
Article

FourPhonon_GPU, a CPU-GPU heterogeneous
computing scheme for phonon scattering and
thermal conductivity calculations

Graphical abstract

Highlights

• A GPU-accelerated heterogeneous computing scheme is

developed for ShengBTE

• OpenACC directives enable efficient parallelization with

minimal code changes

• Divergent branching is resolved by CPU-side process

filtering and packing

• Two parallelization strategies are implemented to balance

memory and throughput

Authors

Ziqi Guo, David McLoughlin, Xiulin Ruan,

Guang Lin

Correspondence

ruan@purdue.edu (X.R.),

guanglin@purdue.edu (G.L.)

In brief

Guo et al. develop FourPhonon_GPU, a

GPU-accelerated computing framework

that offloads phonon scattering rate

calculations using OpenACC. Under the

relaxation-time approximation, the

heterogeneous CPU-GPU scheme

eliminates warp divergence, achieving up

to 26-fold overall speedup and 400-fold

acceleration for the four-phonon

scattering-rate step.

Guo et al., 2026, Cell Reports Physical Science 7, 103491

August 19, 2026 © 2026 The Authors. Published by Elsevier Inc.

https://doi.org/10.1016/j.xcrp.2026.103491 ll

mailto:ruan@purdue.edu
mailto:guanglin@purdue.edu
https://doi.org/10.1016/j.xcrp.2026.103491
http://crossmark.crossref.org/dialog/?doi=10.1016/j.xcrp.2026.103491&domain=pdf


Article

FourPhonon_GPU, a CPU-GPU heterogeneous 
computing scheme for phonon scattering 
and thermal conductivity calculations

Ziqi Guo,1 David McLoughlin,2 Xiulin Ruan,1,* and Guang Lin3,4,*
1School of Mechanical Engineering and the Birck Nanotechnology Center, Purdue University, West Lafayette, IN 47907, USA
2School of Mechanical Engineering, Purdue University, West Lafayette, IN 47907, USA
3School of Mathematics, Purdue University, West Lafayette, IN 47907, USA
4Lead contact

*Correspondence: ruan@purdue.edu (X.R.), guanglin@purdue.edu (G.L.)

https://doi.org/10.1016/j.xcrp.2026.103491

SUMMARY

Accurate prediction of phonon scattering is crucial for understanding thermal transport properties. However, 

the computational cost of such calculations, especially for four-phonon scattering, becomes prohibitive as 

the number of phonon branches and scattering processes increases. Here, we report FourPhonon_GPU, a 

GPU-accelerated framework for phonon scattering and thermal conductivity calculations. Leveraging 

OpenACC and a heterogeneous CPU-GPU computing strategy, we offload massive parallelizable tasks to 

the GPU while using the CPU for process enumeration and control-heavy operations. Under the relaxa

tion-time approximation (RTA), our approach achieves up to 26× acceleration without sacrificing physical ac

curacy. Benchmarking on various GPU architectures confirms the method’s scalability and highlights the 

importance of aligning parallelization strategies with hardware capabilities. This work provides an efficient 

and accurate computational tool for phonon transport modeling and opens pathways for accelerated mate

rials discovery.

INTRODUCTION

Thermal conductivity is a fundamental material property that 

plays a critical role in a wide range of applications, including ther

mal management in electronic devices1,2 and thermoelectric en

ergy conversion.3,4 Accurately predicting thermal conductivity is 

essential for optimizing material performance. The primary heat 

carriers in dielectrics and semiconductors are phonons. Phonon 

scattering rates, which limit phonon mean free paths, dictate 

thermal conductivity.5 Accurate prediction of these rates is 

therefore key to modeling thermal transport behavior.6

Recent advances in first-principles calculations of phonon 

scattering coupled with the Boltzmann transport equation (BTE) 

have enabled accurate, parameter-free predictions of lattice 

thermal conductivity. The theoretical foundation for the phonon 

BTE was first laid by Peierls.7 Later, Maradudin et al.8 developed 

a comprehensive framework for three-phonon (3ph) scattering. 

