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Abstract:Ever since the discovery of micro-organisms and the
ways to be safe from their infection, the scientific community has
been intrigued on knowing further to the depths of the various
domains of what we call today as life sciences. The major game
changer event was the discovery of proteins which were thought
to be the most fundamental building blocks. Further study of
proteins was greatly hampered due to various factors like non-
availability of techniques to purify proteins in large quantities
and the computational power and the associated costs. However,
with the advent of the distributed and the parallel processing
techniques and High-Performance Computing (HPC) it has
become possible to perform many in-silico experiments.
Furthermore, with the exponential reduction in cost of
computing, it has become possible to perform docking studies and
related experiments. With advances in areas like Graphical
Processing Unit (GPU) computing and prediction algorithms the
drug design and drug discovery techniques have seen an
exponential growth in the traction that they have received from
the academia and industry as well. Today, it wouldn’t be wrong
to say that docking study has become one of the most vital parts
of computational proteomics and drug discovery. It is used in
predicting the orientation of preferred molecule with another
protein or ligand to create a stable complex. This information
can be further used to design the scoring functions which are
important in determining the likelihood of binding between a
molecule with another ligand or a protein molecule. To facilitate
this process further and to identify the molecules from their
respective databases and study their structure, in-silico
techniques like virtual screening are employed. From the afore-
mentioned information, it is trivial that Scoring Function (SF) is
the heart of the docking process and the performance of the SF is
very critical to the docking study. In our previous studies we have
presented our work on different techniques [1] [2].
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. INTRODUCTION

Molecular recognition through the protein—ligand
interactions is fundamentally the important of all the other
processes occurring inside the organisms. Transmission of
signals that happens due to such molecular complementarity
has found to be the driving force in such processes. The
evolution of protein function comprises of the development
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of highly specific sites for the binding of ligands with the
affinity parameters set to mimic the biological function. The
“best bind” is said to be in place when ligand binds in the
most suitable form so as to find its role in the regulation of
biological function. Docking using computational approach
is used widely for the study of protein-ligand interactions to
understand steps towards drug discovery and its
development. The process generally begins with a target
molecule whose structure is generally known, such as a
crystallographic structure [8]. Docking finds its application
in the prediction of the bound conformation and to
understand the binding free energy of some smaller
molecules against the target. Typically, single docking
experiments are beneficial in understanding the function of
the target. In virtual screening, a large library of compounds
is docked and ranked. The primary idea behind virtual
screening is to screen the library of ligands that are present,
to identify compounds for experimental testing.

At the heart of any biological process like cell regulation,
recognition of antibodies and their corresponding antigens,
the transduction of signal, gene expression lays the
molecular interactions. These interactions comprise
interactions between different proteins, interactions between
a drug and a protein (useful in drug design and discovery)
etc. To perform their respective biological functions, it is
very essential for the formation of stable protein-protein or
protein-ligand complexes which are formed because of the
afore-mentioned molecular interactions.

In order to understand the mode of binding and the
affinity of the molecules involved in the molecular
interactions, the study of the tertiary structure of the proteins
is very important. With the advent of technology, we can
obtain the complex structure by X-ray Crystallography and
NMR methods. However, obtaining the structures by such
methods in most of the cases is challenging and not
economically feasible [6]. With the advent of better
computational infrastructure, we can use computational
methods like docking to understand these interactions and
thus making it a very important approach. Protein-protein
interactions are very central to any biological function, so
much so that it has become imperative to gain the
knowledge of the structure of the target complex in such
studies. Although there exist several techniques like NMR,
X-ray Crystallography which help to fetch the structure of
the target complex, actuating all the structures of interest
remains a challenge due to various factors which involves
the tradeoff between cost and
efficiency.
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In this respect, it can be said that the in-silico techniques
employed to predict the target complex (known as protein-
protein docking) has gathered a lot of traction
from the scientific community with the hope that it will
provide the required structural information that the in-vivo /
in-vitro methods fail to provide.

In general, protein-protein docking is characterized by the
3-D (three dimensional) structure of the target complex by
leveraging the information from the unbound monomers. In
most of the literature, it has become the de-facto standard to
assume that all the information that can be leveraged in a
docking process is nothing but the co-ordinates of the
monomers sans any data which refers to the binding sites of
any protein.

