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ABSTRACT: Molecular similarity searching is a process to find chemical compounds that are similar to a target compound.
The concept of molecular similarity plays an important role in modern computer aided drug design methods, and has been
successfully applied in the optimization of lead series. Similarity Fusion (SF) is one of the known methods in Virtual
Screening. It uses 2D fingerprint for measuring the structural similarity. Although SF introduces a simple way in estimating
the degree of structural similarity between two molecules, it is actually effective and can be considered an efficient tool for
searching large chemical databases with the existence of multiple similarity coefficients. The diversity in measures has shown
that employment of data fusion rule in fingerprint-based similarity searching can improve results over the traditional search.
In this work, the results are referring to the similarity scores between the reference structure and the database compound. The
problem while performing Similarity Fusion is that it consumes a lot of time as a result of the increasing number of coefficients.
It becomes even more time consuming when it fuses the multi reference similarity searching. This study aims to parallelize the
SF for an improved execution speed and show the impact of parallelism on the execution time. In this work, to overcome the
dependency between cells, Tiling Algorithm was firstly applied followed by parallelization of SF on the Multicore and
General Purposes Graphical Processing Unit (GPGPU). However, the results obtained proved otherwise especially when
dealing with GPU platform. The results are submitted that Multicore processing provides better results.
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1. Introduction

Chemoinformatics is an interface science that aims to discover novel chemical entities resulting in the development of novel
treatments for unmet medical needs. Chemoinformatics methods are also applied in other fields that ultimately design new
molecules, such as microproteins and enzymes [1]. One method within this interface science is virtual screening (VS). As a
complement to high-throughput screening and a cost-effective tool virtual screening (VS) has been increasingly adopted in
computer science [2]. VS has emerged as an important tool to access novel drug-like compounds [3]. It employs several
computation methods for the purpose of screening and testing large chemical databases looking for molecules that have the
highest priority probabilities to be assayed firstly in a lead discovery program [4]. There are two principal types of VS system,
including structured-based approaches that are docking and can be used when a 3D structure of the biological target is
available. The second type is called ligand-based approaches, which are applicable in the absence of any structural information
[5]. The ligand-based approaches are characterized  by  ligand-based virtual screening (LBVS) that requires much less detailed
information about the referenced compound [6]. At a minimum, LBVS requires knowledge of only one active molecule. LBVS
identifies molecules that share some similarities or properties with that single active molecule between reference compound and
database compounds [6, 7].
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VS computes the similarity between the known reference structure, also called target reference, and all molecules within the
database leading to a ranking list of the database molecules. This rank of the computed similarities is arranged decreasingly so
that it carries out real screening just on the top ranked database molecules [4, 8]. All molecules, target reference and database,
are represented in binary streams form. This representation, so called 2D fingerprint, is the representation of choice for similarity-
based VS. The focus on 2D fingerprint has emerged because of its computational efficiency and its proved effectiveness in
literature [9]. There are two similarity searching system principles that represent the heart of all screening methods while
performing similarity search [2]. These principles are similarity measures and similarity coefficients [10]. Similarity measures are
used to quantify the degree of resemblance between the reference structure and each of the database structures under screening
[10, 11].Three components which are characterize similarity measures are: the representation used to characterize the molecules
that are compared; the weighing scheme used to assign differing degrees of importance to various components of molecule
representation; and the coefficient used to determine the degree of relatedness between two structural representations [12].

Several types of similarity coefficients have been used to obtain high degree of similarity between molecules [13]. Three classes
of coefficients are available: association coefficients, correlation coefficients, and distance coefficients [14]. The focus in the
present is on association coefficients, which are commonly used with binary representations. These are often normalized to lie
within the range of zero (no similar features in common) and unity (identical representations). Figure 1 shows the association
coefficients used in the similarity fusion.
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Table 1. Associations Coefficients

In the past, similarity measures have been limited to a few single measures including Tanimoto, Cosine, and Euclidean Distance.
After a number of studies conducted in the field of similarity measures (Table 1), they became available and were used in
connection with chemical structure similarity calculations [11]. There is, however, the question that searches for the best single
measure for performing a particular task, a similarity search for instance [15]. The range of variation in the performance of
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similarity measures available has led to an interest in new field which allows using several measures and combine the result in
one reference record.

