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Abstract

This paper reports our work on optimizing Double Precision General Matrix
Multiplication (DGEMM) on CPU/ATI GPU hybrid architectures. In real-
world applications, data transfer between CPU and graphics processor (GPU)
is a key factor affecting performance. Since software pipelining can reduce
data transfer overhead, we propose three software pipelining algorithms: Dou-
ble Buffering, Data Reuse, and Data Placement. On AMD’ s graphics pro-
cessor (GPU) ATI HD5970, the optimized DGEMM performance reaches 758
GFLOP/s, corresponding to an efficiency of 82%, which is twice the performance
of ACML-GPU v1.1. On a heterogeneous system composed of Intel Westmere
EP and ATT HD5970, the performance reaches 844 GFLOP /s with an efficiency
of 80%. We further investigate the scalability of DGEMM on multiple CPUs and
multiple GPUs, and analyze in detail the architectural impact factors. Analysis
shows that contention on the PCle bus and memory bus is an important factor
affecting performance degradation of programs on heterogeneous systems.
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Abstract

This paper reports our work on optimizing Double-precision GEneral Matrix
Multiply (DGEMM) on CPU/ATI GPU hybrid architectures. In real applica-
tions, data transfer between CPU and Graphics Processing Unit (GPU) is a
critical performance factor. Since software pipelining can reduce data transfer
overhead, we propose three software pipelining algorithms: Double Buffering,
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Data Reuse, and Data Placement. On AMD’ s ATI HD5970 GPU, the opti-
mized DGEMM achieves 758 GFLOP /s, corresponding to 82% efficiency, which
is twice the performance of ACML-GPU v1.1. On a heterogeneous system
composed of Intel Westmere EP and ATI HD5970, the performance reaches
844 GFLOP/s with 80% efficiency. We further investigate the scalability of
DGEMM on multiple CPUs and multiple GPUs, analyzing architectural influ-
ences in detail. Our analysis shows that contention on PCle bus and memory
bus is a significant factor degrading program performance on heterogeneous
systems.

Keywords: High-performance computing, GPU CAL, Matrix multiplication

1 Introduction

Double-precision matrix multiplication is a crucial factor affecting the perfor-
mance of various scientific and engineering applications. Many key numerical
algorithms, such as BLAS Level 3 [1] and LU decomposition [2], rely on high-
performance implementations of DGEMM. The HPL [3] benchmark, used for
ranking supercomputers worldwide, consists of dense matrix LU decomposition.
Since DGEMM performance heavily depends on computer hardware, many pro-
cessor vendors have developed machine-specific DGEMM implementations, such
as Intel’ s MKL and AMD’ s ACML, and further optimized BLAS libraries on
their respective multi-core processors.

The floating-point peak performance of Graphics Processing Units (GPUs) is
more than an order of magnitude higher than that of general-purpose CPUs. For
example, AMD HD5970 achieves 928 GFLOP /s double-precision floating-point
performance, while NVIDIA Tesla C2070 has a double-precision floating-point
peak performance of 515 GFLOP/s. DGEMM is a compute-intensive program
with regular memory access patterns, making it suitable for optimization on
GPUs. Indeed, numerous works have optimized DGEMM on GPUs [11-17,19-
21,23-27]. Most previous work focused on cases where the computation matrices
were already stored in GPU memory, optimizing DGEMM implementation on
GPUs. Currently, in many systems, GPUs are connected to CPUs via PCle bus
as accelerator components. In real applications, DGEMM computation matrices
initially reside in CPU main memory. Since GPUs can only access data stored in
GPU memory, data transfer between CPU and GPU is required before DGEMM
computation on GPU. Due to limited GPU memory capacity, large-scale data
requires multiple transfers between CPU and GPU.

In CPU/GPU heterogeneous systems, data transfer between memory hierarchy
levels significantly impacts DGEMM performance. From a system perspective,
the memory hierarchy has two levels: CPU main memory and GPU memory.
First, CPU transfers data to GPU memory via PCle bus, then GPU shaders
fetch data from memory for computation. The peak memory bandwidth of GPU
HD5970 is 256 GB/s, while the peak PCle bandwidth is 8 GB/s. Although
DGEMM is compute-intensive, this bandwidth difference remains a bottleneck
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for overall DGEMM performance on heterogeneous systems. N. Nakasato noted
in reference [15] that if data transfer time between CPU and ATI Cypress GPU
is included in DGEMM’ s total time, DGEMM efficiency drops from 85% to
55%. AMD’ s GEMM optimization library for CPU-ATI GPU heterogeneous
systems also exhibits this efficiency degradation.

Optimizing DGEMM and analyzing future hybrid architecture trends require
quantitative analysis of each memory hierarchy level: understanding how much
impact the current CPU-GPU heterogeneous architecture and memory hierar-
chy have on DGEMM’ s overall performance. Although previous works have
optimized DGEMM on GPUs, few articles provide quantitative analysis, espe-
cially for CPU/GPU heterogeneous systems.

This paper addresses these issues through research on multi-core CPU/Cypress
GPU heterogeneous systems. By designing new algorithms to reduce data trans-
fer overhead between memory hierarchy levels, we achieved a fast DGEMM
implementation on this heterogeneous system.

