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I. INTRODUCTION 

Parallel trajectory splicing, or ParSplice [1], is an attempt to 

solve the enduring challenge of simulating the evolution of 

complex atomistic systems over long time scales. Conventional 

molecular dynamics (MD) suffer from time scale limitations; 

therefore, typical simulations can only be performed for 

durations on the order of nanoseconds. This hinders the 

physical insights that can be provided by the simulations for 

slow processes because the system often remains trapped in the 

same region of configuration space for extended periods of 

time. The problem can be alleviated using accelerated-MD 

(AMD) methods [2]. These methods enable MD-quality 

simulations that can exceed microseconds. A recent 

generalization of parallel replica dynamics, parallel trajectory 

splicing (ParSplice), aims at improving the performance of 

AMD method for systems with heterogeneous distributions of 

barriers. ParSplice addresses this problem by parallelizing the 

generation of long trajectories in a time-parallel fashion and by 

employing a speculative execution strategy. We present the 

preliminary results of our attempts to enhance the scalability of 

ParSplice. 

II. PARALLEL TRAJECTORY SPLICING 

Within the ParSplice framework, one can show that a sequential 

MD trajectory can, to an excellent and controllable 

approximation, be decomposed into a number of independent 

segments. ParSplice makes use of this property to predictively 

and concurrently generate segments in many states using 

multiple MD instances. In a subsequent step, these segments are 

spliced together to form the trajectory. 

 The current ParSplice implementation consists of N 

producers that complete requests for segments that begin in 

states specified by a predictor process. The predictor keeps 

track of the states that were previously visited and constructs a 

Markov chain to predict the states that are likely to be visited 

soon, and hence the optimal set of segments that should be 

generated. The implementation also consists of a Splicer that 

manages the database, and generates the trajectory by splicing 

the segments from the database. The workers that generate the 

MD segments are grouped under work managers. Since most of 

the functions in ParSplice can be performed asynchronously, 

the splicer, the databases, and the work manager are executed 

in parallel on different MPI processes.  

The performance of ParSplice relies on two main 

factors: i) the generation of a large number of segments, and ii) 

the availability of good predictions of the set of segments that 

are most likely to be incorporated into the trajectory. Therefore, 

we take a two-pronged approach of exploiting massive 

parallelism using heterogeneous architectures for large-scale 

segment generation, and improving the accuracy of the 

predictor such that the generated segments are more likely to be 

used shortly after their generation.  

III. IMPROVING PREDICTOR PERFORMANCE 

The predictor builds a Markov chain model of the dynamics 

based on the previously generated segments and performs 

Kinetic Monte Carlo simulations (KMC) to predict the next 

probable states along the trajectory. While the previous 

implementation used only segments to parameterize the Markov 

chain, transitions from state to state are typically strongly 

accelerated at higher temperature. Therefore, we propose to also 

use statistics produced by a few workers that are performing runs 

at one or more elevated temperatures. While these high-

temperature runs cannot be spliced into the generated trajectory, 

these typically discover new states faster so that these can be 

added to the predictor model even before they are visited by the 

segment-generating simulations. In fact, the expected number of 

transitions between two states i and j during a unit time at low 

temperature is 𝑁𝑖,𝑗
𝐿 = 𝑁𝑖,𝑗

𝐻 𝑒(𝛽𝐻−𝛽𝐿)𝐸𝑖,𝑗, where 𝛽=
1

𝑘𝐵𝑇
 is 

proportional to the inverse temperature and E is the transition 

barrier between the two states. This estimate for the number of 

times a state is visited is incorporated in the KMC predictor so 

that it becomes aware of states that were not yet discovered at 

lower temperatures. This approach allows for more speculation 

which is key for a scalable predictor. It avoids the generation of 

a large number of excess segments since workers already can be 

dispatched to gather low temperature statistics on new states. 

