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Abstract: Modern graphics processing units (GPUs) are flexibly programmable and have peak computational through-
put significantly faster than conventional CPUs. Herein, we describe the design and implementation of PAPER, an
open-source implementation of Gaussian molecular shape overlay for NVIDIA GPUs. We demonstrate one to two
order-of-magnitude speedups on high-end commodity GPU hardware relative to a reference CPU implementation
of the shape overlay algorithm and speedups of over one order of magnitude relative to the commercial OpenEye
ROCS package. In addition, we describe errors incurred by approximations used in common implementations of the
algorithm.
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Introduction

Molecular shape comparison is a technique that identifies common
spatial features among two or more molecules and can be used as a
similarity measure for ligand-based compound discovery efforts. A
popular technique of shape comparison, implemented in the ROCS1

package from OpenEye Scientific Software, applies the technique of
Gaussian volume overlap optimization2 to perform a robust and fast
shape overlay. ROCS is used extensively in compound discovery
and screening library development efforts.3–6 However, even with
the efficiency of the Gaussian optimization technique, ROCS can
take a very long time to run when scanning over large compound
sets, as in virtual high-throughput screening. OpenEye’s support
for PVM (parallel virtual machine) clusters in its ROCS software
demonstrates that such screening with conventional ROCS is too
slow to be carried out on single computers. Therefore, new methods
to accelerate ROCS-style alignment should be useful for large-scale
screening studies.

Recent trends in computer architecture have shifted the balance
and nature of computational power on commodity desktops. The
GeForce 8 series and Radeon X1000 series of graphics cards from
NVIDIA and AMD changed the conventional model of graphics
processing units (GPUs)—whereas GPUs began as task-specific
engines for 3D rendering, modern graphics cards are general,
extremely-parallel computational engines. The CUDA and CAL
initiatives from NVIDIA and AMD, respectively, have made GPUs
programmable without the use of graphics-specific programming
languages. On many measures including peak FLOPS, FLOPS per
watt, and memory bandwidth, modern GPUs outperform top-of-the-
line CPUs on workloads that map well to their parallelism, making

GPU ports of conventional codes attractive from a performance
perspective.

In this article, we describe PAPER (“PAPER Accelerates Parallel
Evaluations of ROCS”), an open-source implementation of ROCS’s
Gaussian volume overlap optimization on NVIDIA GPUs, avail-
able for download at https://simtk.org/home/paper/. We begin with
an overview of Gaussian overlap optimization. We continue with a
description of the NVIDIA G80 architecture and the design deci-
sions involved in implementing ROCS-style optimization on such
hardware. Finally, we examine the performance of our implemen-
tation. We highlight errors caused by algorithmic approximations
made by ROCS. Furthermore, we demonstrate virtual screen-
ing performance comparable to that of OpenEye ROCS. Finally,
we show one to two order-of-magnitude speedups relative to a
CPU implementation of our program, and speedups of over one
order-of-magnitude relative to OpenEye ROCS.

ROCS: Rapid Overlay of Chemical Structures

Theory of Molecular Shape

The volume overlap between a pair of molecules A and B can
be expressed as a product integral between density functions
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representing the two molecules, where the integral is taken over
all space:

∫
drρAρB (1)

These molecular density functions can be constructed from the
density functions for the component atoms 1 · · · N by the relation

ρA(r) = 1 −
N∏

i=1

(1 − ρAi(r)) (2)

or, by the principle of inclusion-exclusion, as the following series
of summations, which account for overlaps between atoms:

ρA(r) =
∑

i

ρAi −
∑
i<j

ρAiρAj +
∑

i<j<k

ρAiρAjρAk

−
∑

i<j<k<l

ρAiρAjρAkρAl + · · · (3)

The simplest definition of these atomic density functions ρAi

sets them to 1 inside the van der Waals radius of atom i, and 0
outside. Such a “hard-sphere” model is conceptually simple, but
has the disadvantage of being nondifferentiable, and therefore not
amenable to numeric optimization techniques. Although analytic
hard-sphere models have been developed,7 their complexity hin-
ders performance. For this reason, Grant and Pickup8 proposed
representing each atom as a spherical Gaussian function:

ρAk(r) = pk exp(−αk‖rk − r‖2) (4)

Such Gaussian functions are smooth and differentiable. Fur-
thermore, simple closed-form expressions for the volumes, volume
gradients (with respect to position), and Hessians of the product of
an arbitrary number of such Gaussians are known.8

Optimization of Volume Overlap

Our optimization procedure largely follows the prescriptions from
the original paper describing Gaussian volume overlap optimiza-
tion,2 including the parameters defining the atomic Gaussians: we
set pi = 2

√
2 and

αi =

π

(
3
√

2

2π

) 2
3


 r−2

i

where ri is the van der Waals radius of atom i.
We parameterize the rigid-body transformation as a vector in

�7, composed of a 3-dimensional translation and a 4-dimensional
quaternion. The quaternion component parameterizes the rotation
as in the work of Griewank et al.9 It is restrained to unity magni-
tude by a penalty term described by Kearsley,10 which resembles

a Lagrange-multiplier technique, but with a fixed multiplier. We
calculate both the overlap function and its gradient with respect to
the transformation coordinate, and optimize the molecular overlap
using a BFGS method11 reimplemented for parallel execution on
the GPU.

Because BFGS is a local optimizer, the starting configurations
affect whether or not a global optimum is reached. We initialize start-
ing states similarly, but not identically, to the Grant et al. method.2

Unlike ROCS, we do not calculate shape centroids and multipoles
to determine starting positions and orientations. We determine the
starting origin by an arithmetic mean of all atom centers. The base
orientation for each molecule is calculated by rotating the molecule
into the axes determined by the singular value decomposition of the
point cloud comprised by the atom centers. This SVD is equivalent
(for nondegenerate cases) to calculating the principal component
axes of the atom centers.

