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F£15 NHEHERVUKREEREZED D

1.1 NH AT HERTBET S RN

B IR — AR B IR SR, IRIT ARt bug. — R, RIFR T —4
B BIEE, REIHREu IR, B DHEEEE 7R, 24
JEARIEIN T IKAIMERE, PRIGSEESGER T, RAIRIFEE— Ok 1
AR BIHE R UKo X VRN IR IS A AN AFAE bug T

AURARAEIE B AR S R, IR EAR, RCZRA U 7L DU
AR IE SR R A MG, R —HIFRE B R ARG (BT & H
I57E bug KPS A 2?7 55— U0k rdEd 7, prBASEIETE bug AT {5 ELEL
BETRED o VAR R S RS R E VR B &, (HRMS & R AR ESMLE.
BARTE LI MBI, FRATTIGIENE 5% 100%C bug, BRAETEFTA R RE A1 L AR IR —
i, AESERR S P IR TR S . AR, BRATTRT AR A KR R AT BER 0 N HEAT I,
ARG R AT R, B EE AL — iR, RATB XA CREEREG S
L, BEEFIMASE R DL, SR ATE AR L. B2, BT ESR R
ArTRetE, DU SR A FARES e S

1.2 NHHTRE SN

DU 7 20 R A R AN E 1, (L BAEGR G THERA R RBAR . XikA
& U ITEA A4 B T o MEES T A A2 WBENL PR B E VRIS B ? O T
SELF B E PEAIBEALME,  FRATFR ZAR DU o7 vE — A RS

FE DU, RN — DA E R R, e dl, JATE 2 K& 0
B FakE. Fb, WMERINTSKI, XI5 J5AE iR .

N RREE MR, BATUAR ESHW S AT 24 R % EZ P giitr, i
HEE NN, KEFERAENEREME. filh, EMRRE N EAEE RS, K
AR, BURARK — BN RN N CHUR AL SR o AR 28 T AR R AR 2
PR RIS, (R R AE RN, R KRG IS5 R, SR R
FRATFR SRR ESIR KR Frequentists get around this by invoking alternative realities and saying

across all these realities, the frequency of occurrences defines the probability.

1M DU 7532, R EEART & B8 )7 ZORMERRIX — i @ DU R G il
XA RAR A E R (BT H R ARG L) EE. FERRU, MR IR E
IR . R — D NNNE—F R AERAERE RN 0, BHIE DM AAHERINEFSK
Ay R, MR NFEMERAERAERE) Y 1, WHMEERIN R —Es KA. BT
AR HA v Regh R, BT AT AE FE R BUE X TR 24 [0,1] o DL 3 i M i B 252 1) 77 =X
WRARTT MR LT HOARRE RBLEE ISP A ME R i) @, AN &L E BAEATAN A R R, L
R IR TS FE A A T PR AR . BT A, FEIRX AR 8 OT U, MR AE T ]S
&, BT AN 1R 18 5 8 K% 45 SR M2 ) I A7 3 30 IR I L 48 A REE R4S 5%
EREORZK?

DA EBOEHATEE (B, #RRX DA E

1.3 DI [ 57 #E T £ SRR P B9 Nz A




1.4 MERLENHEE B

R TR B, BT ZIRRIZMERIH, LASSO [HIH, EM
%, HRRAR R Tk DI 7k RO AR R BEAT A 7S, AR BE— Le AR RV
Ab TR )

TR AEXS KRB AT TN, 23 B s FH I SR A AR ARG 6T B 2) (400 T DAMT &, &b
HORBHE N HEAAE T BRI B 2%, e S KRBT fAE5E T TH AR XE (One
should also consider Gelman's quote from above and ask "Do I really have big data?" ) .

SORBAEAHEL, 50 o SRR 1 70 B 2 AN SEBE /N RS 1) 2 B 1 S
e NAVNIBER . FUIN Gelman's BT, A1 R BERSIRAE A A AL BE R Hedls,  FRATTEE B % 550
Hh S RS Bl RURBEAR /N PRI HCH 1) e

1.5 AR HETER

FAIRO TG L, O DU B th i IS M 0. T4 AR RIS BAFAE,
AT FEA A —ADRIBHATE . GlIneE BRI AAED bug WG] 5, 22
Z R AFAE SR IR I AT {5 1

RS LU bug MAOABY, W RACSE . 1 X ik, 3RA AR E S LA AR 45 2R
SR A DA bug FAE S B RS R RIS MO R I .l T 30n) A
A AE REBEAT SR, R DU SR iR

P(X|A)P(4)

P(AIX) = 0D « P(X|A)P(A)

PL R R AR DU W g 1, e oy A X M foR . R il
S A e B S BN R P (A) RS AR P (A| X) Bk R R 2.

1.6 Pl

1.6.1 MEEMERE

ARARI G 1 S 3 R 2 A5 POAE 0 B, 3K BEKE F s PR T S 56 5 38 5 SO R A4
HPE A AT o ARBEVRA KA Skl LSRR 20 (BLE—TF, ki LAgEN
50%) o ARURAE BCEE R AR IOAE S R R, Sk B RMER AT RE S, (EE SUR
MEp MR L2 D, BAdp?

BAVFFLEMAE 1, OB MEREE R, SR NHEET. B 7R ENEHE. AR
W —ANE R, FEE WSR2, HERT AR A 2 SRR, S
RIS JEIGME R AT ARER, A SREHE AR K 5 SN S GZ A AR 4k 2

B FE G PRS0, R — KA E AR T HTE . Python 1A
Wk
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Python JRIAS ) Y 2R SR b ER R T X 23 ) 1 y = dist.pdf(x, 1 + heads, 1 + N -
heads)iX 2515 A0 B )2 Beta 7347, AFUWITF
_T@+b) a1y b1

[d‘ﬁ B+ x, a,b A3 R N T ZH0 1 +heads A1 1+N-heads




Bayesian updating of posterior probabilities

. observe 1 tosses, _
0 heads

___ observe 0 tosses, _
0 heads

.........................................................................................

i i i i
0.0 02 0.4 06 0.8 10 0O
p, probability of heads

T ] = M ! T ]
observe 2 tosses, _ s ; L observe 3 tosses, _
0 heads . . + 0 heads

-1 o L}
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__ observe 5 tosses, _
2 heads

1 I ]
1 observe 4 tosses, _
1 1 heads ]
1

i i i i 1 1
0.0 0.2 0.4 06 0.8 10 00 0.2 0.4 06 0.8 10

. observe 8 tosses, _
2 heads .

1 1 |
I observe 15 tosses, _
' 5 heads

T

............

I i 1 L
0.0 0.2 0.4 06 0.8 10 00 0.2 0.4 06 0.8 10

___ observe 50 tosses, | ; '\ __ observe 500 tosses, |
\ 22 heads 1 L 242 heads i
- [ “"I- |

L L I L

0.8 10 0.0 02 04 0.6 08 10
m probability of heads

P 6 AR 55 58 ot 2 A2 AL

FRRFRBR I, AFENE ST RG] W BRI E , s
Hn AL th 28 hAER2 Zh A b . F R BB MR AL (ORI, B REBOIG SR
HSMHp = 0.5 (BT BLIRERLE) -

WA, B & &I AER(E 0.5 4. B2 — FRTTH MRS, RATIEARE L
Rt RpE L. I ERATOI AR (8, 07 8 ki, Hoh A 1
Skw b, iAo AT R AR B 0.5 1R (BRDNFEBCH e iR IE oL T, BRIk
if 8 Yetls i — UGk EIEER, RIS B8Ry 0.5) o BEEREE RN, MR
SR 0.5 #5l), BIRAZEEET 0.5,

1.6.2 Bug, or just sweet, unintended feature?

H A RIS TG Bug F4F . A X Fon Ui 1 A i — k. ILAE sk nT LUK
G Bug eI KR NP (A) = p.

TATVBOGI I ERP(A1X), BIFEARD@E IR X 24T, AR TE Bug FIMEZE 2 2
Mo A BT DU PR AE R, AT EH R SRR R

P(X|A)AREAERILT Bug 26440~ ARSI EGEL R L2 D WRIERA Bug 1)
T A AP (X A) = 1.

PO MK BRI 2%, X DA P B Sy, S X TP SEAT Bug A7 7E IR B
SH~ARIR, WA Bug FEAEMIF KR AR R, 0P () T AR idn 7B X

P(X) = P(Xand A) + P(X and ~A) = P(X|A)P(A) + P(X|~A)P(~A)
= PX|A)p + P(X|~A)(1 —p)
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FHEAHE TPXIA). H—HHMNEREPX|~A)RRE N BIRFEER
F I, ACHSAEAER] Bug I REPELEIRD, (HRAGDTIIRFIHEH Bug FA7E. TERE,
P(X|~A)FISREG IR AL, LRSI R B R R A . 4GP (X|~A) W — MRSFE R
P(X|~A) = 0.5, MZIH
1-p 2p

P(A|X)=1-p+0.5(1—p)=1+p

Kt RSB, pel0,1].
N AR T SR P (A1X)

Are there bugs in my code?

10
5 i
1 : ; ] H
e gooseeomesssossseseesessaseomae B 7
W i i : ]
£ ; : : :
L o ooooocmmooocemacosaaaasasasaad freososssreozesssaoozeassosocamamooy s B TR e R -
1?.’ (14 |EEENEETN—— — .....................................................................
E 12 [ --------------------------------------------------------------------
& :

0.0 i

0 02 04 06 08 10
Prior, AA)=p
Pl Ji5 B0 M 22 1)

MR LU H 2 SRS ME R p BN, SR ) X R T, A T LA
BRI I Z . BRI eI A i B — N BERIE. REVOVE CRMRT BRI
P, PrlAvcE — MR E LR SR B 0.2, MR BIRE MARSA 20%F1 I e
PEARAT Bug 1o N T SEPRELLEEMI &, XA SRl M2 2 AURD 52 2% B AN AR RS 1) e B,
BATE B ARAED 0.2 MR E . SEE RIS TG Bug 195 I 2 0.33.

B TR A S 5015 SRR IR Bug MIMERp, IBAH Bug MERRMERZL - p.
2L, P(AIX) R ITANAAEE TR TR Bug MR ZZ /D, 1 - PAIX)BMER
TEATE MR HE L 44T, FHUOHRAETE Bug IMER R 20 . RATHE IR F ok
FEPLZARAT AR ? N4 SRR S I A2 IR .




Prior and Posterior probability of bugs present

| prior distribution
I posterior distribution

e e T T T T e e e e e e e

Probability

Bugs Absent Bugs Present

[l s SRR i B AR P

ER, BEMNEIRXRAE, AEA Bug FREERIENRD . @I ok %
FATEMR BRI . THEBCH Bug f74E.

SR A T R DL g A DL SR U 1 NSRS, BR T L THIXRRRR
SRAIIE 7 B4k, DL ST A 7 B 2R AR T B, T 3 5 L S W A ) A
IE =& 2], b EIXMRA R EA D M AR E . BB EY AT T A,
TR, WRRCEMAE T, WAL ARG

1.6.3 X DM
B P2 A AR R A RRZNBENIAC R, WA A B IR A F 2 %
PERIATRENE . AR BT TR, MR A — ik, iR RN AR

BENLAZ AT Loy =3

> Z BB BB E R GRS R IME . BEaRATEE, R,
WA R DA N B B LR R R, M BATR SR R S . o o X
I A 0B IR AR A AR H TS M

> Z RSN ELHEHRE T BRI, o, R, R WHE. HitAE

> ZRBEW: EHANESNEEHZ R AT UGB, ERES S

AN

B RREIA R
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R EZZBHEUY, WERH AR RE, RonZWKI TR, H
P(Z = k)R, HMERNATRBGE RS HIR AL & 7, MR R A 78R
FRE, WHHAIE TR Z 0T N, B B HAERERAT MR R, ERE
PIRHER B LN H, AL E e BANEEAHOMZRS M R A, BIvais 1

k-2
P(Z=k) = i k=012,

MEDFHSBEL, EERES AR W TFER ARG, SEART AT E2L.
BhoA, WA RS Gl ERPMERISMEZREOR , BUNEE R ZEF ) (B b
INPHERFBERECR) o AT LAE BIERA 70 A7 ()58 125 1 S 4

kLU AR B X R AR BN, PO RARE AR AT ENRAT BE, ARAS
AJRER 4.25 B3 5.612 RO A S E .

R 7 FF A A EZ AT, AT LARZR i s

Z~Poi(d)

HIMAANEEEZENWR, MRS TENSE, |

E{Z|2} =2

ST XA . N E S A FAS ORI A R . B NIZE BIMEEA
Whn, Kz 3kE T ERIME, HRERSAERERE] 5 XMIE, #E LR
FAIHRALEE R BNEABERH A — MR




Probability mass function of a Poisson random variable; differing x values

probability of &

B AR S BRI RR S0 A 1B

EEFENARE

HELEBENL A B MER B R A B AT RAS Db L X 75 %5 5 R ORN 7 A R, S b
XHE RS . ELE AR B AR . — MRS AR 5 10 %5 B R4
B F A

fzzI) =2e™*,z>0

AVARABENLAS BN, FEEENLAS E RECEE A (HR RIS A 142,
FRBBENIAE B ] DLEARAT AR, AAEAR IR S, W 4.25 81 5.612401. X —FF U2
FEA EAR FE B O b, DR B B 0 A0 B . R s T T, IR
S L CAT AR B W IO, o 7R B A SR 3 B R NI B R TR FIAR)
R

MBENE R 7 ZARE A, B Z AR, RO

Z~Exp(4)
g RS HA, FREMENAERIIEESE TS50 5, /)

1
E{Z|A} = 7
Python JEIA R
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Probability density function of an Exponential random variable; differing A

PDF at =

15 20 25

Bl RIS HUIHR R A

ARATA

A WREE R RAEIEHIE G HFAE? 5T TIA R UL, 7RIS b S ARSI . BT
REE AR Z, DAUES MBI Z A RetfiEd. HTRANZBIAK——X PR R,
BT LR RS BA IR M . G 1R 2 kR8T LR RS TF S50, B2 i TS 8% %A
VIR, WA NESE—A 75 =2 i 1

DU AR AT 5G5S S EAM R ATE FE A A REI . DU I AN 258
IR AR, MHREFZEUNRAESHAM E— RS, A2 5 R
WS RAT AFET

XERKLTH A, BR, ARMENSH, BENEWALESNILT ! &
T g — AN EREHLUAR I B — MR ? W, AR IR L H AT O S RIL T .
FZ—F, GRS A, AN T LA — AN AERENL R R - — AR
SEAAT AR AIE ERIA S50, B AR DCAS AR F— MR, MR DU R
BEMLAZ R T .

1.6.4 MFTS PHRTT N
AR AN EATERIE T, BAIROHEAE T BB G MR L 2 /D




Did the user's texting habits change over time?

88885‘8

count of text-msgs received

1l I|I|||| i ||l|| ullll, II. Iilil, || |||||||.- | I||
Tlme{days]

e e 5 R AT 38 ) A5 R TR

TR 2 7T, M LB CAE A2 . AR AT UG X BEN I N R E AT N B
B ?