The main contributions of this paper are threefold:

¢ We quantitatively analyze DGEMM performance on heterogeneous archi-
tectures, with detailed analysis of the CPU-GPU data transfer process.
The analysis shows that data transfer accounts for 40% of DGEMM’ s
total time, rather than the 20% reported in previous work, indicating that
data transfer overhead significantly impacts DGEMM performance.

e We propose new pipelining algorithms for large-scale DGEMM. The three
optimization methods are: Double Buffering, Data Reuse, and Data Place-
ment. The optimized DGEMM achieves 408 GFLOP/s on a single Cypress
GPU, corresponding to 88% efficiency. The optimized DGEMM perfor-
mance is more than twice that of ACML-GPU v1.1. On ATI HD5970,
the optimized DGEMM reaches 758 GFLOP /s with 82% efficiency. On
a heterogeneous system with Intel Westmere EP and ATIT HD5970, the
performance reaches 844 GFLOP/s, achieving 80% of peak performance.

¢ Finally, we analyze resource contention when scaling DGEMM to multiple
CPUs and multiple GPUs, focusing on PCle contention and memory con-
tention. Our analysis shows that resource contention (PCle and memory)
is a primary bottleneck for scalability on heterogeneous systems. However,
software approaches alone cannot completely avoid the impact of resource
contention on DGEMM’ s overall performance.

2 Background

Our performance optimization primarily targets the ATT Evergreen GPU archi-
tecture; Cypress is the most advanced GPU in the Evergreen series. The ATI
HD5870 card encapsulates one Cypress chip, while HD5970 integrates two Cy-
press chips. This section introduces several important characteristics of Cypress
—the memory hierarchy at the ATT CAL [6] software level. We use the DGEMM
program from the ACML-GPU library as our baseline and foundation for per-

chinarxiv.org/items/chinaxiv-201606.00051 Machine Translation


https://chinarxiv.org/items/chinaxiv-201606.00051

ChinaRxiv [$X]

formance optimization. Therefore, we conduct a detailed analysis of DGEMM
in ACML-GPU to identify optimization opportunities.

2.1 Cypress GPU

An Evergreen GPU chip integrates multiple compute units, a control unit (also
called thread dispatch unit), memory controllers, and DMA engines. To fully ex-
ploit floating-point operation throughput, the Cypress GPU microarchitecture
employs Single Instruction Multiple Data (SIMD) and Very Long Instruction
Word (VLIW). Since optimizing DGEMM’ s kernel [5] on GPU is not the fo-
cus of this paper, we do not describe GPU microarchitecture details here. We
use the kernel from reference [15] with 80% efficiency. Briefly, a Cypress card
at 725MHz achieves 2.32 TFLOP/s single-precision floating-point peak perfor-
mance, with double-precision floating-point operation performance being 1/5
of single-precision performance, thus delivering 464 GFLOP /s double-precision
floating-point peak performance at 725MHz.

Figure 1 illustrates the memory hierarchy of the CPU/ATI GPU heterogeneous
architecture at the CAL software system level. Below we detail memory hierar-
chy features relevant to program optimization in CAL systems:

e CAL system divides physical memory into local memory and remote mem-
ory. Local memory refers to GPU memory, the high-speed memory on the
graphics card. Remote memory refers to memory space not physically on
the graphics card but accessible by GPU (i.e., part of CPU main memory).
Both local and remote memory can be read by GPU kernels. In other
words, GPU kernels can write data from GPU registers back to either
GPU memory or remote memory. Since operations on remote memory
have longer latency than those on local memory, this memory approach
has lower performance. Remote memory is further divided into cached
and uncached portions. For example, CAL system divides HD5970" s re-
mote memory into 1788MB of uncached memory and 500MB of cached
memory. Therefore, choosing which memory space to use as shared data
space between CPU and GPU affects program performance.

e In CAL applications, initial data resides in CPU application space. GPU
kernels require two data transfers before using data: between applica-
tion space and remote memory, and between remote memory and local
memory. One optimization method uses system pinned memory—applica-
tions directly transfer data from CPU application space to remote memory
space for DMA transfer. This approach eliminates data transfer from ap-
plication space to remote memory. Some applications implemented using
CUDA [5] effectively improve performance through this method. CAL
systems also have pinned memory technology, but with limitations on
size and other aspects. Therefore, reducing PCle bus data transfer time
through proper organization between memory hierarchy levels (such as
pipeline algorithms) is essential.
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2.2 DGEMM

This section describes the large-scale DGEMM algorithm on CPU/ATI GPU
heterogeneous systems, where original data is stored in CPU application space.
DGEMM computes C < aA x B + SC, where A, B, and C are matrices of
dimensions m X k, k x n, and m X n, respectively. In practical applications
involving DGEMM, these three matrices are large and cannot all be stored
in GPU memory. Therefore, these matrices are partitioned into multiple sub-
matrix blocks, with several matrix blocks transferred to GPU memory at a time
for partial DGEMM computation. The partitioning algorithm divides A, B, and
C into {Ay, Ay, ..., Ay}, {By, By, ..., By}, and {C4, Oy, ..., G}, where p and g
depend on GPU memory size. Using p = 2, ¢ = 2 as an example, Figure 2
shows the partitioning creates four independent C' sub-matrices: C; = A, x By,
Cy, = A x By, Cq = Ay x B, Cy = Ay x By. These four matrix block
operations are independent and can be computed in parallel. For each sub-
matrix multiplication, we transfer the required A and B sub-matrices to GPU
memory, and the DGEMM kernel further divides these sub-matrices into smaller
matrices [9-13] (such as cache blocking and register blocking).

Based on the ATI CAL system memory hierarchy, large-scale DGEMM imple-
mentation is shown in Algorithm 1. Remote memory serves as shared space
between CPU and GPU; data transfer between CPU application space and
GPU memory (local memory) must go through remote memory (line 1). In
Algorithm 1 pseudocode, loading data to GPU includes two steps (loadl and
load2), while writing data back to CPU memory is one step (store). In fact,
the DGEMM kernel multiplication operation on line 5 implicitly includes an-
other data write-back operation—sub-matrix C' data is written back from GPU
registers to remote memory.