Although the ROCS documentation claims that 4 starting coor-
dinates are sufficient to reach global optima,1 we have found (and
discuss below) several cases in which this is not true. This is a
known problem — Grant et al. found cases requiring the use of
Monte Carlo optimization,2 and a more recent shape similarity
paper12 explains that ROCS uses extra starting positions especially
for molecules of high symmetry. We therefore support multiple
methods for generating initial configurations, including both deter-
ministic and randomized sampling of starting configurations, with
varying sampling resolution.

Implementation of Shape Overlay on the NVIDIA G80

NVIDIA G80 GPU Architecture

The NVIDIA G80 architecture, underlying all GeForce 8 and 9
series graphics cards, and a derivative of which (GT200) underlies
the GTX 200 series, is based on a “scalable processor array” which
can simultaneously execute up to 128 threads.13 At a high level, the
GPU is structured as a number of TPCs (texture/processor clusters),
each containing 2 (in G80) or 3 (in GT20014) SMs (streaming mul-
tiprocessors). Each SM consists of 8 single-precision floating point
cores and 2 special-function units (SFUs) to handle transcendental
operations. Each SM also contains its own 16KiB of fast “shared
memory,” which can be treated as a user-controlled cache for the
much larger “global memory” on the graphics card, and several
thousand (8192 on G80, 16384 on GT200) registers.

The CUDA Programming Language

CUDA15 is a C-like programming language developed by NVIDIA
to run general-purpose computation on their G80 and newer graphics
hardware. Following closely the structure of the NVIDIA hardware,
the CUDA execution model allows the execution on the GPU of
massively-multithreaded “kernels,” or GPU programs. The threads
of each kernel are arranged into thread blocks such that each block
executes on exactly one SM (streaming multiprocessor) on the
hardware. Furthermore, each thread block has exclusive use of a
programmer-specified amount (up to the 16 KiB limit) of shared
memory on its SM. Multiple thread blocks may be assigned to the
same SM if shared memory and register allocation permit, in which
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case the SM time-slices between the blocks to hide latency from
memory access and instruction dependence.

CUDA’s memory model also reflects the structure of the under-
lying hardware, and this structure is crucial for extracting maximum
performance from the language. The fastest storage is the register
file in each SM, which is allocated on a per-thread basis (so that
the total number of registers used by a kernel equals the number of
registers required per thread times the number of threads per block).
Next is the shared memory, which is local to each thread block, and
can be used for inter-thread communications. Shared memory is
divided into banks, such that under certain addressing restrictions,
all threads can simultaneously read from or write to shared memory.
The largest and slowest memory is the main memory on the graphics
card, which CUDA splits into four categories:

• “Global memory” is general storage which is accessible to all
threads and blocks of the GPU program, but with a signifi-
cant latency (hundreds of clock cycles), and which can only
reach its maximum bandwidth if accessed coherently (addressed
sequentially within blocks).

• “Local memory” is thread-local storage used to handle situations
in which there are insufficient registers on the SM to execute the
kernel. Like global memory, it has high latency.

• “Texture memory” describes read-only portions of global mem-
ory bound to special pointers; special hardware exists on-chip
to cache reads from texture memory, and to do simple linear (or
bi- or trilinear, for 2D and 3D textures) interpolation on texture
values. This hardware allows efficient implementation of lookup
tables in texture memory.

• “Constant memory” is a cached read-only portion of the device
memory. Reads from this constant cache are as fast as register
reads, if all threads in a warp (the scheduling unit on the hard-
ware) read from the same address; otherwise the latency increases
linearly with the number of addresses read.

The primary way of loading data into a kernel from the host
(CPU) side, or to bring results back from a kernel execution, is
to copy it between system memory and preallocated space in the
device global memory. However, because such a copy operation has
relatively low bandwidth (around 1GiB/s) and significant latency
(tens of microseconds), minimizing the number of GPU-CPU or
CPU-GPU transfers is critical for maximizing performance.

Mapping ROCS Computation to NVIDIA Hardware

The CUDA programming model maps best to workloads that can be
processed by many (hundreds to thousands) of independent blocks
of threads, with a large amount of computation taking place on the
GPU before more data is required from the CPU. Our implementa-
tion moves almost all of the ROCS algorithm onto the GPU to best
meet these objectives.

We have designed PAPER for the case in which many molecules
are compared against a single query molecule. This case can be
expected to be common in virtual screening, in which a library may
be scanned for similarity to one or a few actives. The SVD-based
preprocessing of the molecules (Optimization of Volume Overlap)
is handled externally in a Python script, as the results of the prepro-
cessing are easily stored on disk and need not be repeated for every
optimization.

In PAPER, the CPU first loads the molecules and then trans-
forms them to an internal data format. Because the algorithm we
implement uses a local optimizer, the use of multiple starting posi-
tions is important to find the global maximum in overlap. However,
each of these molecule-position pairs is a completely independent
optimization problem. Therefore, we make multiple copies of each
molecule other than the query (the “fit” molecules) and transform
each into its unique starting orientation. This input data (the query
molecule, the copies of the fit molecules, and the starting coordinates
corresponding to each transformed copy) are copied in bulk to the
GPU, making it possible to do hundreds of ROCS-type optimiza-
tions in batch between CPU-GPU transfers, thereby minimizing
transfer overhead.

PAPER maps the optimization onto the GPU in a manner
designed to maximize the parallelism accessible. Although the GPU
offers thousands of threads worth of parallel processing, no single
ROCS calculation has that much parallelism. Therefore, we run mul-
tiple calculations simultaneously— each molecule-orientation pair,
as an independent problem, is mapped to a separate CUDA thread
block.

Hardware resources used by the GPU are allocated in units of
“warps”: a warp corresponds to a number of threads that run simul-
taneously on an SM (32 on current NVIDIA hardware). If a given
thread block has a number of threads which is not a multiple of the
warp size, hardware resources are wasted. Because each thread block
should contain at least one warp’s worth of threads to fully utilize
the hardware, but the use of more threads increases register pressure
(thereby decreasing the number of blocks that can share an SM), we
use 64 threads per block. This means that each molecule-orientation
pair has its own 64 threads on the GPU.

