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Significant Innovations in LMs.

« A goal of statistical language modeling is to learn the joint
probability function of sequences of words in a language

P(Wl, Wy, ..., WT)

« A statistical model of language can be represented by the
conditional probability of the next word given all the
previous ones (chain rule)

rﬂ

P(wy,wy, ...,wrp) = P(we|lwq,wy, oo, We_q)
11

~

Q

P(We|We_ny1) s We—q)
11
— Such statistical language models have already been found useful
in many technological applications involving natural language



Significant Innovations in LMs..

« Long-span information can be integrated by using topic
models

— The historical words wy, w,, ...w;_4 can be treated as a
document Hf™1!

— Follow the bag-of-words assumption

T
P(wy,wy, ...,wrp) = P(welwy,wy, oo, Wieq)
JtL:i-;
T
= | | P(w:|H{™?)
sziL
T [ K
= [( > povimor(mni)
t=1 \k=1

t=1



T. Mikolov, et al., “Recurrent Neural Network based Language Model,” in Proc. of INTERSPEECH, 2010.

Significant Innovations in LMs...

« When the story comes to the field of deep learning, the
recurrent network is the best choice to model the long-span
information

- RNN(w;) interpretes RNN (w¢ |wy_1, Hf_z)

Wy W3 Wy Wsg Weg i w;,1:output layer

T ¢ ¢ ¢ € ¢ YRR

000000
RNN [—> RNN [—> RNN [—>| RNN [ RNN [—> RNN [ | j

V
Wq W» W3 Wy Ws Weg
Hi:hiddenlayer |@& @& @& @ Hi_4
T
p =||p U
(Wi, Wy, ..., Wp) = (Wt|W1:W2; -;Wt—l)
th=is
T
» D ® © o
= RNN(Wt) A B

t=1 w;:input layer



Significant Innovations in LMs...

 Based on the recurrent networks, sequence-to-sequence
learning becomes a popular research subject

— Machine Translation
— Speech Recognition

— Abstractive Summarization e1 e5 < eos >

RNN = RNN [=> RNN [/ RNN > RNN .:>.|::>.|:{>.|::>.|:{>.|:{>.

T ¢ ¢ ¢ 0

C1 Cy C3 Cy Cs <eos> e e, es €y s

« RNN is good, but it is not power enough to model the long-
span information

T
P(el, €7, ..., eT) = np(etl{el, €2, ..., et_l}, {Cl, Cyy .-ty CTI})
t=1



D. Bahdanau, et al., “Neural Machine Translation by Jointly Learning to Align and Translate,” in arXiv:1409.0473, 2014. (ICLR 2015)

Significant Innovations in LMs...

 Attention mechanism is proposed to the machine translation
task

— The word “attention” is only three times in the paper

— The objective of the translation model is to estimate a
conditional probability of the upcoming word

P(el» €2, ) eT)

P(etl{el» €25 wee) et—l}: {c1, ¢z 0, CT’})

= P(e¢|s¢ er—1,Ce)
Jth=11L

St = f(S¢—1,€t-1,Ct)
T! T' ( )
exp(eg;
Ct:zat"hizz oo 5(-) is the key!
— i=12j=1eXP(etj) l(-,-)ls e key! == —
T’ hl-(- hz-(- h3-(— - hT
_ Z eXp(5(St_1, hl))
— =

T exp(8(se_1,hj)) ‘a2 G




A. Vaswani, et al., “Attention is All You Need,” in Proc. of NIPS, 2017.

Significant Innovations in LMs....

« The transformer eschews recurrence and instead relies

entirely on an attention mechanism to draw global

dependencies between input and output

— RNN is very slow

— Word pair information is enough!

o Self-attention is a key

Attention is all you need
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Significant Innovations in LMs....

« Word pair information is enough!

— The “transformer” unit is proposed
o Attention is all you need

o Self-attention is the key
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Significant Innovations in LMs....

