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ABSTRACT
Chemistry Climate Model (CCM) numerical codes are im-
portant [68] to understand how to mitigate global warming
[36, 35]. In order to produce meaningful results, CCM nu-
merical codes require PetaFlop-scale performance and soon
will require ExaFlop-scale performance [62]. Furthermore,
such high-performance must be reached within a reasonable
power budget. It is therefore important to speedup the exe-
cutions of the state-of-the-art CCM codes and to make them
more energy efficient. These codes are already optimized
for CPUs but not for Graphics Processing Units (GPUs)
[47, 74], which are the best candidates to achieve the above
mentioned performance [39] and power [33] budget goals.

Among CCM codes, Fast-J [58] is very important and widely
used in simulations at different scales of magnitude, i.e., lo-
cal, global and cosmic. At any scale of simulation there is
a core code called Fast-J core, which determines the per-
formance of the simulation. In this paper we speedup the
Fast-J core. To accomplish such goal, first the Fast-J core
is ported from its highly-optimized CPU version to a GPU
version. Second, a few high-level optimizations are identi-
fied and deployed to the GPU version of Fast-J. Some of the
high-level optimizations are not currently part of the CUDA
compiler and others are not efficiently implemented.

The newly ported and optimized GPU Fast-J core kernels
are 50.0 and 25.8 times faster than the already highly opti-
mized CPU multi-threaded code. Furthermore, speedups of
at least 15.5 and 13.6 are consistently reached for each scale
of simulation.

Categories and Subject Descriptors
G.4 [Mathematics of Computing]: Mathematical Soft-
ware—Parallel Implementations - Graphics Processing Units

General Terms
Performance, Algorithms, Measurement, Experimentation

Keywords
HPC, Performance, Speedup, GPU, Optimization, Compiler,
CCM, GCM, Fast-J, Green, CUDA, Nvcc, PTX, Chemistry
Climate Model, Global Chemistry Model, G++, Icc

1. INTRODUCTION
Climate change has been a very active area of research in
the last few decades. In order to address the problems pre-
sented by climate changes, the fields of Computer Science
and Earth System Science need to develop and validate more
accurate chemistry climate models (CCMs) and to improve
their performance, in order to produce a qualitative differ-
ence in the results of the complex, large scale simulations
involved.

The critical components of the CCMs are the numerical
models that simulate the scattering and absorption of sun-
light throughout the atmosphere, vegetation canopy, and
upper ocean [63] [63, 42], using 1D [40], 2D [44, 38] or 3D
[52, 3] lattices. Such numerical models, when implemented,
highly optimized, and accelerated, allow scientists to fore-
cast the arrival of dangerous weather conditions [22, 41] -
i.e. hurricanes [60] - and give insights on how to mitigate
dangerous climate phenomena such as global warming [72,
32].

The CCM and the volumetric size of the simulation deter-
mine the density (number of points) and the homogeneity
of the lattice (which accounts for that elementary volumes
of lattice can contain a different number of points). Multi-
ple air columns compose each CCM lattice. Each processing
node receives a subset of these air columns at pre-simulation
time. During each simulation step, each processing node up-
date the values of some variables - i.e wind and humidity -
at each one of its lattice points, and if necessary, correct
them [31]. The processing nodes therefore propagates the
results to their neighbor nodes at the end of each simula-
tion step. The number of simulation steps depends from the
lattice size and the temporal horizon of the simulation [66].
The lattice of simulations, studying the causes of warming
phenomenons, easily cover many countries [2] or even the
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whole earth [9]. The temporal horizon of the simulations is
usually in decades [29, 21] or centuries [17, 46, 51].

The numbers of variables to update, the numbers of points
composing the lattices used by the simulations and the tem-
poral horizons of the simulations are translated into costly
and very time consuming computations. Such costs are
large for any class of general purpose computers, includ-
ing supercomputers. Hence, speeding up such simulations
is paramount to advancing their state-of-the-art forecasting
possibilities.

While the simplification of the CCM is possible, it is not
a solution to the problem. In fact current radiative trans-
fer (RT) models (e.g., the Rapid Radiative Transfer Model
for Global Chemistry Models (RRTM-G) [34] as used by
the National Center of Atmospheric Research (NCAR) [26]
and in the Department of Energy Community Earth Sys-
tem Model (DOE CESM) [50]) make simplifying assump-
tions and therefore only approximate the real values of the
physics variables. This is due to the very high computa-
tional cost of their executions compared to the computa-
tional cost of other elements of the climate systems (e.g.,
atmospheric dynamics, cloud physics, ocean circulation, sea
ice, chemistry, biogeochemical cycles). The approximations
create bias errors in the modeling of photochemistry, heat-
ing rates, and the distribution of photo synthetically active
radiation (PAR). However, the greater their accuracy, the
greater the understanding on how rapidly mitigate short-
lived climate forcing agents (SLCFs: tropospheric O3, CH4,
some HFCs, black carbon and other aerosols), a potential
near-term solution to simultaneously slow global warming
and improve air quality [55, 54]. One way to achieve greater
accuracy is increasing the speeds of the codes. The faster
the CCM codes, the greater the achievable accuracies.

An important CCM is Fast-J [73, 6, 71] [73, 6, 61, 71]. Fast-
J is used to study a) the short-lived climate forcing agents
that [59, 20] are responsible for slow global warming [59]
and decreased air quality [20], and b) CO2 concentrations
in the atmosphere [4] that have to be kept within the bound
of 2 ◦C [IPCC, 2013].

Fast-J is widely used by several CCMs such as the Com-
munity Atmosphere Model number 5 (CAM5) [49] running
at the National Energy Research Scientific Computing Cen-
ter (NERSC) [53]. Fast-J is also integrated in several of
the chemistry-climate models discussed in the Intergovern-
mental Panel on Climate Change, the 5th Assessment Re-
port (IPCC AR5 [57]), the Oslo-CTM2, the GESOCCM and
the GISS-ER2 [23]. The Whole Atmosphere Community
Climate Model (WACCM) [30] and the Community Atmo-
sphere Model with Chemistry (CAMWC) [19] use Fast-J
too.

