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Abstract. We have ported an implementation of the spin-up three-dimensional marine ecosystem models. In most cases
for marine ecosystem models based on transport matrices tthis is done by “spinning up” the model, i.e. by using a time-
graphics processing units (GPUs). The original implementa-stepping algorithm with climatological, periodic forcing data
tion was designed for distributed-memory architectures andintil the steady cycle is reached, at least up to a certain tol-
uses the Portable, Extensible Toolkit for Scientific Compu-erance. This can take a huge number of iterations, in typ-
tation (PETSc) library that is based on the Message Passingal cases about 3000 to 5000 model years, each of which
Interface (MPI) standard. The spin-up computes a steady seanvolves thousands of time steps (e.g. 2880 steps for a three-
sonal cycle of ecosystem tracers with climatological oceanhour step-size). Thus the overall number of iterations may be
circulation data as forcing. Since the transport is linear within the range of 10to 10’. When aiming at parameter opti-
respect to the tracers, the resulting operator is represented byization or sensitivity studies, the spin-up process has to be
matrices. Each iteration of the spin-up involves two matrix- repeated several times, and thus in these cases a reduction of
vector multiplications and the evaluation of the used biogeo-the computational time of a single spin-up run is even more
chemical model. The original code was written in C and For-important.
tran. On the GPU, we use the Compute Unified Device Ar- There are several strategies to reduce this computational
chitecture (CUDA) standard, a customized version of PETSceffort. The following ones are more or less independent from
and a commercial CUDA Fortran compiler. We describe theeach other: one of them is of course parallelization, usu-
extensions to PETSc and the modifications of the original Cally by domain decomposition methods. The second one is
and Fortran codes that had to be done. Here we make use tifie usage of precomputé@nsport matricegseeKhatiwala
freely available libraries for the GPU. We analyze the com-2007) that represent the (possibly linearized) tracer transport
putational effort of the main parts of the spin-up for two ex- scheme applied in an ocean model. Monthly averaged matri-
emplar ecosystem models and compare the overall computases for the explicit and the implicit parts of the ocean tracer
tional time to those necessary on different CPUs. The resultsransport operator are usually used. In the ecosystem spin-
show that a consumer GPU can compete with a significantip, these “climatological” matrices are then interpolated ac-
number of cluster CPUs without further code optimization. cordingly in every time step. With this method, the transport
part of the ecosystem model reduces to matrix-vector mul-
tiplications, whereas the biogeochemical source-minus-sink
terms are evaluated separately. A third way to reduce com-
1 Introduction putational effort is to replace the standard spin-up (which, in
mathematically terms, is a fixed-point iteration) by variants

This work is motivated by the usually huge effort that of Newton’s method, which have higher convergence rates.
is needed when computing steady annual cycles (or,

mathematically speaking, periodic solutions) of spatially
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18 E. Siewertsen et al.: Porting marine ecosystem model spin-up to GPUs

In this work we start from an implementation of a spin- circulation, their diffusion is dominated by the turbulent mix-
up that applies the first two strategies. In order to drive theing of marine water, and, vice versa, a tracer concentration
biogeochemical tracers, the software handles transport mamay effect the ocean circulation — is computationally expen-
trices that are stored in a common sparse format. Moreovessive. Even on high-performance hardware, such a coupled
it uses routines of the Portable, Extensible Toolkit for Scien-(also called “online”) simulation in three spatial dimensions
tific Computation (PETS®alay et al, 1997, 2012 library to is restricted to single model evaluations only, especially if
perform matrix-vector multiplications in parallel. The main steady annual cycles, which require long term spin-ups, are
advantages of this toolkit is that all Message Passing Interunder investigation.
face (MPI;Walker and Dongarral996 calls are hidden in In contrast, a so-called “offline” computation is a simpli-
built-in functions, and that optimized functions for matrix- fied approach for tracers that are (or are regarded as) “pas-
vector operations (and more) already exist. The resultingsive”, i.e. they do not affect the ocean physics, or this influ-
software can be coupled with a wide range of biogeochemi-ence is neglected. This results in a one-way coupling from the
cal models, as long as they conform to a rather flexible andcean circulation to the tracer dynamics only, where the pre-
general interface. computed circulation data (advection velocity vector field

The main focus of this work is to describe the necessarymixing coefficientx, temperature, and optionally salinity)
changes to the software to port it to GPU hardware and tcenter the tracer transport equations as forcing.
determine the resulting speed-up. High-performance com- With this data given, a marine ecosystem model consid-
puting on GPU or other special, highly parallel hardware ered in an offline computation consists of the following sys-
is becoming more and more attractive in climate and geotem of parabolic partial differential equations (herefdrac-
physical research as well (e ganappe et al.2011 Horn, ersy; summarized in the vector= (y;)i=1,...n):

