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—. Occam's Razor
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simple hypothesis h
« small Q(h) = ‘looks’ simple small Q(#) = not many
» specified by contains
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—. Sampling Bias
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biased way, learning will produce a similarly biased outcome.”2EBE , MRS R
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=. Data Snooping
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» snooping: shift-scale all values by training +
* no snooping: shift-scale all values by training only

EE—MMAREURRIGIF | EEAITFEANEIESIESED , EAXNEEIL 7 —MEEY
H1, &R TIEX. FEENABIXRECXE , XEXD , 3 —NHIEFaIiEsy
H2, Xt , RFETEEAEIRIARNCN G , E3FHViEE, HSC, FEAGREEE
iY , BEWBIARIRET , XUEMEBEUE—FER. BITREEXIDYIIZRFaIE
B (BEA8RURIERIARRE | BInEF 7 —SER  EERRET
overfittingg&bad generalization, FrLA , #2882 IMHBEXF—DEREBLIIE If you
torture the data long enough, it will confess.”BflA , B JFRBERITEFRKNINEEET |
BN Ree & 7 ~as.
FENEEFEIIEY , B MRAURIEEEE , BXLfL  ceBRBREM. LR
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» be blind: avoid

» be suspicious: interpret research results (including your own) by
proper

. Power of Three
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» Data Mining

« Atrtificial Intelligence

e Statistics



Data Mining Artificial Intelligence | Statistics

* use (huge) data compute « use data to make
to find property something that inference about
that is interesting shows intelligent an unknown

behavior process

¢ difficult to ML is one » statistics contains
distinguish ML possible route to many useful tools
and DM in reality J realize Al | for ML

FNVENB T =N ESIRIE :

e Hoeffding
e Multi-Bin Hoeffding
e VC
Hoeffding Multi-Bin Hoeffding " VC
P[BAD] P[BAD] P[BAD]
< 2exp(—26N) < 2Mexp(—26€N) < 4my(2N)exp(...)
« one hypothesis V' hypotheses e all H
« useful for useful for « useful for
verifying/testing validation training

RiE | BN MA T =MeetiEal

o PLA/pocket
e linear regression

* |ogistic regression



PLA/pocket
h(x) = sign(s)

Xo
Xy

Xz hix)

plausible err = 0/1
(small flipping noise)
minimize specially

linear regression

hix)

friendly err = squared
(easy to minimize)

minimize analytically

logistic regression

h(x) = 6(s)

hiz)

plausible err = CE
(maximum likelihood)
minimize iteratively

B8, BAINBT=MEEHNTE :

e Feature Transform
e Regularization

e Validation

Feature Transform

En(w) — Ein(W)
dvc(H) — duc(He)

» by using more
complicated @

* lower £,
* higher dyc

-

Regularization

Ein(w)
dve(H)

- Ein(Wgeg)
—* dEFF{H1A}

by augmenting
regularizer Q2

lower d:rr
higher E,

Validation

Ein(h) — Eua(h)
H — {97 ---.9m}

« by reserving K
ExammES aS F".-"H|

¢ fewer choices
» fewer examples

il

EEHAFTTRNBN="THBELIT :

e Occam's Razer
e Sampling Bias

e Data Snooping

Occam'’s Razer
simple is good

Sampling Bias
class matches exam

Data Snooping
honesty is best policy

&, BIIRENSEFEINGEEs A=

e More Transform




e More Regularization

e Less Label
More Transform More Regularization | Less Label
bagging decision tree SUpport vector machine neural network kernel

AdaBoost 299"€gation  sparsity AUIOENCOCET eoordinate descent
dual uniform blending deep learning nearest neighbor decision stump
kernel LogReg laroe-marsin  Prototype quadratic programming SVR

GBDT PCA random forest Matrix factorization Gaussian kernel

soft-margin k-means 0OB error RBF network  probabilistic SVM
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