Shortening the running time of the Fast-J code is paramount.
Fast-J currently runs a total of at least 10 million hours/year
worldwide (likely an under-estimate). Even in super-compu-
ters using dedicated and specialized multi-core architectures,
each execution of the Fast-J core code per simulation re-
quires months for any meaningful forecasting, in spite of
the fact that the code is already highly optimized for such
architectures. In this article we accelerate the Fast-J core

to improve its energy efficiency, accelerate the simulations,
and increase their accuracy. First, we port the state-of-the-
art, multi-threaded, multi-air column, multi-wavelength and
multi-layer CPU source code to NVIDIA GPU architectures,
and second, we customize the ported code using high-level
optimizations.

The source-to-source optimizations that we identify and pro-
pose are currently not implemented in or efficiently executed
by the NVIDIA compiler. One of the contributions of this
paper is in fact the identification and efficient implementa-
tion of such optimizations to speedup GPU code executions
without using intrinsics or assembly, which are tedious and
error-prone. Such optimizations, which can be implemented
as part of a source-to-source compiler, are important because
they allow the delivery of performing and portable codes.

There are 7 source-to-source optimizations: 1) porting and
linearization; 2) changing the data layout; 3) reducing the
necessary number of data structures; 4) loop invariant re-
moval; 5) scalar replacement of aggregates; 6) declaring the
number of GPU threads and the dimensions of the data
structures using pre-compiling directives; and 7) defining
the previous variables that are now transformable into con-
stants, after loop unrolling, at a pre-compilation time.

The 7 source-to-source optimizations make the 2 Fast-J core
kernels, when running on a NVIDIA Tesla 2070 GPU, 50.0
and 25.8 times faster than the state-of-the-art, multi-thread-
ed, multi-air column, multi-wavelength and multi-layer CPU
Fast-J core kernels running on the Intel Core i7. The newly
optimized GPU Fast-J core code therefore opens research
opportunities that were previously impossible. Furthermore,
for any scale of simulation, independent from the number of
air columns, the number of wavelengths per air column, and
the number of layers per air column, the new Fast-J core
kernels are always at least 15.5 and 13.6 times faster than
the state-of-the-art, multi-threaded, CPU code.

2. GRAPHICS PROCESSING UNITS
Graphics Processing Units (GPUs) are specialized hardware
originally created to accelerate computer graphics and image
processing [47]. However, their highly parallel structure [27]
and their low cost per GFlop per Watt [64] make them at-
tractive as energy efficient, performing architectures, which
can be used to accelerate more general purpose, computatio-
nally-intensive scientific tasks [56]. In June 2014, the first
15 of the 500 most energy efficient computers on earth all
used NVIDIA state of the art Kepler GPUs [1].

Accelerating codes on GPUs is difficult [69]. This is due to
the fact that GPUs, when compared to CPUs, have many
more functional units (hundreds versus less than 10 [14, 12]),
less hierarchy memory levels (two instead of three [15, 11])
and smaller cache memories (an L2 cache of 256 KB instead
of an L2 cache of 2 MB [13, 16]). Furthermore GPUs are
optimized for high parallel arithmetic intensity instead of for
branching sequential code like CPUs [28].

Sophisticated GPU compilers have yet to be developed. Such
a compiler would have a more difficult time in optimizing
and transforming code than a corresponding CPU compiler
[10]. This is due to the difficulties in solving synchroniza-
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tion problems, data movements and data dependencies for
thousands of threads.

Currently the only way to achieve peak performance in GPUs
is to hand-optimize the code, which is only possible to a
limited extent because the NVIDIA Instruction Set Archi-
tectures for all the NVIDIA GPUs post-2010 are undis-
closed. The availability of a source-to-source compiler there-
fore assumes particular relevance in the context of optimiz-
ing GPU code. While not all of the possible source-to-source
optimizations can be relevant, the few accurately selected
source-to-source optimizations give significant and consis-
tent speedups.

3. THE CPU STATE-OF-THE ART CODE
The CPU state-of-the art C++ Fast-J core code is already
multi-threading, multi-air columns, multi-wavelengths, multi-
layers, and multi-air columns. Typical values for the number
of wavelengths are 8, 16, 32, 64, 128, and 256. Typical values
for the number of layers are 300, 400, and 500.

The core code has 2 main functions: the generator of the
triangular systems and the solver. The generator and the
solver contribute to 17% and 80% of the execution time of
each Fast-J simulation step. The remaining 3% is due to the
other few small functions. The small functions only set the
input parameters of the generator and the solver.

The generator and the solver use 16 and 20 different multi-
dimensional matrices. Many of these matrices have more
than 2 dimensions: 13 have 4 dimensions, and 7 have 5
dimensions. These matrices are large. The matrices with
4 or 5 dimensions have: one dimension for the air columns
- in range of thousand elements; one a dimension for the
wavelengths - in the range of hundred elements; and one
dimension for the layers - in the range of hundred elements.

Synchronization problems among CPU threads are already
been completely eliminated. During each execution, each
thread has in fact exclusive access to different parts of the
data structures with the guarantee that no other thread will
try to access to the same parts during their reads and writes.
The reduction in the number of synchronization is one of the
strengths of the CPU optimized code.

4. SOURCE-TO-SOURCE OPTIMIZATIONS
We introduce and implement a total of 7 source-to-source
optimizations. Each optimization is implemented on top of
the previous one. The optimizations are as follow:

1) Porting from CPU to GPU and Linearization: We
ported the code in such a way that it now works using any
number of GPU threads. Usually, thousands of threads are
needed to execute a generic GPU code. For this reason, it
was necessary to introduce into the original state-of-the-art
CPU code the necessary controls for the distribution of the
data structures among GPU threads.

