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Kt AH O (Natural Language)
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XtH o] X 2|(NLP) S8 20}

o 7|AH Y (Machine Translation)
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H0| X Z2|(NLP) S8 &

Chatbot(CH=} A| A H)

ChatGPT ChatGPT 3.5 ~

r DALLE

Can you give me feedback on my short story?
ChatGPT > #

ChatGPT
Your writing is engaging and provides insight inte the protagonist's feelings and past experiences. You effectively

Me

I am hosting my friends for brunch on Sunday
and they are asking what to bring. Could you use descriptive language to paint a picture of the setting and the characters. The dialogue between the protagonist

give me a list of suggestions? I'll be making a and their father feels natural and adds depth to the story. Additionally, your writing style is clear and easy to follow.

ol =ink

GPT-4 Turbo YO4|0|E

Howewver, there are a few areas where you could improve:

ChatGPT
Certainly! Here's a list of brunch items your 1. Punctuation and grammar: There are some minor punctuation and grammar issues throughout the text that

AFIE gl B

. Fresh fruit salad or a fruit platter B ~ : . . . . -
Pastries ar croissants 2. Clarity: Some parts of the story could benefit from a bit more clarity or elaboration, especially in the transition

_?_lE[}”J\-I _E_ _?_E _?_'HIE.J-QE GPT-4 TurbO% AP‘E% :1-&_. E.IELI E.!' . f;?ne;with cream cheese and smoked

1] | E| # ﬂaﬂil‘llﬂl . Yogurt with granola and berries

could be polished for a smoother reading experience.

between scenes and the protagonist's internal thoughts,

XI= Hgsth2] >

. Breakfast potatoaes or hash browns
. Sausages or bacon

. Quiches or savary tarts

. Pancakes or waffles with syrup

. Coffee or tea

. Frashly squeezed orange juice

These options can complement your frittata
and mimosas nicely and provide a variety of
flavors for your brunch gathering. @

3. Show, don't tell: While you do 2 good job of describing the physical setting, there are moments where you tell the
reader about the character's feelings and past experiences. Consider showing these emotions through actions,
dialogus, or internal monolegue to make the narrative more immersive,

Overall, your writing is well-crafted and engaging, with room for minor improvements in mechanics and clarity.
Keep up the good work!@

ChatGPT



M X 2| (Preprocessing)

* Text Preprocessing
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Word Embedding

e Word Embedding
— &S MOl 2EE vocab MM
« Vocab0j g = EHOl= UNK &2

« Embedding Matrix
— Vocab_size(|V|) * Embedding dim(d)

Vocabulary
Embedding Matrix [PAD] 0
[UNK] L
Anyway 2
3
V| x d
| 4
love 5
you 6
7

Train Sentence

Anyway , | love you .

Dev Sentence

| hate you .

Test Sentence

| will kill you .

v

Train Sentence [234567]
Dev Sentence [416700]
Test Sentence [41167Q0]




How to Train Word Embedding?
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How to Train Word Embedding?

* Word2Vec
INPUT PROJECTION OUTPUT INPUT PROJECTION OUTPUT
e w(t-2)
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How to Train Word Embedding?

Glove
A S 28101 37| A H|(ratio) k=solid k=gas k=water k=fasion
Pk | ice) 0.00019 0.000066 0.003 0.000017
Pk | steam) 0.000022 0.00078 0.0022 0.000018
Plk | ice) / Plk | steam) 8.9 0.085 1.36 0.96
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How to Train Word Embedding?
* Word Embedding= O| 22t A} HO| X2
— Raw Z A E 2 H word embedding matrix Sf&
- 32 Ef2 30| A embedding matrix 0| M| Z=7E (fine-tuning)

- HE 88 EjA 39| embedding matrix= HE x=7|3} & SHX| D
At SHEEl embedding matrix ZXAHSHH H& S

Raw :> Learning word embedding | ‘
e matrix B

] Application-

.............