W B — 1 #2 ? AEE mT DU, VA AR il S —BdE . FHC R
INBIRMNFERE, CIRMNE A, il

C;~Poisson(4)

ARRFZSHL . WAFA A (B v a] LUE BB E LN B R AR 2, B3 8198k
K, ZWHEN TR A m LR EEE S B g (a2 — T EErRa 734w
B, AZHEMR, MERFEREIEEBRA A8, WRERENRIER, BAE
He— RRIEEZ W BB R R ELECO S

T — 1 R B AT RR 7 BRI — DN N (TR, ZHARAR
AR FrUAAR AEPRAME, RN TEBTA A N SHAE R, X TIR R A
(R LR 2 B iR R 2

Az{h,#t<r
Ays ift>t

WERSEFRPABE A, WA, = A, FERMRALMS 2K

ATV IO R WA HERT H S IR ME R Ao TR DURHITHERTINS, 7R ZEAAR A e 50N
o H ARSI T A, AR WA R EA K. AR DUNAE SR IER . 72 /T HFRAT
CEFR, N TIEEBCRUL, fafn i A ES MRS R A, XMRE RS v DL K
BZHA,; . (BRI H OB — S8, P R SRA T S S B vt S0 45
TRE S RIS E o, Ay, LR 73 A 73 a0 R

A1 ~Exp(a)
A,~Exp(a@)

aRZ NS . SRR ILES . B a WA E A SR IAT KK
HIsEm, fr DAEE S Mo AR T LARE R —2 . AdF D@ i ki mg LLsBuZ 24,
A Z SRR E R LA R E A POy BRATA B AE R B A s S
éﬂ%%%ﬁ%%ﬁ,ﬂUHﬁéﬁﬁﬁﬁ

Zc ~ E{Ala} = —

A UL IE AN St R tAAﬂf*A ﬁ%%ATﬂmﬁﬁﬁﬁﬁﬁ%¥
grA, UEWILEAN RIS 18] BOWLI 220 5 A R A5 B AN R

An e AL BRI B DX () o RUOAESE TP MRS AR, P DMRMER B S M. N T iR —
[, AT AR RERI BN SIS SR nT S B o IX Ml RS TR R 2 A
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t~DiscreteUniform(1,70),

1
=>P(T=k)=%

SERMC T LR gHER AR, I E ORI S HU 5 SR LI A AT AR T T2 3RATT
L AR MEE, RS 2 BB E ARG EERN, A IR
PATIRRARRIRE 4, WA FLEFHERAML AL T . BRI LR )

TR pyMC, KRN T DU HAE ) Python

1.6.5 Z— T ITK: PyMC

PyMC & — AT DU 73T ) Python FRFFFE . HLsAT LR, HATT4Ed . ME—
SR R AR S LE U E SO AN R AR 635, XA T3 o LR AEFE UK . A5
TEAF BN TR — R, RIS 2 R4 pyMC 2 UL 7 .

A PyMC AR RIS T I R, SRR AORR PR RO ME R AR Cprobabilistic
programming) » WRFHLRI I RS AT (0T AR R BEHL =24 0, PR P B 2,
HARBMAR, SRR EX—. SEhr L, MREHEIFA LA ZREHL
PR, TR AR BN S, IR A AT JT K . 7E PyMC
HEZR PR S HOR B — SR S HS AR .

B. Cronin [S]Xj*%%zgﬁ%%ﬁ#&%ﬁiﬂ}\‘b SRERPE

Another way of thinking about this: unlike a traditional program, which only runs in the forward

directions, a probabilistic program is run in both the forward and backward direction. It runs

forward to compute the consequences of the assumptions it contains about the world (i.e., the
model space it represents), but it also runs backward from the data to constrain the possible

explanations. In practice, many probabilistic programming systems will cleverly interleave these

forward and backward operations to efficiently home in on the best explanations.

T MR S AR, 7 DAL U0 T MR R — V. TIHLZ A
SRR, BV B AR R AR B T

PyMC FOARED I M 28 5B . W — A ST A B AR TR E T, RIS 2 ALY
BT, JERRANSCI . BRI AT AR 17 BB TR A T2 (1, Ay, Ap)
SRR, Python AT T

import pymc as pm

alpha = 1.0 / count_data.mean() # Recall count_data is the variable that holds our txt counts
lambda_1 = pm.Exponential("lambda_1", alpha)

lambda_2 = pm.Exponential("lambda_2", alpha)

tau = pm.DiscreteUniform("tau", lower=0, upper=n_count_data)

£ B I T PyMC 228 A, A, PR EATBE R PyMC BEHLAS &, FRZA
Wt ML AR B A DA D e i RO R PP 2 A8 E AT 2 B LS s - 383 18 P 32 ) R R random()
A R AL AL B U

print "Random output:", tau.random(), tau.random(), tau.random()

BB 2 39, 10, 32

IR AN T AT BRI AR lambda_, (H A2 FRATIRIA T DIEX AN B B RSN —
ANEENLAE & o[B8 lambda_1, lambda_ 2 1 tau HSAEFEALH, lambda L EEEFEALAT




(@pm.determinist AR, Zhs A S PyMC XA ER . Bl
UL R RS ER A E RN (SR ESEOTA R E R FH e me e, £
TR R E T R L

AZE observation B EIE count_data, PAN lambda_i\’%@é?j—:—‘;ﬁo ¥ observed 1% BN True,
A VR PyMC FE T B IR R FF AN . B2, PyMC WUERTRAT B IBIN A2
w2, RO T MR, A TR, AT AR R R A R .

NHX ARG A 3 BN, AR ENAXBAREAREEFLEXEE
I A R R IR Ao W BB BAUS A e S i — PRI C . SRR R8T
AR 3 A R ERBEW I A, A, TG IOMERE . mT DU i i B 5 1A
FHEEBRMBRE, FEEFEARKMETTE (clled traces in the MCMC literatur)

[****************100%******************] 40000 of 40000 Complete

Probabilistic Programming and Bayesian Methods for Hackers | 2014/7/15

(-




Tl
-
~
N
<
-~
o
N
@
[
x
o
©
T
-
L
(]
o
o
=
=}
5]
=
<
R
(%]
]
>
©
m
©
[
©
a0
£
S
S
@©
=
a0
o
-
o
O
S
2
3
©
o]
[e]
=
o

10
08
0.6
04
0z
0.0
10
0.8
0.6
04
0z
0.0

07
0.6
= 05
o4
03

probabili

0z
01
0.0

Posterior distributions of the variables

Ay Ay, T
T
mmm posterior of A;
16 18 2 26
A value
mmm posterior of A,
16 15 22 26
A value
T T T
" mmm posterior of -
35 38 7 38 39 40 41 47 49

B Ay, Ap, T B0 70 A1 ELTT 1B

= (in days)




1.6.6 BXER

DU R R S5 R — AT o AT 23R R R FN 2 HA M. I3 ]
R LG BN E PR AT AR AR 20T, SR I BN E PEBOR . A
T AT B AT DU A, A EEBCE BETHUE A 18 A1 230 AGHIM AN A S8 A BB ANE],
R FH P AEAE P RS I AT 9 SEAN ] o

BT LA B g B e R R 7 4 A s SR AR I Bl IX SR I 45 2R
e e PR ?

AR S AR AR IFABIR T A, BIRENTNSE R fi e Hor . He b
JRU A IEAR IR A B E 2 RKHR . MR B R mALH], But that's
OK! This is one of the benefits of taking a computational point of view. If we had instead done this
analysis using mathematical approaches, we would have been stuck with an analytically intractable (and

messy) distribution. Our use of a computational approach makes us indifferent to mathematical

tractability.

AR, E RS AR, A, B RRA A, BIATR BB &
FrOAEX ] IR R oA B b el DUR 78 45 RIGIHRAT s0% T2
AT e, (R JE S o AT BCR Bt 7 B R AR RS AT B 224k
BRGNS, KR AT DR e R (. @ xT OB = BIDU R IAT N
Bk

1.6.7 N LBXI R R HTRE

KB FESSTEMBIX AR, AU25 NSRS Bk, LR
[R5 1 S5 R AT 25

RS RAERIZ PR E: EEcRESEG 20 EE, 0<t<70. FAIMAE
BOHIEEET S8, FILR B ER, BN %]« SASN ISR 4.

ARSI S WS SR A R ORAEEER RSl et XTITA IAECTY, Y
t <TffA; =2, B = 2550
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Expected number of text-messages received
T L | T T 4

— expecteﬂ number of tex.t—messages received
wn observed texts per day

Expected # text-messages

FATHI 3T JIHREN] 7 R BAT s o2, T AR RARAE I, T AN IZHT
BACHT . BATAEN AT 2 FHRIZFE AR RFERMEE 1, RHRIEITE 7R
WAL, ERFEA AR R U,

%

1. Using lambda_1_samples and lambda_2_samples, what is the mean of the posterior distributions

of M and A 2?




# type your code here.

2. What is the expected percentage increase in text-message rates? hint: compute the mean of
lambda_1_samples/lambda_2_samples. Note that this quantity is very different from

lambda_1_samples.mean()/lambda_2_samples.mean().

# type your code here.

3. What is the mean of A 1 given that we know T is less than 45. That is, suppose we have been
given new information that the change in behaviour occurred prior to day 45. What is the expected value

of A 1 now? (You do not need to redo the PyMC part. Just consider all instances where tau_samples <
45.)

# type your code here.
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% 2& PyMC 34}
WA PyMC FOERRIET R, DU B i DL 73 28— A R G 3
Lo AN TSR RUGE A, 3MET7V R 75 T A Aol & UL SR

2.1 PyMC BN A

2.1.1 RFXKAR

NTEFRA U R, IFRT PyMC ISCRY R FF— 3, NI AL A ARIE QA &
MFAEH .

o LEERWMILETRENER

o TRENPWHETREYMNERE, UXETXERE

— AR DUE AR E N AT LUE TR R, B0 I pymc A

%%ﬁ parameter %%U%ﬁ data_generator, JHZ parameter ?ﬁ l][':ﬂ data_generator El':”ﬁ o ﬁﬁ%‘
7% E %‘ H‘Jﬁ@%ﬁ% 3 ﬁﬂﬁ %‘ﬁ ’ data_generator % parameter %”E% o

[F] 2 data _generator AR data_plus_one FIR A& (At data_genetator N2 QAT X
T E) o data_plus_one I LUF s PyMC AL, PKINE R T4 —A pyMC AR 1R,
(A data_plus_one = data_generator HFA &,

KRR A BT AR PyMC BRI C R, A UEIE A & ERJE M children A parents
KBRS TR BN AR &

Children of *parameter:

set([<pymc.distributions.Poisson 'data_generator' at 0x1087¢14d0>])

Parents of "data_generator':

{'mu': <pymec.distributions. Exponential "poisson_param' at 0x104efac50>}

Children of "data_generator':
set([<pymc.PyMCObjects. Deterministic '(data_generator_add_1)" at 0x109119790>])

A TR UG SR, — A RER TGS T

2.1.2 PyMC T8
A 1 pyMC BB —NEME value. 38X A& MR LA 22 57 8 51 9 5E
WR—MTERTAE, ENERSIEIAE B,
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parameter.value = 0.0281609254306
data_generator.value = 0

data_plus_one.value = 1

PYMC KDoA . BEHLAR B AN E VE A & .

® [HNZEIRIE LA E L, WARENACEREIE, FAREKRAR

REAERENLIT . BIUIaRR A, B RRIES 2070 A AN E o0 A

o ClERENREMZ OMENEAR R, HlanA R ORI AR R E AR E . NITT

TR IX AT DA Ee 4 N B, B AR, WA foo FTA AR REAT
FECHI, foo FAMEL MR A E 1 .
VIsEALBENL AR B
S5 name 7] AWIEBEN L &, AFRFZEE A AR M MSHEERE. 4
un

some_variable = pm.DiscreteUniform("discrete_uni_var", 0, 4)

0, 4 &EHEER ENAFE. PyMC kY (http: //pymc-
devs.github.io/pymc/distributions.html) fl\% T %‘/I\ K‘ﬁ*ﬂa?)‘%% E@ﬂﬁggﬁ o

A LAY JE I name FREUE S MEA B 70 A1, BT ATE 2848 8 i 44 I B RES A5 P — AN 18
SRR R, 1l Python A5 (1) 447N name.

T2 ARRN R, AT LR GIE AN BEHLASE Python #2H, T2 7L B& HUH FI N 25
Stochastic A FEAL I8 size J&VEGIE 2 AN MOTIBENL A A . FEHLAS E A ZH AN Numpy R
Ffel, @B value P LLIR[F] Numpy B

A LME SR sive, BN ANZEB =1, No ATHENGNMLEAE X,
it

beta_1 = pm.Uniform("beta_1", 0, 1)

beta_2 = pm.Uniform("beta_2", 0, 1)

LA TR R B — B H, IR

betas = pm. Uniform("betas", 0, 1, size=N)

YA random()

A LAYR I BEHLAE 81K 7572 random(), 1% 7R LA AR B M BENLE . N ART— &
FRRELAE 9] 1 P 7 X At 2

lambda_1.value = 0.539
lambda_2.value = 1.858
tau.value = 1.000
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After calling random() on the variables...
lambda_1.value = 0.343
lambda_2.value = 0.316

tau.value = 6.000

TEWH random HiERT, FEF S —AHEAMEE] value JEYEF . LR BN T RCE,
AW 2 TG e T SRR A .

Warning: Don't update stochastic variables' values in-place.
Straight from the PyMC docs, we quote [4]:
Stochastic objects' values should not be updated in-place. This confuses PyMC's caching scheme. ..
The only way a stochastic variable's value should be updated is using statements of the following form:
A.value = new_value
The following are in-place updates and should never be used:
A.value +=3
A.value[2,1] =5
A .value.attribute = new_attribute_value

mERR

PR g RV ) R > AR AR BEAL, A T IXIBENLA &, H— Aoty
pymc.deteministic Fon (WMRAKT R Python HEE, KRR, REAEH AR
[ 340 pyme.deterministic) o A1 R JE 2K Python BRI W BGHA 5E 142 B

(@pm.deterministic
def some_deterministic_var(vl=vl,):

#ielly goes here.

AL % some_deterministic_var & B — M EIMARE Python R

BT A B e PR AR, W) DLSE AR A ERAE, Bllnnizis sy, fR#usfss. (HiX
ANTEME—T7ik . T T A A AT DR [R] A 58 1 AR

gpeambda_t +lambda 2)

pymc.PyMCObjects. Deterministic

A E 2 H T deterministic /7 B T i@ A 8. VA AT IS Ean
:S

A—{Al’ lf t<Tt
lz; lftZT

PyMC FARRS I~

M7, Ay, L TERS, MBS SE, U EE.
FEXTHAE AR B R T, BEHLAS & DR B B Numpy 202 (Z4EBENLASED (1)
ﬂ%ﬁﬂ:ﬁ, ﬁﬁ%%%ﬁ]ﬁﬂ@?%ﬂ‘]ﬁﬁﬁo Wﬂﬂi@ﬁﬁﬂ?ﬁﬁ%%l&lﬁl AttributeError £ 1%,




N stoch & value JETE . MN1ZK stoch.value**2 BN stoch**2 ., {F iz {7 i FE P (H &2 i i
value, TMANRIEL A FEA GALIHN.

FERVERE AR RN, —E B AP RN BB AR E.

2.1.3 REMUMNE
At this point, it may not look like it, but we have fully specified our priors. B, w] AR DA
T “A KSR R ARG AR 7 .

10 Prior distribution for x,

08

06

04

0z

0.0

0
To frame this in the notation of the first chapter, though this is a slight abuse of notation, we have
specifiedP(A) . T (1) H R A BN ULIN AR B X, BB
PyMC HIBEHLAS BT — N RBEE observed, 1% B — boolean RAUE (HREH
JE False) o observed JCHETFHIME AR W15, B 7 e L8R YHTE, F value 1T
AR . AT OIS BT IE value, IXZEA T 150 BRI i WL AR &2 . 45 4

value: [10 5]
calling .random()
value: [10 5]

X AT DA 25 BEHLAR B e — NIRG8O (1 H
N T FERFERT, 45 PyMC AZ B obserbations T BLUL I 2| () £ 4fs 4
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# We're using some fake data here

data = np.array([10, 25, 15, 20, 35])

obs = pm.Poisson("obs", lambda_, value=data, observed=True)
print obs.value

[10 25 15 20 35]

W%, KGR EHSE— 3 pm.Model 2K o 1 Model 28, FATTHLA] DA AR B gk AT
ST T o XFMETE AR, PG FE AT LUK IE A B AT AN Z Model K. FT
PATE LA B8 5~ v A — 8 2l FH I A0 7 2K

model = pm.Model([obs, lambda_, lambda_1, lambda_2, tau])

2.1.4 &%

57 >3 DU R A e 2 7 3t A2 D DU B 7 vk A s o RO PR & — IR AR IE B
N, VR AT B R AR ) B 2

PE b —5, W7 RAEEEE, SRS, iAo AR AT B Bk i n ey A Y

1 EERATISE, AR A B R KA B R AR . ki e A

B R B RN R TR B . B BART LR VAR 70 A 38 sms 3652 21 10480905

2 FEE AT, K sms RVARA AT, BBV AT S B AT A . TR AT
HIZHFEN.

3 AVHTEARME A Z D0 ? Fsg EAKNE, RAVFUAEWAME, —AH Tk 5
BTN, AR TR ST ), BATARITEAT J A AL R 1A) s e T B, fE AT DL
XA BAR 152 SO

A XTI, WRAMEXS TR AT 7 SR B AR AR IR, BUATESR B A
HIE SEECAFAE — MR, BB A 28, R Fas

s ATEE S B 2 /00?2 JhBAFIE, LA E — N0, butit's better to
stop once we reach a set level of ignorance: whereas we have a prior belief about A, ("it probably
changes over time", "it's likely between 10 and 30", etc.), we don't really have any strong beliefs about
@ . So it's best to stop here.

afJERAERAT A7 FATVNAKBUETE LY 10-30, WM a B E IR/ Cof IR
R R AT ), IR B S Se B, R e R i S5 )
A BEREAR . P Lha I ZERERS I IR SE I B AR O WIS B2, a BB FRTEE— RN 1E%
Ea T, ARPMEETWIMBFIE. T —FRaFE DX,

6 X TrIATRA eI i) T KMo i LALEREAN I a] X 8] _E AR B/ BRI 3 59 70 Afi o

FEHR T LEA AR ABIEL R, B 45 T R (provided by the Daft

Python library )
()
©

@bs




PyMC AN E ML IR T 5 A% Lo FlR A A T A o B8 — AR R i R

2.1.5 @FHE, FEANER

B S IRATER UL ECRER, AN ENGER, R 2.4 AR
IR SR, NI H 7 — Ml Re R HE 4R .

