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(Bidirectional Encoder Representations from Transformers) e AR RS S A S

Abstract There are two existing strategies for apply-

i ing pre-trained language representations to down-
We introduce a new language representa- 2 guage rep:

VA X | — ~ o)) tion model called BERT, which stands for stream tasks: feature-based and fine-tuning. The
( ] Bidirectional Encoder Representations from feature-based approach, such as ELMo (Peters
- ~ E N— < Transformers. Unlike recent language repre- et al., 2018a), uses task-specific architectures that
; sentation models (Peters et al., 2018a; Rad- include the pre-trained representations ddi-
— 7: — ;“ NV'}J et al., 2018), BERT is dmgng‘d to pre- tional features. The fine-tuning approach, such as
r > S = train deep bidirectional representations from the Generative Pre-trained Transformer (OpenAl
_/ ’ — unlabeled text by jointly conditioning on both GPT) (Radford et al., 2018), introduces minimal
< left and right context in all layers. As a re- e L S L X
~ sult, the pre-trained BERT model can be fine- task-specific parameters, and is trained on the
— tuned with just one additional output layer downstream tasks by simply fine-tuning all pre-
5 to create state-of-the-art models for a wide trained parameters. The two approaches share the
03 range of tasks, such as question answering and same objective function during pre-training, where
bt language inference, without substantial task- they use unidirectional language models to learn
4] specific architecture modifications. general language representations.

— BERT is conceptually simple and empirically We argue that current techniques restrict the
N powerful. It obtains new state-of-the-art re- power of the pre-trained representations, espe-
° & -— > SUASE: processing cially for the fine-tuning approaches. The ma-
e Attention R—X[ZL7T= Transformer e s, including pusing the GLUE sore © oo i thatstandard language models are
- B0 1% point asoliiemprovement) idirectional, and this limits the choice of archi-

&A‘r MultiNLI accuracy to 86.7% (4.6% absolute uniditec . . S .
£- 3 r - O == S improvement), SQUAD 1.1 question answer- tectures that can be used during pre-training. For
P BooksCorpu S 0) 8 R R AXNTA 4 0) 2 S il B gl OpenALGPT i anthortuse 3 lcto-
= provement) and SQUAD v2.0 Test F1 to 83.1 right architecture, where every token can only at-
[<'e] (5.1 point absolute improvement). tend to previous tokens in the self-attention layers

1 Introduction

£-
{& 5000 FiEEF¥
nn 18 gtrictions are sub, i level tack:

Hi B8 : https://arxiv.org/pdf/1810.04805.pdf



(. parking on a hill with no curb

BEFORE

9:00

Parking on a Hill. Uphill: When headed
uphill at a curb, turn the front wheels away
from the curb and let your vehicle roll
backwards slowly until the rear part of the
front wheel rests against the curb using it
as a block. Downhill: When you stop your
car headed downhill. turn vour front wheeils

AFTER

v4di 9:00 v4l
google.com

For either uphill or downhill parking, if there
is no curb, turn the wheels toward the side
of the road so the car will roll away from the
center of the road if the brakes fail. When
you park on a sloping driveway, turn the
wheels so that the car will not roll into the

mbomnh A hvnlimm Eal)

Hi B8 : https://blog.google/products/search/search-language-understanding-bert/



(). 2019 brazil traveler to usa need a visa
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9:00 v4dl 9:00 V4l
google.com google.com
Wp Washington Post) 2019/0321 © @ USEmbassygov) br ) Visas
U.S. citizens can travel to Brazil without the red Tourism & Visitor | U.S. Embassy & Consulates
tape of a visa ... in Brazil

In general, tourists traveling to the United States require
valid B-2 visas. That is unless they are eligible to travel
visa

Mar 21, 2019 - Starting on June 17, you can go to Brazil
without a visa and ... Australia, Japan and Canada will
no longer need a visa to ... washingtonpost.com; €

1996-2019 The Washington Post

Hi B8 : https://blog.google/products/search/search-language-understanding-bert/



BAZTOEH BRI LeiENVhL— | TRE

Google

S NTIYNLRBVWAL— X

Q All &) Images () Videos = News @ Maps : More Settings

About 150,000 results (0.90 seconds)
Did you mean: ¥ N ¥ NEHL—

https://macaro-ni.jp > ... v Translate this page

SEOAL— BADKSEL. BR&E 3HEOIS .
Mar 31, 2021 — BRIZBVDICE BAR TR DBV EF KETAFDENBVWE S SEICH

NT2HEZEZEBBICFAOAL—DENE T, EVAL—EDDBEICLTIEEWV!
AL—hK21E< B3 RE.