Synchronization among GPU threads is eliminated because
it is very time consuming. We take care to port the code so
that each GPU thread reads and updates only specific parts
of the data structures, with the guarantee that no other
thread will try to read or update such parts simultaneously.

We implemented the necessary communication infrastruc-
ture between the CPU and the GPU. GPU code always has
to be called inside CPU code. Using this infrastructure, the
CPU passes the control to the GPU when necessary and
waits each time to regain control before continuing with the
execution of the CPU code.

CPU data structures were duplicated in the GPU global
memory. We declared the necessary GPU pointers and allo-
cated the necessary quantity of GPU global memory, copied
the CPU data structures to the GPU data structures resid-
ing in the GPU global memory, prepared the stack for the
execution of the GPU code, executed the GPU code, and
transfered the results back to the CPU.

Anyway linearization is used. Using A[i × J × Z × W +
j × Z × W + z × W ] instead of A[i][j][z] 1) simplifies the
implementation of the other optimizations, i.e. data layout
modification, 2) allows us to implement some optimizations
in particular ways, i.e. loop invariant removal, and 3) al-
lows some optimizations to gain greater speedups, i.e. data
locality enhancement.

2) GPU Layout Modification: Data layout modification
reduces the probability of hitting bandwidth bottlenecks.
If a code hits a bottleneck then its execution will be slowed
down. To reduce the probability that this happens, the data
layout therefore has to be changed in a way that reduces the
average quantity of bytes transfered per clock cycle.

Transfers can easily kill any performance improvement. The
GPU schedulers schedule 28 groups of 32 threads per clock
cycle. If the data required by a group of threads are not
consecutive in the global memory, then the architecture has
to transfer many cache lines to satisfy the request of a single
group (in the worst case scenario: 64 cache lines, each of
which has 128 bytes per group, producing 28 × 64 × 128 =
229376 bytes for the groups). In this case, even a single
group request can easily amount to more than 128 bytes per
clock cycle, therefore killing any possible improvement (128
bytes per clock cycle is the bandwidth between off-chip and
on-chip memory for a NVIDIA Tesla C2070).

The data per group request has to be consecutive in the
global memory. If the data are consecutive, then the ar-
chitecture will transfer the minimum number of cache lines.
For example, supposing the data requested by a group of
threads are 1) different, 2) 8 bytes each, 3) consecutive in
the global memory, and are 4) not present in the small caches
on-chip, then only 2 cache lines will be transfered instead of
the previous 64.

The overhead time due to the layout modification is practi-
cally null. The layout has to be changed only one time before
the execution of the simulation. A CCM simulation requires
millions or billions of time steps and so weeks or months of
execution time, but the layout modification requires only a
few seconds in the worst case.

3) GPU Data Structure Eliminations: The smaller the
data structures, the smaller the probability of bottlenecks
being generated by the bandwidths and latencies of the dif-
ferent off-chip and on-chip memories. Data structure elimi-
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nation is determined by the analysis of the data dependen-
cies and the reuse of the same parts of some data structures
at different moments during the executions. After this op-
timization, it is now possible to execute simulations 7 times
larger than before.

Size Before Matrices
aC ×M WT , EMU
aC ×Wl RFL
aC ×Wl ZTAU, ZFLUX
aC ×Wl FJTOP , FJBOT
aC ×M2 PM0

aC ×Wl ×M ×M E
aC ×Wl × L FJ

aC ×Wl ×M ×M S, T , U , V , Z
aC ×Wl ×M ×M2 PM
aC ×Wl ×M × L A , C , H , RR
aC ×Wl ×M2 × L POMEGA2

aC ×Wl ×M ×M × L B , AA , CC , DD

Table 1: Matrices and their sizes before the data
structure eliminations. aC is the number of air
columns, Wl is the number of wavelengths per air
column, L is the number of layers per air column, M
and M2 are the number of data per air column, per
wavelength, per layer (M and M2 are always equal
to 4 and 8), while Tt is the total number of threads
used to execute a simulation.

Size After Matrices
aC ×M WT , EMU
aC ×Wl RFL
aC ×Wl ZTAU, ZFLUX
aC ×Wl FJTOP , FJBOT
aC ×M2 PM0

Tt×M ×M E
aC ×Wl × L FJ
Tt×M ×M S, T , U , V , Z

aC ×Wl ×M ×M2 PM
Tt×M × L A , C , H , RR

aC ×Wl ×M2 × L POMEGA2
Tt×M ×M × L B , AA , CC , DD

Table 2: Matrices and their sizes after the data
structure eliminations. See Table 1 for an expla-
nation of the symbols aC, Wl, L, M, M2, and Tt.

4) GPU Loop Invariant Removal: Redundant calcu-
lations can be eliminated. Fast-J has many 2 - and 3 -
nested loops. All these loops run on a variable number of
air columns, wavelengths, and layers per air column. Any of
the 4 or 5 dimensional matrices are updated and read sev-
eral times inside several nested loops. Pre-calculating parts
of the access indexes to the matrices, before entering into
the next nested loop, explicitly eliminates a great number
of otherwise redundant calculations.

1: procedure Fast-J(. . .)
2: for i = 1 to I do

3: i J Z = i× J × Z
4: for j = 1 to J do
5: j Z = j × Z
6: i J Z j Z = i J Z + j Z
7: for z = 1 to Z do
8: i J Z j Z z = i J Z j Z + z
9: C[i J Z j Z z] = . . .

10: end for
11: end for
12: end for
13: end procedure

Algorithm 1: GPU Loop Invariant Removal

5) GPU Scalar Replacement of Aggregates: The code
runs faster after eliminating useless data transfers. This is
accomplished by moving data into local variables and updat-
ing them many times before updating the data structures in
the global memory.

It is important to avoid accessing the global memory as much
as possible. An instruction of the form A[i][. . .] = . . . up-
dates the data structure A in the global memory. The Fast-
J code has many loops and often updates the same data
many times in a loop. Many Fast-J instructions of the form
A[i][. . .] = . . . are therefore inefficient.