« Word pair information is enough!

— The “transformer” unit is proposed
« Attention is all you need

o Self-attention is the key

~

Qutput
Probabilities

Linear
A

-
| Add & Norm |4-\\

Feed
Forward

Add & Norm

(~(adzom)
_Add & Norm | :
Add & Norm Multi-Head
MatMul Feed Attention
I I Forward N x
[ | H B L JJ
— ]
N
f—>| Add & Norm | Masked
Multi-Head Multi-Head
Attention Attention
At tr
— | y, \. v,
Positional Positional
| & & !
Encoding ] Encoding
Input Qutput
| | | | i | | | i | Embedding Embedding
Inputs Outputs

Attention is all you need

(shifted right)




Significant Innovations in LMs....

« Word pair information is enough!

— The “transformer” unit is proposed
« Attention is all you need
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Microsoft Research Asia, “R-NET: MACHINE READING COMPREHENSION WITH SELF-MATCHING NETWORKS,” in Proc. of ACL, 2017.

Significant Innovations in LMs....

« Word pair information is enough!

— The “transformer” unit is proposed
« Attention is all you need
Self-attention is the key
The mechanism may inspire

‘\\ from the R-net
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Significant Innovations in LMs....

« Word pair information is enough!

Output
« 9 cy ot Probabilities
— The “transformer” unit is proposed
. .
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https://ai.googleblog.com/2017/08/transformer-novel-neural-network.html

Significant Innovations in LMs....
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https://ai.googleblog.com/2017/08/transformer-novel-neural-network.html

Significant Innovations in LMs....

« Word pair information is enough!

— The “transformer” unit is proposed

« Ordering is encoded by a

positional embedding
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Significant Innovations in LMs....

« Word pair information is enough!

— The “transformer” unit is proposed
 Ordering is encoded by a positional embedding

Es Es

Position Embedding = Eo = E>2 Es E4

+ + + + +

+ +
Token Embedding Eictsy Ew!  Ew™ Emserr Ewf  Ew]  Eser
we  w,™ [SEP]  w! | wl] | [SEP]

Input Token ' [CLS] 1

— Similar to concatenate two one-hot vector and go through a

dense layer

ITHITIYE
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R. Sennrich et al., “Neural Machine Translation of Rare Words with Subword Units,” in Proc. of ACL, 2016.

Wordpiece.

| 7

« Without stemming step, BERT uses 2 !

wordpieces to re-represent given - ﬁ
sentences ;

n 6

— BPE: Byte-Pair Encoding ’ 5

lower 2 I 7 d 3

new 6 0 7 S 0

widest 3 w 16 t 3

low 5 e 11 0 !

n 6 ow 7

; 5 we 2

i 3 wi 3

d 3 er 2

S 3 ew 6

t 3 es 3

ne 6




Wordpiece..

| 7

If the size of lexicon is set to 9 ° 176
- 1, 0, w, e, n, lo, ow, ew, ne \;v 1
n 6

By using the BPE units, the words become: r 2
— lower = lowe | >
d 3

— new = _new . -
— widest = _we t 3
— low = _low lo 7
ow 4

. . . we 2

The advantage is the size of the lexicon " 2
can be pre-defined! or 2
ew 6

es 3

ne 6




https://nlp.h-its.org/bpemb/en/

Wordpiece...

