100 test data
from each category

・totally, 900 training data and 900 test 
・learn the model by training data, and

test the model by test data

9 category news articles
We use the headline (1 sentence) as data. 



Single sentence task

Learn the liner transfer W  from  the vector C of [CLS] to 
a class label.  At the same time, BERT is fine-tuned. 

softmax( )TCW



Model Definition 

class DocCls(nn.Module):
def __init__(self,bert):

super(DocCls, self).__init__()
self.bert = bert
self.cls=nn.Linear(768,9)

def forward(self,x):
bout = self.bert(x)
bs = len(bout[0])
h0 = [ bout[0][i][0] for i in range(bs)]
h0 = torch.stack(h0,dim=0)
h1 = self.cls(h0)
return h1



Model setting
config = BertConfig.from_json_file('config.json')
bert = BertModel.from_pretrained('pytorch_model.bin’,

config=config)

model = DocCls(bert)

The rest is the same as always.

optimizer = optim.SGD(model.parameters(),lr=0.01)
criterion = nn.CrossEntropyLoss()



Fine-tuning
If pretrained BERT is included in the whole model,
fine-tuning is easy.   
It is same as a regular learning program.

But, learning time is much.

If the task is simple like document classification,
feature-based or learning of only upper layers
of BERT is enough.



Switch to Feature-based

All you have to do is 
to freeze this part.



Tips of freeze Freezing parameters
are so many.

Learning parameters
are a little.

First all parameters are
frozen, and then only
learning parameters
are returned to active.



# all parameters are frozen

for name, param in model.named_parameters():
param.requires_grad = False

#  only parameters in ‘cls’ are returned to active

for name, param in model.cls.named_parameters():
param.requires_grad = True



Fine-tuning of only upper layers

cls

BERT

Learning for
only these layers

Lower layers 
are frozen



Parameter names in BERT

We have to know parameter names of the model when 
only part of the model parameters is learned or frozen.
In PyTorch, we can confirm them by printing the model.

config = BertConfig.from_json_file('config.json')
bert = BertModel.from_pretrained('pytorch_model.bin’,

config=config)

model = DocCls(bert)
print(model)



DocCls(
(bert): BertModel(

(embeddings): BertEmbeddings(
(word_embeddings): Embedding(32000, 768, padding_idx=0)
(position_embeddings): Embedding(512, 768)
(token_type_embeddings): Embedding(2, 768)
(LayerNorm): LayerNorm((768,), eps=1e-12, elementwise_affine=True)
(dropout): Dropout(p=0.1, inplace=False)

)
(encoder): BertEncoder(

(layer): ModuleList(
(0): BertLayer( ・・・）
・・・
(11): BertLayer( ・・・）

(pooler): BertPooler(
(dense): Linear(in_features=768, out_features=768, bias=True)
(activation): Tanh()

)
)
(cls): Linear(in_features=768, out_features=9, bias=True)

)

This is 12 layers of
multi-head attentions.



(encoder): BertEncoder(
(layer): ModuleList(

(0): BertLayer(
(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=0.1, inplace=False)

)
(output): BertSelfOutput(

(dense): Linear(in_features=768, out_features=768, bias=True)
(LayerNorm): LayerNorm((768,), eps=1e-12, elementwise_affine=True)
(dropout): Dropout(p=0.1, inplace=False)

)
)
(intermediate): BertIntermediate(

(dense): Linear(in_features=768, out_features=3072, bias=True)
)
(output): BertOutput(

(dense): Linear(in_features=3072, out_features=768, bias=True)
(LayerNorm): LayerNorm((768,), eps=1e-12, elementwise_affine=True)
(dropout): Dropout(p=0.1, inplace=False)

)
)

0-th multi-head Attention



fine-tuning of only upper layers

for na, pa in model.bert.encoder.layer[-1].named_parameters():
pa.requires_grad = True

Parameter names are important.
All parameters are frozen, and parameters of  
only upper layers are returned to active.

