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Abstract. This paper reports real-world performance tests of a computationally intensive, cross-platform mathematical 
self-organizing modeling algorithm we have been developing. It implements vector processing (SIMD) and shared-
memory multi-threaded processing (MIMD) for multi-core processors and multi-processor CPUs. We tested scalability 
and speedup of eight different implementations of the algorithm on datasets with growing number of samples on both 
32-bit and 64-bit Mac OS X systems running on eight-core Intel Xeon based hardware. 

1 Introduction 
 

As multi-core and multi-processor CPUs are becoming more and more available, parallel software is required to run 
at full speed on this parallel hardware. 

As a developer of a state-of-the-art modeling and knowledge mining software tool for the Macintosh we recognized 
this challenge as an opportunity to essentially redesign, improve, optimize and redevelop the computational cross-
platform core modeling engine of the software. 

The modeling technologies we use are based on model self-organization. Self-organizing models from data [1, 2, 3, 
4, 5] is a multi-leveled process with increasing workload of any higher level. To take advantage of both vector and 
multi-threaded parallel processing, we designed the algorithm to run low-level basic computations (single loops) using 
data vectorization (Single Instruction, Multiple Data (SIMD) parallelization) while more complex and more work 
intensive levels of self-organization (repetitive functional tasks composed of initialization and data manipulation 
functions, many computational subtasks and loops, reading and writing data) run concurrently in multiple threads 
(Multiple Instruction, Multiple Data (MIMD) parallelization).  

This twice-parallelized implementation of the new core modeling engine follows the basic mathematical design of 
the self-organizing modeling idea [1, 2, 3, 4, 5], which is highly parallel by nature.  

The computational task of the parallelized modeling algorithm is self-organizing reliable analytical mathematical 
models from a set of usually noisy data that express an existing but unknown relationship in the data for prediction, 
classification, pattern recognition, interpretation, or decision-support purposes. This process is also known as 
knowledge discovery from data [6]. 

Depending on the dimensions of the data table and the hidden, unknown relationship in the data, this model self-
organization can take very much computation time and memory and they grow quickly (highly non-linear) with 
increasing table dimensions. So this algorithm can benefit a lot from parallelization, but especially its high memory 
demand represents a challenge. 

 

2 Test objectives and conditions 
 

In this study we tested how the new KnowledgeMiner® core modeling engine scales with increasing number of 
processor cores, and we measured the speedup of parallel vs. sequential computation with and without using vector 
processing running both 32-bit and 64-bit binaries. We also compared computation time of the new parallel engine with 
the engine of our existing KnowledgeMiner application [7] on a real-world modeling problem. 



All performance tests except the last one were based on artificial data sets of one output variable y and 7 input 
variables xi (i = 1(1)7) with number of samples N as the test parameter in the range of 10 to 100,000. The test data were 
generated by a nonlinear function of two logistic functions: 

  

€ 

yt = f (g1(x1,t−1),g2(x2,t−1))  

The reported performance results reflect the total time to build the complete model, i.e., the overall computing time 
for parallel and sequential parts over a number of network layers. The results, therefore, represent real-world 
application performance the end-user experiences not the performance of a single loop or function or benchmark test. 
In this paper the main performance results are summarized. 

 

3 Performance Results 
 

All tests were done under Mac OS X 10.5.3 running on a Dual Quad-Core Intel Xeon Mac Pro system at 3 GHz and 
8 GB RAM. Except of the scalability test, all reported results are based on full 8-core parallelization. 

In this paper we use these naming conventions for the 8 different implementations of the new engine we tested: 

  Prefix: s_   : sequential processing 
   p_   : parallel processing (multi-threading) 
  Binary: 32   : 32-bit 
   64   : 64-bit 
  Suffix: _v   : vectorized 
   no suffix : not vectorized 
 

During the scalability and speedup tests the source code was not modified in any way. All results are based on exact 
the same code.  

 

3.1 Scalability 
 

Figure 1 exemplarily shows the scaling of the modeling engine in a 64-bit runtime environment with and without 
using vector processing for a data set sample size of N = 5000. With an almost linear scaling for up to 4 cores and with 
fairly more than 7 at 8 cores, this is very good result. A very similar result is observed for 32-bit, even slightly better 
than for 64-bit.  

 
Figure 1: Observed scalability of the modeling engine in a 64-bit runtime environment. 



The plot also shows that performance of the vectorized implementation falls below the non-vectorized one. This is a 
general observation throughout the entire test, but speedup test results will show that this is a relative observation, only. 

3.2 Speedup 
 

Three independent speedup tests were done in 32- and 64-bit runtime environments: Speedup by vectorization, by 
multi-threading, and speedup by vectorization and multi-threading together. This section reports main results of all tests 
in a 64-bit vs. 32-bit comparison. 

 

 
Figure 2: Observed speedup of 32- and 64-bit sequential processing with and without using vector processing 

relative to plain 32-bit sequential computation (s_32 = 1). 

