
Cac he P erformance Optimizations for P arallel

Lattice Boltzmann Co des in 2D

Jens Wilk e, Thomas P ohl, Markus Ko w arsc hik, and Ulric h R • ude

Lehrstuhl f • ur Systemsim ulation (Informatik 10)

Institut f • ur Informatik

F riedric h{Alexander{Univ ersit• at Erlangen{N • urn b erg, German y

f Jens.Wilke,Thomas.Pohl,Markus.Kowarschik,Ulrich.R ue de g @cs.fau.de

Abstract. When designing and implemen ting highly e�cien t scien ti�c

applications for parallel computers suc h as clusters of w orkstations, it

is inevitable to consider and to optimize the single{CPU p erformance of

the co des. F or this purp ose, it is particularly imp ortan t that the co des re-

sp ect the hierarc hical memory designs that computer arc hitects emplo y

in order to hide the e�ects of the gro wing gap b et w een CPU p erfor-

mance and main memory sp eed. In this pap er, w e presen t tec hniques to

enhance the single{CPU e�ciency of lattice Boltzmann metho ds whic h

are commonly used in computational 
uid dynamics. W e sho w v arious

p erformance results to emphasize the e�ectiv eness of our optimization

tec hniques.

1 In tro duction

In order to enhance the p erformance of an y parallel scien ti�c application, it is

imp ortan t to fo cus on t w o related optimization issues. Firstly , it is necessary to

minimize the parallelization o v erhead itself. These e�orts commonly target the

c hoice of appropriate load balancing strategies as w ell as the minimization of

comm unication o v erhead b y hiding net w ork latency and bandwidth. Secondly , it

is necessary to exploit the individual parallel resources as e�cien tly as p ossible;

e.g., b y ac hieving as m uc h p erformance as p ossible on eac h CPU in the parallel

en vironmen t. This is esp ecially true for distributed memory systems found in

computer clusters based on o�{the{shelf w orkstations comm unicating via fast

net w orks. Our curren t researc h fo cuses on this second optimization issue.

In order to mitigate the e�ects of the gro wing gap b et w een theoretically

a v ailable pro cessor sp eed and main memory p erformance, to da y's computer ar-

c hitectures are t ypically based on hier ar chic al memory designs , in v olving CPU

registers, sev eral lev els of cac he memories (cac hes), and main memory [10]. Re-

mote main memory and external memory (e.g., hard disk driv es) can b e consid-

ered as the slo w est comp onen ts in an y memory hierarc h y . Fig. 1 illustrates the

memory arc hitecture of a curren t high p erformance w orkstation [12].

E�cien t execution in terms of w ork units p er second can only b e obtained

if the co des exploit the underlying memory design. This is particularly true for

n umerically in tensiv e co des. Unfortunately , curren t compilers cannot p erform
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Fig. 1. Memory arc hitecture of a w orkstation based on an In tel Itanium2 CPU with

three lev els of on{c hip cac he [12].

highly sophisticated co de transformations automatically . Muc h of this optimiza-

tion e�ort is therefore left to the programmer [8, 14].

Generally sp eaking, e�cien t parallelization and cac he p erformance tuning

can b oth b e in terpreted as data lo c ality optimizations . The underlying idea is to

k eep the data to b e pro cessed as close as p ossible to the corresp onding ALU.

F rom this viewp oin t, cac he optimizations form an extension of classical paral-

lelization e�orts.

Researc h has sho wn that the cac he utilization of iterativ e algorithms for the

n umerical solution of linear systems can b e impro v ed signi�can tly b y applying

suitable com binations of data layout optimizations and data ac c ess optimizations

[3, 6]. The idea b ehind these tec hniques is to enhance the sp atial lo c ality as w ell

as the temp or al lo c ality of the co de [11]. Similar w ork fo cuses on other algorithms

of n umerical linear algebra [16] and hardw are{orien ted FFT implemen tations [7].