Vocab size

original

1000

3000

5000

enwiki sample

the diets of the wealthy were rich in sugars, which promoted periodontal disease. despite the flattering physiques portrayed on tomb walls, the
overwe

the first project proposed and worked on was a period film to be called "dora-heita", but when this was deemed too expensive, attention shifted to
neutralization with a base weaker than the acid results in a weakly acidic salt. an example is the weakly acidic ammonium chloride, which is produced

_the _diets_of _the_wealthy_were _rich_in_sugars,_which_promoted_periodontal_disease._despite_the_flattering _ph
ysiques_portrayed _on_tomb_walls,_the _overwe

_the _first _pro ject _pro posed _and _worked _on _was_a_period _film_to_be _called _"dora-heita”, _but_when _this _was _de
emed_too_expensive,_attention_shifted _to '

_neutral iz ation _with _a_base_weaker_than_the _acid _results_in_a_weakly_acidic_salt._an_example_is_the _weakly_ac
idic _am monium _chloride, _which _is _prod uced

_the _diets_of _the _we althy_were _rich _in_sugars,_which _promot ed _period on tal _dis e ase . _despite _the _fl at tering _phys iqu
es _portrayed _on_tomb _wall s, _the _overwe

_the _first _project _pro posed _and _worked _on _was _a_period _film_to_be called "dora-heita”, _but_when _this_was _deem
ed _too _exp ensive, _attention _shifted _to _'

_ne utral ization _with _a _base _we aker _than _the _acid _results _in_a_weakly _acidic_salt._an _example _is _the _weakly _acid
ic_am mon ium _ch loride, _which _is _produced

_the _diets_of _the _we althy_were _rich _in_sugars,_which _promot ed _period on tal _disease . _despite _the _flat tering _phys iques
_portrayed _on _tom b _wall s, _the _over we

_the _first _project _proposed _and _worked _on _was _a _period _film _to _be _called _"d ora-heita”, _but_when _this _was_deemed
_too _exp ensive, _attention _shifted _to '

_ne utral ization _with _a _base _we aker _than _the _acid _results _in _a _we akly _acid ic _sal t._an _example _is _the _we ak ly _acid ic
_am mon ium _ch lor ide , _which _is _produced
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https://nlp.h-its.org/bpemb/en/

https://www.kdnuggets.com/2019/04/text-preprocessing-nlp-machine-learning.htmi

Text Normalization

« Text pre-processing is a very important step, which includes
— Lowercasing
— Stemming
— Lemmatization
— Stopword Removal
— Normalization

— Noise Removal



https://tartarus.org/martin/PorterStemmer/

Stemming

e In linguistic morphology and information retrieval, stemming
is the process of reducing inflected words to their word stem,

base or root form
original_word stemmed_words

— cats -> cat
0 connect connect
— stemmer -> stem
) 1 connected connect
— Porter and snowball algorithms _
. 2 connection connect
are two representatives
3 connections connect
4 connects connect

o For practical work, the new Snowball

stemmer is recommended .
original_word stemmed_word

— The Porter stemmer is appropriate

0 trouble troubl
to IR research 1 troubled troubl
2 troubles troubl

3 troublemsome troublemsom




Lemmatization

Lemmatization is very similar to stemming

— The goal is to remove inflections and map a word to its root

form

Compared to the stemming, the only difference is that
lemmatization actually transforms words to the actual root

_ “be tter” would map to “gOO d” original_word

lemmatized word

0 trouble

o 1 troubling

[t may use a dictionary such as oubled
WordNet for mappings or some

3 troubles

special rule-based approaches

original_word

trouble
trouble
trouble

trouble

lemmatized_word

0 goose

1 geese

goose

goose




Stop Words

Stop words are words which are filtered out before or after
processing of natural language data (i.e., documents & queries)

— English Stop Words List

- Taabout an are as at be by com for from how in is it of on or that
the this to was what when where who will with the www

— Chinese Stop Words List

- N—AENFENUT ez Kk 7 NS X S
EHPNEE TN RS A4 HOEARIRFAEANM Ry E s
EERE S MBS

25



Normalization

« Text normalization is important for noisy texts such as social
media comments, text messages and comments to blog posts

— Abbreviations (45 %))

— Misspellings

— Out-of-vocabulary words Raw Normalized
2moro tomorrow
2mrrw
2morrow
2mrw
tomrw
b4 before
otw on the way
) smile

26



Noise Removal

« Noise removal is about removing characters digits and pieces
of text that can interfere with your text analysis

— Noise removal is one of the most essential text preprocessing
steps

o It is highly domain dependent

— For example, in Tweets, noise could be all special characters
except hashtags as it signifies concepts that can characterize a
Tweet

27



https://www.google.com/search/howsearchworks/

The Representative Engine — Google

For a typical query, there are thousands, even millions, of
webpages with potentially relevant information

How does Google figure out what to show in your search

results?