2012. To our knowledge there is no publication about us-

ing GPUs for marine ecosystem simulations. Since sparseaﬂ =V-&Vy)—V-y)+q(y), i=1...n (1)
matrix-vector multiplication (SpMVM) is an integral part of o1

our spin-up implementation, this work is clearly motivated i, the space-time cylinde® x [0, T'] with 2 € R3 being the

by the performance gains (up to a speedup of 24) achieved bynaiial domain (i.e. the ocean) af@ 7], 7 > 0, the time

the algorithms presented Bell and Garland2008. More-  interval. Here, we neglect the additional dependency on the
over, we are interested in the behavior of the incorporatedspace and time coordinatés, ¢) in the notation for brevity.
biogeochemical models ported to the GPU. For this purposeadditionally, homogeneous Neumann boundary conditions
we take here two examples with two tracers each. One o — jQ for all tracersy; are imposed. The source-minus-
them is a simple linear model, describing for example the ra<sink or coupling terms; in general are nonlinear and rep-
dioactive decay of two compounds. The second one is a Wellrgsent growth, dying, and tracer interaction. Each of them
known biogeochemical model that serves as a basis for mOrieed not necessarily depend alhtracers iny, but usually
complex descriptions of the interplay of ocean biota and itSon more than they; itself. Theg; also include model pa-
major nutrients. It was used for numerical experiments byrameters (as growth and dying rates, sinking velocities etc.)
Parekh et al(2009 or Kriest et al.(2010 for example. that are often subject to identification or estimation. They are

Since we want to explicitly show what steps were neces-syally spatially and temporally constant and not mentioned
sary for the mentioned CPU-to-GPU port, we start by de'explicitly here.

scribing the original software for the ecosystem spin-up and
the used biogeochemical models in SettAfterwards we 2.1  Transport matrices
describe the standards, tools and libraries used for GPU pro-
gramming in SecB. We then show which GPU-adapted soft- Since in an offline simulation the ocean circulation data is
ware can be used and what kind of adaption we additionallyonly used as pre-computed input for the tracer transport
had to make in Sec#. We then show numerical results in equations (Eql), the spatial differential operators therein
Sect.5 for the two models, both on CPU and GPU hardware.can be represented as a linear operator and the equations can
Finally, we conclude our work and give an outlook in Séct.  be formally written as
. . . ' %:L(K,v,t)yi—i—qi(y), i=1,...,n (2)
2 Coupled marine tracer transport simulation using
transport matrices Here,L(x,v,t) is a linear operator comprising the whole
transport, i.e. diffusion and advection, for the given ocean
A marine ecosystem is usually modeled as a system of equairculation datac andwv. It is time-dependent since the cir-
tions for the ocean circulation and the transport of temper-culation data also depend on time, both in case of a transient
ature, salinity and the incorporated biogeochemical tracerssimulation, and where a steady annual cycle driven by cli-
including their interactions. A fully coupled simulation — matological data is sought. The operafois identical for
reflecting the fact that tracers are advected by the oceaall tracers if the molecular diffusion of the tracers is small
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Fig. 1.0ne block of the explicit (left) and implicit (right) transport matrices.p, Aimp computed using the MITgem for a 2.812fesolution
(output of MATLAB®s spy command).

compared to the turbulent mixing, which is a reasonable simbe the identity and\ex, ; would be the discrete counterpart
plification. of I +tL(x,v,t;). Summarizing, starting from a vectgg

The idea of the Transport Matrix Method (TMM) intro- of initial values, each step in the time integration scheme
duced inKhatiwala et al.(2005 is to compute or approxi- (Eg. 3) to solve the tracer transport equations (Ejcon-
mate the matrices that represent an appropriate discretizatiosists of the evaluation of the source-minus-sink term and two
of L. This is done by running time steps of the ocean modelmatrix-vector multiplications per tracer.
that has produced the circulation datac etc., with spe- Table 1 shows typical values for the sizes and sparsity of
cial, only locally non-zero initial distributions for one tracer. transport matrices generated by the MIT General Circulation
By varying the support of the initial distributions over the Model (MITgcm; Marshall et al. 1997) for two spatial res-
whole spatial domain, an approximation for one or severalolutions, seeKhatiwala et al.(2009; Piwonski and Slawig
time steps can be obtained, which can be then used to buil@012. Since we deal with quadratic matrices and the spar-
up a matrix representation éf A comprehensive discussion sity patterns remain the same throughout the whole spin-up
of the temporal and spatial discretization as well as the proprocess a characterization of the used matrices by the num-
cess of evaluating transport matrices, especially in combinaber of rows @rows ) and the number of non-zero elements
tion with operator splitting schemes can be foun&Kimati- (nnz) is sufficient for our purpose. Figudeshows the spar-
wala et al(2009. For our results we used twelve implicitand sity patterns. The matrix entries are storeddaable preci-
twelve explicit transport matrices, which represent monthly sionvalues.
averaged diffusion and advection. The matrices are interpo-
lated linearly to the corresponding discrete time step during2.2 Computation of steady annual cycles
simulation. ] o . ) )