An o v erview of cac he optimization tec hniques for n umerical algorithms can b e

found in [13]. Our curren t w ork concen trates on impro ving the cac he utilization

of a parallel implemen tation of the lattic e Boltzmann metho d (LBM) , whic h rep-

resen ts a particle{based approac h to w ards the n umerical sim ulation of problems

in computational 
uid dynamics (CFD) [5, 17].

This pap er is structured as follo ws. Section 2 con tains a brief in tro duction

to the LBM. Section 3 presen ts co de transformation tec hniques to enhance the

single{CPU p erformance of the LBM and in tro duces a c ompr esse d grid stor age

tec hnique, whic h almost halv es its data set size. The p erformance results of LBM

implemen tations on v arious platforms are sho wn in Section 4. W e conclude in

Section 5.

2 The Lattice Boltzmann Metho d

It is imp ortan t to men tion up fron t that w e only giv e a brief description of

the LBM in this section, since the actual ph ysics b ehind this approac h are not

essen tial for the application of our optimization tec hniques.



The usual approac h to w ards solving CFD problems is based on the n umerical

solution of the go v erning partial di�eren tial equations, particularly the Na vier{

Stok es equations. The idea b ehind this approac h is to discretize the computa-

tional domain using �nite di�erences, �nite elemen ts or �nite v olumes, to deriv e

algebraic systems of equations and to solv e these systems n umerically .

In con trast, the LBM is a particle{orien ted tec hnique, whic h is based on a

microscopic mo del of the mo ving 
uid particles. Using x to denote the p osition in

space, u to denote the particle v elo cit y , and t to denote the time parameter, the

so{called p article distribution function f ( x ; u ; t ) is discretized in space, v elo cit y ,

and time. This results in the computational domain b eing regularly divided in to

cells (so{called lattic e sites ), where the curren t state of eac h lattice site is de�ned

b y an arra y of 
oating{p oin t n um b ers that represen t the distribution functions

w.r.t. to the discrete directions of v elo cit y .

The LBM then w orks as follo ws. In eac h time step, the en tire grid (lattice) is

tra v ersed, and the distribution function v alues at eac h site are up dated according

to the states of its neigh b oring sites in the grid at the previous discrete p oin t in

time. This up date step consists of a str e am op eration, where the corresp onding

data from the neigh b oring sites are retriev ed, and a c ol lide op eration, where the

new distribution function v alues at the curren t site are computed according to

a suitable mo del of the microscopic b eha vior of the 
uid particles, preserving

h ydro dynamic quan tities suc h as mass densit y , momen tum densit y , and energy .

Usually , this mo del is deriv ed from the Boltzmann e quation
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whic h describ es the time{dep enden t b eha vior of the particle distribution func-

tion f . In this equation, f

(0)

denotes the equilibrium distribution function, � is

the relaxation time, h :; : i denotes the standard inner pro duct, and r f denotes

the gradien t of f w.r.t. the spatial dimensions [17].

Fig. 2. Represen tation of the LBM up dating a single lattice site b y a stream op eration

(left) and a subsequen t collide op eration (righ t).

Fig. 2 sho ws the up date of an individual lattice site in 2D. The grid on the

left illustrates the source grid corresp onding to the previous p oin t in time, the



dark er arro ws represen t the particle distribution function v alues b eing read. The

grid on the righ t illustrates the destination grid corresp onding to the curren t

p oin t in time, the dark arro ws represen t the new particle distribution function

v alues; i.e., after the collide op eration.

Note that, in ev ery time step, the lattice ma y b e tra v ersed in an y order since

the LBM only accesses data corresp onding to the previous p oin t in time in order

to compute new distribution function v alues. F rom an abstract p oin t of view,

the structure of the LBM th us parallels the structure of an implemen tation of

Jacobi's metho d for the iterativ e solution of linear systems on structured meshes.

The time lo op in the LBM corresp onds to the iteration lo op in Jacobi's metho d.

In con trast to the lattice gas approac h [17] where hexagonal grids are more

common, w e fo cus on orthogonal grids, since they are almost exclusiv ely used

for the LBM.