Broido et al.9 further combined ab initio force constants with 

these approaches, leading to robust first-principles predictions 

of thermal conductivity. It was believed for decades that 3ph 

scattering is adequate for describing thermal transport except 

at high temperatures. However, a general theory and computa

tional method for four-phonon (4ph) scattering were lacking, pre

venting its quantitative evaluation. Feng and Ruan10,11 developed 

the general theory and computational method for 4ph scattering, 

demonstrating that 4ph processes can significantly impact the 

thermal conductivity of many materials at elevated temperatures 

or even room temperature. Their theoretical predictions for boron 

arsenide (BAs) were later confirmed experimentally,12–14 proving 

that 4ph scattering is critical for accurate thermal transport 

modeling. Beyond bulk materials, understanding higher-order 

anharmonic phonon processes is also critical for dictating ther

mal transport across interfaces.15,16

Although first-principles calculations have advanced our 

fundamental understanding of thermal transport, they are 

computationally prohibitive when including 4ph scattering. The 

high cost arises from the need to enumerate and compute a large 

number of phonon scattering processes, which scale as N3 and 

N4 for 3ph and 4ph scattering, respectively, where N is the num

ber of q-points in the Brillouin zone. For instance, a silicon calcu

lation using a 16 × 16×16 q-mesh (a discretized grid in reciprocal 

space) involves approximately 9.0 × 105 3ph and 7.6 × 109 4ph 

scattering processes, requiring over 7,000 CPU hours.

To address this high computational cost, several approaches 

have been explored, including machine-learning surrogates17,18

and statistical sampling methods.19 These techniques have 

been applied to estimate thermal and radiative properties of 

solids.20–30 While these methods reduce computational cost, 

they rely on approximations that sacrifice accuracy. Conse

quently, they are limited to applications where a certain margin 

of error is acceptable and are inadequate for scenarios requiring 

rigorous, fully resolved calculations of every scattering process.
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An alternative path is leveraging hardware acceleration 

through GPUs. Initially developed for rendering graphics, GPUs 

have evolved into powerful tools for scientific computing,31 ma

chine learning,32–37 and high-performance simulations.38 Their 

massively parallel architectures, featuring thousands of cores 

capable of running millions of concurrent threads, are well 

suited for independent mathematical operations.39 This advan

tage has been demonstrated in atomistic simulations. Packages 

such as Abinit40 and VASP41,42 support GPU acceleration, 

yielding orders-of-magnitude speedups over CPU-only imple

mentations. For phonon transport, Wei et al.43 offloaded scat

tering-rate calculations in ShengBTE44 onto GPUs. Zhang 

et al.45 subsequently developed GPU_PBTE, using a two-kernel 

strategy to improve throughput. Under the relaxation-time 

approximation (RTA), each scattering process is decoupled 

and can be evaluated independently, making the calculation 

highly parallelizable.

Here, we develop a GPU-accelerated framework for both 3ph 

and 4ph phonon scattering calculations by combining CPU- 

based preprocessing with GPU parallel computing. Building on 

the open-source FourPhonon46 package, we use OpenACC 

to enable GPU acceleration with minimal code restructuring. 

However, direct GPU offloading suffers from performance bot

tlenecks due to divergent branching. To address this, we pro

pose a heterogeneous CPU-GPU scheme where the CPU filters 

and enumerates momentum- and energy-conserving pro

cesses, and the GPU evaluates the scattering rates in parallel 

(Figure 1). We also implement memory coalescing, loop 

collapse, and function inlining to maximize hardware utilization. 

Systematic benchmarks demonstrate that this method pre

serves the accuracy of the original solver while achieving up to 

26× acceleration under the RTA. This framework provides an 

efficient pathway for rigorous phonon transport calculations on 

modern high-performance computing systems.