_ Initialize lookup table
Supervise

Annotated Application-specific
':V,\ neural network

corpus

=>» Lookup table is further fine-tuned




St= 0] Word Embedding
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ot= 0] Word Embedding

« ot=0{ Word Embedding
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Feed-Forward Neural Network

FNN(Feed-Forward Neural Network)
— 7}k 7H:r<'5} [oX EHo| ol Alzgat
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Feed-Forward Neural Network
FNN(Feed-Forward Neural Network)

. =E0| SOI2& 7S HH2 C}2 20/0j2 MESHK| D Bl MY HES 23

B 1
14 eT

o(z)

Sigmoid Function

tanh(x)

1.2
1.0
0.8

0.6+

0.4

0.2+

0.0

c
802
-0.4
-0.6
-0.8
-1.0
-1.2

et —eg T
tanh(z) =
el e =
Tanh Function

=
o

| | | |
| o (=)} & N o N » (= @

f(z) = maz(0,z)

Rectified Linear Unit (ReLU)




Recurrent Neural Networks
RNN(Recurrent Neural Networks)
_ 23 AlEY
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RNNs :Update Formula
e Update Formula
_ oLl AEfQ] 74|M O =F{x®, h(t-1))
h® = tanh(Wx®) + Uh(~ 1))

_ oy ME 22
o) = yh®) ’ w

3.

Using explicit bias terms @

h® = tanh(Wx® + Uh(D) 4 p)
0) = yh©®

<



Recurrent Neural Networks

RNN(Recurrent Neural Networks)
— Unfold

« Zf time step tOf 2} 3 AEAE REE

f Unfold

— ShA|E
- Gradient vanishing =X
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Backpropagation through Time(BPTT)

forward propagation

backward propagation
through time (BPTT)

—




Long Short Term Memory
 LSTM(Long Short Term Memory)

— 72| 9|Z4(long-term dependencies)S 2! 2
« Memory Cell2| =&
« 3719 GateE 0|25l Memory Cell X =3 /2 &

Recurrent neural networks LSTM

ﬁ
Memory cell
: (cell state unit)

S




Long Short Term Memory
LSTM(Long Short Term Memory)

- 24 S0A 371 2| GateE O
* input-gate

- B o SES 2S5 0L N2

2| cellOf] MEAXIE Z2H

» forget-gate

2
o

— AT 22| cell?] HEE O} X

HEXE 28

* output-gate

— HRE2| celle] HEE EOILL &
= 7417
= =2 O

2SR

Memory cell
(cell state unit)

Computing gate values
fO = ge(x®, RE=D)(forget gate)
i = g;(x®, h(ED) (input gate)
0 = g,(x®, hEt=D)(output gate)

(new memory cell)
¢ = tanh(W(C)x(t) + U(C)h(t—l))

\

c® = (00 g®) 4 fB° c(t-1)
h® = 0®° tanh(c®))




Long Short Term Memory

 Update Formula

A -

« i =g(WOx® 4+ yOpE-D) (Input gate)

« fO=g(WWDx® + yPpE=D) (Forget gate)

¢« 00 =g(Wx® 4 ypE-1) (Output/Exposure gate)
« ¢ = tanh(W©x® + y@pE-D) (New memory cell)

e ¢(® = f® oc-1) 1 () oz(®) (Final memory cell)

e h(O) = O(t)otanh(c(t))

c(®

Rt-1) @ RE-1) O pE-1) @ pt-1) 2O



Gated Recurrent Unit
GRU(Gated Recurrent Unit)

— LSTMIt ALt long-term dependenciesE 2 2! 2

ShA ol Al Ot

-+ LSTM 20+ & O 2ot 712, 952 /A

- 27H2| gateTt2 AHESH| Z0 &2 parameterE 7}
x|

- 272 HO|E AS

* reset-gate
— MtAO| Y E AotLE X|2X| & E2H

Jy

v i) = a(W(Z)x(t) r U(z)h(t—l)) (Update gate)

« 10 = g(WMx® + y@pE-D) (Reset gate)

« U = tanh(r®°Uht-V + Wx®) (New memory)
« h) = (1 = z®) °h®) 4 z(®) op(t=1) (Hidden state)

« update-gate

- O] ¢t= ot X[ & 278



Bidirectional RNN
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RNN A€ RO S&
CrFoE XA O X 2| 38 200 M8 7ts

—

many {o one many to many many to many

— Many to One
« ZA4d =4 :RNNZ=H2| OA|Y 24 El= 282 B EEE 51 0 § B2

— Many to Many

« 7|A 1Y 271X RNN 22 AFE 12120 = 8 =85 22 Estl O 20 M=
CIACe} 1Y CHOj & 0|83t =3 THo & 44
« JWHB 214 . 282 4 EZ0| Oist 24 oEfE 0|25t 2t EZ0] Tt (PER,
X}

ORG, LOC, 0) 59| 20|28 &%



RNN AE &2

Bi-LSTM CRF

Bidirectional LSTM-CRF Models for Sequence Tagging
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RNN AE 2o 3&
Neural Encoder-Decoder

e Neural Encoder-Decoder

Le chat assis sur le tapis. I

?