— The journey starts before you even type your search
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Crawling

« The web is like an ever-growing library with billions of books
and no central filing system

— Crawlers look at webpages and follow links on those pages

— They go from link to link and bring data about those webpages
back to Google’s servers
« Google: Search Console

 Bing: webmaster

Search Console s RS > Bing webmaster Profile .M [ 1] 7]
BE - = My Sites
HE:  ATERERE  ATHEE i iRk
FrEslE ( Add a Site
Web To! http:/fiscsip2018.org/ Fis EEE
Efi [ hit rgl] HYRETIREIEEE EEEmEH O —— a 0
{1\ Site Dashboards M Messases G tom  Appearedin -
Search Search = PHpSCranied | wed
hitp:/iy cslp2018 org/ 4k R
EEREET [huy nwiscslp2018.0rg/| By Google $FiE BB HMEH P —
o S———
O - hitp:/ /faculty.csle.ntust.edu.tw, i ~kychen /!
http:/ffaculty.csi ist.edu twi~kychen/ s EWEE
EbpEs) [ http/ifaculty. csie ntust edu twi~kychen/] £ Google MEAR B HREE




Indexing.

Google contains hundreds of billions of webpages and is well

over 100,000,000 gigabytes in size

When Google indexs a web page, they add it to the entries for

all of the words it contains
— Inverted Table!

L distance, 131

x° feature selection, 275

J codes, 104

¥ encoding, 99

k nearest ne'lghbnr classification, 297

k-gram index, 54, 60

1/0 loss, 221

11-point interpolated average
precision, 159

20 Newsgroups, 154

A/Btest, 170

access control lists, 81
accumulator, 113, 125

accuracy, 155

aclive learning, 336

ad hoc retrieval, 5, 253

add-one smoothing, 260
adjacency table, 455

adversarial information retrieval, 429
Akaike Information Criterion, 367
algorithmic search, 430

anchor text, 425

any-of classification, 257, 306
authority score, 474

auxiliary index, 78

average-link clustering, 389

B-tree, 50

bag of words, 117, 267
bag-of-words, 269

balanced F measure, 156

Bayes error rate, 300

Bayes Optimal Decision Rule, 222
Bavyes risk, 222

Bayes’ Rule, 220

Bayesian networks, 234

Bayesian prior, 226

Bernoulli model, 263

bast—merge persistence, 388

bias, 311

bias-variance tradeoff, 241, 312, 321

biclustering, 374

bigram language model, 240

Binary Independence Model, 222

binary tree, 50, 377

biword index, 39, 43

blind relevance feedback, see pseudo
relevance feedback

blocked sort-based indexing
algorithm, 71

blocked storage, 92

blog, 195

BM25 weights, 232

boosting, 286

bottom-up clustering, see hierarchical
agglomerative clustering

bowtie, 426

break-even, 334

break-even point, 161

BSBL 71

Buckshot algorithm, 399

buffer, 69

caching, 9, 68, 145, 447, 450
capture-recapture method, 435
cardinality

in clustering, 355
CAS topics, 211
case-folding, 30




Indexing..