1 AT AR RR A (0,800 B BUS 5040 A

37

2 1kAy, A, T & Exp(a) 7 A

29.0394614963 13.5921161471
3TETZ BRI TN, FHPoi(A,) w2 B 1) SMS $U & /0 A, 1E © Z Ja iR [
W HPoi(A,) FKnHe52 211 SMS £ & 53 47

Time (days)
FRATHE) 3 B B AR AN FRA TSR B A — 2, BEOREZRARH /N e pyMC 5] il it
MR, KBS SEHALM T .
REWS il 1 N\ LA S 2 PATER AR W AR — A5, AT F B0 D2
HEWTR UL AR T B, R AR B AR

L0
-
~
N
= \ﬂ: M2
4 [ A8 3 K 4R N
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ow B BB EEEEET o kel SRR
T T T T T

o 10 20 30 40 50 &0 T0 80

] e
T 5 #2278 B QAT 458 P A e 77 v A AL i34 T O A AL o

2.2 Pl

2.2.1 NI0+HT A/B Wi

A/BINR R — MGt Beiial, EREMIMAMA AR T R M ZER. Flm, —
A2 A IR 251 A B Z IR IR 22 Rt AR W T . A R E—/ N SEI A A 2
PRI A GIAR,  7E B 259 L8 — 3820 SEIR AR S (R SEBRAE AR (1 B A1) — fB
0.5, (ERZWATREFA X MRS, ATRE—ER 0.5) « ELBHRILRTBML G, XLk
BTG, AT A E IR A 25 M) BOR S AT .

PO 3ty P AT 3 T A N B DR CoABAT T8 U1 1 T 3 2 75 RS 7T R BE 22 OB B L, iy HLAth—
SESOF IRl A B R o Wt o N D BRI IRl B B D) 40 38 A AT, R0 T R )3
E) BHTHG, FEICFRA N S RIS SEE B B X ST, winT DURTTE
THTHT I 2 A BF, 382 BUF.

I8 R PR RS 36 %) S 06 A BUHE 3647 20 BT, B0 difference of means test or difference of
proportions testo R 2 (Z-score) 1347 F1 P = (p—values) MEDLH A . an SRR
A MERG T RIIRIE, R RE LA I A EOR . (R A R AR AN — R0 AP
HRIREATIBAGRZ], HOREF 1, VUM VE L — MR B SR80 77 sCURE 1R Bk 56
AR ERR

B
©




— MR BT

R i R — A S RS, T ARG DA 905 BEZARA PSR F1 50T A
o AL B A AR I T AR PG RER N0 < pa < 1o R —ANIE
I o LGB B R R 1 57 A B A £

BB A—SEFINAS NS, Hopn N A ESET R A ARG
pa =g AEMVEMBIGTRIIEASE Fp,, EUIIEIIE AL IR 2
Al M2 5. BUSRHOE AT AR N R AL . B, SRETR 1 9 LA
H Ao TERBEAMIT R, HAE G R AR LR A R A SR 0 ISR

® RIAETTAT AP LY

o &R kiR

o RIFMMILHIEREE

ARSI R LI R BT T SRR, SIS R T T th 2 TR A . 4
RS SR AR BAVE B, FIAH 100 KT I 20 WIETTHI L. AE
FAAL 0.2, AIFTIRAERFN . WFAT IS A2 5, 7T LRI T
F R HEIT T A SRR

IR AN DU TR, B e TR NSRRI R R E AR . A SRR AT R
AV AMp 2 SAZRA A REH . BB IR B Epa R RAZ BB N % b, FTEATT LA
B Ep RIN[0,1] 13 5] 5347

WERRAVR T AR TR S50 AR, AT LU X e SR n e i A v o

TEXAE T, fBp, = 0.05, MG A [AIN = 1500 N JBorid, R EE(E B3RAT
BB P AEM S LR B SRR TG . N T BN JGRE, K Bernoulli 7304 : Ul
RX~Ber(p), WXE 1 IHERJ9p, & 0 KR AL —p, MR, b LIEAFIIED, HEL
HRNZ D, HREBATH A B R .

[False False False ..., False False True]
87

ML A
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What is the observed frequency in Group A? 0.0580
Does this equal the true frequency? False

©




s PyMC H observed 22 & B WML AR &, FEBITHEWTRE 7

[****************100%******************] 18000 of 18000 complete

RHNZHip o K5 SR A B~

<matplotlib.legend.Legend at 0x109862250>

Posterior distribution of p, , the true effectiveness of site A
L} I I
' H

= = truep, {unknown) |

s B B B8 & 8 8 3 8 3

Bl p o (1) J5 5673 A ]

MEIFRT LA, fEp, IR PEA E S A, EEA K RE A — Lk E
I3 TEL EMMEIR KT, A v DUE R E EFET . SCENTIR/N,
L S A 2R (1 AR AL

# A M B AT

AT DL AR AR 73, dlid A sk B e S A 15 2llpg . (R BRI NS ERIY)
Fep Mpp A2 H pyMC B E AR BT Hp,, pg, delta=p, —pp (TEXAHIT
i %pg = 0.04, Filldelta = 0.01, Ng = 750, HWIRLUN,/N, FIRLREG A (RSR007
EARFUN S, B) o
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Obs from Site A: [000000000000000000000000000000]...
Obs from Site B: [000000000000000000000000100000] ...

0.056
0.0306666666667

[rkisioioRiokioRioRk | )00kttt iokiokiokiok] 20000 of 20000 complete

I I =S R R 1 6 3 A
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Posterior distributions of p, , pg, and delta unknowns
' 1 '

80 ; .

[+ VN — S | IR — mmm posterior of p, -
B0 -emememm o ---------------------------------- --------- fressonsecossosssomacoosionss | O - true p, (unknown) -
B0 [rmsmnmmmmem e S S L e O R e R L B
4() [EEENNENEREIN———— T T 4
JO frrererermrn e LT T R PR E
W S : N —— -
10 AR S Y S — 1
0 i i

0.00 002 0.08 010
B0

D s Y [ S SR - - truepy (unknown) |
40 f11 --------------------------------- —
20 S O -
0 eeeeee et e j

1

[H 008 010
B0 T T

50 B posterior of delta

= = true delta (unknown)

A [N S —————— e L ' SRS SN ——— A g
30 B SLICTTRISRRNTS -
20 ; .................... 4
10 .................... 4
0 i
=0. 005 008 ooy

&% p, pg, deltalf 5 54 i ]
T Np < Nyo FEA B3 SIHIEAR T A S LD, pp U Sap AL ELACT, i
B B ST RHISE N Hp K, Bl B3 UM 8 1 (5 B .
W dela 975 5040 IS T D810 15 A5 B K 0 9847, WA A
SR R T IS B L, RIS 0 R 59 1B

Probability site A is WORSE than site B: 0.003
Probability site A is BETTER than site B: 0.997

W EAF RN A LT RE B FIREZRE 0.997 K, T LAZERIGE B _EAHCE Z sz ([
R B IFEAEL D, BT ATl B SRt , ATAR— N A B EE #E 2 I HERTE
2

WS true_p_A, true_p_B, N_AFIN_B, W5 delta MG I DAL, FAT—
BT RVERL Mt A TG B Z [AIFEAS ) Z 57, XAIE O R & D324

BAESESMIRRA L, KPR A/B R S HME . TER N
SER A/BNRFIRANT B BN R TSR RB R AER NS, 5
AN 2 a1 B T R I AT A LR

MY EE




Fox 22 G AR R 5 7R T AN SR IS B[R B e, X L HE AR 1S
Hak. B, A NRPR “LEFBRRHRIEDE S 2 7, X FR st e 4E 17 A AR A
1E/FEETE . What you can say for certain is that the true rate is less than your observed rate

(assuming individuals lic only about not cheating; I cannot imagine one who would admit "Yes" to

cheating when in fact they hadn't cheated).

— AR R 2R DR T5 S R AR IR AN [, RIS s DU e A . S 51 N
ISR AT .

el

IR FARTAT I A, RO HARE A . AT e A,
AT RPN SH: NAlp, NARZABE, RpENKIRE, pRaFrrE— IR,
AWERA 7 ATIRALL, I ATt 2 B A A, AESRANEAR A XA A, e RIREE 5 7y
A1 e B BB VS R LE [0, N1 2 T8 23 AT s i

P(X =k) = (I,Z) pa—pN*

XA T IBENAR R, SECNpMIN, X~Bin(N,p), XFERE N KR HEE AR
KRB0 <X <N, pRBEADHEIHBER. plCGRIIA S R, T
HSETNpo T AN R S B0T 0 W R 0 A1 e 2

Probability mass distributions of binomial random variables
=N N 10,p:04 ; ; '

@ N 10,09 0 T T P
s O — S ——— -

040

035

L oo cenmee oo

0,20 [ - = - b -

HX=F)

] T e = P b
0.1 | SN L - - B E—

DOG L

ooo

s AN S HK) — T

@
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YN = 10, SN TASH . IRX, Xy, -, Xy AR &, XEEpENL
A HAMENZHp, WZ =X, + X, + - + Xy~Binomial(N,p). %N =1, %MTF1H
BRIBEHLA T, (ISR BRI Ep. BT LI A0 T AND .

2.2.2 FHEER

PR I A A T A AR S W R BRI R . NSRS A AR A H
BB N IR 2 A A A AR A RS2 3R R B . o X RO R AR B
FENL BATHbR, @ MMNEHEX, plsiaiR, SAaNEN IR T
Hp RS

R AIB MR, BMEAS AT, AR SKINE OIF. JATHZE—
NELFEPSRR R A, TR B AR INAT Jy . BARIG LN SN AZAE IR B ALY
THOL T S B BT (H . N IR A A Dt H s A R Bk

FEX AR A I RE R, kSRR T, B TSR AR F AR AR WIRIE T

ML W (78 6 by -3 7 < | e B o I B S F A T s T e |78 o

P — kBT, AR UGRIET ] b, SR E R bR T, R R e b

AL AR R BB IX T BUR )  FFANRIIE A 2R 1 B R T A O 7R

PR B TIPS I T A AR B . XA R BERE DRI B L, 3L

REAS 21224 A SE B2

MRIX R FA STV . One could of course argue that the interviewers are still receiving
false data since some Yes's are not confessions but instead randomness, but an alternative perspective is
that the researchers are discarding approximately half of their original dataset since half of the responses
will be noise. But they have gained a systematic data generation process that can be modeled.
Furthermore, they do not have to incorporate (perhaps somewhat naively) the possibility of deceitful
answers. We can use PyMC to dig through this noisy model, and find a posterior distribution for the true

frequency of liars.

R 1 100 M2, FRATAY B IR LB v B AR A AR R p . AE PyMC
WA — S VE AT UL — i AR . NP — MG M 7, SRR A — AR
o PR A AR R AT o 7ETRATE BOATA M — A Je0 546 o SRR
thp, pMISeSs A fF 6352173 4 Uniform (0,1)

import pymc as pm
N =100
p = pm.Uniform("freq_cheating", 0, 1)

R8s FIBENL AR B Fogs 100 222k (AURERCT, o fURBAFI.

true_answers = pm.Bernoulli("truths", p, size=N)

%T%ﬁ&ﬁ%ﬁﬁﬁﬁ%i%*&m@ﬁ%ﬁﬁToﬂ%M%ﬁwﬁ%ﬁ%ﬂ
AT HRAE 100 NBERLASE . 1 AR IETH, o ARERRI .

first_coin_flips = pm.Bernoulli("first_flips", 0.5, size=N)
print first_coin_flips.value

[False True True True True False False True False False False False
False True True False True True False False True True False False
False False False True False False True False True True True True

True False True False True True True True True False False False




True True True True True True False True False False False True
True True False False False False True False True False False True
True False False False False True True False False True False True
False False True False False False True True True True True False
False False False False]

BN NI P TT, FATTIIR T ISP AT fE 28 — A o (1 i A%

A T 3 Ay B T LA AR B 2

fort_a + (1-foy*sc AR FRFAFIVEMIAZ oo 24 HAL 3 2 UL R 24 B H observed 117G
e, A0 » BRI MR R R AR, B ) BB — IRk
FEIAEA L, BRI IR E, B E— AT observed RN, FEBRLA float(N). Z5 RN

0.42999999999999999
PR E MRt AT Ve, IR R 35 N AGAE BRI HdE .

AT ZE AP LU LA R I Le il SRS A R 22, AR &

B BRI BEE AR 122 B R 174 CF — L IRBRARE D S i e b, 7EX—2F
R IEm I LD, BB 250 E R A . R e AR AR T, AR E
FEWCER BN B A 374 12 A AR BiE

3N =100, p = observed_proportion, value = 35, XJ'E%WEI% Al &ﬁ*ﬂu&%

TR T AR AR BN E] Model A5, RN 24T BRARSLIE
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s posterior distribution

Pl p I S B 20 A

MEL_E B RAN G R AR S22 /0, (B2 m] A X AR #17E 0.05 £
0.35 2 (8], BIHSEdila]. XFEREE A S AES, O FIIE S5 70 A 2 A A,
P LR S B8 oy AU B 50 oA o (BRI S — M AR, IR AREAL, FOVHEME
PRI E A 030 FHIX X TE] A B9E Bt 2 B0 A] DASRAS AT JRA AR ZE R AR g, B
BEFRAT IR XS FL S PR IE M A AR R ) PR ) 2

AU CE K T — 8GR RUFEECHUASER, WERBE= A& tha] Bl
BHKAERE, KREp = ORI/, BORTATIESE 750 e, X
ﬁt@ﬁﬁﬁﬁpﬂ‘]ﬁ%ﬂ%$%%—#ﬂ’ﬂ » but the data ruled out p=0 as a possibility, we can be

confident that there were cheaters.
PR EET] LR RSCE R MBS AME B, BARABERE T &F — € s, H28EiE
e — ERREER
FH—Fp pymc
2 E — MR, AT LR B A AR B
P("Yes") = P(Heads on first coin)P(cheater)

1 11 1 1
+ P(Tail on first coin)P(Heads on second coin) = Ep + 55 = Ep + 7

A7 X, HEEpI HLRTE A EANER C “Yes” ) HIBER T . ££ pymC AR
— A E LR BRI P("Yes™)

WIRFIE T “Yes” HIMEZR, H p_skewed%%/j—'\‘, N =100, “Yes” W& 10
FENLASR &, IS ECN N A p_skewedo
—Fﬁﬁg’ftﬁgqjm:lﬁﬁj\%ﬁqj, value=35, TR “Yes” E/‘]/l\ﬁyff 35, WHE

observed=Trueo

AR A A AR BN B RS T, IR AT SRAR ik

[****************100%******************] 25000 of 25000 Complete




s postenior distribution

Bl pyMC TS )5 56 20 A

BEZHK pymc $35
Protip: Lighter deterministic variables with Lambda class

I} fize m.deterministic 5 B E AR B N AR BT, JCHX T — AN ek Eok
Yo DUl R U FOnT AR e i e VA, (BRI R SIRAEMY A
At T ARS AR PRI 0 VA o VAR Lambda pRIESCRT LA AT SR T 10 S RO AR R 2%
FHRAEAY) AR E 1. i in
beta = pm.Normal("coefficients", 0, size=(N, 1))
x = np.random.randn((N, 1))
linear_combination = pm.Lambda(lambda x=x, beta=beta: np.dot(x.T, beta))
Protip: Arrays of PyMC variables

BAREBEAREHEES N RMEE pyMC ZRIE Numpy F4H . REEYGWEAR AR
[#] object @ N_E dtype JEYEBDT], #lim

KE IR T NER A pymC IG5 FIR Y

2.2.3 KEBESMR CHIE

1986 4F 1 A 28 H, SREPIR WHLIFRIBLRAES 250 fEE KR A, HUR AL
h— MBI AR RNE, AT REEEE. SANIHEREASBHNERE, X
GEMEFE BT KA HERE & LR — SRR B RS e BIUR AR B R A e [ X SR
WERRAEREUR, OFERZ. WA 24 DO, ATRS SRR O TR &t
WlH) 23 LR EE (CHb— NS R RAEE L T o fEPRMGE A AT — R L,
XX 23 AEARHEAT T LIRS, ASERRAG H AT - LA S B Pl 2 3 1idi
g, XU U AR AR U R e o R R JEn R

Temp (F), O-Ring failure?