3 Optimization T ec hniques for Lattice Boltzmann Co des

3.1 F using the stream and the collide op eration

A naiv e implemen tation of the LBM w ould p erform t w o en tire sw eeps o v er the

whole data set in ev ery time step: one sw eep for the stream op eration, cop ying

the distribution function v alues from eac h lattice site in to its neigh b oring sites,

and a subsequen t sw eep for the collide op eration, calculating the new distribution

function v alues at eac h site.

A �rst step to impro v e p erformance is to com bine the streaming and the

collision step. The idea b ehind this so{called lo op fusion tec hnique is to enhance

the temp oral lo calit y of the co de and th us the utilization of the cac he [1]. Instead

of passing through the data set t wice p er time step, the fused v ersion retriev es

the required data from the neigh b oring cells and immediately calculates the

new distribution function v alues at the curren t site, see again Fig. 2. Since this

tuning step is b oth common and necessary for all subsequen t transformations, w e

consider this fused v ersion as our starting p oin t for further cac he optimizations.

3.2 Data La y out Optimizations

Accessing main memory is v ery costly compared to ev en the lo w est cac he lev el.

Therefore, it is essen tial to c ho ose a memory la y out for the implemen tation of the

LBM whic h allo ws the co de to exploit the b ene�ts of the hierarc hical memory

arc hitecture.

Since w e need to main tain the grid data for an y t w o successiv e p oin ts in time,

our initial storage sc heme is based on t w o arra ys of records. Eac h of these records

stores the distribution function v alues of an individual lattice site. Clustering

the distribution function v alues is a reasonable approac h since the smallest unit

of data to b e mo v ed b et w een main memory and cac he is a c ache blo ck whic h

t ypically con tains sev eral data items that are lo cated adjacen t in memory .

In the follo wing, w e presen t t w o data la y out transformations that aim at

further enhancing the spatial lo calit y of the LBM implemen tation; grid mer ging

and grid c ompr ession .



Merged arrayArray t+1Array t

Fig. 3. The t w o arra ys whic h store the grid data at time t and time t + 1, resp ectiv ely ,

are merged in to a single arra y .

Grid mer ging. During a fused stream{and{collide step it is necessary to load

data from the grid (arra y) corresp onding to time t , to calculate new distribution

function v alues, and to store these results in to the other grid corresp onding to

time t + 1.

Due to our initial data la y out (see ab o v e) the �rst t w o steps access data

whic h are tigh tly clustered in memory . Storing the results, ho w ev er, in v olv es the

access of memory lo cations that can b e arbitrarily far a w a y . In order to impro v e

spatial lo calit y , w e in tro duce an in terlea v ed data la y out where the distribution

function v alues of eac h individual site for t w o successiv e p oin ts in time are k ept

next to eac h other in memory . This transformation is commonly called arr ay

mer ging [11, 13]. Fig. 3 illustrates the application of this tec hnique for the 2D

case.

Grid c ompr ession. The idea b ehind this data la y out is b oth to sa v e memory and

to increase spatial lo calit y . W e concen trate on the 2D case in this pap er, while

the extension of this tec hnique to the 3D case is curren tly b eing implemen ted.

1. 2.

Fig. 4. F used stream{and{collide step for the cell in the middle (left, 1 and 2), la y out

of the t w o o v erla y ed grids after applying the grid compression tec hnique (righ t).

In an implemen tation of the LBM in 2D, nearly half of the memory can b e

sa v ed b y exploiting the fact that only the data from the eigh t neigh b oring cells

are required to calculate the new distribution function v alues at an y regular site



of the grid

1

. It is therefore p ossible to o v erla y the t w o grids for b oth p oin ts

in time, in tro ducing a diagonal shift of one ro w and one column of cells in to

the stream{and{collide op eration. The direction of the shift then determines

the up date sequence in eac h time step since w e ma y not y et o v erwrite those

distribution function v alues that are still required henceforth.

In Fig. 4, the ligh t gra y area con tains the v alues for the curren t time t . The

t w o pictures on the left illustrate the stream{and{collide op eration for a single

cell: the v alues for time t + 1 will b e stored with a diagonal shift to the lo w er left.

Therefore, the stream{and{collide sw eep m ust also start with the lo w er left cell.

