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Diagnosing Convergence

U Convergence Criteria:

e There are three (increasingly stringent) types of convergence

o Convergence to the Stationary Distribution
o Convergence of Averages
o Convergence to iid Sampling

Convergence to the Stationary Distribution

e Minimal requirement
e Theoretically, stationarity is only achieved asymptotically
e Not the major issue. Rather,

o Speed of exploration of the support of f

o Degree of correlation between the #(*)’s.



Diagnosing Convergence

Convergence of Averages

e Convergence of the empirical average

T
= 3" h(6) — Byfh(o)

for an arbitrary function A.
e Most relevant in the implementation of MCMC

o Convergence related to the mizing speed (Brooks and Roberts)

Convergence to iid Sampling

e How close a sample (ﬁiﬂ, e ﬁ.,{f)) is to being iid.

e Can use subsampling(or batch sampling) to reduce correlation be-
tween the successive points of the Markov chain.



Diagnosing Convergence: Be Careful

Overall Cautions

e It is somewhat of an illusion to think we can control the flow of
a, Markov chain and assess its convergence behavior from a few
realizations of this chain.

e The heart of the difficulty is the key problem of statistics, where the
uncertainty due to the observations prohibits categorical conclusions
and final statements.

e But...We do out best!



Monitoring Convergence

O Example: Beta Generator




Monitoring Convergence: Example

Beta Generator

e This is a very bad chain

e CLT doesn’t hold

e Metropolis and Direct
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Monitoring Convergence




Monitoring Convergence




Monitoring Convergence

J Common Estimates:




Analyzing Outputs

O Check Statistical Efficiency
v Assume: xli), i = 1, ..., m sample from rt(x). x(®) ~ rr(x)

(] Calculate Variance of Estimator:
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o

o? = var[h(x)] and p; = corr{h(x'), h(x"T11,



Analyzing Outputs

|
3 Define integrated autocorrelationtime:  7int (/1) = B) + Z P

i g f 2
mvar(h) = 2ne (h)o”.

. . J
{ It is often observed that p; decays exponentially:  |p;| ~ exp {— T } :
lexpl

d Define exponential autocorrelation time:
J
—log|p;|

Texplh) = limsup,; ,



Analyzing Outputs

U Large time:

- 1 1 1
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O Define relaxation time:

Texp =  SUP  Texpl ).
hel?(m)



Analyzing Outputs - Convergence

O Concepts of autocorrelation and relaxation time are also related to the
convergence rater of the algorithm.

O If his an eigenfunction that corresponds to the A eigenvalue of the transition
matrix then we have:

pilh) = M
I + A |
Tint (1) = ; s F"_F.‘x'[:u'-r';i'] - = 3
S 2(1 =N e log | Al
O Relaxation time:
|
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XpnuarodoTnon

To TTapOV eKTTAIDEUTIKO UAIKO €XEI avaTiTuxBei oTa TTAaiola Tou
EKTTAIOEUTIKOU £pyou ToU OIOACKOVTQ.

To épyo «AvolkTa Akadnuaika Madnuarta oto MaverioTAuio
Kpntng» £xel XpnuaTodoTAoel JOvo TN avadiauop@waon Tou
EKTTAIOEUTIKOU UAIKOU.

To €pyo uAoTtroigiTal oTo TTAQicIo Tou Emixeipnoiakou NpoypaupaTog
«EkTtTaideuon kal Aia Biou MaBnon» kai ouyxpnuartodoteital atrd
TNV Eupwtraikn ‘Evwon (EupwTtraikd Koivwviko Taueio) kal atro
€0VIKOUG TTOPOUG.

EMIXEIPHEIAKO MPOIMPAMMA
EKMAIAEYZH KAI AIA BIOY MABHIH == Ez rIA

= H )

YNOYPTEIO MAIAEIAL KAl @PHIKEYMATAQN
EvpwnaikiiEvwon E!AIKH YMHPEZIA AIAXEIPIZHE

E K6 K 6 Tapei
UpuTAHO TOIVIS TAHE® Me ™ ouyxpnparodotnon tng EAAGdag kat tng Evpwnaikig ‘Evwong
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2NUEIWPA adEI0dOTNONG

» To mrapdv UAIKO diaTiBeTal ue Toug 0pouc TnG adciag xpnong Creative Commons
Avagopd, Mn Eutropikr) Xprion, Oxi MNapaywyo ‘Epyo 4.0 [1] 4 yeTayeveéaTepn,
AieBvnic'Ekdoan. EcaipouvTal T QUTOTEAN £pya TRITWV TT.X. PUWTOYPAPIEG,
dlaypAuuaTa K.A.TT., TA OTTOIQ EUTTEPIEXOVTAI OE AUTO KAl TA OTTOI AVAPEPOVTAI
Madi JE TOUG OPOUG XPNONG TOUG OTO «ZNMEiwpa Xpnong Epywyv Tpitwv».

(@0l

[1] http://creativecommons.org/licenses/by-nc-nd/4.0/

* Q¢ Mn EpTtropikiy opileTal n xprion:
— TTOU OV TTEPIAAUPBAVEI APEDCO I EPUECO OIKOVOMIKO OPEANOC OTTO TNV XPrON TOU £pYOU,
yia TO dlavouEéa TOU €pyou Kal adelodoxo
— Trou OgVv TTEPIAAUPBAVEI OIKOVOMIKY) UVAAAQY WS TTPOUTTOBEON yia TN XpAon N
TTPOCRacn oTo £pyo

— 110U Ogv TTpOoCTTOPICEl OTO dIAVOPEQ TOU £pyou Kal adeIodOX0 EUMETO OIKOVOUIKO
OPeAOC (TT.X. dla@nuiceIc) aTTtd Tnv TTPOPOAN Tou £€pyou o€ dIAadIKTUAKS TOTTO

* O dIKAIOUXOG UTTOPEI VO TTAPEXEI OTOV AdEI0DOX0 CeEXWPIOTH Adela va
XPNOIUOTIOIEI TO £PYO YIA EUTTOPIKA XPNON, EPOCOV auTd Tou {NTNOEI.
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Copyright MNavemoTtipio Kpntng, Bayyéang Xappavddapng 2015.
«Elocaywyn oe pebddoug Monte Carlo. Evotnra 6: Aidyvwon
ouykAiong». ‘Ekdoon: 1.0. HpdkAgio 2015. AilaB<aipo atrd 1n dIKTUOKN

dlevBuvon:
https://opencourses.uoc.gr/courses/course/view.php?id=228.



Alatnpnon ZNUEIWHATWY

OTtroiadnTroTe avartrapaywyn n 0lIa0Keun Tou UAIKOU Ba
TTPETTEI VO OUMTTEPIAQUBAVEL:

" TO ZNuEiwpa Avagopag

" TO Znueiwpa AdeioddTNONG

" TN ONAwon Alatripnong ZNUEIWPATWY

» 70 2nueiwpa Xprions Epywv Tpitwv (@OCoV UTTAPXEI)

uadi Ue TOUC OUVOOEUOUEVOUG UTTEPOUVOEDOUC.



