Tl BB S NIENAE:
MWord EmbeddingZ!|BERT4& 2

2018.1°




TABLE OF CONTENTES
FNGERGREOES

MIEEEEIZE|Word Embedding
MWord EmbeddingZ|ELMO

MWord Embedding®|GPT
BertAy 1t =+




T2

T

(say,imagenet) fEEIRIUE TZ1F

1.1
ZMWU

SEWNAH, TTikE
5 5=

&/,

é/\ EE

=
Jrays=4

2PN

It

Fine-Tuning

2 7R 25

JQ%E’]%BQH /N

Y
Frozen

LII

input

A

input

B

QP00 ©O000000 OOO0O00U

0000000 @

Sl

UE A

labels

baseA

labels baseR

B3B
and

B3B'

A3B
and

A3B'

0000000 0000000 000000090 (OOOOOOU

o=

weibo.com




TOI| 21 B R U I N R

NTLAEER?

el N N\ Fas:
" e Sl PRl S e Ol SR
el NNV S WAt e RN ER R
o5 SRR AT RN ICIAL
’ - ’ A NS - ’ AR TS
ST BT 3 7’3:‘2\\‘3‘}{& é:.':":"lﬁ '.'.\‘\}:e :J:é 5:0."_‘:'!’1;3 S
- W i) SN SR ST AT Ty VN AT =
NSNS AL AT FASRK R A '%'o:‘;’aﬁ;’.‘{os':‘; > NS
S O A A L WA S S > SRR
S0 BSORy LN iy I-'oi‘.'_'.'o.é AT S .‘.0-"'-0;'- TR BNl K
SR o . e .v'. é.../os':0$0£.'.-‘.-_ 5?.‘;050505_‘&,;,30:-,;5_ P éo:c‘.:. i SR
L S e AT A L TAT AN A
S O =ve ) S O criy tvnS GSSe-Oe::
Lo

“J

D
D

e B s AN Sl AR BTN ‘ — “A‘o -
N~ "-%i‘é‘?:’éﬁ,ﬁr":-’ks’-‘i"\f- PRI %3“:‘3:32\(» 7 PRI .
; = A= b 3;.3::".4'5»:.0;1;;0;::-;s.-:¢3¢- AT RESX
A SRS S SRS PR LT 2
73 Bl G "\\L " "o'—'f"‘c':‘i ﬂ\:"a‘:s"\\"\”y"oi’;‘fv‘,‘; ENE \‘«‘b"\‘:_. / I/ :

L7

- ' -
E, o S A P R AR Ny o A R N
TS s .ﬁ' W ONRT @ AORNRS

¥ ,

~ L PR NN .'\\'\'\\\: ~177

T R X

N7 A7 A
SN 70 e SN XN W 770 e o\ WY
NS @) AN @ AN

‘I./fl

NN AEfine-tuning?
B RIS A%
ol 15

weibo.com




T 2 MR Qs A v

Output
(object identity)
q < 3rd hidden layer
< i (object parts)

ImagenetE & TS5 ER T

2nd hidden layer
(corners and
contours)

1st hidden layer
(edges)

Visible layer
(input pixels)

Pt

weibo.com



TOI| 21 B R U I N R

keras Home Articles ~ Learn Tools Examples Reference News )

Using Pre-Trained Models Prediction

-eature bExtraction
Applications

Keras Applications are deep learning models that are made available alongside pre-trained weights. These models can be used for

prgdiction, feature extraction, and fine-tuniag. B | n e—t u n | n g

Weights are downloaded automatically when instantiating a model. They are stored at ~/.keras/models/ .

The following image classification models (with weights trained on ImageNet) are available:

e Xception

® VGG16

e VGG19

® ResNet50

® InceptionV3

e InceptionResNetV2
e MobileNet

e MobileNetV2

® DenseNet

e NASNet
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Classity ImageNet classes with ResNet50

# instantiate the model
model <- application resnet50(weights = 'imagenet')

# load the image

img path <- "elephant.jpg"

img <- image load(img_path, target size = c(224,224))
X <- 1mage_to_array(img)

the preprocess the input for prediction using resnet50

<- array_reshape(x, c(1, dim(x)))

X X H H

<- 1imagenet preprocess input(x)

# make predictions then decode and print them
preds <- model %>% predict(x)
imagenet decode predictions(preds, top = 3)[[1]]

class name class description score
1 n02504013 Indian_elephant 0.90117526
2 n@1871265 tusker 0.08774310

