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APPROACH AND UNIQUENESS  
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Introduction 
 
In this poster, we present a dense matrix 
multiplication strategy specifically tailored for 
heterogeneous platforms in the case when the 
input is too large to fit on the device memory. Our 
strategy involves a CUDA stream based software 
pipeline that effectively exploits the hardware and 
software features of the CPU and the GPU 
thereby achieving, over a wide range of large data 
sizes, more than 95% of the best possible 
performance of the native CUDA DGEMM library. 
By ensuring contiguous and near-peak rate kernel 
execution flows, we were able to achieve more 
than 1 and 2 TFLOPS performance on a single 
node with dual socket multicore CPU using 1 and 
2 GPUs respectively.  

Purpose 
 
Dense matrix operations are widely used as 
building blocks in many scientific and engineering 
problems. Given the memory size and FLOPS 
performance ratio between CPU and GPU, we 
attempt to build a software pipeline to bridge the 
memory and performance gap between CPU and 
GPU and essentially virtualize a CPU-GPU 
heterogeneous node as a machine with memory 
capacity equal to the CPU main memory size yet 
delivering near peak FLOPS performance of the 
GPUs. 

Performance 
  

Software Pipeline 
 
 
 
 
 
 
 
 
 

The general double-precision matrix multiplication is 
defined as C=αAB+βC, where A,B and C are M×K, 
K×N and M×N matrices. The main strategy is to 
decompose the original CUBLAS DGEMM kernel 
into a set of outer- products as jobs to be assigned 
to asynchronous CUDA streams for the following 
reasons: 

■  Accommodate the capacity difference between 
the GPU device memory and the CPU main 
memory. 

■  Alleviate the PCIe bus bandwidth requirement for 
a given computation requirement. 

■  Allow more {M,K,N} combinations to benefit from 
the high FLOPS performance/memory ratio. 

■  Assign “independent” jobs to CUDA streams to 
make use of the parallelism of the CPU, the PCIe 
bus and the GPU.  

Testbeds 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

■  Accommodate Memory copy of blocks Aik, Bkj, 
and Cij from the system host memory to the 
pinned host memory using multi-threading. We 
call this operation S2P memory copy. 

■  Asynchronous CUDA memory copy from the 
pinned host memory to the device memory for 
blocks Aik, Bkj, and Cij. Such an operation is 
referred to as P2D memory copy. 

■  CUBLAS DGEMM kernel execution to compute 
Cij = Aik*Bkj,+Cij .  

■  Asynchronous CUDA memory copy from the 
device memory to the pinned host memory for 
block Cij . This operation will be referred to as 
D2P memory copy.  

■  Memory copy of block Cij from the pinned host 
memory to the system host memory, possibly 
using multi-threading. This operation will be 
referred to as P2S memory copy.  

Scheduling Pseudo code 
  

Node Nehalem-Tesla Sandy-Kepler 
CPU Name Intel Xeon X5560 Intel Xeon E5-2690 
Sockets x Cores 2x4 2x8 
DRAM Size 24GB 128GB 
STREAM BW 37 GB/s 73GB/s 
Icpc & MKL Lib 2013 2013 
GPU Name Tesla C1060 Tesla K20c 
Device Mem Size 4GB GDDR5 5GB GDDR5 
Device Mem BW 102.4 GB/s 208 GB/s 
SMs x SPs 30x8 13x192 
PCIe bus PCIe Gen2x16 PCIe Gen2x16 
Bi-directional PCIe No Yes 
PCIe achievable BW 5.4 GB/s H2D 

5.3 GB/s D2H 
5.7 GB/s H2D 
6.3 GB/s D2H 

CUDA Driver 304.88 319.23 
CUDA SDK 5.0 5.5 
CUDA DGEMM Peak 75.3 GFLOPS 1053 GFLOPS Figure 1: PCIe BW Requirement of Staging Outer-Product 
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Where (0) indicates that the input data originally 
resides on the CPU, Aij, Bkj, and Cij are sub-blocks of 
matrices A, B and C of size              ,             and  
             respectively. 
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Figure 2: Matrix Blocking Scheme   

Figure 3: Memory Space Mapping (Assuming 5 Streams)  

Figure 4: CPU-GPU Software Pipeline 

Figure 5: Performance on Sandy-Kepler Node Figure 6: Performance on Nehalem-Tesla Node 

Figure 7: Efficiency on Sandy-Kepler Node Figure 8: Efficiency on Nehalem-Tesla Node 

subsititue with GFLOPSpeak = 1053 and BWpeak = 5.7GB  
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