We avoid accessing the global memory modifying loop in-
structions. In each loop, for each instruction of the form
A[i][. . .] = . . . when it first appears in the loop, we move the
data A[i][. . .] into a local variable and update the variable
locally. This avoids frequent accessing of the global memory.
When the last instruction A[i][. . .] = . . . appears in the loop,
then and only then do we update the data structure in the
global memory.

1: procedure Fast-J(. . .)
2: for i = . . . do
3: for j = . . . do
4: . . .
5: d = D[i J j]
6: d = d + . . .
7: d = d + . . .
8: D[i J j] = d
9: . . .

10: end for
11: end for
12: . . .
13: end procedure

Algorithm 2: Scalar Replacement of Aggregates

6) GPU Pre-Compiling Define Directives for GPU
Threads and Data Structures: More information makes
the compiler's job easier. We greatly simplify the compiler's
loop transformation and optimization tasks using #define
directives to provide to the compiler the number of GPU
threads and the dimensions of all the data structures at a
pre-compiling time.
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Loop transformations and optimizations are important for
Fast-J because Fast-J has a great number of nested loops.
Once it knows the dimensions of all the data structures,
the compiler acquires complete knowledge of the parameters
necessary to decide if and how to split or combine loops,
interchange or permute indexes, skew loops, or apply tiling
and other optimizations.

7) GPU Constant Folding: The smaller the number of
instructions to execute, the smaller a code's execution time.
Manually unrolling the loops, with the previous optimiza-
tions, makes many previous calculations transformable into
constants. The constants are therefore inserted into the
code using some #define directives. This transformation
contributes to further speedup the already highly optimized
GPU code. This is due to the fact that Fast-J has many
short 1 - and 2 - level nested loops.

5. HARDWARE AND SOFTWARE
Hardware configuration: the experiments use a CPU In-
tel Core i7 950 3,06 GHz LGA 1366 with Kingston DDR3
(3x2Gb) Triple Channel 2 GHz CL9 mounted on an Asus
Motherboard P6T SE LGA 1366 X58 connected through
PCI-Express v. 2 to a NVIDIA's Tesla C2070 GPU. The
Intel Core i7 has 8 MB of L3 cache and 4 256 KB blocks of
L2 cache. The NVIDIA's Tesla C2070 does not have an L3
cache and has only 676 KB of L2 cache.

Software environment: the operative system is Ubuntu 14.04.
The g++ version is 4.8.2 . The icc version is 15. The CUDA
driver version is 7.5 . The CUDA compiler version is 7.5.12.
All these components are the current state-of-the-art - Au-
gust 2015.

6. BINARY CODE GENERATIONS
We generate 16 different binaries for the CPU state-of-the-
art Fast-J core code, 8 using g++ and 8 using icc - 4 for the
generator and 4 for the solver per compiler. For each one
of the 2 functions the 4 binaries generated by each compiler
were generated using the -O0, -O1, -O2, and -O3 compiling
options.

For the GPU we generate a total of X binary codes. This
is due to the last 2 source to source transformations, the
transformation using the pre-compiling define directives and
constant folding. To understand why this happens let us
briefly analyze the 7 archetype GPU codes that we use for
the binary generations.

There are only 2 specific GPU codes for each one the first
5 archetype GPU codes - 5 for the generator and 5 for the
solver. The 2 specific GPU codes number 1 are the ports
with linearization. The 2 specific GPU code number 2 are
the 2 specific GPU codes number 1 with the addition of
layout modification. The 2 specific GPU codes number 3
are the 2 specific GPU codes number 2 with the addition of
the data structure eliminations. The 2 specific GPU codes
number 4 are the 2 specific GPU codes number 3 with the
addition of the pre-calculation of parts of the indexes. The
2 specific GPU codes number 5 are the 2 specific GPU codes
number 4 with scalar replacement of aggregates. These 10
GPU codes - 5 per function - are unique for any possible
experiment and any possible number of GPU threads.

There are instead many specific 6th and 7th GPU codes.
The number of air columns, the number of wavelengths per
air column, the number of layers per air column, the number
of threads executing a simulation and the quantity of global
memory to dedicate to the simulation uniquely determine
the dimensions of the data structures. All these features
has to be embedded in the codes 6th and 7th. Decided the
quantity of global memory to dedicate to a simulation, the
number of wavelength per air column, the number of lay-
ers per air column and the number of threads to use for
the executions, we need to produce a specific 6th GPU code
for all the possible combinations of the values of the previ-
ous parameters - we take the specific GPU code 5 of each
function and specialize it for each one of the possible com-
binations. We also need to generate a specific 7th GPU
code for each one of the 6th GPU codes. To accomplish
this we take a specific 6th GPU code, we manually unroll
short loops, transform some previous variables in constants,
eliminate the redundant calculations corresponding to the
previous variables now constants, and embed the constants
in the new code using some pre-compiling directives.

7. COMPILER OPTIONS
For the generation of all the CPU binaries we set to true the
-mtune=corei7-avx compiling option. The -mtune=corei7-
avx option set the g++ and icc compilers for the production
of binary code highly optimized specifically for the Intel Core
i7 architecture. With this option we enable the 64-bit ex-
tensions, and the MMX, SSE, SSE2, SSE3, SSSE3, SSE4.1,
SSE4.2, AVX, AES and PCLMUL instruction set supports.

For the generation of the GPU binaries we use the −arch =
compute 20 and −code = sm 20 compiling options. The
−arch compiling option specifies to the compiler the ab-
stract type of the target architecture. This is necessary
to the compiler for the production of a more specific and
optimized PTX code - PTX is a pseudo virtual assembly
used by NVIDIA to make CUDA codes portable between
different NVIDIA's GPU architectures. The −code compil-
ing option instead specifies to the compiler the real target
architecture for the production of the optimized assembly
code obtained taking in input the PTX code. We do not use
the −m = 64 compiling option. This is because the GPU
codes are automatically produced and optimized for the 64
bit architecture.