Doc 1

Doc2

I did enact Julius Caesar: I was killed 5o let it be with Caesar. The noble Brutus

i’ the Capitol; Brutus killed me.

term doclD

1

did
ghact
julius
caesar
1

was
killed
if

the
capitol
brutus
killad
mg

80

let

it

be
with
cagsar
the
noble
brutus
hath
told
you
cABsar
was
ambitious

1

[ T A W o A S W A WS O WS A S R IS e T

term docID

ambitious
be

brutus
brutus
capitol
caesar
cagsar
cagsar
did

gnact
hath

I

I

i.r’

it
julius
killed
killed
let
ma
noble
S0
the
the
told
you
was
was
with

Fo B2 = R P R = B PY = Y = = = [ b= e e = e e R R = e R e ) R

term  doc. freq.

ambitious | 1 |

ba |1

brutus | 2

i

capitol

cagsar | 2 |

did |1

[ did [ 1]
enact | 1 |

L e e

a3

[Df=[efr] =] ]=]=fm]=]=]r]=]=]=]=]=]r]m]

hath told you Caesar was ambitious:

ostings lists

1

]

l

—[2]
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Indexing...

Doc 1

I did enact Julius Caesar: I was killed 5o let it be with Caesar. The noble Brutus
i’ the Capitol; Brutus killed me.

term doclD

1

did
ghact
julius
caesar
1

was
killed
if

the
capitol
brutus
killad
mg

80

let

it

be
with
cagsar
the
noble
brutus
hath
told
you
cABsar
was
ambitious

1

[ T A W o A S W A WS O WS A S R IS e T

term docID

ambitious
be

brutus
brutus
capitol
caesar
cagsar
cagsar
did

gnact
hath

I

I

i.r’

it
julius
killed
killed
let
ma
noble
S0
the
the
told
you
was
was
with

2
2
1
2
1
1
2
2
1
1
1
1
1
1
2
1
1
1
2
1
2
2
1
2
2
2
1
2
2

Doc2

hath told you Caesar was ambitious:

term  doc. freq.

ambitious | 1 |

ba

1

brutus
capitol

i

cagsar

did |1

shact

L e e

a3

[Df=[efr] =] ]=]=fm]=]=]r]=]=]=]=]=]r]m]

ostings lists

1

]

l

—[2]

Postings (in HDD)
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Search & Presenting




Learning
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Problems with Conventional Models

« Parameters tuning is usually difficult
— Over-fitting vs. Under-fitting

« Non-trivial to combine several methods to be a robust one

- Naive strategies based on simple features
— Term-Frequency

— Inverse-Document Frequency

35



Learning for Ranking

Machine learning is an effective way
— To automatically tune parameters
— To combine multiple features/models easily

— To avoid over-fitting by using regularizations

Learning for ranking (or the well-known learning to rank
techniques) means that use machine learning technologies to
solve the problem of ranking

36



The General Flowchart

Training Data

Test Data

q1, {le d21 Y d|D|}

Learning

System

|

Ranking
System

| -

Training Stage

Test Stage

Prediction
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Support Vector Machine

Features
FEATURE
I q;dlog(c(q,.,dm) ) %.;wcflog(‘_{% i
3 2 loglidf(q,) X loren
%ea 4 €q
5 q;ﬂdlog(“]{}““-idf(q,.)+l) 6 q;dlog(mﬁ?id)‘mf.'.lc-; +1)
7 Iag(BM‘?Sscore) |
Models

— For a given query g, if d; is a relevant document and d; is an
irrelevant document

« SVM
form(q,d;) =1

fSVM(q' dj) =0

- Ranking SVM
fr-svm(q, d;) > fR—SVM(Q» dj)
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Simple Regression

« Features
FEATURE
I m;ﬂ]og(c(q,.,d)m ) %.;wcflog(‘_{% o
3 2 , log(idf (¢,)) 4 ) flog( )
%eane 4 &g
5 q ;! log(“]{}‘d"-idf (g)+) 6 q Z};J ]og("“lf‘;r“.m;'llfl} +1)
7 lL)g(BM 25 score) |

« Regard relevance degree as real number, and use regression
method to learn the ranking function

