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e JiV%: token prediction

e word2vec: https://arxiv.org/abs/1301.3781

e torch.nn.Embedding:
https://pytorch.org/docs/stable/generated/torch.nn.Em
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bedding.html
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v = NEEdDIR L MR Ex, Yy, Z
e JEfinonnegative: d(x,y) =0
e Hix: d(x,y) =04 H{VHx =y
o XfHRsymmetric: d(x,y) = d(y, x)
o = A% triangle inequality: d(x,y) + d(y,z) >
d(x, z)
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v Euclidean distance: d?(x,y) = (x —y) (x — y)
v Mahalanobis distance: d*(x,y) = (x — y)'271(x — y)
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Norm., distance, similarity
v — Al ExHp norm (B L, norm)
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1xllco = max(|xq], ..., |xq])
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v Tx"FI¥Jpower mean (generalized mean) function
1

1 > .
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=358 power mean kernel

M (x, y) — ZM (X, yi)
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e p =0,x;y; --Hellinger’s Kernel

b=,
e p = —oo, min(x;,y;) --histogram intersectiont% (. 75 EI#H
2?7 )

v YRR B RS, AR RO AR A
v P e T INMERZ




Nominal data

AN G




MMCSIERI L3
v FR1CETPENominal data
o WAL, 2,30 MR AR FMELE, EAbi?

v EAREAE, FHEIN N1, S 0N0, BIPANERic 2E
x Ay P ARALRE Al (x = y)
v e

o BIhMCHEE AT LIm A AN FERIE, #7289{1,2, ..., m}

HFRRILAR = AR R Qe L Omed)
¢ ,ﬁiiﬁx’ yigil:g%j"jx’ Y, ﬁB/Z\H(X = y) = ?

o SVMENA] FHZ 7 VAL BEAR I A3




MNEEHEIELE

VATV R, A B R R — M id B s e A i)

N— A W R BB BT B

o AT

o Fix =i, HEEMNIISERx Am M binlI B T KE

histogram & X — M ESFH T = BT

o HFibinfE N1, FontT —MFEBIBE NI
o HARFTAbin N0, FRoniiH TG BUX LEE
o & MR A (I EL T K ?

v B4, ABsE A EEE, BT yxky
o NiZEATHE AU ?

* min(x;, y;) !




BRw (k) &

A (very) brief introduction to the information theory
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v f§entropy
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Differential entropy

v USRI AR RS ?
h(x) = —J p(x)In(p(x))dx
o HIRXZL, HAiiEnat (FZHF)
o #X~N(u,0%), NMhX) = l1n(27reaz) nats
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Joint, conditional entropy

vH(X,Y) = =X 2y P(x,y) log, P(x,y)
v h(X,Y) = —) p(x, y)Inp(x, y)dxdy

vHX|Y) =2, p(WHX|Y =y) =
P(y)

Zx,y P(x,y)log, P(x,y) — = Zx,y P(x,y)log,

v h(XIY) = —f p(x, y)Inp(x|y)dxdy =

_ p(x.y)
| p(x,y)in oy dxdy

P(x,y)
P(y)
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5 /=B Mutual information
v IR XY BARMAL, Blp(x,y) = p(x)p(y), B

P(x,y) = P(x)P(y)
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Titanic survivors
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Information gain:
0.4791
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e Distance metric learning: http://www.cse.ohio-
state.edu/~kulis/pubs/ftm|l metric learning.pdf

o HNMHEA%: [W5] in http://cs.nju.edu.cn/wujx/publication.htm

e {Z218: Elements of Information Theory, 2" edition,
http://www.amazon.com/Elements-Information-Theory-
Telecommunications-Processing/dp/0471062596

e Information Theory, Inference, and Learning Algorithms, by
David MacKay, http://www.inference.phy.cam.ac.uk/itila/book.html

v Random forest: http://stat-
www.berkeley.edu/users/breiman/RandomForests/cc home.ht
m
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