Multi-head attention in BERT
-1 means the top layer
-2 means the one layer below the top layer



Parameters given to optimized function
Easy if they are all parameters of the model.

optimizer = optim.SGD(model.parameters(),lr=0.01)

As follow if they are only part of parameters

optimizer = optim.SGD([
{'params':model.bert.encoder.layer[-1].parameters(), 

'lr':0.001},
{'params':model.cls.parameters(),

'lr’:0.01}])



import torch
import torch.nn as nn
import torch.optim as optim
import torch.nn.functional as F
import numpy as np

from transformers import BertModel, BertConfig

import pickle

config = BertConfig.from_json_file('../tohoku/config.json')
bert = BertModel.from_pretrained('../tohoku/pytorch_model.bin',config=config)

device = torch.device("cuda:0" if torch.cuda.is_available() else "cpu")

Following is a sample program which
top 2 layers of BERT and the classification layer
are learned.



# Data setting

data = pickle.load(open('train.pkl','rb'))

cls = []
sens = []
for i in range(len(data)):

cls.append(data[i][0])
dt = data[i][1]
while len(dt) < 50:

dt.append(0.0)
dt = torch.Tensor(dt)
sens.append(dt)

xs = torch.stack(sens,dim=0).type(torch.long).to(device)
ys = torch.LongTensor(cls).to(device)

For batch processing, 
length of a sentence is 
fixed to 50 by padding.



# Define model

class DocCls(nn.Module):
def __init__(self,bert):

super(DocCls, self).__init__()
self.bert = bert
self.cls=nn.Linear(768,9)

def forward(self,x):
bout = self.bert(x)
bs = len(bout[0])
h0 = [ bout[0][i][0] for i in range(bs)]
h0 = torch.stack(h0,dim=0)
h1 = self.cls(h0)
return h1

model = DocCls(bert)
model.to(device)



for name, param in model.named_parameters():
param.requires_grad = False

for name, param in model.cls.named_parameters():
param.requires_grad = True

for name, param in model.bert.encoder.layer[-1].named_parameters():
param.requires_grad = True

for name, param in model.bert.encoder.layer[-2].named_parameters():
param.requires_grad = True

# optimizer = optim.SGD(model.parameters(),lr=0.1)

optimizer = optim.SGD([
{'params':model.bert.encoder.layer[-2].parameters(), 'lr':0.0005},
{'params':model.bert.encoder.layer[-1].parameters(), 'lr':0.001},
{'params':model.cls.parameters(), 'lr':0.1}])

criterion = nn.CrossEntropyLoss()



# Learn

n = len(data)
bs = 10

for ep in range(1,51):
idx = np.random.permutation(n)
for j in range(0,n,bs):

xtm = xs[idx[j:(j+bs) if (j+bs) < n else n]]
ytm = ys[idx[j:(j+bs) if (j+bs) < n else n]]
output = model(xtm)
loss = criterion(output,ytm)
print(ep, j, loss.item())
optimizer.zero_grad()
loss.backward()
optimizer.step()

if (ep % 5 == 0):
outfile = "dcls2-" + str(ep) + ".model"
torch.save(model.state_dict(),outfile)
print(outfile," saved")



Result of the experiment



BertForSequenceClassification
The model generated from this class
is added one Linear layer connected to 
CLS output of BERT.

・class number is variable
・regression is also available
・there are some pretrained models 

for famous tasks.

This is useful for simple classification tasks.



4 ways of use of BERT



Examples in Hugging Face
https://huggingface.co/transformers/examples.html



Learning for GLUE 

We can use run_glue.py in examples
of transformers.

（Note）It is not so difficult to make
it yourself.

For some tasks, it takes much time.



