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The bottleneck is no longer access to mformatuon' now it's our ability to keep up.

Al can be trained on a variety of different types of texts and summary lengths.

A model that can generate long, coherent, and meaningful summaries remains an open
research problem.

The last few decades have witnessed a fundamental change in the challenge of taking in new information. The bottlanack is no longer access to information,
now It's our ability to keep Ug. We all have 10 read more and more to keep up-to-date with our jobs, the news, and social media. We've looked at how Al can
improve people’s work by helping with this information deluge and one potential answer is to have algorithms automatically summarize longer texts. Tralning
a model that can long, coherent, and meaningful summaries remains an open research | s In fact, generating any kind of longer text is hard
for even the most advanced deep leaming algonthms. In order 1o make summarnzation successiul, we introduce two separate improvements: a more
contextual word generation model and a new way of training summarization models via reinforcement leaming (RL). The combination of the two training
methods enables the system to create relevant and highly readable multi-sentence summaries of long text, such as news articles, significantly improving on
previous results. Our algorithm can be trained on a vanety of different types of texts and summary lengths, In this blog post, we present the main
contributions of our model and an overview of the natural language challenges specific to text summarization.

Paulus, Romain, Caiming Xiong, and Richard Socher. “A deep reinforced model for abstractive summarization.” 2017

https://tryolabs.com/blog/2017/12/12/deep-learning-for-nlp-advancements-and-trends-in-2017/

UD;

%
)

(=
Z
25




http://jiuge.thunlp.org/
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A person riding a Two dogs play in the grass. A skateboarder does a trick
motorcycle on a dirt road. ; A dog is jumping to catch a

Two hockey players are A little girl in a pink hat is A refrigerator filled' with lots of
_l’ighgn g over the puck. ,b'°.‘"i!‘,9 bubbles. food and drinks.

A close up of a cat laying

N s A red motorcycle parked on the A yellow school bus parked

side of the road..” 7= “Te====in a parking lot.

" Describes with minorerrors | Somewnat related to the image NN

Show and Tell: A Neural Image Caption Generator, NIPS 2014
11
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Story #1: The brother and sister were for the first day of school. They
were to go to their first day and meet new friends. They told

their mom how they were. They said they were make a lot of new
friends . Then they got up and got to get in the car .

Story #2: The brother did to talk to his sister. The siblings made up. They
started to talk and smile. Their parents showed up. They were to see them

No Metrics Are Perfect: Adversarial Reward Learning or Visual Storytelling, ACL 2018
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- MGPT-3BH XS, f@?ﬁ&ﬂﬁ/\mc \EUE R SROMBEIMZNLPESATE, &
HAZHIHE N~ SLLMEGEFRRED I

A General-purpose
Transferable task solver
Task-agnostic NLP task solver  GPT-3/4. ChatGPT. Claude
z Scaling language models
TaSI_( Spec1ﬁc task feature learner ELMO. BERT. GPT-1/2 Prompt based completion
solv1ng he]per Word2vec (NPLM). NLPS Context-aware representations  Solve various real-world tasks
capacit Pre-training + fine-tuning
P y n-gram models TS\Itatlc lw 0rd represilnt?tlons Solve various NLP tasks
Statistical methods eural context modeling

Solve typical NLP tasks Pre-trained LM

Probability estimation
Assist in specific tasks

Statistical LM

1990s 2013 2018 2020
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| W _ |
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a spoon a spoon

Richard Socher, John Bauer, Christopher D Manning, and Andrew Y Ng. 2013.
Parsing with compositional vector grammars, ACL.
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Original Dropping Special
Reviews Characters & #'s

Converting to
small-case

D2
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Dropping Stopwords &
Stemming

)

ERRIFLIEE, 4718
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Token, Tokenize¥llTokenizer:

wWe love NLP!

wWe "Love" "NLP"

@&m Sentence

“/" 4mm Token

200

25



HF15lATokenizer

Split on spaces

Let’s do tokenization!

Split on punctuation

Let S do tokenization !

001 002 003 005 004



HT 59 Tokenizer

Split on spaces

Let’s do tokenization!