Algorithm 1. Original DGEMM Implementation
Partition: A={A1, A2, --, Ap}, B={B1, B2, -+, Bg}, C={Ci, C2, -, Cpxq}
Work unit: WU={C1=A1*B1, C2=A1%B2, ...}

1. bind remote memory for sub-matrices A, B, C
2. for each workunit wui do // i=1, 2, -, pxq

// loadl
3. copy both Ai and Bi from application space into remote memory
// load2
4. copy both Ai and Bi from remote memory to local memory
// mult
5. calculate Ci on GPU device and directly output it to remote memory
// store
6. copy Ci from remote memory to application space (also multiply by beta)
7. endfor

We use Algorithm 1 as our baseline program for performance comparison. Below
we provide a detailed breakdown of DGEMM runtime components on hetero-
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geneous CPU/GPU systems. Figure 3 shows the time for each component of
Algorithm 1. Since the time distribution of DGEMM components is similar
across different problem sizes, we use k = 2048 as an example, with m(n) values
on the x-axis representing matrix dimensions.

We find that the GPU kernel multiplication occupies most of the time (over 70%),
while the remaining three data transfer components account for less than 30%
of runtime. Intuitively, data transfer time can be hidden by kernel computation
time. To identify operations that can execute in parallel, we categorize resources
used in DGEMM into three parts: GPU, CPU+memory bus, and PCle bus.
Operations using different resources can execute concurrently.

Table 1. Resource Allocation in Algorithm 1

PCle Bus CPU+Memory Bus GPU

loadl, load2 store mult

Table 1 shows resource usage for each component in Algorithm 1. Loadl and
store occupy CPU+main memory bus, while load2 only requires PCle bus for
data transfer. The mult kernel executes on GPU and outputs results to CPU
main memory via PCle bus. Based on resource allocation, using software pipelin-
ing to overlap data transfer (loadl, load2, store) and mult kernel is feasible.
Canqun Yang et al. also implemented pipelining to overlap loadl and mult ex-
ecution [21]. However, as they stated and our experimental results in Section
4 show, simple pipelining algorithms provide limited performance improvement
(about 20%). In fact, the execution time of Algorithm 1 is dominated by the
mult kernel. In previous algorithms, the mult kernel directly writes computation
results from registers back to remote memory, where the mult kernel includes
both matrix multiplication computation and data write-back via PCle bus. Con-
sequently, after pipelining, data transfer in the kernel becomes a performance
bottleneck because: (1) PCle bandwidth is smaller than GPU memory/CPU
main memory bandwidth; (2) Data written back by mult is larger than data
transferred in load2 operations. For example, in LINPACK’ s DGEMM, k is
much smaller than m and n, so the output C' matrix size m x n is larger than
input matrices A and B sizes k x (m 4+ n). Moreover, as discussed in the next
section, we can further reduce data transfer times in load2 through data reuse
optimization. Therefore, we optimize the pipelining algorithm to better overlap
floating-point operations with data transfer operations.

3 Pipeline Algorithms

Software pipelining is a general method for overlapping computation and mem-
ory operations. Algorithm 1 has three explicit memory operations (loadl, load2,
store) transferring data between CPU and GPU, while the multiplication oper-
ation (mult) directly outputs results to remote memory. Therefore, pipelining
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algorithms are necessary to enable parallel execution of mult and the three
memory operations.

3.1 Double Buffering Optimization

Writing back the C' matrix via store operations involves data transfer and a
small amount of floating-point computation (8 x C), consuming certain CPU
resources. To hide the overhead of writing back the C' matrix, one approach is
to pipeline across different work units. For example, while work unit i executes
store operations, work unit ¢ + 1 can execute mult operations simultaneously.
This pipeline has two problems. First, resource conflict exists between load1 and
store because both transfer data between application space and CAL remote
memory (part of CPU main memory), reducing pipeline efficiency. Second,
remote memory space is limited, especially cached remote memory. Since store
operations execute on the CPU side, cached remote memory space is used to
hold generated C' sub-matrices, but cache size limits the number of concurrently
executing work units in the pipeline.

A better strategy develops finer-grained pipelining within a single work unit.
Algorithm 2 shows pseudocode for fine-grained pipelining, where generated C
sub-matrix blocks are further divided into smaller sub-blocks executed in a
pipelined manner. We developed a double buffering algorithm that creates two
buffer spaces in cached remote memory. For each iteration of the for-loop in
lines 6-9 of Algorithm 2, the store operation writes one buffered sub-matrix
block C; ; back to application space while mult computes the next sub-matrix
block C; ;.; and writes it to the other buffer space. During pipelining, mult
and store alternately use these two buffer spaces. Since GPU kernels execute
asynchronously, mult and store can execute in parallel for each iteration.