As a result, we obtain the following fully (temporal and COmputing a periodic solution of the discretized system
spatial) discrete scheme where we now denotg pthe ap- (Eq. 3) means looking for a fixed point of the mapping
propriately arranged vector of the values ofaliracers on ~ ® =¢n.—10--- 0 ¢o, i.e. for a trajectory(y ;) j=o.....,, With
all spatial grid points at time step. In the same way, we

- . . - = = yo. 4
denote byy ; the vector of the discretized source-minus-sink s (y0) = yo @
terms at all spatial grid points in time stg¢pUsing the TMM Thus one application of the mappidgcorresponds to the
with a fixed time Step-Size, the time integration scheme for Computation of one year model time (Or model year)_ The
(Eq.2) reads time step used in our computations was 3h, which corre-
Yirr=Aimp,jAexp;j ¥ +74;(¥)) = ¢; (). (3)  Sponds (taking 360 days a yearyto= 2880. The discretiza-

] ] tion of the biogeochemical terngg may include shorter time
Here n, is the total number of time steps and gieps (typically 8 per outer 3-h step).
Aimp.j» Aexp; are the implicit and explicit transport matri-  The whole iteration to compute a steady cycle (or fixed

ces at time stey =0,...,n; — 1. The matrices are block- int) now consists of a repeated application of the mapping
diagonal and sparse and depend on the used time-stepping.

scheme: if — as a simple and unrealistic example — the whole
system were solved explicitly by an Euler stégyp ; would  y' " =o(y'), 1=0,....n -1, (5)
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20 E. Siewertsen et al.: Porting marine ecosystem model spin-up to GPUs

Table 1. Resolution, sizes and sparsity of one block of the explicit and implicit transport matrices for two resolutions computed with the
MITgcm.

Horizontal Vertical Matrix size Number of non-zeros, totah¢ ) and percent

resolution layers rrows ) Aexp Aimp
2.812% 15 52749 5407405 (0.1943 %) 672779 (0.0024 %)
1° 23 682604 76567216 (0.0164%) 13339210 (0.0029 %)
where y! is the vector of discretized tracer aftermodel For the interpolation step in line 5, three other PETSc rou-

years, i.ey! = Yin,,» andn; the total number of model years tines are used (for explicit and implicit matrix separately) to
necessary to reach a steady annual cycle. The resulting strucompute the appropriately weighted matrices:
ture of the spin-up is sketched in Algorithin

From several computations it can be observed that after
aboutn; = 3000 iterations, a numerical steady solution (up MatScale(A_work, alpha);
to an accuracy of about 18 in discreteL2(2)" norm) is ob- MatAXPY(A_work, beta, A[i_beta], ...);
tained. Thus we refer to this as a “converged steady annual These three routines together compute a linear inter-

cycle”. This value oy, was also used irriest etal, 2010.  pojant or convex combination of two succeeding monthly
The residual can be further decreased by u5|ngahlghernun5\,eraged matrices, which are stored in the aragtart-
bern; of model years. ing at indexi _alpha andi _beta , respectively. Thus the
above lines computd_ work = alpha * A[i _alpha]

+ beta * A[i _beta] , which gives the desired interpo-
lated matrix inA.work , if alpha, i _alpha andbeta,

i _beta are chosen correctly with respect to the time step

MatCopy(A[i_alpha], A work, ...);

2.3 Applying parallel algorithms using the
PETSc library

Obviously, a parallelization of the matrix-vector multiplica-
tion occurring every time step can significantly speed up the
process of computing the steady annual cycle by the pseudo-

time stepping (or fixed point iteration) described above. In\ye use two simple models to test the computational gain pos-

the CPU setting (e.gPiwonski and Slawig2012) the par-  gjpje with the GPU hardware. Each of them has two tracers
allelization is carried out on a multi-processor, distributed- (ie.n =2 in Eq. 1 and thereafter). Source codes for both

memory architecture. In order to avoid the direct implemen- . J4als are available &wonski and Slawig2012.
tation of MPI directives, we make use of the PETSc library.  the first one is a simple radioactive decay model which is

Itiis a collection of data structures and algorithms for the .o pled and has the autonomous source-minus-sink term
parallel solution of numerical problems and provides inter-

faces (APIs) to programming languages as Fortran, C, C++

(M y1>
Python, and MATLAE®. Main advantages of PETSc for our 4= (—)»2 y2 )"
application are the parallelized matrix-vector-multiplication The parameters, z > 0 are the decay rates of the two
routines and the usage of an efficient sparse matrix storagFa 1,72

. dioactive elements. We chose lodifétiwith 11 ~ 44.88
‘f‘ornlat, N our case t,be o!‘efaula PETSc format, namely the, j = aqium @87 with 12 ~ 0.0331. This uncoupled model
‘AlJ” or “Yale sparse” or “CSR” (compressed sparse row)

is used in order to test the gain in CPU time for the pure
format.

