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Abstract

A factor graph is a representation of a factorization of a function. The importance
of factor graphs lies in the fact that it enables easy and efficient computations
of marginal distribution functions of a joint probability distribution. The factor
graphs have applications in many fields such as error correction coding, detection
and estimation, wireless networking, artificial intelligence and many others. The
information processing of the brain can be modeled as a factor graph which gives
an insight into the functional architecture of the brain. In this report factor graph
framework is implemented in a Graphical Processing Unit for a faster performance.
A model factor graph is implemented in GPU and its results are compared to that
of CPU.
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Chapter 1

Introduction

A Probabilistic Graphical Model denotes the conditional dependence structure
between random variables. These models have wide applications in probability the-
ory, statistics, machine learning, artificial intelligence and many more. A graphical
model uses a graphical representation to represent the probability distribution. The
graphical models can be grouped into two families, directed and undirected graph-
ical distributions. The directed networks are called Bayesian networks and the
undirected networks are called Markov networks. The importance of factor graphs
lies in the fact that it can be extended to represent Bayesian and Markov networks
which constitute a major portion of the graphical models.

The factor graph is defined as a bipartite graph which represents the factorization
of a function. The basic structure of a factor graph and its nodes is explained in
Chapter 2. The factor graph has its application in facilitating the marginalization
of a complicated joint probability distribution through belief propagation. The be-
lief propagation or the sum product message passing algorithm is an algorithm for
performing inference on the graphical models, commonly used in artificial intelli-
gence and information theory. The sum product algorithm is discussed in detail in
Chapter 2.

When the factor graph consists of a large number of nodes i.e, the function it
is trying to represent is complicated, the message passing algorithm takes a lot of
time to run in the CPU. So in order to facilitate the faster performance of the factor
graph, it can be implemented in Graphical Processing Unit (GPU).

This paper deals with the implementation of factor graphs in a Graphical Pro-
cessing Unit (GPU). Chapter 2 introduces a GPU and explains its advantages over
normal CPU . Chapter 3 describes the sample factor graph chosen to be run in
the GPU. The algorithm for implementing the factor graph and the sum-product
algorithm is also described. The actual code is given in the Appendix. Chapter 4
deals with the results, conclusions drawn from the GPU implementation.
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Chapter 2

Factor graphs and Sum-product
algorithm

This chapter describes the structure of the factor graph and the sum-product algo-
rithm.

2.1 Factor graph

A factor graph is a graphical representation of the factorization of a function. A
factor consists of two kinds of nodes: variable nodes and factor nodes. The number
of variable nodes is equal to the number of variables in the function. The number
of factor nodes equal the number of local functions in the global function. The edge
occurs between a variable node V and factor node F if only the variable V occurs in
the function F.

Consider a function of five variables G(A,B,C,D,E) expressed as follows

G(A,B,C,D,E) = F1(A,C)F2(B,C)F3(C,D)F4(D,E)F5(D)F6(E) (2.1)

The above expression has 5 variable nodes and 5 factors so the corresponding factor
graph contains 5 variable nodes and 5 factor nodes. The factor graph for the above
function is given in Fig 2.1.
The factor graph thus provides a compact representation of the factorization of the
function.

2.2 Sum-product algorithm

The sum product algorithm applied on a factor graphs computes the marginal func-
tions of the global function represented by the factor graph. We now describe the
sum-product message passing algorithm[1].
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Figure 2.1: A model factor graph corresponding to function in 2.1

The computation begins at the leaves of the factor graph. Each vertex waits for
messages from all its children before computing the message to be sent to the parent.
There are two types of messages that are propagated within the factor graph: the
messages sent from the variable x to the factor node f,µx→f , and the messages sent
from the factor node to the variable node, µf→x. In sum product algorithm, a
variable node will compute the message to be sent after receiving messages from all
the surrounding nodes as in equation 2.2. A variable node simply sends the product
of messages received from its children. Whereas a factor node, f with parent say x
forms the product of f with the messages received from its surrounding nodes and
then operates on the result with a summary operator

∑
x̃ as in equation 2.3. The

computation terminates at the root node where the marginal function is obtained
as the product of all the messages received at the root node. The equations can be
summarized as follows

µx→f (x) =
∏

h∈n(f){x
µh→x(x) (2.2)