RESULTS AND DISCUSSION

Experimental setup and accuracy validation

We evaluate the performance of our GPU-accelerated frame

work using silicon and MgO as benchmarks. Calculations are 

conducted at 300 K under the RTA for both 3ph and 3ph + 4ph 

processes. We use broadening factors of 1.0 for 3ph and 0.1 

for 3ph + 4ph calculations, consistent with previous 

studies.17,19,46 All simulations were performed on the Gilbreth 

cluster at Purdue University. The software and hardware config

urations are summarized in Table 1.

To evaluate the performance gain, we compare the GPU- 

accelerated framework against a multi-core CPU baseline. The 

CPU baseline is measured on 32 cores and reported as total 

CPU time (core-hours), which serves as a reliable proxy for sin

gle-core execution time because single-core runs on dense 

q-meshes are computationally impractical. For the GPU-accel

erated runs, we use one CPU core and one GPU and report 

the sum of CPU-based preprocessing and GPU scattering-rate 

calculations. This enables a direct comparison of the total 

computational cost. The calculated thermal conductivities from 

the CPU and GPU runs agree within 0.1%, with the minor differ

ences arising from compiler-specific floating-point optimiza

tions. We also compare the mode-resolved scattering rates 

and cumulative thermal conductivities in Figures S1–S3, which 

show negligible discrepancies. These results confirm that GPU 

acceleration does not compromise the physical accuracy of 

the original models.

Performance speedup of heterogeneous computing

We first analyze the speedups obtained via our heterogeneous 

CPU-GPU scheme. Figures 2 and 3 compare the total computa

tional cost of the CPU baseline and the CPU-GPU heteroge

neous version across different q-mesh densities for Si and 

MgO, respectively. Across all meshes, the heterogeneous imple

mentation achieves up to 26× overall speedup. Specifically, we 

achieve approximately 13× and 14× overall speedups for Si (3ph 

and 3ph + 4ph, respectively), while MgO exhibits larger 

speedups of 14× and 26×. This greater speedup in MgO is 

driven by its denser scattering matrix: MgO has approximately 

40% more allowed 4ph processes than Si, which increases the 

arithmetic intensity per q-point and leads to higher GPU thread 

occupancy and SIMT efficiency. Note that these total times 

include harmonic-properties calculation, phase-space evalua

tion, and post-processing, which remain CPU bound. Isolating 

the computational cost of the scattering-rate calculation step re

veals even more substantial speedups of up to 400× for 4ph 

scattering-rate calculations, as shown in the insets of Figures 2

and 3. We expect even higher acceleration when the broadening 

factor for 3ph + 4ph calculations is increased. We also tested 

performance at a higher temperature (500 K) for Si, which yields 

similar speedups (see Figure S4). Benchmarks verify the 

speedup and highlight the importance of matching parallelization 

strategies to hardware limits.

Comparison of all-modes and mode-by-mode strategies

Next, we compare the mode-by-mode and all-modes paralleli

zation strategies (Figure 4A). For 4ph scattering, a smaller 

Figure 1. Schematic of the heterogeneous CPU-GPU computing 

framework in FourPhonon_GPU 

The CPU handles control-heavy process enumeration and filtering, while the 

GPU executes the regular, computationally intensive scattering-rate calcula

tions in parallel.
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q-mesh is used here to keep the CPU reference runs tractable; 

this trend is expected to hold for larger mesh sizes. All-modes 

parallelization yields an additional 21% speedup for 3ph 

(32 × 32×32 q-mesh) and 9% for 3ph + 4ph (10 × 10×10 

q-mesh). This gain is driven by (1) wider parallel concurrency 

over all processes and (2) reduced host-device memory traffic 

by avoiding repeated transfers between modes. However, all- 

modes execution requires significantly more memory 

(Figure 4B). For dense meshes, this requirement can exceed 

physical memory capacity. Indeed, the 3ph + 4ph calculation 

on a 16 × 16×16 mesh exceeded 80 GB, preventing execution 

under the all-modes strategy. To address this, we fall back to 

mode-by-mode parallelization for the 16 × 16×16 mesh. 