Split on punctuation

Let s do tokenization !

plit() BEURSIGHTNG:
FRNEERIF Python B9 split() BREIRTIBHITHE R XFRRRNEEELSAEHN
TR ERIREMERAERY token, FEEX
Etokens. ﬁ'ﬁ%lﬁdﬂﬁ%ﬂz*ﬁ?&ﬁ@
Etindogfidogs, FAREENR FAE
KRS T I ER R HIX TR M

tokenized _text = "let's do tokenization".split()
print(tokenized text)
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F1alAYTokenizer

g
-

F1a)TokenizerZ IR N : SMEAE A AVIRAS ROTX A H7 53 BRS /N Y 1]
1E¢‘W,E@iﬂﬁii?<%&ﬁj\ﬁ$}ﬂzﬁixE’J?ﬂ

“annoyingly” = “annoying” + “ly”
“tokenization” = “token” + “ization”

Let’s </w> do</w> token ization</w> I</w>

29
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« https://tiktokenizer.vercel.app/

- GPTH{EAHNSEEMBYG AZZEByte Pair Encoding
(https: //mthub com/karpathy/minbpe)

- O BIERFSIEREHIE, 7 R T "R ZERE AR
0 T e, WTRERINEE, SatbrIRAISA.
- {hafk: 4 FIBXARD RENFR (BiFH) | ARS8 FRRIHIBRE,
« FIUR: FiTFTBBERFFSXIRIHIDREL.
. é#%ﬁﬁ%i\jz BHIWRSSZIRA S SHA— 1S, AERE.
- B8 E52E 2-3, Eéﬂﬂ%j(d\)_ﬁlﬁﬁuEﬁ\%xﬁ o] SHHIXT,



https://tiktokenizer.vercel.app/
https://tiktokenizer.vercel.app/
https://github.com/karpathy/minbpe
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W% (, TMBEfATRIERENXIEE,
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2 1) BB &I 52

AR AEER A (Word Embedding)
N AR AREFRAMRING A:

(¢ Hone-hot4mAL
%5 {¢ A word embedding

o) & HY




JHHRIS (One-hot Encoding)

- BiiAFRFAEEITHE B AN (Bllen(vocab)), 1RIITESIHISEE A0
ZIN -1, WARFRTHERSIZEHI, LI UE P <EINBE0
mE£, FFFRLCHTZZREN

- kmEERBRIFIEITTH—PMEKREIE. F5| 029 AEI 2N T3

F.one_hot(torch.tensor([@2, 2]), len(vocab))

output:

tensor([[1, 0, @0, 0, 0, @, @, 0, 0, @, 0, 0, 0, @, @0, 0, 0, @, 0, 0, 0, @, 0, O,
0, 0, 0, 0],
[0, 0, 1, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, @, 0, 0, 0, 0, @, 0, 0, 0,
9, 9, 0, 011)



17@# AN (Word Embedding) %

BifM=33 Word Embedding

(0286 )
0.792 ‘—_-‘ '—I,—_" keep
-0.177 TAHRA make  get
-0.107 meet continue
expect = 0.109 o —
-0.542 '
0349 say remain
0.271 are .
K 0.487 —/ wWergas

leptodactylidae

" rana eleutherodactylus

King - Man + Woman = Queen

34
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Traditional Word Embedding-O

Static Word Embedding-O
Word Embedding O

Semantic

Relationship
o Contextualized Word Embedding-QO

https://www.youtube.com/watch?v=H460qCxGTac&t=31s

QO Count Vector
O TF-IDF

QO Co-Occurrence Matrix

O Word2Vec
O Glove

QO Fast Text

O ELMo

O GPT&GPT2
O BERT

QO DeepSeek
O LLaMA

O GPT-4

35




3% (Bag of words)

Learnerea best  channel
it awesome

it great contents

| hate

Sentence Learnerea  best channel it awesome great contents
Learnerea s the best 1 1 1 0 0 0 0 0 0
it is just awesome 0 0 0 1 1 0 0 0 0
it has great contents 0 0 0 1 0 1 1 0 0
| hate it 0 0 0 0 0 0 0 1 1

Token (iF)JT) : unique words
36



SR SUSTRYTER (TF-IDF)

« TF-IDF(term frequency—inverse document frequency)E—# A T{E B RS HIEZ

SR MR, BERHTEREXETRXHEIE, MAFEEHESKN, FRHIWAHT

B IR R AR BE BT -

- TF-IDFEREER, —EBR2"75n" (Term Frequency, fE5ATF) , 3—FEE"¥EX
H5n%" (Inverse Document Frequency, #4§5 JIDF)

FEMNEEEFRHIHIVREL

1A (TF) =
NEHIRIEEL

def compute tf(text):

"""iPﬁibd%ﬂFﬂTerm Frequencyj?"""

