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1 Markov Random Field

In this section, we considered a Markov chain example. We represented this Markov chain model by a CRF
object and generate the samples by using the sampling functions provided in CRF package. Finally, we
learned a new Markov random field (MRF) model from the generated samples.

1.1 Build Markov chain model
First we import the CRF package:

library(CRF)

We set the parameters for Markov chain model:

n.nodes <- 10

n.states <- 2

prior.prob <- c(0.8, 0.2)

trans.prob <- matrix(0, nrow=2, ncol=2)
trans.prob[1,] <- ¢(0.95, 0.05)
trans.prob[2,] <- c¢(0.05, 0.95)

The Markov chain consists of 10 nodes and there are 2 states for each node. The prior probability is

prior.prob

## [1] 0.8 0.2

and the transition probability is



trans.prob

#it [,11 [,2]
## [1,] 0.95 0.05
## [2,] 0.05 0.95

Then we construct the adjacent matrix of chain:

adj <- matrix(0, n.nodes, n.nodes)
for (i in 1:(n.nodes-1))
{
adjli, i+1] <= 1
}

Note that the adjacent matrix will be automatically symmetrized when used to build the CRF object,
therefore only the upper (or lower) triangular matrix is need here.

adj

#i (,11 [,21 [,3] [,4]1 [,8]1 C,61 L[,71 [,8] [,9] [,10]
##  [1,] 0 1 0 0 0 0 0 0 0 0
# [2,] 0 0 1 0 0 0 0 0 0 0
##  [3,] 0 0 0 1 0 0 0 0 0 0
## [4,] 0 0 0 0 1 0 0 0 0 0
## [5,] 0 0 0 0 0 1 0 0 0 0
# [6,] 0 0 0 0 0 0 1 0 0 0
##  [7,] 0 0 0 0 0 0 0 1 0 0
## [8,] 0 0 0 0 0 0 0 0 1 0
## [9,] 0 0 0 0 0 0 0 0 0 1
## [10,] 0 0 0 0 0 0 0 0 0 0

Now we can build the CRF object for Markov chain model:

mc <- make.crf(adj, n.states)

and set the parameters:

mc$node.pot[1,] <- prior.prob
for (i in 1:mc$n.edges)
{

mc$edge.pot[[i]] <- trans.prob
}

1.2 Generate samples

We generated 10000 samples from the Markov chain model and displayed the first 10 samples:

mc.samples <- sample.chain(mc, 10000)
mc.samples[1:10, ]



## (.11 [,21 [,3] (.41 [,8]1 [,e] C,71 [,8] [,9] [,10]

##  [1,] 1 1 1 1 1 1 1 1 1 1
##  [2,] 1 1 1 2 2 1 1 1 2 2
#  [3,] 1 1 1 1 1 1 1 1 2 2
#  [4,] 1 1 1 1 1 1 1 1 1 1
## [5,] 1 1 1 1 1 2 2 2 2 2
## [6,] 1 1 1 1 1 1 1 1 1 1
# [7,] 1 2 2 1 1 1 1 1 1 1
## [8,] 1 1 1 1 1 1 1 1 1 1
#  [9,] 1 1 1 1 2 2 2 2 2 2
## [10,] 1 1 1 1 1 1 1 2 2 2

1.3 Learn Markov random field model from MC data

In order to learn Markov random field model from generated data, we first build another CRF object:

mrf.new <- make.crf(adj, n.states)

and create the paramter structure:

mrf.new <- make.features(mrf.new)
mrf.new <- make.par(mrf.new, 4)

We only need 4 paramters in the MRF model, one for prior probability and three for transition probability,
since the probabilities are summed to one.

mrf.new$node.par[1,1,1] <- 1
for (i in 1:mrf.new$n.edges)

{
mrf.new$edge.par[[i]][1,1,1] <- 2
mrf.new$edge.par[[i]][1,2,1] <- 3
mrf .new$edge.par[[i]][2,1,1] <- 4
}

Then we train the model using train.mrf function:

mrf.new <- train.mrf(mrf.new, mc.samples)

After training, we can check the parameter values:
mrf .new$par
## [1] 1.461101295 -0.008024059 -2.987678351 -2.928960372

We normalized the potentials in MRF to make it more like probability:

mrf.new$node.pot <- mrf.new$node.pot / rowSums (mrf.new$node.pot)
mrf .new$edge.pot [[1]] <- mrf.new$edge.pot[[1]] / rowSums(mrf.new$edge.pot[[1]1])

Now we can check the learned prior probability



mrf

##

.new$node.pot[1,]

[1] 0.8117011 0.1882989

and transition probability

mrf

##
##
##

2

.new$edge.pot [[1]]

[,1] [,2]
[1,] 0.95164647 0.04835353
[2,] 0.05074038 0.94925962

Conditional Random Field

In this section, we generated hidden Markov Model (HMM) samples based on the Markov chain samples in
previous section. Then we learned a conditional random field (CRF) model from the HMM data.