Consequen tly , after one complete sw eep, the new v alues (time t + 1) are shifted

compared to the previous ones (time t ). F or the subsequen t time step, the sw eep

m ust start in the upp er righ t corner. The data for time t + 2 m ust then b e

stored with a shift to the upp er righ t. After t w o successiv e sw eeps, the memory

lo cations of the distribution functions are the same as b efore. This alternating

sc heme is sho wn in the righ t picture of Fig. 4.

3.3 Data Access Optimizations

Data access optimizations c hange the order in whic h the data are referenced

in the course of the computation, while resp ecting all data dep endencies. Our

access transformations for implemen tations of the LBM are based on the lo op

blo cking (lo op tiling) tec hnique. The idea b ehind this general approac h is to

divide the iteration space of a lo op or a lo op nest in to blo c ks and to p erform as

m uc h computational w ork as p ossible on eac h individual blo c k b efore mo ving on

to the next blo c k. If the size of the blo c ks is c hosen according to the cac he size,

lo op blo c king can signi�can tly enhance cac he utilization and, as a consequence,

yield signi�can t p erformance sp eedups [1, 8, 13].

In the follo wing, w e presen t t w o blo c king approac hes in order to increase the

temp oral lo calit y of the 2D LBM implemen tation. Both blo c king tec hniques tak e

adv an tage of the stencil memory access exhibited b y the LBM. Because of this

lo cal op eration, a grid site can b e up dated to time t + 1 as so on as the sites it

dep ends on ha v e b een up dated to time t .

It is imp ortan t to p oin t out that eac h of these access transformations can b e

com bined with either of the t w o la y out transformations whic h w e ha v e in tro duced

in Section 3.2.

1D blo cking. Fig. 5 illustrates an example, where t w o successiv e time steps are

blo c k ed in to a single pass through the grid. White cells ha v e b een up dated to

time t , ligh t gra y cells to time t + 1, and dark gra y cells to time t + 2. It can

b e seen that in Grid 2, all data dep endencies of the b ottom ro w are ful�lled,

and can therefore b e up dated to time t + 2, sho wn in Grid 3. This is p erformed

rep eatedly un til the en tire grid has b een up dated to time t + 2, see Grids 4 to

10. The do wnside to this metho d is that, ev en t w o ro ws ma y con tain to o m uc h

1

F or the sak e of simplicit y , w e fo cus on regular sites and omit the description of ho w

to treat b oundary sites and obstacle sites separately .



data to �t in to cac he if the grid is to o large. In this case, no p erformance gain

will b e observ ed.

1. 2. 3. 4. 5.

6. 7. 8. 9. 10.

Fig. 5. 1D blo c king tec hnique to enhance temp oral lo calit y .

2D blo cking. Fig. 6 illustrates an example, in whic h a 4 � 4 blo c k of cells is em-

plo y ed. This means that four successiv e time steps are p erformed during a single

pass through the grid. Since the data con tained in the 2D blo c k is indep enden t

of the grid size, it will alw a ys (if the size is c hosen appropriately) �t in to the

highest p ossible cac he lev el, regardless of the grid size. In Fig. 6, Grids 1 to 4

demonstrate the handling of one 4 � 4 blo c k, and Grids 5 to 8 a second 4 � 4 blo c k.

The blo c k whic h can b e pro cessed mo v es diagonally do wn and left in order to

a v oid violating data dep endencies. Ob viously , sp ecial handling is required for

those sites near grid edges whic h cannot form a complete 4 � 4 blo c k.

5. 8.6. 7.

1. 3. 4.2.

Fig. 6. 2D blo c king tec hnique to enhance temp oral lo calit y .



4 P erformance Results

In order to test and b enc hmark the v arious implemen tations of the LBM, a w ell

kno wn problem in 
uid dynamics kno wn as the lid{driven c avity has b een used. It

consists of a closed b o x, where the top of the b o x, the lid, is con tin ually dragged

across the 
uid in the same direction. The 
uid ev en tually forms a circular 
o w

around the cen ter of the b o x [9].
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Fig. 7. P erformance in millions of lattice site up dates p er second (MLSUD/s) on ma-

c hines based on an AMD A thlon XP 2400+ (left) and on an In tel Itanium2 (righ t),

resp ectiv ely , for v arious grid sizes.

