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Abstract

In areas such as molecular biology, computer vision, and natural
language processing, graphs are commonly used to represent the
structure of probability distributions (or their equivalents) that are
too large to consider explicitly. In these settings, we are commonly
interested in sampling from the distribution for various inference
tasks. A typical approach is the use of Markov Chain Monte Carlo
(MCMC) methods. The classic, uniprocessor, approach to MCMC
still results in poor performance. While parallel approaches on
CPU or GPU devices have been proposed, they are often designed
for specific tasks and/or do not effectively utilize the inter-device
communication capabilities of GPUs. We propose a novel, GPU-
parallelizable MCMC method for this setting. Our approach makes
use of a partitioning approach to divide the graph and dispatch
the resulting sub-graphs to GPUs. Using the communication ca-
pabilities of GPUs (e.g., NVLink), we give a way to coordinate
information between the computations over adjacent subgraphs
and subsequently merge them. This approach takes advantage of
the high degree of GPU parallelism while maintaining the general-
ity of MCMC sampling. We demonstrate the performance of our
approach for estimating protein conformational stability. Over four
different benchmarks and two GPU platforms we show that our
method achieves up to a 400% speedup over an adaptive Monte
Carlo sampling method.
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1 Introduction

Markov chain Monte Carlo (MCMC) methods are commonly used
in settings where standard Monte Carlo sampling does not suf-
fice to provide reasonable estimates for an underyling distribution.
MCMC methods are widely utilized in various fields such as molec-
ular biology [2, 19, 24], computer vision [6, 8], and natural language
processing [22, 27] to estimate predictive factors. More generally
they are also used in Bayesian inference to generically sample the
posterior distribution. Approaches taken by methods to improve
MCMC performance include exploiting the structure of the tar-
get distribution (e.g., Hamiltonian Monte Carlo [5, 11, 15]) and
breaking the problem into subproblems that can be solved con-
currently [20]. In this paper we will focus on the latter, motivated
by high-dimensional distributions that require MCMC to generate
a large number of samples for the desired solution quality. The
Markov chain aspect of MCMC would seem to impose a bottleneck
on parallelization but in fact this topic is well-studied.

Existing methods can generally be placed into two categories:
data-level parallelization and algorithmic parallelization. Data-level
parallelization splits a large dataset into multiple sub-components
and dispatches them to different agents to calculate them in par-
allel [17, 23, 28]. Algorithmic parallelization decomposes the task
of MCMC sampling into multiple smaller instances that can be
conducted in parallel [10, 14, 26], and then aggregated appropri-
ately. Both of these approaches to parallelize MCMC introduce
non-negligible challenges. In algorithmic parallelization, commu-
nication between different computational agents introduces chal-
lenges. Although data-level parallelization does not face this issue,
it cannot accelerate the burn-in process. Recent methods for al-
gorithmic parallelization (e.g., [4, 16]) have managed to achieve
success but are primarily designed for CPU cores.

GPU platforms offer orders of magnitude more parallelism than
CPUs, but have traditionally had little to no coordination between
devices. Recently, however, features such as NVLink on NVIDIA
platforms allows different GPUs to communicate more efficiently [7]
and allow the possibility of algorithmic parallelism for MCMC on
GPUs. Prior to this capability, parallelism on GPUs could only be
achieved for tasks (e.g., such as image processing [12]) that did not
require coordination between GPUs.