# N SCARREAT 43 1A]

tokens = tokenize(text)

# T AR 1A B IR

token_counts = Counter(tokens)

# T ORISR 2

total _words = len(tokens)

# T AR 1A A 1A 5

tf _dict = {word: count/total words for word, count in token_counts.items()}
return tf_dict

37
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PR -SSR (TF-1DF)
F24, ITHEBENENER.

IBRHERI SR8 :
B E2ZIERS RS + 1

S ASBRER(IDF) = log(

def compute_idf(documents): = Dy Dy B -

R = SUL = 5E'J'i£§’£Inver‘se Document Frequency" o
# ik A HELE Z DA SO

word_doc_count = {}

# PP A SO A e — 1A

unique_words = set()

for doc in documents:
words = set(tokenize(doc)) # fHifH&ESEH
unique_words.update(words)
for word in words:
word_doc_count[word] = word _doc_count.get(word, ©) + 1

# 1T 5. IDF

total _docs = len(documents)

idf_dict = {word: math.log(total _docs / word_doc_count[word])
for word in word_doc_count}

return idf_dict




PRER-1P S ASSNER (TF-1DF)

F=2, 1TETF-IDF:

TF — IDF = {@8f(TF) x ¥ 3A4SRER ( IDF )

B TFORSN)MIDF(EIFHRE )G, HXMEHENE, MEESEI—MRETF-
IDFEYE.

def compute tfidf(documents):
"t TE-IDF" "
# 15 IDF
idf_dict = compute_idf(documents)

# IHEAA AT -IDF
tfidf_documents = []
for doc in documents:
tf_dict = compute_tf(doc)
tfidf_dict = {word: tf * idf_dict[word]
for word, tf in tf _dict.items()}
tfidf_documents.append(tfidf_dict)

return tfidf_documents



SRR -1 =R (TF-IDF)

documents = |

. )r'JL#n‘}'fJ = NLE#E B — 4",
<l RS & Pas2Ed M —A a3,
J\ LERE & tFEVRESE B —A i
]
output:

R 1 ATF-IDFAE: RS 2 FTF-IDFH:
Pl2s2%2>]: 0.0676 RE ] 9.1831
NIT%fE: 0.0676 P28 >]: 0.0676
/T ©.0676 TX: 0.0676
&1 ©.0000 & 0.0000
1]: ©.0000 1]: ©.0000
/N1 ©.0000 /I~ ©.0000

RS 3 [ITF-IDF1H:

FEPLR: 0.1831
Yl : 9.1831
NTLHfE: 0.0676
&1 0.0000

1]: ©.0000

-/~: ©.0000

o HEMAENMEHMTF-IDF#E X, BBA—RMES X MIEXBLENEEMHSBS,
R B EEREMATF-IDF, BXE)NHIF, SHESEIEAJLNE, Fe
1Z X ER < H#1R).




Word2Vec

NOTE: For the purposes of this
EARTIRENIE “Troll 2”7 StatQuest, we’re going to treat

M A— Eaid] Troll 2 as a single word.
b
Troll 2 ———» 12 Troll 2 .
AR FIN—T A
is =———>» -3.05 is “Troll 2 is awesome! ”
great! ———>» 4.2 awesome!
IR A=

Mikolov, Tomas, et al. "Efficient estimation of word representations in vector space." arXiv preprint arXiv:1301.3781 (2013).

