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- Why choose those topics ??

+ Dimension reduction is a fundamental research field in
data mining.

+ T-SNE and LargeVis are dimension reduction algorithms
in data visualization. Maybe we can learn something.

+ Word2Vec is the basis of NLP. Many other fields are
inspired by it.

+ I'm trying to figure out the connection between those
parts.

+ Personally, I want to intfroduce some interesting
applications, real applications, not in a theoretical way.



Dimension Reduction: A brief intro.

o Linear methods A
e PCA
+ LDA
+ MDS
s efc.

o Nonlinear methods
+ Isomap
o LLE |
o LE .

. e1'c ] Feature 1

Feature 2
NPron

N

N

PCA: selects the projection where the sample point has the largest
variance (Unsupervised)

LDA: after projection, interclass variance is the smallest, and the
variance among classes is the largest (Supervised)



Dimension Reduction in Data Visualization RE2
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+ To visualize data living in a d-dimensional space (d > 3)

o Limitations of linear projections
+ Even simple manifolds can be poorly projected

+ Points originally far from each other are projected close: this

is an intrusion




Dimension Reduction in Data Visualization

« Nonlinear projections
« Goal: to unfold, rather than to project (linearly)

« Drawbacks: intrusions can be hopefully decreased, but

extrusions could appear ~ A general solution
Wi = Af[d’j] +(1- /1)f[5‘7]
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allows intrusions allows extrusions
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Dimension Reduction in Data Visualization

« Geodesic distances
e Goal: to measure distances along the manifold
« Breakthrough: such distances are more easily preserved

[ ]

2-d data

The manifold is unknown (- __ %)

Approximate it by a graph (© 0 © ) -/

The gr‘aph LISLICl"y be bUi“’ by KNN. j}‘{j Approximation of

Geodesic distance



From SNE to T-SNE: SNE

Basic Idea: similarity in the input space should be consistent with that in the
output space; use conditional probability to measure this similarity

________________________________________________________________________________________________________

o o

EConsider (xi,x7) = (¥i,yj), a mapping from the input space to the output spacei
Pjji¢ the probability that x; choose x; as its' neighbor. |
ix,- is the center of a Gaussian, x;~N(0,0;)

o=1/\2

_ exp(—||z; — ;]| /207) 4o = exp( ||y — y;1°) /
T (e —aal’/208) ' Yy exp(—l — el)

Pl

EFinaIIy, a KL divergence is used:
| €= KL(PIIQ) =33 pilog
i i jlt

i

| _ Pji +Pij
' Symmetry SNE - one more step Pii = — o,




The Crowding Problem
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T-SNE

« Advances of T-distribution

+ Robust to outliers
+ Better capturing the overall characteristics
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Word2Vec

“A word is known by the company it keeps”




Background Information

i- Problem Definition: a sentence with T words, W = (w;,w,, w3, ...,wy), findi
~ out the probability of this sentence. |

________________________________________________________________________________________________________

o

« Bayes Chain Rule: too much parameters, N + N? + .-+ NT ) 4

« Markov Assumption o

| p(wlwi™) ~ P(Wilwi 1) N=3
count(w’l‘)

- count(wi—1 )

- N-gram:

Context(w;) = wi 1l .




Background Information

Input layer: (Content(w),w), also v(w)
Projections layer: combine word vectors together, thus get X,
Hidden layer:
Z, =tanh(WX,, + p)
Output layer: dim(y,) = |D|, D is the dictionary.