#!/bin/bash

export GLUE_DIR=./glue_data
export TASK_NAME=MNLI

python3 run_glue.py ¥
--model_type bert ¥
--model_name_or_path model ¥
--task_name $TASK_NAME ¥
--do_train ¥
--do_eval ¥
--data_dir $GLUE_DIR/$TASK_NAME ¥
--max_seq_length 128 ¥
--learning_rate 3e-5 ¥
--num_train_epochs 3.0 ¥
--output_dir ./output/$TASK_NAME ¥
--overwrite_output_dir ¥
--logging_steps 50 ¥
--save_steps 200

Name of 
the task



Use of pretrained models for tasks
There are some pretrained models for famous 
tasks like GLUE.

https://huggingface.co/models



Search by 
“MNLI”

It looks useable.



Here, a code to use 
this model is shown.

But, sometimes you need 
to change it.



from transformers import BertConfig, BertTokenizer, ¥
BertForSequenceClassification

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

"facebook/bart-large-mnli",num_labels=2)

s1 =  “The extent of ・・・ on accessing the funds."
s2 =  "Many people would be ・・・ over their own money."

encoding = tokenizer.encode_plus(s1, s2)
input_ids, token_type_ids = encoding["input_ids"],¥

encoding[“token_type_ids”]

out = model(torch.tensor([input_ids]), 
token_type_ids=torch.tensor([token_type_ids]))

My example code for MNLI.



実行結果

(tensor([[0.0715, 0.1829]], grad_fn=<AddmmBackward>),)

No Yes<

S1 implies S2.



Learning of SQuAD

We can use run_squad.py  in examples of
transformers.

（Note）It may be difficult to make it
yourself.



Where is it?
https://github.com/huggingface/transformers/tree/
master/examples/question-answering



#!/bin/bash

export SQUAD_DIR=/path/to/SQUAD

python3 run_squad.py ¥
--model_type bert ¥
--model_name_or_path bert-base-uncased ¥
--do_train ¥
--do_eval ¥
--train_file $SQUAD_DIR/train-v1.1.json ¥
--predict_file $SQUAD_DIR/dev-v1.1.json ¥
--per_gpu_train_batch_size 12 ¥
--learning_rate 3e-5 ¥
--num_train_epochs 2.0 ¥
--max_seq_length 384 ¥
--doc_stride 128 ¥
--output_dir /tmp/debug_squad/

Change it
to your path.

Auto download
if you don’t have.



Use of pretrained model for SQuAD

https://huggingface.co/transformers/pretrained_models.html

bert-large-uncased-whole-word-masking-finetuned-squad

We can use the model by this name.



https://www.dogonews.com/

(Q)  What caused celebrations to be cancelled?



from transformers import BertConfig, BertTokenizer, ¥
BertForQuestionAnswering

import torch

##  following two models are automatically downloaded

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

'bert-large-uncased-whole-word-masking-finetuned-squad’)

## give question and text

question =  "What caused celebrations to be cancelled?"
text = “Memorial Day celebrations ・・・on May 25, 2020"



encoding = tokenizer.encode_plus(question, text)

input_ids, token_type_ids = encoding["input_ids"], ¥
encoding["token_type_ids"]

# score of start position and end position of the span

start_scores, end_scores = model(torch.tensor([input_ids]),¥
token_type_ids=torch.tensor([token_type_ids]))

all_tokens = tokenizer.convert_ids_to_tokens(input_ids)

answer = ' '.join(all_tokens[torch.argmax(start_scores) : ¥
torch.argmax(end_scores)+1])

print(answer)



'co ##vid - 19 pan ##de ##mic social di ##stan ##cing requirement'

For  (Q)  What caused celebrations to be cancelled?

answer



- 4 -
Downsizing of BERT model



Problems of BERT
Some problems of BERT are pointed out.

Following are my interest.

(1) Size of the model

(2) Limitation of input length

(3) Domain adaptation of BERT

・・・

I talk in this
section.