— SVR and Neural Networks

L(fiq.d) = |f@d) —lgq |
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Supervised Topic Model -1

« For PLSA, the training objective is defined to maximize the
total log-likelihood of a given training collection

— The model parameters are P(dj), P(w;|T), and P(Tk |dj)

L= 2 Z c(wy, d;)logP(w;, d;)

W€V d ;€D
K
= z Z c(w;, dj)log P(dj)ZP(WHTk)P(Tkldj)
W€V d;ED k=1
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Supervised Topic Model -

« In the context of retrieval, the ultimate goal is to rank
relevant documents in front of the non-relevant documents
— The conventional PLSA can be used to “encode” document
— The label data can be used to fine-tune a “decoder”

 The objective is to maximize the total query likelihood generated
by its relevant documents

« The topic distribution for each document P (T |d) is fixed and can
be obtained by encoder!

L= 7 7 7 C(Wi:CI)IOQP(Wi'dJ')

W€V qEQ djER,

=) ). ) cwiqlog P(d)zp(wllTk)P(Tkld)

w;EV qEQ dj€ERy

| [ ] ] Peaen
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Supervised Topic Model -3

« For Training

PLSA

— = EM-Training
— P(w|T)
P(T|d)

Training Data

SPLSA EM-Training

P'(w|T)

L= 2 Z z c(w;, q)log <P(d )ZP(WIITk)P(Tdd )) ______________

WiEV q€Q dj€ER,
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Supervised Topic Model -4

« For Testing

PLSA
> EM-Training
) _—P(w|T)
P(T|d)
Traifiing Data
|_ _________ 1
SPLSA EM-Training ol i} ||
- I &
I
T N — | CIz;{/l'dZ" dirg ) :
I ]
: !
\ ] .
| q|4,{d1,d2,- quIQllJ:
e
K
D P'@IT)P(Tild))
k=1 .
Fold-in _
1 »@wpmdj) N — 9
7 7
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Triplet-based Metric Learning - 1

o Although the cosine similarity measure intuitively can be
used to determine the relevance degree

— Such framework ignores the inter-dimensional correlation
between two representations

— The Triplet Learning Modeling

- For a given query g, if d; is a relevant document and d; is an
irrelevant document

G = Z c(w, q)v 3. — Z c(w, di)v 3 _ Z c(w, dj)v
gl " l il Y |41

WE(q wWEed; WEd J

w
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G. Chechik, et al., "Large Scale Online Learning of Image Similarity Through Ranking,"
Journal of Machine Learning Research, vol. 11, pp. 1109-1135, 2010.

Triplet-based Metric Learning — 2

« Without loss of generality, the goal is to learn a similarity
function that assigns higher similarity scores to relevant
documents than irrelevant documents:

Query Representation

A
f(C?; C_ii) > f((i; C_ij)
(N

Irrelevant
Document

— The parametric ranking function has a bi-linear form:

f(ﬁy C?i) = §"Md,

where M is a square parametric matrix
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Triplet-based Metric Learning — 3

 Followed by the Passive-Aggressive learning algorithm,
we aim to derive a similarity function such that all triplets
obey:

f(Gd)>f(Gd)+6

o Finally, a hinge loss function can be defined for the triplet
learning;:

loss (c?, cfi,ci) max {0 5 — f(q, )+f(q; )}

— By applying the sequential learning algorithm iteratively over
triplets, a solution M can be derived
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P.-S. Huang, et al., “Learning deep structured semantic models for web search using clickthrough data,” in Proc. of CIKM, 2013.

