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Abstract This paper described how the Monte Carlo database system (MCDB) can be used to easily implement Baye-
sian inference via Markov chain Monte Carlo (MCMC) over very large datasets. Linear Bayesian regression, LDA and
Dirichlet clustering were used as examples to demonstrate this task. To implement an MCMC simulation in MCDB, a
programmer specifies dependencies among variables and how they parameterize one another using the SQL language.
This paper devised a simple scheme for developing large scale machine learning systems with SQL, which with the help
of MCDB, can automaticly deal with parallelization and optimization problems, to achieve high efficiency in computation.
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CREATE TABLE coefs[0] (j,val) AS
FOR EACH dim IN (SELECT DISTINCT (j) FROM regressors)
WITH sampledVal AS Normal (SELECT 0. 0,100, 0)
SELECT dim. j, sampledVal. val
FROM sampledVal
X B AU ET LA B DS coefs[ 0], K[ 01 REE
a9 A, 8t SELECT DISTINCT () FROM regres-
sors WM —HBRHA SR ERIRF. BEERTRITE, FE
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RS HHH Normal VG L. Normal VG BEH B
By SELECT 0. 0,100. 0 #4ft. H/J5 SELECT x4k
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CREATE TABLE contribs[iter] (i,j,val) AS
FOR EACH outcome IN (SELECT i, val FROM outcomes)
WITH sampledVals AS ContribsUpdate (
(SELECT outcome, val)
(SELECT regressors, j, regressors, val * curCoefs, val
FROM regressors, coefs[iter—17] AS curCoefs
WHERE regressors. i=outcome. i AND
curCoefs, j=regressors. j)
(SELECT val
FROM standardDevl iter—171))
SELECT outcome. i, sampledVals. j, sampledVals. val
FROM sampledVals
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CREATE TABLE coefs[iter] (j,val) AS
FOR EACH dim IN (SELECT DISTINCT (j)> FROM regressors)
WITH sampledVal AS CoefUpdate (
(SELECT 1.0 / (2.0 * std. val * std, val)
FROM standardDev[iter—1] AS std)
(SELECT SUM (2.0 * contrib. val * regressor. val),
SUM (—regressors. val * regressors. val)
FROM regressors, contribs iter | AS contrib
WHERE regressors, j=dim. j AND
contrib. j=dim. ] AND
regressors, i= contrib. 1)
(SELECT ALPHA))

SELECT dim, j,sampledVal. val

FROM sampledVal
AR r ARB—H, AETHPEXH V6 RS, XBE
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CREATE TABLE standardDev] iter ] (val) AS

WITH sampledVal AS InvGamma (

(SELECT 1. 0+0.5 * COUNT (DISTINCT regressors. i) *
COUNT (DISTINCT regressors. j)

FROM regressors)

(SELECT 1. 040, 5 * SUM(pow{(contrib. val—regressors. val *
coef. val,2))

FROM regressors, contribs iter | AS contrib, coefs[iter] AS coef

WHERE contrib. i=regressors. i AND contrib. j=regressors. j

AND coef. j=regressors. j))
* SELECT SQRT (val)

FROM sampledVal
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topics(topicID)
documents(docID)
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CREATE TABLE theta[0] (docID, topicID, prob) AS
FOR EACH d IN documents
WITH Newprobs AS Dirichlet
(SELECT topicID, alpha

FROM topics, hyperparameters)
SELECT d. docID, np. outID, np. probability
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FROM Newprobs AS np;
R84 FOR EACH d IN documents 3 J7 B R SCE .,
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CREATE TABLE w[ 0] (docID, wordID, topicID, count) AS
FOR EACH dw IN wordInDoc
WITH TC AS Multinomial (
(SELECT tm. topiclD, tm, probability
FROM theta[ 0] AS tm
WHERE tm. docID=dw. docID),
(SELECT dw. count))
SELECT dw. docID, dw. wordID, tc. outID, tc. count
FROM TC AS tc;

w B RERTIR, S EE XEHENAR 8,
it VG % Multinomial FR78 8 MERF £ IR HIKE.
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CREATE TABLE psili] (topicID, wordID, prob) AS
FOR EACH t IN topics
WITH Newprobs AS Dirichlet
(SELECT pw. wordID, sum ( pw. count) + hyperparameters.
beta
FROM w{i] AS pw, hyperparameters
WHERE pw. topicID=t. topicID
GROUP BY pw. wordID, hyperparameters. beta)

SELECT t. topicID, np. outID, np, probability

FROM Newprobs AS np;

A topics HR T, SHE IS, @it VG 3K Dirichlet
AR T R, RO EREBIRESE %
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CREATE TABLE theta[i] (docID, topicID, prob) AS
FOR EACH d IN documents
WITH Newprobs AS Dirichlet
(SELECT pw. topicID, sum(pw. count) + hyperparameters, al-
pha
FROM w{(i—1] as pw,topics AS t, hyperparameters
WHERE pw. docID=d. docID AND pw. topicID=t. topicID
GROUP BY pw. topiclD, hyperparameters. alpha)

SELECT d. docID, np. outID, np. prob

FROM Newprobs AS np;
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CREATE TABLE w[i] (docID, wordID, topicID, count) AS
FOR EACH dw IN wordInDoc
WITH TC AS Multinomial(
(SELECT tm. topicID, wpt. prob * tm. prob
FROM psi[i—1] AS wpt,theta[i] AS tm
WHERE wpt. wordID=dw. wordID AND
wpt. topicID=1tm. topicID AND
tm. docID=dw. count),
(SELECT dw. count))
SELECT dw. docID, dw. wordID, tc, outID, tc. count



FROM TC AS tc;
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SELECT j, AVG (regressors. val * coef. val * outcomes, val) —
AVG (regressors. val * coef, val) * AVG (outcomes, val)

FROM coefs[ 40] as coef, regressors, outcomes
WHERE regressors, i=outcomes. i AND
regressors, j= coef. j

GROUP BY j
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