In our original implementation, the biogeochemical part matrix-vector multiplication and interpolation in the TMM.
: : o ’ . Th nd model i ical bi hemical model, in-
(Algorithm 1, line 4) is implemented in Fortran, whereas e second model is a typical biogeochemical model,

the remainder of the code is realized in C. There is a Olif_cludlng both coupling and nonlinearities. It is based on the

X N-DOP model described iRarekh et al(2005, which was
ference with respect to the access of the tracer data tha(,;{ISO used irKriest et al.(2010, from which we basically
becomes |m|c_)ortant_ later on the GPU: for the b|ogeochem|—take the notation. The model incorporates phosphate (nutri-
cal computations (line 4), the values of the separate tracer:

and also on different spatial grid points (compare &care gnts, N.y1) and dissolved organic phosphorus (D94, The

X : source-minus-sink term is split up into the upper, sun-lit or
needed simultaneously. In contrast, the matrix-vector prod- PiL up PP

: roductive euphotic zon; with depthz’, and the lower,
ucts (lines 6, 7) are executed separately for each tracer, thLPS . p. ! pthz
\ ) aphotic zoney:
allowing us to store and work with one block of the trans-
port matrices only. Each matrix-vector product is computed
by one call to the PETSc routirdatMult()

.4 Ecosystem and biogeochemical model examples
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Algorithm 1: Marine ecosystem spin-up using TMM

Require: Set of monthly averaged transport matriégs,, Aexp, initial tracer distributiony, time stepr
Ensure : At the endy is a tracer distribution (at one point in time) of a steady annual cycle

y=JXYo
repeat
for j=0,..., ne —1do
compute biogeochemical source-minus-sink term§.= g ; (y)
interpolate the monthly averaged transport matrices to the current timg step
perform explicit step: § = Aexp j ¥
perform implicit step:  y = Ajmp_ j (¥ +75)
end
until steady annual cycle is reached

© O N o g b~ wWwN PR

Table 2. Parameters in the N-DOP model.

() = { —f() ;‘ A y2 in Q1 Name Description Unit
T lA-0)XF in Q

(1=0)gz FOD +4 2 2 A remineralization rate of DOP -

. o maximum community production rate ~d
72(y) = { of(yr) =4 y2 In £2 o fraction of DOP 1
—A y2 in €22 KN half saturation constant of N mmol PR

. . . . . L K, half saturation constant of light Wt

z being the vertical coordinate. The biological productionis g, ' atenuation of water mi
. 2
calculated as a function b sinking velocity exponent 1
y1 1
O)=a ———

Tov=e ke T+ K

of nutrients y; and light I. The dependence on the lat- 3 GPU computing with CUDA

ter is omitted here in the notation for brevity. The produc- ) ) . . .
tion is limited by a half saturation function, also known as In this section we describe the basic architecture of GPUs and

Michaelis-Menten kinetics, and a maximum production rate9iVe an overview of some useful libraries. We concentrate
parameter. Light is modeled as a portion of shortwave ra- N NVIDIAs Compute Unified Device Architecture (CUDA;

diation Iswr, which is computed as a function of latitude and NV!DIA Corporation 2012). One alternative is, for example,

season following the astronomical formulafdltridge and OpenCL The Khronos Group2012).

Platt(1976. The portion depends on the photo-synthetically NVIDIA, as one of the leading produ_cers of graphic Caf‘?‘S'
available radiatiompar = 0.4, the ice covepice, and the ex- has deveiloped its own parallel architecture for e>_<<.acut|ng
ponential attenuation of water, i.e. computationally expensive code on GPUs. By exploiting the

architecture of graphic cards as well as the increased memory
I = Iswr opAR (1 — 0ice) €XP(—z KH,0). bandwidth, it is possible to perform a far greater number of
. ) ) ) ) floating point operations per second (FLOPS) than on CPUs.
A fraction o of the biological production remains sus- \wnile CPUs have about one to eight cores each with up to
pended' in the yvater_ column as dissolved organic phosphoz GHz clock rate, GPUs nowadays do have a lower clock
rus, which remineralizes with a rate The remainder of the  5te hut hundreds of cores which can run multiple threads
production sinks as particulate to depth where it is reminer-gimyltaneously.
aIizeq according. to the empirical power—law relationship de-  The pasic unit of the CUDA programming model is called
termined byMartin et al.(1987), kernel A kernel is a piece of program code invoked on the
CPUhostand executed on the GRi¢viceby threads. These
threads are organized in a “grid” of thread “blocks”. A call

—b Z
F(y1)=(5,) /f(yl)dz. ©®
¢ 0

- . I , kernel<<<gridSize, blockSize>>>();
Similar modeling of biological production can be found

for example in Dutkiewicz et al. (2009. Algorithm 2 creategridSize  blocks ofblockSize — threads ready for

sketches the implementation of the N-DOP model, whereagyecution, whereas the order of processing the blocks de-
the model parameters are given in TaBle pends on the hardware.
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22 E. Siewertsen et al.: Porting marine ecosystem model spin-up to GPUs

Algorithm 2: Computation ofy = g ;(y) for the N-DOP model.