[[66. 0.]
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Damage Incident?

Defects of the Space Shuttle O-Rings vs temperature

® : ®-@ L & @

® 0 8@ e @ L2 ] @ L

55 60 3 70 7 80 8
Outside temperature (Fahrenheit)

P SR RIELIE 5 S R

MR LA H RS A B R R R AR, SO A MR AE R . FRATTA H ARE T4 AU,
FHEORAERIMER, IR AN S (0 R BOA MR (R . R R R IR S
I, FHOERBR LD XA 1 H ARl A2 2E [ A 7]

B NRER R, PR ApE), ZREIEECON0,1), BEE RN & XK R EUE
MAEEINE] 00 AR ZIXHFEITRR AL, R H I logistic PRIEX

)= —
P(®) 1+ eft

BREX MR P ISR, R ERMN . THE L = 1,3, —58 Bp(6) K2k




]k Z:lﬁ,lﬁ%%ﬁﬁl‘] logistic BRI B 2
fE FE, fEe = O S R AU, (B RAE SRR EURE H7E 65 3] 70 X ANE
PR R AE A . BT LA 75 ZETE logistic BRALHHIR I — MBI, MEE N

1
p() =T G PGy
AR B a Xt B 1] logistic BRI

0.6 A=3

-- @=-5
L P
02 — A=3e=-2
— B=-5a=T
0.0 : : : ' —
4 -3 - 1 0 1 2 3 4

s AN[F] B, a Z 3 1] logistic BRE T 2K
aZ G I &AM B R, X MR AL a bR e i B R
T PyMC 1Y logistic BRE. ZH0B, a BUE A SLE S, Fr AW LA IEAS AT
BENLAE ERIUS B, a, FEEANHIELS A0
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RS

EBDAFEN S RERIRNX~N | 1/1), EEMMAEHRANSESMEu, 7%t HBa]
PLH a2 E 1 /T, AT F B AFEE. The change was motivated by simpler mathematical
analysis and is an artifact of older Bayesian methods. T BN, IR B ISk CAef
KD , RZINME CRE N o T HUEIERA R

M LR HONN (] 1/7) HIBEHL A B

el ®) = [oexp (50— w?)

R

Probability distribution of three different Normal random variables

density function at =

Bl AR B IES AT
TEZS A1 A B AL AR B B 90 BBl AT LA J8 BN s il , R BEAL AR B R S
TEpbF . IEASDARRIBENLR B S Tu
E[X|u 7] =u

TTEETT
Var[X|u, 1] = %
Ak SR K S TR AL




CAf T ZHB, af M,  Wrr e A TR I B i & 2 —& k. 055 AL
RS H p, 74 NBer(p), ASSHIFENIASER 1 I IR yp, HERIH 0, X
FE, FATHIBAL T Fros

Defiect Incident, Di~Ber(p(ti)),i =1-N

p(t)logistic EYEREEAE ti’f_ﬁﬁéiﬂ%}ﬁo R, 18 B beta A alpha BWHEN 0.
XA NANER beta £ alpha KA AEH K, pAUFTRESY 1 BiF 0o pm.Bernoulli Jf A3 iR [A]
O 1, EIR pm. Bernoulli Ff & EHU LE LHIMEZ . Fr LK REUEBE DY 0, XML
p EAENVIME, AR IXGEREAH A5, S WAELRE B TR
B, FE PyMC SRR ] E

array([ 0.5, 0.5, 0.5, 0.5, 0.5, 0.5, 0.5, 0.5, 0.5, 0.5, 0.5,
0.5, 0.5, 0.5, 0.5, 0.5, 0.5, 0.5, 0.5, 0.5, 0.5, 0.5,
0.5])

[****************1()0%******************] 120000 of 120000 Complete
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Posterior distributions of the variables .3

000

Pl B, ar ) J B M 2 ]

A HIBREAMEAT KT 0o R JG WM TAE o BT, R =0, YIRS K
I RE 2R A B

A BaJa SR HR 2 1 B HAa & o, A S a—E 2/ T 0 1.

ST BRI A G, %%1!‘]$%%E§H‘J§§iﬁ, a B R4 (though considering the
low sample size and the large overlap of defects-to-nondefects this behaviour is perhaps expected) o

THEEN TREMRE T, WEMELEZ /D, WHEXTE &R AT
PRI R AR RERIp (6)1E
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Pusterior expected value of probability of defect; plus realizatinns

: :
10 == .' -l .-;-;-,—_0';-3-;-;--:- ------------ & e q:» -------------------- Q:- --------------------- e e
i i b
R e T _
£ os
=
= i i i i
g D foereoammonaseomeaoy foereoomeeoommonaeeoy [
average posterior : : : : : :
02~ probability of defect i i o v e i
= = realization from posterior i H - B i i
00~ - - realization from posterigr -~~~ ;‘"'".--."'"‘ ------ OOl A ;
1 1 1 1 I I 1 1
50 55 60 65 70 75 80 85
temperature
LIESS

B TR RS AT RERT 2. Both are equally likely as any other draw PR
1t 22X 20000 S BELFEA ST TR 45 R .

—NE R, AR R T B SO R BOREFR A R T T T S R
BN A — MR XA

Pusterlor probablllty estlmates given temp t

10

08— :
% ;
E g i i :
BORE R U S R e
1] H H H H H
== H H
= ; ; ; q ;
Boa 5 R, 2 2020209090 e '
m . . H
= . .
g | | |

02 — #2m bl foremen

_ _ average posterior : :
pmbahlllty of defect ' ' :
00 b P | — T e o @ - ]

temp, ¢

P wx LECI 2D JE SR A T
O XIHRIR 95% BEAR X HEE 95% C1, X R R MEE TR A F SRR X H
BIANAE 65 FET, A 95% M5 BEAME U A LR Y B 0.25 21 0.75 2Z [l
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B fRAE AL, IR RIR 60 I, Crs PRIEASAE, iR BRI 70 LI Crs A
ARIE L . IXH L TRARAERE T R AR 3 B (0 B AT AT BEAE IR 2 X 1] 60-65 EAMBE 2
o T EmH BRI, XA SIEFRM TR BreL, SRR A AR
fhTH &5 R, FEEEH N O TTASZ ) B ) S Rl TR R 4 SR 2 2 /b, BOAFRAT TG 2
HBA BRI SO 5 30741 K e FE AR 2 K.

Pk KA R A RIAR R RS an i ?

Petl 5 RAERMERIR, SMBEREER 31 BRI . B FERE T, KAERAME
ER AT AT ? AT o BAERPEE 50LESKERT O HH I FHNK
X

figsize(12.5, 2.5)

prob_31 = logistic(31, beta_samples, alpha_samples)

plt.xlim(0.995, 1)

plt.hist(prob_31, bins=1000, normed=True, histtype='stepfilled")

plt.title("Posterior distribution of probability of defect, given $t = 318")
plt.xlabel("probability of defect occurring in O-ring");

5000 Posterior distribution of probability of defect, given =31

4000 -
3000 -
2000 -

1000 -

) i i i
0:995 0.996 0.997 0.998 0.993 1000
probability of defect occurring in Q-ring

s JE—IRLE T BB A R IR R

AR & E T ?

A TRER . ASIEFE T logistic RENISGIGMEFR R SR . d R HE 1 H
RS RMVFRA—FET o W REUE RN TE A TR MR SR AP 1 o X FPPRBE 58 42 IEH -
BRI ESL, WRiEp(®) = 1,ve, RLMEFH—ERRA, BATRZ AT AR
WAE 1 7 28 S RA TR M. BARX R MREMBER. H—TJ5m, WL T
logistic BN, FFLESCINMERARAE o B, WIRELTSBIA R RRIME . QT RE WS AiE R
RURERE O B AT RSP RIS ? IX AL 7R B ISR W) 5 2 [

AT RES AR AT IR AEFRAT AR (W) & R T ANAF 2 — b AR A K LI 4 A
NG BARRHATRI B XM R A BGARE ,  n SRS, H A et AU e A2 G i
S LBCA LRI, B TR TR AT RE A A s I

FEA B RTHAR Y, FATy sMs 5 =i T Hdli . sms B3/ el 70 Afi R A
. FATE B0 3 R B A B B A AR F . AR AR, WA
BOREAR PR R, B R B A B EE . SEIERR,  DUHHTHE SRS LR ) F I AR
. R EAIE D Stochastic 288, X AMFEHIASE B M B KIFEHLAL, ERAE
FEALI I BEAL A EAB o 1F you recall, our Stochastic variable that stored our observed data was:

observed = pm.Bernoulli( "bernoulli_obs", p, value=D, observed=True)

N A 2 H

simulated_data = pm.Bernoulli("simulation_data", p)

i E 10000 K%




[****************100%******************] 10000 of 10000 complete

(10000, 23)

P 17 HLESCHR
VR, b R AT R

BT BFIEHRGZ MRS o7 A EE B AR, FrEASE SR A

T 4 AT R

R A PR BT UL, BRSP4 p £«
AP IR 6 2 BT, TR R 2 )12 R R AE R o Gelman SR VH I 77
VR p A B T B LA R

ST AR IR, T B A 077 R EIT 1 dataovie 705, 0 1

M2 N EE . WRARE A, R RREEm D B, 20 e R4y

0, {The Separation Plot: A New Visual Method for Evaluating the Fit of Binary Models) , 4]
YN

XFFEEAMEAY, THEREIREE T 1 R R BB e, il ant S
P(Defect = 1]¢, @, B) 11T, BCHE AT LL T8 H 2 50 S o LF R B 200 S e, )
Lkt PA R
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posterior prob of defect | realized defect
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i
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] e

B e R R R O, O T RoR L BT X R R
Hif, FEEBEREIN, WU RSO A RERBORBOR, R TP IA, R S

FBORBOR (BFOMIRIBEIRE 1, FoRE2 RO AR R A 41
BRI AL, X SAAAE L2, WA AE R B Atk 2k 1

e HN RN AR, B 2 1SR A IR TR B W] DL BRATT L

BT T H P SRR S R R R 2 D

KX 7y B AL E R (7 IR BEAT X L, 2 KB Z A RS S . T

W L AR 5 e = AN T L

VAR RAR SE 36, MM SR AR, T ) S B AR 1

2 —ANE MU I TR 14 285 R 58 A2 BE ALY, R R BE A AT K &R

305 T—ANE B, BIP(D = 1|t) = ¢, Vto clfIHHRAE & M0 2 =i R AR IRk
K, Mic=17/23,

<matplotlib.text. Text at 0x10c392b90>
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Temperature-dependent model

Fooe o
[SINEST =]

0 5 10 15 20

Perfect model

Fooe o
[SINEST =]

0 5 10 15 20

Random model

Fooe o
[SINEST =]

10

Constant-prediction model
T

Fooe o
[SINEST =]

[ S 0F EE I
FERENUE R, ATLAE R, BEEMERIE, FHOPEA A MIERE. FHHR
FEIX ML -
TR BRI BT — BT, AL 58 S 2
MR, FEASBE AT A AR o
%3
1. Try putting in extreme values for our observations in the cheating example. What happens if we

observe 25 affirmative responses? 10? 507

2. Try plotting @ samples versus B samples. Why might the resulting plot look like this?

08 Why does the plot look like this?
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EI3E GIRNRRRRBHERAREA
HITH P B3 H /4 pyMC IS, TREAE N AEZ SR RIETTE (MCMC) » A
BHEAEM B, BTN T EHERT B A2 TR MeMe,  BTRAAR SO
TEBE R . 55, A4 MeMC ISEBLERE, 1A E 40 MeMC B0 i ik,
WA BT AL . =, BN E R NGRS A RRIR BT BT RIREA,  NIJFAARHX
PRI AR A R A RAT .

3.1 RHG=E

YR IE — N NAS R AAS S UL e ) e, e e BRI A N 4EAs A (]
PABEAR N N DNBENLEE) 2650 fi. X N DEENIE R EE, £ llimeig s,
i e s T S 7 — AN RUINE SR, RIUREZR 25 B R . 1 G0 AN R AT BE L AR Erp, A1
Dys XPIANFEHLAZ B IS5 7041 4 Uniform(0,5), py Mp, IR T —N5 x 51 %5 7],
AR 2 FE o il 7 FaX A5 x SIS 2 8] (GRORATA] S MR AR AR o

La!_'ndscape formed by Uniform priors.
Uniform prior landscape; alternate view
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R AN I8 73 A1 7 Exp(3)FH Exp(10),  TUAL F A0 25 B2 A2 — 21 _E R R4, A
RIS AR 10 il T AR M (0,0) T AR (KIT8AT o

N E T IR A L. PO T, BRI RO R,
S CE R 1A M T U R P o

Ezp(3),Exp(10) prior landscape

Exp(3),Ezp(10) prior landscape;
alternate view

e 423 (] L R SR I

X R A R, NIRRT DAAR S (B A — 4 m) o S LIl 2
{1 S s T UK 25 52 e 4 1) il

Up SR IX L i T 8 R R AL K SR 98 0 AT, A AN S X 5, Ja %80 Ai
RARRAT AR LA X I A A AR B A3 a), 8 A R A R 4 S 56 3 AT
(RIRATD, LE T AT A SERR 2RO o B X PN e w7 25 KRR S 3
AT &, TR E e E AN ASER AR A AR &R, B ULREE BE
G0 S 56 73T T J5 90 20 AT R SRR o WEREHEX B, B4 G AR KT IR £
B2 ) S A S50 A AR o

8L el MR =g N2 b et = WY fof T o R oo T S €123
I I A e A L R b, L AR A R L TR . R A A E X R o
KR, R R IR, WUR SIS MR Ry J5 IR th 221G
BOR, Sl MER Ny e R L AR, BT LART DR S S B3/ g 5 7 R RH
TVEK e FTUARE TR ESe 6 oA e K, 7E(0,0) 7 B AU ELLE (5,5) 7 B (1 I8 fE 22K




%, DUNHEG SN EAE RIS GeRliRtbEN) o 558 e B s B 2
M EZHAEIENME, QR MIERREMEN o, Wiz BREEMEHEN 0.

A0SR LA B P UL S 58 7046 TS AR ZEAS IR Ao . R — 2555
ARG, HEEREHNRE R .

observed (2-dimensional,sample size = 1): [[2 2]]
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lsandscape formed by Uniform priors on p; ps. Lagdscape formed by Exponential priors on py p;.

0 1 2 3 4 5
Landscape warped by 1 data observation; Landscape warped by 1 data observation;
Uniform priors on py ,ps. Exponential priors on p;,ps.

Pl 6 43 A1 L JS 06 23 AT (1 0% R

JETL TR SE96 73 A1 A Uniform(0,5), IR BI040 /5 B Je 3o 2 A A0 1 s A a il
KR SE I O te oA, I EEIN S A R SR A . IR  DUE Y, BAA
IO HIEE — 50 RIS AR B R IREERGRAA . W, EEE
ATITE, ERBECE R AR AT, ZEA LA ERERAERN, FONE
SIS MR AL IR IRR /N o 2N I BB AR Se I8 o A R S o AT B R SR AT L
Fh EARIBCEROR, NS A AE AR A A B AU K .

AT HIES, B g, B2 S & E R K7 (0,0)mE,
T PR FR BR300 A AR AE (0,0) Ab L L B T7 EOK.