I talk about the use of  transformers for (1) problem



Problem of size of BERT

Need much time and memory to learn

Slow inference

BERT-base   110 M parameters
BERT-large   340 M parameters

cf） GPT-3  17.5 G  parameters

BERT is so powerful, but the size is too big.



Downsizing of BERT
（１）Quantization

（２）Distillation

（３）Pruning

（４）Others

Q8BERT

DistilBERT,  MobileBERT,  TinyBERT

Poor Man’s BERT

ALBERT



https://arxiv.org/abs/1910.06188

Q8BERT



Abstract of Q8BERT
All GEMM (General Matrix Multiply) operations in 
BERT Fully Connected (FC) and Embedding layers 
are quantized to 8bit.

Operations required high accuracy (like Softmax or 
Normalization) are remained 32bit. 

Keep 99% performance of 32bit BERT.
Reduce used memory to 25%.



QAT (Quantized-Aware Training)

Q8BERT

QAT： learning method based on the use  of 
quantization when inference

When fine-tune BERT, QAT is used

B. Jacob, et al., "Quantization and training of neural networks 
for efficient integer-arithmetic-only inference",  In Proceedings of 
the IEEE Conference on Computer Vision and Pattern Recognition, 
pages 2704–2713, 2018.



Fake Quantization (when fine-tuning )

When forward, quantized value are used.
When back propagation, original value (not quantized 
value) are used.



Fake Quantization (when inference)



Result of experiments



Tools

http://nlp_architect.nervanasys.com/quantized_bert.html







DistilBERT
https://medium.com/huggingface/distilbert-8cf3380435b5

Author of the paper



Distilation method
Standard Hinton’s method

Use of Dark Knowledge.
Optimize the softmax distribution with 
temperature parameters by KL loss. 



Hinton’s method

BERT

DistilBERT



Initial model



Result of experiments（1）

Keep about 95% performance of original BERT.
Much better than ELMo+BiLSTM.



Result of experiments（2）

Parameters are reduced to about 60%  and
inference time to about 60% of original BERT



https://huggingface.co/transformers/model_doc/distilbert.html



Poor Man’s BERT

https://arxiv.org/abs/2004.03844

BERT for people who don’t have much PC resource



Pruning layers

remove
top layers remove

bottom
layers

remove
even-th
layers

remove
odd-th
layers

remove
middle
layers



Experiment of removing 6 layers

Top Layer Dropping gets about same performance with 
DistilBERT of the same size.
Much smaller computational  resource than DistilBERT



ALBERT

https://openreview.net/forum?id=H1eA7AEtvS

https://openreview.net/forum?id=H1eA7AEtvS


Reduce of parameters

Cross-Layer Parameter Sharing

Factorized Embedding Parameterization

Each layer parameters are shared

Word embedding layer is approximated 
by multiplying the matrices



Factorized Embedding Parameterization

V: vocaburary,  H: dimension of word embedding
VH parameters
Ex) BERT-large,  V=30000、H=1024

→   30,720,000 parameters

VH matrix  →  (VE)*(EH) 

VE + EH  parameters
Ex) E=128,  V=30000、H=1024

→   3,971,072 parameters (→13%)



Result of experiments
Performance gets a little down

We can build the big size ALBERT.
In this case, it gets SOTA.
Note that parameters of ALBERT-xxlarge
is less then parameters of BERT-large.



https://huggingface.co/transformers/model_doc/albert.html



ALBERT vs. DistilBERT
ALBERT

DistilBERT

ALBERT is better than DistilBERT

VS



Conclusion
・ Introduced BERT which is powerful pretrained model.

・ Hugging Face’s transformers is very useful 
when we use BERT.

・ showed examples to use BERT through the transformers

・ BERT has some problems. 

・ One of them is the size of BERT.

・ showed popular methods downsizing BERT.



Thank you very much!
Questions and comments are very welcome. 
But I may not be able to answer them quickly
because of my poor English.  Thus, e-mail is 
welcome, too.  It is OK even after this conference.
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