Data fusion methods and rules combine more than one similarity measure with a goal of improving the performance of the single
measure, which results in ranking lists [16, 17]. Combining the ranking lists of searches using more than one coefficient can
improve performance, and this was further tested by Bishop et.all [18]. During the past ten years parallel computing has surfaced
to join the revolution of GPUs technology [19]. GPUs have proved their efficacy as pervasive scientific parallel architectures
[20]. GPUs have been widely spread since they became key part of most modern computer systems. They became more than a
graphical tool; GPUs are now scientific tool that provide high throughput for floating point operations (up to 1.03 TFLOP/s), a
desirable feature for scientific computing applications has converted it into general purposes computing [21, 22].

The implementation of similarity calculations using GPU is not new. Many studies have talked about these calculations and the
benefits they bring in accelerating the GPU platform [23]. Different representations are used to represent chemical molecules.
One of these representations, the canonical strings, is known as SMILES. This representation depends on text comparison
within the chemical similarity. Despite the compelling advantage of simplicity and accuracy comparable to binary fingerprints,
other representations have been adopted for use, such as 2D fingerprint [24]. This study focuses on 2D fingerprint as SMILES
cannot perform structural or chemical information as for floating point descriptors [25, 26]. 2D fingerprints are the representation
of chemical molecules as fixed-length stream of binary bits where each bit corresponds to the presence of a specific dictionary
fragment [13]. The underlying advantage of fingerprints is that topological information regarding the atomic structure can be
captured. Consequently, there is a correlation between fingerprints similarity and chemical/biological similarity [27, 28].

The present study used binary fingerprints and ten similarity coefficients for hybrid model that combined between modified
Tiling Technique and master slave. Finally, this study evaluated similarity fusion binary fingerprints on two different platforms
(Multiprocessor OpenMP and GPU architecture).

We propose a general algorithm; we modify it to become flexible to implement in two different platforms. The goal of this study
was to achieve a higher execution throughput in order to cope with scalable issues such as database size, algorithm and
functions complexity. Our intellectual aim was to provide a wide-breath proof-of-concept regarding the usefulness of GPU
architectures and OpenMP in chemoinformatics, because a class of computing problems is still uncovered.

2. Data fusion

Data fusion term is used in many different application areas. This term can be used to describe the process of combining
information collected from several sources and formulated in a digital form. It helps in producing a fused source that is more
informative than is the individual data source [29, 30]. The usage of data fusion rules, especially MAX rules that are adopted in
multi references similarity searching [31]. In the case of similarity search and data fusion, data source is similarity measures
(coefficients) that calculates similarity score for each of the structures in a database, and then ranks the structures in a
decreasing order [17]. These scores (ranks) are assumed to reflect the probabilities of each of the database structures according
to the type of coefficients which are used showing the same biological activity as the reference structure [16]. The availability
of multiple sources of information means that combining different similarity rankings to give a single fused ranking is expected
so as to provide better screening effectiveness and achieve higher level of accuracy than will the ranking obtained from any
single similarity measure [4]. The basic assumption in data fusion is that the availability of multiple sources of information yields
better results, and higher accuracy than when just a single source is in use [29]. Fusion-based screening is often comparable
with the best screening methods that are being combined. The fusion of results in a level of screening effectiveness is far more
consistent from search to search than is the case when just a single similarity method is used [2, 31].

3. Methods and Calculations

In this study, we added some modifications on the original similarity searching algorithm that has been described in Chen and
colleagues study conducted in 2009 [7]. This algorithm describes the comparison between reference compound and database
compounds in the existence of multiple similarity coefficients as follows:
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Combination of multiple database rankings using a fixed reference structure, R, and using similarity fusion of rank
positions

For each similarity measure, I
Compute the similarity, S (I, J ), between R and each database molecule J
Rank the database in decreasing order of the similarity scores
Note the rank position, P (I, J ) corresponding to S (I, J ) for each database-molecule

Combine the set of rank positions P (I, J ) for each molecule J to give a new fused score
Rank the database in decreasing order of the fused scores.