https:/imww.masalaryman.com » wat... v Translate this page

AL—HEN 2L AHHR T K2FVWEFORLEL ANS ...
HEAZDHL—D L EBHNBVEICANZDIZNEH ? FEH ? — oo ThEORMNL
2HBWV! LWSADLDICHMLEZBNLTVWETOT, CROKIEEL, 610
ETR. . BEBRED ..

BEHEONL—Ol%... REAFEQHL—DLBH..  HL—DEAEL ...

https:/ficedivider.com » curry_syaba... v Translate this page

AL —3HER S v N v Nk RRDS v /NS v NAL—36E ...
Feb 22,2020 — K2lEWH SH T LIAL—DZ IS LT vt v/ ERELTW
ZOTEH RICIE ME 2BV LBWD) 2 TUWSHBDBRBVESTY, BRRETIR
T>vEs vl ERBLTEDTZS5LLOT, ..

: v.sbfoods.co.jp » curry02 ~ Translate this page
L AHPGL RBER | RIN1T1 X+ N—TRIDQEA | S&B ...
R ALV EMZICRDEAHNEDBES. L A3HIE. BT . KRELEEEPRT
—>EZQFFBICRTBVLSICLEL LS, .. O /hEH (BRE 1 10IH50HL—ICHL
THREL2) . FBOKTLCEETET, Q8% ..
Missing: £ | Must include: U %

¢ Q

Tools

VR JAVZE TAYBE YA A
=LAH
CHEEELTILNS !




ERNEHR(ZL D BERT #X—XI[ZLT=

DEFEEDEHS

EHBT 2019.12-

https://www.aist.go.jp/aist_j/press_release/pr2019/pr20191210/pr20191210.html&kY)

HARZBOSZRNEBRFAETIL

IHFERBIEHEE 2020.3-

https://alaginrc.nict.go.jp/nict-bert/index.html &b

WU i LWR! S

& - $8#08 1 2019/12/10

AIDBERFHPX T+ X MEROBEBE B3 ERMFBAATTIILEBE - 1H

—REROT—REERT 3 AERAIRKITORE L HEREROREICHR—

NEDO X EERTHEAHMAMIZ. RUROT—22FFTIRAERATNE (AD EfiOY 7 b7 7ES 21— MBEO—RL LT, AUCLZBERRLE /N1 FHF
LT 2EASETF R FOEBROLOOEBFRORBY B3 FNFWASETNEEEL, FARFLELLE

SEMELLENPTEAETIICE. REHROABOHEPTFRA T —2EH5H LHFRILTVALH, AIRICBLAI LT, YEOSBAT-2THR
HEAIDY T b FEC2-LEBE - FATESLSICADET, LD, FIREVEOPET - R ICL3ERDESHIEATAIRY, REROT-2%
FRTARERARGOBE L HERZORENBETIET,

NEDOY E#FiiE. SHLEERRNOMEESHIFRRRERGT AL LDIC. FLLERRMOES 21— EBREL. 2ELTVEET,

REFCEDHAZND ATHIAE

EEMEOPLE BRRE, EAY - THE ZHOBEH

|
[ EEEED ’

FBEHETIV

T 2
xﬁmn — —
NS ouM | BN-SE- A HE- N e Ei,g
S i
i - B OB ormTws | anomrzs ?2

€10
G [ EHEBHEHETI ]

ORI
h Eends 5 \ 3mmmikEm %
BEEN mezm  azE| ImageNet, BERTZ
BHEBERHETS ) \|_Kinetics | ImageNet /|  BE
M mlns-‘—s KHBRTF|
0

=) &
A [ KU ] [ KIUEFER ]

c{ ABCI AL BELOSY K F—4

H1 RERATHEFEREORRAROBEL. FANFBFES Loral o it g L o)

