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Dense Stellar Systems

Globular Cluster 
~ 105 to 107 stars 

Galactic Nuclei 
~ 109 stars (NASA/ESA 

1999)
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Multi-physics & Multi-scale
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Dense Stellar Systems 
Modeling

Direct N-body

Free of any physical 
assumptions (for the N 
modeled)

Direct computation of inter-
particle forces

Poor Scaling O(N2) => 
Extreme Computing time

Maximum N ~ few 105

Monte Carlo

Approximate, based on 
two-body relaxation

Better scaling: O(NlogN) 
=> Much Faster

Maximum N > 106
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The Monte Carlo Method

Assumptions

Stars represented by mass shells

Position r, Mass m

Velocity specified by vr, vt only

Angular coordinate of transverse velocity random

System is exactly spherically symmetrical

(Henon., 1971)
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“Cluster Monte Carlo (CMC)” 
Code

Main Developer: John Fregeau 

Originally written by: Kriten Joshi in 2000

Contributers: 

Cody Nave 
Atakan Guerkan
Stefan Umbreit 
Sourav Chatterjee
Paul Kiel
Bharath Pattabiraman
Meagan Morscher
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CMC Overview
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Performance Profiling

CMC simulation of about 106 stars (virial radius ~ 3 - 4 
pc) up to 1010 years takes of the order of a week

For extreme cases, more than a month!

Kernel % Time
Time-step calculation 9%

Relax. and strong interaction 12%

Stellar Evolution 13%

New orbits and positions 54%

Sorting 7%

Other 5%
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Potential Calculation
All stars treated as mass shells

Gravitational Potential:
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(Henon., 1971)
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Potential Calculation

(Henon., 1971)

It is sufficient to store the values Uk = U(rk) which can 
be calculated recursively:
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Potential between shells interpolated
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New Orbits Computation
Star describes rosette orbit 
going from rmin to rmax

Apsides solution of 
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Potential at arbitrary point can 
be interpolated given the interval
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First, search interval 
containing zero (Root 
bisection)

19
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51
H

Solve for quadratic 
equation Q(r) = 0 to 
get rmin and rmax

New Orbits Computation
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New Positions Sampling

Von Neumann Rejection Sampling
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51
H

Choose a new position based on the amount of time a 
star spends at different points along the orbit.

The probability of finding a star in a position r along the 
orbit is inversely proportional to vr

(Hammersley and 
Handscomb., 1964)
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Rejection Sampling
19
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If random point (r0,f0) lies below 
f(r), accept r0 as new position

Else reject and repeat
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Pick F > f(r) for ∀ rmin <r<rmax

Pick 2 random numbers X 
and X’
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GPU Implementation

One star, one thread

Naturally suited for SIMT (Single Instruction, Multiple 
Thread) architecture

No data dependency between threads

Equal distribution of workload among threads
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Memory Optimization

Radius Mass Energy Angular
Momentum

Potential

Original Data Structure

Reorganized Data Structure
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Parallel Random Number 
Generation

Results of a parallel Monte Carlo code depends on

quality of RNG

parallel generation method

RNG characteristics

state variables - used to calculate random numbers

period - number of calls after which the first number repeats

seeding - to initialize to a starting state in the sequence

We use combined Tausworthe 113 - period of 2113
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Parallel Random Number 
Generation

Parallel generation

naive method

each thread starts with its own copy of an RNG 
and its states

RNGs are initialized with different seeds

only assures different starting place in the same 
sequence, but sequences might eventually overlap

good method

should ensure statistical independence
Friday, May 18, 2012



Parallel Random Number 
Generation

J. C. Collins, “Testing, Selection, and Implementation of Random Number 
Generators,” Army Research Laboratory, pp. 4, 41, 2008.
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Split up single 
random 
sequence

Naive 
algorithm - 
impractical

Solution: 
Jump 
Function
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Performance Evaluation
CPU

Single core of AMD 
PhenomTM Quad-Core

8 GB Memory, 2.65 GHz

GPU

NVIDIA GeForce GTX 280

30 Multiprocessors (240 
cores)

1 GB Global Memory, 
1.35 MHz

Single mass cluster, Plummer density profile

Number of stars: 1 million - 7 million
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Results
All variables are in Double 
Precision

GeForce GTX 280 has only 1 
DPU/SM => 1/8th processing 
speed as that for Single 
Precision

Maximum kernels Speedup: ~ 
28X

Overall code: ~ 2X
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Results
Effect of performance 
with change in physical 
cluster properties

Tested by using clusters 
with Plummer and King 
density profiles

No significant difference - 
implementation performs 
equally well on both 
configurations

Figure 10: Comparison of total run-times and
speedups for the Plummer and King density profiles
for the parallelized kernels.