Although less efficient, it still achieves a 7× speedup compared 

to the CPU baseline (Figure 4C). This trade-off emphasizes the 

need to select parallelization schemes based on problem size 

and memory constraints. In practice, both strategies are imple

mented in our open-source code as distinct compilation options. 

We recommend that users initially employ the all-modes strategy 

to maximize throughput. For systems with complex unit cells or 

high mesh densities, such as our 16 × 16×16 3ph + 4ph bench

mark, the mode-by-mode strategy serves as a robust fallback to 

prevent out-of-memory errors. A detailed comparison of these 

two strategies across various mesh sizes for both Si and MgO 

is provided in Figure S5.

Comparison with GPU-only implementation

We also compare the heterogeneous CPU-GPU scheme against 

a GPU-only implementation (Figure 5). For 3ph scattering 

(32 × 32×32 q-mesh), the heterogeneous approach is 5× faster 

than the GPU-only version. For 3ph + 4ph scattering (10 × 10×10 

q-mesh), the GPU-only code is twice as slow as the CPU base

line. This performance degradation stems from the sparsity of 

the 4ph scattering matrix, which causes severe warp divergence 

and degrades execution efficiency on the GPU. These results 

highlight the benefits of our heterogeneous strategy: offloading 

regular, highly parallel workloads to the GPU while retaining 

irregular, branch-heavy operations on the CPU.

Performance across different GPU architectures

Finally, we evaluate performance across different GPU archi

tectures. Because FourPhonon uses double-precision (FP64) 

arithmetic, performance depends heavily on the GPU’s FP64 

throughput. We tested three NVIDIA GPUs (A100, A30, and 

A10), whose specifications are summarized in Table 2. To 

isolate hardware differences, we compare only the GPU kernel 

execution times, excluding CPU-side preprocessing. Kernel 

performance scales as A100 > A30 > A10 (Figure 6), matching 

their FP64 performance rankings. The A10, optimized for sin

gle-precision workloads with low FP64 throughput, is less 

suited for double-precision scientific calculations and exhibits 

a substantial performance drop in our benchmarks. The larger 

memory capacity of the A100 also provides an advantage for 

dense q-mesh calculations. For instance, a 14 × 14×14 

q-mesh under the all-modes strategy requires approximately 

63 GB of memory. This exceeds the 24-GB capacity of the 

A30 and A10, forcing them to fall back to mode-by-mode 

execution, which reduces performance. These results highlight 

that the choice of GPU hardware must align with the floating- 

point precision and memory demands of the target physical 

system.

Future work will focus on several optimizations. First, while 

the current solver is limited to the RTA, extending this 

Table 1. Experimental hardware and software configurations

Item Description

CPU AMD EPYC 7543 32-Core Processor

GPU primary: NVIDIA A100 (80GB) GPU. Tests: 

NVIDIA A10, A30 GPUs

Compiler (GPU) NVIDIA HPC Compiler (nvc 23.5-0)

CUDA version CUDA 12.6.0

Compiler (CPU) Intel OneAPI Compilers 2024.2.1

Arithmetic precision double precision (FP64)

MPI Version Intel MPI 2021.13

Figure 2. Comparison of total computational cost of Si between CPU-only and CPU-GPU hybrid implementations across different q-mesh 

sizes 

(A and B) (A) 3ph scattering and (B) 3ph + 4ph scattering. The insets show the isolated computational cost of the 3ph and 4ph scattering step alone.
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framework to support full iterative BTE solvers is a high priority. 

Additionally, combining GPU acceleration with statistical sam

pling methods19 would further reduce computation time and 

memory footprint. Furthermore, overlapping CPU-side process 

enumeration and GPU-side execution asynchronously could 

reduce overall wall-clock times. Moreover, while the current 

framework is designed for single-GPU execution, implementing 

multi-GPU support would enable handling larger material sys

tems by distributing the computational load and mitigating 

the memory bottleneck on a single device. A potential imple

mentation path involves using Message Passing Interface 

(MPI) to distribute scattering processes across multiple 

GPUs. Lastly, while our implementation focuses on double-pre

cision arithmetic for accuracy, many modern GPUs, particularly 

those optimized for machine-learning workloads, offer signifi

cantly higher single-precision throughput. Exploring mixed-pre

cision arithmetic could yield additional performance gains 

without compromising physical accuracy.