:?» The cat sat on the mat.

[ Encoder ] p(the) P Gat) p(is|...) p(eating]..
the

~ NREAZ S AFEAZ BBt DE2 HAYJ|O|N HEN 2 AI8EE 2
— Sequence-to-Sequence(seq2seq) R 22 25

- ot Z3F2| SequenceE LCIE ot TF2| Sequence= HEt
- FAELY A0|l= MEOHE = RUS

Lt —



RNN A€ REo| 38
Neural Encoder-Decoder

Neural Encoder-Decoder

thought
vector
encoder </s>
I I I I I I
I I I I I I I I I I
hello how are you <s> hallo wie geht es dir
decoder

— QI3 (Encoder)-C| 2. (Decoder)l| & TEZ 7
. QIFC: 2 2R 9ITY 50l 2Y WES M NSD 0K/ 6| MEjS IR MY
« QIACG Ol O-X| B hidden state(2 = & El)7t C| 2 E 2| Z&7| hidden state
+ C|ZE0: C|RE9| 7] Y32 <s>(START H2)2 LS AH2 00| Y& o2 </s>(END & 2)0|
MAE IR AIBAS MK
—_—0= O O
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Attention Encoder-Decoder
T [ C|3A G (Attention Encoder-Decoder)

attention -
weights °

context
vector

attention
vector

05: (03]
A‘ .v.‘;;aﬁ:::::;; ......
| am a student

Je suis étudiant </s>
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RNN AE 2o 3 &
Attention Encoder-Decoder
O HIM 913 C|3 L (Attention Encoder-Decoder)

1. Attention score 3. Attention output

Ty

eij = a(si“l’ h]) Ci = A h;

IS (i) J "7
J=1

2. Attention distribution 4. Decoder hidden state
expLe;; _
p(ei)) = f(si-1,Yi-1,€1)

dji =
.. Z;Cx: L exp(eix)

(i)

— O{Eld HAHALIS
- Attention Score : O|EHIM gt= ¢ Sof C|Z Q| 2F THOof CHS QIR EHO| o= ®IY EHojof s A
QIX|0f Thet T2}
 Attention dlstrlbutlon - O EIM E =0 CHSH softmaxS £l =& o =2 Iﬂﬁg

« Attention distribution : $/2| O{HIN M=F QAL =HE O Cf OH aggregation 2 XS QI HIEHE A4t
(O] #lEe{= C|=2 Y A|EOICt CHE)

 Decoder hidden state : O{EIM == I O|F C|ZEH 24 ME|, O|™ C|2H &2 0|25t Ctx L
A0 24 AEf =4



RNN A€ REO| S&
Attention Encoder-Decoder
« OfEIM 2t==(scoring function)
~ LGS EF t A|HO| HIEQt MN| QIZEH HIE ALO[2] = A At
« 7}5X| : [decoder?| 20| x Q1AL 2| Z0]]

* Aggregation : O{Eld 7t X| 7t HIGEl HIEHE = A8
— 75Xt 1A HEo| &

— [decoder length x encoder length] X [encoder length x 25| X}2] => [decoder length x 24 Xt &]

— Original scoring function
Score(ht_l,ﬁs) =Pt tanh(Wht_1 + Vf_ls)

— Extension of scoring functions
(h;ri_zs dot
score(hy, hs) = < )htT Wo,h, general

| W lhi; hg|  concat \
%

\
Bilinear function




Pointer Networks
e Pointer Networks(%Z 9/ E 4 E2/3)

Score distribution

<Sequence-to-Sequence> <Pointer Networks>
Pointer Network:
Seq2Seq ZEC| o= =8 A|FLT QAL Lo EE fIX& AE &=t =3,
Attention HFH LIS S AME, 2 A[E20| £ X0 £ 510 28 A|FAE 4 d
Xjo| A -

Seq2Seq= LRI CZ MZ2 HAE HOQEH HESRIE &= AIEL e fIXE &=510 &5
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Transformers