Performanc e. Fig. 7 demonstrates the p erformance of �v e di�eren t implemen-

tations of the LBM in ANSI C++ on t w o di�eren t mac hines

2

for v arious grid

sizes. Note that problem size n means that the grid con tains n

2

cells. The simple

implemen tation in v olving a source and destination grid is the slo w est, the im-

plemen tation using the la y out based on grid compression is sligh tly faster. Tw o

implemen tations of 1D blo c king are sho wn, one with t w o time steps blo c k ed,

and one with eigh t. Initially , they sho w a signi�can t increase in p erformance.

F or large grids, ho w ev er, p erformance w orsens since the required data cannot �t

in to ev en the lo w est lev el of cac he. This e�ect is more dramatic on the AMD

pro cessor since it has only 256 kB of L2 and no L3 cac he, whereas the In tel CPU

ev en has 1.5 MB of L3 cac he on{c hip. Finally , the 2D blo c k ed implemen tation

sho ws a signi�can t increase in p erformance for all grid sizes. It should b e noted

that eac h implemen tation based on the grid merging la y out p erforms w orse than

its coun terpart based on grid compression. Therefore, no p erformance results for

the grid merging tec hnique are sho wn.

W e ha v e obtained similar p erformance gains on sev eral further platforms. F or

example, our results include sp eedup factors of 2{3 on mac hines based on DEC

2

W e use an AMD A thlon XP 2400+ based PC (2 GHz) [2], Lin ux, gcc 3.2.1, as w ell as

an In tel Itanium2 based HP zx6000 [12], Lin ux, In tel ecc V7.0. Aggressiv e compiler

optimizations ha v e b een enabled in all exp erimen ts.



Alpha 21164 and DEC Alpha 21264 CPUs. Both of them particularly b ene�t

from large o�{c hip cac hes of 4 MB.
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Fig. 8. Cac he b eha vior of the AMD A thlon XP measured with P API.

Cache Behavior. Fig. 8 demonstrates the b eha vior of the L1 and L2 cac he of the

AMD A thlon XP for the di�eren t implemen tations of the LBM. These results

ha v e b een obtained b y using the pro�ling to ol P API [4]. When compared to

Fig. 7 it can b e seen that there is a strong correlation b et w een the n um b er of

cac he misses and the p erformance of the co de. The correlation b et w een the p er-

formance drop of the t w o 1D blo c k ed implemen tations and their resp ectiv e rise

in L2 cac he misses is esp ecially dramatic. Additionally , Fig. 8 rev eals the cause

of the sev ere p erformance drop exhibited b y the 2D blo c k ed implemen tation at a

grid size of 800

2

. The high n um b er of cac he misses are c on
ict misses whic h are

caused when large amoun ts data in memory are mapp ed to only a small n um b er

of cac he lines [15].

5 Conclusions and F uture W ork

Due to the still widening gap b et w een CPU and memory sp eed, hierarc hical

memory arc hitectures will con tin ue to b e a promising optimization target. The

CPU man ufacturers ha v e already announced new generations of CPUs with sev-

eral megab ytes of on{c hip cac he in order to hide the slo w access to main memory .

W e ha v e demonstrated the imp ortance of considering the single{CPU p erfor-

mance b efore using parallel computing metho ds in the framew ork of a CFD co de

based on the LBM. By exploiting the b ene�ts of hierarc hical memory arc hitec-

tures of curren t CPUs, w e w ere ha v e obtained factors of 2{3 in p erformance on

v arious mac hines. Unfortunately , the parallelization of cac he{optimized co des is

commonly tedious and error{prone due to their implemen tation complexit y .

W e are curren tly extending our tec hniques to the 3D case. F rom our exp e-

rience in cac he p erformance optimization of iterativ e linear solv ers, w e exp ect

that appropriate data la y out transformations and data access optimizations, in

particular lo op blo c king, can b e applied to impro v e the p erformance.
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