Once the optimizations are completed in parallel on the GPU,
PAPER reads the final overlap values and transformation coor-
dinates back to system memory, and scans over each molecule-
orientation pairing to find the orientation for each molecule that
produced the maximum overlap. This is a relatively fast operation
that can be efficiently performed on the CPU.

Memory Layout

To minimize the impact of global memory latency on the PAPER
kernel, we arrange all data in global memory such that reads and
writes can be performed coherently. In the current implementation,
all molecular coordinates are copied into shared memory at the start
of the kernel, so global memory access is not a limiting factor; how-
ever, this limits the size of the molecules that can be compared.
PAPER can be easily modified to load molecules from global mem-
ory, in which case this coherent access layout will be important for
achieving maximum performance.

Device memory arrays for the query molecule and the entire set
of fit molecules are allocated using the CUDA call cudaMallocPitch,
which guarantees address alignment for each row in a 2-D array. An
N-atom molecule is represented as a 4 × N array, where the first
three rows correspond to the (x, y, z) coordinates for each atom, and
the last stores the precalculated αi value for each atom. The starting
transforms are similarly allocated as a 2-dimensional aligned array.
Because all global memory loads and stores occur with aligned
base addresses for each thread block, the hardware can coalesce the
accesses made by each thread, maximizing memory bandwidth.

Journal of Computational Chemistry DOI 10.1002/jcc
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Table 1. Hardware Configurations Tested for Performance and Accuracy Benchmarking.

GPU GPU RAM CPU CPU architecture

NVIDIA GeForce 8600GT (32 SPs at 1.2 GHz) 256 MiB at 700 MHz Intel Celeron 420 (1.6 GHz) Intel Conroe
NVIDIA GeForce 8800GTX (128 SPs at 1.35 GHz) 768 MiB at 900 MHz Intel Pentium D (2.8 GHz) Intel Prescott
NVIDIA GeForce GTX 280 (240 SPs at 1.296 GHz) 1024 MiB at 1107 MHz AMD Athlon 64 X2 4800+ (2.5 GHz) AMD Hammer
N/A N/A Intel Xeon E5345 (2.33 GHz) Intel Conroe
N/A N/A AMD Athlon 64 3800+ (2.4 GHz) AMD Hammer

Systems without listed GPUs were used only for CPU-based (cpuROCS or oeROCS) benchmarking.

Finally, because of the high latency of global memory access,
effective use of shared memory as a cache is crucial. PAPER is
designed to solve ROCS problems on small molecules (as opposed
to polymers or macromolecules), which have a relatively small num-
ber of atoms and whose coordinates therefore can fit entirely within
shared memory. Because of this, at the beginning of the kernel exe-
cution, each thread block copies the data for the query molecule
and its fit molecule into its shared memory. Once the molecules
have been loaded at the start of the optimization, the PAPER kernel
never needs to access global memory and is therefore unimpeded
by the latency of global memory access. As currently implemented,
PAPER can handle ROCS problems in which the number of atoms
in the query molecule plus three times the number of atoms in the
largest fit molecule in a batch is less than or equal to 889 (larger
systems require more shared memory than the 16KiB available in
current NVIDIA GPUs).

Results

We evaluate the performance of PAPER against two reference
codes. The first, here called cpuROCS, is our C++ implementa-
tion of the algorithms used in PAPER, targeted to a single-threaded,
CPU-execution model. It, therefore, serves as a benchmark for per-
formance gained by porting to the GPU. The second, which we
will denote as oeROCS, is the OpenEye implementation of their
ROCS algorithms (as exposed through the Python oeshape toolkit).
oeROCS represents a “real” code, which has presumably been opti-
mized for performance, and which contains proprietary algorithmic
modifications.

Testing Methodology

Accuracy and performance tests were performed on several dif-
ferent machines, the configurations of which are listed in Table 1.
All molecules used in accuracy and performance testing were drawn
from the Maybridge Screening Collection (N = 56,842), a chemical
library commonly used for screening experiments. Virtual screen-
ing tests drew molecules from the Database of Useful Decoys
(DUD),16 release 2 (excluding 2 GART decoys and 1 PDE5 decoy
which failed preprocessing). Each molecule was preprocessed with
OpenEye’s OMEGA conformer generator17 to generate a single 3D
conformer.

OpenEye OMEGA, ROCS, and OEOverlap used Bondi van
der Waals atomic radii18; PAPER used Batsanov van der Waals
radii,19 as implemented in OpenBabel’s OBElementTable. Open-
Eye ROCS was run with the color force field disabled, so that

optimization was performed purely on shape. ROCS was run in
“Exact” mode (OEOverlapMethod_Exact), as its “Analytic” and
“Analytic2” modes use approximations to eq. (4) which are not
implemented in PAPER; Exact is, therefore, the closest match to
the PAPER computation. All testing was done with exact atomic
radii (i.e., without coercing all atoms to carbon’s radius) and ignor-
ing hydrogens. PAPER includes options to use carbon radii and
hydrogens, if so desired.

Accuracy Testing Methodology

For accuracy testing, we selected 1000 molecules at random from
the Maybridge set to act as query molecules. For each query, we
subsequently selected 1000 more molecules at random from the
nonquery set to act as the fit molecules, for a total of 1 million
comparisons. For each query-fit pair, OpenEye ROCS and PAPER
were used to generate transformation matrices representing their
best guesses at the optimal overlay. Each of these transforma-
tions was then evaluated by applying the transformation to the fit
molecule and calculating the overlap volume and Tanimoto. To
calculate the overlap volume, we used a custom code to numeri-
cally integrate eq. (2) by quadrature over a grid of resolution 0.5
Å. This method accounts for multiple (higher than second-order)
overlaps, which are not considered by OpenEye’s OEOverlap code.
From these overlap values, we calculated Tanimoto scores using the
relationship

TanimotoA,B = OAB

(OAA + OBB − OAB)
(5)

where Oxy is the (numerically evaluated) overlap volume between
molecules x and y.