For GPUs no other GPU compiling optimizing options can
be specified beyond the −arch, −code and −m options. We
can use the −Xptxas = −v option to get some insights on
the number of hardware registers each thread will use during
the executions or the number of bytes dedicated to the stacks
but the option does not further optimize the code, simply
return some binary statistics.

8. OTHER SYSTEM SETTINGS
We dedicated 4 GB of global memory on the CPU and on
the GPU for the execution of the experiments. The number
of wavelengths and the number of layers per air columns
and the number of CPU or GPU threads used determine
the number of air columns fitting in 4 GB of global memory.

Wavelengths per air column are 8, 16, 32, 64, 128 and 256.
When Fast-J runs alone, 8, 16 and 32 wavelength per air
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columns are selected. When Fast-J runs inside Cloud-J, 32,
64 or 128 wavelengths are selected. When Fast-J runs inside
Cloud-J running inside Solar-J, 128 or 256 wavelengths per
air column are selected.

Layers per air columns go from 300 to 500 included, increas-
ing at steps of 25. The number of layers per air column
depends by the number of clouds per air column and their
vertical extension. The greater the number of clouds and
longer their vertical extension, the greater the number of
layers per air column.

For the CPU experiments we run the CPU binary codes
using 4, 8, 16, 32, 64 and 128 CPU threads. The Intel Core-
7 has 4 cores, therefore for each execution, 1, 2, 4, 8,16 or
32 CPU threads are resident per processor.

For the GPU experiments we run the GPU binary codes
using a number of blocks of threads always equal to the
number of stream multiprocessors - 14 for a NVIDIA's Tesla
C2070 - and a number of warps per block going from 1 to
16 - with 16 we reach the maximum occupancy in number
on hardware registers per stream multiprocessor.

The use of a number of blocks of threads equal to the num-
ber of stream multiprocessor is important. Doing this we
minimize the overheads due to the block assignments and
management during the executions. Blocks will be gener-
ated and assigned only one time at the beginning of the
simulation and will remain resident in the same stream mul-
tiprocessor for the whole duration of the execution. Each
stream multiprocessor will manage the minimum number of
blocks - 1 - with consequent time saving but full occupancy
of the stream multiprocessor resources.

9. EXPERIMENTAL PROCEDURES
We stop all the processes that could interfere with the exe-
cutions. The lightdm process is terminated to avoid period
checks and refreshes of the graphical environment by the
GPU. We therefore connect from remote using ssh and open
a screen session on the machine. We launch the scripts, de-
tach the screen session and exit from the remote connection.

We run 6 × 9 = 54 experiments per function. 54 is the
number of combinations ( number of air columns , number
of layers per air column ). We dedicate 4 GB of global
memory and to each experiment.

CPU thread management overhead is minimized. The CPU
threads are always created, initialized and set before the calls
to the generator and the solver. The whole time necessary
for the creation, the initialization and the set of the threads
is therefore not counted for the execution of the 2 functions.

The communication overhead between CPU and GPU and
the GPU overhead for thread generation and assignment are
included in each GPU execution time. The GPU timer is
started just before the CPU passes the control to the GPU.
The GPU, got the control, generates the GPU threads, as-
signes the GPU threads to the stream multiprocessors, and
execute the code. After the last thread has completed its
execution, the GPU returns the control to the CPU and the
GPU timer stopped.

For each function, for each couple ( number of wavelengths
, number of layers ), we select for the comparisons the best
CPU and GPU average running times. Usually, the best
CPU average running time, per ( number of wavelengths
, number of layers ), per function, are runs using 8 CPU
threads, while for the GPU are runs using launch configura-
tions with 16 warps per thread block.

CPU and GPU timers have nanosecond and microsecond
resolutions. For the CPU we use timespec and create a struc-
ture reading hardware counters. For the GPU we use the
cudaEventRecord() and the cudaEventSynchronize() func-
tions.

CPU and GPU timer resolutions are 8 and 5 order of mag-
nitude smaller than any execution time. All the CPU simu-
lation steps of each experiment require at least several hun-
dreds of milliseconds - CPU timer resolution is of nanosec-
onds. All the GPU simulation steps of each experiment
require at least several tents of milliseconds - GPU timer
resolution is of microseconds.

The CPU and GPU average running times are meaning-
ful. For each experiment - ( number of wavelengths,number
of layers ) - we run several sub-experiments - ( number of
threads ). Each sub-experiment is run hundred of times.

The CPU and GPU average execution times are accurate.
Given a binary code, given a sub-experiment, the execution
time variability of the binary code, for the sub-experiment,
is always smaller than 1% its average execution time, for the
sub-experiment. This proves that no other OS processes are
interfering with the executions.

10. FINAL RESULTS
Tables 3 and 4 show the speedups of the different GPU codes
against the basic ported code cy1 (the code produced by the
source-to-source transformation number 1). The first col-
umn of each table represents the number of layers per air
column, L. The remaining columns cyx represent the GPU
codes. For example, c83 represents the GPU code for simula-
tions that 1) use air columns with 8 wavelengths, and that
2) are accelerated using the first three optimizations: lin-
earization, layout modification, and loop invariant removal.
Note therefore that each column represents the results of
applying a new optimization on top of the prior ones.

The greatest speedup contributions, and thus the great-
est energy efficiencies are given by the data layout modi-
fication (roughly 9), the scalar replacement of aggregates
(roughly 4), and by the use of pre-compiling #define direc-
tives (roughly 9). While linearization, data structure elimi-
nation and loop invariant removal give smaller contributions,
they are nevertheless fundamental to the effectiveness of the
other performing optimizations. For example, if lineariza-
tion is absent, the data layout modification and the loop
invariant removal cannot be implemented as described.