3 n@2504458 African_elephant 0.01046011

Prediction

ensure we have a 4d tensor with single element in the batch dimension,

Fine-tune InceptionV3 on a new set of classes

# create the base pre-trained model

base model <- application_inception v3(weights = "imagenet’, include_ top = FALSE)

# add our custom layers
predictions <- base model$output 7%>%
layer global average pooling 2d() %>%

layer_dense(units = 1824, activation = ‘relu’) %2>%
layer_dense(units = 200, activation = 'softmax’)
# this is the model we will train
model <- keras model(inputs = base model$input, outputs = predictions)
# first: train only the top layers (which were randomly initialized)
# i.e. freeze all convolutional InceptionV3 layers

freeze_weights(base_model)

# compile the model (should be done *after*® setting layers to non-trainable)
model %>% compile(optimizer = ‘rmsprop’, loss = ‘categorical crossentropy’)
# train the model on the new data for a few epochs

model %>% fit generator(...)

# at this point, the top layers are well trained and we
# convolutional layers from inception V3. We will freez
e

# and train the remaining top layers.
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# we s

layers <- base model$layers

for (i in 1:1length(layers))
cat(i, layers[[i]]%$name, "\n")
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# the first 172 layers and unfreeze
freeze weights(base_model, from = 1, to = 172)
unfreeze weights(base_model, from 173)

Fine-tune

can start fine-tuning

he bottom N layers
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In [10]: I‘eSUIt . mOde]..mOSt_Similar(u”%g}é”) In [20]: I‘eSUlt — model.most_simllar(u”iféiiét% II’l [24]: I‘eSUIt - mOdel.mOSt_SlmllaI‘(U”le&S

In [11]: for e in result: In [21]: for e in result: In [25]: for e in result:
print e[0]. el1] print el0], ell] print e[0], e[l]
£, 0. 559612870216 jl:ak% 0. 763922810555 BHERE 0. 809472680092
5 £5 0. 489831030369 (b2 & 0.724210739136 TR 0. 754633367062
45 0. 478990525007 PIFR &R 0. 694550514221 Zs55m 0. 739740967751
0. 46728849411 B &R 0. 684280991554 HmIRHR 0. 737033963203
#24 0. 461885392666 LK% 0.677202701569 5 AN 0. 732847094536
ifEds 0. 448014199734 F H 0.657914161682 %il“r? 0. 726941585541
T 0.436584025621 JfiyE K2 0. 656435549259 A2 0. 719057679176
HE A 0.434905380011 ¥ F 0.654701948166 Z %A 0. 716384887695
fiTdE 0. 433413207531 A% 0.654403865337 EBZEE 0.711952567101
=8 0. 4314712286 IR 0.653147578239 Fig 1l 0. 703570842743
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...very useful to protect banks or slopes from being washed away by river or rain...

...the location because it was high, about 100 feet above the bank of river...

...The bank has plan to branch throughout the country...

... They throttled the watchman and robbed the bank...
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B-LOC E-LOC O o .. output
Step 3: sequence

Use both word

embeddings and LM L f —F,ﬁ T—E% : ,'T%:ﬂ_
embeddings in the Sequence tagging model

sequence tagging
model.

2

New XNorR\ is located ...

Word LM Two representations -/ +/T
emb:‘;di"g embedding | of the word ”York’/> 7_— j/éEI:EH Hy"lhl' 11C

N\

Step 2: Prepare word
embedding and LM
embedding for each
token in the input

sequence. NEWis located ... Input

sequence

Word Recurrent
embedding language
model model

Step 1: Pretrain word
embeddings and
language model.

Feature-based Pre Training: SE{l
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Source

Nearest Neighbors

)P

playing, game, games, played, players, plays, player,
Play, football, multiplayer

Chico Ruiz made a spec-
tacular play on Alusik ’s

/L,JI_\ \blLM_) grounder {...}

Kieffer , the only junior in the group , was commended
for his ability to hit in the clutch , as well as his all-round
excellent play .

Olivia De  Havilland
signed to do a Broadway
play for Garson {... }

{...} they were actors who had been handed fat roles in
a successful play , and had talent enough to fill the roles
competently , with nice understatement .