Flh 1) RS R R SE BETENALE, EEIEE R — AN, SRR T
FEAEFELT . SR T H — MREARETHB R A GEN, KRN TR,

A LA LR AS R0, WL = S0 A i (AL T 0L

3.2 MCMC F 42 Ik

WIFE F 2 6 AT AU KU F 38 L PR S 9 o AT 2 80, H PR Sk i 6 7 A FAO U £

IRMAIA R EFE R R B, BT ENR 2 K22 5 VFIR traversing N-
dimensional space is exponentially difficult in N, M N 30 2[R 1) j(/J\/f:\ BERIE A48
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C L2 550 A http://en.wikipedia.org/wiki/ Curse_of_dimensionality) o P B AT R 21X
LR T ? MeMC 5 BB AR R ] — MR BRI T A R . R R
[HRAETFH— R R, WVFIRRFFHRITEIEAUER, Ky TR AIEEA — € 1501
BEAs=

FATENIE MCMC & W JE 57 A T AN & B 5 70 A R AEAEA . MeMCT 385 2038 /5 o
IR AT AR FLI B R OR, MCMC BTl i) AR ST S S T XA — N T @ “ FRATT T4k 2]
Hf Sk 5 AT B B B L AU B R 2K 7, O AR B A A L A RA 13
R e _E—3, MCMC J7iESR TR [l — e B A oA 2k, FHIX e Sk A A T 7R 22
il F McMC A1 pymC RIBEHR UL, MCMCIREIF “Ak” AR, BRI N
75

MCMC 2 B e 2R T7E, MCMCIRA Ay RIS R e ME 3 i X 8. MeMC i #8
RN E, Jrr R A B, IS IR RETCIE IR MeMme BTSSR
WS 2 B B B ] o ) R — R, B MCMC #8381 31 70 (8] A i — R [ 1 X3,
FRAE R () R BEAL A, AITAL T 1 Jr) 3 2 ) Hh Sl R AR

A2 BERT LARIREER?

B, REECT BT RIREAR LR N AR — R A R SR I MR i U7 e SERR b
AR @R k. T E AR TR R 1 Uk

1 ST RS il “ g X7 OR300, X FR SRR A LA A N
2 i

2 Returning the "peak" of the landscape, while mathematically possible and a sensible thing to do as
the highest point corresponds to most probable estimate of the unknowns, ignores the shape of the
landscape, which we have previously argued is very important in determining posterior confidence in

unknowns.

bR TP ERE, A — BRI, R IR B A T LR R H0E B AR A R
FH@. T8RSN G 7T EARFEA, #ial R HETTEEOR, &
4 e 56 43 Hh T

3.3 MCMC KX R

AR Z FESEI MCMCo KER T IIELE AT DLEIAR AN (VR0 3808 3 WR 39

1 IR EHIIRALE .

2 BB —AEA B REMMFRRD .

3 AR B R o B AN S 56 A (0 B R AR 48 B S W B . (kR Sk E T
IR LD .

4 A, WERIERZ, MEhBUHM AL, REFEDIE 1.

B, T NIANKE S 2B 1 iR [l 2D % 1.

S KERIERZ G, REFTH R .

WrEE RS ST [ [ S MR AT AE T X3, AERE B AR DR ST SR FE A . —
HARE Y 7 AT X, il DR 5 R BIREAS,  BUONPEA & T 5 3o 70 A1 B AT BETEAR
Ko

AR MCMC 5092 AT T AL T H XM R E AR /), XA RERFENIT IR B X3, the
algorithm will move in positions that are likely not from the posterior but better than everything else

nearbyo Jfr A MCMC B3P 55— IR B 3RAG AR A AN 2 S W L R 36 70 AT (O RFE




FELLERSRE DA R, RIS T AT Al GO m 208 AT 552D o ATRURE
RARERR Z TSR, SR A I B R ] 23K 24 7

3.4 HEiaea Rt R K\ S A
BT MCMC A, A LB TTIER UL TR E R AT o b i el a] LA fif S
EAEA Gl VYL i TN I e O Rr S o s I o BT S
(http:/ /en.wikipedia.org/wiki/Variational_Bayesian_methods) o JXEFF ﬁ/fﬁ%ﬁ/ﬁﬁﬁ1yx y
2oy DUH-Hr, 22 MCMC U7, &H B ORIk R A4k A 5erE MeMc 7.
That being said, my friend Imri Sofar likes to classify MCMC algorithms as either "they suck", or "they
really suck". He classifies the particular flavour of MCMC used by PyMC as just sucks ;)

3.4 Rfl: THENRSRIIRE
v an ~ HdE 4R

figsize(12.5, 4)

data = np.loadtxt("data/mixture_data.csv", delimiter=",")
plt.hist(data, bins=20, color="k", histtype="stepfilled", alpha=0.8)
plt.title("Histogram of the dataset")

plt.ylim([0, None])

print data[:10], "..."

[ 115.85679142 152.26153716 178.87449059 162.93500815 107.02820697
105.19141146 118.38288501 125.3769803 102.88054011 206.71326136] ...

Histogram of the dataset

EYS

25 -

20 -

15 -

10 -

Pl F TR HR 5

MEHE H e R A2 ? B ERRA WAL, R WA, Hh—AMr T
BEABBRI 120 B, 53— AL T REAR BRI 200 FiH2E. B L, AT DUER SR 8 AN 12

XA T BE AR IF IR, b —E @ BB A R AR A s B i R . R A
PARHE T A AR B R

1T RANEOE S, EE DS T 200 1, DR — plE T2 2.

2 8 H A AT 2oy I IE S AT BN &, i 1 FP AR5 id, "TDABL 1 803 2.

3EE 1, 248,

IXANGEEAT LU= A 5 00 BE AR L R R B UGB AN VA AL, (HARIEAR
HE S Hp MRS A S E . BT AL 5] Bl HET X B R AR 1

FiNorg, Nory 73 MF/RIEED M. WA IESH IS EA R IE, SH Y%
AR, 0 1 =010 SFFH—A BRI EHE SR UL, & A FEK H Nor tH 1] #8 K H Nory ,

1R B 1K E Nor FIEZ Ap .
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H—FE i, T UMEH PyMC [R5 (Categorical) BEATLAE B A R Bl sh
H—F. pyMC RN BA — DRAEM R AR E, AU kYRR A B AT
SRAE AN 1, PyMC R FEHLAL B 1) value JE T2 —AN 0 Bk — 1HME, ZELTLE
PR e R ke (TEARBIHE =2) o« HBTEAFIE R AR /B2 25000 11
FIMER R 2/, PrLhiksE o B 1 K SIBENAR B NSRG4 . LI AR AR B
M N[p, 1 - pl.

prior assignment, with p = 0.31:

[t100001111]...

Mg LT HBAREE, ATLJE IR A IE S0 A0 BIFREE DT 2R A FER . AN EE
FETT 22, BT DLAIGE T ZHIA6R 0 2 100 3 5] 40 A EUE . B2 2 A gl i 24
T, ERRNIESHMIIREL . PyMC 75 EE PR HETT Z R NG, AR

1
=

7E PyMC H1, SR A AR A AT PASE I

taus = 1.0/pm.Uniform( "stds", 0, 100, size= 2)**2

S8 size=2, TNHMA PyMC S 8ts. RMRRTIEHARRHAN S Hrs 2 [MH
Hrakz, RRENT R4 ZHERR.

T 2 LI AR eI A . ) Hh o IES A S 8. BRI R
PAFTIEZS /0 A AEqtl . AREE H I, MK B a] DA H A SRR bt RZIAL T 120 AN

190 Jif ko RIS B g = 120, py =120, 0,3 =10 (f pyMC R HT = —0.01)

Random assignments: [1100] ...
Assigned center: [ 174.74278858 174.74278858 126.25164007 126.25164007] ...
Assigned precision: [ 0.00034557 0.00034557 0.00012237 0.00012237] ...




PyMC > MCMC 2§, MCMC {2 T pyMC #4825, HLseBl T meMc 59k, A

Model X R LBk MmcMC 3, AR
mcme = pm.MCMC( model )

F MmcMC [ sample(iterations)ji?zm‘ LA TR FABENL AR S 725 (8], iteration A& HIEH
TP E. T SE B E AT 50000 541

[k | Q0pxkikisorkisetkiontk] 50000 of 50000 complete

N E AR (T ), JRERABIH FONIE RS RS E (Pl K
E*ﬂp) o H MCMC X R AHHITTVE trace 1H AR, 1ZT1ERIENSECN PyMC AF B nameo
i, mcmc.trace("centers”)4%‘5’3%?%l= Trance X} % (ﬂuﬁ)ﬂ[:]ﬁ%‘.gettrance()f%iﬂﬁﬁﬁ %
17, BRI R000:]) .
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220 Traces of unknown parameters

200 - —  trace of center 0 "
— trace of center 1
180 |
160 1
140

120 -
100 i i i i
1] 10000 20000 30000 40000 50000
100 ; ; T T
90 - — trace of standard deviation of cluster 0 =
80 - — trace of standard deviation of cluster 1 1
70 - i
m -
50 -
40 E -
30 -
20 -
10 L i L L
o 10000 20000 30000 40000 50000

— p: frequency of assignment to cluster 0

L 1 L L
10000 20000 30000 40000 50000

Steps
B RS E A
TERE AR

VIEIASWE T — M E R AL TR SR — AT R 7. 1X 2 MCcMC 5
PSS R, AR USSR AN

2 A FHRITF A6 B R A HEAT T AN — R B0 . DS EN TS A AT 01
IATAKAT o PRIEAE A8 FERAE AT B ROREABEAT HEWT 2 i ZHE NI AR IR A 5. FRIC8
BT AR B 1] g 2 A ] o

3 A ] T I REALE, RS R T B BT AL E AR . IXBEA
HILFAE S 8RR RO ATAL B SR M Z ATALE A — R, Wl 2, ¥
EIRAE SR AR B0 2 1) B R P AT PR 5T

N TIEFIESERIE, MeMC FE R E L8 £ Mmemc FiEEs, £
e S SR b PR EET R B MeMC BT TR fE A AT, 54
AL EAMRH A AR E AEART A BHNE TR T —MLE S, A E S B
FE PyMC AR EH value JEYE o XAERE AT LATT (F HHE — A AT SR ARG 7
ERIEEE, RS E . value JEHEEAHE R

N MeMC BEBEAT BOA BT IREEREE, AL AR R

meme.sample(100000)

[k | 0%k kisiiokiokiolioiik] 100000 of 100000 complete




Traces of unknown center parameters

220 . .
: : : ! -~ previous trace of center 0
200 e ; I I e anter 1 -
: : : : — new trace of center 0
150 f A i e et — new trace of center 1 -

i i i i
80000 100000 120000 140000 160000

Steps
e th 0y R
MCMC X R H ] trace HIEA AN KRS EL chain, XS] DA sample 772, ik
R R RAHME GRS T ZZ R sample,  REWSIK 8] LLRTAEAS (RE 71 E
AHD o chain FIBREEAR-1, EREIRET AT T R [BIAEAE I A5 4 samples

3.4.1 YA — KB BBHETHR
B BRI ) AR A ZR IR SR P EdE . IATOEHE 7RI SHI &R
I3 Ao T T SRS O AR HE T 22 ) JE 8 A -

i i i
20000 40000 60000
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Posterior of center of cluster 0 10000 Posterior of standard deviation of cluster 0
T

100 110 120 150 140 150 15 20 25 30 B 40 45 50

Posterior of center of cluster 1 10000 Posterior of standard deviation of cluster 1
T T T T

6000 ~--
4000 -
2000 ---

i o A ; ;
190 195 200 205 210 215 16 18 20 2 24 26 28 30 iz 34

Pl SRR o AR HETT ZE 1K) I B0 70 AT
MCMC D445 RIS O T RERHE 77 43 IFE 120 Al 200 4b. [FJBE, it 7 72
W] DA RN AR
[l It 25 Y ) — 2R 00 T BB (0 JE g oA, X S mT D
mcmc.trace(“assignment”)7‘7?2?%"@J o NEEXS R —Z0 MR E I AR AT AL . The
y-axis represents a subsample of the posterior labels for each data point.x BN e 0 B s O HE A
LT RN 1, AR 0.

Posterior labels of data points

posterior sample

50
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P 53 55 1) JR SR AR 25
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<matplotlib.text. Text at 0x116274490>

10- o eoememerngienmee ese O — ]
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o8

value of data point

P SR RUE T 0 A 1 BORER
EIRBATE Y IEAS A B AREAS J (0 8edl, BRATIR B 75 21— A RERS SE 4T 10
UG BRI IE A A o e e P AR ELAT 5 22 (B A REAS B B AR X e bl & 4 2R 2
e AETT AR A AR R S48 R . T i T A )5 56 23 Ai 0 _E e Je
AN AT O, TR ) AR HE IR RS 7 A R B .
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0012 Visualizing Clusters using posterior-mean parameters

== Cluster 0 (using postericr-mean parameters)
po1o - = Cluster 1 {using posterior-mean parameters)
[ histogram of data

1005 | e e oo
L 1 frrnemee s fomremeane e — @ 4 -
000 |- e e

002l S A b

0.000
0

300

3.4.2 A"BREERRER

8 _LTH A 5~ 20 0 BIARHETT ZE AT AR K, K00 o BT ZE P REAR /. B AN 45
FOHEIRT A L7257, XA PSR . AP AR A IR T ZE AT RER,  BRE
PERAHA IR B ARAETT ZEA T IR rp— AN — A
Ko FEEPTARMAZEHAMLMT . Bln, aRI7 ZAR RIS 7 A 0 DX Il FE L
Ko RZ, ARTTZARNIIE 73 AR AE— MR Xt

7E MCMC H, IR [ ] B R R AR B ) R IR o A AS . ANF R i TR A RE
E—RAEA, KX SR ER2 . perhaps a sample has returned that cluster 1 has a small

standard deviation, hence all the other variables in that sample would incorporate that and be adjusted

accordingly. It is easy to avoid this problem though, just make sure you are indexing traces correctly.
=AM TR A X — e RPN B Ay, BEATHIR R Nx +y = 10. Y
H9 4 FIESBENIAS BRI, 74 500 MEA AL

[****************1()0%******************] 500 of 500 Complete

<matplotlib.text. Text at 0x11620b490>

s Displaying (extreme) case of dependence between unknowns
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AN T, PSRRI, W R IR B AR AT N 2y 1R 58 j AR AR Aok 2 5
R, BRAR = jo

iR [ T £ SR 5

CLEFIRIETT LA ke NS o e = 20 BERS S A7 (LI McMmc, 7T LA 21— 44
BRI .

AR TN ? R ASET R = 175, A TARRE XA fUm TN 20 iR i
N RERAABIEAL AT, X —FEERNHEEE, ROYX 2 75— HE

FIbRHET 22 M BTG e LUE Y, X7 25 B R BB . 8ROl 2:

FATHE N e = 175X RUB T80 1 MR R 2 K. ¥xJd T3 — KRR ML, K
VBRI SEP (Ly|x = 175)5

A —FANRIIITIE T BLH P (L |x = 175), REAHHMI R EHHE Mmeme BT,

KA TTERIER R, T REASE BB sz 07 VR W B R0 . AN T T DU A R ek
B, B EIEM H 1

T A A DU 30 AR e S SO DT ). DU e E A R
P(X|A)P(4)

P(X)

TELERS 1) T H AR L, = 13801, X2 B, Blx = 175. X F/REE AR
ZH (g, 00, 1,01, 0), WAVBESSEIRZ “x BT 1 KR EARZEH x BT o R
K27, BEREKNERENI S 8A K

P(L, = 1|x = 175) > P(L, = 0|x = 175)
P(x = 175|L, = 1)P(L, = 1) . P(x = 175|L, = 0)P(L, = 0)
P(x = 175) P(x = 175)

PRI A 70 BEAR & — /MR BT AT DK FL 2% i, S2FR B P (x = 175) iH 52 st A

M -

norm_pdf = stats.norm.pdf

P(AlX) =

p_trace = mcmc.trace("p")[:]

x =175

v = p_trace * norm_pdf(x, loc=center_trace[:, 0], scale=std_trace][:, 0]) > \
(1 - p_trace) * norm_pdf(x, loc=center_trace[:, 1], scale=std_trace[:, 1])

print "Probability of belonging to cluster 1:", v.mean()

Probability of belonging to cluster 1: 0.025

A4 AR5

L = 1if prob > 0.5 else 0

FHEL, R RORFEAR TR W AT BERR BE AR A FH I

GRS R PNE QR SR R ESITIDESE e Il R Cl WP R AP NSE IR N

3.4.3 F MAP =KX

IRIBAT A BRI, R RIUERHRAS AR — . VFS 7 O A
R, WATREEUN . XSS 80 SR RE T THE D A MCMC SR AR R R 2

MECEE SRV AT AR MCMC IS AT BRI ], TFEE 2 D8R, PR RIRiT i
PISE B A B o X B2 U MCMC SRR BT S RIS TA) (FE SR B AR
TIMRBAE BRSO - Kk, WRWEARER AR 2 HraR, RaraeEh
MCMC A e 28, PRIEAS BE A TR L 3 A ISR A
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LR EURAIG RO BRI, S SEOCS, B RIS AR S . FARTE L
N, FATHEE A EAME AV ML e B2 I, RO IEAR 2 J5 96 70 A1 L EAF AR 37
BTG G SRATTAE PT AR DAL PR A AT DL S B AT (burn-in period) f#7E, DL
G A TEBIHERT HIL . —BORUEFR “IE(H” N KRB # A MAP.

