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(GAMEof [HRONES n WORDS

This viz shows the most unique words by character for each chapter in the 5 Game of Thrones books

Legend

® Unique to Cersei

The further to each corner

the more unique the word is

to the character. Points are
sized by total frequency.

The most common words
across all 3 characters are

Word2Vec 5

Grace is the word most blood
unique to Dany & Cersei ¢

é 8
grace R a
@ *-v; -
Cersei's unique word N },@ v
(holiness, septa, lady) are d%ad
words associated with
god & status king
lady
faith
f'/septon
hol (7))
olingés €2
Cersei viz by @adamemccann at DuelingData.com

data from "A Song of Fire & Ice”
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Motivation ., 29" % ueds
D A G
e =
. bne-hoﬂvectors map objects/
words into fixed-length vectors

* These vectors only contain the
identity information, not semantic
meaning, €.g. wo wsxf ()

(x,y) =(z,y) =0
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Word2vec

20 &\XV\’ vl M\A%@@

* Learn an Embedding vector for each word

 Use (X,Y¥) to measure the similarit

Sim(x ()= (X ¥) > (Z,y)

th'Pke 0 1 0
* Build a probabilit odeI{bwTs T

 Maximize the likelihood function to 0O 0 1

learn the model ss¢ — posunun M
M = MVSQ@F&
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The Skip-Gram Model

 Aword can be used to generate the words surround it
» Given the center word, the context words are generated

independently ' mmleﬁ_wmh [CQu‘cr]

~tne man his son H:D("the", umanu, "hiS", "SOI’]" | HIOVGS")

%\P("the" | "loves")gP("man" | "loves")

P"his" | "loves")xP("son" | "/Ipves")

o Coule s Lv\w‘ve O unphon of wdep
dWs
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Likelihood Fu@rﬁgi&&
Qutel

PLumbect_yo |
Word \Embedding .. I%D)Ul
Center W, |V.\€R?
Context W, [UW,\ER 7 : all context\words
Quled 4GS (ow  daahon
» Given length T sequence, context window m, the V\\f\ SoM
likelihood function: o 4

——— pavt HEWP

%& < ﬁ | H Kﬂ:o(w(ﬁj) | w®)
=1 \n<j<m, j=0

1 dWS
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Negative Sampling °§‘qu£‘(/&@“* GSETHAY.

* Treat a center word and a context word appear in the
same context window as an event

P (D =1 |Wc’ Wo) @ @;P(_ﬂ

 Change the likelihood function from [I ] Po“*?1w" to

t=1 —m<j<m, j#0

L\D =1 | w®, W)
1= 1 —m<j<m, j#
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Negative Sampling

« Sample noise word w, that doesn’t appear in the window
P (D = Olwc,wn) =1 —a(ugvc)

 Add into the likelihood function as well

« Maximizing the likelihood equals to solve a binary
classification problem with a binary logistic regression loss

dWS
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The skip-gram model parameters are the center word vector and context word vector for
each word in the vocabulary. In training, we learn the model parameters by maximizing the
likelihood function (i.e., maximum likelihood estimation). This is equivalent to minimizing
the following loss function:

,
_Z Z log P(w'") | w1y, (15.1.6)

t=1 -m<j<m, j#0

When using stochastic gradient descent to minimize the loss, in each iteration we can ran-
domly sample a shorter subsequence to calculate the (stochastic) gradient for this subse-
quence to update the model parameters. To calculate this (stochastic) gradient, we need
to obtain the gradients of the log conditional probability with respect to the center word
vector and the context word vector. In general, according to (15.1.4) the log conditional
probability involving any pair of the center word w,. and the context word w,, is

log P(w, | we) =u v, —log Z exp(u; ve)|. (15.1.7)

eV

Through differentiation, we can obtain its gradient with respect to the center word vector

V. as
dlog P(w, | we) B Zje’v exp(uJT.v(.)uj
avc ¢ Zie’V exp(u,-TVc)
exp(ulv,)
=u, — . u; (15.1.8)

jE(V Zie'V exp(u;rv()

=u, — Z P(w; | weu;.
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Continuous Bag Of Words (CBOW) KtueR<se C@pﬁ/\{f)ﬁ)&

* The center word is generated based on the context words

oulec Pubr | eodert_usde)
P("loves" | "the", "man", "his", "son")
owo vaivg P@wi{m@a /V\‘Q@P
ol v ool evlodc soe
ey on all omlet

W ([ NDPwW
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Likelihood Function

uok/ote,
bt ?M&)Jd{w\&”w |

« Compute the probability
| T/
exp (g“c (Vo + ... +ﬁ

02m)
Pw,|w,,...w, )=
1’ > Oy 1
Xzie% exp ( 7-u/ (v, + ... + Vozm)> (o)

+ Likelihood SoFTHAX
QﬁA’\ T
(W(t) | W(t_m), cees W(t_l), W(H_l), cees W(H_m))
=1l f
W aWs
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Training

Training continuous bag of words models is almost the same as training skip-gram models.
The maximum likelihood estimation of the continuous bag of words model 1s equivalent to
minimizing the following loss function:

-
— Z log P(w(') | wlt=m o, =) sy w(“"")). (15.1.13)
=1
Notice that
log P(w. | W,) =u.v, —log Z exp (u; v,) | . (15.1.14)
i€V

Through differentiation, we can obtain its gradient with respect to any context word vector
Vo, (i=1,...,2m) as

(91 P "¢ 9] 1 | eXp(uT\_f())U' l
og P(we | Wo) 0 Z J I u, — Z P(w; | Wy)u,

jerv Zie(v exp(u:—\_,()) 2’” jE(V

0V, 2m
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FastText . C}ewwuﬁ / L€><ﬂ uwpafwc
mﬂc\/l\lwo“ . Qﬁ@m U Hieud S(M\() =

* English words usually have internal
structures and formation methods

* dog, dogs, dogcatcher
« Each center word is represented as a set of subwords

« “where” -> “<where>" -> n-gram Q“*&"M\\‘\ =

« n=3: “<wh", "whe", "her", "ere", “re>" Z owled (Gawas)
« Useful for long but infrequent words

* e.g. pneumonoultramicroscopicsilicovolcanoconiosis

dWS
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FastText

« For word w, &  is the union of subwords with length from
3t06

 The center vector is then

* The rest model is same as skip-gram

dWS
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Word Embedding with@lobal Vectors (GIoVe)WﬁWM

=y A
D ? l; exp(u V;)
« Denote . =
Y \di 2 ey EXPIV))

—

wordvec.

grc(mwol

(\qr«?@ Cof pPas \ ]

* Rewrite the negative log-likelihood function of skip-gram

—log ﬁ H

t=1 —m<j<m, j#0

Pw ) | w0y

eas - XU 0g g;; W|th 1 proper counts

@DWV tm
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* Further rewrite

- Z injlog 9 =~ Z%Zmﬂog qjj

€V jeV =V je%f

with = 3 | =5l |
J

e /WQ*D — ool uralnned
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Glove

* Replace the cross entro

) (s AK &Q\J\‘Q
Z p;log g; — Z (log p;; — logg;)

JEV EV
with an easy to compute ¢;; = eXp( \)

« Add bias term for center and context words
* Replace the weights x; with a monotone increasing

function in [0,1] FPREINIS Qw\c;{) ﬁst\(%iﬂ;

dWS

y <uijl- + b, + \C/L\— log x
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