Algorithm 2. DGEMM with Double Buffering Optimization

Partition: A={A1, A2, --, Ap}, B={B1, B2, -+, Bq}, C={C1, C2, -, Cpxq}t
Work unit: WU={C1=A1xB1, C2=A1%B2, ...}
Cij: the sub-matrices C is partitioned into blocks

1. bind remote memory for sub-matrices A, B, C
2. for each workunit wui do // i=1, 2, -, pxq

// loadl
3. copy both Ai and Bi from application space into remote memory
// load2
4. copy both Ai and Bi from remote memory to local memory
// mult
5. calculate Ci,1 on GPU device and output it to remote memory
6. for each block Ci,j do // j=2, 3,
// store
7. copy Ci,j-1 from remote memory to application space (also multiply by beta)
// mult
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8. calculate Ci,j on GPU device and output it to remote memory
9. endfor
// store

10. copy the last Ci,j from remote memory to application space (also multiply by beta)
11. endfor

3.2 Data Reuse Optimization

As shown above, the combined execution time of loadl, load2, and store op-
erations is much smaller than mult execution time (Figure 3), making their
overhead relatively easy to hide through inter-work-unit pipelining. However,
resource conflicts still exist between operations: load1l and store conflict on CPU
main memory, while load2 and mult conflict on PCle bus. Resource conflicts
cause pipeline stalls, reducing overall DGEMM performance.

Fortunately, we can exploit data reuse between consecutive work units. Using
Figure 2 as an example, if we schedule work units in a x order, each pair of
consecutive work units shares one input sub-matrix, reducing resource conflict
overhead. Exploiting data reuse requires two additional steps: First, a prepro-
cessing step reorders work units, with results stored in a queue. We partition the
C matrix into a collection of strip matrices, named with integers (i = 0,1, ...).
Each strip matrix is further divided into blocks; when i%2 = 0, partitioning
proceeds bottom-up; when i%2 = 1, top-down. We partition strip matrices in
this “wriggled” way, where blocks at the top (or bottom) of one strip matrix
connect to blocks at the top (or bottom) of the next strip matrix, and all blocks
are stored sequentially in the queue. Second, we need two flags to indicate the
positions of currently running A and B matrix blocks in the queue to avoid
loading identical matrix blocks. Algorithm 3 shows the pipelining algorithm
combined with data reuse optimization.

Algorithm 3. DGEMM with Data Reuse Optimization

Partition: A={A1, A2, -, Ap}, B={B1, B2, -, Bg}, C={Ci, C2, --, Cpxq}
Work unit: WU={C1=A1%B1, C2=A1%B2, ...}
Cij: the sub-matrices C is partitioned into blocks

1. bind remote memory for sub-matrices A, B, C
// pre-processing: Allocate workunits in a wriggled way
// the for-loop is pipelined

2. for each workunit wui do // i=1, 2, -, pxq

// loadl

3. copy either Ai or Bi from application space into remote memory according to the indicaf
// load2

4. copy either Ai or Bi from remote memory to local memory according to the indicators
// mult

5. calculate Ci,1 on GPU device and output it to remote memory

(@)

for each block Ci,j do // j=2, 3,
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// store
7. copy Ci,j-1 from remote memory to application space (also multiply by beta)
// mult
8. calculate Ci,j on GPU device and output it to remote memory
9. endfor
// store

10. copy the last Ci,j from remote memory to application space (also multiply by beta)
11. endfor

3.3 Data Placement Optimization

In data reuse optimization, sub-matrices of A and B are temporarily stored
in GPU local memory. We configure remote memory space for A and B as
uncached because: (1) No computation is needed during data transfer of ma-
trices A and B; (2) The cached portion of remote memory is too small to
effectively accelerate loadl operations. Since no data reuse exists between C'
sub-matrices across all work units (they are independent) and the C' matrix is
the final output not reused, storing the C' matrix in remote memory rather than
GPU local memory seems reasonable and reduces occupancy of limited GPU
memory. Therefore, in the three algorithms above, the C' matrix is stored in
cached remote memory to achieve higher CPU performance for operations like
memory-to-memory copies and multiplication by f.

The above pipelined execution overlaps data transfer operations (loadl, load2,
store) with the multiplication kernel (mult), with pipeline execution time es-
sentially determined by mult time. Thus, the current optimization direction
is reducing mult execution time in the pipeline. Since the mult kernel includes
data transfer operations, outputting data directly from GPU registers to remote
memory, our optimization strategy adds an additional pipeline stage so that out-
putting data to remote memory can also overlap with GPU kernel computation.

We separate the operation of directly outputting matrix C to remote memory
from the mult kernel. The kernel outputs results to GPU local memory instead
of remote memory. As shown in Algorithm 4, the previous mult operation is
split into two stages: multl and storel, where storel transfers matrix C' from
GPU local memory to remote memory. Resource usage changes: multl executes
entirely on GPU device, while storel transfers data via DMA engine. Since both
kernel and DMA operations execute asynchronously, we also adopt a double
buffering strategy in GPU memory to store C' sub-blocks, enabling these two
operations to execute in parallel. For clarity, we use store2 to refer to the store
operation hereafter.

The optimized DGEMM now establishes a 5-stage pipeline (loadl, load2, mult1,
storel, store2), with resource usage for each operation shown in Table 2. We
have successfully solved the two problems in ACML-GPU mentioned in Section
2. The multl kernel only requires GPU resources, no longer needing PCle bus
and system memory, eliminating PCle contention in mult and enabling parallel
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execution with load2. Algorithm 4 not only proposes faster kernel execution but
also refines the pipeline, reducing pipeline stalls caused by resource contention.

We sketch a space-time diagram of the pipeline (Figure 4). This diagram only
shows the general pipeline flow without considering resource conflicts between
micro-steps. We use different shading patterns for the five operations. The
striped small blocks in the multl segment represent data transfer operations
of sub-matrices overlapped by the multl kernel. As shown, except for pipeline
startup and termination overhead, most data transfer processes in Algorithm 4
are completely overlapped.