The 9 times speedup due to the data layout modification
shows that a data per warp request must be contiguous in
the global memory. This is because of the architectural be-
haviors explained in section 4.
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L/C c82 c83 c84 c85 c86 c87
300 10.34 13.01 13.03 14.03 23.50 23.53
325 10.59 14.07 14.11 14.12 23.63 23.69
350 10.20 13.53 13.63 13.99 23.21 23.25
375 10.48 13.69 13.81 14.52 24.30 24.36
400 10.55 13.10 13.21 14.01 23.74 23.77
425 11.86 12.69 12.89 13.84 23.65 23.69
450 11.43 12.18 12.37 13.33 22.85 22.89
475 10.22 13.87 13.93 13.96 22.83 22.87
500 11.94 13.63 13.78 13.89 22.69 22.75

L/C c162 c163 c164 c165 c166 c167
300 11.66 13.00 13.33 14.00 23.50 23.53
325 11.82 14.07 14.12 14.16 23.62 23.64
350 11.88 13.52 13.76 13.96 23.20 23.24
375 12.14 13.78 13.82 14.52 24.34 24.37
400 12.11 13.06 13.32 14.10 23.75 23.79
425 11.87 12.68 12.79 13.84 23.65 23.68
450 11.43 12.19 12.34 13.34 22.82 22.85
475 11.67 13.89 13.93 13.98 22.85 22.89
500 11.95 13.63 13.75 13.89 22.70 22.73

L/C c322 c323 c324 c325 c326 c327
300 12.02 13.01 13.12 14.00 23.50 23.52
325 12.18 14.04 14.06 14.08 23.55 23.57
350 11.90 13.54 13.72 13.96 23.21 23.23
375 12.44 13.82 13.89 14.55 24.41 24.44
400 12.13 13.05 13.12 14.09 23.75 23.77
425 11.86 12.69 12.78 13.84 23.64 23.69
450 11.44 12.18 12.34 13.33 22.83 22.85
475 12.20 13.90 13.94 14.01 22.89 22.92
500 11.95 13.62 13.73 13.88 22.70 22.73

L/C c642 c643 c644 c645 c646 c647
300 12.04 13.01 13.14 14.02 23.53 23.56
325 12.20 14.04 14.09 14.11 23.53 23.57
350 12.07 13.57 13.63 13.97 23.28 23.32
375 12.50 13.79 13.87 14.54 24.40 24.44
400 11.90 13.06 12.15 14.08 23.73 23.74
425 11.85 12.68 12.73 13.82 23.62 23.65
450 11.43 12.18 12.23 13.31 22.80 22.82
475 12.12 13.93 14.00 14.02 22.94 22.97
500 11.95 13.64 13.74 13.90 22.72 22.73

L/C c1282 c1283 c1284 c1285 c1286 c1287
300 12.05 13.01 13.12 14.03 23.55 23.59
325 12.19 14.05 14.07 14.08 23.54 23.58
350 12.30 13.71 13.78 14.34 23.56 23.61
375 12.54 13.79 13.81 14.55 24.40 24.43
400 11.90 13.06 13.12 14.08 23.73 23.76
425 11.81 12.62 12.73 13.75 23.55 23.57
450 11.44 12.18 12.21 13.33 22.82 22.85
475 12.23 13.94 13.97 14.02 22.99 23.03
500 11.86 13.74 13.83 14.00 22.86 22.89

L/C c2562 c2563 c2564 c2565 c2566 c2567
300 12.04 13.01 13.07 14.02 23.54 23.59
325 11.98 13.71 13.75 13.78 22.99 23.05
350 12.33 13.68 13.77 14.35 23.58 23.61
375 12.53 13.54 13.60 14.62 24.14 24.17
400 12.06 13.02 13.14 14.01 23.66 23.69
425 11.75 12.54 12.63 13.64 23.39 23.42
450 11.35 12.08 12.11 13.20 22.60 22.64
475 12.24 13.92 13.97 14.02 22.98 23.02
500 12.07 13.71 13.83 14.03 22.96 22.99

Table 3: Speedups - Generator - GPU vs GPU - 8,
16, 32, 64, 128 and 256 wavelengths per air column.

L/C c82 c83 c84 c85 c86 c87
300 9.28 9.43 9.50 13.69 21.75 22.69
325 9.83 9.94 10.12 14.40 23.82 24.51
350 8.59 8.94 9.05 13.34 21.81 22.37
375 10.11 10.58 10.70 15.10 24.18 25.25
400 8.94 9.29 9.36 13.88 21.90 22.78
425 9.42 9.86 9.93 14.08 23.23 23.93
450 9.68 9.83 10.00 14.11 23.03 23.58
475 9.55 9.63 9.88 13.77 22.93 23.40
500 9.33 9.47 9.66 13.56 22.54 23.06

L/C c162 c163 c164 c165 c166 c167
300 9.48 9.59 9.67 13.92 21.95 22.86
325 9.95 10.09 10.29 14.49 23.92 24.60
350 9.47 9.67 9.85 13.62 22.39 23.00
375 11.02 11.16 11.22 15.88 25.34 26.45
400 10.03 10.17 10.23 14.53 23.02 23.98
425 10.04 10.22 10.36 14.48 23.57 24.15
450 9.81 9.96 10.11 13.97 22.97 23.55
475 9.52 9.66 9.83 13.57 22.12 22.61
500 9.51 9.67 9.82 13.52 22.33 22.87

L/C c322 c323 c324 c325 c326 c327
300 9.86 10.00 10.12 14.28 22.43 23.39
325 10.51 10.70 10.83 15.03 24.43 25.16
350 9.78 9.95 10.07 13.86 22.98 23.73
375 11.37 11.50 11.55 16.22 25.66 26.97
400 10.36 10.48 10.55 14.86 23.25 24.30
425 10.38 10.56 10.68 14.82 24.05 24.79
450 10.04 10.17 10.29 14.14 23.42 24.14
475 9.74 9.83 9.98 13.69 21.74 22.30
500 9.68 9.92 10.04 13.55 22.52 23.06