In this paper, we propose a new MCMC approach on distribu-
tions that can be represented as graphs (e.g., Bayesian networks).
Our approach is to use the conditional dependency structure in
the graph to construct sampling subtasks that can be dispatched
to GPUs. Then, we use GPU communication to conduct a coordi-
nation step that exchanges posteriors to check for convergence.
Once convergence is achieved, the subtasks are merged to arrive
at the final set of samples. Bayesian networks are used in many
machine learning applications, but to our knowledge this is the first


https://orcid.org/0009-0001-1055-4424
https://orcid.org/0000-0002-4082-0543
https://orcid.org/0000-0001-9479-9156
https://doi.org/10.1145/3703412.3703428
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1145/3703412.3703428

AIMLSystems 2024, October 08—-11, 2024, Baton Rouge, LA, USA

Graph-structured Distribution

Task Execution Queue

‘o i £ G G;
W34 > Wyp > Wye > o Gs 4 ’
(Priority Queue) Task Dependency Tree

[ G @@ ] =

Enqueue
When d =0

Jiarui Li, Samuel Landry, and Ramgopal R Mettu

T "GPU2 T GPU3 T ]
Finished Task Queue -GPU:Q -~ I B Co
= = —— Repeat Until Converge ~~~~~ - I
\ \ [ 1
[ @@]e a
Enqueue | | Q! |_ L! i
Reduce d| i i
end i:listribution :

/7 [pssinaion

Send distribution

parameter f I — .
1 parameter 8
i |

|
} Check :
! Convergence .
i |
i |
i I
i I
1 1
i |
i ]

Dequeue

Combine Sample = Combine Sample

|
|
1
|
1
1
|
|
|
|
|
|
|
|
|
|
|
|
1
|
1
|
|
1
)
|
. ﬁ _____ ~Send samples™ 4 p -
from G; 5 !
R0 .
e Send samples™ T i ]
from G; ]
N v
1 | 1
! Sample | |
ample !
ample i P vy
i T
i b
i Lo
i L
i by
: L
1 I
i
o]
|
Lo
L
i
]

s 3
Exhaustivé Sampling ﬁ

Figure 1: Schematic of our approach. We make use of the fact that we have a graph-structured distribution, and partitions
sampling tasks according to the graph. Our approach can utilize GPU communication and thus can conduct computation,
aggregation and convergence checking without moving work to CPU cores. CPUs are primarily responsible for managing task

dispatching and result collection.

application to MCMC parallelization. Moreover, the computation,
coordination and convergence checking steps of our algorithm are
conducted on GPUs without the need for synchronization on CPU
cores. In prior work, GPU cores were only used for simple compu-
tations while coordination steps took place on CPU cores, resulting
in a performance bottleneck.

We demonstrate the effectiveness of MCMC sampling in a free-
energy approximation scheme [25] we have used to conduct com-
putational epitope prediction (e.g. [1-3, 13]. These free-energy ap-
proximations are done on protein structures, which are naturally
represented by graph-structured distributions. We demonstrate the
performance of our approach on this particular task in comparison
with standard Monte Carlo methods and show a significant im-
provement in performance both in terms of solution quality as well
as efficiency in both the desktop and server settings. On a desktop
environment (2-GPU NVIDIA A2000) our algorithm achieves up to
a 4.0x speedup, and on a server platform (8-GPU V100 NVIDIA) we
see up to a 2.7x speedup. Moreover our method is able to achieve
speedups of almost 30x in some cases over standard CPU-based
Monte Carlo methods.

2 Our Approach

In this section we detail our approach, which we call GPU-MCMC.
First, we define the problem of sampling from a graph-based dis-
tribution. While our approach is general we describe the problem

using our application of sampling a protein conformational ensem-
ble. Second, we give a method to partition the graph distribution
into different subgraphs to allocated to GPUs for concurrent sam-
pling. We make use of a task dependency tree and cache queues to
manage tasks to prevent blocking. Finally, we will introduce how
to leverage the communication capability between different GPUs
to combine subgraphs and test for convergence.