Virtual Screening Methodology

To test virtual screening performance, we used the DUD database,
release 2.16 DUD is a collection of “systems” consisting of proteins
and associated small molecules. For each system, a certain number
(varying by system, and here designated N�) of molecules which are
known to bind to the system’s protein are designated as “ligands.”
The rest of the molecules associated with the protein (Nd , 36 for
each designated ligand molecule) are “decoys,” which have similar
physical properties to the ligands (such as molecular weight), but
dissimilar chemical topology and therefore are believed to be inac-
tive. For each protein system in DUD, we used oeROCS and PAPER
to calculate the optimal overlay transformation of each ligand and
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decoy onto each ligand molecule. Each transformation was evalu-
ated as for accuracy testing to generate an overlap Tanimoto value.
For each ligand, all the molecules compared were ranked in order
of decreasing Tanimoto, and the ROC AUC calculated according to
the method in Clark.20 For the AUC calculation, a true positive is a
ligand molecule; a false positive is any decoy which is ranked higher
than a true ligand. The reported AUC for each system is the mean
of the AUCs for each ligand in the system. We used a bootstrapping
procedure to estimate confidence intervals on the calculated AUC
values. Each round of the bootstrap on a system with N� ligands and
Nd decoys involved the following steps:

1. Select a ligand from the system
2. Select N� −1+Nd molecules from the system with replacement,

excluding the ligand selected in step 1
3. Sort the selected molecules by Tanimoto and calculate an AUC

After every 200 bootstrap rounds, we calculated estimates for
the upper and lower bounds on the 68 and 95% confidence inter-
vals of the AUC. Bootstrapping continued for a minimum of 10,000
rounds per system, or more if necessary to converge the estimates of
each CI bound. Convergence was defined as the standard deviation
of the most recent 25 estimates of the CI bound having magni-
tude less than 0.5% of the magnitude of the mean of the same
estimates. The reported CI bounds are the means of the 25 final
estimates.

Performance Testing Methodology

For performance testing, we first chose three pairs of molecules
(Fig. 1). The “medium” set (molecules 12,290 and 37,092) were
chosen to have 22 heavy atoms, corresponding to the average heavy
atom count in the Maybridge set. The “small” set (12,565 and
24,768) were chosen to have 10 heavy atoms, and the large set
(6647 and 51,509) have 44 heavy atoms each. Each pair was chosen
randomly from the set of all molecules with the appropriate number
of heavy atoms. For each testing set, we arbitrarily designated the
lower-numbered molecule as the query and the higher-numbered
molecule as the fit molecule. PAPER and oeROCS were run over
the small, medium, and large sets, each time comparing the query
molecule to 1, 2, 5, 10, 20, 50, 100, 200, and 500 copies of the fit
molecule per batch. cpuROCS was run similarly, but only up to 20
copies (since it was found that batching, as expected, did not impact
its performance).

We built and tested cpuROCS using both the GNU C Compiler
(gcc) and the Intel C Compiler (icc) on Intel-based systems. gcc is
widely available and free for use; icc is not free for commercial or
academic usage, but often displays significant speedup relative to
gcc on Intel CPUs. On AMD-based machines only gcc was tested, as
it is AMD’s recommended compiler for the platform, and because
of prior issues with icc on AMD CPUs. The following compiler
optimization flags were used:

• gcc, Intel: -O3 -march=nocona -msse -mfpmath=sse
• gcc, AMD: -O3 -march=k8 -msse -mfpmath=sse
• icc, Intel: -xT -axT -fast -march=core2

Figure 1. Molecules used in performance testing.

To properly account for the overhead involved in host-device
memory transfers, a standard testing iteration for PAPER included
the following steps:

1. Copy query molecule, fit molecules, and starting transforms from
host to GPU.

2. Run PAPER kernel to optimize transformations.
3. Copy final transforms and overlap values from GPU to host.
4. Synchronize to ensure that kernel execution and memory copy

have completed.

Ten iterations were run for each initialization mode, molecule size,
batch size, and compiler (cpuROCS only) for PAPER and cpuROCS
and for each molecule size and batch size for oeROCS. The average
optimization time per molecule was calculated by measuring the
elapsed time over all 10 iterations and dividing by 10 times the
number of molecules per batch. All speedups reported are in terms
of the time-per-molecule.
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Table 2. PAPER Initialization Modes Tested.

Mode # of positions Description

0 1 Inertial overlay
1 4 Mode 0 + 180◦ degree rotations around each axis
2 12 Mode 0 + 90◦ degree rotations around each axis
5 31 Mode 0 + 30 random starting orientations

Accuracy vs. oeROCS

Accuracy Versus Initialization Strategy

Because ROCS’s method for initializing starting states has not been
publicly disclosed, we tested a variety of initialization strategies

(Table 2), including the one proposed by Grant et al. in the original
Gaussian volume overlap optimization paper (here named Mode
1). “Inertial overlay” refers to the SVD-based rotation and centroid
overlay described in Optimization of Volume Overlap.

Figure 2 illustrates PAPER’s overlay performance against that
of OpenEye ROCS, as measured by the shape Tanimoto of discov-
ered overlays. The results indicate that in most cases, oeROCS does
better at finding the global maximum overlap orientation, regard-
less of initialization mode. This appears to be inherent to the Grant
et al. algorithm, and not a GPU issue, as the cpuROCS reference
code exhibits the same behavior. This is expected; OpenEye have
disclosed the existence (but not nature) of improvements to their
overlay algorithm beyond the Grant et al. prescription.12

However, the results also clearly demonstrate the importance
of using multiple starting positions with the local optimizer.

Figure 2. Tanimoto scores for selected PAPER initialization modes (Y) vs oeROCS (X).