Transformers
DL 27K X} +=3H)

. Self OEIN
_ @l A|A0| THSh Xk7| ApALT} Of
= CHO|S 719] QALEE 7HEX|2

Feed Forward Neural Networks

X2 {El 0| O|ROX| =& K| Qf

e Cross HEHIM
~ Ql2f AEALfS| Of M 3

Feed Forward Neural Networks

Output
Probabilities

| Linear l

-
Add & Norm )
Feed
Forward
s | ~\ ((Add & Norm ﬁ
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Forward JE ) Nx
—]
Add & Norm
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Transformers

Self-Attention at a High Level
- O{ElE 7S K| Al 4=t

Layer:| 5 ¥ | Attention:| Input - Input =

The_ The_
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Machine Reading Comprehension

« Machine Reading Comprehension(”| Al =3l|)

Article: Endangered Species Act

Paragraph: “ ... Other legislation followed, including
the Migratory Bird Conservation Act of 1929, a 1937
treaty prohibiting the hunting of right and gray whales,
and the Bald Eagle Protection Act of 1940. These later
laws had a low cost to society—the species were rela-
tively rare—and little opposition was raised.”

Question 1: “Which laws faced significant opposition?”
Plausible Answer: /ater laws

Question 2: “What was the name of the 1937 treaty?”
Plausible Answer: Bald Eagle Protection Act

I—IO'
— 3L
R I o = Y= =S 240t FEot=s A= FoMH, 7|74 S51E 0|8ot0] 0T 220t &
Oﬂ otOlo Cte Xt 74
=2=EXL- HE2 X - A

Word Embedding, RNN @/ A [{, Attention Mechanism, Pointer Network7} 25 A2 &0 22l 7|8k X}
c10| X|2|2 o|sfst=t] 220| = & Q= 0ofA



Machine Reading Comprehension

eol's 7|8 7| A =dl

— Question(& =) & Passage(X| =) Encoding

- HE1 X|2E 22 embedding 3 F LSTME )
JALIE Eof AR Y

— Question-Passage Matching
- HE1 X|E ALO|O A Attention2 23S0 &
Passage THO{ 2t Question THO{ 7HO| ZHE K| A 4t
< aggregation

i

— Passage Self-Matching
- Self Matching 018l 4= S35l passage THO{ 0| CH

R

— Answer Prediction

« Pointer NetworkE O| 235} passage L0l A &
=+O| start, end X E =

P(Begin) P(End)
r@ [ Ill S
t Answer Prediction
pooling T
fith 3 ‘
|
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« 7|Z Word Embedidng?| £H
_ Bo/Hol TS BH ¥ + 918 =
. of) EHof b

— =0 2HA S0 ™=l THO| B ALE
- THO| O|=0| 25l Ot 2%

=0l= O|= ofLt Yo OFE..

M2 A 0]£0| 4% mssict

£ 52 9lue Y
A 7hM ol 2 = — ‘f
. =B TFO{ H P (Contextual Word Representation)
Zt

2 CHO|G 2t 200 et O = BHE (H )7t
HHE 5= = 70 E 2| Word Embedding
— ELMo, BERT, GPT A €9 Ctot B & A=

Word Embedding =% ¢ho| ®9

Input  EHO{ Bt = CHR[(EHoje] A[RA)
Layer (YHtEC=) EHE (e o =) CHAIS
Output S THO{0f| Ci$t Embedding 28 Fdst= O{0f CHet Embedding=



BERT

BERT(Pre-training of Deep Bidirectional Transformers for Language Understanding)

ﬁ Mask LM Mz% LM \ /m MAO Star/End Sph
= & 20—

Ledln)- e n)- () Le ] e ) -
L P>t
BERT . e o 5 -. .« - BERT
|Etms; " E, | [ Ey || E(SEHH E/ | l En I IEps] " E, | | Ey ” E(SEP!” E/ | I Ey I
—r LT =i p iy Lr o ey Eig = = 181"
(E)E)- EOCEE).- =) ). EOEE.