2.1 Graph Definition

To setup our method for sampling a graph-based distribution, we
consider our application of calculating protein conformational sta-
bility. A protein can be represented as a graph in which each vertex
corresponds to a folding unit (i.e., a block of contiguous amino acids)
and is either folded or unfolded (i.e., a binary random variable),
with edge weights w; j defined according to the distance between
folding unit i and j and each edge represents the relationship be-
tween two folding units. Then, for any combination of states of
the vertices (i.e. a particular partially folded conformation of the
protein), a probability pi € [0, 1] describes the likelihood of that
folding state combination occurring. By leveraging MCMC, we can
sample the distribution of all possible states for the entire graph or
any subgraph. For our application, the input to GPU-MCMC is a
graph-structured distribution derived from a protein and our goal
is to estimate the distribution of conformations for the protein.
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Algorithm 1 Graph Partitioning

Algorithm 2 Combine Subgraphs Across GPUs

1: Input: ¢ > The minimum number of subgraph vertices
2: Input: V, E > Vertices and edges of the graph distribution
3. (V/,E') « MST(V,E) > Compute MST of the graph
4 Q « PriorityQueue(E’) > Build priority queue on edges
55§ G0 > Subgraph set
6: parfor e «— Q do

7 G’ « Partition((V, E), e)

8 if min; |G| > t then

9 G=Gug’

0: return G

_

2.2 Graph Partitioning

To parallelize the graph-structured sampling task on different GPUs,
we need to construct subtasks that can be dispatched across GPU
cores. To do this we will partition the task graph into multiple
subgraphs that have minimal dependence on one other. To parti-
tion the input graph into subgraphs, we take the following simple
approach. First, we generate a minimal spanning tree (MST). Using
the fact that any edge in the MST will partition the graph into two
independent subgraphs, to partition the MST into least-dependent
subgraphs we do the following. First, all edges of the MST are
enqueued to a priority queue and ranked by their weights. This
priority queue can dequeue the edges from the edge with maximum
weight to minimum weight. Second, we dequeue the edge priority
queue to fetch ordered edges and utilize the edge to partition the
MST. If after a partitioning operation, the number of vertices of
one of the subgraphs is less than a threshold ¢, this partitioning
operation is going to be dropped and the algorithm moves to the
next edge fetched from the queue.

2.3 Tasks Management Queues

Partitioning the graph constructs sampling subtasks, but we must
manage the (ideally sparse) dependencies between subtasks. To
manage the dependencies efficiently we built a task dependency
tree, which is a binary tree defined as follows. The leaves of this
tree are the subtasks without any dependencies, which means that
they computed independently at the beginning. The nodes of this
tree are the subtasks with dependency requirements. Therefore, the
dependency d € N of the node can be defined as the number of its
child nodes/leaves. When the d of a node is 0, this denotes the node
does not have any dependency and can be enqueue to the execution
queue, which is used to cache all tasks that are being or waiting
to be computed. After a subtask is completed, it will be dequeued
from the execution queue and enqueued to the finished task queue,
which is used to cache all finished tasks. Additionally, the d of all
tasks that are depended on this task are decreased 1. When the task
execution queue is empty and d of all nodes in the task dependency
tree are 0, the graph-structured distribution estimation has been
finished.

2.4 Subgraph Sampling on GPUs

According to the dependency tree, the subgraphs can be categorized
into two types. First, any task in the dependency tree that is a leaf
can be computed independently. Tasks with dependencies require

1: Input: D > The GPU sampling the neighbor subgraph
2: Input: N, S > Subtask distribution and samples
3. Input: ¢, > Distribution convergence threshold
4 0" < Dr.60  » Get distribution from the neighbor subgraph
500 0 > Empty parameters for the distribution
6: Sc «— 0

7. parfor diff(0,0’) > t. do

8: S’,S” « Sample(S, N)

9: Sl’/ «— Dk.S”

—
4

S¢ < UniformSample({(s;,s;)|si € §',s; € S”’}) US,
0 — En(Sc)
: return N (9), S.