The works in [17], [18], [19] give a very comprehensive
summary of several docking methods that have been
proposed over time. One of the daunting challenges that the
scientific community is facing is the computational
complexity of the problem and also the high degree of the
freedom the target complex system comes with. Hence, it
becomes imperative to be more agile and adapt techniques
that can scale up so much so that we can reach a solution in
real time.

The general approach towards this problem is two-fold in
the sense that:

1. We must perform a holistic search and then predict
the probable candidates. This usually relies on
techniques like scoring function and assumption of a
rigid body model to reduce the search space.

2. This stage is where we refine the results or outcome
of the preceding stage and refine the probable
candidates that have been predicted in phase 1. This
phase includes techniques that are more
computationally intense since they deal with pose
ranking and the structural parameters. The initial
phase of the search and predicting the probable
candidates is very crucial for the overall success of
the docking approach.

Surface feature point matching techniques as explained in
[7-11] and the techniques based on the energy minimization
as discussed in [27-29] and also the algorithms which
perform a global search that leverages Fast Fourier
Transforms (FFT) as discussed in [30-32] have been
leveraged and been experimented with for performing a
holistic search and for predicting the probable candidates
which is the first phase as mentioned above. Though there
have been lot of studies conducted on the afore-mentioned
techniques and algorithms, these algorithms suffer with the
traditional tradeoff between the computational complexity
(time) and accuracy of the predictions. The works described
in [30],[33] leverage the concept of FFTs where the authors
claim that FFTs help them achieve an equilibrium between
the time complexity and the accuracy which means that the
scoring algorithm can be designed with agility and also we
can achieve a fair accuracy.

One other approach to overcome the trade-off as
suggested in the works [34-35] leverages the spherical
aspects of the protein molecules unlike the other works
which leverage the FFTs. The FFTs being very efficient
though, cannot tap the multi-dimensional aspect of a
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molecule and hence we base our current work on the
spherical aspects.

Ritchie’s work [34], [35] uses a radial basis function
which is reported to be successful in optimizing the time
complexity of the docking algorithm and that makes it a
very promising method. This work further states that, as the
distance from origin r increases owing to its radial basis
function, the accuracy of field expression drastically
reduces. This intuitively means that it becomes increasingly
difficult to apply it on larger protein molecules. To
overcome these shortcomings the authors have proposed to
leverage the spherical harmonics and modified Legendre
polynomials in combination which forms the radial basis
function. This means that there is no decay [36] for r which
is the distance from origin.

Scoring Functions (SF) are mathematical models in
computational chemistry which are used to predict the non-
covalent interaction. This interaction is also called as
binding affinity. Binding affinity is essential for docking.
Scoring functions are also used to predict the strength of
intermolecular interactions. Commonly used molecules
include drug and biological target. Scoring functions are
trained against data which consists of determined binding
affinities between molecules similar to the unpredicted
molecules.

For currently used methods aiming to predict affinities of
ligands for proteins, the following must first be known or
predicted:

*  Protein tertiary structure — Structure of the protein
atoms in three-dimensional space. Protein structures
are determined by experimental techniques such as
X-ray crystallography or solution phase NMR
methods or predicted by homology modelling.

+ Ligand active conformation — three-dimensional
shape of the ligand when bound to the protein

+ Binding-mode —Binding mode is the positioning of
the two binding associates relative to each other in
the complex. The above information gives the three-
dimensional structure of the complex. The SF can
then estimate the strength of the association between
the two molecules in the complex using one of the
methods given below. The SF itself may be used to
predict binding mode and the active conformation of
the small molecule in the complex, or alternatively a
simpler and faster function may be utilised within the
docking run.