NICT BERT HZA:E Pre-trained €7 /L
|eE

COR—T T, BAEWikipediaZz {RICIERE
JcBERTEFILEZIVIAT17 - AEV XA RF 4

Wig 7 — 2 BEREES R T LAMEE V2 —TEHNPEBET-
11> Z (CCBY4.0)DHE TREALTVWET,

BERTET /L [ DEBTId. Ny FHAXAPRATy THREBPT L THEENBLET 3 LABRESNTVET 2,
ZITHER—SDOETI T}, [2] DRoBERTa-500K L AZDHEE L AB L5, AT v TH% [1] LAKRIC100/5 IR
52D, Ny FH+ X% [1] DI6fED4,096IC L THEBETVWE LT,

{ERE L7cBERTEFLOFHE YL LT, NICTTIER L 7 (fine-tuningfl) BT — R LFHET — 2 (Ch5 DT —RIFAH
BWeblBEHOHTS 2 T LWISDOM X, F K ESNSIEROHTS 2T LDISAANA, KERRENS 2T LD-SUMM, Kit
REENES 2T AWEKDAOMREE THHA) . ISICIER—KRICABINTVWSEE - FET— 22 BV THEE
TUWE LT, BAEMICIE. (1) IREF%EH (Hashimoto etal., ACL2014)[3). (2) 777 b« RERIREDS »*>4
(555 NLP 2020) [6). (3) /X 1) /¥% »REIEBEH2E (Kloetzer etal., EMNLP 2015) [7]. (4) RALKk # - HAHARE
AL TWRBREATHEM(T =588 35K 5, NLP 2018) [9] DREZTVE L. WThDZXJZICEWVWTH, TTIC
Fﬁ‘éb@BERTfTM:D%m%ﬁ%bﬁ%nrm ER—STLBEYZBERTETILEZFIAYT 2 L TIDBESE
SEMEORRAVTHHERLEEZRADZLEZTHED EFTE LWHESII DLW TRIERSROEGEREE2S
B)o

AN

BERTE 7 JLIdbyte pair encoding (BPE) [10] # R LIcN—2 3 Ve ERLAVWN— 3 Y O2BEZ 2L ET,
BPEZEALBVWN—Yavid, ETIOEEREI0FELLTVET,

* BERTgasgE 7/l (12-layer, 768-hidden, 12-heads)
o BPEZ L. 100,00055: NICT_BERT-base_JapaneseWikipedia_100K.zip (781M)




BERTHA TS5, PEGASUS. Meena(LamDA. 20211/O) ~

(https://ai.googleblog.com/m 55| F)
T5(2019.10) XEDER Meena (2020.1) =FEETIL

PEGASUS(2019.12) XENDEH

[ TRANSFORMER ]




aAVAOEV2—A

Prisha Aggarwal
Call ID: CC1-421764

cnlEBl, 77U v k.
pDEmEw )N ESCSTWVWET,

ol
%r
=

https://youtu.be/Kjzw56wsh90



https://docs.google.com/file/d/1Vwoh5n4q7oJ3WU8M8dZpDu-s0LSK3MCX/preview
https://youtu.be/Kjzw56wsh9o

5| Z (£, CCAlI M7 i "Speec-to-Text” M E

\FIT—D

D bky 7. Google Research / BrainlZ & 4R

Speech Recognition

462 papers with code * 78 benchmarks * 51 datasets

Speech recognition is the task of recognising speech within audio and converting it into text.

( Image credit: SpecAugment )

Benchmarks

Trend Dataset

LibriSpeech test-
clean

LibriSpeech test-
other

—. Conformer + Wav2vec 2.0 + SpecAugment-
based Noisy Student Training with Libri-Light

~. Conformer + Wav2vec 2.0 + SpecAugment-
based Noisy Student Training with Libri-Light

[# Edit

Pushing the Limits of Semi-Supervised Learning for Automatic

Speech Recognition

of Semi-Supervised Learning for Automatic

Pushing the

Speech Recognition

Pushing the Limits of Semi-Supervised Learning for
Automatic Speech Recognition

YuZhang'  JamesQin®  Daniel S.Park’  WeiHan  Chung-Cheng Chiu

Ruoming Pang Quoc V. Le Yonghui Wu

Google Research, Brain Team

{ngyuzh, jamesqin, danielsp hengc, rpang, qvl, yonghui}

Abstract
We employ a of recent p in learning
for automatic speech to obtain f-the-art results on L

utilizing the unlabeled audio of the Libri-Light dataset. More precisely, we carry
out noisy student training with SpecAugment using giant Conformer models pre-
trained using wav2vec 2.0 pre-training. By doing so, we are able to achieve
word-error-rates (WERS) 1.4%/2.6% on the LibriSpeech test/test-other sets against
the current state-of-the-art WERs 1.7%/3.3%