µf→x(x) =
∑
x̃

(f(X)
∏

y∈n(f){x
µy→f (y)) (2.3)

Where X = n(f) is the set of the arguments of the function f.
Thus the factor graphs equipped with the sum-product algorithm helps in finding
the marginal functions of a global function.
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Chapter 3

Graphical Processing Unit

The typical function of a Graphical Processing Unit (GPU) is to handle compu-
tation for computer graphics. GPUs can also be used to handle computations in
applications that are handled by the GPU. The difference between CPU and GPU
is the way they process the tasks. As seen in Fig 3.1 CPU has few cores optimized
for serial processing [?] while a GPU has a massively parallel architecture consisting
of thousands of smaller, more efficient cores designed for handling multiple tasks
simultaneously [5].
Using multiple graphic cards in one computer or a large number of graphic chips,
further parallelizes the already parallel nature of GPU. Many applications can be
accelerated by offloading the computationally intensive parts of the code in GPU
while running the rest of code in CPU.

For implementing the factor graph, the GPU used is GeForce GTX 650 by Nvidia
Corporation. The coding of the GPU is done in CUDA, parallel computing platform
created by NVIDIA.
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Figure 3.1: Difference between a CPU and a GPU

Figure 3.2: Nvidia’s GeForce GTX 650
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Chapter 4

Implementation of factor graph in
GPU

For the implementation on the GPU the factor graph shown in the fig 4.1 is con-
sidered. The factor graph has three variables A,B,C related to each other through
some unknown function. The problem statement is to find the value of the variable
C given the variables A and B. In order to achieve this task, a data set has been
provided which which gives the values of variables of A,B,C for different situations.
This data set can be used for training purposes and ultimately the system should
output the value of C given the values of A and B in a situation.

4.1 Discretization of variables

The values of the variable nodes passed as messages chosen to be discrete rather
than continuous as it will be simpler to propagate them in the message passing
algorithm. Hence we discretize the continuous values of the variables and deal with
the factor graph of discrete parameters [2]. Each variable node is considered as a
discrete random variable. The discrete random variable is represented by a certain
number of states. Each state has a certain probability associated with it and the
probabilities of all the states add up to one.

Consider the Fig 4.1,we discretize each of the values of a variable i.e, express
the value in discrete form with the states having a probability distribution. In this
paper we use Gaussian distribution to express the discretized form. The process of
discretization is as follows. Let the interval of the data be [min,max]. We divide this
interval into k sub-intervals/ states as shown in Fig 4.2 and each state is associated
with a probability given by the equation.

1√
2πσ2

exp
−(xi − µ)2

2σ2
(4.1)
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Figure 4.1: Sample factor for implementation on GPU

Figure 4.2: Discretization into states with Gaussian Distrbution
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4.2 Learning of the factor node

The training data set consists of all the three variables. The values of the variables
A,B,C are passed on to the factor graph as messages through the factor nodes
fA, fB, fC . These three messages are multiplied to give the factor node. The code
for the same is included in the appendix.This step is performed in GPU, as for a
large N, this takes up a lot of run time. This process is iteratively repeated over
each value in the training data set. Thus the factor node is learned. The factor has
N3 states if each variable has N states.

4.3 Inference

Once the factor node is learned, we can perform the inference on the graph. The
third variable is obtained by marginalizing the factor node with respect to the other
variables. This step is also implemented in GPU owing to the computational com-
plexity involved in the step. The state of the third variable thus obtained is converted
back to the continuous value by calculating the expectation value of all the N states.
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Chapter 5

Results Discussion

5.1 Results

The factor graph is trained with a data set consisting of a 1000 data points. And the
inference is done for a set of 500 values. The plots of actual results when compared
with the expected results are shown in Fig 5.1. As we can see in the figure the graph
is a straight line which indicates the implementation of factor graph is accurate.

5.2 Effect of GPU

The code with both learning and inference was run in both CPU and GPU envi-
ronment for comparison. The variable nodes are discrete random variables with 100
states. A huge difference in run time was observed. Running the code on CPU
took about 217 seconds whereas the same code in GPU took about 5 seconds. The
CPU took more than 40 times the time taken by the GPU. This result indicates the
advantage of using a GPU for the implementation of factor graph. Especially in a
factor graph with greater number of nodes, this is of great importance.
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Figure 5.1: Plot of expected vs actual result of a sample data set
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Chapter 6

Appendix

The following is the code for implementation of factor graph in GPU.