There are four general classes of scoring functions:

» Force field — affinities are estimated by adding the
strength of intermolecular van der Waals and
electrostatic interactions between all atoms of the two
molecules in the complex. The intramolecular
energies (also referred to as strain energy) of the two
binding partners are also frequently included. Since
the binding normally takes place in the presence of
water, the desolvation energies of the ligand and of
the protein are sometimes taken into account using
implicit solvation methods such as GBSA or PBSA
can be utilized [40].
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* Empirical — based on counting the number of
various types of interactions between the two binding
partners. Counting may be based on the number of
ligand and receptor atoms in contact with each other
or by calculating the change in solvent accessible
surface area (ASASA) in the complex compared to
the uncomplexed ligand and protein. The coefficients
of the scoring function are usually fit using multiple
linear regression methods. These interaction terms of
the function may include for example:

« hydrophobic ~—  hydrophobic  contacts
(favorable),
«  hydrophobic — hydrophilic contacts

(unfavorable) (Accounts for unmet hydrogen
bonds, which are an important enthalpic
contribution to binding. One lost hydrogen bond
can account for 1-2 orders of magnitude in
binding affinity),

* number of hydrogen bonds (favorable
contribution to affinity, especially if shielded
from solvent, if solvent exposed no
contribution),

e number of rotatable bonds immobilized in
complex formation (unfavourable
conformational entropy contribution).

* Knowledge-based —It is based on observations of
intermolecular close contacts in large 3D databases
(such as the Cambridge Structural Database or
Protein Data Bank) which are used to derive
"potentials of mean force". It is founded on the
assumption that close intermolecular connections
between certain types of atoms or functional groups
that occur frequently than one would expect by a
random distribution are likely to be energetically
positive and therefore contribute favourably to
binding affinity.

»  Machine-learning — Classical scoring functions use
structure as the input, machine-learning scoring
functions are considered by not assuming a
predetermined functional form for the relationship
between binding affinity and the structural features
describing the protein-ligand complex. The
functional form is inferred directly from the data.
Machine-learning scoring functions have been found
to outperform classical scoring functions at binding
affinity  prediction of diverse protein-ligand
complexes. This has also been the case for target-
specific complexes although the advantage is target-
dependent and mainly depends on the volume of
relevant data available [33].Machine-learning scoring
functions perform at least as well as classical scoring
functions at the related problem of structure-based
virtual screening [8].

1.1 Ligand Flexibility

It is important to select reasonable confirmations for
proper docking. Confirmations can be generated in the
presence of binding cavity or using dihedral angle which
employs fragments. Force field energy is employed to select
proper orientations.

1.2 Receptor Flexibility
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Computational capacity has increased dramatically over
the last decade making possible the use of more
sophisticated and computationally intensive methods in
computer-assisted drug design. However, dealing with
receptor flexibility in docking methodologies is still a thorny
issue. The main reason behind this difficulty is the large
number of degrees of freedom that have to be considered in
this kind of calculations. Neglecting it, however, leads to
poor docking results in terms of binding pose prediction.

Multiple static structures experimentally determined for
the same protein in different conformations are often used to
emulate receptor flexibility. Alternatively, rotamer libraries
of amino acid side chains that surround the binding cavity
may be searched to generate alternate but energetically
reasonable protein conformations. Finally, hybrid scoring
functions have also been developed in which the
components from two or more of the above scoring
functions are combined into one function.The ease of access
to high performance computing resources and the decrease
of the computational cost have boosted the development of
computational techniques in proteomics

Figure 1 shows the overall process. The process of
structure-based drug design is an iterative one and often
proceeds through multiple cycles before an optimized lead
goes into phase | clinical trials. The first cycle includes the
cloning, purification and structure determination of the
target protein or nucleic acid by X-ray crystallography,
NMR, or homology modelling. Using computer algorithms,
compounds or fragments are positioned into a selected
region of the structure. These compounds are scored and
ranked based on their steric and electrostatic interactions
with the target site and the best compounds are tested with
biochemical assays. In the second cycle structure
determination of the target in complex with a promising lead
from the first cycle, one with at least micromolar inhibition
in vitro, reveals sites on the compound that can be optimized
to increase potency. Additional cycles include synthesis of
the optimized lead, structure determination of the new
target: lead complex, and further optimization of the lead
compound. After several cycles of the drug design process,
the optimized compounds wusually show marked

improvement in binding and, often, specificity for the target.
————

RECEPTORS E

I PRERECEPTORS |

! l

l VINA DOCKING I

PRELIGANDS

| MM/GBSA l

| RANKING |

Figure 1: Overall Docking Process
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In this work, we present an empirical study of docking
process and the various techniques to improve the scoring
function which include evaluation of the virtual screening
pipeline based on the HPC techniques thus facilitating and
effective rescoring techniques. Furthermore, we have
extended our study from FFTs to impact of hyper parameter
tuning of the spherical polar transform function to improve
the efficiency of overall docking process.