1 Introduction

Recently, semi-supervised learning (SSL) methods have been used to drastically improve the perfor-
mance of automatic speech recognition (ASR) networks. The goal of semi-supervised learning is to
use a large unlabeled dataset to help with improving the performance of a supervised task defined
by a labeled dataset. In this work, we combine n.ccnll) proposed pre-training and self-training
methods to obtain state-of-the-art (SOT. ch [1]. We use the audio from
the Libri-Light dataset [2], derived from the LibriVox d:xlnb.nc of free public domain audio books, as
the unlabeled data for semi-supervised learning.

Recall that in iterative self-training, a series of models are trained where a given model in the series
a teacher to the succeeding model by generating labels on the unlabeled dataset. The student
1o this teacher model is trained on the dataset obtained by combining the supervised st with the

https://paperswithcode.com/task/speech-recoagnition
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Transformer AViEZ 5 ! ? gMLP DIRZE (2021.5)

Pseudo-code for the gMLP block

D Lx P def gmlp_block(x, d_model, d_ffn):
shortcut = x

= norm(x, axis="channel")

= proj(x, d_ffn, axis="channel")

= gelu(x)

= gpatial_gating_unit(x)

= proj(x, d_model, axis="channel")

m return x + shortcut

MoM oM MM

Channel Proj

def spatial_gating_unit(x):
u, v = split(x, axis="channel")
v = norm(v, axis="channel")
\ n = get_dim(v, axis="spatial")
) v = proj(v, n, axis="spatial", init_bias=1)
( Input Embeddings | return u * v

Figure 1: Overview of the gMLP architecture with Spatial Gating Unit (SGU). The model consists
of a stack of L blocks with identical structure and size. All projection operations are linear and “®”
refers to element-wise multiplication (linear gating). The input and output protocols follow BERT for
NLP and ViT for vision. Unlike Transformers, gMLPs do not require positional encodings, nor is it

necessary to mask out the paddings during NLP finetuning. (https://arxiv.org/abs/2105.08050)
. XIVv. .
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0.9,

Best Accuracy Found

0.54

Multiplicative actions {Flawed SC
Gradient Normalization

Random Weight init

Loss Clipping Random Learning Rate ” o Vi
Best |
_7"/7
def Setup():
Better 54 = 1.8e-3 # Learning rate
4 HParams
= det Predict():
/ inear Mode D) w2 = v0 + vi
| v3 =v0 - vl # 12
.'I v4 = dot(m0, -
—J sl = dot(v3, - Y
Linear Model (Flawed SGD n0 = 32 « m2 # Cof
Linear Model
a . def Learn{): # =0
(No def Setup(): =
.“ ,p‘.‘ ahts 83 = 80 - 81 # Compute error
- - (v o 8 Aoprox
vl = gaussian{0.0, 0.01) 0. = outer(v3, v0) # Appre
82 = 1.3 82 = norm(mQ) # d n
86 =83 / 82 4N i err
def Predict(): # v tur v = 85 & v3
Empty Algorithm a8l = dot(v0, v1) Predictio n0 = ocuter(vs, v2) #
X def Learn(): # 20« a1l = mi1 + mC ¥ Update
def Setup(): 33 =51 /528 n2 = m2 + ml1 # Accumulate 1
def Predict(): al =30 - a3 # 70 = 54 = mi
R v2 =31 «vO U # Generate noise
def Learn(): Vi=vl4v2e v1 = uniforn(2.40-3, 0.67)
0 “10 Experiment Progress (Log # Algorithms Evaluated)

https://arxiv.org/abs/2003.03384
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“Van Gogh Starry Night ..."
“detalls “in black and whlte 'on a canvas” “indqu wood frame”

“Lombard street ..."
“view from bottom” “view from top “bird's eye view” “in heavy rain”

“seagull in front of ..."

“Golden Gate “London Tower “Sydney Harbour
Bridge” Bridge” Bridge”

“Rialto
Bridge”

https://arxiv.org/abs/2102.05918
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