Deep Structured Semantic Model (DSSM)

Posterior probability
computed by softmax

P(D,|Q) P(D>0) P(D,|Q)

Relevance measured

by cosine similarity RO, D») RO, D,)
Semantic feature b% 128 128
— T Wby x 5
/3 300 300
Multi-layer non- | {Ws,bs} f f
linear projection /5 300 300
\W5,b5} A A
Word Hashing N 30k 30k
& T f
Term Vector X 500k 500k
Q DI DJ DH
Letter-Bigram Letter-Trigram
Word Token Collision Token Collision
Size Size Size #QOOd# => [#gO, goo, OOd’ Od#]
40k 1107 18 10306 2
S00k 1607 1192 30621 22
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P.-S. Huang, et al., “Learning deep structured semantic models for web search using clickthrough data,” in Proc. of CIKM, 2013.

DSSM

Posterior probability
computed by softmax

P(D,|Q) P(D:]Q) P(D,|0)

Relevance measured
by cosine similarity

Semantic feature h%
[3
Multi-layer non- |
linear projection /5
Word Hashing ]
Term Vector X |

R(q,d) = cos(q,d)

_ exp(R(q,d))
P(dlq) - Zd, exp(R(q, dl))

L= P(d
[ [P B




J.-F. Guo, et al., “A deep relevance matching model for ad-hoc retrieval,” in Proc. of CIKM, 2016.

Deep Relevance Matching Model

Matching Score

i -

Score Aggregation

B 83

Feed Forward : : : Term Gating
Matching Network Network

Matching Histogram
Mapping

Local Interaction

Query: “car to go”

Document: “car, rent, truck, bump, injunction, runway”
Five Bins: {[-1,-0.5), [-0.5,0), [0,0.5), [0.5,1), [1,1]}
Local Interaction for “car”: (1, 0.2, 0.7, 0.3, -0.1, 0.1)
Matching Histogram for “car”: [0, 1, 3, 1, 1]



Point-wise, Pair-wise and List-wise

 Pointwise approaches concentrate on a single document at
a time in the loss function

— SVM, SVR, Supervised Topic Model, DRMM

 Pairwise approaches focus on a pair of documents at a time
in the loss function

— Triplet Learning, DSSM

. Listwise approaches directly look at the entire list of
documents and try to come up with the optimal ordering for
the set of documents

50



Language
Representations
(2013~)

NN-based
Language Models

_ Continuous
Continuous
Language Models
Language Models ~ (2007~2009)

v/
Topic Models (1997~2003) [l § & Topic Models

Query Language
Models (2001~2006)

Word-Regularity
Models (~1997)
NS o’

2000 2002 2004 2006 2008 2010 2012 2014 2016 51




Questions?

kychen@mail.ntust.edu.tw

52



	Supervised Retrieval Models & Some Tips
	The Research Topic of Final Project
	HW6 - BERT
	投影片編號 4
	Significant Innovations in LMs.
	Significant Innovations in LMs..
	Significant Innovations in LMs…
	Significant Innovations in LMs…
	Significant Innovations in LMs…
	Significant Innovations in LMs….
	Significant Innovations in LMs….
	Significant Innovations in LMs….
	Significant Innovations in LMs….
	Significant Innovations in LMs….
	Significant Innovations in LMs….
	Significant Innovations in LMs….
	Significant Innovations in LMs….
	Significant Innovations in LMs….
	Wordpiece.
	Wordpiece..
	Wordpiece…
	Text Normalization
	Stemming
	Lemmatization
	Stop Words
	Normalization
	Noise Removal
	The Representative Engine – Google
	Crawling
	Indexing.
	Indexing..
	Indexing…
	Search & Presenting
	Learning
	Problems with Conventional Models
	Learning for Ranking
	The General Flowchart
	Support Vector Machine
	Simple Regression
	Supervised Topic Model – 1
	Supervised Topic Model – 2
	Supervised Topic Model – 3
	Supervised Topic Model – 4
	Triplet-based Metric Learning – 1 
	Triplet-based Metric Learning – 2
	Triplet-based Metric Learning – 3
	Deep Structured Semantic Model (DSSM)
	DSSM
	Deep Relevance Matching Model
	Point-wise, Pair-wise and List-wise
	投影片編號 51
	Questions?