2.1 Generate samples

Suppose that the Markov chain can not be directly observed. There are 4 observation states and the
observation probability (emmision probability) is given as follows:

emmis.prob <- matrix(0, nrow=2, ncol=4)
emmis.prob[1,] <- ¢(0.59, 0.25, 0.15, 0.01)
emmis.prob[2,] <- c¢(0.01, 0.15, 0.25, 0.59)
emmis.prob

##
##
#

(.11 [,2]1 [,3]1 [,4]
[1,] 0.59 0.25 0.15 0.01
[2,] 0.01 0.15 0.25 0.59

We simulated the observation data from Markov chain samples:

hmm.
hmm.
hmm.

hmm

##
##
##
##
##
##
##
##
##
##
##

samples <- mc.samples

samples [mc.samples == 1] <- sample.int(4, sum(mc.samples
samples[mc.samples == 2] <- sample.int(4, sum(mc.samples
.samples[1:10,]

(,11 [,2]1 [,3] [,4] [,5] [,6]1 [,71 [,8] [,9] [,10]
[1,] 1 1 2 3 2 1 3 12
[2,]
[3,]
[4,]
(5,]
(6,]
[7.]
(8,]
[9,]
[10,]
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= 1), replace=T, prob=emmis.prob[1,])
= 2), replace=T, prob=emmis.prob[2,])



2.2 Learn conditional random field model from HMM data

Now we try to learn a CRF model from HMM data. We first build another CRF object:

crf.

new <- make.crf(adj, n.states)

and create the paramter structure:

crf.
crf.

new <- make.features(crf.new, 5, 1)
new <- make.par(crf.new, 8)

The major difference between CRF and MRF is that we have 5 node features now, instead of 1 constant
feature in MRF model. The first node feature is the constant feature as in MRF model, and the other 4 node
features correspond to observation states respectively. The number of edge feature is still one. We now need
eight paramters, one for prior probability, three for transition probability, and four for emmision probability.

crf
for

{

}

crf
crf
crf
crf

.new$node.par[,1,2] <-
.new$node.par[,1,3] <-
.new$node.par[,1,4] <-
.new$node.par[,1,5] <-

.new$node.par[1,1,1] <- 1

(i in 1:crf.new$n.edges)

crf.new$edge.par[[i]]1[1,1,] <- 2
crf.new$edge.par[[i]][1,2,] <- 3
crf.new$edge.par[[i]]1[2,1,] <- 4
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We prepared the node features and the edge features, which are need for training;:

hmm.

for

{

}

hmm.

nf <- lapply(l:dim(hmm.samples) [1], function(i) matrix(1l, crf.new$n.nf, crf.new$n.nodes))
(i in 1:dim(hmm.samples) [1])

hmm.nf [[i]] [2, hmm.samples[i,] '= 1] <- 0
hmm.nf [[i]] [3, hmm.samples[i,] != 2] <- 0
hmm.nf [[i]] [4, hmm.samples([i,] != 3] <- 0
hmm.nf[[i]] [5, hmm.samples[i,] != 4] <- 0

ef <- lapply(l:dim(hmm.samples) [1], function(i) matrix(1l, crf.new$n.ef, crf.new$n.edges))

Then we train the model using train.crf function:

crf.

new <- train.crf(crf.new, mc.samples, hmm.nf, hmm.ef)

After training, we can check the parameter values:

crf.

new$par

## [1] 1.6401752 0.1842003 -3.0050143 -2.7395196 3.8416341 0.3503016
## [7] -0.7626800 -4.3443999

With trained CRF model, we can infer the hidden states given an observation:



hmm.infer <- matrix(0, nrow=dim(hmm.samples) [1], ncol=dim(hmm.samples) [2])
for (i in 1:dim(hmm.samples) [1])
{

crf.new <- crf.update(crf.new, hmm.nf[[i]], hmm.ef[[i]])

hmm.infer[i,] <- decode.chain(crf.new)

}

Compared with the true hidden states:

sum (hmm.infer !'= mc.samples)

## [1] 3329
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