1.3 The Affinity of Protein Ligand Docking

Computer-aided drug design uses computational
chemistry to realize, enhance, or study drugs and related
biologically active molecules. The fundamental goal is to
predict whether a given molecule will bind to a target and if
so how strong. Molecular mechanics are most often used to
predict the conformation of the small molecule and to model
conformational changes in the biological target that may
occur when the small molecule binds to it. Also, knowledge-
based scoring function may be used to provide binding
affinity estimates. These methods use linear regression,
neural nets or other statistical techniques to obtain binding
affinity equations by fitting new affinities to derived
interaction energies between the small molecule and the
target. Semi-empirical, ab initio quantum chemistry
methods, or density functional theory are often used to
provide optimized parameters for the molecular mechanics
calculations and also provide an estimate of the electronic
properties (electrostatic potential, polarizability, etc.) of the
drug candidate that will influence binding affinity [10].

Ideally, the computational method should be able to
predict affinity before a compound is synthesized and hence
in theory only one compound needs to be synthesized. The
reality however is that present computational methods are
imperfect and provide at best only qualitatively accurate
estimates of affinity. Therefore, in practice, it still takes
several iterations of design, synthesis, and testing before an
optimal molecule is discovered. On the other hand,
computational methods have accelerated discovery by
reducing the number of iterations required and in addition
have often provided more novel small molecule structures.
Drug design with the help of computers may be used at any
of the following stages of drug discovery:

1. Hit identification using virtual screening (structure-

or ligand-based design)

2. Hit-to-lead optimization of affinity and selectivity

(structure-based design, QSAR, etc.)

3. Lead optimization:  optimization of  other

pharmaceutical properties while maintaining affinity

To overcome the insufficient prediction of binding
affinity calculated by recent scoring functions, the protein-
ligand Interaction and compound 3D structure information
are used for analysis.

1. EFFECT OF FFTS ON SCORING FUNCTION

2.1 The Concept

Until recently, most of the computational approaches for
proteomics were largely constrained due to the non-
availability of the scalable computing infrastructure and
hybrid computing. With the advent of this kind of
infrastructure, it has now become feasible to experiment
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using these infrastructures. The traditional approach to
developing algorithms for protein studies was more
monolithic in nature which means that the algorithm would
take closer to exponential runtimes as they were sequential.
With the parallel processing infrastructure like GPUs
becoming feasible, it has opened new avenues for the
algorithm developers to embrace a more parallel paradigm
towards algorithm development [7]. Most conventional
docking algorithms use a traditional FFT-based rigid-
docking scheme. The performance of this scheme is
dependent on factors like electrostatics, the complementarity
of the shape, Potential Static Charge (PSC), free energy etc.
Our work leverages the multiple FFT calculations which are
used to calculate multiple effects in the paper “A geometric
approach to macromolecule-ligand interactions” [17]

In ligand rotation process, the atomic coordinates of a
ligand are updated according to a given rotation matrix. The
process is independent for each atom and it can be fully
parallelized. We mapped the atomic coordinates onto a
GPU. In ligand voxelization process, it is imperative to set a
suitable PSC score, electrostatic interaction values, and free
energy scores for the ligand voxel model during this
process. Ligand voxelization calculates the distance between
the coordinates of an atom and each grid, before assigning a
value to each grid within the van der Waals radius of the
atom [41-46]. The assignment process can be parallelized
for each atom. The PSC score and the free energy score of a
ligand has only binary states (0 or 1), and the electrostatic
interaction value of a grid is calculated as the cumulative
sum of the values of all adjacent atoms, thus the calculation
order for each atom can be exchanged freely. Therefore, we
processed the atoms in parallel and mapped them onto a
GPU. Thus, multiple atoms were processed simultaneously
on different GPU cores in this process. In FFT processes
(P3, P5, P7), single precision complex 3-dimentional FFT is
performed using the NVIDIA cuFFT library to map the FFT
calculations onto a GPU. In convolution process, the output
of FFT of receptor voxel is complex conjugated and
multiplied by the output of FFT of ligand voxel. The
convolution can be independent for each grid, thus we
mapped them onto a GPU. In identifying the best solutions
process, the best docking pose was selected according to the
docking score. This process was also implemented on a
GPU using reduction.