Yw=Uzy, +q
Input Layer Pr::il;::rion Hidden Layer Qutput Layer
v(Contezt(w);) [
v(Context{w);) E= mmme"ate; W N U >
: - p q
v{Contert(w),—,) =

Sample: (Context(w),w) Xuw Z,y yw




Traditional Method - Bag of Words Word Embedding

 Uses one hot encoding « Stores each word in as a point in
space, where it is represented by
« Each word in the vocabulary is a vector of fixed number of

represented by one bit position in ~ dimensions (generally 300)
a HUGE vector.
 Unsupervised, built just by

« For example, if we have a reading huge corpus
vocabulary of 10000 words, and
“Hello” is the 4™ word in the * For example, “Hello” might be
dictionary, it would be represented as :
represented by: 000100 .... [0.4,-0.11, 0.55,0.3...0.1,
...0000 0.02]

 Context information is not * Dimensions are basically
utilized projections along different axes,

more of a mathematical concept.
]



Intuitive Idea of Word2Vec

'« Input layer — Projection layer: change "JOINT" to "SUM"
'+ Remove hidden layer

Input layer Hidden layer Output layer
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Main Frame of Word2Vec

Input _ | Vocabulary ,
Corpus ] Builder | -OSSY Counting
Vocabulary
Builder | Subsampling
Pruning
CBOW Skip-gram
Tepuar Tagrere Hiddzw layar Crutpur layer
= ol =
+ X |0 e P | 3
Tz |0 Freall | ¥
Input || Tl BG 0 T Qutput
Words “F| 1 "% wo o [I° Words
K i . i -

Parameter
Leamer

Backpropagation
Hierarchical Softmax
Negative Sampling



Word2Vec

« Optimization of Softmax

+ Hierarchical Softmax (Huffman tree)
+ CBOW: Continuous Bag-of-Words Model
+ Skip-gram Model

+ Negative Sampling
+ CBOW: Continuous Bag-of-Words Model

+ Skip-gram Model




CBOW: Continuous Bag-of-Words Model (Hierarchical Softmax )

io Context(w): ¢ words before w and c words after w.
'+ Input layer: a word vector containing 2c words

'+ Projection layer: summarization 2
'+ Output layer: a Huffman tree v = Z;“(G“”tﬂﬂ(wi]) €R™ |

viContext(w)y) v(Conlealiu);) v(Contexi(w)a,)

‘e Predicting the current i — — " e grie
word based on the | summation [~
context |

Projection Layer X,
u

L= z logp(w|Context(w))

wecl
.« order of words in the
- history does not
influence the
projection

Output Layer

i- faster & more ,
appropriate for larger

Coripor'a i Sample: (Context(w). w)




Analysis of CBOW (Hierarchical Softmax )

v(Context(w),)

Input Layer  — |

Projection Layer

Output Layer

Sample: (Context(w),w)

: ) 1
e Positive e
« Negative 1 o(x#)

____________________________________

v(Context(w)s)

 m— |

summation |

L= Zsogﬂ{[a(XT oo )%

wel

v(Context(u
—

Xw

')24')

p(d_zﬂxw:

L= Z logp(w|Context(w))

wel

ﬁ;.”_l:} =

= lo (X507,

{J(XT 1)
(XTE“’ ) d}“ =

51— o XE6Y )
p(d[x,, 87) = 1 —

L (X, 07 );

-

PlAY X, 85) = o(x,08);
3. 53

4. 84K

p(dy[x,, 05) = a(x,09));

plds %, 67) = 1 — o(x,,07),

p(RAR|Contex(L3R)) = ] | (5 e, 674).

=y Z{(l — d?) - logle (X567 )] + d¥ - log[1 — o(XT6% )]}

wel! =2




CBOW + Hierarchical Softmax
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CBOW + Hierarchical Softmax
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Skip-gram model (Negative Sampling)

+ Context(w): c words before w and ¢ words after w.
+ Input layer: a word vector containing 2c words

+ Projection layer: summarization SRS FOYS SRS USRS .