-
-

—
N

us to combine neighboring subgraphs. For independent tasks, we
can sample them exhaustively to estimate the distribution. For the
tasks with dependencies, we must provide a way to sample pairs of
subgraphs. We give a way to conduct the sampling of states for pairs
of subgraphs on GPUs. For convenience, we assume there are n
GPUs in total, they are denoted as {Dy }}_, . For example, as shown
in Fig.1, we want to compute G;, G; and the G;|G; depending on
them. First, the subtasks G; and G; are dispatched to two different
GPUs and are exhaustively sampled to estimate their distributions
respectively. Second, we assign the same GPUs utilized to sample
G; and G to combine G;|G; cooperatively. For the GPU sampled G;,
it uniformly chooses G; samples. Then it keeps half of the samples
and send the other half to the GPU sampled G; that will execute
the sample procedure on G;. For the both GPUs, they have half
samples from G; and half samples from G, which can be uniformly
combined to be the samples for G;|G;. Based on these samples, each
GPU can estimate the distribution, which represented G;|G;. Then,
they exchange the estimated distribution parameters. The difference
between the distribution parameters calculated following:

1+ 00— 0,
dﬂel, 92): ;Z | 1,i 2’,|

J max(0y,, 02,;) — min(6y,;, 02,)

1)

i
where N; and N, denote two distributions and their parameters
are 01 € R" and 0, € R". If the difference is less than a threshold ¢,
the two distributions are converged, which means task for combin-
ing G;|G; has been well sampled. If the two distribution have not
converged, we repeat these steps.

3 Results

To evaluate the quality and efficiency of the proposed GPU-MCMC,
we consider a molecular modeling application in which we must
sample a large conformational ensemble in order to compute a free
energy known as COREX, which we describe below. As described
earlier, we have designed an algorithm for computational epitope
prediction that makes use of antigen structure. The COREX metric
is a critical component of our approach, which allows us to use
conformational stability to model the likely location of epitopes
in an antigen. COREX is the most time-intensive component of
our algorithm, requiring 6-8 hours of computation time on a single
processor. COREX performance depends primarily on the effective-
ness of Monte Carlo sampling; we will show in this section that
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Figure 2: Residue stability constant calculation RMSD Percentage and runtime for the benchmark of 13 small proteins. We
compared the solution quality and runtime of our GPU-MCMC against MC (Monte Carlo), AMC (adaptive Monte Carlo), and
naive-MCMC (naive Markov Chain Monte Carlo) for proteins with known ground-truth results. GPU-MCMC easily achieves

the best quality-time tradeoff.

our approach can make real-time computational epitope prediction
from antigen structure a potential reality.

To test our algorithm we assess sampling quality and efficiency
using several sets of proteins. First, we conduct a baseline evaluation
of our algorithm with respect to a standard adaptive Monte Carlo
method on a set of small proteins for which the conformational
ensembles can be exhaustively enumerated. Then, we consider the
efficiency of GPU-MCMC sampling on a three distinct sets of pro-
teins. For comparison, we test the performance of GPU-MCMC
against pCOREX (an adaptive Monte Carlo (AMC) method) as well
as a simple GPU-based naive Markov Chain Monte Carlo (naive-
MCMC) sampling method. Overall, GPU-MCMC yields higher qual-
ity samples compared to these methods and achieves a significant
speedup.

3.1 COREX Algorithm and Monte Carlo
Sampling

COREX (CORelation with hydrogen EXchange protection factors)
is an algorithm used to measure the stability of each residue by
analyzing the protein’s structural ensemble when it is in equilib-
rium [25]. At a high level, the algorithm accepts a protein structure
as input and yields stability constants that characterize the likeli-
hood of unfolding at each amino acid residue. The computation of
stability constants is done through a coarse-grained approximation
of the free energy of the system. The algorithm first partitions the
protein into different folding units, which is just a contiguous block
of residues (usually 10 amino acids). A conformational microstate
is then defined according to whether its folding units are folded or
unfolded. The COREX free energy approximation is defined accord-
ing the full ensemble of microstates, but even the coarse-grained
approach of using folding units the ensemble is too large to con-
sider in its entirety. Effectively sampling a high-quality ensemble is
the key computational bottleneck to computing the COREX metric,

since we must evaluate the energetics of each microstate that is
considered.