The use of this algorithm gave better results especially in the issues of accuracy and the retrieved scores for each compound in
the database; however, in the matter of execution the speed was slow. On the other hand, similarity searching was very fast on
the machine used in the experiment. The problem which appeared in the fusion of all ranking lists was that the fusion part
consumed a lot of time because of the retrieval of all ranking in order to fuse all of them. Table 3.1 presents the execution time of
each coefficient in sequential mode.

Jaccard / Tanimoto                   10

Dice                                            11

Russell / Rao                             18

Simple Match                            12

Sokal / Sneath (1)                     10

Baroni-Urbani / Buser              11

Cosine                                        12

Simpson                                     10

Rogers                                        13

Kulczynsiki (1)                          12

Coefficient                     Time/s

Table 3.1. The sequential execution time for each coefficient

Some amendments have been made on the original algorithm so that it became more effective in searching for several coefficients
at the same time. These modifications focus on how to optimize the fusion part. The optimization is summarized in decreasing the
need to retrieve ranking lists from the storage media, and the idea is to do the fusion implicitly in the pseudo code as follows:

For each input structure R
Compute S (R, D) using Similarity coefficients between R and all database structures
Choose the highest similarity between scores (MAX ) fusion rule
Sort all result D in decreasingly order

Similarity are stored in a vector of array. This vector keeps the scores until the second similarity starts with a new coefficient,
Dice [32]. Second similarity stores the result, scores, in the second vector. Finally, the comparison starts between the content of
both vectors to find the Max similarity for the reference compound using two different similarity coefficients.

After obtaining the MAX scores, the second vector dynamically becomes empty and waits for a new similarity with new
coefficient to handle this vector and temporary store the scores, and again keeps on this track till the last coefficient on the list
[33]. This optimization achieves the required aim of multi references similarity searching and handles MAX scores for each
coefficient in the final ranking list sorted decreasingly. As a result of the optimization, two factors have been affected. The first
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factor is the time consumption of a programming point of view. Reducing the execution time in the fusion part at least three times
has been achieved in this process. The second factor focuses on the issue of accuracy. This process has promoted higher levels
of accuracy in selecting and sorting MAX scores Table 3.2 presents the execution time of each coefficient in sequential mode
according to the modified algorithm.

Tanimoto + Dice      2

+ Russell      3

+ Simple Match      3

+Sokal (1)      4

+ Baroni      4

+ Cosine      5

+ Simpson      6

+ Rogers      7

+ Kulczynsiki(1)      7

Coefficients            Consumed time/s

Table 3.2. The optimized sequential similarity fusion execution time for all coefficients

4. The implementation

The assessment of chemical similarity corresponds to calculating a coefficient using integer values which are derived from
fingerprint bit counting. The evaluation of the efficiency of GPU architecture and multicore can be observed while performing
exactly comparisons similarity coefficient calculations. The remarkable progress that has been achieved in the optimization of
sequential design facilitated the transition to a new stage and further implementation. Tiling technique has been presented as a
GPU algorithm. It can benefit the large number of computational units available on many-core architecture and multicore. Some
adjustments on the original tiling technique have been introduced. These adjustments maintained the mechanism of the algorithm
with a simple change in installing its parts.

4.1 Original tiling technique
The underlying idea takes advantage of the parallel implementation of CUDA programming model and the multicore OpenMP
model. In CUDA, threads in the same block can utilize shared memory for caching data and synchronizing themselves [23, 34].
It is possible to decompose the original computation n X n matrix into b X b tiles (or blocks). Within a tile, threads need to access
b row molecules and b column molecules to perform chemical similarity comparisons [35].

Figure1 illustrates the implementation of tiling technique and specify the comparison between compounds. This computation
allows for accessing the global memory twice for each thread; molecules are collaboratively preloaded in shared memory (SM ).
The subsequent memory accesses will be made implicitly reducing the number of global memory accesses by a b factor. In more
detail, we have 2b² accesses without tiling, which means larger tiles permit a better cache sharing leading to a reduction in the

Shared

Shared

Thread Thread

ThreadThread

Figure 1. Implementation of Tiling Technique
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number of accesses to global memory. We should maintain blocks as large as possible keeping in mind that there are architectural
constraints available for a SM and the maximum number of threads that a SM scheduler can deal with.