#include<s t d i o . h>
#include<s t r i n g . h>
#include<s t d l i b . h>
#include<math . h>
#include<time . h>

#define DEF THREAD NUM 8

//Function f o r in f e r ence in GPU
g l o b a l void Ceval ( f loat ∗A, f loat ∗B, f loat ∗C, f loat ∗ f , int N){

int i = blockIdx . x∗blockDim . x+threadIdx . x ;
int j = blockIdx . y∗blockDim . y+threadIdx . y ;
int k = blockIdx . z∗blockDim . z+threadIdx . z ;

C[ i ] +=f [ j+N∗(k+N∗ i ) ] ∗A[ j ]∗B[ k ] ;

}
//Function f o r l e a rn ing the f a c t o r node in GPU

g l o b a l void f a c t o r e v a l ( f loat ∗A, f loat ∗B, f loat ∗C, f loat ∗ f , int N){

int i = blockIdx . x∗blockDim . x+threadIdx . x ;
int j = blockIdx . y∗blockDim . y+threadIdx . y ;
int k = blockIdx . z∗blockDim . z+threadIdx . z ;

f [ i+N∗( j+N∗k ) ] += A[ i ]∗B[ j ]∗C[ k ] ;

}
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//Function f o r d i s c r e t i z i n g the va l u e s o f v a r i a b l e s .
f loat ∗ d i s c r e t i z e g a u s s ( f loat ∗ arr , int n , f loat min , f loat max , f loat mean , f loat var ) {

int i =0;
f loat f , bin = (max−min)/n ;

for ( i =0; i<n ; i++) {
f= ( exp(−pow ( ( min+( i+bin /2)∗ bin)−mean , 2 ) / ( 2∗ var ) )/ s q r t (2∗M PI∗var ) )∗ bin ;
a r r [ i ] = f ;

}
return ar r ;

}

int main ( ){
int N = 100 ;
f loat A[N] ,B[N] ,C[N] , f a c t o r [N∗N∗N] , x , y , z , minx=0,maxx=1, varx =0.0005 ,miny=0,maxy=1, vary =0.0005 , minz=0,maxz=1, varz =0.0005 ,sum=0;
int i , j , k ;
char ∗a1 ,∗ a2 ,∗ a3 , s [ 1 0 0 0 ] ;

// A l l o ca t e cuda arrays in dev i c e memory
f loat ∗d A , ∗d B , ∗d C , ∗ d f ;
cudaMalloc ( ( void∗∗)&d A , N∗ s izeof ( f loat ) ) ;
cudaMalloc ( ( void∗∗)&d B , N∗ s izeof ( f loat ) ) ;
cudaMalloc ( ( void∗∗)&d C , N∗ s izeof ( f loat ) ) ;
cudaMalloc ( ( void∗∗)& d f , N∗N∗N∗ s izeof ( f loat ) ) ;

FILE ∗ fp ;
fp = fopen ( ” data . dat” , ” r ” ) ;
c l o c k t s ta r t , end ;
long double cpu t ime used ;
s t a r t = c lo ck ( ) ;
int l=DEF THREAD NUM;
dim3 gr id0 (N/ l ,N/ l ,N/ l ) ;
dim3 thread0 ( l , l , l ) ;

for ( i =0; i<N; i++)
for ( j =0; j<N; j++)

for ( k=0;k<N; k++)
f a c t o r [ i+N∗( j+N∗k ) ]=0 ;
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// l e a rn ing par t o f the code
while ( f s c a n f ( fp , ”%s ” , s )==1){

a1=s t r t o k ( s , ” , ” ) ;
a2=s t r t o k (NULL, ” , ” ) ;
a3=s t r t o k (NULL, ” , ” ) ;
x=( f loat ) a t o f ( a1 ) ;
y=( f loat ) a t o f ( a2 ) ;
z=( f loat ) a t o f ( a3 ) ;
d i s c r e t i z e g a u s s (A,N, minx , maxx , x , varx ) ;
d i s c r e t i z e g a u s s (B,N, miny , maxy , y , vary ) ;
d i s c r e t i z e g a u s s (C,N, minz , maxz , z , varz ) ;