L/C c642 c643 c644 c645 c646 c647
300 10.13 10.28 10.39 14.65 23.29 24.45
325 10.67 10.83 10.96 15.23 24.83 26.00
350 10.04 10.14 10.33 14.10 23.52 24.44
375 11.84 12.00 12.11 16.69 26.33 27.50
400 10.76 10.88 10.98 15.29 24.52 25.82
425 10.63 10.69 10.93 15.13 24.59 25.58
450 10.43 10.61 10.73 14.60 24.84 25.83
475 10.06 10.17 10.37 13.91 22.71 23.11
500 10.11 10.23 10.43 13.90 23.51 24.08

L/C c1282 c1283 c1284 c1285 c1286 c1287
300 10.27 10.38 10.54 14.64 22.93 24.10
325 10.90 11.11 11.24 15.57 25.69 26.99
350 10.12 10.30 10.47 14.25 24.10 25.34
375 12.07 12.23 12.38 17.09 27.00 28.47
400 10.92 11.09 11.20 15.51 24.83 26.21
425 10.82 11.10 11.19 15.35 25.15 26.20
450 10.54 10.74 10.83 14.73 25.25 26.48
475 10.11 10.29 10.44 14.10 24.89 25.40
500 10.22 10.34 10.49 14.09 24.55 25.17

L/C c2562 c2563 c2564 c2565 c2566 c2567
300 10.32 10.41 10.54 14.72 23.92 24.78
325 11.20 11.40 11.47 15.80 26.27 27.78
350 10.00 10.24 10.36 14.18 24.20 25.31
375 12.16 12.32 12.38 17.07 27.39 28.95
400 10.95 11.13 11.23 15.56 24.75 26.15
425 10.82 11.07 11.13 15.38 25.72 26.86
450 10.57 10.78 10.86 14.77 25.64 26.74
475 10.16 10.41 10.53 14.11 24.65 25.28
500 10.25 10.48 10.62 14.09 25.79 26.47

Table 4: Speedups - Solver - GPU vs GPU - 8, 16,
32, 64, 128 and 256 wavelengths per air column.
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The speedups due to loop invariant removal and scalar re-
placement of aggregates show that the compiler is either
not applying or not efficiently applying these optimizations.
These two optimizations give small speedups because the in-
troduction of the set of new variables that are necessary for
their implementation increases register pressure and so in-
creases the number of back and forth data movements among
the GPU memories.

The optimization number 6 that uses the #define directives
is important because it shows that, when complete knowl-
edge of the data structure dimensions and the number of
threads used to execute the codes is given to the compiler,
the compiler's optimization job is greatly simplified.

Finally, the improvements due to constant folding show that,
even with complete knowledge, the compiler does not unroll
the short loops and does not transform variables into con-
stants. However, both are important for eliminating instruc-
tions and reducing register pressure to get back some of the
gains due to loop invariant removal and scalar replacement
of aggregates.

Tables 5 and 6 compare the best runs of the GPU cy7 codes,
which use all the optimizations, against the best runs of the
CPU codes.

L/C S8 S16 S32 S64 S128 S256

300 40.0 29.9 38.3 41.8 41.6 39.4
325 43.9 41.7 28.5 38.4 41.8 47.0

350 36.7 33.4 37.5 45.9
�� ��50.0 41.0

375
�� ��15.5 17.1 18.5 18.4 17.5 17.4

400 43.2 31.6 44.5 44.8 49.0 32.3
425 16.9 18.0 19.3 19.9 19.5 19.0
450 17.3 17.4 19.9 18.4 17.7 18.3
475 17.4 17.4 20.0 18.4 17.8 18.3
500 49.4 47.2 15.9 38.4 44.9 49.7

Table 5: Speedups - Generator - GPU vs CPU.

L/C S8 S16 S32 S64 S128 S256

300 20.6 18.3 16.0 21.4 17.6 22.1
325 16.2 19.4 14.9 22.1 19.8 22.7

350
�� ��13.6 17.5 18.7 18.3 19.3 20.5

375 14.6 15.5 15.2 16.8 18.4 15.5
400 14.0 13.8 15.1 14.6 15.8 15.0
425 15.0 15.4 14.8 15.5 16.1 20.6
450 16.4 16.3 16.5 15.2 18.6 15.5
475 15.8 17.3 16.7 17.7 15.7 17.2

500 21.7 23.5 23.4 24.8
�� ��25.8 25.2

Table 6: Speedups - Solver - GPU vs CPU.

The overall speedups obtained by applying all the optimiza-
tions varies somewhat with the problem size, but they are
roughly of the order of a factor of 32 and 19 on average,
respectively. The relatively straight-froward optimizations
proposed, when applied in the order proposed, are therefore
able to dramatically speedup the execution of the Fast-J
core kernels, which can now run on GPUs 50.0 and 25.8

times faster than the state-of-the-art CPU codes.

11. RELATED WORK
For NVIDIA architectures post 2010, the compiler code is
closed and the assembly is not disclosed. After 2010, people
started to optimize code for the complex NVIDIA GPU ar-
chitectures by only working at source level. However, even
before 2010, when people could modify the compiler and
work at assembly level, with very very rare exceptions, peo-
ple always preferred to work at source level using CUDA or
OpenCL. This was due to the difficulty of working at as-
sembly level and to the many undisclosed and unquantified
NVIDIA GPU architectural features and behaviors.

CUDA is the parallel computing platform and programming
model invented by NVIDIA specifically for its GPUs. CUDA
works as an extension of the C language, hides from pro-
grammers many low level GPU architectural details and in-
creases code portability.

The means for optimizing CUDA codes can be divided into
three categories: auto-tuning tools, frameworks for code
analysis, and hybrids of the previous two. Many techniques
do not easily fit into only one of the previous categories - i.e.
a proposed technique might be 80% framework for analysis
and 20% auto-tuning tool. For this reason, paper classifi-
cation of these techniques is difficult. Therefore we classify
them using the most emphasized technique.