Require: Tracer vectory, latitude¢, ice coverojce, depths, layer heightsiz and parameters:, «, o, KN, KH,0. K, b
Ensure : y consists of the computed sinks and sources

1 for every water columia with n; layersdo

2 I =0.4%(1— 0ojce;) * Iswr(®;) /I compute insolation
3 y=0 /I zero all bio steps
4 for 8 biostepsio
5 yY=y+y /I take previous steps into account
6 y =0 /I zero one bio step
7 for layer j = 1to min(n;, 2) do /I production layers
8 Ij =1xexp(—z; Ky,0)
o fi=axyy ;% 1j/Oq ; +KN/Uj+K)

10 y&vjzyivj_f]

1 Vo =35 j+oxfj

12 if last layerthen

13 5’/21]=.§/27J+(1_0-)*f]

14 else

15 for every layerk beneathdo /I approximation of dF/dz

16 if last layerthen

17 Voo J =V j+(L—0)x fj*dzj * (zx—1/2;) "0 /dzk

18 else

19 Vo =55 j+(L—0)* fj*dzj * (ak—1/2)) 0 — (ax/2) 0 /dzk

20 end

21 end

22 end

23 end

24 for layer j = 1ton; do /I all layers

25 S’&?]:y&s]_‘_)‘*y/z’j

26 5’/2,1 =5/2,j—)»*y/2’j

27 end

28 y=y+1/8xy /I scale and add to all bio steps

29 end

30 end

The GPU hardware consists of several Streaming Multi-whose size is limited by the total amount of memory of the
processors (SMs). Each SM has its own buffer memory, regGPU. In order to run kernel code on the GPU, all data must
isters, and a number of cores. The cores have their own unitbe transferred from the host memory of the CPU to the device
for integer and floating-point calculation. For example, the memory on the GPU.

GeForce GTX 480 used here has 15 SMs with 32 cores each, NVIDIA provides a compiler ifvcc ) that translates C
i.e. a total of 480 cores. On a core, the smallest executableode into the CUDA Instruction Set (called PTX) and be-
unit is a “warp”, which consists of 32 threads. The total haves similarly to the C compilegéc ) included in the GNU
number of threads that can run simultaneously on a multi-Compiler Collection (GCC). A port of the GNU debugger
processor is dependent on the Compute Capability (CC) ofydb is also included in the CUDA toolkit.

the graphics chips. For the GTX 480 the limitis 1536 threads,

which results in a maximum number of concurrent threads o

for the entire GPU of 15 1536= 23 040 (p. 159NVIDIA 3.1 Libraries

Corporation2017).

The device memory on the GPU is divided into three typesyye make use of libraries that provide basic algorithms while
of physical and virtual portions. At first, a thread has accessyorking with GPUs. The first one is: Thrus¢ll and Hobe-
to its own private memory which is, depending on the CC, be-roc 2011), a C++ collection of generic algorithms, similar
tween 16 kB and 512 kB. Secondly, threads within one blockig the C++ Standard Template Library (STL), that exploit the
have access to a shared memory of between 16 kB and 48 kEyaraielism of the GPU in a transparent way. Using Thrust,
Finally, all threads have access to a shared global memory,any problems can be solved without even writing code for

Geosci. Model Dev., 6, 1728, 2013 www.geosci-model-dev.net/6/17/2013/



E. Siewertsen et al.: Porting marine ecosystem model spin-up to GPUs 23

the GPU. For documentation and sample code we refer tdhat both matrices are either currently in the GPU memory,
(Hoberock and Beji2012. the CPU memory or in both. For a complete and correct

The second library is Cus®Beéll and Garland 2010, implementation, it would have been necessary to cover all
which provides data types for sparse matrices and algorithmghese cases, and accordingly select the memory the matri-
for basic linear algebra operations on them. All data struc-ces are actually copied to. For our application it was suf-
tures in Cusp have a parameter that determines whether it iicient to cover only the case where the matrices are both
stored in CPU or GPU memory. Operations on the data willin the GPU memory, thus only this case was implemented.
then take place in the respective storage area. For our apFherefore, an additional call tdatCUSPCopyToGPU() in

plication, in particular the structureusp::csr _matrix MatCopy _SeqAIJCUSP() ensures that both matrices are
for the CSR format and the matrix-vector multiplication rou- in the GPU memory.
tine cusp::multiply that uses the algorithm described  The PETSc routineslatScale() andMatAXPY() im-

in Bell and Garland2008 2009, which was specially de- plement typical linear algebra subproblems, which are only

veloped for GPUs, are important. Documentation and samplg@erformed on the non-zero matrix elements. Consequently,

code can be found aBgéll and Garland2010. they could be completely realized using the Cusp BLAS li-
The third library we used was the preliminary implementa- brary for the GPU.