The original COREX method utilizes a straightforward, fixed
threshold Monte Carlo (MC) sampling on a single processor. How-
ever, the naive MC method is limited in efficiency and can take
hours to compute a single protein. To tackle this, we developed
pCOREX, which implements data-parallel naive Monte-Carlo sam-
pling on multiple CPUs [2]. As an alternative to naive Monte-Carlo
sampling, one can also utilize data-parallel adaptive Monte Carlo
(“AMC”) sampling on multiple GPUs that makes use of a floating
threshold on conformational energies to maintain a stable accep-
tance rate. It is also natural to ask if a naive MCMC approach also
suffices for improved performance. To test this, we consider a GPU-
based naive Markov Chain Monte Carlo (MCMC) algorithm. Rather
than generating new samples uniformly, this approach uniformly
alters several bits of microstates randomly sampled from the pool
of accepted microstates. Thus for our comparisons we compare our
method (“GPU-MCMC”) against naive Monte Carlo (MC), adap-
tive Monte Carlo (“AMC”), and naive Markov Chain Monte Carlo
(“naive-MCMC”) methods.

3.2 Experimental Setup

We implemented GPU-MCMC in PyTorch, an open-source, GPU-
supported scientific computation library. We set the folding unit
size is set to 10 residues with a minimum size of 4 residues, resulting
in a total of 10 partition schemes. For the pathogen, melanoma, and
immunopeptidomics benchmarks, MC, AMC, and naive-MCMC
sample 10,000 samples for each partition scheme, yielding a total
of 100,000 samples that must be gathered for each protein. For
the small protein benchmark, due to the ensemble size, MC, AMC,
and naive-MCMC uniformly sample 50 samples for each partition
scheme, resulting in 500 samples in total. For naive-MCMC, we
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Figure 3: Performance overview of GPU-MCMC speedups over standard GPU Monte Carlo methods. On a 2-GPU A2000 platform,
GPU-MCMC achieves 4.0x, 3.2x, and 2.5x speedups on pathogen, melanoma, and immunopeptidomics benchmarks respectively.
On 8-GPU V100 platform, we achieve speedups of 2.7x, 2.5x and 2.4x, respectively.

uniformly flip 90% of the bits of selected sampled microstates to gen-
erate new samples. GPU-MCMC gathers samples until convergence
so the number of samples will differ by protein.

Two GPU environments are considered for our experiments. The
first environment is a standard desktop server, which has two A2000
NVIDIA GPUs with 24GB of CUDA memory and two Intel Xeon W-
2245 3.9 GHz CPUs with 64GB memory. The second configuration
is an Amazon Web Service (AWS) EC2 P3.x16large instance[9]. It
comprises of eight NVIDIA V100 GPUs connected by NVLink with
128GB CUDA memory and 96 virtual Intel E5 2628 3 GHz CPU
cores with 488 GB memory. For the CPU environment used for MC,
we make use of AWS EC2 Cé6a instance with 192 virtual 3rd gen
AMD EPYC CPU cores and 384 GB memory.

3.3 Small Protein Benchmark

To evaluate the sampling quality of the novel GPU-MCMC sampling
approach, we compiled a benchmark of 13 small proteins varying in
size from 63 to 117 residues. These proteins were chosen because we
can compute COREX stability by enumerating the full micro-state
ensemble to establish ground-truth values. Then, we can compare
the quality of the different MC sampling methods to this baseline by
measuring the percentage root-mean-square deviation (RMSD%):

A (G — yi)? x 100

RMSD%(y, 1) = _ ——%
®9) max (7 U y) — min(g U y)

@

where y and ¢ denote the ground-truth (baseline) and sampling
values separately.

We compare the quality and runtime of GPU-MCMC to naive-
MCMC and AMC with different thresholds including 25%, 50%, and
75%. Fig.2 shows the quality and speed of these methods. Addition-
ally, we used MC with a 75% sampling threshold as the baseline.
We can clearly see that GPU-MCMC sampling accuracy surpasses
all other methods in terms of sampling quality as well as runtime.