Table 2. Resource Allocation in Optimized DGEMM (Algorithm 4)

PCle Bus CPU+Memory Bus GPU
load2, storel loadl, store2 multl

Algorithm 4. DGEMM with Data Placement Optimization

Partition: A={A1, A2, -, Ap}, B={B1, B2, -, Bg}, C={Ci, C2, -, Cpxq}
Work unit: WU={C1=A1xB1, C2=A1%B2, ...}
Cij: the sub-matrices C is partitioned into blocks

1. bind remote memory for sub-matrices A, B, C
// pre-processing: Allocate workunits in a wriggled way
// the for-loop is pipelined

2. for each workunit wui do // i=1, 2, -, pxq

// loadl

3. copy either Ai or Bi from application space into remote memory according to the indicaf
// load2

4. copy either Ai or Bi from remote memory to local memory according to the indicators
// multl

5. DMAPipeline(Ci,1)
6. for each block Ci,j do // j=2, 3,

// store2
7. copy Ci,j-1 from remote memory to application space (also multiply by beta)
// multl
8. DMAPipeline(Ci, j)
9. endfor
// store2

10. copy the last Ci,j from remote memory to application space (also multiply by beta)
11. endfor

Algorithm: DMAPipeline(Ci,j)
Ci,j,k: the Ci,j blocks are further partitioned into sub-blocks

1. calculate Ci,j,1 in local memory
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2. for each sub-block Ci,j,k do // k=2, 3,

// storel

3. DMA transfer Ci,j,k-1 from local memory to remote memory
// multl

4. calculate Ci,j,k in local memory

5. endfor
// storel

6. DMA transfer the last Ci,j,k from local memory to remote memory

4.1 Experimental Setup

Our experimental platform is a heterogeneous system consisting of a 2-way
Intel Xeon 5650 CPU and an ATI HD5970 GPU card. Table 3 summarizes
the platform configuration parameters. The Intel multi-core CPU has 128
GFLOP /s double-precision floating-point peak performance. CPU memory size
is 24GB with 31GB/s bandwidth. The GPU integrates two Cypress chips with
928 GFLOP/s double-precision floating-point peak performance. GPU memory
size is 2GB with 256GB/s bandwidth. The heterogeneous system reaches 1056
GFLOP/s double-precision floating-point peak performance.

Table 3. System Configuration Parameters

Component Intel Xeon X5650 ATI HD5970
Architecture Westmere EP 2.66GHz  Cypress 725MHz
Double-precision peak 128 GFLOP/s 928 GFLOP/s
Memory DDR3 1.3GHz GDDR5 1.0GHz
Memory bandwidth 31.2 GB/s 256 GB/s
Interconnect PCle 2.0 x16, 8GB/s

Software icc + openmpi ATTI Stream SDK 2.2

To provide complete experimental analysis, we sequentially run the three opti-
mization algorithms from Section 3, where each optimization includes the pre-
vious one. For clarity, we define notation for different optimized versions:

e DB: This program executes Algorithm 2—using double buffering to hide
overhead of writing C' matrix back from remote memory to application
space. The two allocated buffer sizes are determined by matrix dimensions
in GPU memory.

« DR: This program executes pipelining Algorithm 3, improving upon DB
by reducing input matrix loading overhead, with an important optimiza-
tion being data reuse for loaded matrices.

e DP: Building on DB and DR, this program executes Algorithm 4, op-
timizing data placement in CAL system memory hierarchy. The main
optimization changes matrix C storage location and designs a more effec-
tive pipeline using DMA.
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« HB: While the above three programs utilize only GPU computing re-
sources, this program implements hybrid DGEMM—CPU and GPU per-
form matrix multiplication in parallel. We adopt the load balancing strat-
egy between CPU and GPU from reference [21], partitioning matrices
between CPU and GPU. In experiments, we launch two MPI processes,
each using a CPU/GPU pair.

These four programs represent four optimization strategies, with optimization
inclusion relationships: DB < DR < DP < HB. Since ACML-GPU [7] library
DGEMM code is open source, we use this code as our initial experiment and
baseline to measure our optimization effectiveness.

Table 4 shows matrix dimensions (m,n, k) used in experiments. Since different
m and n values have minimal impact on DGEMM performance, we set m = n.
The k dimension determines data reuse count when loading input matrices A and
B, affecting DGEMM performance. We use three k values representing different
dataset sizes: k = 1536, 2048, and 4096. In subsequent sections, we derive
three DGEMM performance values for different & sizes by averaging performance
across different m (or n) scales with the same k value. For detailed breakdowns,
we default to k = 2048, with different matrix scales represented by m(n) values
on the x-axis.

Table 4. Matrix Dimensions m, n, k£ Used in Experiments

k m=n

1536 6144, 8192, 10240, 12288, 14336, 16384
2048 6144, 8192, 10240, 12288, 14336, 16384
4096 6144, 8192, 10240, 12288, 14336, 16384

4.2 Experimental Results

First, we present optimized DGEMM performance on heterogeneous systems.
The baseline for performance comparison is ACML-GPU v1.1. Figure 5 plots
performance improvements for the final optimized version DP and hybrid
DGEMM (HB) with CPU/GPU th@Eit&. Hybrid DGEMM (HB-2GPU)
achieves maximum performance of 844 GFLOP/s at matrix dimensions
(m,n, k) = (16384,16384,4096), with corresponding efficiency of 80%. Opti-
mized DGEMM on GPU (DP-2GPU) reaches maximum performance of 758
GFLOP/s at (m,n,k) = (16384,16384,4096), with 82% efficiency. These
results show DP-2GPU is twice ACML-GPU library DGEMM performance,
and hybrid DGEMM further improves performance by 10%-20%. Generally,
all three programs show performance and efficiency improvements as matrix
scale increases. Some scales exhibit anomalies (when m = n = 10240) because
the problem size is not an integer multiple of optimal data transfer and kernel
execution block sizes. As matrix scale increases, DP’ s speedup over ACML-
GPU decreases. For k = 1536, 2048, and 4096, speedups are 2.9x, 2.1x, and
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1.9x respectively. This is because the ratio of data transfer to kernel execution
time decreases as problem size increases. Since our pipeline optimization
targets reducing CPU-GPU data transfer overhead, optimization effectiveness
diminishes for larger matrices. We observe that large-scale matrices relatively
achieve higher efficiency on GPU than small-scale matrices because small
matrices have larger data transfer time proportions. And as matrix scale
increases, HB-2GPU performance improves faster because CPU-side DGEMM
performance improves with larger matrices, enhancing overall HB-2GPU
performance.