Table 4: Nearest neighbors to “play” using GloVe and the context embeddings from a biLM.
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INCREASE
TASK PREVIOUS SOTA OUR LLMO + (ABSOLUTE/
BASELINE BASELINE RELATIVE)
SQuAD | Liu et al. (2017) 84.4 || 81.1 85.8 4.7 124.9%
SNLI Chen et al. (2017) 88.6 || 88.0 88.7 = 0.17 0.7/5.8%
SRL He et al. (2017) 81.7 || 81.4 84.6 3.2/17.2%
Coref Lee et al. (2017) 67.2 || 67.2 70.4 3.2/9.8%
NER Peters et al. (2017) 91.93 + 0.19 || 90.15 9222 +£0.10 2.06/21%
SST-5 McCann et al. (2017) 53.7 || 514 54.7 + 0.5 3.3/6.8%

6 1"NLP{
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Table 3: Results on question answering and commonsense reasoning, comparing our model with
current state-of-the-art methods.. 9x means an ensemble of 9 models.

Table 2: Experimental results on natural language inference tasks, comparing our model with current
state-of-the-art methods. 5x indicates an ensemble of 5 models. All datasets use accuracy as the Method Story Cloze RACE-m RACE-h RACE
evaluation metric.

val-LS-skip [55] 76.5 - - -
Hidden Coherence Model [7] 77.6 - - -
Method MNLI-m MNLI-mm SNLI SciTail QNLI RTE Dynamic Fusion Net [m (9%) ) 556 49 4 512
ESIM + ELMo [44] (5x) - - 89.3 - - - BiAttention MRU [59] (9x) - 60.2 50.3 53.3
CAFE [58] (5x) 80.2 79.0 89.3 - - - :
Stochastic Answer Network HE] (3x) 0.6 0.1 - - - - Finetuned Transformer LM (OurS) 86.5 62.9 57.4 59.0
CAFE 718.7 77.9 88.5 83.3
GenSen [64 71.4 71.3 - - 82.3 59.2 Table 4: Semantic similarity and classification results, comparing our model with current state-of-the-
Multi-task BiLSTM + Attn [64 722 771 ) ) ’2 1 61.7 art methods. All task evaluations in this table were done using the GLUE benchmark. (mc= Mathews
' ' ' - correlation, acc=Accuracy, pc=Pearson correlation)
Finetuned Transformer LM (ours) 82.1 81.4 89.9 88.3 88.1 56.0
Method Classification Semantic Similarity @ GLUE
CoLA SST2 MRPC STSB QQP
(mc)  (acc) (F1) (pc) (F1)
Sparse byte mLSTM [16. - 93.2 - - - -
TF-KLD [23] - - 86.0 - - -
ECNU (mixed ensemble) [60] - - - 81.0 - -
N\ T Az . ANDNL 73| B 754 BB Single-task BILSTM + ELMo + Attn [64] 35.0  90.2 80.2 555 66.1 64.8
12PNLP{ESS . 9T AR &R ! Multi-task BILSTM + ELMo + Attn [64] 189  91.6  83.5 728 633 689
Finetuned Transformer LM (ours) 45.4 91.3 82.3 82.0 703 72.8

odics
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Table 5: Analysis of various model ablations on different tasks. Avg. score 1s a unweighted average
of all the results. (mc= Mathews correlation, acc=Accuracy, pc=Pearson correlation)

Method Avg. Score  CoLA SST2 MRPC  STSB QQP MNLI QNLI RTE
(mc) (acc) (F1) (pc) (F1) (acc) (acc)  (acc)

ransformer w/ aux LM (full) 74.7 45.4 91.3 82.3 82.0 70.3 81.8 88.1 56.0
Transformer w/o pre-training 59.9 18.9 84.0 79.4 30.9 65.5 75.7 71.2 53.8
Transformer w/o aux LM 75.0 47.9 92.0 84.9 83.2 69.8 81.1 86.9 54.4
LSTM w/ aux LM 69.1 30.3 90.5 83.2 71.8 68.1 73.7 81.1 54.6
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System MNLI-(m/mm) QQP QNLI SST-2 CoLA STS-B MRPC RTE | Average
392k 363k 108k 67k 85k 5.7k 3.5k 2.5k -

Pre-OpenAl SOTA 80.6/80.1 66.1 823 932 350 81.0 86.0 61.7, 74.0
BiLSTM+ELMo+Attn 76.4/76.1 648 799 904 360 733 849 568| 71.0
OpenAl GPT 82.1/81.4 70.3 88.1 913 454 800 823 560 752
BERTg sk 84.6/83.4 712 90.1 935 521 858 889 664 79.6
BERT) ArcE 86.7/859 721 91.1 949 60.5 865 89.3 70.1| 81.9

System Dev F1 Test Fl System Dev Test

ELMo+BiLSTM+CRF 95.7 92.2 ESIM+GloVe 519 52.7

CVT+Multi (Clark et al., 2018) - 92.6 ESIM+ELMo 59.1 59.2

BERTgASE 96.4 924 BERTgASE 81.6 -

BERT | ARGE 96.6 928 BERT ARGE 86.6 86.3

Table 3: CoNLL-2003 Named Entity Recognition re- 33222 gx;::l:)):ations)t : 228

sults.