In summary, we developed FourPhonon_GPU, a heteroge

neous CPU-GPU solver for 3ph and 4ph scattering calculations. 

By offloading computationally intensive rates calculations to the 

GPU while keeping branch-heavy process filtering on the CPU, 

we achieve overall speedups of up to 26× acceleration under 

RTA. Comprehensive benchmarks demonstrate the effective

ness of this framework and underscore the importance of align

ing algorithm design with hardware capabilities. While the cur

rent work focuses on calculations within the RTA to establish 

the efficiency of the heterogeneous scheme, future work will 

aim to support iterative BTE solvers and explore mixed-precision 

execution to further enhance performance. This framework of

fers a high-efficiency computational tool for modeling phonon 

transport and accelerating thermal materials design.

Figure 4. Comparison between all-modes and mode-by-mode parallelization strategies 

(A and B) (A) Computational cost and (B) GPU memory usage for 3ph and 3ph + 4ph scattering calculations using a q-mesh of 32 × 32 × 32 and 10 × 10 × 10, 

respectively. 

(C) Computational cost for 3ph + 4ph scattering with a 16 × 16 × 16 q-mesh, comparing CPU-only and CPU-GPU with mode-by-mode parallelization im

plementations.

Figure 3. Comparison of total computational cost of MgO between CPU-only and CPU-GPU hybrid implementations across different q-mesh 

sizes 

(A and B) (A) 3ph scattering and (B) 3ph + 4ph scattering. The insets show the isolated computational cost of the 3ph and 4ph scattering step alone.
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METHODS

Programming model and parallelization strategy

The original ShengBTE44 and FourPhonon46 codes are written 

in Fortran and parallelized with MPI for CPU clusters. To 

minimize code restructuring and maximize cross-platform 

portability, we use OpenACC, a directive-based programming 

model for heterogeneous computing. Because individual 

phonon scattering events are decoupled under the RTA, the cal

culations lack loop-carried dependencies. This maps naturally to 

the single-instruction, multiple-threads (SIMT) model of GPUs, 

where independent scattering channels are evaluated concur

rently by lightweight threads.

To illustrate our GPU acceleration strategy, we use the 3ph 

absorption process as an example, with detailed pseudocode 

provided in the supplemental methods. In the original CPU im

plementation (see Algorithm S1), the code loops over all phonon 

modes, calling a subroutine to evaluate the scattering rate of 

each mode. This subroutine runs nested loops over all combina

tions of phonon wavevectors and branches. Energy-conserva

tion conditions filter out forbidden processes before computing 

the weighted phase space (WP) and scattering rate (Γ). Because 

of the vast number of combinations, this step is the primary 

computational bottleneck. We first implement a direct GPU-off

loading strategy (Algorithm S2). To minimize runtime host-device 

communication, we preload all static data onto the GPU, return

ing only the final scattering rates to host memory. We parallelize 

over all possible scattering processes and, concurrently, across 

multiple phonon modes to enhance throughput. This all-modes 

parallelization approach achieves wider parallel concurrency 

and higher speedup compared to the mode-by-mode strategy 

used in prior GPU implementations43,45 (see Algorithm S3), at 

the expense of larger GPU memory consumption. Both of these 

methods are implemented and a comparison is provided in the 

results and discussion section.

GPU execution optimization techniques

Directly applying OpenACC directives to the original CPU code 

is, however, insufficient to achieve high performance. To opti

mize GPU execution, we implement four key modifications. First, 

we flatten nested loops using the collapse clause to expose 

more parallel threads. Second, we reorder loops to enable mem

ory coalescing, ensuring consecutive threads access contig

uous memory addresses. Third, we inline calculations for the 

broadening factor (σ) and matrix elements (Vp) to avoid function 

call overhead on the GPU. Finally, we accumulate scattering 

rates using the OpenACC reduction clause to prevent race 

conditions without the overhead of atomic operations.