2.2 Implementation on GPU (HPC)

We have studied the conventional docking algorithms and
have leveraged the GPU computing platform and have
performed the extensive study of the algorithms on multiple
GPUs using CUDA library. We have mapped the entire
pipeline of the docking process on the GPU and leveraged
all the cores for computation. The general schematic for the
GPU processing is as shown in Figure 2.
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Figure 2: GPU Processing Schematic

The main memory is in sync with the GPU Memory and
this ensures faster copying of the data. The CPU is involved
in the transfer of the instruction pipeline which is executed
in parallel on each code of the GPU which, in principle,
contributes for the faster and scalable computation.

2.3 Hybrid CUDA Parallelization

In multi-conformer docking algorithms or rigid-body
docking methods, to find out the ligand flexibility, a single
confirmation or multi-confirmation library is used [7].
ZiyiGuo; Brian Y. Chen et. al. [7] have employed an
approach which generally docks the small molecules. This
approach uses the shape complementarity algorithm or the
interaction site matching algorithm. The studies in [8-10]
suggest that the algorithms work on the pharmacophore
which is used as a protein representation that guides the
docking. The study also suggests generating an initial ligand
conformation and uses the same to derive a ligand
pharmacophore [11].

The efficiency of any docking programme is determined
by two components that complement each other: (a)
methods employed in exploring the conformational space of
the target and (b) the scoring function used to evaluate the
docking process. A scoring function as studied in [12-14]
suggests that it should assign the best score to the ‘correct
pose’. This is the native posed which is observed during the
study of crystalline structure of the target. This best score
then acts as pivot for the algorithm used of conformational
sampling [3]. Smith R.D etal [17] suggest that accurate
prediction of binding mode is very critical in docking
studies and the former of the afore-mentioned parameters is
very critical in determining the binding mode [10]. It is
trivial to mention that the SF functions should attribute the
best scores to the docked poses of the compounds that are
highly active compared to that of the non-binders or non-
active / poor binders.

Also, it is to be further noted that in virtual screening and
lead optimization, it is very critical to extract the potential
hits from the huge libraries and the latter of the afore-
mentioned parameters is very critical to it. Conventional
algorithms have used OpenMP and MPI using a master-
slave model (Matsuzaki et al., 2013). In the cluster model,
the list of protein pairs is fetched by the master node, which
is then distributed across the available nodes to the worker
processes [11]. The advantage of such a model is that it is
fault tolerant and the consistency of the system is
maintained unlike a monolithic system.
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Our work is implemented on CUDA parallelization. It
becomes imperative to optimize the memory utilization. We
performed a 1-1 mapping between docking job and the node
so that the ligand rotation can be parallelized on the GPU.
The docking jobs are distributed by the master node and the
worker nodes execute these jobs on the available GPUs by
CUDA across the cluster. This scheme of implementation
guarantees the fault-tolerance as in the case of CPU
implementation [4].

. MOLECULE AS ARIGID BODY

3.1 Scoring Functions Using Spherical Transforms

Scoring Function is characterized by the interaction
energy between two molecules. In the present work, we
determine the scoring function in terms of dot product of the
two scalar fields that are associated with the molecules.

Let f1(x), f2(x), f3(x),...... ,fNs(x) be the scalar field
functions for molecule A and gl(x), g2(x), g3(x),...... ,
gNs(x) be the scalar field functions for molecule B. The
scoring function would be formulated as follows:

E(TATH) = Zjivjl. w; ffl-T4 (x)gl-TB(x)dx
wherew; represents the weight of the i" term,
Tx — rotational or translational operation on a field for

molecule x and
fT(x) is the field generated by applying the operation T to

X.