Journal of Computational Chemistry DOI 10.1002/jcc
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Figure 3. ROCS overlay errors with carbon-radius approximation. (a)
Overlay of molecule 6899 against 49618 with exact radii. (b) Overlay
of molecule 6899 against 49618 with carbon approximation.

Initialization mode 0 (Fig. 2a), which uses only a single starting
position, is clearly the worst performer, adding just three more rota-
tional starting positions, as done by mode 1 (Fig. 2b) improves
performance. Although adding even more rotational starting posi-
tions, as done by mode 2 (Fig. 2c) helps, the improvement is not
as dramatic. Both modes 1 and 2 fail to sample translational space.
Mode 5 uses a random initialization strategy to sample both rotations
and translations (Fig. 2d) and seems to perform similarly overall to
deterministic sampling.

Notably, increasing the sampling of starting configurations
seems primarily to improve already poor overlaps, rather than sig-
nificantly improving molecules that ought to overlap well. For
example, of the 933,776 alignments with oeROCS Tanimoto >0.4,
oeROCS in Mode 0 finds alignments with Tanimoto <0.4 in ∼30%
of cases (with an average Tanimoto difference of 0.129). Switching
to Mode 5 halves this count, such that only 15% of such alignments
are missed at the 0.4 threshold. However, high Tanimotos present
a different picture: at a Tanimoto threshold of 0.6, Modes 0 and 5
perform almost identically (missing 70% and 68%, respectively,
of 203,035 alignments). At a threshold of 0.7, Mode 5 actually
underperforms Mode 0, missing ∼80% of 27,029 alignments, as
compared to 74% for Mode 0. Although Mode 5 has a larger
number of alignments below the threshold, its average Tanimoto
error on these cases is somewhat smaller (0.106 versus 0.142 for
Mode 0).

ROCS Approximation Errors

One approximation oeROCS makes by default12 is to treat all atoms
as having the same VdW radius as carbon (except protons, which
are ignored). Although this often has no effect, it occasionally

leads to significant changes in the overlaid pose. This is espe-
cially significant for oeROCS’s “grid” mode, which requires that
this approximation be made; the analytic and exact modes allow
it to be disabled. An example is the overlay (Fig. 3) of molecule
6899 from our database (ethyl 4-[(5-mercapto-1,3,4-thiadiazol-2-
yl)thio]butanoate) against molecule 49,618 (ethyl N-[2-chloro-4-
(trifluoromethyl)phenyl]carbamate). This overlay, when carried out
in analytic mode with exact atomic radii, correctly overlays the ring
systems of the two molecules (Fig. 3a). However, when carried out
with the carbon approximation, oeROCS reverses the orientation of
the fit molecule (Fig. 3b).

A second approximation made by oeROCS (and also by PAPER)
is to truncate the sum-of-products expansion of the Gaussian shape
function [eq. (3)] after the second term. This prevents a combina-
torial expansion in the number of terms that must be evaluated, but
has the side effect that the approximate overlap will always be over-
estimated (because multiply-counted regions are not removed). One
consequence is that the relationship between approximate overlap
(as measured by the truncated objective) and exact overlap is not
monotonic. Figure 4 illustrates this, by examining the relationship
in overlays discovered by initialization modes 1 and 2 of PAPER.
The starting positions of mode 2 are a strict superset of those used
in mode 1. Therefore, if the relationship between the optimization
objective and the exact overlap function (which is plotted) were
monotonic, all the plotted points would lie on or above the black
Y = X line (because mode 2 would dominate mode 1). However, the
scatter on either side of the line indicates that sometimes the addi-
tional starting states used in mode 2 find maxima of the approximate
optimization objective that are not maxima of the true objec-
tive. This indicates that although the 2nd-order approximation is
convenient for performance in both PAPER and oeROCS, it may
not be sufficient to guarantee appropriate convergence behavior.

Figure 4. Tanimoto scores of PAPER Mode 2(Y) vs. Mode 1(X).

Journal of Computational Chemistry DOI 10.1002/jcc
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Figure 5. ROC AUC values on each system of the DUD test set. Reported are the mean AUC, averaged over
each ligand in the system (line), the 68% confidence interval on the AUC (box), and the 95% confidence
interval on the AUC (whiskers). Within each system, results are reported for for oeROCS in exact (E) and
grid (G) modes, and PAPER in initialization modes 0, 1, 2, and 5 (labeled by mode number). oeROCS exact
is highlighted in gray.

Virtual Screening Performance vs. oeROCS

To examine PAPER’s performance on a standard drug-design
dataset, we ran it against the DUD (Database of Useful Decoys),
release 2.16 We compare its performance against oeROCS in its
“exact” mode, for which we were able to disable the carbon-
radius approximation discussed in ROCS Approximation Errors.

Additionally, we evaluate oeROCS in “grid” mode, in which the
carbon-radius approximation is active. Figure 5 illustrates the
area-under-the-ROC-curve metric (ROC AUC) on each DUD sys-
tem for exact and grid oeROCS and PAPER initialization modes
0, 1, 2, and 5. In addition to the mean AUC on each system,
it shows the 68% and 95% confidence intervals on the AUC
metric.
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Figure 6. Notable anomalies in PAPER’s performance on DUD. Reported are the mean AUC, averaged
over each ligand in the system (line), the 68% confidence interval on the AUC (box), and the 95% confidence
interval on the AUC (whiskers). Within each system, results are reported for for oeROCS in exact (E) mode,
highlighted in gray, and PAPER in initialization modes 0, 1, 2, and 5 (labeled by mode number). (a) Systems
for which performance varied significantly by initialization mode. (b) Systems for which PAPER performed
significantly worse than oeROCS.