Importantly we can see that not only is naive-MCMC is the slowest
algorithm, since the sampling approach limits concurrency, but it
also produces poor quality results with respect to the ground truth.
In the following sections, in evaluating speedup over existing meth-
ods, we will use AMC with a 50% threshold since it is best tradeoff
between quality and performance. As we will see, the concurrency
of naive-MCMC is so poor that for the larger benchmark tests we
do not even provide experimental results since it requires on the
order of hours to complete per antigen.

3.4 Experimental Validation on Benchmark Sets
of Antigens

In this section consider three different sets of protein antigens, mo-
tivated by different epitope prediction tasks. First, we consider a
set of pathogenic antigens taken from viruses and bacteria [2]. The
second set of proteins is taken from a melanoma cancer protein
study [21] which sought to identify potential immunotherapy tar-
gets. Finally we consider a large benchmark of proteins used to
study the MHCII pathway [18].

In general, the efficiency of GPU-MCMC surpasses AMC on all
three benchmarks and both desktop and high-performance server
platforms. As shown in Fig.3, on 2 A2000 platform, it achieves 4.0x,
3.2x, and 2.5x speedup against AMC on pathogen, melanoma, and
immunopeptidomics benchmarks respectively. On 8 V100 platform,
it achieves 2.7x, 2.5x and 2.4x speedup against AMC separately.
We will introduce the details about the experiments on the three
benchmarks respectively.

3.4.1 Pathogen Benchmark. To evaluate the efficiency of the novel
proposed GPU-MCMC, we compare the performance among GPU-
MCMC, naive-MCMC, AMC, and MC on a set of 19 pathogenic
antigen proteins that induce immune response in C57BL/6 mice
and human subjects. Sizes of the proteins range from 216 to 1,065
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Figure 5: GPU-MCMC performance on the benchmark of 18
pathogenic antigens. When compared to AMC, the median
runtime of our GPU-MCMC sampling method is significantly
lower. The median runtime of 171.6s and 38.9 for AMC can
be reduced 89.2s and 23.3s on 2 A2000 GPUs and 8 V100 GPUs.
Notably the performance of naive-MCMC is quite poor and
its runtime exceeds the CPU-based approach for several anti-
gens.

residues. The MC with a fixed threshold of 75% is run on CPUs (as
in [2]); we use this as a baseline for absolute performance. AMC with
threshold 50% run on 2 A2000 GPUs and 8 V100 GPUs is considered
as the baseline for GPU performance. Performance results for this
set of proteins are shown in Fig. 5. AMC executing on 2 A2000 GPUs
and 8 V100 GPUs takes a median 171.6 and 38.9 seconds respectively
and 1.9x and 8.3x speedup comparing to the MC baseline. Notability,
the COREX with GPU-MCMC achieves runtimes of 89.20 and 23.30
seconds on 2 A2000 and 8 V100 respectively, resulting in 7.5x and
28.7x speedup compared to the CPU-based MC baseline. The GPU-
MCMC surpassed the naive-MCMC method, the median time of

which is 336.8 seconds. For several cases, the MCMC is slower
than CPU-based MC method. Therefore, it is more appropriate to
compare the performance of GPU-MCMC to AMC. In the following
subsections we do not even report the performance of naive-MCMC.
We note that in Fig. 5 we can observe an anomalous runtime for
a protein with 280 residues (1DQZ). To study this case more closely
we show the graph, MST and adjacency matrix for 1DQZ along
with another protein (1URZ, 382 residues) for comparison in Fig. 4.
Notably the graph structure of 1DQZ is much more dense, and we
believe this affects the ability of GPU-MCMC to converge on the
partitioned subgraphs. We discuss this issue further in Sec. 4.
Overall, however this experiment demonstrates GPU-MCMC
remarkably improved the sampling efficiency on both desktop plat-
form such as the machine with 2 A2000 GPUs and high performance
computation platform such as the server with 8 V100 GPUs.