HIRT, FAVIFAFNE MAP AL BAEMRE . R A R Map WERVIALE, PyMC
AR AT LU LRIR TS MAP. 76 MAP XF R AT pyMC M dr & =B, B —
A PyMC [¥] Model SEBIE N ZE0. TR MAP SEI1) fie() 777, KA (1 S 5005 Bk
MAP 118 .

map_ = pm.MAP( model )

map_.fit()

MAP.fit()J7 5] BLLEFH P OT (B Rk R FE A TT S, AR IO S 7 A 1) v 5
S5 RFAMFEN . BN SRR scipy B fmin 7775 GZI7E 2 /M H FR B2 47
B o« HERNMRAFIEEHE Powell Hik, %R PyMC 8% 11% = Abraham Flaxman
(http:/ /healthyalgorithms.com/ ) W%, PH Powell 7775A fit(method="fmin_powell") » it
ZRRY, B MBOARIAL S, I RSCSCRAN T B WS g, W L2
Powell 777,

MAP IE AT DU TR R &, OB R RIS B R ] R . (ER SR A T fT—
FEor5E S B, HEWT S RAN B REHLIE, ol SRAE HERT S R A2 — DAl
PRI

B3 W0 R BR A0 F 757 MAP(model) fit()o IXFIRIBEIA A fic JiE S AT TR,
T DTSR ] R (burn-in period) K

%%%'ﬂﬁ%ﬁ (burn-in period) fi] B

It is still a good idea to provide a burn-in period, even if we are using MAP prior to calling
MCMC.sample, just to be safe. PyMC HJ LA HB) 23807 n MEAR, EAH sample JIER, 8
S A burn AIATIARIIE H . T ANREEA 2 BB 85 AU 1T
PR R A5, AR 00% M BIRFEASBAT I M AR ARK . O 1 RS DA B R SRR
A, H AL

model = pm.Model( [p, assignment, taus, centers | )

map_ = pm.MAP( model )

map_.fit() #stores the fitted variables' values in foo.value

meme = pm.MCMC( model )
meme.sample( 100000, 50000 )

3.4.4 XWISAMEIHITIVIE
BHAER
H A OGP B — 2L SRR AR S H E SRS . 1 R BE S B2 MK, 0F
AN BAOCNE, 1 RRGERTAK . WNRARABIRHETT L, BT 5x LR Z)
tFIt — kA GHERE .
R(k) = Corr(xs, xe—i)
B s AP A
xs~Normal(0,1),x, = 1

ye~Normal(y;_q,1),y0 = 1
XA B H G a0 R




time, ¢
K 7571 B

LXK B AR AR, “UIRANEAERN Zs PP MIALE, ERES TEBIIRAT T #3514
I 2t AL AR L, AR e, S TCVEIE L s I 2 1) 7 51 7 B e B 20 1) P 37
B WARKIEY, = 0.5, BEANTHMGRMEEWE, FR2ENLME.

F—I7Hy & BAHKK . WREEyY, =10, " LURBERBlys & 10 B EARK
o XiFy, FTUABEAT SRR R 25 R A AT 45 BE ML Ly s BN L), EANHTRERS 0
B 20 LURGE, & S ITRIATREVERTR, Xbys ISE I A AT A5 B S Ey, /s o BT LART A4S H
RS, BEEKIE/N, B R AR AR /N, AHSGPE 288 n. XS5 T K
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10 Autocorrelation plot of y and =; for differing & lags.

Autocomelation

08 OO SOOI O
06 T e e -

0.4 T s -

measured correlation
between y, and y,_,

02 e oo e oo onnanees d

00

0 50 00 150 200
k (lag)

P ANTR] e X I D, Ay 1) AR SR AR

MEARRTUUE , BEE kI, v, 10 E A ORTE e e sl ARBE RN o, 1) AR R RS
KRR — A bR EEmt e, BB, IR DS o il H AR

B XM mcMmc R siiE A H4 % &R

X MeMC AR, e R AR LA BAERIERIREA, X R BIARAR 52 H
— ML EB RS ALE N

A REMS AR IR R 0 AR B A (A A AR e B B2 B AT AR i (AR S . AT i 2
R DAE Y A REE R R — 2 K AN D BT, LR (e P a1t B AR
ISR EES i

RIFAR UL MCMC FP A1 R PE R EL B . PRIRARR B AR S AN OB
B, RETI AT

3.4.5 YHFPERHTHE

USRI AR 2 18] 1) E AR B s AT RE = P8 2R . — 285 A B SR R AR )
FM AN, AT ARSI PEESR, AT ABL n MBI FI R B AR, X Fis—
SEERARICNE . T By AT A R AR R R -




Autocorrelation of 4 (no thinning vs. thinning) at differing & lags.

0.8

0.6

0.4

Autocorrelation plot for y,
B no thinning

BN keeping every 2nd sample
B keeping every 3rd sample

measured correlation

between y, and y,_,.

0z

0.0

10 20 30 40 50 &0
k (lag)

] s
BEE M RBERE R 3N, E ARSI /N . X B R R RSB RIR G E,
AEf3

MCMC #t it ZEER 2 ISR IRBCA
FEARRE 10 551320/

Wik B AR R R AP0 ? R ISUERERIMRE, IR [l IR AR B — L et
X HIMRERR R i . R EAHRIEEIE 7%, XN Al RE 2 mir i), @H kU, A
i EEMRE 10 %, AU DOk FIEK .

I sample Ff PyMC H—MWREZHL Bl

sample( 10000, burn = 5000, thinning = 5)

pymc.Matplot.plot()

FEBEAT MCMC THE, T E B, BHEKE, ZE, HERAZEIR I
%. pyMCH B T HA A HUMEH T A

pyme.Matplot B T —A plot BR ¥, R AR A4 N mcplot, A
RAMFEMATEMRT o B LEEZ—A MCMC X R, FFREEAEEH 558510,
7, EAHRRBE AR

TN TR RN R A R, BB HEAT T 25000 UCKAE, FEE T 10 5.

from pymc.Matplot import plot as mcplot

mcme.sample(25000, 0, 10)

mcplot(meme.trace("centers”, 2), common_scale=False)

FIFERIREAE. B4, 10000 MEEASE 100000 4

[tttk kkoololol | () Otttk |2 5000 of 25000 completePlotting centers_0

Plotting centers__1
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T
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500 - centers_1 E:ist

400 -
i i -
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10L I | T ] %
D—E ~centers_1 acarr = 00 -
04 -
100 -
0z
D'cl 1 1 1 |:| 1
=100 =50 0 50 100 152 194 196 1%E 200 202 204 206 20E 210D
o] s

XRAMEE, B T ENRMRE LR R. EENET, E RS
R AR BRI o T o P28 ) g A A2 A P AR WA SRR 2 2R

AR ERFEAREITE, [FN B EIShR 7 H S — SR RO B2 R R
IME, ERMIREI A REEAT & . 7 J5 5070 A7 P vh 9 4% 2 B 2[RI IR X A] 22
95%% credible interval, TN F& 95% confidence intervalo 95%[1] credible interval %ﬁ 3] I%%%ﬁ
A 95% AT BETE VA TEIX AN X IH] o AR AO S RN e NS5 R AT HLBU, XA X (A
VER AR B, 2] DIk, Horb— A8 i D] gl A2 2T T 110 B A R R 28 6 () AN
EME. Combined with the posterior mean, the 95% credible interval provides a reliable interval to

communicate the likely location of the unknown (provided by the mean) and the uncertainty

(represented by the width of the interval).

ﬁ‘ center_0_acorr Pl center_1_acorr *ﬁ‘% E[(J K2 Q AH 5\’% K. E%DZ%E@J EI‘J g HHIR

A—FE, but the only difference is that 0-lag is centered in the middle of the figure, whereas I have 0
centered to the left.

3.4.6 REEEAE

BRIRIEFEAE R I MER M, X FEAEAR D I Bt T BAH S IR A R . 8
Stochastic 28 B[] value Z24, & MIEERA A LG MTENA E, 7 Lhik&E
TR AR . 2RI T RATT LUV EEI — DSBS R B, WRE
a0, RS, SAtrwHE st 2 8k rE

mu = pm.Uniform( "mu", 0, 100, value = data.mean() )

P RZEAETISHL, ARBTG5 XL T2 AU E N
MCMC WIHHME. 2R T, BUSHCELIEMTHHERER, it 2R E R
GRME, XFEEFIT R, EMEIRIE AR, MCMC kB G IE 010, A
RPAE Al T H AT R A A At 2k .

R A MAP KR, CRAMEIRSZ MeMC Bk iU AN ERG 5
FARMBEEE S HIR? 25 MAP IRUUIF IS EUE, A B TR HKH ) 301E .




FANEEM — AR, AEEMYMER PyMC H bug TN, A AR T IS

i

IR ATIEFERIALF, MCMC FIET RE AU, /IS AL AE. 58T,
IRER D AMRA LT HRSH: F) o KR MARR 2R EM, HItE T 0 A
MR MR R XA RERFBUNSHIER.

FT LB AN RSB0 I AT . —ROR UL, A RS EAN G B R AT ) S A AR —
AT, BB AT LR A

Covariance matrices and eliminating parameters

The Folk Theorem of Statistical Computing

If you are having computational problems, probably your model is wrong.

3.5 &ip
PyMC $fft 7 — B BT (I TR A DUy, X TRk, e N ERA R

1) McMC HLHI . Despite this, some care must be applied to ensure your inference is not being biased
by the iterative nature of MCMC.

3.6 References
Flaxman, Abraham. "Powell's Methods for Maximization in PYMC." Healthy Algorithms. N.p., 9
02 2012. Web. 28 Feb 2013. http:/ /healthyalgorithms.com/2012/02/09/powells-method-for-

maximization-in-pymc/.
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KRB E R VPERAG A  EE e, JRAR A BIsebri ge it
R sebr BRI H ATYIE, FERRANET A # R A A L R AR

4.1 R¥EE
BZNMNEFE AN DAL AEA, 1R B e e, N EZNEE[Z] 2
AR, WA W <&

23N Z; > E[Z]N - o (41

X 4D PrERBMEERE: RATFE— A0 BN &7 51 1 T R %
ZARINE EEEY =

RECEBE L — R AAERBCA, SEhs Le i AT,

HI3EIAR

U SR ABEAS KAUE BEAT R ATRBA, RT DA — M A TR e T H

BN RZ, RAPIDNBUEc Moy BA KEZIIFEARE, TFMEAMZ R,
RHGE AR W] A ZAEAE T 2L AZ FEEE . P ME R RIS

1

H1Z;, RBEH e Moy BAME, PRI PT DIORE SR 22 3w 70 i an 9 8 73

1w 1 1 1
Ni=1Zi = N<Z;101 +Z;2 02> = ClziZ;lN-l_ Cy ZZ;ZN
= ¢; X ¢ KR + ¢ X o ISR
~c XP(Z=c1)+cy; XP(Z=c,)
= E[Z]
(4-2)
DA &R AR BR 554 T RO, (HBEE S I R R ARk 2, (¥
HCRERPEL Z P HEEMEE[Z] . B T — Sl DR R IS DAL, KB BEX T K 2 80 A
H 2 IETFY o

4.1.1 REEBIHEDE

TR =AAREAABE AR S RBUEHE ERSEE], H=AAER RS

DA S EA = 4.5, FEARNEL sample_size=100000 4 (IFFA 43 A (315 55 T3
ZHA) . iHHEn =13 sample_size NREARPIIME, AT




Convergence of the average of
random variables to its expected value

average.of n samples; seq. 0
average of » samples; seq. 1 _

average of » samples; seq. 2
- true expected value

average of n samples

i i i i
0 20000 40000 60000 80000 100000
# of samples, n

B 4.1 =AM TERa 7 AT I REATL AR K H0E B 26

ME 41 B W, EFERDNEERUDI, BT EMERSERR I MAARKRE (fF
PRSI, PREMZ&EMEIR, BRIZNE, ARG, EE LA 1
KIFZ T o ME 41BN =25 iR AERENE T 4.5 ML, BEE NAZKHHLZAE 4.5
B 3430 i EEBRORIBR /N o B0 X B GE T 2 SR X A R 3112 28 N R B R AR ALl
( convergence ) o

N R R T USIGR B, FEAR KIS E R R BE LU A FE R R B S BI R A2
MUY RS R RSO L . RBEA Ny HREAS, RREREAANEONN, TH AR
FEARTYEASCERINE, B 4.5, ZIRIAOBEES, SRJE XA 2LREAS™ A2 (0 0 88 AT 1)
RHENHR) T RECEH . 1R EL LA, M DRAKIN, FEATEEME SR
[F1 P Y 300 B AT AR e n R 3K
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D(N) = JE [(% N 7 — 4.5)2] (4:3)
R SREBUHE R bR S, B nl DU RE e B AT IR SRR . BB W R EEa
Vo= (32,7 - 4.5)2 (4-4)

N (4-4) RRFBEANMFEARNIIE S AR, FOVILE Ny A A T DLE
HHENy IR, IEEZINGAYAE, RAY, KRR EBENIAR R, XY 3 7P, WF

2
Niyzﬁglyk SEY]=E [(% N 7, — 4.5) ] (4:5)

EITTRA

/Niyzgglyk ~ D(N) (4-6)

How 'fast' is the sample average converging?

expected distance between
............... . expected value and 4
average of N random variables.

i
0 10000 20000 30000 40000 50000

expected squared-distance from true value

B 4.2 FEASY BRI HSE GHED (R 2k




M 42 RIS RAIATVHE ML R EA L, BEENIE R, FEARER SR A
i CRARDARIIEAE ) Z 8 PR B LR J /N o[RSt a] DL & H 3 BIREAS S 10000 38400
2] 20000 i, PIEFAIHEEFIFE M 0.020 FEAKE] 0.015, /> T 0.005. HFEA S M 20000

HEm#E] 40000 B, FEALMEMYIE L [AIFIFEES M 0.015 FEARE] 0.010, XA T 0.005.