Masked Sentence A Masked Sentence B Question Paragraph
* *
Unlabeled Sentence A and B Pair Question Answer Pair

Pre-training Fine-Tuning

243 Transformer 01850 23 L 210|9| £t0}Z 05310 C13 2EE 0153t F 71| task2 o

=
= QSH CHOjOf| CHSAM = 230f 2} CHE o|O| &
— S& Task0l| Fine-Tuningdt= YA 2 & kAt



BERT

 BERT(Pre-training of Deep Bidirectional Transformers for Language Understanding)
ML SEAF
OO oo

. 7| =3

System Dev Test
EM FlI EM Fl

Top Leaderboard Systems (Dec 10th, 2018)

Human - - 823 91.2
#1 Ensemble - nlnet - - 86.0 91.7
#2 Ensemble - QANet - - 845 905
Published
BiDAF+ELMo (Single) - 856 - 858
R.M. Reader (Ensemble) 81.2 87.9 82.3 88.5
Ours
BERTgase (Single) 80.8 88.5 - -
BERTLgRGE (Smgle) 84.1 90.9 - -
BERT | srge (Ensemble) 85.8 91.8 - -

BERTLarGE (Sgl.+TriviaQA) 84.2 91.1 85.1 91.8
BERTarGE (Ens.+TriviaQA) 86.2 92.2 874 93.2
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Auto Encoding (AE) vs Autoregressive (AR)

Pre-training THA O A12| CHE M Q1 objective

Auto Encoder (AE) and Denoising Auto Encoder(DAE)

-AEE T X inputd]| CHSH 2 input= ALHE K| FSt= 2ME &

- DAEE= noise’t 41 @l input= &2l 2| input2 E 0| Fot= =X & &

— BERTZ =2 8%
Z=0{ &l input sequence0| &2|= 7}t noise([MASK] token)7} =01 = [,
[MASK] token = &2l input token2 Z =1, Denoising Auto Encoder?| 24

input sequence : x = (x1,T2,...,TT)
corrupted input : T = (z1, [ MASK],...z7)
likelihood : p(z | &) ~ II_ p(x: | &)

training objective : max logp(xz | T) = max YT milogp(z: | %)



Auto Encoding (AE) vs Autoregressive (AR)
 Autoregressive (AR) => A7} 2|4 E2 &
— O|™ tokenES £ 11 C}2 tokend 0| E5St= 24X

input sequence : € = (&1,&9,...,T7)

forward likelihood : p(z) = H?;lp{;r.; | T y)

training objective( forward) : max log pg(x) = max Elelﬂgp{m; | T y)

_ C}H
-
« ARZ et (forward, backward)O| ‘d5l{X{0f StE 2 ot& Hoko| HETLES 0| & 7ts.
- FLT =Y ZEEL =0 tidh £0] Oloist7| H M, &2 Ot 7ts

j

Autoregressive (AR) Language Model



GPT-3 - Language Models are Few-Shot Learners
— Autoregressive 2f4/2| 10 2 &

GPT Series

- 2/ GARS 78 FlOlH 210] IS K|S

— few shot learning - 21X}t &
- 965 2| 20|01, 12,288X& 2| 5| &=
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BART

A A0 8= #et o2 E
— Sequence-to-Sequence T+

« BARTE &M=l textE Y HEO} bidirectional 22 £ 913

autoregressive C| D 2 A4t

o, MEt textO CHSt likelihoodS

B D ABCDE ABCDE
¢4 £ 4444 L BT K
Bidirectional Autoregressive ( Bidirectional )E:) Autoregressive
Encoder Decoder Encoder Decoder
Fifs BEEE R BEEE
T‘\_C_E <s>SABCD A_B_E <s>ABCD
<BERT> <GPT> <BART>
« MM taskO| M fine-tuning 85 &4t
CNN/DailyMail XSum
R1 R2 RL R1 R2 RL
Lead-3 4042 1762 36.67 1630 1.60 1195
PTGEN (See et al., 2017) 3644 1566 3342 29.70 9.21 2324
PTGEN+COV (See et al., 2017) 39.53 17.28 3638 28.10 8.02 21.72
UnilLM 43.33 20.21 40.51 - - -
BERTSUMABS (Liu & Lapata, 2019) 41.72 1939 38.76 38.76 16.33 31.15
BERTSUMEXTABS (Liu & Lapata, 2019) 42.13 19.60 39.18 38.81 16.50 31.27
BART 44.16 21.28 4090 45.14 22.27 37.25
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* BiLSTM CRFs 2 EHA%M,

- =2 U FALEIE Y
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- = A = A (entity) 7l 0|2 I, & AL AO|2] EA S 2Fot= A
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The outbreak resulted in 256 deaths and 3,402 injuries.
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" / \
| voted for Nader because he was most

aligned witmme said.
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Vancouver is a coastal seaport city on the mainland of British Columbia.
The city’s mayor is Gregor Robertson.
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Location Location
Vancouver is a coastal seaport city on the mainland of British Columbia.