The hyperparameters were selected using the

Dev set, and the reported Dev and Test scores are aver-

aged over 5 random restarts using those hyperparame-

ters.

11 TNLP{ESS: SEIETRER!

Table 4: SWAG Dev and Test accuracies. Test results

were scored against the hidden labels by the SWAG au-
thors. THuman performance is measure with 100 sam-

ples, as reported in the SWAG paper.

System Dev Test
EM FI EM Fl
Leaderboard (Oct 8th, 2018)
Human - - 823 91.2
#1 Ensemble - nlnet - - 86.0 91.7
#2 Ensemble - QANet - - 845 905
#1 Single - nlnet - - 835 90.1
#2 Single - QANet - - 825 893
Published
BiDAF+ELMo (Single) - 858 - -
R.M. Reader (Single) 78.9 86.3 79.5 86.6
R.M. Reader (Ensemble) 81.2 879 82.3 88.5
Ours
BERTBASE (Single) 80.8 88.5 - -
BERTLARGE (Smgle) 84.1 90.9 - -
BERTLAR(;E (Ensernble) 85.8 91.8 - -
BERTLARGE (Sgl.-l-TI‘iViaQA) 84.2 91.1 85.1 91.8
BERT | ArGE (EDS.+TI'iViaQA) 86.2 92.2 874 93.2

Table 2: SQuAD results. The BERT ensemble is 7x
systems which use different pre-training checkpoints
and fine-tuning seeds.
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Te Task
Prediction | Classifier

B

\ i
(BEXE LN e
= |

Feed Forward
A

12x —

INPUT PROJECTION OUTPUT B E RT (O urs ) Layer Norm

Masked Multi

Self Attention
A

- R L2 X ERE

w(t-1) -/

w(t+1)

Text & Position Embed

— FE48W 7 Masked LM
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token. Instead, the training data generator chooses
15% of tokens at random, e.g., in the sentence my
dog is hairy it chooses hairy. It then performs
the following procedure:

 Rather than always replacing the chosen
words with [MASK], the data generator will
do the following:

* 80% of the time: Replace the word with the
[MASK] token, e.g., my dog is hairy —
my dog 1s [MASK]

* 10% of the time: Replace the word with a
random word, €.g., my dog is hairy — my
dog 1s apple

e 10% of the time: Keep the word un-
changed, €.g., my dog is hairy — my dog
is hairy. The purpose of this is to bias the
representation towards the actual observed
word.

ﬂxmlm I:I7|;§
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not directly captured by language modeling. In
order to train a model that understands sentence
relationships, we pre-train a binarized next sen-
tence prediction task that can be trivially gener-
ated from any monolingual corpus. Specifically,
when choosing the sentences A and B for each pre-
training example, 50% of the time B 1s the actual
next sentence that follows A, and 50% of the time
it 1s a random sentence from the corpus. For ex-
ample:

Input = [cLs] the man went to [MASK] store [SEP]
he bought a gallon [MASK] milk [SEP]

Label

IsNext

ID{NJt [CLS] the man [MASK] to the store [SEP]

penguin [MASK] are flight ##less birds [SEP]

[Label = notnext

-

Next Sentence Prediction
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ABT) 7 fR

INFO:tensorflow: *** Example ***

INFO:tensorflow:tokens: [CLS] [MASK] B F F & /M A1 R # B 2 K £ . B2 "% & X . Bl “RE ", . 4 & 7 [MASK] & & | . [MASK] [MASK] 7k Hl
& # @ [MASK] & & #t % ¥ & B &/ [SEP] BB F X M # [MASK] € it # A & H — B & WU = [MASK] [MASK] [MASK] 89 {5 [MASK] & % &= {£ [MASK] & Ut & 18 in
A &F B [MASK] &£ # & [SEP]
INFO:tensorflow:

3 3179 50 219 128 2354 3 674 357 9

176 427 87 206 7 3 39 128 59 2 0 @
INFO:tensorflow:input_mask: 1 11 1
31111111711 11111111
INFO:tensorflow:segment_ids: @ @ @ O

13 bet i e w e s o b e it Bet s e g et |
INFO:tensorflow:masked_lm_positions:
INFO:tensorflow:masked_lm_ids: 9 66
INFO:tensorflow:masked_Lm_weights: 1.0
INFO:tensorflow:next_sentence_labels.
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Input [ICLSI 1 ( my 1 [dog 1 [ IS chte ” [SEP] ] [ he H likes 1[ play 1 [ ##ing 1 [ [SEP] ]
Token
Embeddings ElCLSl Emv Edog E, E e E[ssp] E, e Eices Eplay E"ing E[sspl

+ + -+ + +

.
Segment I | I | | I | |
Embeddings EA EA EA EA EA EA EB EB EB EB EB
-+ -+ 3= 3= -+ -+ == == 3= == 3=
Position
Embeddings Eo E 1 Ez E E4 ES E6 E? EB E9 Elo
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t_masked_1lm_output(bert_config, input_t tput_weight it] Yaxaxy == Aelr - oo
T L e e T 0.8 — 1" FFMUECLSX W Transformerg £

= gather_indexes(input_tensor, positions) Z\ 7|< =+ B8

h tf.variable_scope("cls/predictions"):

. variE‘a{ble _scope("transform"): 1 gk?_a MaSked Word \/ @15 ,;\, j-’*:ﬁgﬂy

bert_conflg hldden_51ze r4—1 = .
‘ﬁ_=modeling gets activation(bert _config. hidden_act) |_ : I\ | ( ¥4 I'( 20 9

bert_config. Initializer. _range))
input_tensor = modeling.layer_norm(input_tensor)

22-‘;_Ai-J::[1LA EE;

output_bias = tf.get_variable("output_bias" =[bert_config.vocab_size]
=tf.zeros_initializer())

logits = tf.matmul(input_tensor, output_weights = )

: : : =+ E 1= = - (=i~
logits = tf.nn.bias_add(logits, output_bias) Q * j-’ %:l _=|
log_probs = tf.nn.log_softmax(logits =-1) 3 ; IN I:I-L—-I 7 \y -l’—-l B /|\/ Z ~ /\IEE

label_ids = tf.reshape(label_ids, [-1]) e[maSked]*e[dICtlonary Word I]E/J W*/\, *

label_weights = tf.reshape(label_weights, [-1])

i i (Vs
one_hot_Tlabels = tf.one_hot( -
label _ids =bert_config.vocab_size =tf.float32)

4. E | softmax¥iill & =] GERY &2 1d]

per_example_loss = -tf.reduce_sum(log_probs * one_hot_labels =[-1])
numerator = tf.reduce_sum(label_weights x per_example_loss)

denominator = tf.reduce_sum(label_weights) + 27]
loss = numerator / denominator 5-, N [IIOSS

(loss. per example loss. loa probs)
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Dev Set
Tasks MNLI-m QNLI MRPC SST-2 SQuAD
(Acc) (Acc) (Acc) (Acc) (F1)
BERTgASE 84.4 88.4 86.7 92.7 88.5
No NSP 83.9 849 865 926 87.9

TR & No NSP  82.1 843 775 921 77.8
+ BiILSTM 82.1 84.1 7577 91.6 84.9

Table 5: Ablation over the pre-training tasks using the
BERTgAgge architecture. “No NSP” 1s trained without
the next sentence prediction task. “LTR & No NSP” 1s
trained as a left-to-right LM without the next sentence
: ) prediction, like OpenAl GPT. “+ BiLSTM™ adds a ran-
1 = o= TF By EE & El/\j domly initialized BiILSTM on top of the “LTR + No
NSP” model during fine-tuning.

5B HE R0

O Nl



BERTEU T B X

PRI AR BertA R B EARELF, BEERTRIIMENLPHENEXRNE

REURAY 7, XFMARFENLPRIAA ST AN AR
o RMAX

T BENLPEE, FESFAREEMSINFEESH;

il

ARSI EERINLPH SR S N ARV AT AT 20

TransformerZoib A E, FEZECRNNFICNN;

MM EREL . BARRIN SR+ BIMESSFineTuning  (MIBTMEXR TS 11HIT)

or BAMRINN Zr+ RIAMESFER T (M EREE S AT DAANE])
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