VLIS R AEIZ AT AR /N
@42¢%@%%ﬁ$@NN@ﬁ%ﬁoﬁ&ﬁﬁﬁﬁﬁ%%%ﬂm%oEﬁ%ﬁ

BT —NEENAS R A, RBHZ A, IR HOE B HE[Z] i s 5 A 20y

—VV“W(Z) 4.7)

AR 4 IREE, BN T—AEERN, ST LLRIE MG TH AP 2 E A
KRR EZ RIRRE RN B THHHESRER, X 47 A2 AL, EAN
-1 73 W TR A SCVF AN E VEAFAE, BT L R IS RS iR R St i &
e 224K o

4.1.2 A EVar(2)
J7 ZH T DTS, — B T BN B R GRS B H 0T
M, PR o W72 LMl A R AR 2
SN (Z; — w)? > E[(Z; — w)?] = Var(2) (4.8

4.1.3 AEEFMX
FESRRAE ARG T LR Z (B A AE — PR R &

¥ s SR B
1A@=ﬁ§2§ (4.9)
WAE AHCE R, WURAREAX,, WU A OMEE, FIP(A)ER
LN 140X = E[1,(0)] = P(4) (4.10)

N
X (4.10) WAL, B (4.9 FREEFRAER 1, () A B 1 HEEHHAE o,
Jir AR P e o A A 2 PR e BB DA A B 2 . (Rl — TR P 3R T2
LRI OMER ) o B, BRcA R RZ, W20 MiZ~Exp(0.5), ZRZK
T 10 MR, WERATNAFEA IR MEXp (0.5) 70 A, U]
P(Z>10) = -3 1,510(Z) (4.11)
import pymc as pm
N = 10000
print np.mean([pm.rexponential(0.5) > 10 for i in range(N)])

0.0069

4.1.4 MHHHENRESR

TER A, RRAE TS UL ST o ) Al o AR 2 B DU AT
B 2R IR R . (BUURAEW MRS BER R AEA, w AT DS
RFEAHEAT P TH S A . U SRR M FROAS FEZESR A, mT LA H SRACLE] 4.2 RO UACER
AR, AT R ELERBUIN B, DA IE IS . NOBORREA I 2B P

LEEN IR
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FEAR BB AL FE? I NG SR Pk B S a B AR AR ? X EARYE S PR
BRGE T, FIRGEMREARR T ZG K Gadr Z s, ETHEREASEMNWEEE) .
PAVEFE K E BAEAT AR 0 PR R, K4, RAE KA ER
AR B 42 EAA DU I N BUNS TR S A SEFR R Z B AR . iR
FEARHHEEA K, WTEGRE 4.2 PrsiBnLas . 7 RE0E H I RBERAT AR
FRATAIN FH KEe i E R g R EB(E (Knowing in what situations the Law fails can

o

give us confidence in how unconfident we should be) o NN IXEDHNE-

4.2 B3B8 “/NE”

A H NI RN, KECEE NS RA AR, X AT R IEIRIERI .
BIRRBUE B — MR TR, EmRAIERNERE, &RNST0EN AL, T
T )74 = A AR TP DL o

4.2.1 MBS TN

AR 2 DR — B AT o . Bl SRR E S, B X EE T #4704,
RN TV B AR 2 A i b 2 DX AR AN (R TI AN R o ) SR S0 g8 — e 388 X 3 o ) — SRR A1 3
TG Fm, I B O S VG, JF 7 AR N BB D I B o] 2 23

R A BRI BB A IR 8 A O e B . R EER AR
AL S 5000 NMEETE . BRIz AR N DEEAEEEAN B K0 A 754 100 2 1500 173
B3 . BT N BCE anfa] A2 i il A BT BT i M e e, Bt PAAS i DL A2 .
AR OMRENERANOREYEE. BRAFEAME, E8NEPRE N ANREES
R —FER, HIASEE RS, SEARN

height~Normal(150,15) (4.12)
ORI B AT o 4H, Bt DA R B AN B B B e . BdE N




Average height vs. County Population

e : : ; - - true expected height
153 P DU (SRR UL | U S 5 L
O extreme heights

152 - T e e A T A Y . N P s

151 £ et

Average height in county

147 &

146

County Population
P 4.3 B BN 1 B o B2 RN 11 R s 87 e PR RIS 4 v X0 L ]
MBI DO 2 AR ? WRANE BN DR, ST H A 25 Rl v] e

FEREIR, Bt WERAHBBNOHORAN, BATATRE S UL e B i\ B AT SR (K &
RN, RZIRER (AN CHE, KB 43 ) x Bl — A 1, 2Lt )
RASAE KB LT, Frolst R Sosm A D B S RERA L, RIEAORER
SHBREALD o (HRXFHEWTEE R AT, BEONKPIAEA—E A bl = A
FEAE . BRI R N Do D I SR I ASRE S i N D LSE . (SR
w=150) . FEARRIEER NN, RBOE B2 KRBT .
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TR gt AN RE U R EE BRI 5. BRI D BRI S 0 A LE 100 B
1500 Z [0 ELAEE PRERAT, I s B im A0SR B vy A B (0 A AT 45 100 21 1500
(321045, HAMERANOBET K. NIk & m AR E T BN D 2.

Population sizes of 10 'shortest' counties:
[111 103 102 109 110 257 164 144 169 260]

Population sizes of 10 'tallest' counties:
[252 107 162 141 141 256 144 112 210 342]

ML FEH, B RAAIE 100 2] 1500 (5 540 X524 2 K HoE #
R4 A5 o

4.2.2 A Kaggle WADLEOREK

A 2010 R E N DA LR, EAREREXN X, mRERAX T
3K e AR R H T Kaggle M4E5 2] w28 R M EHESE . SFRM B RR N T
MEAE XS N DRSS R R 2, BRERPEIEE A o 2] 100, 58 1 HRE
g NOPEURON, tfiE, FEESIAEL DR EAN S . R S
A R R AN X A N D= ok R




Census mail-back rate vs Population

© most extreme points -

Mail-back rate

20 -

D

1 I 1 I I I 1 I
o 2000 4000 5000 8000 10000 12000 14000
population of block-group
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BRI T i S I . X LA SR AR B B TR . B B A S =
e, BEEFEALCRE I, XA =MIBARGEE S (ROBR AT & K HE B 2
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WVFE I 7 9mR 7 BRI, WVFERRERGEA “NEEE BT LR I 7]
A AL AR S SR — AN N BRSO T SRR NG e A O
FERL . AT PAEANITR (K R HOE BN 2RSS o XA AT K R A B HE i) AU m]
DA ARG T B VR SR AR B L AR T o JLSANER,  FRATTZEHAAR 1) R E0E B 2
FESE M, G e el Bt i R T A i KEUE BRI EE R . 5 — T, Rk
fi) — >/ FRIECE SR AN — Se s s b b — B s, IR SRR A

A — R H e BT AN PR X, AT BABREE (The Most Dangerous Equation>> °

4.2.3 Y0AIXY 408 M IS HEFB

WAARA S F A RENITFE SR BN, AR N RIE K E BIX — Uik, A &N
RRE e N R — Mg BN R e 5 REAELRRT S VP i) 8 IR P P4 A —
NN, N NEE = A — AR 2SN G R . BROIZDEESHE, XFEDR
Vo345 o2 F O I SO R o 1 =L SEAME

W WX PPN R B 78 o s DL HE ok 7 IAME . 1R 2 NBRENTE R 218 R K,
PR, W R EATRVE D BB PR AR R &5 R T HE Y, mA&AH PRI RIEAS
IRGF o JEHE GO 2R 45 R A HEAE B Al T AR E PR AR IR vE 7, T 28471
VRO R Ry 22 VP 1. 30 — S B IR i A Ve HEE TR R S A
EATIVEITE 4.8 747 o FRATUIARH X FpE L B TIE IE

2138 P2 — N RAT B . B R SN A R, XA Sl AT
HIER A A X AN R o 2038 X A AR NS AT RS (BERR V% i S B A5 1R
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[-] Cocky_All_Day 1957 points 2 days ago ( |

If I ever found myself being attacked by a bear, what advice would you give me?

permalink source report give gold save reply hide child comments
[-] CICITLTTTTe)) [S] 4848 points 2 days ago ( |
If it's a Grizzly Bear, play dead. If you're in California, it's a Black Bear. Fight back with everything you've got
because it's trying to kill you. If it's a Polar Bear, you're fucked.

permalink source parent report save give gold reply
[-] ExBoop 4052 points 2 days ago [ |
If it's brown, stay down. If it's black, attack. Mow confirmed to be true.
permalink source parent report save give gold reply
[-] IrkenInvaderGir 4439 points 2 days ago ( |
If it's white, good night.

permalink source parent report save give gold reply

Kl 4.5 LIl PR IR

YA B sE TR — 25 PR R BRI 2 A0 R 5 O PRI REAT HE

VAT : R PR ARG, MK PHeAR . IR AN 7% 00 7]
BET, WER— APPSR T EEAMEREE, MENSCE BT R E. BARRANTER
RWAT, HEMNARREFIPFE (EPFREA] DURFT) -

2 ZEFRIE: A R SR AN SO 22 2 1) ) 22 e i G R BEAT HE Y o XM T 1 TPAEAE R
e o (HZ TCVE AL BEVTAR I A7 AE I TR i R 4 — T R B L LR FOAR A I [
AR TT LI AT VP8 FH 22 53 REHR A I AT BE SR AR I (8] foe K VR HEFE AT, RN
H5HEPFR AL IH I PFe IR R T B 2 I EE

3RS TRIR T HEFE . 2 RO R R IPHE P AR OIS [R] . S5 25R 2 — N EE, ]
CAFH BRI 72 3 P Bl B3 0 Bl 22 3 RO o I, G RS PR 22 S FE AR R RS bt —
WA —NMFIEEL 100 B4 99 NFPFAIHEA BEERT. W DAEFE— DI RE, RfA
KA BRI 18] B AR A VP8R P B AD 22 5 ORI B e R4 o (H 2 2 KA 18] BB 4 2 Bt
(1?1 A R RE R BB AL A 18] T I 18] B A A A2 4 O PP TR 2 ANEERTHT 18
ANH PR IEAT XS EE

4 TP FI R PR RS PP DA IZ PR RO AF PPN ZE VR ST, A3 B PP%,
VEONHERRE . X oe 1 3 R, AR RO HER 4R, B — AN AT ie
WEMZRIVFR — PR RIB S HEAA1G 70. FERXFIREERRET, WX —DPHE I oF
NEE A, BP0y 1o, M5 — MR 0 999, ZPFAMECN 1, BB
EAVFRHIEFERE N 0,999, RGP BTEZ AT — >/ (BROYRTRERT— 1)
PHEZREHLE, A 1.0 HAEBEHLED .

At R — RGPV A T RE AT 999 IREFITFIRIPFR EE4F . IOATRATIEAT 999 ik
BOEREE ARG B 1K 999 IRIMIBEEF B VAT BE2 47 VF, BRI RAT — AP it EL
999 UFPFHIVFIR LT, BARIXMTTREMEIR D

FATHIE H AR At T OSSR VER,  SEREF PP I AN B hF e,
FUSER PP BB R 1, SRATREMLIN 2] AR BN PHE I EF P ZE 1. 244 999 4
GFVF, 1 AZEVERE, BAT T DL SE RS PR T 1, FRATREX A SRR R 2 R
ARECEBIIAEAE, 2, HRAH RGP, BATEEW S B PR 2 1. X
Wi A2 SR AR A DL PS8 i)

AT LS PP (0 B S A AR s B PP R OSB3 o Ao B 203 R A PP E AT 42 30
HUAT DS RILF PP A A 3 2 70 A1 o TH SR VP 1 B S0 A I S Y T DA il




LR KA KPR AR A BUR AR, BRIA V2 PR R PR R AR AR H
(BomfED XA 70 A K 2 B P AE R AR I AT USSR B0 BE, KT
ARG LA T LB RE o B e 50 27 F8 O I PP 2K BE (52

2 fWZEHE: ZLEMNE V2 AT U FIaAERA T, E—1R: r/aww I
RS VR 2 AT 2B, 55 =N r/politicse F I XHIX AN TR VAR AT N2
FATRIA o D058 26— DU N PERS S SE A, A E O, WS EEZ R (55
TANTUEAREE) 1R AT K PHE P RES A 2 SR B F I AR B, BRI
ARFTERTEIRHR 2 — 3

ST CLER T, I E B 50045 S 56 3 A ELBLLS

MBS A EJdei, W LM B SE A PRI Ja 9670 A e Python JHIAS
comments_for_top_reddit_pic.py P 2L o M AT HE R SERT T RIS EFIR E R . N
e B R ITERE R .

Title of submission:
Frozen mining truck

http://i.imgur.com/OYsHKIH.jpg

<IPython.core.display. Image at Ox1 077¢b850>

Some Comments (out of 77 total)
"Do these trucks remind anyone else of Sly Cooper?"

upvotes/downvotes: [2 0]

"Dammit Elsa I told you not to drink and drive."

upvotes/downvotes: [7 0]

"I've seen this picture before in a Duratray (the dump box supplier) brochure. If I recall it was
cither at Ekati or Diavik... In which case the truck could be either a Komatsu or a CAT... anyone care to
comment?"

upvotes/downvotes: [2 0]

"Actually it does not look frozen just covered in a layer of wind packed snow."
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upvotes/downvotes: [120 18]
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4.6 NFEVFIR I 558 A

MR LA, AR AmIREEN, HeEnMARKIKE, KEMR 7 HRPmiFiER
AN 2 1

HeF

AT 0 H R ERVE e NG BIZE AT HEY o 2498 T RN TABEXS 7 AT AT HF 5 o
REgx B T T . AIRZITT NI EE R, A — sl Y]
B PR . R BMER IR A — ARG Bk £ . KR PFONIIEIFRE
B AT AN E

I suggest using the 95% least plausible value, defined as the value such that there is only a 5%

chance the true parameter is lower (think of the lower bound on the 95% credible region). Below are the

posterior distributions with the 95% least-plausible value plotted:

[3120][0.36980613417267094, 0.68407203257290061, 0.37551825562169117,
0.8177566237850703]
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Posterior distributions of upvote ratios on different comments

1a
] (2 up:0 down)
Do these trucks remind anyone else of Sly Cooper?...
u- (7 up:0 down)
Dammit Elsa | told you not to drink and drive .
] (2 up:0 down)
I've seen this picture before in a Duratray (the d. .
= {120 up:18 down)
= Actually it does not look frozen just coverad in a...
10 - T TR
n
n
n
BL e SRR ORISR SUPRIP B (55
n
n
n
6 : ---------
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n
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n
n
n
2- N
n
n
0 - i -
0.0 0z 0.4 0.6 08 10

4.7 KRG ER R4
RIBRATN A, PR ER PR, WP R EHERBERT . Visually
those are the comments with the 95% least plausible value close to 1.
Why is sorting based on this quantity a good idea? By ordering by the 95% least plausible value, we
are being the most conservative with what we think is best. That is, even in the worst case scenario,
when we have severely overestimated the upvote ratio, we can be sure the best comments are still on top.

Under this ordering, we impose the following very natural properties:

given two comments with the same observed upvote ratio, we will assign the comment with more
votes as better (since we are more confident it has a higher ratio).
given two comments with the same number of votes, we still assign the comment with more

upvotes as better.

BB TAAN B SER B R

TR MR IR AR R R, B RS TR% 6, Tl TiHE
AT, B Ok A T A8 . 1 delay the mathematics to the appendix,{ﬂ%ﬁ@ﬁ“ﬁﬁﬁ )

A NXIHHE T IRME S B BR
a ab
EIZ"L65J%;;;%;555 (4.13)
Hrfla=14+yu, b=1+d

PRI EL, dRZVFIAN L THREA (4.13) 52 NUHERTTE S, 1255 6
EA I 2 BN AL AR




Approximate lower bounds:

[0.83167764 0.8041293 0.8166957 0.77375237 0.72491057 0.71705212
0.72440529 0.73158407 0.67107394 0.6931046 0.66235556 0.6530083

0.70806405 0.60091591 0.60091591 0.66278557 0.60091591 0.60091591
0.53055613 0.53055613 0.53055613 0.53055613 0.53055613 0.43047887
0.43047887 0.43047887 0.43047887 0.43047887 0.43047887 0.43047887
0.43047887 0.43047887 0.43047887 0.43047887 0.43047887 0.43047887
0.43047887 0.43047887 0.43047887 0.47201974 0.45074913 0.35873239
0.3726793 0.42069919 0.33529412 0.27775794 0.27775794 0.27775794
0.27775794 0.27775794 0.27775794 0.13104878 0.13104878 0.2777579%4
0.27775794 0.27775794 0.27775794 0.27775794 0.27775794 0.27775794
0.27775794 0.27775794 0.27775794 0.27775794 0.27775794 0.2777579%4
0.27775794 0.27775794 0.27775794 0.27775794 0.27775794 0.27775794
0.27775794 0.27775794 0.27775794 0.27775794 0.27775794]

Top 40 Sorted according to approximate lower bounds:
327 52 Can you imagine having to start that? I've fired up much smaller equipment when its around
0° out and its still a pain. It would probably take a crew of guys hours to get that going. Do they have

built in heaters to make it easier? You'd think they would just let them idle overnight if they planned on
running it the next day though.
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112 32 Wonder why OP has 31,944 link karma but so few submissions? /u/zkool may have the

worst case of karma addiction I'm aware of.

title | points | age | /r/ | comnts

e e Rl R

[Frozen mining
truck](http://www.reddit.com/r/pics/ comments/ Imrqvh/frozen_mining_truck/) | 2507 | 4" mos |
pics | 164

[Frozen mining
truck](http://www.reddit.com/r/pics/comments/ 1cutbw/frozen_mining_truck/) | 16 | 9"mos |
pics | 4

[Frozen mining truck](http://www.reddit.com/r/pics/comments/vverv/frozen_mining_truck/)
| 439 | 1%yr | pics | 21

[Meanwhile, in New
Zealand.. J(http:/ /www .reddit.com/r/pics/comments/ir1pl/ meanwhile_in_new_zealand/) | 39 |
2%yrs | pics | 12

[Blizzardy day](http://www.reddit.com/r/pics/comments/ luiu3y/blizzardy_day/) | 7 | 19"dys
| pics | 3

*[Source:

karmadecay](http:/ /karmadecay.com/r/pics/comments/ 1w454i/frozen_mining_truck/)*

6 0 That'd be a haul truck. Looks like a CAT 793. We run em at the site I work at, 240ton carrying
capacity.