(eq 1)

3.2 Leveraging Radial Basis Functions

By representing the scalar fields in terms of orthogonal
basis functions, the score computation becomes much faster.
The basis function B can be expressed as

Binim x) = Bk.n,l,m(r' 0,9) = Skn (r) Yim 6,9) (eq2)

where,

Sk,n(r) represents the radial part of the basis function and

Sen (MY (6, @)— normalized spherical harmonics which
is the angular part of basis function.

As discussed earlier the radial part r of the basis function
is split into multiple intervals Tk of widths ‘a’; that is,

Ik = [ka,(k+1)a) for k=0,1,..., then

Sk,n(r) for each region can be defined as

Sk,n(r) = 0 if r¢[ka,(k+1)a)

and

foco Sk,n (T)Sk,n’(r)rzdr = 6nn' ___________ (Eq 3)

By leveraging the Gram-Schmidt process we can satisfy
the afore-meptioned conditions:

Sen(r) = /# . (%r — 2k — 1), re [ka, (k+1)a)

0, otherwise (eq 4)
hk,n(x) — orthogonal polynomials characterized using
Gram-Schmidt Process.
The weight function and the intervals used for the Gram-
Schmidt process are (x+2k+1)2 and [-1,1], respectively.
NKk,n — norm of the polynomial function. It now becomes
easy to realize that the orthonormality

fOOOSk,n (TS (M12dr = 8418, (eq 6)
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The orthonormality of the combined functions can be
similarly expressed as

fSk,n(T)Yl’m(Q, Q)Sk’,n’ (r)yz’,m’ (6,0)dx =
dkk'ann'all'amm' (eq 7)

There can exist in some regions where the radial basis
function can have non-zero values which are as shown in
Figure 3.

k=0 k=1k=2
Figure 3: Regions of Radial Basis Functions

3.3 Fast Rotational and Translational Operators
In order to achieve better performance, we need to obtain

the following transformed coefficients a:f,i,z,m and b,f‘fl‘l_m
which facilitate configuration space search. The original
coefficients characterize the new transformed coefficients
and hence computing the re-expansion of the fields become
much faster.

a) Rotational Operation on Coefficients

Let ay,;m be the original coefficients and let R be the
rotational operator on the field. Let af, . be the new
rotational coefficients. As previously mentioned, we can

derive the rotational coefficients using the original
coefficients as follows:

AR im = Tt Gy RE(RTD); RImm’(R)
represents the rotational matrices for real spherical

harmonics.
b) Translational Operation on Coefficients

Let a,fﬁlz'l_mrepresent the coefficients of a translated field.

Note that SAz intuitively indicates that the translation
operation has been applied along the Z-axis.
The new translated coefficients a,ffnz_l_m with an offset of

(0,0,Az) can be determined as follows:

Saz
ak,n,l,m

_ « 7TSk,_n,(r’).S'k‘n(r)Pl,ml (cost9’)Pl|m|
= ak’ nl l’ m’ l
K'n'l’ e 0 0

(cosB)r?sinf dO dr
= Ykl A ! 1! m Ok’ ! m! 1, im| (AZ) (eq 8)

P™(x)is the Legendre Polynomial

Oy’ k' nt' 1 ym| (A2)are the overlap integrals during the
translation.

It is very important to note here that the overlap
Ok’ e’ nit' 1 ymi (A2) can be calculated using the numerical
integration methods and are calculated in advance at each
step and stored in a lookup table. This indeed is a very
practical approach since they are independent of scalar
fields.

IV. RESULTS
4.1 Results of GPU Implementation
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The docking score, which is also the pseudo-interaction
energy score can be determined by the convolution of the
FFT and the inverse FFT functions as follows:

S() = XvevRML(V + 1) - (1)

= FFT,,, [FFT [R(v)] * FFT[L(v]] - (2)

where:

R & L - scoring functions of receptor and ligand
respectively in a 3D space V

t — the parallel translation vector in the 3D space

“*> — is defined as the complex conjugation operator

N — is the size of the FFT (2 times grid size)

The algorithm to solve (1) takes about O(N®), which
essentially means takes a longer runtime and larger the size
of FFT more the time taken. This however can be reduced to
0 (N3logN) using (2) which intrinsically uses FFT. It is
very important to note here that the FFT can be computed in
parallel using the GPUs.