In the auto-tuning category much work has been done to
transform C codes to CUDA codes - C codes do not run
on NVIDIA GPUs. One example is [5], where sequential
C codes are automatically transformed into parallel codes
for NVIDIA GPUs. The tools implemented in these works
are important because they relieve users of the burden of
managing the GPU memory hierarchy and the parallel in-
teractions among GPU threads, both of which are important
to reasonably speedup code development.

Some auto-tuning tools are in reality new programming no-
tations. Layout modification usually gives good speedups
and so it is one of the possible targets of the new program-
ming notations. Instrumenting the codes using the program-
ming notations, the compiler can better optimize the codes
to produce speedups of up to two orders of magnitude, but
this happens only for very specific codes [7].

Other auto-tuning tools include new programming languages.
Some of these languages, like [8], relieve users of the burden
of explicitly managing numerous low-level architectural de-
tails about the communications, the synchronizations among
GPU threads, and the different GPU memories.

Communications between CPUs and GPUs are one of the
culprits behind low performance executions. Some tools,
like [37], do not depend on the strength of static compile-
time analyses or user-supplied annotations, but are rather a
set of compiler transformations and run-time libraries that
take care to efficiently manage and optimize all CPU-GPU
communications.

To alleviate the productivity bottlenecks in GPU program-
ming, [43] studied the ability of GPU programs to adapt
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to different data inputs. A framework was implemented for
the study. Given an input, the framework reduces the large
optimization space and explores each one of the single opti-
mizations.

Before 2010, NVIDIA programmers could use the NVIDIA
assembly and so a greater number of compiler optimiza-
tions were possible at that time. Yang et. al [75] imple-
mented some modules at the top of the contemporaneous
compiler. The modules checked both coalesced and not-
coalesced memory accesses to then modify, if possible, the
data layout to make all the accesses coalesced.

Control flow in GPU applications is one of the most im-
portant optimization techniques. If more GPU threads in a
warp follow one or more distinct branches then the whole
GPU application will slow down considerably. Ocelot [18]
characterized and transformed unstructured control flows in
GPU applications. More recently, Ocelot has also become a
dynamic optimization framework for bulk-synchronous ap-
plications in heterogeneous systems.

Some frameworks, like [48], translate code. These frame-
works usually receive in input CPU code skeletons. Beyond
translating, these frameworks try to predict GPU perfor-
mance. While the effort is noteworthy, different GPUs have
different architectures, sometimes completely different ar-
chitectures, so the frameworks are not able to produce good
speedups and good performance predictions for codes run-
ning on the new GPU architectures.

Frameworks can also be used for code analysis, [24]. Such
frameworks instrument PTX code. PTX (Parallel Thread
Execution Programming Model) is a virtual pseudo-assembly
introduced by NVIDIA to make CUDA codes portable on
different NVIDIA GPU architectures. Workload character-
ization and load unbalancing information can be executed
and extracted only by instrumenting PTX code. These
frameworks instrument PTX codes, simplifying this cum-
bersome and often error-prone user job.

Hybrids like [70] are closer to being general tuning tools.
These hybrids decide the correct memories to use, deal with
the memory hierarchy, and code the data transfers among
the different memories.

Relations between the size and shape of thread blocks used
in the launch configurations, stream multiprocessor occu-
pancy, and global memory access pattern are an important
dimensional combination for code optimization. Their influ-
ence and relationships are studied for specific architectures
in [67].

The efficiency of GPU applications is also influenced by dy-
namic irregular memory references. Pure software solutions
like [76] have been developed to eliminate dynamic irreg-
ularities on the fly. The advantages of these solutions are
that they do not require hardware extensions or off-line pro-
filing. The optimization overhead is minimal and does not
jeopardize the efficiencies of the base codes.

The importance of layout modification to produce coalesced
accesses, and the importance of workload balancing for code

executions, has also been demonstrated for more recent ar-
chitectures, [65]. This also remains true if the new archi-
tectures are intrinsically different in their number, type and
size of different GPU memories.

Writing efficient GPU code is often difficult and requires the
exercise of specialized architectural features. Good perfor-
mance can usually be achieved only after an intensive man-
ual tuning phase. A programmer usually needs to test com-
binations of multi code versions, architectural parameters,
and data inputs. Some hybrids, like [25], automate much of
the effort needed to instrument codes with abstraction com-
mands. The system, using the abstractions, explores the
optimization space.

Producing high performance code on GPUs is often very
time consuming. Furthermore, the whole tuning process has
to be repeated for each target code and platform. Papers like
[45] point out that saturating the GPU hardware resources
can be used to reduce the tuning overhead of one order of
magnitude.

12. CONCLUSION
It is of paramount importance to accelerate the Fast-J code,
not only because it is integrated in many important climate
and global chemistry models, but also because current Fast-
J executions easily require months of simulation time, even
when using high performance, multi-processor, and multi-
threaded computing architectures. Worldwide, Fast-J re-
quires at least 10 million hours per year of simulation time
(likely an under-estimate).

GPUs are the best candidates for speeding up the Fast-J
code and making it more energy efficient. This is in spite of
GPU's complex architectures and very time consuming soft-
ware optimization processes. Furthermore, effectively port-
ing state-of-the-art CPU codes onto GPUs is challenging
because of the significant architectural differences between
CPUs and GPUs, while optimization processes are difficult
because of the many undisclosed and unquantified low level
architectural GPU features and behaviors, and because of
the closed, undocumented compiler code.

In this paper we first efficiently ported the state-of-the-art,
multi-threaded, CPU Fast-J code onto GPUs, and next se-
lected and implemented some effective source-to-source high
level optimizations. These do not require knowledge of low
level GPU architectural details or the use of GPU assembly
intrinsics - this makes the codes portable among different
GPU families.

The newly ported and optimized GPU Fast-J kernel codes
are 50.0 and 25.8 times faster than the already highly opti-
mized CPU multi-threaded codes. Furthermore, the newly
ported and optimized GPU Fast-J kernel codes consistently
reach speedups of at least 15.5 and 13.6 for each scale of
simulation.
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