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Bayes for Big Data

HO|Z BIHHZ22 HE S Monte-Carlo Simulation £ 7|8tS 2 ZIGHO|
ELC} O|A2 MCMC Z 2ISIH E3|L S 2Lt 0[of Cfst T2
P Y
o 2= G|O|&0]| CHsHA] CEEZ|0]|= Simulation O] {5 H|AC},
o H{AI2{'J0j|A DataLoader O 2= G|O|E{E Sequentially 5t Y=
20| H|Z=&2 Q! 0|72} H|=5tCt.

o 1% 22|& H|XSH HOIHE LiEAM 2lstH 2| S7t?

Jaewoo Shin H|O|Z EE{2 6} November 27, 2024 2/14



Bayes for Big Data
080000

Consensus Monte Carlo

© Break the data into groups ("shards").

@ Give each shard to a processor which does a full Monte Carlo
simulation from posteriors.

© Combine the posterior simulations from all shards.
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Consensus Monte Carlo
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Consensus Monte Carlo Weights

ClIO|E{E LI+ Posterior 7tA| LI=H| ZICHH Posterior Sample &= 2t
Shard OfCt CHE2A| LA EICt.

0517"' 795G

712 O|§ Consensus Posterior Sample 2] A% C}21} 20| Li2C}

=
-1
- (Xw.) Tweo,
S S
fel= O™ Weight Vector € CHS2p 20| A8 4~ QA =L

w,=yx_1

S

Jaewoo Shin H|O|Z EE{2 6} November 27, 2024 5/14



Bayes for Big Data
0000e0

Optimal Weights for Gaussian
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Consensus Monte Carlo
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Model Selection

o TIOJE] AIO| ZO{ZICHR, A3l O RS AL3HAM O] ClOJEIS
S5 2 T2{BIL|CE 5/ O|nf A D2f A 2|9
2 AfLf Simple 5171 BHS 2| YLICH

o HIOIEIZ EA1517| QA AT DS ALSHe 20| Tty E2(9,

[[Hgl— qz_Tl_A-lklo ol 29| [[HE olq

o BFSMOIME OIS YR[5H7| YI3HM Diagnose A7 YHSO|
Qloni, ¥l0|Z SiA| 2 47} QUCt

Jaewoo Shin H|O|Z EE{2 6} November 27, 2024 8/14



Bayesian Model Comparison
0800000

Model Selection
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Bayes Factor

93 2 U Z0A F{LIT BetRE Factor 7} USTN?
0|Z0| HtZ Bayes Factor O|C}.

BF — Posterior odds  p(Mz2 | Y)/p(M1|Y)  p(Y | My)

Prior odds p(Mz)/p (M) ~op(Y [ M)

5| SOt L2 2 252
o
o

BF > 10 : Strong evidence for M,
BF > 10 : Decisive evidence for M»
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Bayesian Model Averaging (BMA)
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O|tf Model Evidence = CtS2t 20| 2AIX|E H6H= AO| 7ts8LICH
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p(M|Y)=

p(Y | M) = exp (—0.5BICy)
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Bayesian Model Averaging (BMA)

0|24 0| Z3HA| Ct21 Z0| Posterior Average & T+5t= Z0|
JHSEHLICE

@ Run Independent MCMC for each M.

@ Calculate p(My | Y) using BIC.

© For given posterior mean of 8y, we can obtain Y.

© Obtain the weighted average of Y for k =1,2,--- K.
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and Slab Priors
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Spike and Slab Priors

03 0|4 E HAH=E AEAIZ|H ChS2t 20| Lt ch
©® Run MCMC Algorithms for Linear Model with Spike and Slab Priors.

@ Then we will have MCMC Samples of 8, \j, 0%, 03, 02.
© We can estimate posterior inclusion probability for 3; using

1 T
POy =1)= =AY
t=1

If IS()\,- = 1) > 0.5, we consider X; an important variable, and include

it in the model.
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