The city’'s mayor is Gregor Robertson.
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« Bi-LSTM-CRF 7|EF2| 7 M| H
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 Bi-LSTM-CRF 7|8FO| 7 H| &H Ol Al

— St= 0] o Al)

. B2 “HEf vt B 10| b

= labeling.

d= 2 IsTME AT = [BI)7F ZE E

Morpheme Morpheme Tag NE B/I/O Tag
F-l-ﬂ 3 NNP PER_BI
2. JX O
ol A 2~ NNP ORG_B
rHolHE NNG ORG_I
FC SL ORG 1
A NNG O
=T NNG CVL_B
A% NNG CVL_I
o] VCP O
o} EF O

SF O

NHE A&



NHE A&

K| H A S (Entity Linking)
— FO L ZH0| =odct A E[E[Z /7| T C|OF2F &2 X[ Al H| O] A (Knowledge base) & 2| StLF2[ 7HK| 2t
AASIH 578 74N 7F F A QIK| Al HSH= A S
_ ®E)E72 0/20/H
 Mention Detection(H M F==): A LO|| LIEtLE= 7N E Q1A= 1FE

« Disambiguation(&2|’d S| 2): QA =l T k| 20| CHol = 2 7HN S0 M S2|d2
H45t= g

OF

1250 58 7HHM =

ZH0] At=|Of CHOF 2ARZE & FOjLEA Zl-=02ta ’IA oF O] A& T740],
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HHE

« JHN|H AHZ(Entity Linking)

- 22 70 page — 2% 10| page

S|
701 (& =) 7|'| D|
Q7|43 Q2| DS WIAN,
: Q7|43 22| BEo| WIAF,
(TH0)3 (22204 Les Fourmis)= Z2HA0| X7t H2LH2 H| 2| 20| SCHEHO| A} 7HE £t =t=o|Ct!
PCE 0|83 12080] 717H2 HEHE A 19914 EOFCH of” CHE Z0j| LisM £ 740| (BS50]2) EME BESHIAIR.
25 2707 H0j(ant)= €5 ZJ0j2H==0: 74 2UDH0) =3H= FASE 2 (eusocial insect)2] ZAHCE L8 €t E ES0 &THCt
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HM[E H A (Entity Linking) &2 &
— JWHB A EXHE SOl M HO| AM E| UL 7t ESH L S| B0 = HE =
— Modeling Mention, Context and Entity with Neural Networks for Entity Disambiguation(Sun, 1JCAI ‘15)
o MAAZ E5|| mention, context, 2 £ A E|E|| LSt vectorE TS0 ZSH=El mention-context vecto2f
2 2 entity vector AFO|8| AL & TSI FALE T} 74 =2 entityS &4

SIM (Ve Ve )
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Representation : o >:4 o) : E‘i : o Representation | - Representation Representation

After campaigning on the promise of health care reform, | President Obama | Barack Obama
gave a speech in March 2010 in Pennsylvania . | !

Context : Mention i Entity




(Sun, 1JCAI “15)

Sim(Vinc, Ve)
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After campaigning on the promise of health care reform, E President Obama

gave a speech in March 2010 in Pennsylvania .
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Entity

— Mention/Context 2 It E  Entity

e Mention/Context 31 It E
— context= CNN= %!l 2 max-pooling= S5l 18

— mention2 YH|E T o= Fo 18 37| HH &

— NTN(Neural Tensor Network) 2 2%} => Ctfot 2ot 8

WM AZE
Modeling Mention, Context and Entity with Neural Networks for Entity Disambiguation




Modeling Mention, Context and Entity with Neural Networks for Entity

D\

@000000® 1,

Disambiguation(Sun, 1JCAI “15)
— Mention/Context £ LI E Entity B LE 2 179
 Entity B LIE

— 2 & AEIE|C| word P2 mentiond} = LotA H|Y = HHF
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A HZ (Entity Linking) & 2!
— QlE|E| BIC 2 CIYSt HEHE O|8LY = US

« O|) entity description
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