4.3 Data and Workload Partitioning

We partitioned our data space into one-dimensional grid
of blocks on the GPU. Due to the complexity of the expres-
sions involved in the calculations of orbital positions, our
kernels use a significant amount of registers (64 registers
per thread). Thus, the block dimension is restricted to 256
threads per block as the GTX280 GPU has only 16384 regis-
ters per block. To analyze the performance, we first made a
parameter scan in the block and grid dimensions by varying
the block sizes from 64 to 256 and the grid sizes from 12
to 72. Figure 11 shows the plot of the execution time as a
function of the total number of threads. The time decreases
with increasing number of threads and saturates at about
6000 threads. This clearly shows that the run-time mainly
depends on the total number of threads. The decrease in
run-time is expected as the GPU utilization is increased for
larger numbers of threads. The saturation is due to either
the limited global memory bandwidth, or the limited num-
ber of multiprocessors. The NVIDIA GTX280 GPU has 30
multiprocessors, and when we multiply the maximum block
dimension 256 by 30, this number (7680) is close to the satu-
ration point. This strongly suggests an effect of the number
of multiprocessors on the saturation.

Figure 12 shows the variation of run-time with the grid
dimension for constant number of threads (5760). To ensure
no performance loss due to the block-size not being multi-
ples of the half-warp size (16 for the GTX280 GPU), we
choose the block sizes of multiples of 16. We observe that

the performance can degrade by 50% from the best case for
poor choices of grid dimensions. The best case is achieved
when the number of blocks is a multiple of the number of
multiprocessors, as it ensures full GPU utilization.
We also study the likely influence of effective memory

bandwidth. Figure 13 shows a plot of the run-time with
varying number of threads for a fixed grid dimension, 60,
a multiple of the number of multiprocessors. We expect a
linear decrease with increase in the number of threads per
block, but as we can see this is not the case. Thus, it is
plausible that this indicates the performance being limited
by the memory bandwidth. Another factor that could limit
our performance is branch divergence the effect of which is
more difficult to measure. However, we plan to quantify this
effect in a future study.

5. CONCLUSION AND FUTURE WORK

In this paper, we eliminate the most compute-intensive
bottlenecks of the CMC algorithm by implementing them on
a GPU. For cluster sizes ranging from 106 to 7× 106 stars,
we obtain a mean speedup of 28× for these kernels. Our
implementation also has very good scalability with the data
size and performs equally well on all physical configuration
of clusters simulated. The bottlenecks originally took ∼ 54%
of the total runtime, and by Amdahl’s Law, this acceleration
delivers a ∼ 2× speedup of the entire simulation.
We present strategies to handle branch divergence, and

to reorganize the data structure to optimize memory reads
and writes on the GPU. In addition, we show how a good
choice of data partitioning on the GPU could make a sig-
nificant difference in the performance. To produce parallel
statistically independent random numbers, we use a splitting
method which splits the output of our PRNG into a number
of substreams. The substreams are then used by different
threads of the GPU to generate random numbers. Although
generation of statistically independent random numbers is
critical for Monte Carlo simulations, this might cause a dif-
ference in the results of the serial and parallel versions. We
handle this by letting the serial version emulate the random
number generation and data partitioning of the parallel ver-
sion which then guarantees the output of the two versions
to be identical except for the least significant bit. We ob-
serve that the parts we parallelize on the GPU are limited
by memory-bandwidth rather than computations, and hence
the performance of our implementation is not comparable to
the theoretical peak performance of the NVIDIA GTX280
GPU. However, we show that the GPU is still a much better
platform for parallelization compared to multi-core architec-
tures due to its relatively higher memory bandwidth.
The GPU-accelerated version significantly reduces the run-

time of the CMC algorithm, and enables simulations of large
stellar clusters which were previously very time-consuming.
In this work, we accelerated only the ‘new orbits calculation’
kernel using a GPU. The other kernels exhibit a much higher
data dependency and conditional branching, and therefore
not ideal for a GPU. Also, with the current version, simula-
tions of clusters beyond 107 stars exceed the memory capac-
ity of a single GPU. This means we cannot simulate galactic
nuclei which can have up to 109 stars, a typical problem
size interesting to the computational astrophysics commu-
nity. We plan to develop an MPI-OpenMP-CUDA hybrid
approach to parallelize the entire CMC algorithm on large-
scale high-performance computers, in which we will use MPI
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Current results do not include data transfer overhead - 
Interleaving with computation

Use of texture memory

Rerun experiments on newer Fermi GPU with L1/L2 
cache
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