4.2 The optimized method
In the optimized tiling technique, we replaced the rows and converted it into similarity coefficients, which allow each coefficient
to read similar data (molecule) at the same time. By using the optimized tiling technique, we made sure that we achieved the
benefit of reducing the number of times of accessing SM according to the original tiling technique, and got higher accuracy in
retrieving high similarity database compounds that have similar activity to the reference compound.

4.3 OpenMP implantation
OpenMP fork and join model have been chosen as OpenMP provides the capability to incrementally parallelize a serial program
unlike message-passing, libraries which typically require an all or nothing approach [36]. OpenMP provides the capability to
implement both coarse-grain and fine-grain parallelism portability. It also supports FORTRAN 77, 90, and 95, C, and C++.
OpenMpAPI adopts fork-join model of parallel execution. All OpenMP programs start as a master thread or an initial thread
carrying the molecules needed to process [36]. The master thread executes sequentially as if enclosed in an implicit task region
until the first parallel region construct is encountered, the similarity searching part in our study. In fork phase the decomposition
of the master thread to create a team of parallel threads begins. Each thread carries one molecule and passes this thread through
all coefficients to perform the similarity searching [36, 37]. The statements in the program that are enclosed by the parallel region
construct are then executed in parallel among the various team threads representing the chemical molecules. Finally, the results
(scores) of each similarity searching are fused in one ranking list using join method. This method starts its function when the
team threads complete the statements in the parallel region construct by synchronizing, terminating and leaving only the master
thread to carry out the fused ranking list.

5. Experimental Setup

We show our results for two different parallel architectures: GPU platform and Multi Core CPU platform. In the felid of GPU all
experiments of this study are run on the available GPU server in the school of computer science in USM. This server contains
AMD Phenom(tm) II X4 810 Processor 2612.099 MHz, 512 KB cache, 4 CPU Cores and a total (4Gb) memory, Swap to be (9GB).
And also contains three GPU devices using for the parallelization purposes. These devices are described as follows:

Thread Thread Thread Thread Thread

Thread Thread Thread Thread Thread

Thread Thread Thread Thread Thread

Thread Thread Thread Thread Thread

Thread Thread Thread Thread Thread

Tanimoto

Dice

Russel
/ Rao

Kulczynsiki (1)

Figure 2. Open MP Implantation
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5.1 Tesla C2050
• Total amount of global memory: 2687 MBytes (2817982464 bytes).

• (14) Multiprocessors x (32) CUDA Cores/MP: 448 CUDA Cores.

• GPU Clock Speed: 1.15 GHz.

• Memory Bus Width: 384-bit.

5.2 GeForce GTX 260
• Total amount of global memory: 896 MBytes (939327488 bytes).

• (27) Multiprocessors x(8) CUDA Cores/MP: 216 CUDA Cores.

• GPU Clock Speed: 1.24 GHz.

• Memory Bus Width: 448-bit.

Our input dataset, contain fingerprint bit vectors for 102540 compounds each one is 1024 bit. That’s mean 1024*102540 bytes to
contain this size of database compounds. The bit vectors are 166-bits long, zero padded to 256 bits. The bit vectors are stored
as contiguous with more than 32 bytes per vector; thus the input dataset is more than 100 MB in size.

6. Result

For the purposes of implementation we used a common codes which are set of C files, these codes are compiled by a GNU
Makefile framework for compiling for both platforms. The GPU server was a four processors system; this system used to
implement the OpenMP experimental code, The GPU platform is Nvidia Tesla C2050, as mentioned in result 1. Tesla C2050. The
host files were compiled with gcc version 4.1.2, and the CUDA files were compiled with nvcc version 1.1, the object files (CUDA
and C) were linked in with gcc.

6.1 Results and Analysis
Table 6.1 shows the results for the fork and join OpenMP implementation on the processors of the GPU server, up to 4 threads.
The results represent the times that consumed during run it, for the ten coefficients that showed in table 1 Section 1; we time
each of the kernels, and the time in the Table 6.1 represent the fastest time of all the available kernels. First row of the table shows
number of coefficients, second row contains two values which are number of cores that used in the experiments, first trial using
2 cores then 4 cores. Finally, last row presents the execution time for each trial. Each of the threads run on a single processor:
thus, all threads are running on a single chip, later all threads run on the four available chips. The parallelization has been
implemented by adding one thread each run to compare the performance on these chips while increasing the number of threads
with OpenMP threads.