Proper choice of temperatures and computation of the 

energy barriers should result in improved probabilities of the 
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Fig. 1: Average number of MD segments used vs Wall clock time for 

different assumed energy barriers compared to the run which does not 

use high temperature statistics. 
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segments spliced into the trajectory in the near future of their 

generation. Under the assumption that the probability of finding 

a certain number of transitions of type 𝑖 is Poisson-distributed 

along with the fact that transitions at different temperatures are 

independent, we obtain that the most likely value of E solves 

for 
∑ 𝑁𝑖𝛽𝑖{𝛽𝑖}

∑ 𝑁𝑖{𝛽𝑖}
 −

∑ 𝛽𝑖𝑡𝑒−𝛽𝑖𝐸𝑖{𝛽𝑖}

∑ 𝑡 𝑒−𝛽𝑖𝐸𝑖{𝛽𝑖}
 = 0. Of course, the barrier can 

often be computed directly with advanced simulation methods, 

but this is expensive and adds to the complexity of the code.  

As a proof of concept that incorporating high 

temperature statistics into the KMC predictor model will 

improve performance we present the results for incorporating 

high temperature runs assuming a constant energy barrier 𝐸𝑖,𝑗 =

𝐸 (i.e., this does not yet use the expression derived above to 

infer Ei,j). We demonstrate in Fig. 1 that in principle there is a 

speedup possible using additional high temperature results in 

the KMC predictor model. The actual deployment of this 

strategy in production will require the development of strategies 

for the optimal assignment of high temperature simulations. 

This work is ongoing. 

For large numbers of workers, the execution time of 

the predictor may prove to be a bottleneck. Therefore, the 

predictor was factored out from the main ParSplice process into 

a dedicated MPI process. This eliminates computations that 

have to be performed by the splicer, and therefore might make 

the predictor scalable. Along with this, a hybrid MPI+MT 

model was employed to receive the statistics and update the 

Markov model in parallel. 

IV. EXPLOITING LATENT PARALLELISM 

The ParSplice code is written in C++ and is built on the Large-

scale Atomic/Molecular Massively Parallel Simulator 

(LAMMPS) [3] framework. The hardware used to test the 

ParSplice algorithm consisted of Intel Haswell nodes. Intel’s 

VTune Amplifier was used to analyze the code, which showed 

that upwards of 90% of the execution time is spent on 

generating the MD segments using LAMMPS function calls. As 

a first step in improving the overall performance of ParSplice 

by tailoring the code to the hardware, compiler optimizations 

were used to generate auto-vectorized AVX2 instructions. The 

KMC predictor in ParSplice was improved using the hybrid 

approach of message-passing + multi-threading (MP+MT) and 

the results are shown in Fig. 2. 

 

Fig. 2: Performance gain by using the MP+MT for the KMC 

predictor.  

As most of the time is spent in computations using the 

LAMMPS framework, we explored the use of GPUs for 

accelerating the underlying MD simulations. The GPU package 

for LAMMPS [3] is capable of utilizing one or more GPUs 

coupled with one or more multi-core CPUs.  NVIDIA K40m 

GPUs were used along with the Compute Unified Device 

Architecture (CUDA) application development platform. This 

led to the predictively spawned MPI processes to make use of 

GPUs and CPUs in each node to compute pair-wise interactions 

in molecules efficiently in a load balanced manner. 

 

 
Fig. 2: Comparison of the number of MD segments generated using 

CPUs and CPUs+GPUs in a time duration of 20 min. 

Fig. 3 shows the scaling plot of the total number of MD 

segments generated by CPU+GPU nodes versus only the CPU 

nodes. It is clear from the plot that CPU+GPUs give a 

performance improvement of ~2x while scaling over large 

number of nodes.  

V. CONCLUSION AND FUTURE WORK 

A two-pronged approach of using heterogeneous architectures, 

and improving the efficiency of the predictor in ParSplice was 

explored. The use of different many core architectures like Intel 

Knights Landing (KNL) is currently being investigated. 

Optimized dynamic load balancing between different 

architectures, and the issue of inherent uncertainty in the 

prediction model is being addressed in order to improve the 

performance, as the current predictor only takes into account 

the previous observations to formulate the problem. 
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