3.4.2 Melanoma Benchmark. Motivated by the identification of
proteins for use in cancer immunotherapy[21], we compiled a
benchmark of 28 cancer proteins that were identified as candidates
for melanoma immunotherapy [1]. This dataset ranges in size from
172 to 1,245 residues. Following the same configuration as previous
experiments, the GPU-MCMC compare to AMC on both 2 A2000
and 8 V100 platforms and MC, which is run on CPU platform [2].

Fig.6 provides the performance results for this test set, and we
see that once again GPU-MCMC achieves superior performance.
Compared to AMC, on the 2 A2000 GPU platform GPU-MCMC
decreases the median runtime from 160.9 to 97.0 seconds for a
2.0x, and achieves a speedup of 3.5x over MC on the CPU platform.
On the 8 V100 GPU platform, GPU-MCMC decreases the median
runtime from 37.3 to 24.6 seconds for a speedup of 8.9x and achieves
a speedup of 11.1x over the CPU-based MC baseline.

From Fig.6 we do see artifacts for three cases in which GPU-
MCMC time are increased. As with the pathogen benchmark, these
are proteins for which the associated graphs are dense and make it
difficult for subgraph sampling to converge. Despite these increases
however, GPU-MCMC still has superior performance over the vast
majority of the test proteins.
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Figure 6: GPU-MCMC performance on the melanoma bench-

mark of 28 proteins. When compared to AMC, the median
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Figure 7: GPU-MCMC performance on a benchmark of 62
proteins taken from an immunopeptidomics study. When
compared to AMC, the median runtime of our GPU-MCMC
sampling method is significantly lower. The median runtime
of 200.0s and 49.7s for AMC can be reduced to 153.5s and
32.6s on 2 A2000 GPUs and 8 V100 GPUs respectively.

3.4.3 Immunopeptidomics Benchmark. Finally we consider a bench-
mark of 62 proteins from an immunopeptidomics study [18] with
sizes ranges from 188 to 1,247 residues. As with the other experi-
ments above, we evaluate GPU-MCMC on both 2 A2000 and 8 V100
GPUs platforms. For this dataset the MC method on a CPU platform
was too time-consuming to run and thus we just compare AMC
and GPU-MCMC on the two GPU platforms.
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On the 2-GPU A2000 platform, GPU-MCMC reduces the median
runtime over AMC from 200.0s to 153.5s. On the 8-GPU V100 plat-
form, GPU-MCMC reduces the median runtime from from 49.7s to
32.6s5 over AMC.

Notably on this benchmark, the AMC runtime fluctuated sharply
as well. This is caused by the method of updating the adaptive
threshold. After several epochs of updates, if the accept rate is still
extremely low then virtually all samples will be accepted, leading to
a very fast runtime. In contrast, GPU-MCMC utilizes a convergence
criterion and is thus more stable in comparison. In our epitope
prediction work we found these AMC-based still adequate for our
purposes, but the GPU-MCMC results are likely much higher qual-

ity.

4 Discussion

In this paper, we have introduced a novel Markov chain Monte Carlo
sampling method for the GPU setting. Our algorithm is designed
to efficiently sample distributions that can be structured as graphs
and takes advantage of GPU-level communication to achieve a high
degree of parallelism.

In our experimental evaluations for a free energy approximation
task, on a typical desktop platform our approach achieves 4.0x,
3.2x, and 2.5x speedup against the adaptive Monte Carlo method on
pathogen, melanoma, and immunopeptidomics benchmarks respec-
tively. On a high-performance server platform, it achieves 2.7x, 2.5x
and 2.4x speedup against the adaptive Monte Carlo method. Over-
all our GPU-MCMC approach significantly outperforms standard
Monte Carlo approaches.

As noted, for distributions represented by densely connected
graphs we observed that method of subgraph construction as not ef-
fective and resulted in longer convergence times. In future work we
plan to explore the many alternative partitioning scheme available
to determine whether this issue can be addressed.
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