Second, we evaluate the three optimization strategies proposed in Section 3. To
shield from system interference (such as bandwidth contention, detailed in the
next section), we run DGEMM on a single GPU chip without assigning computa-
tion tasks to CPU; CPU only directs data transfer. Figure 6 shows performance
improvements for the optimized algorithms: double buffering (DB), data reuse
(DR), and data placement (DP). Compared to Algorithm 1, double buffering im-
proves performance by 16% by pipelining store2 within a work unit. Data reuse
optimization further improves performance by 18% by pipelining data loading
across work units. Finally, data placement optimization significantly improves
performance by another 74%, where we optimize the original mult kernel and
pipeline C matrix write-back using DMA engine. On a single Cypress GPU chip,
the DP optimization algorithm reaches 408 GFLOP /s with 88% efficiency.

The three data transfer operations shown in Figure 3 (loadl, load2, and store)
occupy nearly 30% of total computation time, but this is not all data transfer
time—storel execution time should also be included. We optimize the pipeline
algorithm by separating storel from the mult kernel. Obviously, this approach
better matches the essence of pipelining. After including storel from the mult
kernel in total data transfer time, data transfer processes account for over 40%
of total time. Figure 7 shows the percentage of each data transfer operation in
total data transfer time. The performance improvements from each optimiza-
tion strategy in Figure 6 generally align with the distribution of data transfer
time components, demonstrating that our optimizations fully utilize the pipeline.
Additionally, data placement optimization provides greater performance im-
provement because it also enhances kernel performance. Figure 6 also shows
that optimized DGEMM performance is relatively insensitive to matrix scale
changes, with stable performance. This property provides a good foundation
for scaling optimized DGEMM to multiple CPU and multiple GPU platforms.
The stable DGEMM performance on a single GPU chip in this figure differs
from performance trends on heterogeneous platforms in Figure 5, which we will
discuss further in the next section.

4.3 Experimental Analysis

DGEMM efficiency in CPU math libraries typically exceeds 90%, while hybrid
DGEMM efficiency on heterogeneous architectures reaches at most 82%. This
section examines: (1) How much optimization space remains for our pipeline
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optimization on heterogeneous architectures; (2) How architectural parameters
affect optimized DGEMM performance on multiple CPU/GPU systems.

4.3.1 Performance Gap

Among the five pipeline stages, the multl kernel determines DGEMM’ s max-
imum achievable performance. N. Nakasato optimized DGEMM kernel perfor-
mance, achieving 87% efficiency on HD5870 (integrating one Cypress chip) [15].
We adopt Nakasato’ s optimized kernel but use image read/write addressing
mode instead of global addressing mode, achieving higher efficiency on a Cy-
press chip.

Figure 8 compares DGEMM efficiency with kernel efficiency, including optimized
DGEMM on one GPU (DP implementation), DP on two GPUs, and hybrid
DGEMM on two CPUs and two GPUs. We calculate average efficiency for each
test set. DGEMM calls the kernel multiple times during execution; we time
each kernel call and average their performance as final kernel performance. The
optimized kernel only reads/writes GPU local memory, so its performance is
CPU-independent. As shown, kernel average efficiency exceeds 90% (optimal
efficiency is 94%), similar to CPU DGEMM efficiency. The difference between
DP and kernel is the presence or absence of data transfer between CPU and
GPU via memory bus and PClIe bus, which we hide using software pipelining.
Results show DP-1GPU efficiency drops 6% compared to the kernel due to data
transfer overhead. This performance degradation has two causes: First, pipeline
startup and termination time cannot be hidden, accounting for about 3% of total
DGEMM time. Second, as Table 2 shows, inherent resource conflicts remain in
optimized DGEMM: memory bus conflict between load1l and store2, PCle bus
conflict between load2 and storel. Excluding these factors, we believe optimized
DGEMM achieves near-optimal performance on a single GPU chip (DP-1GPU).

Figure 8 also shows efficiency degradation when DGEMM runs on more CPUs
and GPUs (DP-2GPU and HB-2GPU). When DP runs on two GPU chips (DP-
2GPU), efficiency drops 11% compared to DP-1GPU. Both DP-1GPU and DP-
2GPU require data transfer between CPU and GPU via memory bus and PCle
bus, intensifying contention on these two buses. Additionally, when DGEMM
scales to a heterogeneous system with two CPUs and two GPUs (HB-2GPU),
efficiency drops 5% compared to DP-2GPU. In HB-2GPU, CPU runs partial
DGEMM, sharing application space with GPU and further burdening the mem-
ory bus. Increased system memory contention makes HB-2GPU efficiency lower
than DP-2GPU. We will discuss these two resource contention issues in detail
in the following sections.