+ Output layer: a Huffman tree maxiﬁnize classification of
---------------------------------------------------------------- a word based on another

word in the same sentence

wel
Input layer
— . Hidden laver —

Ik - “-;_r A Fi" 11: :l'.l.p- - l1 .:Il-r

o better word vectors for
frequent words, but
slower to train

—— e e - - == ———

L= z log p(Context(w)|w)

& N-odimn )
T-dim W [ : An example: “Insurgents killed in ongoing fighting”
i = bigrams = ["insurgents killed", "killed in", "in ongoing",
: "ongoing fighting"]
Koy
skip_2_bigrams = ["insurgents killed", "insurgents in",
B "“insurgents ongoing", "killed in", "killed ongoing", "killed
O Todim fighting", "in ongoing", "in fighting", “ongoing fighting"]



Analysis of Skip-gram (Negative Sampling)

z = context(w)
LR:

(zlw) — a(v(w)T6?), L*(z2) =1
PRI =0 1 - o(vw)T07), L*(2) = 0

The likelihood of positive sample:

[ rar@ =1w)
(w,z)eD
The likelihood of negative sample:

[ | pa*@=1w)
(w,z)é D

So:

argmax £ =log( | | pa*@ =1w) || a-par@ =1w))

(w,z)eD (w,2)¢ D



L ]
':il
!!*'.}
L
.--l -
. L ]
. "-
‘.-... .'.
.i.ﬁ . I‘.l'.i'
b, s *
. e Ty
L]
[ ] [ ]
.
*a. * .
LIl
e L™ ._' an® ®
>
L - - L]
. op By ] -
.“-..‘I l-ll-‘v-.
* .

e

_____________________________________________________________________________________________

'+ Drawbacks of +-SNE
.+ Efficiency decrease sharply when dealing with massive data.
+ Sensitive to parameters.

_____________________________________________________________________________________________




@ the center point:
E(. ® ) positive
E(. ) negative

+ How to project this to a low-dimensional space???




i- Case 1: unweighted KNN network
I Vi, y] = ]Rlow

p(e;=1) = f(||lyi - J’i||2)

and:

« Case 2: weighted KNN network , w;;
p(e;j =w;j) = p(e; = D
positive E, negative E, so:

Object function = 1_[ p(e; = )"y 1_[ (1 —p(ey = 1))1’

(ij)EE (ij)EE

y is the weight we set for negative samples.




Object function = z wip(e;=1)+ 2 y(1 —p(e; = 1))
(ij)EE (ij)€E

Notice: E is too large

— Negative Sampling
Select M nodes, combine them with i to form negative samples

M
Object function = z wiip(e; =1)+ z y - log (1 —p (ei]-k = 1))
(i))EE k=1

Similar to Skip-gram (Negative Sampling)

w;; still exists, the range varies a lot. — gradient explosion and

vanishing problem ( HARERIISSiH kI )




—0 - 00

After sampling, weights are the same, thus we get a smooth
gradient.
This sampling follows the weighted sampling strategy, edge with

e f,“-_\'l ¥

larger weight transfer to more edges.




® SNE
® +1-SNE
® LlargeVis

® word2Vec

® Skip-gram

® Negative Sampling

Dimension Reduction
Linear Methods
Nonlinear Methods
Manifold Learning
Node2Vec




Lookalike

A real application of Node2Vec




£13Z Lookalike &%

v BBRBE : LookalikeRF
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STHER : FIFmodeIERAMSTISHIS , BRSNS
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1A Lookalike &%
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1A Lookalike &%
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#13Z Lookalike &%
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#13Z Lookalike &%
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£13Z Lookalike &%

t3HIE LR
.« FIEZ3S] . Network Embedding
+ BMETHRFREA—1FE : Node2Vec




£13Z Lookalike &%

HASIE LR
Word2Vec : $§—Ma embeddingA—/M\EIE

ERiRGIE AR

Words closest to “Sweden”

norway
denmark
finland
switzerland
belgium
netherlands
iceland
estonia
slovenia

Cosine distance

S0

.760124
. 715460
.620022
.588132
. 585835
.574631
.562368
.547621
.531408



1A Lookalike &%

tHASUETLE
 From Word2Vec to Node2Vec

- fERZY: - FESH

KT .

