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Motivating Example

A submarine with a hydrophone (passive sonar) is following another
ship using the direction of the sound from the ship’s engine.

How can the series of bearing observations from the hydrophone be
used to estimate the second ship’s position and velocity?
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Likelihood Function

Liy|lx)=P(Y =y|X=x) for x€S§

» X Random variable on §

» Y Random variable on measurement space H
> P(-|x) Probability density function on H

» P(y|-) Likelihood function relating X and Y



Likelihood Function

Why is P(y|-) called a " Likelihood Function”?

For x1,x €S if L(ylx1)> L(y|x2) then:

The observation y is more likely to have come from a target with
state x; than a target with state x,



Likelihood Function

Liy|x1) > L(y|x2)

X2

X1

[ |
target

sensor



Bayes' Rule

Reverand Thomas Bayes (1702-1761):

PIAIB) = =5 g5

P(BJA)P(A)



Bayesian Inference

Ly )P(x) _ _ LyIx)P(x)

P =50y = TLl )P0 dx

» Observation y is fixed, x represents possible target states
» P(x) Prior probability density function on true target state

» P(x|y) Posterior distribution given observation y

"Multiply each particle’s weight by the likelihood function
evaluated at the particle then normalize by the sum over all
particle weights.”



Prior Distribution
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Figure: Prior Particle Position Distribution



Information Update
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Figure: Posterior Particle Position Distribution after Azimuth Observation



Resampling

» C Normalizing constant
» w; Particle weights

» n Number of particles

Example w; Array:

08 | 04 | 6.6 0.6

1.6

— 5 _
C=2-05



Resampling

w; = Cw;

Example w; Array:

0.4

0.2 3.3 0.3

0.8




Resampling

i
w; = ﬂoor( Wj)
=0

Example w; Array:

Cumulative Sums:

| 04 [ 06 [ 39 [ 42 [ 50 |
Floor:
Lo [ o] 3 [ 4[5 |




Parallel Summation

10 | 7

Figure: Prior Particle Position Distribution



Parallel Summation

__shared__ float s_shared[ blockDim.x ];
int tid = threadldx.x;
unsigned int offset = blockDim.x / 2;

while ( offset > 0 )

{
if ( tid < offset )
{
s_shared[ tid ] += s_shared[ tid + offset ];
}

offset = offset >> 1; // divide offset by 2

syncthreads();



Parallel Summation Improved

while ( offset > 32 )

{

if ( tid < 32 )

{

}
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Resampling Results

Summary Plot

GPU Time ( Total )
0.00% 22.46% 44.92% 67.38% 89.85%
copy_particles_kernel { 20 )
time_update _kernel ( 20 )
apply_azimuth_observation_kernel { 20 )
memcpyHtoD ( 26 )
scan_intervals-0 ( 20 )
multiply_kernel { 20 )
floor_array_kernel ( 20 )
inclusive_update ( 20 )
reduce_n_smem-0 ( 20 )
init_particles_kernel ( 1)
scan_intervals-1 ( 20 )
reduce n_smem-1 ( 20 )
memcpyDtoH ( 20 )

T T T T
0.00% 22.46% 44.92% 67.38% 89.85%

Figure: CUDA Visual Profiler Version 1 Results



Improved Resampling Results

Summary Plot

GPU Time ( Total )
0.00% 7.52% 15.04% 22.56% 30.09% 37.61%

copy_particles v2_kernel { 20)
copy_indexes_kernel { 20 )
time_update_kernel { 20 )

apply_azimuth_observation_kernel { 20 )
scan_intervals-0 ( 20 )
memcpyHtoD { 26 )
multiply_kernel { 20 )
floor_array_kernel { 20 )
inclusive_update { 20 )
init_array_kernel { 20 )
reduce_n_smem-0 ( 20 )
init_particles_kernel { 1)
scan_intervals-1 { 20 )
reduce_n_smem-1 ( 20 )
memcpyDtoH { 20 )

f T T T T T
0.00% 7.52% 15.04% 22.56% 30.09% 37.61%

Figure: CUDA Visual Profiler Version 2 Results



Performance
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Performance

Speedup

Particle Count
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Lessons Learned

» CUDA optimization is hard
» Uncoalesced memory access
» Shared memory bank conflicts
» Slow operators (like modulus)
» However, even codes with the above problems can achieve
significant speedup
» CUDA Visual Profiler
» useful and user friendly
» thrust
» fast and well documented



Backup Slides

Backup Slides



Effective Particle Count

- w;
Wi = Zn W (7)
i=1 Wi
1
Nefr = ST (8)

1 fori=0
Wi:{ ot Neg =1 =1

0 otherwise