On the majority of systems tested, the virtual-screening perfor-
mance of PAPER in initialization modes 1, 2, or 5 is statistically
indistinguishable from that of oeROCS. On several systems, indeed,
PAPER with only one starting position (mode 0) is competitive with
the more computationally-expensive methods. Some exceptions to
these trends are highlighted in Figure 6. Figure 6a illustrates the
impact of additional starting states on the COX-2, DHFR, HSP90,
PNP, and TK test sets. For the first four, PAPER’s performance
was significantly improved by the addition of starting states. The
TK test set is a notable anomaly in the data: although PAPER-0
and PAPER-1 are somewhat competitive with oeROCS on this test
set, PAPER’s performance gets worse as more starting states are
added, indicating the possible impact of false maxima in the opti-
mization objective. Figure 6b examines the ER antagonist, FGFr1,
RXR-alpha, and SAHH test sets, in which PAPER’s performance is
significantly poorer than that of oeROCS.

Finally, on all sets tested, oeROCS in grid mode has performance
indistinguishable from that of oeROCS in exact mode. This is likely
because the overlays found under the carbon approximation have
similar overlap volume to those found without the approximation, so
that the similarity scores discovered are close. Because the screening
protocol followed here is sensitive only to the overlap Tanimoto, and
not the discovered pose, the errors discussed likely do not have a
significant impact. However, they may still be significant when using
ROCS-like algorithms to perform pose prediction based on known
structures.

Speed vs. cpuROCS

Because the benchmarking loop iteration (Performance Testing
Methodology) contains an insignificant ratio of CPU work to GPU
work, especially in the limit of large batch sizes (the target appli-
cation domain for PAPER), we separate GPU (PAPER) and CPU
(cpuROCS) runtimes. Actual CPU and GPU runtimes for vari-
ous batch sizes and compilers are available in Tables 3–9. We

present three families of speedup plots. Figures 7 and 8 exam-
ine performance on the GeForce GTX 280 (NVIDIA’s current
top-end graphics card). Figures 9 and 10 pertain to the GeForce
8800 GTX (the high-end card of the previous generation, still in

Table 3. cpuROCS Performance for Celeron 420.

Molecule PAPER Runtime (per Runtime (per
CPU Compiler size mode alignment, ms) start, ms)

Intel Celeron gcc Small 0 1.82 1.82
420 1.6 GHz 1 7.03 1.76

2 20.49 1.71
5 50.20 1.62

Medium 0 13.74 13.74
1 35.89 8.97
2 102.45 8.54
5 278.31 8.98

Large 0 30.12 30.12
1 121.25 30.31
2 393.57 32.80
5 1007.61 32.50

icc Small 0 0.14 0.14
1 0.57 0.14
2 1.74 0.14
5 4.22 0.14

Medium 0 1.02 1.02
1 2.72 0.68
2 7.92 0.66
5 21.40 0.69

Large 0 2.31 2.31
1 9.19 2.30
2 27.77 2.31
5 78.24 2.52

Times reported are time per alignment over all starting positions (“per
alignment”) or per starting position (“per start”).
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Table 4. cpuROCS Performance for Xeon E5345.

Molecule PAPER Runtime (per Runtime (per
CPU Compiler size mode alignment, ms) start, ms)

Intel Xeon gcc Small 0 1.16 1.16
E5345 1 4.49 1.12
2.33 GHz 2 13.04 1.09

5 32.01 1.03
Medium 0 8.78 8.78

1 22.84 5.71
2 65.50 5.46
5 177.16 5.71

Large 0 19.26 19.26
1 76.96 19.24
2 251.74 20.98
5 644.06 20.78

icc Small 0 0.10 0.10
1 0.40 0.10
2 1.20 0.10
5 2.91 0.09

Medium 0 0.71 0.71
1 1.87 0.47
2 5.46 0.46
5 14.63 0.47

Large 0 1.59 1.59
1 6.33 1.58
2 19.06 1.59
5 53.72 1.73

Times reported are time per alignment over all starting positions (“per
alignment”) or per starting position (“per start”).

extensive use). Finally, Figure 11 is a “low-cost showdown,” exam-
ining the speedup between a GeForce 8600GT and an Intel Celeron
420, respectively, a low-end GPU and CPU of comparable cost,
using the free gcc compiler. Although such hardware is unlikely to be
found in a dedicated computational cluster, it is widespread in main-
stream computers, making such information especially interesting
for distributed computing applications.

Table 5. cpuROCS Performance for Athlon 64 X2 4800+.

Molecule PAPER Runtime (per Runtime (per
CPU Compiler size mode alignment, ms) start, ms)

AMD Athlon gcc Small 0 1.24 1.24
64 X2 4800+ 1 4.87 1.22
2.5 GHz 2 9.75 0.81

5 14.85 0.48
Medium 0 3.91 3.91

1 9.62 2.41
2 29.23 2.44
5 80.29 2.59

Large 0 8.53 8.53
1 36.09 9.02
2 113.06 9.42
5 303.64 9.79

Times reported are time per alignment over all starting positions (“per
alignment”) or per starting position (“per start”).

Figures 7 and 8 illustrate speedups obtained using PAPER on
an NVIDIA GeForce GTX 280 (NVIDIA’s current top-end graph-
ics card) versus cpuROCS on an Intel Xeon or AMD Athlon 64
(with the optimal compiler for each platform). For initialization
mode 1, which is directly comparable to the original Grant et al.
ROCS prescription, our data for large alignments show nearly 20×
speedup relative to icc on an Intel CPU, and over 100× relative to
gcc on an AMD CPU. The 8800GTX (Figs. 9 and 10) also displays
significant speedup: ∼8× versus the Xeon, and over 40× versus
the Athlon. Finally, the low-cost hardware comparison (Fig. 11)
shows that even at the same (low) price point, GPU hardware can
dramatically outperform CPU implementations, with 35× speedup.

These performance gains scale, as expected, with both the num-
ber of molecules that are batched into each PAPER optimization as
well as the size of the molecules themselves. Two causes explain
the shape of the performance curve. The first is unique to the case

Table 6. PAPER Performance for Initialization Mode 0 on Selected
Batch Sizes.