41




Word2Vec

...and assign a new random
number to the new word,

awesome.
B2 EN{EgreatFlawesome 2 HH[EIHY
EXHRZEWBRHEN (BFiZgreat
\ KBS ED , 1R 1EHIMENL 2 4R
Troll 2 ———> 12 & Troll 2 A BRAZER.
|S } _3.05 {_& |S ﬁﬂ%ﬁﬁ%ﬁilJﬁiﬂl‘EﬂE'\J*EM'ﬁ”ﬁ:?

4
awesome! ——==——» -32.1

RIRBIDEZRSEHIE, MHE
“awesome” STBEC—NMETHIBEHLE

42




Word2Vec

great7f It B IE HIRY £ 17 FDU is great!

S E B AT A E Y My cellphone’s
broken, great.

FHATHENRIRAUEARREREPEH, SETRERHEN, LEHMBGTER.
Ftt AR B TES N R FA RS RS, XFHEME ] UIERZHEN A EIEE.




Word2Vec

Training Data

. . /\
BigiERlhE2HEAETHEA Inthis case, we have 4 unique A Troll 2 is great!
/l\zz_ﬁag iiﬁl , 3| IHZE words in the training data, so Gymkata is great!

P04 inputs (i) : we have 4 inputs.
Troll 2
<—
is
great!
V'
Gymkata

44




Word2Vec

NOTE: this Activation Function
uses the Identity function...

Troll 2 //17E§:§H%@&%%

y =EFEH, input=

45



Word2Vec

...and the Weights on these
connections will, ultimately, be

the numbers that we associate
with each word.

c, Y X L i AR RN E R AA
—fost— BNS BT RIRXKRE T
x -0.12-)8um /
is l_x -0.11
1T x -0.24

great!

Gymkata



Word2Vec

Now, in this example, we
want to associate 2
numbers with each word...

Troll 2 25, MAEFKNZEEEPwordKEXZEI2 M number
x 0.38
—x -0.12p> Sulm /
is =x -0.11>
-024
great!

47



Word2Vec

= AN \ S ——
*liﬁi;:l:y” EE B]EHI'S&';&E ...S0 that means we’ll use
\ 2 Activation Functions...

Troll 2 P4 [E BInumber
’@_l / TE A MHE R E

X 024

great!

XO42

G k l-x 0-46
ymkata | | " o> Sum
——x o.29—f

48




Word2Vec

Troll 2

great!

Gymkata

However, like always, these
Weights start out with
random values...

WNE SR BURE

49




Word2Vec

Troll 2

Gymkata

words Troll 2 and Gymkata are currently

XAMNE
Now, with this graph, we see that the e, BLXER, —ﬁzﬂ]—ﬂg{E

Z| “Troll 2” ifu “Gymkata” X

no more similar to each other as they are P4 AR tL Z [BJEUFEILEE A =

to any of the other words. \\
T y Troll 2

x 0.38

i

x -0.24

x 0.42

Al

R

x 0.29

0.45
0.40
Weights to "G ol
Bottom T CGrymlcala
Actvation |2 H A& EEiH EFweights
Function | LT A E BB ERR
0454 embedding vectorE &t
0.10 -

Activation Function

50




Word2Vec

FR{ABYIRR A L Training Data
embedding ([E]E3 Lastly, having similar words with Troll 2 s great
) ; ?*?élﬁ]%?’fﬁiﬂ s'.m .|Iar SMbedcings means Gymkata is great!
SATEENES training a Neural Network to
T&E %% % 23] ﬂl‘E% ¥ process language is easier...
<~ H ¢ o
251
Toll2 [ *°
=1 —x-2.179> 1 T |
. i eights to
is ||rix -2-13"_T Bottom
x1.73 Activation ..
Function 1
great!
x 1.98—l T
| x2.48 2T greak’
Gymkata X -2 23* 9 i I 1 I 1 I ]
iy A -2 Weights to Top 2
x 1.99 Activation Function

B2 anfalfEword embeddingB & E % F TXER?

51




Word2Vec ,

E SR ERY Rl
(Continuous F—NgHF%E: CBOW -
Training Data
Bag of Words) , The first method, called Continuous

Troll 2 is great!

.+ \‘ i , = .
Wi FEHEEHR)IE  Bag of Words, increases the context Bl e

SeFmm cha) B I EY by using the surrounding words to
1\, MmiEmET predict what occurs in the middle.