//Copy a l l the v a r i a b l e s to dev i c e memory
cudaMemcpy(d A ,A,N∗ s izeof ( f loat ) , cudaMemcpyHostToDevice ) ;
cudaMemcpy( d B ,B,N∗ s izeof ( f loat ) , cudaMemcpyHostToDevice ) ;
cudaMemcpy(d C ,C,N∗ s izeof ( f loat ) , cudaMemcpyHostToDevice ) ;

f a c t o r e v a l<<<gr id0 , thread0>>>(d A , d B , d C , d f ,N) ;

}

//Copy the f a c t o r from dev i c e to hos t
cudaMemcpy( f a c to r , d f ,N∗N∗N∗ s izeof ( f loat ) , cudaMemcpyDeviceToHost ) ;
f c l o s e ( fp ) ;
for ( i =0; i<N; i++)

for ( j =0; j<N; j++)
for ( k=0;k<N; k++)

sum+=f a c t o r [ i+N∗( j+N∗k ) ] ;
for ( i =0; i<N; i++)

for ( j =0; j<N; j++)
for ( k=0;k<N; k++)

f a c t o r [ i+N∗( j+N∗k)]/=sum ;

cudaMemcpy( d f , f a c to r ,N∗N∗N∗ s izeof ( f loat ) , cudaMemcpyHostToDevice ) ;

int l 1=DEF THREAD NUM;
dim3 gr id (N/ l1 ,N/ l1 ,N/ l 1 ) ;
dim3 thread ( l1 , l1 , l 1 ) ;
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fp=fopen ( ” data2 . dat” , ” r ” ) ;
p r i n t f ( ” run\n” ) ;
int t ;
f loat r e s u l t s [ 1 0 0 0 ] ;

// In f e rence par t o f the code
for ( t =0; f s c a n f ( fp , ”%s ” , s )==1; t++){

for ( i =0; i<N; i++)
C[ i ] =0;

a1=s t r t o k ( s , ” , ” ) ;
a2=s t r t o k (NULL, ” , ” ) ;
x=( f loat ) a t o f ( a1 ) ;
y=( f loat ) a t o f ( a2 ) ;
d i s c r e t i z e g a u s s (A,N, minx , maxx , x , varx ) ;
d i s c r e t i z e g a u s s (B,N, miny , maxy , y , vary ) ;
cudaMemcpy(d A ,A,N∗ s izeof ( f loat ) , cudaMemcpyHostToDevice ) ;
cudaMemcpy( d B ,B,N∗ s izeof ( f loat ) , cudaMemcpyHostToDevice ) ;
cudaMemcpy(d C ,C,N∗ s izeof ( f loat ) , cudaMemcpyHostToDevice ) ;

Ceval<<<gr id , thread>>>(d A , d B , d C , d f ,N) ;

cudaMemcpy(C, d C ,N∗ s izeof ( f loat ) , cudaMemcpyDeviceToHost ) ;

f loat out=0,max=0,maxi , bin = (maxz−minz )/N;
sum=0;
for ( i =0; i<N; i ++){

i f (C[ i ]>maxi )
maxi=C[ i ] ;

sum+= C[ i ] ;
out+= ( i+bin /2)∗C[ i ] ;

}
maxi=0;
for ( i =0; i<N; i ++){

// p r i n t f (”% f \n” ,∗( output+i ) ) ;
i f (C[ i ] > maxi ){

maxi=C[ i ] ;

}
}
r e s u l t s [ t ]=( ( ( out/sum)∗ bin )∗1 8 0 ) ;

}
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//Freeing the dev i c e memory
cudaFree (d A ) ;
cudaFree ( d B ) ;
cudaFree ( d C ) ;
cudaFree ( d f ) ;
f c l o s e ( fp ) ;
fp = fopen ( ” r e s u l t s i n v . dat” , ”w” ) ;
for ( i =0; i <1000; i++)

f p r i n t f ( fp , ”%f \n” , r e s u l t s [ i ] ) ;
end=c lock ( ) ;
cpu t ime used = ( ( long double ) ( end − s t a r t ) )/ CLOCKS PER SEC;
p r i n t f ( ”Time taken\n” ) ;
p r i n t f ( ”%Lf\n” , cpu t ime used ) ;

return 0 ;
}
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License

This work is licensed under the Creative Commons Attribution 3.0 Germany License.
To view a copy of this license, visit http://creativecommons.org or send a letter to
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