ctains open and the moon shining in on the o _Fresuency of Word Occurrence in Wikipedis
1d the cold , close moon " . And neither o P 1 B
the night with the moon shining so bright & )
in the light of the moon . It all boils do : m-:: r.u;: Iﬂ ahuw\: ,h:; mp.:: Ej-
ly under a crescent moon , thrilled by ice g o Il ol I (et I L !
the seasons of the moon ? Home , alone g dm 0] 4| 2 e @
lazzling snow , the moon has risen full an ¥ ! )
b 1 I

1 the temple of the moon , driwving out of . T T P e
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#13Z Lookalike &%

* From Word2Vec to Node2Vec :

 Node2Vec = Random Walk + Word2Vec

e Node2vecH)KHEna .
« Random walkBJ&;% : 1545F20)
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« Node2Vec=Biased Random walk+ word2vec

W.,. g
R p . o 2 J
.o 9 ..0 . 4 ‘. . " |] .....
s - o . o Biased- e 0 :
e S : ’ random walks l <o
1) Input: Graph 3 ) Representation Mapping
DEGEERER @ i e ™ e
‘ _ ‘ ‘ " :o. ..0 L :
.\\‘ -/) o @ "
oy N
el o oo N
‘4 ' Hierarchical Softmax 5 OQutput: Representation



HXTIR

B%=

=

~N o O hw

MSNEZIt-SNEEZ!|LargeVis

WO£12V€C FOEZAERRUA ( XRREAZERT |, BNEEEEN
—ieE )

FEZSword2vecE=S1%10 [DOC] . (IHIERHFS—FRs )
word2vec]EiofRtT ~word2vec.c

word2vec FRNEFRIEIFERE (P9 ) EF Hierarchical Softmax FERY
Word2vec PRYEER Eﬁﬁ; ( 1) EF Negative Sampling fJtEHE!

22 =S8 FEZYN 4R — 1135 lookalike B3 ASCE

27— (ARG A

Hinton G E, Roweis S T. Stochastic neighbor embedding[C]//Advances in
neural information processing systems. 2002: 833-840.

Van der Maaten L, Hinton G. Visualizing data using t-SNE[J]. Journal of
Machine Learning Research, 2008, 9(2579-2605): 85.

Mikolov T, Sutskever I, Chen K, et al. Distributed representations of words
and phrases and their compositionality[C]//Advances in neural information
processing systems. 2013: 3111-3119.

Goldberg Y, Levy O. word2vec explained: Deriving mikolov et al.’s negative-
sampling word-embedding method[J]. arXiv preprint arXiv:1402.3722, 2014.


http://bindog.github.io/blog/2016/06/04/from-sne-to-tsne-to-largevis/
https://www.zybuluo.com/Dounm/note/591752
https://github.com/DataTerminatorX/NLP/blob/master/%E6%B7%B1%E5%BA%A6%E5%AD%A6%E4%B9%A0word2vec%E5%AD%A6%E4%B9%A0%E7%AC%94%E8%AE%B0.docx
http://blog.csdn.net/lingerlanlan/article/details/38232755
http://blog.csdn.net/itplus/article/details/37969979
http://blog.csdn.net/itplus/article/details/37998797
http://www.yeolar.com/media/note/2016/12/04/bj2016-archsummit/%E6%9C%BA%E5%99%A8%E5%AD%A6%E4%B9%A0%E5%AE%9E%E6%88%98/%E5%BD%93%E6%9C%BA%E5%99%A8%E5%AD%A6%E4%B9%A0%E9%81%87%E4%B8%8A%E5%A4%8D%E6%9D%82%E7%BD%91%E7%BB%9C%EF%BC%9A%E8%A7%A3%E6%9E%90%E5%BE%AE%E4%BF%A1%E6%9C%8B%E5%8F%8B%E5%9C%88 lookalike %E7%AE%97%E6%B3%95.pdf

Less 1s More...

Thank you ©

birdlpy@gmail.com Data Ming Lab