4.3.2 Scalability on Multiple GPUs

Currently, most accelerators (e.g., GPU, ClearSpeed, Tilera) connect to CPU
via PCle bus, with multiple PCle slots on motherboards supporting simultane-
ous connections of multiple GPUs. Some GPU cards integrate multiple GPU
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chips, such as ATI Radeon HD5970 and NVIDIA Tesla S1070. Therefore, scal-
ability of optimized DGEMM on multiple GPUs is also important. Due to
platform limitations, experiments run two MPI processes, each responsible for
one GPU chip. Since key factors affecting DGEMM scalability are shared re-
source contention, such as PCle bus and memory bus, using performance on two
GPU chips to predict DGEMM scalability on multiple GPUs is feasible. The
experiment attempts to predict DGEMM scalability on multiple GPUs through
bandwidth contention between two GPU chips. The experiment profiles effec-
tive bandwidth changes for DGEMM from one to two GPU chips, where each
MPI process in DP-2GPU runs the same matrix scale as DP-1GPU. As Table
2 shows, both PCle bus and memory bus experience bandwidth contention.

To highlight bandwidth changes, we normalize PCle and memory bandwidth on
DP-2GPU relative to DP-1GPU bandwidth. First, we consider PCle bandwidth
contention between load2 and storel. Figure 9 shows average bandwidth reduc-
tion, with the y-axis representing normalized relative bandwidth. As shown,
effective bandwidth for load2 and storel reaches 89% and 56% of DP-1GPU, re-
spectively. Since PCle transfers are more frequent and require larger data sizes
(matrix C' is larger than the sum of matrices A and B), storel bandwidth degra-
dation is more severe. As mentioned in Section 3.3, to fully utilize the pipeline,
the multl kernel further partitions sub-matrices into smaller sub-blocks, with
each storel operating on a smaller matrix sub-block. During multl execution,
several storel operations execute simultaneously (in our experiments, 4 storel
operations execute concurrently with 1 multl, depending on kernel sub-block
size). During multl execution time, PCle bandwidth can be considered oc-
cupied by storel, so even for DGEMM running on a single GPU chip, storel
already has high PCle bandwidth occupancy. Therefore, when scaling to two
GPU chips, PCle bus contention becomes more severe. However, PCle effec-
tive bandwidth degradation during load2 is not as severe as storel because load2
pipelines with mult1 kernel across work units, unlike the intra-work-unit pipelin-
ing of storel and mult1, making PCle requests less frequent. Additionally, load2
transfers matrix sizes of (m + n) x k, while storel transfers m x n. Since k is
much smaller than n, the former exerts less pressure on PCle bus.

Second, besides PCle bandwidth contention, memory bus contention also exists
between two GPU chips because data transfers also occur between application
space and CAL remote memory. Figure 10 shows effective memory bandwidth
for load1l and store2 decreases by 8% and 14%, respectively. Similar to PCle
bandwidth degradation, store2 bandwidth reduction is more pronounced.

Through pipeline execution analysis, we find that in DP-1GPU, loadl, load2,
storel, and store2 are almost completely hidden by multl. However, Figure 8
shows that effective bandwidth reduction still causes 11% efficiency degradation
in DP-2GPU. This indicates that shared resource contention (PCle bandwidth
and memory bandwidth) prevents some data transfer processes from overlapping
with the multl kernel. As GPU count increases, bandwidth requests become
more frequent, intensifying bandwidth contention’ s impact on overall perfor-
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mance. In summary, when DGEMM scales from 1 to 2 GPU chips, both PCle
and system memory bandwidth decrease. Based on these results, we draw two
conclusions:

¢ Conclusion 1: Due to PCle bandwidth limitations, DGEMM scalabil-
ity on multiple GPU cards on the same motherboard is constrained. In
DGEMM, both load2 and storel use PCle bandwidth. As Figure 7 shows,
these two operations account for 60% of DGEMM’ s total data transfer
time. Figure 8 experimental results show efficiency degradation on two
GPU chips (DP-2GPU) due to contention. As GPU count increases, PCle
contention intensifies, further impacting DGEMM efficiency.

e Conclusion 2: Improving system memory bandwidth will enhance GPU-
only DGEMM performance (DP-1GPU and DP-2GPU). Although both
loadl and store2 occupy memory bandwidth, Figure 10 shows they are
less sensitive to memory bandwidth contention. As Figure 7 shows, these
components are not the major part of data transfer time. While pinned
memory usage can avoid loadl and store2 contention in some cases, it
requires that data not be reallocated and that data size is within pinned
memory limits. Our work demonstrates that this transfer overhead can
also be reduced through algorithmic optimization.

4.3.3 Scalability with Hybrid CPUs and GPUs

On our hybrid experimental platform, Intel Xeon CPU provides 128 GFLOP/s
computing capability, accounting for 12% of system double-precision floating-
point performance. CPU computing capability cannot be ignored when optimiz-
ing compute-intensive programs like DGEMM. In hybrid DGEMM HB-2GPU
implementation, matrices are first divided into two equal parts, each computed
by a CPU/GPU pair. In each CPU/GPU pair, we adopt the partitioning al-
gorithm from reference [21] to divide tasks between CPU and GPU. Although
HB-2GPU improves performance by 6% over DP-2GPU, efficiency drops by 5%.
This section analyzes the causes of efficiency degradation.