Molecule Batch Runtime (per Runtime (per
PAPER mode size GPU size alignment, ms) start, ms)

0 (1 starting Small 8600GT 1 0.76 0.76
orientation) (32 SP) 20 0.10 0.10

100 0.08 0.08
500 0.08 0.08

8800GTX 1 0.63 0.63
(128 SP) 20 0.03 0.03

100 0.02 0.02
500 0.02 0.02

GTX280 1 0.75 0.75
(240 SP) 20 0.04 0.04

100 0.01 0.01
500 0.01 0.01

Medium 8600GT 1 1.41 1.41
(32 SP) 20 0.21 0.21

100 0.17 0.17
500 0.17 0.17

8800GTX 1 1.21 1.21
(128 SP) 20 0.06 0.06

100 0.05 0.05
500 0.04 0.04

GTX280 1 1.58 1.58
(240 SP) 20 0.08 0.08

100 0.02 0.02
500 0.02 0.02

Large 8600GT 1 5.60 5.60
(32 SP) 20 0.88 0.88

100 0.76 0.76
500 0.73 0.73

8800GTX 1 4.91 4.91
(128 SP) 20 0.26 0.26

100 0.20 0.20
500 0.17 0.17

GTX280 1 5.38 5.38
(240 SP) 20 0.27 0.27

100 0.12 0.12
500 0.07 0.07

Times reported are time per alignment over all starting positions (“per
alignment”) or per starting position (“per start”).
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Table 7. PAPER Performance for Initialization Mode 1 on Selected Batch
Sizes.

Molecule Batch Runtime (per Runtime (per
PAPER mode size GPU size alignment, ms) start, ms)

1 (4 starting Small 8600GT 1 21.25 5.31
orientations) (32 SP) 20 8.52 2.13

100 9.42 2.35
500 10.22 2.55

8800GTX 1 18.73 4.68
(128 SP) 20 2.89 0.72

100 2.54 0.63
500 2.46 0.62

GTX280 1 2.76 0.69
(240 SP) 20 0.15 0.04

100 0.11 0.03
500 0.10 0.02

Medium 8600GT 1 2.06 0.52
(32 SP) 20 0.96 0.24

100 0.97 0.24
500 0.97 0.24

8800GTX 1 1.79 0.45
(128 SP) 20 0.27 0.07

100 0.23 0.06
500 0.23 0.06

GTX280 1 5.75 1.44
(240 SP) 20 0.31 0.08

100 0.25 0.06
500 0.22 0.05

Large 8600GT 1 7.22 1.80
(32 SP) 20 3.66 0.92

100 3.65 0.91
500 3.67 0.92

8800GTX 1 6.34 1.58
(128 SP) 20 0.98 0.25

100 0.86 0.22
500 0.84 0.21

GTX280 1 6.48 1.62
(240 SP) 20 0.41 0.10

100 0.37 0.09
500 0.33 0.08

Times reported are time per alignment over all starting positions (“per
alignment”) or per starting position (“per start”).

in which the number of molecule-orientation pairs (not the size
of the molecules themselves) is too small. Below a critical num-
ber of thread blocks (the number of SMs on the GPU, e.g., 16
on the 8800GTX or 30 on the GTX280), there is not at least one
block per SM on the GPU. Therefore, GPU resources go unused.
It is important, however, to have more than one thread block (i.e.,
molecule-orientation pair) per SM, as the GPU will run multiple
blocks on each SM, and switch among them when one stalls (e.g.,
due to memory access). A larger number of blocks helps hide latency
in each, ensuring maximum utilization.

The second cause impacts performance both in the case in which
the number of starting states is too small and in which the molecules
themselves have few atoms. In these cases, the actual optimization
can be completed extremely quickly by the GPU, and the limiting
factor in performance becomes the transfer of data between the CPU
and GPU.

Speed vs. oeROCS

For completeness, we also measured the speed of various PAPER
modes against that of OpenEye ROCS (Table 10), on both the Intel
Celeron and AMD Athlon 64 architectures. Figure 12 presents the
expected speedup for a GeForce GTX 280 versus oeROCS on the
higher-performing Athlon. Because the ROCS initialization algo-
rithm is not public, it is not clear which mode presents the most
appropriate comparison. Mode 1, which corresponds to the publicly-
disclosed part of ROCS, illustrates the general trend: PAPER offers
significant speedups with respect to OpenEye ROCS, especially
for medium- and large-sized molecules. In Mode 1, PAPER attains
speedups of ∼30–35× on medium and large molecules, and 5–10×
for small molecules. The dramatic difference in performance with
very small molecules is certainly partly due to the effects mentioned
in Speed vs. cpuROCS; it may also be the case that oeROCS does

Table 8. PAPER Performance for Initialization Mode 2 on Selected
Batch Sizes.

Molecule Batch Runtime (per Runtime (per
PAPER mode size GPU size alignment, ms) start, ms)

2 (12 starting Small 8600GT 1 23.26 1.94
orientations) (32 SP) 20 17.11 1.43

100 16.74 1.40
500 16.67 1.39

8800GTX 1 18.74 1.56
(128 SP) 20 6.69 0.56

100 6.49 0.54
500 6.38 0.53

GTX280 1 7.56 0.63
(240 SP) 20 0.80 0.07

100 0.79 0.07
500 0.78 0.07

Medium 8600GT 1 4.64 0.39
(32 SP) 20 4.00 0.33

100 3.95 0.33
500 3.95 0.33

8800GTX 1 3.75 0.31
(128 SP) 20 1.33 0.11

100 1.27 0.11
500 1.26 0.10

GTX280 1 8.07 0.67
(240 SP) 20 0.91 0.08

100 0.90 0.08
500 0.90 0.07

Large 8600GT 1 42.21 3.52
(32 SP) 20 27.75 2.31

100 27.69 2.31
500 27.37 2.28

8800GTX 1 31.59 2.63
(128 SP) 20 11.41 0.95

100 10.85 0.90
500 10.74 0.89

GTX280 1 17.94 1.50
(240 SP) 20 2.83 0.24

100 2.49 0.21
500 2.42 0.20

Times reported are time per alignment over all starting positions (“per
alignment”) or per starting position (“per start”).
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Table 9. PAPER Performance for Initialization Mode 5 on Selected
Batch Sizes.