4 0 There's just something awesome about a land vehicle so huge that it warrants a set of stairs on
the front of it. I find myself wishing I were licensed to drive it.
4 0 Heaters all over the components needing heat:

http:/ /www arctic-fox.com/ fuel—ﬂuid—warming—products/ diesel-fired-coolant-pre-heaters




40 Or it is just an amazing snow sculpture!

3 0 Thave to tell people about these awful conditions... Too bad I'm Snowden.

2 0 I've seen this picture before in a Duratray (the dump box supplier) brochure. If I recall it was
cither at Ekati or Diavik... In which case the truck could be either a Komatsu or a CAT... anyone care to

comment?
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JIELFT, notice that the left error-bar is sorted (as we suggested this is the best way to determine an

ordering), so the means, indicated by dots, do not follow any strong pattern.

Can you imagine having to star -~ : H SNSRI SRR
Actually it does not look froz - U S——

That's actually just the skin -
The model just hasn't been tex -
No waorries, [this]{http:/imgu ---
Dammit Elsa | told you not to
Speaking of mining...[BAGGER 2
Wonder why OF has 31,944 link
This is what it's typically Ii
That'd be a haul truck. Looks
Taken in Fort Mcmurray Ab! -
"EXCLUSIVE: First look at "Hot -
This is the most fun thing to ---
it reminds me of the movie "mo ---
Also frozen drill rig. ---
There's just something awesome -
Heaters all over the component -
Or it is just an amazing snow -
| have to tell people about th -
Someone letitgo -
Elsa, you can't do that to peo -
woo Alberta represent -
Just thaw it with love ---
Looks like the drill next to i -
That's the best snow sculpture -
[These](http:/fi.imgur.com/xYu -
Migger -
Please someone post frozen Bag -
It's kind of cool there are tr -
Eight miners are just cut of f -
http-jfimgur.com/fgallery/Fxw30 ---
BRAZZERS.
It would take a god damn week
Maybe /r/Bitcoin can use some

Checkmate Jackie Chan ---

|'ve seen this picture before -

The Texas snow has really hit -

I'm going to take a wild guess -
Do these trucks remind anyone — - t
COOI 1 L L i I I

0.3 0.4 0.5 0.6 07 0.8 09 10

K 4.8 PFitHET A

M EERTVE H, i EIEHT AR B HT T &

VRIARZITE RS

PAEHEF 7 i U vP- 2 VPSR IS AR A . (H FO B VT R G I RCR an e w451
W s Sy vy R AT DUE RS 07 s T R, i I RIS oL: W
R=DZEAWA s 70, A— MR BEERT LR s 53F0, AHE— 49577
g5, HEARRI— N EMST TR —1N6H.

A LU P B0 RN N 0 ROREVE, 1 RoRIFITF. — N HIVTE S &G
A DU 2 AN S VP Z VP A A, R B ngy, LN TR R
%omm—¢5ﬁﬁﬁ§%,%EW?%ZQW%W%MAO%ﬁ%ﬁﬁ%loﬁ#ﬁﬂ
DUEH RIS (4.13) #H70HE T, HAida, bitEI7EA L

a ab
atb 1'65\/ (a+b)2(a+b+1)

Hrfa=1+4+S, b=1+N-S5
NV P EE, SEIME BT,

4.2.4 41t Github 849

(4.13)




Github E BRI TG 3207 Il it ? Githab A7 6 B2 I, RAZM
HHa ARG & KM oE 2

4.3 %5ig

EARARHCEHRES, (Eyindty, NAERABERKNONEREA AR N EE
15 v L2276 S I Y 45 R o] 52 2l SR R

VAETH SR R R, 8 0o 0 5 36 0 A ROREA, AR RO HIE B A L P B I 1
P

2 AERFAKCRAR /N DU W, 5 36 70 A1 G4 58 22 ORI o A 56 A ok
BEE X LEREALIE MO A7AE . SR AR P BEHLIEROR, EBEARBENLIERE N [N e
)2 SRt 2 m] AT IR o

3 There are major implications of not considering the sample size, and trying to sort objects that are

unstable leads to pathological orderings. The method provided above solves this problem.

4.4 W

Derivation of sorting comments formula
Basically what we are doing is using a Beta prior (with parameters a=1,b=1, which is a uniform

distribution), and using a Binomial likelihood with observations u,N=u+d. This means our posterior is a

Beta distribution with parameters a’ =1+ub’ =1+(N—u)=1+d. We then need to find the value, x,
such that 0.05 probability is less than x. This is usually done by inverting the CDF (Cumulative
Distribution Function), but the CDF of the beta, for integer parameters, is known but is a large sum [3].

We instead use a Normal approximation. The mean of the Betais W =a’ /(a’ +b’ )and the

variance is

02=a’ b @ +b" )@ +b" +1)

Hence we solve the following equation for x and have an approximate lower bound.

0.05=D((x—un)o)

) being the cumulative distribution for the normal distribution

Exercises

1. How would you estimate the quantity E[cosX], where X~Exp(4)? What about E[cosX | X<1], i.e.

the expected value given we know X is less than 1? Would you need more samples than the original

samples size to be equally accurate?

# Enter code here
import scipy.stats as stats

exp = stats.expon(scale=4)

N = 1e5
X = exp.rvs(N)
#..

2. The following table was located in the paper "Going for Three: Predicting the Likelihood of
Field Goal Success with Logistic Regression" [2]. The table ranks football field-goal kickers by their

percent of non-misses. What mistake have the researchers made?

Probabilistic Programming and Bayesian Methods for Hackers | 2014/7/15




Tl
-
~
N
<
-~
o
N
[2)
L.
(O]
<
(&)
©
T
p—
[e]
[t
(]
©
o
=
fre=]
5]
=
<
R
[}
[
>
©
m
©
<
©
jeli]
c
S
S
@©
=
a0
o
-
o
(&)
S
2
Ke)
©
o]
[e]
p—
o

Kicker Careers Ranked by Make Percentage
Rank Kicker Make % Number of Kicks
Garrett Hartley 87.7 57

2 Matt Stover 86.8 335

3 Robbie Gould  86.2 224

4 Rob Bironas 86.1 223

5 Shayne Graham 85.4 254

—_

51 Dave Rayner 72.2 90

52 Nick Novak 71.9 64

53 Tim Seder 71.0 62

54 Jose Cortez 70.7 75

55 Wade Richey 66.1 56

In August 2013, a popular post on the average income per programmer of different languages was
trending. Here's the summary chart: (reproduced without permission, cause when you lie with stats, you

gunna get the hammer). What do you notice about the extremes?

Average household income by programming language

Language ~ Average Household Income ($) Data Points

Puppet 87,589.29 112
Haskell 89,973.82 191
PHP 94,031.19 978
CoffeeScript94,890.80 435
VimL 94,967.11 532
Shell 96,930.54 979
Lua 96,930.69 101
Erlang 97,306.55 168
Clojure 97,500.00 269
Python 97,578.87 2314
JavaScript  97,598.75 3443
Emacs Lisp 97,774.65 355
C# 97,823.31 665
Ruby 98,238.74 3242
C++ 99,147.93 845
CSS 99,881.40 527
Perl 100,295.45 990
C 100,766.51 2120

Go 101,158.01 231

Scala 101,460.91 243
ColdFusion 101,536.70 109
Objective-C101,801.60 562
Groovy 102,650.86 116
Java 103,179.39 1402
XSLT 106,199.19 123
ActionScript108,119.47 113

4.5 References

1 Wainer, Howard. The Most Dangerous Equation. American Scientist, Volume 95.




2 Clarck, Torin K., Aaron W. Johnson, and Alexander J. Stimpson. "Going for Three: Predicting
the Likelihood of Field Goal Success with Logistic Regression." (2013): n. page. Web. 20 Feb. 2013.
3 http://en.wikipedia.org/ wiki/Beta_function#Incomplete_beta_function
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FEL58 MEKBH

Gk AR R RN . AT EEMATRESRAG 2 D, MR F AL T
20, ATV R E R 3RS . T B8 e — A B .

£33 NN

MR — AR S AL AE TR R X R i fib Pl eI T I A 2 D o il v ME XA o
I T AT REPE Y 99%-100%, HIX—HEZRMAIE A 95%. AR5 AR I = b it
RORERE, JFRBRFE AR AER RS I, IR 1.

JX/I\EEEQ E@WJ%U\E Eﬂ T $é¥1i)ﬂ *%E%E%éﬁ%ﬁﬂ‘ﬁﬁ E‘]ﬂ)ﬁ\ o Using a measure that
emphasizes estimation accuracy, while an appealing and objective thing to do, misses the point of why
you are even performing the statistical inference in the first place: results of inference. The author

Nassim Taleb of The Black Swan and Antifragility stresses the importance of the payoffs of decisions, not
the accuracy. Taleb distills this quite succinctly: "I would rather be vaguely right than very wrong."

5.1 MKW
T ARG KRR O 5 R SRR — M En S 5
ERENHES LS
L(6,0) = £(6,0) (5-1)
FEH K MO B AR TR IR R . BURBRBUE K, iR 2. s
TR R AR I R DR AL, W
L(6,0) = (6 - 6)° (52)
RHEIRNT, — BN TR T, DAL B8 S U R 4 3 R 07 IR K PR
Ho A Ty FIORTRR 745 25 55K B ¥
(6-0)Y6<0
c(6-6),6=00<c<1
EARE, BORERHCE U T AT ST NN S R R O
REE S T TFA A AR, A T B IR 5 9 IR AR 150, FEXT RS
BRSO AT A I B 22t

A negative property about the squared-error loss is that it puts a disproportionate emphasis on large

1(6,6) = (53)

outliers. This is because the loss increases quadratically, and not linearly, as the estimate moves away.
That is, the penalty of being three units away is much less than being five units away, but the penalty is

not much greater than being one unit away, though in both cases the magnitude of difference is the same:

< B 3-1=5-3

iR ZE ORI ¥ 7 R ZE R SR AU 45 R AR IR o LS AN T A0 4560 1) 25

PEIUR R BRI, R
L(6,0)=6-9| (5-4)

HEH H ok m o

® 1(0,0) =1y a2 Nla% 2] HH I o-1 1R BRI EL

® [(6,0)=—-08log(6)—(1—-0)log(1—-0);0€0,1;0 €[0,1], FKN log KL,

R ALAS 2% > i I — P ok R

M ERE, IEBHRR B E BRI TH: O BETE LR, 2)

A AR, RO 2R R B T DAL 10 R AT B . ANk B — AU S A R R B




RIS P VL R 32 BN PRl X AT SR AE R PE B DT SR U, AT BLRTHE R
IR PR, AN TR Ja 7R A 48 A T ST B4 2k PR K

T 2 mORUL BAERISUR R B S 2, BT THME B E 2 Z 1
BRAL, AU R X R TR . AR R RN = FEURSL R . BB RN
HI15, GEitA K n] LUK FET, M@ XGR T IR AE 0% 21 1962 18], U R At Mg K5 EE
R REPELS R E (9% MMERA UK, 1%MBRAHAD , g H @ ATRE
AR

IIRAFE BB TS 5, BB LS5 T, R s A ARG R 2B 1) A, 457
KRB AT FFAN—RE RELLAPOR AR P R e, P DA 22 5 22 (R SRR AR I AL, Bk
BB RIET B, BN RA —EfFEMEIS (A /E T REERAEMRD) .
RESRBATB T IR R R, T AR eR SO e [ M 2 R A H bR A7 — 28 4E %
AR IR BRI R

o 1(0.0) = L 0,0e0,1], KB HOB I T 0 80 1 RS

A, NI SUEOSET 0 80 1 BT, BURBELIERIARH K, BRSOt
BRI 0 B0 1. SRR EE A AV R, R A T4
R/ AR EABRRECERINRSHOULEIE 1 (B, —AEUR
LRI RS R MR AR LIRS AR

o 1(0,0)=1—exp(—(6-0)"). EBUREHMMETIEA 0F] 1, EHBIRE
HFR IR I AR KO R K 0-1 $K b ML B, {E A
SUETBA PR TR BE ST 0-1 4K b 5O 4 B2

®  SIIKINARL B KT B 4R S

def loss(true_value, estimate):

if estimate*true_value > 0O:
return abs(estimate - true_value)
else:

return abs(estimate)*(estimate - true_value)**2
® &G —/MITFRET (The Signal and The Noise) , KRN F WAL T
PN
RS AR BT F TN A SR I B T R 5 RIS 22 o 24 3000 T 9 T SE B b
SCBCT IR, KK AT RESIH R R TR A T AT B, T — A A 2]
I R AR — A A A
[The Weather Channel's bias] is limited to slightly exaggerating the probability of rain when it is
unlikely to occur — saying there is a 20 percent change when they know it is really a 5 or 10

percent chance — covering their butts in the case of an unexpected sprinkle.

T b R AL 45 K B K AR A8 AT A R ARt ) DA R IR AL

5.2 I L P AR K R

FIHACALE, #A—MAKRISLRMERE: RAVFEESLNSH. 48T, nRkos
HIE 7 ESLNSE, EE SEEXN AT 7. R A AN RNTE B SE
R BB = H
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FE DU HERT RIS EOCR B 5 S B fN S 30 0 AT I BEN L AR & o 3t 5 307 A 1T
T, WERD SRR BER B LS. A 7 AJERI A0 RS B IR A
AT DATHRE 5 Rl THAHOC B R BB 1o BOARMTC & 5018 7 RFISHUN R 5% 501,
FATHE RO R RAETEA T TR R . 5N R T UK B L,
JHER R o0 B R I il 45 R B A

T e A BT R A R TR DL st SISt S K RS AIL AR TR SR B S AT
TENMINS . Ehr ERAR ORISR, Jaih s Am Rt AL T 45 3 T e 2P gR,
WRBEEE R A2 BA K KVEAM . In the course of an individual's day, when faced with
uncertainty we still act by distilling our uncertainty down to a single actiono 5 Z%M , %g’iﬁ)ﬁ
By A ARG e, PRARISILR R A A IR AT RIS S B, AT DL S AR
FIRTCVETR B E VERIBREE, XS RAEEEFE . WER U5 56 ik 3 A
e DU ri it

RBEP(01X) RTEMIMEHE X FI5&AF FOREIAEEE, oMHIERI LI N

1(0) = Eo[L(6,)] (5:5)

X 5-5) WHNOMIRE AT, K (5-5) FER FhROR RS P o2& KA
BENLARE .

N B EE IR AT R E . SRR BN ARG, i =1, N,
BURRBONL, 7T L@ RHCE #, R GRS THE AT S H B 4

~ ¥, L(6,0) ~ Eq[L(6,0)] = 1(B) (5-6)

5 MAP HEL, THESURR BRI EMEA A TR AP EZER, BOTE MAP
T TR 5 56 0 AT B ORAEL, TS T R S A AR . MAP Hh Ui 5t (45 5L AT
Reff IR 2 R AE KRR X S, AT R & AE IR, and leaves your estimate
ignorant of how ignorant you really are about the parameter.

IR ZEIRI H bR R R /MUALIRZE, AR S5RZESS LAk, Compound this
with the fact that frequentist methods are almost guaranteed to never be absolutely accurate. Bayesian
point estimates fix this by planning ahead: your estimate is going to be wrong, you might as well err on

the right side of wrong.
5.2.1
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