XER A B E R E1E (H]
Troll 2 Troll2  Troll 2%Agreat) M=

1| v AN 7|0.00]  EIHISEANERIT (BNis)

5, sum 5 1.00

great! great!

1 l , sum 0.00

sumq Gymkata
| sum 0.00

52




Word2Vec e

FEZANEZEHFE: Skip Gram Training Data
5CBOWHR, Z#IFI8L .
iAis¥m F T~z  Forexample, the Skip Gram _4: ::

method could use the word is. .

Troll 2 I F IsF50
y > H v 2 v—
A 4 suml/&_ > j >\ / 0.33 ’ \1@"%'15]
is | f is
1 ” sum 0.00
great!
i ;sum 0.33
sum / Gymka
” sum 0.33

53




Word2Vec

w(t-2)

w(t-1)

w(t+1)

w(t+2)

Input Projection Output

!

\ SUM

L.,
////f
CBOW Model

w(t)

w(t)

Input

Projection Output
SUM /
\\

Skip-gram Model

w(t-2)

w(t-1)

w(t+1)

w(t+2)

54




Word2Vec

Lastly, before we’re done, just know

e . that in practice, instead of using just
I A AN NS
EEFRRIER, HARREAAETE 2 activation functions to create 2

FERBR AT RIECERD Embeddings per word...
Embeddings

4

sum /

55




Word2Vec

P 5E A LBE R 100/ S E S BEERE R T8
St AT RBNMERgSERS  WHIARA (Embedding)
HETTFAUERY, BRAkiEER
= X ’ ...people often use 100 or more
SRAWEMGE, RNDFRNE, activation functions to create a

& e (2 1 = |
Py F= A0 = lot of Embeddings per word.
Troll 2 4
./ sum
: kf N/
—‘/—%‘R{\"‘?’ RSOKAAS, sum
\%@3{016,4%‘(3‘"3%{//
great! REIKXI2 RIS
RIS ZEN




Word2Vec

YRR BT LU A
Wikipediai& #1142k

Troll 2

Wikipedia.

...they use the e%

Training Data

The Aardvark is...
It is the only...

Unlike most...
A

57




Word2Vec

FHAGER F300
AANEE Training Data
...word2vec might have a The Aardvark is...
vocabulary of about 3,000,000 It is the only...
words and phrases. Unlike most...
. A
aardvark

abandon




Word2Vec

3,000,000
X
100 €

BENRIAZELSHI100MUES SHIEREH
T, ALERIRERA (Embedding)
...times at least 100, the
number of Weights each
word has going to the
activation functions...

aardvark

abandon




Word2Vec

WIS RREI RS R 8 I — 15

3,000,002 ...times 2, for the
100 Weights that get us from
X A the activation functions
2 to the outputs...
A
aardvark

abandon




Word2Vec

o4 o 2k .
3,000,000 =23 81%%600,000,000 M weights

108 ...for a total of
x 600,000,000 Weights.

2
600,000,000 <‘_/

A

aardvark

abandon




Word2Vec

MNiEF53%: Negative Sampling

However, one way that
word2vec speeds things up is
to use something called
Negative Sampling.

aardvark

abandon

A

9.
ARG

So
LE

T

/ﬁ

M )R
AR 542
A

| RS

aardvark

abandon
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Word2Vec

in: {FPaardvark A

For example, say like we
wanted the word aardvark to
predict the word A.

A

aardvark

abandon

%
%

)
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Word2Vec

’ ‘J‘Zi%':”*% %mﬁfu@m%'% I ...and that means we can ignore the
aardvark” Z 4N E1RAY Weights coming from every word
WE, FAHMBRIRNESR but aardvark, because the other

#FLLT 0, words multiply their Weights by 0.
A
aardvark aardvark
1
abandon

BIE AT LA 2R S
aardvark N FEXHIS
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Word2Vec

B2, FEXAMITFAH, itHfy S0 for this example, lets
Bizword2vecPE N iEE T imagine word2vec randomly

i n s 4Ezn  Selects abandon as a word
39"]2’? %ndon fEARBEAIAER we don’t want to predict.
IANTEY o

A
aardvark aardvark
1
A abandon

FERRE—MEERN
A— N T ABE T 9 28 77
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Word2Vec

N - And that means for this round of
REMREAEX—RKREEETR, Backpropagation, we can ignore

BN LAZEE S HEA B EMAIEE  the Weights that lead to the all of
B E the other possible outputs.