Figure 4 shows the FFT time vs the Total Time taken for
docking on different GPUs. We can note that the FFT takes
just about an average of 15% of total time for docking.

We have used NVIDIA GeForce GT 710, GeForce GT
705, GeForce GT 730 to check the performance. Figure 2
shows the measurements of the 3600 rotations on each of
the selected GPUs. Whereas Figure 5 shows the
performance on select GPUSs.

FFT vs Total Time

3
Total 2.5

Time 2
(sec) , g
1
™ [ ||
>eForce GT 705 C
) = time (in sec)

o

Force GT710 € seForce GT 730

Gel
® Total time (in sec

Figure 4: FFT vs. Total Time
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Figure 8: GPU Cluster Performance

Figure 5 shows the measurements of the FFT computation
time on the afore-mentioned GPUs whereas Figure 6 shows
the measurement of FFT computation on CPU. We can
observe from Figure 5 that on a single node GPU the time
taken for the FFT calculation is growing exponentially
whereas it becomes constant on a cluster of 4 (Figure 6). We
can perform docking of heavier molecules and test for
scalability in future.

4.2 Results of Spherical Polar Transforms

We have used NVIDIA GeForce GT 710 and measured
the computation time required on the GPU. The computation
times are as shown in Table 1.
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Table 1: Computation Time on GeForce GT 710

Mol. A Mol. B Computation Time (in sec)
1AKZ 1UGI(A) 424
1BRA 6PTI 51.3
1SUP 3SSlI 61.1
3PTN 6PTI 67.3

We further measured the computation on Intel Core i7
2.3GHz and the computation times are as shown in Table 2.

Table 2: Computation Time on Intel Core i7 2.3 GHz

Mol. A Mol. B Computation Time (in sec)
1AKZ 1UGI(A) 89.2

1BRA 6PTI 103.8

1SUP 3sslI 138.3

3PTN 6PTI 115.7

Computational Times on GeForce and Intel Core
i7 2.3GHz

oo 16 c m——

Figure 9: Computational Times on GPU and CPU

V. PERFORMANCE EVALUATION ON
BENCHMARK SET

Figure 10 and Table 3 show the total docking calculation
time results for the dataset. The algorithm was parallelized
previously using OpenMP and it provided good acceleration
with multicores, as reported in our previous study.

b
=
[=}

15.0
10.0

15.1
6.3 5.9
5.0 3.3
1.0 .
0.0 ||

1CPU  8CPUs GPU MIC, .0 MIC, .0
igure 10: Acceleration Rate CPU vs. GPU

Acceleration rate for 1CPU

T

Table 3: Docking Calculation Times for 100 Proteins

1CPU 8CPUs GPU

Total docking

time [hour] 10.2 1.5 0.72

1939 © Copyright: All rights reserved.

With this dataset, it achieved a 6.3-fold speed up using
eight CPU cores. GPU has accelerated the protein docking
calculations. Using a GPU, the docking calculations were
15.1 times faster than the calculations with a CPU core
alone. With a GPU, the acceleration was more than double
that obtained with eight CPU cores, that is, a
CPU socket.
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Scoring Function Enrichment and Optimization Techniques for Docking in Heterogeneous Parallel
Platforms

By contrast, the acceleration rates were increased by 3.3-
fold and 5.2-fold with the MIC offload mode and MIC
native mode, respectively, which were much lower than the
improvements obtained with the GPU.

VI.  CONCLUSION

This study of docking on high performance computing
environments shows high scalability. Also, it is found that
the scoring function can be improved by using the
heterogeneous parallel computing environment. Complete
leverage of such computing environments helps us build
effective virtual pipeline for effective scoring functions. We
have further extended out previous work [1] where we did
an empirical study on porting the entire FFT pipeline for
docking onto the GPU and in the present work we have
explored the option of porting the spherical transforms on
the HPC platform. It can be noted from (eq. 8) that the
computation of the overlap is independent of the scalar
fields and can be done using humerical methods and hence it
is pre-computed at each step and stored in a look up table
for future computational references. This step significantly
reduces the computational complexity and hence the
computational time has significantly improved.
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