Figure 8 shows DGEMM efficiency on the hybrid CPUs/GPUs system. Fig-
ure 11 analyzes the performance contribution of the CPU component (denoted
CPU-HB) to HB-2GPU. Pure CPU DGEMM (denoted Pure-CPU) serves as
comparison, computing the same matrix scale as CPU-HB. The figure shows hy-
brid DGEMM CPU component performance is 22% lower than Pure-CPU. This
is because GPU-computed DGEMM in hybrid DGEMM also needs to copy data
from application space to CAL remote memory, interfering with CPU DGEMM
computation and intensifying CPU memory contention. We conclude:

e Conclusion 3: Improving system memory bandwidth helps reduce
memory contention, thereby enhancing hybrid DGEMM performance
on CPU/GPU heterogeneous systems. As CPU computing capability
increases, system memory contention’ s impact on hybrid DGEMM
overall performance grows. Pinned memory usage will help reduce
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memory contention.

Another cause of efficiency reduction is load imbalance between CPU and GPU.
We adopt a heuristic partitioning strategy to keep CPU and GPU execution
time differences within a threshold. Based on multiple experiments, this paper
uses 0.1 seconds as the threshold. Figure 12 plots relative differences between
CPU and GPU execution times, with the y-axis representing ((GPU time —
CPU time)/CPU time). This slight imbalance causes minor overall perfor-
mance reduction in hybrid DGEMM (about 5%).

5 Related Work

Previous works have optimized DGEMM on GPUs for matrix sizes smaller than
GPU memory. N. Nakasato proposed a new DGEMM kernel [15] based on
HD5870, achieving 87% of GPU peak performance. Our optimized DGEMM
kernel reaches 94% efficiency on one Cypress chip of HD5970. Chris Jang’ s
GATLAS auto-tuner [20] uses auto-tuning to enhance portability across different
GPU architectures and intends to be called in real applications. GATLAS also
only focuses on cases where matrices fit in GPU memory, so no direct way exists
to call GATLAS in real applications yet. V. Volkov and J. Demmel implemented
single-sided matrix factorizations (LU, QR, etc.) on hybrid CPU/GPU systems
[12], distributing factorization processes to CPU and GPU for simultaneous
execution. However, matrix multiplication within still only targets cases where
matrices fit in GPU memory, with no CPU-GPU data transfer. Many other
works optimize specific programs on GPU without considering data transfer,
not enumerated here.

Some works consider data transfer overhead but mostly focus on paralleliz-
ing CPU and GPU computation without reducing data transfer overhead. S.
Venkatasubramanian and R. Vuduc implemented the Jacobi algorithm on hy-
brid CPU/GPU architecture [23]. They considered CPU-GPU data transfer,
but hybrid program performance improvement is only 8%. DaQi Ren and Reiji
Suda implemented large-scale matrix multiplication on multi-core CPU/GPU
systems [25]. Their focus was energy consumption, using CPU multi-threading
for optimization. When one thread waits for GPU memory access completion
signals, CPU starts a new thread to execute other tasks. This approach en-
ables GPU and CPU to compute simultaneously, but data transfer still stalls
the entire execution, wasting CPU and GPU computing capability. Christian
Feichtinger et al. implemented parallel Lattice Boltzmann methods on hybrid
CPU/GPU clusters [24]. They minimized transfer data volume by only trans-
mitting boundary values of partial differential equations. They considered load
imbalance as one reason for limited performance improvement. Y. Ogata et
al. proposed a model-based heterogeneous Fast Fourier Transform library for
CPU/GPU systems [27]. This model better guides task partitioning between
CPU and GPU. We adopt the adaptive partitioning algorithm from reference
[21] to solve this problem when optimizing DGEMM on heterogeneous systems.
Our work focuses on large-scale DGEMM implementation on heterogeneous
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CPU/GPU architectures, including CPU-GPU data transfer. We not only in-
clude data transfer in total time but also optimize it with pipeline algorithms,
enabling this overhead to overlap with computation. Therefore, hybrid DGEMM
can be called in real applications. Through our optimization, hybrid DGEMM
achieves 844 GFLOP/s performance, corresponding to 80% efficiency. Canqun
Yang et al. proposed using DGEMM computation to hide data transfer over-
head [21], employing optimizations like data loading pipelining and data out-
put pipelining. We further developed data placement optimization to improve
DGEMM kernel performance and established a finer pipeline. This additional
optimization strategy improves DGEMM performance by 74%, becoming the
most important optimization. Additionally, we analyze shared resource con-
tention (especially PCle bus and system memory) and scalability of optimized
DGEMM on multiple CPUs and GPUs. Through analysis, we provide recom-
mendations for scaling DGEMM to heterogeneous CPUs/GPUs architectures.

6 Conclusion

We optimized large-scale DGEMM through three strategies (double buffering,
data reuse, and data placement), obtaining a new pipeline algorithm. In the
pipeline, we overlap DGEMM kernel execution on GPU with data transfer pro-
cesses. Optimized DGEMM achieves 408 GFLOP/s on an ATT HD5970 Cypress
chip with 88% efficiency. On ATT HD5970, performance is 758 GFLOP/s with
82% efficiency. On heterogeneous CPU/ATI GPU systems, hybrid DGEMM
reaches 80% of peak performance—844 GFLOP/s. Comparison with kernel per-
formance shows optimized DGEMM efficiency on a single GPU chip approaches
peak, with limited further optimization space. However, when DGEMM scales
to multiple GPUs and CPUs, efficiency is impacted, primarily by shared resource
contention, especially PCle and system memory contention. Through experi-
ments and analysis, we draw three conclusions: (1) Due to PCle bandwidth
limitations, DGEMM scalability on multiple GPU cards on the same mother-
board is constrained; (2) Improving system memory bandwidth will enhance
GPU-only DGEMM performance (DP-1GPU and DP-2GPU); (3) Improving
system memory bandwidth helps reduce system memory contention, thereby
enhancing hybrid DGEMM performance on CPU/GPU heterogeneous systems.
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