Although the direct GPU-offloading approach preserves the 

original CPU workflow, it suffers from performance bottlenecks 

due to divergent branching. Specifically, conditional checks for 

energy conservation introduce warp divergence, undermining 

SIMT execution efficiency. In this scenario, GPU threads as

signed to forbidden scattering processes idle while active 

threads execute, leading to serialization and reduced 

throughput. This inefficiency stems from the extreme sparsity 

of the scattering matrix. In our silicon benchmarks using a 

16 × 16×16 q-mesh, the fraction of allowable scattering pro

cesses is only approximately 7% for 3ph and drops to 0.3% 

for 4ph calculations. Consequently, more than 99% of threads 

in a warp remain inactive during 4ph rate evaluation (Figure 7, up

per panel), consistent with observations in prior work.45 Further

more, symmetry considerations restrict the 4ph iteration space 

to a triangular domain (Figure 8). Because the OpenACC 

collapse directive requires rectangular iteration spaces, the 

GPU-only approach cannot exploit these symmetry conditions, 

further increasing computational overhead.

Heterogeneous CPU-GPU computing scheme

To resolve these limitations, we propose a heterogeneous CPU- 

GPU computing framework, partitioning the workload between 

the host and device (Figure 7, lower panel). The CPU enumerates 

all symmetry-allowed, energy-conserving scattering processes 

Figure 5. Comparison of computational 

cost between the CPU-GPU heterogeneous 

implementation and the GPU-only imple

mentation 

(A) 3ph scattering for Si on a 32 × 32 × 32 q-mesh. 

(B) 3ph + 4ph scattering for Si on a 10 × 10 × 10 

q-mesh.

Table 2. Specifications of selected NVIDIA GPUs used in this 

work

GPU 

model

FP32 performance 

(TFLOPS)

FP64 performance 

(TFLOPS)

Memory 

(GB)

A100 19.5 9.7 80

A30 10.3 5.2 24

A10 31.2 0.39 24

TFLOPS, tera floating-point operations per second
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(Algorithm S4). It then transfers these filtered indices to the GPU, 

which evaluates the scattering rates in parallel (Algorithm S5). 

Evaluating only these valid events eliminates warp divergence 

and maximizes GPU thread occupancy. Although host-side 

enumeration introduces CPU overhead, it significantly reduces 

the cost of scattering-rate evaluations and improves overall effi

ciency. Section results and discussion compares the CPU-only, 

GPU-only, and heterogeneous schemes. This heterogeneous 

approach is the default workflow in our open-source 

implementation.

RESOURCE AVAILABILITY

Lead contact

Further information and requests for resources should be directed to and will 

be fulfilled by the lead contact, Guang Lin (guanglin@purdue.edu).

Figure 7. Illustration of thread occupancy and serialization on the GPU due to divergent branching in 3ph and 4ph scattering-rate calcu

lations 

For the GPU-only approach (upper panel), the extreme sparsity of allowed scattering processes causes severe warp divergence, where most threads idle while 

waiting for the few active threads. In our CPU-GPU heterogeneous scheme (lower panel), the CPU filters and packs valid processes, enabling high occupancy and 

efficient parallel execution on the GPU.

Figure 6. Comparison of GPU kernel execu

tion times across three different NVIDIA 

GPU architectures 

(A) 3ph scattering for Si on a 32 × 32 × 32 q-mesh. 

(B) 3ph+4ph scattering for Si on a 10 × 10 × 10 

q-mesh. Preprocessing on the CPU is excluded.
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Materials availability

This study did not generate new unique materials.

Data and code availability

• All data reported in this paper will be shared by the lead contact upon 

request.

• The open-source code for FourPhonon_GPU is publicly available on 

GitHub at https://github.com/FourPhonon/FourPhonon. The version 

of the code associated with this paper is archived on Zenodo and is 

available at https://doi.org/10.5281/zenodo.21255384.
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