tion of PETSc for the CUDA architecture presentedviim-

den et al.(2010. With the help of the Thrust and Cusp li- 4.2 PGI CUDA-Fortran

braries, a large part of the PETS®ctor and some parts , , ) ,

of the Matrix  class have been implemented. The funda-Many biogeochemical models are implemented in Fortran.

mental problems of interaction of PETSc with the GPU haveMOStly, they are part of a software that has evolved over

been resolved, but only the routines that were necessary fotl‘lecades_ (e.g. MITgcm)._ Sir_lce we ‘_’V"?mt to use them with
the example treated iMinden et al.(2010 have been im- GPUs without any modification to original source code, we

plemented. Basically this “PETSc GPU” extends the built-in need a Fortran compiler and the appropriate libraries. At the

structures by a value that indicates in which memory the mosfiMe Of this work there was only one candidate, namely the

recent data are stored. This guarantees that the correct datafis>! CUDA Fortran compilerthe Portland Grou2013). It

available (and if necessary copied to) the memory that is cur€Xtends the language by constructs for calling kernel as well
rently used. Here, we employed the developer PETSc Iibrary'JIS the CUDA API functions. The syntax of a kernel call in

version 3.2-p5. Fortran is
call kernel<<<gridSize, blockSize>>>()

4 Port of the marine ecosystem simulation onto and thus similar to CUDA C++ . There are some extensions
the GPU compared to CUDA C++, but also some restrictions. For de-

] o _ tails we refer to the manuaTfe Portland Group20113a p.
We now describe the necessary modifications and extenS|on§4)_

of the original program that was running on a multi-processor

CPU cluster in order to perform the simulation on a GPU. 4,3 Other extensions to the implementation on the CPU
Basically these modifications are extensions of PETSc GPU,

modifications necessary to use the CUDA Fortran compilerAs mentioned in Sec®.3, there are two different data align-
for the biogeochemical model code and some routines foments useful for the spin-up using the TMM: one for the bio-

conversions between different data alignments. geochemical source-minus sink terms, where all tracers of a
. water column are kept in a contiguous piece of memory, and
4.1 Necessary extensions of PETSc GPU another one for the multiplication with the transport matrices,

o ) ) . where every water column of a tracer is kept together to re-
The preliminary PETSc GPU implementation was designedyyce the storage requirements for the matrices. Thus a copy-
to solve systems of equations, and thus not all functions necig perween these two data alignments is necessary in every
essary for our applications were included. To avoid any copy=tep of the algorithm. For the use on the GPU, three copy-
ing of data between CPU and GPU storage that would havéng functions in the original code were additionally modified
destroyed the speed-up, we had to extend the library. In OUfsing the Thrust library.

case, the three PETSc routindatCopy , MatScale , and

MatAXPY mentioned in Sec®.2had to be modified. 4.4  The compilation process for the GPU
If using sparse matrices with PETSc and working with
GPUs the PETSc wrapper function Here we briefly sketch the overall compilation and linking

process of the resulting code for the use on the GPU. The
process is visualized in Fig.

accessedMatCopy _SeqgAIJCUSP() to copy the values In a first step (top right in Fig2) the biogeochemi-
from matrix Ain to Aout . Here, it is theoretically possible cal model file model.F is included intodriver.CUF

MatCopy(Ain, Aout, ...);
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1-Cs BGCStep N-DOP BGCStep

#include driver.CUF 049 3 1) x
BLOCK_SIZE I e ‘B y
Sod xoox o WX . X ~
pgcpp precompiler gm D ' ! 5 X
Pl X £ X R
v RN SV
nvcc driver_model.CUF s oo i %
X X%
sfortan
h 4 Fig. 3. Computational time needed for the I-Cs (left) and N-DOP
pgfortran CUDA Iibrarie5| | driver_model.o | (right) model within one model year depending on the block size.
,_v contrast the best GPU result for the N-DOP model with re-
> < sults from three different distributed-memory architectures.
Y 5.1 Setup

Executable
I:I The CPU/GPU test hardware consists of two GeForce GTX
Fig. 2. Compilation and linking process of the spin-up for usage on 480 graphic cards and two InBixeor® E5520 CPUS run-
the GPU. ning at 2.27 GHz. However, the following tests were per-
formed only ononeGPU and only orone coreof the CPU.