 
Figure 3: Observed speedup of 32- and 64-bit multi-threaded processing with and without using vector processing 

relative to 32-bit multi-threaded computation (p_32 = 1). 

 



 
Figure 4: Speedup of 32- and 64-bit sequential and multi-threaded processing together with and without 

vectorization relative to plain 32-bit sequential computation (s_32 = 1). 
 

Figure 2 describes speedup of sequential processing with and without using vectorization when compared to plain 
32-bit sequential computation for reference. The first observation here is that there is a performance gain of about 1.5 
for the sequential 64-bit implementation, already. The software runs 1.5 times faster simply because of using a 64-bit 
runtime environment. A second result that follows from the first one is that the vectorized 64-bit architecture is again 
amplified by the factor of around 1.5 due to vectorization, which makes it up to 2.3 times faster than the 32-bit 
reference. Similar results are shown in figure 3 for multi-threading with and without vectorization. Figure 4 compares 
all 8 tested architectures relative to the 32-bit sequential implementation. Here, we see that the twice-parallelized 64-bit 
implementation runs up to 18 times faster on an 8-core hardware than its sequential 32-bit counterpart. This is exiting 
performance gain for a very complex computational problem. 

 
3.3 KnowledgeMiner Parallel vs. KnowledgeMiner  

 

When comparing the new parallel KnowledgeMiner core modeling engine (KnowledgeMiner Parallel for short) with 
the engine of our current KnowledgeMiner 5.4 modeling tool (KM) [7], performance results are getting even better. 
KnowledgeMiner 5.4 is a native PowerPC application originated back in 1993 written in ObjectPascal, and it runs in 
emulation mode in Mac OS X on the test hardware, which is a 3 GHz Intel Xeon CPU. Experience has shown that this 
is comparable to running the software natively on a 2 GHz PowerPC based G5 Macintosh, which marks the upper end 
of PPC based Macintoshes. So the results of KM form a reasonable practical reference for testing speedup of the new 
KnowledgeMiner Parallel software.  

The data set used here represents an eco-toxicological problem of modeling a chemical compound’s carcinogenicity 
and mutagenicity by a number of chemical, physiological, energetic, and molecular properties of that compound to be 
then used as a substitute for animal tests, which are usually required today to predict carcinogenicity of new compounds 
whose toxicity is not known [8, 9, 10]. These Quantitative Structure-Activity Relationship (QSAR) models are of 
increasing importance for official evaluation and authorization of chemical compounds [11] to improve safety of 
chemical products we are exposed to while, at the same time, considerably saving animal lives, costs, and time for 
testing.  

The data set has one output variable and 33 inputs and we used N = 5000 compounds to generate a model. We built 
a linear and a nonlinear regression model using both KM and the new KnowledgeMiner Parallel and the resulting 
models are comparable with respect to accuracy and complexity. The time to self-organize a model, however, are 
breathtaking different. Figure 5 shows the experienced speedups of 5 cases. For the nonlinear QSAR model, the 
displayed speedup means, in other words, that computing time shrinks from 1:36h for KM to 8.8s for twice-parallelized 
64-bit KnowledgeMiner Parallel. 



 
Figure 5: Average speedup of 64-bit KnowledgeMiner Parallel compared to current 32-bit sequential 

KnowledgeMiner 5.4 engine. 

 

4 Summary 
 

We tested scalability and speedup of a new parallel self-organizing modeling engine with and without using vector 
processing running both 32-bit and 64-bit binaries. We also compared computation time of this new KnowledgeMiner 
Parallel engine with our current KnowledgeMiner 5.4 modeling tool on a real-world modeling problem. All tests were 
done under Mac OS X 10.5.3 running on a Dual Quad-Core Intel Xeon Mac Pro system at 3 GHz and 8 GB RAM. 

The reported performance results reflect the total time to build a complete model. Self-organization of models is a 
very complex process consisting of repetitive tasks of initializing, reading and writing data, and many computational 
subtasks and loops (about 30 loops per layer over the sample size N; since it is self-organizing it varies) for an a priori 
unknown number of network layers. The results, therefore, represent overall real-world application performance the 
end-user directly experiences. 

With an almost linear scaling reaching a speedup of 7.8 for the non-vectorized and 7.4 for the vectorized 
implementation at 8 cores, and with an average total speedup of near 17 for the 64-bit vectorized multi-threaded 
implementation relative to common 32-bit sequential computation, results are beyond expectations for a wide range of 
data set dimensions. Compared to our existing KnowledgeMiner 5.4 application, a speedup of more than 650 for the 
new KnowledgeMiner Parallel is even more exciting. 

It is also clearly seen that parallelization has its limits. For a memory-demanding algorithm like self-organizing 
modeling cache size is of top priority here, of course. But also research on new approaches to self-organize models from 
high-volume data sets is now required to reduce memory requirements of high-dimensional modeling problems 
algorithmically. 

From this study we can conclude that the obtained performance of the new KnowledgeMiner Parallel engine allows 
thinking about new application fields and tasks of mathematical modeling and about implementing new features into 
modeling to improve quality of models and the way in which they are used. 
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