7 sum
aardvark 74 QN /
O
1 &.‘
,'03' abandon
; \\;} sum
| <

https://www.youtube.com/watch?v=viZrOnJclYOQ

XA LA Z B3R K
SR E MR
(2999981™)

SFEEE S IR &
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https://www.youtube.com/watch?v=viZrOnJclY0

KNI SEEPRNAIRENTA

- ISEIGHEHREKER (GPT4: HILFR127,
[FIE4EET7168)

« "While we can use pretrained models such
as Word2Vec to generate embeddings for
machine learning models, LLMs commonly
produce their own embeddings that are part
of the input layer and are updated during
training. The advantage of optimizing the
embeddings as part of the LLM training
instead of using Word2Vec is that the
embeddings are optimized to the specific
task and data at hand.” - {Build a large
language model (From scratch))

is the cap?tal of Englomo(

t

[54, 12, 4356, 10, 498] tokenized output

!

output lal/er

transformer bloca

em Beo(ohng lal/er

T

[324, 54, 12, 4356, 10] tokenized input

T

London is the capital of




5 >A 8]

5. FEEHAREFAE (NLP) AE%H, CAYERE FER AT ENE N BUER R,
Mj&# (Word Embeddings) fEA—MAARNKRFE, #TZNAHT&F NLP 1£55.
(1) (440 EUB R AFE NLP H 5 B SRR M B RN,  TAMUAE R 6L

A B 8] B R ARFIE R O o

(2) (54)) H5EFMMGD (One-Hot Encoding) HHAIRRITIZEAAEL, M E L&MW
BERH?

(3) (54)) EAEGHALSHERL (BoW) LML, Word2Vec H & MR B H?




5 >A 8]

5. FEHAEFAHE (NLP) (£, CARYEEFRER BTt EE N BUER R .
& (Word Embeddings) 1EA—MAMRNEKARTIE, #IZNHT & NLP 4£55.
(1D (443 HUHRHATE NLP o R ER SUR SO M B RN, TAMUAUE R 463

A B A R R ARFER R o

(2) (54 5EFM#HGIE (One-Hot Encoding) HJiEFRITEEAHEL, 16 m & E &ML
EEMH?

(3) (54) 5&GHAESHERL (BoW) LML, Word2Vec E&ZWRLL B EMRHA?

B
(D) At ATRER XA HEBNFARERR (45

TRV EREE IR, CARESHNEE, THECRE R A,
B HAHOVEUE T A DU AL A TR 2 S %

A AHRAIE R B R, MR RARER S (i gmtg) , R ARl A AR
ANRRATE R A ZNES R GE R R B, A8 SCHE B3] 7E [ B2 o) h A s e,
i AR bR SCRE R R

(2) 1A [ EARNS T AR AL B Z 0 (5 )

YEREEAR, THEERRL, WAL R N RERT R (EEETRICERX
N, T A R LR AR (Bl 100~300) , KGR P A-FITTH B B IR #E.

FHE SCHEME, MRS TIER SR Z BB R R, THE RS YIZHR2] 7
W ETIGEE R, EEARCHE R R ERR.

BERMBIER A, GRS ERERE, EUMREREER, midREL%E
TR, BERE RO RN T SURHIE -

(3) Word2Vec AHX T-ia] SRR ) B ERF (5 41

FIGHEE B R OOR R, 1AARARY B R ] SR B,  B& R P A B R SR R
1M Word2Vec #F EFXE L%k, REBHILEIER LT 30EXER.

XRIER Y >], Word2Vec VIR [ &R AEEAR RS HILE, AR AR SR
oK T AR AR U7Vl R A R AR SS AT

K4 H& 4, Word2Vec A R4 LM E, BAEHFIHEMEMIEMENS; W48
BRA R mAERRAE, HERARE LR SINE.
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