Coefficients no        2                  3                 4                  5                  6                  7                   8                  9

No of cores    2       4       2       4        2        4        2         4        2       4        2        4         2         4        2        4

Time/s   0.62   0.31  0.96   0.47  1.26   0.63   1.57     0.78   1.85  0.92   2.16   1.03    2.45    1.23    2.73  1.37

Table 6.1. The results for OpenMP implementation on the multicores using 2, 4 cores

Table 6.2 shows the results for the best values by varying variable. We time execution on each run with a different number of
threads. The variables in our experiments are 102540 chemical compounds; each compound is represented by 1024 bits. According
to the data the optimal results are shown in the multi core implantation as shown in Table.., as load-balancing is not of critical
importance because of using large grain data decomposition. Since each Cell Broadband Engine chip has 4 threads running
simultaneously, this represents running coefficients. Comparing the results of the OpenMP implantation to the GPU platform
implementation, it is important we do a performance comparison: thus, results for threads on the GPU platform is Almost being
close to results for the first running of OpenMP implantation. Table 6.2 shows the times for GPU implantation and reduced
accuracy; more details on the reduced accuracy mode were discussed in Section 3.1. The fully SIMD sized reduced accuracy
mode; actually the running of GPU is 2-4X slower than the one with the scalar division which implemented on the multicore
platform. This is due to two factors: the scalar division on the multicore is actually being performed by multiple instructions, and
thus ends up taking a significant time of the total kernel. Also, with the reduced-accuracy mode, we keep the total kernel
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completely SIMD sized as well. Table 6.2 shows the best results for all coefficients workloads on a GPU. We time all possible
combinations of threads and blocks; the times in Table 6.2 represent the lowest time for all possible combinations varying in
using different coefficients thread layout (number of threads in a block and the number of blocks.

Coefficients no   2   3   4   5   6   7   8   9                 10

Time/s 1.01 1.87 2.24 3.00 3.54 4.03 4.89 5.01 6.15

Table 6.2. The results for GPU implementation using 10 coefficients

Section 4.1 Explain about access the grid in the GPU matrix, in multiples of 2. The comparison of the GPU execution results with
the host machine to make sure the results are computed and stored correctly. GPU division operation is not fully IEEE compliant,
as it can only be performed through a reciprocal estimate. As can be seen from Table 6.2, GPU results so far are much slower than
the multicore implementation; however it is to be noted that global memory is still being used for loading the inputs and storing
of the results; this leads to reduced bandwidth and is a bottleneck in the implementation.

6.2 Related work and results
In 2012, Barrientos and colleagues investigated the same issue adopted similar methods using different devices  [38]. The idea
of the authors was how to increase the amount of data and reducing the time. Authors preferred to use only one coefficient such
as Tanimoto. Authors got the following results as shown in Table 6.3.

                                   multi-core (8 cores)      1 GPU      4 GPUs

100000 elems.                     14.6                          1.6            0.64

200000 elems.                     42.6                          3.24          1.01

500000 elems.                   109.7                         9.16           2.11

1000000 elems.                 224.5                        17.74          3.97

Table 6.3. Single similarity searching using different devices

7. Conclusion

In this paper, we have evaluated the enhanced similarity fusion algorithm workload on a variety of platforms including the Cell
Broadband Engine, Nvidia Tesla C2050 GPU and multi-core AMD Phenom server. We have developed a novel parallel algorithm
for the Cell Broadband Engine, which is a hybrid algorithm between master slave and fork and join method with basic tiling
technique algorithm, this combination finds a substantially optimal parallel solution through a runtime comparison. The multi
core OpenMP implementation shown to be up to 10X better in performance, and it was similar option 98X in accuracy over the
comparable GPU implementation. The underlying idea of comparison between same problem design and different platforms is
interesting. Focusing on the proposed results, it looks unusual that a multicore CPU thread may run up to three times faster than
a GPU for doing ten coefficients similarity fusion.

This work contributes a detailed analysis of the advantages of using different architectures for calculating ten different commonly
used similarity coefficients (Table1) considering binary as molecule representation.
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