Molecule Batch Runtime (per Runtime (per
PAPER mode size GPU size alignment, ms) start, ms)

5 (31 starting Small 8600GT 1 24.38 0.79
orientations) (32 SP) 20 22.02 0.71

100 22.06 0.71
500 21.86 0.71

8800GTX 1 8.84 0.29
(128 SP) 20 6.62 0.21

100 6.34 0.20
500 6.29 0.20

GTX280 1 8.52 0.27
(240 SP) 20 2.63 0.08

100 2.27 0.07
500 2.16 0.07

Medium 8600GT 1 37.93 1.22
(32 SP) 20 28.66 0.92

100 28.68 0.93
500 28.73 0.93

8800GTX 1 16.11 0.52
(128 SP) 20 11.00 0.35

100 10.51 0.34
500 10.45 0.34

GTX280 1 7.23 0.23
(240 SP) 20 2.05 0.07

100 1.99 0.06
500 1.97 0.06

Large 8600GT 1 49.31 1.59
(32 SP) 20 45.10 1.45

100 44.64 1.44
500 44.83 1.45

8800GTX 1 29.25 0.94
(128 SP) 20 16.77 0.54

100 16.12 0.52
500 16.02 0.52

GTX280 1 29.26 0.94
(240 SP) 20 10.65 0.34

100 10.22 0.33
500 10.02 0.32

Times reported are time per alignment over all starting positions (“per
alignment”) or per starting position (“per start”).

not use as many starting positions for tiny molecules, and thus does
not suffer the linear performance penalty from adding more starting
states.

Conclusions

Structural search over a database for molecules similar to a query
structure is a canonical embarrassingly parallel problem. PAPER,
our GPU-accelerated overlay optimizer, has demonstrated speedup
of one to two orders of magnitude on commodity hardware, relative
to a CPU-based reference implementation of the same algorithm,
and 5–35× speedup against the commercial OpenEye ROCS imple-
mentation. Optimal performance is achieved in the case in which
at least hundreds of molecules must be compared against each query

structure, making the PAPER method extremely well-suited for
large-scale database search and screening applications.

Based on the results of our tests, we recommend the use of differ-
ent initialization modes for different applications. For rapid virtual
screening, we recommend the use of PAPER in initialization mode 1
(the original Grant and Pickup prescription). PAPER’s mode 1 offers
order-of-magnitude speedup over oeROCS (Fig. 12), with compa-
rable accuracy on most systems tested (Fig. 5). For pose prediction,
we recommend the use of a higher-precision initialization mode —
mode 2 or 5 — as these occasionally find orientations of greater
overlap than those found in mode 1 (Fig. 2).

Although the speedup from a straightforward GPU implemen-
tation is already significant, there is scope for further acceleration.
Although we have mostly eliminated latency due to global memory
access in the PAPER kernel, little effort has been spent on min-
imizing latency due to shared memory bank conflicts, which can
significantly reduce performance.21 Additionally, the current struc-
ture of PAPER may not be ideal for the resources available in the
NVIDIA architecture. In particular, the inner loops of the overlap
and gradient calculations evaluate an exponential function [eq. (4)]
in each thread. However, exponential evaluations in each thread
block are handled by not the 8 SPs, but rather by the two special
function units (SFUs). This reduction in parallelism reduces the
arithmetic throughput of the PAPER kernel.

Further acceleration of the algorithm may be possible by utiliz-
ing features of the NVIDIA hardware which we do not currently
use—namely, the constant and texture memories. Both of these
are cached read-only memories, from which it may be possible to
build an efficient lookup table-based implementation of the expo-
nential function. Although the constant memory has much lower
latency than the texture memory (cached reads from constant mem-
ory can be as fast as register access), the texture memory has the
advantage that it can perform linear interpolation in hardware essen-
tially for “free.” Using these memory features on the hardware may
reduce the pressure on the SFUs and thereby further accelerate the
algorithm.

An alternative use for the increased computational power granted
by GPU hardware would be to increase the accuracy of the over-
lap optimization. Our results indicate that approximations currently
made to accelerate overlap-optimization calculations (specifically,
the carbon-radius approximation, and the truncation of eq. (3) to
second order) negatively impact the quality of resulting poses.
Rather than simply speeding up runtime, GPU throughput could
be used to evaluate more complex models [e.g., higher-order

Table 10. oeROCS Performance in Exact mode.

Molecule Runtime
CPU size (per alignment, ms)

Intel Celeron 420 1.6 GHz Small 1.38
Medium 9.91
Large 15.94

AMD Athlon 64 3800+ 2.4 GHz Small 0.86
Medium 6.54
Large 11.01

Times reported are time per alignment.
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Figure 7. PAPER speedup vs cpuROCS: GTX 280 vs Xeon/icc.

Figure 8. PAPER speedup vs cpuROCS: GTX 280 vs Athlon 64 X2/gcc.
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Figure 9. PAPER speedup vs cpuROCS: 8800GTX vs Xeon/icc.

Figure 10. PAPER speedup vs cpuROCS: 8800GTX vs Athlon 64 X2/gcc.

Journal of Computational Chemistry DOI 10.1002/jcc



PAPER—Accelerating Parallel Evaluations of ROCS 15

Figure 11. PAPER speedup vs cpuROCS: 8600GT vs Celeron/gcc.

Figure 12. PAPER speedup vs oeROCS: GTX 280 vs Athlon 64 3800+.
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approximations to eq. (3)] to increase accuracy. We anticipate that
the release of PAPER as an open-source code will allow it to be used
as an open platform for further development of GPU implementa-
tions of molecular shape overlay. PAPER is available for download
at https://simtk.org/home/paper/.
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