No display was connected to the graphic card and compu-
and processed todriver _model.CUF by the pre- tations on the GPU were performed witlouble precision
processor of the C++ compilepgcpp. The Fortran  which is natively supported by the GTX 480. The theoretical
compiler pgfortran  then generates the object file peak performance of the GPU is at 168 GFlop &nd the
driver _model.o . internal bandwidth at 177 GB'$. The performance of one

The driver routinedriver. CUF  has two tasks: at first core of the CPU system is at 9.08 GFlog sits bandwidth
the Fortran compiler requires that all functions which gt 21 2 GBs!.
shall run on the GPU are marked with tiievice at- To test a specific biogeochemical model, the software
tribute, seeThe Portland Groug2011H. Since the com- is compiled with the according source code and run for
piler has no ability to set default attributes for all func- 100 model years. In detail, when the executable starts the
tions, itis necessary to integrate them through a preprocess@fata (matrices, initial vectors, etc.) is copied into the CPU
macro. Therein the Fortran keywordibroutine  is re-  or GPU memory and 100 iterations, 2880 time steps each,
placed byattributes(device) subroutine . Sec-  are performed consecutively. In the case of a GPU run, the
ondly, the driver provides support functions for the three results are copied back to CPU memory at the end.
entry points into the biogeochemical model, namely (i) the  Thus, the whole data has to fit into the memory of the de-
evaluation of the source-minus-sink term, (ii) the initializa- vice (or host). This is the case if the 2.822%rizontal res-
tion and (jii) deinitialization of the model. These three func- olution is used. Here, the 1.5GB RAM of a GTX 480 (or
tions need corresponding kernels for the GPU. This approaclao GB of the CPU system) are enough for about 1 GB of data.
ensures the original Fortran interface of the biogeochemicaHowever, a monthly averaged set of transport matrices based
model remains unaltered. on a T resolution (approximately 13 GB) is too large for the

In a second step (top left of Fig) the original, unmodi-  ysed GPU system. Such an amount of data requires a differ-
fied C code is compiled with the MPI wrapper of the GNU ent approach (see Seé). Hence, we focus on the 2.8125
C compilermpicc , while CUDA extensions are translated resolution and omit profiling of data transfers between CPU
with nvce . Finally all object code files are linked against and GPU memory.
PGI Fortran libraries, which results in the final executable. When processing source codes, thgicc , mpif90 and
nvcc compilers are switched teO (i.e. optimize). For
pgfortran no optimization flags are used. To perform
time measurements, the profiling system of PETSc is ap-
lied. No further source code optimization is performed re-
arding the GPU.

5 Numerical results

In this section we compare the performance of the spin—upP
on our CPU/GPU test hardware. We use the two models?
described in SecR.4. A special emphasis lies on the time
needed for the individual parts, namely the evaluation of the
biogeochemical source minus-sink term, the matrix interpo-
lation and the matrix-vector multiplication. Moreover, we
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Table 3.Minimum, maximum, average and standard deviation of computational time for one model year spent on the CPU and GPU. Shown
are results of 100 model years, each year timed separB®yStep block size: 160.

CPU GPU
Model Min Max Avg StdDev Min Max Avg StdDev  CPU MinGPU Min
I-Cs 159.58s 161.44s 160.19s 0.47 15.49s 1552s 1550s 0.002 10.30
N-DOP 621.43s 626.79s 622.14s 0.54 28.17s 28.20s 28.18s  0.003 22.06

Table 4. The three main portions in every time step of the spin-up.

Linesin Alg.1 Routine Description
4 BGCStep Evaluation of source-minus-sink terms
5 MatCopy , MatScale , MatAXPY Interpolation of transport matrices
6,7 MatMult Multiplication of transport matrices with tracer vectors
5.2 Results about 10 for the I-Cs model, whereas for N-DOP a ratio be-

tween the CPU and GPU of 36 can be observed. In addition,

We start by examining the block size parameter for the For-in Fig. 4 we recognize that 75% of the overall time on the

tran kernel calls of the biogeochemical model. The block sizeCPY: Which is spent for the evaluation of the N-DOP model,

describes the number of vertical profiles (or water columns)'S SP€d up by this factor on the GPU. This explains the over-
that are processed within a block. While the grid and block@ll ratio of 22. Note that the slightly higher average computa-
dimensions are calculated automatically, if using Thrust ortional times in Fig4 (compared to those in Tab8) are due

Cusp for example, a suitable value for the Fortran kernel© the higher granularity of profiling. Moreover, we see that

must be determined experimentally for the time being. Forthe gomputational effort for t.he I-Cs model, W:‘iCh is just a
all tests we use just 100 model years (instead of 3000 or mor&Caling of the tracer vector, is smaller than 3% on both ar-
needed in practice, see Se2®) to render the numerical ex- chitectures. Here, the overall speed up is dominated by the

periments feasible, especially when simulating the N-DOp™Matrix operations. , _

model on the CPU, which still takes about 17 h. . Concerning the latter, we picklatMult for a detailed
Figure 3 depicts the mean of 100 model years’ compu- view on performance and bandwidth and compare our results

tational time spent on the GPU for biogeochemical modelWith those reported bgell and Garlan¢2008. We calculate

steps depending on the block size. In both models, stron he number of floating point operations for one model year as

fluctuations up to 100 % occur. However, both graphs show ©/lOWs:

§|m|Iar occurrence of minima a}nd maxima. We suppose thlsnopsz Ny % 2% (2% NNZ exp+ 2% NNZ imp) ~ 70 GFlop

is due to the unbalanced distribution of water columns (see

Sect.6). However, the absolute minimum (I-Cs: 0.38's, N- which is the number of time steps per ydamesnumber

DOP: 12.6 s) is obtained for a block size of 160. of tracerstimes(explicit plus implicit) sparse matrix-vector
This value is used for the subsequent test, in which everymultiplication, which is exactly twice the number of non-

year is timed separately. TalBeshows the minimum, max- zeros. We consider the results from the N-DOP model and

imum and mean of computational time for one model yeardivide nopsby 58.19 s (CPU) and 5.87 s (GPU), respectively.

spent on the CPU and GPU. The standard deviation is smaWe obtain a performance of approximately 1.2 GFlops

on the CPU (I-Cs: 0.47, N-DOP: 0.54) and marginal on thefor the CPU and 11.9 GFlop's for the GPU. This is about

GPU (I-Cs: 0.002, N-DOP: 0.003). However, the overall re- 13% of the theoretical peak performance of one CPU core

duction is about 10 for the simpler I-Cs model and about 22(9.08 GFlop s!) and about 7 % of 168 GFlop's, regarding

for the more complex N-DOP model, a difference we inves-the GPU. The poor performance is due to the bandwidth lim-

tigate further. itation, which is typical for sparse matrix-vector multiplica-
Thus, the next tests focus on the individual steps within thetions. FollowingBell and Garland2008, we multiply nops

repeat-until loop of Algorithml, corresponding to one an- by 10 Byte Flop (CSR vector kernel) and relate the result

nual cycle. The invoked routines are listed in Tabl&heir ~ to the computational time spent on the CPU and GPU, re-

individual performance gain is depicted in TableRegard-  spectively. We obtain 56.8 % (12 GBY of the theoretical

ing MatCopy, MatScale , MatAXPY and MatMult , we bandwidth for the CPU and 67.4% (119.4 GB} for the

see a similar relative performance gain for both models fromGPU.

about 9 to 13. In contrasBGCStep shows a speed-up of
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Table 5. Mean computational time within one model year and performance gains of the individual routines depicted 41 Table

I-Cs N-DOP
Routine CPU GPU CPU:GPU CPU GPU CPU: GPU
BGCStep 3.79s 0.38s 9.93 469.76s 13.05s 36.00
MatCopy 34.52s 3.91s 8.83 34.04s 3.91s 8.70
MatScale 23.83s 1.99s 11.96 23.33s 1.99s 11.70
MatAXPY 38.71s 2.89s 13.39 37.49s 2.89s 12.96
MatMult 60.04s 5.87s 10.22 58.19s 5.87s 9.92
I-Cs model, GPU (15.67s/a)
|1-Cs model, CPU (164.35s/a) [block size 160]

MatScale

MatScale MatCopy

MatCopy

BGCStep MatAXPY BGCStep

Other

MatAXPY 23.6%

Other

MatMult MatMult

N-DOP model, GPU (28.34s/a)
N-DOP model, CPU (626.07s/a) [block size 160]

BGCStep

BGCStep

Other Other

MatCopy
MatMult

MatAXPY MatScale MatMult

MatScale
MatCopy MatAXPY

Fig. 4. Fraction of computational time needed for the individual parts in one year of the spin-up (AlgdrahthTabled) for the I-Cs (top)
and the N-DOP (bottom) model on the CPU (left) and GPU (right).

These figures in turn are satisfying and confirm a good Nevertheless, motivated by the overall speed up, we per-
performance of the CSR vector kernel usedNsgtMult . form simulations of the N-DOP model on three different
However, they also show that a sparse matrix-vector mul-CPU clusters and put them in relation to the best performance
tiplication on a GTX 480, which is two generations ahead on the GPU as a last comparison. Figaghows that a GTX
of the GTX 280 used bgell and Garland2008, is only 480 can compete with approximately 56 Barcelona, 28 West-
slightly faster. Here, we refer to the 10 GFlop'sachieved  mere, and 17 Gainestown processors.
by the GTX 280 for “unstructured” matrices, compared to
the 11.9 GFlops! achieved by the GTX 480 for the trans-
port matrices. This is obviously due to the only slightly in- 6 Conclusions

creased memory bandwidth from 141.7 GB{GTX 280) o . .
to 177 GB s (GTX 480). In order to port our existing implementation of the spin-up

of marine ecosystem models using transport matrices from
CPU to GPU hardware, modifications of our own code and
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